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Abstract: Urbanization significantly leads to changes in Land Use Land Cover (LULC)
patterns, LST and Urban Heat Island intensity. This study analyzes the spatio temporal
dynamics of LULC, LST and urban growth in Pune-Pimpri-Hinjewadi area over 25 year
period (2000 to 2025) using multi temporal Landsat imagery. LULC classification is
performed using Random Forest algorithm over four LULC classes (Water, Built-up,
Barren, Vegetation). The classification accuracy achieved is in between 84% to 87% with
strong Kappa coefficients between 0.78 and 0.83. The built-up increased from 158.88 km?
in 2000 to 201.94 km? in 2025. In addition, Land Surface Temperature (LST) analysis
indicates increasing temperature with mean temperatures ranging from 34.36°C (2000)
to 45.21°C (2020), while minimum and maximum LST values varied between 18.90-
28.53°C and 50.94-74.51°C, respectively. The linear regression relationship between the
Normalized Difference Built-up Index (NDBI) and LST showed strong positive correlation
ranging from (R* = 0.446-0.605). This confirms the impact of urbanization on thermal
characteristics. Directional analysis reveals uneven urban growth the northwest (NW)
and west (W) zones experiencing the highest growth, while the southeast (SE) zone
remained nearly saturated.
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Introduction

Since the beginning of human civilization on this earth deforestation, agricultural land
changes, expansion of urban area have changed the spatio temporal dynamics of the earth
surface. LULC and LST helps to identify the changes caused by the human environment
interaction. In recent decades, rapid urbanization and LULC transformation have emerged
as dominant drivers. Remote Sensing has become an indispensable tool for analyzing
spatio temporal variations in LULC and LST. Urbanization has been widely recognized as
a dominant force, shaping land use dynamics, ecological processes, and socio-economic
transitions. (Beckers et al., 2020) studied urban expansion in Belgium using cellular
automata and agent based agricultural models, revealing significant farmland reduction
and farming decline, particularly in peri-urban areas. Large scale land transformation
studies provide empirical evidence of spatial change. (Piao etal., 2021) mapped long term
land cover change in North Korea using multi temporal Landsat imagery processed with
Google Earth Engine and Random Forest classification. The results showed substantial
forest recovery. Similarly, Short term environmental responses to human activity were
explored by (Guha & Govil, 2021), who analyzed COVID-19 lockdown effects in Raipur
using Landsat’s thermal and NDVI datasets. The results showed temporary cooling and
vegetation recovery. Methodological refinement in land cover estimation was
demonstrated by (Sales et al., 2021), who compared pixel count and probability based
area estimation using Random Forest outputs were derived from Landsat imagery.
Probability based methods improved the classification accuracy. (Sarif & Gupta, 2021)
analyzed Prayagraj region using multi temporal Landsat and landscape metrics,
identifying dominant edge expansion, while (Baqa et al., 2021) modelled Karachi’s growth
using Random Forest and CA Markov simulation, predicting continued built-up expansion
replacing agricultural land.

Dou & Han (2021) analyzed urban expansion in Dongguan using multi temporal LULC
maps on Google Earth Engine, revealing rapid built-up growth and decline in agricultural
land. Urban heat and environmental dynamics form another major research focus
(Mohammad & Goswami, 2022) analyzed heat and cool island behavior in Indian
metropolitan regions using MODIS land surface temperature and environmental
indicators, identifying evapotranspiration and thermal inertia as key drivers. (Tariq et al.,
2022) linked land surface temperature change to cropping pattern shifts in Hafizabad
using Landsat classification and regression analysis, revealing temperature driven
agricultural change in many areas of Hafizabad but limited temporal resolution affected
the study. (Tariq et al, 2022) another study on Peshawar done using Land Change
Modeler and CA Markov simulation to project continued urban expansion, though
predictions depended on past transition stability. The study showed 16.3% increase in
urban area. (Pandey et al., 2024) showed how built-up increases temperature in Imphal
using multi temporal Landsat mapping, but seasonal variability influenced temperature
results obtained for the same region. (Tariq & Mumtaz, 2022) similarly demonstrated
strong correlation between urban expansion and thermal intensification in Lahore
through CA Markov modelling, strong relation in urban expansion and temperature
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increase was observed. Urban thermal impacts have been observed globally (Kwofie et
al., 2022) which demonstrated strong positive relationships between impervious surfaces
and temperature in Greater Accra using Landsat and machine learning classification.
(Saha et al, 2024) reported increasing seasonal temperature in various areas of
Bangladesh associated with urban expansion and deforestation through Landsat satellite
data, while (Rendana et al., 2023) linked built-up growth to mangrove degradation
through NDVI, NDBI, and LST analysis.

Stability of index temperature relationships was explored by (Guha & Govil, 2025),
who focused on the relationship of LST and LULC indices. The pearson’s linear
correlation coefficient method was applied in determining the correlation analysis.
Advances in temperature retrieval and modelling continue to improve monitoring
accuracy (Wang et al.,, 2023) developed a radiance based split window algorithm for
Landsat 9 using simulated atmospheric and emissivity datasets which improved accuracy
but requires precise parameter inputs. UHI intensification has been documented by many
researchers. Siswanto et al. (2023) analyzed Jakarta using Landsat, MODIS, and
meteorological data, showing rising heat intensity associated with vegetation loss. Results
reported shows that the SUHI intensity is approximately 3°C to 6°C and AUHI is
approximately 1°C to 2.5°C. (Jaber & Sengupta, 2024) examined temperature variability
in Arid regions using global climate datasets and spatial regression, revealing strong
seasonal interactions. (Kaur et al.,, 2023) monitored land surface changes in the East
Godavari region using GEE and Landsat datasets, revealed major LULC changes in forest
areas and helped in sustainable land use planning through accurate forest cover analysis.
(Phinzi et al., 2023) showed that with larger training datasets using SPOT-7 imagery and
Random Forest modelling the accuracy increased. (Wei et al., 2023) used GF-6 satellite for
accurate (LULC) classification in urban areas. Feature selection techniques like
Minimum Redundancy Maximum Relevance (MRMR) and ML models such as Random
Forest and XGBoost demonstrate high classification accuracy. (Krivoguz et al., 2023)
found Deep Neural Network and Random Forest demonstrated higher accuracy compared
to SVM and AdaBoost. These approaches highlight the effectiveness of advanced
algorithms to improve classification performance.

In index based environmental analysis (Tiwari & Kanchan, 2024) demonstrated
strong built-up temperature relationships in Varanasi using Landsat correlation analysis.
Debnath et al. (2025) observed similar relationships in mountainous terrain, while
(Pandey etal., 2025) showed seasonal variation in index-temperature interactions. Urban
sprawl structural evolution has also been studied using entropy and spatial metrics.
(Barman etal., 2024) analyzed urban expansion using multi temporal Landsat based LULC
change detection. Urban sprawl was assessed through Shannon’s entropy, landscape
metrics, and MLC. The study showed significant urban growth and landscape
fragmentation, highlighting the need for sustainable urban planning and controlled
development. While (Verma et al., 2024) identified leapfrog growth in Sonipat Kundli
using Shannon entropy modelling. (Khan et al, 2024) showed significant built-up
expansion and 11°C temperature increase in Aligarh using Landsat classification and
thermal analysis. Recent advances focus on improving temperature retrieval and spatial
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modelling. Li et al. (2025) enhanced ASTER temperature retrieval using XGBoost and TIR
data and Splits window algorithm, achieved high quality of LST. Yuan et al. (2025) used
Landsat 9 and Sentinel 2 data with machine learning techniques such as XGBoost, Random
Forest, and Spatial Random Forest (SRF) to improve LST downscaling accuracy and
handle spatial heterogeneity. SHAP was integrated to enhance feature selection and
model interpretability.

Predictive urban modelling continues to evolve, (Khan & Khan, 2025) simulated
future land and temperature change in Lucknow using CA-ANN modelling, projecting
intensified urban heat island effects dependent on obtained historical transition. Zhang et
al. (2025) documented severe heat stress increase in Lahore region using long term
Landsat and thermal indices, though results heavily dependent on classification accuracy
and quality of data obtained. (Zwolska et al., 2025) observed increased heat island
intensity in Poznan using Local Climate Zone classification and SUHI for year 1980 and
2020 with the help of Landsat satellite data. Fauzi et al. (2025) analyzed Jakarta’s
temperature profiles using land cover and albedo data, showing strong relationships
between surface properties and air temperature under tropical conditions. (Egziabher
et al,, 2025) assessed socio-economic impacts of expansion in Ethiopian towns using
Landsat change detection and household surveys, identifying agricultural loss and
livelihood transitions dependent on governance conditions.

Despite these advancements, many studies have examined LULC changes, urban
growth, and LST variations independently, with limited integration of these components
over long temporal scales. This gap restricts a complete knowledge of the effects of
urbanization on thermal environments. The present study contributes the integrated
analytical approach to analyze the interaction between LULC, LST and urban growth
dynamics. The main objectives of this study is to extract the urban growth in the study
area through LULC classification and using machine learning Algorithm. Further the
extracted urban growth has been validated by analyzing change in the Land Surface
Temperature and correlating it with NDBL. In order to further validate urban growth, Urban
Heat Islands have been calculated, which clearly shows the increase in temperature where
urban growth is identified. Thereafter, in order to identify the way urban sprawl expanded,
a very important directional urban growth analysis has been carried out, which not only gives
an idea about the direction in which urban growth is expanding but also helps in planning
and availing socio-economic facilities in the region.

Material and methods

Study area. Pune, the fastest growing metropolitan district in western India, is
a major economic, educational, and technological hub of Maharashtra. The Pune-Pimpri-
Hinjewadi region has experienced rapid urban expansion in last two and half decades due
to industrial sector, IT sector growth, and infrastructural developments. Fig. 1 shows
study area which includes Pune-Pimpri-Chinchwad, and Hinjewadi IT corridor along with
surrounding peri-urban regions. The selected study area, which spans over 490 km?. The
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area, which is located in UTM Zone 43 North (WGS 84 datum), is ideal for studying the
dynamics of land surface temperature and urban expansion.
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Fig. 1. Study area (Pune-Pimpri-Hinjewadi)
Source: own elaboration

Data acquisition and image preprocessing. Table 1 shows multi temporal satellite
imagery acquired to analyze LULC dynamics, changes in LST and LULC indices. In this
study Level -2 Landsat satellite data have been used for six distinct years 2000, 2005,
2010, 2015, 2020, and 2025 because of its moderate spatial resolution (30m) and long
term continuity. This Level 2 data provides surface temperature (ST) and surface
reflectance (SR) data that have been atmospherically adjusted. The image preprocessing
shown in Fig. 2 was carried out primarily using ArcGIS pro. The layer stacking was done
to combine bands and form composite image. Landsat 7 imagery for 2000, 2005, and 2010
contained SLC off gaps, which were corrected using interpolation techniques to
reconstruct missing pixels. After that, images were clipped to fit into the Area of Interest
including Pune-Pimpri-Hinjewadi area. This step reduced the data volume and focused the
analysis to the study region.
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Table 1. Satellite data used for LULC, LST and urban sprawl

Years Acquisition Date Satellite

2000 2/2/2000 Landsat 7
2005 3/3/2005 Landsat 7
2010 17/3/2010 Landsat 7
2015 7/3/2015 Landsat 8
2020 20/3/2020 Landsat 8
2025 10/3/2025 Landsat 9

Source: own elaboration
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LULC classification and accuracy assessment. Here, in this study supervised image
classification is performed on the processed and composite images. According to
Barman et al. (2024), supervised classification is a method that uses training samples
with labeled land cover to classify image pixels according to their spectral signatures. The
Random Forest (RF) technique in ArcGIS pro is use for categorization in this work (Sales
et al., 2021; Baqa etal., 2021; Wei et al,, 2023). Random forest is the ensemble based ML
technique it consists of multiple decision trees which helps to get high accuracy. Total 4400
training samples were generated and equally distributed among four major LULC classes.
The spectral signatures were extracted from the clipped AOI of six different years and
classification was carried out. After that accuracy analysis was carried out. For accuracy
analysis, total of 200 random validation points were considered separately for each year
and they were independent of training samples. Google Earth Pro’s high resolution
imagery was used to verify these points (Khan & Khan, 2025, Guha & Govil, 2025).
Further, a confusion matrix is use to evaluate the validity of the classification. The
parameters such as, Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and Kappa
Coefficient were obtained using eq. 1, 2, 3, and 4 respectively (Tariq & Mumtaz, 2023;
Zafar et al.,, 2024).

, Correctly Classified pixels
Producer’s Accuracy = Total Reforonce Pixels x 100 (D

User's A _ Correctly Classified pixels % 100 )
SET S ACCUTACY = T otal Classified Pixels @

Total Correct Classifications

Dverall A _ x 100 3
Vera Accuracy = = tal Number of Samples @

(N * 2 Xii — 2(Xiy * X44))
(N2 = X (Xiy * X41))

Kappa Coef ficient = (4)

Estimation of LST. The primary metric for examining the thermal properties of the
earth’s surface is land surface temperature (LST). Since it offers continuous spatial
temperature information across extensive areas, remote sensing based LST retrieval has
gained widespread acceptance (Kazemi et al., 2025). Level-2 Landsat data, which offers
atmospherically adjusted data, is being use in this study to calculate LST. Landsat 7’s band
6 and Landsat 8’s band 10 were used to acquire LST. The standard scaling eq. 5,6 are used
to transform the pixel values into temperature (Zwolska et al., 2025).

LST(K) = (ST_Band * 0.00341802) + 149.0 (5)

The results were converted from kelvin to Celsius.
LST(°C) = LST(K) — 273.15 (6)
Previous studies have shown LST as strongly influenced by land use patterns. Built-

up areas tend to exhibit higher temperatures, while vegetation and water bodies
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contribute to cooling effects (Debnath et al., 2025). Multi temporal Landsat data have been
effectively used to analyze such relationships between urban growth and temperature
rise (Khan and Khan 2025). From the derived LST maps for all study years during 2000-
2025 mean LST was calculated for each LULC class and high temperature zones were
compared with built-up areas.

Calculation of LULC indices and relationship between LST and NDBI. Different
LULC indices like NDBI, NDVI, and MNDWI are important for extracting vegetation, Built-
up, water bodies (Tiwari and Kanchan 2024, Khan and Khan 2025, Guha and Govil 2025).
Table 2 shows the required bands. Such as NIR and Red bands for NDVI, Green and
Shortwave Infrared 1 (SWIR 1) for MNDWI and SWIR 1 and NIR for NDBI (Tariq &
Mumtaz, 2020; Kwofie et al., 2022).

To analyze urbanization effects on surface thermal properties, the relation between
LST and NDBI is examined (Debnath et al., 2025; Khan & Khan, 2025; Pandey et al., 2025).
To analyze the correlation between LST and NDBI. Total 200 points were considered
randomly across study area to extract corresponding pixel values of LST and NDBI. Linear
regression analysis was performed to measure the strength and direction of correlation
between the two variables.

Table 2. LULC indices formula

LULC Indices Formula
Normalized Difference Vegetation Index (NDVI) NDVI = NIR — RED
(Tariq and Mumtaz 2022) " NIR + RED
Normalized Difference Built-up Index (NDBI) (Tariq NDBI — SWIR — NIR
and Mumtaz 2022) ~ SWIR + NIR
Modified Normalized Difference Water Index MNDWI = GREEN — SWIR
(MNDWI) (Kwofie et al. 2022) ~ GREEN + SWIR

Source: own elaboration

Directional analysis of built-up expansion. To understand the urban expansion
pattern a directional spread analysis was performed with respect to the city center of the
study area. Urban growth generally occurs outside the city center therefore, inspecting
the expansion in different directions provides insights of dominant growth trends. The
entire study area was split up into eight directional zones using the ArcGIS directional
tool, and measuring the total area the city centre was plotted which serve as the point of
reference. The directional analysis of Built-up area was carried out for year 2000 and
2025 and was measured in km?. This directional analysis provided a clear understanding
of how urbanization has progressed from central core to different direction of study area.
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Results

Spatio temporal LULC changes and accuracy assessment. Here in this study the
Random Forest Algorithm shows the significant changes in all four LULC classes shown in
Table 3 and (Fig. 3 a-f). However, among all classes the built-up area increased from
158.88 km? in 2000 to 201.94 km?2in 2025, this indicates rapid growth and infrastructure
development Fig. 3a and Fig. 3f. On the other hand, barren land decrease from 244.14 km?
in 2000 to 186.45 km? in 2025 suggesting conversion of unused land into built-up areas.
However, after 2005 the vegetation cover seen relatively stable at and around 97 to
99 km? showing no much change in vegetation cover. Similarly, water bodies showed
minimal variations decreasing from 6.96 km? in 2000 to 6.57 km? in 2025.

Table 3. Spatio temporal changes in LULC from 2000-2025

Years Barren (km?2) Built-up (km2) | Vegetation (km2)| Water (km2)
2000 244.14 158.88 80.06 6.96
2005 219.57 166.66 96.90 6.85
2010 208.84 177.67 96.77 6.72
2015 203.94 182.33 96.00 6.70
2020 194.70 188.84 99.88 6.59
2025 186.45 201.94 95.06 6.57

Source: own elaboration

Additionally, to validate the categorized (LULC) maps, an accuracy assessment is
conducted utilizing 200 reference points from Google Earth Pro imagery for each study
year. During accuracy assessment, these validation points were compared with classified
outputs and overall accuracy along with kappa coefficient were calculated using the
formulas shown in eq. 3 and eq. 4. The classified maps achieved overall accuracy ranging
from 84% to 87% for years 2000 to 2025. Similarly, the kappa coefficient values obtained
are in the range from 0.78 to 0.83 shown in Table 4. Which indicates a good agreement
between classified images and validation points. Further, this major spatio temporal
changes in LULC may have also caused thermal changes in study area. Therefore, in order
to analyse the impact of this Land cover transformation on urban thermal conditions, LST
analysis has been carried out.

Table 4. Classification accuracy and kappa coefficient

Years Overall Accuracy (%) Kappa Coefficient
2000 86 0.81
2005 84.5 0.79
2010 86 0.81
2015 86.5 0.82
2020 84 0.78
2025 87 0.83

Source: own elaboration
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Land surface temperature variations in study area. To understand the thermal
dynamics of the study area, the shifts in LST as shown in Table 5 from year 2000 to 2025
were examined for Pune-Pimpri-Hinjewadi region. The minimum LST increased from
19.93°Cin 2000 to 28.53 °Cin 2020 and the small decrease to 27.34°C in 2025. Indicating
the overall warming trend in the study area. (Fig. 4a-f) shows the gradual increase in hot
area from 2000 to 2025. In addition, mean LST shows increasing trend from 34.36°C in
2000 to 45.21°C in 2020. The rise in minimum and mean temperature indicates the
change in UHL. Further, to examine which LULC class is influencing the rise in temperature
and understanding how different LULC classes affect the surface thermal behavior
a comparative analysis of LST across different LULC classes is done.

Table 5. Land Surface Temperature from 2000-2025

Land Surface Temperature (°C)
Years Minimum Maximum Mean
2000 19.93 74.51 34.36
2005 18.90 56.48 40.89
2010 19.64 57.49 42.86
2015 26.49 50.94 38.67
2020 28.53 58.71 45.21
2025 27.34 53.78 40.38

Source: own elaboration

Comparative analysis of LST and different LULC classes. The analysis of LST
across various LULC classes is perform to examine variations in thermal behavior of
different classes Fig. 5. The comparative analysis shows clear differences in mean
temperature among all land cover classes, wherein Barren land and Built-Up classes
consistently exhibiting the highest LST. In 2010 the built-up area observed 42.22°C of
mean LST and it increased to 45.14°C in 2020.Similarly the barren land also showed the
rise of temperature from 45.40°C in 2010 to 47.09°C in 2020 Fig. 5. Since, Built-up area
showed a strong association with elevated LST, in the next section relationship analysis
between LST and spectral indices has been carried out.
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Relationship between LST and NDBI. The relationship between LST and NDBI is
analyzed using Linear Regression from year 2000 to 2025 shown in (Fig. 6a-f), these
Figures represent the values of NDBI and LST using 200 random points. The strength of
the correlation among built-up area and surface temperature is rated using R? values
shown in Table 6. The R? value in 2000 was 0.446, suggesting a robust correlation
between LST and NDBL In 2005 the R? values increased to 0.58, showing stronger
correlation, the peak strength was observed in 2010 with R? value of 0.605, indicating
strongest correlation among all years. The above analysis demonstrate that built-up
areas play a crucial role in increasing land surface temperature. So, to analyze whether
urban growth is uniform or not and to analyze its intensity the directional study of urban
growth was carried out.
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Table 6. Linear regression correlation between LST and NDBI from 2000-2025

Years R2 values Interpretation
2000 0.446 Strong

2005 0.58 Strong

2010 0.605 Strong

2015 0.396 Moderate
2020 0.389 Moderate
2025 0.377 Moderate

Source: own elaboration

Spatio temporal analysis of urban growth and its intensity. The spatio temporal
analysis of urban growth is done by analyzing directional growth in urban areas during
year 2000 to 2025. The results in Table 7. shows remarkable growth in urban area in study
region. Fig. 7a and Fig. 7b. shows that the urban expansion occurred in the study region is
not uniform in all directions. However, some zones exhibit higher growth which may be
due to available socio-economic facilities and natural ecosystem.

North (N) zone showed moderate urban growth where built-up area increased from
7.7 km? in 2000 to 12.74 km? in 2025. North zone includes a small part of Bhosari MIDC
industrial area which is an important reason for this urban expansion. Similarly, the North
East (NE) zone shows slow urban expansion, from 7.3 km? in 2000 to 8.9 km? in 2025.
This may be due to physical constraints. Among all zones the North West (NW) zone
experienced the highest urban growth, with built-up area increased from 32.67 km? to
46.55 km?. This maybe due to factors such as Pune Mumbai highway which gives better
road connectivity. The West (W) zone also showed remarkable growth from 16.21 km? to
34.54 km?, primarily influenced by the development of the Hinjewadi IT hub.

Table 7. Directional urban growth in year2000 and 2025

Directional Area in year2000(km?) | Areainyear 2025 (km?) Remark
Zones
N 7.7 12.74 Moderate
NE 7.3 8.9 Low to moderate
NW 32.67 46.55 High
S 18.67 18.91 Low
SE 40.82 41.21 Saturated
SW 5.9 8.38 Low to moderate
\W% 16.21 34.54 High
E 27.30 27.58 Low

Source: own elaboration
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Fig. 7. Direction wise urban growth from year (a)2000 to (b)2025
Source: own elaboration

The South (S), South East (SE), and East zones showed limited urban growth. South
zone contains the mountain and therefore has limited land for built-up. Similarly, the East
zone experienced restricted expansion due to military cantonment areas and controlled
land use. The South East (SE) zone is one of the most urbanized regions in the study area.
The urban area expanded barely from 40.82 km? in 2000 to 41.21 km? in 2025. The high
built-up area in the base year tells that this zone was already highly developed before
2000. The South West (SW) zone shows moderate increase in urban area from 5.9 km? in
2000 to 8.38 km? in 2025.The growth in this zone is slow but steady indicating future
development potential.

Overall, the spatio temporal urban growth analysis revealed that urban expansion in
the study area is highly uneven., which may alter surface energy balance and contribute
to heat accumulation. This may further cause the development and intensification of the
UHI effect. Therefore, to assess the thermal impact of urban growth, the increase in LST
and UHI intensity from 2000 to 2025 is analysed in the subsequent section.

Increase in LST and Urban Heat Island intensity from 2000 to 2025. The Spatial
distribution of UHI intensity for the years 2000 and 2025 reveals a significant increase in
urban surface heating across the study area. Fig. 8a shows UHI for the Year 2000 and
Fig. 8b shows UHI for Year 2025. In year 2000 the LST ranged from 19.93°C to 47.85°C
where majority of study area is seen under cool and moderate temperature zones and
very small area is seen under high temperature hotspots this indicates the lower UHI
intensity. However, this scenario completely in year 2025 where LST ranged from 31.80
°C to 52.70 °C. This shows the expansion of high temperature zones and stronger heat
concentration this further caused increase in high temperature hotspots across urban
areas. The difference between mean LST of year 2000 and 2025 is 6.39°C. This indicates
significant intensified UHI over the study period.
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Fig. 8. Urban Heat Islands from year (a)2000 to (b)2025
Source: own elaboration

Discussion

The current study findings show how urbanization affected the study region’s
thermal characteristics and land cover dynamics. The LULC spatio temporal study shows
a steady rise in built-up during the years 2000 to 2025, decline in barren land and
fluctuation in vegetation and water bodies. These transformations are recognized as key
drivers of environmental change as urban expansion alters surface characteristics and
landscape structure (Sales et al., 2021; Wei et al., 2023). Temporal LST research revealed
a significant link between LST and rising built-up. As vegetation and water bodies retain
lower temperatures, built-up and barren regions continually display higher LST values.
The mean LST exhibits an increasing pattern. This confirms that natural resources helps
in cooling the atmosphere whereas more heat is absorbed and retained by concrete and
asphalt structures.

The results obtained clearly shows that barren land records the highest
temperatures, followed by built-up areas, vegetation, and water bodies respectively as per
the class wise LST studies. These findings are in line with the UHI phenomenon, which is
characterized by higher temperatures in urbanized areas relative to nearby rural areas as
a result of anthropogenic heat emission and land cover changes (Siswanto et al.,, 2023).
The impact of built-up regions over thermal properties is further supported by the
relationship between LST and NDBI.

The regression analysis indicates strong correlation which suggests that urban
expansion has dominant impact on LST. Similar studies (Debnath et al., 2025; Pandey et
al,, 2025; Tiwari & Kanchan, 2024) have reported that LST has strong positive relation
with built-up indices and negative relation with vegetation and water indices which
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highlights the role of land cover composition in regulating surface temperature, (Tiwari
& Kanchan, 2024). The directional analysis of urban growth reveals that expansion is also
not uniform, wherein certain zones, particularly the northwest and west directions,
experiencing higher growth intensity. Such spatially uneven urban growth patterns are
influenced by infrastructure development, accessibility, and socio-economic facilities in
the region, leading to heterogeneous land transformation (Dou & Han, 2022). The
outcomes highlight the need for sustainable urban planning strategies, including
increasing vegetation cover, preserving water bodies, and promoting environmentally
balanced development to mitigate rising temperatures and ensure long term urban
sustainability.

Conclusion and future scope

Using multi temporal Landsat data, this research examined LULC, LST, and their
relationship with NDBI, over the period of 2000 to 2025. The results show significant
changes in the landscape cover and its impact on the thermal climate in the study area.
The LULC analysis reveals minimal changes in vegetation and water bodies (5.60%),
a gradual decline in barren land (23.63%), and a high (27.10%) expansion of the built-up
area during the years 2000 to 2025. The accuracy assessment confirms the reliability of
the classification results, with overall accuracy of 87% and strong Kappa coefficient value
(0.83). The LST analysis demonstrates a general increasing trend in surface temperature,
with peak values observed in the year 2020, indicating intensified thermal conditions. The
class wise LST analysis reveals that temperatures are higher in urban areas upto
(45.14°C). Further the strong association between LST and NDBI indicates that growing
built-up areas are a major factor in rising surface temperatures. The directional analysis
further highlights that urban growth is also uneven, wherein certain zones experiencing
higher expansion intensity.

In order to improve accuracy, the future studies may concentrate on using satellite
data with finer resolution, like sentinel. By combining socio-economic and meteorological
data with strong ML and DL algorithmes, it is feasible to learn more about urban growth
patterns and thermal dynamics. This may improve policy making and sustainable urban
planning for government agencies.
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