
Proceedings of International Conference on Civil Engineering Research & Innovations, 12 - 14 December 2025,      

Rajshahi University of Engineering & Technology, Rajshahi, Bangladesh 

2422 

Paper ID: 864 

Investigating Effects of Urban Form on the Urban Heat Island Effect in Mega City of 

Bangladesh: A Case Study of Chattogram 
 

M M M. Billah1, G. Morsad2, M A. Zowad3, M. A. H. Prodhan1, M. M. Billah4 
 

1Department of Urban and Regional Planning, CUET, Bangladesh (ahsanhbd99@gmail.com; 

mustakim.billah.m98@gmail.com) 
2BUET-Japan Institute of Disaster Prevention and Urban Safety, BUET, Bangladesh (gmorsadshams@gmail.com) 

3Institute of Appropriate Technology, IAT, BUET, Bangladesh (zowadzidan624@gmail.com) 
4Department of Water Resources Development, IWFM, BUET, Bangladesh (mmasum18.glm@bu.ac.bd) 

 

Abstract 
 

This paper explores the impact of urban form on the UHI effect in Chittagong City Corporation, Bangladesh, 

studying the relationship between land surface temperature and several spatial indicators. The impact of six 

primary components, namely land use, human activity, surface indices, street and building indicators, and 

ecological infrastructure, on LST was estimated applying Landsat 8 satellite imagery and spatial regression 

models. Results indicated that built-up areas, including residential, commercial, and industrial areas, have 

contributed to increasing LST significantly, while rural land does not show any contribution. Surface indices 

such as the Normalized Difference Moisture Index and Normalized Difference Built-up Index showed the largest 

association with LST among the indicators, pointing out the crucial role of moisture condition and built intensity. 

While built-form density and human activities are associated with increasing temperature, natural factors such as 

vegetation and water bodies have a larger effect. The study concludes that improving green infrastructure and 

maximizing the spatial arrangement of natural features may be more effective in reducing heat in urban areas 

than focusing only on the management of urban density or human activities. 
 

Keywords: Urban Heat Island (UHI); Land Surface Temperature (LST); Urban Form; Spatial Regression; 

Chittagong City Corporation  
 

1 Introduction 

 

Urbanization is defined as the process of altering land use, wherein people gets concentrated in towns and cities, 

symbolizing economic and social development(Kotharkar et al., 2019). The earth's biosphere has gone through 

climatic change recently due to urbanization. It is deduced from the research of scientists that the greenhouse 

gases emitted by human activities, including the use of air conditioning for thermal comfort, will continue to 

raise the world temperature in the coming decades. It has been shown that the local climate is directly affected 

when global temperature increases. The Urban Heat Island phenomenon (UHI) is the effect of the increase in 

temperature in urban areas at a much faster rate compared to the surrounding rural areas. Metropolitan heat 

island effect (UHI) relates to the phenomena wherein urban areas are warmer than the rural areas around 

them(Feyisa, 2014; Huang, 2011; Li, 2012; Voogt, 2003). 

 

The notion of urban heat island or UHI, in which urban regions grow warmer than rural areas, was first recorded 

in the temperate zone (Radhi, 2013) zone. "Urban heat island" (UHI) effect is a frequently used word that refers 

to the propensity of metropolitan areas to experience greater outdoor air temperatures compared to the 

surrounding countryside. Recent years have witnessed an increase in study on UHI mitigation, especially in the 

context of rising temperatures. UHI is a well-recognized signal of significant human-caused rising temperatures 

on Earth. It is a characteristic that suggests metropolitan zones have higher temperatures than similarly elevated 

rural areas. As a result of the fast growth of urbanization, there is no apparent distinction among urban and rural 

regions; yet, The town and the metropolis are at different temperatures. It frequently poses the longest urban life 

threat on record. Due to increased energy consumption and human activity, high population density locations 

have a greater LST than low population density areas(Sun et al., 2019). 

Due to land use change, developing nations have seen a fast expansion in urbanization, with South Asia, Latin 

America, and sub-Saharan Africa among the hotspots. South Asia has one of the highest rates of urbanization, 

with more than 15% of the world's population living in cities. This research aims to quantify the effects of urban 

form on the urban heat island effects. To fulfill the goal of this research some specific objectives were identified, 

To identify urban form metrics influence the UHI effect and to develop a spatial regression model for estimating 

UHI. The study area of Chittagong refers to the largest cities in Bangladesh, Chittagong, the second largest city, 

is located in the southeastern part of the country and CCC covers an area of approximately 172 square 

kilometers. With its rapidly growing population and urbanization, Chittagong have experiences high 
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temperatures year-round, and This issue is exacerbated by the urban heat island effect, which causes 

metropolitan areas to be warmer than their rural surrounds. 

 

2 Methodology 

2.1 Land Surface Temperature (LST) 

LST was derived from cloud-free Landsat 8 TIRS Band 10 imagery (22 May 2023), sourced from USGS. After 

radiometric and geometric correction, the data was resampled to 30m resolution. LST was calculated using the 

following equation: 

 
2.2 Urban Indicators 

Indicator Formula / Description 

SCR (Street Cover Ratio) % of street cover / total area 

BCR (Building Cover Ratio) % of building cover / total area 

POID (POI Density) Number of POIs / total area 

PD (Population Density) PU / LU where PU = Urban population, LU = Urban land 

Distance to Waterbody (DW) Euclidean distance to nearest waterbody 

Distance to Open Space (DO) Euclidean distance to nearest open space 

Surface indices 

Index Formula 

Normalized Difference Vegetation Index 

 
Normalized Distinction Built-up Index 

 
Normalized Difference Moisture Index 

 

2.3 Land use indicator 

Land use percentage was calculated for five categories: Residential, Commercial, Industrial, Mixed, and 

Agricultural. 

 
2.4 Spatial autocorrelation & Spatial regression models 

To account for spatial dependency, Tobler’s first law was applied. Correlation analysis and VIF (< 5) checked 

multicollinearity. A 5-fold cross-validation ensured model robustness. Only models with p < 0.05, Adjusted R² > 

0.70, and significant F-statistics were considered valid. The connection between LST and its influencing 

elements in Chittagong. The primary objective was to select in advance a subset of explanatory variables for the 

UHI impact study using a typical bivariate regression model. The bivariate regression model explores the 

connection between two variables, one of which is the dependent (outcome) variable and the other the 

independent (predictor) variable. The objective of bivariate regression is to establish the linear connection 

between the two variables and to make predictions about the dependent variable based on the values of the 

independent variable. The bivariate regression equation is represented as: 

 
where Y represents the dependent variable, x represents the independent variable, 0 represents the intercept, 1 

represents the slope, and represents the error term. Calculated using regression analysis, the coefficients (0 and 1) 

may be utilized to create predictions about y based on x values.  
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3 Result & Discussion 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Indicators of Urban Forms 

 

This correlation matrix gives the correlation coefficient between different variables. These correlations indicate 

that the variable "BCR" (Building Coverage Ratio) is negatively correlated with the NDVI (Normalized 

Difference Vegetation Index) and NDMI (Normalized Difference Moisture Index) variables and positively 

correlated with the amount of residential, commercial, industrial and population. It is positively correlated with 

the POID (population density), LST (Land Surface Temperature), and NDBI (Normalized Difference Built-Up 

Index) variables.. 
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3.1 Influence of Land Use on Land Surface Temperature (LST) 

Bivariate regression analysis was done to analyze the relationship between different land use categories with 

LST in Chittagong City Corporation. The various categories of land use considered are residential, commercial, 

agricultural, industrial, and mixed lands. Among them, agricultural land use had the maximum correlation with 

an adjusted R-squared value of 0.1839. However, this model also suggests that only a small percentage of 

variation in LST could be explained by the amount of agricultural land. 

However, other land use types like residential (0.072), commercial and industrial (both 0.022), and mixed land 

use (0.021) showed significantly smaller correlations, meaning these land uses could not explain much about the 

variation in LST changes seen in Chittagong. Moreover, the agricultural land use model exhibited a very high p-

value of 0.999 and an insignificant R-squared value of 9.945e-11, indicating that it is not a statistically 

significant predictor for LST in the area. 

3.2 Influence of Street and Building Indicators on LST 

Among the street-related and built environment metrics, Road Width, SCR, and BCR were analyzed for their 

impact on LST. Road width alone explained 1.739% of the variance in LST for Chittagong City Corporation, 

thus returning relatively low R-squared values. BCR, with an R-squared value of 0.08287, showed a slightly 

better explanatory power, hence indicating that built-up density had a more marked but nonetheless limited 

influence on surface temperature. Despite low R-squared values, the p-values of these markers were statistically 

significant, therefore indicating a substantial but weak relationship with LST. 

3.3 Influence of Human Activity on LST 

Using factors including Point of Interest Density (POID), population density, distance to water surfaces, and 

distance to open spaces, this section investigates the effects of human activity on LST. With an R-squared value 

of 0.2309, POID in Chittagong demonstrated the greatest correlation with LST, indicating that regions with high 

levels of human activity typically have higher surface temperatures. There was a somewhat substantial 

correlation with population density (R-squared = 0.1866). On the other hand, there were very weak correlations 

between the distance to water surfaces and open spaces; the distance to water surfaces had a minimal R-squared 

value of 0.01145. These results demonstrate how human activities and urban density affect LST patterns in 

metropolitan areas. 

3.4 Influence of Surface Indices on LST 

NDVI, NDBI, and NDMI are some of the many surface indices derived from remote sensing data. The NDVI 

and LST for Chittagong City Corporation showed a very poor association, with a very low R-squared value of 

just 0.0076, indicating that vegetation cover had little effect on LST changes in this situation. On the other hand, 

NDBI and NDMI revealed higher correlations with R-squared values of 0.3591. Such results indicate that surface 

temperature is apparently heavily influenced by the intensity of the built-up (which is represented by NDBI) and 

conditions of surface moisture (which is represented by NDMI). Above all, the p-values of all the indices were 

less than 0.001, indicating their statistical significance. 
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Figure 2: Bivariate linear regression 

5 Conclusion 

This research applied bivariate regression methods to analyze how urban structure influenced LST within the 

Chittagong City Corporation. Ecological and environmental indices like NDVI, NDMI, MNDWI, NDBI, WCR, 

and GCR became the most important contributors in explaining LST variation when the urban structure was 

divided into six components. Although agricultural regions did not contribute at all, the built-up land uses like 

residential, commercial, industrial, and mixed-use sectors depicted a positive correlation with temperature 

increase. Though building attributes and human activity were also contributing factors for rising temperature, 

their relation was not as prominent as that of environmental indicators. 

The findings indicated that enhancement of ecological infrastructure, especially with more vegetation and water 

bodies, would be more effective in reducing urban heat compared to transportation or human settlement pattern 

changes. Urban planners in Chittagong should focus on maximizing the spatial arrangement of natural and 

constructed surroundings rather than changes related to human activities in order to raise the level of thermal 

comfort in high-density zones. 
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