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A B S T R A C T

The Urban Heat Island (UHI) phenomenon exacerbates thermal discomfort in urban areas and significantly 
contributes to urban overheating when combined with climate change. This study investigates the spatiotem
poral patterns of Surface Urban Heat Island Intensity (SUHII) in six major cities of Pakistan, focusing on the 
interplay between urban expansion, vegetation cover, and SUHII. To quantify SUHII dynamics, the impact of 
urban sprawl and vegetation changes was analyzed. The study offers critical insights into the implications for 
urban planning and policymaking in Pakistan. Using remote sensing data from Landsat satellites, analyzed with 
Geographic Information Systems (GIS) techniques, estimates of SUHII, urban expansion, and vegetation cover 
were derived. Specifically, imagery from Landsat-5 (2010− 2013) and Landsat-8 (2014–2022), obtained from the 
US Geological Survey (USGS), was employed. Statistical analyses, including Pearson’s correlation and linear 
regression, were conducted to assess relationships between these variables from 2010 to 2022. SUHII was found 
to increase annually by 0.18 ◦C in Islamabad and 0.19 ◦C in Peshawar, with corresponding urban expansion rates 
of 8.07 km2 (8967.75 pixels) and 1.67 km2 (1860.42 pixels) per year, respectively. Vegetation indices such as the 
Normalized Difference Vegetation Index (NDVI) and Fractional Vegetation Cover (FVC) were inversely correlated 
with SUHII, explaining up to 50 % of the variance in Peshawar. However, weaker correlations in Lahore suggest 
the presence of additional factors influencing SUHII. A distinct spatial relationship between increased vegetation 
and cooler areas was observed. For instance, Islamabad has greater vegetation cover and cool zones over 41.5 
km2. In contrast, Lahore’s hot spots spanned 127.1 km2, compared to Abbottabad’s 10.4 km2, underscoring the 
thermal impact of reduced vegetation. The findings emphasize the effectiveness of urban greening, particularly in 
Islamabad’s neutral thermal regions, in mitigating SUHII. This study offers important insights for urban planners 
in developing sustainable, climate-resilient cities within similar urban contexts. While the results are specific to 
Pakistani cities, the role of vegetation in mitigating SUHII may hold broader relevance for urban planning 
strategies in comparable settings.
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1. Introduction

The world’s population is expected to increase from its present es
timate of 8 billion people (Haris et al., 2023) to 9 billion people by 
around 2037 (Pison, 2022). Urban climate conditions are expected to be 
significantly impacted by this demographic expansion. Despite its rela
tively small geographic scope, urbanization has a significant impact on 
surface energy, water, and carbon budgets (Haider et al., 2017; Jallat 
et al., 2021), as well as surface climate (Khan et al., 2020). Urban 
ambient temperatures are generally more important than those in rural 
regions due to changes in surface qualities, such as installing imper
meable pavements and increased heat output from human activity 
(Bounoua et al., 2015). SUHII Effect is a widely used term for this cli
matic discrepancy (Soltani and Sharifi, 2019).

Additionally, research has demonstrated that planned urban growth 
can result in less warming than unplanned urban expansion (Khan et al., 
2024; Zhou et al., 2019). Future urban temperatures can be significantly 
influenced by the interaction of urbanization and climate change, 
underscoring the significance of considering both the current charac
teristics of our cities and the extent of future urbanization (Yang et al., 
2016). Numerous adverse effects have been connected to the well- 
documented SUHII. These include increased energy use, increased 
greenhouse gas emissions (Allam, 2021), adverse health effects (Huang 
et al., 2020a), reduced water quality (Koomen and Diogo, 2017), 
worsened local air pollution (Piracha and Chaudhary, 2022), and a rise 
in the frequency of extreme weather events, all of which could exacer
bate the broader effects of urban overheating (Soltani and Sharifi, 
2019).

SUHII are evaluated through remote sensing techniques and mete
orological data, offering unique perspectives on urban thermal dy
namics. Remote sensing captures the thermal characteristics of 
metropolitan areas from satellite observations, providing a broad view 
of spatial and temporal temperature variations (Huang et al., 2020b; 
Stewart et al., 2021). These satellite-based observations are crucial for 
understanding how urban expansion and vegetation loss contribute to 
rising surface temperatures (Chen et al., 2022; Zhang et al., 2024a). 
Remote sensing’s extensive spatial coverage and cost-effectiveness have 
made it a preferred method for monitoring SUHI globally (Wang et al., 
2023). Tools such as the Enhanced Thematic Mapper Plus (ETM+) and 
Landsat Thematic Mapper (TM) have provided invaluable insights into 
the temporal trends of SUHII across entire cities (Zhou et al., 2019). 
These studies have provided evidence of intensifying or expanding 
SUHII in several Pakistani cities, including Rawalpindi, Gujranwala, 
Lahore, Karachi, and Hyderabad, with the Covid-19 pandemic poten
tially influencing these patterns. During the pandemic, reduced human 
activity, such as decreased transportation and industrial operations, may 
have temporarily lowered heat emissions, leading to observable changes 
in SUHII (Aslam et al., 2021; Xu et al., 2022).

Multiple factors, including urban configuration, surface materials, 
and anthropogenic heat emissions, influence urban areas’ thermal re
sponses. These characteristics impact near-surface air temperatures and 
surface temperatures differently, making it challenging to predict UHI 
dynamics from one method alone (Scolio et al., 2024; Xiang et al., 2023; 
Zhang et al., 2024b). Urban green infrastructure, such as trees and 
lawns, helps mitigate rising temperatures, while grey infrastructure, like 
buildings and roads, contributes to warming. Changes in surface prop
erties and land use can thus be effectively traced by analyzing spatio- 
temporal shifts in SUHII using remote sensing data.

The utilization of MODIS (Moderate Resolution Imaging Spectror
adiometer) land surface temperature (LST) data has gained significant 
traction in the investigation of the spatial and temporal fluctuations of 
SUHII at both regional and global scales (Monteiro et al., 2021; Wu 
et al., 2019). It is well established that vegetation cover is a significant 
determinant of SUHII, as evidenced by several vegetation indices, 
including the NDVI, Enhanced Vegetation Index (EVI), and (Fractional 
Vegetation Cover Index (FVCI) (e.g., Flores et al., 2016; Mathew et al., 

2015; Zhu et al., 2016). While impermeable surfaces exert the most 
significant influence on the intensity of the SUHII (Chen et al., 2019), 
vegetation has been observed to partly mitigate its thermal impacts, 
especially during daylight hours (Akram et al., 2022; Anees et al., 2024c; 
Pan et al., 2023). Including vegetation in urban environments can result 
in lowering surface temperatures of urban areas to become comparable 
with nearby rural areas (Aslam et al., 2022; Bhanage et al., 2023; 
Octarino, 2023).

The impact of different local climate zones (Stewart and Oke, 2012) 
on AUHI and SUHII is also vital, as variations in building density, height, 
and land cover type can significantly affect the intensity of both SUHII. 
For example, the compact high-rise buildings in Beijing contribute more 
to the SUHII compared to areas with scattered trees (Zheng et al., 2024). 
Such studies in urban areas of developed countries have provided 
valuable Insights into the relationship between urban morphology and 
SUHII. However, similar comprehensive analyses are lacking in many 
developing nations, particularly South Asia. With its unique combina
tion of rapidly urbanizing cities, diverse climatic zones, and often un
planned urban expansion, Pakistan presents a distinct case for 
understanding SUHI dynamics. Unlike cities in developed regions, 
where green infrastructure is more integrated into urban planning, 
many Pakistani cities lack such measures, intensifying the warming ef
fects of urbanization. Furthermore, the region’s varied topography, from 
the mountainous northern regions to the arid plains in the south, adds 
complexity to the SUHII, making it distinct from regions previously 
studied. The current archive of scholarly literature demonstrates a sig
nificant lack of research investigating the spatial and temporal effects of 
SUHI in Pakistan. This gap highlights the necessity of conducting thor
ough research in this region to understand better the dynamics and 
implications of SUHI across Pakistan’s growing and densifying cities, 
where the warming effect from removing urban vegetation remains 
unquantified. Addressing this important gap in the literature, our ob
jectives were threefold: firstly, to analyze the SUHII across six Pakistani 
cities; secondly, to investigate the temporal trajectories of SUHII from 
2010 to 2022; and thirdly, to elucidate the interrelations between SUHII 
and vegetation dynamics.

2. Data and methods

2.1. Study area

This study focuses on six major urban centers in Pakistan, specifically 
Abbottabad, Muzaffarabad, Islamabad, Peshawar, Lahore, and Sargodha 
(Fig. 1). The purposeful choice of these cities aims to provide a wide 
range of urban development stages, climate conditions, and altitudinal 
variations. This selection offers a thorough portrayal of the urban dy
namics throughout the country (Ahmad, 2007; Qureshi and Ali, 2011). 
The region under consideration covers the geographical area between 
33.68◦ and 34.35◦N in latitude and 71.57◦ and 74.34◦E in longitude. 
Additionally, it encompasses an elevation gradient ranging from 193 m 
above sea level in the plains of Sargodha to 1241 m above sea level in the 
hilly terrain of Abbottabad (Mohiuddin, 2007), which results in a range 
of regional climates (Table 1). The six cities differ in their land area 
covered and population growth between 2010 and 2022. These char
acteristics provide a unique setting for investigating the SUHII in the 
context of rapid urbanization. These cities collectively offer diverse 
opportunities for studying urban climatology due to their varying to
pographies (Sher et al., 2017) and varying degrees of vegetation (Chen 
et al., 2022; Usoltsev et al., 2020; Usoltsev et al., 2022), which can in
fluence their local climates and urban thermal behavior.

The cities are characterized by unique differences in vegetation cover 
and urban infrastructure (Hayes et al., 2022; Hu et al., 2024; Liang et al., 
2024), which offer valuable insights into the complex relationship be
tween urbanization, vegetation, and local temperature trends 
(Andreevich et al., 2020; Anees et al., 2022b; Paschalis et al., 2021; 
Shahzad et al., 2024; Shobairi et al., 2022). The urban environment of 
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Islamabad provides a substantial quantity of green spaces, which pre
sents a noteworthy opportunity for investigating the cooling effects of 
urban green infrastructure. Conversely, the urban environment of 
Lahore is distinguished by a significant concentration of inhabitants and 
a scarcity of green infrastructure, thereby exemplifying the challenges 
associated with addressing heat stress in swiftly expanding metropolitan 
areas.

2.2. Data

2.2.1. Remote sensing data acquisition and analysis
The multispectral data acquired from the Landsat-5 Thematic Map

per (TM) and in combination with the Landsat-8 Operational Landsat 

Imager (OLI) and thermal infrared sensors (TIRS) have been systemati
cally collected during the summer months, particularly in June, July, 
and August for the years 2010, 2014, 2018 and 2022. The datasets were 
obtained on 26 February 2023 from the official website (http://earth 
explorer.usgs.gov/) of the United States Geological Survey (USGS) 
(Wulder et al., 2019; Zhu, 2019). A specific scene was chosen from the 
Landsat imagery to encompass the entire city. As mentioned earlier, the 
scene played a crucial role in implementing both the classification of 
urban and non-urban pixels and the extraction of LST. Table 2 provides a 
comprehensive breakdown of the specifications of the acquired satellite 
imagery.

It is important to note that the thermal infrared bands (Band 6 of 
Landsat-5 and Bands 10 and 11 of Landsat-8) originally had a coarser 

Fig. 1. Geographical map highlighting the urban centers in Pakistan investigated in this study. All six cities are of regional importance and have different climates 
and elevations, ranging from lowland to mountainous regions in the foothills of the Himalayan Range.

Table 1 
Climatic and geographical characteristics of selected Pakistani urban centers.

Sr.No. Cities Lon Lat Mean Annual Temperature Precipitation per year Elevation1

1 Abbottabad 73.22 34.16 15.9 ◦C 1532 mm 1241 m
2 Muzaffarabad 73.46 34.35 12.6 ◦C 1308 mm 739 m
3 Islamabad 73.04 33.68 20.3 ◦C 1012 mm 579 m
4 Peshawar 71.57 34.00 22.3 ◦C 817 mm 340 m
5 Lahore 74.34 31.52 24.0 ◦C 636 mm 216 m
6 Sargodha 72.71 32.06 33.6 ◦C 440 mm 193 m

Ramirez, 2016; U.S. Geological Survey, 20171.

Table 2 
Specifications and acquisition details of Landsat Imagery.

Landsat Product Sensors Bands Spatial Resolution (m) Cloud Cover (%) Path/Row Date of Acquisition

Landsat-5 TM 

Thematic Mapper (TM) Band 1–5 & 7
30

< 10

Peshawar 151/36 
Abbottabad & 
Muzaffarabad 

150/36  
Islamabad 
150/37  
Lahore 
149/38  
Sargodha 
150/38

15/06/2010Thermal Infrared Sensor (TIRS) Band 6 120  
Resampled to 30-m

Landsat-8 OLI

Operational Land Imager (OLI) Band 2–7
30

26/7/2014 
18/6/2018 
18/6/2022

Thermal Infrared Sensor (TIRS-1/2) Band 10 100
Band 11 100
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spatial resolution of 120 m and 100 m. These bands were resampled to 
30 m using bilinear interpolation to match the spatial resolution of the 
other multispectral bands. This method ensures consistency in the 
analysis by accurately aligning the data layers while maintaining spatial 
integrity (Mehmood et al., 2024a; Mehmood et al., 2024e). Before 
initiating image interpretation, spectral bands were stacked, and the 
region of interest was extracted. Individual city images were analyzed 
through a supervised classification approach using the Random Forest 
(RF) algorithm (Anees et al., 2024a; Anees et al., 2024b; Luo et al., 
2024), segregating them into two distinct categories: urban and non- 
urban. Urban areas were defined as those with high population den
sity, the extent of built-up infrastructure, and the presence of impervious 
surfaces, while non-urban areas were characterized by lower population 
density and predominantly natural or agricultural land cover (Wang 
et al., 2024). This classification leveraged the digital number (DN) 
values inherent in the respective spectral bands and ancillary data such 
as existing land use/land cover maps and high-resolution imagery 
(Truong et al., 2024).

2.2.2. Land surface temperature (LST) analysis
The LST was acquired using the standard Radiative Transfer Equa

tion (RTE) techniques, as suggested by earlier research (Jiang and Lin, 
2021; Sekertekin and Bonafoni, 2020; Yu et al., 2014a). The funda
mental components of the RTE algorithm consist of the NDVI, the Pro
portion of Vegetation (PV), and the Land Surface Emissivity (LSE). NDVI 
calculation utilized Eq. (1). 

NDVI = NIR+RED/NIR–RED (1) 

where NIR denoted the near-infrared band, namely band 5, and RED 
represented the red band, specifically band 4, in the Landsat-8 OLI. In 
contrast, the Landsat-5 TM designated band 4 and band 3 as the near- 
infrared (NIR) and red (RED) channels, respectively, with a wave
length range of 0.64–0.67 μm. It is worth noting that there is a notable 
consistency between the band-4 (0.85–0.88 μm) in Landsat-8 OLI and 
the band-4 (0.77–0.90 μm) as well as band 3 (0.63–0.69 μm) in Landsat- 
5 TM. This compatibility allowed for the generation of similar outputs. 
Following that, Eq. (2) was utilized to get the PV, which depended on the 
minimum and maximum values of NDVI. 

PV = [(NDVI − NDVImin/NDVImax − NDVImin)]
2 (2) 

LSE was pivotal for extracting LST. Essentially, LSE served the dual 
purpose of quantifying and preserving the radiance inherent to a black 
body, as delineated by Planck’s Law, to prognosticate the emitted 
radiance (Avdan and Jovanovska, 2016; Ren et al., 2022). Eq. (3), was 
utilized to compute the LSE: 

LSEBi = εs(1 − PV)+ εv*PV +C (3) 

εv and εs denote the emissivity of vegetation and soil. Subscript Bi de
notes the band number, and C, representing surface roughness, was set 
at 0.005, which is a standard approximation for smooth surfaces used in 
the model. While urban surfaces are generally rough due to buildings 
and other structures, this value helps standardize emissivity calculations 
in the RTE method. For bands 10 and 11, Es and Ev were 0.971 and 
0.987, and 0.977 and 0.989, respectively (Sobrino and Jiménez-Muñoz, 
2014). Brightness temperature from the thermal band was determined 
using a suitable algorithm from Landsat TM and OLI data (Anees et al., 
2024a). This process involved converting the Digital Number (DN) value 
to radiance, as defined by NASA in Eq. (4) (US Geological Survey, 2019; 
USGS, 2022). 

Li = RADIANCEMULTBi ×DN+RADIANCEADDBi (4) 

where Li denoted the sensor’s spectral radiance (m W cm− 2 sr− 1 μm− 1), 
quantified, whereas RADIANCEMULT and RADIANCEADD represented 
the respective band constants, as sourced from the accompanying 
header file. The brightness temperature was derived using Eq. (5)

according to U.S. Geological Survey (2019): 

TsBi =
K2Bi

log
((

K1Bi
Li

)

+ 1
) − 273.15 (5) 

where Ts denotes the Top of Atmosphere (TOA) brightness temperature 
for band i in Kelvin, with K1 and K2 as constants. This method, estab
lished by the USGS, calculates the TOA brightness temperature. To 
convert from TOA brightness temperature to LST, atmospheric correc
tions were applied using the RTE, which adjusts for atmospheric in
fluences on the spectral radiance (Hadjimitsis and Clayton, 2009). 
Finally, to convert LST from Kelvin to Celsius, 273.15 was subtracted 
from our findings (Abdullah and Barua, 2022). We employed the RTE 
recommended by Yu et al. (2014a), as shown in Eq. (6). 

LSTRTEBi = τ EiTi+ τ ((1 − Ei) Downwelling )+Upwelling (6) 

Within this framework, the symbol E represented the surface emis
sivity about band i, Ti signified the spectral radiance, and downwelling 
and upwelling refer to the path of radiance. Estimating upwelling and 
downwelling radiance was achieved by utilizing the MODTRAN 5.0 
radiative transfer code (Coll et al., 2012; Yu et al., 2014b), with atmo
spheric profiles sourced from the NCEP reanalysis dataset. These profiles 
provide essential atmospheric parameters such as temperature, humid
ity, and pressure, which are necessary inputs for accurate radiative 
transfer simulations. The NCEP data were selected based on the closest 
temporal (every 6 h) and spatial (1◦ × 1◦ grid) proximity to the satellite 
overpass times and study area locations, ensuring that the atmospheric 
conditions modeled in MODTRAN closely represent the actual condi
tions during data acquisition. The ground radiance Ti was determined 
using Planck’s law: 

Ti =
C1

Wavelength5
Bi

(

exp
(

C1
WavelengthBi

Ts
)

− 1
) (7) 

C1 and C2 were Planck’s radiation constants, with C1 as 1.19104 ×
108 W μm4m− 2 sr− 1 and C2 as 14,387.7 μm K. ‘Wavelength’ denoted the 
bands’ specific wavelengths: band 10 is 10.602 and 11 is 12.511. Surface 
temperature, Ts, was derived from Eq. (5). The RTE approach was 
applied to bands 10 and 11. Eq. (6) results were input into Eq. (7) to 
deduce the mean LST. We employed thermal band 6 of Landsat-5 and 
band 10 of Landsat-8 OLI for more reliable LST estimations. Band 11 was 
omitted due to LST estimation errors, influenced by water vapor ab
sorption, as highlighted in prior studies (F. Wang et al., 2015).

2.3. Analysis of urban Heat Island

Researchers frequently prioritize using LST instead of air tempera
ture when investigating SUHII phenomena. This preference stems from 
LST’s superior capacity to identify surface temperature fluctuations 
across different areas, enhancing precision in determining SUHII in
tensities. This choice was supported by research conducted by Ngie et al. 
(2014), which emphasized the effectiveness of satellite-derived LST in 
offering a detailed assessment of surface temperature variations at the 
pixel level. Unlike air temperature, which is used to measure the tradi
tional SUHII, LST measures surface temperature, showing much larger 
spatial variation, particularly during the day. The SUHII refers specif
ically to the difference in surface temperature between urban areas and 
their surrounding rural areas.

In this study, we adopted a standardized buffer with a radius of 5 km 
around urban areas, following the approach of Chakraborty et al. 
(2021), Peng et al. (2012a, 2012b), and Zhou et al. (2015). Temperature 
measurements for both urban and rural areas were obtained using 
Landsat-derived LST, as described by Eq. (8) in the work of Martin-Vide 
et al. (2015).

The equation was denoted as: 
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ΔTu − r = Tu − Tr (8) 

where Δ Tu − r signified the SUHII, Tu represented the urban temper
ature, and Tr denoted the rural temperature.

2.3.1. Statistical analysis of vegetation indicators on SUHII
A comprehensive statistical analysis was conducted to investigate the 

impact of FVC and the NDVI on the SUHII using Pearson’s correlation 
analysis and linear regression (Eq. (9)) (Macarof and Statescu, 2017). 
The following equation represents the model: 

Y = β0+ β1X+ ϵ (9) 

where Y was the dependent variable, β0 was the y-intercept, and β1 was 
the coefficient of the independent variables Xn. ϵ is the error term (the 
difference between the observed and predicted values). The fit and 
explanatory power of the model was assessed using the Residual Mean 
Standard Error (RMSE) and the coefficient of determination (R2). All 
statistical analyses were done using R (Team, R.C, 2020). It is important 
to note that the SUHI, by definition, involves temperature differences 
between urban and rural areas. Therefore, the correlations between 
FVC, NDVI, and LST were calculated across the entire study area, 
including urban and rural environments. This ensures that the full extent 
of the SUHII is captured and analyzed. A trend analysis was undertaken 
to investigate the historical progression of SUHII in the six cities. The 
study period spanned from 2010 to 2022, capturing data points (loca
tions) in 2010, 2014, 2018, and 2022.

The determination of the sites was based on specific criteria, 
including urban area size (measured as the total land area in square 
kilometers), the complexity of urban structure (quantified by the mix of 
residential, commercial, and industrial zones), and the diversity of land 
use patterns (such as the proportion of green spaces, built-up areas, and 
water bodies). Additionally, we ensured that each city’s sample repre
sented its overall urban environment, with sufficient statistical power to 
detect variations in SUHII (Athukorala and Murayama, 2020; Guo et al., 
2020; D. Li et al., 2019). A linear trend analysis was utilized to examine 
past trends of SUHII in the chosen cities (Eq. (10)). The process entailed 
calculating the slope of the SUHII values across the designated period, 
which functions as a metric for quantifying the speed of change in SUHII. 
To assess the statistical significance of the observed changes in SUHII, 
we employed the One Sample t-test. The statistical significance of these 
patterns was determined using p-values (p < 0.05). 

Yt = α+ βt + ϵt (10) 

where Yt is the dependent variable (SUHI) at time t, α is the intercept, β 
is the slope of the trend line indicating the rate of change in the SUHII 
over time, and t is the time variable (years). ϵt is the error term at time t.

2.4. Thermal hot-spot detection in urban areas

This study employed hot-spot analysis to identify urban regions with 
significant diurnal LST variations, focusing on areas with notable ther
mal anomalies. The Getis-Ord Gi* statistic (Getis and Ord, 1992, 2010; 
Ord and Getis, 1995) was used to detect spatial clusters of high (hot 
spots) and low (cool spots) LST values. The method calculates the local 
aggregation of LST values relative to neighboring features, helping to 
identify statistically significant thermal clusters using: 

G*
I =

∑n
j=1Wi,jXj − X

∑n
j− 1Wi,j

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅[

n
∑n

j=1
W2

i,j −

(
∑n

j=1
Wi,j

)2
]

n− 1

S

√
√
√
√

(11) 

wherein xj delineates the attribute value associated with feature j: wi, j 
represents the spatial weight between features i and j, typically derived 
from their spatial relationship, and n is the aggregate count of features.

Furthermore, the mean X and variance S of the attribute values are 
defined as: 

X =

∑n
j=1Wi,j

n
(12) 

S =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

J=1X2
j

n
− (x)2

√

(13) 

The fundamental characteristic of the Gi* statistic is its ability to 
calculate the local aggregation of attribute values for a specific feature 
compared to its neighboring features, hence contrasting it with the 
collection across all features (Hazaymeh et al., 2022). The presence of a 
statistically significant cluster is indicated by a notable departure from 
the expected local sum that exceeds the thresholds of random chance. 
This mathematical framework allowed for a systematic and compre
hensive investigation of geographical patterns across urban landscapes 
(Chu et al., 2024; Steigerwald et al., 2022; Tsai et al., 2024; Zhao et al., 
2024).

The Getis-Ord Gi* provides two main metrics: the z-score, indicating 
the level of clustering, and the p-value, assessing statistical significance 
(Ryan, 2022). High z-scores with low p-values indicate hot spots, while 
low z-scores with low p-values point to cool spots. Larger absolute z- 
scores indicate stronger clustering (Harris et al., 2017). 

1. Cool-spot: Denotes regions with a significant clustering of lower LST 
values, characterized by a Gi* z-score less than − 1.65.

2. Hot-spot: Represents areas showcasing a significant aggregation of 
elevated LST values, marked by a Gi* z-score greater than 1.65.

3. Neutral Areas: These regions do not exhibit any significant spatial 
correlation, falling within the z-score range of − 1.65 to 1.65.

Confidence levels of 90 %, 95 %, and 99 % were applied to ensure 
statistical robustness. Regions were classified like “Superior Cool Zone 
(Tier-3)” and “Basic Hot Zone (Tier-1)” (Guerri et al., 2021; Steigerwald 
et al., 2022). The categories encompass a spectrum starting with “Su
perior Cool Zone (Tier-3)” which signifies the utmost level of confidence 
in cool areas and extending to “Basic Hot Zone (Tier-1)” which denotes 
the fundamental level of trust in hot regions. This classification scheme 
offers a comprehensive comprehension of the thermal dynamics 
exhibited by the cities Table 3.

Regions with pronounced Gi* z-scores (either exceeding 2.58 or 
below − 2.58) and minimal Gi* p-values (< 0.01) are classified as Tier-3, 
signifying areas with extreme thermal values at a 99 % confidence level. 
The Inverse Distance Weighted (IDW) interpolation on the Getis-Ord Gi* 
results generated raster maps of hot and cool spots aligned with Landsat 
5 and 8 resolutions (Yigzaw et al., 2023). These were subsequently 
vectorized to produce polygonal representations of the thermal 

Table 3 
Getis-Ord Gi* Statistic-based classification of urban thermal zones with corre
sponding confidence and significance Levels.

Thermal Zone 
Categories

Confidence 
Threshold

Probability (p- 
Value)

Standard Deviation 
Range (z-Score)

Superior Cool Zone 
(Tier-3)

99 % <0.01 < − 2.58

Intermediate Cool 
Zone (Tier-2)

95 % <0.05 < − 1.96

Basic Cool Zone 
(Tier-1)

90 % <0.10 < − 1.65

Neutral Thermal 
Regions

Not significant N/A − 1.65 < z-score <
1.65

Basic Hot Zone (Tier- 
1)

90 % <0.10 > 1.65

Intermediate Hot 
Zone (Tier-2)

95 % <0.05 > 1.96

Superior Hot Zone 
(Tier-3)

99 % <0.01 > 2.58
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anomalies. After the Getis-Ord Gi* statistic had been employed to 
identify and classify thermal hot spots and cool spots, the last analytical 
step quantified the characteristics of vegetated areas in each of the seven 
thermal zones.

2.5. Vegetation and hotspot analysis in urban areas

In this research phase, information regarding the FVC and NDVI was 
gathered for six prominent urban areas in Pakistan. The NDVI is a uni
versally accepted index (Mehmood et al., 2024c) that facilitates the 
generation of diverse vegetation maps, whereas the FVC denotes the 
ratio of aerial vegetation cover to ground cover (Anees et al., 2022a; 
Anees et al., 2024b; El-Shirbeny et al., 2022). The data were classified 
according to particular ranges of values: 

• NDVI and FVC values less than 0.2 and 30 %, respectively, were 
categorized as ‘Low Vegetation / No Vegetation’.

• NDVI and FVC values greater than 0.2 and 30 %, respectively, were 
categorized as ‘High Vegetation’.

Similarly, hotspot values derived from the thermal hotspot analysis 
were categorized based on categories shown in Table 3. The areas 
associated with each category were combined and transformed into 
square kilometers (km2). Lastly, the proportion of the area represented 
by each class of NDVI and FVC concerning the hotspot category was 
determined.

3. Results

3.1. Spatial and thermal dynamics of SUHII in major Pakistani cities 
(2010− 2022)

The data exhibits a noticeable and consistent increase in the SUHII 
across all cities throughout the study period. Notably, Islamabad 
initially displayed characteristics of a daytime cool island in 2010, with 
a negative SUHII of − 1.05 ◦C. However, by 2022, this shifted to a pos
itive SUHII of 1.02 ◦C, indicating a significant increase in surface tem
peratures over the twelve years. Peshawar also experienced a 
substantial rise in its average SUHII, from 0.20 ◦C in 2010 to 2.51 ◦C in 
2022. Other cities, including Lahore, Sargodha, Abbottabad, and 
Muzaffarabad, followed similar patterns, recording average SUHII of 
1.51 ◦C, 1.54 ◦C, 1.49 ◦C, and 1.18 ◦C in 2022, respectively (Fig. 2). To 
ensure the reliability of our findings, we carefully selected satellite im
ages from clear-sky, consistent seasonal conditions, reducing variability 
introduced by atmospheric conditions or seasonal changes. Further
more, by analyzing over multiple years (2010, 2014, 2018, and 2022), 
we minimized the potential sensitivity of the results to any image used. 
This multi-year approach strengthens our confidence in the observed 
trends, as it captures a complete temporal evolution of SUHII across the 
cities.

Note: scale bars differ among panels.
In addition to this, an assessment of urban development measured by 

quantifying urban pixel counts offers further insight into the research. 
Islamabad experienced significant urban growth, at approximately 8.07 
km2 (8967.75 pixels) annually. While this expansion coincided with the 
city’s SUHII rate of change, measured at 0.18 ◦C each year, the increase 

Fig. 2. Spatial distribution of mean SUHII in six major cities in Pakistan in 2022. Negative SUHII relate to cool zones where surface temperatures were below the 
threshold z-score defined in Table 3. Positive values indicate hot zones. White areas depict neutral thermal regions.
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in SUHII may also be attributed to the intensity of urbanization, such as 
increased building density, surface impermeability, and reduced green 
spaces. These findings suggest a potential correlation between rapid 
urbanization and the observed rise in the SUHII. The urban growth of 
Peshawar exhibited a moderate pace, expanding at a rate of approxi
mately 1.67 km2 (1860.42 pixels) per year during the study period. 
However, its SUHII increased significantly by 0.19 ◦C per year. This 
suggests that factors beyond urban development alone may have 
contributed to the observed changes in Peshawar’s SUHII. Based on our 
analysis, possible contributors include warming in the surrounding rural 
areas due to regional climate trends, changes in land cover such as 
reduced vegetation or altered agricultural practices, and broader cli
matic variability affecting both urban and rural areas. Despite experi
encing a substantial annual urban expansion rate of 8.25 km2 (9171.58 
pixels), Lahore exhibited a SUHII rate of change of 0.03 ◦C per year, 
suggesting the potential effectiveness of urban heat mitigation tech
niques. Sargodha, Abbottabad, and Muzaffarabad displayed urban 
expansion rates of 0.45 km2 (499.58 pixels), 0.65 km2 (720.75 pixels), 
and 0.48 km2 (533.83 pixels) per year, respectively (Fig. 3). These cities 
have also demonstrated rates of change in their SUHII of 0.03 ◦C per 
year, 0.12 ◦C per year, and 0.08 ◦C per year, respectively.

3.2. Relationship between SUHII and vegetation indices across major 
Pakistani cities

After analyzing six prominent cities in Pakistan, it became apparent 
that there exists a notable and statistically significant negative rela
tionship between the intensity of the SUHII phenomenon and the 
vegetation indices, namely the NDVI and the FVC. The significance of 
each correlation was determined at the 0.05 level, as indicated in 
Table 4.

Peshawar demonstrated the highest R2 values for NDVI and FVC, at 
0.50 and 0.49, respectively. Lahore, in contrast, showed the lowest R2 

values among the studied cities, with 0.17 for NDVI and 0.12 for FVC. 
Sargodha and Abbottabad exhibited moderate R2 values in their 

analyses. Sargodha had R2 values of 0.39 for NDVI and 0.19 for FVC, 
while Abbottabad displayed R2 values of 0.23 for NDVI and 0.20 for 
FVC. Both Islamabad and Muzaffarabad showed R2 values of approxi
mately 0.30 for both indices.

3.3. SUHII trends in six Pakistani cities: A quantitative analysis

A comprehensive trend analysis of SUHII values across six cities, 
Islamabad, Peshawar, Abbottabad, Sargodha, Lahore, and Muzaffar
abad, revealed significant variations in urban thermal attributes. The 
One Sample t-test was the primary statistical method for assessing the 
significance of mean trends observed within these cities. Islamabad 
exhibits the highest average trend of 0.28, statistically significant at (p 
< 0.05), indicating a noticeable increase in SUHII values. Subsequently, 
Lahore (0.14), Peshawar (0.13), and Abbottabad (0.12) follow sequen
tially. In contrast, Muzaffarabad and Sargodha demonstrate relatively 
moderate average trends, with values of 0.08 and 0.06, respectively.

3.3.1. Frequency of positive and negative trends
Peshawar has had a notable presence, with 351 locations exhibiting 

positive trends, followed closely by Lahore, with 263 locations. Seventy- 
eight percent (78 %) of the sampled areas showed an upward trend. It is 
worth mentioning that a significant proportion of these trends, precisely 
16.7 %, demonstrated statistical significance at a confidence level of 95 
%. This percentage is considerably higher than the comparable rates in 
other cities. Islamabad and Muzaffarabad registered 182 and 198 posi
tive trends, respectively. In contrast, Abbottabad reported 250 positive 
trends, which places it third in terms of the total number of positive 
trends observed, while Sargodha reported 89 instances. Among the cit
ies, Peshawar had the most noteworthy trend, characterized by 75 sig
nificant trends, demonstrating an upward trend (Table 5). The 
distribution of Muzaffarabad displayed a total of 44 notable trends, out 
of which 43 were observed to be positive, with only one exception. In 
contrast, Sargodha exhibited a complex distribution characterized by 14 
statistically significant positive and three negative trends (Fig. 4). In the 

Fig. 3. Trends in urban expansion from 2010 to 2022 as measured by pixel count in six Pakistani cities. The pixel counts represent the number of pixels classified as 
urban based on Landsat imagery, providing insight into the spatial extent of urban growth across the six cities. These counts allow for a quantitative assessment of 
urban expansion and its correlation with SUHII.
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study context, it was observed that Islamabad, Lahore, and Abbottabad 
exhibited a consistent pattern in their significant trends, all of which 
displayed a positive inclination. The number of locations demonstrating 
these trends were recorded as 15, 8, and 4 for Islamabad, Lahore, and 
Abbottabad, respectively.

3.3.2. Comparative analysis
Islamabad exhibits a significant average trend, indicating that it is 

experiencing the most notable shift in SUHII values. Although Peshawar 
displays the highest number of positive trend locations, its average 
SUHII trend is almost half that observed in Islamabad. Nevertheless, it is 
worth noting that there is a substantial number of positive trends in 
Peshawar, which suggests a more uniform and widespread increase in 
the SUHII throughout the city. Muzaffarabad had a higher percentage of 
significant trends than the overall number of observed trends. This in
dicates that the changes in SUHII are less likely to be attributed to 

random variations. In urban areas such as Sargodha, where a relatively 
equal distribution of positive and negative trends exists, it becomes 
imperative to accurately identify major trends to distinguish actual 
shifts from random fluctuations. The analysis highlights the variation in 
SUHII changes among various urban environments. While every city has 
a general upward tendency, these trends’ magnitude, extent, and sig
nificance differ.

3.4. Integrated analysis of vegetation and thermal hotspots in urban 
Pakistan

3.4.1. Thermal hotspot distribution
The thermal hotspots were classified into three distinct cool zones, 

namely Superior, Intermediate, Basic, and neutral thermal regions. 
Three hot zones were identified: Superior, Intermediate, and Basic 
(Fig. 5). Lahore has been identified as the city exhibiting the largest 

Table 4 
Correlation analysis between SUHII and vegetation indices in six Pakistani cities.

Cities Vegetation cover

SUHII VS FVC SUHII VS NDVI

R RMSC R2 P-value Sig Level R RMSC R2 p-value Sig Level

Islamabad − 0.56 2.549 0.31 2.2e-16

0.05

− 0.59 2.484 0.35 2.2e-16

0.05

Peshawar − 0.70 1.215 0.49 2.2e-16 − 0.70 1.212 0.50 2.2e-16
Lahore − 0.36 1.423 0.12 2.032e-09 − 0.42 1.385 0.17 1.432e-12
Sargodha − 0.44 2.087 0.19 5.545e-11 − 0.63 1.805 0.39 2.2e-16
Abbottabad − 0.45 1.537 0.20 1.861e-11 − 0.48 1.505 0.23 2.578e-13
Muzaffarabad − 0.53 1.145 0.28 2.2e-16 − 0.56 1.12 0.31 2.2e-16

Table 5 
Trend analysis of SUHII across sampled locations in six Pakistani cities.

Cities Total Sampled 
Locations

Mean Trend Positive 
Trends

Negative 
Trends

Significant 
Trends

Significant Positive 
Trends

Significant Negative 
Trends

Islamabad 255 0.28 182 73 15 15 0
Peshawar 450 0.13 351 99 75 75 0

Lahore 380 0.14 263 117 8 8 0
Sargodha 160 0.06 89 71 17 14 3

Abbottabad 342 0.12 250 92 4 4 0
Muzaffarabad 240 0.08 198 42 44 43 1

Fig. 4. Comparison of locations with significant positive (hot spots) and negative (cool spots) trend observations.
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Superior Cool Zone, spanning an area of 111.3 km2, and the largest 
Superior Hot Zone at the 90 % confidence level, covering an area of 
127.1 km2. Islamabad demonstrated a significant Neutral Thermal Re
gion spanning an area of 103.5 km2, which signifies the presence of 
regions with considerable thermal variability. The physical breadth of 
Superior Cool and Hot Zones differed between cities, with Muzaffarabad 
exhibiting the most minor distribution in both zones, measuring 12.2 
km2 and 12.1 km2, respectively.

3.4.2. Correlation of vegetation cover with thermal hotspots
The combined NDVI and FVC data analysis with thermal hotspots 

yielded significant relationships. The regions classified as Superior Cool 
Zones exhibited a notable presence of dense vegetation, as exemplified 
by Islamabad (45.7 km2) and Lahore (111.3 km2). In contrast, the Basic 
and Intermediate Hot Zones had a reduced level of vegetation cover, 
consistent with the NDVI values indicating low or no vegetation. For 
example, Lahore’s primary hot zone (Tier-1) covered an area of 37.9 

Fig. 5. Comparative analysis of hotspot categories across six Pakistani cities for the year 2022.

Fig. 6. Distribution of FVC areas within thermal zones across six Pakistani cities.
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km2 and was characterized by a diminished presence of vegetation 
(Figs. 6 and 7). Incorporating thermal hotspot data into the analysis and 
the NDVI and FVC indices uncovered a complex regional pattern. 
Metropolitan locations characterized by extensive hot zones (Badshah 
et al., 2024), such as Lahore and Islamabad, have also documented 
substantial areas devoid of vegetation, underscoring the presence of 
possible environmental strain and concentration of urban heat.

4. Discussion

While urbanization broadly contributes to increasing SUHII, our 
findings indicate that additional factors, such as the reduction of green 
spaces (Muhammad et al., 2023), shifts in land use patterns (e.g., from 
agricultural to residential areas), intensification of socioeconomic ac
tivities (e.g., transportation and commerce), and the city’s unique 
topography and climate (Hussain et al., 2024a; Hussain et al., 2024b; 
Maimaitiyiming et al., 2014), play a significant role. Similar findings 
were reported by Yang et al. (2019), who demonstrated that natural 
factors, such as topography and climate, and anthropogenic influences, 
including population density and land use changes, play a critical role in 
determining LST and resulting thermal impacts. In our study, climate 
influences SUHII through local weather patterns, such as high solar ra
diation, seasonal temperature fluctuations, and humidity levels. For 
example, cities like Peshawar experience intense solar radiation and dry 
conditions, particularly in summer, intensifying surface heating. In 
semi-arid cities, urban-rural temperature differences are affected by 
time lags between radiation and water availability, with reduced rural 
evaporative cooling intensifying SUHII during dry seasons (Manoli et al., 
2020). Similar patterns are observed in Ahmedabad, India, where rural 
areas exhibit higher temperatures than urban zones due to limited 
vegetation, creating a negative SUHII (Pir Mohammad et al., 2019). In 
Peshawar and surrounding regions, evapotranspiration plays a critical 
role in controlling surface temperatures, with improved prediction 
models enhancing water management in dry conditions (Gul et al., 
2021). However, while irrigation can lower surface temperatures, it also 
raises humidity, increasing moist heat stress during extreme heat events 
(Mishra et al., 2020). In conclusion, heatwaves, dry spells, and reduced 
evapotranspiration significantly intensify the SUHII in semi-arid cities 

like Peshawar, where limited vegetation intensifies surface heating 
challenges.

In addition to urban development, topography plays a critical role in 
shaping SUHII in Peshawar. Recent research highlights that elevation 
significantly impacts heat retention and dissipation, with higher eleva
tions experiencing cooler nighttime temperatures, while valleys trap 
heat, intensifying SUHI in lower regions (Haashemi et al., 2016). 
Peshawar, surrounded by natural barriers, is prone to heat entrapment 
due to its terrain, which amplifies surface temperature increases, 
particularly during nighttime (Mehmood et al., 2017). Temperature 
reversals further worsen this effect, as cooler air becomes trapped under 
warmer layers, increasing heat retention, especially in valley cities like 
Peshawar and Lahore (Khalil et al., 2022). While the topography re
mains fixed over the study period, regional climate changes, such as 
increased heatwaves and variability in precipitation, have a dynamic 
influence on SUHII, contributing to the intensification of surface heat
ing. This combination of topographical features and temperature in
versions contributes to the intensified SUHII observed in Peshawar. It is 
important to note that while urbanization and surface temperatures 
correlate with the SUHI effect, the concept of heat stress extends beyond 
surface temperatures alone. Heat stress, particularly in terms of human 
comfort, involves more complex measures that consider factors like air 
temperature, humidity, and wind conditions (Rasilla et al., 2019). While 
this study primarily focuses on the SUHII through surface temperature 
analysis, further research involving humidity data, air temperatures, 
and other meteorological variables would be necessary to comprehen
sively assess heat stress in these urban environments. This observation 
reinforces that SUHI is not solely driven by urbanization but is a 
multifaceted phenomenon influenced by both anthropogenic and natu
ral factors (Li et al., 2020; Yang et al., 2019). This aligns with global 
trends identified in prior research assessing the SUHII in cities world
wide (Li et al., 2020; Wang et al., 2021).

Despite its significant spatial extent, Lahore has a comparatively 
modest yearly growth rate of 0.03 ◦C for its SUHII. This suggests that it 
could be possible to implement effective cooling strategies that offset 
continued warming from urban densification and expansion. This 
viewpoint is supported by a thorough examination of the relationships 
between urban air pollution, heat islands (Piracha and Chaudhary, 

Fig. 7. Distribution of NDVI areas within thermal zones across six Pakistani cities.
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2022; Rebecchi and Capolongo, 2021; Vujovic et al., 2021), and human 
health. The results of our study indicate varying relationships between 
vegetation indices and SUHII across different cities in Pakistan. In 
Peshawar, the high R2 values suggest that about half of the observed 
variance in SUHII can be attributed to vegetation dynamics. This strong 
correlation underscores the significant role of vegetation in mitigating 
urban heat in Peshawar. Conversely, the low R2 values in Lahore imply 
that while vegetation contributes to the influence of SUHII, other factors 
may have a more substantial impact on its urban heat island effect. This 
finding suggests that urban heat mitigation strategies in Lahore may 
need to consider a broader range of factors beyond just vegetation cover.

The moderate R2 values observed in Sargodha and Abbottabad 
indicate that vegetation has a notable, though not dominant, impact on 
SUHII in these cities. This suggests that while urban greening initiatives 
could be beneficial, they should be part of a more comprehensive 
approach to urban heat management in these areas. The consistent R2 

values of around 0.30 for both indices in Islamabad and Muzaffarabad 
point to a persistent impact of vegetation on SUHII in these capital cities. 
This consistency across both vegetation indices reinforces the reliability 
of the observed relationship between vegetation and urban heat in these 
locations. Overall, these findings underscore vegetation’s continuous 
cooling impact across various urban settings in Pakistan. The data 
consistently shows that urban areas with greater vegetation cover 
demonstrate a decrease in SUHII. This emphasizes the crucial role of 
urban greenery in moderating the adverse impacts of the urban heat 
island phenomenon. These results highlight the necessity of urban 
planning techniques that prioritize incorporating and preserving green 
spaces in urban designs. However, the varying strengths of correlation 
across cities also suggest that effective urban heat mitigation strategies 
may need to be tailored to the specific characteristics of each urban area, 
considering factors beyond just vegetation cover (Abdullah et al., 2022; 
Guo et al., 2022).

The urban landscape in Lahore is characterized by a thermal 
contradiction, as evidenced by the presence of a vast Superior Cool Zone 
with abundant flora and a contrasting Superior Hot Zone with limited 
vegetation. This spatial dichotomy highlights the importance of urban 
greening for moderating heat in areas with limited vegetation. Recent 
studies, such as those conducted during the COVID-19 lockdown (Ali 
et al., 2021), provide additional insights into the temporal evolution of 
urban heat, where reduced energy usage and emissions led to short-term 
changes in heat patterns. While the current study focuses on spatial 
thermal variations, such as the contrast between vegetated and non- 
vegetated regions, the temporal insights from these lockdown studies 
underscore the potential for targeted interventions to influence urban 
heat dynamics. Both spatial and temporal patterns in heat stress 
emphasize the importance of deliberate urban greening projects for 
improving the quality of urban life, as proposed by Coles and Grayson 
(2004) and Pancewicz et al. (2023). The methodology utilized in this 
study, which employs remote sensing for estimating SUHII, aligns with 
the approaches commended by (Bhowmick et al., 2023; Lin et al., 2022) 
for their efficacy in finding and examining urban heat islands. The 
research conducted in this study demonstrates a credible model for 
estimating SUHII by effectively combining remote sensing data and 
location-based trend analysis. This technique is particularly novel in 
Pakistan, as supported by the evaluations of Karunaratne et al. (2022)
and Qian et al. (2023) regarding the toolbox implementation.

The methodology employed in this study involves using NDVI 
(Mehmood et al., 2024b; Mehmood et al., 2024d) and FVC as indicators 
for vegetation cover and its impact on SUHII (Li et al., 2018; Martin-Vide 
et al., 2015). The significant spatiotemporal variability in the urban 
surface thermal environment is shaped by topography, wind patterns, 
and anthropogenic influences, including land use changes and popula
tion density (El Kenawy et al., 2020). This complexity underscores the 
need for a multifaceted approach to urban planning that considers both 
the physical landscape and human activities to mitigate SUHII 
effectively.

The cities we analyzed are undergoing significant urban expansion, 
which mirrors the patterns observed by Radhi et al. (2015). Their 
findings demonstrated that urbanization processes, including construc
tion activities and the decline of green spaces, substantially impacted air 
temperatures in Bahrain. Our results suggest that similar urban growth 
patterns could contribute to the increase in SUHII in the cities we 
studied, emphasizing the need for strategic urban planning to mitigate 
AUHI and SUHII. Including these dynamic interactions in urban climate 
models could lead to more accurate predictions and effective in
terventions. Anticipating the future, the methods and conclusions of the 
study establish a basis for subsequent research that incorporates longi
tudinal socioeconomic data (Ehrlich et al., 2021; Polinesi et al., 2020) to 
gain a deeper understanding of the intricate relationships among urban 
development, green space planning, and the SUHII. Including such 
factors could potentially facilitate examining the causal relationships 
behind these linkages, providing valuable insights for urban planners 
and policymakers in formulating precise actions (Li et al., 2024).

This study enhances the comprehension of urban climatology by 
documenting the pivotal function of vegetation in alleviating the SUHII 
and presenting empirical substantiation to endorse the implementation 
of afforestation projects. The spatial dynamics of heat and greenery 
emphasize the potential of focused urban design in climate change 
adaptation and sustainability efforts. This perspective aligns with the 
comprehensive evaluations of advancements and obstacles in urban 
development that aim to avoid accelerating urban overheating (Tian 
et al., 2023).

5. Conclusion

This study offers valuable insights into the spatial patterns and 
temporal changes of SUHII in major Pakistani cities, primarily focusing 
on the relationship between urban expansion, vegetation loss, and heat 
intensification. The results reveal a consistent upward trend in surface 
heat due to rapid urbanization and the decline of green spaces. Notably, 
cities like Islamabad, where green infrastructure has been better pre
served, demonstrate lower SUHII, emphasizing the critical role of urban 
planning in mitigating urban heat. While advanced remote sensing 
techniques provide a reliable framework for assessing SUHII, particu
larly by using vegetation indices such as NDVI and FVC, we acknowl
edge that this study does not encompass the full range of factors 
influencing urban heat, such as air temperature or detailed ground- 
based measurements commonly included in broader urban climate 
studies. The varied success of different cities in mitigating heat further 
suggests that SUHI mitigation strategies should be customized to local 
conditions. However, the explanatory power of our analysis remains 
limited by its focus on surface temperature patterns and its exclusion of 
other significant variables like energy consumption, population density, 
and land use policies, which also contribute to urban heat dynamics. We 
also recognize that while our analysis accounted for some geographic 
factors, such as urban expansion and vegetation cover, it did not 
explicitly control elevation differences, regional climate variations, or 
the presence of water bodies, which could have influenced local tem
perature variability. Future research should aim to integrate higher- 
resolution data and incorporate a broader range of controlling vari
ables, including socio-economic and environmental factors. Addition
ally, combining remote sensing with numerical models and ground- 
based observations would provide a more comprehensive understand
ing of the dynamics in both surface and air temperature variations in 
urban climates. The methods used in this study, particularly the com
bined use of spatial autocorrelation analysis (Getis-Ord Gi*) and vege
tation indices, contribute to developing a valuable analytical framework 
for assessing SUHII in a developing country context. This framework 
could inform urban planning strategies to enhance green infrastructure 
to mitigate urban overheating, although further research is needed to 
extend these findings to broader urban climate dynamics.
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