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Abstract: The main aim of this study is to comprehensively analyze the dynamics of land use
and land cover (LULC) changes in the Bathinda region of Punjab, India, encompassing historical,
current, and future trends. To forecast future LULC, the Cellular Automaton–Markov Chain (CA)
based on artificial neural network (ANN) concepts was used using cartographic variables such as
environmental, economic, and cultural. For segmenting LULC, the study used a combination of ML
models, such as support vector machine (SVM) and Maximum Likelihood Classifier (MLC). The study
is empirical in nature, and it employs quantitative analyses to shed light on LULC variations through
time. The result indicates that the barren land is expected to shrink from 55.2 km2 in 1990 to 5.6 km2

in 2050, signifying better land management or increasing human activity. Vegetative expanses, on
the other hand, are expected to rise from 81.3 km2 in 1990 to 205.6 km2 in 2050, reflecting a balance
between urbanization and ecological conservation. Agricultural fields are expected to increase from
2597.4 km2 in 1990 to 2859.6 km2 in 2020 before stabilizing at 2898.4 km2 in 2050. Water landscapes
are expected to shrink from 13.4 km2 in 1990 to 5.6 km2 in 2050, providing possible issues for water
resources. Wetland regions are expected to decrease, thus complicating irrigation and groundwater
reservoir sustainability. These findings are confirmed by strong statistical indices, with this study’s
high kappa coefficients of Kno (0.97), Kstandard (0.95), and Klocation (0.97) indicating a reasonable
level of accuracy in CA prediction. From the result of the F1 score, a significant issue was found in
MLC for segmenting vegetation, and the issue was resolved in SVM classification. The findings of
this study can be used to inform land use policy and plans for sustainable development in the region
and beyond.

Keywords: land use; land cover; sustainable development; CA–Markov model; kappa coefficient;
future forecasting

1. Introduction

When people build more houses and roads in a place, they change the land and the
living things on it. This can cause problems for the environment, the animals, the plants,
and the people who need them [1,2]. One place where this is happening is Bathinda District
in Punjab, India. This place has grown significantly because of factories, roads, and more
people [3,4]. These changes have made some farmlands into cities [5], which means less
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food and money for farmers. Also, some animals and plants have lost their homes [6], and
some natural areas have been broken into smaller pieces [7,8]. This makes it harder for
them to survive and be healthy. These problems are bad for the environment and the people
who live there. To solve these problems, we need to know how the land has changed and
how it will change. We can use computers to look at images of the land from space and
to guess what will happen next based on different things. These techniques can help us
learn more about the land and how to use it better for the environment and the people in
Bathinda District and other places.

We need to use land better, so we can avoid the problems of building more houses and
roads and changing the land. We need to find a way that is good for the money, nature, and
the people [9,10]. By employing scientific models and spatial analysis techniques, planners
can evaluate the potential consequences of land use changes, identify critical areas for
conservation, and guide land use decision-making processes [11,12]. This means we must
decide what land is good for different things, like houses, farms, factories, or nature [13,14].
We also need to consider how these things affect money, nature, and people [13,14]. We
want to use the land to have enough space for everything we need and want [15]. This
can help us make a better future for ourselves and the world [16,17]. This comes under
sustainable and balanced development.

Sustainable and balanced development means ensuring we can meet our needs today
without hurting the needs of tomorrow [18]. It means finding a balance between growing
the economy, protecting the environment, and improving people’s lives [19]. It also means
respecting the rights and choices of different people and groups [20]. Sustainable and
balanced development is important because it can help us solve many problems we face
today, such as poverty, hunger, pollution, climate change, and inequality [21]. It can also
help us create a more peaceful and fairer world for everyone [22]. This is what the Food
and Agriculture Organization (FAO) says. They have four main ideas for using sustainable
development: making good rules and providing support; listening to the people who use
the land and working with them; using natural resources together on farms and in nature;
and having different people and groups work together at all levels—land users, experts,
and decision-makers [23]. Integrated approaches that combine land suitability analysis [18],
multi-criteria decision-making [24], and participatory processes have been adopted to
develop sustainable land use plans [25]. These approaches facilitate the identification of
suitable land for different purposes, minimizing conflicts and maximizing synergies among
various land use types [26].

Apart from these, we can use different tools to help us plan how to use land better.
One of these tools is called GIS, which stands for geographic information system. GIS can
put together, look at, and show different information about the land. Another tool is called
remote sensing, which can show us coordinate added images having multiple bands of
the land from space or the air. These images are taken by satellites or planes that have
cameras and sensors. Remote sensing and GIS can work together to tell us what is on the
land and how it is used. They can also help us find the best places for different things on
the land and see how it has changed over time. Many people have used these tools to study
how to use land better. One of the methods in this tool is called the CA–Markov model.
The CA–Markov model uses three methods to predict future land use changes: cellular
automata, ANN, and Markov chain [27].

The CA–Markov model is a good tool for simulating and predicting land use changes [28].
It can help us make better decisions, watch how the land changes over time, and see how
these changes affect the environment and the people [29]. The CA–Markov model uses
cellular automata to show how the land changes based on what is around it and the Markov
chain to show how likely it is for the land to change from one type to another [30]. The
CA–Markov model also uses pictures of the land from space or the air, information about
the land, and information about the people to project what the land will look like in the
future and compare different options for using the land [31]. The CA–Markov model is
important for planning how to use land better for a balanced development [28]. This tool
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shows how the land changes over space and time and how the past and present affect
the future.

Other models that have been utilized in urban landscape studies include the mul-
tivariate statistical approach, artificial neural network (ANN) algorithm, support vector
machine (SVM) technique, geographically weighted regression, and the sleuth model [32].
Fuzzy-logic-based methods, adaptive neuro-fuzzy inference systems, group method of
data handling (GMDH), gene expression programming, and least square support vector
machines have also been widely used to build suitability data for land use modeling [33].
These models and techniques can be used with remote sensing and GIS data to monitor
and predict land use and land cover changes, providing valuable information for sus-
tainable land use planning. Several contemporary real-life case studies of sustainability
and uncertainty use the CA–Markov model and other machine-learning models (Table 1).
A study on land use and land cover (LULC) changes in the northern coastal districts of
Tamil Nadu, India, was conducted to analyze the change using the CA–Markov chain
model [34]. The analysis of LULC changes and LULC projections for the region between
2009–2019 and 2019–2030 was performed utilizing Google Earth Engine (GEE), TerrSet,
and Geographical Information System (GIS) tools. LULC image is generated from Landsat
images and classified in GEE using Random Forest (RF). LULC maps were then framed
with the CA–Markov model to forecast future LULC changes.

Table 1. The advantages and disadvantages of the applied CA–Markov methodology based on the lit-
erature review, along with a comparison of the CA–Markov methodology and similar methodologies.

Aspect CA–Markov Methodology Similar Methodologies

Advantages

Spatially Explicit Modeling Effectively captures how places
change and connect.

Shows how places change but
might miss some connections.

Integration of Remote Sensing
and GIS

Uses real-time land data and
maps for analysis.

Relies on maps but might not
include the latest data.

Capturing Historical Patterns Looks at how places changed
before to predict the future.

Might not use past changes,
leading to less accurate

predictions.

Decision-Making Support Helps with making choices,
checking impacts, and watching.

Provides decision-making insights
but might not offer long-term

projections.
Disadvantages

Complexity
Requires skilled expertise in both

cellular automata and Markov
modeling.

Some simpler methods might lack
the predictive power of

CA–Markov.

Data Intensiveness
Demands reliable input data,

including socio-economic and
land cover data.

Simpler models might be less
data-intensive but provide less

accurate results.

Transition Probabilities
Relies on accurate transition
probabilities, which can be

challenging to estimate.

Some methods might assume
equal transition probabilities,
leading to oversimplification.

Comparison

Hybrid Model Mixes cellular automata and
Markov chain for details.

Similar methods might lean
towards one approach, missing
the holistic view of CA–Markov.

Spatial-Temporal Dynamics
Accounts for historical patterns

and spatial interactions for future
projections.

Other methods might not consider
both spatial and temporal

dynamics comprehensively.

Prediction Accuracy
High predictive power due to
data integration and complex

modeling.

Other methods might provide
accurate predictions but lack the

complexity of CA–Markov.

Data Integration
Incorporates remote sensing, GIS,

and socio-economic data for
comprehensive modeling.

Similar methods might not
effectively integrate multiple data

sources.

A study on land use change with an integrated CA–Markov model was conducted to
assess the uncertainties in modeling land use change. The land use system is a complex
natural system with dynamic and uncertain spatio-temporal characteristics affected by
social, political, and natural factors. Significant land use changes have occurred due
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to human activities, mainly by changing natural ecosystems into agricultural areas [35].
Another study presents a sustainable urban water management model under uncertainty.
The study aims to develop a planning approach for systematic decision-making and pay
attention to investment water demand management and supply investment uncertainties.
A multi-objective optimization model is presented to manage water resources based on
the balance of supply and demand. The model’s objectives include economic, social, and
environmental (sustainable development) factors. Using a scenario tree, the model achieves
an optimal urban water portfolio [36].

This research hypothesizes that the application of the CA–Markov model in sustain-
able land use planning in the Bathinda District, Punjab, India, will contribute to achieving
balanced development by providing accurate predictions and simulations of future land use
patterns, facilitating informed decision-making processes, and supporting the formulation
of effective land use policies and strategies. Furthermore, the study seeks to add knowledge
on the applicability and robustness of hybrid models like CA–Markov in predicting LULC
changes. The gap in the above research is that no one specifies and discusses the role of
future prediction land cover can contribute to sustainable and balanced development in
any region. By comparing the effectiveness of ML models such as Maximum Likelihood
Classifier (MLC) and support vector machine (SVM) classification methods, the study aims
to provide insights into the most reliable techniques for LULC mapping using Landsat
satellite imagery. This research situates itself at the convergence of remote sensing technol-
ogy, land use science, and sustainable development. The anticipated findings significantly
contribute to LULC studies, specifically in regions undergoing rapid land use changes.
Given the global scale and implications of LULC changes, this research aims to contribute
to our shared understanding and management of the Earth’s surface.

2. Materials and Methods
2.1. Study Area

Bathinda, also known as Bathinda, is one of the oldest cities in Punjab, located in the
northern region of India (Figure 1). Spread across an area of approximately 3350 square
kilometers, Bathinda district is geographically situated at 30.2000◦ N latitude and 74.9500◦ E
longitude. The district is surrounded by Faridkot to the North, Muktsar to the West, Barnala
and Mansa to the East, and the Sirsa district of Haryana state to the South. The district is
named after its headquarters, Bathinda, one of Asia’s largest railway junctions. The district
has a varied topography characterized by an alluvial plain with sandy soil. This area is
predominantly flat, with a gradual slope from Northeast to Southwest, allowing the rivers
in the region to flow in the same direction. The district of Bathinda is known for its rich
agricultural productivity, thanks to the extensive irrigation facilities available, making it
aptly referred to as the “Cotton Belt of India”. The primary crops grown here include cotton,
rice, wheat, and vegetables. Several industries, including cotton ginning and pressing fac-
tories, thermal power plants, sugar mills, and fertilizer factories, complement the district’s
agricultural productivity. Moreover, Bathinda is home to one of the biggest oil refineries in
South Asia. The study focuses on the Bathinda District due to its rapid urbanization, yet
alternative case study locations warrant consideration for broader insights. Feasible alter-
natives include Jaipur, Chittagong, and Lima, each offering unique urbanization challenges.
Bathinda’s selection as a case study presents key advantages. Rich data availability on
land cover changes and socio-economic factors bolsters the study’s empirical foundation.
Diverse dynamics, encompassing industrialization, population growth, and agriculture,
provide a multifaceted landscape for analysis. The study’s local relevance aligns with
India’s urbanization concerns. Addressing issues like water resource management and
urban-environmental balance is pertinent within the Bathinda context. While enhancing
local relevance, the Bathinda case study’s findings may have limited generalizability due
to region-specific complexities. Exploring alternative case study locations can provide a
broader perspective on the efficacy and transferability of methodologies employed, espe-
cially the CA–Markov model. To bridge this gap, the study should outline the strengths and
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limitations of the Bathinda case study. Additionally, it should highlight the implications of
this choice on research scope, findings, and utility in other regions. Discussing challenges
and opportunities tied to alternative case study locations will underscore the approach’s
alignment with broader objectives. This comprehensive approach ensures a well-rounded
assessment of outcomes and their broader implications.
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2.2. Data and Software Used

Four multi-temporal satellite data were used for modeling and prediction of the
land use land cover. The satellite images of the years 1990, 2000, and 2010 of Landsat 5
Thematic Mapper (TM) and 2020 of Landsat 8 Operational Land Imager (OLI) [37] are
downloaded from the United States Geological Survey (USGS) website. Table 2 provides
a comprehensive overview of the satellite data utilized in the context of this study. The
data of SRTM DEM [38] is downloaded from the website of NASA Earth data with a spatial
resolution of 30 m and was used to derive the Slope, Aspect, and Elevation map. All the
software and packages used in the study are given in Table 3.

Table 2. Details of the satellite data collected.

Satellite Data

Satellite Image Sensor Path/Row Cloud Cover Spatial
Resolution Acquisition Date

Landsat 5 TM 148/39 0.00 30 m 9 March 1990
Landsat 5 TM 148/39 0.00 30 m 17 February 2000
Landsat 5 TM 148/39 0.03 30 m 12 February 2010
Landsat 8 OLI-TIRS 148/39 0.26 30 m, Pan–15 m 24 February 2020



Earth 2023, 4 733

Table 3. The software and packages used for specific needs and methodologies.

Software/Package Purpose

ArcGIS 10.5 Geographic Information System (GIS) for
spatial data analysis

QGIS 3.2 Geographic Information System (GIS) with
Molusce plugin for CA Markov analysis

Google Earth Engine A platform for geospatial data analysis
and visualization

Remote Sensing Data Utilized satellite imagery for land cover and
change detection

Maximum Likelihood Classifier (MLC) Employed for land cover classification

Support Vector Machine (SVM) Used for land cover classification and analysis

Cellular Automaton–Markov Model Framework for simulating and predicting land
use changes

Multi-Criteria Decision-Making Applied for land suitability analysis

Python Calculating F1 Score and Significant Issue

The vector layers of Road and Railway are downloaded from the Diva GIS (https://
www.diva-gis.org/ (accessed on 31 March 2022)) and OSM (https://www.openstreetmap.
org/export (accessed on 11 September 2023)) websites. The layers of Distance to the road,
distance to the railway, and distance to the stream are used as future prediction variable
maps along with digital elevation data. All the variable maps are aligned geometrically
for further prediction analysis. Due to their dynamic nature, these layers will probably
incorporate uncertainties in predicting the area in future LULC scenarios. In the current
study, the region is small; hence, the small uncertainties in the estimation are manageable
when the study is on the management and sustainable development of the region. The
dataset for variables taken in the current study is presented in Table 4, and the methodology
used for the future prediction study is shown in Figure 2.

Table 4. Details of the secondary data collected.

Variables Map Data

Data Source Map

1 Road Layer Open Street Map Distance to Road
2 Railway layer Diva GIS Distance to Railway
3 DEM ASTER NASA Earth Data Distance to Stream
4 DEM SRTM NASA Earth Data Slope Map
5 DEM SRTM NASA Earth Data Aspect Map
6 DEM SRTM NASA Earth Data Elevation Map

2.3. Preprocessing of Data

Satellite data obtained from the USGS for 1990, 2000, 2010, and 2020 required pre-
processing. Firstly, these images were geometrically corrected, ensuring each pixel was
aligned correctly with its geographical position on the Earth’s surface. This step is im-
portant because any misalignment can cause errors in subsequent analyses. Then, the
radiometric correction was performed on these images to adjust for sensor irregularities
and atmospheric conditions. Each image was then resampled to a uniform spatial resolu-
tion of 30 m for consistency. The Shuttle Radar Topography Mission (SRTM) DEM data
was downloaded from NASA Earth data (https://earthexplorer.usgs.gov/ (accessed on 11
September 2023)). It was first resampled to a uniform spatial resolution of 30 m to match the
satellite data. Subsequently, the DEM was used to derive the slope, aspect, and elevation
maps. These maps were then resampled and projected into the same coordinate system as

https://www.diva-gis.org/
https://www.diva-gis.org/
https://www.openstreetmap.org/export
https://www.openstreetmap.org/export
https://earthexplorer.usgs.gov/
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the satellite images. The vector layers for road and railway networks were downloaded
from Diva GIS and OSM. As these vector data sets can have varying levels of detail and may
not be aligned with the raster datasets, a conversion was carried out. They were rasterized
and resampled to the same spatial resolution (30 m) to match the satellite data. The distance
to the road, the railway, and the stream layers were computed using these rasterized maps.
After pre-processing each dataset, they were all integrated into a single GIS database. Each
data layer was registered and georeferenced to the same coordinate system to ensure they
aligned correctly. The final step in the pre-processing stage involved a thorough check to
ensure that all the data layers were correctly aligned and that there were no missing data
or anomalies. This step ensures the reliability and accuracy of subsequent analyses and
model predictions.
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2.4. Classification

In the present study, we performed two types of supervised classification to compare
and check which one had high accuracy and choose the best one to perform the future
prediction analysis. They are as follows.

2.4.1. Maximum Likelihood Classifier

The Maximum Likelihood Classifier is a popular approach for classifying images [30].
Based on the likelihood of their spectral values, it categorizes pixels or objects into several
classifications. With the help of the Maximum Likelihood Classifier, we generated four
different years of Land use land cover maps, 1990, 2000, 2010, and 2020, from the Landsat
satellite data. It is a statistical technique that categorizes pixels or features according to
the likelihood that each property belongs to a certain class. Using statistical models, the
classifier calculates the likelihood that a pixel or feature belongs to each class. Given the
class distribution parameters, it determines the probability of the observed attribute values.
The pixel or feature being categorized is given the class with the highest probability. The
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properties of each class are presumed to follow a certain probability distribution, often
a multivariate normal distribution, by the Maximum Likelihood Classifier. Maximum
likelihood classification is implemented by calculating the following discriminant functions
for each pixel in the image (Equation (1)):

gi(x) = −1/2 ln|Σi| − 1/2 (x − µi)
T Σi

−1(x − µi) + lnP(Ci) (1)

where, ln is the natural logarithm, |Σi| is the determinant of the covariance matrix Σi of
class I, µi is the mean vector of class I, x is the feature vector of the pixel being classified, T
denotes the transpose of a matrix or vector, Σi

−1 is the inverse of the covariance matrix Σi
of class I, P(Ci) is the prior probability of class i

2.4.2. Support Vector Machine Classifier

Support vector machines (SVM) [39] is a powerful machine learning algorithm for
classification and regression tasks. In my research work, we generated 1990, 2000, 2010, and
2020 LULC maps with the help of a Support Vector Machine Classifier and used them for
future prediction Land use Land cover maps for 2030 and 2050. Because SVM offers effective
handling of non-linear relationships between input features and land cover classes by using
the kernel trick. This technique enables SVM to efficiently handle high-dimensional data
by relying on support vectors, a subset of training samples. By incorporating class weights
or cost-sensitive learning techniques, SVM can address imbalanced class distributions and
prevent bias toward majority classes. SVM can be a good choice for LULC mapping; it is
important to evaluate and compare its performance with other classifiers.

LULC mapping often involves high-dimensional data, such as remote sensing imagery.
SVM efficiently handles such data by relying on support vectors, avoiding overfitting, and
being computationally efficient. It can also handle imbalanced class distributions using
class weights or cost-sensitive learning techniques.

2.5. Accuracy Assessment

In our study, we employed the Kappa coefficient [40] method to perform the accuracy
assessment of both the supervised classification image techniques. The confusion matrix
will have rows and columns representing the different land use classes. The overall accuracy
is calculated by taking the sum of the correctly classified pixels (diagonal elements in the
confusion matrix) and dividing it by the total number of sampled pixels. Producer’s
accuracy and the user’s accuracy are also useful measures.

The formula for user accuracy is

User Accuracy = (Number of correctly classified samples for a specific
class/Total number of samples classified as that class) × 100

The formula for producer accuracy is

Producer Accuracy = (Number of correctly classified samples for a
specific class/Total number of ground truth samples of that class) × 100

The disparity between the actual agreement and the change agreement is often ad-
dressed using the Kappa coefficient to enhance the comprehension of the confusion matrix.
Kappa’s coefficient is a more sophisticated measure of accuracy that considers the possibil-
ity of correctly classifying a pixel purely by chance. The Kappa coefficient was computed
as (Equation (2)):

∼
k =

N ∑r
i=1 Xii∑r

i=i(Xi+ × X+i)

N2 − ∑r
i=i(Xi+ × X+i)

(2)

The formula given is for the Kappa coefficient, where ‘r’ represents the number of
rows (or classes), ‘Xii’ is the compute in the cell for its column and row, ‘Xi+’ is the overall
of its row, ‘X+i’ is the overall of its column, and ‘N’ is the whole number of pixels sampled.
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At last, the F1-score was calculated, which is a balanced metric for evaluating classifi-
cation models. It combines precision (correct positive predictions) and recall (capturing
actual positives) into a single value. This is helpful when handling imbalanced data or
when both false positives and false negatives matter. The F1-score is the harmonic mean of
precision and recall, providing an overall measure of accuracy.

The F1-score is the harmonic mean of precision and recall, providing a balance between
these two metrics. The distinctive features of the F1 score have been discussed in the
literature [41,42]. It is calculated using the formula (Equation (3)):

F1 = 2 × Precision × Recall/Precision + Recall (3)

The significant issue was calculated after the F1 Score. Significant issues in classi-
fication models refer to important problems affecting performance. They include low
accuracy, imbalanced classes (leading to biased predictions), misclassification of specific
classes, poor sensitivity or specificity, performance changes over time, and domain-specific
concerns. Addressing these issues involves refining models, improving features, adjusting
hyperparameters, and ensuring data quality to enhance predictive reliability.

2.6. CA–Markov Model for Land Use Change Prediction

This study adopted the CA–Markov model with the MOLUSCE module embedded
in the QGIS software version 2.8.3. The integration of MOLUSCE further enhanced the
model’s predictive capabilities by incorporating multiple criteria for evaluating the suit-
ability of different LULC types. Once the data are collected, the CA–Markov model is
calibrated and validated using historical land use data for a specific period. The historical
land use data are used to estimate the transition probabilities between different land use
categories. The model is adjusted to match the observed land use changes during calibra-
tion. This calibration process ensures that the model accurately captures the historical land
use dynamics in the Bathinda District.

The simulated land use patterns are compared to the observed land use patterns
for a different period to validate the model. This validation step assesses the accuracy
and reliability of the CA–Markov model in predicting land use changes. If the model
produces satisfactory results during the validation phase, it can be considered a reliable
tool for projecting future land use patterns. Once the CA–Markov model is calibrated and
validated, it can be used to simulate future land use scenarios in the Bathinda District. The
model projects how land use categories will likely change over time by considering the
historical land use dynamics. The simulation provides insights into the potential impacts
of different land use scenarios on the district’s sustainability, allowing decision-makers to
evaluate the consequences of alternative land use policies and interventions.

3. Results
3.1. Predicting the Best Classifier

For all four years, 1990, 2000, 2010, and 2020, confusion matrices of the signatures
acquired from supervised classification training using ML (Table 5) and SVM (Table 6)
classifier table are shown below.

In Table 7, “Significant Issue” indicates whether a class has a significant issue based
on its F1 score. Here are the predictions. In MLC, significant issues are predicted for Class
2 (Vegetation) due to its low F1 score, indicating potential misclassification issues. In SVM,
no significant issues are predicted for any class based on the F1 scores, as all F1 scores are
relatively high. The significance of an issue depends on the application context and the
specific goals of your classification model.

The result maps of the land use of both classifiers are validated by generating the
standard random sampling points and are crosschecked by using Google Earth Pro. Then,
the accuracy is recorded for all the classes in the tabular form (confusion matrix) for every
year. The accuracy is calculated as how much accuracy is available in each class and
each year map. The results are noted in tabular form. After analyzing the accuracy of
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the images of both classifiers, we concluded that the maps generated using the support
vector classifiers (OA = 82.3%) have more accuracy than those generated using Maximum
Likelihood Classifiers (OA = 93%).

Table 5. The classification accuracy for ML classifier on all years of LULC.

Reference Data

1990 LULC 2000 LULC 2010 LULC 2020 LULC

LULC Classes
User

Accuracy
(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

Barren land 80 80 70 78 70 63 80 80

Vegetation, class 60 60 60 50 70 78 60 67

Agriculture 83 83 86 82 76 88 84 75

Waterbody 60 100 80 89 90 90 100 100

Wetland 60 75 40 100 40 100 90 100

build-up area 90 65 80 100 70 39 80 100

Fallow land 77 67 80 50 70 54 80 73

Kappa
index 0.69 0.68 0.64 0.78

Overall
Accuracy 75.5% 75.2% 71% 82.3%

Table 6. Accuracy assessement for SVM classifier.

Reference Data

1990
LULC

2000
LULC

2010
LULC

2020
LULC

LULC Classes
User

Accuracy
(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

User
Accuracy

(%)

Producer
Accuracy

(%)

Vegetation 80 89 90 100 90 100 100 83
Agriculture 90 100 100 100 100 83 90 100
Waterbody 92 81 92 92 92 96 95 95

Wetland 80 100 90 100 100 100 100 100
build-up area 100 100 90 100 70 100 90 90
Fallow land 80 100 80 73 90 75 70 100

Kappa 90 75 90 75 90 82 100 83
index 0.85 0.88 0.88 0.91

Overall 88.5% 91% 91% 93%

Table 7. F1 scores for two cases, along with the class labels and meanings, followed by predictions of
significant issues based on the F1 scores.

Class Label F1 Score (MLC) F1 Score (SVM) Significant
Issue (MLC)

Significant
Issue (MLC)

Barren land 0.8000 0.9071 No No
Vegetation 0.6331 0.9474 Yes No
Agriculture 0.7925 0.9500 No No
Waterbody 1.0000 1.0000 No No

Wetland 0.9474 0.9000 No No
Build-up area 0.8889 0.8235 No No
Fallow land 0.7634 0.9071 No No



Earth 2023, 4 738

3.2. Land Use and Land Cover Change 1990–2020

The land uses land cover generated by supervised classification using the support
vector machine classifier and prepared land use land cover maps of the years 1990, 2000,
2010, and 2020 (Figure 3). The most striking observation is the continuous decrease of
barren and fallow land over the years (Table 8). Barren land has declined from 1.63% in
1990 to 0.52% in 2020, while fallow land has seen a more substantial decrease, from 14.7%
in 1990 to 5% in 2020. This may suggest effective land use planning and management or
increased human activity and development (Table A1, Figure A1).

1 
 

 

Figure 3. LULC 1990, 2000, 2010, 2020 Maps, classified using support vector machine (SVM) classifier.

Table 8. The area and percentage-wise classification of LULC using SVM from 1990 to 2020.

Changes LULC 1990 to 2020

Classs Name
LULC
1990
Area

LULC
2000
Area

LULC
2010
Area

LULC
2020
Area

Km2 % Km2 % Km2 % Km2 %

Barren land 55.2 1.63 45 1.32 32.5 0.96 17.7 0.52

Vegetation 81.3 2.40 91.4 2.7 93 2.7 123.2 3.6

Agriculture 2597.4 76.7 2872.1 84.8 2886.6 85.2 2859.6 84.4

Waterbody 13.4 0.39 11.4 0.33 9.8 0.28 8.1 0.23

Wetland 2.9 0.08 5.2 0.15 5 0.14 2.3 0.06

Build up 136.4 4.0 155.8 4.6 170.3 5 203.2 6.0

Fallow land 498.2 14.7 204 6.0 187.6 5.5 171 5
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Simultaneously, built-up land has consistently increased over the same period, rising
from 4% in 1990 to 6% in 2020. This could reflect population growth, urbanization, and
industrial development, which often demand expanded built-up areas. Interestingly, the
percentage of agricultural land initially increased from 76.7% in 1990 to 85.2% in 2010 but
slightly decreased to 84.4% by 2020.

3.3. Land Use Transformation

Figure 4 represents land use and land cover (LULC) transformations from 1990 to 2020.
It shows how different land classes have transformed into one another during this time
period. Let us discuss the key findings and implications of these transformations:
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3.3.1. Barren Land to Other Classes

Barren land has transformed into various land classes, including vegetation, agricul-
ture, water bodies, wetlands, and built-up areas. The most significant transformation is
from barren land to agriculture, with 18,864 pixels (16.98 sq km) transformed, indicating an
expansion of agricultural activities. Transformation into built-up areas is also substantial,
with 17,159 pixels (15.44 sq km) converted. This signifies urbanization and infrastructure
development. Transformation into fallow land (4743 pixels, 4.27 sq km) may suggest
unused land or undergoing recovery.

3.3.2. Vegetation to Other Classes

Vegetation has transformed into multiple classes, the most prominent being agricul-
ture (38,026 pixels, 34.22 sq km) and built-up areas (21,048 pixels, 18.94 sq km). These
transformations indicate the conversion of natural vegetation into agricultural land and
urban areas, potentially driven by population growth and economic activities.
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3.3.3. Agriculture to Other Classes

Agriculture has transformed into various categories, substantially converting into
built-up areas (59,574 pixels, 53.62 sq km). This transformation highlights urban expansion
and the conversion of agricultural land for non-agricultural purposes.

3.3.4. Waterbody to Other Classes

Water bodies have transformed into built-up areas (4594 pixels, 4.13 sq km) and agricul-
ture (5570 pixels, 5.01 sq km), indicating land reclamation and infrastructure development.

3.3.5. Wetland to Other Classes

Wetlands have transformed, especially into built-up areas (1386 pixels, 1.25 sq km),
which may raise concerns about ecological preservation and potential environmental impacts.

3.3.6. Build Up to Other Classes

Built-up areas have transformed into agriculture (41,808 pixels, 37.63 sq km) and
vegetation (11,176 pixels, 10.06 sq km), signifying urban sprawl and potential agricultural
abandonment in urban areas.

3.3.7. Fallow Land to Other Classes

Fallow land has seen a significant transformation into agriculture (402,350 pixels,
362.12 sq km), suggesting intensive agricultural activities or reclamation of previously
unused land.

3.4. Variables Map

In the current study, we used variable maps (Figure 5), which help us predict future
land use land cover changes and can work as the driving factors. Using variable maps
such as distance to road, distance to stream, distance to railway, elevation, aspect, and
slope is a common approach in land use land cover (LULC) future prediction studies.
These variables provide valuable information about the landscape’s topographic and
transportation characteristics, which can influence land cover changes. Its results herein
are unnecessary as it is a part of the work used for the current study.

3.5. Predicting of Future LULC

In the present study of land use land cover future prediction, we generated the land use
land cover for 2030 and 2050 (Figure 6) using the CA–Markov model. The land uses land
cover generated by supervised classification using the support vector machine classifier
and prepared land use land cover maps of the years 1990, 2000, 2010, and 2020. The LULC
maps of 2010 and 2020 are used to generate the land use prediction map for 2030, and the
maps of 1990 and 2020 are used to generate the land use prediction map for the year 2050.

We can observe the predicted LULC classes and the changes in land use patterns
over the years in the future (Table 9). In the predicted map of 2030, we can observe that
agriculture is going to cover over 84.7% of the Bathinda district, covering 2870.3 km2,
and with a built-up area of over 6.56% of the district covering 215.5 km2 remaining, all
the land use classes, such as barren land, vegetation, waterbody, wetland, and fallow
land are occupies a small area of 0.46 percent with 15.8 km2, 3.90 percent with 132.2 km2,
0.22 percent with 7.7 km2, 0.06 percent with 2.1 km2, 4.1 percent with 141 km2 respectively.
We can notice from Table 9 that the agriculture and build-up area will increase from the
year 2020, and the rest of the land use patterns will decrease to a greater extent.

In the predicted map of the year 2050 (Figure 6), we can observe that agriculture is
going to cover over 85.6 percent of the Bathinda district, covering 2898.4 km2, and with the
built-up area of over 6.95 percent of the district covering 235.3 remaining all the land use
classes such as barren land, vegetation, waterbody, wetland, and fallow land are occupies
a small area of 0.33 percent with 11.3 km2, 4.6 percent with 158.5 km2, 0.16 percent with
5.6 km2, 0.02 percent with 0.68 km2, 2.19 percent with 74.3 km2, respectively. We can
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notice from Table 9 that the area of agriculture, build-up area, and vegetation is going to
increase from the year 2030, and the rest of the land use patterns are going to decrease to a
greater extent.
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3.6. Model Validation

CA–Markov model was validated by comparing the observed and simulated LULC
maps for 2020 (Figure 7), resulting in derived Kno, Kstandard, Klocation, and Kquantity values.
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Moreover, the kappa variations Kno (0.97), Kstandard (0.95), and Klocation (0.97) in this study
indicated a satisfactory level of accuracy.

Earth 2023, 12, x FOR PEER REVIEW 16 of 26 
 

We can observe the predicted LULC classes and the changes in land use patterns over 
the years in the future (Table 9). In the predicted map of 2030, we can observe that agri-
culture is going to cover over 84.7% of the Bathinda district, covering 2870.3 km2, and with 
a built-up area of over 6.56% of the district covering 215.5 km2 remaining, all the land use 
classes, such as barren land, vegetation, waterbody, wetland, and fallow land are occupies 
a small area of 0.46 percent with 15.8 km2, 3.90 percent with 132.2 km2, 0.22 percent with 
7.7 km2, 0.06 percent with 2.1 km2, 4.1 percent with 141 km2 respectively. We can notice 
from Table 9 that the agriculture and build-up area will increase from the year 2020, and 
the rest of the land use patterns will decrease to a greater extent. 

In the predicted map of the year 2050 (Figure 6), we can observe that agriculture is 
going to cover over 85.6 percent of the Bathinda district, covering 2898.4 km2, and with 
the built-up area of over 6.95 percent of the district covering 235.3 remaining all the land 
use classes such as barren land, vegetation, waterbody, wetland, and fallow land are oc-
cupies a small area of 0.33 percent with 11.3 km2, 4.6 percent with 158.5 km2, 0.16 percent 
with 5.6 km2, 0.02 percent with 0.68 km2, 2.19 percent with 74.3 km2, respectively. We can 
notice from Table 9 that the area of agriculture, build-up area, and vegetation is going to 
increase from the year 2030, and the rest of the land use patterns are going to decrease to 
a greater extent.  

 
Figure 6. Predicted LULC map of 2030 and 2050. 

Table 9. Area and percentage of predicted LULC 2030 and 2050. 

LULC Classes 
LULC 2030 Predicted Area LULC 2050 Predicted Area 

Km2 % Km2 % 
1 Barren land 15.8 0.46 11.3 0.33 
2 Vegetation 132.2 3.90 158.5 4.6 
3 Agriculture 2870.3 84.7 2898.4 85.6 
4 Waterbody 7.7 0.22 5.6 0.16 
5 Wetland 2.1 0.06 0.68 0.02 
6 Build up 215.5 6.56 235.3 6.95 
7 Fallow land 141 4.1 74.3 2.19 
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Table 9. Area and percentage of predicted LULC 2030 and 2050.

LULC Classes
LULC 2030 Predicted Area LULC 2050 Predicted Area

Km2 % Km2 %

1 Barren land 15.8 0.46 11.3 0.33
2 Vegetation 132.2 3.90 158.5 4.6
3 Agriculture 2870.3 84.7 2898.4 85.6
4 Waterbody 7.7 0.22 5.6 0.16
5 Wetland 2.1 0.06 0.68 0.02
6 Build up 215.5 6.56 235.3 6.95
7 Fallow land 141 4.1 74.3 2.19
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4. Discussion

Land use and land cover (LULC) changes are important indicators of a region’s envi-
ronmental and socioeconomic transformations. Bathinda, one of the fastest-growing cities
in Punjab and India, has experienced significant LULC changes in the past three decades
due to rapid urbanization and industrialization. Rathore et al. (2019) [43] published a
report on India’s future scenario of industrialization and urbanization and its impact on
environmental sustainability. This report shows that trends in India’s energy sector un-
derscore the significance of urbanization and industrialization as key drivers. While the
COVID-19 pandemic has introduced uncertainties, these drivers remain pivotal. The urban
population is projected to grow by 270 million by 2040, necessitating substantial infras-
tructure development and energy-intensive building materials. This expansion prompts
increased demand for steel and cement, reflecting the energy requirements of construction.
Urbanization also prompts a shift in household energy use towards electricity due to rising
appliance ownership and air conditioning demand. However, despite policy initiatives,
transportation demand, driven by urbanization, leads to congestion and increased oil
consumption.

For the change of land use landcover pattern of the region, The transportation such as
railways and roadway networks plays a major role as the expansion of the cities and major
settlements are more focused in the areas with good transport feasibility as it supports for
the growth and development of cities and movement of the goods and services, besides the
drainage facilities such as the canals and rivers also have their role in determining the land
use pattern as from the ancient times settlements are mostly established near the rivers
and water available regions as the agriculture also depended on water availability of the
region, the slope, elevation and aspect factors have their weightage as the areas highly
elevated from ground level tend to have low population and the areas with slopes cannot
have much infrastructure and development as compared to the plain regions, the soil type
parameter have no much effect on the urban growth or the land use change as soil type
or fertile soil can only enhance the agriculture production but not a growth factor for the
urban expansion or development. Other than these, all the remaining parameters directly
or indirectly depend on or are based on these main parameters only.

Our study finds similar dynamics in land use changes within the Bathinda District. The
results of this study showed that the urban area increased from 13.4 km2 in 1990 to 96.8 km2

in 2050, indicating a high demand for land for residential, commercial, and industrial
purposes. The rapid urbanization and industrialization observed in India resonate with
our study’s increased built-up land and industrial expansion. The surge in energy demand
from urbanization and industrial growth aligns with our findings of shifts in land use
patterns requiring careful energy management strategies. Similarly, our study emphasizes
the role of informed decision-making and policy implementations for sustainable land
use planning. This finding is consistent with the general trend of urbanization in India,
which is driven by factors such as population growth, economic development, migration,
infrastructure, and policy [44]. Urbanization can have positive impacts, such as improved
income, employment, education, health care, and infrastructure, but also negative impacts,
such as loss of agricultural land, depletion of water resources, pollution of air, water, and
soil, degradation of biodiversity, generation of waste, congestion of traffic, and inequality
of income and access [45]. The results also showed that the barren land decreased from
55.2 km2 in 1990 to 5.6 km2 in 2050, implying better land management or increasing human
activity. Barren land is usually unproductive and prone to soil erosion and desertification.
Reducing barren land can enhance soil quality and fertility, increase water retention and
infiltration, and prevent land degradation. Converting barren land to other LULC classes
may also have trade-offs, such as loss of natural habitats, alteration of hydrological cycles,
and emission of greenhouse gases. The statement above draws on some general knowledge
about the characteristics and impacts of barren land, which can be found in various sources
such as [46,47].
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The results showed that the vegetation area increased from 81.3 km2 in 1990 to
205.6 km2 in 2050, reflecting a balance between urbanization and ecological conserva-
tion. Vegetation includes forests, grasslands, shrubs, and wetlands that provide various
ecosystem services such as carbon sequestration, oxygen production, climate regulation,
biodiversity conservation, soil protection, water purification, flood control, recreation, and
tourism. Increasing vegetation areas can enhance the environmental quality and resilience
of Bathinda. However, vegetation may also face threats from urban expansion, agricultural
intensification, climate change, invasive species, fire, and pests. The finding is consistent
with the general pattern of vegetation recovery in India, which is driven by various fac-
tors such as afforestation programs, land use policies, rural-urban migration, agricultural
modernization, and market forces. Vegetation recovery can have positive impacts such as
mitigating climate change, enhancing biodiversity, improving soil health, reducing water
stress, and providing livelihood opportunities. Vegetation recovery can also have trade-
offs, such as displacing local communities, increasing human-wildlife conflicts, altering
hydrological cycles, and introducing exotic species.

The finding has important implications for the sustainable development and man-
agement of land resources in Bathinda and its surroundings. On the one hand, increasing
vegetation area can contribute to the achievement of several Sustainable Development
Goals (SDGs), such as SDG 13 (Climate Action), SDG 15 (Life on Land), and SDG 17
(Partnerships for the Goals). On the other hand, increasing vegetation area can also pose
challenges for the implementation of other SDGs such as SDG 1 (No Poverty), SDG 2 (Zero
Hunger), and SDG 11 (Sustainable Cities and Communities). Therefore, there is a need for
integrated and adaptive approaches that can balance the multiple objectives and interests
of different stakeholders in land use and land cover changes in Bathinda. The results finally
showed that the agriculture area increased from 2597.4 km2 in 1990 to 2859.6 km2 in 2020,
then stabilized at 2898.4 km2 in 2050. Agriculture is the main livelihood source for most
of Bathinda’s rural population. It contributes to food security, income generation, and
employment opportunities. Increasing agriculture areas can meet the growing demand for
food and other agricultural products due to population growth and urbanization. However,
agriculture may also have negative impacts on the environment, such as loss of natural
habitats, depletion of water resources, pollution of air, water, and soil, degradation of
biodiversity, generation of waste, and emission of greenhouse gases.

The finding is consistent with the general trend of agricultural expansion in India,
which is driven by factors such as population growth, economic development, food security,
poverty alleviation, and policy support [48]. Agriculture accounts for about 17.5% of India’s
GDP and employs about 41.49% of its workforce [49]. India ranks second in the world in
terms of net cropped area and first in gross cropped area 5. India is also one of the leading
producers and consumers of various agricultural commodities such as cereals, pulses,
oilseeds, fruits, vegetables, milk, eggs, meat, and fish. Increasing agriculture areas can
enhance the productivity and profitability of farming and improve the population’s food
security and nutrition status. Agriculture may also have trade-offs with the environment
and sustainability. Agriculture is one of the major consumers of water resources in India,
accounting for about 80% of the total water use. Agriculture is also one of the major sources
of water pollution due to the use of fertilizers, pesticides, and animal wastes. Agriculture
is also one of the major contributors to greenhouse gas emissions in India, accounting
for about 18% of the total emissions. Agriculture is also one of the major causes of land
degradation in India, affecting about 120 million hectares or 36% of the total land area.
Agriculture is also one of the major drivers of biodiversity loss in India, leading to habitat
fragmentation, invasion of alien species, overexploitation of resources, and genetic erosion.

The study found that the water landscapes, which include rivers, canals, ponds,
lakes, and reservoirs, are expected to shrink from 13.4 km2 in 1990 to 5.6 km2 in 2050,
providing possible issues for water resources. The study also found that the wetlands,
which are a subset of water landscapes that support aquatic vegetation and wildlife, are
predicted to decline from 3.4 km2 in 1990 to 1.6 km2 in 2050. The finding is consistent with
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the general trend of water scarcity and degradation in India, driven by various factors
such as population growth, urbanization, industrialization, agriculture, climate change,
and pollution [50]. Water is vital for human health, food security, energy production,
and ecosystem services. India has about 4% of the world’s freshwater resources but
supports about 18% of the world’s population [50]. India’s per capita water availability
has declined from 1816 cubic meters in 2001 to 1545 cubic meters in 2011 and is projected
to further decline to 1140 cubic meters by 2050. India’s water quality is also deteriorating
due to untreated domestic and industrial effluents, agricultural runoff, and solid waste
being discharged into the water bodies [51]. The finding has important implications
for the sustainable development and management of water resources and wetlands in
Bathinda and its surroundings. On one hand, shrinking water landscapes and wetlands
can pose challenges for meeting the growing demand for water for various purposes such
as drinking, irrigation, industry, and recreation. Shrinking water landscapes and wetlands
can also affect the hydrological cycle, groundwater recharge, flood control, soil erosion,
climate regulation, biodiversity conservation, and cultural values. On the other hand,
shrinking water landscapes and wetlands can also provide opportunities for improving
the efficiency and equity of water use and allocation, enhancing the quality and quantity
of water resources, restoring and protecting the ecological functions and services of water
landscapes and wetlands, and promoting integrated water resources management.

Therefore, there is a need for sustainable management of agriculture area changes
in Bathinda and its surroundings. On the one hand, increasing the agriculture area can
support the livelihoods and well-being of millions of farmers and consumers in Bathinda.
On the other hand, increasing agricultural area can also pose challenges for the conservation
and restoration of natural resources and ecosystems in Bathinda. Some of the possible
measures that can be taken are adopting climate-smart agriculture practices that can en-
hance productivity, adaptation, and mitigation; promoting organic farming and integrated
pest management that can reduce chemical inputs and pollution; improving irrigation
efficiency and water harvesting that can save water and prevent salinization; implementing
soil health cards and nutrient management that can improve soil quality and fertility; diver-
sifying crops and livestock that can increase income and resilience; enhancing agroforestry
and agro-biodiversity that can provide multiple benefits; strengthening farmer producer
organizations and cooperatives that can improve market access and bargaining power; and
monitoring and evaluating the agriculture area changes using remote sensing and GIS tools.
The finding has important implications for Bathinda’s environmental and social aspects
and surroundings. On one hand, urbanization and industrialization can bring positive
benefits such as increased income, employment, education, health care, and infrastructure.
On the other hand, urbanization and industrialization can also pose challenges such as
loss of agricultural land, depletion of water resources, pollution of air, water, and soil,
degradation of biodiversity, generation of waste, congestion of traffic, and inequality of
income and access. Therefore, there is a need for proper planning and management of
land use and land cover changes in Bathinda, considering the trade-offs between economic
growth and environmental sustainability.

The decrease in barren and fallow land over the years is a significant observation.
These changes may indicate effective land use planning and management or increased
human activity and development. Previous studies have highlighted the importance of land
management practices and interventions in reducing barren land and promoting sustainable
land use [52]. The increase in built-up land over the same period is noteworthy. This
upward trend reflects population growth, urbanization, and industrial development, often
driving the expansion of built-up areas. Numerous studies have documented the impact
of urbanization on land use change and the transformation of agricultural or natural land
into built-up areas [53]. The growth of built-up land emphasizes the need for careful land
use planning to ensure sustainable urban development and minimize the adverse effects
on the environment and natural resources. The percentage of agricultural land initially
increased from 76.7% in 1990 to 85.2% in 2010 but slightly decreased to 84.4% by 2020.
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This fluctuation could be attributed to various factors, including changes in agricultural
practices, land conversion, and urbanization. The transformation of agricultural land into
built-up areas is a common phenomenon driven by urban expansion and infrastructure
development [54]. However, it is crucial to balance urban growth and agricultural land
preservation to ensure food security and sustainable rural development [55]. By utilizing
tools such as the support vector machine classifier and generating land use land cover
maps, researchers and planners can monitor land use dynamics, identify areas of concern,
and inform policy interventions for sustainable land management [56].

Using variable maps in land use and land cover prediction allows researchers to
capture the spatial heterogeneity and diverse factors influencing land cover changes. By
considering variables such as distance to road, stream, and railway and terrain character-
istics like elevation, aspect, and slope, the model can better simulate the spatial patterns
of land use transitions and identify areas more prone to change. These variables provide
valuable information about the landscape’s physical and infrastructural characteristics,
which can guide land use planning and management strategies [57,58]. The variables taken
here are based on previous studies on this in other areas.

Future forecasts help identify the dominant land use classes and their changing pat-
terns over time. In the case of the Bathinda district, knowing that agriculture is predicted to
cover a significant portion of the land in 2030 provides important information for planners
to address the associated challenges and opportunities. It allows them to assess the impact
on agricultural practices, water resources, and other aspects of land management. The
forecast for 2030 indicates an increase in built-up areas, which can help guide infrastructure
planning and development. It enables planners to identify suitable locations for residential,
commercial, and industrial zones, considering transportation networks, utilities, and envi-
ronmental considerations. Sustainable infrastructure development can promote efficient
land use, reduce environmental impacts, and enhance the quality of life. With agriculture
covering a significant portion of the land, sustainable land use planning should consider
the need for a balance between agricultural and non-agricultural land uses. This may
involve identifying areas suitable for urban expansion, green spaces, conservation areas,
and infrastructure development while preserving fertile agricultural land. Future forecasts
can highlight potential vulnerabilities and risks associated with land use changes. Planners
can use this information to develop strategies for climate change adaptation, disaster risk
reduction, and resilience-building measures. The forecasted 2050 increase in agricultural
land and built-up areas indicates the direction of future land use changes. By recognizing
these trends in advance, policymakers and planners can proactively address the associated
challenges, such as urbanization pressures, agricultural intensification, and the need for
infrastructure development.

With agriculture covering a larger percentage of the land in 2050, managing the com-
petition between agricultural land use and other land uses becomes essential. Sustainable
land use planning can help identify strategies to balance agricultural productivity, ur-
ban development, ecological conservation, and natural resource management. It may
involve zoning regulations, protected areas, and promoting sustainable farming practices
to minimize negative environmental impacts. The projected depletion of water bodies and
wetlands highlights the importance of water resource management. Planners can use this
information to prioritize water conservation measures, implement efficient irrigation prac-
tices, and explore alternative water sources. Additionally, it may be necessary to consider
water management strategies that enhance resilience to future water scarcity challenges,
such as rainwater harvesting, groundwater recharge, and watershed management.

As mentioned in the forecast, the depletion of water bodies and wetlands can raise
concerns about irrigation and groundwater availability. Sustainable land use planning
can help address these challenges by integrating water management strategies, promoting
efficient water use in agriculture, and exploring sustainable water supply options. This
may involve collaboration with relevant stakeholders, such as farmers, water resource
authorities, and local communities, to develop and implement effective water management
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practices. From the predicted maps of 2030 and 2050, we can notice that the water body
and the wetland regions are going to be almost depleted, and that will contribute to a
small change in the rise of vegetation of the district, but to be noted that the water body
will be depleted after 2050. The region may face a serious problem with irrigation and
groundwater. Based on the obtained kappa values, the CA–Markov model proves suitable
for accurately predicting the future spatial and temporal dynamics of LULC in the studied
landscape [59]. Consequently, LULC change prediction models with 80% or higher accuracy
are typically considered highly reliable predictive tools [60]. The Kstandard value in this
study was slightly higher than those reported in other recent studies that employed the
CA–Markov model for LULC change simulations, such as 0.88 [61] and 0.83 [62]. Similarly,
the Kno value, which represents the overall accuracy of the simulated LULC maps, was
also higher than the values reported in the aforementioned studies. These results validate
the suitability and effectiveness of the current model in this study as the best fit. Although
the high value of accuracy here is region-specific, it can vary in other developed regions
where there is complexity.

Study Limitations and Future Work

This Study acknowledges certain limitations that influence the depth and scope of its
findings. The absence of high-resolution imagery for land use classification introduces a
potential constraint, as finer distinctions between land cover types are pivotal for accuracy.
Additionally, the exclusion of crucial variables such as climatic influences, atmospheric
pollution, and global atmospheric cycles like El Niño, La Niña, and the Inter-Tropical
Convergence Zone (ITCZ) events might limit the study’s ability to capture comprehensive
drivers of land use changes. Furthermore, while the Cellular Automaton–Markov (CA–
Markov) model is a robust predictive tool, its historical data-centric approach might not
encompass emerging trends or unforeseen developments that significantly influence land
use shifts. Integrating more advanced modeling techniques, such as Deep Learning (DL)
and AI, that account for socioeconomic, policy, and technological factors could augment the
study’s predictive accuracy and broaden its explanatory power. At last, global sensitivity
analysis should performed on each parameter to know their sensitivity in the future
prediction. Future research will focus on DL, global sensitivity analysis as suggested [63],
and uncertainty of multiple parameters that affect land use and land cover with respect to
DL. Further, we would like to collaborate with the scientist, researcher, and organization.

5. Conclusions

The findings of this study provide critical insights into the changing land use and land
cover (LULC) patterns within the Bathinda District. The notable decrease in barren and
fallow land and the substantial rise in built-up areas vividly reflect the district’s ongoing
urbanization and industrial expansion. These observations underscore the necessity for
strategic land use planning to ensure a balanced and sustainable trajectory for develop-
ment while mitigating potential environmental consequences. The nuanced variations in
agricultural land over the study period underline the complex interplay between evolving
agricultural practices and urban growth pressures. This dynamic calls for a carefully cal-
ibrated approach that harmonizes the objectives of preserving agricultural productivity
and facilitating urban expansion. The successful application of the CA–Markov model in
predicting LULC changes demonstrates its efficacy. However, enhancing the model with
high-resolution imagery and factoring in climatic influences would refine its predictive
precision and broaden its analytical scope. By introducing statistical analyses and incor-
porating variables like global atmospheric cycles, climatic conditions, and other relevant
statistics, a more comprehensive understanding of the underlying drivers behind the ob-
served LULC shifts can be achieved. This holistic perspective and integration of advanced
modeling techniques could catalyze more informed decision-making for balanced and
sustainable development. Ultimately, this study’s insights underscore the paramount im-
portance of equilibrium between urban expansion, agricultural preservation, and prudent
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resource management in the district’s evolving land use patterns. Armed with these in-
sights and empowered by sophisticated modeling tools, policymakers and planners are
better poised to guide the district’s development along a sustainable and resilient trajectory.
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Table A1. LULC areas of all four years of MLC classification images.

Area of MLC Classified LULC Classes

1990 LULC 2000 LULC 2010 LULC 2020 LULC

Classes Area
sq km

Area
(%)

Area
sq km

Area
(%)

Area
sq km

Area
(%)

Area
sq km

Area
(%)

1 Barren
land 29.5 0.87% 27.5 0.81% 19.4 0.57% 21.7 0.64%

2 Vegetation 215.3 6.30% 276.1 8.10% 178 5.25% 168.7 4.90%
3 Agriculture 2115.7 62% 2477.6 73.10% 2587 76.40% 2783.4 82.20%
4 Waterbody 7.4 0.21% 6.1 0.18% 7.6 0.22% 6.3 0.18%
5 Wetland 10.7 0.31% 17.7 0.55% 19.2 0.56% 19.1 0.58%
6 Build up 107 3.10% 114.9 3.30% 122.4 3.60% 224.8 6.60%

7 Fallow
land 899.4 26.50% 464.5 13.70% 451.7 13.30% 161 4.70%
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