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Abstract 

 

Land surface temperature (LST) with high spatial and temporal resolution is a significant 

parameter for Urban Heat Island (UHI) determination. Moreover, such data are not currently 

available due to sensor design or compromises between temporal and spatial resolution. 

Therefore, development and corroboration of certain data are highly valuable. Landsat and 

Moderate Resolution Imaging Spectroradiometer (MODIS) data are frequently fused to 

produce Landsat like imagery using the spatiotemporal fusion technique, which may be used 

to increase spatiotemporal resolution. However, integrated MODIS and Landsat satellite 

datasets for LST estimation is still a unique approach for Dhaka, Bangladesh. This study 

evaluated the effectiveness of using multi-temporal and multi-spatial satellite imagery for 

assessing the intensity of Dhaka city’s UHI from 2011 to 2022. To obtain the seasonal changes 

and ensure frequent monitoring, the UHI was estimated for the Winter to Summer transitional 

period (January to May) of year 2011 and 2022, respectively. The study demonstrates the 

usefulness of combining MODIS and Landsat (5TM and 9 TIRS /OLI) to obtain high spatial 

and temporal resolution imagery required for accurate UHI estimation. The Spatial and 

Temporal Adaptive Reflectance Fusion Model (STARFM) was used to fuse the satellite 

imagery, which generated synthetic Landsat imagery by applying the STARFM algorithm to 

MODIS daily datasets. These synthetic images, along with the original Landsat images, used 

to calculate the LST of Dhaka for the respective seasons and years. Human activities 

continuously influence the land use. It is important to observe and detect the changes of land 

use to protect and sustain the environment. Dhaka megacity is considered one of the most 

populous cities in the world, which is the capital of Bangladesh. The study also focused on the 

dynamic changes in land use which substantially transformed to urban area between the years 

2011 and 2022. Population and housing Census for the respective years has been used to 

explore the transformation trends of land use within the city. This study also attempts to 

investigate the interaction between population growth and land use changing patterns, 

especially examining the density of population and their distribution within the study period. 

Within this investigation, land use has been categorised into four distinct feature classes: built 

areas, greenspaces, water bodies and bare soil. Within the limit of this study, an accuracy 

assessment has been carried out to ensure accuracy and clarity of the classified maps illustrating 

land use and land cover. Between year 2011 to 2022, the built-up area within Dhaka has 

experienced a notable increase of 24.9%, contrarily, there has been a significant decline of -

7.36% in greenspaces, -2.48% in water bodies and    -15.06 % in bare land. Dense vegetation 

cover has declined and very few has replaced with moderate vegetation rather than built area. 

The study’s findings provide a concise and accurate depiction of the urban growth of Dhaka 

over the past twelve years. The results shed light on the modifications, expansions, and 

developments of Dhaka’s thana scale landscape that observed within this study period. 
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1.CHAPTER ONE - INTRODUCTION 

 

Urban Heat Islands (UHIs) have arisen as a major problem in urban environments across the 

world, aggravating the effects of climate change and providing a variety of difficulties to the 

well-being and sustainability of city people. As one of the world's fastest-growing megacities, 

Dhaka, Bangladesh's capital, is facing mounting challenges related to UHI impacts caused by 

rapid urbanisation, population increase, and inadequate infrastructure. It is important to 

comprehend the dynamics of urban heat island (UHI) and its susceptibility in Dhaka in order 

to develop mitigation and adaptation methods that effectively promote a robust and 

environmentally friendly urban environment. 

This chapter examines numerous characteristics present and prior academic research that are 

significant to current topic. The chapter contextualises the study, examines the methodologies 

used, and logically connects the advantages and disadvantages of each evaluated approach. 

Additionally, the literature review demonstrates the project's scientific and general demands, 

producing a knowledge basis for research assessment and documentation. 

subsequently, several of the study questions included in the research goals are introduced. 

 

Dhaka, the capital of Bangladesh is one of the fastest growing megacities experiencing higher 

temperature over the last decade depicted by hot summer days and daytime scorching heat 

(Islam, 2008; Uddin, et al, 2022). Annual daytime temperature of Dhaka has increased by 2.74 

degree Celsius in last 20 years (Dewan, A, et al, 2021), whilst the world fights to keep rising 

temperatures to less than 1.5 degrees Celsius (UNEP,2015). Several variables have been 

considered for the increasing temperature in Dhaka (Uddin, et al, 2022; Parvin et al, 2017; 

Abrar R, 2022) but one factor that is recurrently focused by the researchers, is the phenomenon 

known as Urban Heat Island (UHI) effect (Oke, et al., 2017; Tomlinson, C.J, et al, 2012; 

Tashnim, et al, 2016;). UHI is one of the most important environmental issues which is related 
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to urban climate and sustainability of the cities (Liu et al., 2020). However, the heat in urban 

area is normally apparent at night, paradoxical diurnal behaviour also noticed in urban heat 

island (Dewan, A., et al, 2021).  

Urban microclimate variation is generally related with the urban heat island (UHI) which is 

considered as the phenomenon of intense heat occurring in urban areas than to its surrounding 

rural areas (Oke, et al., 2017). Changing in natural surfaces and increased uses of heat reflective 

building materials reducing heat evaporation and transformation rates, exacerbates UHI 

phenomenon. It’s also modifying microclimate, airflow as well as atmosphere and causing UHI 

(Karakuş, 2019), is studied in many cities regardless of their locations, size, and different 

degrees. Population density is one of the other causes of UHI in a conurbation (Oke et al.,2017) 

which is associated with releasing of anthropogenic heat (Smith et al. 2009). Many studies have 

found that UHI can vary in air temperature from 20C to 150C (Aflaki et al,2017). A UHI impact 

specifically influences human thermal comfort and increases the energy consumption in the 

cities for cooling in summer (Raja et al., 2021), causes less dense fogs in winter and increase 

chemical oriented smog (Oke, 2017).  UN Habitat (2022) reported that 78% of global energies 

consumed by the cities and producing 60% of the greenhouse gas emission. Germination and 

proper growth of plants take longer time in urban area than the rural due to effect of UHI (Ishola 

et al., 2016). 

 Air temperature experienced in UHIs are usually higher at night and lower at daytime 

(Bohnenstengel et al., 2014). From a health perspective, this is increasing diseases such as 

respiratory problem, physical distress, heatstroke, heat cramps and exhaustion and heat related 

mortality (US-EPA, 2017). Elderly people who are at high risk of illness, workers whose 

exposure to heat, homeless populations are the sufferers of UHI effects (Hsu, et al., 2021; Han, 

D et al., 2023), however most of the thermal impact research has been carried out in 

industrialised countries located in the mid-latitudes, whereas little is known about the heat 

related mortality in less developed, particularly in tropical countries  (Burkart et al., 2021) like 

Bangladesh. Heat exposure increases total days of hospitalisation, which caused an increase in 

the amount of hospital admissions and severity of disease in Adelaide, Australia (Liu, J et al., 

2022). Total urban area of the world has extended by 168% since 2001 to 2018, which is mostly 

high in in Asia and Africa (Dewan A, et al., 2021).  A recent study shows that 60% of Dhaka 

city is urbanized with built-up area and rest of the areas are consisting of low vegetation and 

water (Abrar R, 2022).  
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According to the most recent World Population Review report, Dhaka is the sixth most 

populous city in the world with a population density of 23,234 people per square kilometre as 

of 2022. In reference to the latest Census of Bangladesh, total urban population in Dhaka city 

is 11.22 million (BBS, 2022). Dhaka’s population has drastically increased from 2.2 to 10 

million from 1975 to 2015 (Karim, 2024; Islam, et al.,2022). The increased population and 

urban area caused the changing of land use from permeable to impermeable which significantly 

increase the temperature of the city. (Corner, J., et al, 2014). Many studies indicated a positive 

correlation between impermeable area and land surface temperature (LST) of the city (Karakuş, 

2019; Zou, Z. et al., 2021). More than half of the inhabitants living in informal housing in 

Bangladesh where 35% of population lives in slum in Dhaka (Ahmed, 2014). They have limited 

opportunity to sustain with thermal comfort, weather related sickness and mortality (Uddin, et 

al., 2022). Typhoid fever (Chua, et al., 2021), dengue fever (Imai, C., et al, 2015) and other 

infectious diseases are the evidence of the heat effects in Dhaka (Ali, S., et al, 2022). The city 

experienced a temperature of 41.2 degree Celsius on 25th April 2021, which was recorded as 

the highest in a decade. Dhaka has continuously the focus of researcher for various significant 

challenges are progressively affecting Bangladesh. 

There are multiple approaches to observe and estimate the UHI effect (Ishola, et al., 2016). 

Structural design and configuration of land use and land cover has high impact on UHI (Guo 

G. etal.,2015; Hsu, et al., 2021). The UHI of a region or area can be assessed using various 

methods which includes portable thermal camera, authorised database, ground temperature 

from weather stations, and remotely sensed datasets (Weng, Q. et al., 2014). Several studies 

(Dewan A, et al, 2021 ; Padmanaban, 2019)used multiple data sources to enhance this 

information from both at the ground level and atmosphere to measure UHI and surface urban 

heat island (SUHI).Although the influence is stronger in the summer and winter, this range of 

sources provides access to data collected throughout the day or night (Santamouris, 2014). 

Earth observation systems and satellite images has been comprehensively used to research the 

characteristics of urban climate change. The key point of using remotely sensed satellite image 

is that it can monitor surface UHI in efficient way and across multi spectral and various spatial 

scales (Varentsov et al., 2019; Padmanaban, 2019). Land surface temperature (LST) is 

considered as an important parameter of physics and the climate system from local area to 

global scales (Zhao C. et al., 2018). The land surface where the incoming solar energy interacts 

with and heats the ground or the surface of the canopy in vegetated regions is where LST 

detects the emission of thermal radiation (Khan A. et al, 2019).  
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The use of satellite imagery to model land use dynamics, land surface temperatures and isolate 

heat hotspots over time has proved very significant in UHI studies because it can generate 

accurate results over very large geographical extents thereby providing timely and cost-

efficient results (Deilami et al., 2018).  However, most studies conducted focus on the use of 

single satellite imagery for a single period (Abrar et al., 2022), or the use of two satellite 

imagery over two short periods of time (Parvin, 2017). An attempt at exploring the use of 

extensive datasets for UHI estimation such as the case of Birmingham city UK (Tomlinson, et 

al., 2012) have shown great accuracy comparable to ground based measurements. It is 

noteworthy that because of climate dynamics, accurate modelling of UHI requires near-timely 

datasets as compared to isolated days in a month. However, for the case of Dhaka megacity 

with minimal daily to weekly climate variations, a similar temporal dataset can accurate UHI 

modelling. The use of extensive datasets further increases the reliability of UHI models in 

supporting decision making.  

The feasibility of using more than two satellite imagery in a month to assess UHI vulnerabilities 

in Dhaka city is still an open research area. This study aims to fuse MODIS datasets, which is 

high in temporal resolution with the Landsat data which although better in spatial resolution, 

they have poor spectral resolution. MODIS daily-time (MOD11A1) datasets are used to 

estimate the LST for Dhaka. Fusion of MODIS and LANDSAT different series (5,9) of datasets 

has done to increase the granularity of the LST produced. 

However, to the best of our knowledge, the use of integrated multi-temporal and multi-spatial 

remote sensing data for UHI estimation for Dhaka is novel. 

In this study, we aim to assess the use of multi-temporal and multi-spectral satellite imagery 

for UHI vulnerability of Dhaka city from 2011 to 2022. The selected years correspond the 

respective censuses. To properly understand the seasonal changes in the study area and ensure 

frequent monitoring, we estimated UHI for Dhaka’s winter (Jan/Feb) and summer seasons 

(March-May) in 2011 and 2022 respectively. The study demonstrated the utility of fusing 

MODIS and Landsat 5 and 9 to obtain imagery with both high spatial and temporal resolutions 

necessary for accurate UHI estimation. Ground climate datasets about Dhaka city provided the 

surface air temperatures for comparison and accuracy assessment. The study results will assist 

policy makers, urban planners, and the community to effectively monitor UHI and related 

public health hazards and contribute to the UN’s Sustainable Development Goals 11 and 13. 
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1.1 Background of the study 

 

According to the United Nations Department of Economic and Social Affairs projections, 

nearly seven out of ten people will be living in an urban area by the year 2050 (UN, 2018). 

This translates to about 2.5 billion people added to the current urban population and nearly 2.25 

billion people (90%) filling urban areas in Asia and Africa largely because of their current low 

levels of urbanization. Urban footprints will therefore significantly increase, altering the 

environmental and ecological habitats of previously undisturbed areas. The magnitude of 

ensuring risks to climate, health and safety of the communes are disastrous if not properly 

understood and contained. In Asian continent for instance, much as her rural population are 

high, several of her major cities have populations in excess of thirteen million people such as 

over seven cities in China (Wang et al., 2019), Mumbai city in India (Vinayak et al., 2021), 

Istanbul city in Turkey (Halicioglu et al., 2021) and Dhaka city is Bangladesh (Yin et al., 2021). 

These cities must contend with both rural-urban migration problems and the devastating 

consequences of urbanization.  

Urban Heat Islands (UHIs) have arisen as a major problem in urban environments across the 

world, aggravating the effects of climate change and providing a variety of difficulties to the 

well-being and sustainability of city people. UHIs phenomenon is characterised by inner cities 

becoming far warmer than the rural urban peripheries at night. This is because, during day, the 

concrete and steel materials of the cities absorb and retain much daytime heat and dissipates 

the heat at night. Consequently, urban dwellers feel much warmer at night compared to other 

dwellers surrounding the urban areas. The changing climatic conditions resulting into higher 

temperatures or prolonged heat seasons can compound UHI effect on urban areas and has the 

potential of causing several heat related illnesses such as burns, heat exhaustion and heat stroke, 

when the body cannot adequately cool itself through sweating and heat dissipation. 

Additionally, UHI may worsen other illnesses such as diabetes, respiratory problems, kidney 

disorders and mental health, because the affected individuals may find it more difficult to 

manage their condition in higher temperatures. 

 

In Dhaka city, the effect of climate change has the potential of undercutting urbanisation 

progress by endangering the social and environmental safety of the communities through 

increased risks of urban heat islands (UHI), floods, droughts, traffic congestion and poor air 

quality. Several studies have reported the existence of UHI in Dhaka (Abrar et al., 2022; 
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Maharjan et al., 2021; Raja et al., 2021) and adverse effects of extreme heat waves in 2002 

(Karim et al., 2024; Wu et al., 2018) and from 2003 to 2014 (Sultana et al., 2020). Dhaka’s 

high population density, poorly planned buildings and infrastructural developments makes it 

most susceptible to heat-related illness, compounded by climate change. It also makes it a great 

potential source of man-made climate-change contributors through increased emission of 

greenhouse gases.  

 

In mitigating the devastating impacts on the health of UHI Dhaka city dwellers, several 

approaches have been employed. Prominent among the studies is the use of satellite imagery 

to model land use dynamics, land surface temperatures and isolate heat hotspots overtime. The 

use of satellite imagery has proved very significant because once augmented with ground-based 

datasets, it can generate accurate results over very large geographical extents thereby providing 

timely and cost-efficient results. The feasibility of using two or more satellite imagery spanning 

twenty years or more to assess land cover and LST dynamics remains an open research area. 

More so, given that climate change is a recent phenomenon, assessing the vulnerability of 

Dhaka city dwellers to heat-related illness over such time periods can provide valuable insights 

into the contributions of climate change and non-climate change contributors.  

Landsat, EOS MODIS, AVHRR are continuously used to derived land surface temperature 

(LST) to determine UHIs (NASA,2022). Landsat data have proven its necessity in monitoring 

LST; however, its 16-day revisit cycle is a limitation of the application of Landsat for rapid 

changes of surface and land surface temperature (Zhao G., et al., 2020; Guan X., et al., 2021). 

Landsat overpasses Bangladesh in the morning hours which is 10.30 am at morning (USGS-

Landsat) according to Bangladesh local time (GMT+6), so Landsat data is not adequate to 

provide a real picture of UHI which sometimes intensifies at the end of the day (Guo G. et al., 

2015). In some region which are prone to rain during summer, the cloud cover is high in 

satellite images with moderate high resolution, such as Landsat (Guan X., et al, 2021). One 

solution is to integrate the temporal resolution sensor such as Moderate Resolution Imaging 

spectroradiometer (MODIS) with the spatial resolution of Landsat (Walker, J., et al, 2012; 

Hazaymeh et al., 2015; Long, D et al.,2020). 

Ground-based measurements, however, are limited to providing high temporal resolution of 

the atmospheric state of the region being studied (Weng, Q et al., 2014) and are not able to 

give large geographical coverage for a limited amount of time. Researching, tracking, and 

getting the spatial features of the changes in land cover and the LST of different cities is 
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made easier by the remotely sensed measurement approach, which can be used to characterise 

and quantify the UHI on multi-temporal scales (Long, D et al.,2020 ; Guan X., et al, 2021). 

Estimating the energy balance and surface heating is aided by having a solid grasp of how the 

LST varies over various surfaces.  

In this study, we aim to assess the heat vulnerability of Dhaka city from 2002 to 2022 using 

multi-temporal and multi-spectral satellite imagery.  The study will utilise satellite optical 

imagery from Landsat 5 TM, Landsat 9 and Sentinel-2 to quantify land cover changes over a 

twenty-year period and determine the land surface temperature of subsequent years. Ground 

climate datasets about Dhaka city will provide the needed surface air temperatures for the study. 

The study results will assist local public health experts and policy makers, urban planners, and 

the community to effectively monitor public UHI and related public health hazards and 

contribute to the UN’s Sustainable Development Goals 11 and 13. 

 

1.2 Problem statement 

 

The urban heat island (UHI) phenomenon in Dhaka poses a variety of issues, including 

higher energy consumption for cooling purposes, an increased risk of heat-related diseases, 

and decreased agricultural production in outskirts of cities regions. As a result, thorough 

study is desperately needed to determine how vulnerable Dhaka is to the effects of UHI and 

to create focused solutions that would lessen its negative consequences. By using cutting-

edge remote sensing methods and geographical analysis to track and assess Dhaka Mega 

City's UHI sensitivity, this study seeks to close this gap.  

 

1.3 Aim of the study 

The study aims to assess the urban heat island intensity of Dhaka city using multi-temporal and 

multi-spectral satellite imagery.  

1.3.1 Objectives 

The objectives of the study are to: 

i. Quantify the land use land cover changes over Dhaka city from 2011 to 2022. 

ii. Estimate the urban heat island of Dhaka city and its change over time using multi-

temporal satellite imagery, census, and ground weather data. 
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iii. Determine the significant land use land cover variables for heat vulnerability in Dhaka 

City.  

iv. Recommend adaptability measures for heat vulnerability interventions in Dhaka City. 

 

 1.3.2 Research questions 

1. How have spatial patterns of UHI and heatwaves evolved over the study period in 

Dhaka? 

2. How much land use and land cover changes over the study period? 

3. How do land use/land cover factors relate to the geographical distributions of UHI 

susceptibility within Dhaka Mega City as indicated by multi-spectral satellite imagery? 

 

1.4 Study area 

 

Dhaka is in South Asia (figure 1), positioned along the bank of the Buriganga River, and its 

geographical coordinates are approximately 230 42’ N latitude and 900 22’ longitude. The city 

is also near other water bodies such as the Sita Lakshya River, Turag River, Balu River, and 

Tongi canal. The regional topography of the city is characterised by flat and low- lying land 

surface with an elevation of 1 to 14m above the sea level where most of the built-up areas 

situated at 6-8m (FAP 8A,1991; Kafy et al., 2021). There are three distinct seasons are 

experiencing within the city, hot and dry summer Mar- May, monsoon rainy season from Jun-

Oct, cool and dry winter from Nov-Feb (Corner, J. et al., 2014). Dhaka is comprising with two 

municipalities: Dhaka South City Corporation (DSCC), which has 90 wards, and Dhaka North 

City Corporation (DNCC), which has 54 wards. The city comprises with 53 thanas 

(administrative unit such as parish) covering all these wards.  

According to Dhaka South and North City Corporation, the total area of Dhaka metropolitan 

area is 1528 square kilometres, and the built-up megacity (study area) covering an area of 306.4 

sq.km. The city is the capital of Bangladesh's and most densely populated city with 33591 

residents /sq.km. Dhaka is considered one of the largest metropolises in South Asia.  Based on 

the preliminary report of the population housing census, it has been indicated that the 

population of the country’s capital city, Dhaka, stands at 10.2 million (1,02,78,882 individuals), 

this figure represents a notable growth, approximately 1.5 times higher than the population of 
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about 7 million (69,70,105) recorded in 2011 census (BBS, 2023). According to the Mayor of 

Dhaka North city corporation DNCC, 2000 people move to Dhaka from other rural areas of the 

country every day. Some previous study reported that Dhaka’s population reached to 22 million 

(NASA 2022; Macrotrends, 2023; Masrur et al., 2022).  Expansion of Dhaka has been largely 

influenced by its elevation, higher population, and economic development.  

The city also presents a prospective research topic for Urban Heat Island (UHI) studies due to 

its distinctive combination of meteorological, socioeconomic, and physical factors. The city 

Dhaka, among the world's most populated cities, is fast developing and witnessing significant 

urbanisation, which has influenced land-use patterns and increased impervious surfaces. 

Because of these changes, urban heat islands are expanding, which also contributes to the 

formation of local microclimates. The city's topography, which consists of open regions, 

narrow streets, and high-rise buildings, also influences the spatial distribution of temperature 

variations. 

Investigating Dhaka's urban heat island (UHI) may provide insights into the intricate 

relationships between urban form, changes in land use, and climatic conditions. Dhaka’s 

climate is tropical monsoon.  There are three different seasons in this geographical location. 

Summer, rainy and winter. Summer season is hot and dry which lasts from March to May, June 

to October is rainy season and November to February considered as dry and cold winter 

(Corner, J. et al.,2014). 
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Figure 1: Study area Dhaka Megacity, Source: CEGIS, 2023. 

1.7.1 Weather in Dhaka 

 

It is notable that there is always temperature rise from January to April, and then the 

temperature starts to drop in May as the season transitions to fall. However, in some years such 

as 2011, 2012, 2015, 2017, 2019 and 2020, temperatures in May were higher than April. From 

experience of the city’s temperature, the lower half of May is usually hotter than April while 

temperatures begin dropping towards the end of the month. This attributes to general lower 

average temperatures in May as compared to April. However, as reported in Parvin et., al 

(2017), there are cases where daily temperatures of Dhaka have exceeded the 40-degree Celsius 

mark, for instance in 2014 where the city experienced temperatures at 42.2 0C. (Figure 2,3,4, 

and 5) provide the chart representation of the daily average temperature and rainfall variation 

of Dhaka in 2011 and 2022, respectively. 
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Figure 2 : Heat map of Dhaka from January to May daily temperature, 2011(Source: BMD) 

 

 

 

Figure 3: Rainfall of Dhaka_ January to May 2011(Source: BMD) 

 

 

Figure 4: Heat map of Dhaka_ January to May 2022 (Source: BMD) 
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Figure 5: Rainfall of Dhaka_ January to May 2022 (Source: BMD) 

 

From figures 3 and 5, it is evident that there is usually none or limited rainfall during the 

transition months of January and February, despite the low temperatures (figures 2 and 4) 

experienced in these months. This is attributed to the cool breeze from the previous winter 

season that is still felt in the two months. However, the months of April and May experiences 

rainfall on almost a daily basis yet showing higher temperatures greater than other months. 

This scenario is common in Dhaka in the months of April and May, where cyclones built from 

the Bay of Bengal makes landfall with devasting effects in Dhaka and the neighbouring cities. 

In the two years considered in this study, the cyclone impacted Dhaka on the 30th of May 2011 

and 20th April 2022 respectively. In 2022, a 60-mm rainfall was recorded as compared to 46mm 

recorded in 2011. Climate change effects could also likely be intensifying the cyclones and 

making them more frequent.   
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2. CHAPTER TWO -LITERATURE REVIEW  

 

2.1. Introduction 

This chapter examines numerous characteristics present and prior academic research that are 

significant to current topic of land use land cover (LULC) and urban heat island (UHI) 

modelling, with a specific focus on Dhaka. The chapter contextualises the study, examines the 

methodologies used, and logically connects the advantages and disadvantages of each 

evaluated approach. Additionally, the literature review demonstrates the project's scientific and 

general demands, producing a knowledge basis for research assessment and documentation. 

subsequently, several of the study questions included in the research goals are addressed. The 

review investigates the existing knowledge and identifies research to establish a seminal basis 

for current and future research. This is done by examining the methodologies used, and 

logically connecting the advantages and disadvantages of each evaluated approach. 

 

Dhaka became uncomfortable to live in due to its unplanned urbanisation and high population 

density. Urban expansion is increasingly changing the scenery. Land conversion to residential 

area, open and green landscapes have been replaced by carriageways and other infrastructure. 

Surface that was once permeable and moist becomes impenetrable and dry. Geographical 

expansion and current population growth have been made in a disproportionate manner. 

Dhaka’s water resources are already under stress (Moshfika et al., 2022) due to its uncontrolled 

expansion, which is already reducing the city's sustainability (Hossain, et al., 2018). The city 

and its sizable population are impacted by climate change and numerous meteorological 

phenomena. Heat stress is becoming increasingly common in the city for rapid and extensive 

urbanisation, which is a serious health hazard. In regard to sustainable development, scientists 

have pointed out the need of establish a balance between the needs of humans and those related 

to the environment. (Fonseca, et al., 2020).  

 

2.2 An overview of Urban Heat Island Phenomenon 

UHI is a condition that escalates with the size and demographics of an urban area. As a result, 

if people continue to live in the cities, the urban heat island issue will continue to get worsen. 
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The effects of UHI are strongly related to the patterns of climate change (Ivajnšič D. et al., 

2019), with the expectation that rising mean temperatures. It has more rapid and substantial 

impact on the physical and mental health of people live in urban area, particularly the elderly 

and obese. 

 

UHI arises with the anthropogenic activities which related to increase temperature in 

metropolitan areas in compared to neighbouring rural areas. It also depends on urbanization 

and land use changes (Xiang, Y et al., 2023; Oke et al., 1982). This effect is primarily driven 

by the replacement of natural surfaces with buildings, roads, and other heat-absorbing 

materials, leading to alterations in energy balance, heat retention, and atmospheric dynamics 

within urban environments (Figure 6). 

Since the 1980s, this phenomenon has been recognized and investigated. It is brought on by: 

 

• Physical properties of surfaces, including asphalt and concrete, absorb solar radiation 

instead of reflecting it.  

• Absence of naturally occurring absorbent surfaces, like vegetation, which helps 

preserve a steady energy balance in rural regions. 

• The strengthening of the vertical surface, which increases its surface area for receiving 

and reflecting solar radiation and blocks breezes that may otherwise cause the 

temperature to drop. 

• The primary sources of heat created by human activity include automobiles, industrial 

processes, heating and cooling facilities and constructions, etc.  

• High number of contaminants that change the radiative characteristics of the 

atmosphere. 
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Figure 6: Illustration of UHI development (WMO, 2020) 

There are many regional variables that make UHI severe in areas like South Asia. Cities in 

South Asia have seen significant changes in land use due to the region's fast urbanisation and 

population increase, including the transformation of once-forested landscapes into concrete 

jungles. Cities like Mumbai in India (Vinayak et al., 2021) and Dhaka, Bangladesh (Yin et al., 

2021) have a numerous high-rise buildings, pavements, and infrastructure that increased 

daytime heat absorption and release at nighttime. This has impacts on UHI. South Asian cities 

has high population density, and their anthropogenic activities produced more energy which 

contribute to UHI. These activities include industrial works, transportation, household energy 

consumption etc. 

UHI has wide ranging consequences in South Asia. Frequent heatwaves and their severity in 

cities are notable. Urban residents may be at risk for their health and well-being due to heat 

and UHI effects, especially vulnerable groups such as elderly, children, and people with other 

medical conditions (Fonseca et al., 2020). UHI could made the regional environment worse 

which would be more harmful for precipitation patterns, ecosystem, biodiversity and 

moreover increase air pollution (Wu et al., 2018). 

Urban planning, green infrastructure development and policy makers should work together to 

address UHI in local area as well as South Asia. More plantation for natural cooling, changes 

in rooftop design can boost low heat absorption. Energy effective building materials and 

pavement technologies can help to control UHI effects (Eastin et al., 2018). Citizen 

awareness and community engagement are essential for sustainable urban growth. 
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With the challenges of UHI, South Asia provides plenty of opportunities for innovation and 

collaboration to mitigate this serious issue. Governments, urban planners, scientist, and private 

sectors may work for regional collaboration to exchange knowledge, build capacity, and 

implement initiatives to address urban heat island impacts. To make their cities sustainable, 

adaptive, and liveable for the future, south Asian cities should integrate their plans, policy, and 

legislation. 

2.3 Urban Heat Island Dynamics 

Some of the variables that impact the dynamics of UHI are briefly discussed as follows. 

 

Impermeable feature: Urban areas are prone to have more impermeable features, such as 

roads, buildings, and pavement. These surfaces absorb sunlight during the day and hold the 

heat daylong and release them at night. Due to the release of heat at night, temperature within 

the city increase and contribute to the UHI. 

 

Decreased Vegetation: The process of urbanization frequently results in the elimination of 

grass and trees, which helps evapotranspiration to naturally cool the area. The cooling effect is 

lessened by this loss in foliage cover, which raises the temperature. 

 

Anthropogenic Heat: Heat is released into the environment by human activities including 

energy use, transportation, and industrial operations. This causes temperatures in metropolitan 

areas to rise even more.  

 

Density and Height of Buildings: Tall buildings and closely spaced urban buildings may 

hinder air circulation, trap heat, and form urban canyons where heat concentrates, all of which 

worsen the UHI impact.  

 

Thermal waste: During moments of peak energy usage, the heat load in metropolitan areas is 

increased by the heat produced by automobiles, air conditioning systems, and industrial 

activities.  

 

Urban Design: The extent of the UHI impact is influenced by elements such as building 

materials, roadway layout, especially the presence or lack of green areas. For instance, 
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roadways oriented in specific orientations could improve ventilation or heat retention. Solar 

radiation is absorbed by glass surfaces, particularly in areas like Dhaka that receive a lot of 

sunshine. This absorbed heat is subsequently reflected in the surrounding environment, 

contributing to increased temperatures in cities, especially in densely populated regions with 

nearby buildings. 

Urban Geometry: The features of an urban canyon (urban regions with roadways cutting 

through areas of dense structures may be found in urban geometry (Deng J. et al., 2020), which 

is made up of many components such as city blocks, walls, floors, and pavements Short-wave 

radiation can be trapped by urban canyons, preventing considerable amounts of it from 

escaping as long-wave radiation (Nasrollahi N. et al., 2023).  After sunset, canyons of the 

highway absorbed radiation and insufficient air flow lead the UHI to swiftly worsen (Vujovic 

S. et al.,2021).   

2.4 Urban Heat Island Characteristics in Dhaka City 

 

Urban heat island (UHI) existence in Dhaka has been studied in various academic research 

(Abrar et al., 2022; Maharajan et al., 2021; Raja et al., 2021); especially, extreme heat events 

in different periods which took place in 2002 (Karim et al., 2024; Wu et al., 2018) and from 

2003 to 2014 (Sultana et al., 2020). There is correlation in between climate change, 

environmental degradation, and unplanned urbanisation has shown with the UHI phenomenon 

in Dhaka city. Dhaka is considered one of the most populous cities in the world, experiencing 

exponential growth in its population and land use changes over the last few decades. It is 

continuously impacting on changing the microclimate and topography of the capital city 

(Sharmin et al., 2020). Green space has been disappeared by the replacement of concrete 

pavements, roads, housing, and industrial areas which increase heat absorption and holding it 

within the urban areas. 

 

Dhaka is sensitive to heat trapping characteristics as the city is situated in low-lying delta 

location. The city is also adjacent to agricultural areas which exacerbate this condition. 

Anthropogenic, geographical location and climatic influences are noticeable for the UHI of 

Dhaka (Raja et al., 2021). Lack of green spaces, elevated humidity and slow wind speeds amid 

summer season restrict natural cooling systems and increase accumulation of heat in cities, 

which intensify the impacts of UHI. 
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There are several repercussions of UHI within Dhaka that affect every part of city life. 

Particularly in the summer, the metropolis endures intense heat waves with temperatures that 

are significantly higher than those in rural regions (Abrar et al., 2022). Especially for poor 

people residing in slums and homeless with inadequate access to basic amenities and 

infrastructure, the extreme temperatures pose serious health hazards to them. It also Increase 

the risk of heat-related diseases and fatalities (Karim et al, 2024; Moshfika et al., 2022). 

Moreover, Dhaka’s energy use and air pollution become worse due to UHI. The increased 

consumption of power for cooling, which generally met by fans and air conditioners, results in 

higher energy use and raises greenhouse gas emissions. It contributes to climate change. In 

addition, heat-induced chemical reactions promote the development of urban air pollutants, 

intensifying Dhaka’s dwellers respiratory health concerns and other difficulties with air quality. 

It has put continuous pressure on the water resources of Dhaka (Moshfika et al., 2022). 

 

Resolving the UHI phenomenon in Dhaka requires collaborative and sustainable strategies with 

an emphasis on preservation of the environment and resilience in urban areas. Increased green 

spaces can lower the effects of UHI by fostering biodiversity, absorbing carbon dioxide and 

offering tree shade and fresh air (Irfeey et al., 2023). However, the use of effective urban 

planning, cool roof technology and sustainable construction materials could control heat 

absorption. It also enhances thermal comfort within the urban areas (Raja et al., 2021). 

Two types of components have significant influence on UHI formation. Firstly, manmade 

factors that are related to the length of the day light and secondly, natural effects (Zhou et al., 

2018; Mushtaha et al., 2021). Environment friendly transportation, climate-resilient 

infrastructure, and energy efficiency all these need to receive highest attention in policy 

interventions to reduce the effects of UHI in Dhaka. Promoting sustainable public 

transportation, pedestrian path, options will help reduce traffic congestion and automobile 

emissions, which will enhance air quality and reduce heat emissions (Manisalidis, I. et al., 

2020).  

2.5 Land Use Land Cover Changes and Urban Heat Island 

Urban land use classes such as industrial, residential and transportation continuously release 

heat which raises the intensity of UHI in a particular location (Liang, X et al., 2021; Oke et al., 

2004). Industrial areas increase anthropogenic heat which contributes to the intensity of UHI 
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in the canopy layer (Mohan M et al., 2020). Chimneys and roof tops also have the impact on 

enhancing the UHI in urban boundary layer (Oke, 2017). 

Urban areas are always in demand of additional structures to accommodate the growing 

population. However, permeable surfaces like vegetation or plantation should be replaced with 

impermeable surfaces such as asphalt, brick, and concrete (Martilli et al., 2020). One of the 

key influences on UHI production in urban environments is the ratio of vegetated surfaces to 

impervious surfaces (Dutta D., et al, 2021; Liang, X et al., 2021).  

Study shown that development of 10% impervious surface in the city, increased the average 

temperature by 0.40C, before sunrise (Bachir, N., et al., 2021). However, no mention has been 

made of the relative humidity of the study area. When the relative humidity declines, it signals 

an increase in air temperature since it shows the lack of moisture in the surrounding atmosphere 

(Vujovic S. et al., 2021). As a result, the link between relative humidity and temperature should 

be investigated and included in urban research. Apart from relative humidity, surface albedo is 

one of the most crucial factors to consider in land cover research. Albedo is the reflecting 

capacity of a surface. Shortwave radiation from the sun is different from individual surfaces. It 

aids in determining the daily net radiation budget. White surfaces contain high albedo, and it 

reflects more radiation than black surfaces (low albedo) (Irfeey et al., 2023).  

Various land cover types exhibit different temperature patterns, causing temperature 

fluctuations in metropolitan areas. Roof regions had the greatest temperature during the day 

followed by pavement, bare soil, and air temperature (Proutsos et al., 2022). Monitoring and 

examining the spatial distribution of different kinds of land cover types in an urban area 

involves measure the trends of urban expansion and understand the increase in land surface 

temperature (Vani, M et al,2020; Dutta D., et al, 2021; Oke, 1982).Urban expansion that results 

in changes in land cover types may be assessed using multiple image classification algorithms 

(MohanRajan S. et al.,2020; Chugtai et al., 2021). 

 

2.6 Methodologies for LULC Classification and UHI Estimation 

In mitigating the devastating impacts of UHI Dhaka city dwellers, several approaches have 

been employed. Modelling of land use patterns, land surface temperatures, and the 

identification of heat hotspots throughout time using satellite data, probably the most important 

research. The use of satellite imagery has proved very significant because once augmented with 

ground-based datasets, it may provide precise findings over extremely wide geographic ranges, 
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delivering data in a fast and economical manner. But most of the research is done on using one 

satellite image for a single period (Abrar et al., 2022).  or using two satellite images for two 

short time periods (Parvin & Abudu, 2017; Rashid, et al., 2022). The feasibility of using two 

or more satellite imagery spanning twenty years or more to assess land cover and LST 

dynamics remains an open research area. Further, considering the current state of climate 

change, measuring the sensitivity of Dhaka residents to heat-related disease throughout such 

time periods might offer helpful information into the implications of both global warming and 

non-climate change components. 

 

2.6.1Urban Heat Island Estimation Methods 

UHI impact can be calculated by various methods which examine and analyse temperature 

variations between urban and rural areas. These methods apply for ground- based observations, 

satellite imagery and computer modelling to process the magnitude of UHI effects. Some 

commonly used methods are: 

Ground based temperature monitoring is widely used techniques which collect air and surface 

temperature by employing temperature sensors. High resolution data from these sensors used 

to compare temperature variations in a straight way for rural and urban areas. Drones and other 

mobile devices can record temperature across the city or study areas. 

Remote sensing is a common and standard method for the researcher to estimate UHI. Landsat 

and MODIS satellite sensors are fitted with thermal infrared sensor which can detect the 

thermal radiation released by earth surface (Hulley et al., 2020). Land surface temperature 

(LST) at different temporal and spatial resolutions are calculated using this satellite datasets. It 

allows for mapping and monitoring the UHI effect across the areas by comparing spatially 

between rural and urban regions. MODIS and Sentinel has their own LST products which 

provide the variation of UHI throughout the urban and rural areas in the world. They have 

different temporal and spatial resolutions.  

Mobile sensing and citizen science includes collecting temperature data around cities by using 

mobile sensing platforms—such as mobile phones and personal weather stations—that are 

fitted with temperature sensors. This is a community-based monitoring initiatives and 

participatory sensing campaigns, which track temperature fluctuations locally and pinpoint 

UHI hotspots in their neighbourhoods (Diviacco, P et al., 2022). 
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Machine learning is the latest application method to estimate urban heat island intensity. It 

approaches data analysis methods and machine learning algorithms to analyse big amount of 

temperature data to identify regional trends and pattern of UHI (Hou, H., et al., 2023) which 

can reveal interactions between land use, temperature, urban features etc. These methods use 

for fusion of satellite imagery as required (Nguyen, T et al., 2020). 

2.6.2 Land Use Land Cover Classification Methods 

There are different LULC classification methods which can be employed to map and classify 

various LULC types in designated areas. These techniques categorise and identify different 

forms of land cover by using computer algorithms and software in conjunction with a variety 

of data sources such as aerial photographs, satellite imagery, and datasets from field surveys. 

Following are a few popular techniques for classifying LULCs.  

Visual Interpretation: This method involves satellite imagery or aerial photos to identify and 

classify different land cover types. It requires to draw manual polygon and differentiate land 

cover based on colour, pattern, form, and texture (Sun, X., et al 2022). This process is time 

consuming. 

Supervised classification: Select sample pixels or polygons illustrating landcover types and 

training a classification algorithm with them. Maximum likelihood supervised classification, 

Random Forest, Neural networks these methods are standard to classify land cover types. The 

method classifies land cover types using spectral signature which obtained from remote sensing 

data. After training, the algorithm categorises the image or the study area (Lu et al., 2007; 

Salah, M. 2017). 

Unsupervised classification: This method does not use specific training samples. However, 

this method automatically creates groups/segments with comparable polygons or pixels, based 

on spectral equivalency and then analyse and produce different classifications for land cover 

(Kulkarni, G et al., 2020). This method is less labour oriented, but its reliability is not accurate.  

Change detection methods:  It is another way to identify changes of landcover over time. 

Image differencing, Image rationing and post classification methods are used to classify images 

(Chughtai et al, 2021) with this type of methods. 

Machine learning: Deep learning and programming is the recent invention which can 

automatically learn the hierarchical features from satellite or other remotely sensed datasets 

and identify landcover accurately (Talukdar, S et al.,2020). Convolutional Neural Networks 
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(CNN) and other methods of deep learning and machine learning are commonly used to detect 

land use and landcover types. 

2.7.2. Identified Knowledge Gap 

According to the literature review, some areas have not focused or studied within the research 

area which require further research in future. The following research gaps are identified for the 

study area, Dhaka: 

• Most of the research cited in the review concentrates on short-term assessment of UHI 

dynamics and changes of LULC. Longitudinal studies that examine these changes over 

various decades are rare. Longitudinal research would offer important new perspectives 

on the patterns of LULC changes over time, then intensification of UHI and the 

efficiency of mitigation techniques. 

• Although the study addresses a different method for UHI estimation and LULC 

classification, more integrated or data fusion from several sources are required. 

Assembling data from remote sensing, computational models, and ground-based 

observation can enhance the precision and reliability of UHI estimation and provide a 

thorough comprehension of the basic mechanisms and drivers. 

• The review underscores the significance of mitigating strategies like expanding green- 

infrastructures, there is little empirical data on how well these approaches work to 

reduce the effects of urban heat islands (UHIs), especially in the setting of rapidly 

developing cities like Dhaka. Subsequent investigations may concentrate on assessing 

the effects of certain measures on lowering temperatures, strengthening urban 

resilience, and improving air quality. 

• Furthermore, there is a shortage of research evidence in Dhaka about the relationship 

between mitigation strategies like urban greening and transforming land use and cover 

(LULC), which presents a significant study opportunity. Although greening has shown 

promising results (Kruize et al., 2019) in decreasing urban heat island (UHI) impacts, 

research has shown that the specific characteristics of the metropolitan area such as its 

size, structure, neighboring land use, and climate may affect how successful these 

efforts are. Given the extremely rapid population growth in Dhaka, the city's urban 

environment can experience both rapid and subtle changes in terms of urban 

transformation. To fully understand how these factors interact with the city's urban 

growth, more academic research over both short and long time periods is needed. 
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3. CHAPTER THREE  

DYNAMIC LANDUSE AND LAND COVER CHANGES IN DHAKA FROM 2011 TO 

2022: ALARMING TRENDS FOR GREEN SPACES 

 

3.1 Introduction 

 

Urban sprawl across the globe has resulted in an era of significant transformation influencing 

the way we work, live, and interact with the environment surrounding us. As the population 

becomes increasingly urbanized worldwide, it is important to understand the interrelationship 

between population dynamics and urban expansion. World population has already reached to 8 

billion on 15 November 2022 (UNFPA 2023; Jain et al., 2023). At the world’s largest 

biodiversity conference, municipal leaders from 15 cities around the world urged to provide 

extra financial support to assist community for conducting substantial greenspace and 

ecological restoration actions project held in Montreal on 10 December 2022 (UNEP,2022); 

Dhaka was one of those 15 cities. According to the Global Livability Index 2023 published by 

the Economic Intelligence Unit (EIU) of Economist, Dhaka has been identified as one of the 

least livable cities in the world and positioned seventh. Unplanned urbanization and increasing 

congestion of transport are causing various challenges in the city. Environmental pollution rates 

are significantly rising in Dhaka. Waterlogging, air pollution, and deforestation are becoming 

more prevalent issues. Additionally, a range of socio-economic problems are also on the rise in 

this region. The study has employed both Census datasets and spatial imagery to assess the 

correlation between urban expansion and population dynamics. Population and housing census 

of Bangladesh for 2011(BBS) and 2022 (BBS) has been utilized to determine the demographic 

changes over the period. This paper investigates the evolution of the land use patterns in Dhaka 

considering the potential role of green spaces enhancing the city’s livability.  

 

3.2 Background  

Incorporating urban green spaces, urban forest and urban infrastructure into an urban setting is 

an important step to achieve sustainable development goals (SDG 11.7.1) (UN,2017). An 

investigation of the temporal changes in land use and land cover (LULC) across a given area 

is critical for effective resource management, promoting sustainable development, and 

facilitating extensive procedure of regional planning and decision making. Urban recreational 
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activities, urban farming, gardening is some of bioeconomic activities (Kang et al., 2021). 

These initiatives not only support to the ecosystem but also enhance economic development.  

Green spaces serve as a city’s lungs (Jones et al., 2018; Jim et al., 2006), which involve in air 

filtration, control temperature, and managing stormwater. UNEP recommends, there should be 

25% of greenspace in a city (UNEP,2010; Cobbinah, 2021). These green spaces influence in 

shaping the economic environmental, social elements are shaped in a city (Aronson et al., 

2017). Green space is one of the major components which driving better human settlement, 

and well-being (Gaston, 2010; Wang, J et al 2018). It could give fewer benefits in compared to 

other market products, but they are able to contribute to environmental sustainability, aesthetic 

development, recreational activities, social and health benefits. By mitigating pollution and 

enhancing overall environmental quality, green spaces contribute to creating healthier 

(Almeida et al., 2022) and more sustainable urban habitats (MacKaye, 1990). Greenspace is an 

essential and common tool to measure the agricultural and other vegetation conditions. 

Changes in temporal and spatial trends of greenspaces have significant impacts on cities 

architectural structure, development, and activities (Liu et al., 2020). Anthropogenic activities 

and climate change are two major drivers of land use and land cover (LULC) changing (Assede, 

E. S et al, 2023; Qu, S. et al., 2020). LULC change act as an important role (Zaldo et al., 2021) 

to determine the extent of human contributions for socio- economic conditions and biodiversity 

(Aronson et al., 2017).  

According to (Allan et al., 2022), LULC is related to human activities which include 

deforestation and urbanization. Land cover is the type of land which indicates physical 

characteristics such as forests, built-up infrastructures, grasslands, or bodies of water (Yadeta 

et al.,2019). Turner, B.L et al, (1994) indicated about human and land use linkage and a recent 

study focused that there are various types of human activities which considered for land use, 

such as timber extraction, farming, preserve area, construction, town expansion, mining, 

residential buildings (Yadeta et al.,2022) which have impact on environment from local, 

regional, and global level (Huang et al.,2022). On the other side, land cover defined as 

agriculture, swampy land, woodland, and other feature types (Arafaine et al., 2019). Climate 

change, air composition, ecosystem, water and sediment, condition of soil all are represented 

(Turner, B.L et al, 1994, 2009). Anthropogenic influence on vegetation cover is well studied 

and found that woodland devastation, urban development, restoration of grassland contributes 

to the loss of biodiversity (Huang et al., 2022). 
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Figure 7: Linkage between human driving forces, land use land cover (Turner, B.L et al,1994) 

 

Figure 7 illustrated that LULC is a continuous and complex process impacted by various 

factors. Physical, proximate sources and social factors play a vital role (Liu et al., 2020) in 

changing of LULC over time. Climate change can directly modify or preserve land cover by 

various actions like erosion/weathering, vegetation growth and deposition. For instance, 

melting of glacier (Romshoo et al.,2022) is a climate change that has an impact on available 

water and vegetation patterns.  Normally land cover changes are mostly affected by human 

activities (Feng et al., 2022) and proximate sources such as urbanization, deforestation, and 

practices in agriculture. Deforestation could be a result of agricultural methods and lead to 

changes in water availability and soil quality (Peplau, T, et al, 2023). Socio economic factors, 

such as government policy, economic growth, increased in population can also influence land 

use and landcover changes. These could increase the demand for resources and accessibility of 

technology. Another essential aspect of this concept is interaction between human driving 

forces and LULC are highly context specific and varies across different spatial and temporal 

scales. What exactly drives the land use change may not be the same that works in the other 

region. Sometimes the impacts of land use change can appear over in immediate or long-term 

periods. 
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3.3 Population Dynamics 

In accordance with UN projections, countries with low and middle income like Bangladesh, 

will be responsible for more than 90% of the predicted urban population size. Furthermore, 

Dhaka, Bangladesh's main city, is anticipated to become the world's fourth most populated 

metropolis by 2030, trailing only Delhi,  Shanghai and Tokyo (UN, 2022).Seraj et al, (2013) 

reported, Dhaka has emerged as one of the rapidly developing megacities, with forecasts 

indicating that the city is going to become one of the world's most populous capital cities by 

2025, joining the ranks of other prominent cities worldwide such as Mexico City, Tokyo, 

Beijing, Shanghai, and New York City. Bangladesh's urban population grew by 31.22% in 2011 

and reached at 39.72% increasing in 2022. This corresponds to an overall increase of 8.51% 

during a 12-year period (BBS). This increase in urban residents necessitates a bigger allocation 

of land resources for urban residential needs. Human activity's extensive extension of 

developed areas is referred to as urban growth. (McDonald et al, 2020 ; Qin et al., 2022). The 

financial condition of Dhaka's neighboring regions is mostly dependent on agricultural, but 

Dhaka's metropolitan area is primarily concentrated on industry (Roy, S. et al.,2021). 

It is worth noting that Dhaka receives a considerable inflow of immigrants each year, with 

roughly 2000 people moving to the city in pursuit of work and for a variety of other reasons 

(DNCC, 2023). Dhaka's urban region has several possibilities for employment in areas 

including production, textiles, apparel, pharmaceuticals, construction, and services. Such 

economic attraction, along with the desire for better work opportunities and greater quality of 

life, draws a significant amount of people from the neighboring rural areas and other parts of 

the nation. (BBS,2011). Built areas are the most dominant land cover classes in Dhaka, 

according to an analysis of Land use and land cover (LULC) maps. The maps visually depicted 

the variations in the number and size of different thanas between two census periods. Thana is 

the name of administrative areas in Bangladesh that serve as a district sub-unit and the second 

lower tier of regional administration. Thanas are larger than wards and have their own 

administrative boundaries. In 2011, there were 41 thanas in Dhaka, however by 2022, the 

number grew to 53 but the geographical area remained the same. The makeup of the thanas, on 

the other hand, has changed. Some thanas were dissolved, and new thanas were added, resulting 

in a shift in the overall feature classes.  

Over the years, there has been a notable transformation in the landcover patterns. The total area 

of built-up land cover in Dhaka expanded significantly from 8992.1 ha to 16784 ha from 2011 

to 2022 (CEGIS , Figure 16) which denotes the demand of more houses for the increased 
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population. In 2011, these increases are predominantly concentrated in the middle east part of 

the city and the highest population was 596,835 in Pallabi thana. Mirpur and Khilgaon 

consisted of 113750 and 113273 respectively. The lowest populations were in Biman Bandar 

thana (10626) which changed in 2022 with its boundary and population also decreased to 7424. 

There is a visible change in population in Turag thana from 2011 to 2022 which was reached 

by 266064 from 157316. Turag's major source of earnings was agriculture (BBS,2001); 

nevertheless, the neighborhood has begun to shift because of the building of housing complexes 

and its closeness to the Metro rail project's (Raj et al., 2022) starting platform. This 

infrastructural development has drawn individuals to the region, who have relocated to take 

jobs in such industries (Hossain, 2017).  

Pallabi, Mirpur, and Jatrabari are still within the comparable range. Pallabi and Mirpur are two 

thana’s with a high concentration of middle-class residents. The cheaper cost of living in these 

places (Raj et al., 2022 ; Chowdhury et al., 2023) contributes significantly to their attraction to 

this demographic. Furthermore, the presence of clothing industries in these locations has aided 

their rise. Mohammadpur thana has had a substantial growth in population since 2011, when it 

was ranked lower in terms of population density. On the other hand, Badda thana is now divided 

into two thanas, and the population of the former Badda thana has declined. Maps showed (Fig 

8) that the population transferred towards eastern to western locations over the research period. 

Darus-Salam, Hazaribagh, and Uttar Khan are all displaying a rising pattern. The population 

of Kamrangirchar thana in Dhaka's southwest has grown by a factor of four since the previous 

census in 2011. Its population was 93,601 in 2011, but it is expected to expand to 372302 by 

2022. This is an astounding 300% increase. Dhaka's growing population has resulted in a 

massive spike in the need for housing. This has put a strain on the city's infrastructure since 

there is inadequate space to handle the rising population. Because of this, many individuals 

have been forced to live in slums or informal settlements, which are frequently congested and 

lack basic facilities. 
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Figure 8: Population changes from 2011(left) to 2022(right) . The figure also showing the 

transformation of new thana boundary of Dhaka (Source: BBS, 2011 and 2022) 

 

3.4 Methodology 

The primary objective of this study is to investigate the transformation in land use patterns in 

Dhaka and their association with population changes in the city. Based on two recent population 

and housing census of Bangladesh for 2011 to 2022, there has been a significant and 

noteworthy shift in land use within the city. A national census is typically conducted every 10-

year period in Bangladesh. It is a complete and official count of a country's population that 

offers vital demographic, sociological, and statistical information for a variety of reasons such 

as government planning, resource allocation, and policymaking. Several measures were taken 

to appreciate the magnitude of this transition. Hard classifiers like supervised Maximum 

Likelihood Classification (MLC) have been applied for the LULC detection using four feature 

classes. However, NDVI, NDBI, MNDWI used to measure such other vegetation, built areas 

and water bodies of the study area. Overall transformation and a thana scale green index of 

Dhaka city has been calculated for the study period.   
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3.4.1 Datasets 

Table 1: Datasets 

Dataset Scale Date/year Source Used for 

Landsat 5 TM, 

Level 2 

Path/Row:137/44 

30 m 2011 
USGS Earth 

Explorer 

Land use land cover map for 

2011 and NDVI, NDBI, 

MNDWI 

Landsat 9 

OLI/TIRS, Level 

2 

Path/Row:137/44 

30m 2022 
USGS Earth 

Explorer 
NDVI, NDBI, MNDWI 

Sentinel 2A 10 m 2022 
ESA Copernicus 

Open Access Hub 

Generate land use land cover 

map for 2022. 

Boundary 

Shapefile datasets 

of Dhaka 

1:100,00

0 

2011 and 

2022 

Centre for 

Environmental and 

Geographic 

Information System 

(CEGIS), LGED 

Delineation of study area to 

maintain spatial consistency 

 

3.4.2 Data pre-processing, processing, and analysis 

 

3.4.2.1 Landcover classification to produce landcover map for 2011 and 2022 using hard 

classifier. 

This research employed an extensive range of satellite imagery to produce LULC maps for the 

study period of both 2011 and 2022. For the generation of maps, a classification method has 

been utilised which was proposed by Ahmed et., al (2013). Table 2 described the land cover 

classes that used in the classification process. This classification is based on some previous 

research (Parvin et al., 2017 ; Ullah et al., 2019) and local knowledge of the research area. To 

digitise training pixels for each feature class, ArcMap 10.7 software tools have been utilised 
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and employed Maximum likelihood classification (MLC) method for land use land cover 

(LULC) map production.  

Very high resolution (VHR) imagery from Google Earth and archives has been used for 

digitised the vector polygons for each of the four feature classes of LULC (Table 2). Area of 

interest (AOI) formed by the digitisation of vector polygons and exported to the satellite 

imagery (Landsat 5TM for year 2011 and Sentinel-2 for year 2022) to acquire the spectral 

signatures for using the training of LULC classification. 

By using high VHR imagery from Google Earth, the study was able to evade the difficulties of 

drawing AOIs on a Landsat 5 TM 30m spatial resolution imagery or the Sentnel-2 10m spatial 

resolution. Figure 9 shows the distribution of AOIs used in the collection of training spectra. 

 

Figure 9: AOI collections for each feature class. 

 

To train the MLC algorithm, 250 pixels were used for each class of the training data. Areas 

such as water, which has limited extent in the study area provided fewer training pixels as 

compared to other dominant LULC classes such as built area or green spaces. The 2011 and 

2022 images were trained and classified separately because they have different spatial 
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resolutions. Training was done recursively by increasing or decreasing the number of input 

training pixels from the many AOI polygons. This allowed for refinement as the output of each 

training set was evaluated using statistical outputs such as examining the histogram.  

Subsequently, each of the 2011 and 2022 images were ran a supervised Maximum Likelihood 

Classification (MLC) method using the trained algorithm. MLC is one of the supervised 

classification methods which according to Lu and Weng, (2007) produces superior results due 

to its strength in minimising misclassification error. It depends on the assumption that statistical 

data for each feature class from each band have been distributed uniformly and determines the 

probability of a particular pixel belong to a particular class. 

The resulting classified LULC map for 2011 was at a 30m spatial resolution while for 2022, 

the results followed Sentinel’s 10m spatial resolution. To ensure spatial resolution uniformity 

for analysis and comparison purposes, the 2011 LULC map was resampled using Nearest 

neighbour tool within ArcGIS, from 30m to 10m to match the spatial resolution of Sentinel-2 

images used in 2022 LULC map production. Nearest neighbour tool is the most accurate way 

to converting or resampling one resolution to another without affecting its original resolution 

(Wang et al., 2020). This approach of up-scaling is supported by (Forkuor et al., 2017). 

To determine the changes that occurred from each land cover class from 2011 to 2022, the 

study utilised the ArcGIS pro built in change detection tools (Basheer, S, 2022). The toolset 

provide flexibility is determined in the LULC changes such as provisioning continuous change 

detection or specific calculations of absolute, relative, categorical, or spectral difference in the 

two LULCs. The obtained results are in Table 12 and Figure 11. 

Table 2: Classes used for land cover classification, Source: Ullah (2019) & Ahmed (2013) 
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Figure 10: LULC map creation steps. 

 

Figure 10 summarises the steps followed to generate the LULC map of the study area for 2011 

and 2022 respectively. Landsat 5 TM and Sentinel 2A imagery were obtained at surface 

reflectance level, already atmospherically and radiometrically corrected for any cloud pixels 

and geometry errors. Sentinel -2 consists with 10-meter spatial resolution (Kaplan et al., 2017) 

which is for classification useful (Nguyen, H et al., 2020) of images for land cover and land 

use. Sentinel-2 image was used for 2022 LULC classification and Landsat 5TM for 2011. 

Sentinel -2 consists of 12 spectral bands (Tavares et al., 2019) and bands 2,3,4, and 8 have been 

used for this classification. Landsat 5 TM has 7 spectral bands and bands 1,2,3 and 4 were 

stacked for composite and to then classify for LULC mapping. Landsat level- 2 datasets are 

atmospherically corrected and produce more accuracy than level-1 datasets. Landsat-9 OLI/ 

TIR and Landsat 5 TM are therefore used in this analysis to calculate different spatial index 

such as NDVI, NDBI and MNDWI. 
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Table 3: Landsat 5 and 9 bands spectral band, Source: USGS. 

 

Table 4: Sentinel spectral bands, source: USGS. 
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Figure 11: Dhaka’s land use land cover (LULC) map for the years 2011 and 2022. 

 

3.4.2.2 Land cover classification using Normalized difference vegetation Index (NDVI) 

 

The Normalized Difference Vegetation Index (NDVI) is an important parameter for 

quantifying the level of greenness in vegetation and can provide insights into vegetation density 

and changes in plant health. It is calculated using spectral reflectance measurements in ArcGIS 

pro platform in the red and near infrared bands.  The NDVI values ranges from -1 to +1, with 

lower values typically indicating light or dark soils (usually between 0 and 0.2), while higher 

values indicate denser vegetation. NIR reflected by plants leaves when chlorophyll absorbs. 

The calculation of NDVI can be performed using the following formula (Hussain, S. et al., 

2020; Alademoni, A. et al.,2022)  
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For Landsat 5, NDVI = (Band 4 (NIR)- Band 3 (IR))/ (Band 4 (NIR) +Band 3 (IR)) (2011) 

For Landsat 9, NDVI = (Band 5 (NIR)- Band 4) (IR)/ (Band 5 (NIR)+ Band 4 (IR)) (2022) 

 

One of the challenges for indices-based classification such as NDVI-land cover mapping, is 

the identification of what NDVI range corresponds to different land cover classes. NDVI varies 

throughout periods (Idrees et al., 2022) and location to location (Jin. H et al., 2021). For Dhaka 

mega city, the NDVI categorization or class ranges for each of the four land cover classes (see 

Table 5) considered in this study in 2011 and 2022, is not available in the literature.  Therefore, 

this study tested the possibility of a two-stage classification to identify the acceptable NDVI 

class ranges for each of the four land cover classes.  Firstly, Land cover classification was 

performed for 2011 and 2022 using a supervised Maximum likelihood classification (MLC) as 

detailed in Section 5.2.1.  

 

Secondly, the NDVI image (fig: 12) and the MLC classified image (fig: 11) were compared to 

identify acceptable NDVI class ranges for each of the four land cover classes. This was done 

using the Reclassify and Raster calculator tools within the ArcGIS. Reclassify operations were 

used to presence and absence of each of the four classes. The reclassify output were then 

subjected to a multiplication operation within Raster Calculator to obtained NDVI class range 

for the specific LULC class considered. The importance of utilizing LULC from the vegetation 

indices (NDVI) is that it avoids the over generalisation problem which is very common with 

hard classifiers such as MLC. NDVI ranges allows for detailed examination of a land cover 

(Szabo et al., 2016). For instance, the green space LULC class considered by this study can be 

further examined within smaller administrative boundaries of thana (parish) level, as 

considered in this study.  To the best of our knowledge, thana scale NDVI of Dhaka has not 

been studied. Therefore, the study conducted post classification of greenspaces using ArcGIS-

Pro, to observe the status of green areas and vegetation patterns throughout every thanas in 

Dhaka (Figure 15). Three sample thana have been examined because they exhibit a changeable 

pattern as the population grows. 

Table 5: NDVI range for Dhaka , ( 2011 and 2022.  Fig. 12) 
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Table 6: Classified vegetation value in NDVI index (2011, 2022) (Figure 12a, b) 

 

 

   NDVI classification at thana scale for 2011 and 2022  

 

Figure 12: a. NDVI value for Dhaka, for 2011 and 2022.  b. Compare with same legend. 
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3.4.2.3 Normalized different built-up index. 

 

Built-up areas and bare soil have a higher reflectance in the Short-Wave Infrared (SWIR) 

region compared to the Near- Infrared (NIR) region. Water bodies, on the other hand, do not 

exhibit significance reflectance in the infrared spectrum.  The NDBI values ranges from -1 to 

+1. Negative values indicate water bodies, while higher positive values indicate build-up areas. 

Vegetation typically has low NDBI values. (Hussain, S et al, 2020; Alademomi, A et al, 2022). 

For Landsat 5, NDBI = (Band 5 (SWIR)- Band 4 (NIR))/ (Band 5(SWIR) + Band 4(NIR)) 

And Landsat 9, NDBI = (Band 6(SWIR)- Band 5(NIR))/ (Band 6(SWIR) + Band 5(NIR)). 

NDBI classification for  thana scale for  2011 and2022 

 

Figure 13: a . NDBI value for 2011 and 2022  b, comparison of two years using same legend. 
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3.4.2.4 Modified normalized different water index. 

 

MNDWI is a remote sensing satellite-based indicator which used to analyse water and urban 

area differentiation. Its values range from -1 to +1, where negative and low values suggest 

land/urban area and high values are for high volume of water or depth of water. This spatial 

index utilizes the Green and shortwave infrared (SWIR)bands of satellite imagery. Clear water 

has a tend to the highest reflectance in blue of the visible spectrum which give a blue 

appearance. Formula used to calculate MNDWI (Laonamsai, 2023) is as follows, 

MNDWI = (GREEN - SWIR)/ (GREEN + SWIR) 

For Landsat 5-7 imagery, MNDWI = (Band 2(GREEN) -Band 5(NIR))/ (Band 2(GREEN) + 

Band 5(NIR)) 

For Landsat 8-9, MNDWI = (Band 3(GREEN) -Band 6(SWIR))/ (Band 3+ Band 6(SWIR)) 

 

 

 

 

 

 

 

 

 

 

 

 

 



50 
 

MNDWI classification for  thana scale for  2011 and2022 

 

Figure 14: a, MNDWI values in 2011 and 2022. b, comparison of two years using same  

legend. 

 

The normalised difference vegetation index (NDVI) can be useful in identifying and assessing 

the existence of living vegetation that is green. It may be used to determine the density of green 

on a piece of land by utilising satellite data to explain the difference between visible and near-

infrared reflectance of plant cover. Tepanosyan, G. et al., 2021 further said that the NDVI has 

been widely employed in numerous environmental monitoring systems including surface urban 

heat and the yearly change in plant cover using satellite-derived imagery. Considering surface 

urban heat is created by the transformation of vegetation to other constructed buildings, 

monitoring surface temperatures and vegetation change from urban regions have been critical 

topics in this work. 
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Table 7: NDVI, NDBI, MNDWI values of year 2011 and 2022. 

    

The calculations of NDVI, NDBI and MNDWI for a specific pixel consistency yield values 

ranging from -1 to +1 (Topaloğlu et al, 2022). Analysed the data, it is visible that there have 

been minimal changes in the water bodies but significant decrease in green spaces and notable 

rise in built areas.  Transformations that detected in land use patterns for the study period relate 

to significant development projects and in both the north-western (Diyabari) and north-eastern 

(Bashundhara residential area) region of Dhaka. These areas witnessed the establishment of 

housing societies, construction of multiple flyovers, 7.8 miles long Purbachal express highway 

and the construction of the Metrorail project. These infrastructure developments have caused a 

substantial effect in shaping the land use changes, including the increase of built-up areas and 

consequence decrease in vegetation. Table 7 illustrated the changes of three spatial indices over 

the study periods. In 2011, the low NDVI value was -0.076307 and the high value was 

0.448818, which has since changed to -0.0540436 at low and 0.403808 at high in 2022. From 

2011 to 2022, the high value declined by -5%, while the low value also decreased by 2%. Dhaka 

city’s dense vegetation area has covered only in north-east region (Uttarkhan) of the city in 

2022, however there were  dense vegetation cover in the  eastern part of Khilgaon, Badda, 

Dakhinkhan, Uttarkhan, Khilkhet in 2011.  

 Value of NDBI ranged from -0.301925 to 0.167183 in 2011, while in 2022 it ranged from -

0.250214 to 0.300667. The investigation revealed that NDBI grew by 13% between 2011 and 

2022, indicating an increase in building/built areas. MNDWI also decreased in both high and 
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low levels between 2011 and 2022. It has low values of -0.296235 and 0.191568 in 2011 and 

high values of -0.417863 and 0.176744 in 2022. Lower numbers, as determined by MNDWI, 

indicate built-up or land areas. Lower levels of MNDWI raised by -0.121628 between the year 

2011 to 2022, reflecting a -12% decline in water bodies/blue areas.  

 

3.4.2.4 Quantification of Green Spaces at Thana scale  

 

                           2011                           2022 

 

a. Pattern and distribution of 

vegetation at thana scale 

    

b. Pattern and distribution of 

vegetation at thana scale 

 

c. Location of 3 sample thana 

 

d. Location of 3 sample thana  



53 
 

 

e. Badda thana  

 

f. Badda thana  

 

g. Uttarkhan thana  

 

h. Uttarkhan thana  

 

i. Pallabi thana  

 

j. Pallabi thana 
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a, b: Vegetation pattern and distribution at thana scale for 2011 and 2022 in Dhaka 

c, d: Sample thana location  

e, f:  Badda thana  

g, h: Uttar khan thana  

i,  j:  Pallabi thana 

    Figure 15 : Comparison between 2011 and 2022 vegetation pattern and distribution  

                     at 3 different thana in Dhaka.  

 

3.4.2.1 Accuracy assessment of land use and land cover 

mapping 

 

The accuracy of the classification process was checked using the confusion matrix (Lovell et 

al, 2022). The method upholds a statistically valid assessment of thematic accuracy by 

providing an estimate of the proportion of pixels in each class that are correctly or incorrectly 

classified against a reference data, indicating the overall accuracy, accuracy for individual 

classes, and the extent to which individual classes are confused with one another (Kappa 

statistic). Previous studies (Eskandari et al., 2020 ; Abebe et al., 2022) shared that five sampling 

strategies have used to acquire reference data/assess accuracy: (1) systematic sampling (2) 

cluster sampling (3) stratified random sampling (4) simple random sampling and (5) stratified, 

systematic, unaligned sampling. The study used a combination of previous LULC maps of the 

area, and Google Earth imagery as the reference data. A stratified random sample selection 

method was adopted to select at least 250 pixels per LULC class (1000 in total), per the given 

year. As detailed in Lovell et all (2022), confusion matrix (Table 9) shows the counts of a 

classifier’s predictions in response to a set of reference with known classes. From the counts, 

a fixed total count can be obtained that will represent the performance of the classification. For 

instance, considering binary class representation, the total count or overall accuracy (N) can be 

obtained as shown in formula (i) (Foody, G. et al., 2023). The study considered an accuracy 

threshold of 85% because it is widely accepted for remote sensing-based classification as a 

benchmark accuracy threshold (Hussain et al., 2022). 

 

N = TP + FP + FN + TN         ----------------------------------------(i) 
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Table 8: Representation of a confusion matrix 

 

The precision evaluation of Land Use Land Cover Classification can be accomplished by 

utilizing high-quality imagery from Google Earth (Abineh et al., 2015) which allows for a 

thorough comparison of individual points. To achieve this, a total number of 1000 equal 

startified random sampling points  for each year were produced using ArcGIS within the region 

of interest, and their respective values are determined through the aid of Google Earth. 

Green space, built area, water bodies, bare land water bodies were the land use and land cover 

classes used in the study. For each class in classified LULC map, 250 randomly stratified points 

were generated, resulting into a total of 1000 points for each year .The spatial analyst tool in 

ArcGIS was used to generate the 1000 points, which were then used to check for classification 

accuracy using the high-resolution imagery (Yadeta et al., 2022) from Google Earth. The 

generated points were converted to KML (Keyhole mark-up language) format that is suitable 

for viewing in Google Earth. KML format is used (Tilahun et al., 2015) in two-dimensional 

maps and three-dimensional Earth browsers to describe geographical information and 

visualisation. Layer to kml conversion tool within ArcGIS was used to convert points to kml 

and then import kml to Google Earth to check and validate each feature classes with original 

land uses. Given that the land cover class of each point is known prior, the corresponding 

landcover class in the Google Earth is then confirmed and recorded in the confusion matrix 

(Abineh et al., 2015) to perform the accuracy assessment. 

Accuracy assessment was performed based on calculating the user accuracy, the producer 

accuracy, and the overall accuracy of the classification. The User accuracy is calculated using 

the formula 1. This shows the confirmation rate of what the user identified in the LULC 

classification and is confirmed in the Google Earth data. On the other hand, formula 2 was used 
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to determine the producer’s accuracy. This tests the confidence level in the classification 

system itself checking the confidence on the ground-truth (Google Earth data). 

Kappa co-efficient formula (Rwanga et al., 2017; Helmer et al., 2000) applied for the accuracy 

assessment (Jalal ,2022). In 1960, Kappa coefficient was introduced by Cohen (Vieira et al., 

2010) as a statistical measurement tool and it is used by remote sensing users to estimate the 

precision of an image classification algorithm used to generate a themed map (Foody, 2020). 

The overall classification accuracy was tested using an error matrix for the two years that were 

taken into the study, yielding an overall accuracy of 94.7% in 2011 and 96.3% in 2022, with 

the Kappa coefficients of 0.93 and 0.95, respectively (Table 10 and 11). The Kappa statistics 

provides a statistical measure of the performance of the classification process including the 

confidence in the data spatial and radiometric properties used in the classification process.  

Several research (Ukrainski P, 2019 ; Chughtai et al, 2021) have found that if the kappa 

coefficient is 0, there is no concordance in between the reference image and the categorised 

image and. When the kappa coefficient is 1, it indicates that the categorised picture and the 

ground truth image are identical. As a result, the higher the kappa coefficient value, the more 

accurate the categorization (Vieira et al., 2010). The associated Kappa statistics of 0.93 and 

0.95 for each sensor indicate a significant level of agreement between observed and projected 

classifications, supporting the suggested standard accuracy of 85-90% for LULC mapping tests 

(Dewan et al, 2009; Anderson et al,1976 ; Foody, G. et al., 2023). The study found the Landsat 

-5 TM was lower in accuracy than to Sentinel- 2, which may be for their spatial resolution.  

Formulas used for accuracy assessment were proposed by (Abineh et al., 2015 ; Subedi et al., 

2022) 

User accuracy = (
𝑁𝑃

𝑇𝑃(𝑅𝑇)
∗ 100)...……………………………………………… (1) 

Where,  

[NP = Number of correctly classified pixels in each category,  

TP = Total number of classified pixels in that category,  

RT = Row total] 

 

Producer accuracy = (
𝑁𝑃

𝑇𝑃(𝐶𝑇)
∗ 100)...………………………………………… (2) 

Where, 
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[NP = Number of correctly classified pixels each category,  

TP = Total number of classified pixels in that category,  

CT = Column total] 

 

Overall accuracy = (
𝑇𝑃(𝐷)

𝑇𝑃(𝑅) 
∗ 100)……………………………………………… (3) 

Where, 

TP(D) = Total number of correctly classified pixels  

TP(R) = Total number of reference pixels  

                              

 

Kappa Coefficient (T): Formula  

𝑇 = (
(TS∗TCS)− ∑(𝐶𝑇∗𝑅𝑇)

𝑇𝑆2−  ∑(𝐶𝑇∗𝑅𝑇)
) ∗ 100 …………………………………………………. (4) 

This equation as proposed by Foody, 2020. Where,  

[TS = Total Sample, TCS = Total Correctly classified sample 

CT = Column total, RT = Row total]  

 

 

For this study, 

Overall accuracy for 2011= 947/1000 x 100 = 94.7  

Overall accuracy for 2022 = 963/1000 x 100 = 96.3  
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Table 9: Error matric for accuracy assessment of land use and land cover classification in 2011. 

  

       

 

Table 10: Error matric for accuracy assessment of land use and land cover classification in 

2022. 
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3.5 Change detection 

Thana boundaries of Dhaka has significant changes between 2011 and 2022. In 2011, there 

were 42 thanas, but by 2022, this number had increased to 53 covering different wards and 

areas under DNCC and DSCC. Certain thanas were dissolved as part of this expansion, and 

new boundaries have been established at their stead. The assessment of post-classification 

change detection was carried out using ArcGIS, which generated change maps to determine 

the geographical variance in patterns across years.  

A notable observation is highlighted in the study's (Figure 15). In compared to Badda and 

Uttarkhan, Pallabi thana has seen a significant growth in population. For example, Badda 

Thana has been divided in to two, with one half called as Bhatara Thana. The abrupt change in 

floral patterns inside Badda thana during this study period is noticeable. Dense vegetation has 

shifted to no vegetation areas and a loss of greenspaces observed in entire thana (Figure 15). 

Lowest populated thana is Biman bandar (Figure 8).  

Biman Bandar Thana is an airport zone, with most of the area utilised for aeroplanes, runways, 

and other associated concerns. As a result, there are few opportunities to create residential areas 

in this thana, and the only green space in Bimanbandar thana is for aesthetic purposes. From 

2011 to 2022, Pallabi thana lost certain territory that were acquired by new Rupnagar thana 

and some parts of Cantonment. Pallabi population remains increasing in 2022, although Pallabi 

thana has gained some vegetation. Defence officer housing society (DOHS) is a new residential 

neighbourhood that contributes to the expansion of green areas in the surrounding region 

(figure 15.i, j). The population of Uttarkhan Thana was in the range of 35000- 85000 and it 

grew and changed to the range of 85000 - 114000. Uttarkhan Thana was the most densely 

vegetated area in 2011 and is expected to progressively transition from dense to moderate 

vegetation by 2022. 

Table 12 indicates the significant LULC conversions, or 'from-to' data, that occurred during 

the research period. As previously stated, a large portion of the urban area has been obtained 

by transforming previously land used for agriculture, vegetation, water bodies, or low-lying 

regions, meaning that natural resources in Greater Dhaka are under increased pressure to meet 

the growing demand for urban space. Based on the study, Dhaka's growth in urban areas has 

been very rapid (Byomkesh et al., 2012), resulting in extensive environmental degradation. The 

study also found that the process of urban growth varied significantly between 2011 and 2022. 

The entire land cover changes in Dhaka are the product of three sectors: private, public, and 
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private residence. The development of real estate in Dhaka has increased dramatically. 

Developers have constructed on wetlands and agricultural regions without addressing the 

environmental consequences (Dewan et al, 2009).  

The Sankey chart (Figure 16) shows that the total area of Dhaka is 61636.88 ha where built-up 

areas rose significantly from year 2011 to 2022. Built area increased from 8992.1 ha to 16784 

ha, which shows 12% of growth rate of the total built area in the city. Waterbodies declined 

from 2608.84 ha to 1896.03 ha with 1% change, greenspaces decreased from 9988.42 ha to 

7717.81 ha indicates 3% decline, and bare ground decreased from 9226.18 ha to 4422.85 ha 

represent 8% disappearing in open bare ground. The study also revealed the spatial conversion 

of one feature class to other feature classes. Table12 and Figure 17 shows the areas changed 

from one class in 2011 to another in 2022.  

 

 

Figure 16:  Sankey Chart showing the area (in hectares and percentage) transformation in 

Dhaka from 2011 to 2022. 
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Table 11: Dhaka’s land use land cover (LULC) conversion for the years 2011 and 2022. 
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From one feature class to other feature class land use transformation 

Figure 17: Conversions of  different feature classes (from one class to other class) in Dhaka 

from 2011 to 2022. 

 

Figure 17 (a) illustrated that an area in the middle of the city converted from bare ground to 

water. According to the knowledge about the city, this is Hatirjheel lake. Few greenspaces 

transformed to water in western part of the city. Diabari Lake, located in the northwest corner 

of Dhaka, was established as a leisure space for the newly constructed residential area, also 

 

a. Area transformed from different 

features to water bodies 

 

b. Area transformed from different 

features to built area 

 

 

c. Area transformed from different 

features to bare ground 

 

 

d. Area transformed from different 

features to green space 
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converted from green space to waterbodies. Figure 17(b)  shown that most of the feature classes 

has converted to built area from 2011 to 2022. According to the Census 2022 (BBS 2022), 

Dhaka’s population has increased 47%  from 2011 (6,970,105) to 2022(10,278,882). Due to 

this huge addition of the residents in the city, built infrastructure developed a significant 

number. Noticable transformation observed from bare ground and green spaces to built areas. 

Huge amount of waterbodies/ blue spaces declined (17c) which have been converted to either 

bare ground which have been filled up for building infrastructure development or recreational 

areas. It is also illustrated that some areas also transformed to green spaces (17d) which is a 

little amount but it is for the beautification of the city. Few areas from built-up to water bodies 

converted within the study period. Few areas from built-up to water bodies converted within 

the study period and Hatirjheel -Begunbari (figure 11) is one of the significant of them. This 

area was covered with slum till 2009.  

 

 

Figure 18: Percentage of gain and loss of LULC in Dhaka 

 

3.6 Land use land cover variation of Dhaka city 

 

The conversion of several green spaces within Dhaka city into affordable housing units, as well 

as the conversion of open fields into parking lots for shopping malls and low-lying areas such 
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as ponds and lakes into reclaimed built-up lands, has resulted in a scarcity of available open 

spaces. Unfortunately, the city's citizens' physical and emotional well-being has suffered 

because of this lack of open space (Nawar et al, 2022). The maximum likelihood supervised 

classification approach was used to create a land use land cover (LULC) map for Dhaka. Figure 

11 illustrated the LULC maps of 2011 and 2022 respectively. Examining figures 17 a, b, c and 

d, shows significant losses of all LULC classes except for Built areas. Bare ground areas 

suffered the worst loss at 15.06%while built areas made the biggest gain at 24.9% of the total 

area. Greenspaces lost 7.37% and waterbodies which are the blue spaces of the city, decreases 

by 2.49% Some of the unpaved roads, and open areas in 2011 were converted to built-up areas 

as urbanisation increased in Dhaka city. The significant loss of greenspaces to built-up areas 

poses serious concern to the climate and ecology of Dhaka. This is also leads to resurgence in 

UHI effects and confirms previous studies that reported the existence of UHI in Dhaka. 

To meet the demands of the capital's constantly growing population size, the most obvious 

alteration has been the transformation of land used for agriculture into both residential and 

commercial zones. Urban sprawl has resulted in the loss of wetlands, agricultural land, bare 

ground and green areas, exacerbating environmental problems such as increasing air pollution 

and decreased water storage capacity. In addition, the development of infrastructure such as 

roads and highways, metro rail, elevated expressways, as well as the development of business 

districts, has transformed Dhaka's land use pattern. This has not only aided economic growth, 

but it has also resulted in environmental issues such as traffic congestion and degradation of 

habitats.  

There are very few reserved greenspaces in Dhaka. The national Botanical Garden, Ramna 

Park, and some part of the University of Dhaka. Covering an area of around 205 acres, the 

National Botanical Garden of Bangladesh is an ecological reserve and the country's largest 

plant conservation site. It is in Mirpur, sharing the same boundary of National Zoo in Dhaka. 

The Botanical Garden is an important reminder of the necessity of preserving green spaces in 

a fast-urbanising metropolis like Dhaka, emphasising the importance of biodiversity and 

sustainable development. Ramna Park is 74.13 acres in size and is located immediately east of 

the University of Dhaka campus. It contains a variety of plant types, including different size 

and shapes of canopies, and herbs and shrubs. Both of this area contains waterbodies such as 

ponds and lakes. Dhaka's canopy cover has been decreasing (Figure15) because of to the 

constant clearing of vegetation and trees. Urbanisation has led in the entire disappearance of 
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forests within the city, which might be home to a variety flora and fauna, giving balance to the 

environment and aesthetic elegance.  

Water bodies of the city has similarly indicated concerning patterns. Built-up areas have 

consistently taken over the city's water bodies. Development of Purbachal's residential area has 

been replaced by massive water bodies since 2009 (Mowla. Q et al., 2011). To provide a place 

for housing or other infrastructures, many ponds, swamps, lakes have been filled out over the 

study periods. In Dhaka, river encroachment is an inevitable and serious problem. A study 

focused that Turag, Buriganga and Balu, have been severely affected by human activities 

(Hossain, 2017). The study also investigated that. Riverbanks are progressively being taken up 

by developers and other companies. Housing, sand depots, brickfields, sand sales centres, 

cremation centres, mosques, rice mills, stone sales centres, and other industries are constantly 

changing the land use of the riverbanks, however, these rivers formerly served as the city's 

economic and biological lifeline. 

 

 

Figure 19: Land conversion in Dhaka city (Source: Google Earth, accessed on 15 May 2023). 

 

 

a. Mirpur Eid gah field, December 

2011 (bare land) 

b. Playground (bare land) (June 

2014), (Photo collected). 

c. Mirpur Eid gah field, December 

2021(converted to built-up area) 

 

 

 

 

a 
c 

b 
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3.7 Chapter Conclusion 

The analysis of spatiotemporal changes in land use and land cover change in greater Dhaka has 

indicated a disturbing pattern of fast loss in green areas, bare land, and water bodies. This 

suggests that the region's green lands and other natural areas are shrinking with time. Dhaka's 

urban infrastructure is currently under tremendous strain because of overpopulation, with over 

10 million people residents in the metropolis and the city has only 2% of healthy vegetation 

(Nawar et al, 2022). Furthermore, the population continues to grow by hundreds of thousands 

each year as migrants flood to the city in quest of work and better economic possibilities. 

The pressure on green spaces forces them to be invaded and converted into structures and other 

facilities which expands the area that is urbanised. This construction adds even more to the 

city's deficit of green spaces. Urbanisation is a major and potent driving force (Wang et al., 

2018) underlying changes in land use and land cover in Dongguan, China (Han, D. et al., 2023). 

Land use and land cover (LULC) changes in cities are mostly determined by the process of 

urbanisation. Establishment of law is one of the key factors which impacting the development 

and management of urban green spaces. 

Urban landscape is increasing because of these policies' significant effects on the quantity, 

standard, and connectivity of green spaces inside the infrastructure of city. Several aspects of 

well-being have been positively correlated with the presence of outstanding blue-green 

infrastructure, according to earlier research. Rural to urban migration and financial growth and 

lack of knowledge among the policy maker and inhabitants drives (Feng, C. et al, 2022; Vidal 

et al, 2022) the population increases and change the LULC of the city. 

Furthermore, additional variables exacerbating the circumstances include the use of political 

power to regulate illegal park conversion and leasing, insufficient rules, and regulations to 

protect urban green spaces, and inadequate fund allocations for effective management and 

maintenance of these green areas (Feng, X. et al.,2022). Considering the ratio of conversion of 

different feature classes to build-areas (Figure 18), Dhaka could be greatly benefitted by 

establishing a greenbelt around the city. It would help the city to reduce carbon footprint, 

controls of temperature, allow sheds with oxygen supply, restore the green spaces.  MacKaye, 

(1990) given an in-depth analysis of the diverse uses for urban green belts, focusing on several 

important targets: effective control of growing urban areas, building environmentally friendly 

and conservation, promoting the expansion of a satellite towns and cities, and providing 

recreational spaces for the city residents. The Greater London Regional Planning Committee's 
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suggestion of a "green girdle" (Amati, 2016). Following World War II, the green belt become 

one of the most common growth management methods in a variety of socioeconomic and 

geographical circumstances (Ignatieva et al., 2020).  

These elements all lead to the continued deterioration and loss of urban green areas. The 

importance of land use cannot be overlooked in understanding the significant impact of human 

activities on environment. Future studies must address how human activities change the plant 

cover since the underlying surface has a significant impact on it. To achieve the goals of SDG 

11.7.1, innovative and effective urban forestry policies and plans (Nitoslawski et al., 2019), 

and programmes must be implemented to increase vegetation cover and develop urban green 

areas. The study also recommends preservation of the environmental activities (Kruize et al., 

2019) in Dhaka to minimise the disappearance of green spaces. This may be accomplished by 

implementing community-based participatory programmes aiming at protecting urban green 

areas which are still moderate and low vegetated area. The study suggests, in compared to 

population growth, greenspace and other feature classes should maintain a balance land use.  

Such efforts contribute to the promotion of SDG goals.  
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4. CHAPTER FOUR  

 FUSION OF LANDSAT AND MODIS SATELLITE IMAGERY TO DETERMINE LAND 

SURFACE TEMPERATURE OF DHAKA  

 

4.1 Introduction 

The climate in urban and rural places differs. This is due to the modification of the urban 

landscape and its surface which affects the humidity, temperature, wind intensity and speed. In 

1833 British chemist and meteorologist, Luke Howard first observed and documented that city 

area are often warmer than its neighbouring areas which he mentioned as ‘external heat’ 

(Gartland, 2012). Ting (2012) stated that Emilien Renou (1855, 1862, 1868) also described 

about the same condition in Paris and later, Oke (1976) defined this as urban heat island (UHI) 

by the temperature variations between itself and its surroundings. UHI varies seasonally and in 

relation to space and time. It is important to understand UHI as the urbanisation is an increasing 

process in the world. UHI has various effects such as, in which the average temperatures in 

densely populated cities tend to be higher than in rural areas, is one of the environmental issues 

(Maharajan, M. et al., 2021).  

Despite natural climatic variability, human-made global warming, particularly a rise in extreme 

events, has resulted in significant negative consequences, losses, and damage to environment 

and humans (IPCC, 2022). 

The growing hazard of heat and heat waves is considered the most serious concern for human 

health in Europe. A recent example is the summer of 2022, which witnessed a considerable 

increase in excessive mortality throughout Europe because of severe temperatures and 

extended heat waves. According to projections, heatwaves are expected to occur more often, 

linger for longer periods of time, and reach higher intensities in the next decades. At the same 

time, demographic changes, such as an ageing population, and the continuing trend of 

urbanisation, increase the population's vulnerability (EEA, 2022). 

Extreme temperatures in cities become more severe by the urban heat island (UHI) effect. 

The canopy layer UHI, which is most important for human health, delineates the temperature 

disparity between urban street canyons at 1-3 metres from the surface and rural temperatures 

at the same height (Stewart, 2011). Southeast Asia (SEA) is characterised by a dense population 

and diverse topography, and it is an area that is generally vulnerable to global warming. The 
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Asian-Australian monsoon system has a significant influence on the climate of the SEA area 

(Sun X. et al., 2022). 

 

The heat island effect is exacerbated by anthropogenic heat sources such as industrial activity, 

unplanned infrastructure, air conditioner, closely spaced buildings, and transport emissions. 

Dhaka's subtropical weather, which is marked by substantial humidity and harsh temperatures, 

exacerbates the problem even more. UHI trends are complicated by Dhaka's distinct urban 

structure, which is characterised by a blend of informal settlements and facilities with cutting-

edge technology (Abrar et al., 2022). To accurately computing LST, time series photos from 

satellites that span a whole year, month, or season are crucial, as are methods like statistical 

assessment, atmospheric correction, and temporally averaging data. 

 

In addition, Huang et al. (2013) suggest that combining data from multiple sources and sensors 

might help overcome the deficiencies of individual datasets. This study also attempts to draw 

comparisons with other research that used one or more satellite images for analysis to show 

how the urban heat island (UHI) of Dhaka is affected. 

 

4.2 Background 

To estimate land surface temperature, satellite imagery is continuously applied. They have been 

used to identify hotspot throughout the timeframe for any particular UHI related investigations. 

They can produce accurate outcomes across large geographic locations while giving quick and 

effective findings. (Deilami et al., 2018).  A common shortcoming in many studies is to focus 

on the use of single satellite imagery for a single period (Abrar et al., 2022), or the use of two 

or more satellite imagery over short periods of time (Ahmed, et al., 2013; Rashid, et bal, 2022). 

An attempt at exploring the use of extensive datasets for UHI estimation such as the case of 

Birmingham city UK (Tomlinson, et al, 2012) have shown LST results that are a compromise 

with the ground-based measurements because there are no available spatial air temperature data 

at comparable resolution and study extent. The study required climate data for surface network 

in Dhaka and this type of data didn’t exists. As a result, satellite imagery is the only feasible 

approach to explore UHI in Dhaka. 

In Wuhan, China, Shen et al. (2016), despite integrating series of summer-based satellite 

imagery over a 26-year period observed accuracy problems associated with temporal 

aggregation of different viewing angles of different satellite sensors. By adopting fewer 
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sensors, Kamali et al. (2021) was able to work with seasonal imagery with similar viewing 

angles from Landsat and MODIS to improve the results of season UHI monitoring. In Amiens 

France Qureshi and Rachid (2022), the study notes that due to climate dynamics, heat episodes 

during summer days are not uniform and therefore identification of extreme events will require 

near-hourly datasets. The study recommended use of near-hourly datasets as compared to 

datasets for daily isolated data in a month for accurate characterisation of UHI effects. The use 

of extensive datasets further increases the reliability of UHI models in supporting decision 

making. The feasibility of using more than two satellite imagery each month to assess UHI 

vulnerabilities in Dhaka city is still unknown. To the best of our knowledge, the use of multi-

temporal and multi-spatial remote sensing for UHI estimation over seasonal scale in Dhaka is 

novel. 

To account for local scale variations of LST, Landsat’s 30m imagery is sufficient. However, it 

is not possible to obtain more than three Landsat imagery in each month. Therefore, there was 

need to exploit the MODIS’s high temporal resolution with Landsat’s high spatial resolution 

to synthesize a high spatiotemporal imagery (HSR). This was achieved by using the Spatial 

and Temporal Adaptive Reflectance Fusion Model (STARFM) first proposed by Gao et al 

(2006). STARFM is a widely used model for Landsat and MODIS fusion because of its 

flexibility of being adjusted to adapt to different scenarios (Singh et al., 2011 and Emelyanova 

et al., 2013). This have been demonstrated by Walker et., al (2012) in forest phenology studies, 

Xu et., al (2020) for monitoring crop water content, and Liu and Weng (2018) for LST 

prediction. Since MODIS’s thermal bands 31 and 32 have similar centre wavelengths with 

Landsat’s thermal bands 10 and 11 respectively, it is possible to exploit the statistical 

information in the corresponding bands, to predict a new HSR band. Masek et., al (2006) 

showed that MODIS and Landsat demonstrate consistent surface reflective properties, despite 

their radiometric differences. Therefore, firstly, the study has been ensured uniform 

georeferencing and resampling of image and pixel sizes for both Landsat and MODIS and 

obtained base-pair imagery on the same day. 

The study aims to assess the use of multi-temporal and multi-spectral satellite imagery for UHI 

vulnerability of Dhaka city from 2011 to 2022. The selected years correspond the respective 

censuses of 2011 and 2022. Dhaka’s summer seasons usually run from February to June 

annually with few variations. The study adopts the season approach of characterising UHI as 

demonstrated in Wuhan, China (Shen et al. 2016), Tehran, Iran (Kamali et al. 2021) and 

Amiens France (Qureshi and Rachid, 2022). The seasonal approach allows for proper 
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characterisation of extreme heat episodes within the summer season and ensures hotspot 

identification for frequent monitoring. The study demonstrates the utility of fusing multi-

temporal datasets from MODIS, and Landsat 5/9 to obtain imagery with both high spatial and 

temporal resolutions necessary for accurate UHI estimation. Ground climate datasets about 

Dhaka city provided the surface air temperatures for comparison and accuracy assessment. The 

study results will assist policy makers, urban planners, and the community to effectively 

monitor UHI and related public health hazards and contribute to the UN’s Sustainable 

Development Goals 11 and 13. 

 

4.3 Methodology 

Considering no geographical variations or exceptions in atmospheric correction, it is 

reasonable to predict that LST readings obtained from various satellite imagery recorded on 

the same day will be similar and exhibit a relationship in a homogenous geographical region. 

This section describes the procedures that were performed, such as the datasets and data 

sources, preliminary data processing in the Google Earth Engine (GEE) cloud computing 

environment, and predictions of Landsat synthetic imagery from MODIS utilising the 

STARFM fusion algorithm, as well as the procedures utilised to calculate Dhaka's UHI. 

 

4.3.1 Datasets 

 

Following datasets have been used to analyse the fusion of different satellite imagery. 

MOD11A1 of MODIS, Landsat 5 and 9, Weather data from the ground station of Dhaka and 

boundary map used to processing and analysing the fusion process and produce syntetic 

Landsat imagery. 

Table 12: Datasets for the study 

Dataset Scale Date Source Used for 

MODIS daily 

land surface 

temperature 

(MOD11A1) 

1 km 
2011, 

2022 

USGS Earth 

Explorer 

Fusion to produce 

synthetic Landsat images 

and deriving LST and 
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Landsat 9 

OLI-2/TIRS-

2 

30 m 2022 
USGS Earth 

Explorer 

related indices (Landsat 

only). 

 

Landsat 5 TM 30 m 2011 
USGS Earth 

Explorer 

Weather data 3-hourly 
2011 - 

2022 

Bangladesh 

Meteorological 

Department (BMD) 

Air temperature, accuracy 

assessment of LST  

Boundary 

datasets 

1:100,00

0 
2022 

Centre for 

Environmental and 

Geographic 

Information System 

(CEGIS),  

Delineation of study area 

to maintain spatial 

consistency 

 

4.3.1.1 MODIS Satellite Data 

MODIS satellite data has two LST products that use different ways to obtain LST with a 1Km- 

spatial resolution. Both items are issued by NASA and can be obtained daily at a global scale. 

Both product’s compute LST using different approaches, and whether way produces better 

results depending on local factors. The generalised split-window algorithm underpins the 

MOD11A1 product. This method determines emissivity using a landscape classification 

technique. To account for atmospheric effects, two distinct longwave bands are employed. This 

approach is especially useful in situations when most of the surface is assumed to have the 

same emissivity (Wan, 1999). 

The thermal emissivity separation (TES) technique is used by the newest MOD21A1 devices, 

which were introduced in 2018. This approach is based on a surface reflectance fluctuation-

based emissivity concept. (Hulley et al., 2016).  

Literature supported that MOD21A1 products gives better results than MOD11A1 products in 

arid regions and similar outcomes in all other locations (Hulley et al., 2020). MOD11A1 

product was regularly used to LST observation (Liu et al., 2012; Huang et al., 2013; Weng et 

al., 2014, Li et al., 2016) and therefore this study also intend to use the same. However, the 

study site Dhaka is not situated in arid region where MOD21A1 could show significant results. 
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The MODIS satellite imagery for this study was obtained from USGS Earth Explorer. At the 

initial stage, raw data was multiplying by the scale factor of 0.02(table 14) to convert to Kelvin. 

After that, values of LST in Kelvin were converted to Celsius by subtracting 273.15 from 

Kelvin values. MODIS LST user guide was used to address the calculation of the 

transformation (Emelyanova et al., 2013; Frimpong et al., 2023).  

 

4.3.1.2 Landsat Satellite data 

Landsat 5 and Landsat 9 satellite imagery of level 2 and collection 2 products were utilised 

which includes LST products. This extensive dataset contains essential elements which include 

surface temperature, surface reflectance, intermediate bands used for LST calculations, and 

quality evaluation masks. The surface temperatures in this dataset are generated from the 

Collection 2 Level 1's thermal infrared Sensor (TIRS) band 10, using a single-channel 

technique. Landsat data is organised into paths and rows according to the satellite's orbit. In 

Landsat imagery, Path and Row for Dhaka are 137 and 44 respectively. 

Thematic Mapper (TM) sensor on Landsat 5 enables it to record pictures in various spectral 

bands, giving vital information to monitor changes in land cover, vegetation health, and other 

environmental aspects. Landsat 5 was retired after over two decades of duty because to 

technical concerns, including a malfunction in its solar matrix drive mechanism. However, this 

study used Landsat 5TM for 2011, because this was in operation on that period. 

Landsat 9 began operations in September 2021 to continue and improve on its successors' data-

collecting capacities. The satellite is equipped with two primary sensors: the Operational Land 

Imager 2 (OLI-2) and the Thermal Infrared Sensor 2 (TIRS-2). This equipment records pictures 

and data in a variety of spectral bands, allowing scientists and researchers to examine land 

usage, changes in land cover, vegetation health, and other environmental variables. 

Each day, Landsat acquisition starts from North to South and they pass through the equator 

between 10am to 10.25 am at local time. For study are Dhaka, Landsat acquire imagery at about 

10.30 a.m. local time (GMT+6). According to (Hussain et al, 2023; Corner, R.J., et al. 2014; 

Raja et al., 2021) ,   Landsat’s path and row for Dhaka is 137 and 44 respectively. From January 

to May of 2011 and 2022, all imagery were obtained from the "USGS Earth explorer" (USGS, 

2022). The data has been multiplied by 0.00341802 (Multiplicative scale factor) and an additive 

offset of 149 (table 14) was applied to convert it from Band 10 to Kelvin (USGS, 2022). 
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4.3.2 Data pre-processing, processing, and analysis 

In all cases, datasets were clipped to the study extent of Dhaka city, and spatial consistency 

maintained by projecting the datasets to UTM Zone 46 N projection system, with raster datasets 

interpolated to 30m spatial resolution and vector datasets scaled to 1:100,000 map units. To 

model a near-daily climate phenomenon, cloud cover was not factored in the choice for the 

imagery. Changes in the amounts of clouds and moisture, for example, can have an effect on 

the balance of radiation at the surface. Surface temperatures can be impacted by clouds that 

either increase or impede incoming solar energy. STARFM is primarily concerned with 

combining reflectance and radiance values from several sensors to create a dataset that is 

consistent across time and space. 

 

4.3.3 Fusion process of Landsat and MODIS satellite imagery 

Landsat 5, Landsat 9 (hereafter referred collectively as Landsat), and MODIS were processed 

in the Google Earth Engine (GEE) proposed by Gorelick et al (2017). GEE provides an open-

access cloud-based computing environment with several ingested imagery archives, and code-

based processing environment, allowing for custom python or JavaScript codes and a faster-

processing cycles. The study developed a custom JavaScript code (Abudu, et al., 2022) for 

processing both Landsat and MODIS in GEE for the required summer seasons of 2011 and 

2022 respectively. Figure:19 summarises the processing steps following in the GEE 

environment.  

For MODIS of each year (2011 and 2022), all LST bands of each year were combined into one 

single image. Some bands had null pixel values, which affects estimation of UHI. To address 

this, an interpolation was conducted by considering neighbouring pixel values of 30 images 

with future dates from the considered date and 30 images with previous dates to improve the 

accuracy of the interpolation. The resulting MODIS composite imagery consisted of 150 LST 

bands for 2011 and 2022 respectively without any null pixel values. This approach was adopted 

for the Landsat imagery as well resulting into Landsat composite imagery of 150 bands to 

match the dates and number of bands of MODIS. An exception was that not all the bands in 

the Landsat composite had non-null values, because MODIS has daily imagery while Landsat 

has a 16-day repeat cycle. It was important to have the same number of bands in Landsat as 

that of MODIS for the application of STARFM algorithm. On application of STARFM 

algorithm, the synthetic out image replaces the corresponding null-valued bands in Landsat. 
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                Figure 20: a. Google Earth Engine (GEE) cloud computing environment, LST,  

                            b. STARFM implementation on PC Python environment.  

 

   

 

The daily MODIS land surface temperature (LST) data are provided as unscaled digital 

numbers (DN) format in GEE for both day and night times. The study selected daytime datasets 

to correspond to the Landsat imagery which are taken at about 10.30 am local time (GMT+6). 

One of the main downside of MODIS data is the frequency of empty pixels over tropical areas 

due to extreme weather patterns. The study addressed this problem by assuming a minimal 

temperature variation within a seven-day period. Using a custom gap-filling algorithm 
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developed in GEE, twelve-day temperature values from six days preceding and succeeding the 

missed pixel date, respectively were averaged to fill the gap. Then converted the DN to 

temperatures in degree Celsius (0C) using equation 1. The processed daily MODIS datasets 

were then stacked into one single imagery with each band corresponding to respective LST 

days, for easier data download and further processing.  

                        Ic = (IDN) ∗ (f1) + (f2) − (k
0
)                                                            (1) 

 

Where, Ic is the output image in 0C, IDN is the unscaled input image in DN, f1, f2 and k0 are 

sensor specific and provided in Table 14. 

Table 13: Sensor properties used in the scaling Landsat and MODIS imagery. 

Product 

Scale 

factor1 

(f1) 

Offset/Scal

e factor2 

(f2) 

Absolute 

temperature in 0C 

(k0) 

Source 

Landsat Level 2 

collection 2  

0.0034180

2 
149.0 273.15 USGS 

MODIS Level 2 0.02 0 273.15 
ERI-

UCSB 

 

Similarly, each of the Landsat land surface temperature (LST) bands provided in GEE were 

scaled to degree Celsius (0C) using the equation 1 and stacked into a single image ready for 

download and processing. Given that Landsat has a 16-day revisit cycle, several days 

corresponding to MODIS dates were unavailable. An empty band (a band with null values) was 

created in the Landsat composite imagery to correspond with the MODIS dates for which 

Landsat had not data. This was done to ensure, the number of bands of MODIS corresponds 

with that of Landsat to enable automatic calculation of synthetic Landsat imagery using the 

custom python script described in Section 4.3.4. 

 

4.3.4 STARFM Fusion process 

To account for local scale variations of LST within Dhaka, Landsat’s 30m imagery is sufficient. 

However, it is not possible to obtain more than three Landsat imagery in each month. Therefore, 
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there was need to exploit the MODIS’s high temporal resolution with Landsat’s high spatial 

resolution to synthesize a high spatiotemporal imagery (HSR). This was achieved by using the 

Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) first proposed by Gao 

et al (2006). STARFM is a widely used model for Landsat and MODIS fusion because of its 

flexibility of being adjusted to adapt to different scenarios (Singh et al., 2011 and Emelyanova 

et al., 2013). This have been demonstrated by Walker et., al (2012) in forest phenology studies, 

Xu et., al (2020) for monitoring crop water content, and Liu and Weng (2018) for LST 

prediction. Since MODIS’s thermal bands 31 and 32 have similar centre wavelengths with 

Landsat’s thermal bands 10 and 11 respectively, it is possible to exploit the statistical 

information in the corresponding bands, to predict a new HSR band. Masek et., al (2006) 

showed that MODIS and Landsat demonstrate consistent surface reflective properties, despite 

their radiometric differences. Therefore, firstly, we ensured uniform georeferencing and 

resampling of image and pixel sizes for both Landsat and MODIS and obtained base-pair 

imagery on the same day. 

STARFM represented in equation 2, produces synthetic Landsat imagery for the dates that 

MODIS imagery exist. The model assumption is that the difference between MODIS and 

Landsat observed in the same day is constant, meaning that we can predict Landsat data for 

days where MODIS data has been observed and vice versa (Gao et al., 2006). For each Landsat 

and MODIS corresponding pixels (xi, yj), at an initial time t0, the resulting (error resulting from 

system and pixel properties) can be applied to a new MODIS data at time tt, to predict Landsat 

imagery at tk. Given that the error is constant at both t0 and tt, the algorithm should consider 

only three other properties in the prediction namely, the pixel’s spectral differences, the pixel’s 

temporal difference and the centre pixel’s spatial Euclidean distance from its neighbours. In 

this study we constructed a moving window of size 5x5 over the imagery to reduce 

computational complexities without compromising the accuracy. We accounted for the three 

properties by applying a variable weighting factor wij over the neighbouring pixels. This 

improved the accuracy of the synthetic Landsat imagery (Landsatp) at (xw/2, yw/2, tk). Using 

Mileva, N. et., al (2018)’s Python program for Sentinel-2 and -3 fusion, this study developed a 

custom script for MODIS and Landsat fusion using STARFM model (Abudu & Parvin, 2022). 

 

Landsatp =  ∑ wij[modis(xi, yj, tk) + landsat(xi, yj, t0) − modis(xi, yi, t0)]w
i,y,=1   (2) 
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Where, w is the size of the moving window. Weighting function was used to incorporate more 

information from neighbouring coarse and good resolution image pixels. (Gao et al, 2006; 

Walker, J. et al, 2012). 

 

Figure 21: Landsat and MODIS images used for the Fusion process. 

4.4 Accuracy of the fusion process 

 

Several studies have confirmed the STARFM based fusion processes as accurate, reproducible, 

but sensitive to thematic focus (Walker et al., 2012; Emelyanova et al., 2013; Singh et al., 

2011). Weng et., al (2014) for example, evaluated the accuracy of STARFM based fusion of 

Landsat and MODIS using comparison of ground-based point weather datasets and synthetic 
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LST. In this study, ground weather stations data from only one station in Dhaka were 

employed, thereby influencing decision to evaluate the accuracy of synthetic Landsat imagery 

against the real imagery obtained on the same date. Walker et., al (2012) applied a similar 

accuracy evaluation approach in their forest phenology study. The study predicted Landsat 

imagery for dates that have existing Landsat scenes and then performed pixel-wise comparison 

of the two imageries. Due to the size of the imagery, it was used a randomly sampled 10% 

pixels per imagery pair. 

 

4.4.1 Processing of weather data 

The obtained ground-based weather data contained rainfall and air temperature information 

necessary to account for both land surface and air temperatures contribution to UHI effects. 

Rainfall dataset provided insights that are complimentary to the air temperature data. The air 

temperature data provided a metric for comparison with the estimated LST for preliminary 

accuracy check. The study considered weather data from January to May of 2011 and 2022 

respectively. January was considered to show winter to summer transition. Using the inbuilt 

Microsoft Excel plugins, extract weather data for each day of each month, and then use an excel 

automatic technique to get the average temperature for each month for each year (Figure: 21). 

Daily temperature estimates were extracted for the selected years, then geocoded in ArcGIS 

software with location data from the geometrically corrected imagery and finally pre-processed 

into either a vector point-temperature or raster air temperature datasets over Dhaka city. Figure 

21 provides a seasonal trend of the temperature for each year, 2011 to 2022. Heat map (Table: 

15) shows that Dhaka’s monthly average temperature for the summer months of January to 

May, generally varied between 17 and 31 degrees Celsius since 2011 to 2022. May was the 

hottest month in 2011 whereas April become the warmest month in 2022. 
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Figure 22: Average temperatures of every five months from year 2011 to 2022. 

 

Average temperature of Dhaka for the study periods (Degree Celsius) 

Table 14: Heat map of Dhaka from January to May monthly average temperature 

 (Source: BMD, 2022). 

 

Year January February March April May 

2011 17.27 22.55 26.38 28.02 28.42 

2022 20.24 21.62 28.47 30.04 29.47 

 

4.5 Satellite imagery availability and synthesis of high quality spatio-temporal 

imagery 

Table 13 shows the satellite imagery used in the study. Daily MODIS imagery was available 

for both 2011 and 2022 at 1km spatial resolution. However, Landsat imagery (Landsat 5 and 

Landsat 9) was obtained at higher spatial resolution of 30m but with a poor temporal resolution 

(16 day repeat and no imagery in some months) compared to MODIS. Therefore, using 

STARFM algorithm, synthetic imagery with high spatial and temporal resolutions were created 

and samples shown in Figures 22 and 23. Using Landsat and MODIS image pairs shown in the 
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figures, near-daily images were created for each of the five months consider for both 2011 and 

2022.  

It should be noted the study could only obtain one Landsat 9 base imagery to use to produce 

synthetic imagery for both April and May for year 2022. To minimise error, the study ensured 

that the matching MODIS pair were used to the corresponding synthetic image on the same 

date as MODIS. Additionally, from the figures 23 and 24, there are patterns of cloud cover in 

months of March and April in 2022, and May in 2011. Due to the presence of cloud cover, the 

study used imagery from April as the base of the month of May. Despite this cloud cover, the 

study involved several imagery because its objective was to simulate exact scenario on the 

ground. As a result, the land surface temperature trend seen by MODIS images was very 

slightly impacted by cloud patterns. The similar trend displayed between Landsat, Modis and 

synthetic imagery is an indicator of the reliability of fusion process. 

 



82 
 

 

Figure 23: Sample base and predicted pairs of 2022 Landsat-9 and MODIS imagery used to 

create synthetic images using STARFM algorithm. 
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Figure 24: Sample base and predicted pairs of the 2011 Landsat-5 and MODIS imagery  

used to create synthetic images using STARFM algorithm. 
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4.6 Estimation of land surface temperature using synthetic imagery 

The average seasonal land surface temperature (LST) for 2022 and 2011 respectively. In 2022, 

the average maximum LST of Dhaka was 39.750C, compared to 37.060C in 2011.On the other 

hand, minimum LST for the study years were 20.270C and 23.840C respectively. This is 

approximately more than two degrees Celsius increment over the twelve-year period in both 

minimum and maximum temperature. However, a close examination of Figure 25, shows the 

spatial distribution of the increasing LST over Dhaka city and indicates small pockets of heat 

islands in 2011 as compared to the distribution of heat islands in over 75% of the Dhaka city 

with few exceptions in the tips of northeast and northwestern regions. In fact, in 2011, the heat 

islands reported in small areas around northwestern and eastern areas were due to the 

construction of large buildings in the area at the time. Areas with the centre and southwest are 

covered by city centre’s predominantly built-up infrastructures.  The existence of UHI in Dhaka 

city has exacerbated over the twelve-year period to a point where there are limited areas with 

temperatures below 300C. 

 

Figure 25: Monthly average LST of Dhaka from January to May 2011 produced with fused 

images. 

As Qureshi and Rachid (2022) noted in their work, a single summer imagery is insufficient to 

fully represent the UHI complex and dynamic interactions with climate, and landcover, among 

others. As a result, the study investigated the impacts of UHI throughout the summer season 
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using monthly average LST as shown in figure 25 for 2011 and figure 26 for 2022. Despite 

average seasonal temperatures climaxing at 39.750C for 2022 and 37.060C for 2011, monthly 

average temperatures reached 46.180C and 46.010C in 2022 and 2011 respectively. The hottest 

and coldest months were April and January in 2022, May and January in 2011 respectively.  

According to local knowledge of Dhaka, temperatures are expected to increase from January 

to May as the city transitions from winter to summer. However, this trend was observed only 

in 2011. In 2022, temperatures increased from January to April as expected, but dropped in 

May. This drop in temperature can be accounted for by examining both (Figure 3 and 5) where 

the city received high amounts of rainfall throughout the month of May 2022. These heavy 

rains were attributed to nor ’westers – a localised rainfall and thunderstorm events common in 

India and Bangladesh which occurred during the months of May 2022 (BDNews24, 2022). 

Despite April already being the hottest, examining (figure 26) further shows that the occurrence 

of the cyclonic event on 20th April 2022 contributed to slight decrement of the April’s 

temperature which could have shot beyond the current highest level of 46.180C. 

 

 

Figure 26: Monthly average LST of Dhaka from January to May 2022 produced with fused 

images. 
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Furthermore, small cold patches observed in several LST results such as in May 2011, March, 

April, and May 2022 are due to the cloud cover presence in the original Landsat and/or MODIS 

imagery. The cloud cover’s effect on the study results could be in numerically minimal and 

systematic, given that the pattern obtained from LST maps (Figure 27) are similar with the 

temperature pattern observed from air temperature datasets shown in figure 22. This therefore 

supports this study’s objective of utilising supplementing Landsat with MODIS daily datasets 

to produce a higher spatio-temporal imagery that can produce LST’s with near semblance to 

ground based temperature. 

 

 

Figure 27: Comparison of Seasonal average LST (STARFM produced image) of Dhaka from 

January to May for 2011 and 2022 using same legend. 
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4.6.1 Comparison of different sensor generated LST. 

The comparison of seasonal average LST (land surface temperature) between several satellites 

and STARFM (spatial-temporal adaptive reflectance fusion model) image sensors is shown in 

the graph.  

 

Figure 28: Seasonal average LST comparison between different satellite sensors and 

STARFM generated imagery for 2011 and 2022. Landsat 5(2011) and Landsat 9(2022). 
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Integrating various satellite imagery could produce a higher range of values because of 

capturing data in different spectral bands with different resolutions. By fusing those imagery, 

they are combined with their strength which could increase spatial resolution, temporal 

coverage and spectral bands. This fusion often resulted in an intensive dataset which may not 

be captured by single satellite imagery. 

Figure 28 illustrates that all three sensors have comparable seasonal average LST values. In 

2011, Landsat 5TM produced LST’s were 30.550C, MODIS 33.600C, and synthetic Landsat, 

which was merged by combining Landsat and MODIS, resulted 37.06 0C. On the other hand, 

in 2022, the trend shows the same temperature in several satellite sensors. The average LST of 

Landsat 9 was 31.200C, MODIS was 33.950C, and fused imagery was 39.750C. 

Single Landsat and MODIS generated LST were lower than synthetic Landsat basis LST. It's 

possible that combining the imagery enhanced resolution to both and resulted in a more 

accurate temperature without missing pixels from the specific area.  Only MODIS in 2011 

showed some missing pixels which are present in fused synthetic Landsat imagery (Figure 28) 

due to added pixels and increased the intensity of the temperature for the area. In 2011, 

STARFM based synthetic imagery illustrated more widespread and intensity than only Landsat 

and only MODIS. However, in 2022, only Landsat represented some widespread in 2022 but 

more intense in synthetic imagery.   

4.7 Comparison of the estimated Land Surface Temperatures with Ground Temperature.  

Comparing the air temperature data shown in Figures 22 and table 15 with the temperatures 

estimated from satellite imagery (Figures 25 and 26) shows similar increasing trends. However, 

the air surface temperatures are generally lower than the satellite estimated LST. 

Ground-based air temperature measurements (Figures 22 and table 15) reveal a consistent 

upward trend in temperatures over the past 12 years. These measurements, combined with 

satellite-derived temperature estimates (Figures 25 and 26), provide valuable insights into the 

urban heat dynamics of Dhaka city. Although, the air temperatures are generally lower than the 

estimated satellite LST, analysis shows a similar trend between ground-based and satellite-

derived temperatures, indicating the reliability of satellite data for monitoring temperature 

trends in urban areas. Both the air temperature and LST has increased from winter to summer 

for the respective years. 
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Furthermore, Dhaka's inadequate number of weather stations may be the reason for the lower 

values seen in the air temperature readings taken from the ground. Based on the total area of 

Dhaka city, one weather station is not enough for coverage the spatial resolution of daily 

temperatures. More than one ground stations are time demand for the study of complex 

characteristics of Dhaka’s weather. 

A spatial investigation of temperature patterns in Dhaka reveals the immense magnitude of the 

UHI impact on the city's thermal environment. It is essential to examine the influence of the 

UHI effect, due to Dhaka's high population density and substantial urban growth are causing 

local warming relative to neighbouring rural areas. 

Satellite imagery shows higher surface temperatures when comparing less developed or forest-

covered regions in the northeast and southeast to more inhabited areas and metropolis corridors. 

These findings show how man-made heat sources, such as building materials, manufacturing 

activities, and vehicle emissions, contribute to urban warming and support empirical evidence. 

Nighttime temperatures data from a similar study by Bohnenstengel et al. (2014) demonstrated 

that high temperatures remain in urban areas, raising the heat stress for inhabitants, particularly 

during heat waves and prolonged periods of high temperatures. 

 

Despite the challenges caused by the UHI effect, satellite-based temperature observation is a 

useful instrument for understanding urban climate patterns and directing mitigation efforts in 

Dhaka. When governments and urban planners combine satellite imagery with ground-based 

indicators, they may develop specific plans to mitigate heat-related risks and enhance urban 

resilience. Cool roof technologies, developing green spaces, constructing building with proper 

ventilation may reduce the intensity of UHI. Therefore, more sustainable, and healthier 

environments can be available for the residents. It would also require monitoring and analysis 

of satellite imagery-oriented temperature to assess the effectiveness of the initiative for the long 

run.  

 

4.8 Dhaka’s LST variation in other studies 

It was stated that one single image for a year or each month cannot provide a better resolution 

of land surface temperature. Seasonal changes in weather, diurnal and nocturnal cycles, and 

other temporal variables can cause considerable variations in land surface temperatures 
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throughout time. Using several satellite imagery taken at different periods could provide a more 

in-depth knowledge of temperature changes. 

In general, seasonal fluctuations in plant growth, the amount of water, precipitation, and other 

variables impact land surface temperature (LST). However, Dhaka’s LST trend changes for 

many reasons within the city. Dhaka is situated in a monsoon climatic zone which includes hot 

and humid summer, heavy rainfall, and a cooler winter. This kind of seasonal variation also 

affect LST in Dhaka. Dhaka’s LST could also affected by solar radiation, land use changes, 

vegetation dynamics and atmospheric conditions as the study observed Dhaka has lost its green 

spaces substantially over the research period.  Many studies show contradictory results when 

it comes to calculating LST of Dhaka. Using imagery from various months allows such 

variations to be considered for the LST estimations. 

The accuracy of LST estimations can be increased by averaging data across time. This is 

especially crucial when interacting with unclear data or data that has been impacted by short-

term irregularities.  

 

Abrar, (2022) research used only one Landsat 8 imagery from 18 April 2021, which could not 

represent the actual scenario of a whole year. April is considered summer in Dhaka, and due to 

its geographical position, Dhaka is situated in a monsoon climate zone with at least three 

seasons of summer, rainy and winter (Corner, R.J., et al. 2014; Rahman et al., 2020). The LST 

generated by the imagery from April 18, 2021, is a summer-only reflection which would fail 

to accurately address the temperature variations in Dhaka throughout different climatic 

seasons. For Abrar, 2022 study, the LST range is from 19.440C to 32.98 0C for Dhaka in 2021 

(Figure 29a). 

  

 Kafy A. (2021), used Landsat 8 image of 15 April 2020 as summer representation and 09 

November 2020 for winter. In Dhaka, hot summer starts from March and continue to till May 

whereas winter comprises the month of November to February (Corner, R.J., et al. 2014).  In 

this study, LST generated from 15 April 2020, illustrated that the minimum LST was 230C and 

the maximum was more than or equal to 320C (Figure 29b). The study also mentioned 09 

November 2020 imagery acquisition date as winter and used the only imagery for the 

calculation of the LST for winter. The study didn’t consider other days or months to 

demonstrate the average temperature for the different seasons.  
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Hussain et al, 2023, employed three imagery for 2011 to calculate hot spot of Dhaka for three 

different seasons. Jan 17, 2011, for winter, May 09, 2011, for summer and Sep 30, 2011, for 

autumn. According to the study, summer temperature for September 30, 2011, was 39.280C for 

that specific day (Figure 29c). In Dhaka, June to October is monsoon wet season and a single 

day of September was not enough to illustrate all other days and study couldn’t mention it’s a 

seasonal UHI.  

 

 

 

 

 

 

  

 

                                                 

 

Variation of UHI in Dhaka from 

different literature using single and 

imagery for 2011, 2020 and 2021. 

 

a. UHI of Dhaka in 2021,Abrar, 

(2022)  

b. UHI of Dhaka in 2020, Kafy A. 

(2021). 

c. UHI of Dhaka in 2011, Hussain 

et al, 2023      

Figure 29: Examples of different trends of UHI in Dhaka from other studies. 

 

C. 2011 

a.2021 B. 2020 
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The current study attempted to expose the outcome of integrated satellite images, which offered 

additional insight into spatial and temporal resolution, allowing the resolution of UHI to be 

adequately addressed (Figure 24, 25). There was no literature addressing the seasonal UHI of 

Dhaka in 2011 and 2022, thus this research focuses on the seasonal and winter to summer 

transitional phenomena of Dhaka's UHI using integrated satellite imagery. From above LST 

images from different studies, it is observed that Dhaka’s temperature has been increased 

spatially from 2011 to 2022. Highest temperature shown in 2020 is >/32, however it increased 

almost 1C in 2021. Lowest temperature shown the similar trend for both years ranges 19.44C 

to 20C. In 2011 temperature was not widespread but its intensity was higher than 2021. 

According to the knowledge about Dhaka, there were some construction areas in the northeast 

and east part of the city which was covered with concretes or other materials which contributed 

to the temperature increasing. This study also focused on the relationship between LST and 

LULC. 

 

4.9 Relationship between LST and LULC 

 

One of the essential roles of land surface temperature (LST) is in evaluating the impact of 

landcover land use (LULC) changes in large geographical extents (Rahimi et al, 2021). Ting, 

2022 evaluates this impact using correlation models of LST with LULC indicators such as 

NDVI and NDWI. Others (Walawender et al, 2014 and Connors et al, 2013) aggregate the 

LULC into two classes (vegetative and non-vegetative) to assess the LST impacts. This 

approach improves on (Rahimi et al, 2021), by using ArcGIS’s zonal statistics tool to assess 

the impact of LST against each LULC class using minimum, maximum and average metrics 

shown in Table 17.    

Table 15: Minimum and maximum land surface temperature of each landcover class in the 

hottest months, and hottest seasons of 2011 and 2022 

LULC 

LST for May 

2011 

LST for Jan - May 

2011 

LST for April 

2022 

LST for Jan - May 

2022 

Min Max Min Max Min Max Min Max 

Greenspace 12.87 44.29 21.44 37.52 21.04 44.61 23.38 38.91 

Built area 15.51 46.02 22.29 38.39 25.92 46.09 23.56 39.26 
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Water 13.33 43.56 21.27 36.45 25.32 43.42 23.13 38.63 

Bare 

ground 

13.28 44.85 21.61 37.55 26.20 46.18 23.48 39.40 

 

 

Figure 29a: Graphical representation of LST -LULC relationship for the hottest months and 

seasons of the study period. 

The hottest month of 2011 was May and April for 2022, and the hottest seasons (January to 

May) in the years 2011 and 2022 respectively. It is evident that built areas emits higher LSTs, 

followed by bare ground, greenspaces, while water is the coldest. However, over the twelve 

year there is evidence in temperature saturation, where the difference between LSTs emitted 

by the different LULC classes becomes very small. For Dhaka, this is attributed to UHI effects 

due to increased urbanisation, population and built infrastructures such that there is very close 

proximity between low LST emitting classes (water and greenspaces) and the high LST 

emitters such as built areas and bare ground areas. Thereby increasing the LST of water and 

greenspaces. Following outcomes from the analysis are described below. 

Built area: 

2011: The minimum and highest LSTs were 15.51°C and 22.29°C and 38.39°C and 46.02°C, 

respectively.  
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2022: The minimum and highest LSTs were 23.56°C and 25.92°C and 39.26°C and 46.09°C, 

respectively. 

Among all classifications, built regions continuously exhibit the greatest LSTs, underscoring 

the major heat input of metropolitan infrastructures. The lowest and maximum LSTs have both 

risen over time, suggesting an increase in urban heat brought on by elements like greater 

population density and increasing building. 

Bare ground 

2011: The minimum and highest LSTs were 13.28°C and 21.61°C and 37.55°C and 44.85°C, 

respectively.  

In 2022, the minimum and highest LST values were 23.48°C and 26.20°C and 39.40°C and 

46.18°C, respectively.  

A further finding is that second only to developed areas, bare ground regions have high LSTs. 

The gradual rise in both temperature minimums and maximums points to more urbanisation 

and the baring of natural land. 

Green spaces  

2011: 12.87°C to 21.44°C was the minimum LST range and 37.52°C to 44.29°C is the 

highest LST range.  

2022: The minimum and maximum LSTs were 21.04°C and 23.38°C and 38.91°C and 

44.61°C, respectively.  

The observation was that the cooling impact of green spaces is demonstrated by their lower 

LSTs when compared to developed areas and bare land. Still, there has been a discernible rise 

in both the maximum and minimum LSTs throughout time, maybe as a result of urbanisation 

and a decrease in vegetative cover. 

Water  

2011: 13.33°C to 21.27°C is the minimum LST range and 36.45°C to 43.56°C is the highest 

LST range.  

2022: The lowest LST is between 23.13°C and 25.32°C, and the highest LST is between 

38.63°C and 43.42°C.  

Across all land cover categories, water bodies consistently have the lowest LSTs, 
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highlighting their cooling function. Despite this, LST has increased over time, demonstrating 

the impact of neighbouring high-LST regions (such as urban heat islands). 

 

Considering the findings (Figure 29a), it is important to discuss how seasonal fluctuations have 

shaped Dhaka's surface temperatures. A persistent pattern of high LSTs during most of the 

study duration (January to May) supports this view. This has important policy implications as 

well since the study can help shape Dhaka's urban policy. In order to evaluate the heat-

absorbing qualities of impermeable surfaces, for example, and to explore more environmentally 

friendly alternatives for building materials and short- and long-term greening projects, city 

planners can take use of the highest LST findings displayed by built-up regions. Greenery, or 

vegetated areas, helps keep temperatures lower next to bodies of water because they can absorb 

a lot of heat. Figure 11 illustrated that the planning authority has improved some water areas 

from 2011 to 2022. Hatirjheel lake has been expanded in the middle (Figure 11) of the city 

which enhanced aesthetic landscape of the city as well as managing the heat. Dhaka city 

corporations (both DNCC and DSCC) are working to encourage people to install green roof 

within the city. 

 

4.10 Chapter Conclusion 

For more than a century, UHI has been an increasing concern across worldwide. Considering 

the rising urbanisation of emerging nations, UHI evaluation continues to be an essential 

instrument for urban and environmental planning. The study demonstrated the utility of high 

spatio-temporal imagery for estimating UHI in Dhaka city and shown the existence of UHI in 

Dhaka city, that has been gradually increasing over the past twelve years.  In demonstrating 

the UHI existence, land surface temperatures (LST) were derived from satellite imagery and 

compared with ground-based air temperature collected from a ground station in Dhaka city. 

Numerous previous literatures demonstrate Dhaka's LST, but they did not consider various 

satellite imagery for geographical and temporal resolution. Future research should consider the 

spatio-temporal resolution for an improved understanding of land surface temperature as well 

as urban heat islands to comprehend the zonal seasonal heat intensity in Dhaka as well as 

Bangladesh. 

To summarise, this study demonstrates that the STARFM approach is appropriate for 

generating synthetic Landsat imagery for an urban area like Dhaka to gather additional 
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information about surface temperatures and this approach is still novel for Dhaka and 

Bangladesh too. The project's limitations were Landsat's 16-day return cycles and cloud cover 

in the study area. MODIS 1km spatial resolution was also unable to cover the correct pixels in 

this research region. However, while this research overlooked cloud coverings, it included 

minimal cloud covered imagery to analyse the LST of the cloud-based day as well. Another 

disadvantage was that the study area's Landsat acquisition period was during the day, but the 

research aimed to use nighttime images to prevent solar radiation and other physiological 

effects. As a result, daytime MODIS data has been combined with Landsat images. MODIS, 

on the other hand, has both day and night datasets available. 

 While the approach has certain limitations, the findings are satisfactory and may be used to 

compute the UHI on days without Landsat overflights. Cloud cover could have an impact on 

Landsat imagery, reducing the amount of cloud-free imagery. Because of STARFM's 

efficiency in creating synthetic data, UHI computations are possible even on cloudy days while 

imagery from Landsat is unavailable. There is an interval in time between successive 

overflights of Landsat satellites, due to specific revisit cycles. By combining data across the 

intended duration, STARFM can assist in filling up these temporal gaps and enable continuous 

UHI assessment over extended timeframes. 

Improvements might be achieved by confirming the input imagery of Landsat and MODIS for 

the research region, especially by employing in real time data. Another enhancement in future 

research might be the use of higher-resolution data from unmanned aerial vehicles (UAV), such 

as drones, to learn more about the 3D structure of the city, as well as the integrating of fusion-

based imagery to boost spatial resolution even more. Cloud pixel reconstruction techniques 

might potentially be used to improve temporal resolution. 
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5. CHAPTER FIVE - CONCLUSION 

 

5.1  Thesis Conclusion 

The thesis aimed to assess the urban heat island vulnerability of Dhaka city using multi-

temporal and multi-spectral satellite imagery. First, a thorough, comprehensive study of the 

literature was carried out to assess the historical and contemporary urban heat island impacts 

in Dhaka. Next, using cutting-edge techniques, the study quantified the various land uses and 

land covers in the city during the study period, a twelve-year term, from 2011 to 2022.  

Throughout the analysis, following objectives has been achieved and summarise below. 

 

a. Quantify the land use land cover changes over Dhaka city from 2011 to 2022. 
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The research quantified various land use and land cover changes in Dhaka during twelve-year 

period from 2011 to 2022 which has been in details in chapter 3. The method utilised to address 

LULC determinations were the latest and sophisticated in that field. This method involved 

technology and scientific understanding. The results illustrated that the city is changing in its 

landuse and landcover which is gradually transformed to built up areas. This change has a 

significant impact on green spaces. This study's capacity to provide generalised vegetation 

indices (NDVI)for various LULC in Dhaka (thana scale) for the first time, as indicated in Table 

5,6 would significantly enhance LULC categorization procedures in the future. 

 

b.  Estimate the urban heat island of Dhaka city and its change over time using 

multi-temporal satellite imagery, census, and ground weather data. 

 

Using integrated satellite imagery to estimate UHI was another crucial objective of this study. 

Research estimated UHI utilised multiple datasets and identified that single imagery with high 

spatial or temporal resolution is not enough to estimate the accurate UHI intensity for the study 

area. Figure 27 shows the difference between single Landsat, MODIS and fused imagery based 

LST which is novel for Dhaka city and significant for future studies. Recent population census 

and city boundary map provided insights to analyse population dynamics and their density 

throughout the city at thana scales. Increasing population has influence on decreasing green 

spaces due to demand of housing and their activities which contribute to enhance urban heat. 

Ground weather data from Dhaka used to validate satellite produced temperature and 

understanding weather of the city. 

 

c. Determine the significant land use land cover variables for heat vulnerability in 

Dhaka City.  

The study utilised different LULC variables to justify heat vulnerability in Dhaka. Built area, 

green spaces, water body and bare ground, all these feature classes have their own correlation 

to the heat (Table 17). Green spaces often associated with lower temperature which has natural 

cooling effect to reduce heat vulnerability. Built areas and bare grounds have the capacity to 

reflect heat due to no vegetation. These influence increase urban heat. 

 



99 
 

In addition, the urban heat island (UHI) impacts inside the city and by LULC class were 

evaluated utilising a novel methodological approach for Dhaka that used integrated multi-

spectral and multi-temporal Landsat (5 and 9) and MODIS (Terra) satellite images. Finally, the 

study analysed the influence of UHIs on the city's green spaces and other feature classes, 

comparing predicted land surface temperatures to ground-based temperatures to verify the 

accuracy of the methodologies implemented. Along with the assessment and analysis of UHI 

in Dhaka, the study's thorough examination into the dynamics of the LULC transformations 

has produced significant information into the intricate interactions between urbanisation, 

climate change, and environmental sustainability.  

 

Novel analytical techniques of the research and thorough data analysis have illuminated 

important patterns and trends influencing the patterns of urban climate of Dhaka. Even though 

the study has significantly advanced our knowledge of urban heat mechanics and how they 

relate to land cover transformations, it is important to recognise both the study's limitations and 

strengths and recommend possible directions for further research. 

 

The study's fusion of several remote sensing satellite datasets for UHI estimations and cutting-

edge analytical methods, such as vegetation Indexes for green space identification and for 

LULC mapping using Maximum Likelihood Classification, are some strong points. This multi-

dimensional approach has enabled the study to capture the spatial and temporal complexities 

of urban land cover dynamics and their implications for UHI intensity accurately. Additionally, 

the utilisation of data fusion algorithms, such as the Spatial and Temporal Adaptive Reflectance 

Fusion Model (STARFM), has enhanced the spatio-temporal resolution of satellite imagery, 

thereby improving the accuracy of seasonal UHI estimations and trend analysis, as the novel 

contribution for Dhaka city. Due to STARFM's efficiency in creating synthetic data, UHI 

computations were made possible even on cloudy days where imagery from Landsat is 

unavailable. Also, there is a sixteen-day interval in time between successive overflights of 

Landsat satellites, due to specific revisit cycles. By combining data across the intended 

duration, STARFM can assist in filling up these temporal gaps and enable continuous UHI 

assessment over extended timeframes. 

 

5.2 Limitation of the study 
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5.2.1 Satellite data 

Despite these strengths, the study met some limitations. The accuracy of UHI estimate and 

LULC categorization may be impacted by uncertainties relating to atmospheric conditions, 

spectral mixing, and sensor calibration that may be introduced by depending too much on 

satellite imaging and remote sensing data. By using reliable data from ground-based weather 

stations to precisely calibrate the satellite-based LULC and UHI estimate models, these 

uncertainties can be reduced. The study would be more feasible if the Landsat satellite imagery 

from nighttime would be available. MODIS has different temporal resolution, but Landsat for 

Dhaka was available for morning only. Since the research was aware that this may lead to a 

margin of error, an effort was undertaken to use datasets from the days and months when the 

study periods were most similar. In addition, the shadow effects cast by taller buildings on 

shorter structures can lead to misrepresentation in the recorded data because of the influence 

of building heights and materials with varying radiative properties, like glass and concrete, on 

the distribution of solar radiation in a typical urban area. 

 

5.2.2 Meteorological data 

 Dhaka belongs to only one ground weather station situated in Agargaon within the 

metropolitan area which may influences the results that are collected. Moreover, though 

ground-based temperature observations offer significant validation, their accurate 

representation and application for larger-scale study may be limited by constraints in their 

temporal and spatial resolution. Also, the results may not be as suitable and applicable to other 

metropolitan city with distinct demographic and environmental features due to the study's 

particular emphasis on Dhaka. 

5.3 Recommendations for Future Works 

Within this study, the importance of fusing MODIS and Landsat to provide multitemporal and 

multispectral images has been researched to estimate land surface temperature (LST) and 

evaluate the impacts of urban heat islands (UHI) in Dhaka. 

 

To enhance the precision of LULC categorization and UHI estimate at more precise 

geographical scales, future studies may investigate the use of high-resolution remote sensing 

data, such as LiDAR and hyperspectral images. Use of Unmanned aerial vehicles (UAV) with 

high resolution will also be a good choice. Furthermore, the integration of machine learning 

methods and spatial modelling methodologies may augment the prospective potential of UHI 
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modelling and accelerate scenario-based evaluations of forthcoming urban expansion and 

climate change consequences. 

 

Further research efforts could expand the focus to include other components of UHI effect, like 

health vulnerability indices, are also crucial to improving knowledge of the complex correlation 

between urbanisation and climate relationships, and their impacts on public health outcomes. 

One potential way to highlight the health risks and socioeconomic inequalities caused by urban 

extreme heat is to integrate health vulnerability evaluations with UHI analysis. This assessment 

can enable future researchers to pinpoint Dhaka’s populations at heightened risk of heat-related 

illnesses and mortality, shedding light on the complex interplay of socio-demographic factors, 

including age, income, and access to healthcare, within the urban landscape. 

 

While this study represents a significant step towards understanding the complex interactions 

between urbanisation, land cover dynamics, and urban heat dynamics in Dhaka, continued 

interdisciplinary research efforts are needed to address collaborative research gaps in Dhaka 

amongst researchers, public health practitioners, urban planners, and policymakers. By 

integrating expertise from diverse fields, future studies can combine research outcomes with 

actionable case studies and innovative solutions that promote the health and well-being of 

urban populations in the face of climate change.  

 

Study advises (Morabito, M et al., 2016; Pineo, H., 2022) local planning authorities to consider 

the impacts of LST on all facets of urban growth and implement strategies to control the 

ensuing repercussions on the environment and people, supports these findings. These impacts 

may be lessened by using and putting into practice various sustainable planning techniques, 

such as cool roofs, cool pavement, green roofs, and buildings with the best possible designs. 

While cool roofs are covered in white materials like polyurethane and acrylic, green roofs are 

covered with a variety of plants (EPA 2017). Cool roofs emit extremely little heat and can 

reflect up to 99% of solar radiation (Santamouris, M., 2014). By reducing heat through 

evapotranspiration, green roofs provide shade (EPA, 2014, 2017). A park with trees or a two-

inch layer of grass might be covered by a green roof (Pineo, H., 2022). As of June 2018, there 

were about 8.5 million square feet of installed or planned green roofs in the United States, 

indicating the growing popularity of this trend (Santamouris, M., 2014). This kind of cool-city 

approach can be approved by the Dhaka city planning authority. 
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Advocating for policy interventions that prioritise the development of resilient and inclusive 

cities, including urban greening initiatives, improved access to cooling infrastructure, and 

enhanced social support networks, will be essential for mitigating the adverse health impacts 

of urban heat and fostering equitable and sustainable urban development. To comprehend the 

underlying implications of UHI in communities, this study concludes by recommending that 

future research take community engagement into account. It is crucial to include these impacts 

in the planning and modelling of UHI effects.  
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Figure 30: Creation of stratified random points. 

 

 

 

 

 

Figure 31:Converted points to Google's Keyhole Markup Language (KML) file. 

 

 



104 
 

 

 

Figure 32: Checking the accuracy of each point. 

 

 

 

 

 

Figure 33:User and producer accuracy compare with the validation result from Google 

earth. 
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Java scripts for GEE codes 

 

 

Figure: 34 JavaScript  

 

 

Figure: 35 JavaScript  
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Figure: 36 JavaScript  

 

 

Figure: 37 JavaScript  
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Figure: 38 JavaScript  
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