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ABSTRACT

Rapid urbanization in Dire Dawa City, Ethiopia, has led to significant increases in LST,
affecting both socioeconomic and environmental conditions. This study investigates the
dynamics of seasonal and temporal variations in daytime LST from 2002 to 2024, addressing
LST fluctuations during wet and dry seasons. By analyzing the influence of LULC changes,
this research identifies key factors driving LST variability. Employing a mixed-methods
approach, the study assesses seasonal patterns and temporal trends in LST, correlating them
with, land cover changes, and Land cover indices. LST data derived from thermal bands using
an emissivity-corrected Landsat imagery by using Single-Channel Method for Landsat 7 and
Split-Window Method for Landsat 8 images. Analyses using the NDVI and the NDBI
quantified the extent of vegetation and built-up areas. In contrast, rural areas stayed cooler
this season due to higher soil moisture in both bare and vegetated lands, which enhanced
evapotranspiration and provided a natural cooling effect. Overall, throughout these years,
Kiremt consistently represented the coolest temperatures, whereas Tseday typically recorded
the warmest conditions, highlighting a trend of increasing temperatures across all seasons in
Dire Dawa City for all LULC. The mean LST experienced fluctuations, beginning at 24.1°C in
2002, increasing to 25.75°C in 2012, and then rising again to 27.25°C in 2017. By 2024, the
average LST reached 29.7°C, reflecting an overall warming trend during the Study. These
changes demonstrate how sensitive LST is to seasonal variations and urbanization. These
results illustrate the complex relationship between different land cover types and LST, which
fluctuates with the seasons based on how land cover responds to climatic conditions. The
study underscores the urgent need for integrated urban planning and sustainable development
that balances growth with environmental preservation, especially in managing urban thermal
environments. These insights are vital for planners, stakeholders, and policymakers in crafting

strategies to address the negative impacts of rising Land Surface temperatures.

Keywords: Land surface temperature, Land use and land cover, Seasonal variation; Dire Dawa City;,
Ethiopia
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1 CHAPTER 1: INTRODUCTION
1.1 Background of the study

Human-induced modifications to the Earth's environment have been ongoing for thousands of
years, driven by a range of activities(Haylemariyam, 2018). These environmental changes are
increasingly intensified by factors such as high population density, migration, and various
socio-economic activities. These modifications can be observed on multiple spatial scales,
from local to global levels (Guha, 2021). For instance, large-scale human activities, including
agriculture and the expansion of settlements, continuously contribute to the reduction of the
Earth's vegetative cover (Belete, 2017). Cities, as centers of human activity and survival, face
growing challenges with urban development and population expansion. This growth
necessitates effective urban management and planning to address a range of issues, including

the significant impacts on urban climate (Chen et al., 2021).

The urban population has grown exponentially since the mid-20th century, with projections
indicating that it will increase by 66% by 2050, according to United Nations estimates (United
Nations, Department of Economic and Social Affairs, Population Division, 2015). This rapid
urbanization results in direct environmental impacts. Research consistently shows that
urbanization significantly affects urban climate, particularly in developing countries (Dong &

Wurm, 2022; Shirgholami & Masoodian, 2022).

In Africa, urbanization is projected to grow at an annual rate of 1.1% from 2010 to 2015, with
an anticipated urbanization rate of 56% by that period. For Ethiopia, a country in Africa, urban
population rates were 19% in 2014 and are projected to reach 38% by 2050. According to a
2014 UN report, Ethiopia's urban growth rate from 2010 to 2015 was 2.3% (Desa, U.N.,
2014). The city of Diredawa in Ethiopia has recently been undergoing significant urbanization,

driven by economic development, increased migration, and improvements in infrastructure.

As urbanization progresses, there is growing concern about local warming effects induced by

these changes. Understanding the underlying mechanisms between urban thermal

1



environments and the driving factors of landscape transformation is crucial (Liu et al., 2019).
Urbanization often involves converting natural land use and cover to build environments,
leading to a decline in natural vegetation and an increase in paved surfaces (Zhang et al.,
2017). This transformation underscores the importance of monitoring Land Surface

Temperature (LST) to evaluate the environmental impacts of urbanization.

LST is a critical parameter that reflects the temperature of the Earth's surface, including
terrain, vegetation, and man-made structures. It plays a vital role in various scientific
disciplines such as meteorology, climatology, environmental science, and remote sensing. The
data on LST, obtained through advanced technologies like satellite-based remote sensing and
ground-based sensors, provides detailed insights into spatial and temporal variations in
temperature. This information is essential for understanding phenomena like urban heat

islands, drought conditions, and changes in land cover (Backlund et al., 2008).

Global warming, characterized by an average increase in land and sea surface temperatures, is
primarily driven by increased greenhouse gases from human activities. This rise in
temperatures affects critical environmental components such as glaciers, ice sheets,
permafrost, and vegetation (Alahmad et al., 2020). Monitoring LST helps scientists track these
changes and their implications for public health, energy consumption, and overall urban

livability.

LST variability is a key factor in developing methodologies for various environmental studies,
including climate change, vegetation phenology, and ecological research (Sholihah & Shibata,
2019). The land-use and land-cover (LULC) changes due to urbanization impact LST, and the
temporal aspect of monitoring are crucial. Seasonal variations in LST, influenced by changes
in sun elevation and azimuth, are important for accurate landscape studies (Guha & Govil,

2020).



1.2 Statement of the problem

Rapid and unplanned urban growth is a major factor driving increases in land surface
temperature (LST) in urban areas (Xiao, 2022). Dire Dawa City has experienced accelerated
urbanization and land use changes in recent decades. The expansion of urban areas, changes in
vegetation cover, and alterations in land use patterns contribute to the modification of the local
surface energy balance. Understanding the impact of these changes on daytime LST is crucial
for predicting climate trends and implementing effective urban planning measures. Rising LST
can adversely affect both socioeconomic and environmental conditions (Dissanayake, 2019).
Higher LST can disrupt the surface energy balance (Dissanayake et al., 2019) and is associated
with various health and environmental issues. Extreme temperature changes can impact human
health, spread vector-borne diseases, and disrupt ecosystems, especially in regions with

extreme temperatures like dire dawa.

In Dire Dawa City, urbanization has led to rising LST due to land cover changes from
population growth and new developments (Haylemariyam, 2018). Issues like land
degradation, insufficient land use policies, and inadequate green infrastructure contribute to
increasing temperatures (Amanuel, 2020). Dire Dawa, characterized by a warm, dry climate
with low precipitation (Kidanewald, 2018), is experiencing significant urbanization and
environmental change. Understanding how land use and land cover (LULC) variations affect

LST at different scales is crucial for urban sustainability.

Previous studies have primarily concentrated on Land Surface Temperature (LST) during the
dry season, as evidenced by the research conducted by (Haylemariyam, 2018),(Kidanewald,
2018), and (Amanuel, 2020). However, these investigations have not sufficiently addressed
the variations in LST during the wet season or across different temporal scales, thereby
creating significant gaps in our understanding of LST dynamics also these studies only
focused on the urban part of the City. Dire Dawa presents a compelling case for examining
these phenomena due to its unique climatic variations and the environmental changes resulting

from both natural processes and human activities. The interplay of urbanization and rural land



use in this region offers a valuable context for studying urban heat islands and the associated
temperature disparities between urban and rural areas. Such research is crucial for informing
urban planning and environmental management strategies in the face of ongoing climate

change.

Recent consecutive year’s warnings from the Dire Dawa Health Bureau about increasing
temperatures highlight the need for more research on LST in the city (Dire Dawa
Administration Health Bureau). Despite growing interest in LST and its impact on urban
health and sustainability (Chen et al., 2021), there is a lack of specific studies for Dire Dawa.
This study will address seasonal and temporal LST variations in Dire Dawa, offering insights
into local climate dynamics and providing valuable information for urban planning and

climate resilience.

In summary, investigating daytime seasonal LST wvariability in Dire Dawa is crucial for
understanding climate change impacts, urban development, and public health. This research
aims to fill existing knowledge gaps and support efforts towards sustainable urban
development and will be useful for local authorities and policymakers in promoting

sustainable urban development.
1.3 Objectives of the study
1.3.1 General objective

» The general objective of this study is to analyze the dynamics seasonal and temporal
variations in daytime land surface temperature (LST) in Dire Dawa City from 2002

to 2024.
1.3.2 Specific objective

» To analyze the seasonal variability of LST in Dire Dawa City during daytime from 2002 to
2024.
» To analyze the Spatio-temporal variation of Land surface Temperature from 2002 to 2024.

4



» To Identify and assess the main driving factors influencing seasonal variation of Land

Surface Temperature in Dire Dawa City.
1.4 Research questions

» Which season of year experiences the highest and lowest mean LST during 2002 to
2024?

» What patterns or trends can be identified in the temporal evolution of LST during

this period?

» What are the primary driving factors influencing the seasonal variation of Land
Surface Temperature (LST) in Dire Dawa City, and how can these factors be

assessed and identified over the study period?

» What are the relationships between changes in driving factor and variations in land

surface temperature in Dire Dawa City?
1.5 Significance of the study

The significance of studying the "Dynamics of Daytime Seasonal Variability of Land Surface
Temperature and Its Driving Factors: A Case of Dire Dawa City" lies in several critical areas.
Understanding the seasonal variability of Land Surface Temperature (LST) is essential for
assessing the impact of climate change on urban environments. Dire Dawa, with its unique
climatic conditions and rapid urbanization, provides an important case study for investigating
how LST fluctuates between different seasons, particularly in relation to human activities and

natural processes.

The study can also contribute to the understanding of urban heat islands, which are areas
within cities that experience higher temperatures than their rural surroundings. By analyzing
LST wvariations in Dire Dawa, researchers can identify the factors contributing to these

temperature discrepancies, such as land-use changes, vegetation cover, and urban



infrastructure. This knowledge is vital for urban planning and the development of strategies to
mitigate the adverse effects of increased temperatures on public health and energy

consumption.

The findings from this research can inform local and regional policymakers about the
environmental impacts of urbanization, allowing for the formulation of targeted interventions
that promote sustainable urban development. Furthermore, understanding the driving factors
behind LST variability can aid in predicting future temperature trends, thereby enhancing

resilience to climate-related challenges.

This study will fill existing gaps in the literature by providing a comprehensive analysis of
both daytime seasonal variability and the specific conditions in Dire Dawa, contributing to
broader discussions in climate science, urban ecology, and environmental management. By
focusing on this case, the research can serve as a model for similar studies in other regions

facing comparable environmental changes.
1.6 Scope of the study

The geographic scope of the study "Dynamics of Daytime Seasonal Variability of Land
Surface Temperature and Its Driving Factors: A Case of Dire Dawa City" centers on Dire
Dawa, a city located in eastern Ethiopia. This region is characterized by its semi-arid
climate, which features distinct wet and dry seasons, providing a unique backdrop for
examining Land Surface Temperature (LST) dynamics. The research explores LST
variations between urban areas of Dire Dawa and its surrounding rural landscapes,
emphasizing the temperature differences induced by urbanization. By analyzing various
land cover types, the study aims to capture the spatial variability of LST across the city
and its periphery, thus providing insights into how different surfaces interact with

climatic conditions.

The contextual scope of the study encompasses the examination of daytime seasonal

fluctuations in Land Surface Temperature (LST) and the driving factors influencing these
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variations specifically focus on understanding how LST changes between the wet and dry
seasons, with particular attention to the impacts of urbanization, land cover changes, and
human activities. Additionally, the study aims to explore broader themes such as climate
change and urban heat islands, assessing their implications for public health, energy
consumption, and urban planning. The findings are intended to inform local and regional
policymakers about the environmental effects of urbanization, thereby promoting sustainable
development strategies. Moreover, the research will contribute to the global discourse on
urbanization and environmental change, offering valuable insights applicable to similar

contexts in other regions.
1.7 Knowledge Gap

While there is a growing body of literature on LST variability, significant knowledge gaps
persist, particularly concerning the seasonal dynamics of LST in rapidly urbanizing areas like
Dire Dawa City. However, these studies often focus on dry seasons, leaving a gap in
knowledge regarding seasonal variations in LST due to urbanization in Dire Dawa City. Most
existing studies have primarily focused on either global patterns or have been conducted in
well-studied urban environments, neglecting the unique climatic and geographical conditions
of emerging cities. Furthermore, there is a lack of comprehensive studies that integrate socio-
economic factors with environmental data to understand how human activities influence LST
variability over different seasons. Addressing these gaps will provide valuable insights that
can inform local policies and strategies for sustainable urban development and climate

resilience in Dire Dawa City.



2 CHAPTER 2: LITERATURE REVIEW

This literature review provides a comprehensive overview pertinent to the study titled
"Dynamics of Daytime Seasonal Variability of Land Surface Temperature and Its Driving
Factors: A Case of Dire Dawa City." It establishes a solid foundation by integrating findings
from global, regional, and local research, emphasizing the role of both natural and human-
induced factors in influencing LST variations. These insights are instrumental for developing

informed strategies to enhance climate-resilient urban development in Dire Dawa City.
2.1 Introduction to Land Surface Temperature

Land Surface Temperature (LST) is defined as the temperature of the Earth's surface, which
encompasses soil, water bodies, and vegetation. It is a critical parameter in various scientific
disciplines, including meteorology, climatology, ecology, and urban studies, as it directly
influences the energy balance of the Earth, weather patterns, and ecological processes

(Sullivan et al., 2020).

LST reflects the energy absorbed from solar radiation and is affected by surface properties,
vegetation cover, soil moisture, and anthropogenic activities (Riahi et al., 2018).
Understanding LST is essential for assessing land-atmosphere interactions, predicting climate
change impacts, and managing natural resources. Additionally, LST plays a significant role in
urban environments; elevated LST can exacerbate heat waves and contribute to the urban heat
island (UHI) effect, wherein urban areas experience higher temperatures than their rural
counterparts due to human activities and land-use changes (Oke, 1982). Monitoring LST is
crucial for urban planning, public health, and environmental management, as it helps identify
areas vulnerable to overheating and informs strategies to enhance urban resilience (Zhang et

al., 2020).

LST is primarily measured using remote sensing technologies, which offer the capability to
cover extensive areas and provide continuous data. Satellite sensors, such as the Moderate

Resolution Imaging Spectroradiometer (MODIS) and Landsat series, utilize thermal infrared
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wavelengths to estimate LST (Li et al., 2021). These measurements enable researchers to
analyze spatial and temporal variations in LST across diverse landscapes and climatic
conditions. Ground-based measurements, including infrared thermometers and temperature
sensors, are also essential for validating satellite data, providing accurate readings of surface

temperatures at specific locations (Weng, 2001).

The applications of LST studies are broad and varied. In climate science, LST data is utilized
to model and predict temperature changes over time, facilitating the assessment of climate
change impacts (Hulme et al., 2019). In ecology, understanding LST wvariations aids in
assessing habitat suitability for various species and the effects of climate on biodiversity
(Penuelas et al., 2013). Furthermore, LST is increasingly recognized as a key factor in urban
studies; research indicates that urbanization significantly alters LST, affecting energy
consumption, air quality, and public health (Davis et al., 2018). As a result, monitoring LST is
essential for sustainable urban planning and developing strategies aimed at mitigating the

effects of urban heat.

Land Surface Temperature is a vital parameter that reflects the thermal state of the Earth's
surface. Its measurement and analysis provide critical insights into climatic, ecological, and
urban processes. As urbanization accelerates globally, understanding LST dynamics will
become increasingly important for informing climate adaptation and sustainable development

strategies.
2.2 Seasonal Variability of Land Surface Temperature (LST)

Seasonal variability of Land Surface Temperature (LST) is a critical aspect of understanding
how temperature dynamics fluctuate in response to changing climatic conditions throughout
the year. LST is influenced by various factors, including solar radiation, surface moisture,
vegetation cover, and land use, which all exhibit significant seasonal changes (Chen et al.,
2019). The interaction between these factors can lead to distinct patterns in LST during the
wet and dry seasons, necessitating an in-depth examination of how these variations manifest in

different geographic contexts.



Research has shown that during the dry season, LST tends to increase due to higher solar
radiation and reduced surface moisture (Zhou et al., 2018). The lack of vegetation cover in
urban areas exacerbates this effect, leading to higher temperatures compared to rural regions.
Conversely, during the wet season, increased precipitation and vegetation growth can
contribute to lower LST values as the soil moisture content rises and the cooling effects of
evapotranspiration become more pronounced (Wang et al., 2020). These seasonal dynamics
are particularly relevant in regions experiencing rapid urbanization, where the conversion of

natural land cover to impervious surfaces significantly alters local temperature patterns.

Several studies have utilized remote sensing data to analyze seasonal variations in LST across
various landscapes. For example, (Liu et al., 2017) employed MODIS satellite data to assess
LST fluctuations in urban and rural settings, revealing that urban areas consistently exhibit
higher LST, especially during the dry season. This underscores the importance of considering

both seasonal and spatial dimensions when studying LST dynamics.

The implications of seasonal LST variability are significant for various applications, including
climate modeling, urban planning, and ecological assessments. Understanding how LST
changes with the seasons can help predict the effects of climate change on local environments
and inform strategies for mitigating heat-related issues, particularly in urban areas (Huang et
al., 2019). Additionally, recognizing the seasonal patterns in LST can enhance our
understanding of habitat suitability for various species, as temperature fluctuations can affect

ecosystem dynamics and biodiversity (Pefuelas et al., 2013).

The seasonal variability of Land Surface Temperature is a vital aspect of climate science and
urban ecology. By examining how LST fluctuates throughout the year, researchers can gain
insights into the driving factors behind these changes and their implications for environmental

management and urban planning.
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2.3  Urban Heat Islands (UHIs)

Urban Heat Islands (UHIs) are defined as urban areas that experience significantly higher
temperatures than their rural surroundings due to human activities and alterations in land
cover. This phenomenon is primarily attributed to the extensive use of impervious surfaces,
such as asphalt and concrete, which absorb and retain heat more effectively than natural
landscapes (Oke, 1982). The UHI effect is particularly pronounced during the day and at
night, leading to increased energy consumption, elevated air pollution levels, and negative

impacts on public health (Santamouris, 2015).

The formation of UHISs is influenced by several factors, including urban geometry, vegetation
cover, and the thermal properties of construction materials. Urban environments typically have
a higher density of buildings, which can obstruct airflow and trap heat, exacerbating
temperature differences between urban and rural areas (Taha, 1997). Additionally, a lack of
vegetation in urban settings limits the cooling effects of evapotranspiration, further

contributing to elevated temperatures (Wang et al., 2020).

Numerous studies have documented the extent and impact of UHIs across various cities
worldwide. For example, research by (Ruddell et al., 2019) highlighted that cities can
experience temperature increases of up to 5°C or more compared to surrounding rural areas,
especially during summer months. This temperature disparity poses risks to public health, as
higher temperatures are linked to heat-related illnesses and increased mortality rates,

particularly among vulnerable populations (Anderson et al., 2012).

The implications of UHIs extend beyond health concerns; they also affect energy consumption
and environmental quality. Higher temperatures lead to increased demand for air conditioning,
which can strain energy resources and contribute to elevated greenhouse gas emissions (Huang
et al., 2011). Moreover, elevated surface temperatures can exacerbate air quality issues, as
warmer conditions facilitate the formation of ground-level ozone and other pollutants (Sarrat

et al., 2006).
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Addressing the UHI effect requires effective urban planning and management strategies.
Implementing green infrastructure, such as parks, green roofs, and urban forests, can help
mitigate the impact of UHIs by increasing vegetation cover and enhancing evapotranspiration
(Bowler et al., 2010). Additionally, using reflective materials in construction and improving

urban design can further reduce heat absorption and promote cooler urban environments.

Urban Heat Islands are a significant urban phenomenon characterized by elevated
temperatures in cities compared to their rural counterparts. Understanding the mechanisms
behind UHIs and their implications is essential for developing strategies to mitigate their

effects and promote healthier urban environments.
2.4 Impacts of Urban Heat Islands

The impacts of Urban Heat Islands (UHIs) are broad and significant, influencing energy
consumption, air quality, and public health. One of the primary consequences of UHIs is
increased energy use, particularly for cooling purposes. Research by (Santamouris et al., 2017)
quantifies this effect, revealing that cities with pronounced UHI effects experience
substantially higher energy demands for air conditioning and cooling systems. This increased
energy consumption not only raises utility costs but also contributes to greater greenhouse gas

emissions, exacerbating the urban heat problem (Santamouris et al., 2017).

In addition to higher energy use, UHIs are linked to worsened air quality. Elevated
temperatures associated with UHIs can intensify the formation of ground-level ozone, a
harmful air pollutant. (Davis et al., 2018) found that the heat generated by UHIs accelerates
the chemical reactions that produce ozone, thereby increasing its concentration in urban areas.
This elevated ozone level poses serious health risks, including respiratory problems and

aggravated conditions such as asthma and bronchitis (Davis et al., 2018).

Furthermore, UHIs contribute to a rise in heat-related illnesses. Increased temperatures
associated with UHIs can lead to a higher incidence of conditions such as heat stroke,

dehydration, and heat exhaustion. (Koppe et al., 2004), highlight that these health issues

12



disproportionately affect vulnerable populations, including the elderly, children, and
individuals with pre-existing health conditions. Prolonged exposure to elevated temperatures
can exacerbate these health problems, leading to an increased burden on healthcare systems

(Koppe et al., 2004).

Overall, the multifaceted impacts of UHIs underscore the urgent need for effective mitigation
strategies to address their effects on energy use, air quality, and public health. This includes
implementing urban planning measures that reduce heat absorption and improve overall urban

resilience.
2.5 Driving Factors of Land Surface Temperature (LST) Variability

The variability of Land Surface Temperature (LST) is influenced by a complex interplay of
natural and anthropogenic factors. Understanding these driving factors is essential for
accurately assessing LST dynamics and their implications for climate, ecology, and urban

planning.

Land Use and Land Cover Changes significantly impact LST due to alterations in surface
materials and vegetation. Urbanization, which involves replacing natural landscapes with
impervious surfaces like asphalt and concrete, leads to increased heat absorption and reduced
cooling through evapotranspiration (Zhou et al., 2018). As a result, urban areas often
experience higher LST compared to their rural counterparts, particularly in densely built
environments (Oke, 1982). Studies have shown that changes in land cover, such as
deforestation or the conversion of agricultural land to urban settings, can dramatically

influence local temperature patterns (Zhang et al., 2020).

Vegetation Cover, Vegetation plays a crucial role in regulating LST through processes such as
shading and evapotranspiration. Areas with abundant vegetation generally exhibit lower LST
due to the cooling effects of transpiration and reduced solar radiation absorption (Fang et al.,
2017). Conversely, areas with limited vegetation, such as urban heat islands, tend to have

elevated LST. Research indicates that maintaining and increasing vegetation cover in urban
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environments can mitigate heat impacts and improve overall thermal comfort (Bowler et al.,

2010).

Soil moisture is another critical factor influencing LST. Higher soil moisture levels enhance
evaporative cooling, thereby reducing surface temperatures (Riahi et al., 2018). During dry
periods, reduced soil moisture can lead to elevated LST as the land surface absorbs more heat
without the moderating effects of evaporation. The interplay between precipitation patterns
and LST highlights the importance of monitoring soil moisture, particularly in regions

susceptible to drought (Wang et al., 2020).

Topographical features, such as elevation, slope, and aspect, significantly influence LST
variability. Areas with different elevations can experience varying temperatures due to
differences in solar exposure and wind patterns (Miller et al., 2021). Additionally, local
climatic conditions, including temperature, humidity, and wind speed, play a vital role in
shaping LST dynamics. For instance, regions with consistent high temperatures and low

humidity are likely to exhibit higher LST throughout the year (Chen et al., 2019).

Human activities, such as industrial processes, transportation, and energy consumption,
contribute to the release of anthropogenic heat, which can elevate LST in urban areas
(Grimmond et al., 2010). This additional heat input can intensify the UHI effect and lead to
significant temperature disparities between urban and rural areas. Understanding the sources
and impacts of anthropogenic heat is essential for developing effective urban management

strategies.

The variability of Land Surface Temperature is driven by a multitude of factors, including
land use changes, vegetation cover, soil moisture, topography, and anthropogenic heat release.
Recognizing the interplay of these elements is crucial for comprehensively understanding LST
dynamics and their implications for climate adaptation, urban planning, and environmental

management
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2.6 Urbanization

Urbanization represents a complex and multifaceted process through which rural landscapes
transition into urban environments, characterized by a marked increase in the urban
population. This transformation encompasses not only the physical expansion of cities but also
economic development and shifts in social and cultural practices. According to the United
Nations (2018), urbanization is primarily driven by economic opportunities and the
development of infrastructure. The World Bank (2021) identifies it as a cornerstone of
modernization and economic growth, emphasizing its integral role in shaping contemporary

societies.

Currently, urbanization has emerged as a defining global trend, with over 56% of the world’s
population residing in urban areas, a figure projected to escalate to 68% by 2050 (United
Nations, 2022). This demographic shift is particularly pronounced in developing regions such
as Sub-Saharan Africa and Asia, where cities in countries like India and Nigeria are
experiencing unprecedented growth (UN-Habitat, 2021). Conversely, urbanization rates in
developed nations have stabilized, yet challenges remain, including the management of urban

sprawl and the deterioration of aging infrastructure (OECD, 2023).

In developing nations, the rapid pace of urbanization poses dual challenges: the swift influx of
populations into urban centers and the inadequacy of existing infrastructure. This often results
in the proliferation of informal settlements and increased pollution levels, directly contributing
to the rise in urban land surface temperatures (World Bank, 2023). Addressing these critical
issues necessitates the implementation of sustainable urban planning practices and the
establishment of resilient infrastructure, as highlighted by the International Institute for

Environment and Development (2024).

Moreover, urban areas are significant contributors to greenhouse gas emissions, underscoring
the urgency for adopting greener practices to mitigate climate change impacts (IPCC, 2023).
Social inequality remains a pressing concern, with marginalized communities

disproportionately affected by inadequate housing and limited access to essential services.
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This reality accentuates the need for inclusive urban policies that prioritize the needs of all

citizens (UN-Habitat, 2023).

While urbanization propels significant economic and social transformations, it simultaneously
demands careful and strategic management to effectively address its environmental and social
challenges. The relationship between urbanization and land surface temperature dynamics is a
critical area of focus, particularly in rapidly expanding urban centers, where the implications

of these transformations must be understood and managed holistically.
2.6.1 Urbanization in Ethiopia: Trends, Challenges, and Climate Implications

Urbanization in Ethiopia has been accelerating rapidly, mirroring broader trends observed
across Sub-Saharan Africa. Recent statistics indicate that Ethiopia’s urban population has
surged, with the urbanization rate now approaching approximately 25% of the total
population, up from around 20% a decade ago (World Bank, 2022). This growth is largely
driven by rural-to-urban migration and the expansion of major cities like Addis Ababa, which

has experienced significant increases in both population and infrastructure development.

However, this rapid urbanization presents several environmental challenges, particularly
concerning climate and land surface temperature (LST). As urban areas expand, they often
replace natural landscapes with heat-retaining surfaces, contributing to the Urban Heat Island
(UHI) effect. This phenomenon leads to higher temperatures in urban areas compared to their
rural counterparts, exacerbating heat-related health issues and increasing energy demands for

cooling.

A report by the Ethiopian Development Research Institute (2023) outlines several pressing
issues arising from this urban growth, including inadequate housing, strained public services,
and severe traffic congestion. These problems are intensified by the continuous influx of
people into urban areas and the consequent environmental degradation. The surge in
urbanization has also led to the proliferation of informal settlements, where residents often

lack access to essential services like clean water and sanitation (UN-Habitat, 2023). These
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conditions are further complicated by rising land surface temperatures, which can hinder urban

resilience and amplify vulnerabilities to climate change.

To address these intertwined challenges, comprehensive urban planning and substantial
investment in climate-resilient infrastructure are essential. Strategies that incorporate green
spaces and sustainable building practices can mitigate the UHI effect and enhance urban
livability. Effective management of urbanization is crucial to ensure sustainable development
and improve living conditions in Ethiopian cities while also addressing the critical issue of
rising land surface temperatures. Policymakers must prioritize resilient and inclusive urban
development practices to combat the dual threats of urbanization and climate change,

safeguarding the future of Ethiopian urban centers.
2.7 Impact of Urbanization on Land Surface Temperature (LST)

Urbanization significantly alters Land Surface Temperature (LST), leading to notable
temperature increases in urban areas compared to their rural counterparts. This phenomenon,
often referred to as the Urban Heat Island (UHI) effect, arises from a combination of land

cover changes, human activities, and the unique thermal properties of urban materials.

The transition from natural landscapes to urban environments involves the replacement of
vegetation with impervious surfaces such as asphalt, concrete, and buildings. These materials
have high heat capacities and low albedo, meaning they absorb and retain more solar radiation
than natural surfaces (Oke, 1982). As a result, urban areas tend to experience higher LST,
particularly during the day and at night, when heat retention is most pronounced (Zhou et al.,
2018). Studies have shown that urbanization can lead to LST increases of up to 5°C or more

relative to surrounding rural areas (Ruddell et al., 2019).

Urbanization often leads to a significant reduction in vegetation cover, which plays a crucial
role in moderating LST through shading and evapotranspiration. Vegetation helps cool the air
and surface temperatures by releasing moisture into the atmosphere (Fang et al., 2017). In

contrast, areas with limited or no vegetation experience elevated temperatures due to increased
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heat absorption and reduced cooling effects. This loss of green spaces contributes to the UHI
effect and exacerbates temperature disparities between urban and rural areas. Human activities
associated with urbanization, such as transportation, industrial processes, and energy
consumption, introduce additional heat into the urban environment. This anthropogenic heat
release can intensify the UHI effect, leading to even higher LST in densely populated areas
(Grimmond et al., 2010). During warmer months, the cumulative effects of heat generated by
vehicles, air conditioning, and industrial operations can contribute significantly to urban

temperature increases.

Urbanization changes natural hydrological processes, impacting soil moisture and surface
temperatures. The replacement of permeable surfaces with impermeable ones reduces water
infiltration and increases runoff, leading to decreased soil moisture (Wang et al., 2020). Lower
soil moisture levels can result in higher LST, particularly during dry seasons, as less moisture

is available for evaporation and cooling.

Impacts of urbanization on LST have significant implications for local climate, public health,
and energy consumption. Higher urban temperatures are associated with increased heat-related
illnesses, particularly among vulnerable populations (Anderson et al., 2012). Additionally,
elevated LST can lead to increased energy demand for cooling, straining energy resources and

contributing to higher greenhouse gas emissions (Huang et al., 2011).

Mitigating the impacts of urbanization on LST requires strategic urban planning that
incorporates green infrastructure, such as parks, green roofs, and urban forests. These
interventions can help restore vegetation cover, improve evapotranspiration, and reduce heat

absorption, ultimately contributing to cooler urban environments.

Urbanization has a profound impact on Land Surface Temperature, primarily through land
cover changes, reduced vegetation, anthropogenic heat release, and altered hydrological
patterns. Understanding these dynamics is essential for developing effective strategies to

mitigate the UHI effect and promote sustainable urban living.
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2.8 Land Use and Land Cover Changes

Land cover refers to the physical material present on the surface of the Earth, such as
vegetation, bare soil, or water bodies (Muro et al., 2018). Changes in land use and land cover
(LULC) have a profound impact on Land Surface Temperature (LST), reflecting the complex
interactions between human activities and the Earth's surface. In contrast, land use describes
how humans utilize land for various purposes, including settlements, agriculture, and forestry
(Mekasha, 2020). The transformation from one type of land cover to another—such as
converting forests to urban areas or agricultural land—can significantly alter surface

temperatures (Abel, 2018).

These changes in land cover and use are often initiated at the parcel level, where
administrative decisions lead to the replacement of one land cover type with another (Bayable
et al., 2022). For example, the urbanization process typically involves replacing natural
vegetation with impervious surfaces like asphalt and concrete, which absorb and retain more
heat compared to natural land cover types (Oke, 1982). Similarly, deforestation can increase
LST by removing the cooling effects of forest canopy and exposing the soil to direct solar

radiation (Grimmond et al., 1999).

Studies examining the effects of urbanization, deforestation, and agricultural practices on LST
have highlighted how human-induced modifications to land cover and use contribute to
increased surface temperatures. Research in this area provides valuable insights into how these
changes impact the local and regional climate, informing strategies for mitigating the adverse
effects of LULC changes on LST (Du et al., 2020) (Santamouris et al., 2017). Understanding
these dynamics is crucial for developing effective land management and urban planning
strategies that aim to balance development needs with environmental sustainability and

climate resilience
2.9 Impacts of Land Use Land Cover change on Land Surface Temperature

The environmental changes, growth of the human population, and economic
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development are key causes of LULC change (Bayable , 2022). It is quite evident that
land-use/land-cover (LULC) and landscape patterns have ecological implications at
varying spatial scales, which in turn influence the distribution of habitat and
material/energy fluxes in the landscape(Zhanga et al., 2013).LST is affected by the
characteristics of the land surface such as vegetation cover and its type, land cover and
surface imperviousness. Incessant urbanization has resulted in many fold increase in the
urban area and it has caused significant changes in the land surface (Khandelwal et al.,
2018). Many studies showed the relationship between LULC and LST, Some studied the
seasonal variations of temperature and identified the impact of different LULC classes on

LST varies.
2.10 Land cover spectral indices

A spectral index is a mathematical formula utilized in remote sensing and earth observation
that combines multiple spectral bands from satellite imagery to derive valuable insights about
surface properties and processes. By applying this formula to each pixel of an image, spectral
indices generate data that is crucial for various modeling, prediction, and analysis tasks related
to surface phenomena. These indices are essential tools in interpreting complex environmental
and geological data, as they enhance our understanding of various surface processes through

specific spectral combinations.

Spectral indices are derived from different combinations of satellite spectral bands, each
tailored to highlight particular surface characteristics. For instance, vegetation indices such as
the Normalized Difference Vegetation Index (NDVI) use combinations of red and near-
infrared bands to assess vegetation health and density (Tucker, 1979). Similarly, indices like
the Normalized Difference Water Index (NDWI) are used to monitor water bodies by

exploiting differences in the reflectance of green and near-infrared bands (McFeeters, 1996).

The applications of these indices are diverse and have been extensively explored in previous
research. In agriculture, spectral indices help in monitoring crop health, assessing soil

moisture, and optimizing irrigation practices (Moran et al., 1994). In water resource
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management, indices are used to track changes in water bodies, assess water quality, and
manage aquatic ecosystems (Gao, 1996). Urban development studies employ spectral indices
to analyze land use changes, assess urban sprawl, and monitor heat island effects (Weng,
2001). Spectral indices play a critical role in various fields by providing valuable information
that supports surface process modeling, prediction, and inference, thereby enhancing our

ability to manage and understand environmental and ecological systems (Prasad et al., 2022).
2.10.1 Normalized difference vegetation index (NDVI)

The Normalized Difference Vegetation Index (NDVI) is a widely used, dimensionless metric
that quantifies vegetation health by comparing the reflectance in visible and near-infrared
wavelengths. This index is instrumental in estimating the density and coverage of green
vegetation across a given area (Weier et al., 2000). NDVI values range from -1 to 1, which
remains consistent regardless of whether the inputs are radiance, reflectance, or digital
numbers (DN). Generally, NDVI values are close to zero for non-vegetated surfaces such as
rocks, sand, or concrete. In contrast, bodies of water typically exhibit negative NDVI values,
while vegetation, including crops, shrubs, grasses, and forests, typically shows positive NDVI

values (Jones et al., 2011).
2.10.2 Normalized Difference Built-Up Index (NDWTI)

Normalized Difference Built-up Index (NDBI), in remote sensing and urban analysis, (Zha et
al, 2003) introduced the significant advancement designed to facilitate the extraction and
analysis of urban built-up areas. The NDBI was developed to specifically target and monitor
urban expansion and built-up regions using satellite imagery. This index is particularly
effective for identifying urban areas due to its reliance on the reflective properties of near-
infrared (NIR) and mid-infrared (MIR) wavelengths (bands 4 and 5, respectively, of the
Landsat TM satellite).

This index capitalizes on the fact that built-up surfaces, such as roads and buildings, typically

exhibit higher reflectance in the MIR compared to the NIR. By leveraging this characteristic,
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the NDBI effectively distinguishes built-up areas from non-built-up surfaces, such as
vegetation or water bodies, which do not exhibit the same reflectance pattern (Zha et al.,
2003). One of the advantages of NDBI is its operational simplicity and efficiency. The index
processes data quickly and does not require the use of training samples, making it a valuable
tool for automatic recognition of built-up areas in satellite imagery. This is particularly useful
for analyzing Landsat TM data, which provides medium spatial and spectral resolution

imagery that is ideal for monitoring urban growth and land use changes (Liu et al., 2012).

The NDBI values range from -1 to +1, where positive values generally indicate the presence of
built-up areas. This straightforward calculation and its ability to handle large datasets make the
NDBI a popular choice for urban studies and land cover classification (Weng, 2002). Its
widespread adoption underscores its effectiveness in tracking urbanization trends and

providing insights into spatial patterns of built-up areas.
2.11 Land surface temperature retrieval Algorithms

Scientific literature extensively explores the development and validation of algorithms for
retrieving Land Surface Temperature (LST), focusing on improving measurement accuracy
through the integration of data from diverse sensors and platforms. These algorithms play a
crucial role in enhancing the precision of LST assessments across various temporal and spatial
scales. Research in this field encompasses both short-term variations, such as diurnal and
seasonal changes, and long-term trends and anomalies, with spatial analyses ranging from

regional assessments to global investigations (Li et al., 2019).

The recent deployment of the Landsat 8 and 9 satellites has significantly advanced the
monitoring of urban heat island (UHI) effects. Equipped with two thermal infrared bands,
these satellites offer high-resolution data that supports various LST retrieval algorithms
(Rongali et al., 2018). Among the algorithms used for LST extraction from Landsat data are
the Mono-Window Algorithm (MWA), the Split-Window Algorithm (SWA), and the Single-

Channel (SC) method. Each of these algorithms has distinct sensitivities and applications.
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The Split-Window Algorithm (SWA), which utilizes two thermal bands, is known for its
robustness against errors in input parameters, making it a preferred choice for many studies
(Wang et al., 2019). In contrast, the Mono-Window Algorithm (MWA) and the Single-
Channel (SC) method, while also effective, are more sensitive to errors in atmospheric water
vapor content and land surface emissivity (LSE). These sensitivities can lead to greater
uncertainties in LST retrieval when compared to SWA (Sharma et al., 2022). For instance, the
accuracy of MWA and SC methods can be significantly impacted by variations in atmospheric
conditions, highlighting the need for careful calibration and validation in diverse environments

(Wang et al., 2019).

Overall, the choice of algorithm for LST retrieval depends on the specific requirements of the
study, including the desired accuracy, spatial resolution, and the environmental conditions of
the study area. Continued advancements in satellite technology and algorithm development are
expected to further enhance the reliability and applicability of LST measurements in

understanding and managing urban heat dynamics
2.11.1 The mono-window algorithm (MWA)

This algorithm was originally proposed by qin’s mono-window algorithm. This
algorithm requires three parameters: the effective mean atmospheric temperature (T,),

land surface emissivity (¢), and atmospheric transmittance (t) (Guha, 2021).
2.11.2 The split window algorithm (SWA)

This algorithm was originally proposed by (Guha, 2021). The principle is that two
adjacent thermal infrared bands have different absorption characteristics; the
attenuation information of the atmosphere on the thermal radiation can be obtained by
the difference between the brightness temperatures of the two TIR bands (Wang et al.,
2019). The SWA is widely used due to the fact that this algorithm has less dependence

on atmospheric parameters and is simple to operate (Wang et al., 2019).
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2.11.3 The single-channel (SC)

This method was proposed in 2003 and improved in 2009 by Jiménez-Mufioz and
Sobrino (Xie et al., 2013). This algorithm requires only two input parameters, the LSE
and the atmospheric water vapor content (Wang et al., 2019). Differing from the
MWA, the SC method does not need the effective mean atmospheric temperature (Ta)
parameter, and the atmospheric water vapor content is not required to be calculated to
the atmospheric transmittance which reduces the error of the final retrieved LST due to

the error of the effective mean atmospheric temperature (Ta).(Wang et al., 2019)
2.11.4 The inversion of the Planck function

The inversion of the Planck function is a critical process in remote sensing and radiative
transfer studies, enabling the extraction of physical properties such as temperature from
observed radiance. The Planck function describes the spectral radiance of a blackbody in
thermal equilibrium at a given temperature, and its inversion involves solving for the
temperature based on the measured radiance. This process is essential for accurate retrieval of
land surface temperature (LST) and other thermal properties in remote sensing applications.
Observed radiance is often converted into temperature through inversion of this function. This
process involves determining the surface or atmospheric temperature from the measured

radiance using the inverse relationship, which requires solving the Planck function.

The inversion of the Planck function is fundamental in retrieving LST from thermal infrared
satellite data. For instance, the retrieval of LST from sensors on satellites such as Landsat
involves converting measured radiance to temperature, which is critical for various
applications, including climate monitoring, weather prediction, and environmental
management (Price, 1984; Becker & Li, 1990). Accurate inversion allows for effective
monitoring of surface temperature variations, which is essential for studying urban heat
islands, vegetation health, and land surface dynamics. By converting observed radiance into

temperature, this process supports various environmental and climatic studies.
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2.11.5 Multi-angle method

The multi-angle method, also known as multi-angle remote sensing or multi-angle
observation, is a sophisticated technique in remote sensing that involves capturing
imagery of the Earth's surface from multiple viewing angles. This approach enhances the
accuracy and detail of surface and atmospheric measurements by leveraging the
perspective provided by different angles of observation. The method is crucial for a
range of applications, including land surface temperature (LST) retrieval, vegetation

monitoring, and atmospheric studies.

The multi-angle method involves collecting data from multiple vantage points or sensors
at different angles relative to the surface. This technique allows for the observation of
surface features and atmospheric phenomena from various perspectives, which can
improve the retrieval of surface properties and correct for observational biases. By
analyzing these multi-angle observations, researchers can better account for variations in
surface reflectance, atmospheric scattering, and sensor viewing geometry (Tian et al.,
2015). In the context of LST retrieval, the multi-angle method provides significant
advantages. Traditional single-angle observations may suffer from inaccuracies due to
atmospheric interference and surface anisotropy. By incorporating data from different
angles, the multi-angle method can improve the estimation of LST by reducing errors
related to atmospheric effects and enhancing the characterization of surface properties
(Zhang et al., 2018). This method is particularly useful for correcting for the effects of
varying solar and sensor angles, which can otherwise introduce significant biases in LST

measurements.

2.11.6 Radiative Transfer Equation (RTE)

The Radiative Transfer Equation (RTE) is a fundamental tool in remote sensing and

atmospheric sciences, used to describe the transfer of radiation through a medium. It provides

a quantitative framework for understanding how electromagnetic radiation interacts with

matter, which is essential for accurate retrieval of environmental parameters such as Land
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Surface Temperature (LST).

The RTE expresses how the intensity of radiation changes as it travels through a medium,

taking into account the absorption, emission, and scattering processes. The RTE is crucial for

interpreting data from remote sensing instruments that measure radiance in various spectral

bands. For instance, in the context of LST retrieval, the RTE helps in modeling how radiation

emitted from the Earth's surface interacts with atmospheric components before reaching the

sensor. Accurate LST retrieval requires correcting for atmospheric effects such as absorption

and emission by water vapor and other gases, which are modeled using the RTE (Kaufman et

al., 2002; Matus et al., 2008).

Table 2-1: LST retrieval Methods, Assumptions, Advantages and Disadvantages

Methods Pros Cons

Mono-Window  Algorithm | - Simplicity in | - Sensitive to atmospheric

(MWA) implementation water vapor errors
- Useful with limited spectral | - Limited to fewer spectral
bands bands
- Good for moderate accuracy | - Lower accuracy compared to
needs advanced methods

Split-Window Algorithm | - Improved accuracy by using | - Requires precise calibration

(SWA) two thermal bands | and atmospheric data
- Better atmospheric | - Complexity in processing
correction - Sensitive to atmospheric
- Widely used and validated conditions

Single-Channel Method | - Straightforward application | - Limited accuracy due to

(SCM)

- Useful for single-band data

- Less computationally

atmospheric interference

- Sensitivity to input errors
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intensive - Not as robust for complex
atmospheric conditions
Multi-Angle Method | - Provides detailed surface | - Complex data processing
(MAM) and atmospheric | and integration
characterization - High computational
- Reduces atmospheric biases | requirements
- Enhances surface property | - Requires multi-angle
retrievals observations and accurate
calibration
Inversion of the Planck |- Directly relates observed | - Requires accurate radiative

Function

radiance  to  temperature

- Fundamental for precise

transfer modeling

- Sensitive to errors in

temperature retrieval | atmospheric conditions and
- Widely applicable in remote | surface emissivity
sensing - Complex  calculations
depending on the model used
Radiative Transfer Equation | - Provides comprehensive | - Computationally intensive
(RTE) modeling of radiative | - Requires detailed
processes atmospheric  profiles and
- Can account for various | surface emissivity  data
atmospheric  and  surface | - Complex to implement and
conditions interpret

- Accurate and flexible for

diverse applications

Ultimately, the choice should align with the project's specific requirements, data availability,

and desired accuracy level.
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For General Use: Split-Window Algorithm (SWA) is often a good choice due to its balance

between accuracy and complexity.

For Basic Needs: Mono-Window Algorithm (MWA) or Single-Channel Method (SCM) if

simplicity and resource constraints are primary concerns.
2.12 Geographic Information System and Land Surface Temperature

Geographic Information Systems (GIS) are sophisticated frameworks that facilitate the
comprehensive handling of spatial and geographic information, encompassing a range of
functions including the capture, storage, manipulation, analysis, management, and presentation
of data (Guo et al., 2019). Within the GIS paradigm, data is primarily classified into two
categories: spatial data, which includes geographic coordinates that denote the specific
locations of features on the Earth's surface, and non-spatial data, which provide contextual
characteristics of these spatial features, typically formatted in tables. Belete (2017) emphasizes
that GIS data operates within a multidimensional framework, incorporating three critical
dimensions: spatial (geographic) data that maps physical locations, temporal data that reflects
changes over time, and attribute data that describes various properties associated with the
spatial elements. Beyond merely serving as a digital repository for geographical features—
such as areas, points, and lines—GIS acts as a powerful analytical tool that enables the
examination of spatial relationships and interactions among these features. This includes
analyzing how the geometric properties and locations of different elements relate to one
another, thus allowing for more profound insights into spatial patterns and dynamics (Tola &
Engineering, 2018). By integrating these capabilities, GIS supports a wide range of
applications across various fields, enhancing decision-making processes related to urban

planning, environmental management, and resource allocation.
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2.13 Remote sensing in land surface temperature study

Remote sensing is defined as the technique of gathering information about an object or area
without direct physical contact (Rashash Ali & Mohammed, 2016). In contemporary
applications, this term is increasingly associated with advanced technical methods for
collecting data from airborne and spaceborne platforms. Satellite-based remote sensing is
instrumental in providing crucial information across multiple domains, including atmospheric
studies, climatology, meteorology, ecology, agronomy, and environmental protection (Verna,
2015). The essence of remote sensing involves measuring and recording the electromagnetic
radiation that is either emitted or reflected from the Earth’s surface (Sheik Mujabar, 2019).
This radiation can provide insights into various environmental conditions and phenomena,

making it a vital tool in environmental monitoring and assessment.

The field of remote sensing has gained significant attention for its ability to measure Land
Surface Temperature (LST) using satellite technology.(Hu et al., 2019) Various instruments,
notably the Moderate Resolution Imaging Spectroradiometer (MODIS) and the Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER), are extensively
employed for retrieving LST data.(Muro et al., 2018) These tools allow researchers to assess

surface temperatures over large areas with high accuracy.

Recent advancements in remote sensing technology, particularly with high-resolution satellite
sensors like MODIS and Landsat, have significantly enhanced the ability to monitor seasonal
variations in LST across different spatial and temporal scales (Jiménez-Muioz et al., 2014;
Wan et al., 2004). These technological innovations offer valuable opportunities to conduct
detailed analyses of the factors that influence daytime LST. For instance, by leveraging high-
resolution imagery, researchers can examine the dynamics of LST at a fine spatial scale. This
capability enables a more comprehensive understanding of how various factors such as land
use, vegetation cover, urban heat islands, and climate change affect temperature variations in
specific regions. In particular, applying these advanced remote sensing techniques to areas like

Dire Dawa City allows for targeted investigations that can inform urban planning,
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environmental management, and climate adaptation strategies.
2.13.1 Supervised Image Classification

Supervised image classification is a classification technique in which the user chooses
representative sample pixels from an image and instructs the image processing software to use
these training sites as models for classifying the rest of the pixels in the image. It is commonly
known that choosing an appropriate classifier is crucial for increasing classification accuracy
(Lu et al., 2007) Several supervised classification classifiers and algorithms, including the
parallelepiped, minimum distance, maximum likelihood, nonparametric classifiers, and
machine learning techniques like the support vector machine, decision tree method, and

artificial neural networks, have been developed over the past few decades.
2.13.1.1 Parallelepiped classifiers algorithm

To determine if a particular pixel belongs to the designated class or not, a standard threshold is
provided. The parallelepiped is based on the threshold of the standard deviation from the mean
of each class (a class limit dimension). The pixels are categorized if the threshold range falls
between the defined low and high. Unclassified areas are those that do not fall inside the given
threshold range. This supervised classifier is fairly straightforward. Here, based on maximum
and minimum pixel values, two image bands are employed to estimate the training area of the
pixels in each band. Although the parallelepiped classification method is the most precise, it is
not the most popular. Additionally, training pixels may overlap, leaving many pixels
unlabeled. The candidate pixel's data values are contrasted with the upper and lower bounds.

(Perumal et al., 2010)
2.13.1.2 Minimum distance classifiers algorithm

It is based on the minimal distance decision rule, which determines the spectral separation
between the mean vector for each sample and the measurement vector for the candidate pixel.

The candidate pixel is then assigned to the class with the shortest spectral distance (Perumal et
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al., 2010). As a distinctive prototype, classes that are near one another are grouped. It is used

to determine each class's mean vector and assign each pixel to the nearest group.
2.13.1.3 Maximum Likelihood classifiers algorithm

The vector of a class with the highest probability is assigned among all the probabilities of
vectors allotted to various classes. Based on the user-provided threshold value, the pixels are
assigned to each class. The pixels are unclassified if the class probability value is less than the
user-set threshold value (Ahmad et al., 2012). It is a parametric approach in decision making
where the model parameters need to be estimated before they are applied for classification
MLC is a process for determination of known class distribution as the maximum for a given
statistic (Scott & Symons, 1971). This method has been used most widely and frequently in
remote sensing where a pixel is assigned to the corresponding class with the maximum
likelihood. If there has been m predefined classes, in that case the class posteriori probability

is expressed.

This Classification use the training data by estimating the means and variances of the classes,
which are then utilized to estimate probabilities while also taking into account the variety of
brightness values in each class. This classifier is based on Bayesian probability theory. When
accurate training data is made available, it is one of the most effective classification methods

and algorithms. (Perumal et al., 2010)

The measurement vector with the highest likelihood of belonging to a certain class is given
that classification. The MLC has an advantage over other known parametric classifiers in that
it considers the variance-covariance within class distributions, and it outperforms them for
normally distributed data (Erdas, 1999). However, the outcomes might not be adequate for

data with a non-normal distribution (Otukei et al., 2010).
2.13.1.4 Spectral Angle Mapper

An n-dimensional angle is used by the Spectral Angle Mapper, a physically based spectral

classification, to match pixels to reference spectra. By calculating the angle between the
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spectra and treating them as vectors in a space with dimensionality equal to the number of
bands, this technique calculates the degree of spectral similarity between two spectra.

(Perumal et al., 2010)
2.13.1.5 Decision Tree classifiers algorithm

A decision tree classifier is a non-parametric classifier, meaning that no previous statistical
assumptions about the distribution of the data are necessary. However, the decision tree's
fundamental structure consists of a root node, a number of internal nodes, and then a set of
terminal nodes. Recursively, the input is dispersed along the decision tree in accordance with
the established classification scheme. Each node needs to have a decision rule, which may be

achieved using a splitting test (Otukei et al., 2010).

There is no complex design or training requirements for this method. Although computational
efficiency is strong, it necessitates sophisticated calculations, and accuracy may entirely

depend on feature design and selection.
2.13.1.6 Support Vector Machines classifiers algorithm

This classification is applied for a complex dataset where the input numeric attributes are
normalized and pre-processed before classifying. It is a non-parametric statistical learning
method (Ustuner et al., 2015). Various kernel types such as, linear, polynomial, sigmoid,
radial basis function can be set.SVM is a nonparametric approach, where the theoretic

background is supervised machine learning.

This classification involves consideration of the training and testing sets from separate data.
Each training set has separate target value and several attributes. Main function of the SVM is
to predicts the target values of the given test data. The original goal of SVM, a nonparametric
supervised machine learning technique, was to address binary classification issues
[41(Implementation of Machine-Learning Classification in Remote Sensing: An Applied
Review | Semantic Scholar, n.d.), (Huang et al., 2002)]. Based on the idea of structural risk

minimization (SRM), it optimizes and isolates the hyper-plane and the data points closest to
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the hyper-spectral plane's angle mapper (SAM). It uses a hyper-spectral plane to divide data
points into several classes. The vectors used in this technique guarantee that the margin's
width will be maximized [(Bouaziz et al., 2017)]. Multiple continuous and categorical
variables, as well as linear and non-linear samples with varying levels of class membership,
can all be supported by SVM. Support vectors are the training samples or bordering samples

that define the SVM's hyper-plane or margin (Shih et al., 2019).
2.13.1.7 Artificial Neural Network classifiers algorithm

In order to apply meaningful labels to images, algorithms using an artificial neural network
method imitate the learning process used by humans. ANN mimics a select few mental
processes (Mahmon et al., 2014) it consists of a series of layers, each of which contains a
group of neurons, connected by weighted connections between the layers above and below.
The network structure has a significant impact on the artificial neural network's accuracy and
performance (Kaur et al., 2014) ANN networks are a self-adaptive and data driven approach.

The processing speed is fast and can accommodate erratic input.

Table 2-2: Classification Methods, assumptions, Advantages and Disadvantages of LULC

Method Advantage Disadvantage

Parallelepiped Classifier - Simple to implement | - Sensitive to noise and
- Fast processing | outliers
- Effective in well-separated | - Assumes that class
classes distributions are parallel,
- Requires minimal | which is often not the case
computational resources - Less accurate in complex

or overlapping classes

Minimum Distance | - Simple and | - Assumes equal variance in

computationally efficient | all classes
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Classifier

- Effective for distinguishing
well-separated classes

- Easy to understand and

- Not effective in cases of
class overlap

- Sensitive to noise and

implement variation in class
distributions
Maximum Likelihood | - Provides probabilistic | - Requires accurate statistical
Classifier estimates of class | parameters
membership - Computationally more
- Handles class variance | intensive
well - Assumes normal
- Generally more accurate | distribution of data, which
in complex scenarios may not always be true
Spectral Angle Mapper | - Effective in identifying | - Less effective with mixed
(SAM) spectral similarities | or  overlapping  spectra

- Robust to radiometric
variations
- Useful for materials with

distinct spectral signatures

- Not suitable for handling
spatial or contextual
information

- Computationally intensive

for large datasets

Decision Tree Classifier

- Easy to understand and
interpret

- Handles both numerical

and categorical data
- Can model complex
relationships with

- Prone to over Mfitting,
especially with deep trees
- Sensitive to noisy data
- May require pruning to

improve generalization
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hierarchical rules

Support Vector Machine | - Effective in  high- | - Computationally
(SVM) Classifier dimensional spaces | expensive, especially for
- Works well with both | large datasets
linear and  non-linear | - Requires careful tuning of
boundaries parameters and  kernel

- Robust to over fitting | selection
with proper kernel | - Less interpretable
selection compared to some other

methods
Artificial Neural Network |- Capable of modeling | - Requires substantial
(ANN) Classifier complex, non-linear | computational resources
relationships -  Long training times

- Highly adaptable with the
potential for high accuracy
- Handles large and complex

datasets effectively

- Can be difficult to interpret
and require careful tuning of
and

network  architecture

parameters

Choosing the appropriate method will depend on the specific requirements of the classification

task, including the nature of the data, the computational resources available, and the desired

level of accuracy.

For Accuracy with Probabilistic Output: Maximum Likelihood Classifier: This probabilistic

method estimates the probability of a pixel belonging to a class based on its statistical

properties, making it robust to variations within classes. However, it requires accurate

statistical data and can be computationally intensive.is a good choice if statistical parameters

are well-understood.
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2.14 Case Studies

Understanding the dynamics of Land Surface Temperature (LST) and its driving factors in
Dire Dawa City requires examining comparable case studies in regions with similar climatic
conditions. This section reviews relevant studies that highlight the interactions between

urbanization, LST variability, and climate change in analogous environments.
» Addis Ababa, Ethiopia

Addis Ababa, the capital of Ethiopia, shares similar climatic characteristics with Dire Dawa,
including a highland climate with pronounced seasonal variations. A study by (Abate et al.
2019) investigated the effects of urbanization on LST in Addis Ababa. The research found that
rapid urban expansion has led to significant increases in LST, particularly during the dry
season. The study emphasized the role of land cover changes, such as the conversion of green
spaces into built environments, which significantly contributed to the Urban Heat Island (UHI)
effect. This case study underscores the importance of sustainable urban planning to mitigate

temperature increases and promote urban resilience.
» Guangzhou, China

Guangzhou's subtropical climate provides additional context for LST dynamics. A study by
(Huang et al. 2021) investigated the relationship between urban expansion and LST in
Guangzhou. The findings indicated that urbanization resulted in substantial increases in LST,
especially in areas with high-density development. The authors emphasized the need for
adaptive urban planning strategies that prioritize green spaces and climate-resilient

infrastructure to combat rising temperatures and improve urban livability.
» Nairobi, Kenya

Nairobi presents another relevant case study, characterized by a similar altitude and climate. A
study conducted by (Karanja et al. 2020) assessed LST wvariations in Nairobi and its

relationship with urbanization. The researchers employed satellite remote sensing to analyze
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LST patterns over a decade. Their findings revealed a marked increase in LST due to urban
sprawl, with notable differences between urban and peri-urban areas. The study highlighted
the critical need for urban green spaces to counteract rising temperatures and recommended

integrating green infrastructure into urban planning to enhance climate resilience.
» Kigali, Rwanda

Kigali's climate and urban development trajectory make it an instructive case for
understanding LST dynamics. A study by (Ngabonziza et al. 2021) explored LST changes in
Kigali in relation to urbanization and vegetation cover. The research found that the loss of
vegetative cover due to urban expansion led to higher surface temperatures, especially during
the dry season. The authors suggested that urban greening initiatives, including reforestation
and the creation of parks, could mitigate the UHI effect and improve local climate conditions.
This case study emphasizes the importance of integrating ecological considerations into urban

planning strategies.
» Accra, Ghana

Accra, with its tropical climate and rapid urbanization, provides another relevant context. A
study by (Owusu et al. 2018) analyzed the impacts of urbanization on LST in Accra, using
satellite data to identify spatial and temporal variations. The research indicated a significant
rise in LST over the years, particularly in densely populated urban areas. The findings
highlighted the correlation between increased impervious surfaces and higher LST, reinforcing
the need for sustainable land-use policies. The study called for enhanced urban planning

efforts that prioritize green spaces and sustainable infrastructure to mitigate climate impacts.
» Shanghai, China

In Shanghai, characterized by a humid subtropical climate, (Liu et al. 2020) examined the
impact of urbanization on LST. The researchers found that the city's rapid expansion
significantly elevated LST, particularly in summer months. Their analysis highlighted the

importance of integrating green infrastructure, such as urban parks and green roofs, to mitigate
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the adverse effects of UHI. The authors also recommended promoting public transportation

and non-motorized transport to reduce heat generated by vehicular traffic.
» Dakar, Senegal

Dakar, characterized by a semi-arid climate, provides additional insights into LST dynamics.
A study by (Ndiaye et al. 2020) examined the impacts of urbanization on LST in Dakar,
revealing significant temperature increases associated with land-use changes. The researchers
highlighted the need for climate-responsive urban planning that considers local climatic
conditions and incorporates adaptive measures to reduce LST, such as the development of

shaded areas and green corridors.
» Brasilia, Brazil

In Brasilia, which features a tropical savanna climate, a study by (Tavares et al. 2020)
analyzed the relationship between urbanization and LST. The researchers found that rapid
urban expansion significantly increased LST, especially during the dry season. The study
highlighted the importance of integrating green spaces into urban planning to mitigate the
Urban Heat Island (UHI) effect and suggested the implementation of policies aimed at

preserving existing vegetation.
» Pune, India

Pune's semi-arid climate provides another relevant context for understanding LST dynamics.
In a study by (Bhagat et al. 2019), researchers used remote sensing data to examine LST
variations over time. Their findings indicated a marked increase in LST corresponding to
urban sprawl, driven by the conversion of agricultural land into urban areas. The study
recommended sustainable urban planning practices, including the enhancement of green cover

to reduce temperature increases and improve urban livability.

» Lima, Peru
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Lima's coastal desert climate offers insights into urbanization's impact on LST. A study by
(Salazar et al. 2021) investigated LST variations in Lima, revealing significant increases in
urban areas due to land-use changes. The research underscored the critical need for urban
planning strategies that incorporate green infrastructure to mitigate rising temperatures and

improve the city's resilience to climate change.
» Beijing, China

Beijing, with its continental monsoon climate, presents a significant case for LST analysis. A
study by (Li et al. 2019) explored the relationship between urbanization and LST variations
over a 30-year period. The research revealed that rapid urban development has led to
pronounced increases in LST, particularly in densely populated areas. The study emphasized
the role of land-use changes, such as the conversion of green spaces into built environments,
in exacerbating the Urban Heat Island (UHI) effect. Recommendations included enhancing

urban greenery and implementing policies for sustainable land-use planning.
» Sydney, Australia

Sydney's temperate climate presents a different perspective on LST dynamics. A study by
Stewart and (Oke 2012) examined the UHI effect in Sydney, highlighting how urbanization
led to higher LST, particularly during summer months. The authors emphasized the
importance of urban design strategies that promote green roofs and urban forests to counteract
UHI effects. Their findings suggest that such measures can significantly lower LST and

enhance urban microclimates.
» Jakarta, Indonesia

Jakarta, characterized by a tropical climate, offers another important case study. A research
study by (Setiawan et al. 2019) assessed LST variations in Jakarta, finding that rapid
urbanization and land-cover changes were directly correlated with increased surface
temperatures. The study recommended comprehensive urban planning that prioritizes green

space integration and effective water management strategies to mitigate the adverse effects of
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rising temperatures.
» Johannesburg, South Africa

Johannesburg, with its subtropical highland climate, offers further insights into urban heat
dynamics. A study by (Meijers et al. 2019) investigated LST changes and UHI effects in
Johannesburg. The researchers found that urbanization significantly contributed to increased
LST, particularly in areas with high-density development. Their findings suggested the
implementation of green infrastructure initiatives, such as urban parks and tree canopies, to

mitigate temperature increases and enhance urban resilience to climate change.
» Chengdu, China

Chengdu, with its humid subtropical climate, offers further insights into LST wvariations.
Research by (Wang et al. 2020) analyzed the effects of urbanization on LST patterns in
Chengdu. The study found that urban expansion and changes in land cover led to increased
surface temperatures, particularly during the dry season. The authors recommended
implementing green corridors and enhancing urban vegetation to reduce LST and improve air

quality, contributing to healthier urban environments.
» Xi’an, China

In Xi'an, characterized by a semi-arid climate, a study by (Zhang et al. 2021) explored LST
dynamics and the UHI effect. The researchers found that urbanization has significantly
increased LST, particularly in built-up areas, while rural regions showed more stable
temperatures. Their findings underscored the importance of preserving green spaces and
integrating sustainable practices in urban planning to mitigate the impacts of rising

temperatures.

These case studies in climates similar to that of Dire Dawa City illustrate the critical
relationship between urbanization and LST dynamics. They underscore the common

challenges faced by rapidly urbanizing regions, including increased temperatures and the UHI
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effect. The findings from these studies can inform strategies for managing LST variability and
promoting sustainable urban development in Dire Dawa, contributing to broader efforts in

climate adaptation and resilience.
2.15 Empirical Review

The dynamics of daytime seasonal variability of Land Surface Temperature (LST) have
garnered increasing attention due to their implications for urban planning, climate adaptation,
and environmental management. LST is influenced by various factors, including land use,
vegetation cover, and climatic conditions. Understanding these dynamics is crucial for regions
like Dire Dawa City, where rapid urbanization and environmental changes are occurring. This
review aims to synthesize existing literature on LST variability, focusing on both global and

local perspectives while identifying gaps in current knowledge.
2.15.1 Global Perspective

Globally, numerous studies have explored the factors influencing LST variability. Research
has highlighted the significant role of land cover changes due to urbanization, agriculture, and
deforestation in altering surface temperatures. For instance, (Zhang et al. 2018) found that
urban expansion leads to higher LST due to the urban heat island effect, where built
environments absorb and retain heat more effectively than natural landscapes. Furthermore,
satellite-based remote sensing technologies, such as MODIS and Landsat, have been pivotal in
monitoring LST across various climatic zones (Jiménez-Mufioz et al., 2014). Studies by (Wan
et al. 2004) have documented seasonal variations in LST and emphasized the importance of
climatic factors, such as solar radiation and precipitation, in shaping these patterns. However,
while extensive research has been conducted in different regions, there remains a need for

localized studies that take into account specific geographical and socio-economic contexts.
2.15.2 Local Perspective

Focusing on the local context of Dire Dawa City, recent studies have begun to address the

unique factors influencing LST in this region. For example, (Mohammed et al. 2020)
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investigated the relationship between land use change and LST in Dire Dawa, finding that
areas with increased urbanization correspond to elevated surface temperatures. Their findings
suggest that the expansion of built-up areas leads to significant alterations in local
microclimates. Additionally, the work of (Abdi et al. 2021) highlighted the influence of
vegetation cover on LST, demonstrating that areas with dense vegetation experienced lower
temperatures compared to urbanized regions. Despite these insights, localized studies remain
limited, necessitating further investigation into the seasonal dynamics of LST and their driving

factors specific to Dire Dawa City.
2.16 Gaps in the Literature

Despite the extensive research on Land Surface Temperature (LST) dynamics and its
relationship with urbanization, significant gaps remain in the literature that hinder a
comprehensive understanding of these phenomena. This section identifies key areas where
further investigation is needed, particularly in the context of rapidly urbanizing regions like

Dire Dawa City.

Many existing studies predominantly focus on LST variations during specific seasons, often
neglecting comprehensive analyses across all seasonal cycles. For instance, while research has
extensively documented dry season LST increases, there is a relative scarcity of studies
examining wet season dynamics and their implications for urban environments
(Haylemariyam, 2018) (Kidanewald, 2018) (Amanuel, 2020). This gap limits our
understanding of how seasonal variations in LST interact with urbanization and climate

change throughout the year.

Most LST studies have been conducted in developed urban areas, leaving a notable gap in
research focused on developing countries, particularly in Africa. The unique socio-economic,
cultural, and environmental contexts of cities like Dire Dawa may result in different LST
dynamics compared to those observed in more developed regions (Guha, 2021). More
localized studies are necessary to capture the nuances of urbanization's impact on LST in these

contexts.
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While several studies have identified key drivers of LST variability, there is still limited
exploration of specific local factors that influence LST in particular urban settings. For
example, the interplay between socio-economic activities, land-use changes, and climatic
conditions in shaping LST patterns is often under-researched (Dong et al., 2022) and
(Shirgholami et al., 2022). Identifying these localized drivers is essential for developing

targeted urban planning strategies.

The existing literature often lacks integrative frameworks that combine LST analysis with
broader urban planning and climate adaptation strategies. Most studies tend to operate in silos,
focusing on LST without adequately addressing the implications for urban infrastructure,
public health, and community resilience (Chen et al., 2021). An integrated approach that links

LST dynamics with urban planning efforts is crucial for developing effective interventions.

Many studies analyze LST data over short time frames, which may not accurately reflect long-
term trends and patterns. Longitudinal studies that assess LST changes over extended periods
can provide deeper insights into the effects of urbanization and climate change (Backlund et
al., 2008). Understanding these long-term trends is essential for predicting future scenarios

and informing sustainable urban development.

While advancements in remote sensing technologies have improved data collection for LST
studies, there is still potential for enhanced application of these technologies in urban settings.
Few studies have utilized high-resolution satellite imagery or machine learning techniques to
analyze LST variability, which could provide more detailed insights into spatial patterns
(Sholihah & Shibata, 2019). Leveraging these technologies can enhance the precision and

relevance of LST research.

Addressing these gaps in the literature is essential for advancing our understanding of LST
dynamics and their implications for urban planning and climate adaptation. Future research
should focus on comprehensive seasonal analyses, contextual studies in developing regions,

exploration of localized driving factors, and the development of integrative frameworks.
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3 CHAPTER 3: MATERIAL AND METHODOLOGY
3.1 Description of the study area
3.1.1 Location

Dire Dawa is a city in eastern Ethiopia, situated near the border of Somalia. It is a
relatively large urban area within Ethiopia. It is situated in the eastern part of the
country and it’s known for its diverse landscape, including plains, hills, and mountains.
It is one of the oldest countries and most important urban centers, serving as a major
transportation hub and economic center in the east region. Dire Dawa was established
in 1902 as a relatively lowland with elevation of 1200 m above sea level. The Dire
Dawa city is located in the eastern part of Ethiopia between 9°28.1° N and 9°49°1”
N Latitude and between 41° 38°1” E and 42° 19°1” E Longitude. Dire Dawa is
accessible by plane, train and cars, and is about 515kms road distance to the east of
Addis Ababa and 311kms to the west of Djibouti port. It shares boundaries with East
Hararge zone of Oromia Regional State in it’s the south and southeast, and Shinele

zone of Somalia Regional State in the north, east and west.
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Figure 3-1: location map Dire Dawa City Administration

3.1.2 Land Size and Composition

The Dire Dawa Administration is a chartered city composed of 9 urban and 38 rural kebeles,
encompassing a total land area of 1,300 square kilometers (or 130,000 hectares). Of this area,
approximately 94.65% is classified as rural, while 5.34% pertains to urban regions (Abdi et
al., 2020). The urban kebeles are significantly developed, featuring residential areas,
commercial districts, industrial zones, and essential infrastructure. Additionally, areas adjacent
to rural kebeles are often used for agriculture or livestock grazing. The region also boasts

natural landscapes, including parks, forests, and hills (Hussein & Mulugeta, 2021).
3.1.3 Climate

Dire Dawa City exhibits a semi-arid climate characterized by warm temperatures and distinct
seasonal variations, which are crucial for understanding the dynamics of daytime land surface
temperature (LST) variability. The city's location in the Great Rift Valley and proximity to
lowland areas significantly influence its climate. The mean annual temperature is

approximately 25.91°C, with average maximum temperatures reaching 35°C and minimum
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temperatures around 22°C (Abdi et al., 2020).

The climatic conditions of Dire Dawa are heavily shaped by its topography and urbanization,
resulting in a warm, dry climate with relatively low precipitation levels (Hussein & Mulugeta,
2021). The short wet season typically occurs from June to September, bringing moderate
rainfall and slightly cooler temperatures, influenced by monsoon winds (Tadele et al., 2022).
In contrast, the dry season, which lasts from October to May, is marked by minimal rainfall,
higher temperatures, clear skies, and low humidity (Demisse et al., 2021). This semi-arid
climate also predisposes Dire Dawa to dust and sandstorms, particularly during the dry season,
which can adversely affect visibility and air quality. These climatic and environmental factors
are integral to understanding the seasonal variability of LST in Dire Dawa and its driving

influences, highlighting the interplay between urbanization, land use, and climatic conditions.

Annual Weather Averages in Dire Dawa
Quick Climate Info

Based on weather reports collected during 2005—-2015.
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Hottest Month June (29 °C avg)

Coldest Month December (22 °C avg)
Wettest Month August (114.2 mm avg)
Windiest Month July (14 km/h avg)
Annual precip. 566.6 mm (per year)

Weather by CustomWeather, © 2022

Showing: Al Year

All Year Climate & Weather Averages in Dire Dawa

High Temp: 35 °C Precipitation: 47.2 mm Wind: 9 km/h
Low Temp: 15 °C Humidity: 46% Pressure: 1010 mbar
Mean Temp: 25 °C Dew Point: 13 °C Visibility: 24 km

Figure 3-2: Annual weather average of Dire Dawa

(Source: Climate & Weather Averages in Dire Dawa, Ethiopia (timeanddate.com))

46



3.1.4 Demography

The population of Dire Dawa has grown over the years due to migration and
urbanization. The city's population includes a mix of ethnic groups, creating a diverse
and dynamic urban environment. Based on the 2022 Census conducted by the CSA of
Ethiopia, Dire Dawa City Administration has a total population of 445,000 which is the
second populated city in Ethiopia next to Addis Ababa (UN-Habitat, 2015; CSA, 2022).

Dire Dawa City Population (2000-2022)

450,000

400,000

350,000

Populalion

300,000

250,000

200,000
2000 2005 2010 2015 2020

Year

Figure 3-3: The Population of Dire Dawa city over the past two decades

3.1.5 Precipitation

Dire Dawa City has two rain seasons; that is, a light rainy season from March to April, and a
heavy rainy season that extends from August to September. Climate change may bring

alterations to the timing and intensity of rainfall. Dire Dawa's short wet season may experience
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changes in precipitation patterns, affecting water availability for agriculture and other
purposes. The aggregate average annual rainfall that the region gets from these two seasons is
about 566.6 mm. On the other hand, the region is believed to have an abundant underground

water resource. (Source: NMA ).

Rainfall of Dire Dawa
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Fi zgure 3-4: Average Ramfall of Dire Dawa

3.2 Data and Data source

The study area is covered by the Landsat satellite series, specifically within path 166 and row
54. To comprehensively analyze land surface temperature dynamics, all available images from
this path and row are utilized for temporal analysis throughout the study period. This analysis
included imagery collected during various seasons to capture the seasonal variability of land

surface temperature.

For the dry seasons, cloud and haze-free images are generally more accessible, allowing for
clearer analysis. However, during the wet seasons, challenges such as cloud cover arised. To
mitigate these issues, we implemented image preprocessing techniques to enhance the quality
of the wet-season imagery as much as possible. This preprocessing involved methods such as

atmospheric correction, cloud masking, and image filtering to improve clarity and usability.
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The dataset will comprise Landsat 7 ETM+ images for the years 2002 to 2012, as well as
Landsat 8 OLI/TIRS and Landsat 9 OLI/TIRS images for the period from 2017 to 2024. By

leveraging these diverse datasets, the study provides a comprehensive understanding of the

dynamics of daytime seasonal variability of land surface temperature in Dire Dawa City.

Detail descriptions of data’s needed is given in the below.

Table 3-1: Description of data and data source

No | Data type Purpose Resolution | Data source Revisit time
1 Landsat 7| LST retrieval | 30*30m http://earthexplorer.usgs.gov | 16 days
and LULC (USGS)
ETM+
Mapping
2 Land Sat 8&9 LST retrieval | 30*30m http://earthexplorer.usgs.gov | 16 days
OLI/TIRS and LULC (USGS)
Mapping
3 Temperature Validation of | NMA -
LST
4 Population - CSA -
5 Administrative Dire dawa City|
Boundary Administration
6 Ground control | Validation of | - Google Image
point Data
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7 DEM

30*30 http://earthexplorer.usgs.gov | 16 days

(USGS)

3.3 Softwares

The Software’s that are applicable for this study were identified by their problem solving

capacity and relevance to the objective of the study and methodology. This included ArcGIS

for retrieval of LST, NDVI and map preparation, ERDAS (Earth Resources Data Analysis

System) Imagine 2015 for Remote Sensing application in order, Google earth will also be used

to check and compare results with ground truth. In addition, ENVI software was used for, Gap

filling, classification and to compare the results. For statistical analysis, graphical

representation and reporting of a result the SPSS-software is used. : The lists of software

utilized for the study are presented as follows in table shown below.

Table 3-2: Softwares utilized in this study

Software packages Purposes

ArcGIS Database creation and LST extraction.
Integration and management of spatial information, Data analysis
LST retrieval and map preparation

ENVI 5.3 For Gap filling, classification, to compare and contrast the results

Google Earth Pro For reference in accuracy assessment

ERDAS IMAGINE To process satellite images including image enhancement,
Preprocessing

Microsoft Office To create word documents
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Mendeley Desktop To insert citation and references used for the study.

SPSS For statistical analysis, graphical representation and reporting

3.4 Methods

Understanding the dynamics of daytime seasonal variability of land surface temperature (LST)
and its driving factors in Dire Dawa City requires a comprehensive methodological approach.
This research employed a combination of remote sensing techniques, statistical analysis, and
spatial analysis to assess LST patterns and their influencing factors effectively. By integrating
those methods, the study aims to elucidate the complex interplay between land surface
temperature dynamics and the driving factors in Dire Dawa City, providing valuable insights

for urban planning and environmental management in semi-arid regions.
3.4.1 Data Collection
To ensure a robust analysis, various types of data are collected:

Satellite Imagery: The project involved the acquisition of Landsat satellite imagery that
spanned multiple years to effectively capture seasonal variations. Available satellite data,
focusing on specific time frames that would provide a broad perspective on the changes in
land cover and vegetation throughout the seasons were specifically identified. After
identifying suitable datasets, we secured access to imagery that included various seasons as
spring, summer, autumn, and winter. This allowed for a detailed analysis of how landscapes
transformed over time, influenced by factors such as weather patterns, agricultural cycles, and
urban development. The imagery was meticulously cataloged and organized by date, enabling
to compare the visual differences and assess the impacts of seasonal changes on the

environment.

Landsat satellite imagery obtained for the years 2002, 2012, 2017, and 2024 from the USGS
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Earth Explorer. Selection of specific Landsat scenes based on cloud cover, temporal
resolution, and relevance to the study period these years were selected due to significant

changes in land use and cover, which are expected to impact LST.

Land Cover Data a key component of this study involved extracting land cover data from
satellite imagery collected over multiple years. This extraction was essential for analyzing
how changes in land cover influenced LST and its seasonal variations. High-resolution
satellite images were utilized to generate land cover maps. By employing remote sensing
techniques, we were able to classify the land cover accurately, capturing the spatial
distribution and extent of each type. This process allowed for a nuanced understanding of how
the landscape of Dire Dawa City evolved over time. Specific timeframes was selected to
examine the land cover changes, ensuring that the maps reflected significant periods of urban

development and environmental shifts.
3.4.2 Pre-processing of Satellite Imagery

The pre-processing phase involves several critical steps to enhance the quality of the satellite

imagery:
3.4.2.1 Radiometric Calibration

This was a crucial process in the analysis of satellite imagery, as it involved translating the
digital numbers captured by satellite imaging systems into physical units. This calibration
enabled to accurately interpret the data, converting it into usable information for further
analysis. We focused on two main physical units: radiance, measured in watts per square
meter per steradian per meter (W/m?*sr/m), and apparent top-of-atmosphere reflectance. These
units were essential for assessing the electromagnetic energy reflected from the Earth's
surface. To achieve this, we calibrated the thermal bands of the satellite data, which involved
converting the digital numbers obtained from the sensors into radiance values. This process
required careful adjustment based on specific calibration coefficients provided by the

satellite's manufacturer. The calibration coefficients were crucial for correcting any sensor-
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related anomalies or distortions that could affect the accuracy of the data. Without proper
radiometric calibration, the data could yield misleading results, leading to inaccurate
interpretations of land surface temperatures and other environmental conditions. By applying
radiometric calibration techniques it is ensured that the thermal imagery accurately reflected
the physical state of the landscape. This step converts digital numbers (DN) captured by the
satellite into spectral radiance (LA) using the following equation

LA = MA X Qcal + AL
Where:
LA=Spectral radiance
MA=Radiance multiplicative scaling factor (from metadata)
A= Radiance additive scaling factor (from metadata)
Qcal= Quantized and calibrated pixel values in DN.
3.4.2.2 Atmospheric Correction

Atmospheric correction was a critical step in the processing of satellite imagery, as it aimed to
reduce the effects of atmospheric interference that could distort the data. Various atmospheric
conditions, such as water vapor, aerosols, and gases, could alter the electromagnetic signals
received by the satellite sensors. Without correction, these atmospheric influences could lead
to inaccurate interpretations of the land surface characteristics, particularly in analyses related

to land surface temperature.

To address these challenges advanced algorithms, specifically the Fast Line-of-sight
Atmospheric Analysis of Spectral Hypercube (FLAASH) was employed. This algorithm was
designed to enhance the quality of the satellite images by correcting for atmospheric scattering
and absorption. The necessary atmospheric parameters, including information on the local

humidity, temperature, and aerosol levels, which were essential inputs for the FLAASH
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algorithm were used, clearer and more reliable imagery were achieved.
3.4.2.3 Gap Filling

This was an essential method utilized to estimate missing values in the satellite imagery;
particularly those caused by cloud cover or sensor. Landsat 7 ETM+ suffered a scan line
corrector failure in May 2003, causing the imaged region to be duplicated and the scanning
pattern to exhibit wedge-shaped scan-to-scan gaps that ranged from a single pixel at the center
of the image to about 14 pixels along the east and west corners of each scene on average
(Maxwell et al., 2007). These gaps in the data could significantly hinder the accuracy of
analyses related to land surface temperature and seasonal variability as well as the land cover.

This scan line error is corrected in ENVI using Landsat gap fill.

Throughout the gap-filling process, we assessed the quality of the interpolated values to ensure
that they were realistic and aligned with the overall patterns observed in the data. And we
were able to create a more complete and continuous dataset from the satellite imagery. We
conducted a validation check by comparing the filled values against Google earth, confirming
that the estimates were both plausible and scientifically sound. The filled gaps allowed

drawing more accurate conclusions regarding land cover changes, temperature dynamics.
3.4.2.4 Layer Stacking

This step is employed to enhance the analysis of satellite imagery, aimed to combine multiple
bands of satellite data into a single image, allowing for a more comprehensive interpretation of
the landscape in Dire Dawa City. We first ensured that all bands were properly aligned in
terms of spatial dimensions. This alignment was critical, as any discrepancies could lead to
inaccuracies in the combined image, affecting subsequent analyses. Once the bands were
aligned, we proceeded to stack them into a single multi-spectral image. This process involved
combining different wavelengths of light captured by the satellite, which included visible,
near-infrared, and thermal bands. Each band contained unique information about the Earth's

surface, such as vegetation health, land cover types, and temperature variations. After the layer
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stacking was completed, we conducted quality checks to ensure that the final composite image
accurately represented the data. We analyzed the image for any artifacts or misalignments that
could compromise the results. This attention to detail ensured that the stacked layers provided
a reliable foundation for further analysis. The resultant multi-spectral image facilitated a more

nuanced understanding of the environmental conditions.
3.4.2.5 Projection and Sub setting

Projection and sub setting were important steps undertaken to ensure relevance of the Landsat
images for their analysis of Dire Dawa City. Subset the data to isolate the area of interest Dire
Dawa City. This involved extracting only the portions of the satellite imagery that
encompassed the city limits, thereby allowing for a more concentrated analysis of land cover

changes and their effects on land surface temperature within that specific area.
Datum: WGS 84 UTM zone 37

Projection Type: Transverse Mercator

Units: Meters

Projected Coordinates: Easting (X), Northing (Y)

3.4.3 Land Use/Land Cover Extraction

Land use and land cover extraction was a critical component of the research project,
employing advanced techniques to classify the various types of land use within Dire Dawa
City. This classification was aimed to provide insights into how different land cover types
affected the dynamics of daytime seasonal variability of land surface temperature. we utilized
a combination of remote sensing techniques and machine learning algorithms to carry out the
classification process. The multi-spectral nature of the imagery allowed for the identification

of different land cover types based on their spectral signatures.

To enhance the accuracy of the classification, we applied supervised classification methods.
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This involved selecting representative training samples for each land cover type. We carefully
chose those samples based on their visual characteristics in the satellite images, ensuring that

they covered the diversity of land cover present in Dire Dawa City.

Using these training samples, we employed algorithm Support Vector Machines algorithm to
robust classification results. This algorithm processed the spectral data and classified each

pixel in the imagery according to the predefined land cover categories.

Supervised Classification: Supervised classification was a pivotal method employed to
accurately categorize various surface cover types within the satellite imagery of Dire Dawa
City. This process began with identifying representative samples of the different surface cover
types relevant to the study. These samples, known as training areas, were crucial for guiding

the classification.

We leveraged our familiarity with the region and understanding of the actual surface cover
types depicted in the images to select appropriate training regions. This step was essential, as
it ensured that the training samples accurately reflected the diversity of land cover present in
Dire Dawa City. Once the training areas were established, we effectively supervised the
classification process by utilizing these samples to train the classification algorithm. The
numerical data from all spectral bands corresponding to the pixels within the training areas
was employed to create a spectral profile for each class. This profile represented the unique
spectral characteristics of each surface cover type. These signatures encompassed the distinct

patterns of reflectance for each land cover type across the various spectral bands.

Support Vector Machine (SVM) Classification: The SVM algorithm was particularly well-
suited for this study due to its ability to handle variations in training sample size and its
performance in urban areas characterized by mixed pixels; it excels at separating different
classes of data, even when those classes are not linearly separable. This capability was crucial
in an urban setting like Dire Dawa, where land cover types often intermingle, leading to

complex spectral signatures that could complicate classification efforts.
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Initially we prepared dataset by defining training areas, which consisted of samples
representing various land cover types. These training areas were used to instruct the SVM
algorithm on how to distinguish between different surface covers based on their spectral
characteristics. The SVM algorithm was applied to create a hyper plane that effectively
separated the different classes in a multi-dimensional feature space. This hyper plane defined
the boundary between the various land cover types, allowing the algorithm to classify each

pixel in the imagery based on its proximity to the nearest class boundary.

One of the significant advantages of SVM was its robustness against variations in the size of
the training samples. The algorithm could still perform effectively even if some classes had
fewer training examples than others. After the SVM model was trained, it processed the entire
satellite image, classifying each pixel according to the learned patterns. The resulting
classification maps illustrated the spatial distribution of different land cover types within Dire

Dawa City, providing valuable insights into the land cover change throughout the years.

Accuracy Assessment: Accuracy assessment was aimed at determining the reliability of the
information produced from remotely sensed data. The primary objective was to quantitatively
evaluate how well the pixels in Dire Dawa City were classified into their appropriate feature

classes, ensuring the robustness of the analysis.

To conduct this evaluation ENVI software was used, which provided the necessary tools for
accuracy assessment. The overall accuracy was the most common measure reported, along
with the Kappa coefficient (K), which quantified the level of agreement between the classified

data and the reference data.

To minimize bias in sampling, implemented a stratified random sampling approach. They
generated ground truth data from Area of Interest using high-resolution Google imagery as a
reference. This method ensured a diverse representation of the different land cover types
within the study area. After establishing the ground truth AOIs, we constructed a confusion
matrix to compare the classified image against the reference data. This matrix provided a clear

overview of the classification accuracy for each land cover type.
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Producer’s Accuracy was calculated to quantify the percentage of correctly identified pixels

for each specific class, which helped to reveal any errors of omission. The formula used was:
Producer’s Accuracy = (Ci/Ct) X 100

Where Ct represented the total number of sample sites in the column for a specific class, and

Ciwas the number of correctly identified sample locations in that column.

User’s Accuracy was also assessed, focusing on the total number of correct sample units in a
category divided by the total number of samples classified into that category. This measure

indicated the commission error and was calculated using the formula:
User’s Accuracy = (Ri/Rt) X 100

Where Ri indicated the correctly classified samples in the row, and Rt was the total number of

samples in that row.

Overall Accuracy was determined by dividing the total number of correctly classified sample
units by the total number of samples in the error matrix. This statistic, being one of the most

frequently reported accuracy evaluations, was calculated as follows:
Overall Accuracy = (Sd/n) x 100

Where Sd was the sum of values along the diagonal of the confusion matrix, and n was the

total number of samples.

Kappa statistic was calculated to measure the agreement between the remote sensing-derived
classification map and the reference data, offering a more nuanced understanding of the

classification accuracy. The Kappa statistic was computed using the formula:
Kappa = (N *Ynii —Yni+n+1i)/(N2—-Yni —n—1i)
Where:
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nii represented the number of observations in the diagonal of the error matrix, ni+ was the
totals of observations in row i, n+i was the total of observations in column i, and N was the

total number of observations in the matrix.

Through this comprehensive accuracy assessment, we were able to quantify the effectiveness
of their land cover classification and ensure the reliability of the findings regarding the
dynamics of land surface temperature in Dire Dawa City. The results of the accuracy
assessment provided a solid foundation for interpreting the relationships between land cover

changes and environmental factors in the urban setting.
3.44 Land Use/Land Cover Indices

Land use and land cover indices were essential components of the research, providing
quantitative measures to analyze the different land cover types within Dire Dawa City. These
indices allowed assessing various aspects of the urban environment, including vegetation
health, landing surface temperature, and overall land use dynamics. By calculating these land
use and land cover indices, gained valuable insights into the spatial distribution and health of
vegetation, the extent of urbanization, and the thermal characteristics of the landscape. These
indices served as powerful tools for analyzing the interactions between land cover changes and
land surface temperature dynamics, ultimately contributing to a deeper understanding of the

environmental changes occurring in Dire Dawa City.
The following indices will be calculated to analyze land cover:
o Normalized Difference Vegetation Index (NDVI):

The Normalized Difference Vegetation Index (NDVI) is a key remote sensing tool that
measures the greenness and density of vegetation as captured in satellite images. It quantifies
vegetation health by evaluating the difference in reflectance between two specific
wavelengths: near-infrared (NIR) light, which is strongly reflected by healthy vegetation, and
red light, which is primarily absorbed during photosynthesis.
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Calculation of NDVI
The NDVl is calculated using the following formula:
NDVI = (NIR — Red)/(NIR + Red)

Where:

NIR = Near-infrared band reflectance

Red = Red band reflectance
Interpretation of NDVI Values
NDVI values range from -1 to +1, providing a gradient of vegetation density and health:

e High Values (0.7 to 0.9): Indicate dense, healthy vegetation, such as forests and well-

maintained agricultural fields.

e Moderate Values (0.2 to 0.6): Suggest sparse or stressed vegetation, like grasslands or

areas with some vegetation cover.
e Low Values (0 to 0.2): Represent bare soil, rocks, or areas with minimal vegetation.

e Negative Values: Typically indicate non-vegetated surfaces, such as water bodies,

clouds, or urban infrastructure.
e Normalized Difference Built-up Index (NDBI):

The Normalized Difference Built-up Index (NDBI) is a valuable remote sensing tool designed
to emphasize and quantify urban built-up areas using satellite imagery. By utilizing the near-
infrared (NIR) and shortwave infrared (SWIR) bands, NDBI effectively distinguishes

constructed environments from other land cover types.

Calculation of NDBI
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NDBI is calculated using the following formula:
NDBI = (SWIR — NIR)/(SWIR + NIR)
Where:

SWIR: represents the reflectance in the shortwave infrared band, which is sensitive to built-up

surfaces.

NIR: denotes the reflectance in the near-infrared band, which vegetation reflects strongly but

built-up areas absorb.
Interpretation of NDBI Values

NDBI values typically range from -1 to +1, with higher values indicating a greater presence of

built-up areas.

High Values (typically > 0.1): Indicate significant built-up areas, such as urban infrastructure,

roads, and buildings.
Low Values (around 0): Suggest the presence of vegetation or water bodies.

Negative Values: Often correspond to non-built-up surfaces, such as bare soil or agricultural
fields.

3.4.5 Retrieval of Land Surface Temperature (LST)

Retrieving Land Surface Temperature (LST) from satellite imagery involves a series of steps
designed to accurately convert thermal data from the satellite's sensors into usable temperature
readings. Below is a detailed guide on how to perform LST retrieval, specifically using
Landsat data. By following these steps, we have effectively compute Land Surface
Temperature from Landsat imagery, leveraging the capabilities of the thermal bands and
appropriate algorithms to derive valuable insights into environmental conditions and urban

dynamics over the years. This methodology allows for a comprehensive understanding of how
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land surface temperatures evolve in relation to changing land use and cover patterns. The

retrieval of LST from satellite imagery involves several steps:
For Landsat 8 and 9 (Using Split-Window Algorithm)
1. Radiance Calculation:
Convert digital numbers (DN) from bands 10 and 11 to radiance using:
LA =ML X DN + AL
Where:
M| =is the radiance multiplicative scaling factor and
A;=is the radiance additive scaling factor.
2. Brightness Temperature Calculation:
Convert radiance to brightness temperature (BT) using:
BT = K2/In (K1/LA+ 1)

Where:
K1 and K2 are the thermal conversion constants for the respective bands.
3. Split-Window Algorithm:
Apply the split-window algorithm to calculate LST:

LST =BT — (BT10—-BT11) X (1—-e—1)/€
Where:

T is the atmospheric transmittance and € is the emissivity of the surface.
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For Landsat 7 (Using Single-Channel Method)
1. Radiance Calculation:
Convert DN from band 6 to radiance, similar to the method used for Landsat 8 and 9.
2. Brightness Temperature Calculation:
Convert the radiance to brightness temperature using the same formula as above.
3. Single-Channel Method:
Calculate LST using the single-channel method:
LST = BT x (1 + (0.00115 x BT)/1 — (0.00115 X BT X €))
Where:
€ represents surface emissivity, typically estimated based on land cover type.

Table 3-3: Thermal Band Calibration Constant of Landsat 7 ETM.

Satellite Categories Band 6
Landsat 7TM K1 607.76
K2 1260.56

Radiance Maximum Band 15.153

Radiance Minimum Band 1.238
Quantize cal max 255
Quantize cal min 1
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Map projection uTM"
Ellipsoid "WGS84"
UTM Zone 38
Grid_cell size reflective 30

[Source: Landsat-7 Metadata, Obtained from USGS]

Table 3-4: Thermal Band Calibration Constant of Landsat 8 OLI/TIRS

Satellite Sensors Categories Band 10 Band 11

K1 777.8853 480.8883
K2 1321.0789 1201.1442
Radiance maximum 22.0018 22.0018

N

=

= Radiance minimum 0.10033 0.10033

-

o

% Quantize cal max 65535 65535

<

¢

< Quantize cal min 1
Resolution 100 * (30) 100 * (30)

[Source: Landsat-8 Metadata, Obtained from USGS]

4. Surface Emissivity Adjustment

Adjust for surface emissivity based on land cover types, as different surfaces emit thermal
radiation differently. Emissivity values typically range from 0.95 for vegetation to about 0.85
for urban areas. This adjustment was necessary because different land cover types emit

thermal radiation differently, impacting the accuracy of temperature estimates derived from
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satellite data.

To begin the adjustment process, emissivity values were assigned based on the specific land

cover types present in the study area.
E = mPv +n
Where

n=0.986 and m = 0.004

PV is calculated using soil and vegetation NDVI values
PV = (NDVI - NDVImin / NDVImax — NDVImin) " 2
Where:

NDVI min is the lowest NDVI value derived from the raster NDVI and
NDVI max is the highest NDVI value.

5. Error Assessment

Evaluate the accuracy of the LST calculations through validation with ground truth data or
comparison with other satellite datasets if available. The error assessment of Land Surface
Temperature (LST) calculations was a crucial in ensuring the accuracy and reliability of the
results obtained from satellite imagery. This evaluation involved several methodologies aimed

at validating the LST data against ground truth measurements.
Ground Truth Validation

To assess the accuracy of the LST calculations, ground truth data were collected from various
sites within the study area. This data comprised in-situ temperature measurements taken
during the same periods as the satellite imagery. The ground truth data were essential for
establishing a baseline against which the satellite-derived temperatures could be compared. By

integrating ground truth data with comparisons to other satellite datasets, we ensured that the
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findings were reliable and could be confidently used to analyze land surface temperature

dynamics.

Landsat Images

Thermal Band NDVI
| ]
DN conversion to Proportion of
TOA Radiance Vegetation

! 7
TOA converted to o
Brightness temperature Ground Emissivity

Land surface
Temperature

Figure 3-5: Land Surface Temperature Retrieval Diagram

3.4.6 Analysis and Interpretation

Once the Land Surface Temperature (LST) had been calculated for the specified years the data
underwent a comprehensive analysis to identify trends and correlations. This analysis aimed to
uncover insights regarding with land cover variations, and the impacts of urbanization on

surface temperatures.

Temporal Trends in LST
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The first step in the analysis involved examining the LST data across the different years to

identify any significant trends. This included:

» A time-series: This analysis was conducted to evaluate the LST values over the specified

years. Mean LST values for each year were computed and plotted to visualize trends.
Statistical tests, such as linear regression, were employed to assess the significance of any

observed trends.

Seasonal Variability: The analysis also considered seasonal variations by comparing LST
data from different months within the same years. This helped identify patterns related to

seasonal temperature fluctuations.

Relationships with Land Cover Changes

The analysis focused on the relationship between LST and land cover changes within Dire

Dawa City:

>

Comparative Analysis: The mean LST values for each land cover type were compared. For
instance, higher LST values were often associated with urban areas, while lower values
were found in vegetated regions. The analysis aimed to quantify these differences and

determine the degree of correlation between land cover type and LST.

Change Detection: Changes in land cover over time were analyzed to determine their
impact on LST. Areas that transitioned from vegetation to urban land use were particularly
scrutinized, as this shift typically leads to increased surface temperatures due to the urban

heat island effect.

Impacts of Urbanization

The analysis also delved into the specific impacts of urbanization on LST:

>

Urban Heat Island Effect: The study assessed the extent of the urban heat island effect
within Dire Dawa City. By comparing LST values in urban areas with those in

67



surrounding rural or vegetated regions, we were able to quantify the temperature

differences attributable to urbanization.

» Spatial Analysis: Geographic Information System (GIS) tools were employed to visualize
LST distributions across the city. Heat maps were generated to highlight areas of high
temperature, enabling the identification of hotspots that might require targeted urban

planning and environmental management.

» Correlation with Socioeconomic Factors: The analysis also considered socioeconomic
factors, such as population density to understand how these elements interacted with

urbanization and influenced LST patterns.
3.4.7  Statistical Analysis

In the analysis of Land Surface Temperature (LST) data, various statistical methods were
employed to uncover relationships and quantify the impacts of environmental factors. The
primary techniques used were correlation analysis and regression analysis. The results from
both the correlation and regression analyses were interpreted to draw meaningful conclusions
about the factors influencing LST. Statistical software (SPSS) was used for conducting
correlation analyses and multiple linear regressions, providing a comprehensive understanding

of the relationships between LST and its driving factors.
1. Correlation Analysis

The Pearson correlation coefficient was calculated to assess the strength and direction of the
linear relationship between LST and other variables, such as temperature, precipitation, and

humidity. The formula used to compute the Pearson correlation coefficient r is:
r=nx* (Qxy) — X0 Xy)/[n¥x2 — (Xx)2][nXy2 — (Xy)2]2
Where:

n = Number of paired observations
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x = Variable representing LST

y= Variable of interest (e.g., temperature, precipitation, humidity)
> xy = Sum of the product of paired scores

> x = Sum of LST values

>y = Sum of the other variable's values

Y'x* = Sum of the squares of LST values

Y'y*= Sum of the squares of the other variable's values

This analysis provided insights into how strongly each variable correlated with LST, helping
to identify key factors influencing temperature variations. The Pearson correlation coefficients
indicated the strength of the linear relationships between LST and the independent variables.
For example, a strong positive correlation with temperature would suggest that higher

temperatures are associated with increased LST.
2. Regression Analysis

Linear regression is a statistical method used to model the relationship between a dependent
variable and one or more independent variables. In the context of analyzing Land Surface
Temperature (LST), linear regression helps quantify how different factors, influence LST

values over time.

When only one independent variable is used to predict LST, the model is called simple linear

regression. The relationship is expressed in the following form:
LST=p0+pL1-X+¢€
Where:

LST = Dependent variable (Land Surface Temperature)
B0 = Intercept of the regression line
B1 = Coefficient for the independent variable X (e.g., temperature)

X = Independent variable
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€ = Error term (residuals)

Interpretation: The intercept B0 represents the expected value of LST when X is zero. The
coefficient 1 indicates the expected change in LST for a one-unit increase in X. For instance,
a positive coefficient for temperature would indicate that an increase in temperature would
lead to a corresponding increase in LST, while the coefficients for precipitation and humidity

could reveal their mitigating effects on LST.

By employing correlation and regression analyses, the study was able to quantify relationships
between LST and environmental factors effectively. This statistical analysis provided robust
insights that informed the understanding of temperature dynamics in relation to climatic
conditions, ultimately contributing to more informed decision-making in urban planning and

environmental management
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3.4.8 Work flow diagram
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Figure 3-6: Workflow diagram
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4 CHAPTER 4: Results and Discussion
4.1 Temporal Trend

Analysis of LST trends from 2002,2012,2017,2024, revealing whether LST is increasing,

decreasing, or remaining stable over the study period.
4.1.1 Spatiotemporal variation of LST of Kiremt Season

The following analysis explores the variations in land surface temperature (LST) during the

Kiremt season across the years 2002, 2012, 2017, and 2024.

The result demonstrated on Figure 4-1 and Table 4-1 shows that the minimum LST recorded
during the Kiremt season has experienced notable fluctuations over the selected years. It
started at 15.2°C in 2002, rising to 19.2°C in 2012, and then slightly decreased to 18.2°C in
2017. By 2024, the minimum temperature increased again to 20.6°C, indicating variability in

the cooler temperatures over time.

Maximum LST values demonstrate significant annual variability as well. The highest
temperature recorded was 32.8°C in 2017, which was relatively stable in the surrounding
years, peaking at 32°C in 2002 and 33.7°C in 2024, suggesting a range of warmer conditions

over the years.

The mean LST during these periods also varied, with an average of 23.6°C in 2002, increasing
to 26.1°C in 2012. The mean temperature slightly decreased to 25.5°C in 2017, before rising

again to 27.15°C in 2024, indicating an overall warming trend in the most recent years.

Table 4-1: Min, Max and Mean LST of Dire Dawa 2002 — 2024 Kiremt Season

Year 2002 2012 2017 2024

Min 15.2 19.2 18.2 20.6
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Figure 4-1: Landsat LST Map of Dire Dawa City 2002 — 2024 Kiremt




4.1.2  Spatiotemporal variation of LST of Belg Season

This analysis explores the variations in land surface temperature (LST) during the Belg season

in Dire Dawa City for the years 2002, 2012, 2017, and 2024.

The result demonstrated on Figure 4-2 and Table 4-2 reveals that the minimum LST recorded
during the Belg season shows notable fluctuations across the years. It began at 18.2°C in 2002,
rising to 19.5°C in 2012, before declining to 17.8°C in 2017. By 2024, the minimum
temperature increased to 20°C, indicating variability in cooler temperatures throughout the

period.

Maximum LST values reflect a gradual warming trend, starting at 33.2°C in 2002 and slightly
increasing to 33.5°C in 2012. This was followed by a small decrease to 32.9°C in 2017, with a

notable rise to 34.6°C in 2024, suggesting an upward trajectory in temperature over the years.

Mean LST data also align with this warming trend, beginning at 25.7°C in 2002 and
increasing to 26.5°C in 2012. Although there was a dip to 25.35°C in 2017, the average
temperature recovered to 27.3°C by 2024, reflecting a general trend toward higher
temperatures in the later years. The spatiotemporal variation of LST during the Belg season

highlights significant temperature fluctuations over time, with a noticeable warming Trend.

Table 4-2: Min, Max and Mean LST of Dire Dawa 2002 — 2024 Belg

Year 2002 2012 2017 2024
Min 18.2 19.5 17.8 20

Max 332 33.5 32.9 34.6
Mean 25.7 26.5 25.35 27.3
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Figure 4-2: LST Map of Dire Dawa City 2002 — 2024 Belg

4.1.3 Spatiotemporal variation of LST of Bega Season

This analysis examines the variations in land surface temperature (LST) in Dire Dawa City

during the Bega season for the years 2002, 2012, 2017, and 2024.
The result obtained on Figure 4-3 and Table 4-3 obtained reveals fluctuations in minimum
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LST across the selected years. It started at 18.3°C in 2002, dipped to a lower 17°C in 2012,
then increased slightly to 18°C in 2017, and rose again to 19.2°C by 2024.

In terms of maximum LST values, there was a notable peak of 36.92°C in 2024, indicating
higher temperatures compared to previous years. Specifically, the maximum temperatures
were 33.8°C in 2002, 34.3°C in 2012, and a moderate increase to 35°C in 2017, reflecting a

trend of rising temperatures.

The mean LST values exhibited similar variations, beginning at 26.05°C in 2002, slightly
declining to 25.65°C in 2012. This figure then increased to 26.5°C in 2017 before reaching a
higher average of 28.06°C in 2024. The spatiotemporal variation of LST during the Bega
season illustrates a general trend of rising temperatures over the years, with fluctuations in

minimum and maximum values

Table 4-3: Min, Max and Mean LST of Dire Dawa 2002 — 2024 Bega

Year 2002 2012 2017 2024
Min 18.3 17 18 19.2

Max 33.8 343 35 36.92
Mean 26.05 25.65 26.5 28.06
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Figure 4-3: Landsat LST Map of Dire Dawa City 2002 — 2024 Bega

4.1.4 Spatiotemporal variation of LST of Tseday Season

Figure 4-4 and Table 4-4 present an analysis of land surface temperature (LST) variations in
Dire Dawa City during the Tseday season for the years 2002, 2012, 2017, and 2024. LST is a
crucial environmental indicator that reflects urban heating effects and overall climatic

conditions.
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The dataset shows notable fluctuations in minimum LST across the years. It started at 15.4°C
in 2002, increased to 18.3°C in 2012, further rose to 19.9°C in 2017, and reached 21°C by

2024, indicating a steady upward trend in minimum temperatures.

In terms of maximum LST, the values displayed significant variation, with a peak of 38.4°C in
2024, demonstrating a substantial increase from 32.8°C in 2002 and 33.2°C in 2012, followed
by a rise to 34.6°C in 2017. This pattern highlights a progressive warming trend over the

years.

The mean LST also experienced fluctuations, beginning at 24.1°C in 2002, increasing to
25.75°C in 2012, and then rising again to 27.25°C in 2017. By 2024, the average LST reached
29.7°C, reflecting an overall warming trend during the Tseday season. the spatiotemporal
variation of LST during the Tseday season illustrates a consistent increase in both minimum

and maximum temperatures over the years.

Table 4-4: Min, Max and Mean LST of Dire Dawa 2002 — 2024 Tseday

Year 2002 2012 2017 2024
Min 15.4 18.3 19.9 21

Max 32.8 33.2 34.6 38.4
Mean 24.1 25.75 27.25 29.7
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Figure 4-4: Landsat LST Map of Dire Dawa City 2002 — 2024 Tseday

4.2 Seasonal Trend

In analyzing the seasonal variation of land surface temperature (LST) in Dire Dawa City
across the years 2002, 2012, 2017, and 2024, notable patterns emerge regarding temperature

fluctuations throughout each season.

In 2002, during the Kiremt season, the minimum LST was recorded at 15.2°C, with a

maximum of 32°C and a mean of 23.6°C. This season exhibited moderate temperatures. The
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Belg season showed a slight increase, with minimum temperatures at 18.2°C and maximums
reaching 33.2°C, resulting in a mean of 25.7°C. The Bega season began to reveal warmer
conditions, featuring a minimum LST of 17.51°C and a maximum of 37.44°C, leading to a
mean of 29.79°C. Finally, in the Tseday season, the minimum temperature was 15.4°C, the
maximum was 32.8°C, and the mean was 24.1°C, making this season warmer than Kiremt but

cooler than Bega. Thus, in 2002, Kiremt was the coolest season, while Bega was the warmest.

2012, the Kiremt season recorded a minimum LST of 19.2°C, with a maximum of 33°C and a
mean of 26.1°C, reflecting a warming trend. In the Belg season, temperatures rose slightly
again, with a minimum of 19.5°C, a maximum of 33.5°C, and a mean of 26.5°C. However, the
Bega season experienced a dramatic increase, with a minimum LST of 14.31°C, a peak of
42.31°C, and a mean of 32.76°C, indicating extreme heat. The Tseday season also warmed,
with a minimum of 18.3°C, maximum of 33.2°C, and a mean of 25.75°C. In this year, the

Belg season was the coolest, while Bega recorded the highest temperatures.

In 2017, the Kiremt season had a minimum LST of 18.2°C, with a maximum of 32.8°C and a
mean of 25.5°C, showing stability in temperature. The Belg season recorded a minimum of
17.8°C, maximum of 32.9°C, and mean of 25.35°C, maintaining warm conditions. The Bega
season showed significant heat, with a minimum of 16.14°C, a maximum of 38.81°C, and a
mean of 31.58°C. The Tseday season continued this trend, with a minimum LST of 19.9°C, a
maximum of 34.6°C, and a mean of 27.25°C. Thus, Kiremt was the coolest season in 2017,

while Bega remained the warmest.

Finally, in 2024, the Kiremt season recorded a minimum LST of 20.6°C, a maximum of
33.7°C, and a mean of 27.15°C, indicating a continued warming trend. The Belg season
showed similar patterns, with minimum temperatures at 20°C, maximums reaching 34.6°C,
and a mean of 27.3°C. The Bega season’s minimum LST rose to 17.45°C, with a maximum of
34.57°C and a mean of 29.21°C. The Tseday season registered the highest temperatures, with
a minimum of 21°C, maximum of 38.4°C, and a mean of 29.7°C. Therefore, in 2024, the Bega

season was the coolest, while Tseday was the warmest.
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Overall, throughout these years, Kiremt consistently represented the coolest temperatures,
whereas Tseday typically recorded the warmest conditions, highlighting a trend of increasing

temperatures across all seasons in Dire Dawa City.
4.3 Driving Factors
4.3.1 Land use land Cover Dynamics

Image Classification: According to Dire Dawa Administrative Council and Office (2012),
the land use/land covertypes have been grouped into four major classes. They are designated
as urban built up, physiognomic vegetation types, shrub land, and bare land. Table 4-5

Show the designated land use land cover type with their descriptions.

Table 4-5: Land-use/land-cover classes and description of the study area

LU/LC

No. Classes Descriptions LU/LC Classes

e Areas characterized by shrubs, bushes, and small trees,

offering minimal valuable timber, interspersed with grasses

1 Shrubs Land
and less dense than forests.

e Lands featuring a diverse mix of forests, woody plants,

trees, natural vegetation, gardens, parks, vegetated areas,

2 Vegetation )
agricultural fields, and crop lands.
e Areas occupied by residential and commercial buildings,
along with infrastructure such as roads, transportation
3 Built up

networks, industrial facilities, and mixed urban developments
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e Areas characterized by thin soil and rocky or sandy
surfaces, including deserts, dry salt flats, beaches, sand dunes,
exposed rock formations, strip mines, quarries, gravel pits,
4 Bare Land and non-vegetated landscapes dominated by rock outcrops,

roads, and eroded or degraded lands.

The supervised classification image of each year involves pixel categorizations by taking
training area for each class of LU/LC. After the training area assigned for each classes, the
classification activity was performed. For all the LU/LC classes bare land, Vegetation, shrub
land and Built-Up taken 20 training site. Areas in digital images were marked as signature
of individual identity and the field truth verification was adapted to represent LU/LC

classes.
4.3.1.1 Land use land cover change of 2002

Figure 4-5 Shows, in 2002, the land use and land cover across the four seasons exhibited
robust vegetation cover, reflecting a healthy natural environment. Bega showcased a
substantial vegetation area of 15,704.32 ha, accompanied by significant shrubland at
11,879.84 ha, while bare land measured 35,871.96 ha. Built-up areas were relatively low at
5,295.40 ha, indicating minimal urban development. In Belg, vegetation covered 11,171.72
ha, with shrubland at 10,583.20 ha, and bare land peaked at 42,922.52 ha. Built-up areas
were only 4,395.24 ha. Tseday had 8,986.96 ha of vegetation and 14,734.52 ha of shrubland,
with bare land at 41,338.92 ha and built-up areas at 4,033.52 ha. Kiremt boasted the highest
vegetation cover at 21,201.32 ha, with shrubland at 18,180.56 ha and bare land lower at
24,014.32 ha, while built-up areas were at 5,496.40 ha.
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Figure 4-5: Land use land cover change of 2002

4.3.1.2 Land use land cover change of 2012

Figure 4-6 Shows by 2012, significant changes occurred, marked by a noticeable decline in
vegetation across all seasons. In Bega, vegetation plummeted to 4,242.20 ha, a staggering
reduction of approximately 73%. However, shrub land increased to 19,106.64 ha, suggesting a
shift towards more resilient land cover. Bare land remained stable at 37,698.88 ha, while built-
up areas surged to 8,046.96 ha, indicating substantial urban expansion. Belg saw vegetation
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drop sharply to 4,039.52 ha, reflecting a 64% decline, while shrubland rose to 20,775.24 ha.
Bare land decreased to 33,887.60 ha, and built-up areas increased to 10,392.32 ha. In Tseday,
vegetation decreased to 6,586.84 ha, while shrubland saw a slight increase. Bare land
measured 39,662.76 ha, and built-up areas increased to 8,378.20 ha. Kiremt experienced a
drastic drop in vegetation to 7,277.68 ha, with stable shrubland and increased bare land at

37,142.28 ha. Built-up areas rose to 9,281.76 ha, showcasing ongoing urban pressure.
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Figure 4-6: Land use land cover change of 2012
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4.3.1.3 Land use land cover change of 2017

Figure 4-7 Shows in 2017, some regions began to show signs of recovery, although challenges
remained. Bega's vegetation saw a slight recovery to 6,750.80 ha, while shrubland increased to
15,265.40 ha, and bare land decreased to 33,268.20 ha. Built-up areas rose significantly to
13,657.60 ha. In Belg, vegetation rebounded slightly to 9,548.60 ha, with shrubland remaining
robust at 14,064.48 ha. Bare land saw minor fluctuations, settling at 34,715 ha, and built-up
areas grew to 10,709.68 ha. Tseday's vegetation increased to 8,076.12 ha, indicating recovery
efforts. Shrubland rose to 17,707.48 ha, while bare land decreased to 27,749.64 ha, and built-
up areas surged to 15,243.36 ha. Kiremt continued to experience a decline in vegetation to
3,571.16 ha, though shrubland remained stable at 19,691.20 ha. Bare land measured 26,978.08

ha, while built-up areas increased to 18,205.28 ha, reflecting ongoing urbanization.
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Figure 4-7: Land use land cover change of 2017

4.3.1.4 Land use land cover change of 2024

Figure 4-8 Shows by 2024, trends varied, with some areas facing continued challenges while
others showed stabilization. In Bega, vegetation declined again to 4,076.40 ha, while
shrubland peaked at 18,748.20 ha, and bare land decreased to 26,644.20 ha. Built-up areas
expanded to 19,625.88 ha, highlighting rapid urban growth. Belg's vegetation stabilized at
7,876.08 ha, and shrubland reached 14,744 ha. Bare land dropped to 30,015.48 ha, suggesting
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a potential shift towards more vegetative cover, while built-up areas continued to grow,
reaching 16,459.12 ha. Tseday's vegetation saw a slight drop to 7,384.36 ha, with shrubland
increasing. Bare land decreased to 26,235.04 ha, and built-up areas rose to 18,411.56 ha. In
Kiremt, vegetation increased slightly to 5,986.00 ha, with stable shrubland. Bare land
decreased to 24,098 ha, while built-up areas surged to 19,057 ha, underscoring the trend of

urban expansion.
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Figure 4-8: Land use land cover change of 2024
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Overall, the data reveals a clear trend of decreasing vegetation cover and increasing built-up
areas across all seasons, indicative of urbanization and land use change. Shrubland has
generally increased, reflecting adaptive land management practices, while bare land has shown

fluctuations but is trending downward.
4.3.2 Temporal Land Use and Land Cover change
4.3.2.1 Spatio-Temporal Variation of Land Use land cover change in bega season

In the Bega season, land use and land cover have shown notable variations over the years.
Vegetation decreased dramatically from 15,704.32 ha in 2002 to just 4,076.40 ha in 2024,
reflecting significant urban expansion and land conversion pressures. Conversely, shrubland
increased from 11,879.84 ha to 18,748.20 ha, indicating a shift towards more resilient
landscapes. Bare land exhibited fluctuations, peaking at 35,871.96 ha in 2002 before declining
to 26,644.20 ha in 2024, suggesting some recovery of vegetative cover. Built-up areas
expanded considerably from 5,295.40 ha in 2002 to 19,625.88 ha in 2024, underscoring the

region's rapid urbanization.
4.3.2.2 Spatio-Temporal Variation of Land Use land cover change in belg season

In the Belg season, vegetation decreased from 11,171.72 ha in 2002 to 7,876.08 ha in 2024,
reflecting ongoing pressures from urban development. Shrubland increased from 10,583.20 ha
to 14,744 ha, indicating a potential shift in land management practices. Bare land fluctuated,
peaking at 42,922.52 ha in 2002 before decreasing to 30,015.48 ha, while built-up areas grew
significantly from 4,395.24 ha to 16,459.12 ha, highlighting urban sprawl.

4.3.2.3 Spatio-Temporal Variation of Land Use land cover change in Tseday season

For the Tseday season, vegetation started at 8,986.96 ha in 2002 and decreased to 7,384.36 ha
in 2024. Shrub land remained relatively stable, rising slightly over the years. Bare land also
decreased from 41,338.92 ha to 26,235.04 ha, suggesting a reduction in barren areas. Built-up

areas increased from 4,033.52 ha to 18,411.56 ha, indicating increasing urban development
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pressures
4.3.2.4 Spatio-Temporal Variation of Land Use land cover change in Tseday season

In the Kiremt season, vegetation peaked at 21,201.32 ha in 2002 but fell sharply to 5,986 ha
by 2024, demonstrating significant land use changes. Shrub land remained stable, while bare
land fluctuated before settling at 24,098 ha. Built-up areas rose significantly from 5,496.40 ha
to 19,057 ha, reflecting a trend of urban expansion across the landscape. Overall, the data
illustrates a complex interplay between natural land cover types and urban development

pressures across all seasons.

Table 4-6 Shows the land use land cover change every class over the study year and seasons.
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Table 4-6: Land Use Land Cover Change of 2002,2012,2017,2024 Over four seasons

Bare Total Bare | Built
Vegetation  Shrubland = Land Built Up  Area Vegetation  Shrubland Land = Up

Season  Year  (ha) (ha) {ha) (ha) (ha) (%) (%) (%) (%)
Eega 2002 | 1570432 1187554 3587196 | 529540 | BETRIIZ 0 2283 17.27 5217 | 7.A
Bega 2M2 | 424220 1910664 37698.38  60M6.96 3909465 1084 4591 951 | 2062
Bega 217 | 6750.80 1326540 3326820 | 1365760 @ 4423200 1534 3468 7362 | 3083
Bega 2024 | 407640 18748.20 2664420 | 19625.85 6119468 658 30.21 4302 | 3167
Belg 2002 | 1117172 10583.20 4292252 | 439524 BB4T2EE | 1633 1548 6273 | 643
Belg 2012 | 4038.52 20775.24 3388760 1039232 6933468 581 2992 4590 1497
Belg 2017 | 9548.60 1406445 3471500 | 1070968  6BO3TTe | 1385 20.39 5037 | 1547
Belg 2024 TETROE 1474400 3001548 @ 1645912 BBSB4EE 1143 2137 4361 | 2387
Tseday 2002 895696 1473452 4133892 403352 7319392 | 1229 2013 5646 | 550
Teeday 2012 | 6556.84 14453.76 3866276 | 837520 | T00B1Se | 839 20,80 5663 | 1158
Teeday =~ 2017 | 8076.12 1770748 2774964 | 1524336 BBETRED 1174 25,69 4033 | 2214
Tseday 2024 T3436 1705564 2623504 | 1341156  6BEBGED | 1071 2478 3805 | 2683
Kremt = 2002 | 21201.32 1815056 2401432 | 54940 | 6BIG2ZE0 3109 26,69 3523 | 806
Kremt | 2012 | 727165 1463316 3714228 9251.76 6BE3485 1059 21.26 5405 | 1348
Kremt | 2017 | 357116 19691.20 2697806 @ 1820526  eBB4STZ | 519 26,60 3819 2643
Kiremt 2024 = 5986.00 19953.00 2409800 @ 1905700 6BES400  BEY 2896 3499 | 2759

4.3.3 Spatial distribution of NDVI
4.3.3.1 Spatial distribution of NDVI Kiremt Season

Table 4-7 and Figure 4-9 provide a statistical overview of the Normalized Difference
Vegetation Index (NDVI) for Kiremt season across four selected years: 2002, 2012, 2017, and
2024. NDVI values, which range from -1 to 1, are essential for assessing vegetation coverage

in the area.

The minimum NDVI values indicate varying levels of vegetation stress over the years. In
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2002, the minimum NDVI recorded was -0.002, which slightly worsened to -0.007 in 2012.
There was a further decline to -0.008 in 2017, and this deteriorated further to -0.022 in 2024.
These fluctuations highlight the changing stress levels experienced by vegetation throughout

this period.

Maximum NDVI values show significant variation, with 2024 reaching a peak of 0.4632,
suggesting healthier vegetation compared to earlier years. The maximum NDVI values for the
preceding years were 0.3648 in 2002, 0.382 in 2012, and 0.305 in 2017. This progression

indicates a notable improvement in vegetation cover by 2024.

Mean NDVI values reflect average vegetation health, with 2002 showing a mean of 0.1834,
which slightly increased to 0.1875 in 2012. However, the mean dropped to 0.1485 in 2017
before rising again to 0.2206 in 2024. This pattern illustrates fluctuations in overall vegetation,
with a notable recovery in the most recent year. Standard deviation values provide insight into
the spatial variability of NDVI across the years. The highest standard deviation was observed
in 2024 at 0.241, indicating greater variability in vegetation cover, while 2017 had a lower
variability at 0.157. This suggests that 2024 experienced a more diverse range of vegetation

types and conditions compared to earlier years.

Table 4-7: Normalized difference vegetation index results from 2002 — 2024 Kiremt

Year 2002 2012 2017 2024
Min -0.002 -0.007 -0.008 -0.022
Max 0.3648 0.382 0.305 0.4632
Mean 0.1834 0.1875 0.1485 0.2206
St _Div 0.1839 0.1947 0.157 0.241
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Figure 4-9: NDVI Map of Dire Dawa City from 2002 — 2024 Kiremt

4.3.3.2 Spatial distribution of NDVI Belg Season

Table 4-8 and Figure 4-10 provide a statistical analysis of the Normalized Difference
Vegetation Index (NDVI) during the Belg season across four distinct years: 2002, 2012, 2017,
and 2024. NDVI values, which are essential for assessing the health and density of vegetation,

range from -1 to 1.
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In 2002, the minimum NDVI was recorded at -0.364, indicating considerable vegetation stress.
This situation improved over the following years, with minimum values rising to -0.069 in

2012, -0.043 in 2017, and -0.036 in 2024, suggesting a gradual recovery in vegetation health.

Maximum NDVI values also show significant changes in vegetation quality. The peak value
was 0.411 in 2002, which increased to 0.571 in 2012, reflecting healthier vegetation
conditions. However, this value declined to 0.473 in 2017, before slightly improving to 0.552

in 2024. These variations indicate fluctuations in vegetation health throughout the years.

The mean NDVI values provide an average measure of vegetation health, starting at a low of
0.0235 in 2002. This value rose significantly to 0.251 in 2012, indicating better vegetation
conditions. In 2017, the mean decreased slightly to 0.215, but then improved again to 0.258 in
2024, reflecting an overall positive trend in vegetation health during the Belg season. Standard
deviation values highlight the variability of NDVI across the years. In 2002, the standard
deviation was quite high at 0.548, suggesting considerable fluctuations in vegetation
conditions. This decreased to 0.452 in 2012 and further to 0.365 in 2017, while rising slightly
to 0.414 in 2024. This indicates that while there was some variability in vegetation cover, it

generally became more consistent over time.

Table 4-8: Normalized difference vegetation index results from 2002 — 2024 Belg

Year 2002 2012 2017 2024
Min -0.364 -0.069 -0.043 -0.036
Max 0.411 0.571 0.473 0.552
Mean 0.0235 0.251 0.215 0.258
St _Div 0.548 0.452 0.365 0.414
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Figure 4-10: NDVI Map of Dire Dawa City from 2002 — 2024 Belg

4.3.3.3 Spatial distribution of NDVI Bega Season

Table 4-9 and Figure 4-11 present the NDVI statistics for the Bega season across the years
2002, 2012, 2017, and 2024, highlighting variations in vegetation health and coverage. NDVI
values, which measure vegetation greenness on a scale from -1 to 1, exhibited notable

differences over the years.
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The minimum NDVI values recorded were -0.022 in 2002, -0.063 in 2012, -0.024 in 2017, and
-0.021 in 2024, indicating relatively stable but low levels of vegetation health throughout this
period. Although these values remained low, the slight fluctuations suggest some variability in

the least vegetative conditions.

Maximum NDVI values showed a more positive trend, starting at 0.387 in 2002 and
increasing to 0.536 in 2012. This value slightly declined to 0.419 in 2017 but recovered to
0.495 in 2024, demonstrating overall stability and improvements in the healthier vegetation

observed over the years.

Mean NDVI values reflect contrasting vegetation conditions, with a modest value of 0.1825 in
2002, rising to 0.2365 in 2012. In 2017, the mean value decreased to 0.1975, but it
experienced a notable increase to 0.237 in 2024, suggesting a recovery in average vegetation
health by the end of the analyzed period. The standard deviation values, which indicate the
spatial variability of NDVI, were lowest in 2002 at 0.289 and peaked in 2012 at 0.423,
showing greater variability in vegetation distribution. The values then decreased to 0.316 in
2017 and rose again to 0.365 in 2024, suggesting a fluctuating but gradually stabilizing

vegetation cover across the years.

Table 4-9: Normalized difference vegetation index results from 2002 — 2024 Bega

Year 2002 2012 2017 2024
Min -0.022 -0.063 -0.024 -0.021
Max 0.387 0.536 0.419 0.495
Mean 0.1825 0.2365 0.1975 0.237
St _Div 0.289 0.423 0.316 0.365
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Figure 4-11: NDVI Map of Dire Dawa City from 2002 — 2024 Bega

4.3.3.4 Spatial distribution of NDVI Tseday Season

Table 4-10 and Figure 4-12 display the NDVT statistics for the Tseday season across the years
2002, 2012, 2017, and 2024, highlights variations in vegetation health and coverage.

96



The minimum NDVI values recorded were - 0.069in 2002, -0.014 in 2012, -0.020 in 2017, and
-0.036 in 2024. These figures indicate a significant improvement in the least vegetative

conditions over time, particularly a marked recovery from the very low value in 2002.

Maximum NDVI values demonstrated a positive trend, starting at 0.571in 2002 and decreasing
to 0.502 in 2012. This value saw slight variations, with 0.426 in 2017 and rising to 0.600 in
2024. This increase reflects healthier vegetation over the years and suggests an overall

improvement in vegetation coverage.

The mean NDVI values illustrate contrasting conditions throughout the period, beginning with
a mean of 0.251in 2002. This value rose significantly to 0.244 in 2012, reflecting better
vegetation health. In 2017, the mean decreased slightly to 0.203, but it improved again in 2024
to 0.282, indicating a recovery in average vegetation health over the years. Standard deviation
values indicate the spatial variability of NDVI. In 2002, the standard deviation was quite high
at 0.571, suggesting considerable variability in vegetation distribution. This value decreased to
0.365 in 2012 and further dropped to 0.3147 in 2017, before rising again to 0.4497 in 2024,

indicating fluctuations in vegetation cover consistency across the years.

Table 4-10: Normalized difference vegetation index results from 2002 — 2024 Tseday

Year 2002 2012 2017 2024
Min - 0.069 -0.014 -0.020 -0.036
Max 0.571 0.502 0.426 0.600
Mean 0.251 0.244 0.203 0.282
St. Div 0.320 0.365 0.3147 0.4497
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Figure 4-12: NDVI Map of Dire Dawa City from 2002 — 2024 Tseday

4.3.4 Spatial distribution of NDBI
4.3.4.1 Spatial distribution of NDBI Kiremt Season

Table 4-11 and Figure 4-13 provide an analysis of the NDBI values for the Kiremt season
across the years 2002, 2012, 2017, and 2024, offering insights into changes in built-up areas.
The NDBI, an indicator used to assess urbanization, spans values from -1 to 1, where positive

values suggest greater built-up density.
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The minimum NDBI values have demonstrated significant variability over the years, starting
from -0.231 in 2002 and fluctuating slightly to -0.238 in 2012 and -0.162 in 2017, before
decreasing further to -0.292 in 2024. This pattern indicates some instability in the least built-

up areas over the analyzed period.

Maximum NDBI values indicate a consistent presence of built-up areas, peaking at 0.434 in
2002. This value decreased in subsequent years, reaching 0.244 in 2012 and 0.247 in 2017,
before experiencing a notable recovery to 0.660 in 2024. This suggests an overall increase in

built-up density in the later years.

Mean NDBI values reflect predominantly low averages, indicating a general scarcity of built-
up areas throughout the years. The least negative mean was observed in 2002 at 0.1015, while
2012 saw a drop to nearly neutral at 0.003. The mean improved slightly to 0.0425 in 2017 and

rose to 0.184 in 2024, showing a trend toward increased built-up density over time.

Standard deviation values, which indicate the variability of NDBI, were highest in 2024 at
0.672, suggesting greater fluctuations in built-up area distribution compared to previous years.
In contrast, the standard deviation was lower in 2012 at 0.341 and decreased further to 0.289

in 2017, indicating a more stable spatial distribution of built-up areas in those years.

Table 4-11: Normalized difference Built Up index results from 2002 — 2024 Kiremt

Year 2002 2012 2017 2024
Min -0.231 -0.238 -0.162 -0.292
Max 0.434 0.244 0.247 0.660
Mean 0.1015 0.003 0.0425 0.184
St _Div 0.4705 0.341 0.289 0.672
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Figure 4-13: NDBI Map of Dire Dawa City from 2002 — 2024 Kiremt

4.3.4.2 Spatial distribution of Normalized differential built up index Belg Season

Table 4-12 and Figure 4-14 present the NDBI values for the Belg season across the years
2002, 2012, 2017, and 2024, providing insights into urban expansion and dynamics of built-

up arcas.
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The minimum NDBI values showed a decline from -0.289 in 2002 to -0.370 in 2012,
indicating increasing sparsity of built-up areas. This trend improved slightly in 2017 to -
0.283, but then deteriorated again to -0.413 in 2024, suggesting fluctuations in the least

developed areas over time.

Maximum NDBI values reflected the peak extent of built-up areas, reaching 0.229 in 2002,
increasing to 0.293 in 2012, and slightly rising to 0.236 in 2017. By 2024, this value
improved further to 0.350, indicating notable urban development in the most recent year

compared to earlier periods.

Mean NDBI values varied throughout the years, starting with a near-neutral average of -0.030
in 2002. This average dropped to -0.0385 in 2012, remaining low in subsequent years with -
0.0235 in 2017 and -0.0315 in 2024. These figures indicate a persistent scarcity of built-up
areas across the analyzed years. Standard deviation values, which indicate the variability of
NDBI, remained relatively consistent, with the lowest variability observed in 2024 at 0.539.
This suggests a more homogeneous distribution of built-up areas in that year, while values
were slightly higher in previous years, indicating greater variability in built-up area

distribution.

Table 4-12: Normalized difference Built Up index results from 2002 — 2024 Belg

Year 2002 2012 2017 2024
Min -0.289 -0.370 -0.283 -0.413
Max 0.229 0.293 0.236 0.350
Mean —0.030 —0.0385 —0.0235 —0.0315
St _Div 0.366 0.469 0.368 0.539
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Figure 4-14: NDBI Map of Dire Dawa City from 2002 — 2024 Belg

4.3.4.3 Spatial distribution of Normalized differential built up index Bega Season

Table 4-13 and Figure 4-15 analyze the NDBI values for the Bega season across the years
2002, 2012, 2017, and 2024, providing insights into urbanization dynamics over time. The
NDBI is essential for assessing the extent of built-up areas, with values ranging from -1 to 1,

where higher positive values signify increased urban density.
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The minimum NDBI values show an improvement in the least developed areas, starting at -
0.273 in 2002 and improving to -0.343 in 2024. The lowest recorded value occurred in 2012

at -0.368, indicating a temporary setback in built-up area development during that year.

Maximum NDBI values reflect the extent of built-up presence, with a peak of 0.474 in 2002,
followed by a decrease to 0.392 in 2012. This downward trend continued, reaching 0.228 in
2017 and further declining to 0.294 by 2024, suggesting a reduction in urban expansion over

these years.

Mean NDBI values exhibit varying trends, peaking at 0.1005 in 2002, then dropping to 0.012
in 2012. The mean further declined to -0.0125 in 2017 and continued to decrease to -0.0245 in
2024. These changes indicate fluctuations in average urban density across the years. Standard
deviation values, which reflect the variability of NDBI, were highest in 2012 at 0.537,
suggesting considerable variation in built-up area distribution during that time. By 2024, the

standard deviation decreased to 0.450, indicating a more uniform distribution of built-up areas.

Table 4-13: Normalized difference Built Up index results from 2002 — 2024 Bega

Year 2002 2012 2017 2024
Min -0.273 -0.368 -0.253 -0.343
Max 0.474 0.392 0.228 0.294
Mean 0.1005 0.012 —0.0125 —0.0245
St _Div 0.528 0.537 0.338 0.450
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Figure 4-15: NDBI Map of Dire Dawa City from 2002 — 2024 Bega

4.3.4.4 Spatial distribution of Normalized differential built up index Tseday Season

Table 4-14 and Figure 4-16 analyze the NDBI values for the Tseday season across the years
2002, 2012, 2017, and 2024, providing insights into urbanization dynamics over time. The
NDBI is essential for assessing the extent of built-up areas, with values ranging from -1 to 1,

where higher positive values indicate increased urban density.
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The minimum NDBI values reflect an improvement in the least developed areas, beginning at
-0.283 in 2002 and decreasing to -0.350 in 2024. The lowest recorded value occurred in 2012
at -0.298, highlighting a temporary reduction in built-up area development during that year.

Maximum NDBI values indicate the extent of built-up presence, peaking at 0.236 in 2002.
This value declined significantly to 0.255 in 2012 and further decreased to 0.246 in 2017. By
2024, the maximum NDBI value showed a slight recovery to 0.369, suggesting some

improvement in urban expansion in the latest year.

Mean NDBI values displayed varied trends, starting at a neutral average of 0.0234in 2002,
followed by a decline into negative territory in 2012 (-0.298). The mean remained close to
zero in 2017 at 0.001 and improved slightly to 0.0095 by 2024, indicating overall fluctuations

in average urban density throughout the period.

Standard deviation values, which indicate the variability of NDBI, were highest in 2002 at
0.260, suggesting significant variation in built-up area distribution. In 2012, this value
decreased to 0.390, and then further declined to 0.346 in 2017, before rising again to 0.5085 in
2024, indicating a more uniform distribution of built-up areas in the most recent year

compared to earlier periods.

Table 4-14: Normalized difference Built Up index results from 2002 — 2024 Tseday

Year 2002 2012 2017 2024
Min -0.283 -0.298 -0.244 -0.350
Max 0.236 0.255 0.246 0.369
Mean 0.0234 -0.298 0.001 0.0095
St _Div 0.260 0.39 0.346 0.5085
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Figure 4-16: NDBI Map of Dire Dawa City from 2002 — 2024 Bega
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4.4 Comparative Analysis
4.4.1 Impact of land use land cover on land surface temperature in each season for 2002

In 2002, the relationship between land use and land cover (LU/LC) types—specifically
vegetation, shrub land, bare land, and built-up areas—played a crucial role in influencing land

surface temperatures (LST) during the various seasons of Dire Dawa City.
Kiremt Season

During the Kiremt season, which recorded a minimum LST of 15.2°C and a maximum of 32°C
(mean: 23.6°C), vegetation cover contributed significantly to maintaining moderate
temperatures. Areas dominated by vegetation typically exhibited lower surface temperatures
due to the cooling effects of evapotranspiration. In contrast, shrub lands, while slightly warmer
than fully vegetated areas, still provided some cooling benefits. The presence of bare land,
characterized by its exposed surfaces, likely contributed to higher temperature extremes within
this season. Built-up areas, with their impervious surfaces, would also have elevated the LST,
particularly near urban centers, thereby contrasting with the cooler temperatures found in more

vegetated regions.
Belg Season

In the Belg season, which experienced a slight warming with minimum temperatures rising to
18.2°C and maximums reaching 33.2°C (mean: 25.7°C), the impact of land cover became more
pronounced. The increase in temperatures can be partially attributed to a reduction in vegetative
cover as land is often prepared for agricultural purposes during this time. Shrub lands may still
have moderated temperatures somewhat, but areas transitioning to bare land or built-up regions
would have seen increased LSTs. This suggests that as urban areas expand and agricultural
activities shift land use patterns, the overall cooling effect of vegetation diminishes, leading to

warmer surface temperatures.

Bega Season
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The Bega season marked a significant increase in warmth, with a minimum LST of 17.51°C, a
maximum of 37.44°C (mean: 29.79°C), making it the warmest season of the year. The impact
of built-up areas became especially relevant during this season, as urbanization typically peaks.
The extensive impervious surfaces of urban environments contribute to the urban heat island
effect, which is responsible for the notably high maximum LSTs. Areas with bare land may
also have recorded elevated temperatures, especially if they are located in proximity to urban
zones. Conversely, regions with dense vegetation could help mitigate some of this heat, but
their influence may have been insufficient to counteract the warming effects of urban

development.
Tseday Season

In the Tseday season, the minimum LST recorded was 15.4°C, with a maximum of 32.8°C and
a mean of 24.1°C. This season was warmer than Kiremt but cooler than Bega. Vegetated areas
would still offer some cooling benefits, while shrub lands would begin to show higher
temperatures as the dry season progresses. The presence of bare land could lead to increased
LST due to heat retention, particularly in areas devoid of vegetation. Built-up regions continued
to contribute to higher temperatures, particularly during the day, reflecting a consistent trend of

urbanization impacting local climates.

The analysis of land use and land cover change in 2002 illustrates a clear connection between
land cover types and land surface temperatures across different seasons. Vegetation and shrub
lands generally provided cooling effects, while bare land and built-up areas contributed to
increased temperatures, especially in urban environments. The shift in land use patterns over

time highlights the importance of maintaining vegetative cover in urbanizing areas.
4.4.2 Impact of land use land cover on land surface temperature in each season for 2012

By 2012, land surface temperatures (LST) in Dire Dawa City reflected an ongoing warming
trend, influenced significantly by changes in land use and land cover (LU/LC) types—

specifically vegetation, shrub land, bare land, and built-up areas.

108



Kiremt Season

During the Kiremt season, minimum LST rose to 19.2°C, with a maximum of 33°C and a
mean of 26.1°C. This increase can be attributed to a decline in vegetative cover, which has
been largely replaced by agricultural activities and urban development. While vegetation still
plays a role in cooling, the expanded areas of bare land, often associated with agricultural
preparation, likely contributed to higher temperatures. Built-up areas further exacerbate this

warming, creating urban heat islands that affect local microclimates.
Belg Season

In the Belg season, minimum temperatures increased to 19.5°C, with maximums reaching
33.5°C (mean: 26.5°C). This slight uptick in warmth reflects the ongoing impact of land cover
change. The conversion of vegetated land to agricultural use and the expansion of urban areas
diminished the cooling effects that extensive greenery would provide. Shrub lands, while still
present, may have lost some of their cooling capacity as they are often encroached upon by
urban development. Consequently, the Belg season experienced a noticeable increase in

temperatures compared to previous years.
Bega Season

The Bega season saw a dramatic shift, with a minimum LST of 14.31°C and an extreme
maximum of 42.31°C (mean: 32.76°C), solidifying its status as the warmest season. The
influence of built-up areas was particularly pronounced, as urban environments contributed
significantly to the extreme temperature highs. The expansion of impervious surfaces such as
roads and buildings intensified the urban heat island effect, leading to substantial increases in
LST. Although vegetation and shrub lands can mitigate heat, their relative presence
diminished as urbanization advanced, resulting in less effective temperature regulation during

this season.

Tseday Season
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The Tseday season also experienced rising temperatures, with a minimum of 18.3°C, a
maximum of 33.2°C, and a mean of 25.75°C. While still warmer than Kiremt and Belg, this
season’s temperatures indicate that the changes in land cover, particularly the reduction of
vegetation, have continued to affect thermal dynamics. Areas of bare land likely contributed to
the rising temperatures, especially during the day when heat retention is most pronounced.
Built-up areas maintained their role in elevating surface temperatures, reinforcing the trends

observed in the previous seasons.

The impact of land use and land cover change in 2012 underscores the relationship between
LU/LC types and land surface temperatures across the seasons. The loss of vegetative cover,
coupled with the expansion of built-up and bare land areas, has contributed to a consistent
warming trend. The Kiremt season remained the coolest, while the Bega season was the
warmest, illustrating the need for sustainable land management practices that prioritize

vegetation to mitigate rising temperatures in urbanizing regions.

4.4.3 Impact of land use land cover Change on land surface temperature in each season for

2017

In 2017, the impact of land use and land cover (LU/LC) change on land surface temperature
(LST) in Dire Dawa City became increasingly apparent across the different seasons. The
interplay between vegetation, shrub land, bare land, and built-up areas significantly influenced

temperature dynamics.
Kiremt Season

During the Kiremt season, the minimum LST was recorded at 18.2°C, with a maximum of
32.8°C and a mean of 25.5°C. The relatively stable temperatures suggest that while vegetation
cover remained, its effectiveness in cooling was diminished compared to previous years. The
ongoing conversion of green spaces to agricultural and urban developments contributed to this

change. The presence of shrub lands may have helped maintain some cooling effects, but the
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encroachment of built-up areas likely offset these benefits, leading to a slight increase in

temperatures.
Belg Season

The Belg season experienced a minimum LST of 17.8°C, maximum of 32.9°C, and a mean of
25.35°C. This continued warmth indicates that the shift from vegetated areas to agricultural
use was prevalent. As shrub lands and open spaces were replaced with crops or urban
structures, the ability of the landscape to moderate temperatures lessened. The expansion of
bare land and impervious surfaces contributed to higher daytime temperatures, making this
season slightly warmer than Kiremt, yet still lower than the extremes observed in other

seasons.
Bega Season

In the Bega season, the minimum LST was 16.14°C, with a maximum of 38.81°C and a mean
of 31.58°C, further solidifying its status as the warmest season of the year. The extreme
maximum temperature reflects the significant impact of built-up areas, which contribute to the
urban heat island effect. As urbanization continued, vegetation cover diminished, resulting in
less thermal regulation. The increase in bare land areas, combined with the heat-retaining

qualities of concrete and asphalt, intensified the warming trend during this season.
Tseday Season

The Tseday season saw a rise in minimum temperatures to 19.9°C, with a maximum of 34.6°C
and a mean of 27.25°C. This season maintained its warmth, driven largely by the loss of
vegetative cover and the expansion of built-up areas. The increase in bare land likely
contributed to higher temperatures, especially during the day when heat accumulation is most
significant. Although temperatures were elevated, the presence of some shrub land may have

provided minor cooling effects, but overall, the trend leaned towards higher LST.
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The impact of land use and land cover change in 2017 demonstrates a clear relationship
between LU/LC types and land surface temperatures across the seasons. The cooling effect of
vegetation has been compromised by urban expansion and increased bare land, resulting in a

consistent warming trend.

4.4.4 TImpact of land use land cover Change on land surface temperature in each season for

2024

By 2024, the trend of rising land surface temperatures (LST) in Dire Dawa City was
markedly influenced by ongoing changes in land use and land cover (LU/LC). The
interactions among vegetation, shrub land, bare land, and built-up areas significantly

affected temperature variations across different seasons.
Kiremt Season

In the Kiremt season, minimum LST reached 20.6°C, with a maximum of 33.7°C and
a mean of 27.15°C. This represents a noticeable increase compared to previous years.
The rise in temperatures can be attributed to the reduction of vegetative cover, as
areas previously rich in greenery were converted for urban and agricultural purposes.
The loss of vegetation, which traditionally provided cooling through shade and
evapotranspiration, likely contributed to the warming trend observed in this season.
Shrub land areas may have provided some insulation, but overall, the encroachment

of built-up regions diminished their effectiveness.
Belg Season

The Belg season recorded a minimum LST of 20°C, a maximum of 34.6°C, and a
mean of 27.3°C. This warming reflects continued urban development and the
transformation of natural landscapes into agricultural and built-up areas. The increase
in impervious surfaces, such as roads and buildings, has contributed to heat retention,
resulting in higher average temperatures. As shrub and vegetative lands were

replaced, the thermal regulation capacity of the landscape diminished, causing this
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season to remain consistently warm.
Bega Season

In the Bega season, the minimum LST was recorded at 17.45°C, with a maximum of
34.57°C and a mean of 29.21°C. While these temperatures were high, they were
lower than those seen in previous years. The shift may be attributed to a slight
increase in remaining vegetative cover or changes in seasonal weather patterns.
However, the prevalence of built-up areas continued to exert a warming influence.
The persistence of bare land also played a role, contributing to the overall heat load

experienced during this season.
Tseday Season

The Tseday season exhibited the highest temperatures, with a minimum LST of 21°C,
a maximum of 38.4°C, and a mean of 29.7°C. This dramatic warming underscores the
significant impact of land use changes, particularly the expansion of built-up areas
that trap heat and create an urban heat island effect. The reduction of vegetative cover
has led to higher daytime temperatures, as bare land areas absorb and retain heat. The
combination of urbanization and loss of natural vegetation has rendered this season

the warmest, further emphasizing the need for sustainable land management practices.

The impact of land use and land cover change in 2024 highlights a continuing trend
of rising land surface temperatures across all seasons. The reduction in vegetation and
shrub land, coupled with the expansion of built-up areas and bare land, has
contributed to higher temperatures, especially during the Kiremt and Tseday seasons.
As Bega became the coolest season, it reflects the ongoing changes in the landscape
and climate. These findings underscore the importance of implementing strategies
that promote the preservation of natural vegetation and sustainable urban

development to mitigate the effects of rising temperatures in the region..
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4.5 Relation between Spectral Indices and LST Seasonally
4.5.1 Relation between NDVI and LST Kiremt Season

Figure 4-17 shows, the analysis of correlation equations for the Kiremt season in the years
2002, 2012, 2017, and 2024 reveals a consistent moderately strong negative relationship
between NDVI and LST. In 2002, the equation y=—21.09x+24.26 shows a Pearson correlation
of -0.48, indicating that as NDVI increases, LST decreases. This relationship is supported by
the R? value of 0.480, which signifies a reasonably strong relationship between the variables.
The correlation remains consistent in subsequent years, reflecting a significant inverse
relationship. Overall, the examination of the Pearson correlation indicates that the relationship
between NDVI and LST was notably strong, maintaining a moderately high negative

correlation across all years for Kiremt.

40 y=-21.09x + 24.26 R*=-0.480
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Figure 4-17: NDVI and LST relation for Kiremt Season

4.5.2 Relation between NDVI and LST Belg Season

Figure 4-18 shows, the analysis of correlation equations for the Belg season in the years 2002,
2012, 2017, and 2024 reveals a consistent negative relationship between NDVI and LST. The

equation y=—19.118x+2245 shows an R2 value of 0.2874, indicating a moderate correlation
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where an increase in NDVI corresponds to a decrease in LST. While the strength of this
relationship is less robust than in previous years, it still demonstrates a negative trend,
suggesting that as vegetation increases, surface temperatures tend to decrease. Overall, the
findings indicate that the negative correlation between NDVI and LST remains significant

across the analyzed years for the Belg season..

y =-19.118x + 22.45
R?=0.2874
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S
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Figure 4-18: NDVI and LST relation for Belg Season
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4.5.3 Relation between NDVI and LST Bega Season

Figure 4-19 shows, the analysis of correlation equations for the Belg season in the years 2002,
2012, 2017, and 2024 reveals a consistent negative relationship between NDVI and LST. The
equation y=—26.943x+35.113 shows an R? value of 0.2959, indicating a moderate correlation
where an increase in NDVI corresponds to a decrease in LST. This suggests that as vegetation
cover increases, land surface temperatures tend to decrease, reinforcing the significance of
vegetation in mitigating urban heat effects. Overall, the findings demonstrate a meaningful

negative correlation between NDVI and LST across the analyzed years for the Belg season.

y =-26.943x + 35.113

40

30 m

0 0.1 0.2 0.3 0.4

NDVI

LST

20

Figure 4-19: NDVI and LST relation for Bega Season

4.5.4 Relation between NDVI and LST Tseday Season

Figure 4-20 shows, the analysis of correlation equations for the Belg season in the years 2002,
2012, 2017, and 2024 reveals a strong negative relationship between NDVI and LST. The
equation y=—19.028x+31.022 exhibits an R® value of 0.5447, indicating a significant
correlation where increases in NDVI correspond to decreases in LST. This suggests that

higher vegetation cover effectively reduces land surface temperatures, highlighting the
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importance of maintaining and enhancing green spaces to mitigate urban heat. Overall, the
results reflect a robust negative correlation between NDVI and LST for the Belg season across

the examined years.

y =-19.028x + 31.022
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Figure 4-20: NDVI and LST relation for Bega Season

4.5.5 Relation between NDBI and LST Kiremt Season

Figure 4-21 shows, the analysis of the correlation for NDBI in the Kiremt season reveals a
positive relationship between NDBI and LST. The equation y=14.028x+7.022 has an R2 value
of 0.5247, indicating a moderate correlation where increases in NDBI are associated with
increases in land surface temperature. This suggests that higher built-up areas contribute to
elevated temperatures, highlighting the importance of effective urban planning to mitigate heat
effects in urban settings. Overall, the findings illustrate a significant positive correlation

between NDBI and LST for the Kiremt season across the analyzed years.
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Figure 4-21: NDBI and LST relation for Kiremt Season



4.5.6 Relation between NDBI and LST Belg Season

Figure 4-22 shows, the analysis of the correlation for NDBI in the Kiremt season reveals a
moderately strong negative relationship between NDBI and LST, as indicated by the equation
y=—12.241x+25.441 with an R2 value of 0.485. This suggests that as NDBI increases, land
surface temperature tends to decrease, highlighting a potential interaction where areas with
higher vegetation cover may contribute to lower temperatures. The findings emphasize the
importance of maintaining and enhancing green spaces to mitigate urban heat in the Kiremt

season.2024.

y =12.241x + 25.441
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Figure 4-22: NDBI and LST relation for Belg Season

4.5.7 Relation between NDBI and LST Bega Season

Figure 4-23 shows, the analysis of the relationship for the given equation indicates a positive
correlation between the variables, represented by the equation y=19.948x+37.948 with an R2
value of 0.426. This suggests that as the independent variable increases, the dependent
variable also tends to increase, although the moderate R2 value implies that other factors may
also influence this relationship. These findings underscore the importance of understanding the
dynamics between these variables to better inform environmental management and urban

planning strategies.
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Figure 4-23: NDBI and LST relation for Bega Season

4.5.8 Relation between NDBI and LST Tseday Season

Figure 4-18 shows, the equation y=11.686x+13.303 with an R” value of 0.3982 indicates a
positive relationship between the variables. This suggests that as the independent variable
increases, the dependent variable also tends to increase, though the moderate R* value
indicates that approximately 40% of the variability in the dependent variable is explained by

the independent variable.

- - 11686 + 13.303
..“,._..
R? = 0.3982
7 0
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-04 03 NDBI

Figure 4-24: NDBI and LST relation for Tseday Season
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5 CHAPTER 5: Conclusion and Recommendations
5.1 Conclusion

This research on the dynamics of daytime seasonal variability of land surface temperature
(LST) in Dire Dawa City offers crucial insights into the intricate relationships between
urbanization, land cover changes, and local climate conditions. Over the past two decades, the
city has experienced significant transformations in land use and land cover (LULC),
characterized by a substantial increase in built-up areas. This expansion has occurred primarily
at the expense of vegetation and bare land, underscoring the pressing challenges posed by

urban growth.

The findings reveal that urban areas exhibit a strong positive correlation with higher LST,
indicating the presence of the urban heat island effect, where denser infrastructure leads to
elevated temperatures. In contrast, more vegetated regions, including shrub land and sparse
vegetation, consistently show lower LST values, highlighting the critical cooling effects of
greenery. This relationship is further emphasized by the observed strong negative correlation
between LST and the Normalized Difference Vegetation Index (NDVI), reinforcing the

importance of maintaining and enhancing vegetation cover in urban environments.

Seasonal variability in LST is influenced by various factors, including land cover changes,
moisture availability, and solar radiation patterns. The study indicates that as agricultural land
decreases and built-up areas proliferate, the city's capacity to moderate temperatures
diminishes, exacerbating heat conditions. These dynamics pose significant risks to public
health, energy consumption, and overall urban livability, particularly during hotter months

when the impacts of elevated temperatures are most pronounced.

Given the profound implications of these findings, there is an urgent need for local authorities
and policymakers to implement effective urban planning strategies that prioritize sustainable
land use and environmental conservation. This includes recognizing the importance of

preserving existing green spaces, enhancing vegetation cover, and promoting restoration
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initiatives for degraded areas. Strategies may involve implementing zoning regulations that
limit further urban sprawl, integrating green elements into urban designs, and engaging the

community in tree planting and maintenance efforts.

Ultimately, this research provides a foundational understanding of how urbanization
influences LST dynamics in Dire Dawa City. It emphasizes the necessity of maintaining a
balanced urban ecosystem to ensure long-term climate resilience and improve the quality of
life for residents. Addressing the challenges associated with increasing LST is essential for
fostering a sustainable urban environment, thereby contributing to the well-being of the

community and the preservation of local ecosystems.

In summary, the study highlights the critical need for a comprehensive approach to urban
development that considers the effects of land use changes on climate dynamics. By
prioritizing strategies that mitigate the impacts of urbanization on land surface temperature,
Dire Dawa can enhance its resilience to climate variability and create a more sustainable living
environment for its inhabitants. This proactive approach will not only help manage rising

temperatures but also support the overall ecological health of the city.
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5.2 Recommendation

Based on the findings of this study on the dynamics of daytime seasonal variability of land
surface temperature (LST) in Dire Dawa City, the following recommendations are proposed to

address the challenges posed by urbanization and rising temperatures:

1. Urban Planning and Zoning Regulations: Enforce zoning laws that emphasize the
preservation of green spaces while restricting the growth of impervious surfaces. Urban
planners should integrate green corridors and parks into the city's design to boost

vegetation coverage.

2. Vegetation Restoration Initiatives: Initiate programs focused on rehabilitating degraded
areas and increasing vegetation across the city. Involving the community in tree planting

and maintenance can promote local stewardship and improve the urban ecosystem.

3. Integration of Vegetation in Urban Design: Promote the inclusion of vegetation within
urban infrastructure. This can take the form of green roofs, vertical gardens, and tree-lined
streets, which can help reduce land surface temperatures and enhance the visual appeal of

the city.

4. Community Awareness and Education: Increase awareness among residents regarding the
significance of vegetation and sustainable land use. Educational campaigns can highlight

the benefits of green spaces for health, well-being, and climate resilience.

5. Monitoring and Data Collection: Create a comprehensive system for monitoring changes
in land surface temperature, vegetation cover, and urban heat island effects over time.
Utilizing remote sensing and GIS technology can support continuous assessment and guide

future urban planning.

6. Collaboration with Stakeholders: Promote cooperation among local government, NGOs,

community organizations, and academic institutions to develop integrated strategies for
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urban sustainability. Engaging various stakeholders can enhance resource mobilization and

foster innovative solutions.

7. Climate Adaptation Strategies: Formulate and implement strategies aimed at adapting to
climate change, focusing on reducing heat effects. This may involve increasing shaded
areas in public spaces and encouraging the use of reflective materials in urban

development.

8. Research and Policy Development: Encourage additional research on the effects of
urbanization on local climate dynamics to inform policy development based on evidence.
Gaining a better understanding of these relationships can lead to more effective urban

management and environmental protection initiatives.

By adopting these recommendations, Dire Dawa City can strengthen its resilience to climate
variability, mitigate the effects of rising land surface temperatures, and create a healthier, more

sustainable urban environment for its residents.
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