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 Abstract  6 

Understanding the spatiotemporal dynamics of urban surface temperature and vegetation health is 7 

vital for sustainable urban planning, particularly in rapidly developing cities such as Rajshahi. This 8 

study analyzes long-term changes in Land Surface Temperature (LST), Normalized Difference 9 

Vegetation Index (NDVI), Health Vegetation Index (HVI), Urban Heat Island (UHI), and Urban 10 

Thermal Field Variance Index (UTFVI) within Rajshahi City Corporation over 20 years, from 2005 11 

to 2024. Multitemporal Landsat imagery and the cloud-based Google Earth Engine (GEE) platform 12 

were employed to examine three key time points 2005, 2015, and 2024, and assess the impacts of 13 

urban expansion and vegetation loss on the urban thermal environment. Results reveal a consistent 14 

increase in both LST and UHI intensity. In 2005, LST ranged from 23.49°C to 38.57°C, rising to 15 

24.21°C to 41.34°C by 2024. Correspondingly, UHI values intensified from a range of –1.063 to 16 

2.458 in 2005 to –3.79 to 4.97 in 2024. NDVI and HVI values declined in the urban core, indicating 17 

vegetation degradation, while UTFVI patterns reflected increasing ecological thermal stress, 18 

especially in densely built-up areas. Spatial analyses confirmed that impervious surfaces are 19 

associated with higher heat stress, whereas vegetated zones help mitigate thermal impact. The 20 

integration of remote sensing indices with GEE’s processing capabilities offers an efficient and 21 

scalable approach for monitoring urban climate dynamics. These findings provide actionable 22 

insights for urban planners and policymakers to implement nature-based solutions, improve 23 

thermal comfort, and enhance ecological resilience in Rajshahi’s evolving urban landscape. 24 

Key Word: LST, UHI, UTFVI, Google Earth Engine, Rajshahi City Corporation. 25 

Introduction 26 

The conversion of natural landscapes into impermeable built environments due to rapid 27 

urbanization has become a significant driver of land cover change, significantly altering surface 28 

thermal regimes and local microclimates (Grimmond, 2007; Oke, 1982). When concrete, asphalt, 29 

and other artificial materials are used in place of vegetated surfaces in urban areas, surface heat 30 
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retention rises, evapotranspiration falls, and natural energy balances are upset. This results in 31 

higher Land Surface Temperatures (LST) and the development of Urban Heat Islands (UHI) 32 

(Santamouris, 2015; Voogt & Oke, 2003). Due to its ability to shade surfaces, promote 33 

evapotranspiration, and change surface albedo, vegetation is an essential moderator of urban heat 34 

(Weng, 2009; Li et al., 2018). Vegetation cover, health, and stress can be measured with the help 35 

of remote sensing indices like the Normalized Difference Vegetation Index (NDVI), Vegetation 36 

Condition Index (VCI), Temperature Condition Index (TCI), and Vegetation Health Index (VHI) 37 

(Karnieli et al., 2009; Sobrino et al., 2020). Whereas VCI highlights stress or deterioration, NDVI 38 

shows photosynthetic activity and vegetation density. VHI combines VCI and TCI to provide a 39 

comprehensive assessment of vegetation health under anthropogenic and climatic stressors. TCI 40 

measures thermal stress by comparing LST with long-term temperature extremes (Kogan, 1995; 41 

Liu & Kogan, 2002). Researchers can identify vulnerable areas and comprehend how vegetation 42 

reduces urban heating by combining these indices with LST and thermal stress indicators such as 43 

the Urban Thermal Field Variance Index (UTFVI) (Bala et al., 2021). 44 

Bangladesh has seen a surge in urbanization, especially in the past 20 years, as built-up areas in 45 

megacities and medium-sized cities have rapidly expanded. The majority of research has focused 46 

on Dhaka and Chattogram, but medium-sized cities like Rajshahi are experiencing significant land 47 

cover change, which has quantifiable effects on UHI (Rahman et al., 2022; Roy et al., 2024). 48 

According to (Marufuzzaman et al., 2021), Rajshahi's built-up area more than doubled between 49 

1998 and 2018, and LST increased at the same time. According to (M. R. Rahman & Mark, 2025), 50 

densely populated areas devoid of greenery showed notable warming, whereas regions with high 51 

vegetation density maintained lower surface temperatures. To assess these dynamics, vegetation 52 

indices have been used extensively. VCI identifies stressed vegetation, TCI highlights heat-53 

affected areas, VHI integrates both to evaluate overall vegetation health under urbanization 54 

pressure, and NDVI provides spatial-temporal patterns of greenness (Liu & Kogan, 2002). In 55 

Rajshahi, (M. M. Rahman & Hasan, 2024) showed that lower daytime LST was correlated with 56 

higher VHI values, suggesting that vegetation considerably reduces surface heating. (Sadat et al., 57 

2024) demonstrated through ENVI-Met simulations that urban greening measures, such as green 58 

roofs and street trees, could lower near-surface air temperatures by as much as 10 K in specific 59 

areas. These studies demonstrate the significance of integrating various indices to evaluate 60 
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vegetation stress and thermal interactions, as well as the crucial role that vegetation plays in urban 61 

thermal regulation.  62 

Multi-temporal, high-resolution data are necessary for long-term monitoring of vegetation, urban 63 

thermal stress, and LST. With Landsat satellites providing reliable imagery since the 1980s, remote 64 

sensing offers an efficient method that can be used to evaluate LST, NDVI, VCI, TCI, and VHI 65 

over long periods of time (Gorelick et al., 2017). Researchers can efficiently process large datasets, 66 

perform classification, index calculation, and spatiotemporal trend mapping via cloud-based 67 

platforms like Google Earth Engine (GEE), which enable scalable, reproducible analyses (Rizwan 68 

et al., 2008; Chakraborty & Lee, 2018). These methods have been used in a number of studies 69 

conducted in Bangladesh. M. R. Rahman & Mark, 2025 mapped Rajshahi's urban heat distribution 70 

and vegetation dynamics at high spatial resolution using Landsat-derived LST and NDVI. Other 71 

studies in Chattogram showed the potential of cloud-based geospatial analysis in data-scarce urban 72 

contexts by using GEE with machine learning algorithms to track LULC and thermal indices over 73 

a 20-year period (Yang et al., 2022). Notwithstanding these developments, there are still few 74 

thorough studies in Rajshahi that combine LST, NDVI, VCI, TCI, VHI, UHI, and UTFVI at the 75 

ward level. The distribution of urban heat stress is not uniform; socioeconomic factors, built-up 76 

density, and vegetation cover all effect intra-city variability (Imhoff et al., 2009; Zhou et al., 2014). 77 

Heat-vulnerable areas can be finely identified through ward-level assessments, allowing for 78 

focused mitigation measures. According to earlier studies, combining vegetation and thermal 79 

indices (NDVI, VCI, TCI, and VHI) with LST and UTFVI improves knowledge of local thermal 80 

stress and directs evidence-based urban planning (Bala et al., 2021). Since urban growth and 81 

vegetation loss have been spatially heterogeneous, resulting in hotspots of thermal stress, 82 

especially in central and northern wards, ward-level monitoring is crucial for Rajshahi (Rahman 83 

et al., 2022). The literature identifies a number of gaps that spur this investigation Ward-Level 84 

Analysis: In Bangladesh, the majority of research focuses on coarse zonal averages or city-wide 85 

averages, which limits our understanding of intra-city heterogeneity. Precise urban planning 86 

requires ward-by-ward, fine-scale assessment. Few studies examine LST, NDVI, VCI, TCI, VHI, 87 

UHI, and UTFVI together over extended periods of time. A more complex understanding of 88 

vegetation-mediated thermal regulation is possible by combining these indices. Recent Temporal 89 

Coverage: In order to capture the most recent urban growth and environmental changes, updated 90 

analysis up to 2024 is crucial, as many studies cover periods prior to 2020. Policy-Relevant 91 



4 

 

Mapping: Spatially explicit, ward-level evidence is necessary to convert scientific findings into 92 

workable urban greening and heat mitigation strategies. 93 

2. Study area 94 

Rajshahi City Corporation (RCC) is a self-administered local government body responsible for 95 

managing the affairs of Rajshahi City, one of the major divisional city corporations in Bangladesh 96 

(Fig. 1). The city is located between 24°20′ and 24°24′ N latitudes and 88°32′ and 88°40′ E 97 

longitudes, covering an area of approximately 96.72 km² on the northern bank of the Padma River 98 

(Banglapedia 2021; BBS 2013). The elevation of the area ranges from 15 to 19 m above mean sea 99 

level. Climatically, Rajshahi falls within the dry-wet tropical monsoonal zone, often termed  100 

Figure 1. Study area map 101 

the western dry zone of Bangladesh. It experiences a mean annual rainfall below 1524 mm, with 102 

temperatures ranging between 10 and 36°C. The highest temperatures usually occur during April 103 

and May (Clemett et al. 2006; Ferdous & Baten, 2012). RCC was officially established in 1991 104 

and functions as the social, economic, and administrative hub of northern Bangladesh. The 105 

population increased from 388,811 in 2001 to 553,288 in 2022 (BBS 2022), reflecting rapid 106 

urbanization driven by employment opportunities, rural-to-urban migration, and small-scale 107 

industrial development (Al Rakib et al., 2020; Kafy et al., 2019). In recent decades, unplanned 108 

urban expansion has considerably transformed the city’s land use and environmental conditions. 109 

Studies report a 19% decrease in green cover and an increase of nearly 9°C in maximum Land 110 

Surface Temperature (LST) over the past two decades, indicating a clear trend of urban heat 111 

intensification and environmental degradation (Kafy et al., 2020; RDA 2003, 2008; Dey et al., 112 

2021). 113 

3. Data and Processing 114 

3.1 Data Sources 115 

A cloud-based geospatial analytic tool, Google Earth Engine (GEE) can effectively handle massive 116 

amounts of temporal and spatial datasets (Sun et al., 2021; Rahaman & Venkatesh, 2020). Multi-117 

temporal Landsat satellite imagery used in this investigation was obtained from the Google Earth 118 

Engine Data Catalogue (ee.ImageCollection). The Landsat 5 Thematic Mapper (TM), Landsat 7 119 

Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager/Thermal 120 



5 

 

Infrared Sensor (OLI/TIRS) datasets, respectively, represented the study years 2005, 2015, and 121 

2024. For the analysis of vegetation conditions and land surface temperature (LST), these 122 

databases offer reliable long-term observations. Every image was chosen annually for each 123 

research year, from January to December, in order to reduce seasonal effects and guarantee 124 

temporal consistency. 125 

3.2 Data Processing in Google Earth Engine 126 

Google Earth Engine's JavaScript API was used to process each dataset. Image selection, 127 

preprocessing, index computation, and data export were all part of the processing pipeline. To 128 

effectively handle and analyze the data, a number of built-in GEE functions were used, including 129 

filterDate, filterBounds, map, reduce, clip, expression, print, and export. 130 

Quality assessment (QA) bands were used to exclude cloud-contaminated and shadow pixels. 131 

Using median compositing, which minimizes noise and lingering cloud effects, annual 132 

representative images were produced. All photos were resampled to a common spatial resolution 133 

and reprojected to a standard coordinate reference system to guarantee inter-annual comparability. 134 

3.3 Derivation of Vegetation and Thermal Indices 135 

Several spectral and thermal indices were developed from the Landsat data in order to assess 136 

vegetation dynamics and urban thermal features. To evaluate the density and health of the 137 

vegetation, the Normalized Difference Vegetation Index (NDVI) was computed. Using 138 

radiometric calibration, brightness temperature conversion, and NDVI-based land surface 139 

emissivity correction, Land Surface Temperature (LST) was calculated using thermal infrared 140 

bands. In order to assess vegetative stress levels, the vegetative Health Index (VHI) was calculated 141 

by combining NDVI and LST. By examining the spatial differences in LST between vegetative 142 

and built-up areas, the intensity of the Urban Heat Island (UHI) was determined. In order to 143 

categorize thermal comfort levels and ecological stress conditions in the urban environment, the 144 

Urban Thermal Field Variance Index (UTFVI) was also computed. All indices were generated on 145 

an annual basis for the years 2005, 2015, and 2024. 146 

3. Methodology 147 

This study analyzed vegetation dynamics and urban heat patterns in Rajshahi City for the years 148 

2005, 2015, and 2024 using Google Earth Engine (GEE). The GEE will work in JavaScript and 149 

Python; likewise, in this study, all data have been processed in GEE through the JavaScript API 150 
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and exported to Google Drive as a TIFF file. Landsat imagery was used to compute NDVI, LST, 151 

VHI, UHI, and UTFVI on an annual basis (January–December) and spatial visualization in ArcGIS 152 

10.8. 153 

3.1 Image Collection and Preprocessing 154 

Landsat 5 Thematic Mapper (TM) provided surface reflectance data for 2005; Landsat 8 OLI/TIRS 155 

provided data for 2015 and 2024. Every image was geographically cropped to the Rajshahi City 156 

Corporation limit and filtered by date (January–December for each individual year). 157 

With a spatial resolution of 30 meters, Landsat 8 offers multispectral imagery that is appropriate 158 

for environmental investigation at the urban scale. Band 4 (Red: 0.64–0.67 µm), Band 5 (Near 159 

Infrared: 0.85–0.88 µm), and Band 10 (Thermal Infrared: 10.6–11.19 µm) were used in this 160 

investigation. Band 5 records near-infrared reflectance strongly linked to healthy vegetation, Band 161 

4 records visible red wavelengths sensitive to chlorophyll absorption, and Band 10 measures 162 

emitted thermal radiation used to determine land surface temperature instead of atmosphere air 163 

temperature. 164 

Similarly, using Landsat 5 TM, NDVI and LST for 2005 were derived using Band 3 (Red: 0.63–165 

0.69 µm), Band 4 (NIR: 0.76–0.90 µm), and Band 6 (Thermal Infrared: 10.4–12.5 µm). In order 166 

to reduce cloud cover and preserve constant radiometric conditions, all Landsat sceneries were 167 

chosen mainly during the dry season. The QA_PIXEL quality assurance band was used to 168 

eliminate cloud and cloud-shadow pixels. In order to provide robust temporal representation and 169 

lessen the impact of noise and outliers, final image composites were created by computing annual 170 

median values for each year. The computational mapping process flowchart are shown in fig. 2. 171 

Figure 2. Flowchart of data processing. 172 

3.1.1. NDVI analysis 173 

According to (Yang et al., 2017), plants influence variations in surface temperature by absorbing 174 

or reflecting solar radiation. Given the complexity of the interaction between NDVI and LST, this 175 

is a crucial topic of study (Ghobadi et al., 2013).  One important metric for characterizing the 176 

spectrum shift in an area's vegetation cover is the NDVI (Khaliq et al., 2018). NDVI makes it 177 

easier to identify vegetated regions and assess the condition of the vegetation. Its foundation is the 178 

computation of vegetation reflection values, which range from -1 to + 1 (Kavlak et al., 2021) 179 
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utilizing the near-infrared (NIR) and RED bands (Sun et al., 2021). According to (Cetin & Yastikli, 180 

2022), the NDVI values are computed using equation (1) below. 181 

                                                         NDVI =  (ேூோ−ோா஽)(ேூோ+ோா஽)                                                                  (1) 182 

= ݒܲ                                                         ( ே஽௏ூ − ே஽௏ூ೘೔೙ ே஽௏ூ೘ೌೣ − ே஽௏ூ೘೔೙)²                                                    (2)   183 

Solving for NDVI in Eq. (1), and substituting into Eq. (2), yields the proportion of vegetation Pv.  184 

NDVImin refers to the previous result of NDVI minimum value while NDVImax refers the NDVI 185 

maximum value. Afterwards, the next step is to calculate the Land Surface Emissivity (LSE) (ε) 186 

using Eq. (3): 187 

                                                  ε = ε௩ ௩ܲ  +  ε௦(1 −  ௩ܲ )  +  188 (3)                                                         ܥ 

with ߝ௩ = ௦ߝ ,0.986 = 0.97, and ܥ = 0.004. 189 

3.1.2. Land Surface Temperature (LST) 190 

a) Thermal Band to Brightness Temperature (TB) 191 

The brightness temperature (TB) of the Earth's surface, which is a representation of the radiative 192 

temperature that the satellite sensor senses, was estimated using thermal infrared bands. Sensor-193 

specific calibration constants included in each Landsat image's metadata were used to convert 194 

digital number (DN) values to spectral radiance and then to brightness temperature. 195 

The following formula was first used to convert the thermal band (Band 6) for Landsat 5 TM (used 196 

for 2005) to Top-of-Atmosphere (TOA) spectral radiance (Lλ) Eq. 4. 197 

λܮ                                       =  ( ௅೘ೌೣ − ௅೘೔೙ொ஼௅೘ೌೣ − ொ஼௅೘೔೙)  × ܰܦ)  − (௠௜௡ܮܣܥܳ  +  ௠௜௡                             (4)       198ܮ 

where 199 ܮ௠௔௫ and ܮ௠௜௡ are the spectral radiance scaling factors, ܳܮܣܥெ஺௑ and ܳܮܣܥெூே represent the 200 

digital number (DN) range (typically 255 and 1 for 8-bit data), and ܮఒis the spectral radiance in 201 ܹ ⋅ ݉−2 ⋅ 1−ݎݏ ⋅ µ݉−1. 202 

The Brightness Temperature (TB) in Kelvin was then computed using the inverse of the Planck 203 

function by following Eq. 5. 204 
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                                                             ஻ܶ  =  ௄2ூ௡ (಼1ಽλ  + 1)                                                                 (5) 205 

where 206 1ܭ = 607.76ܹ ⋅ ݉−2 ⋅ 1−ݎݏ ⋅ µ݉−1and 2ܭ = 1260.56K are the pre-launch calibration constants 207 

for Landsat 5 TM (Chander et al., 2009). 208 

For Landsat 8 TIRS (used for 2015 and 2024), the thermal band (Band 10) was use, the radiance 209 

was computed using radiometric rescaling parameters that were taken straight from the metadata 210 

by Eq. 6. 211 

λܮ                                                                = ௅ܯ   ×  ܳ௖௔௟  +  ௅                                                  (6) 212ܣ 

where 213 ܯ௅and ܣ௅are the multiplicative and additive rescaling factors (RADIANCE_MULT_BAND_10 214 

and RADIANCE_ADD_BAND_10) provided in the MTL metadata. 215 

Brightness Temperature was derived similarly Eq. 7.  216 

                                                              ஻ܶ  =  ௄2ூ௡ (಼1ಽλ  + 1)                                                              (7)                                                                                   217 

using calibration constants 1ܭ = 774.8853ܹ ⋅ ݉−2 ⋅ 1−ݎݏ ⋅ µ݉−1and 2ܭ = 1321.0789K (Barsi 218 

et al., 2003). 219 

The satellite's measurement of the surface temperature before emissivity and atmospheric 220 

corrections is represented by the derived TB values. Following emissivity correction based on the 221 

vegetation fraction calculated from the NDVI, these values were used to estimate the Land Surface 222 

Temperature (LST). 223 

b) Emissivity-Corrected LST: Eq. (7) can be used to calculate the LST based on the prior BT value 224 

that was determined by Eq. (8): 225 

= ܶܵܮ                                                           ்ಳ1 + (λ .்ಳ ఘ⁄ ) .  ூ௡(ε)  −  273.15                                       (8) 226 

where ߩ = 1.438 × 10−2 m\cdotpK, ߣ = 11.5 × 10−6 m for Landsat 5/7, and ߣ = 10.895 ×227 10−6 m for Landsat 8 (J. A. Sobrino et al., 2004). 228 

3.3.3. Vegetation Health Index (VHI) 229 
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The HVI integrates VCI and TCI to provide a combined indicator of vegetation health (Nanzad et 230 

al., 2019; Quiring & Ganesh, 2009). It is defined as Eq. 9 231 

ܫܪܸ                                                 =  0.5 × + ܫܥܸ   0.5 ×  232 (9)                                               ܫܥܶ 

Where VCI is derived from NDVI (Kogan, 1995). It is expressed as Eq. 10 233 

= ܫܥܸ                                                    ே஽௏ூ − ே஽௏ூ೘೔೙ே஽௏ூ೘ೌೣ − ே஽௏ூ೘೔೙  ×  100                                        (10) 234 

Where TCI is derived from NDVI (Kogan, 1995). It is expressed as Eq. 11 235 

= ܫܥܶ                                                    ௅ௌ ೘்ೌೣ  − ௅ௌ்௅ௌ ೘்ೌೣ − ௅ௌ்೘೔೙  ×  100                                                        (11)      236 

3.1.3. Urban heat island (UHI) 237 

The Urban Heat Island (UHI) represents the relative temperature deviation of urban pixels 238 

compared to the citywide mean surface temperature. The UHI was quantified using a standardized 239 

normalization approach that expresses the deviation of each pixel’s Land Surface Temperature 240 

(LST) from the mean LST of the entire study area (Schwarz et al., 2011; Xu et al., 2013). The UHI 241 

value calculation can be obtain by Eq. 12 242 

= ܫܪܷ                                                             ௅ௌ் − ௅ௌ்̅̅ ̅̅ ̅ఙಽೄ೅                                                                        (12)  243 

where ܶܵܮis the land surface temperature (in Kelvin), ̅̅ܶܵܮ ̅̅ ̅ is the mean LST of the study area, and 244 ߪ௅ௌ்is the standard deviation of the LST. 245 

3.1.4. Urban thermal field variance index (UTFVI)  246 

The Urban Thermal Field Variance Index (UTFVI) was used to evaluate the degree of urban 247 

thermal stress and the ecological response to heat accumulation (H. Sun et al., 2009; J. A. Sobrino 248 

et al., 2012). UTFVI was computed using the following Eq. 13 249 

= ܫܸܨܷܶ                                                   ௅ௌ் − ௅ௌ்̅̅ ̅̅ ̅௅ௌ்̅̅ ̅̅ ̅                                                         (13) 250 

where ܶܵܮis the temperature of each pixel and ̅̅ܶܵܮ ̅̅ ̅ represents the mean LST across the image. 251 

The index classifies the urban surface into thermal stress categories ranging from “no thermal 252 

stress” to “strongest thermal stress”, which were subsequently mapped to visualize heat 253 

accumulation zones and spatial thermal disparities across Rajshahi City.  254 

4 Result and Discussion: 255 
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4.1 Spatiotemporal Dynamics of (NDVI) in 2005 to 2024  256 

RCC’s vegetation cover varies clearly over time and space, as seen in the NDVI maps for 2005, 257 

2015, and 2024 Figure 3. While the Padma River and surrounding agricultural lands had higher 258 

NDVI values in 2005, the majority of built-up areas had low vegetation density, with NDVI values 259 

ranging from -0.59 to 0.16. As a result of roadside greening initiatives and afforestation, the NDVI 260 

significantly improved by 2015 (from -0.17 to 0.83), especially in the vicinity of Motihar and 261 

Rajshahi University area. Green cover remained in the northern and western peripheries in 2024, 262 

while the central and southern zones continued to lose vegetation as a result of urban densification, 263 

according to NDVI values (–0.34 to 0.82). The uneven spatial distribution of green spaces and the 264 

slow eradication of native vegetation in central Rajshahi due to continuous urban growth are 265 

generally highlighted by NDVI trends.   266 

4.2 Spatiotemporal Dynamics of (VCI) in 2005 to 2024 267 

The vegetation condition in Rajshahi City Corporation (RCC) exhibits significant temporal and 268 

spatial variations across the years 2005, 2015, and 2024 Figure 4. In 2005, vegetation health was 269 

relatively high across most parts of the city, with VCI values ranging from 10 to 88, indicating 270 

better vegetation moisture and productivity. By 2015, the overall Vegetation Condition Index 271 

Figure 3. Spatiotemporal NDVI map   from 2005, 2015 and 2024 272 

(VCI) decreased (18–72), particularly in the central and southeastern regions, indicating 273 

heightened urban expansion and stress on vegetation. In contrast, 2024 shows partial recovery in 274 

several northern and western sectors, with VCI values between 25 and 84, likely due to localized 275 

green initiatives and vegetation regrowth. The southern built-up areas close to the Padma River 276 

still exhibit relatively poor vegetation conditions in spite of this improvement, indicating ongoing 277 

human pressure. The combined effects of land management techniques and urbanization on 278 

vegetation health in RCC over the previous 20 years are generally highlighted by the spatial pattern 279 

of VCI. 280 

Figure 4. Spatiotemporal VCI map   from 2005, 2015 and 2024 281 

 282 

4.3 Variation of LST value over the year 2005, 2015 and 2024 283 



11 

 

The land surface temperature (LST) distribution in Rajshahi city for the years 2005, 2015, and 284 

2024 is shown in (Fig. 5). The maps show clear patterns of surface temperature changes over time 285 

throughout the urban environment. With comparatively moderate thermal zones dispersed 286 

throughout the city, the LST in 2005 varied from 23.49°C to 38.57°C. The maximum LST rose to 287 

42.36°C in 2015, indicating urbanization and a loss of vegetation cover, indicating a notable 288 

intensification of surface heating. The maximum temperature (41.34°C) on the 2024 map partially 289 

decreases, but elevated thermal zones still exist, especially in the city's center and north, which is 290 

indicative of continued urbanization and surface imperviousness. Cooler regions, mostly found 291 

close to the Padma River and surrounding green spaces, don't change much. Overall, the temporal 292 

sequence shows how RCC land-use changes and growing anthropogenic activities have gradually 293 

changed the city's thermal environment. 294 

Figure 5. Spatiotemporal LST map   from 2005, 2015 and 2024 295 

 296 

4.5 Spatiotemporal Dynamics of (TCI) in 2005 to 2024 297 

The Temperature Condition Index (TCI) for Rajshahi City Corporation (RCC) shows a clear 298 

change in space and time between 2005, 2015, and 2024 (Fig. 6). In 2005, TCI values ranged from 299 

13 to 32. The northern and central areas had relatively good thermal conditions, but the southern 300 

zone along the Padma River showed moderate thermal stress. In 2015, TCI values dropped (17–301 

27), which meant that the surface was heating up more and plants were under more stress, 302 

especially in the eastern and southern areas where cities were growing the most. The 2024 map 303 

shows that TCI has dropped even more (12–23), with low values being common in the central and 304 

western zones. Overall, the steady drop in TCI shows that urban heat is getting worse over time 305 

and surface moisture is getting lower, which is in line with RCC's loss of green cover and growth 306 

of impervious surfaces. 307 

Figure 6. Spatiotemporal TCI map   from 2005, 2015 and 2024 308 

Figure 7. Spatiotemporal VHI map   from 2005, 2015 and 2024 309 

4.5 Spatiotemporal Dynamics of (VHI) in 2005 to 2024 310 

The resilience and health of the vegetation in RCC are gradually declining, according to the VHI 311 

maps (fig. 7). The vegetation health in 2005 was moderate, with better conditions near the river 312 
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and agricultural zones, as indicated by VHI values ranging from 0.13 to 0.55. By 2015, VHI values 313 

had somewhat decreased (0.19–0.47) as the growing built-up land and rising temperatures put 314 

more stress on the central regions' vegetation. With a VHI ranging from 0.20 to 0.50 in 2024, the 315 

city's vegetation was under moderate to severe stress, especially in industrial belts and dense urban 316 

areas. Higher vegetation density typically translates into better vegetation health, and the spatial 317 

distribution of VHI closely matches that of NDVI. Nonetheless, the central and southern wards' 318 

consistently low VHI suggests that urban heat accumulation and scarce soil moisture have a 319 

growing impact on vegetation health. 320 

4.6 Spatiotemporal Dynamics of UHI in 2005–2024 321 

Figure 8. shows how the Urban Heat Island (UHI) intensity changed over time and space in RCC 322 

in 2005, 2015, and 2024. According to the analysis, the city's rapid urban expansion and the loss 323 

of vegetative cover are closely related to the noticeable and progressive intensification of surface 324 

thermal conditions over the past 20 years. The central wards and the northern built-up zones were 325 

the main locations for moderate thermal hotspots in 2005, when UHI values varied from –2.67°C 326 

to 2.41°C. Due to the combined effects of open green spaces, riverine moisture, and low 327 

construction density, a significant portion of the city remained cooler at that time, especially along 328 

the southern and southwestern edges close to the Padma River. Given RCC early urbanization, the 329 

thermal environment was comparatively balanced. With values ranging from –6.22°C to 4.73°C, 330 

UHI intensity had significantly increased by 2015. The urban core saw a significant expansion of 331 

thermal hotspots, particularly in the Motihar, Boalia, and Rajpara areas, where impervious 332 

materials predominated and rapid infrastructure development was common. The overall pattern 333 

showed a distinct shift toward widespread thermal stress, even though the southern and 334 

southeastern portions of the city, including the areas near rivers, continued to have cooler 335 

microclimates. RCC’s rapid urbanization and increasing population density during this time frame 336 

are known to increase anthropogenic heat release and decrease evapotranspiration. With a high of 337 

4.97°C and a low of –3.79°C in 2024, the UHI pattern peaked in intensity. Particularly over the 338 

northern and central sectors, where urban land cover currently predominates, hotspots grew in size 339 

and intensity.  340 

Figure 8. Spatiotemporal UHI map   from 2005, 2015 and 2024 341 

Figure 8. Spatiotemporal VHI map   from 2005, 2015 and 2024 342 
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4.7 Spatiotemporal Dynamics of UTFVI in 2005–2024 343 

The UTFVI maps show a spatial pattern that closely resembles the distribution of UHI. Low to 344 

moderate ecological stress was indicated by UTFVI values in 2005, which varied from -0.33 to 345 

0.18. The range increased to -0.53 to 0.20 by 2015, suggesting that the same urban cores where 346 

UHI hotspots were detected had seen an increase in thermal stress and related ecological 347 

degradation. Even greater levels of stress are depicted on the 2024 UTFVI map (range: –0.30 to 348 

0.23), particularly in the city's central and northern regions. A clear link between rising surface 349 

temperatures and declining urban ecological quality is confirmed by the high UTFVI values that 350 

correlate to regions of elevated UHI. 351 

Figure 9. Spatiotemporal UTFVI map   from 2005, 2015 and 2024 352 

 353 

4.8. Ward-Wise Changes in Land Surface Temperature, UHI, and UTFVI 354 

The mean Land Surface Temperature (LST), Urban Heat Island (UHI) intensity, and Urban 355 

Thermal Field Variance Index (UTFVI) for each of Rajshahi City Corporation's thirty wards 356 

between 2005 and 2024 are compared ward-by-ward in Figure 10. The findings show that during 357 

the course of the study, surface temperature and urban heat stress clearly increased. 358 

According to the LST profile, most wards' mean surface temperatures in 2024 are continuously 359 

higher than those in 2005. The highest LST values are seen in the central and western wards, 360 

especially Wards 5–13, which indicate increased surface heating. Rapid urban growth, an increase 361 

in impermeable surfaces, and a decrease in plant cover are the main causes of this surge. Peripheral 362 

wards, on the other hand, exhibit comparatively lower LST levels, indicating more greenery and 363 

less urban growth. 364 

The urban heat effects' gradual development is further highlighted by the UHI research. The 365 

majority of wards showed low or slightly positive UHI readings in 2005, suggesting that there was 366 

little temperature differential between urban and outlying areas. But by 2024, UHI intensity has 367 

significantly increased, particularly in the western and central wards (Wards 5–13), where values 368 

often surpass 1.0, indicating a strong urban heat island creation. The UHI values in the peripheral 369 

wards (Wards 25–29) are lower or even negative, indicating relatively cooler surface conditions 370 

linked to more green coverage and lower built-up density. 371 
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In a similar way, the UTFVI results show that urban thermal stress increased significantly between 372 

2005 and 2024. The majority of wards had low or negative UTFVI readings in 2005, indicating a 373 

rather balanced urban thermal climate. By 2024, a number of western and central wards exhibit 374 

positive UTFVI readings, signifying worsening thermal comfort conditions and greater ecological 375 

stress. The periphery wards, on the other hand, continue to have low or negative UTFVI readings, 376 

which are indicative of less urbanization pressure and better weather. 377 

Overall, Figure 10 clearly shows the spatiotemporal expansion of urban heat stress in Rajshahi 378 

City, with the outside wards remaining more thermally stable while central and western wards 379 

developing as critical hotspots as a result of increased urbanization and deforestation. 380 

Figure 10. Ward-wise variation of mean Land Surface Temperature (LST), Urban Heat Island (UHI), and 381 

Urban Thermal Field Variance Index (UTFVI) in Rajshahi City Corporation (RCC) for 2005 and 2024. 382 

 383 

5. Correlation 384 

Fig. 11. utilizes scatter plots with fitted linear trend lines to show the pairwise correlations between 385 

important environmental indices for RCC, including NDVI, LST, VCI, TCI, VHI, and UHI. 386 

Because of the cooling effect of urban and peri-urban vegetation, areas with higher vegetation 387 

cover typically experience lower land surface temperatures, according to the NDVI– 388 

Figure 11. Vegetation, thermal, drought, and urban heat index correlations in RCC 389 

LST relationship, which clearly shows a negative correlation. The UHI–NDVI plot also shows a 390 

negative correlation, indicating that more vegetation lowers the intensity of urban heat islands. The 391 

VCI–TCI plot shows a negative correlation, indicating that as thermal stress rises, vegetation stress 392 

also rises. The Vegetation Health Index (VHI) is mutually influenced by vegetation condition 393 

(VCI) and thermal condition (TCI), with improving vegetation and thermal conditions leading to 394 

greater overall vegetation health, as demonstrated by the positive correlations between VCI–VHI 395 

and TCI–VHI. Lastly, the VHI–UHI connection shows a very modest positive trend, suggesting 396 

that changes in urban heat intensity very slightly affect vegetation health. This is probably because 397 

of the combined effects of thermal stress and vegetation cover in diverse urban contexts. 398 

5. Conclusion: 399 

• This study investigated the spatiotemporal dynamics of urban heat conditions and 400 

vegetation health in Rajshahi City Corporation from 2005 to 2024, using multi-temporal 401 
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Landsat images and the Google Earth Engine platform. The study offers a thorough 402 

evaluation of how fast urbanization has affected the city's thermal and ecological 403 

environment by integrating Land Surface Temperature (LST), NDVI, VCI, TCI, VHI, 404 

Urban Heat Island (UHI), and Urban Thermal Field Variance Index (UTFVI) at the ward 405 

level. 406 

• The findings show that during the previous 20 years, surface temperature and urban heat 407 

stress have clearly increased, with central and western wards emerging as enduring thermal 408 

hotspots. Higher LST, stronger UHI intensity, and higher UTFVI values were found in 409 

areas with impermeable surfaces and high built-up density, whereas vegetated and river-410 

adjacent zones consistently displayed lower thermal stress. The urban core's deteriorating 411 

trends in NDVI, VCI, TCI, and VHI attest to rising ecological stress and vegetation 412 

degradation brought on by an increase in urban land cover. 413 

• The crucial function that urban greenery plays in reducing heat accumulation is further 414 

shown by ward-wise and correlation analyses that show a strong inverse link between 415 

vegetation indices and thermal indicators. In order to enhance thermal comfort and 416 

ecological resilience, the results highlight the significance of incorporating vegetation 417 

conservation and nature-based solutions into urban development. 418 
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 Figure 1. Study area map 608 
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Figure 2. Flowchart of data processing. 618 
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Figure 3. Spatiotemporal NDVI 
map   from 2005, 2015 and 2024  

 

 

 

Figure 4. Spatiotemporal VCI 
map   from 2005, 2015 and 2024  
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Figure 5. Spatiotemporal LST 
map   from 2005, 2015 and 2024  

 

 

 

Figure 6. Spatiotemporal TCI 
map   from 2005, 2015 and 2024  
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Figure 7. Spatiotemporal VHI 
map   from 2005, 2015 and 2024  

Figure 8. Spatiotemporal VHI 
map   from 2005, 2015 and 2024  
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Figure 10. Ward-wise variation of mean Land Surface Temperature (LST), Urban Heat Island (UHI), and 718 

Urban Thermal Field Variance Index (UTFVI) in Rajshahi City Corporation (RCC) for 2005 and 2024. 719 
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Figure 9. Spatiotemporal UTFVI 
map   from 2005, 2015 and 2024  
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 Figure 11. Vegetation, thermal, drought, and urban heat index correlations in RCC 740 
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