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Abstract

Urban growth is a dominant feature of rapidly growing cities and has important implications
for urban thermal behaviours, particularly in hot and semi-arid regions that are increasingly
vulnerable to the effects of climate change. Tripoli, Libya, has experienced substantial urban
expansion over recent decades under conditions of weak planning and uneven development,
yet the city's thermal dynamics remain understudied. This study examines the spatio-temporal
evolution of urban form in Tripoli, between 2000 and 2025 and evaluates how these changes
influenced the Urban Heat Island effect. Multi-temporal Landsat imagery was analysed to
quantify urban expansion through urban classification and change-detection techniques.
Shannon’s Entropy was used to evaluate urban growth patterns, while land surface temperature
analysis and statistical testing were used to assess the relationship between spatial urban form
and thermal dynamics. Results indicate that the urban area more than doubled over the 25-year
period, with growth evolving from a limited coastal core to a dispersed, sprawling pattern
towards inland areas. Thermal analysis showed a coastal-inland thermal gradient, with urban
areas having consistently lower average land surface temperature values in comparison to non-
urban areas, thus resulting in negative Urban Heat Island Intensity values. Statistical test
confirmed that the thermal differences between urban and non-urban areas are significant;
however, there is no direct correlation between Urban Heat Island Intensity and urban extent
or urban spatial dispersion. The findings suggest that urban thermal behaviour in Tripoli is

influenced by other factors beyond the urban form alone.

Keywords: urban sprawl, urban expansion, Land Surface Temperature, Urban Heat Islands,

remote sensing, Tripoli
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Chapter 1: Introduction
1.1 Background

Poor governance structure and uneven economic development often enable rapid and
unregulated urban expansion in numerous regions. These dynamics intensify
environmental challenges such the Urban Heat Island (UHI) effect, as cities grow without
planning, enforcement, or sustainable infrastructure. The UHI effect occurs when built-up
areas exhibit significantly higher temperatures than surrounding rural areas due to the loss
of natural land cover (Voogt & Oke, 2003). This phenomenon is especially critical in hot,
arid, and semi-arid regions like the Middle East and North Africa (MENA), where urban
temperature disparities of 2-8 °C exacerbate heat stress, energy demand, and pollution
(Abbas, 2024). Tripoli, the capital of Libya, has experienced substantial urban
transformation in recent decades, yet research on its climatic impacts remains scarce. This
is further complicated by the absence of standardised definitions and metrics of urban
expansion and sprawl (Dadashpoor & Shahossein, 2024). However, the emergence of high-
resolution spatial datasets and remote sensing technologies now enables more precise, data-
driven assessments of urban sprawl and its environmental impact (Weng, 2009; Imhoff et
al., 2010). This study aims to address this gap in research by employing satellite imagery
and spatial analysis to map urban sprawl in Tripoli and evaluate its influence on the UHI

effect over time.

1.2 Aim and Research Questions

This study aims to investigate the urban form of Libya’s capital city, Tripoli, between 2000
and 2025. Remote sensing and GIS methods will be used to map and quantify urban sprawl,
analyse surface temperatures, identify the UHI effect within the study area, and examine
its relationship to the urban form. Thus, the overall question for this study is: How are
changes in the spatial configuration of urban form in Greater Tripoli associated with
variations in land surface temperatures (LST) and UHI intensity (UHII) over the past 25

years?
To answer this question, the following points and questions must be addressed:

e What transformation has the urban form in Tripoli gone through in the past 25

years?



e What areas are experiencing the most significant transformation?
e What is the trend in LST within the urban fabric?

e How do changes in urban form relate to variations in UHII?



Chapter 2: Background - Literature Review

2.1 Urban Geography and Urban Development

Urban geography is the study of urban areas, including their location and physical layout
(Bhatta, 2010). It is a discipline within geography that can also be regarded as part of human
geography and may overlap with other fields such as anthropology and sociology. Urban
geography seeks to understand urban environments and problems in spatial terms.
Furthermore, urban development refers to the process by which cities grow and extend their
influence, urban lifestyles, infrastructure, and values into surrounding areas. Although
urban development is a broad concept with many applications, it has played a decisive role
in shaping modern social and economic history by driving a global shift from rural to urban
living over the past two centuries. However, concepts related to urban areas are plentiful

and often interchangeable (Bhatta, 2010; Jonas et al., 2015).

2.1.1 Concepts and Theory

Urban development encompasses many interrelated concepts, such as urban growth,
urbanisation, and urban sprawl, which must be examined collectively to understand their
implications (Bhatta, 2010). Urban growth refers primarily to the spatial and demographic
phenomenon in which urban centres become increasingly prominent as population hubs.
On the other hand, urbanisation is a broader, non-spatial process that involves socio-cultural
shifts influenced by the urban environment. The United Nations (2005) defines
urbanisation as the increasing concentration of people in urban areas, primarily due to rural-
to-urban migration. These processes reshape both land use (human activities on land) and
land cover (the physical surface characteristics), which are often jointly considered when
defining urban areas despite national variations in classifications (Cihlar & Jansen, 2001;
Jonas et al., 2015; Abdullahi et al., 2017a). Within this context, it is essential to distinguish
between urban expansion and urban sprawl: expansion denotes the general increase in a
city’s footprint and population density, while sprawl specifically describes low-density, car-
dependent outward growth into rural surroundings (Wei & Ewing, 2018; Pradhan et al.,
2024). Although frequently conflated, the two terms capture different dynamics of urban
change (Bhatta, 2010).

Urban sprawl itself remains contested in definition, but it is widely associated with

fragmented, unplanned and often unauthorised development at the urban periphery, a

3



pattern first recognised during mid-20th century suburbanisation in the United States
(Bhatta, 2010; Banai & Depriest, 2014; Yasin et al., 2021; Egidi et al., 2020; Pradhan et al.,
2024; Abdullahi et al.,, 2017b). Sprawl typically manifest through three spatial
configurations: edge expansion, where urban areas grow contiguously outward;
leapfrogging, which produces isolated urban patches separated by undeveloped land; and
ribbon development, which extends linearly along major transport corridors (Harvey &
Clark, 1965; Glockmann et al., 2021; Bhatta, 2010) (Figure 1). Although infilling is often
discussed alongside these patterns, it is not a form of sprawl and is instead promoted as a
strategy to counter it. Together, these spatial forms contribute to the environmental,

infrastructural, and socio-spatial challenges associated with sprawling landscapes (Wei &

Ewing, 2018).

(@ (b) © (d)
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Pre-growth urban patches

- Newly grown urban patches

Figure I- Types of urban growth and sprawl (Khan et al., 2024, licenced under CC BY). a) infill: new development (black)
that fills vacant land within existing urban fabric (grey), b) edge expansion: growth that extends the existing urban
boundary, c) leapfrog: discontinuous growth with new isolated urban patches away from main urban area, and d) ribbon:

linear growth that follows major transportation routes.

2.1.2 Drivers and Consequences of Urban Sprawl

Urban sprawl has similar causes to urban growth; in fact, in most cases, they cannot be
differentiated, as they are highly interlinked. However, urban growth can commonly occur
without urban sprawl, but the latter cannot happen without a triggering growth in an urban
area. Whether urban growth is considered beneficial or problematic in the literature
depends on its spatial form, the processes driving it, and the consequences it produces
(Bhatta, 2010). Urban population growth is the primary driver of urban growth. Urban areas
are growing rapidly due to migration (internal rural-to-urban migration and international

migration) and natural population growth (Wei & Ewing, 2018). In general, cities are
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perceived as offering better conditions for a better life. Significant population growth in
cities might lead to uncontrolled urban growth, resulting in sprawl (United Nations, 2005;

Bhatta, 2010).

Economic growth stimulates rapid development by increasing the demand for new housing
or more room in existing housing (Bhatta, 2010; Karakayaci, 2016). Moreover,
competitors, whether government or private, make independent decisions that collectively
shape outward expansion (Gillham, 2002; Bhatta, 2010). Preferences for lower land costs,
more spacious housing, and peri-urban lifestyles, combined with limited affordable options
in urban cores, reinforce the outward sprawl (Bhatta, 2010; Harvey & Clark, 1965;
Karakayaci, 2016).

Urban growth and sprawl produce both opportunities and challenges. On the positive side,
expansion can stimulate local economies, attract investment, and support more affordable
housing on the urban fringe (Bhatta, 2010; Hajilou et al., 2023). If planned effectively,
urban sprawl may also integrate green and recreational spaces that enhance liveability
(Bhatta, 2010). However, uncontrolled sprawl is more commonly associated with negative
impacts. Low-density development increases infrastructure costs and reduces service
efficiency (Harvey & Clark, 1965; Bhatta, 2010). Longer travel distance and car
dependency elevate fuel consumption, congestion and greenhouse gas (GHG) emissions
(Abdullahi et al., 2017a). Sprawl also fragments habitats, converts agricultural land, and
disrupts ecosystems, threatening biodiversity and rural livelihoods (Banai & Depriest,
2014). Additionally, the replacement of vegetated surfaces with impervious materials can

intensify local temperatures and increase energy demand (Abdullahi et al., 2017a).

2.1.3 Urban Sprawl Analysis: GIS Approach

Geographic information systems (GIS) have become essential instruments for identifying
urban expansion and sprawl (Bhatta, 2010). By integrating multi-temporal satellite imagery
with other spatial layers, GIS enables researchers to monitor patterns of land use
transformation, assess the spread of built-up areas, and identify indicators of urban sprawl.
Remote sensing enhances this capability by providing consistent, large-scale, and high-
frequency data, which is particularly valuable in rapidly urbanising areas, where
conventional planning mechanisms may lag development (Al-sharif et al., 2017; Ismael,
2020). Through classification techniques such as supervised and unsupervised methods,

and object-based image analysis, urban areas can be effectively delineated from other LU



and LC types (Bhatta, 2010). These methods enable change-detection analysis and can
reveal spatial sprawl patterns such as edge expansion, leapfrogging, and ribbon
development (Alsharif & Pradhan, 2013; Kii & Matsumoto, 2023). Moreover, spectral
indices such as Normalised Difference Built-up Index (NDBI), Normalised Difference
Vegetation Index (NDVI) and Modified Normalised Difference Water Index (MNDWI)
further improve the classification process by exploiting the difference in reflectance across
spectral bands, thus allowing for a faster and more cost-effective identification of urban

areas and their evolution (Bhatta, 2010; Yasin et al., 2022).

Additionally, GIS supports the quantitative evaluation of urban form through spatial
metrics that characterise the structure and intensity of urban sprawl. Indicators such as
patch density, edge complexity, and compactness provide insight into the degree of
fragmentation and spatial cohesion of the urban growth (Bhatta, 2010). Shannon’s Entropy
is another metric used to measure the dispersion of urban development (Al-sharif et al.,
2015). When applied through change-detection techniques, these metrics enable the
temporal mapping of urban expansion to reveal the evolution of these patterns (Bhatt,

2010).

2.1.4 Urban Development Trends in Libya

Urban development in Libya has been characterised by a complex and often contradictory
history, shaped by historical legacies, socio-political upheavals, and uneven economic
investment. Many studies have documented the multifaceted nature of Libya’s
urbanisation, emphasising the interplay between state-led planning initiatives and
spontaneous, informal growth (Mugambi, 2006; Abubrig, 2016; Farag & Algeblawi, 2022;
Idriz, 2024). Al-Sharif and Pradhan (2015) documented a 189 km? increase in urban land
between 1984 and 2010, dispersed and more pronounced at the city’s southern and eastern
edges, with continuous growth projected between 2020 and 2025, although at a slower pace
as available land for outward development becomes increasingly limited. Similarly, Shaba
(2019) found that urban sprawl has mainly taken the form of horizontal sprawl into peri-
urban and ecologically sensitive areas, driven by housing demand, population pressure and
weak regulatory frameworks and governance. Furthermore, Alakhal (2025) argues that
post-2011, political fragmentation has exacerbated these dynamics, weakened institutional
oversight, and fostered an upsurge in informal settlements. Meanwhile, United Nations —

Libya (2025) highlights the socio-economic disparities between coastal urban centres and



the underdeveloped interior regions, noting that national development strategies have
historically favoured the former, thereby reinforcing regional imbalances and contributing

to migratory pressures.

Tripoli, as the capital and largest urban agglomeration, is a critical case study for
understanding Libya’s urban development challenges. Researchers have thoroughly studied
how the city evolved from a dense, historically rich centre into a sprawling and
disconnected urban area. Bougbog (2016) states that environmental factors shape the
expansion, but the absence of integrated planning has led to inefficient infrastructural
strain. Alakhal (2025) also provided a nuanced critique of Tripoli’s urban governance,
highlighting the tension between modernisation and heritage preservation. Collectively,
researchers call for a paradigm change in urban management, including spatial equity and

resilience-oriented infrastructure (Farag & Algeblawi, 2022; Idriz, 2024).

2.2 Temperature Trends - Regional and Local Context

Climate change is the defining environmental challenge in the present day, driven mainly
by human activities that have dramatically altered the Earth’s climate system (Giorgi &
Lionello, 2008). The burning of fossil fuels has released vast quantities of GHGs into the
atmosphere, intensifying the natural greenhouse effect and raising global temperatures. The
planet’s average surface temperature has increased by over 1.1 °C since the late 19™ century,
with the past decade being the warmest on record (IPCC, 2023). The warming trend is
reinforced by feedback loops that accelerate climate change. Urbanisation also plays a role,
as cities trap heat and amplify temperature extremes through the UHI effect (Ren et al.,
2022). As global temperatures rise, extreme weather events become more frequent and

severe (IPCC, 2023).

2.2.1 Temperature Trends in North Africa and the Mediterranean

The Mediterranean region is widely recognised as a climate change hotspot, an area where
warming is occurring faster than the global average and where the impacts are particularly
severe (Driouech et al., 2013). Multiple studies, including regional climate projections and
observational analyses, identify this area as extremely vulnerable due to its semi-arid
climate, rapid urbanisation, limited water resources, and socio-economic challenges
(Giorgi & Lionello, 2008). Correspondingly, observational data from multiple sources
indicate that, since the mid-20th century, both maximum and minimum temperatures have

increased significantly, with minimum temperatures rising at a faster rate. Countries such
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as Morocco, Tunisia, Algeria, and Libya have recorded mean annual temperature increases
01 0.2-0.4 °C per decade. This warming trend has led to a marked increase in the frequency,
duration, and intensity of heatwaves, particularly since the 1990s, with July and August

showing the most extreme anomalies (Fontaine et al., 2013).

As for future projections, climate models indicate that the Mediterranean and North Africa
will continue to warm at an unprecedented rate, exceeding the global average (Giorgi &
Lionello, 2008). Under high-emission scenarios, summer temperatures could increase by
4- 5 °C by 2100, with inland regions warming more than coastal ones because of the sea’s
moderating effect. North Africa is expected to see a temperature increase of 1.2-1.8 °C by
mid-century, with even higher rise by the end of the century (Driouech et al., 2013). The
implications of these trends are profound: they threaten water security, agricultural
productivity, public health, and energy demand, while exacerbating socio-economic

vulnerabilities in already climate-sensitive regions (Fontaine et al., 2013).

2.2.2 Temperature Trends in Tripoli

Tripoli, Libya’s coastal capital, has experienced a clear, measurable rise in temperatures
over the past few decades (El-Tantawi, 2005; Ageena, 2013). Nevertheless, it remains a
scarcely studied urban centre in the Mediterranean climate literature (Abu Hamra &
Ghaleleb, 2024). Existing studies based on local meteorological data reveal a consistent
upward trend in both maximum and minimum temperatures, with minimum daily
temperatures rising more rapidly (Attia & Asbieey, 2022; Gnedi & Robaa, 2024). This
warming is most pronounced during the summer and autumn months, with a noticeable
increase in the frequency of warm nights and a decline in cold extremes (Ageena, 2013;
Ageena et al., 2025). The city’s coastal location does offer some moderation, but rapid
urban expansion, reduced vegetation cover, and increased surface sealing have intensified
thermal stress, especially in densely built areas (Khalifa & Elfarnouk, 2024). Observations
also show that the diurnal temperature range is narrowing, suggesting that nighttime
cooling is becoming less effective, which has implications for energy demand, public

health, and overall urban liveability (Ageena, 2013).

These estimates are consistent with observed trends in Tripoli, though the lack of localised
modelling makes it difficult to quantify future risks with precision. In many contexts,
urbanisation has been shown to contribute to local warming, through LU change and

altering surface energy balance; however, the magnitude and direction of this effect vary



by climate and LC conditions (Khalifa & Elfarnouk, 2024). Similar trends have been seen
in studies conducted in other Libyan cities, reinforcing the likelihood that Tripoli is
undergoing comparable thermal change (Aljali & Jowda, 2022). The limited research
attention given to Tripoli may lead to its climate vulnerabilities being underestimated,

especially given its dense population, ageing infrastructure, and limited green space.

2.3 Urban Heat Island (UHI)

The UHI effect is a phenomenon in which urban areas experience significantly higher
temperatures than their surrounding rural areas due to factors such as dense construction,
reduced vegetation, and human activities (Deilami et al., 2018). It is a prominent feature of
urban climate, as it influences the structure and function of the city ecosystem and alters
material and energy flow. Elevated surface temperatures can worsen air pollution, disrupt
hydrological cycles and pose health risks to people. The intensity of UHI is closely related
to urbanisation level, building density, surface materials, and vegetation cover (Stewart &

Mills, 2021).

2.3.1 Climate Change and UHI

The interaction between UHI and climate change is multidimensional, with processes and
impacts operating at different spatial scales (Yang et al., 2016). Global climate change is
primarily driven by rising GHG concentrations; thus, cities are both key contributors and
highly vulnerable to its impacts. Urban areas tend to exacerbate risks due to their dense
populations, concentrated infrastructure, and common geographic characteristics, which
increase exposure to hazards such as frequent extreme events. Although the UHI effect is
not a direct result of increased GHG levels, it interacts with global warming by intensifying
local atmospheric warming and heatwaves, thereby heightening health risks for urban
populations (Lemonsu et al., 2015). Crucially, UHI does not influence global mean
temperature; however, it can skew local climate records with poorly located climate stations
which capture urban-induced warming (Stewart & Mills, 2021). Monitoring and correcting
for UHI effects are crucial in climate science and understanding how UHI and climate
change interact is essential for designing effective adaptation and mitigation strategies.
Consequently, UHI emphasises the need to integrate local urban climate dynamics with
regional and global climate policy, highlighting the dual role of cities and urban areas as

contributors and hotspots of vulnerability to climate change (Kamal et al., 2023).



2.3.2 UHI, Land Cover and Land Use

To understand how urban environments trap and retain heat, the relationships between LC,
LU and UHI must be examined. Urban areas typically have lower albedo and reduced
vegetation, leading to decreased evapotranspiration and increased absorption of solar
radiation (Deilami et al., 2018). This shift in LC disrupts the surface energy balance, which
leads to greater heat storage and re-radiation into the atmosphere. Additionally, replacing
vegetated surfaces with buildings and other impervious materials reduces cooling through
evapotranspiration and can also decrease the sky view factor, limiting the escape of
longwave radiation at night and thereby intensifying nocturnal UHI effects. In terms of LU,
UHI is further increased by human heat sources, such as cars and air conditioning, within
densely populated and densely built-up areas (Kamal et al., 2023). Different LU types,
whether residential, commercial or industrial, all have varying thermal characteristics, and
their spatial arrangement influences local microclimates (Rizwan et al., 2008).
Additionally, satellite remote sensing and modelling studies have consistently shown strong
correlations between LC types and surface temperatures (Mills & Stewart, 2021). The
findings emphasise the importance of integrating LU planning and green infrastructure into

urban design to mitigate UHI effects.

2.3.3 UHI and Urban Sprawl

The UHI effect and urban sprawl are interconnected through a network of physical,
ecological, and socio-economic interactions. Urban sprawl typically increases the extent of
low-albedo, heat-absorbing surfaces such as asphalt roads and concrete buildings (Abbas,
2024). These materials reflect only a small portion of incoming shortwave radiation,
thereby elevating surface temperatures. This transformation replaces natural or vegetated
landscapes with impervious surfaces, reducing cooling through evapotranspiration and
altering the surfaces energy balance. As a result, sprawling urban areas often exhibit
stronger surface warming than their pre-development state (Carneiro et al., 2021). The
spatial configuration of sprawl can further exacerbate thermal conditions by obstructing
airflow, increasing exposure to solar radiation, and reducing shade (Qiao et al., 2014;
Abbas, 2024). In some contexts, these physical changes interact with socio-economic
dynamics: the discomfort and increased energy demand associated with elevated

temperatures can influence residential and commercial location choices, encouraging
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movement toward cooler, less dense peripheral areas. In turn, outward shift reinforces the

cycle of sprawl and heat intensification.

The relationship between UHI and urban sprawl is not only causal but also diagnostic. UHI
serves as a tool for measuring the environmental impact of urban sprawl, offering
quantifiable indicators of how different development patterns affect local climates (Qiao et
al., 2014). By analysing LST data, thermal anomalies, and spatial heat distribution,
researchers can assess whether urban growth is causing adverse effects such as increased
heat stress, energy consumption, and ecological degradation. While conventional,
unplanned sprawl tends to worsen UHI effects, sustainable sprawl (sprawl that employs
green infrastructure and ecological corridors, for example) can help mitigate UHI effects
(Tian et al., 2021). For instance, developments with tree-lined streets, green roofs, and
preserved vegetation may exhibit lower UHI intensities despite their spatial expansion.
Conversely, poorly designed, compact urban forms can concentrate heat and population
exposure, particularly in the absence of sufficient green space. Thus, UHI analysis reveals
the thermal footprint of urban sprawl and guides planners toward climate-adaptive
strategies (Abbas, 2024). It enables cities to evaluate the success or failure of their
expansion models, encouraging interventions that balance growth with resilience,

liveability, and environmental stewardship.

2.3.4 UHI Detection

There are diverse methods used for UHI effect detection and analysis, some direct and
others of modelling approaches (Abbas, 2024). Traditional techniques of analysing UHI
effects rely on direct ground-based temperature measurements and have long served as the
foundation for UHI research (Stewart & Mills, 2021). These techniques typically involve
deploying fixed weather stations across urban and rural areas to monitor air temperature
variations over time. These in-situ methods often incorporate more meteorological
measurements, such as humidity, to better understand the local energy balance. Moreover,
satellite-based approaches are a valuable tool in mapping and quantifying UHI patterns
across urban landscapes (Abbas, 2024). Temporal analysis and spatial analysis can be used
to identify hotspots and cooling zones. This is extremely useful for large-scale assessments

and for cities that lack in-situ monitoring networks.

Rizwan et al. (2008) emphasise the use of UHII as a core metric, which involves comparing

air temperature differences between urban and rural areas using either air or surface
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temperature data. They also introduce the Surface Energy Balance (SEB) model, which
breaks down energy exchanges in urban environments into components such as net
radiation, anthropogenic heat, and latent and sensible heat fluxes. These models help
identify the dominant contributors to urban warming but require complex instrumentation
and data collection. In contrast, Mills and Stewart (2021) discussed remote means of
studying Surface UHI (SUHI) by analysing the temperature difference observed at the
surface level between urban and surrounding rural areas, typically using the thermal
infrared band of satellite imagery. Sensors such as Landsat’s Thermal Infrared Sensor
(TIRS) and the Moderate Resolution Imaging Spectroradiometer (MODIS) are valuable
sources of data for identifying spatial patterns of heat retention (Abbas, 2024). Spectral
indices can be employed to interpret the relationship between surface temperature and
environmental characteristics. For example, NDVI is used to quantify vegetation cover and

reveal how green areas correlate with cooler surface temperatures.

Consequently, studying the correlation between urban sprawl and UHI relies heavily on
GIS and remote sensing. Most studies rely on LST data to detect anomalies and map UHII
(Abbas, 2024). Nighttime LST analysis offers deeper insights into persistent heat retention
in urban cores compared to surrounding rural zones. These methods are often paired with
LULC classification to assess how urban expansion correlates. For example, Abu Hamra
and Ghaleleb (2024) and Carneiro et al. (2021), who analysed LST in Tripoli and Teresina-
Timon, both demonstrated that sprawl urban growth leads to fragmented green spaces and
denser impervious surfaces, intensifying UHI effects. Temporal analysis also plays a
critical role, enabling researchers to track how urbanisation trends over decades have
reshaped thermal profiles, revealing a strong spatial and statistical link between urban

sprawl and UHI amplification (Capilla, 2008; Abbas, 2024).

2.3.5 Local and Regional UHI Trends

Studies from the Mediterranean and North African regions clearly indicate a complex
interplay between urban morphology, climate and anthropogenic factors that influence
UHI. Benas et al. (2016) observed a positive trend in urban LST across multiple
Mediterranean cities, with cities surrounded by desert showing higher intensities. SUHI
trends were also mostly positive in the MENA region, where increases reached up to 0.39
°C per decade, linked to urban development indicators, particularly roads and vehicle

density, suggesting that anthropogenic activities are key drivers. In a recent study, Tyzrkalli
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et al. (2024) emphasised the role of urban form and green infrastructure in moderating heat
stress, finding that compact mid-rise neighbourhoods exhibited higher surface temperature
than areas of open spaces and mixed vegetation. Moreover, Giannaros and Melas (2012)
reported stronger UHII at night in Thessaloniki, with maximum values ranging from 2-4

°C in summer and 1-3 °C in winter.

El-Magd et al. (2016) found that UHII rose from 6.6 °C in 1990 to 10.7 °C in 2013 in Cairo,
with the urban surface showing the strongest positive correlation with LST, while
vegetation showed a strong negative correlation. Lachkham et al. (2025) demonstrate a
strong coastal-inland gradient across Moroccan cities with arid and semi-arid conditions.
Coastal urban areas exhibit mixed UHI and Urban Heat Sinks (UHS) patterns due to strong
oceanic cooling and irrigated vegetation, whereas inland cities consistently show positive
UHI signatures, driven by hotter baseline climates, stressed rural vegetation, and reduced
evaporative cooling. UHS occurs when urban areas are cooler than the surrounding rural
landscape. Sayad et al. (2024) found that UHI peaked at 6.9 °C during midday in Annaba
which is a Mediterranean coastal city with cool, vegetated rural surroundings, driven by
urban features such as asphalt surfaces, building materials, and vehicular heat emissions.
Within inland context, Gourfi et al. (2022) found in the semi-arid city of Marrakesh that
while vegetation loss and urban surfaces do play a role in increasing LST, bare soils make
the most critical contribution to SUHI formation, especially in semi-arid and arid

environments.

In Libya, there is limited research on UHI or its relationship to urban sprawl. El-Oujli
(2012) identified a clear spatial variation in thermal patterns across Benghazi. Higher
temperatures were linked to high population density, vacant land, and sparsely vegetated
zones. They highlight the significant influence of LU characteristics and distance from
seasonal thermal distribution, rather than UHI concentrated in the urban core. Similarly,
Abu Hamra and Ghaleleb (2024) analysed UHI in Tripoli over ten years (2013-2023) using
Landsat 8 and 9 images. The study recorded an increase in maximum surface temperature
from 39 °C in 2013 to 46 °C in 2023, with the thermal range widening from 18.6 °C to 19.4
°C. Moreover, they found that UHIs have shifted within the ten-year period, where in 2013,
UHIs were concentrated in central and industrial zones, but seemed to have shifted
southward (i.e. further in-land) in 2023, reflecting the combined influence of coastal

cooling and green infrastructure initiatives that began in 2021.
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Chapter 3: Data and Methods

3.1 Study Area

3.1.1 Geographic and Administrative Boundaries

Libya is a located on the northern coast of Africa, in the Mediterranean region. It covers an
estimated area of 1,615,631 km?, between 20° and 33° N and 9° and 25° E (Jihan & Al-
Muturdy, 2021). Tripoli, the subject of this thesis, is the capital and the largest city in Libya.
The Greater Tripoli region consists of 7 municipalities (Janzour, Hay Al-Andalus, Central
Tripoli, Souq Al-Jumaa, Tajouraa, Abu-Salim, and Ain Zara), which total up to an area of
approximately 939 km?. It is located on the western coast, on the edge of the desert and
projecting into the Mediterranean Sea (32° 53° 14” N, 13° 11° 29” E) (Figure 2). Tripoli’s
location has historically made it an important hub for administration, trade, and migration,
and it continues to function as the country’s political and economic centre (Farag &

Algeblawi, 2022; Idriz, 2024).

Administrative boundaries in Libya have undergone many changes over time, due to
political, social and governance shifts (Jihan & Al-Muturdy, 2021). The country’s
administrative divisions, including Tripoli’s, were reorganised most recently between 2012
and 2013 to reflect broader national efforts to restructure municipal governance after the
2011 revolution and change of government. Nevertheless, the main urban core of Tripoli
remains Central Tripoli, situated closest to the seaport, and represents the historical and
commercial heart of the city. This area includes the Old City, which has played a vital role
in trade, cultural development, and urban growth throughout Tripoli’s history. Surrounding
this core, newer districts and suburban areas have expanded over time, gradually blending
historical urban centres with modern development while also shaping the municipality's

administrative layout (Azzanati et al., 2024).
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Figure 2 - A map showing the location of Libya in North Africa, and Tripoli within it. The map also shows a simplified description of the
7 municipalities that make up the greater Tripoli. Data source: M. Almagla, personal communication, July 7, 2025. Map by Author

3.1.2 Physical and Environmental Characteristics

The climate of Libya is characterised by a mix of subtropical and Mediterranean climates;
thus, it experiences weather characteristics of a subtropical desert (hot, dry summers) and
temperate maritime (mild, wet winters) climates (Al-Mehdawi, 1989). Due to this mix of
climates, approximately 90.8% of the country is hyper-arid, 7.4% arid, 1.5% semi-arid and
0.3% sub-humid. Tripoli is located within the Jefara Plain, which is one of the most
important coastal lowlands of Libya. It is characterised by flat topography and fertile soils
that have supported settlements and agriculture throughout history (Ageena, 2013;
Bougbog, 2016).

Moreover, Tripoli’s coastal position has provided favourable conditions for long-term
settlements (Boubog, 2016). Unlike other parts of Libya, it benefits from a Mediterranean
climate with semi-arid characteristics, moderated by its location on the peninsula that
extends into the sea. There is a distinctive seasonal pattern, as January is the coldest month
(average temperature of 13.9 °C), while July is the hottest with maximum temperatures of

30 °C (Ageena, 2013). Similarly, humidity shows both spatial and seasonal variation,
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largely controlled by its coastal location. In summer and autumn, humidity tends to peak
along the coast, linked to high evaporation rates over the Mediterranean. In contrast, the
interior areas of Tripoli still tend to experience high humidity in winter, due to low air
temperatures reducing the atmosphere’s capacity to hold water vapour, leading to a higher
saturation. Overall, Tripoli remains humid year-round with less variability than in interior

regions, due to the moisture contributing influence of the Mediterranean Sea.

3.1.3 Demographic and Socio-economic Characteristics

Migration, population growth, and socio-economic development are primary drivers of
urbanisation as they shape the demand for housing and infrastructure, which in turn
influences the patterns of land use. Due to the recent political situation of Libya, there has
not been an updated full census since 2006; thus, figures used within this study are most

likely to be estimates, unless stated otherwise.

The latest published population estimate for Libya is 6,999,396 (2021), with Tripoli
housing approximately 19% of the population (1,317,009), which makes it the most
populated city in the country (Figure 3). Libya has maintained its population growth despite
persistent conflict and political instability. However, recent years have seen a modest
slowdown due to migration, internal displacement, and declining fertility (Bureau of

Statistics and Census - Libya, 2021; United Nations - Libya, 2025).

Historically, Tripoli has always been the main destination for internal migration, with a
study from 1998 determining that most migrants from the western region of Libya tend to
settle in Tripoli (Al-Mehdawi, 1989). Thus, it is not surprising to find that before 1911, the
population of Tripoli was not more than 30,000, while in 1973, it reached 663,000. The
discovery of oil and economic developments back then were the main drivers for population
growth. This trend has not changed since the rate of urbanisation has been increasing
(Abubrig, 2016). This all led to housing shortages in the centre of the city, and thus, urban
sprawl was occurring in parallel. Moreover, despite the rate of urban development slowing
in recent years, the urban population has expanded, and urban-rural population ratios have

nearly reversed (Farag & Algeblawi, 2022).
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Figure 3 - Map showing the distribution of the estimated population in Libya for the year 2024. The map represents the
total number of people per grid cell. The distribution of the population is concentrated in the coastal regions, with Tripoli

clearly highlighted as containing a high population. Credits: Bondarenko et al., 2025

3.1.4 Urban Development Trends and Challenges

Urban expansion in Libya is a particular threat as the expansion tends to encroach on
vegetated land that is already limited (Abubrig, 2016). Moreover, Tripoli’s rapid population
growth and migration-driven expansion have directly shaped the city’s urban development
patterns, unplanned and informal (Al-Mehdawi, 1989). In 1976, Tripoli’s built-up area was
approximately 10,536 hectares, which increased to 18,064 hectares in 1989, and again to
26,229 hectares in 2001 (Idriz, 2024). The increase in settlements has accelerated, leading

to a reduction in available land for farming in the surrounding area.

3.2 Data
3.2.1 Remotely Sensed Data

To analyse both urban expansion and the UHI effect in Tripoli, remotely sensed data were

employed. For the sake of replicability, free and publicly accessible data were chosen. Thus,
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the Landsat program, which offers the longest continuous coverage of the globe’s surface,
was the most suitable. Landsat imagery has been used in many similar studies locally and
regionally (e.g. El Garouani et al., 2017; Forget et al., 2021; Al Saleh et al., 2022; Abu
Hamra & Ghaleleb, 2024; Djamel et al., 2023; Idriz, 2024). The study covers 25 years
(2000-2025); thus, Landsat missions provide the most consistent and compatible imagery,
requiring minimal harmonisation. However, due to missions either ending or having a
significant failure, this study used imagery from multiple Landsat missions: Landsat 5, 7,
8 and 9. All four missions provide multispectral imagery at 30-metre resolution for relevant
bands, whereas the thermal bands are coarser at 60 metres (already resampled to 30m) for

Landsat 5 and 7, and 100 metres for Landsat 8 and 9 (already resampled to 30m) (Table 1).

Table 1 - Details of Landsat missions used in this study

Mission Activity Sensors/Instruments | Characteristics/key | Revisit time
Period notes
Landsat 5 1984 — | Multispectral Scanner | Polar, sun- | 16 days®
2013% (MSS); Thematic | synchronous; 705
Mapper (TM)*® km altitude, 98.2°
inclination; Longest
operating Earth
observation satellite
b
Landsat 7 1999 — | Enhanced TM | Similar  orbit to | 16 days®¢
2025°¢ (ETM+)¢ Landsat 5; Most
accurately calibrated
data; Scan Line
Corrector failure in
2003 caused data
gapse
Landsat 8 | 2013 — | Operational Land | Same orbit; | 16 days (8
Present’ Imager (OLI); | Improved days
Thermal Infrared | radiometric and | combined
Sensor (TIRS)® geometric with
performance’ Landsat 9)"
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Landsat9 | 2021 — | OLI-2; TIRS-2! Same orbit; | 16 days (8
Present” Replaces Landsat 7; | days
enhances revisit | combined
frequency” with
Landsat 8)"

aUSGS (2025a). PNASA (2021a). “USGS (2024a). “NASA (2021b). “Markham et al. (2004).
INASA (2021c). 2USGS (2024b). "USGS (2025b). INASA (2021d).

As for spectral resolution and bands, each sensor atop the Landsat missions had specific
bands and their spectral designations (USGS, 2024c). TM images (Landsat 5) are composed
of 7 spectral bands ranging between 0.45 um and 2.35 pum wavelength within the
electromagnetic spectrum (USGS, 2024c; Nussbaum, 2025). Three of the bands are within
the visible light region (Green, Blue, Red), one for Near Infrared (NIR) and another two
for Shortwave Infrared (SWIR), which are beyond what is visible to the human eye. The
thermal band captures measurements in the Infrared (IR) region to measure the Earth’s
surface temperature. ETM+ (Landsat 7) was also composed of similar bands as TM, but
with the addition of a panchromatic band, which captures a broad range of visible light at
a higher spatial resolution of 15 metres. OLI and OLI-2 (Landsat 8 and 9) have the same
spectral bands as ETM+, with two new bands introduced. Coastal blue band expands the
analysis and monitoring of coastal systems, while the cirrus band allows researchers to
identify cirrus clouds that might be otherwise difficult to detect. Tables 1 and 2 indicate the

relevant spectral bands used in this study.

Furthermore, in 2009, the U.S. Geological Survey (USGS) made all Landsat data available
for free (Zhu et al., 2019; NASA, 2021b). Currently, all imagery can be accessed on USGS
Earth Explorer (EE), an archive and a tool that contains all satellite imagery, aerial photos,
and cartographic products from various sources. The tool allows the user to query, search,

and order any of these products.

3.2.2 Ancillary Data

Ancillary data was incorporated for the purpose of verification and to enhance the spatial
accuracy of the urban area. These ancillary data consist mainly of OpenStreetMap (OSM)
exports, including layers of buildings, roads and water features. Such datasets are employed
to validate the calculated indices and refine the delineation of urban area boundaries.

However, despite the available data, it was not used for all the analysis since the data was
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unlikely to be correct for all years, but rather only for the most recent conditions on the
ground (i.e. 2024-2025). In such a case, other years were only validated using visual

interpretation of false colour composites and other means of imagery, such as Google Earth.

3.2.3 Selection Criteria

For temporal consistency and optimal data quality, the satellite imagery was selected
through the USGS EE tool. Since the study covers a period of 25 years, the data were
selected at 5-year intervals: 2000, 2005, 2010, 2015, 2020, 2025. The collection focused
on the months of February, March, April, September, October and November. These
months correspond to periods within and around Spring and Autumn seasons, when natural
vegetation covers are at their most distinct, thereby facilitating clearer differentiation
between built-up and non-built-up areas. Also, for LST and UHI analysis, data search was
done for summer months (i.e. between July and August), when temperature contrast might

be most noticeable.

Moreover, only images with cloud cover between 0-10% were considered to minimise
atmospheric interference. This criterion ensured the retention of scenes with minimal
obstruction and maximised the reliability of surface reflectance data for subsequent
analysis. As for spatial coverage, the ideal scenes correspond to Path 189, Row 37, which
covers the area of Tripoli. To ensure full spatial coverage of the Greater Tripoli region,
supplementary scenes from Path 188 and Row 37 were also included. This combination

provided a complete and continuous spatial representation of the study area.

From the available dataset, Landsat Level 2 products were selected. These products are
surface reflectance and surface temperature-corrected datasets, processed to a high degree
of radiometric and geometric accuracy (USGS, 2022). These datasets are derived directly
from Level 1 products but include atmospheric, radiometric, and geometric corrections;
thus, they are ready for quantitative analysis and time-series comparison. Using Level 2

data exclusively ensured methodological consistency across all study years.

Both surface reflectance bands and surface temperature products were downloaded. Surface
reflectance data are essential for calculating spectral indices (e.g. NDVI, NDWI, and
NDBI) that distinguish between vegetation, water bodies, and built-up areas. On the other
hand, surface temperature data are derived from the thermal infrared bands and are used to
estimate LST, which is key to assessing the UHI effect. Including both datasets thus enables

a comprehensive assessment of urban sprawl and its thermal implications.
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3.2.4 Selected Data

The following two tables (Table 2 and Table 3) indicate the selected data layers used in the

analysis.

Table 2 - Selected Landsat captures for urban sprawl analysis, with description of bands used.

Satellite Dataset Date/Scene | Bands Description Resolution
Landsat 5 (TM) 2005/03/26 B1 — Blue 30 metres (120m
2005/04/02 B2 — Green for thermal,
2010/02/04 B3 —Red resampled to
2010/02/27 B4 - NIR 30m)
B5 - SWIRI
B6 — Thermal
Infrared (TIR)
Landsat 7 (ETM+) | 2000/03/04 B1 - Blue 30 metres (60m
2000/03/27 B2 — Green for thermal,
B3 —Red resampled to
B4 — NIR 30m)
B5-SWIR 1
B6 — TIR
Landsat 8 (OLI) 2015/02/02 B2 — Blue 30 metres (100m
2015/04/30 B3 — Green for thermal,
2020/09/11 B4 — Red resampled to
2020/04/27 B5 - NIR 30m)
Landsat 9 (OLI-2) | 2025/03/09 B6 —SWIR 1
2025/03/16 B7 - SWIR 2
B10-TIR 1
Table 3 - Selected Landsat captures for LST and UHI analysis.
Satellite Dataset Date/Scene Bands/Resolution
Description
Landsat 5 (TM) 2005/08/17 B6 — TIR (60m resolution,
2005/08/24 resampled to 30m)
2010/06/28
2010/07/21
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Landsat 7 (ETM+) 2000/08/11 B6 — TIR (60m resolution,
2000/08/18 resampled to 30m)
Landsat 8 (OLI) 2015/07/28 B10 — TIR (100m
2015/08/04 resolution, resampled to
2020/08/10 30m)
2020/08/01
2025/08/15
Landsat 9 (OLI-2) 2025/08/16 B10 — TIR (100m
resolution, resampled to
30m)

3.3 Analysis

3.3.1 Pre-Processing

Since the imagery used in the study was from Landsat Level 2, no extensive preprocessing
was required. These products are analysis-ready; they are already radiometrically calibrated
and atmospherically corrected to surface reflectance and surface temperature. The images
are also orthorectified and georeferenced on a consistent map grid; thus, routine radiometric
and geometric corrections are already handled. All images were inspected through the GIS
software to confirm their Geographic Coordinate System (GCS). Both the satellite imagery
and the boundary data (Greater Tripoli borders) have the same GCS assigned, which is
WGS 84. Any subsequent datasets or layers created (e.g. validation data, sampling data)

were also set to have the same GCS.

However, all Landsat Level 2 products are written as scaled integers for faster download
and to minimise disk space (USGS, 2022; USGS, 2025). The bands are written as 16-bit
integers. Thus, a scaling pre-process must be carried out before any further calculation.
Since the raster layers used in this study are Level 2 products, the same scaling factor and

additive offset are applied to all layers. Equation (1) and (2) were used for this step.

Surface Reflectance (SR)=(Digital Number (DN)*0.0000275)-0.2 (1)
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Surface Temperature (ST) = (DN * 0.00341802) + 149.0 )

Furthermore, because two scenes were needed to cover the entire Area of Interest (AOI),
mosaics were created to ease the detection of urban sprawl. The two scenes were stitched
for each index into a single raster. The input .TIFF files must also have the same bit depth
(in the case of Landsat, 16-bit unsigned) and the cell size must match the original layers
(30m). The images were then clipped to Tripoli’s extent, to focus the analysis on only the
AOL This was achieved by applying a mask based on the city’s administrative boundary,
which is a vector layer rasterised internally to match the mosaic’s alignment and spatial

resolution. Only the pixels within the defined boundary were retained, effectively excluding

all data outside the AOI.

3.3.2 Urban Sprawl Analysis
3.3.2.1 Composites

Two main composites were created for visual interpretation of urban areas, mainly used to
create points for the validation of the classification method, and to classify validation
points. A natural or true colour composite is a combination of visible colour bands (red,
green and blue) in the corresponding colour channels (Patra et al., 2006). The result
resembles the colours naturally observed by the human eye; vegetation is green, water is
dark blue to black, and any bare or impervious surfaces appear light grey or brown (Figure
4). Although natural colour composites are preferred because they retain the common
appearance of objects, it can be very difficult to recognise subtle differences in features. To
generate a true-colour composite, the colour spectral bands were combined with the

corresponding channels: red, green, and blue.

Subsequently, to improve the distinction of urban areas, Urban False Colour Composite
(FCC) was also used. FCCs are composites that use different colour combinations to
highlight different land features through their reflective properties (Patra et al., 2006).
Urban FCC was created to improve the visual detection of urban cells, especially in rural
areas and where they are surrounded by vegetation or bare soil. This composite uses
SWIR2, SWIR1 and red bands to highlight urbanised areas. Urban areas would appear in

white, grey or purple, whereas vegetation would be in shades of green (Figure 4).
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Figure 4 - A comparison between natural colour composite and urban False Colour Composite (FCC), where urban
areas appear darker grey or purple.

3.3.2.2 Indices Calculation

For this study, multiple spectral indices were selected and employed in the detection and
delineation of urban areas within Tripoli. Spectral indices are acquired through
mathematical equations that use the various spectral bands of satellite imagery (Huang et
al., 2020). Many indices exist that are used to extract LULC features (Hidayati &
Suharyadi, 2019; Abbas, 2024); however, for this study, a combination of the following
indices was used: NDVI, NDBI, MNDWI, Bare Soil Index (BSI) and Enhanced Built-up
and Bareness Index (EBBI). Combining spectral indices is a common method for deriving

LULC (Naem et al., 2016; Hidayati & Suharyadi, 2019; Mzid et al., 2021; Abbas, 2024).

NDVI, the most common index, relies on the use of NIR and Red bands to enhance
vegetation (3) (Davis et al., 2023). Plants (healthy vegetation) tend to reflect a large amount
of NIR light and absorb red light for the process of photosynthesis (Yasin et al., 2022; Davis
et al., 2023). This index was used not only to isolate vegetated areas outside the urban
fabric, but also, most importantly, to isolate urban green areas within it. MNDWI was also
used to detect water features within the AOI. This index uses Green and SWIR bands to
detect open water features, while also suppressing noise from built-up areas that may be

confused as water in other methods (4) (Hidayati & Suharyadi, 2019).

NDV] = NIR — Red 3)
" NIR + Red
MNDWI = Green — SWIR (€))
" Green + SWIR
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Moreover, NDBI is an index that uses the NIR and SWIR bands to highlight any impervious
surfaces (i.e. built-up areas), which typically reflect a higher amount of SWIR, as compared
to NIR (5) (Yasin et al., 2022). It has been used in other studies to automatically detect and
map urban areas (Tin & Muttitanon, 2021; Yasin et al., 2022). In this study, NDBI was
used in conjunction with the other indices to improve the delineation of urban areas. Due
to the complexity of differentiating urban features from bare land, the visible high
distribution of bare land and its integration within the urban fabric, a combination of
multiple indices was necessary. Multiple indices to detect bare soil exist, and many were
tested for this study (As-syakur et al., 2012; Rasul et al., 2018; Mzid et al., 2021; Tin &
Muttitanon, 2021); however, it was found that BSI and EBBI were most suitable. BSI is
calculated using Red, Blue, NIR and SWIR bands, relying on soil characteristics to
highlight bare surfaces (Mzid et al., 2021). Bare soils reflect more light in the SWIR and
Red regions, compared to how vegetated areas reflect more NIR and Blue light; thus, BSI
is a combination of NDVI and NDBI (6). However, BSI was not entirely practical in
isolating bare soil from urban areas, especially in semi-arid areas such as Tripoli, where the
two features tend to blend. Hence, an additional index (EBBI) was needed to differentiate

between bare and built-up areas.

NDBI — SWIR — NIR (5)
" SWIR + NIR
_ (SWIR + Red) — (NIR + Blue) (6)

BSI =
(SWIR + Red) + (NIR + Blue)

Furthermore, EBBI is an index that applies NIR, SWIR and TIR bands (Yasin et al., 2022).
NIR and SWIR bands give a high contrast, which is useful in isolating built-up and bare
areas (As-syakur et al., 2012; Yasin et al., 2022). The TIR band plays a critical role by
detecting temperature and emissivity differences between built-up and other land types.
Since built-up areas typically exhibit higher emissivity and albedo values in TIR due to the
material used, the TIR band is extremely useful for isolating built-up regions from other

features (7).

SWIR — NIR 7
EBBI =
10VSWIR + TIR
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3.3.2.3 Classification and Validation Methods

After the indices were created, the range of values for each index was analysed to determine
the scene-specific threshold. For example, the general rule is that higher positive NDVI
values indicate vegetated areas, and positive NDBI values indicate built-up areas; however,
this might not be entirely accurate for the AOI. Thus, multiple methods are used to identify
the closest thresholds for each index. Histograms were created for each index (EBBI, BSI,
NDBI, NDVI and MNDWI) to have an accurate representation for the AOI and for the year
of capture. Sample points (300 points) were also created to represent different land features,
focusing mainly on urban features. These points were classified using true-colour
composites, urban FCCs and Google Earth imagery. They were then assigned values
extracted from each index, which were analysed for patterns. Another method used was
simple visual interpretation and inspection. This proved important, especially for
differentiating the thresholds for urban and bare areas, as their values tend to be close,

especially in NDBI, BSI, and EBBIL.

Once thresholds for each index were established, these were then used as a combination
condition to isolate the urban areas from other features. Thus, a pixel was classified as
urban only if it met all the thresholds. Moreover, since the study uses captures from multiple
years, thresholds in Table 4 are different as they are adapted for each year. The result of this
classification step was a binary raster where ‘1’ corresponds to ‘urban’, and ‘0’ corresponds

to ‘non-urban’.

Table 4 - Table indicating the thresholds used as a formula to delineate urban areas in the Greater Tripoli per year:

Year Thresholds
NDBI <= 0.200

BSI <=0.175

2000 -0.000081 <= EBBI <= 0.001917
NDVI<0.15

MNDWI <= 0.2

NDBI <=0.142

BSI <=0.194

2005 0.0001 <= EBBI <= 0.00053
NDVI<0.177

MNDWI <= 0.3
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2010

NDBI <=0.142

BSI<=0.16

-0.00001 <= EBBI <= 0.0005
NDVI<0.18

MNDWI <0.3

2015

NDBI <=0.119

BSI <=0.190

-0.000015 <= EBBI <= 0.005
NDVI<0.18

MNDWI <=0.3

2020

NDBI <=0.130

BSI <=0.1705

=0.000176 <= EBBI <= 0.0006
NDVI<0.173

MNDWI <= 0.17

2025

NDBI <=0.179

BSI <=0.180

-0.000134 <= EBBI <= 0.0005
NDVI<0.19

MNDWI <= 0.1

The validation sample data was created for the accuracy assessment stage. A total of 400
points were generated using a spatially balanced random sampling technique to ensure even
coverage across the study area. These points were not pre-classified; however, each point
was assigned a class (urban or non-urban) through visual inspection, using both true colour
composite and Urban FCC, Google Earth imagery, and where necessary, NDVI. This
process produced an independent reference dataset to be used test the accuracy of the

classification process.

Using the binary raster created in the classification step, values were extracted and
appended to the corresponding points. This layer was the foundation of the validation

process. A confusion matrix (or error matrix) was created using these values. The following

accuracy measures were calculated (Liu et al., 2007):
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e Overall Accuracy (OA): a measure of the proportion of correct predictions out of

the total number of predictions made (8).

_ Total correct (8)
~ Total samples

e User’s Accuracy (UA): a measure of the probability of a pixel classified as a given

class, represents the class in real life (9).

B Correct for that class 9)
 Total classified as that class

e Producer’s Accuracy (PA): a measure of the probability that a reference sample

point is correctly classified (10)

_ Correct for that class (10)
~ Total reference samples of that class

If the resulting accuracy values were unsatisfactory (i.e. low), the classification was
repeated using updated thresholds. This ensured that the final classification reflected the

calibrated decision rules without altering the original validation dataset.

3.3.2.4 Change detection

Change detection refers to the process of identifying and quantifying differences in spatial
or temporal patterns of, for example, land cover between two or more time periods,
enabling the interpretation of landscape evolution. Change detection of the extent of the
urban area was presented through a combination of visual and quantitative methods. For
each interval, statistics of validated urban land cover were extracted and compared
sequentially to reveal patterns of sprawl or the contrary. This stepwise comparison enables
a clear, gradual measure of change in urban footprint over time. To complement the
numerical analysis, a time-series map sequence illustrates the evolving urban form of

Tripoli, offering a dynamic visual narrative of how the city has evolved.

3.3.2.5 Shannon s Entropy

Shannon’s Entropy (Hn) index is a common method of measuring urban sprawl, based on
remote sensing and GIS (Dewa et al., 2022; Alsharif et al., 2015). The H, index measures
the degree of dispersion or concentration of any geographical variable with n zones,

calculated using equation (11) (Dutta & Das, 2019; Dewa et al., 2022).
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n (11)
H, = —Zl P, log(P,)

P;i in this study is the proportion of built-up area in each zone created, and n is the total
number of zones in the AOI. The values of H, values from 0 to log(n), and they represent
the compactness of urban patches the closer the value is to 0, and closer the value is to

log(n) the more the distribution is dispersed (Dutta & Das, 2019).

However, to better interpret the degree of the sprawl phenomenon, the relative entropy is
derived using the calculated H, (12) (Dutta & Das, 2019). The relative entropy (Hi)
normalises the entropy values to a standardised range between 0 and 1, rather than 0 to
log(n), which makes the values easier to compare across different years. Values closer to
zero reflect a compact distribution of the built-up area, whereas values nearer to 1 reflect a
dispersed distribution (Dutta & Das, 2019; Shenbagaraj et al., 2019). Urban sprawl tends
to be defined by how dispersed the distribution is (i.e. higher entropy values); thus, if the
value is higher, then the urban body is reflecting a strong sprawl pattern.

H, (12)
H=——
! ?=11n (n)

To properly calculate and represent the urban distribution using Hy, the AOI had to be
divided into zones. Two zoning methods were considered: administrative boundaries and a
geometric system based on distance and direction from the city centre. Administrative
boundaries, although convenient and readily available, are often defined for governance
rather than spatial uniformity. In the case of Tripoli, these boundaries vary greatly in area
and shape, extending irregularly in certain directions and encompassing non-comparable
extents of built-up land. This irregularity may introduce bias when calculating H,, since the
size of the zones can disproportionately influence the result. Thus, administrative
boundaries were less suitable for assessing the geometric pattern and uniformity of urban

sprawl.

To overcome these limitations, the city’s Central Business District (CBD) was used as a
spatial reference point for a more objective zoning framework, a similar approach to
Alsharif et al. (2015). The CBD was identified based on the historical and functional core
of Tripoli, which is the Old City, representing the origin of urban expansion. From these
central points, concentric buffer rings were generated at regular distance intervals of 6

kilometres (to cover the entire area of the Greater Tripoli). To further incorporate spatial
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directionality, bearing lines were created at 45-degree intervals, thus dividing the study area
into eight equal directional sectors. The intersection of these bearing lines with the buffer

rings produced a set of 29 uniform wedge-shaped zones radiating from the CBD (Figure
4).

This combined distance-direction approach zoning system offers geometrically consistent
units, ensuring that each zone represents a comparable spatial extent, and thus entropy
would reflect true spatial dispersion rather than artefact of zone geometry. By minimising
inconsistencies in area and shape, this approach reduces the influence of the modifiable
areal unit problem (MAUP), a statistical bias in which the results of spatial analysis can
differ depending on the delineation of spatial boundaries (Wong et al., 2009). Thus, this

approach provides a more reliable framework for quantifying urban sprawl and entropy.

[ The Greater Tripoli
1 Directional Buffer Zones
@ Central Business District

Spatial Reference
0 3 6 12 Kilometers Name: GCS WGS 1984

GCS: GCS WGS 1984

Figure 5 — Figure detailing how the AOI was divided into zones for the urban sprawl analysis.

3.3.3 UHI Analysis
3.3.3.1 Extracting LST

The LST scenes of the Landsat product Level 2 are produced from the raw thermal infrared
bands (Level 1 products), where Top of Atmosphere (TOA), reflectance, and TOA
Brightness Temperature are calculated (USGS, 2022). Thus, the TIR bands are pre-

processed and published as DN raster layers. However, temperature must be extracted from
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the TIR band by using the scaling factor to convert DN to temperature values in Kelvin
(K), which is carried out in the preprocessing stage using equation (2) (USGS, 2022; USGS,
2025). Then, to display the LST in Celsius (°C), the Kelvin temperature must be converted
through equation (13).

LST = ST — 273.15 (13)

Where LST is temperature in degrees Celsius (°C) and ST is temperature in Kelvin (K).

3.3.3.2 UHI calculation

To quantify and analyse the UHI effect in relation to urban sprawl, this study incorporates
a more rigorous approach than simple visualisation of LST gradients between urban and
rural areas. Therefore, a UHII metric was calculated. It represents the most straightforward
and quantitative indicator of the thermal impact cities impose on their surrounding
landscapes (Memon et al., 2009). This metric captures the relative warming of urban zones
compared to adjacent rural areas and serves as a reliable proxy for thermal modification
due to urbanisation (Memon et al., 2009; Benas et al., 2016). To compute it, random
sampling points (a total of 200 split between the two classes) were selected within both
urban and rural regions of the AOI, ensuring spatial representativeness and minimising bias
using a spatially balanced random sampling approach. Urban and rural (non-urban)
classifications are derived from the previous urban classification exercise. A new,
independent set of random points was generated for each year, ensuring that no sampling
set was reused across years or municipalities. The UHII was then calculated as the
difference between the mean LST of urban and non-urban points, providing a clear,

interpretable measure of urban thermal influence that could be correlated with urban sprawl
(14).

UHII = AngSTurban - AngSTnon—urban (14)

3.3.4 Statistical Significance

The statistical significance of the relationship between urban sprawl and UHII was assessed
by two complementary approaches. Urban sprawl was quantified through two metrics: the
total urban area and Shannon’s entropy; thus, capturing both magnitude and spatial
dispersion of urban growth over time. UHII was computed from the LST difference

between randomly distributed urban and rural points. The resulting dataset, therefore,
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consisted of paired observations, where each year and municipality (where applicable) had
corresponding values for urban area, entropy, and UHII. These paired values served as the
basis for a statistical test to assess if zones with higher degrees of urban sprawl also
experience a stronger UHI effect. The relationship was evaluated using correlation analysis.
Due to the relatively small size of the dataset, normality could not be determined with high
confidence. Thus, both Pearson’s correlation coefficient (r) and Spearman’s rank
correlation (p) were calculated. Correlations were computed at the AOI-level by pooling
all years and relating UHII to total urban area and entropy. The analysis was then repeated
separately for each municipality, again using all years within each municipality. Thus,
correlation coefficients were derived for each pairing independently, rather than combining

all years and municipalities into a single dataset.

The statistical significance of the correlation was tested using a two-tailed t-test, calculated
using equation (15). Where n represents the number of paired observations, r is the
Pearson’s correlation coefficient, and df refers to the degrees of freedom. A threshold of p
< 0.05 was used to determine significance, and 95% confidence intervals were calculated
to quantify the uncertainty around the correlation coefficients. The Null Hypothesis (Ho)
states that there is no statistically significant correlation between the extent or spatial
dispersion of urban sprawl and the UHII. In contrast, the Alternative Hypothesis (H1) states

that there is a statistically significant correlation between the two variables.

Secondly, a two-tailed t-test was also applied to evaluate the significance of differences in
LST between urban and non-urban areas. In this test, LST values were grouped by
classification, and a t-value was calculated and compared against the t-distribution to obtain
the corresponding p-value. A significant threshold of p < 0.05 was used to determine
whether urban areas exhibited systematically higher surface temperatures than rural areas.
The t-value indicates the direction and the magnitude of the observed differences, negative

t-values reflect urban areas have lower LST values than non-urban areas.

rvn — 2 (15)
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Chapter 4: Results

4.1 Urban Classification

Figure 6 illustrates the classification results and the changes in the urban area over the 25-
year study period. The maps show that the once limited urban form, concentrated mainly
along the coast and appearing more continuous, expanded drastically southwards over time.
The extreme southern part of the AOI remains largely unbuilt, either due to the nature of
the terrain or limitation of the classification method in distinguishing bare land from built-
up areas. In contrast, the coastal zones remained mostly unchanged. In the initial years
(Figure 6 a-c), there are minimal changes and an increase in the urban area. However, post
2010 (Figure 6 d-f), the urban form increases significantly with an apparent scattered

pattern.

4.1.1 Accuracy Results

Table 5 shows strong LULC classification performance for urban areas from 2000 to 2015,
with the OA consistently above 90%, and UA peaking at 92% in 2015. PA was lower in the
earlier years; however, it significantly improved after 2005, reaching over 80% by 2020.
Nonetheless, there was a decrease in 2020 (68%), suggesting an increase in commission
error, possibly due to spectral confusion. Despite the variations, the classifier maintains a

robust detection of urban features.

Table 5 - Results of the accuracy test for the classification methods.

Accuracy Test 2000 2005 2010 2015 2020 2025

OA 92% 92% 94% 91% 88% 87%

UA 85% 91% 89% 92% 68% 72%

PA 65% 57% 75% 75% 82% 81%
4.2 Urban Sprawl

Figure 7 illustrates urban expansion in Greater Tripoli from 2000 to 2025, as a comparison
of every 5-year increments. Between 2000 and 2005 (Figure 7 a), growth concentrated in
the northern region, while 2005-2010 (Figure 7 b) shows minimal dispersed expansion into
peripheral areas, marking the onset of sprawl. From 2010 to 2015 (Figure 7 c), sprawl
intensified, extending southward with infill in the north. Growth was reduced (fewer new

urban patches appeared) between 2015 and 2020 (Figure 7 d), with gap infilling
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development appearing within the existing fabric. By 2020-2025 (Figure 7 e), expansion
resumed along the southwestern edge and within the middle area of the AOI. Overall, the
2000-2025 comparison (Figure 7 f) highlights a clear sprawl effect; the limited coastal

urban form now covers a much larger portion of the AOI.

4.2.1 Statistics of Urban Change

Table 6 and Figure 8 give a statistical description of urban change in Greater Tripoli
between 2000 and 2025. The urban area increased from approximately 120 km? in 2000 to
over 277 km? in 2025, thus doubling over the 25-year period. The percentage of land that
is built-up within the AOI also increased steadily over the study period, rising from
approximately 13% in 2000 to 30% in 2025, indicating a substantial urban transformation.
However, the rate of change was uneven, with the most pronounced change occurring
between 2010 and 2015, when the urban area increased by 38%. This significant increase
contrasts the more modest values observed between 2000 and 2005 (8%) and 2015 to 2020
(5%), suggesting either phases of relative stability or lack of extensive development that
are interrupted by periods of rapid development. The subsequent increase of 23% between

2020 and 2025 reflects renewed expansion.

Table 6 - Comparison of total urban land area per year within the AOL

Year

2000

2005

2010

2015

2020

2025

Area in km?

120.1

129.6

155.2

214.5

225.3

277.5
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Figure 6 - Graph indicating the percentage of AOI land that is built up and the rate of change every 5-year period
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Figure 7 - Urban areas detected using the indices classification method, the maps showing the progress of urban sprawl
between 2000 and 2025: (a) 2000, (b) 2005, (c) 2010, (d) 2015, (e) 2020, and (f) 2025.
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Figure 8 - Spatial comparison of Urban sprawl changes across five-intervals during the study period: (a) 2000-2005, (b)
2005-2010, (c) 2010-2015, (d) 2015-2020, (e) 2020-2025, (f) cumulative change from 2000-20235.
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4.2.2 Urban change per Municipality

Figure 9 illustrates the municipality-level urban growth in Greater Tripoli throughout the
study period. Abu-Salim and Ain Zara both exhibit the most pronounced expansion, with
steady increases in both area and percentage of land over time, and particularly after 2010.
Abu-Salim urban area increased from approximately 20 km? in 2000 to 44 km? in 2025,
whereas Ain Zara increased from 14 km? in 2000 to 68 km? in 2025. Janzour and Tajouraa
also show consistent growth, though their percentages remain relatively moderate,
suggesting that the expansion is not causing urban footprint dominance. Urban area in
Tajouraa gradually increased from 4% of the land in 2000 to 14% in 2025, while the urban
area covered a maximum of 40% of Janzour in 2025. Central Tripoli maintains a relatively
stable urban area fluctuating around 15 km?, with the decrease in 2005 likely due to
redevelopment phases rather than urban area loss. Nevertheless, this overall stability
indicates limited available land or possible saturation. Hay Al-Andalus and Souq Al-Guma
display gradual increases, but their growth is less steep compared to the other
municipalities. This all reflects a spatial shift in urban growth from the central to the outer
municipalities, with the new development occurring more in the southern and eastern
municipalities, such as Ain Zara and Abu-Salim, thus suggesting a sprawling pattern (See

Appendix A for detailed results).
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Figure 9 - Graph showing the percentage of urban area change between 2000 and 2025 per municipality.
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4.2.3 Direction of Sprawl

Figure 10 indicates the urban growth throughout the study period in each direction within
the AOL It clearly indicates minimal development, and change occurs in the northern
direction, which is the region closest to the CBD, thus possibly experiencing saturation.
The West and Southwest directions seem to have experienced relatively stable growth
through the years, with no significant change. Southern and Southeast directions both seem
to have experienced the most change throughout the 25-year period. Development in the
southern direction more than tripled by 2025, with a noticeable acceleration from 2010, and
a rapid increase between 2010 and 2015. However, this trend seems to drop between 2015
and 2020. In 2025, development seems to accelerate yet again and reach a high of 71 km?.
In addition, the Southeast direction experienced the largest and most sustained growth. The
region already had a high initial presence, starting with the largest urban area (approx. 42
km?) compared to the rest of the directions. Similar to the Southern direction, it experienced
the biggest increase between 2010 and 2015. In 2025, the urban area in this direction
covered approximately 107 km?, suggesting that this region was the dominant direction for

the urban expansion.
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Figure 10 - Graph of the direction of sprawl for the study period (2000-2025).
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4.3 Growth Types

4.3.1 Shannon’s Entropy Results

Table 7 presents the calculated values for Shannon’s Entropy, both H, and Hj. All the values
are significantly high (close to log(n) and 1), and there was not much variation seen between
years. Thus, it can be interpreted that the development and urban growth in Tripoli were
dispersed and do not seem to be compacted into one region more than another. Furthermore,
the rate of change of H; was also calculated to understand the change between every 5-year
period. As is clearly indicated in the table, the change was very minimal and, in some years,

negative, which may be attributed to a lower rate of urban development.

Table 7 - Calculated Shannon's Entropy Values, both Absolute (Hn) and Relative (H1) for each year..

Year 2000 2005 2010 2015 2020 2025
Ha 2.80 2.80 2.79 2.87 2.80 2.88
H, 0.83 0.83 0.83 0.85 0.83 0.85
Year 2000-2005 | 2005-2010 | 2010-2015 | 2015-2020 | 2020-2025
OH, 0.002 -0.005 0.023 -0.020 0.024

4.4 LST and UHI

Figure 11 shows the spatial distribution of LST within the urban zones by distance from
the CBD. Across most years, the 6km ring remains relatively cooler, likely reflecting the
moderating influence of the coastal zone. An exception occurs in 2000 (Figure 11 a), where
coastal areas were noticeably warmer compared to later years. A persistent warm zone
appears near the coast and extends beyond 12km, while additional hotspots emerge on the
western coast in 2000, 2010 (Figure 11 ¢), and 2025 (Figure 11 f). By 2020, LST values
reach the upper end of the scale, forming a pronounced hotspot beyond the 6km ring. The
2025 pattern is similar but shows a clearer lateral spread of elevated temperatures towards

both eastern and western sides of the urban area. In comparison,

Figure 12 shows the broader LST distribution within the AOI and it reveals a consistent
inland-directed temperature gradient. Temperatures increase towards the inland regions,
and rarely peak along the coastal areas. In 2000 (Figure 12 a), warm zones dominated the
southern and southeastern regions. By 2010 (Figure 12 c¢) these warm areas expand
northwards and by 2020, the map shows the most extensive inland heating, with much of

the southern half exhibiting elevated temperature near the max LST value (Figure 12 e).
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Figure 11 - Maps showing the variation of LST (C°) within the urban area for the study period (2000-2025): (a) 2000,
(b) 2005, (c) 2010, (d) 2015, (e) 2020, and (f) 2025
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Figure 12 - Spatial distribution of LST across the AOI throughout the study period (2000-2025): (a) 2000, (b) 2005, (c)
2010, (d) 2015, (e) 2020, and (f) 2025
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4.4.1 LST statistics

Figure 13 represents the trend in average LST in urban, non-urban and the AOI in general.
The average temperature across the study area shows that both urban and non-urban areas
follow a similar temporal pattern, decreasing in 2005, a steady increase to a peak in 2020,
and then eventually declining again in 2025. Throughout most years, non-urban areas
exhibit higher average temperatures than urban zones, which was also reflected in the AOI
averages closely matching this trend. Nonetheless, the urban average LST fluctuate over
time, reaching the lowest in 2005 (approx. 42 °C) and the highest in 2020 (approx. 48 °C).
Urban areas experienced a cooling trend in the initial years but were followed by a
consistent warming trend later in the study period. Compared to the AOI and non-urban
average, urban averages are consistently lower, and although the trends are mirrored, the
difference between the average urban and non-urban LST suggests that the areas outside of
the urban core contribute disproportionately to higher average temperatures. Furthermore,
Figure 14 gives a municipality-level context to urban thermal trends. The general temporal
pattern within the municipalities is similar to the previously explained trend. Ain Zara and
Abu Salim consistently exhibit some of the highest urban averages (approx. 51 °C in 2020),
indicative of higher heat accumulation in these areas. In contrast, Central Tripoli and Souq

Al-Guma record the lowest averages (See Appendix A for detailed LST statistics).
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Figure 13 — Average LST within the Greater Tripoli (AOI), in contrast with urban and non-urban areas.
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Figure 14 - Comparison of average urban temperature within each municipality throughout the study period (2000-
2025).

4.4.2 UHI effect and Intensity

Table 8 displays the calculated UHII values for the AOI across the 25-year period. The
UHII values show a distinct variation over time, with all the years exhibiting negative
values. This indicates that urban areas remain cooler than their surrounding non-urban areas
throughout the study period. The lowest UHII was in 2020 (approx. -6 °C), indicating the
biggest contrast between the average temperatures of urban and non-urban areas. On the
other hand, the weakest UHII occurs in 2025 (approx. -3 °C), suggesting a decrease in this

contrast, possibly due to localised conditions.

Table 8 - Calculated UHII (°C) for the Greater Tripoli area throughout the study period (2000-2025).

Year 2000 2005 2010 2015 2020 2025

UHII -5.35 -4.25 -3.96 -3.94 -6.28 -2.94

Figure 15 represents the calculated UHII values for each municipality throughout the study
period. Looking at a closer scale, most of the municipalities follow the same general trend
of negative UHII, suggesting that their urban cores are cooler than the non-urban areas.
However, there was a noticeable spatial variability. Tajouraa, Ain Zara, Abu Salim, Hay Al-
Andalus, and Janzour consistently show negative UHII values throughout the study period.

Tajouraa experienced some of the strongest negative UHII, especially in 2020, aligning
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with the period of most intense contrast in the AOI. Conversely, Central Tripoli experiences
positive UHII values, with UHII values remaining positive between 2000 and 2020,
indicating a strong UHI effect during this period, until decreasing in 2025. Souq Al-Gumma
remains negative across all years only experiencing a marginal positive UHII in 2025. In
fact, Central Tripoli stands out with UHII peaking at 1.5° C in 2010, which is the strongest

urban warming between municipalities, before gradually declining in later years.
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Figure 15 - Calculated UHII per municipality for the entire study period (2000-2025).

4.5 Statistical Correlation and Significance

Table 9 presents the results of the statistical significance test for the correlation between
land classification and LST. The test shows a consistently significant difference between
the two variables across all years. Average urban LST was notably lower than the average
non-urban LST, with mean differences ranging from -3.5 °C to -6 °C. The high negative t-
values reflect the observed direction of difference and the p-value of <.001 indicate that
these differences are statistically significant (reject HO) and not due to random variation.
These results show that the temperature contrast between urban and non-urban surfaces is

consistent over time and aligns with the UHII patterns observed in the study.

Table 10 presents the results of the statistical significance tests for the correlation between
UHII and the urban area size for all the years analysed. The correlation analysis shows

weak and statistically non-significant relationships. Both the Pearson (r=0.312, p=0.548)
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Table 9 - Results of the statistical significance two-tailed t-test for the correlation between LST and land classification

(urban and non-urban).

Year Mean urban | Mean Non- | Mean t p
LST Urban LST | Difference

2000 43.80 48.45 -4.65 -24.994 <.001
2005 40.83 45.30 -4.47 -27.346 <.001
2010 41.79 46.34 -4.55 -23.938 <.001
2015 4541 50.23 -4.83 -22.953 <.001
2020 48.53 54.68 -6.09 -24.823 <.001
2025 42.97 46.51 -3.54 -22.022 <.001

and Spearman (p = 0.429, p = 0.397) tests indicate low positive associations, but the high
p-values confirm that these patterns are not statistically significant (support HO). This can
suggest that the variations of UHII yearly are not directly driven by the extent of the urban
arca. Furthermore, it also shows the result of the correlation between UHII and Shannon’s
Entropy values. The results indicate a moderate positive correlation, with Pearson r= 0.654
and Spearman p = 0.600. However, neither relationship is statistically significant (p =0.159
and p= 0.208, respectively). The direction of the correlation (positive) may suggest that the
more dispersed the urban areas, the slightly stronger UHII values; however, the lack of
significance means this trend cannot be confirmed. Furthermore, municipality statistical
significance results generally showed a non-significant correlation between urban area
extent and UHII, except within Janzour (p-value for Spearman’s is 0.005, and p-value for
Pearson’s is 0.012), which indicates a strong and statistically significant positive correlation

between UHII and urban expansion in that locality (See Appendix A for detailed results).

Table 10 - Results of Pearson and Spearman tests for the relationship between yearly UHII and the urban metrics.

Variable Correlation Test r/p p-value

Urban area size Pearson 0.312 0.548
Spearman 0.429 0.397

Shannon’s Entropy Pearson 0.654 0.159
Spearman 0.600 0.208

48



Chapter 5: Discussion

5.1 Urban Area and the Sprawl Effect

In the initial year of the analysis, in 2000, the urban area and form of the Greater Tripoli
were relatively constrained to the coastal area with minimal development in inland areas.
The built-up area covered a considerably small portion, approximately 13% of the region.
Despite this limited urban extent, historical evidence and early studies suggest that Tripoli’s
development was already shaped by outward horizontal expansion from the Old city (CBD)
and port, marking the early emergence of a sprawling urban form rather than vertical
densification (Ali et al., 2008; Attwairi, 2017; Idriz, 2024). Nevertheless, this can be
interpreted as the ‘urban concentration’ phase, in which growth remains relatively close to

the historical core (Garcia Docampo, 2014).

The expansion in Tripoli has a distinct directional and spatial variability. More specifically,
the northern areas remained consolidated with minimal changes, while the expansion
increasingly extended towards the eastern, southern and south-eastern directions, a pattern
that was reported in previous studies (Al-sharif et al., 2015; Idriz, 2024). A critical
characteristic of this transformation is the presence of distinct phases of development
throughout the study period, suggesting that urban growth did not occur uniformly. During
the early phase of the study period, the expansion was occurring as extensions of the
existing urban core, thus reinforcing the continuity along the coast and the immediate
adjacent areas, consistent with first phase of growth in Tripoli described by Ali et al. (2008),
who reported that between 2000 and 2005 constraints in supply of building material and
high labour costs reduced the pace of development. However, as development pressure
increased, the pattern of growth became more fragmented, with new urban patches
appearing outside of the already existing form. This is referred to as the ‘de-concentration’
phase of urban growth, where central areas reach saturation and development seek new
land in the peripheral zones (Garcia Docampo, 2014). Between 2000 and 2025, the total
urban land has more than doubled, coupled with an increase in the proportion of built-up
land. This represents not only a quantitative increase in the urban area but also a change in
the urban form that is characterised by increased fragmentation in the peripheral and
consolidation within existing urban areas, possibly driven by land availability, housing

demand and accessibility rather than proximity to the city centre (Idriz, 2024).
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There were periods of relatively modest expansion which were interrupted by stages of
rapid expansion, notably between 2010 and 2015. This uneven temporal pattern suggests
that the growth has been influenced by episodic drivers rather than a steady, gradual growth.
Furthermore, such fluctuation reflects broader socio-economic and political dynamics
(Abubrig, 2016). Prior to the Arab Spring in 2011, urban expansion in Tripoli was shaped
by a lack of an effectively implemented master plan and the growing prevalence of
‘random’ development driven by low-cost subdivision of peri-urban land (Attwairi, 2017;
Fageeh, 2022; Idriz, 2024). After 2011, political instability further weakened planning and
land governance, intensifying unregulated development and outward urban growth

(Stadnicki et al., 2014).

It is important to note that this sprawl trend was not isolated. As the growth continued, so
did the consolidation process, where isolated urban patches began to merge and form larger
and more connected urban zones, namely in the central parts of the Greater Tripoli. This
suggests that the urban system was evolving, in which dispersed built-up areas integrate
and thus reduce the discontinuities, while simultaneously increasing the overall urban area
extent. This is noticeable in the later years (2015-2020), where the expansion beyond the
existing urban boundary may have slowed, but gap-filling and redevelopment were taking
place within the already existing urban fabric. This suggests perhaps a temporary emphasis
on the densification or a ‘re-urbanisation’ phase rather than the outward expansion (Garcia
Docampo, 2014; Al-sharif et al., 2015). The two forms of growth are coexisting within the
city creating hybrid urban growth patterns, which highlights the dynamic and non-linear

nature of urban development (Garcia Docampo, 2014).

Further insight is given by the municipal level analysis to understand the restructuring of
urban growth in the Greater Tripoli. Central Tripoli exhibited minimal changes over time,
remaining relatively stable, which suggests a degree of saturation, possibly due to limited
available land and the nature of the already established development in the area. On the
other hand, the outer municipalities have experienced and absorbed most of the urban
expansion, which emphasises the decentralisation of urban growth in the Greater Tripoli.
Ain Zara and Abu Salim experienced the most pronounced growth in the urban area, which
noticeably accelerated after 2010, thus indicating their emerging role as dominant zones of
urban expansion. The scale and uniformity of the development in these areas indicate that
they have fewer limitations, such as land availability, land affordability, weaker land-use

constraints and greater opportunities for new construction compared to Central Tripoli (Ali
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et al., 2008; Attwairi, 2017; Al-Kbeer & Dkheel, 2024). Meanwhile, while urban expansion
was still evident in Janzour and Tajouraa, it did not dominate to the same extent as in rapidly
growing municipalities. These patterns indicate a transitional urban character, where the
pressure for development is present but remains spatially constrained. On the other hand,
Hay Al-Andalus and Souq Al-Guma showed lower rates of urban area increase,
highlighting the spatial heterogeneity of urban development within the Greater Tripoli and
emphasising the interpretation that urban expansion has shifted away from the central

(coastal) area.

The consistently high Shannon’s entropy values indicate that throughout the study period,
urban growth remained widely spread and not concentrated in one singular zone. The
limited variation in values also indicate that the dispersion is a structural characteristic of
Tripoli’s urban growth, rather than a transitional phenomenon and that as the overall extent
of the urban area increased, its spatial distribution remained relatively stable. Garcia
Docampo (2014) argues that once a city enters a phase of spatial dispersion, it often
maintains this pattern unless strong planning intervention reverses the trend. Thus,
Shannon’s entropy results, along with the observed expansion into the peripherals, support
the presence of sustained urban sprawl in the Greater Tripoli, which is consistent with the

findings from Al-sharif et al. (2015).

5.2 Urban Area and UHII

The spatial distribution of LST across Tripoli reveals a strong and persistent coastal-inland
gradient that plays a central role in shaping the observed thermal patterns. This pattern has
also been observed in previous analyses of Tripoli and Benghazi (Abu Hamra and Ghaleleb,
2024; E1-Oujli, 2025). Consistently, the coastal areas, particularly the areas surrounding the
CBD, were characterised by lower surface temperatures compared to the inner areas. Urban
areas located along the coast remain systematically cooler than the surrounding non-urban
parts. This cooling behaviour is consistent with the moderating effect of the large water
bodies (e.g. the Mediterranean Sea), which suppresses daytime surface heating and
weakens UHI formation (Lachkham et al., 2025). Coastal settings often display mixed UHI
and UHS behaviour, as maritime airflows and the presence of irrigated vegetation maintain

cooler urban surfaces relative to the hotter inland landscape.
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However, the year 2000 stands out as an exception to this general pattern, with the coastal
area exhibiting noticeably higher temperatures than in subsequent years. This deviation
suggests that short-term climatic conditions may have influenced this deviation, a
behaviour also observed in other Mediterranean and North African cities during episodic
heat events (El-Magd et al., 2016; Salvati et al., 2017). Despite this, warmer urban corridors
persist throughout the years, extending from near the coast to beyond the inner distance
rings, indicating that certain locations consistently experience elevated temperatures
regardless of the interannual variability. Higher temperatures are predominantly observed
in the central and southern portions of the city. Over time, these warmer zones become
more spatially extensive as they expand northwards with urban development. Nevertheless,
the underlying coastal-inland thermal gradient persists throughout the study period, with
cooler conditions along the northern coastline and progressively higher temperatures

toward the inland bare-soil belt.

Non-urban areas, which include extensive bare soil, sparsely vegetated lands, and arid
surfaces, contribute disproportionately to higher surface temperatures. In semi-arid
environments such as Tripoli, rural vegetation becomes stressed during summer, reducing
evapotranspiration and causing rural surfaces to heat more intensely than urban cores (EI-
Oujli, 2015; Lachkham et al., 2025). This mechanism aligns with Tripoli’s inland bare soils,
which function as strong heat-source surfaces and rapidly reach extreme temperatures
under high solar loading (Li et al, 2017). On the other hand, urban areas in Tripoli may
benefit from sea-breeze cooling, but other factors could play a role in moderating surface
temperatures beyond climatic influences, such as building geometry, building shadows or
irrigated urban vegetation (Imhoff et al., 2010; El-Magd et al., 2016; Mills et al., 2021;
Lachkham et al., 2025).

Furthermore, the UHII values remained negative across the study period, indicating that
urban surfaces consistently remain cooler than their non-urban surroundings. This patterns
reflects a broader tendency towards UHS behaviour, where coastal urban zone remains
cooler than the inland bare-soil landscape (Lachkham et al., 2025). Such negative values
are typical in cities bordered by bare soil or shrubland environments, as these surfaces
accumulate heat far more rapidly than the urban fabric, rather than conventional positive
UHI values that are witnessed in other Mediterranean cities (Clinton & Gong, 2013; Benas
etal., 2016; Nassar et al., 2016; Martinelli et al., 2020). The strongest negative UHII values

occur during periods of peak temperature contrast, particularly around 2020, indicating a
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pronounced urban and non-urban thermal differential. In contrast, weaker negative UHII
values in the later years suggest a reduction in this contrast, potentially due to warming

within urban areas, cooling in the non-urban areas, or a combination of both.

At the municipal scale, UHII values exhibit a notable spatial heterogeneity, as they vary
considerably between municipalities. While most municipalities maintain negative UHII
values, Central Tripoli and Souq Al-Guma exhibit occasional positive values. These
instances coincide periods when both municipalities are highly saturated with built-up
surfaces, which function as strong heat-source patches capable of elevating local surface
temperatures (EI-Magd et al., 2016; Li et al., 2017; Salvati et al., 2017). Their coastal
position further sharpens this contrast. The surrounding maritime zone remains relatively
cool, so even moderate warming within the dense urban fabric becomes thermally distinct
from adjacent coastal surfaces. These compact cores are also decoupled from the inland
bare-soil belt, allowing localised warming to exceed temperatures in coastal areas and

resulting in positive UHII values (Clinton & Gong, 2013).

Statistical testing (Two-Tailed t-test) indicates that thermal differences between urban and
non-urban areas in Greater Tripoli are robust. Mean difference shows that urban areas
consistently exhibit lower average LST than non-urban areas, reinforcing the observed
cooling tendency. However, correlation analysis (Pearson and Spearman Correlation tests)
shows no significant link between UHII magnitude and urban area or spatial dispersion
(Shannon’s Entropy), indicating that variations in Tripoli are shaped more by regional
climate, land cover, surface material, and geographic setting than by urban form alone
(Benas et al., 2016; Wang et al., 2025). Despite this, the directional pattern of growth
remains critical to thermal consequences. The urban areas have been progressively
expanding into the hotter inland areas, which implies increasing exposure to elevated
surface temperatures, with potential consequences for thermal stress and urban liveability,

despite the persisting cooling effect.

5.3 Limitations and Recommendations

The study faced a few limitations that may have influenced the interpretation and
generalisability of the results. The Landsat thermal scenes are downloaded as 30m

resolution, which are already resampled from 60m (TM and ETM+) or 100m (OLI and
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OLI-2). Although this matches the resolution of the multispectral bands used, it can smooth
extreme thermal gradients and thus reduce the magnitude of thermal differences between
the urban and non-urban areas. In addition, the use of multiple satellite scenes to cover the
full AOI required mosaicking, which may have reduced the precision of pixel values due
to averaging. For LST, this averaging can smooth the thermal contrast and limit the
representation of true temperature extremes, thus only relative patterns can be interpreted
rather than absolute values. However, the smoothing limitation is moderate for this study,
since it mainly focuses on a broader scale UHI, as well as temporal thermal comparison.
For 2010, the only suitable scenes were from June and July instead of August (to match the
rest of the study period), which may have introduced inconsistency that can influence the
observed thermal patterns and thus limit comparability. Furthermore, all the LST scenes
employed in this study were captured in the late morning (approx. 11 am local time), which
may have affected observed thermal trends, especially since the sea-breeze effect starts to
develop in late morning and strengthens in the afternoon. Urban heat retention, however, is
typically more intense during the night, thus late-morning acquisitions capture a period

when retained heat is declining (Benas et al., 2016).

Additional limitations relate to data availability and validation. The lack of official ground-
based temperature data prevented validation of satellite-derived LST values, which would
increase the confidence in the spatial consistency of the observed thermal difference.
Similarly, the lack of official LULC maps for Tripoli limited the ability to independently
verify urban classification results, especially for the earlier years of the analysis. Validation
relied on visual interpretation rather than ground-validated data or official LULC maps,
which may have introduced uncertainty in delineating urban extent. While these limitations
do not undermine the robustness of the observed thermal and urban growth patterns, they

limit the transferability of the results to other climatic contexts or times of the day.

Furthermore, there is the potential for future research to expand the scope of this study by
incorporating additional variables such as elevation, distance from the sea, population,
humidity, and surface type to better explain the urban cooling patterns. Comparing LST
with air temperature, analysing seasonal averages rather than focusing only on summer
scenes, and separating UHII measurements into core urban, peripheral and rural zones
would provide deeper insights into thermal gradients. Applying Shannon’s entropy to
directional growth could reveal differences in spatial dispersion; while comparing morning

and nighttime data would highlight diurnal thermal shifts and strengthen understanding of
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urban heat dynamics. Advances in GIS, such as GeoAl and machine learning approaches,
offer potential to automate and improve urban classification, model the relationship
between urban form and temperatures, and enhance spatio-temporal analysis using multi-
source datasets, thus improving the robustness of urban climate assessments in such data-

limited contexts.
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Chapter 6: Conclusion

Rapid urban growth in climate-vulnerable regions poses increasing challenges for human
thermal comfort, public health, and urban sustainability. High surface and air temperatures
exacerbate heat stress, increase energy demand, and disproportionately affect vulnerable
populations, particularly in cities experiencing unregulated or poorly planned growth. In
this context, understanding how urban form interacts with thermal behaviour is essential

for informing climate-sensitive planning and adaptation strategies.

This study demonstrates that Tripoli has undergone substantial urban expansion between
2000 and 2025, with the total built-up area more than doubling. Urban growth was neither
spatially uniform nor temporally constant. Instead, it exhibited a shift from a limited coastal
urban form to a more dispersed and sprawling pattern, particularly toward the eastern,
southern, and southeastern peripheries. Municipal-level analysis further highlighted a
decentralisation of growth, with outer municipalities such as Ain Zara and Abu Salim
absorbing most of the new development, while Central Tripoli remained relatively stable
and saturated. Shannon's Entropy results confirmed that this dispersed growth pattern
persisted throughout the study period, indicating sustained urban sprawl rather than a

transition toward compact development.

Thermal analysis revealed a strong coastal-inland gradient in LST, with cooler surface
temperatures along the coast and higher temperatures dominating the inland bare-soil areas.
Thus, contrary to UHI expectations, urban areas were consistently cooler than surrounding
non-urban areas, resulting in negative UHII values throughout the study period. This
cooling effect is likely influenced by the semi-arid context of the AOI, where bare soils and
other sparse landforms heat more rapidly than built-up areas, along with the coastal
moderation, thus reflecting a broader UHS behaviour. Hence, statistical analysis showed
no significant correlation between UHII and urban metrics, indicating that changes in urban
form do not directly control UHI behaviour in Tripoli, rather that regional climate and

geographic setting exert a stronger influence on LST than urban form alone.

This thesis fills an important gap by offering a long-term, spatially explicit analysis of urban
expansion and thermal patterns in Tripoli. As such, it contributes new empirical evidence
to the limited body of research on urban climate processes in Libya. The use of GIS and
remote sensing not only enabled the quantification of spatial and thermal change over time

but also demonstrated the value of GIS as a powerful tool for urban environmental analysis
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in settings where data is limited. The findings from this study offer a baseline for future
research and underline the need to investigate urban growth and thermal behaviour across
multiple spatial, temporal, and environmental dimensions. For urban planners and decision-
makers, the results emphasise that climate adaptation strategies in Tripoli should not rely
solely on assumptions of urban warming but must consider coastal influence, land cover
composition, and spatial growth patterns. More broadly, this study highlights the potential
of GIS-based approaches to support climate-responsive planning and heat mitigation

strategies in rapidly growing cities across semi-arid regions.
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Appendix A

Table 11 — Statistical Significance tests results of the correlation between UHII and urban area extent within
municipalities throughout study period

Municipality Spearman p-value for Pearson p-value for
coefficient ( p) Spearman Coefficient (r) Pearson
Abu-Salim -0.6 0.208 -0.487 0.327
Ain Zara 0.257 0.623 0.572 0.235
Central Tripoli -0.657 0.156 -0.607 0.201
Hay Al-Andalus 0.657 0.156 0.694 0.126
Janzour 0.943 0.005 0.909 0.012
Souq Al-Guma -0.029 0.957 0.051 0.923
Tajouraa 0.314 0.544 0.285 0.585
Table 12 - Minimum Temperatures (°C) per municipality per year:
Municipality 2000 2005 2010 2015 2020 2025
Tajouraa 28.0 27.3 25.6 28.9 29.2 30.1
Souqg Al-Guma 28.0 27.0 254 28.9 29.2 29.8
Janzour 30.6 254 20.1 30.0 31.9 324
Hay Al-Andalus 28.3 26.7 25.1 28.4 29.6 29.3
Central Tripoli 27.2 26.7 23.9 27.8 28.0 28.9
Ain Zara 345 34.9 36.9 41.8 44.6 39.2
Abu Salim 34 32.7 33.8 36.2 39.5 36
Table 13 - Maximum temperature (°C) per municipality per year.
Municipality 2000 2005 2010 2015 2020 2025
Tajouraa 59.2 51.3 54.9 58.9 65.7 53.1
Souqg Al-Guma 51.4 48.4 47.8 51.1 56.2 47.8
Janzour 57.6 50.5 55.2 54.3 57.6 53.7
Hay Al-Andalus 57.7 50.4 53.8 53.2 58.0 49.9
Central Tripoli 53.8 45.7 45.0 51.6 54.8 47.7
Ain Zara 59.2 51.0 54.3 57.5 65.2 52.6
Abu Salim 58.9 52.7 55.4 57.1 64 53
Table 14 - Average temperature (°C) per municipality per year.
Municipality 2000 2005 2010 2015 2020 2025
Tajouraa 49.1 45.8 46.5 51.2 54.8 46.6
Soug Al-Guma 43.1 40.4 40.3 43.7 46.1 40.8
Janzour 46.4 42.2 44.7 45.5 48.3 443
Hay Al-Andalus 44.8 41.1 42.6 45.1 47.6 42.2
Central Tripoli 41.9 39.1 39.1 42.3 44.6 40.2
Ain Zara 48.3 44.9 45.9 49.1 54.2 455
Abu Salim 48.2 44 455 48.7 53.9 453

73




Table 15 - LST statistics comparison between urban and the general AOI.

Year Urban Urban Urban Avg | AOI Min AOI Max AOIl Avg
Min Max
2000 28.3 57.7 43.8 27.2 59.2 48
2005 254 50.4 41 254 52.7 44.6
2010 20.1 53.8 42 20.1 55.4 45.5
2015 28.5 56.8 45.6 27.8 58.9 49.4
2020 28 62.1 48.6 28 65.7 53.2
2025 29 51.3 43.2 29 53.7 45.3
Table 16 - Urban area (in km?) progress in the seven municipalities of the Greater Tripoli per year:
Municipality 2000 2005 2010 2015 2020 2025
Abu-Salim 19.6 22,5 26.3 34.6 36.7 43.8
Central Tripoli 14.9 12.9 12.8 14.7 14.7 15.0
Hay Al-Andalus 224 23.0 25.5 30.5 32.2 33.7
Janzour 12.0 13.5 15.9 20.6 24.4 28.4
Souq Al-Guma 20.2 20.7 23.6 27.3 30.0 32.7
Tajouraa 17.3 17.8 24.5 40.6 38.4 55.7
Ain Zara 13.8 19.2 26.4 45.9 48.8 68.0
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