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Abstract 

Mumbai, India’s economic hub, continues to grow due to its strategic location, robust infrastructure, and 

thriving economy. This rapid development, driven by nationwide migration, is transforming resource rich land 

into urban spaces. Understanding past land transformations and predicting future urban growth is crucial for 

sustainable planning. This study analyses Land Use and Land Cover (LULC) changes in Mumbai using multi-

temporal Landsat data (1990, 2000, 2010, and 2020) and forecasts changes for 2030 and 2040. Supervised 

classification techniques Support Vector Machine (SVM), Random Forest (RF), and Maximum Likelihood 

Classifier (MLC) were applied. SVM outperformed by achieving 95.63% overall accuracy and a Kappa 

coefficient of 0.92, and thus used for future predictions. A Python-based Cellular Automata–Markov Chain 

(CA-MC) model was developed using multiple inputs to simulate future land transformations. The model was 

validated by predicting 2020 LULC and comparing it to actual classified data, achieving 95.24% accuracy. 

Results show a steady rise in urban land from 2000 to 2020, accompanied by notable declines in water bodies, 

water vegetation, dense vegetation, and barren land. Urban areas currently cover 45.83% of the 654.20 km² 

study area, projected to increase to 47.25% by 2030 and 55.84% by 2040. Between 2000 and 2020, water 

bodies declined by 16.80%, dense vegetation by 11.26%, and barren land by 37.29%. Urban expansion 

originated in South Mumbai and continues northward, converting natural landscapes into built-up areas. These 

insights support data-driven urban and environmental planning. 
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1. Introduction 

Over recent decades, urbanization has surged, 

resulting in more than half of the global population 

residing in urban areas. This upward trend is 

projected to persist, with urban residents having 

increased from about one-third in 1950 to a 

forecasted two-thirds by 2050. Meanwhile, the 

world's population currently nearing 8 billion is 

expected to climb to approximately 9.7 billion by the 

middle of the century [1]. Most of this population is 

migrating from the regions like rural to urban in 

search of employment, causing a gradual increase in 

urban population density. Achieving sustainable 

progress requires effective administration of urban 

growth to develop sustainable cities worldwide [2]. 

 

The swift expansion of cities alongside increasing 

population growth have led to significant 

environmental degradation, causing issues such as 

land degradation, deteriorating water quality, 

deforestation, and various forms of pollution, 

including air, noise, dust, and thermal pollution. 

These pollutants have diverse effects on human 

health [3]. Additional challenges include managing 

solid and hazardous waste, addressing housing needs, 

and protecting human health [4]. A crucial factor 

contributing to environmental decline is the alteration 

of natural landscapes, especially the replacement of 

green spaces with urban developments. This change 

amplifies the urban heat island (UHI) phenomenon, 

increasing thermal discomfort within urban areas [5].  
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Understanding land cover referring to the Earth's 

physical surface features and land use how humans 

utilize and alter these areas is crucial for accurate 

environmental monitoring and related fields [6]. In 

LULC changes, the concept of land cover describes 

the land with natural resources including vegetation, 

water bodies, and forests. Whereas land uses refer to 

how humans utilize the land for activities like 

agriculture, conservation, construction, and 

industrialization [7]. Changes in LULC involve the 

transformation of land from one state to another. 

Analyzing LULC dynamics presents a significant 

challenge but plays an important role in supporting 

informed decision making [8]. 

With advancements in the space industry and the 

increasing accessibility of both free and commercial 

satellite imagery, it has become more feasible to 

analyze these images to study spatio-temporal 

variations in LULC, commonly known as land 

transformation. Conducting such analysis is crucial 

for tracking transformations in land surfaces over 

time, offering key insights into environmental 

changes, urban growth, deforestation, and other 

landscape alterations [9]. A key challenge in satellite 

imaging is image classification. A range of methods, 

such as ANN, machine learning, and deep learning, 

are employed to address this challenge. Remotely 

sensed images often exhibit intricate and diverse 

patterns, along with rich spatio-temporal spectral 

data, which necessitate advanced processing 

methods. These methods are extensively used in 

remote sensing for applications like LULC mapping, 

environmental data retrieval, data integration, 

resolution enhancement, and predictive analysis [10]. 

Various machine learning approaches, including 

both supervised and unsupervised techniques, are 

widely applied in LULC classification using remote 

sensing imagery. Popular unsupervised methods 

include K-means, ISODATA (Iterative Self-

Organizing Data Analysis), Fuzzy C-means, and self-

organizing maps (SOM). Among supervised 

approaches, commonly used classifiers are the 

maximum likelihood classifier (MLC), k-nearest 

neighbor (kNN), Mahalanobis distance, 

Parallelepiped, minimum distance classifier, support 

vector machines (SVM), and Random Forest (RF) 

[11] and [12]. As per the previous research for LULC 

classification SVM is one of the best methods used 

by many researchers [13]. After performing LULC 

classification, predicting LULC changes has 

garnered significant interest among researchers. 

Various approaches have been utilized to predict 

future changes in LULC, such as multi-layer 

perceptron’s, linear regression techniques, cellular 

automata, Markov chain models, regression trees, 

and artificial neural networks. These techniques 

assist in examining spatial and temporal trends, 

leading to more accurate forecasts of land use 

dynamics.[14]. 

In India, various studies have utilized predictive 

modeling techniques to analyze LULC changes [15]. 

For instance, in Uttar Pradesh an artificial neural 

network (ANN) method integrated with QGIS 

revealed projected urban built-up area increases of 

14.7% by 2019, 15.7% by 2022, and 18.68% by 

2031[16]. In Tamil Nadu's Bhavani Basin, the QGIS 

MOLUSCE plugin and MLP-ANN predicted 

significant increases in grass land (20 km²) and built-

up areas (10 km²) by 2025 and 2030 [17]. In Ranchi, 

the Markov transition matrix validated against the 

original LULC of 2015 [18]. Meanwhile, in Varanasi 

district, to predict LULC changes for the year 2015, 

three hybrid models stochastic Markov chain (ST-

MC), cellular automata-Markov chain (CA-MC), and 

multi-layer perceptron-Markov chain (MLP-MC) 

were evaluated using data from 1988 and 2001[19]. 

In India, Mumbai is a highly urbanized and 

economically significant city. However, there has 

been a very less research is conducted on its urban 

dynamics in the past. Previous studies on the Mumbai 

Metropolitan Region (MMR) have utilized MLPNN-

MCM models with TerrSet software to predict LULC 

changes [20]. However, these studies mainly focus 

on the broader MMR, which includes Mumbai city 

and its suburbs, without dedicated research 

specifically analysing LULC transformation in the 

city centre. Furthermore, studies indicate that the 

UHI effect has intensified in the past few decades due 

to transformation in LULC across MMR [5]. Future 

urbanization is expected to further modify the city's 

microclimate, potentially exacerbating the UHI 

effect and influencing local weather patterns [21]. 

Previous studies have largely overlooked the 

evolving dynamics of Mumbai’s city center, leaving 

a notable gap in the research. Despite being one of 

India’s most densely populated and economically 

vital cities, with over 20 million residents [22], most 

prediction models have concentrated on suburban 

areas [20]. In contrast, the city center already highly 

urbanized has been largely overlooked. Regions like 

Sanjay Gandhi National Park and the coastal zones 

are particularly vulnerable to future environmental 

pressures. Ensuring sustainable development in this 

core region, while preserving environmental quality, 

quality of life, and overall well-being, is essential. 

Yet, the specific patterns and challenges of central 

urbanization remain underexplored. Therefore, 

comprehensive analysis and accurate forecasting of 

urban growth in the city center are vital for effective 

planning and policy-making.   
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Secondly, according to the studies, software tools 

such as QGIS or TerrSet plugins is commonly 

applied to predicting LULC changes. Most of the 

research have relied on existing software plugins to 

forecast future LULC transformations. As far as the 

authors are aware, this study is the first to design and 

apply a CA-MC model using multi-input variable 

specifically for the city center of Mumbai. This was 

achieved by developing a custom model using 

Python software, rather than relying on pre-existing 

tools. 

This study sets out to accomplish the following 

primary objectives: (i) This study investigates 

changes in LULC between 2000 and 2020 using 

satellite imagery and supervised classification 

technique, (ii) to predict LULC trends for 2030 and 

2040 by utilizing the CA-MC model, (iii) to evaluate 

spatial and temporal transformations over the last 

thirty decades and the anticipated transformation in 

the next decade, with a specific focus on urban 

expansion from 2000 to 2030 and 2040. The LULC 

prediction for 2030 and 2040 are intended to assist 

local authorities in formulating sustainable climate 

and environmental policies by providing valuable 

insights and effective urban and regional planning. 

 

2. Study Area 

Mumbai, the capital city of Maharashtra, was 

formerly known as Bombay. Figure 1 illustrates the 

geographical location of both Maharashtra and 

Mumbai. As India's most populous city and a key 

financial center, Mumbai forms the core of the 

Mumbai Metropolitan Region, which ranks sixth 

globally in population, accommodating over 23 

million people under the jurisdiction of the 

Brihanmumbai Municipal Corporation [22] and [23]. 

Recognized in 2008, Mumbai earned the designation 

of an alpha world city [19]. The city is moderately 

warmer throughout the year, with significant 

humidity due to boundaries. Its tropical setting 

ensures minimal fluctuations in temperature across 

different seasons. The average temperature is around 

27.2 °C [24]. Based on the Köppen–Geiger 

classification, the region experiences a warm and 

humid climate (Aw). Yearly rainfall ranges between 

180 cm and 248 cm, with the southwest monsoon 

bringing most of the precipitation from June to 

September. Winter lasts from December to February, 

while summer occurs between March and May [25]. 

Mumbai, formed by seven islands, serves as India's 

powerhouse. It stands among the top ten global 

financial hubs [26] and [27]. The city accounts for a 

quarter of India’s industrial production, a significant 

share of maritime trade, and major capital 

transactions [28]. It hosts leading financial 

institutions, corporate headquarters, and premier 

research centers. Its dynamic economy contributes 

significantly to factory employment, tax revenues 

(income, entertainment, customs, and excise), 

foreign trade, and corporate taxes, making it a major 

force in the national economy [29].  

 
 

 
 

Figure 1: Geographical location of Maharashtra and Mumbai 
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This economic magnetism continues to attract 

migrants from across India raising critical concerns: 

Is there enough space to accommodate the growing 

influx? Will ecologically rich land be converted into 

residential areas to meet the demand? This research 

aims to examine the current rate of land use change 

and forecast upcoming patterns of urban 

development in Mumbai. 

 

2.1 Data and Material  

The dataset utilized in this research consists of 

satellite imagery, which is utilized to analyze 

spatiotemporal transformations in LULC. Satellite 

imagery from Landsat 5, Landsat 7, and Landsat 8 

was obtained for the years 1990, 2000, 2010, and 

2020 via the USGS Earth Explorer platform. Priority 

was given to images with minimal cloud cover, haze, 

and dust. To ensure optimal clarity and reduce 

atmospheric disturbances, only data captured during 

the summer months were utilized. A summary of the 

dataset is provided in Table 1. 

 

3. Methodology  

This study is organized into three key phases. The 

first phase focuses on developing a LULC 

classification system. The second phase involves 

analysing the classified data, and the third phase 

forecasts future LULC changes. Additionally, the 

study evaluates spatial patterns of urban expansion 

for the periods 2000–2030 and 2040. Figure 2 

presents a block diagram outlining the LULC 

classification and prediction methodology, which 

consists of three main components: (3.1) Data 

Preprocessing, (3.2) Classification and Accuracy 

Assessment, and (3.3) Forecasting and Validation of 

Future LULC Trends. Each phase is detailed in the 

following sections. 

 

3.1 Data Preprocessing 

Satellite images sourced from the USGS Earth 

Explorer undergo preprocessing to improve their 

usability. Some key preprocessing techniques 

include geometric correction, radiometric correction, 

and atmospheric correction. Geometric correction is 

carried out using a toposheet published by the Survey 

of India to ensure accurate spatial alignment [30]. 

The images are then reprojected using the WGS 84 

datum and the Universal Transverse Mercator (UTM) 

coordinate system in zone 43N. This correction 

process is essential for reducing various image 

distortions [31]. Once the image has been 

successfully preprocessed, the subsequent step 

involves classifying the image. A training dataset is 

then generated using field data points and Google 

Earth Engine [32]. The land is divided into five 

distinct categories: water, urban areas, vegetation, 

aquatic vegetation, and barren land. Table 2 provides 

further details on these categories. To prepare the 

training data, 200 sample points were collected from 

each category. A supervised classification approach 

using the SVM algorithm was implemented with 

ArcGIS 10.6 software. 

 

Table 1: Dataset Summary 
 

Sr. 

No. 

Data used Acquisition 

Dates 

Purpose Spatial 

Resolution 

Source 

1 Landsat 5TM 22/03/1990 To retrieve LULC Map 30 m https://earthexplorer.usgs.gov/ 

2 Landsat 5TM 26/10/2010 To retrieve LULC Map 30 m https://earthexplorer.usgs.gov/ 

3 Landsat 7 ETM+ 25/02/2000 To retrieve LULC Map 30 m https://earthexplorer.usgs.gov/ 

4 Landsat 8 

OLI/TIRS) 

24/2/2020 To retrieve LULC Map 30 m https://earthexplorer.usgs.gov/ 

5 Shuttle Radar 

Topography 

03/2014 For Exploratory 

Variables 

30 m https://www.earthdata.nasa.gov/d

ata/instruments/srtm 

6 Google Earth Maps 1990-2020 For Accuracy 

Assessment 

 https://earth.google.com/web/ 

 

 

Table 2: The details of the classes categories 
 

Sr. 

No. 

LULC Classes Class Categories 

1 Water Ocean, river, lake, dam 

2 Urban Industrial zones, transportation hubs, residential 

sectors, and various other developed areas 

3 Vegetation Forest, Cropland, Pasture 

4 Water Vegetation Mangroves, creek, and salt land 

5 Barren Open land 

 



 

International Journal of Geoinformatics, Vol. 21, No. 5, May, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

84 

 
 

Figure 2: Block diagram of LULC prediction 

 

3.2 Land Cover Classification and Validation 

Ensuring the accuracy a classified image is an 

essential part of this procedure. If the accuracy 

reaches the necessary threshold, it confirms the 

correct classification of the satellite image. This 

evaluation involves aligning the classified image 

with specific reference data or authentic ground truth 

information. Reference data can be acquired from 

multiple sources, such as field surveys, high-

resolution satellite imagery, topographic maps, and 

previously categorized images. 

As part of this analysis, an accuracy assessment 

was conducted to assess the reliability of the results, 

utilizing 100 independent reference points that were 

distinct from the training dataset. These reference 

points were obtained through the Google Earth 

Engine and field surveys conducted by the Greater 

Mumbai Corporation Authority [33]. The gathered 

reference points were subsequently analyzed 

alongside the classified maps, resulting in the 

formation of an error matrix (also known as a 

confusion matrix). This matrix evaluates accuracy by 

considering user accuracy, producer accuracy, and 

overall accuracy. User accuracy reflects commission 

error, indicating the likelihood that the classified map 

correctly represents real-world features.  

 

Producer accuracy assesses omission error, 

demonstrating the extent to which actual ground 

features are accurately mapped. Additionally, the 

nonparametric kappa coefficient (k) was calculated to 

further evaluate classification accuracy. This 

coefficient indicates the proportion of accurately 

classified pixels relative to the total number of pixels 

analyzed [34]. If k ≥ 0.8, it suggests excellent 

concurrence, while if it falls between 0.4 and 0.6, it 

indicates satisfactory concurrence, and if k ≤ 0.4, it 

denotes inadequate concurrence [35]. The 

subsequent Equation 1 was employed to compute the 

kappa coefficient index [34]. 
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Equation 1  

 

In this context, n denotes the total number of 

observations, while r refers to the total number of 

rows within the matrix. The term Xii represents the 

number of observations at the intersection of row I 

and column i, while X+i indicates the sum of values 

in column i. Moreover, Xi+ signifies the total of the 

values in row i. 

 

 



 

International Journal of Geoinformatics, Vol. 21, No. 5, May, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

85 

3.3 Forecasting and Validating Future LULC Trends 

The LULC transitions pattern observed between 

2000–2010 and 2010–2020 serves as a basis for 

forecasting future LULC changes in 2030. The Land 

Transition Model (LTM) was developed to obtained 

a projected LULC map for 2030 and 2040. This 

model integrates the CA-MC approach to simulate 

future LULC dynamics. Several key exploratory 

factors, such as slope, elevation, proximity to 

transportation networks, and distance from 

settlements, were taken into account, as they 

significantly influence LULC transformations. 

Figure 3 presents the exploratory variables utilized 

for future prediction the LULC distribution in 2030 

and 2040. Markov chain analysis is widely applied in 

LULC [36] and [37].

 

Figure 3: Explanatory variable: (a) Slope, (b) Elevation, (c) Transportation, (d) Settlement 
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This LULC projection studies, enabling the 

estimation of transition probabilities from historical 

imagery to forecast future land use and cover change 

(LUCC) trends based on specific time intervals [38]. 

The core operation of the Markov chain involves the 

creation of both a transfer matrix and a probability 

transition matrix, which are used to predict future 

trends in LULC changes. The Markov chain model is 

represented by a collection of states, denoted as s = 

{s0, s1, s2, ..., sn}. In the context of this study, the 

present state, labeled as St, transitions to a future state 

Sj according to the associated transition probabilities 

Pij. Therefore, the system's future state St+1 is 

determined by its preceding state St, as described in 

Equations 2 and 3 [39]: 
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Equation 2 
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Equation 3 

 

In the Markov model, P refers to the probability 

matrix, with Pij indicating the probability of moving 

from the current state i to the next state j in the 

following time period. The variable S represents the 

LULC condition, and t and t+1 correspond to 

different time intervals, as shown in Equation (3) 

[40].  CA is a dynamic, bottom-up modeling 

technique that integrates both spatial and temporal 

aspects, providing a structured framework for 

simulation. This method effectively captures the 

complexities of space and time, despite their discrete 

nature. The CA model plays an essential role in 

LULC change studies by enabling the simulation of 

spatial and dynamic processes, making it a valuable 

tool for LULC prediction [39].  

The fundamental components of a CA model include 

cells, cell space, neighboring cells, transition rules, 

and time. The neighborhood configuration is defined 

using a particular filter in which cells closer to the 

center are assigned higher weights than those farther 

away [41]: 
 

St+1 = f(St, N) 

Equation 4 

 

In Equation 4, S denotes the set of states for the finite 

cells; t and t+1 refer to the earlier and later years, 

respectively; N represents the neighboring cells, and 

f signifies the conversion rule for the local space. 

 

4. Results and Discussion  

4.1 LULC Classification and Evaluation of  

      its Accuracy 

Supervised learning algorithms, a subset of machine 

learning techniques, were utilized for LULC 

classification. Among various available methods, 

including SVM, RF, and MLC, the SVM algorithm 

was chosen for image classification. Figure 4 

illustrates the classified images related to the years 

1990, 2000, 2010, and 2020. After classification, an 

accuracy assessment was conducted to evaluate the 

reliability of the results. This assessment employed 

statistical measures such as the Kappa Coefficient, 

which quantifies the agreement between two sets of 

labels. Additional accuracy indicators are 

summarized in Table 3. The findings revealed overall 

accuracies for the years 1990, 2000, 2010, and 2020 

stood at 91.82%, 88.73%, 94.07%, and 95.63%, 

respectively, surpassing the USGS benchmark of 

85%. In comparison, the RF algorithm yielded an 

accuracy of 86.24%, while the MLC Classification 

method achieved 81.36%, both of which fell short of 

the performance demonstrated by the SVM model. 

This further justified the selection of SVM as the 

most suitable method for LULC classification in this 

study. 

 

 

Table 3: Evaluation of the accuracy in LULC classification 
 

Year 
Accuracy 

(%) 

Water 

 
Urban Vegetation 

Water 

Vegetation 
Bareen 

OA (%) Kappa Coefficient 

SVM RF MLC SVM RF MLC 

1990 UA 89.66 93.92 99.66 98.95 94.09 95.13 89.45 85.24 0.93 0.86 0.82 

 PA 98.33 87.66 99.00 95.00 95.66       

2000 UA 95.68 97.59 87.71 83.10 82.97 88.73 84.54 84.12 0.86 0.83 0.89 

 PA 88.67 81.00 88.00 98.33 87.67       
2010 UA 93.13 91.42 95.17 99.32 91.41 94.07 86.78 83.82 0.93 0.81 0.86 

 PA 99.33 92.33 92.00 98.00 88.67       

2020 UA 83.33 97.91 88.97 93.21 92.82 95.63 84.36 81.20 0.92 0.82 0.80 
 PA 94.59 97.37 92.25 93.97 90.32       

**UA is user accuracy, PA is producer accuracy, OA is overall accuracy 
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Figure 4: Classified images of LULC: (a)1990, (b) 2000, (c) 2010, (d) 2020 
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Figure 5: LULC variation from 1990-2020 

 

Table 4: Area of each LULC class in percentage 
 

Year 1990 2000 2010 2020 

LULC 

Classes 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Water 58.27 8.93 49.28 7.53 42.24 6.45 41.00 6.26 

Urban 187.23 28.62 218.41 33.38 242.22 37.02 299.80 45.83 

W. Veg. 92.94 14.20 89.94 13.74 88.55 13.53 84.30 12.88 

Veg. 170.34 26.03 165.27 25.26 162.42 24.82 146.66 22.42 

Barren 145.21 22.19 131.28 20.06 118.77 18.15 82.32 12.58 

 

Table 4 and Figure 5 illustrate the spatial changes in 

LULC across the years 1990, 2000, 2010, and 2020, 

emphasizing the decadal shifts within the MMR. The 

findings indicate notable land use transformations 

over the last 30 years within the 654.20 sq. km study 

area. Between 1990 and 2000, urbanization began in 

South Mumbai, particularly in areas such as Colaba, 

Fort, and Girgaon. During this period, many 

industries and textile mills, which were once the 

backbone of Mumbai's economy, began to decline. 

These areas underwent significant redevelopment, 

with mill lands being converted into commercial and 

residential infrastructure. As a result, people began 

moving into these redeveloped neighborhoods, 

drawn by improved amenities and job opportunities. 

From 2000 to 2010, Mumbai further strengthened its 

position as a major economic hub, this led to 

significant migration from various regions of India. 

The growing population placed increased burden on 

the city’s infrastructure and resources. Affordable 

housing initiatives and improved transportation 

infrastructure, such as rail and road connectivity, 

encouraged both residential and commercial 

expansion into new areas. During the decade from 

2010 to 2020, Mumbai experienced its peak phase of 

urbanization. Major infrastructure projects such as 

Mumbai Metro Phase 1, the Eastern Freeway, the 

Bandra-Worli Sea Link, and the Monorail played a 

key role in facilitating urban expansion and renewal. 

However, the city also faced growing challenges, 

including overcrowding.  

As a result of MMR exponential growth there is 

37.26% increase in urban land from 2000 to 2020, 

marking a substantial transformation over two 

decades. In contrast, other land categories 

consistently declined. Barren land experienced the 

sharpest decrease, followed by vegetation and water 

vegetation (including coastal and mangrove areas), 

which showed a continual reduction from 1990 to 

2010, with further decline in 2020. Water bodies also 

witnessed a slight decline, decreasing from 7.53% in 

2000 to 6.26% in 2020. The results strongly suggest 

rapid urban expansion, primarily replacing natural 

and undeveloped lands. The most notable 

transformation was the shift from barren terrain to 

urban zones, highlighting the environmental costs 

linked to fast-paced urbanization in the MMR. 

 

4.2 Evaluation of Alteration Detection 

Table 5 and Figure 6 provides an overview of the 

changes in terms of percentage and area over three-

time intervals: 2000-2010, 2010-2020, and 2000-

2020.  
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Figure 6: Decadal LULC change detection 
 

Table 5: LULC change detection for the year 2000-2010, 2010-2020, and 2000-2020 
 

LULC Classes 
2000-2010 2010-2020 2000-2020 

Area (km2) Area (%) Area (km2) Area (%) Area (km2) Area (%) 

Water -7.04 -14.28% -1.24 -2.93 -8.28 -16.80 

Urban +23.81 +10.90% +57.58 +23.77 +81.39 +37.26 

Water Vegetation -1.39 -1.54% -4.25 -4.79 -5.64 -6.27 

Vegetation -2.85 -1.72% -15.76 -9.70 -18.61 -11.26 

Barren -12.51 -9.52% -36.45 -30.68 -48.96 -37.29 

 

During 2000-2010, urban land increased by 10.90%, 

while barren land, vegetation, water vegetation, and 

water bodies decreased by 9.52%, 1.72%, 1.54%, and 

14.28%, respectively. From 2010–2020, urban land 

saw a further increase of 23.77%, whereas barren 

land, vegetation, water vegetation, and water bodies 

declined by 30.68%, 9.70%, 4.79%, and 2.93%, 

respectively. Over the two decades from 2000–2020, 

urban land expanded by 37.26%, while barren land 

decreased by 37.29%, vegetation by 11.26%, water 

vegetation by 6.27%, and water bodies by 16.80%. 

 

4.3 Prediction and Validation of 2020  

The CA-Markov model implemented using Python 3 

within the Jupiter Notebook environment. For model 

validation, classified images from the years 1990, 

2000, and 2010 were utilized as input data, while the 

2020 land cover was simulated. The predicted 2020 

image was then evaluated against the actual classified 

2020 image using the chi-square test. Table 6 

presents the actual and simulated 2020 results, 

demonstrating that the simulated and actual 

distributions are statistically significant. Accuracy 

assessment was also conducted using the Kappa 

coefficient. For the predicted LULC map of 2020, 

accuracy assessment using standard metrics showed 

an overall accuracy (OA) of 92.26% and a Kappa 

coefficient of 0.91, demonstrating a high level of 

agreement and validating the reliability of the 

prediction model. The Urban and Barren land cover 

classes exhibit relatively high classification errors, 

both exceeding 10%. Notably, the Barren class is 

significantly overestimated. In contrast, the Water, 

Wetland Vegetation (W. Veg.), and Vegetation 

(Veg.) classes fall within or near the acceptable error 

threshold of 10%, with W. Veg. showing particularly 

minimal deviation. The model underestimated Water 

coverage by approximately 5.26%, which remains 

within an acceptable margin for LULC simulation. 

This relatively small error suggests that the model is 

well-calibrated for identifying stable water bodies, 

reflecting a reasonably accurate simulation overall. 

Urban Clas is underestimation may be due to rapid 

urban sprawl that is not fully captured by the current 

model. To improve accuracy, incorporating more 

recent urban transition rules or dynamic expansion 

drivers such as proximity to major roads, economic 

hubs, or population growth centers could enhance 

predictive performance. Barren overestimation might 

stem from confusion between temporary features 

such as dry agricultural fields or recently harvested 

land and truly barren areas. Integrating better 

temporal indicators, such as seasonal vegetation 

indices or multi-temporal imagery, may help 

distinguish between transient land states and 

permanent barren land. 

 

0 10 20 30 40 50 -50 -40 -30 -20 -10 
Percentage of area changes 
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Table 6: Comparison between actual and simulated areas of 2020 
 

LULC Class 

Percentage of 

simulated area for  

2020; E 

Percentage of  

actual area for  

2020; O 

Error  

[O-E]×100/O 

(%) 

Water 5.94 6.27 5.26 

Urban 39.27 45.87 14.38 

Water Vegetation 13.11 12.88 -1.78 

Vegetation 24.31 22.42 -8.42 

Barren 17.37 12.56 -38.29 

Total 100 100  

 

Table 7: The percentage of LULC projected for the year 2030 
 

LULC Classes 
Area (%) 

2000 2010 2020 2030 2040 

Water 7.53 6.45 6.26 5.56 5.99 

Urban 33.38 37.02 45.83 47.25 55.84 

Water Vegetation 13.74 13.53 12.88 12.73 10.30 

Vegetation 25.26 24.82 22.42 20.19 16.51 

Barren 20.06 18.15 12.58 13.64 11.37 

 

Table 8: Analysis of LULC changes from 2000 to 2040 
 

LULC Class 
Total change (%) 

2000 - 2020 2000 - 2030 2000 - 2040 2020 - 2030 2020 - 2040 

Water -16.80 -26.16 -20.45 -11.18 -4.31 

Urban +37.26 +41.55 +67.28 3.09 +21.84 

Water Vegetation -6.27 -7.35 -24.81 -1.16 -19.79 

Vegetation -11.26 -20.07 -34.63 -9.94 -26.36 

Barren -37.29 -32.00 -43.32 -8.42 -9.61 

 

4.4 Prediction of LULC 2030 and 2040 

The CA-MC Model was developed in Python to 

predict future LULC changes for 2030. The model 

processes input data from three images taken at 10-

year intervals (2000, 2010, and 2020) to forecast 

changes. Results, in Table 7 and Figure 7. The 

predicted results are illustrated in Figure 8 and Figure 

9, indicate that by 2030, urban land is expected to 

increase by 47.25%. Meanwhile, other land 

categories are expected to change as follows: barren 

land (13.64%), vegetation (20.19%), water 

vegetation (12.73%), and water bodies (5.56%). 

 

4.5 LULC Change Detection and Analysis  

The spatiotemporal data analysis for 2000, 2010, 

2020, and the predicted 2030 and 2040 is 

summarized in Table 8. The analysis covers three 

intervals: 2000–2020 (last 20 years), 2000–2030 (last 

30 years), and 2020-2030 (recent decade), 2000-

2040(40 years). Observations indicate significant 

decadal land cover changes, with barren land being 

predominantly converted into urban areas. This 

transformation is especially evident in regions such 

as South West Byculla, Andheri city center, 

Chandivali, South East Ghatkopar, Vikhroli, North 

East Thane, Manpada, North West Charcop, and 

Mira Road all of which have become almost entirely 

urbanized. According to the prediction for the year 

2030, there is a drastic decline in vegetation cover. 

This degradation is primarily attributed to 

infrastructure developments, including the Mumbai 

Metro project and other expansion plans led by the 

MMRDA [28]. The only significant patch of 

vegetation remaining in Mumbai is the Sanjay 

Gandhi National Park (SGNP), which is a designated 

reserve zone. However, the boundaries of SGNP are 

under constant threat due to urban expansion and may 

be encroached upon for infrastructure projects such 

as roads, bridges, and metro lines. By 2040, Mumbai 

is projected to be almost entirely urbanized.  As a 

result, new residents and development pressures are 

expected to shift towards suburban areas such as Navi 

Mumbai, Greater Thane, Panvel, and Vasai. 

Additionally, the coastal regions of Mumbai are at 

risk due to increasing urban pressure and 

developmental activities. 
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Figure 7: Graphical representation of 2000 to 2040 
 

      

                            
  

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 
 

 

 

Figure 8: Predicted LULC using Python based CA-Markov: (a) 2030 and (b) 2040 

 

 
 

Figure 9: Decadal changes in LULC 
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These findings highlight significant land-use changes 

in the Mumbai region. As of 2020, Mumbai, being a 

major economic hub, is already highly urbanized. 

Due to the scarcity of available space, opportunities 

for further urban expansion are limited. Alarmingly, 

vegetation areas, particularly those surrounding 

Sanjay Gandhi National Park, are being converted 

into barren land. Immediate measures are crucial to 

protect the park and its surroundings, as further 

degradation may result in barren land is transformed 

into urban land in the near future. 

 

5. Conclusion  

This research examines historical and projected 

trends in LULC changes, concentrating on transitions 

that have occurred over the past 20 years and 

forecasting shifts for the next two decades. Historical 

analysis utilized Landsat satellite images from the 

years 2000, 2010, and 2020, while future scenarios 

for 2030 and 2040 were predicted based on this data. 

Among various methods tested, the SVM 

supervised classification technique proved to be the 

most effective for the dataset. Key driving factors 

including slope, elevation, proximity to roads, and 

distance from settlements were incorporated into the 

classification process, as these play a significant role 

in influencing urban growth. To simulate future 

LULC patterns, the CA-MC model was employed. 

The results were assessed at ten-year intervals, and 

the accuracy was evaluated by comparing the 

simulated 2020 LULC map with actual observations 

from the same year, showing minimal differences. 

Forecasted maps for 2030 and 2040 suggest ongoing 

land use transformations, marked by continued urban 

sprawl and expansion. Overall, the study underscores 

major LULC changes, predominantly driven by 

accelerated urbanization and industrial growth. 

These findings emphasize the urgent need for urban 

planners and policymakers in Mumbai to address the 

emerging challenges posed by rapid development. 

Nevertheless, some limitations exist. The analysis 

was confined to Landsat imagery, and incorporating 

data from additional satellite sources could enhance 

classification accuracy. Moreover, the study 

considered only four influencing factors; integrating 

additional parameters such as industrial zones, 

commercial centers, or population density might 

offer a more detailed insight into LULC dynamics. 

Future research may also explore the use of advanced 

deep learning models to further refine LULC 

classification and prediction. 
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