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Abstract

For sustainable land cover planning, spatial land cover models are essential. Deforestation, loss of agriculture, and conversion
of pasture land to urban and industrial uses are only some of the negative consequences of human kind’s insatiable need for
more land. Using remote sensing multi-temporal data, spatial criteria, and prediction models can effectively monitor these
changes and plan for sustainable land use. This research aims to predict the land use and land cover (LULC) with cellular
automata (CA) and Markov chain models. Landsat TM, ETM +, and OLI/TIRS data were used for mapping LULC distribu-
tions for the years 1990, 2006, and 2022. A CA-Markov chain was developed for simulating long-term landscape changes at
16-year time steps from 2022 to 2054. Analysis of urban sprawl was carried out by using the support vector machine (SVM).
Through the CA-Markov chain analysis, we expect that built-up area will grow from 285.68 km? (22.59%) to 383.54 km?
(30.34%) in 2022 and 2054, as inferred from the changes that occurred from 1990 to 2022. Therefore, substantial deforesta-
tion area reduction will result if existing tendencies in change continue despite sustainable development efforts. The findings
of this research can inform land cover management strategies and assist local authorities in preparing for the present and the
future. They can balance expanding the city and preserving its natural resources.

Keywords Cellular automata - Markov chain - Urbanization - Multi-criteria evaluation - SVM

Introduction

Alterations to land use and land cover (LULC) have recently
emerged as a topic of concern worldwide because of the
impact these alterations have on the global system (Ghaffar
et al. 2013; Hassan et al. 2016; Sarkar 2019). The term “land
Responsible Editor: Philippe Garrigues use” refers to the myriad ways in which land can be used to
satisfy various human requirements. The essential criteria
are having a thorough understanding of land use patterns,
making the best possible use of available land, and being
aware of how these aspects evolve through time. LULC
Department of Wildlife, Fisheries and Aquaculture, College transformation typically occurs in two manifestations, con-
of Forest Resourcejs, Mississippi State University, 775 Stone version and change (Owojori and Xie 2003). Alterations to
Boulevard, Starkville, MS 39762-9690, USA .. . . .

the LULC significantly influence various impacts brought
about by climate change (Owojori and Xie 2003; Khan et al.
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resources on a local, regional, and global scale (Li et al.
2016; Hussain et al. 2022). (Erinjery et al. 2018) Increasing
extremes, ecohydrological consequences (arid and semi-
arid), disturbance of the groundwater hydraulic cycle and
quality (Morshed and Fattah 2021), and Mitigation policies
(Behera et al. 2012). Thus, a given location’s biological,
physical, and hydrological aspects interact in intricate ways
to determine the quality of the land cover (Li et al. 2017).
Monitoring the trajectory of changes necessitates an evalua-
tion of the existing spatial and temporal dynamics of LULC
to make more informed assessments in the future.

Rapid land use change affects more than just the sur-
rounding countryside and city (Samanta et al. 2018). Over-
use of LULC for a variety of political and economic ends
has the potential to diminish the land’s current and future
usefulness. An excellent example of how the socio-economic
aspects of land use change in agriculture become an urgent
problem after drought impacts are followed by the construc-
tion of roads and public transit is the abandonment of land in
rural areas as a result of residents’ more accessible and faster
migrations. As a result, new environmental and socioeco-
nomic concerns arise, including decreased productivity and
unsustainable agricultural development, which have wide-
ranging regional and temporal effects (Tulbure and Broich
2019). Farmers will abandon less land if the present LULC
evaluation is accurate (Shao et al. 2019). However, urbaniza-
tion and sprawl convert agricultural land to non-agricultural
uses and put natural resources at risk (Mondal et al. 2022),
which can lead to a decrease in rural resources (Kim and
Brown 2021).

Predicting how land will be used accurately is crucial
to evaluating the feasibility of standardizing and integrat-
ing data sets and creating maps. Logistic regression models
have many advantages over other methods (combined with
other models but do not clarify the relative importance of
the motivating factors). The CA—Markov model is a hybrid
that combines ideas from CA (an exposed formation that
may be easily integrated with knowledge-driven models
and the Markov chain model (accurate spatial and temporal
modeling) (Tariq et al. 2022b). To build the Markov chain,
we use a set of probability values that, based on histori-
cal data, depict the possibility of changing user interfaces
through time. At any given time, a given area of the planet
might theoretically shift from one category of land use to
another (Atif et al. 2015). With the help of matrices, Markov
chain analysis may examine the dynamics of all possible
land use transitions across all likely display groups. Over the
past three decades, the Markov chain model’s precision and
reliability have led to its widespread use in various LULC
research (Tulbure and Broich 2019; Siddiqui et al. 2020; Roy
et al. 2021, 2022; Yohannes et al. 2021). Transition prob-
abilities of several land use interactions across time can be
evaluated with CA-Markov. Due to these transitions between

sizes, one or more land uses can become dominant in a given
area. In this technique, the number of pixels belonging to
different land use classes at other times is represented by a
matrix that shows the area’s change over time. As stated in
a Markov chain, coating types have seen use.

The Markov chain model analyzes the land use zoning
images, and the results are an output image and a possi-
ble change matrix based on the last year’s potential change
matrix (Bose and Chowdhury 2020; Salem et al. 2021).
The probability of future land use changes is displayed in
a change matrix. The bottom-up Markov chain and cellular
automata model is a practical simulation method for study-
ing land use shifts. As a geographical model that predicts
the future based on identifying the dynamics of complex
systems and is user-friendly for LULC forecasting. In addi-
tion, it is recognized as a proper two-dimensional method
of presenting the spatial and temporal dynamics of location
(Shao et al. 2019; Mondal et al. 2022). Markov models are
effective in tropical and subtropical regions and on various
scales (Ziyad Ahmed Abdo 2020). Recent advances in RS
and GIS have led to greater precision in computation and
modeling (Abdullahi and Pradhan 2018).

In this study, we proposed the use of CA—Markov model,
which combines Cellular Automata and Markov chains to
simulate hypothetical situations. It is common practice to
utilize a Markov chain model to calculate the transition
probabilities among several land cover categories at a given
time. A CA model is then used for these probabilities to
make time-dependent, spatially explicit predictions. A
CA—-Markov model’s foundation is an initial distribution and
transition matrix, which together assume that the drivers that
produce the observed patterns of land cover categories will
continue to act in the future as they have in the past (Al-
Najjar et al. 2019; Prasad et al. 2022; da Silva Monteiro et al.
2022). A CA-Markov model is suitable for a counterfactual
approach because it allows us to extrapolate the landscape
before intervention into the future while assuming that the
type of intervention will remain the same (Arnfield 2003).

In this research, we examine the past and present to
predict the future of LULC in Peshawar districts. Natural
resources become a major problem because of this region’s
significant concentration of forestation and deforestation
activities (KPK). This research aims to create a model of
every LULC in our study region by combining cellular
automata and Markov chain. The structure of this paper is
as follows. For more precise simulations in 2022, 2038, and
2054, see the “Material and methods” section, where data is
prepared from the LULC map between 1990 and 2022. This
map will be used in conjunction with the Markov model.
The “Results” section provides an overview of the technique,
tools, software, and support for the Markov model and cellu-
lar automata hybrid. The “Discussion” section would review
the results of our CA-Markov model simulation covering
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2022 through 2054 and several possible application meth-
ods. The “Conclusion” section would discuss our results
with data limitations, a brief overview of our findings, and
some suggestions for future research.

Material and methods
Study area

Peshawar, a major city in eastern Khyber Pakhtunkhwa
(KPK), is one of Pakistan’s oldest and largest administra-
tive centers. Located at 33° 41'=34° 12" N and 71° 27'-71°
47" E, Peshawar has a total land area of around 1264 square
miles (Fig. 1) (Mumtaz et al. 2020; Ahmad et al. 2021).
Winter officially begins in November and lasts until March.
The summer season lasts from the beginning of May through
the end of September. The local economy benefits from the
production of agricultural goods, manufactured goods, and

industrial goods. It serves as the nerve center for the prov-
ince’s economy, as well as for its schools and other pub-
lic institutions. In the most recent census, taken place in
1998, the urban population of Peshawar made up 33% of the
total population (Tariq et al. 2022a). The inflow of Afghan
migrants initiated rapid urbanization in Peshawar after 1978,
which continued until the 1998 census. The people would
not have reached 2.01 million without the influx of Afghan
refugees. It also appears to be related to the yearly growth
rate of 4% between 1998 and 2017, while the sex ratio is
106.5. Commercial activity is essential to the city’s develop-
ment (Baqa et al. 2021a).

Modeling framework

This section will discuss the primary components utilized
for the following land cover alterations. The procedure
occurs within a raster data environment, typically a grid of
uniform cells with a predetermined resolution. The steps
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Fig. 1 The geographical location of the study area
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taken to complete this research are as follows: (1) classifying
satellite images to create land cover maps for 1990, 2006,
and 2022; (2) computing a Markov process-derived transi-
tion area matrix that indicates the number of pixels expected
to change from one land cover class to another over a given
period (1990-2006, 2006-2022); (3) obtaining transition
suitability images using a Markov chain and a multi-criteria
evaluation (MCE) model; (4) Finally, we simulate land cover
chnages to the year 2038 and 2054 using the CA-Markov
module, and (5) assess the model’s accuracy by contrasting
the difference between the current and projected 2022 maps.

Data preparation for LULC change analysis

In this investigation, Google Earth Engine was utilized to
scan satellite data for images that could provide light on
the causes of LULC changes. Landsat images, including
those gathered from the actual two satellites observed from
1990 to 2022, were used because of their high spectral and
geographic resolution, capacity to alter the topography, and
accessibility. Multispectral remote sensing imagery from the
USGS’s Landsat series, with a 30 by 30 m spatial resolution,
was downloaded for the Peshawar district from their website
(https://ers.cr.usgs.gov/) (Table 1).

Land cover mapping

Landsat TM, ETM +, and OLI/TIRS images (https://earth
explorer.usgs.gov/) were amassed to span 1990-2022. These
land cover maps for 1990, 2006, and 2022 were created using
Landsat imagery. All images underwent pre-processing tech-
niques (geometric and atmospheric) to eliminate the gaps,
fills, and errors created during the imaging process. The land
cover maps were created using a classification technique

Table 1 Satellite images used for LULC classification in this study

S. no. Row Path Year Date Sensor

151 36/37 1990 08™ June ™

called object-based support vector machine (SVM) after
undergoing geometric and atmospheric modifications (Frey
et al. 2013; Rodrigues et al. 2018). The so-called salt-and-
pepper effect, which typically occurs with pixel-based
remote sensing classification systems, can be avoided with
the object-oriented classification method. Therefore, there
are five broad categories: built-up area, water, forests, veg-
etation/agriculture, and barren land (Table 2).

Generating transition area matrix

This research computed the transition area matrices of land
cover types for two-time intervals (from 1990 to 2006 and
from 2006 to 2022). Each matrix keeps track of how many
pixels are classified as belonging to one set but is forecast to
change to another set over time. Past trends are used in this
model section to estimate how another replaces one class.
The Markov chain model is used to produce these matrices,
and a 0.1% error in proportion is allowed (Kasischke et al.
2007; Das et al. 2021). By superimposing the 1990 and 2006
categories and outlining the shift between the two eras one
class at a time, we generated the 2022 transition area matri-
ces. This data is fed into a Markov model to help predict
whether or not a given set of pixels could change from one
land cover class (e.g., forest) to another (e.g., field).

Generating potential transition maps

Creating appropriate maps for different land cover types is
challenging because of the need for more relevant data and
knowledge. While all the potential influences and limita-
tions of the area under investigation should be considered,
this seems unattainable. This study used GIS techniques,
MCE, and fuzzy membership functions to extract potential
transition maps of land cover categories (Sayemuzzaman
and Jha 2014; Zhang et al. 2021). First, possible transition
maps of the built-up area, water, forests, vegetation, and bar-
ren land environments were computed using two drivers: A
conditional probability map with neighborhood interaction
(Euclidean distance to cells of the same type). By and large,

151 36/37 2006 13t M, ETM . . . . .
N » * the probability of a pixel changing into a particular land
3 151 36/37 2022 29" May OLI/TIRS . o ..
cover class increases the closer it is to that class it is.

Table 2 Distinct classifications of land use and land cover
S. no. Class name Description

Built-up areas Business district, industrial zone, transit corridor, built-up area, residential area, etc

‘Wetland/water bodies All kinds of waterways: streams, lakes, canals, rivers, ponds, etc

Forests A forest consists of a vast, tree-covered region of land. A group of trees can be

called a “forest” as well

Vegetation Lands used for growing crops, forestry, farming, greenhouses, etc

5 Barren land Material such as rocks, soil, grassland, and so forth
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Given that this rule does not hold in all cases (Baqa et al.
2021b; Tariq et al. 2022b), conditional probability images
are utilized to lessen the amount of guesswork involved in
constructing potential transition maps. As the name implies,
dependent probability images depict the likelihood that each
pixel in the subsequent period will fall into the specified
class based on its current state. Thus, the images above
represent a graphical depiction of the matrix of transition
probabilities (Halmy et al. 2015; Baqa et al. 2021a). There
were limits on built-up areas, water, forests, vegetation, and
barren land due to cities and bodies of water. And therefore,
to create a transition potential map of urban regions, we
settled on four fundamental biophysical and proximal driv-
ers: neighborhood interaction, distances from water bodies,
distance from the nearest road, and slope (Table 3). Water
bodies are also included in the zone where development is
prohibited. Research has demonstrated that these extrane-
ous details strongly correlate with the likelihood of urban
transformations (Tariq and Shu 2020; Munthali et al. 2020).

Since the Markov chain cannot pinpoint where precisely
land cover changes occur, we used GIS methods, MCE, and
fuzzy membership functions to zero in the most promis-
ing areas for change. Fuzzy sets provide a consistent metric
without requiring arbitrary Boolean constraints or thresh-
olds to be determined in advance (Arsanjani et al. 2013).
To re-scale driver maps from — 128 to+ 128, where — 128
represents the least suitable sites, and + 128 represents the
most relevant sites, fuzzy membership functions (such as
the sigmoidal monotonic decline function) were employed.
Moreover, MCE’s analytic hierarchy process (AHP) was
used to provide relatively important ratings to each of the
MCE’s contributing variables (Fu et al. 2018). The AHP
technique in-corporates growth limits and permits weighing
land cover transition potential based on a set of potential
maps (for example, slope magnitude). The AHP provides
a thorough and reasonable framework for resolving the
choice problem by identifying and measuring its compo-
nents, establishing links between them and the overarching
goals, and evaluating potential courses of action. Because of

its flexibility in incorporating a wide range of heterogeneous
factors and its ease in determining appropriate weights for
those variables, this GIS-based AHP is a potent instrument
(Behera et al. 2012; Yulianto et al. 2019). This model spar-
kles when crucial variables are hard to quantify and compare
or when it is challenging to build communications between
team members due to their different areas of expertise, and
opinions.

Model evaluation

Even though evaluating a model is crucial, there is currently
no agreed-upon standard to measure how well a landscape
change model performs (Baqa et al. 2021b). The model is
tested to see if it produces an unexpected land cover map
projection. It is common practice to compare the results of
a model’s simulation to the world as it exists to verify the
model’s accuracy. Similar methods have been favored in
other research, such as (Arsanjani et al. 2012), who used
them to validate a model forecasting land cover change.
Kappa variation statistics were used to compare the observed
transitions between the satellite images from 1990 and
2022 with the projected map of 2022 produced from remote
sensing techniques. The kappa index is a widely used and
respected metric for comparing maps (Tariq and Shu 2020).
Kappa statistics evaluate the model’s performance regard-
ing the percentage of correctly categorized cells and their
precise locations.
Here, we introduce three kappa statistics:

e The standard kappa (K ,q4a:q)» Which measures the simu-
lated layers’ ability to achieve perfect classification.

e A modified general statistic over (K nqara)> (K,,,), Which
displays the fraction of pixels correctly classified rela-
tive to the expected fraction of pixels correctly classified
without the ability to specify quantity or location.

® A (Kjaiond) index that can distinguish the locational
accuracy of pixels in the similarity layer.

Table 3 Calculated values for

- ! S. no. Factors Functions Control points Weights
urban regions using AHP and
fuzzy standardization 1 Distance from roads J-shaped 0-25 m highest suitability 0.28
25-100 m decreasing suitability
> 100 m no suitability
2 Distance from water bodies Linear 0-50 m no suitability 0.15
50-500 m increasing suitability
> 500 m highest suitability
3 Distance from built-up areas Linear 0-50 m highest suitability 0.38
50-100 km decreasing suitability
> 100 km no suitability
4 Slope Sigmoid 0-10% highest suitability 0.19

10-25% decreasing suitability
>25% no suitability
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It can go from O (an utterly arbitrary place) to 1 (a per-
fectly specified position) (Aburas et al. 2017).

CA-Markov model

When it comes to modeling, CA-Markov modeling is a
hybrid approach that combines the best features of determin-
istic, spatially explicit models with the flexibility and adapt-
ability of stochastic, temporal models. This model, which is
a hybrid of Markov chains and CA models, has proven to be
an effective tool for simulating dynamic spatial phenomena
and predicting land cover changes over time and space, both
from the perspective of existing conditions and that of any
additional factors that may influence transitions among land
cover classes in the future. Recalibrating the supporting data
with these findings can then be used for theoretical construc-
tions and scenario-based projections. When the causes and
effects of land cover changes are unclear, a Markov chain is
an effective model for forecasting land change demand (Fan
et al. 2008).

In this approach, we can predict environmental outcomes
by looking only at historical data. The Markov chain model
is a stochastic process model used to represent the prob-
abilities of transitions between states and make predictions.
Creating a transition probability matrix of land cover change
across time allows for this, as it indicates that the changes
may still be utilized to anticipate the following period.
Each transition probability is displayed in this model, but
the spatial distribution of these events is left unexplored.
As a result, the CA is applied to spatial personalities. In
the CA model, each lattice cell can exist in one of a fixed
number of states. These states persist indefinitely or evolve
into new forms with each iteration or time step (Ahmed and
Ahmed 2012). A collection of deterministic rules is defined
in advance of the execution of this process, and those rules
are what spark the necessary adjustments. Running CA
requires four parameters: (1) a cellular (or grid) space, (2)
a neighborhood specification, (3) a fixed number of states,
and (4) a set of transition rules. The power of CA lies in its
ability to accurately model processes that unfold in both arti-
ficial and natural systems over time and place. This makes
them an excellent tool for investigating the dynamics of
complex systems (Radwan et al. 2019). The spatial dynam-
ics are managed by CA’s local transition rules, while the
temporal dynamics of land cover classes are represented by
Markov processes based on transition probabilities (Ahmed
and Ahmed 2012).

In a multi-object land allocation procedure, the suitabil-
ity images are combined with the base land cover and the
transition matrices to generate future land cover maps. All
pixels are evaluated for their potential use in each land cover
category. At any given time in the simulation, several land
cover types may occupy any given pixel (except by restricted

and unchangeable areas) (Fan et al. 2008). Considering the
predetermined spatial limitations of the CA and the temporal
step to be classified for the given period, the class with the
highest appropriateness at that pixel will be selected. For
each category of land use, the procedure is carried out, and
it is repeated multiple times for each time interval. Total
number of pixels in each land cover class is determined by
first eliminating the least likely pixels from inclusion in that
class (Arsanjani et al. 2012). Due to the inherent uncertainty
in the procedure, we iterated over multiple iterations to gen-
erate the possible land cover class for each period. Multiple
runs of this method were combined into a frequency image
to determine which regions are more likely to be another
region. This image was created by superimposing all the
simulations for a specific land cover type over a specific
period (Radwan et al. 2019). It reveals the frequency with
which each cell was assigned to a specific land cover type.
This study’s methodology is depicted in Fig. 2. Below is a
flowchart explaining the process in greater depth.

Results
Land cover classification and accuracy assessment

An object-oriented approach was taken to image processing
to create a multi-temporal land cover geographic database
for the three years of analysis. The estimated categoriza-
tion accuracy allowed the resulting maps to be used for
additional change analysis. We collected ground truth data
(training and validation data) from Quickbird images hosted
on Google Earth (http://earth.google.com) to evaluate the
precision of classified images. After collecting a random
sample of ground truth points from the region covered by
high-resolution Quickbird images. We superimposed those
points on the images in Google Earth and used visual inter-
pretation to categorize them into appropriate groups for the
entire research area. If land cover patches covered at least
one Landsat pixel, that location was assigned to a distinct
category (30 X 30m). The training locations were precisely
chosen and limited to homogenous regions whose class
membership was consistent between 1990 and 2022 based
on human interpretation of Landsat imagery. We reached the
highest possible, stable accuracy by fine-tuning the training
sample dataset. This optimization process involved erasing
training data that could have contributed to errors or adding
fresh samples to incorrectly labeled categories. We mapped
1374 points using a sample taken from Quickbird images.
We separated all ground truth points into training (70%) and
testing (30%) data. The overall accuracy of the extracted
land cover maps for 1990, 2006, and 2022 ranged between
89.02% and 94.02%, proving the usefulness of the classi-
fied remote sensing images for accurate and efficient land
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Acquired Satellite Images

v v v
Landsat 5 Landsat 7 Landsat 8
(T M) 1990 (ET M+) 2006 (OLLTIRS) 2022
v

Data Pre-Processing (Including cloud removing, atmospheric
cotrection. geometric calibration, and terrain correction etc.)

Select training/testing samples and classify
using SVM

Accuracy
Verification

YES

Classification results of year 1990, 2006 and 2022

Obtain the transition area and probability matrix
using LULC map of year 1990 and 2006

The predict LULC map of vear

2022 ‘_‘

NO

Accuracy
Assessment

YES

v
Predicted the LULC in year 2038
and 2054

Fig.2 General description of the methodology

cover change analysis and modeling (Table 4). As a result,
we could create land cover maps for the whole research area
using 100% ground truth data. The finished land cover maps
are shown in Fig. 3.

Analysis of landscape metrics

Table 5 shows a breakdown of land cover area changes
from 1990 — 2022, which shows that the %age of land

covered by buildings increased from 5.81% to 17.33%.
Between 1990 and 2006, over 73.51 km? was devel-
oped, and between 2006 and 2022, another 145.64 km?
is expected to be built upon. There was a steady growth
in developed areas and a corresponding decline in the
agricultural, forested, and barren land. Between 1990 and
2022, barren land decreased dramatically, from 380.25
km?(30.08) to 203.12 km? (16.06%). During this era,
forest area dropped from 312.25 km? (24.70) to 191.08
km? (15.11). Furthermore, the percentage of vegetation
in 1990 increased by 485.10 km? (38.38%) to 552.36 km?>
(43.69%) in 2022. Some more water has been added to
the landscape.

Analysis of the transition matrix

Before the final CA-—Markov model was created, the
transition matrices were generated by the Markov model
provided information on the amount of change and the
likelihood of change. Here, we see how each land cover
will likely evolve over the next few years using transi-
tion potentials based on data from 1990 to 2006 and
2006-2022. Total land areas, as determined by the catego-
ries, were compared to the transition area matrices. The
probability of change from one phenomenon to another
can be calculated using transition probability matrices
(Table 6). The on-diagonal statistics show how likely a
phenomenon will continue as before, while the off-diago-
nal data show how likely the sensation will change (Tariq
and Shu 2020). The Markov transition probability matrix
indicates that between 1990 and 2006, there is a 13.3%
chance of the forest transitioning into the forest. The like-
lihood of a shift in this direction dropped to a reasonable
10.9% in 2022. According to Table 6, barren land and veg-
etation areas had the highest probability of urbanization
during both epochs. Over the two time periods, there was
an upward trend in the likelihood of staying in the same
class. Between the two estimates, water bodies saw the
most growth. It is estimated that after ten years, 96% of
water pixels will still be water, and after 20 years, that
number rises to 98%.

Table 4 Accuracy assessment

. 7 LULU 1990 2006 2022

derived by satellite images; (a)

1990, (b) 2006, and (c) 2022 UA PA OA K UA PA OA K UA PA OA K
Built-up area 94.00 94.00 93.60 0.88 94.00 94.00 94.02 0.87 88.00 97.78 91.02 0.86
Water 92.00 97.87 96.00 94.12 90.00 86.54
Forests 94.00 88.68 94.00 90.38 92.00 88.46
Vegetation 96.00 92.31 90.20 95.83 88.00 83.02
Barren Land  92.00 95.83 96.00 96.00 88.00 91.67

UA, user’s accuracy; PA, producer accuracy; OA, overall accuracy; K, kappa coefficient
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Fig.3 Time series of land cover maps; a 1990, b 2006, and ¢ 2022

Table 5 Changing land
cover types and their %age
contributions from 1990 to 2022

Table 6 Land cover transition
probabilities from 1990 to 2006
and 20062022

LULU Years Change in land cover structure
1990 (%) 2006 (%) 2022 (%) 1990-2006 (%) 2006-2022 (%) 1990-2022 (%)
Built-up area  66.53 140.04 285.68 73.51 145.64 219.15
(5.26) (11.08) (22.59) (5.81) (11.52) (17.33)
water 20.13 28.15 32.15 8.02 4.00 12.02
(1.59) (2.23) (2.54) (0.63) 0.32) (0.95)
Forests 312.25 298.52 191.08 —13.73 —107.44 —121.17
(24.70) (23.61) (15.11) (-1.09) (—8.50) (=9.59)
Vegetation 485.10 365.32 552.36 —-119.78 187.04 67.26
(38.37) (28.90) (43.69) (=9.47) (14.79) (5.32)
Barren land 380.25 432.25 203.12 52.00 —229.13 -177.13
(30.08) (34.19) (16.06) 4.11) (—18.12) (—14.01)
LULU Built-up area Water Forests Vegetation Barren land
1990-2006
Built-up area 0.9456 0.0087 0.0192 0.0245 0.0071
Water 0.0105 0.9841 0.0415 0.0745 0.0241
Forests 0.0047 0.0215 0.9123 0.0041 0.0152
Vegetation 0.0211 0.0145 0.0174 0.8451 0.0641
Barren land 0.0154 0.0561 0.0891 0.0057 0.8841
2006-2022
Built-up area 0.9254 0.0654 0.0341 0.0045 0.0003
Water 0.0094 0.9643 0.007 0.1221 0.0065
Forests 0.0107 0.0241 0.9076 0.0475 0.0145
Vegetation 0.0496 0.0424 0.0122 0.7982 0.0003
Barren land 0.0135 0.0083 0.0051 0.0017 0.9715
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Landover modeling and validation

Model performance was measured by contrasting a gener-
ated map from 2022 with the actual land cover map from
2022 using kappa modifications. Figure 4 displays the rela-
tive error of less than 3% for five types of land cover change
between observations and simulations for 2022.

Models with 80% or higher accuracy are regarded as pow-
erful forecasting tools (Tariq et al. 2022b). The K expected
value of 91.2% confirmed this model’s correctness. Accord-
ing to (Arsanjani et al. 2013), the K, value is preferable to
the standard when evaluating the model’s precision. Overall,
the model did a great job of predicting the land cover map
in 2022 (K,,,= 89.1%), and the result of 93.2% for location
shows that the model gives a decent demonstration of the
locations in question. Visual analysis of the results (Fig. 5)
also reveals a striking similarity between the actual and
hypothetical 2022 maps. This means that the kappa values
can be used to predict how the land will look in the future
using the CA—Markov model.

Analysis of simulation results

Our findings show that by 2054, the percentage of the study
area covered by built-up areas would have increased from
22.59% in 2022 to 30.34%, while the percentage of all other

land cover categories (other than the vegetation and water
class) would have decreased (Table 7). Forest, for instance,

Fig.4 Simulated and actual

LULC types for the year 2022 600.00 -

500.00 A

400.00 -

300.00 A

Area km?

200.00 A

100.00 -~

0.00 -

Built up area
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H Actual

decreased from 191.08 km? (15.11%) to 151.76 km? (12%)
between 2022 and 2054. Vegetation area increased from
552.36 km? (43.69%) to 578.60 km? (45.77%), while barren
land area decreased from 203.12 km? (16.06%) to 110.03
km? (8.70%) over the same period.

Discussion

This study used GIS and multi-temporal remote sensing data
to examine land cover changes from 1990 to 2006, 2006 to
2022, and 2022 to 2054. From 1990 to 2022, our data shows
that the amount of land covered by buildings increased by
17.33%. In this period, developed land has expanded by
219.15 km?. This indicates that there has been rapid growth
in urban and rural areas over the previous three decades.
Therefore an increase in the latter could be interpreted as a
loss in the former (nature land =total land area minus (farm-
land area minus built-up area (Fu et al. 2018). According to
Table 4, between 1990 and 2022, the amount of land devoted
to nature rise from 66.53 to 285.68 km?. For instance, forest
cover decreased by 312.25 to 191.08 km? between 1990 and
2022. The widespread degradation and destruction of natural
and semi-natural areas are a significant problem that spans
nearly all Western and Central Europe (Halmy et al. 2015;
Zhang et al. 2021).

According to this research, forest land lost a higher
proportion of its area than barren land between 1990 and

Vegetation Barren Land

® Simulated

water
LULC Classes

Forests
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Fig.5 a Simulated map, b actual map of LULC types in 2022

Table 7 Absolutfa quat;tities LULU Land cover classes (km?)

for LULC types in km* (%) for

2022-2054 2022 % 2038 % 2054 %

Built-up area 285.68 22.59 340.54 26.94 383.54 30.34
Water 32.15 2.54 36.15 2.86 40.23 3.18
Forests 191.08 15.11 170.52 13.49 151.76 12.00
Vegetation 552.36 43.69 565.01 44.69 578.60 45.77
Barren land 203.12 16.06 152.03 12.03 110.03 870

2022. Table 4 reveals that barren land has decreased 380.25
km? of their acreage. Forests in Pakistan were shown to be
highly vulnerable, as predicted by these findings. Previous
research has warned that forest degradation could severely
affect ecosystem services (such as the carbon cycle, regional
economics, and climate) (Ahmed and Ahmed 2012; Radwan
et al. 2019). However, forests are declining in our study area.
Although forests are home to more than half of the vas-
cular plant species in Pakistan (Alexakis et al. 2014), the
Pakistan Forest Department notes that only 4% of forests in
Pakistan (Mosammam et al. 2017). This led to a significant

reduction in forest acreage. Deforestation rates, however,
have begun to fall due to new national and regional initia-
tives (Hou et al. 2019). Deforestation in the second decade
of this study (2006-2022) was nearly half (0.58) of the first
decade of this study (1990-2006). In contrast, a downward
trend increased in the forest, causing this area to decrease by
roughly 1.72 times greater than in the first decade.

The results of the area change shown in Fig. 6 indicate
that the area of urbanized regions will expand by 2054. In
the next few years, we expect an increase of around 383.54
km? in the developed regions. As seen in Fig. 7, the findings
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Fig.6 Area change of land 50.0
cover classes from 2022 to 2054 ’
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of the spatial distribution show that all land cover classes
will show concentrated spatial distribution patterns, with
urban built-up land expanding to suburban areas and veg-
etation in the suburbs quickly converting into built-up land.

Overall, CA-Markov model results pointed to a decline in
ecologically significant land. In 2054, vegetation is forecast
to cover 45.77% of our research region, a drop of 43.69%
from its current distribution. These findings elucidated the
seriousness of habitat loss and landscape fragmentation in
the research area, both of which can disrupt habitat con-
nectivity and lead to a landscape mosaic of appropriate, less
suitable, and unsuitable habitat patches for species (Mumtaz
et al. 2020). The emergence of fewer optimal environments
for species establishment may enhance competition among
species. The rate at which different species migrate from one
location to another is predicted to be slow considerably due
to competition (Hu et al. 2021; Wahla et al. 2022). Some
endangered species may go extinct because of rising levels
of competition and falling rates of emigration. According to
previous research (Abdullahi and Pradhan 2018; Munthali
et al. 2020; Majeed et al. 2022), landscape changes will play
a significant influence in limiting the distribution areas of
species in the following decades, especially at a local scale
(Sayemuzzaman and Jha 2014) like our study area.

Even though the model employed in this work has shown
excellent simulated performance, there are still several
unknowns in future estimations of land cover classes. Before
anything else, it is worth noting that the land cover maps
from 2022, both actual and simulated, show some notice-
able changes. Results from LULC classification will indeed
affect the realism of simulated land cover changes (Arsanjani
et al. 2013). The categorized images are only partially accu-
rate, even though object-based SVM is a highly effective

@ Springer
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water

classification method for dealing with complex class distri-
butions (Fu et al. 2018; Yulianto et al. 2019). This misclas-
sification may be considered uncertainty in such research.

Second, numerous publications have criticized the form
of the contiguity filter employed in this work as an additional
source of uncertainty, as well as the need for suitable suit-
ability maps for modeling the land cover classes (Behera
et al. 2012). The realism of the simulated landscapes is sig-
nificantly affected by the suitability maps employed in this
research. They serve as guidelines for modeling, which is
why they are so important. The guidelines derived from the
various suitability maps might have wildly diverse impacts.
Additional study is needed to see how the forecasts change
when the suitability maps are modified.

Third, while this research did indicate that the Markov
chain analysis process is an efficient way to determine the
transition probability of landcover classes, the analysis
relied on the assumption that these probabilities would
remain constant over time. In other words, this model’s
projected future changes in land cover are constructed
from existing land cover patterns. Because the model can-
not evaluate the novel processes on land cover structures,
this problem introduces uncertainty in modeling land cover
changes. Our findings, for instance, reveal that the prob-
ability of a given land type’s transformation into an urban
area during the period 1990 — 2022, and the subsequent
land changes modeled based on this data, was relatively
high. A new urban planning methodology, critical recon-
struction, was thus applied in these regions (Arsanjani
et al. 2012; Aburas et al. 2017). After 1990, this policy’s
execution resulted in the rapid transformation of numerous
rural areas (including agricultural lands) into new indus-
trial and urban centers (Fan et al. 2008). This meant that in
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the East (including our study area), the likelihood of mov-
ing from undeveloped to developed areas was exception-
ally high. However, most of these shifts have concluded at
this point, and the possibility of further urbanization (the
probability of a region becoming developed) is expected
to drop dramatically over the next few years.

The SDGs (11 and 15) goal represents sustainable cit-
ies and to promote sustainable management of all types of
forests by 2022, restore degraded forests, and substantially
increase global reforestation. Combined with the actual
situation of the study area and the availability of all remote
sensing and ancillary data, this study developed SDGs 11
and 15 using the lane change transfer map for simplifica-
tion. Modeling and monitoring the land uses allow deci-
sion-makers and residents to visualize and compare the
potential impacts of land use change at a neighborhood,
community, and regional level. Finally, there is much room
for error in predicting how the landscape will change due
to natural disasters (like fires and floods), the effects of
climate change, changes in managerial perspective, and the
inherent uncertainty of using simulation models.

71°360"E

71042'0"L

Conclusion

According to our research findings, combining Geographic
Information Systems and Remote Sensing, and land
change modeling provides a better understanding of the
future potential outcomes and patterns that the landscape
may experience. The simulated future land cover maps
have the potential to act as an early warning system for
comprehending the effects that will be caused by changes
in land cover in the future. This is necessary because natu-
ral lands are deteriorating. Finally, these important results
have implications for land cover planning as a whole. To
better balance the growth of urban areas with the preserva-
tion of ecological environments, they aid local authorities
(policy makers, urban planners, natural resources manag-
ers, and land cover management organizations) in better
comprehending a complex land cover system and devel-
oping improved land cover management. This method
should be empirically repeated, and additional compara-
tive research should be conducted to establish whether the
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patterns of projected landscape changes are unique to the
area that is the focus of our investigation.
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