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Abstract

Demarcating the extent of land degradation remains a major challenge worldwide. A combination of remote-sensing spectral
indices and Land Degradation Index (LDI) were used for the delineation and classification of land degraded areas in West
Burdwan district, West Bengal, India. Mining, brick and other industries were delineated using the maximum likelihood
classification (MLC) algorithm of the supervised image classification method. Land Surface Temperature (LST), Normalized
Difference Vegetation Index (NDVI), Soil Moisture Index (SMI), night-time LST and Evapotranspiration (ET) were used as
indicators of land degradation and were derived from Landsat and Moderate Resolution Imaging Spectroradiometer satel-
lite images for the years from 1990 to 2020. The result indicates an increase in industrial area from 2.06% to 7.62% of the
district area from 1990 to 2020. Our pixel-based time-series analysis displays some considerable land degradation over the
past 30 years, including (i) increasing daytime LST, (ii) declining vegetation, (iii) decreasing ET. However, no considerable
change was found in night-time-LST and SMI. A strong positive correlation (adjusted R>> 0.5 and p <0.05) was observed
between mining area expansion and daytime LST and a negative correlation between mining area expansion and NDVI and
ET respectively. LDI shows a total land degradation of 91.01 km? over the entire study region. Mining area expansion was
found to be one of the major stressors to local environmental degradation. The results from this study may help the decision-
makers and policymakers to provide a better management plan for sustainable land management in future.

Keywords Normalized Difference Vegetation Index - Soil Moisture Index - Land Degradation Index - Geographical
information system

Introduction

The decline of the land productivity due to the direct or
indirect processes resulting in the diminishing of the eco-
logical services of the environment is termed as Land deg-
radation (UNCCD 1994; Adamo and Crews-Meyer 2006).
The causes of land degradation can be either biophysical or
human-induced or both (Sklenicka 2016). Increasing popu-
lation, loss of forest and vegetation cover and soil erosion
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are the major causes of land degradation (Taddese 2001;
Gao and Liu 2010; Abu Hammad and Tumeizi 2012). Glob-
ally, ~24% of the land is affected by severe land degradation
(Pacheco et al. 2018). Most studies on land degradation in
Asia have focused on the Middle East (Faour 2014). Some
has also examined the temperate regions of China and Mon-
golia (Gong et al. 2014).

In a developing country, such as India, 96 million hectares
of land (about 30%) are affected by land degradation (ISRO
2018). In West Bengal, a state of India, about 19.54% of the
total geographical area is affected by land degradation (ISRO
2016). The West Burdwan district of West Bengal state is
affected by land degradation processes mainly through the
conversion of agricultural land to urbanization and industri-
alization such as coalfield, brick industries etc. (Ghorai et al.
2018). Understanding the previous environmental drivers
of land use expansion, addressing current conditions using
geospatial tools and providing scientific future forecasts
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helps resource managers in planning and maintaining natu-
ral resources (Mohd Ayob et al. 2015).

Remote Sensing (RS) and Geographic Information Sys-
tem (GIS) aid in identifying areas of land degradation with
significant spatial information (Cheung et al. 2021; Thiam
2003). The ability of remote-sensing technology to see tar-
gets better than the human eye makes it a powerful tool for
studying the dynamics on the earth's surface (Higginbottom
and Symeonakis 2014). Satellite imagery can cover large
and inaccessible areas and can provide a repeatable collec-
tion of long-term land degradation indicators (Mohapatra
et al. 2014). RS spectral indices show changes in land sur-
face, vegetation productivity, the effect of long-term climate
variability and variation in physico-chemical properties of
soil. Long-term profiles of the relationship between vegeta-
tion dynamics and Land Use / Land Cover (LULC) change
can provide valuable information for understanding land
degradation processes (Shalaby and Tateishi 2007; Matin
et al. 2018). This relationship is complex, where vegetation
recovers faster than soil. A permanent land change can only
occur if the vegetation itself is severely degraded or the soil
becomes infertile. The continued change could further influ-
ence regional climates and intensify ongoing land degrada-
tion (Lambin et al. 2003).

Researchers have used many remote-sensing-derived indi-
cators using different satellite images to characterize land
degradation. Vlek et al. (2008, 2010) examined the long-
term trends of the Normalized Difference Vegetation Index
(NDVI) concerning the annual dynamics of rainfall and
atmospheric fertilization to determine the extent to which
humans affect net primary productivity. Lanorte et al. (2014)
used the NDVI time series to monitor vegetation recovery
following fire disturbance at two test sites in Spain and
Greece. Remote sensing is also used in vulnerability analysis
(Oldeman et al. 1991; Lynden and Oldeman 1997; Sepehr
et al. 2007; Bai et al. 2008; Masoudi and Zakeri Nejad 2010;
Hein et al. 2011; D’Odorico et al. 2013; Masoudi 2014;
Masoudi and Amiri 2015), which focuses on spatial models
to assess desertification and land degradation. Lasanta et al.
(2000) analyzed forest fragmentation using remote-sensing
information and consider geospatial science as a useful tool
for accessing changes in land quality. Milanovic et al. (2017)
presented the impact of anthropogenic factors such as min-
ing activity, industrialization, construction and agricultural
activities which leads to exploitation of land resources and
suggested a more sustainable ecosystem using Landsat 5
imageries. Manjunatha and Basavarajappa (2020) noticed
the degradation of land from the Survey of India (Sol)
toposheet as well as LISS-IIT multispectral and geo-coded
False Color Composite (FCC) of IRS-1D mapping and found
that change in vegetation have an impact on surface run-
off. Rahaman et al. (2020) framed that the land transforma-
tion due to natural as well as anthropogenic driving forces
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especially industrialization by investigating Land Surface
Temperature (LST), NDVI, Normalized Difference Water
Index (NDWI), Leaf Area Index (LAI), Effective Rough-
ness Length (ERL), and Surface Albedo (SA) indices. The
above mentioned indices were correlated to see the differ-
ence in the eco-system response using Landsat and Moderate
Resolution Imaging Spectroradiometer (MODIS) products.
The observed effects are increasing temperature, decreas-
ing evapotranspiration (ET), loss of productivity potential
and biodiversity. Reversing land degradation is essential in
solving the United Nations Sustainable Development Goal
15 (such as restoring degraded lands, combating desertifi-
cation) (Lorenz et al. 2019). Although the global develop-
ment issue of land degradation has been accepted no proper
consensus has been arrived concerning its monitoring (Jong
et al. 2011) mainly due to the site-specific nature of the prob-
lem. The present study will help in mapping and monitoring
of degraded lands which finally will help in making plans to
improve or develop remedial measures for degraded lands.

Worldwide various studies have been carried out to assess
land degraded areas by quantifying - variation in LST,
LULC change, urbanization and industrialization using
remote sensing and GIS technology. Teodoro et al.(2021)
used unmanned aerial vehicles (UAV) for land use, vegeta-
tion and altimetric mapping to monitor the environment. Das
(2020) used Landsat 5-TM, Landsat 7-ETM+ and Land-
sat 8-OLI TIRS to assess the geo-environmental changes
such as loss of soil fertility, riverbank erosion, river course
changes, land degradation, water pollution, and health haz-
ard of the workers due to brick kiln industrialization on the
sides of the river. The unscientifically planned impacts and
effects were analyzed by statistical techniques, sinuosity
index, and water quality index. Joshi et al. (2009) conducted
an Environmental Impact Assessment (EIA) and concluded
that rapid industrialization and deforestation resulted in a
highly vulnerable landscape considering the Landsat Multi-
Spectral Scanner (MSS) as baseline data. Due to the lower-
ing in vegetation area enormously owing to the unplanned
expansion of the mining area, the adverse impacts on envi-
ronmental pollution had reached a critical stage (Chitade and
Katyar 2010). Das et al. (2020) projected that the increase in
temperature due to major factors of urbanization and indus-
trialization is in response to economic development. The
economic development had resulted in LULC change as well
as an increase in LST. Hamid et al. (2020) computed the
eco-system using various Landsat products to study the vul-
nerability using LULC, Digital Elevation Model (DEM),
soil, slope and geology combined with climate change
due to industrialization in arid and semi-arid regions. The
results showed that the grasslands are being subjected to
high vulnerability rather than vegetation. Information can
be extracted in different spatial and temporal scales and in
addition, the model can be modified and then recalibrated
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with the latest data on the current state of the environment
(De Jong 1994; Boer 1999).

All the previous literature elucidated that Landsat image-
ries are very useful in the delineation of degraded land in
addition to MODIS data products. Although, the research
carried out has focused particularly on land transformations,
vegetation degradation or deforestation, LST changes using
Landsat and MODIS data, very few studies focused on land
degradation using multiple indicators, such as NDVI, LST,
ET, LULC and Soil Moisture Index (SMI). A combination
of all these indicators will give a better understanding of the
land as each indicator have different spectral characteristics
and output. Demarcation of land degradation areas and their
magnitude has also been studied by very few researchers.

Numerous studies have been carried out over the West
Burdwan district, such as Choudhury et al. (2019) focused
on land use and land cover change and its impact on LST
over the Asansol-Durgapur development region. Maity
et al. (2020) assessed the impact of LULC changes on LST
in Asansol municipality areas. Siddique et al. (2020) esti-
mated the green space change around Asansol city, West
Bengal and showed the impact of NDVI change on LST.
Dutta et al. (2020) studied urban growth through land-use
change dynamics from the years 1990-2010 in Kanksa block
of Paschim Burdwan District.

All the previous works of literature mainly focused on
LULC transformation and its impact on the LST at the dis-
trict level or block level. Some studies focused on vegeta-
tion changes using NDVI. However, from our knowledge,
none of the literature can explain the industrial expansion
and its impact on land degradation at the micro-level. Long
term monitoring of industrial expansion and its impact on
land degradation indicators, such as ET, LST and vegeta-
tion index at the micro-level is very much important, as it is
required to evaluate the environmental health status of the
surrounding region. In addition, it helps to identify degrad-
ing regions spatially, which finally helps to take necessary
actions to reduce the impact and thus consider environ-
mentally sustainable solutions in the future. In this study, it
is attempted to quantify the industrial expansion spatially for
the past 30 years and also, to build a model to identify and
spatially classify degraded land areas of West Burdwan dis-
trict of West Bengal, India. The objectives of the study are
(a) to demarcate the areas of land degradation using various
spectral indices and (b) to classify the varying magnitude of
land degradation using the land degradation index.

Study area

Paschim Burdwan is a district in West Bengal, India formed
by the bifurcation of the erstwhile Burdwan District. West
Burdwan district (Paschim meaning “West” in Bengali) is an
extension of Chota Nagpur plateau with an area of 1817 km?.
The district is bounded in the north by Ajay River and in the
south by Damodar River both flowing eastwards into the
Bay of Bengal. The population of the district increased from
25, 52,781 in the year 2001 to 28, 82,031 in 2011 with a
decadal growth of 12.90% (Choudhury et al.2019). Accord-
ing to the Indian Meteorological Department, the climate of
the district is sub-tropical monsoon type with hot summer,
mild winter, dry winter which belongs to Cwa type climate
of Koppen’s classification, with a maximum summer time
temperature of 44 °C. The average annual rainfall of the dis-
trict is 1408 mm. The district has two subdivisions, namely,
Asansol Sadar and Durgapur, and is one of the premier
Indian districts in value of minerals. The index map of the
study area along with the mining, brick and other industries
is shown in Fig. 1.

Asansol is the 39th largest urban agglomeration in India,
whereas Durgapur is the most industrialized city in eastern
India. Asansol is situated over the largest coal reserve in the
country with the best type of non-coking coal reserve in the
nation. Raniganj coalfield in the district was the birthplace
of the Indian coal industry and contributed to the industri-
alization of the subdivision. Though the coal industries were
exposed in the early eighteenth century, the region was not
developed until the mid-nineteenth century. The industrial
development led to the forest clearance in the western part
of the district, while eastern part forests still exist in Kanksa
and adjoining Faridpur, Ukhra areas.

This industrialization led to most of the forests in the
western part being cleared, while in the eastern part, forests
still exist in Kanksa (Ramnabagan wildlife sanctuary) and
its adjoining Faridpur and Ukhra areas. Durgapur steel plant,
Durgapur thermal power station and ISSCO steel plant along
with hundreds of large, medium and small-scale industries
have dotted the Durgapur subdivision of the district giving
the district an industrial identity in eastern India. The unit
industrial growth increased from 143 to 840 in the 6 years
from 2006 to 2012 resulting in Durgapur emerging as an
industrial urban centre of West Bengal. The geology map of
the West Burdwan district is represented in Fig. 2.
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Fig.1 Study area map

Materials and methods
Satellite data

This study used Landsat 5 Thematic Mapper (TM) and
Landsat 8 Operational Land Imager (OLI) and Thermal
Infrared Sensor (TIRS) imageries (spatial resolution 30 m)
at 5 years of equal intervals from 1990 to 2020. We choose
30 years, because the West Burdwan district has experi-
enced rapid industrial growth in between that time period.
A 30-year period is useful for examining long-term trends,
but it may average out multiple short-term changes (e.g.,
disturbed or cleared vegetation becomes re-established), so,
we studied short-term changes of 5-year intervals as well
over the study area.

Two best quality imageries (cloud cover less than 10%)
one in summer season (March—May) and another in the win-
ter season (December—February) of the years 1990, 1995,
2000, 2005, 2010, 2015 and 2020 (Table 1) downloaded
from the USGS website (https://earthexplorer.usgs.gov/)
were selected for the study to minimize the seasonal and
spectral variation. As Landsat satellite mission provides
free data with the largest time coverage from 1972 up to the
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present and most of the researchers used Landsat data for
land degradation studies, we also used Landsat data for our
studies as well because of its coverage from the years 1990
to 2020. Each band of the satellite image were radiometri-
cally corrected using ERDAS Imagine 2015 and thus used
to calculate NDVI, SMI and seasonal daytime LST for the
study area.

We also used MODIS level-2 data product at 1 km spa-
tial resolution for land degradation indicators, which can-
not be directly derived from Landsat imagery. Specifically,
we used MODIS 8-day product from 2000 to 2020 to com-
pute seasonal night-time LST. The study area comes under
2 scenes of MODIS satellite imagery. Seasonal night-time
LST was derived by compositing MODIS 8-day-LST prod-
uct (MOD11A2) from 2000 to 2020 (at 5-year equal inter-
val) to arrive mean values of summer and winter night-time
LST for the years 2000, 2005, 2010, 2015 and 2020, respec-
tively. The methodology detail of the present study is given
in the flow chart (Fig. 3).

MODIS yearly ET product (MODIS16A3) from 2000 to
2014 were used to evaluate dynamics of water deficit due
to evaporation from soil and transpiration from the plants
(Mu et al. 2007). As the MODIS 16A3 annual ET satellite
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Fig.2 Geology map of the study area
Table 1 Data used for the study
SI. no. Satellite name Date of acquisition Date of acquisition Resolution (m) Scale factor
1 Landasat-5 1/21/1990 4/11/1990 30 -
2 Landasat-5 1/19/1995 4/9/1995 30 -
3 Landasat-5 3/21/2000 3/29/2000 30 -
4 Landasat-5 2/15/2005 4/20/2005 30 -
5 Landasat-5 2/13/2010 4/2/2010 30 -
6 Landasat-8 3/15/2015 5/2/2015 30 -
7 Landsat-8 2/9/2020 5/15/2020 30 -
8 MODIS16A3 Yearly product (2000, 2005, 2010 and 2014) 500 0.1
9 MODIS11A2 Every 8-day data product (2000, 2005, 2010, 2015, 2020) 1000 0.02

image data is available from the years 2000 to 2014 (http://  for the years of 2000, 2005, 2010 and 2014. The metadata
files.ntsg.umt.edu/data/NTSG_Products/MOD16/MOD16  of the Landsat satellite and MODIS imageries are provided
A3.105_MERRAGMAO/Geotift/), we have used the data in Table 1.
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Fig.3 Methodology flowchart
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Industrial area classification

The major types of industries in the study area are mining
industries, brick industries and other industries (Iron and
steel, chemical, automobile and fertilizer industries, etc.). A
supervised maximum likelihood image classification tech-
nique using ArcGIS 10.6 was used to extract the industrial
regions from Landsat summer time imageries. Initially, train-
ing samples of 10 LULC categories such as waterbodies, tree
cover, built-up, cropland, shrubland, grassland, bare/sparse
vegetation, mining, brick and other industries were created.
50 training samples for each category of LULC were created
to classify the image. From the classified raster image, a vis-
ual interpretation method was employed to remove the mis-
classified pixels. For example, pixels which were classified
as water within the mining area were reclassified as mining
area and in the similar way agricultural land and scrub land
occurring within the brick industrial area were reclassified
to the brick industrial area. All industrial clusters were cross
verified with Google Earth images and ground truth verifi-
cation. For the accuracy assessment of all LULC categories
user’s, producer’s and overall accuracy were calculated using
an error matrix table (Story and Congalton 1986).
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Land Degradation

The area under each industry is calculated discretely at
a 5-year interval. The industrial area is computed in every
5 years in the analysis and the area of expansion of the indus-
trial area every 5 years for each industry were calculated
distinctly. In addition to that, the yearly industrial expansion
rate has been evaluated by an average expansion rate given
below by Seto et al. (2011):

1
IAZOZO o
100 x — -1,
<1 - (M

1990

where 1A, and IA |49, are the area under a specific industry
in 2020 and 1990, respectively, and D is the time interval
in years.

Processing of satellite imageries

We examined the most commonly used land degradation
indicators, daytime and night-time LST, NDVI, ET and SMI.
LST for summer and winter, SMI and NDVI were derived
for the study area and extracted for each industrial region
separately at the 5-year equal interval, while MODIS image-
ries were utilized for seasonal night time LST and yearly
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ET based on the availability of the satellite images. As we
calculated industrial area at every S-year interval, the same
time interval was also followed for other land degradation
indicators calculation as well. NDVI, SMI and seasonal
LST were calculated for the years 1990, 1995, 2000, 2005,
2010, 2015 and 2020 with a spatial resolution of 30 m. Sea-
sonal night-time LST was computed for the years 2000,
2005, 2010, 2015 and 2020, while yearly ET was derived
for 2000, 2005, 2010 and 2014 years, respectively, as after
2014 MODIS16A3 data of ET is not available.

Satellite data is the only possible way of measuring LST
over an extensive area with high and temporal resolution
with more accurate information (Li et al. 2013). In this study,
thermal remote sensing was used to capture changes in the
energy balance of different surfaces in the Earth (Voogt and
Oke 2003). The thermal bands of Landsat allow for estima-
tion of LST (Anderson et al. 2012). LST derived from satel-
lite provides an understanding of the urbanization patterns
in the city (Walawender et al. 2014) as well as helps in the
delineation of Urban Heat Island (UHI) (Liu et al. 2016;
Fu and Weng 2016; Majkowska et al. 2017) in addition to
assessing environmental change (He et al. 2017; Alvarez-
Mendoza et al. 2019). The formula used for deriving LST
(Artis and Carnahan 1982) from Landsat is given below:

BT

R}

where LST is the LST in °C (degree Celsius) Celsius, BT
is the sensor brightness temperature in °C, A is the emitted
radiance wavelength, €, represents land surface emissivity,
and p is calculated using Boltzmann constant (k), the veloc-
ity of light (¢) and Planck’s constant (4).

Soil moisture derived from Landsat TM can be qualita-
tively assessed using Thermal Infra-Red (Thermal-IR) as
there is an inverse relationship among them (Shih and Jordan
1993). Soil moisture retrieved from satellite image has appli-
cations in agricultural drought assessment (Hunt et al. 2009;
Saha et al. 2018; Souto et al.2019) and irrigation control
(Mohamed et al. 2019). The lower and upper limits of LST
are considered for calculating SMI (Moawad 2012) with the
raster calculator tool using the equation given below:

LST =

LST,, — LST
SMI = —————— €)
LST, .« — LST in
where LST,,, and LST,;, are the maximum value and mini-

mum value of LST retrieved, while LST refers to the cor-
responding pixel LST.

NDVlIis used as an indicator of the vegetative cover. The
minimum value of NDVI is — 1 which can go on increasing
and have a maximum value of + 1. The positive values of
NDVI represent the increasing density of vegetation with 0

value as no vegetation and negative values represent non-
vegetated surfaces, such as water or snow (Silleos et al.
2006). The water bodies and the nonappearance of vegeta-
tion will have NDVI values in the range of — 1 to 0. NDVI
is derived using Landsat imageries with the help of Red and
Near Infra-red bands. NDVI is used to quantify the density
and intensity of vegetation (Duarte et al. 2018; Mohajane
et al. 2017; Fensholt et al. 2004) for classifying LULC. This
spectral index can also be utilized to assess the quality of
the environment (Fung and Siu 2000) and correlate with
climatic factors (Song and Ma 2011; Matchanov et al. 2016;
Zhang et al. 2016). The formula for computing NDVI (Rouse
et al. 1974) is given in the following equation:

NDVI = NIR — RED @

NIR + RED

where NIR and RED are the reflectance values of RED
and Near Infra-Red (NIR) band of Multi-Spectral Sensor
(MSS) of Landsat, respectively. The absence of vegetation
or waterbody is represented by negative values. On the con-
trary, positive values denote vegetation with values above
0.5 representing dense vegetation.

To derive night-time LST from the MODIS 11A2 data
product, we have multiplied each pixel value by the scale
factor of 0.02 to get the LST value in Kelvin and finally
converted it to °C (degree Celsius) by deducting 273.15.
The same procedure was adopted for estimating ET from
the MODIS16A3 product by multiplying the scale factor
of 0.1 to get the ET value kg/m?*/year (Das et al. 2020; Liu
et al. 2019).

The mean NDVI value of each year for each industrial
category (mining, brick and other industries) was calculated
by overlaying and extracting raster NDVI value by the poly-
gons of the respective industries and thus computed mean
NDVI through the raster statistics tool available in ArcGIS
10.6. Similarly mean LST, ET, SMI were calculated. With
the help of remote sensing spectral indices extracted, a cor-
relation analysis is carried out to determine whether there
is any relation between the expansion of industries and the
mean spectral index value. From the above analysis, we will
be able to arrive at the most critical indices contributing
towards land degradation and the relation with industrial
expansion.

Results and analysis

Landuse/land cover extent

Accuracy assessments of the classified LULC were car-
ried out by computing users’ and producers’ accuracy of

each land-use category. 50 ground truth verification points
under each LULC category were taken to calculate the user’s

@ Springer
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and producer’s accuracy of the LULC classification. Since
our study area is mixed with the rural, urban and industrial
region, more diverse land use categories within a small land
parcel were observed and thus some of the pixels were mis-
classified. For example, mining areas were misclassified as
waterbodies, some of the brick industrial areas were misclas-
sified as bare or sparsely vegetated areas, also some of the
cropland areas were misclassified as tree cover and grassland
areas and viceversa. These misclassified pixels were reclas-
sified to improve the LULC accuracy based on field visit and
google earth images. Results show an overall accuracy of
around 90.98% and the user’s accuracy of brick, mining and
other industries were 92%, 96% and 94% with the producer’s
accuracy 90%, 92% and 100%, respectively. Whereas, the
user’s accuracy of built-up, tree cover, cropland, grassland,
bare/sparse vegetation, shrubland and waterbodies were
90%, 92%, 90%, 86%, 88%, 84% and 98% with the pro-
ducer’s accuracy of 93.75%, 92%, 88.2%, 86%, 83%, 89%
and 96%, respectively. LULC for the year 2020 was com-
puted and areal extent was calculated. Of the total study area
cropland covers 49% fallowed by tree cover (19%), built-up
(8%), bare or sparse vegetation (7%), grassland (6%), mining

(4%), other industries (3%), waterbodies (2%), brick indus-
tries (1%) and shrubland (1%), respectively (Fig. 4). Since
our focus is on industrial regions, such as mining, brick and
other industries, we only considered industrial regions for
further analysis.

Growth in the industrial area over three decades

The spatial and temporal variation of the various industries
in the West Burdwan district is shown in Fig. 5. The total
area under industries has increased from 37.62 km? (2.06%
area of the district) to 138.6 km? (7.61%) in the period from
1990 to 2020 and this increase is highly concentrated in
the northwest and central regions of the district. The other
industries occupied 37.45% of all industrial areas in the dis-
trict in 1990. From that scenario, the district changed to a
mining industrial area predominantly (occupying 51.96%) in
2020. The industrial clusters seen in 1990 only has expanded
in successive three decades, while the northeastern and east-
ern region is mainly occupied by forest area, agricultural
land and devoid of industries. The area under the various
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industries and their expansion in the period of study from
1990 to 2020 is represented graphically in Fig. 6.

The coal mining area increased from 14.09 km? (37.45%
of the total industrial area) in 1990 to 72.02 km? (51.96%)
in 2020. The average rate of expansion was a maximum of
14.36% for 5 years from 1995 to 2000 followed by 7.36%
and 4.25% for the successive 5-year periods. In the decade
from 2010 to 2020, the average rate of expansion slowed
down further (3.55% and 2.50%). Initially, the other indus-
tries were developed along the Damodar river and only those
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have expanded in the period considered in this study. The area
occupied by other industries had an average rate of expan-
sion of 2.43% for the 5 years with a peak of 6.56% during the
period from 2010 to 2015. The brick industries occupied only
2.14 km? (5.68% of the industrial area) in 1990. The central
and western region is dotted with scattered brick industries
contributing to 16.30% of the industrial area in 2020 mainly
due to the peak average rate of expansion of 26.76% observed
between 1995 to 2000.
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Variation of satellite-derived environmental indices
Normalized Difference Vegetation Index (NDVI)

The minimum NDVI values in the mining industrial area
decreased from —0.135 to —0.2 over three decades with a
continuous decline except in 2005. The mean values reduced
by 69.27% (from 0.192 to 0.059) over 30 years suggesting
the vegetation cover in the mining area has reduced. This
decreasing NDVI value is a sign of vegetation degradation
but we have to take into account that water stored up in these
areas during mining activities also. The decreasing trend of
NDVl s also evident in other industrial areas with a continu-
ous decline of maximum NDVI values from 0.75 in 1990 to
0.59 in 2015. The mean NDVI value also decreased from
0.213 in 1990 to 0.116 in 2020, a reduction of 45.53%. Con-
cerning the brick industries, the mean NDVI values reduced
from 0.179 to 0.102, a drop of almost 30% (29.05%). No
such trend can be ascertained for the maximum and mini-
mum NDVT values for brick industries.

The negative values of the average annual change of
NDVI from 1990 to 2020 are shown in Fig. 7. The average
annual rate of decreasing NDVI values covers 166.34 km?
(9.15% of the study area). The total area under mining indus-
tries in 2020 is 3.96% of the study area and it contributes to
19% of an average annual rate of decreasing NDVI values,
while brick and other industries with 1.24% and 2.42% of the
area contribute to 5% of the decreasing values each. More
than 40% of the mining industrial and brick industrial areas,
have an average annual rate of decreasing NDVI. The total
industrial area under the district in 2020 was 7.62% and it
contributes to 29.73% of the decreasing NDVI values. The
southern region of the district which shows high negative
values is because of the non-cultivation during the time of
imagery. This area has been cultivated in all the years of
analysis from 1990 to 2015 with high positive values of
NDVI above 0.6. Cultivation has taken place during 2019
also and has not taken place during 2020 and this cannot be
considered as land degradation.

Land Surface Temperature (LST)

The summer daytime average LST values increased over
mining industrial region by 13.94% (32.65-37.20 °C) in
the study period. The range of the mean values for both
mining and other industries is around 6.3 °C (32.5-39 °C),
whereas for brick industries were slightly higher at 8.34 °C.
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For mining industries, the minimum LST range was 4.78 °C
(22-27.10 °C), while for brick (12.7 °C) and other indus-
tries (13.49 °C), it was higher than 10 °C. The average
annual increasing rate of LST for summer daytime was
represented in Fig. 8. 38.54% of the West Burdwan district
was found to be an increase in annual average LST values.
Out of the 72.02 km? of mining area in 2020, 34.05 km?
(47.28%) area contribute to 5% (4.86%) of the total area
under the district having an average annual increasing rate.
8.67 km? area (38.38%) of brick industries and 10.52 km?
(23.92%) of other industries also contribute to the annual
average increase in LST rate. The total industrial area under
the district contributes to 7.59% of the area with the annual
average increasing rate of summer daytime LST. There was
no increasing or decreasing trend observed in the sum-
mer night LST, winter daytime LST and winter night-time
LST. As a result, they have not been considered for further
investigation.

Evapotranspiration (ET)

The variation of ET was calculated from the MODIS16A3
data. The declining ET values was the general trend
observed for all the industries except for the maximum
yearly values in the 14 years. The mean values of ET for
mining, brick and other industries decreased continuously by
17.00%, 190.9% and 28.15%, respectively, in the period from
2000 to 2014. The decreasing trend was also observed in
the minimum ET values. The minimum values for all indus-
tries ranged between 550 and 425 kg/m?/year in the 14 years
with the other industries recorded highest fall of 26.73%
followed by brick (20.61%) and mining (18.18%) industries.
The decreasing trend in ET may be due to the degradation of
vegetation and increasing industrial area which also supports
the decrease in NDVI trend in respective years.

The average annual decrease of ET values is shown in
Fig. 9. Around 65% of the West Burdwan district observed
decreasing ET values. The brick industrial area had 77.17%
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(12.75 km?) of its area with decreasing values, whereas other
industries had 34.86% (15.14 km?) with the highest average
annual mean decreasing rate of -8.73 kg/m?/year. On the
whole, the entire industrial area (123.57 km?) 6.79% of the
district contributes to 6.01% of the area with decreasing ET
rate.

Soil Moisture Index (SMI)

SMI derived from Landsat imageries starting from 1990
has a range from O to 1. SMI values O to 0.1 refer to severe
drought, 0.1 to 0.2 moderate drought, 0.2 to 0.3 slight
drought and above 0.3value represents no drought condition
(Parida et al. 2004). The maximum and mean values of SMI
is showing an increasing trend for all three industries during
the study period. In 1990, the mean value of SMI was around
0.43 for all industries and it increased to 0.672 (56.27%)
for mining, 0.691 (62.97%) for brick and 0.72 (66.05%) for
other industries in 2020. The mean SMI value shows a posi-
tive correlation with increasing mining and brick areas with
adjusted R? values of 0.572 and 0.658, respectively (p value

@ Springer

less than 0.05). The increasing trend of SMI values is not
considered for further analysis.

Correlation between growth in the industrial area
and satellite-based environmental indices

NDVI, summer daytime LST, and ET had significant cor-
relation (adjusted R>>0.5 and p <0.05) with the increase
mining area. The other industrial and brick industrial areas
indicate an insignificant correlation with environmental indi-
ces and those values were not reported. The vegetation index
and ET had a negative correlation with the increasing min-
ing area, whereas the temperature had a positive correlation,
as represented in Fig. 10. The area under land degradation
is calculated and tabulated along with the mean decreasing/
increasing values in Table 2.

Mean NDVI values were calculated by extracting each
year NDVI raster value by the same year industrial area
polygon through spatial statistics tool in ArcGIS 10.6 and
thus calculated each raster average value through raster
statistic. The correlation result between the mean NDVI
value and the increased mining industry area shows a neg-
ative relationship with the adjusted R* value of 0.57 and
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p value of 0.029. As the mining area increases, the NDVI
values decrease due to various factors, such as changes in
land use, decaying vegetation, etc. The mean decreasing
rate of NDVI for the mining area is 7.89% higher when
compared to the entire West Burdwan district.

The positive correlation between mean summer daytime
LST and mining area is due to the change in land cover
of the area and mining activity. With an Adjusted R? of
0.51 at 95% level of significance (p =0.04). Nearly 50%
(47.27%) of the mining area has a mean increasing rate of
LST in the summer daytime with 25.80% increased mean
value (+0.39 °C) when compared to the overall district
value (+0.31 °C).

The negative correlation between mining industrial area
and ET was very high (Adjusted R?>=0.949). The rela-
tion was highly significant with a p value of 0.0168. The
increase in the mining area of 51.94% (30.42 km? in 2000
to 63.63 km? in 2014) has resulted in 67.65% of the mining
area in 2014 having annual average decreasing ET values.
The mean decreasing value of ET for mining industries is
— 6.44 (kg/m*/year) which is 12.11% lower than the entire
district value.

Discussion

Observed areas under land degradation in West
Burdwan district

The analyses of land degradation indicators examined in the
present study demonstrate that the West Burdwan district
is experiencing land degradation in terms of the degrading
vegetation cover, decreasing ET and hotter local climate over
the last 30 years based on the analyzed data. The magni-
tude of land degradation is more severe in the north, central
and northwestern regions, where coal mines are located.
However, the study did not detect enough changes in soil
moisture and night-time LST over the study period. This
result could indicate that MODIS coarse resolution may not
be appropriate enough to the West Burdwan district, where
natural and manmade land classes are sparsely distributed.

Over the years, the spatial concentration of industries in
the north and central regions of the district only increased
due to various reasons. The mining industries are concen-
trated in the north-western and central regions of the dis-
trict (coinciding with geology), whereas the other industries
are agglomerated towards the south-eastern region mainly
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due to transport connectivity and water source. The brick
industries are scattered throughout the central and west-
ern regions of the district. A highly skewed distribution of
industries towards the northwest and central regions of the
West Burdwan district was also observed. The area affected
by land degradation also coincides with the areas of indus-
trial development with 7.62% of the area under the district
contributing to 29.7%, 7.59% and 6.01% degradation area
of NDVI, summer daytime LST and ET, respectively. The
proper clustering of industries in the northern region of the
district would have lessened the effect of land degradation.
Mining nearby regions are experiencing a quicker rate
of land degradation as compared to the other places of the
district. More than 40% of the mining area were experienc-
ing degradation for all the land degradation indices (day
and night LST, ET, NDVI and SMI). The non-mining area
in 1990 such as forests (20.20%) and agriculture (79.79%)
has changed to a mining area of 57.93 km? over the three
decades and this has contributed to the 31.62 km? area of
decreasing NDVI values which finally increased the summer
daytime LST and also decrease annual ET rate. With the
industrial area increase, the average NDVI value decreases
simultaneously which represents the vegetation destruction
in the industrial area. Several studies suggested that changes
in human practices (e.g., land use) can significantly affect
NDVI (Neigh et al. 2008; Mueller et al. 2014). Mining areas
were found to be increasingly warmer with decaying vegeta-
tion resulting in the creation of hotspots surrounding the
mining areas mainly due to the increase in mining activities
and land-use change. Studies show that the highest LST has
been noticed in industrial areas, especially in coal mining
areas (Choudhury et al. 2019). Human interventions in the
Earth caused the heterogeneity and complexity in the land
surface characteristic recently which increases the variation
in LST spatially (Yue et al. 2007; Zhang et al. 2009; Chi
et al. 2015). Siddique et al. 2020 noticed that rapid changes
in LULC in Asansol City from 2000 to 2018 was mainly
due to built-up and industrial area which includes mining
and quarries. As the mining progresses, the mine dump area
increases. The increase in the maximum NDVI value in 2020
(from 0.52 in 2015 to 0.72 in 2020) is due to the growth of
vegetation over mine dump after a certain period and this is
visible in the degradation map with no increasing LST val-
ues over the same area which contributes to the land recla-
mation process and cannot be considered as land degradation
(Kumar et al. 2015). The increase in SMI in mining areas is
mainly because of the deposition of underground water in
the mining areas due to the extraction of minerals. However,
the increase in soil moisture is not an indicator of land deg-
radation, but the deposition of underground water over the
mining pond creates instability in the pit slopes which may
create landslides in the mining regions (Loupasakis 2020).
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Table 2 Land degradation area under various indices and their mean degradation rate

Area under consideration Indices
NDVI Summer daytime LST Evapotranspiration
Area (km?) Mean decreasing Area (km?) Mean increasing Area (km?) Mean ET decreas-
rate (NDVI/year) LST rate (°C) ing rate (kg/mZ/
year)
West Burdwan district 166.34 —0.0038 700.53 +0.31 1180 —-5.923
Mining industries 31.62 —0.0041 34.05 +0.39 43.03 —6.44
Brick industries 9.34 —0.0020 8.67 +0.34 12.75 —-6.5
Other industries 8.48 —0.0045 10.52 +0.21 15.14 —-8.73

More than 50% of the West Burdwan district shows
decrease ET values. Vegetation degradation and declined
ET, finally contribute to increasing LST which is one of the
major factors that control the physical and organic cycles at
the interface between the Earth and climate and highly affect
the vegetation condition and soil water (Owen et al. 1998;
Zhang et al. 2009; Li et al. 2018; Urqueta et al. 2018). It is
very challenging to demarcate exact land degradation areas.
To exactly demarcate the areas under land degradation, high-
resolution imageries are much required to provide better
accuracy. The use of coarser-resolution MODIS imageries
(500 m) for ET reduces the accuracy level.

Mining industries showed a significant correlation with
all the land degradation indicators (NDVI, LST, ET and
SMI), whereas the same cannot be considered about the
increase in brick and other industrial areas. From Table 2, it
is evident that a considerable portion of the total industrial
area is contributing to land degradation, although statisti-
cally, it is insignificant. Hence, the effect of brick and other
industries also needs to be discussed in land degradation.

The other industries have the highest rates of decreasing
mean NDVI and mean ET. As a result, there is high intensity
of land degradation in the other industrial area, concentrated
in a few pockets within its premises. However, the annual ET
and soil moisture indices are not considered in the analysis,
because the other industries are made of concrete or steel
structures, absence of soil and vegetation cover. The other
industries have the least increasing rates of LST. This is
maybe due to the less annual expansion rate of industries
and the geographical location, i.e., proximity to perennial
Damodar river as well as surrounded by agricultural areas.

With regards to the summer daytime LST, the north-west-
ern region of the district with scattered brick industries and
mining areas causes an increase in the annual average LST
rates (Choudhury et al. 2019). The maximum temperature
observed over the industrial regions, especially over the coal
mining areas (Choudhury et al. 2019). The brick industries
contribute to the increase in LST due to the burning of mud
to make bricks and areas devoid of vegetation. The decrease

Table 3 Weightage to standardized indicators under different scenar-
ios

Scenarios Parameters
Standardized Standardized Standard-
NDVI (%) LST (%) ized ET
(%)
Scenario A 33 33 33
Scenario B 50 25 25
Scenario C 25 50 25
Scenario D 25 25 50

in SMI is mainly due to the increase in brick industrial areas
and the degradation of vegetation.

The eastern and southern regions of the district are cov-
ered by forests and agricultural areas with very few villages.
Noticeable changes in land use were not observed in these
areas as compared to the mining region. Very few patches in
the forest side of the district were showing average annual
decreasing NDVI values and increasing LST values with less
intensity. Sparse vegetation in the forests and agricultural
area shows decreasing ET values. Although the geographi-
cal nature of the West Burdwan district favoured the com-
mencement of industries and its growth when compared to
its neighbouring districts, proper land planning and manage-
ment were not practised leading to widespread land degrada-
tion in the industrial core of the district.

Scenarios of land degradation index

To provide overall land degradation in the study area, we
have used the land degradation index (LDI), which is a
weighted combination of changes in land degradation indi-
cators considered in the present study. All the pixels of
NDVI, LST and ET undergoing negative change of land
degradation are standardized separately from O (no change)
to 1 (high rate of change), which refers to changes from
relatively slow to fast. The standardized indicators are then
weighted and added together to produce an LDI with a valid
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range of 0 to 1. The standardized each indicator was than
reclassified into 5 classes O (no change) to 0.2 (very low
degradation), 0.2 to 0.4 (low degradation), 0.4 to 0.6 (moder-
ate degradation), 0.6 to 0.8 (high degradation) and 0.8 to 1.0
(very high degradation), respectively (Hossain et al. 2020).
Four different scenarios are considered by assigning differ-
ent weights to each standardized index value (Table 3) and
overlay analysis performed to calculate Land Degradation
Index (valid range from O to 1) for each distinct scenario.
The area under the varying intensity of land degradation for
each scenario was computed. From the scenario analysis, it
is found that Scenario C is the worst-case scenario because
of the higher area under the increased intensity of land deg-
radation as compared to others (Category 3 and Category 4).
Scenario A with equal weightage to all the parameters yields
the best-case scenario (Fig. 11). The area under the district
undergoing cumulative land degradation due to increasing
LST, decreasing NDVI and decreasing ET is 91.01 km?. The
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contribution of the total industrial area (7.62%) to the land
degradation under the district is 30.2% (27.15 km?).

Most of the study region shows no degradation to low
degradation. However, moderate-to-very high degradation
was found over the mining industrial regions. Brick and
other industrial regions show moderate to low degradation
over the study area. Therefore, we suggest that areas of mod-
erate to very high degradation may require more attention
from local decision-makers and environmental inspectors.

Conclusions

Within the present work, we assessed land degraded areas
in West Burdwan district, West Bengal using different land
degradation indicators such NDVI, ET, LST day and night,
SMI through Landsat and MODIS satellite images from the
years 1990-2020 at every 5-year interval. Results indicate
that the growing trend of industries negatively influences
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the land degradation indicators, such as NDVI, daytime LST
and ET. Our findings confirmed that industrial growth influ-
ences the land degradation indicators such as decreasing the
NDVI and ET values increases LST values in the industrial
growing regions and surrounding areas. The overall result
shows moderate to the very high level of land degradation
observed over the industrial (mining, brick and other indus-
tries) regions, whereas most of the region shows very less to
no changes in the land degradation indicators. Continuous
expansion of industries highly concentrated in one particu-
lar area is observed to be one of the serious environmen-
tal stressors. Other possible stressors, such as increasing
population are not included in the investigation, which may
also have some effects to the local environment. To man-
age future industrial expansion, policymakers need to focus
on de-clustering of industries throughout the district so that
areas experiencing increasing LST, decreasing NDVI, and
decreasing ET areas are considerably reduced. This analy-
sis of industrial expansion and land degradation will help
decision-makers, environmental regulators to provide better
management practices for a sustainable future.

Different indicators of land degradation such as NDVI,
LST, and SMI were evaluated from Landsat satellite of
30 m spatial resolution which is not enough to classify dif-
ferent small industries, may overestimate the areal extent.
High-resolution satellite imagery such as Sentinel-2 satel-
lite imagery of 10-m spatial resolution has the potential to
get better output for different large and small scale industry
mapping. However, in this study, we have cross-validated
our images classification with Google Earth high-resolution
images to avoid the classification error. Other indicators such
as ET, night LST were computed from MODIS satellite of
500 and 1000 m spatial resolution. The use of high-reso-
lution satellite data provides the potential for the genera-
tion of more accurate land degradation areas at the desired
scale. However, the present study provides a basic idea about
land degraded areas over the West Burdwan district which
may help the environment planners for the betterment of the
degraded land areas in future.
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