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Abstract 27 

Rapid urbanization, coupled with regional climatic and topographic constraints, has intensified 28 

the SUHI effect. This study employs an integrated methodological approach, utilizing Partial 29 

Least Squares (PLS) Regression, to identify and decouple the urban and atmospheric drivers 30 

influencing SUHI. The method is applied to, one of the world’s most densely populated and 31 

highly environmentally constrained region, Indo-Gangetic Plains (IGP). Yearly as well as 32 

seasonal daytime and nighttime SUHI intensities are analysed for seven major cities of IGP by 33 

comparing two distinct five-year pentad windows spanning two decades (early: 2000–2004 and 34 

late: 2020–2024), alongside consecutive yearly seasonal monitoring across 2020–2024. Results 35 

reveal persistent nocturnal mean (max) SUHI dominance in the range of 2.12 °C – 2.67 °C 36 

(3.59°C – 4.61°C) in the recent pentad, exceeding daytime intensities across all cities and 37 

periods. Daytime urban–rural LST contrast has gradually narrowed, particularly during the pre-38 

monsoon as rural moisture deficits, bare soils, and peri-urban expansion weaken daytime rural 39 

evaporative cooling. Also, pixel level seasonal SUHI assessment reveals anomalous behaviour; 40 

daytime SUHI exhibits spatial variance in Agra, Prayagraj, and Patna, whereas nighttime SUHI 41 

remains commonly positive for all cities (~95% of urban pixels). PLS regression analysis 42 

indicates that the built-up expansion is a primary year-round positive warming driver, while 43 

water bodies provide consistent daytime SUHI mitigation. Crucially, vegetation cooling is 44 

relatively weaker during the daytime but effectively reduces nighttime SUHI, and relative 45 

humidity largely plays as a mitigator except for post-monsoon daytime. We also observe that, 46 

persistent nighttime warming aligns with regional basin topography, synoptic flow channelling, 47 

and aerosol-mediated thermal retention. These findings emphasize the necessity of season- and 48 

diurnal-specific urban mitigation strategies tailored to shifting regional baselines. 49 

Keywords: SUHI, urban-rural thermal interaction, IGP, mitigation potential50 
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Highlights: 51 

1. An integrated framework combines two-decade pentad comparisons with cross-52 

validated PLS regression for SUHI drivers across seven IGP cities. 53 

2. Nighttime SUHI remains continuously positive across > 95% of urban extents, led by 54 

Delhi, Agra, Kanpur, and Lucknow peaking at 4.0°C–5.5°C during pre-monsoon. 55 

3. PLS models demonstrate that built-up surface consistently exacerbates warming and 56 

water bodies mitigate SUHI, whereas vegetation, relative humidity, and aerosols exhibit 57 

divergent roles and seasonally shifting impacts. 58 

4. Degrading rural baseline moderation and persistent nighttime heat trapping underscore 59 

the urgent need for urban climate adaptation. 60 

 61 

Introduction 62 

Urbanization has become one of the most profound anthropogenic transformations since last 63 

few decades which is reshaping landscapes and altering natural climatic balances (Humbal et 64 

al., 2023; Roy et al., 2022). The UHI effect is a key consequence of the anthropogenic 65 

transformation, where cities exhibit higher temperatures than their rural surroundings, and is a 66 

serious concern (Stewart & Mills, 2021). The UHI phenomenon is particularly concerning for 67 

semi-arid, tropical and subtropical regions, especially where increasing population density, 68 

unplanned infrastructure, and changing land-use patterns have intensified thermal stress in 69 

cities (M. Das et al., 2025; Islam et al., 2024).  70 

Understanding UHI drivers is essential for developing effective mitigation strategies. Broadly, 71 

the drivers can be mainly into urban surface indicators and environmental-climatic factors. 72 

Satellite data helps us track the urban indicators such as, Normalized Difference Vegetation 73 

Index (NDVI), signifies vegetation cover; Normalized Difference Built-up Index (NDBI), 74 

represents built-up area; and Normalized Difference Water Index (NDWI), denotes water 75 

bodies. High NDBI and low NDVI values generally indicate dense built-up areas with minimal 76 

vegetation, conditions known to enhance heat storage and reduce evapotranspiration (P. Singh 77 

et al., 2024). Similarly, NDWI reflects surface moisture availability, influencing cooling 78 

through latent heat flux (Bhaga et al., 2023; Taloor et al., 2021). In addition, population density 79 

and Aerosol Optical Depth (AOD) play crucial roles. Densely populated regions produce 80 

higher anthropogenic heat and the elevated aerosol levels could alter regions atmospheric 81 

radiative properties leading to heat trapping (Dangayach & Pandey, 2024; Wang et al., 2022). 82 

Collectively, these urban parameters could form a crucial framework for assessing the spatial 83 

heterogeneity of UHI. 84 

Apart from the urban parameters, environmental parameters could also regulate the exchange 85 

of heat and moisture between the surface and atmosphere (Huang et al., 2022; Wu & Zhang, 86 

2023). Factors such as wind speed, albedo, elevation etc. critically influence the intensity and 87 

persistence of UHI (Du et al., 2024; Liao et al., 2022). Lower wind speeds could limit the 88 

horizontal dispersion of heat and pollutants (Mishra & Mathew, 2022; Sharma et al., 2022). On 89 

the other hand, reduced rainfall and humidity could suppress the evaporative cooling and low 90 
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albedo surfaces absorb and retain the heat (Bhanage et al., 2023; Oh et al., 2023; Rath et al., 91 

2022; Taloor et al., 2024).  92 

In order to demonstrate the interplay of the environmental factors and the urban indicators, 93 

influencing UHI intensity, one can employ most thermally vulnerable region, exhibiting intense 94 

and persistent UHI signatures, such as the IGP (A. Das et al., 2024; Rao et al., 2021). IGP is 95 

among the world’s most densely populated and rapidly urbanizing belts (Mehak Rattan, 2021). 96 

The urban regions within IGP are mainly situated along the fertile alluvial plains of the Ganga 97 

basin, which have experienced rapid expansion of built-up surfaces and a drastic decline in 98 

vegetation cover and open land (Gupta et al., 2023). The flat topography of region, limited 99 

wind circulation, and high aerosol load further contribute to thermal accumulation and reduced 100 

nocturnal cooling, intensifying the UHI effect (Dagestani et al., 2024; Jha et al., 2022; Nayak 101 

et al., 2023; Ramachandran & Rupakheti, 2022). Thus, the IGP represents a critical climatic 102 

hotspot for assessing the interplay of urban and environmental determinants influencing urban 103 

heat dynamics. 104 

Most of the cities in the IGP have evolved organically over centuries with unplanned layouts 105 

and high-density cores (Coombe & Fung, 2022; Geetha B. Nambissan, 2021). As the rural 106 

buffers shrink due to deforestation, soil sealing, and reduced crop cover the rural–urban thermal 107 

gradient steepens, which diminishes the urban heat dissipation (Oğur, 2023). Maintaining and 108 

strengthening rural green belts around these cities thus becomes a critical strategy for 109 

moderating regional temperatures. The rural mitigation potential, driven by vegetation density, 110 

surface moisture, and evapotranspiration capacity, acts as a natural counterbalance to urban 111 

heat accumulation (Fadhil et al., 2023; Zheng et al., 2023). Therefore, evaluating the thermal 112 

interactions between urban cores and rural surroundings is key to develop an integrated urban–113 

rural climate resilience framework. 114 

Despite extensive research on urban thermal environments, a comprehensive understanding of 115 

how annual and seasonal SUHI dynamics evolve under coupled landscape alteration and 116 

atmospheric shifts remains critically limited, particularly across the IGP. This study addresses 117 

this gap by establishing an integrated framework that captures diurnal, seasonal, and multi-118 

decadal SUHI shifts while explicitly accounting for evolving urban–rural thermal interactions. 119 

We apply this framework across seven major cities situated within the low-elevation alluvial 120 

basin of the IGP. By comparing two distinct five-year pentads (early: 2000–2004 vs. late: 2020–121 

2024), this study captures multi-decadal structural shifts across IGP cities alongside 122 

consecutive annual seasonal assessments (2020–2024). Rather than relying on static baselines, 123 

our framework dynamically tracks environmental shifts within an outward 15 km masked rural 124 

reference zone (RRZ) to evaluate decadal changes in background cooling. Furthermore, by 125 

integrating cross-validated Partial Least Squares (PLS) regression, this work decouples the 126 

non-static, diurnally divergent influences of urban landscape and atmospheric drivers 127 

governing regional heat retention. 128 

 129 

 130 

 131 
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5. Methodology 132 

This study employs multi-scale methodological framework combining satellite observations 133 

and empirical statistical modelling to evaluate SUHI dynamics across seven cities in the IGP. 134 

Period-specific urban extents and surrounding rural baselines are delineated to quantify 135 

daytime and nighttime SUHI intensities across two five-year pentad windows (early: 2000–136 

2004 and late: 2020–2024), alongside recent consecutive years (2020–2024). In addition, last 137 

decadal transitions within the RRZ are tracked to examine changes in rural thermal moderation. 138 

Furthermore, the relative influences of urban landscape and atmospheric drivers are 139 

systematically evaluated by developing PLS regression model across pre-monsoon, winter, and 140 

post-monsoon seasons. 141 

2.1 Study Area 142 

The IGP zone is represented, and the seven cities are depicted in Figure 1. The IGP is a key 143 

zone for urban and industrial development, largely due to its proximity to the Ganga River. 144 

Geographically, it stretches from the semi-arid areas in the west to the eastern coastal regions, 145 

and from the Himalayan foothills in the north down to the Deccan Plateau in the south 146 

(Chatterjee et al., 2022). This diverse terrain creates a vast alluvial plain known for its fertile 147 

soil, flat landscape, and sharp seasonal temperature shifts. The region experiences a subtropical 148 

monsoon climate, with hot, dry summers (March, April and May) which is referred as pre-149 

monsoon in this study, cool winters (December, January and February) and the season after 150 

rain (October and November) which is referred as post-monsoon (R. Singh et al., 2023; T. 151 

Singh et al., 2021). The detailed geographic, climatic and important characteristic information 152 

of all the selected cities is provided in the section S1 of the Supporting Information. 153 

 154 

Figure 1: Geographic overview of the study area within the IGP, showing international and 155 

regional administrative boundaries; red circles designate the seven study cities, and blue 156 

lines indicate major river networks 157 
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2.2 Demarcation process of urban boundary and rural reference zone 158 

To evaluate the spatio-temporal dynamics and to compute SUHI intensity, period-specific 159 

urban boundaries are derived dynamically for each evaluated time window. The urban 160 

boundary for each city is identified by extracting contiguous built-up surfaces via supervised 161 

classification and validating them through visual inspection in OpenSteetMap. Rather than 162 

applying a single, static boundary retrospectively, period-specific urban extents are derived to 163 

capture physical expansion dynamically: the built-up limit for the early pentad window (2000-164 

2004) is delineated using the 2004 MODIS LULC product (MCD12Q1), while the late pentad 165 

window (2020-2024) is delineated using the corresponding 2024 LULC dataset. A visual 166 

comparison of the distinct urban extents across both windows is provided in Figure S1 of 167 

supporting information. For the surrounding baseline, previous regional and global researchers 168 

have typically delineated rural reference areas using geometric buffer zones around the urban 169 

core such as fixed buffer belts or buffers matching the urban footprint (Clinton & Gong, 2013; 170 

Debbage & Shepherd, 2015; Peng et al., 2012). Also, Recent empirical assessments have 171 

demonstrated that a buffer distance within 10–15 km captures the primary background thermal 172 

regime and landscape moderation influence relative to city scale (Yang et al., 2024). 173 

Accordingly, an outward rural reference zone (RRZ) of 15 km from the delineated urban 174 

boundary is established for each city. To overcome surface heterogeneity and avoid under or 175 

over estimation of the background temperature, all possible built-up and water body pixels 176 

within the 15 km RRZ are masked out and then called as modified RRZ (mRRZ). The 177 

remaining non-built, non-water surfaces (predominantly croplands and open vegetation) are 178 

utilized as the pure rural reference. The complete demarcation and masking workflow is 179 

illustrated in Figure 2. All spatial operations, including clipping, buffering, and masking, were 180 

conducted using QGIS 3.28 Firenze. 181 
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 182 

Figure 2: Methodological workflow for the delineation of urban extent, 15 km RRZ, mRRZ 183 

illustrated for Varanasi using the 2024 MODIS LULC product 184 

2.3 SUHI intensity computation 185 

The SUHI intensity is calculated across the delineated urban extents and their surrounding rural 186 

reference zones following the classic definition based on the direct urban-rural LST difference 187 

(Peng et al., 2012; Si et al., 2022; Yang et al., 2024; Yao et al., 2019). LST observations are 188 

obtained from the MODIS/Aqua Land Surface Temperature and Emissivity Daily L3 Global 1 189 

km product (MYD11A1 and MYD11A2 Collection 6.1). MODIS/Aqua is selected for its 190 

equatorial overpass times of approximately 1:30 PM (local solar time) for daytime and 1:30 191 

AM for nighttime (Wan et al., 2015). All scenes are screened using the mandatory Quality 192 

Assurance bitmasks (QC_Day and QC_Night), retaining only high-quality pixels (with cloud 193 

cover less than 5%). The raw digital numbers are calibrated to absolute thermodynamic 194 

temperature using the official scale factor (𝑇௄ = ܰܦ × 0.02) and subsequently converted to 195 

degrees Celsius (ܵܮ𝑇 = 𝑇௄ − 273.15). Temporal mean composites are generated across all 196 

valid, cloud-free scenes for two pentad windows and three distinct seasons: pre-monsoon, post-197 

monsoon, and winter. 198 
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For decadal pentad assessment, both mean (MEAN) and maximum (MAX) SUHI intensities 199 

are computed (using equation 1 and 2, respectively) for multi-year average pentad windows 200 

(early: 2000-2004 and late: 2020-2024) to assess the shifts in the SUHI pattern. 201 ܷܵܫܪ௠௘௔௡ = 𝑇̅̅ܵܮ ̅̅ ௨̅௥௕௔௡ − 𝑇̅̅ܵܮ ̅̅ ௠̅ோோ௓ (1) ܷܵܫܪ௠௔௫ = 𝑇௨௥௕௔௡,௠௔௫ܵܮ − 𝑇̅̅ܵܮ ̅̅ ௠̅ோோ௓ (2) 

where ܵܮ𝑇̅̅ ̅̅ ௨̅௥௕௔௡ represents the area-weighted mean LST within the period-specific urban 202 

boundary, ܵܮ𝑇௨௥௕௔௡,௠௔௫ is the peak urban LST pixel, and ܵܮ𝑇̅̅ ̅̅ ௥̅௨௥௔௟ is the mean LST of the 203 

modified RRZ (mRRZ) which is excluding built-up lands and water bodies. 204 

To capture seasonal variability, annual seasonal mean SUHI intensities ܷܵܫܪ௠௘௔௡ are 205 

evaluated across individual consecutive years from 2020 to 2024. 206 

2.4 Accessing Rural Landscape and Atmospheric Dynamics 207 

To better understand SUHI patterns across the selected cities, multi-year variations in landscape 208 

composition and atmospheric parameters are monitored within the RRZ (15 km buffer, without 209 

modification). These dynamics are evaluated on a continuous annual basis from 2015 to 2024 210 

to capture background environmental shifts over the recent decade. The assessment focused on 211 

empirical changes in key surface and atmospheric drivers, alongside their direct statistical 212 

relationships with rural LST and SUHI intensity. 213 

For landscape, Vegetation Proportion (VP), Built-up and Bare Proportion (BBP), and 214 

Waterbody Proportion (WBP) are extracted using high-resolution, Sentinel-derived Dynamic 215 

World 10m near-real-time LULC dataset (Brown et al., 2022) to capture recent land-use 216 

transitions and RRZ landscape modifications. The area proportions of all three land cover 217 

classes within the RRZ are computed by equation 3.  218 

௜ܲ = ( (௧௢௧௔௟ܣ௜ܣ × 100 (3) 

where ௜ܲ represents the percentage proportion of land-cover class ݅ (e.g., vegetation, built-up 219 

and bare, or water bodies), ܣ௜ is the total area occupied by class ݅ within the RRZ, and ܣ௧௢௧௔௟ 220 

is the total surface area of the delineated RRZ. 221 

To capture atmospheric heat retention and surface moisture supported cooling, AOD and ET 222 

are considered respectively. ET represents surface moisture availability and active vegetation 223 

transpiration cooling, is acquired from the gap-filled MODIS MOD16A2GF product with 500 224 

m spatial resolution, reported in kg/m2/8day (Running et al., 2021) . AOD is derived from the 225 

MODIS MCD19A2 product has 1 km resolution (Lyapustin & Wang, 2022) to account for 226 

atmospheric aerosol loading and its potential role in solar radiation attenuation and nocturnal 227 

radiative trapping (Huang et al., 2022; Nikkath & Selvi, 2024). 228 

Continuous annual relative percentage changes (%) for these parameters (VP, BBP, WBP, ET 229 

and AOD) are quantified over the recent decade. In addition, a bivariate Pearson correlation 230 

analysis is conducted to quantify the statistical association between these rural landscape-231 
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atmospheric transitions and corresponding daytime and nighttime rural LSTs and daytime and 232 

nighttime mean SUHI intensities. 233 

2.5 Statistical Modelling of SUHI Drivers Using PLS Regression 234 

To identify the primary atmospheric and landscape drivers governing SUHI intensity across 235 

the IGP, PLS regression is implemented. High-dimensional landscape and atmospheric 236 

variables in urban climate studies frequently exhibit severe multicollinearity(Ding et al., 2025; 237 

Zeynali et al., 2026), resulting conventional ordinary least squares regression unstable due to 238 

variance inflation. In contrast, PLS constructs low-dimensional orthogonal latent vectors by 239 

simultaneously maximizing the covariance between explanatory variables and the response 240 

variable, retaining predictive power while overcoming collinearity(Abdi & Williams, 2010; 241 

Wold et al., 2001). 242 

2.5.1 Predictors selection, data collection, and preprocessing 243 

Apart from the LST data from MYD11A1 and MYD11A2 product for the SUHI analysis, other 244 

satellite datasets are used in the present study and are categorized as atmospheric and landscape 245 

parameters as represented in Table 1. The temporal scope covers three seasons such as Pre-246 

Monsoon (March to May), Post-Monsoon (October to November), and Winter (December to 247 

February) for consecutive years from 2020 to 2024 representing the current urban development 248 

phase. All spatial datasets are brought to a common city-level support by calculating the spatial 249 

mean over the delineated urban boundaries (2024) for each seasonal window. 250 

All the satellite datasets used in the study are atmospherically corrected as per their user 251 

manuals. All these parameters (tabulated in Table 1) are used only for the statistical models for 252 

determining their impacts on the daytime and nighttime mean SUHI intensities. 253 

Table 1: Description of urban landscape and atmospheric predictors employed in seasonal 254 

PLS regression models 255 

Type Predictor Unit Resolution Dataset (Satellite / Source) 

Atmospheric 

SNSR MJ/m2 ~11 km (0.1o) ERA5-Land Reanalysis 

SHF W/m2 ~11 km (0.1o) ERA5-Land Reanalysis 

WS m/s ~11 km (0.1o) ERA5-Land Reanalysis 

RH % ~11 km (0.1o) ERA5-Land Reanalysis 

AOD dimensionless 1 km MODIS (MCD19A2) 

Landscape 

PD pop/km2 100 m WorldPop (100m/pop) 

VP % 10 m Sentinel-derived LC 

BBP % 10 m Sentinel-derived LC 

WBP % 10 m Sentinel-derived LC 

AL fraction (0-1) ~11 km (0.1o) ERA5-Land Reanalysis 
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Annual (season window) mean daytime and nighttime SUHI intensities are computed across 256 

the seasons using equation 1. Atmospheric parameters are acquired from the ERA5-Land 257 

reanalysis dataset (Sabater, 2019) at a spatial resolution of ~11 km. Downward surface solar 258 

radiation (SSR) and surface sensible heat flux (SHF) are derived directly from the 259 

‘surface_solar_radiation_downwards’ and ‘surface_sensible_heat_flux’ bands, respectively. 260 

Near-surface wind speed (WS) is calculated from the orthogonal 10 m horizontal vector 261 

components (‘u_component_of_wind_10m’ and ‘v_component_of_wind_10m’) as resultant 262 

gridded wind speed. 263 

Relative humidity (RH) is determined from ‘air temperature’ (𝑇) and ‘dewpoint temperature’ 264 

(𝑇ௗ) bands (from the ERA5-Land reanalysis dataset) via the Magnus–Tetens formulation 265 

(Lawrence, 2004). RH is defined as the ratio of actual vapor pressure ‘݁’ to the saturation vapor 266 

pressure ‘݁௦’ over a plane water surface at a given temperature (Alduchov et al., 1996), typically 267 

expressed as a percentage. AOD for urban extents are derived from the same MODIS MAIAC 268 

Level-2 product utilized in the rural landscape assessment. 269 

In terms of the landscape parameters, PD (Population Density) data is extracted from the high-270 

resolution gridded WorldPop repository (Gaughan et al., 2013; WorldPop, 2026). To align 271 

strictly with the satellite-delineated urban extents, total population is extracted within each city 272 

polygon for 2000 and 2020. A 20-year compound annual growth rate is computed to project 273 

annual population counts and density (persons/km2) continuously for 2020–2024. Detail 274 

mathematical flow can be seen in supporting information. Detailed mathematical method for 275 

estimating WS, RH, and PD is illustrated in section S3 of supporting information. 276 

Land cover proportions (VP, BBP, and WBP) are extracted within the delineated urban extents 277 

from high-resolution 10 m land-cover data, following the same surface area percentage 278 

formulation defined in Equation 3. Surface Albedo (AL) is acquired from the ERA5-Land 279 

hourly reanalysis dataset using the ‘forecast_albedo’ band, representing broadband surface 280 

reflectance. 281 

 282 

2.5.2 PLS regression model setup 283 

Prior to model calibration, bivariate relationships and collinearity structures across predictors 284 

are systematically evaluated using Pearson’s correlation analysis (section S5 of supporting 285 

information) and Variance Inflation Factor (VIF) diagnostics (Figure 3). 286 
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 287 

Figure 3: Seasonal multicollinearity checks for landscape and atmospheric predictors 288 

In this study, the annual seasonal mean SUHI intensity serves as the single dependent variable 289 

(Y), while 10 atmospheric and landscape parameters serve as explanatory predictors (X) 290 

mentioned in Table 1. The models are fitted independently across distinct seasonal regimes 291 

(pre-monsoon, winter, and post-monsoon) for daytime and nighttime conditions to evaluate 292 

temporal shifts in driver dynamics. The dataset for each seasonal condition comprises N = 35 293 

(7 cities x 5 years) annual city-level observations. Before model training, all predictor and 294 

response variables are converted to standard scores (z-score standardization, mean = 0, 295 

standard deviation = 1) to eliminate dimensional scale discrepancies. 296 

The PLS regression model is implemented using the Non-Linear Iterative Partial Least Squares 297 

(NIPALS) algorithm for single-response systems (PLS1) via the ‘scikit-learn’ framework in 298 

Python(Pedregosa et al., 2018; Wold et al., 2001). In this framework, the objective is to model 299 

the linear relationship between the high-dimensional predictor space of atmospheric and 300 

landscape features and the univariate target vector of SUHI intensity. At each iteration, the 301 

algorithm calculates loading weights that maximize the sample covariance between predictor 302 

scores and response scores, capturing the dominant modes of explanatory variance directly 303 

relevant to SUHI magnitude. The number of latent components is selected independently for 304 

each model based on the maximum cross-validated Q² obtained from the 5-fold cross-305 

validation procedure, partitioning the 35 observations into five balanced folds (n = 7 306 

observations per fold). Model performance is evaluated via both the coefficient of 307 

determination of calibration (R2) on the training set and the cross-validated predictive 308 

coefficient (Q2) derived from out-of-fold predictions. Predictor significance is evaluated using 309 

1000 non-parametric bootstrap resamples. Evidence of association is classified using bootstrap 310 

confidence intervals at 80% (p < 0.20), 90% (p < 0.10), and 95% (p < 0.05) confidence levels. 311 

 312 
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6. Results 313 

This section presents the spatio-temporal variations in daytime and nighttime SUHI intensities 314 

comparing decadal pentad windows (2000–2004 vs. 2020–2024) and recent consecutive 315 

seasonal years (2020–2024). Observed shifts in rural baseline conditions and their influence on 316 

urban thermal contrast are evaluated. Finally, the primary landscape and atmospheric drivers 317 

governing seasonal SUHI intensities are identified. 318 

3.1 Daytime and Nighttime SUHI Intensity Dynamics 319 

The mean and maximum diurnal SUHI intensities for the seven IGP cities (Delhi, Agra, 320 

Kanpur, Lucknow, Prayagraj, Varanasi, and Patna) across the two pentad periods (2000–2004 321 

and 2020–2024) are presented in Figure 4. During the daytime, mean SUHI intensities in the 322 

initial period (2000–2004) ranged from 0.03°C in Patna to 1.94°C in Lucknow. In the recent 323 

period (2020–2024), daytime mean intensities ranged between 0.36°C (Agra) and 2.42°C 324 

(Lucknow). Across the two periods, daytime mean SUHI increased in Lucknow (from 1.94°C 325 

to 2.42°C), Kanpur (from 1.30°C to 1.52°C), Varanasi (from 0.79°C to 1.30°C), and Patna 326 

(from 0.03°C to 0.56°C), while slight decreases occurred in Delhi (from 0.63°C to 0.62°C), 327 

Agra (from 0.48°C to 0.36°C), and Prayagraj (from 0.64°C to 0.56°C). Maximum daytime 328 

SUHI intensities increased in six of the seven cities, with Delhi recording the highest peak 329 

values in both 2000–2004 (3.95°C) and 2020–2024 (4.38°C), followed closely by Lucknow 330 

(increasing from 3.55°C to 4.33°C) and Patna (increasing from 2.24°C to 3.94°C). Prayagraj 331 

was the only city exhibiting a minor decline in daytime maximum SUHI, moving from 2.83°C 332 

to 2.82°C. 333 

At nighttime, mean SUHI intensities consistently exceeded their corresponding daytime means 334 

across all cities and periods. For 2000–2004, nighttime mean SUHI ranged from 1.38°C in 335 

Patna to 2.20°C in Delhi. In 2020–2024, nighttime mean SUHI increased across all seven cities, 336 

spanning from 2.12°C in Prayagraj to 2.67°C in Delhi. Notable gains in nighttime mean SUHI 337 

are observed in Patna (from 1.38°C to 2.29°C), Varanasi (from 1.66°C to 2.37°C), and 338 

Lucknow (from 1.96°C to 2.62°C). Maximum nighttime SUHI intensities remained elevated 339 

across all cities (ranging from 3.06°C to 4.79°C in 2000–2004, and from 3.59°C to 4.61°C in 340 

2020–2024). While Delhi and Agra showed slight reductions in nighttime maximum SUHI 341 

(from 4.79°C to 4.61°C and from 3.86°C to 3.82°C, respectively), Kanpur, Lucknow, 342 

Prayagraj, Varanasi, and Patna all exhibited increases in maximum nighttime values between 343 

the two pentads.  344 
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 345 

Figure 4: Comparison of mean and maximum SUHI intensities (°C) across the seven study 346 

cities for the 2000–2004 and 2020–2024 pentad windows; upper panel: daytime SUHI; lower 347 

panel: nighttime SUHI 348 

3.2 Landscape alteration and atmospheric shifts in rural reference zone 349 

The annual relative changes in landscape (VP, BBP, and WBP) and atmospheric (AOD and ET) 350 

parameters within the 15 km RRZ of each city evaluated over the recent decade (2015 to 2024) 351 

are presented in Figure 5. In addition, their Pearson correlations with daytime and nighttime 352 

rural LST (i.e. D-LSTr and N-LSTr) and SUHI intensity (i.e. D-SUHI and N-SUHI) are 353 

illustrated in Figure 6.  354 



14 

 

 355 

Figure 5: Annual relative changes (%) in landscape and atmospheric parameters within the 356 

15 km RRZ of each study city (2015–2024)  357 

VP is increased across all rural peripheries, with the highest relative gain recorded in Delhi 358 

(+15.28%), while the remaining cities grew between +1.48% and +3.63%. VP demonstrated 359 

strong associations with rural thermal regimes such that is correlated negatively with nighttime 360 

rural LST (r = −0.60), but correlated positively with daytime rural LST (r = 0.44) and nighttime 361 

SUHI (r = 0.52). These correlations indicate contrasting diurnal relationships, where rural 362 

vegetation growth is associated with reduced nighttime LST. BBP experienced positive annual 363 

relative growth across six rural zones, headed by Varanasi (+20.02%), Patna (+11.76%), and 364 

Delhi (+7.69%), while Agra (+3.32%), Lucknow (+1.99%), and Kanpur (+1.47%) showed 365 

modest gains, and Prayagraj exhibited a minor contraction (−0.66%). In the correlation matrix, 366 

BBP correlated positively with nighttime rural LST (r = 0.27) and WBP (r = 0.32), though its 367 

correlations with SUHI intensities remained non-significant. WBP expanded noticeably in 368 

Patna (+15.49%) and slightly in Delhi (+0.69%), whereas contractions occurred across 369 

Lucknow (−3.69%), Varanasi (−2.47%), Agra (−2.00%), Kanpur (−1.60%), and Prayagraj 370 

(−0.28%). WBP is inversely correlated with daytime rural LST (r = -0.40), daytime SUHI (r = 371 

−0.35), and nighttime SUHI (r = −0.58). 372 

Evapotranspiration exhibited the highest positive annual relative increase across all city 373 

peripheries, led by Kanpur (+29.70%), Delhi (+24.59%), Lucknow (+23.73%), and Agra 374 

(+22.52%), with moderate increases in Prayagraj (+16.53%), Varanasi (+14.98%), and Patna 375 

(+13.35%). ET showed a positive correlation with BBP (r = 0.42) and WBP (r = 0.35). Although 376 

displaying a weak negative association with nighttime rural LST (r = −0.18), its relationship 377 

was negligible during the daytime (r = −0.02). Annual relative changes in AOD are modest, 378 
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ranging between −0.40% (Kanpur and Lucknow) and +1.04% (Prayagraj). AOD is correlated 379 

positively with nighttime rural LST (r = 0.46) and WBP (r = 0.54), but showed significant 380 

negative correlations with nighttime SUHI (r = −0.48).  381 

 382 

 383 

Figure 6: Pearson correlation matrix between daytime and nighttime SUHI intensities, rural 384 

baseline LST, and RRZ landscape and atmospheric parameters (2015–2024) 385 

3.3 Seasonal variability of LST and SUHI intensity 386 

The composite spatial distributions of daytime and nighttime LST, including both urban and 387 

RRZ for all cities, are shown in Figure 7. The maps represent mean LST for the period 2020–388 

2024 across the pre-monsoon, winter and post-monsoon seasons. For each city, the black 389 

polygon delineates the urban boundary, while the surrounding area represents a 15 km RRZ, 390 

enabling assessment of rural-urban-rural thermal contrasts. The cities during pre-monsoon 391 

season exhibit higher day-time LSTs; 35.07°C for Delhi, 37.32°C for Agra, 36.51°C for 392 

Kanpur, 35.75°C for Lucknow, 36.61°C for Prayagraj and 36.02°C for Varanasi. Note that the 393 

daytime LST distribution in urban and rural parts appear similar as the rural-urban boundaries 394 

are increasingly being merged. However, in the nighttime we see a pronounced pre-monsoon 395 
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warming in the urban cores as compared to their rural counterparts. In winter, LST ranges 396 

between 20.77°C and 22.97°C (12.63°C and 15.29°C) for daytime (nighttime). Post-monsoon 397 

daytime LSTs show an intermediate thermal regime between pre-monsoon and winter. 398 

Monsoon withdrawal leads to moderate rise in post-monsoon daytime LST, whereas the 399 

nighttime LSTs significantly increases. Although the urban to rural shift is not as obvious as 400 

that of pre-monsoon but it is noticeable. Urban areas continue to exhibit higher LSTs than the 401 

rural (27.95°C – 29.37°C for day-time and 19.34°C – 21.93°C for night-time). In the nighttime, 402 

consistent across all the cities, a gradual outward LST decay from urban centres into 403 

surrounding ladders, is observed. 404 
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 405 

Figure 7: Spatial distribution of mean seasonal daytime and nighttime LST (°C) across the 406 

seven IGP cities and their 15 km RRZ during 2020–2024; black polygons denote the 407 

delineated urban boundaries 408 

The pixel-level distribution and density of seasonal SUHI intensities (Figure S2) within each 409 

city are presented using violin plots in Figure 8. Daytime SUHI exhibited substantial seasonal 410 

shifts and intra-urban variance. During the pre-monsoon season, daytime SUHI distributions 411 

spanned both positive and negative values in several cities. Lucknow exhibited the most 412 
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consistently positive daytime profile, with approximately 90% of its urban pixels exceeding 413 

0°C (peaking at 3.8°C). Kanpur and Delhi displayed broad distributions, with over 60–70% of 414 

pixels recording positive SUHI intensities, whereas in Agra, Prayagraj, Varanasi, and Patna, a 415 

substantial proportion (approximately 40–55%) of urban pixels fell at or below 0°C. In winter, 416 

daytime SUHI intensities shifted distinctly upward across all seven cities, more than 85–95% 417 

of pixels exhibited positive intensities, with distributions concentrating between 1.5°C and 418 

4.5°C. In the post-monsoon season, daytime SUHI distributions are intermediate, with Agra 419 

exhibiting a predominantly negative regime (over 85% of pixels below 0°C, centering near 420 

−1.0°C), while Kanpur, Lucknow, Prayagraj, and Varanasi retained predominantly positive 421 

daytime intensities (60–85% of pixels above 0°C). 422 

At nighttime, SUHI intensities remained consistently positive across virtually the entire urban 423 

extent for all cities and seasons. Over 95% of urban pixels across all seven cities maintained 424 

nighttime SUHI values above 0°C across pre-monsoon, winter, and post-monsoon. During the 425 

pre-monsoon night, pixel distributions peaked at the highest intensities, with the majority of 426 

values concentrating between 2.0°C and 5.0°C across Delhi, Agra, Kanpur, and Lucknow, and 427 

reaching upper limits near 5.5°C. Winter nighttime SUHI distributions remained elevated, with 428 

pixel densities clustered predominantly between 1.5°C and 4.0°C. In the post-monsoon season, 429 

nighttime SUHI exhibited a tight distribution centered between 1.5°C and 3.5°C across all 430 

cities, confirming sustained, positive nocturnal urban–rural thermal contrast throughout the 431 

annual cycle. 432 
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 433 

Figure 8: Pixel-level frequency distributions of seasonal daytime and nighttime SUHI 434 

intensities (°C) across the study cities (2020–2024) 435 

3.4 Atmospheric and Landscape Drivers of Seasonal SUHI 436 

The seasonal influences of five atmospheric (SSR, SHF, WS, AOD, and RH) alongside five 437 

landscape (PD, VP, BBP, WBP, and AL) parameters on daytime and nighttime SUHI intensities 438 

are evaluated using PLS regression (Figure 9). Standardized regression coefficients 439 

demonstrated distinct seasonal sensitivities and contrasting behavioural patterns between the 440 

built environment and atmospheric circulation regimes. The corresponding predictive 441 

performance of the calibrated and 5-fold cross-validated models across each season is also 442 

illustrated in Figure 10. 443 
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 444 

Figure 9: Relative contributions of atmospheric and landscape predictors to seasonal 445 

daytime and nighttime SUHI intensities derived from PLS regression; colour shading 446 

indicates positive (red) and negative (green) coefficients; statistical significance thresholds 447 

are designated by asterisks (*** p ≤ 0.05, ** p ≤ 0.1, * p ≤ 0.2, NS: not significant) 448 

During daytime, BBP served as the primary positive driver, significantly intensifying SUHI 449 

across all three seasons. In contrast, WBP consistently functioned as the strongest daytime 450 

mitigating landscape feature, maintaining significant negative coefficients throughout the pre-451 

monsoon, winter, and post-monsoon. VP demonstrated moderate, marginal cooling tendencies 452 

during the pre-monsoon and winter seasons, whereas its daytime relationship became 453 

statistically non-significant following the monsoon withdrawal. AL exhibited pronounced 454 

seasonal reversals, exerting a strong positive influence on SUHI during winter, transitioning to 455 

an effective mitigating factor in the post-monsoon period, and remaining non-significant in the 456 

pre-monsoon. PD only reached statistical significance during the pre-monsoon daytime, 457 

displaying an inverse relationship with thermal intensity. Among the daytime atmospheric 458 

parameters, SSR remained non-significant across all seasons. Meanwhile, SHF showed a 459 

significant mitigating role restricted to the pre-monsoon, WS exacerbated heating exclusively 460 

during pre-monsoon, and AOD contributed to SUHI reduction during winter and post-461 

monsoon. RH transitioned from a marginal cooling factor in pre-monsoon to a strong positive 462 

contributor in the post-monsoon season. 463 

At nighttime, the enhancing role of BBP persisted as the dominant landscape driver, retaining 464 

significant positive coefficients across every season. WBP similarly sustained its mitigating 465 
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role throughout the nocturnal cycle, though its cooling magnitude is less pronounced compared 466 

to the daytime. Unlike the daytime observations, VP exhibited a consistently negative nighttime 467 

association across all seasons, with strongest statistical evidence during winter. 468 

Simultaneously, PD shifted from its daytime pattern to exert a significant positive influence on 469 

nighttime SUHI during both winter and post-monsoon periods. Nighttime atmospheric drivers 470 

exhibited strong seasonal dependency; RH served as a consistent mitigating parameter, 471 

displaying significant negative coefficients across all three seasons. Conversely, WS and SHF 472 

reinforced nighttime urban warming during winter and post-monsoon, whereas both remained 473 

non-significant in the pre-monsoon period. SSR displayed an inverse association during pre-474 

monsoon nights and a slight warming effect in winter, while nighttime AL remained entirely 475 

non-significant across the seasons. 476 

Scatter distributions of observed versus predicted SUHI intensities demonstrate good overall 477 

goodness-of-fit for the seasonal PLS regressions (Figure 10). Pre-monsoon models achieved 478 

the highest overall reliability, with daytime calibration and cross-validation statistics reaching 479 

R2 = 0.84 (RMSEC = 0.25) and R2 = 0.73 (RMSECV = 0.32), reflected by nighttime values of 480 

R2 = 0.83 and R2 = 0.70 (RMSECV = 0.26). Winter models maintained similarly strong 481 

predictive power across both daytime and nighttime, with cross-validated Q2 values of 0.62 482 

(RMSECV = 0.40) for daytime and 0.64 (RMSECV = 0.20) for nighttime. In the post-monsoon 483 

season, daytime predictive capacity declined noticeably (cross-validated Q2 = 0.30, RMSECV 484 

= 0.72), whereas nighttime performance recovered robust explanatory strength (Q2 = 0.74, 485 

cross-validated Q2 = 0.54, RMSECV = 0.18). Across all three seasons, nighttime models 486 

exhibited lower cross-validation errors than the corresponding daytime models, with RMSECV 487 

ranging from 0.20 to 0.26 °C compared with 0.32 to 0.72 °C during daytime. A detailed 488 

summary of the PLS regression models, including component loadings, latent vectors and VIP 489 

scores across all seasons, is provided in Section S6 of the Supporting Information. 490 
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 491 

Figure 10: Diagnostic scatter plots of calibrated and 5-fold CV PLS regression models across 492 

seasonal regimes for daytime and nighttime 493 

7. Discussion 494 

The multi-decadal SUHI analysis revealed distinct diurnal behaviours across the seven IGP 495 

cities, characterized by moderate, variable daytime SUHI alongside consistent, intensified 496 

nighttime SUHI. Nighttime mean SUHI exceeded daytime counterparts across all cities and 497 

study periods, expanding persistently over the recent pentad (reaching 2.12°C–2.67°C). This 498 

nocturnal dominance aligns with broader observations in subtropical and monsoonal urban 499 

environments (Derdouri et al., 2021; She et al., 2022), where the daytime storage of sensible 500 

heat by dense urban fabrics is released continuously after sunset (Mirza et al., 2026) . The 501 

nocturnal persistence of elevated thermal regimes presents pronounced health challenges 502 
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across north India, suppressing natural nocturnal physiological cooling and exacerbating 503 

thermal discomfort (Shahfahad et al., 2023; Zhu et al., 2021). 504 

The present study highlights the shrinking contrast between urban and rural LSTs, particularly 505 

during the pre-monsoon season, where rural daytime LSTs increasingly approach the urban 506 

values. This raises a concern that peri-urban warming in Indian cities increasingly blurs the 507 

urban–rural boundary, leading to a regional heat island effect instead of urban heat island. 508 

Under intense insolation, rural cooling mechanisms largely fail such as post-harvest bare soils, 509 

moisture stress, and surface bareness impair daytime evaporative cooling (M. Das et al., 2025; 510 

Mallick et al., 2024; Muthiah et al., 2022). Consequently, despite substantial relative increases 511 

in rural evapotranspiration (up to +29.70% in Kanpur), its correlation with daytime rural LST 512 

is virtually absent (r = -0.02), reflecting moisture-limited daytime sensible heating. In contrast, 513 

during the night, the RRZ experiences marked cooling. Combined with peripheral BBP 514 

expansion across six RRZ (e.g., +20.02% in Varanasi, +11.76% in Patna) and shrinking WBP, 515 

rural daytime temperatures approach urban levels, masking localized urban warming within a 516 

broader regional heating regime (Kapuganti et al., 2025; Shukla & Jain, 2021). At nighttime, 517 

this dynamic reverses as the RRZ transitions into an efficient thermal sink, driving strong 518 

nocturnal mean SUHI intensities (2.12°C–2.67°C). High sky-view factors and open canopies 519 

facilitate rapid radiational cooling, where rural VP strongly suppresses nighttime rural LST (r 520 

= - 0.60) and consequently widens nighttime SUHI (r = 0.52). On the other hand, rural BBP 521 

expansion positively tracks nighttime rural LST (r = 0.27), while regional aerosol loading 522 

(AOD) correlates positively with nocturnal rural LST (r = 0.46) and negatively with nocturnal 523 

SUHI (r = -0.48), indicating background radiative warming of the rural baseline. This diurnal 524 

shift from compromised daytime evaporative cooling to highly efficient nighttime radiative 525 

decay demonstrates that SUHI dynamics across the IGP are strongly modulated by the diurnal 526 

thermal efficiency of the rural baseline itself. 527 

The empirical relationships identified by the PLS regression models reveal that urban 528 

landscape and atmospheric parameters do not function as static, but instead vary across diurnal 529 

phases and seasonal transitions. BBP remained the sole persistent positive warming driver 530 

across all seasons and diurnal cycles (p < 0.05), confirming that replacing natural landcover 531 

with impervious materials continuously sustains thermal anomalies through sensible heat 532 

storage (Bankoff et al., 2024; Mirza et al., 2021, 2022; Mohammad et al., 2025). Conversely, 533 

WBP functioned as a consistent year-round cooling feature (p < 0.05), with its highest 534 

mitigation efficiency observed during the daytime due to sustained latent heat dissipation (M. 535 

Das et al., 2025; Gaber & Özden, 2023). VP exhibited diurnally divergent behaviour. tts 536 

daytime cooling is marginal or non-significant, constrained by dry-season moisture deficits and 537 

stomatal closure (Zhang et al., 2022), yet it consistently suppressed nighttime SUHI across all 538 

seasons (p < 0.05 in winter) through unshaded radiative heat loss (She et al., 2022). PD showed 539 

an opposing diurnal reversal, switching from a significant negative association during pre-540 

monsoon daytime to a positive nighttime warming driver during winter and post-monsoon. 541 

This transition reflects the dual role of compact settlements, which provide daytime mutual 542 

building shade but trap sensible heat, lower sky view factors, and release anthropogenic heat 543 

at night (Shahfahad et al., 2023; Zhu et al., 2021).  544 
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Among the atmospheric parameters, RH switched from a daytime mitigator in pre-monsoon to 545 

a strong daytime warming driver in post-monsoon, while consistently acting as a nocturnal 546 

cooling agent across all seasons (p < 0.05). High moisture content restricts rapid radiative 547 

divergence between urban surfaces and the atmosphere at night (Huang et al., 2022; Kim et al., 548 

2025), whereas daytime post-monsoon vapor accumulation suppresses convective venting, 549 

trapping sensible heat within humid urban boundary layers (Sismanidis et al., 2022). AOD 550 

contributed negatively to daytime SUHI in winter and post-monsoon, yet is reversely acting 551 

during nighttime across post-monsoon and winter (Mirza et al., 2023; Nair et al., 2021) . This 552 

daytime cooling reflects shortwave solar dimming caused by the dense haze layer (fog blanket), 553 

which scatters and absorbs incoming insolation to suppress urban surface heating (Ansari et 554 

al., 2025; Tariq et al., 2022). Conversely, during nighttime, elevated aerosol layers absorb and 555 

re-emit terrestrial longwave radiation back to the surface, effectively trapping upward thermal 556 

flux and sustaining a warmer nocturnal boundary layer that reinforces nighttime SUHI (Kumar 557 

et al., 2025; Mostafa et al., 2024). SHF functioned as an effective daytime mitigator during the 558 

pre-monsoon but reversed to a significant nocturnal warming enhancer in winter and post-559 

monsoon. While vigorous daytime thermal convection and buoyant plume development assist 560 

in shedding urban heat during pre-monsoon extremes (Mohammad et al., 2025), nocturnal 561 

sensible heat release from deep urban canyons continues warming the canopy layer, preventing 562 

efficient surface cooling (He et al., 2023). 563 

 564 

Figure 11: (a) Percentage contribution of atmospheric and landscape parameters; red 565 

upward arrows indicating positive contributions that 566 

Figure 11 effectively conceptualizes the IGP as a topographic basin, bounded by the Himalayas 567 

to the north and the Vindhyan and Satpura ranges to the south. The DEM over IGP confirms 568 
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that all study cities lie within a low-elevation corridor (valley), which fundamentally restricts 569 

horizontal and vertical heat dispersion. On an observable level, the synoptic wind vector field 570 

(Figure 11b) displays predominantly north westerly winds channelled along this continuous 571 

topographical corridor. While these coarse-resolution wind vectors do not represent localized 572 

microscale ventilation or complex recirculatory flows but the observable alignment between 573 

dominant wind flow, low-lying terrain, and elevated NO2 plumes (Figure 11c) provides broader 574 

geographic context for the regional background environment. This low-lying setting of IGP 575 

shares general structural parallels with other major alluvial basins, such as the Nile (Douglas, 576 

1949) and lower Mississippi valleys (McCabe & Wolock, 2019), where river-plain morphology 577 

concentrates urban agglomerations within shallow corridors. Because of the unique geography 578 

of IGP, cities across the IGP experience a pronounced accumulation of aerosols and the long-579 

term presence of a dense fog blanket over the region (Ansari et al., 2025; Kumar et al., 2025; 580 

Miara et al., 2018; Mostafa et al., 2024). The observed spatial correspondence is consistent 581 

with a possible contribution of aerosol loading and anthropogenic emissions to nocturnal 582 

thermal retention; however, these mechanisms are not directly quantified in the present 583 

analysis. Over the IGP, this effect is further magnified due to persistent emissions from traffic, 584 

industry, biomass burning, and domestic energy use (Arif et al., 2018; N. Singh et al., 2018). 585 

 586 

Limitations and Future Directions: 587 

This study acknowledges following methodological uncertainties and limitations. MODIS LST 588 

retrievals (~1 km) carry inherent sensor radiometric uncertainties (~1°C) under elevated 589 

aerosol loading and atmospheric haze layers. Some of predictors are derived from ERA5-Land 590 

(~11 km) operate at coarser spatial supports compared to high-resolution (10 m) landscape 591 

metrics, capturing synoptic background conditions while smoothing localized microclimatic 592 

canopy gradients. A fixed 15 km rural reference zone is adopted consistently across the study 593 

cities and built-up and water-body pixels are excluded to reduce contamination of the rural 594 

baseline. Although the 15 km distance is supported by previous regional assessments, 595 

sensitivity of the estimated SUHI to alternative rural-reference distances is not explicitly 596 

evaluated and should be examined in future work. Finally, to constrain statistical uncertainty 597 

in driver attribution under a moderate sample size, PLS model stability and overfitting are 598 

controlled through 5-fold cross-validation and non-parametric bootstrap confidence intervals. 599 

 600 

8. Conclusion 601 

This study provides a multi-decadal comparative assessment of SUHI dynamics across seven 602 

major cities of the Indo-Gangetic Plains (IGP), using two five-year pentad windows (2000–603 

2004 and 2020–2024) complemented by annual seasonal analysis during 2020–2024. By 604 

integrating multi-temporal LST observations, rural reference-zone (RRZ) landscape 605 

transitions, synoptic physiographic context, and multivariate attribution using PLS regression, 606 

the study provides an updated assessment of the evolving urban–rural thermal regime. Across 607 

all evaluated cities, nighttime SUHI consistently exceeded daytime SUHI in mean intensity 608 

during both pentad periods, with nighttime warming remaining spatially widespread across the 609 
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urban areas. A key finding is the narrowing of the urban–rural thermal contrast, particularly 610 

during the pre-monsoon season, when rural daytime LST increasingly approaches urban values. 611 

This pattern is associated with changes in the rural reference environment, including moisture 612 

deficits, post-harvest bare soils, and peripheral built-up expansion, which may weaken daytime 613 

rural evaporative cooling. The results further indicate that SUHI dynamics are governed by 614 

seasonally and diurnally varying interactions between urban landscape and atmospheric 615 

conditions. Built-up and bare-surface proportion (BBP) emerged as a persistent positive 616 

predictor of SUHI, whereas water-body proportion (WBP) showed a consistent mitigating 617 

association, particularly during daytime. Vegetation proportion (VP) exhibited predominantly 618 

negative nighttime associations but weaker and more variable daytime relationships across 619 

seasons. Population density and atmospheric variables, including relative humidity, wind 620 

speed, sensible heat flux, and aerosol optical depth, also exhibited season- and diurnally 621 

dependent associations rather than uniformly consistent effects. The observed nighttime 622 

thermal persistence occurs in the context of the topographically constrained IGP basin, regional 623 

synoptic flow patterns, and elevated aerosol loading; these factors provide physiographic and 624 

atmospheric context for the observed thermal regime, although their individual causal 625 

contributions are not directly quantified in the present study. Overall, the findings indicate that 626 

urban heat mitigation in the IGP cannot be considered solely within municipal boundaries. 627 

Effective regional heat-resilience strategies should account for peri-urban landscape 628 

transformation, expansion of built and bare surfaces, preservation of blue infrastructure, 629 

maintenance of vegetation, and changing atmospheric conditions across the urban–rural 630 

continuum. 631 
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