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The present study focused on rapid urbanization due to the change in the existing
landforms which has caused substantial adverse impacts on Urban Thermal
Environment. In the present study, we have acquired the Landsat data (TM and OLI)
for the years 1990, 2000, 2010, and 2020 to observe the land use changes (vegetation
cover, built up land, barren land, and water) in Lahore using the supervised image
classification method. Later, the impact of urbanization has been examined with Land
Surface Temperature (LST) and eventually the Surface Urban Heat Island (SUHI) has been
calculated. Accuracy of the classified images revealed an overall accuracy (Kappa co-
efficient) of 95.3% (0.929%), 92.05% (0.870%), 89.7% (0.891%), and 85.8% (0.915%) for
the years 1990, 2000, 2010, and 2020, respectively. It was found that vegetation cover
decreased from 60.5% in 1990 to 47.7% in 2020 at the cost of urbanization. The overall
built-up land increased by 23.52% from 1990 to 2020. Urbanization has influenced the
LST, and it was examined that maximum LST consistently increased with increase in built-
up land. The difference between urban and rural buffer reveals that SUHI has also been
increasing over the years. SUHI has been raised from 1.72 C in 1990 to 2.41 C in 2020,
and about 0.69 C relative change has been observed. It has also been observed that the
Normalized Difference Vegetation Index (NDVI) and LST have an inverse relationship. The
research outcomes of this study are useful for urban climatologists, urban planners,
architects, and policymakers to devise climate resilient policies, structure, and decisions to
balance the urban green spaces for a healthy urban environment.
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INTRODUCTION

Global population is increasing at a rapid pace and people are
migrating to urban areas (Mitchell and Moss, 2012), which
leads to extensive urbanization (Buhaug and Urdal, 2013).
Fifty percent of the world’s population are urban residents,
which is expected to increase by 70% (2.5 billion) between 2010
and 2050 with 90% contribution from Asia and Africa
(Hosseini et al., 2016), and it is projected that more than
50% of world population will live in Asian cities (Un-Habitat,
2018). Cities serve as a significant source of economic growth
and contribute about 60% of global GDP. But, they use more
than 60% of energy and humans produce almost 70% of
greenhouse gases (GHGs) (Un-Habitat, 2018). Therefore,
the process of urbanization is affecting the natural
environment, which influences the effects of GHGs, leading
to global warming and climate change which is one of the
major issues in the current situation (Mathew et al., 2018;
Mohammad et al., 2022). Increasing population in cities
expands the boundary and exerts pressure on rural areas
and replaces natural resources (i.e., agriculture, vegetation,
forest). Thus, urbanization is a major reason to alter the
changes in Land Use Land Cover (LULC) and also a
primary source of predictor to identify the LULC change
which imbalances the surface energy and takes a way to
higher surface temperature (Matthews et al., 2015). In the
past few decades, urban green spaces significantly reduced in
the world regardless of its significance to balance the LST in the
urban environment (Choudhury et al., 2019). The loss of
vegetation at the cost of urbanization causes extensive
changes in UTE (Xiong et al., 2012), which increases the
LST in urban buffer as compared to rural buffer, leading to
SUHI phenomena (Mathew et al., 2018) and bring different
environmental issues, that is, land degradation, ecosystem
problem, heat waves, urban flash floods, increasing
precipitation, and temperature in urban buffers
(Santamouris, 2014; Fu and Weng, 2018; Mohammad and
Goswami, 2019; Estoque et al., 2017; Malik et al., 2020;
Moazzam et al., 2018). Roughness and surface reflectance
properties of different LULC vary from each other and
contribute differently to LST because of the uniqueness in
the absorption and radiation energy of LULC classes (Bokaie
et al., 2016; Solaimani et al., 2010). Increase in urbanization at
the cost of vegetation loss has been experienced by many
regions around the globe (Dilawar et al., 2021; Mumtaz
et al., 2020; Singh et al., 2017; Solaimani et al., 2010;
Srivanit et al., 2012; Chakraborty and Lee, 2019).

Urban climatology was first studied and observed by Luke
Howard in 1833 (Howard, 1833). The phenomena of UHI or
SUHI indicate the positive difference between temperature of
rural and urban land due to the results of urbanization (Souch
and Grimmond, 2006; Manoli et al., 2019). Usually, it is
calculated with the difference of air temperature of urban
met-station to air temperature of rural met-station,
although due to scarcity of meteorological stations in
developing countries, it is very challenging to accurately
estimate the UHI. Therefore, advancements in remote

sensing (RS) technology have overcome this problem,
allowing us to calculate the SUHI with surface temperature
difference between urban buffer and rural buffer (Rao, 1972).
Now, researchers are carrying out research to quantify the
impact of urbanization on LST and effects of UHI on UTE at
the regional and global scale (Chakraborty and Lee, 2019;
Mathew et al., 2018; Mumtaz et al., 2020; Hassan et al.,
2021; Fu and Weng, 2018; Peng et al., 2012; Cui et al.,
2021; Waleed and Sajjad, 2022). Chakraborty and Lee
(2019) studied the effects of UHI at the global scale by
developing a simplified urban extent (SUE) algorithm using
the MODIS dataset. The author revealed the UHI intensity of
0.85 and 0.55°C for day and nighttime, respectively, worldwide.
The same author also found a strong influence of vegetation
cover over SUHI. Peng et al. (2012) have calculated the UHI for
419 big cities globally and found that daytime SUHI is higher
than nighttime; however, no such correlation has been found
between both time scales. Recently Waleed and Sajjad, (2022)
conducted a study for the province of Pakistan to compute the
impact of urbanization on LST. They noticed 8.5% of annual
increase in the built-up area from 1990 to 2020, which led to
1.4 C rise in annual maximum LST. Mathew et al. (2018)
conducted a study on SUHI for two Indian mega cities
using the MODIS dataset and found that both cities have a
strong influence on SUHI at nighttime as compared to
daytime. Mumtaz et al. (2020) performed a study on two
mega cities of Pakistan (Peshawar and Lahore) for the
present using Landsat data from 1998 to 2018. The author
found that in Peshawar, both vegetation cover and built-up
land increased; however, in Lahore, only built-up land
increased while vegetation cover decreased. Therefore, a
consistent decrease and increase in temperature have been
found for Peshawar and Lahore, respectively. Dilawar et al.
(2021) studied six major cities of the Punjab province of
Pakistan to evaluate the impact of urbanization on SUHI.
The results reflected a consistent decrease in vegetation at
the cost of urbanization in all cities which influenced the
higher SUHI over the time. Hassan et al. (2021) studied the
major cities of South Asian countries. The author found that
vegetation cover is decreasing at the cost of rapid urbanization
in the mega centers of South Asian countries. The author
noticed 1–2°C temperature difference between urban and rural
buffers.

Advancement in remote sensing (RS) with multitemporal,
multispectral, and real-time data helps extract useful
information to understand and monitor the process and
pattern of different land cover types (Raza et al., 2012). RS
technology offers the opportunity to observe the LULC
changes and study the influence of urbanization on LST
with high, moderate, and low spatial and temporal
resolution satellite images. In this study, we have utilized
the moderate spatial and temporal resolution satellite
(Landsat) which was first launched 50 years ago to provide
free-of-cost data to study various applications, that is, land
monitoring. The long available dataset can offer a better
insight of the past and present and predict future changes
on land. To evaluate the LULC change using satellite data,
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there are various models, that is, supervised and unsupervised
image classification, machine learning algorithms, object-
based image classification algorithm (OBIA), and many
more. In this study, we have used the supervised image
classification method assisted with the maximum likelihood
classifier algorithm which has been successfully used in many
studies before in Lahore/Pakistan (Imran and Mehmood,
2020), Ahmedabad and Jaipur/India (Mathew et al., 2018),
Guangzhou/China (Xiong et al., 2012), Bangkok/Thailand
(Srivanit et al., 2012), and Alborz/Iran (Solaimani et al.,
2010). All aforementioned studies prove the usefulness of
the research related to LULC changes with reference to
regional climate change in terms of UTE, LST, and SUHI.
In the last few years, urban area in Lahore expanded
exceptionally and many housing societies were formed
which has resulted in a loss of vegetation cover
substantially; ultimately, it has changed the urban
environment (Nespak, 2004; Shah and Ghauri, 2015), and
this brings lots of health issues for the local residents, that
is, discomfort, difficulties in respiration, and heat stroke
(Kotharkar et al., 2018; Zuhra et al., 2019). As mentioned
above that Asian cities will have 50% of world population;
therefore, it is necessary to study the impact of rapid
urbanization on LST and SUHI and assess how cities are
performing to influence the climate change, and it is also
necessary to highlight the significance of sustainable cities

and communities and contribute to UN sustainable
development goals. The purpose of this study is to 1)
evaluate the LULC change for the years 1990, 2000, 2010,
and 2020; 2) examine the impact of urbanization on LST; and
3) analyze the surface urban heat island intensity (SUHI).

MATERIALS AND METHODS

Study Area
Lahore is one of the megacities of Pakistan located in the province
of Punjab. Geographically, the city lies between 74°16′40″E
longitude and 31°25′52″ N latitude (Figure 1). Lahore is the
capital city of Punjab. Lahore is located at the ledge of Ravi river
(Figure 1), covering a total area of 1800 km2 (Gull and Gul, 2017)
with a population of 11.13 million (PBS, 2017). Lahore held the
56th position in 1975 in the world, but in 2007, it jumped to 38th,

while it is expected that by 2025, the city will take the 24th
position. Therefore, due to rapid urbanization, the city is left with
only 3% of green spaces and according to the world standard, it is
less than the minimum range (25–30%) (PBS, 2017). Inconsistent
government policies and poor land use planning have caused
immense land use change (Shirazi and Kazmi, 2016). Mean
annual rainfall of Lahore is approximately 600 mm with the
highest amount of rainfall occurring in monsoon while 24 C is
the average annual temperature (Qureshi et al., 2012). The winter

FIGURE 1 | Location map of the study area.
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season extends from November to March with coldest months of
December and January, while the hottest months are May and
June during the summer season (April–September) (Fahad et al.,
2021; Qureshi et al., 2012). Lahore canal and part of river Ravi
flow through the city which makes the land fertile for various
kinds of crops (Riaz et al., 2014).

Data Acquisition and Processing
We have investigated the land use land cover (LULC) and land
surface temperature (LST) of Lahore and acquired four Landsat
satellite images for the years 1990, 2000, 2010 (Landsat 5,
Thematic Mapper), and 2020 (Landsat 8 Operational Land
Imager). The Landsat images of Lahore with path/rows of 149/
38 were downloaded from United States of Geological Survey-
Center for Earth Resources Observation and Science (USGS-
EROS) (https://earthexplorer.usgs.gov/), with less than 10% cloud
cover for the month of March (Table 1) because usually winter
season (fog) and summer season (heavy clouds due to monsoon)
are a big hindrance to accurately classify the images. We have
used almost cloud-free images in this study, and details of the
images are given below in Table 1. Landsat data are freely and
easily available to classify the LULC and calculate LST and SUHI
(Tariq and Shu, 2020). The Landsat satellite image has 30 m
spatial resolution and completes the revolution of the earth in
16 days on average. Before using the Landsat satellite images for
LULC classification, the images underwent radiometric,
atmospheric, and topographic correction in the semi-
automatic classification (SCA) plugin tool in QGIS software to
avoid the erroneous classification of the land. Later, the Landsat
bands were stacked together with necessary band combination,
that is, red, green blue, near infrared, and short-wave infrared.
The thermal band was used for the estimation of LST and SUHI.
The administrative boundary of Lahore was obtained from
Nature Earth website.

Supervised Image Classification and
Accuracy Assessment
LULC information can be obtained from multiband satellite
images using image classification techniques (Alam et al.,
2020). There are various methods to classify the image, that is,
machine learning, object-based image classification algorithm
(OBIA), and supervised and unsupervised classification. In this
study, we have used the supervised classification method with the
maximum likelihood classifier algorithm which require training
sites from the user (Zubair Iqbal and Iqbal, 2018). Thus, we have
trained the classifier with enclosed polygon training sites to
capture the spectral signature for each LULC class. Using

training sites, the maximum likelihood classifier algorithm was
run to classify the image into four different classes: built up land,
water, barren land, and vegetation cover. LULC maps were
obtained for the years 1990, 2000, 2010, and 2020 from
Landsat 5 TM and Landsat 8 OLI using the maximum
likelihood classifier algorithm. The advantageous property of
maximum likelihood classifier is parameter interpretation
based on prior knowledge of the expert. This method is very
easy to use and implement (Cheng et al.).

Accuracy of the LULC classification is one of the significant
parts which can be determined by user and producer accuracy,
overall accuracy, and kappa co-efficient in confusion matrix
(Congalton, 1991; Van Oort, 2007). If the errors are
uninvestigated, the LULC map will lose its reliability for
decision making (Shao and Wu, 2008). Producer and user
accuracy are the number of accurately classified pixels over the
total number of pixels in a particular class, while the number of
correctly classified pixels divided by the total number of reference
pixels is known as overall accuracy. A total of 200 random points
were taken using a random point tool in ArcGIS, with 50 points in
each class to assess classified images with high-resolution Google
Earth image.

Land Surface Temperature Calculation
LST has been calculated from the thermal band of Landsat
5 TM (1990, 2000, and 2010) and Landsat 8 OLI (2020).
Landsat 8 has two thermal bands (band 10 and 11), while
Landsat 5 has only one thermal band (band 6), though we have
used band 6 and band 10 of Landsat 5 and 8, respectively, in
this study. Band 11 of Landsat 8 was avoided due to the
substantial calibration issues identified by USGS (Avdan
and Jovanovska, 2016). The month of March is a good fit to
calculate the LST of the study area as we have observed very
less intervention of clouds and fog.

Digital Number to Spectral Radiance (Lλ)
Landsat 5 and 8 thermal bands are in the form of digital numbers
(DNs); therefore, we have converted the digital number (DN) of
the thermal band to spectral radiance (Lλ) using Eq. 1 and Eq. 2.
The spectral radiance is expressed in watts/(m2 × ster × µm).

Lλ � LMAXλ − LMINλ

QCALMAX − QCALMIN
p (QCAL −QCALMIN)

+ LMINλ, (1)
where Lλ is spectral radiance, LMAXλ is maximum radiance

(15.60), LMINλ is minimum radiance (1.23), QCALMAX is
quantized maximum (255), QCALMIN is quantized minimum

TABLE 1 | Detail of satellite images.

Scene ID Year Sensor Satellite Resolution (m) Date Cloud cover

LT05_L1TP_149038_19900316 1990 TM Landsat 5 30 16 March 1990 1%
LT05_L1TP_149038_20000311 2000 TM Landsat 5 30 11 March 2000 6%
LT05_L1TP_149038_20100307 2010 TM Landsat 5 30 07 March 2010 0
LC08_L1TP_149038_20200318 2020 OLI Landsat 8 30 18 March 2020 7.18
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(1), and QCAL is thermal band 6 of Landsat 5 TM. All these
values can be obtained from the metadata file of the satellite
image. The Rozenstein et al. (2014) method has been followed in
this study to convert the DN value to Lλ for Landsat 8 thermal
band using Eq. 2 below.

L � ML pQCAL + AL. (2)
Multiplicative rescaling (ML = 0.0003342), digital number

(QCAL = band 10), and additive rescaling band 10 (AL = 0.1).

Spectral Radiance Conversion to Satellite Brightness
Temperature
We have followed Eq. 3 for the conversion of the spectral
radiance to satellite brightness temperature.

T � (K2/Ln(K1
Lλ

+ 1) − 273.15. (3)

T is the satellite brightness temperature in degree Celsius (oC),
and the value of Lλ has been obtained in the previous step. K1 and
K2 are the constant values that depend on the type of sensor. K1
and K2 values for Landsat 5 TM are 607.76 and 1,260.56,
respectively, while for Landsat 8, the values are 774.89 and
1,321.08, respectively (Ihlen, 2019).

Surface Urban Heat Island
The influence of surface UHI has been calculated using the SUE
algorithm recently developed and tested by Chakraborty and Lee
(2019) at a global scale. We have followed the same methodology
explained by Chakraborty and Lee (2019) also shown in Figure 2.
The LULC data were split into two subsets urban buffer and other
LULC classes except water class because it contains high capacity
of heat; consequently, it can over and underestimate the SUHI at
day and nighttime (Chakraborty and Lee, 2019). LST calculated
for both urban and rural buffer to eventually calculate the SUHI
(Figure 2).

FIGURE 2 | Steps followed using Chakraborty and Lee (2019) methodology for calculation of SUHI.
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Normalized Difference Vegetation Index
The NDVI index is used to calculate the photosynthetic activity
using red (R) and near infrared (NIR) bands conditioned by the
presence of chlorophyll. The NDVI value ranges between -1 and
+1. As the vegetation increases, the NDVI values also increase
positively (Spisni et al., 2012; Spadoni et al., 2020). Band 4 (5) and
Band 3 (4) of Landsat 5 (8) used for NIR and R, respectively.

NDVI � NIR − RED

NIR + RED
. (4)

Statistical Analysis of LST and NDVI
We have taken 5,000 random points to calculate the relationship
between LST and NDVI. The random points were generated
using the random points tool in ArcGIS. We have used the multi
values to point tool in ArcGIS to extract the values from the layers
of LST and NDVI for the years 1990, 2000, 2010, and 2020.
Consequently, we have plotted NDVI values against LST using
scatterplot.

RESULTS

Accuracy Assessment of Classified Images
The remote sensing classified image error depends on various
factors, including expertise of the person (Shao and Wu, 2008).
Therefore, it was necessary to investigate the accuracy of classified
images. Commission error of less than 15% is acceptable (Foody,
2002), while kappa co-efficient should not be less than 0.85% for
environmental observation studies (Cleve et al., 2008). The details
of the accuracies achieved in this study can be seen in Table 2.
The overall classification accuracies of the classified satellite
images for the years 1990, 2000, 2010, and 2020 are 95.3%,
92.05% 89.7%, and 85.8%, respectively. In addition, Kappa
statistics for the classified map for the years 1990, 2000, 2010,
and 2020 are 0.929, 0.870, 0.891, and 0.915, respectively.

Spatial Distribution of LULC
Landsat images were classified into four classes including
vegetation cover (VC), built up land (BL), barren land (B),
and water body (W) for Lahore. The spatial distribution of
LULC classes in Lahore is illustrated in Figure 3 below and
other details, that is, area, percentage of each LULC coverage, and
relative change from 1990 to 2020 can be seen in Table 3. It was

observed that built-up land is extensively increased in the study
period. Built-up land has 22.9% portion in 1990, and it was
increased to 33.2% in 2000, 34.2% in 2010, and 46.4% in 2020.
The highest relative change from 1990 to 2020 has been found for
built-up land (23.52%) at the cost of 12.82% loss in vegetation
cover and 10.26% barren land (Table 3). Fahad et al. (2021) and
Imran and Mehmood (2020) (Imran and Mehmood, 2020) have
also found that urbanization has shrunk the barren land and
vegetation cover which is also observed in this study. Shirazi and
Kazmi (2016) (Shirazi and Kazmi, 2016) have also observed the
replacement of vegetation cover with urban development. On
average, built-up land has gained 0.78% land/year in the studied
period from the total area (Fahad et al., 2021). The highest changes
have been observed during 1990–2000 and 2010-2020 for vegetation
cover, barren land, and built-up land (Table 3; Figure 4).

Land Surface Temperature Variations From
1990 to 2020
The land surface temperature (LST) pattern of Lahore was calculated
for the month of March from 1990 to 2020. The results of LST are
presented in Figure 5 below. The results revealed that maximum
temperature constantly increased, although there was only 3.2 C
change from 1990 to 2020. Figure 5 also shows indicating that in
1990 the highest surface temperature was in the central part of
Lahore, but in 2010 and 2020, the maximum LST was spatially
spread to the south part of the city as well.

The LST and built-up area increased parallel to each other
from 1990 to 2020 (Figure 3 and Figure 5). Due to the
urbanization process, the impervious surface absorbs the heat
rapidly but the emission process is very slow which is the reason
of high surface temperature apparent in this study (Javid et al.,
2021). Built-up land contribute majorly in rise of LST (Bokaie
et al., 2016) since it is observed that in 1990 when built-up land
has 22.9% of total area, the mean LST of Lahore was 21.42 ±
1.36°C which is increased to 22.1 ± 1.9°C (2000), 22.7 ± 2.1°C
(2010), and 23.05 ± 1.6°C (2020) when urban area increased to
33.2%, 34.2%, and 46.4% in 2000, 2010, and 2020, respectively.
These results confirm the direct relationship of urban land and
LST (Ullah et al., 2019) which is in line with a study conducted by
Xiong et al. (2012). The environmental protection agency has also
reported that surroundings of the city center will have 1–3°C less
temperature to urban land due to high absorption of solar
radiation by impervious surfaces (Mathew et al., 2018).

TABLE 2 | Summary of classification accuracy.

Land
cover

PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)

1990 2000 2010 2020

VC 92.6 94.5 90.6 86.2 97.50 95.9 91.50 89.60
BU 91.01 90.1 85.1 90.2 95.7 89.2 95.6 92.3
B 96.03 91.6 93.8 94 100 98.5 90.5 94.2
W 95.5 94.2 88.5 90.3 88.2 87.6 97.3 96.1
Overall accuracy (%) 95.3 92.05 89.7 85.8
Kappa coefficient (%) 0.929 0.870 0.891 0.915
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Consistent rise in LST with urban area leads to higher surface
temperature than other LULC classes which exhibit the impact of
urban heat island (UHI). A consistent increase has been observed
for surface UHI intensity. Changes in LST with constant changes
in thermal environment imply the impact of UHI (Srivanit et al.,
2012) which has been observed in this study. SUHI has been
calculated for Lahore using the LST difference of urban and rural
pixels as presented in Table 4. An increasing trend of SUHI has

been observed in Lahore. The urban temperature in 1990 was
1.72 C high as compared to the rural area which increased to
1.91°C, 2.22°C, and 2.41°C in 2000, 2010, and 2020, respectively
(Table 4). Urbanization is considered a main source of increase in
LST which ultimately causes SUHI (Hassan et al., 2021).
Therefore, it is necessary to increase the plantation and green
space in urban environment because it can significantly decrease
the temperature and impact of SUHI.

FIGURE 3 | Spatial distribution of LULC of Lahore for the years (A) 1990, (B) 2000, (C) 2010, and (D) 2020
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Relationship Between NDVI and LST
NDVI and LST have an inverse relationship, that is, as the
vegetation increases the temperature decreases and vice versa.
The correlation trend line is also indicating the strong inverse
relationship between two variables (Figure 6). The correlation
co-efficient (R2) values are shown in Figure 6 below for the
years 1990, 2000, 2010, and 2020. The relationship of NDVI
and LST represents the impact of non-vegetated surfaces
(barren land; built up land) on LST. As the value of NDVI
increases, the LST starts decreasing which is also found by
Srivanit et al. (2012).

DISCUSSION

This study was carried out to observe the LULC changes in
Lahore from 1990–2020 using the supervised classification
method assisted with the maximum likelihood classifier
algorithm which provided an acceptable level of accuracy.
Figure 3 presents the pattern of LULC for Lahore for the
years 1990, 2000, 2010, and 2020, which indicate the area
covered by built-up land, vegetation cover, water body, and
barren land. Except for built-up land, other land cover classes
decrease from 1990 to 2020, which led to the effect of surface

UHI. An overall negative change has been observed for
vegetation cover, water body, and barren land with 12.82%,
0.42%, and 10.26%, respectively, while built-up land has gained
23.52% area at the cost of vegetation cover and barren land
from 1990 to 2020, leading to rise in LST and trend in surface
UHI, which can clearly shows its cause and impact.
Transformation of vegetation cover and barren land was
due to illegal development, housing schemes, and
commercial buildings by local developers and Lahore
development authority (LDA) (Metro bus; orange train)
(Nespak, 2004; Shah and Ghauri, 2015; Fahad et al., 2021).
It also indicates the conversion of rural areas into urban area
for new development and infrastructure.

Land use land cover changes have a significant impact on
land surface temperature (Goksel et al., 2006) due to diverse
reflectance properties of LULC (Nasar-u-Minallah, 2019). It
can be observed from LST results (Figure 5) that in the last
30 years, the maximum LST continuously increased, while
minimum LST had some variations. The rise in LST is also
observed in previous studies conducted in Lahore and other
parts of South Asia (Javid et al., 2021; Imran and Mehmood,
2020; Hassan et al., 2021; Dilawar et al., 2021), which may be
because of the anthropogenic materials, that is, high-rise
buildings, asphalt, and concrete for urban expansion
(Bokaie et al., 2016; Xiong et al., 2012). From Figure 3 and
Figure 4, we can observe that built up land increased
significantly from 1990 to 2020 by the loss of vegetation
cover and barren land. Transition of LULC classes from
barren land, water body, and vegetation cover to built-up
land can influence LST (Mumtaz et al., 2020) because
roughness and surface reflectance properties depend on
LULC classes (Solaimani et al., 2010; Bokaie et al., 2016).
The results from Figure 3 and Figure 5 indicate that built-
up land and LST increased in parallel which shows the direct
relationship between them (Bokaie et al., 2016). Hassan et al.
(2021) have also observed the increasing trend of LST and
revealed that urban expansion has caused the rise in LST. The
difference between urban and rural buffer indicates the
influence of Surface UHI (Simwanda et al., 2019). Surface
UHI has also been calculated with the difference between mean
LST of built-up land and mean LST of the rural area. The
impact of SUHI has been observed in this study due to rapid
urbanization which is observed previously in other studies
(Dilawar et al., 2021; Hassan et al., 2021; Chakraborty and Lee,
2019; Mathew et al., 2018; Imran and Mehmood, 2020; Javid

TABLE 3 | Statistics of LULC of Lahore for the years 1990, 2000, 2010, and 2020.

1990 2000 2010 2020 Changes (%)Classes

Area
(km2)

% Area
(km2)

% Area
(km2)

% Area
(km2)

% 1990–2000 2000–2010 2010–2020 1990–2020

VC 1,089.3 60.5 1,021.6 56.8 1,015.6 56.4 858.4 47.7 3.76 0.33 8.73 12.82
BU 411.9 22.9 598.1 33.2 615.2 34.2 835.3 46.4 10.34 0.95 12.23 23.52
B 289.2 16.1 171.8 9.5 166.2 9.2 104.6 5.8 6.52 0.32 3.42 10.26
W 10.2 0.6 9.04 0.5 3.7 0.2 2.5 0.1 0.07 0.30 0.06 0.42

VC, vegetation cover; BU, built-up land; B, barren land; W, water body.

FIGURE 4 | Graphical presentation of LULC change.

Frontiers in Remote Sensing | www.frontiersin.org May 2022 | Volume 3 | Article 8973978

Farid et al. Impact of Urbanization on LST

https://www.frontiersin.org/journals/remote-sensing
www.frontiersin.org
https://www.frontiersin.org/journals/remote-sensing#articles


et al., 2021; Mumtaz et al., 2020). Table 4 indicates that in
1990, the difference between urban area and rural area LST was
1.72°C which later in 2000 increased to 1.91°C, 2.22°C in 2010,
and 2.41°C in 2020. Overall, 0.69°C surface UHI change has
been observed in this study which is similar to a study
conducted by Dilawar et al. (2021). Surface UHI can be

FIGURE 5 | Land surface temperature for the years (A) 1990, (B) 2000, (C) 2010, and (D) 2020.

TABLE 4 | Surface urban heat island intensity of Lahore.

Class 1990 (Tmean) 2000 (Tmean) 2010 (Tmean) 2020 (Tmean)

Urban pixels 22.75 23.11 22.39 34.83
Rural pixels 21.03 21.2 20.17 21.7
Surface UHI 1.72 1.91 2.22 2.41
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found in mega cities because high-rise building and dense
infrastructure can trap the heat, leading to rise in surface UHI
which can ultimately cause adverse impact on the health of
localities (Fu and Weng, 2018). The high surface UHI can
cause poor ecological conditions; therefore, we have to
reduce the impact of surface UHI by having more
vegetation cover which can divert the solar radiation (Ng
et al., 2012) using green rooftops to mitigate the effect of
UHI which can reduce the temperature by 0.3–3°C
(Santamouris, 2014) to achieve sustainable development in
the urban areas. In this study, we have evaluated the
relationship between NDVI and LST because vegetation
cover plays a significant role in balance and sustainable
urban development (Weng and Lo, 2001). The correlation
co-efficient of NDVI and LST revealed an inverse
relationship between them: when the vegetation cover
decreases the LST increases, and the similar inverse
relationship has been found by Mumtaz et al. (2020) and
Hassan et al. (2021). From this research, we can understand
that LULC changes help identify the changes in urban climate.
Urbanization is a major source to alter the urban climate, but
there are other factors, that is, wind direction, wind speed,
population, city size, and landscape pattern that need to be
incorporated to analyze the SUHI in more depth.

CONCLUSION

Land use land cover change (LULC) analysis has been performed
for Lahore using the supervised image classification method with
the maximum likelihood classifier algorithm. Landsat 5 and 8
data have been acquired for the years 1990, 2000, 2010 (Landsat
5), and 2020 (Landsat 8) to examine the changes formed by rapid
urbanization. The Landsat thermal band was used to calculate the
land surface temperature (LST) to examine the impact of
urbanization, and consequently surface urban heat island
(SUHI) has been computed using urban LST and rural LST. It
was observed that built-up land increased from 22.9% in 1990 to
46.4% in 2020. In addition, vegetation cover had a decrease in its
area from 60.5% (1990) to 47.7% (2020) which has caused a
consistent increase in LST from 30.06°C in 1990 to 33.24 C in
2020. The difference between urban and rural buffer was 1.72°C in
1990 which increased to 1.91°C in 2000, 2.22°C in 2010, and
2.41 C in 2020. Overall, 0.69°C SUHI change has been observed
from 1990 to 2020. NDVI and LST have been evaluated with each
other, and it was examined that LST and NDVI have an inverse
relationship. Therefore, green rooftops, balanced urban green
spaces, and replacing low albedo with high-albedo surface
materials can have a significant positive influence on urban
thermal environment.

FIGURE 6 | Correlation between LST and NDVI for the years 1990, 2000, 2010, and 2020.
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