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Abstract

The intensity of UHI in today's developed areas indicates the extent of environ
modification. Replacing natural surfaces wétttificial materials has been the main differe
between rural and urban areas. Therefore, creating a massive temperature varia
researchers have confirmed. Also, the detrimental effect of UHI on life and properties hg
for more climate a@in. This study aims to analyse the distinct signatures of climatg
anthropogenic factors in UHI formation and generate an urban heat risk map to ai
planners in making policy decisions that mitigate the UHI effect. Based on existing
Remde sensing techniques and multicriteria decision analysis were used. Similarly, n
learning regression algorithms were used to improve traditional statistical methods ad
literature to address these research objectives. The obtained resmthedrthe existence

UHI across space and time in Glasgow. Furthermore, the result demonstrates that

learning algorithms can predict LST, and XGBoost had the best predictive performance
R? value of 0.8126 compared to ANN and DT. Also, femsitivity analysis illustrated th
horizontal urban parameters such as water distance, NDVI and road network distance |
influence on LST. Though vertical urban parameters like building height and volume

strongly influence LST, DEM illusated a significant effect. Furthermore, sed@mographic
and climate parameters fairly affect LST. The MCDA analysis showed that 3.5% of G
areas fall under highisk heat zones, 4.66% are lgoigk, and 91.83% are moderatsk. The,
result confirmghe role of vegetation and water body in UHI reduction. Likewise, this res
revealed that enhanced NDVI, used as a proxy for vegetation, can reduce heat risk. On
hand, building height reduces vegetation's efficiency to decreasing heatuiblaimareas. O
this basis, it is recommended that urban planners prioritise water bodies and vegetatig
urban design. Also, policies that will protect both features should be enacted. Further
should investigate other vertical UHI propestiike facade and roof material that can effecti
account for its effect on UHI.
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CHAPTER 1: INTRODUCTION

1.1 Rationale of theStudy
In every region of the world, humaraused climate change is already impacting several

weather patterns and extreme climatic events (IPCC, 2021). Since the fifth assessment report
(AR5), there has been evidence of observed strength accumulatiorgtidraifts in
heatwaves, drought, and heavy precipitation linked to human activity. Concerns about climate
change have been progressively developing due to cities' expanding popsiagpmand
emissions (Tafazzoli, Mousavi, & Kermanshachi, 2020). Lalfyic both direct and indirect
human activity in cities is connected to the formation of emissions. According to estimates
from the International Energy Agency (IEA), buildings' heating and cooling needs in 2007
accounted for ove30% of global energy ug¢EA, 2007). Despite the troubling figures, there

is a consistent surge in urban migration and population growth. The International Organization
for Migration (2015) estimates that while over 4 billion people currently reside in urban areas,
this number wl increase to 6.4 billion by 2050. This suggests #mergy consumption would

rise to meet the increased demand for infrastrectamd more pervious surfaces vk
converted to impervious surfaces.

Impervious surfaceseferred to in the literature astificial impermeable materials like
concrete or asphalt, significantly contribute to the UHI effect (Imhoff et al.,, 2010).
Weaksurface albedo, urban forms, and buildings also play a role in thermal storage and reduce
long-wave energy loss by radiati@md anthropogenic heat from human activities. Alisis,
heat island is easily observable in urban areas, and the high emission of greenhouse gases and
energy consumption in metropolitaneas exacerbate climate change (Oke, 1987; Priyadarsini,
2009). Howad (1833) recognised the impact of urban regions on climate. He identified several
UHI factors currently being researched, such as the scarcity of evaporation, human heating,
and airflow restriction (Mills, 2008).

Changes in land use land cowed its lgout are crucial factors in urban hydrological changes,
environmental deterioratiothe formation of urban heat islands, and climate change at various
scales(Deng & Srinivasan, 2016; Kikon, Singh, Singh & Vyas, 2018yban land cover
changes includdecreased vegetative cover and local soil moisture and resurfacing land area
covers with impermeable materials like roads, buildings, and parking lots. These modifications
to the ground's surface tend to boost solar absorption and storage while lowapotpgve
cooling. To inform decisions and policies by urban planners, it is crucial to research how UHI
parameters affect temperature increasenetropolitan areas, given the anticipated population

growth. Hencelt is expedient to find answers to tlaléwing question; (1) what is the spatial



variation of LST in Glasgow? (2) what extent do UHI parameters affect LST? (3) Which
machine learning algorithm is best for LST simulation? (4) Which parameter has the most
influence on UHI and why? (5) What isstheat risk condition of Glasgow? Thtlse research

goal is to identify the unique signature of UHI parameters using machine learning and generate
an urban heat risk map of Glasgow through multicriteria decision andlgsiy, anattempt

was made to identifpossible strategies to reduoeat risk.

1.2 Aim and Objectives
The thesis aims to analyse the distinct signatures of climate and anthropogenic factors in

UHI formation and generate an urban heat risk map to aid urban planmeekimg policy
decisions that mitigate the UHI effect.
The research aim was achieved by executing the following objectives:

Investigate the variation of LST across the pervious and impervious surface area.

Evaluate the predictive performance of ANN, DT at@Boost on LST simulation.

Evaluate the effect of different parameters on the LST model by sensitivity analysis

for effective, sustainable urban planning.

1 Identify urban heat risk zones through multicriteria decision analysis and strategy to

reduce heat sk.
1.3 Outline of Methodology

Quantifying the influences of UHI parameters and creating a heat risk map is the main
target of this research. These earlier mentioned goals were achieved by using urban parameters
categorised as climate, vertical, horizontal socicdemographic data. All vertical parameters
were derived from LiDar data, while all other data were sourced from Google earth engine,
Digi-map UK MET Office,and Copernicus. Aside from data ymecessing techniquespme
fundamental analytical appaohes were used to achieve the research aim. Firstly, Google Earth
Engine was used as a tool to employ the rainforest machine learning algorithm for image
classification. Secondly, Land surface temperature was obtained from remotely sensed Landsat
8 thermé& bands. Thirdly, the Scikiearn library was used on python to carry out the three
machine learning algorithm considered for this research. Lastly, multicriteria decision analysis
(MCDA) was done on all parametexs createa heat risk map andlentify an approach to
reduce heat riskurthermore, the analytical hierarchy process influenced by experts’ opinions,
literature and the sensitivity analysis resnlis used to assign weight during the MCDA.
Multiple software such as Google earth engine, LAS 3,08kcGIS Pro, Global mapper,
Jupyter Notebook and Microsoft Excel were used to execute the research analysis.



1.4 Structure of Dissertation
The writeup structure for this dissertation was split into six chapters. The leading

chapter sets the scene throughianale, research aim, objective, methodology outline, and
dissertation structure. The research gap identified from the existing body of work that informed
the purpose of this dissertation and study area (Glasgow) was embedded in the literature review
sedion known as chapter two. The third chapter highlight the research onion, study area
overview, methodology and data source. Thus, providing a solid background contest behind
every analytical process. While chapter four articulates the main result findivayster five
discusses the result's meaning, implication, and relevance. Also, the research findings were
compared with existing literature and answers to research questions were provided. The
ultimate section, referred to as chapter six, performed phltunctions of concluding and
recommending further research based on compelling questions that arise during the dissertation
analysis. The conclusion section also mentioned some limitations that could help shape future

research.



CHAPTER 2: LITERATURE REVIEW

2.1 Background
Our natural environment's components are built to support consistent weather patterns.

However, the global climate has become unstable due to the constant modification of the
ecosystem with artificial material. Over the pastaties, it has been established that
temperature increases, resulting in an occurrence known as UHI. The environment's response
to this change has created a sequence that triggered additional concern for human health, socio
economic activities, and clima&s illustrated in Figur2.1. Hence, a methodological approach

to observing and analysing urbanisation's effect is worth making.

-
‘ Temperature Increase ]
L

UHI Climate Change

- Influence S -
Urbanization Temperature Precipitation Humidity | | Windspeed

Population Expansion  Impervious Surface Energy Emission Energy Consumption  Infrastructure
7

0z CZ}I-: [YEle] Other Gases
Figure 2.1:Drivers of temperature increase in an urban afsaurce: Author)

2.2 Urban Heat Island
The temperature in Cities has been substantially greater than its bordering rural areas over

the years (Mirzaei & Haghighat, 2010). This phenomenon is referred to as an urban heat island,
and several authors have defimedhe Urban Heat Island (UHI) phenomenon is the difference

in temperature between urban areas and neighbouring rural communities due to replacing
natural land with urban material (Oke, 1982; Howard, 1833). The absorption properties of
urban materials ardifferent, and they are known to have a high albedo. Furthermore, they
define the characterisation of the urban area into natural and artificial surface materials that
influence ecologicalArnold Jr & Gibbons, 1996klimate and eneyyOke, Timothy R., 2002)

state. Temperature changes in the canopy layer are triggered by four factors, according to
Howard (1833): (1) human source heating, (2) the architecture of urban surfaces captures
radiation and hinders it from returning to space, (8)dtiect of "roughness” in the city on the
trajectory of summer's "gentleinds,” and (4) the evaporated amount of moisture.
Anthropogenic activities are the core driver of udparal temperature variation, and it has

greatly modified the environmentaldwnlimate condition.
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2.3 Consequence of UHI
Environmental chaos presents itself as changes in rainfall and temperature footprint.

However, a deeper examination uncoweft®st of sociological and economic implications of
climate change on individuals, partiatly those who live in cities (Tafazzoli & Sadoughi,
2021). This UHI occurrence has fi@aching consequences, including increased death and
well-being risks, energy consumption, carbon emissions, and global warming (Kleerekoper et
al., 2012). Furthermorét presents solid link to climate change.

Climate change has increased the pressure on cities to meet rising infrastructure and energy
demands. For example, rising temperatures induced by climate change can significantly
increase the energy needed dooling indoor territory (Wan, Li, Pan, & Lam, 2012) because
mechanical ventilation is predominantly used (Kildsgaard, Jarnehammar, Widheden, & Wall,
2013). The consequences of climate change on several aspects of human activity have been
intensively studdd in recent years (Verner, 2010; Lorenzoni & Pidgeon, 2006). Additionally,
it has been linked with the increase in global temperat{ireenberth, Dai, Rasmussen &
Parsons, 2003hat resulted in UHI. As a result of the rising urban temperature, Etiape
experienced heat waves of unprecedented duration and severity, with more than 70,000 people
dead in a 2003 European heatwave, while the 2010 Russian heat wava&iieithan 20,000.

These past heatwaves are among the costliest weather disasteis,(@aBngnon & Kunkel,
2001; Robine et al., 2008; Revich & Shaposhnikov, 2012). On the other hand, heatwave
features have consistently increased in 50 major US cities during the last five decades (Habeeb,

Vergo & Stone, 2015). Therefore, raising concerd the need for innovative solutions.

2.4 Estimation of UHI
To reduce the detrimental impacts of urban heat islands, it is necessary to adopt policies

thatcombat UHI and conduct heat island research (Yun, Tuohy & Steemers, 2009). To

characterise the UHI, tworimary research approaches have been developed. (1) The canopy

layer UHI is knowrby measuring air temperatures at roughly 2 m above surface level (Stewart,

2011), and (2) the Surface UHI (SUHI) is calculated using remote sensing data (Voogt & Oke,
2003) In addition, UHI and its dispersion are also assessed using an urban canopy model
(Rizwan, Dennis & Chunho, 2008)

Air temperatures roughly above 2m height describe canopy layer UHI. Metropolitan areas’
geometry angbhysical characteristics influencanopy layer air temperature, resulting in the
urban heat island effect (UHI). The difference between-sedace air temperatures observed
at in-situ ruraland urbarmeteorological stations systematically assesses the city'§Jifidg,

S., Lee, Wang & \Véng, 2019; Liu, Wet al, 2007) UHI intensity is the difference in
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temperature between urban and suburban areas with regard to the degree of urbanisation.
Kotharkar and Surawar (2016) used a nigime mobile traverse survey to measure air
temperatureThey discovered that the canopy lail intensity is 2.36C in the winter and

2.14C in the summer. Also, hourly nesurface air temperature data are used to assess the size
and temporal characteristics of Beijing's winter and summer canopy layeBujgh(t et al.,

2021). However, relying just on air temperature measurements to produce a report on UHI at
a city level is difficult because the accuracy of measured air is greatly influenced by local
circumstances (Peng et al., 2012). Furthermore, Envieotal components that the literature
considers uncontrollable are also governed by climatic qualities, meteorological features, and
geographical descriptions (Rizwan, Dennis, Chunho et al., 2008).

UCMs (Urban Canopy Models) are one of the most-etiwnphysicsbased methods for
UHI research (Grimmond et al., 2011). Jandaghian and Berardi (2020) evaluated the
competency of three different UCMs in Toronto, Canada, to characterise the UHI. The authors
concluded that more complex UCMs are ineffective imeaiing air temperature because they
do not account for the uncertainty of city forms. Additionally, Pena Acosta et al. (2021) pointed
out that UCMs have two significant drawbacks: (1) Datasets containingdimeasional
geometry of buildings, vegetatioand built environments are required for creating exact and
detailed simulations. As a result, the temperature estimate at each node takes a long time and
consumes a lot of computational power. Furthermore, identical columns of comparable
buildings are tymally substituted for building geometries, reducing computing precision and
limiting the number of variables that may be assessed; (2) Considerations ofecemmimic
nature, such as population density, are ignored. Because UCMs are preoccupieca with th
thermodynamic processes of the urban environment.

Although the data from remote sensing and the air temperature above the surface are not
similar, they are correlated (Prihodko & Goward, 1997; Mostovoy et al., 2006; Imhoff, 2010).
However, the impact ofturbulence and velocity on air temperature distinguishes
atmospheriand surfac&JHI (Mirzaei & Haghighat, 2010). The thermal band from remote
sensing has been used to discuss UHI globally (Shastri & Ghosh, 2019), coupled with the
critical temperature vaation in an urban area (Imhoff, 2010; Chakraborty, Hsu, Manya, &
Sheriff, 2020; Liu et al., 2021). The obtained surface temperature cortsidarapacof
surface radiative and thermodynamic properties such as surface emissivity, surface moisture,
surfa@ albedo, the neaurface atmosphere's effect, and the irradiative input at the surface to

the turbulent transfer from the surface (Becker & Li, 1995).

12



Stathopoulou et al. (2007) used the NDVI threshold technique to assess land surface
emissivity using Ladsat 8 data. However, due to the underlying technological complexity of
these procedures, the surface temperature measured by sensors is totally dependent on the
upward thermal spatial radiatigmtternreceived by the remote sensor (Voogt & Oke, 2003).
Furthermore, the author investigated the intensity of UHI dispersion using the thermal band.
By examining the relationship between LST and impervious surface area (ISA), vegetation
fraction, and NDVI, Li et al. (2011) proved that remotely sensed imageglprognvincing
evidence for UHI research. Similarly, in a study looking into the influence of landscape patterns
on LST, landscape characteristics revealed significant relationships with LST (Azhdari et al.,
2018).

2.5Urban Parameter that Influences UHI
Satelite or airborne remote sensing photographs have been used to analyse the thermal

characteristiof urban surfaces by correlating numerous indices and surface properties to LST,
which is one of the essential indications for UBkveralindices have beenegieloped to
extract horizontal geometric features from Landsat images. On the other hand, some
publications sometimes refer to the horizontal morphological characters as 2D UHI parameters
(Balazset al, 2009; Huang & Wang, 2019)

The vast amount of bailip is also recognised as a significant factor in UHI (Asadi, Arefi
& Fathipoor, 2020). However, this parameter had a minor impact on LST prediction in the
sensitivity analysis. Nevertheless, previous studies have shown that these variable impacts air
temperature moréhan surface temperature (Guo et al.,, 2016; Kantzioura et al., 2012). In
general, horizontal urban parameters significantly influence LST more than the urban vertical
componentBerger et al., 2017; Huang and Wang, 2019; Asadi, Arefi & Fathijp2020).
Consequently, Urban geometry such as street width, sky view factor and building height traps

heat and slows down windspeed.

2.5.1Indices (2D Parameter)
Despite the available created indices and their ability to comprehend a city's horizontal

spatia morphological aspects, these indices are rarely generated to assess a city's vertical
features (Equere, Mirzaei & Riffat, 2020). The Soil Adjusted Vegetation Index (SAVI) was
first proposed by Huete (1988) as a valuable index for identifying a healthyegetation

system using remote sensing data. In addition, Chen, Zhao, Li, and Yin (2006) used the
normalised difference bareness index (NDBal) and the normalised difference water index
(NDWI) to increase the accuracy of mapping water bodies and ban@ateas using remotely

sensed data. The NDVI mirrored by a surface and computed from a satellite image was initially
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reported by Rouse et al. (1974). However, Zha, Gao, and Ni (2003) developed the NDBI to
improve urban buitup area mapping based on tRBVI and Landsat Thematic Mapper's
trajectory (TM).

A number of these indices have been investigated in conjunction with LST. For
example, NDVI negatively correlates with LST (Macarof & Statescu, 2017; Govil et al., 2020).
Similarly, previous studies hawiscovered a significant positive association between NDBI

and LST and a strong negative correlation between NDVI and LST (Tran et al., 2017).

2.5.2Land Use (2D/3D Parameter)
Despite its ability to contribute to understanding the UHI impact, remsézigeBD

parameter informatiors currently sparse (Mirzaei & Haghighat, 2010). In other words,
morphological data derived from horizontal spatiglices has been deemed unsatisfactory,
especially for a study area's upright composition. As a resultadeaststudies (Keqi et al.,

2003; Benediktsson, Chanussot, & Fauvel, 2007) advised employing topographical aerial
LiDAR data for land cover classification to account for vertical spatial distribution. As a
result,the mid1990s savairborne LIDAR becomerominent (Yan et al., 2015). Furthermore,
unlike the 2D UHI variable, the LIDAR data point cloud incorporates the elevation component
of a scanned area by describing the Earth's 3D terrain nature (Wang, 2013).

Airborne LIDAR is commonly utilised for spat image classifications due to its precision in
item recognition. For example, (Germaine, 2011; Hodgson et al., 2003) retrieved a city's
impervious surface area using Lidar ddRottensteiner & Briese, 2001; Li, Jiang, Wang, &
Zhang, 2013) and Lu, InRhee, & Hodgson (2014) extracted and classified building using
LiDAR. Furthermore, due to LIDAR's multifunctionality, Habib et al. (2005) stated that it
exhibited high density aresolution, precise 3D point data and enabled the direct spatial

availability of 3D points.

2.5.3Sky View Factor
Because lidar can generate higisolution 3D data, skyiew factors can be calculated

from the resulting digital surface model (DSM). As a result, urban climatologists and
plannershaveutilisedthe SVF as another significant parameter for evaluating the impact of
urban patterns on UHI (Chen et al., 2012). The sky view factor is a dimensionless quantity that
ranges from O (no view) to 1 (complete view) and measures the aofaky seen at a given
location. Solar radiation (SR) is also an important component that directly impacts urban
climatology (van Esch et al., 2012). Oke (1981) illustrabedinfluence of SVF on longwave

radiation and the rate of nighime cooling orthe intensity of UHI.
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In addition, the influence of SVF on LST differs depending on the situation. SVF has a
detrimental impact on LST, according to Hu et al. (2020), which is more pronounced in the
summer than in the spring. According to a different stttiyinfluence of this parameter (SVF)
changed depending on the time of day and night (Scarano and Sobrino, 2015; Zhou et al.,
2020). Elevated structures also reduce LST by creating shadows and preventing direct sunlight.
Because the surface soil receivedre direct solar radiation, Kim et al. (2022) found thatlow

rise housing was related to a greater SVF and a larger LST thandgdiousing.

2.5.4Climate Contribution to UHI
Among the factors that affect UHI have been established to be Biophysical (Brexa&tu

Wu, 2010; Peng et al., 2018; Yu et al., 2020) and Socioeconomic (Chen et al., 2021). As a
result of replacing natural areas with impervious surfaces, a high amount of sensible heat is
absorbed by the earth increases, and the heat cannot escapiagreshigh temperatures in

urban areas (Imhoff, Zhang, Wolfe & Bounoua, 2010; Quan et al., 2016). Furthermore, climate
factors such as precipitation and air temperature affect UHI. Air temperature impacts UHI more
(Wunch et al., 2005), but precipitatiamtensity reduces urban heat (Santamouris, 2013). The
correlation between air temperature and daytime surface UHI has been shown to be positive
(Zhou et al., 2016), implying that urban warming could worsen under future climate change
scenarios (Gill, Handly, Ennos & Pauleit, 2007). However, there was a negative correlation
during the night (Zhou et al., 2016). UHI was caused by meteorological factors like humidity,
wind speed andloud cove(Shahmohamadit al, 2011) In contrast, the UHI decreased @in
speed, and maximum solar radiation transmission plays an essential role in the microclimate
of urban canyon@lazejczyket al, 2012) However, Rajagopalan et al. (2008) suggested that
low wind speed is a significant factor causing UHI. In essencd, dnd low windspeed

complement each other and create conditions threatening the environment and its habitats.

2.6 Machine Learning Algorithms
The three models used in an urban environment and climate research are numerical,

physical, and empiricdbased mode (Oke, 1984; Svensson et al., 2002). Statistical models
are among the most widely used empirical methods for identifying relationships between
meteorological, UHI intensity, and other physical factors that impact its formation. As a result,
these modelmay provide quantitative information on the role of the parameters (Oke, 1981;
Park, 1986; Botty'an et al., 2005; Giridharan et al., 2007) in the creation and geographical
extent of the UHI (Oke, 1981; Park, 1986; Botty'an et al., 2005). Traditional miagls

heavily on the regression method (Guan, 2012), which has been widely used for prediction
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(ASHRAE Fundamentals, 2009). However, for dAmear model function approximation,
Machine Learning (ML) are a wedicknowledged method.

Although ANN is not thenly machine learning algorithm available for researchers, many
authors have compared the performance of multiple machine learning algofitiizres,
Schulthess & Asche, 2012; Priore, de la Fuente, Puente & Parrefio, 2006;eRafja008)

For exampt, Pena Acosta et al. (2021) used the machine learning (ML) python toolkit-SciKit
Learn (Pedregosat al, 2011)to apply a Rain Forest (RF) and Decision Tree (DT) approach

to sociceconomic and urban morphology features with UHI at the street level. Th
optimisation approach was also taken fr@arros, Basgalupp, De Carvalho & Freitas, 2011)

and DEAP was used to implemen(kortin et al, 2012) Although the improved RF model
exhibits a predictive performance of 93.81%, this can be explaindteldgct that it chooses
features at random throughout the training process, so it is not overly reliant on a single set of
features. As a result, the model's intricacy makes it challenging to understand. In contrast, the
DT performed admirably, with an @earacy rate of 93.03%. However, the DT was chosen
because of its superior interpretability and identified five unique categories of probable UHI
(Pena Acosteet al, 2021) Notably, there are machine learning algorithms based on the
decision tree, ancé two most popular are Rain Forest (RF) and Extreme Gradient Boosting
(XGBoost).

Tyralis, Papacharalampous & Langousis (2021) compared the efficiency of 10 machine
learning algorithms on streamflow forecasting. Their result showed that neural netweorks ar
the best performing algorithm since they outperformed the linear regression method by
16.73%. Furthermore, the other efficient models are given as follows, Extremely Randomised
Tree (16.40%), XGBoost (15.92%), loess (15.36%), RF (12.75%), polyMARS 04%.36d
MARS (4.74%), respectfullyTyralis, Papacharalampous & Langousis, 20Hgwever, the
ability of machine learning algorithms to replicate similar superior result over one another is
not guaranteed as various factors such as data or optimisaitena modifies their
performance. For example, Zhang et al. (2019) research showed that DT has higher efficiency
than RF, which counters Pena Acosta et al. (2021) claim.

ANN has been widely applied to UHI studies under different data conditions, ezud it
effectively find a relationship between numerous parameters that artnean (Zhou &
Haghighat, 2009; ESawi, Haghighat & Akbari, 2014). In recent years, many researchers have
used ANNSs to articulate complicated relationships between urban faotbkgHI (Ashtiani et
al., 2014; Shatnawi and Abu Qdais, 2019; Bozorgi et al., 2018). Mihalakakou et al. (2002) used
two years of climate data collected in Athens to create an-ARéled forecasting model and
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investigate its features. Lee et al. (2016) uaedartificial neural network (ANN) model to
estimate the extent of UHI in Seoul, suggesting that the technique beat the multiple regression
model. The impact of land use differences was investigated using an ANN model to forecast
LST using timeseries dat, revealing that the ANN was a precise mechanism for predicting
LST (Ranjan et al., 2018). A multilayer feéatward neural network was used as a-finear

model to identify connections between LST and urban fea(ésadi, Arefi & Fathipoor,

2020a) The authors used -kold crossvalidation while the Levenberg Marquardt training
function demonstrates the most relevant result. Water distance, solar radiation, SVF and
building roof index provide a cooling effect to LST.

Nevertheless, the climate variablvas not considered. In their ANN study, Ashtiani,
Mirzaei & Haghighat (2014) made an advancement by considering meteorological variables
(wind speed, relative humidity, and air temperature). Still, the work is limited becauss it use
data from one station. Since urban scale plays a crucial role in UHI parameter interactions,
spatial data is essential in various macHesning algorithms when finding relationships

between no#inear variables.

2.7 Research Gap
Complex variables affect UHwhich accounts for high energy demand and consumption,

especially in the cities. Interestingly, meteorological air temperature and remotely sensed
surface temperature are proxies for UHI. Even though both proxies indicate UHI, they have
different spatibcharacteristics. Also, remotely sensed surface temperature considers several
complex variables such as roughness, urban geometry, and thermodynamic properties like
surface emissivity, surface moisture, surface albedo,-sweface atmospheric effect and
irradiative input. Hence, making it the most preferred approach by several authors. However,
it depends on the remote sensor's upward thermal spatial radiation pattern and does not provide
precise information on these complicated variables' contributioiitoThus, several authors

have attempted to highlight the effect of these complex parameters on UHI using the statistical
method. Unfortunately, those variables mostly have hidden relationships that require machine
learning to discover shrouded patterns.

Research considering anthropogenic and climate parameters such as wind speed, relative
humidity, and solar radiatiors rare. The few studies that used climate or meteorological
variables rely heavily on limited weather station data, undermining reseasudbs. Also, the
use of an advanced model is yet to be fully explored in UHI studies. On the other hand, the
reviewed literature showed inconsistency when investigating machine learning algorithms with

the most efficiency during comparison. Accordingéweral authors, ANN, DT, and XGBoost
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have performed better. Still, the capacity of machine learning algorithms to recreate identical
superior results is not guaranteed because many falikerslata and optimisation criteria
influence their efficiencyHence, this research examined and quantified the effect of climate
parameters and other wasliudied anthropogenic variables on UHI using Machine Learning
(ANN, DT and XGBoost) to underpin urban planning decisions that drive sustainability. Also,
the perfemance of ANN, DT and XGBoost will be examinbdfore performing sensitivity
analysigo identify the unique contribution ohéhropogenicsociedemographicand climatic
parametes to UHI. Finally, a multicriteria decision analysis will be used to createairban

heat risk map, and an attempt at mitigation strategies will be made to identify possible

solutions.
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CHAPTER 3: METHODOLOGY
3.1Research Philosophy, Strategy, Approach and Time Horizon

The consistent change in our environment has questioned what we used to know about the
urban area and its climatic condition. Thus, accounting for the alteration in the ecosystem and
the factors that caused them will require the consideration of cersaimpasons. Several types
of assumptions (ontology, epistemology, and axiology) shape how research is executed.
Furthermore, the assumptions refine research question understanding, methods and findings
interpretation (Crotty, 1998). The epistemological agstion about human knowledge of the
environment is essential in structuring this research method and question, as shown in figure
3.1. Clarifying the decision behind every research step gives lucidity and helps people view

your research with urgency (Crpttl998). Hence, the Saunders et al. (2007) research onion

shown in figure3.2 highlights this research method's principles.

What is the best way for What constitutes
us to know what we "acceptable
know? knowledge"?

Epistemology

What kind of knowledge | What makes data of high
contribution is possible? quality?

Figure 3.1:Key question that defines Epistemology
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realism
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\ complex ol / Techniques and
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Figure 3.2: Research methods adapted from research onion (Saunders, Lewis & Thornhill,
2007)
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The outermost layer of the research onion represents research philosophy which
describes assumptions and belief systemarténg knowledge expansion. Also, a convincing
research philosophy will be built on a comprehenaive coherent set of assumptions that will
guide methodological choices, research plans, data collection approaches, and analysis
procedures. Due to the cprexity of UHI parameters, a pragmatic research approach is
adopted. Because it starts with identifying problems and sorting them out to give real solutions
that will shape future practice, additionally, it assumes methodological choice that mixes
gualitatve and quantitative action research that has been validated by several UHI researchers
(Almeida, Teodoro & Goncalves, 2021; Yaeigal, 2017)

Aside from the choice of data and analysis methods, the types of reasoning form a vital
part of research philosophy. This is frequently depicted as two opposing perspectives to
reasoning, i.e., Inductive or deductive reasoning. Although, there is anothemihich is
described as abductive reasoning. Abductive reasoning is used in this study because data
collection is employed to investigate a UpHenomenon, fingatterns, develop a conceptual
framework, and test it through additional data collecting.essence, abductive theory
combines deductive and inductive reasoning to discover facts.

The research strategy is another layer of the research onion that defines this study's aim
and objective. Among the various research strategies, the case studyuedbraglopted.
Anthropogenic changes superimposed on background climate characteristics influence the UHI
in urban areasConsidering the variation in urban geometry and its microclimate condition, a
data analytic research strategy (case study) that m®wad irdepth inquiry of UHI within a
realworld scenario is necessary. Also, it allows the use of several evidence sources to
understand UHI within space and time. Thus, data within Glasgow's-sgossnal and
longitudinal time zone is used as a caselg to quantify the UHI parameter. More emphasis
will be on the crossectional time horizon within the summer of 2021. But longitudinal time
horizon of meteorological data over ten years will be used to validate and investigate the cross

sectional time arizon of LST data.
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3.2 Description of the Case Study Area

Map of Glasgow Showing Population Density
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Figure 3.3:Map of Glasgow
Gl asgow is | ocated around 55.8642 N and

Scotland and is popularly describedths largest city in Scotland, with an area of 176 km
(Glasgow City Council, 2017). It is part of an autonomous council area inside Lanarkshire's
historic county. Also, it is situated along the bank of River Clyde, which has a unique heritage,
cultural, and economic value. Glasgow's economy is based on modern service that revolves
around engineering, manufacturing information, communication technology, etc.
According to the city council, Glasgow is Scotland's most populous city, with a popuwétio
635,640 in 2020. The population increased by 0.4% from the previous year, 2019, with a
population density of 3,622 people per square kilometre. It has a diverse demographic
characteristic, and according to Sniffer (2020), 22.7% of the inhabitantsoarélinority
Ethnic groups. The current urban layout, established around 1880, still maintains its historical
design (Pacione, 1979). According to the city planas shown in figure 3.3 the
developmenpolicy principalmapsdefine broad land use classdtions throughout the
Municipality and give a preliminary idea of the types of construction that might be permitted
there.

Scotland's western region's climate is warmer than the east due to the influence of the

gulf stream. Glasgow is classified as hgvanmoderate climate with maritime influences by
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the KoepperGeiger climate classification system. The warmest season, July and fsegist
figure 34), has a mean maxi mum temperature | ower
months a year, the dailly men t emper at u (UE MET 6fficep 20€7). Previbus C
research on Glasgow's UHI has revealed a warming pattededadegEmmanuel & Kriger,

2012) Also, Considering theeffect of climate change that made Glasgow recartighest
temperaturesince 1906 weeksbefore Cop 26, iis pertinent to studyhe UHI effect in
Glasgow.The Atlantic depression or convective system causes most of the rain to fall heavily
throughout the autumn and winter seasons. However, convection generaied fyating can
produce inlangbrecipitationin the spring and summetK MET Office, 2017).

Further description by the UK Met office stress that Glasgow's mighty wind is linked to deep
depression passing through the UK. Also, winter is when mead apédeyust are intense. The
winds are strongest from November to March and weakest from June to August because of the

increased temperature.
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3.3 Methodological Approach

The following methods: descriptive, analytical, evaluation, and forecastiuege
performed on spatial remote sensing data to achieve toeitsebjectives as shown in figure
3.5.

Research Design

A 4 h 4 4 4

Descriptive Analytical Evaluation Forecasting

Data Validation

\ 4
/ /
| 2D &3D Urban
Parameter |

Artificial Neural
Network

\ 4
\ 4

v v

/ Correlation > \/LSTPredictioD
o o

Figure 3.5: Research Design

Aside from Landsa8, which has global coverage and is readily accessible to the user,
the remaining satellite image provides limited access, especially the LIDAR point cloud. The
potential source of theutlined satellite image and spatial resolutioniveg in Table3.1
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Table3.1:Data Sources and Description

Data Year Source  Resolution Where it was Used
Landsat8 (OLI/TIRS) 2021
- Land Surface
Temperature U.S.G.S Retrieval of Urban
(LST) (Google 30m Horizontal parameter
- NDVI Earth
- NDBI Engine) Machine Learning
- Water Prediction Model
Distance
Sentinel2A Copernicus MCDA for Heat Risk
- Land Use (Google 10m Map
Land Cover Earth
Engine)
LIDAR (Point class 2 2003
& 6, i.e.,Ground Retrieval of Urban
Point & Building) vertical parameter
- DEM
- Building Machine Learning
Height UBDC Im Prediction Model
(nDSM)
- Building MCDA for Heat Risk
Volume Map
- Sky View
Factor
Wind Speed 2008 to Copernicus
2017 Climate 100m x
Change 100m
Service Machine Learning
Relative Humidity = 2008 to Copernicus Prediction Model
2017 Climate 100m x
Change 100m MCDA for Heat Risk
Service Map
Population & 2011 Digimap -
Population Density
Road Network - Digimap -
Air Temperature 2018 UBDC/ - Threeyeass monthly
2020 UK Met average chansed to
Office identify the hottest month

Regardless of the difficulties in data accessibility, the data used for this study has
provided satisfactory results according to their capacity and what they are built to achieve. For
example, the Operational Land Imager (OLI) and the Thermal Infraresb6@HRS) are two
research instruments onboard the Landsat 8 satellite (TIRS). These two sensors have a spatial
resolution of 30 meters (visible, NIR, SWIR), 100 meters (thermal), and 15 meters
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(panchromatic) and give seasonal coverage of the whole Iasdinacontrast, Sentinélis a
Synthetic Aperture Radar (SAR) mission that ensures regutareather at dayandnight
photography in the ®and (centre frequency: 5.405 GHz) using four distinct imaging modes
with varying spatial resolutions and covesag The MultiSpectral Instrument (MSI) is the
main instrument of the Sentir2lmission and the mission's orbital characteristics. However,
LiDAR is a higher resolution laser scanning technology that provides points cloud sets that
describe objects or daces.

Earth observation data monitor and detect environmental characteristics by measuring
emitted or reflected longwave radiation within a particular wavelength. Because the remotely
sensed data are available in digital numbers, severgrpoessing steps agene to obtain the

desired output, as shown in figLBe.
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Figure 3.6: Data Processing Approach
3.4 Vertical (3D) UHI Parameters
Three values are required to specify a pointhie threedimensional oriented vertical UHI
parameters. The third coordinate, z, is frequently used. -Bxészwhich represents height, is
perpendicular to both theaxis and the yaxis. The longitude and latitude coordinates are the

other two (the x ashy axes).
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3.4.1Building Height

Determining the 3D urban morphology parameter requires the use of a LIDAR image.
First, from all the LIDAR point classes, building and ground poirdsegeparated to create a
digital surface model (DSM) using a linear triangethirregular network (TIN) interpolation
approach. Furthermore, a digital elevation model is made from the ground point cloud. Hence,
generating the building height means normalising the digital surface model (nDSM). Finally,
the nDSMwasrasterised.

€ 0Ob 0O°YD 000 (eq.3.2)

3.4.2Building Volume Density

Volume density represents the quantity of space occupied by a building. The density in
a unit cell was determined usieguation3.2 (Petralli et al., 2014).
. .. B 071Q
0w my (eq.3.2)

Where0 is the building rooftop coverage aréajs the building height)Yis the unit cell area.

3.4.3Sky View Factor

SVF can be determined using analytical, GPS, photographic, or software approaches in
high-density urban regions (Chen et al., 2012). The rdmsteed approach employing the
software method is chosen because the software process is ideal for evaluatpglitatr
areas with spatial heterogeneity (Chen et al., 2012). The SVF factor was calculated from the
rasterised nDSM with a 90 m searching radius and a high rate of noise removal using the relief

visualisation tool (Kokalj et al., 2011).

3.4.4Solar Radiation

One of the elements influencing land surface temperature is the volume of SR received
from the Earth (Bristow and Campbell, 1984). ArcGIS Xpétial analyst extension tool
for area solar radiation is used to compute Biugh the solar radiation was aistedfrom
nDSM (Buildingheighd, it was considered a climgbarametem this research.
3.5Horizontal (2D) UHI Parameter

Modern research tools have enabled the straightforward representationwbnéal
features with numbers. The Euclidean distanceuwod luse, such as road networks and water
bodies, are calculated to identify their unique contribution to UHI. Spatial distribution data of

population population densitywindspeed, relative humidigtc wereobtained for this study.
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Other urban horizontal parameters are simulated using formulas, as ishiable3.2 below
and subsectian
Table3.2: NDVI & NDBI Calculation

Parameter Formula Description

Normalised Difference v e . 0OYYOO  NIR: Nearinfrared Band
Vegetation Index (NDVI) VOO 0 OYYOO RED:RedBand
Normalised Difference e e YROOYO 'OY  SWIR: Shortwave Infrared
Build-up Index (NDBI) vLOo O Yoo 'OY) 'OY Band

3.5.1Water Distance
A satellite images used to extract the water body, and some of the water indices are
listed intable 33 (Acharya et al., 2017; Ji et al., 2009) to estimate water distance.
Table3.3: Water Index

Indices Equation Threshold Range
NDWI (Green- NIR)/(Green + NIR) >0
NDVI (NIR —Red)/(NIR + Red) <0.1

3.5.2Land Use Land Cover Classification

High-resolution Sentinel 2 (19 July 2021) data was extracted from cloud computing
Google Earth Engine (GEE) since it has multiple planetary scaled satellite and geospatial data
in its catalogue. Due to the desired capacity in spatial data analysis, ilasgiioation of
Glasgow was done on the GEE platform. Fiastshown in table 3.4, six land use categories
were used to represent the distribution of pervious and impervious surlatage
visualisation is a vital part of thelassification. Thus, band combinations that involve near
infra-red enhance image interpretation and allow distinct separation of spectral sgnature
Hence, adlse colour band combination was used during training site selection. To guarantee
high accurag, google earth and already classified images of Glasgow available on Digimap
were used for validation during training site selection, also known as ground control point. The
ground control point was fitted into a machine learning algorithm called SmileRdforest
Classifier. One of the most used methods for classifying land cover from remote sensing data
is Random ForesAmani et al, 2019; Jin, Y., Liu, Chen & Liang, 2018; Li, Chen, Cheng & Wang,
2016). The ability of Random Forest to identify outBeperformed better under high

dimensional datasets and provided high accuracy, underscoring why it has received enormous
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interest(Xia et al, 2017) Finally, the accuracy assessment of classified images was examined
using a confusion matrix since itqvides reports on the producer, user and overall accuracy.
The multipleclass situation is typically reduced to a collection of binary cases using the One
to All, or the Onego-One techniquéMatthews, 1975)The most frequently used metric is
confusion matrixbased (Stehman, 1997)

Table3.4: Land Use Categories Descriptions

Land Use Categories = Description Reference

Waterbody Accumulation ofwater bodies tht are (Homeret al, 2015)
accessible to the elements and husnal

Urban An urban area is dighly dense regior (Dijkstra, Poelman &
that consig of built-up within Veneri, 2019)
administrative boundaries

Suburban Compared to metropolitan areas (Moos & Mendez, 2015)
suburlan are less dense. They m
existseparately or as a component of
urban area.

Vegetation It comprised allvegetated surfasesuch (Homeret al, 2015)

as farmlandshrubspark, treestc.

Bare Soil It describs the portion of land without (Di Gregorio, 2005)
anyland cover

Fallow Land It represerdg land initially used for (Haas, Willis & Bond,
farming butno longerin use. 1974)

3.5.3Land Surface Temperature (LST) Estimationand Soil Moisture Index

Landsat8 thermal band (10 and 1Wwgasused to calculate LST wittelevantequatiors
shown inappendix C(Guha et al., 2018). For this study, band 10 is used because of the
calibration error associated with band (Mlang, F. et al, 2015). Also, the soil moisture index

was calculated using relevant formula shown in appendix C.
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3.6 Analysis Protocol and Software

3.6.1Machine Learning Algorithm

The extracted dataevesubjected to an artificial neural network (ANN), Decision Tree (DT)
and Extreme gradient boosting (XGBoost) modelling on Python, with LST being the
predictand. At the same time, the other variablese the predictos. The optimisation is
performed to avid overfitting and underfitting. Also, it will help determine the best possible
values for the hyperparameter (hidden layer and number of neurons in the hidden layer). The
input parameter &s divided into two different percentages for training (80%) arsdirtg

(20%) to determine the model performance by observingdéficient of determination @

mean square error (MSEand mean absolute error (MAHinally, sensitivity analysis as

done by retraining and removing one variable at a time to determine the importance of each
predictor.Figure 3.7 highlight all the machine learning procedure.
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Figure 3.7: Machine LearnindAlgorithm Process

29



3.6.2Multi -Criteria Decision Analysis for Heat Risk Mapping

Considering the various environmental parameters that contribute to urban heat island
occurrence, sixteen daffigure 3.6)were selected to create a heat risk map of Glasgow using
multicriterial decision analysis. Several technical and analytical processes were performed on
those datasets using geographical information system software. The data were reclassified into
three categories, as shown iable 35 and adopted byBegum (2021) Furthermore, the
Analytical hierarchy process was used to assign weight (see Apgeniixhe parameter base

on expert opinion, literaturé@Ndanusa Abdulkadiet al, 2022; Ndanusa, Musa, Hudu &
ISAMA'IL, 2022), and insight from the sensitivity analysis before performing a weighted
overlay to generate a heat risk map. Additionally, a model was built using the ArcGIS model
builder tool, as shown in figui@8. The AHP was created by Saaty (1977) as a Miritena
Decision Approach (MCDA). First, the meweightfrom alle x p erespohsswasutilised

for the pairwise comparisdseeAppendk A) based on the weight criteria showrtatle 36.

Then, the criterion weight (CW) was generated afi@mputing the pairwise matrix and
normalising it (see AppemnxliA). The normalized matrix was calculated from the pairwise
comparison matrix. This is done by dividing eadiumnof the comparison matrix by the
corresponding sum. The most crucial columitéda weight CW) on the normalization matrix

was calculated by finding the average of each row. The consistency ratio (CR) of the AHP was
estimated to be 0.14 using the below formula. However, Saaty (1980) advised that the CR score
should not be more thahl. But CR scores less than 0.15 is permissible because it depends
mainly on matrix sizéWedley, 1993)and the matrix size of this study is large (16 by 16).

A standard tool for mukcriteria decisiormaking is the AHP, and a weighted overlay mode
was built on ArcGIS, as shown in Figu3é. It performs pairwise comparisons of the criteria
using a fuzzylinguistic ratio scale and then computes overall relative weights based on the
totals of all the pairwise comparisons (Greene et al., 2GLt)hermore, the reclassification
criteria are shown in tableZ3The reclassification was informed either by literature or a normal
distribution curve. The idea behind the normal distribution is that the moderate range will be
some standard deviation awayrfrand above the mean. While the lower and upper parts of
the bell curve represent either lagk or highrisk zone, as shown table 37. For example,
moderaterisk range for NDVI was set to be 1SD away from and above the mean. If the mean
value is 0.309 and one SD is 0.1365, the moderate range is 0.16 to 0.44. thus, the range below
and above will represent either lawgk or highr i s k depending on

characteristics.
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8y 9Q.g (eq. 3.3)
Where CR is theonsistency ratio, Rl is thendom indexvith a value of 1.@®btained from
therandom index tableand Clis the consistency indegalculated to be 0.22

00 —— (eq.3.4)
Where n is the number of variables (16) and is the maximum labda calculated frorthe

pairwise compason matrix and criteria weighaindits value is19.25

Table3.5: Heatrisk categories

Class Heat Risk
1 Low
2 Moderate
3 High
Table3.6: Criteria for assigning weight in AHP (Saaty, 1990)
Scale Definition Explanation
1 Equal Importance Two parameterfiave equatontributon to the objective
3 Moderate Oneparametesomewhat outweighs the other in light of
Importance judgement aneéxperience

5 Strong Importance One parametas greatly preferred over another by experienc
and judgement.

7 Very strong One component is greatly preferred over another, and its
Importance dominance is shown in practise.

9 Extreme The strongest possible sequence of affirmation is used to su
Importance the evidence that one paramegepreferable t@nother.

Nb: the following value®,4,6,8represenintermediatecriteria
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Table3.7: Parameters Reclassification Structure

Risk Reclass nDS_M - .
. DEM (building Building volume Sky view factor
Categories| Value )
height)
Low 1 114.72 to 207.53 0to 5.75 0to 1579.79 0.86to 1
Medium 2 46.96 to 114.72 5.7510 9.96 1579.79 to 3413.7¢ 0.74 10 0.86
. 3413.79to
High 3 0 to 46.96 9.96 to 86.72 28050 15 0.54t00.74
(Ren, Lau, Yiu & 1SD & (CUHK,
Source or Insight | Ng, 2013) 2SD 1SD 2012)
RIS NDVI NDBI SMI Water distance
Categories| Value
Low 1 0.44t0 0.63 -0.48 10-0.06 0.62t00.84 0 to 150
Medium 2 0.16 to 0.44 -0.06 to 0.05 0.18 to 0.62 150 to 7388
High 3 -0.20t0 0.16 0.05t0 0.65 0t00.18 7388 to 8801. 36
Source or Insight 1SD 2SD 2SD 2SD
Risk Reclass : : . - L
Categories| Value Road distance Wind speed | Relative Humidity Solar radiation
Low 1 222.11- 647.52 3.51t03.84 89.5 10 89.83 1329.11 to 4452.14
Medium 2 8010 222.11 2.18t03.5 88.210 89.5 4452.19 to 5052.14
High 3 0to 80 2.07t02.18 87.73 10 88.2 5052.19 to 5268.97
Source or Insight | (Liu et al, 2020) 2SD 2SD 2SD
Risk Reclass . Population
Categories| Value Population density LST land use
Low 1 380 to 500 0.3-29.15 14.40 1020.86 Waterbody &
Vegetation
Medium | 2 50010 1100 | 29.5t094.15 | 20.86to27.11 | Suburban, Fallow
& Bare Land
High 3 1100 to 2551 94.15- 425.5 28.36 t0 33.83 Urban
Source or Insight 28D 28D 1.55D
hujul 21_gig SUF ws_jul 21_glg BV DEM_gig Re L5T_C gig NDBILE g nDSMggRe  NDVILS gig Pop.dens gy Popuaiongg  Road Distanc.. SMlgg Solarrad DSM Water_ Dis gl
} { ! ! ! ! } } | | | | | | }
Reclassdy Reclassify (3) Reclassify 2) Reclassity(T) Recassiy(§)  Reclassfy(15)  Reclssiy(4)  Rechssfy(f)  Reclassiy(13)  Reclssfy(12)  Recassily(11)
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Figure 3.8:Multicriteria decision model
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After performing the bascase MCDA using all 16 variables without modification, attempt
weremade to modify some varialsléo see howheywould impact the heat risk map. Three
different experimental approaches were made to identify how the base case heat risk can be
improved. Case one involves improving the NDVI variable before performing the MCDA.
Thus, the actual NDVI value was multiplied byp1Next, the original building height was
increased by 3 m, meaning a new building volume and solar radiation were calculated using
ArcGIS. The obtained output was used for case 2 while maintaining all other case one
parametes. The last case (Case 3) atias to see how building height modification will affect
Glasgow's heat risk. It is similar to case 2, but the improved NDVI was removed and replaced

with the original NDVI before the MCDA was done. Figure 3.9 provides insight into all heat

Heat Risk

risk cases.

Experiment
Base Case Case
v v v
Case 1 ) Case 2
Improved NDVI Improved NDVI nDSM + 3m
f—)%
Building Volume Solar Radiation

Figure 3.9: Heat Risk Cases
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3.6.3Software
Due to this research method's dynamic nature, multiple softwaeused to

accomplish the analytical process, as shawtable3.8.

Table3.8: Software and their Functions for the Study

Software Function
SNAP Sentinel 1 and 2 image processing, windspeed estimation
QGIS Sky view factorcalculation

Global Mapper LiDAR image processing and 3D data extraction
ArcGIS LST, NDVI, NDVI water distance and index estimation, resampl|
MATLAB Artificial neural network modelling

Microsoft Excel Data sorting, chart, and graph plotting
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Ground Truth (Actual)

CHAPTER 4: RESULT AND ANALYSIS
4.1 Land Use Land Cover Distribution

The land use features can be classified as pervious and impervious surfaces due to their
ability to allow or not allow percolation of waterolnally, natural surfaces aggermeable.
But artificial construction material inhibits infiltration anthuseslow albedo, allowing
radiation to be trapped within urban areas. Thus, assessing land use development has been
widely used to investigate LJFu & Weng, 2016; Jiang, J. &dm, 2010) This research used
cloud computing Google earth Engine to perform image classification as mentioned in the
methodology section. The land use land cover classification accuracy is 96%, as shown by the

confusion matrix tabld.1, which validateshe highperformance ability of the random forest

classifier.
Table4.1: Confusion matrix of the image accuracy assessment
Classification (Predicted)
Waterbody Urban Suburban Vegetation Bare Fallow
Soil Land
Waterbody 81 5 0 3 0 0 0.91 -
Urban 0 326 10 2 1 1 096 &
Suburban 0 1 133 1 0 0 0.99 g
Vegetation 0 6 85 0 1 0.88 ©»
Bare Soil 0 1 0 153 1 0.99 %
Fallow 0 0 0 0 1 76 099 2
Land
1 0.98 0.9 0.93 0.99 0.96 0.96 Overall
Accuracy

Usefs Accuracy(Reliability)

The 4% error can be attributed to the misclassification of few training sites. The
wrongly classified ground control points are detailed in tdllleThe most accurate classified
land use features are suburban, bare soil and fallow land, with an acol®@8€%. Vegetation
had the lowest accuracy value of 88% because six out of the vegetation training site are wrongly
classified as urban, six as suburban and one training site as fallow land. The misclassification

could be attributed to human error and $amfy in spectral signature.
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Figure 4.1: Land use land cover classification map of Glasgow

The urban development of Glasgow is dominant in the middle of the city. Glasgow's
history has been linked with the waterbody (Clyde River), which divides the city into two parts.
As shown by figurd.1, land use features vary with respect to the area edaard temperature.

In the city centre, there is sparse vegetation distribution except for parks used for leisure. But
the area covered by urban is evident, and it is characterised by waterbody which passes through
the middle of Glasgow. Farmland that iassified as vegetation is located more within the
suburban area. It is evident that some pervious surfaces like bare soil and fallow land are almost
not noticeable. Since the satellite image is pixelated, and the spatial resolution(10m) is known,
the arexovered by each image can be estimated. A further attribute query was performed, and
the result was shown in figude2. Bare soil, fallow land and water had the least area covered
with values of 7.01 ki (2.69 %), 4.11 krh (1.58%) and 3.51 ki(1.35%), espectively.
Waterbody is more noticeable among the three leastcaresaed features because of its
meandering pattern. The remaining three land use classes account for 94.38% of the study area,
with suburban areas occupying the most significant propocbwering 133.07 KA(51.13%).

In addition, the Vegetated area is the second largest, with a value of 83(BXR6%).

While the Urban region accounts for 28.6 K@pproximately 11%), the combination of urban
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and suburban areas that make up Glasgowisup occupies 62.12%. Therefore, providing a

clear indication of urbanisation.

Waterbody

Fallow Land
Bare Soil

Suburban

mmm Waterbody

B Urban

[ Suburban

B Vegetation S—

Bare Soil Sgetation
e Fallow Land

Figure 4.2:Percentage of the area covered by each land use feature

4.2 Land Surface Temperatureof Glasgow

The microclimate condition of Glasgow has been altered by urban development, which
has redefined the landscape. The earlier discussed land use & land cover have shown an evident
footprint of urbanisation that has resulted in reduc®d variation The sucessful launch of
mid resolution Landsat 8 satellite, which consists of thermal bands, has allowed the monitoring
of the land surface temperature of the earth to understand the thermal distribution of the earth's
surface, which has been widely used as ayto study UHI. The remote sensing approach
calculated_ST variation considering NDVI and land surface emissivity. Galeulationwas
done on a Landsat 8 image obtained on tieafQuly 2021. July was selected becausetth’ s
whenthe highest temperate of the yeaoccurs The retrieved LST map is shown in figure
43 and its temperature ranges from 14.39 C
and this is due to the none homogenous nature of land use.
The more significant part of the syucrea representing builip has a high land surface
temperature. The subsequent section will detail LST variation with Land use. However, the

mean temperature is 26.61 C. Using statisti

retrieved LST is 2.50. Aigh standard deviation, like what is obtained for this study, indicated
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that the LST value of each pixel is spread out away from the mean. Furthermore, such a high
standard deviation highlights the variation in the thermal property, like surface albedo.

essence, some land use categories can trap more heat than others.
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Figure 4.3:Land surface temperature map of Glasgow

4.3 Spatial Interaction BetweenLand Use Land Cover and Land Surfacelemperature

The spatial variation of LST is influenced by land surface characteristics that can be
categorised as 2D and 3D parameters. For instance, Land use is made up of different categories
with their unique pattes) surface roughness, albedo etc. this variation in land use properties
shapes the absorption and emission of heat by the surface and thus accounts for the noticeable
LST variation that was observed in Figut&. The surface temperature of each land use
category was obtained using GIS. Furthermore, the LST variation map of each land use class
was made, as shown in Figurd. The spatial variation of waterbody's LST varies with respect
to location. For example, the earlier discussion of Glasgow's landmesgioned that
waterbody passes between urban arglass,providing a cooling effect tareas immediately
adjacet the river However LST variationof water body was observeghdmetropolitan area
hawe highersurface temperatutban less developed locations.

The obtained statistical description of the waterbody's LST shows that the minimum

and maxi mum temperatures are 16.54 C and 29
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temperature is 20. 01 C. theAwstertbotlys meai tenaperatigedis v a | L
closer to the minimum temperature than the m
it indicated a dispersion away from the mean. For urban surface, there is a sharp increase in the
mean LST and standard dewvmtivalue, which are the highest compared to other land use
classes. Also, the temperature ranges from 1
with a high mean temperature of 25.53 C and
from1773Cto 33. 60 C with a standard deviation of
On the other hand, vegetation has a much
urban and suburban areas. Its temperature ranges#@had t o 3 0. 21 C. The |
use classes (bare soil and fallow [pace among the feature that covered less area in Glasgow.
Regardless, both parts had shown their ability to influence LST variation. The mean
temperature and standard deviation of bare s
ranges from359Cand 33. 71 C. For fall ®6w8Clta3hebC. t he L
Furthermore, the LST dataset deviates fromthenfeamd . 21 C) by 1. 88 C.
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Figure 4.4:Spatial variation for (a) watesurface temperature, (b) urban surface

surface temperature, and (f) fallow land surface temperature
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The zonal statistic tool on ArcGIS extracted the mean and sthddaiation of all land
use categories. The obtained values were used to plot the mean temperature distribution and
error bar, as shown in figuse5. It was observed that the LST values of each land use class
were in the following order from lowest toghiest: vegetation, waterbody, fallow land, bare
soil, suburban and urban. The error bar illustrates the standard deviation variation shown in
figure 4.5, urban, fallow land and bare soil. However;tadt hypothesis testing was carried
out between the ovall mean temperature of Glasgow and sampled mean, as shown in
AppendixB. The test was done at a significance level of 0.05. The result showed tivat-the
tail p-valuesfor each land use land cover categoaesless than the alpha value of 0l8énce
the null hypothesis was rejected while the alternative hypothesis was accepted. In other words,
the hypothesis result suggests a significant difference between sample means and hypothesis
mean

30.00

28.00

26.00 r \

24.00

Mean LST (Deg. C)

22.00

20.00

18.00
Waterbody Fallow Land Suburban Urban Bare Soil Vegetation
Landuse

Figure 4.5: Mean LSTand error bar plotof each land use category

4.4 Temporal Interaction BetweenLand Use Land Cover and Land Surface
Temperature
After investigating the spatial variation, the temporal variation was assessed across five

years. This was possibhgth the help of cloud computing google earth engine. Unfortunately,
Glasgow is a cloudy location which makes it difficult to assess many datasets. However, 47
different Landsat 8 image was used to create a time series graph. Sample points-tzfrall six

use features were used to extract the LST before plotting it. As shown in4igutleere was
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a clear indication of extreme temperature occurrence. After 2017, the new high and low
temperature was observed, and seasonal LST variation was observedaK hengeerature

was observed around June, July and August, while low temperatures were experienced in
November, December, January and February. The result further shows that urban area still has
the highest LST. The lowest LST value was obtained in Feb2@#2Q, a temperature from

fallow land.
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Figure 4.6: Time series variation of LST

4.5 Predictive Performance of the Machine Learning Algorithms

Based on the literature, ANN, DT and XGBoost machine learning algorithm was
adopted for this study. The ANN, popularly regarded as a Naylar perceptron (MLP), is a
supervised learning algorithm that learns from input variables to develop a prediotieé m
These variables are trained to identify the relationship betweelnsam parameters to predict
anoutput variableThe performance of XGBoosthen trained with the 14 parametestgnds
out among the pecking ordas shown in table 4.2t provided an improved version of the
R2(0.81%) valuefor trained datasety 6.41% compared to ANN and 13.58% when compared
to DT. XGBoost is an advancement of gradient boosting designed to aid efficient outputs. Also,
there was an observed reduction in MSE and MAE values when compared with ANN and DT.
The MSE and MAE values ofGBoost are 0.0032 and 0.0384, respectively. Despite the
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improved efficiency of XGBoost, hypgrarameterisation was done. The result showed that an
n-estimator of 500, a learning rate of 0.1, a max depth of 10 and a gamma value of 0.001 are
sufficient to dotain a welltrained model. As a result, a much better coefficient of determination
(R?) value of 0.881 was obtained when the predicted LST was plotted against the actual LST,
as shown in figure 4.

Table4.2: Predictive performance

Rank ML Algorithm R? MSE MAE
1 Extreme Gradient Boosting 0.81%6 0.003 0.0384
2 Artificial Neural Network = 0.76(® 0.002 0.0491
3 Decision Tree 0.7022 0.002 0.052
32.5 4
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Figure 4.7: Predicted LST against Actual LST for XGBoost

In order to effectively parameterise the ANN algorithm, the model was optimised using
gridsearchCV that uses rectified linear activation function (ReLU), 0.00001 for alpha as a
regularisation value and two hidden layers with 100 neurons each. The hidden layer between
the input and output variables enables a-lnogar transformation by weight assigning and
efficient application of activation function. As a result, tharigut varidle used for the ANN
predictive algorithm had a coefficient of determinatiof) (Riue of 0.7605 for trained dataset.

the R suggests an excellent positive correlation between the predicted LST and actual LST, as

shown in table 4.2. Mean square erf®ISE) and mean absolute error (MAE) was used to
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examine the inaccuracy of the predicted errors. MSA and MAE had a low error margin of
0.0042 and 0.0491, respectively. Furthermore, a linear graph of predicted LST against Actual
LST for the ANN model had aR? of 0.7784, as shown in figure$4.

32 1 ANN LST

it Li R =0.7784
30 A Best Fit Line ®
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Predicted LST (Deg. Celsius)
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T T T T

15.0 17.5 20.0 22.5 25.0 27.5 30.0 32.5
Actual LST (Deg. Celsius)

Figure 4.8: Predicted LST against Actual LST for ANN

Similarly, the same input data was applied to the decision trees (DT) algorithm, but it
had the leasperformance. Though the decision tree model setup differs from ANN and
XGBoost, it also had a positive correlation with @wvRlue of 0.702Zor the trained dataset
A non-parametric supervised learning technique for regression is called a decisiddTiyee (

A series of "ifthenrelse" decision rules are used to learn to approximate a sine curve from data.
Also, the fitter the model is a function of how deep and complex the DT is structured. Based
on the hypeparameterisation, the model max depth wags&0, and the min sample split

was 0.01. Thus, the predictive performance had an MSE and MAE of 0.0052 and 0.054,
respectively. Additionally, figure.9 highlights the best line of fit value between predicted
LST and Actual LST to be 0.7198, which is lowtean what was obtained fé&tNN and
XGBoost
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Figure 4.9: Predicted LST against Actual LST for DT

4.6 Sensitivity Analysis

This research's fundamental question is to quantify each variable's effeearlibe
section established that the XGBoost algorithm outperformed all three adopted models. As a
result, XGBoost was considered the ideal algorithm for the sensitivity analysis to help quantify
each parameter's distinct contribution. The sensitivityyaisldea is removing a variable and
running the XGBoost model in the absence of that variable. Next, the obtafreatiR
sensitivity analysisvas compared with the?Rttained when all parameters were considered.
Also, the MSE and MAE of each scenariorev@stimated. Then, the difference ihdReach
scenario and Rwhen all variables were considered in the model was assessed, as shown in
table4.3. Finally, the percentage influenced was calculbiedividing eachchange in Rwith
0.8126 beforemultiplying the result by 100The result showed that water distance, DEM and
NDVI had the most influence on LST with the followinglues:9.96 %, 7.56% and 5.67%,
respectively.

Road Network distance also had a 4.48% influence on LST, making it thie foost
influential variable. Variables like relative humidity, wind speed, sky view factor and
population density significantly influenced LST with values of 3.75%, 3.54%, 2.89% and
2.78%, respectively. Among the least influential variable, populatioiN&l had a value of

1.44% and 1.24%, respectively. All remaining variables such as solar radiation, land use land
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cover, building volume and building height all possess percentage influence values of less than
1 %, respectively.

Table4.3:Sensitivity analysis showing the influence of each parameter

ML Algorithm R? MSE MAE aR? % Influence using R?
All 0.8126 | 0.0033 |0.0384 |- -

All - DEM 0.7511 | 0.0022 | 0.0336 |0.0614 | 7.5581

All -Building Height 0.8118 | 0.0032 | 0.0383 |0.0007 |0.087¢

All -Building Volume 0.8086 | 0.0032 |0.0382 |0.0039 |0.4834

All - Sky View Factor 0.7891 | 0.0028 |0.0371 |0.0235 | 2.8865

All-Solar Radiation 0.8053 | 0.0031 |0.0378 |0.0072 |0.8888

All - Windspeed 0.7838 | 0.0028 |0.0354 |0.0287 |3.5351

All - Relative Humidity | 0.7821 | 0.0027 | 0.0359 | 0.0305 | 3.7539

All —Land use Landcoveg 0.8075 | 0.0032 | 0.0374 | 0.0051 |0.6281

All - NDVI 0.7665 | 0.0025 | 0.0354 |0.0461 |5.6689
All - NDBI 0.8025 | 0.0031 |0.0371 |0.0100 |1.2361
All - Water Distance 0.7317 | 0.0019 |0.0330 |0.0809 |9.9559
All-Road Network 0.7762 | 0.0026 | 0.0360 |0.0364 |4.4808
All - Population 0.8009 | 0.0031 |0.0374 |0.0117 | 1.4408

All - Population Density | 0.7899 | 0.0029 | 0.0364 |0.0226 |2.7834

A further query into the variable was made, subdividing the variables into climate,
vertical (2D), horizontal (3D) and Socidemographic parameters. As indicated in tabde
below, the horizontal parameter had more influence (11.41%), confirming thedumadi
impact of water distance, NDVI and road network. Meanwhile, Sdemographic and climate
parameters also had a good contribution percentage of 7.06% and 6.80%, respectively. Finally,
the vertical parameter had the least influence, with a valuS2¥%6
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Table4.4: Sensitivity analysis showing the influence of each grouped parameter

ML Algorithm R? MSE MAE aR? % Influence using R?

All 0.8126| 0.0033 | 0.0384 - -

All-Climate Parameter 0.7573| 0.0023 | 0.0331 0.0553 | 6.7995

All - Vertical parameter | 0.7611| 0.0024 | 0.0346 0.0514 |6.3276

All - Horizontal Paramete| 0.7198| 0.0016 | 0.0296 0.0927 11.4127

All - SociatDemographic | 0.7552| 0.0023 | 0.0336 0.0574 | 7.0622

4.7 Urban Heat Risk Zone

Identifying the heat risk zone in Glasgow makes up an important section of this research.
Combining all 16 variableG@s shown in Figur8.6) using multicriteria decision analysis and
analytical hierarchy process made it possible to understand and assess the heat risk across all
land-use features. Figure 10shows the outcome of the initial heat risk analysis categorised
into threeclasses. Haever,the final result reveals thathégh heat risk areaiad the least area
coverin Glasgow within the study timé.covers 3.5% of the study araadis peculiar tareas
congestedvith built-up and high human activities.

On the other hand, Lowsk areasare synonymousvith vegetatedand usethat are
mostly away from develaa zones. Thelow-risk area coverg.66% of the study areandis
primarily located around Glasgow's edgbtoderateheat riskis the predominardategoryin
Glasgow covering91.83% of the study arealhe spatial distribution pattern of this category
originates from the centre but spreads more towards the city's edge. Based on the earlier land

use land cover result, the higisk zone is well linked with the urban are
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Figure 4.10: Heat risk zone in Glasgow

Since the heat risk categories of Glasgoweli®een identified, a furtheuerybetween
LST and the heat risk map was darmeng zonal statistick determinethe unique surface
temperature of each heat risk zombe resulrevealedhatlow and moderate risk zone had a
mean surface temperatwel8 08 C a n mbespecvelylnLontastthe high-risk area
hadthe hidhest mean surface temperature vaue 29. 06 C

4.8 Heat Risk Reduction Attempt
The problem around UHI and its drivers has been identified in this research. Also,

parameters with the most influence on LST have equally been established.skctlua, an
attempt was made to generate a possible solution based on information gathered from the
sensitivity analysis. An area of interest (Glasgow Cigntrg was selected from all existing

data to perform this experiment. The goal was to repeanutte criteria decisioranalysisfor

three different cases€Case one involves improving the NDWhile case twoconsidered
improved NDVI, increased building height bym, recalculatedolar radiation and building
volume from the augmented building heighinally, case three is similar to case tvoaoit the
improved NDVI was removed and replagevith the original NDV| as explained in the
methodologyto investigate how it wilmodify the heat risk case in Glasgow City.
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Figure4.11: Base Case Heat Risk map of Glasgow City

The obtained result illustratémw each casaffects the city centre's heat risk condition
Figure 4.11 isa subset of Glasgow city centre from figure 4.10 hisktmap representinipe
base cas@'he base case héd area covered by 74.11%thiemoderaterisk zone and 25.89%
of the highrisk zone. Figure 4.12s new heat risk magcase one)illustrates a good
improvement from the earlier obtained heat risk map (base @asdp improved NDV.IThe
result showed an increase in the moderate risk zone and a decrease in &k agka
covered. A further comparison between the-tveat risk nap revealed that the moderate risk
zone increasedo 76.99% while the highrisk zone decreasetb 23.01%. Finally, the
percentage change betwethie base case and case one was asseassddhe result showed
that moderate risk zoador case onéncreased by 3.89% of the B#hile thehigh-risk zone
reduced byl1.14% of the base cadgoth changes are due to the improved NDVI conditions
within Glasgow City.
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Figure 4.15. Comparison of all heat risk cases

Thecase two result illustrated figure 4.13has a similar dynamio case one. Though

there was an increase in asaavered by moderatésk andareductionin high-risk zones;t
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was observed that incresasbuilding height reduced the efficiency of vegetation in lowering
heat risk Themoderate rislareasovered 76.32%while high risk accourstfor 23.68% When
related to the base case, the percentage change of cadenwonstratethat highrisk area
were reduced by8.54% and moderate incredsky 2.98% ofthe base case-However, the
differencebetween th@ercentage change cases one and twandicatedv e get at i on
perform atanoptimal level

Furthermore, Case three was set upat¢aount forthe distinct effect of increask
building height orheat risk It is similar to case twoasidefrom replacingimproved NDVI
with the original NDVIparameteduring MCDA.. Figure 4.4 showed thathe high-risk area
increased t@6.54% (increased by 2.52% dfie base caseand moderateisk area reduced
to 73.46%compared tdhe base caséAmong all explored heat risk casessethree had the
worst exposure due tts high percentage digh-risk zonesThe chart in figure 4.15 compared

the pixel count of all heat risk cases to illustrate their variation.
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CHAPTER 5: DISCUSSION
5.1The Synergy BetweerLULC on LST

The land use land cover (LULC) and LST subject are not alien to researchers. Despite
the high volume of work done in this field (Li et al., 2016; Morabito et al., 2016), there is no
sign of slowingdown because the buzzphrase known as climate change is still gaining
momentumandit is increasingly becoming complex to mandgeaisk and impac{Portneret
al., 2022) Similar results that acknowledge the effect of LULC on LB®kaie, Zarkesh,
Arageh & Hosseini, 2016; Fu & Weng, 2016; Jiang & Tian, 2018)e been obtained across
different study areas. As a result, Verburg et al. (2004) describe LULC as a pivot element that
makes the environment susceptible to hazards. The obtained resuls fieastarch indicated
the Spatietemporal variation of LST and the critical land use features that drive LST. The
crosssectional investigation of LST confirms its variation with land use which is consistent
with the assertion of other studi@idussainet d., 2022; Tonkaz & Cetin, 2007 Urban,
suburban and bare soil are the three features with high temperatures. The result was in line with
Tarig et al. (2020), who concluded that temperature is maximum irupugind bare soil.

Urban heat islands as a ol are a result of a significant amount of heat flux coming from
built-up areasimpervious surfaces, and other predominant land cover types. Also, thefbuilt
area and LSpositively correlat§Duquéneet al, 2009; Zhang, Q. & Su, 2016)herefore,
indicating that an increase in beuip will increase LST. This heat exchange between the earth's
surface and solar radiati@ontributes to the ensuing UHI, which considerably impacts micro
climate change in urban canyons. As a result, LULC significarifgcts a city's radiant
temperature, supporting the theory that anthropogenic LYL@ significant factor
contributing to a rise in LSWiang & Tian, 2010).

On the contrary, waterbody and vegetation had low mean temperatures. The obtained
spatial distrilmtion map illustrates the impact of blue and green infrastructure. Water provides
the required moisture that stabilises the climate. Interestingly, the combination of vegetation
and waterbody drives evapotranspiration which cools the environment becabsenaiter
and energy exchange between the surface and atmosphere separation of sensible and latent heat
from incoming energyGoward, Xue & Czajkowski, 2002QAIso, by having a low albedo and
a rough surface, vegetatiaffects the energy balance by iféating effective sensible heat
depletion(Lee et al, 2011) This underscore why vegetated and waterbody area are cooler.
However, it was observed that the waterbody's temperature increases in the city and reduces

away from the city. This is in accadce with the claim made by Sun & Chen (2012).
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However, it may be erroneous to assume that-bpstare the only factors that can alter the
waterbody's temperature. Increased evapotranspiration, nutrient concentration and pollution
can affect the waterbgts LST(Murdoch, Baron & Miller, 2000Q)

Fallow land is among the LULC categories with high temperatures. Though behind
urban, suburban, and bare soil. It is logical for fallow land to have a mean temperature close to
that of a bare surface. Land me#ortagricultural purposes but was left with no plantation is
categorised as fallow. Such land use categories expose the soil to radiation, accounting for its
high-temperature value. Similarly, in a study by Mallick et al. (2008), fallow land has a higher

LST value, which justifies the result obtained in this study.

5.2 Temporal Land Surface Temperature Variation
Overall, the spatial distribution of LST at a specific time has given valuable insight into

how surface temperature varies with respect to LULC. However, a temporal examination of
LST has shown the seasonal behaviour of LST. Across the investigateddige ydan and
suburban still maintain high LST, especially in July. Therefore, justifying why the July satellite
image was used for the study. There is one peak and two low periods of LST in a year. The
peak LST mainly happen in June, July and Augustleathie two lows occur in January and
December. The temporal variation of LST confirms the existence of extreme temperatures in
Glasgow. Past studies have equally used temporal analysis to ascertain the presence of UHI
(Fu & Weng, 2016) Emmanuel & Kruger(2012) studied variation in air temperature in
Glasgow. Their result stressed that UHI in Glasgow is not reducing. Extreme heat episodes and
relatively substantial SUHI intensity are linked to enhanced local warming in metropolitan
areas during the sumntiene (McCarthy, Best & Betts, 2010; Pergy al, 2012) Thus,
providing more background contest to the constant peak LST obtained every summer.

Climate studies have evolved over the years, and various authors have used different
approaches to achievarslar results. However, data has been a critical problem in this field.
Though, researchers have usesekiin air temperature for the UHI study. But it has been
challenging to investigate the spatial pattern since more weather stations will be required fo
interpolation at various scaleNeverthelessby employing thé.andsat imageries from the
Google Earth Engine cloud computing database, this study improved upon earlier research in
understanding landscape thermal patterns across space ar(&mae 206; Weng, Lu &
Schubring, 2004)Furthermore, using satellite images for time series is not that common
because of high computational demand and analysis time. But this study has successfully used

satellite data to understand the modification of mi¢noate with respect to LST for both
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spatial and temporal analysis at regional scales, which further confirmed the existence of UHI

in Glasgow.

5.3 Machine Learning Algorithm Ability to Predict Land Surface Temperature

Urban parameters are complex, with théfee primarily visible in our daily activities.
However, when it comes to understudying most of these variables, they exhibitesor
hidden relationships. To understand how urban variable behaves, the regression method, also
known as a traditionapproach, has been widely used for forecasting and predictive functions
(Guan, 2012) However, this model has limitations in understanding the nonlinearity and
complications related to the data structQré\ r et ial¢ 2020) For example, Che(2014)
predicted target gene expression using linear regression, KNN, and other traditional techniques,
but the findings were less precise.

Consequently, modern research has adopted machine learning to make sense of
complex datgAsadi, Arefi & Fathipoor2020b; Ashtiani, Mirzaei & Haghighat, 2014he
developed XGBoost, ANN and DT for this research were used for LST prediction, and each
performance was assessed. All three model demonstrate their ability to make a good prediction.
XGBoost is one of thereebasednodels with the strongest expansion and adaptal{ityen
& Guestrin, 2016)In order to estimate the UHI intensity in Seoul, Lee et al. (2016) utilised
the ANN model, and their results demonstrated that the neural network model outpetfegmed
multiple regression model.

XGBoost outperformed ANN and DT in this research. The coefficient of determination
for XGBoost was 0.8131 with a more reduced MSE (0.0032) and MAE (0.0384). In contrast,
ANN performed better than DT. Though, good data qgualituences model performance and
can sometimes be the difference between a good or bad predictive model. That is, poor data
guality used for machine learning reduces model performance. However, the s(lmgloim
& Rusli, 2007)also showed that ANMutperformed the decision tree. Also, a predictive
performance analysis was done for XGBoost compared with ANN, DT and rain {ofest
Chen, Xu & Shen, 2021The author's result showed that the XGBoost model is more efficient
when compared to other&lso, ANN outperformed the decision tree, which further justifies
the obtained result in this research.

5.4 Role of Horizontal Parameteron UHI
Identifying the factors that caused heat island is important information during mitigation
and adaptation. Researabout heat island triggers has caused a lot of speculation. However,

one inevitable fact is that heat island triggers are anthropogenic fadtersensitivity analysis
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result for this study provided insight into each considered variable influenc&bn\Water
distance was used to measure the effect of the water body on LST, and the sensitivity showed
that the water body is the most influential parameter. A similar study conducted by Asadi et al.
(2020) also had a related result that considered watgdweery significant parameter for UHI.
Several studies have confirmed that water body regions have a minimum temperature
compared to other land ugafy, Rahman, Hasan & Islam, 2020; Singh, Kikon & Verma,
2017) This claim further validates the earldiscussed spatial LST variation that claims water
bodies had low LST. Wilson et al. (2003) stated that waterbody has high capacity and thermal
inertia, coupled with low radiance and thermal conductivity.

Additionally, it absorbs lesser heat because é fleaver surfaces that may capture and
absorb energy from solar radiation than impermeable surfaces and buighiogs S. & Shu,
1994) Adams and Dove (1989) discovered that a 35m broad watercourse generatbd@ 1
reduction in the surrounding tenrpture. This result supports the earlier discovery that the
cooling effect of water causedtheST t o dr o(Gupta,yMatlew & Khadelwal,
2019) However, the presence of a water body does not always correspond to a lower surface
temperature. Alsoit was earlier discussed that waterbody in urban areas had a higher
temperature than waterbody in rural areas.

The next influential parameter, as shown by the sensitivity analysis, is NDVI. From the
obtained result, NDVI reduced thée Ralue of the modeo 5.67%. Similarly, NDVI, which
describes vegetation, regulate temperature. Prior studies have established that \spgetated
and watebodies can provide a cooling eff¢€tao, Onishi, Chen & Imura, 2010; Chang, Li &
Chang, 2007)The loss of vegationand their conversion to impermeable surfaces cause a rise
in LST, which is consistent with these research findings that the NDVI had a significant impact
on LST. A related study looked at the association between NDVI and LST in various seasons
and bund a negative relationship in the summer; NDVI generally negatively impacts LST
(Macarof and Statescu, 2017).

All horizontal parameters except land use land cover had a good influence on LST.
Ideally, it is expected that land use should be among thécenasal variable, but this is not
the case. The land use land cover consisted of 30 m by 30 m pixel size, holding features that
cause and reduce LST. Perhaps, it underscores why land use had a relatively low influence.
Overall, the horizontal parameterthe most crucial parameter compared to others. The road
is another significant parameter during the LST study. Research has been done to test the notion
that LST will be impacted by the growth of the road netwiik, F. et al, 2020) Also,
highways and lowgrade roads were found to have higher LST than the surrounding
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environment for distances of 180 m and 150 m, according to the author's result. The authors
also discovered that Road intersections over a 300 m distance and connections maede by low
grade roadways over a 150 m distance also impacted LST. According to a different study, the
road area is where the temperature zone forfW&eng, Liu, Liang & Lu, 2008)Hence,

justifying the sensitivity analysis result that suggests road distance is a critical LST parameter.

5.5Role of SociecDemographic Parameteron UHI

Today's population increase is the core cause of urban development. Infrastructures such
as roads anduildings, to mention a few, are constructed to meet human needs. The entire
urban ecosystem is intimately connected to the UHI effect. Hence, the population contributes
largely to LST. The sensitivity analysis shows that sad@mographic parameters (pogtibn
and population density) are the second most important parameters. Urban form and scale, type
of land cover, vegetation, and population all have an indirect or direct impact on variations in
UHI intensity through time and spa@eu et al, 2016; ZhouD. et al, 2014) Parvez & Aina
(2018) explore the impact of population density on UHI. Their findings demonstrated a positive
correlation between population density and LST, with dmaRge of 0.3 to 0.87. A dense
population contributes to the intefisation and growth of UHby generating more heat
emissions from residents' daily activiti€Streutker, 2003)Aside from anthropogenic heat,
increasing population density implies high impervious surface fraction and dense settlement
(Bokaieet al, 2016). However, this clainis not necessarilyalid because of the emergence of
climatesensitive upan desigs that adopt greerroof and wall stratdgs to createmore
pervious surfacgwithin high population density are@BeechamRazzaghmanesh, Bustami &
Ward, 2019; Djukic, Vukmirovic & Stankovic, 2016)
5.6 Role ofVertical Parameter on UHI

In the city, various building heights make up the urban pattern. Factors related to urban
morphology affect urban geometries and the connections among infrastrSiewart &
Oke, 2012) For example, due to the builgh of heat between buildings in narrow streets, the
building height to street width ratio (also known as the canyons aspect ratio) has received
extensive researq©Oke, Tim R., 1988Building height, volume, DEM and skyexv factor
were the four investigated urban vertical components in this research. The vertical parameter
had the least influence, with arf Ralue of 6.33. Also, when the individual vertical parameter
was assessed, their performance varied, with DEN#Re is 7.56) having the most influence
on LST, followed by the sky view factor. LST reduce with an increase in elevation, but it varies
across the year, both during the day and n{§tan, Kappas & Tran, 201&eng et al. (2020)
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conducted a correlatianalysis between LST and topography. Their findings reveadjative
correlation between slope and LST, and a linear correlation exists between all components and
LST. Neglecting the effects of altitude and water body will cause the SUHI to be ovetedtima

by 1.68 °C and 0.28 °C in the sumnf¥ro et al, 2018) The elevation explained between 84

and 90% of the LST distribution and between 22 and 26% of the spatiotemporal fluctuation,
according to a study based on the GeoDetector mod€Wang, W., &mat, Abuduwaili &

Ge, 2021) Hence, elevation outperforms other parameters considered in the study, which
exclude waterbody.

Scarano & Mancini (2017) found that SVF positively correlated with LST. The sky
view factor (SVF), which includes height and diy properties, is a significant building
structure index. Researchers have demonstrated that the sky view factor significantly
influences LST more than building density by assessing the link between the regional
distribution of surface temperature antbam form(Xiao, Lin, Han & Zhang, 2014)Though
this study used a machine learning approach, the result is consistent with the (@Saaeh
al., 2014)since SVF had more influence on LST than building height and volume. The result
showed that builing volume and height do not significantly affect LST. The result is in line
with what(Asadiet al, 2020)obtained in their sensitivity analysis. However, the assumption
that building height has less impact on LST might be flawed because facadesiding oot
materials could modify LST. Because LST is favourably linked with the vulnerabli@asing
facade area but not with the shaded-fagaing facade are@ark, Guldmann & Liu, 2021)

5.7 Role of Climate Parameter on UHI

One of the critical questis of this research is to assess the influence of climate
parameters on LST because only a few studies have explored it. The most study mainly focused
on solar radiation. However, this study considered solar radiation, wind speed and relative
humidity in the machine learning LST prediction and MCDAhe obtained results showed
that solar radiation is among the variable with minimum impact on LST. This claim could be
validated by the fact that solar radiation is shortwave radiationhamdnsense longwave
radiation through heat. Windspeed and humidity almost had a similar influence on LST. Also,
wind speed and air humidity are among the many variables affecting heat strpseplets
comfort level(Ashrae, 2010)Urban areas have far more erratic and turbulent wind patterns.
However, the UHI effect and the builgp of air pollutants are exacerbated by hagimsity
structures in the city, which impede winds that pass through the urban (giem et al,

2010) Reducedvind speed is frequently attributed to surface roughness caused
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by urbanisation(Pryor et al, 2009) Sigi & Yuhong (2020) study highlighted that LST
increases with reduced wind speed. Also, relative humidity influences the LST vafiiaion

et al., 2021)but time and season ultimately control humidity. Similarly, the difference in
energy balance explains moisture variation in urban areas. Thus, the dependence of relative
humidity on other factors could explain why its influence is not toangt on land surface

temperature.

5.8 Identifying The Spatial Distribution Pattern of Urban Heat Risk Zones

A study that investigates heat risk and maps out vulnerable zone is ¢ba] et al,
2015) amidst today's climate change tension. The heltmigp's benefit is identifying the
thermal stress zone during the peak of summer. It also helps create a quick response to potential
heat risk hazards that humans, infrastructure, and the environment are exposed to. As expressed
by the obtained heat riskap (figure 4.10) the variation of heat risk categories is influenced
by the rapid urbanisation and boom in seetmnomic activities. Also, land use features could
ameliorate or exacerbate the risk within its immediate and buffered distance. As shown by
fi g ur e redult,iti® 'vidnerability of thermal stress within the study area's centre was
categorised as higtisk zone.

Additionally, the spatial distribution of higtisk zones cover8.50% of the study area
(Glasgow) This highrisk zone is dominated by an enormous building footprint and other urban
indicators that drive UHI. Also, thexistenceof waterbody reduces the presence of higk
zones within its proximity. Saaroni & Ziv (2003) state heat stress can beaded by even
small water bodies. Also, a water body's horizontal effect can extend a few hundred metres
(Kim et al, 2008) As suggested by the heat risk map, ghesencef highrisk zone within
developed areas is consistent with past resegkbinar et al, 2022; Zhang, J. Het al, 2005)
Metropolitan areas have higher L8¥an rural areas because of the effects of urban heat islands
(Salateet al, 2017) This temperature difference explains the variation of heat risk zones.

Under the curnet climate, UHI intensity has already risen to uncomfortably high levels,
but with projected global warming, thermal stress in cities is expected to rise ever{Ailgmer
et al, 2014) On a local scale, temperature increases faster than global seate t/HI
(Grimmond, 2007) The combined effects of local and global temperature rise would be
anticipated to intensify thermal stress in urban environn{@utehter & BerShalom, 2013)
Therefore, this is a significant sustainability concern for miilanners.

However,mostlocations in the study area have moderate heat risk and €08&%6

of the study area. The scope of this research did not cover investigating the radiant temperature
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of each heat risk zone. Thus, the thermal comforesidents with respect to their location
can't be ascertained. But comparing the moderate risk zone with the earlier obtaineihigST
zonal statistics, thebtainedmean surfaceemperature wa® 3 . 7 Also,Cand use land cover
map of the moderate heatisk zone isprimarily dominated by vegetation which provides a
cooling effect.This explairs why the surface temperature is lower ththe high-risk zone
whi ¢ h h a 8ecauSelie@\dpottanspiration from plant and water bodies with the shade
cast by vegetatiorprovides cooling effects(Voogt & Oke, 2003) which is vital for
microclimate modification. Unfortunately, areas with low heat rislatse smalland it covers
about 466% of the study areahough tte low heat risk category haldelowest mearsurface

t emper at ur, theyark nollGcatdighin Ge city. Therefore, measures to improve
the area covered by the lewgk category should be implemented, especially during summer.
5.9 Reduction of Heat Risk Distribution

The final part of this research addresses the heat risk zone reduction appirsgche
study areawasreducedo Glasgow city centre region atite base cadeeatrisk of the city
centrewasextracted to obtain figure 4.1Mext, three cases weexploral, as highlighted in
themethodologyCase ongfigure 4.12)showedan improvement in heat risk conditewithin
the city centredue to theenhancemenyf NDVI value This improvement in result justifies
earlier discussed sensitivity results that quantify NDVI as an influential variable to LST.

Furthermore, Ecologisfsequentlyemploy remotely detected NDVI as a substitute for
vegetation productivityPettorelliet al., 2005) The results justified past research that describes
vegetation as a land use feature that provides a cooling €detnget al, 2007) Also, the
result illustrated that improving urban vegetation is an effective UHI reduction plan. The
deliberate cra#on of vegetative green spaces is one of the most significant ways to mitigate
thermalstress in urban environments, according to Norton et al. (26lhyever case 2
(figure 4.13)shows reduced efficiency of vegetation in reducing heat risk due toasede
building height.

Consequently, it is expediettd ascertain the impact ofcreaseduilding heightby 3m
which is the core reasdrehindcase threeas explained in the methodologihe case three
result indicated that the city centre's hasit condition worsenedomparedo all other case
Research rastrongly linkedhigh-rise buildings to increased energy consumpti@mabling
UHI (Xi et al, 2021) Additionally, a different study asserted that tall structures cause urban
climate factors to be distributed unfairly, such as an increase in temperature and a decrease in

wind speedApreda, Reder & Mercogliano, 2020)his claimcan be verified by the high LST
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(see figure 4.3yalueand low wind spee(seeappendk D) in the urban areaf Glasgowfor
the study period Generally,temperature and relative humidity haaeinverse relationship
because high temperatusesynonymousvith low relative humidity Thus, highrise building
also affect relative humidityTherefore, W the earlier claimsabout building height have
strengthenethe obtaineatase threeesuls thathighlighted the negative impact of increasing
buildingheightonG | a s gheaiwrisksnap according to the @DA. Anotherclaim that could
be made about increasing building height is thate artificial materials thatanincreasehe
temperatureby storing or absorbing excess heate introducd to the environment.
Consequentlymore heat risk zoneshat couldthreaenthe weltbeing of life and properties

will exist if the environment is not well planned designed
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CHAPTER 6: CONCLUSION LIMITATION AND RECOMMENDATION

6.1 Conclusion
This research aimed to analyse the distinct signatures of climatatommdpogenic factors

on UHI formation and generate an urban heat risk map to aid urban planners in making policy
decisions that mitigate the UHI effect. Based on the mixed research method adopted, it can be
concluded that the influence of UHI parameterd 8T varies across space and time. However,
their effect is sufficient to cause heat risk of different intensities and categories. The results
indicate evidence of UHI across space and time in Glasgow. All utilised machine learning
algorithms can producleigh accuracy prediction, but extreme gradient boosting (XGBoost)
performed better with R MSE and MAE values of 0.8126, 0.0033 and 0.038, respectively. In
the sensitivity analysis, horizontal parameters had the most influence on LST, followed by
sociatdemographic and climate parameters, while vertical parameters had the least influence.
Lastly, the heat risk mapf Glasgowrevealed tha®1.83%of the study area is categorised as
a moderaterisk zonewith low andhigh-risk areacovering 4.66% and 3.50%Spectively
Also, Case onsuggestshat the heat risk can be improved by emiagyNDVI. Furthermore,
increased building height bym reduce the efficiency ofegetation to reduce heat rigs
shown by case twd.ikewise, increased building heighiorsened the heat risk condition of
Glasgow city centraccording to case three s

All adopted methods in this research were selected based on their performance in the
reviewed literature. Based on the effectivenefall obtained results and their alignment with
past related research, the utilised methodology has demonstrated its ability to deliver efficient
results that answer all research questions despite all data limitations. Aside from the intent to
develop apredictive model for LST and quantify the impact of climate and anthropogenic
parameters on LST, a vital interest was understanding the contribution of vertical urban
parameters on LST. This research highlightedthose vertical urban parametéiad the least
influence on LST. Still, it raises questions about how other vertical properties like facades,
building roofs and street canyons affect UHI.

Because of the obtained result that illustrates evidence of UHI, government,
stakeholders or urban plansereed to adopt actiesriented solutions to mitigate UHI. Based
on the critical finding of this research, urban practitioners should consider incorporating a
climatesensitive urban design that considers UHI factors such as vegetation, waterbody,
elevatian, and road network due to their strong influence on amelioration or exacerbating UHI.

Also, proactive methods will be instrumental in mitigating UHI effects. Thus, urban planners
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should leverage the capacity of machine learning algorithms for LST poedictodels.
Furthermore, to better understand the implications of these results, future research should
investigate the unique contribution of building and road construction material on land surface
temperature. Also, explore how physiologically equivalentperature (PET) responds to land
surface and air temperature.

The buildup to this research revolved around finding answers to the following research
guestion; what is the distinct signature of UHI parameters on LST, and investigating if machine
leaming models can effectively predict LST and identify shrouded patterns? The obtained
result has provided answers to those questions as discussed in previous sections. Furthermore,
the research gap identified in reviewed literature has been bridged. Mamgyusrstudies used
simple statistical methods to determine correlations between UHI variables. This approach is
erroneous because of the complexity of UHI parameters. Hence, this research is an upgrade of
past studies, and it was able to identify hiddelatronships between UHI variables and
guantify their unique contribution. In past studies, there were many inconsistencies concerning
the performance of machine learning algorithms when compared to each other. The finding of
this study proves that XGbodsad a better prediction capacity than ANN and DT. This result
is consistent with some past studies. At the same time, it challenges some existing results.
However, issues like this are inevitable because the performance of machine learning is a

function d data quality, model parameterisation and data type.

6.2 Limitation

Modern research's critical success is digitally representinguardd features across space
and time. But unfortunately, the spatial and temporal characteristic of the dataset has been a
significant limitation on research. From the time perspective,haoing enough sample
satellite data was a crucial problem in this research. For example, the temporal resolution of
Landsat 8 is 16 days, meaning approximately one or two sample data can be obtained within a
month. The consequence will cause an inabibtgescribe the data statistically effectie
Also, using one data to generalise the monthly average of a parameter would affect data quality
and result output. Thus, the monthly LST is obtained fremotely sensethermal band of
Landsat 8 The monthlystandard deviation or necessary validation could not be executed due
to the lack of daily thermal band of Landsat data.

The performancef the machine learning methe@dopted in this research relies heavily
on good data quality. Another limitation encountered in this study is thepaithl resolution

of the most dataset used for this study. It was observed that coarse resolution data introduce
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outliers to the machinkearning algorithm despite the model optimisation. As a result, the soll
moisture index was removed from the machine learning model because of outliers. According
to Canata et al. (2021), using higksolution remote sensing data, tisexies analysis, drthe

ML approach, spatial patterns were effectively validated at the field level. Also, resampling
was done on some data because of the variation in spatial resolution. This process can
negatively affect data quality by introducing geometric distortionrer Though different
interpolation methods have been developed to reduce error due to resampling, it can't be better
than when highresolution data is utilised.

Using air temperature could have helped better understand the distinct contribution of all
UHI parameters on the heat island. Although there is a significant correlation between near
air temperature and LST, the two temperatures are not physically equivalent and respond to the
atmosphere differentlgdin, M. & Dickinson, 201Q)According to Beali et al. (2012), LST is
a good indicator of the net surface energy balance caused bywawagradiation emissions.

This means that comparing LST to solar radiation might not produce reliable results, as shown
in this researclsensitivity analysis. AlsoL. ST did not perform well with the vertical urban
distribution parameter. Due to the height of measurement (m), air temperature is best

for urban climate investigation, but most environmental models require spatially distributed air
temperature to waluate biophysical processes. Hence, station data have been used for
geospatial interpolation and the development of several gridded air temperature {Bagets

et al, 2008) Unfortunately, the number of weather stations and the interpolated iclimat
variable's temporal and spatiariability significantly impact air temperature interpolation
accuracy(Vogt, Viau & Paquet, 1997)\evertheless, LST can be used to gather insight
differentland use land coveypes because it is sensitive to vasoland surface features
(Sinha, Sharma & Nathawat, 2015)

The final limitation revolves around the Lidar and population data for this study. The Lidar
data was captured in 2003, while the population data was last updated in 2011, which does not

align with this research’'s actual year of study.
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6.3 Recommendation

A further question was discovered while finding answers to this dissertation research

guestions, and limitations were encountered, as explained in the above section. The new

guestion and researtimitation could be used as a recipe to shape future research. Hence, the

following recommendation is provided to aid the scope of future research.

T

Examine how the machine learning predictive model will perform under different
seasons.

Future researchhsuld compare the effect of urban parameters on land surface
temperature and air temperature

The performance of the urban vertical parameter should be subjected to further quarries.
That is, building walls (facade), street canyons, roof types and areakl dhm
considered.

High spatial resolution and monthly average data from daily mean are highly
recommended.

Consider using improved soil moisture index, LIDAR and updated population data.

The physiologically equivalent temperature (PET) variation withendifferent heat

risk categories should be studied.

Investigate how physiologically equivalent temperature (PET) respond to land surface
temperature and air temperature.

Urban planners should consider creating more green space in urban areas during

sunmer.
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Appendices

Appendix A: The AHP Table for MCDA
Tablel: Pairwise Comparison Matrix
Data DEM | nDSM Building | Sky LST | LULC | NDVI NDBI | SMI Water Road Population | Population | Wind | Relative | Solar
(building | volume | view (land distance | distance density speed | Humidity | radiation
height) factor use)
DEM 1.00 | 6.00 5.00 7.00 | 0.14 | 3.00 0.25 0.50 |4.00 |0.33 2.00 3.00 2.00 2.00 | 2.00 6.00
nDSM (building | 0.17 | 1.00 0.33 0.33 | 0.11 | 0.20 0.14 0.14 0.25 0.13 0.25 0.17 0.20 0.20 0.20 0.50
height)
Building volume | 0.20 | 3.00 1.00 0.50 |0.11 ] 0.20 0.13 0.14 0.20 0.25 0.17 0.14 0.17 0.17 0.20 0.33
Sky view factor 0.14 | 3.00 2.00 1.00 | 0.14 | 3.00 0.17 0.20 0.50 0.20 0.14 0.50 2.00 0.50 0.33 4.00
LST 7.00 | 9.00 9.00 7.00 1.00 | 5.00 4.00 6.00 7.00 4.00 3.00 6.00 7.00 4.00 5.00 8.00
LULC (land use) | 0.33 | 5.00 5.00 0.33 | 0.20 | 1.00 0.14 0.20 2.00 0.33 0.20 0.33 0.25 0.20 0.17 0.50
NDVI 4.00 | 7.00 8.00 6.00 |0.25 ]| 7.00 1.00 7.00 8.00 3.00 5.00 2.00 2.00 3.00 4.00 7.00
NDBI 2.00 | 7.00 7.00 5.00 | 0.17 | 5.00 0.14 1.00 2.00 0.50 0.25 0.50 0.33 0.33 0.25 2.00
SMI 0.25 | 4.00 5.00 2.00 |0.14 | 0.50 0.13 0.50 1.00 0.33 0.17 0.33 0.25 0.25 0.20 3.00
Water distance 3.00 | 8.00 4.00 5.00 | 0.25 ] 3.00 0.33 2.00 3.00 1.00 0.33 0.50 0.33 2.00 3.00 6.00
Road distance 0.50 | 4.00 6.00 7.00 |0.33 ] 5.00 0.20 4.00 6.00 3.00 1.00 4.00 3.00 2.00 3.00 7.00
Population 0.33 | 6.00 7.00 2.00 |0.17 | 3.00 0.50 2.00 3.00 2.00 0.25 1.00 0.50 3.00 4.00 6.00
Population 0.50 | 5.00 6.00 0.50 |0.14 | 4.00 0.50 3.00 4.00 3.00 0.33 2.00 1.00 0.50 0.33 5.00
density
Wind speed 0.50 | 5.00 6.00 2.00 | 0.25 | 5.00 0.33 3.00 |4.00 |0.50 0.50 0.33 2.00 1.00 | 0.50 5.00
Relative 0.50 | 5.00 5.00 3.00 | 0.20 | 6.00 0.25 4.00 |5.00 |0.33 0.33 0.25 3.00 2.00 1.00 4.00
Humidity
Solar radiation 0.17 | 2.00 3.00 0.25 |[0.13 | 2.00 0.14 0.50 0.33 0.17 0.14 0.17 0.20 0.20 0.25 1.00
Sum 20.59 | 80.00 79.33 48.92 | 3.74 | 52.90 8.35 34.19 |50.28 | 19.08 14.07 21.23 24.23 21.35 | 24.43 65.33
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Table2: Normalization Matrix

nDSM Sky LULC

(building | Building | view (land Water Road Population | Wind | Relative | Solar
Data DEM | height) volume | factor | LST | use) | NDVI | NDBI | SMI | distance | distance | Population | density speed | Humidity | radiation | CW | CW*100
DEM 0.05 0.08 0.06 0.14 | 0.04 0.06 0.03 0.01 | 0.08 0.02 0.14 0.14 0.08 0.09 0.08 0.09 | 0.07 7.50
nDSM
(building
height) 0.01 0.01 0.00 0.01 | 0.03 0.00 0.02 0.00 | 0.00 0.01 0.02 0.01 0.01 0.01 0.01 0.01 | 0.01 0.98
Building
volume 0.01 0.04 0.01 0.01 | 0.03 0.00 0.01 0.00 | 0.00 0.01 0.01 0.01 0.01 0.01 0.01 0.01 | 0.01 1.16
Sky view
factor 0.01 0.04 0.03 0.02 | 0.04 0.06 0.02 0.01 | 0.01 0.01 0.01 0.02 0.08 0.02 0.01 0.06 | 0.03 2.79
LST 0.34 0.11 0.11 0.14 | 0.27 0.09 0.48 0.18 | 0.14 0.21 0.21 0.28 0.29 0.19 0.20 0.12 | 0.21 21.08
LULC (land
use) 0.02 0.06 0.06 0.01 | 0.05 0.02 0.02 0.01 | 0.04 0.02 0.01 0.02 0.01 0.01 0.01 0.01 | 0.02 2.28
NDVI 0.19 0.09 0.10 0.12 | 0.07 0.13 0.12 0.20 | 0.16 0.16 0.36 0.09 0.08 0.14 0.16 0.11 | 0.14 14.31
NDBI 0.10 0.09 0.09 0.10 | 0.04 0.09 0.02 0.03 | 0.04 0.03 0.02 0.02 0.01 0.02 0.01 0.03 | 0.05 4.61
SMI 0.01 0.05 0.06 0.04 | 0.04 0.01 0.01 0.01 | 0.02 0.02 0.01 0.02 0.01 0.01 0.01 0.05 | 0.02 2.40
Water
distance 0.15 0.10 0.05 0.10 | 0.07 0.06 0.04 0.06 | 0.06 0.05 0.02 0.02 0.01 0.09 0.12 0.09 | 0.07 6.89
Road
distance 0.02 0.05 0.08 0.14 | 0.09 0.09 0.02 0.12 | 0.12 0.16 0.07 0.19 0.12 0.09 0.12 0.11 | 0.10 10.01
Population 0.02 0.08 0.09 0.04 | 0.04 0.06 0.06 0.06 | 0.06 0.10 0.02 0.05 0.02 0.14 0.16 0.09 | 0.07 6.79
Population
density 0.02 0.06 0.08 0.01 | 0.04 0.08 0.06 0.09 | 0.08 0.16 0.02 0.09 0.04 0.02 0.01 0.08 | 0.06 5.90
Wind speed | 0.02 0.06 0.08 0.04 | 0.07 0.09 0.04 0.09 | 0.08 0.03 0.04 0.02 0.08 0.05 0.02 0.08 | 0.05 5.47
Relative
Humidity 0.02 0.06 0.06 0.06 | 0.05 0.11 0.03 0.12 | 0.10 0.02 0.02 0.01 0.12 0.09 0.04 0.06 | 0.06 6.23
Solar
radiation 0.01 0.03 0.04 0.01 | 0.03 0.04 0.02 0.01 | 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.02 | 0.02 1.60
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Appendix B: Land Use Land Cover Hypothesis Tesg
Table3:Hypothesis testing for land use LST

t-Test: OneSample Assuming Unequal
Variances
Land use LST P(T<=t) two-talil
Water 0
Urban 0
Suburban 0
Vegetation 0
Bare Soil 0
Fallow Land 0

Appendix C: LST and Soil Moisture Index Formula
0 0 0O 0 (eg.a)

wherel Spectral Radiance at the sensor's opening in watts/ (meter squared * steradian *

umpd 6 6 the quantised adjusted pixel value in BN,andd are described in table 3.5

Table4: Landsat 8 Constants

Parametel Landsat 8 Description values
= Radiance addand 10 0.10000
Radiance addhand 11
4 Radiance multband 10 0.0003342

Radiance multband 11

Y6

(eq.b)

Where"Yorepresents the satellite temperature in Kelbinis the spectral radiance, whitel

andKz2 are the calibrated constant as provided by the used Landsat data type (see table 3.6).
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Table5: Landsat 8 Calibration Constant

Calibrated constant for Landsat Band Constant
K1 Band 10 774.8853
Band 11 480.8883
K2 Band 10 1321.0789
Band 11 1201.1442
0YY—— ¢ x§v (eq. ©)
0 (eq. d)
- 1@t 0 6o Y @ (eq.e)
"o, (eq. f)

Where "Y&represents the brightness temperature in degree kehigithe wavelength of
emitted radiance/( p & for band 10); h is the plank's constant (6.626%18); c represents
the velocity of light (2.998x10m/s); , is the Boltzmann constant (1.38x¥0/K) and
calculated’ value is 1.438x18&mk.

YOO 0Y'Y 0°YHO Y'Y 07YY (eq. 9)

Where SMI is thesoil moisture index
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Appendix D: Spatlal Variation of Parameters Used for theBase Case Heat Risk Map
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Figure 1: Vertical Variable Spatial Distribution
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Figure 2:Horizontal Variable Spatial Distribution
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Figure 4:Climate Variable Spatial Distribution
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Figure 6:Modified Variable Spatial Distribution
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Appendix F: Heat Rlsk Map of all Three Cases for Glasgow
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Figure7:Case 1,2 & 3 Heat Risk May Glasgow
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