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Abstract

Urban thermal environments reflect the relationship between land surface temperature (LST)
and anthropogenic activity. The present study analyses seasonal land surface temperature,
the Urban Thermal Field Variance Index (UTFVI), and night-time radiance in Jaipur, India from
2014 to 2025 using Landsat 8 Collection 2 and VIIRS Day/Night Band datasets. The Summer
(April-June) and winter (November-December) median composites were generated for
continuous analysis and for classified assessment. In the study, five LST and UTFVI classes were
used to examine spatial expansion with regression and correlation analyses. The mean
summer LST ranged from 41.23°C to 50.62°C while winter LST varied between 19.01°C and
30.81°C. The regression results indicate interannual variability with no consistent linear
warming trend over the study period. In contrast, the VIIRS radiance increased steadily from
19.06 to 26.57 nW-cm2-sr'l. This result confirms sustained urban intensification. The Pearson
correlation between VIIRS and summer LST was weakly negative during 2014-2018 (r =-0.286)
and weaker during 2019-2025, while winter associations remained negligible. These findings
indicate that increasing nighttime radiance does not directly correspond to proportional
seasonal surface warming. The classified analysis shows a persistent dominance of high-
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summer LST classes, with extreme heat (Class 5, >45°C) accounting for more than 75% of the
areain 2014 and 2019. The development of winter heat was episodic, with 2016 representing
a pronounced anomaly. The UTFVI results of the study reveal sustained ecological stress with
strong stress categories covering more than one-third of the urban area in most seasons.
Maximum UTFVI values remained concentrated in dense built-up zones. The results of the
current study demonstrate persistent summer heat, continuous radiance growth, and
concentrated ecological stress in Jaipur. In the study period, the divergence between radiance
expansion and LST response highlights the role of land surface composition and seasonal
climate in moderating urban thermal behaviour.

Keywords
Land surface temperature; urban thermal field variance index; VIIRS nighttime radiance;
seasonal thermal variability; Google Earth Engine; Jaipur

1. Introduction

Urbanisation modifies land-surface properties and alters the surface energy balance. Built-up
materials, such as concrete and asphalt, increase heat storage capacity and reduce
evapotranspiration. As vegetation cover declines, latent heat flux decreases and the sensible heat
flux increases. These processes lead to elevated land surface temperature (LST) in urban cores
compared with surrounding rural areas. This phenomenon is widely pronounced as the urban heat
island effect [1]. Thermal remote sensing has become central to assessing urban heat. The input for
spatially continuous measurements that allow comparison across cities and over long periods is
provided by Satellite-derived LST [2, 3]. Several studies confirm that the Landsat missions have been
widely used due to their moderate spatial resolution and long historical archive, as well as retrieval
methods, such as the mono-window and split-window algorithms [4-6]. The calibration and
radiometric correction procedures for Landsat sensors have also been standardized, and these
developments allow reliable inter-annual comparison of thermal patterns.

Several studies have examined LST patterns in Indian cities using Landsat data, reporting that the
relationship between LST and impervious-surface fraction or vegetation indices holds across
multiple regional contexts [7-9]. The summer conditions typically amplify thermal contrasts due to
reduced soil moisture and sparse vegetation cover as shown by the seasonal temperature analysis
and similar patterns have been observed in semi-arid urban regions [9]. Past studies focus on short
time intervals or a single reference year, but long-term assessment is essential for understanding
persistent warming trends and adding value to the study. The radiometric performance and data
continuity for terrestrial thermal monitoring are improved by the Landsat-8 data [10]. Consistent
LST derivation methods enable multi-year comparisons and trend estimation; further analysis allows
identification of the gradual expansion of high-temperature zones and quantification of thermal
acceleration rates [11, 12].

Urban heat is not only expressed in terms of temperature magnitude, but it also reflects spatial
thermal stress relative to background conditions. The urban thermal field variance index (UTFVI)
measures the deviation of pixel-level temperature from the mean urban temperature, providing an
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indicator of ecological stress intensity [13]. The UTFVI index has been applied to assess
environmental pressure in rapidly urbanising regions across the globe. Several studies in Ethiopia
and India demonstrate that strong UTFVI classes often correspond to dense built-up clusters and
low vegetation cover [11, 14]. The seasonal variations in UTFVI reflect differences in various
environmental aspects such as atmospheric moisture, solar radiation, and surface characteristics [8,
11]. The integration of LST and UTFVI provides both absolute and relative measures of thermal
conditions.

The UTFVI is used to identify heat hotspots and ecological stress zones suggested by recent
research in Indian metropolitan areas [12, 13]. These analyses reveal expansion of high-stress
classes in response to urban densification, though most investigations are limited to two or three
benchmark years. The annual evaluation remains limited, particularly for medium-sized cities in
semi-arid regions (Jaipur). Anthropogenic activity contributes to urban thermal conditions through
energy consumption, transportation, industrial activity, and artificial lighting. The Nighttime light
data from the Visible Infrared Imaging Radiometer Suite (VIIRS) Day/Night Band provides a spatial
proxy for human activity intensity [15]. The VIIRS data offer improved radiometric sensitivity
compared with earlier used DMSP-OLS sensors [16].

The VIIRS data have been widely used to estimate economic activity, population distribution, and
urban expansion [17-19] because calibration refinements and cross-sensor harmonization improve
temporal consistency [20, 21]. The long-term VIIRS datasets enable evaluation of anthropogenic
growth patterns over decadal scales [22]. The artificial light distribution also reflects the spatial
concentration of infrastructure and built-up intensity [23]. Multi-temporal VIIRS observations have
revealed anisotropic and directional characteristics of artificial lighting [24]. Several studies have
demonstrated that nighttime radiance correlates with impervious surface density and urban core
expansion [17, 25]. Recent research has begun to explore the relationship between nighttime
radiance and urban thermal patterns. Although several studies have reported positive associations
between nighttime radiance and elevated land surface temperature, the strength and direction of
this relationship vary considerably across cities and climatic regions because urban thermal behavior
is simultaneously controlled by vegetation, land-cover composition, urban morphology, soil
moisture, and seasonal atmospheric conditions [26]. Such findings suggest that anthropogenic
intensity may reinforce thermal anomalies. The systematic seasonal analysis linking VIIRS, LST, and
ecological stress indices remains limited. Most existing urban heat studies focus on large
metropolitan regions. The medium-sized cities in semi-arid India are less frequently examined
despite rapid spatial transformation. Jaipur has experienced steady population growth and outward
urban expansion during the past decade. Land-cover conversion and densification have modified its
surface thermal structure. Previous work in Indian cities has examined relationships between LST
and built-up indices [6, 7]. Some studies have incorporated UTFVI to evaluate ecological stress [11-
15]. Nighttime radiance has been used to analyse economic growth and infrastructure intensity [16,
17]. However, integration of these three components within a continuous seasonal framework
remains limited. Although nighttime radiance is widely recognised as an effective proxy for
urbanisation intensity and anthropogenic activity, its relationship with land surface temperature
(LST) is neither linear nor spatially uniform. Urban thermal behaviour is governed by the surface
energy balance, which reflects the combined influence of incoming solar radiation, surface albedo,
thermal inertia, evapotranspiration, aerodynamic properties, and anthropogenic heat emissions.
Consequently, areas exhibiting high nighttime radiance do not necessarily experience proportionally
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higher daytime surface temperatures because multiple environmental and morphological factors
regulate heat storage and dissipation [27].

Vegetation plays a particularly important moderating role by reducing surface temperature
through evapotranspiration and shading. Urban green spaces, irrigated landscapes, and peri-urban
vegetation can substantially reduce LST even within highly illuminated urban environments.
Similarly, soil moisture influences the partitioning of available energy into latent and sensible heat
fluxes, thereby limiting surface heating despite increasing urban development. Seasonal variability
further modifies these interactions, especially in semi-arid environments where rainfall,
atmospheric humidity, and antecedent moisture conditions fluctuate considerably between years.

Urban morphology introduces an additional level of complexity. High-rise buildings, compact
street canyons, varying building densities, and differences in construction materials alter solar
exposure, shadow patterns, wind circulation, and heat storage capacity. Consequently, two
locations with similar nighttime radiance may exhibit substantially different thermal responses
depending on their urban form and land-cover composition. Modern urban developments may also
incorporate reflective roofing materials, landscaped open spaces, and improved building designs
that partially offset surface warming despite increasing anthropogenic activity.

Recent studies increasingly suggest that nighttime light intensity should not be interpreted as a
direct surrogate for urban thermal conditions but rather as one component of a more complex
urban environmental system [28, 29]. The interaction among vegetation dynamics, land-cover
composition, surface moisture availability, urban morphology, and climatic variability often
produces nonlinear relationships between anthropogenic radiance and land surface temperature.
Understanding these moderating mechanisms is therefore essential for interpreting apparent
decoupling between urban expansion and thermal response, particularly in rapidly growing semi-
arid cities such as Jaipur.

Few studies assess both summer and winter patterns within the same year over an extended
period, but the seasonal differentiation is important in semi-arid climates where thermal amplitude
varies significantly across months [30]. The continuous annual assessment from 2014 onward is
feasible due to consistent Landsat-8 coverage and stable VIIRS observations [2, 14]. Recent urban
climate research has increasingly shifted from simple urban heat island mapping towards integrated
assessments that combine land surface temperature, vegetation dynamics, nighttime light
observations, ecological stress, and climate resilience [31]. Contemporary studies emphasise that
urban thermal environments are regulated by the interaction of land-use change, urban
morphology, vegetation cover, and climatic variability rather than by a single environmental
indicator [32, 33]. Recent applications of VIIRS nighttime light data demonstrate that anthropogenic
radiance is a valuable proxy for urbanisation intensity but should be interpreted alongside land
surface characteristics to better understand thermal behaviour and sustainable urban development.
These advances highlight the importance of integrated, long-term satellite-based assessments,
particularly for rapidly expanding semi-arid cities where seasonal climatic variability strongly
influences urban thermal dynamics. This study evaluates the spatiotemporal dynamics of LST and
ecological thermal stress in Jaipur during 2014-2025. The seasonal analysis is conducted for summer
(April-June) and winter (November-December) of each year. The annual VIIRS nighttime radiance is
incorporated to examine the association between anthropogenic intensity and surface thermal
conditions. An integrated understanding of urban heat development has been assessed using
continuous trends and classified spatial expansion.
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2. Materials and Methods
2.1 Study Area

Jaipur is located in the eastern part of Rajasthan, India. It is situated between approximately
26°45’-27°05' N latitude and 75°40°-76°00' E longitude (Figure 1). The city lies within a semi-arid
climatic zone. The city is characterised by high summer temperatures and low annual precipitation.
The elevation ranges from approximately 430 m to 480 m above mean sea level. A significant part
of the Aravalli hill system influences local topography and wind movement in Jaipur. The climate of
Jaipur shows marked seasonal contrast; summer spans from April to June with intense heat and low
humidity. The surface temperatures frequently exceed 40°C during this period, while the winter
conditions in November and December are comparatively mild with reduced solar intensity and
lower mean temperatures. This kind of seasonal contrast makes Jaipur suitable for evaluating intra-
annual thermal variation.
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Figure 1 Location map of the study Area (a) Location of the Indian Subcontinent in the
world; (b) Location of India in the Indian Subcontinent; (c) Location of Rajasthan; (d)
Location of Jaipur.

Over the last decade, the urban expansion in Jaipur has accelerated. The marginal agricultural
land has gradually been converted into residential and commercial built-up areas. The increased
impervious surface fraction contributes to enhanced surface heat retention in the urban areas of
Jaipur. Several studies have shown that impervious surfaces correlate strongly with elevated land-
surface temperatures [34]. In multiple Indian urban environments, the vegetation indices show
inverse relationships with LST [35, 36]. The urban heat patterns in Jaipur are rapidly expanding cities
influenced by land-cover change and infrastructure concentration [37]. The semi-arid settings with
sparse vegetation cover are particularly sensitive to such transformation. The administrative
boundary of Jaipur Municipal Corporation was used as the study extent. All spatial statistics and
temporal analyses were confined to this boundary. Jaipur signifies a semi-arid urban system for
examining seasonal thermal magnitude, ecological stress intensity, and anthropogenic radiance
patterns over a continuous multi-year period.
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2.2 Satellite Datasets

The Landsat 8 and Landsat 9 Collection 2 Level 2 surface temperature products were used to
derive the LST. The Landsat 8 provides 30 metre spatial resolution with improved radiometric
performance and long-term continuity [2]. The calibration procedures and radiometric coefficients
are documented in detail by Chander et al. [5]. The Collection 2 products incorporate atmospheric
correction and emissivity handling within the surface temperature band. The analysis period for the
study covers 2014-2025, ensuring consistency of Landsat 8 observations and stable VIIRS data
availability [14, 15]. The seasonal composites were generated for Summer (April-June) and Winter
(November-December) for each year. The median composites were created to reduce the influence
of cloud contamination and short-term atmospheric variability.

After applying standard cloud masking procedures to Landsat data [38], nighttime radiance was
derived from VIIRS Day/Night Band monthly cloud-free composites (VCMSLCFG). The VIIRS provides
a higher dynamic range and better sensitivity than earlier used DMSP-OLS sensors. The improved
calibration and cross-sensor harmonisation have also enhanced temporal consistency, making the
dataset suitable for long-term trend analysis for the study area. The annual mean radiance
composites were calculated for each year for the study area, and all spatial processing was
conducted using Google Earth Engine to ensure uniform preprocessing and reproducibility.

2.3 Land Surface Temperature Derivation

Surface temperature was extracted from the thermal infrared band (STs10) of Landsat Collection
2 Level 2 products. The scale factor and additive offset provided in the metadata were applied (eq.
1).

The conversion to degrees Celsius followed:

LST(°C) = (STg10 X 0.00341802 + 149) — 273.15 (D)

This transformation converts scaled digital values to surface temperature in Kelvin and
subsequently to Celsius. The methodological basis for thermal retrieval and emissivity correction is
described in Li et al. [4] and Roy et al. [2]. Seasonal median composites were calculated separately
for each year to represent representative summer and winter thermal conditions.

2.4 Urban Thermal Field Variance Index

Ecological thermal stress was evaluated using the urban thermal field variance index (UTFVI).
UTFVI expresses the relative deviation of pixel-level temperature from the mean seasonal
temperature of the study area (eq. 2).

T, — T,
UTFV] = =S _mean (2)

mean

where:
Ts = pixel-level land surface temperature.
Tmean = mean seasonal land surface temperature of Jaipur.
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UTFVI provides a normalised measure of thermal stress [39]. Higher values indicate stronger
deviation from background temperature and greater ecological pressure [40, 41]. For each season
and year, UTFVI was computed from the corresponding LST composite.

2.5 Classification Scheme

Continuous LST and UTFVI values were classified into five categories to examine spatial expansion
patterns.

2.5.1 Seasonal LST Classification

Separate thresholds were defined for summer and winter to account for climatic differences.
This approach allows inter-annual comparison within each season (Table 1 and Table 2).

Table 1 Summer LST classification thresholds.

Class Temperature range (°C) Interpretation

1 <35 Very low
2 35-40 Low

3 40-45 Moderate
4 45-48 High

5 >48 Very high

Table 2 Winter LST classification thresholds.

Class Temperature range (°C) Interpretation

1 <18 Very low
2 18-22 Low

3 22-25 Moderate
4 25-28 High

5 >28 Very high

Season-specific thresholds avoid artificial comparison between summer and winter magnitudes
and focus on intra-seasonal trend evaluation.

2.5.2 UTFVI Classification
UTFVI values were classified following established ecological stress categories (Table 3).

Table 3 UTFVI classification thresholds.

Class  UTFVIrange Ecological condition
1 <0 No stress

2 0-0.005 Weak stress

3 0.005-0.01 Moderate stress

4 0.01-0.015 Strong stress

5 >0.015 Very strong stress
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This classification enables assessment of the spatial expansion of high-stress zones over time.
The “No Stress” UTFVI class represents pixels with land surface temperatures at or below the
seasonal mean, indicating relatively lower thermal stress within the study area rather than the
complete absence of heat. As UTFVI is a relative index derived from the deviation of pixel
temperature from the seasonal mean, the classification reflects comparative ecological thermal
conditions across the study area rather than absolute temperature levels.

2.6 Area Statistics

The area of each class was calculated using pixel area conversion. Pixel area in square kilometres
was obtained as (eq. 3):

Area(km?) = Pixel Area(m?) = 10° 3

Total area per class was calculated by summing pixel areas within each class. The percentage
area was derived as (eq. 4):

Area class
Area % = ——x 100 (4)
Total area

This procedure was implemented in Google Earth Engine using grouped reduction functions.
2.7 Relationship with Nighttime Radiance

Annual mean VIIRS radiance values were extracted for the study area. Pearson correlation
coefficient (r) was calculated as (eq. 5):

I =D -1
JIX —X)2R(Y —1)2

(5)

where:
X =annual VIIRS radiance.
Y = annual mean LST or UTFVI.

Linear regression between VIIRS and thermal indicators was also estimated. This method has
been used in previous studies to explore the links between nighttime radiance and urban thermal
situations [42-44]. Linear regression was applied as a descriptive statistical tool to examine the
overall direction of temporal relationships among the variables. The analysis was not intended to
represent the full complexity of climatic trend detection or non-linear environmental variability.

2.8 Ethics Statement

This study used publicly available satellite remote sensing datasets, including Landsat Collection
2 Level 2 products and VIIRS Day/Night Band composites. All data were obtained from open-access
platforms and contain no individual-level or personally identifiable information. In the current study,
no human participants, animal subjects, or plant specimens were directly involved. The analysis was
conducted at the city scale using aggregated spatial data. Therefore, institutional ethical approval
and informed consent were not required.
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3. Results
3.1 Mean Seasonal Land Surface Temperature, UTFVI and VIIRS Radiance (2014-2025)

The interannual variation of seasonal mean LST, UTFVI, and annual VIIRS radiance for 2014-2025
is presented in Table 4. Summer LST ranged from 41.23°C (2023) to 50.62°C (2019). The elevated
summer temperatures were recorded in 2014 (47.07°C) and 2019 (50.62°C), while relatively
moderate values occurred in 2016 (44.96°C), 2021 (45.13°C) and 2022 (45.95°C). A distinct decline
in 2023 (41.23°C) followed by a recovery in 2024 (47.59°C). The winter LST ranged between 19.01°C
(2019) and 30.81°C (2016) (Figure 2 and Figure 3). The winter peak during 2015-2016 reflects
anomalous warm-season behaviour consistent with earlier urban thermal observations in semi-arid
Indian cities. The annual VIIRS radiance increased steadily after 2014, rising from 19.06 to 26.57
nW-cm?2-sr! in 2025. The growth pattern is monotonic, indicating sustained anthropogenic
intensification. The strong radiance increases the contrast with the weak temporal trend in LST,
suggesting that the thermal response is modulated by land-cover composition and seasonal climate
variability rather than by light intensity alone (Figure 4). The mean UTFVI values remained close to
zero throughout the study period because the index is calculated relative to the seasonal mean land
surface temperature. Consequently, the ecological significance of UTFVI is better represented by its
spatial distribution and class composition than by temporal variations in the mean values. To
facilitate consistent temporal comparison across all study years, a uniform grayscale classification
scheme has been maintained for the classified LST and UTFVI maps (Figures 5-9). This approach
enables clearer visual identification of changes in the spatial extent and persistence of thermal
classes, while the corresponding-coloured maps provide complementary visualisation of the
seasonal thermal patterns.

Table 4 Mean seasonal land surface temperature (°C), mean UTFVI, and annual VIIRS
radiance (nW-cm2-sr'l) for Jaipur (2014-2025).

Year Summer LST (°C) Winter LST (°C) Summer UTFVI Winter UTFVI VIIRS radiance

2014 47.07 28.08 1.57E-14 5.05E-15 19.06
2015 47.68 30.07 3.42E-14 -1.61E-14 19.85
2016 44.96 30.81 -3.82E-14 6.56E-15 19.96
2017 46.21 28.11 -1.92E-15 6.79E-15 19.51
2018 47.85 26.89 1.56E-14 -3.35E-14 20.13
2019 50.62 19.01 2.70E-14 -4.92E-14 21.03
2020 45.82 26.81 9.53E-15 -2.75E-14 20.60
2021 45.13 26.23 -2.79E-14 -6.40E-14 21.90
2022 45.95 27.17 -1.58E-14 3.44E-14 21.96
2023 41.23 26.50 -3.70E-14 -5.45E-15 24.28
2024 47.59 28.53 3.28E-15 -1.85E-14 26.13
2025 45.02 26.52 2.33E-14 -3.57E-14 26.57
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Figure 2 Interannual variation of mean summer and winter LST (2014-2025).
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Figure 5 Spatial distribution of summer LST for the years 2014-2025, respectively.
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3.2 Correlation and Regression Statistics (2014-2025)

Regression analysis shows weak temporal trends in seasonal LST (Table 5). Summer LST exhibits
a slight negative slope (-0.23°C per year; R? = 0.082). Winter LST shows even weaker association
with time (R? = 0.009) (Figure 10). These results indicate that seasonal mean land surface
temperature does not exhibit a strong linear temporal trend during the study period. The regression
analysis was used to provide a descriptive assessment of temporal variability. It should not be
interpreted as evidence of the complete climatic behaviour, which may involve non-linear
fluctuations and interannual variability. The VIIRS radiance shows a strong linear trend with year (R?
= 0.867) (Figure 11), confirming a sustained expansion of illuminated surfaces and built-up

infrastructure.

Table 5 Pearson correlation coefficients, regression slopes, and R? values between year,
VIIRS radiance, and seasonal LST (2014-2025).

Relationship Pearsonr Direction Regression slope R?

VIIRS vs Summer LST -0.286 Weak negative -0.23°C per radiance unit 0.082
VIIRS vs Winter LST  0.183 Weak positive 0.15°C per radiance unit  0.033
Year vs VIIRS 0.931 Strong positive +0.63 radiance peryear 0.867
Year vs Summer LST -0.278 Weak negative -0.25°C per year 0.077
Year vs Winter LST -0.096 Very weak negative -0.07°C per year 0.009

Summer LST trend (2014-2025)
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Figure 10 Linear regression of year versus summer and winter LST.
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Linear regression of year versus VIIRS radiance
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Figure 11 Linear regression of year versus VIIRS radiance.

The relationship between VIIRS and seasonal LST remains weak to moderate. The VIIRS versus
summer LST shows a moderate negative association (R? = 0.082) (Figure 12), whereas VIIRS versus
winter LST shows a very weak association (R? = 0.033) (Figure 13). This suggests that increased
nighttime radiance does not translate directly into proportional daytime surface heating at the city
scale. Urban thermal response depends on impervious surface fraction, vegetation cover, and
seasonal meteorology. Year vs VIIRS shows a strong positive association (R* = 0.867) (Figure 11).
Radiance increased steadily during the period. Year vs LST relationships are weak. This indicates that
seasonal surface temperature does not follow a simple linear trajectory. VIIRS vs Summer LST shows
a moderate negative association. VIIRS vs Winter LST is weak. Anthropogenic light growth does not
directly translate to uniform surface warming. Similar weak relationships have been reported in
Indian cities.

Scatter plot of VIIRS versus summer LST
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Figure 12 Scatter plot of VIIRS versus summer LST.
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Scatter plot of VIIRS versus winter LST
30

25

20

15

y =-0.0785x + 28.756
10 R2=0.033

Mean Annual VIIRS Radiance
(NW-cm™2sr™)

0 5 10 15 20 25 30 35
Mean Winter LST (°C)

Figure 13 Scatter plot of VIIRS versus winter LST.
3.3 Classified Summer LST Area Distribution (2014-2025)

The summer LST classification reveals dominance of higher thermal classes across multiple years
(Table 6) (Figure 14). In 2014, Class 5, which indicates >48 degrees, covered 130.20 km? (34.61%),
increasing to 321.93 km? (85.57%) in 2019. These years correspond to peak mean summer LST. In
contrast, 2016 and 2023 show redistribution towards moderate categories. In 2016, Class 3, which
indicates 40-45°C, occupied 194.37 km? (51.66%). In 2023, Class 3 (40-45°C) expanded to 208.13
km? (55.32%), while Class 5 (above 48°C) declined sharply to 4.85 km? (1.29%). This shift reflects
interannual climatic variability and possible monsoonal moderation during composite months. The
classes below 35°C and 35-40°C consistently occupied less than 5% of the total area in most years.
The dominance of Classes 4 (45-48°C) and 5 (Above 48°C) confirms the persistence of summer
thermal stress within the urban core. Comparable spatial concentration of extreme summer heat
has been reported in Indian semi-arid cities.

Table 6 Summer LST class area (km? and %), 2014-2025.

Below 35°C  35-40°C 40-45°C 45-48°C Above 48°C

km? % km? % km? % km? % km? %
2014 0.74 0.20 1.00 0.27 78.04 20.74 166.23 44.19 130.20 34.61
2015 0.86 0.23 0.81 0.21 4996 13.28 162.48 43.19 162.10 43.09
2016 0.68 0.18 5.82 1.55 194.37 51.66 141.82 37.70 33.53 8091
2017 0.72 0.19 1.63 0.43 136.38 36.25 137.72 36.61 99.77 26.52
2018 0.63 0.17 0.75 0.20 39.70 10.55 166.11 44.15 169.03 44.93
2019 057 0.15 0.49 0.13 10.06 2.67 43.16 11.47 321.93 85.57
2020 1.06 0.28 9.48 2.52 136.29 36.23 151.66 40.31 77.73 20.66
2021 1.00 0.27 1496 3.98 150.42 39.98 167.32 44.47 42.53 11.30
2022 0.95 0.25 1.25 0.33 13799 36.68 164.66 43.77 7136 18.97
2023 11.23 299 120.17 3194 208.13 55.32 31.83 8.46 4.85 1.29
2024 0.92 0.24 0.91 0.24 49.59 13.18 170.10 45.21 154.69 41.12
2025 091 0.24 3.54 0.94 193.26 51.37 144.47 38.40 34.04 9.05

Year
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Figure 14 Summer LST distribution in the study area (2014-2025).
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3.4 Classified Winter LST Area Distribution (2014-2025)

Winter LST classification demonstrates episodic dominance of extreme heat categories (Table 7)
(Figure 15). In 2016, Class 5 (Above 28°C) covered 360.91 km? (95.93%), representing the most
thermally intense winter within the study period. In contrast, 2019 exhibited a dominance of Class
2 (18-22°C) (214.56 km?; 57.03%), indicating a cooler distribution. Post-2020 winters show mixed
behavior. In 2025, Class 4 (25-28°C) expanded to 296.13 km? (78.71%), while Class 5 (Above 28°C)
reduced to 48.01 km? (12.76%). Winter distribution is more variable than summer, reflecting
sensitivity to atmospheric conditions.

Table 7 Winter LST class area (km? and %), 2014-2025.

Year Below 18°C 18-22°C 22-25°C 25-28°C Above 28°C
km? % km? % km? % km? % km? %

2014 0.04 0.01 15.74 418 47.36 1259 107.71 28.63 205.36 54.59
2015 0.00 0.00 0.38 0.10 093 0.25 59.39 15.79 315.52 83.87
2016 0.00 0.00 0.29 0.08 0.71 019 1431 380 36091 95.93
2017 0.00 0.00 0.88 0.24 7.31 1.94 186.43 4955 181.58 48.27
2018 0.00 0.00 4.41 1.17 37.67 10.01 237.71 63.18 96.43 25.63
2019 11890 31.60 214.56 57.03 41.61 11.06 1.15 0.31 0.00 0.00
2020 1.69 0.45 3791 10.08 32.18 8.55 172.76 45.92 131.67 35.00
2021 0.00 0.00 6.55 1.74 76.38 20.30 234.05 62.21 59.23 15.74
2022 0.00 0.00 0.92 0.24 1482 394 265.05 70.45 9543 2537
2023 0.00 0.00 1.07 0.28 66.61 17.71 241.26 64.13 67.27 17.88
2024 0.00 0.00 0.50 0.13 3.37 090 149.11 39.63 223.24 59.34
2025 0.00 0.00 1.05 0.28 31.02 8.25 296.13 78.71 48.01 12.76
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Figure 15 Winter LST distribution in the study area (2014-2025).
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Minimal representation of Class 1 (Below 18°C) across most winters indicates limited cold-surface
presence within the built-up boundary.

3.5 Classified Summer UTFVI Area Distribution (2014-2025)

Summer UTFVI classes indicate persistent ecological stress (Table 8) (Figure 16). Class 5 (Very
strong) ranged from 128.35 km? (34.12%) in 2016 to 172.04 km? (45.73%) in 2023. In 2019, it covered
144.62 km? (38.44%). Class 1 (no stress) consistently occupied more than 46% of the total area,
reaching 53.98% in 2022. The coexistence of high stress and no-stress zones indicates spatial
heterogeneity within the urban fabric. UTFVI patterns closely follow LST intensity zones, consistent
with earlier UTFVI applications in Indian cities.

Table 8 Area (km?) and percentage (%) distribution of summer UTFVI classes (1-5) for

2014-2025.
Vear No stress Weak Moderate Strong Very strong
km? % km? % km? % km?2 % km? %

2014 197.72 52.56 12,51 3.32 1246 331 1210 3.22 141.43 37.59
2015 198.23 52.69 12.07 3.21 1165 3.10 11.57 3.08 142.69 37.93
2016 198.17 52.67 1753 466 16.77 4.46 1541 4.10 128.35 34.12
2017 202.63 53.86 9.70 2.58 09.54 254 937 249 14497 38.53
2018 199.74 53.09 12.06 3.21 1194 3.17 11.67 3.10 140.80 37.43
2019 191.66 50.94 13.50 3.59 1341 3.57 13.02 3.46 144.62 38.44
2020 202.01 53.70 13.64 3.63 12.78 3.40 11.77 3.13 136.01 36.15
2021 175.65 46.69 16.11 4.28 1644 4.37 16.25 4.32 151.78 40.34
2022 203.07 53.98 1397 3.71 13.15 3.49 1282 3.41 133.21 35.41
2023 176.39 46.88 8.64 230 9.42 2,50 9.73 2,59 172.04 45.73
2024 197.03 52.37 1429 3.80 13.81 3.67 13.08 3.48 138.01 36.68
2025 199.21 5295 16.11 4.28 1591 4.23 14.93 3.97 130.04 34.57
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Figure 16 Summer UTFVI distribution in the study area (2014-2025).
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3.6 Classified Winter UTFVI Area Distribution (2014-2025)

Winter UTFVI exhibits greater fluctuation than summer (Table 9) (Figure 17). The maximum Class
5 coverage occurred in 2019, at 218.69 km? (58.13%). Elevated stress also occurred in 2020, covering
185.71 km? (49.36%). By 2025, Class 5 declined to 120.92 km? (32.14%).

Table 9 Area (km?) and percentage (%) distribution of winter UTFVI classes (1-5) for

2014-2025.
Year No stress Weak Moderate Strong Very strong
km? % km? % km? % km? % km? %

2014 174.67 4643 7.44 198 7.61 202 7.44 198 179.06 47.60
2015 202.22 53.75 943 251 931 247 9.01 240 146.24 38.87
2016 202.19 53.74 1048 2.79 10.26 2.73 9.68 2.57 143.62 38.17
2017 201.94 53.68 9.44 251 938 249 9.07 241 146.38 3891
2018 20191 53.67 10.76 2.86 1035 2.75 9.86 2.62 143.34 38.10
2019 14768 39.25 3.10 0.82 3.28 0.87 3.47 092 218.69 58.13
2020 159.10 42.29 10.70 2.84 10.49 2.79 10.22 2.72 185.71 49.36
2021 17540 46.62 1450 3.85 13.74 3.65 13.13 3.49 159.44 42.38
2022 208.35 55.38 13.40 3.56 12.40 3.30 12.28 3.26 129.79 34.50
2023 204.65 5440 11.29 3.00 10.87 2.89 10.62 2.82 138.79 36.89
2024 206.32 54.84 1340 3.56 13.04 3.47 1246 3.31 131.00 34.82
2025 211.68 56.27 15.61 4.15 1440 3.83 13.62 3.62 120.92 32.14
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Figure 17 Winter UTFVI distribution in the study area (2014-2025).
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Class 1, a No-stress class, frequently exceeded 50% of the area in 2022 and 2025, which indicates
stronger spatial cooling in certain winters. The contrast between winter 2016, which shows extreme
LST dominance, and winter 2019, which reflects high UTFVI stress, highlights the importance of
relative thermal deviation and not absolute temperature alone.

The spatial distribution of UTFVI provides a clearer representation of ecological thermal stress
than the mean value does. Although the average UTFVI remained close to zero in all years, the
classified maps reveal persistent concentrations of strong and very strong stress within the urban
core. In contrast, no-stress zones remained associated with vegetated and peripheral areas. This
spatial heterogeneity indicates that ecological pressure is not uniformly distributed across Jaipur
but is concentrated in specific urban environments where thermal conditions remain consistently
elevated.

3.7 Maximum and Minimum UTFVI Intensity

Although the mean UTFVI is approximately zero, extreme values indicate the intensity of
ecological stress. Summer maximum stress peaked in 2019 and 2023. The data show that winter
maximum stress peaked in 2019. The minimum values remained negative throughout, indicating
relative cooling zones associated with vegetation and peri-urban surfaces.

The persistent presence of Class 5 (Very Strong Stress) across all years confirms structural
thermal stress within the urban system in the study area. The magnitude and spatial continuity of
stress zones align with established relationships between surface temperature, built-up density, and
ecological degradation.

4. Discussion
4.1 Long-Term Seasonal Thermal Behaviour (2014-2025)

The seasonal LST pattern shows clear year-to-year variability rather than a steady warming trend.
The summer mean LST ranged from 41.23°C in 2023 to 50.62°C in 2019, reflecting the combined
influence of climatic variability and land surface characteristics. Similarly, the winter mean LST
varied from 19.01°C in 2019 to 30.81°C in 2016, indicating substantial interannual fluctuations in
seasonal thermal behaviour. The exceptionally high summer temperatures observed in 2019 and
the elevated winter temperatures in 2016 may also be associated with large-scale meteorological
variability in addition to local surface conditions. Previous studies have reported that warmer and
drier atmospheric conditions linked to large-scale climate variability, including El Nifio events, can
intensify summer thermal extremes. At the same time, variations in western disturbances influence
winter temperature anomalies across northwestern India [45, 46]. Although the present study does
not explicitly analyse meteorological datasets, these processes provide a plausible climatic context
for interpreting the observed seasonal anomalies. The regression results show weak slopes,
indicating no pronounced linear warming trend over the study period [47]. Similar behaviour has
been observed in other Indian cities, where LST responds more strongly to rainfall variability and
land-cover change than to gradual warming [48]. Guha et al. [8] also reported that LST-land-cover
relationships vary seasonally, with impervious surfaces exerting greater influence during summer,
whereas atmospheric conditions play a comparatively larger role during winter.
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The temporal regression analysis presented in this study was intended to summarise the overall
direction of seasonal LST variability rather than to characterise long-term climatic trends. Urban
thermal environments are influenced by interannual meteorological variability, seasonal rainfall,
atmospheric circulation, and land-surface characteristics, which can produce nonlinear responses
not fully captured by simple linear regression. Therefore, the weak regression relationships
observed in this study should be interpreted as indicating the absence of a pronounced linear trend
over the study period rather than the absence of climatic variability.

The high-temperature classes dominated in 2014 and 2019, when Class 5 covered more than 75%
of the area this indicated persistent heat storage in dense urban zones. Built-up materials retain
heat, especially during dry pre-monsoon conditions. Yuan and Bauer [6] showed that impervious
surfaces are a stronger control on urban heat intensity than vegetation, which aligns with these
results. The winter patterns are less consistent across the study area. The 2016 case, with 95.93%
of the area under Class 5, suggests short-term intensification under stable atmospheric conditions.
Reduced mixing during winter can enhance urban heat intensity [1]. Jaipur shows persistent
summer heat linked to its urban structure, while winter behaviour remains more episodic.

4.2 Anthropogenic Radiance Growth and Its Thermal Implications

The VIIRS radiance increased from about 19 units in 2014 to 26.57 units in 2025, indicating steady
urban expansion across the study region. The strong regression fit (RZ = 0.86) confirms this upward
trend. Earlier studies have shown that VIIRS radiance is a reliable proxy for built-up growth and
economic activity [22, 49], and can capture urban change at finer scales [17]. Its relationship with
seasonal LST remains weak to moderate. The negative association with summer LST suggests that
higher radiance does not directly translate into higher surface temperature. Similar patterns have
been reported in other cities [8].

The observed divergence between the increase in nighttime radiance and seasonal LST reflects
the operation of multiple physical processes rather than a direct causal relationship. Nighttime
radiance primarily represents the spatial intensity of anthropogenic activity, whereas land surface
temperature is controlled by the surface energy balance. Impervious materials such as concrete and
asphalt possess high heat storage capacity and release thermal energy gradually, while vegetated
surfaces reduce surface temperature through evapotranspiration and shading. In addition, seasonal
variations in soil moisture, atmospheric humidity, and wind circulation influence the partitioning of
sensible and latent heat, resulting in different thermal responses under similar levels of urban
activity. Consequently, areas exhibiting comparable nighttime radiance may display different
surface temperatures depending on their land-surface characteristics and prevailing environmental
conditions [21].

In addition to vegetation and seasonal climatic variability, differences in urban construction
materials may also contribute to the observed thermal response. Highly developed urban areas
increasingly incorporate reflective roofing materials, improved building envelopes, and other
climate-responsive construction practices that can reduce surface heat absorption despite high
levels of anthropogenic activity. Although the present study does not evaluate roofing materials or
building characteristics directly, these factors provide a plausible explanation for the relatively weak
association between nighttime radiance and summer LST and have been widely recognised as
effective measures for mitigating urban heat.
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The observed weak association between nighttime radiance and seasonal LST suggests that
anthropogenic activity alone does not govern the thermal behaviour of Jaipur. Nighttime radiance
primarily represents the intensity of human activity and illuminated infrastructure. In contrast, land
surface temperature is additionally influenced by surface materials, vegetation cover, surface
moisture, urban geometry, and seasonal atmospheric conditions. Consequently, areas with similar
radiance levels may exhibit different thermal responses depending on their local environmental
characteristics. The observed decoupling therefore reflects the combined influence of urban surface
composition and seasonal climatic variability rather than a direct one-to-one relationship between
anthropogenic radiance and surface temperature.

4.3 Seasonal Contrast in Classified Heat Expansion

The classified LST maps show that extreme summer heat (Class 5) consistently occupies large
areas. In 2019, it reached 85.57%, while in 2023 it shifted towards moderate Class 3 (55.32%),
indicating the role of seasonal conditions in shaping heat distribution.

Similar patterns have been observed in other Asian cities, where heat zones expand during dry
years and contract during wetter years [50]. Jaipur follows this trend with moderate classes
increasing when moisture reduces surface heating. The winter patterns are more variable across
Jaipur. The 2016 anomaly contrasts with 2019, when Class 2 dominated (57.03%), suggesting that
winter heat does not follow a fixed trend and is likely influenced by atmospheric factors such as
western disturbances and wind conditions. Despite this variability, the high summer classes remain
consistent, indicating that the built-up core maintains elevated temperatures.

The classified LST and UTFVI maps consistently demonstrate that persistent high-temperature
and high-stress zones remain concentrated within the urban core throughout the study period. In
contrast, comparatively lower thermal classes are primarily distributed towards the vegetated and
peripheral parts of Jaipur. Although a dedicated LULC analysis was beyond the scope of the present
study, the observed spatial patterns are consistent with the well-established relationship between
urban built-up environments, reduced vegetation cover, and elevated land surface temperatures
reported in previous studies. Therefore, the thermal maps presented in this study provide an
appropriate basis for interpreting the spatial evolution of urban heat without requiring a separate
land-use classification.

4.4 Ecological Stress Dynamics Based on UTFVI

The UTFVI reflects ecological stress rather than absolute temperature. In Jaipur, summer Class 5
ranged from 34% to 46% of the area, while winter values peaked at 58.13% in 2019, indicating that
a large part of the city experiences severe thermal stress. Previous studies have linked high UTFVI
values with dense built-up areas and reduced groundwater recharge [10, 11], and similar patterns
are evident in central Jaipur. The coexistence of low (Class 1) and high (Class 5) categories highlights
strong intra-urban contrast in Jaipur. The Vegetated and peri-urban areas consistently act as cooling
zones, which support green cover to reduce heat [51-53]. The persistence of high-UTFVI zones
reflects the ecological stress that remains structurally embedded, even when the mean LST
fluctuates. The spatial distribution of the “No Stress” and lower UTFVI classes is predominantly
observed along the peripheral areas of Jaipur, particularly towards the Aravalli hill ranges. The
relatively lower thermal stress in these locations is likely associated with higher vegetation cover,
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comparatively lower development intensity, and the moderating influence of the surrounding
natural landscape. Although the present study does not quantify the specific cooling contribution
of the Aravalli hills, the observed spatial pattern is consistent with previous studies reporting that
natural topography and vegetated landscapes surrounding urban areas contribute to mitigating
local thermal stress and improving ecological thermal conditions [54].

The interpretation of UTFVI should therefore focus primarily on the spatial persistence and
expansion of stress classes rather than on mean annual values. Because UTFVI represents a relative
thermal deviation from the seasonal mean, average values remain close to zero by definition and
provide limited ecological insight. In contrast, the classified UTFVI maps effectively identify
persistent hotspots and cooling zones, allowing a more meaningful assessment of intra-urban
ecological stress and thermal heterogeneity.

4.5 Integrated Interpretation of Thermal and Radiance Dynamics

The combined analysis shows a clear pattern across the study area. The radiance increased
steadily from 2014 to 2025, confirming ongoing urban expansion. In contrast, the seasonal LST
fluctuated within a defined range without a linear increase. Despite this, the high-temperature
classes and UTFVI stress zones remained spatially persistent. This divergence indicates that urban
growth alone does not control surface temperature. Land cover, vegetation, impervious surfaces,
and seasonal atmospheric conditions shape LST. Similar behaviour has been reported in other Indian
cities [55, 56]. Integrating continuous and classified data improves interpretation. The mean LST and
radiance capture long-term trends, while the classified LST and UTFVI reveal the spatial
concentration of heat and stress. This whole approach provides a more complete understanding of
urban thermal behaviour. This behaviour indicates that increasing anthropogenic activity does not
necessarily produce a proportional increase in surface temperature, particularly where local surface
characteristics and seasonal environmental conditions regulate heat storage and dissipation. These
findings demonstrate that anthropogenic radiance should not be interpreted as a direct indicator of
urban thermal intensity. Instead, nighttime radiance reflects the level of urban development and
human activity. In contrast, the thermal response depends on the interaction of land-cover
composition, the heat-strorage properties of urban materials, vegetation cooling, and seasonal
meteorological conditions. This interaction explains why persistent growth in nighttime radiance
was accompanied by comparatively weak temporal changes in seasonal LST across the study period.
The spatial persistence of thermal hotspots identified in this study provides a practical basis for
prioritising future heat mitigation measures in areas experiencing sustained ecological thermal
stress.

5. Conclusion

Seasonal land surface temperature, ecological stress, and nighttime radiance are assessed in this
study of Jaipur for the period 2014-2025 using harmonised Landsat-8 and VIIRS datasets, and are
analysed in Google Earth Engine. The analysis combined continuous mean indicators, regression
modelling, and classified spatial expansion. This provides both temporal and spatial perspectives of
urban thermal dynamics in Jaipur. During the study period in Jaipur, the mean summer LST ranged
from 41.23°Cto 50.62°C while the winter LST ranged from 19.01°C to 30.81°C. The regression results
showed weak linear relationships between year and seasonal LST in Jaipur. The surface temperature
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behaviour is characterised by interannual variability rather than steady warming, as indicated by
the regression results. Based on observations from other Indian cities, this pattern seems consistent,
with seasonal LST strongly influenced by land-cover arrangement and climatic variability rather than
by just simple temporal progression [57]. The absence of monotonic warming indicates no thermal
constancy, whereas the seasonal factors cause temperature fluctuations within an already heat-
prone urban surface. The VIIRS nighttime radiance increased steadily from 19.06 to 26.57 nW-cm~
2.sr'1, with a strong regression fit. This result supports sustained urban intensification and expansion
of illuminated infrastructure in Jaipur. The similar upward trajectories in nighttime radiance have
been extensively interpreted as indicators of economic growth and built-up expansion [1, 21, 27].
The statistical association between radiance and seasonal LST is weak, indicating that anthropogenic
light intensity alone does not determine daytime surface heating. The surface thermal response
remains mediated by a few observed factors, including vegetation fraction, impervious surface
coverage, surface albedo, and seasonal atmospheric conditions [58]. The complexity of urban
thermal systems in semi-arid environments leads to divergence between steady radiance growth
and variable LST behaviour.

The persistent dominance of high-temperature classes during extreme summers is evident in the
results from LST classification in Jaipur. Class 5 (>48°C) occupied more than 75% of the total area in
2019, indicating widespread extreme heat conditions in Jaipur. The winter heat expansion was
episodic rather than continuous in 2016, indicating a pronounced irregularity in which high-
temperature classes dominated nearly the entire urban area of the study region. These findings
reinforce that summer heat stress in Jaipur is structurally embedded within the built-up core. The
amplification of winter heat is more climate-sensitive.

The UTFVI results also showed that ecological stress remains a consistent feature across the city.
The areas classified as strong stress covered more than one-third of the urban area in most seasons
and in some years exceeded 45%. Similar patterns have been reported in other rapidly growing cities
where high stress zones usually coincide with dense built-up areas and limited vegetation cover [58,
59]. In years when the average LST was slightly lower, the stress zones did not disappear. They
remained concentrated in particular parts of the city, showing clear temperature differences within
the urban area. The combined results indicate that urban growth and surface temperature are
related but not always directly proportional. The Nighttime radiance clearly shows increasing
human activity and expansion of the city. The LST and UTFVI reveal where heat is actually
concentrated and where ecological stress is strongest. Jaipur’s urban structure and land-surface
characteristics maintain thermal pressure even when short-term climatic conditions vary due to the
continued dominance of high summer temperature classes and strong stress zones.

From a planning perspective, the findings indicate that heat mitigation strategies should
prioritise areas exhibiting persistently high temperatures and high UTFVI classes identified in this
study, rather than applying uniform city-wide interventions. Priority should be given to preserving
existing green spaces, increasing urban tree cover within densely developed neighbourhoods,
promoting climate-responsive building materials and cool roofing practices, and incorporating
green infrastructure into future urban development. These targeted measures are expected to
improve local thermal resilience while supporting sustainable urban planning in rapidly expanding
semi-arid cities. Future research should incorporate high-resolution land cover mapping and in situ
microclimatic observations to better resolve intra-urban heterogeneity. The integration of multi-
sensor datasets with process-based urban climate modelling would further clarify the interaction
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between anthropogenic expansion and surface thermal dynamics. The current study provides an
integrated framework that combines continuous assessment of radiance growth with classified
analyses of thermal and ecological stress. This approach is suitable for monitoring long-term urban
heat dynamics in semi-arid metropolitan environments. It contributes empirical evidence to
ongoing discussions on urban expansion, surface temperature variability, and ecological resilience.
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