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ABSTRACT  

Climate change and global warming have increased land surface temperature (LST) 

in urban areas, causing urban heat islands (UHI), affecting residents' thermal 

comfort. The UHI effect in Greater Francistown City is causing temperatures to rise, 

potentially affecting residents' thermal comfort. The study combined remote sensing 

and statistical techniques to collect Landsat-8 OLI/TIRS-1 data and analyses 

spatiotemporal variability of LST, vegetation, built-up areas, UHI phenomenon and 

thermal comfort levels in the city from 2014-2023. Results revealed that built-up 

areas covered 59.02% of the City in 2023, reducing vegetation to 33.26% and 

affecting thermal comfort. UHI effects have grown due to LST variations near bare-

land and built-up areas. Urban hotspots increased, peaking at 3.12% in 2023, with 

thermal comfort levels varying between 2016 and 2023. Expanding the built-up 

regions, reduced vegetation, land-cover changes contributed to the UHI effects and 

changes in thermal comfort patterns. Recommending sustainable urban planning to 

improve urban liveability.  

 

Keywords: Urban Thermal Field Variance Index, Thermal Comfort, Land surface 

temperature, Urban Heat Island, Landsat 8 OLI/TIRS, Francistown City, Botswana 
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1. CHAPTER 1: INTRODUCTION 

1.1 Background 

Climate change and concomitant global warming have adversely impacted urban 

surroundings, leading to an increase in land surface temperature (LST) (Morabito et 

al., 2016; Dutta et al., 2021; Hashim et al., 2022), which has an adverse influence on 

the external thermal comfort condition of urban residents (Faragallah and Ragheb, 

2022; Amir Siddique et al., 2023). Increased urban temperatures (Sharma et al., 

2021) have resulted in thermal energy accrual, causing urban areas to become 

warmer than their adjacent suburbs and rural regions (Mijani et al., 2020; Barrao et 

al., 2022; Ullah et al., 2022). This occurrence is referred to as the “Urban Heat Island 

(UHI) Effect” (Chun and Guldmann, 2018; Zhao et al., 2023), a consequence of 

urbanisation (Ibrahim et al., 2018).  

Urbanisation has transformed cities into complex and dynamic environments, 

profoundly impacting the local climate and the well-being of urban residents. Rapid 

urbanisation aggravates urban temperatures by expanding the number of concrete 

surfaces, decreasing open spaces and vegetation, and emitting heat from waste and 

buildings (Kabano et al., 2021; Mohammad Harmay and Choi, 2022; Zhou et al., 

2023). The built-up structures absorb the sunlight's radiation during the day and 

slowly emit the accrued heat energy throughout the night-time, reducing the cooling 

impact in cities. UHI concentration contrasts from night to early morning (Sharma et 

al., 2021). Such urbanisation modification elevates the ambient temperature across 

the environment surrounding it (Qaid et al., 2016; Uddin et al., 2022) and causes 

land use cover changes (LULC) in urban places, altering the ground surface's 

radiative balance, layout, and composition, resulting in identifiable urban climatic 

conditions or microclimate (Addas et al., 2020; Khiladi and Karimimoshaver, 2023). 

Moreover, the impact of UHI extends beyond mere temperature rise; it influences 

humans’ thermal comfort, resulting in higher demand for cooling loads, energy 

consumption, and overall urban sustainability (Athmani et al., 2022). 

Thermal comfort is a critical aspect of urban living, influencing daily activities, 

productivity, and overall well-being. It relates to satisfaction with the immediate 

surroundings of the thermal environment (Lee et al., 2017; Amani-Beni et al., 2021) 

and its influence on urban life, with negative consequences on the well-being and 
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productivity of humans (Mijani et al., 2020; He et al., 2022). Anthropogenic activities 

in urban locations lead to an increase in thermal discomfort and have harmful effects 

on humans (Qaid et al., 2016). Urban temperature and humidity and their seasonal 

changes are essential aspects of thermal comfort and are linked to health risks, 

living environment, human behaviour, and urban design (Omonijo, 2017). The lack of 

thermal comfort can lead to health issues, reduced productivity, and decreased 

overall satisfaction with the urban living environment. Individuals, particularly the 

elderly and new-borns, may endure thermal discomfort and acquire heat-related 

diseases when subjected to extreme temperatures for extended periods in urban 

areas (Chun and Guldmann, 2018; Isioye and Akomolafe, 2020; Sharma et al., 

2021).  

As urban development expands, the cities face escalating challenges related to the 

UHI effect and thermal comfort. The spatiotemporal variability of UHI and thermal 

comfort concepts are crucial for effective urban planning, adaptation to climate 

change, and enhancing residents' quality of life. The growing capacity of remote 

sensing to identify spatial attributes and natural events gives an ideal chance to 

comprehend the urban heating environment on an excellent spatiotemporal 

measurement (Feng et al., 2020). The utilisation of remote sensing in the UHI and 

thermal comfort studies has significantly advanced (Goldblatt et al., 2021), enabling 

the analysis of SUHI across global cities (Peng et al., 2012; Leal Filho et al., 2018), 

assessment of rapid urbanisation impacts, and land cover (Khamchiangta and 

Dhakal, 2020; Arshad et al., 2022), and the synergy between external thermal 

comfort and thermal infrared remote sensing (Fiorillo et al., 2023). Additionally, the 

assessment of the UHI using Landsat 8 data has been conducted, demonstrating the 

broad utilisation of remote sensing imagery to evaluate the UHI effect on increasingly 

urbanised areas (Ullah et al., 2023). These studies demonstrate remote sensing 

technology's increasing importance and applicability in understanding the 

spatiotemporal variability of UHI and thermal comfort in different cities. Studies have 

also shown an upsurge in urban heat intensity, causing regional temperature 

differences and resulting in UHI accumulation in big metropolises (Zullo et al., 2019; 

Tariq et al., 2021). The consequences of landscaping design on UHI impacts have 

received much attention (Li et al., 2021), with built-up areas and dry landscapes 

prone to exacerbating UHI effects (Nguyen et al., 2019). In contrast, water bodies 
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and wide-open areas offer a soothing effect (Sari, 2021). LST was found to be 

substantially affected by the land’s structure, nature, and characteristics. 

(Adulkongkaew et al., 2020). Additionally, research has demonstrated that the UHI 

intensity measured in several metropolises is increasing, ranging from 2.01oC to over 

2.4oC (Richard et al., 2021).  

Botswana cities are not an exception, they are rapidly warming and are expected to 

have one of Africa's highest temperature increases (Betts et al., 2018; Ouma et al., 

2021). This implies that immediate action is required to accelerate Botswana's 

reactions to the requirement for adaptation efforts. Even though much attention from 

scientists and others in decision-making positions has been focused on modeling 

heat waves in the cities where UHI is experienced, the problem is still difficult and 

complicated. Due to global warming and growing urbanisation, the likelihood of UHI 

and thermal discomfort occurrences will increase in the years to come, hence the 

need to carry out this study in Botswana. 

1.2 Research Problem Statement  

Botswana has a remarkably high level and rate of urban population (70.9%) and rate 

of urbanisation (2.87%) compared to the rest of Sub-Saharan Africa (Chiguvi, 2022). 

This is due to the country's cautious economic management, which has attracted 

significant investors, creating opportunities for rapid economic growth (Gwebu, 

2012). As a result, Botswana cities and towns are seeing increasing urbanisation, 

which adds significantly to UHI intensity and thermal discomfort. 

Botswana’s second city, Francistown, serves as a regional economic hub for various 

reasons, experienced a significant rate of population increase (1.4%) and 

urbanisation (2.07%) in recent years (Central Intelligence Agency (CIA); 2020' 

Statistics Botswana, 2022). The city's rapid urbanisation, characterised by increased 

population density and extensive infrastructure development, has led to significant 

changes in LULC (Chiguvi and Kgathi-Thite, 2022).  

Increased population and urbanisation combined with climate change and semi-arid 

weather have created a microclimate change, resulting in changes in the function 

and structure of the city’s ecosystems (Ouma et al., 2021; Chiguvi, 2022). 

Specifically, the UHI effect is becoming more pronounced, leading to an upsurge in 

temperature in the city’s built-up locations, particularly during the spring and 
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Summer. Such modification contributes to the intensification of the UHI effect and 

potentially reduces the thermal comfort condition of Francistown residents, which in 

turn leads to thermal discomfort. 

The city temperatures are projected to exceed the previous highest temperature of 

41.4oC recorded in 2011 (Botswana Climate, 2011; New and Bosworth, 2018), which 

will result in increased warming and drying compared to the rest of the world 

(Nkemelang et al., 2018). This will defeat the Paris Agreement’s objective of 

reducing global warming to less than 2°C, perhaps 1.5°C in the next decade, and 

create environmental challenges (Betts et al., 2018).  

However, despite the growing concerns about the UHI effect, Greater Francistown 

City lacks comprehensive research and data on the spatiotemporal patterns of UHIs 

and thermal comfort at the microclimate level. The knowledge and impact of UHIs 

and thermal comfort have not been considered in the city’s development projections 

in Francistown City. Available studies are on heat waves (Moses, 2017; van der 

Linden et al., 2019) and UHI (Jonsson, 2004; Ouma et al., 2021) studied in 

Gaborone, the capital city of Botswana. The identified knowledge and research gaps 

suggest the need to assess the spatiotemporal variability of UHI and thermal comfort 

in Greater Francistown City. With the adverse impacts of climate change and global 

warming, information on the UHI effect and thermal comfort spatiotemporal patterns 

is necessary to develop modern cities. 

1.3 Significance of the Study 

The significance of this study lies in the need for urgent microclimate scale 

monitoring to evaluate the UHI outcome and thermal comfort spatiotemporal patterns 

in the city. This study provides policymakers and urban planners with valuable 

insights (urban planning and design approaches) into the UHI phenomenon and its 

impacts on human well-being. The novel research aids in alleviating the adverse 

effects of extreme UHI and thermal discomfort. It also strengthens Greater 

Francistown City's resilience to the effects of UHI, which ultimately helps combat 

climate change. There has also been an upsurge in new information and discoveries 

concerning UHI and thermal discomfort mitigation practices. 
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1.4 Aim and Objectives 

1.4.1 Aim 

This research report aims to assess the spatiotemporal variability of the Urban Heat 

Island effect and thermal comfort levels in Greater Francistown City from 2014 to 

2023. 

1.4.2 Objectives of the Research 

The specific research objectives are: 

• To investigate the spatiotemporal distribution and extent of land use, 

vegetation cover, and built-up areas in Greater Francistown City using 

Landsat 8 OLI data. 

• To estimate the spatiotemporal dynamic of land surface temperature in the 

city using Landsat-8 TIRS-1 data. 

• To quantify and map the spatial distribution and intensity of the UHI, non-UHI, 

and Urban Hotspot effect within the city. 

• To determine the spatiotemporal distribution of thermal comfort levels 

experienced by residents in the city. 

1.5 Scope of the Study 

The study specifically concentrated on the Greater Francistown City area, assessed 

the UHI phenomenon, and examined the thermal comfort levels in the urban 

environment. The scope includes spatial (different locations within Greater 

Francistown City) and temporal (variations over time, from 2014 to 2023) dimensions 

to capture the dynamic nature of UHI and thermal comfort. 

1.6 Limitations 

Although this study provides valuable insights into the spatiotemporal variability of 

UHIs and thermal comfort in Greater Francistown City, certain limitations may have 

influenced the results and interpretations. The study's findings are primarily based on 

remote sensing data sources, with limited ground-truthing and field measurements. 

This may affect the validation and accuracy of the remote sensing-based UHI and 

thermal comfort assessments. The findings of this study are specific to Greater 

Francistown City and may not be directly generalised to other urban areas with 

different climatic, geographic, or socio-economic contexts. While this study provides 
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recommendations for UHI mitigation and enhancing thermal comfort, the actual 

implementation of these strategies may face practical, financial, and political 

constraints beyond the research scope. 
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1.7 Definition of Terms 

Land Use/Land Cover (LULC): The physical and functional characteristics of the 

land surface, including its usage (residential, commercial, industrial) and 

cover types (vegetation, water bodies, built-up areas) (Karimimoshaver, 

2023). 

Spatiotemporal Variability: The variation in data or phenomena across both space 

(geographical locations) and time (temporal periods) (Aghamolaei et al., 

2021).  

Thermal comfort: An emotional state of cognisance that indicates contentment with 

the thermal surroundings (Kalogeropoulos et al., 2022)  

Urban Heat Island: A phenomenon that refers to the significant rural-urban 

temperature disparity (Barrao et al., 2022). 

Urban Thermal Field Variance Index: A thermal comfort metric which explores the 

influence of high urban temperatures on urban people's standard of living 

(Hishe et al., 2023). 

1.8 Conclusion  

Chapter One has laid the groundwork for understanding the critical issues related to 

UHI and thermal comfort in the context of Greater Francistown City. Several 

emerging issues have been highlighted, which were essential addressed in the 

subsequent chapters of this study. Addressing these issues through the objectives 

outlined study contributed to developing sustainable urban environments that 

prioritise residents' well-being and resilience against climate change. 
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2. CHAPTER 2: LITERATURE REVIEW 

2.1 Introduction 

This chapter comprehensively reviews the existing literature on UHI and thermal 

comfort. It establishes a solid theoretical foundation and contextual framework for the 

study by exploring key concepts, methodologies, and findings from previous 

research. The literature review is organised into several sections, each addressing a 

critical aspect of UHI and thermal comfort 

2.2 Theoretical and Conceptual Framework 

The UHI effect essentially represents the LST differential between built-up areas 

covered by man-made structures and the peri-urban or rural surroundings 

predominantly covered by vegetation. Man-made structures covering urban surfaces 

are characterised by low albedo and high thermal inertia (Taha, 1997). These have 

solar absorption and retention capacities, elevating temperatures in urban regions. 

On the other hand, vegetation, which is preponderant in peri-urban or rural areas, 

has a cooling effect on the environment through shading, evapotranspiration, and 

solar radiation reflection. The result is lower LST in peri-urban or rural areas than in 

urban areas. In urban areas, these three mechanisms act as a counterbalance to the 

warming influence of built-up areas. 

The specific spatiotemporal variations in temperature in urban and rural areas are a 

function of a complex interaction of factors, which amount to human activities that 

alter the nature of land cover and surface properties. These factors include the 

composition, arrangement, and density of built-up areas, the imperviousness of 

surfaces, and the extent and density of vegetation cover. 

In turn, the overall LST affects the degree of physical and mental satisfaction 

experienced by urban dwellers with the temperatures in the environment. This 

satisfaction is called urban thermal comfort (Lee et al., 2017; Zhang et al., 2022). 

The relationships among these variables are depicted in the conceptual framework 

(Figure 2.1). 
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Figure 2.1 Conceptual Framework showing the relationship between LST, UHI, and Thermal Comfort 

From Figure 2.1, the core variable of interest is LST, which is a function of the nature 

of the surface, with two essential categories. The built-up areas tend to increase LST 

(hence the arrow pointing LST-wards), and the rural regions exert a cooling influence 

on the surface (hence the arrow pointing away from the LST variable). The actual 

heating or cooling effect differential across space and time of urban and rural areas 

is moderated by the specific nature of the respective surfaces. LST differences 

between urban and rural regions define the UHI effect, and there is a reciprocal 

relationship between LST and UHI, hence the bi-directional arrow between the two 

variables. In turn, the overall UHI effect determines the thermal comfort of dwellers in 

a specific geographical location. 

2.3  An Overview of Urban Heat Island and Thermal Comfort 

The UHI phenomenon refers to the significant rural-urban temperature disparity. 

Human activities, higher urbanisation, and modifications to the natural environment 

primarily cause this temperature difference (Barrao et al., 2022). These factors 

contribute to the absorption and retention of heat, resulting in elevated urban 

temperatures compared to their non-urban counterparts (Ibrahim et al., 2018; 

Kabano et al., 2021). 

The concept of UHI was first recognised and defined in early studies as the region of 

warmth associated with cities (Chandler, 1962; Oke, 1969, 1973; Martin-Vide et al., 
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2015). UHI is not limited to large cities but can also occur in smaller urban areas 

(Peng et al., 2012; Zhou et al., 2017). The magnitude of the UHI effect is a function 

of, among others, city size, geographical location, climate, and local meteorological 

conditions (Corburn, 2009; Zhou et al., 2017; Nguyen et al., 2019; Mohammad et al., 

2022). 

On the other hand, thermal comfort is the mental satisfaction one experiences in the 

thermal environment (Lee et al., 2017; Amani-Beni et al., 2021). It is a critical aspect 

of human well-being, particularly in urban areas affected by the UHI effect. The UHI 

phenomenon significantly impacts thermal comfort (Mijani et al., 2020). The UHI 

effect exacerbates heat stress and heat-related disorders, causing reduced thermal 

comfort and increased health risks during heat waves (Omonijo, 2017). The urban-

rural temperature difference disparity, a key feature of UHI, hinders the body's 

recovery from daytime high-heat exposure, further affecting thermal comfort (Lai et 

al., 2019; van der Linden et al., 2019). Achieving thermal comfort is essential for 

maintaining well-being and productivity, particularly in urban areas where high 

temperatures and UHI effects can pose challenges. Both concepts are 

interconnected and significantly shape the quality of urban life. 

Studies have shown that UHI can significantly impact outdoor thermal comfort (Lai et 

al., 2019; Mutani and Todeschi, 2020; Fiorillo et al., 2023; Prasad and 

Satyanarayana, 2023). Mutani and Todeschi (2020) confirm the impact of UHI on 

outdoor thermal comfort conditions and energy utilisation. In addition, the impact of 

UHI on mortality rates during heat waves has been linked to the exponential increase 

in mortality with rising temperatures, highlighting the adverse effects of UHI on 

human health and well-being (Heaviside et al., 2016; Lee et al., 2017). Evaluating 

comfort conditions has revealed a strong relationship between microclimatic factors, 

such as solar radiation and air temperature, and thermal comfort (Yin et al., 2012; 

Zhang et al., 2022). 

Spatiotemporal analysis of UHI and thermal comfort involves the examination of 

temperature patterns across different locations and over time. Studies have utilised 

various methodologies to understand the spatiotemporal dynamics of UHI and 

thermal comfort (Yin et al., 2012; Aslan & Koc-San, 2016; Mushore et al., 2018; 

Huang et al., 2019; Khallef et al., 2020; Mijani et al., 2020; Kasniza Jumari et al., 
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2023; Zhao et al., 2023). These studies demonstrate the diverse approaches and 

methods employed in the spatiotemporal analysis of UHI and thermal comfort, 

enhancing our understanding of the complex variations of urban temperature 

patterns over space and time. 

2.4 Importance of Assessing UHI and Thermal Comfort 

Assessing the UHI and thermal comfort is essential for comprehending the influence 

of urbanisation on local climate and people's well-being. The UHI effect is a major 

concern for public health, especially during summer (Scott et al., 2018). Urban areas, 

with their high concentration of buildings, pavement, and human activities, tend to 

absorb and retain more heat, leading to elevated temperatures (Ibrahim et al., 2018; 

He et al., 2022; Imran et al., 2022). This increase in temperature can have numerous 

harmful effects on the environment and human health.  

Assessing UHI is vital for the sustainability of cities. Urban areas experience higher 

temperatures which increase energy consumption for cooling purposes (van der 

Linden et al., 2019; Mutani and Todeschi, 2020). Knowing the extent of UHI and its 

effects on energy demand can help town planners develop energy-efficient 

approaches to reduce the urban heat load. This can include optimising building 

designs, promoting renewable energy sources, and implementing urban greening 

initiatives (Oke, 1973; Chun and Guldmann, 2018; Scott et al., 2018). By mitigating 

UHI, cities can reduce their carbon footprint and contribute to a more sustainable 

future (He, 2019; Chen and You, 2020; Karimi et al., 2023). 

Thermal comfort is a critical aspect of urban living as it directly impacts the well-

being and productivity of the urban population (Amir Siddique et al., 2023). Its 

assessment is equally important, especially in indoor and outdoor spaces (He et al., 

2022; Ren et al., 2023). Human beings spend significant time in urban environments, 

and their comfort levels are crucial for their overall quality of life. By assessing 

thermal comfort, urban planners can identify areas of discomfort and implement 

strategies to improve the microclimate (Mushore et al., 2018; Xu et al., 2017). This 

can include providing shaded areas, optimising natural ventilation, and incorporating 

green infrastructure (He, 2019). Enhancing thermal comfort can improve mental and 

physical health, increase outdoor activity, and strengthen community social 

cohesion.  
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Moreover, assessing thermal comfort is essential for equitable urban planning. 

Vulnerable groups, including children, the elderly, and low-income communities, are 

often disproportionately affected by extreme temperatures (Lanza et al., 2023; 

Ngcamu, 2023). Assessing the thermal comfort needs of different population groups, 

urban planners can ensure that their design interventions prioritise the well-being of 

those most susceptible to thermal stresses. This can help promote social equity and 

reduce the negative impacts of urban heat on disadvantaged communities. 

The inclusion of solar radiation effects when assessing thermal comfort near glazed 

walls and the ability of shading devices to improve thermal comfort conditions 

demonstrate the significance of considering environmental factors in thermal comfort 

evaluations (Oliveira and Corvacho, 2021). Moreover, assessing thermal comfort in 

different climatic conditions and building types is essential for understanding the 

parameters influencing thermal comfort and illumination, emphasising the subjective 

nature of thermal comfort and the existence of indices for its evaluation (Kumar and 

Sharma, 2020; Schweiker et al., 2020). Lotfabadi and Hançer, (2019) highlighted the 

influence of building envelope design on the thermal environment and the 

significance of architectural elements in achieving thermal comfort within inhabited 

spaces.  

Evaluating UHI and thermal comfort requires a comprehensive assessment of 

environmental factors, anthropogenic heat, and building design to develop effective 

strategies for mitigating heat-related challenges and ensuring comfortable living and 

working environments. Greater Francistown City in Botswana faces unique 

challenges due to rapid urbanisation and climate change (Ouma et al., 2021; 

Chiguvi, 2022). Understanding the UHI effect and thermal comfort dynamics is 

crucial for addressing concerns, creating sustainable urban spaces, and enhancing 

residents' quality of life.  

2.5 Chronological Trends of UHI and Thermal Comfort 

2.5.1 Historical Context of UHI and Thermal Comfort 

The historical context of UHI and thermal comfort research reveals a progression 

from early observations to the establishment of foundational concepts, reflecting a 

growing awareness of the impact of urbanisation on microclimates and human well-

being. The study of UHI can be traced back to the early 19th century when Luke 
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Howard, a British meteorologist, observed urban-rural temperature differences in 

London (Stewart, 2011). However, it wasn't until the mid-20th century that systematic 

studies on UHI emerged, and the term "Urban Heat Island" gained prominence 

(Zhang et al., 2018). One of the pioneering studies was also conducted by Gordon 

Manley in the 1950s, which observed and quantified the temperature differences 

between urban and rural regions in the UK (Oke, 1969). In the 1960s (Landsberg, 

1970), pioneering studies introduced the concept systematically, emphasising the 

temperature differentials between urban and rural territories. Oke's seminal paper in 

1973 addressed the influence of city size on UHI, setting the stage for subsequent 

research into the factors contributing to temperature variations in urban 

environments (Oke, 1973; Taha, 1997). The understanding of surface cover types, 

anthropogenic heat, and urban morphology emerged as critical components in the 

development of UHI models (Taha, 1997). Early seminal works by (Chandler, 1962; 

Oke, 1969) and (Oke, 1969) contributed to recognising and documenting the UHI 

phenomenon. These foundational studies laid the groundwork for subsequent 

research on UHI and highlighted the role of urbanisation in modifying local climates. 

In the 1960s and 1970s, studies on UHI expanded globally, with researchers 

investigating UHI phenomena in different cities worldwide (Chandler, 1962; Mcelroy, 

1973). These studies focused on understanding the factors contributing to UHI, such 

as land use changes, building materials, and anthropogenic heat emissions. Notable 

research during this period includes the work of (Tyson et al., 1972) who discussed 

the development of heat islands over South African cities, reviewed literature on 

vertical temperature structures, and illustrated the complexity of Johannesburg's 

structure.  

Subsequent studies have explored the spatial variability of UHI in different urban 

settings, such as the investigation of the UHI in Uppsala, Sweden, which laid the 

groundwork for much of the work that followed (Imamura, 1993; Taha, 1997). 

Furthermore, the effect of urban gardens on external thermal comfort has been 

evaluated, emphasising the mitigating role of green spaces on UHI effects (Oke, 

1969; Landsberg, 1970). 

These early investigations have been instrumental in shaping the field of urban 

climatology and have set the stage for subsequent research on UHI. The recognition 
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and characterisation of UHI have paved the way for further studies aimed at 

understanding its spatial and temporal dynamics, its impacts on human health, and 

strategies for mitigating its effects. 

Parallel to this, thermal comfort research developed significantly during the 20th 

century. Fanger's 1960s and 1970s work, particularly the Predicted Mean Vote 

(PMV) and the Predicted Percentage of Dissatisfied (PPD) indices model, 

established a framework for assessing and designing indoor environments for 

human comfort, considering factors like radiant temperature, air temperature, 

clothing insulation, and humidity (Fanger and Toftum, 2002; Fanger 1970). The 

1970s also saw the emergence of adaptive thermal comfort models (Wu et al., 2017; 

Zhao et al., 2021). Gagge et al. (1986) introduced the Standard Effective 

Temperature (SET) model, shifting towards a more personalised and context-specific 

approach to thermal comfort assessment. The thermal comfort concept has spawned 

a growing interest in understanding human adaptation to unique climatic conditions, 

such as high-altitude areas and subtropical highland climates (Natarajan et al., 

2015). 

Since then, research on thermal comfort has expanded to include outdoor 

environments and the effect of urban settings. Urban influences on thermal comfort, 

such as the presence of green spaces, shading, and wind patterns, have been 

explored (Matzarakis and Mayer, 2000; Gómez et al., 2004; Lee et al., 2017). 

Studies have also assessed the impact of building design and retrofitting on indoor 

thermal comfort, particularly in historical and heritage buildings, dating back to the 

19th century (Bakhtiari et al., 2020; Piasecki et al., 2020; Moghaddam et al., 2021). 

The assessment of thermal comfort in different climatic conditions, such as cold 

regions, tropical savanna climates, and African desert climates, has facilitated a 

thorough comprehension of thermal comfort parameters (Chen and You, 2020; 

Thapa, 2020; Bassoud et al., 2021; Jia et al., 2022; Mustapha et al., 2022). The 

development of new measurement techniques, such as thermal comfort indices 

specific to outdoor environments, has allowed for more accurate assessments of 

thermal comfort in urban contexts (Blazejczyk et al., 2012; Petralli et al., 2014; 

Kabano et al., 2021; Hishe et al., 2024). 
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The late 20th century and early 21st century witnessed a growing recognition of the 

interconnectedness between UHI and thermal comfort. Pioneering Works (Taha, 

1997) underscored the importance of considering urban climatic conditions in 

building and city design to improve and enhance the city's thermal comfort. Studies 

have also investigated how UHI affects and vice versa (He et al., 2022) and have 

shown that UHI can lead to higher discomfort levels, reduced outdoor activity, and 

increased energy consumption for cooling (Lee et al., 2018; Mushore et al., 2018; 

Gonzalez-Trevizo et al., 2021). Recent studies, such as those exploring the effect of 

green infrastructure on UHI and comfort, represent a continuation of efforts to 

integrate ecological solutions into urban design (Tiwari et al., 2021; He et al., 2022). 

This understanding has led to the development of integrated strategies that address 

UHI and thermal comfort such as the integration of green infrastructure and cool 

material technologies. 

Advancements have also influenced the evolution of research on UHI and thermal 

comfort in building environmental control systems and the development of standards, 

such as ASHRAE Standard 55, which has undergone revisions to address thermal 

comfort in buildings that rely on natural ventilation (Kaushal et al., 2024). 

Furthermore, computational fluid dynamics (CFD) has enabled the simulation of 

indoor dynamic thermal comfort, reflecting the integration of advanced modeling 

techniques in thermal comfort research (Setaih et al., 2014; Huo et al., 2021). 

However, the challenges in understanding UHI and thermal comfort include the 

complex, dynamic nature of urban environments, the influence of climate change, 

and the need for interdisciplinary collaboration (Gonzalez-Trevizo et al., 2021). 

Future research will likely focus on comfort handling approaches, considering the 

socio-economic dimensions of thermal comfort and creating efficient strategies to 

mitigate the UHI phenomenon. 

Overall, the historical context of UHI and thermal comfort research reflects a 

progression from foundational studies on external thermal comfort to a 

comprehensive understanding of UHI effects, external thermal comfort, and the 

influence of environmental factors and building design. As research advanced, the 

relationship between UHI and thermal comfort became evident, leading to integrated 

approaches considering both aspects. The historical development of these fields can 
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help build the existing knowledge and continue to develop effective policies for 

creating sustainable and comfortable urban environments. 

2.5.2 Recent Advances in UHI and Thermal Comfort 

Recent studies have increasingly utilised sophisticated remote sensing and GIS 

technologies to map and analyse UHI and thermal comfort (Kasniza Jumari et al., 

2023). High-resolution satellite imagery and drone-based thermal imaging contribute 

to a more nuanced understanding of spatial variations in surface temperatures within 

urban areas (Duffy et al., 2021). These technologies enable researchers to identify 

UHI hotspots and assess their dynamics over time (Wang et al., 2019). Studies on 

microclimate modeling and simulation have also been recently explored (Huo et al., 

2021; Oliveira & Corvacho, 2021; Fiorillo et al., 2023; Khalvandi and 

Karimimoshaver, 2023). Computational modeling and simulation advances have 

become valuable tools in studying UHI and thermal comfort. These tools allow for a 

more detailed analysis of microclimates within urban environments. The models 

consider building morphology, green spaces, and anthropogenic heat sources (He, 

2019). Thereby identifying effective strategies for reducing UHI and improving 

thermal comfort in specific urban areas. For instance, Computational Fluid Dynamics 

(CFD) simulations enhance comprehension of airflow patterns and their influence on 

thermal comfort (Setaih et al., 2014; Aghamolaei et al., 2021). 

Smart cities have brought innovations in monitoring and managing urban 

environments (Bibri, 2018). Internet of Things (IoT) devices and sensor networks are 

increasingly employed to gather real-time data on temperature, humidity, and other 

environmental parameters (Das et al., 2018). This real-time data aids in dynamic 

urban planning decision-making and enhances thermal comfort. For example, 

Ravnikar et al. (2023) explored integrating smart city technologies and big data to 

address thermal comfort challenges, proposing a framework for future urban 

microclimate planning. 

Recent research has focused on understanding thermal comfort from a more human-

centric perspective, considering factors beyond traditional environmental parameters 

(Lotfabadi and Hançer, 2019). Studies explore the influence of personal preferences, 

cultural differences, and behavioural adaptations on perceived comfort, contributing 

to developing more inclusive and adaptive thermal comfort models (Thapa, 2020; 
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Lanza et al., 2023). Ratajczak et al. (2023) explored the challenges of traditional 

thermal comfort models by highlighting the gender-specific differences in thermal 

demand, emphasizing the importance of individualized approaches. 

Urban climate informatics is an emerging research field that uses data-driven 

approaches to understand urban climate dynamics (Amani et al., 2020; de Almeida 

et al., 2021). Researchers can identify patterns and trends related to UHI and 

thermal comfort by analysing large datasets. This field combines techniques from 

data science, machine learning, and urban climatology to acquire a deeper 

understanding of the intricate interplay between cities and their atmospheric 

environment (Zhang et al., 2018; Li et al., 2020; Vergara et al., 2023; Waleed et al., 

2023). 

Integrated assessment approaches have been used to evaluate the impacts of UHI 

on human health and well-being. These approaches consider multiple factors, such 

as temperature measurements, air pollution, and human vulnerability, to assess the 

overall impacts of UHI on urban populations (Zupancic and Bulthuis, 2015; 

Gonzalez-Trevizo et al., 2021; Ngcamu, 2023). With the complex interactions 

between UHI and human health, policymakers and urban planners can develop 

effective mitigation strategies. These recent advances in UHI and thermal comfort 

research leverage cutting-edge technologies and innovations that contribute to a 

more holistic understanding of urban climates and provide practical insights for 

sustainable urban development. 

2.6 Spatiotemporal Assessment Urban Heat Island 

UHI assessment is crucial for understanding their spatial and temporal distribution, 

impacts, and dynamics. Studies employ various techniques and data sources to 

analyse UHI dynamics over large areas. These data sources provide valuable 

information on land surface temperature and can be used to assess spatial and 

temporal variations in UHI (Xu et al., 2017; Addas et al., 2020; Goldblatt et al., 2021). 

Zhou et al. (2019) have highlighted the merits of remote sensing and satellite data as 

effectual and reliable methods for evaluating and understanding the spatial 

properties and dynamic shifts in urban thermal environments. These methods have 

been instrumental in quantifying UHI intensity and identifying land cover changes 

associated with UHIs (Cristóbal et al., 2018; Dutta et al., 2021). Li and Stein (2020) 
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noted that remote sensing may not accurately capture microscale variations due to 

spatial resolution issues and cloud cover and may not provide detailed information 

on the underlying causes of UHI. The GIS technology has also enabled the 

integration and analysis of spatial data, allowing researchers to examine temperature 

patterns in relation to land use, vegetation cover, and other urban characteristics 

(Guha et al., 2020; Kasniza Jumari et al., 2023). Sidiqui et al. (2022) used GIS-

based approaches to identify UHI hotspots, assess the dynamic relationship 

between land use and temperature, and develop UHI vulnerability maps. 

Studies (Cristóbal et al., 2018; García-Santos et al., 2018; Onačillová et al., 2022) 

have emphasised the use of remote sensing technology for retrieving LST as a 

commonly used method for assessing UHIs. These studies have shown the 

effectiveness of remote sensing technology in capturing the spatial spread and 

temporal variability of UHIs. The LST method may not accurately represent air 

temperatures due to inaccuracies in wind cooling effects, surface emissivity, and 

atmospheric conditions (García-Santos et al., 2018). There is a lack of 

comprehensive studies that analyse the temporal dynamics of LST in Greater 

Francistown City, especially over an extended period (Sharma et al., 2021; Ullah et 

al., 2022). This study addresses this gap by examining LST variations from 2014 to 

2023, providing insights into how LST has changed over time in response to 

urbanisation and climate change. 

Setaih et al. (2014) and Aghamol et al. (2021) demonstrated using CFD simulation 

and mesoscale models for assessing UHIs. The urban climate modeling and 

simulation methods have contributed to accurately estimating urban heat islands and 

the simulation of urban microclimates. Spatiotemporal modeling approaches, such 

as cellular automata and agent-based models, have simulated and predicted 

temperature patterns in urban areas. The models consider urban morphology, land 

use changes, and climate conditions to understand how UHI and thermal comfort 

may evolve (Aburas et al., 2016). Deep learning models have been developed to 

forecast the magnitude and characteristics of UHI in urban areas, considering UHI's 

high temporal variability and spatial heterogeneity (Xia et al., 2022; Ma et al., 2023). 

Memon et al. (2009) have examined UHI intensity as an indicator of urban heating, 

highlighting the importance of UHI intensity assessment in understanding urban heat 
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islands. These studies have provided valuable insights into the quantification of UHII 

and its implications for urban heating. 

The Normalised Difference Built-up Index (NDBI) and Normalised Difference 

Vegetation Index (NDVI) are widely used for assessing UHIs. A study by Guha et al. 

(2018) analysed LST with NDVI and NDBI employing Landsat 8 OLI and TIRS data, 

demonstrating the relationship of estimated LST with NDVI and NDBI. Furthermore, 

(Zhang et al., 2022) highlighted the importance of NDBI and NDVI as reliable 

predictors of LST, emphasising their effectiveness in UHI assessment. 

The methods for assessing urban heat islands encompass a range of approaches 

and have been instrumental in understanding the spatial and temporal variations of 

UHIs and their impacts on urban environments. 

2.7 Studies on Urban Heat Island in Similar Urban Environments 

Studies on UHIs in similar urban environments, including comparative studies in 

other cities or regions, provide valuable insights into their spatial distribution, 

intensity, and impacts. Comparative studies have been conducted across various 

cities and regions, shedding light on the factors influencing UHI patterns and the 

lessons learned from these studies. 

Peng et al. (2012) conducted a comprehensive study across 419 global big cities, 

revealing that the average annual daytime surface UHI intensity (SUHII) is higher 

than the annual night-time SUHII. This study provides a global perspective on UHI 

patterns and highlights the significance of temporal variations in UHI intensity. 

Tan et al. (2010) examined the causal association between UHI and heat waves and 

human health in Shanghai, emphasising the greater heat sensitivity of the urban 

population vis-à-vis their rural counterparts. This study underscores the health 

implications of UHIs and the need for targeted interventions to mitigate heat-related 

health risks in urban areas. 

Garuma (2023) focused on tropical surface UHIs in East Africa, highlighting the 

limited city-scale studies in tropical sub-Saharan Africa. This study underscores the 

need for more research in tropical regions to understand the unique characteristics 

and impacts of UHIs in these areas. Zhang et al. (2021) examined the 

spatiotemporal evolution of the urban thermal environment in Nanjing, China, 
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providing insights into the driving factors of UHIs. The research findings offer 

valuable scientific and technological support for formulating urban development 

plans and improving the ecological environment in similar cities worldwide. 

Studies (Jonsson, 2004; Ouma et al., 2021) on UHI and thermal comfort have 

focused on major cities globally, with limited research specific to smaller or less-

studied urban areas like Francistown. This study provides valuable insights specific 

to Greater Francistown City, addressing the need for localised research that 

considers regional climatic and urbanisation contexts. 

Lessons learned from these studies include the need for tailored interventions to 

address UHI impacts in specific urban contexts. Comparative studies, such as those 

conducted by Li et al. (2018) and Tang (2022), have enabled direct comparisons of 

UHI intensities in different regions, offering significant insights into the influence of 

urbanisation, land use, and ecological factors on UHI patterns. Alahmad et al. (2020) 

and (Garuma, 2023) have highlighted the global rise of UHIs and their potential 

intensification of droughts in tropical regions. These findings underscore the 

interconnectedness of UHIs with broader environmental challenges and the need for 

holistic approaches to address urban climate issues. 

Ngie (2020) Utilised the mono-window algorithm to estimate LST for Johannesburg 

and Cape Town metros, illuminating our understanding of the spatial distribution of 

UHIs in these urban areas. 

Studies on UHIs in similar urban environments and comparative studies in other 

cities or regions have contributed to a deeper understanding of UHI patterns, driving 

factors, and their implications for human health and the environment. These studies 

have provided valuable lessons for urban planners, policymakers, and researchers, 

emphasising the importance of context-specific interventions and the need for further 

research in diverse urban and climatic settings. 

2.8 Spatial Distribution of Urban Heat Island 

The spatial distribution of UHIs refers to the patterns and variations of UHI intensity 

within urban areas (Xu et al., 2010; Alahmad et al., 2020). These spatial patterns 

and the factors influencing the localised UHI intensity are crucial for addressing 

thermal comfort and implementing effective mitigation strategies. 
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The spatial patterns of UHIs in urban areas are UHIs are a function of various 

factors, including land cover, land use, and urbanisation (Xu et al., 2010). Studies 

(Wu et al., 2018; Fatemi and Narangifard, 2019; Zullo et al., 2019; Jombo et al., 

2022) have shown that UHIs exhibit distinct spatial patterns, with higher 

temperatures concentrated in densely built-up areas, industrial zones, and areas 

with reduced vegetation cover. These areas experience reduced vegetation cover, 

limited shading, and increased heat absorption, leading to higher temperatures 

(Jombo et al., 2022). UHI intensity may also vary depending on the size and shape 

of urban areas, with well-defined urban islands exhibiting distinct UHI patterns 

(Martin-Vide et al., 2015). 

The link between land use and UHI intensity affects UHI spatial distribution, with the 

spatial variability of UHI expansion being explained by the spatial patterns of 

economic progress, population expansion, and thickness of vegetation cover 

(Jonsson, 2004; Zhang et al., 2013; Ngcamu, 2023). The distribution of UHIs has 

been closely linked to industrial land and impervious surfaces, which contribute to 

increased heat absorption and reduced evaporative cooling (Wu et al., 2018; Li et 

al., 2021). 

Factors influencing localised UHI intensity include land cover types, impervious 

surfaces, vegetation cover, and urban infrastructure such as highways and built-up 

areas (Zhang et al., 2018; Tang, 2022; Xiong et al., 2022). The spatial and temporal 

dynamics of UHIs have been studied employing remote sensing and geospatial 

analysis, revealing the influence of land cover changes and urbanisation processes 

on UHI patterns (Xu et al., 2010; Sharma et al., 2021). Also, the relationship between 

UHIs and surface biophysical characteristics, such as the NDVI, has been 

investigated to understand the impact of vegetation on UHI intensity and spatial 

distribution (Guha et al., 2018; Ouma et al., 2021). 

The spatial distribution of UHIs presents challenges for urban planners and 

designers, particularly in developing strategies to mitigate UHI effects and improve 

thermal comfort in urban areas. Identifying spatial distribution patterns and their 

impact on the emergence of UHIs has become a primary concern for urban planners, 

necessitating the formulation of technical policies and solutions to reduce UHIs 

(Duhita Puspita et al., 2022). Assessing how land-use types affect surface UHIs is 



22 
 

crucial for developing comfortable living environments and sustainable urban 

development (Hoan et al., 2018). The spatial transfer features and patterns of UHIs 

influence thermal comfort and urban ecological services, highlighting the need for 

spatial analysis techniques to address UHI impacts (Huang and Ye, 2015). 

Previous studies, (Chun and Guldmann, 2018; Ibrahim et al., 2018) have often 

focused on general UHI effects without detailed spatial mapping of UHI intensity and 

distribution within the city. This study aims to fill this gap by providing a detailed 

spatial analysis of UHI intensity and identifying specific urban hotspots, which is 

crucial for targeted mitigation strategies. 

A complex interplay of LULC and urbanisation influences the spatial distribution of 

UHIs in urban areas. The spatial patterns of UHIs and their relationship with 

environmental factors are crucial for formulating efficient urban planning strategies, 

mitigating UHI effects, and making sustainable and comfortable cities. Previous 

studies on LULC in Greater Francistown City have often relied on low-resolution 

data, limiting the accuracy of findings (Kabano et al., 2021; Zhou et al., 2023). This 

study aims to fill this gap by using high-resolution Landsat 8 OLI data to provide a 

more detailed and accurate analysis of LULC changes over time. 

2.9 Impact of Urban Heat Island on Thermal Comfort 

The UHI effect has multifaceted impacts on thermal comfort, with significant 

implications for urban residents' health and social and economic well-being (Isioye 

and Akomolafe, 2020; Mohammad Harmay and Choi, 2022). The UHI effect 

exacerbates heat waves, leading to adverse health effects such as heat stress, 

dehydration, and illnesses related to heat. The absence of surface moisture and 

minimal wind velocities accompanying heat waves in urban areas further intensify 

the impact on human health (Tan et al., 2010). Additionally, the UHI effect 

contributes to increased heat stress disorders and poses a risk to the health and 

welfare of urban residents, especially in highly populated urban areas (Tang, 2022). 

These health implications underscore the urgent need for effective UHI mitigation 

strategies to safeguard public health and well-being. 

Socially, the UHI effect can exacerbate social disparities and inequalities, as 

vulnerable people, like the elderly and low-income groups, are disproportionately 

affected by heat-related health risks (Lanza et al., 2023; Ngcamu, 2023). The 
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economic consequences of the UHI effect are also substantial, as it leads to 

increased energy consumption, heightened demand for cooling systems, and 

associated costs for individuals and businesses. Moreover, the UHI effect can impact 

labour productivity, outdoor activities, and overall quality of life, thereby influencing 

the economic vitality of urban areas (Ren et al., 2023). The economic and social 

challenges posed by the UHI effect necessitate comprehensive urban planning and 

design involvements to alleviate its impact and promote equitable access to thermal 

comfort and well-being. 

Urban planners and designers face several challenges in addressing the UHI effect 

and its influence on thermal comfort. The rapid urbanisation and unregulated land 

use changes contribute to the intensification of the UHI effect, posing challenges for 

sustainable urban development (Karimi et al., 2023). The complex interactions 

between urban morphology, land use, and climate conditions also present 

challenges in implementing effective UHI mitigation strategies (Mohammad Harmay 

and Choi, 2022; Zhang et al., 2022). Furthermore, the trade-offs between urban 

development, green space preservation, and UHI mitigation require interdisciplinary 

approaches and innovative solutions to balance competing urban priorities. The 

negative impacts of the UHI effect on the thermal environment, energy consumption, 

and public health necessitate a holistic and integrated approach to urban planning 

and design to address these challenges effectively. 

The UHI effect significantly impacts thermal comfort, with far-reaching health, social 

equity, and economic well-being implications. Addressing the UHI effect requires 

concerted efforts from urban planners and designers to implement sustainable and 

resilient strategies prioritising public health, social equity, and economic vitality in 

urban environments. 

2.10 Thermal Comfort in Urban Environments 

2.10.1 Assessment and Measurements of Thermal Comfort 

Thermal comfort is an emotional state of cognisance that indicates contentment with 

the thermal surroundings (Qaid et al., 2016; Amani-Beni et al., 2021; Kalogeropoulos 

et al., 2022). Recognising thermal comfort trends is crucial to health, human thermal 

comfort, global warming, and energy waste in city microclimates (Mushore et al., 
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2018). Thermal comfort is essential for sustainable cities as populations rise and 

cities expand Mijani et al., 2020; Kalogeropoulos et al., 2022). It also monitors and 

predicts urban environment spatial and temporal thermal comfort patterns.  

Several remote sensing and meteorological studies have assessed urban thermal 

comfort. Landsat, MODIS, and meteorological datasets modelled outdoor thermal 

comfort (Mijani et al., 2020). Bare land had shown a higher mean discomfort index 

than other land covers. Xu et al. (2017) created external thermal comfort maps for 

Fuzhou, China, using in situ meteorological data and satellite images. Results 

indicate thermal comfort correlated with the built-up parameters and contrariwise 

associated with plant canopy and aquatic indicators. 

Mushore et al. (2018) investigated external thermal comfort in Zimbabwe during 

various seasons and land cover types using ground-station ambient temperature 

data, relative humidity, and Landsat imagery. Results demonstrated that Landsat 8 

satellite images could accurately model thermal comfort in various seasonal 

situations. Lai et al. (2019) examined heat-resistance techniques to enhance outdoor 

thermal conditions. According to the findings, city geometry exhibits the most 

significant impact on thermal comfort in the summertime, followed by aquatic bodies 

and plant cover. 

Few studies have effectively integrated remote sensing data with thermal comfort 

assessments to understand their interrelationship (Fiorillo et al., 2023). This study 

bridges this gap by utilising remote sensing technology to analyse thermal comfort, 

offering a novel approach to studying how UHI impacts thermal comfort in urban 

areas. 

Thermal comfort has been measured using several bioclimatic indices, 

questionnaires, and interviews. Bioclimatic indicators are classified into direct, 

rational, and empirical indices. Empirical indices (wet bulb-globe temperature index 

(WBGT), actual sensation vote (ASV), and temperature-humidity index (THI)) are 

linear equations that assess thermal comfort for a specific climate area (Haghshenas 

et al., 2021; Ren et al., 2023).  

The direct indicators of Apparent Temperature (AT), Normal Effective Temperature 

(NET), and the Wind Chill Index (WCI) (Blazejczyk et al., 2012) are built on linear 

models that evaluate thermal comfort which consider meteorological characteristics 
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such as relative humidity, ambient temperature, and wind speed (Haghshenas et al., 

2021). Rational indicators (Physiological Equivalent Temperature (PET), Standard 

Effective Temperature, Heat Index, Universal Thermal Climate Index, and Predicted 

Mean Vote) (Petralli et al., 2014; Kabano et al., 2021) are primarily dependent on the 

human energy equilibrium, considering the interplay among metabolic work rate, 

garment isolation, and climatic conditions, as well as the pedestrian's thermal 

perception (Qaid et al., 2016).  

Another thermal comfort metric is the Urban Thermal Field Variance Index (UTFVI), 

which was established to explore the influence of high urban temperatures on urban 

people's standard of living (Hishe et al., 2023). The UTFVI is a widely used and 

verified index for measuring the thermal well-being of metropolitan settings. The 

UTFVI was utilised to calculate Abuja's intensity of thermal comfort, quantifying the 

effects of UHI on the character of urban living. According to the UTFVI map related 

to UHI, the city's outskirts are more environmentally friendly than its inner segment 

(Isioye and Akomolafe, 2020). 

Satellite imagery has also been effective for external thermal comfort models. 

Remote sensing data can be applied to model ecological and surface biophysical 

variables at different temporal and spatial resolutions (Xu et al., 2017)While the 

importance of thermal comfort is recognised (Omonijo, 2017; He et al., 2022), limited 

research has been conducted on its spatiotemporal variability within Greater 

Francistown City. This study addresses this gap by evaluating thermal comfort levels 

across different parts of the city and at different times of the year, providing a 

comprehensive understanding of how thermal comfort varies spatially and 

temporally. 

2.10.2 Factors Influencing Thermal Comfort Levels 

Several factors significantly influence thermal comfort levels. The most obvious 

environmental factor affecting thermal comfort is the environment's temperature. 

Different individuals have different preferences when it comes to temperature. 

However, Yin et al, (2012) suggest that most people generally consider a 

temperature range between 20-24°C comfortable. Extreme deviations from this 

range can lead to discomfort and decreased productivity. Airspeed can influence 

perceived comfort (Zhang et al., 2021). Radiant temperature affects comfort by 
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transferring heat from the body to surrounding surfaces. Humidity reduces body 

evaporation, while airspeed influences comfort by providing a gentle breeze in warm 

environments (Xu et al., 2017). 

Personal factors also play a pivotal role in thermal comfort, Khatoon and Kim (2020) 

stress that thermal comfort is a relative notion influenced by various environmental 

and personal factors. Thapa (2019) further supports this by highlighting the influence 

of physiological factors such as age, gender, and body mass index on adaptive 

thermal comfort. For example, older adults may be less able to regulate body 

temperature, making them more sensitive to extreme temperatures (Khatoon and 

Kim, 2020). Similarly, individuals with certain medical conditions may require specific 

temperature and humidity conditions for comfort and well-being. Additionally, 

(Mustapa et al (2016) emphasise the impact of occupants' behaviour and the indoor 

environment on thermal comfort, further underscoring the multifaceted nature of this 

phenomenon. 

Gwak et al. (2019) point out that factors such as ambient temperature, mean air 

radiant temperature, indoor air velocity, and metabolic activity significantly 

underscore the intricate relationship between physiological responses and 

environmental conditions in determining thermal comfort. Psychological factors 

including individual preferences, perception, and psychological stress, can influence 

thermal comfort. People's expectations, past experiences, and cultural backgrounds 

can shape their perception of comfort levels. Additionally, high levels of stress or 

anxiety can affect thermal comfort, leading to a feeling of discomfort even at optimal 

temperature conditions (Wang and Liu, 2020; Qureshi and Rachid, 2021). 

Building design and systems, occupancy, and spatial arrangements also influence 

thermal comfort levels (Yu et al., 2017; Ratajczak et al., 2023). Proper ventilation and 

insulation are crucial for maintaining air quality and regulating indoor temperatures 

(Thapa, 2019). Occupancy density and furniture arrangement also impact thermal 

comfort, with crowded areas feeling warmer due to combined heat. The design of a 

space also influences air circulation and radiant heat exchange (Yu et al., 2017; 

Oliveira and Corvacho, 2021; Jia et al., 2022). These multifaceted influences are 

crucial for designing environments that promote optimal thermal comfort for 

occupants. 
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2.11 Techniques for Enhancing Thermal Comfort and Mitigating UHI in Cities 

Techniques for improving urban thermal comfort encompass a range of approaches, 

including urban vegetation, green infrastructure, and passive design strategies 

(Wong et al., 2010; Chun & Guldmann, 2018; Balany et al., 2020; Ferrini et al., 2020; 

Jombo et al., 2022). Taleghani. (2018) emphasises the effectiveness of vegetation, 

such as street trees, parks, green roofs, and walls, as common strategies for 

enhancing city thermal conditions. Similarly, Gatto et al. (2020) highlight the positive 

effect of urban vegetation on outdoor thermal comfort, particularly in Mediterranean 

and Northern European cities. Furthermore, (Li et al (2021); Zou and Zhang (2021) 

underscore the importance of landscape design methods in mitigating UHI effects 

and enhancing thermal comfort for urban citizens. 

In addition to vegetation, green infrastructure plays a crucial role in improving 

thermal comfort. Ruiz-Aviles et al. (2020) advocate for integrating constructed 

wetlands and neighbourhood development to reduce UHI impacts and improve 

human comfort. Similarly, Dutta et al. (2021) and Jombo et al. (2022) emphasise the 

significance of increasing urban vegetation cover to reduce heat-induced stress and 

enhance outdoor thermal comfort for city dwellers. 

Passive design strategies also contribute significantly to improving thermal comfort in 

cities. Athmani et al. (2022) highlight the effectiveness of passive solar heating and 

high thermal mass in enhancing thermal comfort, especially in winter. The aspect 

ratio of urban spaces is also identified as a key strategy for improving outdoor 

thermal comfort (Lai et al., 2019). 

Moreover, using geospatial assessment and modeling tools is crucial for 

representing the spatial distribution of thermal comfort circumstances in cities, 

thereby aiding in prioritising strategies and effective urban planning (Mutani and 

Beltramino, 2022). Additionally, the function of green roofs in reducing ambient 

temperature and mitigating the heat island effect is underscored as an essential 

strategy for enhancing the thermal environment in cities (Li et al., 2021). 

Mitigating the UHI effect is critical to urban planning and environmental 

management. Various approaches, including urban planning strategies, green 

infrastructure, sustainable design, and policy interventions, have been proposed to 

address UHI impacts. Li et al. (2014) investigated the efficacy of cool and green 
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roofs to alleviate the UHI effect, highlighting the potential of these approaches to 

reduce UHI effects. Similarly, Borzino et al. (2020) explored the willingness to pay for 

UHI mitigation strategies, emphasising the importance of public engagement and 

urban planning in implementing effective UHI interventions. Li et al. (2022) 

suggested that comprehensively analysing blue and green infrastructure would add 

value to UHI mitigation strategies targeting East African cities, with the likelihood of 

enhancing human comfort in high UHI-impact areas. 

Antoszewski et al. (2020) emphasised the significance of blue-green infrastructure 

(BGI) in reducing the UHI effect, highlighting the need for nature-based solutions to 

reduce urban temperatures. In addition, Balany et al. (2020) reviewed green 

infrastructure’s potential as a UHI mitigation strategy, underlining the significance of 

microclimate modifications through green spaces. Furthermore, Li et al (2014) 

studied the potential of green roofs as a UHI mitigation strategy, demonstrating the 

cooling effects of green infrastructure in urban areas. 

The studies reviewed demonstrate that combining strategies, including cool and 

green roofs, BGI, and reflective materials, can effectively mitigate UHI effects. Public 

engagement and willingness to pay for UHI interventions are crucial for successfully 

implementing mitigation strategies. Evidence-based decision support tools and policy 

interventions are vital in formulating effective UHI mitigation policies. The potential of 

green infrastructure and sustainable design in reducing UHI effects highlights the 

importance of urban planning solutions based on nature. 
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3. CHAPTER 3: METHODOLOGY 

3.1 Introduction 

This chapter provides a detailed description of the study area and outlines the 

research methodology. It covers research design, data acquisition, pre-processing 

techniques, and calculations of spatiotemporal parameters related to UHI and 

thermal comfort.  

3.2 Study Area 

Francistown (21° 10' 24.9996'' S, 27° 30' 45.0036‘’ E) is Botswana’s second city 

located in the Northeast district (Figure 3.1). The city has a population of 

approximately 103 417 (Statistics Botswana, 2022). The city has a total area of 

about 79 km2, which is approximately 1.54% of the total area of the Northeast District 

(Figure 3.1). Greater Francistown City is characterised by a dynamic interplay of 

environmental variables significantly influencing its urban climate and morphology. 

Rapid urbanisation and evolving land use patterns transform the cityscape (Chiguvi, 

2022). The city is dominated by commercial and industrial zones and residential 

areas characterised by irregular structures and experiences spatial heterogeneity 

exacerbated by differentiated urban functions (Ouma et al., 2021). The Greater 

Francistown City consists of peri-urban areas with tribal land tenure systems, with 

land continually being transformed from its natural status to developed built-up urban 

areas (Chiguvi and Kgathi-Thite, 2022). These changes alter surface properties, 

influencing heat absorption and retention, thereby impacting the city's microclimate. 

Greater Francistown City experiences a hot desert climate with hot summers and 

cold winters. A hot semi-arid climate prevails, with mild winters and hot summers. 

The annual average temperature in city areas ranges from -6.5 °C to 41.1 °C 

(Climate Botswana, 2022). Precipitation in Greater Francistown City is scarce and 

unpredictable, with an average precipitation of 460mm per annum and less than 60 

days of rain falling between October and April (Matenge et al., 2023). The scarcity of 

precipitation intensifies heat stress vulnerability, amplifying UHI effects and affecting 

daytime and night-time temperatures throughout the year.  

Greater Francistown City will keep expanding rapidly in the coming years due to 

increased population growth and growing urbanisation, causing an alteration in 
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LULC and leading to the city sprawling (Chiguvi and Kgathi-Thite, 2022). The 

burgeoning population drives infrastructural development, escalating energy 

consumption and emissions, contributing significantly to the escalating UHI 

phenomenon. As a result of this modification, more vegetation is being turned into 

urban infrastructure, which changes the microclimate, increases the UHI effect, and 

decreases the thermal comfort levels of residents.  

 

Figure 3.1. Study Area - Greater Francistown City 

3.3 Research Design 

This study employed the experimental research design following the methodology 

presented in the Flowchart (Figure 3.2). Experimental research design is a 

methodology that seeks to uncover causal relationships between variables through 

carefully controlled experimentation (Leatherdale, 2019). It involves the manipulation 

of an independent variable to observe the effects on a dependent variable while 

controlling for extraneous variables (Sufrianto and Candra, 2022). The experimental 

research design assessed the spatiotemporal variability of UHI and thermal comfort, 
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emphasising the importance of understanding the relationships between LULC, LST, 

built-up index, vegetation index, and UTFVI. 

The total workflow has been divided into distinct tasks (Figure 3.2), which include the 

retrieval of LULC, LST, NDVI, UTFVI, and NDBI to identify UHI, non-UHI, and 

thermal comfort areas within the Greater Francistown City. A detailed explanation of 

each step in the workflow is presented in sections 3.4 - 3.6. The data sets for these 

tasks were analysed using Google Earth Engine (GEE), a cloud-based computing 

platform (Amani et al., 2020; Zhao et al., 2021). The other task entails the utilisation 

of GIS tools (QGIS and ArcMap Software) in conjunction with statistical techniques 

(statistical analysis software (SAS)) to conduct spatial-temporal quantifications. 

 

Figure 3.2. Study design schematic. 

3.4 Data Acquisition 

The study utilized Landsat 8 Operational Land Imager (OLI) and the Thermal 

Infrared Sensor (TIRS-1) data to assess the spatial-temporal variability of the UHI 

phenomenon and thermal comfort levels within the Greater Francistown City over a 
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decade-long period (2014 to 2023). The following five time point periods were 

considered: 2014, 2016, 2019, 2021 and 2023. The specified years provide a 

timeline encompassing the study period's baseline, lower quartile, midpoint, upper 

quartile, and endpoint (2014-2023). Cloud-free Landsat OLI/TIRS imagery was 

obtained at no cost from the United States Geological Survey (USGS) 

(http://earthexplorer.usgs.gov/) for the period 2014-2023 using data from the 1st of 

January to the 31st of December for each study year. The Landsat 8 data was readily 

accessible and has been incorporated into the GEE data catalogue. 

The Landsat 8 earth observation satellite was deployed into orbit on February 11, 

2013. It follows a sun-synchronous polar orbit and has a temporal resolution that 

allows for a global coverage revisit time of 16 days. This allows for the monitoring of 

changes over time. The satellite's OLI instrument collects data in nine multiple 

spectral bands and two TIRS thermal bands (Wulder et al., 2016).  

The spatial resolutions of Landsat 8's spectral bands range from 15-30 meters per 

pixel, with the potential for downscaling to a finer spatial resolution of 10 meters 

when fused with Sentinel-2 data (Onačillová et al., 2022). The thermal infrared bands 

(10 and 11) have a 100-meter spatial resolution. The 11 spectral bands vary in 

wavelength from 0.433 µm to 12.51 µm (Table 3.1). 

Landsat 8 data was utilised for this study owing to its unrestricted availability. This 

accessibility enhances the feasibility of the study and allows for the continuation of 

research over an extended period. The image selection procedure prioritised high-

quality images with minimal cloud cover while also considering the specific date, 

month, and year of acquisition. The images provided by the USGS are 

georeferenced to the ellipsoid, Universal Transverse Mercator (UTM) coordinate 

system, map projection (Zone 34S), and World Geodetic System WGS84 datum. 

Landsat 8 has proven its capability to provide essential data for estimating LST, 

mapping UHIs, analysing the impact of LULC changes, and assessing external 

thermal comfort ( Wang et al., 2015; Aslan and Koc-San, 2016; Yang et al., 2017; 

Huang et al., 2019; Khallef et al., 2020; Yang et al., 2022; Prasad and 

Satyanarayana, 2023). Leveraging Landsat 8 data ensures compatibility with existing 

literature, allowing comparisons with other urban areas and contributing to the 

broader body of knowledge on UHI dynamics. 

http://earthexplorer.usgs.gov/
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Landsat 8 data also provides moderate spatial resolution imagery (30 meters) (Table 

3.1), which is well-suited for urban studies. This resolution allows for the detailed 

examination of LULC patterns and urban morphology in Greater Francistown City, 

enabling a more accurate assessment of the factors contributing to UHI. The data 

also aids in precise land cover classification (Bands 2,3,4,5,6, and 7), distinguishing 

surface types like impervious surfaces, vegetation, and water bodies, which are 

crucial for assessing UHI and thermal comfort impact. Landsat 8's multispectral 

bands, including the thermal infrared band (Band 10), offer valuable information for 

studying surface temperature variations and directly assessing UHI, a critical factor 

in understanding heat island effects (Table 3.2).  

Table 3.1. An overview of the Landsat 8 sensor's attributes and the data acquisition dates.  

Dates 

Acquired 

Temporal 

Resolution 

Spectral Band  Spectral Range 

(micrometers) 

Spatial resolution 

(meters) 

2014-2023 16 days Band_1 Coastal Aerosol 0.433 - 0.453 30 m 

  Band_2 Blue  0.450 - 0.510 30 m 

  Band_3 Green 0.530 - 0.590 30 m 

  Band_4 Red 0.640 - 0.670 30 m 

  Band_5 Near-Infrared  0.850 - 0.880 30 m 

  Band_6 SWIR-1 1.570 - 1.650 30 m 

  Band_7 SWIR-2 2.110 - 2.290 30 m 

  Band_8 Panchromatic  0.500 - 0.680 15 m 

  Band_9 Cirrus  1.360 - 1.380 30 m 

  Band_10 TIRS-1 10.60 - 11.190 30/100 m 

  Band_11TIRS-2 11.50 - 12.510 30/100 m 

Source (http://earthexplorer.usgs.gov/) 

The Landsat 8 images were attained from 01 January 2014 to 31 December 2023. 

Table 3.2. Description of Landsat 8 dataset utilised in the study area. 

Sensor Description Band Resolution 

Landsat 8 OLI LULC 2, 3, 4, 5, 6, and 7 30m 

Landsat 8 Tier-1 LST 10 30m 

Landsat 8 OLI NDVI 4 and 5 30m 

Landsat 8 OLI NDBI 5 and 6 30m 

3.5 Pre-Processing  

Using the GEE platform, a pre-processing procedure was applied to eliminate 

atmospheric impacts, geometric and radiometric errors from Landsat imagery, and 

image enhancement. The initial step in the data preparation phase was the filtration 

of Landsat-8 OLI and TIRS-1 data from the GEE catalogues obtained in the format of 

http://earthexplorer.usgs.gov/
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a compilation of images. The application of pre-processing stages was performed on 

a per-image basis. The initial pre-processing stage involved masking techniques to 

remove clouds, dense aerosols, and cloud shadows from each image (Liu et al., 

2022). The Landsat 8 data was cloud-screened and filtered to the Greater 

Francistown City region. The influence of cloud cover was minimised by masking the 

clouds. The water pixels were selectively masked to prioritise the analysis of land 

pixels, to mitigate the influence of water's high specific heat capacity on LST. 

Subsequently, the resultant images were clipped to conform to the boundaries 

defined in the Greater Francistown City shapefile. 

3.6 Calculations of spatiotemporal parameters of UHI and Thermal Comfort 

3.6.1 Classification and accuracy assessment of land cover  

LULC was carried out for 2014, 2019, and 2023 using the Random Forest (RF) 

algorithm. The study used 2014 as the baseline, 2019 as an intermediate, and 2023 

as the end year to analyse land cover changes over 10 years. Selecting these three 

specific years provides a foundation for correlating land cover changes with the 

corresponding LST, NDBI, NDVI, and UTFVI variations over the same timeframe. 

LULC classification is critical for evaluating the spatiotemporal variability of the UHI 

and thermal comfort in Greater Francistown City. The classification allows for 

identifying and categorising different land cover types within the study area. Each 

land cover type has distinct thermal properties, affecting the local microclimate and 

contributing to UHI (Zhao et al., 2020). 

3.6.1.1 The Image Classification  

RF is a robust and adaptable supervised machine-learning technique known for its 

high accuracy, robustness, and capability to handle complex relationships in data 

(Waleed and Sajjad, 2022). The algorithm was first introduced by Leo Breiman in 

2001. The RF classification is based on building a forest of classification trees, in 

which every tree is grown on a bootstrap sample of the data (Breiman, 2001). The 

characteristic in each tree node is chosen from a randomly selected subset of all 

variables. Class classification is established by aggregating the votes of all the 

individual trees in the forest (Loola Bokonda et al., 2023). 
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In the context of land cover classification for Greater Francistown City, RF's ability to 

handle the complexity of the landscape and its accuracy in handling diverse land 

cover classes make it a suitable and effective choice for creating a reliable LULC 

map. A RF analysis was performed on the OLI Landsat 8 bands (2, 3, 4, 5, 6, and 7) 

(Table 3.2) to classify the study area. The Greater Francistown City LULC was 

classified into four major land cover classes: vegetation cover, built-up area, water 

bodies, and bare land (Table 3.3). 

Table 3.3. Greater Francistown LULC Classification and Description 

Class Description 

Built-up area  Residential, commercial, and industrial areas, roads, parking lots, runways, 
pavements, and other urban infrastructure  

Vegetation  Trees, grass, forest, crop fields, land, shrubs, and other vegetation types. 

Water bodies Dams, rivers, streams, ponds 

Bare land Unused land, open space, fallow land, exposed soil.  

Source (Nguyen et al., 2019). 

3.6.1.2 Reference Data Collection 

The reference data for historic Landsat 8 were attained visually by interpreting 2014, 

2019, and 2023 images observed from GEE. A high-resolution base map digitised 

areas that visually represent each land cover class. These areas were marked as 

potential training sites. A total of 100 training samples were chosen for each selected 

year for the entire study area. The reference data was then randomly split into the 

training 70% and 30% validation samples. The supervised RF classifier was trained 

using training data, and a confusion matrix table was generated using validation data 

(Li et al., 2020). The confusion matrix technique was used to assess the LULC 

precision (Wang et al., 2019; Xia et al., 2022) maps generated. From the confusion 

matrix generated, the classifier's producer accuracy, total accuracy, user accuracy, 

and kappa were tabulated. These are important metrics in assessing the quality and 

reliability of remote sensing classifications (Wang et al., 2019; Xia et al., 2022). 

Additionally, the kappa coefficient is employed to evaluate the concordance between 

the classification outcomes and the reference data, considering the potential 

occurrence of chance agreement (Wang et al., 2019; Li and Stein, 2020; Ma et al., 

2023). 
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3.6.2 Estimation of Normalised Difference Built-up Index  

The NDBI is a spectral index utilised to identify and extract built-up areas from urban 

land in Greater Francistown City. The NDBI is a valuable tool for the identification 

and analysis of developed land inside metropolitan regions, assessing UHI effects, 

and monitoring land LULC changes (Azizah et al., 2022; Vergara et al., 2023). NDBI 

is also directly linked to LST and can be used to quantify the intensity of the UHI. By 

analysing the spatial distribution of NDBI values, areas with higher impervious 

surface coverage, which generally contributes to increased surface temperatures, 

can be identified (Guha et al., 2018; Ouma et al., 2021). The NDBI was computed 

from Landsat 8 reflectance bands using Equation 3.1  

Equation 3.1. Normalised Difference Built-up Index 

 

The NDBI values range from -1 to +1, where negative values signify the existence of 

water bodies and positive values indicate the presence of developed areas. 

Vegetation exhibits a low NDBI value (Ullah et al., 2022). 

A five-year time point period of 2014, 2016, 2019, 2021, and 2023 were selected for 

NDBI map creation. The selected specific years create a timeline that covers the 

baseline, lower quartile, midpoint, upper quartile, and endpoint of the study period 

(2014-2023), capturing both short- and long-term changes in NDBI. It enables the 

analysis of how built-up areas respond to urban heat over the specified time frame. 

Additionally, these intervals balance data collection frequency and the need for 

comprehensive insights, not vegetation dynamics. 

3.6.3 Vegetation Indices Calculations 

3.6.3.1 Normalised Difference Vegetation Index Calculations  

The study utilised NDVI calculations to serve two tasks: interpreting vegetation 

distribution and determining the emissivity values, indicating vegetation cover, which 

reduces surface temperatures and aids in UHI mitigation strategies (Hishe et al., 

2023). Landsat 8 satellite imagery was utilised to assess the influence of vegetation 

cover on LST and thermal comfort, using multispectral data, including bands 4 and 5 

(Table 3.2). The NIR band 4 (0.85-0.88μm), highly sensitive to chlorophyll absorption 



37 
 

in healthy plants with a 30 m spatial resolution, was used for vegetation analysis 

(Imran et al., 2021). The (0.64-0.67μm) red band 5 was used to stipulate a measure 

of vegetation cover (Jombo et al., 2022). The NDVI was utilized to compute the 

amount of flora cover density and variations in the study area using Equation 3.2. 

Equation 3.2. Normalised Difference Vegetation Index 

 

It was computed by dividing the red band's top-of-atmospheric (TOA) reflectance by 

the NIR band reflectance (Equation 3.2). This index is valuable for evaluating surface 

reflectance (Hishe et al., 2023). Waleed and Sajjad (2022) reported a substantial 

association between the NDVI values for soil and vegetation and the PV. The PV 

was computed utilising Equation 3.3.  

Equation 3.3. Proportion of Vegetation 

   

The variables in this context are Pv, NDVI, NDVImin, and NDVImax, representing 

the PV, NDVI values obtained from the image, and NDVImin (minimum) and 

NDVImax (maximum) respectively. 

The Land Surface Emissivity (LSE) refers to the mean emissivity of a specific 

element on the earth's surface, which is determined by computing NDVI values. 

Hishe et al., (2023) defined LSE as the “ratio of energy emitted from a natural 

material to that of a perfect emitter (blackbody) at the same temperature”. The LSE 

(𝜀𝜆) was calculated in GEE based on the computed Pv value using Equation 3.4. The 

LSE 𝜀𝜆 ranges from 0.97 to 0.99 (Zhang et al., 2022). 

Equation 3.4. Land Surface Emissivity 
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3.6.4 Land Surface Temperature Calculations 

3.6.4.1 Digital Numbers Conversion and TOA Spectral Radiance 

Estimation 

The Landsat 8 data underwent an initial radiometric correction process to obtain the 

LST, wherein each band's digital numbers (DN) were transformed to spectral 

radiance by Equation 3.5. Radiation correction has been shown to increase the 

accuracy of LST and other index calculations (Waleed and Sajjad, 2022). 

Equation 3.5. Top of Atmospheric Spectral Radiance 

 

Where: variable 𝐿𝜆  represents the TOA spectral radiance while 𝑀𝐿  is the band-

specific multiplicative rescaling factor obtained from the metadata. 𝑄Cal represents 

the quantised and standardised product pixel value (DN), and  𝐿𝜆 refers to the band-

specific additive rescaling factor obtained from the metadata. 

Equation 3.5 was used to get the TOA radiance  𝐿𝜆 for the Landsat 8 OLI thermal 

band 10 (10.60µm – 11.19µm). The TOA spectral radiance measures radiant energy 

per unit area, unit solid angle, and unit wavelength at the outer boundary of Earth's 

atmosphere (Waleed et al., 2023). This measurement is expressed in watts per 

square meter per steradian per nanometer (W/(m²·sr·nm)).  

The TOA Tie1 data of Landsat 8 were filtered for the following years: 2014, 2016, 

2019, 2021, and 2023, and the medians of all values were calculated. The resulting 

images were clipped with the Greater Francistown City shapefile, and the resultant 

Landsat 8 TOA image was utilised to derive LST. 

3.6.4.2 Spectrum Radiance Conversion to TOA Brightness Temperature 

The spectral radiance calculated from the pixel DN values in section 3.5.4.1 was 

used to calculate the TOA brightness temperature (TB) using (Equation 3.6), which 

is the effective temperature sensed by the satellite assuming unit emissivity in 

Kelvin.  
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Equation 3.6. TOA Brightness Temperature 

 

The thermal conversion constants K1 and K2 represent band-specific values. The 

spectral radiance conversion factors for Landsat 8 OLI are K1 = 774.89mW/cm2 

/sr/μm and K2 = 1321.08 Kelvin. 

3.6.4.3 Land Surface Temperature Retrieval 

The LST was retrieved from Landsat 8 imagery satellite for 10 years (2014 to 2023) 

using thermal infrared data and atmospheric correction algorithms. The Landsat 8 

TIRS-1 bands 10 (10.60 - 11.19μm) with 30m resolution was utilised. The TIRS-1 is 

exceptionally sensitive to urban temperature variations because of its shorter 

wavelength and ability to distinguish between temperature gradients in urban 

locations, where UHI effects are very noticeable (Hashim et al., 2022). Landsat 8 

provides spatial and temporal information, making it an excellent choice for LST 

estimates due to its simplicity and precise retrieval (Cristóbal et al., 2018; Wang et 

al., 2019). Equation 3.7 was employed to convert satellite temperature to LST in 

Celsius. 

Equation 3.7. Land Surface Temperature 

 

Where λ is the wavelength of the radiated radiance, = h(c/s) = 1.4388 102m K = 

14388 m K, h is the plank's constant = 6.626 1034Js, s is the Boltzmann constant = 

1.38 1023J/K, and c is the velocity of light = 2.998 108m/s. The radiant temperature 

is corrected to achieve the findings in Celsius by adding the absolute zero 

(approximately -273.15oC). 

3.6.5 Estimation of the UHI, non-UHI, and Urban Hot Spot Areas 

The UHI distribution and development vary by city, influenced by factors like LST 

(Peng et al., 2012). Intensity is determined by comparing UHI and non-urban areas 

using Equations 3.8 and 3.9. The study employed the usage of urban UHI and non-

UHI classifications to delineate areas with elevated temperatures and areas without 
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such temperature anomalies, respectively. The Urban Hot Spots (UHS) areas for 

Greater Francistown City were computed using Equation 3.10. The UHS refers to 

areas within urban environments that exhibit significant spatial clustering of high 

LSTs (Ranagalage et al., 2018). 

Equation 3.8. Urban Heat Island 

  

Equation 3.9. Non-Urban Heat Island 

 

Equation 3.10. Urban Hot Spots 

 

Where µ and δ are the study area's LST's mean and standard deviation, 

respectively. UHI distribution as determined by this method, can be influenced by 

other factors. Therefore, to enhance precision, a technique that combines the LULC 

and LST maps was implemented to ascertain the heat island region. The heat island 

region is characterised in this analysis by the presence of both subsequent 

components, the UHI area and the LULC type. 

3.6.6 Estimation of Thermal Comfort Using the Urban Thermal Field 
Variance Index  

An effective method for evaluating UHI's influence on a city's overall well-being is 

through thermal comfort indices (Isioye and Akomolafe, 2020). The UTFVI value is 

an Ecological Evaluation Index (EEI) calculated to determine the impact of UHI and 

eternal thermal comfort (Kasniza Jumari et al., 2023) on the Greater Francistown 

urban environment and residents. The UTFVI assessed the urban environmental 

standard of living in the context of external thermal comfort pertaining to the UHI 

phenomena. It evaluated the general quality of urban living regarding the degree of 

external thermal comfort and well-being related to the UHI impact (Zhang et al., 

2013). Equation 3.11 was used to compute the UTFVI. 

Equation 3.11. Urban Thermal Field Variance Index 
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Ts represents the LST, and Tmean represents the mean LST of the study area. The 

values of UTFVI were categorised into six distinct groups, each associated with 

specific ecological interpretations and the UHI phenomenon (Table 3.4) (Waleed and 

Sajjad, 2022; Kasniza Jumari et al., 2023). 
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Table 3.4. Thresholds of UTFVI Employed in Greater Francistown 

UTFVI UHI Occurrence EEI 

<0.000 None Excellent 

0.000-0.005 Weak Good 

0.005-0.010 Middle Normal 

0.010-0.015 Strong Bad 

0.015-0.020 Stronger Worse 

>0.020 Strongest Worst 

3.7 Meteorological data 

Historical in-situ air temperature measurements were utilised to validate the derived 

Landsat 8 LST data. The air temperature data for the study period (2014-2023) was 

retrieved from the National Aeronautics and Space Administration (NASA) Prediction 

of Worldwide Energy Resources (POWER) https://power.larc.nasa.gov/data-access-

viewer/. NASA POWER is an agency of the United States government, tasked with 

collecting and providing meteorological data through ground-based measurements, 

re-analysis of data, satellite observations, and extensive data processing and quality 

control. The highest, lowest, and average air temperature measurements were 

utilised to verify the maximum, minimum, and average LST over the same period the 

Landsat 8 images were retrieved. The study utilised a combination of Pearson's 

correlation and linear regression analysis to evaluate the link between average LST 

values and the air temperature values obtained from NASA POWER. 

3.8 Statistical Evaluations  

Measures of central tendency and dispersion (mean, maximum, minimum, standard 

deviation and Coefficient of Variation (CV) were employed for the indices (NDBI, 

NDVI, PV, LSE, LST, UHI, SUHII and UTFVI) in the study areas. The descriptive 

statistics provided an overview of each index's distribution and central tendency. 

Regression and correlation analysis were computed to identify the association 

between the different indices. 

Pearson correlation analysis identified the degree of association between indices 

strongly related to each other and those not using Equation 3.12. 

https://power.larc.nasa.gov/data-access-viewer/
https://power.larc.nasa.gov/data-access-viewer/
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Equation 3.12. Pearson Correlation Coefficient 

 

Where r is the Pearson Correlation Coefficient 

Pearson’s correlation examination was implemented between LST and the indices 

(NDBI, NDVI, PV, UHI, SUHII, and UTFVI) to determine their influence on LST in 

Greater Francistown City. 
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4. CHAPTER 4: RESULTS  

4.1 Introduction 

This chapter comprehensively presents and analyses results aligned with the 

overarching research objectives, explicitly focusing on the spatiotemporal variability 

of UHI and thermal comfort in Greater Francistown City.  

4.2 Spatiotemporal Assessment of Greater Francistown City Land Cover 

Figure 4.1 displays the RF algorithm-based LULC classification findings between 

2014 and 2023 with a 5-year class interval using 2014 as a base year. The four 

thematic land cover classes, built-up, vegetation, bare-land, and water bodies, were 

utilised to study spatiotemporal variability of UHIs and thermal comfort. The LULC 

has been significantly impacted by urbanisation growth which entails UHIs and 

thermal discomfort. As a result, LST, UTFVI, NDBI, and NDVI are highly correlated 

with changes in land cover in the sub-Sahara climate zones like Greater Francistown 

City. 

Table 4.1 shows the results of an accuracy evaluation used to validate the resulting 

LULC classification. The results show that overall accuracy (OA) is more than 0.91 

for 2014, 2019, and 2023, with a Kappa value exceeding 0.84, indicating a high 

degree of concordance between the classified and actual pixels. This demonstrates 

the precision of the classification predictions and the dependability of the RF method 

employed in this research. The generated classification is dependable and was 

utilised for subsequent analysis. 

Table 4.1. Generated Classified LULC Maps' Accuracy 

Year Overall Accuracy Kappa 

2014 1.0 1.0 

2019 0.91 0.84 

2023 1.0 0.87 

There is a clear observation that the built-up area and bare land have increased over 

the past ten years, while there has been a decline in water bodies and plant cover 

(Figure 4.1).  
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Figure 4.1. Maps of Greater Francistown LULC Classification for 2014, 2019, and 2023 

Table 4.2 displays the LULC classes' area-wise distribution. It has been noticed that 

the built-up and vegetation classes dominate Greater Francistown city, with larger 

areas than the water and bare ground classes. An increasing trend is observed in 

the built-up area, doubling from 28.05% in 2014 to 59.02% in 2023. Conversely, the 

vegetation areas decreased from 45% (37.87km2) in 2014 to 33.26% (28.00km2) in 

2023 (Figure 4.2). Water bodies constituted the smallest land cover over the study 

period, occupying an area of 0.12Km2 in 2014, corresponding to 0.15% and 

0.04.1Km2 in 2019 (0.05%) of the total. From a more comprehensive viewpoint, it is 

evident that a significant portion of the vegetation land has been transformed into 

built-up areas, and water bodies dried up due to excessive heat and were 

transitioned primarily into bare land.  
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Table 4.2. Greater Francistown City LULC Area Analysis From 2014 to 2023 

LULC Class 2014 2019 2023 

 Area (km2) Area (%) Area (km2) Area (%) Area (km2) Area (%) 

Water 0.12 0.15 0.04 0.05 0 0 

Vegetation 37.9 45 32.61 38.73 28.01 33.26 

Bare land  22.56 26.80 3.41 4.04 6.50  7.72 

Built-up 23.63 28.05 48.14 57.18 49.68 59.02 

The expansion in bare land from 3.40km2 in 2019 to 6.50km2 resulted from a 

significant decrease in water bodies from 0.05% in 2019 to 0% in 2023 due to 

excessive heat and low rainfall received. Most water bodies dried up and were 

classified as bare land. Concisely, the outcomes of the LULC analysis indicate that 

significant land-use alterations are mainly attributed to a decrease in vegetation and 

a notable rise in built-up land, constituting 59% of the entire area in 2023.   

 

Figure 4.2. Greater Francistown LULC Spatiotemporal Variability (2014-2023) 

Expanding the urban built-up area can raise the LST and impact the growth of UHIs 

in Greater Francistown City. 

4.3 Spatiotemporal Analysis of Normalized Difference Built-up Index  

Figure 4.3 depicts maps of the spatiotemporal distribution of NDBI for Greater 

Francistown City from 2014 to 2023, covering the five time points, 2014, 2016, 2019, 

2021, and 2023 derived from Landsat 8 imagery. In all the five time points, places 

with high NDBI values were particularly observed in areas with built-up land. The 

vegetated areas have minimum values (Figure 4.3). By 2023, high NDBI areas 

spread throughout the city.  
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Figure 4.3. NDBI maps of Greater Francistown City for 2014, 2016, 2019, 2021, and 2023.  

The built-up areas of the five-time points were computed, and the results are as 

follows: 15.85km2 (20.03%) in 2014, 18.95km2 (23.92%) in 2016, 20.20km2 (25.51%) 

in 2019, 30.17km2 (38.09%) in 2021 and 37.56km2 (47.42%) in 2023. The built-up 

area has steadily increased throughout the study, from 15.85km² in 2014 to 

37.56km² in 2023, implying a significant impact of urbanisation or built-up 

development on the landscape. The shift from 20.03% to 47.42% of the total area 

being built up in a decade indicates substantial changes in land use. As indicated by 

the increase in built-up areas observed throughout the study, the expansion of urban 

areas has implications for the effects on LST and UHI. 

The mean NDBI statistics values were also computed, and the results are presented 

in Figure 4.4. The NDBI means show an increasing trend throughout the study, 

indicating a rise in built-up structures or impervious surfaces. 
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Figure 4.4. Computed NDBI Statistics for Greater Francistown for 2014-2023 

The maximum NDBI values have varied over the years, with a notable peak in 2021. 

This could indicate areas with higher concentrations of built-up structures. The 

minimum NDBI values also show fluctuations, with a lower negative minimum in 

2023 than in 2019. The low standard deviation values for NDBI (0.06, 0.07.and 0.08) 

across the study period (2014-2023) indicate a consistent and stable pattern in the 

built-up index, suggesting that the NDBI is a reliable indicator for monitoring built-up 

areas over time.  

4.4 Analysis of Vegetation Indices 

4.4.1 Spatiotemporal Distribution of NDVI  

Figure 4.5 presents the spatiotemporal distribution of NDVI for Greater Francistown 

City for the five time points, 2014, 2016, 2019, 2021, and 2023. In all the five time 

points, places with High NDVI values were found in vegetated areas. The built-up 

and bare land sections have minimum NDVI values (Figure 4.5). 
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Figure 4.5. Spatiotemporal Distribution of NDVI for 2014, 2016, 2019, 2021, and 2023 

In 2014, a substantial portion of land was covered by vegetation, covering 37.9 km2 

(Table 4.2) and resulting in high NDVI values. From 2016 to 2023, regions with 

minimum NDVI values were detected in the built-up area of Greater Francistown 

City, which is a result of the influence of the building. 

At all five time points, 2014, 2016, 2019, 2021, and 2023, regions with minimum 

NDVI values were mostly observed in built-up areas. The central part of Greater 

Francistown City was characterised by a high concentration of buildings, which 

occupied most of the land area and had minimal or non-existent vegetation on their 

premises (Figure 4.5). The data presented in Figure 4.6 indicates that the highest 

NDVI values for the study period 2014 (0.7818), 2016 (0.8383), 2019 (0.7890), 2021 

(0.8072), and 2023 (0.8384) were primarily concentrated along the Tati River banks 

within the city. This is a result of the existence of water from the river that nourishes 

the vegetation around it.  

Descriptive statistics were computed to display the NDVI values for each year of the 

study period (2014-2023). Figure 4.6 displays the city's minimum, maximum, mean, 

and standard deviation NDVI values. Maximum NDVI values were found in 2016 

(0.8383), 2022 (0.8322) and 2023 (0.838) and the lowest NDVI value of –0.639 was 
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recorded in 2014. The coefficient of variation (CV) exhibited variation among the 

different study periods, with 2023 having the highest CV value (33.53%) and the 

lowest CV value of 29.77% in 2015. 

 

Figure 4.6. NDVI Computed Descriptive Statistics for 2014-2023 

The mean NDVI estimates illustrated a progressively slightly declining trend from 

2014 to 2023 across Greater Francistown City, except in 2017 and 2021. The overall 

trend shows that the values of the NDVI standard deviation seem to fluctuate over 

the study period years, with some slight variations. There is some variability in the 

standard deviation values from year to year. The values in 2017 (0.1166) and 2021 

(0.1214) are notably higher than the other years, indicating a higher degree of 

variability in NDVI during those years.  

4.4.2 Spatiotemporal Distribution Fraction of Vegetation Cover  

Figure 4.7 presents the spatiotemporal distribution of the fraction of vegetation cover 

(FV). The maximum (1) and the minimum (0) are constant for the course of the 

study, indicating that in all years, the maximum fraction of vegetation observed is 1. 

The FV Minimum is 0, suggesting no instances where the fraction of vegetation 

drops below 0 (Figure 4.7). 
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Figure 4.7. Spatiotemporal Distribution of Fraction of Vegetation over Greater Francistown  

The mean FV varies across the study period (2014-2023), showing a decreasing 

trend from 2014 to 2016, peaking in 2017 (0.369), then decreasing sharply to 0.198 

in 2020. This suggests a fluctuating pattern in the vegetation cover over the study 

period, with the lowest mean Pv (0.193) recorded in 2016. 

The standard deviation measures the amount of variation in the fraction of vegetation 

values. The standard deviation values increased and peaked in 2017 (0.126), 

suggesting higher variability in vegetation fraction during that year (Table 4.3). The 

explanation is comparable to Greater Francistown City's variation in NDVI values. 

Table 4.3. Analysis of Fraction of Vegetation and Land Surface Emissivity  

  2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 

FV Mean: 0.475 0.204 0.19 0.369 0.334 0.208 0.198 0.327 0.327 0.222 

FV stdDev 0.102 0.104 0.103 0.126 0.122 0.109 0.104 0.138 0.138 0.121 

FV CV 21.51 50.84 53.22 34.15 36.46 52.37 52.45 42.233 42.23 54.33 

EM Mean 0.988 0.986 0.987 0.987 0.987 0.986 0.987 0.987 0.987 0.987 

EMstdDev 0.0004 0.0004 0.0004 0.0005 0.0005 0.0004 0.0004 0.0005 0.0005 0.0005 

EM CV 0.04 0.04 0.04 0.05 0.05 0.04 0.04 0.06 0.06 0.05 
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4.4.3 Spatiotemporal Distribution of the Land Surface Emissivity  

Figure 4.8 presents the spatiotemporal distribution of LSE values for Greater 

Francistown City from 2014 to 2023, covering five times: 2014, 2016, 2019, 2021, 

and 2023. The LSE values for the whole study period were consistent, and no 

variations were observed (Figure 4.8; Table 4.3). The highest and lowest LSE values 

recorded were 0.99 and 0.986, respectively. The areas with the highest emissivity 

(EM) are characterised by abundant healthy vegetation found along the Tati River 

banks in the city. 

 

Figure 4.8. Spatiotemporal Distribution of the Land Surface Emissivity Over Francistown City 

The EM remains consistently high, with slight variation over the 10 years (Table 4.3). 

The small standard deviation of 0.0004 from 2014-2020 and 0.0005 from 2021-2023 

and coefficient of variation of 0.04-0.05% indicate a stable and uniform pattern in 

LSE (Table 4.3). 

4.5 Spatiotemporal Distribution of LST and Air Temperature Patterns 

4.5.1 Spatiotemporal Distribution of Land Surface Temperature 

The LST corresponds to the level of heat that would be perceived by a person 

touching the Earth's "surface." It can be likened to the warmth experienced when a 

person's hand touches the Earth's surface (Nguyen et al., 2019). The LST is an 
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important reference index for analysing the state of the land's ecosystem. It impacts 

the area's material and energy cycles, the ecological system's stability, people's 

development, and human survival, among other things. Figure 4.9 presents the 

results of LST maps for Greater Francistown City for the study period 2014-2023, 

covering five time point periods: 2014, 2016, 2019, 2021, and 2023. 

 

Figure 4.9. Spatiotemporal Distribution of Land Surface Temperature Over Francistown City 

Throughout the study period, the LST has increased in locations near bare land and 

built-up structures in the city. The built-up areas are characterised by dense 

residential and industrial construction, increasing impervious surfaces, thereby 

increasing solar energy absorption and converting it into heat. Industrial and 

residential zones experience higher surface temperatures due to thermal energy, 

resulting in a higher LST than surrounding areas. The thermal energy generated by 

industrial endeavours within industrial regions results in higher LST in this region 

compared to the surrounding regions. Hence, the LST in these regions is 

significantly higher compared to the surrounding areas, surpassing a threshold of 

25.62oC. 

In all the five time points, high LST had significantly expanded towards the 

northwest, aligning with the spatial distribution of LULC alterations (Figure 4.1). The 

LST in these areas reached a maximum of 44.2oC (2014), 45.9oC (2016), 46.94oC 
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(2019), 44.22oC (2021) and 41.42oC (2023). According to Figure 4.9, in the East to 

South segment of the map in 2014, the region showed low LST values (blue and 

green colour), but by 2023, the description switched to higher LST (redder and 

orange). This results from more built-up areas that took place in the intervening 

years. 

Furthermore, the spatial distribution of NDBI (Figure 4.3) is compatible with LST, 

whereas NDVI (Figure 4.5) is the opposite. These findings show that the city's built-

up area has higher LST and NDBI values than the surrounding areas due to the 

decreased plant cover. The Computed standard deviation values for LST range from 

1.78°C in 2023 to 3.26°C in 2014. There's variability in LST standard deviation 

values across the years, with a peak (2.94°C) in 2020. The increase in the LST in 

Greater Francistown City can be attributed to the ongoing and systematic 

construction of buildings and widespread deforestation. 

4.5.2 Land Surface Temperature and Air Temperature Validation 

Table 4.4 presents the computed LST values derived from Landsat 8 and the 

measured meteorological air temperature data. A comparative analysis was 

conducted to determine the differences between LST and the recorded air 

temperature. Air temperature was also used to validate LST, enhancing the reliability 

and applicability of Landsat 8 data and contributing to more accurate assessments of 

UHI and thermal comfort. 

Table 4.4. The Summary of Comparison of LST and Air Temperature for 2014-2023 

  Maximum Temperature Minimum Temperature Mean Temperature 

Time LST  AIR Diff LST  AIR  Diff LST  AIR  Diff 

2014 44.15 38.69 5.46 25.62 22.48 3.14 33.5 21.10 12.40 

2015 46.9 41.87 5.03 32.19 30.13 2.06 39.38 22.80 16.58 

2016 45.94 41.26 4.68 29.85 24.89 4.96 36.78 22.55 14.23 

2017 42.83 38.88 3.95 27.81 22.81 5.00 33.67 21.31 12.36 

2018 43.57 39.65 3.92 30.32 25.00 5.32 36.91 22.17 14.74 

2019 46.94 41.26 5.68 30.25 25.10 5.15 38.66 22.91 15.75 

2020 43.76 39.5 4.26 26.45 23.55 2.90 34.39 21.69 12.70 

2021 44.22 39.64 4.58 28.24 27.44 0.80 35.83 21.15 14.68 

2022 45.32 38.97 6.35 27.16 23.47 3.69 34.48 21.44 13.04 

2023 41.42 39.01 2.41 26.01 22.50 3.51 34.54 22.15 12.39 

The maximum LST ranges from 41.42°C in 2023 to 46.94°C in 2019, and the 

maximum air temperatures range from 38.69°C in 2014 to 41.87°C in 2015. The 
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maximum temperature difference between LST and air temperature varies, with the 

highest difference being 6.35°C in 2022 and the lowest being 2.41°C in 2023. 

The minimum LST ranged from 25.62°C in 2014 to 32.19°C in 2015, with the 

minimum air temperatures ranging from 0.8°C in 2021 to 5.32°C in 2018. The 

minimum temperature difference between LST and air temperature varies, with the 

highest difference being 27.44°C in 2021 and the lowest being 22.5°C in 2023. 

The mean LST ranged from 33.67°C in 2017 to 39.38°C in 2015, with the mean air 

temperatures ranging from 21.1°C in 2014 to 22.91°C in 2019. The mean 

temperature difference between LST and air temperature varies, with the highest 

difference being 16.58°C in 2015 and the lowest being 12.36°C in 2017. 

It is observed that during the study period (2014 to 2023), LSTs were consistently 

higher than air temperatures, as indicated by positive differences. The temperature 

differences fluctuate yearly, variations in local climate conditions. In 2015, 

temperature differences were higher than average, indicating potential climate 

anomalies, while in 2023, they were lower, suggesting a more balanced relationship 

between LST and air temperatures. Due to the discrepancies, the correlation 

between the LST values and the air temperature data was calculated using the linear 

regression analysis. The computed data in Table 4.4 was used in the analysis. 

 

Figure 4.10. Correlation between LST and Air Temperature 

The Pearson's correlation analysis implied a significant strong positive relationship 

(r= 0.81441; p=0.0041) between LST and air temperature at α = 0.05. The coefficient 
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of determination (R2) between the mean LST and air temperature data values for 

2014-2023 was 0.6633. The R2 figures show that the LST data associates well with 

air temperature data. This means that the linear model explains 66.33 % of the 

variation in the data. The mean squared error (MSE) of 1.5305 indicates that the 

model is accurate. P(F) = 0.0041 at a 5% significant level and the model is 

significant, Figure 4.10 demonstrated a significant correlation between LST and the 

air temperature with the equation LST=16.68 + 2.4Air Temp, the intercept p(t)= 

0.2441 and significant Air Temperature P(t) = 0.0041. The results suggest that the 

variables LST and air temperature are highly related, and the model fits well. 

4.6 Spatiotemporal Variations of UHI, non-UHI, and Urban Hotspot Areas 

4.6.1 Spatiotemporal Distribution of UHI and non-UHI 

Figure 4.11 depicts the UHI and non–UHI status in Greater Francistown City at the 

five-time points of 2014, 2016, 2019, 2021, and 2023. Table 4.5 summarises areas 

and the percentages of Greater Francistown City's UHI, non-UHI, and Urban hotspot 

precincts. The spatial distribution of the UHI was seen mainly in the built-up and bare 

land precincts of the city. These areas grew from the Southwest to the Northwest 

from 2014 to 2016, expanded around the city’s centre to the northern area in 2019-

2021, and extended to the southwest in 2023 following the spatial pattern of LULC 

and LST changes (Figure 4.9; Figure 4.11). 

Table 4.5. Spatiotemporal Variations of UHI, non-UHI, and Urban Hotspot Areas 

 2014 2016 2019 2021 2023 

Class Area km2 % Area km2 % Area km2 % Area km2 % Area km2 % 

UHI 6.05 7.74 5.19 6.64 4.71 6.03 5.84 7.48 6.62 8.47 

Non-

UHI 

72.07 92.26 72.93 93.36 73.41 93.97 72.28 92.54 71.49 91.53 

UHS 3.02 3.87 1.59 2.04 1.88 2.41 2.02 2.59 2.44 3.12 

A total area of 6.05km2 (7.74%) was classified as UHI in 2014 and was the highest 

area of UHI. This area was covered by bare land (Figure 4.1). The UHI area 

decreased by 1.1% after 2 years, reaching 5.19km2 (6.64%) in 2016. The total area 

covered by UHI slightly dropped again to 4.71km2 in 2019. The period 2021 (7.45%) 

to 2023 (8.47%) experienced an increase of 0.99% in the total area that was 

classified as UHI (Table 4.5). The average values of LST for UHI were estimated to 
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be 35.13oC (2014), 37.80oC (2016), 39.61oC (2019), 36.89oC (2021), and 35.43oC 

(2023). The results showed fluctuating average UHI values over the study period.  

Several factors, such as land-use alterations, urban development, and climate 

variability, influence these shifts. Modifications in land use can change the attributes 

of urban regions, including the quantity of impermeable surfaces and vegetation, 

thereby influencing UHI levels. 

 

Figure 4.11. Greater Francistown City Identified UHI and Non-UHI  

This increase corresponds with the city's pattern of expansion throughout this study 

period. Furthermore, the year 2023 confirms the growth of the UHI regions. These 

findings demonstrate the strong correlation between the spatial patterns of UHI and 

the development of LULC and LST. The spatial distribution of UHI in Greater 

Francistown City was prevalent in the bare lands and built-up areas. This is 

comparable with the spatial distribution of LST in Greater Francistown City. The 

occurrence of UHI in the city can give rise to climatic and environmental concerns 

with the capacity to affect the general welfare of individuals.  

Conversely, the non–UHI areas were intense in the Northern and Southern regions 

of the city, covering an area of 72.07km2 (92.26%) in 2014, 72.28% in (2019), and 
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91.53% in 2023, as signified by the white colour in Figure 4.11. The area of the non–

UHI decreases over the study area as the area of UHI increases. 

4.6.2 Spatiotemporal Distribution of Urban Hotspots 

Figure 4.12 depicts the Urban Hotspot (UHS) in Greater Francistown City at the five-

time points of 2014, 2016, 2019, 2021, and 2023 based on the LST analysis. The 

identified UHS were distributed in a few highly concentrated areas in the bare land 

and built-up areas. As shown in Table 4.5, the total spatial UHS precincts 

represented by red colour are covering an area of 1.59km2 (2.04%) in 2016 and 

2.44km2 (3.12%) in 2023, showing an increase of 1.08% in UHS of the study area. 

The UHS exhibits less significance in water bodies and vegetation areas. The year 

2014 had the highest area of UHS, 3.02km2 (3.87%). On the contrary, 75.68km2 

(96.88%) of Greater Francistown City in 2023 was free from urban hotspot cases, 

and it is shown with white colour in Figure 4.12. The thresholds for urban hotspots 

were 40.02, 43.27, 40.86, 37.47, 40.06, 42.45, 40.27, 40.07, 40.07 and 38.10 for 

2014-2023. These results correlate with the prominent locations for UHS: bare land, 

metal roofs, glass buildings, parking bays, and industrial areas. These hotspots have 

no water or vegetation. 
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Figure 4.12. Greater Francistown City Identified Urban Hotspot 

4.7 Spatiotemporal Analysis of Thermal Comfort Based on UTFVI   

The study employs the use of the UTFVI to provide a quantitative analysis of the 

thermal and ecological comfort level concerning the existence of the UHI 

phenomenon effects on Greater Francistown City.  

It was employed to assess the thermal comfort conditions in the city and estimate the 

UHI effect and varying effects of the UHI were identified throughout the study period 

(2013-2023). Figure 4.13 presents the spatiotemporal distribution of UTFVI across 

Greater Francistown City covering a five-point time: 2014, 2016, 2019, 2021, and 

2023. 
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Figure 4.13. The Spatiotemporal Distribution of UTFVI Across Greater Francistown 

The different effects of UHI were determined based on the level of thermal comfort 

related to the presence of UHI. Throughout the study period (2014-2023), 

Francistown City encountered six grades of thermal comfort zones ranging from 

excellent heat condition (UTFVI < 0) to worst heat condition (UTFVI > 0.02). 
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Table 4.6. Evaluations of UTFVI Thresholds and Area Covered for Each Class  

Thermal Comfort measures 2014 2016 2019 2021 2023 

UTFVI UHI  EEI Area km2 Area km2 Area km2 Area km2 Area km2 

<0.000 None Excellent 40.95 

(51.70%) 

39.77 

(50.21%) 

40.96 

(51.72%) 

42.26 

(53.36%) 

43.12 

(54.44%) 

0.000-0.005 Weak Good 1.09 

(1.38%) 

2.58 

(3.26%) 

2.8 

(3.54%) 

2.56 

(3.23%) 

3.18 

(4.02%) 

0.005-0.010 Middle Normal 1.15 

(1.45%) 

2.54 

(3.21%) 

2.82 

(3.56%) 

2.42 

(3.06%) 

2.97 

(3.75%) 

0.010-0.015 Strong Bad 1.21 

(1.53%) 

2.53 

(3.19%) 

2.74 

(3.46%) 

2.19 

(2.77%) 

2.72 

(3.43%) 

0.015-0.020 Stronger Worse 34.23 

(43.19%) 

2.60 

(3.28%) 

2.71 

(3.42%) 

2.06 

(2.60%) 

2.51 

(3.17%) 

>0.020 Strongest Worst 0.59 

(0.74%) 

29.18 

(36.84%) 

27.17 

(34.31%) 

27.71 

(34.99%) 

24.7 

(31.19%) 

Generally, most Greater Francistown City has favourable living conditions, 

particularly in areas with vegetation cover. The highest coverage of area 43.12km2 

(54.44%) in 2023, followed by 40.96km2 (51.72%) in 2019, had an excellent EEI 

range UTFVI <0.000. When UTFVI <0.000, it is regarded as an indicator of a 

comfortable quality of life. Over the study period, the city has places with optimal 

microclimate with UTFVI <0.0) (Table 4.6; Figure 4.13). 

The second highest coverage, which is 34.31km2 (27.71%) in 2021 and 36.84km2 

(27.17%) in 2019, the study area exhibited the worst EEI in the threshold of UTFVI > 

0.020. In 2014, the highest UTFVI was within the range 0.015 < UTFVI < 0.020, with 

UHI encountering Worse covering an area of 34.23km2 (43.19%). Francistown City 

was under extreme heat conditions in 2016, covering an area of 29.18km2 (Table 

4.6; Figure 4.13). More significantly, the most (worse to worst) heat environments 

were felt in the built-up and bare land zones. 

However, the areas marked by good UTFVI 0.000 < UTFVI< 0.005 to bad conditions 

(0.010 < UTFVI < 0.015) were relatively small, covering areas between 1.09 km2 

(1.38%) to 3.19km2 (2.74%) over the study period. Furthermore, the ecological 

evaluation category with the lowest area coverage includes good, normal, bad, and 

worse classifications. 
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Table 4.7. UTFVI Calculated Descriptive Statistics for the Period 2014 to 2023  

  2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 

UTFVI Min: -0.307 -0.223 -0.232 -0.21 -0.217 -0.278 -0.3 -0.269 -0.269 -0.328 

UTFVI Max: 0.241 0.16 0.199 0.214 0.153 0.176 0.214 0.19 0.19 0.166 

UTFVI Mean: -0.009 -0.002 -0.003 -0.003 -0.002 -0.002 -0.007 -0.004 -0.004 -0.003 

UTFVI StdDev: 0.096 0.05 0.056 0.057 0.043 0.049 0.086 0.06 0.059 0.051 

The UTFVI minimum values range from -0.3275 (2023) to -0.2104 (2017). These 

represent the minimum value of the UTFVI across the study period, indicating the 

existence of UHI with excellent environmental conditions. The lower values might 

suggest less variability in surface temperatures. The maximum UTFVI ranges from 

0.1662 (2023) to 0.2413 (2014), indicating the maximum level of worse to worst 

environmental conditions. A higher value might suggest a stronger to strongest UHI 

occurrence. The UTFVI mean ranges from -0.0093 (2014) to -0.0026 (2023). A 

close-to-zero mean might suggest relatively stable LST temperatures, indicating an 

excellent environmental condition. UTFVI standard deviation ranges from 0.0428 

(2018) to 0.0958 (2014), representing the spread of the UTFVI values. In context, it 

implies varying thermal conditions in different locations or times. 

4.8 The evaluations of the LST, NDBI, NDVI, FV, and UTFVI Indices. 

Table 4.8 presents the evaluations of the LST, NDBI, NDVI, FV, and UTFVI 

correlation matrix. The correlation between LST and NDBI is negative and 

moderately strong, with a correlation coefficient (r = -0.5055). This is because a 

significant portion of the built-up area in the city over the study period 2014 - 2023 is 

combined with vegetation cover, which has a cooling effect on the environment. The 

regression analysis between LST and NDBI shows R2 of 0.2555 and is presented by 

the equation LST = 39.9 - 62.4NDBI. 
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Table 4.8. Pearson Correlation Coefficients for LST, NDBI, NDVI, FV UTFVI, and SUHI 

 

 

 

 

 

 

A weak negative correlation was found between LST and NDVI (r = -0.30053), and a 

moderate negative correlation was found between LST and PV (r= -0.55723). This 

negative correlation indicates that in Francistown when LST increased, NDVI 

decreased. The high LST values are due to limited vegetation cover, resulting in low 

evapotranspiration. The regression analysis results between LST and NDVI indicate 

an R2 of 0.0903 for the study period 2014-2023, which depicts a 40% correlation 

between LST and NDVI. LST= 44.6 – 26NDVI. 

A significant moderate positive correlation r = 0.61137 and P(t) = 0.0404 exists 

between LST and UTFVI. The positive correlation between LST and UTFVI might 

imply that areas with higher LST exhibit greater variability in the urban thermal field. 

This could be affected by several factors, such as urbanisation patterns, LULC, or 

local climate conditions. The computed R2 is 0.3738, suggesting that approximately 

37.38% of the variability in the dependent variable (LST) is described by the 

independent variable (UTFVI). The root MSE of 1.687 indicates the average 

magnitude of the residuals. 

The correlation coefficient (r = 0.02563) between NDVI and NDBI is close to zero, 

indicating an extremely weak positive correlation (Table 4.8). This suggests that 

there is little to no linear relationship between vegetation changes and built-up areas. 

The p-value (P(t)) is 0.944; the results suggest no significant correlation exists 

between NDVI and NDBI in the study area. The regression analysis results between 

  LST NDBI NDVI FV UTFVI SUHI 

LST 1 
     

NDBI -0.50545 1 
    

p-value 0.1361 
     

NDVI -0.30053 0.02563 1 
   

p-value 0.3988 0.944 
    

FV -0.55723 -0.15648 0.67101 1 
  

p-value 0.0942 0.666 0.0337 
   

UTFVI 0.61137 -0.21147 0.20783 -0.44308 1 
 

p-value 0.0404 0.5575 0.5645 0.1997 
  

SUHI 1 -0.50545 -0.30053 -0.55723 0.61137 1 

p-value <.0001 0.1361 0.3988 0.0942 0.0404 
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NDVI and NDBI indicate a root MSE of 0.02464 and R2 of 0.0007 with the equation 

NDVI = 0.33143 + 0.03658NDBI.  

The results imply a highly significant perfect positive association between LST and 

SUHII (r = 1, p < 0.0001). These results align with expectations for the UHI effect, 

where higher LSTs are strongly associated with more pronounced UHI effects. 
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5. CHAPTER 5: DISCUSSIONS 

5.1 Introduction 

This chapter interprets and contextualises the findings presented in Chapter Four, 

linking them to the existing body of literature and addressing the identified research 

gaps. It also explores the implications of the results, assesses their significance and 

discusses how they align or contrast with previous studies. The discussion is 

structured around the key objectives of the study. 

5.2 Spatiotemporal Distribution of LULC, Vegetation and Built-up Areas 

The results of the LULC classification (Figure 4.1) revealed that the built-up and 

vegetation classes dominate Greater Francistown City, with a significant increase in 

built-up areas and water bodies occupying the smallest land cover (Table 4.2). The 

decreased water bodies were due to excessive heat and low rainfall, which 

increased bare land. The LULC analysis shows a significant decrease in vegetated 

areas and an increase in built-up land, affecting land use, LST, and UHI growth in 

Greater Francistown City. 

The results of these studies align with the existing literature, demonstrating the 

significant impact of LULC changes on LST in semi-arid urban environments. Amir 

Siddique et al. (2023) found that in 2015 - 2020, changes in LULC significantly 

affected LST in Beijing City, China, with urban plantation decreasing by 3%, forest 

land decreasing by 5%, bare land increasing by 5%, and arable land increasing by 

2%. Ouma et al. (2021) also discovered that Gaborone City in Botswana, covering 

an area of 190.96 km2, experienced a 40% vegetation decrease, a 38.9% built-up 

increase, a 3% decrease in water bodies, and a 4.1% increase in bare land with a 

30-year mean air temperature increase of 2.6oC. The study's findings are further 

supported by (Rasul et al., 2017), who emphasise the effect of LULC change on 

SUHIs in arid and semi-arid climates. Moreover, (Bindajam et al., 2020) provide 

evidence of the significant influence of LULC type on LST and its spatiotemporal 

dynamics in semi-arid environments. Ouma et al. (2021) highlighted the need for 

comprehensive data on the spatiotemporal patterns of LULC changes and their 

impact on urban environments. This study fills this gap by providing detailed 

temporal and spatial analysis from 2014 to 2023, offering a clear picture of the 

dynamic changes in land cover and their implications. 
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The study indicates a significant increase in built-up area, from 20.03% in 2014 to 

37.47.42% in 2023 (Figure 4.3), indicating significant urbanisation impacts on LULC. 

Such a dramatic alteration in land use composition indicates a rapid transformation 

in the urban composition. One of the critical implications of expanding built-up areas, 

as evidenced by the increasing built-up area over the study period, lies in its 

potential impact on LST and the UHI effect (Zupancic and Bulthuis, 2015). As the 

built-up areas have consistently grown, it is imperative to consider the potential 

consequences for LST and UHI. The rise in built-up surfaces can contribute to 

increased heat absorption, potentially leading to higher temperatures within the 

urban landscape. This, in turn, may have cascading effects on various aspects of the 

local environment, such as altering microclimates, influencing biodiversity, and 

impacting residents' overall quality of life. 

While the effects of urbanisation on LST and UHI have been studied globally 

(Adulkongkaew et al., 2020; Arshad et al., 2022), there has been a lack of focused 

research on semi-arid regions like Greater Francistown City. This study contributes 

to the understanding of how rapid urbanisation influences LST and UHI in such 

environments, as demonstrated by the significant increase in built-up areas and 

corresponding temperature changes. 

The NDBI means show an increasing trend over the study period, suggesting an 

increase in the presence of built-up structures (Figure 4.4). The NDBI, a reliable 

indicator of built-up areas, shows fluctuations in maximum and minimum values over 

the years, with a peak in 2021 and a less negative minimum in 2023. The low 

standard deviation values for NDBI (Figure 4.4) across the study period (2014-2023) 

indicate a consistent and stable pattern in the built-up index, suggesting that the 

NDBI is a reliable indicator for monitoring built-up areas over time. A low standard 

deviation implies that the NDBI values are tightly clustered around the mean. In the 

context of this study, where NDBI is used as an indicator of built-up areas, this 

suggests that the degree of built-up features remains relatively consistent over time. 

The small variation in NDBI values signifies a limited fluctuation in the intensity of 

built-up development across the study area throughout the study period. 

These results were consistent with (Hishe et al., 2024) study in cities in Ethiopia, 

where the maximum NDBI ranges from 0.2 to 0.36 and the minimum NDBI ranges 
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from -0.14 to -0.24. The mean and standard deviation NDBI ranged from -0.04 to -

0.07 and 0.04 to 0.05, respectively. Dilawar et al. (2021) analysed major cities in 

Punjab, Pakistan, and found that higher NDBI values were associated with densely 

built-up regions linked to maximum temperature in urban areas. Furthermore, 

(Adyatma et al., 2022) demonstrated a strong correlation between NDBI of built-up 

area density and surface temperature in Banjarmasin City, emphasising the 

significance of NDBI mean and density in understanding thermal patterns. Huang et 

al. (2022) employed NDBI to map global impervious surface area, indicating the use 

of NDBI mean, maximum, and standard deviation to enhance temporal information. 

The study found low NDVI values in built-up areas in Greater Francistown City, with 

high concentrations of buildings and minimal vegetation (Figure 4.5). The highest 

NDVI values were primarily along the Tati River banks due to water-nourishing 

surrounding vegetation (Figure 4.5). High NDVI figures are associated with places 

with plentiful vegetation, found in the northeast to the southern part of Greater 

Francistown City. Hishe et al. (2023) also discovered that Mekelle City's greatest 

NDVI value was concentrated around riverbanks due to abundant irrigated 

vegetation for urban agriculture. This correlation aligns with the results of a study 

conducted by (Fatemi and Narangifard, 2019). The study emphasised that areas with 

high NDVI and low LST values are typically found in urban LULC vegetated areas, 

such as parks, crop fields, and urban forests. This is further corroborated (Jombo et 

al., 2022), who demonstrated that high NDVI values in Johannesburg correspond to 

suburban regions characterised by abundant green foliage, lawns, gardens, and 

irrigated farmland. The vegetated areas with high NDVI values have a cooling effect 

because they reflect more radiation than built-up surfaces, which absorb and re-emit 

solar energy at night (Guha et al., 2018; Fatemi and Narangifard, 2019).  

The mean NDVI estimates in Greater Francistown City showed a slightly declining 

trend from 2014-2023, with slight variations, except in 2017 and 2021 (Figure 4.6). 

The standard deviation values fluctuated, with 2017 and 2021 showing higher 

variability (Figure 4.6). (Hishe et al. (2024) reported similar results where the NDVI 

values were varied across different sub-city areas, with the lowest (-0.14) and 

highest (0.59) values found in the Hadinet and Hawelti sub-city.  
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Guha et al. (2018) found that an increase in NDVI led to a gradual decrease in the 

UHI, with some areas exhibiting negative UHI values, known as cool islands. This 

demonstrates the inverse relationship between NDVI and UHI, indicating that higher 

vegetation density can mitigate the UHI effect. By analysing NDVI trends and their 

impact on UHI in Greater Francistown City, this study provides valuable insights into 

how urban planning and green spaces can mitigate heat effects. 

5.3 LST and Its Spatiotemporal Distribution in Greater Francistown City 

The results of LSE and its associated metrics reveal a notable degree of consistency 

and stability over the entire study period from 2014 to 2023 (Figure 4.8). The stability 

and uniformity observed in LSE values signify a consistent thermal behaviour of the 

land surface throughout the ten years. This could imply a relatively stable land cover 

composition or surface properties, which have remained unchanged over time. Such 

consistency in LSE is crucial for various applications, including urban heat island 

studies and LST estimation, as it ensures reliability and accuracy in thermal analysis. 

The small standard deviation values of 0.0004 from 2014 to 2020 and 0.0005 from 

2021 to 2023 further underscore the stability and uniformity in LSE values (Table 

4.3). The minimal variation in LSE over the two distinct time periods suggests that 

the thermal properties of the land surface have remained remarkably consistent, with 

negligible temporal fluctuations. This consistency is essential for ensuring the 

reliability and repeatability of thermal analysis and modeling efforts. 

Chen et al. (2019) and Tiangco et al. (2008) have emphasised the significance of 

vegetation in alleviating the UHI phenomenon. Chen et al. (2019) showed that 

vegetation fraction can alleviate the occurrence of surface urban heat islands, 

suggesting that higher FV cover can contribute to lower LSE in urban areas. Tiangco 

et al. (2008) also highlighted the inverse relationship between NDVI and 

temperature, indicating that increasing the number of plants in cities can minimise 

the UHI effect, thereby influencing LSE in urban settings. Chen et al. (2019). have 

highlighted the need for a consistent and stable measure of LSE for accurate thermal 

analysis. This study provides evidence of minimal variation in LSE values over the 

study period, ensuring reliable LST estimation and contributing to the body of 

knowledge on the thermal properties of urban surfaces. 
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Figure 4.9 presents a compelling visualisation of LST distribution, highlighting a 

notable trend of increasing temperatures in specific areas, particularly around bare 

land and built-up structures within the city. The observed pattern reveals that these 

regions consistently exhibit significantly higher LST values than the surrounding 

areas, surpassing a threshold of 25.62°C (Figure 4.9). 

The concentration of higher LST around bare land and built-up structures suggests a 

distinct influence of LULC on local temperature dynamics (Adeyeri et al., 2024). Bare 

land, devoid of vegetation, tends to absorb and retain more solar radiation, 

contributing to elevated temperatures. Similarly, built-up structures, characterised by 

materials with low thermal inertia, can enhance heat absorption and contribute to the 

formation of UHIs. The observed temperature surpassing the 25.62°C threshold 

underscores the significance of this phenomenon, as it exceeds a level that may 

have implications for environmental comfort, human health, and urban ecosystem 

functioning. 

The studies by (Naughton and McDonald, 2019; Fatemi and Narangifard, 2019; Asi 

et al., 2022; Jeyachandran, 2022; and Sanad et al., 2022) consistently reported 

increased LST in areas with built-up structures and reduced vegetation cover. The 

studies attribute the rise in LST to factors such as urbanisation, land use changes, 

and reduction in vegetation cover, leading to increased impervious surfaces and 

reduced evapotranspiration. The correlation between LST and land cover changes is 

apparent, as built-up and barren land consistently exhibits higher LST. In contrast, 

areas with greater vegetation cover and water display reduced LST. 

The spatial distribution of elevated LST in Figure 4.9 is valuable for identifying areas 

prone to heat stress and UHI effects, which affect public health, energy consumption, 

and overall urban sustainability. The visual representation identifies hotspots 

requiring targeted interventions, such as green infrastructure implementation, urban 

planning strategies, and heat mitigation measures. 

The maximum LST values recorded in different years (Table 4.4) reflect the peak 

temperatures observed, highlighting the temporal variability in LST and indicating 

periods of extreme heat within the study area. The computed standard deviation 

values for LST (Section 4.5.1) reveal variations in temperature consistency across 

the study period. The peak standard deviation of 3.26°C in 2014 suggests a higher 
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degree of variability in LST during that year, while the lower standard deviation in 

2023 (1.78°C) indicates a more stable temperature pattern.  

The consistently higher LSTs compared to air temperatures, as indicated by positive 

differences in Table 4.4, underscore the well-established UHI effect. Urban areas, 

characterised by impervious surfaces and human activities, tend to absorb and retain 

more heat, leading to higher land temperatures than the surrounding air. The positive 

differences observed throughout the study period emphasise the persistence of this 

UHI effect, with land surfaces consistently experiencing higher temperatures than the 

air above them (Table 4.4). The consistency of higher LSTs compared to air 

temperatures, coupled with temporal variability, underscores the significance of 

ongoing urban heat challenges and the need for informed strategies to address 

them. 

These results align with Kasniza Jumari et al.'s (2023) study in Kuala Lumpur 

Metropolitan City, where the LST value attained in 2021 was higher than in 2013, 

with an average reading of 22.2◦C. However, the measured air temperature values 

exceeded the LST, leading to negative discrepancies in the minimum, maximum, 

and mean temperatures. These temperature differences were attributed to surface 

roughness and atmospheric impurities obstructing radiant energy passage. More 

detailed temporal analyses of LST are needed to understand the variability and peak 

heat periods within urban areas. This study's examination of maximum LST values 

and standard deviation over the years provides insights into the periods of extreme 

heat and the overall stability of temperature patterns. 

The study found a weak negative association between LST and NDVI and a 

moderate negative association between LST and PV (Table 4.8).  

The results are in line with prior studies (Marzban et al., 2018; Guha & Govil, 2021; 

Alademomi et al., 2022; Değermenci, 2024) have found a negative correlation 

between LST and NDVI in urban areas, with LST values increasing with decreased 

vegetation cover and vice versa. For instance, Marzban et al. (2018) used a simple 

linear regression method to explore the relationship between LST and NDVI, finding 

a negative correlation between the two variables. Similarly, (Değermenci, 2024) 

identified NDVI as one of the significant indices contributing to LST, indicating a 

negative relationship. Conversely, other research findings have demonstrated a 
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positive relationship between LST and NDVI (Karnieli et al., 2010; Subzar Malik et 

al., 2019; Francis, 2024). Additionally, Francis (2024) found that NDVI had the 

closest fit with LST in the regression, suggesting a positive correlation between the 

two variables. The role of vegetation in mitigating the UHI effect is well-documented, 

yet specific regional analyses are necessary to inform local urban planning (Tiangco 

et al., 2008). This study confirms the inverse relationship between NDVI and LST, 

emphasising the importance of green spaces in urban environments to reduce 

surface temperatures and combat UHIs. 

The association between LST and NDBI is negative and moderately strong (Figure 

4.8). This is because a significant portion of the built-up area in the city over the 

study period 2014 - 2023 is combined with vegetation cover, which has a cooling 

effect on the environment. This observation is very contrary to those reported by 

(Guha and Govil, 2021; Sharmin Siddika et al., 2021; Çolakkadioğlu, 2023), their 

results consistently showed a positive association between LST and NDBI. For 

instance, Guha and Govil, (2021) found a strong positive correlation between LST 

and NDBI in Wuhan City, China, across different seasons.  

Similarly, Hadibasyir et al. (2023) indicated that NDBI is directly proportional to LST. 

Furthermore, Colakkadioğlu (2023) emphasised the positive correlation between 

LST and NDBI, reinforcing the consistent findings across different studies. This 

implies that as more buildings are constructed, the density of NDBI and the LST 

increase, indicating the possibility of an increase in UHIs. The positive correlation 

between built-up areas and LST is a common finding in urban heat studies 

(Naughton & McDonald, 2019). However, due to vegetation within built-up areas, this 

study's observation of a negative association between LST and NDBI provides a 

nuanced understanding of urban heat dynamics in semi-arid environments. 

5.4 Spatial Distribution and Intensity of UHI, Non-UHI, and Urban Hotspot 
Effect 

Results (Figure 4.11) revealed that the spatial distribution of the UHI was primarily in 

the city's built-up and bare land precincts. In 2014, the study identified a total UHI 

area of 6.05 km², constituting 7.74% of the total area (Table 4.5). This marked the 

highest UHI extent during the study period. Identifying bare land (Figure 4.1) 

covering this UHI area suggests that land cover composition, specifically exposed 
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surfaces with low albedo, such as asphalt and concrete, could contribute to the UHI 

effect. Subsequent years witnessed a decrease in UHI extent (Table 4.5). These 

reductions might be attributed to changes in land use, urban planning interventions, 

or climatic conditions (Taha, 1997). However, the UHI area exhibited a slight upward 

trend from 2021 to 2023 (Table 4.5). The 0.99% rise suggests a potential resurgence 

in UHI extent during the study period. The consistently reported (Section 4.6.1) 

higher mean LST values for UHI areas over the years align with expectations. The 

elevated LST values indicate the UHI effect, where urban areas exhibit elevated 

temperatures compared to their surroundings due to impervious surfaces, reduced 

vegetation, and anthropogenic heat generation. 

The UHI, prevalent in bare lands and built-up areas, can lead to climatic and 

environmental issues affecting individual well-being, similar to LST distribution in the 

study area. The consequences include increased energy consumption, changes in 

air and water quality, and adverse effects on human health (Lotfabadi and Hançer, 

2019; Mutani and Todeschi, 2020). For instance, Peng et al. (2012) emphasised the 

adverse effects of the UHI on urban living conditions, such as its influence on energy 

usage, air and water quality, and human well-being. Similarly, Li and Bou-Zeid, 

(2013) underscored the augmented heat stress experienced in urban areas 

throughout heat waves. This circumstance may substantially influence human health 

more than the combined effects of the background UHI and the heat wave. 

Additionally, Miao et al. (2023) pointed out that the combined effect of the UHI and 

air pollution threatens human health and well-being in urban settings. These findings 

underscore the detrimental influence of the UHI on human well-being and the 

environment. 

On the other hand, Figure 11 indicates that a significant portion of the study area 

exhibited characteristics associated with lower LST and a reduced UHI effect. The 

prevalence of non-UHI areas in the Northern and Southern regions could be 

influenced by vegetation cover, open spaces, and possibly less intensive urban 

development. The observed variations in the extent of non-UHI areas also 

underscore the dynamic nature of urban environments and the need for ongoing 

monitoring and adaptive planning. The data suggests that the city's thermal 
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characteristics are subject to change over time, influenced by a blend of natural and 

anthropogenic factors. 

The year 2014 marked the highest UHS concentration in the study's initial year. In 

2016, the UHS area decreased (Table 4.5), indicating a reduction in the spatial 

extent of urban heat hotspots. However, by 2023, the UHS area expanded to 

represent an increase of 1.08% compared to 2016. This upward trend suggests a 

resurgence or intensification of urban heat hotspots within Greater Francistown City 

over the study period. Most of the study area in 2023, covering 96.88%, remained 

free from urban hotspot cases (Figure 4.12). This indicates that most of the study 

area did not exhibit heightened urban heat intensity and remained relatively cooler 

than the identified UHS precincts. While much attention is given to UHI, 

understanding the characteristics of non-UHI areas is equally essential for urban 

planning. This study identifies cooler areas within the city, emphasising the role of 

vegetation and open spaces in reducing urban heat and enhancing thermal comfort. 

The distribution of urban hotspots, with a high concentration in built-up and barren 

areas and lower occurrence in water bodies, has been a consistent finding in various 

studies (Nguyen et al., 2019; Amir Siddique et al., 2023; Hishe et al., 2024). These 

observations align with the UHI effect, where built-up areas with impervious surfaces 

and minimal vegetation tend to retain more heat than water bodies, which have a 

cooling effect. Nguyen et al. (2019) focused on limited spatial extents or specific 

urban areas. This study provides a comprehensive spatial analysis covering the 

entire city, offering a detailed understanding of the distribution and intensity of UHI 

and urban hotspots. The study spans a decade, providing insights into temporal 

dynamics and identifying increased or decreased UHI and hotspot intensity periods. 

5.5 Spatiotemporal Distribution of Thermal Comfort Levels 

Figure 4.13 indicates that most of the city, specifically areas with vegetation, 

contributes to favourable living conditions. This observation is particularly notable in 

areas with an excellent EEI range, specifically where the UTFVI is less than 0.000. 

Vegetation is crucial in mitigating urban heat, providing shade, and contributing to 

residents' well-being. The positive living conditions observed in areas with vegetation 

cover align with principles of sustainable urban development, emphasising the 
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importance of green infrastructure in creating aesthetically pleasing cities conducive 

to a high quality of life. 

Table 4.6 suggests that a notable portion of the study area, particularly in 2019 and 

2021, falls within a less favourable EEI range, characterised by high UTFVI values 

exceeding 0.020. In 2019, 27.17% of the study area and in 2021, 27.71% were 

identified as having a worse EEI, with UTFVI values exceeding the threshold of 

0.020. This range indicates less comfortable living conditions, possibly characterised 

by elevated temperatures and increased heat stress. Identifying areas with 

unfavourable EEI underscores the spatial heterogeneity in living conditions within the 

city. 

Table 4.6 also revealed that a significant portion of the city, covering 34.23 km² 

(43.19%) in 2014, experienced the highest UTFVI within the range of 0.015 < UTFVI 

< 0.020. This range is associated with stronger UHI effects, indicating that these 

areas encounter worse thermal conditions. The concentration of Stronger UHI in 

2014 suggests that certain parts of Greater Francistown City were particularly prone 

to extreme heat conditions during the study 2014-2023 period. Furthermore, 2016 is 

highlighted as a period Great Francistown City was under extreme heat conditions, 

covering an area of 29.18km². This emphasises the temporal variability in thermal 

conditions, with certain years experiencing more pronounced heat stress than 

others. 

Figure 4.13 and Table 4.6 show that the most intense heat environments (ranging 

from worse to worst) were predominantly felt in the built-up and bare land zones. 

This observation aligns with expectations, as these land cover types typically exhibit 

low albedo, high thermal inertia, and limited vegetation, contributing to elevated 

temperatures and increased vulnerability to heat stress (Taha et al., 1988; Taha, 

1997). The UTFVI analysis of Greater Francistown City aligns with studies examining 

the UHI's spatiotemporal patterns using Landsat sensors. (Isioye and Akomolafe, 

2020) found out that within the Abuja Municipal Area Council, the majority (44.18%) 

of the area enjoys ideal thermal conditions, a UTFVI of 0.01. However, these 

favourable conditions are limited to small pockets of the municipal area. Conversely, 

11.25% of the study area is characterised by thermal discomfort. The overall pattern 

of these results aligns with the conclusions drawn by (Hishe et al., 2024) research 
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carried out in Ethiopian cities, where the central part of Mekelle city is characterised 

by excellent UTFVI conditions.  

Generally, the level of UTFVI concentration is higher in urban areas, industrial areas, 

and bare land compared to non-urban areas due to human activities indicating the 

presence of UHI and ecological degradation. This could potentially subject the 

residents of any urban area to a significant health hazard. Likewise, (Mokhtari et al., 

2021) observed that the UTFVI in Karaj, Iran, was more significant in areas with 

industries and barren land, and the city’s central regions exhibited superior 

ecological conditions compared to the urban periphery. Guha et al. (2018) applied 

the UTFVI to establish cities' thermal and ecological comfort levels, while Kikon et al. 

(2023) found that the highest UTFVI zones occur in over-developed areas. Portela et 

al. (2020) also mapped the UTFVI using satellite images to identify the distribution 

and intensities of UHI, further supporting the association of high UTFVI with 

urbanised and industrial areas. Few studies provide a detailed temporal analysis of 

thermal comfort levels over an extended period (Bakhtiari et al., 2020). This study 

spans a decade, offering insights into the temporal variability and identifying periods 

of extreme thermal discomfort. Understanding the spatial heterogeneity of thermal 

comfort levels is crucial for effective urban planning. This study identifies areas with 

varying thermal comfort levels, providing valuable insights for localised urban heat 

mitigation strategies. 

5.6 Socio-Economic Implications of UHI's Effects on Urban Residents 

The study of the UHI effect in Greater Francistown City has revealed significant 

spatiotemporal variability in LST and thermal comfort levels. Beyond the 

environmental and climatic dimensions, these findings carry profound socio-

economic implications for urban residents. One of the most direct socio-economic 

implications of the UHI effect is the increase in energy consumption (Gonzalez-

Trevizo et al., 2021). The UHI effect increases energy consumption in urban areas 

due to higher LST, leading to higher electricity bills and economic burdens, 

particularly for low-income households. This results in disparities in thermal comfort 

and quality of life. 

The UHI effect, characterised by high temperatures, poses significant health risks, 

including heat exhaustion, heat strokes, and exacerbation of pre-existing conditions. 
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Vulnerable populations, including the elderly, children, and those with chronic 

illnesses, are at greater risk (Qaid et al., 2016; Omonijo, 2017). The health impacts 

of UHI can lead to increased medical expenses, loss of productivity due to illness, 

and a higher burden on healthcare services. Studies have shown that urban 

residents in areas with higher LST are more likely to experience heat-related health 

issues, underscoring the need for effective mitigation strategies (Mijani et al., 2020; 

He et al., 2022). 

High temperatures in UHI-affected areas can deter outdoor activities, reduce public 

spaces, and negatively impact social cohesion and physical health (Day et al., 2019). 

This weakens the socio-economic fabric of urban communities, affecting residents' 

overall well-being. The UHI effect also reduces worker efficiency, increasing fatigue 

and accidents (Varghese et al., 2018). Businesses may face increased operational 

costs due to the need for additional cooling measures, and there may be broader 

economic implications for the city’s economy. 

The UHI effect can influence property values and urban development patterns (Tang 

et al., 2017). This leads to reduced property values in areas with higher LST and 

poor thermal comfort, exacerbated by socio-economic segregation and challenges 

for sustainable development (Bennet and O’Brien, 2017). 

Higher temperatures and the need to cool urban environments can increase water 

consumption for residential use and maintaining green spaces (Coutts et al., 2013). 

This increased demand can strain local water resources, leading to higher water bills 

and potential conflicts over water usage. Ensuring an adequate water supply to meet 

the cooling needs of UHI-affected areas is essential for sustainable urban 

management. Greater Francistown City can create a more equitable, sustainable, 

and liveable urban environment by addressing the socio-economic impacts of UHI 

through a multifaceted approach. 
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6 CHAPTER 6: CONCLUSION AND RECOMMENDATIONS 

6.1 Introduction 

This chapter synthesises the key findings from the analysis, drawing critical 

conclusions about the trends and patterns observed in the UHI effect and thermal 

comfort across different areas of Greater Francistown City. It offers practical 

recommendations to mitigate UHI's adverse effects and enhance urban liveability. 

These recommendations guide urban planners, policymakers, and community 

stakeholders in developing sustainable urban development and climate adaptation 

strategies. 

6.2 Conclusion 

The study has revealed several cause-effect relationships crucial to understanding 

the dynamics of UHI and thermal comfort in Greater Francistown City. 

Over the ten-year research period (2014-2023), there has been a significant increase 

in built-up areas and bare land, followed by a decrease in water bodies and 

vegetation cover. This expansion of built-up areas and a decrease in green spaces 

indicate the significant impact of urbanisation on the city's landscape. The analysis 

reveals a clear trend of transformation in land use, with a notable decline in 

vegetation cover and a substantial rise in built-up areas. The decline in vegetation 

suggests a loss of green spaces and potential environmental implications.  

One of the primary findings is the significant impact of land cover changes on the 

UHI effect. Specifically, converting vegetated areas to built-up and bare land 

surfaces has led to increased LST values. This is because impervious surfaces such 

as asphalt and concrete have low albedo and high thermal inertia, causing them to 

absorb and retain more heat. Consequently, areas with reduced vegetation cover 

exhibit higher LST and intensified UHI effects. 

The growth in built-up regions correlates with higher LST and the development of 

UHI. The expansion of urban areas leads to increased heat absorption and retention, 

contributing to elevated temperatures, particularly in areas with dense construction 

and reduced vegetation. The analysis of NDBI shows a consistent increase in built-

up areas over the study period, indicating ongoing urban development. This 

expansion of impervious surfaces exacerbates heat retention and contributes to the 
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UHI effect. The NDVI analysis highlights the remarkable decline in vegetation cover 

in built-up areas over the years. This loss of greenery contributes to higher 

temperatures and reduced thermal comfort. The study indicates consistent and 

stable LSE values over the years, with higher emissivity associated with healthy 

vegetation along riverbanks, emphasising the significance of green spaces in 

mitigating heat. 

Another critical observation is the role of vegetation in mitigating the UHI 

phenomenon. The analysis revealed a negative correlation between NDVI and LST, 

indicating that areas with higher vegetation cover tend to have lower surface 

temperatures. Vegetation provides shading, enhances evapotranspiration, and 

improves air quality, contributing to more favourable thermal conditions and higher 

thermal comfort levels. 

The expansion of UHI areas over time, particularly in built-up and bare land 

precincts, underscores the influence of urbanisation on local climate conditions. 

Urban hotspots, concentrated in areas with dense construction, further contribute to 

elevated temperatures. The evaluation of UTFVI reveals varying thermal comfort 

levels across the city, with areas with more green spaces generally experiencing 

better conditions. However, the study also identifies areas with poor thermal comfort, 

particularly built-up areas with limited vegetation. 

The spatial distribution of urban hotspots and non-UHI areas underscores the 

influence of land use practices and urban planning on local climate conditions. Built-

up areas and bare lands consistently exhibited higher LST and more substantial UHI 

effects. At the same time, regions with significant vegetation cover and water bodies 

showed lower temperatures and better thermal comfort. 

The study also identified temporal variations in the intensity of UHI and thermal 

comfort levels. For example, the peak UHI extent in 2014 and the resurgence in UHI 

from 2021 to 2023 highlight the dynamic nature of urban climate conditions, 

influenced by factors such as urban growth, land use changes, and climatic 

variations. 

The study demonstrates the significant influence of urbanisation on land cover, 

temperature patterns, and thermal comfort in Greater Francistown City. The findings 
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underscore the value of sustainable urban planning and green infrastructure 

development to alleviate the adverse effects of UHI and enhance overall urban 

liveability. Addressing UHI effects aligns with broader climate change mitigation 

efforts, contributing to realising the Paris Agreement's goals. Policymakers and 

decision-makers must heed these insights and implement proactive measures to 

combat UHI effects, ensuring a sustainable and liveable future for Greater 

Francistown City and beyond. 

6.3 Recommendations  

Improving thermal comfort in Greater Francistown City is a multifaceted challenge 

that involves addressing UHIs, climate change impacts, and enhancing the liveability 

of city spaces. Based on the identified cause-effect relationships, the following 

recommendations are proposed to mitigate UHI effects and enhance thermal comfort 

in Greater Francistown City: 

 Several strategies can be employed to lessen the adverse effects of high 

temperatures and establish more comfortable urban environments. 

Greater Francistown City's urban green infrastructure should be improved by 

increasing vegetation cover by planting more trees in places with bare land along all 

roads and pedestrian pathways, green roofs, and creating urban parks. Trees 

provide shade, reduce the temperature through evapotranspiration, and create a 

cooling effect through their canopies. Green spaces also help to mitigate the UHI 

effect by reducing surface temperatures, increasing natural ventilation and improving 

thermal comfort. 

Since Greater Francistown is going through urbanisation with a lot of construction, 

cool roofs and pavement technologies should be incorporated into the design of new 

and renovated built-up structures. This involves using reflective and light-coloured 

materials for roofs and pavements that can reduce solar radiation absorption and 

lower surface temperatures. Reflective or permeable pavement materials should be 

used cautiously, as they can reflect solar radiation onto pedestrians’ materials, 

absorb less heat and allow water infiltration. This helps to mitigate the UHI effect, 

reducing LST and improving thermal comfort. However, it is important to note that it 

is highly reflective and causes discomfort. 
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Raising awareness among the Greater Francistown city residents (public) about the 

importance of thermal comfort and the approaches available to enhance it can lead 

to behavioural changes and more sustainable practices. These strategies include 

developing and implementing heat action plans, public awareness campaigns, early 

warning systems, and guidelines for extreme heat events. The public can also be 

educated on the impacts of heat stress, the importance of staying hydrated, and the 

use of appropriate clothing during hot weather. 

Greater Francistown City residents should be encouraged to support and participate 

in community-driven initiatives such as urban gardens, promoting local engagement 

and cooling through increased vegetation. The local communities should also be 

involved in urban planning to ensure that the solutions available are culturally 

sensitive and address specific neighbourhood needs. 

Infrastructure should be designed and upgraded to withstand severe weather 

conditions linked to climate change. This includes using heat-resistant materials, 

stormwater management systems and adaptable urban designs. Water features like 

fountains and misting systems should be installed in public spaces, including all 

shopping malls to cool the surrounding air. Evaporative cooling from water can 

provide relief in hot urban areas. 

The Greater Francistown City Council should invest in research and development of 

new technologies to address urban heat challenges. This includes innovative cooling 

solutions, smart city technologies, and advanced materials for sustainable urban 

development. 

The Government should formulate and implement policies and regulations on UHI 

and thermal comfort. These include implementing zoning regulations encouraging 

green spaces, cool roofs, and energy-efficient building designs. Developers should 

be incentivised to adopt sustainable and heat-resilient practices. Standards and 

guidelines for heat-resilient infrastructure should be implemented, ensuring that new 

developments consider the impacts of heat on the urban environment. 

Therefore, a comprehensive approach involving urban planning, technological 

innovation, public engagement, and policy measures is essential for improving 

thermal comfort in Greater Francistown City. Addressing the unique challenges of 
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each urban area and fostering collaboration between stakeholders can contribute to 

creating more liveable and sustainable urban environments. 
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