((
Advances in Environmental and \ LIDSEN

Engineel‘ing Research LIDSEN Publishing Inc.

Original Research

Urban Expansion, Thermal Transformation, and Ecological Stress in
Chennai, India: A Multi-Temporal and Predictive Analysis Integrating
Landsat and VIIRS

Rupesh Kumar Gupta *, Yash Kumar Tiwari, Arpit Gupta, Grinedge Yadav, Swati Gupta *

Department of Continuing Education and Extension, Faculty of Social Sciences, University of Delhi,
Delhi-110007, India; E-Mails: gisrs2004@gmail.com; phd.yash0402 @gmail.com;
arpitgupta2662@gmail.com; grinedge.du@gmail.com; drswatiguptal205@gmail.com

* Correspondences: Rupesh Kumar Gupta and Swati Gupta; E-Mails: gisrs2004@gmail.com;
drswatiguptal205@gmail.com

Academic Editor: Yan-Fang Sang

Adv Environ Eng Res Received: August 01, 2026

2026, volume 7, issue 4 Accepted: October 13, 2026

doi:10.21926/aeer.2604035 Published: October 23, 2026
Abstract

Rapid urban growth transforms land cover and alters surface thermal conditions, especially in
fast-changing tropical coastal cities. This study examines the spatial and temporal
relationships among land-use/land-cover (LULC) transformation, land surface temperature
(LST), relative thermal stress, and nighttime illumination in Chennai, India. Landsat
observations for 2005, 2015, and 2025 were processed in Google Earth Engine to derive LULC
for 2005 and 2025 and seasonal LST and Urban Thermal Field Variance Index (UTFVI) measures
for the thermal reference years, while annual VIIRS nighttime radiance was analysed for 2014-
2025. We simulated future LULC using a Cellular Automata-Artificial Neural Network (CA-ANN)
framework, then used Random Forest regression to estimate a conditional thermal response
associated with the simulated 2045 land configuration. Between 2005 and 2025, built-up land
increased from 258.83 to 305.69 km?, whereas cropland and barren land declined by
approximately 60% and 75%, respectively. Under the CA-ANN scenario, built-up land is
projected to reach 352.55 km? by 2045, representing approximately 80.56% of the study area.
Historical thermal analysis shows substantial redistribution among LST classes, with the 35-
40°C class becoming increasingly dominant; however, the observed class redistribution is
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distinguished from a statistically significant temporal warming trend. The 2045 thermal
surface is similarly concentrated within the 35-40°C range, while the highest-temperature
classes contract under the modelled scenario. This redistribution is interpreted using fixed
temperature thresholds and possible upper-tail attenuation in the Random Forest estimates
and is not interpreted as evidence of future cooling. UTFVI analysis indicates substantial
spatial redistribution of relative thermal stress, while mean absolute UTFVI (MAUTFVI)
provides a more informative measure of interannual variation in stress magnitude. Annual
VIIRS nighttime radiance increased significantly from 20.992 in 2014 to 28.990 in 2025,
whereas the seasonal LST and MAUTFVI series did not show statistically significant linear
temporal trends. The bivariate VIIRS relationships with seasonal LST and MAUTFVI were also
not statistically significant at the 5% level, indicating that nighttime illumination alone does
not adequately explain interannual thermal variability. Overall, the results indicate that
nighttime illumination, land transformation, and thermal conditions represent related but
non-synchronous dimensions of urban change. The integrated framework therefore provides
a scenario-based basis for understanding Chennai’s evolving thermal environment and for
supporting climate-responsive and spatially targeted urban planning.
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ANN; random forest; Chennai

1. Introduction

Urbanization is one of the most consequential forms of land transformation, with built-up areas
progressively replacing cropland, wetlands, vegetation, and other permeable surfaces. These
transformations alter surface albedo, roughness, moisture availability, and energy exchange,
thereby influencing local surface-energy balance and broader environmental conditions [1]. Urban
growth is shaped by interacting physical, demographic, socioeconomic, and infrastructural factors
rather than occurring randomly [2]. Continued urban concentration is expected particularly across
Asia and Africa [3, 4], while differences in urban form, including compact development and
dispersed sprawl, produce contrasting spatial configurations and environmental consequences [5,
6]. The conversion and fragmentation of natural and semi-natural surfaces can reduce ecosystem
services [7], increase exposure to environmental stress [8], and create challenges for sustainable
land management and urban planning [9]. Global demographic projections further indicate
continued urban concentration in the coming decades [10]. Understanding how these
transformations modify urban thermal environments is therefore increasingly important for rapidly
developing cities. Remote sensing provides a consistent spatial basis for examining long-term urban
land transformation and its environmental consequences. Landsat imagery has been widely used
for multi-temporal land-use and land-cover (LULC) mapping because its spatial resolution enables
changes in urban, vegetated, agricultural, barren, and water-covered surfaces to be examined at
intra-urban scales [11, 12]. Improvements in classification approaches have enhanced the accuracy
and reproducibility of LULC mapping [13, 14], while multi-temporal analysis allows gradual land-
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cover transitions to be identified [15]. Reliable radiometric calibration and quality screening are
essential to maintain temporal consistency in remotely sensed observations [16, 17]. Spectral
indicators such as the Normalized Difference Vegetation Index (NDVI) and Normalized Difference
Built-up Index (NDBI) further help differentiate vegetated and built-up surfaces [18]. However,
mapping land transformation alone does not explain its environmental consequences. An important
guestion is how changes in surface composition alter the spatial distribution of land surface
temperature (LST) and associated thermal conditions [19].

Urban land transformation can substantially modify the surface energy balance and contribute
to urban heat island (UHI) conditions. Impervious surfaces generally absorb and store more solar
energy, whereas the loss or fragmentation of vegetation can reduce evapotranspirative cooling [20-
22]. Thermal remote sensing consequently provides an important means of examining the spatial
expression of urban thermal conditions through LST [23]. Researchers have widely applied Landsat-
based LST retrieval approaches to characterize urban surface-temperature patterns [24, 25].
Previous studies have repeatedly identified associations between urban expansion and increased
LST, whereas vegetation generally exerts a cooling influence [26]. Reviews and comparative studies
have established the value of LST for urban climate and environmental assessment [27, 28]. At the
same time, investigations in Indian cities and other rapidly urbanizing regions have reported similar
relationships between land transformation and surface warming [29-31]. These relationships,
however, are neither spatially nor temporally uniform. Seasonal conditions can substantially modify
thermal patterns, and the relationships between vegetation, built-up surfaces, and LST can vary
across time and space [32, 33].

The thermal response of tropical coastal cities requires particular attention because surface
heating depends not only on land-cover transformation but also on moisture availability,
atmospheric humidity, coastal circulation, seasonal rainfall, vegetation, surface materials, and
urban morphology. UHI conditions arise from changes in surface-energy balance associated with
the replacement of natural or permeable surfaces by impervious materials, changes in
evapotranspiration, heat storage, and radiative properties [20-23]. LST provides a spatially explicit
measure of the thermal state of the land surface and is therefore widely used to characterize urban
thermal environments [23-25]. It should not, however, be treated as a direct equivalent of near-
surface air temperature or human thermal exposure because surface temperature is influenced by
land-surface characteristics and atmospheric conditions at the time of observation. Seasonality
further complicates these relationships. Recent research shows that the thermal environment's
response to LULC and landscape configuration can differ substantially by season and depend on
multiple environmental drivers. The Beijing-Tianjin-Hebei urban agglomeration study, for example,
showed that summer and winter thermal environments differed in both magnitude and spatial
configuration and that the effects of impervious surfaces, green space, terrain, vegetation, and
other drivers varied seasonally [34]. Similarly, machine-learning research in the Pearl River Delta has
demonstrated that LULC change can be linked explicitly with seasonal LST, UTFVI, and UHI and that
future land-use scenarios can be used to examine potential changes in the urban thermal
environment [35]. These studies reinforce the importance of considering seasonality, landscape
configuration, and multiple environmental controls rather than interpreting thermal change only
through the extent of built-up expansion.

This complexity matters especially in Indian metropolitan regions, where rapid urban
transformation occurs alongside strong seasonal variability, heterogeneous urban morphology, and
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substantial contrasts among vegetation, water bodies, open surfaces, and impervious development
[29, 33]. In tropical coastal cities, humidity, sea-breeze circulation, wetlands, rivers, surface
moisture, and seasonal rainfall can moderate or redistribute the thermal response to urban
development [36-38]. Conversely, continued conversion and fragmentation of vegetated and
moisture-retaining surfaces can reduce evaporative cooling and modify local heat storage. The
resulting thermal environment therefore reflects interactions among land transformation, surface
characteristics, seasonal conditions, and the regional coastal environment rather than a simple one-
to-one relationship between built-up area and LST. Chennai provides a particularly relevant setting
for examining these interactions [39, 40]. Located along the Bay of Bengal and characterized by low-
lying terrain, high humidity, seasonal rainfall, wetlands, river systems, and extensive urban
development, Chennai contains strong contrasts between densely built-up surfaces and areas
influenced by vegetation and surface moisture. The coexistence of coastal, wetland, agricultural,
open, and intensely urbanized surfaces within a relatively compact metropolitan region creates
substantial spatial heterogeneity in thermal conditions. Coastal circulation and moisture can further
modify surface heating, while dense urban development can alter heat storage and local ventilation.
These characteristics make Chennai an appropriate case for investigating how LULC transformation,
seasonal thermal conditions, and ecological thermal stress interact within a tropical coastal urban
system.

LST provides information on the spatial distribution and magnitude of surface heating, but
temperature patterns alone do not fully describe the ecological dimension of thermal stress. The
Urban Thermal Field Variance Index (UTFVI) offers a complementary measure by linking local LST to
the thermal conditions across the wider study area, thereby characterizing the spatial distribution
of relative thermal stress [41]. UTFVI-based assessments have distinguished relatively favourable
from unfavourable thermal conditions and identified locations requiring greater attention for
mitigation [42, 43]. Previous studies integrating UTFVI with LULC have reported concentrations of
higher thermal stress in densely built-up areas and areas characterized by reduced vegetation [44,
45]. These studies establish the usefulness of LULC-LST-UTFVI analysis but also demonstrate that
the individual components are sufficiently well established that the present study should not claim
novelty simply from combining the same indicators. The relevant question is instead how these
components can be connected across historical, seasonal, and future spatial contexts within a
common analytical framework. Future urban thermal conditions also depend on how the land
system develops spatially. Machine-learning approaches can examine complex relationships
between land characteristics and surface temperature [46-48], while spatial simulation approaches
can project future land-use configurations [49]. CA-ANN models have been widely used to represent
spatial transition processes and urban land-use change [50-53], while the MOLUSCE framework
provides an operational GIS environment for such modelling. Regression and machine-learning
techniques can subsequently be used to associate projected land configurations with thermal
conditions [54, 55]. The existence of these approaches means that future LULC simulation or
thermal modelling alone cannot be regarded as the principal novelty of the present study. Rather,
the relevant contribution is the sequential connection of historical land transformation, future LULC
simulation, and scenario-based thermal assessment. A further issue concerns temporal continuity.
Landsat provides detailed spatial information on LULC, LST, and UTFVI, but studies based on selected
observation years provide only a discontinuous view of changes in urban activity. VIIRS nighttime
radiance provides an established annual record of nighttime illumination and an indirect indicator
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of urban activity and development intensity [38-40]. The use of VIIRS itself is therefore not
presented as a novel method, and radiance is not treated as a direct thermal measurement. Instead,
its value in the present study lies in providing an independent temporal dimension that can be
compared with the discrete Landsat-based observations. This allows us to examine whether
increasing nighttime urban activity is accompanied by synchronous changes in seasonal LST and the
magnitude of spatial thermal variability, while recognizing that these dimensions can be influenced
by different environmental and temporal controls.

Against this background, three specific analytical gaps are addressed. First, a spatial-temporal
integration gap remains. Previous studies have already established relationships among LULC, LST,
and UTFVI, including applications that combine these indicators [44, 45]. The unresolved issue
addressed here is therefore not the simple co-use of these variables, but their connection across
multiple historical years and seasons within a common spatial framework. The study examines LULC
transformation together with seasonal LST and pixel-level UTFVI to determine how changes in land
composition correspond with changes in surface temperature and the spatial distribution of relative
thermal stress. Second, a future thermal-translation gap remains. Previous studies have
demonstrated that CA-ANN and related land-use simulation approaches can be combined with
thermal modelling [56-60]. The present study does not claim that this methodological combination
is unprecedented. Instead, it uses the simulated 2045 LULC configuration as the spatial basis for
estimating potential future LST and interpreting its corresponding UTFVI pattern. This sequential
framework connects the projected spatial land configuration with its potential thermal and
ecological implications. Importantly, the 2045 results are treated as scenario-based estimates
conditional on the projected land configuration and the modelled predictor relationships, not as
deterministic forecasts of future climate or extreme temperature. Future thermal conditions will
also depend on meteorological, atmospheric, socioeconomic, coastal, and other processes not fully
represented in the land-use scenario. Third, a temporal urban-activity evidence gap remains. VIIRS
nighttime radiance is already an established source for monitoring nighttime illumination and urban
activity [38-40]. Its contribution here is therefore not the novelty of the dataset but its integration
with the discontinuous Landsat observations. The annual 2014-2025 VIIRS record is combined with
seasonal Landsat-derived LST and UTFVI measures to test statistically whether temporal changes in
urban activity are associated with changes in thermal conditions. This design permits the study to
distinguish between increasing nighttime urban intensity and changes in surface thermal conditions
rather than assuming that the two must follow identical temporal trajectories. These three gaps are
analytically distinct and map directly onto the five objectives of the study. Objective 1 establishes
the 2005-2025 LULC baseline required to interpret subsequent thermal change rather than treating
land-use mapping as an end in itself. Objective 2 links seasonal LST with pixel-level UTFVI to examine
surface thermal response and ecological thermal stress jointly. Objective 3 uses CA-ANN to translate
the observed land-transition structure into a 2045 spatial scenario, while Objective 4 translates this
projected land configuration into potential seasonal LST and UTFVI responses through Random
Forest modelling rather than treating future LULC as a direct thermal scenario projection. Objective
5 adds the continuous annual VIIRS dimension and tests whether changes in nighttime urban activity
correspond temporally with seasonal LST and MAUTFVI. The contribution therefore lies in the
linkage and interpretation of established approaches within a common Chennai framework, rather
than in claiming novelty for any individual dataset or method.

Page 5/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

The resulting framework provides complementary spatial and temporal perspectives on
Chennai’s thermal environment. LULC mapping establishes the trajectory of land transformation;
seasonal LST characterizes the associated surface thermal response; UTFVI identifies the spatial
distribution of relative thermal stress; CA-ANN provides the projected 2045 land-use configuration;
Random Forest estimates the potential thermal response associated with that scenario; and annual
VIIRS radiance provides an independent temporal indicator of nighttime urban activity. This
framework also maintains a necessary distinction between observed historical conditions, statistical
associations, and scenario-based projections. In particular, we do not assume that increasing
nighttime radiance produces a proportional increase in LST or UTFVI, and we do not treat a
projected future LULC configuration as a deterministic forecast of future thermal conditions. The
study therefore examines Chennai’s urban thermal transformation as a coupled but not necessarily
synchronous process involving land change, seasonal surface temperature, spatial ecological
thermal stress, future land-use configuration, and temporal urban activity. This integrated
perspective is particularly relevant in tropical coastal environments where urban morphology,
vegetation, moisture, atmospheric processes, and coastal influences shape surface thermal
conditions. It also provides a basis for identifying whether apparent changes in urban activity
correspond to changes in the thermal environment and for interpreting where future land
transformation may generate greater thermal pressure.

The objectives of this study are:

1. To map land use and land cover changes in Chennai for 2005 and 2025 using multi-temporal
Landsat data, thereby establishing the spatial and temporal baseline of urban land
transformation.

2. To derive seasonal land surface temperature (LST) and Urban Thermal Field Variance Index
(UTFVI) for 2005, 2015, and 2025 and examine the spatial thermal response associated with
changing land-cover conditions.

3. To simulate the spatial configuration of LULC for 2045 using a Cellular Automata-Artificial
Neural Network (CA-ANN) model implemented in MOLUSCE and use the resulting scenario as
the basis for future thermal assessment.

4. To estimate the potential 2045 LST and UTFVI patterns associated with the projected land-use
scenario using Random Forest regression, thereby translating simulated land transformation
into a scenario-based assessment of future thermal conditions.

5. To analyse annual VIIRS nighttime radiance from 2014 to 2025 as an independent indicator of
changing urban activity and examine whether its temporal variation is statistically associated
with seasonal LST and MAUTFVI, thereby distinguishing changes in urban activity from
changes in surface thermal conditions.

2. Materials and Methods
2.1 Study Area

Chennai is situated on the southeast coast of India along the Bay of Bengal. The study area lies
between 12.8° N and 13.3° N latitude and 80.1° E and 80.3° E longitude (Figure 1). The city is part of
Tamil Nadu and functions as a major metropolitan and economic center in southern India. The
landscape is mainly flat, with elevation between 0 and 60 m above mean sea level. The Cooum,
Adyar, and Kosasthalaiyar rivers form the principal drainage network of the coastal plain. The
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metropolitan area contains several wetlands and marsh ecosystems, including the Pallikaranai
marsh. The study area's coastal boundary extends over 15 km. The eastern boundary of the study
area is directly influenced by the Bay of Bengal. Inland areas include previous agricultural and
suburban lands that are changing rapidly due to urban development. This difference between
coastal areas and the inland areas creates different surface conditions over short distances. The
presence of wetlands, rivers, and densely built-up areas allows the comparison of different land
cover types within the same urban area.
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Figure 1 Location of the study area with (a) Global location of the Indian subcontinent;
(b) Location of India within the Indian subcontinent; (c) Location of Tamil Nadu in India;
and (d) Location and satellite image of Chennai.

These conditions make the study area suitable for analyzing the relationships between land use
change and land surface temperature. Chennai has a tropical climate with consistently high
temperatures. The hottest period is from April to June when daytime air temperature often exceeds
38°. The majority of rainfall occurs during the northeast monsoon from October to December. The
city receives an average of about 1200 mm of rainfall each year, but its distribution is uneven and
heavy rainfall events frequently occur. The city’s coastal location keeps humidity levels high. Sea
breezes help reduce temperatures in some parts of the city, whereas their effect is weaker in
densely built-up areas where air movement is limited. Together, the climate and land surface
characteristics shape the thermal environment. High temperatures, high humidity and dense urban
development increase thermal stress. The region shows clear seasonal variation, but hot conditions

Page 7/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

are not restricted to a single season. This makes it suitable for studying seasonal and long-term
thermal changes.

2.1.1 Urban Growth Context

Urban expansion in Chennai has increased rapidly over the past two decades as the city has
grown both by expanding into the surrounding areas and by developing the land within the existing
urban boundary. Many settlements on the outskirts have gradually become part of the metropolitan
area while agricultural land and open spaces have been converted into residential, commercial and
industrial uses. The growth of transport infrastructure and IT development zones has accelerated
this change and has increased the built-up density, especially in the central and southern parts of
the city, although the pattern of urban expansion has not been the same across all parts of Chennai.
Urban growth has largely followed transport networks and major economic corridors, which has
created long and connected patterns of development across the city. As built-up areas expanded,
impervious surfaces increased. At the same time, vegetated land became less continuous, and urban
development gradually spread into floodplains and wetland edges, changing the natural drainage
system and reducing its ability to store excess water. The loss of green space has also increased the
variation in surface temperature across the city. The changes between 2005 and 2025 clearly show
how Chennai has shifted from a landscape with mixed land cover to one dominated by built-up areas,
making this period suitable for analyzing long-term land use change and projecting future conditions.

2.1.2 Environmental Sensitivity

Chennai is environmentally sensitive because of its coastal location and low elevation, which
make the city vulnerable to cyclones, heavy rainfall, storm surges, and frequent flooding. Flood
events have become more common in recent years, and land use changes have added to this
problem by reducing wetlands and increasing built-up areas. Wetlands such as Pallikaranai play an
important role by storing excess runoff and helping to maintain the local microclimate, but the loss
of these wetlands increases both flood risk and surface temperature. Urban growth has also
changed the river systems, as floodplains have become narrower and natural drainage channels
have been modified, which has increased surface runoff as built-up areas continue to expand. At
the same time, the loss of vegetation reduces evapotranspiration and weakens the natural cooling
effect of the landscape. The thermal conditions in Chennai are shaped by all of these factors
together because land cover, moisture availability, and atmospheric conditions interact with each
other and these interactions become stronger as land conversion continues. This combination of
high climatic exposure and rapid urban growth makes Chennai an ideal area for studying thermal
stress under both present and future land use conditions.

2.2 Satellite Data and Other Data Sources

The multispectral and thermal datasets from Landsat were used to characterize land
transformation and seasonal surface thermal conditions in Chennai. For LULC classification, Landsat
7 ETM+ imagery was used for 2005 and Landsat 8 OLI imagery for 2025. In contrast, the thermal
analysis used Landsat 5 TM for 2005, Landsat 8 OLI/TIRS for 2015, and Landsat 9 OLI/TIRS for 2025
(Table 1 and Table 2) [11, 12, 17, 18]. This distinction reflects the availability and suitability of the
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sensor datasets for the separate classification and thermal-analysis tasks and should not be
interpreted as use of a single sensor across the entire study period. We derived all thermal
observations from Landsat Collection 2 Level-2 products using the sensor-specific surface-
temperature bands provided for each platform. Landsat 5 TM and Landsat 7 ETM+ thermal
observations use the sensor-specific thermal products associated with those missions, while Landsat
8 and Landsat 9 use the STgi10 product. The corresponding Collection 2 scale factors and offsets were
applied before conversion to physical temperature, and a common LST retrieval framework was
used across the reference years. The use of Collection 2 Level-2 products provides a consistent
product-level radiometric basis; however, this does not imply complete removal of residual sensor-
specific differences in thermal response. Accordingly, we interpret long-term LST comparisons are
interpreted primarily in terms of broad spatial and categorical thermal patterns, while treating small
absolute interannual differences cautiously [31, 39, 46].

Table 1 Satellite data used specifically for LULC classification.

Satellite Collection Period Resolution Description
Landsat 7 ETM+ 01/01/2005-31/12/2005 30 m Collection 2 Tier 1 calibrated reflectance
Landsat 8 OLI 01/01/2025-31/12/2025 30m Collection 2 Level 2 surface reflectance

Note: The sensor sequence in this table refers to the LULC classification workflow and is distinct
from the thermal sensor sequence used for LST/UTFVI analysis in Table 2.

Table 2 Satellite data used for LST and UTFVI estimation.

Year Satellite & Sensor Bands Used Spatial Resolution
2005 Landsat 5 TM SRs1-87, STge 30m
2015 Landsat 8 OLI/TIRS SRs1-87, STs10 30m
2025 Landsat 9 OLI/TIRS SRg1-87, STB10 30 m

Note: Sensor-specific thermal bands were processed using the corresponding Landsat Collection
2 Level-2 scale factors and a common LST retrieval framework. No empirical inter-sensor
thermal bias correction was applied; residual sensor-specific differences are acknowledged as a
limitation of long-term absolute LST comparison. The sensor sequence in Table 2 refers
specifically to the thermal/LST analysis. LULC classification used a separate imagery sequence
described in Table 1. Landsat 5 TM was used for the 2005 thermal reference year, Landsat 8
OLI/TIRS for 2015, and Landsat 9 OLI/TIRS for 2025.

2.3 Image Processing and Preparation

For the analyses, Google Earth Engine was used to acquire and preprocess satellite imagery. The
Chennai metropolitan boundary shapefile was used to clip all datasets. For the continuous 2014-
2025 analysis, Landsat Collection 2 Level-2 scenes intersecting the study area were selected by
acquisition date and spatial extent. Instead of applying a fixed scene-level cloud threshold as a hard
exclusion criterion, pixel-level quality screening was applied using the Landsat QApixer and QArapsat
bands to remove fill, dilated cloud, cirrus, cloud, cloud-shadow, snow, and saturated pixels. This
approach retained usable clear pixels while reducing the influence of cloud-contaminated
observations. We generated seasonal median composites separately for summer (April-June) and
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winter (November-December) to reduce short-term variability and maintain consistency with the
historical seasonal analysis. We converted surface temperature values to Kelvin before calculating
UTFVI. Annual VIIRS radiance composites were generated for 2014-2025 from the monthly VIIRS
nighttime-radiance product. Seasonal LST and pixel-level UTFVI statistics were then calculated from
the available quality-controlled Landsat observations.

For radiometric preprocessing, the standard USGS Landsat Collection 2 Level-2 scale factors and
offsets were applied to the relevant surface-reflectance and surface-temperature products before
index and thermal calculations. Surface-reflectance bands were converted to unitless reflectance
using the corresponding Collection 2 scaling relationship. The sensor-specific surface-temperature
bands were converted to physical temperature in Kelvin using the corresponding Collection 2 Level-
2 scaling parameters, after which 273.15 K was subtracted to express LST in degrees Celsius. Thermal
processing therefore used sensor-specific Landsat products rather than applying a single unmodified
digital-number-to-temperature conversion across sensors. The same computational sequence was
maintained across the thermal reference years: acquisition of the Collection 2 Level-2 product,
guality screening, application of the sensor-specific scale factors and offsets, generation of the
seasonal composite, conversion to Kelvin, and subsequent UTFVI calculation. This common
processing structure reduces differences introduced by inconsistent preprocessing and preserves
the sensor-specific calibration implemented in the Landsat Collection 2 products. The present study
applied no additional empirical cross-sensor thermal bias correction. In particular, the analysis did
not perform overlap-based inter-sensor regression, pseudo-invariant target adjustment, or an
independent empirical calibration between Landsat thermal observations. Consequently, the
processing should be understood as product-level radiometric standardisation and methodological
harmonisation rather than complete removal of sensor-specific systematic differences. Residual
differences in thermal response among Landsat generations may therefore remain and could
contribute to small differences in absolute LST between reference years. For this reason, the
interpretation places greater emphasis on broad spatial patterns, seasonal contrasts, thermal-class
redistribution, and multi-indicator consistency than on attributing small absolute interannual LST
changes solely to physical warming.

2.4 Land Use and Land Cover Classification

To procure LULC maps for the years 2005 and 2025, supervised classification was employed. Five
classes were defined for the study: built-up land, vegetation, water bodies, cropland, and barren
land (Table 3). The training samples were selected through visual interpretation supported by high-
resolution imagery in GEE. A 30 m spatial buffer was applied to match Landsat resolution. The
Random Forest classification with 50 decision trees was implemented. This method is robust to
overfitting and performs well in heterogeneous urban landscapes [38]. Independent validation
samples were used to assess classification accuracy. The evaluation included overall accuracy,
producer accuracy, user accuracy, and the Kappa coefficient. These metrics quantify classification
reliability and agreement with the reference data.
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Table 3 LULC Classification Scheme.

LULC Type Description

Built-up Land Residential, commercial, infrastructure
Water Body Rivers, lakes, ponds

Vegetation Forest and green cover

Crop Land Agricultural land

Barren Land Exposed and unused land

2.5 Simulation of Future LULC

This study used the MOLUSCE plugin in QGIS to simulate land-use changes for 2045. The model
integrates Cellular Automata (CA) and Artificial Neural Network (ANN) algorithms to represent
spatial transition processes [47, 57]. The LULC maps for 2005 and 2025 were used to establish the
historical land-transition structure and generate the transition probability matrix. Spatial transition
potential was estimated using eight spatial driving variables: DEM/elevation, aspect, slope, hill
shade, contour, curvature, distance to stream, and railway distance. The predictor set displayed in
Figure S1 was selected to represent complementary geographical conditions that can influence the
spatial suitability and direction of land-use transition. Rather than relying on a single measure of
terrain or accessibility, the predictor set combines terrain configuration, hydrological proximity, and
transportation-related accessibility. This allows the CA-ANN model to account for spatial
heterogeneity in the landscape when estimating transition potential. DEM/elevation was included
to represent the vertical position of the terrain and broad elevation-related differences in land
suitability. Aspect was included to represent the directional orientation of terrain surfaces, which
can be associated with differences in solar exposure, moisture conditions, and local environmental
characteristics. Slope represents terrain steepness and therefore provides information relevant to
the physical suitability and development constraints of different locations. Hill shade was included
as a terrain-relief representation that captures spatial variation in surface illumination and relief
configuration. Contour information represents the spatial organisation and gradient of elevation
and provides an additional description of the terrain structure. Curvature represents local convexity
and concavity and can distinguish relatively different terrain forms and local drainage or surface-
form conditions. Together, these six terrain-derived variables provide complementary descriptions
of the physical configuration of the landscape. We included distance to stream to represent the
spatial relationship between potential land transformation and the drainage network. Proximity to
streams can distinguish locations with different hydrological conditions and development
constraints, particularly in a low-lying and environmentally sensitive urban area such as Chennai.
Distance to the railway was included to represent proximity to transportation infrastructure and
associated accessibility to established development corridors. It therefore provides a spatial
representation of the infrastructure-related context within which urban expansion may occur.

The eight predictors were supplied jointly to the ANN for transition-potential estimation and
were subsequently incorporated within the CA framework for spatial allocation of future land-use
transitions. The predictors were treated as complementary spatial descriptors rather than as
statistically independent explanatory variables, consistent with the scenario-based purpose of the
CA-ANN component. The variables were therefore treated as complementary spatial descriptors
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rather than as statistically independent causal determinants. In particular, aspect, slope, hill shade,
contour, and curvature are derived from the same DEM and may contain related information. Their
joint use is intended to represent different characteristics of terrain configuration, while
acknowledging that some spatial dependence may exist among them. All predictor layers were
derived or prepared at a common spatial resolution and harmonised to the coordinate reference
system, spatial extent, and raster alignment of the LULC datasets. This ensured that each predictor
corresponded to the same modelling cells and could be jointly incorporated into transition-potential
estimation. The ANN component was used to estimate spatial transition-potential surfaces from the
selected predictor set, while the CA component incorporated neighbourhood effects to spatially
allocate future land-use transitions. We then applied the calibrated model to simulate the 2045
LULC configuration. The resulting 2045 map represents a scenario conditioned on the observed
2005-2025 transition structure and the selected spatial driving variables. The LULC classification
accuracy and the CA-ANN simulation performance were treated as separate aspects of model
assessment. The Overall Accuracy and Kappa coefficients reported for the 2005 and 2025 LULC maps
assess the reliability of the classified LULC products and are not equivalent to independent
validation of the CA-ANN simulation itself. The present study used CA-ANN as a spatial scenario-
generation framework based on the observed 2005-2025 land-transition structure and the selected
spatial predictors. A historical hindcast in which an earlier period was used to simulate a known
subsequent year was beyond the original analytical scope and was therefore not performed.
Consequently, we do not report simulation-specific validation measures such as Figure of Merit
(FoM), simulation-specific Overall Accuracy, Kappa, or a simulated-versus-observed confusion
matrix. This limitation is explicitly acknowledged because the absence of an independent hindcast
constrains quantitative assessment of the spatial accuracy and uncertainty of the 2045 land-use
scenario. The 2045 CA-ANN output is therefore interpreted as a scenario-based spatial projection
conditional on the observed transition structure and selected predictors, rather than as a
deterministic or independently validated prediction of future land use.

2.5.1 Predictor Selection and Multicollinearity Limitation

The spatial driving variables for the CA-ANN simulation were selected a priori according to their
geographical relevance to land-transition processes and their ability to represent complementary
aspects of terrain configuration, hydrological proximity, and transportation accessibility. The final
predictor set comprised DEM/elevation, aspect, slope, hill shade, contour, curvature, distance to
stream, and railway distance. Their individual spatial representations and methodological rationale
are provided in Table S1. We therefore selected variables based on each variable's intended spatial-
simulation role rather than on the assumption that each predictor represents an independent
statistical determinant of land-use change. The six terrain-derived variables provide different
descriptions of the physical configuration of the landscape. DEM/elevation represents vertical
terrain position; aspect represents terrain orientation; slope represents terrain steepness; hill shade
represents terrain-relief and illumination characteristics; contour represents the spatial
organisation and gradient of elevation; and curvature represents local terrain form. Distance to
stream represents hydrological proximity and potential drainage-related constraints, while railway
distance represents transportation accessibility and development connectivity. The predictors were
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therefore selected to provide complementary spatial information relevant to the location and
suitability of land transformation.

A potential limitation of this predictor set is spatial redundancy among variables derived from
the same underlying DEM. In particular, aspect, slope, hill shade, contour, and curvature are
mathematically or spatially related terrain descriptors and may contain overlapping information.
The predictors were nevertheless retained because the purpose of the ANN component was to
estimate spatial transition potential from a combined set of environmental and accessibility
descriptors rather than to estimate independent regression coefficients or causal effects for
individual variables. The original CA-ANN workflow did not apply formal predictor-screening
diagnostics, such as pairwise correlation thresholds or variance inflation factor (VIF). Consequently,
the present study does not claim that the eight predictors are statistically independent, nor does it
interpret the relative contribution of an individual predictor as an independent causal effect on
land-use transition. The ANN was supplied with the predictor layers jointly, and the resulting
transition-potential surface is therefore interpreted as a combined spatial suitability representation
rather than as evidence of independent effects attributable to particular predictors.

This limitation may introduce redundancy in the predictor space and may influence the relative
contribution assigned internally by the ANN to terrain-derived variables. However, because the
objective of the CA-ANN component was scenario-based spatial allocation rather than causal
inference from individual predictors, the principal interpretation of the 2045 output remains the
spatial configuration generated by the combined predictor set and historical transition structure.
The absence of formal collinearity screening consequently limits interpretation of individual
predictor contributions and represents an uncertainty of the scenario-modelling framework. Future
implementations should incorporate pairwise correlation analysis, VIF assessment, and predictor-
sensitivity testing to identify potentially redundant variables and determine whether a reduced
predictor set produces comparable transition potential and future LULC patterns. This would
provide a stronger assessment of predictor stability and model robustness without changing the
scenario-based purpose of the present analysis.

2.6 Derivation of Spectral Indices

The spectral indices were derived to represent key land surface characteristics influencing
thermal behavior across the region. NDVI was used to quantify vegetation density, while NDBI was
used to identify built-up surfaces. These indices help distinguish vegetated and impervious surfaces
because these land-cover types have contrasting thermal properties. Built-up areas tend to retain
and radiate heat, whereas vegetated surfaces promote evapotranspiration and surface cooling.

The Normalized Difference Vegetation Index (NDVI) was calculated as:

NIR — RED

NDVI = TR T RED

The Normalized Difference Built-up Index (NDBI) was calculated as:

NDBI — SWIR — NIR
" SWIR + NIR
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where:
NIR = near-infrared band
RED = red band
SWIR = shortwave infrared band

NDVI values range from negative (-ve) to positive (+ve), with higher values indicating dense
vegetation. NDBI values highlight built-up features, with higher values corresponding to impervious
surfaces. These indices were used as key inputs for analyzing land-temperature relationships and
for subsequent modelling steps [61-63].

2.7 Land Surface Temperature Retrieval

This study calculated land surface temperature (LST) from the thermal infrared bands of the
Landsat images using an emissivity-corrected method. The method accounts for surface
characteristics by incorporating vegetation cover into emissivity estimation. This improves
temperature retrieval accuracy, especially in heterogeneous urban environments.

Fractional vegetation cover was estimated using NDVI:

_( NDVI — NDV i )2
v \NDVIg — NDVI;,

Surface emissivity was then calculated as:

£ = 0.986 + 0.004 - F,

Finally, land surface temperature was derived using:

T,
LST = 5 7‘3 —273.15
i
1+ (—p )in(e)
where:
Ts = brightness temperature (Kelvin)
A = wavelength of emitted radiance
h-c
p= o

where:
h = Planck constant
¢ = speed of light
o = Boltzmann constant
The derived LST values were classified into five temperature classes to analyze the spatial
distribution of thermal conditions across the study area (Table 4).
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Table 4 LST class intervals.

Class Temperature (°C) Interpretation
1 <30 Low

2 30-35 Moderate

3 35-40 High

4 40-45 Very high

5 >45 Extreme

2.8 Urban Thermal Field Variance Index

We assessed ecological thermal stress using the Urban Thermal Field Variance Index (UTFVI),
calculated from the spatial distribution of land surface temperature (LST). To avoid unit
inconsistency, the retrieved LST values were first expressed in Kelvin before calculating UTFVI. For
each pixel, UTFVI was calculated as the deviation of pixel-level LST from the corresponding study-
area mean LST divided by the study-area mean LST:

UTFVI was calculated using the following equation:

LST; — LST
LST

UTFVI; =

where UTFVI; is the UTFVI value for pixel i, LST; is the pixel-level land surface temperature in Kelvin,
and LST is the mean LST of all valid pixels within the study area in Kelvin.

Using Kelvin is essential because the numerator and denominator represent absolute
temperature values. The formula produces a normalized dimensionless deviation from the study-
area mean. Consequently, when you arithmetically average the UTFVI surface over the same valid
pixels used to calculate the mean LST, positive deviations above the spatial mean and negative
deviations below the spatial mean largely cancel. The arithmetic spatial mean of UTFVI is therefore
expected to be numerically close to zero. A near-zero mean UTFVI should not be interpreted as an
absence of thermal stress or as evidence of a unit-conversion error. The magnitude and spatial
distribution of thermal variability were therefore evaluated from the pixel-level UTFVI distribution,
including its standard deviation, range, percentile statistics, and classified spatial pattern. For the
continuous 2014-2025 analysis, mean absolute UTFVI (MAUTFVI) was additionally calculated as the
spatial mean of the absolute pixel-level UTFVI values. MAUTFVI removes cancellation between
positive and negative deviations and therefore provides a direct summary of the magnitude of
spatial thermal variability. This formulation also explains why annual mean UTFVI values in the VIIRS-
LST time series can be numerically very close to zero. Such values result from spatial centering
around the mean LST and are not indicative of a unit-conversion error. We then applied the UTFVI
classification to the pixel-level UTFVI surface to identify areas experiencing different levels of
ecological thermal stress (Table 5).
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Table 5 UTFVI classification categories.

UTFVI Range UHI Presence Ecological Meaning
<0.005 Weak Good

0.005-0.010 Middle Normal
0.010-0.015 Strong Bad

0.015-0.020 Stronger Worse

>0.020 Strongest Worst

Note: UTFVI classes were assigned using the pixel-level UTFVI values. The near-zero spatial mean
of UTFVI is a mathematical consequence of normalization against the study-area mean LST and
does not imply that all pixels have UTFVI values close to zero.

2.9 Integrated Machine Learning-Based Projection for 2045

A Random Forest regression framework was used to translate the simulated 2045 land-use
configuration into a scenario-conditioned land surface temperature (LST) response. We selected
NDVI, NDBI, and NDW!I as predictor variables because they represent vegetation condition, built-up
surface characteristics, and surface-water or moisture-related conditions, respectively. We
considered separate seasonal models for summer and winter to account for differences in seasonal
thermal behaviour. We calibrated the regression relationship using spatially distributed pixel
observations from available Landsat-based thermal and spectral datasets for 2005, 2015, and 2025.
These years represent the available temporal reference points for the thermal modelling, while the
model fitting uses spatial observations from the corresponding study-area pixels rather than
treating the three years as three individual observations. We then generated the 2045 predictor
surfaces from the simulated 2045 land-use configuration and supplied them to the corresponding
Random Forest model. The resulting LST surface represents a model-estimated thermal response
conditional on the projected land configuration and the predictor relationships represented in the
historical reference data. Thus, the Random Forest component functions primarily as a scenario-
translation step, linking the simulated future land surface to a potential thermal response, rather
than as an independently validated operational LST forecasting system.

An independent train-test validation framework, cross-validation procedure, and predictor-
importance analysis were not included in the original analytical design. Consequently, training-
versus-validation performance statistics such as independent validation RZ, RMSE, and MAE, as well
as formal predictor-importance rankings, are not reported. These statistics were therefore not used
to claim predictive superiority of the model or to infer that NDVI, NDBI, or NDWI independently
controls future LST. No independently observed 2045 thermal surface is available against which
future predictive accuracy can be tested. This limitation is particularly relevant because only three
temporal Landsat reference years (2005, 2015, and 2025) were available for the historical thermal
modelling. Although the model fitting incorporates spatially distributed observations within these
years, the temporal coverage remains limited and may constrain generalisation to predictor and
thermal conditions outside the historical range. Overfitting, reduced extrapolation performance,
and uncertainty in the upper tail of the projected LST distribution therefore cannot be excluded.

The 2045 Random Forest output is consequently interpreted as a conditional scenario estimate
rather than a quantitatively validated future LST forecast. The results indicate the thermal response
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generated by applying the learned historical relationships to the predictor surfaces associated with
the CA-ANN 2045 land-use scenario. The absence of independent validation and predictor-
importance diagnostics limits the extent to which the magnitude of the projected LST response or
the contribution of individual predictors can be quantitatively established. Future studies using
longer thermal time series, independent hold-out observations, explicit cross-validation, additional
meteorological and urban-morphological predictors, and formal predictor-importance analysis
would provide a stronger basis for evaluating model generalisation and predictive uncertainty.

2.10 VIIRS-Based Continuous Thermal Assessment (2014-2025)

We conducted continuous temporal analysis using annual VIIRS nighttime radiance alongside
seasonal Landsat-derived LST and UTFVI metrics for 2014-2025. VIIRS nighttime radiance was used
as an indirect indicator of nighttime illumination and urban activity, while Landsat-derived LST and
UTFVI were used to characterize surface thermal conditions and spatial thermal variability,
respectively. Annual mean VIIRS radiance values were extracted for the study area using Google
Earth Engine. We generated seasonal Landsat datasets separately for summer (April-June) and
winter (November-December) to match the seasonal thermal analysis. Mean seasonal LST was
calculated for each year and season.We calculated UTFVI from the corresponding spatial LST surface
using the formulation described in Section 2.8, with LST expressed in Kelvin before normalization.
Because UTFVI is normalized relative to the corresponding study-area mean LST, the arithmetic
spatial mean of the pixel-level UTFVI surface is expected to be approximately zero. Accordingly, the
spatial mean UTFVI was retained as a diagnostic measure of the mathematical centering of the
normalized index rather than as a measure of thermal-stress magnitude. To quantify the magnitude
of spatial thermal variability in the continuous series, MAUTFVI was calculated for each year and
season as the mean absolute value of the valid pixel-level UTFVI observations. Annual MAUTFVI was
therefore used as the principal continuous measure of UTFVI magnitude. At the same time, the
pixel-level UTFVI surfaces and classified UTFVI categories remained the basis for spatial thermal-
stress interpretation.

2.10.1 Descriptive Statistical Analysis

We calculated basic statistical measures to summarize temporal variation in the thermal and
nighttime-radiance indicators. These measures included the mean and standard deviation of LST
and the mean, standard deviation, minimum, maximum, and 95th percentile of pixel-level UTFVI.
Because the arithmetic spatial mean of UTFVI is mathematically centred close to zero when the
index is normalized relative to the corresponding study-area mean LST, this mean was retained as a
diagnostic statistic rather than interpreted as a measure of ecological thermal-stress magnitude.

To characterize the magnitude of spatial UTFVI variability in the continuous 2014-2025 series,
mean absolute UTFVI (MAUTFVI) was calculated as:

N¢

1
MAUTFVI, = FZ|UTFVI”|
ti =1

where: MAUTFVI; is the mean absolute UTFVI for year and season t, UTFVI;: is the pixel-level UTFVI
value for valid pixel i, and Nt is the number of valid pixels for that year-season observation. MAUTFVI
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retains the magnitude of both positive and negative thermal deviations and therefore provides a
more informative temporal measure of spatial thermal variability than the arithmetic mean UTFVI.
Percentage-change verification: For all LULC, LST, and UTFVI area-change tables, percentage
change was independently recalculated from the reported area values using %AA = [(Az - A1)/A1] x
100, where A; is the initial area, and A; is the comparison-year area. Negative values indicate a
reduction and positive values indicate an increase. Percentage values were calculated from the
underlying unrounded area measurements and rounded to two decimal places for presentation. We
checked each reported percentage against the corresponding area difference before tabulation.

2.10.2 Trend Analysis

We used linear regression models to analyze temporal trends in LST, annual VIIRS nighttime
radiance, and MAUTFVI. The spatial mean UTFVI was not treated as the principal magnitude variable
in temporal trend analysis because its near-zero value is a mathematical consequence of
normalization around the study-area mean LST. Instead, MAUTFVI was used to describe temporal
changes in the magnitude of the pixel-level normalized thermal deviation. Trend analysis was
conducted separately for summer and winter, while the VIIRS radiance series was analyzed annually
for 2014-2025.

The regression model is expressed as:

Y =B+ Bit + €

where Y: represents the temporal variable of interest (LST, MAUTFVI, or VIIRS radiance), Bo is the
intercept, B1 is the temporal slope, t is the year, and € is the residual error.
The coefficient of determination (R?) was used to evaluate the strength of the trend:

(A %

R=1-Sa =77

Higher R? values indicate stronger explanatory power.
2.10.3 Correlation Analysis

The temporal relationship between annual VIIRS nighttime radiance and the seasonal thermal
indicators was examined using Pearson’s correlation coefficient. The analysis was designed to assess
the direction and strength of the temporal association between nighttime radiance and surface
thermal conditions rather than to establish causality.

Pearson’s correlation coefficient was calculated as:

XX -H -7
JIX —X)2- 3 (Y —1)2

where:

Xi = annual VIIRS nighttime radiance

Yi = corresponding seasonal thermal indicator
r = Pearson’s correlation coefficient
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The coefficient ranges from -1 to +1, indicating the direction and strength of the linear
association. Positive values indicate that both variables tend to increase together, whereas negative
values indicate an inverse temporal association. Pearson’s correlation has been widely used to
examine relationships between nighttime lights and urban thermal patterns [64-68]. Four temporal
relationships were evaluated separately: VIIRS-summer LST, VIIRS-winter LST, VIIRS-summer
MAUTEFVI, and VIIRS-winter MAUTFVI. MAUTFVI (mean absolute UTFVI) was used for the inferential
UTFVI analysis because the arithmetic spatial mean of UTFVI is mathematically centred close to zero
when UTFVI is calculated relative to the study-area mean LST. MAUTFVI instead represents the
mean magnitude of the absolute pixel-level UTFVI deviations and therefore provides a more
informative measure of the temporal variation in spatial thermal-stress magnitude. The summer
relationships were based on 12 annual observations covering 2014-2025. The winter relationships
were based on 12 annual observations [69-72].

The statistical significance of each correlation coefficient was assessed using a two-tailed t-test:

where t is the test statistic, r is the Pearson correlation coefficient, and n is the number of paired
observations. Thus, the degrees of freedom were 10 for both the summer and winter relationships
(n =12). A significance level of p < 0.05 was adopted.

The correlation results were interpreted as temporal bivariate statistical associations rather than
evidence of a direct causal effect of nighttime radiance on land surface temperature or ecological
thermal stress. In particular, VIIRS nighttime radiance represents an indirect indicator of nighttime
illumination and aspects of urban activity, whereas LST and MAUTFVI represent different thermal
characteristics influenced by land-cover composition, vegetation, moisture conditions, surface
properties, atmospheric variability, and coastal processes.

2.10.4 Regression Analysis Between VIIRS and Thermal Indicators

Simple linear regression models were used to quantify the temporal association between annual
VIIRS nighttime radiance and the selected seasonal thermal indicators. Four models were fitted
separately:

* VIIRS vs Summer LST

* VIIRS vs Winter LST

* VIIRS vs Summer MAUTFVI

* VIIRS vs Winter MAUTFVI

Annual VIIRS radiance was treated as the explanatory variable (X), whereas the corresponding
seasonal LST or MAUTFVI was treated as the dependent variable (Y). Summer models contained 12
annual observations, whereas winter models contained 12. For each model, the regression
coefficient (B), standard error, t-statistic, coefficient of determination (R?), p-value, and 95%
confidence interval for the VIIRS coefficient were calculated. The slope represents the expected
change in the dependent thermal indicator associated with a one-unit increase in annual VIIRS
nighttime radiance. The regression models were interpreted as bivariate temporal associations and
not as estimates of the independent or causal contribution of nighttime human activity to thermal
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conditions. Because the annual spatial mean UTFVI is centred close to zero by mathematical
construction, MAUTFVI was used instead of the spatial mean UTFVI in the inferential regression
models involving ecological thermal stress. We retained the spatial mean UTFVI for diagnostic
interpretation and to demonstrate the index's normalization property.

The regression analysis was intentionally specified as a bivariate temporal assessment. It was
designed to determine whether annual changes in nighttime radiance were linearly associated with
corresponding annual seasonal LST and MAUTFVI values, rather than to estimate the independent
effect of nighttime illumination after controlling for other environmental or urban variables.
Accordingly, the regression coefficients and R? values should be interpreted as measures of bivariate
temporal association. They cannot be used to identify a dominant thermal control or to establish
that changes in nighttime radiance cause changes in LST or thermal-stress magnitude. Potential
influences not represented by the bivariate models include land-surface composition, vegetation
and moisture conditions, surface materials, urban morphology, atmospheric variability,
anthropogenic heat timing, and coastal processes. A multivariate framework incorporating these
additional predictors would be required to estimate their independent or relative contributions,
which is beyond the present study's analytical scope.

2.10.5 Statistical Interpretation

The statistical analyses were interpreted jointly rather than based on a single coefficient.
Pearson’s r was used to describe the direction and strength of association, while the regression
coefficient and R? were used to assess the direction and explanatory strength of the fitted
relationship. The p-value was used to evaluate whether the observed association differed
statistically from zero at the 5% significance level. Given the relatively small annual sample and the
use of a single explanatory variable, both significant and non-significant relationships were
interpreted cautiously. A statistically significant relationship was considered evidence of temporal
association within the observed series, but not evidence of causality. Conversely, a non-significant
relationship was interpreted as indicating that the observed temporal association could not be
distinguished statistically from random variation at the selected significance level. The results were
interpreted alongside the spatial LULC, LST, and UTFVI analyses and the physical distinctions among
nighttime radiance, surface temperature, and normalized thermal stress.

2.10.6 Seasonal Comparison

Seasonal variation in thermal behavior was assessed by comparing summer and winter LST and
MAUTFVI values, together with the corresponding temporal trends and VIIRS associations.

2.10.7 Spatial Cross-Analysis of LULC and LST Transitions

To test whether the observed redistribution of thermal conditions was spatially associated with
land-use transformation, the 2005 and 2025 LULC maps were cross-referenced with the
corresponding summer and winter LST-class maps. The categorical rasters were spatially aligned to
a common 30 m grid using nearest-neighbour resampling to preserve class identities, and only pixels
with valid observations in all required layers were retained. The common valid analysis area
comprised 485,706 pixels, corresponding to approximately 437.14 km?. The five LULC classes were
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retained according to the classification scheme described in Table 3, while the LST classes were
retained according to the fixed intervals described in Table 4. We represented LULC transitions as
2005 class = 2025 class. To specifically identify movement toward the thermal range highlighted in
the results, two thermal-transition indicators were calculated. A pixel was classified as having
transitioned into the 35-40°C class when its 2005 LST class was below 35°C and its 2025 LST class
was 35-40°C. A pixel was classified as having transitioned into the >40°C range when its 2005 LST
class was below 40°C and its 2025 LST class was either 40-45°C or >45°C.

We cross-tabulated these thermal-transition indicators with LULC transitions to quantify the area
and proportion of each land-use transition associated with movement toward warmer thermal
classes. We conducted the analysis separately for summer and winter. The resulting cross-
tabulation was used to distinguish areas undergoing land transformation from areas that retained
their original land-cover class and to determine whether urbanizing transitions were
disproportionately associated with movement toward the 35-40°C and 240°C thermal ranges. The
analysis was interpreted as spatial correspondence rather than direct causation.

2.11 Ethical Statement

This study used only publicly available satellite and geospatial data and involved no human
participants or personal information. Ethical approval was not required because all the data used in
this study were openly available. The datasets were used according to the guidelines provided by
the respective data sources and followed standard research ethics.

3. Results
3.1 Changes in Land Use and Land Cover in Chennai from 2005 To 2025

Land-use land-cover analysis shows substantial restructuring in Chennai between 2005 and 2025.
During this period, Built-up land expanded consistently. The built-up area covered 258.83 km?,
accounting for 59.15% of the total area in 2005. By 2025, built-up area increased to 305.69 km?,
representing 69.86 percent, an absolute growth of 46.86 km? and a relative increase of 18.1 percent
(Table 6; Figure 2 and Figure 3). In the same period, water bodies recorded a moderate overall
increase. Surface water extent expanded from 6.82 km? in 2005 to 12.37 km? in 2025, reflecting an
increase of 5.55 km?2. The percentage share rose from 1.56% to 2.83%. During the study period,
vegetation increased. Vegetated area increased from 61.18 km? in 2005 to 86.81 km? in 2025. This
corresponds to a gain of 25.63 km?, or 41.88 percent. Its share increased from 13.98 percent to
19.84 percent of the total area.
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Table 6 Total area and percentage share of each LULC class in Chennai for 2005 and 2025.

Class 2005 (km?) 2005 (%) 2025 (km?) 2025 (%)
Built-up land 258.83 59.15 305.69 69.86
Waterbody 6.82 1.56 12.37 2.83
Vegetation 61.18 13.98 86.81 19.84
Crop land 43.50 9.94 17.60 4.02
Barren land 67.25 15.37 15.11 3.45

Note: The percentage share was independently checked against the corresponding total area

and rounded to two decimal places.
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Figure 2 Land-use land-cover classes from 2005 to 2025 in Chennai.
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Figure 3 Land-use Land-cover Map of Chennai (A) 2005, (B) 2025.
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In contrast, cropland has declined sharply during the study. Agricultural land reduced from 43.50
km? in 2005 to 17.60 km? in 2025. This shows a decline of 25.90 km? or 59.54 percent. The
percentage share fell from 9.94% to 4.02%. Barren land also declined significantly. The area covered
by barren land decreased from 67.25 km? in 2005 to 15.11 km? in 2025. Overall, barren land
decreased by 52.14 km? (77.5%), while its percentage share fell from 15.37% to 3.45%. Comparison
of the 2005 and 2025 spatial distribution maps indicates the expansion of urban built-up areas and
the reduction of cropland and barren land. Overall, the results indicate that built-up land is
increasing, there is a moderate increase in vegetation and water bodies, and agricultural and barren
land decreased between 2005 and 2025.

3.1.1 Accuracy Assessment of LULC Maps

The classification results for both 2005 and 2025 show high accuracy. The overall accuracy was
89.6% in 2005, with a Kappa coefficient of 0.824, and increased to 95.1% in 2025, with a Kappa
coefficient of 0.887 (Table 7). These values indicate strong agreement between the classified maps
and the reference data. The built-up class in 2005 showed a user’s accuracy of 92.8% and producer’s
accuracy of 88.6%. Water bodies recorded an accuracy of 96.2 percent and 94.1 percent producer
accuracy. Vegetation had lower classification accuracy, with 70.4% user accuracy and 77.9%
producer accuracy. Cropland showed 79.5 percent user accuracy and 82.3 percent producer
accuracy. Among all classes, barren land recorded the lowest accuracy, with user’s accuracy of 61.7%
and a producer accuracy of 67.5%.

Table 7 Accuracy assessment of LULC maps for 2005 and 2025.

User Accuracy Producer Accuracy User Accuracy Producer Accuracy

LULC Classes

(%) 2005 (%) 2005 (%) 2025 (%) 2025
Built-Up Land 92.8 88.6 99.5 94.3
Water Body 96.2 94.1 98.9 97.8
Vegetation 70.4 77.9 76.8 85.4
Crop Land 79.5 82.3 84.2 89.1
Barren Land 61.7 67.5 68.5 74.8
Overall Accuracy (%) 89.6 95.1
Kappa Coefficient 0.824 0.887

Most categories’ classification performance improved in 2025. Built-up land reached 99.5
percent user accuracy and 94.3 percent producer accuracy. Water bodies recorded 98.9% and 97.8%,
respectively. Vegetation recorded a user’s accuracy of 76.8 percent and a producer accuracy of 85.4
percent. The cropland class achieved a user’s accuracy of 84.2 percent and 89.1 percent producer’s
accuracy. The barren land class remained at the lowest, with 68.5 percent user accuracy and 74.8
percent producer accuracy. The classification results for both years were verified using high-
resolution Google Earth imagery. A visual comparison confirmed strong correspondence between
the built-up and water categories. Overall, the results confirm that the LULC maps for 2005 and
2025 provide a reliable basis for change analysis and simulation. These accuracy statistics evaluate
the quality of the classified LULC products and should be distinguished from CA-ANN simulation
accuracy. In particular, the 2025 Overall Accuracy of 95.1% and Kappa coefficient of 0.887 indicate
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strong agreement between the classified LULC map and the reference data, but they do not measure
the ability of the CA-ANN model to reproduce a subsequent observed LULC configuration.

3.1.2 Transition Dynamics in ANN Modelling

The CA-ANN model was used to simulate LULC conditions for 2045. The Artificial Neural Network
was trained using 1000 iterations with a 1 x 1 pixel neighbourhood configuration. The learning rate
was set to 0.100, the number of hidden layers to 10, and the momentum to 0.050 (Table 8). These
parameters were used to estimate transition potential and spatially allocate future land-use
changes. The ANN transition-potential estimation incorporated eight spatial driving variables:
DEM/elevation, aspect, slope, hill shade, contour, curvature, distance to stream, and distance to
railway. The first six variables represent terrain configuration, while distance to stream and distance
to railway represent hydrological and transportation-accessibility conditions, respectively. The 2005
and 2025 LULC maps provided the historical land-change information used to establish the
transition structure for the simulation.

Table 8 The ANN parameter settings used for LULC simulation.

Parameter Value
Neighbourhood 1 x 1 pixel
Learning Rate 0.100
Maximum Iterations 1000
Hidden Layers 10
Momentum 0.050

The predictor variables were supplied jointly to the ANN rather than being interpreted as
independent causal variables. In particular, the terrain predictors are derived from a common DEM
and may therefore contain related spatial information. The model was consequently interpreted as
estimating spatial transition suitability from the combined predictor set. The classification accuracy
of the 2025 LULC map was high, with an Overall Accuracy of 95.1% and a Kappa coefficient of 0.887;
however, these statistics assess the Random Forest classification and do not represent independent
CA-ANN simulation accuracy. Because an independently simulated historical validation map was not
generated, the present study does not report simulation-specific Overall Accuracy, Kappa, confusion
matrix, or Figure of Merit. We therefore interpret the 2045 output as a scenario-based spatial
projection conditioned on the observed historical transition structure and the selected spatial
driving variables.

The eight predictor variables were incorporated jointly into the ANN transition-potential
estimation to represent complementary spatial characteristics of land transformation.
DEM/elevation, aspect, slope, hill shade, contour, and curvature describe different aspects of
terrain configuration, while distance to stream represents hydrological proximity and distance to
railway represents transportation accessibility. We did not interpret the predictors as independent
causal determinants of land-use change. Instead, their combined spatial information was used to
estimate transition suitability within the CA-ANN framework. The six terrain-derived predictors
were retained because they represent different characteristics of the same physical landscape,
although some degree of spatial redundancy is possible because they originate from a common
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DEM. Distance to stream and distance to railway were retained to represent hydrological proximity
and transportation accessibility, respectively. Consequently, the model results are interpreted in
terms of combined spatial transition suitability rather than independent variable effects. The
absence of formal VIF or correlation-based exclusion of predictors is acknowledged as a limitation
and may introduce redundancy into the ANN input space.

3.2 Seasonal Changes in Land Surface Temperature in Chennai from 2005 to 2025

The seasonal analysis of land surface temperature in Chennai shows a clear increase in surface
temperature between 2005 and 2025. The results show that both summer and winter shifted from
lower to higher temperature classes (Table 9; Figure 4 and Figure 5). In summer 2005, most of
Chennai was distributed across the lower and moderate temperature classes. Areas below 30°C
covered 44.07 km?. The 30-35°C class dominated the landscape with 243.95 km?. Moderately high
temperatures between 35-40°C extended across 137.66 km?2. High temperature zones between 40-
45°C were limited to 12.07 km?, and areas above 45°C were negligible at 0.11 km?. By summer 2015,
a major thermal shift was identified. The area under the <30°C class reduced sharply to 4.60 km?, a
decline of 39.47 km?, or 89.56 percent. The 30-35°C class also declined to 60.06 km?2. Compared with
2005, the 35-40°C class grew by 183.69 km? (133.44%), reaching a total area of 321.35 km?. The 40-
45°C class increased to 51.07 km?, while the area above 45°C increased to 0.78 km?. Because the
historical thermal series combines sensor-specific Landsat surface-temperature products, the
observed LST differences are interpreted with the residual possibility of cross-sensor systematic
variation in mind; the principal emphasis is therefore placed on broad seasonal and categorical
patterns rather than on attributing small absolute temperature differences exclusively to temporal
physical change.

Table 9 Summary of summer and winter LST in Chennai for 2005, 2015, and 2025.

Area (km?) Net Change (km?) Change (Percentage)

LST (°C
Q) 2005 2015 2025 2005-15 2015-25 2005-25 2005-15 2015-25 2005-25

Summer Season

Lessthan 30 44.07 4.6 1.86 -39.47 -2.74 -42.21 -89.56 -59.57 -95.78
30-35 24395 60.06 5277 -183.89 -7.29 -191.18 -75.38 -12.14 -78.37
35-40 137.66 321.35 308.42 183.69 -12.93 170.76  133.44 -4.02 124.08
40-45 12.07 51.07 73.18 39 22.11 61.11 323.03 433 506.3
Above 45 0.11 0.78 1.63 0.67 0.85 1.52 609.09 108.97 1381.82

Winter Season

Lessthan 30 46.8 5.69 4.95 -41.11 -0.74 -41.85 -87.84 -13.00 -89.42

30-35 27431 122.89 9551  -151.42 -27.38 -178.80 -55.20 -22.28 -65.18
35-40 107.52 294.63 316.96 187.11 22.33 209.44 17399 7.58 194.77
40-45 9.19 1434 195 5.15 5.16 10.31 56.04 35.98 112.21
Above 45 0.05 0.31 0.94 0.26 0.63 0.89 520 203.23 1780

Note: Percentage changes were independently recalculated from the corresponding area values
using %AA = [(A; - A1)/A1] x 100.
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Figure 4 Summer season LST distribution in Chennai (A) 2005, (B) 2015, (C) 2025.
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Figure 5 Winter season LST distribution in Chennai (A) 2005, (B) 2015, (C) 2025.

In summer 2025, high-temperature classes became more dominant. The class <30°C further
declined to 1.86 km?. The 30-35°C class declined to 52.77 km?2. The 35-40°C class covered a large
area of 308.42 km?. The 40-45°C class increased further to 73.18 km?. Areas above 45°C increased
to 1.63 km2. Between 2005 and 2025, the 40-45°C class increased by 61.11 km?, while the >45°C
class increased by 1.52 km?, indicating a substantial expansion of the upper-temperature tail but a
much smaller spatial increase in the extreme-temperature category. Areas below 30°C covered
46.80 km? in winter 2005, whereas the 30-35°C class dominated with 274.31 km?. The 35-40°C class
covered an area of 107.52 km?. High-temperature classes above 40°C were rare.

By 2015, the winter LST pattern changed noticeably as the area below 30°C decreased sharply to
5.69 km? and the 30-35°C class also declined to 122.89 km?. At the same time, the 35-40°C class
increased to 294.63 km?, with a gain of 187.11 km? or 173.99 percent, while the 40-45°C class
increased to 14.34 km? and the area above 45°C reached 0.31 km?. In winter 2025, the 35-40°C class
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became more doeminatedominated, covering 316.96 km2. The 30-35°C class was further reduced
to 95.51 km?2. The 40-45°C category expanded to 19.50 km?, and areas above 45°C increased to 0.94
km?2. From 2005 to 2025, the 35-40°C class increased by 209.44 km?, while the 40-45°C class grew
by 10.31 km?. Overall, both seasons show a clear contraction of lower-temperature classes and an
expansion of higher-temperature categories.

A quantitative comparison of the annual 2014-2025 seasonal series further highlights the
persistent thermal contrast between summer and winter. Across the 12 annual observations, the
mean summer LST was 42.55°C, compared with 33.57°Cin winter, giving an average summer-winter
difference of 8.98°C. The annual seasonal difference varied from 4.50°C in 2017 to 12.89°Cin 2022,
showing that seasonal separation varied by year. Summer mean LST also showed substantial
interannual variability, ranging from 39.47°C in 2024 to 46.42°C in 2022, while winter mean LST
ranged from 30.16°Cin 2018 to 36.73°Cin 2017. The persistent positive summer-winter difference,
together with year-to-year variation in its magnitude, indicates that seasonal thermal conditions in
Chennai are governed by the combined effects of solar forcing, atmospheric moisture, vegetation
and surface-water availability, urban surface properties, and coastal atmospheric processes rather
than by a single directional effect of urban expansion.

3.2.1 Spatial Correspondence between LULC Transition and LST Change

The spatial cross-analysis demonstrates that the redistribution of thermal conditions was
associated with specific land-use transitions rather than occurring uniformly across the study area
(Table 10). Between 2005 and 2025, 80.09 km? of the common analysis area underwent conversion
from non-built-up classes to built-up land. Of this urbanizing area, 37.51 km? (46.83%) in summer
transitioned from LST classes below 35°C into the 35-40°C range, while 16.48 km? (20.57%) moved
from below 40°C into the >40°C range. The corresponding winter values were 41.46 km? (51.77%)
entering the 35-40°C range and 6.18 km? (7.71%) entering the >40°C range. The source of the
urbanizing transition also influenced the magnitude of the thermal correspondence. Vegetation -
built-up conversion showed the highest proportion of within-transition movement into the 35-40°C
class in summer, with 69.96% of the transition area entering this temperature range, followed by
cropland = built-up (51.55%) and barren land = built-up (33.39%). In winter, the corresponding
proportions were 57.16%, 62.58%, and 43.43%, respectively. Although barren-land conversion
showed a lower proportion entering the 35-40°C class than vegetation conversion, it represented
the largest individual non-built-up source of built-up expansion at 38.87 km?. It was also associated
with the largest area entering the 240°C range among non-built-up-to-built-up transitions,
particularly in summer (10.81 km?).
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Table 10 Spatial correspondence between major LULC transitions and transitions into
warmer LST classes in Chennai, 2005-2025.

Transition Summer Summer Summer Winter Winter Winter
LULC transition, Area <35> within- <40 > <35  within- <40 >
2005 - 2025 (km?) 35-40°C transition 240°C 35-40°C transition 240°C

(km?) (%) (km?) (km?) (%) (km?)

Cropland 22.19 1144  51.55 352 13.89  62.58 0.73
- Built-up
Barren land 38.87 1298 3339 1081 1688  43.43 4.38
- Built-up
Vegetation 18.55 1297  69.96 2.09 1060  57.16 1.02
- Built-up
Waterbody 0.48 0.11 23.78 0.05 009  19.48 0.05
- Built-up
Allnon-built-up g 5 3751  46.83 16.48 4146 5177 6.18
- Built-up
Stable Built-up 22542  122.15  54.19 40.87 14010 62.15 6.77
Stable Vegetation 33.32 11.52 34.58 0.43 6.48 19.45 0.14
Other transitions 98.31 38.09 38.75 8.25 33.43 34.01 3.68

Note: The analysis was conducted on 485,706 common valid 30 m pixels (approximately 437.14
km?) after spatial alighment and masking of invalid observations. “<35 - 35-40°C” identifies
pixels with an LST class below 35°C in 2005 and 35-40°Cin 2025. “<40 - 240°C” identifies pixels
with an LST class below 40°C in 2005 and 240°C in 2025. The percentage columns represent the
proportion of the respective LULC-transition area that entered the indicated thermal range. “All
non-built-up - Built-up” aggregates cropland, barren land, vegetation, and waterbody
conversions to built-up land. The analysis demonstrates spatial correspondence and does not
imply direct causation. Percentages were calculated from the underlying unrounded raster-
derived transition areas; therefore, they may differ slightly from percentages recalculated using
the rounded areas displayed in the table.

The analysis also indicates that thermal transition was not restricted to newly urbanized pixels.
Stable built-up areas accounted for a large amount of movement into the 35-40°C range, reflecting
the influence of temporal changes in surface thermal conditions even where the categorical LULC
class remained unchanged. However, stable vegetation showed substantially smaller proportions of
movement into the 240°C range, with only 1.30% in summer and 0.43% in winter of the stable-
vegetation area entering the 240°C category. This contrast supports the interpretation that both
land transformation and the persistence of non-built surfaces contribute to the spatial organization
of thermal conditions. The spatial correspondence is particularly relevant to the expansion of the
35-40°C class identified in the preceding analysis. The cross-tabulation shows that a substantial
portion of the land undergoing conversion to built-up surfaces also moved from lower thermal
classes into the 35-40°C range. Thus, the large increase in the 35-40°C category between 2005 and
2025 is spatially consistent with the restructuring of the land-surface, especially through conversion
of vegetation, cropland, and barren land to built-up areas. This result provides a spatial basis for
interpreting thermal redistribution alongside LULC changes rather than treating the two patterns
independently.

Page 28/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

Spatially, the concentration of non-built-up to built-up transitions is most evident in the northern
and central-western portions of the Chennai study area, with additional clusters in the southern
urbanizing corridor. The associated thermal transitions toward 35-40°C occur within these same
broad areas of land transformation, providing spatial correspondence between urban expansion
and warming of previously lower-temperature surfaces. The pattern is therefore more consistent
with concentrated land-surface restructuring than with a spatially uniform increase in temperature
across the study area.

3.3 Seasonal Dynamics of UTFVI in Chennai (2005-2025)

The Urban Thermal Field Variance Index (UTFVI) was used to assess seasonal ecological thermal
stress in Chennai for 2005, 2015, and 2025 (Table 11; Figure 6 and Figure 7). The results show a
gradual shift in thermal stress from weaker to stronger categories in both summer and winter. In
summer 2005, the Weak category covered 234.81 km? while the strongest class occupied 174.04
km?2. The intermediate stress categories covered comparatively smaller areas. By 2015, a clear shift
had occurred. The weak category covered 226.71 km? reflecting a slight decline. The strongest
category declined to 165.33 km? down 8.71 km2. Meanwhile, the Middle, Strong, and Stronger
categories expanded noticeably. The Middle class rose from 9.41 km? to 15.78 km? and the Strong
class increased from 9.86 km? to 15.29 km?2. Summer stress patterns intensified in higher categories
in 2025. The Strongest category increased to 178.05 km?, surpassing its 2005 level by 4.01 km?2. The
Stronger class increased to 15.28 km?. Over the two decades, the Weak category declined by 19.67
km? to 215.14 km?. The Middle and Strong categories increased substantially between 2005 and
2015 but declined slightly by 2025, whereas the Stronger category continued to increase. The
Strongest category also fluctuated, declining in 2015 before reaching 178.05 km? in 2025. Overall,
the summer results indicate a net decline in weak-stress area and a redistribution toward several
higher-stress categories, but not a monotonic increase in every intermediate category at every
observation year.

Table 11 Summer and winter UTFVI in Chennai for 2005, 2015, and 2025.

Area (km?) Net Change (km?) Change (Percentage)
2005 2015 2025 2005-15 2015-25 2005-25 2005-15 2015-25 2005-25
Summer Season

UTFVI

Weak 234.81 226.71 215.14 -8.10 -11.57 -19.67 -3.45 -5.10 -8.38
Middle 9.41 15.78 1455 6.37 -1.23 5.14 67.69 -7.80 54.62
Strong 9.86 15.29 1483 543 -0.46 4.97 55.07 -3.01 50.41
Stronger 9.75 14.74 15.28 4.99 0.54 5.53 51.18 3.66 56.72
Strongest 174.04 165.33 178.05 -8.71 12.72 4.01 -5.00 7.69 2.3
Winter Season

Weak 243,75 238.11 223.12 -5.64 -14.99 -20.63 -2.31 -6.30 -8.47
Middle 10.7 16.39 16.82 5.69 0.43 6.12 53.18 2.62 57.2
Strong 10.13 15.7 16.83 5.57 1.13 6.7 54.99 7.2 66.14
Stronger  9.99 15.03 16.54 5.04 1.51 6.55 50.45 10.05 65.57
Strongest 163.3 152.64 164.55 -10.66 11.91 1.25 -6.53 7.8 0.77

Note: Percentage changes were independently verified from the corresponding UTFVI area
values using %AA = [(A; - A1)/A1] x 100.
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Figure 7 Winter season UTFVI distribution in Chennai (A) 2005, (B) 2015, (C) 2025.

A similar but more moderate trend was observed in the winter UTFVI patterns. The 2005 results
show that the Weak category covered 243.75 km? whereas the Strongest category covered 163.30
km?2. By 2015, the Weak class declined to 238.11 km? the Strongest class reduced to 152.64 km?2.
Middle categories expanded during this period. The Middle class increased from 10.70 km? to 16.39
km?, and the Strong class rose from 10.13 km? to 15.70 km?. Winter stress intensified again in higher
categories during 2025. The Strongest category increased to 164.55 km?, slightly higher than its 2005
level. The Stronger category increased to 16.54 km?. The Weak class declined to 223.12 km?,
showing a total reduction of 20.63 km? between the year 2005 and 2025. In both seasons, the area
under the Middle, Strong, and Stronger categories increased continuously. The Weak category
showed a gradual decline, whereas the Strongest category fluctuated and remained high by 2025.
The results show a gradual increase in ecological thermal stress between 2005 and 2025 as more
areas moved into the higher stress categories across Chennai.
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3.4 Simulation of the Year 2045

The CA-ANN model was applied to generate a potential LULC configuration for Chennai in 2045
based on the historical transition structure and the eight spatial driving variables comprising
DEM/elevation, aspect, slope, hill shade, contour, curvature, distance to stream, and railway
distance. These variables represent complementary terrain, hydrological, and transportation-
accessibility characteristics within the study area. The resulting spatial pattern indicates continued
expansion of built-up land and contraction of several non-urban classes. Because the model was not
independently hindcast against an observed intermediate-year LULC map, the 2045 output is
interpreted as a scenario-based spatial projection rather than a deterministic and independently
validated prediction.

3.4.1 Projected Land Use and Land Cover for 2045

Under the CA-ANN 2045 scenario, built-up land becomes increasingly dominant, increasing from
305.69 km?in 2025 to 352.55 km? in the simulated 2045 configuration (Figure 8). This represents an
increase of 46.86 km?2, with built-up land accounting for more than 80% of the study area. The
projected pattern reflects the spatial outcome of the calibrated CA-ANN scenario and should
therefore be interpreted as conditional on continuation of the historical land-transition
relationships (Table 12).
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Figure 8 Simulated 2045 land-use and land-cover configuration of Chennai under the
CA-ANN scenario.
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Table 12 Area coverage of different LULC classes in Chennai under the observed 2005-
2025 conditions and the simulated 2045 CA-ANN scenario.

Class 2005 (km?) 2025 (km?) 2045 (km?)
Built-up land 258.83 305.69 352.55
Waterbody 6.82 12.37 14.92
Vegetation 61.18 86.81 56.45

Crop land 43.5 17.6 8.3

Barren land 67.25 15.11 5.36

Note: The 2045 values represent the spatial configuration generated by the CA-ANN scenario
and are conditional on the observed 2005-2025 transition structure and selected spatial
predictors. They should not be interpreted as independently validated deterministic forecasts
of actual future land-cover extent.

Under the CA-ANN 2045 scenario, vegetation is projected to decline from 86.81 km? in 2025 to
56.45 km? in the simulated 2045 configuration, representing a reduction of 30.36 km? or 34.97%.
This scenario outcome is consistent with the continuation of the land-transition relationships
represented in the model and indicates potential pressure on green-space extent under the
assumed development pathway. Cropland is projected to decline from 17.60 km? to 8.30 km?, a
reduction of 9.30 km? or 52.84%, while barren land is projected to decrease from 15.11 km? to 5.36
km?, a reduction of 9.75 km? or 64.50%. Waterbody area is projected to increase from 12.37 km? to
14.92 km?, a gain of 2.55 km? or 20.61%. These values describe the spatial configuration generated
by the CA-ANN scenario and should not be interpreted as deterministic estimates of the actual
future extent of individual land-cover classes. Overall, the simulated 2045 configuration represents
a highly urbanized land-use scenario in which built-up surfaces become increasingly dominant while
several non-urban categories contract under continuation of the historical transition structure.

3.4.2 Projected Land Surface Temperature for 2045

The machine learning-based projection indicates a substantial redistribution of Chennai’s
projected thermal environment by 2045 (Table 13; Figure 9A, 9B). The projected LST surface is
conditioned on the CA-ANN-based 2045 land-use configuration and therefore represents a scenario-
based thermal response rather than an independently observed future condition. The
interpretation of the projected temperature distribution consequently focuses on the spatial
redistribution among temperature classes rather than treating individual extreme-temperature
classes as deterministic forecasts. Because the Random Forest component was not independently
validated against a hold-out thermal dataset, the projected values are interpreted as conditional
model estimates associated with the CA-ANN land-use scenario, and not as estimates with
independently quantified predictive accuracy.
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Table 13 Changes in seasonal LST from 2005 to 2045 in Chennai.

Area (km?) Net Change (km?) Change (Percentage)

LST (°C
a 2005 2015 2025 2045  2005-45 2015-45 2025-45 2005-45 2015-45 2025-45

Summer Season

Lessthan30 44.07 4.6 1.86 0.29 -43.78 -4.31 -1.57 -99.34  -93.70 -84.41
30-35 24395 60.06 52.77 59.29 -184.66 -0.77 6.52 -75.70 -1.28 12.36

35-40 137.66 321.35 308.42 375.49 237.83 54.14 67.07 172.76  16.85 21.75

40-45 12.07 51.07 73.18 2.72 -9.35 -48.35 -70.46  -77.47 -94.67  -96.28
Above 45 0.11 0.78 1.63 0.06 -0.05 -0.72 -1.57 -45.45 -92.31 -96.32
Winter Season

Less than 30 46.8 5.69 4.95 0.3 -46.50  -5.39 -4.65 -99.36 -94.73 -93.94
30-35 27431 122.89 95.51 56.5 -217.81 -66.39 -39.01 -79.41 -54.02 -40.84
35-40 107.52 294.63 316.96 377.52 270 82.89 60.56 251.16  28.13 19.11

40-45 9.19 14.34 195 3.48 -5.71 -10.86  -16.02 -62.13 -75.73 -82.15
Above 45 0.05 0.31 0.94 0.06 0.01 -0.25 -0.88 20 -80.65 -93.62

Note: LST classes were defined using fixed temperature thresholds (<30, 30-35, 35-40, 40-45,
and >45°C) and were applied consistently across all historical and projected years. The 2045
values represent model-estimated thermal conditions associated with the CA-ANN land-use
scenario and should not be interpreted as independently observed future temperatures.
Percentage changes in Table 13 were independently recalculated from the corresponding area
values using %AA = [(A; - A1)/A1] x 100. The 2045 thermal values are conditional outputs of the
Random Forest scenario-translation framework and are not accompanied by independently
estimated future-prediction accuracy because no observed 2045 thermal reference surface is
available.
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Figure 9 Scenario-based simulated LST maps for Chennai in 2045: (A) summer and (B)
winter. Note: The maps represent model-estimated thermal conditions associated with
the CA-ANN land-use scenario. They should be interpreted together with Table 13 as a
redistribution of the projected temperature classes rather than as independently
validated future observations.

The LST classes in Table 13 were defined using fixed temperature thresholds of <30, 30-35, 35-
40, 40-45, and >45°C. These thresholds were applied identically to the historical and projected LST
surfaces and were not changed or recalibrated for 2045. The reduction in the highest temperature
classes is therefore not an artefact of using different classification criteria for the future scenario.
The same thresholds allow the direction and magnitude of class redistribution to be compared
consistently across 2005, 2015, 2025, and 2045.

In summer, the projected distribution shows a pronounced reduction in cooler classes together
with a strong expansion of the 35-40°C category. The area below 30°C decreases from 44.07 km? in
2005 to 0.29 km? in 2045, representing a reduction of 43.78 km? or 99.34%. Relative to 2025, the
same class declines from 1.86 km? to 0.29 km?. The 30-35°C category decreases from 243.95 km? in
2005 to 59.29 km? in 2045, although it increases slightly by 6.52 km? relative to 2025. In contrast,
the 35-40°C class expands from 137.66 km? in 2005 to 375.49 km? in 2045, representing a net
increase of 237.83 km? or 172.76%. Relative to 2025, the class increases by 67.07 km? and becomes
the dominant projected summer thermal category. Thus, the principal projected change is a
redistribution of a large proportion of the study area toward the 35-40°C range rather than a
uniform expansion of the >45°C category.

The upper-temperature classes show the opposite change. The 40-45°C class decreases from
73.18 km? in 2025 to 2.72 km? in 2045, while the >45°C class decreases from 1.63 km?2 to 0.06 km?.
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Importantly, these reductions occur alongside the near disappearance of the <30°C class and a
strong expansion of the 35-40°C category. The result therefore represents a redistribution and
concentration of projected values within the moderate-to-high temperature range, rather than a
transition from a warmer to a cooler thermal environment. A comparable pattern is projected for
winter. The area below 30°C decreases from 46.80 km? in 2005 to 0.30 km? in 2045, representing a
99.36% reduction. The 30-35°C category decreases from 274.31 km? to 56.50 km?. In contrast, the
35-40°C class expands from 107.52 km? in 2005 to 377.52 km? in 2045, an increase of 270.00 km? or
251.16%. Relative to 2025, this category increases by 60.56 km?. At the same time, the 40-45°C
category decreases to 3.48 km? and the >45°C category decreases from 0.94 km? in 2025 to 0.06
km?2 in 2045. Thus, the winter scenario exhibits the same broad redistribution as summer: lower-
temperature surfaces become increasingly limited, while the 35-40°C range becomes spatially
dominant. The apparent reduction in the 40-45°C and >45°C classes requires careful interpretation.
The LST classification used in Table 13 is based on fixed temperature thresholds of <30, 30-35, 35-
40, 40-45, and >45°C, which are applied consistently to all historical and projected surfaces.
Consequently, the reduction in the highest temperature classes is not attributable to a change in
the classification criteria. Rather, it reflects the redistribution of the model-estimated 2045 LST
values across the same predefined temperature intervals. In summer, the 35-40°C class expands
from 308.42 km?2 in 2025 to 375.49 kmZ in 2045, while the 40-45°C and >45°C classes contract from
73.18 km? and 1.63 km? to 2.72 km? and 0.06 km?, respectively. A similar pattern occurs in winter,
where the 35-40°C class increases from 316.96 km? to 377.52 km?, whereas the 40-45°C and >45°C
classes decrease from 19.50 km? and 0.94 km? to 3.48 km? and 0.06 km?, respectively.

This redistribution should not be interpreted as evidence of an overall cooling tendency. In both
seasons, the decline in the highest temperature classes occurs together with a substantial reduction
in cooler surfaces and a pronounced expansion of the 35-40°C category. The dominant projected
signal is therefore a concentration of the modelled thermal distribution within a widespread
moderate-to-high temperature regime, rather than a uniform reduction in temperature across the
study area. The apparent contradiction between the overall expansion of warmer conditions overall
and the reduction of the >45°C class arises because the projected change concerns the distribution
of temperature values among fixed classes rather than a uniform upward displacement of every
pixel. A further consideration is the possibility of upper-tail attenuation associated with the Random
Forest model. The 2045 LST surface was estimated from relationships between LST and NDVI, NDBI,
and NDW!I and applied to predictor surfaces derived from the simulated 2045 land-use configuration.
Because the model is learned from the predictor and thermal ranges represented in the historical
observations, it may reproduce the dominant range of the learned relationships more strongly than
isolated extreme observations. The contraction of the 40-45°C and >45°C classes is therefore
considered compatible with some attenuation of the upper thermal tail in the model-estimated
surface. However, this remains a methodological interpretation rather than a directly measured
model error.

The magnitude of any such upper-tail attenuation cannot be independently verified because an
observed 2045 LST surface does not exist for direct comparison. The present study therefore cannot
determine whether the reduction in extreme-temperature area represents the actual future
evolution of extreme surface temperatures, some degree of model-related compression, or a
combination of both. Accordingly, the reduction in the >45°C and 40-45°C classes is interpreted as
a characteristic of the scenario-based modelled thermal distribution and not as evidence that future
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extreme heat will disappear. The 2045 LST results should consequently be interpreted as conditional
thermal responses to the simulated CA-ANN land-use pathway. They provide an internally
consistent scenario for examining the potential thermal implications of future land transformation,
but they should not be regarded as independently validated scenario projections of absolute future
LST or extreme-heat occurrence. This uncertainty is particularly important for the tails of the
temperature distribution, where model sensitivity and limited historical calibration may have a
greater influence on the projected spatial extent of extreme classes.

3.4.3 Projected UTFVI for 2045

The 2045 UTFVI distribution is derived from the projected thermal environment associated with
the CA-ANN land-use scenario. The resulting UTFVI classes should therefore be interpreted as
potential future ecological thermal-stress conditions under the simulated land-transition pathway
rather than as independently validated future observations. The 2045 projected UTFVI pattern
shows increasing ecological thermal stress across Chennai (Table 14; Figure 10A, 10B). The results
suggest a reduction of weak-stress zones, whereas intermediate-stress categories expand notably
across both summer and winter. The Weak category declines continuously in summer from 234.81
km? in 2005 to 198.96 km? in 2045. Over the four-decade period, the area decreased by 35.85 km?
or 15.27 percent. The area decreased by 16.18 km? compared to 2025. The Middle category shows
strong growth. It increased from 9.41 km? in 2005 to 29.84 km?in 2045. The net increase from 2005
is 20.43 km?, reflecting 217.11 percent growth. Similarly, the Strong class rose from 9.86 km? in 2005
to 29.32 km?in 2045, an increase of 19.46 km? or 197.40 percent. Over four decades, the Stronger
category increased from 9.75 km? to 28.67 km?, reflecting an overall increase of 194.05 percent.

Table 14 Seasonal UTFVI changes in Chennai during summer and winter from 2005 to
2045.

Area (km?) Net Change (km?) Change (Percentage)

UTFVI
2005 2015 2025 2045 2005-45 2015-45 2025-45 2005-45 2015-45 2025-45

Summer Season

Weak 23481 226.71 215.14 198.96 -35.85 -27.75 -16.18 -15.27 -12.24 -7.52
Middle 9.41 15.78 1455 29.84 20.43 14.06 15.29 217.11  89.1 105.09
Strong 9.86 15.29 14.83 29.32 19.46 14.03 14.49 197.4 91.76 97.71
Stronger 9.75 1474 15.28 28.67 18.92 13.93 13.39 194.05 945 87.64
Strongest 174.04 165.33 178.05 151.06 -22.98 -14.27 -26.99 -13.20 -8.63 -15.16
Winter Season

Weak 243,75 238.11 223.12 195.96 -47.79 -42.15 -27.16 -19.60 -17.70 -12.17
Middle 10.7 16.39 16.82 27.41 16.71 11.02 10.59 156.17 67.23 62.96
Strong 10.13  15.7 16.83 2843 18.3 12.73 11.6 180.65  81.08 68.93
Stronger  9.99 15.03 16.54 28.07 18.08 13.04 11.53 180.98 86.77 69.71
Strongest 163.3  152.64 164.55 157.99 -5.31 5.35 -6.56 -3.25 3.51 -3.99

Note: Percentage changes were independently recalculated from the corresponding UTFVI area
values using %AA = [(A; - A1)/A1] x 100.
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Figure 10 Simulated Maps of (A) summer and (B) winter UTFVI distribution for the year
2045 in Chennai.

Unlike the intermediate categories, the Strongest category declines from 174.04 km? in 2005 to
151.06 km? in 2045. This indicates an overall reduction of 22.98 km? or 13.20 percent. Compared to
2025, it has been reduced by 26.99 km?. Extreme stress areas shrink, but they remain spatially
important. The winter projections show a similar pattern. The Weak category class declines from
243.75 km? in 2005 to 195.96 km? in 2045. The Weak category is projected to decrease by 47.79
km?2 which is a reduction of 19.60 percent. The Middle category is expected to increase from 10.70
km? to 27.41 km? with a growth of 156.17 percent. The Strong category is also projected to increase
from 10.13 km? to 28.43 km? with a gain of 18.30 km? or 180.65 percent. The Stronger category is
expected to grow from 9.99 km? to 28.07 km?, an increase of 180.98 percent. The Strongest category
shows a small decline from 163.30 km? in 2005 to 157.99 km? in 2045, with a reduction of 5.31 km?
or 3.25 percent. These results show that by 2045 thermal stress in Chennai is likely to become more
common in the Middle, Strong, and Stronger categories while the Weak category continues to shrink.
Although the Strongest category decreases slightly, it still covers a large part of the study area. This
suggests that future thermal stress in Chennai will spread across a larger part of the urban landscape
instead of remaining limited to a few isolated areas.

3.5 Continuous Thermal Behavior (VIIRS, 2014-2025)

Continuous thermal behavior was assessed using annual VIIRS nighttime radiance together with
seasonal Landsat-derived LST and spatial UTFVI statistics for the period 2014-2025 (Table 15). The
regenerated series provides a year-to-year temporal record that complements the discrete spatial
analyses for 2005, 2015, and 2025. Because the arithmetic spatial mean of UTFVI is mathematically
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centered close to zero, MAUTFVI was used as the principal indicator of the magnitude of spatial
UTFVI variability in the continuous analysis, while the spatial mean UTFVI was retained as a

diagnostic measure (Figure 11).

Table 15 Annual VIIRS nighttime radiance, seasonal LST, and UTFVI magnitude indicators
in Chennai, 2014-2025.

Year Summer Winter VIIRS Summer Winter Summer Winter
LST(°C) LST(°C) radiance mean UTFVI mean UTFVI MAUTFVI MAUTFVI
2014 40.496  31.439 20.992 6.91x10% 8.05x10% 0.006798 0.004599
2015 42983  34.822 22.527 -8.21x 10" 6.35x10% 0.007576 0.005598
2016  42.794  34.488 23.436 3.27x10% 8.63x10' 0.006312 0.004886
2017 41.225 36.725 24.459 -5.29x 101 -2,02x10*> 0.007609 0.008245
2018 41.648 30.164 26.187 -1.85x 10> 9.17x10* 0.008002 0.006681
2019 44.524  36.145 25.391 3.46x 10 -9.09x10% 0.006729 0.007446
2020 43.419 31.615 22.775 3.08x 10 4.15x10' 0.007219 0.005950
2021 41.325 34.238 25.133 1.83x10 1.73x10* 0.009891 0.004709
2022 46.421  33.536 26.268 1.41x10* -970x10% 0.018193 0.007505
2023  43.277  32.415 28.993 236x10%  -6.27x10% 0.006669 0.007094
2024 39.465  33.584 27.397 -6.61x 101> 1.45x10%* 0.008315 0.005745
2025 43.056 33.673 28.990 7.48x10  1.62x10%* 0.006529 0.007715

Note: Mean UTFVI represents the arithmetic spatial mean of the pixel-level normalized UTFVI
surface and is expected to be numerically close to zero because UTFVI is calculated relative to
the corresponding study-area mean LST. These values therefore represent the mathematical
centering of the index and should not be interpreted as indicating the absence of thermal stress.
MAUTFVI (mean absolute UTFVI) represents the mean magnitude of absolute pixel-level UTFVI
deviations and is used as the principal measure of UTFVI magnitude in the continuous 2014-
2025 analysis. Across the study period, MAUTFVI remains within the expected small magnitude
range of the normalized UTFVI distribution. LST was converted to Kelvin before UTFVI calculation
to maintain consistency between numerator and denominator. Trend, correlation and
regression statistics were calculated using the unrounded annual values; values displayed in
Table 15 are rounded for presentation. Quality-controlled verification statistics for the revised
2025 Landsat-derived LST and UTFVI surfaces used to verify the UTFVI formulation is displayed
in Table S2.
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Figure 11 Annual VIIRS radiance (2014-2025).

Distingushing the arithmetic spatial mean UTFVI from MAUTFVI is essential for interpreting the
continuous series. Because UTFVI is calculated as the normalized deviation of each pixel from the
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corresponding study-area mean LST, the spatial average of the numerator (LST; - LST) is
mathematically centred on zero when the same valid pixels are used to derive both quantities.
Consequently, the annual mean UTFVI values in Table 15 are near machine zero, ranging from about
-9.70 x 10''° to 3.46 x 107'* across the 2014-2025 observations. These values represent numerical
residuals of the normalization and should not be interpreted as the magnitude of thermal stress.
MAUTFVI avoids the cancellation of positive and negative pixel-level deviations and therefore
provides an appropriate measure of the magnitude of spatial UTFVI variability. For example, in 2025
the mean LST was 43.056°C (316.206 K) in summer and 33.673°C (306.823 K) in winter, while
MAUTFVI was 0.006529 and 0.007715, respectively. The corresponding UTFVI standard deviations
were 0.009125 and 0.010301, and the 95th-percentile values were 0.011469 and 0.017820. These
magnitude-based statistics demonstrate that the near-zero arithmetic mean results from the
mathematical centering of UTFVI rather than from a Kelvin-conversion, unit, or formula error.

VIIRS nighttime radiance shows a clear and sustained increase throughout the study period.
Annual mean radiance increased from 20.992 in 2014 to 28.990 in 2025, corresponding to a positive
linear slope of 0.608 radiance units per year. The temporal regression explained approximately 75.5%
of the variation in annual radiance (R? = 0.755, p < 0.001). Although intermediate-year fluctuations
occurred, the overall trajectory indicates sustained growth in nighttime illumination intensity across
Chennai (Figure 11 and Figure 12). The VIIRS trajectory therefore provides continuous evidence of
increasing nighttime urban intensity during the study period.

VIIRS Trend

35
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25 BT e

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Figure 12 Temporal trend of VIIRS radiance (2014-2025).

The seasonal LST series shows substantially greater interannual variability than the VIIRS series.
Summer mean LST varied from 39.465°C in 2024 to 46.421°C in 2022, while the 2014 and 2025
values were 40.496°C and 43.056°C, respectively. Despite the higher endpoint value in 2025, the
linear summer trend was weak and statistically non-significant, with a slope of 0.083°C per year and
R?2=0.026 (p =0.619). Thus, the increase between selected endpoint years should not be interpreted
as evidence of a consistent annual warming trend. The pronounced year-to-year variability indicates
that factors beyond the gradual increase in nighttime urban activity influence summer surface
temperature (Figure 13).
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Summer Mean LST Temporal Trend (2014-2025)
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Figure 13 Temporal trend of summer mean land surface temperature (LST) in Chennai,
2014-2025.

Winter LST also showed substantial interannual variability. The winter series contained 12 valid
observations. Mean winter LST was 31.439°C in 2014 and 33.673°C in 2025, while higher values
occurred in several intermediate years. The fitted temporal trend was very weak and slightly
negative, with a slope of -0.0326°C per year and R?> = 0.0037 (p = 0.8503). Consequently, no
statistically significant linear winter LST trend was identified during 2014-2025 (Figure 14).
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Figure 14 Temporal trend of winter mean land surface temperature (LST) in Chennai,
2014-2025.

The annual spatial mean UTFVI remained numerically close to zero throughout the continuous
series because UTFVI is normalized relative to the corresponding study-area mean LST. This near-
zero arithmetic mean represents the mathematical centering of the index and does not indicate an
absence of spatial thermal variability. MAUTFVI was therefore used to quantify the magnitude of
spatial normalized thermal variability. Summer MAUTFVI ranged from 0.006312 to 0.018193, with
the highest value recorded in 2022, while winter MAUTFVI ranged from 0.004599 to 0.008245
across the 12 annual observations. The corresponding UTFVI distributions demonstrate measurable
pixel-level spatial variability despite the near-zero arithmetic mean. Thus, the very small arithmetic
mean UTFVI values should not be interpreted as evidence of an error in Kelvin conversion or UTFVI
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formulation; rather, they arise from the averaging of positive and negative normalized deviations
around the spatial mean (Figure 15 and Figure 16).
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Figure 15 Temporal trend of summer mean absolute UTFVI (MAUTFVI) in Chennai, 2014-
2025.
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Figure 16 Temporal trend of winter mean absolute UTFVI (MAUTFVI) in Chennai, 2014-
2025.

The distinction between mean UTFVI and MAUTFVI is particularly important for interpreting the
continuous series. The near-zero mean UTFVI is a mathematical consequence of the normalization
procedure, whereas MAUTFVI retains the magnitude of both positive and negative pixel-level
deviations. The regenerated data show that MAUTFVI remains within the expected magnitude range
of the normalized UTFVI distribution. For example, summer MAUTFVI was 0.006529 and winter
MAUTFVI was 0.007715, while the corresponding UTFVI standard deviations were 0.009125 and
0.010301 and the 95th-percentile values were 0.011469 and 0.017820, respectively. These statistics
demonstrate measurable spatial thermal variability despite the near-zero arithmetic mean. Overall,
the continuous record reveals a clear divergence between the temporal behaviour of nighttime
radiance and the seasonal thermal indicators. VIIRS radiance increased strongly and consistently,
whereas summer and winter LST did not show statistically significant linear trends, and MAUTFVI
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also showed no statistically significant temporal trend. This divergence indicates that nighttime
radiance captures a dimension of urban intensification that does not translate into a simple one-to-
one annual response in land surface temperature or the magnitude of normalized thermal variability.

3.6 Relationship between VIIRS Radiance and Thermal Indicators

The correlation and regression analyses examined the temporal relationship between annual
VIIRS nighttime radiance and the seasonal thermal indicators during 2014-2025. Because the spatial
mean UTFVI is mathematically centred close to zero, MAUTFVI was used as the principal UTFVI
magnitude indicator for inferential analysis. Summer relationships were based on 12 annual
observations, and winter relationships were based on 12 observations. Table 15 and Table 16
present the results. The relationship between VIIRS radiance and winter LST was effectively absent
in the regenerated 12-year series (r = -0.009, p = 0.977). The corresponding regression coefficient
was B =-0.00722, with R? = 0.00009 and p = 0.977. The 95% confidence interval for the coefficient
ranged from -0.5443 to 0.5299. Thus, annual VIIRS nighttime radiance provided essentially no linear
explanatory power for winter LST during 2014-2025 (Table 16).

Table 16 Correlation between annual VIIRS nighttime radiance and seasonal LST and
MAUTFVI, 2014-2025.

Relationship n Pearsonr p-value Statistical interpretation
VIIRS-Summer LST 12 0.144970 0.653048 Not significant; weak positive association
VIIRS-Winter LST 12 -0.009475 0.976687 Not significant; negligible association

VIIRS-Summer MAUTFVI 12 0.131219 0.684377 Not significant; weak positive association
Not significant; comparatively strong

VIIRS-Winter MAUTFVI 12 0.570612 0.052685 . L
positive association

Note: r represents Pearson’s correlation coefficient. p-values are two-tailed and were evaluated
at the 0.05 significance level. Both summer and winter relationships contain 12 annual
observations covering 2014-2025. Correlations represent temporal bivariate associations and
should not be interpreted as evidence of causality.

The relationship between VIIRS radiance and summer MAUTFVI was weak and positive (r=0.131,
p = 0.684). The regression coefficient was very small (B = 0.000170), reflecting the normalized scale
of MAUTFVI, and the fitted model explained only 1.7% of the temporal variation (R> = 0.017, p =
0.684). The 95% confidence interval extended from -0.000733 to 0.001072 and included zero. The
result therefore provides no evidence of a statistically significant summer association between
nighttime radiance and the magnitude of spatial thermal variability. A comparatively stronger
positive association was observed between annual VIIRS radiance and winter MAUTFVI. Using all 12
annual observations, Pearson’s correlation coefficient was r = 0.571 with p = 0.053. The
corresponding regression coefficient was B = 0.000286, with R = 0.326 and p = 0.053. Although the
model explained approximately 32.6% of the temporal variation in winter MAUTFVI, the
relationship did not reach the adopted 5% significance threshold. The 95% confidence interval for
the VIIRS coefficient ranged from approximately -0.000004 to 0.000577 and included zero. The
result therefore indicates a comparatively strong positive temporal association, but not statistically
significant evidence of a winter relationship at p < 0.05 (Table 17).
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Table 17 Simple linear regression between annual VIIRS nighttime radiance and seasonal
LST and MAUTFVI, 2014-2025.

Lower 95% Upper 95%

Model SE T R? -value
B p-valu Cl for B Cl for B

VIIRS - Summer
LST

VIIRS - Winter
LST

VIIRS & Summer
MAUTFVI

VIIRS & Winter
MAUTFVI

0.107380  0.231758 0.4633 0.021016 0.653048 -0.409008 0.623768

-0.007223  0.241053 -0.0300 0.000090 0.976687 -0.544322  0.529877

0.00017 0.000405 0.4186 0.017219 0.684377 -0.000733 0.001072

0.000286 0.000130 2.1973 0.325598 0.052685 -0.000004 0.000577

Note: B represents the regression coefficient of annual VIIRS nighttime radiance. SE is the
standard error of B, t is the corresponding t-statistic, and R? represents the proportion of
variance explained by the bivariate linear model. p-values refer to the statistical significance of
the VIIRS coefficient. Confidence intervals are 95% confidence intervals for . Both summer and
winter models use 12 annual observations covering 2014-2025. The models represent bivariate
temporal associations and do not estimate the independent or causal contribution of nighttime
human activity to thermal conditions. For Figures 17-20, the corresponding Pearson correlation
coefficients, p-values, sample sizes, regression coefficients, R?, and 95% confidence intervals are
reported in the figure captions and Table 15 and 16 to ensure transparent statistical
interpretation without overcrowding the graphical panels. The very small UTFVI regression
coefficients arise because the dependent variable is the spatial mean of a normalized index
whose arithmetic mean is mathematically centered close to zero. These coefficients should
therefore be interpreted only as the slope of the annual bivariate association and not as a
measure of the magnitude of spatial ecological thermal stress. We evaluate spatial thermal
stress from pixel-level UTFVI distributions and their classified categories.

VIIRS Nighttime Radiance vs Summer LST (2014-2025)
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Figure 17 Relationship between annual VIIRS nighttime radiance and summer mean land
surface temperature (LST) in Chennai, 2014-2025.
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VIIRS Nighttime Radiance vs Winter LST (2014-2025)
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Figure 18 Relationship between annual VIIRS nighttime radiance and winter mean land
surface temperature (LST) in Chennai, 2014-2025.

VIIRS Nighttime Radiance vs Summer MAUTFVI (2014-2025)

0.02
0.018 o
_ 0016 y = 0.0002x + 0.004
E 0.014 R? = 0.0172
2 0.012 r=0.131; p=0.684; n =12
S oo01 B = 0.000170; 95% Cl = -0.000733 t0 0.001072 4
€ 0.008 DR R
. °
£ 0.006 . o
w
0.004
0.002
0
0 5 10 15 20 25 30 35

Annual VIIRS nighttime radiance

Figure 19 Relationship between annual VIIRS nighttime radiance and summer mean
absolute UTFVI (MAUTFVI) in Chennai, 2014-2025.
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VIIRS Nighttime Radiance vs Winter MAUTFVI (2014-2025)
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Figure 20 Relationship between annual VIIRS nighttime radiance and winter mean
absolute UTFVI (MAUTFVI) in Chennai, 2014-2025.

The comparatively strong but non-significant winter MAUTFVI relationship requires careful
interpretation. The positive coefficient indicates that years with greater nighttime radiance tended
to coincide with greater magnitude of spatial thermal variability, but the association did not reach
the adopted 5% significance level. VIIRS radiance is an indirect indicator of nighttime illumination
and aspects of urban activity, whereas MAUTFVI reflects the spatial magnitude of LST deviations
relative to the study-area mean. Seasonal atmospheric variability, vegetation and moisture
conditions, surface materials, coastal processes, and interannual meteorological differences may
influence the thermal response independently of nighttime radiance. The limited number of annual
observations also restricts statistical power, so the results should be regarded as suggestive rather
than conclusive evidence of a winter association. Taken together, the four bivariate models provide
no statistically significant evidence of a linear temporal relationship between annual VIIRS nighttime
radiance and the selected seasonal LST and MAUTFVI indicators at the 5% significance level. The
summer LST association was weak and positive, while winter LST showed a stronger negative
association that remained statistically non-significant. The summer and winter MAUTFVI
relationships were positive, but both explained only a limited proportion of the observed
interannual variation. These results should not be interpreted as evidence that nighttime
illumination has little or no influence on thermal conditions, nor as evidence that any other single
factor is the dominant control. Rather, they indicate that annual nighttime radiance considered
alone does not adequately explain the interannual variability in the selected thermal indicators. The
observed thermal response is likely to reflect the combined influence of land-surface composition,
vegetation and moisture conditions, surface materials, urban morphology, atmospheric variability,
seasonal processes, and coastal conditions. The present analysis therefore provides evidence of
temporal association only and does not estimate independent effects or causal relationships.
Associations with summer LST, winter LST, and summer MAUTFVI were statistically non-significant.
Winter MAUTFVI showed the strongest positive association with VIIRS radiance among the four
relationships, but the association remained marginally above the adopted 0.05 significance
threshold (r = 0.571, p = 0.053). This pattern supports the interpretation that nighttime radiance
represents a complementary dimension of urban intensification rather than a direct surrogate for
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thermal conditions. The LULC, LST, and spatial UTFVI analyses therefore remain essential for
understanding the physical distribution and future evolution of thermal stress across Chennai.

4. Discussion
4.1 Urban Expansion and Reformation of the Land System

The results confirm a clear restructuring of Chennai’s land system between 2005 and 2025. Built-
up land increased from 258.83 km? to 305.69 km?, while cropland declined from 43.50 km? to 17.60
km?, and barren land reduced from 67.25 km? to 15.11 km?2. The built-up land is projected to reach
352.55 km? by 2045 and is expected to cover more than 80 percent of the total land area. This shows
that Chennai will continue to grow both by filling the remaining open spaces within the city and by
expanding towards the surrounding areas. The same pattern has been reported in many rapidly
growing Indian cities where agricultural land and open land have gradually been converted into
residential areas and other urban infrastructure [30]. Cropland loss in Chennai is much higher,
suggesting that pressure on peri-urban areas is likely to continue. The VIIRS time series provides a
complementary temporal indicator of increasing nighttime illumination intensity. Mean radiance
increased from 20.99 in 2014 to 28.99 in 2025, indicating a sustained increase in nighttime light
intensity during the study period. This temporal pattern broadly coincides with the documented
expansion of built-up land, but the two indicators represent different dimensions of urban change.
The LULC results provide direct evidence of spatial land-cover transformation, whereas VIIRS
radiance proxies nighttime illumination and aspects of urbanization and anthropogenic intensity.
The observed correspondence should therefore be interpreted as consistency between two
indicators rather than evidence that changes in radiance directly measure, cause, or quantify urban
expansion.

The vegetation area is projected to decrease from 86.81 km? in 2025 to 56.45 km? in 2045. This
suggests that the increase in vegetation seen in the earlier period is unlikely to continue as the city
expands and land demand keeps rising. The same pattern has been reported in other studies where
CA ANN models showed that future urban growth usually follows the existing pattern of
development and is influenced by factors such as accessibility and urban density [52]. The LULC and
VIIRS results together show that built-up areas are becoming more connected while vegetation is
breaking into smaller patches. These land changes provide important spatial context for the
observed thermal redistribution and the thermal conditions projected under the 2045 scenario,
while by vegetation, moisture, surface properties, urban morphology, and seasonal environmental
conditions.

The spatial configuration of the 2045 scenario was generated from the combined influence of
terrain, hydrological proximity, and transportation accessibility represented by the eight CA-ANN
predictors. Including DEM/elevation, aspect, slope, hill shade, contour, and curvature provides a
multidimensional representation of terrain configuration, while distance to stream and distance to
railway capture spatial relationships with drainage and transportation infrastructure. These
variables allow the model to represent spatial heterogeneity in transition potential rather than
allocating future development solely according to historical class quantities. The resulting spatial
pattern should not be interpreted as evidence that any individual predictor independently caused
the projected land-use transitions. Because several terrain variables are derived from the same DEM,
some spatial redundancy is possible. We therefore interpret the predictors collectively as
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descriptors of terrain configuration, hydrological proximity, and transportation accessibility. The
resulting 2045 pattern should accordingly be understood as the spatial outcome of the combined
predictor set within the CA-ANN scenario framework rather than as an estimate of the independent
causal effect of any single variable. The interpretation of the CA-ANN scenario should also account
for uncertainty associated with the predictor set. The terrain-related variables provide different
representations of landscape configuration, but several are derived from the same DEM and may
therefore contain overlapping spatial information. Because no formal VIF or pairwise-correlation
screening was used to remove potentially redundant variables, the modelled transition potential
should not be interpreted as evidence that any individual terrain variable independently drives
urban expansion. Instead, the predictor set provides a combined spatial representation of terrain,
hydrological proximity, and transportation accessibility. This limitation may influence the relative
contribution of individual predictors within the ANN but does not alter the intended use of the 2045
output as a scenario-based spatial projection. A limitation of the present CA-ANN implementation
is that the modelling workflow did not incorporate formal predictor-collinearity diagnostics. This is
particularly relevant because aspect, slope, hill shade, contour, and curvature were derived from
the same DEM and may contain related terrain information. We therefore interpreted the
predictions collectively as spatial descriptors rather than as statistically independent explanatory
variables. Future work should incorporate predictor-correlation analysis, variance inflation factor
(VIF) assessment, and sensitivity testing to evaluate redundancy among the spatial drivers and
determine whether a reduced predictor set produces comparable transition-potential patterns.
Interpret the 2045 thermal implications with the temporal limitations of the machine-learning
framework in mind. The Random Forest thermal model was calibrated from the available Landsat
observations for 2005, 2015, and 2025 and therefore represents relationships learned from a limited
number of temporal reference years. Although the model was fitted using spatially distributed
observations within the three reference years, the limited temporal diversity of the calibration data
may constrain generalization when the model is applied to the simulated 2045 predictor
configuration. The projected thermal patterns are therefore best interpreted as conditional
scenario-based estimates rather than as independently validated future temperature conditions.

4.2 Changes in Thermal Patterns Across Seasons

The seasonal LST differences reflect more than a simple contrast between a hotter summer and
a cooler winter. Across the 2014-2025 annual series, summer LST averaged 42.55°C compared with
33.57°Cin winter, producing a mean seasonal difference of 8.98°C. The magnitude of this difference
varied considerably among years, from 4.50°C to 12.89°C, indicating that the seasonal thermal
contrast is modulated by changing environmental conditions rather than being fixed. The summer
distribution also contains a much larger concentration of pixels in the higher temperature classes,
with the 35-40°C class becoming dominant over the historical period, while winter conditions
remain more concentrated in the 30-40°C range. One important mechanism is seasonal solar forcing.
Summer observations occur during a period of stronger incoming shortwave radiation and intense
surface heating, which increases the energy available for sensible heat flux and raises the
temperature of exposed impervious surfaces. Built-up materials such as concrete, asphalt, and
masonry can store substantial daytime energy and later release some of it, strengthening the
daytime surface-temperature response. In winter, weaker solar forcing and shorter-duration
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heating generally reduce the amount of energy available for surface warming, contributing to lower
LST. The magnitude of the response nevertheless depends on the thermal properties and spatial
configuration of the urban surface, so the seasonal contrast is not uniform across Chennai. A second
mechanism is moisture and evapotranspiration. Vegetated, moisture-retaining surfaces can
partition available energy into latent rather than sensible heat, moderating surface temperature.
Seasonal variation in rainfall, soil moisture, wetland conditions, and vegetation water availability
can therefore modify the temperature response of the same land-cover class between summer and
winter. In Chennai, this effect matters because wetlands, river corridors, water bodies, vegetated
areas, and peri-urban moisture-retaining surfaces coexist with densely built-up areas. Where
moisture availability is reduced, or vegetated surfaces are replaced by impervious materials, the
potential for evaporative cooling is diminished, and a larger proportion of available energy can
contribute to sensible heating.

Atmospheric conditions provide a third control. Air temperature, humidity, wind speed,
atmospheric stability, and cloud conditions influence the partitioning and redistribution of surface
energy and therefore affect the magnitude and persistence of LST. The large year-to-year variation
in the summer-winter temperature difference is consistent with the influence of these background
atmospheric conditions. Thus, even where the built-up footprint changes progressively, the thermal
response in a given year can be amplified or moderated by the prevailing atmospheric state. This
helps explain why the 2014-2025 LST series does not exhibit a simple monotonic response despite
substantial land transformation. Chennai’s coastal setting introduces an additional control through
the Bay of Bengal and associated sea-breeze circulation. Coastal air exchange can influence near-
surface temperature, humidity, ventilation, and sensible heat redistribution, while proximity to
water and seasonally varying moisture can modify surface-energy partitioning. These effects may
be especially important in differentiating the thermal response of locations with similar levels of
urban development but different exposure to water, vegetation, ventilation, and coastal influence.
Wetlands and river systems can further moderate local temperatures through moisture storage and
evapotranspiration.

Urban morphology and surface composition also help explain why seasonal differences are
spatially heterogeneous. The LULC-LST cross-analysis shows that non-built-up to built-up transitions
were frequently associated with movement toward the 35-40°C range, with 46.83% of the summer
transition area and 51.77% of the winter transition area moving from below 35°C into that range.
This correspondence indicates that land transformation is an important spatial component of
thermal redistribution. However, substantial thermal transitions also occurred within areas that
retained their categorical LULC class indicates that building density, surface materials, vegetation
condition, moisture, shading, and urban configuration can modify thermal behaviour without
requiring a change in the categorical land-cover label. The summer and winter results should
therefore be interpreted as seasonally differentiated expressions of the same urban thermal system
rather than as two independent temperature regimes. Summer provides stronger solar forcing and
generally greater surface-heating potential, while winter thermal conditions are moderated by
weaker radiative forcing and different atmospheric and moisture conditions. The observed seasonal
contrast therefore results from the interaction of land-surface transformation with meteorological
background conditions, surface moisture, vegetation, urban morphology, and coastal processes.
This interpretation also explains why increasing nighttime illumination and land transformation do
not necessarily generate identical annual responses in summer and winter LST.
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A different pattern can be seen when these results are compared with the VIIRS data. Annual
nighttime radiance increased steadily over the study period, but summer LST did not increase in the
same way. The summer LST showed only a weak temporal trend (R? = 0.0257, p = 0.619) and
substantial year-to-year variability. This indicates that factors beyond the gradual increase in
nighttime urban activity influence surface temperature, including the spatial arrangement of built-
up areas, surface materials, vegetation and moisture conditions, and seasonal atmospheric
variability. The projected decrease in the summer area under the 40-45°C and >45°C classes should
likewise not be interpreted as evidence that Chennai will become cooler; rather, the projected
thermal distribution shifts toward a more spatially extensive 35-40°C regime.

The spatial cross-analysis further supports the relationship between land transformation and
thermal redistribution. Of the 80.09 km? undergoing non-built-up to built-up conversion in the
common analysis area, 46.83% of the summer transition area and 51.77% of the winter transition
area moved from below 35°C into the 35-40°C thermal range. The correspondence was particularly
pronounced for vegetation-to-built-up and cropland-to-built-up transitions. In contrast, barren-to-
built-up conversion produced the largest area of transition into the 240°C range because of its larger
spatial extent. These findings suggest that the expansion of the 35-40°C class was linked spatially
with urban restructuring, while also demonstrating that unchanged built-up areas can undergo
thermal reorganization over time. The result should nevertheless not be interpreted as evidence
that LULC transition alone determines LST. Surface moisture, vegetation condition, urban
morphology, surface materials, seasonal atmospheric conditions, and coastal processes can modify
the thermal response of any land-cover transition. The cross-analysis therefore strengthens the
spatial interpretation of the LST results by showing where land transformation and thermal
transition coincide, while retaining the distinction between spatial correspondence and causal
attribution.

The VIIRS record provides an additional temporal context for the seasonal contrast, but the two
datasets represent different physical dimensions of urban change. Nighttime radiance increased
during 2014-2025, whereas the seasonal LST series showed substantial interannual variability and
no statistically significant linear temporal trend. These differences reflect seasonal atmospheric
conditions, moisture availability, surface properties, coastal circulation, and the timing of heat
storage and release. Annual nighttime illumination therefore cannot be expected to translate
directly into a proportional daytime LST response. The contrast between summer and winter further
demonstrates that the relationship between nighttime illumination and surface thermal conditions
is seasonally mediated rather than uniform across the year. The projected contraction of the
extreme-temperature classes requires a distinction between thermal redistribution and overall
thermal change. The >45°C class declines to 0.06 km? in both seasons by 2045, while the 35-40°C
class becomes the dominant projected thermal regime and cooler classes contract substantially.
Therefore, the result is therefore not interpreted as future cooling, but as a redistribution of the
modelled temperature frequency distribution toward a widespread moderate-to-high thermal
range. The fixed thresholds used throughout the analysis ensure that different classification criteria
between observed and projected years do not drive this interpretation.

The modelling framework provides a second important qualification. Random Forest regression
estimates the 2045 thermal surface from relationships learned from the historical predictor space
and applies them to the CA-ANN-derived future land configuration. This estimation can represent
the central portion of the learned thermal response more strongly than isolated extreme values, so
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some attenuation of the upper thermal tail is plausible. However, the available data do not allow
independent quantification of this potential effect because no observed 2045 thermal surface is
available for validation. The apparent decline in extreme-temperature area is therefore best
regarded as a characteristic of the scenario-based modelled distribution rather than as a definitive
scenario projection of future extreme heat. The VIIRS results also require careful interpretation.
Nighttime radiance increased continuously during 2014-2025, indicating sustained growth in urban
activity and development intensity. However, this temporal increase was not accompanied by
statistically significant linear changes in the selected seasonal LST and UTFVI indicators. The absence
of a significant bivariate relationship should not be interpreted as evidence that urban activity is
thermally unimportant. VIIRS represents nighttime radiance and is therefore an indirect proxy for
human activity rather than a direct measure of built-up density, surface materials, anthropogenic
heat release, or energy consumption. In addition, surface temperature responds simultaneously to
vegetation, moisture, land-cover composition, atmospheric conditions and coastal processes. The
relatively small annual sample further limits statistical power. The VIIRS analysis is consequently
most useful for identifying whether a simple temporal correspondence exists between nighttime
urban intensity and thermal indicators, rather than for isolating the independent causal contribution
of human activity.

When interpreting the projected thermal patterns, also consider the uncertainty associated with
the CA-ANN land scenario. The 2045 LST distribution is estimated from the simulated future land
configuration and therefore represents a conditional thermal scenario rather than an independently
validated scenario projection. The projected dominance of the 35-40°C class should consequently
be interpreted as the thermal response associated with the modelled land-transition pathway. The
use of multiple Landsat thermal sensors also introduces an important comparability consideration.
Collection 2 Level-2 processing provides calibrated sensor-specific products and a consistent scaling
framework, but it does not eliminate every difference in the spectral response and thermal
characteristics of Landsat 5, Landsat 8, and Landsat 9. Because we did not apply an additional
empirical inter-sensor thermal bias correction, small differences in absolute LST among observation
years may partly reflect sensor characteristics. The principal interpretation therefore focuses on the
magnitude and spatial distribution of broad thermal changes rather than assuming that every small
interannual difference represents a purely physical change in surface temperature.

4.3 Changes in Ecological Thermal Stress and UTFVI

The spatial UTFVI results demonstrate that ecological thermal stress in Chennai is distributed
across a broad range of categories and changes substantially with land transformation. The 2005-
2045 comparison shows a decline in the Weak category and expansion of several intermediate
stress categories, indicating a broader spatial distribution of relative thermal stress rather than a
simple increase restricted to a small number of extreme hotspots. The Strongest category remains
spatially important even as its projected area decreases, indicating that a reduction in the highest
category does not necessarily represent an improvement in overall thermal conditions.

The continuous 2014-2025 analysis requires a distinction between the arithmetic spatial mean
UTFVI and the magnitude of the pixel-level UTFVI distribution. Because UTFVI is normalized around
the study-area mean LST, the arithmetic spatial mean is mathematically expected to remain close
to zero. The regenerated annual values confirm this behaviour, with mean UTFVI values generally
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around 10'> to 10, These values therefore do not indicate negligible thermal stress. Instead,
MAUTFVI, standard deviation, range and percentile statistics provide more meaningful measures of
the magnitude of spatial thermal variability. In the regenerated series, MAUTFVI ranged
approximately from 4.6 x 103 to 1.82 x 102, demonstrating that the underlying pixel-level UTFVI
distribution was consistently non-zero. The 2025 quality-controlled results further demonstrate this
distinction. Summer mean LST was 43.056°C (316.206 K), with a UTFVI standard deviation of
0.009125, a 95th-percentile UTFVI value of 0.011469, and MAUTFVI of 0.006529. Winter mean LST
was 33.673°C (306.823 K), with a UTFVI standard deviation of 0.010301, a 95th-percentile UTFVI
value of 0.017820, and MAUTFVI of 0.007715. These values are consistent with the expected small
normalized range of UTFVI and demonstrate that the near-zero arithmetic mean results from spatial
centering rather than from a temperature-unit or formula error. The relationship between
nighttime radiance and thermal conditions further supports the spatial UTFVI interpretation. VIIRS
radiance increased strongly during 2014-2025, but the seasonal LST series did not show statistically
significant linear trends. The summer and winter MAUTFVI trends were also not statistically
significant. Winter MAUTFVI showed the strongest positive association with VIIRS radiance among
the four tested relationships (r =0.571, p = 0.053; R2 = 0.326), but the association did not reach the
adopted 5% significance threshold. Thus, the result suggests a potentially meaningful seasonal
relationship that requires further investigation but does not provide statistically significant evidence
of a VIIRS-winter MAUTFVI association at the selected significance level. The divergence between
VIIRS and the thermal indicators should therefore be interpreted in relation to differences in dataset
meaning, spatial and temporal scale, vegetation and moisture conditions, atmospheric variability,
coastal processes, and the limited number of annual observations. We therefore interpret the
divergence between VIIRS and the thermal indicators as meaningful rather than contradictory. VIIRS
provides an annual indicator of nighttime illumination and aspects of urban activity, whereas LST
and MAUTFVI represent surface thermal conditions and the spatial magnitude of normalized
thermal variability. Their different physical meanings, spatial supports, observation periods, and
sensitivity to land-cover, moisture, atmospheric, coastal, and urban-morphological conditions mean
that the indicators are not expected to respond identically. The mechanisms underlying this
divergence are discussed in greater detail in Section 4.4.

4.4 Interpreting the Asynchronous Relationship between Urban Activity and Thermal Dynamics

The divergence between the strong increase in nighttime radiance and the lack of statistically
significant temporal trends in seasonal LST and MAUTFVI is an important finding of this study rather
than an inconsistency among the datasets. The results indicate that urban intensification and
surface thermal behaviour represent related but non-equivalent dimensions of urban change. The
spatial LULC analysis and the LULC-LST transition cross-analysis demonstrate that land
transformation is associated with thermal redistribution, whereas the annual VIIRS series indicates
a broader and more continuous increase in nighttime urban activity. The absence of a synchronous
temporal response therefore suggests that the thermal environment is mediated through several
processes that are not represented directly by nighttime radiance.

One important factor is urban canopy structure and surface composition. VIIRS nighttime
radiance records the intensity of artificial illumination and aspects of human activity. Still, it does
not directly measure building height, street-canyon geometry, roof and wall materials, impervious-

Page 53/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

surface properties, vegetation structure, shading, or local ventilation. These characteristics can
strongly influence how the land surface absorbs, stores, redistributes, and releases incoming energy.
Two locations with similar nighttime radiance can therefore exhibit different LST responses if their
urban morphology, surface materials, vegetation cover, or moisture conditions differ. The spatial
cross-analysis provides evidence that thermal redistribution coincides with land-surface
restructuring, while the bivariate VIIRS analysis indicates that radiance intensity alone does not
explain the interannual variation in the selected thermal indicators. Seasonal differences in
anthropogenic activity and heat exchange provide a second possible explanation. VIIRS in this
analysis represents annual nighttime illumination intensity, whereas LST represents the thermal
state of the land surface during the Landsat observation period. Anthropogenic heat associated with
buildings, transport, commercial activity, industry, and electricity use can vary substantially
between day and night and between seasons. Nighttime illumination may therefore provide a useful
indicator of urban activity without producing a proportional daytime LST response. In addition, the
amount of heat stored in urban materials and its subsequent release depend on surface properties,
atmospheric stability, wind conditions, and the duration and timing of solar heating. Consequently,
increased nighttime radiance does not necessarily imply an equivalent increase in the daytime
surface temperature measured by Landsat [20-23].

The regional climate and coastal background of Chennai further control the thermal response.
Chennai is influenced by the Bay of Bengal, high humidity, seasonal rainfall, sea-breeze circulation,
surface moisture, and great seasonal changes in atmospheric conditions. These processes can
modify surface heating independently of long-term changes in nighttime illumination. In particular,
coastal circulation can influence heat removal and redistribution, while moisture availability can
alter the partitioning of available energy between sensible and latent heat. Vegetation and wetland
conditions can further moderate LST through evapotranspiration and moisture storage. Thus, even
an urban activity increases, interannual and seasonal atmospheric and surface-moisture variability
can obscure a simple linear relationship between nighttime radiance and LST. A fourth consideration
is the difference in spatial and temporal scale between the datasets. Landsat-derived LST is
generated at a fine spatial resolution and captures detailed intra-urban thermal heterogeneity,
whereas VIIRS nighttime radiance represents illumination over a substantially coarser spatial
support. Local hot and cool surfaces clearly differentiated in Landsat imagery can therefore be
aggregated into the broader spatial response represented by VIIRS. The temporal aggregation also
differs: the present VIIRS series represents annual nighttime radiance, whereas the LST measures
are seasonal composites. Consequently, a local or seasonal thermal response can occur without
producing a corresponding change in the annual city-scale radiance series.

The spatial organization of land transformation provides another reason for the apparent
temporal divergence. The LULC-LST cross-analysis showed that conversion to built-up land was
frequently associated with movement toward the 35-40°C range, demonstrating a spatial
relationship between land transformation and thermal redistribution. However, the same analysis
also showed substantial thermal transitions in areas where the LULC class remained unchanged.
This indicates that thermal conditions depend not only on whether a pixel changes category but also
on the configuration, density, material properties, vegetation condition, and moisture
characteristics of the surrounding urban landscape. Urban consolidation can therefore modify the
thermal environment even when the categorical LULC class remains unchanged. These
considerations also explain why the statistical results should not be interpreted as evidence that
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nighttime urban activity is thermally irrelevant. The VIIRS series demonstrates sustained urban
intensification, while the thermal indicators reflect the combined influence of land-surface
properties, morphology, seasonal atmospheric conditions, moisture availability, and coastal
processes. The non-significant VIIRS-thermal relationships consequently indicate that nighttime
radiance alone is insufficient to explain interannual thermal variability, rather than demonstrating
an absence of interaction between urban development and thermal conditions.

The strongest positive association in the present analysis occurred between VIIRS radiance and
winter MAUTFVI, but the relationship remained non-significant at the 5% level. This result may
nevertheless be informative because spatial thermal variability can respond differently from mean
LST, and winter conditions may be more sensitive to the interaction among urban form, surface
moisture, atmospheric stability, and coastal circulation. The relationship should therefore be
regarded as a season-specific empirical pattern requiring further investigation rather than as a
general causal mechanism. Overall, the apparent mismatch between urban activity and thermal
indicators is therefore best understood as a consequence of different physical meanings, spatial
supports, temporal aggregation, seasonal controls, and surface processes represented by the
datasets. VIIRS contributes an important continuous measure of nighttime urban intensity, while
Landsat-derived LST and UTFVI provide spatially detailed information on the thermal environment.
Their divergence is consequently analytically useful: it demonstrates why urban thermal assessment
cannot rely on nighttime illumination alone and why land-surface composition, urban morphology,
environmental background conditions, and seasonal processes must be considered jointly.

4.5 Limitations of the 2045 Land-Use and Thermal Projections

A primary limitation of the 2045 projection concerns the absence of an independent historical
hindcast validation of the CA-ANN land-use simulation. The model was calibrated from the observed
2005-2025 land-transition structure and the selected spatial predictor variables, then applied to
generate the 2045 scenario. An earlier-period simulation, such as using an initial historical interval
to reproduce a known subsequent LULC map, was not part of the original analytical design.
Consequently, simulation-specific measures such as Figure of Merit, simulation-specific Overall
Accuracy, Kappa, and simulated-versus-observed confusion matrices are unavailable for
independently quantifying the spatial accuracy of the 2045 LULC configuration. The 2045 map
should therefore be interpreted as a conditional scenario generated by continuing the observed
transition relationships and predictor structure. This limitation means the spatial location and
magnitude of future land-cover transitions should not be regarded as deterministic outcomes, and
uncertainty associated with model specification, predictor redundancy, transition assumptions, and
unrepresented socioeconomic or policy changes remains. A further source of uncertainty in the
historical thermal calibration is residual cross-sensor variation among the Landsat generations used
for the reference years, because the present workflow applied Collection 2 product-level
standardization but did not perform an independent empirical inter-sensor bias adjustment.

A key limitation of the 2045 thermal projection is the absence of an independently observed
future LST surface against which the modelled temperature distribution can be validated. The
Random Forest thermal model was calibrated from the available historical observations and
subsequently applied to predictor surfaces associated with the CA-ANN land-use scenario.
Consequently, uncertainty is expected to be greater for projected conditions that differ from the
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historical predictor and thermal ranges, particularly at the upper tail of the temperature distribution.
The observed contraction of the >45°C and 40-45°C classes should therefore not be interpreted as
a verified reduction in future extreme heat. Instead, it represents the response of the specified
modelling framework under the assumed land-use pathway. Future validation using observed
thermal data and, where available, additional meteorological and urban-morphological predictors
would be required to determine the magnitude and robustness of projected changes in extreme
surface-temperature conditions.

A related limitation concerns the predictive assessment of the Random Forest thermal
component. The model was developed within the scope of the present study as a scenario-
translation framework linking the simulated 2045 land configuration with potential seasonal LST,
rather than as an independently validated operational forecasting model. Accordingly, we did not
use an independent train-test framework, cross-validation procedure, or hold-out thermal dataset
to quantify predictive performance. Training and validation R?2, RMSE, MAE, and formal predictor-
importance rankings are therefore not available for demonstrating independent model
generalisation or the relative contribution of NDVI, NDBI, and NDWI. This limitation matters because
the thermal relationship was learned from only three historical reference years (2005, 2015, and
2025), despite the use of spatially distributed pixel observations within those years. The 2045
thermal surfaces should consequently be interpreted as conditional scenario estimates whose
uncertainty may increase where the projected predictor configuration differs from the historical
range. Future work incorporating longer thermal time series, independent hold-out observations,
explicit cross-validation, additional meteorological and urban-morphological predictors, and formal
predictor-importance assessment would provide a stronger basis for evaluating predictive accuracy
and uncertainty.

5. Conclusion

This study examined Chennai’s urban transformation and its thermal consequences by
integrating historical land-use/land-cover (LULC) change, seasonal land surface temperature (LST),
spatial ecological thermal stress, future land-use simulation, and continuous nighttime radiance.
The results demonstrate that urban growth and thermal change are closely connected spatially but
do not necessarily evolve synchronously in time. This distinction is central to understanding the
thermal implications of continued urbanisation in a tropical coastal metropolitan environment. The
historical analysis shows substantial restructuring of Chennai’s land system between 2005 and 2025,
characterised by the expansion and increasing continuity of built-up surfaces and contraction of
cropland and barren land. The LULC-LST cross-analysis further shows that many areas undergoing
non-built-up to built-up conversion simultaneously moved from lower thermal classes toward the
35-40°C range. The strongest correspondence occurred for vegetation- and cropland-to-built-up
transitions, while substantial thermal reorganisation was also observed within areas where the
categorical LULC class remained unchanged. These findings indicate that land transformation
contributes to thermal redistribution, but LULC conversion alone does not determine the thermal
response. The seasonal thermal analysis indicates a broader redistribution toward moderate-to-
high temperature conditions. In the 2045 scenario, the 35-40°C class becomes spatially dominant in
both summer and winter, while cooler classes contract substantially. The concurrent reduction in
the 40-45°C and >45°C classes should not be interpreted as evidence of future cooling. Rather, the
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projected thermal field reflects a model-estimated response to the simulated land configuration,
and the Random Forest modelling framework may attenuate the upper temperature tail. The
projected UTFVI pattern similarly indicates a broader distribution of intermediate thermal-stress
categories rather than a future landscape defined only by isolated extreme hotspots [71].

The continuous 2014-2025 VIIRS analysis provides an important temporal qualification to these
spatial findings. Nighttime radiance increased strongly and consistently, whereas neither summer
nor winter LST showed a statistically significant linear temporal trend, and neither summer nor
winter MAUTFVI exhibited a statistically significant trend. Among the four tested VIIRS-thermal
relationships, winter MAUTFVI showed the strongest positive association, but the relationship
remained above the adopted 0.05 significance threshold. These results indicate that nighttime
radiance is a useful complementary indicator of urban activity, but it should not be regarded as a
direct surrogate for surface thermal conditions [72, 73]. Differences in urban morphology, surface
materials, vegetation, moisture, atmospheric conditions, coastal processes, and the spatial and
temporal supports of VIIRS and Landsat can produce asynchronous trajectories. From a planning
perspective, the findings support a place-specific approach to thermal-risk management in Chennai.
Remaining vegetation and moisture-retaining landscapes should be protected where land
transformation coincides with movement toward the 35-40°C thermal range. Particular attention
should be given to wetland and river-associated landscapes, including the Pallikaranai marsh system
and the corridors of the Cooum, Adyar and Kosasthalaiyar rivers, because these areas provide both
thermal-regulation and hydrological functions. New and redeveloped built-up areas should
incorporate heat-mitigation measures such as higher-reflectance and permeable materials, shading,
and tree canopy where spatially feasible. Thermal-transition maps and UTFVI stress categories can
also support land-use regulation, green-infrastructure targeting, and development screening in
rapidly urbanising areas. Planning should consider thermal exposure alongside vegetation, drainage
and coastal sensitivity rather than relying on built-up extent or nighttime illumination alone. Overall,
the study demonstrates the value of integrating spatial land transformation with seasonal thermal
indicators, scenario-based land-use modelling, and continuous nighttime urban-activity
observations. LULC provides the spatial context for thermal redistribution; seasonal LST
characterises the surface thermal response; UTFVI identifies the spatial distribution of relative
thermal stress; MAUTFVI provides a continuous measure of its magnitude; CA-ANN provides a
plausible future land-use scenario; Random Forest translates that scenario into a conditional
thermal response; and VIIRS provides an independent temporal perspective on nighttime urban
intensity. Together, these components provide a more comprehensive basis for understanding
Chennai’s evolving thermal environment and for supporting climate-responsive urban planning [74].

Acknowledgments

The authors acknowledges the open access geospatial datasets provided by the Survey of India,
the National Aeronautics and Space Administration (NASA), the United States Geological Survey
(USGS), the Indian Space Research Organisation (ISRO), and Google Earth. These datasets were used
to process the data and support the analysis and interpretation carried out in this study.

Page 57/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035
Author Contributions

R.K.G. developed the initial concept for this article and provided comprehensive editing and
oversight throughout the process. Y.K.T. was responsible for data acquisition, Google Earth Engine
scripting, data processing, statistical analysis, and ensuring accuracy and relevance. G.Y. & A.G.
prepared the initial draft and executed the necessary computations while validating the analytical
methods employed in this research. S.G. explored specific approaches and reviewed and approved
the final version of the manuscript.

Funding

No funding was received for this study.
Competing Interests

The authors have declared that no competing interests exist.
Data Availability Statement

All the data used in this study are publicly available. The Landsat Collection 2 Level-2 data were
obtained from the United States Geological Survey (USGS). The VIIRS Day/Night Band monthly
radiance data were obtained from the National Oceanic and Atmospheric Administration (NOAA).
All image processing was carried out using Google Earth Engine, and the statistical analysis was
performed using SPSS.

Al-Assisted Technologies Statement

Grammarly was used only for language editing to improve grammar and clarity. It was not used
for the research design, data processing, analysis, interpretation, or scientific writing. All aspects of
the study, including the methodology, coding, statistical analysis, interpretation of the results, and
manuscript preparation, were carried out independently by the author. The author accepts full
responsibility for the accuracy and integrity of the work.

Additional Materials

The following additional materials are uploaded at the page of this paper.

1. Figure S1: Spatial predictor variables used in the CA—ANN simulation of future LULC in Chennai:
(a) DEM/elevation, (b) aspect, (c) slope, (d) hill shade, (e) contour, (f) curvature, (g) distance
to stream, and (h) distance to railway.

2. Table S1: Spatial predictor variables used in the CA—ANN simulation.

3. Table S2: Quality-controlled verification statistics for the revised 2025 Landsat-derived LST
and UTFVI surfaces used to verify the UTFVI formulation.

Page 58/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

References

1. FoleyJA, DeFries R, Asner GP, Barford C, Bonan G, Carpenter SR, et al. Global consequences of
land use. Science. 2005; 309: 570-574.

2. Burgi M, Hersperger AM, Schneeberger N. Driving forces of landscape change-current and new
directions. Landsc Ecol. 2005; 19: 857-868.

3. Angel S, Parent J, Civco DL, Blei A, Potere D. The dimensions of global urban expansion:
Estimates and projections for all countries, 2000-2050. Prog Plann. 2011; 75: 53-107.

4. Seto KC, Fragkias M, Glneralp B, Reilly MK. A meta-analysis of global urban land expansion.
PLoS One. 2011; 6: e23777.

5. Batty M. The size, scale, and shape of cities. Science. 2008; 319: 769-771.

6. Herold M, Goldstein NC, Clarke KC. The spatiotemporal form of urban growth: Measurement,
analysis and modeling. Remote Sens Environ. 2003; 86: 286-302.

7. IPBES. Global assessment report on biodiversity and ecosystem services of the
Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services [Internet].
Geneva, Switzerland: Zenodo; 2019. Available from: https://zenodo.org/records/6417333.

8. Brauer M, Amann M, Burnett RT, Cohen A, Dentener F, Ezzati M, et al. Exposure assessment for
estimation of the global burden of disease attributable to outdoor air pollution. Environ Sci
Technol. 2012; 46: 652-660.

9. McDonald RI, Colbert M, Hamann M, Simkin R, Walsh B. Nature in the Urban Century: A global
assessment of where and how to conserve nature for biodiversity and human wellbeing
[Internet]. Arlington, VA: The Nature Conservancy; 2018. Available from:
https://www.nature.org/content/dam/tnc/nature/en/documents/TNC NatureintheUrbanCen
tury FullReport.pdf.

10. United Nations, Department of Economic and Social Affairs, Population Division. World
Urbanization Prospects: The 2018 Revision. New York, NY: United Nations; 2019;
ST/ESA/SER.A/420. Available from: https://population.un.org/wup/assets/WUP2018-
Report.pdf.

11. Jensen JR. Remote sensing of the environment: An earth resource perspective. 2nd ed. Upper
Saddle River, NJ: Pearson Prentice Hall; 2007.

12. Roy DP, Wulder MA, Loveland TR, Ce W, Allen RG, Anderson MC, et al. Landsat-8: Science and
product vision for terrestrial global change research. Remote Sens Environ. 2014; 145: 154-172.

13. Lu D, Weng Q. A survey of image classification methods and techniques for improving
classification performance. Int J Remote Sens. 2007; 28: 823-870.

14. Belgiu M, Dragut L. Random forest in remote sensing: A review of applications and future
directions. ISPRS J Photogramm Remote Sens. 2016; 114: 24-31.

15. Zhu Z, Woodcock CE. Continuous change detection and classification of land cover using all
available Landsat data. Remote Sens Environ. 2014; 144: 152-171.

16. Chander G, Markham BL, Helder DL. Summary of current radiometric calibration coefficients for
Landsat MSS, TM, ETM+, and EO-1 ALl sensors. Remote Sens Environ. 2009; 113: 893-903.

17. Vermote E, Justice C, Claverie M, Franch B. Preliminary analysis of the performance of the

Landsat 8/0LI land surface reflectance product. Remote Sens Environ. 2016; 185: 46-56.

Page 59/63


https://zenodo.org/records/6417333
https://www.nature.org/content/dam/tnc/nature/en/documents/TNC_NatureintheUrbanCentury_FullReport.pdf
https://www.nature.org/content/dam/tnc/nature/en/documents/TNC_NatureintheUrbanCentury_FullReport.pdf
https://population.un.org/wup/assets/WUP2018-Report.pdf
https://population.un.org/wup/assets/WUP2018-Report.pdf

Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

18.

19.

20.

21.

22.
23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Foga S, Scaramuzza PL, Guo S, Zhu Z, Dilley Jr RD, Beckmann T, et al. Cloud detection algorithm
comparison and validation for operational Landsat data products. Remote Sens Environ. 2017;
194: 379-390.

Fathelrahman S, Mohamed H. Remote sensing and GIS methods for detecting changes in land
cover and urbanization in Khartoum, Sudan (1975-2022). Turk J Eng. 2025; 9: 678-685.

Carlson TN, Gillies RR, Perry EM. A method to make use of thermal infrared temperature and
NDVI measurements to infer surface soil water content and fractional vegetation cover. Remote
Sens Rev. 1994; 9: 161-173.

Zha Y, Gao J, Ni S. Use of normalized difference built-up index in automatically mapping urban
areas from TM imagery. Int J Remote Sens. 2003; 24: 583-594.

Oke TR. The energetic basis of the urban heat island. Q J R Meteorol Soc. 1982; 108: 1-24.
Voogt JA, Oke TR. Thermal remote sensing of urban climates. Remote Sens Environ. 2003; 86:
370-384.

Qin Z, Karnieli A, Berliner P. A mono-window algorithm for retrieving land surface temperature
from Landsat TM data and its application to the Israel-Egypt border region. Int J Remote Sens.
2001; 22: 3719-3746.

Sobrino JA, Jiménez-Mufioz JC, Paolini L. Land surface temperature retrieval from LANDSAT TM
5. Remote Sens Environ. 2004; 90: 434-440.

Chen XL, Zhao HM, Li PX, Yin ZY. Remote sensing image-based analysis of the relationship
between urban heat island and land use/cover changes. Remote Sens Environ. 2006; 104: 133-
146.

Tomlinson CJ, Chapman L, Thornes JE, Baker C. Remote sensing land surface temperature for
meteorology and climatology: A review. Meteorol Appl. 2011; 18: 296-306.

Thankappan S, Govindan R, Chandrasekar UD, Arunachalam SJ. Automated feature extraction
for disaster monitoring using U-Net architecture: Enhancing real-time response and recovery
through deep learning. Turk J Eng. 2026; 10: 476-483.

Estoque RC, Murayama Y, Myint SW. Effects of landscape composition and pattern on land
surface temperature: An urban heat island study in the megacities of Southeast Asia. Sci Total
Environ. 2017; 577: 349-359.

Kikon N, Kumar D, Ahmed SA. Quantitative assessment of land surface temperature and
vegetation indices on a kilometer grid scale. Environ Sci Pollut Res. 2023; 30: 107236-107258.
Wudneh TA, Gebremariam WH, Reda TM, Jothimani M, Tadese A. Spatiotemporal assessment
of urban expansion and its impact on land surface temperature in Adama City, Ethiopia. City
Environ Interact. 2026; 31: 100414.

Wang H, Zhang Y, Tsou JY, Li Y. Surface urban heat island analysis of Shanghai (China) based on
the change of land use and land cover. Sustainability. 2017; 9: 1538.

Yuan F, Bauer ME. Comparison of impervious surface area and normalized difference
vegetation index as indicators of surface urban heat island effects in Landsat imagery. Remote
Sens Environ. 2007; 106: 375-386.

Guha S, Govil H, Gill N, Dey A. A long-term seasonal analysis on the relationship between LST
and NDBI using Landsat data. Quat Int. 2021; 575-576: 249-258.

Rao P, Tassinari P, Torreggiani D. Exploring the land-use urban heat island nexus under climate
change conditions using machine learning approach: A spatio-temporal analysis of remotely
sensed data. Heliyon. 2023; 9: e18423.

Page 60/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Ullah S, Qiao X, Abbas M. Addressing the impact of land use land cover changes on land surface
temperature using machine learning algorithms. Sci Rep. 2024; 14: 18746.

Mushore TD, Odindi J, Dube T, Mutanga O. Prediction of future urban surface temperatures
using medium resolution satellite data in Harare metropolitan city, Zimbabwe. Build Environ.
2017; 122: 397-410.

Rahman MM, Nuhash MM, Ray S, shahriar Reza M. Evaluation of machine learning algorithms
in land use/land cover change detection using remote sensing and GIS for Moulvibazar,
Bangladesh. Turk J Eng. 2026; 10: 964-976.

Duan X, Haseeb M, Tahir Z, Mahmood SA, Tariq A, Jamil A, et al. A geospatial and statistical
analysis of land surface temperature in response to land use land cover changes and urban heat
island dynamics. Sci Rep. 2025; 15: 4943.

Elvidge CD, Baugh K, Zhizhin M, Hsu FC, Ghosh T. VIIRS night-time lights. Int J Remote Sens.
2017; 38: 5860-5879.

Addis Asmare Y, Suryabhagavan KV, Kassawmar T, Gebremariam WH, Reda TM, Jothimani M,
et al. Assessment of spatial variability of land surface temperature using multi-satellite data in
the Lake Tana catchment, Upper Blue Nile Basin, Ethiopia. Urban Plann Transp Res. 2026; 14:
2664211.

Patra PK, Behera D, Chettry V, Jena KM, Goswami S, Jothimani M. Geospatial analysis of
unplanned urbanization: Impact on land surface temperature and habitat suitability in Cuttack,
India. Discov Sustain. 2025; 6: 118.

Li X, Ma R, Zhang Q, Li D, Liu S, He T, et al. Anisotropic characteristic of artificial light at night-
Systematic investigation with VIIRS DNB multi-temporal observations. Remote Sens Environ.
2019; 233: 111357.

Moisa MB, Gemeda DO. Assessment of urban thermal field variance index and thermal comfort
level of Addis Ababa metropolitan city, Ethiopia. Heliyon. 2022; 8: e10185.

Naim MN, Kafy AA. Assessment of urban thermal field variance index and defining the
relationship between land cover and surface temperature in Chattogram city: A remote sensing
and statistical approach. Environ Chall. 2021; 4: 100107.

Gunawardena KR, Wells MJ, Kershaw T. Utilising green and bluespace to mitigate urban heat
island intensity. Sci Total Environ. 2017; 584: 1040-1055.

Gupta RK. Geospatial and statistical analysis of land surface temperature and land surface
characteristics of Jaipur and Ahmedabad cities of India. J Geosci Environ Prot. 2024; 12: 1-19.
Kikon N, Singh P, Singh SK, Vyas A. Assessment of urban heat islands (UHI) of Noida City, India
using multi-temporal satellite data. Sustain Cities Soc. 2016; 22: 19-28.

Gupta R. GIS-based analysis of land surface characteristics and urban heat islands in
metropolitan cities of India. Int J Eng Geosci. 2025; 10: 440-455.

Gharaibeh A, Shaamala A, Obeidat R, Al-Kofahi S. Improving land-use change modeling by
integrating ANN with Cellular Automata-Markov Chain model. Heliyon. 2020; 6: e05092.

Ullah S, Tahir AA, Akbar TA, Hassan QK, Dewan A, Khan AJ, et al. Remote sensing-based
guantification of the relationships between land use land cover changes and surface
temperature over the Lower Himalayan Region. Sustainability. 2019; 11: 5492.

Zemenu B, Getahun E, Alemayehu S, Jothimani M. Modeling urban expansions and its
environmental effects in Arba Minch City, Southern Ethiopia using GIS, remote sensing, and
Shannon entropy. Sci Afr. 2026; 31: e03251.

Page 61/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Uddin MS, Mahalder B, Mahalder D. Assessment of land use land cover changes and future
predictions using CA-ANN simulation for Gazipur City Corporation, Bangladesh. Sustainability.
2023; 15:12329.

Muhammad R, Zhang W, Abbas Z, Guo F, Gwiazdzinski L. Spatiotemporal change analysis and
prediction of future land use and land cover changes using QGIS MOLUSCE plugin and remote
sensing big data: A case study of Linyi, China. Land. 2022; 11: 419.

Rahman F, Rahman MT. Use of cellular automata-based artificial neural networks for detection
and prediction of land use changes in North-Western Dhaka City. Environ Sci Pollut Res. 2023;
30: 1428-1450.

Rahman MT, Tabassum F, Rasheduzzaman M, Saba H, Sarkar L, Ferdous J, et al. Temporal
dynamics of land use/land cover change and its prediction using CA-ANN model for
southwestern coastal Bangladesh. Environ Monit Assess. 2017; 189: 565.

Singh B, Venkatramanan V, Deshmukh B. Monitoring of land use land cover dynamics and
prediction of urban growth using Land Change Modeler in Delhi and its environs, India. Environ
Sci Pollut Res. 2022; 29: 71534-71554.

Mohammad P, Goswami A. Predicting the impacts of urban development on seasonal urban
thermal environment in Guwahati city, northeast India. Build Environ. 2022; 226: 109724.
Vohra R, Kumar A, Jain R, Hemanth DJ. Analysis and prediction of land surface temperature with
increasing urbanisation using satellite imagery. Heliyon. 2024; 10: e40378.

Gupta RK. Identifying urban hotspots and cold spots in Delhi using the biophysical landscape
framework. Ecol Econ Soc INSEE J. 2024; 7: 137-155.

Subedi P, Subedi K, Thapa B. Application of a hybrid cellular automaton-Markov (CA-Markov)
model in land-use change prediction: A case study of Saddle Creek Drainage Basin, Florida. Appl
Ecol Environ Sci. 2013; 1: 126-132.

Bhavsar C, Gadhavi M, Shaikh M. Impact assessment of land use change detection on the
environment of Ahmedabad district, Gujarat, India using supervised classification in GIS. Turk J
Eng. 2025; 9: 823-830.

Hassan MA, Mahjabin R, Islam MR, Imtiaz S. Land cover classification and change detection
analyzing multi-temporal Landsat data: A case study of Gazipur Sadar, Bangladesh between
1973 and 2017. Geogr Environ Sustain. 2019; 12: 104-118.

Gupta RK. Spatial dynamics of micro-urban heat islands and satellite-derived indices of
Ahmedabad City, India: RK Gupta. J Earth Syst Sci. 2025; 134: 23.

Ward K, Lauf S, Kleinschmit B, Endlicher W. Heat waves and urban heat islands in Europe: A
review of relevant drivers. Sci Total Environ. 2016; 569: 527-539.

Gupta RK. Integrated assessment and projection of urban expansion and thermal dynamics in
Bangalore using multi-temporal Landsat data and machine learning techniques. Adv Environ
Eng Res. 2026; 7: 009.

Guha S. Dynamic seasonal analysis on LST-NDVI relationship and ecological health of Raipur City,
India. Ecosyst Health Sustain. 2021; 7: 1927852.

Gupta RK, Tiwari YK, Gupta A, Yadav G, Gupta S. Assessing land use dynamics and thermal stress
in ahmedabad using integrated remote sensing and machine learning techniques. Adv Environ
Eng Res. 2026; 7: 011.

Nimish G, Bharath HA, Lalitha A. Exploring temperature indices by deriving relationship
between land surface temperature and urban landscape. Remote Sens Appl. 2020; 18: 100299.

Page 62/63



Adv Environ Eng Res 2026; 7(4), doi:10.21926/aeer.2604035

70.

71.

72.

73.

74.

Moharir KN, Pande CB, Gautam VK, Tolche AD, Sharma C, Othman K, et al. Investigation of urban
heat island and urban thermal field variance index effect on groundwater level in India using
Google Earth Engine. J Water Clim Change. 2025; 16: 2974-2999.

Gupta RK. The land use pattern of national capital region Delhi using geo-informatics. Appl Ecol
Environ Sci. 2021; 9: 507-523.

Giindiiz Hi. Land-use land-cover dynamics and future projections using GEE, ML, and QGIS-
MOLUSCE: A case study in Manisa. Sustainability. 2025; 17: 1363.

Zhang M, Liu C, Chen E. Seasonal responses of the thermal environment to landscape pattern
and land use/land cover under multiple drivers in the Beijing-Tianjin-Hebei urban
agglomeration, China. Sustain Cities Soc. 2026; 149: 107713.

Zhang M, Tan S, Zhang C, Chen E. Machine learning in modelling the urban thermal field
variance index and assessing the impacts of urban land expansion on seasonal thermal
environment. Sustain Cities Soc. 2024; 106: 105345.

Page 63/63




  N D V I =   N I R − R E D  N I R + R E D


  N D B I =   S W I R − N I R  S W I R + N I R


    F  v =    (   N D V I − N D V   I  m i n  N D V   I  m a x − N D V   I  m i n ) 2


  𝜀 = 0 . 986 + 0 . 004 ⋅   F  v


  L S T =     T  B  1 +  (   𝜆 ⋅   T  B  𝜌 ) ln ⁡ ( 𝜀 ) − 273 . 15


  𝜌 =   h ⋅ c  𝜎


    U T F V I  i =     L S T  i −   L S T -    L S T -


    L S T -


    M A U T F V I  t =  1    N  t   ∑  i = 1    N  t   |   U T F V I  i , t |


    Y  t =   𝛽 0 +   𝛽 1 t +   𝜖  t


    R 2 = 1 −   ∑ (   Y  i −     Y ^  i  ) 2  ∑ (   Y  i −   Y ˉ  ) 2


  r =   ∑ ( X −   X ˉ ) ( Y −   Y ˉ )   ∑ ( X −   X ˉ  ) 2 ⋅ ∑ ( Y −   Y ˉ  ) 2


  t = r    n − 2  1 −   r 2


    L S T -

