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Abstract 

 The city of Latur in Maharashtra state, India, has been witnessing fast urbanization, which has 

caused extensive changes in the land use due to emerging education hub. This research employs an integrated 

approach that uses both remote sensing and Geographic Information Systems (GIS) in addition to Markov chain 

modeling to evaluate changes in land use in Latur city during the period 2017-2024 and forecast changes up to 

2033. Satellite imagery gathered by both Landsat and IRS satellites were used to map land use land cover which 

was in turn combined with GIS in order to assess land use land cover distributions and trends over time. A 

Markov chain model was subsequently applied to simulate land use transition and forecast future land use 

change. The findings indicate that the integrated methodology provided reasonable land use change predictions in 

Latur city; alongside a notable intensification of urban land cover, a notable decrease in agricultural land cover 

was observed. The research points out high conservation value areas and suggests land use practices to facilitate 

sustainable development so that urban expansion goes together with environmental measures and land 

transformation  

Keywords: Markov chain model, remote sensing, GIS, land use change analysis, Latur city, India, urbanization, 

sustainable development. 

Introduction 

Land cover Land use and land cover (LULC) data are a fundamental data set for urban 

planning, agricultural management, urban planning, and land conservation, which includes the 

physical features of the landscape, such as vegetation, hydrological characteristics, and built 

environments. This necessitated a reevaluation of land uses in many cities where planning is carried 

out to devise effective strategies for the future and which includes social, economic, and environmental 

dimensions to sustain natural resources leading to the relief of pressure on the ecosystem and social 

services (Alqahtany, 2023). 

Additionally, LULC change is a very consequential process that is important in inducing 

global environmental changes due to human activities. As such, natural and human factors, developing 

nations are experiencing unprecedented urbanization and LULC change. A national land use and land 

cover classification framework is suggested for implementation through the use of remote sensing 

data. This, in turn, facilitates decision-making processes that are reflected in the sustainable 

development of society (Rwanga, 2017). 

LULC information can be obtained from different modalities such as satellite data, low-

altitude aerial photography, and field surveys. An up-to-date nation, like a modern enterprise, requires 

detailed information about dozens of intricately interconnected facets of its activities to feed decision-

making. To create a balance between the conversion of rural lands to urban, forestlands to urban, and 

inter-regional urban growth, it is important to monitor the dynamics of current and future land use 

and land cover change (Wang et al., 2020). Data about land use is crucial when analyzing 

environmental processes and problems that need to be known in order to improve or sustain living 

conditions and standards at their present heights. Interest of researchers in different parts of the 

world. Studies to evaluate LULC dynamics and help in the creation of urban growth monitoring policy 

and strategy were done following the initiation of numerous modeling approaches in GIS and remote 

sensing technologies (Singh et al., 2022). 
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The monitoring of change in land use and land 

cover (LULC) is crucial in understanding urban growth 

dynamics. Urbanization has brought profound changes in 

land use and land cover change patterns. The main objective 

of the research is to map and examine changes in land use 

and land cover in urban areas using remote sensing and 

Geographic Information Systems (GIS) techniques. Studies 

to evaluate LULC dynamics and help in the creation of 

urban growth monitoring policy and strategy were done 

following the initiation of numerous modeling approaches in 

GIS and remote sensing technologies (Singh et al., 2022). 

Satellite images will be analyzed and processed 

using ArcGIS software. The area covered by urban sprawl, 

land degradation, and deforestation will be measured 

quantitatively based on the framework of this research 

project. An essential phase in the modeling process is the 

model’s calibration and validation for anticipating future 

change (Atulley, 2023).  Through this research, the 

comprehension of the basic dynamics involved in 

urbanization will be improved. Land use and land cover 

change detection is an important research area, especially in 

urban environments where development and land 

conversion have a profound impact on ecological processes, 

infrastructure, and the overall quality of life for residents. 

With the growth of urban populations, the pattern of land 

use is controlled by an interplay of variables, such as 

population expansion, economic growth, and regulatory 

mechanisms. To create a balance between the conversion of 

rural lands to urban, forestlands to urban, and inter-regional 

urban growth, it is important to monitor the dynamics of 

current and future land use and land cover change (Wang 

et al., 2020). 

  This project focuses on the identification of the 

changes in LULC in a given urban area through the use of 

ArcGIS, a cutting-edge geographic information system 

(GIS) software which allows spatial analysis and data 

visualization. Through the use of satellite imagery and high-

level analytical approaches, this research aims to discern and 

measure changes in land-use patterns across temporal 

timescales. Various methods and techniques have been 

established by researcher to analyze the performances of 

asynchronous manufacturing lines with finite buffers. 

Analytical methods are one of the developed solutions. 

Markov chain modeling is a statistical technique that can be 

applied to predict the likelihood of future change in land use 

based on past trends. The issue has also been addressed 

using a variety of geo-simulation techniques, including 

Markov chains, cellular automata, and multi-agent systems 

(Torrens, 2006). The situation of India, as regards 

magnitude of expansion of cities, has been one of high 

intensity, with a resulting very significant shift in land use, 

particularly in the case of mid-size cities. Its primary 

processes include classifier design, feature extraction and 

representation, and image data preparation 

(Palanivinayagam et al., 2023). 

Latur city, part of the Marathwada region of 

Maharashtra, is a good example. Originally classified as a 

rural settlement, nowadays it has become a developed urban 

agglomeration, marked by the rise of infrastructure, 

population, and economic activities. Geographic Information 

Systems (GIS) and remote sensing are vital techniques of 

identifying and monitoring changes in different land uses. 

They enable the formulation of appropriate measures for 

improved management of natural resources. By extraction 

of significant important pointers that facilitate formulating a 

map for forecasting future land use. This, in turn, enables 

decision-making procedures that are encapsulated in the 

sustainable development of society. Systematic observation 

and analysis of land use change are essential in 

comprehending the dynamics of urban expansion patterns, 

evaluating the environmental consequences, and 

formulating strategies toward sustainable development. 

While field surveys are vital in providing information, they 

are geographically constrained and time-consuming. 

Predictive modeling approaches have been given 

significant emphasis in recent decades in estimating future 

land use scenarios of these methodologies, Markov chain 

modeling has proven to be an effective statistical method for 

predicting future land use changes based on historical data. 

Markov Chains can simulate uncertainty in a variety of 

time-evolving real-world situations (Barbosa et al., 2022). 

This model employs the transition probability 

matrix constructed from past land use maps to predict the 

future probabilities of land conversion at different time 

intervals. The objective of this research is to examine the 

spatiotemporal land use change pattern of the city of Latur 

from 2017 to 2025 and to predict the land use scenario until 

the year 2033 with a framework involving the integration of 

remote sensing, GIS, and Markov chain modeling.  

Objective 

1. The goal is to create accurate land use land cove maps 

for the city of Latur using Landsat and IRS satellite 

data for 2017 and 2024.  

2. The research seeks to examine land use changes 

happening during the specific study period through 

Geographic Information System (GIS)-based 

techniques. 

3. To check simulation growth model 2033 
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Study Area 
 

 

Fig.1: Location map of the Study Area 
 

Latur city, located in the state of Maharashtra, India, is 

positioned at a latitude of 18.4088° N and a longitude of 

76.5604° E. The geographical context of Latur city 

encompasses an area characterized by gentle valleys and 

inclines. 

The urban center of Latur, situated within the 

state of Maharashtra, India, has undergone rapid 

transformations concerning urbanization and land 

utilization, thereby exemplifying the dynamic shifts in urban 

land use patterns. To facilitate accurate predictions 

regarding these transformations, it is imperative to possess 

the capability to discern these changes. The municipality of 

Latur is established in a landscape characterized by mild 

slopes and valleys, with an average elevation of 515 meters 

above sea level, indicative of a low-altitude environment. 

The climatic conditions of the region are classified as semi-

arid, with summers characterized as hot and winters as mild. 

The annual mean temperature fluctuates between 20°C and 

40°C. Latur is situated at a latitude of 18.39721° N and a 

longitude of 76.56784° E. The city serves as a significant 

hub for agriculture, emphasizing the cultivation of cotton, 

sugarcane, and oilseeds. Furthermore, Latur City boasts a 

diverse array of industries, including textiles, food 

processing, and engineering. The infrastructure of Latur 

City is well-developed, facilitating connectivity with major 

urban centers in both Maharashtra and India. The 

environmental repercussions of agricultural practices and 

urban expansion are noteworthy. The conversion of fertile 

agricultural land into urbanized zones due to urbanization 

results in a reduction of agricultural output and escalates 

food insecurity. Additionally, urbanization exacerbates soil 

degradation, leading to increased erosion diminished 

fertility, and heightened salinity, all of which adversely 

affect agricultural productivity. Rising temperatures also 

contribute to these challenges. 

Data & Methodology 

Data: 

The research adopts a scientific and holistic 

approach combining remote sensing. Geographic 

Information System (GIS) techniques, and Markov chain 

modeling for analysis and forecasting of land use/ land 

cover (LULC) changes in Latur city between the year 2017 

and the year 2033. The methodology follows in table no. 1 

some significant steps as discussed below:  

Table1. Data of satellite image used in this research 
 

Years Satellite Path/ Row Sensor type UTM Zone Resolution 

2017 Landsat Level-2 047/ OLI/TIRS 37 30 

2017 Landsat Level-2 048/ OLI/TIRS 37 30 

2024 Landsat Level-2 047/ OLI/TIRS 37 30 

2024 LandsatLevel-2 048/ OLI/TIRS 37 30 

                             Sources: https://landsat.usgs.gov/landsatlevel-2-satellite8(OLI/TIRS) 

Methodology:  

Methodological flowchart for this consists of two main steps: (i) Object-oriented classification; (ii) Prediction of land use 

change based on Markov model (Fig.2)  
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Fig.2    Research methodological flow chart 

The present study used four satellite images taken 

8 years intervals from 2017 to 2024 to examine the 

dyanmics of LULC change Figar 3,4. The dataset consisted 

of Landsat TM imagery for 2014, Landsat ETM imagery 

for 2024. In this study, was the sources of the Landsat 

images that were collected. Table 1 lists the various satellite 

images dataset utilized in research. The modeling process 

for simulating land transitions in Greece was that described 

in Eastman (2016). 

As illustrated in this study was conducted using 

ArcGIS 10.8 software to process the Landsat data sets for 

LULC changes. All computations, i.e. the land cover image 

analysis as well as the training, testing, and verification of 

LCM was conducted within the Land Change Modeler 

incorporated in Terrset: Geospatial Monitoring and 

Modeling System (Eastman 2016).  The Markov approach 

explains the quantification of transformation states between 

various land use types and the amount of transfer between 

different land use categories. Four forecasts are made in this 

article on imminent variations in land use and land cover: 

(1) Mapping gains and losses across different land cover 

classes over two successive periods, change analysis gives a 

simple measurable change (Dubayah et al., 2010). (2) 

Transition potential pinpoints the change-related area. Land 

cover alterations can be alienated into sub-models if the 

fundamental causes of each transition are the same (Maciej 

Serda et al., 2013).  

The Markov approach explains the quantification 

of transformation states between various land use types and 

the amount of transfer between different land use categories. 

Geographic research commonly employs a predictive 

method that is not associated with any subsequent effects 

and has become a significant tool for predicting future 

geographical characteristics  

Change Detection Analysis (2017 To 2024) 

The 2017 and 2024 classified images are compared 

to examine land use changes over time: Post-Classification 

Comparison: Change matrices are generated to quantify 

conversions (e.g., agriculture to urban). Spatial Analysis: 

Change maps are generated using ArcGIS to map areas of 

expansion and contraction. 
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Land Use Land Cover Data 2017 Classified Data: Table. 

2 
 

Category Square Kilometer Feature 

1 233.7136000 Waterbody 

2 2110.4486000 Built up area 

3 2026.1342000 Barren land 

4 1041.1719000 Agricultural 

5 1041.1718000 Fellow land 

6 137.0109000 Quary Mining 

Land Use Land Cover 2017 Classified data Convert to 

Percentage (%) Table. 3 
 

Category Square Kilometer Features Percentage (%) 

1 233.7136 Waterbody 3.39% 

2 2110.4486 Built up area 30.60% 

3 2026.1342 Barren land 29.37% 

4 1041.1719 Agricultural 15.09% 

5 1041.1718 Fellow land 19.56% 

6 137.0109 Quary Mining 1.89% 

 

 
Fig. 3 Land Use Land Cover Latur 2017 

Land Cover Land Use Data 2024 Classified Data: 

Table.4 
 

Category Square Kilometers Features 

1 303.83000 Waterbody 

2 2126.78000 Built up area 

3 330.7861000 Barran Land 

4 3200.8039000 Agricultural 

5 3265.3340000 Fallow Land 

6 86.5332000 Quary Mining 

Land Use Land Cover 2024 Classified data Convert to 

Percentage (%) Table.5 
 

Category Area (sq. km) Features Percentage (%) 

1 303.83 Waterbody 4.17% 

2 2126.78 Built up area 32.18% 

3 330.7861 Barren land 18.66% 

4 3200.8039 Agricultural 13.68% 

5 3265.3340 Fallow land 29.21% 

6 86.5332 Quary Mining 2.11% 
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Fig. 4. Land Use Land Cover Latur 2024 

Data Analysis Prossiger: 

I have obtained data derived from the Landsat 2 

satellite imagery (Sources: 

https://landsat.usgs.gov/landsatlevel-2-satellite8 

(OLI/TIRS)). Subsequently, I employed the ERDAS 

software to import the aforementioned data, transforming 

the tiff format into the img format, and subsequently 

generated layer-stacked images through mosaic processing 

of the satellite imagery. Thereafter, I utilized ArcGIS 

software to integrate the requisite tools for the conversion 

of mosaic data—commencing the procedure by selecting the 

ArcToolbox, navigating to the Spatial Analysis Tool, and 

employing the Extraction Tool to extract the Shapefile 

(.shp). I proceeded to convert the delineated area through 

on-screen digitization of the study area. I incorporated the 

Shapefile and executed the digitization of the study area, 

applying the polygon cutting tool available within the 

software. Subsequently, I accessed the ArcToolbox once 

more and utilized the Raster to Polygon tool for the 

conversion of the digitized data. 

  Following this, I employed IDRISI software for 

the execution of predictive data analysis. Upon importing 

the data, I selected Software Specific formats and opted for 

ERDAS conversion to transform the study area into an RST 

file for integration into IDRISI software. After 

incorporating the rst data, I accessed the metadata, leading 

to a pop-up window in which I categorized and added 

columns for: 1. Waterbody, 2. Built-up area, 3. Barren land, 

4. Agriculture, 5. Fallow Land, 6. Mining. Subsequently, I 

navigated to the Modeling tool, selecting the 

Environmental/Simulation Model, which prompted the 

opening of the Markov window—there I incorporated two 

land cover images: the initial land cover image from 2017 

and the subsequent land cover image from 2024, generating 

the output. 

I then specified the temporal interval between the 

initial and subsequent land cover images as seven years and 

configured the background cell option to assign equal 

probabilities prior to executing the process. The result 

yielded probabilities for changes among the various classes. 

Subsequently, I selected the CA Markov—utilizing Cellular 

Automata/Markov Change Prediction—by incorporating 

the basin land cover image and integrating the Markov 

transition areas file, subsequently amalgamating the area 
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probabilities, which culminated in the land cover projection. 

Finally, I defined the number of cellular automata iterations 

to seven years before commencing the process for execution. 

Markov Chain Analysis:  

Land use and land change process is defined by its 

dynamic character and involves the impact of many factors; 

as such, the prediction of the future prospects poses a 

daunting task because of the variability of the various 

affecting features. The use of the integrated cellular 

automata Markov chain model (CA Markov) proves to be an 

appropriate methodological framework because of its ability 

to handle a multitude of affecting attributes. The Markov 

chain is then developed according to the level of 

transformation seen through past records, using a set of 

probability values that explain the chances of changes in 

user interfaces through time. It is theoretically possible for a 

certain region of the globe to go from one land use category 

to another at any moment (Azzari & Lobell, 2017; Zhang 

et al., 2021). 

Markov chain analysis is used to examine all 

changes in land use among all distinct groups that are 

accessible to represent land uses. In the past three decades, 

the Markov chain model has become more widely used for a 

variety of LULC research due to its accuracy and 

dependability (Fan et al., 2008). 

Transition probabilities of varied land use 

interactions within various temporal contexts are evaluated 

using the Cellular Automata Markov model. These 

transitions allow for one or several Land uses to spatially 

dominate against others. This approach uses a matrix-based 

representation to express the temporal changes in the 

region, thus predicting the number of pixels that will 

change from one land use classification to another. In the 

past three decades, the Markov chain model has become 

more widely used for a variety of LULC research due to its 

accuracy and dependability (Fan et al., 2008). 

Results and Discussion: 

Land Use/Land Cover Classification (2017 AND 2024) 

In the past three decades, the Markov chain model 

has become more widely used for a variety of LULC 

research due to its accuracy and dependability (Fan et al., 

2008). The classified satellite images of the years 2017 and 

2024 were divided into six broad LULC classes: Water 

bodies, Built -up area, Barran land, Agricultural, Fellow 

land, Mining.  

  Built-up area refers to intensively used land for 

urban infrastructure in which most of the land is occupied 

by buildings or development. It covers cities, villages, roads, 

industrial areas, and institutional areas. 

 Barren land refers to terrain characterized by a 

paucity of vegetation and a diminished capacity to sustain 

life, often composed of sand, rock, or a thin layer of soil. 

Vegetative growth is infrequent and typically manifests only 

transiently following significant precipitation.  

 Other Agricultural Land encompasses features 

such as farmsteads, corrals, irrigation ditches, and small 

ponds that facilitate agricultural practices while occupying a 

limited spatial extent. These elements are frequently 

challenging to identify in aerial imagery and are usually 

categorized alongside adjacent agricultural regions in 

cartographic representations. 

C. A Markov Chain Model  

Cellular automata (CA)-based models are spatially 

explicit models (SEM) that operate on the basic principle 

that the future state of a land cover type is influenced by 

past local interactions between various land covers (Rwanga 

and Ndambuki, 2017). The CA-Markov Model combines the 

cellular automaton's spatial dependencies with the Markov 

model's temporal depend enciesand this is achieved by 

integrating the transition rules of the CA with the 

transition probabilities of the Markov Model (Supriatna et 

al.,2022; Asif et al.,2023). 

It calculates the extent of change, the results from 

transition matrices, and cellular automata (CA); spatially 

distributing these changes based on the transition matrices.  

The Markov process uses transition probabilities to manage 

the temporal dynamics between occupancy categories. Local 

rules control the spatial dynamics through a cellular 

automata (CA) mechanism, which considers either the 

neighborhood configuration or the transition probabilities 

(Ouadif et al., 2023). The Land Change Modeler (LCM) 

module in the TerrSet software is built to examine changes 

in land use and land cover and forecast possible future 

changes (Mishra et al., 2014).  

Markov Chain Model Change Detection Map (2033): 

Table.5 
 

Category Square Kilometer Features 

1 340.36000 Waterbody 

2 2629.91000 Built up area 

3 1511.57000 Barran land 

4 1065.66000 Agricultural 

5 1370.03000 Fellow land 

6 257.69000 Quar Mining 

Land Use Land Cover 2017 Classified data Convert to 

Percentage (%) Table 6 
 

Category Area (sq. km) Features Percentage (%) 

1 340.36 Waterbody 4.72% 

2 2629.91 Built up area 36.48% 

3 1511.57 Barren land 20.97% 

4 1065.66 Agricultural 14.79% 

5 1370.03 Fallow land 19.17% 

6 257.69 Quarry Mining 3.61% 
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Fig.5 Simulations Growth Model Latur 2033 

Land Use Land Cover Predication Area in Square Kilometer Precatange (%) 2017, 2024 & 2033 Table 7 
 

 
 

Fig.6 Markov Chain Model Land Use Land Cover 2017, 2024 & 2023 Predicted Clustered Column 

Conclusion:  

The paper describes a systematic evaluation of 

land use/land cover (LULC) transitions in the city of Latur 

during the period 2017-2024 and forecasted future land use 

trends up to 2033 based on Markov chain modeling 

technique supported by remote sensing and GIS techniques. 

Here is a three-paragraph conclusion derived from your 

land use percentage data for the years 2017, 2024, and 2033: 

Urban Expansion and Infrastructure Development 

from 2017 to 2033, the built-up area experienced a notable 

escalation from 30.60% to 36.48%, signifying a pronounced 

trend of urbanization and the advancement of infrastructure. 

This trajectory implies a continuous development of 

residential, commercial, and industrial sectors, likely 

propelled by demographic growth and economic dynamics. 

Such a transformation underscores a robust transition 

toward urban land utilization, potentially encroaching upon 

natural ecosystems and agricultural landscape. 

Shifts in Land Utilization: Although the coverage 

of water bodies has incrementally increased from 3.39% in 

2017 to 4.72% in 2033, possibly reflecting initiatives aimed 

at water resource preservation or the establishment of 

reservoirs, the category of barren land exhibits a variable 

yet ultimately diminished figure—declining from 29.37% to 

20.97%. This phenomenon may be attributed to land 

reclamation endeavors or the repurposing of barren land 

into more productive applications, such as agricultural or 

urban infrastructure. In contrast, the agricultural sector 

remains comparatively stable, exhibiting a slight decrease 

followed by recovery, which indicates enduring, albeit 

stressed, zones of food production. 

 Land Use Rebalancing and Environmental 

Implications: Fallow land registers a significant apex in 

2024 (29.21%) before diminishing to 19.17% by 2033, 

implying temporary alterations in cultivation cycles or land 

rendered idle due to evolving agricultural methodologies. 

The consistent ascent in mining activities—from 1.89% to 

3.61%—indicates an escalation in resource extraction, which 

may pose environmental and ecological repercussions if not 

governed with sustainability in mind. Collectively, the land 

use patterns delineate a dynamic reallocation of resources, 

highlighting developmental priorities and the imperative for 

equitable land management strategies to secure both 

environmental integrity and economic viability. 

Features 2017 (%) 2024 (%) 2033 (%) 

Waterbody 3.39% 4.17% 4.72% 

Built up area 30.60% 32.18% 36.48% 

 Barran Land 29.37% 18.66% 20.97% 

  Agricultural 15.09% 13.68% 14.79% 

Fellow land 19.56% 29.21% 19.17% 

Quarry Mining 1.89% 2.11% 3.61% 
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The research confirms the efficacy of integrating 

remote sensing, GIS, and Markov modeling as a decision-

support system for land use planning. It also illustrates how 

predictive modeling can assist policymakers in projecting 

future urban growth patterns. 
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