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ﬁ major environmental challenge faced by Pakistan with the rapid expansion of urban

3

areas, leading to a reduction in vegetation. This shift directly influences Land Surface

Temperature (LST), causing substantial changes in the urban climate. This paper
explores the relationship between changing land use, land cover (LULC), and rising
temperatures in Islamabad, focusing on LULC, LST, and Normalized Difference Vegetation
Index (NDVI) as key parameters. Unlike previous research, this study emphasizes the crucial
role of vegetation in mitigating the impact of rising temperatures, compared to the effects of
built-up areas. The study spans four years, from 2019 to 2022, utilizing LULC maps obtained
from the ESRI Sentinel 2 Land Use Land Cover Explorer. LST maps were derived from the
Level 2 Sentinel 2B Sea and Land Surface Temperature Radiometer (SLSTR) sensor LST
product, while NDVI was calculated using Sentinel 2B bands 4 and 8. The results indicate a 7%
decrease in vegetation area and an 8% increase in built-up areas over the study period. NDVI
maps show a dramatic decline in dense vegetation, from 6.01% in 2019 to just 0.17% in 2022.
The study further reveals that built-up areas consistently exhibit higher LST throughout the
studied years, with temperatures ranging from 18.09 °C in 2019 to 13.62 °C in 2022. In contrast,
water and vegetation areas display the lowest LST, recorded at 13.4 °C and 13.5 °C, respectively.
This inverse relationship between LST and vegetation is validated by Pearson’s Correlation
Coefficient, which shows a negative correlation of -0.41 between LST and NDVI, indicating
that as vegetation decreases, LST increases. The paper concludes that the increase in built-up
areas and rangeland, coupled with the decrease in vegetation and bare ground, is directly
influencing LST and altering the climate of Islamabad. To mitigate these effects, the study
advocates for the adoption of sustainable urban management plans that incorporate green
alternatives to reduce the environmental impact of urban expansion.
Keywords: Land use Land Cover (LULC); Land Surface Temperature (LST); Normalized
Difference Vegetative Index (NDVI); Pearson’s Correlation Coefficient; GIS and Remote

Sensing.
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Introduction:

Earth, the only known habitable planet in the universe, is enveloped by a protective
shield of gases that shield it from harmful radiation and regulate global temperatures [1].
However, Earth's well-being is currently under threat due to a combination of natural
phenomena, such as changes in atmospheric composition, alterations in land and sea geography,
shifts in topography and bathymetry, and human activities like the concentration of greenhouse
gases, modifications in ozone levels, the proliferation of aerosols, and transformations in land
surfaces. These factors collectively contribute to the accelerated warming of our planet [2].
Anthropogenic activities, in particular, have played a substantial role in altering Earth's climate.
The burning of fossil fuels, such as gas, oil, and coal, releases carbon dioxide (CO2) and other
greenhouse gases into the atmosphere. These gases trap heat from the sun, leading to a rise in
temperature and global warming. Deforestation, which involves the clearing of trees for various
purposes, further exacerbates global warming. Trees play a vital role in absorbing carbon dioxide
during photosynthesis and releasing oxygen into the atmosphere. However, deforestation
reduces the number of trees available to perform this essential function, thereby decreasing the
capacity to absorb carbon dioxide [3].

The escalating growth of the human population has emerged as a significant challenge
in developing nations, leading to the pressing issue of unplanned urbanization [4]. This
phenomenon, coupled with changes in LLand Use Land Cover (LULC), stands as one of the most
influential catalysts of global transformation, particularly within urban regions [5]. As
urbanization continues to advance, the spatial patterns of cities are rapidly evolving, resulting in
significant alterations to the urban environment [6]. LULC is closely related, as human activities
often bring about modifications to the Earth's physical and biological features [7]. According to
the United Nations, 56% of the world's population lives in urban areas, amounting to nearly 4.4
billion people. This trend is expected to continue, with the urban population likely to double by
2050 [8].

Land Surface Temperature (LST) is an important parameter for studying Harth's climate
system, as it affects the exchange of energy and moisture between the land surface and the
atmosphere [9]. LST is a critical factor that directly influences the urban thermal environment.
It refers to the surface-climate cooperation and energy exchanges between the air and the
ground, playing a significant role in studying thermal environmental impacts [10]. The
relationship between LST and vegetation is complex and influenced by various factors. LST
measures surface temperature from space, while vegetation represents the plant cover on the
land surface [11]. Climate change is causing significant alterations in global temperatures and
precipitation patterns, which can profoundly impact vegetation cover and ecosystem health [12].
Changes in vegetation cover due to deforestation or other factors can significantly affect the
global carbon cycle and climate [13]. LST can also be used to monitor and model the impacts of
climate change on vegetation cover and ecosystems. By employing remote sensing techniques
and other tools, researchers can improve their understanding of this relationship and develop
new methods for utilizing this valuable information [14].

Vegetation plays a crucial role in lowering the temperature of an area. The cooling effect
provided by trees through evapotranspiration and shading is substantial. For example, a single
fully grown tree with a 30-foot crown diameter can evaporate 40 gallons of water each day,
which is comparable to counteracting the heat produced by a modest electric heater operating
for 4 hours. The increase in LST can have several negative consequences. It can exacerbate heat-
related illnesses and discomfort for urban residents, particularly during heatwaves. High
temperatures also lead to increased energy consumption for cooling purposes, placing a burden
on electrical grids. Moreover, elevated LST can negatively impact air quality by intensifying the
formation of air pollutants such as ozone. To mitigate the rise in LST and its impacts, urban
planners and policymakers have implemented various strategies. These include promoting green
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infrastructure, such as parks, green roofs, and urban forests, to increase vegetation cover in
urban areas [15]. Additionally, adopting sustainable urban design practices, such as using
reflective materials for buildings and incorporating water bodies into the urban landscape, can
help mitigate the urban heat island effect and reduce LST [16].

In Pakistan, almost one-third of the population currently resides in urban areas, a figure
that is continually rising [17]. The rapid growth of cities in Pakistan has become a major issue,
driven by both natural population increases and internal migration. As a result, the population
of the country's largest cities has surged into the millions. Economic activities and urbanization
are widely recognized as interlinked processes. Over the past 20 years, Pakistan has experienced
significant urbanization, with a rapidly growing urban population and increasing urbanization
rates. According to the 2023 census, Pakistan's population has reached 241.4 million, with an
annual growth rate of 2.55%. This makes Pakistan the 5th most populous country in the world,
with 34.7% of its population living in urban areas [18].

Urbanization has had significant environmental impacts in Pakistan, including air
pollution, water pollution, and deforestation. The growing number of vehicles on the roads, the
use of fossil fuels, and inadequate waste management systems in cities are major contributors to
environmental degradation [19]. Rapid urbanization has also led to an increase in air pollution
in Pakistani cities [20]. Urban areas are the primary sources of air pollution due to vehicular
emissions, industrial activities, and domestic energy use. This has led to serious health issues,
such as respiratory diseases, and has also contributed to climate change by increasing greenhouse
gas emissions. Urbanization has led to the development of the urban heat island effect in
Pakistani cities, and a reduction in green spaces, which has impacted the local climate.
Additionally, urbanization has increased the demand for water in Pakistani cities [21].

Changes in LULC and LST can be studied using ground surveys and satellite-based
Remote Sensing (RS) techniques. Ground surveys include air temperature and rainfall
measurements taken using weather stations, while remote sensing data consists of satellite
images analyzed through Geographic Information Systems (GIS) techniques. The integration of
remotely sensed data with GIS is an increasingly popular method for characterizing LULC,
NDVI, and LST changes at both temporal and spatial levels [22].

Obijectives:

Land Surface Temperature (LST) is increasing at an unusual rate worldwide, particularly
in developing countries like Pakistan, leading to rapid and intense changes in global climate. The
primary cause appears to be a rapid increase in built-up areas and a decrease in vegetation due
to urbanization. Urban expansion causes LULC changes that increase LST and contribute to
urban warming. This research has the following objectives:

To identify variations in Land Surface Temperature during a specific period using GIS and
remote sensing.

To examine the relationship between Land Surface Temperature (LST), urban expansion, and
vegetation.

To spatially analyze the impact of urbanization on Land Surface Temperature (LST).

Novelty Statement:

This paper investigates the evolving urban landscape of Islamabad using geospatial
techniques, revealing the critical relationship between changing land use and land cover, rising
temperatures, and the mitigating role of vegetation. Unlike previous research, which primarily
used LST data from Landsat satellites, this study employs Sentinel data for LST, LULC, and
vegetation analysis. Additionally, this study emphasizes the importance of vegetation in
comparison to built-up areas in combating increasing temperatures. The research contributes to
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understanding urbanization's impact on climate and underscores the need for sustainable and
resilient urban planning that incorporates green infrastructure.

Material and Methods:

Study Area:

Islamabad, the capital city of Pakistan, is located in the northwestern part of the country
on the Pothohar Plateau, a region characterized by rolling hills and fertile plains. The city,
purposefully constructed to replace Karachi as the capital in 1960, is known for its wide avenues,
green spaces, and modern architecture. Geographically, Islamabad is nestled at the foothills of
the picturesque Margalla Hills, offering breathtaking natural scenery. The city's topography
includes a mix of flat plains and hilly terrain, with a subtropical climate characterized by hot
summers and cool winters. Average temperatures range from 16°C in January to 38°C in June.
The city's climate is influenced by the region's monsoon season and the surrounding hills, with
northern slopes receiving higher rainfall compared to southern slopes and the plain. Islamabad
is vulnerable to extreme weather events, such as floods, landslides, and earthquakes [23]. The
temperature during winter can drop to freezing levels in higher areas, while summer months can
be extremely hot and humid [24]. The region's topography also influences the distribution of
rainfall, with the northern slopes of the hills receiving more precipitation than the southern
slopes and plains [25].
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Figure 1: Study Area Map
Datasets:

In this study, two types of datasets are utilized to estimate the three key research
parameters: Land Use Land Cover (LULC), Normalized Difference Vegetation Index (NDVI),
and Land Surface Temperature (LST) across the studied region. The primary data source for the
analysis is remotely sensed satellite data from Sentinel-2B and Sentinel-3B, which provides high-
resolution imagery essential for accurate assessments [26]. This satellite data, acquired from the
Copernicus Open Access Hub, offers a spatial resolution of 10 meters, ensuring detailed analysis
of the region (Table 1, 2). For the Sentinel-2B data, two tiles were downloaded for each date to
cover the entire study area comprehensively. The LST measurements were obtained using the
SL_2_LST product from the Sentinel-3B SLSTR sensor, which is specifically designed for
surface temperature monitoring [27]. Additionally, ground survey data from the Pakistan
Meteorological Department Office in Lahore is incorporated to validate the satellite-derived
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results (Table 3). This complementary data ensures the accuracy and reliability of the remote
sensing analysis, providing a robust foundation for the study's conclusions.
Table 1: Sentinel 3B SI,_2_I.ST information

Satellite Date of Acquisition
SENTINEL 3B 43493
SENTINEL 3B 43856
SENTINEL 3B 44226
SENTINEL 3B 44588
Table 2: Sentinel 2B data information
SCENE ID PATH/ROW
L1C_T43SCT_A010084_20190110T055542 207/37
L1C_T43SBT_A010084_20190110T055542 207/37
L2A_T43SCT_A015089_20200126T055113 213/48
L2A_T43SBT_A015089_20200126T055113 213/48
L2A_T43SBT_A020380_20210130T055057 214/48
L2A_T43SCT_A020380_20210130T055057 214/48
L2A_T43SBT_A025528_20220125T055118 400/48
L2A_T43SCT_A025528 20220125T055118 400/48

Table 3: Islamabad Zero Point January Data Source: PMD Lahore
Rainfall Mean Temperature Min Temperature Max Temperature

Year

(mm) 69) (9) ((9)

2019 126.11 9.2 2.5 15.9

2020  131.72 9.05 2.3 15.8

2021 99.06 10.85 2.2 19.5

2022 100.09 13.09 2.4 16.11
Methodology:

The data from sentinel 2B and 3B is then used for analysis using ArcMap 10.8 as shown
in figure 2.

DATASETS

REMOTELY
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MONTHLY
RAINFALL
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EXTRACTING CORRECTING GEOMETRY

STUDY AREA
VALIDATIO
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| IMAGE CLASSIFICATION I MAPS MAPS
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CALCULATION l LST MAPS

APPLYING THRESHOLD

Figure 2: Methodology Flowchart

Image Pre Processing:

Sentinel-2B and 3B images were pre-processed by applying atmospheric and radiometric
corrections. This step is crucial to ensure the accuracy of the satellite data, which was
accomplished by processing the metadata.xml file using the Snap Desktop software.

June 2024 | Special Issue Page | 12



A
OPEN () ACCESS . . . .
International Journal of Innovations in Science & Technology

Image Classification:

Classified images of the study area from 2019 to 2022 were obtained from the ESRI
Sentinel-2 Land Cover Explorer. These images come with a Universal Transverse Mercator
(UTM) WGS84 data projection, and the source image has a cell size of 10 meters [28]. The
downloaded data, provided in TIFF format, was extracted according to the specific boundaries
of the study area using ArcMap 10.8. The resulting raster images were then reclassified into
distinct categories, labeled as built-up area, vegetation, rangeland, bare ground, and water [29].
Normalized Difference Vegetative Index (NDVI):

NDVI a major parameter for evaluating urban climate change, can be calculated using

the following formula
NDVI — NIR — RED
~ NIR + RED
Where NIR is the Near Infrared Band which is Band 8 and RED band is Band 4 in the
case of Sentinel 2B [30]. After calculating NDVI in ArcMap, it is then classified into five classes
based on the amount of vegetation (Table 4).
Table 4: NDVI Classes Source: USGS

St no. Class label Value Re-Class Value Type of Vegetation
1 No vegetation Less than 0.1 1 Barren  rock, - sand,
snow
2 Less sparse vegetation 0.1 —<0.2 2 Sparse _ shrubs  and
grasslands
3 Sparse vegetation 0.2-<0.5 3 Shrubs., grasslands,
senescing crops
Sparse trees and crops
4 Less dense vegetation 0.5 -<0.6 4 at the start of their
growth
5 Dense vegetation 0.6 and 5 Forests, crops at their
above peak growth age

Land Surface Temperature:

For this research, the Land Surface Temperature (LST) product from the SLSTR sensor
of Sentinel-3A, generated at a wide 1 km raster resolution, was used. This data, covering the
years 2019 to 2022, was downloaded from the Copernicus Open Access Hub. The downloaded
raster images were first processed in Snap Desktop software, where radiometric corrections were
applied. Following this, the images were extracted to match the study area using ArcMap 10.8.
The extracted images were then reclassified into specific temperature classes, labeled as very
low, low, moderate, high, and very high, based on the LST values for each studied year from
2019 to 2022 [31]. After computing the three key parameters—LULC, NDVI, and LST—the
reclassified images were analyzed to determine the area covered by each class, along with their
percentage relative to the total area. Statistical graphs were then generated to visually represent
these findings.

Pearson’s Correlation Coefficient:

The Pearson correlation coefficient was used to statistically assess the degree and
direction of the linear relationship between two variables, NDVI and LST. This coefficient
ranges from -1 to +1, where O indicates no correlation, +1 indicates a perfect positive
correlation, and -1 indicates a perfect negative correlation [32]. By analyzing this correlation, we
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can gain valuable insights into the health and productivity of vegetation, as well as identify
potential environmental factors influencing vegetation growth [33].

Results and Discussion:

Land Use Land Cover (LULC):

The quantification of LULC classes for the years 2019 to 2022 is detailed in Table 5 and
visually represented in Figure 3, showing both area and percentage distribution. The results
indicate that vegetation is the dominant class in the study area throughout the four years, though
it exhibits a decreasing trend. In 2019, vegetation covered approximately 42% of the area, but
this decreased to 35% by 2022. The vegetation class includes irrigated land, grasslands, forests,
and some flooded crops. On the other hand, the built-up area emerges as the second dominant
class, displaying an increasing trend—rising from 44% in 2019 to 52% in 2022. This shift
suggests significant urban expansion at the expense of natural vegetation cover in the study area.
Table 5: Statistics of LULC Classes 2019 - 2022

Classes/ Years 2019 2020 2021 2022
Area(Ha) % Area(Ha) % Area(Ha) % Area(Ha) %
Water 964.09 0.98 1019.82  1.03 877 0.89 888.14 0.9
Vegetation 42290.09 4298 43255.69 4397 38318.14 38.95 35131.98 35.71
Built Area 44014.19 4474  46032.4  46.79  48097.09 48.89  51162.04 52
Bare Ground 134.93 0.13 114.54 0.11 132.29 0.13 29.97 0.03
Rangeland 10971.78 11.15  7952.63  8.08 10950.56 11.13 11162.69 11.34
Total 98375.08 100  98375.08 100  98375.08 100  98375.08 100

The Rangeland class, which includes bare soil, shrubs, and very sparse vegetation, is the
third most dominant land cover category in the study area. This class remains relatively stable
over the years, with a notable decrease from 11% in 2019 to 8% in 2020. However, it
subsequently increases to 11% in 2021 and 2022. The fourth dominant class is water, which
shows a slight increase from 0.9% in 2019 to 1.0% in 2020, but then decreases to 0.8% in 2021
and 0.9% in 2022. The bare-ground class is the least dominant, consistently occupying the
smallest proportion of the study area throughout the years.

Fa)
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Figure 3: Graph showing statistics of LULC classes
The spatial distribution of LULC classes for the years 2019 to 2022 is illustrated in Figure
4. The built-up area is predominantly concentrated in the central and western parts of the study
area, encompassing the residential sectors of Islamabad. In contrast, the vegetation class, which
includes crops, flooded vegetation, grass, and forests, is distributed across various parts of the
study area, both in sparse and dense forms. Notably, the northeastern part of the study area
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features dense vegetation, including the lush forests of Margalla Hills and the Margalla Hills
National Park.
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Figure 4: LULC Maps 2019-2022

There are several dense forest patches within the study area designated as reserved
forests. The results indicate that the city has only two major lakes: Rawal Lake, located centrally,
and Simly Dam Lake, situated on the northeastern side. Vegetation in the southern and
southwestern parts of the city is showing a declining trend, largely due to increased built-up
areas.
Normalized Difference Vegetation Index (NDVI):

The quantification of NDVI classes for the years 2019 to 2022 is detailed in Table 6 and
Figure 4, showing the area and percentage of each class. Typically, urban areas exhibit lower
NDVI values compared to non-urban areas. This is accompanied by a consistent decrease in the
mean NDVI and a corresponding increase in the mean LST. As urban development intensifies,
there is a noticeable decline in NDVI values.

Table 6: Statistics of NDVI classes 2019 — 2022

Re- cl
Class ass 2019 2020 2021 2022
Label
Value
Area 0 Area 0 Area 0 Area 0
H ° Hay P Hay " @y 7
No 1813565 18.43 10814.65 1099 964421 9.8 2373036 24.12
vegetation
Less
2 sparse  24469.47 24.87 18257.16 1855 19440.46 19.76 31451.08 31.97
vegetation
Sparse
€ 3973634 4039 39509.91 40.16 41505.76 42.19 41097.69 41.77
VCgCtathﬂ
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Less

4 dense 9325.8 947 8670.21 8.81 9810.64 997 1919.72 1.95
vegetation
Dense

5 ) 6707.56  6.81 21122.89 21.47 17973.64 18.27 175.97 0.17
vegetation

Total 98374.8 100 98374.8 100 98374.8 100 98374.8 100

The statistical analysis of NDVI values for the years 2019 to 2022 reveals notable
variations in vegetation health over the study period. In 2019, the mean NDVI was 0.27, with a
standard deviation of 0.19, indicating moderate vegetation cover. The NDVI values ranged from
a minimum of -0.44 to a maximum of 0.80. By 2020, there was a slight increase in the mean
NDVI to 0.36, accompanied by a standard deviation of 0.23, reflecting a broader spread in
vegetation conditions. The NDVI values for this year ranged from -0.70 to 0.99. In 2021, the
mean NDVI further increased to 0.35 with a standard deviation of 0.22, and the range of values
expanded from -1.00 to 1.00. However, by 2022, the mean NDVI decreased to 0.20, with a
standard deviation of 0.13, suggesting a decline in overall vegetation health. The values for this
year ranged from a minimum of -0.26 to a maximum of 0.72. These variations indicate significant
changes in vegetation cover and health across the years, reflecting broader trends in land use
and environmental conditions.

STATISTICS OF NDVI CLLASSES
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Figure 5: Graph showing statistics of NDVI classes
Figure 6 shows the spatial distribution of NDVI classes in percentage, having five classes
labeled as < 0.1 (no vegetation), 0.1 - <0.2 (less sparse vegetation), 0.2 - <0.5 (sparse vegetation),
0.5 — <0.6 (less dense vegetation) and >= 0.6 (dense vegetation).
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Figure 6: NDVI maps 2019 — 2022

Geographically, dense vegetation is predominantly located in the northern part of
Islamabad, encompassing the Margalla Hills forests and several other reserved forest areas. In
contrast, the urban core and southern parts of the city exhibit minimal vegetation, with only
sparse patches and a few trees scattered along streets and roads. Sparse vegetation, which is the
most prevalent class, is distributed across all parts of the city. The quantification of Land Surface
Temperature (LST) for Islamabad from 2019 to 2022 reveals distinct trends. In 2019, LST values
ranged from a minimum of 13.7°C to a maximum of 20.85°C, with a mean temperature of
17.96°C and a standard deviation of 0.82°C. By 2020, both the minimum and maximum LST
values decreased, with a minimum of 10.49°C and a maximum of 12.07°C. The mean
temperature in 2020 was 6.52°C, and the standard deviation increased to 1.38°C, indicating a
broader range of temperature variability. In 2021, LST values rose again, reaching a minimum
of 12.02°C and a maximum of 19.83°C. The mean temperature for this year was 15.6°C, with a
standard deviation of 1.17°C. Howevet, in 2022, LST values showed a decrease, with a minimum
of 9.9°C, a2 maximum of 16.3°C, and a mean of 13.5°C. The standard deviation for 2022 was
0.76°C, reflecting a return to lower temperature variability compared to the previous year.
Table 7: Statistics of LST classes 2019 to 2022

Value Class Label 2019 2020 2021 2022

Area Area Area Area

Hay * Hy P @y P Ha "
1 Very Low 339.81  0.34 10490.19 10.66 2624.08 2.66 538.03 0.54
2 Low 3642.68 3.7 50771.48 51.61 35242.55 35.82 6449.12 6.55
3 Moderate  49693.83 50.51 27653.57 28.11 41647.66 42.33 58069.92 59.02
4 High 40986.4 41.66 8403.5 8.54 17690.15 17.98 31756.6 32.28
5 Very Hich 371191 377 10561 1.07 1170.13 1.18 1561.03 1.58

Total 98374.8 100 98374.8 100 98374.8 100 98374.8 100

Based on the quantification of Land Surface Temperature (LST) classes, as illustrated in
Figure 7, the moderate temperature class emerges as the most dominant category. This class
exhibits notable fluctuations over the years: it initially decreased from 50% in 2019 to 28% in
2020, subsequently rose to 42% in 2021, and further increased to 59% in 2022. Despite these
fluctuations, the overall coverage of the moderate temperature class shows an upward trend
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from 2019 to 2022. In contrast, the high-temperature class, which is the second most prevalent,
displays a different trend. This class initially decreased from 41% in 2019 to 32% in 2020, but
then showed an increasing trend in 2021 and 2022. The low-temperature class, which started at
a modest 3.7% coverage in 2019, decreased slightly to 6.5% by 2022. The very low and very
high-temperature classes are the least dominant categories throughout the study period from
2019 to 2022.

STATISTICS OF LST CLASSES
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Figure 7: Graph showing statistics of LST classes

The spatial distribution of Land Use Land Cover (LULC) classes from 2019 to 2022, as
depicted in Figure 8, highlights distinct patterns across the study area. In both 2019 and 2022,
the high-temperature class is the most prominent, primarily concentrated in the central and
residential zones of the study area. This class is highly visible and dominates these two years.
The moderate temperature class, which is the second most prevalent, predominantly covers the
southern and northeastern parts of the study area. In 2020, the spatial distribution of
temperature classes is more evenly spread across the entire area, with all classes being distinctly
visible throughout the region. This variation reflects the shifting thermal landscape over the

Legend 0 5 10 20 30 40

I High | Moderate I Very Low | Low [ Very High L= Kilometers

Figure 8: LST Maps 2019 - 2022
In 2021, the study area exhibited notable variations in temperature distribution. The
urban regions on the southern and western sides experienced high-temperature values, while the
central area displayed moderate temperatures. Conversely, the eastern side of the study area
primarily showed low and very low temperatures, highlighting the cooler conditions in that part
of the city. By 2022, high and very high temperatures were observed in the central urban areas
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and parts of the northern region. Meanwhile, the southeastern and southwestern parts of the
region showed moderate temperatures, indicating a mix of thermal conditions across different
parts of the city.
Correlation of LST with Air Temperature

The relationship between land surface temperature (LST) and air temperature is intricate
and influenced by several factors, including urban land cover, vegetation density, and climatic
conditions. The analysis reveals that while the maximum values of LST and air temperature are
closely aligned, the minimum values differ, as illustrated in Table 8. Figure 9 presents the trend
of LST and air temperature from 2019 to 2022. The trends for both LST and air temperature
are initially similar: from 2019 to 2020, LST decreased from 17.9°C to 6.5°C, and air temperature
decreased slightly from 9.2°C to 9.1°C. In 2021, both LST and air temperature increased, with
LST reaching 15.6°C and air temperature rising to 10.8°C. However, in 2022, a divergence
occurred; LST decreased from 15.6°C to 13.5°C, while air temperature continued to rise from
10.8°C to 13.1°C. This divergence indicates the complex interaction between surface and
atmospheric temperatures, particularly in response to varying environmental factors.

Table 8: Correlation between LST and Air Temperature

LST Air Temperature
Years Min Max Mean Min Max Mean
2019 13.7 20.8 17.9 2.5 15.9 9.2
2020 3.2 12.1 6.5 2.3 15.8 9.1
2021 12.0 19.8 15.6 2.2 19.5 10.8
2022 9.9 16.3 13.5 2.4 16.1 13.1
——1ST —@— AIR TEMPERATURE
20
e \ - P ——
§ 10 —
S
2019 2020 2021 2022
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Figure 9: Graph showing the correlation between LST and Air temperature
Correlation of LST with NDVI:

Pearson's correlation coefficient reveals a negative relationship between land surface
temperature (LST) and the Normalized Difference Vegetation Index (NDVI), with a correlation
value of -0.416, as indicated in Table 9. This negative correlation signifies an inverse relationship
between LST and NDVI. Specifically, areas with higher NDVI values tend to have lower LST,
while areas with lower NDVI values exhibit higher LST. This inverse relationship underscores
the impact of vegetation on surface temperatures, where increased vegetation generally

correlates with cooler land surface temperatures.
Table 9: Correlation between LST & NDVI

YEARS LST NDVI CORRELATION
2019 17.974401 0.271265
2020 6.558604 0.365335
2021 15.586561 0.356983 0416282756

2022 13.516875 0.205925
Urbanization Impact on Land Surface Temperature:
From the perspective of Land Use Land Cover (LULC) classes, the vegetation class
exhibited land surface temperature (LST) values of 17.8°C, 6.36°C, 15.76°C, and 13.58°C for
the years 2019, 2020, 2021, and 2022, respectively. In comparison, the built-up area class
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recorded LST values of 18.09°C, 6.62°C, 15.79°C, and 13.6°C for the same years, as detailed in
Table 10.
Table 10: LULC Classes with their LST

2019 (LST °C) 2020 (LST°C) 2021 (LST°C) 2022 (LST °C)

Min Max Mean Min Max Mean Min Max Mean Min Max Mean
Water  13.73 19.78 16.75 4.86 12.02 7.97 12.03 18.82 14.19 12.32 15.27 13.44
Vegetation 15.20 20.09 17.87 3.21 10.77 6.36 12.10 19.83 15.76 10.50 15.68 13.5
Built Area 15.07 20.85 18.09 3.29 12.05 6.62 1293 19.73 15.79 10.61 16.30 13.62
Bare 16.59 19.55 17.63 4.44 9.271 5.60 14.10 17.47 15.76 12.58 15.48 13.62
Ground
Rangeland 14.99 20.21 18.05 3.71 10.470 6.61 12.10 19.83 15.97 10.67 16.29 13.69
The built-up area class and rangeland class exhibit higher LST as compared to other
classes as shown in Table 10 and Figure 10. The water class exhibits lower LST as compared to
others as it shows 16.75°C, 7.97°C, 14.19°C and 13.44°C in 2019, 2020, 2021, and 2022.

LULC
Class

m2019 [LST °C) m2020 (LST°C) m2021 LST°C, m2022 LST°C)

20

o 15
g
@ 10
5
0
Water Vegetation Built Arez Bare Grovnd  Rangeland
LULC Classes

Figure 10: Graph showing LULC Classes with their LST 2019-2022
The negative correlation between LST and NDVI confirms that the vegetation decrease
in an area leads to an increase in L.ST in that area as shown in Table 11.
Table 11: Pearson's Correlation coefficient

Variable Pearson's Correlation Coefficient LST
LST N=4 1
NDVI N=4 -0.4162827

Discussions:

The results indicate a significant and troubling decline in vegetative cover over the four
years studied. In 2019, vegetation covered 42% of the area, but this decreased to just 35% by
2022. Conversely, the built-up area expanded rapidly, from 44% in 2019 to 52% in 2022. This
increase in urbanization corresponds with a reduction in the city’s vegetative cover. Dense
vegetation, particularly in the northern part of Islamabad, has diminished to nearly negligible
levels by 2022, largely due to deforestation. Sparse vegetation along streets and roads is the only
category that has shown an increase, though it is insufficient to counterbalance the rising
temperatures in the city. The rise in built-up areas due to anthropogenic activities is a major
driver of the decline in vegetative cover and subsequent increase in city temperatures. The
expanded urban areas contribute significantly to the urban heat island effect, exacerbating
climate change. Vegetation in Islamabad includes not only flooded areas, grasslands, and crops
but also forests like those in Margalla Hills National Park. However, even with the world largely
on lockdown in 2020, vegetation cover only marginally increased from 42% to 43%. During the
same period, built-up areas grew from 44% to 46%, as shown in Graph 2. The mean LST
decreased in 2020, likely due to reduced human activity such as lower traffic. By 2022, the built-
up area had risen to 52%, while vegetation had dwindled to 35%, predominantly consisting of
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sparse vegetation. This drastic reduction in dense vegetation aligns with the negative correlation
between land surface temperature and NDVI, confirming that decreasing vegetation correlates
with rising temperatures. Additionally, an increase in land surface temperature from 2020 to
2021 can partly be attributed to the increased rainfall in 2020, which measured 131.72 mm as
per Table 3. This higher rainfall contributed to increased humidity, which in turn elevated
surface temperatures. The rising land surface temperature exacerbates climate change, impacting
both human and environmental systems and disrupting ecological balance.

Conclusion:

The results indicate a significant and troubling decline in vegetative cover over the four
years studied. In 2019, vegetation covered 42% of the area, but this decreased to just 35% by
2022. Conversely, the built-up area expanded rapidly, from 44% in 2019 to 52% in 2022. This
increase in urbanization corresponds with a reduction in the city’s vegetative cover. Dense
vegetation, particularly in the northern part of Islamabad, has diminished to nearly negligible
levels by 2022, largely due to deforestation. Sparse vegetation along streets and roads is the only
category that has shown an increase, though it is insufficient to counterbalance the rising
temperatures in the city. The rise in built-up areas due to anthropogenic activities is a major
driver of the decline in vegetative cover and subsequent increase in city temperatures. The
expanded urban areas contribute significantly to the urban heat island effect, exacerbating
climate change. Vegetation in Islamabad includes not only flooded areas, grasslands, and crops
but also forests like those in Margalla Hills National Park. However, even with the world largely
on lockdown in 2020, vegetation cover only marginally increased from 42% to 43%. During the
same period, built-up areas grew from 44% to 46%, as shown in Graph 2. The mean LST
decreased in 2020, likely due to reduced human activity such as lower traffic. By 2022, the built-
up area had risen to 52%, while vegetation had dwindled to 35%, predominantly consisting of
sparse vegetation. This drastic reduction in dense vegetation aligns with the negative correlation
between land surface temperature and NDVI, confirming that decreasing vegetation correlates
with rising temperatures. Additionally, an increase in land surface temperature from 2020 to
2021 can partly be attributed to the increased rainfall in 2020, which measured 131.72 mm as
per Table 3. This higher rainfall contributed to increased humidity, which in turn elevated
surface temperatures. The rising land surface temperature exacerbates climate change, impacting
both human and environmental systems and disrupting ecological balance.
Recommendations:

Following are some recommendations for further analysis;

° Town planners and policymakers should make sustainable urban plans that include
building eco-friendly urban infrastructures.

. The amount of vegetation should be more than the area of the built-up area as it will
help reduce the impact of the increase in temperature. Thus, the town planners should
make such policies that involve an increase in vegetation along with an increase in urban
area to compensate increasing population.

° For better and more efficient implementation, analysts, technicians, and other specialists
who work with geospatial data processing and analysis should adopt a precise
methodology. This involves the use of a model builder or Google Earth Engine.

o Based on the current analysis, future predictions of the percentage of urban areas and
LST can also be made.
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