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Abstract 

The rapid urbanisation in developing countries has not only intensified land transformation 

but also significantly altered surface temperatures, thereby increasing climate vulnerability. 

Ahmedabad, one of India’s fastest-growing cities, has witnessed substantial urban growth 

over the past two decades and therefore requires an integrated approach to analyse land-use 

change, thermal dynamics, and future growth patterns. This study aims to analyse the spatial 

and temporal patterns of land use/land cover (LULC) changes, examine their association with 

land surface temperature (LST) and urban thermal stress, and simulate future LULC patterns 

for the year 2045. Multi-temporal Landsat imagery from 2000 and 2020 was used to map LULC 

using a Random Forest classifier implemented on the Google Earth Engine platform, achieving 

an overall classification accuracy of approximately 89-93%. Urban thermal conditions were 

assessed using MODIS-derived LST data, and thermal stress was evaluated using the Urban 

Thermal Field Variance Index (UTFVI). The results indicate that built-up areas expanded from 

approximately 161 km2 in 2000 to 223 km2 in 2020, primarily due to the conversion of barren 

land, vegetation, and agricultural areas. LST patterns revealed a significant intensification of 

high-temperature zones, particularly in densely built-up and industrial regions. The UTFVI 
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analysis shows that more than 60% of the city experiences moderate to high thermal stress, 

while areas with higher vegetation cover and water bodies consistently exhibit lower thermal 

stress. Future simulations suggest that built-up areas may exceed 300 km2 by 2045, further 

intensifying urban heat stress if current land-use trends continue. The integrated LULC-LST-

UTFVI framework highlights the critical role of land-use planning in developing climate-

responsive urban strategies and mitigating thermal stress in rapidly expanding cities. 
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1. Introduction 

Land Use and Land Cover (LULC) are generally understood as two closely related but conceptually 

different components of the surface of the earth. At the same time, land use refers to the functional, 

social and economic utilization of land. In contrast, land cover represents the observable natural 

features of the Earth’s surface, including croplands, water bodies, forests, and built-up areas [1]. In 

various classification schemes, these categories often appear discrete; however, in rapidly growing 

urban areas, they are highly dynamic. The changes in LULC, mostly driven by human activities, are 

not merely superficial; they alter ecosystem processes, hydrological regimes, and local microclimate 

[2], particularly in cities with very high growth rates. The important task is understanding how these 

patterns are shifting over time and how those shifts affect the environment’s stability. In this 

context, LULC analysis plays a vital role within land-use planning frameworks [3, 4] by assessing LULC 

transitions to help planners predict future expansion trends and evaluate the pressure that may be 

placed on natural and socio-ecological resources [5]. In a rapidly growing metropolitan region like 

Ahmedabad, where infrastructure growth and urban expansion have extended outward from the 

city into peri-urban zones, examining LULC change trends is essential to balance development plans 

with environmental constraints and support more effective climate-responsive planning strategies. 

Human modification of the land has contributed to higher agricultural productivity, 

infrastructure expansion, and improved standards of living [6], but the current phase of LULC change 

differs markedly from earlier periods in both scale and intensity. Recent global studies show that 

more than 50 percent of Earth’s surface exhibits measurable indications of human influence on LULC 

[6, 7]. Such large-scale modifications are not environmentally neutral, as alterations in LULC 

influence surface runoff patterns, ecological habitats, and the surface-atmosphere energy balance 

[8, 9], especially in areas of high stress on natural resources. While rapid population growth and 

unregulated urban expansion are often cited as important causes of LULC change [10, 11], these 

processes do not operate in isolation, as their impacts are shaped by policies, regulations, 

governance, and existing environmental conditions [12-15]. 

Geospatial technologies, including remote sensing and GIS, are very important for monitoring 

LULC, as they can produce consistent, multi-temporal datasets across large geographic areas [16]. 

In recent times, the integration of machine learning has improved the efficiency and reliability of 

LULC classification using techniques such as Random Forest, Support Vector Machines, and ANNs 
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across diverse urban environments [17, 18]. Beyond mapping, these predictive modelling 

approaches increase the scope of analysis by simulating possible future scenarios [19, 20]. 

In the rapidly urbanizing city of Ahmedabad, significant LULC transformations have been visible 

over the last few decades. These changes have been characterised by continuous outward growth 

of human-constructed areas and the loss of vegetation and agricultural land [21, 22]. As a result, 

there is an increase in pressure on natural resources, particularly water availability and open spaces, 

and the physical characteristics of the land surface have shifted to impervious and heat-retaining 

materials like concrete, asphalt, etc. [23]. 

These changes in LULC, such as replacing permeable and vegetated surfaces with concrete and 

asphalt, significantly influence the urban microclimate by altering the surface energy balance, 

reducing evapotranspiration, and contributing to rising land surface temperatures. Such changing 

patterns are closely linked to the intensification of the Urban Heat Island (UHI) effect, especially in 

major Indian cities [24-29]. In this context, it is not sufficient to assess LULC changes and thermal 

characteristics in isolation; an integrated framework is needed that systematically analyses LULC 

transitions in relation to environmental and climatic responses. Such an approach helps to get a 

more comprehensive overview of urban growth impacts and provides a stronger basis for climate-

responsive and sustainable urban planning strategies [26-30]. 

A substantial body of literature has studied LULC dynamics in both Indian and international 

contexts, showing rapid expansion of built-up areas and associated environmental impacts. In the 

Indian context, Sudhira et al. [18] highlighted that accelerated urban growth in Bangalore has led to 

the fragmentation of UGS and increased landscape heterogeneity. Similar trends have also been 

studied in Ajmer [31] and parts of Uttarakhand [32], where rapid urban expansion has altered land-

use patterns and exerted pressure on ecological systems. At the global level, Seto et al. [33] 

projected continued urban expansion across Asia and Africa, which raises significant environmental 

concerns like deforestation, habitat loss, and desertification. On the other hand, studies from 

Europe have reported a steady decline in vegetation cover, resulting in a measurable increase in 

land surface temperatures [34]. Similarly, Zhou et al. [35] showed that the land conversion from 

agricultural to built-up in rapidly developing Chinese cities has intensified the UHI effect. A few 

studies have also attempted to analyse thermal Stress and LULC dynamics, such as Mohan et al. [36], 

who found that in Delhi, dense commercial urban areas exhibit extremely high UHI intensities (up 

to 10.7°C), while forested zones like the Delhi Ridge act as significant thermal buffers. Aqdas et al. 

[37] showed in Ghaziabad that LST strongly correlates positively with built-up indices (NDBI) and 

negatively with vegetation (NDVI), with industrial and bare land surfaces reaching temperatures up 

to 46.30°C. Mahata et al. [38] reported that in New Town Kolkata, rapid built-up growth (21.91% to 

45.63%) significantly increased summer LST (29.18°C to 34.61°C). Kavathekar et al. [39] found that 

in the Mumbai Metropolitan Region, a 77.82% increase in built-up area and a 37.17% loss of 

vegetation led to consistent LST increases of 1.5-2.5°C per decade, with industrial zones as major 

hotspots. 

While these studies have advanced understanding of land-use transformation and its 

environmental implications, few investigations have combined multi-temporal LULC assessment, 

urban thermal stress evaluation, and future land-use simulation within a unified analytical 

framework. This gap limits the ability to comprehensively interpret how past transitions, current 

thermal conditions, and projected growth trajectories interact in rapidly urbanizing regions. To 

address this identified research gap, this study adopts an integrated geospatial framework that 
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combines remote sensing and GIS-based spatial analysis with machine learning algorithms and the 

MOLUSCE (Modules for Land Use Change Evaluation) model. This approach is applied to examine 

historical LULC transitions, evaluate urban thermal stress through LST analysis and UTFVI, and 

simulate potential future land-use scenarios within the Ahmedabad Metropolitan Region. By linking 

past land transformations with present thermal conditions and projected growth patterns, the study 

moves beyond isolated assessments of urban expansion. It seeks to systematically analyse how 

changes in land cover influence spatial patterns of thermal stress and how future development 

trajectories may further reshape the urban microclimate. Through this integrated LULC-LST-UTFVI 

modelling framework, this study aims to (i) quantify spatial-temporal LULC changes, (ii) examine 

their relationship with land surface temperature and thermal stress using UTFVI, and (iii) simulate 

future LULC scenarios using a CA-ANN model for Ahmedabad. The study aligns with the journal’s 

requirements by integrating environmental monitoring with geospatial modelling to assess 

interactions between urban climate and its surrounding environment. The LULC-thermal coupling 

and predictive modelling give us valuable insights for environmental planning and engineering 

interventions aimed at climate-resilient urban systems. 

2. Materials and Methods 

2.1 Study Area 

The Ahmedabad Metropolitan Region (AMR) is located in the western state of Gujarat, India, and 

is one of the rapidly growing urban centers of the country (Figure 1). Geographically, the region lies 

between 22°55′ and 23°08′ N latitude and 72°30′ and 72°42′ E longitude. Ahmedabad is influenced 

by semi-arid climatic conditions that feature hot summers, moderate monsoon rainfall, and 

moderate winters, making it particularly sensitive to land-use-induced thermal and environmental 

changes. 



Adv Environ Eng Res 2026; 7(2), doi:10.21926/aeer.2602011 
 

Page 5/26 

 

Figure 1 Study Area with (a) Location of the Indian Subcontinent in the world; (b) 

Location of India in the Indian Subcontinent; (c) Location of Gujarat; (d) Location of the 

Ahmedabad Metropolitan Region. 

Ahmedabad has undergone significant expansion over the last 20 years, mainly driven by 

population growth, industrialisation, and large-scale infrastructure development. Between 2001 

and 2011, the population grew from 3.52 million to 5.57 million, accompanied by outward urban 

sprawl and densification. This accelerated growth has exerted increasing pressure on land resources, 

vegetation cover, water bodies, and urban infrastructure, making Ahmedabad a suitable case for 

examining LULC dynamics, urban thermal stress, and predicting the upcoming growth trajectories. 

2.2 Data Sources 

The study utilizes multi-source satellite datasets with differing spatial resolutions, including 

Landsat imagery (30 m) for LULC classification and MODIS LST data (1 km) for thermal analysis. Each 

dataset was preprocessed independently according to its characteristics. Landsat imagery was 

radiometrically calibrated and classified at its native spatial resolution to preserve detailed land-

cover information. MODIS LST data were processed to derive temperature values and subsequently 

resampled using bilinear interpolation to ensure spatial compatibility with the study framework. 

The analysis was conducted at an aggregated spatial scale to examine broader spatial relationships 

between land use patterns and thermal characteristics. This approach avoids scale-induced bias and 

is consistent with established practices in urban climate studies. 
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2.2.1 Satellite Data 

This study employed multi-temporal satellite imagery to analyse land-use/land-cover change, 

land surface temperature, and urban thermal stress in Ahmedabad. Landsat imagery was used for 

detailed LULC mapping due to its moderate spatial resolution (30 m), which allows effective 

discrimination of urban and non-urban land cover types. Landsat 7 ETM+ imagery was utilized for 

the year 2000, while Landsat 8 OLI/TIRS imagery was used for 2020. All Landsat datasets were 

obtained from the USGS Collection 2 Tier 1 archive and calibrated to top-of-atmosphere (TOA) 

reflectance to ensure radiometric consistency for multi-temporal analysis [40, 41]. 

For thermal analysis, Moderate Resolution Imaging Spectroradiometer (MODIS) Land Surface 

Temperature (LST) products were used to assess spatial and temporal patterns of surface 

temperature. MODIS data provide long-term, consistent thermal observations at a 1 km spatial 

resolution, making them suitable for regional-scale urban thermal assessment. MODIS LST for June 

2000 and 2020 was used as a representative peak summer condition to assess spatial patterns of 

urban thermal stress [26]. The integration of Landsat and MODIS datasets enabled the combined 

analysis of fine-scale land use changes and broader urban thermal dynamics. A summary of the 

satellite datasets used in this study is presented in Table 1. 

Table 1 Satellite Datasets used. 

S. No Satellite Spatial Resolution Sensor Time Source 

1 Landsat 7 30 m ETM June 2000 USGS Earth Explorer 

2 Landsat 8 30 m OLI & TIRS June 2020 USGS Earth Explorer 

3 MODIS 1 km Terra June 2000 NASA Earth Data 

2.2.2 Auxiliary Spatial Data 

To balance computational efficiency, several auxiliary spatial datasets were also used in the study 

to support land-use change modelling and future simulations. The Digital Elevation Model (DEM) 

was obtained from USGS Earth Explorer to derive terrain attributes for the study, including slope, 

aspect, curvature, hillshade, and contours. The hydrological data were obtained from the 

HydroSHEDS database to generate stream networks and distance-to-stream layers, whereas 

accessibility (roads and railways) was studied using transportation data taken from BBBike extracts 

by calculating proximity layers [42, 43]. 

These auxiliary variables represent both natural and human-made aspects of LULC changes and 

were integrated into the MOLUSCE modelling. The details of the auxiliary datasets used in the study 

are provided in Table 2. 
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Table 2 Spatial Variable Data and Specifications. 

Data Source Acquisition Date Utility 

DEM earthexplorer.usgs.gov/ 01/03/2025 

Slope 

Aspect 

Curvature 

Hill shade 

Contour 

Stream hydrosheds.org/ 01/03/2025 Distance from Stream 

Road extract.bbbike.org/ 01/03/2025 Distance from Road 

Railway extract.bbbike.org/ 01/03/2025 Distance from Railway 

Figure 2 shows the spatial distribution of the auxiliary variables used to model land use 

transitions in Ahmedabad. These variables represent both natural and anthropogenic drivers 

influencing urban growth. Terrain-related parameters, such as elevation, slope, and curvature, 

capture topographic constraints. At the same time, proximity-based variables, including distance to 

roads, railways, and streams, reflect accessibility and the influence of infrastructure on land 

conversion processes. These auxiliary variables were standardised in MOLUSCE to perform ANN-

based simulations of future LULC patterns [41, 42]. 

https://earthexplorer.usgs.gov/
https://www.hydrosheds.org/
https://extract.bbbike.org/
https://extract.bbbike.org/
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Figure 2 Spatial Distribution of Auxiliary Variables used for LULC Prediction. 



Adv Environ Eng Res 2026; 7(2), doi:10.21926/aeer.2602011 
 

Page 9/26 

2.3 Methods Used 

2.3.1 LULC Classification 

It was performed using a supervised technique, which was done by visually interpreting the 

satellite imagery and reference data [44-46]. For this, six major LULC classes were used, i.e., Built-

up, Water Bodies, Dense Vegetation, Sparse Vegetation, Cropland, and Barren Land (Table 3). The 

training samples for each class used for classification were manually digitised using high-resolution 

reference imagery, i.e. Google Earth. 

Table 3 Description LULC Classification Scheme. 

LULC Type Description Training Sample Points 

Built-up Residential, Commercial, and Other Infrastructure 100 

Water Body Rivers, lakes, ponds, and dams 50 

Dense Vegetation All types of forest cover land 80 

Sparse Vegetation Parks, Green spaces, Wetland 80 

Cropland Agricultural Land, Farm Land, Fallow Land 80 

Barren land All types of barren land 50 

For 2000, Landsat 7 ETM+ spectral bands (B1-B5 and B7) were used, while for 2020, Landsat 8 

OLI bands (B2-B7) were selected to ensure optimal class separability. 

2.3.2 Random Forest Classification 

This scheme was used for LULC mapping because it is more robust to handling complex, 

heterogeneous urban features. The classifier was trained using labelled training samples, with 70% 

used for training and 30% reserved for validation. The RF model was run on the GEE platform 

because it is very capable of processing large amounts of satellite data at once [22, 23]. 

2.3.3 Accuracy Assessment 

The accuracy of the maps for 2000 and 2020 was calculated using pixel-based accuracy 

assessment techniques. The confusion matrices were generated to calculate User’s Accuracy, 

Producer’s Accuracy, Overall Accuracy, and the Kappa Coefficient [47]. To validate the LULC 

classification, Google Earth images were taken as reference datasets. The classification accuracy 

obtained was analysed using a confusion matrix that was derived from the reference and classified 

data. For this, the standard accuracy formulae were used, which are listed as follows [47] (Equations 

01-03): 

Overall Accuracy (OA): 

𝑂𝐴 =
∑ 𝑛𝑖𝑖

𝑘
𝑖=1

𝑁
× 100 (1) 
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Producer’s Accuracy (PA): 

𝑃𝐴𝑖 =
𝑛𝑖𝑖

∑ 𝑛𝑖𝑗

𝑘

𝑗=1

× 100 (2)
 

User’s Accuracy (UA): 

𝑈𝐴𝑖 =
𝑛𝑖𝑖

∑ 𝑛𝑗𝑖

𝑘

𝑗=1

× 100 (3)
 

where: 

nii = correctly classified pixels for class i 

N = total number of reference pixels 

k = number of classes 

Kappa Coefficient (κ) was calculated to measure agreement beyond chance (Equation 4): 

𝜅 =
𝑁∑𝑛𝑖𝑖 − ∑(𝑛𝑖+𝑛+𝑖)

𝑁2 − ∑(𝑛𝑖+𝑛+𝑖)
(4) 

2.3.4 LST and UTFVI Estimation 

The LST was derived from MODIS Terra thermal satellite images to examine thermal patterns 

across Ahmedabad city [48-52]. The study integrates multi-source satellite datasets with differing 

spatial resolutions, namely Landsat (30 m) for LULC mapping and MODIS (1 km) for thermal analysis. 

To address this spatial resolution difference, the MODIS LST data were resampled to a finer spatial 

grid using bilinear interpolation. However, the analysis was conducted at an aggregated spatial level 

to ensure consistency between datasets. It is important to note that the objective is not pixel-level 

comparison, but rather to examine broader spatial relationships between land use patterns and 

urban thermal characteristics. The integration of Landsat and MODIS datasets thus provides 

complementary insights by combining detailed land cover information with consistent large-scale 

thermal observations. 

The digital number values of the imagery were converted into temperature values using the 

following equation (Equation 5). 

𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑖𝑛 °𝐶 = 𝐷𝑁 ∗ 0.02 − 273.15 (5) 

where DN is the Digital Number of the MODIS LST product, for assessing the thermal stress zones of 

the city, the UTFVI was calculated using the following equation 6: 

𝑈𝑇𝐹𝑉𝐼 =
𝐿𝑆𝑇𝑖 − 𝐿𝑆𝑇𝑚𝑒𝑎𝑛

𝐿𝑆𝑇𝑚𝑒𝑎𝑛

(6) 

LSTi = land surface temperature of pixel i 

LSTmean = mean LST of the study area 
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The UTFVI values were further grouped into three thermal stress zones, i.e., high, medium, and 

low, in order to analyze the thermal stress patterns in intra-city conditions. UTFVI was selected as it 

normalizes LST relative to mean thermal conditions, enabling classification of ecological thermal 

stress zones, which is more informative than absolute temperature values for urban climate 

assessment. 

2.3.5 Future Land Use Simulation Using MOLUSCE 

The future LULC was simulated using MOLUSCE in QGIS, with classified LULC maps from 2000 and 

2020 used as input layers for change detection and transition probability estimation [41, 42] (Figure 

3). An ANN model was then trained using historical LULC and auxiliary variables as mentioned earlier. 

The ANN estimates the transition potential. Pij between land use classes based on input driving 

factors using the following (Equation 7): 

𝑃𝑖𝑗 = 𝑓(∑ 𝑤𝑘
𝑛
𝑘=1 𝑥𝑘+𝑏) (7) 

where: 

xk = driving variables (e.g., slope, distance to roads, streams) 

wk = weights associated with each variable 

b = bias term 

f = activation function 

The model parameters, such as learning rate, number of hidden layers, number of iterations, and 

neighborhood size, were optimized to capture spatial transition patterns, and the trained ANN was 

then used to simulate LULC predictions for 2045 [41, 42]. The model performance was further 

evaluated using the Kappa Index of Agreement to assess how accurately the simulation was 

performed by the model, and the reliability of the predicted results using the Kappa Index of 

Agreement (KIA): 

𝐾𝐼𝐴 =
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒

(8) 

where: 

Po = observed agreement 

Pe = expected agreement by chance 
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Figure 3 Flowchart of the Methodology used in the Study. 

3. Results 

3.1 Land Use and Land Cover Changes in Ahmedabad (2000-2020) 

The LULC analysis of Ahmedabad reveals significant spatial transformations between 2000 and 

2020, mainly driven by rapid urban expansion. The quantitative changes in LULC types for this period 

are listed in Table 4, while the maps indicating the spatial distribution of LULC for 2000 and 2020 

are illustrated in Figure 4(a, b), respectively. 

Table 4 LULC Area Statistics for Ahmedabad (2000 and 2020). 

LULC Class 
2000 2020 Change (2000-2020) 

Area (km2) Per cent Area (km2) Per cent Area (km2) Per cent 

Built-up 161.40 40.18% 223.39 55.60% +61.99 +15.42% 

Cropland 79.25 19.73% 97.35 24.23% +18.10 +4.50% 

Vegetation 33.04 8.22% 22.19 5.52% -10.85 -2.70% 

Barren Land 125.72 31.29% 50.84 12.65% -74.88 -18.64% 

Waterbody 2.33 0.58% 7.97 1.98% +5.64 +1.40% 
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Figure 4 LULC Map of Ahmedabad for (a) 2000, (b) 2020. 

Upon interpreting the results of the LULC classification, it can be noted that built-up areas 

exhibited the most pronounced growth during the study period, i.e., increasing from 161.40 km2 in 
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2000 to 223.39 km2 in 2020, with a net gain of 61.99 km2. If we consider percentage values, this 

expansion has increased the proportion of built-up land from 40.18% to 55.60% during the study 

period. The pattern of growth in the city is basically outward expansion into peri-urban areas and 

densification of existing urban zones. Whereas the barren land decreased drastically from 125.72 

km2 to 50.84 km2, showing a net loss of 74.88 km2, and the net percentage share declined sharply 

from 31.29% to 12.65%, indicating a shift from open or barren spaces into mainly built-up and other 

land-use types. 

The vegetation in the city also declined in the study period from 33.04 km2 in 2000 to 22.19 km2 

in 2020, with a net loss of 10.85 km2, and the share of vegetation class decreased from 8.22% to 

5.52%, which shows a gradual decrease in the green spaces of the city. On the other hand, the 

cropland showed a different trend: it increased from 79.25 km2 to 97.35 km2, with a gain of 18.10 

km2 and a rise in its proportion from 19.73% to 24.23%, primarily observed in peri-urban areas. The 

water bodies, although covering only a small proportion of the total city area, increased from 2.33 

km2 in 2000 to 7.97 km2 in 2020, showing a net gain of 5.64 km2. 

3.2 Accuracy Assessment 

The accuracy level of LULC was evaluated using confusion matrices derived from independent 

validation samples. The detailed accuracy metrics used are presented in Table 5. 

Table 5 Accuracy Assessment of LULC Maps. 

Classes User Accuracy (%) Producer Accuracy (%) 
 2000 2020 2000 2020 

Built-up 100.0 100.0 98.4 90.6 

Water Body 100.0 100.0 100.0 100.0 

Dense Vegetation 69.2 72.1 83.6 81.9 

Cropland 70.5 74.3 90.1 86.8 

Barren Land 65.1 60.8 98.2 68.3 

 2000 2020 

Overall Accuracy 89.6% 93.2% 

Kappa Coefficient 84.2 86.7 

In 2000, the classification achieved an overall accuracy of 89.6% and a Kappa coefficient of 0.84, 

which shows a considerable level of accuracy between the classified and reference datasets, 

whereas in 2020, the classification accuracy had an overall accuracy of 93.2% and a Kappa 

coefficient of 0.86, which indicates a better classification of the satellite data. The user’s accuracy 

for the Built-up and Water Body classes was 100% in both years, showing the highest accuracy for 

both classes. On the other hand, dense vegetation and cropland classes exhibited moderate user’s 

Accuracy values ranging between 69% and 75%, while barren land showed comparatively lower 

user’s accuracy due to similarities in the spectral signatures of the dry surface classes. The 

producer’s accuracy remained high for Built-up and Water Body classes across both years, whereas 

barren land showed a decline in producer’s accuracy from 98.2% in 2000 to 68.3% in 2020, possibly 

due to more classification confusion in the fringe areas owing to the spatial resolution of the city. 
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3.3 Land Surface Temperature Distribution 

The spatial distribution of LST for Ahmedabad shows that the city’s surface temperatures have 

increased markedly between 2000 and 2020 (Figure 5). In 2000, LST values ranged from 33.63°C to 

38.97°C, which shows relatively moderate heat stress across the city, where higher temperatures 

were primarily confined to localized pockets in the western and south-western areas, while lower 

LST values were found in central and eastern zones in the areas with a lower built-up density and 

higher presence of vegetation. 

 

Figure 5 LST Mapping of Ahmedabad (in °C). 

By 2020, the extent and intensity of high LST zones in the city increased, with minimum and 

maximum values rising to 37.31°C and 45.19°C, respectively, showing a rise of more than 6°C in the 

maximum surface temperature over the two-decade period (Figure 6). The high-temperature zones 

were more pronounced in the eastern and south-eastern areas, coinciding with dense built-up and 

industrial regions. In contrast, lower LST values were mainly limited to areas with water bodies and 

limited vegetation, indicating moderate thermal stress. 

 

Figure 6 LST Extreme Values of Ahmedabad. 
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The increase in the LST range from 2000 to 2020 indicates greater in thermal heterogeneity 

across the city, highlighting the intensification of heat stress in Ahmedabad. 

3.4 Urban Thermal Field Variance Index (UTFVI) Analysis 

The UTFVI assessed patterns of thermal stress and how they have intensified and changed over 

the study period. The UTFVI maps for 2000 and 2020 (Figure 7) show a pronounced shift in the 

distribution and intensity of thermal stress across Ahmedabad. In 2000, most of the metropolitan 

area, especially the central and southern parts, had low thermal stress, showing balanced surface 

temperatures, whereas moderate stress zones appeared in mixed land-use areas, and the high 

stress was limited to small urban pockets in the west and southwest. This means that at the start of 

the study, thermal stress was focused in certain built-up areas and was not very spatially 

concentrated. By 2020, moderate and high thermal stress zones had expanded significantly, and 

high-stress areas became more pronounced and widespread. The high UTFVI values were mainly 

observed in eastern and south-eastern Ahmedabad, in areas with dense built-up and industrial 

development. The moderate thermal stress zones expanded across the city, indicating an increasing 

trend in thermal conditions. On the other hand, the low thermal stress zones became more 

fragmented and were largely confined to areas associated with water bodies and vegetated land. 

The comparative UTFVI analysis demonstrates that urban thermal stress in Ahmedabad has not only 

intensified but also expanded significantly over the past two decades. The transition from localised, 

highly stressed areas in 2000 to widespread moderate-to-high thermal-stress zones in 2020. 

 

Figure 7 UTFVI Mapping and Thermal Stress Zones. 

Upon calculating the area statistics for the latest 2020 UTFVI mapping, it was found that 35.53% 

of Ahmedabad city falls under the low thermal stress category, the moderate thermal stress 

category accounts for 50.92% of the total area, and around 13.55% of the total region is classified 

under high thermal stress. In the year 2020, high UTFVI zones were concentrated in the outskirts of 

industrial regions located in the eastern parts, like the Old City area, Khadia, and selected areas 

characterized by barren land, whereas low UTFVI zones were mainly distributed along the Sabarmati 

River corridor and around major water bodies (Table 6). 
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Table 6 Thermal Stress Locations for the year 2020. 

City High Thermal Stress Low Thermal Stress 

Ahmedabad 

Industrial areas along the eastern parts of 

the city, Old City, Khadia, and some peri-

urban areas in the form of barren land 

towards the south of the city 

Areas along the Sabarmati River and 

a few peri-urban areas of the city, 

including around Kankaria Lake and 

Chandola Lake. 

3.5 Predicted LULC Scenario for 2045 

The future LULC changes were simulated using the ANN-based MOLUSCE model. The predicted 

spatial distribution of LULC classes is presented in Figure 8, while the projected area statistics are 

shown in Table 7. 

 

Figure 8 Simulated LULC of Ahmedabad for 2045. 
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Table 7 Area Statistics of LULC classes in the years 2000, 2020, and 2045. 

LULC Class 
2000 

(km2) 

2020 

(km2) 

2045 

(km2) 

Percentage Change 

(km2) 

(2000- 

2020) 

% 

Change 

(2000- 

2020) 

Change 

(km2) 

(2020- 

2045) 

% 

Change 

(2020- 

2045) 

2000 2020 2045 

Built-Up 161.4 223.39 310.22 40.18 55.54 77.06 61.99 15.43% 86.56 21.52% 

Waterbody 2.33 7.97 4.46 0.58 1.99 1.11 5.63 1.40% -3.57 -0.88% 

Vegetation 33.04 22.19 4.99 8.22 5.53 1.24 -10.84 -2.70% -17.28 -4.29% 

Cropland 79.25 97.35 57.35 19.73 24.27 14.25 18.11 4.51% -40.39 -10.02% 

Barren land 125.72 50.84 25.67 31.29 12.66 6.38 -74.88 -18.64% -25.32 -6.28% 

The simulation results indicate continued expansion of built-up areas, projected to reach 310.22 

km2 by 2045, a 92% increase from 2000. The vegetation cover is projected to decline sharply from 

33.04 km2 in 2000 to 4.99 km2 in 2045, representing an 85% reduction. The barren land is expected 

to decrease from 125.72 km2 to 25.67 km2, and cropland from 97.35 km2 in 2020 to 57.35 km2 in 

2045, which could put pressure on the existing barren and agricultural lands in the periphery of the 

city. The water bodies exhibit a non-linear trend, increasing between 2000 and 2020 but declining 

to 4.46 km2 by 2045. 

The temporal progression of area and percentage changes from 2000 to 2020 and 2045 is 

illustrated in Figure 9(a-d). These results show a dominant trend of urbanisation accompanied by 

the contraction of ecological and agricultural LULC classes. 
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Figure 9 Findings for the year 2000, 2020, 2045. (a)Area in km2; (b) Area in per cent; (c) 

Area Changes in km2; (d) Per cent area change. 

3.6 Transition Dynamics and ANN Model Performance 

The ANN model implemented in the MOLUSCE framework was trained on historical LULC 

transitions and auxiliary variables. During ANN training, these parameters were set to effectively 

capture complex spatial transitions: 1000 iterations, 10 hidden layers, a learning rate of 0.1, a 1 × 1-

pixel neighborhood, and a momentum of 0.05. The ANN parameters used in the simulation are 

summarised in Table 8. 

Table 8 ANN Parameters for LULC Simulation in MOLUSCE. 

Parameter Value 

Neighborhood 1 × 1 pixel 

Learning Rate 0.100 

Maximum Iterations 1000 

Hidden Layers 10 

Momentum 0.050 

The model performance was tested using the Kappa Index of Agreement, which yielded values 

greater than 0.85, which strongly supports agreement between simulated and observed existing 
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LULC. The improvement in classification accuracy between 2000 and 2020 contributed to the 

robustness of the predictive simulation. The simulated 2045 LULC map represents a plausible future 

LULC scenario for the city, providing a spatially explicit basis for assessing potential land 

transformation trends in Ahmedabad. 

4. Discussion 

The integrated analysis of LULC, LST, UTFVI, and future land-use simulations provides a 

comprehensive understanding of how urban ecological systems have evolved and of their future 

scenarios for Ahmedabad. The results collectively reveal that rapid urban expansion has not only 

altered the city’s biophysical characteristics but also significantly changed the thermal environment, 

which has increased climate-related risks. 

4.1 LULC and Thermal Environment 

The significant increase in built-up land between 2000 and 2020 relates to Ahmedabad’s rapid 

urban expansion along major infrastructure and industrial corridors. Significant urban growth is 

evident in the eastern and southeastern zones, which include the areas around Vatva, Naroda, 

Odhav, and Aslali, all of which have established industrial estates. These zones have experienced 

the sustained conversion of barren and agricultural land into manufacturing units, warehouses, and 

worker housing, thereby contributing to the formation of dense, impervious urban surfaces. The 

areas of western Ahmedabad, particularly Bopal, Ghuma, Shela, and South Bopal, have witnessed 

large-scale residential and commercial development, driven by real estate expansion, improved 

road connectivity, and increased proximity to educational and institutional hubs. Similarly, in the 

northern periphery, including Chandkheda and Motera, have expanded rapidly due to the 

development of transport infrastructure and several urban amenities. These spatial trends are 

consistent with the observed decline in barren land and vegetation in the LULC analysis, as open 

lands in the fringe areas have been largely absorbed into the city fabric. The large-scale 

development initiatives by the government, such as the Gujarat International Finance Tec-City (GIFT 

City) near Gandhinagar, the Delhi-Mumbai Industrial Corridor (DMIC), and smart city-related 

investments, have accelerated LULC changes by improving regional accessibility and economic 

attractiveness. 

4.2 LULC-LST Relationship and Spatial Thermal Patterns 

The spatial distribution of LST shows a strong correspondence with the built-up morphology and 

land-cover composition of Ahmedabad. The persistently elevated LST values were mainly observed 

in the densely urbanised and industrial zones, including Vatva GIDC, Naroda GIDC, Odhav, and the 

historic city core encompassing Kalupur, Khadia, and Manek Chowk. The high building density, 

impervious surfaces, narrow streets, and limited vegetation cover are the visible characteristics of 

these areas of high LST. The dominance of concrete and asphalt surfaces in these zones increases 

absorption of solar radiation and heat retention, contributing to elevated LST and reduced nighttime 

cooling. On the other hand, lower LST values were found mainly along the Sabarmati River corridor, 

particularly in areas influenced by the Sabarmati Riverfront Development Project, as well as around 

major urban water bodies. The presence of open water surfaces, riparian zones, and landscaped 
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green spaces in these areas increases evaporative cooling and moderates surface temperatures. 

This pronounced contrast between the high-temperature built-up zones and cooler blue-green 

landscapes indicates the crucial role of land-cover heterogeneity and urban green-blue 

infrastructure in regulating surface thermal conditions in cities. 

4.3 UTFVI Patterns and Urban Heat Stress Hotspots 

The UTFVI analysis provides an accurate assessment of urban heat stress by normalizing LST 

variations relative to the citywide thermal characteristics. The high-UTFVI zones were 

predominantly found in industrial clusters and high-density residential areas, particularly in eastern 

Ahmedabad and parts of the historic urban core. These locations are typically characterised by 

limited green cover, greater human-generated heat emissions, aging infrastructure, and urban 

infrastructure that is often not designed to be climate-responsive. The moderate UTFVI zones are 

quite extensive and dominate the peri-urban areas undergoing rapid land conversion along Sanand 

Road, Sarkhej, and the peripheral zones near Changodar. These areas are generally characterised 

by mixed land-use and represent critical transition zones where future development patterns could 

substantially influence thermal conditions. Whereas, the low-UTFVI zones were primarily found 

along riverine landscapes, green campuses, and existing peri-urban agricultural areas. The strong 

links between high-UTFVI zones and areas of dense built-up concentration highlight the cumulative 

influence of land-use transformation on urban heat stress; rather than reflecting isolated 

temperature anomalies, the observed UTFVI patterns demonstrate a systemic intensification of 

thermal stress across the city. 

The projected LULC scenario for 2045 indicates a continued expansion of built-up land across 

Ahmedabad’s city limits, particularly along new growth corridors connecting Ahmedabad to Sanand, 

Changodar, and Gandhinagar. If these predicted trends come to pass, the future urban landscape 

will be dominated by impervious surfaces, with reduced vegetation and agricultural land. 

Given the strong empirical association between built-up density and elevated LST observed in 

the temporal analysis, it is reasonable to predict that urban heat stress is subject to intensification. 

The areas currently classified as moderate UTFVI zones, especially peri-urban growth fronts, are 

likely to transform into high thermal stress zones as vegetation will be replaced by urban 

infrastructure. The projected reduction in vegetation and water bodies further suggests a 

weakening of natural cooling mechanisms, increasing the likelihood of extreme surface 

temperatures during the summer season. 

5. Conclusion 

This study provides a comprehensive overview of LULC, thermal characteristics, and future LULC 

trajectories in the city of Ahmedabad by integrating remote sensing tools, machine-learning-based 

classification, thermal indicators, and predictive modelling. The results of the study indicate that 

rapid urban expansion between 2000 and 2020 has significantly modified Ahmedabad’s LULC, with 

built-up areas expanding significantly due to declines in barren land, vegetation, and agricultural 

areas. This transformation is most visible along major growth corridors and industrial zones, such as 

Vatva, Naroda, Odhav, and the western peri-urban belt, including Bopal and South Bopal, which 

reflect the combined effects of infrastructure development, industrialisation, and real estate-driven 

expansion. 
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The multi-temporal LST analysis for 2000 and 2020 shows that areas characterised by dense built-

up surfaces and industrial activity have consistently experienced increases in LST values in both 

years, and that high-temperature zones have expanded and intensified by 2020. Areas influenced 

by water bodies and vegetation, like the Sabarmati River corridor, Kankaria Lake, and Chandola Lake, 

have maintained comparatively lower thermal characteristics. However, the total area of these 

thermally moderate zones has reduced over time. The UTFVI-based assessment proves that a 

significant portion of the city has moved from lower to moderate and high thermal stress zones 

between 2000 and 2020, especially in eastern industrial zones and the historic city core. 

The future LULC simulation for 2045 indicates a growing trend in the city, with built-up areas 

simulated to dominate the urban fabric. Further, it may encroach upon remaining vegetation, 

cropland, and open spaces. The observed increase in LST over the decade, the corresponding 

increases in high UTFVI, and the projected LULC scenario suggest a possible intensification of 

thermal stress in the absence of specific policy intervention. The peri-urban areas, especially those 

connecting Ahmedabad with Sanand, Changodar, and Gandhinagar, are more vulnerable, as areas 

currently experiencing moderate thermal stress may change into high-stress zones. The projected 

trajectories are consistent with findings from other rapidly urbanising cities in India, such as Delhi, 

Surat, and Hyderabad, as well as with global studies that highlight the long-term effects of 

uncontrolled urban expansion. 

This integrated framework in the study provides valuable information, but a few limitations 

persist, such as the use of moderate-resolution MODIS LST data, which may be suitable for a multi-

temporal regional-scale assessment of LST, but it may not fully capture micro-scale thermal 

variations in highly diverse urban areas. The future land-use simulation assumes the continuation 

of historical trends and does not incorporate the city’s social and economic aspects. The study 

focused on thermal variability in the city’s summer months and did not conduct a multi-season 

analysis. Future research can address these limitations by using higher-resolution thermal data and 

socio-economic variables to enhance urban heat risk assessment. 

Despite these limitations, the results underscore the growing importance of integrating land-use 

planning with climate-sensitive urban development policies. The increase in LST and expansion of 

thermal stress zones between 2000 and 2020 highlight the urgency of preserving and enhancing 

blue green infrastructure of the cities by protecting the remaining agriculture and open spaces 

specifically including climate responsive building design, strict enforcement land use zoning 

regulations, and considering thermal aspects into all the development projects by private as well as 

public sector to improve resilience for the residents to combat against the climate change in the 

cities. 
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