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ABSTRACT

Unplanned urbanization is an escalating issue in Pakistan, particularly in cities like Karachi,
Lahore, Faisalabad, and Rawalpindi. With the highest urbanization rate in South Asia, Pakistan is
projected to have 50% of its population in cities. This study focuses on the impact of increasing
urbanization on Land Surface Temperature (LST) and examines the effects of surface urban heat
island formation in Rawalpindi. Land use changes were analyzed through supervised image
classification of satellite imagery, and LST was calculated using machine learning and cloud-based
computing in Google Earth Engine. The results indicate that the built-up area in Rawalpindi
expanded from 74.5 km? in 2003 to 227.7 km? in 2023, reflecting a 206% increase over 20 years.
The LST trends show a significant rise, with the mean LST increasing from 34°C in 2003 to 39°C
in 2023. The correlation analysis between LST and spectral indices—NDVI (Normalized
Difference Vegetation Index) and NDBI (Normalized Difference Built-up Index)—revealed a
positive relationship between LST and NDBI, and a negative relationship between LST and NDVI.
This suggests that LST rises with increasing built-up areas and barren land while it decreases in
densely vegetated regions. Additionally, the Urban Thermal Field Variance Index (UTFVI) for
Rawalpindi showed that most built-up areas fall under the severe UTFVI effect category. Survey
results further indicate that residents perceive the severity of summer months to have worsened
over time, adversely affecting population health and resource availability. Heat-related illnesses,
including heat exhaustion, heat stroke, gastric issues, and dehydration, have become more common
with rising LST levels. This study provides critical insights into land use and land cover (LULC)
changes and UTFVI, offering valuable information for urban planners to understand the urban

climate better and implement effective mitigation strategies.
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CHAPTER 1

INTRODUCTION

1.1. Background Information

Climate change is a global phenomenon that largely impacts urban life and is also impacted by the
increasing number of urban areas globally. Cities are considered as a major contributor to climate
change as urban activities such as transportation, industrialization and land use changes are major
sources of greenhouse gas emissions. According to the IPCC (2022) report, urban areas are
estimated to be responsible for about 70% of the global greenhouse gas emissions. Today, more
than half of the world’s population lives in cities, and it is projected that by 2050, about 68% of
the global population will be living in urban areas. Urbanization is one of the major driving forces
behind land use land cover change and a great deal of urbanization is depicted as urban sprawl,
that is an extensive form of land use change with environmentally detrimental effects (Nuissl &
Siedentop, 2021). Urbanization is thus significantly linked to alterations in various landforms such
as bare land, vegetation, agricultural land and built-up areas, consequently impacting the land
surface temperature and leading to the formation of urban heat islands. The rapid expansion of
urban areas and changes in land use patterns can be linked to population growth and economic
activities that can further exacerbate the issue through unplanned and unmanaged urban
development (Bimenyimana et al., 2022). Urbanization can also create significant changes in the
atmospheric properties that can further alter the local weather and climate. The local effect is
primarily associated with the urban characteristics such as scarceness of vegetative cover,
abundance of paved surfaces, increased long wave radiation due to higher pollution at the top of

an urban area, and excessive use of energy required for the effective functioning of cities. These



urban characteristics significantly impact land, water, surface temperature, environment and
ecology. Urbanization largely affects the climatic conditions by decreasing precipitation,
evaporation rate and hydrology area and rise in the land surface temperature (Faisal et al., 2021).
Land surface temperature in densely populated cities tends to be elevated as compared to the
surrounding rural or sub-urban areas. Temperatures can also vary within the cities in relation to the
spatial distribution of soil, water, vegetation and impervious surfaces. Moreover, the natural
cooling effect from evapotranspiration and shading is minimized due to reduced vegetation in
urban areas. Air conditioning units, buildings, vehicles and industrial facilities also further add on
to the emitted heat into the urban environment. Surface urban heat islands represent the radiative
temperature difference between the natural and impervious surfaces. The formation of urban heat
islands can increase the risk of heat-related illnesses as increased urban heat island intensity can
contribute to heat cramps, exhaustion, dehydration, heat stroke, respiratory difficulties and
headaches. It can also impact other factors such as increased electricity demand, increased
emission of greenhouse gases and air pollutants, power outages, formation of ground-level ozone

and degraded water quality mainly due to thermal pollution (Singh et al., 2020).

1.2. Increasing Urbanization and LULC Change

Globally, more than 50% of the population is living in cities and it is projected that by 2050, more
than 70% of the global population would be living in cities. Pakistan is categorized among the
fastest urbanizing countries particularly in South Asia and is urbanizing at an annual rate of 3%
(Jabeen et al., 2017). Increase in population and migrations drive a majority of the country’s
urbanization owing to multiple factors such as escaping war or conflict, natural disasters, insecurity
and search of better services and livelihood. The population in the country has increased from 50

million in the 1960s to more than 230 million in 2022. Urbanization can be promising in terms of



boosting the economy, however, unplanned and mismanaged urbanization in Pakistan has given
rise to several problems and has resulted in the formation of urban slums. Some major issues
arising from unmanaged urbanization are transportation, health, housing, water and sanitation, land
management and land surface temperature in cities. Pakistan has a largely arid climate with
varying humidity, hot summers, and cold winters. There is a major temperature difference between
urban and rural areas of the country, with urban areas facing high heat indexes. The significant
urbanized cities in Pakistan are Karachi, Lahore, Faisalabad, Rawalpindi, Islamabad, Peshawar,

Sargodha and Mardan.

Urbanization is a major contributing factor behind the current climate crisis in Pakistan, resulting
in high temperatures and heat waves, which create significant changes in land surface and
atmospheric properties that can alter the local weather. The local heating effect is also associated
with scarce vegetation, paved surfaces, decreased albedo and increased longwave radiation due to
high pollution in urban areas (Moazzam et al., 2022). This also drives significant changes in land
use land cover (LULC) of a region due to the construction of new buildings and road infrastructure
and an increase in impervious surfaces. In the last three decades, green spaces have significantly
decreased in Rawalpindi due to an increase in urban area by approximately 37% and a population
that has increased significantly from less than 1.5 million in 2000 to more than 2.4 million in 2024
according to global metrics (ul Haq et al., 2021). The alteration of land surfaces with concrete and
asphalt materials reduces the available surface moisture and contributes to anthropogenic heat
generated by buildings, vehicles or machinery people use (Sajjad et al., 2020a). Changes to
landscapes can increase stress on biogeochemical processes, hydrological cycles and

environmental sustainability of natural resources. Multiple studies have utilized time series



satellite images to quantify land use land cover change and to make LULC classes trough

supervised or unsupervised classification techniques (Nath et al., 2021).

1.3. Rising Land Surface Temperature

Globally, a 1.5 °C difference is found between Land Surface Temperature LST and Sea Surface
Temperature SST as land surface temperatures continue to exceed sea surface temperatures, mainly
due to higher heat capacity of oceans as compared to nearby land. Urban expansion and growth
are significantly related to increased land surface temperatures due to building materials (Sandoval
et al., 2023). Urban expansion is characterized by replacement of topsoil and foliage by concrete
surfaces of roads, bridges, and residential, commercial or industrial buildings. This conversion of
natural surfaces to impervious landforms leads to changes in the biophysical climate leading to an
increase in the LST (Sajjad et al., 2020). Increased number of built-up areas can increase the land
surface temperature as surface temperature is higher in urban areas as compared to the vegetated
and water covered areas. Urban areas have higher heat absorption and retaining capacity than the
surrounding rural areas. The materials used in construction in urban areas such as asphalt and
concrete have a high thermal mass due to which they absorb large amounts of heat during the
daytime and slowly release heat at night due to their higher retention capacities, thus preventing
night time cooling effect. The composition and configuration of land use land cover strongly relate
to the landscape pattern and thermal characteristics associated with LST. In the urban areas, there
are various key determinants of variation in land surface temperature such as soil functions,
vegetation abundance and impervious surfaces (Jain et al., 2020). In urban areas, natural
landscapes are limited, and urban infrastructures are highly concentrated due to which, the
temperature in urban areas is significantly higher than the surroundings. Developing countries such

as Pakistan are facing significant environmental risks and climatic challenges due to the inability



to tackle rapid urbanization and population growth (Ameen & Mourshed, 2017). Particularly the
twin cities, Rawalpindi and Islamabad have faced rapid urbanization due to the movement of
people from rural areas and other underdeveloped cities. Such rapid urban expansion caused by
the massive population changes have resulted in substantial changes in land use and the local

ecology of the cities.

1.4. Urban Heat Island Formation

Urban Heat Islands UHI can be defined as those urbanized areas that experience higher
temperatures in contrast with the non-urban outlying areas. Urbanization is also an important
causative factor of climate change due to increased greenhouse gas emissions owing to vehicle use
and energy consumption. These increased greenhouse gases can act as a partial blanket in the
atmosphere that can store solar energy radiation, further leading to an increase in the surface
temperature. These changes in the land surface temperature due to the impervious surfaces and
heat retaining capacity of land and atmosphere give rise to the urban heat island formation (Yang
et al., 2016). Urban heat island formation depends on factors such as population density, nature of
urban landscape, meteorological conditions and anthropogenic activities. Heat islands are mainly
formed when vegetation is replaced by buildings, asphalt and concrete for roads and other urban
structures that are necessary to maintain growing populations. The urban heat island effect is
further worsened by improper urban planning and air pollution leading to high ground ozone
concentrations that prevent heat from rising into the atmosphere (Anbazu & Antwi, 2023). Due to
the intense urban heat island effect, urban hotspots can develop where residents have to experience
high heat stress, which consequently results in excessive energy use. Moreover, urban heat islands
can damage various sectors such as commerce, health, industries, infrastructure, agriculture and

education. This heat island effect becomes more noticeable and adverse after sunset as heat stored



throughout the day in land surfaces is released slowly over the night. Urban heat islands are closely
linked to the rise of heat related illnesses such as heat exhaustion, heat stroke and numerous vector
borne diseases in tropical cities that can even lead to fatalities (Abir et al., 2021). Pakistan is also
experiencing this urban heat island effect in majority of its metropolitan cities evident from the
high heat indexes that have resulted in a climate crisis in the country. According to the Global
Climate Risk Index, Pakistan is the fifth most susceptible country to climate change, with heat-
related risks accounting for the majority of this vulnerability (Asad et al., 2023). The extreme
weather in Pakistan begins from May and extends up to September where the major effect of urban
heat island is associated with heatwaves. Rapid urbanization and global warming impacts have
inflicted massive urban heat island effect in major cities such as Karachi and Lahore where
exposure to heat is highly associated with -related illnesses such as heat stroke and heat exhaustion,
particularly for elderly people and those working outdoors. Increased heat can also exacerbate

various underlying conditions such as diabetes, asthma and cardiovascular diseases.

1.5. Utilizing Remote Sensing and GIS for UHI Analysis

Remote Sensing (RS) and Geographic Information System (GIS) are computer-based technologies
for collecting, managing, manipulating, analyzing, modelling and presenting geographically
referenced data. With the advancements in RS and GIS technologies, and incorporation of machine
learning, spatial modelling approaches and cloud-based platforms such as Google Earth Engine
(GEE), the processes related to analyzing and mapping urbanization have become highly efficient.
Various RS and GIS approaches can extract data including land use, land cover, land surface
temperature, population density, and energy consumption, which can then be utilized to study
existing and future urbanization patterns. Remote sensing techniques can provide powerful tools

for analyzing spatio-temporal and spectral phenomena of changes in the land use land cover at



various local, national and international levels. Satellite imagery can be used to capture high
spatio-temporal resolution data for land use and land cover changes over a period of time. This
data can be further classified into multiple categories based upon the range of analysis. Satellite
imagery is also useful in detecting the LST by utilizing satellite thermal infrared data with high
spatial resolution and accuracy. LST is further used to evaluate the environment’s thermal
wellbeing through analyzing the urban heat island effect through changes in the rural and urban
temperatures. GIS techniques can then be used to create detailed maps for a thorough visual
analysis and further processing and interpretation of the data (Murayama et al., 2021). Plenty of
global research has been conducted on the impacts of urban heat islands on various geographic
distributions and resultant urban vulnerability and risks have been analyzed using remote sensing
techniques and quantitative measures. One such quantitative technique is the Urban Thermal Field
Variance Index (UTFVI), a widely used indicator, employed to quantify the urban heat island by
exploring the spatio-temporal heterogeneities in temperature. A high UTFVI can cause multiple
adverse impacts such as declining air quality, changes in local wind patterns and humidity, rising

mortality rates and worsening weather patterns (Kafy et al., 2020).

1.6. Relevance to National Needs

Unplanned and unmanaged urbanization and urban sprawl is a rising problem in various big cities
of Pakistan, particularly including Karachi, Lahore, Rawalpindi, Faisalabad, Peshawar and others.
This unmanaged urbanization is leading to the problems of economic burden in megacities, urban
slums formation, population influx and environmental degradation in terms of rising land surface
temperature. in Pakistan, the seasonal temperature rises are found to be higher than the global
average due to the country’s geographical location. The country has a huge housing deficit,

according to a UNDP report, and the numbers are considered to reach nearly 10 million units,



contributing to housing shortages and the growth of slums without any systematic urban planning.
This impacts natural resources and exerts pressure on nearby rural areas, thus contributing to major
changes in land use and land cover. Urban sprawl has led to an increase in the built-up area, leading
to land degradation, loss of vegetation and fertile agricultural lands, ecosystem degradation, and
increased flood susceptibility. Moreover, the rising land surface temperature is contributing to the
formation of urban heat islands, resulting in heat waves, climate change, higher pollution levels
and increased energy consumption. High urban temperatures have also contributed to human
health degradation in Pakistan's major cities. As Pakistan mostly has an arid to semi-arid climate,
it is highly threatened by the global climate change as it is predicted that by the end of this century,
temperatures will rise about 5-6°C. This rise in temperature is further accompanied by the growing
LST due to increasing urbanization. This has given rise to increasing problems of insufficient
medical facilities, formation of urban slums, heat related illnesses, and environmental degradation.
The study aims to analyze the impact of rising temperatures in the form of UHI formation and its
adverse impacts on the population, environment and resources along with suggesting appropriate

remediation strategies to manage urbanization.
1.7. Research Objectives
The objectives for this study are,
e To generate spatiotemporal (2003 to 2023) Land Use and Land Cover (LULC) and Land
Surface Temperature (LST) change maps.

e To correlate the relevant factors with LST and quantify the urban heat island effect through

the Urban Thermal Field Variance Index UTFVIL.



e To analyze the multivariate relationship between urban heat island effect and socio-
economic factors such as population health, energy consumption, and availability of

essential living resources through survey conduction.



CHAPTER 2

LITERATURE REVIEW

The increase in global population and rapid migration to urban areas has led to extensive
urbanization as 50% of the global population is now an urban resident. Urbanization leads to the
development of cities that can serve as a source for economic growth, pertaining to effective
management and systematic urban planning and development. However, urbanization affects the
natural habitats and increases resource consumption, contributing to enhanced greenhouse gas
emissions. This exerts pressure on the natural environment, leading to global warming and climate
change on the local, national and international levels. Urbanization is the major causative factor
behind changes in the land use land cover, mainly evident in terms of reduction in green spaces
and rise of concrete and impervious surfaces, further contributing to an increase in the LST and

resultant detrimental impacts on population health and environment (Slimani & Raham, 2023).

The major cities of Pakistan have expanded tremendously owing to the population growth, leading
to an increase in the urban population density. Dense urbanization is a major causative factor
behind rapid rise in the urban heat island effect. Several studies have been carried out on the
impacts of urbanization and land use change on the land surface temperature and the resultant
formation of urban heat islands. (Sajjad et al., 2020b) conducted a study on the impact of
urbanization on local temperature trends of twin cities, Rawalpindi and Islamabad. Landsat images
of four years, 1980, 1992, 2000 and 2013 were used and classified through supervised image
classification with probability surface method and maximum likelihood rule to conduct this study.
Moreover, changes in temperature trends were evaluated through time series data analysis using

regression for the period 1983 to 2013. The study's results indicated an increase in built-up areas

10



in both Rawalpindi and Islamabad along with increasing temperature trends particularly during the

spring season.

Ahmad et al., (2022) conducted a study on the LST dynamics and the impact on land cover in the
district of Peshawar, Khyber Pakhtunkhwa. This study utilized four Landsat images from 1990 to
2019 with a 10-year gap and utilized them for land cover mapping and retrieval of LST. The
supervised classification method was used to generate LULC, and the rainfall data and air
temperature for the selected years were obtained from Pakistan Meteorological Department PMD
for further analysis and validation. The results of land cover classification and analysis showed
that the built-up area had increased from 14.2% to 20.22% during 1990 to 2019 while the results
of the LST also show that the UHI effect that was previously concentrated mostly in the barren
land has expanded mainly in the areas with impervious surfaces and roads. A drastic increase in

the LST values with highly expanded UHIs was observed in the central region of the study area.

Farid et al., (2022) conducted a study monitoring the impact of rapid urbanization on the land
surface temperature and assessment of surface urban heat island in Lahore using Landsat. Land
use changes were observed through data acquisition from Landsat TM and OLI from 1990 to 2020
using the supervised classification method. The study concluded that urbanization impacted the
city's overall LST with increased built-up area. Moreover, the difference between rural and urban
buffer revealed that Surface Urban Heat Island (SUHI) was also increasing over the years. The
study also reveals that LST is inversely related to normalized difference vegetation index (NDVI)

as the decrease in vegetated area increases the land surface temperature.

Another study regarding the impact of land use land cover change on the distribution of land
surface temperature in Ho chi min city, Vietnam was conducted by Ha et al., (2021). Urbanization

plays a key role in the urban climate change and development of urban heat islands. The impacts
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of land cover change on the land surface temperature were assessed by applying GIS and remote
sensing data. Multitemporal Landsat data was acquired from the year 1998 to 2020. Landcover
maps were generated through classification using the object-oriented method. Land surface
temperature was calculated by the conversion of pixel values of the thermal band of Landsat to
spectral radiance. The overall study indicated an increase in the urban area with resultant high LST

ranging from 20.2°C to 31.2°C in 1998 to 22.1°C to 42.3°C in 2020 for Ho Chi Min city.

A study regarding the monitoring and analysis of urban heat island of Lahore particularly during
the winter season was conducted by Basit et al., (2019) in which the impact of temperature
variations and urbanization was studied. Digital weather stations were installed in the winter
season of 2015 at two sites, one urban and the other rural. Moreover, meteorological data were
collected on a diurnal basis for four days with an interval of 30 minutes to check the intensity of
temperature difference at both sites. The study results showed notable differences between the
temperature of urban and rural sites. Moreover, there is strong evidence in the study suggesting
that rapid urbanization, more energy consumption, lack of vegetation and more urban population

contributed to the high temperature and formation of urban heat islands.

Waseem & Athar, (2022) studied the variability of land surface temperature and population growth
in the Rawalpindi district from 1993 to 2018. Variability of LST due to the variation in vegetative
cover in the city was assessed through satellite data from Landsat thematic mapper in two tehsils,
Rawalpindi and Taxila. Retrieval of LST from Landsat thermal band was performed through the
semi-automatic classification plugin in QGIS software. A regional climate model PRECIS
(Providing Regional Climates for Impact Studies) was used to correct the bias of satellite-based
LST. The LST variability was analyzed using probability density functions for both tehsils. The

inter-relationship of LST and population magnitude was quantified through various statistical
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operations such as calculating the mean, skewness, kurtosis, standard deviation, displaying scatter
plots and performing ordinary least squares-based regression analysis. The study's results
suggested a strong correlation between the census data and LST. Moreover, a negative correlation
between LST and Green Vegetation Fraction (GVF) indicates a decrease in vegetation cover, which

contributes to an increase in LST.

Waleed & Sajjad, (2022) conducted a study to analyze spatio-temporal land use land cover patterns
and provide insights regarding LST rise in Punjab, Pakistan, using data from past three decades of
1990 to 2020. The study leveraged various spatial modeling techniques and cloud-based
computing to provide spatio-temporal insights regarding the LST variations in relation to changes
in land use land cover. The study utilized the random forest algorithm, cloud computational
capabilities of Google Earth Engine GEE and tier-1 data of Landsat missions, mainly Landsat 5
and Landsat 8 along with the relevant spectral indices such as Enhanced Vegetation Index EVI,
Normalized Difference Vegetation Index NDVI, Normalized Difference Water Index NDWI, Soil
Adjusted Vegetation Index SAVI etc. to evaluate the association between LULC and several LST
types. Heat charts for LST were also created for Punjab's top twenty cities based on population to
illustrate LST summary figures for various time periods, 1990, 2000, 2010, and 2020, respectively.
The produced maps in the study serve as a useful insight for city planners to formulate appropriate
cooling measures to reduce the UHI and strategies for promoting the stability of land resources in

the study area.

Arshad et al., (2020) assessed the vulnerability of urban growth in Karachi and modeled green
areas to enhance heat wave risk resilience. The GIS and RS techniques have been used to identify
the status of urban green spaces in the city and to estimate the suitability of forest scenario

projection models. The study utilized meteorology datasets to quantify the frequency of heat waves
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in the study area and the downscaling of temperature rise under the future scenarios. The results
revealed that the enhanced occurrences of heat waves had a strong connection with the extreme
weather events and climatic changes that were triggered by several factors such as
industrialization, emissions of carbon dioxide, urbanization, degradation of mangrove forests,
deforestation and land use changes. This study aims to promote smart sustainable city planning
among planners and citizens by offering an early evaluation and precise policy implications in

meteorological predictions for the establishment of early heat wave warning systems.

Jain et al., (2020) conducted a study on the intensity of urban heat island in Nagpur city in
Maharashtra and also analyzed the mitigation strategies that can be adopted in fast-growing urban
areas. The study employed time series Landsat data of Thematic Mapper TM and Enhanced
Thematic Mapper Plus ETM+ to analyze the LST and quantify the UHI effect for the study area
for the years 2000, 2005, 2010 and 2015. Various spectral indices such as NDVI, NDBal, and
NDBI were used to analyze the biophysical characteristics of the study area. In order to investigate
the sensitivity of temperature and greenness throughout the city region, seasonal LST and the
biophysical makeup of the city have been examined. In the summer and autumn/spring seasons,
there was a positive correlation between the city's per capita electricity use and the surface LST. A
relative brightness temperature method was utilized to investigate the type of UHI present
throughout the city. It was evident from the results that the temperature was particularly high in
the city core, and certain peripheral regions of the city also showed a higher temperature, mainly

due to the destruction of vegetation and developments taking place in the outer parts of the city.

Sameh et al., (2022) conducted a study investigating the impact of LULC class changes on LST
through automated mapping of urban heat island to identify the distribution of urban hotspots in

Mansoura city, Egypt. Using Landsat imagery from 1990 to 2021. Artificial neural network
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approaches, cellular automata and machine learning algorithms were used to predict the future
changes for LST and LULC for the year 2031. This study also utilized UTFVI to quantify the
influence of UHI in the study region. The results revealed that NDBI had a positive correlation
with LST while NDBI had a negative correlation with LST. The forecast results show that built up
area will grow by 20% by 2031, and vegetation will decrease by 18% with enhanced UTFVI

influence.

Numerous studies have analyzed the LULC changes through using various classification
techniques in GIS mapping and cloud-based computing platforms. UTFVI has widely been used
as an index to quantify the UHI effect as it provides a means to evaluate the intensity and spatial
distribution of heat islands within urban areas. UTFVI also allows users to identify the specific
hotspots within urban areas allowing localized temperature analysis for targeted mitigation
strategies (Kusumawardani & Hidayati, 2022). This study also utilizes the LULC and LST data
obtained from satellite imagery to quantify the UTFVI effect in Rawalpindi, along with analyzing
the impact of rising temperatures and urban heat island formation on the socio-economic factors
for the residents of Rawalpindi such as population health, availability of resources and energy

consumption through conducting a survey.
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CHAPTER 3

MATERIALS AND METHODS

3.1. Study Area

The Rawalpindi district is divided into 7 tehsils: Gujar Khan, Kahuta, Kotli Sattian, Kallar Syedan,
Taxilla, Murree and Rawalpindi. The study area is Rawalpindi Tehsil, an administrative
subdivision of district Rawalpindi, situated in the western part of Punjab province. Rawalpindi is
the most populous tehsil of the district with a population of 3.26 million according to the 2017
census that has been rising tremendously as compared to the previous figure of 1.9 million
according to the 1998 census. Geographically, Rawalpindi extends from 33.56 °N to 73.01 °E and
is about 508 meters above sea level. The city's population is predominantly urban, with the city of
Rawalpindi being a major urban center, with 64.4% of the population living in urban areas and
35.6% living in rural areas. Rawalpindi tehsil has a humid subtropical climate that is characterized
by mild winters, hot summers and a monsoon season. In summer, temperatures often exceed 30
°C and can cross 40°C on hotter days. June is typically considered to be the hottest month in the
area. Like many other expanding cities, Rawalpindi has faced challenges with urban sprawl. Urban
boundaries have expanded into previously undeveloped or agricultural landforms due to rapid
population growth and rural-to-urban migration. This expansion has resulted in increased pressure
on the provision of public services, housing and transportation. Increasing urbanization in
Rawalpindi has led to numerous environmental challenges such as depletion of green spaces, waste
management issues, air and water pollution and rising urban heat island intensity in the main city
region. Figure 1 shows the study area map illustrating the map of Pakistan, Punjab province and

the study region, Rawalpindi Tehsil.
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Figure 1. The study area map.
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3.2. Methodology Flowchart

The three objectives of the study are met through following certain steps. Satellite images of the
years 2003, 2008, 2013, 2018 and 2023 were obtained from the Earth Engine Data Catalog and
land use land cover was classified using the Random Forest classifier into four classes: water
bodies, built up, vegetation and bare land. The classification was performed by taking more than
300 training points for each class in the imageries to obtain accurate results. Detailed accuracy
assessments were performed in ArcMap through comparing the classified images with the ground
truth data from Google Earth Pro. Spectral indices for vegetation and built up including NDVI and
NDBI were also obtained from the satellite images using respective bands such as NIR and red
bands for NDVI and SWIR and NIR bands for NDBI. Time series LST maps were obtained from
Google Earth Engine through calculating various factors such as spectral radiance, proportion of
vegetation, emissivity and brightness temperature. LST maps were then correlated with the indices
and LST data was also utilized to map the UTFVI for study region in the respective years. A survey
was also conducted to analyze the impacts of rising temperature and urban heat island effect in
Rawalpindi and their adverse impacts on population health and other socio-economic factors.

Figure 2 shows the individual steps followed to achieve the three objectives of the study.
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Figure 2. The methodology flowchart.
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3.3. Datasets used

Landsat Collection 2 satellite imagery with 30-meter resolution was obtained from Earth Engine
Data Catalog. Collection 2 is recognized as the Landsat archive's second major reprocessing effort,
containing significant product improvements as well as advances in data processing and algorithm
design. Collection 2 includes Landsat level 1 data for all sensors since 1972, as well as level 2
surface temperature and surface reflectance products for data obtained since 1982 (U.S. Geological
Survey, 2021). Collection 2 products have more geometric accuracy, and improved processing and
radiometric calibration as opposed to the previous products. This study utilized tier 1, collection
2, level 2 data of Landsat 8 OLI/TIRS, Landsat 7 ETM+ and Landsat 5 TM for the years 2003 to

2023, each image taken with a 5-year gap. Table 1 shows the datasets used for the study.

Table 1. Data sets Used

Type of dataset used Year Resolution Source

Landsat 7 2003 30m Earth Engine Data Catalog
Landsat 5 TM 2008 30m Earth Engine Data Catalog
Landsat 8 OLI/TIRS 2013 30m Earth Engine Data Catalog
Landsat 8 OLI/TIRS 2018 30m Earth Engine Data Catalog
Landsat 8 OLI/TIRS 2023 30m Earth Engine Data Catalog
Results from survey - - Online survey conduction
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3.4. Software Used

The GIS software used for this study was ArcMap 10.8, a mapping application developed by ESRI
as part of its suite of geospatial processing programs. The software was used primarily for map
creation and visualization, editing and managing spatial data, and performing various analyses and

calculations to understand spatial patterns and relationships.

The study mainly utilized Google Earth Engine GEE, a cloud computing platform allowing users
to run a wide range of geospatial analysis on Google’s infrastructure. The platform simplifies
geospatial analysis by providing users with several ways to interact with the platform and access
a vast library of geospatial datasets for large scale spatial data processing. The online code editor
in GEE is a web-based Integrated Development Environment IDE that allows writing and running
JavaScript based codes that can be easily customized for multiple geospatial analysis through using
various tools and client libraries. The wide range of pre-built algorithms and ready-to-use functions
simplifies geospatial tasks such as image classification and developing and implementing
geospatial models (Gorelick et al., 2017). The LULC classification and retrieval of spectral indices,
LST and UTFVI were performed in GEE, while detailed accuracy assessment of land cover

classifications and map formation and analysis was performed in ArcMap 10.8.

Google Earth Pro was used to obtain ground truth data of classes in the classified images to perform
accuracy assessment. The correlation analysis between LST and spectral indices was performed
by exporting relevant ArcMap data into Microsoft Excel for further evaluation. The questionnaire
for the survey was generated using Google Forms that allowed analysis of results through pie and

bar charts.
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3.5. Land Use Land Cover Mapping

The supervised classification process was used in GEE to classify the satellite images for the study
area into four main classes, namely water bodies, built-up, bare land, and vegetation. The first step
was extracting the Area of Interest AOI and utilizing Landsat imagery from the image collections
of Landsat 8 for the years 2023, 2018 and 2013, Landsat 5 for 2008 and Landsat 7 for 2003
respectively. A filter date was applied to retrieve images mainly of the summer months from March
to July with less than 2% cloud cover for each year. A single composite image from the image
collection was obtained through applying the .median() function. Approximately 300 to 600
sampling points were taken for each class using a stratified sampling approach and fed into the

classifier.

Random Forest RF Classifier was used for this purpose, a popular Machine Learning ML
algorithm that can be used for classification and regression analysis. RF is an ensemble method
that builds on multiple decision trees to form a model and outputs the majority vote of individual

trees. Figure 3 explains the working of a random forest classifier.

The sampling points were later split into a 70/30 ratio where 70% of the training samples were fed
to the classifier in order to perform supervised machine learning-based classification. The
remaining 30% of the samples were later used to validate and assess the accuracy of the
classification. The classifier's optimal number of decision trees was set to 100 for maximum
accuracy. The classified images were then exported to google drive from where they were

downloaded and displayed in ArcMap.
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Figure 3. Random forest classifier.
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3.6. Accuracy Assessment

A detailed accuracy assessment of the classified images was performed in ArcMap using two
geoprocessing tools: creating accuracy assessment points and computing confusion matrix. A total
of 200 points were taken using the stratified random sampling method where each class had
number of points proportional to its relative area. The shapefile was then converted to KML file
and exported to Google Earth Pro to obtain the ground truth data. The attribute table was updated
through evaluating each point against the ground imagery to obtain ground truth data. The
confusion matrix tables were then generated showing each classified image's user accuracy,
producer accuracy and kappa coefficients. Overall accuracy is typically expressed as a percentage,
with 100% accuracy indicating a perfect classification in which all reference sites were correctly
identified. The term "Producer's Accuracy" refers to the map's accuracy as perceived by the map
maker/producer. This shows how often real features on the ground are shown correctly on the
classified map. The correctness of the map as seen by the user determines the likelihood that a
class shown on the map will actually be present on the ground. This is known as user accuracy. An
overall more than 70% accuracy is considered valid for a reliable classification. The Kappa
Coefticient also evaluates the accuracy of a classification ranging from -1 to +1 with values close

to +1 showing a reliable classification accuracy.
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3.7. Retrieving Land Surface Temperature

Land surface temperature was calculated through using individual satellite images for each year.
The date range was kept between march to august, essentially in the summer months and the
average of each image was taken through the .median() function. Figure 4 shows a snippet of the

code used for obtaining LST in GEE.

LST2023final GetLink ~ Run  ~ [ Reset ~ [ apps [N || BILEEEETA Console
23 var qa = col.select('QA_PIXEL"); N s
- se print(...) to
24 // Both flags should be set to zero, indicating clear conditions. writepto thié COH)SOIG
25 var mask = ga.bitwiseAnd(cloudShadowBitMask).eq(@) g
26 .and(qga.bitwiseAnd(cloudsBitMask).eq(9));
;; ;eturn col.updateMask(mask); Mean LST in A.. 3son
29 41.56994509313772
30 var image = ee.ImageCollection("LANDSAT/LCO8/C02/T1_L2")
31 .filterDate('2023-03-01', '2023-08-31") .
32 .filterBounds(studyArea) STD LST 1n AOT 350
33 .map(applyScaleFactors) 2.60947149592176644
34 .map(maskL8sr)
35 .median();
36 //dataset = dataset.man{annlvScaleFactors): 24
; \ 3
| S| Kahita '\1 Layers ' Map Satellite
FatehJang s S S5
Sz a9 'd ! \
. n ) raa
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! 1 Thakiala
s e %)
“= Kallar Syedan < |
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\ L
\ 1 557
Gujar Khan \ Chakewari o

Figure 4. Code script for LST retrieval.

LST was calculated using the thermal bands ST B6 for Landsat 5 and Landsat 7 and ST B10 for
Landsat 8 imageries.
3.7.1. Converting Digital Number (DN) values to Spectral Radiance

The thermal bands were used to convert digital number DN values to spectral radiance LA through

using equation 1.

Lmax—Lmin
LA= -
QCALmax—QCALmin

* (QCAL - QCALmin) + Lmin ....cccovvveneennnee. . Eq 1

Where Lmax = maximum spectral radiance

25



Lmin = minimum spectral radiance

QCALmax = maximum digital number value (255)
QCAL min = minimum digital number value (1)
QCAL = digital number value of Band 6

3.7.2. Conversion to Top of Atmosphere (TOA) Radiance

The top of atmosphere radiance was calculated through using equation 2, (Waleed & Sajjad,

2022)

LA =ML X QCAL +AL....cuvvteieureieeinreeeeinreeeesneeesnnnees Eq2

Where LA = TOA spectral radiance

ML = Band specific multiplicative rescaling factor

QCAL = digital number values of thermal band

AL= additive rescaling factor for the specific band

ML and AL values are retrieved from the MTL file of the imagery.

3.7.3. Conversion of Spectral Radiance LA to Brightness Temperature Ts
Equation 3 is used to convert spectral radiance to brightness temperature.

K2
B=—F%1
ln(ﬁ +1)

Where Tg = brightness temperature in kelvin

K2 & K1 = band specific constant values
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(For Landsat 5: K2=1260.56 and K1 = 607.76
For Landsat 7: K2 = 1282.71 and K1 = 666.09
For Landsat 8: K2 = 1321.0789 and K1 = 774.8853)

3.7.4. Calculating Spectral Emissivity

Spectral Emissivity is a crucial parameter in LST calculations and is the ratio of thermal radiation
emitted by a surface at a specific wavelength to the thermal radiation emitted by a black body at
the same wavelength and temperature. It requires calculation of PV (proportion of vegetation) that

is calculated as shown in equation 4, (Mejbel Salih et al., 2018)

NDVI-NDVImin
Pv=¢ O Eq4
NDVImax—NDVImi

The Proportion of Vegetation is then used to calculate emissivity through the equation 5.

£=0.004PV + 0.986.......0cocuvernnenn. Eq5

3.7.5. Calculating Land Surface Temperature

The land surface temperature is calculated from the brightness temperature and emissivity using

the equation 6,

_ Th
LST= 1+(AX% )*lns

Where LST = surface temperature in Celsius
Tb = brightness temperature

A = wavelength of emitted radiance
p=1438 x10—2 mK
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€ = emissivity

3.8. Derivation of Spectral Indices

The spectral indices NDVI and NDBI were calculated using satellite imagery. NDVI is used to
quantify vegetation greenness and is a useful tool to assess changes in plant health and understand
vegetation density. NDVI is calculated as a ratio between the red and near infrared (NIR) bands of

Landsat shown in equation 7.

NIR —RED

NIRSRED ottt Eq 7
For Landsat 4 — 7
Band 4 —Band 3
BanddiBand 3" c e Eq 8
For Landsat 8-9
Band5 —Bandt Eq9

Band 5+Band 4

NDVI range: -1 to +1

Low NDVI values (usually below 0.1): barren land, sand or snow

Moderate NDVI values (usually between 0.2 to 0.5): sparse vegetation, grasslands

High NDVI values (usually between 0.6 to 0.9): dense vegetation, crops at peak growth stage

NDBI uses Near Infrared (NIR) and Short Wave Infrared (SWIR) bands to emphasize the built up

areas (Jothimani et al., 2021).

SWIR —NIR
SWIR+NIR
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For Landsat 4 — 7

Band 5 —Band 4
Band 5+Band 4

For Landsat 8-9

Band 6 —Band 5
Band 6+Band 5

NDBI range: -1 to +1

Low NDBI values (usually below 0.1): non urban areas

High NDBI values (usually between 0.6 to 0.9): urban areas

3.9. Correlating Indices with LST

A random points tool was used to create specific random point features to evaluate the relationship
between LST and spectral indices NDVI and NDBI. About 500 random points were generated and
the multi values tool was used in ArcMap to extract the values of LST, NDVI and NDBI for 2003,
2008, 2013, 2018 and 2023. The correlation analysis was performed in Microsoft Excel and
scatterplots were generated to visualize the relationship between LST and NDVI and LST and

NDBI respectively.

3.10. UHI Analysis through Calculating UTFVI

In this study, urban heat island effect has been quantified using the Urban Thermal Field Variance
Index, among the most widely used thermal comfort indices measuring the thermal variance within
an urban area. UTFVI maps can also assist in identifying the hot spots within a city with high-
temperature values compared to the surrounding areas. The UTFVI was also obtained from GEE

through using the following formula,
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UTFVI= "2 e, Eq 13

Where Ts = calculated LST

Tm = mean LST value

The UTFVI values are mainly computed for the summer season using the LST images generated
for the years 2003, 2008, 2013, 2018 and 2023. The UTFVI values were further categorized into
six classes, signifying the intensity of the urban heat island effect according to the categories

shown in table 2 (Waleed et al., 2023).

Table 2. The UTFVI reference values.

UTFVI threshold values UHI intensity

<0.005 Least significant heat island effect
0.005 - 0.015 Weak urban heat island effect
0.015 - 0.025 Moderate urban heat island effect
0.025 - 0.035 Strong urban heat island effect
UTFVI > 0.035 Very strong urban heat island effect

Low UTFVI values often occur in areas with vegetation or less built up while high UTFVI
values are consistent with the areas having a strong UHI effect such as intensely developed built
up areas or bare land.

3.11. Survey Conduction

An online survey was conducted through Google Forms to assess the impacts of land use land

cover changes and increase in land surface temperature and urban heat island formation on the
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socio-economic factors in Rawalpindi. The survey was conducted through a brief questionnaire,
and it was ensured that no personally identifiable information was collected from the participants.
The questionnaire included 11 main questions apart from the general questions of age, gender,
education level and employment level. The questions were framed to assess the general perception
about the temperature changes in Rawalpindi, the perceived causes of rising temperature and the
intensity of heat during the summer months. The next few questions were developed to assess the
population health in relevance to heat related illnesses. The questionnaire also assessed factors
regarding resource and energy consumption such as hike in electricity prices, along with
experiencing power outages and water shortages. Lastly the participants were asked for comments
and suggestions regarding mitigating the impacts of rising temperature in the city and some of

those recommendations are added in the mitigation strategies after careful evaluation.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1. Land Use Land Cover

Land use land cover was obtained using satellite images from 2003, 2008, 2013, 2018, and 2023,
which were classified in Google Earth Engine through the Random Forest Classifier. Four classes,
including waterbodies, built up, bare land and vegetation were made and approximately 300 to 600
training points were taken for each class using a stratified sampling approach. The points were fed
into the classifier to perform machine learning based supervised classification. The images were
then exported to Google Drive and downloaded to display the results and formulate maps in
ArcMap. Figure 5 shows the combined images of the training points selected for classification in
GEE. Figures 6-10 show the individual classifications for the years 2003, 2008, 2013, 2018 and
2023. The accuracy assessments for the classified images were performed using ArcMap and
Google Earth Pro as ground truth data for the accuracy points, which were obtained from Google
Earth imagery for the particular year. The overall accuracies are 83.5%, 77.9%, 80%, 80% and
85.4% for the years 2003, 2008, 2013, 2018, and 2023 respectively. Kappa coefficients are 0.72,
0.68, 0.73, 0.70, and 0.79 for the years 2003, 2008, 2013, 2018 and 2023 respectively. Kappa
statistics of less than 0.2 signify poor agreement, 0.2 to 0.4 signify fair agreement, 0.4 to 0.6 signify
moderate agreement while 0.6 to 0.8 represent substantial agreement (Bernet et al., 2019). The
kappa values for classifications in this study are between 0.6 to 0.8, that signify a substantial
agreement and reliable classification values. It is observed from the results that an increasing trend
is seen particularly in the built-up class. The tables 3-7 show detailed confusion matrices for the

classification accuracies of respective years.
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Figure 5. Training points for supervised classification.
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Figure 6. The study area land use/ land cover classification for the year 2003
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Figure 7. The study area land use/ land cover classification for the year 2008

34



Legend

- Water_bodies

I suit_up

CI Bare_land

- Vegetation 9 205 10 15 20 .

Figure 8. The study area land use/ land cover classification for the year 2013
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Figure 9. The study area land use/land cover classification for the year 2018
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Figure 10. The study area land use/ land cover classification for the year 2023
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Table 3. Overall accuracy assessment of classified image (2003).

Classes Water Built | Bare Vegetation | Total | User Kappa
bodies up land accuracy

Water bodies 7 0 3 0 10 0.7

Built up 0 6 4 0 10 0.6

Bare land 0 0 36 0 36 1

Vegetation 0 0 4 7 11 0.64

Total 7 6 47 7 67 0

Producer 1 1 0.77 1 0 0.835

accuracy

Kappa 0.72

Overall 83.5%

accuracy

Table 4. Overall accuracy assessment of classified image (2008).

Classes Water Built | Bare Vegetation | Total | User Kappa
bodies up land accuracy

Water bodies 7 0 3 0 10 0.7

Built up 0 8 2 0 10 0.8

Bare land 1 1 24 5 31 0.77

Vegetation 0 0 3 14 17 0.82

Total 8 9 32 19 68 0

Producer 0.88 0.89 0.75 0.74 0 0.779

accuracy

Kappa 0.68

Overall 77.9%

accuracy
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Table 5. Overall accuracy assessment of classified image (2013).

Classes Water Built | Bare Vegetation | Total | User Kappa
bodies up land accuracy

Water bodies 10 0 0 0 10 1

Built up 0 10 0 0 10 1

Bare land 0 1 9 0 10 0.9

Vegetation 0 0 7 3 10 0.3

Total 10 11 16 3 40 0

Producer 1 0.91 0.56 1 0 0.8

accuracy

Kappa 0.73

Overall 80%

accuracy

Table 6. Overall accuracy assessment of classified image (2018).

Classes Water Built | Bare Vegetation | Total | User Kappa
bodies up land accuracy

Water bodies 6 0 3 1 10 0.6

Built up 0 9 1 0 10 0.9

Bare land 0 2 26 3 31 0.84

Vegetation 0 1 2 11 14 0.78

Total 6 12 32 15 65 0

Producer 1 0.75 0.81 0.73 0 0.8

accuracy

Kappa 0.70

Overall 80%

Accuracy
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Table 7. Overall accuracy assessment of classified image (2023).

Classes Water Built | Bare Vegetation | Total | User Kappa
bodies up land accuracy

Water bodies 6 0 2 2 10 0.6

Built up 0 10 0 0 10 1

Bare land 0 1 22 1 24 0.92

Vegetation 0 0 3 15 18 0.83

Total 6 11 27 18 62 0

Producer 1 0.91 0.81 0.83 0 0.854

accuracy

Kappa 0.79

Overall 85.4%

Accuracy
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4.1.1 Land Use Land Cover Change Detection

The classified images reveal that significant urban expansion has occurred in Rawalpindi over a
time span of 20 years from 2003 to 2023. With urban sprawl and development of new societies,
the built-up area has increased significantly and has become denser with increased population. The
built-up area increased from 74.5 Km?in 2003 to 227.7 Km? in 2023 with an overall increase of
206% in area. This tremendous urban expansion and huge human influx can be attributed to a high
growth and migration rate as people from rural areas and underdeveloped cities migrate to
developed cities such as Rawalpindi and Islamabad in search of education, jobs, business purposes
and other opportunities and resources. Due to this rising urban expansion, and consequent rise of

impervious surfaces, the temperature in the city is rising by the day. Table 8 shows the change in

land use land cover classes over the years while the overall change is illustrated in figure 11.

Table 8. LULC change (Km?)

Year Built-up Vegetation Water Bare land
2003 74.5 362.92 14.25 1191.57
2008 79.04 544.32 9.02 1010.85
2013 115.64 622.57 15.13 885.35
2018 135.01 456.66 13.13 1038.43
2023 227.71 590.38 16.97 808.19
Change from 2003 to 153.2 227.08 2 -383.38

2023
(Km?)
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Figure 11. The study area built-up increase 2003 to 2023

4.2. Land Surface Temperature Retrieval

The Land surface temperature was calculated in Google Earth Engine and the LST images obtained
are consistent with the built-up area values obtained from the classified images. The mean LST
temperatures have been obtained for the built-up area values particularly for each year through
obtaining zonal statistics adding LST and classified images as inputs. The results generated
minimum, maximum and mean LST values and area values for each class: water bodies, built up,
bare land, and vegetation. The results in table 9 show that the mean LST values are 34 °C, 33°C,
35°C, 37°C and 39°C for the years 2003, 2008, 2013, 2018 and 2023 respectively. The mean LST
values have been increasing throughout the years and this increase is mainly attributed to the rapid
urban expansion and increase in built up areas. Temperature is seen to be the highest in 2023 when
the built-up area reached 227.7 square kilometers, minimum LST is found to be 29 °C, while
maximum LST is found to be 44°C in the built-up area. The study mainly focused on the
relationship between LST and built-up expansion due to which the temporal change in LST has

mainly been analyzed along with increase in built up areas and the other classes namely water
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bodies and bare land have been excluded. The LST and built-up area have increased parallel to
each other from 2003 to 2023 that is mainly due to the high heat absorption capacity of impervious
surfaces, and the emitted radiation is then trapped in the atmosphere due to the enhanced
greenhouse effect, thus increasing both land and air temperatures in urban areas. Figure 12-16

illustrate the land surface temperature maps for the respective study years.

4.3. Correlation of Spectral Indices with LST

The spectral indices maps were also obtained from Google Earth Engine through using the NIR
and Red bands for NDVI and NIR and SWIR bands for NDBI. About 500 random points were
generated and ‘extract multi values tool” was used in ArcMap to extract the values of LST, NDVI
and NDBI for the years 2003, 2008, 2013, 2018 and 2023. NDVI and LST are negatively correlated
with each other as the areas with high greenness and vegetation have low LST and vice versa,
while NDBI and LST are positively correlated with each other as the areas with high built-up
density experienced higher land surface temperatures as compared to areas with lower built-up
density. Table 10 shows a negative correlation between NDVI and LST while Table 11 shows a

positive correlation between NDBI and LST.
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Figure 12. The study area land surface temperature of 2003
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Figure 14. The study area land surface temperature of 2013
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Figure 16. The study area land surface temperature of 2023
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Table 9. Temporal change in LST and built-up.

Year Built up area Min LST Max LST Mean LST (°C)
(km?) O (°C)

Table 10. Correlation of NDVI with LST

NDVI2003 | NDVI2008 | NDVI2013 | NDVI2018 | NDVI2023
[LST2003 -039j
ILST2008 -0.25 -0.86:
ILST2013 -0.182 -0.178| -0.759|
ILST2018 -0.175| -0.477| -0.029 -0.421
ILST2023 -0.153| -0.514| -0.081 -0.446
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Table 11. Correlation of NDBI with LST.

NDEBEI2003 NDBI2008 NDBI2013 NDEI2018 NDBI2023
LST2003 0.139082
LST2008 0.11014 039119
LST2013 0.052631 0.02343 0.217966|
LST2018 0.03288 0.01814 0.05608 0366678
LST2023 0.034889 0.019698 0.091957 0.00727 0.37913

49




4.4. Urban Thermal Field Variance Index

Figure 17 shows the Urban Thermal Field Variance Index maps that are categorized according to
the threshold values showing the strength of UTFVI. The UTFVI intensity is seen high in barren
land as bare soil absorbs more heat, however, the UTFVI intensity of concern is in the built-up
areas where due to urban expansion, the UHI effect has become stronger over the years from 2003
to 2023. Areas showing low UTFVI strength in 2003 have been converted to those with strong and
severe UTFVI effect in 2023. This increase in UTFVI is associated with higher Land Surface
Temperatures (LST) in many regions of the city, owing to the expansion of built-up areas, reduced
vegetation cover, and the presence of heat-absorbing materials such as concrete and asphalt. The
high UTFVI values emphasize the severity of thermal variance, with certain areas experiencing
significantly greater temperatures than their surroundings. These raised LST levels increase energy
consumption, cooling expenses, and health hazards, especially during heatwaves. The maps depict
that in a time span of 20 years, majority of the built-up area in the main Rawalpindi city has been
converted to strong/severe UTFVI zone that experience a high urban heat island effect. The
majority of the built-up areas in Rawalpindi lack significant green spaces and are densely
populated with heavy traffic and some experiencing high commercial and industrial activities.
Densely populated areas such as Raja Bazar, Saddar, Waris Khan, Gawal Mandi, Pir Wadhai,
Satellite town and other industrialized areas experience high UHI effect as compared to their

surrounding areas with less urban cover.
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Figure 17. The study area UTFVI maps for years 2003, 2008, 2013, 2018, and 2023
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4.5. Results from Survey Conduction

A brief survey was conducted through google forms to analyze the impact of rise in temperature
and urban heat island formation in built up areas of Rawalpindi. The survey results indicated that
the temperature levels in the study area have risen as about 77% of respondents believed that the
temperature in Rawalpindi has become significantly warmer in the past 10 to 15 years. Moreover,
about 44% of the respondents believed that the temperature of Rawalpindi city was significantly
warmer than that of the surrounding areas, such as Islamabad, as a major temperature change is

witnessed between the twin cities.

The figures 18-22 present some of the questions asked for the survey and their relevant responses

from the participants.

On a scale of 1 to 5, how would you rate the severity of heat during summer months in
your area?

@ 1 (very low)
@ 2 (low)

@ 3 (moderate)
@ 4 (high)

@ 5 (very high)

Figure 18. Survey question 1 response
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Select the type of iliness or heat related health impacts that you have experienced
in the recent years?

@ Heat stroke

@ Dehydration

@ Heat exhaustion
@ Gastricillness
@ Headaches

Figure 19. Survey question 2 response

On average, how much does your electricity bill increase during the summer months?

@ slight increase (up to 20%)

@ moderate increase (20 to 50%)

@ high increase (50 to 100%)

@ very high increase (more than 100%)

Figure 20. Survey question 3 response
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Do you experience power outages more frequently during summer?

Figure 21. Survey question 4 response

How often do you experience water shortages during the summer?

@ Always
@ Oiten
@ Occasionally

@ Rarely
@ Never

Figure 22. Survey question 5 response
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Major findings:

e About 53% of the respondents believe that the severity of heat during the summer months
is very high in their area.

e Heat exhaustion, dehydration and headaches are the major heat-related health impacts
being experienced by respondents.

e About 53% of respondents experience more than 50% surge in their electricity bills during
peak summer months.

e About 71% of respondents experience frequent power outages during the summers.

e About 29% of respondents often experience water shortages during the summers in the

study region.

4.6. Relevance with Sustainable Development Goals

The study aligns with the goal 11 of the 17 sustainable development goals SDGs adopted by all
United Nations members with the aim to transform the world and end major problems such as
climate change, poverty, world hunger, gender equality, health and wellbeing, and responsible
consumption and production. Goal 11 of the SDGs particularly deals with sustainable cities and
communities and making cities and human settlements inclusive, safe, resilient, and sustainable.
Pakistan faces major challenges in making its cities and communities sustainable as a large
proportion of urban population in major cities like Rawalpindi lives in slums with poor living
conditions. Urban sprawl in Rawalpindi has led to slum formation, congestion, and environmental
degradation. High UTFVI in the city's major built-up areas highlights the need for better
infrastructure management and urban planning to reduce heat stress and ensure sustainable
urbanization. There is a need for adequate urban planning to accommodate the expanding

population and promote a healthy living environment for all citizens.
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CHAPTER 5

CONCLUSION AND RECOMMENDATIONS

The study was conducted to assess the impact of urbanization on land surface temperature and the
consequent effects on the intensity of urban heat islands in Rawalpindi. The study's results suggest
that the built-up area increased from 74.5 square kilometers in 2003 to 227.7 square kilometers in
2023 with an increase of 206% over a time span of 20 years. The findings from the temporal change
in land surface temperature particularly relevant to the built-up area indicate that the mean LST in
2003 was 34 °C that has significantly increased to 39 °C in 2023. With the increase in built-up
area, the UTFVI response has increased and has become more severe, as indicated in the UTFVI
maps. The majority of built-up area has transitioned from low to stronger UTFVI zone as it falls
in the UTFVI range of 0.05 to 0.22 which indicates a strong heat island effect. The results of the
survey suggest that the rising land surface temperature and resultant urban heat island effect is
causing drastic impacts on the socio-economic factors such as population health and resource and

energy consumption.

The following recommendations are suggested for reducing the current and potential heat island

effect in the study region.

e Encourage the installation of green roofs, cool roof coatings and vertical gardens on
buildings as they can lower the roof surface temperature, decreasing the amount of heat
transferred into a residential or commercial building particularly in densely built areas such
as Saddar, Raja Bazaar and Satellite Town.

e Encourage the construction of energy-efficient buildings with proper insulation, natural

ventilation, and reflective glass in the societies being currently developed.
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Plant trees along streets where possible and install shade structures over sidewalks and
public spaces.
Encourage rainwater harvesting to reduce surface runoff and utilize it to irrigate urban

green spaces.

Creating small pocket parks or green spaces in vacant lots and converting underused paved

areas into green spaces.

Increasing use of renewable energy resources and upgrading to energy-efficient HVAC

systems.
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