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Abstract: Rapid urbanization and land-use transformation have intensified thermal stress in mid-sized cities of 

Bangladesh; however, spatially explicit environmental screening of heat-related risk remains limited. This study 

investigates the spatiotemporal dynamics of urban heat risk in Kushtia District from 2010 to 2024 using an 

environmentally weighted, indicator-based geospatial framework integrating remote sensing and demographic 

data. Multi-temporal Landsat (Thematic Mapper (TM); Operational Land Imager (OLI); OLI/Thermal Infrared 

(TIRS)) and WorldPop datasets were employed to derive five environmental indices: Land Surface Temperature 

(LST), Albedo, Urban Thermal Field Variance Index (UTFVI), Normalized Difference Vegetation Index (NDVI), 

and Normalized Difference Water Index (NDWI), along with Population Density as a proxy indicator of human 

concentration. A composite Heat Vulnerability Index (HVI) was developed using Principal Component Analysis 

(PCA) to integrate these environmental and demographic variables into a spatial heat-risk surface. Results indicate 

a substantial rise in LST (>5 °C), particularly across urban centers such as Kushtia Sadar and Khoksa, alongside a 

consistent decline in NDVI and NDWI, signifying degradation of green and blue spaces. Correlation analysis 

revealed strong negative relationships between NDVI–LST and NDWI–LST, underscoring the mitigating role of 

vegetation and surface moisture. PCA results confirmed that vegetation–moisture interactions dominate 

environmental variability, while demographic concentration exerts a secondary yet persistent influence. High and 

very high heat-risk zones expanded from 211.89 km² in 2010 to 424.42 km² in 2024, reflecting intensifying spatial 

thermal stress. The findings represent an environmentally weighted spatial screening of heat risk rather than a 

comprehensive socio-ecological vulnerability assessment. The study highlights priority areas for nature-based 

adaptation strategies, including urban greening, waterbody restoration, and reflective surface planning, to reduce 

localized heat exposure in rapidly urbanizing regions of Bangladesh.  

Keywords: Heat vulnerability; Principal component analysis; Geospatial analysis; Remote sensing; Climate 

adaptation 

1. Introduction

Global climate change is accelerating the frequency, duration, and intensity of heatwaves across South Asia

(Alam, 2024; Rashid et al., 2024). Bangladesh is already experiencing this shift: April 2024 marked the hottest 

month on record, with severe heatwaves affecting nearly 80% of the country (Alam, 2024). Since 1980, the nation’s 

maximum temperature has increased by approximately 1.1 ℃, amplifying risks to human health, livelihoods, and 

infrastructure (World Bank Group, 2025). Densely populated urban areas with inadequate infrastructure face 

particularly elevated heat risk (Zhang et al., 2025). In Bangladesh, urban communities characterized by high 

population density, poor housing quality, and limited access to services are consistently identified as highly 

susceptible to extreme heat and other climate stressors. 

Within Bangladesh, the southwestern region, including Kushtia District, stands out as a climate-sensitive 

hotspot. Kushtia experiences substantial thermal variation, with temperatures ranging from about 11.2 ℃ to 
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37.8 ℃, and it faces overlapping hazards including floods, river erosion, and drought (Hossain et al., 2025a). 

Climate projections indicate that both peak monsoon temperatures and annual minimum temperatures will 

continue to rise in the region, magnifying heat-related risks in the coming decades (Hossain et al., 2025b). Heat 

risk assessments classify the southwest as among the most heat-sensitive areas in the country (Mehrin et al., 2025). 

Despite this designation, empirical research mapping and quantifying urban heat risk in Kushtia remains limited. 

In particular, no study has systematically examined how spatial heat risk has changed over time alongside rapid 

urbanization, leaving a substantial evidence gap for local adaptation planning. 

Composite Heat Vulnerability Indices (HVI) are widely used to quantify and map heat risk in urban 

environments. Many studies integrate environmental and socio-demographic indicators using multivariate 

statistical methods to derive composite risk surfaces. In India, for instance, Rathi et al. (2021) constructed an HVI 

from 21 socio-demographic and environmental variables, finding that most households exhibited moderate to high 

heat risk. In Bangladesh, PCA-based assessments have been applied in Dhaka, where Uddin et al. (2019) integrated 

census indicators with environmental data to generate an urban heat risk index. Similarly, Shahrujjaman et al. 

(2025) combined MODIS-derived land surface temperature, SAR-based vegetation and soil moisture indices, and 

socio-economic variables to model spatial heat risk in the capital. Internationally, PCA–GIS frameworks have 

been recognized as robust tools for synthesizing diverse indicators into interpretable dimensions of spatial heat 

risk. For example, a GIS-based analysis in Osaka applied PCA to census and land use variables to identify 

neighborhood-level heat risk (D’Ambrosio et al., 2023). These studies underscore that heat risk is context-specific 

and best captured using integrative, data-driven approaches. 

Building on these methodological foundations, this study applies an environmentally weighted PCA–GIS 

framework to assess spatial heat risk in Kushtia District. Satellite-derived thermal and environmental metrics, 

including land surface temperature, albedo, vegetation, and moisture indices, form the core analytical inputs, 

complemented by population density as a proxy indicator of human concentration. PCA is used to reduce 

multicollinearity and extract dominant components, which are then spatially integrated in a GIS environment to 

generate a composite heat risk surface. By analyzing three time periods (2010, 2017, and 2024), the study reveals 

how spatial heat risk has shifted during a period of rapid urban expansion. By identifying high-risk hotspots and 

tracing their evolution through time, this study aims to guide local planners, health authorities, and policymakers 

in designing targeted and effective heat adaptation strategies. Ultimately, understanding the spatiotemporal 

dynamics of urban heat risk is essential for protecting public health and supporting sustainable development in 

Bangladesh’s rapidly warming climate. 

 

2. Methodology 

 

2.1 Study Area  

 

Kushtia District is located in southern Bangladesh, within the Khulna Division. The region spans from 23°42′ 

to 24°12′ N latitude and from 89°19′ to 90°40′ E longitude. It comprises six upazilas: Bheramara, Khoksa, Mirpur, 

Kumarkhali, Kushtia Sadar, and Daulatpur (Hossain et al., 2025a). The district covers a total area of 1,621.15 km² 

(Banglapedia, 2023). The population stands at 2,149,692, with a population density of 1,336 persons per km² and 

an average annual growth rate of 0.88% (Bangladesh Bureau of Statistics, 2023). The region experiences a tropical 

monsoon-influenced climate, marked by significant seasonal variation in precipitation. Average summer 

temperatures reach up to 37.8 ℃, while winter lows average around 11.2 ℃. The annual rainfall is approximately 

1,467 mm, with most precipitation occurring during the monsoon season (Hossain et al., 2025b). 
 

2.2 Dataset 
 

This study utilized two types of secondary datasets: satellite imagery and population density data. The satellite 

images were acquired from the Landsat 5 Thematic Mapper (TM) and Landsat 8, and 9 Operational Land Imager 

(OLI) sensors, corresponding to path/row 138/43 and 138/44, and were sourced from the United States Geological 

Survey Earth Explorer portal (https://earthexplorer.usgs.gov/). Images were selected based on cloud cover of less 

than 5% to ensure data quality. Prior to analysis, all images underwent radiometric calibration and atmospheric 

correction to enhance their accuracy. 

Three reference years, 2010, 2017, and 2024, were chosen to represent decadal, mid-term, and recent trends in 

land use and population distribution. Population data for 2010 and 2017 were obtained from the WorldPop open-

access platform (https://www.worldpop.org/). Since WorldPop provides data only up to 2020, the population for 

2024 was projected using an exponential growth model with an annual growth rate of 0.88%, as expressed in Eq. 

(1). 
 

𝑃2024 = 𝑃2020 × 1.00884 (1) 
 

where, 𝑃2024 represents the estimated population for the year 2024, 𝑃2020 is the actual population in 2020, 1.0088 
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denotes the annual growth multiplier based on a growth rate of 0.88%, and 4 refers to the number of years between 

2020 and 2024. 

To ensure spatial consistency for raster registration and overlay analysis with 30 m satellite imagery, population 

data were resampled from their original 1 km spatial resolution to 30 × 30 m using ArcGIS 10.8, following Stevens 

et al. (2015). This resampling was performed solely to align the grid structure and does not increase the inherent 

spatial precision or represent actual 30 m population detail. Detailed information on image acquisition and 

associated cloud cover percentages is provided in Table 1. 

The land use/land cover map (Figure 1) was derived from Landsat 8 OLI imagery for 2024, obtained from the 

United States Geological Survey Earth Explorer platform. A supervised classification approach using the 

maximum likelihood algorithm was applied to identify major land cover classes, including water bodies, 

settlements, vegetation, char land, and fallow land. The classification supports the analysis of spatial heat 

vulnerability patterns. 

Table 1. Specifications of the selected Landsat images 

Year Name of Satellite Path /Row Acquisition Date Cloud Cover Resolution 

2010 
Landsat -5 (TM) 138/43 2010-02-06 0.00 30 m 

Landsat -5 (TM) 138/44 2010-02-06 0.00 30 m 

2017 Landsat -8 (OLI &TIRS) 138/43 2017-02-09 0.02 30 m 

2024 Landsat -9 (OLI &TIRS) 138/43 2024-02-29 0.02 30 m 
Note: Thematic Mapper (TM); Operational Land Imager (OLI); Thermal Infrared (TIRS) 

Figure 1. Geographic location of the study area and land use/land cover map 
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2.3 Radiometric Correction of Landsat Image 

Landsat satellite data, provided as Level-1 products by the United States Geological Survey, are delivered as 

quantized and calibrated Digital Numbers (DNs) representing multispectral observations. To enable the physical 

interpretation of surface characteristics, these DNs are converted into Top-of-Atmosphere (TOA) spectral radiance 

and TOA reflectance. The conversion procedures vary slightly depending on the sensor type (e.g., Landsat 5 TM 

vs. Landsat 8 OLI). The detailed methodology for radiometric correction of Landsat imagery is presented in Table 

A1. Satellite images were preprocessed using ENVI 5.3 and analyzed in ArcGIS 10.8 for clipping, band selection, 

and conversion to TOA reflectance. 

2.4 Heat Vulnerability Index Calculation 

The Heat Vulnerability Index (HVI) was developed to systematically assess urban heat risk variations across 

different areas using an environmentally weighted, geospatial screening approach. Rather than fully implementing 

the Intergovernmental Panel on Climate Change vulnerability framework, this study primarily relies on satellite-

derived environmental indicators and gridded population data to capture heat exposure patterns and relative 

susceptibility (Begum et al., 2023; Rathi et al., 2021). Five satellite-derived and population-based indicators were 

selected and integrated within this framework. The HVI calculation followed four sequential steps, which are 

described in the following sections. 

2.4.1 Step 1: Indicator selection 

(1) Exposure

Exposure, the degree to which urban areas and populations experience heat stress, forms a key component of

the HVI (Sun et al., 2022). This study assessed exposure using three satellite-derived indicators: Land Surface 

Temperature (LST), Land Surface Albedo (α), and the Urban Thermal Field Variance Index (UTFVI). 

LST quantifies surface heat intensity and reveals spatial patterns of thermal stress (Yang et al., 2014). It is 

derived from the Thermal Infrared (TIRS) bands of Landsat satellites, Band 6 for Landsat 5 TM and Landsat 7 

ETM+, and Bands 10–11 for Landsat 8 TIRS, using a six-step conversion process from TOA radiance to surface 

temperature (Saha & Gayen, 2025). The detailed retrieval procedure is summarized in Table A2. 

Albedo represents surface reflectivity and influences the Earth’s surface energy balance. Low-albedo materials 

(e.g., asphalt, concrete) absorb more heat, intensifying the Urban Heat Island (UHI) effect, while high-albedo 

surfaces reflect more solar radiation, reducing heat accumulation (Elgendy et al., 2025; Zhao et al., 2025). It was 

estimated from Landsat reflectance data following the empirical formulas by Liang (2001) and Tasumi et al. (2008), 

with values ranging from 0 (perfect absorber) to 1 (perfect reflector). 

Landsat 5 (B1: Blue, B2: Green, B3: Red, B4: NIR, B5: SWIR-1): 

α =
0.356 ∗ B1 + 0.130 ∗ B2 + 0.373 ∗  B3 + 0.085 ∗  B4 +  0.072 ∗  B5 − 0.018

1.016
(2) 

Landsat 8 B2: Blue, B3: Green, B4: Red, B5: NIR, B6: SWIR-1: 

α =
(0.356 ×  B2 +  0.130 ×  B3 +  0.373 ×  B4 +  0.085 ×  B5 +  0.072 ×  B6 −  0.018)

1.016
(3) 

UTFVI identifies thermal variability and ecologically stressed zones by comparing pixel-level LST with the 

mean surface temperature of the study area (Renard et al., 2019). It is calculated using Eq. (4): 

UTFVI =
(𝑇𝑠 − 𝑇𝑚𝑒𝑎𝑛)

(𝑇𝑚𝑒𝑎𝑛)
(4) 

where, Ts and Tmean represent pixel and mean LST, respectively. The index was classified into six categories of 

ecological and thermal stress (Table 2), following Cevik Degerli & Cetin (2023). 

These indicators were selected for the Kushtia district because they are well-suited for data-scarce urban 

environments lacking continuous meteorological records. They can be consistently derived from freely available 

Landsat data, providing reliable, long-term, and spatially explicit insights into urban heat exposure. Collectively, 

LST, Albedo, and UTFVI capture thermal intensity, radiative behavior, and spatial variability, offering a 

comprehensive and cost-effective representation of heat exposure in Kushtia’s rapidly urbanizing context. 

(2) Sensitivity

Sensitivity reflects the extent to which a population or system is affected by heat stress, highlighting how

demographic and social factors influence vulnerability (Rathi et al., 2021). In this study, population density was 

chosen as the primary indicator of sensitivity because it directly affects heat vulnerability. Densely populated areas 
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experience higher exposure due to limited open spaces, increased energy demand, and intensified anthropogenic 

activity, which together reduce the capacity to adapt to rising temperatures (Patwary et al., 2025). Thus, population 

density, in combination with exposure indices, provides a more nuanced understanding of areas at greater risk 

within the study area. 

Table 2. Urban Thermal Field Variance Index (UTFVI) classification for ecological status and thermal stress 

levels 

UTFVI Range Ecological Status Thermal Stress Level 

<0.000 Excellent No stress 

0.000–0.005 Good Low 

0.005–0.010 Moderate Moderate 

0.010–0.015 Poor High 

0.015–0.020 Bad Very high 

>0.020 Worst Extreme 
Source: Kliengchuay et al. (2025) 

(3) Adaptive Capacity

Adaptive capacity refers to the ability of a system or environment to cope with heat stress and mitigate its

impacts (Rathi et al., 2021). In this study, NDVI (Normalized Difference Vegetation Index) and NDWI 

(Normalized Difference Water Index) were used to assess the environmental components of adaptive capacity. 

NDVI measures vegetation density, with low values indicating sparse vegetation. Areas with limited greenery are 

more sensitive to heat due to minimal shading and reduced cooling from plant transpiration (Huang et al., 2025). 

NDWI reflects surface water presence, with low values indicating limited water resources, which reduces natural 

cooling through evaporation (Mahim et al., 2025). Regions with both low NDVI and NDWI are therefore more 

vulnerable, as the environment’s natural buffering against heat is diminished. Conversely, areas with higher NDVI, 

NDWI, and Albedo values exhibit greater adaptive capacity, as vegetation and water bodies reduce surface heat, 

enhance evaporation, and mitigate urban heat accumulation. 

NDVI is calculated using the difference between near-infrared (NIR) and red (RED) reflectance divided by their 

sum, allowing monitoring of vegetation health and density over time (Anand et al., 2025; Gessesse & Melesse, 

2019). NDWI uses NIR and green (GREEN) spectral bands to detect water bodies and assess moisture-related 

cooling potential (Hossain et al., 2025a). The formulas and value ranges for NDVI and NDWI are summarized in 

Table 3. 

Table 3. Equations and value ranges for Normalized Difference Vegetation Index (NDVI) and Normalized 

Difference Water Index (NDWI) used to assess adaptive capacity 

Index Equation Range 

NDVI NDVI =
(NIR−Red)

(NIR+Red)
[-1,+1] 

NDWI NDWI =
(Green−NIR)

(Green+NIR)
[-1,+1] 

Source: Hossain et al. (2025a) 

This approach integrates vegetation and water indicators to quantify the environmental resilience of Kushtia 

Municipality, linking natural buffering capacity directly to adaptive potential against heat stress. 

2.4.2 Step 2: Data preparation and normalization 

All spatial indicators were first converted into raster format and resampled to ensure a uniform spatial resolution. 

Subsequently, the data were normalized using the min–max normalization technique to scale all variables between 

0 and 1, thereby enabling meaningful comparison across different measurement units and ranges (Adnan et al., 

2024). Adaptive capacity indicators such as NDVI, NDWI, and Albedo were inversely normalized to align lower 

vulnerability values with the overall vulnerability index. The normalization followed Eq. (5): 

𝑋′ =
𝑋−𝑀𝑖𝑛(𝑋)

𝑀𝑎𝑥(𝑋)−𝑀𝑖𝑛 (𝑋)
(5) 

where, 𝑋′ represents the normalized value and X is the original value of the indicator.

2.4.3 Step 3: Principal Component Analysis and weight determination 

Principal Component Analysis (PCA) was employed to derive objective weights for integrating the selected 

heat vulnerability indicators into a single composite index. This method minimizes redundancy among correlated 

variables by transforming them into uncorrelated orthogonal components while preserving the dominant variance 

410



within the dataset. PCA was performed in Python 3 using a Jupyter Notebook environment on Google Colab 

(https://colab.research.google.com/). A 20 × 20 fishnet grid was applied to the study area to calculate the mean 

index value within each cell, ensuring computational efficiency and adequate spatial representation. Although 

PCA was performed separately for each study year to capture year-specific covariance structures, all input 

variables were standardized using a consistent min–max normalization approach prior to analysis. Therefore, the 

derived weights are comparable in terms of relative spatial interpretation across time, as they are based on 

uniformly scaled inputs and a consistent methodological framework. 

Among the extracted components, the first principal component (PC1) consistently accounted for the largest 

portion of total variance across all study years and was therefore selected as the basis for deriving indicator weights 

(Hossain et al., 2025a). This approach ensures that the dominant variance structure within the dataset is retained 

while minimizing redundancy among correlated indicators. The absolute loadings of each indicator on PC1 were 

normalized to sum to unity, and the weight of each indicator (Wi) was computed using Eq. (6): 

𝑊𝑖 =
|𝐿𝑖,𝑃𝐶1|

∑ |𝐿𝑗,𝑃𝐶1|𝑛
𝑗=1

(6) 

where, Li,PC1 is the loading of the i-th indicator on PC1, and n is the total number of indicators included in the 

analysis. Indicators showing stronger relationships with PC1 received higher weights, while weaker contributors 

had proportionally reduced influence. The PCA-derived weights were then used to compute the HVI. 

2.4.4 Step 4: Heat Vulnerability Index computation and visualization 

The normalized indicators were combined using a weighted linear aggregation approach to calculate the HVI 

as described in Eq. (7): 

HVI = ∑(𝑤𝑖 ⋅ 𝑥𝑖) Exposure + ∑(𝑤𝑗 ⋅ 𝑥𝑗) Sensitivity − ∑(𝑤𝑘 ⋅ 𝑥𝑘) Adaptive Capacity (7) 

where, w represents the PCA-derived weights and x denotes the normalized indicator values. The resulting 

composite raster produced continuous values ranging from 0 (least vulnerable) to 1 (most vulnerable). The spatial 

analysis was performed in ArcGIS 10.8 using tools from the Spatial Analyst extension. The resulting HVI values 

represent relative vulnerability within each time period; therefore, spatial patterns and class distributions are 

comparable across years, while absolute values should be interpreted in a relative (within-year) context rather than 

as direct numerical equivalents. The normalized indicators were integrated through a weighted overlay approach 

to generate the final HVI map. The corresponding index weights and combinations are summarized in Table A3. 

2.4.5 Step 5: Classification of vulnerability levels 

For effective interpretation and spatial representation, HVI values were categorized into five classes following 

Raja et al. (2021) (Table 4). The classification delineates urban areas based on the combined effects of exposure, 

sensitivity, and adaptive capacity. 

Table 4. Classification of vulnerability levels 

Index Range Category 

0.00–0.11 Very Low 

0.12–0.23 Low 

0.24–0.31 Moderate 

0.32–0.41 High 

0.42–1.00 Very High 
Source: Adnan et al. (2024); Raja et al. (2021) 

2.5 Pearson’s Correlation Analysis 

To evaluate the interrelationships among the selected heat vulnerability indicators, NDVI, NDWI, Albedo, 

UTFVI, LST, and Population Density, across different time periods, a Pearson’s correlation analysis was 

performed using the exact dataset used for PCA analysis. This method quantifies the strength and direction of 

linear relationships between variables, providing insights into how each factor influences or aligns with the overall 

HVI. The Pearson correlation coefficient (r) ranges from −1 to +1, where values near +1 indicate a strong positive 

linear relationship, values near −1 denote a strong negative linear relationship, and values close to 0 suggest no 

linear association between the variables (Hossain et al., 2023). The coefficient was computed using Eq. (8): 

𝑟 =
∑(𝑥 − 𝑥̅)(𝑦 − 𝑦̅)

√∑(𝑥 − 𝑥̅)2 (𝑦 − 𝑦̅)2
(8) 
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The Pearson correlation coefficient is denoted as r. It calculates the linear relationship between two variables. 

xi and yi correspond to the values of the variables and each unit, respectively; x represents the variable’s mean; and 

y signifies the mean value. 

3. Results

3.1 Heat Exposure 

The spatial distribution maps of thermal exposure reveal consistent and concerning trends across the study 

period (2010–2024). LST, shown in Figure 2(A), demonstrates a significant warming trend, with the highest 

temperatures consistently concentrated in the eastern and southern areas, particularly around Khoksa and Kushtia. 

The maximum LST rose sharply from 29.60 ℃ in 2010 to 34.68 ℃ in 2024. Simultaneously, Albedo in Figure 

2(B) also experienced a notable increase in its maximum value (from 0.23 to 0.41), with high reflectivity patches 

becoming widespread across the central-eastern corridor. Finally, the UTFVI, depicted in Figure 2(C), confirms 

the LST findings, with high positive UTFVI values indicative of severe thermal discomfort firmly localized in the 

same eastern urban centers (Khoksa, Kumarkhali) across all analyzed years. Although maximum Land Surface 

Temperature (LST) increased significantly, UTFVI values remained nearly unchanged because UTFVI is a relative 

measure based on deviation from the mean LST. As both maximum and mean LST rose proportionally, their 

difference stayed nearly constant, causing minimal change in UTFVI. Collectively, these figures confirm a clear 

spatiotemporal expansion of thermal stress in the Kushtia district.  

Figure 2. Spatial and temporal distribution of key thermal exposure parameters in the study area for 2010, 2017, 

and 2024 used in Heat Vulnerability Index (HVI) calculation. (A) Land Surface Temperature (LST), (B) Land 

Surface Albedo, and (C) Urban Thermal Field Variance Index (UTFVI) 
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District and upazila-level statistics (Table A4 and Table A5) corroborate the spatial maps, showing minor 

changes in surface reflectance but clear shifts in thermal exposure. LST analysis indicates a marked warming trend: 

low-temperature areas (<25 ℃) decreased from 1,562.17 km² in 2010 to 793.64 km² in 2024, while medium-

temperature areas (25–35 ℃) expanded from 101.91 km² to 870.44 km²; high-temperature areas (>35 ℃) remained 

negligible. Albedo remained predominantly low (<0.3), covering 1,664.08 km² in 2010 and 2017, slightly 

declining to 1,662.91 km² in 2024, with minor medium-albedo expansion (1.17 km²); Mirpur consistently had the 

lowest albedo (~328.5 km²) and Khoksa the lowest (~101.25 km²). UTFVI indicates intensifying thermal stress: 

low UTFVI (<0.005) shrank from 1,143.86 km² to 1,039.65 km², medium (0.005–0.015) rose to 113.40 km², and 

high (≥0.015) remained substantial (~511.03 km²). Upazila-level shifts show high UTFVI expansion in Bheramara, 

Khoksa, and Kumarkhali, while Daulatpur and Kushtia declined slightly. Overall, despite stable albedo, the district 

experienced pronounced LST and UTFVI increases, reflecting intensifying urban thermal stress between 2010 and 

2024. 

3.2 Heat Sensitivity 

The spatial assessment of population density highlights a growing demographic concentration and rising 

exposure to heat-related risks across Kushtia District. As illustrated in Figure 3, the highest densities are 

consistently concentrated in major municipal areas, particularly Kushtia, Kumarkhali, and Bheramara.  

Figure 3. Spatial and temporal distribution of population density across the study area for the years (a) 2010, (b) 

2017, and (c) 2024 

Quantitative analysis (Table A4 and Table A5) indicates rapid urbanization, with the high-density class 

expanding 47.35%, from 16.81 km² in 2010 to 24.77 km² in 2024, largely driven by Kushtia Upazila, which 

accounted for over 68% of this area. Medium-density areas also expanded notably in surrounding upazilas such as 

Daulatpur and Mirpur, reflecting gradual peri-urban growth and increasing population pressure. 

3.3 Heat Adaptive Capacity 

The evaluation of adaptive capacity, using vegetation and surface water indices as proxies for natural cooling, 

reveals a declining trend throughout Kushtia District (Figure 4). Both NDVI and NDWI demonstrate significant 

reductions in their maximum values between 2010 and 2024, signifying a marked loss in vegetation cover and 

surface water extent. Specifically, the maximum NDVI decreased from 0.57 to 0.53, while the maximum NDWI 

dropped sharply from 0.34 to 0.18 over the same period. 

At the district scale (Table A4 and Table A5), NDVI analysis indicates a contraction of low-class (<0.2) areas 

from 810.22 km² to 560.97 km², accompanied by an expansion of medium-class (0.2–0.5) areas from 851.67 km² 

to 1,100.42 km², whereas high-class (>0.5) areas remained minimal (2.19 → 2.70 km²). Upazila-level patterns 

exhibit spatial heterogeneity: Mirpur retained a relatively high share of medium-class vegetation (204.30 → 229.56 

km²), while Daulatpur experienced a notable increase (316.72 → 376.42 km²). High NDVI zones remained scarce, 

with only marginal gains in Daulatpur (1.31 → 0.84 km²) and Mirpur (0.34 → 1.85 km²). Similarly, NDWI results 

confirm declining surface water presence. The low-class (<0.2) area slightly expanded (1,624.06 → 1,664.08 km²), 

while the medium-class (0.2–0.5) category virtually disappeared (40.02 → 0 km²). Upazila-level NDWI remained 

dominated by low-class coverage in Bheramara (139.56 → 153.06 km²), Daulatpur (480.26 → 490.62 km²), and 

Mirpur (326.22 → 328.53 km²). Collectively, these results suggest a progressive reduction in natural cooling 

capacity and a diminished adaptive potential to thermal stress across Kushtia District, driven by urbanization-

induced landscape alterations and the degradation of green and blue spaces. 

413



Figure 4. Spatial and temporal distribution of key adaptive capacity parameters in the study area for 2010, 2017, 

and 2024. (A) Normalized Difference Vegetation Index (NDVI) and (B) Normalized Difference Water Index 

(NDWI) 

3.4 Relationship Among Indices 

The correlation analysis is presented in Figure 5, illustrating the dynamic interplay between vegetation, moisture, 

and built-up indices with population density over 14 years. These relationships reveal spatial and temporal 

interactions shaping the study area. 

A strong and persistent negative correlation between NDVI and LST (r = −0.44 in 2010, −0.34 in 2017, −0.42 

in 2024, and −0.40 overall) signifies the consistent degradation of vegetation cover with increasing urbanization 

and demographic concentration. In contrast, LST exhibits a shifting relationship with population density. While 

slightly negative in 2010 (r = −0.12), the correlation turned positive in 2017 (r = 0.20) and 2024 (r = 0.12). Albedo 

maintains a stable positive association with population density (r ≈ 0.20 in 2017–2024; r = 0.60 in 2010). Among 

the indices, the strongest inter-variable relationships were observed between NDVI and NDWI (r = −0.99 in 2024) 

and NDVI and LST (r = −0.98 for 2010–2024). Collectively, these results confirm that rapid urban expansion 

across Kushtia District has disrupted the natural equilibrium between green cover, water availability, and heat 

regulation. 

3.5 Principal Component Analysis 

The PCA results summarized in Table 5 demonstrate distinct temporal variations in the relationships among 

environmental and socio-economic indicators across the study period. In 2010, PC1 (54.49%) was primarily 

influenced by NDVI (−0.63) and NDWI (0.49). Meanwhile, PC2 (35.73%) was largely associated with LST (0.50) 

and UTFVI (0.52). By 2017, the pattern remained largely consistent, with PC1 (51.12%) still governed by 

vegetation–moisture interactions, while PC2 (38.98%) became increasingly characterized by LST, UTFVI, and 

Albedo. Additionally, Albedo showed a strong loading on PC3 (−0.76), and Population Density loaded on PC4 

(−0.79). In 2024, this distinction became more pronounced. PC1 (63.03%) was dominated by NDVI (0.68) and 

NDWI (−0.62). In contrast, PC2 (30.82%) was associated with LST (0.61) and UTFVI (0.65). Furthermore, 

Albedo consistently loaded on PC3 (−0.88) and Population Density on PC4 (0.98). Taken together, the progressive 

increase in the variance explained by PC1 over time indicates a strengthening role of vegetation and surface water 

conditions in determining environmental variability, whereas urban and population-related factors persist as 

secondary yet distinct influences. Although PC2 explains a substantial proportion of variance across all periods, 

PC1 consistently represents the dominant gradient of variability and is therefore used as the basis for indicator 

weighting in the construction of the HVI. 
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Figure 5. Correlation matrix of remote sensing indices and population density for different years (2010, 2017, 

and 2024) and the overall period (2010–2024) 

Table 5. PCA results of heat vulnerability factors in 2010, 2017, and 2024 

Year Indicator PC1 PC2 PC3 PC4 

2010 

NDVI -0.63 0.38 0.003 -0.01

LST 0.38 0.50 0.28 -0.04

UTFVI 0.34 0.52 0.34 -0.0004

NDWI 0.49 -0.46 0.08 -0.03

Albedo 0.30 0.32 -0.88 0.10

Population Density -0.007 -0.02 0.10 0.99

Eigenvalue 0.02 0.01 0.003 0.00099 

Percent Eigenvalue 54.49 35.73 7.09 2.31 

2017 

NDVI -0.58 0.08 0.50 0.411 

LST 0.30 0.55 0.20 0.06 

UTFVI 0.31 0.59 0.32 -0.02

NDWI 0.64 -0.29 -0.09 0.41

Albedo -0.24 0.49 -0.76 0.12

Population Density 0.01 -0.005 0.09 -0.79

Eigenvalue 0.02 0.01 0.002 0.001

Percent Eigenvalue 51.12 38.98 5.77 2.13

2024 

NDVI 0.68 0.11 0.27 -0.04

LST -0.22 0.61 0.13 -0.05

UTFVI -0.23 0.65 0.27 -0.05

NDWI -0.62 -0.21 -0.13 0.01

Albedo 0.20 0.36 -0.88 0.15

Population Density -0.01 0.01 0.17 0.98

Eigenvalue 0.02 0.01 0.001 0.0008

Percent Eigenvalue 63.03 30.82 3.98 1.98
Note: Principal Component Analysis (PCA); Normalized Difference Vegetation Index (NDVI); Land Surface Temperature (LST); 

Urban Thermal Field Variance Index (UTFVI); Normalized Difference Water Index (NDWI) 
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3.6 Heat Vulnerability 

The spatial distribution of heat vulnerability in Kushtia District from 2010 to 2024 reveals notable temporal and 

spatial variations (Figure 6). In 2010, most areas of the district exhibited low to moderate heat vulnerability, with 

only small patches of high and very high vulnerability concentrated primarily in the northern and central regions, 

particularly around Kushtia and Daulatpur. By 2017, the extent of high and very high vulnerability zones had 

expanded significantly, especially in the northern and central parts of the district. However, by 2024, the pattern 

demonstrates slight improvement or stabilization, as some northern areas continue to experience very high 

vulnerability, while the southern and southwestern parts, including Khoksa and portions of Kushtia Sadar, exhibit 

a greater prevalence of low to moderate vulnerability zones compared to 2017. Overall, the trend suggests a 

substantial increase in heat vulnerability between 2010 and 2017, followed by a partial reduction or redistribution 

of vulnerability by 2024. 

The area statistics of heat vulnerability in Kushtia District from 2010 to 2024 reveal a clear temporal shift toward 

higher vulnerability levels (Table 6). In 2010, the district was predominantly characterized by low (611.72 km²) 

and moderate (434.23 km²) vulnerability, while high and very high vulnerability areas were comparatively limited 

to 154.06 km² and 57.83 km², respectively. By 2017, a significant increase was observed in the high (245.53 km²) 

and very high (72.57 km²) categories, accompanied by a reduction in low and moderate zones. The trend continues 

in 2024, where high (339.44 km²) and very high (84.98 km²) vulnerability areas expand further, while the very 

low and low categories decline sharply to 132.52 km² and 432.17 km², respectively. However, by 2024, the pattern 

indicates a continued increase in vulnerability, with the expansion of high and very high vulnerability zones, 

particularly in northern areas, while some parts of the south and southwest, including Khoksa and portions of 

Kushtia Sadar, still show relatively lower to moderate vulnerability compared to other regions. Overall, the 

temporal progression from 2010 to 2024 reveals a clear deterioration in the district’s thermal resilience, with a 

marked expansion of high and very high vulnerability zones in Kushtia District. 

Figure 6. Spatial distribution of heat vulnerability in Kushtia District for (a) 2010, (b) 2017, and (c) 2024 

Table 6. Area statistics of heat vulnerability classes in Kushtia District for the years 2010, 2017, and 2024 

Year Class Area (Sq. km) 

2010 

Very Low 335.71 

Low 611.72 

Moderate 434.23 

High 154.06 

Very High 57.83 

2017 

Very Low 329.26 

Low 537.85 

Moderate 408.34 

High 245.53 

Very High 72.57 

2024 

Very Low 132.52 

Low 432.17 

Moderate 604.43 

High 339.44 

Very High 84.98 

4. Discussion

In this study, the results reveal a pronounced intensification of urban heat exposure in Kushtia District between 

2010 and 2024, driven by rising surface temperature, vegetation loss, and water depletion, along with the growing 

416



dominance of heat-retaining and reflective urban surfaces. LST increased sharply—with maximum values rising 

from 29.6 ℃ to 34.7 ℃—and high-heat zones became concentrated in the densely built-up eastern and southern 

upazilas (e.g., Khoksa, Kumarkhali). This spatial pattern is consistent with well-known UHI dynamics: rapid 

replacement of vegetation by impermeable urban surfaces drives surface warming (Faisal et al., 2021). Our 

findings agree with other Bangladeshi studies: for example, areas with extensive built-up cover (like Gazipur and 

Dhaka) have shown significant LST increases, while vegetated areas remain cooler (Kulsum & Moniruzzaman, 

2022; Rashid et al., 2022). The rising UTFVI values in these urban cores confirm increasingly severe thermal 

stress, matching similar trends found in Gazipur, where UTFVI rose from 0.39 to 0.49 over two decades (Salam 

et al., 2024). In short, expanding urbanization in Kushtia appears to have overwhelmed the district’s natural cooling, 

driving a clear warming trend and higher urban heat exposure. 

At the same time, population growth and urban densification have amplified heat sensitivity. The high- and 

medium-density classes expanded by nearly 50%, driven largely by Kushtia Sadar, which now contains most of 

the district’s dense population. This concentration of people in the hottest areas increases the population’s exposure 

to heat and their vulnerability. Such a pattern is well documented in Bangladesh: growing urban population density 

tends to coincide with loss of green space and rising LST (Adnan et al., 2024; Nawar et al., 2022). In practice, we 

see that wards of Kushtia municipality (which had >68% of the high-density expansion) overlap the zones of 

highest LST/UTFVI. This urban influx thus reinforces the heat risk, as seen in other cities (e.g., Dhaka, Chattogram, 

Narayanganj) where built-up growth drove both heat exposure and population vulnerability (Adnan et al., 2024; 

Mehrin et al., 2025; Rashid et al., 2022). In sum, increasing population density in Kushtia’s towns has accentuated 

the sensitivity component of heat vulnerability, in line with analogous findings across rapidly urbanizing 

Bangladeshi cities. 

Compounding the problem, the district’s adaptive capacity (natural cooling from vegetation and water) has 

eroded markedly. The NDVI and NDWI values fell across Kushtia. The loss of green cover is especially evident 

– the area of even moderately healthy vegetation grew (0.2–0.5 NDVI class expansion) but mostly at the expense 

of the lowest-vegetation class, indicating replacement of sparse vegetation with either bare ground or urban land. 

However, it is important to note that the expansion of the Medium NDVI class does not necessarily represent an 

increase in dense or perennial natural vegetation. In Kushtia’s predominantly agro-based landscape, February 

imagery coincides with active dry-season cropping, particularly irrigated Boro rice cultivation, which typically 

produces moderate NDVI values. Agricultural crops differ substantially from natural woody vegetation in canopy 

structure, rooting depth, evapotranspiration intensity, and seasonal permanence. Therefore, while moderate NDVI 

areas expanded, this likely reflects cropland intensification rather than a proportional enhancement of long-term 

ecosystem-based cooling capacity under the IPCC adaptive capacity framework. 

Surface water has essentially vanished: the NDWI medium class disappeared entirely by 2024, which may be 

attributed to charland formation and river morphological changes that reduce stable surface water extent, along 

with the influence of dry-season image acquisition. These declines in “green and blue” infrastructure are consistent 

with findings by Hossain et al. (2025a) in Kushtia, who reported an 18% drop in NDVI and a 58% drop in NDWI 

district-wide from 1998 to 2023. Such degradation of vegetation and water bodies removes critical natural cooling. 

It is well established that vegetation mitigates heat via shading and evapotranspiration, so its loss drives 

temperatures higher (Soltanifard & Amani-Beni, 2025). Likewise, surface water (even incidental puddles or small 

wetlands) provides evaporative cooling – its disappearance further exacerbates heat. Thus, our observation that 

NDVI and NDWI have decreased is a logical cause of the rising LST and vulnerability. Global analyses agree that 

communities lacking tree canopy or water access suffer the highest heat risk (Dodman et al., 2023). In Kushtia, 

shrinking green-blue cover has clearly degraded the natural adaptive buffer against heat. 

The multivariate relationships among indices reinforce these dynamics. We found a very strong inverse 

correlation between NDVI and LST (r ≈ –0.98 overall), confirming that areas with more vegetation remain much 

cooler, a pattern seen elsewhere in Bangladesh (Rashid et al., 2022). Similarly, NDVI and population density are 

consistently negatively correlated (r ≈ –0.40), reflecting that urban growth comes at the expense of green cover 

(Nawar et al., 2022). Interestingly, a very strong inverse relationship between NDVI and NDWI was observed in 

2024 (r = −0.99). This reflects the strong biophysical coupling between vegetation greenness and surface moisture 

during the dry-season (February) conditions, when reduced water availability across agricultural fields, charland 

systems, and peripheral urban areas intensifies spectral contrast between vegetation and moisture signals. This 

pattern is further influenced by the heterogeneous land surface composition of the study area, which includes 

riverine charlands, irrigated croplands, and scattered water bodies, thereby amplifying the inverse NDVI–NDWI 

relationship. This finding is consistent with previous observations in the region (Hossain et al., 2025a). By contrast, 

built-up proxies (Albedo and UTFVI) show positive associations with population density and LST. For example, 

UTFVI hotspots align with major town centers, just as prior work found built-up districts exhibit higher heat 

exposure (Raja et al., 2021). Over time, the data show that vegetation and water conditions account for a growing 

share of environmental variability. Our PCA indicates that the first component (dominated by NDVI/NDWI) 

explained an increasing percentage of variance (51% in 2010, 63% in 2024), whereas the second component 

(dominated by LST/UTFVI) remained distinct. This suggests that spatial differences in greenery and moisture are 
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now the primary drivers of heat vulnerability patterns, while heat itself and population act as separate, secondary 

factors. In other words, the disruption of vegetation-water balance has become the dominant factor, which aligns 

with findings that loss of urban green is a principal determinant of UHI effects (Marando et al., 2022). 

Finally, the combined heat vulnerability index reflects these trends: low-vulnerability areas have collapsed, and 

high-vulnerability areas have expanded dramatically. Between 2010 and 2024, the “Very High” and “High” 

vulnerability zones more than doubled (from 212 km² to 424 km²), while “Very Low/Low” areas fell by roughly 

40%. This shift mirrors the compound impact of greater heat exposure and sensitivity alongside weakened 

adaptation. It is qualitatively similar to the evolution reported in other Bangladeshi cities: for instance, Dhaka’s 

HVI mapping found urbanized wards as heat hotspots and rising population as a key vulnerability factor (Adnan 

et al., 2024). In our case, by 2024, the most vulnerable zones are covered by much of the northern and central 

district, where urban density and heat coincide. A slight stabilization of the pattern (some southern areas showing 

moderate vulnerability) might indicate localized green rehabilitation or slower growth in those parts, but overall, 

the upward trend in heat vulnerability is unmistakable. 

Overall, this study provides compelling evidence that Kushtia District is undergoing rapid thermal 

intensification driven by urban expansion, vegetation loss, and water depletion. The integrated geospatial and 

statistical analyses clearly show that the combined effects of rising LST, population densification, and declining 

NDVI–NDWI have collectively heightened heat vulnerability across the district. These findings are not isolated 

but consistent with broader national and global patterns of UHI amplification under unplanned development and 

ecological degradation (Adnan et al., 2024; Dodman et al., 2023; Rashid et al., 2022). 
 

5. Conclusions 
 

This study provides a comprehensive geospatial assessment of heat vulnerability dynamics across Kushtia 

District over a 14-year period (2010–2024), revealing a progressive intensification of thermal risk linked to rapid 

urban expansion and environmental degradation. The results demonstrate that LST increased by more than 5 °C, 

while NDVI and NDWI declined notably, indicating significant losses in vegetative and surface water cover. 

Correlation and PCA analyses jointly confirm that vegetation and surface moisture are the principal regulators of 

environmental variability and heat adaptation capacity, whereas urban and population factors exert secondary but 

enduring effects. The expansion of high and very high vulnerability zones further highlights the spatial spread of 

thermal stress within the district. These findings highlight the urgent need to integrate ecosystem-based urban 

planning and sustainable land management in Kushtia to mitigate the adverse impacts of rising surface 

temperatures. Implementing measures such as expanding urban green cover, conserving wetlands and waterbodies, 

and promoting reflective, climate-adaptive building materials can significantly reduce heat exposure and 

strengthen local resilience. Moreover, the study presents a replicable framework for assessing urban heat 

vulnerability in data-scarce regions, providing valuable insights to guide climate-resilient policy and adaptation 

planning for Kushtia and other rapidly urbanizing areas across Bangladesh. However, this study has certain 

limitations. Satellite imagery was acquired in February for seasonal consistency, which may underestimate peak 

pre-monsoon (May–June) heat intensity. Reliance on open-access Landsat data also limited image availability 

during peak summer due to cloud cover. The WorldPop dataset has an original resolution of 1 km and was 

resampled to 30 × 30 m only for raster alignment with satellite imagery; this does not increase its actual spatial 

precision and may introduce scale-related uncertainty. Furthermore, due to limited spatially explicit data, detailed 

socio-economic variables, such as income level, housing quality, and access to healthcare, could not be included. 

Therefore, the results primarily reflect environmental dimensions of spatial heat risk. Future research integrating 

higher-resolution demographic, socio-economic, and multi-seasonal datasets would improve assessment accuracy 

and provide a more comprehensive understanding of community-level heat risk. 
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Appendix  
 

Table A1. Radiometric correction parameters and conversion equations for Landsat TM and OLI sensors 
 

Processing Step Landsat 4–7 (TM/ETM+) Landsat 8–9 (OLI) 

Data Format 8-bit DN (0–255) 16-bit DN (0–65535) 

Radiance Conversion 

Equation 
Lλ =

(Lmaxλ − Lminλ)

(Qcalmax − Qcalmin)
× (Qcal − Qcalmin)

+ Lminλ 

Lλ = ML ∗ Qcal + AL 

Radiance Parameters 
Lmax, Lmin, Qmin, Qmax (provided in calibration 

metadata or literature) 

ML (Radiance Multiplier) and AL 

(Additive term) from MTL file 

Reflectance Equation ρλ =
(π ∗ Lλ ∗ d²)

Esunλ ∗ cos(θs)
 ρλ’ = Mp ∗ Qcal + Ap 

Sun Angle Correction cos(θs) ρλ =
ρλ′

cos(θs)
 

Reflectance Parameters 
Esunλ, Earth Sun distance (d), 

Solar zenith angle (θs) 
Mp and Ap from MTL file 

 

Table A2. Land Surface Temperature (LST) calculation steps and formula 

 
Analysis Formula Definitions 

Conversion DN to 

Radiance (Landsat-5 and 

Landsat-7) 

Lλ = (
LMAXλ−LMINλ

QCALMAX−QCALMIN
)* 

(QCAL – QCALMIN) + LMINλ 

Lλ = Spectral radiance 

LMAXλ = Spectral radiance scaled to QCALMAX in 

(Watts/ (m2 srμm)) LMINλ = Spectral radiance scaled 

to QCALMIN in (Watts/ (m2 srμm)) 

QCAL = Quantized calibrated pixel value in DN 

QCALMAX = Maximum quantized calibrated pixel 

value (corresponding to LMAXλ) in DN 

QCALMIN = Minimum quantized calibrated pixel 

value (corresponding to LMINλ) in DN 

Top of atmospheric 

reflectance (TOA) 

(Landsat-8 and Landsat-9) 

L × Qcal + AL 

ML = Radiance multiplicative Band (No.10) 

AL = Radiance Add Band (No.10) 

Qcal = Quantized and calibrated standard product pixel 

values (DN) 

Convert Radiance into 

brightness temperature 

(BT) 

K2

{In (
K1
L

) + 1}
− 273.15 

K1 = Band-specific thermal conversion was constant 

from the metadata. 

K2 = Band-specific thermal conversion was constant 

from the metadata; L = TOA 

To obtain the results in Celsius, the radiant 

temperature is adjusted by adding the absolute zero 

(approx. − 273.15 ℃) 

Proportion of vegetation 

(PV) 
(

NDVI − NDVIMin

NDVIMax − NDVIMin
)

2

 
The minimum and maximum values of the NDVI 

image can be displayed directly in the image 

Land surface emissivity 

(ε) 
0.004 * Pv + 0.986 

Pv = Proportion of vegetation 

The value of 0.986 corresponds to a correction value 

of the Equation 

LST BT / 1+W * (BT / 14380) * ln(E) 

BT = Top of atmosphere brightness temperature (℃) 

W = Wavelength of emitted radiance 

E = Land Surface Emissivity 

 

Table A3. Calculated PCA-weight for selected indices 
 

Year Indicator PC1 Weight 

2010 

NDVI -0.63 0.29 

LST 0.38 0.18 

UTFVI 0.35 0.16 

NDWI 0.49 0.23 

Albedo 0.30 0.14 

Population Density -0.007 0.003 
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2017 

NDVI -0.58 0.27 

LST 0.30 0.14 

UTFVI 0.31 0.15 

NDWI 0.64 0.31 

Albedo -0.24 0.12 

Population Density 0.014 0.007 

2024 

NDVI 0.68 0.35 

LST -0.22 0.11 

UTFVI -0.23 0.12 

NDWI -0.62 0.32 

Albedo 0.20 0.10 

Population Density -0.011 0.006 

 

Table A4. District-wise areal coverage of vegetated land, waterbodies, surface albedo, population density, urban 

thermal field variance index, and ideal land surface temperature in Kushtia District across different years 
 

Index Year Class name Area Coverage (sq. km) 

NDVI 

[Low (< 0.2) 

Medium (0.2 -0.5) 

High (≥ 0.5)] 

2010 

Low 810.22 

Medium 851.67 

High 2.19 

2017 

Low 688.64 

Medium 975.37 

High 0.073 

2024 

Low 560.97 

Medium 1100.42 

High 2.70 

NDWI 

[Low (< 0.2) 

Medium (0.2 -0.5) 

High (≥ 0.5)] 

2010 

Low 1624.06 

Medium 40.02 

High - 

2017 

Low 1664.08 

Medium - 

High - 

2024 

Low 1664.08 

Medium - 

High - 

Albedo 

[Low (< 0.3) Medium (0.3- 

0.6) High (≥ 0.6)] 

2010 

Low 1664.08 

Medium - 

High - 

2017 

Low 1664.08 

Medium 0.0018 

High - 

2024 

Low 1662.91 

Medium 1.17 

High - 

Population density 

[Low (< 1,000) Medium 

(1,000–5,000) High (≥ 

5,000)] 

2010 

Low 885.73 

Medium 723.47 

High 16.81 

2017 

Low 752.62 

Medium 854.22 

High 19.17 

2024 

Low 602.15 

Medium 999.10 

High 24.77 

LST 

Low LST: < 25°C 

Medium LST: 25°C – 35°C 

High LST: > 35°C 

2010 

Low 1562.17 

Medium 101.9079 

High - 

2017 

Low 1434.498 

Medium 229.5792 

High - 

2024 

Low 793.6407 

Medium 870.4368 

High - 

UTFVI 

[Low (< 0.005) Medium 

(0.005–0.015) High (≥ 

0.015)] 

2010 

Low 1143.86 

Medium - 

High 520.2153 

2017 
Low 1060.65 

Medium 98.49 
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High 504.93 

2024 

Low 1039.65 

Medium 113.40 

High 511.0272 

 

Table A5. Upazila-wise areal coverage of vegetated land, waterbodies, surface albedo, Population density, Urban 

Thermal Field Variance Index, and ideal land surface temperature in Kushtia District across different years 
 

Area Coverage (sq km) 

Index Year 
Class 

Name 
Bheramara Daulatpur Khoksha Kumarkhali Kushtia Mirpur 

NDVI 

[Low (< 0.2); 

Medium (0.2–0.5); 

High (≥ 0.5)] 

2010 

Low 68.59 172.59 41.07 180.513 223.57 123.88 

Medium 84.27 316.72 60.12 94.59 91.66 204.30 

High 0.19 1.31 0.054 0.234 0.06 0.34 

2017 

Low 66.82 255.84 45.53 142.47 179.56 98.42 

Medium 86.23 334.75 55.72 132.85 135.73 230.076 

High - 0.0243 - 0.0171 0.0045 0.027 

2024 

Low 52.98 113.36 29.81 118.83 148.87 97.12 

Medium 100.08 376.42 71.43 156.50 166.43 229.56 

High - 0.84 - - 0.0009 1.85 

NDWI 

[Low (<0.2); 

Medium (0.2–0.5); 

High (≥0.5)] 

2010 

Low 139.56 480.26 101.03 268.04 308.94 326.22 

Medium 13.50 10.35 0.22 7.30 6.36 2.31 

High - - - - - - 

2017 

Low 153.06 490.62 101.25 275.34 315.30 328.53 

Medium - - - - - - 

High - - - - - - 

2024 

Low 153.06 490.62 101.25 275.34 315.30 328.53 

Medium - - - - - - 

High - - - - - - 

Albedo 

[Low (<0.3); 

Medium (0.3–0.6); 

High (≥0.6)] 

2010 

Low 153.06 490.62 101.25 275.34 315.30 328.53 

Medium - - - - - - 

High - - - - - - 

2017 

Low 153.06 490.62 101.25 275.34 315.30 328.53 

Medium - 0.0009 - - 0.0009 - 

High - - - - - - 

2024 

Low 153.03 489.73 101.25 275.15 315.29 328.47 

Medium 0.03 0.90 - 0.19 0.0009 0.06 

High - - - - - - 

Population density 

[Low (<1,000); 

Medium (1,000–

5,000); High 

(≥5,000)] 

2010 

Low 44.91 
274.93 

 
22.23 144.77 173.75 202.22 

Medium 95.25 192.01 75.87 118.35 114.68 117.99 

High 1.23 - - 1.39 13.99 0.06 

2017 

Low 39.04 221.69 14.06 123.21 148.97 185.11 

Medium 100.83 245.24 84.03 139.53 137.88 135.03 

High 1.53 - 0.02 1.77 15.57 0.13 

2024 

Low 30.20 163.78 4.54 95.27 134.59 154.94 

Medium 109.30 303.02 92.85 166.30 149.15 165.09 

High 2.0 0.13 0.72 2.93 18.69 0.23 

UTFVI 

[Low (<0.005); 

Medium (0.005–

0.015); High 

(≥0.015)] 

2010 

Low 130.56 376.57 56.56 148.32 148.81 283.05 

Medium - - - - - - 

High 22.50 114.04 44.68 127.02 166.50 45.48 

2017 

Low 123.07 358.55 41.80 118.70 132.76 285.77 

Medium 6.44 16.89 10.29 22.08 31.05 11.74 

High 23.55 115.17 49.15 134.56 151.48 31.02 

2024 

Low 111.98 375.96 29.45 100.06 153.28 268.92 

Medium 7.68 17.52 12.70 26.15 33.15 16.21 

High 33.40 97.14 59.10 149.12 128.87 43.40 

LST 

[Low (<25 ℃); 

Medium (25 ℃–

35 ℃); High 

(>35 ℃)] 

2010 

Low 149.02 435.11 99.36 256.90 297.12 324.64 

Medium 4.03 55.50 1.88 18.43 18.18 3.88 

High - - - - - - 

2017 

Low 141.46 415.73 84.39 214.76 260.96 317.19 

Medium 11.59 74.89 16.86 60.57 54.34 11.33 

High - - - - - - 

2024 

Low 88.78 323.39 12.20 58.29 88.16 222.80 

Medium 64.27 167.23 89.04 217.04 227.14 105.71 

High - - - - - - 
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