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Foreword

It is a great pleasure to pen the Foreword of the book Spatial Modelling in Forest
Management: Rural Livelihood and Sustainable Development edited by Dr. Pravat
Kumar Shit, Dr. Hamid Reza Pourghasemi, Dr. Pulakesh Das, Dr. Gouri Sankar
Bhunia. This book is comprised of 28 empirical research articles contributed by
dedicated researchers from various disciplines.

This book has been divided into three parts. The first part comprises nine articles
related with forest resource measurements, monitoring systems and mapping
techniques. Nine articles of the second part deal with modelling, risk assessment
and vulnerability. The final part with ten articles throws light on rural livelihood and
sustainable management.

These 28 research papers encompass in-depth scientific analysis of various
socio-economic perspectives of forest resources. This publication volume critically
analyses the recent trend of forest resource utilisation with particular reference to
micro and macro-level issues. Moreover, this book gives emphasis to rural liveli-
hood for the sustainable management of forest. Concisely, this book covers almost
all the emerging forest-related issues of the present era.
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This book would be a piece of extreme appreciation for researchers, conserva-
tionists and social workers. I wish all the very best for its wide circulation and
admiration.

July 2020 Malay Mukhopadhyay
Professor and Former Head
Department of Geography

Visva-Bharati
Santiniketan, India

viii Foreword



Preface

Climate change is one of the leading ecological, economical and geopolitical issues
of the twenty-first century. According to the United Nations Framework
Convention on Climate Change (UNFCCC 1992 and IPCC 2007), natural climate
variability along with the ever-increasing anthropogenic disturbances (via land-use
change, deforestation, urban and cropland expansion, increase of artificial surface,
use of fossil fuels, exercise of agro-chemicals, etc.) has led to increasing ‘green-
house gas’ concentrations in the atmosphere and uprising the average global tem-
perature. Forest ecosystem, as a source of huge carbon pool, plays key role in
reducing the greenhouse gases and maintaining the water and energy fluxes and
regulating the atmospheric processes. To mitigate greenhouse gas effects while
maintain the forest ecosystem services, it is essential to provide managers and
policymakers with accurate information on the current state, dynamics and spatial
distribution of carbon sources and sinks point in forest area.

This book has considered 28 chapters associated to spatial modelling in forest
resources issues, management and researches on forest health, forest biomass,
carbon stocks and climate change studies, preferably. Currently, there are various
challenges and uncertainties due of climate change and man-made interferences,
which imposes great difficulties in adopting the appropriate decision. On the other
hand, suitable management activities and policies for forest conservation have
gained much attention globally. The latest advances in geo-spatial (remote sensing
[RS] and GIS) technology, data processing platforms and modelling approaches
have proven the potentially in developing sustainable and climate adaptive man-
agement plans. The integration of various geo-spatial and non-spatial data via
advance data processing packages enables to generate reliable data for decision
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making. Various studies on forest health, forest conservation, carbon stock
assessment, non-timber forest resources and climate change mitigation using the
evident-based research and supplemented by the latest satellite data and data pro-
cessing platforms will contribute to the development of appropriate policy and
action plans for sustainable livelihoods.

We are very much thankful to all the authors who have meticulously completed
their documents on a short announcement and paid in building this a very edifying
and beneficial publication. We do believe that this will be a very convenient book
for the geographers, ecologists, forest scientists and others working in the field of
forest resources management including the research scholars, environmentalists and
policymakers.

Midnapore, West Bengal, India Pravat Kumar Shit
Hamid Reza Pourghasemi

Pulakesh Das
Gouri Sankar Bhunia
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Chapter 1
Forest Management with Advance
Geoscience: Future Prospects

Gouri Sankar Bhunia and Pravat Kumar Shit

Abstract The creation and implementation, involving key stakeholders, of context-
specific forest management practices plays a significant role in the achievements of
sustainable forestmanagement.Anumber of site-growthmodelling studies have been
funded in recent years with the goal of developing quantitative relations between the
site Index and specific biophysical indicators.With considerable time period, the role
of forests inmeeting the requirements forminor resources and ecological services has
been recognized beyond themere supply of forest. Present chapter describes advance
geoscience application in forest management and also suggesting present research
work to be adopted in future forest management plan. Counter-measures and recom-
mendations were suggested on different forest management aspects, including devel-
oping consolidated structured data sets, designing top-ranking model monitoring
and analysis and creating a multi-scenario decision support network. Finally, we
proposed the main field of research in forestry research by incorporating and devel-
oping the participatory method, crowd sourcing, crisis mapping models and simu-
lation systems and by linking data integration framework of geospatial technology,
evaluation system and decision support system, to enhance forestry management by
systematically and efficiently.

Keywords Forestry · Geospatial science · Crowd sourcing · Crisis mapping ·
Participatory mapping · Sustainable management

G. S. Bhunia (B)
Department of Geography, Nalini Prabha Deo Prasad Roy Arts & Commerce College, Jorapara,
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1.1 Introduction

Forest resource modelling and its status are very important economically and ecolog-
ically. Scientific community and policy makers are becoming increasingly aware of
the fact that sustainable forest management is affected by several factors linked to
global change. Between 1999 and 2012, the rapid rise in population contributed to
the increase of e1 trillion, leading to an over 7 trillion people worldwide that need
to be maintained by Earth resources. Forests are important to humanity because they
provide a broader range of critical ecosystem resources, but the increasing depletion
of forest cover means that the need for an ever-shrinking resource must be met with
increased demand (Brockerhoff et al. 2013). Today, forest cover is about 31 percent
of the land area or 4 billion ha. About half of the Earth’s largest forests have been
destroyed from land development, with the remaining 16 million hectares losing
annually. At the same time, forests became more and more popular as sources of
water and food, drugs, wood goods, and other leisure, economic, artistic, and spiri-
tual advantages. Forests have been adequately or abusively exploited, but more effort
to make sustainable use of them has been made. Forests are assessed annually at the
global and country levels in terms of their scale, quality, usage and importance. In
fact, as trees greatly add to the Earth’s carbon balance. International interest in the
identification of biomass is closely related to the protection of trees, photosynthetic
development, andother carbon cycle processes and climatic variation (Houghton et al.
2009). In fact, the inventory of forests gives information on forest activities, conserva-
tion of forests and associated decision-making. Forest canopy and booth information
was retrievedmainly by remote sensing and space-borne technologies (Tomppo et al.
2008) for wide areas of the world. Other environmental changes caused by human
beings, such as increase in low ozone levels, deposition of nitrogenic contaminants,
introduction of exotic insect pests and pathagogens, the fragmentation of ecosystems,
and increased destruction such as fire may worsen these consequences (Bernier and
Schöne 2009). Forestry can also have other consequences of climate change.

Some forest surveillance currently relies on data on development, i.e. improve-
ments to forest cover, and two methods are used (DeVries and Herold 2013). Most
environmental regulations are currently focussed on details on environmental opera-
tions, i.e. changes in land cover, and two methods are applied: top-down and bottom-
up. The top-down approach utilizes satellite systems, while the bottom-up approach
employs ground observation by government agencies, community-based surveil-
lance (CBM), participatory surveillance or voluntary data (Danielsen et al. 2009).
Satellite data provide global coverage and improved acquisition speed at a low cost,
necessary for near-real-time forest surveillance (NRT) (Lynch et al. 2013). The scien-
tific community is now generally recognized as major factors to latest increases in
greenhouse gasses in the atmosphere and changes in the global hydrological cycle
deforestation and degradation of forests (Hansen et al. 2013). The sample plot data
reference data is still obtained largely through manual measurements while signifi-
cant work is underway for, for example, terrestrial laser scanning, mobile laser scan-
ning (MLS). The characteristics calculated in the inventories of operating forests
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are primarily the number of trees, tree types and breast height diameters (BHDs).
Satellite Observations (SOs)—including EarthObservation (EOs) surveillance of the
Earth’s home planet; International Space Station (ISS) calculation, experiment and
photo surveys; observations of the space science (SS); and Global Satellite Naviga-
tion System (GNSS) observations—are the basis for research to better understand
our atmosphere and our environment.

The globalization of global trading networks and an increase in the volume of
traded goods have been a contributing factor to population growth (Hulme 2009).
Climate change can exacerbate invasions and impacts of forest pests. Climate change
may, for example, promote the spread of both native pests and exotic ones (insects
and pathogens) or affect tree pest resistance (Jactel et al. 2012) and there is growing
evidence of an increasingly widely used phenomenon (Anderegg et al. 2015). Trum-
bore et al. (2015) described invasive species and diseases, as well as climate change,
and deforestation as the major stressors in today’s world’s forests. The ongoing esca-
lation and mechanization of forest management, which has increased forest vulner-
ability to biological invasion, climate change and other stressors, is an additional
contributory to the forest health issue (Seidl et al. 2011). There have been several
shifts in the forests in recent global warming (Lucier et al. 2009). Climate change
effects can be beneficial in certain areas for certain tree species. In some areas, the
growth of trees is increasing in longer growing seasons, hotter temperatures and
higher CO2 rates. Many of the expected climate changes and their indirect impacts
are likely to adversely impact forests. Observed changes in vegetation (Lenoir et al.
2010) or increasedmortality from drought and heat in forests around theworld (Allen
et al. 2010) may not be caused by climate change triggered by human beings but
may demonstrate the potential consequences of the rapid environment. However,
the vulnerability of tropical humid forests has been discussed recently (Huntingford
et al. 2013) and temperate forests may be at greater threat in areas subject to a more
extreme climate (Choat et al. 2012). A variety of viewpoints are available to consider
adjusting to these changing and unpredictable future circumstances (McEvoy et al.
2013). Forest management would have to prepare on a variety of spatial and time
levels in order to resolve potential problems and implement more flexible and collab-
orative management strategies. The tacit belief that local climate conditions will
continue to be constant is often the basis of local forest activities (Guariguata et al.
2008). Additional social and economic developments in forest management will also
continue to push transition (Ince et al. 2011). A growing global population, rapid
economic growth, and increased wealth, for example, are driving demand in multiple
developing countries for food and fiber crops and forest conversions into agriculture
(Gibbs et al. 2010). The goals of climate change mitigation are to raise demand for
biomass-based bioenergy and biomass in construction and manufacturing systems.
Increasing urbanization shifts the essence of social demands for forests, and a reduc-
tion in rural communities decreases the supply of labor and capacity for intensive
initiatives on forest management.

Regional climate, biodiversity, domestic environmental protection, even global
environmental changes are strongly affected by the change in forestry area. The
further squandering of ecological building space and the greater demands for strict
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forest red line expansion and industrialisation. In current land use and ecological
cultures, how forest resource management is optimized and improved by complex
monitoring for change in forest areas has become an extremely significant and urgent
mission. Dynamic surveillance needs database tools have been developed to direct
forest area surveillance capacity building (Gillis et al. 2005). For dynamic moni-
toring, a georeferenced digital database is commonly used as a basis of capacity
building monitoring work. As an indicator of changes to forest area (Illera et al.
1996), temporary evolution of vegetation indices may be possible. With the expo-
nential growth of earth observation technology (EO) and the continuing launch of
remote sensing satellites, the Earth observation data resolution is growing and the
number and range of data are rising as well, indicating that EO data are increas-
ingly entering the age of big data (Xia et al. 2018). The Earth Observation Satel-
lites Committee’s (CEOS) figures indicate that over the last half century in 500 EO
satellites were deployed, and more than 150 satellites will be launched in the next
12 years (Guo 2017). The Big Earth Observation Data (BEOD) slowly supported the
growth of the world industries, research institutions, and application sectors which
had a profound effect upon the Earth system science, contributing to human activi-
ties, environmental monitoring, and climate change (Yao et al. 2020). Furthermore,
Web-based Geographic Information Systems (WGIS) is accessible in order to allow
access to digital maps and geographic models. The reports are available publicly. It is
a significant step in democratizing exposure for various users to geographical infor-
mation. There are no spatial analysis resources available in current WGIS programs
for this area, which use specific data sources, and easy access to reports with maps,
graphs, text and table data.

In particular for data collection, for the production of a technical model and for
research platform construction there remain many defects and limitations in tech-
nology and capacity building. Failure to coordinate forest land knowledge resulted
from a lack of inventory requirements (Managi et al. 2019). Forest region adjust-
ments are difficult to incorporate details based on the different forest land inventory
and land grading requirements. There are significant issues with the uniformity of
reporting practices in the reporting implementation process. Further development is
required in conjunction with an integrated research model and a dynamic monitoring
of forestry change. Systematic analysis for forestry area changes includes compre-
hensive data bases and models, and a system development tool is also required to
help the conversion process from data analysis to application decision-making study.
Spatial data items for the Multi-Period and Multi-Scenario Forest Region must be
routinely analyzed and planned. The current state and rising forest area patterns
combine with environmental and socio-economic influences interacting with each
other.Byusingmethods ofGIS andSpaceEconomics, thefindings of the analyzes can
be better adapted to natural change and better decision-making data for the optimal
management of forest lands and other land types, using methodological methodolo-
gies. The findings of such research are focused on the effects of the natural changes.
In addition, it is necessary for forest change to be improved in prediction and dynamic
analysis, for development paths to be framed and regional development objectives to
be recognized. The basic project to improve the study of forest dynamic change is the
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perfecting of data integration—model study—policy modelling Integrated develop-
ment and the realization of scenarios for forest land changes under various systems.
Restrictive factors influencing the growth of forestry areas must be identified, forest
growth adaptive management measures examined and transition and strategies for
development based on different stages promoted. The essential pre-conditions under
the current climate change, urbanization growth, industrial system transformation,
environmental protection and so on are the identification of the major contradic-
tions in the cycle of forest growth and the main factors restricting development and
implementing adaptive management.

1.2 Geosciences to Improve Forest Assessment

Through technical and statistical advancement, the processing of forestry data and
their analyzes have steadily progressed (Kleinn 2002). Of starters, field dimensions,
such as diameter or height scales, usuallymeasuredusing tapeorwoodcompasses and
relascopes are now being improved with the use of emerging technology, including
laser scope discoverers. In addition, the technology of remote sensing has been used
rapidly to enhance soil sampling (Maniatis andMollicone 2010), tomeasure improve-
ments in vegetation and areas and to monitor other value variables, including forest
fires, rodents and trees outside forest (Barducci et al. 2002). The usage, along with
ground-based observations, of remote sensed data has gained considerable interest
in estimating greenhouse gas emissions and forest-related removals, especially in
the context of REDD+ (GFOI 2014). Recently a free Landsat satellite sample has
been used by Food and Agriculture Organization of the United Nations (UN-FAO)
to record forest land and area changes figures for the period 1990–2005 (FAO and
JRC 2012) for woodland, other forested land and other ecosystem services. There-
fore, a specific challenge for enhancing forest cover projections, carbon reserves and
complexities is to efficiently integrate numerous top-down and ground-up strategies,
a suggestion issuedby theUnitedNationsFrameworkConvention onClimateChange
in the sense of emission reduction from deforestation and forest loss (REDD+)
(UNFCCC 2009).

In the last fewyears,major changes have beenmade inLiDAR’s systems leading to
a boost in LiDAR position precision and surface density. LiDAR technology applies
to a vast range of laser measurement devices, three primary approaches to the sensing
of forest structures being terrestrial, airborne and space-borne approaches (Yao et al.
2011). Terrestrial laser scanning (TLS) has the ability to estimate tree diameters,
height of the tree, tree volume and thus biomass in a structured and automatic manner
(Hosoi et al. 2013). There is still an overview of these massive, three-dimensional
datasets, but many ongoing methodological advances will make this technology
useful soon. A digital elevation model (DEM) can be created from the point-cloud
data created with LiDAR from the points reaching the ground and a canopy height-
model from those intercepted by the upper canopy can be made. LiDAR’s preci-
sion, combined with high spatial and point density, makes airborne LiDAR systems
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an enticing data acquisition method for estimating a large array of tree and forest
parameters (Laes et al. 2011) like tree height (Detto et al. 2013), tree biomass (Li
et al. 2008), leaf area index (Morsdorf et al. 2006) or stem volume (Heurich and
Thoma 2008). Spaceborne data like LiDAR enables forest structures to be mapped
globally with a vertical structure (e.g. by the Geoscience Laser Altimeter System
(GLAS)) (Simard et al. 2011). In 2018, a similar sensor, ICESat2, has a smaller foot-
print than the previous GLAS instrument. Finally, the Global Ecosystem Dynamics
Investigation (GEDI) project aims to make a high-resolution observation of a forest
vertical structure at the global level using a LiDAR-backed instrument embarked
on the International Space Station (https://science.nasa.gov/missions/gedi/). More-
over, a system called Synthetic Aperture Radar (SAR) is used to improve resolution
beyond physical antenna aperture limits in order to achieve a high radar spatial reso-
lution. For example, since it has a wavelength (5–6 cm), a C-band SAR signal is
known to quick saturate with forest biomass (Thurner et al. 2014). In April 2014,
Sentinel-1A was successfully launched with C-Band Radar as part of the Euro-
pean Space Agency’s Copernicus Mission (ESA). Nonetheless, a loss of sensitivity
at values greater than 100–150 Mg ha−1, sometimes interpreted as signal satura-
tion, was also observed in several studies (Woodhouse et al. 2012). Mermoz et al.
(2015) have shown recently that L-band scatters appear to attenuate, rather than
saturate, over and above this biomass threshold which could result in new oppor-
tunities in the mapping of L-band SARs. Currently, the L-band ALOS PALSAR is
the single, wavelength radar sensor for monitoring the structure of forests, and in
2014, its sequel—ALOS2—was launched. In the case of forest-carbon evaluation,
LiDAR, radar, textural and stereo-photogrammetry analysis have made considerable
progress and allow the measurement (LVG 2012), over a significant shorter duration
than conventional field sampling campaigns, of several variables of interests—for
example, the diameter of tree, the height of tree and crown size (Table 1.1).

However, it is currently little understood how precise additional forestry char-
acteristics such as timber volume per hectare are modellable by high-resolution
data (almost 1.0 m and < 5 m) and high-resolution satellite stereo data (<1.0 m).
For forestry survey methods, such as the extraction of quantitative information on
canopy structure and forest biomass estimates, also in a setting of high biomass
(Bastin et al. 2014). Therefore, it was possible for researchers to study ecologic
structures with far greater detail than those provided by the start of high-resolution
satellite sensors such as CARTOSAT (Spatial Resolution: 2.5 m), IKONOS, (spatial
resolution in MS: 4 m), Quickbird (spatial resolution in MS: 2.88 m), and OrbView-
3, (spatial resolution in the MS: 4 m),GEOEYE (Straub et al. 2013; Goward et al.
2003; Gibbs et al. 2007). For the calculation of the heights of individual pine trees and
lading stands atAppomattox-BuckinghamState Forest inVirginia, USAPopescu and
Wynne (2004) used LiDAR and ATlAS multi-spectral (visible, near-IR and mid-IR)
optical data with spatial resolution of 4 m. Table 1.2 illustrated the high spatial reso-
lution satellite data in forestry mapping and monitoring. They showed that combined
multi-spectrum imaging and LiDAR data can reliably predict forest inventory and
evaluation tree heights of value. Nagendra (2001) assessed ‘remote sensing capacity
for determining the diversity of the ecosystem.’He concluded that a decade ago it was

https://science.nasa.gov/missions/gedi/
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Table 1.1 Satellite data and methods for forestry resources mapping and monitoring

Satellite/sensor Aims Methods Reference

Synthetic aperture radar
(SAR) and/or LiDAR

To detect and map
forest degradation;
Estimates above
ground biomass

Spectral fractions,
unmixing or
classification

Mitchell et al.
(2017)

Airborne X-band SAR
data

To enhance
discriminability of the
forest types and
features

Leaf Area Index;
Spatial textural analysis

Roy et al. (1994)

Japanese Earth
Resource Satellite
(JERS)-1 Synthetic
Aperture Radar (SAR)

Assesses the
feasibility of forest
cover mapping and the
delineation of
deforestation

Multi-image
segmentation,
post-classification
detection

Thiel et al. (2006)

JERS-1, ERS-1 SAR
and RADARSAT

Objectives are
biomass estimation,
forest and
land-cover-type
recognition in boreal
forests

Textural measures,
multitemporal
approach, mixed pixel
approach

Kurvonen et al.
(2002)

Passive Microwave
Remote Sensing
(C-band, L-band and
X-bands)

To compute the
emissivity e of forests

Radiative transfer
theory, matrix doubling
algorithm

Ferrazzoli and
Guerriero (1996)

Synthetic aperture radar
(SAR); airborne and
terrestrial LiDAR

Degradation and forest
change assessment

Random forest (RF),
REDD+ mechanism

Calders et al.
(2020)

Synthetic Aperture
Radar (SAR)

Quantification of
spatial and temporal
changes in forest cover

Random Forests,
Extremely Randomised
Trees

Devaney et al.
(2015)

not yet possible to delineate a large number of species with spectral data. However,
a 2-m spatial resolution was launched in 2009 for WorldView-2 (WV2) (Coastal,
Blue, Green, Red, Red-Edge, near infrared (NIR)—1 and NIR—2) with a high reso-
lution of 0.5 m (Coastal, Blue, Green, Yellow and NIR). Several studies in recent
years have usedWV2 images for the study of tree habitats. The accuracy of mapping
six species/groups of trees improved with WV2 imagery by 16–18% compared to
IKONOS satellite images. The research, however, covered trees/groups with sparse
vegetation and not in a forest, within a dense urban area. Carter’s (2013) use of
multitemporal data from June and September 2010 in a multi-temporal forest mix
in Upstate New York from two WV2 images for classifying ash, maple, oak, beech,
evergreen and 6 other tree classifications. This would also promote the grouping of
tree species into mixed near-nature, natural, urban forests with a wide variety of tree
species. Very high spectral resolution imaging oftenmounted on aerial systems offers
important, unreviewed eye information on forest function with a greater number
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of narrow spectral bands (up to 200 or more contiguous spectral bands). Imaging
spectroscopy, for example, may relay valuable information on variability in canopy
chemistry (Baccini and Asner 2013) and thus provide direct information on the func-
tioning of the Ecosystem. The taxonomic and functional structure of canopy trees
can also be described in a highly successful way.

For research and development, the bulk of the above technological methods are
still considered. Technology development, modifying and implementing existing
systems in accordance with country circumstances, has the possibility, as neces-
sary, of improving field measurement alertness, reducing time and expense of field
sampling campaigns and improving forest extrapolation estimates over broad spatial
scales including remote or conflict areas. The implementation of transparent national
forest surveillance systems can also be assisted by new technologies. However,
national and subnational corporations, private businesses, research and academic
institutions, NGOs and civil society face a great many constraints in implementing,
adapting and activating these technologies. Of these, minimal technical skills are
possibly the most critical when using these new technologies; thus, training and
capacity building are necessary and must be expected.

1.3 Cloud Computing and Forest Management

The rapid advancement of cloud computing technology in recent years provides
strong computing power, especially for the efficiency of big geospatial data manage-
ment and processing, which makes it possible to perform complex simulations on
a global scale. Cloud computing is used as a framework to allow users to access
a common community of computational tools that is configurable and can easily
be supplied and published with minimal management effort and/or interference
between service providers (Li and Huang 2017). Cloud computing has transformed
the conventional information technology model entirely by offering at least three
types of services: infrastructure as a service (IaaS), platform as a service (PaaaS) and
software as a service (SaaS). In order to address persistent spatial data model prob-
lems spatial cloud computing (SCC), a data layer as a service (DaaS) was proposed
(Yang et al. 2011). The discrete global grid systems (DGGS) have had a fairly flaw-
less theoretical statistical history and basic functions over the last two decades (Zhao
et al. 2016). DGGS is known as an Earth reference system (ERS) which uses cells to
divide and address the globe (Bauer-Marschallinger et al. 2014). The DGGS Stan-
dards Working Group was set up in 2014 and an international specification was
adopted by the Open Geospatial Consortium.

Cloud technologies, and particularly in the field of data storage, have begun to
infiltrate all facets of life. Cloud computing cannot make use of itself explicitly for
the visualization and maintenance of forest resources, because it essentially lacks the
functionality of the spatial data collection. This effort aims to address four strength
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issues in the geospace, namely data, machine, competitor and space-time. After
several years of growth, cloud-related computing technology and forest observation
tools are also increasingly being developed, for example Google Earth Engine and
Esri Geospatial Software (Yao et al. 2020).

Figure 1.1 shows that cloud computing provides some services for forest obser-
vation mapping and monitoring including spatial data infrastructure (SDI), EO data
resource, algorithm ormodel library, processing and computation, systems and appli-
cations. The easiest approach is to provide a wide variety of nodes, computers, and
servers which can provide customers with on-demand network resources such as the
AWS,Google Cloud orAliyun space storage network. The second is to provide forest

Fig. 1.1 Cloud computing for forest observation mapping and monitoring
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resourcemapping and tracking computer services for Earth observation, known as the
EOcomputer cloud. The data cloud is actually themost sophisticated and simple form
of cloud computing. The Global Earth Observation System of Systems (GEOSS) for
example has developed a scalable platform for regional and multidisciplinary data
exchange in EO sector, with its cloud-based exploration and access solutions. An
algorithm or a software database, processing and computational power is given for
the third and fourth versions. The two pieces are comparatively more professional
and are only open to a few study teams or industrial firms. They are the most growing
trends for structures and applications.

1.4 Integration of Participatory Approach and Geospatial
Technology

Rambaldi et al. (2006) states that PGIS “combines a variety of geospatial knowledge
and methods, such as maps of drawings, participatory 3D modeling, community-
based air and visual analysis of satellite images, GPS transect walks and cognitive
GIS mapping.” GIS (Participatory GIS) was widely used to support group mapping
to ensure subsistence sources and their cultural areas (such as holy sites, historical
sites, ancestor routes) Corbett et al. (2006) stated, “this participatory concept implies
a degree of control over decision-making, managerial authority and accountability
by the group at all levels.” In the last two decades the number of companies and
advocacy groups interested in natural resource management has dramatically grown.
In promoting engagement preparation systems, ICT has the ability to play a signifi-
cant role. Engagement forms include either one-on-one (in an anonymous interview)
or group interaction (individual forums such as public juries, round tables, research
circles, and collective advisory groups). The ability of the local people to participate
largely depends on the sort of opportunity they may anticipate (Robiglio and Mala
2005). Learning and sharing experiences with local community organizations have
helped us recognize the conditions required for effective measurement and reporting
at local level. Measuring, documenting and testing involves cost-effective and accu-
rate testing methods. We researched conditions for a fairly easy and cost-effective
method to gather information concerning land use (LU) and land cover changes
(LCC) using remote sensing and geographical information systems. We have iden-
tified land use and drivers of deforestation and forest destruction, and their effects,
using satellite imagery analysis and knowledge from local people (Fig. 1.2). GIS
technology and the maps remain primarily focused on characterising, evaluating
characteristics of places instead of communities and livelihoods given these efforts
and the rapid growth of new research areas Participatory GIS (PGIS) and Public
Participation GIS (PPGIS). Sulistyawan et al. (2018) demonstrate how participatory
mapping results can be integrated into Spatial PlanningRegulation. The integration of
PGIS and Space Planning Control is being carried out in three stages. Throughout the
first step, the group and district governments formed a shared vision and dedicated all
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Fig. 1.2 Local Community participation in forest research analysis and participatory mapping.
Deforestation and forest degradation scales, still using satellite data and space analyzes, and the
knowledge provided by local communities to select appropriate locations for the estimation of
carbon stocks and change drivers for forest cover. This figure illustrates how the social science team
conducted its investigations in each local context (Modified after Boissière et al. 2014)

parties to embracing the end results of mapping for use in the future planning phase.
The second step was to promote the involvement of GIS by the Community and to
incorporate the appropriate community areas in the regulation on spatial planning.
A clear evaluation of their strengths and limitations for the different applications
is required to combine participatory and GIS-mapping approaches and is important
for carving practitioners, designers and community members alike (Vajjhala 2005).
Within this multidisciplinary approach we incorporated biophysical information and
information (carbon stock estimates), social science information and remote sensing
information (cards using satellite images and knowledge of the local population). In
this multidisciplinary approach. When it is the only tool for biomass assessment, the
use of remote sensing is limited. Participatory mapping can also help local people
draw maps based on their experiences in the land cover (Mapedza et al. 2003). Vege-
tation forms for rising land cover can be established in local communities (Abraao
et al. 2008). Ground inspections are also needed to validate the discrepancies in
remote sensing maps. Without local community engagement, remote sensing and
GIS cannot provide too much knowledge about the drivers of transition. They offer
a full picture of the changes in forest cover (Mapedza et al. 2003) and thus the
reasons for variations in space and time in carbon stocks. Remote sensing experts
may also provide information on sensitive areas that need careful attention when
working together with local communities for monitoring and plot-measuring (e.g.
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high environmental value areas (Balram et al. 2004). New ICT technologies help
to close the divide between the general population who will now take their insight
into the policy process more efficiently, and experts, academics, and politicians who
take action every day on behalf of the country. The social network is a significant
piece of knowledge for social capital analysis as it focuses on how social networks
promote and restrict incentives, attitudes and cognition (Paletto et al. 2010). Social
media enables users to access digital information, upload and distribute content as
well. They can not only access digital information. The growth of mobile telephone
technologies and the resulting decline in prices have made it easier to access the
internet. The Internet has been revolutionized in social media and turned from an
information source into a communication platform. The media that expressing our
thoughts, emotions and general mental state through social networks such as Twitter,
Inc, Facebook, Inc and Reddit Inc. are also a part of our daily lives (Wongkoblap
et al. 2017). This website has also become a powerful data bank of advertisers and
analysts, who can examine consumer practices, social content and related knowl-
edge, as well as other attitudes and habits to define their interests and tastes. The
most popular social media enables knowledge and views to be exchanged by forums
or by Wikis in a forum, or more sophisticated ways of gathering information such as
MySpace or Facebook (Sweeney 2009).

1.5 Mobile Application in Forest Management

The software, Web App, Online Download, iPhone app or smartphone application
may be named a mobile device. Mobile apps are generally available through native
distribution platforms, known as app stores, run by mobile operating system owners.
The most rising smartphone apps in India include Whatsapp, biking, Instagram,
Bookmyshow, Paytm, Indian Rail App Disha. The essential mobile app for forestry
is listed below.

1.5.1 Hejje (Pug Mark)

Hejje is an indigenously developed Android-based application. It co-ordinates foot
patrolling of forest staff apart from providing the range forest officers live update
of their respective anti-poaching activities such as patrol time, water level in lakes,
suspicious activities, tree population and forest fires. The staff using the mobile
application can take photographs.
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1.5.2 Urban Forest Cloud Tree Inventory App

This app allows user to inventory trees in an easy-to-use webmap and export the data
to an ESRI shapefile orMSExcel/Access file for use in other software applications. It
serves as a tool for individuals without tree inventory software and as supplemental,
highly accessible tool for those with inventory software.

1.5.3 Tree Sense

The app allows user to quantify and qualify the benefits of trees, including air quality,
electricity savings and storm water reduction. Users can also figure out the best
placement for future tree plantings in order to maximize their benefits.

1.5.4 Timber Tracker

Timber Tracker, was developed by App Pros, LLC of Springfield, Missouri. Timber
Tracker was designed by loggers for loggers. This app allows you to estimate timber
harvest, price lumber, and prepare and send a quote PDF to customers.

1.5.5 Leafsnap

This Smartphone App is a North American tree identification guide.

1.5.6 Tree Trails

Tree Trails planned to gather trees knowledge throughout the state of Texas. The
app is designed to allow teachers, youth leaders and the general public to trail and
learn about these themes and share this knowledge with other people through the
corresponding curriculum.

1.5.7 Tree Book

Tree Book is the leading guide to 100 of North America’s most famous trees.
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1.5.8 Tree Tagger

The Tree Tagger Mobile Forest Health App transforms a smartphone into a device
that tracks ill tree and provides scientists and wood management around the world
with forest health data.

Nowadays, digital cameras are mostly attached to smartphones. Apps are already
used to calculate a forest sample plot or stand using smartphone camera data. Such
fast, easy-to-use plot-measurement application for forests has become increasingly
popular with foresters and are tested by various forest organisations. To order to
consider the impact of constant clearance and irrigation of bushes along the riversides
it should better benefit local people including farmers (Pratihast et al. 2012). Under
standard boreal forest conditions Melkas et al. (2008) and Vastaranta et al. (2009)
were testing a laser camera. It was a digital CanonEOS400D reflexwith an integrated
laser line generator from Mitsubishi ML101J27. It measured the diameters of trees
without visiting them from the middle of the sampling plot. Forest sample measure-
ments, Vastaranta et al. (2015) tested the TRESTIMATM smartphone software. The
software interprets the images from sample images captured on the smartphone using
a camera. It then calculates forest inventory attributes including species-specific basal
areas (G) as well as basal area medium-tree diameter (DgM) and height (HgM).
The smartphone app seeks to assist forest conservationists, government officials and
stakeholders in creating, amending and applying an efficacious community-based
conservation program that preserves forest protection in real time updates on the
status of forests and associated habitats (Fig. 1.3). Satellite images and videos are
used by the iOS device to provide in real time information on the situation in certain
areas of woodland habituating. India’s Natural Resources Department has a free
mobile program called “Indiana DNR,” for Android as well as Apple iOS. “Forest
Watcher” is a US-based charity that monitors changes in forest cover to allow offline

Fig. 1.3 Mobile application use case diagram
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access to real-time Satellite Maps and data gathered. The app shows forest shifts on
mobile devices via their Global Positioning System (GPS) system, which depends
not on internet connection. Moreover, the Forest Survey of India (FSI) adds impor-
tance to fire warnings in the field of forests, attaches attributes to a list, prepares
map-based items, etc. for example. Fire areas are MODIS 1 km grid centres. The
KML file, Google compatible format and sent to the registered end users within 2 h
of satellite overpass, is created with forest fire alerts from the active fire locations.
Emails and SMS can be used to send warnings to registered users.

Forests used computer technology to adopt best practices. Incorporating computer
technology into forestry has reduced the problems of information, expertise and
data sharing in order to increase decision-making. It strengthens the openness of
forest science. This lead to successful policy making around the world to safeguard
the forest and increase the development of forest products through environmental
conservation. As the role of computer technology is important for the education of
forest scientists and the management of forest science, it is vital that information
technology is required to educate forests scientists. This can be done easily through
forest information technology.

1.6 Near Real Time Monitoring of the Forest-Sensitive
Zones

Thanks to the local community’s involvement in the land, forest change may be
indicated to the municipality, date, scale, and proximity drivers in NRT transition
(deforestation, forest destruction, or reforestation). Digital tools such as smartphones
for mobile correspondence ease data storage and delivery activities (Pratihast et al.
2016). The incorporation of community-based monitoring (CBM) data into national
forest monitoring system (NFMS) has, however, caused some problems, including:
(1) lack of trust in the method of data collection, (2) incoherently controlled size, (3)
restricted geographical coverage, (4) variable data quality and (5) a lack of confidence
in data providers. Recent advances in technology like cloud 2.0 have provided poten-
tial solutions to such problems such as GIS, remote sensing, big data analytics, smart
apps and social media (Conrad and Hilchey 2011; Skarlatidou et al. 2011). Given
this ability, for many reasons there are currently a lack of successful implementa-
tion of the integrated NRT forest monitoring program. Secondly, forestry transition
research results frommultisource data sources (i.e. satellite andCBM inNRT) cannot
bemanaged by organizational processes. Second, no device can archive, envision and
provide local actors with information on forest change across the Internet. Fourth,
there is the absence of the quest capabilities for spatial and temporal forest transition.
Ultimately, in the sense that individuals do not provide input about the information
submitted the interaction among users and the program is usually “passive.” The inte-
grated forest surveillance network is shown by Fig. 1.4. The architecture is scalable
and extensible, enabling the application to easily add additional functionality or map
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Fig. 1.4 Interactive web-based near real-time forest monitoring

layers of external data sources. The server conducts the necessary spatial analysis
and provides input, interactions and visualization of the findings for the client.

The GIS virtual support program is accessible on the Internet. The key goal
is to make the forest information on the spatial and non-spatial datasets on land
cover and vegetation type and other forestry layers in the country accessible freely
available to existing, accurate and reliable land resource users. NSDI is intended
to facilitate the compilation, aggregation and dissemination by different mapping
agencies of geographic datasets on various issues in a shared set of specified stan-
dards and formats. The national forest fire program is coordinated to locate fire
areas through its “Easy Reading Out” service. Modest Resolution Imaging Spectro-
radiometer (MODIS) Data transmission and analysis is performed (Tang et al. 2019).
The stakeholders are sent within 90 min to designated emergency areas (hot spots).
The Indian Space Research Organization (ISRO) along with Forest Survey of India
(FSI) has been conducted spatial scale and patterns in forest cover shifts in India
using multi-source and multi-date data (1930–2013). This research has evaluated the
spatial scale and patterns in forest cover shifts in India using multi-source and multi-
date data (1930–2013). As a guide for classifying the other four periods (1975, 1985,
1995, 2005), visual interpretations have been used to evaluate the forest cover map
created from the Resourcesat-2 AWiFS 2013 image for transition between forest and
non-forest cover. For time series evaluation and analysis of trends in forest distribu-
tion (1930–1975, 1975–1985, 1985–1995, 1995–2005 and 2005–2013), a grid cell
measuring 5 kmby5kmwere developed. The e-planning programof these twoAmer-
ican federal agencies aims to offer advanced, immersive, internet-based planning
papers with similarly smart backend technologies for public commentary delivery
Pratihast et al. (2016). developed an interactive web-based near real-time (NRT)
forest monitoring system in Ethiopia. The functionality of the program comprises
(1) the download, store, and analysis ofNRT forestry changes identification bymeans
of Landsat time series images; (2) the possibility to submit land observations and
collection positions for forest change on request; (3) the ability tomonitor and display
the hotspot for forest changes in time. The spatial database framework was built to
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allow various types of data to be processed, managed and accessed via structured
query language (SQL), including basic geographic data, ground observation data,
and distance sensing information. This problem is tackled by a new, 80-year-old
technology—radar—the Monitoring of the Andean Amazon Project (MAAP), with
the use of remote sensing data to identify hotspots in theWest Amazon and the activ-
ities triggered by forest depletion (https://maaproject.org/en/). In order to allow its
team to track deforestation during Peru’s entire year in almost real-time, MAAP now
integrates high-resolution optical data with the capacity for radar imagery. Inspired
by the DETER and SAD forest surveillance programs protecting Brazil’s Amazon,
the FORMA project originated at the World Development Center and entered the
Data Lab at the World Resources Institute (https://www.globalforestwatch.org/).
Such devices easily generate maps of hotspots for forest destruction. These also
allowed police, civil society groups and the media to respond quickly to criminal
crime and to reduce the deforestation rate in Brazil. The FORMA network consists
of several components: wildfire extreme and fire data from the MODIS instrument
on NASA Terra satellite, NOAAweather data and forest clearance historical data. In
relation to dryness or other seasonal variability—see Fig. 1.5—amathematicalmodel
uses increasing pixel background to identify relevant signs of the failure for wood
cover. The end result is a map displaying regions of interest based on the new satel-
lite images. The Indonesian version of Mongabay.com (mongabay.co.id) launched
recently over the coming month aims to create a pilot program to investigate some
deforestation hotspots in Indonesia, found by the GloF-DAS in local correspondents.
The ground-based project, which is witnessing high rates ofmining deforestation, the
conversion to the oil palm assets and to pulp and paper plantations and agriculture,
could boost forest transparency in Indonesia (Fig. 1.5). The GloF-DAS is based on
a new NASA Moderate Resolution Imaging Spectroradiometer (MODIS) satellite
data product.

Fig. 1.5 The Global Forest Disturbance Alert System (GloFDAS) provides data on forest distur-
bance globally on a quarterly basis. GloF-DAS is freelyavailable at rainforests.mongabay.com/def
orestation-tracker/

https://maaproject.org/en/
https://www.globalforestwatch.org/
http://mongabay.co.id/
https://rainforests.mongabay.com/deforestation-tracker/


22 G. S. Bhunia and P. K. Shit

1.7 Crowd Sourcing in Forest Management

Jeff Howe andMark Robinson, editors of theWired Journal, coined theword ‘crowd-
sourcing’ in 2005 for the purpose of representing the activities of a global band
of people for information, ideas and services (World Meteorological Organization
2017). The terms “crowd” and “outsource”were amixture of phrases.Crowdsourcing
is the type of participatory online operation that provides a community of people with
diverse skills, complexity and number with ample resources to volunteer their work
through a scalable, accessible request. The generation of geosphere data by volun-
teer people, who are untrained in astronomy, mapping or related fields is spatial
crowdsourcing (Heipke 2010).

Crowdsourcing was introduced in the forest industry to test urban trees even
though there have been some concerns about their durability (Fritz et al. 2009).
Current technology makes it possible for machines to identify the forest area auto-
matically by means of satellite data and chart most forestry worldwide accurately.
The forest cover in a pixel is observed by conventional remote sensing techniques
instead of trapping individual trees in the landscape. Within the less dense woodland
or in individual trees, as is the essence of the drylands most commonly, the approach
can be overlooked. Google Earth receives satellite data from many satellites with
various technological capacities and resolutions (Fig. 1.6). The array of Google’s
dryland satellite imagery from a variety of providers like Digital Globe is especially
high, as deserts are cloud-free. While the identification of non-dominant ground
cover is difficult for algorithms, the human eyes do not have a problem identifying
trees in landscapes.

A program that supports organizations involved in REDD+ and forest discussion
was created during the second half of 2015 by the European Space Agency (ESA).
The REDD+ is a global initiative to encourage countries to reduce CO2 emissions,
encourage forest restoration and sustainable land management, and increase the sum
of land carbon stocks. Emissions from forest destruction is a global initiative. To
order to figure out illicit deforestation and to monitor the condition of trees, forest
management is important for REDD+. The monitoring of forests from the land,
however, requires time. Certain regions, particularly in locations where the resources
and records are scarce, are also difficult to protect.

1.8 Crisis Mapping of Forest Cover

The crisis map is a real-time data collection, view and review of a crisis of specific
severity of growth, includingfinancial, social and environmental data. Crisismapping
allows a vast range of individuals, even indirectly, to monitor crisis response by
sharing information. “Crisismapping can be defined as the three-part combinations—
information compilation, display and analysis—as defined by Patrick Meier (Meyer
2011). All are stored in a dynamic, interactive map. Disaster maps are used for the
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Fig. 1.6 Forest map showing Forest Loss in the World in 2018. Reference 2000 and 2018 imagery
aremedian observations from a set of quality assessment-passed growing season observations. Trees
are defined as vegetation taller than 5 m in height and are expressed as a percentage per output grid
cell as ‘2000 Percent TreeCover’. ‘Forest Cover Loss’ is defined as a stand-replacement disturbance,
or a change from a forest to non-forest state, during the period 2000–2018. ‘Forest Cover Gain’ is
defined as the inverse of loss, or a non-forest to forest change entirely within the period 2000–2012.
‘Forest Loss Year’ is a disaggregation of total ‘Forest Loss’ to annual time scales (Source https://
earthenginepartners.appspot.com/science-2013-global-forest)

development in the field of early warning systems and disaster-response services
by means of real-time, crowd-sourced crisis data, satellite imagery, data analytics,
computer analysis and web-based applications. A non-profit, open-source develop-
ment organization, for instance, is building the Ushahidi Web site. Ushahidi will
disseminate and gather data on a situation in any region of the world. Users can
provide information through email, e-mail or web pages, and the data can be aggre-
gated to form a map or timeline. Google Crisis Response is a Google.org department
that “sees to make knowledge critical of natural disasters and humanitarian emer-
gencies more available.” Google that respond: updating the disaster area satellite
imagery, developing an emergency information and resources web page, hosting a
crisis map featuring accurate and crowd-based geographic information, contributing
charity to on site organisations, engineering products and information services, such
as Google’s person-based Finder and landing pages. The humanitarian OpenStreet
Map Team (HOT) manages free mapping tools in several locations worldwide to
develop, produce and distribute them. The HOT delivers “free, up-to-date maps” as a
“critical resource for emergency relief agencies and global emergencies”. Although
the dataset is available in a format which the technically knowledgeable can most
probably use, users will generate derivative charts, views and aggregations.

https://earthenginepartners.appspot.com/science-2013-global-forest
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More than 50 football fields of the forest are damaged every minute, as per the
World Community Institute. 20.8million acres of woodlandwere overlooked in 2012
alone (over 80,000 square miles).Global Forest Monitor is a program that combines
satellite technologies, open data, and crowdfunding to enhance policymaking in
real time. Global Forest Watch (https://www.globalforestwatch.org/) was originally
founded by the World Bank Institute as an initiative in 2007. This was a way of
combining the latest up-to-day technologies with collaborations between various
countries to create a global forest surveillance network. In an attempt to foster global
forest accessibility, Global ForestWatchmerges real-time satellite technologies, web
devices, crowd-sourced info, forest maps, protected area maps and on-the-ground
networks. For example, Global Forest Watch (GFW) is an immersive global forest
monitoring and alert program that offers updates on forests all over the world in
real time. Forest image processing and cloud storage capability, GFW using satellite
technologies in building exchanging distributed data sets on trees (Fig. 1.7). Forest
data collection, it was also developed as a resource for crowd sourcing that allows
users to share their own findings directly from the ground.

Rapid growth in ICT (Internet), cloud computing, social networks (including
mobile telephony) in recent years has revolutionized people’s way of communicating
and sharing knowledge with one another. The emergence of smartphones and open
Internet connectivity has contributed significantly to the availability of vast informa-
tion for the public. The ability of crowd-sourced knowledge to provide consumers
with a better view of the importance of shopping plans is used by popular webpages
such as TripAdvisor, Amazon, eBay and the new e-commerce sites. At the other
hand, Wikipedia, Flickr and OpenStreetMap provide an outstanding example of the
modern world where crowdsourcing has provided a huge resource of resources for
organisations and people all over the globe to continue to use. The concept of the
digital world also reveals how important people are as data sources and participants
to daily life. The importance of citizen-generated crowd-data is expressed in Digital

Fig. 1.7 Forest change of Indian sub-continent (Source Hansen et al. 2013)

https://www.globalforestwatch.org/
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World (Craglia et al. 2012). The Digital Earth vision addresses the key government,
science and social forces that make it possible to locate, imagine and interpret vast
quantities of data from a “DigitalEarth” as a multi-resolution, three-dimensional
image of the earth.

1.9 Conclusion

Forests and forest ecosystems are evolving more as a result of natural and human
transition. And if individuals will not participate, they are still subject to tangible
improvements. Conservation importance can be established by the use of multiple
ecological landscape criteria, as well as stringent soil monitoring for areas with
biological value, highlights, warm spots and hot specks. In global efforts to mitigate
greenhouse gas emissions, the protection of carbon stocks, particularly in peat bog
forests and mangrove areas, should be a key priority. In the current phase of global
economic growth, afforestation, reforestation and the restoration of the natural envi-
ronment will concurrently provide jobs. Specific challenges are compounded by
the geographical and temporal aspects of sustainable forest management. A global
and multidisciplinary initiative is required to minimize habitat degradation and to
boost public consciousness, increase forestry law enforcement initiatives, increase
support for conservation areas and introduce environmental protections in tandem
with construction activities. Nevertheless, for the broader application of sustainable
forestry management, the relative weakness of the forest legislation to tackle equity
concerns remains a major problem. The roles of forest habitats and the use of wood
in Anthropocene are evolving. Land managers need new method to understand and
change management strategies using revised information. The rapid speed of transi-
tion will intensify the need in both natural and managed forests to identify ecological
responses over broad scales. There is a commitment to track forest conditions in
near real time that substantial progress is being made with the remote sensing-based
change detection and Tracking system; it is, however, unclear if this tool is sufficient
for quantification and review of the efficacy of management activities. New insights
must also be easily incorporated intomanagement decisions and user-friendly predic-
tive model. The level of experiential awareness, insights and data collection can be
increased by emerging approaches to gathering and dissemination of information
such as citizen science networks and ‘crowd sourcing’ methods in order to comple-
ment written information. Eventually, over the past few decades, upgrades to data
acquisition, storage, and access processes have provided vast volumes of readily
accessible data, allowing large-scale “big data” biogeochemical pattern analyses. For
potential control of forest resources, forest ecosystem services and mixed natural-
human processes will be considered for trade-offs. With the purposes of prevention
and transition to the adverse impacts of natural and anthropogenic disturbances that
will escalate in Anthropocene, current best management practices (BMPs) should
have been reviewed.
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Chapter 2
Estimation of Net Primary Productivity:
An Introduction to Different Approaches

Pramit Kumar Deb Burman

Abstract The net primary productivity (NPP) is defined as the net carbon gain by
plants in natural and agricultural ecosystems, which is computed by subtracting the
autotrophic respiration from the gross photosynthetic carbon uptake by the ecosys-
tems. It acts as the indicators of carbon sequestration, ecosystem health, and agri-
cultural yield which are important in the context of climate change, its impact
and mitigation, and food security. The NPP can be estimated in multiple ways
including the direct and indirect measurements and modelling. The various direct
NPP measurements are ground-based in situ observations of ecosystem-atmosphere
carbon flux such as the micrometeorological flux-gradient method, eddy covari-
ance, flux chamber measurements etc. The indirect measurements of NPP include
the satellite-derived NPP estimates which are computed from the directly measured
spectral reflectances, using different biophysical relations such as the light use effi-
ciency model etc. However the accuracy of these products varies geospatially and
largely depends on the retrieval of input parameters and representativeness of under-
lying model parameterization. There are two major modelling approaches to esti-
mate the NPP namely bottom-up and top-down estimates. The bottom-up models
compute the NPP from the directly recorded variables such as temperature, precipi-
tation, radiation, wind, atmospheric CO2 concentration etc. using the biome-specific
functional relations due to which these are also known as the process-based models.
The top-down or inverse models use the matrix inversion method to predict the
sources and sinks of CO2 emission in a region from the directly measured concen-
trations by the surface stations and/or satellites and thus the NPP of that region.
The NPP estimates from measurements and models are used to calculate the carbon
budgets at different scales from ecosystem-level to global scale. However significant
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uncertainties exist in such estimates due to insufficient surface measurements, under-
representation of several regions and ecosystems, imperfect boundary conditions and
parameterizations in models. While the direct measurements provide more accurate
estimates of NPP, these require to be carried over for long duration using multiple
different instruments which are prone to errors and data-loss whereas the models can
provide large-scale estimates of NPP but need to be validated against realistic in situ
measurements across an wide array of ecosystems. The aforementioned aspects of
NPP estimation are discussed in detail in the present chapter.

Keywords Carbon cycle · Terrestrial ecosystems · Gross primary productivity ·
Net ecosystem productivity · Eddy covariance · Ecosystem models · Inverse
models · Vegetation indices

2.1 Introduction

Since the industrial revolution the atmospheric CO2 concentration (ca in ppm) has
risen from ~280 to 416 ppm (till the time of writing this book chapter) in an
unprecedented rate (https://www.esrl.noaa.gov/gmd/ccgg/trends/mlo.html). Due to
the increased energy demand the carbon stored in fossil fuel deposits has been burnt
and released into the atmosphere. Tomeet the food andfibre demands of an increasing
population the rapid agricultural expansion has taken place at the cost of natural
ecosystems such as forests. The increased amount of atmospheric greenhouse gases
of which CO2 is a major component, is changing the Earth’s radiation feedback
resulting in global warming and paving the way for climate change (IPCC 2013).

Such climate change is predicted to have adverse effects on the Earth such as
abrupt changes in atmospheric and oceanic circulation patterns, polar ice cap melt,
sea-level rise, shifting treeline, increased frequency and intensity of extreme events
etc. In order to devise the climate change mitigation strategies the sources and sinks
of atmospheric CO2 need to be identified and their strengths and patterns need to be
characterised. The terrestrial ecosystemsplay a regulatory role in theEarth’s radiation
budget due to their roles in determining the surface albedo and photosynthetic carbon
uptake (Betts 2000). According to the global carbon budget 2019 (Friedlingstein et al.
2019) the terrestrial ecosystems were the largest sink of atmospheric CO2 in the
latest decade during 2009–2018 with a sink-strength of 3.2 ± 0.6 GtC y−1. Several
land-based mitigation strategies are designed based on these ecosystems such as
afforestation and reforestation, biochar, bioenergy with carbon capture and storage
etc. (Minx et al. 2018). Moreover proper quantification of the carbon cycles of these
ecosystems is important to estimate the intended nationally determined contribution
(INDC) of the nations in compliance with the Paris climate accord.

The changes in ca, trends of air temperature and precipitation due to climate
change will modify the capacity and pattern of the photosynthetic carbon uptake by
terrestrial ecosystems (IPCC 2019). The response of the ecosystems to such changes
remains uncertain which is required for the climate change impact assessment. For

https://www.esrl.noaa.gov/gmd/ccgg/trends/mlo.html
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this purpose the long-term observations of terrestrial carbon cycle are required. It is
predicted that in changed environmental conditions the indigenous plant species are
at high risk to be replaced by the more sturdy invasive species, thus resulting in the
extinction of species and loss of biodiversity (Bongaarts 2019). The accelerated ca
is also predicted to cause forest dieback in several regions (Cox et al. 2004).

In this contest, the present chapter is aimed at the estimation of net primary produc-
tivity (NPP), a component of the carbon cycle and its significance. The different
observation and modelling techniques to achieve this are discussed in the subsequent
sections. In compliance with the theme of this book, the contents of this chapter are
restricted to the forest ecosystems. It is to be noted that NPP estimation of aquatic
ecosystems such as marine phytoplankton is a different topic and not discussed
here. Also the agricultural ecosystems are not included as those are not considered
as natural ecosystems. Considering the wide span of the subject matter and a vast
amount of literature existing on the different aspects of the same, I have not tried to
make this chapter as a comprehensive review article but as an indicative document on
the progress done in this field and its present status. The future directions from here
are also discussed briefly towards the end. This topic being an interdisciplinary one,
care has been taken in the formulation of the chapter to make it apprehensible to the
potential readers who belong to different academic and professional backgrounds.

2.2 Data and Modelling

2.2.1 The Carbon Cycle Components

The flux of any variable is defined as the amount of that variable exchanged across
a unit surface per unit time. In this regard the vertical CO2 flux (Fc) between
the ecosystem and atmosphere is the measure of carbon exchanged between the
ecosystem and atmosphere, also known as the net ecosystem exchange (NEE). It
is a resultant of the photosynthetic uptake and respirative loss of carbon which are
defined as the gross primary productivity (GPP) and total ecosystem respiration
(TER) respectively. The TER is comprised of respired carbon fluxes by the autotrophs
and heterotrophs which are defined as autotrophic respiration (RA) and heterotrophic
respiration (RH ) respectively. As per the meteorological convention the negative and
positive values of NEE stand for the carbon gain and loss by the canopy, which
is opposite to the convention followed in ecology. The net ecosystem productivity
(NEP) is defined as the negative ofNEE. According to these definitions (Chapin et al.
2006),

GPP = N PP + RA (2.1)

N PP = NEE + RH (2.2)
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and,

T ER = RA + RH (2.3)

All the variables used this book chapter are described in Table 2.1.

2.2.2 In Situ Measurements

The NEE can be directly estimated from the observations in contrast with GPP and
TER. Hence the GPP and TER are estimated from the NEE measurements using a
set of ecophysiological relations among the ecosystem and environmental variables.
Following are the different methodologies for measuring NEE.

2.2.2.1 Eddy Covariance Measurements

The eddy covariance (EC) method is probably the most accurate technique for esti-
mating the biosphere–atmosphere scalar and energy fluxes using the direct measure-
ments of wind parameters and scalars. It has been widely used across the globe for
continuous monitoring of long-term CO2 exchange by the ecosystems in different
geographical location, altitudes and terrains (Baldocchi 2003; Deb Burman et al.
2020a, b). Several continental, regional and national networks exist comprising the
dense arrays of such towers (Baldocchi et al. 2001; Beringer et al. 2016; Deb Burman
et al. 2017; Deb Burman et al. 2018; Rebmann et al. 2018). A comprehensive global
map of such active and past EC flux towers can be found in Burba (2019).

Any variable in the atmosphere is exchanged and mixed among the layers by the
random turbulent windmotions, also known as the eddies. In ECmethod these eddies
of different temporal scales are sampled by the fast (5, 10 or 20 Hz) measurements
of wind velocity components and gas concentrations. Finally the contributions of all
such eddies are summed up to compute the net fluxes using the Reynolds averaging
technique (Reynolds 1895; Deb Burman et al. 2018). The ecosystem-atmosphere
CO2 flux (Fc in μmol m−2 s−1) is computed from the vertical component of wind
velocity (w in m s−1) and atmospheric CO2 molar concentration (c in μmol m−3)
which can be expressed as follows,

Fc = w′c′ (2.4)

and

X ′ = X − X (2.5)
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Table 2.1 Variables used in the present study, listed alphabetically

Symbol Definition Unit Reference

An Net CO2 uptake by leaves μmol m−2 s−1 Collatz et al. (1991)

APAR Absorbed
Photosynthetically Active
Radiation

W m−2 Running et al. (1999)

αnir Surface reflectance in the
near-infrared range of
electromagnetic spectrum

– Carlson and Ripley (1997)

αvis Surface reflectance in the
visible range of
electromagnetic spectrum

– Carlson and Ripley (1997)

b Regression parameter m s−1 Collatz, et al. (1991)

B Bowen ratio – Stull (1988)

β Proportionality constant – Businger and Oncley (1990)

c Atmospheric CO2 molar
concentration

μmol m−3 –

c(z) c measured at height z μmol m−3 –

ca Atmospheric CO2
concentration

ppm –

cs CO2 concentration at leaf
surface

ppm Collatz et al. (1991)

cu Updraft CO2 molar
concentration

μmol m−3 Businger and Oncley (1990)

cd Downdraft CO2 molar
concentration

μmol m−3 Businger and Oncley (1990)

EVI Enhanced vegetation index – Jiang et al. (2008)

ε Actual light use efficiency gC MJ−1 Monteith (1972)

εF ε analogous factor for SIF Guanter et al. (2014)

εmax Theoretically maximum
light use efficiency

gC MJ−1 Monteith (1972)

f Ratio of εmax and ε – Monteith (1972)

fAPAR Fraction of Absorbed
Photosynthetically Active
Radiation

– Running et al. (1999)

Fc Vertical CO2 flux μmol m−2 s−1 Aubinet et al. (2012)

Fq Vertical water vapour flux mmol m−2 s−1 Stull (1988)

Fs Storage flux of CO2 μmol m−2 s−1 Aubinet et al. (2012)

GPP Gross Primary Productivity gC m−2 y−1 Chapin et al. (2006)

h Measurement height m Chapin et al. (2006)

hs Relative humidity at leaf
surface

– Collatz et al. (1991)

(continued)
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Table 2.1 (continued)

Symbol Definition Unit Reference

H Sensible heat flux W m−2 Stull (1988)

Kc Eddy diffusivity factor for
CO2

m2 s−1 Lee (2018)

Kq Eddy diffusivity factor for
water vapour

m2 s−1 Lee (2018)

LAI Leaf Area Index – Watson (1947)

LE Latent heat flux W m−2 Stull (1988)

λ Measurement wavelength nm –

m Regression parameter – Collatz et al. (1991)

NDVI Normalized Difference
Vegetation Index

– Carlson and Ripley (1997)

NEE Net Ecosystem Exchange μmol m−2 s−1 Chapin et al. (2006)

NEP Net Ecosystem Productivity gC m−2 y−1 Chapin et al. (2006)

NPP Net Primary Productivity gC m−2 y−1 Chapin et al. (2006)

PAR Photosynthetically Active
Radiation

W m−2 Alados et al. (1996)

q Atmospheric water vapour
molar concentration

mmol m−3 –

RA Autotrophic Respiration μmol m−2 s−1 Chapin et al. (2006)

RH Heterotrophic Respiration μmol m−2 s−1 Chapin et al. (2006)

ra,c Aerodynamic resistance to
CO2 transfer

m−1 s Lee (2018)

rb Leaf boundary layer
resistance

m−1 s Lee (2018)

rc Canopy resistance m−1 s Lee (2018)

rs Stomatal resistance m−1 s Lee (2018)

SAVI Soil-Adjusted Vegetation
Index

– Huete (1988)

SIF Solar-Induced
Fluorescence

W m−2 sr−1 μm−1 Meroni et al. (2009)

σw Standard deviation of the
vertical component of wind
velocity

m s−1 –

TER Total Ecosystem
Respiration

gC m−2 y−1 Reichstein (2005)

u* Friction velocity m s−1 Foken (2008)

VI Vegetation Index – Huete et al. (2002)

VPD Vapour Pressure Deficit hPa –

w Vertical component of wind
velocity

m s−1 –

(continued)
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Table 2.1 (continued)

Symbol Definition Unit Reference

LSWI Land-Surface Water Index – Fensholt and Sandholt (2003)

where X ′ stands for the instantaneous fluctuations in the measured values of variable
X from its mean over the averaging period (X ). The overbar denotes the temporal
averaging which is usually done every 30 or 60 min.

A typical ECmeasurement setup for CO2 includes sonic anemometer and infrared
gas analyser for wind velocity and CO2 concentration measurements respectively,
which are usually placed at a single height above the ecosystem canopy or at several
recommended heights within the canopy (Deb Burman et al. 2019). These measure-
ment heights determine the footprint or representativeness of the EC measurement
(Kormann and Meixner 2001; Kljun et al. 2015). In addition the EC tower is instru-
mented at various levels and depths with a set of associated meteorological, radia-
tion and soil sensors (Aubinet et al. 2012). The fast measurements by EC sensors
are prone to various errors such as the random spikes, faulty measurement values
due to inaccurate sensor geometry, density fluctuation of the ambient air due to the
presence of moisture, obstruction of the wind by the sensors etc. The raw EC data
is rigorously filtered for removing such errors following a set of recommended pre-
processing techniques such as despiking (Vickers and Mahrt 1997; Mauder et al.
2013), detrending, coordinate rotations (Kaimal and Finnigan 1994), angle of attack
correction (Kaimal andFinnigan 1994),Webb-Pearman-Leuning correction (Mauder
et al. 2013), low (Moncrieff et al. 1997) and high-pass noise filtering (Moncrieff et al.
2004), time-lag between velocity and concentration measurements (Burba 2013) etc.
Such a flux tower is shown in Fig. 2.1 which is installed at the Pichavaram mangrove
ecosystem as part of the MetFlux India network in Tamil Nadu, India (Deb Burman
et al., 2017; Gnanamoorthy et al. 2019; Chakraborty et al. 2020; Gnanamoorthy et al.
2020).

While implementing these corrections the resulting half-hourly NEE values are
flagged according to a 10-point scale from 0 to 9 with increasing order suggesting
reduced confidence (Foken et al. 2004). Such classification takes into account the
atmospheric conditions including non-stationary and non-integral turbulences. The
choice of best quality data depends on the requirement. Usually for developing the
functional relationships between carbon flux and environment, the data values not
exceeding flag 2 are used while in some cases such strict quality-control results in
60–65% of data loss, mostly during nighttime rendering the remaining data heavily
biased towards daytime. In such cases theflags are gradually relaxed formore uniform
representation of day and nighttime values in the final data record. The friction
velocity (u*) is a measure of the atmospheric turbulence (Foken 2008). At very low
values of turbulence the fundamental principles of EC measurement are violated.
To avoid this condition u*-filtering is done in which the NEE values corresponding
to u* below a certain threshold are rejected. This u*-threshold determination is
crucial for the accurate estimation ofNEE and several recipes exists to determine this
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Fig. 2.1 A surface flux tower instrumented at multiple levels with eddy covariance and other
associated measurement sensors at the Pichavarammangroves, Tamil Nadu, India; this tower is part
of the MetFlux India network
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(Gu et al. 2005; Barr et al. 2013); Wutzler et al. 2018) . Apart from these a certain
amount of CO2 is trapped in the canopy that does not mix with the atmosphere by
turbulent mixing. This is termed as the storage flux (Baldocchi 2003). The storage
flux between ground and measurement height h (Fs) is computed from the measured
CO2 concentration (c) time series at height h as follows,

Fs =
h∫

0

∂c

∂t
dz (2.6)

Finally the NEE is computed as (Fc + Fs). All of these measures are documented
in several books such as Burba and Anderson (2007) and Aubinet et al. (2012). The
various quality-control measures result gaps in the data. Gaps also occur due to the
instrument malfunctioning at several times. However to account for the NEP of any
ecosystem, continuous measurement record is required which is achieved by filling
the gaps in data. Several recipes of gap-filling exist in literature e.g. mean diurnal
variation (MDV), marginal distribution sampling (MDS), look-up table (LUT) etc.
(Moffat et al. 2007;Reichstein 2005). Selection of any particular recipe for gap-filling
depends on various factors such as the extent and severity of data loss, environmental
conditions, local climatology, availability of supporting measurements etc. These
recipes have evolved over years owing to active research by several groups and are
documented elsewhere (Falge et al. 2001).

Although the EC measurement offers an unprecedented advantage of real time
monitoring of NEP of any ecosystem it has its own limitations (Massman and Lee
2002). Advective fluxes remain difficult to be separated from the vertical exchange
(Paw et al. 2000; Etzold et al. 2010). The fluxes measured over mountainous, undu-
lated terrains are laced with lots of measurement uncertainty (Geissbühler and Sieg-
wolf 2000). During low-turbulence conditions, mostly in the nocturnal periods fluxes
are severely undermined (Aubinet et al. 2010). The EC method is still under active
research and evolving fast. A large number of scientific publications and references
exist on this technique, its development and adaptations not all of which are possible
to be included in the limited span of the present chapter. Interested readers however
are suggested to read several such articles appearing in the meteorology, forestry and
agricultural journals.

2.2.2.2 Gradient Flux Measurements

In the absence of direct EC measurements Fc can be estimated from the spatial
gradient of mean CO2 molar concentration (c in μmol m−3) assuming a diffu-
sive model. In this model c is assumed to vary slowly and the Reynolds averaged
covariance Fc is parameterized as the function of vertical gradient of c as follows,

Fc = −Kc
∂c

∂z
(2.7)
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where, Kc is defined as the eddy diffusivity factor for carbon dioxide. It has the unit
of m2 s−1. Due to the turbulent diffusion CO2 is transported from high concentration
zone to low concentration zone. Hence the negative sign is introduced in Eq. (2.7) to
maintain conformity with the flux convention described earlier. In a simplistic setup
with two-level measurements Eq. (2.7) can be reformulated as,

Fc = −Kc
c(2) − c(1)

z(2) − z(1)
(2.8)

where, c(1) and c(2) stand for themean CO2 concentrations at lower (z(1)) and upper
(z(2)) measurement heights respectively (Lee 2018).

Although convenient in the absence of fast measurements, the gradient flux
measurement technique is heavily criticised for several reasons. In the gradient flux
formulation the spatial heterogeneity ofCO2 source strength at the horizontal surfaces
of concentration measurement is not considered. Moreover the vertical variation in
CO2 source strength is overlooked (Dyer 1974). This problem is partially circum-
vented by introducing more concentration measurements in the intermediate levels
and fitting a vertical profile to the measured values for computing the gradient.Kchas
a strong functional dependency on atmospheric stability for which a set of empiri-
cally determined stability correction factors are introduced for better estimation of
Fc (Dyer and Hicks 1970; Businger et al. 1971). In practical applications the gradient
flux method is mostly used in conjunction with the primary EC measurement with
iterative determination of Kcfrom the latter set of measurements.

2.2.2.3 Resistance Methods

Assuming a constant flux layer, where Fc does not vary with height, Eq. (2.7) can
be reformulated as,

c = −Fc

h∫

0

1

Kc
dz (2.9)

or,

Fc = −c
1

ra,c
(2.10)

where,
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ra,c =
h∫

0

1

Kc
dz (2.11)

is defined as the aerodynamic resistance to CO2 transfer, in analogy to the electrical
resistance as defined in the Ohm’s law (Lee 2018). The ra,c increases with increasing
stability and depth of the diffusion layer. Increased turbulence in the atmosphere
decreases ra,c.

In addition to aerodynamic resistance, the plant-atmosphere photosynthetic CO2

exchange pathway involves leaf boundary layer and stomatal resistances, connected
in series as theCO2 molecules transport through these sequentially. The layer of atmo-
sphere in close vicinity of the leaves is usually thin but unperturbed. The exchange
of CO2 through this layer only takes place through molecular diffusion which gives
rise to the leaf boundary layer resistance (rb).

The stomatal resistance (rs in s m−1) is defined as the resistance faced by CO2

molecules while escaping to the atmosphere from the stomatal cavity. The plant-
atmosphere CO2 and water vapour exchanges by photosynthesis and transpiration
respectively, are coupled by the stomatal opening and closure mechanism (Farquhar
and Sharkey 1982). There are twomajor schemes to parameterize rs. According to the
Jarvis-Stewart formulation (Jarvis 1976; Stewart 1988), rs is empirically determined
from radiation, leaf temperature, vapour pressure deficit (VPD) and soil moisture
content.

In another approach, introduced by Ball et al. (1987) and Collatz et al. (1991)
rs is expressed as a function of net CO2 uptake (An) and relative humidity and CO2

concentration at the leaf surface (hs and cs, respectively) as follows,

rs = 1

m An ·hs
cs + b

(2.12)

where, m and b are the linear regression parameters derived experimentally. These
models have been widely used by several researchers and adopted according to
different climate types (Leuning 1990; Tuzet et al. 2003; Whitley et al. 2008; Ye and
Yu 2008). The inverse of any resistance parameter is defined as the corresponding
conductance. In simplified bigleaf models where the entire ecosystem is considered
to behave like a single leaf (Monteith et al. 1965), the canopy resistance (rc) is used
to compute the ecosystem-atmosphere fluxes. However, the interpretation of rc is
not trivial. In a simplistic formulation where all the leaves in the canopy can be
considered as individual resistors with stomatal resistance rs connected in parallel,
rccan be expressed as rc/n where n is the number of leaves in the canopy.
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2.2.2.4 Modified Bowen Ratio Method

The Bowen ratio (B) is defined as the ratio of sensible (H in W m−2) and latent
(LE in W m−2) heat fluxes. It has been widely used to estimate LE from the energy
flux measurements in the absence of water vapour measurement assuming a perfect
closure of the surface energy budget known as the Bowen ratio method (Stull 1988).
This technique is modified to estimate Fc from the vertical flux of water vapour (Fq

in mmol m−2 s−1) in the absence of fast measurement of c from the two level slow
measurements of q and c as follows,

Fc = c(2) − c(1)

q(2) − q(1)
· Fq (2.13)

where, c(1) and q(1) are the values of c and atmospheric water vapour molar concen-
tration (q in mmol m−3) at lower measurement height (z1) and c(2) and q(2) are
the values of c and q at upper measurement height (z2). This technique assumes the
eddy diffusivities of CO2 and water vapour transport (i.e. Kc and Kq, respectively)
are equal to each other and is known as the modified Bowen ratio method (Meyers
et al. 1996).

2.2.2.5 Associated Micro-meteorological Methods

There have been several micrometeorological methods proposed to measure Fc in
the absence of fast EC measurements, using the available slow gas concentration
measurements as described below.

Disjunct Eddy Covariance

The disjunct eddy covariance (DEA) is a modification of EC method first proposed
byRinne et al. (2001) formeasuring the fluxes of volatile organic compounds (VOC).
In this method the turbulence is assumed to be fully developed and hence the time
series of w and gas concentration are sampled at a much coarser temporal scale than
EC method. This method has been used by few researchers to estimate Fc as well
with good confidence (Hörtnagl et al. 2010; Baghi et al. 2012).

Eddy Accumulation

The eddy accumulation (EA) method is a modified version of the EC method where
air samples are stored in two separate containers based on updraft and downdraft
(Hicks and McMillen 1984). The collection time is proportional to the strength of
updraft or downdraft i.e. the magnitude of w. After the data is collected for 30 or
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60 min the average CO2 concentration in both the collection volumes is measured
and subtracted from each other for computing Fc (the detailed mathematical formu-
lation is similar to the EC method). Instead of sampling all the eddies separately
as done in the EC method (within the practically limiting smallest and largest time
scales, as decided by the sampling frequency and averaging time), in EA method
all the eddies are augmented according to upward or downward motions and the
mean concentration for both of these segments are computed. This method was first
proposed by Desjardins (1972).

Relaxed Eddy Accumulation

The relaxed eddy accumulation (REA) is a modification of the EA technique where
the air volumes are sampled separately at constant flow rate for updrafts and down-
drafts, with the separate measurements of CO2 concentrations for both the volumes.
Finally the difference between updraft and downdraft averages of CO2 molar concen-
trations (cu and cd respectively) is multiplied by the standard deviation of vertical
velocity (σw) during the entire duration of updraft or downdraft event and an empir-
ically determined dimensionless factor of proportionality (β) to compute Fc as
follows,

Fc = β · σw · (cu − cd) (2.14)

This method had been first proposed by Businger and Oncley (1990) who also
proposed the value of β to be 0.6. However the choice of β is a major source of
uncertainty of this method which was later shown to vary within 0.40–0.63 under
different experimental conditions by several researchers (Baker et al. 1992; Milne
et al. 1999). Additionally the accurate segregation of air samples in updraft and
downdraft periods and precise measurement of cu and cd are essential which are
difficult to be achieved in field conditions (Pattey et al. 1993). The REA has been
mostly used in the measurements of trace gas, aerosol, VOCs and isotopic fluxes
(Guenther et al. 1996; Valentini et al. 1997; Myles et al. 2007) for which fast concen-
tration measurements are not available, as required by the EC technique. However,
several inter comparison studies have shown the REA to perform well in estimating
Fc under strict measurement control as compared to EC method in agricultural and
forest ecosystems (Pattey et al. 1993; Gaman et al. 2004). There have been several
modifications of REA since its inception such as the hyperbolic relaxed eddy accu-
mulation (HREA) by Bowling et al. (1999) etc. which I am not going to discuss in
detail in the limited span of the present chapter. The interested readers are suggested
to read the relevant literature for the detailed information on these techniques.
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Chamber-Based Measurements

In the chamber-based methods enclosure chambers are used to isolate a part of the
atmosphere within which the CO2 concentration is allowed to change only by the
respiration or photosynthesis by the plant, part of plant or soil enclosed by these
chambers. The Fc is computed from the change in c over the sampling time interval.
The walls of the chambers are impermeable and do not allow the CO2 inside to
interact with the ambient atmosphere through diffusion. In static chamber methods
the ambient air flow is restricted (Wang et al. 2010) whereas in dynamic chamber
methods the ambient air is allowed to flow through the chamber at a constant base
flow rate (Ohkubo et al. 2007). Several different geometries of the chambers exist
(Kutsch et al. 2010).

The operation of flux chambers can bemanual or automatic. These are portable and
have less stringent requirements than the EC technique. However they significantly
alter the microclimate within the chamber volume e.g. the opaque chambers increase
the probability of dark respiration, static chambers hinder the turbulent mixing etc.
Despite the ease of installation of the flux chambers, these methods have small
footprint, are not suitable for long term canopy-scale CO2 flux measurements in tall
forest ecosystems and mostly used for grasslands with small canopy height or leaf,
bole and soil respiration components (Law et al. 1999).

Once NEE is estimated by the above-mentioned methods, it is partitioned into
GPP and TER using respiration (Reichstein 2005), light-use efficiency (Lasslop
et al. 2010), isotopic fractionation (Bowling et al. 2001) or statistical correlation
based methods (Skaggs et al. 2018).

2.2.3 Satellite Measurements

In situ measurements by far provide the most realistic estimates of the carbon cycle
of terrestrial ecosystems. However, these have limited footprints. A dense network of
ground-based towers instrumented with multiple sensors is required to be deployed
for estimating the NPP of any region, as outlined in the previous section. Also the
measurements need to be continued seamlessly at least for several years before a
reasonable estimation can be achieved with the seasonal, intra-seasonal and inter-
annual variabilities (Baldocchi 2001). Establishing such networks are challenging in
remote and inaccessible locations.Moreover the ground-basedmeasurement systems
are marred by severe data loss due to power shortage, adverse weather conditions etc.
Maintaining such systems required long-term dedicated effort, human involvement
and have high establishment and operating costs. The data collection, processing and
interpretation can be tedious for difficult terrains such as mountainous regions, dense
rainforests etc. In view of these NPP can be remotely monitored using satellite and
other remote sensing techniques as described below.
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2.2.3.1 Vegetation Indices

Vegetation indices (VIs) are spectral transformations of the reflectances recorded by
satellite sensors inmultiple bandsof the electromagnetic spectrum(Huete et al. 2002).
These are dimensionless and used for monitoring the vegetation health and photo-
synthetic activities at different spatio-temporal scales. Different VIs are formulated
such as the normalized difference vegetation index (NDVI), leaf area index (LAI),
enhanced vegetation index (EVI), land-surface water index (LSWI), soil-adjusted
vegetation index (SAVI) etc. which are used in combination with the meteorological
measurements as input to the bottom-up models for predicting the NPP (Liu et al.
1997) orGPP (DebBurman et al. 2017). The LAI is defined as the total one-sided leaf
surface area relative to per unit ground area (Watson 1947) which can be estimated
from the ground-based or satellite measurements (Bréda 2003; Deng et al. 2006). It
is closely connected with NDVI which is estimated from the surface reflectances as
defined below,

NDV I = αnir − αvis

αnir + αvis
(2.15)

where, αnir and αvis are the averaged surface reflectances in the visible and near
infrared regions of the electromagnetic radiation spectrum, respectively (Carlson
and Ripley 1997). The EVI is an adaptation of NDVI corrected for the atmospheric
and canopy background noiseswhich ismore sensitive towards dense canopies (Jiang
et al. 2008). On a similar note, the LSWI is a modification of NDVI that takes care
of the effect of vegetation leaf structure, moisture contents in leaf and soil on the
spectral reflectances (Fensholt and Sandholt 2003; Xiao et al. 2004). The SAVI is
a modification of NDVI adjusted for the soil brightness effect as defined by Huete
(1988).

Different adaptations of this methodology exists in literature where the VI had
either been estimated from the satellites such as LANDSAT (Ganguly et al. 2012),
Moderate Resolution Imaging Spectroradiometer (MODIS) (Demarty et al. 2007),
Advanced Very High Resolution Radiometer (AVHRR) (Buermann et al. 2001) etc.
or the ground-based measurements (Deb Burman et al. 2017) and the meteorolog-
ical variables are either taken from the surface measurements (Bao et al. 2016; Deb
Burman et al. 2017), remote sensing observations (Sims et al. 2008), model predic-
tions (Yan et al. 2016) or a suitable assimilation of these (Demarty et al. 2007).
The functioning of bottom-up models is described in Sect. 2.2.4.1 of this chapter.
The development of VIs from reflectances measured by the satellites is challenging
due to multiple constraints, such as atmospheric scattering, vegetation structure, leaf
inclination, albedo etc. (Knyazikhin et al. 1998) and hence remains to be an active
area of research.
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2.2.3.2 Light Use Efficiency Approach

According to Monteith (1972, 1977) the photosynthetic yield of any ecosystem is
directly proportional to the amount of solar radiation absorbed by the canopy in
absence of any water or nutrient stress in soil. The plants absorb solar radiation in
the photosynthetically active radiation (PAR) or visible range of the electromagnetic
spectrum (wavelength varying within 400–700 nm) (Alados et al. 1996). The amount
of PAR absorbed by the plants is known as the absorbed photosynthetically active
radiation (APAR) which is related to PAR as follows,

APAR = f AP AR ∗ PAR (2.16)

where, fAPAR is known as the fraction of photosynthetically active radiation. This
is the basis of light use efficiency (LUE) approach to estimateNPP of any ecosystem
formulated as,

N PP = f AP AR ∗ PAR ∗ ε (2.17)

where, ε is the effective LUE of the ecosystem in the measured environmental
condition that varies widely across the ecosystems depending on their geographical
location, species type, canopy structure, presence of enzymes, evaporative demand,
temperature stress, availabilities of moisture and nutrients etc. It is expressed as a
downscaled fraction of the theoretical maximum LUE, εmax as,

ε = εmax ∗ f (2.18)

where the factor f accounts for the deviation of ε from εmax owing to the non-optimal
environmental conditions (Monteith 1972). Initially εmax was largely thought be
constant at 0.405 gCMJ−1 (Potter et al. 1993), which was later found to vary between
a wider range (Ahl et al. 2004; Yu et al. 2009). Multiple models use this methodology
to predict NPP such as the Carnegie-Ames-Stanford Approach (CASA) (Potter et al.
1993), Vegetation Photosynthesis Model (VPM) (Xiao et al. 2004), Physiological
Principles for Predicting Growth (3-PG) (Coops et al. 2005) etc.

2.2.3.3 Derived Biophysical Products

Using the LUE approach a daily NPP product MOD17 is developed from the
Moderate Resolution Imaging Spectroradiometer (MODIS) observations. It was
shown by several researchers that compared to NPP, GPP has a better correlation
withAPAR (RaymondHunt 1994; Prince andGoward 1995).Hencewhile developing
the MOD17 product, the GPP and respiration components (including growth respi-
ration GR and maintenance respirationMR) are calculated separately and subtracted
to produce NPP (Running et al. 1999). The GPP is calculated daily directly from
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the fAPAR measured by MODIS and PAR from an assimilated data product whereas
the GR and MR are calculated from the carbon allometric equations of plants and
LAI estimates by MODIS namely MOD15 (Myneni et al. 1999). The biome-specific
plant-physiological parameters governing the carbon allometric equations are derived
from a bottom-up model Biome-BGC (Running and Hunt 1993). The functioning
of such models is discussed in 2.2.4.1 of the present chapter. The MOD17 product
is validated across several in situ measurements such as FLUXNET (Running et al.
1999; Zhao et al. 2005; Turner et al. 2006).

2.2.3.4 Solar Induced Fluorescence

The Solar-Induced Fluorescence (SIF) stands for the part of energy released from
the chlorophyll-a (expressed in the unit of W m−2 sr−1 μm−1) after absorbing the
PAR, in the light pathway of photosynthesis, apart from the electron transport and
thermal energy dissipation. It has a typical wavelength range of 650–800 nm, which
is larger than the absorbed radiation. The strongest peak in SIF spectrum occurs
at around740 nm, in the far-red or near-IR regime with the second strongest peak
appearing at around 685 nm, in the red zone (Meroni et al. 2009; Mohammed et al.
2019). This can be attributed to the fact that in optimum condition PSI photosystem
emits preferably in near-IR whereas the PSII photosystem emits in both red and
near-IR (Govindje 1995).

Globally, theSIF is seen to have linear dependencieswithGPP estimates from top-
down and bottom-up approaches (Zhang et al. 2014; Cui et al. 2017). In a simplistic
model (Guanter et al. 2014) the SIF observed from space can be related to GPP in
the following way, similar to the LUE formulation described in (2.17) as,

GPP = SI F(λ) ∗ ε

εF
(2.19)

where, SIF(λ) corresponds to the SIF measurement at wavelength λ (usually taken
as either of 685 or 740 nm) and εF is an efficiency factor for SIF, analogous to ε. In
present times, a plethora of SIF estimates are available from different satellite-based
sensors e.g. ENVironmental SATellite (ENVISAT) (Guanter et al. 2007), Greenhouse
gasesObserving SATellite (GOSAT) (Guanter et al. 2012), Global OzoneMonitoring
Experiment-2 (GOME-2) (Joiner et al. 2013), SCanning Imaging Absorption Spec-
troMeter for Atmospheric CHartographY (SCIAMACHY) (Wolanin et al. 2015),
Orbiting Carbon Observatory-2 (OCO-2) (Sun et al. 2017), TROPOspheric Moni-
toring Instrument (TROPOMI) (Köhler et al. 2018) etc. and have been used exten-
sively in GPP estimation (Wagle et al. 2016; He et al. 2020). Different algorithms
have been designed based the wavelength, atmospheric condition and canopy type.
It is worthwhile to note that in a recent work Patel et al. (2018) found out the expo-
nential relationship between croplandNPP, estimated from ground-based harvesting
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estimates and 740 nm SIF, measured by GOME-2 over the Indo-Gangetic Plain in
India which can be further exploited forNPP estimation and harvest yield prediction.

2.2.3.5 Other Remote Sensing Measures

In conjunction with the ground-based and satellite measurements, aircrafts (Cihlar
et al. 1992; Desjardins et al. 1992; Macpherson et al. 1992; Chou et al. 2002) and
unmanned aerial vehicles (Pirk et al. 2017) have been used for CO2 flux measure-
ments. The instrumentation of such campaigns include vertical concentration profile,
EC (Oechel et al. 1998), VI and SIF (Zarco-Tejada et al. 2013) measurements. The
SIF measurements have also been deployed on the ground (Grossmann et al. 2018).
Theworkingprinciple of thesemeasurements remain the sameas discussed earlier but
additional quality control measures are implemented to account for the complexities
arising in such measurements.

2.2.4 Modelling

The observations provide real time diagnostic information about the NPP. However
for prediction of the ecosystem health and carbon sequestration in response to the
changes in climate and environmental conditions prognostic information is required,
which can be achieved by the models (Prentice et al. 2001; Levy et al. 2004). The
models are a set of mathematical equations, algebraic, differential, integral or a
combination of these to describe the coupled meteorological and ecophysiological
processes. These equations are built upon the theories as well as the phenomenolog-
ical relations derived from the observations (Bonan et al. 2011) and can be solved
analytically or numerically. These models are tested by comparing the predicted
variables against their direct observations for a certain measurement interval. This
process is known as the calibration. Further a calibrated model is run again for a
different time interval and the simulated output is checked against the measurement,
thus validating the model (Enting and Pearman 1986; Friend et al. 2007). In a sense
the models act as a bridge between the observations and predictions. There are two
major modelling approaches as described below.

2.2.4.1 Bottom-Up Approach

As the name suggests, in bottom-up approach the leaf or canopy scale measurements
are upscaled to local, national, regional or global scales using the biogeophysical and
biogeochemical processes. Hence these models are also known as the process-based
models (Ito and Oikawa 2002). The vegetation growth and decay in process-based
models depend on climate forcing and environmental conditions which are improve-
ment over the traditional land-surface models where the vegetation is prescribed
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with no dynamical change (Foley et al. 1996; Clark et al. 2011; Lawrence et al.
2011). Due to this property the process-based models can be used for ecosystem
growth prediction under changed climate such as crop production in a water-stressed
condition (Gervois et al. 2004). Hence the process-based models are known as the
dynamic global vegetation models, abbreviated as DGVM (Sitch et al. 2003; Pren-
tice and Cowling 2013). These models can be simulated at a point or grid scale as
a standalone model or a constituent module of a couple climate, general circulation
or Earth system model (Zeng et al. 2002; Bonan and Levis 2006; Kato et al., 2009).
Either of surface measurements, satellite products, reanalysis datasets or a suitable
combination of these are used as input variables to the process-based models. The
input data can be provided at multi-temporal time scales e.g. half-hourly, hourly,
daily etc. (Williams et al. 1996; Deb Burman et al. 2017).

The process-based models have different components i.e. soil, ecosystem, atmo-
sphere, hydrology etc. linked to each other by different complex feedback mech-
anisms which can be broadly classified into two categories namely, biogeochem-
istry and biogeophysics (El-Masri et al. 2013). Input variables of these models vary
among different formulations.However,most of thesemodels requiremeteorological
parameters such as the shortwave and longwave radiations, air temperature, pressure,
humidity, wind speed, precipitation, ca etc. as input. In addition, VIs such as LAI are
required by several models.

The photosynthesis in the models is parameterized according to the pathways
i.e. C3 (Farquhar et al. 1980; Collatz et al. 1991), C4 (Collatz et al. 1992), CAM
(Cortázar andNobel 1990;Kluge andTing 2012) etc.where the carbon assimilation is
governedby the availability ofPAR (Sellers et al. 1992),RuBisCOactivity (Bernacchi
et al. 2001), phosphophenolpyruvate (PEP)-carboxylase enzyme functionality (Vidal
and Chollet 1997), electron transport capacity, leaf nitrogen content (Kattge et al.
2009) etc. In addition the air temperature, moisture demand and soil moisture also
affect the carbon uptake by stomatal opening and closure resulting from heat and
water stresses. The amount of PAR absorbed by the plants depends on leaf structure,
orientation and area, incident PAR and albedo (Knyazikhin et al. 1998; Dai et al.
2004; Fensholt et al. 2004). The incident PAR can be directly measured or computed
from the incoming solar radiation (Deb Burman et al. 2020a, b) whereas the leaf area
is computed from LAI. As the carbon and water cycles are interlinked with nutrient
cycles e.g. nitrogen, phosphorus etc. such models also need information regarding
soil bulk density, organic matter content, texture and nutrient profiles for spin-up
(Thornton and Rosenbloom 2005; Oleson et al. 2013).

A part of the total photosynthetic carbon uptake or gross primary productivity
(GPP) is lost to the atmosphere by respiration. Different respiration components
include growth and maintenance respirations of leaves, stems and roots (Barman
et al. 2014a, b) which are computed from the direct temperature dependence of
respiration (Ryan 1991) or a temperature dependent activation factor (Arora andBoer
2005). This approach is slightly different from the observational approach where the
autotrophic and heterotrophic respirations are clubbed together as total ecosystem
respiration (TER) and computed from the nighttime temperature dependence of Fc
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by statistical regression (Lloyd and Taylor 1994). Finally the GPP is computed as
the sum of TER and Fc.

Next, the fixed carbon is allocated among different pools i.e. root, leaf, stem,
bole, litter etc. using the experimentally determined parameter values e.g. leaf area
per unit carbon, leaf nitrogen content etc. (Sitch et al. 2003). A schematic of such a
process-based model showing different compartments of carbon allocation and their
interrelation is shown in Fig. 2.2, reprinted with permission from El-Masri et al.
(2013). The plants are not modelled individually in the process-based models, as that
would require much detailed parameterization and more computational resources,
rather the plants are broadly categorized into several plat functional types (PFTs).
Such clubbing of plants is implemented based on their photosynthesis pathway,
geographical and climatological distributions such as tropical broadleaf deciduous,
boreal coniferous evergreen, shrub, tundra, pasture, grassland etc. (Poulter et al.

Fig. 2.2 A schematic diagram of the different carbon pools and processes in a process-based
ecosystem model Integrated Science Assessment Model (ISAM) (reprinted from El-Masri et al.
(2013) with permission)
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2011). It is worthwhile to note here that several ecosystems remain poorly or under-
represented in suchmodels due to the lack of understanding of their ecophysiological
processes owing to a lack of adequate experimental evidences or complexity in
modelling those such as mangrove, rice paddy etc. (Langerwisch et al. 2018; Kumar
and Scheiter 2019). For regional or global scale applications the vegetation map is
prescribed to the bottom-up models as land cover and use map (Ramankutty and
Foley 1999; Klein Goldewijk et al. 2011). The representativeness and accuracy of
these maps remain a crucial control of uncertainty of the NPP estimation by these
models (Arora and Boer 2010).

2.2.4.2 Top-Down Approach

The alternate approach to model the Earth-atmosphere trace gas fluxes is the top-
down approach. As evident in its name, in this method the atmospheric trace gases
concentrations are observed at multiple spatial and temporal scales and the sources
and sinks responsible for these distributions are computed by a backward modelling
approach (Gurney et al. 2004; Rayner et al. 2005). This methodology is also known
as the inverse modelling which is opposite in approach to the bottom-up modelling
where a forward scheme is implemented. The variables (ψ) and observations (χ )
matrices are connected by the following relation,

G · ψ = χ (2.20)

where G is the coefficient matrix. The basic problem in inverse modelling lies in
finding the inverse of G which is mostly calculated by Bayesian inversion (Heimann
and Kaminski 1999). The observed spatio-temporal distribution of trace gases are
apportioned into potential sources and sinks using atmospheric transport models
(Kaminski et al. 1999) which can be solved in Lagrangian (Pisso et al. 2019),
Eularian (Pillai et al. 2012) or hybrid schemes (Siqueira et al. 2000). The terrestrial
sources and sinks of atmospheric CO2 include the natural and agricultural ecosys-
tems which are our elements of interest in the present chapter. A good knowledge
of the biospheric-atmospheric CO2 exchange, its seasonal variation and controlling
parameters is required for the proper evaluation of NEP using inverse methods. The
limited scope of the present chapter will not allow me to go into the mathematical
and technical details of these techniques but the interested readers are suggested to
consult the available vast scientific literature for more insight (Bousquet et al. 1999;
Gurney et al. 2002; Peylin et al. 2013).

This apparently simple problem is not very straightforward in reality as I discuss
next. A plethora of different sets of available data are used in inverse modelling.
These include surface observations (Pickett-Heaps et al. 2011), aircraft measure-
ments (Pisso et al. 2019), ship measurements (Bousquet et al. 1999), satellite prod-
ucts (Houweling et al. 2003, 2015) etc. The measurements of atmospheric traces
gases concentrations and fluxes are not spread uniformly across the globe. While
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some regions are well-mapped with dense observation networks with measurements
carried at high temporal resolution (Bousquet et al. 1999) such as north America,
some regions do not have adequate observation stations or high frequency measure-
ments (Heimann and Kaminski 1999) such as India (Nalini et al. 2019). Aircraft
measurements are costly and still limited in number like the ship observations (Patra
et al. 2011). The satellite observations are often contaminated with scattering at
different levels, boundary-layer dynamics and presence of clouds which are more
prominent over the tropical regions (Rayner et al. 2002; Pandey et al. 2016). Together
these result in the data gaps in χ.

In such cases the inverse problem becomes ill-posed with the number of observa-
tions being less than the number of control variables and an unique solution to the
inverse problem ceases to exist (Heimann and Kaminski 1999). Moreover the errors
in χ result in inaccurate estimation of the inverse ofG. In case of Bayesian inversion
the directly measured surface fluxes (Chevallier et al. 2006) or bottom-up model
outputs (Dargaville et al. 2002; Patra et al. 2011) are provided to constrain the prob-
lems as a priori information of source and sink strengths. Subsequently the source
and sink strength are predicted from the inverse models. These a posteriori estimates
are subsequently compared with the a priori information. To reduce the uncertainty
in this process a cost function is defined between the observed and simulated concen-
trations and a priori and a posteriori flux estimates (Kadygrov et al. 2009) which is
subsequently minimized by several optimization methods used in data assimilation
such as Kalman filter, 4D-var etc. (Liu et al. 2016). Apart from these the errors in
transport model formulation propagate in the source and sink patterns by the inverse
models (Bousquet et al. 1996; Schuh et al. 2019). The success of inverse modelling
of any trace gas requires a proper understanding of the trace gas species chemistry.
It has been mostly successful for long-lived trace gases such as CO2, CH4 etc. which
take part in the long-range transport. Often to reduce the computational cost the
Earth surface is divided into several regions (typically less than 100) and the average
flux for each of these zones are modelled by the inverse models. A schematic of
different regions used in the TRANSCOM inversion is shown in Fig. 2.3 (reprinted
with permission fromHouweling et al. (2015)). However such averaging reduces the
spatial heterogeneity and increases the probability ofmisrepresentation of any region.
For example it has been argued (Valsala et al. 2013) that the terrestrial biospheric
CO2 fluxes in the Carbon Tracker dataset (Peters et al. 2007) is misrepresented over
the Indian subcontinent as no CO2 measurement from this region had been used as
a priori flux in the Carbon Tracker dataset due to which the flux over this region
is highly biased by the emissions from neighbouring regions such as China, Korea,
Kazakhstan, Indonesia etc. which belong to the same averaged spatial domains as
India namely Eurasian Temperate and Asia Tropical.
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Fig. 2.3 A schematic showing the different land (and ocean) zones used in the TRANSCOM
inversion (reprinted with permission from Houweling et al. (2015))

2.3 Discussion and Conclusions

Several studies have reported the different components of carbon cycle includingNPP
at global, regional and ecosystem levels using different techniques discussed above
or a combination of these (Beer et al. 2010; Jung et al. 2011; Barman et al. 2014b;
Tramontana et al. 2016). According to the multi-model study by Cramer et al. (1999)
the global NPP ranges within 44.4–66.3 Gt C y−1. This is shown in Fig. 2.4 which is

Fig. 2.4 A global map of the average annual NPP (gC m−2 y−1) estimated by an ensemble of
models (reprinted with permission from Cramer et al. (1999)).
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reprinted from Cramer et al. (1999) with permission. Based on the MODIS measure-
ments the average global NPP is 56 Gt C y−1(Zhang et al. 2009). According to the
combined bottom-up and top-down CO2 data assimilation approach by Rayner et al.
(2005) the global NPP is approximately 40.5 Gt C y−1. Such studies are important
to know about the sources and sinks of atmospheric CO2 and their annual patterns.
These are required not only to assess their roles in global climate change but also
to predict the effect of future climate change on these ecosystems e.g. increased air
temperature, increased ca etc. However, due to the sparsity of measurements such
estimates have often been riddledwith lots of uncertainties both at global and regional
levels (Graven et al. 2013; Patra et al. 2013; Cervarich et al. 2016). Moreover, still
significant differences exist among observed, bottom-up and top-down modelled
estimates of ecosystem carbon uptake (Bastos et al. 2020). In order to devise the
climate change mitigation strategies the relations among plant carbon uptake and
environmental variables need to be accurately known and represented in the assess-
ment models. The terrestrial carbon cycle components predicted by the different
models taking part in coupled modelintercomparison project (CMIP) (Meehl et al.
2000) differ significantly from each other due to the apparent inconsistency in the
underlying land carbon cycle formulations (Anav et al. 2013; Friedlingstein et al.
2014). Such uncertainties can be reduced by improved parameterizations which can
derived from the long-term measurements in the diverse ecosystem types using an
optimally designed denser network of surface measurements.
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Chapter 3
Assessing Forest Health using
Geographical Information System Based
Analytical Hierarchy Process: Evidences
from Southern West Bengal, India

Shyamal Dutta, Sufia Rehman, Mehebub Sahana, and Haroon Sajjad

Abstract Vegetation plays an important role in sustaining the ecological biota
and maintaining the equilibrium of environment. Thus, assessing vegetation status
includes analyzing ecological dynamism, enough soil nutrients and vegetation health.
Nearly 24% area of the India is under forest providing a range of resources to local
communities. Bankura district has substantial forest cover comprising three divisions
i.e., north Bankura division, south Bankura division and Panchet division. Nearly
1463.56 km2 territorial extent of the district comes under forest jurisdiction consti-
tuting 21.27% of the total geographical area of the district. Per capita availability of
forest in this district is 0.046 hawhich is lower than the other districts of southwestern
districts of West Bengal. Therefore, it is essential to analyze the health of vegeta-
tion in this region. Present study aims to analyze the forest health using different
indices namely Normalized Difference Vegetation Index (NDVI), Enhanced Vegeta-
tion Index (EVI), Greenness Index (GI), Shadow Index (SI), Normalized Difference
Bareness Index (NDBaI), Normalized Difference Built-up Index (NDBI) Perpendic-
ular Vegetation Index (PVI), and Normalized Difference Moisture Index (NDMI)
during 1990 and 2019 using Landsat 5 TM (1990) and Landsat 8 data (2019) under
the model of Analytical Hierarchy Process (AHP). Results revealed that forest health
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was largely affected during the study period due to land transformation and distur-
bances created by anthropogenic activities. Findings of the study based on this 29-
year spatio-temporal vegetation dynamics will ameliorate the local stake holders for
managing and maintaining the health of vegetation in the study area.

Keywords Analytical hierarchy process · Indices · Forest health · Southern West
Bengal

3.1 Introduction

Forest constitutes 31% area of the planet andis considered an essential part of the
environment which helps in sustaining the fragile ecosystems and maintaining the
equilibrium of various ecological functions (FSI 2017). Nearly 13.2 million people
globally rely on forest for their livelihood and another 41million people on its relative
sectors (WWF 2020). Monitoring and assessment of forest health is thus, imperative
to protect and maintain the potentiality of these resources for long-term benefits
(Smith 2002). These resources are sensitive to various climatic and human-induced
stressors which results in continuous deterioration of such resources (Simula 2009;
Jain and Sajjad 2016). Forest health is also affected by anthropogenic activities;
grazing, deforestation, land use transformation and climate change (Solberg et al.
2004). Intergovernmental Panel on Climate Change (IPCC) in its special report on
‘Climate Change and Land’ highlighted that deforestation may result increase in
the concentration of greenhouse gases (GHGs) which may only be reduced through
forest restoration and protection (IPCC 2019). It is also emphasized that impacts
of forest cover change on local environment is more severe and significant than the
global effects. Around 30% area in Madhya Pradesh, Maharashtra and Rajasthan
has been deforested and degraded due to soil erosion, over grazing, cultivation and
deterioration of Wetlands (Business Standard 2019).

Forest health is determined by the various components including plant growth,
organism, climate, insects and human. Forest health is defined by the Society of
American Forests as ‘the perceived condition of a forest derived from concerns about
such factors as its age, structure, composition, function, vigor, presence of unusual
levels of insects or disease, and resilience to disturbance’. Forest health concernswith
the complete elimination of the practices that disrupts its potentiality and functioning
including pests, diseases and lessening the impacts of climate induced disturbances
(forest fires). Forest serves uncountable ecological functions and thus, it is important
to understand the various stressors affecting forest health and their interaction with
forest structure, type and forest history. Effective coping strategies and management
practices can help in lessening the threats and maintaining the forest health (Lausch
et al. 2017). Forest health monitoring been carried out at individual level by private
owners, locals and administrators at various spatial scales. These assessments were
intensive and rely on the suitable indicators. Remote sensing has provided a way in
overcoming these limitations in assessing forest health at different spatio-temporal
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scales (Lausch et al. 2016). In the end of World War-II, forest health was determined
using aerial sketch mapping in USA and Canada. Colour infrared and colour aerial
photographs have also help in various forest assessments. High resolution satellite
imagery such as Lidar and aerial videography are being utilized for forest health
monitoring (Ciesla 2000). In last few decades, increase in the types and numbers of
remote sensing instruments have enhanced the image processing capabilities (Wulder
et al. 2006).

Various scholars have utilized several methods for assessing forest health
(Cammarano et al. 2014; Yengohet al. 2015; Jain et al. 2016; Xue and Su 2017;
Acharya et al. 2018). Malik et al. (2019) utilized analytical hierarchy process on a
set of indices to analyze the vegetation status of Sali River basin in West Bengal.
They emphasized that integration of analytical hierarchy process (AHP) and Landsat
8 data provide better assessment of forest health. Chitalea et al. (2014) analyzed the
forest vulnerability in Uttarakhand as a function of exposure, sensitivity and adap-
tation Ellison (2015). Examined the vulnerability of mangroves to climate change
and sea level rise. Sharma et al. (2015) analyzed the inherent forest vulnerability
using pair wise comparison method of Western Ghats forest in India. Dash et al.
(2017) analyzed the forest health using very high resolution unmanned aerial vehi-
cles imagery. They highlighted that spatial data being consistent is advantageous over
traditional aerial photographs, field surveys and provide more accurate forest health
assessment. Mensah et al. (2019) examined the vegetation dynamics using normal-
ized difference index and supervised classification. Analytical hierarchy process
(AHP) introduced by Saaty (1980a, b) is an effective tool of multi-criteria decision-
making analysis. In recent decades, AHP has been widely used for forest assessment
and land use planning due to effectiveness and handling the critical decision-making
problems (Wolfslehner and Vacik 2008; Jalilova et al. 2012). It is based on the prin-
ciple of decomposition and forming a set of pair wise comparisons. It is an essential
tool for assigning priorities to indicators and the criteria.

Forest covers 24% area of the total geographical area of India. Nearly 100 million
tribal people in rural areas lives in the forest depend directly and indirectly on
forest resources (Biswas 1993; Mongabay 2018). Various policies were formulated
to ensure the rights of the forest communities over the forest goods. Forest Right
Act (FRA 2006) was enacted to assure the rights of forest dependent communities
specially schedule tribes over the forest land. National Forest Policy (1988)was came
into effect to conserve the forest resources for maintaining the stability and sustain-
ability of the environment. The main objectives of these policies were to enhance the
potentiality and sustainability of the forest resources. Bankura district has substantial
forest cover which provides sustenance to a large tribal population. In this backcloth,
this study aims to analyze the forest health between 1990 and 2019. The study has
three main objectives. Firstly, to assess the forest health as well as dynamics over
the period of last 29 years (between 1990 and 2019). Secondly, to identify theme
wise spatio temporal dynamics of vegetation status through positive indices Normal-
ized Difference Vegetation Index (NDVI), Normalized Difference Moisture Index
(NDMI), Enhanced Vegetation Index (EVI), Greenness Index (GI), Shadow Index
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(SI), Perpendicular Vegetation Index (PVI), as well as negative indices like Normal-
ized Difference Bareness Index (NDBaI), Normalized Difference Built up Index
(NDBI). Moisture, vegetation cover, bare areas and soil condition are essential to
analyze the vegetation health thus, the suitable indices were chosen to examine the
vegetation health. Lastly, AHPwas used to provide weightage to the different indices
and to assess forest health in the study area.

3.2 Methods and Database

3.2.1 Study Area

Bankuradistrict (administratively Bardhaman Division of state of west Bengal) is
in the South-western part of the West Bengaland geographically known as “Rarh”
(O’Malley 1908). The study area lies between 22°38′ and 23°38′ North latitudes
and 86°36′and 87°46′ East longitudes (Fig. 3.1). River Damodar serves as a natural
boundary separating Bankura from Paschim and Purba Bardhaman Districts. It is
bounded by Puruliya district in the west, Paschim Medinipur district in the south
and Hugli district in the south-east. People in the district are engaged in agricul-
tural activities. The district is enormously influenced by the climatic conditions
(e.g., temperature, rainfall and humidity), complex topography (Plateau fringe as
well as alluvial plains), geo-hydrology and edhaphic condition. Two major agro-
climatic zones covers whole Bankura district viz., Undulating Red with lateritic
terrain and Vindhyan Alluvial Zone. Undulating Red zone is found in Sonamukhi,
Joypur, Bishnupur, Ranibandh, Gangajalghati, Barjora, Saltora, Hirbandh, Onda,
Simlapal, Mejia, Taldangra, Raipur, Sarenga, Chhatna, Indpur, Khatra, Bankura-I
and Bankura-II blocks.

Vindhyan Alluvial Zone covering the three blocks namely Patrasayer, Indus and
Kotulpur blocks. Groundwater extraction is difficult to rugged topography thus,
rainfed agriculture is being practiced here specially during late monsoon (Das and
Paul 2015). The common species in the study area are Sal (Shorea robusta), Mahua
(Madhuca latifolia), Teak (Techtona grnadis), Asan (Terminalia tomentosa), Kendu
(Diospyros melanoxylon), Kusum (Schleicheratrijuga), Long leave Acacia (Acacia
latifolia), Palash (Butea monosperma) and Arjun (Terminalia arjuna). Among the
Rarh Bengal districts, Bankura district has substantial forest cover comprising three
divisions i.e., north Bankura division, south Bankura division and Panchet division
(Fig. 3.1c). Of the total area of the district (6882 km2), forest occupies nearly 1285.5
km2 comprising open forest (667.98 km2), moderate dense forest (395.27 km2) and
very dense forest (222.33 km2). Nearly 28.59 km2 area is found under scrub land
(FSI 2019). Thus, forest health assessment is imperative to manage and increase the
potentiality of forest in this district.
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Fig. 3.1 Location and the forest divisions of the study area: Bankura District in SouthWestern Part
of West Bengal (a), Geographical Setup of the Study area in Rarh Bengal (b), Forest Divisions of
Bankura District (c)

3.2.2 Database and Methods

In this study Landsat Thematic Mapper image (Path-139, Row-044) of 23rd
December 1990 and Landsat 8 OLI data (Path-139, Row-044) of 5th January 2019
were used to analyze the forest health dynamics. The images were downloaded
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from United States Geological Survey- USGS (https://earthexplorer.usgs.gov/) for
assessing the vegetation status through different indices. The study area is char-
acterized by tropical deciduous forest category mainly dominated by sal (Shorea
robusta). These trees shed their leaves during June–August. Therefore, images
between December and January have been collected for analysis, when vegetation
is fully flourished with broad leaves. Moderate resolution (i.e. 30 m pixel size) land
satellite data Landsat TMaswell as Landsat 8-OLI sensor has been chosen for assess-
ment tools because these become very useful source for working in multi-faceted
academic fields from to geology to regional planning as well as forest-mapping to
identification of global LULC dynamics (Zhou et al. 2014). Vegetation indices like
NDVI, EVI, NDBI, SI and NDMI were apply through Raster Calculator tool for
forest health assessment. The eight indices were prepared from these images and
were categorized into five classes i.e. very high, high, moderate, low and very low
based on quartile classification in Arc GIS 10.5. Saaty’s analytical hierarchy process
(AHP) was used to give the weightage to different indices. The accuracy of the
derived results was checked through field verification following stratified random
sampling. Detailed methodology has been presented in Fig. 3.2.

3.2.3 Normalized Difference Vegetation Index (NDVI)

NDVI is an important index used to measure the various aspects of vegetation at
spatio-temporal scale. It has been considered as an important tool to assess the vege-
tation status spatially (Anderson et al. 1993; Myneni and Williams 1994; Paruelo
et al. 1997; Moleele et al. 2001; Verbesselt et al. 2006; Gu et al. 2007; Avtar et al.
2014). NDVI was initially used by Rouse et al. (1974) calculated through band ratio
among the Red and near-infrared bands. This index is the outcome of some normal
ratio function of absorption by visible Red (R) and reflection of near infrared (NIR)
bands. Theindex values range between −1 and +1 (one) where all negative values
upto zero represents water body, moist surface and values starting from + 1 repre-
sents the completely flourished green space. Therefore, high values of index indicate
more proliferated green vegetation and vice versa. As NDVI is not an elemental
measure of vegetation rather it is used for ordinary spatio temporal change recog-
nition (Malmstrom et al. 1997; Zhou et al. 2001; Geerken and Ilaiwi 2004; Palmer
and Fortescue 2004; Kurtz et al. 2016; Wang et al. 2017), sparse vegetation patches
along with grazing activities (Blanco et al. 2008; Kunwar et al. 2018), canopy cover
identification based on LAI (Turner et al. 1999; Bajwa et al. 2008; González et al.
2008, Gamon et al. 1995; Wellens 1997; Fuller 1998, Kunwar et al. 2018) and base
layer for forest fragmentation analysis (Dutta et al. 2017; Sahana et al. 2015). The
index is calculated as:

Normali zed Di f f erence V egetation Index (NDV I ) = N I R − RED

N I R + RED

https://earthexplorer.usgs.gov/
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Fig. 3.2 Methodological framework

3.2.4 Enhanced Vegetation Index (EVI)

EVI has been considered as modified NDVI with high capability for vegetation
monitoring and enhanced sensitivity to biomass region. It also incorporates some
crucial issues like reduction of the control of atmospheric abnormalities and canopy
as well as leaf area along with plant phenology more judiciously than NDVI (Miura
et al. 2001; Huang et al. 2002, 2013; Matsushita et al. 2007; Lillesand et al. 2007).
Use of Blue band of satellite images (band 1 in case of Landsat TMandBand 2 in case
of Landsat 8) has become the main shortcoming of this index as this band is affected
by noise (Jiang et al. 2008). EVI has been calculated by using Landsat5-TM and
8-OLI Data as follows: Here, band numbers 1, 3, 4 and 2, 4, 5 representing blue, red
andNIR bands alongwith the correction coefficient of atmospheric abnormalities are
C1, C2 and L (i.e., aerosol resistance) has been used respectively (Landscape Tool
Box 2019). Similarly, like NDVI, the positive values from ‘0’ progressing to ‘1’
indicates from water surface, and value 1 represents good quality vegetation in case



78 S. Dutta et al.

of EVI. EVI has proved to be an efficient tool covering multi-dimensional aspects
like measuring evapotranspiration (Nagler et al. 2005, 2007), large area vegetation
change detection, structural change identification of vegetation (Huete et al. 1997,
2002; Gurung et al. 2009) and canopy cover identification (Gao et al. 2000). EVI is
calculated as:

Enhanced V egetation Index (EV I ) =
(

(2.5 ∗ Red − Green)

Red + 6 ∗ Green − 7.5 ∗ T I R + 1)

)

3.2.5 Greenness Index (GI)

GI was firstly used by Kauth and Thomas (1976) through performing an orthogonal
conversionof theLandsatMSSdata to examine the vegetation status.Various scholars
have modified GI index by deriving the coefficients from visible, near infrared and
middle infrared for Landsat TM satellite data (Crist andKauth 1986; Crist et al. 1986;
Jensen and Lulla 1987). Though by applying theoretical formula with minimum
regional adjustment GI can be used in different space identity worldwide using
Landsat MSS orTM. We used this index to comprehend the forest health status
as biomass play an essential role in forest health assessment (Jensen and Lulla 1987;
Mondal et al. 2013;Huete et al. 1985). LikeNDVI andEVI here also higher the values
of GI indicate the presence of more amounts of green biomass with chlorophyll
content and vice versa. Presently GI has been widely used at different scales to
identify gross primary production-GPP (Westergaard-Nielsen et al. 2013) and crop
health (Wiegand et al. 1991; Cohen et al. 2003). GI was calculated as:

Greenness Index (GI ) = (0.2728 ∗ Blue) − (0.2174 ∗ Green)

− (0.5508 ∗ Red) + (0.7221 ∗ N I R)

+ (0.0733 ∗ SW I R1) − (0.1648 ∗ SW I R2)

3.2.6 Perpendicular Vegetation Index (PVI)

Richardson andWiegand (1977), Jackson et al. (1980) and Bannari et al. (1995) used
perpendicular distance fromdemarcation line of soil areal coverage and a sign of plant
growth in which they estimated the perpendicular distance between the vegetation
patch above soil surface using the NIR and red bands. Using linear measurement by
formulating equation of the red and NIR bands was also done by Richardson and
Wiegand (1977); Hueteet al. (1985), Major et al. (1990), Baret and Guyot (1991)
and Cyr (1994). PVI concept was developed on the basic fact of remote sensing



3 Assessing Forest Health using Geographical Information System … 79

i.e., vegetation has addedretort in near-infrared bands and inferiorretort in red band
and their reflectance. This fact is enthusiastically prolonged to adaptable band spaces
whereby the spectral signatures of vegetation resemble a 3D ‘tasseled cap’ shape
determined by a greenness alignment, a soil level surface, and a yellowness alignment
(plant) or a wetness alignment depending on the bands used (Crist and Kauth 1986;
Bannari et al. 1995). High values PVI indicates to the good-quality vegetation while
lower values depict the bare surfaces. PVI was calculated as:

Perpendicular V egetation Index (PV I ) = (sin(a) × N I R)(cos(a) × RED)

3.2.7 Normalized Difference Moisture Index (NDMI)

Moisture content and vegetation structure are closely related to each other. Thus,
assessment of moisture content is essential to examine vegetation health (Vogelmann
and Rock 1988; Sader 1989; Fiorella and Ripple 1995, b). SWIR bands correction
in Landsat images are mostly used in this analysis to enrich the correlation between
Leaf Area Index (LAI) and NDVI (Horler and Ahern 1986; Nemani et al. 1993).
Scholars have also used NDMI to understand the vegetation status (Turner et al.
1999, Hunt and Rock 1989; Hardisky et al. 1983; Wilson and Sader 2002; Goodwin
et al. 2008). NDMI is highly correlated to water content of canopy as well as changes
in plant biomass also closely tracked superiorly than the NDVI and other indices in
vegetation studies. So, to understand themoisture condition of vegetation NDMIwas
used here. It is calculated as:

Normali zed Di f f erence Moisture Index (NDMI ) = N I R − SW I R

N I R + SW I R

3.2.8 Shadow Index (SI)

Pattern of shadow modify spectral responses due to change in crown arrangement
of the forest land depending of the height of any tree or a group of trees. Shadow
index was developed to identify the canopy cover and association of vegetation
to the ground (Liu and Yamazaki 2012). Following the two broad categories for
assessment (i.e., model-based methods and feature-based methods) feature-based
approaches are found more consistent for evaluation as these show the difference
between non-shadowed and shadowed regions. The model-based method is more
complex and time consuming (Polidorio et al. 2003; Liu et al. 2017; Nakajimaet al.
2002; Zhan et al. 2005; Liu et al. 2017). SI has beenwidely used to estimate vegetation
condition (Pal et al. 2018), vegetation gap identification, its situation & classification
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(Ono et al. 2010) and examining forest canopy density (Poggi et al. 2004; Andersen
et al. 2005). SI was calculated using the following equation:

Shadow I ndex (SI ) = [(1 − Red) ∗ (1 − Green) ∗ (1 − Blue)]1/3

3.2.9 Normalized Difference Bareness Index (NDBaI)

NDBaI is used for the identification of urban and open surface. Since bare soil
plays an essential role in sustaining its capacity in any type of ecosystem (Zhao
and Chen 2005; Li and Chen 2014) thus, in this study, our main focus to use this
index was to identify the bare surface (i.e. area devoid of any vegetation cover)
which is negatively correlated to the vegetative cover (Roy et al. 1997; Rikimaru
and Miyatake 1997; Sahana et al. 2015, 2019). NDBaI reflects spectral signature
based on different background properties of soil and its association (Pal et al. 2018).
Indicating degree of bareness higher values of NDBaI shows completely bare surface
and built up inurban areas whereas the areas with vegetation cover came under lower
values. Apart from separating vegetation form its backgrounds, this index also helps
to understand the impact of landform, topography along with anthropogenic impacts
(Zhao and Chen 2005, Chen et al. 2006; Poggi et al. 2004; Andersen et al. 2005).
NDBI was calculated as:

Normali zed Di f f erence Bareness Index (NDBal)

= SW I R − Thermal In f rared

SW I R + Thermal In f rared

3.2.9.1 Normalized Difference Built up Index (NDBI)

Normalized Difference Built-up Index (NDBI) is one of the most common indices
for analyzing the built-up areas (Sahana et al. 2019). The build-up areas and bare soil
reflects more SWIR than NIR and water body doesn’t reflect on Infrared spectrum.
In case of vegetated surface, reflection of NIR is higher than SWIR spectrum. So, we
incorporated NDBI as a negative correlated indicator ofgreen space in the study area.
The values of NDBI lies between −1 and + 1. Negative value of NDBI represents
water bodies whereas higher values represent build-up areas. For vegetation NDBI
reflects lower values. The index is calculated as:

Normali zed Di f f erence Built up Index (NDBI )

= (SW I R − N I R)/(SW I R + N I R)
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3.2.9.2 Multi-criteria Decision Analysis

Analytical hierarchy process (AHP) is an extensively used technique ofmulti-criteria
decision-makinganalysisintroduced by Saaty in 1970s (Saaty 1980a, b; de Jong 1984;
Chakrabortty et al. 2018). This technique is widely used by scholars for assessing
waste management in urban areas (Morrissey and Browne 2004; Contreras et al.
2008), identification of groundwater potential (Dunning et al. 2000; Flug et al.
2000; Joubert et al. 2003; Das et al. 2018), mining & landslide susceptibility anal-
ysis (Pourghasemi et al. 2012), revegetation policy implication in Riparian region
(Qureshi and Harrison 2003) and analyzing the agricultural land suitability (Jamil
et al. 2018;Mandal et al. 2020).AHPaims atmaking comparative judgement, disinte-
gration and assigning priorities to the criteria (Podvezko 2009). In this study, we used
AHP to assign weightage to the indices for assessing forest health in the study area.
Priority matrix was prepared to comparative assessment of the indices and consis-
tency ratio was kept to less than 10 forlogical analysis of the overall work. Assigning
weights of the theme considering its suborders (Rao and Briz-Kishore 1991), the
entire theme based-layers are integrated into single GIS platform to demarcate the
forest health status by applying the following equation:

Vegetation Status (V S) = [(NDV IW ) ∗ (NDV IW I ) + (EV IW )

∗ (EV IW I ) + (GIW ) ∗ (GIW I )

+ (PV IW ) ∗ (PV IW I ) + NDBaIW

∗ (NDBaIW I ) + (NDMIW ) ∗ (NDMIW I )

+(SIW ) ∗ (SIW I ) + (NDBIW ) ∗ (NDBIW I )]

where; VS = vegetation status, NDVI = Normalized Difference Vegetation Index,
EVI = Enhanced Vegetation Index, GI = Greenness Index, PVI = Perpendic-
ular Vegetation Index, NDBaI = Normalized Difference Bareness Index, NDMI =
Normalized Difference Moisture Index, SI = Shadow Index, NDBI = Normalized
difference Built up Index. Subscripts ‘WI’ and ‘W’ indicate the normalized weights
of the individual feature of a theme and normalized weights of a theme, respectively.
Values of VS helped to understand the vegetation status in the study area. VS values
were classified into five categories starting from very low to very high.

3.3 Result and Discussions

3.3.1 Normalized Difference Vegetation Index (NDVI)

In the Study area NDVI values ranged from 0 to 1 for 1990 and 2019 but varied
spatially. Thus, it is classified into five categories based on Quartiles classification
namely very low (0–0.49 in 1990 and 0–0.38 in 2019), low (0.5–0.52 in 1990 and
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0.39–0.42 in 2019),moderate (0.53–0.56 in 1990 and 0.43–0.45 in 2019), high (0.57–
0.63 in 1990 and 0.46–0.49 in 2019) and very high (greater than 0.63 in 1990 and
greater than 0.49 in 2019). Very low zone represents mainly water body as well
as other moist surfaces without any vegetation (mainly in the South-western and
northern Bankura) whereas low NDVI was found in the bare and concrete surfaces.
Grassland and agricultural tracts were found under the moderate category while
fragmented forest patches were identified under high category of NDVI (Fig. 3.3).
High values of NDVI mainly found in the Sal forest of central and southern part of

Fig. 3.3 Normalized Difference Vegetation Index (NDVI) in 1990 (a) and 2019 (b)
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the study area covering the Beliatore, Joypur and Motgodaranges in 1990 (Fig. 3.3).
But after 20 years mainly the NDVI values of Beliatore and Joypur ranges reduces
significantly in 2019. They lost their position from very high in 1990 to high category
in 2019.

3.3.2 Enhanced Vegetation Index (EVI)

Normalized Difference Vegetation Index (NDVI) is chlorophyll sensitive while EVI
is more responsive to canopy structural variations. In the Study area EVI values
ranged from 0 to 1 after normalization for 1990 and 2019 but with varying differences
in spatial coverage in the study area. EVI values for both the years were classified
into five categories based on Quartiles classification. These categories are very low
(0–0.47 in 1990 and 0–0.32 in 2019), low (0.48–0.51 in 1990 and 0.33–0.43 in
2019), moderate (0.52–0.54 in 1990 and 0.44–0.51 in 2019), high (0.55–0.56 in
1990 and 0.52–0.62 in 2019) and very high (greater than 0.56 in 1990 and greater
than 0.62 in 2019). High EVI was found in the Sal forest of central as well as
southern part covering the Beliatore, Joypur andMotgoda ranges in 1990 (Fig. 3.4).
Very low values were found around the water body and other moist surface devoid
of vegetative cover (mainly in the South-western and northern Bankura). It has been
identified that EVI values of Beliatore and Joypur ranges reduced significantly in
2019. The vegetation from high category in 1990 came to moderate category in
2019.

3.3.3 Greenness Index (GI)

GI values for both the years 1990 and 2019 showed significant spatial differences
though the value ranges between0 and1.The lower values represent very lowbiomass
and chlorophyll content while the higher values signify good quality of vegetation
biomass (Fig. 3.5). GI was also classified for 1990 and 2019 into five categories
based on Quartiles classification. These are very low (0–0.37 in 1990 and 0–0.50 in
2019), low (0.38–0.40 in 1990 and 0.51–0.56 in 2019), moderate (0.41–0.43 in 1990
and 0.57–0.62 in 2019), high (0.44–0.48 in 1990 and 0.63–0.71 in 2019) and very
high (greater than 0.48 in 1990 and greater than 0.71 in 2019). High values of GI
were found in central and south-western parts of the study area in 1990 which came
under moderate category in 2019.
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Fig. 3.4 Enhanced Vegetation Index (EVI) in 1990 (a) and 2019 (b)

3.3.4 Perpendicular Vegetation Index (PVI)

PVI values in the study areas how immense changes during 29 years. The values
of PVI were classified for 1990 and 2019 into five categories based on Quartiles
classification. These are very low (0–0.31 in 1990 and 0–0.33 in 2019), low (0.32–
0.35 in 1990 and 0.34–0.36 in 2019), moderate (0.36–0.38 in 1990 and 0.37–0.4 in
2019), high (0.39–0.42 in 1990 and 0.41–0.44 in 2019) and very high (greater than
0.42 in 1990 and greater than 0.44 in 2019). High PVI was found in the forest range
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Fig. 3.5 Greenness Index (GI) in 1990 (a) and 2019 (b)

of Simlapal and Joypur in the southern and south-eastern part of the study area in
both years of 1990 and 2019 (Fig. 3.6). Conversion of high PVI to low to very high
PVI category mostly found in the northern part of the district covering the forest
ranges of Beliatore, Sonamukhi and Gangajalghati.

3.3.5 Shadow Index (SI)

SI was developed to recognize the canopy cover and alliance of vegetation to the
ground. SI values were classified following the Quartiles classification method for
both years. Very low SI was found over the water body of Damodar, river channels,
dams in the south eastern part of the study area and along the sandy riverbed of the
district (Fig. 3.7). Low SI class is mainly associated with the barren land, settled area
to water-logged moist agricultural land. In 1990 high and very high shadow index
was found in Sonamukhi Joypur and Simlapal forest ranges which was found under
moderate category in 1990 and low in 2019.

3.3.6 Normalized Difference Bareness Index (NDBaI)

NDBaI indicates the urban and open surfaces devoid of any vegetative cover. In the
study area, NDBaI value range significantly changed spatially in the year 29 years.
All the values NDBaI were classified on the basis of quartiles classification method
i.e., very low (0–0.51 in 1990 and 0–0.31 in 2019), low (0.52–0.59 in 1990 and 0.32–
0.44 in 2019), moderate (0.6–0.64 in 1990 and 0.45–0.51 in 2019), high (0.65–0.69
in 1990 and 0.52–0.63 in 2019) and very high (greater than 0.69 in 1990 and greater
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Fig. 3.6 Perpendicular Vegetation Index (PVI) in 1990 (a) and 2019 (b)

than 0.63 in 2019). High NDBaI values were found in the central and eastern part of
the study area (mainly associated with shrubs and fallow agricultural land) became
sparse after 29 years (Fig. 3.8). Northern part of the study area and central forested
region was found under low NDBaI zone.
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Fig. 3.7 Shadow Index (SI) in 1990 (a) and 2019 (b)

3.3.7 Normalized Difference Built-Up Index (NDBI)

Normalized difference built up index (NDBI) is a useful tool to identify the urban
impervious land where the positive values represent the built-up areas and negative
values represent vegetation and water body. The index was also divided into five
categories based on Quartiles classification method namely very low (0–0.68 in
1990 and 0–0.4 in 2019, low (0.69–0.77 in 1990 and 0.41–0.44 in 2019), moderate
(0.78–0.81 in 1990 and 0.45–0.48 in 2019), high (0.82–0.84 in 1990 and 0.49–0.54
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Fig. 3.8 Normalized Difference Bareness Index (NDBaI) in 1990 (a) and 2019 (b)

in 2019) and very high (greater than 0.84 in 1990 and greater than 0.54 in 2019). Low
NDBI values are found in the central, south-western and in small of eastern parts of
Bankura district in 1990 which are converted mostly into moderate zone as a result
of agricultural proliferation in 29 years. High NDBI areas significantly increased in
29 years (Fig. 3.9).

3.3.8 Normalized Difference Moisture Index (NDMI)

NDMI provides valuable information about moisture condition, water stress for irri-
gation decisions and used to assess the drought conditions. In the study area, NDMI
mean values significantly decreases over time. After classifying the NDMI following
Quartiles classification we identified five different categories namely very low (0–
0.16 in 1990 and 0–0.47 in 2019, low (0.17–0.19 in 1990 and 0.48–0.53 in 2019),
moderate (0.2–0.24 in 1990 and 0.54–0.56 in 2019), high (0.25–0.33 in 1990 and
0.57–0.6 in 2019) and very high (greater than 0.33 in 1990 and greater than 0.6 in
2019). High NDMI was found in the central and south-western part and in small of
eastern Bankura district in 1990 which later converted mostly into moderate zone
due to increase in agricultural activities in 29 years (Fig. 3.10).
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Fig. 3.9 Normalized Difference Built-up Index (NDBI) in 1990 (a) and 2019 (b)

3.4 Discussion

3.4.1 Vegetation Status Identification Through AHP

Eight indices namely NDVI, EVI, GI, SI, NDBaI, NDBI, PVI and NDMIwere used
to assess the forest health in the Bankura district. After brief literature review, it has
been identified that single index is not enough to analyze the health. To understand
all the aspects of forest, these indices were used in order to better interpret the forest
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Fig. 3.10 Normalized Difference Moisture Index (NDMI) in 1990 (a) and 2019 (b)

health in the study area. NDVI has been identified an important index for analyzing
vegetation spatially thus, high priority was given to NDVI during AHP calculation
followed by EVI. GI was used to analyze the impact of biomass and chlorophyll
content in forest. Through the application of PVI, perpendicular distance from the
bare soil has been extracted. This dimension was included in the analysis as the stud
area is least affected by urbanization except some spot like northern mining areas,
Bankura and Sonamukhi municipalities. Shadow Index (SI) helped in assessing the
agree of bareness while NDBaI and NDBI manifested the degree of built up stress
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Table 3.1 Pair wise comparison matrix

Indices NDVI GI NDBaI NDBI NDMI EVI PVI SI

NDVI 1 1 1 1 1 2 1 7

GI 1 1 1 1 1 1 1 7

NDBaI 1 1 1 3 5 5 4 4

NDBI 1 1 0.33 1 6 5 2 5

NDMI 1 1 0.2 0.17 1 1 1 6

EVI 0.5 1 0.2 0.2 1 1 1 6

PVI 1 1 0.25 0.5 1 1 1 7

SI 0.14 0.14 0.25 0.2 0.17 0.17 0.14 1

Number of comparisons = 28
Consistency Ratio CR = 9.4%
Principal Eigen value = 8.927
Eigenvector solution: 7 iterations, delta = 6.2E−8

on forest cover (inverse way). Lastly, monitoring the vegetation status through close
positive relation with high density forest with moisture content, NDMI was used.

All the factors found significant in the present study identified through Spearman
rho Rank test (99% significant level) for both the year of 1990 and 2019 and showed
highest accuracy of the indices. The indices used in the study were categorized based
on Quartiles classification into five categories namely very high, high, moderate, low
and very low. Weightage to classes were assigned based on positive (NDVI, EVI, SI,
PVI etc.) and negative consideration (NDBI, NDBaI) in relation to vegetation (Table
3.1). NDVI, EVI, GI, SI, PVI, NDMI were provided rank positively with descending
order (very high-5, high-4,moderate-3, low-2 and very low-1) and considered as posi-
tive parameter to assess the forest healthwhereasNDBI andNDBaI has been assigned
weightages inversely (very low-5, low-4, moderate-3, high-2, very high-1). NDBI
andNDBaIwere considered negative associatedwith vegetation (Tables 3.1 and 3.2).
Thereafter, analytical hierarchy process (AHP) was applied for assigning weights to
different indices. Pair-wise comparison matrix was used for normalizing the weights
and for comparing the indices (Saaty 1990). Vegetation health was spatially repre-
sented for the year 1990 & 2019 (Fig. 3.11). The analysis of vegetation health map
revealed that vegetation healthvaries at spatio-temporal scale.

In 1990, area under very low vegetation health was very nominal i.e., 1% to total
district which is reduced to 0.002% after 29 years which indicates full reduction of
this category (Table 3.3). It was found around water body, moist surfaces and built
up areas. Low vegetation status was found along the low-lying agricultural land with
water body covering an area of 41.009 km2 (37.6%) in 1990 and found mainly in the
northern as well as north eastern part of the district along the bank of riverDamodar.
This category also significantly reduced to 24.65% to total district area with a net
loss of 14.108 km2 green cover in 29 years (1990–2019). Moderate vegetation health
was found over agricultural field with some grass-covered area representing an area
of about 41.613 km2 (38.1%) in 1990 (Table 3.3). This category increased up to
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Table 3.2 Normalized rank of the indices

Indices Class Assigned weight Normalized weight

SI Very high 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

GI Very high 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

NDVI Very high 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

NDMI Very High 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

EVI Very high 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

PVI Very high 5 0.33

High 4 0.27

Moderate 3 0.20

Low 2 0.13

Very low 1 0.07

NDBI Very high 1 0.07

High 2 0.13

Moderate 3 0.20

Low 4 0.27

Very low 5 0.33

NDBal Very high 1 0.07

High 2 0.13

(continued)
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Table 3.2 (continued)

Indices Class Assigned weight Normalized weight

Moderate 3 0.20

Low 4 0.27

Very low 5 0.33

Source Based on authors’ calculations

Fig. 3.11 Vegetation health status in 1990 (a) and 2019 (b)
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Table 3.3 Area under different classes

Forest Health Area in 1990 % Area in 2019 %

Hectares sq. km Hectares sq. km

Very low 109.6 1.096 1.0 0.27 0.0027 0.002

Low 4100.9 41.009 37.6 2690.1 26.901 24.657

Moderate 4161.3 41.613 38.1 5692.1 56.921 52.173

High 2538.3 25.383 23.3 2525.9 25.259 23.152

Very high 0.09 0.0009 0.0 1.8 0.018 0.016

10,910.19 109.1019 100.0 10,910.19 109.1019 100.00

52.17% with a net increase of around 11 km2 in green space. Remaining forest
health categories i.e., high and very high, are representing relatively good vegetation
condition with area coverage of 26 km2 (23.5%) in 1990. This category mainly
belonged to fragmented forest patches within protected forest boundary and dense
contiguous forest cover located in the forest ranges of Beliatore, Joypur, Sonamukhi
and Simlapal (Fig. 3.11). Though they are least affected forest categories, but their
peripheral forest cover became vulnerable to loss (1 km2) in 29 years.

Overall, the forest cover of Bankura was about 18.68% and most of the forest
cover is associated with Sal forest reported by Forest Survey Report from FSI
(2019) and District Forest Department of Bankura (2018). Therefore, present study
presented a well forest health assessment in Bankura district. Sub-tropical deciduous
forest (mainly sal) were mainly found concentrate in the district and considered for
forest health assessment here LULC map produced by National Remote Sensing
Centre (NRSC) Bhuvan, India revealed 609.01 km2 area under deciduous forest and
211.48 km2 under plantation covering 12% area of the district in the year 2011–12.
In present study we found more than 23% (1990 and 2019) good quality forest cover
which came under the open forest categories. Forest representing scrubs forest, in
2011–12 (NRSC) is only under 2% to the total area. In our study we found 1% forest
under very low-quality forest in 1990 which is almost abolished in 2019 (Fig. 3.12).
Such type of vegetation health zone is required most attention as the periphery of this
patches converted into fragmented small patches. As the good quality of the forest of
this district is under national average thus, priority should be given to this category
for maintain the forest condition (Laman 2011; Wilkie et al. 2011; Fetriyuna and
Fiantis 2017). Therefore, this area requires immediate actions to be implemented for
improving the forest condition.

3.5 Conclusion and Policy Implication

Present study has analyzed vegetation health inBankura district using suitable indices
between 1990 and 2019. Vegetation health was determined using Landsat TM and
L-8 OLI satellite database using Analytical hierarchy process (AHP) and overlay
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Fig. 3.12 Change in different vegetation vealth categories in 29 years (1990–2019)

analysis in the study area. We examined the vegetation health using eight indices
namely NDVI, NDMI, NDBI, NDBal, SI, GI, EVI and PVI. The reason behind
using such indices is to deeply analyze the vegetation health. These indices were
found effective in examining the vegetation health. All the indices have shown high
degree of positive correlated and statistically significant with each other. Vegetation
health was found deteriorating in the north-western and central parts of the district.
These areas were recorded high to moderate vegetation health during 1990 which
became very low to low in 2019.

With the initiation of Joint Forest management under National Forest Policy
(1988) the forest covers significantly improved which is cleared from forest health
status of 1990. But after the 29 years the scenario significantly altered with high level
of forest transformation to patches into other land use. This drastic change depicted
from the forest health in 2019 in which only protected forest regions in southern and
eastern Bankura were found unaltered. However, these were found patchy and frag-
mented along deciduous forest mainly Sal. Effective policy measures are required
to manage and maintain the potentiality of the forest in the study area. Collabora-
tive forest management practices including stakeholders and forest community are
essential to increase the sustainability of forest. Controlling forest clearance for forest
goods and land conversion will also help in managing the long-term potentiality of
the forest. Findings of the study based on these 29 years spatio-temporal vegetation
dynamics will increase the understanding of the local stake holders for managing
and maintaining the health of vegetation in the study area.
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Chapter 4
Ecological Determinants of Woody Plant
Species Richness in the Indian
Himalayan Forest
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and Ganesan Rengaian

Abstract The ecological importance of woody plant species richness is well known.
The role of abiotic ecological determinants on structuring the vegetation has been
well studied. The present study evaluated the independent and integrated strength of
the abiotic and biotic determinants in explaining species richness of woody plants in
the Indian Himalayan forest. The primary field inventory data was collected using
nested quadrat method (tree species at 10 × 10 m2, shrub species at 5 × 5 m2, and
herb species at 1 × 1 m2 quadrats) for different life forms and for the abundance
estimation within each 1 km transect. Each transect was laid in a 6.3 × 6.3 km2 grid
on the study site. The biotic determinants included diameter at breast height (d.b.h.)
and tree height, whereas the abiotic determinants were temperature, precipitation,
soil moisture, relative humidity and elevation. A total of 302 woody plant species
(233 genera and 53 families) were recorded from the field inventory. The woody
plant species richness was found to range from 1 to 54 per ha at transect level.
Structural Equation Model (SEM) evaluated different combinations of ecological
determinants for woody plant species richness. The abiotic or biotic determinants
were non-significant if considered independently; however, the integration of both
resulted in a significant relation with woody plant species richness. The best combi-
nation of ecological determinants include density d.b.h.≥ 2.5 cm, tree height, relative
humidity, and elevation (R2 = 0.53). Overall, the integration of biotic and abiotic
determinants better explained woody plant species richness in the Indian Himalayan
forest.
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4.1 Introduction

Ecological variability (biodiversity and environmental heterogeneity) is an important
indicator of ecosystem function and ecosystem health (Gaston and Spicer 2013). In
particular, understanding the dynamics of species diversity is an important aspect
of many habitats. As the absolute number of species can change over time, due
to climatic variability, speciation, extinction, or dispersal events and rapid land-use
change, the persistence of predictable patterns tell us that such events and their conse-
quences are somehow geographically constrained (Groom et al. 2006; Latham and
Ricklefs 1993; Mahanand and Behera 2019). Therefore, factors governing species
compositions, structure, and patterns are of primary interest to ecologists.

Woody plant species are usually characterized by trees and shrubs with the diam-
eter at breast height (d.b.h.) of ≥1 cm (Condit 1995), ≥2.5 cm (Gentry 1982) and
≥10 cm (Gentry 1988; Smith et al. 1998). Canopy patches beneath woody plants
and the inter canopy patches experience heterogeneous patterns of energy, water, and
biogeochemistry, and the level of this heterogeneity depends on the architecture of
woody plant canopies (Breshears 2006; Pandey et al. 2018). Thus, the higher richness
of woody plant species in a habitat effectively maintains the microenvironment in
terms of reduced soil erosion and air temperatures, wind speed and radiation (Blondel
et al. 2010; Pickett et al. 2009). Consequently, it enhances the soil moisture content
and relative humidity (Fine 2015). Alternately, increased radiation is often associated
with reducedwater availability, resulting in lowwoody plant species richness (Pausas
and Austin 2001; Vereecken et al. 2015). The relationship of plant species richness
to abiotic determinants often account for >80% of the spatial variation in richness;
however, there is no global consistency due to scale variant characters (Asner et al.
2017; Francis and Currie 2003; Li et al. 2019).

Several complex and interacting abiotic determinants such as topography (Körner
2004), edaphic factors (Hawkins et al. 2003; Russell-Smith 1991), precipitation
(Hawkins et al. 2006), soil moisture (van der Molen et al. 2011), natural distur-
bances (Sinha et al. 2018), and anthropogenic disturbances (Gogoi and Sahoo 2018;
LakshminarasimhanandPaul 2018) havebeen identified as predictors ofwoody-plant
species richness in tropical forests.Moreover, the optimized range of these interacting
abiotic determinants (temperature, radiation, soil moisture) supports higher woody
plant species richness (Blondel et al. 2010; O’Brien 1998). Many of these predictors
of species richness are region-specific due to the unique evolutionary, geographic,
and land-use histories of each region (Pennington et al. 2009; Whittaker et al. 2001).
The Indian Himalayan forest is the part of a global biodiversity hotspot and encom-
passes a large fraction of global climate and plant diversity as well (Bookhagen and
Burbank 2010; Fick and Hijmans 2017). The major forest types observed are trop-
ical moist deciduous forests along the foothills of the Himalaya, while the temperate
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broad-leaved forests are found between 1500 and 3000 m elevation in the eastern
Himalaya. Moreover, the region also harbors broad-leaved hill forests, subtropical
forests, temperate mixed forests and wet/dry evergreen forest (Roy et al. 2015). In a
phytogeographical sense, forests of this region are species rich, and harbor a number
of phylogenetically primitive plant species and hence regarded as a “treasure trove”
of ancient and unique vegetation (Champion and Seth 1968). However, climatic
variability has clearly affected plant speciation, extinction, and dispersal events in
the Himalaya (Manish and Pandit 2019). All these issues need to be addressed in
order to protect and conserve the unique biodiversity of the Indian Himalayan forest
(Banerjee et al. 2019; Basnett et al. 2019; Mehta et al. 2020).

The abiotic determinant, namely temperature was found to be a limiting factor
for the woody plant species richness in the temperate forests (Currie 1991), whereas
studies in tropical regions emphasize the importance of moisture and related factors
(Brown 1990).Moreover, a study in the subtropical region compared different abiotic
determinants and found that relative air humidity and soil moisture significantly
explained the plant species richness (Drissen et al. 2019). A study in east Nepal
confirmed the significance of precipitation and moisture in explaining woody plant
species richness (Bhattarai and Vetaas 2003). Although, species richness and distri-
bution patterns of plants are largely regulated by elevation and other environmental
factors (Saikia et al. 2017), it has been pointed out that many components of climate
and local environment (e.g., temperature, precipitation, seasonality and disturbance
regime) vary along the elevation gradients and ultimately create the variation in
species richness (Lomolino 2001). The declining trend of species richness along
elevation gradient has been recently reported for the IndianHimalayan forests (Bhutia
et al. 2019; Malhi et al. 2010). Studies focused on deforestation and land use effect
along the elevational range of SikkimHimalaya, summarised that the primary forests
at higher elevational range are subject to low deforestation compared to the broadleaf
forest ranging from low to higher elevational range (Kanade and John 2018).

The biotic determinants have been identified or documented based on qualitative
assessment in the IndianHimalayan forest (Chatterjee et al. 2006; Singh andSanjappa
2011; Tambe and Rawat 2010). For Sikkim Himalaya, the different plant structural
components (tree species richness, density d.b.h., basal area and distribution range)
were evaluated along with the elevational range and summarized as highest tree
density and richness at 1000 m elevation of Sikkim (Pandey et al. 2018). Shooner
et al. (2018), report an inverse relationship between elevation and species richness
along an elevation gradient in Arunachal Pradesh. Sharma et al. (2019), in Sikkim
Himalayas, report a hump shaped richness pattern along elevation gradient. Other
explorations utilized the phenological traits of woody species and found significance
for the abiotic determinants (day length and temperature), while the role of elevation
was not significant in Sikkim Himalaya (Basnett et al. 2019; Ranjitkar et al. 2013).
Bhutia et al. (2019) report an inverse ‘J’ shaped species richness emphasizing the
role of abiotic determinants and habitat filtering to explain this pattern.
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The distribution of species is partly determined by ecological gradients of water,
nutrients, heat and radiation, and partly by biotic determinants, stochastic events
or disturbances caused by natural events or forest management (Austin and Smith
1990). Pau et al. (2012), analysed the influence of abiotic and biotic factors in deter-
mining woody plant species richness and productivity, and concluded the direct
effect of precipitation (0.72) and its mediation through plant structure (0.74), in the
dry forests of Hawaii island. However, there are studies that have only evaluated
either abiotic or biotic determinants to understand the woody plant species richness
in Indian Himalayan forest and hardly any work have considered both these factors
together (Dutta and Devi 2013; Gogoi and Sahoo 2018; Sinha et al. 2018). There-
fore, it is essential to consider both abiotic and biotic determinants together to reach
a better understanding of the composition of woody plants in the Indian Himalayan
forest.

This is a maiden attempt to evaluate the independent as well as integrated effect
of ecological determinants (i.e., biotic and abiotic) to explain the richness of woody
plant species in the Indian Himalayan forest. The geography greatly challenges the
relationship between woody plant species richness and abiotic determinants and
yet to be generalized. On the other hand, woody plant structure plays an important
role to modify the microenvironment. The present study aimed to explore (i) the
significanceof a best individual ecological determinant, and (ii) the best combinations
of ecological determinants to explain the woody plant species richness in Indian
Himalayan forest.

4.2 Methods

4.2.1 Study Area

We selected the following states and respective districts in India for this study that
run along the foothills of Himalaya, i.e., Assam (Dhubri, Kokrajhar, Bongaigaon,
Barpeta, Goalpara, Nalbari), Sikkim (East, West, North, South), and West Bengal
(Malda, Uttar Dinajpur, Dakshin Dinajpur, Darjeeling, Jalpaiguri, Coochbehar)
(Fig. 4.1). The spatial extent of the study area ranges between 87.79°–91.74 °E and
24.69°–28.09 °N and encapsulates a geographic area of 44,617.6 km2. The varied
topography and climatic conditions account for highly diverse flora (Champion and
Seth 1968). The vegetation changes from tropical to subtropical upwards through
middle hills with much coniferous and Oak forests of temperate character to the
higher slopes with subalpine scrub and alpine “meadows” generally related to higher
alpine flora of the north temperate zone (Singh and Sanjappa 2011).
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Fig. 4.1 a Map showing the study area along the foothills of Indian Himalaya, b the spatial
distribution of sampled grids and the woody plant species richness ranging from 1 to 54

4.2.2 Biotic Determinants

The primary geo-tagged plants used for this study were collected under the project
‘Bioresources and Sustainable Livelihoods in Northeast India’ funded by the Depart-
ment of Biotechnology, New Delhi, India. The entire study site was divided into 6.3
× 6.3 km2 grid. The field inventory was carried out in the foothills of Himalaya that
holds the diverse floristic composition and forest types. Moreover, the grid sampled
for this study falls within the elevational range of 500–2200 m. The sampling of
flowering plants were performed in each of the 6.3 × 6.3 km2 grid using two belt
transects of 10 m × 500 m. Tree species were enumerated in the entire belt transect
and the shrub and herb layers were enumerated at the beginning and end of the tran-
sects by laying sub plots of 5× 5m2 for shrubs and 1× 1m2 for herbs. Girth at breast
height (GBH) and height of the trees were measured and voucher specimens were
collected for identification purposes. Further geographic coordinates (latitude and
longitude), suite of environmental variables (elevation, temperature, rainfall, mois-
ture, slope, and aspect) and habitat information (canopy cover, canopy height, litter
cover, litter depth, invasive species, soil temperature, moisture, disturbance, human
use, etc.) were also recorded from each transect as part of metadata collection.
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4.2.3 Abiotic Determinants

The available global data on the four essential climatic variables and one topographic
variablewere used as representative of abiotic determinants, i.e., mean annual surface
air temperature (°C), mean annual precipitation (mm), mean annual volumetric soil
moisture (m3/m3), mean annual surface air relative humidity (%), and elevation (m).
Precipitation is the accumulated liquid and frozenwater, including rain and snow, that
falls to the earth’s surface. The determinants do not include fog, dew or the precip-
itation that evaporates in the atmosphere before it lands at the surface of the earth.
Surface air temperature is the temperature of the air at 2 m above the surface of land.
The temperature at 2 m level from the ground is calculated by interpolating between
the lowest model level and the earth’s surface, taking account of the atmospheric
conditions. Volumetric soil moisture is the volume of water in soil layer 1 (0–7 cm,
the surface is at 0 cm). The volumetric soil water is associated with the soil texture (or
classification), soil depth, and the underlying groundwater level. Surface air relative
humidity is the ratio of the partial pressure of water vapour to the equilibrium vapour
pressure of water at the same temperature near the surface. The four essential climatic
variables were downloaded ERA5 climate reanalysis from the Copernicus data portal
(ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5). Thedownloaded climatic
data were themonthlymean of each variable at the spatial resolution of 0.25°× 0.25°
for the year 2019. The elevation data was downloaded from Shuttle Radar Topog-
raphy Mission (SRTM) digital elevation model at a spatial resolution of 90 m. The
abiotic determinants mentioned henceforth include temperature, precipitation, soil
moisture, relative humidity and elevation.

4.2.4 Data Preparation

A total of 27 transects were laid in the study site as one transect per 6.3 × 6.3 km2

grid. For each transect, the g.b.h. was converted to d.b.h. by dividing the g.b.h. value
with pi or 3.14. The woody species counts were made and tabulated for the d.b.h. ≥
2.5 cm and d.b.h. ≥ 10 cm in each transect. Similarly, the tree heights were averaged
for the total woody species in the transects for d.b.h. ≥ 2.5 cm. For this study, three
biotic variables d.b.h. ≥ 2.5 cm, d.b.h. ≥ 10 cm and tree height were selected. Also,
a record was created for the woody plants genera and family. On the other hand, the
downloaded global ERA5 data of the four essential climatic variables were masked
using the shapefile of the study sites in QGIS software. The data were normalized,
averaged and calculated for each essential climatic variable. Zonal statistics analysis
was performed using the essential climatic variables and integrated to each sampled
grid of 6.3 × 6.3 km2 grid.

https://ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
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4.2.5 Statistical Analysis

Spearman rank correlation (Rho) is a non-parametric correlation test that evaluates
the multicollinearity of ecological determinants through the correlation matrix. We
utilised both the ecological determinants (abiotic and biotic) against woody plant
species richness using CRAN package “GGally” in R software. Two ecological
determinants having Rho ≥ 0.7 are considered as co-linear. The subsequent analysis
considered one out of those collinear determinants in the model, to avoid biases and
overestimation. Thereafter, the linear regressionmodel (LM)was performed between
the ecological determinants and woody plant species richness.

The structural equation model (SEM) was used to evaluate the relationship
between ecological determinants and woody plant species richness. SEM is a
complex and robust regression model widely used in ecological analysis (Panda et al.
2017; Rana et al. 2019). The general methodology of SEM involves the specification
of a multivariate dependence model that can be statistically tested against field data.
In essence, the specification of a hypothesized model yields an expected covariance
matrix that can be tested against the actual covariance matrix. Also, SEM allows
the estimation of latent variables using multiple observed indicators and reports the
measurement errors. This multivariate technique not only assists in selecting models
among alternatives but also provides an efficient and simultaneous solution to a series
of overlapping regression relationships (Daou and Shipley 2019).

The analysis was performed in R software using the packages namely “lavaan”,
“haven”, and “semPlot” from CRAN repository.We compared each ecological deter-
minant against woody plant species richness. Thereafter, we tested the combination
of two, three, and four ecological determinants with the woody plant species rich-
ness. We restricted the SEM evaluation with four variables as thereafter the degree
of freedom was found to be zero. The model performance was evaluated using the
beta coefficient, R2 value, root mean square error. Also, the covariance among the
variables were evaluated.

4.3 Results

The primary woody plant data was collected from 27 transects sampled in 27 respec-
tive grids of size 6.3 × 6.3 km2 in the Himalayan forests which are contiguous
in Sikkim, West Bengal and Assam states, India. The Indian Himalayan forest has
high spatial heterogeneity and hence from the foothills to an elevation of 2200 m
harbors varied forest types and transition zones. The forest types encountered during
this study are tropical, subtropical, temperate, along with the elevation ranges in
ascending manner. These could also be classified as deciduous, mixed-deciduous,
warm broadleaf, semi-evergreen and evergreen forest based on the vegetation types.
The transect level woody plant species richness was found to range from 1 to
54/ha among the sampled transects from the study site (Fig. 4.1b). A total of 302
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unique woody plants belonging to 233 genera were identified and recorded from
the 27 sampled transects in the study site. The most abundant family to which the
woody plants belonged are Fagaceae, Theaceae, Dipterocarpaceae, Symplocaceae,
Cupressaceae.

The five most abundant woody plants such as Shorea robusta (561), Termi-
nalia bellirica (167), Tectona grandis (140), Mallotus philippensis (128), Melia
azadirachta (112) were recorded in the sampled transects from Assam. A total of
107 unique woody plants were recorded from the study sites of Assam. Similarly,
the five most abundant woody plants Castanopsis sp. (310), Viburnum erubescens
(231), Symplocos sp. (158), Eurya cavinervis (141), Cryptomeria japonica (116)
were recorded in the sampled transects from Sikkim. A total of 151 unique woody
plants were recorded from the study sites of Sikkim. The five most abundant woody
plants Shorea robusta (99), Machilus edulis (79), Magnolia champaca (77), Aglaia
spectabilis (67), Tectona grandis (41) were recorded in the sampled transects from
West Bengal. A total of 82 unique woody plants were recorded from the study sites
of West Bengal.

Among the abiotic determinants, mean annual temperature ranged from −5.5 to
25.5 °C in the study site for the year 2019 (Fig. 4.2a). The low to medium range of
temperature pattern was observed in Sikkim, whereas higher range of temperature
was recorded for forests in the Assam andWest Bengal states (Fig. 4.2a). The annual
mean precipitation was found to range from 584 to 7650 mm. The range of medium

Fig. 4.2 Representing the abiotic determinants selected for this study, i.e., a temperature (°C),
b precipitation (mm), c soil moisture in m3/m3, d relative humidity (%), and e elevation (m)
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to high precipitation was recorded for forests in Sikkim and Assam states, except the
snow covered area of Sikkim. The low to medium level precipitation was recorded in
the forests of West Bengal state (Fig. 4.2b). The volumetric soil moisture was found
to range from 0.21 to 0.42 m3/m3. The soil in the forests of Sikkim and Assam states
had high soil moisture holding capacity compared to the forests of West Bengal
(Fig. 4.2c). The relative air humidity recorded for the study site was found to be
ranging from 67.62 to 88.64%. Similar to the pattern of soil moisture, the relative
air humidity was higher for Sikkim and Assam, while it was low to medium in the
forests ofWest Bengal state (Fig. 4.2d). The mean elevation of the grids for the study
site was found to be ranging from 0 to 8274 m. The majority of higher elevational
variation was recorded in the Sikkim region, whereas the Assam and West Bengal
regions varied from moderate elevation to plain (Fig. 4.2e).

The Spearman rank correlation test was performed among and within the ecolog-
ical determinants and woody plant richness. The resulting correlation matrix was
found to be ranging from−1 to+ 1 (Fig. 4.3). The woody plant species richness was

Fig. 4.3 The result from Spearman rank correlation performed between and among woody plant
species richness and ecological determinants are represented as a correlation matrix and the
range varies from −1 to +1. (WR—woody plant species richness, DBHONE—density d.b.h. ≥
2.5 cm, DBHTWO—density d.b.h. ≥ 10 cm, HEIGHT—Tree height, MAP—Mean annual precip-
itation, MAT—mean annual temperature, SOIL—soil moisture, HUMIDITY—relative humidity,
ELEVATION—elevation)
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found to be moderately correlated with the two biotic determinants namely density
d.b.h. ≥ 2.5 cm and density d.b.h. ≥ 10 cm (Fig. 4.3). However, the correlation
between woody plant species richness and tree height was observed to be moder-
ately negative. Among the abiotic determinants precipitation, soil moisture, relative
humidity and elevation have resulted in low positive correlation with woody plant
species richness. However, the woody plant species richness was negatively corre-
lated with temperature (Fig. 4.3). The ecological determinants were found to be posi-
tively correlated among each other, except tree height and temperature. Due to high
collinearity (Rho≥ 0. 7) between density d.b.h.≥ 2.5 cm and density d.b.h.≥ 10 cm,
one out of these determinants may be considered for better model representation
(Fig. 4.3).

A comparison was made between LM and SEM to evaluate the relationship
between woody plant species richness and individual ecological determinants. It
was observed that the SEM outputs were statistically significant and the obtained
root mean square error (RMSE) was <0.08 for each tested model using SEM (Table
4.1). Among the biotic determinants, the density d.b.h. ≥ 2.5 cm and density d.b.h.
≥ 10 cm individually resulted in highest significance (R2 = 0.4) and slope (0.6)
with woody plant species richness (Fig. 4.4b, d). However, the tree height showed
the significance of (R2 = 0.15) and negative slope (−0.34) with the woody plant
species richness (Fig. 4.4f). Among the abiotic determinants, temperature resulted
in highest significance (R2 = 0.15) and a negative slope (−0.39) with woody plant
species richness (Fig. 4.4h). However, the remaining abiotic determinants exhibited a
significance of R2 ≤ 0.1 and positive slope ≤0.31 with woody plant species richness
in the Indian Himalayan forest (Table 4.1; Fig. 4.4j–p).

SEM was performed using two ecological determinants (density d.b.h. ≥ 2.5 cm
and tree height) against woody plant species richness exhibited highest significance
of R2 = 0.49 (Table 4.1; Fig. 4.5a). The model-I showed positive slope of 0.59 with
density d.b.h. ≥ 2.5 cm and negative slope of −0.39 with tree height. Also, the
model-J showed significance of R2 = 0.49 considering density d.b.h. ≥ 10 cm and
tree height against woody plant species richness. However, the observed slopes were
0.58 for density d.b.h. ≥ 10 cm and −0.36 for tree height with woody plant species
richness (Table 4.1; Fig. 4.5b). The model-K considered the density d.b.h. ≥ 2.5 cm
and precipitation against woody plant species richness and resulted in a significance
of R2 = 0.37. However, the positive slope of 0.63 was observed by density d.b.h. ≥
2.5 cm and negative slope of −0.04 was observed for precipitation with the woody
plant species richness (Table 4.1; Fig. 4.5c).

In model-O, SEM performed using three ecological determinants (density d.b.h.
≥ 2.5 cm, tree height, and precipitation) exhibited highest significance (R2 = 0.53) in
explaining woody plant species richness (Table 4.1; Fig. 4.6a). Moreover, a positive
slope of 0.72 was observed for density d.b.h. ≥ 2.5 cm, while tree height (−0.44),
and precipitation (−0.25) exhibited negative slope (Fig. 4.6a). Similarly, themodel-P
(density d.b.h. ≥ 2.5 cm, tree height, relative humidity) and model-Q (density d.b.h.
≥ 2.5 cm, tree height, elevation) resulted in significance of R2 = 0.51 and R2 =
0.50, respectively (Table 4.1; Fig. 4.6b, c). The model-T, analysed a combination of
four ecological determinants (density d.b.h. ≥ 2.5 cm, tree height, elevation, relative
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Table 4.1 Representing the significant outputs (root mean square error <0.08) from the structural
equationmodel (SEM),where different combinations of ecological determinantswere tested against
woody plant species richness (WR)

Model Combinations of ecological determinants R2

WR versus one ecological determinant

A WR ~ density d.b.h. ≥ 2.5 cm 0.4

B WR ~ density d.b.h. ≥ 10 cm 0.4

C WR ~ tree height 0.15

D WR ~ temperature 0.15

E WR ~ precipitation 0.10

F WR ~ soil moisture 0.10

G WR ~ relative humidity 0.10

H WR ~ elevation 0.02

WR versus two ecological determinants

I WR ~ density d.b.h. ≥ 2.5 cm + tree height 0.49

J WR ~ density d.b.h. ≥ 10 cm + tree height 0.49

K WR ~ density d.b.h. ≥ 10 cm + precipitation 0.37

L WR ~ density d.b.h. ≥ 2.5 cm + density d.b.h.
≥ 10 cm

0.36

M WR ~ tree height + temperature 0.34

WR versus three ecological determinants

N WR ~ density d.b.h. ≥ 2.5 cm + tree height +
precipitation

0.53

O WR ~ density d.b.h. ≥ 2.5 cm + tree height +
relative humidity

0.51

P WR ~ density d.b.h. ≥ 2.5 cm + tree height +
elevation

0.50

Q WR ~ density d.b.h. ≥ 2.5 cm + tree height +
soil moisture

0.50

R WR ~ density d.b.h. ≥ 2.5 cm + tree height +
temperature

0.50

S WR ~ density d.b.h. ≥ 2.5 cm + density d.b.h.
≥ 10 cm + tree height

0.49

WR versus four ecological determinants

T WR ~ density d.b.h. ≥ 2.5 cm + tree height +
relative humidity + elevation

0.56

U WR ~ density d.b.h. ≥ 2.5 cm + tree height +
relative humidity + temperature

0.55

V WR ~ density d.b.h. ≥ 2.5 cm + tree height +
precipitation + Elevation

0.54

(continued)
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Table 4.1 (continued)

Model Combinations of ecological determinants R2

W WR ~ density d.b.h. ≥ 2.5 cm + tree height +
precipitation + temperature

0.54

X WR ~ density d.b.h. ≥ 2.5 cm + tree height +
precipitation + relative humidity

0.53

Y WR ~ density d.b.h. ≥ 2.5 cm + tree height +
precipitation + soil moisture

0.53

humidity) using SEM can be considered as the best model (R2 = 0.55) to explain
woody plant species richness of the Indian Himalayan forest (Table 4.1; Fig. 4.7a).
The positive slope was observed for density d.b.h. ≥ 2.5 cm (0.67) and elevation
(0.36), whereas negative slope was observed for tree height (−0.30) and relative
humidity (−0.45; Fig. 4.7a). The model-U resulted in the significance of R2 = 0.54
in explaining woody plant species richness of the Indian Himalayan forest (Table
4.1; Fig. 4.7b).

4.4 Discussion

The ecological determinants tested individually against woody plant species rich-
ness observed that biotic determinants (R2 ≤ 0.4) are more significant than abiotic
determinants in explaining the patterns (R2 ≤ 0.15; Fig. 4.4). Among all the abiotic
determinants, temperature significantly explained the woody plant species richness;
that corroborates with the study performed byBasnett et al. (2019) to evaluate pheno-
logical traits of woody plant species. Moreover, they defined no significant role of
elevation. Similarly, our study also observed a poor fit (R2 ≤ 0.1) between woody
plant species richness and elevation (Fig. 4.4n). In contrast, Pandey et al. (2018) found
the highest woody plant species richness at an elevation of 1000 m and summarized
elevation as a significant abiotic determinant. Probably, scale dependent characteris-
tics of ecological determinant must be considered to compare the observation made
for woody plant species richness (Asner et al. 2017; Li et al. 2019). Moreover, our
field inventory made up to the mean elevation of 2200 m out of 8274 m. Therefore,
considering the woody species occurrence from the whole elevation range can better
explain the variation along elevation. The remaining abiotic determinants such as
precipitation, relative humidity and soil moisture tested individually against woody
plant species richness exhibited a poor fit (R2 ≤ 0.1) with a positive slope.

The best combination of two ecological determinants were density d.b.h.≥ 2.5 cm
and tree height, although these two are biotic determinants. This summarised that the
significance of two biotic determinants is higher than any other combinations (Table
4.1). On the other hand, the combinations of three ecological determinants such as
density d.b.h.≥ 2.5 cm, tree height and precipitation is observed to be the best model
compared to other combinations. It can be summarised that the combined effect of
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both biotic and abiotic determinants is a good explanation. However, the combination
of four ecological determinants d.b.h. ≥ 2.5 cm, tree height, relative humidity and
elevation emerged as the best combination to explain woody plant species richness
in the Indian Himalayan forest. These observations can be validated with inferences
made by Austin and Smith (1990) and Pau et al. (2012) that distribution of woody
plant species richness can be determined partly by abiotic and partly by biotic deter-
minants. Also, the similar observationsweremade by Saikia et al. (2017) that the high
species richness can be explained by elevation and other ecological determinants and
not by any sole factor. The study summarised that the combination of three ecological
determinants can be the second best approach to understand the woody plant species
richness. However, the best combination includes four ecological determinants (both
biotic and abiotic) to explain woody plant species richness for the study site in the
Indian Himalaya forest. Overall, the study infers that both biotic and abiotic deter-
minants combined together better explain the woody plant species richness of Indian
Himalayan forest, than individual abiotic and biotic determinants independently.

4.5 Conclusions

The main objective of the study was to evaluate the ecological determinants (abiotic,
biotic) for woody plant species richness in the Indian Himalayan forest. Using SEM,
the tested ecological determinants showed that, integration of biotic and abiotic
determinants could outperform in explaining woody plant species richness. Prob-
ably, more field inventories for biotic determinants and higher resolution of abiotic
determinants could enhance their significance to explain the woody plant species
richness. However, field inventory in Indian Himalayan forest is subjected to various
challenges (economic, time, labour), whereas high resolution abiotic determinants
are not accessible publicly. The present study utilized the best available resources
and summarizes the suitable combinations of ecological determinants, i.e., d.b.h.
≥ 2.5 cm, tree height, relative humidity, elevation for understanding woody plant
species richness of the Indian Himalayan forest. Also, it emphasizes the strength of
both biotic and abiotic determinants together, which can be considered to carry out
similar studies in future.
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Chapter 5
Multivariate Analysis of Soil-Vegetation
Interaction and Species Diversity
in a Natural Environment of Rhus
coriaria L. (Case Study: Bideskan
Habitat, Southern Khorasan, Iran)

Sh. Ghollasimod, H. Memarian, and J. Shamshiri

Abstract To manage rangeland ecosystems, the first step is to determine effec-
tive factors on species distribution and diversity. The prediction models of species
distribution determine the most effective factors for any plant species and examine
behavior of the species interacted with environmental variables and also accompa-
nying species. In this work, to study ecological characteristics and to determine the
most important environmental factors affecting the Sumac (Rhus coriariaL.) species,
its range was mapped using a randomly-systematic approach to take 30 plots of 10
m2. The soil samples were taken from a depth of 0 to 30 cm. The evenness and
richness indices were computed based on species frequency in each plot and each
community, i.e. witness and Rhus coriaria L. The independent samples t-test, Prin-
cipal Component Analysis (PCA) and Canonical Correspondence Analysis (CCA)
were employed for comparing natural Sumac habitat with control area (without the
presence of Rhus coriaria L.). According to the Shannon-Weiner diversity index,
Sumac habitat was more diverse and based on the evenness index of 0.717, it showed
more uniform distribution compared to control area. The student’s t-test of indepen-
dent samples in two areas demonstrated a significant higher amount (between 30
and 140%) of electrical conductivity, saturated electrical conductivity, potassium,
organic matter in Sumac habitat, as compared with control area. Finally, the relation-
ship analysis between soil factors and vegetation using the multivariate techniques of
PCA and CCA showed that the soil characteristics, saturation moisture percentage,
electrical conductivity, nitrogen, organic matter, lime, potassium, silt and acidity had
the most impact on separation of two regions and distribution of Sumac species.
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A Annual
C Carbon
Ca Calcium
CA Correspondence Analysis
CaCo3 Calcium carbonate
CCA Canonical Correspondence Analysis
CEC Cation exchange capacity
Cl Chlorine
ECe Saturated electrical conductivity
F Forbs
G Grass
Ge Geophyte
He Hemichryptophyte
K Potassium
m Meter
meq lit−1 Milliequivalent per liter
Mg Magnesium
mm Millimeter
N Nitrogen
Na Sodium
OM Organic matter
P Perennial
PC1 First principal component
PC2 Second principal component
PCA Principal Component Analysis
pH Acidity
Ph Phanerophytes
RDA Redundancy analysis
Sh Shrub
SP Saturation Moisture Percentage
T Therophyte
TNV Lime
χ2 Chi-squared

5.1 Introduction

The rangeland ecosystems in arid and semi-arid regions are strongly influenced by
their constituent factors due to special governing physical and environmental condi-
tions. Therefore, recognizing the relationships between these factors has a signif-
icant function in rangeland management and planning (Jongman et al. 1995). The
natural ecosystems of Iran are one of the most important origins of speciation in
the world and protecting their diversity is of great importance (Jowkar et al. 2016).
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The presence of species and distribution of plant communities in rangeland ecosys-
tems are not accidental; however, climatic, soil, topography, and ecological factors
play an important role in their development. Physical and chemical properties of soil
in relation to vegetation cover cause a wide geographic distribution of plant species
(Ghollasimod et al. 2017; Enright et al. 2005). Investigating the relationship between
plant communities and environmental factors has a particular complexity. Thismeans
that, firstly, driving forces under study have great variety, second, there are complex
actions between environmental and vegetative variables, and thirdly, obtained corre-
lations are often associated with uncertainty (Jongman et al. 1995). Nowadays, what
adds to increasing importance of biodiversity is its role in maintaining the sustain-
ability of the ecosystems. In other words, the presence of more species in a region
will grant a more complex structure to natural communities, and as a result, these
ecosystems will be more adaptive and responsive to the changes and consequently
more sustainable, as well (Jenkins and Parker 1998). Burley (2002) stated that the
best way to save biodiversity and understand its values is to evaluate and monitor it
in different ecosystems. Plant communities are inherently dynamic, and changes in
environmental factors such as climate, topography, and soil will change this dynamic
behavior (Dirnböck et al. 2002). A simultaneous study of vegetative and environ-
mental factors can lead to more favorable results. Evidences suggest that, on a large
scale, such as continent and major environmental regions, the impact of climate is
stronger (Jarema et al. 2009); however, in small and local scale, soil factors have a
stronger effect than other environmental driving forces (Cui et al. 2009).Goodall et al.
(2009) showed that soil characteristics are the major factors in distribution of plant
communities, especially in arid regions. Blesky and Canham (1994) declared that
characteristics and nutrient reserves of the soil depend closely on plant types. Jin-Tun
(2002) explored that distribution of vegetation is mainly a function of climate and
soil. Rezaei Pourbaghdar et al. (2014) indicated that among physical and chemical
characteristics of the soil, soil texture, lime (CaCo3), electrical conductivity (EC),
organic matter (OM), calcium (Ca), magnesium (Mg), chlorine (Cl) and sodium (Na)
had the greatest effect in separation of plant communities and distribution of Rheum
ribes and Dorema ammoniacum species. The relationship between vegetation cover
and chemical properties of soil can be discussed from two perspectives. The first
viewpoint is that distribution of vegetation in a region is a response to soil chemical
properties. In the second viewpoint, soil chemical properties are a consequence of the
vegetation cover that has been established on it (Li et al. 2012). Farrukh et al. (1994)
using the statistical multivariate analysis categorized and analyzed three vegetative
communities of Swabi area in Pakistan and determined the factors, soil pH, phos-
phorus (P) and calcium carbonate (CaCo3) as the most important factors controlling
plant distribution in the region. El-Ghani and Amer (2003) established a significant
relationship between some soil characteristics, i.e. lime, saturation moisture content,
pH and OM with plant distribution in some species of Poaceae, Chenopodiaceae,
Fabaceae and Asteraceae. He et al. (2007) also showed the significant impact of silt,
clay and OM on distribution of plant species. Yibing et al. (2004) examined the rela-
tionship between vegetation distribution and soil factors in China deserts using the
Canonical Correspondence Analysis (CCA). The results showed that soil moisture,
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OM, salinity and pH had different impacts on the presence of plant species of shrubs
and short grasses. Tonggui et al. (2011) considered the role of soil pH as a very
important factor in distribution and spread of plants in the coastal zone of China.
The relationship between plant species diversity and environmental variables in arid
and semi-arid rangelands of the Forg District of South Khorasan Province, Iran was
also investigated (Ghollasimod et al. 2017). In this study, the ordination techniques
of CCA and Principal Component Analysis (PCA) were employed to determine the
effective factors on variations of species diversity. The results indicated that pH, EC,
Ca, Na, OM, lime and sand had the most effect, while the topographic factors (slope,
altitude and direction) had the least effect on species diversity in the studied area.
Considering the performed review, it can be generally concluded that soil factors
have a direct and significant effect on vegetation heterogeneity and resilience of
plant communities.

Sumac species in Bideskan habitat is considered as one of the most important
rangeland by-products that in addition to regional economic prosperity, it provides
sustainable employment for villagers and it is considered as an important species for
soil conservation. Therefore, by studying environmental conditions and the needs of
the Sumac species, it would be possible to judge about its geographic distribution,
density and activity in different environments (van der Maarel and Franklin 2012).
There are some limited literature and research works on the Sumac interaction with
soil characteristics in Iran. For instance, Rezaeipor et al. (2014) demonstrated a
significant difference between OM and potassium content (K) (in the depth of 0–
10 cm) within the Sumac habitat and outside. They concluded that Sumac species
is established on the soils with a high amount of N, OM, K and Ca. Roosta (2015)
also introduced K, OM, and N as the most important factors in establishment of the
Sumac shrubs.

Thus, according to the above mentioned review, this research is mainly aimed
at investigating the relationships between Sumac species with some of the most
important physical and chemical properties of soil in the Bideskan habitat of Ferdows
district, Iran. The most important soil properties affecting on distribution of plant
species in habitat and species diversity in the region are investigated, as well. This
information can be finally used and the results are generalized to similar areas to
propose reasonable solutions for rehabilitation and distribution development of the
Sumac species.

5.2 Materials and Methods

5.2.1 Study Area

The Bideskan habitat with an area of 3685 ha is considered as one of the sub basins
of the Lut Desert great basin in Iran. This area is located 24 km from Ferdows city
at the longitude of 58° 25′E–58° 29′E and the latitude of 34° 3′N–34° 6′N (Fig. 5.1).
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Fig. 5.1 Geographic location of study area

The lowest altitude of the area is 2030 m and the highest is 2734 m above sea level,
with the average slope of 18%. Based on a 30-years record of weather parameters,
and according to the Emberger Climatogram (Yaghmaei et al. 2009), the climate
of the region is dry and cold (mountainous type) with an average annual rainfall
of 276 mm. The average annual temperature of the region is 12.3 °C and frosting
period is 3.5 months, mostly in December, January and February. According to the
observations, the soil of the region is sandy loam with relatively good permeability.
The soil depth varies from low to moderate in different slopes of the study area. The
geological units of this area belong to the Mesozoic period. The clastic rocks in the
study area with a high slope mostly belong to the Jurassic era, that mainly consist of
sandstone, quartz sandstone, shale and thin interlayer lime.

5.2.2 Sumac Species

Rhus coriaria L. (Sumac) (Fig. 5.2) is a shrub from Anacardiaceae, which involves
more than 700 species in 82 genera that are mainly distributed in tropical regions
(Mozaffarian 2010). Rhus genus includes over 250 species, distributed in Africa,
Asia, Central America, Europe, Madagascar, North America and the Pacific islands.
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Fig. 5.2 Rhus coriaria L.

In recent years, Sumac has been studied mostly in terms of drug aspect, i.e. anti-
oxidant, anti-diabetes, and especially anti-microbial effects. The reproduction in this
species ismostlyAsexual, using underbrush, seed, scion, stemand rhizomes. The best
way of reproduction for Rhus coriaria L. is through underbrush (Emad 2001). Due
to various issues such as rangeland destruction, cutting and inappropriate harvesting
of the plant, Sumac cultivation in most parts of Iran is limited to some remote spots
with steep slopes. The average slope of themain habitats of this plant is 30–60%. The
plant is established in different slope directions, however it has more distribution and
development in northern slopes (Emad 2001). The altitude range for this species in
Iran is mostly between 1000 and 1700m and reaches by 2300m above sea level in the
heights of Shiraz region and up to 2700 m in Khorasan area (Mozaffarian 2010). Due
to the nativity of Sumac species in mountainous regions, its limited requirement for
water and nutrients and its presence in the soils withmoderate and evenweak nutrient
elements, development of this plant is recommended as an appropriate species for
greenery and soil conservation targets (Emad 2001). The lime and marl structures,
mainly gravelly and low depth soils with debris deposits, rocky outcrops, as well as
clay sandy or loamy clay sandy soils with alkaline pH, are main characteristics of
the Sumac habitats in Iran. Sumac does not grow well in shadow; it is also resistant
to strong winds, pests and diseases. If it is dried out by dehydration, a little moisture
brings the underbrush (Emad 2001).

5.2.3 Research Methodology

Prior to visit the study area, the basic information, i.e. geology, geomorphology,
topography, slope, aspect, and land use maps were extracted and information on
habitat climate were obtained through the detailed studies on rangeland and water-
shedmanagement performed by theDepartment ofNatural Resources andWatershed
Management of Iran. Then, duringMay 2016, through field visit, vegetation informa-
tion and environmental factors were monitored and sampled. The area was divided
into two parts, including natural Sumac beds and control area, however with the same
geological formation. In each section, 15 plots (total of 30 plots and soil samples)
were taken by a randomly-systematic approach. To provide floristic list, the land
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Fig. 5.3 The rootage
development of the Rhus
coriaria L. in direction of the
slope gradient

survey method, as one of the methods in regional taxonomic studies, was employed
(Schulz et al. 2009). A size of 10 × 10 m for the sampled plots was considered
according to the type of plants and their distribution in the area (Schulz et al. 2009).
Within each plot, the information related to the plants, including number and type
was recorded. During sampling, it was determined that rootage direction of the Rhus
coriaria L. follows a longitudinal growth in the soil along direction of the gradient
(Fig. 5.3), as a result, soil samples were taken from a depth of 0–30 cm. Figure 5.4a
shows natural habitat of the Sumac and Fig. 5.4b depicts control area.

In the next step, taken soil samples were dried and passed through a 2 mm sieve in
order to be prepared for soil tests. Subsequently, the parameters, soil texture, satura-
tion moisture content, pH, EC, OM, lime, Na, K, Ca, Mg, cation exchange capacity
(CEC), and total nitrogen (N) were determined in laboratory. Soil texture was deter-
mined through the Bouyoucos hydrometer method (Gee et al. 1986) and satura-
tion moisture content was estimated by providing saturated clay via the weighting
approach. After providing saturated extract, soil acidity was determined by pHmeter
and in order to evaluate soil salinity, electrical conductivity was measured by EC
meter. The OM, lime (TNV) and CEC were measured byWalkley and Black (1934),
Calcimeter (Hawkins and Kunze 1965) and centrifuge (Bache 1976) approaches,
respectively. The Na and K cations were determined by flame photometer (Gee et al.
1986); Ca and Mg were determined via the Complexometry approach (Gee et al.
1986) and the Kjeldahl (1883) method was employed to measure N.



5 Multivariate Analysis of Soil-Vegetation Interaction … 133

To determine diversity and species richness, the number of species was counted
in each plot within two habitats of the Sumac and control area. The Shannon-Weiner
Species Diversity Index (1), Simpson (2) and Fisher Alpha (3) (Schulz et al. 2009;
Seaby and Henderson 2006) were calculated based on the frequency of plant species
using the EstimateS win 9.1 (Colwell 2013), according to the following formulas:

H = −
S∑

i=1

Pi Ln(Pi ) (5.1)

1 − D = 1 −
s∑

i−1

(Pi )
2 (5.2)

S =∝ log

(
1 + N

∝
)

(5.3)

E = H′/ ln(S) (5.4)

Fig. 5.4 a Natural Sumac (Rhus coriaria L.) habitat; b control area
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In above equations,H is Shannon-Weiner species diversity, 1-D is Simpson species
diversity, S is number of species, N is total number of individuals, or frequency of
species, Pi is the ratio of the number of ith species to total number of individuals,
α is Fisher’s alpha diversity index, E is evenness (Pielou 1975), and H′ is the actual
degree of evenness (Shannon-Weiner index).

The independent t-test was used in the Statistical Package for Social Sciences
(SPSS) software (Green and Salkind 2010) to compare the measured variables in
two areas of Sumac habitat and control. To determine the relationship between envi-
ronmental factors and distribution of Sumac and other plant species, the data ordi-
nation techniques, i.e. PCA and CCA were utilized within the PC ORD software
environment (McCune and Mefford 2016).

5.2.4 Principal Component Analysis (PCA)

The PCA inmathematical definition is an orthogonal linear transformation that trans-
fers data to a new coordinate system, so that the largest data variance is located on the
first coordinate axis, the second largest variance on the second coordinate axis, aswell
as for the rest. The PCA can be used to reduce the dimension of data by preserving
the components of data set that have the greatest impact on variance (Jolliffe 1986).
In fact, the number of N plots with M species or environmental factors is converted
to N plots with a smaller number of species or environmental factors. For the XT data
matrix with an experimental mean of zero, in which each row is a set of observations,
and each column contains the data for a variable, the PCA is defined by Eq. 5.4, as
follows:

Y T = XTW = V
∑

WT (5)

where, V
∑

WT T is decomposition of the individual values of the matrix XT.
The Broken Stickmodel is an anticipated technique for approximating the number

of statistically significant principal components. The desired scheme is to model N
variances by taking a stick of unit length and breaking it into N sections by randomly
(and simultaneously) choosing break points from a uniform distribution (Jackson
1993).

5.2.5 Canonical Correspondence Analysis (CCA)

The CCA is the canonical usage of correspondence analysis (CA) (Ter Braak 1986).
This method is appropriate for response variables, presenting unimodal distributions
and preserves χ2 (chi-squared) distances between objects. It is calculated from a
matrix ofχ2 distances that passes on a type of redundancy analysis (RDA). It employs
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object marginal sums (row totals) as a weighting factor. The outcome of weighted
RDA is the response variables that are maximally related to linear combinations of
the descriptive factors, which are ordinated in the Euclidean space. These are then
canonical variables. The correlation of the descriptive factors to the final ordination
defines their significance (McGarigal et al. 2000).

5.3 Results and Discussion

5.3.1 Vegetation Community

The information of the samples taken via the plots in control area and Sumac habitat
indicated that the study region has been occupied by 24 species belonging to 14 fami-
lies. The largest family is Asteraceae with 8 species, then Apiaceae, Geraniaceae,
Poaceae, each with 2 species are the most important families. The families Anacor-
diaceae, Caryophyllaceae, Chenopodiaceae, Fabaceae, Iridaceae, Lamiaceae, Lili-
aceae, Polygonaceae, Ranunculaceae, and Schlerophulriaceae, each with one species
were observed in the study region. Among them, 11 families and 17 species were
found in control area, 9 families and 15 species were explored in Sumac habitat. The
Hemichryptophytes were the most important life form with 14 species (54.16%).
Then, the Therophytes with seven species (33.33%), Geophytes with two species
(8.33%) and Phanerophytes with one species (4.16%) were recognized as the most
frequent life form in the study area. The floristic list of the study region is also repre-
sented in Table 5.1 and the values of species diversity indices in both natural Sumac
habitat and control area are presented in Table 5.2.

In the study area, the Asteraceae species are more frequent than other families.
This could be due to a better compatibility of this family with climatic conditions, the
evolution and the youngness of theAsteraceae species that gives thema high potential
of distribution. However, this degree of incidence indicates a high quantity of vege-
tation degradation and pressure on the ecosystem, as well. Ghollasimod et al. (2017)
argued that an increase in the frequency of Asteraceae species could be resulted from
the increase of degradation in the study area due to overgrazing, inappropriate protec-
tion and pressure on the ecosystem. Excessive pasture grazing causes the removal of
palatable species, belonged to the plant families such as Poaceae and Fabaceae. As a
result, invasive species with a high regeneration rate, especially from the Astraceae
family, are replaced by palatable species in such pastures. Davis (1965) attributed
the high incidence of the Asteraceae species to a wide range of tolerance of these
species against unfavorable ecological conditions. The overexploitation of shrubs,
the excessive grazing of livestock and soil compaction, the loss of rangelands’ natural
regeneration, recent droughts, and the presence of plant pests (in particular Zeuzera
pyrina) can be considered as the important causes for degrading sequence of the
study region. Hemicryptophytes involve the most life form of the region; according
toArchibold (2012), high frequency of theHemicryptophytes represents tough living
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Table 5.1 Floristic list of the Bideskan habitat

Family Species Bio
brigade

Life
form

Plant
form

Usage

Aasterceae Onopordon T P F Forage

Anacordiaceae Rhus coriaria L. Ph P Sh Medicinal-Protector

Apiaceae Eryngium
billardieri

He A Sh Protector

Apiaceae Ferulago He P Sh Medicinal-Protector

Asteraceae Achillea
pachycephala

T P F Medicinal-Protector

Asteraceae Artemisia acherui He P Sh Medicinal-Protector

Asteraceae Gundelia
tournefortii

He P F Forage-Protector

Asteraceae Polycaria He A F Medicinal-Protector

Asteraceae Scariola orientalis He P F Forage

Asteraceae Tragopogon
graminifolius

T P Sh Medicinal-Protector

Asteraceae Amberboa T T F Protector-Forage

Caryophyllaceae Acanthophyllum
crasinodum

He P Sh Protector

Fabaceae Astragalus
heratensis

He P Sh Protector

Geraniaceae Bibersteinia
multifidia

T P F Medicinal-Protector

Geraniaceae Geranium T A F Forage

Iridaceae Iris songarica G P F Medicinal-Protector

Lamiaceae Hymenocrater
calycinus

He P Sh Medicinal-Protector

Liliaceae Tulipa montana Ge P F Forage

Poaceae Bromus tectorum He A G Forage

Poaceae Stipa barbata He P F Protector

Polygonaceae Rheum ribes T P F Medicinal-Protector

Ranunculaceae Ranunculus T A F Forage

Rosaceae Sanguisorba
minor

He P F Forage

Schlerophulriaceae Schlerohachis He P Sh Medicinal-Protector

T therophyte; He hemichryptophyte; Ge geophyte; Ph phanerophytes; P perennial; A annual; F
forbs; Sh shrub; G grass
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Table 5.2 The values of diversity, evenness and richness indices in the studied regions

Region Evenness Fisher’s Alpha Simpson Shannon-Weiner Species richness

Control area 0.591 3.08 0.137 1.667 17

Rhus coriaria L. 0.717 3.06 0.323 1.942 15

conditions in the region. The presence of 58.33% of plant species of the region in
the form of Hemicryptophyte can be attributed to dry/cold climate and mountainous
topographic conditions. This finding could be also confirmed through a research
work by Hassani et al. (2014). Furthermore, a 33% frequency of plant species in
the vegetative form of Therophyte is due to short growing season in the Bideskan
habitat. However, low rainfall, recent droughts, unfavorable conditions of enclosure,
overgrazing and, consequently the degradation caused by the impact of the pressures
from these forces, are among the reasons that affect the abundance of annual plants.
Drought mitigation mechanisms of Therophytes enable them to reduce their activ-
ities in drought or to complete their life cycle in appropriate humidity conditions
(Hassani et al. 2014).

Several indices of species diversity are used in the large amount of literature on
biological diversity and ecological monitoring. Understanding the changes in rich-
ness of plant species is valuable in the study of global climate change. A commonly
used richness indicator is the Shannon-Weiner Index. The values of this index usually
alter from 1.5 to 3.5, but in exceptional cases it may even exceed 4.5. The Shannon’s
index evokes a diversity or variety in a society, and the more varied combination is
in the society, the more variety is achieved (Tolera et al. 2008). According to the
Shannon-Weiner index, the Sumac habitat with the index of 1.942 is more diverse
than control area (with an index of 1.667) (Table 5.2). The higher the evenness index,
the distribution of species within the plot or a range is more uniform; therefore, the
Sumac habitat with the uniformity equal to 0.717 has more uniform distribution,
compared to control area (Table 5.2). According to the Shannon-Weiner and Simpson
diversity indices, the Sumac habitat is more diverse, although its number of species
(15 species) is less than the number of species in control area (17 species). It has long
been known that the richness of vascular plant species stems from many different
factors, such as topography, soil, and climate, temperature and other climatic vari-
ables, in which soil parameters seem to be the most important factor for species
richness (Zhao et al. 2005).

5.3.2 Student’s t-test of Independent Samples

The Student’s t-test of independent samples was utilized to compare soil character-
istics between control area and the habitat of Rhus coriaria L. Results showed that
there are significant differences in pH, EC, saturated electrical conductivity (ECe),
carbon (C), OM, lime (TNV), K and silt between two regions at the confidence level
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of 95% (Table 5.3). The variables K, EC, OM and TNV in the Sumac habitat showed
a significant increase of 37%, 44%, 80% and 140%, respectively compared to control
area. These results are consistent with the findings of Roosta (2015), as well. She

Table 5.3 The comparison of soil characteristics between control region and Sumac habitat using
t-test

Variable Region Mean t stat

Saturation moisture percentage (SP%) Control 25.75 0.142 ns

Rhus coriaria L. 25.06 0.142 ns

pH Control 8.04 0.005*

Rhus coriaria L. 8.14 0.005*

EC (mmhos cm−1) Control 220.7 0.002*

Rhus coriaria L. 318.2 0.004*

ECe Control 879 0.008*

Rhus coriaria L. 1119 0.009*

Potassium (K) (meq lit−1) Control 0.87 0.011*

Rhus coriaria L. 1.19 0.011*

Sodium (Na) (meq lit−1) Control 2.72 0.901 ns

Rhus coriaria L. 2.69 0.901 ns

Calcium (Ca) (meq lit−1) Control 8.25 0.999 ns

Rhus coriaria L. 8.25 0.999 ns

Magnesium (Mg) (meq lit−1) Control 3.7 0.337 ns

Rhus coriaria L. 4.96 0.338 ns

Sand (%) Control 62 0.188 ns

Rhus coriaria L. 58.55 0.188 ns

Clay (%) Control 3.7 0.824 ns

Rhus coriaria L. 3.6 0.824 ns

Silt (%) Control 23.71 0.043*

Rhus coriaria L. 27.97 0.043*

Carbon (C) (%) Control 0.21 0.002*

Rhus coriaria L. 0.37 0.002*

CEC (meq/100gr) Control 9.41 0.461 ns

Rhus coriaria L. 9.97 0.463 ns

Lime percentage (TNV) Control 4.7 0.002*

Rhus coriaria L. 11.3 0.002*

N (%) Control 0.53 0.208 ns

Rhus coriaria L. 0.54 0.208 ns

Organic matter (OM) (%) Control 0.36 0.002*

Rhus coriaria L. 0.65 0.002*

n.s. not significant at the level of 5%; * significant at the level of 5%



5 Multivariate Analysis of Soil-Vegetation Interaction … 139

studied theRhus coriariaL. in the Kakhk district of Gonabad, Iran and explained that
the falling of shoot organs on soil surface could be amain reason for the increase of K
and OM under the stratum of Sumac plant. Rezaeipor et al. (2014) in a research work
on a Sumac habitat in the west of Iran also stated that N, OM, K, Ca and clay content
are important elements affecting the distribution of Rhus coriaria L. They declared
that increase in the content of litters causes an increase of soil porosity, the decrease
of bulk density and thus soil gets better permeability conditions. Results confirm the
significant role of Rhus coriaria L. in soil conservation planning. Therefore, it is
necessary to encourage local farmers to preserve this species.

5.3.3 Principal Component Analysis (PCA)

The PCA was applied on 16 soil physical and chemical factors, listed in Table 5.5.
According to Table 5.4, the Eigenvalues of the first, second and third components
were 4.340, 3.173 and 2.344 respectively, which correspondingly justified 32.131,
24.830 and 19.651%, and totally 76% of the changes in variance. The Broken Stick
statistics of the first, second, and third components were smaller than the Eigenvalues
of the first, second, and third components; however the Broken Stick figure of the
fourth component was higher than its Eigenvalue. As a result, only the first, second
and third components had a significant share in the changes of variance (Table 5.4).

According to Table 5.5, the first component had the highest correlation with
Ec, ECe, K, silt, Ca, TNV and OM factors. The second component showed the
highest correlation with SP, ECe, Na, sand, clay and CEC (Fig. 5.5), while the third
component had the highest correlation with SP, K, Mg, silt, Ca and N factors (Table
5.5). The positive and negative sign of the Eigenvectors indicate the positive and
negative correlation of the variable with extracted component.

Figure 5.5 depicts a two dimensional (2D) diagram of the first (PC1) and second
(PC2) components in PCA. The variables and sampling units, according to the char-
acteristics have a specific position in this diagram. The sampling units close to each
axis are influenced by that axis. Closer units are more similar in terms of species
composition. According to the Eigenvalues, from left to right, the numerical values
of the EC, ECe, K, silt, Ca, TNV and OM increase, while from the bottom of the
second axis upwards, the variables ECe, Na and sand decrease, and SP, clay and CEC
increase. The control area can be seen in the soils with high OM, Ca, silt, clay and

Table 5.4 The Eigenvalues and the percentage of variance, justified by each component

Component # Eigenvalue Variance (%) Cumulative variance (%) Broken-Stick Eigenvalue

1 4.341 32.131 32.131 3.381

2 3.173 24.830 56.961 2.381

3 2.344 19.651 76.612 1.881

4 1.264 4.150 80.762 1.547
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Table 5.5 The Eigenvector and correlation coefficient of soil variables with each component

Variable Eigenvector in each principal component Pearson correlation with each principal
component

1 2 3 1 2 3

SP 0.2096 0.3579 −0.3696 0.437 0.638 −0.566

pH 0.1967 −0.1853 −0.1127 0.410 −0.330 −0.173

EC 0.4140 −0.0558 −0.2543 0.863 −0.099 −0.389

ECe 0.3598 −0.2699 −0.1148 0.750 −0.481 −0.176

K 0.2842 −0.2122 −0.2862 0.592 −0.378 −0.438

Na 0.1314 −0.2574 0.0070 0.274 −0.459 0.011

Ca 0.0750 0.0912 0.1714 0.156 0.162 0.262

Mg 0.0089 −0.0289 −0.2908 0.019 −0.051 −0.445

Sand −0.2088 −0.4233 −0.1368 −0.435 −0.754 −0.210

Clay −0.0311 0.4507 −0.2067 −0.065 0.803 −0.316

Silt 0.2785 0.1512 0.3323 0.58 0.269 0.509

Ca 0.3331 0.0369 0.3494 0.694 0.066 0.535

CEC 0.2050 0.4207 −0.0142 0.427 0.749 −0.022

TNV 0.3291 −0.0766 −0.2545 0.686 −0.136 −0.390

N −0.1343 0.2255 −0.3037 −0.280 0.402 −0.465

OM 0.3337 0.0288 0.2546 0.695 0.051 0.543

Fig. 5.5 The 2D diagram of the first and second components in PCA
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low EC, Mg, N, considering its position in the second and third quarters (in PC1-
PC2 diagram) (Fig. 5.6). However, Sumac habitat is distributed in the soils with high
OM, Ca, silt, K, EC, ECe and TNV, considering its position in the third and fourth
quarters (Fig. 5.7). Therefore, it can be relatively discovered that Sumac habitat is
more associated with the variables of EC and TNV on the coarser soils.

Fig. 5.6 The layout of control area on the 2D diagram of principal components

Fig. 5.7 The layout of Sumac habitat (Rhus coriariaL.) on the 2D diagram of principal components
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According to PCA results, the most important soil factors affecting distinction
and distribution of plant species communities in the Bideskan habitat were EC, ECe,
OM, Ca, TNV, K and silt content. Many scholars have studied the diversity of plant
species in relation with physicochemical properties of soil. Some of these properties
include soil structure, water holding capacity, soil fertility and biological activity
(Krzic et al. 2003; Härdtle et al. 2003; Akbarlou and Nodehi 2016). In the study
region, OM can be considered as an effective factor in distribution of plant species.
The biochemical role ofOM in the soil is providing a suitable platform for the activity
of micro-organisms. It increases nutrients and organic compounds in the soil, which
in turn they increase the capacity of absorption and maintenance of nutrients in the
soil profile (Biswas and Mukherjee 2001) and consequently affect the separation
of ecological species groups (Mirzaei and Karami 2015). Roosta (2015) reported
an increase in the elements such as K and OM under the stratum of Rhus coriaria
L. in the Kalat habitat of Gonabad, Iran as compared to control region. The OM
is increased as a positive factor in fertilization that improves soil structure due to
vegetation regeneration. It could be one of the reasons for decreasing the alteration
range of sodium salts. Following the increase in OM, fertile soil elements such as N
and K increase, as well. The silt content also has a significant effect on distribution
of species, considering its Eigenvector (0.278). In silty soils, infiltration is carried
out moderately and its nutritional elements are sufficiently abundant. Another factor
that plays a significant role in separation of plant communities in the region is the
K element. This element is often found in the structure of minerals, which after
oxidation, it is liberated as potassium ions and enters the soil solution. The amount
of K consumption in plants is higher than other elements, except nitrogen. The main
reason is the role of K element in photosynthesis regulation, carbohydrate transfer
and protein production (Havlin et al. 2005). In addition, the K element facilitates
transfer of water and nutrients in the soil profile. The K element also increases root
length and, as a result, increases the plant’s resistance to drought (Saxena 1985). The
EC is one of the important indicators of soil in the region that controls the osmotic
pressure and resistance of the plants against higher degree of ion concentration in the
soil. Soil salinity in this region is themost important factor affecting the establishment
of plant communities.

5.3.4 Canonical Correspondence Analysis (CCA)

The CCA method was used to determine the most effective soil characteristics on
the distribution of each plant species. Results showed that the first component had
the highest correlation with pH, EC, ECe, K, Mg and TNV, while the second axis
showed the highest correlation with pH, K, Ca and CEC (Table 5.6).

Figure 5.8 shows that the plant species of Bibersteinia multifidia, Acantho-
phyllum crasinodum, Onopordon sp., Rheum ribes, Scariola orientalis, Polycaria,
and Hymenocrater calycinus are oriented in the first quarter which involves the soils
with low EC, ECe, Mg, TNV and pH. This indicates a reverse relationship with those
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Table 5.6 The correlation coefficient of soil variables with the main components of CCA

Variable Axis#

1 2 3

SP −0.375 −0.098 −0.028

pH −0.483 −0.436 0.289

EC −0.685 −0.013 −0.086

ECe −0.563 0.022 0.033

K −0.621 0.378 0.118

Na −0.058 0.009 0.109

Ca 0.303 0.148 0.579

Mg −0.658 0.039 −0.126

Sand 0.023 0.082 0.417

Clay 0.219 −0.105 −0.148

Silt −0.194 −0.021 −0.402

Ca −0.349 −0.027 0.186

CEC −0.038 −0.239 −0.538

TNV −0.709 −0.104 −0.025

N 0.170 0.055 0.095

OM −0.351 −0.025 0.173

factors. In the second quarter of ordination chart, the plant species Achillea pachy-
sephala, Iris songarica, Rhus coriaria and Ferulago sp. are located. This demon-
strates a direct relationship with EC, ECe, pH, TNV, K andOM (Fig. 5.9). In the third
quarter of ordination chart, the speciesSanguisorbaminor, Iris songarica andBromus
tectorum are located which have an indirect relationship with the K and a direct
relationship with the TNV and pH variables (Fig. 5.10). The plant species Ranun-
culus sp., Achillea pachysephala, Artemisia aucheri, Eryngium billardieri, Gera-
nium sp., Tragopogon graminifolius, Gundelia tournefortii, Amberboa sp., Astra-
galus heratensis, Stipa barbata, Tulipa montana and Schleohachis sp. locate in the
fourth quarter of ordination chart, which establish indirect relationships with EC,
ECe, TNV, K and OM and a direct relationship with Ca (Fig. 5.11).

With regard to the ordination results, it is evident that the vegetation alterations
in the region are highly correlated with the soil EC. Therefore, this factor has a large
contribution to vegetation changes. Some researchers, such as Carnevale and Torres
(1990); Rogel et al. (2001) and El-Ghani and Amer (2003) also showed that soil
salinity is one of the most important factors in the establishment of vegetation in arid
regions. Salinity and, in general, the concentration of soil salts in the rooting zone,
in addition to reducing the plant’s available water, can interfere with the balance
between ions (Bohra and Doerffling 1993).

In the study area, potassium was one of the factors influencing the distribution of
species, especially Rhus coriaria L. Rezaeipor et al. (2014) and Enright et al. (2005)
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Fig. 5.8 The distribution of plant species on the first quarter of CCA principal components

also suggested that increasing K content in plants plays a very important role in the
structure ofmacromolecules and soil colloids, as well as evapotranspiration of plants,
thus playing a major role in the distribution of vegetation in arid areas. Furthermore,
Mishra et al. (2003) observed a significant difference between the amount of K under
the crown of the plant and outside it. The higher content of the K under the plant’s
crown was contributed to releasing K from the K minerals or releasing it from litter
decomposition.

The amount of TNV is one of the other factors that affect the distribution of
vegetation in the studied area. The TNV has low solubility in water and, if it comes
in a solution, produces a strong alkaline that limits the growth of plants which need
acidic pH. Therefore, lime, except for the plants that grow in calcareous soils, is a
growth inhibitor and reduces the ability to use micronutrients such as Zinc and Mg.
Some researchers such as Rezaeipor et al. (2014) concluded that TNVwas one of the
important factors for separating plant communities. The results of a research work by
Jafari et al. (2002) showed that among studied topographic and soil factors, pebbles,
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Fig. 5.9 The distribution of plant species on the second quarter of CCA principal components
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Fig. 5.10 The distribution of plant species on the third quarter of CCA principal components

soil texture, TNV and EC had the greatest impact on the variety of plant species in
the region, so that with the reduction of pebbles, soil texture heaviness, increased
EC and lime, species diversity in the habitats of Artemisia sieberi, Stipa barbata,
and Pteropyrum olivieri gradually changes. Besides, with increasing restrictions,
species diversity decrease. In addition, the greater the amount of restrictions, besides
reducing diversity, increases the homogeneity. In other words, due to the difficulty of
environmental conditions only limited plant species can be established in the area.

Medinski et al. (2010) investigated the relationship between species richness and
soil characteristics such as permeability, salinity, clay, silt and pH in southwest Africa
and Namibia for five plant species. Results showed that all soil characteristics had
a significant impact on species diversity. Furthermore, the results of Yibing et al.
(2004) study using PCA in China showed that physical and chemical properties of
soil such as OM, SP, EC and pH affect on the homogeneity of habitat and control
the pattern of distribution of plant communities in these areas. These findings can be
supported by Mirzaei and Karami (2015), as well.

The use of statistical methods could validate the hypothesis of this study regarding
the impact of soil factors on presence and establishment of the Sumac (Rhus coriaria
L.) and showed that the factorsEC,TNV,K, pHandOMare themost important factors
in the establishment of Rhus coriaria species in the study area. The knowledge about
the soil necessities of each plant species has an effective role in proposing the species
compatible with soil conditions in other similar regions. Therefore, the results of this
research can be beneficial for vegetation reclamation and managing rangelands in
the Bideskan Sumac habitat and other similar areas.
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Fig. 5.11 The distribution of plant species on the fourth quarter of CCA principal components

5.4 Conclusion and Recommendation

Awareness of the relationship between soil characteristics and distribution of plant
species is vital for the sustainable use of rangelands. Therefore, this study was aimed
to determine the effect of soil characteristics in the distribution of vegetation cover,
especially Rhus coriaria L. in the Bideskan habitat. The sampling results indicated
that the most important vegetative form of the region is Hemicryptophytes, belonged
to the Asteraceae family, which make up 58.35% of the species population of the
area, followed by Throphytes with 33% of frequency in the area. The student’s t-test
of independent samples on soil data showed that the soil properties, EC, ECe, Ca,
OM, TNV, pH, K and silt content had significant differences in two regions, i.e.
Sumac habitat and control area. Moreover, four factors of EC, K, OM and TNV in
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the Sumac habitat showed a significant increase compared to the control area. In
this study, the most important factors affecting the distribution of species, identified
based on the PCA test results were EC, ECe, OM, Ca, TNV, K and silt content. Based
on the CCA analysis, EC, ECe, pH, TNV, K and OMwere determined to be effective
on the distribution of Sumac plant species.

According to the results of this research, it can be stated that it is possible to
establishSumac (Rhus coriariaL.) as a species compatiblewith arid areas (calcareous
soils with higher EC) in the plans to control erosion and sedimentation and improve
revival of green spaces in mountainous regions of arid and semi arid areas, especially
in Khorasan province and others areas with similar ecological conditions.

Khorasan’s large territory in Iran with a variety of climates and soils provides
habitats for many vascular plant species. As elsewhere, this diversity is threatened by
land use, but increasingly also by climate change. Environmental factors effectively
play a significant role in determining the habitats of plants (Escudero et al. 2000;
Ghollasimod et al. 2017). Furthermore, species diversity is one of the most important
indicators for rangelands evaluation and determining the status of ecosystem (Ghol-
lasimod et al. 2017). In arid regions such as South Khorasan, water availability is the
primary limitation to plant productivity and an important factor in plant distribution
and diversity in many terrestrial biomes. It is also an ecosystem driver that will be
strongly affected in many areas of the world by climate change (Heisler-White et al.
2008). In the future climate change, shifting of habitat and replacement of native
species by aggressive and more resilient species are highly predicted. The results of
climate change modeling of South Khorasan and Ferdows study area by HADCM3
and ECHO-G general circulation models also show an increase of 3–4 °C in mean
temperature by 2050 (Abbasi et al. 2010; Esmaeilnejad and Khashei Siuki 2018).
Hazard classification for trend of climate change at the Ferdows station demonstrates
a very severe hazard class, as well (Masoudi et al. 2018). Therefore we recommend
researchers to investigate bio-diversity of the study area in relation to future climate
change to provide a wider visibility and applicability of this work in future works.
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Chapter 6
Comparative Assessment of Forest
Deterioration through Remotely Sensed
Indices—A Case Study in Korba District
(Chhattisgarh, India)

Soumen Bramha, Gouri Sankar Bhunia, Sant Ram Kamlesh,
and Pravat Kumar Shit

Abstract In various studies, such asmeteorology, agriculture and ecology, quantita-
tive estimation of biophysical variables is very important, and thus information about
the spatial and temporal distribution of these variables are highly useful. Remote
sensing is meanwhile regarded as an important source of knowledge in broad areas
for the estimation of fractional vegetation coverage. In the remote sensing, estimation
of vegetation characteristics using spectral indices have become very common today,
but soil and rocks reflections are also much more than the reflection in these areas of
sparse vegetation,whichmakes it difficult to distinguish plant signals. In this analysis,
a variety of spectral indices have been considered to estimate biophysical vegetation
parameters to boost vegetation signal in remotely-sensed data and provide an esti-
mated measurement of living green vegetation using Landsat4,5 Thematic Mapper
(TM) and Landsat8 Operational Land Imager (OLI) sensor data. To identify the best
vegetation index for sparsely vegetated semi-arid and arid region of Chhattisgarh
state using four vegetation indexes; NormalizedDifference vegetation index (NDVI),
transformed normalized difference vegetation index (TNDVI), soil-adjusted vegeta-
tion index (SAVI), modified soil-adjusted vegetation index (MSAVI). The TNDVI
indices showed the best fractional vegetation cover to estimate the highest precision.
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6.1 Introduction

The second largest source of anthropogenic emissions of greenhouse gasses after
fossil fuel combustion is forestation and forest deterioration (IPCC 2007). As a
result, deforestation and forest degradation have become an important issue regarding
climate change mitigation, highlighted in the 2007 based on the Fourth Assess-
ment Report of the Intergovernmental Panel on Climate Change (IPCC). Global
programs such as the REDD+ United Nations Framework Convention on Climate
Change aim at mitigating climate change by plummeting reductions and degradation
in forest cover of tropical forests (Margono et al. 2012). The international forestry
community, including the United Nations Forum on Forest (UNFF) has highlighted
forest depletion and the Convention on Biological Diversity (CBD) goal in 2010
(Simula 2009). Indeed, it is more difficult to quantify forest degradation compared
with deforestation, as deforestation represents a disturbance to stand-replacement,
while forest degradation is no improvement in the use of land, and the result still
represents forest land by definition (FAO 2007). The use of logging roads, logging
courtyards or forest canopy’s is evidence of degradation practices, such as the selec-
tive logging. The advent of modern remote-sensing methods for collecting informa-
tion on earth’s surface characteristics using photographic cameras and multi-spectra
scanners on air and satellite platforms and interactive man-machines, have led to
an exciting new era in which the resources investigation methods are revolution-
ized. They have the capacity to provide broad synoptic coverage of near-real-time
data as well as temporary verification, with tremendous potentiality. The currently
established remote sensing methods available for forest-relevant surveillance can
be grouped into four categories: (1) identification of direct deterioration indicators
(canopy coverage percentage) on a single date or on a composite picture (Souza et al.
2003); (2) mapping and assuming such buffering degradation indicators (Potapov
et al. 2008) and (3) direct calculation of the forest parameters (system and biomass
volumes), now usually performed in radar or LiDAR systems in rainforests (Jubanski
et al. 2013). (4) Direct evaluation of forest parameters (SYS).

According to the FAO Global Forest Resource Assessment (FAO 2006) ‘forest’
is a land spanning more than 0.5 hectare with trees taller than 5 m and a canopy
cover of more than 10%, or trees able to reach these thresholds in situ. The trees will
have at least 5 m in situ height and a canopy cover of 10%. Land deforestation and
degradation contributing more than 17th percent of global carbon dioxide emissions
and anthropogenic greenhouse emissions (IPCC 2007). India has 21% of its forest-
covered geographic area, hosting almost 88 million indigenous and tribal citizens in
173,000 villages (INCCA 2010). Forest service is projected to be worth 7% of the
domestic GDP, which accounts for 57% of rural incomes in India, for fresh water,
soil nutrients and non-wood forests. Nonetheless, any change in forest structure and
function would have major implications for susceptible societies that are already
dependent on forests. Moreover, predicted impacts on India suggest that forests die
back, and loss of biodiversity is likely to change in 40–70% of the forested nets in
various states under a changing climate (Ravindranath et al. 2006).
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Clear identification of forest loss processes applies to shifts in areas and focuses
on damage to forest canopies (Herold et al. 2011). Land canopy cover, above-ground
biomass and net primary productivity have been a set of measures of land loss iden-
tified. Thanks to the ability to measure their spatial and temporal variation using the
time series image stack, these measures have been chosen purposely. It has to be
recalled however that there are certain limitations in the evaluation of biomass in
the saturation phenomenon for biomass due to the inability to penetrate the duct and
reflected energy. Remote sensing products were a primary source of knowledge in
recent decades for tracking transitions in land cover (Lunetta et al. 2002). However,
these items can be seen as the only possible way in which changes in forest cover are
continuously tracked over time in large geographic areas (Shimabukuro et al. 2014).
The approach uses three spectral enclosure libraries to degrade the percentage of the
forest canopy cover for each pixel in Landsat images to three distinct components for
each image pixel (Romero-Sanchez and Ponce-Hernandez 2017). The layer photo-
synthetic vegetation, which consists of 0–100% was used for subsequent study as an
equivalent of the cover forest field canopy (0–100%). Souza (2013) points out the
variations between futuremapping goals such asmapping of the total area affected by
the logging (which includes damaged canopy areas, cleared areas or logging facilities
and intact forest areas) or mapping of damaged areas (Souza 2013). The availability
of medium spatial resolution data including Landsat (30m× 30m spatial resolution)
is expected to enhance the evaluation of logging areas. The goal of this study is a
practical description of what “forest deterioration” means and the calculation and
quantification of its various intensity levels and the spatial extent of each landscape.

6.2 Materials and Method

6.2.1 Study Area

Korba District is a central Indian administrative district in the state of Chhattisgarh,
extended between 22° 01′–23° 01′ North latitude and 82° 08′–83°09′ East longitude
(Fig. 6.1). The district belongs to Bilaspur and is primarily populated by tribes like
the Korwas protected tribe. The district of Korba is situated in the northern part of the
state, surrounded by Korea, Surguja, Bilaspur, Janjgir-Champa, and is surrounded
by the districts. The total area of the district is 7.14.544 ha. The average height of the
district Korba is 304.8m from sea level. The climate is hot and temperatewith awarm
and dry climate. The district has an annual precipitation of 1506.7 mm. The river
Hasdeo andGagechorai, Tan andAhiran are themajor rivers that flow throughKorba.
The district’s total forest area is 413,787 ha under two Viz forests. Subdivisions of
Korba andKatgora.Mahua, Bija, Sagon, Sahaj, Tendu Leaves etc. are themain forest
products in the region. The Korba district has 1,206,640 inhabitants according to the
2011 census. The population of the district is 183 people per square kilometer. In
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Fig. 6.1 Location map of the Korba district, Chhattisgarh (India)

the decade 2001–2011, population growth was 19.25%. For everyone thousand men,
Korba has a sexual relationship of 971 women, and 73.22%.

6.2.2 Data Used

In order to assess mapping and track deforestation intra-annual availability of cloud-
free land satellite observations. The Landsat missions are fitted with a multispectral
passive optical sensor measuring radiation from the surface of the earth on many
arbitrary wide electromagnetic channels known as spectral bands (Table 6.1). TM,
OLI andBlue, orange, red, near infrared (NIR), first shortwave infrared (SWIR1), and
second shortwave infrared (SWIR2) are identical across all widely used spectral strips
(USGS 2017). Imaging from theUSGSwebsitewas collectedwith Landsat Thematic
Mapper (TM) and the Operational Land Imager (OLI) (https://glovis.usgs.gov). The
number of images available each year in the study area, as in the other tropical
coverage, is limited; however, at least one cloud free image of Landsat is relatively
high per season (Ju and Roy 2008). The images had been corrected geometrically in
Level and were atmospherically corrected by the radio-transmission method of the
second satellite signal simulation in the Solar Spectrum (6S). Landsat images have
been divided by date (i.e. rainy or dry season), and a first cloud filter was added.

https://glovis.usgs.gov
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Table 6.1 Details of the satellite and sensor characteristics

Satellite Sensor Spatial
resolution
(m)

Spectral
resolution
(µm)

Temporal
resolution

Radiometric
resolution

Landsat4,5
(path/row—142/044;
142/045)

Thematic
mapper
(29/11/1990)

30 0.45–0.52 16 days 8 bit

30 0.52–0.60

30 0.63–0.69

30 0.76–0.90

30 1.55–1.75

120 10.40–12.50

30 2.08–2.35

Landsat8
(path/row—142/044;
142/045)

Operational
land imager
(26/11/2019)

30 0.433–0.453 16 days 16 bit

30 0.450–0.515

30 0.525–0.600

30 0.630–0.680

30 0.845–0.885

30 1.560–1.660

30 2.100–2.300

15 0.500–0.680

30 1.360–1.390

100 10.30–11.30

100 11.50–12.50

Their main benefit over higher-resolution imaging is that it is usable for a fairly long
period of time as archival data. Photos with a cloud coverage of more than 10%were
avoided and not included in the study (Grecchi et al. 2017; Wulder et al. 2012).

6.2.3 Vegetation Indices

An analysis of a host of vegetation indices permitted an accurate estimate of Above-
ground Biomass for those published. In addition, four mainly used VI (Vegetation
Index) were initially analyzed (Table 6.2), namely the namely the normalized differ-
ence vegetation index (NDVI) (Rouse et al. 1973), modified soil-adjusted vegetation
index (MSAVI) (Qi et al. 1994), the normalized difference moisture index (NDMI)
(Gao 1996) and normalized burn ratio (NBR) (Key and Benson 2006). The NDVI’s
theoretical basis lies in the red-NIR distinction of plant spectral reflectance signatures
(Rahman et al. 2015). As living, green vegetation grows in one pixel, the chlorophyll
absorption causes the red reflectance to decrease while the non-absorption area of
NIR spectrums typically increases its basic structure and volume (Baret and Guyot
1991). In order to produce biomass estimates, these indices are used for study and to
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Table 6.2 Vegetation indices used in this study

Vegetation
index

Equation Reference

Normalized
Difference
Vegetation
Index (NDVI)

NDV I = N I R−Red
N I R+Red Rouse et al.

(1974)

Modified
Soil-Adjusted
Vegetation
Index2
(MSAVI2)

MSAV I2

= (2 ∗ N I R + 1 − √
(2 ∗ N I R + 1)2 − 8 ∗ (N I R − RED)

2

Qi et al.
(1994)

Soil Adjusted
Vegetation
Index (SAVI)

SAV I = N I R−RED
(N I R+RED+L)

∗ (1 + L) Huete
(1988)

Transformed
Normalized
Difference
Vegetation
Index (TNDVI)

T NDV I =
√

I n f rared−Red
In f rare+Red + 0.5 Tucker

(1979)

classify indicators that have a high correlation with forest biomass (AGB) measure-
ments. The measurement of the vegetation indices used reflectance values at various
wavelengths so as to improve information relevant to vegetation while the influences
from environmental conditions and shade.

Where RED is the reflection of the red band from the sensor, NIR is the reflectance
of the near infrared band and the value of L varies by the amount or cover of green
vegetation: in very high vegetation regions, L = 0; and in areas with no green
vegetation, L = 1.

6.2.4 Change Detection Analysis

Change detection analysis has been performed through image differencing method
in which spatially registered imageries are acquired at different times are subtracted
pixel by pixel and band by band. The difference between the DN values is calculated
by using the formula:

DXk
i j = Xk

i j (T2) − Xk
i j (T1)

where Xk
i j (T1) and X

k
i j (T2) is the DN value of pixel ‘X’ located at row ‘i’ and column

‘j’ and ‘k’ at time ‘T 1’ and ‘T 2’. If the difference between DN value is 0, it does not
change. The beliefs become positive or negative as the transition takes place. The
issue with this technique is the identification of shift threshold values and no shift in
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the images. As a criterion for determining the threshold, standard deviation is used.
The discrepancy may occur sometimes with the picture discrepancy, even though
the shift did not occur over the surface of the earth, because for images acquired
at different dates, the correct picture records and perfect radiometric conditions are
never obtained.

Finally, using the following formula equation, the rate of change hectare/year and
proportion of each class in the time periods studied were calculated.

�A(%) = At2 − At1
At1

× 100

where,

�A(%) Change of percentage between initial time At1 and time span At2 forest
area.

At1 Forest area form for first time.
At2 Forest area form in the end.

The rate of changes in the type of forest cover was calculated using the following
formula, according to Abate (2011):

R�

(
ha

year

)
Z − X

W

where,

R� rate of change,
Z recent area of forest cover in ha,
X previous area in forest cover in ha;
W time interval between Z and X in years.

6.2.5 Accuracy Assessment

The spatial accuracy of deforestation was assessed based on the count. Note that
count-based accuracy does not automatically provide a map accuracy measure (area)
in which sample areal representatives are accounted for which this pilot study could
not andwas not intended. Producer’s accuracy (PA), user’s accuracy (UA), andoverall
accuracy (OA) were estimated. OA is the proportion of all samples and all samples
that are correctly forecast:

OA(%) = 100 × (T P + T N )

(T P + T N + FP + FN )
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where the number of true positive detections is TP, which means the correctly fore-
cast deforestation, TN is the true negative detection number, that means, correctly
predicted non-deforestation (no deforestation in reference); FP is the number of false
positive detections; i.e. wrongly forecasted non-deforestation. One minus omission
error (FN) is a class-specific PA, while a class-specific UA is one minus commission
error (FP):

U A(%) = 100

(
T P

T P + FP

)

PA(%) = 100 ×
(

T P

(T P + FN )

)

6.2.6 Forest Degradation Mapping and Evaluation

To create a forest degradation image characterizing the variations between the initial
and the final status images, use the minus algorithm of spatial analyst tool of QGIS
software v3.16. Images of each data form can be single-band images. The difference
is determined by removing the initial state image from the final state image (that
is, final—original). The gray color of the corresponding pixel images after image
registration is subtracted from a subtraction image. The gray value of the picture
subtraction indicates the degree of two pictures transition. By selecting the correct
threshold values for the gray picture, the modified region and unchanged region will
be calculated. The following formula is:

Dxki j = Xk
i j (t2) − Xk

i j (t1) + c

where, i, j as pixel co-ordinates, k for the band, Xk
i j (t1) for the pixel (i, j) value of

k-band image, t1 for the pixel (i, j) value of k-band image, t1, t2 for the time of the
first and the second image, C is constant.

The choice of threshold value determines the ability to detect change for most
methods of detection. The option of an acceptable thresholdwill distinguish the actual
changes and the effect areas of random variables as much as possible. A significant
number of failed inspections were triggered by the use of a high threshold value and
a low threshold value were chosen to inspect zero. One positive change identifies
the brighter pixels (end brightness was higher than the initial brightness of status),
while one negative change identifies the dimmer pixels. In addition, as an optional
pre-processing stage, you can normalize or standardize the images input in a data
range from zero to one.
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6.3 Results and Discussion

6.3.1 Forest Cover

The dynamics for forestry cover in a Chattishgarh state study zone are analysed here
because of either deforestation (reversal to other land cover) or forest disturbances
over a periodof 29years (1990–2015).We show that although the total area deforested
over the years is growing, the amount of forest areas converted to agricultural land in
comparison with selective logging disrupting areas have been substantially reduced.
Such variations are much more important if we take into account at least once during
this time all the places where disturbances have occurred. However, compared to a
cycle of deforestation, typically requiring a permanent or long-term transition to other
forms of land cover, selective forest area regeneration also happens on a short-term
basis, although a portion of these areas is ultimately deforested.

Classification of digital land can be quantitatively demonstrated by the creation
and analysis of an error classification matrix. Google Earth images, true and false
color images and basic information were the reference data used. The highest OA
is calculated as 82.1% for the NDVI, 90.4% for the TNDVI, 85.9% for the SAVI,
and 88.7% for MSAVI. The accuracy assessment of TNDVI shows that the achieved
product and user accuracy (>85%) is good to very good (>95.8%) for all types of
forest coverage.

6.3.2 Normalized Difference Vegetation Index (NDVI)

As a vegetation measure the NDVI (Fig. 6.2) is effective because it is sufficiently
stable to allow meaningful comparisons of seasonal and interannual changes in the
growth and development of vegetation (Chen et al. 2006). In its definition of ratio
(Moran et al. 1992), the power of the NDVI reduces several types of multiplicative
noise present in several bands (illumination disparity, cloud shadows, atmospheric
diminution and other topographical variations) (Chen et al. 2002). In 1991, NDVI
value ranges between −0.50 and 0.61. The average NDVI value is calculated as
0.06 with a standard deviation of 0.32. Based on the NDVI value, the study area is
classified into five categories, namely (i) <−0.14, (ii) −0.13 to 0.14, (iii) 0.15–0.25,
(iv) 0.26–0.36, and (v) >0.37 (Table 6.3). The classification has been done based
on the quantile of the NDVI values. Result of the analysis also showed 31.60%
(2080.484 km2) are covered by degraded forest, followed by open forest 28.02%
(1844.51 km2). Most of the dense forest are observed in the central of west and east
of the district (Fig. 6.2a). The degraded forest is mainly observed in the surrounding
and adjacent region of dense forest cover. Open forest areas are distributed in north
of the district. In the central and south of the study area having very less vegetation
cover, almost nil.
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Fig. 6.2 Normalized Difference Vegetation Index (NDVI) map of Korba district in Chhattisgarh,
a 1991 and b 2019

Table 6.3 NDVI characteristics of Korba district in 1991

Parameters NDVI range Area (km2) Percent Average NDVI Std. dev.

Others <−0.14 152.22 2.31 −0.32 0.11

Scrub/cultivated land −0.13 to 0.14 1144.03 17.38 0.0001 0.08

Open forest 0.15–0.25 1844.51 28.02 0.21 0.24

Degraded forest 0.26–0.36 2080.484 31.60 0.32 0.03

Dense forest >0.37 1362.438 20.69 0.49 0.07

In 2019, NDVI value of the Korba district ranges between −0.30 and 0.53 with
an average value of 0.11 ± 0.24. Scrub and agricultural fallow land (NDVI: −
0.13 to 0.14) covered by 38.98% (2566.30 km2), followed by open forest 29.82%
(1963.11 km2). The area of others (waterbody/dry fallow/agricultural fallow/built-
up) land (NDVI < −0.14) is covered by 0.58 km2 of the entire study area (Table 6.4)
0.17.41% (1146.36 km2) of the study area covered by dense forest (NDVI > 0.37).
The dense forests are mainly observed in the west of the district, and some small

Table 6.4 NDVI characteristics of Korba district in 2019

Parameters NDVI ranges Area (km2) Percent Average NDVI Std. dev.

Others <−0.14 0.58 0.009 −0.25 0.03

Scrub/cultivated land −0.13 to 0.14 2566.30 38.98 0.02 0.13

Open forest 0.15–0.25 1963.11 29.82 0.27 0.02

Degraded forest 0.26–0.36 907.33 13.78 0.31 0.01

Dense forest >0.37 1146.36 17.41 0.43 0.06
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patches of dense forest covers are also observed in the east of the study area. 13.78%
of the study area covered by degraded forest, mostly found in the east, north-east and
north-west of the study area (Fig. 6.2b).

6.3.3 Transformed Normalized Difference Vegetation Index
(TNDVI)

The TNDVI reflects the biomass of plants (Fig. 6.3) and is expressing as the ratio
of almost-IR reflection to red reflectance (Tucker 1979). A variety of interrelated
effects include: evapotranspirational cooling; solar radiation interception; moisture
retention; land-covering; surface energy balance and partial canopy covering depend
on the amount of biomass directly and inversely correlated with surface temperature
(Yang et al. 2008). TNDVI value of 1991 in Korba district ranges from 0.0004 to
1.05 (mean + S.D. 0.53 ± 0.31). TNVDI value of <0.81 is considered for others
land (waterbody/dry fallow/agricultural fallow land/built-up), covered by 26.69%
(1627.78 km2) of the district (Table 6.5). The scrub/cultivated land enclosed by
16.22% (1068.12 km2). TNDVI value of open forest ranges between 0.86 and 0.91
(mean±S.D.—0.89± 0.01), covered by 26.41% (1738.92 km2). The degraded forest
covered by 17.81% of the district and the TNDVI value ranges from 0.91 to 0.95
(mean ± S.D.—0.91 ± 0.001). The dense forest enclosed by 12.31% (810.77 km2),
having TNDVI value of more than 0.96 (mean ± S.D.—0.96 ± 0.03). Figure 6.4a
shows the spatial distribution forest cover in Korba district in 1991. The map shows
the central part of west and east of the district have dense forest cover. The degraded
forest is mainly distributed in the adjacent areas of dense forest cover, located in the

Fig. 6.3 Transformed Normalized Difference Vegetation Index2 (MSAVI2) map of Korba district
in Chhattisgarh, a 1991 and b 2019
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Table 6.5 Analysis of areal characteristics ofTransformedNormalizedDifferenceVegetation Index
(TNDVI) of Korba district in 1991

Parameters TNDVI ranges Area (km2) Percent Average TNDVI Std. dev.

Others <0.81 1757.21 26.69 0.65 0.11

Scrub/cultivated land 0.82–0.85 1104.41 16.77 0.85 0.01

Open forest 0.86–0.91 1738.92 26.41 0.89 0.01

Degraded forest 0.91–0.95 1172.57 17.81 0.91 0.001

Dense forest >0.96 810.77 12.31 0.96 0.03

Fig. 6.4 Soil Adjusted Vegetation Index (SAVI) map of Korba district in Chhattisgarh, a 1991 and
b 2019

north-west and north-east of the district. The open forest is observed in the extreme
east and extreme north and central part of the district.

In 2019, TNDVI value of the study area ranges between 0.45 and 1.01 (mean +
Stdev 0.73 ± 0.16). Table 6.6 illustrated the areal characteristics of various forest
cover along with TNDVI value. TNVDI value of <0.81 is considered for others land

Table 6.6 Analysis of areal characteristics ofTransformedNormalizedDifferenceVegetation Index
(TNDVI) of Korba district in 2019

Parameters TNDVI ranges Area (km2) Percent Average TNDVI Std. dev.

Others <0.81 1627.78 24.72 0.4 0.23

Scrub/cultivated land 0.82–0.85 1068.12 16.22 0.83 0.01

Open forest 0.86–0.91 1647.73 25.03 0.88 0.02

Degraded forest 0.91–0.95 1488.41 22.61 0.94 0.01

Dense forest >0.96 751.79 11.42 1.01 0.03
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(waterbody/dry fallow/agricultural fallow land), covered by 24.72% (1627.78 km2)
of the district. The scrub/cultivated land (TNDVI: 0.82–0.85) covered by 16.22%
(1068.12 km2). In open forest, TNDVI value ranges between 0.86 and 0.91 (mean ±
S.D.—0.88± 0.02), covered by 25.03% (1647.73 km2). The degraded forest covered
by 22.61% of the study area and the TNDVI value ranges from 0.91 to 0.95 (mean
± S.D.—0.94 ± 0.01). The dense forest covered by 11.42% (751.79 km2), having
TNDVI value of more than 0.96 (mean ± S.D.—1.01 ± 0.03). Figure 6.4b shows
the density of dense forest cover is decreased in central west and small patches of
central of the district. The degraded and open forest covers is also decreased in the
north and south-east of the study area.

6.3.4 Soil Adjusted Vegetation Index (SAVI)

In areas where vegetative cover is low and the soil surface is exposed, the reflectance
of light in the red and near-infrared spectra can influence vegetation index values
(Huete 1988). This is especially problematic when comparisons are being made
across different soil types that may reflect different amounts of light in the red and
near infrared wavelengths (Huete et al. 2002). The soil-adjusted vegetation index
(SAVI) was developed as a modification of the normalized difference vegetation
index (NDVI) to correct for the influence of soil brightness when vegetative cover is
low (Huete 1988; Lyon et al. 1998). The output of SAVI is a new image layer with
values ranging from−1 to 1. The lower the value, the lower the amount/cover of green
vegetation. This is especially problematic when comparisons are being made across
different soil types that may reflect different amounts of light in the red and near
infrared wavelengths (i.e., soils with different brightness values). The soil-adjusted
vegetation index was developed as a modification of the Normalized Difference
Vegetation Index to correct for the influence of soil brightness when vegetative cover
is low.

In 1991, the SAVI value of the Korba district ranges between−0.74 and 0.92 with
an average SAVI value of 0.09 ± 0.48. The SAVI value of <−0.0078 is designated
as others (waterbody/dry fallow/agricultural fallow land), covered with an area of
3.14% (206.44 km2) (Table 6.7). The SAVI value of scrub/cultivated land ranges

Table 6.7 Analysis of areal characteristics of Soil Adjusted Vegetation Index (SAVI) of Korba
district in 1991

Parameters SAVI ranges Area (km2) Percent Average SAVI Std. dev.

Others <−0.0078 206.44 3.14 −0.4 0.2

Scrub/cultivated land −0.0077 to −0.0029 21.74 0.33 −0.01 0.02

Open forest −0.0028 to 0.35 2302.68 34.98 0.17 0.09

Degraded forest 0.36–0.45 1972.34 29.96 0.42 0.06

Dense forest >0.46 2080.48 31.60 0.72 0.12
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Table 6.8 Analysis of areal characteristics of Soil Adjusted Vegetation Index (SAVI) of Korba
district in 2019

Parameters SAVI ranges Area (km2) Percent Average SAVI Std. dev.

Others <−0.0078 154.48 2.35 −0.26 0.11

Scrub/cultivated land −0.0077 to −0.0029 24.30 0.37 −0.02 0.03

Open forest −0.0028 to 0.35 2282.57 34.67 0.19 0.09

Degraded forest 0.36–0.45 2179.52 33.10 0.40 0.03

Dense forest >0.46 1942.82 29.51 0.62 0.10

from −0.0077 to −0.0029 (mean ± S.D.—0.01 ± 0.02), covered with an area of
0.33% (21.74 km2). The open forest area covered by 34.98% (2302.68 km2), and the
SAVI value ranges from −0.0028 to 0.35 (mean ± S.D.—0.17 ± 0.09). The SAVI
value of degraded forest ranges between 0.36 and 0.45 (mean± S.D.—0.42± 0.06),
covered by an area of 29.96% (1972.34 km2). The dense forest having SAVI value
of more than 0.46, covered by 31.60% (2080.48 km2). Figure 6.4a illustrates the
spatial distribution of forest cover derived though SAVI. Results shows eastern and
west part of the district having high dense forest cover. Degraded forest is mainly
distributed in the north-east and south east of the study area. The small patches of
open forest are mainly found in the central north of the study area.

Table 6.8 shows the areal distribution of forest cover estimated through SAVI
in 2019. The average SAVI of dense forest is calculated as 0.62 ± 0.1, covered by
29.51% (1942.82 km2) of the district. The mean SAVI value of degraded forest is
estimated as 0.40± 0.03 (0.36–0.45), enclosed by an area of 33.10% (2179.52 km2).
The estimated area of open forest (mean ± S.D.—0.19 ± 0.09) in the study area is
calculated as 2282.57 km2 which is 34.67% of the district. Figure 6.4b portrays the
spatial coverage of forest of Korba district in 2019. Result of the analysis also shows
the degraded open forest cover are increased in the eastern, south-east and northern
part of the district.

6.3.5 Modified Soil Adjusted Vegetation Index2 (MSAVI2)

TheModified Soil Adjusted Vegetation Index2 (MSAVI2) for the soil is a vegetation
that changes the soil to cover areas with a high degree of exposed soil surface and
which seeks to resolve some of the limitation of NDVI. The issues with the original
SAVI, which is based on the amount of plants in the field studied, was that it was
important to define the soil-brightness correction factor (L). It not only prompted the
majority of people to use the default L value of 0.5, but also created a circular logic
issue that allows them to know the vegetation amount/cover before using SAVI that
was supposed to give them details on how much vegetation there was. The MSAVI2
output is a new image layer that represents green vegetation with values from +1
and −1. MSAVI2 has often been used as an input layer for measuring the ground
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cover or plant groups in a sequence of field study (Chen et al. 2000), biomass index,
plots index, and/or leaf area index (Phillips et al. 2009).

The MSAVI2 value of 1991 in the study area ranges between −1.85 and 0.75
(mean ± S.D. −0.55 ± 0.76). The MSAVI2 of dense forest is calculated as more
than 0.47, covered with an area of 27.64% (1819.72 km2). The MSAVI2 value of
degraded forest ranges between 0.39 and 0.46 (mean ± S.D. 0.44 ± 0.05), covered
by 32.91%. The open forest area covered by 35.60% (2343.63 km2) with an average
MSAVI2 value of 0.21 ± 0.09 (Table 6.9). The MSAVI2 value of scrub/cultivated
land varied from−0.0067 to−0.00074 (mean± S.D.—0.001± 0.03), enveloped by
an area of 0.44% (28.91 km2). Figure 6.4a illustrates the spatial distribution of forest
cover derived through MSAVI2 in 1991. Results showed the central east and west of
the district have high dense forest cover. However, in north and south of the district
portrays others land (waterbodies/dry fallow/agricultural fallow land/built-up) with
MSAVI2 value of less than −0.0068. In the south-east and north-west, degraded and
open forest cover have been found.

TheMSAVI2 value of 2019 in the Korba district ranges from−0.84 to 0.69 (mean
±Stdev−0.08± 0.44).Areal distribution of forest cover types is represented inTable
6.10. Results showed dense forest area covered by 27.16% (1788.18 km2), followed
by 35.25% (2320.63 km2) of degraded forest and open forest by 34.59% (2277.17

Table 6.9 Analysis of areal characteristics ofModified Soil AdjustedVegetation Index2 (MSAVI2)
of Korba district in 1991

Parameters MSAVI2
ranges

Area (km2) Percent Average MSAVI2 Std. dev.

Others <−0.0068 224.40 3.41 −0.95 0.52

Scrub/cultivated
land

−0.0067 to −
0.00074

28.91 0.44 −0.001 0.03

Open forest −0.00073 to
0.38

2343.63 35.60 0.21 0.09

Degraded forest 0.39–0.46 2167.02 32.91 0.44 0.05

Dense forest >0.47 1819.72 27.64 0.64 0.07

Table 6.10 Analysis of areal characteristics of Modified Soil Adjusted Vegetation Index2
(MSAVI2) of Korba district in 2019

Parameters MSAVI ranges Area (km2) Percent Average MSAVI Std. dev.

Others <−0.0068 169.16 2.57 −0.46 0.23

Scrub/cultivated
land

−0.0067 to −
0.00074

28.56 0.43 −0.03 0.02

Open forest −0.00073 to
0.38

2277.17 34.59 0.20 0.11

Degraded forest 0.39–0.46 2320.63 35.25 0.43 0.03

Dense forest >0.47 1788.18 27.16 0.58 0.07
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Fig. 6.5 Modified Soil Adjusted Vegetation Index2 (MSAVI2) map of Korba district in Chhattis-
garh, a 1991 and b 2019

km2). The average MSAVI2 value waterbody/dry fallow/agricultural fallow land is
calculated as−0.46± 0.23, followed by scrub/cultivated land of−0.03± 0.02, open
forest of 0.20 ± 0.11. The average MSAVI2 value of degraded forest is calculated
as 0.43 ± 0.05, followed by dense forest of 0.64 ± 0.07. The spatial distribution of
forest cover is represented by Fig. 6.4b. Results also showed the dense forest cover is
portrayed in the west of the district. Although degraded and open forest are mainly
observed in north and west of the district and adjacent region of dense forest cover
(Fig. 6.5).

6.3.6 Estimation and Spatial Variation of Forest Degradation

The green biomass rates of semiarid grasslands are determined by vegetation indica-
tors derived by remotely sensed data. Nevertheless, the degree to which the knowl-
edge is integrated has a significant effect on the process used. Change detection
analysis of forest covered have been performed through NDVI, TNDVI, SAVI and
MSAVI2 (Fig. 6.6). Green shades of the maps are represented the positive growth
and red shades of the maps are portrays the negative growth of forest cover. The
output derived through NDVI, maximum positive changes are observed in the north
and south of the district (Fig. 6.6a). Areal analysis of dense forest cover showed
0.03% positive growth for dense forest 0.001 of negative growth during the period
between 1991 and 2019 (Table 6.11). The analysis of degraded forest cover shows
0.77% of positive growth and 0.09% of negative growth. The results also showed
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Fig. 6.6 Change of forest coverage calculated through, a NDVI, b TNDVI, c SAVI and dMSAVI
technique during 1991–2019

11.91% positive growth of open forest and 0.58% of negative growth in the study
area.However, themaximumpositive growth is observed for the scrub/cultivated land
(42.11%) during this study period. Moreover, the negative changes are observed in
small pockets of central and west part of the district. The results of TNDVI portrays
in negative changes in north, central and south east of the study area. However, the
positive growth of forest covers is found in the south-west and north-east of the
study area (Fig. 6.6b). The negative growth of dense forest land characteristics is
estimated as 0.1% and the estimated positive growth is 0.01%. The estimated nega-
tive growth of scrub/cultivated is 17.61%; whereas, the calculated positive growth of
scrub/cultivated land cover is 19.45% during the entire study period (1991–2019).
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The results also showed the positive growth of degraded forest cover is 0.46%; while
the estimated negative growth is calculated as 0.18%. The negative growth of open
forest cover is calculated as 2.79% and the recorded positive growth is 2.29% (Table
6.11).

Figure 6.6c portrays the change detection analysis showed negative changes in
central, north and south-east of the study area. The positive growth of forest cover
change derived through SAVI, showed in north-east and small pockets of south-west
in the study site. Change detection analysis illustrated negative growth of 0.02 and
0.001% of positive growth of dense forest cover. The positive growth of degraded
forest cover is calculated as 0.02 and 0.06% of negative growth. The estimated
positive growth of open forest is 0.54 and 1.02% of negative growth. However, the
positive growth of scrub/cultivated land is estimated as 8.67 and 46.84% of negative
growth. The change detection analysis thoughMSAVI2 is illustrated in Fig. 6.6d. The
output showed negative change of forest cover in the south-east, north and central
part of the district. Moreover, the positive change of forest cover is illustrated in
the north-east and small pockets of south-west of the district. The derived output
shows 0.02% negative growth of dense forest cover and 0.001% positive growth.
The positive growth of degraded forest cover represents 0.02%, while the estimated
negative growth is calculated as 0.05%. The analysis of open forest shows 0.89% of
negative growth and 0.34% of positive growth. Moreover, 46.38% negative growth
is calculated for the scrub/cultivated land and 7.51% of positive growth is estimated
during the study period (Table 6.11).

6.4 Conclusion

Degradation of forests is a severe problem for the climate, culture and the economy.
A degraded forest provides products and services from a certain area in a reduced
way and preserves only minimal biological diversity. There are many and varying
views of forest destruction, depending on the driver and most important products or
services. Vegetation indices resulting from remotely sensed data can be calculated on
semiarid grasslands with green biomass levels. Nevertheless, the degree to which the
knowledge is integrated has a significant effect on the process used. Former-forest
land significantly affected by excessive farming, inadequate management, frequent
fires, pasture or other troubling uses or landuse inducedby excessive farming, soil and
vegetation prevents or seriously delays recovery after abandonment. This research
has examined the relationships between four vegetation indices and a fraction of
vegetation. TNDVI is most susceptible to variability in the fraction of vegetation
cover. The precision of SAVI and MSAVI2 was very close for the first class of
indices. The NDVI is also the least reliable one. The results show that NDVI scaling
can produce partial results when dealing with inhomogeneous because it assigns
the whole pixel to one of the class features available. Since the indices do not have
the strong determination coefficient separately, it is important to boost accuracy after
combining them in multivariate mode. Thus, for the fraction estimation of vegetation
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cover, the established integrated model is recommended in drylands. The accuracy
decreases and it is important to be careful to use these indices when the atmosphere
in the research area is dry with the use of vegetation indices based on green bands
in dry areas.
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Chapter 7
Comparison of Sentinel-2 Multispectral
Imager (MSI) and Landsat 8 Operational
Land Imager (OLI) for Vegetation
Monitoring

Santanu Ghosh, Debabrata Behera, S. Jayakumar, and Pulakesh Das

Abstract The availability of the coarse to moderate resolution no-cost remote
sensing data and advances in image processing algorithms have exponentially
increased the usage of geo-spatial technology in the last few decades. The latest
Sentinel-2Multispectral Imager (MSI) provides the surface reflectance data in VNIR
and SWIR ranges since 2015 at higher spatial, temporal, and spectral resolution
compared to the Landsat multispectral sensors, which have been providing such
data since 1970s. The symmetry in spectral bands, sensor’s spectral response, spatial
and radiometric resolution of Sentinel-2 MSI with the Landsat-8 OLI (Operational
Land Imager) enables their integrated and complimentary use. In this study, we have
compared the surface reflectance and vegetation indices (such as NDVI and EVI)
values obtained fromMSI and OLI sensors in four homogeneous land use land cover
(LULC) features as cropland, agriculture fallow land, dense forest and open forest.
The assessment is carried out for pre- and post-monsoon seasons over the Banki
sub-division region of Cuttack district, Odisha, India. For all the LULC classes, high
similarity is observed in the surface reflectance values in each band except NIR,
green and red band. Similarly, for both the vegetation indices derived from Landsat 8
and Sentinel-2 data, high correlation with lower RMSE is observed for all the LULC
classes. The correlation (R2) for cropland varied between 0.87 and 0.96, which varied
between 0.56 and 0.97 for agriculture fallow, between 0.58 and 0.9 for dense forest,
and between 0.68 and 0.87 for open forest. The surface reflectance pattern obtained
for different vegetated features are similar for Landsat 8 and Sentinel-2. However,
significantly a higher surface reflectance is observed for Landsat 8 in NIR band
followed by red and green bands, where the differences are low for blue, SWIR1 and
SWIR2 bands. The comparative assessment of indices suggests a higher correlation
in values between Landsat 8 and Sentinel-2 for homogeneous features compared to
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heterogeneous class as forest. Thus, the integrated or complementary use of Landsat
8 and Sentinel-2 for heterogeneous features may induce some biases with a limited
accuracy.

Keywords Landsat 8 · Sentinel-2 · Regression · Data integration · Surface
reflectance · Vegetation index

7.1 Introduction

The optical remote sensing data from the Sentinel-2 and Landsat series are the two
widely used open sourcemedium-to-high spatial resolutionmultispectral data, which
are used in generating various primary and secondary data layers on the land surface
features (Hansen and Loveland 2012; Banskota et al. 2014; Gómez et al. 2016;
Hill 2013; Hedley et al. 2018). Whereas, the combined use of multi-resolution data
obtained from different satellite sensors enable many opportunities including the
long-termmonitoring and modeling of various natural, anthropogenic and integrated
processes. Facing a scenario with an ever-increasing number of the earth observing
satellite sensors, the combined application of various remotely sensed data has gain
significant attention. The Landsat program by NASA is one of the oldest programs
provides the land surface reflectance data in visual and near-infrared (VNIR) and
thermal infrared ranges at no-cost from the past five decades (since 1972) and contin-
uing. Since 1982, the Landsat sensors collect the surface reflectance data at 30 m
spatial resolution in VNIR range at 24 days intervals with significant radiometric
accuracy. Recently, the Sentinel-2 mission by ESA (European Space Agency) with
an improved spatial (10, 20 and 60 m spatial resolution) and spectral resolutions
(several additional bands in the vegetation red edge zone in comparison to Landsat
bands) with 5 days temporal revisit has drawn the attention of the multi-spectral data
users. The Sentinel-2A satellite was launched in June 2015, whereas the Sentinel-2B
satellite was launch in March 2017, which were boarded with a push broom multi-
spectral imager (MSI). The two Sentinel-2 satellites have introduced a significant
potential for synergistic use to create unprecedented opportunities for timely and
accurate observation of earth surface resources and dynamics (Frampton et al. 2013;
Immitzer et al. 2016). With other several advantages, the higher temporal resolu-
tion of Sentinel-2 data compared to Landsat data has increased the possibility of
getting cloud free satellite images even in tropical regions. Moreover, the oppor-
tunity of integrating similar and especially open source remote sensing data from
different satellites/sensors is highly useful for long-term and consistent monitoring
while enhancing the spatial and temporal resolution. The MSI records the incoming
radiations in 13 spectral bands with a swath width of 290 km. The central wavelength
and band width of Sentinel-2A and 2B is highly similar, which is analogous to the
Landsat 8 (OLI: Operational Land Imager) sensor. This has attracted the researchers
worldwide to perform comparative assessment betweenMSI andOLI formany appli-
cations in different landscapes. Several studies have confirmed the potential use of



7 Comparison of Sentinel-2 Multispectral Imager (MSI) and … 177

the integrated data, where the data conversion between Sentinel-2MSI and Landsat 8
OLI is identified as one of the challenging tasks (Mandanici and Bitelli 2016; Lessio
et al. 2017; Vuolo et al. 2016). The data standardization or integration between MSI
andOLI data requires suitable conversion factors to enable the combined use for time
series analysis at much higher spatial and temporal resolutions. This allows better
integration and modelling of the satellite data derived parameters and time series
ground observations collected at daily or sub-daily scale.

The mapping and monitoring of vegetation at different spatio-temporal scales is
one of the prime application areas of earth observing satellite remote sensing. The
vegetation spectral response in different wavelength range of the electromagnetic
spectrum exhibits the biophysical, structural and biochemical properties of vege-
tation. The sensors operating in the different spectral ranges, records the radiated
energy from vegetation and enables the spatio-temporal characterization of various
plant and their attributes integrating the ground observations. Various panchromatic,
broadband and narrow band (hyperspectral) VNIR and thermal sensors are used
to capture the minor differences in spectral response due to species diversity and
their composition and characteristics. In broadband remote sensing, the spectral
width and sensor’s spectral response determines the wavelength range in which the
incoming radiation will be recorded and stored. The high absorption of incident
solar radiation in the visual range (400–700 nm; Photosynthetically Active Radia-
tion) by green vegetated features leads to lower emittance or reflection, whereas the
majority of the incident energy in near-infrared (NIR) range is reflected by vegetation
(through multiple reflection inside mesophyll cells) and leads to higher reflectance
values. Moreover, the water absorption bands near to 1400 and 1900 nm induce peak
absorption or sharp low reflectance depending on the leaf water content. The surface
reflectance captured in sensors operating in blue, red and NIR regions are very
sensitive to vegetation greenness, phenology, and structure; whereas, the sensors
operate in SWIR region are more sensitive to leaf moisture content and chemical
constituents (e.g., proteins, lignin, cellulose, etc.) including the below canopy soil
reflectance. The contrasting surface reflectance for vegetation in NIR and red bands
produces high gradient known as red edge region, which is used to be exaggerated by
applying suitable spectral enhancement techniques. The vegetation indices such as
Ratio Vegetation Index or simply Ratio Index (RVI = NIR/red), Difference Vegeta-
tion Index (DVI = NIR-red), Normalized Difference Vegetation Index (NDVI), etc.
are widely used indices to enhance the vegetation cover in remote sensing imageries
and allows better mapping and monitoring (Xie et al. 2010; Krishnaswamy et al.
2009). Enhanced Vegetation Index (EVI) is a modified index over NDVI, incorpo-
rates the background soil correction factor and atmospheric resistance through blue
band. It has been proved to bemore sensitive to higher vegetation density over NDVI,
which encounters saturation in high canopy density areas (Matushita et al. 2007).
The range of values for both the NDVI and EVI lies between −1 and +1, where
the higher positive value indicates higher vegetation greenness and density; lower
positive value corresponds to less dense or partially green cover area and fallow
lands. On the contrary, the negative NDVI value highlights the water body and moist
areas in an image. The ratio of spectral bands used in NDVI and EVI reduces the
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errors due to topographic variations, hill shadow, and makes less sensitive to uncer-
tainties in atmospheric variations and alteration in satellite viewing angle (Li et al.
2014; Anderson et al. 2011; Steven et al. 2003; Teillet and Ren 2008). Such indices
have numerous applications in mapping and monitoring vegetated features and their
attributes including forest cover type and species diversity, forest density, tree canopy
cover, leaf area index (LAI), evapotranspiration, ecosystem productivity, forest fire
(FSI 2019; Behera et al. 2018; French et al. 2008; Delegido et al. 2011; Mallinis
et al. 2017; Bawa et al. 2002); crop area, type and productivity, intensity (Ghosh
et al. 2017; Meng et al. 2013; Lessio et al. 2017; Son et al. 2014; Immitzer et al.
2016); drought monitoring, crop water stress, soil moisture estimation (Zhang and
Zhou 2016; Mkhabela et al. 2011), etc. Such a diverse application surge the integra-
tion of Landsat and Sentinel optical remote sensing data for long-term monitoring at
higher temporal scale with improvement in spatial complexities, most importantly
in heterogeneous landscapes and topographically rugged terrain, where the micro-
climate rapidly varies and leads to highly diverse eco-system (Tucker 1979; Huete
et al. 2002).

NDV I = (N I R − red)/(N I R + red)

EV I = G ∗ (N I R − red)/((N I R + C1 ∗ red) − (C2 ∗ blue + L))

where G = Gain factor, C1, C2 = Coefficients, L = Canopy background correction
factor.

Cross-comparisons of surface reflectance and indices derived from different
sensors have been carried out in several studies. Kobayashi et al. (2007) compared
multi-sensor reflectance, NDVI andEVI derived from the coarse resolutionModerate
Resolution Imaging Spectroradiometer (MODIS) and high-resolution Satellite Pour
l’Observation de la Terre Vegetation (SPOT-VGT) data and observed highly similar
seasonality. Several studies have been also carried out, where the inter-comparison
of sensors from same family or its precedent has been performed. Li et al. (2014)
studied the subtle differences in Landsat 8 OLI and Landsat 7 ETM+ sensors while
comparing indices (NDVI), Normalized Burned Ratio (NBR), Land Surface Water
Index (LSWI), and reported high linear correlation (R = 0.90). Similar studies have
been carried out for comparing the Landsat and latest Sentinel-2 optical remote
sensing data. Mandanici and Bitelli (2016) studied the homogeneity in surface
reflectance values for the homologous bands between Landsat 8 OLI and Sentinel-
2 MSI, and derived indices [NDVI, Normalized difference water index (NDWI)
and FII (Ferrous iron index)], where they computed the coefficients through linear
regression and Pearson correlation coefficient, and endorsed the potency of combined
use. Evaluating the Pearson’s correlation coefficient, Lessio et al. (2017) tested the
synergistic application of Landsat 8 and Sentinel-2 data for improved crop moni-
toring using the NDVI and NDWI index and observed differences in index values
depending on the time lag. While comparing Landsat 8 and Sentinel-2 data over
six different sites in Europe, Vuolo et al. (2016) found that all six homologue bands
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showed a good correlation of 0.90 with RMSE ranging from 0.023 to 0.043. Claverie
et al. (2017) developed a methodology to produce Harmonized Landsat-8 Sentinel-2
(HLS) products, i.e., Sentinel 10m (S10), Sentinel 30m (S30), Landsat 30m (L30)
to enable global observation at every 2–3 days with medium (<30 m) spatial resolu-
tion. Forkuor et al. (2018) compared the land use land cover (LULC) classification
accuracy adding the red edge band for Sentinel-2 data and showed that the overall
accuracy increases 4–5% compared to Landsat 8 data derived LULC map. Astola
et al. (2019) performed comparison between these two sensors in deriving forest
variables in a boreal forest and reported the addition of red edge band in Sentinel-2
data outperformed Landsat 8 data. Although a numbers of studies have been carried
out evaluating the data similarity between Sentinel-2 and Landsat 8 data, no such
study has been reported in any Indian landscape. With this research gap, the present
study aims to study band similarities between Landsat 8 OLI and Sentinel-2 MSI
sensors and vegetation indices to derive the linear standardization or normalization
factors over a sub-tropical region of India.

7.2 Methodology

7.2.1 Study Area

The study was carried out in Banki sub-division of Cuttack district, Odisha state
(Fig. 7.1). This region is locatedbetween20.15°Nand20.29°Nandbetween85.20°E
and 85.45° E on the southern bank of Mahanadi river. It has an average elevation
of 48 m above msl and the Banki city is located 58 km away from Bhubaneswar,
the state capital. In summer, the maximum temperature reaches around 42 °C while
minimum temperature is around 11 °C during winter. The average annual rainfall
is 1500 mm (https://www.wildlife.odisha.gov.in). Southwest Monsoon is the major
source of water in the study area from June to September. The dominant vegetation
in the study area mostly comprising of forest, cropland, settlement, and water body
(Sahoo et al. 2017; Das et al. 2019). A part of Chandaka-Damaparawildlife sanctuary
is situated inside the study area.

7.2.2 Data Acquisition

7.2.2.1 Field Data Collection

We have studied the dominated vegetated land surface features observed in the study
area, i.e., dense forest, open forest, cropland and agricultural fallow land to compare
the mean surface reflectance between the Landsat 8 and Sentinel-2 data. Field visits
were carried out to collect the geo-location data (latitude and longitude) along with

https://www.wildlife.odisha.gov.in
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Fig. 7.1 Study area location

field photographs for each LULC category (Fig. 7.2). Moreover, few data points
were added through visual image interpretation, which is being considered one of
the provenmethods of image analysis and feature identification (Roy et al. 2015; Das
et al. 2019). The homogeneous land surface patches were chosen for field sampling
and visual image interpretation to reduce the errors due to spatial heterogeneity, mix
or boundary pixels and differences in spatial resolution.

Fig. 7.2 Field photographs; a Cropland, b dense forest (Sal forest), c open forest (mixed),
d agricultural fallow land, e cropland, f open forest (mixed)
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Table 7.1 Landsat-8 (OLI) and Sentinel-2 (MSI) images used in this study

Acquisition date Acquisition time (GMT) Cloud coverage (%)

Landsat 8 Sentinel-2 OLI time MSI time Landsat 8 Sentinel-2

6th Jan 8th Jan 04.44.05 04.51.51 0.01 0

7th Feb 7th Feb 04.43.53 04.49.31 0.02 0

27th Mar 29th Mar 04.43.30 04.46.51 9.17 0

22th Nov 24th Nov 04.44.06 04.51.21 5.06 0

7.2.2.2 Remote Sensing Data Collection and Pre-processing

The Sentinel-2 level 1C Ortho-rectified satellite data was downloaded from the
Copernicus Sentinel data hub (https://scihub.copernicus.eu). The images were
masked with the study area vector layer. The image was already pre-processed into a
Top of the Atmosphere (ToA) reflectance data. Dark object saturation (DOS) correc-
tionwas applied using the Semi-automatic plugin inQGIS software. The atmospheri-
cally correctedLandsat 8 surface reflectancedatawere procured from theUSGSEarth
explorer data portal (https://earthexplorer.usgs.gov). The corresponding and overlap-
ping pair of Landsat 8 and Sentinel-2 imageswere considered, whichwere having the
lower temporal lag (≤3 days) in imaging date and least cloud cover (≤10%) during
the pre-monsoon and post-monsoon of 2017 (Table 7.1). For the geometric accuracy
assessment between the Landsat 8 and Sentinel-2 data, the distinct features as river
boundaries werematched, over the overlapped regions. The cloud cover regions were
masked out from further analysis using the quality assessment band.

7.2.3 Comparison Method Based on Spatial Resolution

The surface reflectance and vegetation indices (EVI andNDVI) derived fromLandsat
8 and Sentinel-2 data were compared considering similar ground coverage, i.e., the
value represents same ground area. The pure pixels of each land use land cover
category were considered, and corresponding pixels from Landsat 8 and Sentinel-2
data were selected based on field observation and visual image interpretation. For
each pixel of Landsat 8 data with 30 m spatial resolution, the corresponding and
nearest nine pixels of Sentinel-2 data having 10 m spatial resolution (blue, green, red
and NIR band) were considered. However, it could be noted that there was a minor
separation in corner location in the Landsat and Sentinel data. The average values of
nine pixels in Sentinel-2 data was equated with one pixel in Landsat 8 data. On the
other hand, for SWIR1 and SWIR2 band, the average value of four pixels in Landsat
8 data (30 m) was compared with nine pixels of Sentinel-2 data (20 m).

https://scihub.copernicus.eu
https://earthexplorer.usgs.gov
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Fig. 7.3 Methodological flow chart

7.2.4 Statistical Analysis

Statistical analysis was carried out using the SPSS software and Microsoft Excel.
The total dataset was randomly segregated as training (70%) and testing (30%) using
the ArcGIS software. Using training dataset, the linear regression analysis (at 95%
confidence interval) was performed to compute parameters (slope and intercept).
The derived parameters were then applied in the testing dataset and compared with
observed values to demonstrate the accuracy via the coefficient of determination (R2)
and root mean square error (RMSE) values. A methodological flow chart is shown
as Fig. 7.3.

7.3 Results and Discussion

7.3.1 Comparison of Landsat-8 OLI and Sentinel-2 Spectral
Bands

By discretion, the concurrent surface reflectance bands along with two widely used
vegetation indices derived from the Landsat 8 and Sentinel-2 imagerywere compared
for four LULC types as cropland, agriculture fallow, dense forest and open forest.
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The comparison between the average surface reflectance values are graphically repre-
sented in Fig. 7.4. The bar diagram shows the similarity between average surface
reflectance obtained from the Landsat 8 and Sentinel-2 data for the data acquired
on 7th February (similar diagrams were also obtained for other time periods, not
shown owing to space limitations). The general pattern indicates a higher average
surface reflectance values in Landsat 8 data compared to Sentinel-2 data, except in
blue, SWIR1 and SWIR2 band for dense forest and in blue band for open forest and
cropland. For cropland, the difference in the average surface reflectance values were
minimum or nearly similar in blue, SWIR1 and SWIR bands; whereas, the maximum
differencewas observed forNIRband (~0.04) followed by green band (~0.03) and red
band (~0.02). In case of agriculture fallow, the surface reflectance values in Landsat
data were observed higher, where the lower differences were observed (~0.02) in
blue, SWIR1 and SWIR2 bands, and highest difference was observed in NIR band
(~0.05) followed by green (~0.03) and red (~0.02) band. Similarly, in open and dense
forest, the differences in surface reflectance were less in blue, SWIR1 and SWIR2
band (~0.01), which was much higher in NIR band (~0.04) followed by green and
red band (~0.02). The result indicates that the average surface reflectance is higher
for Landsat 8 compared to Sentinel-2 data for all vegetated features, where the differ-
ence is lesser in blue, SWIR1 and SWIR2 bands and highest in NIR band followed
by green and red band. If a curve were drawn on the average surface reflectance bar
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Fig. 7.4 Band to band comparison between the average surface reflectance between Landsat 8
(OLI) and Sentinel-2 (MSI) imagery for four dominated vegetated LULC categories



184 S. Ghosh et al.

diagram, it would indicate similar pattern for the both data, indicates the uniform
spectral response of the different sensors operating in differentwavelength or spectral
channel.

7.3.2 Cross-Comparison of Vegetation Indices in Different
Land Cover Types

Using the training data points, the scatter diagrams have been drawn to assess the
relationship between Landsat 8 and Sentinel-2 for NDVI and EVI (Figs. 7.5 and
7.6). It can be noted that the scatter diagrams have been shown for the data acquired
in the month of February, where the rest of diagrams have not been added here
due to space limitations. The best-fit regression line has been added in each case
to estimate the linear fit equation (slope and intercept) and corresponding similarity
(coefficient of determination) was derived. For both sensors, the NDVI values for
agriculture fallows varied between 0.22 and 0.7with themean valuewas concentrated
around 0.35, whereas few points were seen having NDVI values more than 0.45.
The agriculture fallow areas having NDVI values more than 0.45 indicates partial
grass cover during the fallow period. In case of cropland, the NDVI values varied
between 0.15 and 0.8, where the data points were equally distributed along the NDVI
range exhibits adequate data points in each NDVI range or greenness variety. The
croplands identified in the study region are Rabi crop areas during the post-monsoon

Fig. 7.5 Scatter plot represents NDVI derived from Landsat 8 and Sentinel-2 data for a agricultural
fallow, b crop land, c open forest, d dense forest
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Fig. 7.6 Scatter plot represents EVI derived from Landsat 8 and Sentinel-2 data for a agricultural
fallow, b crop land, c open forest, d dense forest

season. In case of open forest, the NDVI value ranged between 0.4 and 0.8, which
was highly scattered denoting differential greenness identified in the Landsat and
Sentinel data. However, the NDVI value range was highly concentrated for dense
forest varied between 0.6 and 0.9, denotes the nearly saturated greenness in a pixel
owing to the high canopy density in sub-tropical region of the Eastern Ghats. The
general pattern of the scatter plots indicates a positive correlation for the four LULC
categories, which is obvious. The high R2 value indicates higher similarity between
Landsat 8 and Sentinel-2 data for agriculture fallow (R2 = 0.95) and cropland (R2 =
0.96). However, the relationship was much weaker for the open forest (R2 = 0.67)
and dense forest (R2 = 0.61). Similar results were seen for EVI, where high range
for agriculture fallow with a concentrated lower value, could be indicating partial
grasses during the crop fallow period (Fig. 7.6). The range of EVI value for cropland
and open forest was well-distributed, whereas, the range was concentrated for dense
forest. The relationship in EVI value between Landsat 8 and Sentinel-2 was highly
strong for agriculture fallow (R2 = 0.96) and cropland (R2 = 0.95), which was lower
in case of open forest (R2 = 0.66) and dense forest (R2 = 0.70).
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7.3.3 Evaluation of Integral Performance of Vegetation
Indices (NDVI and EVI) for Different Land Use Land
Cover Types

The relationship developed through linear regression analysis was verified for its
transferability. The relation acquired with 70% data points (training data) were
applied in rest of the 30% data points (testing data) and compared with the observed
values. The assessment result has been shown in Table 7.2, where the estimated
relationship was verified for each month evaluating the R2 and RMSE values. With
NDVI, the R2 values for cropland varied between 0.87 and 0.96 with the RMSE
values varied between 0.03 and 0.08. For agriculture fallow, the R2 value was higher
in January and February (0.95 and 0.96) and lower in March and December (0.71
and 0.66) with the RMSE varied between 0.02 and 0.06. In case of open forest, the
R2 value varied between 0.71 and 0.87 with a RMSE value varied between 0.03
and 0.06 (except 0.16 in December). In case of dense forest, the maximum R2 value
was obtained for January (0.89) followed by March (0.77), December (0.72) and
February (0.58) with a comparatively lower RMSE value than open forest varied
between 0.02 and 0.03. Nearly similar correlation was observed for EVI for all the
land use land cover categories,where the higherR2 valueswere observed for cropland
and agriculture fallow and a comparatively lower value for open and dense forest.

Table 7.2 Comparison in spectral indices (NDVI and EVI) with testing data points for different
land use land cover categories

Land cover Month NDVI EVI

R2 RMSE R2 RMSE

Cropland Jan 0.87 0.05 0.91 0.03

Feb 0.95 0.03 0.95 0.18

Mar 0.96 0.08 0.95 0.04

Dec 0.93 0.06 0.95 0.03

Agricultural fallow Jan 0.95 0.03 0.92 0.02

Feb 0.96 0.02 0.97 0.02

Mar 0.71 0.06 0.56 0.03

Dec 0.66 0.06 0.73 0.04

Dense forest Jan 0.89 0.02 0.9 0.02

Feb 0.58 0.03 0.74 0.02

Mar 0.77 0.02 0.75 0.01

Dec 0.72 0.02 0.85 0.01

Open forest Jan 0.79 0.04 0.79 0.02

Feb 0.71 0.03 0.68 0.03

Mar 0.85 0.06 0.76 0.02

Dec 0.87 0.16 0.82 0.02
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The R2 values were more than 0.91 for cropland, which varied between 0.56 and
0.97 for agriculture fallow. For open forest, the R2 values varied between 0.68 and
0.82, whereas the range varied between 0.74 and 0.9 for dense forest. The RMSE
values for all cases were very low (≤0.04) except for cropland in the month ofMarch
(RMSE = 0.18). However, the class and time independent average R2 values were
similar (~0.83) for both NDVI and EVI.

The current study outcome indicates that the surface reflectance values for four
different vegetated categories were almost similar in every analogous band with a
slightly higher values (≤0.03) in Landsat 8 data compared to Sentinel-2 data, except
in NIR band, where the difference was observed very high (0.03–0.05). However, the
overall surface reflectance pattern was similar for both the sensors. For vegetation,
the surface reflectance difference between Landsat 8 and Sentinel-2 in NIR bands
corresponds similar changes in red and green band. This indicates that the use of
indices e.g., NDVI and EVI, which utilizes the bands as NIR, red and green band
will be similar and comparable. This was corroborated by a range of NDVI values
for different land use land cover features, which was almost similar and their strong
positive relation. However, in case of open forest, the corresponding NDVI values
fromLandsat 8 and Sentinel-2 were slightly asymmetric. On the contrary, the relative
differences in surface reflectance value between Landsat 8 and Sentinel-2 were more
similar in SWIR1, SWIR2 and blue band compared toNIR, red and green band. Thus,
indiceswhich use amixture of bands from two different categoriesmay lead to bias or
asymmetry when compared between Landsat 8 and Sentinel-2. In the current study,
although the blue band was used along with NIR and red band in the computation of
EVI, indicated symmetric values for the different vegetated categories. This could be
attributed to the lower contribution from the blue band in EVI computation. Van der
Werff and Van der Meer (2016) compared the index values for various indices used
for mineral mapping and observed high correlation (0.8) with significant differences
in index values from different sensors, which could be indicating the asymmetric
differences in surface reflectance from different bands (Table 7.3).

With NDVI, the integration performance between Landsat 8 and Sentinel-2 was
the highest for cropland followed by agriculture fallow, open forest and dense forest.
For cropland, the high positive correlation during training (R2 > 0.95) and testing (R2

> 0.87) indicates that the NDVI values obtained from Landsat 8 and Sentinel-2 are
comparable and can be integrated for combined use. Similarly, in case of agriculture
fallow, the high correlation during training (R2 > 0.95) and testing (R2 varied between
0.66 and 0.96) indicates the compatibility ofNDVI values derived fromLandsat 8 and
Sentinel-2. Comparatively, the lower correlation for open forest (R2 = 0.66 during
training and varies between 0.58 and 0.89 during testing) indicates the integrated
use of Landsat 8 and Sentinel-2 data could induce some errors. In comparison to
open forest, the correlation was higher for dense forest (R2 = 0.71 during training
and varies between 0.71 and 0.87), could be indicating lesser chances of errors in the
combined or complementarity use of Landsat 8 and Sentinel-2. Nearly similar results
were also observed for EVI, where the integration was best modelled for cropland
except in February owing to high RMSE value, followed by agriculture fallow, open
forest and dense forest. During training the correlation was highest for cropland
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(R2 = 0.96 during training and varied between 0.91 and 0.95 during testing), which
could be indicating the EVI obtained from Landsat 8 and Sentinel-2 is comparable
and can be used as a complementary data. For agriculture fallow, the low to high
correlation (R2 = 0.95 during training and varied between 0.56 and 0.97), indicates
different chances of errors in corresponding values from Landsat 8 and Sentinel-2
data. In case of dense forest, moderate correlation was observed (R2 = 0.71 during
training and varied between 0.74 and 0.9 during testing), indicates combined use
of Landsat 8 and Sentinel-2 data would lead an asymmetric values. Similarly, in
case of open forest, the lower correlation (R2 = 0.66 during training and varied
between 0.68 and 0.82) may lead to errors in the values of Landsat 8 and Sentinel-2
when integrated. It can be summarized that the NDVI and EVI values for cropland
and agriculture fallow land can be transferred among Landsat 8 and Sentinel-2 with
reasonable errors. However, the chances of errors could be much higher for open and
dense forest, when the values of Landsat 8 or Sentinel-2 data is transferred to another
data and may induce bias during comparative or time-series analysis. Similar studies
carried out byMandanici andBitelli (2016) for six different land cover types in varied
climatic condition and reported similar coefficient of determination values ranging
between 0.81 and 0.92 for NDVI and homologous bands. Comparatively a lower
correlation was reported by Lessio et al. (2017) obtained the R2 greater than 0.61
and 0.53 for NDVI and NDWI, respectively. The RMSE value obtained in the study
corroborates the values reported byVuolo et al. (2016) with a correlation of 0.90 with
RMSE ranging from 0.023 to 0.043. The results indicate the surface reflectance is
higher in NIR, green and red bands for Landsat 8 compared to Sentinel-2 data, which
was less in blue, SWIR1 and SWIR2 bands. The study highlights that although, the
Landsat 8 and Sentinel-2 data have similar sensors with symmetric spectral response
and bandwidth, there are chances of errors when these two are used together. The
systematic and minor differences in surface reflectance values in NIR, red and green
band would better help in monitoring when vegetation indices are introduced, where
chances of errors are minimum for uniform features having low frequency compared
to heterogenous features with high frequency.

7.4 Conclusion

In comparison to Landsat, the 5 days revisit of the latest Sentinel-2 satellites with
much higher spatial resolution in few important bands (e.g., blue, green, red andNIR)
enables improved monitoring the earth surface features and processes, e.g., mapping
crop stages and forest fire, where events occur or change at much higher rate. The
high spatial resolution of Sentinel-2 enables studies in heterogeneous landscape
and high temporal resolution increases chances of getting cloud free scenes and
better modelling with ground observed data recorded at daily scale. On the other
hand, the Landsat series have global surface reflectance records of past five decades.
Thus, the integration bridge between the Landsat inventories and latest Sentinel-
2 data would lead to long-term assessment at much higher spatial and temporal
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resolution. The comparative analysis for the analogous spectral bands operating in
nearly similar bandwidth and spectral range indicates high and systematic surface
reflectance obtained from Landsat 8 and Sentinel-2. However, the average surface
reflectance obtained fromLandsat 8 bands indicates higher than that of the Sentinel-2
bands. The difference in surface reflectance is much higher in NIR band followed
by red and green band; whereas, the difference is low for blue, SWIR1 and SWIR2
band. The high similarity in surface reflectance pattern for the both sensors signifies
the consistency and utilities when integrated for combined use. For comparative
assessment in index values derived from Landsat 8 and Sentinel-2, two widely used
vegetation indices as NDVI and EVI was equated for known observations. The linear
regression model demonstrates the potentiality of translation from Landsat data to
equivalent Sentinel-2 data and vice-versa, where the relationshipwas observed strong
for cropland and agriculture fallow compared to dense and open forest. This could
be inferred that the similarity is high for homogeneous features as cropland and
agriculture fallow compared to heterogeneous features as forest. High similarity
(high correlation and lower RMSE) confirms the differences between MSI and OLI
imagery are subtle and allows their complementary use. However, chances of errors
are significant in heterogeneous class as forest, where the conversion of index values
or integration between Landsat 8 and Sentinel-2 may lead to bias with a limited
accuracy.
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Chapter 8
Comparative Assessments of Forest
Cover Change in Some Districts of West
Bengal, India using Geospatial
Techniques

Mitrajit Chatterjee and Atma Deep Dutta

Abstract Forests are one of the most important components on our planet as they
regulate a number of natural systems viz. the food chain, the water cycle, the carbon
cycle etc. In this study, we have focused on the forest cover of districts that has a very
small percentage of area covered by forests. The study has been performed for a time
period of 30 years i.e. from 1990 to 2020 and a time series analysis of the changes in
forest cover has been done. The forested areas are divided into three type namely very
dense forest,moderately dense forest andopen forest. Five districts in the state ofWest
Bengal have been selected namely Hooghly, Nadia, Purba and Paschim Bardhhaman
(considered together as Burdwan) and Purulia. These districts particularly belong to
the South Bengal region and out of them namely Hooghly, Nadia and Bardhhaman
are also a part of deltaic region of the Lower Gangawhich is known as the Bhagirathi-
Hooghly River in West Bengal. These districts are chosen because they are one of
the most populous districts both in the state and also in the country but they lack
adequate amount of natural vegetation cover, the reasons for which can be cited are
the availability of fertile land for agriculture which consequently makes these places
one of the most suitable areas for human beings to survive and thrive. In this study a
standardised and simple index namely the Normalized Difference Vegetation Index
(NDVI) has been used to delineate various kinds of forest and a Land Use Land
Cover (LULC) classification has been done to study the present land use condition
of these districts. It has been found that the district of Purulia has themaximum forest
cover while the district of Hooghly lacks areas with very dense forest. Studies have
shown that forest cover conditions has improved for all of these districts since the last
decade but most of these improvements has been observed in the open forest category
which signifies that social forestry might have been taking place which proves an
increasing concern among people and the government in saving the environment.
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8.1 Introduction

Assessment of forest cover and estimating its changes along with Land Use and Land
Cover (LULC) Mapping is very important in today’s dynamically changing urban
world as forests are at maximum threat and hence proper policies and strategies
are required for their protection. Forests play a very significant role in shaping the
earth’s surface but in this era of human civilization, they are at an increased risk
of extinction mainly due to the anthropogenic activities. Moreover with the gradual
reduction of forest area and increasing urban sprawl, significant change in normal
climatic conditions are also observed which will also be a threat to the entire planet
in the coming future. Remote sensing and GIS play a vital role in mapping and
monitoring forest cover along with other land use land cover classes in comparison
to the conventional ground based techniques as it saves a lot of time and in much
more economical. Conventional classification techniques have proved to be very
beneficial in mapping of land use land cover classes but with the advent of research
in this field various indices have been developed which have enhanced the accuracy
in LULC classification and also helps in proper monitoring and modelling of the
required entities (Bera and Prakash 2018).

Image classification is a very important process in the preparation of LULCmaps
and this process of image processing depends on a number of factors few of which
are quality of satellite imageries available, resolutions of the satellite imageries
depending on our requirement (spatial, spectral, radiometric and temporal), cloud
cover in the imageries, expertise of the producer etc. (Rwanga and Ndambuki 2017).

Rawat et al. in their studyhaveused remote sensing andGIS techniques to study the
LULC of Ramnagar town and Hawalbagh district located in the state of Uttarakhand.
Supervised classification has been done using the Maximum Likelihood Classifier
to prepare the LULC maps of the study area and finally change detection has been
done to analyse the changes in various land use and land cover classes of the study
area (Rawat et al. 2013; Rawat and Kumar 2015).

The forest cover of India has rapidly declined due to increased urbanisation and
industrialisation and it has declined to 21.3% of the total geographical area of the
country. In a report of the Department of Economic and Social Affairs, Secretariat of
theUnitedNations ForumonForests “Reviewof the effectiveness of the International
Agreement on Forests” published in the year 2005 it has been stated that “In India
(another country where forest policy and planning are a concurrent responsibility of
the central government and the state governments), there is a goal of increasing forest
tree cover to 33%over 20 years, with forests being treated primarily as environmental
and social resources and only secondarily as a commercial resource”. According to
a report of the PIB published by the Ministry of Environment, Forest and Climate
Change, Government of India it has been stated that “Total Forest and Tree Cover
rises to 24.56% of the total geographical area of the country”. Although there has
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been a good progress in improving the forest cover of our country but still better
efforts are to be made to improve the forest cover at a very ground level and a
bottom up approach would be more effective in achieving the goal of 33% forest
cover by 2025. In this scenario research should be done and strategy should be made
and implemented at the district level so that it contributes largely to the increase in
forest cover of our country. This chapter focuses on the forest cover conditions of
four districts present in southern part of Bengal out of which three of the districts
are poorly covered with dense forest area. The objective of this paper is to analyse
the forest cover of four districts of southern part of West Bengal namely Burdwan,
Hooghly, Nadia and Purulia and assess the rate of change of forest over the time
period of 1990–2020. Another objective of this study is to understand the Land Use
Land Cover pattern of these districts so that it can help in implementing joint forestry
and social forestry schemes in the coming future which can also be a future scope of
this study.

8.2 Study Area

Five districts in the Southern part of the state of West Bengal namely Hooghly,
Nadia, Purba and Paschim Bardhhaman (considered together as Burdwan District)
and Purulia has been selected for study in this chapter (Fig. 8.1). Hooghly is one
of the districts in West Bengal named after the River Hooghly. It has a latitudinal
extension of 22° 35′ N to 23° 15′ N and a longitudinal extension of 87° 25′ E to
88° 35′ E. The headquarters of the district are located at Chinsurah. The Hooghly
district has four subdivisions namelyArambagh,ChinsurahSadar,Chandannagar and
Srirampur. Burdwan is the seventh most populous district in India which is situated
in West Bengal. This district houses the two most industrialised cities of the state
and the country namely Asansol and Durgapur. This district extends from 22° 55′ N
latitude to 23° 50′ N latitude and 86° 40′ E longitude to 88° 20′ E longitude. It is
also known as the ‘rice bowl’ of West Bengal. Nadia is a district in the state of West
Bengal sharing its border in the East with Bangladesh. It also shares its borders with
Hooghly district in the South and Burdwan district in the west. It has a latitudinal
extent of 22° 45′ N to 24° 05′ N and a longitudinal extent of 87° 55′ E to 88° 55′ E.
Purulia is also a district in the state of West Bengal which extends from 22° 40′ N
latitude to 23° 35′ N latitude and from 85° 25′ E longitude to 87° 20′ E longitude.
Some of the important towns of this district are Raghunathpur, Adra, Jhalda and
Balarampur.

These districts have been selected as the study area because three of the districts
namely Burdwan, Hooghly and Nadia have the least dense forest cover and efforts
should be made to improve the forest cover of these regions through joint and social
forestry. The district of Purulia although has the highest forest cover among the four
of them but they are at a threat due to increasing rate of urbanisation and hence
monitoring of the forest area is required.
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Fig. 8.1 Location map of the study area

8.3 Materials and Methods

8.3.1 Data Used

Satellite imageries of Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational
Land Imager (OLI) have been used for computing the NDVI and delineating the
various forest covers in the above district. Higher resolution Sentinel 2 data has been
used for executing the image classification process to produce the LULC maps. The
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details of the Landsat satellite and Sentinel imageries used along with their details
are provided in Tables 8.1 and 8.2 respectively.

Table 8.1 Details of Landsat Satellite imageries

Satellite District Date of capture Resolution (m) Bands used Wavelength
(μm)

Landsat 5 Burdwan and
Hooghly

05-01-1990 30

30-01-1990

17-01-2000

26-01-2000

13-02-2010

21-01-2010 Blue 0.45–0.52

Nadia 30-01-1990 Green 0.52–0.60

Red 0.63–0.69

10-01-2000 NIR 0.77–0.90

26-01-2000 SWIR 1 1.55–1.75

21-01-2010 TIR 10.40–12.50

SWIR 2 2.09–2.35

Purulia 05-01-1990 Panchromatic 0.52–0.90

12-01-1990

21-03-2000

24-01-2000

13-02-2010

19-01-2010

Landsat 8 Burdwan and
Hooghly

02-02-2020 Coastal aerosol 0.43–0.45

24-01-2020 Blue 0.45–0.51

Nadia 02-02-2020 Green 0.53–0.59

17-01-2020 Red 0.64–0.67

Purulia 24-01-2020 NIR 0.85–0.88

27-01-2020 SWIR 1 1.57–1.65

SWIR 2 2.11–2.29

Panchromatic 0.50–0.68

Cirrus 1.36–1.38

TIRS 1 10.60–11.19

TIRS 2 11.50–12.51
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Table 8.2 Details of Sentinel Satellite imageries

Satellite District Date of capture Resolution (m) Bands used Wavelength (nm)

Sentinel 2 Burdwan 20-03-2020 10

23-03-2020 Band 2—Blue 490

25-03-2020 Band 3—Green 560

Nadia 20-03-2020 Band 4—Red 665

25-03-2020 Band 8—NIR 842

Purulia 12-02-2020

8.3.2 Methodology

The imageries of Landsat and Sentinel satellites have been downloaded from USGS
Earth Explorer (https://earthexplorer.usgs.gov/). A flowchart of the methodology is
being provided below in Fig. 8.2.

All the imageries used for the study have both land and scene cloud cover of less
than 10%. LULC classification for the district of Hooghly has been carried out using
Landsat OLI data captured in the year 2020 (specific dates mentioned in Table 8.1)
as cloud free Sentinel imageries were not available for the year 2020. The Landsat
5 TM data downloaded for the year 2010 of all the districts were clipped with the
help of scene shape file as the left and right edges of the imageries had finger-like
discontinuation which was producing error in further investigations. The shape files
of the Landsat scenes were downloaded from https://www.usgs.gov/media/files/lan
dsat-wrs-2-descending-path-row-shapefile.

The Landsat satellite imagery bands that have been used to calculate the NDVI
(marked in red) were mosaiced and then they were clipped using the district bound-
aries. After clipping, the NDVI were calculated based on the formula mentioned
below.

NDVI = NEAR INFRARED − RED

NEAR INFRARED + RED

On calculation of NDVI, threshold values were selected to delineate the various
forest type namely very dense forests, moderately dense forest and open forest
(Sonawane and Bhagat 2017). The threshold values were completely selected on trial
and error basis. From the accuracy assessment table of the NDVI, it can be seen that
this method has produced significant results but better results needs to be produced
for which indices that can remove the interference of agricultural lands needs to
be developed (Table 8.6). Area of various forest types of the different districts has
been calculated and their change has been analysed. LULC classification of different
districts has been done using Sentinel 2 satellite imagery because of its very high
resolution except for the district of Hooghly. Area of various LULC classes has been
calculated and the differences with those of total forest area are analysed. The LULC
classification has been done using theMaximum Likelihood Classifier (MLC) which

https://earthexplorer.usgs.gov/
https://www.usgs.gov/media/files/landsat-wrs-2-descending-path-row-shapefile
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Satellite Imageries

Landsat Sentinel

Mosaicing Band Layer Stack

Image Dodging 

Clipping with district boundary

NDVI Maximum Likelihood Classifier

Selection of Threshold Values Supervised Classification 

Delineation of Forest Types Accuracy Assessment 

Accuracy Assessment 

Final Outputs

Fig. 8.2 Flowchart of methodology

is an algorithm of supervised classification technique (Rawat et al. 2013; Rawat and
Kumar 2015).

An attempt has been made to calculate the Advanced Vegetation Index (AVI)
for the selected study area. Vegetation and non-vegetated areas are generally differ-
entiated with the help of NDVI. But being a ratio based index, it at times fails to
highlight certain subtle differences due to canopy density in the infrared and red. By
using power degree of infrared response, these subtle differences can be highlighted.
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AVI is also sensitive to forest density and physiognomic vegetation classes. This
index is an important parameter in the calculation of Forest Canopy Density (FCD)
and hence an attempt to estimate the FCD for the study area was made. The formula
for calculating AVI is mentioned below.

AVI = {(B4 + 1) (256−B3) (B4 − B3)}1/3

The above formula is applicable for Landsat TM imageries only and B2 refers to
the green band, B3 refers to the red band andB4 refers to the near-infrared (NIR) band
(Sahana et al. 2015). In most of the literature it was found that AVI was specifically
used for a particular forest and not for identifying the forest canopy density in an
entire district, hence when it was applied on the Nadia district, it did not produce
good results. Moreover, we selected the Nadia district for testing the applicability of
this index as the forest cover of Nadia district highly matched with the forest cover
report of Forest Survey of India (FSI). But since this index did not produce expected
results, we did not use it for other districts of our study area and hence FCD could
not be calculated.

8.3.3 Accuracy Assessment

Accuracy assessment of remote sensing product is a feedback system for checking
and evaluating the objectives and results. Accuracy assessments determine the
correctness of the classified image. Accuracy is a measure of the agreement between
a standard that is assumed to be correct and a classified image of unknown quality. If
the image classification corresponds closely with the standard, it is said to be accu-
rate (Bhatta 2017). Accuracy assessment for Land use Land cover classification and
NDVI for the year 2020 have been done for each district to determine the level of
accuracy of the classification with the ground. A random set of points were gener-
ated and classification results were compared with the true information classes in the
reference image (Google Earth image). In the evaluation of classification errors, a
classification error matrix was typically formed by the software for each district and
henceforth, the overall accuracy for each district has been calculated. Kappa Coeffi-
cients have also been taken into account to confirm the acceptability of the accuracy
results. KappaCoefficient (κ) is a statistic that is used tomeasure inter-rater reliability
(and also Intra-rater reliability) for qualitative (categorical) items (McHugh 2012).
Values <0 as indicating no agreement and 0–0.20 as slight, 0.21–0.40 as fair, 0.41–
0.60 as moderate, 0.61–0.80 as substantial, and 0.81–1 as almost perfect agreement
(Landis and Koch 1977; Rwanga and Ndambuki 2017). Table 8.3 is a glimpse of
the generated error matrix along with the accuracy level and Kappa value for LULC
classification of Burdwan District for the year 2020.

Similarly, error matrices for the remaining districts were also determined for
LULC and NDVI classifications.
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Table 8.3 Error matrix of LULC classification of Burdwan district for the year 2020

Sl
No.

Classified Water
bodies

Agricultural
land

Built
up

Vegetation Total Users
accuracy

Kappa

1 Water bodies 8 0 1 1 10 0.8 0

2 Agricultural
land

0 8 2 0 10 0.8 0

3 Built up 0 3 7 0 10 0.7 0

4 Vegetation 0 1 0 9 10 0.9 0

Total 8 12 10 10 40 0 0

Producer
accuracy

1 0.67 0.7 0.9 0 0.8 0

Kappa 0 0 0 0 0 0 0.73

8.4 Results and Discussion

8.4.1 LULC Feature

The LULC features for the year 2020 of the districts have been classified namely
vegetation, built up area and barren land, agriculture land and agricultural fallow and
water bodies (Figs. 8.3, 8.4, 8.5 and 8.6). The area covered by the different LU/LC
class is represented (Table 8.4). Maximum vegetation (841.17 km2) in terms of area

Fig. 8.3 LULC map of Burdwan
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Fig. 8.4 LULC map of Hooghly

Fig. 8.5 LULC map of Purulia
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Fig. 8.6 LULC map of Nadia

is found in the Purulia district. The remaining districts have forest cover less than
500 km2 with Hooghly district having the least vegetation cover (200.14 km2). The
forests are mostly scattered within the districts.

For the district of Burdwan, the forested areas are scattered throughout the entire
district but a dense patch of forest can be seen in the western and the southern parts of
the district. Majority of the district is covered with agricultural land (46.94%) which
proves the title of “Rice Bowl of West Bengal”. Settlements are mainly concentrated
in the southern and south-eastern part and at the extreme western ends. Presence of
a few water bodies are observed in a scattered manner along the entire district (3%).

The district of Hooghly has mostly agricultural land and built up area as the major
land use types which are 38% and 49% respectively of the entire geographical area
of the district. The major water body in the district namely Hooghly River runs
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Table 8.4 Land use land cover (LULC) area for the year 2020

LULC
classes

DISTRICT

Burdwan Hooghly Nadia Purulia

Area
(km2)

% of
area to
total area

Area
(km2)

% of
area to
total area

Area
(km2)

% of
area to
total
area

Area
(km2)

% of
area to
total
area

Vegetation 418.51 5.946307 481.91 15.29985 406.25 12.6801 741.17 10.8248

Built-up
and barren
land

2897.83 41.17318 1285.41 40.80965 1050.9 32.8013 3087.64 45.0949

Agricultural
land and
agricultural
fallow

3476.96 49.40162 1201.7 38.15199 1670.74 52.148 2277 33.2555

Water
bodies

244.85 3.478897 180.75 5.738514 75.95 2.37059 741.17 10.8248

Total area 7038.15 100 3149.77 100 3203.84 100 6846.98 100

along the eastern end of the district and is clearly distinguishable from the LULC
classification. Natural vegetation covers 6% of the entire geographical area of the
district. A patch of natural vegetation is seen in the south-eastern part of the study
area. The district of Nadia also has its major portion of its land use in built-up and
agricultural land use sector which covers 31% and 32% area respectively of the entire
geographical area of the district. Most of the northern part of the district is covered
with agricultural land and the southern part of the district comprises mostly of the
settlements. 8% area of the district is covered with water bodies which include small
water bodies scattered throughout the entire district and the major Hooghly River
running through the western part of the district. Only 12% of the entire area of the
district is covered with vegetation which is scattered throughout the entire district.
The district of Purulia has a dearth of water bodies which is evident from the LULC
classification of the district. Only 1% of the total geographical area of the district is
coveredwithwater bodies and themajor water body of this district are two dams in its
northern and southern parts. The major part of the district is covered by built-up land
use which covers 49% of the entire geographical of the district. The built-up areas are
scattered throughout the entire district with its major concentration at northern and
north western parts. Purulia having a rough terrain has less area under agricultural
land in comparison to the other districts. The agricultural land use in Purulia covers
35% of the entire geographical area of the district. 13% of the geographical area of
the district is covered with natural vegetation. Dense patches of natural vegetation
are observed in the western and southern part of the district and smaller patches of
vegetation are scattered throughout the entire district.
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Table 8.5 Accuracy assessment of LULC for the year 2020

District Accuracy (%) Kappa coefficient

Burdwan 80 0.73

Hooghly 85.23 0.78

Nadia 80 0.73

Purulia 70 0.6

Accuracy assessment is done to analyse the effectiveness of the LULC classifi-
cation. A classification accuracy assessment has been performed on the classified
maps of 2020 using an error matrix algorithm. The LULC maps indicate an overall
accuracy of 75–90% (Table 8.5) with Hooghly district showing the highest accuracy
and Purulia the lowest. From the accuracy assessment table (Table 8.5), it is evident
that all the LULC have acceptable accuracy and substantial Kappa coefficient values.

8.4.2 Vegetation Dynamics

The NDVI is the most commonly used index for forest vegetation biomass moni-
toring. The range of the NDVI lies between −1 to 1, but the absolute value of NDVI
for vegetation change analysis is between 0 and 1. Healthy vegetation yields high
positive NDVI values because they exhibit high reflectance in the NIR and low in
visible wavelength and the negative values are mainly due to the barren lands, cloud
covers etc.

NDVI for four different years 1990, 2000, 2010 and 2020 have been calculated
and mapped for all the districts and there is a significant variation in the forest cover
in a span of 30 years (Figs. 8.7, 8.8, 8.9 and 8.10). District wise threshold values
have been ascertained for each year on the basis of the NDVI range obtained in order
to categorize the vegetation into broadly three categories viz. very dense forest,
moderately dense forest and open forest (Table 8.6). There is a significant decrease
in the forest area for the districts of Hooghly and Nadia owing to the increase in the
built-up areas. The maximum forest cover is in the district of Purulia while the forest
cover in Burdwan has shown a stable figure over the time span of 30 years. Threshold
values in NDVI are selected to differentiate the forested areas from the non-forested
areas. These threshold values are selected completely on trial and error and hence it
is different for the various districts and various time periods.

The differences in the threshold values can be attributed to the reasons which are
different times (year) of capture of the imageries and the differences in the extent
and distribution forested and non-forested areas of the various districts along with
other land use and land cover classes. By comparing the NDVI values over the years,
it indicates that the NDVI value range have decreased significantly. The decrease in
positive value of NDVI indicates the change of healthy forest and vegetation. The
accuracy assessment of NDVI based classification is much higher than the LULC
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Fig. 8.7 NDVI based classification of Burdwan

and the Kappa Coefficients are also high (Table 8.7). So, the classification based on
NDVI values can be taken into consideration.

From the results of NDVI for the district of Burdwan, it is seen that the district
had an almost stable forest cover throughout the entire study period. A significant
decrease in the forest cover has been observed for the year 2010 but it has shown
an improvement for the year 2020. In fact the report of Forest Survey of India (FSI)
also claims a similar increase in the forest area from 2011 to 2019 in reports of the
respective years. Most of the forest cover is concentrated in the southern and south-
eastern part of the district and the very dense forest category can also be traced in the
south eastern part of the district. The presence of this very dense forest in the study
area can be attributed to the presence of Ramnabagan Wildlife Sanctuary situated in
the south eastern part of the district. The other two forest categories namelymoderate
dense forest and open forest are spread sporadically throughout the entire district. The
Hooghly district is the only district in the study area among the four of the districts
which has no recorded dense forest. Although the other two forest categories are
spread throughout the entire district but a decrease in area has been observed in
forest cover for the period of study. The district of Nadia shows similar trends with
that of the district of Hooghly. Although the Nadia district has a protected forest
area namely the Bethuadahari Wildlife Sanctuary but the area covered by dense
forest cover as is seen from the study is relatively low. The forest cover in Nadia
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Fig. 8.8 NDVI based classification of Hooghly

district also shows a drastic reduction from 1990 to 2010 but the increase in forest
cover for the year 2020 proves effective implementation of the various efforts by
the government and NGOs in increasing forest cover through various joint forestry
and social forestry schemes. The district of Purulia has shown a stable increase in
the forest covered areas from 1990 to 2010 but an interesting change to observe in
regards to the forest cover of this district that there has been a significant decrease
in the dense forest cover category for the year 2020. Although forest cover under
moderately dense forest and open forest has increased but efforts must be made to
preserve the dense forests which contributes mostly to the biodiversity of an area.
The reduction in dense forest cover of the district can be attributed to the cause of
felling of trees by the tribal for their livelihood as Purulia houses a huge population
of the various tribal communities of West Bengal.

8.5 Conclusion

This study gives an overview of the forest cover in four districts if West Bengal out
of which the district of Hooghly lacks a proper forested area and most of the forests
cover type in this district is moderately dense and open. Low accuracy for some cases
has been observed which is mainly due to fact that in some areas the agricultural
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Fig. 8.9 NDVI based classification of Purulia

lands were included in the open forest category. Since these areas lack very dense
forest and dense tree canopy, indices should be developed that can easily differentiate
areas under natural vegetation from other LULC classes. Hooghly district completely
lacks dense forest cover and hence areas must be found out where reforestation can
be done. Purulia has a good forest cover in comparison to the other districts. This
can be attributed to the moderately undulating topography in this district which has
prevented rapid growth of human population as well as the climate and soil which
are less favourable for agricultural practices.
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Fig. 8.10 NDVI based classification of Nadia
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Table 8.7 Accuracy assessment of NDVI based classification

District Accuracy (%) Kappa coefficient

Burdwan 89 0.85

Hooghly 82.72 0.78

Nadia 90.9 0.86

Purulia 90 0.63
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Chapter 9
Assessment of Forest Health using
Remote Sensing—A Case Study
of Simlipal National Park, Odisha (India)

Partha Sarathi Mahato, Kathakali Bandhopadhyay,
and Gouri Sankar Bhunia

Abstract Forest ecosystems fulfill the entire ecosystem functions that are essential
for life on our planet. However, an unprecedented level of anthropogenic influences
is reducing the resilience and stability of our forest ecosystems as well as their
ecosystem functions. In the present study we focused to determine forest health
pattern of Simlipal National Park (Odisha, India) based on Remote Sensing and
GIS techniques. Multitemporal Landsat 8 operational Land Imager (OLI) data are
derived from USGS Earth Explorer Community. Normalized difference vegetation
index (NDVI), SARVI (Soil andAtmospherically ResistantVegetation Index),Modi-
fied Chlorophyll Absorption Ratio (MCARI), and Moisture Stress Index (MSI) have
been used to create different vegetation indices to estimate forest health. Finally,
Weighted overlay analysis is performed on GIS platform to identify the forest health
pattern in the national park. NDVI index showed the maximum accuracy for identi-
fying vegetation classes. Results showed in the eastern and central part of the study
area having excellent vegetation cover. Good to moderate vegetation cover areas are
observed in the south and small pockets in north of the study area. The excellent
vegetation coverage area also increases day by day. To exclude the agricultural lands
and cloud cover from forest area images from the month of January are selected.

Keywords Vegetation health · Landsat data · Vegetation indices · Weighted
analysis · Simlipal national park
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9.1 Introduction

Continuing biodiversity loss has prompted researchers and decision makers around
the globe to reconsider current natural resource management policies and pursue
alternate strategies that are successful in avoiding more habitat destruction and
species extinction, while encouraging sustainable resource use (Karjalainen et al.
2010; Brockerhoff et al. 2017). India is one of the world’s mega-biodiversity nations,
with a deep dependency on its natural resources for economic development. For their
livelihood, a significant part of India’s rural and tribal population also relies directly
on certain natural resources (Dash and Behera 2012). Many research studies have
pointed out in recent years that the depletion of biodiversity (as regards species
extinction) has risen significantly as a result of increasing human interference in the
natural world (Das and Das 2008). Humans are predicted to vanish at a rate more
than 1000 times faster than historically known (Dash and Behera 2013).

The Simlipal National Park in Odisha district of Mayurbhanj, which is mainly
populated by indigenous peoples, was a source of tension between the tribal commu-
nities and the department of forest. The Field, spread out over 2750 sq. Km, a Tiger
Reserve was proclaimed in 1973, and a sanctuary in 1979. The central govern-
ment in 1986 numbered 845 sq. Km of reserve as a central area; the same area was
later extended to 1,194.75 sq in 2007. Miles, encompassing 5 of the 65 villages
that existed within park boundaries. Forest production accounts for over 50% of
local household income and fuelwood is a 100 percent source of electricity in the
Similipal Biosphere Reserve (SBR). Since 1995, nearly 20% of forest land in the
biosphere reserve has been occupied by local people for farming activities are sources
are primarily solely biotic by non-timber forest products (NTFP) miners, smugglers,
poachers, and grazers. In the years 1991–2000, approximately 100 sq km of land was
destroyed as a result of forest fire which is a significant cause of soil erosion which
soil flora and fauna died. A few villages hold wells and pipes for the pipeline. For
domestic duties and drinking needs, lakes and water sources are used mainly. Unhy-
gienic a contaminated drinking water leads to multiple diseases including diarrhoea
and jaundice (especially water-related vector-borne diseases).

Forest health is measured by the amalgamation of various factors like age,
composition, function, vigour, presence of unusual levels of insects or diseases
and reliance to disturbance (Martin and Aber 2006). Forest health monitoring has
become increasingly important, especially in recent years as climate and other stres-
sors have adversely affected forest conditions in many regions (Lindner 2014; Millar
and Stephenson 2015). There has been a broad gap between the knowledge needed
by forest managers and researchers and the information available for recognizing and
evaluating forest health drivers ‘nature and multidimensionality, stressors, threats,
and consequences’. Decision- need high spatial and temporal precision forest health
information, from local to global, for short and long-cycles that can be tracked at low
cost. Such knowledge within regions should be analogous and based on standardized
methods (Lausch et al. 2018).
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Anthropogenic and environmental stressors and disruptions impact all stages of
biotic organization, potentially impacting their resiliency in forest environments.
Interactions between drivers, stressors, threats, and effects on sequential and spatial
scales are dynamic, frequently non-linear, and multifaceted. A holistic approach is
important in order to achieve a clearer understanding of the impact of various stressors
and threats and in assisting landmanagers, decision-makers and policymakers in their
forest management decisions. It involves data collection, reporting, interpretation
and forest health evaluation at all stages of forest health monitoring (Trumbore et al.
2015) aswell as biodiversitymonitoring (Guerra et al. 2017) and forest habitat change
through successful regional management of healthy biodiversity and environmental
change findings, measures and scenarios (Krug et al. 2017).

Though forest health terrestrial assessment is time intensive and is typically carried
out on monitoring plots, remote sensing (especially satellite-based) allows for cost-
effective and time-efficient persistent analysis of forest conditions across vast areas
(Frolking et al. 2009). Forest health reports are widely available from national forest
inventories and surveillance systems (Traub et al. 2017), forest ecology laboratory
experiments (Bruelheide et al. 2014), and reports from remote sensing (RS) and RS
research items (White et al. 2016). Vegetation spectral properties derive from solar
radiation contact with the composition of the cells, chlorophyll and other pigments.
The amount of pigments is related to the degree of damage and the amount of chloro-
phyll decreases with increasing damage rates. Vegetation indices (Vis) are built from
reflectance measurements over the optical spectrum of two or more wavelengths
to detect different plant features, such as total leaf area and water content. Instead
of measuring single-VIs and their classifications, the latest pattern in this area lies
in time series applications and trajectory or feature recognition in datasets. Landsat
satellite scenes have been used in forestry for decades (Coleman et al. 1990), but their
use grew significantly after free data policy was implemented in 2008 (Wulder et al.
2012). All Landsat satellites routinely survey the Surface of the earth approximately
once every 16 days in a spatial resolution of 30–60mper pixel in visible, near infrared
and medium infrared wavelengths in multiple spectral channels (Roy et al. 2014).
Based on the above consideration, present study is undertaken to provide system-
atic description of remote sensing- based forest health monitoring and mapping of
Simlipal National Forest of Odisha (India).

9.2 Study Area

Simlipal National Park (SNP) forest derives its name from the abundance of area-
growing red silk cotton trees, and is India’s 7th largest national park. The park has
some stunning cascades such as Joranda and Barehipani Falls. It is home to Bengal
tiger, Asian lion, chausingha and gaur. It is extended between 21° 10′ to 22° 12′
N latitude and 85° 58′ to 86° 42′ E longitude, located in Mayurbhanj district in
Odisha within Mahanadian east-coastal bio-geographic region of tropical eastern
India (Fig. 9.1). The study area is covered by 2750 sq km. The average height is
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Fig. 9.1 Location map of Simplipal National Park, Mayurbhanj district (Odisha, India)

559.31 m. The Similipal region is therefore undulating, rising from 600 to 1500 m.
The tropical monsoonal climate with three distinct seasons i.e. summer, monsoon
and winter prevail over the Similipal. The southern flank of Similipal adjoining
Devasthali, Upper Barhakamuda, Bhanjabasa and Nawana valley experience occa-
sional frost during winter. The average maximum temperature duringMay is 33.5 °C
and the average minimum temperature is 9.8 °C during December. High relative
humidity prevails throughout the year which goes up to 90% during rainy season.
Spring breeze is quite common throughout the park. The park is a treasure house
containing 1076 plant species belonging to 102 families. Here 96 orchid species have
been described (Jena 2005). It occurs in the moist deciduous forest ecoregion of the
Eastern Highlands, with tropical moist broadleaf forest and tropical moist deciduous
forests with dry deciduous hill forests and high-level Sal forests. Simlipal National
Park has recorded a total of 42 species of mammals, 242 species of birds and 30
species of reptiles.
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Table 9.1 Details of satellite data are used in this study

Satellite/sensor Date of
acquisition

Spectral resolution
(micrometres)

Spatial
resolution
(m)

Radiometric
resolution
(bit)

Temporal
resolution
(day)

Landsat 8
operational land
imager (OLI)

21/02/2019 Band 1: 0.43–0.45 30 16 16

Band 2: 0.45–0.51 30 16 16

15/01/2017 Band 3: 0.53–0.59 30 16 16

Band 4: 0.64–0.67 30 16 16

26/01/2015 Band 5: 0.85–0.88 30 16 16

Band 6: 1.57–1.65 30 16 16

Band 7: 2.11–2.29 30 16 16

Band 8: 0.50–0.68 15 16 16

Band 9: 1.36–1.38 30 16 16

Band 10:
10.60–11.19

100 16 16

Band 11:
11.50–12.51

100 16 16

9.3 Materials and Method

9.3.1 Data Sources and Pre-processing

The survey of India Toposheets number 73 J/4, 73 J/8, 73 J/12, 73K/1, 73K/2, 73K/5,
73 K/6, 73 K/9, 73 K/10 with scale 1:50,000 covering the study were used for refer-
ence purpose. The latest medium-resolution satellite imagery Landsat 8 OLI satel-
lite imagery (Path/Row–139/45) of 2019, 2017 and 2015 were acquired from USGS
Earth Explorer Community (https://earthexplorer.usgs.gov/). The details of the satel-
lite data are described in Table 9.1. The Landsat OLI image were geo-referenced to
the Universal Transverse Mercator (UTM) projection zone 43 and World Geodetic
System (WGS) 84 datum. All the images are radiometrically corrected to histogram
equalization.

9.3.2 Estimation of Forest Health

To study the forest health of Simlipal National Park, multispectral spatial data from
Landsat8 series were used. The Normalized difference vegetation index (NDVI),
which distinguishes actively growing vegetation from background features, is the
most widely used vegetation index in remote sensing studies (Hansen et al. 2000).
Other indices for measuring cover commonly used include, the Soil Adjusted Vege-
tation Index (SAVI), Enhanced Vegetation Index (EVI), Modified Soil Adjusted

https://earthexplorer.usgs.gov/
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Vegetation Index (MSAVI) and the Transformed Soil Adjusted Vegetation Index
(TSAVI) (Qi et al. 1994). In the present study NDVI, MSI (Moisture Stress Index),
MCARI (Modified Chlorophyll Absorption Ratio Index), MSAVI (Modified Soil
Adjusted Vegetation Index), and SARVI (Soil and Atmospherically Resistant Vege-
tation Index using) QGIS and ERDAS Imagine 2014. The calculated vegetation
indices are reclassifiedusing raster classify tool based on the pixel values into fourfold
classification.

9.3.3 Estimation of Normalized Difference Vegetation Index
(NDVI)

NDVI quantifies vegetation vigor by measuring the difference between near-infrared
(NIR) and red wavelength of the electromagnetic spectrum. The pigment of plant
leaves and chlorophyll strongly absorbs visible light (from 0.4 to 0.7µm; Band4) for
the use of photosynthesis. The cell structure of the leaves, on the other hand, strongly
reflects NIRwavelength (from 0.7 to 1.1 µm; Band5). The NDVI is calculated from
these individual measurements as follows:

NDV I = (N I R − RED)

(N I R + RED)

The value of NDVI ranges from −1 to +1. The NDVI amount of water is less
than 0, the bare soils are between 0 to 0.1 and more than 0.1 vegetation. Increasing
NDVI’s optimistic outlook would make plants greener.

9.3.4 Estimation of Soil and Atmospherically Resistant
Vegetation Index (SARVI)

By using the red-blue channel instead of the red channel, Kaufman and Tanre
(1992) suggested the Soil Atmospherically Vegetative Index (SARVI). It uses a
self-correction process for the atmospheric effect on the red channel, using the
difference in the radiance between the blue and the red channels to correct red
reflectance for atmospheric scattering. It ismost useful in regions of high atmospheric
aerosol content, including tropical regions contaminated by soot from slash-and-burn
agriculture.

SARV I = (N I R − RB)(1 + L)

(N I R + RB + L)

where
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RB denotes Red − γ (Blue − Red),
L is the soil adjustment factor (1.0).

The value of this index ranges from −1 to 1, with higher positive pixel values
corresponding to healthier and greener vegetation.

9.3.5 Modified Chlorophyll Absorption Ratio (MCARI)

MCARI indicates the relative abundance of chlorophyll (Daughtry et al. 2000). This
provides a soil modification element while retaining LAI exposure and chlorophyll
tolerance.

MCARI2 = 1.5[2.5(ρ800 − ρ670) − 1.3(ρ800 − ρ550)]√
(2 ∗ ρ800 + 1)2 − (

6 ∗ ρ800 − 5 ∗ √
ρ670

) − 0.5

Illumination patterns, surface substrate reflections and other non-photosynthetic
factors are not influencing MCARI values.

9.3.6 Estimation of Moisture Stress Index (MSI)

MSI calculates the leaf water content. Moisture stress index detects the leaf water
content using the near- and middle infrared reflection ratio. This index is used for
canopy stress analysis. Higher values of the index indicate greater plant water stress
and in inference, less soil moisture content. As the water content of leaves in vege-
tation canopies increases, the strength of the absorption around 1599 nm (Band6)
increases. Absorption at 819 nm (Band5) is nearly unaffected by changing water
content, so it is used as the reference.

MSI = ρ1599

ρ819

The value of this index ranges from 0 to more than 2. The higher value of MSI
indicates greater water stress and less water content.

9.3.7 Accuracy Assessment

To check the accuracy, the ground truth data was compared with the graded picture.
For check the accuracy of classification, the customer and the manufacturer were
determined. The producer’s accuracy can be achieved by dividing the number of
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correctly identified pixels by the actual precision of the class. Errors were identi-
fied in misclassified pixels and in another class of misclassified. The device’s accu-
racy depends, however, on the form of pixels the same community has obtained
(Congalton 1991). The overall precision for the exactness and reliability of the
consumer and supplier was determined based on the uncertainty matrix. The overall
accuracy definition is given below:

Overall accuracy = Total number of correct classi f ied

T otal number of pi xel
× 100

9.3.8 Weighted Sum Analysis

To assess the forest health more precisely weighted sum analysis have been applied
where the values of different indices added according to the givenweightage (Kumari
andAshok2017). In this analysis highestweightagegiven to theNDVIvalue followed
by MCARI and SARVI, and MSI has been assigned as lowest value. In this analysis,
the weightage value for NDVI is assigned as ‘4’, for MCARI as ‘2’, for SARVI as
‘3’ and for MSI as ‘1’. The values are assigned based on the literature survey and
expert knowledge. For the preparation of weighted sum of the vegetation indices the
following formula is used using raster calculator of QGIS software version 3.0:

((′′NDVI′′ ∗ 4
) + (′′MCARI′′ ∗ 2

) + (′′SARVI′′ ∗ 3
) + (′′MSI′′ ∗ 1

))
/10

All the four indexes have similar input in weighted sum analysis dependent on
the weighted values. The distinction depends on the pixels of all four indices falling
within the full classification region. Finally, a forest health mapwas developed which
scaled from low to excellent vegetation.

The Weighted Sum function provides the weighting capability and the combi-
nation of multiple inputs to create an integrated analysis. It is analogous to the
WeightedOverlay feature in thatmultiple raster inputs can be conveniently combined
to represent various variables, integrating weights or relative value. The Weighted
Sum feature does not rescale the reclassified values back to an evaluation scale, it
also requires floating-point and integer values to preserve their resolution.

9.4 Results and Discussion

On the global scale forests are threatened by population growth and human activities,
including deforestation, air pollution and climate change (Anon. 2001; Kimmins
1997). Climate change is likely to cause increasing forest damage and tree mortality
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from direct and indirect causes (Martinez-Vilalta 2002; Tenow et al. 1999; Auclair
1993).

9.4.1 NDVI Analysis

The NDVI value of the study area ranges from −0.05 to 0.488 in 2015 with an
average value of 0.293 ± 0.048 (Table 9.2). In 2017, the NDVI value of the study
area ranges between −0.19 and 0.47 (mean ± SD–0.28 ± 0.056). In 2019, the
average NDVI value is calculated as 0.293 ± 0.057. According to Gross (2005),
very low NDVI values (0.1 and lower) correspond to barren areas of rock, sand and
snow. Moderate values (0.2–0.3) indicate shrub and grassland, while temperate and
tropical rainforests are represented by high NDVI values (0.6–s0.8). As per the value
of NDVI the vegetation cover has been divided in 4 types based on NDVI values,
where poor vegetation represent the less photosynthetic activity and has lower values
of NDVI whereas Excellent Vegetation represent highest photosynthetic activity and
has the highest NDVI values. The area covered by the three types of vegetation from
NDVI values are summarized in Table 9.2. In the study area, the higher average value
of NDVI is recorded in 2019 (0.293), followed by 2017 (Table 9.2).

Figure 9.2 shows the areal distribution of various type of forest cover in the study

Table 9.2 Descriptive characteristics of NDVI value from 2015–2019

Year Maximum Average Standard deviation Minimum

2019 0.488 0.293 0.057 −0.21

2017 0.47 0.28 0.056 −0.19

2015 0.427 0.245 0.048 −0.05

Fig. 9.2 Areal distribution of vegetation characteristics derived through NDVI index
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area during the period between 2015 and 2019 on the basis of NDVI value. Results
showed the areal distribution of excellent vegetation cover in the study area gradually
decreases during the study period. The areal distribution of good vegetation and poor
vegetation cove do shows a disruptive and dynamic variation. The changes are quite
prominent indicating a positive response in terms of photosynthetic capacity of the
plants, in the study area. However, an extreme exploitation as per spatial expansion
is viewed mainly for poor vegetation and no vegetation. Most of the central and
eastern part of the study area is characterized by excellent vegetation coverage.
Good vegetation coverage is mostly found in the central part of the park and poor
vegetation coverage are observed in the south-east and north of the park. A complete
scarcity of vegetation coverage is foundwest and extreme north-west and some small
pockets of the central part of the study area (Fig. 9.3).

9.4.2 SARVI Analysis

The highest value of SARVI indicate the high vegetation coverage and vice-versa.
In 2019, the highest value of SARVI is calculated as 0.812 with an average value of
0.301 ± 0.291. The maximum SARVI value in 2017 is calculated as 0.833 with an
average value of 0.307 ± 0.297. In 2019, the SARVI value ranges between −0.053
and 0.789 within an average value of 0.289 ± 0.277 (Table 9.3).

AsperSARVIanalysis, a similar trendhas beennoticed as beingobserved inNDVI
index. Excellent Vegetation provides the highest coverage; however, the trend is not
linear. However, a declining trend has been noticed for both moderate vegetation and
poor vegetation cover. This may be due to the anthropogenic activities by increasing
non-vegetative areas (Fig. 9.4). The area of no vegetation coverage is more or less
similar.

Figure 9.5 displays the spatial distribution of vegetation coverage of Simlipal
national forest area derived through SARVI index. Results of the analysis showed in
the eastern and central part of the study area is characterized by excellent vegetation
cover. In south and small pockets of north of the park are characterized by good
to moderate vegetation cover. Less vegetation coverage is observed in the extreme
north, north-west and south-east of the study area.

9.4.3 MCARI Analysis

MCARI gives a measure of the depth of chlorophyll absorption and is very sensitive
to variations in chlorophyll concentrations. Chlorophyll is the green pigment present
in the leaves and plays an important role in photosynthesis i.e. conversion of light
energy to chemical energy. Hence, it is a direct indicator of the plant’s primary
production and photosynthetic potential. The MCARI value in 2015 ranges between
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Fig. 9.3 NDVI classified of year 2019 (a), 2017 (b), 2015 (c) respectively
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Table 9.3 Descriptive characteristics of vegetation characteristics derived through SARVI index

Year Maximum Average Standard deviation Minimum

2019 0.812 0.301 0.291 −0.289

2017 0.833 0.307 0.297 −0.386

2015 0.789 0.289 0.277 −0.053

Fig. 9.4 Represent the areal distribution of vegetation characteristics using SARVI index

−0.045 to 0.592. The average value of MCARI is calculated as 0.219. The average
MCARI value in 2017 is calculated as 0.238 (−0.484 to 0.631). In 2019, theMCARI
of the study area varies from −0.389 to 0.633 (Table 9.4). The MCARI value for
will increase with increasing vegetation quality. With reference points from NDVI
image, MCARI values are recorded for good, moderate and poor vegetation type
(Fig. 9.6).

The MCARI analysis shows a decline in chlorophyll concentration with in
moderate vegetation, increasing the poor vegetation cover graph. The non-vegetation
area also shows a positive trends to recent years (Fig. 9.7).

9.4.4 MSI Analysis

By reference point set over NDVI, MSI values are recorded for the three set of
classes. The MSI values at high vegetation area is 0.2–0.6, in moderate vegetation
area 0.6–0.8 and low vegetation area is 0.8–1. The rest of the MSI image is then
classified according to this values. The area coverage of the three types of vegetation
class as per MSI index are summarized in Table 9.5 and Fig. 9.8.
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Fig. 9.5 a, b, c SARVI classified of year 2019, 2017, 2015 respectively
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Table 9.4 Descriptive characteristics of vegetation characteristics derived through MCARI index

Year Maximum Average Standard deviation Minimum

2019 0.633 0.241 0.229 −0.389

2017 0.631 0.238 0.229 −0.484

2015 0.592 0.219 0.210 −0.045

Fig. 9.6 Areal distribution of vegetation cover calculated from MCARI index

The MSI and MCARI indices also do reflects the similar trend that was predomi-
nant for SARVI and NDVI index (Fig. 9.9). It is here, thus a weighted sum analysis
was prepared for better assessment of the forest health of Simlipal forest area.

9.4.5 Accuracy Assessment

The accuracy assessment has been done for all the vegetation indices. The maximum
overall accuracy is calculated for the NDVI index (94.51%), followed by SARVI
index (93.90%), MCARI index (92.31%), and MSI index (89.20%). The details of
overall accuracy, user accuracy is represented in Table 9.6. However, based on the
accuracy of the vegetation indices, weighted values are assigned for the vegetation
classes to identify the forest health.
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Fig. 9.7 MCARI classified output for the year a 2019, b 2017, c 2015 respectively
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Table 9.5 Descriptive characteristics of vegetation characteristics derived through MSI

Year Maximum Average Standard deviation Minimum

2019 1.504 0.748 0.114 0.528

2017 1.451 0.754 0.110 0.543

2015 1.435 0.760 0.108 0.581

9.4.6 Weighted Sum Analysis

The weighted sum analysis of all three vegetation indices resulted in a forest health
map and the values ranges from 0 to 4 (Fig. 9.10). As the healthy vegetation will
show high value of NDVI, MCARI, SARVI and low value for MSI indices, area
with suitable condition is referred to as most healthy vegetation of the regime. On
the contrary the lowest value of weighted sum index which has low values of NDVI,
MCARI, SARVI and high MSI determined as low photosynthetic activity and high
water stress index likely to be no vegetation area. Intermediate values have been
classified base onweightage values tomoderate and poor vegetation vigour. Based on
the derived output, the study area is classified four categories, such as 1-no vegetation,
2-poor vegetation, 3-moderate vegetation and 4-excellent vegetation (Table 9.7).

Non vegetation areas mostly observed in Gopinathpur and adjacent town/villages,
drainage channels, roads, cultivation land etc. Excellent vegetation is the type show
higher values for NDVI, SARVI and MCARI and lower values in MSI indices,
indicating healthy vegetation cover. The high value of index value indicates excellent
vegetation, which has a greater NIR reflectance over RED band, and hence indicates
a greater amount of photosynthetic activity. The excellent vegetation area covered
by 59.84% in 2015 and its gradually decreased upto 43.85% in 2019 (Fig. 9.11).
The higher SARVI value for excellent vegetation does corrects any distortions or
anomalies that can cause from soil or atmospheric scattering of RED band and
hence supports the NDVI conclusion. The MCARI index represents the amount of
chlorophyll content present in leaf. Thehigher valueofMCARIcoveredbyvegetation
that must have higher chlorophyll content in healthy tree leaf. The lower MSI values
indicate lower water stress for region with excellent vegetation i.e. water retention
by leaf are higher or adequate to support a healthy vegetation cover.

Excellent vegetation designates dense and healthy vegetation vigour. The
Moderate Vegetation covered area shows somewhat lower NDVI, SARVI and
MCARI values with slightly higherMSI value, hence can be determined as moderate
vegetation; whereas poor vegetation shows lower values of NDVI, SARVI and
MCARI with higher in MSI index among the vegetation covers, and is considered
as the less vegetation coverage and bare ground.

The non-vegetative areas are marked by negative NDVI, SARVI and MCARI
valueswith highest value ofMSI index that indicates highmoisture stressed areawith
soft stem plant and scrub land. These areas are mostly covered by human habitat,
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Fig. 9.8 MSI classified output for the year a 2019, b 2017, c 2015 respectively
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Fig. 9.9 Areal distribution of vegetation coverage derived through MSI index

river channels, roads and other manmade infrastructure. To avoid repetitive indexing
agricultural crops from forest, images from the month of January are selected so that
agricultural land do not have growing crops to avoid misleading data on reflected
data.

9.5 Conclusion

The Simlipal forest spread over 2600 sq km has 11.46% of land with poor vegetation,
32.84% land of moderate to good vegetation and 43.85% of land with excellent
vegetation cover with 11.83% of land has no vegetation as of present study from
Landsat OLI image. It shows a monotonous surface cover of the different vegetation
types when compared to past years. Results of the analysis also showed, the excellent
vegetation cover in the study area is gradually decreased;whereas, the poor vegetation
coverage area is increased progressively. The agricultural lands are excluded from
forest and are classified as the non-vegetation area that also includes land altered
by human for construction, tourism and other actives and natural drainage channels.
Identifying and quantifying forest quality and destruction of woodland has been a
troubling problem that needs to be tackled as quickly as possible. This idea only
became widespread when the population became aware of the intrinsic importance
of forest land, which were unsustainably abused to satisfy their demands. Remote
sensing and GIS have made a significant advance in this area. Its technology is
user friendly, feasible usability. The monitoring should be continued to assessment
variation and effect on forest health over time and to take necessary possible action
in time to protect our forests.
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Table 9.6 Accuracy assessment report of vegetation classes for MCARI

Class Reference
pixel

Classified
pixel

Number
correct

Producers
accuracy (%)

User accuracy
(%)

NDVI

Excellent
vegetation

56 54 53 94.64 98.15

Good vegetation 50 53 49 98.00 92.45

Poor vegetation 32 34 30 93.75 88.24

No vegetation 26 23 23 88.46 100.00

Totals 164 164 155

Overall Classification Accuracy = 94.51%

MSI

Excellent
vegetation

52 55 47 90.38 85.45

Good vegetation 48 52 44 91.67 84.62

Poor vegetation 33 24 23 69.70 95.83

No vegetation 31 33 30 96.77 90.91

Totals 164 164 154

Overall Classification Accuracy = 89.20%

MCARI

Excellent
vegetation

50 51 49 98.00 96.08

Good vegetation 53 56 50 94.34 89.29

Poor vegetation 35 34 30 85.71 88.24

No vegetation 26 23 22 84.62 95.65

Totals 164 164 154

Overall Classification Accuracy = 92.31%

SARVI

Excellent
vegetation

54 56 52 96.30 92.86

Good vegetation 56 50 50 89.29 100.00

Poor vegetation 32 33 30 93.75 90.91

No vegetation 22 25 22 100.00 88.00

Totals 164 164 155

Overall Classification Accuracy = 93.90%
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Fig. 9.10 Weighted sum classified of year 2019 (a), 2017 (b), 2015 (c)
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Table 9.7 Areal distribution of vegetation derived from weighted

Index value Interpretation Area covered (sq km) Area covered (%)

2015 2017 2019 2015 2017 2019

1 No vegetation 195 235 316 7.32 8.79 11.83

2 Poor
vegetation

315 356 306 11.83 13.32 11.46

3 Good
vegetation

559 717 877 20.99 26.84 32.84

4 Excellent
vegetation

1593 1363 1171 59.84 51.02 43.85

Fig. 9.11 Areal distribution of vegetation coverage calculated through weighted sum index
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Chapter 10
Forest Health Monitoring using
Hyperspectral Remote Sensing
Techniques

Narayan Kayet

Abstract Hyperspectral Remote sensing is a handy tool for forest health moni-
toring. This study focuses on forest health monitoring using hyperspectral satellite
data and validates it with tree spectral data. In the study area, increasing mining and
anthropogenic activities within and near forest lands have caused threats to forest
health.All these necessitate assessing the forest health in the areas surroundingmines.
We have used two methods for the forest health assessment: one is VIs (vegetation
indices) based model, and another is tree spectral analysis. The supervised classi-
fication (SAM) method was used for forest health classification based on spectral
data. The results showed that a healthy forest portion was located in the hilly side of
the study area while an unhealthy segment was situated alongside the mines. Hype-
rion data-based VIs model shows better accuracy than spectral based other methods.
Also, it was found that the hyperspectral data based forest health classification gave
a higher accuracy than multispectral data. Finally, forest health results were justified
by ground tree spectral data. This work provides an effective guideline for forest
planning and management.

Keywords Forest health · Hyperspectral data · Vegetation indices · GIS · Mining
area

10.1 Introduction

Hyperspectral remote sensing is a very useful tool for forest health monitoring.
Hyperspectral data are spectrally overdetermined, which means that they provide
spectral information to identify and distinguish spectrally unique materials. Also
this data has the potential for more accurate information extraction than possible
from multispectral data (Apostolescu et al. 2016; Navinkumar and Parmar 2016).
The hyperspectral sensor provides hundreds of narrow spectral bands of the Earth’s

N. Kayet (B)
Department of Mining Engineering, Indian Institute of Technology, Kharagpur, India
e-mail: narayankayet@gmail.com

© The Editor(s) (if applicable) and The Author(s), under exclusive license
to Springer Nature Switzerland AG 2021
P. K. Shit et al. (eds.), Spatial Modeling in Forest Resources Management,
Environmental Science and Engineering,
https://doi.org/10.1007/978-3-030-56542-8_10

239

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-56542-8_10&domain=pdf
mailto:narayankayet@gmail.com
https://doi.org/10.1007/978-3-030-56542-8_10


240 N. Kayet

surface features. NASA EO-1 satellite, equipped with the Hyperion spectrometer,
which has a sampling distance of 10 nm within the 7.7 km swath path, provides 242
spectral bands within the range of 400–2500 nm wavelengths of the EM spectrum
(Hyperion user guide). This sensor easily detects forest biochemical and biophys-
ical properties (Asner et al. 2015; Thenkabail et al. 2001; Chambers et al. 2007).
Hyperspectral data can detect pest and blight conditions in a forest as well as be
used for assessing areas for timber harvesting. Narrow-banded hyperspectral data
has been used for forest health mapping (Tuominen et al. 2009; Kayet et al. 2019a,
b), to depict the overall healthy and unhealthy portions of a forest. Recent devel-
opments in hyperspectral data acquisition from satellite-borne spectrometers have
opened new areas of research that could bring revolutionary changes in the current
approaches to forest management (Franklin 2001). Some researchers have worked
on vegetation stress from the derivative chlorophyll index and leaf area index (Broge
and Leblanc 2001; Brantley et al. 2011; Darvishzadeh et al. 2011). They have used
the airborne hyperspectral image for this analysis. Detection of vegetation stress by
hyperspectral remote sensing technique is based on the assumption that vegetation
stress factors interfere with photosynthesis or the physical structure of the vegetation
and affect the absorption of light energy and thus alter the reflectance spectrum of the
vegetation (Zarco-Tejada et al. 2009; Jacquemoud et al. 2009; Bellvert et al. 2014).
Airborne hyperspectral data is used for the estimate and distribution of different
species in the forest areas. Hyperspectral data has used to develop the Photochem-
ical Reflectance Index (PRI) for distinguishing the species-wise variations of leaves
(Cho et al. 2008; Mashimbye et al. 2012; Darvishzadeh et al. 2008). The hyperspec-
tral narrow banded data-based NDVI (normalized difference vegetation index) and
LAI (leaf area index) has been used for plant health detection by Zarco-Tejada et al.
(2005). They had used red, red edge, and NIR bands for this analysis. The Interna-
tional Institute for Geo-Information Science and EarthObservation (ITC) has studied
vegetation health and tree species classification using hyperspectral data. They have
used full pixel classification methods for vegetation health and tree species based on
ground tree spectral data (Vauhkonen et al. 2011; Dalponte et al. 2014). The deci-
sion tree classifier tool of ENVI will be used to classify the pixels of a Hyperion
image for necessary information acquisition for forest management purposes (vege-
tation indices tutorial ENVI). Ma et al. (2017) used airborne Hyperspectral data to
develop photochemical reflectance index (PRI) for distinguishing the species wise
variations of leafs. A number of researchers have assessed the vegetation stress from
derivative chlorophyll index and leaf area index estimation, using compact airborne
spectrographic image (Wu et al. 2010; Zarco-Tejada et al. 2002; Lee et al. 2004). The
detection of vegetation stress by hyperspectral remote sensing techniques is based
on the assumption that vegetation stress factors interfere with photosynthesis or the
physical structure of the vegetation and affect the absorption of light energy and thus
alter the reflectance spectrum of vegetation (Zarco-Tejada et al. 2009; Calderon et al.
2013; Li and Guo 2016).
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The study area is located in the in an region that has many mines. Mining fields
are under high-stress conditions showing signs of dry and dying plant species. In the
study area, increasing mining and anthropogenic activities within and near forests
pose threats to forest health. All these necessitate monitoring of the forest health in
surrounding mining areas.

10.2 Materials and Methods

10.2.1 Study Area

The present study has been done in the Saranda Forest and its surrounding areas,
which are located in the West Singhbhum district of the Indian state of Jharkhand
(Fig. 10.1). It is famous for having Asia’s largest Sal forests and is an important
elephant habitat. Over the last few decades, in this region, many iron ore mining
towns have emerged, e.g. Gua, Chiria, Megataburu and Kiriburu. The Saranda forest
of Jharkhand is endowed with some rich iron ore deposits. The location of the
forest is within latitude 22° 3′ 7.98′′–22°14′ 0.67′′ N and longitude 85° 21′ 31.52′′–
85° 25′ 53.18′′ E with elevation of 850 m above the mean sea level (MSL). Saranda
forest is fed by two major rivers, Karo and Koina. The catchment of these rivers
comprises of a drainage system with stream order of up to six (Kayet et al. 2016).

Fig. 10.1 Location map of the study area
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Fig. 10.2 Trees spectral data collected from field

10.2.2 Data Source

Hyperspectral data (Hyperion) were downloaded from the USGS website and used
for forest health monitoring. Healthy and unhealthy tree spectra data were collected
by a field spectroradiometer instrument. Also, healthy and unhealthy forest locations
(latitude and longitude) were recorded by GPS. Photographs are taken for validation
purposes during the field survey (Fig. 10.2).

10.2.3 Data Pre-processing

Bad bands removal: The delivered USGSHyperion product level LIR has 242 bands,
of which 44 were not calibrated. The main reason for not calibrating the entire
band was the decreased sensitivity of the detectors within the non-calibrated spectral
regions. Out of the total collected 242 Hyperion bands, 44 (Table 10.1) bands do not
work (Han et al. 2002).

De-stripping: Hyperion L1R data shows a severe striping effect by imprecise
co-calibration of individual detectors on the focal plane array. The first 12 visible
near-infrared bands andmany short waves infrared bands are affected by striping and



10 Forest Health Monitoring using Hyperspectral Remote Sensing … 243

Table: 10.1 List of unused bands of the hyperion sensor

Bands Description

1–7 Not illuminated

58–78 Overlap region

120–132 Water vapour absorption Band

165–182 Water vapour absorption band

185–187 Identified by hyperion bad band list

221–224 Water vapour absorption Band

225–242 Not illuminated

bad columns. An uncorrected striping effect will lead to a faulty interpretation of the
results. The vertical stripes error valueswere replaced by the averageDNvalues of the
adjacent columns. Hyperspectral data are affected by different noise sources which
can be grouped into two main classes: random noise and fixed pattern noise. The
photon and thermal noise are random noise; striping noise is a fixed pattern noise and
created from push-broom sensors. Hyperspectral images are affected by those noises.
Geometric correction: Geometric distortion often has to be removed from remotely
sensed data. There are two main approaches to remove the geometric errors. One is
the systematic approach and the other is the non-systematic approach. Some of these
errors can be corrected by using the ephemeris of the platform and previously known
internal sensor distortion characteristics. Other errors can be rectified by matching
image coordinates of physical features recorded by the image to the geographic
coordinates of the same feature collected from amap or by using aGlobal Positioning
System (GPS).

Radiometric correction: Cross-track illumination- ENVI cross-track illumination
tool was used to remove variation of illumination of the image. Cross-track illu-
mination errors may be due to vegetating effects, instrument effects or scanning or
other non-uniform illumination effects. The EFFORT algorithm calculates the mean
values of an extended track polynomial function, and fit mean values remove this
error. We have used this algorithm to remove the variation of illumination of the
image.

Atmospheric correction (FLAASH): Atmospheric correction reduces the effects
of the atmospheric components (water vapor, dust, gasses) on the electromagnetic
radiation reflected or emitted from the surface. We have used the FLAASH model
(Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes) in ENVI soft-
ware for atmospheric correction and convert to surface reflectance. This model was
developed by Spectral Sciences, Inc., under the sponsorship of the US Air force
Research Lab. The calibration model based on the theory of atmospheric radia-
tion is according to the physical process of radiation transfer, building by radiation
transfer equation, using a theoretical formula (Cooley et al., 2002) to proceed with
atmospheric correction (Eq 1).
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FLAASH starts from a standard equation for spectral radiance at a sensor pixel, L;
that applies to the solar wavelength range and flat, Lambert a material or their equiv-
alents. FLAASH atmospheric correction removes this absorption feature. FLAASH
MODTRAN has outperformed other radiative transfer codes especially in the water
region 940 and 1130 nm and CO2 at 2055 nm (Pathak et al. 2016).

10.2.4 Methodology

10.2.4.1 Vegetation Indices (Vis)-Based Forest Health Mapping

The forest health analysis tool will generate a spatial map that shows the overall
health and vigor of a forested area (Tuominen et al. 2008). It is good at detecting pest
and blight conditions in a forest. The forest health tool uses the following vegetation
index categories (ENVI Forest heath tutorial):

1. Narrow band Greenness, to show the distribution of green.
2. Leaf pigments, to show the concentration of arytenoids and anthocyanin pigments

for stress levels.
3. Canopy water content, to show the concentration of water.
4. Light use efficiency, to show forest growth rate.

Greenness indices: Greenness vegetation indices generally measure the vigor and
green vegetation (Kumar et al. 2015). They measures the various aspects such as
chlorophyll concentration, canopy area, and canopy structure. Greenness vegeta-
tion indices are based on measuring the reflectance peak in the NIR region. Red
wavelengths where the chlorophyll absorption is strongest are used as a reference
(Lloret et al. 2004). Leaf pigments indices: Leaf pigment vegetation indices measure
the amount of stress-related pigment in the vegetation (Jenkins et al. 2007). In
stressed vegetation, there is a higher concentration of carotenoids and anthocyanins.
Carotenoids are the leafs pigment that prevents vegetation light conditions. Antho-
cyanin pigment contents are high in new leaves (Gamon et al. 1999). Canopy water
content indices:Water content vegetation indices are designed to estimate the canopy
water content (Colombo et al. 2008). However, water content is an important vege-
tation property that controls vegetation growth and also correlates with vegetation
health (Adam et al. 2010). The use of water content vegetation indices needs high
spectral resolution data.
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Table 10.2 Narrow banded VIs for forest health mapping

Narrow
banded
Indices

Indices Algorithms References

Greenness (i) Modified
red edge
normalized
difference
vegetation
index

(ii) Vogelmann
red edge index

mNDVI705 =
(750nm 705nm)/(750nm + 705nm (2 ∗ 445nm))

V RE I1 = 740nm/
720nm

Datt (1999),
Zarco-Tejada
et al. (2013)

Light use
efficiency

Structure
insensitive
pigment index

SIPI = (800nm−445nm)/(800nm−680nm) Penuelas
et al. (1994)

Leaf
pigments

(i) Carotenoid
reflectance
index

(ii)
Anthocyanin
reflectance
index

ARI1 = 1
550nm − 1

700nm

CRI2 = (1/510nm)(1/550nm)

Gitelson
et al. (2002)

Canopy
water
content

Normalized
difference
infrared index

NDI I = 819nm − 1649nm/819nm − 1649nm Hardisky
et al. (1983)

Light Use Efficiency indices: Light use efficiency vegetation indices provide the
efficiency with which vegetation can use incident light for photosynthesis (Wilson
et al. 1981). It is correlated with carbon uptake efficiency and growth rate. However,
by the use of light use efficiency vegetation indices measure the growth rate and
production of vegetation. We have used six narrow banded Vis for forest health
mapping (Table 10.2).

10.2.4.2 Spectral Analysis Based Forest Health Mapping

The following procedures of Hyperspectral analysis were employed, including the
Minimum Noise Fraction (MNF) transformation for reducing the spectral data, the
Pixel Purity Index (PPI) for identifying those extreme or spectrally pure pixels,
and the n-dimensional visualizer for determining the endmember directly from the
image. Spectral Angle Mapper (SAM) was applied to estimate the abundances of
each endmember to produce the final map.

Minimum Noise Fraction (MNF): MNF can reduce the inherent dimensionality
of the dataset and reduce noise from the dataset. MNF also reduces the computa-
tional requirement for subsequent processing. The first step in MNF transforms the
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data in which the noise has a unit variance and there is also no band to band inter-
relationship (Denghui and Le 2011). Secondly, the MNF can compute/process the
principal component analysis for noise-whitened data (Gamon et al. 2004). MNF
inversion produces much smaller spectral angles than those derived in transformed
space (Peddle et al. 2008). The first ten inverse MNF bands contain 95% of the total
information.

Pixel purity index (PPI): Image transformation techniques typically use statistical
analysis and reduce the dimensionality of the data. One such transformation is done
through the principal component analysis or principal component transformation
(Chang and Plaza 2006). The pixel purity index (PPI) is a means of finding the
most spectrally pure, or extreme, pixels in multispectral and hyperspectral images
(Chaudhry et al. 2006). The most spectrally pure pixels typically correspond to
mixing endmembers (Plaza et al. 2006).

N-dimensional (N-D) Visualizer: N-D is applied after correcting the image. The
distribution of bands in N space can be used for the estimation of some spectral
endmembers and their pure spectral signature (Kruse et al. 1999). TheN-dimensional
visualization is applied after gathering the data throughMNF or PPI algorithms. The
pre-clustering result attempts to find in the corner pixel of N-dimensional using a
spectral scatter algorithm.

Since the purest pixel is found in the neighbourhood of the data cloud (Wang et al.
2015). The n-dimensional visualizer allows for the interactive rotation of data in n-D
space, selection of groups into different classes (Boardman et al. 1995).

Spectral classification techniques: Classification and feature extraction methods
have been commonly used for many years for the mapping of forest health and
vegetative cover from hyperspectral datasets. However, conventional classification
algorithms cannot be applied to hyperspectral data due to the high dimensionality of
the data. Spectral AngleMapper (SAM)mapping techniques were used in the present
study to map of forest health in the study area. Spectral Angle Mapper (SAM) is an
algorithm, which is widely used for hyperspectral image correction (Petropoulos
et al. 2013). It is a supervised image correction process. A pixel with a minimum
spectral angle comparison with reference spectra is assigned to the pixel vector. This
algorithm determines the spectral similarity between two spectra by calculating the
angle between the spectra and treating them as vectors in space with dimensionality
equal to the number of bands (Girouard et al. 2004).

10.2.4.3 Accuracy Assessment

Accuracy assessment is an important work in the classification validation system.
Remote sensing technology is a great source of thematic map presentation although
accuracy assessment assists how far the classification represents the realworld.Accu-
racy assessment can produce user accuracy, producer accuracy, total accuracy, and
also kappa coefficient value.

The producer accuracy of the classified pixels compared to the ground truth. The
overall research methodology is shown in Fig. 10.3.
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Fig. 10.3 Overall methodology for forest health monitoring

Table 10.3 Minimum,maximum,mean, and standard deviation values of before and after FLAASH
correction

FLAASH correction Min Max Mean Stdev

Before correction −77 3383 84,444.44 66,423.37

After correction 0 70.89 11.63 10.21

10.3 Results and Discussion

10.3.1 Result of FLAASH Atmospheric Correction

FLAASH is an effective atmospheric correction processwhere all bands are corrected
to follow their proper geometric and radiometric characteristics. FLAASH can also
remove the de-striping of the image, path radiation of the image, and various system-
atic and non-systemic effects. Pre and post FLAASH correction statistics value are
shown in Table 10.3. Spectral variability of after FLAASH correction is shown in
Fig. 10.4.

10.3.2 Vegetation Indices (Vis) Based Forest Health Mapping

Vegetation Indices (VIs)were calculated for 60 test sample pixels.Mean and standard
deviation values for both healthy and unhealthy classes are shown in Table 10.4.
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Fig. 10.4 Image spectra after atmospheric correction

Table 10.4 Mean, standard deviation and separability values for each index test

Vegetation indices Healthy Unhealthy Separability

Mean Std. Mean Std. S

MNDVI705 0.66 0.03 0.17 0.08 4.21

VREI1 1.44 1.13 0.06 0.05 2.60

CRI1 33.22 7.92 17.17 2.24 1.57

ARI1 9.65 4.78 7.71 2.29 0.27

NDII −0.49 0.07 −1.23 0.27 2.11

SIPI 1.09 0.02 0.51 0.33 1.60

Generally, the separability values obtained for greenness and vegetation indices
were relatively high. The highest separability values were obtained for the modified
red edge normalized difference vegetation (MNDVI705) index due to good chloro-
phyll content. The MNDVI705 correlates well with good chlorophyll content, so its
good performance could be expected as the result of forest health (Kayet et al. 2019a,
b). ENVI software provides nine forest health classes (Fig. 10.5).
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Fig. 10.5 Forest health map (Class 9 very healthy and class 1 unhealthy)

The classifications are relative to the particular input scene only and cannot be
generalized to other areas or other scenes. The healthy and unhealthy value range is
0.5–0.8 and 0.1–0.3 (Kayet et al. 2019a, b). The classification map rates the scene
from one, representing the least healthy forest (weakest) to the healthiest forest
(strongest) which help to assess relative forest health conditions within the scene
(ENVI forest health tool tutorial).
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Fig. 10.6 Hyperion reflectance spectra of forest health classes (1–9)

Forest health classification was done by the use of three narrow-band vegetation
indices which are MNDVI705 (Greenness or chlorophyll vegetation Index), CRI_1
(Leaf pigment Vegetation Index), and SIPI (Light efficiency vegetation Index). The
MNDVI705 index works well with the lower chlorophyll content, so it is accepted
for appreciable forest health result (Kumar et al. 2015). Test of forest health result
for leaf pigments VIs is relatively lower than any other vegetation indices. In leaf
pigment VIs, the value of ARI1 is high than other VIs (Serrano et al., 2002). For light
use efficiency, Vis value is relatively higher than that of leaf pigment VIs (Jenkins
et al. 2007). NDNI is a useful index where there exhibits a high variability in canopy
or leaf pigment structure (Rodriguez et al. 2007). The test result for canopy water
content index was low because of vegetation canopy structure (Sims et al. 2002).
The Hyperion spectral signature of each forest health class is shown in Fig. 10.6.

10.3.3 Spectral Analysis Based Forest Health Mapping

Forest health is mainly dependent on various physiological parameters such as
climate, temperature, geology, soil, slope, aspect, hill shade direction, and much
more. The study area is mainly covered by three types of forest health (healthy,
moderated healthy, and unhealthy). The healthy and unhealthy value range is 0.5–
0.8 and 0.1–0.3 (Kayet et al. 2019a, b). The spectral signature of the forest health
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Fig. 10.7 Field collected healthy and unhealthy trees spectra

classes were collected from the image and these matche the spectral signature from
field collected tree spectral library (Fig. 10.7) and field sample data in ENVI software.

Forest health mapping is done by the SAM classification technique. Classification
of forest health into three classes (healthy, moderated healthy, and unhealthy) is
shown in Fig. 10.8.

Healthy forest (0.5–0.8) cover comprises 49.87% of the study area, 14.15% area is
covered by moderate healthy forest (0.3–0.5), and unhealthy forest (0.1–0.3) covers
38.03% area (Kayet et al. 2019a, b). Healthy forests are present mostly in the north
and the north-east part of the study area andunhealthy is situated inmines surrounding
area. George et al. (2014) shown the better forest classification throughHyperspectral
remote sensing and compared the classification results obtained from Hyperion and
Landsat TM sensors for the study of Western Himalaya and obtained collective
accuracies of 81.52% and 69.62% respectively. Thenkabail et al. (2004) compared
the classification results of different sensors viz., Hyperion, IKONOS,ALI, and ETM
+ sensors for the study of African rainforests and obtained collective accuracies of
93.2%, 87.46%, 81.53%, and 76.9% respectively.
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Fig. 10.8 Forest heath mapping by hyperion data

10.3.4 Accuracy Assessment

Classification accuracy was done by spectral angle mapper (SAM) classification
technique in ENVI software. SAMwas implemented to the collection of the spectral
signature of healthy, moderated healthy and unhealthy forests. Forest health classi-
fication is accuracy by the USGS spectral library and sample field points. Thus, the
overall accuracy of 76.53% and 0.71 kappa coefficient were determined (Table 10.5).
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Table 10.5 Accuracy assessment results of SAM based on hyperion data

SVM based on hyperion Healthy Moderated healthy Unhealthy Total UA

Healthy 11 0 1 11 81.52

Moderated healthy 0 13 0 13 74.54

Unhealthy 2 0 10 12 70.66

Total 13 13 11 36

PA 91.83 85.53 80.11

Overall accuracy: 76.53%, kappa statistics: 0.71

10.3.5 Forest Health Validation

The healthy, moderately healthy, and unhealthy components constituting the forest of
the study areawere evaluated, both at ground level and pixel- level, having the highest
reflectance data from the NIR wavebands region. The correlation determination (R2)
and RMS error values were evaluated from ground level and pixel-level spectral data
(Fig. 10.9). A correlation (R2 = 0.84) was observed between the ground level and

Fig. 10.9 Correlation betweenfield reflected spectra and pixel reflected spectra of healthy,moderate
healthy and unhealthy forest class
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pixel-level for class healthy, and an RMS error of 3.98 was found. A correlation (R2

= 0.86) was observed between the ground level and pixel-level for class moderately
healthy, and an RMS error of 2.06 was found. And a correlation (R2 = 0.87) was
observed between the ground level and pixel-level for class unhealthy, and an RMS
error of 1.25 was found.

10.4 Conclusion

The article has summarized forest health monitoring soundingmines areas. This case
study demonstrated by hyperspectral data. Hyperspectral data has more capability
than multispectral data. In this study, a good correlation was shown between forest
health and distance from mines. It means that as the mining area increases forest as
well as environment will also get affected. This methodology would be capable of
monitoring various categories of forest region routinely irrespective of the different
climate condition, forest structure, and soil condition. Hyperspectral remote sensing-
based forest healthmonitoring is today’s need so that the forest department, local self-
government, and mining companies must adopt an adequate policy for reclamation
and restoration of the forest ecosystem affected by mining activities.
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Chapter 11
Estimating Above Ground Biomass
(AGB) and Tree Density using Sentinel-1
Data

Sambhunath Roy, Sujoy Mudi, Pulakesh Das, Sujit Ghosh,
Pravat Kumar Shit, Gouri Shankar Bhunia, and John Kim

Abstract Assessment of the forest above ground biomass (AGB) and tree density
is essential for various studies related to forest structure, productivity, carbon cycle,
atmospheric processes, climate change etc. including forest covermanagement activ-
ities and framing the conservation policies. The freely available C-band Sentinel-1
microwave data allows to estimate forest cover biomass at high spatial resolution;
moreover, the Sentinel-2 optical data enables to integrate the biophysical attributes.
In the current study, the AGB has been estimated in a Shorea robusta (sal) dominated
forest cover in sub-tropical region employing the Sentinel-1 microwave data. The
inventory of forest cover attributes has been collected in 40 sample plots, where the
in-situ AGB was geo-statistically linked with the satellite observations. Employing
the univariate linear regression, it has been observed that the microwave backscatter
obtained in the VH band well explained (R2 = 0.63) the variability of the in-situ
AGB in comparison to the backscatter received in VV band (R2 = 0.44) and optical
data derived EVI image (R2 = 0.45). The predicted biomass map verified with the
test data points indicated an accuracy of R2 = 0.45, with low RMSE (±17 tonnes/ha)
and slight underestimation (bias = −0.024). However, the accuracy in tree density
estimation obtained from the AGBmap was observed much higher (R2 = 0.87). The
field observed AGB varied between 88.56 tonnes/ha and 170.29 tonnes/ha, where the
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satellite data derived AGB estimated the range of 44.1 tonnes/ha and 249 tonnes/ha
for the entire study area. Majority of the biomass was estimated in the range of 100–
200 tonnes/ha, which was contributed by majority of the tree density region varying
between 69/ha and 75/ha. However, few patches are observed to have much higher
and lower AGB, which could be indicating the highly dense and less dense forest
cover regions in the study area, respectively. The uniform AGB map indicates the
selected region to be more homogenous forest cover area.

Keywords Above ground biomass (AGB) · Sentinel-1 · Sentinel-2 · Tree density ·
Regression

11.1 Introduction

Forest ecosystem is one of the most important carbon sinks of the terrestrial
ecosystem and plays a very important role in the global carbon cycle by sequestering
a substantial amount of CO2 from the atmosphere (Houghton et al. 2012). Defor-
estation or natural death of plants followed by burning, decomposition or natural
decaying leads release of the stored carbon back into the terrestrial ecosystem. The
natural cycling of the carbon is preserved and controlled by a dynamic equilib-
rium between the biological and inorganic processes since the geological history of
the earth. In the 19th century, with the advent of industrial revolution, humans are
burning a huge amount of fossil fuels, and releasing the carbon stored in it back
into the atmosphere. Since the industrial insurgency, the CO2 level in the atmo-
sphere has increased tremendously causing remarkable changes in the global carbon
cycle. The CO2 concentration in the atmosphere is continuously being measured
and recorded accurately since 1957 (Keelinget al. 1976), indicates increasing trend
from about 280 ppm during the pre-industrial period to approximately 390 ppm
in the present day (Hofmann et al. 2009). Besides, the combustion of fossil fuels,
other human activities such as land use change and deforestation have a considerable
impact on the ability of the terrestrial biosphere to remove CO2 from the atmosphere
(Houghton 2012). About 60% of the observed global climate change is attributed to
this increasing CO2 concentration in the atmosphere. The main carbon pool in forest
ecosystems consists of the living biomass of trees, under story vegetation, dead mass
of litter, woody debris and soil organic matter. The tropical forest cover encompasses
majority of the earth’s terrestrial biodiversity and account for a large proportion of
terrestrial carbon stored. The world’s forest and forest soils currently store more than
one trillion tonnes of carbon, which is twice the amount found floating free in the
atmosphere. According to Global Forest Resource Assessment Report 2010 (FRA
2010), the total forest carbon stock of the world is 652 Giga tonnes (161.8 t/ha). Out
of this, the forest biomass contains 289 Giga tonnes (71.6 t/ha), the dead organic
matter contains 72 Giga tonnes (17.8 t/ha), and forest soil organic carbon contains
293 Giga tonnes (72.3 t/ha) of carbon (Fig. 11.1).
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Fig. 11.1 Carbon pools (CIFOR, Forest Carbon Toll box 2008)

In forest ecosystem, the stored carbon is classified into five pools (Table 11.1).
The living portion of biomass carbon is classified in two pools: the ‘above ground
biomass’ (AGB) and ‘below ground biomass’ (BGB), which are stores of significant
amount of carbon. The ‘dead organic matter’ (DOM) is also classified into two
pools: ‘dead wood’ and ‘litter’. The fifth pool is ‘soil organic matter’ (SOM), which

Table 11.1 Carbon pool classification according to IPCC (2003)

Pools Description

Living biomass Above ground biomass (AGB) All living biomass above the soil
including stem, stump, branches, bark,
seeds and foliage

Below ground biomass (BGB) All living biomass of live roots

Dead organic matter Dead wood Includes all non-living woody biomass
not contained in the litter either
standing or lying on the ground

Litter Includes all non-living biomass with a
diameter less than a minimum diameter
chosen by the country (for FSI 5 cm),
lying dead, in various states of
decompositions above the mineral or
organic soil

Soil Soil organic matter (SOM) Includes organic carbon in mineral and
organic soils (including peat) to a
specific depth chosen by the country
(for FSI 30 cm)
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contains substantial amount of organic carbon. Among the five components, the
AGB accounts the largest carbon stored in tropical region and it is directly affected
by deforestation and degradation (Kumar and Sharma 2015). The change in the forest
areas and corresponding changes in forest biomass due to management and regrowth
greatly influence the transfer of carbon between the terrestrial forest ecosystem and
the atmosphere. Assessment of the AGB helps to quantify the carbon stocks, which
in turn enables to analyse the current status and project the near future changes.

11.2 Methods for Estimating Above Ground Biomass
(AGB)

11.2.1 Field Measurement Methods

Primarily two field measurement methods are used—(i) destructive method or
harvesting method—direct estimation of AGB and the carbon stocks stored in the
trees.Although, thismethoddetermines the biomass accurately, limited to a small tree
sample sizes being time consuming, strenuous, destructive and expensive. Usually,
this method is used for developing biomass equation to be applied for assessing
biomass on a larger area. The other method is (ii) non-destructive measurements,
involves climbing the tree to measure the various parts or by simply measuring the
DBH, tree height, volume of the tree and wood density to calculate the biomass using
allometric equations (Sullivan et al. 2018; Lucas et al. 2015). The allometric equa-
tions are developed and applied to forest inventory data to assess the biomass and
carbon stocks of forests by establishing a relationship between the various physical
parameters of the tree such as the DBH, tree height, wood density, tree species, etc.
(Vargas-Larreta et al. 2017). Haripriya (2000) used forest inventories to compute the
species-wise forest biomass and carbon stock for various forest strata in different
states. Numbers of allometric equation have been developed for estimating AGB
for different species and in different climate zones, where the relationship between
AGB and forest structural information have been statistically linked. The allometric
equation developed by Brown et al. (1989), Chamber et al. (2001) and Chave et al.
(2005) are given as follows:

AGB = exp
(−0.370+ 0.333 ln D + 0.9333 ln D2 − 0.122 ln D3) (Brown et al. 1989)

AGB = 13.2579− (4.8945D) + 0.6713D2 (Chamber et al. 2001)

AGB = 0.0776
(
ρD2H

)0.940
(Chave et al. 2005)

Chave et al. (2014) revised the parameters for the pantropical region employing
significant numbers of ground data. Nath et al. (2019) tested four models for biomass
estimation for the forest cover of North East India. Baishya et al. (2009) estimated
AGB in the humid tropical forests in North-East India employing the ground-based
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forest inventory technique for the natural semi-evergreen and Shorea robusta (sal)
plantation forest; and observed higher AGB in plantation regions (406.4 tonnes/ha)
compared to natural forest (323.9 tonnes/ha). While assessing the AGB in seven
districts of Madhya Pradesh state, India, Salunkhe et al. (2016) utilised the species-
wise allometric equations and density provided by FSI and FRI; and observed a lower
range of average AGB as 31.8 tonnes/ha and 20.7 tonnes/ha for the tropical dry and
mixed deciduous forest, respectively.

11.2.2 Remote Sensing Approaches

The remote sensing-based approach is primarily a non-devastating method and uses
the previously developed allometric equations. The field measured plot-level forest
biomass is integrated with the remotely sensed data derived forest biophysical and
structural parameters or proxies. The developed relation is then extrapolated to
generate the continuous forest biomass map. In this process, the input data (field
plots) is divided into training and testing data points. The training data points are used
to train the model or develop the relation employing statistical or machine learning
approaches; whereas, the test data is used to validate the model performance and
derive the accuracy metrices.

The biomass estimation using optical remote sensing data is usually realized by
revealing the correlation between biomass and spectral responses (vegetation indices
derived from multispectral images). Several studies including Lu et al. (2012) and
Karna et al. (2015) have used circular plots of 0.05 ha for field data collection
while estimating AGB and carbon stock by integrating lidar and other optical remote
sensing. Sader et al. (1989) studied the relationship between forest biomass and the
Landsat data derivedNormalizedDifferenceVegetation Index (NDVI); and observed
better performance for low biomass region with gregarious formation, which was not
suitable for high biomass and mixed forest cover regions. Lee and Nakane (1997)
also employed the Landsat data and modelled the biomass employing a number
of vegetation indices, where they observed acceptable accuracy for different forest
types for different indices. Roy and Ravan (1996) studied the relationship between
optical data derived parameters and forest biomass and suggested that the brightness
and wetness have strong contribution in explaining the AGB variability. Madugundu
et al. (2008) used the Indian Remote Sensing (IRS) LISS-IV data derived leaf area
index (LAI) and NDVI to estimate the AGB in the deciduous forests in Western
Ghats and observed an acceptable accuracy.

As, the optical remote sensing technologies have limited capability to predict
forest biomass since the recorded spectral responses in optical images are mainly
represent top canopy properties of forest stand. Thus, the satellite data derived optical
properties can model the biomass up to a certain threshold and experiences a satu-
ration at higher biomass regions. On the contrary, the microwave (radar) remote
sensing operates at much higher wavelength (1 mm to 1m), and have unique features
compared to the optical remote sensing operates mostly in visual to middle infrared
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Fig. 11.2 Characteristics of microwave bands in relating to forest stand parameters

region of electromagnetic (EM) spectrum. In forestry, the microwave data are exten-
sively used in forest cover and type mapping, discrimination of forest compartments,
and estimation of forest stand parameters and biomass, etc. Themost commonly used
microwave data processing technique involve conversion of digital number (DN)
values or pixel values to backscatter coefficient and generation of three-dimensional
surface using Differential SAR Interferometry (DInSAR) technique (Otukei and
Emanuel 2015). The accuracy of microwave remote sensing data for biomass and
carbon assessment depends on the choice of the suitable wavelength bands and polar-
ization. The synthetic aperture radar (SAR) data are acquired in several wavelength
bands i.e., X, C, L and P. Each of these bands has different characteristics in relating to
the forest stand parameters (Fig. 11.2). Due to its lower wavelength, the microwave
signal in ‘X-band’ is highly scattered by leaves and canopy cover and enables to
extract information about the surface layer of the trees. A microwave signal oper-
ating in a higher wavelength as ‘C-band’ penetrates through leaves and scatters by
small branches and under layer elements. In comparison, the ‘L-band’ operates at
much higher wavelength and penetrates through the surface layers and is scattered
by the trunk and main branches. The ‘P-band’ with very high operating wavelength
(around 70 cm) has very high penetration capacity through the canopy cover and the
majority backscatter in ‘P-band’ is caused by trunk and the trunk ground reflectance.
The next important parameter ofmicrowave data is the polarization of the signals, i.e.,
the direction of electric field of the electromagnetic waves. The microwave signals
are emitted and received in horizontal (H) or vertical (V) polarizations. Depending
on the polarization of emitted and received (backscatter) signal, it has four combina-
tions: (1) HH: horizontally emitted and horizontally received, (2) HV: horizontally
emitted and vertically received, (3) VH: vertically emitted and horizontally received,
and (4) VV: both the emitted and received signals have vertical polarization. ALOS-
PALSAR is an example of quad-pol sensor commercial data operates in L band.
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Radarsat-1, Radarsat-2 and the latest Sentinel-1 are examples C band microwave
data, where the Sentinel-1 data is available freely.

Number of local, regional and global assessments have been carried out in
mapping theAGB. Santos et al. (2002) used theL-band JERS-1 data to estimate forest
and savanna biomass in two contact zones in the Brazilian Amazonia. Pandey et al.
(2010) used the Envisat ASAR to generate the AGB map for the Dudhwa National
Park of Lakhimpur-Kheri district in Uttar Pradesh state, India, and observed higher
accuracy for the HV band than HH polarization band, where the model fitting was
found better for the low biomass region compared to the high biomass regions. Otukei
and Emanual (2015), Goh et al. (2014), Carreiras et al. (2013) used ALOS PALSAR
microwave data while estimating the AGB, where the field data was collected with
circular plot design different radius of 15 m, 20 m, and 25 m, respectively. Hamdan
et al. (2015) carried out a similar assessment using L-band ALOS PALSAR data in a
Peninsular forest and Mangrove forest in Malaysia. With the availability of the latest
no-cost Sentinel-1 microwave data, number of studies have included this data for
estimating forest biomass in different forest types and climate zones. Laurin et al.
(2018) tested the accuracy ofAGBprediction using the Sentinel-1 in aMediterranean
forested landscape and suggested to use multi-temporal data and differential anal-
ysis for various forest types, where the biomass can be reliably estimated up to 400
tonnes/ha. The advances in data processing approaches are leading to the application
of both regression-based approach as well as the incorporation on machine learning
models to develop the relation between predictor variables and field measurements.
The regression-based approach allows the use of single ormultiple predictor variables
while generating the relationship and provides the statistical measures on the accu-
racy, and thereafter the developed relationship is used for extrapolation (Hamdan
et al. 2015; Laurin et al. 2018). On the contrary, although, the machine learning
models are mostly work as black box, are observed to better perform while linking
the dependent and independent variables. Castillo et al. (2017) employed both the
regression-based and machine learning models to estimate the AGB in Mangrove
forest; and, observed good performance of the optical (Sentinel-2) derived LAI
and best performance for the backscatter values from the microwave (Sentinel-1)
data using machine learning model. Numbers of researchers have also tested the
performance of integrated approach, where the optical data derived forest biophys-
ical and microwave data derived structural and textural information are merged.
Ghosh and Behera (2018) used the synergistic approach, where they integrated the
Sentinel-2 data derived vegetation indices [Normalized Difference Vegetation Index
(NDVI), Green Normalized Difference Vegetation Index (GNDVI), Renormalized
Difference Vegetation Index (RDVI), and Soil-Adjusted Vegetation Index (SAVI)]
and Sentinel-1 backscatter and textural information employing the decision tree-
based machine learning models. Sinha et al. (2020) also adopted the integration
approach, where they used the Landsat TM optical data and multiple microwave
data as COSMO-Skymed (X-band), Radarsat-2 (C-band), and ALOS-PALSAR (L-
band) data for multiple linear regression to model the AGB. Avitabile et al. (2016)
combined two datasets and generated the AGB map for the pan-tropical region.
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LiDAR (Light Detection and Ranging) is an active system offering tremendous
potential for estimating forest biomass with the major advantage as the acquisition of
three-dimensional data of the forest structure including canopy cover characteristics,
leaf area index, crown cover and volume, etc. The ability of the laser altimeters
to penetrate through forest canopies to the ground level better identifies the plant
structure (Rosillo-Calle and Woods 2012). Previous research has indicated that use
of LiDAR data is a promising approach for biophysical parameters estimation (Drake
et al. 2002; Hyde et al. 2007), such as timber volume and stand height (Naesset 1997),
tropical forest biomass (Drake et al. 2002), Douglas fir western hemlock biomass
(Lefsky et al. 1999) etc. Long wavelength radar data have the advantage in AGB
estimation for complex forest stand structures and LiDAR data have the potential to
provide vertical structure information (Zimble et al. 2003).

The present study is undertaken to estimate above ground biomass (AGB) and
carbon stock for Shorea robusta (sal) forest of Jhargram block, Paschim Medinipur
district, West Bengal, India. Using the no-cost high resolution Sentinel-1 microwave
data, the relationship between AGB and VH and VV polarization was derived using
regression analysis. Moreover, using the AGBmap, the tree density map of the study
area was also produced.

11.3 Study Area

Jhargram is a community development block that forms an administrative division
in Jhargram district in the Indian state of West Bengal (Fig. 11.3). As per the 2011
Census of India, the total population of JhargramCDBlock was 170,097. The terrain
is regulated by the Chotanagpur Plateau, which gradually slopes down creating an
undulating area having infertile laterite soils. About 75% of the cultivated area has
lateritic soil and 20% has alluvial soil and 5% has red gravelly soil in this region. The
topography of this area is relatively flat or gently undulatingwith an average elevation
of 81 m above the mean sea level. The main streams in the area is Kangsabati River
also known as Kasai and Cossye in the northern part of the study area. The diurnal
temperature reaches as high as 46 °C in the hot and dry months of May and June and
drops to 4 °C during winters (December and January). The average annual rainfall
is about 1370 mm with a concentrated rainfall during monsoon (June to September)
leading to comparatively dry pre and post-monsoon. Such a climate condition lead
to dry deciduous tropical forest, where S. robusta (Sal) is dominated and partially
mixed with various species like Mahua, Palash, Kusum, Kendu and Neem, etc.
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Fig. 11.3 Location map of the study area in West Bengal and field plots (training and testing)
overlaid on forest cover area
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11.4 Materials and Method

11.4.1 Data Sources

In the current study, the Sentinel-1A C-band SAR data has been used for biomass
estimation. Sentinel-1A data contains two polarization bands as VV and VH. Based
on the field data collection period, the satellite scene of 9th February 2018 was used.
The satellite scene was acquired from the ESA (European Space agency) scientific
data hub (scihub.copernicus.eu/dhus/#/home). The Sentinel-2A optical data was also
used in this study to map the forest cover area. It consists of 13 spectral bands in
the visible, NIR, and SWIR region of the EM spectrum. The SNAP tool and ArcGIS
software was used for data processing, AGB and corresponding carbon estimation.
The statistical analysis was performed in MS excel.

11.4.2 Field Data Collection and AGB Measurement

The plot level field data was collected in 40 locations having a rectangular plot size
of 30 m × 30 m area. Within each plot, the number of trees, diameter at breast
height (DBH) and height of trees were measured, and multiple geo-locations were
recorded inside the plots and corner location using a handheldGPSdevice (Fig. 11.4).

Fig. 11.4 Field observations and plot level plant inventory data collection
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The DBH was measured at height 1.3 m above the base of a tree. A revised and
improved allometric equation (Eq. 11.1) was adapted from Chave et al. (2014) for
AGBestimation;whereas the carbon fraction approach (Eq. 11.2)was used for carbon
stock estimation (Hirata et al. 2012).

AGB = 0.0673
(
ρ × D2×H

)0.976
(11.1)

where, ρ =Wood density in gcm3, D = DBH in cm, and H = Tree height in m

C = B× CF (11.2)

where, C= Carbon stored in tonnes, B= AGB, and CF= Carbon fraction (0.5).

11.4.3 Methodology

The field collected data on tree count, DBH and height was used to compute the AGB
using the suitable allometric equation, which was statistically linked with satellite
data derived proxies. Based on the develop relation with the training data, a contin-
uous AGB map was prepared and validated with test data points. The carbon stock
map was prepared by multiplying the carbon fraction. The overall methodology flow
diagram has been shown in Fig. 11.5.

11.4.3.1 Pre-processing of Optical Data and Generation Forest Cover
Area Map

The atmospheric correction of Sentinel-2 scene was performed using the QGIS soft-
ware. The atmospherically corrected data was then used to derive the land use forest
cover map of the study area. The maximum likelihood classifier was used for image
classification, which was validated with the field observed data points for accuracy
assessment. The forested area in the study area was extracted and used to mask the
microwave data before estimating the AGB.

Calculation of Enhanced Vegetation Index (EVI)

The Enhanced Vegetation Index (EVI) was computed using the Sentinel-2 data. The
EVI is an optimized vegetation index designed to enhance the vegetation signal with
improved sensitivity to high biomass and de-coupled the canopy background signal
and influences of atmospheric scattering using suitable correction factors.

The atmospherically corrected Sentinel-2 data was employed to derive EVI map
using the following equation:

EVI = G× (N I R − RED)

(N I R + C1× RED − C2× BLUE + L)
(11.3)
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Fig. 11.5 Methodology of the study area

where, NIR, Red and Blue bands are atmospherically corrected bands, L is the
canopy background adjustment, and C1 and C2 are the coefficients factors of aerosol
resistance term, which uses the blue band to correct the influence of aerosol content.
The coefficients values used in the MODIS-EVI were utilized: L = 1, C1 = 6, C2
= 7.5, and G (gain factor) = 2.5.

11.4.3.2 Pre-processing of Microwave Data

The sentinel-1 GRD data product (level 1) was used in this study. Using the SNAP
tool, the radiometric (e.g., conversion of DN values to backscatter coefficient σ°)
and geometric correction (e.g., conversion of slant range to ground range, multi look
and azimuth compression) were performed prior to the data analysis. Thereafter, the
Gammafilter (with 5× 5 kernel size)was applied to remove the speckles in the image.
Then,Doppler terrain correctionwas applied employing the shuttle radar topographic
mission (SRTM) digital elevation model (DEM) data. The pre-processed image was
then exported in GeoTIFF format for further processing in ArcGIS software.
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11.4.3.3 Modelling and Estimation of AGB, Carbon Stock, and Tree
Density

A total of 40 plot data was available, whichwas segregated into training and testing to
develop the model and validation purpose, respectively. A random selection process
was applied to divide the entire data into training (25 plots or 62.5% data) and
testing (15 plots or 37.5% data). To corroborate with the pixel size and plot area,
the backscatter coefficient from 9 neighbouring pixels centring the plot location was
considered to develop the relation between backscatter values and the field measured
in situ AGB. The univariate linear regression analysis was performed to develop the
relationship betweenAGB and independent variables as radar backscatter bands (VV
and VH), and EVI. The best performing predictor variable was chosen by comparing
the coefficient of determination (R2) value. The best performing variable was then
employed to create the continuous biomass map, and the test data was utilized to
validate it. The prediction accuracy was assessed via coefficient of determination,
RMSE and bias values. The carbon stock map was prepared using the predicted
AGB map by multiplying the carbon fraction factor of 0.5 (Watson 2009; Hirata
et al. 2012). To estimate tree density map per pixel, the predicted AGB map was
used, where the equation used for biomass estimation was reversed.

N P = Bmp × 1000

0.0673× (0.73× D × H)0.976
(11.4)

where, Np= No. of predicted tree, Bmp is predicted biomass and 0.0673 and 0.976
is model coefficient, and D is Diameter at breast height (DBH) in cm and H is tree
height in meter.

11.5 Results and Discussion

It is essential to map the forest cover area for reliable biomass estimation. The
Sentinel-2 multi-spectral data was used to create the land use forest cover map
employing the four 10 m VNIR bands. The maximum likelihood classifier was used,
where the forest covered areas were extracted to mask the microwave data before
biomass estimation (Fig. 11.6). Field visits were carried out to collect plot level data,
where the geo-location of S. robusta trees along with the DBH, tree density and
height data were recorded in 40 sample plots (Fig. 11.6). At 30 m × 30 m plot area,
the measured DBH varied between 34 and 67 cm, tree height varied between 12 and
15 m, and the numbers of trees varied between 44 and 157 per plot. A part of plot
data was used to create signature file during image classification and rest of the data
points were used to verify the classification accuracy indicated all confirm forest area
occurrences. The total identified forest area is 55.36 km2.
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Fig. 11.6 The forest cover area map of the study area. The cyan coloured oval shaped area was
not considered and masked from subsequent spatial maps being an urban settlement area (Jhargram
town)

The allometric equation developed by Chave et al. (2005) was employed to esti-
mate the AGB in the current study. The wood density value (0.73 gm/cm3) for S.
robusta given by the Forest Survey of India (FSI) was used in this case. The plot level
in situ AGB varied between 88.56 tonnes/ha and 170.29 tonnes/ha, with an average
biomass value of 122.93 tonnes/ha. The simple linear regression model was tested to
assess the variability explained by each of the independent parameters as backscatter
in VV and VH polarization bands, and EVI. During modelling, the obtained result
indicated the highest coefficient determination value for VH polarized band (R2 =
0.63) and a comparatively lower R2 (0.44) for VV polarized band, which was 0.45
(R2) for EVI (Fig. 11.7a–c).

As, the highest coefficient of determination value was obtained with the VH band,
it was thus used for estimatingAGBand carbon contentmap. The coefficients derived
from the regression analysis was used to generate the continuous AGB map. Using
the test data points, the coefficient of determination, RMSE and bias values were
estimated for the predicted AGB map, which showed moderate correlation (R2 =
0.45) with significantly lowRMSE value (±17 tonnes/ha) and slight underestimation
(bias value = −0.024) (Fig. 11.8).

The direct relationship between microwave backscatters values and plot-wise
tree density was observed comparatively weak (R2 = 0.4 for VH and 0.23 for VV),
whereas, the relation with AGBwas observed much stronger (R2 = 0.87) (Fig. 11.9).
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Fig. 11.8 Predicted AGB is plotted against the observed AGB for validation

Fig. 11.9 Observed versus predicted tree density

Thus, the tree density map for the entire study area was produced using the AGB
map.

The estimated AGB and carbon stock maps are shown in Fig. 11.10a, b. The result
indicates that the amount of AGB varies between 44.1 tonnes/ha and 249 tonnes/ha
with the total AGB as 33,102 tonnes estimated for the study area. Subsequently,
the estimated carbon stock map follows the similar pattern of the AGB map. The
AGBmap indicates majority of the areas having the AGB ranging between 100–200
tonnes/ha. On the other hand, areas with biomass below 100 tonnes/ha and above
200 tonnes/ha are comparatively less. The areas below 100 tonnes/ha are mostly
indicating the sparse and comparatively new plantation areas; whereas, the areas
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Fig. 11.10 Estimated a AGB and b Carbon stock for the study area
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with very high biomass are the old grown dense forest areas. This was corroborated
by the tree density map and statistics, which shows that the contribution from the
lowest and highest tree density class is about 20% only, where the intermediate range
(69/ha to 75/ha) contributes rest of the 80%AGB in this region (Fig. 11.11 and Table
11.2). The total numbers of trees estimated for the study region is 19,872,061.

The ground sampled data exhibits the variation in DBH as 34–67 cm, infers that’s
the incorporation of comparatively newer and old plants in the current analysis.
However, the variations in average tree height was comparatively less. Moreover,
the tree density mostly varies between 44/ha and 75/ha, where only two plots were
observed to have exceptional high tree density. The supervised image classifica-
tion well captured the vegetation cover area, from where the settlement region was
masked out to avoid the differential scattering from the buildings/artificial construc-
tions. The regression analysis indicted the higher performance by VH band (R2

= 0.63) in capturing the plants structural information in comparison to VV band

Tree Density/ 0.09 ha
< 68
69 - 72
73 - 75
> 75

Fig. 11.11 Tree density map of Jhargram Block

Table 11.2 Estimated tree
density statistics

Density range Number of trees Total number of trees

<68 2,194,751 19,872,061

69–72 8,684,798

72–75 7,256,195

>75 1,736,317
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(R2 = 0.44), where higher backscatter corresponds to higher AGB. Similarly, the
biophysical characteristic as EVI, derived from the optical data could not perform
well as explained by the structural information obtained from VH band. Moreover,
the estimated AGB was found well accurate (R2 = 0.87) while deriving the tree
density. At plot level, the observed AGB varied between 88.56 tonnes/ha and 170.29
tonnes/ha, which was estimated between 44.1 tonnes/ha and 249 tonnes/ha for the
entire study region and majority of the AGB was observed in the range of 100–200
tonnes/ha. This could be indicating a uniform forest cover regime with compara-
tively lower number patches having lower and higher AGB. Forest patches below
the average AGB range could be the new plantation sites; whereas, patches with
higher AGB could be the old and dense patches. Moreover, in case of tree density,
the majority (>80%) of the estimated tree density varies between 69/ha and 75/ha,
which supporting the uniformity in tree cover in this region. Behera et al. (2016) used
the L-band ALOS-PALSAR data to estimate AGB in Katerniaghat Wildlife Sanc-
tuary (KWS), a tropical forested region and observed better performance of VV band
compared to VH band employing non-linear regression. However, their prediction
accuracy (R2 = 0.47) was similar as derived in the current study (R2 = 0.45); and,
observed a higher AGB ranges up to 625 tonnes/ha for S. robusta dominated forest
covers. Thumaty et al. (2016) also estimated theAGB for the state ofMadhya Pradesh
mostly contains the moist and dry deciduous forest, Tectona grandis (teak), and S.
robusta forests employing the L-band ALOS-PALSAR data. Considering all the
forest type together, they have observed the HV band to better explain the variability
of AGB (R2 = 0.51) with a similar RMSE value (±19.32 tonnes/ha) as estimated in
the currently study (±17 tonnes/ha). Behera et al. (2016) vividly studied the forest
biomass for three distinct plant functional types (PFTs) employing filed measure-
ments in KWS and estimated the AGB ranging 290.82– 455.99 tonnes/ha, and their
principle component analysis (PCA) ofmicroclimatic conditionwith forest structural
information indicates higher contribution from humidity and air-temperature. While
estimating the AGB integrating backscatter and textural information derived from
Sentinel-1 data and vegetation index from Sentinel-2 data, Ghosh and Behera (2018)
observed higher coefficient of determination value (R2 = 0.71) with poor RMSE
value (105.027 tonnes/ha) for S. robusta in KWS. The range of AGB observed in
the current study also supported by the observation of Pandey et al. (2010) estimated
the range as 119–520 tonnes/ha for sal and sal dominated forest cover in the tropical
forest of Dudhwa National Park of Lakhimpur-Kheri district in Uttar Pradesh state,
India.

11.6 Conclusion

The present study assessed the potential of Sentinel-1 microwave data for AGB and
tree density estimation over a dry deciduous S. robusta (sal) dominated forest in the
Jhargram CD block of West Bengal state, India. Moreover, the Sentinel-2 optical
remote sensing data was used to demarcate the forest area and to derive the forest
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biophysical parameter as EVI and to assess its relationship with AGB. The sentinel-1
provided the backscatter values in VV and VH polarizations, which were linearly
regressed with the field measured AGB data. 40 sample plot data were collected on
the field, which indicates a better variation explained by the VH band (R2 = 0.63)
compared to the VV band (R2 = 0.44), where the relationship was observed weaker
for EVI also (R2 = 0.45). Using the regression equation, the continuous forest AGB
map was thus estimated employing the VH band. The validation results showed
good accuracy (R2 = 0.45) with low RMSE value (17 tonnes/ha), and slight under-
estimation (bias = −0.024). The regression analysis and validation result clearly
indicates the applicability of Sentinel-1 microwave data for AGB estimation with
a limited accuracy. However, the accuracy for the estimated tree density map was
observed much higher (R2 = 0.87). The variability in field measurement via DBH
indicates incorporation of older and younger trees dominated plots in the analysis,
and the estimated AGB varied between 44.1 tonnes/ha and 249 tonnes/ha, which
corroborated the AGB observations from similar climate zones in India. Majority
of the estimated AGB ranged between 100–200 tonnes/ha, which could be indi-
cating the uniform forest cover in this region, which was also indicated by the tree
height and tree density data. However, few regions were observed to have lower and
higher AGB indicating the newer and densely forest cover regions, respectively. The
spatial biomass and tree density maps are highly useful for forest cover management
activities, especially to adopt the climate adaptive conservation measures. The study
outcome confirms the use of the freely available Sentinel-1 C-band microwave data
for reliable AGB estimation. It has further proposed to perform differential analysis
for other gregarious forest types and mixed forest types in different climate zones
and segregating the young and old forests.
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Chapter 12
Forest Fire Risk Assessment for Effective
Geoenvironmental Planning
and Management using Geospatial
Techniques

Narayan Kayet

Abstract Forest are essential natural resources having the role of supporting
economic activity, which plays a significant role in regulating the climate and the
carbon cycle. Forest ecosystems increasingly threatened by fires caused by a range
of natural and anthropogenic factors. Hence, spatial assessment of fire risk is crit-
ical to reducing the impacts of wildland fires. In the current research, the evalua-
tion of forest fire risk (FFR) assessment performed by geospatial data of Melgaht
Tiger Reserve Forest (MTRS), Maharashtra, India. We have used eleven natural and
anthropogenic parameters (slope, altitude, topographic position index (TPI), aspect,
rainfall, land surface temperature (LST), air temperature, wind speed, normalized
differential vegetation index (NDVI), distance to road and distance to settlement)
for FFR assessment based on the Analytic hierarchy process (AHP) and Frequency
ratio (FR) models in a GIS framework. The results from AHP and FR models shown
similar trends. The AHPmodel was significantly higher accuracy than the FRmodel.
AHP and FR models based FHR maps were classified into five classes (very low,
low, moderate, high, and very high). According to the generated FFR maps, the
very high-risk class was found at some forest blocks (Mangtya, Kund, Gudfata,
Katharmal, Amyar). The sensitivity analysis showed that some parameters (wind
speed, air temperature, LST, slope, altitude, distance to settlement, and distance to
the road) were more sensitive to forest fire risk. The FFR results were justified by
the forest fire sample points (Forest Survey of India) and burn images (2010–2018).
This work will provide a basic guideline for effective geo-environmental planning
and management of Melgaht Tiger Reserve Forest.
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12.1 Introduction

Forest is a natural resource, and it has a significant role in maintaining the balance of
the environment. Fire is a rapid combination of fuel, oxygen, and heat. The population
of India is increasing day by day, and it has become a problem, especially for the
forest. Most of the forest fires in India are caused by human activity. A forest fire
has loosely related to the socio-economic activity of the people who live in the forest
areas near the forest area. Grazing, shifting cultivation, and deforestation of forest
resources are the main reasons for a forest fire. According to the Forest Survey of
India (FSI) state-wide study in the year 2000, about 1.45 million per year of forest
area affected by the fire. So it is essential to monitor forest fire in Melgaht Tiger
Reserve (MTR) Forest for effective geo-environmental planning and management.

Due to natural or anthropogenic reasons, forest ecosystems are threatened by
increasing the rate of a forest fire. So, forest fire risk zonation or spatial assessment
of fire risk is a very important task nowadays to reduce the impact of wildfire. The
occurrence of forest fires is one of the major environmental concerns (called wild-
fires), which has an effect on forest preservation, ecological and economic damage
as well as causes to human suffering (Cortez andMorais 2007). Many environmental
and anthropogenic variables are related to fire, and recognizing them is required to
understand fire occurrences and to determine fire risk (Krivtsov et al. 2009). But most
of the forest fires are the consequences of anthropogenic activity. It may cause defor-
estation, timber harvesting, for the use of forest in another land use purpose such as
agricultural land, pastureland, etc. Wildfire can be defined as the rapid combustion
of fuel, heat, and oxygen. It is a chemical reaction of any substance that will ignite
and burn to release a lot of energy in the form of heat and light (Rawat 2003).

Remote sensing has become a very useful and reliable technology for the moni-
toring as well as for management of forest fire. Many kinds of literature have been
conducted to develop a forest fire risk zone mapping by the use of RS and GIS
techniques. MODIS data commonly applied for the identification of forest fire all
over the world; which can provide 12-bit data (Radiometric resolution) in 36 spec-
tral bands at a range of 0.4–14.4 µm (Pourghasemi et al. 2016). Roy (2003) applied
geospatial techniques that are very useful to assess the forest fire risk and degrada-
tion assessment. In this paper, he had described the present states of forest, forest
fire risk, and degradation assessment in the context of India. Sharma et al. (2012) to
find out the forest fire risk zone by the Fuzzy AHP (Analytical Hierarchy Process)
approach in Shimla Forest Division (Himachal Pradesh) in 2012. The result has a
strong agreement with actual fire occurrences in the past years.

In present study area is located inAmravati district ofMaharashtra, India.Melghat
forest famous for the Tiger Reserve forest. This area has dry deciduous forests and
excellent tiger habitat. The local forest department said the Melghat forest area
destroyed in the fire would be anything between 2000 and 2200 ha of forestland in
the years. That why we chose this study area for forest fire risk assessment.

In this study, a proposedmethodology is prepared for forest fire risk (FFR) assess-
ment using multi-criteria models in a GIS framework. The objectives of the study
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Table 12.1 Data used in the
present study

Data layer Source of data

Satellite Images (Landsat 8 OLI) Earth Explorer/GLOVIS

Cartosat 1 DEM NRSC Bhuvan

Quick Bird Image Google Earth

Forest fire location points Forest Survey of India

Climate data SWAT

were: (1) Forest fire zoning mapping using the multi-criteria model in a GIS frame-
work. (2) To identify very high forest fire risk zones in the Melghat Tiger Reserve
forest. (3) Forest risk zoning results justified by FSI training points.

12.2 Materials and Methods

12.2.1 Data Source

For the study, the Landsat satellite image of Maharashtra state was acquired for the
year 2016. The data was obtained from GLOVIS, an Earth Science Data Interface,
while that of the Digital elevation model for Melghat forest was acquired from
NRSC Bhuvan. It is also essential for the study because it provides topographical
information regarding. Climate data obtained from SWAT global weather data. The
details of the data used are given in Table 12.1.

12.2.2 Study Area

The Melghat Tiger Reserve situated in the Satpura hill ranges of Central India
and it lies in Melghat forest of Amravati district in the Vidarbha region of Maha-
rashtra, bordering Madhya Pradesh in North and East (Fig. 12.1). The MTR area of
1571.74 km2 lies in the heart of the Melghat forest and was declared the Melghat
Tiger Reserve on 22nd February 1974. TheMTR iswithin latitude 2100 1500 to 2100
4500N and longitude 7600 5700 to 7700 3000 E at elevations of 312 to 1178mMSL.
The yearly maximum temperature averages 42.7 °C, with annual rainfalls 2700 mm.
Winds are generally light to moderate; the strongest winds are less than 22 km/h.
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Fig. 12.1 Location map of Melghat Tiger Reserve Forest

12.2.3 Frequency Ratio Model (FR)

The frequency ratio model, a simple geospatial assessment tool for computing the
probabilistic relationship between dependent and independent variables, including
multi-classified maps, can be obtained by an FR model (Choi et al. 2012). Based on
this assumption, the relationships between fires occurring in an area and the forest
fire-related factors can be distinguished from the relationships between fires not
occurring in an area and the forest fire-related factors. This thing can be represented
as an FR, which represents the quantitative relationship between forest fires events
and different causative parameters. The FR can be defined as the probability of
occurrence of a certain attribute (Mohammady et al. 2012).

12.2.4 Analytical Hierarchy Process (AHP)

The analytical hierarchy process is a theory of measurement for considering tangible
and intangible criteria that have been applied to numerous areas, such as decision
theory and conflict resolution (Vargas 1990; Yalcin 2008). The AHP is an eigenvalue
technique for the pair-wise comparisons approach. It is based on three principles:
decomposition, comparative judgment, and synthesis of priorities (Chen and Xu
2010). The decomposition principle is applied to structure a complex problem into a
hierarchy of clusters, sub-clusters. TheAHP provides a fundamental numerical scale,
which ranges from 1 to 9 to calibrate the quantitative and qualitative performances
of priorities (Saaty 2008). This matrix ultimately enters expert choice (EC) software
and will calculate the final weight for each conditioning factor with consistency
ratio (CR). If CR is less than 10%, then the matrix can be considered as having an
acceptable consistency (Saaty 2008).
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Fig. 12.2 Overall methodology of forest fire risk mapping
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12.2.5 Meteorology

Figure 12.2 shows the used methodology in this study area with a flowchart. The
figure shows the factors used in the analysis and the processes applied according
to the methods. At the first stage, required data were collected, then those data will
be processed with proper correction, and various factors are prepared to performed
Frequency Ratio (FR) and Analytic hierarchy process (AHP) models. Finally, forest
fire risk zone map prepared and validate with the previous record of forest fire in
Melghat forest (2010–2016).

12.3 Results and Discussion

12.3.1 Land Use and Land Cover (LULC)

The study area is comprised mainly of forest areas, so most of the domain is belong
to different forest categories. Land use and land cover map of Melghat forest are
prepared using the Support Vector Machine (SVM) classifier technique. The LULC
map of the study area is shown in Fig. 12.3. Area of different LULC classes are
present in Table. 12.2.

Fig. 12.3 Land use and land cover map of Melghat Tiger Reserve Forest
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Table 12.2 Area of LULC
classes

Classes name Area in km2 Area in percent

Dense Forest 257.91 17.47

Mixed Forest 379.81 25.74

Open Mixed Forest 395.89 26.83

Agricultural Land 9.24 0.62

Fellow Land 7.33 0.49

Settlement 4.63 0.31

Water Body 7.37 0.49

Open Forest 413.33 28.01

12.3.2 Land Surface Temperature (LST)

The land surface temperature of a particular date of an area can be measured from the
satellite image by using a remote sensing technique. In this study, the land surface
temperature of Melghat forest calculated for the date of 12th April 2016, the LST of
the Melghat area is to be measured by LSTmodel. Figure 12.4 shown in land surface
temperature in Melghat Tiger Reserve Forest.

In this Fig. 12.4, the maximum temperature is to be found 39.34 °C, and the
minimum is 180 °C. Forest fire points are plotted in this figure to find out in which

Fig. 12.4 Land surface temperature of Melghat Tiger Reserve Forest
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Fig. 12.5 Relation between forest fire occurrence and LST

temperature there is a maximum no of fire points that have occurred. The relation
between forest fire occurrence and temperature is shown in the following figure by
a simple bar graph (Fig. 12.5).

12.3.3 Criteria for Forest Fire Risk Zoning

Forest fire is one type of combustion of vegetation which mainly occurs in the forest
area. The frequent occurrence of forest fires is a significant reason for depletion
and extinction of our valuable plants and animal species. There are many natural
and anthropogenic factors that are responsible for a forest fire, here natural factors
such as elevation, slope, aspect, topographic position index, rainfall, wind speed,
temperature, DR, DS, and NDVI are used as criteria. Again forest fire is a result of
anthropogenic activity, so distance to Settlement and distance to the road are also
used to prepare forest fire risk zone mapping as anthropogenic factors. Both natural
and anthropogenic factors that are used in this study as criteria are shown in Fig. 12.6.

12.3.4 Frequency Ratio Based FFR

The results of the spatial relationship between forest fire and forest fire-related factors
using the frequency ratiomodel are illustrated in Table 12.3. In the tablewe found that
temperature, wind speed, and settlement are the highest frequency ratio value, then
other factors and slope aspects get the lowest values. So, we can say that temperature,
wind speed, and settlement factors are most responsible for a forest fire in the study
area than other factors. The forest fire risk (FFR) zoning map shown in Fig. 12.7.
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Fig. 12.6 All criteria maps for forest fire risk zoning mapping

12.3.5 Analytical Hierarchy Process Based FFR

The idea ofmulti-criteria techniques has been implementedwith different uncertainty
levels of AHP. Forest fire risk zonationmap byweightedmean overlay analysis using
AHP is thus obtained in GIS mode using MCDA. AHP model is actually based on
Saaty’s pairwise comparison method (Table 12.4). Here each and individual criteria
are compared as a pair, and importance between these two criteria is measured and
then put the weight as per Saaty’s comparison scale. Figure 12.8 shown the forest
fire susceptibility map by the AHP model.
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Table 12.3 Frequency ratio value for each criteria

Factors Class No. of
pixels

Percentage
of pixels

No. of
forest fire
point

Percentage
of forest fire
points

Frequency
ratio value

Elevation
(m)

273–459 76,500 30.35 466,663 26.63 0.303

459–556 120,600 47.85 713,390 43.51 0.478

556–667 41,400 16.42 328,022 20.00 0.164

667–805 12,600 5 134,911 8.22 0.050

805–1114 900 0.35 26,456 1.61 0.003

Slope (°) >15 103,500 41.07 571,217 34.84 0.410

15–30 90,900 36.07 542,794 33.10 0.360

30–45 40,500 16.07 370,035 22.57 0.160

45–60 17,100 6.78 155,396 9.47 0.067

Slope aspect Flat 20,700 8.21 184,908 11.27 0.082

North 30,600 12.14 161,102 9.82 0.121

North-east 19,800 7.85 154,762 9.43 0.078

East 26,100 10.35 166,863 10.17 0.103

South-east 31,500 12.50 193,884 11.82 0.125

South 30,600 12.14 186,325 11.36 0.121

South-west 40,500 16.07 182,038 11.10 0.160

West 29,700 11.78 194,847 11.88 0.117

North-west 22,500 8.92 214,713 13.09 0.089

Topographic
position
index (TPI)

Canyon 54,000 21.42 376,471 22.96 0.414

Ridges 115,200 45.71 685,056 41.78 0.307

Gentle Slope 61,200 24.28 404,390 24.66 0.242

Flat 21,600 8.57 173,525 10.58 0.085

Normalized
differential
vegetation
index
(NDVI)

−0.563 to 0.276 153,000 60.71 486,777 29.69 0.287

0.276–0.358 90,900 36.07 996,163 60.76 0.199

0.358–0.830 8100 3.21 156,502 9.54 0.113

Rainfall
(mm)

1354.26–1606.82 119,700 47.5 621,516 37.91 0.475

1606.82–1787.87 93,600 37.14 650,652 39.68 0.371

1787.87–1924.21 38,700 15.35 367,274 22.40 0.153

Temperature
(°C)

21.24–24.26 52,200 20.71 557,364 33.99 0.207

24.26–27.34 92,700 36.78 477,214 29.10 0.367

(continued)
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Table 12.3 (continued)

Factors Class No. of
pixels

Percentage
of pixels

No. of
forest fire
point

Percentage
of forest fire
points

Frequency
ratio value

27.34–29.34 107,100 42.50 604,864 36.89 0.425

Wind speed
(m/s)

1.85–2.21 80,100 31.78 792,860 48.36 0.317

2.21–2.68 116,100 46.07 660,030 40.25 0.460

2.68–2.98 55,800 22.14 186,552 11.37 0.482

Distance to
settlement
(km)

0–1 18,000 7.14 180,984 11.03 0.214

1–2 54,000 21.42 381,139 23.24 0.067

2–3 61,200 24.28 385,454 23.51 0.202

3–4 55,800 22.14 291,708 17.79 0.221

4–5 30,600 12.14 183,744 11.20 0.121

5–12 32,400 12.85 216,413 13.20 0.128

Distance to
road (km)

0–1 74,700 29.64 505,533 30.83 0.296

1–2 55,800 22.14 374,338 22.83 0.221

2–3 62,100 24.64 309,287 18.86 0.246

3–4 30,600 12.14 216,808 13.22 0.121

4–5 22,500 8.92 124,243 7.57 0.089

5–12 6300 2.5 109,233 6.66 0.025

Fig. 12.7 Forest fire risk map using FR model
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Fig. 12.8 Forest fire risk map using AHP model

12.3.6 Comparative Analysis Between FR and AHP Models
for FFR

FR and AHP-based fire risk pixel values are used to comparative analysis in different
forest risk classes (Fig. 12.9).

Fig. 12.9 Area of fire risk zones using FR and AHP models
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Fires in the forest have always been studied as natural phenomena, andmore of the
efforts were on the way to suppress them. Not much effort was put on the inspection
and the analysis of the causes. Policy strategies were according to preventive and
suppression measures (Prasad et al. 2008) as well as, fire risk models are a great
approach for precautionary measures for the environmental protection of the forests.
Therefore, wildfires are the result of several underlying factors; model variables
were slope degree, slope aspect, altitude topographic position index, wind effect,
distance to roads, rivers and villages, normalized difference vegetation index, annual
temperature, annual rain, and land use. In the study area, forest fire susceptibility
maps were produced using the frequency ratio and Analytical Hierarchy Process
models. The findings revealed that the most important conditioning factors were
NDVI, land use, soil, and annual temperature. Therefore, preventive measures need
to be applied to ecological conditions. Prasad et al. (2008) stated that themean annual
temperature could strongly influence on forest fires in the Deccan Plateau, India. In
another research, Motazeh (2013) indicated that based on expert choice in hardwood
Hyrcanian forests, vegetation coverage allocated the greatest weight.

12.4 Conclusion

In the current study,we find that the north, northeast, and southwest parts are in highly
sensitive zones because that area contains high temperature, unhealthy vegetation,
and the best part is that the human activity of those areas is very significant. So
the tiger reserve of Melghat forest should be placed on deep forest areas, which
is not fire porn also, human activity of those areas should be prohibited to protect
the natural environment. Again to minimize the fire activity in the Melghat forest,
it is essential to reduce the human activity and also should perform the plantation
program because the vegetation health condition is not satisfactory. These models
can be used in other cities by exchanging the variables and the weights but cannot
use the same weights and variables in different regions because forest fire in each
part of the earth has its characteristics and indices should be improved over areas
with different environmental conditions. However, more simulation results need to
compare othermethods. In addition, remote-sensing data with its spatial information,
when combined with GIS and statistical models, allow fire managers and personnel
to predict ‘where and when’ forest fires will most likely. In general, the mentioned
methods can be applied to early warning fire suppression resources planning and
allocation works in the study area.
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Chapter 13
Forest Disturbance Analysis of Selected
Blocks of Midnapore Subdivision using
Digital Remote Sensing Technique

Ratnadeep Ray, Swarnali Biswas, and Ahona Bej

Abstract Change is ubiquitous in forest ecosystems. Forests undergo both season-
ality ns well as enduring escalation cycles which may vary in long term. These long-
term changes are punctuated by habitually interim disturbances from fire, insects,
disease, and harvest which strongly alter the state and functioning of the forest.
The spatio-temporal information on process-based forest loss as well as change is
essential for a wide range of applications. The disturbances over forest cover and
resulted changes alter the water and carbon cycles of forest stands as well as bang the
habitat and biodiversity of these ecosystems. To effectively understand how forest
disturbance impacts forest state and functioning, the disturbance and related effects
on forest cover is needed to be quantified at spatial scale where human management
and natural strife occur. In this present study, the spatial pattern of forest cover of the
four blocks like Garhbeta 1, Garhbeta 2, Garhbeta 3 and Salboni under Midnapore
Sadar Sub-division was analysed on temporal scale. The forested area of this region
is region is lying under the Midnapore forest division, the total area of which is
50,267.49 ha. Forest is the one of the important natural resources of this area and
the important source of rural livelihood as well as ecological sustainability. But it is
changing temporally rather is fading andmaximumstress is seen onto the dense forest
and open forest. So for the restoration practice, forest disturbance indexing as well
as identification of disturbed sites and an account on forest regeneration and degen-
eration are so needful. Therefore, as per the goal of the study a Multicriteria based
Forest Disturbance Index and forest fragmentation analysis were deployed. Finally
it is so pertinent to mention that the forest covers under the blocks like Garhbeta 2
and Salboni were in a miserable state.
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13.1 Introduction

Change is ubiquitous in forest ecosystems. Forests undergo both seasonality and
long-term growth cycles, which can range in span of 50–500 years or more (Waring
and Running 2007). Such long-term changes are punctuated by often short-term
fire, pest, disease, and harvest disturbances, which strongly alter the forest state
and function (He and Mlandenoff 1999). Both climate change and increasing global
demand for wood and fiber products are likely to cause forest destruction levels to
rise (Kurz et al. 2008; Nepstad et al. 2008). Forest status of a region is closely allied
to the annual amount of precipitation. Continuous and increasing exhaustive climate
change could have a explicit impact on the status of natural vegetation, particularly
water availability (Malik et al. 2019a, b).Such disturbance changeswill alter the forest
stands’ water and carbon cycle as well as affect the environment and biodiversity of
those habitats (Lindenmayer et al. 2006; Gardner et al. 2009). Forest destruction is
now recognized as a significant driver of non-fossil-fuel-related terrestrial fluxes into
the atmosphere with respect to the carbon cycle (Running 2008; Amiro et al. 2010).
Unplanned deforestation in a very precarious way hampers both the human being
and the lives of the other animals (UN Report 2019). In addition, monitoring and
assessing the vegetation status is the most important aspect of environmental health
assessment and global climate change alleviation (Alberdi et al. 2019; Bjorkman
et al. 2019; UN Environmental Report 2019).

In order to understand effectively how forest disturbance affects the condition
and work of the environment, disturbance levels need to be quantified in the spatial
grain where human activity and natural disturbances occur; usually less than 10 ha
(Miller 1978; Cohen et al. 2002; Kuemmerle et al. 2007; Frolking et al. 2009). In
addition, disturbances need to be quantified at a time and spatial scale appropriate
to the affected processes (e.g. globally, annually), and over a time-limit appropriate
to the development of baselines applicable to forest policy initiatives (historically,
at least as far back as the 1990s) (Böttcher et al. 2008; Masek et al. 2008; Kennedy
et al. 2012).

Forest is the one of the important natural resources of the area under study and
the important source of rural livelihood as well as ecological sustainability. Besides
these the majesticity of forest of this area has made it unique in the map of West
Bengal. But it is changing day by day rather is deteriorating and maximum stress
is seen onto the dense forest and open forest. West Bengal (WB) has lost 1612
km2 of classified forest during last 100 years and within this, Paschim Medinipur
stands third among all the districts of WB in terms of forest degradation with a
loss of 110 km2 of classified forest. Degradation of forest cover, on the marginal
laterite regions with low potential agricultural productivity, is often linked to the soil
characteristics and associated geomorphic processes on rarh lateritic regions ofWest
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Bengal (Shit and Pati 2012; Bhunia et al. 2012). State Forest Report of 2011–12,
shows an achievement in growing forest cover due to plantation activity in Paschim
Medinipur District but it is well accompanied by destruction at the local level as
19 km2 of forested track was degraded in 2017. The Tropical dry deciduous forest
in WB co-exists with human settlement where anthropogenic interactions with the
forest have aggravated the conflict between man and forest (Nagendra et al. 2009;
Mahapatra and Tiwari 2005). In order to keep the forest sustainable, recognizing
forest gaps within a specific area can be an important approach in order to provide
adequate strategic management (Pal et al. 2018). Considering in this respect the gap
as disturbed area forest disturbance indexing as well as identification of possible
forest disturbance zone is so important.

13.2 About the Study Area

In the present study, the study area is consisted of 4 blocks like-Garhbeta 1, Garhbeta
2, Garhbeta 3 and Salboni of Midnapore Sadar Subdivision. It is situated within the
latitude and longitudinal extensions of 22°28′ N to 22°52′ N and 87°5′ E to 87°31′
E. The total area under study is 1624.81 km2 (Fig. 13.1).

Fig. 13.1 Location of the study area
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The general ground configuration is having gentle slope towards east and the
slope of this region is ranging from 2° to 25°. Geomorphologically this area can be
divided into 4 categories like Deep buried pediment, Flood plain deposits, Valley fill
deposits, Deep to moderately buried pediments with laterite capping. Furthermore,
it is the flank of Chotanagpur erosional plateau area. The relative relief of the region
is varying from 5 to 28.92 m. Silaboti is the main river of this region and is the main
river to geomorphologically modify this region through gully erosion and ample
numbers of 1st order streamlets are seen as rill Chanel. The forested area of this
region is region is lying under the Midnapore forest division, the total area of which
is 50,267.49 ha. The area under reserved forest is the highest out of the other forest
divisions of this district and that is 3814.05 ha. And the area under protected forest
is 43,715.23 ha. Typically, the area occupied by sal, open scrub and plantation under
this division are 19,677 ha, 9620 ha and 4955 ha respectively. Champion and Seth
(1968) classified the forest types of Paschim.

Medinipur as Topical dry deciduous where dry peninsular Sal (Shorearobusta)
is the dominant species. Undergrowth is mostly formed during post-monsoon
season where Kurchi (Holarrhaenaantidesenterica), Kendu (Dispyrosmelanoxylan)
and Satamul (Aparagusreasemossa) dominate.

13.3 Materials Used

Three cloud-free Landsat digital data of TM, ETM+ and OLI/TIRS sensors for the
years of 1991, 2009, and 2018 covering the study area were downloaded freely from
the U.S. Geological Survey’s (USGS) Earth explorer website (https://earthexplorer.
usgs.gov/).

The Landsat scenes were chosen for this study due to their affordability, avail-
ability, and medium to high spatial resolution. Details about the data are given in
Table 13.1. These three Landsat digital data are level-one terrain-corrected (L1T)

Table 13.1 Details of satellite data used

Satellite and
sensor

Date Path/Row Nos. of
bands

Spatial resolution Radiometric
resolution

Landsat 4
(TM)

18.02.1991 139/44,45 7 Optical bands—30 m,
Thermal band—120 m

8 bit

Landsat 7
(ETM+)

08.11.2000,
14.11.2009

139/44,45 9 Optical bands—30 m,
2 Thermal
bands—60 m (each)
Panchromatic—15 m

8 bit

Landsat 8
(OLI)

08.01.2018 139/44,45 11 Optical bands—30 m,
2 Thermal
bands—100 m (each)
Panchromatic—15 m

16 bit

https://earthexplorer.usgs.gov/
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in WGS84 geodetic datum, Universal Transverse Mercator map projection (UTM,
Zone 45 N), and north-up image orientation. Besides SOI toposheets and SRTM
DEM (30 m) have been used for the completion of the study.

13.4 Methodology

13.4.1 Atmospheric Correction

Remote Sensing satellite digital data acquired at temporal span provide a potentially
ideal source for detecting change and analyzing trends. In view of the fact that
multi-temporal images, acquired by different sensors under variable atmospheric
conditions, solar illumination and view angles, atmospheric correction is obligatory
to remove radiometric distortions and make the images analogous using the retrieved
true reflectance values (Mahmoud et al. 2008).

The parameters used in different environmental condition detection algorithms,
it require physical units, such as at-sensor radiance or top-of-atmosphere (TOA)
reflectance, rather than the raw quantized calibrated pixel value (DN). TOA
reflectance can be obtained from the quantized calibrated pixel value, as given by
(Chander et al. 2009):

ρλ = (
π · Lλ · d2

)
/ESUNλCosθ (13.1)

whereρλis theTOA reflectance ofwavelengthλ (unit less), d is the earth-sun distance
(astronomical units), ESUNλ ismean exoatmospheric solar irradiance (W/(m2μm)),
θ is the solar zenith angle (degrees), and Lλ is the spectral radiance at wavelength
λ at the sensor’s aperture [W/(m2srμm)]. Lλ can be obtained from the quantized
calibrated pixel value also as given by (Chander et al. 2009):

Lλ = (Lmax − Lmin/QCALmax − QCALmin) ∗ (DN − QCALmin) + Lmin

(13.2)

where Lmax is the spectral at-sensor radiance that is scaled to QCALmax [W/(m2 sr
μm)], L min is spectral at-sensor radiance that is scaled to QCALmin [W/(m2 srμm)],
QCALmax is the maximum quantized calibrated pixel value corresponding to Lmax

(DN), QCALmin is the minimum quantized calibrated pixel value corresponding to
Lmin (DN), and QCAL is the quantized calibrated pixel value (DN). The parameters
in Eqs. (13.1) and (13.2) can be read from the header files of the ALI, TM, and ETM+
datasets or be retrieved from the USGS website.
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13.4.2 Forest Cover Mapping

Satellite images have been an important basis for vegetation mapping and moni-
toring and understanding of eco-system functions, primarily through relationships
between reflectance and vegetation structure and composition. Mapping is a method
of portraying nature and the classification permits the mapper to approximate the
true condition as clearly as possible. Although maps show objects with respect to
attributes, their principal purpose is to depict object in terms of their relative loca-
tion (Thakker et al. 1999). A good and useful mapping implementation requires
large amount of information that comes from various sources like satellite images,
ground truth etc. (Behera 2000). This study discusses a vegetation mapping method-
ology using Multi-criteria analysis technique. It agrees with the spectral limitation
of remote sensing but argues that their predictive mapping power can be used more
effectively using different floristic bio-physical parameters. This approach outlined
aims to relate the reflectance information contained in multi-spectral imagery and
spectral indices to traditionally accepted ecological classifications of the forests.

Since last two decades remote sensing is being used as an effective tool for forest
vegetation assessment in the country. National Remote sensing agency (Anon. 1983)
carried out nationwide forest cover mapping using satellite images from 1972–75
and 1980–82 on 1:1 million scale. National level forest cover assessment is now
being done periodically by Forest Survey of India (FSI) using visual and digital
interpretation techniques.

The advent of digital classification is that it incorporates spatial adjacency in addi-
tion to spectral signature (Argialas and Harlow 1990; Moller-Jensen 1990;Wickman
and Norton 1994).The traditional digital classification implies a loss in the internal
variability of the cover types considering the spatial mixtures of land covers (Ray
and Mondal 2014).In this respect using the vegetation bio-physical variables as a
criteria, calculated from different spectral indices an overlay analysis can classify
the forest cover of region.

13.4.3 Shadow Index (SI)

The crown arrangement in the forest stand leads to shadow pattern affecting the
spectral responses. The young and even aged stands have low Shadow Index (SI)
compared to the mature natural forest stands. The later forest stands show flat and
low spectral axis in comparison with open area.SI has been calculate using equation
(Jennings et al. 1999).

S.I. = √{(QCALmax − GREEN ) ∗ (QCALmax − RED)} (13.3)
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13.4.4 Bare Soil Index (BI)

The bare soil areas, fallow lands, vegetation with marked background response and
enhanced using this index. Similar to the concept of AVI the bare soil index (BI)
is a normalized index of the difference sums of two separating the vegetation with
different background viz. completely bare, sparse canopy and dense canopy etc. BI
has been calculated using equation (Azizi et al. 2008).

B.I. = {(N I R + GREEN ) − RED}/{(N I R + GREEN ) + RED} (13.4)

The value of this index is varying between 0 and 1, where the value towards 0
indicates the vegetation exploitationwhereas value towards 1 indicates the vegetation
abundance.

13.4.5 Modified Difference Vegetation Index (MAVI)

In this present study an object oriented enhancement algorithm has been designed
using mathematical operators, which is supervised in nature and expressing the char-
acteristics of plant chlorophyll ‘a’. Two considerations have been taken in this respect
like, pixel value having chlorophyll influence will be greater in near-infrared band
than red band and pixel value having no chlorophyll influence will be greater in red
band than near-infrared band. On the basis of these considerations following super-
vised enhancement algorithm:ModifiedAdvance Vegetation Index (MAVI) has been
applied (Ray et al. 2013). That can be calculated as

MAV I = [{(ρN I R + L) ∗ (QCALmax − ρRED)} ∗ (ρN I R − RED)]1/3

(13.5)

(where, ρRED = Reflectance value of Red band of respective Sensor, ρN I R =
Reflectance value of Near-infrared band of respective Sensor, L =Coefficient, varies
with the vegetation cover, Here L is the relational slope of NIR and RED).

It differs fromNDVI in the perspective of physiognomic vegetation classes though
there is almost positive relation-ship between these two. It is more sensitive than
NDVI as it is using the power degree of Infrared response.

13.4.6 Vegetation Density (VD)

To calculate the Vegetation Density (VD), MAVI and BI are synthesized using PCA
method as there is high correlation of negative between them. The PC 1 having high
variance has been considered as Vegetation density (VD) criteria.
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13.4.7 Scaled Shadow Index (SSI)

Alike VD, SSI has been developed by synthesizing MAVI and SI through PCA
method as being of highly correlated of positive. The PC 1 having high variance has
been considered as Scaled Shadow Index (SSI) criteria.

After studying the above vegetation indices, multi criteria based weightage anal-
ysis using Fuzzy AHP method using geometric mean (Buckley et al. 1985) has been
applied to map the forest cover of the study area.

Fuzzy AHP (FAHP) is a artificial extension of classical AHP method, which
considers the statistical fuzziness (uncertainty or insufficient information) of the
decisionmakers. Fuzzymultiple attribute decision-makingmethods have been devel-
oped due to the elusiveness in computing the relative importance of attributes and
the performance ratings of alternatives with respect to attributes (Chang 2011).
There are varieties of reasons that may induce elusiveness: unquantifiable informa-
tion, incomplete information, exclusive information. Conventional multiple attribute
decision-making methods cannot overcome these problems successfully (Oguztimur
2011). Basically, Fuzzy-AHP method represents the embellishment of a standard
AHP method into fuzzy domain by using fuzzy numbers for calculating instead of
real numbers (Petkovic et al. 2012). Fuzzy AHP is of equal significance in the same
hierarchy for each pair of factors (Das et al. 2019b).

In this process primarily conventional analytical Hierarchy Process (AHP) has
been applied through creating pair wise comparison matrix (Table 13.2). This pair
wise comparisonmatrix has been createdwith the help of scale of relative importance
which are crisp numeric values (Table 13.2). Fuzzification and fuzzy membership
functions are the two most important approaches in fuzzy system. In fuzzification
linguistic terms are converted to fuzzy membership. Membership functions are of
different types like triangulated, trapezoidal, bell shaped etc. In this study triangulated
membership function has been conceived. The fuzzy values are generally represented
by:

μ Ã(x) = Ã = (l,m, u) (13.6)

These (l, m, u) are known together as fuzzy members and these are lower, middle
and upper ends of the triangular membership functions in the X axis.

Table 13.2 Pair wise comparison matrix with crisp values

MAVI BI SSI VD

MAVI 1 1 1 4 5 6 4 5 6 6 7 8

BI 1/6 1/5 1/4 1 1 1 4 5 6 4 5 6

SSI 1/6 1/5 1/4 1/6 1/5 1/4 1 1 1 3 4 5

VD 1/8 1/7 1/6 1/6 1/5 1/4 1/5 1/4 1/3 1 1 1
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Table 13.3 Fuzzy geometric mean

Geometric mean

MAVI 3.130169 3.637136 4.119534

BI 1.277886 1.495349 1.732051

SSI 0.539951 0.632456 2.364354

VD 0.255327 0.290715 0.344998
∑

5.203334 6.055655 8.560937

Reciprocal 0.192184 0.165135 0.11681

In AHPmatrix crisp numeric values are converted to the fuzzy numbers following
Eq. (13.6).Whereas the reciprocal values are converted to fuzzy numbers (Table 13.2)
using:

1/ Ã = 1/(l,m, u) = (1/u, 1/m, 1/ l) (13.7)

Hence fuzzified pair wise comparison matrix can be calculated (Table 13.2).
After this fuzzy geometric mean (r̂i) has been calculated (Buckley et al. 1985) to

explore the criteria weight (Table 13.3). Fuzzy geometric mean (r̂i) can be calculated
as:

Ã1 ⊗ Ã2 = (l1,m1, u1) ⊗ (l2,m2, u2) (13.8)

Finally the fuzzy weight can be calculated as:

ŵ j = r̂i ⊗ (
r̂1 ⊕ r̂2 ⊕ · · · ⊕ r̂n

) − 1 (13.9)

After getting the fuzzy weights per criteria (Table 13.4), crisp numerical values
can be calculated as weight (ŵ j) using defuzzification, which is known as Center of
Area (COA) (Table 13.5) using,

w j = (l + m + u)/3 (13.10)

Table 13.4 Fuzzy weight

Ŵ W Wij

MAVI 0.365634 0.600618 0.791711 0.585987 0.540399

BI 0.149269 0.246934 0.332873 0.243026 0.224119

SSI 0.063072 0.10444 0.454392 0.207301 0.191174

VD 0.029825 0.048007 0.066303 0.048045 0.044307
∑

1.08436 1
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Table 13.5 Criteria weight

Geometric mean Ŵ

MAVI 3.130169 3.637136 4.119534 0.365634 0.600618 0.791711

BI 1.277886 1.495349 1.732051 0.149269 0.246934 0.332873

SSI 0.539951 0.632456 2.364354 0.063072 0.10444 0.454392

VD 0.255327 0.290715 0.344998 0.029825 0.048007 0.066303

Reciprocal 0.192184 0.165135 0.11681

All the indexed raster like MAVI, VD, SSI and BI have been assigned respective
theme weights (w j ) and class score. The individual theme weights are multiplied by
its respective class scores and then all the raster thematic layers are aggregated using
a linear combination to get forest cover map (Rikimaru et al. 2002) as:

∑(
Criteria ∗ w j

)
(13.11)

The final cumulative map has been reclassified into five categories of forest cover
types viz; ‘very dense to dense’, ‘dense to open’, ‘open to scrubs’, ‘scrubs to bare’
and ‘bare land’. This forest cover mapping as well as categorization has been done
on temporal basis using digital satellite dataset of 1991, 2000, 2009 and 2018 so that
a temporal dynamics can be visualized.

13.4.8 Identification of Forest Cover Dynamics

To explore the forest cover dynamics aswell as the changing scenario all the temporal
reclassified forest cover maps have been overlaid using Boolean OR operator on
one to one basis i.e. 1991–2000, 2000–2009, 2009–2018 and 1991–2018. The class
conversions have been registered as ‘regeneration’, ‘degeneration’ and ‘unchanged’.
From the attribute table of each pair of overlaid forest cover maps i.e. 1991–2000,
2000–2009, 2009–2018 and 1991–2018, combinations of ‘very dense to dense’ and
other class category have been named as ‘degeneration’, combinations of ‘bare
lands’ and other class category as have been named as ‘regeneration’ and lastly
the combinations of identical class categories are named as ‘unchanged’.

For the numerical depiction of the overall changing scenario, an index has been
formulated as Disturbance Index (DI). DI is the function of the area under no forest
cover degeneration and area with forest cover degeneration. DI can be calculated as:

DI = (Area under Regeneration + Area under Degeneration)

/Area under Regeneration (13.12)

Higher the DI, lesser will be the distortions in the forest cover and vice versa.
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13.4.9 Forest Fragmentation Analysis

Forest fragmentation is disintegration of contiguous forest cover to large numbers of
forest patches on temporal basis as consequences of the edge effects (Rahman et al.
2016). In this present study forest fragmentation has been studied using one of the
pattern metric tools like Area Weighted Mean Patch Fractal Dimension (AWMPFD)
Index. It is analogous to the Mean Patch Fractal Dimension (MPFD) Index. Only
difference is the use of area as an weighting parameter to each patch. Higher the
value of AWMPFD lower will be the fragmentation and vice versa. The value ranges
between 1 and 2. It can be calculated as:

P =
m∑

i=1

n∑

i=1

[(
2 ln

(
0.25Pi j

)

ln
(
ai j

)

)(ai j
A

)]

(13.13)

where, Pi j is patch number, ai j is patch area and A is total landscape area.

13.4.9.1 Multi-distance Spatial Cluster Analysis (Ripley’s K Function)

Ripley’s K function definition is a tool to portray the spatial structure of a point or
polygon patterns by graph. It determines the values associated with features, exhibit
statistically significant clustering or dispersion over a range of distances. It has awide
applicability in vegetation studies. The tool gives the output as a table with fields
expected and observed K values, respectively. Mathematically, the Multi-Distance
Spatial Cluster Analysis tool uses a common transformation of Ripley’s k-function,
which can also be said as L(d). With this L(d) transformed Distance values the
Expected K values will always be matched. The L(d) transformation can be done as:

L(d) =
√√√√A

n∑

i=1

n∑

j=1,i �= j

Ki, j/πn(n − 1) (13.14)

Larger the observed K value than the expected K value indicates the clustered
distribution than the random,whereas, smaller the observedKvalue than the expected
K value, the distribution is more dispersed than random distribution at that distance.
Furthermore, larger the observed K value is than the upper confidence envelope
(HiConfEnv) value, the spatial clustering is statistically significant for that distance
and when the observed K value is smaller than the lower confidence envelope
(LwConfEnv) value; there will be a statistically significant spatial dispersion for
that distance (Sayer et al. 2013).
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13.4.9.2 Optimized Hot Spot (Getis-Ord Gi*) and LISA (Local
Indicators of Spatial Association) Analysis

The spatio-temporal hotspot detectionwas based on the use of Getis-OrdGi* statistic
is a typical tool to detect spatio-temporal hot-spot of any spatial phenomenon. It
statistically characterizes and captures significant spatial clusters as hotspots and cold
spots using Gi-Bin values. In this present study, it has been devised to explore the
spatial concentration of DI values in significant manner. It is considered as a useful
tool for supporting sustainable management strategies (Zhu and Newsam 2016).
FeatureswithGi-Bin values of±3were statistically significant at the 99%confidence
level; the features with Gi-Bin value of 0 was not statistically significant, and the
features with Gi-Bin values of ±2 were statistically significant at 95% confidence
level and features with Gi-Bin values of ±1 were statistically significant at 90%
confidence level (Wang 2010).

Alike the Optimized Hot Spot analysis, Local Indicators of Spatial Association or
Autocorrelation (LISA) analysis was employed to characterize the spatial arrange-
ment of Disturbance Index per spatial unit over time to generate cluster maps for
identifying the existence of hot spots. It is such a spatial statistical technique which
gives an indication of extent for significant existence of homogeneous clusters around
a particular observation and the sum of local indicators of spatial association for all
observations is proportional to a global indicator (Anselin 1995).

Local Moran I is a local indicator of spatial autocorrelation (LISA) is a decompo-
sition of global indicators, such asMoran’s I and shows the level of spatial autocorre-
lation at various individual locations within an area (Anselin 1995). LISA calculates
an index value and Z-score for a feature. A high positive Z score indicates the asso-
ciation of a feature with similar value either above or below mean. On the contrary
a high negative Z-score indicates the association of a feature with dissimilar values
(Zhang et al. 2008). The LISA can be measured as:

Ii =
⎛

⎝zi

/(
∑

i

z2i /n

)
∑

j

wi j z

⎞

⎠ (13.15)

Spatial clusters consist of two categories: (i) high-high clusters indicate high
values are surrounded by high values; (ii) low-low clusters indicate clustering of low
values are surrounded by lowvalues; (iii) high-low clusters indicate clustering of high
values are surrounded by low values and (iv) low-high clusters indicate clustering of
low values are surrounded by high values. Besides, “non-significance” is also a type
of cluster, indicating no significant local spatial autocorrelation.

The distribution of spatial clusters and outliers can be shown in a Moran scatter
plot which has four quadrants (Fig. 13.6b). The x-axis of the scatter plot represents
the standardized values (area) of the geographical object and the y-axis measures the
mean standardized values of neighboring objects. The upper-right quadrant of the
scatter plot contains the cases where the geographical objects and their neighbors
have high values. These so-called high-high (HH) situations are associated with
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clusters. The lower-left quadrant shows cases where the geographical objects and
their neighbors are relatively small (i.e. a low-loworLL situation)which also signifies
clustering. The lower-right quadrant contains the high-low (HL) caseswhile low-high
(LH) cases are shown in the upper-left quadrant (Anselin 1995, 2003, 2005). The two
quadrants having LH and HL represent outliers. HH cases are referred to as grouped
hot spots and LL cases as grouped cold spots, whereas HL and LH are referred to as
individual hot spots and cold spots, respectively (Anselin 2005). The HH, HL, LH
and LL cases can be mapped to better understand the spatial distribution of hot and
cold spots and to see where clustering occurs.

In this present study the calculations of local spatial autocorrelation has been
performed in GeoDa platform (Anselin et al. 2006) at a significance filter of 0.01
and permutation level of 9999.

13.4.9.3 Identification of Forest Disturbance Potential Zone

In this present study, the word forest disturbance is mainly mean to say the spatial
distortions in forest cover as the function of spatial effects of different parameters like
settlement position, river, canals and road, physiographic nature in terms of relative
relief, slope etc.

Irrespective of AHP and FAHP, to calculate the weights of each parameter for
identifying the Forest Disturbance Potential Zones (FDPZ), ‘Rank Sum method’
under SMARTER (The Simple Multi Attribute Rating Technique exploiting rank)
technique as suggested by Edwards and Barron. Using the principal of SMARTER
technique the decision-makers arrange the criteria (Ci) into an importance order like
C1 ≥ C2 ≥ C3… ≥ Cn. and assigns ‘true’ weights according to the Rank Order
Distribution.

The criterion having mutual comparison pair wise can be synthesized by AHP
or FAHP (Saaty 2008 and Kahraman et al. 2003). But in case of FDPZ the selected
criterion cannot be compared pair wise mutually so that ‘Rank Sum method’ under
SMARTER technique has been followed. The weight per criteria (Table 13.6) using
this respective method has been calculated as:

w j = (
n − r j + 1

)/∑
(n − rk + 1) (13.16)

where, w j is the normalized weight for the jth criteria, n is the number of criteria
under consideration (k = 1, 2 …n) and r j is the rank position of the criterion. Each
criterion is weighted (n− r j + 1) and then normalized by the sum of all weights, i.e.∑

(n − rk + 1).
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Table 13.6 Rank sum method to calculate FDPZ

Rk Pi Rj n − Rj + 1 n − Rk + 1 Wij

1 Can 2 5 6 0.238

2 River 6 1 5 0.047

3 Sett 5 2 4 0.095

4 Road 4 3 3 0.142

5 RR 3 4 2 0.190

6 Slp 1 6 1 0.285

n = 6
∑

21 1

13.5 Result and Discussion

13.5.1 Forest Cover Dynamicity

The forest cover maps have been prepared from the Landsat digital data for the years
of 1991, 2000, 2009 and 2018 using Multicriteria Fuzzy AHP technique (Fig. 13.2)
and typical forest cover classes have been summerised in Table 13.7.

These data reveal that in 1991, about 9.33% (151.24 km2) area of the study area
was under bare surface area, 22.08% (357.88 km2) under scrubs to bare surface area,
30.27% (490.46 km2) under open to scrub area, 24.15% (391.39 km2) under dense
to open and 10.51% (170.32 km2) under very dense to dense forest. During 2000
the area under these land categories was found about 6.57% (106.48 km2) under
bare surface area, 28.50% (461.82 km2) under scrubs to bare surface area, 36.66%
(594.07 km2) under open to scrub area, 22.30% (361.41 km2) under dense to open
forest and 5.49% (89.01 km2) under very dense to dense forest. During 2009 the area
under these land categories was found about 16.85% (273.11 km2) under bare surface
area, 21.19% (344.38 km2) under scrub to bare, 22.67% (367.34 km2) under open to
scrub land, 19.68% (319 km2) under dense to open forest and 19.19% (2011.05 km2)
under very dense to dense forest area and lastly during 2019 the area under these
land categories was found about 5.19% (84.24 km2) under bare surface area, 9.78%
(158.48 km2) under scrub to bare, 20.28% (328.71 km2) under open to scrub land,
48.49% (785.74 km2) under dense to open forest and 16.23% (262.97 km2) under
very dense to dense forest area (Table 13.9).

Post-classification comparison method, which is the most common approach in
change detection as well as the reconfiguration analysis (Araya 2009; Miller et al.
1998; Zhou et al. 2004), which has been applied in this study. The comparisons
between the areal accounts of typical forest cover classes from the year of 1991–
2018 reveals both the positive and negative changes in forest cover patterns. From
Table 13.9, this has been revealed that within the 27 years span, the forest classes
like open to scrub, scrubs to bare and bare land has decreased significantly by 9.98%,
12.30% and 4.13% respectively. On the other hand, the classes like very dense to



13 Forest Disturbance Analysis of Selected Blocks of Midnapore … 311

Fig. 13.2 Temporal forest cover maps of the study area

dense and dense to open forest area is seen to be increased by 5.71% and 4.34%
respectively.



312 R. Ray et al.

Table 13.7 Temporal forest cover area (km2/%)

Classes 1991 % 2000 % 2009 % 2018 % 1991–2018
(%)

Very dense
to Dense

170.33 10.51 89.02 5.49 311.05 19.20 262.97 16.23 5.72

Dense to
open

391.39 24.16 361.41 22.31 319.01 19.69 785.75 48.50 24.34

Open to
scrubs

490.46 30.27 594.07 36.67 367.34 22.67 328.71 20.29 −9.98

Scrubs to
bare

357.89 22.09 461.82 28.50 343.39 21.19 158.49 9.78 −12.31

Bare 151.24 9.33 106.48 6.57 273.11 16.86 84.25 5.20 −4.13

In this present study the areal database registered in Table 13.8 the rate of change
in area for each forest cover classes has been calculated using the following formula:

Ci = {(Aei − Bei )/Bei } ∗ (1/t) ∗ 100% (13.17)

where, Ci is the rate of change in the forest area, Aei and Bei are the area under
respective forest cover at the ending and beginning year of the span of study respective
and t is the span of study.

Within the overall span of the study (1991–2018), the maximum areal gain is seen
for ‘dense to open forest’ (24.34%) at the rate of 3.73% followed by very dense to
dense forest (5.71%) at the rate of 2.05%. On the other hand, the maximum areal
loss is seen for the scrubs to bare (12.30%) at the rate of 2.06% followed by open to
scrubs (9.98%) and bare land (4.13%) at the rate of 1.22% and 1.64% respectively.

Forest cover dynamics can be best explained by forest cover fragmentation.
Conversion from very dense to dense to the other category will obviously show
the high fragmentation and vice versa. The database of metric analysis for every

Table 13.8 Rate of change in forest cover

Classes 1991 % 2000 % 2009 % 2018 % 1991–2018
(%)

Very dense
to Dense

170.33 10.51 89.02 5.49 311.05 19.20 262.97 16.23 5.72

Dense to
open

391.39 24.16 361.41 22.31 319.01 19.69 785.75 48.50 24.34

Open to
scrubs

490.46 30.27 594.07 36.67 367.34 22.67 328.71 20.29 −9.98

Scrubs to
bare

357.89 22.09 461.82 28.50 343.39 21.19 158.49 9.78 −12.31

Bare 151.24 9.33 106.48 6.57 273.11 16.86 84.25 5.20 −4.13
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Fig. 13.3 Area weighted mean patch fractal dimension map of forest cover for the span of 27 years

square blocks (2.5 × 2.5 km2) polygon covering the entire area under study. The
thematic maps having the informations about AWMPFD depict the patterns of forest
cover on temporal basis. From Fig. 13.3, an increasing trend in fragmentation can
be demonstrated within the total span of the study. The happening of fragmentation
is seen to be very distinct in blocks like Garbeta II and Salboni in 2018 rather than
that of 1991. On the other hand in 2018, clustering of forest cover has been seen to
be increased very distinctively in Garbeta I rather than in 1991.

13.5.2 Status of Forest Regeneration and Degeneration

In any region forest cover dynamics is the function of area under forest cover regener-
ation and degeneration. These two phenomenon are fundamentally the consequences
of physical and anthropogenic impacts. Within the 27 years span of study i.e. from
1991 to 2019 the degenerated area was 276.46 km2 (17.06%), regenerated area was
377.35 km2 (23.29%) and the unchanged area was 82.52 km2 (11.26%) (Fig. 13.6).
So it is very pertinent that in this area under study, forest cover regeneration is
overriding within the span of 27 years (Table 13.9).

Though forest cover regeneration was so prominent in the overall temporal span,
there was a notable consistent declining state of regenerated area from 1991 to 2000
(565.48 km2) towards 2009–2018 (372.86 km2) followed by 2000–2009 (384.56
km2) as per areal accounts have been registered in Table 13.10. For the three sets of
spans (1991–2000, 2000–2009 and 2009–2018), in Garbeta 1 and Garbeta 3 there
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were a decreasing trend in regeneration coverage. Whereas in Garbeta 2 and Salboni
regenerated area is seen to be increased within the span of 2009–2018 i.e. 108.27
km2 and 92.04 km2 respectively which were 70.10 km2 and 71.60 km2 respectively
in the span of 2000–2009 (Table 13.9).

In the context of this overall forest cover dynamics within 27 years span Garbeta 1
is experiencing maximum areal extent under forest cover regeneration (197.55 km2)
followed by Salboni (69.70 km2), Garbeta 3 (57.50 km2), and Garbeta 2 (52.60 km2).
On the other hand maximum area under forest cover degeneration is seen in Salboni
(91.80 km2) followed by Garbeta 3 (69.50 km2), Garbeta 1 (66.56 km2) and Garbeta
2 (48.60 km2).

However, Repley’s K function or L(d) transformation can be a wise estimate to
in interpret the nature of regeneration and degeneration in accordance to the relation
between the clustered and dispersed factors. This function truly calculates the statisti-
cally significant clustering and dispersion at smaller and larger distances respectively.
For the forest cover regeneration and degeneration area over the span of 27 years.

The resultant ‘K’ function for the regenerations showed that the observed spatial
pattern started and finished with the statistically significant dispersion at largest
distance in smaller space. On the other hand there was a statistically significant
clustering at smaller distance in larger space (Fig. 13.4). In contrast for degeneration,
statistically observed spatial patterns had statistically significant clustering at smaller
distance between the clustered patterns and dispersed pattern (Fig. 13.5).

Forest disturbance index can be an ideal way to depict the forest cover status. DI
indicates the nature of degeneration. Higher the DI value lower will be the distur-
bance and vice versa. In this respect within the overall span of the study Garbeta 3 is
experiencing the maximum DI (1.10) followed by Salboni (1.35), Garbeta 2 (1.71)
and Garbeta 1 (4.16) (Table 13.10). But as per the rendered z-score, spatial distri-
bution forest disturbance (DI) is mostly prevalent in South and South-West part of
Salboni block having the value ranges of ≥2.0 and in the Garbeta 1, there was a low
to no disturbance regime can be identified having the value of ≤−2.0 (Fig. 13.6a).
Such clustering having those ranges of values is also persistent in nature over the
other blocks under study. Gi-Bin values of Optimized Hot Spot analysis coupled with
the Z-score rendering is also proving the existence of such concentration of forest
disturbance as significant hot spot and cold spot clusters which have the spatial extent
of 573.32 km2 and 429.94 km2 respectively (Fig. 13.6b).

Furthermore, a spatial auto correlative analysis of the spatial distribution of DI hot
spot in local scale is very pertinent for the betterment in environmental management
and sustainability. In this respect LISA or cluster and outlier analysis is improvising
to describe the clustering nature of disturbance attributes. TheGlobalMoran’s I value
of 0.578 indicates that the DI data is positively spatially auto-correlated regardless
of neighborhood definition (Fig. 13.7b). The DI database calculated for the span
of 27 years has been classified and mapped in terms of significant clusters of hot
spots (HH and HL) and cold spots (LL and LH). The cluster association like HH and
LL suggests clustering of similar values (positive spatial auto-correlation), whereas
the cluster association like HL and LH indicate spatial outliers (negative spatial
correlation). The LISA map (Fig. 13.7a) describes the situation of the prominent
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Table 13.10 Accounts on block wise Forest Disturbance Index

Block name 1991–2000 2000–2009 2009–2018 1991–2018

Garbeta 1 4.55 1.93 1.68 4.15

Garbeta 2 2.37 1.65 1.88 1.70

Garbeta 3 3.46 1.82 1.56 1.10

Salboni 2.46 2.73 3.70 1.34

Fig. 13.4 ‘K’ function plot of degenerated patches

Fig. 13.5 ‘K’ function plot of regenerated patches

patterns of HH and LL cluster having the concentration in Salboni and Garbeta 1
blocks respectively. These two blocks are have momentous contribution to the global
Moran’s I statistic.
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Fig. 13.6 a and b Distribution of DI and consequent Hot Spots

Fig. 13.7 a and b LISA and Moran’s I plot of DI showing spatial clusters and outlier positions

13.5.3 Forest Disturbance Potential Zonation

Potential zonation of any functional environmental happening like ground water, soil
loss, landslide etc.is an important function of regional planning and management. So
that, a situational sustainability can be achieved. In this context forest disturbance
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potentiality zonation (FDPZ) is an important issue to sustainable management of a
forested environment as well as socio-environmental ecology.

In the present study the total area has been classified in three FDP zones like
‘High to Moderate’ (413.89 km2), ‘Moderate to Low’(440.62 km2), ‘Low to Non
Disturbed’(761.85 km2) on the basis of six influencing criteria like relative relief,
slope, distance from road, river, canal and settlement position (Fig. 13.8). Out of
these criteria, distance from settlement, river, road and canal have their influences
over the disturbance potentiality as 9.5%, 4.7%, 23% and 14% respectively (Table
13.6). On the other hand the two relief features like relative relief and slope have
their influences over FDP have as 19% and 28% respectively (Table 13.6). Therefore
on the basis of aforesaid accounts this can be said that canal alignment and slope
factor have effective influences over the forest disturbance potentiality zonation.

To distinguish the FDPZ in ordinal manner, all the criteria are reclassified in three
distinctive classes. For the distance based criteria like road, river, canal, settlement
position three distinct distance buffers have been considered from each feature like

Fig. 13.8 Identified Forest Disturbance Potential Zones (FDPZ)
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1 km, 3 km and 7 km. On the other hand the relief features like slope and relative
relief also classified in three categories namely 0.5°–2.03° as 1; 2.03°–2.16° as 2;
2.16°–3.26° as 3 and 18–51 m as 1; 51–71 m as 2; 71–113 m as 3 respectively.

Furthermore each criterion has the categorical importance over each FDPZ. A
data dimensionality reduction technique like Multiple Criteria Analysis (MCA) is
an ideal approach to envisage that importance.

MCA is an exploratory data analysis technique as well as multivariate graphical
technique used to analyze categorical data (Benzecri 1992; Sourial et al. 2010). A
key feature of the analysis is the joint scaling of both row and column variables to
provide information on the interrelationships between row and column variables.
Correspondence analysis can be used on both of qualitative or quantitative data.
A final step in the analysis involves rescaling of characteristic vectors into optimal
scores.Normalising these optimal scores allows for assessment of relative importance
of factors. Correspondence analysis can also be used to find the optimal ordering of
variables for a given set of characteristics (Weller et al. 1990). Homogeneity between
row element and column element specifies the correspondence between elements and
this homogeneity can be addressed by the maximum between each of row elements
and column elements (Table 13.11). In this present study the correspondence of
FDPZ with the influencing criteria has been calculated.

However the corresponding clusters can clearly be identified from the perceptual
maps (Fig. 13.9a–f). The perceptual maps are formed by plotting the row elements
against column elements and vice versa based on the inertia or themass values. As per
the perceptual maps high FDPZ is associated to <1 km distance from canal and road,
1–3 kmdistance from river and settlement positions and lastly the surface having high
elevation category along with medium slope amount is prone to forest disturbance.
On the other hand low FDPZ is associated to >3 km distance from canal and road,
<1 km distance from river and 1–3 km distance from the settlement positions and
the surface having low elevation category along with high slope amount is prone to
forest disturbance.

Contextually it ismentionworthy that positions of settlement clusters have amixed
impact over the forest disturbance potentiality. Within 1–3 km buffer distance from
the settlement position both of high and low disturbance potentiality are seen to
be associated. Besides <1 km distance from settlement position is merely effective
to forest disturbance though moderate types of disturbance potentiality is closely
associated to this range of the distance and beyond the distance of 3 km (i.e. 3–7 km)
disturbance potentiality is getting low to no disturbance.

Therefore, it can be alleged that there is no such significant impact of settle-
ment situation over the forest cover dynamicity. The symbiotic interaction between
human livelihood and forest environment has a sustainable effect over the forest
cover retention. Besides, an eco-tourism development initiative at Ganagani village
under Garbeta 1, absence of urban development in large scale except some small
Census town conversion in Garbeta 1and 3 and absence of local urban infrastructural
development as well has kept the forest degeneration inhibited. However the devel-
opment of roadways (SH or NH) and canal alignment have a significant effect over
forest cover degeneration and there are an adjacency impact over the forest cover so
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Table 13.11 Multiple correspondence analyses between FDPZ and driving criteria

High FDPZ Moderate FDPZ Low FDPZ Active margin

Elevation Low 102.712 160.706 308.057 571.475

Moderate 182.705 173.602 289.851 646.158

High 128.408 106.172 163.586 398.166

Active Margin 413.825 440.480 761.494 1615.799

Slope Low 93.638 193.346 242.548 529.532

Moderate 308.955 151.648 58.102 518.705

High 11.228 95.473 460.749 567.450

Active margin 413.821 440.467 761.399 1615.687

Distance from
Settlement

1 km 141.835 159.881 219.813 521.529

3 km 254.526 260.529 477.919 992.974

7 km 17.469 20.101 63.866 101.437

Active margin 413.830 440.511 761.598 1615.940

Distance from
Canal

1 km 57.779 147.325 330.448 535.552

3 km 257.226 147.875 134.532 539.633

7 km 98.832 145.321 296.611 540.764

Active margin 413.837 440.521 761.591 1615.949

Distance from
River

1 km 193.825 237.040 473.306 904.171

3 km 217.635 195.596 271.607 684.838

7 km 2.370 7.875 16.685 26.930

Active margin 413.830 440.511 761.598 1615.939

Distance from
Road

1 km 209.030 156.303 211.151 576.484

3 km 154.415 201.881 333.136 689.432

7 km 50.382 82.317 217.307 350.006

Active margin 413.827 440.501 761.594 1615.922

Bold numbers are indicating the maximum association between each of the Row and Column
elements. As an example this can be said that there is the maximum association between Low
elevation category and Low Forest Disturbance Potentiality which has been indicated by the value
308.057

that within 1 km buffer distance from road and canal high disturbance potentiality
has found. In this respect, preferences over medium to gentle slope of terrain as well
as high to medium relief height for canal alignment have defined the areas having
elevation of 71–113 m and slope of 2.03°–2.16° as high disturbance potential zone.

Area under study composed of four CD Blocks is one of the most important areas
under West Midnapore District for conservation of forest resources in West Bengal.
The significance and use of forest land must be managed for their genetic diver-
sity, productivity, regeneration capacity, vivacity and potential to fulfill the needs
relevant to ecological and socio-economic functions at the local and regional levels
(FAO 2000). FDPZ is worth of practicing to identify the suitable areas for forest
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Fig. 13.9 a–f Perceptual maps showing the correspondence between FDPZ and driving factors
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recovery so that environmental viability can be gained as well as forest based liveli-
hood can be sustained. The conservation and restoration of forests will provide local
communities with the best decision to get the profit and restore the forests’ environ-
mental and economic functions (Sanchirico and Siikamaki 2007). The challenges
of achieving sustainable forest management and forest protection must be addressed
jointly between stakeholders and communities (Sheil et al. 2002;Gunningham2009).
This can be said as joint forest management (JFM) and the increasing rate of regen-
eration in the forest cover is the consequence of effectiveness of it. JFM in West
Midnapore district of West Bengal has a history that initiated during 1980s while
a number of forest protection committees (FPC) and their members have been kept
on escalating with time. During 1995, wasteland management scheme was imple-
mented in several states ofWest Bengal. Plantation of Acacia and Eucalyptus species
has increased the vegetation cover (SFR, 2011–12). Presently most of the forest
cover is plantation forest where clearing of mature dry deciduous species was regu-
lated properly along with planting new plants. Plantation activity has helped to gain
increasing forest cover in West Medinipur district (SFR, 2011–12). All these factors
were responsible for the dynamicity of vegetation cover in this selected part of West
Midnapore district.

13.6 Conclusion

Forest disturbance analysis is very contemporary and realistic issue in forming
sustainable environment. In global environmental forestry is an important ecosystem
parameter as a source of environmental purifier fodder and shelter as well as for
economic importance. But with the progress in civilization deforestation has come
as regular practices though the act of join forest management has prevented the
reckless of deforesting activities of human being.

This research has created a theoretical framework that can be implemented when
preparing future forest management policies based on area. In the case of efforts
made through participatory forest management schemes, the overall growth of forest
cover was very convincing. Though area and intensity different vulnerable patches
were established in this study where forest recovery schemes can be implemented on
priority bases by the administration. Such a study concerning the innate dynamics of
the certain attribute is needed in the field of planning and decision making. It can be
embattled with creating sustainable forestry market opportunities for the betterment
of forest based livelihood and to promote the use of forest based commodity. The
disturbance potential areas can be set up for new forest generation to promote planta-
tions that convey reimbursement to the environment and neighboring communities.
Protecting and restoring forests could provide the best pronouncement with the local
communities to get the benefit and restore the environmental and economic functions
of the forests. The identified disturbance potential areas can be reused by afforesta-
tion to balance the forest degeneration. Therefore, the change detection analysis and
periodic determination of potential forest disturbance areas could help to undertake
new policy and planning for forest restoration and ecosystem viability.
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Chapter 14
Comparison of AHP and Maxent Model
for Assessing Habitat Suitability of Wild
Dog (Cuon alpinus) in Pench Tiger
Reserve, Madhya Pradesh

Dhruv Jain, G. Areendran, Krishna Raj, Varun Dutta Gupta,
and Mehebub Sahana

Abstract Habitat suitability is an illustriousmission to conserve the ecosystems and
its components. Humanwildlife conflicts have increased tremendously due to habitat
fragmentation; reason being human encroachment for their own use or for commer-
cial purpose like forest products and unsustainable development programs leading to
major decline in Biodiversity. Pench Tiger Reserve (PTR),Madhya Pradesh has great
capacity to nurture youngWild dogs (Cuon alpinus) because it supports lots of biodi-
versity especially herbivores which will be great availability of food and have great
tree cover on the landscape. Themotive of this study is to find out the landscapewhich
will suitable for Wild dog (Cuon alpinus) at PTR, MP using presence SDM (Species
DistributionModel) at 900m grain Size usingMaxent, Ecological Niche Factor anal-
ysis and Bioclim and compare with AHP (Analytical hierarchical process). Maxent
gives contributions of every factor in percentage also gives responses curve of every
factor separately and also give permutation importance of every factor. Results show
that the model with accuracy more than 0.90 AUC value. Bioclimatic variable 17 and
LULC contributes the moderately high in the model. For AHP only need experts,
who fill the Saaty table on the basis of environmental variables importance to wild
dog (Cuon alpinus). Calculate or predict the habitat suitability of wild dog (Cuon
alpinus) by experts rating to every environmental variable (comparison of every vari-
ables with respect to each other) from 1 to 9 or inverse like 1/9. Maxent shows that
out of the about 750 km2 areas, more than 150 km2 found to be highly suitable at
900 m grain size SDM. This shows PTR, MP has the great potential to nurture or
sustainWild dog (Cuon alpinus) because wild dog (Cuon alpinus) need larger area to
walk, they walk daily around 20–25 km to find their food and PTR,MP is immensely
rich in large size herbivore animals like Chital (Axis axis). Strict implementation of
laws is required this can be achieved by government agencies like forest department
and others along with that awareness can be spread among the local residents of the
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PTR, MP so the wildlife and their habitat can be conserve by the conservationists
and wildlife experts.

Keywords Wild dog (Cuon alpinus) · Maxent species distribution model · AUC
(area under curve) score · Pench tiger reserve (Madhya Pradesh) · AHP (analytical
hierarchical process) tool box

14.1 Introduction

Wild dog (Cuon alpinus) commonly known as Dhole and some others local names
in India like Jangli Kutta in Hindi, Balia Kukura in Oriya and many more local
names in India also. Wild dogs (Cuon alpinus) are the only species in the genus
Cuon (Hodgson 1838). Dole (Cuon alpinus) has been long placed in the subfamily
Simocyoninae, along with bush dogs (Speothos venaticus) and African hunting dogs
(Lycaon pictus). Recently it has become evident that the subfamily Simocyoninae is
not correct entity, and the position if falling into incorrect use (Sheldon 1992). As
long ago 1954, Thenius (1954, cited in Cohen 1977) pointed out those similarities
in dentition within three species placed in the simocyoninae sub-family could be
due to convergent or biological evolution and also pointed one more point i.e., other
anatomical features are exhaustively different.

In ancient time Asiatic wild dog (Cuon alpinus) range are in big portion of East
Asia and South-East Asian Countries like in Bangladesh, Cambodia, India, Kaza-
khstan, Kyrgyzstan, Lao Malaysia, Bhutan, Mongolia, Myanmar, Nepal, People’s
Democratic Republic, Russian Federation, Indonesia, Tajikistan, China, Thailand
Viet Nam and many more South-East Asian small Countries. Wild dogs (Cuon
alpinus) have two sub-Species those are Pocock (Cuon alpinus adustus) and other
is Hardwick (Cuon alpinus sumatrensis). The sub species Pocock (Cuon alpinus
adustus) is majorly found in the South-East Myanmar and South-west Thailand. and
the other sub species i.e., Hardwick (Cuon alpinus sumatrensis) are generally found
from the south of the Isthmus of Kra down to Sumatra and Java and the Hardwick
(Cuon alpinus sumatrensis) are the smallest in size and their hairs are also smallest
in the Genus Cuon (Fig. 14.1) (Kanchanasakha et al. 1998) Now Asiatic Wild dog
(Cuon alpinus) are constrain to very limited areas like in central, south and some
portion of north India also in some East Asian countries. In India wild dogs (Cuon
alpinus) are generally found in central Indian landscape, peninsular region of India
i.e., Southern India, North-East India and even they are sighted at most harsh condi-
tions of north India i.e., in Ladakh also. Wild dog (Cuon alpinus) cubs are generally
can only be confused with jackal cub, but can be recognized by bring longer and
narrower. The shapes of the body, with small waist and deep chest, and the legs and
their mode of attachment, are built for speed on the lines of greyhound as similar
to the other big carnivores. The size and coloration of wild dogs (Cuon alpinus)
varies regionally. The average full sized Asiatic wild dog (Cuon alpinus) stand
22 inches at the shoulder andweighs 19 kg on the other hand femaleAsiaticwild dogs



14 Comparison of AHP and Maxent Model for Assessing Habitat … 329

Fig. 14.1 Wild dogs ancient and present presence on global level

(Cuon alpinus) are 1.5 inches shorter and 2.5 kg lighter than males (Brandar 1982).
Generally ground color of the coat is little reddish brown and the color on the belly
is quite lighter than on the back as well as on the both sides. There is thick hair on the
claws and between the toes. The dental formula of wild dogs (Cuon alpinus) differs
from the usual formula in the Canidae. Usually there are three molars on the sides
of each lower jaw but wild dogs (Cuon alpinus) have two molars on each side on the
lower jaw. Thus, the dental formula for wild dog (Cuon alpinus) is 3–3 incisors on
both sides in upper and lower jaw also similarly 4 pre-molars, 2 molars and 1 canines
on both sides in the lower and upper jaw as well. Therefore, total 40 teeth [(4 + 3
+ 2 + 1) * 4] (Novikov 1962). Another unique physical character of the wild dog
(Cuon alpinus) is their projecting part of the face, including the nose and mouth i.e.,
muzzle is quiet shorter than that of most of canids with a larger projecting part of the
face. They are always live and hunting in packs of 3 (minimum) or 8–10 (maximum)
(Brander 1982) as unity is always big strength.

Most special characters of wild dog (Cuon alpinus) are they are extremely brave
or daring even they fight with tiger (Panthera tigris) for their food. Gestation period
of female wild dogs (Cuon alpinus) are 60–63 days (Cohen 1978; Sosnovskii 1967)
and their most favorable season for denning is winter i.e., October–February. Wild
Dog (Cuon alpinus) is a species which is considered to be highly social in nature and
they have this social nature from the start of their life as in Pub life. Their rearing
is considered to be a social activity. Breeding season of wild dog (Cuon alpinus) is
confined to a narrow season as respect to other Canidae family members. In India it
happens any time from end of the Monsoon season i.e., September and it goes up to
February end. When a female wild dog (Cuon alpinus) give birth to his young ones,
at a time she gives on an average 4–5 descendants: Maximum is 9 or 10 descendants
(Sosnovskii 1967). In India young ones of wild dogs (Cuon alpinus) generally or
maximum time observed that they are born in January or February (Prater 1965).
Up to 12 young ones of wild dogs (Cuon alpinus) may be live in a single den, but
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these young ones are probably the descendants of two or female wild dogs (Cuon
alpinus). Females may den and rear their descendants untidily. Prater (1965) stated
that a number of female wild dogs (Cuon alpinus) may select a den site and form a
breeding colony. A group of new young ones may have several different aged that
create confusion to determine which one is more younger or offspring of which
female wild dog (Cuon alpinus) then, Johnsingh (1982) clears that confusion and
he stated that breeding is restricted to only a single female wild dog (Cuon alpinus)
within a pack, as is also the case for the highly social, pack living African wild dogs
(Lycaon pictus) and for wolves (Canis lupus). In a pack of Wild dogs (Cuon alpinus)
every adult ones help to young ones to provide food at their den and protect all
descendants from the predators like Tiger (Panthera tigris) and other big carnivores
who can eat their descendants along with the lactating females. “Guards”—Wild dog
(Cuon alpinus) that remain behind at the den site with the young ones while the rest
are out for the hunting—are also fed (Johnsingh 1982; Fox 1984). Many times, in
a group, members of a group of Wild dogs (Cuon alpinus) after hunting, it is not
mandatory to all members of group to assemble again. In the big size group of wild
dogs (Cuon alpinus) is very rarely to seem to do large hunting together otherwise the
wild dogs (Cuon alpinus) are rapidly spilt into many small groups or say large size
group breaks into many small groups for the hunting. Wild dogs (Cuon alpinus) use
odor of the prey and find their prey then take turns pursue to catch or attempt for catch
their prey. Most common pattern of hunting is group of wild dogs (Cuon alpinus)
cover the prey in a circle like structure and attack on prey from all sides specially on
those moments will extremely effective when prey is busy to defend from one side
and another group member attack from back side or say when prey is unaware from
back side attack. When sometime a pack of wild dogs (Cuon alpinus) were not find
any prey for them to fulfill their food requirement then sometimes they eat their pups.
According to Davidar (1975), he has been seen group of wild dogs (Cuon alpinus)
whose strength is about 40. During the summer’s i.e., from May to mid July and in
Rainy or Monsoon Season (i.e., not in breeding Season) larger assemblage of wild
dogs (Cuon alpinus) on a single place is quite common because all are in the resting
stage of the year so that’swhyquite common to assemblage of very larger ofwild dogs
(Cuon alpinus) on a place. In the recent years sighting of large group of wild dogs
(Cuon alpinus) is rare or frequency of sighting is frequently decreased because of
anthropogenic pressure, encroachment of humans on their suitable habitat landscape,
loss of suitable habitat and decline in prey population. During the end of Monsoon
season i.e., end of the august or starting of the September and Start of breeding season
or denning season sighting of small packs of wild dogs (Cuon alpinus) are frequent
(Sheldon 1992). Wild dogs (Cuon alpinus) are generally amalgamate and disruptive
way in a loosely or scattered pattern. There is no proof about the influence over the
other gradable stratified class within their groups, even though in the free moving
group of wild dogs (Cuon alpinus), one male wild dog (Cuon alpinus) was clearly
show his influence over the rest members of this group. Belligerent interactions
between the group members will seen extremely rare and group member showing
willingness to each other for the killing purpose and in a group generally competition
for the hunting at very low level. The relating places where wild dogs (Cuon alpinus)
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can live and their range of that kind of places in India is generally in a group is
around 35–40 km2, this home range is only when they are in no breeding season but
when we talk about during their breeding season then their suitable habitat range
will rapidly decrease from 35–40 km2 to 10–12 km2 (Johnsingh 1982).

Most preferable habitat is tropical deciduous forest, open forest and grasslands
also (Brandar 1982). Sambar (Rusa unicolor), Chital (Axis axis), andWild boar (Sus
scrofa) are considered the principal prey of Wild dog (Cuon alpinus) within India
(Davidar 1975; Johnsingh 1992; Venkataraman et al. 1995). From a study done in
India, itwas foundout that the preyof thewild dogs (Cuonalpinus) are as follows73%
area spotted deer (Axis axis), 17% are sambar deer (Rusa unicolor), 5% are rodents
[Order—Rodentia (Bowdich 1821)] and 2.5% are rabbit (Oryctolagus cuniculus).
7% of their excrement is the residue of grass (Johnsingh 1982) Main thing is they
don’t require lots of water like other organisms and they are generally walked a lot
basically they eat and walk around 20–25 km per day to find their food. Generally,
Wild dogs (Cuon alpinus) have a bimodal or say in other words crepuscular activity
pattern of life style or daily routine. During heat of the day or commonly during
summers high temperature day they are usually inactive or in lazy state or in other
we can say that in rest mode, though in India during Monsoon i.e., in late June, July,
August and September, they may be in active stage because when Monsoon season
end their breeding season will about to start and they can search for their prey at
any time of the day during monsoon season. Another reason for their hunting during
Monsoon is because in Monsoon heavy rainfall help to grow small grasses on land
or help to growing of herbs and shrubs also which the primary food for herbivores
like chital (Axis axis), Sambar (Rusa unicolor), Indian bison (Bos gaurus) and other
big or small herbivore which means probability of availability of food for wild dogs
(Cuon alpinus) will be high. Hayward et al. (2014) found the prey preference index
of the wild dogs (Cuon alpinus) is aviate slightly in different areas. During Monsoon
season wild dogs (Cuon alpinus) hunt some time during night also it depends on their
group size and their hungriness’ (Johnsingh 1982;Krishnan 1972; Fox and Johnsingh
1975; Sosnovskii 1967; Cohen et al. 1978; Fox 1984; Prater 1965). Hayward et al.
(2014) concluded that the prey of wild dogs (Cuon alpinus) from 24 different studies
in the across 16 areas including habitat and distribution are Wild boar (Sus scrofa),
Sambar (Rusa unicolor), Gaur (Bos gaurus), Spotted deer (Axis axis) and Muntjac
(Muntiacus).

Wild dogs (Cuon alpinus) have threat from continuous loss of habitat, rapid
decrease in the count of their prey, persecution and also due to increase in transfer
of disease or several infected pathogens from domestic dogs (Canis lupus famil-
iaris) and feral dogs (Canis lupus familiaris). The present range of wild dogs (Cuon
alpinus) has been much reduced due to anthropogenic activities. Wild dogs (Cuon
alpinus) have become rare and are depleted entirely from the parts of central Asia,
large parts of India, and Eastern China (Müller-Using 1975). Across the globe any
government or any organization doesn’t take any attempt to census of the wild dogs
(Cuon alpinus) population, either at country level or regional level wise, Even in
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places where prediction of the available, because of the chances of the same animal
being countedmore than once, or not at all, animal’s wandering habits and the figures
can be misleading.

The present study is important to identify most suitable landscape for wild dogs
(Cuon alpinus) in the Pench tiger reserve,Madhya Pradeshwith the help of geospatial
techniques. The major research gap is most of scientists or researchers work on
mostly on wild dog (Cuon alpinus) ecology, physical characteristics like in which
pattern their body size varies during their upbringing, their distribution and habitat,
taxonomy, diet preferences, daily activities,Reproductive behavior across all seasons,
Social organization and the behavior in with their group members but present study
break the tradition of study of the wild dog (Cuon alpinus) because now first time try
to predict suitable landscape for the habitat of wild dog (Cuon alpinus) in Pench tiger
reserve, Madhya Pradesh with the help of GIS (Geographic Information System) and
remote sensing. The main objective of the study is to identify and assess the suitable
habitat of wild dog (Cuon alpinus) and to compare the different model’s prediction
for the habitat suitability of wild dogs (Cuon alpinus) in the Pench tiger reserve,
Madhya Pradesh. This study will contribute a new pillar to the house of literature of
wild dogs (Cuon alpinus) because all the literatures are old and some new literatures
also didn’t predict the suitable habitat, they are also about their diet preferences and
their percentage of food of different preys.

14.2 Study Area

This study is conducted on the Pench Tiger Reserve (PTR)Madhya Pradesh, India. It
comprises the PenchMowgli sanctuary, the Indira Priyadarshini Pench national park,
and a buffer. The Pench Tiger Reserve, Madhya Pradesh occurs in the Karmajhiri,
Gumtara, Kurai and Satpura range (southern slopes of the Satpura range of central
India) with altitude between 300 and 671 m. The geographical extent 21° 63′ to
21° 95′ N latitude and 78° 94′ to 79° 53′ E longitude (Fig. 14.2). Satpura hills in
Pench tiger reserve, MP have almost flat, gently, slopping top and steep sides. Pench
Tiger Reserve, Madhya Pradesh is the one of the major protected areas of Satpura-
maikal range. Pench Tiger Reserve, Madhya Pradesh is one of the highest herbivores
densities in India. The Pench national Park, Madhya Pradesh is split into two parts
by river Pench. The river Pench is the lifeline of the National Park, near the Pench
River the area is flat and forming woodland and meadows. The Pench tiger reserve is
the first interstate tiger project area of the country that is between Madhya Pradesh
and Maharashtra. Pench Tiger Reserve, Madhya Pradesh is among the sites notified
as important bird areas of India. Granites and amphibolites pegmatite and quartzite
later intrude these rocks. The Deccan trap, otherwise prevalent in the other parts of
both Seoni and Chhindwara districts are almost absent within the limits of the present
boundary of the National park and sanctuary.
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Fig. 14.2 The location of Pench Tiger Reserve (PTR) in Madhya Pradesh, India

As per the all India tiger estimation report 2018, highest number of tigers found
in the Pench tiger reserve in Madhya Pradesh and according to the 4th round of the
management effectiveness evaluation of tiger reserves (MEETR), which assess the
India’s all 50 tiger reserves, which says that Pench tiger reserve, Madhya Pradesh
as best managed tiger reserve in the country with Periyar sanctuary of the Kerala.
Pench national park which occurs under the Pench tiger reserve, Madhya Pradesh
boundary, which has the maximum density of the herbivore animal’s population
like nilgai (Boselaphus tragocamelus), Sambar Deer (Rusa unicolor), Chital (Axis
axis), Barking Deer (Muntiacus muntjak), Indian spotted chevrotain or Indian mouse
deer (Moschiola meminna), Chousingha or Four horned antelope (Tetracerus quadri-
cornis) and many more small and big size herbivore animals. All the above infor-
mation simply depicts that Pench tiger reserve, Madhya Pradesh is highly rich in
herbivore diversity which indicates availability of food for wild dog (Cuon alpinus)
and other carnivores that’s why it is the one of the highest tiger population tiger
reserve in the India. Another major reason for Pench tiger reserve, Madhya Pradesh
for wild dogs (Cuon alpinus) is one of the best managed tiger reserve in the India
so that it shows there is less human interference for the wildlife as compare other
Protected areaswhichmeanswild dogs (Cuon alpinus) can live in their natural habitat
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with their appropriate food availability. As per wild canids India project website wild
dogs (Cuon alpinus) inhabit less than 50% of their potential habitats in the India.

14.3 Data Base and Methodology

We take Sentinel-2 satellite data of 14th May, 2019. My study area covers (with
10 km buffer boundary) four tiles of Sentinel-2 satellite i.e., T44QKK, T44QLK,
T44QLJ and T44QKJ. After the satellite image download first we processed it in
ERDAS IMAGINE 2014 software. First layer stack all the four tile in which every
tile contain 12 bands in which band 8 have two sets that are band 8 band 8 A and all
bands have different resolutions like 4 bands have 10m resolution, 6 bands have 20m
resolution and 3 bands have 60 m resolution (Pokhriyal et al. 2020). Then mosaic
all the tiles, mosaic is the process in which we joint or merge all tiles, again mosaic
process is done with the help of ERDAS IMAGINE 2014 software and save the file
in the *.img (Imagine) format. Then clip the Mosaic image of the all four tiles which
become one image. Open the mosaic output in the Arc Gis 10.1 software and clip the
Mosaic output image from the Study area (with 10 km buffer boundary) i.e., Pench
Tiger Reserve, Madhya Pradesh and then we get sentinel-2 Satellite image of Pench
Tiger Reserve, Madhya Pradesh.

We consider some Bioclimatic variables of change in every 30 s data like
Annual Mean temperature (BIO 1), Mean diurnal Range [Mean of monthly
(Maximum Temperature–Minimum Temperature)] (BIO 2), Isothermality (Mean
Diurnal Range/Temperature Annual Range) (*100), Maximum Temperature of the
Warmest Month, Minimum Temperature of driest Month, Annual Precipitation.

Sentinel-2 Satellite data for the year of 2018 were used to prepare the land use–
land cover map of Pench Tiger Reserve, Madhya Pradesh (Table 14.1). The study
area was extracted from the satellite imagery using 10 km buffer of Pench Tiger
Reserve, MP boundary. As we mentioned above wild dog (Cuon alpinus) walk a lot
and their movements across PTR is very fast so that we have taken 10 km buffer
boundary (Fig. 14.3) to ease to estimate suitable habitat for wild dog (Cuon alpinus)
in Pench Tiger Reserve, MP. As we mentioned above wild dog (Cuon alpinus) walk
a lot and their movements across PTR is very fast so that we have taken 10 km buffer

Table 14.1 The details of the data sources used for this study

SI No. Data Data source Resolution Resample resolution (m)

1 Sentinel 2 (2019) https://earthexplorer.usgs.
gov/

10–60 m 900

2 ASTER DEM https://earthexplorer.usgs.
gov/

30 m 900

3 Bioclimatic data https://worldclim.org/ 900 m 900

4 Occurrence data Steinmetz et al. (2012) CSV table 900

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://worldclim.org/
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Fig. 14.3 Methodology for Maxent species distribution model

boundary to ease to estimate suitable habitat for wild dog (Cuon alpinus) in Pench
Tiger Reserve, Madhya Pradesh (Figs. 14.4 14.5 and 14.6).

The statistics-based decision rules were applied for determining the land use-land
cover identity of each pixel in the images. In the ERDAS IMAGINE 2014 software
analysis process, the result is an assemblage of pixels with common features without
the user giving sample classes i.e., Unsupervised Classification. For the preparation
land use classification, the spectral classes were grouped into 60 classes. Classes
like water bodies, Agricultural land, fallow land and barren land i.e., scrubland show
similar kind of spectral reflectance. Recoding and cleaning process were followed by

Fig. 14.4 Steps for making of LULC map
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Fig. 14.5 Land use/ Land cover map (2019) of Pench Tiger Reserve, Madhya Pradesh

unsupervised classification in ERDAS IMAGINE 2014. Different aspects or factors
which plays role in suitable habitat for wild dog (Cuon alpinus) like Pench river,
Totladoh Reservoir, Settlements and roads were digitised in Google earth Pro. Shape
file of Pench Tiger Reserve, MPwas imported over the image under cleaning process
and classes like Agricultural land, Fallow land, Barren land, Forest, Settlements and
Water bodies or streams were updated on LULC using ground truth data and Google
earth pro accuracy assessment was also done. Random sample points were laid down
with a 100 points on the LULC to crosscheck the accuracy of LULC through which
we obtained around 91 points were perfectly matches with google earth pro imagine
that means 91% accuracy of LULC (Fig. 14.5 ).

14.3.1 Dactors derived form of Elevation layer

We used ASTER DEM data at 30 m resolution sample size. With the help of ASTER
DEM we can calculate Elevation of Pench Tiger Reserve, MP with the help of Arc
Gis 10.1 software in which we used Conversion tools in which first we convert DEM
data into raster file to calculate Elevation of Pench Tiger Reserve, MP through we
get Maximum elevation is 671 m in Pench tiger Reserve, MP which is nearly in
chhindwara district region.
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Fig. 14.6 Spatial distribution of Dhole in Pench Tiger Reserve, Madhya Pradesh

In Pench Tiger Reserve, MP as such nomajor elevation changes but in west Pench
Tiger reserve, MP there is some portion of Satpura Hill range, but wild dogs (Cuon
alpinus) are not prefer much height they like plain surface more. They prefer mostly
plain area or slightly elevated areas not much elevated areas (Fig. 14.7).

With the help of Elevation we can calculate several other parameters which will
affect the habitat of wild dog (Cuon alpinus) like Hill Shade, Slope, and Aspect in
Arc GIs 10.1 software through surface analyst tools in which use surface option to
generate layers of Hill shade, Aspect and Slope.

We observe when we calculate hill shade with the Z-factor value 0.1 then we get
range of hill sahde is 0–183 similar way when try to calculate slope with z value is 1
and 50 interval class is maximum 83° angle in the study area Pench Tiger Reserve,
MP and Aspect which value range is between −1 and 359.433. Wild dog (Cuon
alpinus) preferred slight steep places, where slope is around 20–30° (Brander 1980).
Apart from this Wild dog (Cuon alpinus) strongly prefer grassland terrain with low
slope and low elevation and moderate slope like 10–25° (Fig. 14.8).
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Fig. 14.7 Spatial variation of elevation (m)

14.3.2 Preparation of Other Factors

14.3.2.1 Fire

First we take fire data of India from FSI for last decade i.e., from 2008 to 2018
then clip that data to my Study Area. We got in Pench Tiger Reserve, MP have
lots of fire incidence it indicates this Protected area is good for wild dog (Cuon
alpinus) because when fire goes down then on the place of fire firstly grows small
grasses which is the primary food of herbivores that means availability of food for
wild dog (Cuon alpinus) (Sahana and Ganaie 2017). Major fire incidence sighted in
chhindwara district region and more than 700 incidence are sighted in last decade
(2008–2018) (Fig. 14.9).

14.3.2.2 NDVI (Normalised Difference Vegetation Index)

To calculate NDVI, I use Mosaic product of Sentinel-2 Satellite Image, using unsu-
pervised classification Tool in ERDAS IMAGINE 2014. In Pench Tiger Reserve,
MP, there no as such dense forest area and Wild dogs (Cuon alpinus) are generally
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Fig. 14.8 Spatial distribution of thematic layers
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Fig. 14.9 Spatial distribution of forest fire risk

prefer open forest and grassland. NDVI value is lie between −1 and +1 in which
zero indicates for water.

NDVI = NIR − RED/NIR + RED

For Sentinel-2, use band 8 (Near infrared) and band 4 (Red) (Fig. 14.10)

NDVI = Band 8 − Band 4/Band 8 + Band 4

14.3.2.3 Prey Occurrence

Major Prey species of Wild dog [(Cuon alpinus) are sambar (Rusa unicolor), Wild
boar (Sus scrofa) and Chital (Axis axis)]. We take only those places ranges where
maximumprobability of sightings of all thesemajor preys ofwild dog (Cuon alpinus)
from annual forest report of Madhya Pradesh state government annual forest report
on their biodiversity 2018 (Fig 14.6; Fig. 14.11).
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Fig. 14.10 Spatial distribution of NDVI

14.3.2.4 Tree Cover

Tree cover plays vital role for Wild dog (Cuon alpinus) because if tree cover will
high or dense forest it will create some difficult to hunt prey for food but some times
it is very good to hide and hunt preys. Tree cover data is taken by Hansen tree cover
from tile which has data of 20–30 N and 70–80 E coordinates (Fig. 14.12).

14.3.3 Maxent Species Distribution Model

Wild dogs (Cuon alpinus) are poorly or little studied species in India except some
protected area and biosphere reserve such as Central India specially in Madhya
Pradesh and Southern India like in Tamil Nadu and nearby states such type of area
covers less than 5% of potential suitable habitat of Wild dog (Cuon alpinus) in India
(Johnsingh 1989; Yadav et al. 2020).

Maxent software are excessively use for assessing the habitat suitability of these
elusive species.



342 D. Jain et al.

Fig. 14.11 Geographical area of prey abundance

Maxent is a sophisticated machine learning model, with very explicit statistical
and mathematical formula (Jayne’s 1957). It’s widely used for predicting the habitat
suitability and species distribution. Maxent provide the probability of species distri-
bution and their suitable area which are based on concept of maximum deterioration
(i.e., heavily diffuse out or close to uniformity). It uses the covariates from the species
occupancy point for predicting the species distribution.

Maxent uses the occurrence or presence only data for species distribution. In this
study occurrence data for wild dog (Cuon alpinus) were collected from Aniruddha
Majumdhar et al. (2012). Recent updated version of Maxent 3.4.1. were used for
predicting the habitat suitability of Wild dog (Cuon alpinus) in Pench Tiger Reserve,
MP.

A total 150 plus occurrence data were used for wild dog (Cuon alpinus), 30% of
occurrence data were used for verification ofmodel, rest 70%were used for testing or
build the model for wild dog (Cuon alpinus) species. Maxent accept the occurrence
data only in environmental variables in ASCII format and *.CSV format with same
size cell size, projection and extent.

All environmental variables which are used in habitat suitability modeling for
(Cuon alpinus) were uploaded in Arc Map window then re-projected in to GCS
(Geographic Coordinate System) WGS (World Geodetic System) by using project
raster tool in Arc Map software. Re-projected variables were resembled into 30 m
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Fig. 14.12 Spatial variation of tree cover

meter resolution to 900 m. All variables were extracted from first layer that is BIO-I
in this study, and then all variables were converted from raster to ASCII (American
Standard Code for Information Interchange) format by using conversion from raster
tool in Arc tool box.

Maxentmodel can runmultiple of time, which enhance themodel accuracy. In this
study a total of 10 replicates with 5000 iteration were chosen, it gave the sufficient
time to themodel for convergence the result. Ifmodel does not have sufficient time for
convergence the variables then there will be possibility of over and under prediction
of model. Jackknife test are used for estimate the importance of each variable and
their contribution in prediction of habitat suitability.

Sensitivity of each environmental and a biotic variablewas done in logistic format.
Accuracy of output were compared with ROC value, according to expert view ROC
value 0.5–0.6 represent the unacceptable result, poor result represents by ROC value
0.6–0,Normal result with 0.7–0.8, good out represent by 0.8–0.9 and excellent output
shows with ROC value 0.9–1.0 (Swets 1988).

Main thing is that when you try to run Maxent Species distribution model always
remember your all layers have same cell size, projection and extent otherwiseMaxent
Species distribution model will not run and also not predict the suitable habitat for
your which you want.
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14.3.4 Methodology for Maxent Species Distribution Model

As we mentioned the methodology in Fig. 14.3 we make all the factors like Land
Use/Land Cover, Hill shade, Slope, Aspect, Normalized Difference in vegetation
index, Elevation, Fire, Prey Abundance, Tree cover, Annual Mean Temperature (Bio
1), Mean Diurnal Range (Bio 2), Isothermality (Bio 3), Maximum Temperature of
warmestmonth (Bio 5),MinimumTemperature of theColdestMonth (Bio 6),Annual
Precipitation (Bio 12), Precipitation of the wettest Month (Bio 13), Precipitation of
Driest Month (Bio 14) and Precipitation of Driest Quarter (Bio 17).

First convert the entire layer Projection intoGCS (GeographicCoordinate System)
WGS (World geodetic system) 1984 with the help of Arc GIS 10.1 software. Then
convert all the layer cell size into same cell size, we prefer all the layers cell size
similar to bioclimatic variables cell size that is at 900 m cell size and then last to do
extent of all the layers should be same that’s why me make same extent of all layers
with respect of bioclimatic variable layer. In Maxent Species Distribution Model, it
requires all the layers are in same projection, same cell size and same extent. Then
convert all the raster files into ASCII (American Standard Code for Information
Interchange) with the help of raster tool box in the Arc GIS 10.1 with the help of
batch mode option. Batch mode option help to do same process of more than 1 layer
that’s why we choose batch mode because we have 18 layers to which we convert
into ASCII (American Standard Code for Information Interchange) format. ASCII
(American Standard Code for Information Interchange) layer is the only format
which Maxent Species Distribution Model can read. Then we georeferenced the
map of wild dog (Cuon alpinus) sighted in Pench Tiger Reserve, Madhya Pradesh
from Dr. Aniruddha Majumder Ph.D. Thesis (2011) and take coordinates and make
it a shape file. Then in file manager we open shape file folder and open *.dbf (Data
Base File) file and open that *.dbf (Data Base File) file in Microsoft Excel and save
as it in *.CSV (Comma Separated Values) format file. When we get all the layers
in the ASCII (American Standard Code for Information Interchange) with same cell
size, Projection and Extent with all Coordinates of the wild dogs (Cuon alpinus) in
the *.CSV (Comma Separated Values) format of Excel file and put in the Maxent
Species Distribution Model (Fig. 14.13).

14.3.5 Overview of Factors that Affect Habitat of Wild Dog
(Cuon alpinus)

See Fig. 14.14.
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Fig. 14.13 Methodology frame work of habitat suitability assessment

Fig. 14.14 Various aspects of habitat quality

14.3.6 Methodology for AHP (Analytical Hierarchical
Process)

Analytical hierarchical process (AHP) was given by Thomas Saaty in 1997 in which
he gave a table in which we compare two factors and rate both factors in 1–9 range
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if first factor is more contribute or more dominant to second factor then give rating
in the range of 1–9 in 1–9 range 1 indicates to equal importance of both factors as
when rate it 9 it means first factor is extremely important then second factor but on
the other hand if second factor is extremely important then give range in reciprocal
i.e., 1/9 or 1/8 like this. This is ensured that all the environmental Variables and
other factors were used with a combination of techniques such as GIS (Geographic
Information System) and AHP (Analytical hierarchical process) in this study. The
relative importance of the selected criteria is revealed by using AHP (Analytical
Hierarchical Process) and AHP also assisted in assigning the weightage to each
criterion. The criterionwas used in IndexOverlayModel to arrive at themost suitable
landscape sites for the wild dogs (Cuon alpinus) in the Pench Tiger Reserve, Madhya
Pradesh. Local knowledge and field experience have been used to assign the weight
for each factor in vulnerability analysis. Pair-wise comparison matrix is provided by
AHP (Analytical Hierarchical Process), through which the criterions are structured
according to their hierarchical order. A vector of weights can obtain by using 1–9
scale in each pair-wise comparison.

Saaty table is not restricting to two factors; Saaty table gives freedom to select
factors up to nine factors. As per Saaty table compare every factor to each other and
not repeat any combination and give rating between 1–9 and rate in reciprocal if
second factor plays dominant role like 1/9 or 1/8 etc.

For the cross check the prediction of suitable habitat of wild dog (Cuon alpinus) in
Pench Tiger Reserve,MPMaxent species distributionmodel we didAHP (Analytical
hierarchical process) for the predication of suitable habitat ofwild dog (Cuonalpinus)
in Pench Tiger Reserve, MP. First we were doing AHP (Analytical hierarchical
process) only for Bioclimatic Variables with the help of Saaty Table 14.2. Saaty
table is filled by five experts who are expert in GIS (Geographic Information System)
and remote sensing also has expertise in wildlife. Firstly I were gave empty Saaty
table to my all experts to fill it and gave ratings to all bioclimatic variables which
are Annual mean temperature (Bio-1), Mean annual Range (Bio-2), Isothermality
(Bio-3), Maximum temperature of Warmest Month (Bio-5), Maximum temperature
of coldest Month (Bio-6), Annual Precipitation (Bio-12), Precipitation of Wettest
Month (Bio-13), Precipitation of Driest Month (Bio-14) and the Precipitation of
Driest Quarter (Bio-17). Then we have two ways to further proceed Saaty table
which filled by some GIS (Geographic Information System) and remote sensing and
wildlife experts.

Firstly we renamed the all Factors name or say use the symbols like for Annual
mean Temperature (Bio-1) denoted by A1, Mean annual range (Bio-2) denoted by
A2, Isothermality (Bio-3) denoted by A3, Maximum temperature ofWarmest Month
(Bio-5) denoted by A4, Maximum temperature of coldest Month (Bio-6) denoted by
A5, Annual Precipitation (Bio-12) denoted by A6, Precipitation of Wettest Month
(Bio-13) denoted by A7, Precipitation of Driest Month (Bio-14) denoted by A8 and
the Precipitation of Driest Quarter (Bio-17) denoted by A9 (Table 14.3).

Then we used Saaty table which filled by all experts for bioclimatic variables
(Table 14.2) then we use AHP tool box in Arc GIS 10.1. In AHP (Analytical hierar-
chical process) tool boxfirst fill the data ofSaaty tablewhichfield byGIS (Geographic
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Table 14.2 Pair-wise comparison matrix (after Saaty)

Intensity of importance Definition Explanation

1 Equal importance Two activities contribute to the
objective

2 Weak or slight

3 Moderate importance Experience and judgment slightly
favor one activity over another

4 Moderate plus

5 Strong importance Experience and judgment strongly
favor one activity over another

6 Strong plus

7 Very strong or demonstrated
importance

An activity is favored very strongly
over another; its dominance
demonstrated in practice

8 Very, very strong

9 Extreme importance The evidence favoring one activity
over another is of the highest
possible order of affirmation

Reciprocal of above If activity i has one of the above
non-zero numbers assigned to it
when compared with activity j,
then j has the reciprocal value
when compared with i

A reasonable assumption

1.1–1.9 If the activities are very close May be difficult to assign the best
value but when compared with
other contrasting activities the size
of the small numbers would not be
too noticeable, yet they can still
indicate the relative importance of
the activities

Information System) and remote sensing and Wildlife experts for bioclimatic vari-
ables then run the data and give output location to my result but there is a little bit
problem because when we get result from AHP table in the form of a predicted map
layer in *.GTF (Geographic Transformation File) file format but when you try again
to open *.GTF (Geographic Transformation File) file layer of AHP (Analytical hier-
archical process) bioclimatic map prediction which will not open again so to avoid
this problem when you get first map prediction from AHP (Analytical hierarchical
process) tool box then immediately export that layer in your desirable location in
your suitable format.

Then again use AHP (Analytical hierarchical process), now this time we use
last AHP (Analytical hierarchical process) Bioclimatic variables map projection
(Fig. 14.15) used as a factor in next AHP (Analytical hierarchical process).
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Table 14.3 Responds on AHP table for bioclimatic variables

Respondents Expert A Expert B Expert C Expert D Expert E Average

A1 versus A2 1 4 5 3 0.25 2.65

A1 versus A3 1 5 4 1 6 3.4

A1 versus A4 9 6 7 7 0.14 5.82

A1 versus A5 1 6 6 0.2 1 2.84

A1 versus A6 1 7 9 0.2 1 3.64

A1 versus A7 1 4 5 0.14 1 2.22

A2 versus A3 5 5 3 1 6 4

A2 versus A4 3 6 5 5 0.16 3.83

A2 versus A5 3 5 3 0.5 5 3.3

A2 versus A6 0.14 6 3 3 5 3.42

A2 versus A7 0.14 5 5 0.33 6 3.3

A3 versus A4 3 5 5 3 0.16 3.23

A3 versus A5 1 6 3 5 3 3.6

A3 versus A6 0.33 5 6 3 3 3.46

A3 versus A7 0.33 6 3 0.33 3 2.53

A4 versus A5 0.14 5 1 0.33 1 1.5

A4 versus A6 0.14 6 3 0.33 1 2.1

A4 versus A7 1 6 5 3 1 3.2

A5 versus A6 3 5 7 5 1 4.2

A5 versus A7 1 6 5 7 1 4

A6 versus A7 1 7 1 0.33 1 2.06

Now we take six factors which are Land Use/Land Cover, Prey occurrences,
AHP (Analytical hierarchical process) predication layer of Bioclimatic variables
(Fig. 14.15), Water, Tree cover or Forest canopy cover and Human Disturbances
which include roads, settlements and highways. As in previous AHP (Analytical
hierarchical process) process we again give codes to all factors which we’ve taken
this time like A1 for LULC, A2 for Bioclimatic variable layer which we previously
AHP (Analytical hierarchical process) process we got, A3 for Prey occurrences,
A4 for Tree cover or Forest canopy cover, A5 for Water and A6 for Human distur-
bance (Sahana et al. 2018). Then again AHP (Analytical hierarchical process) table
gave to experts which are this time again filled by GIS (Geographic Information
System) and remote sensing and wildlife experts fill the table with respect to habitat
suitability of wild dogs (Cuon alpinus) in Pench Tiger Reserve, Madhya Pradesh
(Table 14.4).

Again, same process, put the values of experts rating Saaty table whichwe put into
the AHP (Analytical hierarchical process) tool box in the Arc GIS 10.1 software and
select the output file location in the desirable folder. When we precede the process
we get our final product of Habitat suitability map of wild dogs (Cuon alpinus) in
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Fig. 14.15 AHP prediction for bio climatic variables

Table 14.4 Responds on AHP table for all variables

Respondents Expert A Expert B Expert C Expert D Average

A1 versus A2 8 6 6 1 5.25

A1 versus A3 0.13 7 8 0.14 3.81

A1 versus A4 6 7 9 0.2 5.55

A1 versus A5 0.11 7 4 0.14 2.81

A1 versus A6 5 7 5 9 6.5

A2 versus A3 0.11 4 7 0.14 2.81

A2 versus A4 0.17 5 5 3 3.29

A2 versus A5 0.13 5 4 0.2 2.33

A2 versus A6 5 2 2 9 4.5

A3 versus A4 6 5 5 5 5.25

A3 versus A5 1 6 4 1 3

A3 versus A6 6 2 5 9 5.5

A4 versus A5 0.11 4 7 0.2 2.83

A4 versus A6 5 1 7 9 5.5

A5 versus A6 8 6 5 9 7



350 D. Jain et al.

the Pench Tiger Reserve, Madhya Pradesh in the *.GTF format file then export the
final product of the map in *.GTF file into suitable format which supports in the
system like in *.img format or *.tiff format file which we can easily open in the any
software. We get the result after export the final map layer prediction with the help
of AHP (Analytical hierarchical process) in Sect. 14.4.2.

14.4 Results

14.4.1 Maxent Species Distribution Model Result

As we can see in Fig. 14.16 major Core area (No disturbance zone) of Pench Tiger
Reserve, Madhya Pradesh light green color shows highly moderately suitable which
covers most of core area of Seoni District of Madhya Pradesh, Pench Tiger Reserve
and North-East region of Core region of Pench Tiger Reserve, Madhya Pradesh is

Fig. 14.16 Habitat suitability of Dhole in Pench Tiger Reserve, MP (Maxent prediction)
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highly suitable zone which shows in yellow color and light blue color zone which
covers the light green color (highly moderately suitable zone). The light blue color
zone shows slightly suitable area. The last dark blue zone which indicates highly
unsuitable zone for wild dogs (Cuon alpinus). We can observe some highly moder-
ately areawhich shows by light green colorwhich goes out fromPenchTigerReserve,
Madhya Pradesh and enters into Pench Tiger Reserve, Maharashtra and other exten-
sion we see in east region of Pench Tiger Reserve, Madhya Pradesh or say towards
Kanha-Pench Corridor in Madhya Pradesh.

With the help of Jackknife of AUC for wild dog (Cuon alpinus) we can relate or
predict the how much every variable importance with only variable shown by light
blue color histogram, without variable denoted by dark blue color histogram and
with all variables denoted by red color histogram, all these environmental variables
conditions with respect to AUC value jackknifing create all histograms (Fig. 14.17).

We can see in the Upper Image of Fig. 14.18a which shows the curve between
Sensitivity versus Specificity forwild dog (Cuon alpinus) in the PenchTiger Reserve,
Madhya Pradesh, AUC (Area Under Curve) value is 0.938 in training data, As per
Maxent Species distribution model tutorial only those models are acceptable which
AUC value for training data is more than 0.75 and AUC value for Test data also be

Fig. 14.17 Jackknife of AUC for Cuon alpinus
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Fig. 14.18 a Sensitivity versus specificity for Cuon alpinus. b Omission and predicted areas for
Cuon alpinus

more than 0.75 similarly we get 0.838 AUC value for test data that means Maxent
Species Model for wild dog (Cuon alpinus) in the Pench Tiger Reserve, Madhya
Pradesh is acceptable. In the Lower image of Fig. 14.18b which represents the curve
between Omission and Predicted area for wild dogs (Cuon alpinus), we can see the
red line which indicates the fraction of background prediction that is hyperbolic
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(A hyperbola is formed by the intersection of a plane perpendicular to the bases
of a double cone) curve which indicates the Fractional value is mirror image of
Cumulative threshold value or in other words we can say that the set of all values
of Cumulative threshold and fractional value of this curve have such ratio of the
distance to a single focal point divided by the distance to the either Fractional value
or Cumulative Threshold value is greater than one.

Final outputs for training and test data with respect to the regularized and un-
regularized value. Regularized Training gain is 1.537, training AUC is 0.938. Un-
regularized training gain is 1.772 and un-regularized training gain is 1.129.

Table 14.5 interpret the relative advantages of environmental variables to the
Maxent species distribution model. Table 14.5 depicts the results which are useful
to decide the utterance of training algorithm, i.e., an addition to the usual advantage
beside the gain in the relative variables or if we deduct the gain in the relative
advantages from the result, the value of lambda will be in the negative in numbers.

Likewise, Table 14.5 depicts the values of environmental variables which are
training presence; the secondary data were randomly permuted. Further Table 14.5
also depicts that often extracting permuted data and consequently rapidly drop in
training AUC (Area under Curve) data were shown in percentage in which observe
that Bioclimatic variable 17 i.e., Precipitation of the driest quarter permuted 47.1%,
which is highest but whenwe go on second highest which bioclimatic variable 13 i.e.,
precipitation of the wettest month which permuted 13.3%. As we can observe there

Table 14.5 Percent contribution and permutation importance (in %) of every factor

Variable Percent contribution Permutation importance

Bio 17 27 47.1

LU/LC 25.3 9.1

Tree cover 11.3 2.5

Bio 13 10.8 13.3

Forest fire 8.3 3.3

Bio 1 5.8 3.3

NDVI 5.1 11.3

Bio 14 1.7 0.6

Aspect 1.3 1.6

Slope 1.3 2.5

Hill shade 0.9 1.6

Elevation 0.5 1.7

Bio 2 0.4 0.1

Bio 3 0.3 0.7

Bio 6 0 1

Bio 12 0 0

Bio 5 0 0
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is rapid drop in the Permutation importance of the all environmental variables. As
with the variable jackknife (Fig. 14.17), Variable contributions should be interpreted
when the predictor variables are correlated but with cautions when you interpret the
data.

Maxent Species Distribution Model also predicts the how much percent every
environmental variable in (Table 14.5) contribute in the habitat suitability of wild dog
(Cuon alpinus) and howmuch every environmental variable permutation importance
(in Table 14.5).

With the help of Table 14.5 we can conclude that Bioclimatic Variable 17 i.e.,
Precipitation of Driest quarter contribute 27%, Land Use/Land Cover contributes
25.3%, Tree cover contributes 11.3% are themajor contributors to the suitable habitat
of wild dogs (Cuon alpinus) in the Pench Tiger Reserve, Madhya Pradesh.

With the help of Table 14.5 we can say that Permutation Importance again Biocli-
matic Variable 17 i.e., Precipitation of the Driest quarter is 47.1%, Bioclimatic
Variable 13 i.e., Precipitation of the Wettest month is 13.3% and the Normalized
Difference of vegetation Index (NDVI) which is 11.3% permutation of importance.

14.4.2 AHP (Analytical Hierarchical Process) Result

The motive of this study is to identify the suitable landscape of Pench Tiger Reserve
zones in the two districts (Chhindwara and Seoni) of the Madhya Pradesh in the area
protected for wild dog (Cuon alpinus) habitat. Weighted overlay model has been
used for the declination by integrating RS-GIS and AHP techniques. The motive of
using this integrated techniques to reveal the potentiality of the Pench Tiger Reserve,
MP through the overlay analysis of various influencing factors. In suitability model,
the result was generated on the basis of weightage given to each criteria based on
its importance. With the help of AHP (Analytical hierarchical process) tool box
technique we get various type of ranges of suitable habitat of wild dogs (Cuon
alpinus) in the Pench Tiger Reserve, Madhya Pradesh like Pink color zone which is
outside the protected area i.e., Pench tiger Reserve, Madhya Pradesh boundary. Main
reason of take 10 km buffer from Pench Tiger Reserve, Madhya Pradesh boundary
due to their large range of movement, now we can see in Fig. 14.19, Pink color zone
which showsmaximumsuitable landscape for the habitat ofwild dogs (Cuon alpinus)
which covers East zone of buffer area (10 km from the east boundary of Pench tiger
Reserve, Madhya Pradesh) another second highest suitable landscape for the wild
dogs (Cuon alpinus) in the Pench tiger Reserve, Madhya Pradesh is represented by
dark blue color, which doesn’t cover as much area but AHP (Analytical hierarchical
process) predicts the very little area just behind the most suitable area that is in
pink color, we can say dark blue color zone is high suitable landscape for the Wild
dogs (Cuon alpinus). Another zone which occupies South-East and West region
of the study area with 10-km buffer boundary as per AHP (Analytical hierarchical
process) predictionwhich represents from light blue colormoderately suitable habitat
landscape for the wild dogs (Con alpinus). Light blue color zone showing on three
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Fig. 14.19 Habitat suitability of Cuon alpinus in Pench Tiger Reserve, MP (AHP prediction)

directions that is in South and South-West zone but outside the protected area i.e.,
Pench Tiger Reserve, Madhya Pradesh boundary. Most of South zone, South-West
and South-East part represents by light blue color and all these areas come under the
boundary of PenchTigerReserve,Maharashtrawhich clearly indicates that not Pench
Tiger Reserve, Madhya Pradesh region is suitable landscape for the habitat of wild
dogs (Cuon alpinus) even Pench Tiger Reserve, Maharashtra have also capability
to provide suitable landscape for the habitat of wild dogs (Cuon alpinus). Another
region which is suitable landscape for the habitat of wild dogs (Cuon alpinus) which
represented by green color, which covers the core zone of the Pench Tiger Reserve,
Madhya Pradesh. Main reason of core region of the Pench Tiger Reserve, Madhya
Pradesh is just suitable because that zone tree density is quite higher which create
hurdle to see prey and also hunting of the prey due to barriers which are trees another
reason is majority green color zone is near the Pench river and the huge Totladoh
reservoir specially on southern boundary of Pench Tiger Reserve Madhya Pradesh
and Pench Tiger Reserve, Maharashtra which share the Totladoh reservoir. We can
see very little portion of green color zone on thewestern boundary i.e., in Chhindwara
district region of the Pench Tiger Reserve, Madhya Pradesh. Another region which
is not as such suitable landscape for the habitat of the wild dogs (Cuon alpinus)
which represents from yellow color and occupies highest area in the among all zones
of the suitable landscape for the habitat of the wild dogs (Cuon alpinus). Majorly
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Yellow color zone occurs on those where human interference is high like villages,
agricultural lands and barren lands or in other words we can say built-up areas and
the last zone which predicted by AHP (Analytical hierarchical process) technique,
which represents from red color which indicates highly unsuitable landscape for
the habitat of the wild dog (Cuon alpinus) because in that zone lots of noise which
created huge human disturbance and Major source of noise is Railway. In the red
zone area Indian Railways spread their railway track network.

14.5 Discussion

The combine habitat suitability approach, as given in this study, is based on the inte-
grated use of models which are purely based on surrounded in the GIS (Geographic
Information System) and remote sensing environment and empirical evaluation
models. GIS and remote sensing were help to produce those data which needed in
the Maxent Species Distribution model and AHP (Analytical hierarchical process)
technique, as a platform to execute the models and in presenting the results of the
analysis. This study showed that many GIS (Geographic Information System) and
remote sensing approaches and AHP (Analytical hierarchical process) technique are
rapidly available for habitat suitability assessment for the wild dogs (Cuon alpinus).
The one of themajor advantages of these approaches are connected to the possibilities
to consider suitable habitat factors on various scales, to combine suitability of habitat
assessment for wild dogs (Cuon alpinus), and to empirical model and the knowledge
of GIS (Geographic Information System) and remote sensing. It has been pointed
out in many recent studies that habitat requirements of certain species are affected
by factors measured on different scales (Areendran et al. 2020; Edenius and Elmberg
1996; Jokimäki and Huhta 1996; Saab 1999). Also, Wu and Smeins (2000) empha-
sized in their modeling approach the importance of consideration at various spatial
temporal scales.Wu and Smeins (2000) used various levels of multiple scales in their
study, but when the different scales were not to be incorporate; as an alternative, their
models were constructed disassociated on various different parameters. Most of the
recent suitable habitat models have been mainly constructed on a single parameter
and therefore they are not as suitable as tools in large landscape management or
conservation biology. In order to use the model’s habitat suitability evaluation, the
needed variables on appropriate parameters were calculated overall for the wild dogs
(Cuon alpinus) in the Pench tiger reserve, Madhya Pradesh In our approach, all the
environmental variables at different resolution scales.

We used the Maxent Species Distribution Model and AHP (Analytical hierar-
chical process) tool box for the prediction of the suitable landscape for the habitat of
the wild dogs (Cuon alpinus) in the Pench Tiger Reserve, Madhya Pradesh. Indian
landscapes have great capacity to nourish highly diverged biodiversity that why India
consider as one of the mega diverse country in the world among all 12 mega diverse
countries. Asiatic Wild dogs (Cuon alpinus) are found in huge range of South-East
Asia and East Asian countries but now due to excess of anthropogenic pressure
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and climate change they found in very limited areas. In India they found majorly
in central Indian landscapes. Southern Indian landscapes and some time in north
India especially in Ladakh they sighted rarely. Wild dogs (Cuon alpinus) are play
vital role for the balancing of the ecosystem because wild dogs (Cuon alpinus) are
the top-level carnivore in the food web also wild dog (Cuon alpinus) are the only
species in his genus Cuon in the family Canidae. In India ancient time wild dogs
are found most of the part of the nation but now they are extremely confined to the
protected regions of the Indian landscapes to understand what are the factors affects
the habitat of wild dog (Cuon alpinus) in the Pench Tiger Reserve, Madhya Pradesh
with the help of GIS (Geographic Information System) and Remote sensing through
two different kind of models in which one is Maxent Species Distribution Model
and Another one is AHP (Analytical hierarchical process) technique. We found that
AHP (Analytical hierarchical process) technique give us various classes for the suit-
able landscape for the habitat of the wild dogs (Cuon alpinus) in the Pench Tiger
Reserve, Madhya Pradesh but on the other hand doesn’t give as much classes like
AHP (Analytical hierarchical process) but Maxent species distribution model give
how much Percentage contribution of each factor and give percentage permutation
importance of the every factor andMajor reason to acceptMaxent Species distribution
model is it gives Jackknifing of all environmental variables with respect to all other
variable in three case. First case of jackknifing of test data gain for wild dog (Cuon
alpinus), second case of jackknifing is jackknife of regularized training gain data for
wild dog (Cuon alpinus) and last third case is jackknife of AUC (Area under Curve)
for wild dogs (Cuon alpinus). Another major profit of Maxent species distribution
model is gives curves show that how each environment variable affects the Maxent
prediction. The curves (Fig. 14.20) shows how the predicted probability of presence
changes as each environmental variable is varied, keeping all other environmental
variables at their average sample value. If the variables are strongly correlated that
it is hard to interpret the curviforms. Maxent species distribution model depend on
correlation in evident ways in the curviforms. In the other words, curviforms shows
marginally changing only and only one variable whereas variables change together
in the Maxent species distribution model.

In contrary to the aforesaid marginal response curviforms, each of the following
curviforms represents a unique model, a Maxent species distribution model was
created using only corresponding environmental variables. The curviforms in the
Maxent species distribution model depicts the dependency on predicted adaptability
of the wild dogs (Cuon alpinus) in the Pench tiger reserve, Madhya Pradesh. The
curviforms also reflect selected as well as dependent environmental variables which
wereweighted by correlations between the selected and other environmental variable,
which will easier to interpret if there is strong correlation between the two or more.
They may be easier to interpret if there are strong correlations between the variables
(Fig. 14.21).
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Fig. 14.20 a Predicted probability of presence changes as each environmental variable is varied.
b Predicted probability of presence changes as each environmental variable is varied. c Predicted
probability of presence changes as each environmental variable is varied
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Fig. 14.21 aPlots reflect the dependence of predicted suitability both on the selected variable and on
dependencies induced by correlations between the selected variable and other variable.bPlots reflect
the dependence of predicted suitability both on the selected variable and on dependencies induced
by correlations between the selected variable and other variable. c Plots reflect the dependence
of predicted suitability both on the selected variable and on dependencies induced by correlations
between the selected variable and other variable
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14.6 Conclusion and Recommendations

This study gives a direct way to predict the landscape for the suitable habitat for wild
dog (Cuon alpinus) with the help of geospatial techniques with comparison of AHP
and Maxent model for assessing habitat suitability of wild dog (Cuon alpinus) in
Pench Tiger Reserve, Madhya Pradesh. Several environmental variables have been
used to predict suitable landscape for the suitable habitat for the wild dogs (Cuon
alpinus). Maxent Species Distribution model and AHP technique both depicts the
suitable habitat in the different classes but Maxent species distribution model gives
less number of classes as compare toAHP alsoMaxent gives some statistical data like
every environmental variable contribution for the suitable habitat for the Wild dog
(Cuon alpinus) in the Pench tiger reserve, Madhya Pradesh and another good thing
is Maxent also gives the permutation importance of every environmental factor like
for wild dogs (Cuon alpinus) in the Pench tiger reserve, Madhya Pradesh precip-
itation of the driest quarter i.e., 17th Bioclimatic variable play most vital role or
say most contributed and then Land use/Land cover respectively and when we talk
about highest permutation importance then again precipitation of driest quarter top
but now second highest is Precipitation of wettest month i.e., 13th Bioclimatic vari-
able. As we know that monsoon season is very crucial season for the wild dogs
(Cuon alpinus) because when rainy season starts wild dogs (Cuon alpinus) groups
or packs become shorter in the strength and start hunting in small packs and when
winter season is about to start, their denning season also start so they make small
packs with females to reproduce offspring’s. As per IUCN (International Union for
Conservation of Nature) Canid specialist group and IUCN Red list Wild dogs (Cuon
alpinus) are extinct from Uzbekistan, Singapore, Mongolia, Korea, Afghanistan,
Tajikistan, Russian federation, republic of Kyrgyzstan, Kazakhstan and possibly
extinct in the Vietnam also IUCN red list says that in some countries like Demo-
cratic People’s republic of Pakistan and Korea, in those countries presence of wild
dogs (Cuon alpinus) presence is uncertain or say not sure about their presence but
on the other hand there are some South-east Asian countries and Asians countries
those have Wild dogs in their forests or Protected areas like in Thailand, Myanmar,
Lao People’s Democratic republic, India, Cambodia, Bangladesh, Nepal, Malaysia,
Indonesia, China and Bhutan. As per IUCN red list data across the globe about 950
to 2200 mature wild dogs (Cuon alpinus) are remained. To conserve wild dog (Cuon
alpinus) countries government should take help from several wildlife organizations
and wildlife experts to conserve them and some strict rules and policies in the favor
of wild dogs (Cuon alpinus).

Another major work for government agencies is tried to stop people towards the
deforestation or stop to destruct forest for agricultural land creation.

The results of this paper will help to overcome the finding of those landscapes
which are more suitable for wild dogs (Cuon alpinus) in the Pench tiger reserve,
Madhya Pradesh and it will to the conservation agencies or organizations as well as
for the government also to especially conserve those areas which are most suitable
for wild dogs (Cuon alpinus).
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Maxent species Distribution model and AHP prediction will help to local people
also because now theywere aware about those placeswherewild dogs (Cuon alpinus)
so that they were not going in those regions for collection of fire wood and other
daily life using forest products and most important don’t take their cattle’s in that
zone for grazing because it will very harmful for them also.

This research methodology will help in the future very well because it helps to
understand to what are those factors which affect the habitat of the wild dogs (Cuon
alpinus) in the Pench tiger reserve, Madhya Pradesh and help to overcome those
factors so that in future wild dogs (Cuon alpinus) can conserve and another major
reason to this study will help in future also because as we know only 950–2200
mature wild dogs (Cuon alpinus) are remain across the globe so India become prime
country to conserve wild dogs( Cuon alpinus) in their landscape like India is very
much successful to conserve tiger (Panther tigris) in the central Indian landscapes
so it will very much helpful to government agencies which are working in the Pench
tiger reserve, Madhya Pradesh.

Every research have certain limitations like this research is entirely based on
present scenario but it helps many years because ecosystem and its constituents
takes time to change their conditions but future prospect of this research is help to
overcome or conserve those environmental factors which will affect currently habitat
of wild dogs (Cuon alpinus) and enhance their population to stabilize ecosystem or
food web in the Pench tiger reserve, Madhya Pradesh because as we already mention
that according to all India tiger report 2018 Pench tiger reserve, Madhya Pradesh has
the highest herbivore animal density so wild dogs (Cuon alpinus) plays vital role to
stabilize their population.
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Chapter 15
Assessment of Forest Cover Dynamics
using Forest Canopy Density Model
in Sali River Basin: A Spill Channel
of Damodar River

Asish Saha, Manoranjan Ghosh, Subodh Chandra Pal, Indrajit Chowdhuri,
Rabin Chakrabortty, Paramita Roy, Biswajit Das, and Sadhan Malik

Abstract In a spatio-temporal scale, changing conditions of forest land cover and its
detection study is an important concern for sustainable forest management. Nowa-
days, the forest canopy density (FCD) model has been used for the analysis and
management of forest resources through identifying the forest gap areas where
afforestation should be started immediately. The present study applied FCD model
to detect changes in forest land cover in Sali River basin between the years 2000 and
2018. Moreover, the vegetation indices like Bareness Index (BI), Greenness Vegeta-
tion Index (GVI), Normalized Difference Vegetation Index (NDVI), Perpendicular
Vegetation Index (PVI), and Shadow Index (SI) along with weighted overlay anal-
ysis have been used to prepare FCD map of the Sali river basin. It has been noticed
from FCD map that south and north-eastern part of the study area covered with high
canopy density in comparison with north and north-western region in the year 2000.
Whereas, in the year of 2018, high FCD has been found in the middle portion of the
southern region and the rest of the area varies from low to medium FCD.

Keywords Forest canopy density · Sali River · Normalized difference vegetation
index · Perpendicular vegetation index

15.1 Introduction

The natural vegetation or forest is essentiallymaintaining the rich terrestrial biodiver-
sity, sustaining of human lives, proving resources and sustaining the contemporary
environmental problems. In addition, forest covers are also regulating the impact of
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global warming, enriching the level of groundwater and playing a role of carbon
sink area for maintaining the balance of atmospheric Carbon-dioxide (FAO 2014;
Halliday et al. 2003). However, the area under forest cover is gradually decreasing
mainly due to human interventions. It has been estimated that out of the earth’s total
land surface area, around 31% is covered with forest area; whereas, in case of India,
it has been estimated that only 24% of country’s area is under forest (FAO 2010).
The global forest area has been losing its area at the rate of 0.08% per year (FAO
2015). Therefore, the conservation and management of forest areas have become
very important to solve the above mentioned problems.

In a simpleway, forest canopyor crowncover canbedefined as the topmost layer of
vegetation which covered the ground surface by the vertical projection of vegetation
canopy or tree crowns (Howard 1991; Jennings et al. 1999). The status of forest
canopy can be expressed in the physiognomic character of forest (Joshi et al. 2006;
Nandy et al. 2003). The forest canopies have some environmental importance, such
as providing cooling in the hot summer season, maintaining water and air quality
and contributing a comfortable environment (Morrow et al. 2001). As mentioned
earlier, the forest area is degrading due to natural and anthropogenic activities day
by days and the large forest area becoming into smaller isolated patches which are
known as forest fragmentation (Haila 1999). Therefore, canopy density monitoring
is a prerequisite condition for sustainable forest management at various scales such
as local, regional, national and global (Nandy et al. 2003; Sahana et al. 2015).

However, to assess the quality and quantity of forest cover is an important part
of sustainable forest management; although it is a time taking and laborious work
(Zhang et al. 2003). To overcome these problems, satellite remote sensing based
forest canopy density (FCD) model helps us to monitor and assess the forest growth
and forest health over the time (Mon et al. 2012; Azizi et al. 2008). Rikimaru et al.
(2002) havementioned that the FCDmodel could also use for identification the forest
fragmentation areas. In addition, Pal et al. (2018) have argued that FCD can play a
significant role for the planning and implementation of afforestation programmer.

In India, to monitor the afforestation and conservation practices of vegetation,
every state government has set up a Remote Sensing-GIS cell under the ‘Green India’
mission (Raha 2014); although state government only monitor the quantitative area
of forest cover. The present paper focuses on spatio-temporal assessment of forest
cover based on advance index based methodology. However, there is various index
based method for forest cover monitoring using satellite images (Cross et al. 1991;
Boyd et al. 2002; Rikimaru et al. 2002; Joshi et al. 2006). The FCD model is widely
used technique estimating the forest cover areas from remotely sensed satellite data
(Baynes 2004; Lee and Lucas 2007; Mon et al. 2012; Rikimaru 1996). The FCD
model is continuously used in the tropical forest areas tomonitoring the forest health,
forest coverage, afforestation, and deforestation (Azizi et al. 2008;Wang andBrenner
2009; Deka et al. 2013; Mensah et al. 2017). In India, some study has also been done
using FCD in different parts of the country (Nandy et al. 2003; Prasad et al. 2009;
Pal et al. 2018; Malik et al. 2019a, b); however, there are still significant lacks of
studies in a micro-scale. Therefore, we choose Sali River basin as a case study area
to identifying the changes of the vegetation cover during the period of 2000 to 2018
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by using FCD model. The study used different types of vegetation indices, such
as Bareness Index (BI), Greenness Vegetation Index (GVI), Normalized Difference
Vegetation Index (NDVI), Perpendicular Vegetation Index (PVI), and Shadow Index
(SI) using Landsat TM satellite imagery to understand the forest cover dynamics.
Finally, the method of weighted overlay analysis has been used to prepare the FCD
map of the present study area.

15.2 Materials and Methods

15.2.1 Study Area

Sali River basin, a spill channel of Damodar River in West Bengal has chosen as
the study area. According to the Soil and Land Use Survey of India (SLUSI), Sali
River basin has been codified by 2A2D4 alpha-numeric codification system (CWC
and NRSC 2014). The study area has bounded from 23° 11′ 11′′N to 23° 26′ 30′′N
latitudes and 87° 2′ 14′′E to 87° 38′ 26′′E longitudes with an area of 757.29 km2

(Fig. 15.1). The entire study area belongs to the dry sub-humid tropical climatic with

Fig. 15.1 Location map of the study area
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a yearly rainfall of 1480.62 mm; the maximum and minimum temperature of the
study area is 45 °C and 10 °C respectively (Malik et al. 2019a, b). Geologically, Sali
River basin has classified into two geomorphic categories i.e. the upper part of the
basin area represents Cenozoic laterite with Holocene sediment and the lower part of
basin area represent middle Pleistocene to Holocene alluvium (Geological Survey of
India 2003). Topographically, the upper part of the study area is undulating in nature
covered by lateritic soil with the supremacy of Sal forest (O’Malley 1908).

15.2.2 Data Source

Satellite remote sensing provides the most efficient and foremost techniques for
estimating the FCD than the traditional ground monitoring method (Blodgett et al.
2000). In this study, first Shuttle Radar Topographic Mission (SRTM)-30 m DEM
data was used for extraction of the Sali River basin. Thereafter, DEM based prepared
river basin was verified with topographical maps of 73 M/3, 73 M/7, 73 M/11, and
73 M/12 on 1:50,000 scale published by Survey of India (SOI). Finally, the Landsat
Thematic Mapper (Landsat-TM) satellite images of 2000 and 2018 were used for
monitoring and analysis the FCD.

15.2.3 Methods

Different types of vegetation indices like NDVI, BI, GVI, PVI, and SI have been
considered for assessing the FCD of Sali River basin whereas, the NDVI is a reliable
and widely used method to categorize the forest and non-forest areas (Telesca et al.
2008; Verbesselt et al. 2006; Avtar et al. 2014). Rouse et al. (1974) proposed the
following equation to calculate the NDVI (Eq. 15.1).

NDV I = (N I R − RED)

(N I R + RED)
(15.1)

The BI is a normalized index, which helps indiscriminate between the background
properties of soil such as completely bare, sparse bare and dense canopy with its
spectral vegetation signature (Roy et al. 1996; Sahana et al. 2015; Pal et al. 2018).
The main aim of the development of the Bareness index (BI) was to recognize the
urban and open surface areas (Malik et al. 2019a). As the forest density decreases,
BI value increases and simultaneously soil exposure also increases (Rikimaru et al.
2002; Baynes 2004). The BI has calculated by using the following Eq. 15.2.

BI = (Band5 + Band3) − (Band4 + Band1)

(Band5 + Band3) + (Band4 + Band1)
∗ 100 + 100 (15.2)
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Further, GVI is one of the major vegetation indices to determine forest health
status. The GVI index was developed by Kauth and Thomas (1976), using Landsat
MMS data. The increasing value of GVI indicates very good greenery cover areas
and the lower value of GVI indicates just the opposite condition (Malik et al. 2019a).
The GVI has calculated by using the following Eq. 15.3.

GV I = [(0.2728 ∗ Band2) − (0.2174 ∗ Band3) − (0.5508 ∗ Band4)

+(0.7221 ∗ Band5) + (0.0733 ∗ Band6) − (0.1648 ∗ Band7)] (15.3)

The PVI is generally used to determine the quantity of vegetation cover.
Richardson andWiegand (1977) have applied the PVI is an indicator for viewing the
development of plant density. The value of PVI depends on soil surface brightness
and it is the significant parameters to differentiate the spatial vegetation cover (Pal
et al. 2018). It is a well known fact that if PVI value is high, than it represents high
brightness of the soil surface with a very good quality vegetation cover; on the other
side, low PVI value indicates low brightness of soil surface and poor vegetation cover
(Huete et al. 1997; Malik et al. 2019a). The PVI value of the present study area has
calculated by using the following Eq. 15.4.

PV I =√[{(0.355 ∗ Band5) − (0.149 ∗ Band4)}2 − {(0.355 ∗ Band4) − (0.852 ∗ Band5)}2]
(15.4)

The SI generally developed for the detection of shadow and to determine the
fluctuation of canopy level (Liu andYamazaki 2012; Pal et al. 2018). One of themajor
advantages of this index is that the index can differentiate between the amount of
vegetation canopy and ground level. SI is an essential vegetation index to understand
the vegetation characteristics such as vegetation types, its growth, vegetationgap area,
and its classification (Ono et al. 2010; Andersen et al. 2005). The SI has calculated
by using the following Eq. 15.5.

SI = √{(256 − Band2) ∗ (256 − Band3)} (15.5)

Multi criteria decisions analysismethod is very importantmethod to assignweight
for factors and sub factors and also to take decisions for many problems. This type
of multi criteria decisions making methods have been used to mitigate the different
problems in earth science like landslide susceptibility, groundwater potentiality, and
flood susceptibility analysis with the help of Geographical information system (GIS)
(Chakrabortty et al. 2018; Chowdhuri et al. 2020; Das et al. 2019; Pal and Chowdhuri
2019; Pal et al. 2019). Analytical hierarchical process (AHP) is the scientific deci-
sions technique and it is applied in FCD in this study. Each and every factor has been
compared through one to nine Saaty’s scale based on the characteristics of various
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Table 15.1 Pairwise comparison matrix, weights and consistency ratio of five thematic layers

Theme NDVI GVI PVI BI SI Weights

NDVI 1 1 2 3 4 0.28

GVI 1/1 1 2 5 2 0.22

PVI 1/2 1/2 1 4 2 0.22

BI 1/3 1/5 1/4 1 1 0.11

SI 1/4 1/2 1/2 1/1 1 0.17

Principal Eigen value (λmax) = 5.154
Consistency Ratio (CR) = 0.034
Consistency index (CI) = 0.0385
Random Consistency Index (RI) = 1.132

indices and their classes accordingly on the basis of literature review and field knowl-
edge of the researcher (Saaty 1988). Thereafter, weights of different categories of
vegetation indices have been calculated which is shown in Table 15.1. Consistency
index (CI), Random Consistency index (RI), Eigen value (γmax) and Consistency
ratio (CR) have showed the weights have fit for this FCD model (Eqs. 15.6 and
15.7). Rank and weight method have been applied for sub classes of every factor
which is shown in Table 15.2. Finally, the following Eq. 15.8 (Pal et al. 2018) has
been used to prepare the FCD map of the present study area of Sali River basin to
analysis the FCD changes between the years 2000 and 2018.

CR = C I/RI (15.6)

C I = (γmax − n)

(n − 1)
(15.7)

where, n is number of factors.

FCD = {(NDV IW ∗ NDV Iwi ) + (BIw ∗ BIwi )

+(GV IW ∗ GV Iwi ) + (PV Iw ∗ PV Iwi ) + (SIw ∗ SIwi )} (15.8)

where, w = weight of a theme and wi = weight of individuals of a theme.



15 Assessment of Forest Cover Dynamics using Forest Canopy Density … 371

Table 15.2 Assigned weights of five thematic layers and their classes

Theme Class Weight (w) Assigned weight (wi) Normalised weight

NDVI Very high 0.28 5 0.33

High 4 0.27

Medium 3 0.20

Low 2 0.13

Very low 1 0.07

GVI Very high 0.22 5 0.33

High 4 0.27

Medium 3 0.20

Low 2 0.13

Very low 1 0.07

PVI Very high 0.22 5 0.33

High 4 0.27

Medium 3 0.20

Low 2 0.13

Very low 1 0.07

BI Very high 0.11 1 0.07

High 2 0.13

Medium 3 0.20

Low 4 0.27

Very low 5 0.33

SI Very high 0.17 5 0.33

High 4 0.27

Medium 3 0.20

Low 2 0.13

Very low 1 0.07

15.3 Results and Discussion

15.3.1 Normalized Difference Vegetation Index

In the Sali River basin, NDVI values ranges from −0.463 to 0.649 for the year of
2000; which is classified into five categories such as very low (−0.463 to 0.001), low
(0.001–0.085), medium (0.085–0.100), high (0.100–0.185) and very high (0.185–
0.649) (Fig. 15.2). The very low NDVI values indicate surface without vegetation
cover and present of water bodies, whereas the very high NDVI value indicates high-
density forest as land cover. The high to very high NDVI values has found in the
north-eastern, eastern and southern part of the study area which is mainly dominated
by Shorearobusta trees. Medium to low NDVI values was dominated in the northern
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Fig. 15.2 NDVI map of Sali River basin for the year of 2000

and western part of the study area; this area is mainly dominated by agricultural
land with grassland. The very low NDVI values were found in some isolated patches
throughout the study area, this is the area of water bodies and bare soil surface.

On the other hand, NDVI map of the Sali River basin for the year 2018 has not
as many changes compared to the year 2000. Here, also NDVI values classified into
five categories as described for the year of 2000, and NDVI values range from −
0.463 to 0.649 (Fig. 15.3).

15.3.2 Bareness Index

BI distinguishes between the surface covered with vegetation and bare soil area.
Generally, very lowBI values indicate forest cover area, moderate BI values indicates
fallow agricultural land with shrubs, and high BI values indicate bare sandy surface
with dry fallow land. In the Sali River basin, for the year of 2000, BI values range
from 0 to 0.716 (Fig. 15.4) and the BI values have classified into five categories i.e.
very low (0–0.259), low (0.259–0.344), medium (0.344–0.371), high (0.344–0.456)
and very high (0.456–0.716). The high to very high BI was found in the southern,
north-eastern and some isolated part of the north-eastern part of Sali River basin,
which is mainly covered by dry fallow land and water bodies. The very low to low
BI was found in the northern and throughout the north-western and south-western
part of the basin area, which is mainly covered by Shorearobusta forest.
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Fig. 15.3 NDVI map of Sali River basin for the year of 2018

Fig. 15.4 BI map of Sali River basin for the year of 2000
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Fig. 15.5 BI map of Sali River basin for the year of 2018

However, on the other side, for the year of 2018, the BI values range from 0 to
0.606 (Fig. 15.5). Here also BI values have classified into five categories i.e. very
low (0–0.201), low (0.201–0.341), medium (0.341–0.439), high (0.439–0.508) and
very high (0.508–0.606). Here, high to very high BI was found in the patches from
north to the south-eastern portion which is covered by bare soil surface with fallow
land. The very low to low BI was found in the northern, western, and southern part
of the Sali River basin covered by Sal dominated forest area.

15.3.3 Greenness Vegetation Index

For the year of 2000, GVI values of the Sali River basin ranges from 0 to 96.90
(Fig. 15.6). Very high GVI was found in the north-eastern, southern and along the
river side zoneswhich indicates the areas coveredwith high vegetation.MediumGVI
was found throughout the study areawith dominancy of the northern part and covered
by mainly agricultural areas. The values of low GVI was found in isolated areas over
the study area which represents mainly water bodies with very low chlorophyll and
biomass content. On the other hand, for the year of 2018, GVI values range from 0 to
116.68 (Fig. 15.7). Very high GVI was found in the north-eastern and southern part
with high vegetation-covered areas. Medium GVI was found in the northern, eastern
and middle southern part with dominancy of agricultural areas. And low GVI was
found in a small number of isolated areas with coverage of water bodies.
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Fig. 15.6 GVI map of Sali River basin for the year of 2000

Fig. 15.7 GVI map of Sali River basin for the year of 2018
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Fig. 15.8 PVI map of Sali River basin for the year of 2000

15.3.4 Perpendicular Vegetation Index

For the year of 2000, PVI values of the Sali River basin ranges from 0 to 83.29
(Fig. 15.8). Here, PVI values have classified into five categories i.e. very low (0–
5.581), low (5.581–14.332), medium (14.332–28.052), high (28.052–49.564) and
very high (49.564–83.291). Very low to low PVI values was found almost half of
the basin area with dominancy in the northern and north-western portion, covered by
mainly water bodies, settled areas with the dry bare surface. High to very high PVI
values concentrated mainly some isolated patches in the northern, north-western,
southern, and north-eastern portion, covered by Sal dominated forest areas. On the
other hand, for the year of 2018, there are not as many changes in the PVI map in
comparing to the year 2000. Here also PVI values range from 0 to 83.29 (Fig. 15.9)
and classified them into five categories as described for the year of 2000.

15.3.5 Shadow Index

In the present study area of Sali River basin, for the year of 2000, SI values range
from 173.65 to 256 (Fig. 15.10). SI values have classified into five categories i.e.
very low (173.65–214.499), low (214.499–220.499), medium (220.499–226.499),
high (226.499–236.486) and very high (236.486–256). Very low SI value was found



15 Assessment of Forest Cover Dynamics using Forest Canopy Density … 377

Fig. 15.9 PVI map of Sali River basin for the year of 2018

Fig. 15.10 SI map of Sali River basin for the year of 2000
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Fig. 15.11 SI map of Sali River basin for the year of 2018

within some isolated patches throughout the basin area and covered by mainly water
bodies and sandy areas. A Low SI value was concentrated dominantly in the north-
western, central and the direction from north-eastern to south-eastern part and this
class is associated with the settled area and moist land. High to very high SI class
was found in the southern and north-eastern portion of the basin area and this class is
associated with forest areas. Similarly, for the year of 2018, SI values have classified
into five categories and the values range from 153.267 to 256 (Fig. 15.11). These
classes are very low (153.267–187.752), low (187.752–201.780), medium (201.780–
207.487), high (207.487–221.515) and very high (221.515–256). The class of very
low SI was found in the central part and some isolated pockets in the southern and
south-eastern part. The low class of SI was found in the upper part of the basin, and
some patches in the north-eastern and south-eastern part. High to very high class
of SI was found dominantly in the north-eastern, south-eastern and some patches of
south and north-western part. These classes are associated with forest covered with
Sal trees.

15.3.6 Forest Canopy Density

FCD map of the Sali River basin was prepared based on weighted overlay analysis
in GIS platform by using five vegetation indices i.e. Bareness Index (BI), Greenness
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Vegetation Index (GVI), Normalized Difference Vegetation Index (NDVI), Perpen-
dicular Vegetation Index (PVI), and Shadow Index (SI). The weights of different
thematic layers and their classes have been assigned accordingly based on the field
and basic knowledge (Table 15.1). Normalized weight and the geometric mean of
each index was also calculated (Table 15.2).

For the year of 2000, FCDmap (Fig. 15.12) of Sali River basin have been classified
into five categories i.e. very low (0.088–0.127), low (0.127–0.155), medium (0.155–
0.174), high (0.174–0.187) and very high (0.187–0.206) and covering the area of
3.64%, 30.67%, 12.43%, 20.14% and 33.12% respectively. On the other side, for the
year of 2018, FCDmap (Fig. 15.13) of Sali River basin have been classified into five
categories as described for the year of 2000; but there was a significant change in the
percentage of forest cover area. The covering area of very low, low, medium, high
and very high zone is 5.72%, 32.67%, 14.98%, 17.23% and 29.41% respectively.
Therefore, it is noticed that high and very high FCD areas decreased gradually from
2000 to 2018 and low to medium FCD zone areas increasing gradually due to the
natural as well as human interference on forest degradation. The correlation matrix
map for the year of 2000 (Fig. 15.14) and 2018 (Fig. 15.15) between the different
vegetation indices show the understanding of the importance to prepare the FCD
map of Sali River basin.

In the year of 2000, the correlation matrix map (Fig. 15.14) among the different
vegetation indices shows that NDVI positively correlated with BI and PVI, and
moderately correlated with GVI and SI. BI also positively correlated with NDVI,

Fig. 15.12 FCD map of Sali River basin for the year of 2000
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Fig. 15.13 FCD map of Sali River basin for the year of 2018

Fig. 15.14 Correlation matrix among the five selected vegetation indices using density plot for the
year of 2000
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Fig. 15.15 Correlation matrix among the five selected vegetation indices using density plot for the
year of 2018

GVI and PVI but moderately correlated with SI. This indicates that the entire study
area coveredwith good forest and agricultural areas. GVI highly positively correlated
with NDVI, BI, PVI and SI. PVI also positively correlated with NDVI, BI and GVI
but moderately correlated with SI. SI strongly positively correlated with NDVI and
BI, but moderately correlated with GVI and PVI. On the other side, for the year of
2018, the correlation matrix map (Fig. 15.15) among the different vegetation indices
shows more or less similar output to the year of 2000. Though, it is found that there
is a significance changes in the FCD covers areas between the years 2000 and 2018.

15.3.7 Validation of Results

Validation is the important part of the any model so to validate the FCDmap of 2018
we used 92 random points over the river basin. The locations of each point on map
have been compared with the actual field locations by Seed cell area index (SCAI).
The result showed the FCD map is 87.26% accurate.
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15.4 Conclusion

In conclusion, it can be stated that the changing nature of forest cover dynamics of the
Sali river basin during the period of 2000 and 2018 has shown a significant change in
the forest health. The FCD map of the study area during these two consecutive years
revealed that there is a remarkable change in the forest cover areas. Forest covers
gradually decreasing in 2018 as compared to the year 2000. This is because of human
interferences in the case of increasing agricultural land as well as converted the forest
area to build-up land. The forest area is becoming fragmented as well as some core
densely forest area has become less densely area. Therefore, continuous monitoring
is needed to restore forest health. The FCD model can be used to monitoring the
forest dynamics and also be used as a planning tool for sustainable management
of forest resources. The unscientific forest timber extraction is a major problem, it
needs to stop and the scientific afforestation programmer is needed to restore the
forest health.
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Chapter 16
Estimation of Aboveground Stand
Carbon using Landsat 8 OLI Satellite
Image: A Case Study from Turkey

Alkan Günlü, Sedat Keleş, İlker Ercanli, and Muammer Şenyurt

Abstract Accurate and consistent measurement of carbon stocks and flows in forest
ecosystems has recently gained global importance. This study aims to estimate the
aboveground stand carbon (AGSC) using Landsat 8 OLI satellite image in pure
Crimean pine stands and to compare the results of various modeling techniques. In
this context, a total of 108 sample plots were firstly taken in a case study forest
area. The AGSC of each sample area was calculated using a species-specific carbon
equation developed for the case study area. The band values, vegetation indices, and
texture values for each sample plot were also obtained from Landsat 8 OLI satellite
image. The relationships between the AGSC and the band values, vegetation indices,
and texture valueswere investigated bymultivariate linear regression (MLR), support
vector machine (SVM) and artificial neural networks (ANN) models. The results
demonstrated that the ANN models with Bayesian regularization are better than the
MLR and SVM models to estimate the AGSCin pure Crimean pine stands. Also,
the band values showed better predictive performance in explaining the variation in
AGSCthan vegetation indices and texture values.

Keywords Aboveground stand carbon · Landsat 8 OLI satellite image ·Multiple
linear regression · Artificial neural network · Support vector machine

16.1 Introduction

Forest ecosystems provide a lot of goods and services such as timber production,
water conservation, soil protection, oxygen production, aesthetics, and recreation.
Forest ecosystems are also an important part of the carbon pool. Changes to the size
and efficiency of this pool can act as a carbon dioxide storage or source of forest
ecosystems (Milne and Brown 1997; Karjalainen et al. 1999; Nowak and Crane
2002; Keleş and Başkent 2006). Forest trees behave like a CO2 pool by holding
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CO2 during photosynthesis and storing it in biomass. Forest ecosystems accumulate
carbonmainly in biomass and soils. These are divided into sub-components as carbon
stored in aboveground biomass (AGB), underground biomass, litter, dead cover, soil
organic and inorganic matter. These are also the basis for carbon budget calculations
(Lim et al. 1999; Ney et al. 2002; Kaipainen et al. 2004; Lal 2005). The total amount
of carbon stored in a forest ecosystem at any given time is estimated as the sum of
the carbon contents stored in live biomass, forest soil and wood products. With the
calculation of these components, carbon stocks andflows in a forest can be calculated.
On the other hand, the carbon held by the forest ecosystems from the atmosphere
is released into the atmosphere with the decomposition of wood products, litter and
organic matter in the soil. Also, some interventions such as production in forests,
degradation as a result of excessive cuts and exploitation in forests, forest fires,
insect attacks, tree species diseases, and the conversion of forests to different land
uses such as agriculture and settlements are important factors causing CO2 emission
from forest ecosystems to the atmosphere. As a result, these processes cause forest
ecosystems to be carbon sources (Karjalainen et al. 1999; Brown 2002; Keleş and
Başkent 2006).

Accurate and consistent measurement of these carbon stocks and flows in forest
ecosystems has recently gained global importance. Remote sensing techniques that
are easier, cheaper and require less labor are an important alternative way to estimate
the amount of carbon stored in forest ecosystems. In this context, different spectral
variables such as band values (Rahman et al. 2008; Kelsey and Neff 2014; Safari
et al. 2017; Li et al. 2018), vegetation indices (Myeong et al. 2006; Rahman et al.
2008; Kelsey and Neff 2014; Safari et al. 2017; Li et al. 2018) and texture values
(Kelsey and Neff 2014; Li et al. 2018) have been used to estimate forest stand
carbon using Landsat satellite data used extensively in forest resources management.
Many statistical models based on the MLR analysis for predicting the AGSC values
from the remote sensing data have been developed in forest studies. However, these
MLR models require some statistical assumptions, normally distributed residuals
and homoscedastic trends in the AGSC predictions, and when these assumptions are
violated, these AGSC predictions can be biased and erroneously obtained in forest
applications. Toovercome this problem in tree predictions,Artificial Intelligence (AI)
Techniques has been increasingly and successfully used as an alternative method in
forest literature. Numerous prediction models based on AI, especially ANN, have
been developed for modeling various individual tree and stand attributes such as tree
volume (Diamantopoulou 2005a, b; Diamantopoulou et al. 2005; Özçelik et al. 2008;
Görgens et al. 2009; Diamantopoulou and Milios 2010; Özçelik et al. 2010; Soares
et al. 2011; Miguel et al. 2016; Sanquetta et al. 2017), tree taper (Diamantopoulou
et al. 2005; Leite et al. 2011; Nunes and Görgens 2016), total tree height (Brandao
2007; Ranson et al. 2007; Diamantopoulou and Özçelik 2012; Özçelik et al. 2013;
Ercanlı et al. 2015), tree mortality (Hasenauer et al. 2001), survival model (Guan
and Gertner 1991), regeneration establishment and height growth (Hasenauer and
Kinderman 2002), bark volume (Diamantopoulou 2005a, b), leaf area index (Ercanlı
et al. 2018), diameter distributions (Ercanlı and Bolat 2017), biomass prediction
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(Özçelik et al. 2017), basal area and volume increment growth model (Ashraf et al.
2013), the stand carbon (Ercanlı et al. 2016).

Besides many ANN studies, the other AI technique such as SVM stand out as
another prominentAI technique. SVMmay attractive potential usability to predict the
stand carbon from the remote sensing data in forest inventory. The AI technique with
SVM may be mainly regarded as a nonparametric technique with kernel functions,
which have been proposed by Vladimir Vapnik and his co-workers in 1992 (Vapnik
1995). In the 1960s, the preliminary applications of SVM were introduced based on
the nonlinear generalization of theGeneralized Portrait algorithm (Vapnik andLerner
1963; Vapnik and Chervonenkis 1964). As being artificial intelligence technique,
the learning algorithm based on the SVM relies on simple ideas that originated
in statistical learning theory (Vapnik 1995), thus the SVM may be utilized for both
regression and classification tasks (Wang et al. 2005). In forest applications, SVMcan
be distinguished as a regression method, preserving completely the key structures
that characterize the training algorithm. The other attractive feature of the SVM
is the actual particular class training algorithm including kernel functions which
considered a nonparametric technique. According to the knowledge of the forest
biometric studies, no studies have been achieved to compare the SVM models and
ANN models to predict the AGSC, especially based on the remote sensing data, and
so the evaluation of the these AI techniques including SVM and ANN in predicting
AGSC have been uncertain and needs to be clarified.

In this study, it is aimed to evaluate the capability of the usability of these AI tech-
niques such as SVM and ANNmodels in predicting empirical relationships between
the AGSC and the remote sensing data as a leading and innovative application.

16.2 Materials and Methods

16.2.1 Study Area

Yenice Forest Management Unit has been selected as the case study area since there
is enough data about this forest area. It is located within the borders of Ankara
Regional Directorate of Forestry, Ilgaz Forest Management Department in the north
Turkey (Fig. 16.1). The average annual precipitation is 474 mm, and the average
annual temperature is approximately 5 °C. Main tree species in the study area are
Scotchpine (PinussylvestrisL.),Crimeanpine [PinusnigraArnold. subsp.pallasiana
(Lamb.) Holmboe], and fir (Abiesbornmülleriana Matttf.). The total forest area in
the study area is 7144 ha and approximately 1700 ha of this area are composed of
pure Crimean pine stands as the main object of the study.
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Fig. 16.1 Map of the study site and interaction area
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16.2.2 Calculation of Aboveground Stand Carbon

A total of 108 sample areas were taken in this study. The size of the sample plots
varies between 400 and 800 m2 depending on stand crown closure. In each sample
area, the diameter of all the trees with diameter 8 cm and over was measured at breast
height level. The amount of AGSC by each tree in each sample area was calculated
using the local equation for the Crimean pine forest stands developed by Sakıcı
et al. (2018). Using this Eq. 16.1, the amount of AGSC by each tree in the sample
plot was first calculated. Then, by collecting the amounts of AGSC by the trees in
the sample plot, the AGSC amount was calculated for the sample plot. Finally, the
AGSC amounts calculated for each sample area were converted to hectare using the
conversion factor to the hectare.

CAG = 0.054 · (dbh)2.362 (16.1)

whereCAG:Aboveground stand carbon (ton) and dbh is the tree diametermeasured
at breast height (cm).

16.2.3 Remote Sensing Data

A total of 108 sample areas based on site index, crown closure, and development stage
and Landsat 8 OLI satellite image dated 14 August 2014 were used as materials. Six
bands (band 2, band 3, band 4, band 5, band 6 and band 7) with a spatial resolution
of 30 m were used in this study. Landsat 8 OLI satellite image was applied to some
processing before being analyzed. These processing steps are listed below. The six
bands used in the study were combined into a single satellite image and a single
satellite image cut according to the outer boundary of the study area. Necessary
atmospheric and geometric corrections were performed on the satellite image. 108
sample points were overlaid with satellite images and band brightness values were
obtained for six bands and each sample plot. However, using the band brightness
values obtained for each sample plot, some vegetation indices values in Table 16.1 are
calculated.Also, the texture valueswere calculated for six bands and each sample plot
using eight texture features (mean, correlation, homogeneity, dissimilarity, second
moment, variance, entropy and contrast) and four different window sizes (3 × 3, 5
× 5, 7 × 7 and 9 × 9).

16.2.4 Multivariate Linear Regression

Tomodel the empirical relationships between the AGSC values and, band brightness
values, vegetation indices, and texture values obtained from Landsat 8 OLI satellite
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Table 16.1 The vegetation indices used in this study

Vegetation
indices

Description Formula References

NDVI Normalized
difference
vegetation index

(Band4-Band5)/(Band4 + Band5) Rouse et al.
(1974)

SAVI Soil adjusted
vegetation index

(Band5-Band4) * (1 + L)/(Band5 + Band4 + L) Huete
(1988)

DVI Difference
vegetation index

Band5-Band4 Clevers
(1988)

SR Simple ratio Band5/Band4 Jordan
(1969)

TVI Transformed
vegetation index

Band5-Band4/Band5 + Band4 + 0.5 Deering
et al.
(1975)

ND64 Normalized
difference

Band6-Band4/Band6 + Band4 Lu et al.
(2005)

ND65 Normalized
difference

Band6-Band5/Bnad6 + Band5 Lu et al.
(2005)

ND67 Normalized
difference

Band6-Band7/Band6 + Band7 Lu et al.
(2005)

ND42 Normalized
difference

Band4-Band2/Band4 + Band2 Lu et al.
(2005)

ND74 Normalized
difference

Band7-Band4/Band7 + Band4 Sivanpillai
et al.
(2006)

ARVI Atmospherically
resistant
vegetation index

(Band5-2 * Band4-Band2)/(Band5 + 2 *
Band4-Band2)

Kaufman
and Tanré
(1992)

L = 0.5

image, the MLR were used in this study. The Ordinary Least Squares technique was
utilized to acquire the parameters and other statistics of the MLR model. To select
predictive satellite data including the band brightness values, vegetation indices and
texture values, the stepwise variable selection regression techniquewas used to obtain
the AGSC predictions significantly (p < 0.05).

16.2.5 Artificial Neural Network Models

The ANN models based on the Feed Forward Backprop training algorithms were
used to predict the AGSC from the satellite data in this study. This training algo-
rithm has commonly been used to predict tree and forest attributes in forest liter-
ature. While estimating single tree and stand features with ANN, previous studies
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have frequently used a network training function, also called as trainlm, based on
Levenberg-Marquardt optimization. Also, the Bayesian regularization including a
network training function, called as trainbr, reduces a combination of squared errors
and weights, and then regulates the correct combination of these values to improve
predictions from the network. In this study, these network training function including
trainlm and trainbr were used and compared to determine which training function
gives the best predictive results.

In this ANN model, input variables were best predictive stand parameters, in
which these independent variables were selected by the stepwise variable selection
technique in regression analysis, and the target variablewas theAGSCvalue obtained
from the ground measurements. These ANN models include three layers such as the
input layer, hidden layer, and output layer and these activation functions linking
with these layers are another important network parameter in its structure. In our
preliminary analyses, the activation function alternative based on the log-sig function
between the input layer and hidden layer and tan-sig function between the hidden
layer and output layer gave better predictions than those by other activation functions,
thus this activation function alternative was selected to train the ANN models in this
study. Further significant restriction of the network structure is the number of neurons
in the hidden layer. Thus, some alternatives for the number of neurons that ranged
from 1 to 100; 1, 2, 3, …, 20, 30, 50, 70, 90, and 100 number of neurons were
compared to select the best predictive neuron alternative in this study. Besides these
values of parameters in ANN structure, the value of 200 for epochs, the value of 1×
10−10 for performance goal, the value of 0.0001 for the learning rate and the value
of 1 × 10−10 for minimum performance gradient gave the best predictive results to
train these ANN models in the preliminary of this study and so these parameters
were used to obtain the AGSC predictions.

A total of 200 (100 × 2 = 200 alternatives) network alternatives including 100
number neurons and 2 network training function alternatives (trainlm and trainbr)
based on the Multilayer Feed Forward Backprop training algorithms, were trained
and used to obtain the AGSC predictions. These network trainings for 200 network
alternatives forANNmodelswere carried out using newff syntax for the feed-forward
back propagation network codded in MATLAB software (MATLAB 2014).

16.2.6 Support Vector Machine Models

Another alternative artificial intelligence model is the SVM technique, which is
currently attracting attention and importance subject being an artificial intelligence
technique. This SVM technique can be used to carry out general regression to predict
forest and tree attributes and classification to obtain similar and dissimilar forest units
and fractures. The concept of SVM has been proposed by Vladimir Vapnik and his
co-workers for classification purposes, then the regression application of the SVM
hasbeen developed based on the same principle with the SVM for classification.
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It trains SVM models, the significant way of adding non-linearities in SVM is
by the use of kernel functions, which this function defined by the input data into
a high-dimensional feature space to improve the predictive ability of this network.
Especially, Radial-based function (RBF) kernel can offer successful modeling results
in nonlinear data. In applications involving regression estimation, including contin-
uous number to predict, “eps-regression” type of the SVM can be trained to perform
a regression task. In this SVM models, input variables were best predictive stand
parameters as with ANN models, and target variable was the AGSC values. In this
study, the SVM model was applied based on “eps-regression” type of the SVM and
the RBF Kernel of the e1071 R package (R Development Core Team 2018).

16.2.7 Comparison Criteria

In this study, several comparison criterion values were used to compare and evaluate
the predictions of AGSC that were obtained by the MLR, ANN and SVM models.
These fitting criteria are (2) Sum of Squared Errors (SSE), (3) the root mean squared
error (RMSE), (4) % root mean squared error (RMSE%), (5) the fit index (FI), (6)
Akaike’s information criterion (AIC) and (7) Bayesian information criterion (BIC).
These criteria are calculated as follows:

SSE =
n∑

i=1

(
SCi − SC

∧

i

)2
(16.2)
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) (16.5)

AIC = ln(RMSE)+ 2k (16.6)

BIC = ln(RMSE)+ ln(k) (16.7)

where, SCi is themeasuredAGSC value in the sample plot (observed values), SCi

is the average of observed AGSC values, SC
∧

i is the predicted AGSC value obtained
by the MLR, ANN and SVM models, k is the number of inputs or independent
variable in the prediction methods, ln is the natural logarithm with the base of the
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mathematical constant e. From these fitting criterion values, it is desired that the FI,
which is between 0 and 1, should be as close to 1 as possible. Smaller values of other
criterion values indicate that better predictive AGSC is obtained.

The flowchart of the method used in this study is given in Fig. 16.2.

16.3 Results and Discussion

The goodness-of-fit statistics of SSE, FI, RMSE, RMSE%, AIC and BIC for various
prediction techniques and Landsat 8 OLI satellite data are given in Table 16.2. Seeing
this Table 16.2, the ANN model with trainbr and # 85 neurons gave the best predic-
tive fitting results including SSE value of 34,180.132, RMSE value of 17.957, the
RMSE% value of 17.352, AIC value of 315.902, BIC value of 386.762, FI value
of 0.887 for the band brightness values. For the vegetation indices, the ANN with
trainbr and # 89 neurons resulted in the best predictive fitting statistics with SSE
value of 48,670.930, RMSE value of 21.428, the RMSE% value of 21.461, AIC
value of 334.987, BIC value of 405.847, FI value of 0.839. For the texture values, the
ANN with trainbr and # 92 neurons presented the best predictive fitting results with
SSE value of 54,862.021, RMSE value of 22.750, the RMSE% value of 21.644, AIC
value of 341.453, BIC value of 412.313, FI value of 0.819. Considering completely
these prediction techniques, the prediction model based on the ANNwith trainbr and
# 85neurons and the band brightness values showed better predictive performance in
explaining the variation in AGSC than those by various prediction techniques and,
vegetation indices and texture values.

In Table 16.3, the means of error and fitting values for SSE, FI, RMSE, RMSE%,
AIC and BIC for various prediction techniques and, band brightness, vegetation
indices and texture values were presented. From these mean values, the band bright-
ness values and a network training function with the Bayesian regularization, trainbr,
resulted in the best predictive AGSC compared the those for the vegetation indices
and texture values, and prediction techniques. These results suggested that the band
brightness values and the prediction technique based on the ANN with the Bayesian
regularization outperformed by presenting better predictive results for the SSE, FI,
RMSE, RMSE%, AIC and BIC than the vegetation indices and texture values, and
prediction techniques.

The relationships between observed (x-axis) and predicted AGSC (y-axis) by (a)
the ANN with trainbr and # 85 neurons and the band values, (b) ANN with trainlm
and # 41 neurons and the band values, (c) SVM, (d) MLR were shown in Fig. 16.3.
This graph presented the evidence of the best predictive ANN with trainbr and #
85 neurons and the band brightness values, which tend to more angle of 45 degrees
with axes than those for other prediction methods and, vegetation indices and texture
values.

Figure 16.4 presented the plot of residuals against the predicted AGSC obtained
from by (a) the ANN with trainbr and # 85 neurons and the band brightness values,
(b) ANN with trainlm and # 41 neurons and the band brightness values, (c) SVM,
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Fig. 16.2 The flowchart of the path followed in the study
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Table 16.2 The goodness-of-fit statistics of SSE, FI, RMSE, RMSE%, AIC and BIC for various
prediction techniques and satellite data

Satellite
data

Technique SSE RMSE RMSE% AIC BIC FI

Band MLR 79,203.562 27.335 26.414 361.282 432.142 0.738

ANN with
trainlm and #
41 neurons

55,333.613 22.848 22.078 341.916 412.776 0.817

ANN with
trainbr and #
85 neurons

34,180.132 17.957 17.352 315.902 386.762 0.887

SVM 75,491.309 26.687 25.787 358.690 429.550 0.751

Vegetation
indices

MLR 90,968.310 29.295 29.340 368.761 439.621 0.699

ANN with
trainlm and #
62 neurons

53,317.556 22.428 22.462 339.911 410.771 0.824

ANN with
trainbr and #
89 neurons

48,670.930 21.428 21.461 334.987 405.847 0.839

SVM 83,208.216 28.018 28.061 363.946 434.806 0.725

Texture MLR 161,319.467 39.011 39.072 399.696 470.556 0.467

ANN with
trainlm and #
86 neurons

86,497.352 28.566 27.177 366.039 436.899 0.714

ANN with
trainbr and #
92 neurons

54,862.021 22.750 21.644 341.453 412.313 0.819

SVM 114,894.416 32.923 31.322 381.370 452.230 0.620

Table 16.3 The means of error and fitting values for SSE, FI, RMSE, RMSE%, AIC and BIC for
various prediction techniques and satellite data

SSE RMSE RMSE% AIC BIC FI

Satellite data Band
values

61,052.154 23.707 22.908 344.447 415.307 0.798

Vegetation
indices

69,041.253 25.292 25.331 351.901 422.761 0.772

Textures 104,393.314 30.813 29.804 372.140 442.999 0.655

The prediction
techniques

MLR 110,497.113 31.880 31.609 376.580 447.440 0.635

ANN with
trainlm

65,049.507 24.614 23.906 349.289 420.149 0.785

ANN with
trainbr

45,904.361 20.712 20.152 330.781 401.641 0.848

SVM 91,197.980 29.209 28.390 368.002 438.862 0.699
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Fig. 16.3 The relationships between observed (x-axis) and predicted AGSC (y-axis) by a the ANN
with trainbr and # 85 neurons and the band brightness values, b ANNwith trainlm and # 41 neurons
and the band brightness values, c SVM, d MLR

(d) MLR. This best predictive ANN with trainbr and # 85 neurons and the band
brightness values resulted in significant improvement in these residuals with a lower
range compared by other alternatives. These residual results in Fig. 16.2 indicate
that predictive estimates of AGSC values have been achieved by this best predictive
ANN with trainbr and # 85 neurons and the band brightness value.

The MLR, SVM and ANN models were applied for estimating the relation-
ships between AGSC and the band brightness, vegetation indices and texture values
obtained from a Landsat 8 OLI satellite image in this study. When the literature is
analyzed, it is seen that there are many studies performed using different modeling
techniques with different data obtained from different satellite images. The results
obtained in this study were compared with other studies on this subject. Foody et al.
(2003) estimated forest biomass using vegetation indices obtained from Landsat TM
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Fig. 16.4 The plot of residuals against the predicted AGSC obtained from by a the ANN with
trainbr and # 85 neurons and the band brightness values, b ANN with trainlm and # 41 neurons and
the band brightness values, c SVM, d MLR

satellite image. They predicted the relationships between forest biomass and vege-
tation indices by using MLR and ANN models. Their results showed that predic-
tions derived from a neural network-based approach were strongly and significantly
correlated with the forest biomass estimate derived from ground measurements in
comparison to MLR model (R2 < 0.32).In a study developed by Lu et al. (2005), it
was tried to predict AGB with band, vegetation indices and texture values obtained
from Landsat TM satellite image usingMLRmodel. The results of the study showed
that band values give better results in predicting AGB in simple forest stand struc-
ture. This is in line with the findings in our results. Conversely, it was seen that the
texture characteristics gave better results in predicting AGB compared to the bands
in complicated forest stand structure. In a study conducted by Min et al. (2009)
the relationships between band and vegetation indices values obtained from Landsat
TM satellite images in three different forest types (softwood forest, hardwood forest
and mixed forest) and AGB were tried to be determined by MLR analysis. In the
results obtained, the model produced with vegetation indices was found to be more
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successful Xu et al. (2011). Used linear regression, partial least-squares regression
and ANN models to estimate AGSC based on the combined use of Landsat ETM+
data and field measurements. As in our study, their results showed that the ANN
model (R2 = 0.912) provided better results than the MLR model (R2 = 0.247) in
estimating AGSC Günlü et al. (2014). Developed MLR models to estimate the AGB
using optical band brightness values and vegetation indices derived fromLandsat TM
data in pure Crimean pine stands. Contrary to our results, their results indicated that
vegetation indices better estimation of AGB as compared to optical bands. Similar
results were obtained by Günlü et al. (2016) in the same study area, the relation-
ships between band brightness values and vegetation indices obtained from Landsat
8 OLI satellite image and the AGSC values were investigated by MLR. In the results
obtained, it has been seen that vegetation indices give better results than band bright-
ness values. The difference between this study (2016) and the present study is the
method differences used in determining the AGSC of the sample areas. While the
AGSC amounts of the sample areas were calculated using the coefficients developed
byTolunay (2014) in this study, in the current study, theAGSC amounts of the sample
areas were calculated with the carbon equations developed by Sakıcı et al. (2018).
However, in a study conducted by Turgut and Günlü (2020), different results were
obtained. In their study, the relationships between the band brightness, vegetation
indices and texture values obtained from the Landsat 8 OLI satellite image and the
AGB values calculated from ground measurements were estimated by MLR method
in pure Crimean pine stands. Contrary to our study, the model obtained with texture
values gave better results in estimating the AGB. In this study, the success of the
model obtained with texture values was higher from our study, whereas the success
level of themodel obtainedwith band andvegetation indiceswas lower than our study.
In another study conducted by Günlü and Ercanlı (2020), the relationships between
texture values obtained from Alos Palsar data and AGSC in pure beech stands were
tried to be estimated byMLR andANNmodeling techniques. As in our study, in their
study results demonstrated that the ANN was better than MLR models to estimate
AGSC values Baloloy et al. (2018). Modeled that the relationships between band and
vegetation indices values obtained from two different satellite images (Rapideyeand
Sentınel-2) andAGB were estimated by MLR and Multivariate Adaptive Regression
Spline (MARS) method. When the results obtained were examined, it was seen that
MARSmethod gave better results thanMLRmethod. However, models with vegeta-
tion indices (except for Rapideye satellite data) gave more successful results. The R2

values between vegetation indices generated from Rapideye and Sentinel-2 satellite
data and the AGBwere found the 0.82 and 0.89, respectively. However, the R2 values
between band values and AGB were found the 0.92 and 0.62, respectively. Thapa
et al. (2015) predicted the relationships between texture values obtained from Alos
Palsar image and AGSC amounts by MLR method, the R2 value was found to be
0.84. In this study, a certain amount of predictive ability in predicting AGSC can be
obtained by with artificial intelligence models. Safari et al. (2017) estimated AGSC
in coppice oak forests using Landsat 8 image and four machine learning algorithms.
Their results showed that the AGSC estimation of SVM, boosted regression trees,
random forest and multivariate adaptive regression splines algorithms (MARS) had
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R2 values of 0.64, 0.57, 0.64 and 0.58, respectively. They also found that the simple
band ratios more accurate AGSC estimates in comparison to the use of Landsat 8
OLI satellite image derived raw bands and vegetation indices. In a study conducted
by Dong et al. (2020) predicted the relationships between band, vegetation indices
and texture values obtained from World View-2 image and AGB were estimated by
using ANN and SVM methods. In the model with band values, the ANN method
(R2 = 0.238) gave better results than SVM (R2 = 0.046) method. Similarly, the
ANN (R2 = 0.248) model with the band and vegetation values together gave better
results than the SVM (R2 = 0.052) method. On the other hand, the SVM (R2 =
0.970) model with texture values better results than the ANN(R2 = 0.831) method.
In addition to these predictive findings, another important finding is that, despite the
intensive use of the trainlm training function based on Levenberg-Marquardt opti-
mization in previous studies, better predictive results are found with the network
training function based on the Bayes approach, trainbr, which may be an alternative
to this trainlm training function. The network training function based on the Bayes
approach, which can be used as an alternative to the standard training function based
on Levenberg-Marquardt optimization, provides a slower training at an acceptable
scale, but offers better predictive results than those by this standard training function.
The reason for such a result may be fact that this network training function based
on the Bayes approach can improve the ANN generalization, which the weights and
biases of the network from this network training function are assumed to be random
variables with specified distributions. Comparison of similar training functions was
made by Kamble et al. (2015) and the best predictive results were obtained with the
training function based on the Bayes approach.

16.4 Conclusion

The relationships between band brightness values, vegetation indices and texture
values obtained from Landsat 8 OLI satellite image and AGSC values obtained
by ground measurements were evaluated by using MLR, SVM and ANN (trainlm
and trainbr) methods in pure Crimean pine stands. The ANN method outperformed
than the SVM and MLC methods for AGSC prediction. Also, the best predictive
accuracy was obtained for the ANN with trainbr model used band brightness values
and followed it by ANN trainlmmethod with band brightness values. Using different
modeling techniques such as deep learning, mixed effect modeling and MARS, and
different satellite images such as passive, active and fused data (combined the active
and passive satellite data) can improve the model achievement criteria in similar and
different forest ecosystems.
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Chapter 17
Spatio-temporal Variation
of Evapotranspiration Derived
from Multi-temporal Landsat Datasets
using FAO-56 Penman-Monteith Method

Tanushree Basu Roy, Dipanwita Dutta, and Abhisek Chakrabarty

Abstract Reference evapotranspiration (ET0) is the representation of real-time
crop-specific measurement of evapotranspiration and could be used for measuring
the available water for agriculture. Accurate estimation of reference evapotranspi-
ration (ET0) is required for irrigation management and water resource allocation.
Satellite remote sensing provides an opportunity to estimate its quantity and map
the spatio-temporal distribution of evapotranspiration in an efficient way. There are
several methods developed for estimating ET0 but most of them are mainly based
on daily meteorological data provided by weather station networks. This paper aims
to estimate the monthly reference evapotranspiration (ET0) by the FAO-56 Penman-
Monteith method using the remote sensing data (LANDSAT 8-OLI and LANDSAT
7-ETM+) of 2014, 2015, 2016 and weather data (Maximum and minimum tempera-
ture, Dew point temperature, wind speed, relative humidity) over the Dwarakeswar
river basin. Input parameters required for this model are emissivity, land surface
temperature (LST), net radiation, soil heat flux (G), air temperature, actual and satu-
ration vapor pressure and wind speed. This study indicates that evapotranspiration
variation in this area is closely related to crop growth. Evapotranspiration values
were found low (66–120 mm/month) when paddy fields were empty and the fields
were covered by very sparse vegetation. Whereas, the estimated values were high
(120–180 mm/month) in cropping season and in monsoon, when vegetation cover
was dense. Furthermore, the evapotranspiration estimation results were analyzed and
validated with MODIS data which shows a good agreement between them.
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17.1 Introduction

Estimation of evapotranspiration (ET) from vegetation has become increasingly
important in agriculture, irrigation management and planning. Evapotranspiration
by forest vegetation is a crucial component to understand the water budget of the
land surface (Chen and Liu 2020). Estimation of evapotranspiration is important
to know the amount of water required during growing season, improve crop water
management and hydrological applications as well as to conserve soil and water
resources. It is also useful to understand the water and energy cycles, environmental
stress on natural and agricultural ecosystems, and monitoring drought (French et al.
2015). The redistribution of water on Earth’s surface is mostly done by the evapo-
transpiration process, as the surface absorbs approximately 46–50% of the incoming
solar radiation globally by the evapotranspiration process (Verstraeten et al. 2008).
Evapotranspiration (ET), the fundamental process of the hydrological cycle is a
combination of two separate processes, evaporation from soil-water surfaces and
plant transpiration (Monteith and Unsworth 2013; Xiong et al. 2015). Evaporation
is the process by which liquid water is converted into water vapor to the air from
sources such as soils, vegetations, water bodies etc. Transpiration involves condensed
water vaporization from plant tissues and atmospheric vapor elimination (Zotarelli
et al. 2014). Its rate depends on crop characteristics, environmental aspects, and
cultivation practices. Evaporation and transpiration occur simultaneously and both
processes depend on solar radiation, air temperature, relative humidity and wind
speed (Seenu et al. 2019). The evapotranspiration rate from an extensive surface,
uniformly covered with actively growing vegetation having specified height, surface
resistance, specific characteristics and with adequate water status in the soil, is called
reference evapotranspiration (ET0) (Da Rocha et al. 2009). It reflects the energy
available for water evaporation and the wind used to move water vapors to the lower
atmosphere from the ground. The ET0 concept has been developed to investigate the
evaporative demand of the atmosphere irrespective of crop size, crop growth and
management practices. Soil factors do not affect ET0 if adequate water is available
at the reference surface.

Factors Affecting Evapotranspiration

1. Weather Parameters
The major weather parameters controlling evapotranspiration are solar radiation,
wind speed, air temperature and humidity.

2. Crop Factors
Crop types, development stages or level of maturity are considered as important
factors for estimating ET0. Apart from these, crop height, crop surface roughness,
reflection, ground cover and crop routing also affect its values.

3. Management and environmental condition

Evapotranspiration can be decreased by factors such as soil salinity, low soil
fertility, minimal application of soil fertilizers, presence of rough or impenetrable
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horizons, poor soil management, and the absence of disease and pesticide control
(Allen and Pruitt 1991). Ground cover, percentage of soil cover, plant density and
soil water content can also affect the ET rate.

Weighing lysimeter are the most precise technique for the ET0 assessment (Xu
and Chen 2005). But, there are very limited lysimeter data is available and there-
fore the alternative methods have been developed (Cruz-Blanco et al. 2014). The
ET0 models from a remote sensing perspective can be divided into two groups, (1)
temperature-based ET0 and (2) conductance-based ET0 models. Temperature based
ET0 models are appropriate forwater stress conditions in sparsely vegetated areas and
conductance-based ET models are well suited for both water-stressed and energy-
limited conditions (Chen and Liu 2020). Temperature based models are based on
surface temperature measurements; therefore, they are unable to estimate ET where
heat flux is minimal. But conductance-based ETmodels avoid these issues of surface
temperature, rather than using vegetation structural information which can be easily
retrieved from satellite data and therefore, these conductance-based ET models are
the best option for land surface modeling (Zeng 2003). Penman-Monteith method
is a conductance-based ET model that depends on wind speed, vegetation height,
surface roughness and atmospheric stability. Previous researches proved good agree-
ment between PM-FAO56 and lysimeter measurements in semi-arid area with very
precise ET0 estimates (López-Urrea et al. 2006). This method is being considered as
a standard ET0 estimated method, which gives satisfactory results better than other
methods under any region or climatic conditions (Chiew et al. 1995). High reso-
lution satellite data is necessary for accurate ET estimations of different land-use
types at the regional scale. As the LANDSAT series has a higher spatial resolution,
LANDSAT OLI and LANDSAT ETM+ images were used in this study.

The aim of this study is to estimate monthly reference evapotranspiration (ET0)
for three years using remote sensing techniques which is important in agricultural
and irrigation management. Irrigation is important to reduce rain dependency during
the monsoon season and to help agriculture during non-monsoon season. The goal
was achieved by fulfilling the following objectives:

• To estimate Net Radiation, Soil Heat Flux and Psychrometric Coefficient using
remote sensing technique.

• To measure Gradient of Vapor Pressure curve, Actual Vapor pressure and Mean
Saturated Vapor pressure using weather data.

17.2 Study Area and Dataset

17.2.1 Study Area

Dwarakeswar River basin has been selected as the study area (Fig. 17.1). The
Dwarakeswar River is one of themajor rivers of the western part ofWest Bengal orig-
inates from Tilaboni hill, and then flows through the hilly terrain of Purulia district
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Fig. 17.1 Study area

from northwest to southeast direction. The river divides Bankura into two halves
and then enters the south-eastern tip of Burdwan District. It flows through Hooghly
District and ultimately joins River Silabati and forms Rupnarayan River.

The Dwarakeswar river basin, covering approximately 4341.765 km2, is located
at 23° 9′ 9′′N and 87° 15′ 39′′E on the southern part of the West Bengal (Fig. 17.2).
The length of this river is approximately 214 km. It originates from an extended
part of Chotanagpur plateau in Purulia District and ended in the alluvial tract of
West Midnapore of West Bengal. The basin area is included in the survey of India,
toposheet numbers 73-I/11; 73-I/12; 73-I/15; 73-I/16; 73-M/4 and 73-M/3.

Drought is a common phenomenon in the Bankura and Purulia districts of West
Bengal where proper irrigation system is essential for crop growth. Estimating
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Fig. 17.2 Drainage and elevation map of the Dwarakeswar river basin

evapotranspiration rate in this region is crucial for improving the management,
design and exploitation of the irrigation systems. It is important to note that the
Dwarakeswar River originates from a regionwith having a history of chronic drought
with insufficient precipitation.

The area falls under tropical dry sub-humid climate with varying annual precipi-
tation from 1100 mm in the western part to 1400 mm in the eastern part. The mean
daily temperature ranges from 12 °C (in winter) to a maximum of 46 °C (in summer).
The diurnal range of temperature varies from 4 to 9 °C. Dry spells during drought
years usually last for weeks which affects the crop growth and yields adversely.

17.2.2 Datasets

TheLandsat 8OLI TIRS, 7 ETM+ and SRTMDEMdata for the years 2014, 2015 and
2016 were used for assessing the reference evapotranspiration. Twenty LANDSAT 8
OLI/TIRS and five LANDSAT 7 ETM+ images have been used for this work, which
was obtained from the Earth Explorer, United States Geological Survey (USGS) site
(https://glovis.usgs.gov/).

https://glovis.usgs.gov/
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MODIS ET (February 2015) product downloaded from
https://www.ntsg.umt.edu/data has been used for validation of estimated refer-
ence ET. This product has a resolution of 1-km2 for the 109.03 million km2 global
vegetated areas and the algorithm is based on the Penman-Monteith method.

Minimum and maximum air temperature, dew point temperature, humidity and
wind speed data were collected from NASA’s (National Aeronautics and Space
Administration) Prediction ofWorldwide EnergyResources (https://power.larc.nasa.
gov/) site.

17.3 Methodology

17.3.1 Image Pre-processing

As the images were collected for several dates under different solar illumination, Sun
Angle correction was essential for the study. After Sun angle correction DN values
of the images were converted into Radiance using the following formulas.

For LANDSAT 8

ML × band10 + AL (17.1)

ML = 0.0003342, represents the band-specific multiplicative rescaling factor, AL

= 0.1, is the band-specific additive rescaling factor.

For LANDSAT 7

Lλ = (LMAXλ − LM I Nλ)

QCALMAX − QCALM I N
× (DN − QCALM I N ) + LM I Nλ)

(17.2)

LMIN and LMAX are the spectral radiances for each band at digital numbers 1
and 255, DN is the pixel DN value, λ is the wavelength.

The pre-processing of satellite dataset including FLAASH correction was carried
out by image processing software. The detailed methodological flow chart of the
study provided in Fig. 17.3.

17.3.2 Estimation of Land Surface Temperature (LST)

Land Surface Temperature is the radiative skin temperature of the ground. In most
cases, it is a mixture of vegetation and bare soil temperatures. Most of the remotely

https://www.ntsg.umt.edu/datahas
https://power.larc.nasa.gov/
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Fig. 17.3 Flow chart of the methodology

sensed ET models used land surface temperature as a primary boundary condition
(Wang et al. 2016).

For the LANDSAT 7 Image

LST = K2

ln[(K1/Lλ) + 1]
(17.3)

K1 and K2 stand for the band-specific thermal conversion constants from the
metadata.

For the LANDSAT 8 Image
The input parameters, i.e. NDVI, Land Surface Emissivity, and Brightness Temper-
ature were derived from the Landsat 8 images to estimate LST.

Normalized Difference Vegetation Index (NDVI)
The NDVI is a graphical indicator used extensively to monitor vegetation (Rouse
et al. 1974). It represents the modulation ratio of the near-infrared and red bands.
The NDVI values range from −1 to +1.

NDV I = N I R − R

N I R + R
(17.4)

Land Surface Emissivity (ελ)
The emissivity of a material is the ability of its surface to emit energy. It is the ratio
of energy radiated by a particular material to energy radiated by a blackbody at the
same temperature.
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Surface Emissivity was calculated from the Proportion of Vegetation (Pv).

PV =
(

NDV I − NDV IMI N

N DV IMAX − NDV IMI N

)2

(17.5)

And then Land Surface Emissivity was calculated using the following formula:

ελ = 0.004PV + 0.986 (17.6)

Brightness Temperature (BT)
Conversion of Radiance to At-Sensor Temperature:

After converting the digital numbers (DNs) into radiance using Eq. (17.1), the TIRS
band data was converted from spectral radiance to brightness temperature (BT) using
the thermal constants provided in the metadata file.

BT = K2

ln[(K1/Lλ) + 1]
− 273.15 (17.7)

where K1 and K2 are band-specific thermal conversion constants obtained from the
metadata.

LST = BT

{1 + [(λBT/ρ) ln ελ]} (17.8)

LST and BT in Celsius (°C), and λ is the wavelength of emitted radiance (λ =
10.895).

ρ = h
c

σ
= 1.438 × 10−2 mK (17.9)

where σ is the Boltzmann constant (1.38 × 10−23 J/K), h is Planck’s constant (6.626
× 10−34 J s), and c is the velocity of light (2.998 × 108 m/s).

17.3.3 Estimation of Evapotranspiration (ET)

In last 50 years, a large number of empirical methods have been developed for
estimating the evapotranspiration using different climatic variables. It was Penman,
(1948) who was the first to establish an evaporation model which is based on an
energy balance formula that supports the vaporization of latent heat and as well as
wind speed and air-water vapor deficit. But the Penman model explains the influence
of wind on evaporation using an empirical model and not directly taking into account
the effects of surface conditions such as vegetation density, vegetation height, soil
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water content etc. Then, Monteith (1973) improved the model by using an aero-
dynamic conductance which depends not only on wind speed but also on surface
ruggedness, atmospheric stability, vegetation height. This modified model is known
as the Penman-Monteith model.

λET0 =
�(Rn − G) +

[
86,400

ρaCp(e0s −ea)
rav

]

� + γ
(
1 + rs

rav

) (17.10)

where ρa = air density (kg m−3), Cp = specific heat of dry air, eso = mean saturated
vapor pressure (KPa), rav = bulk surface aerodynamic resistance for water vapor
(s m−1), ea = mean daily ambient vapor pressure (KPa), and rs = the canopy surface
resistance (s m−1).

The Penman-Monteith method was recommended as a standard procedure for
estimating Reference Evapotranspiration (ET0) in the meeting (1990) of the United
Nations Food and Agriculture Organization (FAO) to review the “Irrigation and
Drainage Paper 24” document aiming to determine new ET estimation procedures
(FAO 2017). In 1990, FAO organized a consultation with the Internal Commission
for Irrigation and Drainage and World Meteorological Organization, to update the
previous methodologies and procedures on crop water requirements. The experts and
researchers updated and simplified the Penman-Monteith Eq. (17.10) by using some
assumed constant parameters such as a grass reference crop of height 0.12 m with
surface resistance of 70 s m−1 and an albedo value of 0.23 (Smith et al. 1998).

The new equation was:

ET0 = 0.408�(Rn − G) + γ 900
T+273u2(es − ea)

� + γ (1 + 0.34u2)
(17.11)

where ETo = reference evapotranspiration (mm day−1); Rn = net radiation at the
crop surface (MJ m−2 d−1); G = soil heat flux density (MJ m−2 d−1); T = mean
daily air temperature at 2 m height (°C); u2 =wind speed at 2 m height (m s−1); es =
saturation vapor pressure (kPa); ea = actual vapor pressure (kPa); es − ea = saturation
vapor pressure deficit (kPa); � = slope of the vapor pressure curve (kPa °C−1); γ =
psychrometric constant (kPa °C−1). The parameters of the above equation described
below.

17.3.3.1 Net Surface Radiance (Rn)

The radiation balance at the earth’s surface is composed of four spectral radiation
fluxes, incoming short wave radiation (0.14–4 μm) that arrives from the sun (Rs↓),
the amount of the energy that is reflected from the surface (Rs↑), incoming long
wave (>4 μm) radiation from the atmosphere (RL↓) and the amount of long wave
radiation emitted from the surface (RL↑) (Krishna et al. 2014).
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Rn = (1 − α)RS ↓ +(RL ↓ −RL ↑) − (1 − ελ)RL ↓ (17.12)

where α is the surface albedo, ελ is surface emissivity, RS↓ = Incoming Short wave
Radiation, RL↑ = Outgoing Long wave Radiation, RL↓ = Incoming Long wave
Radiation.

Incoming Short Wave Radiation

RS ↓= τ SE0 cos θ (17.13)

where τ = atmospheric transmissivity,

τ = 0.75 + (2 × 10−5 × z) (17.14)

z = elevation in m, S = solar constant = 1367 W/m2,

E0 = eccentricity correction factor of the Earth’s orbit about the Sun and it was
calculated by the following formula,

E0 = 1 + 0.033 cos(2πdn/365) (17.15)

dn = Julian day of the year (between 1 and 365/366), θ = solar zenith angle =
(90°-sun elevation).

Outgoing Long wave Radiation

RL ↑= εaσT
4
a (17.16)

where Ta = air temperature, σ = Stefan-Boltzman constant= 5.67× 10–8 W/m2 K4,

εa = atmospheric emissivity,

εa = 0.85 × (− ln τ)0.09 (17.17)

Albedo (α)
Albedo, the measure for reflectance or optical brilliance is dimensionless and esti-
mated on a scale fromzero (relating to a dark body that ingests all incidental radiation)
to one (comparing to a white body that mirrors all incidental radiation) (Liang et al.
2003; He et al. 2015). For the hypothetical crop reference surface, the albedo value
was considered to be 0.23.
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17.3.3.2 Soil Heat Flux Density (G)

The soil heat flux is the surface energy that is heating the soil. It is positive when
soil is warming and negative when the soil is cooling and it varies according to
the soil type and water content, vegetation type, and micro-climate (Hatfield et al.
2005). Different empirical equations were developed for calculating soil heat flux.
Here, the following equation (17.18) developed by Bastiaanssen et al. (1998) was
considered for this study:

G = Rn

[(
LST

α

)
(0.0038α + 0.0074α2)(1 − 0.98NDV I 4)

]
(17.18)

17.3.3.3 Actual Vapor Pressure (ea)

Actual Vapor Pressure is a measurement of the amount of water vapor in a volume
of air and increases as the amount of water vapor increases.

ea = 0.6108 exp

[
17.27Tdew

Tdew + 237.3

]
(17.19)

where Tdew = dew point temperature (°C).

17.3.3.4 Mean Saturated Vapor Pressure (es)

Since, saturation vapor pressure is directly related with air temperature it can be
calculated using the air temperature as input variable.

es = e(T max) + e(T min)

2
(17.20)

e(Tmax) = Saturation vapor pressure for maximum air temperature, obtained from the
following formula:

e(T max) = 0.6108 exp

[
17.27Tmax

Tmax + 237.3

]
(17.21)

where Tmax is the maximum air temperature in °C.

e(Tmin) = Saturation vapor pressure for minimum air temperature, obtained from the
following formula:

e(T min) = 0.6108 exp

[
17.27Tmin

Tmin + 237.3

]
(17.22)
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where Tmin is the minimum air temperature in °C.

17.3.3.5 Slope of Saturation Vapor Pressure Curve (�)

Slope of the Saturation vapor pressure curve was obtained from the following
formula.

� =
4098

[
0.6108 exp

(
17.27Tmean
Tmean+237.3

)]
(Tmean + 237.3)2

(17.23)

where Tmean is the mean air temperature in °C.

17.3.3.6 Psychrometric Constant (γ)

It is the ratio of specific heat of humid air at constant pressure (Cp) to the vaporization
of latent heat. The value specific heat depends on the air humidity. The Cp value of
101.013 x 10–3 MJ kg−1 °C−1 can be used for average atmospheric conditions. Since
the average atmospheric pressurewas considered for each location, the psychrometric
constant for each location was kept constant depending upon the altitude.

γ = CpP

ελ
= 0.000665P (17.24)

where P = atmospheric pressure (kPa),

P = 101.3

[
293 − 0.0065z

293

]5.26

(17.25)

λ = latent heat of vaporization = 2.45 (MJ kg−1), Cp = specific heat at constant
pressure = 1.013 × 10–3 (MJ kg−1 °C−1), ε = ratio molecular weight of water
vapor/dry air = 0.622.

17.3.3.7 Wind Speed (u2)

The average daily wind speed in meters per second (ms−1) measured at 2 m above
the ground level was required.

u2 = uh
4.87

ln(67.8h − 5.42)
(17.26)
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Fig. 17.4 The process of upscaling ET0 image

where uh = measured wind speed at height h (ms−1) and h is the height of wind
measurements above the ground surface (m).

17.3.4 Upscaling of Estimated ET0

The estimated reference evapotranspiration (ET0) of February 2015 was validated
using MODIS ET products. The resolution of Landsat derived ET0 was 30 m ×
30 m whereas the image resolution of MODIS is 1 km × 1 km. The aggregation, up-
scaling method was used to generate a reduced-resolution version of the estimated
ET0 (Fig. 17.4).

17.4 Results and Discussion

17.4.1 Seasonal Variation of Reference Evapotranspiration
(ET0) Over Dwarakeswar River Basin

The spatio-temporal variation of estimated evapotranspiration rate was found
coherent with the seasonal variation of temperature, precipitation, sowing time,
harvesting time, crop height etc. In every year, the monthly ET0 value followed an
increasing trend starting from January–February toOctober and again decreasedwith
the same rate in the winter months, November and December (Fig. 17.5). The varia-
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Fig. 17.5 Temporal variation of ET0 of 2014, 2015 and 2016

tion of ET0 value can be explained with the monthly variation of rainfall-temperature
conditions. The lowET0 value as observed in themonths of January and February can
be explained by cold temperature and limited rainfall. In March, April and May, ET0

value was relatively higher than the previous two months because of high temper-
ature causing significant increase in evaporation and transpiration. Since the areas
receive monsoonal rainfall in the months of June and August ET0 values were found
high in these months. During post monsoonal period, especially in October the esti-
mated ET0 was high mainly due to high level of soil moisture. However, it followed
an decreasing trend after October and the ET0 value was low throughout in winter
months.

The ET0 value was comparatively higher in the year 2016 than the remaining
years. In October 2015, the ET0 rate was comparatively low, indicating a drought like
condition. Likewise, in the pre-monsoon season of 2014, the values were remarkably
less however, during post-monsoon (November–December) there was no significant
variation in ET0 values.

17.4.2 Variation of ET0 Over Different LULC

While comparing the variation of evapotranspiration over different land use land
cover of the area the study reveals high ET0 in the cultivated areas (Figs. 17.6, 17.7
and 17.8). Though Purulia and Bankura are drought-prone areas, the productivity of
crops especially in kharif season remains good in the years with moderate to high
rainfall. Paddy, wheat, potato, mustard, til etc. are few major crops in these areas.
The study reveals a good agreement between variation of ET0 and cropping pattern
of the area. It is worthy to mention that very low evapotranspiration in few areas of
Purulia and Bankura districts is associated with sparse vegetation or bare soil. Very
high ET0 value as estimated during monsoon in the lower part covering portion of
West Medinipur can be explained by rich kharif cultivation.
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Fig. 17.6 Spatio-temporal variation of ET0 in January–June (a–f), August (g), October–December
(h–j), 2014

Fig. 17.7 Spatio-temporal variation of ET0 in January–March (a–c), September–December (d–g),
2015

17.4.2.1 Correlation between Land Surface Temperature (LST)
and Evapotranspiration (ET0)

In order to identify the interrelationship between land surface temperature and ET0

the correlation analysis was carried out which reveals a strong positive correlation
between them (Fig. 17.9). As the temperature increases, the rate of evaporation and
transpiration also increase. In tune with this fact, the Evapotranspiration rate was
found higher in the areas with high land surface temperature.
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Fig. 17.8 Spatio-temporal variation of ET0 in January–May (a–e), October–December (f–h), 2016
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Fig. 17.9 Correlation between Land Surface Temperature (LST) and Evapotranspiration (ET0)

17.4.2.2 Correlation Among Soil Heat Flux (G), Land Surface
Temperature (LST) and Evapotranspiration (ET0)

The thermal dynamics of soil are important for environmental processes as it plays an
important role in controlling other variables. Soil heat is the conversion of incoming
solar radiation into heat and the distribution of the corresponding heat flux which
include long wave radiation, sensible heat flux caused by convection of air, latent
heat flux resulting from evaporating water, heat flux into the ground, and strongly
depends on temperature and soil water content. Therefore, Evapotranspiration is
highly dependent on Soil Heat Flux and the present study also reveals a strong
positive correlation between Soil Heat Flux and ET0 (Fig. 17.10).
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Fig. 17.10 Correlation among soil heat flux (G), land surface temperature (LST) and evapotran-
spiration (ET0)

17.4.3 Validation of Estimated ET0

The estimated ET0 image of February 2015 was compared with the MODIS ET
product of the same month and year (Table 17.1). The absolute error was found 6.12
(relative error 6.17%) forminimumET0 values, and it was 7.82 (relative error 6.85%)
for maximum ET0 value. Thus, the comparative analysis between Landsat derived
and MODIS ET0 reveals a good agreement between them (Fig. 17.11).

Table 17.1 Comparison between the estimated and the observed results of ET in 2015

Minimum ET (°C) Maximum ET (°C)

Month Estimated
value

Observed
value

Absolute
error

Relative
error
(%)

Estimated
value

Observed
value

Absolute
error

Relative
error
(%)

Feb 100.399 94.2 6.199 6.1743 114.12 106.3 7.82 6.8524
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Fig. 17.11 Comparison between MODIS and LANDSAT 8 derived ET0
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17.5 Conclusion

The objective of the study was to assess the monthly evapotranspiration estimation
derived from LANDSAT data and SRTM DEM over the Dwarakeswar river basin
based on the FAO-56 Penman-Monteith method. The study revealed good agreement
in the spatio-temporal pattern of Evapotranspiration and NDVI. Estimated ET was
higher in the forested areas and cultivated lands, whereas very low evapotranspira-
tion was observed in some portions of Purulia and Bankura districts with sparse or
no vegetation coverage. Evapotranspiration change in River Basin is related to crop
growth. The maximum monthly ET0 values were estimated in irrigated cropland of
the entire study area and especially, during the harvesting season. However, it was
notably less in other months due lack of soil moisture in the croplands. The procedure
for ET0 assessment used for irrigation planning has shown itself as an essential factor
in irrigation water management. In the summer season, a significant portion of agri-
cultural lands of this regionis dependent upon irrigation. Spatial variation in yields
of major crops are mainly caused by differences in irrigation scheduling, especially
during the dry season when requirement of water is crucial for crop growth. Estima-
tion of ET0 is significant for determining the quality of the irrigation scheduling and
as a whole, assessing the irrigation water management in an area.
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Chapter 18
Monitoring and Prediction of Dynamics
in Sundarban Forest using CA–Markov
Chain Model

Sarmistha Halder, Kaberi Samanta, and Sandipan Das

Abstract Mangrove ecosystems play an important functional role in providing
coastal protection, carbon sequestration, coastal habitat, climate change resilience
and socioeconomic services for coastal communities. The present research study
investigates spatiotemporal variation, forest health status and predicts the land cover
changes in Sundarban mangrove forests of India using multi-temporal satellite
images and cellular automata and Markov Chain model. The results revealed that
mangrove forest extent has decreased by 3.14% from 1994 and 2019. The image clas-
sification resulted in overall accuracy of 74% in 1994, 81% in 2004, 78% in 2014
and 84.5% in 2019 respectively. The satellite-based vegetation indices were anal-
ysed for assessing the health of the forests. The findings of present study indicate
deteriorating health of the forest and observed significant vegetation stresses over the
western to central part of the study region due to anthropogenic activities. The CA
Markov model predicted that the extent of mangrove forests could possibly decline
from 2011.60 km2 to 1939.24 km2by the period 2029. The results of the present
study could foster better decisions, precise mitigation and sustainable development
strategies for the region.
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18.1 Introduction

Mangroves are enriched with diverse and highly productive ecological communities.
Mangrove supports various ecosystems functions for humanwell-being as well as for
other community and species. Mangroves forest cover protects coastal area commu-
nities frommany natural and anthropogenic hazards such as tsunami, cyclone, main-
tain the coastal water quality, terrestrial sediments and rehabilitate nutrients (Sanders
et al. 2010; Giri et al. 2011). It provide many important ecosystem services such as
reduce the intensity of storm, flood damage, source of food, and aquatic habitat
(Sandilyan and Kathiresan 2015; Tanner et al. 2019). Mangroves are found in one
hundred and twenty countries and territories of the world. South Asia has the highest
quantity of mangrove cover followed by West and Central Africa, South America
and North Central America. The total area of mangrove cover in world is 150,000
sq.km. South Asia covers 10,344 sq.kmwhich is the 6.8% of the world. The majority
of mangroves are found alongside the tidal sea of Bangladesh, India, Pakistan and Sri
Lanka countries of South Asia. India and Bangladesh contributes maximum amount
of mangrove coverage in South Asia (Rahman et al. 2013; Ghosh et al. 2015). India
has 45.8% of total mangroves in South Asia. The approximate area of mangroves in
India is about 4921 sq.km which is 3.3% of world vegetation coverage. The major
states of India where mangrove coverage is high comparatively are West Bengal,
Andaman &Nicobar Islands, Gujarat, Andhra Pradesh, Odisha andMaharashtra etc.
(FSI 2015).

Among all the mangrove forest in India, Sundarban is one of the beautiful and
largest mangrove forest in South Asia. As per UNESCO, the Indian Sundarban forest
is designated as theworld heritage site in 1987 for its importance towards all the living
beings and uniqueness. But many natural calamities, change of climate (sea level
rise), land use patterns, deforestation encroachment of forested area, illegal cutting
and extend of tidal creeks towards the land surface etc. are threats for mangroves
(Gabler et al. 2017; Dasgupta et al. 2018). So there is need of assessing and moni-
toring the mangrove to design the proper conservation strategies for mangroves. The
remote sensing and GIS technologies could play an important role in monitoring,
change analysis and prediction of future forest cover dynamics (Heumann 2011;
Yang et al. 2013). The satellite data provides valuable information of the past and the
present through change detection method and that can act as an input for prediction
studies. The integratedCellular Automata-Markov chainmodel using remote sensing
images have been commonly used for detecting forest cover changes and to simu-
late and predict the future forest cover scenarios (Adhikari and Southworth 2012;
Mukhopadhyay et al. 2015; Feng and Liu 2016; Etemadi et al. 2018; Zubair 2019).
The numerous previous studies have widely applied CA–Markov Chain model to
predictive land use change models (Keshtkar and Voigt 2016; Ghosh et al. 2017;
Perera et al. 2018; Mafi-Gholami et al. 2020). The present research study aimed
to: (1) assess and monitor the forest cover dynamics using multi-temporal Landsat
imageries pertaining to period 1994, 2004, 2014 and 2019, (2) analyse the spatial–
temporal health of the forest and (3) predict the future change projections of forest
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cover (2019–2029) using CAMarkov model in Sundarban region of India. The find-
ings of this study can be useful in developing management strategies for sustainable
land use planning.

18.2 Study Area

Sundarban, one of the largest mangrove forests is situated at the frontier of India and
Bangladesh boundary.It is situated on the coastal tidal zone of lower deltaic plain and
formed by the Ganges, Brahmaputra and Meghna rivers of the Bay of Bengal. The
study area is the mangrove forest of Indian Sundarban which is found in southern
part of the South 24 Parganas district in West Bengal state of India (Fig. 18.1). The
location of Sundarban is between two districts ofWest Bengal viz., South 24 Parganas
and North 24 Parganas (Sivakumar 2013; Ghosh et al. 2015). The major portions of
mangroves are found in South 24 Parganas district. The approximate latitudinal and
longitudinal extension of SundarbanMangrove cover is about 21˚ 32′ to 22˚ 40′ north
and 88˚ 05′ east to 89˚ 51′ among which 62% is in Bangladesh and other 38% is
present in India.

Sundarban is known for its unique enriched biodiversity, productive ecosystem.
Sundarban has various species, many endangered and extinct species such as
Royal Bengal Tiger, estuarine crocodile, water buffalo. Sundarban consists of many
islands and most of the southern islands namely Dalhousie, Jammudwip, Lothian,
Bulchery, Bhangaduni, Chulkati, Dhanchi, Mousuni, Gosaba, Matla are covered
by dense Mangrove forest. The dominant tree species in this region are Sundri
(Heritierafomes)and Gewa (Excoecariaagallocha).

18.3 Materials and Methods

18.3.1 Data Collection

The multi-temporal satellite images pertaining to year 1994, 2004, 2014 and 2019
were downloaded from USGS Earth explorer (https://earthexplorer.usgs.gov/) and
GloVis (https://glovis.usgs.gov/) portal. The satellite images from four-time epochs
(1994, 2004, 2014 and 2019) were acquired to analyse temporal decadal changes
of mangrove cover. The information of satellite data used in the study is shown in
Table 18.1. The images were acquired during the nearby period to reduce the impact
of phenology and temperatures variation. The cloud-free, orthorectified freely avail-
able Landsat images were used in the study. In addition, this research used related
scientific, technical project reports, Google Earth and other maps for additional
information in the study area.

https://earthexplorer.usgs.gov/
https://glovis.usgs.gov/
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Fig. 18.1 Geographical location of study area

Table 18.1 Information about the Satellite Images

Year of acquisition Satellite Sensor Spatial resolution (m) Path/row

04 January, 1994 Landsat 5 TM 30 138/45

08 December, 2004 Landsat 5 TM 30 138/45

03 December, 2014 Landsat 8 OLI 30 138/45

14 January, 2019 Landsat 8 OLI 30 138/45
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18.3.2 Image Classification and Accuracy Assessment

Image classification is an important remote sensing technique for the identification
of different type of land covers. The year wise satellite images classification was
carried out using the most commonly supervised classification algorithm in the study
area. The seven major land cover categories were delineated in the study area viz.
dense forest, degraded forest, creeks, sand (beaches/dunes), saline blanks, mudflats
and river based on different reflecting spectral characteristics. The classification
results were verified fromfield checks points for 2019 andGoogle Earth Prohistorical
images of 01.01.1994 and 31.12.2019 available online. The error matrix evaluation
method using Kappa coefficient (κ) and overall accuracy were computed to check
the accuracy of classified satellite images (Congalton and Green 2009; Campbell
and Wynne 2011). The year wise areal extent of mangrove forest cover has been
calculated from the classified images.

18.3.3 Vegetation Health Indices

The assessment of forest health condition is important for sustainable management
of natural ecosystem (Pan et al. 2011). Remote sensing provides accurate informa-
tion about their health and functioning on a timely and consistent basis. Spectral
vegetation indices (VIs) are important indicator of canopy greenness, foliage quality
and stress levels of forest (Croft et al. 2015). The aim of the study was toassess the
health of the Sundarban mangrove forest in India using the vegetation indices viz.,
NDVI, CVI, RDVI and RVI from the period 1994–2019.

18.3.3.1 Normalized Difference Vegetation Index (NDVI)

The NDVI is the most commonly used remote-sensed indicator to assess the photo-
synthetic process of vegetation (Piao et al. 2015). NDVI is calculated as the normal-
ized ratio of the near-infrared band and red band from remote-sensed images. The
near-infrared band is reflected from vegetation and red band is absorbed by vege-
tation. Generally, the high NDVI index value are associated with active photosyn-
thetically vegetation condition growth, thus signifying good health conditions of the
forest. In contrary, low NDVI index value indicate little photosynthetic activity of
vegetation. This occurs when the vegetation is stressed due to diseases, drought and
vegetation degradation, hence reflecting the poor health conditions of the forest. The
NDVI is defined as follows

NDVI = (NIR − RED)
/
(NIR + RED) (18.1)
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18.3.3.2 Chlorophyll Vegetation Index (CVI)

Leaf chlorophyll content is an indicator of photosynthetic ability, nutritional stress,
disease stress level, heavy metal pollution and growth status of the plants (Croft et al.
2015). Therefore, it has become important to quickly and accurately retrieve chloro-
phyll content information. Vegetation index-based methods using remote sensing
technology have become the most popular methods to estimate chlorophyll content
at spatial and temporal scales. Chlorophyll vegetation index (CVI) has been widely
used to assesschlorophyll content at the leaf level. The high chlorophyll vegetation
index value signifies higher proportion of chlorophyll density, hence representing
healthy vegetation coverage. The CVI is defined as follows:

CVI = NIR ∗ (
RED

/
GREEN2

)
(18.2)

18.3.3.3 Renormalized Difference Vegetation Index (RDVI)

Spectral reflectance indices are the most common remote-sensing approach to deter-
mine biophysical variables such as foliage chlorophyll concentration, canopy struc-
ture, density, which is essential for understanding quantity and vigor of green vegeta-
tion. RenormalizedDifferenceVegetation Index (RDVI) is another important vegeta-
tion indices applied widely to classify forest growth status. RDVI is computed from
the difference between near-infrared and red wavelengths, along with the NDVI
(Roujean and Breon 1995). RDVI has been found to be increased sensitivity to
canopy foliage activity and phytomas variation (Roy et al. 1996). The high RDVI
value is usually related to healthy vegetation green cover. RDVI is calculated using
the equation given below.

RDVI = (RNIR − RRed)
/√

RNIR + RRed (18.3)

18.3.3.4 Ratio Vegetation Index (RVI)

Theleaf area index information is essential in understanding the physical and biolog-
ical processes associated with vegetation. The satellite based ratio vegetation index
(RVI) has been a simple, effective and common approach to measure LAI for vege-
tation activity of status and succession. Ratio Vegetation Index is computed from
the ratio of near infrared wavelength to red wavelength (Jordan 1969). RVI reduces
the multiplicative effects of atmosphere and show increased sensitivity to change in
LAI of plants. The high RVI index value is usually associated with dense vegeta-
tion foliage, thus indicating the healthy conditions of the vegetated surfaces. Ratio
Vegetation Index was calculated using Eq. 18.4:
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RVI = (
NIR

/
RED

)
(18.4)

18.3.4 Prediction of Mangrove Cover

In this study, the combined cellular automata (CA) and Markov chain model was
used to predict the future land cover change over time (Fig. 18.2). The CA model is
integrated to predict spatial dynamics ofmangrove change, andMarkov chain process
is capable to simulate the probability change over time(Arsanjani et al. 2011; Mas
et al. 2014). This research used IDRISI–TerrSetGeospatialMonitoring andModeling
System software to simulate the long-term landcover changes using CA_Markov
approach. Thus, the CA–Markovmodel employed classified images from 2004 (past)
and 2019 (present)as a baseline to produce the mangrove dynamic scenario. The
output of CA–Markov algorithm was calculated based on following mathematical
equation

L(t+1) = pi j × L(t) (18.5)

Fig. 18.2 Methodological framework of the study
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pi j =

⎡

⎢⎢⎢⎢⎢
⎣

p11 p12 ... p1m
p21 p22 ... p2m
. . . .

. . . .

pm1 pm2 ... pmm

⎤

⎥⎥⎥⎥⎥
⎦

(18.6)

where L(t) is the LULC status at time t, L(t + 1) is the LULC status at time t + 1;
0�pij < 1 and

∑m
j+1 pi j = 1, (i, j = 1, 2,…,m) is the matrix of transition probability.

18.4 Results and Discussion

18.4.1 Changes in Land Cover Over Time

The landcover map generated for the years 1994, 2004, 2014 and 2019 are shown
in Fig. 18.3. The images are classified into seven categories viz., dense forest,
degraded forest, creeks, sand (beaches/dunes), saline blanks, mudflats and river.
Forest covers include dense forest, degraded forest and saline blanks. The total area

Fig. 18.3 Distribution of land cover classes in the study area (1990–2019)
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Table 18.2 Areal estimates (in %) of land cover features over the years

LULC classes 1994 2004 2014 2019

Dense forest 45.31 44.69 43.65 43.22

Degraded forest 1.75 2.16 2.21 2.19

Saline blanks 1.16 0.95 1.05 1.20

Creeks 4.28 4.73 4.90 5.00

Sand (beaches/dunes) 0.21 0.20 0.35 0.37

Mudflats 0.45 0.34 0.33 0.27

River 46.84 46.93 47.51 47.75

Table 18.3 Overall accuracy and Kappa coefficient of classified images from 1994 to 2019

Year Overall classification accuracy (%) Kappa coefficient(κ)

1994 74 0.68

2004 81 0.73

2014 78 0.74

2019 84.5 0.81

of thisMangrove is 4305.685 sq.km. Themangrove forest cover density are primarily
concentrated at the southern region of the study area. These areas need to be mainly
preserved for biodiversity conservation. The fluctuation in mangrove area during
the study periods are shown in Table 18.2. The mangrove forest covers area has
significantly declined from 48.22%in 1994 to about 46.61% in 2019. The density of
degraded forest is maximum at the western to central and near the shoreline portion
due to anthropogenic and natural activities, respectively. The total areas under river,
creeks and sand (beaches/dunes) have significantly increased during the analysis
period.As per the classified images it can observed that saline blanks are associated
with degraded forest for most of the year.

The creeks have been more prominently seen for the period 2014 and 2019. The
classifiedmap results were validated using ground reference data and high-resolution
Google Earth satellite imagery. The results of the land use classification achieved
overall accuracies of 74%, 81%, 78% and 84.5% with the Kappa coefficient of 0.68,
0.73, 0.74 and 0.81 for the years 1994, 2004, 2014 and 2019, respectively (Table
18.3).

18.4.2 Changes of Forest Health Conditions

The forest health condition is an important factor for the ecosystem as well as for
natural resource.Eachvegetation index shows thehealth of forest in different perspec-
tive. The vegetation indices including NDVI, CVI, RDVI and RVI were prepared for
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each year 1994, 2004, 2014 and 2019 using model maker tool in Erdas Imagine
2014 software. All vegetation indices output for each year were combined in a raster
calculator’ tool in ArcMap 10.3.1 software to obtain accurate health condition of the
forest cover year wise. The vegetation health condition maps are grouped into three
classes’ viz., healthier mangrove, moderate mangrove and stressed mangrove for the
period 1994, 2004, 2014 and 2019 as shown in Fig. 18.4.

The increasing overexploitations of natural resources and anthropogenic interfer-
ence have caused severe damage to Indian Sundarbans mangrove forest ecosystem
(FAO 2004). The research findings reveal that the forest health status was progres-
sively deteriorating from 1994 to 2019. The amount of stressed vegetation is moder-
ately constant from1990 to 2004 andwas observed onlywestern region of the islands.
However, the trend shows the increasing rate of stressed vegetation from2014 to 2019
and was spread across the central portion islands of the mangrove forest. It has been
witnessed that, that of about 3.14% mangrove forest were lost during 1994–2019
within the study area (Table 18.4).

Fig. 18.4 Health condition of the vegetation cover in the study area (1990–2019)

Table 18.4 Changes in mangrove forests in the study area from 1994 to 2019

Year Forest cover changing rate (in sq.km) Forest cover changing rate (in %)

1994–2004 18.8 0.90

2004–2014 37.9 1.84

2014–2019 8.2 0.40

Total 64.9 3.14
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The continuously growing population pressure; illegal cutting; encroachment of
forest areas; increased settlement; construction activities; tourism; dam and road
constructions; coastal pollution; exploitation of fishery resources have aggravate the
environmental degradation process of Sunderbans mangrove ecosystem indicating
the deterioration of forest health status (Rahman and Hossain 2015; Chowdhury
and Maiti 2016). The natural stressors like sea level rise; global climate change;
changes in hydrological regimes; sediment salinity; siltation; continuous erosion by
high tidal forces and cyclonic storms have also equally contributed in declination
of forest coverage of Indian Sundarban, thereby making the ecosystem most fragile
(Dasgupta et al. 2018). The forest health status in the south east portion of the islands
was observed comparatively healthier for almost every year. The forest coverage in
the newly formed islands of the western region is observed to be healthier as shown
in Fig. 18.4. This is mainly attributed to increase in natural uninterrupted growth
of mangrove in perforated and edge forest. To conserve and protect this impor-
tant ecological ecosystem, it is essential to develop and implement sound sustain-
able management strategies involving local people, government and other social
organizations.

18.4.3 Mangrove Changed Prediction Results

In this study, CA–Markov algorithm was applied to predict dynamic spatial
Sundarban land-cover changes in the near future for year 2024. The predicted
spatial distribution of LULC in the year 2029 is shown in Fig. 18.5. The results

Fig.18.5 Predicted land cover map for the year 2029
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Table 18.5 Expected change of future and land cover (2029) type of the study area

Land covers 2019 2029 Relative change
2019–2029

Area (in
sq.km)

Area (in
%)

Area (in
sq.km)

Area (in
%)

Area (in
sq.km)

Area (in
%)

Dense forest 1860.50 43.22 1765.02 40.99 105.48 2.23

Degraded forest 99.30 2.19 104.49 2.43 5.19 0.24

Saline blanks 51.80 1.20 62.35 1.45 10.55 0.25

Creeks 213.80 5.00 270.59 6.29 56.79 1.29

Sand
(beaches/dunes)

17.50 0.37 23.54 0.55 6.04 0.18

Mudflats 11.50 0.27 9.30 0.21 2.20 0.06

River 2050.80 47.75 2069.71 48.08 18.91 0.33

of predicted LULC 2024 reveals an increase of river by 18.91 sq.km (0.33%), sand
(beaches/dunes) 6.04 sq.km (0.18%), saline blanks 10.55 sq.km (0.25%) degraded
forest 5.19 sq.km (0.24%) and creeks 56.79 sq.km (1.29%) from the 2019 LULC
coverage respectively (Tables 18.5).

However, significant decreases are projected to occur in dense forest 105.48 sq.km
(2.23%). The findings indicated that area of mangrove forests would decrease by
3.59% approximately in 2029 (Fig. 18.5). The Pearson correlation result indicated
that both predicted LULC in 2029 and LULC of 2019 are significantly correlated
(r = 0.819). The spatiotemporal changes in the extent of mangrove forests were
driven by various factors including deforestation, increase in human populations,
unprecedented LULC change and increase of water level (Yang et al. 2012). Thus,
environmentally friendly policy approach is paramount significant to mitigate the
trends of land-cover change and harmonize mangrove ecosystems in the region.

18.5 Conclusion

TheSundarbanmangrove forests are the largest unique, diverse and highly productive
ecological communities in the world. Remote sensing techniques have provided reli-
able and accurate results especially inmangroves areaswhere accessibility is difficult
and greatly limits spatial coverage. The present research study aimed in analyzing
multi-temporal change detection, prediction future changes and spatial–temporal
health of the forest cover using geospatial technology andCA–Markov chainmethod.
The historical LULC change data of 1994, 2004, 2014 and 2019 were further used
as a baseline in the CA-Markov process to successfully predict the future mangroves
change projection 2029. The results of predicted mangrove forests change using the
Cellular Automata (CA)Markovmodel revealed that possible reduction ofmangrove
forest cover area 72.36 sq.km in area from 2019 (approximately 2011.60 sq.km) to
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2029 (approximately 1939.24 sq.km). The findings of the study also specify that
mangrove forests of Indian Sundarban have undergone remarkable degradation due
to various natural and man-made pressures indicating deterioration of forest health.
The results of this study indicated approximately 3.14% extent of mangrove forests
were lost during the periods of 1994–2019. This can lead to serious impacts including
loss of biodiversity, extinction, climate change and changes in the natural biogeo-
chemistry. The damage could be minimized through restoration, restricting further
anthropogenic disturbances and implementing sustainable strategies for manage-
ment of forest cover. The findings of this study could provide invaluable quantitative
information to environmentalists and policymakers for implementing sustainable
management of mangrove ecosystems in the region.
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Chapter 19
Improving Potential Biodiversity
and Human Footprint in Nothofagus
Forests of Southern Patagonia through
the Spatial Prioritization of their
Conservation Values

Yamina Micaela Rosas , Pablo L. Peri , Josela Carrasco ,
María Vanessa Lencinas , Anna M. Pidgeon , Natalia Politi ,
Sebastián Martinuzzi , and Guillermo Martínez Pastur

Abstract The role of biodiversity in natural forests is critical as a regulator of
ecosystem function, productivity, and provision of ecosystem services. The objec-
tive was to analyse the conservation value of Nothofagus forests in Southern Patag-
onia (Santa Cruz and Tierra del Fuego provinces), Argentina, through integration
of maps of potential biodiversity (MPB) and human footprint (HFM), which can
help to improve the natural reserve designs through the spatial prioritization of their
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conservation values. To achieve the, first we determine that the different forest types
presented different species assemblage with specific ecological niche requirements
which justify differential conservation or management strategies. We used under-
story plants as proxy, and we selected indicator species of the understory plants for
the following analyses. With these species we produce the MPB, and we found that
the occurrence of MPB differ from the pattern of HFM according to the different
forest types. After that, we identify woodland patches with special values of MPB
and low HFM according to the different forest types, and analyzed if the distribution
of MPB of the different forest types changed across the current natural protected
reserve network, private and public lands. Finally, with these outputs, we propose
new methodologies to enhance the current natural reserve network effectiveness.
These outputs can be used as a tool to determine new strategies for management and
conservation at landscape level in Southern Patagonia.

Keywords Habitat suitability · Biodiversity conservation · Human footprint ·
Forest landscapes · National parks · Provincial reserves · Spatial conservation
prioritization

19.1 Introduction

The concept of ecosystem services (ES) refers to the goods and benefits that the
society obtains from the natural ecosystems (Daily 1997). Society obtains material
goods and services from these ES (e.g., timber products, food, clean water), as well
as other economic (e.g., market value, salaries) and non-economic values for the
well-being of individuals and communities. Forest ecosystems in particular provide
critical ES to humanity (FAO 2010) and play a multifunctional role that balances
human needs with the production of other goods and services, including habitat
for native species (Lindenmayer and Franklin 2002). When ecosystem management
goals include only a limited set of goods and services, such as timber forests, other
ES may be overlooked and therefore undervalued (Perera et al. 2018).

We recognize four ES types coming from natural forests (MEA 2005): (i) provi-
sioning ES, such as timber wood, fiber or firewood (GeaIzquierdo et al. 2004), food
(e.g., fruits, nuts, mushrooms, honey, or spices), pharmaceutical plants, and other
non-woody industrial products (Quintas-Soriano et al. 2016); (ii) regulating ES, e.g.
contributing to climate stability by removing greenhouse gases and other pollutants,
increasing soil retention and water regulation, promoting natural pest control (e.g.,
wasps, owls and bats) and pollination services (De Groot et al. 2002; Panagos et al.
2015; González et al. 2015; Quintas-Soriano et al. 2016); (iii) aesthetic ES, related to
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beauty, recreation and ecotourism(DeGroot et al. 2002) and provision of cultural and
artistic inspiration and a sense of place for local communities (Martínez Pastur et al.
2016a); and finally, (iv) supporting ES, which are delivered by forests through soil
formation (Lal and Lorenz 2012), nutrient and water cycling, (Prescott 2002), plant
biomass (Perera et al. 2018), and provision of habitat for wild plants and animals,
a necessary precondition for the provision of all the other ES, directly or indirectly
(De Groot et al. 2002).

Biodiversity is assumed to be the critical factor for supplying ES (Mori et al.
2017). In fact, biodiversity itself is can be considered as one ES, e.g. when it is the
basis of nature-based tourism or the regulation of diseases (Mace et al. 2012). The
role of biodiversity in the natural forests is a critical regulator of ecosystem function,
ecosystem productivity, and provision of ES. Biodiversity supports the delivery of ES
in natural forests through various multi-faceted roles. Rosas et al. (2019a) describe
the importance of these connections in Southern Patagonia forests, including: (i)
Genetic diversity of wild species that are involved in quality and production of
provisioning services (De Groot et al. 2010). (ii) Species that are of high signif-
icance with regard to the provision of economic values (Perera et al. 2018). (iii)
Biotic interaction among species (predation, parasitism, competition and facilita-
tion) that have important consequences for ES and include direct interactions, such
as pollination, mycorrhizal fungi and nitrogen-fixing microorganisms that facilitate
transfer of nutrients to tree roots (González et al. 2015; Quintas-Soriano et al. 2016).
(iv) Biophysical structures that provide ecological conditions and habitat to support
the biodiversity associated with ES provision (MEA 2005). (v) Functional traits
that reflected adaptations to variation in the physical and biotic environment and
trade-offs (eco-physiological and/or evolutionary) and assist to support biodiversity
associated with ES provision (de Bello et al. 2010). And (vi) ecological processes of
natural ecosystems that regulate the dynamics of ecosystems and the structure and
dynamics of biological communities (Mace et al. 2012).

Recent methodological advancements have improved the assessment of species
distributions, synergies and trade-offs among ES and biodiversity at different
spatiotemporal scales (Raudsepp-Hearne et al., 2010; Martínez Pastur et al. 2017).
Improved methods include: (i) species occurrence maps, which are useful when the
link between species and services is well understood or when the species is the
service itself (e.g., food) (Andrew et al. 2014), (ii) forest cover type maps, which use
the spectral data of the dominant canopy or the heterogeneity of reflectance values
within a set of pixels and relate themwith the biodiversity, and (iii) modelling habitat
species distributions and biodiversity which can be developed using remotely sensed
environmental correlates, andwhichwas applied around theworld (Hirzel et al. 2002;
Elith and Leathwick 2009) and Patagonia (Martínez Pastur et al. 2016b; Rosas et al.
2017, 2018, 2019b).

When considering ES and biodiversity in particular, it is important to consider the
human influence, because humans are the major factor that affects life of all kinds
in our world (Mace et al. 1998; Jacobson et al. 2019), and the cumulative effects
generate the global phenomenon of its influence over nature. Many authors defined
this new time as a new geological epoch, that some call as Anthropocene (Sanderson
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et al. 2002; Corlett 2015). The transformation generated by humans has resulted in
declines of wilderness areas, loss of biodiversity, and degradation of the provision of
many ES (Watson et al. 2016; Li et al. 2018). In this context, the understanding of the
human influence on ecosystems and their services are crucial to achieve sustainable
development (Costanza et al. 2017). A practical way to understand the influence
and impact at global scale is to present it in a single map. Rapid advances in earth
observation using satellite technology generate verifiable global maps of land use
changes and cover (Loveland et al. 2000; Hansen et al. 2013). One proposal to
quantify the impact of human activities in the nature is the human footprint index
maps (HFM), which combine spatial data on human activities (roads, settlements,
land use, etc.) to map the cumulative human pressure on the environment. The idea
is that the footprint index is not only a single number, it must be understand as a
continuum of human influence stretched across the land surface, revealing through
its variation the major pattern of human influence on nature (Sanderson et al. 2002).

Southern Patagonia is composed of landscapeswith extreme environmental condi-
tions, from arid steppes to dense temperate forests (Peri et al. 2016), and with varying
levels of natural and human impacts (e.g., livestock grazing, desertification) that can
greatly affect local biodiversity (Rosas et al. 2017, 2018, 2019a, 2019b). Areas with
little human influence often have outstanding global value for the preservation of
endemic natural features, species and biodiversity (Inostroza et al. 2016). However,
this fragile Patagonian ecosystem is very vulnerable to disturbance and it is widely
acknowledged that environment and ecological services in this region changed signif-
icantly in the last century due to human activities and climate change (Peri et al.
2019a).

Sanderson et al. (2002) mapped the human footprint at the global scale and iden-
tified the last of the wild over the world (10% wildest areas in each biome) defined
as continuous areas of large, intact tracts of relatively undisturbed ecosystems which
can be particularly important for conserving biological diversity (from 5 to 100,000
km2). There are many ways of using HFM to define areas of interest for conservation
according to the objectives, e.g. last of the wilderness as was defined before but also
as seeds of wilderness defined as the wildest areas in each biome, regardless of size.
These authors also proposed that the HFM is roughly the inverse of the geography of
natural processes and patterns in the region, expecting that where human influence is
highest, ecosystems will be the most modified and species will stay under the most
pressure from human activity. Similarly, where HFMis lower, the expectation is for
more intact, as well as functional natural communities.

The design of natural reserve networks ismainly attributable to their location (e.g.,
remote areas or border areas between countries), or scenic values (e.g., by majestic
landscapes or unique features like glaciers). However, there is today an increasing
in the concern to add more areas with unique biodiversity values. Moreover, reserve
networks can provide yet greater goods if they include consideration of, e.g. (i)
different forest types, (ii) unique biodiversity values that these areas can host, (iii)
provision of different ES, as well as the consideration of potential synergies and
trade-offs among these services and biodiversity that the reserves host, and (iv) the
human impacts or the economic activities that are carried out in the reserve networks.
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Humans exert pressures on the planet in a great many ways that may lead directly
or indirectly to changes in natural systems (McGowan 2016). For this, the rationale
behind to consider the combination of maps of biodiversity and HFM is that more
intense human footprint represent less value for conservation due to biodiversity loss,
habitat degradation, exotic species invasion, contamination and different trade-offs
between natural values and humans (Venter et al. 2016; Di Marco et al. 2018; Li
et al. 2018).

The objective of this chapter was to analyse the forest landscapes and their conser-
vation values in Southern Patagonia (Santa Cruz and Tierra del Fuego provinces) in
Argentina, through maps of potential biodiversity (MPB) and HFM. Also, we want
to define a spatial conservation prioritization for a large-scale conservation planning
to improve the natural reserve network in both provinces, due to most of the reserves
were selected for other values (e.g., closeness to the international borderlines) and not
due to their biodiversity values. Additionally, we want to answer the following ques-
tions: (i) do forest types present different species assemblage with specific ecological
niche requirements to justify different conservation or management strategies (we
used understory plants as proxy)?, (ii) does the distribution of potential biodiversity
differ from the pattern of human footprint according to forest types?, (iii) it can be
possible to identify woodlands with special values of MPB and low HFM according
to the different forest types?, (iv) what is the distribution of potential biodiversity of
the forests in the current natural protected reserve network, private and public lands?,
and (v) how can current natural reserve network effectiveness be enhanced?

19.2 Materials and Methods

19.2.1 Study Area

The study was carried out in Southern Patagonia (46°00′–55°03′ SL, 63°47′–73°32′
WL) including the provinces of Santa Cruz (243.9 thousand km−2) and Tierra del
Fuego (21.3 thousand km−2), Argentina (Fig. 19.1). Ice fields and the Andes moun-
tains (north to south direction) define relief and climate in Santa Cruz province,
generating a rainfall and temperature gradients from west to east. Dominant vegeta-
tion is steppe and shrublands, and forests occupy a narrow fringe along the base of
the mountains generating different normalized difference vegetation index (NDVI)
(proxy of vegetation productivity) across the landscape. Santa Cruz province has a
population density of 1.3 inhabitants km2 mainly in small towns and cities (n = 12).
National parks and provincial reservesmainly preserve forest at the foot of theAndes,
however, some reserves were created to protect special heritage values (e.g., Bosque
Petrificado national park), while few of them are designed to preserve unique biodi-
versity (e.g.,Monte León national park and the Laguna de los Escarchados provincial
reserve).In the province of Tierra del Fuego, the Andes Mountains runs from west
to east and define the relief and climate of the region, but also here there is a great
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Fig. 19.1 Characterization of the study area indicating capital cities, national roads, and natural
reserves (black= national parks, grey= provincial reserves). a and e showmean annual temperature
for Santa Cruz (8.6 to 13.5 °C) and Tierra del Fuego (0.1–6.9 °C) (red is high and blue is low).
b and f showed mean annual rainfall for Santa Cruz (136–1681 mm.yr−1) and Tierra del Fuego
(253–721 mm.yr−1) (dark color means higher values). c and g showed elevation for Santa Cruz
(0–3463 m.a.s.l.) and Tierra del Fuego (0–1447 m.a.s.l.) (dark color means higher values). d and
h showed patterns of green vegetation using the normalized difference vegetation index (NDVI)
(0–1) from satellite imagery for Santa Cruz and Tierra del Fuego (red is high and green is low)

influence of the Antarctica. A rainfall and temperature gradients from north to south
defines the vegetation types in Tierra del Fuego, with grasslands in the north and
forests in the south. This province has a population density of 6.0 inhabitants km−2

mainly located in two cities (97.5% of the total population), one close to ranching
and oil extraction areas, and the other close to major tourism area. National parks
and provincial reserves mainly preserved the forests, despite another ecological or
heritage values (Fig. 19.1).
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Two traditional provisioning ecosystem services prevailed in Southern Patago-
nian forests, livestock grazing and wood harvesting (Peri et al. 2016) supported by
grasses, forbs, shrubs and trees found within the natural habitats and lands. Since
the colonization, the use of forest resources have increased in terms of saw-timber
for industry but decreased the extractions for firewood, since then the main source
of energy, with the introduction of natural gas in the ‘70–80’ decades. By the way,
other alternative uses were not applied, as pulpwood export, because is forbidden by
provincial laws.N. pumilio forests are economically and in extension themost impor-
tant in Southern Chile and Argentina (Martínez Pastur et al. 2002, 2016a), while N.
antarctica is one of the main deciduous native tree used for silvopastoral systems
(Peri et al. 2017). They enable the diversification of farm products by sustaining
sheep and cattle production, which provides income frommeat, wool, and a range of
wood products including poles, firewood and timber for rural construction purposes.
In addition to livestock and timber production, the silvopastoral system in the region
provide other ecosystem services such as water regulation, biodiversity conservation,
soil and water quality, carbon sequestration, recreation, and cultural identity. These
forests are growing in a mosaic of forest cover of varying ecological condition, with
different structure and floristic composition as a result of livestock grazing and silvi-
cultural management, in interaction with natural (e.g., drought) and anthropogenic
(fires, introduction of species) factors (Peri andOrmaechea 2013). Beside this, forest-
lands were also used for tourism, and this activity increasing during the last decades
(Martínez Pastur et al. 2016a). These forests presented invaluable cultural ecosystem
services, e.g. (i) aesthetic values, which included unique natural landscapes (e.g.,
Perito Moreno glacier); (ii) existence values, which included unique species of flora
and fauna; (iii) local identity, which included heritage, folklore, traditions, art and
local workers (e.g., ranching, forestry, artisanal fishing, mining, and oil extraction);
and (iv) many recreational activities, very appreciated for tourist of diverse parts
of the World, including winter sports, hiking, trekking, climbing, riding, camping,
kayaking and sport fishing.

Nothofagus forests are mainly associated to the mountain areas across both
provinces and present greater variations in their over story dominant species along
the latitude gradient. There are three main forest types in the region (Fig. 19.2).
In Santa Cruz province, forests occurs mainly in the west, where north and central
areas are dominated by N. pumilio and mixed evergreenforests, while N. antarctica
prevails in the southern area (Peri and Ormaechea 2013; Peri et al. 2019b; Rosas
et al. 2019a). In Tierra del Fuego province, forests occurs in central and southern
areas, where the north are dominated by N. antarctica, central and southern areas are
dominated by N. pumilio, andmixed evergreenforests occupied the middle hills in
mountain valleys, and the shores of lakes and Beagle channel (Collado 2001; Mestre
et al. 2017).

The proposed study included several modeling and combination of different anal-
yses (Fig. 19.3) that will describe in the following subtitles. Most of the analyses
maintaining similar methodologies for both provinces (Santa Cruz and Tierra del
Fuego) trying to use the same variables and raster classifications. In the same way,
the analyses were conducted for the different forest types, and the outputs were
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Fig. 19.2 Main forest types occurrence in the study area (N. antarctica forests= orange,N. pumilio
forests = pale green, mixed evergreen forests = dark green). Based on Collado (2001), Peri and
Ormaechea (2013) and Peri et al. (2019b). Each hexagon representing 5000 ha

combined to synthetize the outputs for the final outputs of the research at regional
level.

19.2.2 Understory Assemblage Among the Different Forest
Types

A main consideration to develop any conservation strategy at landscape level is to
determine if biodiversity changes across the different ecosystems that we want to
protect (Rosas et al. 2019a). For this, the first analyses that we conducted allowed
to determine if the studied forest types presented different species assemblage with
specific ecological niche requirements. For this, we used a database of vascular
plants from 535 field plots sampled between 2000 and 2012 as part of a regional
monitoring network in ecology and biodiversity (PEBANPA, Parcelas de Ecología y
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Fig. 19.3 Graphical framework of the material and methods of the study

Biodiversidad de AmbientesNaturales en Patagonia Austral) in which several federal
institutions are involved (UNPA, INTA, CONICET) (Peri et al. 2016). This database
includes data on plant species cover (%) and occurrence frequency (%) in the under-
story (D’Amato et al. 2009). A total of 35 vascular plant species indicators were
selected by choosing the 20 most important species (cover × frequency of occur-
rence) for each of the three forest types. After that, a detrended correspondence
analysis (DCA) using CANOCO5.0 (TerBraak and Šmilauer 2009) and an indicator
value analyses using PC-ORD 5 (McCune and Mefford 1999) were used to deter-
mine the associated understory species cover for each forest type (NP = N. pumilio
forests, NA = N. antarctica forests, MIX = mixed evergreen forests).

19.2.3 Maps of Potential Biodiversity for Nothofagus Forests

For these analyses, we employed the MPB developed by Martínez Pastur et al.
(2016b) for Tierra del Fuego and Rosas et al. (2019b) for Santa Cruz. These maps
used a large database of understory plants of Nothofagus forests (721 plots in Santa
Cruz and 535 plots in Tierra del Fuego) from PEBANPA Network (Peri et al. 2016),
and 635 plots belong to native forests provincial inventory and FAMA INTA labora-
tory (Forestal, Agricultura yManejo delAgua). The database alsowas complemented
with presence data of the selected species using the SistemaNacional de DatosBi-
ológicos of Ministerio de Ciencia, Tecnología e InnovaciónProductiva (www.datosb
iologicos.mincyt.gob.ar). Environmental Niche Factor Analysis (Hirzel et al. 2002)

http://www.datosbiologicos.mincyt.gob.ar
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was used to map habitat suitability for each understory plant species based on 41
potential explanatory variables (climate, topography, and other variables related to
landscape), which were rasterized at 90 × 90 m resolution using the nearest resam-
pling technique on ArcMap 10.0 software (ESRI 2011) in Biomapper 4.0 software
(Hirzel et al. 2004). The habitat suitability maps for the understory species were
combined (average values for each pixel) to obtain a MPB for each forest type (NP,
NA and MIX) and each province. These maps were rasterized to present scores that
varied from 0 to 100 (average values of potential habitat suitability for all the studied
species). For further comparisons, we classified the MPB values in low, medium or
high depending on the analyses, where each class (forest type x province) contain
an equal quantity of the total pixels of the study area. We analyzed the MPB consid-
ering the influence of the different forest types (based on Collado 2001; Peri and
Ormaechea 2013; Peri et al. 2019b) and to determine potential hot-spots areas using
a hexagonal binning processes (each hexagon = 5000 ha). The selected hexagons
presented some forest cover, and the category assigned for each one corresponded
to the highest forest species cover (NP, NA or MIX). The average of MPB for each
hexagon of each forest type class and province was compared through one-way
ANOVAs and Tukey post-hoc test.

19.2.4 Maps of Human Footprint for Provinces
and the Different Nothofagus Forest Types

We created a HFM for Santa Cruz and Tierra del Fuego provinces based on the
methodology proposed by Sanderson et al. (2002) but modified according to the
available data (see Fig. 19.1 in example for main cities and roads). We used spatial
data on (i) human settlements (n = 5 types) including the capital city, other cities,
small towns, ranches, and other rural constructions; (ii) accessibility (n = 3 types)
including national andprovincial roads, secondary roads, and roughpaths; and (iii) oil
industry (n= 3 types) including oil exploration lines, ducts, and wells. This database
was constructed using available data source of the terrestrial information system of
SantaCruz (SIT-SantaCruzArgentina,www.sitsantacruz.gob.ar) andnational energy
inventory of the country (datos.minem.gob.ar). We defined the maximum impact
distance (km) for each variable, which is an important step for this methodology
(for more details see Sanderson et al. 2002). For human settlements we considered:
15–24.0 km for capital cities, 7 km for other cities, 2.2 km for small towns, 2 km for
ranches, and 1 km for small rural constructions. Accessibility impact distance was
defined according their importance and intensity uses: 2 km for national roads, 1 km
for provincial roads, and 0.5 km for secondary roads and rough paths. The impact
distance for oil impacts (oil exploration and oil wells) and ducts were defined as
0.5 km. Distances were defined according to the impacts that it can be possible to
observe in the satellite images for each category. Then, we calculated the impact area
of each variable using ArcMap 10.0 software (ESRI 2011) and Euclidian distances

http://www.sitsantacruz.gob.ar
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tool, and final grids were rasterized at 90 × 90 m resolution using the nearest resam-
pling technique. For each variable we re-scale the grids by the logistic decreasing
function (we used aY factor between 80 and 96) through the defined impact distances.
Human settlements, accessibility, ducts, oil wells presented values of impact from
1 (core) to 0 (the maximum impact distance), but oil exploration lines presented
values of impact from 0.5 to 0 due to potential vegetation recovery (Dabros et al.
2017; Fuda et al. 2018). The final maps of the different variables were integrated into
a single map, where the maximum values for each pixel was calculated using the
cell statistics tool in ArcMap 10.0 software (ESRI 2011). The final map of human
footprint index (HFM) had scores that varied from 0 (without impact) to 1 (maximum
impact). As well as for MPB, we analyzed theHFM considering the influence of the
different forest types (based on Collado 2001; Peri and Ormaechea 2013; Peri et al.
2019b) to determine potential hot-spots areas using a hexagonal binning processes
(each hexagon= 5000 ha). The average of HFM for each hexagon of each forest type
class and province was compared through one-way ANOVAs and Tukey post-hoc
test.

19.2.5 Landscape Analyses of Potential Biodiversity
and Human Footprint

Using the same hexagonal binning processes (hexagon = 5000 ha) we determined
the status of potential biodiversity and human footprint index for each hexagon. The
selected hexagons for the analyses are those that presented the same dominant forest
type cover. We employed the following thresholds based on the rationale of dividing
the number of hexagons in three equal proportions for the forested landscapes: (i)
for Santa Cruz province the thresholds of potential biodiversity were: Low= <25%,
Medium= 25–50%, and High= >50%, while for human footprint index were: Low
= <0.3, and High= >0.3; and for Tierra del Fuego province the thresholds of poten-
tial biodiversity were: Low= <60%,Medium= 60–75%, and High= >75%, while
for human foot print were: Low= <0.2, and High= >0.2. Beside this, each hexagon
was classified according the different forest types described before, according to the
most abundant forest type cover, and were used for further comparisons.

A second group of analyses was conducted considering the ownership and the
protection status of the forest lands. First, using the samehexagonal binning processes
(hexagon = 5000 ha) we determined the ownership status (public, private, National
Parks and Provincial Reserves), and also define the forest type, the potential biodiver-
sity and the human footprint index for each hexagon. The data of the land ownership
was obtained from the official land registry of both provinces (year 2006 for Santa
Cruz and 2015 for Tierra del Fuego), while natural reserves network was up to date
(year 2019). For these analyses, we employed the following thresholds based on
the rationale of dividing the number of hexagons in three equal proportions for the
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forested landscapes: (i) for Santa Cruz province the thresholds of potential biodiver-
sity were: Low = <46%, Medium = 46–56%, and High = >56%, while for human
footprint index were: Low = <0.1, and High = >0.1; and for Tierra del Fuego
province the thresholds of potential biodiversity were: Low = <57%, Medium =
57–73%, and High = >73%, and the same values for human footprint. With these
hexagon values, different analyses of variance (ANOVAs) were conducted for the
different ownership status (public, private, National Parks, Provincial Reserves) and
forest types (NP, NA, MIX) analyzing the MPB and HFM for both provinces (Santa
Cruz and Tierra del Fuego). In all tests means were compared by Tukey test (p <
0.05).

19.2.6 Natural Reserve Networking Effectiveness

In this last section we want to determine the distribution of MPB of the forests in
the current natural protected reserve network, private and public lands, and how
current natural reserve network effectiveness can be enhanced. For this analysis,
we employed HFM (Fig. 19.6), and classified the forested areas of both provinces
according to the human impact (<0.1 and >0.1). We selecting the forest patches
>1000 ha and HFM < 0.1, which were classified according to the different forest
types (Fig. 19.2) and MPB (Fig. 19.5). When one patch presented more than one
forest type, we assigned to the category with higher proportion of cover. The MPB
was re-classified in three categories for both provinces according to the number of
pixels with forest cover (e.g. each MPB category had the same quantity of pixels at
each province and will be equally represented in the analysis). The thresholds for
each category of Santa Cruz province were: (i) low: <57%, (ii) medium: 57–73%,
and (iii) high >73%, and for Tierra del Fuego province were: (i) low: <46%, (ii)
medium: 46–56%, and (iii) high >56% (these data were based on Martínez Pastur
et al. 2016b and Rosas et al. 2019b) (Fig. 19.4).

19.3 Results and Discussion

19.3.1 Understory Assemblage Among the Different Forest
Types

Results showed that each forest type presented a distinct species assemblage, however
about half of the species were shared among the different types. The thirty three
understory plant species that we included in the analyses were clearly associated
to one or two forest types (Table 19.1 and Fig. 19.4). The twenty most important
species of the three studied forest types included 2 ferns, 8 monocots and 25 dicots
(Table 19.1). Eight species (2monocots and 6 dicots) were exclusive forN. antarctica
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Fig. 19.4 Detrended Correspondence Analysis (DCA) for understory species cover for the 35
understory plant species (see Table 19.1 for species code) modelled for the three studied forest
types (NA= N. antarctica, NP= N. pumilio, MIX=mixed evergreen) classified according to main
taxonomic groups (DICO = dicots, MONO = monocots, PTERI = pteridophyta). Lines showed
the areas where understory species are mostly related to one specific forest type or are shared among
different forest types

forests, seven species (1 fern, 2 monocots and 4 dicots) were exclusive for the mixed
evergreen forests, while no one species was exclusive for the N. pumilio forests.
However, N. antarctica and N. pumilio forests shared seven understory species, N.
pumilio and mixed forests shared eight species, while five species were shared by all
three forest types. The selected species did not present high cover in these forests (a
gradient from 0.06% for Cardamine glacialis in mixed forests to 6.32% for Cotu-
lascariosa in N. antarctica forests), but most of these species had high frequencies
of occurrence across the landscape (12% to 82%) (Fig. 19.4), and influenced over
the understory species assemblage of the different forest type. This pattern can be
graphically showed in the DCA, where no understory species were shared by the
three forest types, indicating that most of selected species are not generalist and
present some degree of specialization. This characteristic of the understory plant
assemblage was previously indicated by Rosas et al. (2019b) through the analysis of
the specialization and marginality in the habitat mapping modelling. Based on these
results, we can conclude that all the forest types are important to be considered in
conservation strategy at landscape level, and in order to protect the full biodiversity
assemblage we need to protect all of them in the reserve networks.
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Table 19.1 Species name and code, where values denote mean cover (%) (first value), frequency
of occurrence (%) (second value between parentheses), and rank (1 to 20) for the 20 most important
species (third value) for the three studied forest types (NA = N. antarctica, NP = N. pumilio, MIX
= mixed evergreen) (based on Martínez Pastur et al. 2016b)

Species Code NA NP MIX

Acaenamagellanica ACMA 0.72(52)14 0.49(24)17 –

Acaenaovalifolia ACOV 1.31(47)13 0.63(25)12 –

Adenocaulonchilense ADCH – 0.53(21)20 0.28(12)19

Berberisbuxifolia BEBU 1.19(70)08 0.52(23)18 0.51(18)15

Blechnumpenna-marina BLPE 4.68(52)04 0.90(19)13 1.15(26)06

Bromusunioloides BRUN 1.28(41)15 – –

Cardamineglacialis CAGL 0.69(61)11 0.23(41)09 0.06(12)20

Cerastiumarvense CEAR 0.53(47)16 – –

Chiliotrichumdiffusum CHDI – – 0.80(12)17

Codonorchislessonii COLE – – 0.62(42)04

Cotulascariosa COSC 6.32(77)01 – –

Deschampsiaflexuosa DEFL 2.02(45)12 – –

Dysopsisglechomoides DYGL – 1.65(41)04 0.31(14)18

Empetrumrubrum EMRU – 0.77(20)16 1.46(20)08

Festucamagellanica FEMA 2.63(65)06 1.15(48)05 –

Galiumaparine GAAP 3.08(82)03 2.24(37)03 –

Galiumfuegianum GAFU 0.44(41)18 – –

Gunneramagellanica GUMA – 2.23(29)06 0.53(18)14

Hymenophyllumsecundum HYSE – – 1.09(18)11

Luzuriagamarginata LUMA – – 0.46(20)12

Macrachaeniumgracile MAGR – – 0.25(30)07

Osmorhizachilensis OSCH 3.79(38)09 2.98(25)02 1.21(18)10

Osmorhizadepauperata OSDE 5.01(76)02 3.31(45)01 0.70(18)13

Pernettyamucronata PEMU – 0.93(18)14 1.84(42)03

Pernettyapumila PEPU – – 2.53(42)02

Phleumalpinum PHAL 1.77(59)10 0.64(26)11 –

Ribesmagellanicum RIMA – – 0.38(18)16

Rubusgeoides RUGE – 1.02(36)08 2.01(58)01

Schizeilema ranunculus SCRA 2.28(64)07 – –

Senecioacanthifolius SEAC – 1.52(38)07 0.61(34)05

Taraxacumgillesii TAGI 0.60(36)19 – –

Trisetumspicatum TRSP 3.46(62)05 0.25(28)15 –

Uncinialechleriana UNLE 0.89(39)17 0.55(21)19 –

Viciamagellanica VIMA 0.33(27)20 – –

Viola magellanica VOMA – 0.95(25)10 0.85(24)09
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19.3.2 Potential Biodiversity Across the Different Nothofagus
Forest Types

The combination of potential habitat suitability maps for understory plant species
allowed us to develop the MPB for the different forest types in both provinces
(Fig. 19.5). The lower biodiversity values occurred in Santa Cruz province: Lago
Buenos Aires, Lago San Martín and Lago Argentino had medium and lower values,
while the higher biodiversity values occurred in Lago Pueyrredón and Río Turbio. In
general,MPB increasedwith latitude (north to south), presenting the highest values in
N. antarctica forests, and decreasedwith longitude (east towest) withmedium values
in N. pumilio forests and the lowest values near glaciers in mixed evergreen forests
(Rosas et al. 2019b). In Tierra del Fuego,N. antarctica forests with the highest poten-
tial biodiversity values were related to the ecotone areas with N. pumilio forests in
the southern area of its distribution and with some large isolated patches surrounded

Fig. 19.5 Map of potential biodiversity of understory plants of Nothofagus forests in Southern
Patagonia. Red represents the higher potential (value close to 1) and dark green the lower potential
(value close to 0). a Lago Buenos Aires and Lago Pueyrredón, bLago SanMartín, c LagoArgentino
and Río Turbio, and d Tierra del Fuego. Each hexagon representing 5000 ha
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Table 19.2 SimpleANOVAanalyses of the potential biodiversity values of understory plant species
of the different forest types hexagons, where: NA = N. antarctica, NP = N. pumilio, and MIX =
mixed evergreen at Santa Cruz (SC) and Tierra del Fuego(TDF) provinces. MPB=map of potential
biodiversity values, HFM = human footprint map values

Province Treatment MPB HFM

SC NA 0.557 b 0.30 b

NP 0.358 a 0.07 a

MIX 0.433 ab 0.08 a

F(p) 33.22(<0.001) 106.38(<0.001)

TDF NA 0.749 c 0.27 c

NP 0.702 b 0.13 b

MIX 0.578 a 0.07 a

F(p) 60.45(<0.001) 31.34(<0.001)

F = Fisher test, p = probability at 0.05

by grassland at the central area of the Island. The potential of these forests decreased
with the closeness of the Atlantic Ocean.N. pumilio forests with the greater potential
were also related to the ecotone areas withN. antarctica forests in the flat zones of its
distribution at the central-east of the study area. MPB of this forest types generally
increased from south-west to north-east. Beside this, the areas with greatest MPB
in mixed evergreen forests were related to rainfall distribution, mainly in the lower
elevations at the south-west of the study area and at the eastern forests of the island
close to Mitre peninsula (Martínez Pastur et al. 2016b).

ANOVAs showed that MPB significantly changed across the forest types in
both provinces (Table 19.2). The highest MPB values were found in N. antarc-
tica forests(average values of 0.56 and 0.75) and are significant higher than in N.
pumilio (0.36 and 0.70) andMIX (0.43 and 0.58 for Santa Cruz and Tierra del Fuego,
respectively) (Table 19.2). In general, values for the different forests were higher at
Tierra del Fuego than in Santa Cruz provinces. These differences were can be due to
average values for the hexagons were in general higher in Tierra del Fuego, where
forest quality are much better for biodiversity conservation (e.g., higher site quality,
canopy closure and continuity, ecological functions integrity, and ecosystem health).

MPB is a powerful tool to understand the relationship among the different species
assemblages and their environmental conditions around the world (e.g., Zaniewski
et al. 2002; Hirzel and Le Lay 2008), as well as in Patagonia (Martínez Pastur et al.
2016b; Rosas et al. 2017, 2018, 2019a, b). In ecotone areas between grasslands and
forests (e.g., grasslands and NA) and between different forest types (e.g., NA and
NP), theMPB greatly increased due to multiple micro-environments that allowed the
survival of a higher number of species (Lencinas et al. 2008; Antos 2009), as well
as the existence of potential synergies among the species occurrence (Gargaglione
et al. 2014). Beside this, multiple vegetation stratification promoted more species
diversity, e.g. NA open forests support more shrubs and grasses species (Peri and
Ormaechea 2013; Peri et al. 2016) than other close Nothofagus forests with one
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tree stratum supporting scarce understory biodiversity (Martínez Pastur et al. 2002;
Lencinas et al. 2008, 2011).

19.3.3 Maps of Human Footprint for Provinces
and the Different Nothofagus Forest Types

HFM revealed that most of the natural landscapes in the region, including grass-
lands, shrublands, peatlands and forests, all have some level of human influence
(Fig. 19.6 where forests are highlighted and represented by hexagon average values).
The highest human impact values (hexagon value up to 0.50) were located close to
the capital cities and following the main national roads. In the northern areas of

Fig. 19.6 Map of human footprint index for Southern Patagonia (left) and Nothofagus forests
(right). Red represents the higher impact (value close to 1) and dark green, the lower impact (value
close to 0). a Lago Buenos Aires and Lago Pueyrredón, b Lago San Martín, c Lago Argentino and
Río Turbio, and d Tierra del Fuego. Each hexagon representing 5000 ha
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Santa Cruz and Tierra del Fuego, oil industry generated a large impact over the land-
scape, while intermediate values were related to ranching activities located mainly
in the south of Santa Cruz and center of Tierra del Fuego. Finally, the lowest HFM
values were located in the lower productive lands (national parks and areas without
accessibility like mountains and large peatlands).

ANOVAs showed that HFM significantly changed across the forest types in both
provinces (Table 19.2). The highest HFM values were found in N. antarctica forests
(average values of 0.30 and 0.27) compared to N. pumilio (0.07 and 0.13) and mixed
evergreen forests (0.08 and 0.07 for Santa Cruz and Tierra del Fuego, respectively)
which presented the lowest values (Table 19.2). In general, values for the different
forests were quite similar in both provinces. These similarities were due to the
economic activities thatwere implemented in the different forest types (e.g., silvopas-
toral systems in NA, timber harvesting in NP). According to these results, we can
conclude that human footprint differentially occurred in forest types and landscapes
across the studied provinces.

19.3.4 The Last of the Wild of the Nothofagus Forests
and Their Potential Biodiversity

The different MPB and the cross-data with HFM allowed us to identify forests areas
with low human impact and defined its potential conservation values (Fig. 19.7).
The forests of Santa Cruz province presented a high dispersion in the landscape,
in general with low potential biodiversity and human footprint. The best forests in
Santa Cruz province (e.g., best forest patches for conservation) were located in the
centre-south and close to Los Andes Mountains (e.g., Lago San Martín and Lago
Argentino). Tierra del Fuego presented lowHFM in the western areas, however those
forests have low-medium MPB. The best forests were located in fragmented areas
in the center of Tierra del Fuego, where most of the ranching and forest harvesting
occurs.

The different forest types presented unequal values and received different human
impact, mainly due to its timber potential or agroforestry uses (Peri and Ormaechea
2013; Martínez Pastur et al. 2017; Peri et al. 2019b), and their location in the land-
scape. To define conservation strategies it is necessary to know the status of each
forest type, due to the different forests presented different understory assemblage
(see Table 19.1 and Fig. 19.4), and other biodiversity values as were described for
different authors for Southern Patagonia (Lencinas et al. 2008, 2011;Martínez Pastur
et al. 2016b; Peri et al. 2016; Mestre et al. 2017; Rosas et al. 2017, 2019a, b).

The most abundant forest type in Southern Patagonia was N. pumilio (68% of
Santa Cruz and 38% of Tierra del Fuego forests) (Table 19.3). The same trend can
be observed in both provinces, where MPB increased as HFM also increased. This
can be explained by the fact that higher site quality stands typically support greater
biodiversity (e.g., Gallo et al. 2013), but also present higher timber values and are
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Fig. 19.7 Map of human footprint index for Southern Patagonia (left) and Nothofagus forests
(right). Red represents the higher impact (value close to 1) and dark green the lower impact (value
close to 0): a Lago Buenos Aires and Lago Pueyrredón, b Lago SanMartín, c LagoArgentino, dRío
Turbio, and e Tierra del Fuego. Each hexagon represents 5000 ha

therefore preferred for harvesting. Beside this, marginal forests usually were left
aside of management due to other values (e.g., upper basin protection) or due to
their inaccessibility (e.g., higher slope in mountain areas), and these forests usually
presented lower MPB (Martínez Pastur et al. 2016b).

N. antarctica forests were the second most abundant type in the region (29% of
the total forests) and the human impact followed different patterns in both provinces:
(i) in Santa Cruz province the impact was higher than in N. pumilio but follow the
same pattern (impact increased with MPB), and (ii) in Tierra del Fuego province the
impact was higher at lower and higher than at mediumMPB. This last trend was due
to lower qualities occurred in ecotone areas with grasslands and close to sea shores
(sheep production are greater at ecotone, and temperate lands close to sea shores
are used as preferred winter refugee for cattle), while higher qualities occurred in
ecotone areas with timberN. pumilio forests (harvesting intensity was higher in those
areas due to relief presented lower slopes and greater accessibility) (Martínez Pastur
et al. 2017). Finally, the mixed evergreen forests had a greater areal extent in Tierra
del Fuegoprovince(33%) than in Santa Cruz province (4%). In Santa Cruz province,
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Table 19.3 Forest types (NA = N. antarctica, NP = N. pumilio, and MIX = mixed evergreen)
classified according the human footprint index (HFH = high, HFL = low impact) and the potential
biodiversity (PBH = high, PBM = medium, PBL = low potential) for the studied provinces (SC
= Santa Cruz, TDF = Tierra del Fuego). Values representing the hexagon (5000 ha) number or
percentage for each category

SC NA (29%) NP (68%) MIX (4%)

n HFH HFL n HFH HFL n HFH HFL

PBH 65 97% 3% 66 62% 38% 7 71% 29%

PBM 30 87% 13% 104 34% 66% 2 100% 0%

PBL 22 82% 18% 106 11% 89% 6 0% 100%

Total 107 10 88 188 7 8

TDF NA (29%) NP (38%) MIX (33%)

n HFH HFL n HFH HFL n HFH HFL

PBH 63 84% 16% 64 70% 30% 0 0% 0%

PBM 29 72% 28% 46 33% 67% 49 27% 73%

PBL 21 95% 5% 37 27% 73% 78 23% 77%

Total 94 19 70 77 31 96

most of the greater values (PBH and PBM with HFH) were close to touristic places
(MartínezPastur et al. 2016a),while lowquality forests (PBL) remains in inaccessible
areas in the mountain areas (Peri et al. 2019b). In Tierra del Fuego, mixed evergreen
forests presented lower and medium potential biodiversity values, and most of them
presented lower human impact (>73%) due to mostly occurred in inaccessible areas
close to Mitre peninsula (Mestre et al. 2017).

The proposal of Sanderson et al. (2002) to identify the last of the wild allowed us
to quickly identify the areas with great conservation potential based on the intactness,
andwas successfully applied in the region (e.g.,Magallanes in Chile) (Inostroza et al.
2016). On the other hand, not all the forests presented the same quality for conser-
vation of understory plant species, due to some forests support greater biodiversity
(Lindenmayer and Franklin 2002; Elith and Leathwick 2009) as was demonstrated
for Nothofagus forests at southern Patagonia (Gallo et al. 2013; Martínez Pastur
et al. 2016b; Rosas et al. 2019b). However, when we combine both approaches
(e.g., potential biodiversity and human footprint), we obtained a powerful tool for
decision-makers that allowed us to identify forests with high biodiversity and low
human footprint that are much better targets for conservation purposes. For this, we
arrive to the conclusion that it is possible to identify areas with special values ofMPB
and low HFM according to the different forest types combining both proposals.

The ownership and the legal status of the forest lands were unequally distributed
between the two provinces (Fig. 19.8). In Santa Cruz province, the majority of
the forest was in private lands, followed by National Parks, and with small areas
under public lands. On the other hand, forest lands in Tierra del Fuego were equally
distributed between private and public lands, and where the protected areas were
equally distributed between national parks and provincial reserves.
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Fig. 19.8 Ownership status of the forest lands considering public, private and natural reserves
(NATPAR = National Parks, PRORES = Provincial Reserves): a Lago Buenos Aires and LagoP-
ueyrredón, b Lago San Martín, c Lago Argentino, d Río Turbio, and e Tierra del Fuego. Each
hexagon represents 5000 ha

The forest types were not distributed similarly among private and public lands
and protected areas (Table 19.4), where the protection status greatly varied among
species. Also, the quality and naturalness also changed across the landscape and type
of ownership. This is a very important consideration when the effectiveness of the
natural reserves networks is analysed, due to private can change their management
or conservation strategy in time, according their own interests. The outputs for forest
types and province need special attention to design effective conservation strategies.
If we considered the N. pumilio forests (Table 19.4), half of the area belongs to
private ranchers (50% in Santa Cruz and 58% in Tierra del Fuego) and the other
half belongs to public lands (6% in Santa Cruz and 32% in Tierra del Fuego) or are
located in reserves (37% in Santa Cruz and 18% in Tierra del Fuego). Most of N.
pumiliof orests presented low human impact (78% to 89%), and the greater impact
are located in private lands in Santa Cruz (69%) and equally distributed between
public and private lands in Tierra del Fuego. Beside this, most of the high quality N.
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Table 19.4 Area occupied by the forest types (NP = N. pumilio, NA = N. antarctica, and MIX
= mixed evergreen forests) classified according the human footprint index (HFH = high, HFL =
low impact) and the potential biodiversity (PBH = high, PBM = medium, PBL = low potential)
for the studied provinces (SC = Santa Cruz, TDF = Tierra del Fuego), and owner of the lands (%)
considering public, private and natural reserves (NATPAR=National Parks, PRORES= Provincial
Reserves)

Province Forest
type

Category Area
(thousand
ha)

Public (%) Private
(%)

NATPAR
(%)

PRORES
(%)

SC NP Total 224.5 6 58 33 4

HFH 23.4 18 69 13 1

HFL 201.1 4 56 35 5

PBH 76.9 8 74 13 5

PBM 73.1 6 59 28 6

PBL 74.5 2 36 60 1

NA Total 169.8 4 92 3 1

HFH 78.6 5 91 3 0

HFL 91.2 3 94 3 1

PBH 84.2 5 92 2 1

PBM 42.9 3 89 6 1

PBL 42.7 2 96 1 0

MIX Total 18.0 2 42 53 3

HFH 2.4 6 54 37 3

HFL 15.6 1 40 56 3

PBH 4.9 4 70 24 2

PBM 4.9 0 49 46 4

PBL 8.2 0 20 77 3

TDF NP Total 316.2 3 50 5 13

HFH 69.5 40 51 1 8

HFL 246.7 30 50 6 14

PBH 127.6 26 59 2 13

PBM 124.8 35 49 4 12

PBL 63.8 38 32 14 16

NA Total 182.0 0% 99 0 1

HFH 68.5 0 99 0 0

HFL 113.5 0 99 0 1

PBH 59.5 0 98 0 1

PBM 61.8 0 99 0 0

PBL 60.7 0 99 0 0

MIX Total 192.0 70 23 5 2

(continued)
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Table 19.4 (continued)

Province Forest
type

Category Area
(thousand
ha)

Public (%) Private
(%)

NATPAR
(%)

PRORES
(%)

HFH 21.3 37 43 19 1

HFL 170.7 74 21 3 2

PBH 34.0 70 19 8 4

PBM 95.8 76 20 3 1

PBL 62.2 62 31 6 1

pumilio forests for conservation (PBH) are in private lands (74% in Santa Cruz and
59% in Tierra del Fuego) and only 15% to 18% are protected in reserves.

If we considered theN. antarctica forests (Table 19.4), most of the lands belong to
private ranchers (92% in Santa Cruz and 99% in Tierra del Fuego) and just few belong
to public lands (4% in Santa Cruz and very low represented in public lands of Tierra
del Fuego) or are located in reserves (4% in Santa Cruz and 1% in Tierra del Fuego).
N. antarctica forests presented higher human impacts (46% in Santa Cruz and 38%
in Tierra del Fuego are considered HFH), and the best forests for conservation are
in private lands without any consideration for their protection. Finally, the mixed
evergreen forests presented a completely different status at both provinces (Table
19.4). In Santa Cruz 42% of mixed evergreen forests belong to privates, and 56%
are under protection. Most of mixed evergreen forests were low impacted (87%), but
the best conservation quality forests are in private lands (70%), due to only marginal
forests were included in the natural reserves. In Tierra del Fuego most of the mixed
evergreen forests are located in public lands (70%) compared to private lands (23%),
and few is under protection (7%). Most of mixed evergreen forests were also low
impacted (89%), and the best conservation quality forests are still in public lands
(70%), and few are protected inside parks and natural reserves (12%).

We compared the MPB and HFM with different ownership status and in different
provinces for the studied forest types (Table 19.5). In general, in Santa Cruz the
best quality forests for conservation are located in private lands (47% MPB) and
the worst are those located in the National Parks (29% MPB), and as was expected
the forests located outside reserves presented more human impact (0.16–0.18 HFM
compared to 0.00–0.02 HFM). In Tierra del Fuego, the best quality forests are also
located in private lands (73 MPB) and the worst in National Parks (53 MPB), and
presented greater impact in private lands (0.21 HFM) than the others types (0.04 to
0.09 HFM). As was described before, this is also can be showed for the different
forest types (Table 19.5). N. pumilio forests presented significant differences for the
comparisons, where the better conservation quality are in private lands (41 MPB in
Santa Cruz and 77 MPB in Tierra del Fuego), but presented lower human impacts
than in public lands (0.09 compared to 0.12 in Santa Cruz, and 0.15 compared to
0.17 in Tierra del Fuego). Beside this, the HFMI was lower inside the reserves as
well as in the general trend. N. antarctica did not present significant differences,
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Table 19.5 ANOVAs for the different ownership status (public, private, NATPAR = National
Parks, PRORES = Provincial Reserves) and forest types (NP = N. pumilio, NA = N. antarctica,
and MIX = mixed evergreen) analyzing the map of potential biodiversity (MPB) and the human
footprint index (HFM) for the studied provinces (SC = Santa Cruz, TDF = Tierra del Fuego)

Owner SC TDF

MPB HFM MPB HFM

Public 38.2 ab 0.16 b 62.0 b 0.08 a

Private 47.3 b 0.18 b 72.6 c 0.21 b

NATPAR 28.6 a 0.02 a 52.6 a 0.09 ab

PRORES 29.8 ab 0.00 a 67.8 bc 0.04 a

F(p) 18.39(<0.001) 22.43(<0.001) 25.54(<0.001) 13.76(<0.001)

Forest
type

Owner

NP Public 33.8 ab 0.12 b 66.8 b 0.17

Private 40.8 b 0.09 b 76.5 c 0.15

NATPAR 28.1 a 0.02 a 52.2 a 0.03

PRORES 29.8 ab 0.00 a 67.8 b 0.04

F(p) 8.90(<0.001) 8.35(<0.001) 26.70(<0.001) 3.05(0.030)

NA Public 61.0 0.38

Private 55.6 0.30 75.0 0.27

NATPAR 55.0 0.17

F(p) 0.06(0.939) 1.34(0.265)

MIX Public 59.5 b 0.04 a

Private 62.7 b 0.14 b 52.5 a 0.12 b

NATPAR 21.1 a 0.01 a 53.5 ab 0.18 b

F(p) 32.63(<0.001) 8.36(0.012) 6.26(0.003) 4.46(0.013)

F = Fisher test, p = probability at 0.05

due to they are unequally represented in the different categories. Finally, the mixed
evergreen forests presented significant differences for the comparisons, where the
better conservation quality are in private lands (63 MPB) with higher human impact
in Santa Cruz, and in public lands (60 MPB) with lower human impact in Tierra del
Fuego. One particular observation is for National Parks in Tierra del Fuego, where
HFMpresented the higher values. This is due to in the Tierra del FuegoNational Park
the most valuable touristic places are located in N. antarctica forest type, despite the
conservation values that these forests present.

It is possible to apply these methodologies to enhance the current natural reserve
networking effectiveness? We combined the results for the study area, selecting the
forest patches with lowHFM (less than 0.1) and classified them according its average
potential biodiversity (Table 19.6 and Fig. 19.9). Usually the proposals to improve
the conservation strategies are based in only one of these methodologies, usingMPB
(e.g., Mace et al. 1998; Lencinas et al. 2008; Mori et al. 2017; Rosas et al. 2019a, b)
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Table 19.6 Number of forest patches with HFM < 0.1 and area in hectares shown in parenthesis
for the different forest types (NA = N. antarctica, NP = N. pumilio, and MIX = mixed evergreen)
and classified according the potential biodiversity (H = high, M = medium, L = low) for the Santa
Cruz and Tierra del Fuego provinces

Variable Santa Cruz Tierra del Fuego

Total 59 (3010) 77 (5096)

Forest type MIX 3 (2176) 27 (4582)

NP 41 (3439) 34 (6438)

NA 15 (2004) 16 (3108)

Potential biodiversity MIX H 0 2 (7682)

M 1 (1554) 20 (4662)

L 2 (2587) 5 (3024)

NP H 15 (2373) 13 (8743)

M 11 (4900) 18 (5004)

L 15 (3434) 3 (5063)

NA H 7 (1728) 1 (2184)

M 3 (1891) 5 (3054)

L 5 (2459) 10 (3229)

or HFM (e.g., Sanderson et al. 2002; McGowan 2016; Inostroza et al. 2016; Venter
et al. 2016; Di Marco et al. 2018; Li et al. 2018), however, the combination of both
proposals generate a more powerful tool for decision-makers.

HFM allowed us to identify 59 forest patches in Santa Cruz (average area of
3010 ha) and 77 patches in Tierra del Fuego (average area of 5095 ha) (Table 19.6),
which represented 43% and 57% of the total forest area respectively (see Table
19.4 for province total values). These patches are not equally distributed among
the different forest types, and these inequity were mostly related to (i) forest type
abundance, (ii) accessibility, and (iii) economical potential of the different forest
types (Peri and Ormaechea 2013; Martínez Pastur et al. 2017; Peri et al. 2019b).
In Santa Cruz (Table 19.6), N. pumilio was more abundant (69.5% of the patches),
where 36.6% presented high potential biodiversity (n = 15 patches of 2373 ha in
average). The other forest types presented less patches: (i)N. antarctica (25.4%of the
patches) presented 46.7% of its patches with high MPB (n = 7 patches of 1728 ha in
average), and (ii) mixed evergreen forests (5.1% of the patches) presented no one of
its patches with high MPB and 33.3% of its patches with mediumMPB (n = 1 patch
of 1554 ha). In Tierra del Fuego (Table 19.6), N. pumiliowas also the most abundant
forest type (44.2% of the patches), where 38.2% presented highMPB (n= 13 patches
of 8743 ha in average). The other forest types also presented less patches: (ii) mixed
evergreen forests (35.1% of the patches), where 7.4% of its patches presented high
MPB (n = 2 patches of 7682 ha in average), and (ii) N. antarctica (20.8% of the
patches) presented 6.3% of its patches with high MPB (n = 1 patch of 2184 ha).
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Fig. 19.9 Forest patches with HFM < 0.1 for the different forest types (NA = N. antarctica, NP =
N. pumilio, and MIX = mixed evergreen forests) and classified according the potential biodiversity
(PBH = high, PBM = medium, PBL = low) for Southern Patagonia: a Lago Buenos Aires and
LagoPueyrredón, b Lago San Martín, c LagoArgentino, d Río Turbio, and e Tierra del Fuego

The number of patches with high MPB and low HFM identified outside of the
current network of natural reserves (national parks and provincial reserves) can be
important candidates to enhance the effectiveness of current natural reserve network.
Conservation of biodiversity should be improved in forest types less represented in
the protected areas network, such as N. antarctica (Rosas et al. 2019a). Most of
the patches identified for N. pumilio in Santa Cruz are already included in national
parks, while in Tierra del Fuego, those high quality patches are outside the reserves
(Fig. 19.9). Most of the unprotected high-quality patches are in the most produc-
tive areas where timber harvesting is conducted, generating different trade-offs with
biodiversity conservation. Also, the analyses for understory plant species showed
that most of the protected areas do not adequately include the most valuables patches
for conservation, which remains in private or public lands with low human impact.

High quality patches of mixed evergreen forests also were actually included in the
formal reserves of Santa Cruz, but not in Tierra del Fuego (Fig. 19.9). Most of the
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high quality forest patches in Tierra del Fuego are in the mountain areas (both private
and public lands), where low-impact tourism were conducted. Finally, N. antarctica
forests were the most critical one, due to most of the high valuable patches at both
provinces were outside the natural reserve network. These high quality patches are
in private lands which were used for cattle or sheep breeding (Peri and Ormaechea
2013; MartínezPastur et al. 2017). This forest type was identified as one of the
conservation priorities in Southern Patagonia due to its low representativeness in the
national parks and provincial reserves of Santa Cruz (Rosas et al. 2019a) and Tierra
del Fuego (Martínez Pastur et al. 2016b).

19.4 Conclusion and Recommendations

Biodiversity loss is occurring at global scale, especially in forest ecosystems (Mace
et al. 1998; Gilliam 2007; Lindenmayer et al. 2012), and is related to different degra-
dation processes (Peri et al. 2016; Gunn et al. 2019) generating trade-offs (e.g.,
cattle, harvesting, invasive species) with other ecosystem service provision (Martínez
Pastur et al. 2017; Peri et al. 2017, 2019a). This degradation processes can be linked
to the human footprint (Sanderson et al. 2002; McGowan 2016; Di Marco et al.
2018). Historically, the conservation strategy at Southern Patagonia was based on
the conservation of intact large uninhabited areas with no consideration to biodiver-
sity values. As Rosas et al. (2019b) suggested this opportunistic strategy presented
two weaknesses: (i) land-sparing has been considered ineffective for biodiversity
conservation (Coetzee 2017) due to many species need larger areas to survive; and
(ii) not all the forest types were equally included in the natural reserves (also see
Martínez Pastur et al. 2016b). Thus, most of the high biodiversity values were left
outside the reserves as was detected in our analyses too.

Improving our understanding about biodiversity values and human footprint in
natural forests is crucial to develop sustainable landscape management for an effec-
tive conservation planning (Gilliam 2007; Martínez Pastur et al. 2016b; Silva et al.
2014; Rosas et al. 2019a), and to predict the consequences of biodiversity loss due
to anthropogenic activities (Lencinas et al. 2008, 2011; Corlett 2015). The method-
ology proposed here (crossing MPB and HFM) is a simple yet effective way to assist
in the identification of new areas for conservation, or to detect potential hotspots
of high biodiversity values and low human impact outside the natural reserves, e.g.,
promoting land-sparing strategies to improve the conservation values in the managed
forests (Lindenmayer and Franklin 2002; Lindenmayer et al. 2012). However, the
limitations due to the lack of other sound variables in the modeling (e.g., harvesting
or livestock impacts, invasive species, poaching, etc.) can lead to biased results, so,
the current proposals must be ground-truth checked before their implementation.
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Chapter 20
The Role of Local Communities
in Sustainable Land and Forest
Management

Latif Haji , Naser Valizadeh , and Dariush Hayati

Abstract Conservation, protection, and proper utilization of forests play an impor-
tant role in environmental sustainability of the globe. The ultimate goal of sustainable
forest management is to create a balanced and appropriate solution for human well-
being and preservation of forest ecosystems.However, one of the prominent obstacles
to achieve this goal is the gap existing between governmental development aims and
the perspectives of local people and communities. Forest conservation requires an
integrated management that works in partnership with local communities. Local and
community-based forest management is amulti-dimensional approach to sustainable
forest management in which different stakeholders with different interests play a part
in achieving a common goal. However, little research has been done in this area. In
this regard, the main purpose of this chapter was to examine the role of participation
of local community in sustainable land and forestmanagement. This purpose fulfilled
through six steps. In the first step, the role of community participation in sustainable
forest management and its typology were explained. I the second and third steps,
the barriers and drivers of local communities’ participation were introduced, respec-
tively. In the fourth step, techniques for participation of local communities in forest
management were analyzed. In the fifth step, some practical experiences related to
the participation of local communities in forest management were highlighted. In the
sixtieth or final step, some social principles were introduced for agricultural system
and interventions aiming at sustainable management of forests and lands.
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20.1 Introduction

At the beginning of the twenty-first century, the issue of global sustainability was
widely discussed byworld leaders and consequently became a common theme among
journalists, scientists, teachers, students, and citizens in many parts of the world. The
idea of sustainability stems from a new order passed in 1969 by the International
Union for Conservation of Nature (IUCN). This idea was the main theme of the
United Nations Conference on the Human Environment (UNCHE), held in Stock-
holm, Sweden, in 1972. The concept of sustainability was explicitly stated to show
that economic growth and industrialization cannot be achieved without environ-
mental conservation. In the following decades, the mainstream of sustainable devel-
opment thinking was gradually developed through the World Conservation Strategy
(1980), Brutland Report (1987), the United Nations Conference on Environment and
Development (1992), and Paris Agreement in 2015 (Hayati 2017).

Sustainable development is a complex concept. Since it has been constantly
evolving,which hasmade it difficult to be defined in a narrowdefinition (Tibbs 2011).
Brundtland Commission in 1987 defined sustainable development as a kind of devel-
opment that meets the needs of present generation without compromising the ability
of future generations to meet their needs (Robert et al. 2005). The concept of sustain-
able development developed based on three basic concepts namely “development”
(socio-economic development in line with ecological constraints), “needs” (redistri-
bution of resources to ensure quality of life for all), and “future generations” (long-
term use of resources in order to ensure the quality of life for future generations).
Although the term “sustainable development” initially referred to the ecological
conservation, it immediately developed into a study of social and economic aspects
(Klarin 2018). Therefore, sustainable development generally encompasses the three
dimensions of the environment, society, and economy that are closely linked. In other
words, sustainable development results from the balance of these three dimensions
(Klarin 2018).

The issue of sustainability is not limited to one specific field and sector, but covers
all areas. One of the most important areas is the agricultural sector, which plays an
important role in the growth and development of countries (Hazran et al. 2017).
Investigating the development process of different countries indicates that devel-
opment of agricultural sector is one of the most important economic sectors and
a necessary prerequisite for sustainable development. So that without removing the
barriers to development in this sector, the other sectors including industry and service
cannot be flourished and developed (Momeni et al. 2017). Sustainable agriculture
is a system that while managing and utilizing resources to meet human nutrition
needs, enhances the quality of environment and natural resource reserves (Ghan-
bari and Barghi 2009). In general, sustainable agriculture is an approach that seeks
to maximize the benefits of agricultural capacity (both natural and human) and to
minimize the adverse environmental impacts. According to the Food and Agriculture
Organization (FAO), sustainable agricultural developmentmust be technically sound,
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economically viable, socially acceptable, and environmentally supportive (Ghadiri-
Masoum and Hajipour 2016). In other words, in order to institutionalize sustainable
agricultural development, the emphasis on the issue of sustainability in all economic,
social, and environmental dimensions is an inevitable necessity.

One of the sustainability aspects of agriculture is the sustainability of forests
and forest lands. Sustainable development in forestry includes afforestation and
harvesting of interconnected forests which should not damage the biological renewal
of forests (Klarin 2018). Forests as themain body of the terrestrial ecosystem provide
basic services to human beings (Feng et al. 2016). At the national and international
scales, forests have several benefits such as biodiversity conservation (McKinley
et al. 2011; Basso et al. 2018), soil and water conservation, carbon sequestration
(Feng et al. 2016), pollution reduction (Escobedo and Nowak 2009), poverty allevia-
tion and income inequality (Das 2010), and industrial wood production (Miller et al.
2009). In addition, in many developing countries, part of the income of people living
in or around the forests comes from these resources (Zenteno et al. 2013). This refers
to the benefits of forests at the local scale. More than 1.6 billion people worldwide
depend on forest resources for their livelihoods, of which about 60 million are fully
dependent and 350 million are partially dependent on forest revenue (Khosravi et al.
2014).

Today, the multifaceted importance of forests as one of the main pillars of devel-
opment on the one hand, and the concern of their destruction on the other, have
prompted global circles to develop frameworks and standards to assess the process
of transformation, exploitation, restoration, development, and destruction of forests.
These frameworks and standards can lead to sustainable exploitation of forests by
integrating the activities of international communities (Gough et al. 2008). In recent
decades, the continuous degradation of forest areas has led to much debate about the
impact of forestry activities on diverse ecosystems around the world. These discus-
sions have led to countless criticisms from the community, and have also forced
the forestry sector to put forward mechanisms that demonstrate their commitment
to environmental and social dimensions of forests. Their purpose in changing their
point of view was to show that their activities were not illegal and predatory (Basso
et al. 2018). Although some of damages may be due to geographical location and
climatic conditions/changes, it cannot be denied that much of them have been caused
by human factors (Gamoun et al. 2018). Combining these factors together and their
synergetic effect lead to reduction of biological diversity, decreasing productivity,
and high erosion rates in forest areas (Tarhouni et al. 2014). Several factors including
turning a blind eye to the environmental values and biodiversity, increasing defor-
estation, degradation of forests and lands due to human behaviors and activities
(to expand agricultural practices and produce fuel) (Young et al. 2005; Matsvange
et al. 2016), illegal and low-yield exploitation (Randriamalala et al. 2011), extinction
of forest species, and so on have profound effects on rural communities. This has
resulted in more deforestation, rapid soil erosion, sedimentation of rivers and reser-
voirs, and accelerated flooding. Such problems pose a serious threat to the forests’
resilience and revival capacity (Poffenberger 2000).
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The persistence of deforestation indicates that current forest resourcemanagement
system needs to be revised. Despite the actions of various public sector agencies,
degradation of natural resources continues (Schmitz et al. 2010). The effort to formu-
late and enforce strict laws on the use of forests has not only failed to maintain and
sustain them, but has often led to increased conflict between users and further invasion
of the ecosystem (Poffenberger 2000). Therefore, reduction of conflicts in an optimal
framework, appropriate decision-making on forestry, and sustainable management
of forest require the support and involvement of a wide range of stakeholders (Kaya
and Kahraman 2011).

Policies aimed at encouraging local participation, endogenous development, and
bottom-up approaches have been expanding for the last three decades. In this regard,
the need for greater involvement of local people in local environmental governance
and natural resource management has been emphasized by experts, policy makers
and even executives (Prager et al. 2015). These illustrate the need for a change in
the relationships between environmental planners and local communities, as well
as relationships between local communities and the nature. Because, these changes
and developments are crucial factors in achieving sustainability (Noguera-Méndez
et al. 2016). On the other hand, sustainability is not merely achieved through laws,
regulations, and technical factors. Since social dimension is one of the main aspects
of sustainability which is largely overlooked in programs. Attention to the social
dimension mainly requires an understanding of social and individual concepts of
nature, natural resources, future generations, and the relationships between these
factors (Noguera-Méndez et al. 2016). Therefore, widespread public participation is
one of the most well-known requirements of any sustainable management program
including forest management projects (Prager et al. 2015) that seems to be a must
to solve environmental problems and crises (Noguera-Méndez et al. 2016). Today,
human beings have come to the conclusion that the survival of next generation is a
function of the present generation’s management. Therefore, the idea of sustainable
development or management has been emphasized by the majority of international
community as a way of preserving the survival of today’s and future generations. The
main outputs of these events have been designing, planning, and reviewing of forest
policies and/or ways of efficient implementation, evaluation, monitoring and control
of sustainable forestmanagement (Khazaei et al. 2017). The goal of sustainable forest
management is to create a win-win solution for human well-being and preservation
of forest ecosystems. The gap between government goals and perspectives of local
people is the major problem in this field (Boissière et al. 2009). Forest conservation
requires a management style that is implemented in collaboration with local commu-
nities. Local community-based management (CFM) is a multi-sectoral approach to
sustainable forest management in which different stakeholders play different roles
(to achieve the common goal of sustainable forest conservation and exploitation)
(Urech et al. 2013). CFM generally refers to local residents who develop institutions,
norms, laws, and costs to conserve forest resources. Community-based management
systems typically include one or more communities that protect and use a particular
forest area (Poffenberger 2000).This collaborative approach empowers local commu-
nities through poverty alleviation, management and deforestation, and sustainable
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utilization of forest resources (Cronkleton et al. 2011; Chirenje et al. 2013). Shep-
pard (2005) developed a framework for participatory sustainable forest management.
There were some important principles for participatory sustainable forest manage-
ment in his framework. The principals included broad representation of stakeholders,
open access to stakeholders, clearly structured decision-making process, engaging
process, understandable and accurate information, appropriate scale and detail for
participants and resource managers, focusing on assessing sustainability over time,
credibility of the process, and mutual learning and capacity-building. Michon et al.
(2007) also introduced a concept entitled “Domestic Forests” which highlights the
importance of local community participation in forest management. These scholars
stated that domestic forest constitutes a specific category of forestmanagementwhich
clearly differs from classic or more modern professional forestry as exposed in text-
books. The domestic forest is neither a production nor a conservation forest, and not
even a forest management model that embodies multi-functionality. It is “a forest
for living,” a forest that integrates production and conservation with social, polit-
ical, and spiritual dimensions. It clearly constitutes a “third way” in global forest
management.

In a nutshell, it can be mentioned that the local and CFM is a multi-dimensional
approach to sustainable forest management in which different stakeholders with
different interests play a part in achieving a commongoal.However, little research has
been done in this area. In this regard, the main purpose of this chapter was to examine
the role of participation of local community in sustainable forest management.

A review of the research literature on CFM or forest management with the partic-
ipation of local communities shows that despite the adoption of various laws and
extensive studies in this field, no significant attention has been paid in practice to
the role of local communities. Many reasons (social, economic, political, and etc.)
have been presented for the lack of serious focus on the real participation of local
communities in forest management. This chapter highlights the lack of knowledge
about the practical ways of local communities’ participation as one of themost signif-
icant obstacles in this regard, which can be considered as a research gap. The most
important original contribution of this chapter is that it emphasizes the potentials
of local communities and the application of participatory methods in sustainable
forest management. Filling this gap is important because it can help re-evaluate
intervention activities to involve local communities in forest management. In this
way, practitioners, decision makers, managers, and other stakeholders will focus
on changing and improving participation techniques, rather than focusing on the
economic and technical tools to increase participation in forest management. Also,
one of the originalities of this study is that it introduces agricultural extension systems
as potential and capable institutions in involving local communities in sustainable
forest management. To achieve the main purpose of the chapter, six specific goals
were defined:

• The role of community participation in sustainable forest management and its
typology;

• Challenges and barriers for participation of local communities;
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• Factors influencing local community involvement in sustainable forest manage-
ment;

• Approaches and techniques for the participation of local communities;
• Practical experiences of local community participation in forest sustainability

management; and
• Social principles for agricultural system and interventions aiming at sustainable

management of forests and lands.

20.2 Participation of Local Communities as a Key Pillar
of Sustainable Forest Management and Its Typology

Forest management has a long history and has traditionally been intended to provide
timely timber supply (Puettmann et al. 2012). Concepts such as “the possibility of
annual harvesting” and “sustainable management” were introduced in early stages
of developing science of forestry. Sustainability of forest use in these stages was
only measured by “the increase and stability of wood production”. In the next stages
of developing this science, the need to adopt community perceptions of forestry
practices (such as the wider impacts of environmental movements and arguments
on sustainable development) and the production of a diverse set of ecosystem goods
and services led to a greater focus on sustainable forest management (Rist and Moen
2013). The concept of sustainability in forestry science was adopted as a principle
from the early eighteenth century. But its interpretation has been developed over
the time. It can therefore be mentioned that sustainable forest management is rooted
in the science of forestry in the first decade of eighteenth century (Rist and Moen
2013). This thinking was then formulated in the form of “Agenda 21” in 1992, at the
Rio Conference (Khazaei et al. 2017). Sustainable forest management is defined as
“the stewardship and use of forests and forest lands in a way that preserves biodiver-
sity, productivity, regeneration capacity, vitality, and the potential to achieve them
for present and future”. It also maintains the interdependence of environmental,
economic, and social functions at the local, national, and global levels and does not
harm other ecosystems (Rist and Moen 2013).

The multidimensional nature of sustainable development has given greater atten-
tion to the use of “social capital” which is designed and implemented in different
countries for this purpose. Significant efforts have been made in recent years to
improve social capital in the field of environmental protection. Given the expanding
scope of environmental issues as well as the importance of using environmentally
friendly technologies and methods, developing efforts in this area (attracting public
participation) is inevitable (Schmitz et al. 2010). Given the importance of conserva-
tion of natural resources, the formulation of conservation strategies and sustainable
exploitationof these resources are considered as a fundamental necessity. In this situa-
tion, the villagers have amajor role to play as themain beneficiaries of these resources
in local communities. People’s participation in any project ensures that the project is
implemented and sustained, and this ismore important in protecting the forest (Urech
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et al. 2013). It is because of the fact that environmental and forest issues are inter-
twined with the lives of local communities and success of any program will require
the participation of these communities (Matsvange et al. 2016). The role of people
in decision making, planning, implementation, monitoring, and evaluation of any
conservation program is crucial. Therefore, an appropriate management system for
conservation of resources such as forests should be based on local community-based
management (Chirenje et al. 2013). Proponents of community engagement argue that
where local communities actively participate in decision making, achieving sustain-
ability is facilitated. In other words, the main strategy for implementing sustainable
development is to emphasize the involvement of local communities (Chirenje et al.
2013).

Local communities have long been involved in the exploitation, conservation,
and manipulation of forests (McDermott 2009). Local communities base their forest
management system on traditional knowledge and specific laws to maintain the
biophysical status of forests resulting in long-term ecological sustainability consis-
tentwith local priorities (Rutt et al. 2015). However, government ownership of forests
disrupts their use andmanagement by local people, resulting in gradual deforestation
and poverty of forest dwellers. Deprivation of local people from forest management
is not a good policy when people depend on forest resources due to high poverty and
high population density (Nath et al. 2016). Because it does not guarantee protection
of forests from deforestation or avoiding more environmental problems. Following
conservation programs by limiting people’s access to forest resources reduces liveli-
hood sources and increases migration and social conflict between rural poor. The
failure of centralized or top-down supervisory approaches in forest resourcemanage-
ment have led to the creation of sustainable policies and development of multidimen-
sional resource management strategies that allow for a wider involvement of stake-
holders (including the local population) in themanagement process. This has resulted
in decentralization of forest management/governance in many countries (Nath et al.
2016).

The shift in international perspectives towards sustainable forest management
practices has led policymakers in both developed anddeveloping countries to distance
themselves from purely technical interventions and consider “decentralization” as
a strategy for improving public sector performance, achieving development goals,
delivering services, and protecting environment (Ambrose-Oji et al. 2015; Nath et al.
2016). In this regard, in recent decades, different participatory approaches or decen-
tralized policy frameworks for forest resource management through the transfer of
authority to local communities have been put forward for better forest management
and democratic participation (Kumar et al. 2015).Murphree (2009) states that CFM is
one of the most important manifestations of decentralization. Gilmour (2016) iden-
tifies various events that have influenced the emergence of CFM. Details of these
events have been presented in Table 20.1.

Decentralization allows stakeholders to participate in the joint management of
forest resources. In other words, delegating forest management responsibilities to
local communities facilitates collective decision-making processes in a fair, trans-
parent, and rapid manner. By implementing policies and programs that reflect the



480 L. Haji et al.

Table 20.1 Key global forest-related developments that have influenced the evolution of CBF

Period Events Response

1970s Fuelwood crisis Initiation of forestry for local community
development

Failure of forest industry development
model to sustain forests and meet
community needs

Establishment of fuelwood plantations
(generally top-down); many failed

1980s Large-scale deforestation; environmental
degradation

Pilot projects tested CFM modalities in
different settings to address environmental
concerns

Forest sector reforms: decentralization
and devolution policies

Emergence of “people participation” and
bottom-up development

1990s Sustainable development paradigm Focus on sustainable forest management
and livelihoods as CBF objectives

Recognition of indigenous people rights Establishment of CFM regimes that
formalize indigenous people rights to
manage forests
Expansion of CBF across all regions

2000s Globalization, trade liberalization Growing interest in commercialization of
wood and non-wood goods and services
produced under CFM

2010s Global policy focus on climate change,
illegal timber, and payment for
environmental services

Additions to CFM objectives to address
global policy interests

real needs and preferences of the people, decentralization leads to increased manage-
ment efficiency and better oversight of decision makers (Andersson 2006). Decen-
tralization of forest governance or management structure is seen as a key strategy
to ensure efficiency, equity, and democracy in the forest management system and
transfers forestry management responsibilities and functions from central govern-
ments to local communities (Mohapatra 2013). Decentralization of forest conser-
vation programs has also the benefits of effective management, better adoption of
management measures, improved stakeholder confidence, reduced law enforcement
costs, increased public awareness, poverty alleviation, and improved economic well-
being of rural people, especially in developing countries (Murphree 2009; Inoue and
Shivakoti 2015; Kumar et al. 2015).

Since 1980s, many developed and developing countries have experienced various
forms of decentralized forest management or CFM. The decentralized management
plans of these countries have varied greatly in terms of level of success and failure.
CFMprogramswhich are known as community forestry, social forestry, participatory
forestry, joint forest management, and etc. are regarded as innovative approaches to
improve forest management and conservation strategies. These practices are famous
for integrating environmental, economic, and social goals (Chomba et al. 2015;
Ambrose-Oji et al. 2015; Nath et al. 2016). CFM is used as an effective strategy to
achieve the multiple goals of sustainable forest resources management and poverty
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Fig. 20.1 Area of forest under CBF regimes, by region. Source Gilmour (2016)

reduction (Agbogidi et al. 2010). Integrating foresters’ professional knowledge and
skills with the knowledge and resources of the local community offers an alternative
approach to achieve forest sustainability. This integration of knowledge results in
empowerment of local communities and promotion their well-being (Nath et al.
2016). It is estimated that more than one-tenth of the world’s forests are governed
by participatory and community-based models (Casse and Milhøj 2011). Gilmour
(2016) reported that about 18% of the world’s forested areas are managed using a
community-based forest (CBF) management approach (Fig. 20.1).

It should be noted that the literature on themanagement of natural resource by local
communities does not claim that these communities alwaysmanage natural resources
effectively and efficiently. Like governments and governmental approaches, these
management practices sometimes fail to achieve this goal. What the research litera-
ture suggests is that local communities can do manage forests better than the central
government. This does not mean that the government should have no role in forest
resource management (Hutton et al. 2005). One of the benefits of local communities
over central government in resource management is their ability to quickly access to
accurate information on resources status and thus faster adaptability. In addition, the
cost of law enforcement and monitoring is lower due to the high social capital avail-
able to local communities. The local community has a symbiotic relationship with
the forests and can participate in forest development. The partnership is the corner-
stone of CFM. Community-based forestry supports the empowerment of commu-
nities and the inclusion of all groups of society (minorities, youth, women, etc.) in
decision-making. This participatory approach provides a framework for sustainable
rural development (Agbogidi et al. 2010).

The concept of public participation has been widely understood so far. The UN
considers public participation as one of the key elements of development process.
Shuman (1994) sees participation as the first prerequisite for development.According
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to the World Bank, public participation empowers people and enhances the organi-
zational skills and ability of them to be able to manage a society (World Bank 1995).
Irvin and Stansbury (2004) believe that public participation leads to making better
and more acceptable decisions on natural resources.

In the process of participation, the role of each member and partner in social,
economic, and environmental partnershipsmust be determined by observing the rules
and taking responsibility (Chirenje et al. 2013). Reed (2008) argues that participation
means the voluntary involvement of individuals in decisionmaking, implementation,
operation, and evaluation of activities. Of course, this does not mean that in any part-
nership, people can make decisions and participate in all stages. Rather, it is impor-
tant that people believe in the main issue and participate in the planning according to
their level of understanding. Widespread use of the concept of development makes
the participation more practical. With reviewing the concepts of economic growth,
economic development, and sustainable development, it can be concluded that partic-
ipation has evenmore fundamental implications. As such, participation in sustainable
development has been called the goal and means of achieving development (Bessette
2012). Table 20.2 shows a classification of different types of participation byChirenje
et al. (2013).

There are another typology for participation of local communities in forest
management and exploitation. Phongkaranyaphat et al. (2017) introduce a classi-
fication based on the different stages of participation in forest management and
exploitation:

1. Participation in decision making

• Participation in village meetings for the development of social forestry;
• Participation in determining the forest area;
• Participation in setting up the social forestry management committee;
• Participation in the regulation of forest use laws; and
• Participation in issuing warrants for community forest offenders.

2. Participation in the implementation process

• Participation in the allocation of forest resources;
• Participation in tree planting and tree care;
• Participation in preventing offenders from deforestation;
• Participation in forest conservation training;
• Participation in forest fire fighting;
• Participation in marking the forest area boundaries; and
• Participation in youth awareness of forest values.

3. Participation in the acquisition of benefits

• Use of non-wood forest products;
• Use of forest area for livestock breeding and feeding;
• Make more money and reduce household costs; and
• Encouraging people to conserve forest resources.
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Table 20.2 Typology of participation

Typology Components of each type

Passive participation People participate by being told what is going to happen
or has already happened. It is a unilateral announcement
by an administration or project management without
listening to people responses. The information being
shared belongs only to external professionals

Participation in information giving People participate by giving answers to questions posed
by external researchers and project managers using
questionnaire surveys or similar approaches. People do
not have the opportunity to influence proceedings, as the
findings of the research or project design are neither
shared nor checked for accuracy

Participation by consultation People participate through consultation and external
agents listen to their views. The external agents define
both problems and solutions and may modify these in
light of people’s responses. Such a consultative process
does not concede any share in decision-making and
professionals are under no obligation to take on board
people’s views

Participation for material incentives People participate by providing resources, for example
labor, in return for food, cash or other material
incentives. It is very common to see this so-called
participation, yet people have no stake in prolonging
activities when the incentives end

Functional participation People participate by forming groups to meet
pre-determined objectives to the project, which can
involve the development or promotion of an externally
initiated social organization. Such involvement does not
tend to be at early stages of projects, but rather after
major decisions have been made

Interactive participation People participate in joint analysis, which leads to
action plans. It tends to involve interdisciplinary
methods that seek multiple perspectives and makes use
of systematic and structured learning processes

Self-mobilization/active participation People participate by taking initiatives independent of
external institutions to change systems. They develop
contacts with external institutions for resources and
technical advice they need, but retain control over how
resources are used. Such self-initiated mobilization and
collective action may or may not challenge existing
distributions of wealth and power

4. Participation in the evaluation of results

• Participation in tracking forest changes;
• Participation in outcome evaluation;
• Participation in discussions about forest benefits; and
• Participation in applying for a forest use approval.
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20.3 Challenges and Barriers of Community Participation
in Sustainable Forest Management

Decision makings on forest resource management are often associated with
complexity and uncertainty due to the multi-functionality of these resources, diffi-
culty of monetary valuation of ecological services, and involvement of large number
of stakeholders (Sherry et al. 2005). However, this fact has been proven that the
achievement or success of sustainable forest management depends on the support
and input of a wide range of stakeholders. So that the benefits such as acquiring
local knowledge, raising public awareness, and supporting forest management are
achieved through public participation (Sheppard and Meitner 2005). Experiences
have shown that successful forest management requires shared decision making
between communities and other stakeholders. This requirement in turn depends on
their (stakeholders) interconnection and understanding. For decades, national and
international projects have been trying to stop the destruction of natural resources
and find ways to create a sustainable forest management system. However, most of
these CFM projects have rarely been successful (Pollini 2010). One reason for the
failure of these projects is that they do not provide sufficient financial incentives to
local people or are delayed due to socio-cultural problems (Urech et al. 2013).

Despite the importance of local people’s participation in the conservation and
development of natural resources and the emphasis of planners and experts on the
need to use the people’s power in this area, their participation has always been
confronted with many problems and obstacles (Adam and Kneeshaw 2008; Chirenje
et al. 2013). The problems and barriers to participation in natural resource manage-
ment such as forests can be examined from two perspectives. The first perspective
points to barriers and limitations that relate to the “internal conditions” of local stake-
holders. These barriers include lack of awareness of the goals of programs, social
heterogeneity, lack of trust, incompatibility with new conditions, short-term atti-
tudes, and expectations of the government. But the most important problems can be
found in the “external conditions” of target community which have been addressed
in the second perspective. This perspective includes obstacles such as the over-
whelming expansion of organizational structures, lack of rules for executive agencies
to employ participatory approaches, centralized decision-making system, ineffective
use of mass media, insufficient understanding of policymakers and planners about
the importance of participation, the emphasis of academic and research centers on
the technical aspects of research, inconsistency of technologies with the needs of
individuals, lack of continued governmental support for organizations, lack of suffi-
cient attention to the socio-economic dimensions of projects, lack of experienced
experts and inappropriate policies. This study presents six of the most recognized
major barriers and challenges for local community participation:

Economic barriers: Participations are costly in some cases and require investment
from the participants. However, many people, especially in rural areas, lack the
financial capacity to participate (Chifamba 2013; Kilewo and Frumence 2015). The
economic benefits of local people have always been a challenge to their participation
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in forest management programs. The majority of locals, especially in less developed
and developing societies, are poor and have little income (Colfer et al. 2011). Most of
their livelihoods depend on agriculture and forestry. Therefore, CFM alone cannot
improve the income of a growing population in these communities (Urech et al.
2013).

Social barriers: Lack of awareness about the goals of projects and their char-
acteristics, illiteracy of the target group, competition and jealousy (Kilewo and
Frumence 2015), lack of constructive relationship between individuals, lack of infor-
mation sharing, lack of access to information (Chifamba 2013), lack of attention to
indigenous knowledge in programs, and lack of community-oriented organizations
(Khedrizadeh et al. 2017) are among the most important social constraints. Also,
another societal challenge to local community participation can be the overriding of
customary rights in forest use that cause conflicts between people (Andriamalala and
Gardner 2010).

Traditionalism and its appreciation: Local people’s distrust of government offi-
cials (Chifamba 2013), self-interests (Lahijanian and Shiehbeiki 2016), local power
relations, and hierarchies between social groups and generations may lead to conflict
of interests. So that the traditional social/structural order (inwhich the oldest member
is the chairman) is disturbed. These traditional social orders may negatively increase
the power of the elite minority (Urech et al. 2013). It should be noted that the extent
of local people’s participation in law-making and policy-making is not the same. For
example, these processes may be affected by gender inequalities. Thus, women are
less likely to participate (Fedele et al. 2011).

Practical barriers: Centralized planning, inadequate supply mechanisms, lack of
local coordination, inadequate project content, and lack of local structures are consid-
ered as the practical obstacles. ImplementingCFM in itself is a challenge. Continuous
monitoring and control ofCFMprocesses are important andworrying issues that need
to be done by the communities themselves. Since doing so ensures its sustainable
management. Long-term support, training, and guidance by foreign agencies will
ultimately lead to failure of programs (Urech et al. 2013).

Structural barriers: Structural barriers to participation are fundamental problems
in any forest management program that need be taken into account. The structure
extends to the regional and local levels and encompasses all formal institutions
and relationships (Lahijanian and Shiehbeiki 2016). The lack of institutionaliza-
tion of community participation ethics (weak public belief in participation), weak
institutional partnerships (Shaeri and Saadi 2003), inadequate institutional support,
political instability, and poor governance are structural barriers to implementation
of a program. Also, centralized planning, relations of production and power, and
the structure of government organizations leave no room for participation. In the
absence of government capacity to devise, implement, and finance environmental
policies, external donors will dictate ways to implement conservation programs. In
other words, most environmental activities will be carried out by foreign nongovern-
mental organizations. As a result, due to the lack of attention to the proved facts,
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interests, and concerns of the local context, they will lose credibility (Urech et al.
2013).

Perceptual barriers: Refer to the obstacles that can be overcome by the personal
efforts of stakeholders or by changing the “cultural” status of a society. Personal
values can be obstacles to people participation in forest conservation and manage-
ment. Some stakeholders may value community participation, while others may not.
Some stakeholders try to create a cynical atmosphere in the process of participation
that can make other participants reluctant to participate. Social values can also be
considered as the obstacles to people participation in forest conservation andmanage-
ment. Unless the social values in a society encouraging the civic engagement and
open dialogue about important issues that affect stakeholders, participation may not
take place (Offenbacker 2004).

20.4 Factors Influencing Local Community Involvement
in Sustainable Forest Management

Partnership first of all needs to be facilitated. People need to know their role and duty
well in the system of participation. The following factors play an important role in
encouraging people to participate.

20.4.1 Partnership Belief

Prior to participation, democratic ethics must be institutionalized in society and
become reality as a dynamic process in society. Lack of belief in participation is one
of the most prominent problem of participation, especially in third world countries.
In these countries, power rests with the political, economic, and local elites. Then,
it is not possible for people to participate and create democracy in society. In this
regard, the first step is the division of political, economic, and social power among
the people. Following steps should be taken to build public trust:

• Equitable distribution of power between people: Without equitable distribution
of political and social power, it is not possible for the weak/low-income groups to
participate in society. Emphasizing the role of rural communities in all stages of
the implementation of natural resource conservation projects and the transfer of
project management to local people are effective in attracting people to participate
(Rahmani et al. 2018).

• Building a sense of self-reliance in people: Understanding participation can only
be achieved by encouraging self-reliance and increasing self-esteem. In this
regard, changing people’s attitudes is an indispensable necessity for participation
and development (Khedrizadeh et al. 2017).
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• Taking into account the social and cultural characteristics of the people: “adap-
tation of natural resource conservation schemes to the specific conditions of
different regions”, “empathy and unity between the villagers and those involved
in the project”, “preservation and development of indigenous skills”, and “the
attention to cultural conditions of local people” can lead to greater participation
(Yaghoubi-Farani et al. 2017; Rahmani et al. 2018).

• Group actions and community development: It is necessary to help create spon-
taneous and popular organizations for the sustainable management of natural
resources. Weak community groups are not able to participate in projects individ-
ually. But when they act in groups, they are more willing to participate (Rahmani
et al. 2018).

• Voluntary participation: participations in natural resource (forests) management
should be voluntary. People must participate consciously and voluntarily.

• Increasing awareness of natural resource users and expanding cultural and literacy
centers (Khedrizadeh et al. 2017).

• Teaching the culture of participation to planners of participatory programs (Shaeri
and Saadi 2003).

• People satisfaction with past programs and their attitude toward programs
(Bagherian et al. 2009)

20.4.2 Existence of Participatory Institutions

The first step after establishing a public belief in participation is to establish partic-
ipatory institutions. These institutions have a major purpose, which is to moderate
the power at a high level of the government structure and deliver it to the lower levels
of society. Such decentralization movement is usually faced with opposition through
the upstream management structures. Also, the development of a law on investment
in natural resources is one of the factors driving people participation (Shaeri and
Saadi 2003).

20.4.3 Providing Sufficient Information and Establishing
an Information Network

Without technical information, partnerships will not happen even if there are partici-
patory institutions. In a participatory action, organizational communication, the level
of knowledge and information of the people in the field of forestry, development of
people’s forest-related management skills, suitability of projects, and the real needs
of the people should be considered (Yaghoubi-Farani et al. 2017). Also, awareness
of rights, information on successful projects and experiences, commercialization of
commodities, and CFM approaches can help attract more people (Bagherian et al.
2009). People in the process of participation may require two types of information:
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• Technical Information: This information contains various skills and issues that
people need to know in order to execute a specific project. This information help
people identify their environment and their inner capacity to solve problems. The
effectiveness of this information depends on the level of literacy of the community.
Thus, literacy seems to be a significant factor in public participation.

• Management Information: This information include how and when people should
participate in and execute projects. Management information include information
that help monitor and execute a project. Most projects fail because of the lack of
operational and management information (Shaeri and Saadi 2003).

20.4.4 Access to Financial and Technical Resources

In addition to the issues mentioned above, staffing and funding are needed to partic-
ipation. In many cases, people have to reach a level of financial ability to partic-
ipate in an activity. Thus, the extent of people’s economic dependence on forests
and income (Yaghoubi-Farani et al. 2017), awareness of the benefits and applica-
bility of programs, and the benefits of participation are prerequisites for increasing
participation (Khedrizadeh et al. 2017).

20.5 Participatory Approaches and Techniques in Forest
and Natural Resource Management

Participation techniques and approaches are widely applied in subject areas such as
agro ecosystems, natural resources, forestry, animal husbandry, fisheries, irrigation,
health and nutrition, agricultural research systems, agricultural extension, marketing,
organizational evaluation, and technology evaluation (Shabanali-Fami et al. 2004).
Participatory approaches are useful in forest management and forest projects’ imple-
mentation (that are supported by government or foreign organizations). They can
encourage local people to become seriously involved in forest management projects
and act as a decision maker and share the benefits thereof. Local community partic-
ipation leads to learning, and learning is often a prerequisite for changing behaviors
and practices (Apipoonyanon et al. 2020). In analyzing themethods of participation, a
greater understanding about the entity (especially the culture of a territory and indige-
nous knowledge) is of the utmost importance. There are many applied studies that
support participatory approaches as a tool for achieving sustainable development.
These approaches easily make a lot of information available and enrich the body
of sustainable development knowledge (Matteoli 2017). Here are four participatory
approaches to CFM. These approaches include: rapid rural appraisal (RRA), partici-
patory rural appraisal (PRA), participatory poverty appraisal (PPA), and participatory
learning and action (PLA).
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20.5.1 Rapid Rural Appraisal (RRA)

RRA was developed in the 1970s and was widely used in the 1980s. The main
idea behind RRA is to collect data such as the physical characteristics of the area,
available resources, suitable cropping patterns, and so on, in rural settings. These
information are collected and produced in close cooperation with local people in the
rural area (Falsafi et al. 2015). RRA is considered by researchers as an extensive
system that can be used at both rural and public levels. RRA implies a process that
is time and resource efficient. By comparing RRA with more classical perspectives,
one can achieve more accurate and explicit results on learning from outsiders. In this
way,multidisciplinary teams usually use different techniques. For example, to collect
secondary resources for mapping local areas, the ranking matrix and Venn diagram
or chart are created. Other tools used include interviewing key informants, question-
naires, subject workshops, case studies on local events and cultures, timelines, and
other forms of direct observation (Matteoli 2017).

RRA leads to direct communication with local people and actors and facilitates
explicit information gathering. These activities are done by a team of experts to learn
more in a particular context. In most cases, RRA is conducted by a small research
team or trained professionals in a one-to-three day workshop. The role of local
people in RRA is to provide relevant local knowledge for research and development
planning purposes. In this way, the initiative to use this information or decision-
making power over projects is left to external agents/outsiders (Falsafi et al. 2015).
In this participatory approach, information is channeled from a top-down system and
society responds to external stimuli. The general feeling is that the end product of
participation belongs to the researchers/outsiders not to the society (Matteoli 2017).

20.5.2 Participatory Rural Appraisal (PRA)

In the late 1980s, another approach was tested and used to build empowerment and
legitimize local knowledge, building on the experiences gained from implementing
theRRAmethod. Thiswas the PRA that first appeared inKenya in 1988. PRA is espe-
cially applicable to natural resource management as well as food security and social
programs (Chambers 1997; Matteoli 2017). PRA refers to a set of methods and tech-
niques aimed at stimulating people’s participation in various socio-developmental
processes and applying their indigenous ideas, theories, and knowledge in project
planning/management (Hosein-Bar and Rastakhiz 2018). According to Chambers
(1997), who is the most famous promoter of this approach, “PRA is a growing field
of approach that strives to empower locals, increase their analytical power in life, and
improve rural conditions. It is carried out “by” people and “with” their involvement
in planning and implementation”. Accordingly, PRA can be used by people in the
city or village to assess their own situation. It also enables them to analyze, execute,
monitor, and evaluate programs. This method also increases the empowerment of
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Table 20.3 Comparison of RRA and PRA

Comparison criteria RRA PRA

Development history Late 1970s–1980s Late 1980s–1990s

Main initiators Universities NGOs

Main users Funding organizations and
universities

NGOs, local organizations,
public organizations

Main source Local people knowledge Abilities of local people

Main innovation Methods and techniques Behaviors

The main method of outsiders Extraction Facilitation

Goals Data collection Empowerment

Main agents Outsiders Local people/insiders

Long-term results Programs, projects, and
publications

Sustainable local actions and
institutions

women and the poor and ultimately leads them to have more control over their lives
(Leurs 1996). This method consists of five basic principles including empowerment,
respect, localization, enjoyment, and inclusiveness. External knowledge (outsiders’
knowledge) must be absorbed and integrated with local knowledge through partici-
pation. Knowledge empowers societies and must therefore be understood as a value.
In this way, researchers should try to understand and learn about the characteristics,
cultures, and relationships of the community (Matteoli 2017).

Although RRA and PRA have similarities, the two approaches are not the same.
RRA is a tool to outsiders through which they gather information and transmit it
outside the local context. This information is then used as needed in planning and
decisionmaking.But PRA is not just a tool for gathering relevant, timely, and accurate
information, but rather it is a process of empowering local people that represent the
local knowledge capacities and its applicability in personal and social environments
(Shabanali-Fami et al. 2004).Chambers (1997) has examined the differences between
these two approaches appropriately in different respects (Table 20.3).

20.5.3 Participatory Poverty Assessment (PPA)

PPA mainly refers to those field surveys that were designed to assess poor countries.
It was firstly developed by the World Bank in 1992. PPA focuses on the involvement
of various stakeholders, especially the disadvantaged and vulnerable groups, and
seeks to analyze poverty and identify specific solutions to this problem. It is very
common for rural and poor people to feel that they are incapable of implementing
development policies. Because they believe that decisions are made by outsiders and
that their development plans are fully controlled. They feel they cannot influence
the decision-making process. Therefore, the purpose of PPA is to overcome these
social barriers. In fact, the poor are not only involved in the planning process, but
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also are considered as one of the most significant decision-makers. So that they
can commit and address especially national policies (Matteoli 2017). PPA takes into
account the fact that poor people have the capacity to analyze solutions and articulate
their priorities, and their definition/understanding of poverty and its priorities is
fundamentally different and often more realistic than policymakers’ assessments.
However, its main purpose is to improve the effectiveness of government measures
to reduce poverty (Shabanali-Fami et al. 2004).

PPA is a process that seeks to understand poverty from the perspective of a wider
range of stakeholders and engage them directly in the planning, implementation,
and follow-up of programs. The most important stakeholders involved in the PPA
process are poor men and women. PPA also includes decision makers from all levels
of government, civil societies, and local elites. This helps identify different interests
and perspectives and enhances local capacity and commitment to action. PPA seeks to
understand poverty in its social, institutional, political, and local context. Regarding
that PPA addresses national policy, micro-data is collected from a large number of
communities to identify the characteristics of social groups and geographical areas.
Identification of characteristics of social groups and geographical areas will then
lead to the discovery of “patterns” in social groups. The most common tools used in
PPA are micro level indices/data and Venn charts (Matteoli 2017).

20.5.4 Participatory Learning and Action (PLA)

PLA is an approach to learn and interact with communities. This is a growing set of
collaborative and intuitive tools with interview techniques. PLA is used to facilitate
the process of collective analysis and learning. This technique has traditionally been
used in rural communities in developing countries (Thomas 2004). It is a practical and
adaptive research strategy that enables different groups and individuals to learn and
collaborate together, focus on common problems, identify challenges, and produce
collaborative and democratic responses to the problems. This approach can be used
to “identify needs” and “plan, execute, monitor, evaluate and follow up the projects”
(Chambers 1997).

PLA is a powerful consulting tool and provides an opportunity for communities
to actively participate in issues and interventions. Traditional research has focused
more on “consulting” and “finding results” for the analysis, without providing any
advice for action. In contrast, PLA analyzes the problems by sharing perspectives.
PLA allows the poor people to be involved in providing realistic solutions. This
allows local people to share their understanding and identify, prioritize, and eval-
uate issues using their knowledge of local conditions. PLA is increasingly used in a
range of community-based poverty and regeneration projects where active commu-
nity participation is a priority. PLA enables community members to participate in
problem solving regardless of age, ethnicity, and literacy (Thomas 2004). In this way,
key stakeholder groups are encouraged to learn from each other and share their ideas
(Chambers 1997).
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20.6 Practical Experiences of Local Community
Participation in Forest Sustainability Management

Many countries around the world have successfully employed participatory tech-
niques in management of forests and lands. Two examples were shortly explained
here in this section.

20.6.1 Honduras

The relationship between local communities and the commercial exploitation of
forests in Honduras goes back to the early colonial period (Tucker 2004). However,
prior to the 1970s, local communities were not allowed to use forest resources for
commercial purposes. In 1974, the law of Social Forestry System (SFS) was adopted
to involve the rural population in the use and conservation of forest resources. Since
then, Honduras has widely promoted agricultural forest cooperatives and other forms
of community-based forestry enterprises (CFEs). Despite many problems, SFS is
one of the lasting and successful examples of social forestry policy in Latin America
(Trends 2013).

Over the past ten years, Honduras has experienced numerous efforts and initia-
tives to improve forest management. In the first half of the last decade, a pro-
environmental grassroots movement has been formed to prevent deforestation. In
2005, the Honduran National Commission for Human Rights launched an indepen-
dent forest monitoring project that led to the disclosure of illegal logging (Trends
2013).

In 2010, the National Institute for Forest and Wildlife Conservation and Devel-
opment (ICF) launched a national strategy to control illegal forest exploitation
and trade in Honduras (Trends 2013). Another important step for the Honduran
government was negotiating with the European Union on a Voluntary Partner-
ship Agreement (VPA). VPA in Honduras offers a new opportunity to recognize
the rights of community-based forest, move away from top-down programs, and
promote a more active regulatory framework. The common goal of all these initia-
tives is to improve forest management by reducing forest loss and destruction,
enhancing forest-dependent livelihoods, and encouraging sustainable forest manage-
ment (Trends 2013).Most importantly, theHonduran experience shows that these can
be achieved through community-based forest enterprises (CFEs) which are involved
in the production, processing, and trade of forest products (Trends 2013). Fortín
et al. (2010) point out that while CFEs may not always be successful, there are many
examples where CFEs have reduced deforestation/illegal exploitation and created
employment for poorer communities. In other words, such successful examples of
institutionalized forestry have created sustainable forms of forest use (Fortín et al.
2010).
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A comparative study between 1997 and 1995 showed that there was a significant
difference between CFE-controlled and uncontrolled areas in terms of deforestation.
Deforestation rate was 0.03% in CFE-controlled areas and 1.5% in uncontrolled
areas. Also, statistics show that over a six-year period (2011–2011), the rate of
deforestation in CFE-controlled areas has decreased by 50% (Trends 2013). Overall,
studies and evaluations show that social forestry cooperatives have prevented illegal
forest use and deforestation in Honduras (Fortín et al. 2010).

20.6.2 Bangladesh

The role of forests in Bangladesh GDP is about 5% (FAO 2000). Forests in
Bangladesh are being destroyed due to various socio-economic threats and compe-
tition for land use. Major problems affecting natural resource management in
Bangladesh include poverty, high population growth rates, scarce financial resources,
inappropriate use of technologies, institutional weakness, human resource weakness,
poor quality of data on resources, and reduced sustainability of resources and forests
(Biswas and Choudhury 2007). Although Bangladesh has more than 100 years of
scientific forest management experience, CFM is a new intervention approach in
this country. This approach is designed to support forest resources conservation with
the help of people and forest dwellers. “Forest Policy Law” and “Social Forestry
Rules” are among the most important Bangladesh legal acts to implement CFM.
CFM programs have been implemented in Bangladesh for more than three decades
(Nath et al. 2016). For many villagers, especially landless and small-scale farmers,
such programs are highly attractive and legitimate. Involvement of local people in
reforestation activities takes into account various aspects of sustainability including
environmental, economic, and social dimensions. CFM has succeeded in reducing
mistrust and conflict between forestry officials and local people, forest encroach-
ment, and deforestation. CFM has also increased local community participation and
awareness and reduced poverty (Nath et al. 2016).

Themain components of CFMprojects being implemented in Bangladesh include
woodlot plantations, agroforestry plantations, strip plantations, empowering landless
farmers in Chittagong, reforestation of villages, institutional planting and seedling
distribution, the establishment of nurseries and training centers, the establishment of
a plantation center, and training of various stakeholders. The main goals of these
projects include increasing timber production, reducing poverty, and increasing
the institutional capacity of the forestry sector. Forest-dependent and indigenous
communities are the major beneficiaries of these programs (Nath et al. 2016).
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20.6.3 Zimbabwe

Forest depletion and degradation are important problems in rural Zimbabwe and
strategies to increase sustainable forest management are continually approached.
Matsvange et al. (2016) carried out a research work to assess the impact of forests on
communities fromNyanga, Guruve, and Zvimba districts of Zimbabwe. It was based
on a Big Lottery Fund project implemented by Progressio-UK and Environment
Africa. Themain topic of this projectwas ‘Conserving our Land and Producing Food’
inGuruve,ZvimbaandNyangadistricts ofZimbabwe.The anticipationwas that at the
end of the project, therewill be an increase in family income and food security level of
poor andmarginalized communities through agro-ecology and sustainable, equitable
farming approaches, and access to markets. An increase in sustainable management
of forest, land, andwater resources expected for the benefit of themost disadvantaged
households. Local communities expected to be able to engage with local and national
governments to ensure better management and use of natural resources. The project
made use of community-based groupings, namely the Environmental Action Groups
(EAGs) and Farmer Field Schools (FFS), which had been gone through an intensive
capacity-building in forest management. The results of these researchers revealed
that with a business-as-usual scenario, the level of deforestation could reach alarming
rates because of rising trends such as increase in the veldt and forest fires, increase
in demand for firewood for curing tobacco in addition to the conventional causes of
deforestation. The FFS approach was not only a means to enhance the livelihoods
of rural households, but also a vital tool for addressing environmental challenges
such as deforestation, through empowering communities to take full custodianship
of their natural resources. The results also demonstrate that giving communities
control over resources within their local areas, which could otherwise be regarded as
a commonproperty, gives them the responsibility tomanage the use of these resources
and rehabilitate the environmentally degraded areas. In other words, communities
motivated to come up with local initiatives to improve their environment.

20.7 Social Principles for Agricultural Extension
and Interventions Aiming at Sustainable Management
of Forests and Lands

The ongoing deforestation process and destruction of forests which have been
resulted from human activities and climate changes are challenging problems for
sustainable development around the world (United Nation General Assembly 2015).
Investigations demonstrate that deforestation is declining, forest biomass is stable per
hectare, andvoluntary forest certification has increased (UnitedNationEconomic and
Social Council 2017). Despite these promising improvements, there are still many
problems in the field of conservation, protection, and sustainable forest management
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in different areas (Liang et al. 2016). The need for government and social interven-
tion at all levels has been acknowledged (United Nation General Assembly 2015;
United Nation Economic and Social Council 2017) and this fact pushes researchers,
decision makers, and policymakers to understand that “we are breaching planetary
boundaries”. These needs and issues require serious steps to be taken to establish
a new paradigm for the continuous development of human societies and coordi-
nation between humans and forest ecosystems (Steffen et al. 2015; Ripple et al.
2017). Given that agricultural extension system is one of the institutions responsible
for social interventions in the field of exploitation of forests and lands, inspired by
Vanclay (2004), five social principles for this system in order to promote land and
forest sustainability management are presented:

1. Taking socio-cultural dimensions of interventions into the account
Instead of promoting and intervening as an interconnection process between
science as the sole producer of ideas and farmers/forest dwellers (local commu-
nities) as passive recipients, interventionsmust accept that the process of adoption
is a social process. Adoption of sustainable forest and landmanagementmeasures
is not an unthinking response. On the contrary, it is a deliberate decision that the
respondent chooses from a wide range of options. In addition, it should be borne
in mind that the adoption of sustainable forest and land management measures
is not a singular act and the decision-maker is not in an isolated environment.
Acceptance of these measures occurs in a social context. Social interventionists
and agricultural change agents need to consider these issues in their plans.

2. Non-adoption of local communities is not the only reason for the unsustainability
of land and forest management
It is a misconception that the adoption of sustainable forest and landmanagement
measures by local communities leads to “definitive improvement” of the state of
forests and lands. In other words, such a perspective not only simplifies the notion
of “sustainability of forests and lands”, but also introduces local communities
as “the only major” contributors to this problematic situation. However, sustain-
ability in forest and land management is a multidimensional problem that has
social, economic, political, physical, and institutional roots. In addition, in many
cases, inappropriate interventions and innovations have been the cause of current
unsustainability of forests and lands, not the rejection of innovations by forest
dwellers. Accordingly, agricultural extension and other social interventionists
should pay special attention to this issue in planning for future interventions.

3. Local knowledge as an evaluation criterion for intervention programs of
sustainable forest and land management
Many interventions in the past and now are done with a “top-down” approach.
Following such an approach shows that many forest and land management poli-
cymakers still believe that local people and forest dwellers do not have the knowl-
edge and ability to make the necessary decisions. In other words, professionals
and outsiders are more aware of local conditions and needs than locals. However,
it should not be forgotten that in forest and land interventions, scientists are not
the only source of knowledge.Accordingly, agricultural change agents should not
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diffuse only the knowledge produced by scientists. All social and local groups
create “knowledge” about their personal experiences. Accordingly, the infor-
mation disseminated by agricultural extension evaluated by the personal infor-
mation and knowledge of the individuals. Although their knowledge may have
been gained through experimentation and trial, it is of special importance in
local decision-making. The knowledge and information produced by scientists
on sustainable forest and land management practices will be accepted by local
people if it is consistent with their local knowledge. Although attention to local
knowledge should be increased, it should not be overused.

4. Top-down interventioning is an inappropriate approach for sustainable forest and
land management
Top-down social interventions have many drawbacks. One of the main prob-
lems with these interventions is that they are biased against the innovations and
ideas produced by scientists. In other words, innovations and ideas produced
by scientists and policymakers are considered “useful innovations for the local
community.” However, in many cases, such judgment is inconsistent with the
realities of the society and local context. In other words, the need for these inno-
vations and ideas among locals is less than the need for them among scientists and
policymakers. Another problem with top-down interventions in forest and land
management is that they ignore social and ecological impacts. In addition, most
of these interventions have used psychological and economic models to analyze
the decision-making of local people. At the same time, they have ignored the
social, political, cultural, and historical contexts of forest and land management.
Accordingly, interventions in forest and landmanagement need to avoid pursuing
merely a top-down approach. Therefore, they should use participatory, bottom-
up, and integrated approaches. Of course, this does not mean romanticizing a
particular approach and recommending a one-size-fits-all approach. Because,
holding a biased idea of the application of participatory approaches is again
trapped in dogmatism.

5. Facilitating decision-making as the main aim of interventions
Many forest and land management intervention programs seek to introduce ideas
and innovations for “adoption”. Such perspective represents a dogmatic top-
down approach. Because, it has a predetermined goal: “adoption of an idea or
innovation”. However, there are scientific pieces of evidence that this approach is
obsolete. The purpose of interventions in forest and land management programs
should be “to facilitate decision-making”. In such cases, local communities are
not considered passive recipients, but “active decision-makers”.

20.8 Summary and Conclusion

The main purpose of this chapter was to examine the role of local community partic-
ipation in sustainable land and forest management. The results of first step revealed
that the social dimensions are usually overlooked in land and forest management
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programs. Turning a blind eye to the social dimensions means ignoring the role of
local communities in sustainable land and forest management. That is while, local
communities are of great importance in achieving sustainability objectives of these
programs. Also, the results related to the first specific goal showed that the partici-
pation of local communities in sustainable forest and land management has different
types including passive participation, participation in information giving, participa-
tion by consultation, participation for material incentives, functional participation,
interactive participation, and self-mobilization/active participation. In this regard, it
is recommended that decision makers, managers, practitioners, policymakers, and
other users increase their knowledge about the application of various types of local
communities’ participation in forest management. They should not seek to gener-
alize one method of participation to all situations. Because it can reduce the level of
dissatisfaction and non-participation of local communities.

The results of the second and third steps of this study showed that economic,
social, cultural, practical, structural, and perceptual barriers are the most important
obstacles to the local community participation in sustainable forest management. In
addition, partnership belief, existence of participatory institutions, providing suffi-
cient information and establishing an information network, and access to financial
and technical resources are the most significant drivers of local community partic-
ipation in sustainable forest management. Given that most participatory programs
are carried out by the government or with the support of governments, and structural
barriers in the body of the government are of the most important obstacles to the
participation of local communities in forest management, it is suggested that deci-
sion makers and policymakers first remove the structural barriers to participation. A
first important step in implementing this suggestion is to review top-down structures
and replace them with bottom-top structures. Since top-down structures cannot be
expected to involve local communities in forest management. This is a fact that has
been proven over the past few decades. A review of the experience of Honduras,
Bangladesh, and Zimbabwe in the fifth step also supports this conclusion. Because
the participation of local communities in forest management in these countries has
been achieved through participatory decisions and revising top-down intervention
systems.

The results of the fourth step showed that RapidRuralAppraisal (RRA), Participa-
tory Rural Appraisal (PRA), Participatory Poverty Assessment (PPA), and Participa-
tory Learning andAction (PLA)were among themost important practical techniques
for participation of local communities in land and forestmanagement.However, unfa-
miliarity with the practical techniques of local community participation is considered
as a prominent barrier to their use in social interventions. In this regard, it is suggested
that managers and practitioners of interventions related to sustainable forest and land
management increase their knowledge in the field of participation methods and tech-
niques. Holding courses and workshops in the field of participation techniques can
be the first operational step in implementing this proposal.

The results of step six showed that the agricultural extension system is one of
the entities responsible for social interventions in the field of exploitation of forests
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and lands. In this regard, it must follow certain guidelines and principals to be more
effective in this context.

This chapter emphasizes that local communities construct their own knowledge
and solutions for managing lands and forests in a sustainable manner. Therefore,
interventions aiming at promoting management of forests should use local people
knowledge, expertise, skills, and recommendations in different phases of program
planning.But in order to do so, a paradigm shift from top-down approaches to bottom-
up approaches should be occurred in the perspectives and practices of policy-makers
and program planner. It means that interventions in forest and land management
need to avoid following only top-down approaches. They need to use participatory,
bottom-up, and integrated approaches. Of course, as it was previously mentioned,
this does not mean romanticizing and singularizing a particular approach and thus
suggesting aone-size-fits-all approach for all interventions.Because, holding abiased
understanding of a particular approach is again trapped in dogmatism. However, the
experiences reveal that participatory and bottom-up approaches are the only ones
that leave a room for local people voices and priorities.

At the end it is worth mentioning that the results of this study by focusing decision
makers, policymakers, andmanagers on the constructive role of local communities in
the sustainable management of forests, can play a significant role in their sustainable
management. Since delegating control of forests to local communities in local areas
increases their sense of responsibility for proper forest management. In addition,
the management of lands and forests by local people means that they do not have
egoistic attitudes towards the exploitation of resources. This could also increase their
willingness to rehabilitate destroyed forest areas. In addition, delegatingmanagement
authority to local communities can help increase their cooperation with government
agencies.
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Chapter 21
Non-Timber Forest Products Based
Household Industries and Rural
Economy—ACase Study of Jaypur Block
in Bankura District, West Bengal (India)

Debmita Nandi and Sumana Sarkar

Abstract Among the 22 blocks of the Bankura district, the Jaypur block occupies
first position (5.81%, 2011) in the household industry sector which is also higher than
district average (4.18%, 2011) and as well as the national average (3.81%, 2011). In
this block, Sal leaf,Khat Bel andChurungKhati are themost economically important
products among the available Non-Timber Forest Products (NTFPs) and these are
primarily used as rawmaterials inwomen dominated cottage industries formaking of
Sal plate and beads chain. The rural people of the Jaypur block have collected NTFPs
such as Sal leaf and seed, Khat Bel, Churung Khati, Mushroom, fruits of Kendu and
Mahul etc. from the nearest reserve forest area for incomegeneration and fulfilling the
demand of their household food. Themain objective of this study is to explore the role
of NTFPs based household industries in rural economy at micro-level. To fulfil this
objective, primary data are mainly used and these are collected through purposive
sampling method with the help of questionnaire survey, participatory observation
and focused group discussion. The study reveals that women from the Scheduled
Caste andMuslim communities are dominantly engaged within these industries with
traditional tools, primitive technology and middle man based marketing system and
contributed in household maintenance by sharing their income to remove the poverty
and sustain their livelihood. Hence, implementation of micro-level planning with the
co-ordination of local people and the administration would be effective to increase
the economic return to the villagers in general and rural women in particular.
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21.1 Introduction

Non-Timber Forest Products are those which are collected from the forest except
timber (Ahenkan and Boon 2011). Fruits and nuts, vegetables, medicinal plants,
resins, essences and a range of barks, fibres such as bamboo, rattans, and a host
of other palms and grasses fish and game are mainly included here (CIFOR 2008).
People of forest fringe area primarily depend upon common property resources such
as forest and collected non-timber forest products for their livelihood support as there
is either limited access to cultivated land or abundance of barren and low productive
land (Saxena 2003). These products are mainly used by the poor people to meet the
need of household food and income in rural forest fringe areas. Among these forest
based products, some are very much useful for making crafts, construction and tools
(Leakey 2012). It is further observed that rural people of Asia and Latin America
mainly depend upon small-scale farming, raising livestock, fishing and non-farm
activities type of common livelihood pattern for their survival and income generation
(Mphande 2016). Poor landless and marginal farmers are mainly involved in non-
timber forest-based household industry sector during the lean season of agriculture
to support their economic base (Tambunan 1995).

Household Industry is the unregistered and unorganised sector under the Indian
Factories Act and conducted by one or more members of the household at home
or within the village in rural areas (Census Metadata 2001). In a country like India
where 21.9% (2011–2012) people lived under below poverty line (PlanningCommis-
sion Report 2014), small scale household industries become an attractive package
of alternative source of income. Handicraft industry of India is the second-largest
industrial sector for a rural and underemployed agricultural labourer who mainly
reside in inaccessible area bounded by the traditional technology and they have not
enjoyed the modern world benefits (Akilandeeswari and Pitchai 2016). According to
the Census of India (2011), 3.8% of the total population is engaged in a household
industry sector with a male and female share of 2.9% and 5.7% respectively.

In India, at about 50 million people reside near the forest area and rely on the
non-timber forest product for their sustenance and cash income (Tewari 1992). At
about 40% forest revenue and 55% forest-based employment of India came from
the NTFPs and it is very much important for the source of the raw materials of
household-based enterprises and the employment generation (Tewari and Campbell
1995). Forest fringe areas people usually reside in remote areas with poor living
conditions and their business or forest-based enterprises condition does not improve
for the existing system of poor infrastructure, service and market (Belcher et al.
2015). People usually collect forest-based raw materials for its easy accessibility
and this will, in turn, help them to generate several NTFPs based activities like small
industries or enterprise for poor and particularly its home-based character attracts
women in rural India (Hasalkar and Jadhav 2004; Mahto and Chaterjee 2011). Forest
dependent home-based small scale industries of rural area are mainly seasonal basis
and it needed lower inputs of capital and technology with women and disadvantage
group of people dominance (Hasalkar and Jadhav 2004).
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Dry deciduous forest area of Orissa and Jharkhand also provided NTFPs to the
villagers at the time of the agricultural slack season which reduces the number of
seasonal migration to the town by making a value-added product like Sal (Shorea
robusta) leaf and Bidi for continuing their livelihood (Mahapatra et al. 2005). Tribal
people of the forest fringe area of the Western Ghats region of Kerala also collected
NTFPs for livelihoodmaintenance and at about 56% of their household income come
from these products (Krishnakumar et al. 2012). Tribal people of Udaipur district
of Rajasthan prepared wine from the Mahua flower and this product sold to the
village traders with lower price than the regulated market (Kumar and Meena 2018).
In Malnaad region of Karnataka, collection of low volume and high-value product
such as food products, medicinal product, cosmetics and crafts product can raise the
standard of living of the poor rural people which also compatible with conservation
of forest (Sills et al. 2003).

According to State Forest Report (2010–2011), among the total geographical area
13.38% of the West Bengal and 21.53% of the Bankura district covered with forest.
Jaypur, Bishnupur, Ranibandh and Taldangra are the main forest enriched block in
Bankura district where Sal dominated deciduous forest is mainly found. People of
forest fringe areas in West Bengal specifically Bankura and West Medinipur district
are belonging to a tribal community or other lower caste section (Goshal 2011; Shit
and Pati 2012). They collect NTFPs viz. Sal leaf and seeds, mushroom and other
products both for household purpose and commercial purpose with value addition
and they also generate some home-based small industry for their economic earning
(Goshal 2011; Shit and Pati 2012). Belmala making cottage industry is one of the
important small scale industry inBishnupur block and its surrounding areaofBankura
district (Dasgupta et al. 2009). Environmental income from the forest resource is a
good supportive component than non-forest based subsistence income in the situation
of any shocks (crop failure or lost wage employment, illness or death of a productive
adult, loss of land or livestock) in rural livelihoods in 12 months of a year (Angelsen
et al. 2014; Shackleton and Shackleton 2004; Krishnakumar et al. 2012; Pandey et al.
2016).

Sal plate making and Belmala making are the important potential industries for
local village people who reside in forest fringe area of Bankura district (Micro,
Medium and Small Enterprises Report-MSME 2014–2015). Santal people of the
forest fringe areas of Jaypur block are symbiotically related with the forest and they
also earn money from the NTFPs (Sal leaf and seed, fuel wood, mushroom, Mahul
flower, Kendu leaf and fruit etc.) where women dominated Sal plate making is the
main income earning product (Saha and Sengupta 2014). Other than the Sal plate
making, people mainly women section of forest fringe areas in the Jaypur block are
also engaged in the non-timber forest-basedBelmala andChurung khatimalamaking
household industries to maintain their household economy. Katul, Madhabpur and
Kunda Pushkarini are the three mouza where Sal plate, Belmala and Churung Khati
Mala making household industry are dominant. In this context, objective of the
present paper is framed to explore the nature of NTFPs based household industries
and its impact in the rural economy at the micro-level.
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21.2 Materials and Method

21.2.1 The Study Area

The rural people of the Jaypur block have collected Sal leaf and seed, Khat bel,
Churung khati,Mushroom, fruits of Kendu andMahul etc. from the nearest reserve
forest area for income generation and fulfilling the demand of their household food.
Besides, Jaypur block stands foremost place (5.81%, 2011) among the 22 blocks of
the Bankura district in the household industry sector which is higher than district
average (4.18%, 2011) and as well as the national average (3.81%, 2011). Thereby,
we have selected this block as our area of interest. Geographically, the study area is
located between 22° 53′ 00′′ N to 23° 08′ 00′′ N and 87° 20′ 00′′ E to 87° 35′ 00′′ E
and administratively situated under the Bishnupur subdivision of Bankura district in
West Bengal (Fig. 21.1). Nearly 21.88% geographical area of this block is covered
with Reserve Sal forest of Jaypur Forest Range (DVD 2011), concentrated mainly in
the western part of the block. A major portion (69.19%) of the block is characterized
by agricultural land (DVD 2011) (Fig. 21.1). The District Human Development
Report (DHDR 2007) found that the people of the forest range areas are landless or
marginal farmers. Thereby, the families over here are extensively depending on the
forest-based products to sustain their livelihood. They make a living by collecting
some non-timber forest products for their own needs and for commercial purposes
with some value addition. Such types of situation force the women to get involved
in a variety of household industries such as small cottage industry like Sal plate
making, beads chain making from Churung Khati and Belmala making from wood
apple (Aegle marmelos) cover using the locally available NTFPs. As a result, Jaypur
block has the highest percentage of female householdworkers (14.02%, 2011) among
other blocks of the Bankura district. Three mouzas have been selected based on the
dominance of the three different highly dependent household industries (Fig. 21.2)
located in this block. These are viz. Kunda Pushkarini mouza (place of Belmala
making), Katul mouza (place of Sal plate making), and Madhabpur mouza (place
of Churung Khati Mala making) (Table 21.1). A brief outline of selected mouzas is
given in Table 21.1.

21.2.2 Database and Methodology

The current work is inherently empirical and field-based in nature. An intensive field
survey was conducted through personal interviews and focused group discussions.
The Katul (making Sal plate), Madhabpur mouza (making Churung Khati Mala),
and Kunda Pushkarini (making Belmala) have been selected purposefully following
the H.J. Nelson’s method of Influential Economic Activities (1955). Semi-structured
questionnaires were applied to collect the primary data using the purposive sampling
method to fulfil the objective of the study.During the field survey, 20 (25%), 35 (15%)
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Fig. 21.1 Location map of the study area

and 25 (25%) numbers of female respondents have been selected from the female
household industry workers of the selected Kunda Pushkarini, Katul andMadhabpur
mouza. Therefore, to meet our objectives, a total of 80 female respondents have
been selected from three different categories of female based household industries.
Besides this, numerous secondary information were also collected which has been
given below in Table 21.2 and the detailed method of work is shown in the flow chart
(Fig. 21.3).
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Fig. 21.2 Women work participation in different sector in selected mouzas where household
industry sector is the dominant. Source District Primary Census Abstract (DPCA), Bankura (2011)
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Table 21.2 Details of data used in this study

Types of data and software Nature of data Source Year

Primary data Socio-economic Field survey 2018

Secondary information’s District census
handbook-DCH

1991

District human
development
report-DHDR

2007

Industry Micro, medium and
small enterprises
Report-MSME

2014–2015

Demographic District primary census
abstract-DPCA

2011

Socio-economic District village
directory-DVD

2011

Agricultural information Comprehensive district
agricultural plan
report-CADP

2007–2012

Land use and land cover Land and land reform
department, government
of West Bengal and
Google earth image

2013

Software Arc GIS 10.2 Used for the map making –

21.3 Results and Discussion

21.3.1 Non-timer Forest Products (NTFPs)

People of forest fringe areas of Jaypur block collected a number of NTFPs for main-
taining their households throughout the year. Fuel wood, mushroom, Sal leaf, date
leaf,Churung Khati,Kurchi Khati, wood apple, Sal gum etc. are the main non-timber
forest product in this area (Development and planning department, West Bengal
2007). These forest products are most important natural capital for the landless or
marginal people of weaker section who reside adjacent to the forest area. Male
people of forest fringe areas have option to work as labours in different sector for
their greater mobility but women of forest fringe areas are extremely dependent upon
existing forest resources as there is little scope to absorb in other sectors. In forest
fringe areas, women mainly collect NTFPs for giving economic support to their
family and sustain their livelihood.

Among above NTFPs, some are used for household purpose and others are used
as value added commercial products. Deciduous nature of forest gives opportunity
to collect these products for 6–7 months yearly. Women are the main collector of this
product because they have limited job opportunity in other sectors and with this work
they finished both work i.e. household duties and industry work. In Katul mouza,
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Fig. 21.3 Detailed methodological flow chart of the work

women have the facility to collect easily the required product from the nearest reserve
forest area while in case of Madhabpur mouza it is relatively difficult as they reside
too near of the reserve forest area. Women artisans of the Kunda Pushkarini mouza
did not enjoyed these facilities for their far location from the forest area (Fig. 21.4).
Among the above NTFPs, Bel cover (Kunda Pushkarini), Sal leaf (Katul), Churung
Khati (Madhabpur) are widely used for making value added goods. Belmalamaking
of Kunda Pushkarini village, Sal plate making of Katul village and Churung Khati
Mala making of Madhabpur village are the three female based dominant household
industries in this block.
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Fig. 21.4 LULC map of Jaypur block modified after Land and Land Reform Department,
Government of West Bengal (2013) and source of raw materials of the household industry

21.3.2 Household Industry (HHI)

Three household industries viz. Sal plate, Belmala and Churung Khati Malamaking
have their history to grown up in the particular mouza (Fig. 21.5). Among the three
industries, Sal plate is the oldest industry where Belmala making industry is newer
one.Belmalamakers have learned this technique from their relatives at about 50 years
ago from Darika and Bankhati mouza of Bishnupur block. Age of Churung Khati
Mala making industry is at about 100 years old and before this they had madeMala
from stem of pigeon pea (Cajanus cajan).

According to CADP report (2007–2012), Belmala making industry is a potential
cottage industry in Bankura district. Kunda Pushkarini village of Jaypur block is
known for its female based Belmala making industry. Here, male people collect
Bel fruits from nearest Jaypur forest range area but this raw material is limited in
this reserve forest area and hence, they have to buy Bel cover from nearest Bihar
and Jharkhand states (Dasgupta et al. 2009). Both male and female collect this Bel
cover from Routkhanda Gram panchayet area where Bel covers have been unloaded.
Female make Belmala from Bel cover with the help of traditional tools (Chhank,
Dhanuk and Fitchkari) and techniques. Only Muslim female are engaged in this
industry because at the time of preparation of beads from Bel cover, the feet of
the makers required to touch the Bel cover that is why Hindu women avoided this
work. They engaged in this industry for 6–7 (160–200man days)months and finished
Belmala are used formany sacred purposes byHindus (Marriage, Sradh,Annaprason
etc.) (Table 21.3).
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Fig. 21.5 Spatial pattern of dominant household industries with snapshots in Jaypur block. Source
Field Survey, March, 2018
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Table 21.3 History of the Household Industries

S. No. J.L.
number

Name of
Mouza

Total
area
(km2)

Forest
area
(km2)

Name of
dominant
household
industry

Generations Age
(approx)

1 025 Kunda
Pushkarini

1.344 – Belmala 2nd generation
(learned from
relative who
resides in Darika
and Bankhati
mouza of
Bishnupur block)

50 years

2 038 Katul 5.948 3.846 Sal plate Very old (may be
just after the
beginning of the
settlement)

Very old

3 068 Madhabpur 1.277 0.40 Churung
Khati
Mala

3rd generation
(previously
women made
mala from stem
of pigeon pea)

100 years

Source Based on Bankura District Village Directory (2011), DCH (1991) and Field Survey (March,
2018)

Traditional Sal platemaking inKatulmouza is a dominant economy for the female
to sustain their household. Laminated Sal plate making Industry is a potential cottage
industry in Bankura district (MSME 2014–2015).Mainly female flock are collect Sal
leaf from the nearest forest area (DHDR 2007). They go to the forest for collecting
Sal leaf in themorning and return back their home at about 1–2 o’clock. They are also
using traditional tools (Neem Khati) and technology for preparing Sal plates. They
collect and store Neem Khati from Kotulpur, Moynapur, Jadavnagar and Bishnupur
area at the time of lean season for stitching Sal leaf. They engaged in this industry
7–8 month (170–220 man days) in a year and rest of the period they remain jobless.
Sal plate used in various purposes but mainly it is used in food serving container
(Table 21.4).

Churung khati mala making is the dominant economy for the female of
Madhabpur mouza. In earlier time female usually collected Churung Khati from the
nearest forest area but now a days this product is unavailable in surrounding area as
nearest forest area became degraded by the human interference. Hence, male people
collect this product from 10 km away, mainly from Kharkaisuli area by bicycle.
Female make Mala from the Churung Khati with the help of traditional tools (Pati,
Duol and Kund) and technology. They engaged in this industry for 8–9 months
(approx. 190–220 man days) in a year. Female engaged more days than other two
household industries because the raw material of this industry is stem which more
available than other two. In this village, female are also engaged in agricultural labour
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work but this opportunity is in very limited in nature. Churung Khati Mala is used
mainly by the Sanyasi and Sadhu in various religious places of India (Table 21.4).

21.3.3 Socio-economic Characters of Family and HHI
Workers

Landless and poor people of forest fringe areas aremainly depending uponNTFPs for
their livelihood maintenance (DHDR 2007). Some people have marginal agricultural
land which is not enough to meet their household needs. Hence, female also engaged
in work for giving economic support to the family. They mainly involved these types
of informal activities because of their little opportunity in other sector for illiteracy
or low level of education, inefficiency and absence of job opportunity in agricultural
labour sector. Therefore, they primarily rely on NTFPs for maintaining household
and get economic return.

Among the above three household industries,Belmalamaking industry is confined
within female belong to Muslim community and making of Sal plate and Churung
Mala is confined within Scheduled Castes (SCs) women section in Jaypur block.
It is very surprising fact to note that Belmala is made by Muslim women but it is
used by the Hindu people to perform many rituals in various sacred ceremonies.
The fact behind the monopoly of Muslim women in Belmala making activities is
that feet of the Mala makers touched the cover of Bel during making of the beads
from Bel covers. Therefore, Hindu female avoided it as they used the Bel fruit as a
sacred worship material. Age-group of female belmala makers is mainly 20–50 years
and they have low level of education (up to secondary level) and mobility. Female
members of these Muslim households prefer to engage in this household industry
because it is fully home based and marketing of Belmala is done from the home
through middleman. The making process is tough and not suitable for aged women
workers (More than 50 years of age group).

Female Sal plate makers of Katul mouza also have low level of education (up to
upper primary level) and they are totally belonging to poor scheduled castes families.
Some villagers have little amount of land (10–15% household) but a large section of
households are landless. Hence, female members of these families play the role of
bread earner to sustain their livelihood. Female mainly aged between 20–65 years,
all are engaged in this industry because of easy processing method. Their household
income is very less and they are all came from BPL category.

Churung Khati Malamakers are also belonging to Scheduled Caste family. They
are very poor and come from BPL families. Their education level is also very low
(up to secondary level). Female workers within the age group of 20–65 years old are
mainly engaged in this industry with their traditional knowledge and techniques.



520 D. Nandi and S. Sarkar

21.3.4 Marketing and Rural Economy

Marketing of goods is a challenging factor for rural economy to get proper price of
goods. Maximum products of these three household industries are marketed from
the home through middlemen. So, middlemen play a big role and often enjoy the
economic profit after bypassing the producers. Low level of education of the female
workers has limited their exposure to market system and modern technology to
produce more value added products and hence, middleman making a hefty profit and
condition of artisan is very pathetic (Development and Planning Department, WB
2007).

Belmala products of Kunda Pushkarini mouza are sold from the home to the local
middleman. They only produced simple strands of Belmalawhich are used in scared
ceremony purposes but they did not know about the other uses of Bel beads. Demand
and price of Belmala have been increased at a slower pace from past few years
(5 years ago, Rs. 1/piece and now Rs. 2/piece). Bel beads can also be used to make
colourful Mala, designer Kurti, bag, shoes etc. This belmala has immense demand
both in local (Jaypur, Bishnupur, Kotulpur and Kolkata) as well as in national (Delhi)
markets with value addition in various places of India (Fig. 21.6).

Sal plates of Katul mouza is mainly handmade product and it has demand for
local area only. But value added laminated Sal plates made bymiddleman or business
man has more demand in internal and external market. Marketing of the Sal plate is

Fig. 21.6 Marketing of the household industry products by middleman. Source Field Survey,
March, 2018
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conducted mainly from the home but sometimes they sold their finished products in
nearby markets viz. Jaypur, Kotulpur and Moynapur bazaar to have relatively better
price. Transport facilities helped this industry to grown up than past and both the
demand as well as price of Sal plates also increased in comparison to past years
(5 years ago). Among three household industries, Sal plates have the higher demand
in the local market because this product is frequently used by the villagers in any
kinds of occasion. Laminated Sal plates are marketed by rich businessman in local
market areas in Bishnupur, Kotulpur and Jaypur and others (Fig. 21.6).

Churung Khati Mala of Madhabpur mouza also a traditional technique based
industry with local and national level demand (Religious places). Female of this
industry also did not know about the modern value addition of Churung Khati Mala.
Two types of mala they made with the help of small beads (3 Rs./piece) and large
beads (2 Rs./piece) with different price. Local middlemen buy this raw product at a
cheap rate and did not give any information to the female artisan related to further
value addition. Bishnupur is the main market place of Churung Khati Mala and the
exact area of marketing in this town is vague to the villagers. From Bishnupur this
product has reached to Kolkata (main hub) and then distributed in various religious
places of India (Fig. 21.6).

21.3.5 Income Generation and Its Share in Total Income
of the Household

Income generation from the HHI and its share in the total family income is an
important indicator of the economic significance of these sectors and for the survival
of the engaged people in these HHIs.Womenworkers in this sector play an important
role after making their contribution in household income to fight against poverty. The
result showed that the earning of the Belmala makers maximum (60%) varies from
belowRs. 8000/- per annum toRs. 14,000/- per annum. It has been observed that 40%
ofBelmalamaker women earned 8000–14,000 Rs./annum (Table 21.5). Only 10% of
Belmala maker women earned the highest amount of more than 20,000 Rs./annum.
Besides, 20% and 30% of Belmala maker women earned below 8000 Rs./annum and
14,000–20,000 Rs./annum respectively (Fig. 21.7). In case of the share of income
in the household by HHI, 50% of Belmala maker women share more than 50% of
their household income and 25% women share 50–70%, 20% women share 70–90%
and 5% women share >90% of their household income (Table 21.5) (Fig. 21.8). The
entire income from the Belmala making is used for household expenditure purpose.
The male member of their family controls their earning. In the case of women, those
who contribute more than 90% of their family income from HHI are either single
women or widow or the male persons are incapable to contribute. Therefore, they are
significantly dependent on this HHI for their survival and any alteration in this sector
can hamper their economic conditions significantly. On the other hand, women who
contribute less than 50%of household income fromHHI are at less risk comparatively
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Table 21.5 Details of family income, income from household industry and share of income

HHI Sector Family income Income from HHI Share of income

Household
income
(Rs./annum)

% of
household

Income
(Rs./annum)

% of
women

Share of
income in
%

% of
women

Belmala <20,000 10 <8000 20 <50 50

20,000–35,000 25 8000–14,000 40 50–70 25

35,000–50,000 45 14,000–20,000 30 70–90 20

>50,000 20 >20,000 10 >90 5

Sal plate <20,000 11.44 <8000 22.88 <50 34.29

20,000–35,000 60 8000–14,000 45.71 50–70 42.86

35,000–50,000 14.28 14,000–20,000 22.88 70–90 11.42

>50,000 14.28 >20,000 8.53 >90 11.42

Churung
Khati Mala

<20,000 20 <8000 32 <50 24

20,000–35,000 60 8000–14,000 32 50–70 44

35,000–50,000 16 14,000–20,000 24 70–90 20

>50,000 4 >20,000 12 >90 12

Source Field Survey, March, 2018

Fig. 21.7 Level of income of the women workers from household industry. Source Field Survey,
March, 2018

as their male members are engaged in other economic activities. It is found that male
members from the Belmala making households of the Kunda Pushkarini mouza
are mainly engaged in informal activities as a truck driver, small trader, vegetable
vendor and labourer etc. So, they have diversified their economic base to sustain
their family. Besides, those who contribute 50–90% of their household income from
HHI are landless or marginal landowners. Therefore, these families are moderately
vulnerable compare to other families and if they adopt a diversified economic base,
then only they will able to overcome this economic vulnerability. However, few
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Fig. 21.8 Share of income in the household by household industry. Source Field Survey, March,
2018

women have started to buy some products from local hawkers for personal uses
which is a good indication of women’s economic empowerment in Muslim society.

The income of Sal plate makers is more important than ever. Because the families
of female Sal plate makers are poorer than Belmala maker’s. Therefore, income
generation from these Sal plates has become very much vital for the survival of their
families. The earnings from the Sal plates vary based on variation in the skill and
the time invested to the making of Sal plate. Among the 35 women Sal plate makers,
22.88%, 45.71%, 22.88% and 8.53% of the women earned less than 8000, 8000–
14,000, 14,000–20,000 and more than 20,000 Rs./annum respectively (Table 21.5)
(Fig. 21.7). Among the total women Sal plate makers 34.29%, 42.86%, 11.42%
and 11.42% of women share about <50%, 50–70%, 70–90% and >90% of their
household income (Fig. 21.8). So, 65.71% of women share more than or equals
to 50% income to their household budget. This indicates the dependency of these
households on Sal plate making sector due to easy availability of raw materials near
to the household associated with simple process of making of products. The higher
percentage (>90%) share to the household income represents the widow or single
income earner Sal plate makers. They spent their entire earning for family purposes
but for their better mobility thanBelmalamakers, they get an opportunity in choosing
their basic essential products. On the other hand, women who contribute less than
50% of their family income from the HHI, the male family members are mainly
engaged as an agricultural labourer and marginal farmer. In addition, landless people
and marginalized landholder families are economically 50–90% dependent on the
platemaking industry. Themalemembers of these families are employed as labourers
in sand mining and to some extent in agriculture to run their families.

A significant amount of income is also generated from Churung Khati Mala
making. Among the 25women engaged inChurungKhatiMalamaking, the earnings
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vary from less than Rs. 8000 per year to more than Rs. 20,000 per year. About one-
third (32%) of the total female workers earn very low (Rs. <8000 per year) and
medium-income (Rs. 8000–14,000 per year). Whereas, 24% of the women are able
to generate Rs. 14,000–20,000 per year and the rest of the 12% of women earned
more than Rs. 20,000/year (Table 21.5 and Fig. 21.7). This sector of HHI is also
valuable to keep their family supported by a substantial income. A major portion of
the population engaged in the Churung Khati Mala making (76%) share more than
equals to 50% of their household income. Rest of the population (24%) contributes
less than 50% to their family income (Fig. 21.8), where the male populations in the
family are engaged in informal activities like a truck driver, small trader, vegetable
vendor and labourer in the various informal sectors. Where single income earner
women or widows are the main earners or male members of the family contribute
very little financially, they contribute more than 90% of their household income. In
addition, the landless or marginal landowners of theMadhabpur mouza earn 50–90%
of their family income from the making ofChurung Khati Mala because the earnings
of their male members of the family are very little from agriculture. Among the 24%
of total women share less than 50% of total household income as their families have
others source of income due to possession of good productive agricultural land. Their
income is fully utilised in household expenditure purpose and they can buy some
basic necessary goods with their own choice.

21.3.6 Women Economic Independency and Status
in the Family

Women are the main artisans of these three household industries where male engage-
ment are very limited and confined only in collection process of the raw materials
for making Churung Khati Mala and Belmala.Hence, in this rural economic process
contribution of women is relatively high than other sectors. Household industry prod-
ucts are mainly sold from the home and most of the time women take the money
from the middleman as advance. A large share of their earning is spent to meet the
basic needs of the family. Women have the money in hand but they have no power
to spend for their own purposes or household purposes without permission of the
male members of the family. Among the three household industry workers Belmala
makers are the most deprived one in terms of economic independency and decision
making power in the family. Only widow or the main economic earner women (10%)
of the family took decision about the household expenditure. Some families (20%)
of the Sal plate makers mutually took decision about household expenditure and
those women also sometimes consume little money for own purpose. But in case of
Churung Khati Mala makers the picture is quite different. Here women (40%) took
decision independently or mutually in family expenditure of their earning money.
Their decision making power in family also better than the other two groups and
they are more mobile than the other two to perform the various types of household
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responsibilities in the outside (banking and marketing). Therefore, it is clear that
engagement of women in household industries did not so much improve their status
in the family but enable them to share the burden of the cost of maintaining their
families so as to reduce the economic stress in the household.

21.3.7 Suggestive Measure for Sustainability of the Industry
and Livelihood Development

NTFPs based household industry adopted by landless, marginal farmers and forest
dwellers is an important part of income generation, survival strategies and livelihoods
that rely on conventional tools and techniques. Similarly, in this study it has been
observed that since the beginning of the industry, they have produced similar products
without any up-gradation or modification. Therefore, the producers of the traditional
products do not get its proper economic value due to presence of middleman. Thus,
they are being deprived from the benefits by the current system with existing chains
of intermediaries as well as lack of information about modern techniques. In addi-
tions, backward location, poverty, low level of education, lower income, lack of
awareness about the products and its value, inefficiency in modern techniques and
less motivation plays a crucial role in backwardness of these household industries.
They are very much comfortable with present system and less aspires to experiment
with their skills and products. Thus, the next generation also started to follow the
same kinds of steps and cannot get the chances to break the chain of this poverty
cycle so their livelihoods remain in the similar condition. Therefore, the following
steps have been suggested to uplift their livelihood as well as for the sustainability
of household industries:

1. First of all awareness level about the value added goods, demand of goods and
profit from industry and inspiration to the female artisans about modern tech-
nology must be increased. This can be done by encouraging formation of Self
Help Groups (SHGs) in respective mouzas and making arrangements to train the
group members.

2. After proving information, provision of hands-on training is an important part to
be followed. Therefore, with the help of local government (Gram Panchayet and
Block Development Office) training can be conducted about the uses of modern
techniques and its uses in processing of crafted items and products. Development
of both soft and hard skill should be another area of emphasis.

3. As the people engaged in these sectors belong to the economically poor section,
therefore, Government should manage the availability of modern instrument
through building a cooperative system in the villages under an appointed
supervisor.

4. A micro-credit scheme also needed to motivate the artisans.
5. Variation of the product is another important part where one has to focus

on making it more attractive by applying value-added products by machines
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and modern techniques. Such as from Bel Beads (Kunda Pushkarini Mouza),
colourful Mala with locket, bracelet, decorated bags and designable Kurti etc.
can be produced; from Sal plate (Katul Mouza), Laminated Sal plate, cup, bowl
(various sizes) etc. can be prepared and from Churung Khati Mala (Madhabpur
Mouza), colourful Mala with locket, bracelet, decorated bags and designable
Kurti etc. should be produced.

6. Initiatives should be taken from theGovernment side for the overall improvement
of the existing infrastructure of the study areawhichwill help towiden themarket
area for these localmade products.More fair can be arranged and local craft based
tourism can be promoted for better livelihood of rural people in these mouzas.

And finally, the government should provide adequate wages and financial
assistance (loan from banks) for their sustainable livelihood.

21.4 Conclusion

NTFPs are important for the survival of economically poor people, landless people
and marginal farmers in rural areas. Numerous poor people make some products
from NTFPs based on traditional technologies and engaged in household industries
to meet their basic needs thus, household industries became an important part of
their source of income and livelihood. Here, in this study, it is observed that female-
dominated HHIs are directly linked with the nearest forest for collection of raw
materials and the produced products are mainly used for both household purpose as
well as commercial purpose. Locally available forest resources facilitate the local
people to engage in the HHI based on NTFPs. People engaged in making of Sal
plate in the Katul mouza, Belmala in the Kunda Pushkarini and Churung Khati
Mala in the Madhabpur mouza’s belong to economically weaker sections. Hence the
earning from these HHIs is very much crucial for their survival. The women from the
Minority sectionmainly engaged in theBelmalamaking industrywhereas thewomen
from Scheduled castes population are associated with the making of Sal plates and
ChurungKhatiMala. In the case of Sal platemakers andChurungKhatiMalamaking
families, they are mostly landless but some section of the Belmala maker families
have marginal agricultural land for farming or the male people engaged within prof-
itable informal activities. Therefore, their dependency on the HHI in the Katul mouza
and Madhabpur mouza are comparatively higher than the Kunda Pushkarini mouza.
Lower level education of the female has forced them to work in these sectors and
they have no choice to do work in other fields. Several opportunities are available
to the male population to work as truck driver, small trader, vegetable vendor and
labourer in various informal sectors. The main reasons behind low income genera-
tion from these three HHIs are identified as poor capital of the households, lack of
awareness among women workers about modern techniques and value added goods,
less knowledge about prospective market areas and proper price of products. Thus,
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a large part of the profit directly goes to the middleman or intermediaries associ-
ated with these industries. Besides, their livelihoods are in jeopardy as deforestation
continues which limited the supply of rawmaterials and again the local products have
a tough competition with more value added and alternative products. Consequently
a big question is arises whether these industries will survive or not. Local Govern-
ment (Gram Panchayet and Block Development Office) should take initiatives to
encourage these cottage based industries and prepare a systematic cluster frame-
work from supply of raw materials to marketing of finished goods. In this context,
provision of incentives to the skilled people, improvement of basic infrastructure,
running vocational training for skill development, imparting information on market
system, approval of easy and fast loan to women workers engaged in this sector will
help them to maintain a sustainable livelihood.
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Chapter 22
Forest Ecosystem Services
and Biodiversity

Afaq Majid Wani and Gyanaranjan Sahoo

Abstract Ecosystems, and the biodiversity and services they support, are intrinsi-
cally dependent on climate. During the twentieth century, climate change has had
documented impacts on ecological systems, and impacts are expected to increase
as climate change continues and perhaps even accelerates. This technical input to
the National Climate Assessment synthesizes our scientific understanding of the
way climate change is affecting biodiversity, ecosystems, ecosystem services, and
what strategies might be employed to decrease current and future risks. In devel-
oping countries, the landscape encompassing agricultural land is vital formaintaining
biodiversity and providing ecosystem services. The consequences of biomass shot
on woody species richness and composition were analysed in forests underneath
communal and government management. Interviews on forest use and perception
of forest condition and system service delivery were conducted in farmer house-
holds bordering the forests. At the same time, the importance of forest ecosystem
services has been progressively recognized. Though some initiatives aimed toward
protective each biodiversity and ecosystem services are emerging, information gaps
still exist regarding their relationships and potential trade-offs in forests. Consider-
ably additional woody species were found within the community-managed forests.
Species richness was negatively correlative with walking distance from the closest
village and increasing levels of anthropogenic disturbance. There is increasing proof
that diversity contributes to forest ecosystem functioning and also the provision of
ecosystem services. Here, we are including some of the ecosystem services such as
biomass production, production of atmospheric oxygen, soil formation and retention,
nutrient cycling, water cycling, and provisioning of habitat. Community forests were

A. M. Wani (B)
Department of Forest Biology and Tree Improvement, College of Forestry, SHUATS, Prayagraj,
India
e-mail: afaqtree@gmail.com

G. Sahoo
Department of Forestry, Krishi Vigyan Kendra, Odisha University of Agriculture and Technology,
Angul, Odisha, India
e-mail: gyanaranjan.sahoo3@gmail.com

© The Editor(s) (if applicable) and The Author(s), under exclusive license
to Springer Nature Switzerland AG 2021
P. K. Shit et al. (eds.), Spatial Modeling in Forest Resources Management,
Environmental Science and Engineering,
https://doi.org/10.1007/978-3-030-56542-8_22

529

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-56542-8_22&domain=pdf
mailto:afaqtree@gmail.com
mailto:gyanaranjan.sahoo3@gmail.com
https://doi.org/10.1007/978-3-030-56542-8_22


530 A. M. Wani and G. Sahoo

typically less degraded than government managed forests, giving support to common
pool resource management. Woody vegetation depicted an important supply of fuel-
wood, timber, fodder, edibles, aromatic and healthful plants. Employing a multidis-
ciplinary framework to analyse system integrity and system service delivery enabled
a finer understanding of those complicated agroecological systems, giving support
to evidence-based management and conservation coming up with for the long run.
Planting mixed-species forests ought to tend additional thought as they’re probably
to supply a wider range of ecosystem services at intervals the forest and for adjacent
land uses.

Keywords Biodiversity · Ecosystem · Forestry · Conservation · Restoration

22.1 Introduction

Forest is that the largest terrestrial ecosystem within the Common Market covering
around 40% of the territory and is home an excessive amount of the continent’s
diversity. Additionally, forests offer a large number of advantages to humans in
terms of climate regulation, facility and regulation, timber, energy, habitats for biodi-
versity, clean air, erosion management and many others. For instance, European
forests face multiple natural and anthropogenic pressures. For example, a dynam-
ical climate affects tree species composition and assemblage. Climate-driven forest
pressures foreseen foretold to extend and competitive socio-economic demands for
forest service’s end in multiple drivers of forest amendment. During this context, our
activity on forest ecosystem services and diversity aims at mapping and assessing
forest condition and forest ecosystem services, contributively of theMAES initiative
in support to the diversity Strategy to 2020.

A wide range of mechanisms is projected to elucidate the relationships between
biodiversity and ecosystem services. Niche complementarity in time and house, and
complementarity of useful result traits and functional response traits are all seemed
to be concerned (Isbell et al. 2013). Facilitation between plant species growing
along has typically been found to guide to increased growth of sure tree mixtures
(Thompson et al. 2011). For example, at nitrogen-limited sites, tree species that are
nitrogen-fixers could enhance the expansion of different tree species in mixed stands
(Resistance to disturbance is expedited by forest and tree diversity, resulting in a
discount or dilution of resources (e.g., for herbivores), diversion or disruption, and
multi-trophic interactions (e.g., increased abundance and action of natural enemies).
Finally, the supposed ‘sampling effect’will enhance the supplyof ecosystemservices,
just because the presence of additional species will increase the chance that Asso-
ciate in the Nursing ecosystem can contain a species that grows quicker, is addi-
tional immune to a specific disturbance, or has another an advantageous attribute
that results in increased ecosystem functioning or provision of services, compared
to communities with fewer species (Wardle 2001; Lefcheck et al. 2015).
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Compared with ‘natural forests’ or mixed-species forests, planted forests some-
times have a lower level of the diverseness of cover trees and alternative species,
and it’s possible that their ability to supply bound ecosystem services is reduced. For
instance,mixed forests tend to bemore practical in delivering a spread of provisioning
services (e.g., Gamfeldt et al. 2013; Forrester andBauhus 2016), and are a lot of proof
against varied disturbances than single-species planted forests. These relationships
between forest sort, diverseness and ecosystem services are extremely relevant for
informing forest policy andmanagement. However, given themultitude of ecosystem
services, it’s tough to generalise concerning the role of forest diversity. Moreover,
there are trade-offs between completely different ecosystem services looking on the
tree mixture and stand sort concerned. Some tree mixtures are superior at providing
bound services however alternative tree mixtures or maybe single-species forests
are more practical for alternative services. Given the role of diverseness within the
provision of ecosystem services, the widespread degradation of forests is probably
going to own comprehensive effects, like reduced resistance (or raised susceptibility)
to natural or anthropogenic disturbance.

There has been a lot of progress recently during this terribly active field of analysis,
and therefore the International Union of Forest Research Organisations (IUFRO)
established a task force to facilitate multi-disciplinary analysis collaboration and
understanding the nature of the biodiversity-ecosystem services relationship and the
possible effects of biodiversity loss on the delivery of ecosystem services (Harrison
et al. 2014), in addition to literature reviews on the results of forest diversity on
single and multiple ecosystem services. Pollination of crop plants and wild plants is
a crucial ecosystem service worldwide. Taki et al. explore the employment of stable
atom analysis to research however land use and climate have an effect on wild bee
populations. This provides a helpful approach for the study of relationships between
diversity, land use and therefore the provision of fertilisation services. The results
of invasions of tree pests and pathogens on forest diversity and ecosystem services
are assessed by, light the imperative ought to mitigate the danger of future invasions
and to extend our ability to manage people who have already occurred. Cultural
ecosystem services are extremely relevant in native communities.

Currently, there’s a speedy advancement in our understanding of the relationships
among biodiversity, ecosystem functions and services in forest ecosystems. A crucial
example is an analysis of biodiversity-ecosystem functioning in forests. Biodiver-
sity effects on ecosystem functions are historically evaluated in different systems like
grasslands and aquatic systems, and therefore the relative lag in forest ecologydomain
is of great concern (Nadrowski et al. 2010). Early syntheses of this subject in forests
(CBD 2009; Aerts and Honnay 2011) therefore for the most part relied on data from
systems aside from forests. For the last several years, theoretical and experimental
initiatives on practical biodiversity analysis are apace rising in forests (e.g. Hector
et al. 2011; Morin et al. 2011; Baeten et al. 2013; Bruelheide et al. 2014; Verheyen
et al. 2015). Though an outsized knowledge gap still exists in forests compared to
raised studied systems, a growing analysis agenda on forest biodiversity system func-
tioning is predicted to play a considerable role in mitigating future environmental
change (e.g. temperature change mitigation; Hulvey et al. 2013; Poorter et al. 2015).
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Another purpose of interest that exemplifies the necessity for additional studies on
forest biodiversity and ecosystem services may be inferred from the marked distinc-
tion in framing socio-economic views on biodiversity conservation between agri-
culture and forestry sciences. For agriculture, detailed strategic plans have usually
been planned for sustaining food production whereas reducing the environmental
impacts of land use (e.g. Foley et al. 2011; Tilman et al. 2011). The rapid expan-
sion of sustainable forest management (SFM) has resulted in the adoption of various
forest management frameworks intended to safeguard biodiversity. Concurrently, the
importance of forest ecosystem services has been increasingly recognized. Although
some initiatives aimed at conserving both biodiversity and ecosystem services are
emerging, knowledge gaps still exist about their relationships and potential trade-
offs in forests. Given recent advancements, increasing opportunities and some lags
in forest ecology, further research on biodiversity, ecosystem functions and services
will play substantial roles in the development of SFM practices (Mori et al. 2017).

Forests are critical habitats for biodiversity and they are also essential for the
provision of a wide range of ecosystem services that are important to human well-
being. There is increasing evidence that biodiversity contributes to forest ecosystem
functioning and the provision of ecosystem services. The biodiversity-ecosystem
operation provides a useful framework to evaluate forest restoration in an ecosystem
functioning context, but it also highlights that much remains to be understood, espe-
cially regarding the relation between forest functioning on the one side and genetic
diversity and above-ground-below-ground species associations on the other. The
strong emphasis of the biodiversity-ecosystem operation on functional rather than
taxonomic diversity may also be the beginning of a paradigm shift in restoration
ecology, increasing the tolerance towards allochthonous species (Aerts and Honnay
2011).

In view of recent advancements, knowledge gaps and also the future significance
of analysis on forest biodiversity and ecosystem services, we tend to definemany key
analysis priorities addressing the necessity tomake capability and resilience for social
and ecological systems to face uncertainty within the ever-changing environment.
The new opportunities that ecosystem services approaches provide for biodiversity
conservation include: the development of broader constituencies for conservation and
expanded possibilities to influence decision-making; opportunities to add or create
newvalue to protected areas; and the opportunities tomanage ecosystems sustainably
outside of protected areas. Based on an in-depth literature review, we tend to envision
a research agenda that may be fruitful for students similarly as practitioners.

Biodiversity may support ecosystem services directly and indirectly through
ecosystem functions. (a) A study framework of biodiversity ecosystem functioning
(BEF) is rapidly expanding in forests, with some notable examples of tree diversity
effects on above-ground productivity (Morin et al. 2011). TreeBEF experiments have
been recently launched in some regions (Bruelheide et al. 2014). (b) To obtain benefits
from natural systems, society needs to consider the relationships between biodiver-
sity and ecosystemmulti-functionality (Gamfeldt et al. 2013). (c) To ensure the roles
of biodiversity to deliver ecosystem services, the stability of ecosystem functioning
is also important. Some studies have started to elucidate underlying mechanisms
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of the biodiversity–stability relationships using simulation (Morin et al. 2014) and
using a retrospective approach (Jucker et al. 2014). (d) In addition to the local-
scale evaluation, the assessment of ecosystem service provisions at the large scale
(i.e. regional scale) is important to help resource management and decision-making
(Eigenbrod et al. 2010). There are some key issues that can determine the direction
of societal impacts on biodiversity and on ecosystem services in turn (e) Terres-
trial systems may undergo regime shifts in response to precipitation changes, deter-
mining the degree of ecological resilience in a changing climate (Hirota et al. 2011).
(f) Social-ecologically sustainable forestry can potentially provide a win-win solu-
tion to reconcile the trade-offs and conflicts between conservation and commodity
production (Mori and Kitagawa 2014). (g) In theory, the order of species reintro-
duction affects restoration outcomes measured with functional complementarity and
redundancy, determining the restoration outcomes for ecosystem functions (Devoto
et al. 2012). (h) While local communities can buffer the impact of the random loss
of species to maintain the fundamental functionality, non-random (realistic) loss of
species can substantially alter functional characteristics of communities, leading to
the emergence of novel communities (Mori et al. 2015b).

In many ecosystem classifications (including those which have been expanded to
conceptualize ecosystems as assets), there appears to be no explicit place for the value
of biodiversity. Indeed, a significant anxiety about recent ecosystem assessments is
that the emphasis upon ecosystem services might ironically lead to the omission
of the vital role which biodiversity plays in both the delivery of those services and
as a source of value in itself. Mace et al. (2012) provide clarification of the issue,
noting that biodiversity appears at three distinct points within the ecosystem service
framework.

22.2 Forest Biodiversity

Forests are biologically diverse ecosystems that give an environment for a multi-
plicity of plants, animals and micro organism. In line with the Convention of Biolog-
ical Diversity forest diversity may be a term that refers to any or all life forms found
within forested areas and their ecological roles. Forest diversity is often thought of
at totally different levels, as well as in the ecosystem, landscapes, species, popu-
lations and genetic science. In high biodiversity forests this quality permits organ-
isms to adapt to continually ever-changing environmental conditions and to maintain
ecosystem functions. Forest ecosystems and biodiversity are strongly interlinked. On
the one hand, diversity levels rely to an outsized extent on the integrity, health and
vitality of forests. On the other hand, losses of forest biodiversity cause attenuated
forest productivity and property. From this perspective, analysing forest condition,
the multiple services and trade-offs, and therefore the relationship with forest biodi-
versity provides decision instruments for targeted provisions within the context of
the eco industry and bio economy in an exceeding transition to a greener environment
(Cimon-Morin et al. 2013).
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22.3 Ecosystem Processes, Functions, Services Are Distinct
Concepts

It is widely known that biodiversity is a major driving force in ecosystem func-
tion. Many studies have self-addressed the consequences of tree species diversity on
several forest ecosystem functions, together with primary production. During this
terribly active field of analysis, the statement that tree diversity will improve “forest
ecosystem function and (associated) services” has become quite common. However,
the ideas of ecosystem operate and ecosystem services are typically confused, albeit
they’re totally different in terms of their definition and connectedness to scientists and
managers.Whereas “function” is associate ecosystem-centred construct, “ecosystem
service” is humanist that specialize in operate permits scientists to know however
changes in forest biodiversity will modify the key ecological processes that are
driving the functioning, integrity ormaintenance of forest ecosystems.Given the link-
ages and relationships between ecosystem functions and services, forest managers or
policy manufacturers might use such info to predict however biodiversity manage-
ment or sweetening will have an effect on the delivery of products and services useful
to the economy and to human well-being.

Forests typically are well placed to deliver most of the ecosystem services (ESs)
listed in current frameworks like the, due to their wide distribution, made biodiversity
and long history of human use. However, empirical studies that establish quantita-
tive and causative relationships between forest diversity and ecosystem services are
lacking for several vital ESs (Mori et al. 2017).

Ecosystem services are defined as the benefits that humans obtain from ecosys-
tems. Employing the ecosystem service concept is intended to support the devel-
opment of policies and instruments that integrate social, economic and ecological
perspectives. In recent years, this concept has become the paradigm of ecosystem
management. 1. The prolific use of the term ‘ecosystem services’ in scientific studies
has given rise to concerns about its arbitrary application. A quantitative review of
recent literature shows the diversity of approaches and uncovers a lack of consis-
tent methodology. 2. From this analysis, we have derived four facets that char-
acterise the holistic ideal of ecosystem services research: (i) biophysical realism
of ecosystem data and models; (ii) consideration of local trade-offs; (iii) recogni-
tion of off-site effects; and (iv) Comprehensive but critical involvement of stake-
holders within assessment studies. 3. These four facets should be taken as a method-
ological blueprint for further development. They should critically reveal and eluci-
date what may often appear to be ad-hoc approaches to ecosystem service assess-
ments. Increased anthropogenic activities, especially within the river corridor, have
progressively disrupted natural flow regimes and segmented channel–flood plain
connectivity. Consequent alterations in flow dynamics have caused geomorphic and
hydrological changes in channel morphology and behaviour, decreasing their natural
replenishment capacity, thereby causing their degradation. Our dependence on biodi-
versity and ecosystem services (ES) is increasing, due to population expansion and
economic growth. Consequently, maintaining biodiversity and sustaining ES supply
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should consistently be incorporated into conservation project objectives. Systematic
conservation planning procedures based on site complementarity would increase
the efficiency of both biodiversity and ES conservation. Economic valuation of ES,
such as through cost–benefit analysis, could help to justify conservation actions by
showing that the financial benefits of nature conservation greatly exceed the cost.
Moreover, payments for ecosystem services could create new incentives and funding
sources for the conservation of biodiversity.

A common approach to ecosystem service assessment is to use proxy vari-
ables, particularly land cover, to represent ecosystem processes and provide maps of
ecosystem service. The measurement, modelling and monitoring of ecosystem func-
tions are the foundation for ecosystem service assessments and are thus the basis
for the sustainable use of biodiversity, ecosystems and natural resources in general
(Carpenter et al. 2009). This requires relating ecosystem functioning to ecosystem
service indicators. A variety of methodological approaches are available to describe
these non-monotonous, non-linear and time-variant relationships that all require data,
maps, monitoring, fieldwork or experiments.

22.4 Biodiversity and Ecosystem Services

Social ecological models evaluating the cost-effectiveness of conserving biodiversity
and several ecosystem services (e.g. commodity production and carbon sequestra-
tion), such as seen in issues surrounding REDD+ (e.g. Koh and Ghazoul 2010),
have been recently developed to reconsider land use; however, relevant case studies
are still in short supply. Land-use models are often useful for considering tradeoffs
between biodiversity conservation and ecosystem service conservation. Scenarios
and policy options gained from these models would be fundamentally beneficial for
decision making. However, models considering the synergies between biodiversity
and ecosystem services are relatively scarce; that is, both tend to be considered as
distinct and unlinked response variables affected by human activities. The functional
consequences of biodiversity conservation on ecosystem services have not been well
integrated into these models so far (Isbell et al. 2015b). In this regard, ecosystem
services models that can also account for biodiversity conservation, such as the
In-VEST (Integrated Valuation of Environmental Services and Tradeoffs) model
(Kareiva et al. 2011), have great potential to inform SFM. To date, while numerous
tools are available, the conceptual flows from biodiversity to the functionality and
services of ecosystems have consequently been rarely integrated into models and
analyses of forest ecosystems. In many parts of the world forest disturbance regimes
have intensified recently, and future climatic changes are expected to amplify this
development further in the coming decades. These changes are increasingly chal-
lenging the main objectives of forest ecosystem management, which are to provide
ecosystem services sustainably to society and maintain the biological diversity of
forests.
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With the aim to provide ecosystem services to society while fostering biodiver-
sity, ecosystem management requires a comprehensive understanding of the impacts
of natural disturbances. Notwithstanding this high relevance, natural disturbances
have hitherto been discussed inconclusively in the context of ecosystem manage-
ment, with views and recommendations ranging from strict avoidance of disturbance
(due to negative effects on selected ecosystem services) to emulating disturbance in
management (to utilize their beneficial effects on biodiversity) (Thom and Seidl
2016). On the one hand, substantial efforts are undertaken in research and manage-
ment to quantify disturbance risk, with the aim to minimize their negative impacts
through increasing the resistance of forests to disturbances.

22.5 Biodiversity and Ecosystem Functions

In addition to the potential importance of higher productivity in mixed stands, there
are other reasons why tree diversity may be important (Scherer-Lorenzen 2014).
Tree diversity is often linked with major properties in forests, including the possible
enhancement of diversity of other forest assemblages (Schuldt et al. 2014) and poten-
tial contribution to other functions, such as litter decomposition (Handa et al. 2014).
Notably, these kinds of connections can have significant uncertainty. In sum, different
databases and platforms that are currently available are expected to jointly play
important roles in disentangling the underlying processes of diversity functioning
relationships and thus further advancing functional biodiversity research. So far, we
have described the present context of the forest BEF studies, with a primary focus
on tree assemblages. Apart from trees, knowledge gaps exist between forest science
and other domains. For example, while the importance of forests as a habitat for
conserving pollinator communities a critical component of sustained crop produc-
tion has beenwell studied (e.g. Garibaldi et al. 2011;Mitchell et al. 2014), the reverse
relationship (the functional roles of pollinators for forest ecosystems) has been rela-
tively little covered. Furthermore, while the functional consequences of non-random,
realistic loss of diversity on trophic the structure has been recently demonstrated for
grassland and aquatic systems (e.g. Zavaleta and Hulbey 2004; Bracken et al. 2008;
Karp et al. 2013a, b), this issue has been rarely visited in forest ecosystems (but see
Barnes et al. 2014). Thus, in understanding the contributions of forest biodiversity
to ecosystem functions and services, a large amount of uncertainty still exists not
only for trees but also for other groups of organisms. These issues undoubtedly need
to be continually tested, in addition to the focus on trees, to gain a full picture of
the flow from biodiversity and ecosystem functions to ecosystem services. However,
considering the fundamental roles that trees play both directly and indirectly (via
other facets of diversity in a given system) to support the overall functionality of
forest ecosystems, the high likelihood that trees determine the assemblage structures
of other taxa, and the fact that different silvicultural practices and land-use modifi-
cations directly alter tree diversity, tree diversity function studies represent a most
promising frontier for the improvement of SFM practices.
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Forest resilience for facing uncertainty High levels of biodiversity is effective
and often essential for ecosystems to endure environmental changes and retain their
fundamental functionality, largely contributing to the maintenance of resilience in
ecosystems (Elmqvist et al. 2003; Mori et al. 2013a, b). Here, eco-logical resilience
is defined as the capacity of a system for absorbing changes to maintain funda-
mental controls on function and structure (Chapin et al. 2009; Gunderson et al. 2009).
Ecological resilience is the modern concept of facing uncertainty, unpredictability,
nonlinearity and changeability in a system to be managed (Standish et al. 2014).

22.6 Forest Biodiversity, Multi-functionality
and Trade-Offs Among Ecosystem Services

Forests area unit valued formultiple ecosystem services, togetherwith timber produc-
tion, climate regulation and recreation, and for biodiversity in its own right (Mace
et al. 2012). A significant challenge for forest managers is to maximise as several
of those services as possible, thereby increasing ‘ecosystem multi-functionality’.
Once totally different ecosystem services and biodiversity area positively related all
completely associated with one another, meeting this goal is, a minimum of in theory,
comparatively easy. However, in recent years, the biodiversity of studies have investi-
gated relationships between forest ecosystem services and located that whereas some
ecosystem services correlate completely, others show sturdy negative relationships at
local scales (Gamfeldt et al. 2013) or large spatial scales. Because of these trade-offs,
increasing all desired forest ecosystem services is challenging.

Some trade-offs between ecosystem services occur as a result of different tree
species give the different ecosystem functions and services (Gamfeldt et al. 2013),
whereas others are driven by forest management, which regularly maximises certain
ecosystem services at the cost of others (Chhatre and Agrawal 2009). Hence, at
local scales, promoting sure tree communities might maximise some, however not
all, ecosystem services of interest. As a result, forest ecosystem multi-functionality
usually will increase with each tree (Gamfeldt et al. 2013) and fungal (Mori et al.
2016) species diversity, though it’s virtually not possible to maximise all desired
ecosystemservices and functions underpinning themat local scales. Therefore, recent
studies have investigated whether or not larger scale biodiversity, caused by a high
spatial turnover in species composition (i.e. high beta diversity) will promote system
multi-functionality at the landscape scale. This has clothed to be the case, as high
beta diversity ensures that totally different localities complement one another within
the system functions and services they supply (Mori et al.2016).

Because of the large amount of information that’s needed for analysis on biodiver-
sity and ecosystemmulti-functionality, this field has solely started out comparatively
recently. Hence, despite several recent advances, there are still several unresolved
queries concerning however biodiversity and ecosystem multi-functionality may be
at the same time maximised in natural forests. For example, it’s unknown whether
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or not the positive effects of local-scale tree species richness on ecosystem multi-
functionality are even stronger once co-occurring species differ significantly in their
traits or evolutionary origins, though such data may be crucial for planting multi-
functional forests. Additionally, it’s known that forests will give multiple ecosystem
services to near landscape units, like agricultural fields (Mitchell et al. 2014).
However, whether or not the advantages of diverse forests for neighbouring fields are
bigger than those of species-poor forests remains an associate open question. With
the increasing interest in understanding what drives multifunctional landscapes, it’s
possible that these and different connected queries are investigated within the future.

22.7 Forest Biodiversity, Ecosystem Functions and Services

A series of Biodiversity Ecosystem Functioning (BEF) studies (Cardinale et al.
2012) have revealed that biodiversity (including taxonomic, functional and phyloge-
netic diversity) promotes the functionality of ecosystems (e.g. primary production,
decomposition, nutrient cycling, trophic interactions and so on) and consequently
supports a broad range of ecosystem services (e.g. food production, climate regula-
tion, pest control, pollination and numerous others). The development of BEF theory
hasmainly arisen from experimental and theoretical work, with a central contribution
from experimental manipulation of plant assemblages in grassland ecosystems over
the last several decades (e.g. Hautier et al. 2014; Isbell et al. 2015a). The knowledge
coming from these biodiversity experiments has beenwidely used tomake inferences
about other systems, as it is often difficult to set up an equivalent experiment else-
where. This is especially true for forests, which are characterized by higher structural
complexity, longer life cycles of the dominant taxa and larger scale spatiotemporal
dynamics than grassland communities (Scherer-Lorenzen 2014). Knowledge gaps in
the discipline of forest ecology have been therefore largely complemented by studies
in other systems such as grass-lands, aquatic systems and bacterialmicrocosms.Now,
global meta-analyses and syntheses are also available for diversity functioning rela-
tionships in forests (e.g. Zhang et al. 2012; Chisholm et al. 2013), indicating some
signs of progress in this research field in forest ecology.

22.8 Diversity Responses Under Environmental
Fluctuations

An important issue in considering resilience is the way to secure the basic practicality
of a focal system. In this regard, the insurance hypothesis (Yachi and Loreau 1999)
deserves further attention. The insurance hypothesis predicts that ecosystem func-
tion is stabilized in species-rich communities wherever the redundancy of species
contributes to a similar function and therefore reduces fluctuations in this function
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over space or time. That is, high diversity could make sure the high resiliency of
a system. The conception of ‘response diversity’ adds more inference to the insur-
ance effects of biodiversity (see Mori et al. 2013a, b). Briefly, additionally to the
amount of functionally redundant species, the intraspecific variation in responses
to environmental fluctuations is additionally critical; if this variation is reduced, a
basic management on ecosystem function can be lost from local communities within
the face of environmental change (Elmqvist et al. 2003; Mori et al. 2013a, b). To
date, empirical proof of response diversity continues to be scarce, particularly for
forest ecosystems. Notably, Karp et al. (2011) expressly demonstrated the impor-
tance of response diversity in forest communities (bird assemblages) for sustaining
ecosystem services (pestmanagement, seed dispersal and pollination). Probably vital
mechanisms for enhancing response diversity embody interspecies desynchronizing
of population dynamics and temporal niche differentiation among species, each of
that cause useful compensation under environmental fluctuations (Mori et al. 2013a,
b). However, the issue exists in assessing these processes, particularly in naturally
assembled communities in which long-term monitoring data are usually required
to quantify intraspecific variation. At this juncture, in progressive accumulation of
long-run monitoring data for forest communities as well as plants and animals, that
are progressively archived within the property right (open data), can provide oppor-
tunities to demonstrate whether or not diversity in responses among species exists
and the way this ensures the practicality of ecosystems.

22.9 Diversity Effects to Stabilize Ecosystem Functions

Experimental and theoretical studies have prompt that biodiversity has the poten-
tial not solely to come up with however additionally to stabilize ecosystem functions
(Tilman et al. 2006;Hautier et al. 2014;Morin et al. 2014; Isbell et al. 2015a). Though
the diversity of theoretical explanations is given to resolve themechanisms of diverse-
ness stability relationships, massive uncertainty still sure enough exists concerning
however and once diverseness contributes to stabilising and (consequently) making
certain the very important practicality of ecosystems (Hautier et al. 2015). However,
given the prominence of environmental stability for determinative the event, pros-
perity and security of human society (Hsiang et al. 2013), the potential of biodiversity
is of practical importance (Isbell et al. 2015a). As we have a tendency to stressed
earlier, primary productivity is one amongst the best issues in forests. Each study have
prompt that whereas interspecies segregation of functional traits (e.g. shade toler-
ance and leaf display) will drive complementary effects in tree mixtures (implying
temporal niche differentiation) as usually discovered in grasslands, species desyn-
chronization remains vital however is weaker in tree communities than herbaceous
communities. This evidence suggests thatwhereas the usually discovered relationship
between diversity and stability in alternative ecosystems is applicable to forests, the
underlying mechanisms don’t seem to be essentially similar in different ecosystems.
This evidence once more emphasizes the importance of getting specific frameworks
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for forest ecosystems. Given the importance of dominant tree species in supporting
various ecosystem functions and services in forests (e.g. foundation species; Ellison
et al. 2005), tree diversity could also be of restricted use for predicting productivity.
Jucker et al. (2014) prompt a limitation of desynchronization among tree species
because of the long-lived nature of trees. These findings imply that tree diversity
might have limitations once buffering the impacts of huge and unpredictable envi-
ronmental changes (e.g. climate extremes and bug outbreaks; Grossiord et al. 2014);
that’s, there could also be no direct contribution of tree diversity to forest ecosystem
resistance and resilience. Forest ecologists so ought to additional investigate the diffi-
culty of dominance versus diversity. Such debates might doubtless verify the long-
run direction of SFM, as there’s no current agreement over that forms of planting
regimes (e.g. monocultures vs. mixed cultures) best maintain each forest commodity
production and therefore the delivery of alternative forest ecosystem service.

22.10 Ecosystem Services Perspective for Multifunctional
Forestry

Biodiversity conservation has historically cared-for target a set of diverseness that has
iconic and/or endangered species, and rather neglected the functional roles of diverse-
ness as a driver and supply of ecosystem functions and services (Mace et al. 2012). A
series of approaches for forestry geared toward protective diverseness has had a bent
to adopt that traditional perspective, and little explicit consideration has been given
to multiple ecosystems functions and services so far. However there’s nice potential
in protective forest taxa from the perspective of ecosystem services, as conserved
taxa in forest patches might contribute to providing and sustaining the functionality
of forested ecosystems (see Karp et al. 2013a, b for associate example in agriculture).
The potential edges embody biogeochemical processes supported by soil biodiversity
maintained within the stand, pest control management and pollinations as a result
of conserving trophic interactions, and water retention and erosion management by
under-storey plant communities. These services are likely maintained in forests with
high diversity in their assemblages, together with those of microbes, invertebrates,
vertebrates and plants (Thompson et al. 2011), though expectations of such poten-
tial haven’t been strictly tested in production forests managed with conservation
approaches. Successive generation of multifunctional forestry studies ought to take
under consideration ecosystem services provided as a result of conservation actions
in forestry and therefore the tradeoffs created by this observe.
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22.11 Management in a Changing Climate

In addition to focussing on the present standing of forests, completely different views
also are necessary during this era of an ever-changing environment. Climate change
is one in every of the best issues that may incur extra costs on forest management
(Hanewinkel et al. 2013). Modelling approaches have known some key aspects of
future forestmanagement approaches that are aimed towardsmitigatingor adapting to
an ever-changing climate. Duveneck and Scheller (2015) planned a climate-suitable
planting regimewithin which species from outside the landscape are planted to antic-
ipate a northward shift of the best thermal ranges of tree species. However, the study
concluded that, as a result of climate change effects usually outweigh management
actions, this management various incorporates a restricted ability to reinforce the
(engineering) resilience. Furthermore, the results of climate change on forest land-
scapes are often amplified if more thought is given to the ever-changing disturbance
regime. Seidl et al. (2014) estimated that there’s a high probability of accelerating
injury from wild fires, insect outbreak and wind throw within the returning decades,
and this can possible offset management ways that are aimed toward increasing the
forest carbon sink. The study concluded that exacerbating forest disturbances won’t
solely have an effect on the carbon sink, however, will have detrimental influences on
different types of ecosystem services. For instance, the authors argue that manage-
ment prices could increase due to fire suppression, pest control, salvage logging and
so on, which will very likely have an effect on timber markets. These and alternative
model primarily based studies have provided a crucial image of the longer term,
though these results are for the most part enthusiastic about numerous situations. To
further implement these and alternative projections into practice, novel approaches
like coupled human natural system models ought to be thought of within which
future changes in ecological and social systems and synergies and feedbacks between
these subsystems are often integrated. Such a completely unique approach can facil-
itate policy and management by providing multiple choices that higher affect future
uncertainty. An increasing number of alarms are raised regarding anthropogenic
impacts on forest biodiversity (e.g. Gibson et al. 2011; Wilcove et al. 2013); land use
change related to deforestation and forest degradation have vulnerable varied forest-
dependent taxa across many regions. In response to the present biodiversity crisis, a
large number of studies have delineated however, environment alteration and destruc-
tion have affected and will change forest biodiversity at completely different spatial,
temporal and biological scales (e.g. Newbold et al. 2014). Note that human-induced
species extinction doesn’t occur haphazardly, however, there are instead multiple
deterministic factors inflicting their loss. In this regard, some studies have expressly
incontestable the underlying mechanisms of non-random loss of forest biodiversity
(e.g. Mori et al. 2015a). Moreover, recent studies have conjointly quantified the
implications of land-use change on ecosystem services in forest landscapes (e.g.
Lavorel et al. 2011). Compared to such information regarding forest degradation,
knowledge of the responses of biodiversity and, especially, of ecosystem services to
forest restoration are comparatively restricted. However, knowledge of purposeful
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consequences of forest restoration have been step by step accumulating (e.g. Lamb
2005; Chazdon 2008; Bullock et al. 2011).

22.12 Restoring Biodiversity and Ecosystem Services

Under Sustainable Forest Management frameworks, it is highly encouraged to
convert monoculture plantations into stands with multiple tree species in many
regions because trees in mixed-species stands are likely to harbour higher biodi-
versity of other organism groups and provide more multiple ecosystem goods and
services then those in monocultures (Knoke et al. 2008). However, it is still unclear
whether and especially how biodiversity and ecosystem functions respond to forest
restoration activities based on re-establishment ofmultiple tree species. Although the
functional roles of tree diversity in generating these services have not been directly
evaluated, some empirical evidence on ecosystem properties in mixed-species stands
(Rothe and Binkley 2001; Knoke et al. 2008) implies that this potential of ecosystem
services restoration (including economic benefits; e.g. Piotto et al. 2010) is likely.
Furthermore, due to the reduced environmental variation (environmental homoge-
nization) in plantations of a single or a small number of species, such as through
the decreased the structural complexity of forest canopy and the reduced diversity
of plant litter, plantations have the potential to homogenize communities of forest
dwelling taxa (Chazdon 2008; Mori et al. 2015a). Note that this biotic homogeniza-
tion occurs not only taxonomically (taxonomic homogenization) but also functionally
(functional homogenization), importantly suggesting that the vital functionality of
forest stands supported by forest-dwelling communities can be threatened in mono
species plantations (Mori et al. 2015a). Responses of forest communities to the forest
reconversion intomixed stands are largely variable among different taxa (Knoke et al.
2008). To date, studies of the potential of re-differentiating forest dwelling commu-
nities in terms of both taxonomic and functional characteristics (i.e. recovery from
biotic homogenization) have been limited (Mori et al. 2015a), and more studies are
necessary to inform society on how to restore and conserve the forest ecosystem
services.

22.13 Theory for Restoration

A series of theories in functional ecology may guide applied ecologists and prac-
titioners (Laughlin 2014; Ostertag et al. 2015), but large uncertainties remain. For
instance, there are an increasing number of observational studies of biodiversity in
stands managed and conserved under retention or reduced-impact logging forestry;
however, the underlying processes of community assembly, which determine the
actual responses of biodiversity to environmental alteration in logged stands, have
beengiven little attention so far (but seeBassler et al. 2014). Such approaches founded
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in community ecology, which can give mechanistic understandings of biodiversity
responses to human influences (Mouillot et al. 2013), should be further employed in
future studies of applied ecology (Laughlin 2014). Notably, recent theoretical and
experimental studies in community ecology have proved the importance of history
(the order of species immigration) in determining community composition (Fukami
and Nakajima 2011) and ecosystem function (Fukami et al. 2010). Similar findings
have also been reported inwoodlands inwhich the importance of plant reintroduction
sequences for restoring ecosystem functions supported by plant pollinator networks
was shown (Devoto et al. 2012). To integrate these latest findings into practice, the
order of species reintroduction into restoration sites (e.g. re-vegetation, enrichment
planting and assisted relocation) should not be random, and restoring biodiversity and
biodiversity-based ecosystem functions and services should ideally, be theory-driven.

22.14 Challenges

The queries that rapid global climate change poses for reconsidering conservation
goals don’t seem to be straightforward to fathom, coupled with the answer. Even
though the principles and observe of conservation have evolved within the past,
there are formidable institutional and psychological barriers to shifting from current
conservation paradigms and realigning goals (Jantarasami et al. 2010). Institutional
barriers to reconsidering and recalibrating goals embody those involving: (1) legisla-
tion and regulations; (2) management policies and procedures; (3) human and mone-
tary capital; and (4) information and science (Julius andWest 2008). Legal mandates
and policies, specifically, might gift troublesome barriers. Several existing laws, like
the Endangered Species Act, mandate specific approaches that constrain managers’
ability to switch goals and management objectives. Many recent legal reviews (for
example, Fischman 2007; Glicksman 2009; Craig 2010; Ruhl 2010), supply some
insights on the nuances of Federal conservation laws as they relate to global climate
change adaptation. Psychological barriers, however, will be equally difficult to beat.
Hagerman et al. (2010) underscore the actual fact that a lot of conservationists realize
it troublesome tomove on the far side the acquainted goals of restoring and protective
existing patterns of diversity and a priori selected conservation targets due to a robust
resistance to creating trade-offs a thought delineate within the scientific discipline
literature as “protected values” (Gregory et al. 2006). Poiani et al. (2011) equally
discovered that a general reluctance of conservation practitioners to “give up on
anything” might make a case for the comparatively low range of adaptation methods
focused on transformation compared to maintaining established order conditions.

Many conservationists believe in the High Conservation Value (HCV) approach
as an effective mechanism to understand and negate the ill impacts of unregulated
natural resource extraction. However, along with the widening and diversification of
its scope, its suitability for biodiversity conservation has been subject to speculation,
scrutiny and critique from HCV users and assessors (e.g., Paoli and Harjanthi 2011).
The HCV concept is transitioning from a heuristic model of learning by experience
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to a holistic management tool that enables better prioritization of components like
ecosystem services, biodiversity and socio economic-cultural values.

In this direction, some of the key challenges for research are:

1. Comprehensive spatio-temporal, contextual and specific coverage of primary and
secondary research

2. Formulation of National/Regional/Local Interpretation of HCV components,
categories and definitions

3. Challenges in Implementation of Management Plan at Landscape Level
4. Stakeholder engagement and practice of FPIC
5. Prioritization of HCVs to be conserved based on Threats and Human Utility.

The HCV approach has been promoted by social and environmental NGOs and
private parties. This network of collaborators shows the significance of the HCV
approach to a wide spectrum of stakeholders and forms a balance between environ-
mental, social and economic considerations (Meijaard and Sheil 2012). However, it
has often been misapplied in the context of agriculture, leading to HCV assessment
poor in quality (Paoli and Harjanthi 2011). This further magnifies the challenge of
isolating the approach’s drawbacks from those due to misapplication.

22.15 Limitations

• In addition to the potential importance of higher productivity in mixed stands,
there are other reasons why tree diversity may be important (Scherer-Lorenzen
2014). Tree diversity is often linked with major properties in forests, including
the possible enhancement of diversity of other forest assemblages (Schuldt et al.
2014) and potential contribution to other functions, such as litter decomposition
(Handa et al. 2014). Notably, these kinds of connections can have significant
uncertainty. For example, the former issue needs caution as tree richness does not
necessarily promote the diversity of other organism groups (Donoso et al. 2010).
The latter issue also has limitations as diversity–decomposition relationships have
been primarily tested for evaluating the effects of litter diversity (Gessner et al.
2010), and the effects of tree diversity have been inferred indirectly.

• As observed in other systems, examining biomass production is probably one
of the greatest opportunities to disentangle the underlying mechanisms of diver-
sity–function linkages in forests (e.g. Morin et al. 2011; Jucker et al. 2014, 2015,
2016; Lasky et al. 2014). Although higher productivity cannot necessarily be
translated directly into higher levels of provision services (i.e. timber production,
bioenergy and so on) (Chisholm et al. 2013), it is likely to contribute to some
services, such as carbon sequestration and storage (Hector et al. 2011; Hulvey
et al. 2013; Poorter et al. 2015). Analogous to biodiversity experiments in grass-
lands, tree experiments have been established world-wide (Verheyen et al. 2015).
Furthermore, it is feasible to control the number of individuals in tree plantations,
providing a greater experimental control over ‘true diversity indices’ (sensu Jost
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2007) compared to grassland experiments. This approach allows one to rigor-
ously quantify how contributions to different ecosystem functions and services
scale across ecological levels (i.e. the individual, species and community). Knowl-
edge of scaling effects of biodiversity on ecosystem function is still largely limited
(Mori et al. 2016), and thus, an important frontier in BEF studies is tree diversity
experiments.

• Another issue that needs attention is that tree diversity–function relationshipsmay
be confounded by variables other than tree diversity, such as tree density, biomass,
age, edaphic conditions and other environmental factors (Toïgo et al. 2015; Jucker
et al. 2016). Furthermore, compared to grasslands, there are generally high levels
of difficulties to manipulate environmental factors (e.g. water, nutrients and so
on). Given these limitations, it has been necessary and continues to be impor-
tant to rely on data from inventory plots that have not been primarily designed
for BEF studies. To use data from these non-experimental tree communities,
methodological advancements such as statistical approaches that can control for
the confounding effects of the other explanatory variables on diversity–produc-
tivity relationships are an important research priority (e.g. Healy et al. 2008). To
date, the research field of tree diversity–ecosystem function relationships has a
primary focus on biomass production, but these new platforms and initiatives will
and should play further important functions and services beyond the focus on
productivity (Gamfeldt et al. 2013).

• As such, tree diversity studies are still at the early stage of development, and thus, a
large amount of knowledge can be gleaned from the comparatively mature field of
biodiversity studies in grasslands. For example, a recent grassland experiment of
Zuppinger-Dingley et al. (2014) may have application not only to the agriculture
sector but also to the forestry sector. They suggested that using varieties that have
been selected in diverse planting regimes may increase (timber) productivity.
Given the long history of genetic engineering in forestry (Harfouche et al. 2011),
their implication is intriguing.Given the increasing pressure to allocatemore lands
for nature reserves as proposed under the CBD framework, the use of multiple
species provenances may provide an alternative solution in the context of SFM.
However, testing this potential is far from easy. Theory suggests a high likelihood
of natural enemy attacks when conspecific cohorts are grown densely (negative
density dependence, or the so-called Janzen–Connell hypothesis), which is one
of the rationales for encouraging mixtures rather than monocultures to enhance
productivity (Schnitzer et al. 2011).

• Apart from trees, knowledge gaps exist between forest science and other domains.
For example, while the importance of forests as a habitat for conserving pollinator
communities—a critical component of sustained crop production—has been well
studied (e.g. Garibaldi et al. 2011; Mitchell et al. 2014), the reverse relationship
(the functional roles of pollinators for forest ecosystems) has been relatively little
covered. Furthermore, while the functional consequences of non-random, realistic
loss of diversity on trophic structure have been recently demonstrated for grassland
and aquatic systems (e.g. Zavaleta and Hulbey 2004; Bracken et al. 2008; Karp
et al. 2013a, b), this issue has been rarely visited in forest ecosystems (but see
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Barnes et al. 2014). Thus, in understanding the contributions of forest biodiversity
to ecosystem functions and services, a large amount of uncertainty still exists not
only for trees but also for other groups of organisms. These issues undoubtedly
need to be continually tested, in addition to the focus on trees, to gain a full picture
of the flow from biodiversity and ecosystem functions to ecosystem services.

22.16 Conclusion

Previous studies have provided valuable information on the role of biodiversity in
ecosystem service delivery from a theoretical prospective (Mace et al. 2012) explored
the links between functional traits and ecosystem services, all examined how biodi-
versity influences the functioning of ecosystems and thus, their ability to provide
ecosystem services (Cardinale et al. 2012).

Our review confirms that forest type and tree species richness have an effect on
forest biodiversity which forest diversity will be a crucial consider system perform
and also the provision of system services. In this review, it is illustrated the potential
of applied ecology to assist conserve and restore forest ecosystems. However, there
are clear mechanisms that tree diversity will improve ecosystem function and also the
delivery of system services, for several ecosystem services, there’s still uncertainty
regarding the extent of a ‘functional relationship’ between biodiversity and also the
provision of these services. We have a tendency to conjointly have to be compelled
to evaluate the result of various levels of tree diversity; not solely species however
conjointly genetic and functional diversity. And whereas cover trees are clearly a
dominant feature of forests, the range of under-storey plants, vertebrates, inverte-
brates, fungi and microbes are additionally possible to be necessary for ecosystem
services.

Furthermore, several ecosystem services stay relatively poorly studied in forests
in relevance to biodiversity; this is applicable notably to cultural services however
conjointly to some provisioning services. Under the substantial human influence,
forests can seemingly begrossly altered, doubtless resulting in the emergenceof novel
ecosystems or change to different stable states. Management thus must be additional
versatile and use novel measures to face such large uncertainties. Resilience based
mostly approaches are key to foreseeing future changes and managing surprises,
though the problems that we’ve addressed don’t seem to be an entire list for a future
analysis agenda in applied forest ecology.

This review emphasizes the interactions and therefore the interdependency
between these problems, a number of that have attended be mentioned rather
superficially, whereas others are well studied in disciplines outside the domain of
forest ecology. For natural forests this discussion could seem somewhat educational,
because it is unlikely that tree species composition and diversity would be altered
considerably within the interest of system services. However, it’s necessary to boost
awareness regarding the role of natural forests and forest diversity within the provi-
sion of system services to spotlight their worth on the far side the availability of
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timber and recreation. However, for planted forests there’s ample chance for opti-
mising their composition and diversity as a result of replanting once harvest home
may be a continual method. If it will be shown that there are opportunities for adding
worth and for increasing the resistance or resilience of planted forests, this ought to be
smart incentives for forest homeowners and managers to contemplate alternatives to
the monoculture paradigm of most planted forests. We have a tendency to so endorse
the plea of Paquette and Messier (2010) “for the implementation of well-conceived,
diverse, multi-purpose (forest) plantations as some way to conserve forest diversity
and system functions”.

Functional group or community level attributes (e.g. functional richness, commu-
nity/habitat area) can be important for ESPs that work on one or more species’
population levels. The connection of forest system services doesn’t stop at the forest
edge. There’s a lot of scope for synergies between forests and farming land uses; as an
example, even tiny patches of forest will profit crop production by enhancing insect
and natural enemy populations, though they’ll also provide disservices (Decocq et al.
2016).

Further research to expand the search to cover more services and to explore how
the linkages identified differ by ecosystems or biogeographical region would also be
useful for targeting the management of biodiversity and service provision. However,
to support management and protection strategies, future research should also take
account of effects of socio-economic factors and land use decisions on different
components of biodiversity and, as a result, ecosystem service delivery. Incorpo-
rating traditional conservation strategies for species and habitat protection within
the broader context of social-ecological systems and ecosystem service delivery can
lead to added benefits for biodiversity through closer integration of conservation
policy with policies in other sectors (Haslett et al. 2010).

Biodiversity is not (just) a good to be conserved for its intrinsic value, but has a
critical role in ecosystem processes (Mace et al. 2012) that provide essential services
to humans (Cardinale et al. 2012). Finally, any planted forest plan ought to measure
choices for mixed species forests as these are possible to produce a wider range of
ecosystem services.

Possible future approaches for Biodiversity Ecosystem Services and Sustain-
ability:

• Tools and frameworks for decision-support
• Methods for data collection
• Statistical approaches
• Modelling
• Linking science to policy
• Enhancing interdisciplinary research
• Challenges for researchers and interlinkages across the themes
• Commonalities and differences with other horizon scanning exercises.
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Garcia-Llorente M, Geamănă N, Geertsema W, Lommelen E, Meiresonne L, Turkelboom F
(2014) Linkages between biodiversity attributes and ecosystem services: a systematic review.
Ecosyst Serv 9:191–203

Haslett JR, Berry PA, Bela G, Jongman RHG, Pataki G, Samways MJ, Zobel M (2010) Changing
conservation strategies in Europe: a framework integrating ecosystem services and dynamics.
Biodivers Conserv 19:2963–2977

HautierY, SeabloomEW,BorerET,Adler PB,HarpoleWS,HillebrandHet al (2014)Eutrophication
weakens stabilizing effects of diversity in natural grasslands. Nature 508:521–525

Hautier Y, Tilman D, Isbell F, Seabloom EW, Borer ET, Reich PB (2015) Anthropogenic
environmental changes affect ecosystem stability via biodiversity. Science 348:336–340

Healy C, Gotelli NJ, Potvin C (2008) Partitioning the effects of biodiversity and environmental
heterogeneity for productivity and mortality in a tropical tree plantation. J Ecol 96:903–913



550 A. M. Wani and G. Sahoo

Hector A, Philipson C, Saner P, Chamagne J, Dzulkifli D, O’Brien M et al (2011) The Sabah
biodiversity experiment: a long-term test of the role of tree diversity in restoring tropical forest
structure and functioning. Philos Trans Roy Soc B Biol Sci 366:3303–3315

Hirota M, Holmgren M, Van Nes EH, Scheffer M (2011) Global resilience of tropical forest and
savanna to critical transitions. Science 334:232–235

Hobbs RJ, Higgs E, Harris JA (2009) Novel ecosystems: implications for conservation and
restoration. Trends Ecol Evol 24:599–605

Hsiang SM, Burke M, Miguel E (2013) Quantifying the influence of climate on human conflict.
Science 341:1235367

Hulme PE (2014) Bridging the knowing-doing gap: know-who, know-what, know-why, know-how
and know-when. J Appl Ecol 51:1131–1136

Hulvey KB, Hobbs RJ, Standish RJ, Lindenmayer DB, Lach L, Perring MP (2013) Benefits of tree
mixes in carbon plantings. Nat Clim Change 3:869–874

Isbell F, Tilman D, Polasky S, Binder S, Hawthorne P (2013) Low biodiversity state persists two
decades after cessation of nutrient enrichment. Ecol Lett 16:454–460

Isbell F,CravenD,Connolly J, LoreauM,SchmidB,BeierkuhnleinC (2015a)Biodiversity increases
the resistance of ecosystem productivity to climate extremes. Nature 526:574–577

Isbell F, Tilman D, Polasky S, Loreau M (2015b) The biodiversity-dependent ecosystem service
debt. Ecol Lett 18:119–134

Jantarasami LC, Lawler JJ, Thomas CW (2010) Institutional barriers to climate change adaptation
in U.S. national parks and forests. Ecol Soc 15:33

Jost L (2007) Partitioning diversity into independent alpha and beta components. Ecology 88:2427–
2439

Jucker T, Bouriaud O, Avacaritei D, Coomes DA (2014) Stabilizing effects of diversity on
aboveground wood production in forest ecosystems: linking patterns and processes. Ecol Lett
17:1560–1569

Jucker T,BouriaudO,CoomesDA (2015)Crownplasticity enables trees to optimize canopy packing
in mixed-species forests. Funct Ecol 29:1078–1086

Jucker T, Avacarit,ei D, Barnoaiea I, Duduman G, Bouriaud O, Coomes DA, Gilliam F (2016)
Climate modulates the effects of tree diversity on forest productivity. J Ecol 104:388–398

Julius SH, West JM (eds) (2008) Preliminary review of adaptation options for climate sensitive
ecosystems and resources. A report by the U.S. Climate Change Science Program and the
Subcommittee on Global Change Research. U.S. Environmental Protection Agency,Washington,
DC

Kareiva P, Tallis H, Ricketts T, Daily G, Polasky S (2011) Natural capital: theory & practice of
mapping ecosystem services. Oxford University Press, Oxford, UK, p 392

Karp DS, Ziv G, Zook J, Ehrlich PR, Daily GC (2011) Resilience and stability in bird guilds across
tropical country side. Proc Natl Acad Sci U S A 108:21134–21139

Karp DS, Moeller HV, Frishkoff LO (2013a) Nonrandom extinction patterns can modulate pest
control service decline. Ecol Appl 23:840–849

Karp DS,Mendenhall CD, Sandi RF, Chaumont N, Ehrlich PR, Hadly EA, Daily GC (2013b) Forest
bolsters bird abundance, pest control and coffee yield. Ecol Lett 16:1339–1347

Knoke T, Ammer C, StimmB,Mosandl R (2008) Admixing broad leaved to coniferous tree species:
a review on yield, ecological stability and economics. Eur J Forest Res 127:89–101

Koh LP, Ghazoul J (2010) Spatially explicit scenario analysis for reconciling agricultural expansion,
forest protection, and carbon conservation in Indonesia. Proc Natl Acad Sci U S A 107:11140–
11144

Lamb D (2005) Restoration of degraded tropical forest landscapes. Science 310:1628–1632
Lasky JR, UriarteM, Boukili VK, EricksonDL, JohnKressW, ChazdonRL (2014) The relationship
between tree biodiversity and biomass dynamics changes with tropical forest succession. Ecol
Lett 17:1158–1167

Laughlin DC (2014) Applying trait-based models to achieve functional targets for theory-driven
ecological restoration. Ecol Lett 17:771–784



22 Forest Ecosystem Services and Biodiversity 551

Lavorel S, Grigulis K, Lamarque P, ColaceM-P, Garden D, Girel J, Pellet G, Douzet R (2011) Using
plant functional traits to under-stand the landscape distribution of multiple ecosystem services. J
Ecol 99:135–147

Lefcheck JS, Byrnes JE, Isbell F, Gamfeldt L, Griffin JN, Eisenhauer N et al (2015) Biodiversity
enhances ecosystem multi-functionality across trophic levels and habitats. Nat Commun 6:6936

Mace GM, Norris K, Fitter AH (2012) Biodiversity and ecosystem services: a multilayered
relationship. Trends Ecol Evol 27:19–26

Meijaard E, Sheil D (2012) The dilemma of green business in tropical forests: how to protect what
it cannot identify. Conserv Lett 5:342–348

Mitchell MGE, Bennett EM, Gonzalez A, Banks-Leite C (2014) Forest fragments modulate the
provision of multiple ecosystem services. J Appl Ecol 51:909–918

Mori AS (2011) Ecosystem management based on natural disturbances: hierarchical context and
non-equilibrium paradigm. J Appl Ecol 48:280–292

Mori AS, Kitagawa R (2014) Retention forestry as a major paradigm for safeguarding forest
biodiversity in productive landscapes: a global meta analysis. Biol Cons 175:65–73

Mori AS, Furukawa T, Sasaki T (2013a) Response diversity determines the resilience of ecosystems
to environmental change. Biol Rev 88:349–364

Mori AS, Spies TA, Sudmeier Rieux K, Andrade A (2013b) Reframing ecosystem management in
the era of climate change: issues and knowledge from forests. Biol Cons 165:115–127

Mori AS, Ota AT, Fujii S, Seino T, Kabeya D, Okamoto T, Ito MT, Kaneko N, HasegawaM (2015a)
Biotic homogenization and differentiation of soil faunal communities in the production forest
landscape: taxonomic and functional perspectives. Oecologia 177:533–544

Mori AS, Shiono T, Haraguchi TF, Ota AT, Koide D, Ohgue T et al (2015b) Functional redundancy
of multiple forest taxa along an elevational gradient: predicting the consequences of non-random
species loss. J Biogeogr 42:1383–1396

Mori AS, Isbell F, Fujii S,Makoto K,Matsuoka S, Osono T (2016) Lowmultifunctional redundancy
of soil fungal diversity at multiple scales. Ecol Lett 19:249–259

Mori AS, Kenneth P, Lertzman, Gustafsson L (2017) Biodiversity and ecosystem services in forest
ecosystems: a research agenda for applied forest ecology. J Appl Ecol 54:12–27

Morin X, Fahse L, Scherer-Lorenzen M, Bugmann H (2011) Tree species richness promotes
productivity in temperate forests through strong complementarity between species. Ecol Lett
14:1211–1219

Morin X, Fahse L, de Mazancourt C, Scherer-Lorenzen M, Bug-mann H (2014) Temporal stability
in forest productivity increases with tree diversity due to asynchrony in species dynamics. Ecol
Lett 17:1526–1535

Mouillot D, Graham NA, Villeger S, Mason NW, Bellwood DR (2013) A functional approach
reveals community responses to disturbances. Trends Ecol Evol 28:167–177

Nadrowski K, Wirth C, Scherer-Lorenzen M (2010) Is forest diversity driving ecosystem function
and service? Curr Opin Environ Sustain 2:75–79

Nagendra H, Reyers B, Lavorel S (2013) Impacts of land change on biodiversity: making the link
to ecosystem services. Curr Opin Environ Sustain 5:503–508

Newbold T, Scharlemann JPW, Butchart SHM, Sekercioglu CH, Joppa L, Alkemade R, Purves DW
(2014) Functional traits, land-use change and the structure of present and future bird communities
in tropical forests. Glob Ecol Biogeogr 23:1073–1084

Ostertag R, Warman L, Cordell S, Vitousek PM, Lewis O (2015) Using plant functional traits to
restore Hawaiian rain forest. J Appl Ecol 52:805–809

Paoli GD, Harjanthi R (2011) Overcoming barriers to effective implementation of HCV in RSPO.
Daemeter Consulting, Bogor, Indonesia

Piotto D, Craven D, Montagnini F, Alice F (2010) Silvicultural and economic aspects of pure and
mixed native tree species plantations on degraded pasturelands in humid Costa Rica. New Forest
39:369–385

Poiani KA, Goldman RL, Hobson J, Hoekstra JM, Nelson KS (2011) Redesigning biodiversity
conservation projects for climate change: examples from the field. Biol Cons 20:185–201



552 A. M. Wani and G. Sahoo

Poorter L, Van der SandeMT, Thompson J, Arets EJMM,AlarconA, Alvarez-Sanchez J et al (2015)
Diversity enhances carbon storage in tropical forests. Glob Ecol Biogeogr 24:1314–1328

Rothe A, Binkley D (2001) Nutritional interactions in mixed species forests: a synthesis. Can J For
Res 31:1855–1870

Ruhl JB (2010) Climate change adaptation and the structural transformation of environmental law.
Environ Law 40:363–431

Scherer-Lorenzen M (2014) The functional role of biodiversity in the context of global change.
In: Burslem D, Coomes D, Simonson W (eds) Forests and global change. Cambridge University
Press, Cambridge, UK, pp 195–238

Schnitzer SA, Klironomos JN, Hillerislambers J, Kinkel LL, Reich PB, Xiao K et al (2011) Soil
microbes drive the classic plant diversity-productivity pattern. Ecology 92:296–303

Schuldt A, Bruelheide H, Durka W, Michalski SG, Purschke O, Assmann T (2014) Tree diver-
sity promotes functional dissimilarity and maintains functional richness despite species loss in
predator assemblages. Oecologia 174:533–543

Seidl R, Rammer W, Spies TA (2014) Disturbance legacies increase the resilience of forest
ecosystem structure, composition, and functioning. Ecol Appl 24:2063–2077

Standish RJ, Hobbs RJ, Mayfield MM, Bestelmeyer BT, Suding KN, Battaglia LL et al (2014)
Resilience in ecology: abstraction, distraction, or where the action is? Biol Cons 177:43–51

Thom D, Seidl R (2016) Natural disturbance impacts on ecosystem services and biodiversity in
temperate and boreal forests. Biol Rev 91(3):760–781

Thompson ID, Okabe K, Tylianakis JM, Kumar P, Brockerhoff EG, Schellhorn NA, Parrotta JA,
Nasi R (2011) Forest biodiversity and the delivery of ecosystem goods and services: translating
science into policy. Bioscience 61:972–981

Tilman D, Reich PB, Knops JM (2006) Biodiversity and ecosystem stability in a decade long
grassland experiment. Nature 441:629–632

TilmanD, Balzer C, Hill J, Befort BL (2011) Global food demand and the sustainable intensification
of agriculture. Proc Natl Acad Sci U S A 108:20260–20264

Toigo M, Vallet P, Perot T, Bontemps JD, Piedallu C, Courbaud B, Canham C (2015) Overyielding
in mixed forests decreases with site productivity. J Ecol 103:502–512

VerheyenK, VanhellemontM, AugeH, Baeten L, Baraloto C, BarsoumN et al (2015) Contributions
of a global networkof tree diversity experiments to sustainable forest plantations.Ambio45:29–41

Wilcove DS, Giam X, Edwards DP, Fisher B, Koh LP (2013) Navjot’s nightmare revisited: logging,
agriculture, and biodiversity in Southeast Asia. Trends Ecol Evol 28:531–540

Yachi S, Loreau M (1999) Biodiversity and ecosystem productivity in a fluctuating environment:
the insurance hypothesis. Proc Natl Acad Sci U S A 96:1463–1468

Zavaleta ES, Hulbey KB (2004) Realistic species losses disproportionately reduce grassland
resistance to biological invaders. Science 306:1175–1177

ZhangY, ChenHYH, Reich PB (2012) Forest productivity increases with evenness, species richness
and trait variation: a global meta-analysis. J Ecol 100:742–749

Zuppinger-Dingley D, Schmid B, Petermann JS, Yadav V, De Deyn GB, Flynn DF (2014) Selection
for niche differentiation in plant communities increases biodiversity effects. Nature 515:108–111



Chapter 23
Transformation of Forested Landscape
in Bengal Duars: A Geospatial Approach

Koyel Sam and Namita Chakma

Abstract The Bengal Duars, a landscape of foothill ecology in Eastern Himalaya
asherb of rich biodiversity with unique physiography and climate. This landscape is
now tremendously under threat disrupting by natural as well as anthropogenic activ-
ities. The recent phase of transformation of forest cover caused by illegal felling,
encroachment, mining, quarrying activities, further enhancing flood and its associ-
ated vulnerability in such landscape. We assess the level of transformation of an area
under deforestation, reforestation within forest boundary by using geospatial tech-
nology. Landsat imageries of two different periods has been used to find out zonal
transformation of different land cover. The study also reveal that the rate of deforesta-
tion is more than rate of reforestation and major transformation has observed from
dense forest to open forest within 20 years (1990–2010). The recent conversion and
disturbances are highlighted through high resolution overview and field observation.

Keywords Bengal duars · Eastern Himalaya · Transformation · Deforestation

23.1 Introduction

Forest as the lungs of our mother earth, purifying air, water, soil and providing a life
of billions of people. Transformation of the forested landscape and deterioration of
the habitat causes loss of biodiversity and decrease primary productivity (Laurance
et al. 1997; Debinski andHolt 2000; Li et al. 2009).Moreover, it also has a significant
impact on the local and global environment and climate change (Xiao et al. 2004).
Measuring, monitoring and mapping of spatio-temporal dynamics of forest cover
using geospatial technology plays a vibrant role for the management and restoration
of forest ecosystem (Rikimaru 1999). As traditional monitoring methods are time
consuming, labour intensive, and uneconomical. Therefore, satellite data are often
considered by several conservation agencies, governmental and non-government
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organizations for monitoring, mapping of vegetation as it rapid and cost effective
by using free source imagery (Kumar et al. 2010; Pringle 2010; Madin et al. 2011).

Remote sensing technique has widely used by several researchers for monitoring
deforestation and periodical change of land use and land cover. Specially to study the
up to date dynamics of reserve and protected areas, satellite data are the important
source to solve complex and current environmental issues (Andrieu andMering 2008;
Baldyga et al. 2007). Park and Lee (2016) identified the deforested area by comparing
high andmedium satellite imageries. The periodical change of forest cover from1988
to 2010 in Khadimnagar National Park, Bangladesh has studied by Redowan et al.
(2014). Bonilla-Bedoya et al. (2014) systematically quantified transition of forested
landscape in Ecuadorian Amazon Region (EAR). Since 1987, Forest Survey of India
(FSI) has been periodically observing the changes of forest cover with the help of
remote sensing techniques. It was reported that forest cover of India from 1987
to 2003 has nearly stabilized and increased marginally over the years (FSI 1987,
1989, 1991, 1993, 1995, 1997, 1999, 2001, 2003). FAO estimates a yearly loss of
3.37 million hectares in India and claims that today most of the Indian forests are
‘degraded forest’ (Agarwal 1996). According to state forest report of India (2019),
forest and tree cover of India has increased around 5188 km2 across the country.
However north-east region witnesses continuous decrease of forest cover since 2009.
Saikia (2014) has studied a brief analysis of “Over-Exploitation of Forest: A case
study from North-East India”. This study not only highlighting the status of forest
but also give emphasis on underlying factors and processes behind fragmentation
under the pressure of Anthropocene.

Other than North-East India, forested landscape in Himalayan region and its
surrounding foothills has experiencing disruption and different level of transfor-
mation explored by several researchers as Rawat and Kumar (2015), stated anthro-
pogenic causes led to loss forest density in several districts ofUttarakhand. Dynamics
of forest landscape of two protected areas in Himalaya Foothills was analyzed by
Joshi et al. in (2014). They have explored two important protected areas inHimalayan
foothills as Rajaji and Jim Corbett National Park. The used geospatial modeling tool
to observe the land use dynamics from 1990 to 2005. They estimated that dense
forests have high level of probability to convert into open forest. Quantitative anal-
ysis of forest cover changes in the Himalayan foothill of Dehradun forest division
was attempted byMunsi et al. (2012). On the basis the previous data sets and anthro-
pogenic disturbance Land Change Modeller (LCM) was used to predict status of
forest cover in 2010 and 2015. They also demonstrated the potentiality of geospa-
tial tool to understand the present and future scenario. Prokop and Sarkar (2012)
were analysed land use transformation in the piedmont zone of Sikkim-Bhutan
Himalaya over last 150 years (1930–2010). Stable and dynamic areas has iden-
tified through visual interpretation of toposheets and satellite images. The study
reveal that the shifting from natural to human landscape causes enlargement of areas
with monoculture cultivation of tea and paddy in between 1930–2010. Furthermore,
human induced deforestation intensified the fluvial activities in piedmont. Deb et al.
(2018) was addressed anthropogenic impacts on forest cover and future probability
of changes in Himalayan Terai (foothills) ofWest Bengal. They had chosen Jaldapara
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National Park and its surrounding area as an interest of study. They evaluated agri-
cultural proliferation, human disturbances are the major cause behind the transition
of LULC. The foothill landscape with rich forest resources is under threat due to
population pressure, unplanned development, Illegal activities, climatic variability,
socio-economic stresses and so on. Exploitation of natural resources increases level
of physio-social vulnerability of the landscape. Ignoring the ecological importance,
profit from commercial logging of forestry is a major issue in Duars region. This
article assesses the spatio-temporal scenario of disruption took place in the forested
landscape of Bengal Duars, by using satellite based remote sensing techniques and
field observation. The goal of the study is to understand the changing trajectories in
forest pattern and contribute relevant information to decision maker for biodiversity
conservation.

23.2 Study Area: The Bengal Duars

The study area, Bengal Duars extends from 26°30′N to 27°11′20′′N and 88°25′18′′E
to 89°52′40′′E. At present, it covers a large portion of Jalpaiguri, Alipurduar,
Kalimpong district and small part of Koch Bihar district (Fig. 23.1). The study
area located in the foothill of Himalaya, the narrow strip of land with a width of
32.2–48.3 km and about 289.7 km in length aggregation of forest cover stretching
between the river Sankosh in the east and the river Tista in the west, and Cooch Behar
on the south forms the Bengal Duars or Western Duars and other parts in Assam is
popularized as Assam Duars or Eastern Duars (Gruning 1911). The river Sankosh
acts like a physical divider of Bengal and Assam Duars region. Bengal Duars region,

Fig. 23.1 Spatial distribution of Bengal Duars
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Table 23.1 Descriptions of Landsat images used in the study

Year Sensor Resolution (m) Path/Row Date of acquisition

1990 TM5 30 138/042 14-11-1990

139/041 23-12-1990

2010 TM5 30 138/042 05-11-2010

139/041 30-12-2010

generally popularized for its rich forest resource and biodiversity. It covers around
36% of the total area of Bengal Duars. Physiographical, it is located in the foothill
of Bhutan Himalaya which is fragile and erosion prone in nature. So, physically and
socially forest plays an important role not only to maintain the sustainability of the
ecosystem and climatic stability but also for the development of the local people per
se.

23.3 Materials and Methods

23.3.1 Data Collection and Processing

Satellite images (Landsat TM)with 30m resolutionwere downloaded from theUSGS
(https://earthexplorer.usgs.gov/) for the year of 1990 and 2010. The details of datasets
in Table 23.1 were used in this study to detect spatiotemporal changes of forest cover
from 1990 to 2010 in Bengal Duars. As spectral reflectance of vegetation varies from
season to season, satellite data with similar sensors and same season are required
in order to reduced spectral deviation. In the present study, the area covered by the
cloud is treated as ‘no-data’. Images were registered and geometrically rectified with
the help of topographical sheet by Survey of India (SOI). The boundary of forest
cover is obtained from toposheet and also verified with state forest map. The first
order polynomial transformation has used in georectification of satellite images.
After subset the boundary of forest cover on the images, a hybrid approach is applied
in which NDVI transformation was performed in order to discriminate forest cover
and non-forest cover area, using Erdas Imagine software (Fig. 23.2).

23.3.2 Accuracy Assessment

Accuracy is a measure of harmony between a standard one which is assumed to be
a correct and classified image of unknown quality (Bhatta 2011). It is a feedback
system for checking and evaluating the result. Ground information (GPS points) as
well as high-resolution map were used to compare with classified maps. To evaluate

https://earthexplorer.usgs.gov/
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Fig. 23.2 Methodology followed in this study

the classification errors, confusion (contingency) matrix was generated. Individual
land cover map was prepared for the year of 1990 and 2010 then change matrix
was executed to work out the area under reforestation, deforestation and no change.
The accuracy of the classified image is checked using equalized random sampling.
Overall user’s and producer accuracies are derived from the confusion matrix. The
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user’s and producer accuracies are ranges from 62 to almost 92 percentages. User’s
accuracy of dense forest and non-forest are relatively high in both years (1990 and
2010) ranges from 84 to 92% (Tables 23.2 and 23.3). In the case of open-forest,
user’s accuracy is relatively less because open-forest area sometime intermixed with
dense forest and non-forest cover.

Table 23.2 Contingency Matrix: Accuracy assessment for land cover classification (1990)

Year 1990 Reference image

Dense
forest

Open
forest

Non-forest No
data

Row
total

User’s
accuracy

Classified
image

Dense
forest

146 24 3 0 173 84.39306358

Open forest 13 44 7 0 64 83.01886792

Non-forest 0 2 26 0 28 92.85714286

No data 5 0 0 0 5 0

Column
total

164 70 36 0 256

Producer’s
accuracy

89.02 62.85 72.22 0

Kappa coefficient 0.81 Overall accuracy 84.37

Table 23.3 Contingency Matrix: Accuracy assessment for land cover classification (2010)

Year 2010 Reference image

Dense
forest

Open
forest

Non-forest No
data

Row
total

User’s
accuracy

Classified
image

Dense
forest

126 17 3 0 146 85.13513514

Open forest 22 54 5 0 81 68.35443038

Non-forest 2 0 25 0 27 92.59259259

No data 2 0 0 0 2 0

Column
total

152 71 33 0 256

Producer’s
accuracy

82.89 76.05 75.75 0

Kappa coefficient 0.74 Overall accuracy 80
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23.4 Results and Discussion

Eastern Himalaya itself popularized as a biodiversity hotspot (Brooks et al. 2006).
The foothill landscape of Himalaya had gone through abounded changes from pre-
British to post British period and still continuing. Satellite-based observation and
monitoring plays a pivotal role to provide real-time information about forest cover.

23.4.1 Spectral Characteristics of Forest Cover

The reflectance of vegetation covers in the near infrared region (0.74–1.3µm) is high
and strong absorption is found in 0.35–0.5 µm and 0.6–0.7 µm. Hence, the ratio in
near-infrared and red is a good indicator of health of the vegetation. Systematic and
extensive signature measurement has carried out in two different years in order to
investigate the nature of change in forest cover. However, a place where forest cover
is degraded, the range between NIR and RED bands also decreases. e.g. in case of
Dumchi forest from 1990 to 2010, variation in spectral signature of reflects the same
(Fig. 23.3). Hence remote sensing is a powerful tool for better analyzing the scope
and scale of deforestation. Course to high-resolution data can provide a detail view
of clear cut depletion and degradation of forest.

Fig. 23.3 Changing spectral characteristics in Dumchi Forest (1990–2010) a landsat TM satellite
image 1990. b Spectral cross section along AB. c Landsat TM satellite image 2010. d Spectral
cross-section along CD
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23.4.2 Change Matrix

The NDVI is a widely used transformation for the enhancement of vegetation infor-
mation (Nogi et al. 1993;Huete et al. 1997;Runnstrom2000). The temporal dynamics
of NDVI is very useful to detect changes in land cover characteristics, but season
plays a vital role for spectral details. Figure 23.4a, b shows spatiotemporal variation
of NDVI in 1990 and 2010. In 1990 NDVI value ranges from 0.96 to (−0.89) but in
2010 NDVI value decreases from 0.70 to (−0.80). Ground truth and high-resolution
image further help in the identification of dense forest, open forest and non-forest
areas. Whereas scarp lands, grasslands are included in open forest class and water
bodies, bare lands, croplands in forest villages are considered as a non-forest area.
After identification of individual land cover classes, the land cover map of 1990 and
2010 has prepared. Figure 23.5a, b shows the classification results of multi-temporal
images for 1990 and 2010.

The change matrix represents the area in transition between two periods. In a
simpleway, diagonal box in thematrix represents that area remained the same class in
both periods of time. On the other hand, non-diagonal values represent changes from
one class to another class. Pixels that undergoes a change from non-forest to forest
cover and open forest to dense forest are treated as ‘reforestation’. Pixels which are
changed from dense forest to open forest, dense forest to non-forest and open forest
to non-forest are combined as ‘deforestation’. Pixels that remained open forest and
dense forest in both years are considered ‘no change’. Following the above principles,
a land cover change trajectories map 20 years has been prepared (Fig. 23.5c) in
order to identify the spatial vulnerability of this landscape. However, the rate of
deforestation is more than afforestation (Table 23.4) that’s serious concerning issue
inBengalDuars landscape.Within 20years’ deforestation tookplace around26%and
afforestation has occurred around 15% (Table 23.5). Thus, the major transformation
has taken place between dense forest to open forest cover from 1990 to 2010 (Table
23.4). Themaximum transformation of deforestation has noticed in those forest cover
located in Alipurduar district.

Fig. 23.4 NDVI detection of 1990 (a) and 2010 (b)
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Fig. 23.5 Land cover map in 1990 (a), 2010 (b) and Change of Land Cover in between 1990–2010
(c)

Table 23.4 Change matrix of land Cover (1990–2010)

2010 Area (ha) Total

1990 Dense forest Open forest Non-forest No data

Dense forest 94,368 47,754 3724 848 146,694

Open forest 20,213 16,111 3095 434 39,853

Non-forest 1930 8044 5477 21 15,472

No-data 1908 1208 618 44 3778

Total 118,419 73,117 12,914 1347 205,797

Table 23.5 Nature and rate of change of land cover (1990–2010)

Landcover status Area (ha) % Rate of change

Deforestation 54,573 26.51 1.325893963

Reforestation 30,187 14.66 0.733416911

No change 116,000 56.36 2.818311248

No data 5037 2.44
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23.4.3 Recent Conversion and Disturbance in Forested
Landscape

The year after 2010, forested landscape is disturbed by both natural as well as anthro-
pogenic activities continuing to degrade thewhole biodiversity and landscape towards
losing its identity.As this region located in the foothills of eastern Himalaya, the
sudden change of slope and notorious character of river in pediment make the region
prone to flood. Mostly, each and every year due to heavy rainfall within a short span
of time causes bank failure of river. The deforestation in river catchment is an addi-
tional disturbance to increase the level of vulnerability. This region always came in
front of us because of human encroachment, illegal felling and poaching activities
(Prokop and Sarkar 2012; Das 2012; Bhattacharyya and Padhy 2013; The Telegraph
2006, 2008, 2018). The clear cut fragmentation and transformation of some areas in
Buxa Tiger Reserve has still recognised in 2019 (Fig. 23.7).

Recent disturbance in forest cover is accelerated by clear-cut felling of trees,
poaching of animals, encroachment, mining and quarrying activities that further
enhancing flood vulnerability and decreases vegetation stabilized gravel bars. River-
side bolder mining and deforestation caused shifting of river course from straight to
meandering and braided (Prokop and Sarkar 2012) (Figs. 23.6 and 23.8a). Frequently

Fig. 23.6 Shifting course of river channel directed to cause by deforestation over time
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reported illegal timber extraction, poaching of animal in localmedia and press reflects
relatively poor enforcement and protection level that rises threat to the biodiversity
hotspot. In north Bengal JFM is still evolving because the presence of tea garden in
closeness to forest, presence of large protected area accompanist with forest villagers
make thingsmore complicated (Gupta 2005). Forest villagers are now also preferring
to plant cash crops (betel nuts) around their surroundings rather than planning native
trees (Fig. 23.8b).

Fig. 23.7 New patches of forest fragmentation open up in 2019
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Fig. 23.8 a River bed quarrying of boulder; b Betel Nut plantation at a forest village in Bengal
Duars

23.5 Conclusion

The Eastern Himalaya is acknowledged as a ‘biodiversity hotspot’ and well identi-
fied as ‘eco-crisis’ zone. The major transformation has taken place during the British
period, through the establishment of tea garden and expansion of settlement. The
Recent phase of transformation carried out beyond shifting cultivation through illegal
felling, encroachment, mining and quarrying activities that further enhancing flood
vulnerability and decrease vegetation stabilized gravel bars. As well as riverside
bolder mining, deforestation caused shifting of river course from straight to mean-
dering and Braided. For conservation plans and policies, understanding of spatio-
temporal disturbance is very crucial. The present study demonstrates the utilization
of remote sensing data for the identification and monitoring of deforestation with
proper methodology. This research can also help forest department to identify the
vulnerable zones specially within inaccessible areas to restore the forest ecosystem.
Further, quantification of carbon stock and estimation land surface temperature (LST)
in Bengal Duars region can extend the scope of future research.
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Chapter 24
Forest-Based Climate Change Social
Interventions: Towards a Theoretical
Framework

Naser Valizadeh , Sahra Mohammadi-Mehr , and Dariush Hayati

Abstract The main purpose of this chapter was to develop a framework for forest-
based climate change social interventions which was fulfilled using a multi-stage
process. There is no doubt that forests are important to humans, plants, animals, and
the planet as a whole. In other words, the ongoing deforestation process and land
degradation caused by human activities and climate changes are considered as major
challenges for sustainable development around the world. Despite the improvements
achieved, there are still many problemswith the sustainable protection, conservation,
and management of forests in different areas. This necessity has been acknowledged
by the need for government interventions at all levels. In the first step of this study,
the importance of forest was highlighted in terms of Sustainable Development Goals
(SDGs). In the second step, the planned/preventive forest-based climate change social
intervention introduced as an effective way to reduce deforestation under climate
change. In the third step, some enabling and constraining factors were proposed
for successful implementation of forest-based climate change social interventions.
In the fourth step, different types of the uses of forest-based climate change social
interventions were critically analyzed. In the fifth stage, a typology were introduced
for forest-based climate change social interventions. Finally, in light of the results
of previous steps, a practical framework for forest-based social interventions under
climate change was developed. In general the results of this chapter showed that
in all types of forest-based climate change social interventions, the most important
constraining factors include structural, political, organizational, economic, execu-
tive, collaborative, network building, and follow-up barriers. In addition, enabling
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factors of these interventions consist flexible designing, institutional analysis, long-
term intervention, risk assessment, prioritizing local knowledge, site-specific inter-
vention, socio-cultural forestry, non-profit incentives, social learning, and participa-
tion. The framework presented in this study can provide useful insights for forest
ecosystem managers, policy-makers, decision-makers, and practitioners who are
directly involved in the process of designing and implementing social interventions.

Keywords Climate change · Social interventions · Forest management ·
Collaboration of local communities

24.1 Introduction

Forests are an important component of the global carbon cycle (Dixon et al. 1994;
Mader 2019; Ray et al. 2019). Around the world, approximately 60% of ecosystem
services in the fields of freshwater, fishing, air and water purification, and regional-
local climate regulations are being degraded. Since trees are the oldest and largest
organisms on the earth, they are therefore an important criterion for environmental
health and quality (USDA 2008, 2013; Walsh et al. 2019). Forests are used as key
elements of landscapes to provide many environmental and ecosystem services such
as flood regulation, urban climate change, reducing air pollution, and preserving
biodiversity (Calder et al. 2008; Torkar et al. 2014; Humphries et al. 2020). Forests
have a significant role to play in mitigating the negative impacts of climate change,
whichmeans adapting to climate change (Maraseni et al. 2019). They affect local and
regional climate by modifying temperature and humidity and affect photosynthesis
and growth of trees through carbon capture. Forests comprise a significant portion of
the world’s biodiversity and help societies resist climate changes and pursue different
livelihood strategies. Understanding the importance of forests under climate change
circumstances leads to formulation of forestry and land use policies to counter the
negative effects of climate change. Therefore, the formulated policies should take into
account many of the effects of forests, in particular their relative impacts on climate
change and their long-term sustainability. In this regard, it is important to assess
and coordinate the long-term effects of climate change on forests and to analyze
and determine future policies and measures to respond to these threats (Paudel et al.
2019). For example, when usingwood in furniture or packagingmaterials, the carbon
is stored in wood products. In addition, using wood in two ways can replace fossil
fuels such as gas, oil, and coal. On the one hand, wood can be burnt directly as
a fuel (alternative energy) and on the other hand, production and access to wood
products usually require less energy than competing products made of materials such
as plastic, metal, or concrete. While the potential of forests to reduce net greenhouse
gas emissions is widely recognized, quantifying it on a national scale is a very
challenging task.However, some studies have recently been conducted in this context.
For example, Bösch et al. (2019) in their study assessed the effects of CO2 and the
cost of forest management alternative measures in Germany.



24 Forest-Based Climate Change Social Interventions: Towards … 569

Forest ecosystem services contribute to humanwell-being in various ways. On the
global scale, all people benefit from reducing negative effects of climate change on
forest trees and crops. Most of the world’s population use forest-based products such
as wood furniture or timber for housing. In addition, it is estimated that 3 million
rural residents are heavily dependent on forests for food security, livelihood, and
energy. At the same time, 5 million indigenous people depend entirely on forests to
sustain their lives (World Bank 2008).

24.2 Forests and Sustainable Development Goals

Forestry is very important from the sustainable development perspective. The orig-
inal definition of sustainable development, published in the eighteenth century, was
first used for afforestation. Today, this sector can play an important role in transi-
tion to a sustainable society. International debates on sustainable development have
increased significantly with the introduction of sustainable development goals. On
the other hand, exacerbating the problems of climate change required the actions of
political activists at all levels (Baumgartner 2019). Given that sustainability issues
are not new to the forest sector, they simply cannot be reduced to the initial definition
of sustainability. Three parts of the forest sector including wood production, forest
products, and tourism, are considered in its sustainability issues (Baumgartner 2019).
These sections are examined in forest sustainability studies in the form of economic,
environmental, and social effects. Economic sustainability refers to the competitive-
ness of companies or the economic viability of non-profit organizations. This means
that topics such as innovation and technology management, collaboration, knowl-
edge management, and organizational processes are used to measure the effects of
economic sustainability. Environmental sustainability refers to “the use of renewable
and non-renewable resources”, “greenhouse gas emissions in air, water, and soil”,
“hazardous waste”, “usage of ecosystems”, and “impacts on biodiversity”. In terms
of social responsibility, ISO 26000 defines seven key issues that must be considered
by any interventionist organization to improve sustainable forest performance. These
include organizational governance, human rights, fair working practices, consumer
issues, and community participation. Furthermore, it should be noted that the role of
indigenous people in forestry is also closely related to the social dimension of forest
sustainability (Hengeveld et al. 2015; Baumgartner 2019).

In general, human well-being ultimately is based on global natural resources and
biodiversity. Sustainable use of these resources is the foundation of sustainable devel-
opment (Holden et al. 2017). The world’s forest areas are made up of 3695 million
hectares of natural forest and 291 million hectares of artificial forest. However, the
area of natural forests is declining and the area under cultivation of artificial forests is
increasing. From2010 to 2015, theworld’s natural forest areas declined by6.5million
hectares per year. While artificial forest areas increased by 3.3 million hectares per
year (FAO 2016).
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Much of the discussion at international level is focused on the Sustainable Devel-
opment Goals (SDGs). Yale’s of the International Society of Tropical Foresters
(Yale’s ISTF) in 2015 decided to put its annual conference on the specific role of
forests in achieving SDGs, due to the great importance of tropical forests for human
societies. The conference was called “Tropical Forests for Sustainable Develop-
ment: Shaping our Post-2015 Future with Knowledge from the Field” to provide an
opportunity to discuss the role of forests with a wide range of disciplines, methods,
and perspectives. The tropics provided a sustainable development plan between
researchers and policymakers (Baumgartner 2019). Forests play a significant role
in a wide range of issues consisting poverty reduction, food security, human welfare,
water conservation, gender empowerment, access to energy, sustainable economic
growth, production and consumption, coping with climate change, and promoting
development and sustainable resource. The impact of forests on reducing the poverty
of human societies can be impressive. Therefore, the effects of deforestation on
forest-based livelihoods can be very complex and negative (Bukoski et al. 2018).

Forests have different functions that are aligned with the United Nations SDGs.
Not only do they provide livelihoods of forest residents (Silva 1994), they can provide
plant and animal products including food and medicine, and directly play a major
role in eradicating hunger (SDGs 2) and ensuring health and welfare (SDGs 3).
Forests increase employment (SDGs 8) and forest revenues can be used to buy
food and thus reduce food insecurity (SDGs 1). Nhem et al. (2018) examined the
relationship between declining forest resources and income inequality and poverty.
They argue that forest revenue sources should be integrated with ecosystem service
payments to diversify households’ income and protect them from shocks and other
stressors. Forests also affect “hydrological cycles and water supply in low-lying
areas” and contribute to health (SDGs 6). Forest biomass can play a major role in
reducing global dependence on fossil fuels for energy supply (SDGs 7). Forests can
replace non-renewable materials by providing renewable materials and contribute to
consumption and production (SDGs 12). Forest areas support industrial development
and innovation (SDGs 9). Forests are essential for carbon storage and climate regula-
tion (SDGs 13). They provide supportive services such as food cycles and pollination
of crops, which play a key role in sustainable agricultural production. In addition,
forests help protect coastlines and stability of coastal areas against weather hazards.
Forest-based cultural ecosystem services have recreational, spiritual, and religious
benefits. These benefits are important for rural and urban communities and contribute
to physical-mental well-being (SDGs 3 and SDGs 4), flexibility, and sustainability
of communities (SDGs 11). In addition, forests have the highest biodiversity in the
world (SDGs 15) (Bukoski et al. 2018; Katila et al. 2019).
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24.3 Forest-Based Climate Change Social Intervention
as a Way to Prevent Deforestation Under Climate
Change

Many researchers (Jindal et al. 2012) believe that climate changes can have far-
reaching negative impacts on forests. In addition, climate changes could affect liveli-
hoods of local people and rural development in forest communities (Ofoegbu et al.
2017). Climate change is directly affecting forest ecosystem services and exacer-
bating the impacts of natural anthropogenic stressor factors. Wildfires, native and
non-native invasive species, and extreme climatic events are among the most impor-
tant stressors that have negative impacts on forests. In general, the most significant
impacts of climate change on forests can be summarized in the following Table 24.1
(Bernier and Schoene 2009).

Although forests are vulnerable to the impacts of climate changes, they do play
an important role in adapting to climate change. For example, they help provide

Table 24.1 Impacts of climate change on the forests and forest management goals

1 Longer, warmer growing seasons

2 Altered fire regimes

3 Shifts in seasonality of hydrological processes

4 Intense droughts

5 Climate change interacting with current stress factors such as insect pests and disease,
wildfire, legacy of past management and air pollution

6 Shifts in forest species composition

7 Increased erosion events impairing watershed condition

8 Large-scale forest dieback or vegetation type conversions as a result of more frequent
extreme events

9 Altered landscape and successional dynamics

10 Increasing fragmentation of forest ecosystems and wildlife habitat

11 Increased air and stream temperatures

12 Reduced snowpack

13 Altered in-stream flows

14 Poor accessibility or lack of current information on climate change projections, ecosystem
impacts and socio-economic impacts on local communities

15 Uncertainty associated with that information

16 Exacerbation of the stress that urban environments place on ecosystems, as a result of
warming temperatures

17 Increased wildfire and drought risks in surrounding landscapes, which may compromise
ability to maintain water quality and availability

18 Need for management tools that incorporate climate change considerations

19 Need to revise current management practices that are based on assumptions about
ecosystems and climate that may be invalid in the future
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livelihoods for forest dwellers and increase their livelihood resilience to climate
change (Dlamini 2014). Many rural communities are dependent on forests. There-
fore, sustainable use and management of forests are essential to reduce the impacts
of climate change and increase their resilience (FAO 2015). Forest-based climate
change social interventions are one of the most effective and efficient ways to reduce
the impacts of climate change and adaptation of forest dwellers to climate change
(Rennaudet al. 2013; Chia et al. 2013; FAO 2015). These interventions are aimed
at achieving goals such as forest ecosystem sustainability, social equity, and liveli-
hood sustainability (Hajost and Zerbock 2013; Ofoegbu et al. 2017). Forest-based
climate change social interventions can be addressed on a variety of topics, such
as “reducing emissions from deforestation and forest degradation” and “participa-
tory forest management” (FAO 2015; Davis et al. 2020; Duong and De Groot 2020;
Purnomo et al. 2020). Although forest-based climate change social interventions can
have many benefits, such as employment, income opportunities, and forest protec-
tion, they may fail because they do not meet the real needs of forest communities
(Shiba and Michael 2012; Ofoegbu et al. 2017).

There are different approaches to forest-based climate change social interven-
tions. In general, this interventions canbe classified into three groups: no intervention,
reactive intervention, and planned/preventive intervention.No-intervention approach
means that continuation of the current situation and implementing present manage-
ment measures are satisfying and it should be hoped that forests will become more
adaptable to climate change. In otherwords, itmeans “business as usual” (Bernier and
Schoene 2009). Reactive intervention approach refers to taking action after occurring
a change. In other words, in this approach, intervenors seek to treat the complication
(Madani 2014). This complication of forests can be climate change aswell as its nega-
tive impacts on forests and forest communities. In such cases, the government or other
institutions, as intervenors, use specific measures to reduce the damage and increase
resilience and adaptability to the situation. On the other hand, the planned/proactive
intervention approach includes redefining forestry goals and practices in advance.
These goals and activities are designed to reduce the risks of uncertainties associ-
ated with climate change in a preventive and planned manner. Planned/preventive
intervention approach includes deliberate and anticipatory interventions at different
levels and across sectors (Bernier and Schoene 2009).

At the community level, preventive intervention may include diversification of
forest-based and non-forest-based income sources, better local governance of forest
resources, and capacity building to monitor and deal with possible calamities (Blate
et al. 2009).Within the industrial forest sector, planned/preventive interventions may
include introduction of bioenergy as a product or development of wood products for
low carbon footprint. At the national and international levels, preventive/planned
interventions include timely monitoring and reporting systems and development of
tools for assessing vulnerability and adaptability under climate change (Bernier and
Schoene 2009). It should also be noted that forest managers may be required to
take into account the global consequences of local interventions. Regarding that
forests are part of biophysical and biogeochemical cycles, theymust be recognized by
global programs and policies. At the stand level, preventive intervention may include
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planting a greater diversity of species or planting trees resistant to projected stresses
(such as drought, salinity, and etc.). At the landscapes level, preventive/planned inter-
ventionsmay include the use ofmethods to reduce the negative effects of fire, insects,
and diseases, and construction of biodiversity corridors, and restoration of destroyed
forests. At the forest management unit level, intervention options include vulner-
ability assessments and maximum preparedness for disasters (Blate et al. 2009).
Finally, it should be noted that planning for the management of forests and lands
cannot depend solely on growth and yield trajectories over time. Forest and land
management programs should also pay attention to the uncertainties and probabili-
ties of extreme events. Intensive monitoring of forests is a key factor in preventive
interventions and requires more technical and human resources. Monitoring can
provide early warning of various stresses such as pests and diseases. In addition,
a proper monitoring system in such interventions will help reduce uncertainty in
planning and decision-making and minimize losses. After an extreme event, rapid
risk assessment and timely planning for timber salvage, forest protection and fore-
casting effects on timber supply, markets, and socio-economic conditions are very
useful (Bernier and Schoene 2009; Blate et al. 2009). Many developed countries,
which have many forests, follow the planting of trees and improve the condition of
forests. It should also be noted that such activities have sometimes been further devel-
oped in developed countries and included dimensions such as carbon monitoring and
forest health. In developing countries, a lack of funding and expertise for monitoring
and evaluation may hinder the recognition of the negative effects of climate change
and timely responses. In such situations, preventive interventions should begin with
capacity building for periodic forest evaluations. Integrating forest monitoring and
existing knowledge about the potential effects of climate change into the vulnera-
bility and risk assessment is the first major step in developing an intervention. Such
assessments can be used to identify hotspots of risk management and draw response
options. Developing, testing, and improving risk assessment methods can also be a
new focus for monitoring (Bernier and Schoene 2009).

Both reactive and preventive intervention approaches may be used to counter
the negative effects of climate change on forests. A reactive intervention approach
may be employed when uncertainties or costs appear to be much higher than the
expected impacts and risks. Also, this intervention approach may be used in situa-
tionswhere after a climate change-based shock, cost savings, andbenefits from imple-
mentation are significant. For instance, replanting an area with resistant trees to the
climate change and severe droughts can be considered as one of these interventions
(Bernier and Schoene 2009). However, it should not be forgotten that in many cases,
planned/preventive intervention approaches may be less costly and more effective
in achieving goals such as forest sustainability under climate change circumstances.
In such an approach, adaptation methods and tools are used quickly and before a
crisis occurs. In other words, these methods and options are done before climate
change and emergence of its impacts. The main elements of a planned/preventive
intervention approach to adapt to climate change are (Blate et al. 2009):



574 N. Valizadeh et al.

• Reviewing, identifying, and improving forest management goals;
• Assessing the challenges that climate change poses to forest management goals

and planned/preventive activities’ implementation;
• Monitoring ecosystems and forestmanagement responses to provide the necessary

information for vulnerability and risk basic assessments;
• Paying attention to the uncertainties related to the impacts of climate change on

forest management approaches; and
• Developing a toolbox and guide to forest management strategies.

Such an approach requires extensive institutional and inputs’ coordination.
Preventive/planned intervention approaches should be evaluated continuously and
simultaneously with climate change and ecological system responses. Because, in
some cases, such assessments may indicate that the goals of forest intervention and
management need to be changed.

24.4 Enabling Factors in Forest-Based Climate Change
Social Interventions

In any social intervention program, there are factors that contribute to the sustain-
ability of social interventions and their positive effects, called “enabling factors”. The
development and institutionalization of enabling factors can play a significant role
in the effectiveness of various approaches to social intervention (non-intervention,
reactive intervention, and preventive intervention). Given the speed and extent of
deforestation and the urgent need for a variety of interventions at various levels, it is
important to identify and address these factors. In this regard, in this section, some
of the most important enabling factors that should be considered in forest-based
climate change social interventions are discussed. These enabling factors borrowed
from IFAD technical report on “the sustainability of rural development projects”
(Bhandari 2009) and outstanding article of Franck Vanclay on “social principals for
agricultural extension to assist in the promotion of natural resources management”
(Vanclay 2004).

• Creating an effective link between intervention components

One of the key elements in any intervention and sustainable management program
such as sustainable forest and land management, is its design based on a holistic
view of livelihood systems, needs, and opportunities. Narrow and partial interven-
tions can pose many risks to sustainability. For example, the improved economic
status of forest dwellers can easily be affected by the negative impacts of climate
change. In this regard, establishing an effective link between the various elements
of the intervention project is a necessity in any forest-based climate change social
intervention. To strengthen effective link in this area, a few points need to be consid-
ered. First, intervenors should not seek sector-focused interventions. Because these
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interventions do not take into account the various dimensions (social, economic,
environmental, and institutional) of forest issues due to narrowness. However, care-
lessness to these dimensions may exacerbate the problem. The second thing to keep
in mind is that planners and executives must use broad mixed interventions. This is
because these interventions, due to the diversity of goals, address a wide range of
forest community needs (Bhandari 2009).

• Community participation in forest-based climate change social interventions

Although many forest-based climate change social interventions employ participa-
tory methods at different stages, only interventions succeed in this context that are
seriously committed to the participation of different stakeholders. In other words,
these interventions put the participation into the practice. Dedication, close moni-
toring, and the use of various executive tools are among the most important prerequi-
sites for participation of stakeholders in a forest-based climate change social interven-
tion. If interventionswant to be successful, theymust try to use bottom-up approaches
to determine the real priorities and needs of different stakeholders. Many inter-
ventions are currently being done with a “top-down” approach. Following such an
approach shows that many forest and land management policymakers believe that
farmers do not have the knowledge and ability to make the necessary decisions.
In other words, professionals and outsiders are more aware of the local conditions
and needs than local people. However, it should not be forgotten that in forest and
land focused interventions, scientists are not the only source of knowledge. Accord-
ingly, intervenors should not diffuse only the knowledge produced by scientists. All
social and local groups construct their own knowledge based on personal experiences
(Vanclay 2004).

• Flexibility in designing interventions’ programs

Flexibility in the design of forest-based climate change social intervention programs
increases their ability to be demand-driven. Because, these interventions employ
methods that take the advantage of indigenous knowledge and activities of different
groups. In addition, it must be kept in mind that the flexibility of forest-based climate
change social intervention programs facilitate adaptation to new conditions and
uncertainties. It can also help turn these challenges and uncertainties into oppor-
tunities to reduce the impacts of climate change on forests and forest communities.
This had been forgotten in many traditional forest-based and climate change related
interventions. The reason for this forgetfulness is due to the linear, top-down, and
instrumental nature of traditional interventions (Bhandari 2009).

• Institutional analysis in social interventions

At the design stage of forest-based social intervention programs, a very detailed
and comprehensive assessment of institutional environment should be done. The
institutional context of the intervention plan has a tremendous impact on its success
and sustainability of forest exploitation under climate change. Interventions that take
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the advantage of an accurate institutional analysis are more successful in achieving
goals such as reducingpoverty and supporting theparticipationof various institutions.
Determining the strengths of institutions and organizations involved in sustainable
forest management under climate change circumstances contributes to the better
focus of efforts. In addition, institutional analysis results in determination of the
economic capacity of institutions, development of financial planning of intervention,
and sustainability of intervention program (Bhandari 2009).

• Considering intervention cycle as a long-term process

Participatory problem analysis is one of the key factors in development of forest-
based climate change social intervention programs. Because it contributes to the
achievement of long-termgoals of sustainable forest development.However, it should
be noted that these participatory analyzes require long-term programplanning cycles.
In addition, institutional strengthening and capacity building, natural resources (such
as forests) management, and achieving equality usually require a long-term time
cycles. Therefore, it should not be expected that the participation of different groups
involved in forest-based climate change social interventions be occur in a short period
of time. Participation is a time-consuming process, and social intervention planners
and policymakers need to be aware of this fact. Because any hasty (short-term) action
may have long-termnegative and irreversible side effects. Social interventions, if they
want to be participatory, must be implemented with a long-term vision (Bhandari
2009).

• Risk assessment in forest-based climate change social interventions

Any forest-based climate change social intervention needs to strengthen the risk
management capabilities of different groups. The ability to manage risk contributes
to the long-term sustainability of forest management programs. Risk assessment
may involve identifying potential risks that threaten practitioners of intervention. By
identifying such risks, riskmitigation strategies should also be considered in the plan.
Risk management strategies must be applicable and enforceable, especially in terms
of being responsive to social risks. For example, insurance of products of forest
dwellers and diversification of their income sources are among the risk reduction
strategies currently being used in forest-based climate change social interventions
(Bhandari 2009).

• Being focused on existing assets and knowledge

Many social interventions in the management of forest sustainability do not achieve
desired and satisfactory results. Because they consider indigenous and local people
as individuals without knowledge. In other words, most of them are based on prede-
termined goals, policies, and knowledge content. At the same time, social participa-
tion and commitment to intervention programs increase when policymakers, prac-
titioners, and managers of intervener agencies engage in and pay attention to the
local practices and knowledge. In some cases, community institutions in forested
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areas can even be used instead of new structures and mechanisms. By focusing on
existing community assets and knowledge, intervening organizations can eliminate
the distrust of individuals and local organizations. They can create a positive social
attitude towards participation and joint decision-making. In addition, paying atten-
tion to existing capital and knowledge can help increase organizational and social
cohesion by strengthening relationships between external and internal organizations
(Bhandari 2009).

• Top-down intervention as an inappropriate approach for sustainable forest and
land management

Although the disadvantages of social interventions have been briefly discussed in
the previous sections, they are explained in more detail here again due to their great
importance. Top-down social interventions have many drawbacks. One of the main
problems with these interventions is that they are biased against the innovations
and ideas produced by scientists. In other words, innovations and ideas produced
“by scientists and policymakers” are considered “useful innovations for the local
community”. However, in many cases, such judgment is inconsistent with the real-
ities of society and the local context. In other words, the need for these innovations
and ideas among locals is less than the need for them among scientists and policy-
makers.Another problemwith top-down interventions in forest and landmanagement
programs is that they ignore social and ecological impacts. In addition, most of these
interventions have used psychological and economic models to analyze the decision-
making of local people. At the same time, they have ignored the social, political,
cultural, and historical contexts of the forest and land management. Accordingly,
interventions in the field of forest and land management need to avoid pursuing
merely a top-down approach. They should use participatory, bottom-up, and inte-
grated approaches. Of course, this does not mean romanticizing a particular approach
and recommending a one-size-fits-all approach. Because, holding a biased idea of
the application of participatory approaches is again trapped in dogmatism (Vanclay
2004).

• Forest as a socio-cultural phenomenon and forestry as a socio-cultural activity

Many policymakers, decision makers, and forest management interveners view the
forest as a technical and static phenomenon. However, forest is a socio-cultural
phenomenon. Similarly, forestry is a socio-cultural activity. Each forest area is
located in a larger area or environment, which has different social, cultural, and
environmental elements. The presence of different elements indicates the need for
their dynamic communication. Forest can never be imagined apart from the people
who live around it. Similar connections can be seen between the forest and other
elements such as organisms, foresters, and the culture of local people where the
forest is located. From this perspective, forests are a source of income, a place of
residence, and a culture-oriented concept. Being aware of this fact contributes to
design and implement comprehensive and multidimensional forest-based climate
change social interventions and development of forest management (Vanclay 2004).
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• Profit cannot be the main motivational force for participation of all stakeholders
in intervention

Many forest-based climate change social interventions use only economic incentives
to attract the participation of different stakeholders. However, for some stakeholders,
profit is not the most important thing. For example, many forest dwellers are willing
to pay to protect the forests and reduce the effects of climate change. Although in
many interventions, participation is profit-oriented, it should not be generalized to
all interventions as a one-size-fits-all principle. Paying attention to this issue, forest
practitioners should try to develop forest-based climate change social interventions
based on a variety of incentives to encourage different groups (Vanclay 2004).

• Social learning in interventions

Each intervention requires at least two actors (intervener and target group). However,
it should bementioned that the number of actors in interventions, especially in forest-
based climate change social interventions is usually more than two. In general, linear
or top-down interventions in the field of forests and lands suggest that the process of
adopting ideas should include the stages of awareness, interest, evaluation, testing,
and acceptance. However, it must be kept in mind that considering a technology and
innovation as a fixed and pre-determined object is not correct. Ideas, innovations, and
policies have different characteristics and dimensions. Their design in interventions
should not be one-sided and controlled. Rather, designing must take place synergisti-
cally within processes of network building, social learning, and negotiation between
different groups. In the process of social learning, different patterns, methods, and
activities are developed. Steps need to be taken to create a suitable environment for
social learning in forest-based climate change social interventions (Leeuwis 2013):

• Increasing awareness about the problem situation instead of the problem itself;
• Aligning the interests of different actors in forest-based climate change social

interventions;
• Social designing or redesigning the environments of creating innovation in order

to increase social learning among actors and facilitate the negotiation between
them;

• Gradually preparing and improving of supportive requirements for innovations of
the intervention practice;

• Redesigning and evolution of innovations to be diffused by forest-based social
interventions.

24.5 Constraining Factors in Forest-Based Climate Change
Social Interventions

Just as in any forest-based social intervention program there are factors that contribute
to their sustainability and their positive impacts, there are factors that lead to the
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unsustainability of these interventions. In other words, these factors are constrains
that prevent social intervention from achieving those goals. These factors are
summarized in Table 24.2.

Table 24.2 Constraining factors in forest-based climate change social interventions

1 Vague goals

2 Poor adaptation of goals to the real situation of intervention

3 Ineffective linkage of different sectors

4 Insufficient implementation support for interventions

5 Inappropriate risk assessment measures

6 Insufficient technical support for interventions

7 Insufficient and ineffective capacity-building

8 Lack of monitoring system

9 Non-existence of holistic perspective towards networking

10 Focusing on quantitative outcomes of interventions

11 Insufficient community participation

12 Inappropriate follow up system in interventions

13 Ignoring local knowledge on climate change

14 Insufficient trust building programs

15 Non-proficient interveners and change agents

16 One-dimensional goal setting approach

17 Defining one-size-fits-all approach for interventions

18 Lack of attention to the real needs of target group

19 Conflict of interests

20 Lack of collaboration and networking

21 Lack of formal approval for interventions

22 In appropriate entrance methods

23 Inappropriate exit strategies

24 Lack of funding sources and financial supports

25 Parallel and overlapped interventions by different institutions

26 Inappropriate education methods

27 Short term program planning cycle

28 Geographical remoteness of intervention site

29 Lack of coproduction of knowledge

30 Self-serving of intervention staff

31 Disregarding the differences between target group members and stakeholders of intervention
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24.6 The Uses of Forest-Based Climate Change Social
Interventions

By studying the literature on social interventions, we can identify specific trends
in terms of their “use” and “nature”. The interesting fact is that these trends in
social interventions are consistent with the different periods of evolution of rural
development theories in the world. Comparing the trends of social interventions with
the evolutionary periods of rural and social development theories can help identify
the reasons why a trend is becoming more general in a particular historical period. In
this regard, in this section, these trends of social interventions are firstly introduced
from the perspective of their use, and in the next stage, the relationship between each
of these trends and the evolution of rural development theory is discussed. These
trends also apply to forest-based climate change social interventions. It should be
noted that the uses introduced for social interventions in this section are based on
the uses of evaluative intervention research, which have been introduced by Shadish
et al. (1991) in detail. These uses have also been reflected by Valizadeh and Bijani
(2019) as the investigative and research interventions’ uses. Given that forest-based
climate change social interventions are also considered as an intervening research
process, in this regard, the applications mentioned to research interventions can also
be generalized to these interventions.

Thinkers and researchers have been debating the concept of “use” in social inter-
ventions since the 1970s. In the initial definitions of use, the scope was very limited
and included only “immediate”, “concrete”, and “observable” effects of interven-
tions on a particular decision or policy. However, in the following decades, thinkers
focused on the fact that social interventions may not necessarily lead to rapid conse-
quences and changes. In other word, they may change people’s minds. Accordingly,
in the early 1980s, researchers began to expand the concept to include measures such
as learning from the process of conducting social interventions, increasing awareness
of research audiences and stakeholders about the effects and consequences of inter-
vention, and thinking about evaluation (Shadish et al. 1991). Patton (2008) defines
it as “how real people in the real world apply intervention research findings and
experience”. Henry and Mark (2003) have recently introduced a broader concept
of use in evaluative interventions research that emphasizes the importance of “influ-
ence”. Such thinking led to a paradigm shift in attitudes towards the use of the results
of social interventions, which highlights the long-term use instead of focusing on
short-termuses. To facilitate this, it was suggested that each interventionist researcher
should try to explain the potential use of his/her results. Because, the research results
themselves are not impelling and the intervenors themselves must work to make
better use of the results.

With the passage of time and the development of different types of social inter-
ventions, different uses have been proposed. In general, three main types of uses can
be named for interventions which include instrumental, conceptual, and persuasive
uses. Instrumental use occurs when decision makers use the social intervention find-
ings to modify or revise programs (Fleischer and Christie 2009). This type of use is
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what Patton (Patton 2008) points out. In this type of use, the results and information
collected in the social intervention process are used “directly” and “objectively” and
for a specific decision.

Conceptual use occurs when the results of intended social intervention help key
stakeholders to understand social intervention and its context properly. Conceptual
use may be used for social interventions performed by novice practitioners and inter-
venors, or for intervening situations where there is insufficient knowledge of them.
Because instead of direct and instrumental use, it leads to a better or new under-
standing of social intervention and the context of intervention (Shadish et al. 1991).
A crystal-clear example of this is forest-based climate change social interventions.
Suppose a social intervention is being carried out to increase the adaptability and
resilience of forest dwellers to climate change; the results of this intervention show
that residents of forested areas do not have the ability to adapt to climate change.
Based on the results, it is suggested that changes bemade in farmers’ attitudes toward
risk mitigation methods. In this case, the conceptual use of forest-based social inter-
vention has been considered. But if, following the results of social intervention,
strategies such as changes in techniques and methods of forest and land manage-
ment are undertaken by the government, the results have instrumentally been used.
In this regard, conceptual use can be called enlightenment, organizational learning,
and cognitive processing.

Persuasive use, sometimes referred to as the political use of social interventions,
is often not considered a positive use. Examples of the use of negative persuasion
include the use of the results of social interventions to justify, approve, and legitimize
decisionsmade by the informant and executive decisionmakers (Fleisher andChristie
2009). Of course, in some cases, political use is not intentional. In other words, they
are not necessarily used to justify a particular decision or action, but they are applied
for directing and using the results of social interventions (Patton 2008). This form of
use is called the “positive persuasive use”. However, it should be noted that the ability
of persuasive use to be positive and negative is one of the fundamental features of this
type of use. In general, any type of forest-based climate change social intervention
may have at least one instrumental, conceptual, and persuasive use. This means that
practitioners, policymakers, decision makers, and intervenors should not try to fix
one of the instrumental, conceptual, and persuasive uses as a one-size-fits-all use.
Because, as mentioned in the previous sections on the top-down approaches to social
intervention, extreme adherence to a particular approach in social interventions may
bemisleading. Predetermined bias toward a particular approach of social intervention
can have many social, economic, and environmental impacts in forested areas.

Prior to the 1970s,most interventionswere instrumental. From the 1970s to 1990s,
however, most social interventions had conceptual uses. In addition, since 1990s,
interventions have generally had a combination of uses (instrumental, conceptual, and
persuasive) with an emphasis on persuasive use. Therefore, a regular and clear trend
of the uses of social interventions in different periods of time is understandable. It
should bementioned that most of the social interventions are aimed at the sustainable
development of forest communities and rural areas located in forested areas. These
interventions follow at least one social dimension, even if they are not implemented
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with such a goal in mind. Therefore, it can be seen that the goals and uses of social
interventions in different time periods are affected by the goals of social and rural
development programs. Given that there are different periods for the evolution of
rural and social development theories in the literature, so these periods are examined
here. Explaining these courses will help to better understand the reasons for the
prevalence of various uses for forest-based climate change social interventions in
different time periods.

By examining the opinions of experts in the field of social and rural develop-
ment, three generations of definitions can be identified. At each stage, the concept
of development pays attention to the current problems of rural and social interven-
tions alongside its evolution. In the first generation of development theories, the
concept of “gross national product” was introduced as the most important “crite-
ria” of development. This view was very common before the 1970s. This period
is also called the “period of optimism and trust". According to the assumptions of
these theories, with the increase in gross national product, not only all issues and
problems can be solved, but the argument was that development would only take
place in these circumstances. Due to the economic nature of the concept of develop-
ment in this period, indicators such as poverty, improvement in literacy, education,
health and services, housing, unemployment, and even balanced income distribution
were not very important (Zamanipour 2013). It should be noted that in this period,
top-down and centralized planning by the governments was considered as the best
approach. Social and rural interventions in this period were inspired by the economic
concept of development. Therefore, the intervenors tried to increase the income of
the target group. Accordingly, economic growth and economic growth-based inter-
ventions were considered as an approach to social and rural development. In general,
top-down and centralized planning used rural development programs as a means of
increasing economic growth. With such an approach to rural and social develop-
ment, it can be understood that social interventions were an instrument for economic
growth.

The second generation of development theories, (whichwere dominant from 1970
to 1990s), stemmed from the experimental results of the late 1960s.These experiences
have shown that despite many efforts, development has not taken place in many
third world countries or its pace has been very slow. Few countries that have been
able to achieve acceptable economic growth have faced many problems, such as
increasing class divisions, poverty, and other unresolved social issues. It was on
this basis that the issue of eradicating poverty and hunger and meeting the basic
needs of human beings (rather than relying solely on economic growth) played an
important role in defining development. One of the most important reasons for this
change in thinking in defining the concept of development was that the most of needy
people (usually villagers)whowere considered the poorest people, were among those
who benefited the least from development (Zamanipour 2013). This period is also
called the “period of doubt or revision”. During this period, doubts arose about
the idea of economic growth as the only criteria and instrument for development.
Most of the rural and social interventions had a conceptual use in this period. Rural
development approaches sought to explore the concept of development in its context
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and to understand it more deeply. Accordingly, most of them were carried out in
order to identify intervening contexts. Instead of direct and instrumental use for
government policymakers and planners, they led to a better or new understanding
of the concept of development and its various dimensions. This concept was well
known in previous interventions: economic growth. However, in order to recognize
the various dimensions of social and rural development, the interventionsweremostly
conceptual in this period.

The third generation of development theories emerged in the late 1990s. The
various experiences gained in different countries and theWorldBank research empha-
sized the ineffectiveness of second-generation slogans. Therefore, the ideologues
and experts revisited the idea of economic growth (which was emphasized in the first
generation of development theories). Revisions were carried out through change and
renewal in the economic and social structures of the society. Therefore, comprehen-
sive reforms were made with full attention to human dignity and cultural values.
This was the same concept that was later called “self-dependent development” or
“endogenous development". Endogenous development in this period meant devel-
opment that could produce the necessary ability to reproduce and advance itself
(Zamanipour 2013). Inspired by this approach, social interventions also tried to
focus on bottom-up and endogenous planning instead of top-down planning. This
approach shift was the first step in putting the last first. Social interventions during
this period sought to involve local people in social development programs. In other
words, social interventionists tried to encourage people to participate in planning and
implementing interventions. Accordingly, the persuasive use of interventions were
encouraged. Although persuasive interventions have negative applications in some
cases, they were the first step to prioritize the views of indigenous peoples. For this
reason, they are considered as a turning point in the history of social interventions.

24.7 Typology of Forest-Based Climate Change Social
Interventions

Interventions to combat land use change are made by land users, governments, civil
society organizations, and market participants. Analysis by Agrawal et al. (2014)
represents a combination of changes in “resource rights to agricultural land and
forests (which are created by political and institutional changes related to socio-
political choices)”, “incentives and rewards for changing land use attitudes”, and
“technological mechanisms such as agricultural intensification". It can be under-
stood that these three types of influences embodied in interventions represent polit-
ical, economic, agro-economic, and agro-ecological logics (Agrawal et al. 2014). Of
course, there may be other logics for interventions, and the above mentioned ones
do not mean denying other types of intervention logics. In general, according to
Agrawal et al. (2014), forest-based climate change interventions can be divided into
three categories.
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24.7.1 Interventions Related to Resource Rights

Formal resource rights interventions can be derived from legislative action, policy
reform, or management actions. Policy reform can create new rights to resources
including the right to development and generation of management programs and the
right to buy or sell lands. Policy reforms can directly change land use by changing
the types of rights. For example, taking serious steps in line with “conservation-
oriented” or “extraction-oriented” measures for forests and reallocation of rights
using limiting the rights of some users is one of the policy reforms. These reforms
through changes in political, economic, and social relations between actors, relative
access to capital, and choices over resource use lead to deforestation. Policy changes
can encompass mechanisms such as new incentives or drivers to adopt new tech-
nologies that result in forestry. In general, these rights and measures are reflected
in their impact on forest use, forest cover, and land use outcomes. The main factor
of rights-based interventions is redistribution of resource rights from a group/user
to another group/user. This is true for all types of rights-based interventions such as
controlling the technical dimensions of land use interventions, changes in zoning,
and carbon sequencing mechanisms. For example, forest land use may change by
improving conflict management skills, enforcing/dictating rules or increasing the
ability to monitor and impose sanctions. Interventions related to resource rights can
also be including forest and agriculture policy reforms, titling/land tenure, protected
and conserved forests, zoning and spatial planning, decentralization and CBNRM,
and logging bans and moratoria (Agrawal et al. 2014).

24.7.2 Incentives and Rewards-Based Interventions

Some interventions use economic incentives to support/maintain sustainable land
and forest use. Examples of these interventions include payments for carbon seques-
tration/forest cover maintenance/watershed and access to finance for implementing
forestry projects. In all of these interventions, the party interested in an environ-
mental value rewards other sectors for protecting forests (Calvo-Alvaradoet al.
2009). Payment for environmental services (PES), voluntary standards and certi-
fication, and sustainable commodity supply chain interventions are some of the most
important rewards-based climate change interventions in the field of forest and land
management (Agrawal et al. 2014).



24 Forest-Based Climate Change Social Interventions: Towards … 585

24.7.3 Technological Interventions

Interventions based on technical approaches to improve forest and land outcomes
through carbon storage, tree cover, and forest conditions have a long history. These
interventionsmust be carried out in such away that they do not have a negative impact
on the communities and their livelihoods. These interventions include agricultural
intensification and tree planting. In general, technical interventions and social and
institutional changes to support these interventions need to be undertaken together
(Agrawal et al. 2014).

24.8 Summary and Conclusion

The main goal of this study was to provide a theoretical framework for forest-based
climate change social interventions. Given that each social intervention program has
three stages of design, implementation, and evaluation, in this regard, these three
stages should be the basis of any framework in the field of interventions (Fig. 24.1).
However, there are many constraining and enabling factors that must be taken into
account in any forest-based climate change social intervention. The most important
constraining factors to forest-based social interventions include structural, political,
organizational, economic, executive, collaborative, network building, and follow-up
barriers. Enabling factors consist flexible designing, institutional analysis, long-term
intervention, risk assessment, prioritizing local knowledge, site-specific intervention,
socio-cultural forestry, non-profit incentives, social learning, and participation. The
basis of the framework provided for forest-based climate change social interventions
is related to the different types of these interventions. This typology is based on the
work of Agrawal et al. (2014). This section shows the framework of different areas
of forest-based social intervention. In general, forest-based climate change social
interventions include interventions related to resource rights, incentives and rewards-
based interventions, and technological interventions. This classification can be very
insightful in (re)directing forest-based climate change social interventions. Because
it allows decision makers, policymakers, managers, and ecosystem practitioners to
be able to focus their interventions.
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Fig. 24.1 A theoretical framework for forest-based climate change social interventions
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Chapter 25
Conversion of Land Use Land Cover
and Its Impact on Ecosystem Services
in a Tropical Forest

Soumen Bisui, Sambhunath Roy, Debashish Sengupta,
Gouri Sankar Bhunia, and Pravat Kumar Shit

Abstract The tropical forest ecosystem provides society-wide range of ecosystem
services, but increasing human activity changes the land use/land cover dynamics
(LULC) with significant change of the ecosystem services values. The present study
is considered to evaluate and monitoring of LULC change along with the ecosystem
services of a tropical forest region in Jhargram block West Bengal in India during
1972–2019. LANDSAT satellite imageries (1972, 1987, 1992, 2002, 2012, and 2019)
have been analyzed to identify the LULC change and to determine the ecosystem
service values using the value transfer method. Based on the Maximum likelihood
algorithm image classification techniques using Arc-GIS software v.10.3, the study
area is divided into eight land use land cover (LULC) categories like forest, cultivated
land, grassland, water bodies, settlement/built-up land, barren land, and sand. We
found that forest land continuously decreased by 42.3% between 1972 and 2019
and cultivated land is also decreased by 31.6% from 1972 to 2019. Settlement and
Barren land are increased progressively 1209.6%, 394.3% respectively between 1972
and 2019 respectively. The total ecosystem services in Jhargram block have been
calculated as $30.52, $29.69, $27.03, $34.1, $29.2, and $21 million in the year of
1972, 1987, 1992, 2002, 2012 and 2019 respectively. The total ecosystem services
have reduced by 31.2%due to deforestation.Variations can also be seen in the value of
individual ecosystem service functions viz. food production, raw material, erosion
control, nutrient cycling, recreation, and climate regulation, which are important
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contributions in total ecosystem services. The sensitivity analysis indicates that our
estimated ecosystem service value for our present study is reasonable and robustness
concerning the value coefficient. This information will be helpful for sustainable
land use management strategies and policy-making processes in the tropical forest
region.

Keywords Landsat data · Ecosystem service values · LULC · GIS techniques ·
Sensitivity analysis · Deforestation

25.1 Introduction

Ecosystem through their function to provides directly or indirectly multi-services,
which are important to the living organism of the earth and also important for human
survival (MEA 2005; Schagner et al. 2013; Costanza et al. 2014a, b). Different
ecosystem service provides an extensive range of services like provisioning (food
production, raw material, water), regulating (climate regulation, erosion control,
water regulation), cultural services (cultural and recreation) and supporting services
(soil formation and nutrient cycling) which differ in quantity and as well as quality
(MEA 2005). These services help to maintain the ecological process and sustaining
a life of the earth. The ecosystem service directly linked to the type of ecosystems,
e.g., LULC type in a specified region (de Groot et al. 2002; Styres et al. 2010). Due
to huge population growth, economic development, and urbanization, LULC have
experienced massive change throughout the world in the last decades, especially
from forest to agriculture land, built-up area and pasture land (Lambin andMeyfroidt
2011; Chen et al. 2014). Dynamic change of LULC has been recognized that one
of the important driver of ES loss (Costanza et al. 2014a, b; Kubiszewski et al.
2017). However, the evidence is showing about 60% of the ecosystem service has
degraded since few decades (MEA 2005) and also results showed that global forest
has faced an environmental crisis on account of heavy deforestation (Tsegaye et al.
2010; Sloan and Sayer 2015). Presently, the particularly topical forest is quickly
diminishing the cause of natural landscape convert to farm pasture and harvest timer
for fuel and construction (Miyamato et al. 2014) as a result ecosystem services
and their individual functions are also rapidly declining. Henceforth, for sustainable
land utilization, the assessment of ecosystem service (ESV) is a significant decision
support tool (Forster et al. 2015) and provides an effective approach to policy-maker
and land planner for appropriate land management (De Groot et al. 2012; Iverson
et al. 2014; Yi et al. 2017). However, numbers of researches have conducted several
research works on the assessment and impact of ecosystem services at a global scale
(Costanza et al. 1997, 2014a, b; Zang 2011; Kindu et al. 2016; Yi et al. 2017; Polasky
et al. 2011).

Likewise, the tropical land of India has been faced challenges for deforestation,
expansion of agriculture land, increase of settlement and also demand fuel wood
and construction material for the few decades. Till date, very few studies have been
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conducted with little attention on assessment and change of ESV and dynamics of
LULC, (Sinha and Mishra 2015; Everard et al. 2019; Mondal et al. 2018; Kumar
and Chaudhry 2015). Further, a recent study indicates approximately 7% of national
GDP, 57% of the income of rural people in India which have been contributed from
the Indian forest (Sukhdev 2009).

Now a day, much of the rural people particularly in indigenous tribal area are
being suffered from deforestation and forest degradation, as they depend on forest
recourses for their food fuel, livelihood. About 42.3% of forest is degraded during the
period from 1972 to 2019. As a result, tribal people’s livelihoods have a frightening
condition; many newspapers have reported this situation (www.anandabazar.com,
2017; the national green tribunal, 2019). Therefore, the present study attempts to
analyse LULC dynamic in Jhargram block in West Bengal (India) and to assess
variation of ecosystem service values during the period between 1972 and 2019.

25.2 Study Area

The study was conducted in Jhargram block which is part of Chottonagpur plateau
with undulating topography. Geographically Jhargram block is located between
22° 15′ 18′′ N latitude to 22° 30′ 02′′ N latitude and 86° 54′ 22′′ E longitude to
87° 15′ 33′′ E longitude (Fig. 25.1). The total land area covers 55,365 ha. The
geological formation of the area is mainly lateritic and the general slope of the area
is forming northwest to southwest.

This area experiences very high temperature 40–45 °C in May–June month and
receives rainfalls mainly during monsoon season (June–October). The climate is
warmhumid tropical nature fallingunderKoppen “AW” typeof climate classification.
Jhargram block is one of the draught prone block of Jhargram district; the total forest
cover of the block covers 6168 ha.

Administratively Jhargram block has one Panchayat samity and 13 gram
panchayats. As per the census 2011, the total population of this block is 170,097, out
of which 22.7% and 14.83% population belongs to ST and SC community respec-
tively. The different primitive tribes living in this block are Bhumij (11.6%) Lodha
(3.85%), Munda (6.10%), Koras and Mahalis (Paschim Midnapore District Human
Development report, 2016).

The main economic activities are farming and livestock rearing and the dominant
crop is paddy. About 49.02% of peoples are living below poverty line. Many of them
are depending upon the natural recourses for food, fodder and fuel. This region is
also very attractive for tourism.

http://www.anandabazar.com
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Fig. 25.1 Location map of the study area

25.3 Material and Methods

25.3.1 LULC Classification

In this study we used Landsat MSS (1972), Landsat TM (1987 and 1992), Landsat
ETM+ (2002) andLandsatOLI (2012, 2019) satellite images for LULCchange anal-
ysis with different resolution. The years are selected on the basis of major economic
and political changes and data availability which images are acquired from United
States Geological Survey Earth Explorer Community (USGS) (Table 25.1).

Remotely sensed images were pre-processed including image enhancement and
image classification using by EDRAS Imagine 2014 for preparation of land use/land
cover map. The images were classified into eight LULC classes (Table 25.2) using
maximum likelihood classification and calculating the area statistics for subsequently
used to calculate the ESV for different LULC indifferent year (Fig. 25.2).
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Table 25.1 Description of imagery data used for land cover change study in Jhargram block

Imagery date Imagery type Resolution (m) Path and row Source

12–12–1972 Landsat MSS 57 × 57 149/44, 149/45 USGS

15–12–1987 Landsat TM 30 × 30 139/44, 139/45 USGS

13–11–1992 Landsat TM 30 × 30 139/44, 139/45 USGS

16–12–2002 Landsat ETM + 30 × 30 139/44, 139/45 USGS

11–04–2012 Landsat OLI 30 × 30 139/44, 139/45 USGS

17–10–2019 Landsat OLI 30 × 30 139/44, 139/45 USGS

Table 25.2 Description of land covers type in the study area

Land cover type Description

Forest Land covered by trees mainly tropical forest

Cultivated land/cropland Land under cultivation of agriculture

Grassland Land dominated by grass

Water bodies Pond, river, reservoir and stream

Settlement/built-up land Land covered by building and infrastructure

Barren land No vegetation covered including rock, sand

Fallow land Land without crop at few season

Sand Land covered by sand

25.3.2 LULC Change

LULC changes important role to changes of ecosystem service and their func-
tion (Hao et al. 2012). Therefore we calculate percentage change (PC) and annual
percentage change (AAC) of LULC by the following formula:

PC = {(Yk − Y1)} × 100

Y1 is taken the base year, i.e., 1972 and Yk is the successive year taken for study
i.e., 1987, 1992, 2002, 2012, 2019.

AAC = PC/difference between the year of study and base year.

25.3.3 Assignment of ESV

In the research work, Costanza et al. (1997, 2014a, b) estimated ecosystem service
value coefficients are adopted for quantifying the ESV values of different LULC.
Most of each LULC use as a proxy of representative biome (Table 25.3). Costanza
et al. (1997) assessed the economic value of 16 types of biome and 17 ecosystem
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Fig. 25.2 Methodological framework on the study landscape. ESV: ecosystem service value of
each LULC in reference year, ESV; f: estimated value of each individual function, CS: coefficient
sensitivity

Table 25.3 Summary of land use land cover type with equivalent biome and value coefficient
adopted from costanza et al. (1997, 2014a, b)

LULC category Equivalent biomes Ecosystem service value coefficient (US$ ha−1

yr−1)

Forest Tropical forest 2007

Cultivated land/cropland Cropland 92

Grassland Grass/rangeland 232

Water bodies Lake/river 8498

Settlement/built-up land Urban 0

Barren land Urban 0

Fallow land Urban 0

Sand Desert 0

functions (Table 25.4). Ecosystem service values are calculated using the method
followed by Li et al. (2007). The total ESV value of selected landscape in different
study years e.g. 1972, 1987, 1992, 2002, 2012, and 2019 were estimated as follows:
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ESV =
∑

(Ak × VCk)

where ESV is the estimated ecosystem service value; AK the area (ha) of LULC
category k and VCK value coefficient (US $ ha−1 year−1) for LULC category k. The
changes of ESV value were calculated by the output estimated values of difference
for each LULC Category reference year. The percentage of ESV was calculated
through the following formula:

Percentage of ESV change =
(
ESVfinal year − ESVinitial year

ESVinitial year

)
× 100

where ESV signifies total estimated ecosystem service value. Positive values indi-
cate an increase and negative values mean a decrease of quantity. Furthermore, we
also calculate the individual ecosystem function of study landscape using following
formula:

ESV =
∑ (

Ak × VC f k
)

ESV f = Ecosystem service value of ecosystem function ‘f’, Ak is the area (ha) and
VC f k is the value coefficient of function ‘f’ (US $ ha−1 year−1) for LULC category
‘k’.

25.3.4 Sensitivity Analysis

As suspicion of value coefficient, we use sensitivity analysis to the following equation
(Li et al. 2007; kindu et al. 2016; Mamat et al. 2018) by adjusting 50% of value
coefficient and then calculate the corresponding change in ESV of each LULC,
which is similar to grade economic concept of elasticity By using the following
formula.

CS =
(
ESVj − ESVi

)
/ESV i(

VC jk − VCik
)
/VCik

where ESViandESVj = initial and adjusted total estimated ecosystem service
value,VC jk and VCik is initial and adjusted value coefficient (US$ ha−1 year−1)
of LULC category ‘k’. When CS value greater than one then ESV is considered
elastic relative to value coefficient, but if the CS value is less than one then the ESV
considered as to be inelastic.
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25.4 Result and Discussion

25.4.1 Land Use and Land Cover Change

Based on the six different (1972–2019) year remote sensing images, eight LULC
classes were identified of the Jhargram block (Fig. 25.3) and area under different
LULC presented in Table 25.5. There was a significant increase in the settlement of
217.44 ha in 1972 to 2847.72 ha in 2019, overall increase about 1209.6% because this
area were converted from the forest land and cultivated land. The forest cover of this
region has been decreased continuously from 1972 to 2019, with an overall decrease
by about 4.3%. The downward forest cover indicates the subsistence agriculture for
livelihood and increases the demand for fuel wood. The maximum loss of forest
cover rate in the period of 2002–2019 due to anti-social activities.

Significant changes of water body have been found in the period of 1972–2012
after 2012. Rapid loss of forest cover has been found after 2002 with an overall
decrease of about 24.6%. The fallow land and barren land have been increased by
57.06% and 394.3% respectively in the study area. Grassland or scrubland have been
decreased continuously from1972 to 2012 but slightly increased after 2012; however,
slight increase has been observed after 2019. Cultivated land slightly increases from
1972 to 1992, after that it was recorded decreasing trend up to 2019 (Table 25.5).

25.4.2 Spatio-temporal Changing Pattern of Ecosystem
Service Values

25.4.2.1 Ecosystem Service Value Changes During 1972 and 2019

The ecosystem service values and changes in total ESV were calculated using the
coefficient value (Table 25.3). The total ecosystem service during the study period
was US$30.52, US$29.69, US$27.03, US$34.1, US$29.2, and US$21 million in the
year of 1972, 1987, 1992, 2002, 2012 and 2019 respectively. In this study, the net
ecosystem service value was reduced by 31.2% over the four decades of the study
period, from US$ 30.52 million in 1972 to US$ 21 million in 2019 (Table 25.6). The
highest loss of ESV from the forest was 42.28% and cultivated land, Grassland, water
bodies were 31.81%, 33.02%, and 24.48% respectably. While ESV of eight LULC
type have changed in different reference years across our study landscape (Table
25.6). The ESV for forest land is calculated as maximum; however, the lowest value
is calculated for the cultivated land. The last year ESV of the forest is US$12.37
million while cultivated land, grassland, water bodies accounted about US$1.877
million, US$2.86 million, US$8.29 million of the total ESV across entire the block.
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Fig. 25.3 LULC of the study area in 1972, 1987, 1992, 2002, 2012, 2019 respectively
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25.4.2.2 Change in Ecosystem Function

The estimation of annual values of ecosystem function and their changes from 1972
to 2019 in the study block is presented in Table 25.7. This order of contribution
changed with change the time due to change of LULC. The collective contribu-
tion of seven ecosystem function represented about US$24.38 million, US$23.58
million, US$21.69 million, US$27.08 million, US$23.23 million, US$16.39 million
in 1972, 1986, 1992, 2002, 2012, 2019, respectively (Table 25.7). Only two func-
tions increase their value during study period gas regulation and pollination, the

Table 25.7 Annual estimated value of ecosystem function (ESVf in US$ million US$ year−1)
under each service category in different year and their changes (1972–2019) in the study landscape

Ecosystem
service

Sub type Using global coefficient (Adopted from costanza et al. (1997,
2014a, b)

1972 1986 1992 2002 2012 2019 Overall
change

Provisioning
service

Food
production

2.46 2.27 2.26 2.3 1.98 2.26 −0.2

Raw materials 3.36 3.01 3.13 3.3 2.93 1.94 −1.42

Genetic
resources

0.43 0.39 0.4 0.43 0.38 0.25 −0.18

Water supply 1.04 1.57 0.73 2.15 1.7 0.77 −0.27

Regulating
services

Gas regulation 0.09 0.06 0.06 0.08 0.06 0.13 0.04

Climatic
regulation

2.38 2.13 2.21 2.34 2.07 1.37 −1.01

Disturbance
regulation

0.05 0.04 0.04 0.05 0.04 0.03 −0.02

Waste
treatment

2.45 2.16 1.93 2.63 2.18 2.39 −0.06

Erosion control 3.02 2.63 2.72 2.93 2.57 2.05 −0.97

Pollination 0.65 0.58 0.57 0.59 0.5 0.67 0.02

Water
regulation

2.57 3.94 1.76 5.41 4.26 1.95 −0.62

Biological
control

0.84 0.79 0.79 0.77 0.66 0.78 −0.06

Supporting
services

Nutrient
cycling

9.84 8.82 9.17 9.68 8.58 5.68 −4.16

Soil formation 0.12 0.1 0.1 0.11 0.1 0.08 −0.04

Habitat/refugia 0 0 0 0 0 0 0

Cultural Cultural 0.02 0.01 0.01 0.02 0.01 0.01 −0.01

Recreation 1.32 1.25 1.23 1.42 1.23 0.8 −0.52

Sum 30.52 29.69 27.03 34.1 29.2 21.0 −9.48
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rate of change is US$0.04 million, US$0.02 million respectively. All other func-
tion decreased their contribution with nutrient cycling (−US$4.16 million), raw
materials (−US$1.42 million), food production (−US$0.2 million), water regula-
tion (−US$0.62 million), climatic regulation (−US$1.01 million), most to the over
decrease (−US$9.52 million) (Table 25.7). The comparative result indicates that
the highest value calculated for the group of regulating service US$12.05 million,
supporting service US$9.96 million, provisioning service US$6.25 million and
cultural service US$1.33 million presented in the year 2019 about regulating service
US$9.37million, supporting service US$5.76million, provisioning service US$5.22
million and cultural service US$ 0.81 million. Therefore, the order of involvement
remains the similar over the study period but individual service decline throughout
the year except for gas regulation and pollination (Table 25.7). It can be implicit from
this study the dynamic change of LULC can have a significant effect on the overall
ESV of the study landscape.

25.4.3 Ecosystem Sensitivity Analysis

To confirm the strength and reliability of our research using alternative coefficient
(50% adjusting in the value coefficient) the total ESV over the study period are
represented in Table 25.8. The coefficient of sensitivity (CS) of this analysis was
less than one in all LULC revealed that the total estimated ESV of study landscape
was inelastic, concerning modified value of coefficient. If the CS value was less than
one, then the estimated ecosystem value is regarded to be inflexible but if the CS
value is greater than one then ecosystem value considered changeable with esteem
to that coefficient. The CS range from 0.05 to 0.07 for cultivated land and high CS
values (0.58–0.73) is estimated for forest land when the value coefficient for these
LULC types was adjusted by 50%. The sensitivity analysis point out that estimation
was reasonable and strength and the used ESV index was a well fit for our research
landscape.

25.4.4 Discussion

LULCchange is dynamic and non-linear nature, and it depends upon different natural
and anthropogenic factor (Meshesta et al. 2014). In this study, we observed forest
land, cultivated land, and water bodies have been continuously loss but settlement
and fallow land have been constantly increase between the study period 1972 and
2019. Many studies point out that the forest land and agricultural land are being
decreased by different human activity (Tripathi et al. 2019; Kreuter et al. 2001).

LULC change has been a significant factor of regular change in the ecosystem
and its services. Moreover, ecosystem services of the study area were found to be
significantly reduced over the years due to the decline of important components of the
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landscape especially forest. The similar results are also corroborated with the earlier
research work conducted by Kindu et al. (2016) and Tolessa et al. (2016). Moreover,
the ecosystem individual function like nutrient cycling, raw material, recreation,
erosion control was also reduced in our study area which is also earlier reported by
Hao et al. (2012) and Sharma et al. (2019). The methods used in this study will also
help to assess the magnitude and spatial distribution of changes in the ecosystem
services with respect to LULC changes over the study period 1972 to 2019. Our
study landscape ESV was found to be reliable by sensitivity analysis that proves to
be vigour of our estimation, which was similar to the finding of kindu et.al. (2016)
and Tolessa (2016).

The loss of natural forest in Jhargram block is an important role to the decline of
values from several ecosystem services and individual ecosystem function, (Hu et al.
2008; Kreuter et al. 2001). Most developing countries lose the ecosystem service
from day to day. Thus, based on trustworthy information the deep action is needed
to make the trade-off between land uses and ecosystem service that can optimize
current and future ecosystem service requirements (Tolessa 2016).

Our study will help the local level assessment for other data scare region of the
West Bengal particularly tropical region in India. The quantitative valuation of total
and individual assessment of ESV changes shown in the study can give an important
possibility for effective land use management resolution and optimizing deliverance
of important ecosystem services.

25.5 Conclusion

This study describes the significant relation between LULC changes and impact
on the function and structure of the ecosystem services. It is necessary to explore
how much service value is lost responding to LULC transformation on a spatial
and temporal scale. We believe this study will help to decision-maker for proper
planning to achieve the sustainable development goal and it is also important for
further research in the Jhargram block.

We found that the ecosystem service and their function reduced due to loss of
forest cover could have an impact on the livelihood of local tribal community people.
Therefore, it is necessary to adopt proper ecological protection to achieve the trade-
off land use and ecosystem services. Beyond the completion of these finding, we
recommend that a further challenge will continuously put forward specific alterna-
tive strategies and future planning for improving the ecological environment and
ecological services and increase the involvement of local people for managing forest
resources and services.
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Chapter 26
From Genesis to Awaited Success of Joint
Forest Management in India

T. K. Mishra, Sudipta Kumar Maiti, Saikat Banerjee, and S. K. Banerjee

Abstract In most of the developing countries of the world including India local
people are the chief users and guardians of the different types of ecosystems, and
they make the vast majority of daily environmental decisions with their land use
and investment choices. They have used their traditional knowledge, since days
unknown, to manage natural resources, conserve ecosystems, and adapt to environ-
mental changes. Community management is always based on variety of reasons like
resource enhancement, religious and cultural purposes, and many other needs. In
India the onset of community management in a large scale during 1990s was mostly
for the purpose of resource enhancement, livelihood and biodiversity conservation.
But the movement to protect forests did not get its deserved share. Empowerment
of people to manage forest resources remained as a far cry. Thereafter, there was no
further development in the process of communitymanagement as it was envisaged. In
the present time, in view of increased need of carbon sequestration, sustainable forest
management has beecome a need. But this can not be compromised with the subsis-
tence need of the forest dependent people. Therefore, a new generation community
management needs to be deviced to sustain our forest resources for the need of the
forest dwellers in the one hand and global need of carbon sink in the other.
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26.1 Introduction

Peoplels’ participation in managing forest resources has never been a new idea in
India. Though in some other form, it has been a part of our heritage since time
unknown. In ancient ages, life was mostly forest oriented. Then came the idea of
domestication of plants and animals. As the society evolved, people became more
and more detached from their forest bases. But the rulers gradually took hold of
forest resources and during the first half of British era brought almost all good
forests under state control without considering about the forest dwellers. Lele (1998)
writes “In a country whose last 150 years are a history of overwhelming state control
over forests, one could ask the question: Why should there be joint management
of forests? A simple-minded answer would be that joint management is required
because the current system of management has failed to arrest the degradation of
forests in India, the basic objective of forest policy”.

Forests and forest resources have since long been supporting the livelihood and
overall subsistence of humans. Its importance is much magnified for the forest
dwelling communities and villagers around the forests. Forests are home to at least
80% of terrestrial biodiversity, and are a major carbon sink for regulating global
climate (Lugo and Brown 1992; Brown et al. 1993; Brown 1996). Over 1.6 billion
people worldwide depend on forest resources for their livelihood and many rely on
forests for food, shelter and water (Arnold 1998; Byron and Arnold 1999). In India,
the poverty-stricken areas coincide with the natural forest areas, in which nearly
400 million people derive livelihood benefits from forests (Lynch and Talboot 1995;
FAO 1998). Forests and forest resources have also long been meeting the needs
of communities in urban areas in the form of timber, raw material, forest based
industries and recreation (Mathur and Sachdeva 2003). The varied user profile and
further inequity of distribution and the growing demand has created a pressure on the
forests. The combined effects of over exploitation of timber, deforestation of arable
land and pastures, industrialization, construction, urbanization etc. has resulted in
the dwindling and degradation of forest resources and many of the plant resources
are threatened today (Davidar et al. 2010; Aggarwal et al. 2009; Ravindranath et al.
2012).

Thus, the idea of participatory management evolved as a movement and not as a
government programme. Even now the majority of the forest areas are under state
control as reserve forest, sanctuaries and national parks.Only protected and unclassed
open forests (less than 40% of canopy) and degraded forests (less that 10% forest
cover) were allowed to protect by the villagers.
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The protection of forests by people’s participation and the empowerment of people
in taking management decision started with the intervention of Government or non-
Government organization and the participation started only when the forest admin-
istration failed to tackle the situation. Few individual successful efforts made in the
states ofWest Bengal (Arabari village 1972), Uttaranchal (Chipko protest movement
1973), Haryana (Sukhomajri village 1976), and Rajasthan (Gopalpura village 1986)
were testimony to the people’s movement to reestablish a relationship between the
man and nature in respect of the management of forests and develop rural liveli-
hood and regenerate forests through co-management which caught the attention of
foresters, India’s politicians as well as international environmental activists.

Sundar (2017) stated that joint forest management (JFM) in India has been instru-
mental in changing the socioeconomic lives of forest dependent communities (FDCs)
from being forest-centered to one based on the money economy. JFM has resulted
in the elite capture of forest resources, and enabled regeneration of degraded forests
though the evidence on the quality of regeneration is mixed. The government records
suggest that with the drying up of donor funds for the JFM program, FDCs are losing
interest and many JFM committees are now defunct in many states. This may be
due to losing of interest of forest villages in protecting forests as no responsibility
of management has been bestowed on them.

It has been rightly expressed by some authors that there has been fall of community
oriented forest protection andmanagement in our country. But there is plenty of scope
in developing the joint protection of forests to joint management. In spite of all the
pros and cons, the total number of JFMCs in the country as on 2016 are 118,213 and
the forest area brought under it is 22,938,814 ha (28.17%of the forests of the country).
The first promising step in the direction towards the development of newparticipatory
management systems was taken by the Government of West Bengal through their
orders of 12 July 1989 to constitute Forest Protection Committees (FPCs) who were
allowed to take 25% of the timber produced as a measure of incentive. The order
contained a detailed resolution on composition of FPCs, their duties, functions and
usufructuary benefits to be provided to them. Some amendments were made to the
resolution in July 1990 so as to make it more democratic and effective.

Clean DevelopmentMechanism (CDM) of the Kyoto Protocol provides an oppor-
tunity to promote JFM, to increase carbon stock in vegetation and soil, to build
capacity and enable communities to participate effectively in forest protection and
management and increase income or flow of benefits, creating long term stake for
the communities. CDM has two main goals: (1) to assist countries without emis-
sion targets (in developing countries) in achieving sustainable development, (2) help
those countries without emission reduction targets under Kyoto (i.e. developed coun-
tries) in achieving compliance by allowing them to purchase offsets created by CDM
Projects. Recent development has recognized afforestation and reforestation as activ-
ities, which could be undertaken under Clean Development Mechanism (CDM) of
the Kyoto Protocol. In a related development, forest management in India experi-
enced a dramatic change in 1990 when a community based approach (Joint Forest
Management) was adopted as one of the strategies for protection and management
of state forest lands.
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The present day effort of protecting forests by forest fringe people who are
ecosystem people as well as ecological refugees do have antecedents in systems such
as “Ban Panchyats” of Kumaon, many of which have been functioning successfully
since the late 1920s. Results of CHIPKO movement in early 1970s inspired the idea
of protecting forests by village people. In the Northern India mostly in Tehri Garwal
Himalayas many Van Suraksha Samities (VSS) were formed by the local youths to
protect their own forest resources from the external exploiters. Now-a-days a large
number of community forest management groups are functioning throughout India.
These include legally sanctioned Swayam Forest Groups of Kumaon, the Forest
Protection Committees of West Bengal, and the Hill Resource Management Soci-
eties of Haryana, the Village Forest Committees of Uttar Pradesh, Karnataka and the
informal indigenous groups operating in Orissa, Karnataka and Bihar.

Asmentioned earlier recent developments have recognized afforestation and refor-
estation as activities which could be undertaken under CDM and this could easily
include JFM activities. In all likelihood, a JFM project would qualify any substantial
development criteria, as it promotes biodiversity, improves ecology and enhances
availability of various forest products to the local communities.

The regenerating JFM forests would sequester carbon dioxide and the carbon
credits would be accumulated by the Forest Development Agency (FDA). The FDA,
in turn would provide the necessary guarantees to the private entity interested in
purchasing these credits and transfer the certified emission reduction (CER) in lieu
of agreed price.

JFM projects under CDM have the potential of providing the communities with
carbon credits for regenerating degraded forest lands. These projects could attract
funds for adopting innovative institutional interventions to enhance regeneration
of forests and biodiversity conservation ultimately enhancing forest productivity.
This would not only help the local communities in obtaining benefits in the form
of enhanced flow of forest products and watershed protection through enhanced
vegetation cover, but would also help them in getting financial returns for every
ton of carbon sequestered. The importance of increasing current income levels as
well as providing alternative income sources to forest communities is finally being
recognized as an essential process to reducing pressure on forest. This provides
an opportunity to facilitate village development activities with the help of carbon
credits (Singh 2004). A study was carried out to estimate the creation of carbon
sinks and sequestration achieved in community projected forests of Sambalpur Forest
Division, Orissa. The results have shown that 1.53–3.01 tonnes of carbon is being
sequestered per ha per year with only protection, which can be enhanced through
proper implementation of the management prescriptions (Gera et al. 2002).

26.2 Initiation and After

It is difficult to trace back the genesis of participatory forest management. No where
in history of ecology and that of natural resource management one can find that the
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state power has allowed people to manage forest with their own acumen and needs.
But one can illustrate the case of ‘Arabari socio-economic experiment’ model from
early 1970s to late 1970s as the beginning of present concept of JFM. So,much before
1988, the forest fringe villagers in southwest Bengal with the help of a newly elected
Panchayat system protected their own forest with the apprehension that they will get
something in liu of their effort. West Bengal government sanctioned something more
than non-timber resources in 1984–85 to the tribal people of the forest fringe people
for their immediate requirements for agriculture and house repair. This movement
did not confine to the borders of the state, rather spread over most of the states of
central India.

The Arabari experience demonstrated that local people would effectively protect
the degraded forest if their basic needs of fuel wood, fodder, and small wood are
fulfilled, if they are provided exclusive rights to non-wood forest products, wage-
paid employment, and are assured of substantial cash benefits from the final harvest.
However, the experience also indicated that more comprehensive discussions with
the local communities having legitimate claims to benefits from the forest need to be
held before forest protection, management responsibilities and system of distribu-
tion of the benefits from joint management are determined and finalised. Based
on the encouraging results of the Arabari experiment, the Government of West
Bengal has prepared an ambitious programme to regenerate some 259,000 ha of
sal (Shorearobusta) forest under the joint forest protection scheme.

The success of theArabari experiment is attributedmainly to the political commit-
ment of the state government for a better forest management, substantial and imme-
diate benefits to the participating villagers. They were allowed to get 25% of the
timber production in every ten years, wages during felling etc. and non-timber forest
produce as per 1989 Assembly Legislation. This was a clear-cut policy for sharing of
benefits from forest. It needs to be mentioned here that people were hardly involved
in forest management activities other than protection of the forest.

Even prior to JFM movement the Van Panchayat movement in the foot hills
of Himalayas set the road map. Van Panchayats in the northern part of erstwhile
undivided Uttar Pradesh, now Uttaranchal, born out of conflicts and compromises
that followed the settlements and reservations of forests in the hills during 1920s.
The first government approved Van Panchayat was thus formed in 1921. According
to estimates, there are 6069 Van Panchayats managing 405,426 hectares of forests
(13.63% of total forest area) in the state (Mukherjee 2003). Most of these have
been carved out of civil (protected) forests under the jurisdiction of the Revenue
Department. The area under each Van Panchayat ranges from a fraction of a hectare
up to over 2,000 hectares. Under JFM regime i.e. after 1988 there has been some
fresh inputs to this effort.

Besides these two much talked experiments there are many other such efforts
within different states of India. All those experiments and efforts were mainly
people centered and can never be compared with ‘Social Forestry’ which started
as a government sponsored programme after the recommendation of National Agri-
culture Commission, 1976. But it could not associate people with the protection and
management of forest resources around them.
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In the view of success of Joint Forest Management (JFM) experiments and failure
of government mechanism to protect forests in 1988, New Forest Policy came into
existance. During 1990 the operative part of such policy was detailed out in black
and white. Till then to the Forest Rights Act (FRA) of 2006 that has extended rights
over forestland to local communities, the devolution of authority in the case of India
has only been increasing. Here it needs to be mentioned that the Panchayat Extension
to Scheduled Areas Act (PESA) of 1996 gave power over minor forest products to
gram sabha (village assemblies) in scheduled areas, thus taking ‘decentralization’
beyond Forest-Department-managed territory. It made gram sabha “competent to
safeguard and preserve the traditions and customs of the people, their cultural iden-
tity, community resources, and the customary mode of dispute resolution” [section 4
(d)]. 2006 FRA went much ahead of that allowing Community Forestry rights to
the real forest dwellers. The Biodiversity Conservation Act (2002), while taking
within its purview all forms of local governance like gram panchayat (village level),
panchayat samiti (sub-district level), zilla parishad (district level), and even munic-
ipal corporations in urban areas, authorized local level institutions to grant or refuse
permission to outsiders to use products of biotic resources, and to charge fees for their
use. Although the implications of PESA are not evident at the ground level, and rules
of the Biodiversity Conservation Act are yet to be finalized by the National Biodiver-
sity Authority (Gadgil 2008), the two Acts reflected the Government’s commitment
to decentralization. But till date there is a wide gap between what is there in acts
and policies and what is happening in the field. Delay in implementation creates
skepticism that the rights bestowed might be withdrawn through other windows in
course of time.

In July 1990, the Govt. of India issued an order which stressed that the right
holders should identify themselves with the development and protection of forests
from which they benefits. The order asked the state forest departments to work out
modalities to ensure participation of communities in afforestation programmes. It
recommended that NGOs and voluntary agencies should act as interface between
the forest communities for the revival, restoration and development of degraded
forests. The institutions through which this could be achieved could be a Panchayat,
a village co-operative or a village forest committee. The village community would
get a share of usufructs, lops and tops and if protection has been successfully carried
out, a share of the final revenue or crop. However, with regard to the share of Village
Forest Committees (VFCs) in timber produce, the share ranges from 25% to VFC
members in Kerala to 100% in Andhra Pradesh. It is 50% in many states including
Gujarat, Maharashtra, Orissa and Tripura. In most of the states, 25% of the timber
revenue is to be deposited in the village development fund. For access to NTFPs,
barring a few nationalized products, in most states all NTFPs are available to the
people free of royalty. There is a range of specifications for collection and sale of
NTFP in different states. In Karnataka, 50% of NTFP, fruits, timber and final harvest
are to be sold to local villagers at Forest Department rates, while the remaining
may be auctioned and proceeds shared between the government, VFC members and
village development fund. With regard to grazing, while some states have banned
grazing completely, some have rotational grazing which has helped the regeneration
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of vegetation in forests. In spite of all these odds and apprehensions, Poffenberger
and McGean (1998) enthusiastically stated that JFM would bring in a “reversal of
the alienation of forest people’s rights, of institutional conflict, and of ecological
patterns of forest degradation”.

In majority of the states, JFM is implemented through government
order/guidelines/resolution or instruction, except the state of U.P. where States
Legislative Assembly has passed JFM Rules (TERI 1998). On analysing the govern-
ment order/resolution passed by the various State Governments, it is clear that no
state government was in a position to confer giving ownership to community over
forest before 2006. State governmentswere only able to providemainly limited rights
to use or share benefit of the forest resources ranging from NTFPs to timbers.

Forests being in the concurrent list of the Constitution of India, it is clear that no
State has confered any kind of ownership rights over forest. Various State Govern-
ments have only developed amechanism of benefit sharing which is also conditional.
Jindal et al. (2003) gave a detailed comparison of the JFM regulation of some leading
states of India which is provided Table 26.1.

Rao et al. (2005) reviewed the Joint Forest management studies in India pertaining
to their monitoring and evaluation. They found that there were no nationwide moni-
toring studies done by any agency. There are few regional studies only and mostly
based on the objectives of the donor agencies.

Agarwal et al. (2005) made some case studies on social aspects of JFMC in India.
Till then as perMoEFdata therewere 84,642 JFMCs in India protecting 17.33million
ha of forest throughout the country. They studied JFMCs like Barror in Karnataka,
Sijua-Murakata-Kuanburi of PaschimMedinipur,West Bengal. Both of these JFMCs
were found to have developed as independent institutions and confidently implement
their management decisions.

Mishra et al. (2005) made detailed study of spread performance and impact of
JFM in West Bengal. They studied 200 FPCs of West Bengal. Their study states that
there is much dependence of local people on the forest resources for food, medicine,
building materials and others. As both overstory and understory plant species of the
forest, provide them the resources for their livelihood, more active community-based
conservation is essential for sustainable availability and use of such resources. They
recommend that the community has to ensure least human interference in the natural
regeneration of the forest in order to maintain its phyto-diversity. Their study also
show that, women are richer in local ecological knowledge than men. But inspite of
women’s greater knowledge about forest ecosystem and involvement in forest protec-
tion activities, their participation in institutional activities for JFM in West Bengal
is not satisfactory. It is, therefore, the liability of the JFM Executive Committee
(JFMC) members to moralize more women members towards forest conservation
and management activities. It is also required that any operation of unsustainable
extraction by private agencies within the forests should be thoroughly monitored
and checked by the joint effort of foresters and JFMC members. They also studied
the nutrient status of the degraded forest soil managed by JFMC and found that the
nutrient status has increased considerably. This is because of increased vegetation
cover. The results are in agreement with those obtained by Singh et al. (1987) who
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Table 26.1 Status of ownership right under JFM in various Indian states

State Status of right provided to community Legal status

Andhra Pradesh Vana Samrakshana Samities (forest conservation
committees) are entitled to 100% share in timber
and bamboo harvested from the regenerated
degraded forests in approved micro plan

Servitude

Arunachal Pradesh 25% revenue accruing from thinning and felling to
be distributed amongst member

Servitude

Bihar Income earned will be divided into three shares
and one share will be deposited in village
development fund, one in forest development fund
and the third in working fund

Servitude

Gujarat All benefits deriving form sale of timber will be
utilize by the village committee in a planned
manner

Servitude

Haryana 30% benefit will flow to village forest committee
and 70% to government

Servitude

Himachal Pradesh 25% of benefit will go to village forest
development committee

Servitude

J&K Benefit sharing is not decided No right

Karnataka 50% community and 50% government Servitude

Kerala Village Samrakshana Samities will get 10% of net
revenue harvested forest produce and 100%
benefit revenue from NTFP

Servitude

Madhya Pradesh Funds allotted for protection against fire, felling
etc. will be deposited in village-resource
development plan fund in the even if people
successfully carry out these protection measures.
Work to be done as per approved micro plan

Conditional servitude

Maharashtra Yet to be decided Right undecided

Nagaland No provision for flow of revenue to community No right

Orissa Benefit sharing is to be decided by government
expenditure incurred for implementation of JFM
will be provided by government

Right undecided

Punjab No provision for flow of revenue to community No right

Rajasthan 50% benefit to village committee Servitude

Tamil Nadu Pruned material to given to head loader and land
less household free of cost
90% profit obtained by sale of NTFP will be
shared equitability among the members of VFC
50% profit to VFPC in case of bamboo & small
timber

Servitude

Tripura No provision for flow of revenue to community
fund

No right

(continued)
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Table 26.1 (continued)

State Status of right provided to community Legal status

Uttar Pradesh 50% to be distributed to village community
members and remaining 50% t be spent on
community work including recycling of funds for
management of village forest

Servitude

West Bengal No provision for flow of revenue to community No right

studied the effect of vegetation covers on the nutrient status of soils of a degraded land.
Their results indicate that available average nitrogen content of the soil of barren land
was only 38.0 ppm but in the JFMCmanaged sites it was 122.0 ppm. The enrichment
of nitrogen is not only due to the presence of the large number of ground vegetation
but also due to the fixation of atmospheric nitrogen by increased presence of nitrogen
fixing species in the herb and shurb level. A large number of ground vegetation also
directly or indirectly contributed to the enrichment of nutrients to some extent in the
soil.

26.3 Issues Before JFM

Joint Forest Management is mainly a forest management activity rather than a socio-
economic activity. It is essential to know the different management strategies for
different forest regeneration patterns in respective state agro-ecological zones. Any
sort of participation in natural resource management has a multidimentional impli-
cation. It has always a positive impact on the conservation of the resources and it also
creates space for the participants to receive something for their livelihood. In this
give and take environment there always have some important issues to address. But
it is a general finding throughout the country that the positive trends that enriched
the participatory forest management process during late twentieth century started to
fade out in early part of twenty-first century though there are supporting government
policy and guidelines and massive fund support. In this case both forest department
and the community have responsibility to resolve this issue and strategies should be
framed for its revival and JFMCmay take effectivemeasures towards forest conserva-
tion for enhancing productivity and livelihod opportunities for future. Malhotra et al.
(1992) demonstrated that compared to plantation approach, natural regeneration of
degraded forests is not only cost effective but also socially relevant and ecologically
sound. A natural forest production system will benefit the FPC members much more
than a plantation production system and is, therefore, more sustainable.
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26.4 Transforming Users to Managers

In India forests play a vital role in the rural economy. In many areas, forests and its
resources provide biomass for livelihood to the rural poor. They provide different
kinds of benefits like jobs and incomes often needed to supplement inadequate returns
from agriculture produce such as fuel wood, food, fodder, NTFPs, and building
poles for the home and a range of environmental benefits, without which the other
activities such as agriculture might be impossible. In India forest sector is the second
largest land use after agriculture. The forest dwellers has always been users of the
forest resources. For about last one hundred years or more these forest users were
labelled as intruders. But in the JFM regime there developed some scope for involving
villagers in the process of management of forest resources. Mishra (1999) stated that
in West Bengal the forest legislation of 1989 and the amendments of 1990 have
made possible the integration of the indigenous knowledge of local communities
with the ‘scientific’ principles involved in modern forestry management. Quoting
case studies from Midnapore district he showed how this has led not only to better
management of forests, but to a richer anthropogenic activity and better biomass
yields. Sarkar and Das (2006) did an extensive study on the economic outcome of
Joint Forest Management in West Bengal which is based on the strategic decision
making in between government and forest fringe community using evaluation of cost
and revenue in randomly selected FPC. Their empirical study suggests that economic
outcome of the JFM programme has been beneficial for both community belonging
to marginal landholding, small landholding and landless agricultural households and
government and this is due to the strict dominant cooperative strategy of community.
But the earlier forest policy of the governmentwas orientedwith the commercial need
of the government disregarding the traditional right and benefit of the forest fringe
communities. Kumar (2005) has opined that Joint forest management represents a
progressive shift towards state recognition of the interdependence between the well-
being of the forests and well-being of the women and men dependent on them for
subsistence and livelihood needs. Although it does not transfer the ownership or
title of the land to the local community, the administrative legitimacy that state joint
forestmanagement resolutions lend to benefit showing arrangement,with community
institutions have motivated thousands of villagers in the three states to initiate or
participate in forest regeneration through community controlled protection.

Sustainability of JFM initiatives is being viewed as a matter of concern as also a
challenge because sustainability can be assured only when there is genuine involve-
ment of the community at each level.At present, the communities are performing their
roles of protectionof forest effectively.However, their roles inmanagement, decision-
making, access to information, etc. need to be further strengthened. The foundation of
participatory management of forests has been laid. It is time to consolidate and build
upon these initiatives so that the long-term security and development of forests can
be ensured. Switching over from control to support system of management, treating
forests as part of the resources of the communities, modernization of its nurseries,
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plantation and seed technology, promoting biodiversity conservation through eco-
development and introduction of information technology as a management tool are
some of the major initiatives.

Forests are expected to serve as a more secure source of meeting basic needs
related to fodder, fuel wood and other minor forest products. While regeneration
efforts can increase wage employment opportunities for the poor, biomass increase
can enhance the scope for additional employment and income generation through
the collection of NTFPs. Positive implications of the successfully implemented JFM
for the community and the society would be preservation of the biodiversity through
regeneration of local and resident species of the region and by sustaining local wild
life, low runoff of rain water, reduction of soil erosion, higher recharges leading to
augmentation of the ground water level, employment generation, improvement in
income, an increase in team building capacity, women empowerment etc. All the
stated advantages can be commanded only when vegetation cover is successfully
established and sustained by the local communities. Therefore, it is imperative that
the forest development, management and exploitation have to be collaborative effort
between the government and local community.

26.5 Ecological Impact

Several studies have documented the extensive ecological knowledge regarding
forests that many local and indigenous populations maintain, and forest manage-
ment practices that are ecologically sound. There were various studies to assess the
ecological impact of JFM throughout India. Their study noted that there are signifi-
cant strides made in promoting JFM, but the program still needs to address a lot of
inadequacies. Though it is estimated that nearly 23.0% of forests are brought under
JFM, covering nearly 50% of the open forests in India, howmuch of it has developed
into good forests is not really known. They also noted that there are many lacunae
in implementation of the program and there are also gaps in policies to promote
JFM.As stated before, West Bengal forest department in India was a pioneer in
initiating Joint Forest Management (JFM) involving participatory forest manage-
ment by both foresters and local communities in order to protect degraded forests.
Gupta and Mishra (2019) did a case study in Jhargaram district of West Bengal.
The research objective was qualitative and quantitative study of tree communities by
quadrat method along with identification of major impacts of environmental factors
affecting regeneration of five locations under JFM in natural coppicing Sal (Shorea
robusta) dominated tropical dry deciduous forests of West Bengal. 23 families, 33
genera and 36 tree species were identified. Dominant families were Anacardiaceae
and Combretaceae. There were statistically significant differences in stand diver-
sity, dominance, richness and evenness. Generalized Linear Model predictors such
as site categories, seasons, grazing intensity and invasive species frequency had
significant impacts on seedling diversity, dominance, richness and density. Surface
soil potassium and soil texture were best predictors of seedling abundance. Species
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with “poor”, “no” and “new” regeneration status necessitate proper attention in
forest management plans involving regulation of exotic invasive species populations,
grazing and browsing, lopping, fire, over-extraction of non-timber forest produce and
prevention of illegal felling through vigilance and more active participation of Forest
Protection Committees.

Forest management is an interdisciplinary subject involving both social scien-
tists and research workers in the field of forestry. The scientifically sound silvicul-
tural systems can be introduced based on increased level of consciousness about
the ecology of forest (Mishra et al. 1994). Mishra et al. (1997) studied the phyto-
sociological and soil physico-chemical aspects of a highly degraded lateritic land of
Midnapore Forest Division, West Bengal and observed that proper management and
silvicultural practices have dramatically changed the ecology of the region within
five years. The impact of different management systems (FPC managed forests,
plantation stand managed by State Forest Department and degraded forest managed
by Forest Department) on biodiversity conservation in Amlachati Range of West
Midnapore, W. Bengal has been assessed by Mishra et al. (2008). The study was
conducted covering the four seasons (summer, monsoon, post-monsoon and winter).
Joint Forest Management involving local people both for protection and manage-
ment of forests have brought about visible quantitative and qualitative changes in the
structure of forest community in this region. The results also indicate that the nutrient
status was higher in FPC managed forest soil than that of the other two sites. The
results reveal that different management practices like thinning, burning, weeding,
collection of regulated fuel wood as well as other non-timber forest produces etc.
within a sustainable limitmay create a possible avenue for the invasion of new species
and these practices can be assured through joint forest management by FPCs leading
to fulfillment of the criteria of sustainability of forest ecosystem.

26.6 Productivity Enhancement

A forest consists of many components that can be broadly divided into two categories
that are biotic (living) and abiotic (non-living). The net primary production (NPP) of
a forest is a well suited indicator of forest productivity. It consists of the accumulation
of stem wood in standing trees plus the growth of all the other tissues or compo-
nents including those that are short lived or roots. Forest productivity is affected by
numerous important ecological, environmental and social factors. Enhancing produc-
tivity of each type of forest ecosystem through appropriate management (technolog-
ical and material inputs) would lead to fulfillment of the criteria of sustainability of
forest ecosystem. The productivity of an ecosystem can be enhanced to a certain level
which could be defined as “optimum level of productivity”. The productivity could
be enhanced above the optimum level temporarily by providing material inputs (irri-
gation, soil amendments, use of pesticides, insecticides, fertilizers etc.) more inten-
sively. Such a level of higher productivity cannot be sustained over a long period
of time as it causes excessive strains on the system and leads to nutrient deficiency
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in due course which ultimately may have a serious adverse effect on the site condi-
tions causing irreparable damage. Sometimes, the ecosystemmay lose its capacity to
recover to its original state and collapse. It is always advisable to manage the forest
ecosystem at an optimal level of productivity. Therefore, one of the pre-requisite of
the sustainable forest development is to assess the optimum level of productivity of
each forest ecosystem based on its site factors, prevailing micro-climatic conditions
and socio-economic and environmental conditions. Total biomass production at an
optimum productivity level would be an indicator to determine the sustainability of
the forest ecosystem.

Mishra (2001) made a detailed study of species wise biomass of non-timber
species in both disturbed and undisturbed condition in few FPCs of West Midnapur
Forest Division. During study on ecological impact of JFM in Bhagabati Chak Forest
of Midnapore (West Bengal) managed by FPC since 1986 found that the commu-
nity has evolved some management practices of their own which have positive role
on the ecosystem. These practices include (1) restricting fuel wood collection by
cutting green shrubs etc. to four times a year which is fixed by the FPC, (2) identi-
fying six gregarious shrub species for fuel wood, (3) banning total sweeping of litter
from the forest floor etc. The FPC identified six species viz. Combretum roxburghii,
Holarrhena antidysenterica, Lantana camara, Ehretia laevis, Antidesma acidum
and Helicsteris isora which are the major associates of coppice sal (Shorea robusta)
dominated forest in the study site. In fenced condition the annual biomass production
of these six species is 5812.95 kg/ha. In unfenced condition where there is regular
exploitation of fuel wood, the annual productivity is 3611.25 kg/ha. Major plant
species of ethno-botanical use of the region are Hemidesmus indica, Ichnocarpus
frutescens, Smilax macrophylla, Andrographies paniculata (all of medicinal use),
Basella alba (whole plant used as vegetable) and Dioscorea alata (rhizome used as
vegetable) (Table 26.2).

Budhikhamari is situated in the Mayurbhanj district of orissa had a rich coppice
sal forest prior to 1970. All kinds of biotic pressure such as illicit felling, grazing,
collection of leaves and NTFPs caused destruction of sal forest almost completely by
late 1970s. The whole forest range was degraded to almost nil forest resource which

Table 26.2 Annual productivity of fuel wood producing species

Species Biomass (kg/ha)

Fenced condition Unfenced condition

C.. roxburghii 5340.17 2933.78

H. antidysenterica 182.50 431.73

E. laevis 94.08 22.76

L. camara 96.00 78.20

A. acidum 82.00 100.40

H. isora 9.99 24.38

Total 5812.95 3611.25
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Table 26.3 Annual productivity of NTFPs with ethno-botanical importance

Species Biomass (kg/ha)

Fenced condition Unfenced condition

Hemidesmus indicus 8.96 8.20

Ichnocarpus frutescens 15.66 14.50

Smilax macrophylla 10.36 11.61

Andrographis paniculata 8.28 3.70

Dioscorea alata 0.98 4.99

Basella alba 13.50 –

Total 57.74 43.00

evoked a sense of deprivation of a natural resource. The tribals such as Santals,
Bhunyas, Bhumijas, Gondas etc. of the entire range with an initiative of Forest
Department decided to protect their forest resources. At present there are 42 Village
Forest Protection Committees (VFPCs) protecting nearly 3500 hectare of forest in
the whole range. In the late 80s the Forest Department Officials of the area took
special initiatives to organize, resolving conflicts and framing their own regulations
to protect, manage and extract forest resources within sustainable limits. All the
FPCs here in general have accepted the principle that fuel wood, fodder and NTFP
collection without felling trees is allowed to the members protecting forests. Some
nominal fees are levied by certain FPCs for certain items of NTFP (Table 26.3). It
was observed that procurement of certain NTFPs has increased due to protection. Sal
seed collection record shows that in 1991, 150 qtl of sal seed was collected whereas
in 1992, the figure goes up to 250 qtl. Sharing the minor forest produce and fuel
wood is decided by the villagers. In Bolangir and Mayurbhanj district villagers are
free to collect sal leaves (for making plates), and mahua flowers, hill broom plants
and tamarind. In Mayurbhanj the money collected resulted in an institution called
Purti Society, which now leads forest protection activities in the village. The forest
provides employment to villagers. Agricultural incomes of the villages have gone
up. Land productivity has improved.

26.7 Towards Sustainability

One of the primary objectives of forest management in India outlined in the National
Forest Policy 1988 is to help meet the resource and livelihood needs of forest
dependent communities vis-a-vis ecological restoration. Brundtland Commission
(World Commission on Environment and Development) defined it as development
that “seeks tomeet the needs and aspirations of the present without compromising the
ability to meet those of the future (Smith and Rees 1988)”. Sustainable condition is
an ecosystem condition in which biodiversity, renewability and resource productivity
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are maintained over time. Sustainability can, thus be considered in three conceivable
dimensions.

1. Ecological dimension (avoiding any damage to the environment)
2. Economic or production dimension (where a constant flow of goods can be

assured)
3. Socio-cultural dimension (preserving all socio-cultural diversities).

Present day forests occupy about a quarter of the world’s ice-free land with about
half of these occurring in the tropics (WRI 1998; Groombridge and Jenkins 2002).
In another estimate (FAO 2006), the global forest cover is about 3952 million ha
which is about 30% of the world’s land area. In the more recent assessment (FAO
2015), the forest cover in the world is 3999 million hectare which is 31% of the land
area. The results indicated that total forest area declined by 3% from 4128 Mha in
1990 to 3999 Mha in 2015. According to FAO (2006), globally net carbon stocks in
forest biomass decreased by about 4000MtCO2 annually between 1990 and 2005. In
temperate and boreal regions forest area is gradually increasing but deforestation in
the tropics is of major concern (Groombridge and Jenkins 2002). Loss of biodiver-
sity occurs largely from the habitat loss and fragmentation produced by the human
appropriation of land for development, forestry and agriculture as natural capital is
progressively converted to man-made capital (Tilman et al. 2001; Gibbs et al. 2009).

Under such conditions, it is felt necessary by the global community that amanage-
ment system for forests should be endured so that it not only meets the needs of the
communities now, but also is perpetual to satiate the demand of the future gener-
ation. As compared to many other industries sectors, it is relatively easier for the
forest community to expand its scope from sustained yield to sustainable develop-
ment, which requires a shift from forest management to forest ecosystem manage-
ment (Makela et al. 2000). Forest ecosystem management (FEM) approaches forest
conservation, utilization, administration and regulation on the basis that the forest
is a highly integrated, complex, generally resilient, multivalue biophysical system
that has thresholds of tolerance for disturbance (either too much or too little) beyond
which its resilience and certain values and environmental services are changed, and
often reduced. FEM is the management of forest ecosystem processes and distur-
bance regimes to sustain the desired values and ecosystem services from a shifting
mosaic of different ecosystem conditions across the landscape, and a non-declining
pattern of change over time in the values and services provided by each stand in that
landscape. It is also the management of the human use of, and interactions with the
forest, because humans are part of forest ecosystems.

The concept “Sustainable Development” has been defined by various people as:
Sustainable development is the management and the conservation of the natural
resource base and the orientation of technological and institutional change in such
a manner so as to ensure the attainment and continued satisfaction of human needs
of present and future generations. Such sustainable development (in the agricul-
ture, forestry and fisheries sectors) conserve land, water, plant and animal genetic
resources, is environmentally non-degrading, technically appropriate, economically
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viable and socially acceptable. Sustainable development can thus be elaborated in
the following terms:

• It requires elimination of poverty and deprivation
• It requires conservation and enhancement of the resource base
• It requires a broadening of the concept of development so that it should cover

economic growth and cultural development, and
• It requires unification of ecology and economics at all levels.

Sustainable forest management (SFM) provides great opportunities for adapting
to climate change by increasing the resilience of people and ecosystems. Forests
are a major mitigation option over the next 30–40 years and can play a key role in
the necessary transition towards low-carbon economy (GCEC 2014; IPCC 2014).
Efforts to tackle climate change are thus becoming increasingly linked with efforts
to conserve forests (Dixon et al. 1993). Climate change signifies the deforestation
issue as a major development challenge. It is one of the most important global envi-
ronmental problems facing humanity. FAO (2010) estimates that 13 million hectares
of the world’s forests are disappearing annually and that accounts for 20% of all
global greenhouse gas emission. If deforestation continues at the present rate then
the tropical forests may be lost by 2050. Thus, substantially reducing deforestation is
a critical part of avoiding dangerous climate change. As previouslymentioned, Kyoto
Protocol’s Clean Development Mechanism (CDM), allows investment from devel-
oped countries to compensate for their greenhouse gas emission through forestry
schemes for developing countries. The Kyoto Protocols make provision to take into
account Afforestation, Reforestation and Deforestation and other agreed Land Use,
Land Use Change and Forestry (LULUF) in meeting their commitments. One of the
ways suggested is to make project based activities aiming at reducing greenhouse gas
or enhancing carbon stocks on a specified period through carbon sequestration. Such
mechanism could offer potential benefits to farmers and pulp and paper industry by
way of farm forestry/industrial plantations initiatives as carbon offsets.

Maintenance, conservation and enhancement of biodiversity are one of the criteria
selected for sustainable forest management (SFM) in India under India-Bhopal
Process (Prasad 2000) The process has proposed eight criteria and a total of 50
indicators associated with differen criteria. The proposed criteria are:

• Forest resource security
• Ecosystem function and vitality
• Biodiversity conservation
• Soil and water conservation
• Forest resource productivity
• Forest resource utilization
• Social, cultural and spiritual needs
• Policy and legal frame work.

The ultimate aim of criteria and indicators is to promote improved forest manage-
ment practices over time, and to further the development of a healthier and more
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productive forest estate, taking into consideration the social, economic, environ-
ment, cultural and spiritual needs of the full range of stakeholder groups in countries
concerned.

In order to monitor the progress of conservation of biodiversity towards SFM,
following indicators were suggested under India-Bhopal process (Prasad 2000).

• Area of protected ecosystem
• Area of fragmented ecosystem
• Number of Rare, Endangered, Threatened and Endemic species
• Level of species richness and diversity in related area
• Availability of medicinal and aromatic plants in various forest area
• Status of non-destructive harvest of NWFPs
• Number of Keystone and Flagship species in various forest types.

There is a need for field-testing of these indicators followed by benchmark studies
to establish site-specific minimum acceptable standards for monitoring progress
towards SFM in the large tract of India.

Tropical forest ecosystem is one of the most biodiversity rich terrestrial ecosys-
tems and it stores approximately half of the world’s living terrestrial carbon and a
very significant proportion is fixed in above ground biomass. Thus, it plays an impor-
tant role in global carbon cycle and is regulating the biospheric climate (Ketterings
et al. 2001). A study on estimation of forest carbon in four villages of South Balaghat
Forest Division (M.P.) was conducted where Joint Forest Management as an insti-
tutional frame work could claim the benefits of REDD+, using conservation finance
to reward and compensate the communities engaged in protecting and enhancing
forest cover. In this case study, an economic value of net carbon stored comprising
carbon storage and sink values, has been estimated using the market price approach
based on IPCC methods to estimate carbon storage services by forests. The study
demonstrates that wherever carbon stock exist in the forests, financial incentives can
help to build resilience towards climate change. Moreover, REDD+ is the mech-
anism with focus on communities and has the potential to deliver lots of benefits
including biodiversity conservation, improving livelihoods and building capacities
for reducing poverty associated with climate change (Khera 2017).

Sahu and Rath (2011) made a study on the socio-economic impacts of JFM in
some villages of Orissa. The findings of their study established that the improvement
in forest cover under JFM has positive impact on the reduction of stress migration
in the study area. The environmental stress migration, which was severe in these
villages before the implementation of JFM, has come down significantly over the
years. There results have also established that the health of local labour market has
improved a lot due to the proper and sustainable utilization of the common property
resources through JFM.
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26.8 Making JFMMeaningful

In India, forestry development paradigms, other than community based ones, have
become anachronistic and should be rejected in order to make further headway.
The present method of forestry development, referred to as a scientific management
system has been practiced for the last 130 years. However this system is unable to
sustain the quantity and quality of India’s forests and it thus fails to meet the demands
of the rising local population for industrial wood, fuelwood and needs for non-wood
products and recreation.

Not much work has been done to quantify the development of forest ecosys-
tems under protection of joint forest management. At present there is an urgent
need to monitor a comparative study of forest managed by community’s vis-à-vis
forest department to have ideas on impact of management options on ecosystem
development. In various parts of India the communities have their own indigenous
management practices which certainly have some positive impacts on ecosystem
development. But there have some dark side also. Therefore, monitoring of JFM
is important from the point of view of its successful implementation. The success
of JFM would not only depend upon the extent of people’s participation, but the
management regime and technology adopted.

Tomaintain ecological balance and the intricatewebof life, it is not just essential to
have amixed forest with diverse species but at the same time one thatmeets the varied
needs of the people depending on it. Community forest management practices have
shown to be giving equal importance to ecological requirements as well as cultural
and livelihood needs that a forest ecosystem ensures, thereby well integrating forests
into the social fabric of the community. There are several areas of forest management
like flora and fauna interactions, regulation of yield, biodiversity inter-linkages etc.
that requires scientific research. Institutions and agencies having such knowledge in
forestry science have a great role to play in extending the knowledge base to the local
communities, thereby strengthening communities’ practices (Sarangi 2002).

26.9 Conclusion

JFM, being a social movement, cannot solely focus on the development of forests.
Thus, developing the NTFP market, adding value to various forest products, agri-
cultural development, watershed development, afforestation, prevention of grazing
on forest land, fire control and such programs related to natural resource develop-
ment need to be promoted along with forest regeneration and development. Thus,
several related developmental departments need to work together in a given village
or a cluster of villages for overall development. Also, it is necessary to work towards
an integrated development approach rather than isolated efforts. Sustainable natural
resource management is the key to sustainable development of our society. Thus,
there has to be harmony between conservation of forests, carbon sequestration and
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development of communities through livelihood security. There has to be an effec-
tive partnership among all the stakeholders for capacity building, monitoring and
evaluation of JFM to achieve the ultimate goal of planning and development i.e.
self-reliance. Forest right act has created a scope to go forward in this direction. But
its real implementation is Payment for environmental services (PES) and Reducing
Emissions from Deforestation and Degradation (REDD+ ) is being experimented
worldwide. Its impacts on the forest conservation and meeting livelihood needs of
people in developing countries, REDD+ is a mystery. Nobody is sure that in a market
driven economy how the poor little or uneducated villagers going to negotiate with
global carbonmarket. It is essential that in the global mechanism that aims at sustain-
able forest management through protecting forests and enhancing carbon sequestra-
tion, devolution of power to local communities is one of the important components. It
is also want of the time that the REDD+mechanism has to meet the livelihood needs
of forest-dependent communities by adding value to the collected forest produce.
Then only we can say that a sustainable forest management system has developed in
India.

Forest management has the potential to increase the terrestrial C pool. Forest
and forest soil are the sink for greenhouse gases that can contribute to meeting the
national commitment to emission reduction. The goal of reducing carbon sources and
increasing the carbon sink can be achieved efficiently by protecting and conserving
pools in existing forests (Brownet al.1996). The practices such as the rehabilitation of
degraded forest land, agroforestry, regeneration, afforestation, prevention of grazing
on forest land and fire control are some of the suitable options for carbon manage-
ment in Indian soils. Therefore, sustainable forest management through participatory
approach will bring in its wake all round economic development of the forest depen-
dent communities, besides conservation of biodiversity and watershed protection as
well as wood biomass for energy for carbon mitigation (Banerjee et al. 2017).
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Chapter 27
Google Earth Engine and Its Application
in Forest Sciences

Mojtaba Naghdyzadegan Jahromi, Maryam Naghdizadegan Jahromi,
Babak Zolghadr-Asli , Hamid Reza Pourghasemi,
and Seyed Kazem Alavipanah

Abstract In order to support sustainable forest management, it is essential to esti-
mate the extent and change of forest cover and to evaluate the environmental and
socio-economic impacts of forest dynamics. It is challenging, however, to calculate
forest area on a large scale using traditional statistical survey methods. Access to
satellite images make it feasible to monitor the Earth’s forest at different spatial
and temporal resolutions. The Google Earth Engine (GEE) is a cloud computing
platform, which provides data analysis toolkits to access and to handle remote
sensing datasets easily and freely. GEE has been used to analyze environmental
changes with the emphasis of forest monitoring. Through GEE’s platform, the user
can monitor forest cover by investigating satellite images in different spatial and
temporal resolutions with acceptable accuracy. Moreover, this platform’s impressive
satellite image archives, coupledwith sophisticated in-built processing and analyzing
toolkits, immensely help remote sensing-based studies. Hence, a systematic review
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has been conducted here to survey those studies that have employed this platform
for forest monitoring. According to the analysis, when it comes to forest monitoring,
the GEE’s platform has been mainly used for two objectives, namely, classification
and change detection. Random forest has been identified as the most popular classi-
fication method and spectral index difference has been the most efficient method for
forest change detection while considering GEE limitation for image preprocessing.
Overall, the survey’s result revealed how applying this platform for forest monitoring
is trending.

Keywords Forest · Google earth engine · Classification · Change detection ·
Spectral indices

27.1 Introduction

Forests are considered to be major terrestrial carbon sinks due to photosynthesis,
which is a crucial part of the Earth’s carbon cycle for stabilizing the global climate
(Lausch et al. 2016). Arguably, the increase in the concentration of greenhouse gases
(GHG), such asCO2, in the atmosphere has resulted in human-derived climate change
(Landwirtschft 2015), and forests can play a pivotal role to buffer the adverse effect of
GHG emissions. Naturally, the capacity of forests’ carbon storage is directly linked
to the forest biomass (Amidon et al. 2008; Schmid 2017). Additionally, forests
can potentially reduce stormwater runoff and even enhance its water quality by
filtering the pollutants of local waters, which in turn, can lead to healthier water-
sheds (Schlautman and Smink 2008). As such, forests can also be seen as a reliable
water resources supplier. Reportedly, for instance, forest lands supply more than half
of the annual water in the United States (Sun and Vose 2016). Overall, it can be seen
that biodiversity richness, climate regulation, water supplies, and, in turn, any cred-
ible attempt for sustainable development are critically dependent on the forest cover
status (Foody et al. 2003; Lu et al. 2016). Therefore, by integrative forest biomass
management and optimizing environmental utilization in local, regional, and even
global scales, it will be possible tomitigate theGHGand balance the environment and
energy security (Bartuska 2006). In the last few decades, however, human interfer-
ences in the environment has caused notable changes innatural landscapes, including
forest status (Zhang et al. 2019). This, in turn, has had a significant influence on the
forest canopy cover and consequently carbon storage, hydrological system, climate
regulation, soil erosion, land degradation, biodiversity, and other ecosystem services
(D’Almeida et al. 2007; Liu et al. 2012).

Over the years, land conversion from forest to urban and rural areas has resulted
in massive ecosystem degradation (Hur et al. 2008; Schlautman and Smink 2008).
Given the prominent role of forests as indispensable natural resources (Foley et al.
2005), over the past few years, the scientific community and environmental advocates
have attempted to raise public awareness about the alarming rate of forest degrada-
tion around the globe. In fact, the idea behind forest mapping is to achieve reliable
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information on different scales for regional and global management of these natural
resources (Hansen et al. 2013).

Monitoring the changes in forests in the long-term horizon can significantly
increase the understanding of land cover dynamic effects on the structure and func-
tionality of ecosystems (Gong 2012; Zurqani et al. 2018). These findings could, in
turn, help achieve integrated land–water management (Dronova et al. 2015; Foster
et al. 2003).

From the 1900s till a few decades ago, forest monitoring wasmainly done through
on-site surveys, which needless to say, were costly, time- and energy-consuming
endeavors, even where high accuracy was not much of a concern (Global Forest
Atlas 2017). Back in the days, field surveys were limited to measuring the heights
of trees, the numbers of trees, and canopy cover percentage using permanent plots
(Paneque-Gálvez et al. 2014). A milestone in forest monitoring was the introduction
of aerial photographs (Osei and Andam-Akorful 2019). However, these could not
foster any significant improvements, mainly due to the low accuracy of cameras used
in the past.

Presently, thanks to recent technological advancements in improving remote
sensing (RS), state-of-the-art satellite images can be used to monitor any gradual
or abrupt changes in forest cover. As such, having access to high-resolution images
of such satellites inconvenient time-lapses made RS the most important and efficient
methods for forest monitoring and change detection (Belgiu andDrăguţ 2016; Rogan
and Chen 2004).

The first Earth observation satellite of the Landsat program of the National Aero-
nautics and Space Administration (NASA) was launched in 1972. This satellite
started a new era in forest monitoring on an unprecedented scale (Global Forest
Atlas 2017). In the following years, seven additional satellites were launched by
the United States Geological Survey (USGS) and NASA, two of which have started
their missions as late as 2017 (USGS 2017). These long-term satellite images, of
course, help researchers to gain a better understanding of land cover dynamics and
forest change detection (Gong 2012). Generally, these satellites are tuned to monitor
specific frequency bands of sunlight reflections from Earth’s surface area (Tempfli
et al. 2009). By applying pre- and post-processing procedures on the obtained data
sets, the gathered information could then be used for forest monitoring purposes.

During the last decade, thanks to the enhancement of satellite images and their
readily available datasets, detecting andmonitoring changes in forests has been facil-
itated immensely (Fadli et al. 2019). This is mainly due to the fact that forest moni-
toring is a complex and multi-dimensional task that requires a variety of different
datasets. A wide variety of tools, ranging from simple cameras to advanced sensors
can be implemented as an RS instrument. Furthermore, all satellite images for envi-
ronmental monitoring, regardless of their spatial and temporal accuracy, can convey
some information of value and, as such, can be interpreted and analyzed using RS
and geospatial techniques. In fact, one of the benefits of RS is that users can achieve
more comprehensive results by consideration and integration of different data gath-
ered using a variety of parameters such as surface elevation, slope, canopy cover
(Osei and Andam-Akorful 2019). That being said, RS can indeed be seen as a helpful
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instrument for forest monitoring. Consequently, both public and private institutions
are actively trying to promote RS, not just in terms of applying its data, but rather
enhancing, installing, and upgrading the physical infrastructures and computational
platforms required for using RS. As such, for instance, in addition to the institutes
that are responsible for the Landsat programs (USGS), there are other agencies,
such as National Oceanic and Atmospheric Administration (NOAA), USGS, Inter-
national Union of Forest Research Organizations (IUFRO), and European Space
Agency (ESA) that are actively monitoring the Earth’s environment via their satel-
lites images. Such continuous monitoring of the Earth’s land changes can indeed
carry vital information that is applicable in both regional and global scale.

It should benoted that prior to the pointwhen theUSGSmade theirLandsat archive
freely available for the public in 2008, the most common practice in RS-based forest
monitoring was to perform the analysis of satellite images that were captured in a
five to ten years intervals (e.g., Griffiths et al. 2014; Masek et al. 2008; Teferi et al.
2013). However, after the Landsat archive became readily and freely available, which
containedmore than three decades of data,many researcherswere able to focus on the
long-term forest changemonitoring at higher spatial and temporal resolutions (Huang
et al. 2017; Loveland andDwyer 2012). (Schmidt et al. 2015), for instance, have used
Landsat and Moderate Resolution Imaging Spectroradiometer (MODIS) datasets to
detect forest distribution using the Normalized Difference Vegetation Index (NDVI)
time series. In fact, over the last few years, several studies have implemented an RS-
based framework for forest monitoring (e.g., Desclée et al. 2006; Guo et al. 2020;
Hansen et al. 2013; Huang et al. 2010; Kennedy et al. 2010; Loveland and Dwyer
2012; Osei and Andam-Akorful 2019; Zhang et al. 2019; Zurqani et al. 2018). If
RS-based studies are to be applicable on a global scale, however, satellite images
of different sensors are to be readily, freely, and easily available for each region in
acceptable spatial and temporal resolutions. This, however, is a challenging and costly
task, for it requires massive computational and storage capacity. In response, Google
Earth Engine (GEE), a revolutionary cloud-based platform with high-performance
computing capabilities, has been introduced to handle online RS datasets processing
(Tempfli et al. 2009). As such, in this chapter, we have surveyed more than 30 forest
science articles in which the GEE platform has been used. The main idea here is to
evaluate various methods, satellite images and the subject matter of these studies.

27.2 Google Earth Engine

Nowadays, satellite image archives of the United States government agencies, such
as NASA, NOAA, and USGS (Loveland and Dwyer 2012; Nemani et al. 2011;
Woodcock et al. 2008), and also of the European Space Agency (Copernicus Data
Access Policy 2016) are available freely in different spatial and temporal scales.
This, in turn, has made a lot of raw RS-related data available, though storing and
processing these data to gather useful, practical information has turned into a real
challenge for researchers. As such, over the years several platforms and computer
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software have been developed and promoted to handle and process this overwhelming
amount of available RS-based data [i.e., TerraLib (Camara et al. 2000), Hadoop
(Whitman et al. 2014), GeoSpark (Yu et al. 2015), andGeoMesa (Hughes et al. 2015),
ERDAS Imagine (Geosystems 2004), ENVI (Guide 2008), and Arc-GIS (Johnston
et al. 2001)]. Despite the explicit privileges of having access to this massive readily
available datasets and huge leaps provided by the computational advancements oft
he platforms mentioned above, to this day, retrieving, selecting, and downloading
satellite images in larger scales remains as a challenge since these are massive
datasets, by nature, which makes handling and analyzing these mega datasets a
time and energy-consuming process (Huang et al. 2017). Furthermore, such anal-
ysis commonly requires high-tech supercomputing machines for pre-processing the
data, and as such, applying these methods for most real-world practical cases would
demand a highly experienced analyst to implement and interpret these data in a
meaningful way. These problems inspired the Google Company to look for a solu-
tion that, in essence, addresses all the above-mentioned challenges (Gorelick et al.
2017). The main concern here was to facilitate handling mega datasets by reducing
the computational requirements to import and process the satellite images for indi-
vidual users, and they came up with the GEE for online remote-sensing datasets
processing (Gorelick et al. 2017).

Perhaps one of the most notable features of this online geospatial analysis plat-
form is that it has access to a large dataset of satellite images and cloud computing
(Gorelick et al. 2017), which in turn can make it possible for the users to analyze
changes in the Earth’s surface in seemingly real-time continuously, dynamically, and
freely (Housman et al. 2015; Zurqani et al. 2018, 2019a). Thanks to the GEE online
geospatial analysis platform, users all around the world cannot only have access
to vast satellite image datasets but, more importantly, can efficiently process these
datasets with minimum on-site effort and equipment (Zhang et al. 2019). GEE is
also efficient in data acquisition and storage, file pattern analysis, database manage-
ment and equipment distribution for large regions, thus enabling desktop processing
and by applying algorithms that combine data from multiple sensors (Gorelick et al.
2017).

In addition to being equipped with visualizing functions for geospatial data sets
and high-performance computing resources, GEE enables the users to share their
findings and projects easily.More interestingly, GEE’s platformmakes it possible for
users to apply and develop a new computational algorithm with little orno program-
ming experience (Gorelick et al. 2017). Users can simply log into the GEE home
page (https://earthengine.google.com) to freely gain access into four decades satellite
and aerial images that covers varies datasets, including but not limited to, land cover
and land use, climate and weather data, and other environmental-related variables
(Housman et al. 2015). The GEE archive supports many of the most well-known
Earth-observing satellite images, including Landsat, Sentinel 1 and 2, MODIS,
ASTER (see Table 27.1). GEE actively and continuously updates its database on
a daily basis, which amounts to approximately 6000 new scenes per day (Gorelick
et al. 2017). The platform also enables each user to upload and implement person-
alized information from external sources (e.g., pictures taken by personal drones) to

https://earthengine.google.com
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complement thismassive dataset.With the help ofGoogle’s computing infrastructure
for parallel processing of massive datasets and millions of servers around the world,
GEE makes swift analysis of trillions of images possible (Dong et al. 2016). GEE’s
revered elastic computing and parallel processing are mainly rooted in its efficiency
in importing sophisticated datasets, as well as its built-in internet-accessible applica-
tion programming interface (API) (Yang et al. 2019).GEE currently provides APIs
for two of the most popular programming languages, namely JavaScript and Python,
though to this day they are still in active development (Wu et al. 2018).

From a practical point of view, perhaps one of the most advantageous features of
GEE is that it can enable the users to easily sort and filter the RS data fora specific
sensor for different spatial and temporal scales. In other words, users can select
specific images in a “collection,” using specific temporal, spatial, cloud-cover filters
or other criteria. This feature, in turn, allows users to analyze relatively massive RS
datasets promptly. For instance, if users want to select summer collection of Landsat
8 images to analyze specific changes during this timeframe, they can easily do so
using the following syntax:

Collection = ee.ImageryCollection(“Landsat8”)
Summer = Collection.filter(ee.Filter.calenderRange(6, 8, “month”))

GEE also provides specific and targeted features to handle time series. As such,
time-series analysis in GEE is relatively easy and fast. GEE is also embedded with
a lot of useful and time-saving built-in functions. For instance, it is possible in
GEE to remove cloudy scenes automatically using SimpleCloudScore function. The
functions in GEE ranges from simple mathematical functions to complex imagery
processing.

These features and many more, have made GEE a revered platform to conduct
RS-based researches. As such, it has been used to cope with a large variety of topics
including but not limited to crop yield production (e.g., Lobell et al. 2015; Xiong
et al. 2017), surface water change (e.g., Pekel et al. 2016; Tang et al. 2016; Wang
et al. 2018), forest change (e.g., Chen et al. 2017; Fadli et al. 2019; Hansen et al.
2013; Wu et al. 2018; Yang et al. 2019; Zhang et al. 2019; Zurqani et al. 2019b),
land use (e.g., Zurqani 2019), urban mapping (e.g., Goldblatt et al. 2016; Liu et al.
2018b; Sun et al. 2019; Zhang et al. 2015), flood mapping (e.g., Coltin et al. 2016;
Liu et al. 2018a; Zurqani et al. 2019a) and fire mapping (e.g., Long et al. 2019; Parks
et al. 2018).

Over the years applying GEE for forest monitoring has gained momentum among
researchers. Here, a systematic review method was employed for searching the rele-
vant papers, and the results have been summarized in Table 27.1. This review was
limited to the publications from peer-reviewed scientific journals (in English) which
they have focuses on forest inGEEplatform from January 2013 toMarch 2020.While
this is a thorough review, it might not be an exhaustive one. The gathered database
contained 31 articles. As shown in Fig. 27.1, the survey reveal an increasing trend
in the number of articles that use GEE’s platform for forest monitoring. The survey
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Fig. 27.1 The number of articles in forest science that used GEE platform

also monitored the location of case studies in these articles. Figure 27.2 illustrates
how frequently these methods have been used to tackle forest-related problems in
different continents. As can be seen, studies on Asia have employed this platform
most often, while the researches that conducted on Australia contributed the least
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Fig. 27.2 The number of articles in forest science that employed GEE platform in each given
continent
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number of articles. The following section explores the survey’s findings and how
GEE has been used for forest monitoring.

27.3 Results and Discussion

According to the conducted survey, the researches in the field of forest science could
be divided into two main categories, namely classification and change detection. In
the former group, GEE’ platform has been used to segregate the forest section from
other land cover in mostly large scale study areas. In the latter category, however,
the forests’ characteristics have been monitored and evaluated through time to detect
any abrupt or gradual changes in these characteristics. Figure 27.3 demonstrates the
progression of each category over time, where it can be seen that classification is
the most frequently tackled subject matter. However, in the past years, it seems that
change detection has also been receivedmore attention by the researchers in the field.

Furthermore, nearly half of the studies in our surveywere conducted inAsia alone,
64% of which used some sort of classification method. More specifically, the review
revealed that approximately 25% of the reviewed articles are based in China, and
that 63% of them were aimed at forest classification. According to the conducted
review, the United States followed China in the number of papers that employed
GEE’s platform for forest detection studies (14% of all the reviewed articles). The
following sections explores both categories a bit further.
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Fig. 27.3 The number of forest-related articles that employed the GEE platform and their primary
objective, namely classification and change detection since 2013
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27.3.1 Imagery Classification in GEE

While most studies have employed GEE for land cover classification (e.g., Huang
et al. 2017; Koskinen et al. 2019; Pimple et al. 2018; Tsai et al. 2018; Zurqani et al.
2019b; Zurqani et al. 2018)), some have solely focused on using the application for
forest and non-forest classification (e.g., Chen et al. 2017; Duan et al. 2019; Fadli
et al. 2019; Guo et al. 2020; Hansen et al. 2013; Martín-Ortega et al. 2020; Osei
and Andam-Akorful 2019; Schmid 2017; Zhang et al. 2019). The classification of
forest via GEE consists of five main steps: (1) data selection, (2) feature selection,
(3) model training, (4) classification, and (5) accuracy evaluation.

27.3.1.1 Data Selection

As the first step of classification, one needs to select the appropriate satellite images
for classification. While there are a wide variety of images with different spatial
and temporal resolution and bands available, the survey revealed that when it comes
to implementing GEE’s platform for forest classification, MODIS, Landsat, NOAA
AVHRR, and Sentinel-2were themost commonly cited satellites (Table 27.2).In fact,
according to the survey’s results, approximately 85% of the studies that employed
GEE’s platform have used the Landsat free database (Alaoui et al. 2019; Arai et al.

Table 27.2 Frequently used datasets in GEE-based studies for forest classification

Satellite Image
collection

Spatial
resolution
(m)

Temporal
resolution
(Day)

Data
availability

Provider

Landsat Landsat 1–5,
7, 8 (MSS,
TM, ETM +
, OLI, TIRS)

15, 30, 60 16 1972–Present USGS

Sentinel Sentinel 1, 2 10, 20, 60 3, 5 2014–Present European
Union/ESA/Copernicus

MODIS MOD09, 11,
12, 13, 14,
15, 17, 43,
44, 45

250, 500,
1000

1–8, 16, 30 2000–Present NASA LP DAAC at the
USGS EROS Center

ASTER L1T
radiance,
Global
emissivity

15, 30, 90,
100

1, Once 2000–Present NASA LP DAAC at the
USGS EROS Center

NOAA
AVHRR

≈1.09 km
(Different
resolutions
in different
products)

1 1981–Present NOAA
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2019; Ceccherini et al. 2019; Fadli et al. 2019; Guo et al. 2020; Martín-Ortega et al.
2020), which is perhaps due to the length of Landsat archive which dates back to
1972.

27.3.1.2 Feature Selection

Different combinations of spectral bands must be used to distinguish forests from
other land covers. Conventionally, different vegetation indices have been proposed
and implemented for forest classification. It should be noted that the indices
mentioned above could also be used as supplementary data for the classification
of forests from non-forest areas. Furthermore, some have employed the time series
of such indices for forest change evaluation (e.g., Martín-Ortega et al. 2020; Schmid
2017). In the context of GEE’s platform, some of the most cited indices have been
summarized in Table 27.3.

Vegetation indices have also been used for studying forest loss and gain, and as
such, it has been implemented to promote a framework to estimate biomass on a large
scale (Hansen et al. 2013; Kim et al. 2014). Moreover, GEE’s platform can integrate
seasonal vegetation indices’ time-series and textural features to improve classifica-
tion accuracy. As such, GEE’s platform can help minimize the risk of misclassifica-
tion of different elements, most commonly cloud shadows and water, which in turn
improve the segregation of different vegetation types.

Naturally, different vegetation types and geographic conditions will cause the
spectral characteristics of the pixels to vary fromone another.However, some external
factors, such as the slope or the topography, can make some pixels with different
vegetation attributes appear somewhat similar to each other. This could, in fact, turn
into a major issue in large-scale studies, where there are a lot of different factors that
could vary significantly throughout the study area. Using GEE’s platform, however,
some studies have implemented and combined texture, DEM datasets, and spectral
indices to overcome this issue (Zhang et al. 2019).

27.3.1.3 Training Data

The main idea here is to label each given pixel of the obtained images according to
its spectral similarity to a set of pre-analyzed pixels known as training data. Training
data could be obtained from different resources, such as field surveys and high spatial
resolution images. Training samples could also be collected from previous GPS-
based field research.. GEE’s platform also helps users in this step by providing a
variety of options to obtain training data that are online, such as Google Map, Map
World, and OpenStreetMap, as well as land cover services such as Geo-Wiki (Gong
2012).
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Table 27.3 Frequently used indices in the GEE-based studies for forest classification

Index Acronym Description Examples

Normalized
Difference
Vegetation
Index

NDVI N I R−Red
N I R+Red Duan et al. (2019),

Jena and Pradhan
(2019), Osei and
Andam-Akorful
(2019), Pimple et al.
(2018), Schmid
(2017), Tsai et al.
(2018), Zhang et al.
(2019)

Enhanced
Vegetation
Index

EVI 2.5 × N I R−Red
N I R+(6×Red)−(7.5×Blue)+1 Chen et al. (2017),

Martín-Ortega et al.
(2020), Zhang et al.
(2019)

Green Ratio
Vegetation
Index

GRVI N I R
Green Zhang et al. (2019)

Soil Adjusted
Vegetation
Index

SAVI 1.5×(N I R−Red)
N I R+Red+0.5 Guo et al. (2020)

Modified Soil-
Adjusted
Vegetation
Index

MSAVI 2×N I R+1−
√

[(2×N I R+1)2−8×(2×N I R+1)]
2 Tsai et al. (2018),

Zhang et al. (2019)

Normalized
Difference
Water Index

NDWI (SW I R+Red)+(N I R+Blue)
(SW I R+Red)−(N I R+Blue) Chen et al. (2017),

Duan et al. (2019),
Guo et al. (2020),
Zhang et al. (2019)

Normalized
Difference
Built-up Index

NDBI SW I R−N I R
SW I R+N I R Duan et al. (2019),

Guo et al. (2020)

Normalized
Difference
Moisture Index

NDMI N I R−SW I R
N I R+SW I R Guo et al. (2020)

Note NIR, Red, Blue, Green, and SWIR are the near infra-red, red, blue, green and short wave
infra-red bands, respectively

27.3.1.4 Classification Methods

A wide variety of supervised and unsupervised classification algorithms have been
used to detect land cover/land use changes from remotely sensed data (Butt et al.
2015; Lam 2008). Although unsupervised classification algorithms are trendy for
land cover mapping for large scale area as they do not need training data for classifi-
cation, the survey revealed that they had been used less in comparison to supervised
classification methods (see Fig. 27.3). GEE also provides a variety of computational
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Classification Methods
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Fig. 27.4 The frequency of using differnt classification methods in surveyed articles

algorithms for both supervised and unsupervised classification. As for the supervised
classification algorithms, the survey revealed thatmachine learning-based algorithms
are more exclusively used when it comes to the GEE platform. K-means clustering
(e.g., Osei and Andam-Akorful 2019; Portengen 2017; Zurqani et al. 2019b) and
self-organizing map (SOM) (e.g., Wu et al. 2018) are the most notable supervised
algorithms embedded in GEE’s platform. Random forest (RF) (e.g., Anchang et al.
2020; Duan et al. 2019; Huang et al. 2017; Pimple et al. 2018), classification and
regression trees (CART) (e.g., Johansen et al. 2015; Koskinen et al. 2019), support
vector machine (SVM) (e.g., Koskinen et al. 2019; Shelestov et al. 2017) are the
supervised algorithms for classification that are available in GEE’s platform where
RF is the most used methods in surveyed article (Fig. 27.4).

27.3.1.5 Accuracy Evaluation

Accuracy assessments are used to determine the classification efficiency in segre-
gating various land cover (Congalton 1991; Sader et al. 1995; Tsutsumida and
Comber 2015). The classification accuracy could be evaluated using stratified random
sampling. Using the Google fusion table, both the training samples and validation
samples were uploaded to the GEE, where the accuracy of the classification algo-
rithms would be computed using cross-validation (Huang et al. 2017). Here, each
pixel is compared to its corresponding labeled are using visual evaluation of applied
images and high-resolution images (Zhang et al. 2019). As such, the accuracy of
the model in terms of correctly labeling the pixels can be computed. Training and
validation data are commonly collected from Ground data or very high-resolution
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(VHR) images provided via Google Earth (GE) (Duan et al. 2019). Overall accu-
racy, kappa statistics, producer’s accuracy, and user’s accuracy could be calculated
from this confusion matrix to evaluate classification accuracy (Congalton and Green
2019; Deus 2016). According to the survey, when it comes to assessing the accuracy
of the classified images for both supervised and unsupervised classification, overall
accuracy is the most commonly cited measure (Chen et al. 2017; Guo et al. 2020;
Huang et al. 2017; Koskinen et al. 2019; Shelestov et al. 2017). Satellite images in
GEE are not atmospherically corrected, so they may cause parameter acquisition to
encounter some difficulties (Huang et al. 2017; Sun et al. 2019; Tian et al. 2019).
Mostly the top-of-atmosphere (TOA) reflectance data are used for forest extraction,
which may affect the accuracy of classification.

27.3.2 Forest Change Detection in GEE

In the context of forest change detection, some of the most cited methods are
image overlay, change vector analysis, image ratioing, and principal component
analysis (Pelletier et al. 2016). The post-classification comparison method, however,
is perhaps one of the most popular methods for change detection (Jackson et al.
2004). By employing a technique called mosaic plot, a visual representation of land
use losses and gains be computed (Comber et al. 2016). Statistical summary of the
progression of losses and gains over time can also be presented by the mosaic plot.
The main advantage of the post-classification method is that, in contrast to more
conventional methods, not only can it detect the occurring changes, but it can also
verify the type of transition from one land cover to another (Foody 2002; Singh
1989). As such, using this method, one can calculate the magnitude of the Land
Use/Land Cover (LULC) changes over time (Pimple et al. 2018). However, it has
been suggested that when it comes to implementing GEE’s platform for forest moni-
toring, a more efficient approach is to just resort to a single change index, as that is
more efficient (Zhu et al. 2012). Themost common practice here is to use a technique
called imagery difference, in which the fluctuation of the single change index, say
NDVI, would be computed andmonitored for consecutive time-lapses by subtracting
the current value of the index from its predecessor. Multi-date differencing is another
known differencing practice, where a higher order of differencing is used (e.g. NDVI
bands for the Previous Year (RPNDVI) (Yang et al. 2011). Here, pixels with change
will be flagged as “probable change” (Zhu et al. 2012). This method is used for
the evaluation of changes from forest to urban or bare areas (Zurqani et al. 2019b),
deforestation due to fire (Arai et al. 2019), and mining (Jena and Pradhan 2019).
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27.4 Conclusion

The reviewed articles could clearly demonstrate the influence of GEE as a powerful
cloud platform for geo-spatial data processing used for forest monitoring. In these
articles, the spatial and temporal changes in forest attributes and cover, which
occurred as a consequence of land-use change over time were identified. According
to the survey, when it comes to forest monitoring, GEE’s platform has been used for
two main objectives that are classification and forest change detection. While both
categories are trending, the results suggest that classification-type studies are more
commonly practiced via GEE’s platform. One should note, however, that despite the
acceptable accuracy of classification methods for forest detection, there are some
limitations such as the lack of atmospheric correction and the need for more supple-
mentary data in large scale, areas which one needs to consider. Forest analysis using
GEE could be useful to assist decision making in evaluation of ecological services in
better estimation of carbon stock in forest areas, planning ecosystem restoration activ-
ities, evaluating the rates of biodiversity and enumerating the relationships between
forest changes and social welfare, human health, governance and policy actions, and
other relevant regional-to-global-scale applications regarding human issues.
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Chapter 28
Free-Open Access Geospatial Data
and Tools for Forest Resources
Management

Gouri Sankar Bhunia, Pravat Kumar Shit, and Debashish Sengupta

Abstract This chapter presents a description of the various data and techniques used
by open-source geospatial foundations (OSGeo) to gather geo specific knowledge
and forestry ecosystem services. Remote sensing plays a key role in the estimation
of forest parameters and in the detection and reconfiguration of forest cover. The
new management of the forest strengthens geospatial tools, approaches and inven-
tions. Crowdsourcing modes range from the collection of data passively passed on
to large groups on the web to the active participation of the crowd in the produc-
tion of data via special mobile apps and web platforms. We searched the Google
Scholar and the Science Web for peer-reviewed articles using a combination of the
terminology crowd sourcing, social media, volunteered geographical knowledge and
landscape and perception, interest and ecosystem resources in forestry to provide
an overview of current crowding for the collection of earth observation. For this
analysis, the application focus studies either describe active open access geospatial
data or research projects using actively crowded geo-information. System-focused
research—the second group—offered the framework for addressing participants’
participation in relevant forestry applications. The use of open-source geospatial
data and software to collect real-time, locational data to explain forestry application
and forestry management is also promising. Actionary open source geospatial tech-
nologies and data face a number of challenges: the involvement of adequate partic-
ipants and sample representatives in order to ensure the utility of the outcome from
an approach to public policy—e.g. through access to technology and/or a specific
interest in nature—must be discussed more specifically.
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28.1 Introduction

Forest is an area of at least 0.05–1.0 ha with an area of over 10–30% of tree-sized
crown cover (or equivalent stock level), of trees that may achieve a minimum height
of 2-5 m at in situ maturity. A forest can be either closed forest structure with trees
covering a large portion of the land and open forest in different stories and under-
growth (UNFCCC 2001). Forests are an important natural resource base that needs
to be used, administered, and protected in an informed way from a local to a global
scale. Forests supply goods of materials, such as fuelwood, trade wood and other
non-wood products. Forests are inventoried in many ways. For example, knowledge
about forest resources is gathered for political, logistical, and organizational prepa-
ration and management of forests. National forest inventories (NFIs) are examples
of inventories conducted to collect national forest resource information and facil-
itate strategic planning and policy development at national level. Information of
interest in this case may include land cover, growing stock volume, biomass, carbon
balance, and potential for large-scale procurement of timber. NFI’s was based on
field studies in several countries (Tomppo et al. 2010). Forest attribute maps may
be created but the maps’ accuracy is usually insufficient for operational preparation
of forest management. Sustainable forest management is a tricky balance between
the needs of an ever-increasing human population and the preserving of balanced
land habitat ecological services (MacDicken et al. 2015). Forest inventories have
historically been built to support the timber harvesting-related knowledge needs. For
certain countries, such inventories are focused on field sample plots or, for some
cases, on systematic analysis of aerial imagery for stand delineation and attributes
such as species distribution, stand height, breast height diameter (DBH), and basal
area, which are then supplemented with field plot data collected at comparatively
few locations to reflect the forest landscape (Tomppo et al. 2010).

Inherent in the word “sustainable” is a multidimensional forest management
strategy that addresses a wide variety of considerations, particularly ecology, forest
health, and disease and fire tolerance (Gauthier et al. 2014). Over the last 10 years,
open source geo-space tech has taken significant strides in the fields of efficiency and
user-friendly graphical interfaces. Forestry is the world’s greatest land habitat and is
an important contributor to natural, economic and social benefits (Davis et al. 2001).
Forests with rich composition and complex structure have seen to be much more
productive and wood-producing relative to forests with a basic structure (Meng et al.
2014). In this background of competitive demands on forest capital and growing
global rivalry among fiber suppliers, value chain optimization has become a core
driver of the forest industry of today (Shahi and Pulkki 2015). Forest management
intelligence demands are becoming increasingly dynamic and wide-ranging, raising
new barriers to forest resource programmes. As such, forest knowledge needs to be
precise, spatially specific, up-to-date, and must describe the morphology, structure,
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and ultimately qualities of wood supply (Groot et al. 2015). Considering the above
current scenario, present chapter analyze the open source geospatial data and tools
for forest resource mapping and monitoring for sustainable conservation, focusing
on the Open Source Geospatial Foundation (OSGeo) data and techniques in forest
resource applications.

28.2 Remote Sensing Technology in Forestry Application

Remote sensing offers a systematic, consistent view at regular intervals of earth cover
and is useful for land cover changes and exposes dimension of biodiversity (Cohen
and Goward 2004; Kumar et al. 2010) directly. The steady stresses on the base of
forest resources have given rise to much discussion about how they can best handle
their future. Myers (1998) indicates that ‘The gradual loss of many of the world’s
forests is one of the world’s greatest challenges and opportunities.’ The rates and
drivers of deforestation in the world’s hot spots of biodiversity and tropical habitats
are commonly used for the identification of satellite image detection, change analysis
(Armenteras et al. 2004). However, a number of high spatial and spectral resolution
airborne and satellite sensors have been available for the study of forest changes over
the last decades.

The MODIS sensor on the NASA’s Aqua and Terra satellite provides an overall
mappingof a percent tree cover, fires of vegetation and shift of land cover (Savtchenko
et al. 2004). However, MODIS data has global forestry monitoring capability and
its spatial resolution is limited to 250 m. ASTER is a multispectral variable spatial
resolution (15–90 m) imager with track-long stereos capabilities (Abrams 2000).
ASTER has high-level spatial resolution (15 to 90 m). The Advanced Wide Field
Sensor (AWiFS) Indian multi-sensor ResourceSat uses double cameras to provide
forest cover losswith a space resolution (56m). The high-resolution SPOT (European
sensor) can be used for mapping changes in the ground cover in spatial range of 5–20
m (King 2002). As a consequence, Loveland et al. (2000), at about 1 km of space
resolution, created the pan-continental map from the NOAA-AVHRR sensor data at
the end of the 1990s. The image data of AVHRR have 2 spatial resolutions: 1.1 km
local area coverage (LAC) and 5 km global area coverage (GAC) for a global area
coverage. The NOAA–AVHRR Land Pathfinder Standardize Vegetation Vegetation
Index (NDVI) data (Zeng and Rao 2003) also extracted a global 8 km fractional
vegetation coverage dataset for 1982–2000. They are commonly used to study and
monitor ecosystem vegetation conditions, forestry, tundra, grasslands, land, land
cover mapping and large-scale maps for this subject. They are also very popular.
The lower cost and high likelihood for cloud-free views on land surfaces are one of
the obvious advantages of AVHRR. More recently, TERRA-MODIS (Hansen et al.
2003) or ENVISAT-MERIS (Arino et al. 2007) have been producing new global
land cover datasets in a finer resolution (250–500 m) (Table 28.1). Landsat data have
been used to carry out detailed assessments of changes in global tropical forests
(Foody et al. 2003). The three Landsat sensors, MSS, TM and ETM+, combine to
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Table 28.1 Open source satellite-sensor and global forest cover mapping

Map title Spatial resolution Satellite/sensor References

IGBP 1 km (global) NOAA-AVHRR Loveland et al. (1999)

University of Maryland
(UMD)

1 km (global) NOAA-AVHRR Hansen et al. (2003)

Trees 1 km (tropics) NOAA-AVHRR Achard et al. (2001)

FRA 2000 1 km (global) NOAA-AVHRR FAO (2001)

MODIS Land cover 1 km (global) TERRA MODIS Friedl et al. (2002a, b)

Global land cover 1 km (global) SPOT-VEG Bartholome and Belword
(2005)

Vegetation continuous
filed

1 km (global) NOAA-AVHRR De-Fries et al. (2000)

Vegetation continuous
filed

500 m (global) TERRA MODIS Hansen et al. (2003)

GLOBECOVER 300 m (global) Envisat MERIS Arino et al. (2007)

Source Kumar et al. (2010)

create the longest series of images that can be used to track changes in vegetation in
the world at a high spatial resolution.

Remote sensing plays a crucial role in estimating forest parameters and detecting
forest cover destruction and change. Geospatial tools, methods, and innovations
improve current forest management. Advances in Geographic Information Systems
(GIS), Global Positioning Systems (GPS), and remote sensing in recent decades have
created new ways to conduct forest productivity evaluations (Turcotte 2003), forest
inventories (Tomppo et al. 1999), harvest planning (Laamanen and Kangas 2011),
infrastructure scheduling (Abdi et al. 2009), log transport (Devlin et al. 2008), emis-
sions monitoring (Patenaude), classification of the ecosystems (Rieman et al. 2000),
monitoring and optimization of processing technologies (Turcotte 2003), and control
of forest health (Coops et al. 2006). The application of remote sensing and GIS in
forestry application are summarized in Table 28.2. Such techniques include airborne
laser scanning (ALS), terrestrial laser scanning (TLS), digital aerial photogrammetry
(DAP), and satellite optical imagerywith high spatial resolution (HSR) and very high
spatial resolution (VHSR). In the field of forest surveillance, various satellite sensor
forms play specific and compatible roles, e.g. optical, hyperspectral, LiDAR or radar
at various spatial and temporal resolutions. VHR satellite data also offer potential
forest monitoring possibilities (Solano-Correa et al. 2018). Multitemporal andmulti-
spectral VHR data are obtained by passive sensors (e.g., QuickBird, WorldView-2,
GeoEye, Pleiades) (Solano-Correa et al. 2018) and are economically transmitted
through DigitalGlobe, Geo-Airbus and Earth (Planet 2018). Time series of low reso-
lution images (MODIS,MERIS, etc.) were widely used to generate vegetation, forest
cover and landscape-type maps (Friedl et al. 2010), forest cover changes, tree density
(DiMiceli et al. 2011), vegetation indexes, primary gross andnet production (Running
et al. 2004) and forest disturbances (Justice et al. 2002). Also, RADAR and LiDAR
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Table 28.2 Current remote sensing approaches in forest resource applications
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data were successfully used to measure biomass and canopy height (Santoro et al.
2015).With the launch of theLandsat archive in 2008 (Wulder et al. 2012)with amore
than 40-year time span, it became easy to track long-term forest shifts at a greater
resolution. The European Space Agency’s (ESA) open data strategy with regard
to the Sentinel satellites ensures higher-resolution Earth coverage more regularly
than Landsat, that is especially important for cloud-dominated forest areas. Sentinel
1 can also supplement forest architecture surveillance by using RADAR data at a
higher spatial and temporal resolution than other radar items such as ENVISAT
ASAR. Despite synergistic advances in geospatial technology and education, it is
not shocking that 81% of recent graduates in forestry and natural resource manage-
ment use GIS in their work in the United States of America at least once a month
(Merry et al. 2007). Hyperspectral imagery includes, relative to multiple imaging
that contains just a dozen spectral bands, hundreds of spectral bands. Hyperspectral
sensors are well suited for plant study, as both the spectral signatures for reflectance
and absorption of individual species can be better distinguished from much wider
spectral hyperspectral imaging bands (Varshney andArora 2004). In the earth remote
sensing area, for example, hyper spectral pictures of AVIRIS are widely used. In 224
contiguous spectral channels with wavelengths between 400 and 2500 nm, AVIRIS
is a unique visual sensor which provides calibrated images of upwelling spectral
radiance. A similar research was also carried out by Rosso et al. in 2005, in which
vegetation dynamics were monitored to suggest sustainable wetlands management
in San Francisco Bay, CA.

28.3 Open-Source Geospatial Tools and Technologies

Open source generally means transparency, free and unlimited access to information,
and inclusive decision-making based on consensus (Brovelli et al. 2020). Digital
architects from the twenty-first century claim to be the fundamental principle of
transparency. Geo-spatial techniques vary from conventional imaging and electronic
data collection tools to a broad variety of applications. The introduction of open
source geospatial applications in a short period has shifted the use of these innovations
from skilled geospatial to everyday users. Functionality of the open-source project:

• Data conversion using command line (like GDAL library)
• Spatial databases (like Postgres)
• Desktop GIS (like QGIS)
• Web GIS (like OpenLayers)
• Mobile GIS (like Android with OpenLayers)
• Geo processing libraries (GDAL) and much more.

The GDAL is an open source platform which provides an abstract data model
for reading and writing different GeoTIFF, ERDAS Imagine, JPEG2000 geospatial
raster formats. The app library is a permissive online resource for raster geospatial
data reading and writing. The retrieval of data can be done using command line
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software. The utility can be built into a library on different platforms such as .net and
can be developed using languages such as C#. Through fixing the bugs and adding
the new functionality, the user will upgrade the source code that is available. GDAL
version 2.0.2 is available for use at this time.

28.4 Open Source Satellite Data Used in Forest Mapping

The free and free availability of global Earth monitoring data obtained and stored in
a systematic manner by space agencies such as the ESA sequence of Sentinel and
the United States. The advanced AVHRR radiometer (NASA), National Aerospace
Science Administration (NASA) and the Landsat system of NASA and the USA
(USGS) have allowed the rapid growth of private- and public data commons for
the most advanced high-definition radiometers. Landsat (1972) and NOAA AVHRR
(1978) have been the first terrestrial remote sensing data. Since the beginning, large
areas (i.e. national to global coverage) have been created using AVHRR data since
gross space resolutions as data are free and the small amount of rough spatial resolu-
tions (approximately 1.1 km of nadir data) associated with these data has resulted in
data volumes that can be stored and exploited over large areas (Franklin and Wulder
2002). The advent of the MODIS Terra and Aqua sensors with AVHRR and Landsat
architecture heritage (Justice et al. 2002) has contributed to the creation and upgrade
of the systemically annual overhead commodity (Friedl et al. 2002a, b) of the 500 m
(500 m) world-wide. Several countries have undertaken forest cover mapping using
satellite data and developed their own national forest cover products. Whilst some
countries have high-quality national forest cover products, considerable differences
exist in terms of geographical coverage, their spatial and temporal resolution as well
as thematic depth (Table 28.3).

During the past 10 years, rapid growth in computation power, combined with
free and open Satellite data, and significant decreases in the associated cost have
resulted in the migration of programs that facilitate the mapping of broad-based land
areas solely under the control of public agencies and a small number of well-funded
research groups. Cloud computing services are becoming increasingly possible for
users to process data and create products for land cover without significant invest-
ment in computing infrastructure (Gorelick et al. 2017). At the same time, this data
(and related products), in particular Landsat, are gradually being used in national and
international programs and programmes (Pettorelli et al. 2016). Since the launch of
the Earth Resources Engineering Satellite in 1972 (re-named Landsat 1), remotely
sensed imagery has increasingly been used to track Earth’s ecosystems (Gillespie
et al. 2008) by quantifying land cover change (Asner et al. 2010), deforestation (Asner
et al. 2002), carbon stocks and pollution (Asner et al. 2010), habitat degradation and
disease (Tang et al. 2010), species composition. However, satellite imagery prod-
ucts differ in their spatial and spectral resolution, geographic and temporal exposure,
cloud coverage, security regulations and price factors, which can impede their clear
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Table 28.3 Global forest cover platform for remote sensing data

Product Spatial
resolution (m)

Coverage of
years

Contents/overall
reported accuracy

Source

GlobeLand30 30 2000, 2010 10 classes/80.3% https://www.
globeLand30.
com

Global tree cover 30 Annual
(2000–)

One class (forest but
with percentage
cover)/unknown

https://glcf.
umd.edu/data/
landsatTreec
over/
FCC:
https://glcf.
umd.edu/data/
landsatFCC/

Global forest
change

30 Annual
(2000–)

Forest canopy cover
%/gains/losses

https://earthe
nginepartners.
appspot.com/
science-2013-
globalforest/
download_-v1.
5.html

Copernicus land
service: dynamic
land cover

100 Annual
(2015–)

10 classes/74% (2015) https://land.
copernicus.eu/
global/produc
ts/lc

Forest and
non-forest global
map

25 Every year
1993–1998
2007–2010
2015–2016

Two classes
(forest/non-forest)/84%
accuracy/L-badn SAR

https://www.
eorc.jaxa.jp/
ALOS/en/pal
sar_fnf/fnf_
index.htm

UNEP
environmental data
explorer

Includes global forest
cover, global potential
evapotranspiration

https://en.wik
ipedia.org/
wiki/UNEP_E
nvironmental_
Data_Explorer

Pilot analysis of
global ecosystems:
forest ecosystems

Every year Data from the World
Resources Institute
includes: percentage
tree-cover, population
density and tree cover,
share of wood in fuel
consumption, etc.

https://www.
wri.org/public
ation/pilot-ana
lysis-global-
ecosystems-for
est-ecosys
tems#data

application in conservation (Loarie et al. 2007). Satellite imagery used in the conser-
vation work varies in resolution from 1000 to <1 m (Xie et al. 2008). Monitoring of
forest clearance on a global to biome scale is mostly performed at spatial resolutions
of 250–1000 m (Hansen et al. 2013). MODIS images, including 36 spectral bands
with a range of 250–1 km, have been collected primarily for mapping the dynamics

https://www.globeLand30.com
https://glcf.umd.edu/data/landsatTreecover/
https://glcf.umd.edu/data/landsatFCC/
https://earthenginepartners.appspot.com/science-2013-globalforest/download_-v1.5.html
https://land.copernicus.eu/global/products/lc
https://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm
https://en.wikipedia.org/wiki/UNEP_Environmental_Data_Explorer
https://www.wri.org/publication/pilot-analysis-global-ecosystems-forest-ecosystems#data
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of vegetation and large scale processes. The potential for classifying phenological
vegetation coverage of the Albemarle-Pamlico Estuarine Network using 250 m 16-
day composite data has been explored by Knight et al. (2006). Landsat imagery (30
m of multispectral resolution) has been an integral part of scientific research since
1972 (Wallace et al. 2006), particularly in mapping and assessing land cover change,
and is available at no cost at present. In order to identify and characterize continuous
changes in the early succession of forestry, for example, almost 20-year continuous
Landsat TM/ETM+ image datasets (19 images) covering theWest of Oregon are used
(Schroeder et al. 2006). Because of the limited spatial resolution, Landsat products
are usually used to map community-level vegetation. It is difficult to use Landsat
images to map them in a heterogeneous setting at species level. However, it becomes
possible to map species when integrated with other auxiliary data.

28.5 Spectral Vegetation Indices in Forestry Applications

Space-borne observations are now commonly available to provide information on
various thematic challenges on a variety of frontiers and on many levels, which is
important and harmonized (Turner et al. 2007). They provide an economical and
coherent source of data suitable for landscape change mapping and monitoring (Roy
et al. 2014). But the knowledge of a variety of landscape attributes such as struc-
ture, architecture and connectivity are needed for the understanding of the changes
observed (Chetkiewicz et al. 2006; Lausch et al. 2015). The reflectance on the surface
of organ and leaf is determined by chemical and morphological characteristics of
vegetation from vegetation to electromagnetic spectrum (spectral reflections or vege-
tation emission properties) (Zhang and Kovacs 2012). The major applications for
remote vegetation detection include: (i) the ultraviolet region (UV), which goes from
10 to 380 nm; (ii) the visible spectra, which are composed of the blue (450–495 nm),
green (495–570 nm), and red (620–750 nm) wavelength regions; and (iii) the near
and mid infrared band (850–1700 nm) (Cruden et al. 2012). During the visible and
near/middle infrared regions, different applications are based on peaks or overtones
for the reflectivity of particular compounds in light spectrum. Vegetation informa-
tion from remote sensed images is interpreted primarily by variations, changes in
green plant leaves and spectral canopy characteristics. The most frequent method of
validation includes direct or indirect associations between VIs and plant value char-
acteristics measured on the land, such as coverage of foliage, LAI, biomass, growth
and vigor valuation. More defined methods for the assessment of VIs are used to
track sentinel plants using Direct and georeferenced methods in comparison with
VIs from the same plants for calibrations (Table 28.4).
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28.6 Open Source Software for Forest Data Mapping
and Analyzing

Open source software originates from the beginning of computation, when problems
of computing were solved through scientific collaboration. Each programmer intro-
duced a new dimension to existing information and softwarewas shared. It has grown
into a software creation and licensing strategy to make the source code available and
to cooperate through a range of copyright safeguards (Coetzee et al. 2020). The idea
of a developer community participating in a software product is part of open source
software development. In the past, there has often been no legal arrangement or finan-
cial reward, but many software developers now contribute to open-source geospatial
applications. This approach may encourage innovation by reducing obstacles to own
computer operating systems and software products, such as software licensing cost
(Yeung and Hall 2007). Many of these characteristics are always obvious to the
human eye, but computational methods and resources are required to use these data
for the accurate analysis, quantification and evaluation, across large regions, of the
effect of human actions on our environment (Riitters et al. 2000). Reconnaissance
of shifting trends and not just the shifting locations is important for safe, multifunc-
tional management of forest ecosystems as well as the creation of efficient forest
policy (Vogt and Riitters 2017). Similar to those given in other free software, such as
QGIS [https://qgis.org/en/site/], GRASS [https://grass.osgeo.org/], GDAL [https://
www.gdal.org/], R [https://www.r-project.org/], Conefor (Saura and Torné 2009) and
FRAGSTATS (McGarigal et al. 2012) were fine-tuned to provide detailed answers
to end users in a combination of thematic fields of application, requiring the analysis
of imaging. An example of the standard tasks that environmental specialists conduct
with GIS are provided by a short survey of the recent forestry ecology (FE) publi-
cation is illustrated in Fig. 28.1. We also identified a number of free open source
desktop applications to create, edit and analyze data based on an Internet survey.
Table 28.5 explains the comprehensive features of the software.

28.7 Open-Source Tools for Forestry Application

Many technical problems around storage capacities and computing capacity have
been addressed recently by advancement in cloud based remote sensing technology.
Open source software application helps experts with limited remote sensing expe-
rience to perforate comprehensive ground evaluations using free and open source
resources to viewExtremelyHighResolutionSatellite Imagery (VHR) for all regions.
TheOrfeoToolbox (OTB) is an open source (Grizonnet et al. 2017), high-tech remote
sensing project with a quick picture view, Python or QGIS commandline applica-
tions, and a versatile C++ API. It is based on the Insight Toolkit (ITK) and is written
in C++. The OTB depends for raster and vector size on the Geospatial Data Abstrac-
tion Library (GDAl); geometric sensor models OSSIM; machine-learning libSVM,

https://qgis.org/en/site/
https://grass.osgeo.org/
https://www.gdal.org/
https://www.r-project.org/
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Fig. 28.1 Tasks that can be accomplished with Open Source software. Modified after Steinigera
and Hay (2009)

Table 28.5 Free and open source desktop GIS suitable for Forest ecology tasks

Software Year Webpage User focusa Data focus
(raster/vector)b

Platform

Operating
system

Language

GRASS 1982 grass.osgeo.org Experienced,
…, research

More raster Ms-Windows,
Linux,
MacOSX

C,
Tcl/Tk,
Python

ILWIS 1984 ilwis.org Novice ,…,
research

Raster and
vector

Ms-Windows,
Linux

MS
Visual C

MAP
WINDOW

1998 mapwindow.org Novice, …,
research

Raster and
vector

Ms-Windows MS
Visual
Studio
.Net

SAGA 2001 saga-gis.org Novice, …,
research

More raster Ms-Windows,
Linux

MS
Visual C

Quantum
GIS

2002 qgis.org Novice, …,
research

More vector MS-Windows,
Linux,
MacOSX

C++,
Qt4,
Python

gvSIG 2003 gvsig.gva.es Novice, …,
research

More vector MS-Windows,
Linux,
MaxOSX

JAVA

aUser levels: (i) novice (viewing), (ii) experienced (editing, simple analysis), (iii) expert (analysis),
(iv) research (scripting, programming)
bData focus: subjective evaluation with respect to (i) software history and (ii) number of functions
for raster and vector data editing and analysis
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OpenCV and Shark; and mathematical parsing MuParser for example. The cross
platform with more than 90 applications, ready-to-use OTB kit ships, for example,
orthorectification, outputmapping, external digitalmodel elevation chart,mode inter-
polation, etc. The Graphical User Interface for Object Classification and its Shapes
Toolbox (GuidosToolbox) offers user-friendly access to a range of specialized spatial
morphological analysis techniques (Vogt et al. 2007), which are not included in any
other applications. GuidosToolbox is four-pillar structure. The main modules are
Batch Processing, Pre-processing and other modules for Image Analysis. Providing
GuidosToolbox as a stand-alone device in a self-contained directory ensures full
portability: the device can be conveniently accessed from an external USB drive.
“Open Foris” applications were released at the 24th World Congress of the Inter-
national Union of Forest Research Organizations (IUFRO) in Salt Lake City, USA,
with open software tools to help countries compile vast forest inventories and allow
nations to consider the importance of their forests (Fig. 28.2). These instruments are
intended to transform the way nations track the status of their forests and enhance the
data needed to establish deforestation management policies and successful climate
mitigation plans. Collect Earth (https://collect.earth) was developed by SERVIR, a
joint venture of the National Aeronautics and SpaceAdministration (NASA)with the
United States, as a standard, open source, high resolution satellite image processing
and visualization program. Internal Development Agency (USAID). Users are able
to access lower definition and high resolution satellite images for a range of purposes
in conjunction with Google Earth, BingMaps and Google Earth Software, including:
multistage support including national forest inventories, LandUse, LandUseChange
and Forestry (LULUCF) assessments, confirmation of current maps and so on (Saah

Fig. 28.2 FAO-developed Open Foris Collect Earth. The Collect Earth package provided easy
access tomulti-temporal and high-resolution satellite imagery alongwith innovative tools for rapidly
sampling changes to land use and land cover over time. Source https://www.openforis.org/tools/col
lect-earth/case-study.html

https://collect.earth
https://www.openforis.org/tools/collect-earth/case-study.html
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Fig. 28.3 Google Earth Engine cloud platform offers direct access to Google’s. Source https://
www.earthengine.google.com

et al. 2019). Google Earth Engine (GEE) lets users analyze cloud satellite imagery.
Collect Earth provides users with free access to both high-resolution GEE images
and high-resolution (VHR) images from Google Earth and Bing maps (Fig. 28.3).
It brings together images from different sources stored for a range of time periods
in these three repositories, and from 30 cm to 30 m of spatial resolution. Collect
Mobile is a simple, intuitive and versatile resource for data collection on the field.
The software helps comprehensive datasets, such as biophysical, socio-economic and
biodiversity assessments, to be performed. It provides several features including: data
quality validation on-the-fly; embedded GPS location; integrating with data collec-
tion; analyzing and exporting into widely used formats; input processes; and estima-
tion of the qualitative control attributes in the field. CLASlite has been developed to
enable high-resolution mapping and monitoring of forests with satellite images by
governments, non-governmental organizations and academic institutions. It can also
be a daily practice for non-experts, who advocate climate conservation, forest gover-
nance and growth policy for resource management, to track tropical deforestation
and satellite forest destruction.

https://www.earthengine.google.com
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28.8 Open Geospatial Platform and Forest Resource
Mapping and Monitoring

Information Communication Technology (ICT) is often marketed as a tool for
strengthening evidence base and governance quality in developing countries (Bertot
et al. 2010). It is, however, also criticized for being deployed top-down so that the
needs of the local authorities and communities have not been addressed (Huang
2013). The geospatial service System (GSW) is a virtual, internet-based geospa-
tial infrastructure that integrates geospatial resources such as sensor, data resources,
computing resources, information resources, machine resources, network resources,
and storage resources for data management and data extraction, and information
gain in geospatial communications. In specific, geographic information systemswere
attacked for selective enhancement and exploitation of the local interests of a techno
community (Dunn et al. 1997). Mapping strategies have developed to enhance local
participatory planning processes and collective decision-making to tackle the inher-
ently disempowering dimensions of traditional GIS (McCall and Dunn 2012). Many
of these participatory GIS approaches have centred on low-tech methods to allow
communities spatially. The potential for decentralized use of emerging low-cost
digital space tools and data for improving governance is also growing in interest
(Fisher and Myers 2011). The availability of free geospatial data and software has
been increasing rapidly over the last ten years (2012). GSW’s mission includes:

• acquire global spatial data for all seasons, every day and all the directions using
any type of satellite, aviation and ground surface sensors.

• seamlessly connect the whole process from sensors to applied services via unified
satellite communication networks and network data relays and the use of cable
and wireful communications.

• register sensors, computing resources, storage resources, internet resources,
manipulate software and spatial data on the internet, and process spatial data
online quantitatively, automatically, intelligently, and in real time; and

• provide geospatial services, compose virtual service chains and transmit user-
required information in the most effective and efficient ways. Using GSW for
real-time environmental data manage will help describe, organize, manage,
manipulate, interchange, search, and release environmental data in a unified
framework.

28.8.1 OpenLayers API’S

OpenLayers is an open source, web-based map-generation packed library. Open-
Layers 3 v3.15.1 is currently being developed. For building a thin 2D map viewers,
OpenLayers 3 (OL3) is being used. The OL3 API create the fundamental GIS func-
tions such as zoom-in, zoom-out, pan, recognition, mapping distance and measure-
ment calculation. In the map viewer the raster data (WMS) along with the baseline
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layers is applied with OL3 API. The current ability of open-source geo-source tech-
nology and innovations have been used to build a solution for the aggregation of
spatial information sets at an end-to-end level. The programwas developed to satisfy
flood control needs in real time.

28.8.2 MapX

MapX (https://app.mapx.org) supports an online platform which offers reputable
local, national and global spatial information, an authentication data integrity frame-
work through a scorecard and a series of online tools for viewing, analyzing and
accessing geospatial data (Lacroix et al. 2019). It has a graphical user interface
and the ability to no program geospatial data, analyze data and create story maps
is required. In particular, MapX was created to collect data through existing struc-
tured web services such as Open Geospatial Consortium (OGC) Web Map Services
(WMS), currently available in four languages (French, English, Dari and Pashto).

28.8.3 GFW Map Builder

Forest Atlases are provided using Map Builder, a tool recently released publicly by
GFW. It helps everyone to build their own forest surveillance website using their
own data coupled with GFW geospatial analysis tools. GFW partnered with Blue
Raster to build this software application framework based on ArcGIS online, and
it is released under the MIT license so that any company can create its own forest
monitoring platform with custom data, free of charge at any geographic scale. Users
can deployMap Builder for server on both ArcGIS online and ArcGIS portal (https://
www.globalforestwatch.org/howto/tags/map-builder/). Through modifying the logo
and branding, plugging in custom data, focusing the map on a specific area of interest
or style data for a particular subject, users can customize the web applications.

28.8.4 ArcGIS Open Data

Forest ministries depend on ArcGIS Open Data (https://www.esri.com/en-us/arcgis/
products/arcgis-open-data) to distribute data publicly via the Forest Atlas. Ministry
using a Forest Atlas has its own Open Data Platform, where it publishes its public
access geospatial data aswell as additional tools, such as contracts for forestry, reports
and other publications. Data distributed through the Open Data Sites was published
along with extensive metadata in their original projections. Data are compiled in
English and French using independent, open data pages. Users can search and access

https://app.mapx.org
https://www.globalforestwatch.org/howto/tags/map-builder/
https://www.esri.com/en-us/arcgis/products/arcgis-open-data
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the desired dataset by keyword, full text, or location. Web developers can find the
API endpoints available for use in their applications.

28.8.5 GEO and GEOSS

The Global Earth Observation System of Systems (GEOSS) is organized by the
Group on Earth Observations (GEO), which includes more than 40 international
organizations, 62 nations and the European Union. GEOSS is structured into nine
societal benefit areas (SBAs), with forestry included explicitly within the agricultural
benefit area (Bastin et al. 2012). There is clearly a huge theoretical potential for forest
data from a variety of scales and disciplines to be collated and aggregated into fuller,
richer datasets which permit consistency checking, better analysis of multi-scale
phenomena and filling of important data gaps. Forest data and statistics are typically
compiled by forest authorities through national forest inventory (NFI) programs,
which collect in-situ information, including estimates of forest area, species compo-
sition and growing stock (Tomppo et al. 2010). These data are used for strategic
planning and production forecasting at national and regional levels, but they are also
used to generate indicators for compliance with international reporting requirements.
The data gathered at an international scale is typically managed by bodies such as the
United Nations Food and Agriculture Organization (FAO) Forest Resource Assess-
ment, the Ministerial Conference on the Protection of Forests in Europe and the
United Nations Framework Convention on Climate Change (UNFCCC) Land use,
Land-use Change and Forestry (LULUCF).

28.9 Conclusion

Geospatial tools for the visualization, tracking and simulation of forest resources
include key data underpinning Natural Resources Management Planning (NRM).
The current generation of geospatial tools and open data Free andOpen Source (FOS)
has eliminated the need for licensing and data acquisition, which was a significant
barrier to broader participation in forest resource mapping, tracking and modelling
for local governments. In addition, the availability of free satellite imagery, eleva-
tion data and raster-based spatial analysis tools offers community members new
opportunities to combine quantitative analysis of ‘hard’ data with qualitative local
knowledge. Satellite imagery information can also be shared with environmental
and conservation organisations and education leaders in user-friendly formats. We
suggest enhancing interdisciplinary development and collaboration between ecology,
environment and remote sensing fields, and to increase accessibility to high resolu-
tion imagery at low (or no) costs to ensure the prevalence of satellite image analysis
for ecology purposes. Although online available free data sets and free satellite
images, many of these services are accessible with smaller resolutions (e.g. MODIS,
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Landsat), restricted to accessible dates (e.g. 4-m multispectral OrbView-3 data are
freely available from 2003 to 2007, but with no global complete coverage), and/or
uninitialized (e.g. Google Earth). When lower resolution images are used to evaluate
land cover without checking results of modelling in the field, connectivity estimates
and correct corridors can be inaccurate and/or misleading. Given those potential
benefits, it could be argued that funding for Free Open Source GIS applications,
collaborative mapping and monitoring should be included in all rural development
and forest resourcemanagement initiatives creating new spatial data in less developed
countries. Continued support to use Free Open Source GIS capabilities could:

• Creating Performance Legitimacy by participation.
• Foster equity, integrity and responsibility by skills development.
• Contribute to a shared global educational content capital pool;
• legitimize the use of Free open source GIS tools; and
• help build a larger legal geospatial industry in the developing world.
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