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Abstract 
 

This study investigates the spatiotemporal dynamics of land use and land cover (LULC) and their impact on land 

surface temperature (LST) in Narsingdi district, Bangladesh, from 2005 to 2025, with projections for 2035 and 

2045. Multitemporal Landsat data (TM and OLI/TIRS) were analyzed using supervised classification and 

temperature retrieval in ArcGIS. Four LULC classes—water bodies, barren lands, built-up areas, and 

vegetation—were examined across six subdistricts. Results reveal sharp declines in vegetation and water bodies 

alongside rapid urban expansion, especially in Narsingdi Sadar and Roypura, where built-up areas increased 

more than fivefold. Average LST rose from 24°C (2005) to 31°C (2025), showing a strong negative correlation 

between vegetation and temperature. Predictive modeling indicates continued urban growth and vegetation loss 

through 2045, likely intensifying surface heat. These findings highlight the need for sustainable urban planning 

and green infrastructure to mitigate future thermal stress in developing regions. 
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1 Introduction 
 

Narsingdi, an industrially vibrant district in central Bangladesh, has experienced rapid urban expansion over the 

past two decades due to the growth of the textile and manufacturing sectors. Land use and land cover (LULC) 

change significantly affects land surface temperature (LST), as impervious surfaces absorb and retain more heat 

than vegetated or water-covered areas (Julien et al., 2006). Previous studies in major Bangladeshi cities such as 

Dhaka, Chattogram, and Khulna have reported a strong relationship between urban growth and rising LST (Roy 

et al., 2020) contributing to urban heat island effects, poor air quality, and health risks (Zhao et al., 2016). Recent 

advancements in remote sensing have further enhanced geospatial applications for monitoring land 

transformation, urban growth, and environmental dynamics across Bangladesh (Mostafa et al., 2024). However, 

limited attention has been given to fast-growing industrial regions like Narsingdi, where such impacts are 

increasingly evident but under-documented. Therefore, the main objectives of this study are to (1) analyze the 

spatiotemporal changes in LULC and LST in Narsingdi district during 2005–2025, (2) quantify the relationship 

between LULC transitions and corresponding LST variations, and (3) predict future LULC and LST patterns for 

2035 and 2045 using regression-based forecasting. 
 

2 Data and Methodology 
 

Landsat Images from 2005, 2015 and 2025 were analyzed in ArcGIS to determine Land Use Land Cover 

(LULC) using supervised classification. Spatiotemporal changes were examined to uncover transformation 

tendencies in the Narsingdi district. Thermal bands were used to calculate land surface temperature (LST), which 

was then compared to LULC. Future LULC trends for 2035 and 2045 were anticipated using Python's linear 

regression analysis of past land cover change patterns. The methodology include: (1) Satellite image acquisition 

from USGS website, (2) Image processing and supervised classification using ArcGIS, (3) Spatiotemporal 

analysis of LULC using GIS tools, (4) Land surface temperature derivation using in built GIS tools, (5) 

Correlation analysis between LULC and LST and (6) Future trend prediction through regression modeling. 

 

2.1 Selection of Study Area 

Narsingdi, Narsingdi, located in central Bangladesh's Dhaka Division, encompasses approximately 1,140.76 km² 

between 23°46′-24°15′ N and 90°32′-91°05′ E. It is surrounded by Kishoreganj, Brahmanbaria, Narayanganj, and 

Gazipur districts. The area is divided into six subdistricts: Monohardi, Palash, Shibpur, Raipura, Narsingdi 

Sadar, and Belabo, with a variety of land cover types (Figure 1). The Meghna River runs along the eastern 

border, impacting land usage through floodplains, wetlands, and farmlands, while neighboring districts see fast 



Muhtasim Shahriar Mostafa, Azmaeen Rahman Abhra & Maruf Hossain Hredoy 

ICCEI 2025 
 

1427 

urbanization and industrial growth. Narsingdi is an appropriate case for spatiotemporal LULC and LST research, 

as population pressure and urban expansion have drastically transformed the landscape over the last two decades. 

 

 
 

Figure 1.  Map showing Narsingdi district of Bangladesh  

 

2.2 Data Source and Collection 

Land Surface Temperature and Land Use Land Cover are determined by analyzing Landsat 8 and 9 Operational 

Land Imager (OLI) and Thermal Infrared Sensor (TIRS) data from 2015 and 2025, as well as Landsat 4-5 

Thematic Mapper (TM) data from 2005, collected from the USGS Earth Explorer website using. To ensure 

consistency, Landsat images are gathered during the month of April for each three years. 

 

Table 1.  Data and Data Source 

 

Description Type of Data Path/Row Acquisition 

Date 

Cloud Coverage 

Land Use Land 

Cover & Land 

Surface Temperature 

Source: 

(USGS Earth 

Explorer) 

 

 

Landsat 4-5 Thematic Mapper (TM) 137/43 

(C2 L2) 

25/04/2005 0%~20% 

Landsat 8 and Landsat 9 Operational Land 

Imager (OLI) and Thermal Infrared Sensor 

(TIRS) 

137/43 

(C2 L2) 

05/04/2015 0%~20% 

Landsat 8 and Landsat 9 Operational Land 

Imager (OLI) and Thermal Infrared Sensor 

(TIRS) 

137/43 

(C2 L2) 

13/04/2025 0%~20% 

 

2.3 Land Use Land Cover (LULC) analysis 

Supervised classification was carried out using training samples taken at random from false-color Landsat 

composites. Approximately 200-250 training polygons were evenly distributed among the six upazilas, with 

sample sizes following Jensen (2005) and Lillesand et al. (2015) to assure statistical reliability (≥ 10× the 

number of spectral bands). Approximately 50-60 samples were used for vegetation, 40-50 for built-up regions, 

and 30-40 for bare terrain and water bodies, totaling about 1000-2000 pixels per class. The Maximum Likelihood 

Classifier (MLC) was used, and training signatures were validated using Google Earth imagery. All Landsat 

pictures with <20% cloud cover have satisfactory classification accuracy (>85%). 

 

2.4 LST analysis from Landsat 4-5 (TM) 

Land Surface Temperature (LST) from Landsat 4–5 TM was retrieved in three sequential steps: (1) conversion of 

the raw Digital Number (DN) to spectral radiance, (2) conversion of radiance to at-sensor brightness 

temperature, and (3) correction for surface emissivity to obtain LST. The DN values range from 1 to 255 and 

were converted to spectral radiance (L) using image metadata parameters , , , and : 
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The spectral radiance was then converted to brightness temperature ( ) using calibration constants 

and : 

 
Finally, the surface emissivity ( ) correction was applied to estimate LST ( ): 

 
where is the mean wavelength of the thermal band and is the Boltzmann 

constant term. Emissivity ( ) was derived from NDVI-based land-cover classification (vegetation = 0.99, water = 

0.985, bare soil = 0.96, built-up = 0.92).  

2.5 LST analysis from Landsat 8 (OLI/TIRS) 

For Landsat 8, LST was derived from the thermal infrared sensor (TIRS) Band 10 following radiometric 

calibration and emissivity correction. The radiance for each pixel was calculated using radiometric rescaling 

coefficients (multiplicative) and (additive) obtained from the metadata: 

 

 
 

Brightness temperature was then computed as: 

 

 
 

where and . The NDVI was calculated from Band 5 (NIR) and 

Band 4 (RED): 

 

 
 

Based on NDVI values, the proportion of vegetation ( ) and emissivity ( ) were estimated as: 

 

 
 

 
 

Finally, surface temperature was computed as: 

 
 

The emissivity threshold values followed NDVI criteria: → bare/built-up (E = 0.92–0.96), 

→ vegetation (E ≈ 0.99). Lastly, the spatial association between LULC classes and LST patterns was 

examined, and using the extracted area data, a Python linear regression analysis was used to forecast future 

LULC trends between 2035 and 2045. 

 

3 Results and Discussions 

 

3.1 Temporal Analysis of Land Use/Land Cover and Land Surface Temperature 

Figure 2 depicts the temporal change of main LULC types (vegetation, built-up regions, water bodies, and 

barren plains) and their relationship to LST from 2005 to 2025. Water bodies fell from 69.55 to 47.22 sq. km, 

and vegetation reduced by around 185 sq. km, whereas built-up areas increased dramatically from 58.79 to 
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302.90 sq. km. Barren lands peaked in 2015 (141.23 square kilometers), then fell to 61.03 square kilometers by 

2025. Concurrently, average LST increased from 24°C to 31°C. Built-up areas showed a strong positive 

correlation with LST (r = 0.96), whereas vegetation (r = −0.99) and water bodies (r = −0.89) correlated 

negatively, confirming that urban expansion and vegetation loss drive surface warming (Mostafa et al., 2025). 

Figure 3 presents LULC and LST maps for 2005, 2015, and 2025. 

 

 

 

Figure 2.  Temporal variations of LULC and LST from 2005-2025. 

 

 

Figure 3. Land Use Land Cover and Land Surface Temperature map of 2015,2015 and 2025 

3.2 Sub-district Level Analysis of Land Use/Land Cover (2005-2025) 

A subdistrict-level analysis of land use/land cover (LULC) in Narsingdi district from 2005 to 2025 finds 

considerable alterations across all six subdistricts: Monordi, Belabo, Shibpur, Roypura, Palash, and Narsingdi 

Sadar (Figure 4). Almost all subdistricts have a substantial decline in water coverage, particularly Roypura and 

Narsingdi Sadar, where water areas have reduced from 41.45 to 27.56 sq.km and 27.08 to 3.43 sq.km. This 

reduction indicates encroachment and conversion of water surfaces to other land uses. Most subdistricts showed 

a modest decline or stabilization in barren areas, except Narsingdi Sadar, which had a minor rise from 18.48 to 
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19.62 square kilometers, presumably due to continuing development operations. Roypura and Narsingdi Sadar 

have experienced rapid urbanization, with built-up areas expanding from 26.56 to 104.10 square kilometers and 

17.29 to 94.68 square kilometers, respectively. Similar rising patterns have been recorded in Shibpur and 

Monohordi, indicating district-wide infrastructure expansion. All subdistricts lost significant amounts of 

vegetation. Palash experienced the highest reduction, dropping from 85.87 to 58.78 square kilometers, while 

Roypura lost approximately 48 square kilometers of vegetative cover. The significant decrease of vegetation 

underscores the demands of agricultural intensification and settlement growth. 

 
 

 
 

Figure 4.  Spatial changes of LULC at sub-district level. 

 

3.3 Future Land Use/Land Cover and Land Surface Temperature Prediction 

Figure 5 depicts the temporal changes in land cover classes (Water Bodies, Barren Lands, Built-Up Areas, and 

Vegetation) and average Land Surface Temperature (LST) in 2005, 2015, and 2025, as well as future projections 

for 2035 and 2045. The trends were projected linearly from observed changes in 2005, 2015, and 2025. The 

study predicts that built-up areas will grow from 58.79 km² in 2005 to 302.90 km² in 2025, reaching 436.7 km² 

by 2035 and 570.5 km² by 2045.  

 

  

Figure 5.  LULC and LST trends and predictions. 

This tendency shows rapid urbanization, which will most likely contribute to future environmental stress. 

Vegetation cover has decreased from 941.97 km² in 2005 to 757.04 km² in 2025, with further projections of 

740.4 km² by 2035 and 723.8 km² by 2045. This shows that there are continuous deforestation or land change 

processes. Water bodies are estimated to drop steadily from 69.55 km² in 2005 to 47.22 km² in 2025, with further 

decreases to 35.9 km² and 24.6 km² by 2045, indicating potential water resource loss or encroachment. Barren 

lands increased from 2005 to 2015 but fluctuated. Projections show a minor comeback to 96.1 km² in 2035 and 

131.1 km² in 2045, indicating potential land degradation or abandonment trends. The average land surface 
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temperature (LST) rose from 24°C in 2005 to 31°C in 2025, and it is expected to climb even further to 32.5°C in 

2035 and 34°C by 2045. This strong relationship between increasing built-up area and rising LST highlights the 

urban heat island effect, implying that ongoing urban growth without mitigation may increase local climate 

warming. 

 

4. Conclusions 

 

Urbanization in Narsingdi District has dramatically altered land cover and raised land surface temperatures, with 

additional warming expected by 2045. Built-up areas have swiftly grown in Roypura and Narsingdi Sadar, 

displacing vegetation and water bodies. A high negative association between vegetation cover and LST suggests 

that the loss of green space is a significant contributor to rising temperatures. The intensification of heat 

signatures reflects the increasing prevalence of impermeable surfaces. These changes necessitate immediate 

sustainable urban development that incorporates green infrastructure and ecosystem preservation to improve 

climate resilience (Tabassum et al., 2023). However, this study is limited by the use of medium-resolution 

Landsat data and the assumption of linear change in future projections, which may not fully represent complex 

urban growth dynamics. Future research should employ higher-resolution datasets and advanced modeling 

approaches such as the CA–Markov model or cellular automata-based simulations to improve the accuracy of 

LULC–LST predictions. 
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