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Introduction: 

An urban area's land use and cover often indicate various anthropocentric and physical two-dimensional land 
uses. In an urban region, building up residential and commercial sectors takes up the majority of the land. The 
rapid expansion of urban populations and residential areas has significantly transformed urban regions' LULC. 
Consequently, several factors combine to determine the extent to which a city's residential, commercial, and 
transportation regions, as well as its municipal area, population, and the number of settlements, undergo changes 
in land use and cover within the urban area. Nevertheless, in an urban environment, the factors that exert the 
most significant influence on the swift growth of the population and residential areas have led to alterations in 
land utilization and coverage, as well as the replacement of urban land utilization by urban dwellers. 

Urban sprawl, often known as urban growth, is the unplanned or unwanted growth of a metropolis into the 
surrounding rural regions at the expense of the quality of the urban environment. This occurs as a result of 
factors such as high population pressure, low land prices, improved infrastructure, rising standards of living, a 
lack of urban planning, lower tax rates, and others. The repercussions of these expansions mostly include altered 
land uses, the resulting growth in traffic and public infrastructure, health and environmental problems, and 
altered social dynamics. 

Many people have been using GIS and remote sensing to see how cities have grown and changed. They have 
all demonstrated importance, resilience, efficacy, and precision. Only some studies have used system dynamics 
models to isolate the factors most responsible for a particular event, even though several simulation and 
empirical models are available for predicting LULC changes. A practical method for studying LULC at various 
geographical sizes is to combine the Markov-chain model with cellular automata (CA). These models are 
powerful tools for conducting quantitative simulations. The cellular automaton (CA) model utilizes a probability 
matrix to predict spatial transformations within a specific timeframe. 

Urban expansion and population growth are signs of a thriving economy. However, the negative impacts of 
human activities such as deforestation, construction, sewage systems, water supply, transportation networks, 
and large-scale construction projects on the environment cannot be ignored. These activities have detrimental 
effects on the land, soil, biodiversity, air, water, and overall environmental well-being. Just like how extensive 
development turns cities into impermeable surfaces, it also contributes to the formation of heat islands and 
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exacerbates climate change, leading to more frequent natural disasters. 

In conjunction with simulation models, it is imperative to employ RS and GIS techniques to evaluate, track, and 
replicate previous, current, and forthcoming LULC conditions to tackle these difficulties. By doing this, we can 
build sustainable development and protect the delicate ecological balance, which could lead to effective urban 
policies and demographic, economic, and environmental plans. It is essential to gather spatial-temporal 
characteristics over time to make informed decisions and ensure a harmonious coexistence between urban 
development and the environment. Agricultural drought monitoring, urban heat island effect, and other fields 
of research make extensive use of land surface temperature as a key parameter in the movement of matter and 
energy between the ground and atmosphere. LST is often measured using a thermometer at set observation times 
and places. Due to the fluctuating fluctuations in LST, this discrete point measuring technique is unable to gather 
continuous and large-scale LST information. The advancement of satellite thermal infrared remote sensing 
technology makes it feasible to regularly return huge regions and get the LST distribution. 

Microclimates in cities are influenced by the urban heat island effect, which is a significant contributor to urban 
warming. When city dwellers experience significantly higher air and land surface temperatures than those in 
more rural locations, this phenomenon is known as the urban heat island effect. Several regional problems, 
including biophysical dangers like high temperatures, air pollution, and public health concerns, are associated 
with urban heat islands. To improve city dwellers' health, quality of life, and overall happiness, reducing the 
warming of urban microclimates by tackling the problem of urban heat islands is essential. 

The loss of natural vegetation and water bodies, as well as changes in land use brought about by urbanization, 
are among the many variables that, according to research, combine to create Urban Heat Island (UHI). Among 
these factors, urbanization is considered to be the most significant element that leads to alterations in land cover. 
Changes in land cover, such as replacing vegetation with non-porous surfaces like asphalt, pavement, or roofs, 
are the primary cause of variations in Land Surface Temperature (LST). Every kind of land cover has unique 
attributes regarding the release and absorption of energy. Impermeable surfaces, such as those with low albedos, 
can absorb substantial solar energy. At night, they emit the stored solar energy as thermal infrared heat. Thus, 
there are differences in Land Surface Temperature (LST) across different land cover types about the day-night 
cycle. In addition, researchers conducted a cross-sectional analysis to demonstrate a correlation between 
different forms of land cover and land surface temperature (LST) fluctuations throughout time. 

The impact of altering land use and cover on the environment and local climate can be observed during the 
process of urbanization. One notable effect is the urban heat island (UHI) phenomenon, which occurs when 
natural areas are converted into impermeable surfaces. This conversion reduces evapotranspiration and 
increases the absorption and retention of solar radiation in urban areas. As time passes, the intensity of UHI 
becomes more significant due to the occurrence of extreme heatwave conditions in cities, which can have 
detrimental health effects such as heat stress and heatstroke. The UHI pattern can be influenced by both external 
factors like the location and climate conditions of the urban area, as well as internal factors such as land use, 
land cover, city size and expansion, and human activities. Some of the observed variances in the UHI 
phenomena can be explained by shifts in underlying causes, the most important of which are the dynamics of 
LST within cities. The heat from energy use, material changes, and the albedo of pavements and building 
rooftops are a few factors that might alter the intensity of SUHI over time. Increasing the amount of green space 
in the urban environment is a well-known method of mitigating the impacts of SUHI. 

Rather than utilizing on-site measurements, which offer limited and scattered data, the evaluation of the SUHI 
phenomenon is frequently conducted using thermal data obtained from satellites. Satellite sensors have the 
potential to give reliable and constant observations of the Earth's surface, allowing for the examination of urban 
areas at different geographical and temporal scales. The detailed evaluation of urban heat island (SUHI) 
variations in a small geographical location is conducted by considering several elements, including land cover, 
land use, urban site features, landscape composition, and layout. This analysis is integrated into the 
comprehensive assessment of SUHI utilizing satellite sensors. 
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Urban planning policy can be effectively regulated by utilizing remote sensing methods and surface ancillary 
data at various geographical and temporal scales. The SUHI dynamics are often thought of in terms of urban 
sprawl, changing land use and cover, increased human and industrial activity, and urban materials. However, 
the impact of seasonality and the daily cycle must be considered by us in dry and semi-arid climates. The 
changes in SUHI intensity between seasons or years are influenced by both the warming and cooling tendencies 
of urban and rural regions. It is worth noting that mitigation of SUHI, resulting from a warming trend in rural 
areas rather than the implementation of urban heat alleviation techniques, may inadvertently lead to an 
amplification of SUHI, even when there is only a slight increase in urban zone temperatures. 

Review of Literature: 

Urbanization entails transforming and regulating the natural environment to create an urban setting (Zeng et al., 
2019). Urban areas are transforming in terms of their dimensions and compactness due to rapid population 
expansion (Seto et al., 2012; Reed et al., 2013). By 2030, almost 60% of the global population will reside in 
urban areas, according to two studies: the 2014 United Nations World Urbanisation Prospects research and the 
2019 report by Ghosh et al. Changes to LULC patterns inside cities and the development of urban areas are 
expected outcomes of fast population growth. Modifying the LULC configuration can adversely affect the 
environment, impacting vegetation, aquatic ecosystems, grasslands, and undeveloped areas. 

LULC changes have become very important to urban planners to control the many environmental issues that 
come up because of growth (Nuissl et al., 2009). 

The natural environment, particularly the urban green cover, is under more stress in many cities, especially in 
developing countries, because of fast and uncontrolled urban growth (Jenks et al., 2000; Lin et al., 2015). 

An increasing number of individuals now concur that climate change has predominantly attributed to land use 
and land cover (LULC) alterations, which significantly impact biodiversity, biogeochemical cycles, natural 
processes, and human activities (NRC 1999). 

Land use (how people have changed the earth's surface) and land cover (how living things live on the surface) 
are changing faster because of socioeconomic and biophysical forces (Turner et al. 1995; Lambin et al. 2000). 
These changes significantly impact the duration of socioeconomic progress as they directly influence crucial 
components of our natural capital, such as biodiversity, water resources, and vegetation (Mather and Sdasyuk 
1991). 

Over an extended duration, anthropogenic activities and the natural ecosystem have influenced alterations in 
land utilization and coverage. It is possible to look at how future changes in land cover might affect the 
transitions of land using land change modeling (Wang et al., 2021). Several authors have written about how to 
model future built-up areas using agent-based modeling, knowledge-based expert systems, cellular automata-
based algorithms, machine learning-based techniques, and artificial intelligence (Jat et al. 2017). 

We can thank the Markov Chain model and the cellular automata (CA) model for their important work. The 
model utilizes temporal changes from time 't' to time' t + 1' to forecast the probability of land use changes at the 
future date' t + 1'. The Markov chain is highly effective for estimating Land Use and Land Cover (LULC) based 
on present patterns. This approach relies on the probability of a specific parcel of land transitioning from two 
mutually incompatible states (Thomas and Laurence, 2006). 

Li and Yeh (2002) showed a new way to model how different land uses have changed over time by combining 
neural networks with CA in a GIS context. The researchers in this study made a three-layer neural network 
model with many neurons as output to look at the conversion rates used for competing land uses. Iterative 
looping is used in neural networks in this model to make the process of land conversion more realistic. 

These odds are based on changes that have happened in the past and are used to guess what changes might 
happen in the future. A random Markov model, on the other hand, isn't good because it doesn't take into account 
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how spatial knowledge is distributed within each category or how transition probabilities change across 
landscape states. As a result, it might give the right change's size but not its direction (Boerner et al. 1996). 

Ca models were introduced as an option to traditional models in the middle of the 1980s (Torrens and O'Sullivan, 
2001). They were simple, could simulate dynamic space, and could make high-resolution models by using GIS 
and remotely sensed data. 

Using Markov chain analysis, Hathout (2002) looked at how urban growth would affect farming land on the 
edges of urban-rural areas and predicted how fast cities would grow. Maithani (2010) tried to make a model 
called cellular automata (CA) to help him figure out how cities might grow in the future in India. This model 
used remote sensing data, real-world data on urban growth, and the Markov chain method to guess how much 
land will be needed for cities in the future. 

These urban simulation models and algorithms are like a sped-up version of a real event. They are used to make 
up scenarios or situations that show how cities work and change over time (Sangermano et al. 2010). Cellular 
Automata (CA) models have been used a lot in the last 20 years because they are standard and easy to combine 
with other spatial research. The CA-Markov model combines the Markov model with the CA-based model to 
account for interactions between things in the neighborhood. Because it looks at how neighbors interact, it is 
seen as an important tool for figuring out how the land cover will be spread out in the future (Wang et al., 2021). 

Bununu (2017) used a mixed model that combined the Simweight algorithm with the Markov chain model to 
measure and distribute changes in land use. To describe how things change in the Kansas City Metropolitan 
area, Zubair et al. (2017) combined a Markov chain model with a machine-learning method called Simweight 
(similarity-weighted instance). 

Mandal et al. (2019) examined land cover and use changes in Kolkata, India, and surrounding areas for nearly 
30 years. Various topics were covered in the discussion, including the dynamics of land use and cover, how 
these change over time and space, the path of urban expansion, regional variations, how to predict future land 
use and cover using CA-Markov modeling, and methods for estimating population growth. 

Geographic Information Systems (GIS) and Remote Sensing (RS) techniques, along with Cellular Automata 
(CA) and Markov models, are employed to analyze and examine patterns of urban expansion on a global scale. 
However, not many researchers have used these methods to look at Gandhinagar's urban growth. A mixed model 
with Markov chains, cellular automata (CA), and a logistic regression model was created to make the classic 
logistic regression model better at simulating urban growth (Jokar et al., 2013). 

It depends on specific groups of laws and rules, which is called land use change. Local raster-based simulations 
(Shafizadeh and Helbich, 2013; Guan et al., 2011) use discrete time steps to simulate urban growth. GIS may 
also be beneficial for finding and analyzing changes in land use that are already happening (Celik et al., 2019; 
Sekertekin et al., 2016). 

The CA-Markov model integrates the CA and Markov Chain components to perform many primary assessment 
tasks. The anticipated modification occurs while employing a transition area matrix, a CA-Markov appeal, and 
a connectivity kernel to expand land-use maps to a future period utilizing a CA function. According to Pontius 
et al. (2004a), this can change the Markov Chain's outputs to the desired outcomes. We will examine and 
document the module's reliability and accuracy. Given the ease of integration with GIS and remote sensing data, 
a CA-Markov model provides a solid framework for quantifying and describing the spatial and temporal 
dynamics of LULCC. 

The Markov-CA model can be explained, then the chances of transitions can be looked into, and finally, the 
rules for the area can be shown on future maps using information from biology, society, and the economy 
(Kamusoko et al. 2009). 

Various modeling methods Here, models like the Cellular Automaton (CA) and the Markov Chain have been 
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used to represent changes in LULC. However, these models still need to prove they can accurately predict the 
future. Because of this, the CA-Markov model will be used to look at how things have changed in the research 
area. The research area's land-use maps have been created using Landsat pictures from 2001 to 2021. The goal 
was to use these maps as a model for making future land-use maps. 

The point of this study was to find out how fast, where, and what benefits urban green space (UGS) has on an 
Indian metropolis that is growing quickly. The literature evaluation unequivocally demonstrates that rapid urban 
expansion is encroaching upon and causing harm to urban vegetation covering (Li et al., 2016). Urban Green 
Space (UGS) refers to any vegetated area within an urban environment, including grasslands, trees, parks, home 
gardens, playgrounds, and other natural places. Supporting biodiversity, lowering air pollution, and reducing 
the heat island effect are just a few of the many services that UGS makes a big difference in (Dallimer et al., 
2016, Zhou et al., 2017, Ferreira and Duarte, 2019, Grigoraş and Uriţescu, 2019). Urban green spaces (UGS) 
significantly influence the overall quality of residential areas, offering notable advantages for both mental and 
physical well-being and serving as venues for recreational activities and artistic expression (Taylor and Hochuli, 
2017). 

Converting green spaces into solid surfaces alters the dynamics of heat transfer, water retention, and the energy 
equilibrium between the land's surface and the atmosphere in urban areas (Crutzen, 2004). The shift in LST, 
which leads to the creation of UHI and further deteriorates the health of the environment, is one of the significant 
repercussions of this land conversion, according to Voogt and Oke (2003), Kaufmann et al. (2007), Sherafati et 
al. (2018), and Gohain et al. 2021. 

In their 2013 paper, Ahmed et al. looked at how land cover changes happen and how they affect LST in Dhaka, 
Bangladesh. Wang et al. (2016) looked into how cities grow and how that changes LST in Nanjing, China. The 
study showed that the city has grown quickly by covering up dirt and plants with surfaces that don't let water 
through. This has caused LST to rise. Guha et al. (2017) used temperature satellite data for Raipur, India, to 
study how LST is distributed in space and time and how it changes. 

Priyankara et al. (2019) looked at how changes in land cover and variations in LST are related in their study of 
how development affects the growth of UHI. Dissanayake et al. (2019) conducted a study in Kandy City, Sri 
Lanka, to examine the impact of land use and land cover alterations on the spatial and temporal variations in 
Land Surface Temperature (LST). 

In Pune, Gohain et al. (2021) looked at how LST changed over time and space across different types of land 
cover. They found that LST and density had grown a lot in built-up areas compared to other types of land cover. 
In their study, Roy et al. (2020) looked at how changing land cover affected LST and also found that urban heat 
islands had an impact. The study found that the mean LST went up over urban areas. 

In 2020, Jana et al. investigated how the thermal behavior of Doon Valley was affected by the pattern and 
magnitude of urban expansion. In their study, Das et al. (2021) sought to establish a connection between several 
spatial indicators by investigating the effects of changing land use and land cover on surface temperature in the 
Asansol area. 

A thorough familiarity with plant anatomy and physiology is necessary to study rainfall patterns and climate 
change. Regarding crop development and seasonal shifts, NDVI plays a significant role. It has been found that 
changes in NDVI are related to changes in soil wetness, rainfall, crop production, and natural plant growth. 
Rainfall and soil wetness have a lot to do with how plants grow and develop (Sharma et al., 2022). Temperature 
and rainfall have a big effect on how much and what kind of plants grow in an area (Sha et al., 2020). 

As cities grow quickly around the world, they change the land's surface in big ways. One of the main things that 
affects how the LST spread changes is natural vegetation. NDVI is the most popular vegetation index, and it is 
used to figure out LST. Many things affect the connection between the LST and NDVI, such as the weather, 
different types of plants, land use, development, and more. Multiple recent studies have focused on finding a 
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correlation between LST and NDVI in large cities across the globe (Guha and Govil, 2020; Guha, 2021). 

 

To predict the Land Surface Temperature (LST) in the Chinese Taihu Lake Basin, Feng et al. (2018) used three 
indices. The normalized difference built-up index (NDBI), the normalized difference vegetation index (NDVI), 
and the normalized difference water index (NDWI) were the indices that were utilized. 

Rahman et al. (2017) investigated the impact of land use and cover alterations on land surface temperature 
(LST). The researchers employed a Cellular Automata Markov (CAM) model to simulate the projected changes 
in land cover in Dammam, a city on the eastern coast of Saudi Arabia. Additionally, they used a multiple linear 
regression analysis based on the Modified Normalised Difference Water Body Index (MNDWI) and NDBI to 
predict the future Land Surface Temperature (LST) in the same area. 

There are still a lot of questions about how changes in vegetation affect the climate, especially in Central Asia. 
However, Yuan et al. (2017) say that changes in vegetation can have a big effect on land surface temperatures 
in the area. 

More people living in cities push the edges of rural areas, which puts stress on them and uses up natural resources 
like farms, woods, and plants. So, urbanization is a big part of how Land Use and Land Cover (LULC) change, 
and it's also a good way to guess how LULC will change, which causes surface energy to become uneven and 
temperatures to rise (Matthews et al., 2015). 

Two important climate factors are the combined temperature of the atmosphere in the planetary boundary layer 
and the temperature of the land's surface (Jin, 1996). The air temperature immediately above the ground's surface 
is called the "Land Surface Temperature". The temperature was recorded using a shielded thermometer 1.5 to 
3.5 meters above a flat, green, unobstructed, and well-ventilated area. Using satellite technology, skin 
temperature, a distinct form of Land Surface Temperature (LST), can now be employed in any location 
(Dickinson 1994). 

LST is sometimes mistakenly perceived as the temperature in its core. However, the land surface is not a uniform 
or planar structure; it consists of several heterogeneous materials with diverse shapes, which complicates the 
determination of land surface tension (Qin and Karnieli 1999). Furthermore, the surface frequently exhibits a 
significantly uneven topography when using low-resolution satellite measurements. LST can only be accurately 
defined on uniform surfaces in composition and temperature. Two other names for LST have been proposed in 
the remote sensing community: surface radiometric temperature (Norman & Becker, 1995) and ensemble 
directional radiometric surface temperature (Prata et al., 1995). 

The variable known as LST holds significant importance in climate and environmental studies. Matsui et al. 
(Matsui, 2002) say that LST and changes in rainfall during the North American Monsoon are connected. 
According to Pinheiro et al. (2006), the land's skin temperature can be used to find out things like the surface 
energy balance, find out if the land's surface has been disturbed, and keep an eye on conditions that make it easy 
for insect-vector diseases to spread. 

Because satellite sensors see the ground surface through different shapes, the zenith angle needs to be taken into 
account when figuring out the brightness temperatures (Kimes et al. 1980, 1983, Ignatov and Dergileva 1994). 

"Ensemble" refers to what a pixel adds to the whole. As well as the measurement's spectral channel for a certain 
sensor viewing direction, LST is affected by how temperature and emissivity are spread out inside a pixel. It's 
not limited to surfaces that are uniformly isothermal because it takes into account the effect of the whole 
"ensemble" inside a pixel. Conversely, the definition of a surface is contingent upon the characteristics of the 
tools employed to capture the image, such as their dimensions and clarity. It should correspond to the dimensions 
of the model (Becker and Li 1995). 

For this study, Mumtaz et al. (2020) used Landsat data from 1998 to 2018 to look at Peshawar and Lahore, two 
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very large towns in Pakistan. In Peshawar, there was an increase in both urbanized land and vegetation cover. 
However, in Lahore, there was just an increase in urbanized land while vegetation cover decreased. Because of 
this, it has been found that the temperatures in Peshawar and Lahore have been steadily going down and up, 
respectively. 

Despite its significance in regulating LST in urban areas, the number of green spaces in cities worldwide has 
experienced a substantial decline in the past few decades (Choudhury et al., 2019). The development activities 
result in significant alterations to the vegetation, leading to a loss of UTE (Xiong et al., 2012). Urban buffers 
have more significant LST than rural buffers, resulting in the SUHI (Mathew et al., 2018). Urban flash floods, 
heat waves, higher precipitation, and elevated temperatures are some of the environmental difficulties caused 
by these events (Santamouris, 2014; Fu & Weng, 2018). Also, ecological concerns and land degradation are 
present. 

In their 2022 study, Waleed and Sajjad examined the impact of urbanization on LST in Pakistan. From 1990 to 
2020, the built-up area grew by 8.5% per year, which caused the average maximum LST to rise by 1.4 C. 
Mathew et al. (2018) used the MODIS dataset to study SUHI in two Indian megacities and found that both cities 
have a bigger effect on SUHI at night than during the day. 

In 2021, Dilawar et al. looked at six major cities in Pakistan's Punjab area to see how urbanization has changed 
SUHI. The results showed that in all places, vegetation was always going down because more people were 
moving into the areas, which over time made SUHI worse. The biggest places in South Asian countries were 
looked at by Hassan et al. in 2021. The author found that more people living in cities are reducing the amount 
of plant cover in South Asian megacities. Some researchers assert that a 1-2°c temperature difference existed 
between rural and urban regions. 

Various LULC classes contribute to LST differently because of differences in energy absorption and radiative 
properties, surface reflectance, and roughness (Bokaie et al., 2016; Solaimani et al., 2010). As a result of 
increased urbanization, several regions have seen a decline in their vegetation cover (Dilawar et al., 2021; 
Mumtaz et al., 2020; Singh et al., 2017). 

The NDVI is a widely utilized and significant remote sensing technique for assessing the vitality of an ecosystem 
(HanqiuXu, et al., 2019). A higher NDVI shows more vegetation, or the amount or state of vegetation within a 
pixel. It is common for places with the lowest LSTs to also have the highest NDVI. This negative link between 
the NDVI and LST is important for studying the climate in cities and the environment (Yuan and Bauer, 2007). 

It was found by Weng et al. (2004) that LST and vegetation percent have a weakly negative link. The links 
between LST and NDVI, on the other hand, change depending on the season and time of day. In winter and 
warm seasons, there are strong positive and negative links between NDVI and LST. However, Karnieli et al. 
(2006) show that ecosystems in the north at high latitudes tend to have positive relationships between LST and 
NDVI. 

Aims and Objectives: 

1. To evaluate the dynamics of urban growth by analyzing changes in LULC. 

2. To examine how changes in land use and land cover affect the spatiotemporal changes in urban green space. 

3. To assess metropolitan expansion patterns in the KMDA and analyze the urban expansion collision on surface 
temperature. 

Significance of the Study: 

The current effort will aid in the creation of sustainable, smart cities, which is now a priority for the Indian 
government and will assist urban planning organizations in developing mitigation techniques for urban heat 
island impacts. Nurwanda and Honjo, 2020; Sekertekin and Zadbagher, 2021; Feng et al. 2018; Rahman et al. 
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2017; Tran et al. 2017; Feng et al. 2018; and similar investigations are quite a few, and as far as we are aware, 
no reported attempts have been made in an Indian context. The current study will be conducted in Kolkata city 
and its surrounding areas (India's West Bengal state). 

Study Area: 

Kolkata, the capital of West Bengal in India, was originally established by the British. It is situated in a flat 
region with tide-dominated drainage outfalls. The Kolkata Metropolitan Area (KMA), which includes the city 
of Kolkata, is one of the world's most important urban areas. KMA, known as The Kolkata Urban 
Agglomeration (KUA), has experienced consistent growth throughout the past century. KUA spans an area of 
around 1851 square kilometers and is situated between latitudes 22˚ 0’19’’and 23˚0’01’’ in the north and 
88˚0’04’’ and 88˚ 0’33’’ in the east. The Hooghly River is a vital lifeline for the entire Southern Bengal region. 
The city of Kolkata, with its urban sprawl, is situated along both the eastern and western banks of the river, 
forming a linear urban layout. The rural hinterland envelops the urban area, serving as a buffering green belt 
around the agglomeration (KMC 2015). This intricate network of local governments in South Bengal includes 
38 towns, 77 census towns (CT), 16 expansions, 445 rural villages, and three large municipal corporations 
(MC): Kolkata, Howrah, and Chandernagore. 

With a density of 7950 people per square kilometer, the 2011 Census put the total population of the KMA at 
approximately 14.72 million. With a projected yearly growth rate of 1.8%, the Indian population is expected to 
reach 20 million in 2021 and 21.1% in 2025, according to the 2011 Census of India and the KMDA. With a 
combined population of almost 30 million, the megacities that make up the Kolkata metropolitan agglomeration 
are among the most populous in the world (UN, 2007). Among India's urban agglomerations, Kolkata ranks 
third in size. As it grows into a major metropolis, perhaps in comparison to other cities worldwide, Kolkata 
faces several socioeconomic challenges, including heavy traffic, poverty, overcrowding, noise, water, and air 
pollution (Bhatta, 2009; Mukherjee, 2012). 

On top of that, 33 percent of the people living in the slums of KMA are poor. Multiple land uses, including 
residential, commercial, and industrial, coexist in the metropolitan agglomeration's slums (Roy et al., 2014; 
Sugiyama, 2008; Bhatta, 2009). Swamps and marshy areas abound in the easternmost part of the KMA, 
especially in Bidhan Nagar, Rajarhat, Maheshtala, and Sonarpur. Without adequate planning, these wetland 
areas are transformed into urban areas by constructing homes (Ghosh & Sen, 1987; Dasgupta et al., 2013). 

Methodology: 

Therefore, the continuing study primarily aims to assess the impact of land use and land cover changes on the 
disappearance of urban green areas. The goal is to foretell possible future events by incorporating the CA-
Markov model. Additionally, the current study analyses the distribution of green space per capita and the 
variation in green space availability across cities in terms of space and time. Since NDVI is the principal variable 
impacting land surface temperature (LST) variations, it is the only variable in this study that deals with 
discussion on LST. In this study, we analyze the impact of urban land use changes on land surface temperature 
in the Kolkata Urban Agglomeration utilizing remote sensing and zonal statistic methodologies. 

For carrying out this investigation, ground truth information gathered in the field and satellite image data were 
both employed. The data was systematically compiled and analyzed while keeping the study's goals in mind. 

The previous documentation provides detailed descriptions of several land cover types, including urban, 
agricultural, and wetland, based on fieldwork and personal experiences. The analyst is looking for specific 
training sites representative examples of well-known land cover types within the remotely sensed data. For these 
training locations, multivariate statistical parameters are produced. Every pixel inside and outside the training 
locations is assessed and categorized according to its chance of belonging to that group. The creation of the 
Land use map has been in severe need of supervised categorization. The selected training courses included full 
user-visual interpretation assistance. Training sites are the regions that an analyst chooses within a picture to 
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represent the relevant land cover classes. For each training site, close to 30 example plots from the same land 
use land cover categories have been gathered and then combined into a single class. The study used the 
Maximum Likelihood Classification (MLC) approach. For this, a collection of model parameter values that 
maximizes the likelihood functions is chosen by the likelihood itself. Recoding was done to enhance the 
categorization results. The maps of LULC have been used to derive the urban area. Predicting the growth 
pattern's direction is possible by overlaying every extracted urban region. For detecting LULC change, many 
supervised classification techniques are employed. 

 

The CA-Markov model is a module that combines cellular automata (CA) with Markov Chain analysis for 
multi-criteria evaluation. It uses a CA function to project a future land-use map and applies Markov chain 
analysis with a contiguity kernel to estimate the projected land-use change. Specifically, the focus is on the 
transition area matrix. This module's knowledge and correctness will be evaluated and put on display. 
Considering both remote sensing and GIS data can be successfully integrated, this model may be a reliable 
method for both the spatial and temporal dynamic modeling of LULC and its quantity estimation. The definition 
of initial circumstances, parameterization of the Markov-CA model, analysis of transition probabilities, and 
development of neighborhood rules using transition potential maps are frequently done using biophysical and 
socioeconomic data. 

Local rules defined by the CA spatial filter or transition potential maps control the spatial dynamics in the CA-
Markov model. The Markov Chain, which is based on transition probabilities, controls the temporal dynamics 
between the land use/cover categories. 

Data Methodology

Satellite Images

Image Pre-processing

NIR and Red 
Band

NDVI

Vegetation 
Proportion (Pv)

Land Surface 
Emissivity

Land Surface 
Temperature

Hotspot Mapping

Final LULC 
(2001, 2011, 

2021)

Extraction of Built-up 
and Other LULC 

Classes

Google Satellite Image

Accuracy 
Assessment

Post-Classification

Class Area Dynamics 

Percentage of Landscape 
Change Gain and Loss 

Analysis 

Contributors to Net Change 

Concentric Zone analysis
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This spatial statistical model used to describe the dynamics of land use change and future forecast of land use 
is the Markov chain model. The foundation of this model's theory is the flow of data from Markov stochastic 
process systems in predicting status conversion. For each land-cover class, this model offers a series of 
conditional probability pictures. It is often employed in forecasting geographical characteristics that do not 
experience after-effect events, and it has developed into a crucial forecasting technique in geographic study. 
This model uses a Markov chain to anticipate changes in the future by taking into account different land-cover 
classes using satellite data and analyzing future simulations across two time periods (2001–2011 and 2011–
2021) in IDRISI Selva. 

Markov chains can be written as follows [Fan et al., 2008]: 

 

If the discrete value was a1……. and appears in a Markov chain of random variations, then 

 

The change matrix in the meeting Markov chain is tested using the chi-square (X2-test), which is written as 
follows: 

 

Where r refers to the no. if row and c refer to the no. of column ij=Cell its actual number (r-1) * (c-1) is the 
degrees of freedom, and Eij refers to the expected value in cell ij. 

Data Processing: 

Image Pre-Processing: 

For this study, Landsat images from 2001 to 2021 at the interval of 10 years were collected from the United 
States Geological Survey (USGS) website for analyzing the spatial-temporal changes in LULC and governing 
urban area expansion in the research region. The geometric correctness of each scene was confirmed, and all 
data were projected based on WGS 84, 45 N. Surface reflectance data have undergone post-production 
processing that included atmospheric correction, geometric correction, and other changes and are now available 
for use (http://landsat.usgs.gov/CDR_LSR.php). The CA-Markov model is a computational framework that 
integrates cellular automata (CA) with Markov Chain analysis to evaluate multi-criteria. The system employs a 
cellular automaton (CA) function to forecast a forthcoming land-use map. It utilizes Markov chain analysis with 
a contiguity kernel to approximate the anticipated land-use transformation. More precisely, the emphasis is on 
the matrix of the transition area. 

Landsat 5 (TM) and Landsat 8 (OLI/TIR) sensors are used to analyze this study's disparity in urbanization levels 
between peri-urban and urban regions. ArcGIS 10.7 and QGIS 3.18.1 were used to gather, pre-process, and 
analyze the images for the years 2001, 2011, and 2021 to prepare them for land use. 

Using a high-resolution Ortho-rectified image, the images were geo-rectified. Thematic Mapper (TM) and 
thermal image analysis are used to analyze the remote sensing data after pre-processing. Multi-spectral indices 
such as the Normalised Difference Vegetation Index (NDVI), Modified Normalised Difference Water Index 
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(MNDWI), and Normalised Difference Built-up Index (NDBI) are derived from TM and OLI images. Table 1 
provides a comprehensive overview of the technical parameters for Landsat 5 TM, Landsat 7 ETM+, and 
Landsat 8 OLI/TIRS. 

 

Synthesis of Spectral Indices: 

In the last few decades, change detection has also been done based on remote sensing data, which is primarily 
used to evaluate environmental processes both worldwide and locally. Monitoring, categorizing, and assessing 
the region may all be done with the help of the Landsat satellite. Red, green, and blue (visible band), infer red, 
near infer red (NIR), middle infer red (MIR), short wave infrared (SWIR), panchromatic, and thermal bands are 
among the bands that make up Landsat. Landsat 8 has 11 bands, compared to Landsat 5's 6 bands. Only a few 
bands (GREEN, RED, NIR, SWIR, or MIR) are employed for the spectral analysis of NDVI, MNDWI, and 
NDBI. 

The Normalised Difference Vegetation Index (NDVI): 

This index was developed by Rouse et al. in 1973 and is used to quantify vegetation by using near-infrared and 
red bands. 

To observe greenery, NDVI is primarily employed as a vegetation index. Healthy vegetation acts as an excellent 
electromagnetic spectrum absorber in the visual range. Healthy plants exhibit a high Near Infrared (NIR) 
reflectance between 0.7 and 1.3 µm. The two bands utilized to compute NDVI are NIR and Red. The vegetation 
index was calculated using the following method; Equation (a) is for Landsat 5 and Equation (b) is for Landsat 
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8. 

(Band 4–Band 3)/ (Band 4+ Band 3) ………………………(a) 

 

(Band 5 – Band 4)/ (Band 5+ Band 4) ………………………(b) 

The value of the NDVI index value ranges from -1 to 1. As the NDVI value is near 1, plant density rises as well. 
According to Akbar et al. 2019 and Bhandari et al. 2012, the NDVI values between -1 and 0 represent water 
bodies, values between -0.1 and +0.1 represent barren/semi-barren land and sand, the values between 0.32 and 
0.5 represent agriculture shrubs and grasslands, and for dense vegetation or tropical rainforest the NDVI ranges 
from 0.6 to 1 

MNDWI, or Modified Normalised Difference Water Index: 

An MNDWI was obtained using the middle infrared and green bands. According to Hanqiu Xu (2006), it is 
typically used to reduce noise from populated areas. 

Modified Difference The water spread area is located using the Water Index. A red and green band was applied. 
Water bodies often reflect little light. Only the visible range of the electromagnetic spectrum is reflected by it. 
In comparison to the green (0.5-0.6 µm) and red (0.6-0.7 µm) spectra, the blue (0.4-0.5 µm) spectrum exhibits 
a higher level of light reflection in liquid water bodies. Clearwater is the most reflective in the blue region of 
the visible light spectrum. Visible spectrum reflectance is increased in turbid water. Beyond near-infrared (NIR), 
there is no reflection. Gao (1996) suggested using the NDWI to construct water-related land-use/land-cover 
characteristics. The quality of the index result produced by NDWI is lower. Neither NIR nor SWIR is reflected 
by clear water. The GREEN band and SWIR band were used in the modified index, which made it superior to 
the other indices available in terms of improving water bodies. (Mukherjee & Samuel 2016; Szabo et al. 2016; 
Hanqiu Xu 2006). Water bodies will result from positive MNDWI values (0 to 1), whereas negative values (-1 
to 0) correspond to either of the two forms of land use. The MNDWI is shown below for Equations (c) and (d), 
respectively, for Landsat 5 and Landsat 8. 

(Band 2 – Band 5)/ (Band 2 + Band 5) ……………………………. (c) 

 

(Band 3 – Band 6)/ (Band 3 + Band 6) ………………………… (d) 

 

Normalized Difference Built-up Index (NDBI):  

The Normalised Difference Built-up Index (NDBI), which was first developed by Zha et al. (2003), is utilized 
to precisely extract built-up land (Dhar et al. 2019; Rasul et al. 2018; Xiong et al. 2012; Xu 2008; Zhou et al. 
2014). The index ranges from -1 to +1, In the Near Infrared (NIR) and SWIR1 bands of the Landsat TM / OLI 
sensor data, built-up land exhibits a considerable increase in their reflection. For the examination of developed 
land, there are several indices. Modified Difference For the extraction of built-up regions Built- up Index 
(NDBI) is mostly used. Buildings and barren ground reflect more SWIR than NIR light. On the infrared 
spectrum, the water body doesn't reflect anything. NIR reflection is greater than SWIR reflection in the case of 
the greenie surface. With just a greater positive value signifying built-up and undeveloped land, the built-up 
index is a binary picture that automatically maps the built-up area. 

(Band 5 – Band 4)/ (Band 5 + Band 4) …………………………. (e) 

 

(Band 6 – Band 5)/ (Band 6 + Band 5) …………………………. (f) 
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For the data from Landsat 5 and 8, equations (e) and (f) are utilized to derive the built-up index. The range of 
the NDBI values is from -1 to +1. A value close to +1 indicates the high density of the build-up area, and a 
lesser number corresponds to aquatic bodies. The vegetation NDBI data have little importance. 

Land Surface Temperature (LST) Derivation: 

The LST derivation was conducted to determine if the LULC alterations had an impact on the thermal 
environment. The secondary information is required to prepare the LST. To guarantee the comparability of the 
approach, the Landsat imageries utilized for the LST derivation match the years in which LULC categorization 
was completed. Using QGIS and ERDAS imagining software, Adaptive filtering, fast Fourier transformation 
(FFT), and top atmospheric correction (TOA) are applied to the Landsat datasets to reduce noise. For LST, noise 
reduction is essential since it influences brightness temperature. Using an orthorectified high-resolution picture, 
multi-temporal Landsat Thematic Mapper (TM) and OLI/TIRS images were georeferenced. The RMS error for 
the picture is 0.26 and the thermal bands are resampled on 30m. 

The temperature bands for conversion are provided in Equations (g) and (h) below. 

 

QCALMIN is the minimum quantized calibrated pixel value (corresponding to LMIN) in DN, which is 1 for 
LPGS products, 1 for NLAPS products processed after 4/4/2004, and 0 for NLAPS products processed before 
4/5/2004. LMIN and LMAX are the spectral radiances scaled to QCALMIN and QCALMAX, respectively, in 
watts/(m2*sr*µm) and watts/(m2*sr*µm) respectively. The highest quantized calibrated pixel value 
(QCALMAX) in DN=255 is the same as LMAX. 

 

Where, Tk is temperature represents a brightness temperature in Kelvin(k), Lλ-spectral radiance at the sensor's 
aperture unit of (W/m2*sr*μm), K1: Calibration constant 1 in W/(m2*sr*µm), K2: Calibration constant 2 in 
Kelvin (k). Table 2 shows the k–k-values of different sensors. 

 

(h
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Results and Discussion: 

Urban development is currently one of the most crucial global challenges, of late, planners are interested in 
urban and environmental-related issues and paying more and more attention to understanding how urban 
structure is changing in the new era for sustainable development. The primary factors contributing to the 
escalating, uncontrolled expansion of cities are overpopulation, economic growth, and the integration of rural 
and urban areas. This phenomenon poses significant environmental and social risks, diminishing the quality of 
life in both urban and non-urban communities, and also leads to alterations in the spatial organization of cities. 

The relentless process of urban expansion is inevitable. Still, it is crucial to foresee the future growth of cities 
to effectively plan and make policies that address the challenges arising from rapid urbanization. It is essential 
to comprehend and anticipate the alterations in land use and urban expansion to safeguard suburban areas, 
effectively manage environmental resources, and implement sustainable policies. Recognizing the possible 
effects on people and socioeconomic resources, as well as reducing the adverse impact on the environment, is 
part of this. 

Extraction of LULC Classes and Maps: 

For 2001, 2011, and 2021, images were collected and analyzed using the ARC GIS. For the extraction of LULC, 
supervised methods utilizing a maximum likelihood classifier algorithm were used. Anderson et al. (1976) 
proposed a system for categorizing land cover in remote sensing data, which involved modifying the existing 
approach. Urban (built-up), agricultural, vegetated, homestead, fallow, bare, water, and wetland areas were the 
eight classifications for LULC extraction (Table 1). 

The study's primary objective was to map and analyze the progression of urban expansion and development. 
Given Jhapa's prominence in tea cultivation, it has been designated with a distinct land use classification. The 
TerrSet software's land change modeler (LCM) is utilized to analyze temporal changes and transitions in land 
use and land cover (LULC). After preparing the LULC map, a classification accuracy assessment is required. 

Using a random sampling process, we evaluated the accuracy of LULC maps. On the other hand, the resolution 
of the satellite images severely reduced the accuracy. The researcher randomly chose seventy-four sample 
locations to assess the accuracy of the land-cover classifications for each of the seven classes. They settled on 
an accuracy assessment to measure total precision, user accuracy, and producer accuracy. Given the lack of 
current land-cover data, they supplemented it using field observations and Google Earth photos for 
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confirmation. 

LULC Pattern 2001-2021: 

The original plan was for the researcher to look at 2001 Landsat images to see how land usage changed that 
year. Numerous land use categories were established and used as examples for 2001. The ground truth 
verification validated the detected land use patterns. The reason is that preceding ground verification data is 
crucial for identifying the land use class pattern in supervised image classification. While classifying the picture, 
the researcher identified each pixel based on its color tone, texture, and ground truth information to verify each 
land use category. Figure 1 shows the eight categories that made up the land use pattern during the year. 
Following the supervised categorization, the estimated land area for this municipality was 1787.37 sq. km. 
According to the specified land use categories, vegetation occupied most of the study region (29%) followed 
by agricultural land (28%) and then built-up areas (17%) and homesteads (10%), as shown in Table 3. 

 

Pinkish patches represent built-up regions, which were more noticeable in this municipal area as seen in Figure 
1. Agricultural land was abundant during this historical period, as indicated by the golden color. Compared to 
neighboring places, the southern side has a higher proportion of agricultural land (Fig. 1). Due to the poor 
resolution of the picture, this period has a higher percentage of agricultural land than the previous periods. 

Following the categorization of land uses in 2011, the land use pattern in 2011 (Fig. 1) was visually interpreted. 
In all, 8 different land use categories were found during the 2011 picture categorization process. According to 
2011 image categorization findings, agricultural (431.23 sq km, or 24% sharing the total land area) came in 
first, followed by built-up areas (411.35 sq km, or 23% of the entire area), homestead land (379.09 sq km, or 
21%), and vegetation sharing 262.56 sq km, or 14%, in that order (Table 3). The municipality's advantageous 
position, proximity to the nearby train station, a good market facility, both types of well-connected highways 
(metalled and arterial roads), and a solid infrastructure facility were the key drivers of the expansion of the built-
up area. 
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Buildings comprised 30% of the study area in 2021 (Fig. 1a-c), whereas vegetation, agricultural land, and 
homesites comprised 25%, 16%, and 14% of the area, respectively (Table 3). The southern part of this figure 
has a significant concentration of built-up area. Due to its proximity to the city center through the N.S.C. Bose 
Road, it is more expensive than other regions. In addition to these elements, metro rail is another reason for the 
region's extremely high population density. Following the year 2000, additional mouzas were added to this 
municipality's boundaries. It has been observed that the right side of the railway track is denser than the left side 
after the inclusion of those panchayats. because the railway track's left side is already very thick from previous 
years. 

Land use cover Change detection: 

The primary objectives of this research are to comprehend and measure the patterns of land use and land cover 
(LULC) and to forecast their impacts. Understanding the importance of land cover changes on a regional basis 
is crucial since it will make it easier to quantify changes over time and analyze them in terms of change rate. 
By observing and tracking a feature or phenomenon through time, change detection is the act of identifying 
changes in its state. In a setting where there is a risk of dynamic change, change detection in LULC might be 
performed annually. Analyzing the geographic scope of the shift in land cover classes allows one to gauge the 
magnitude of change. To track the severity of changes in the LULC pattern in the research region, three time-
sequentially classed photos from 2001, 2011, and 2021 were utilized. 

Examining the process of detecting changes in different land cover categories over time is a widely used 
approach for understanding the characteristics of the shift. These trajectories are characterized as patterns across 
time, which are in charge of altering the dynamics of earth resources in a certain region. These changes take 
place as a result of evolving local and regional conditions based on a variety of causes. A series of changes in 
land usage throughout a region can be used to identify the general pattern of change. In this work, land-cover 
change trajectories are produced, referring to consecutive land-cover types for a specific pixel across the 
observation period. A categorized map is generated as a result of post-classification change detection, which 
shows the sharing of land-cover classes for each pixel at two different periods. The "from" and "to" identifiers 
enable the establishment of a consistent path for land-cover transformation. Terrain The variations in the cover 
of a region are typically distinct, resulting in an intricate landscape with a diverse range of cover types (Clarke 
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et al., 1997). 

Studying land-cover-changing processes is crucial since it provides a comprehensive understanding of the 
underlying factors behind these changes and enables predicting future outcomes. There are three distinct change 
trajectories: unmodified, stable, and unstable. The researcher generated Temporal change trajectories for each 
class to assess the region's evolving pattern of geographical distribution. 

 

Based on the information in Table 4, the relative change in the municipality's land uses was evaluated. In this 
research region, the relative changes between 2001 and 2021 revealed some erratic patterns. Except for the 
built-up area, the land use change between 2001 and 2021 showed negative trends in most of the categories. 
Approximately 222.78 sq. km of agricultural land was lost between 2001 and 2021, whereas 78% of the natural 
vegetation was converted to built-up areas during this time. A total of 132.56 square kilometers of built-up area 
has been added between the years 2011 and 2021, while 116.85 square feet of homestead land have been turned 
into marshland or built-up area. In 2001, urban expansion resulted in a loss of 2.89 sq. km. of wetland. These 
are the effects of the area's rapid urbanization. 

The urban area expanded by around 224.4 sq km between 2001 and 2021, whereas vegetation area declined by 
78.31 sq km, water body increased by 17.17 sq km, and fallow land increased by 4.82 sq km. In comparison, 
between 2001 and 2011, urban and built areas grew from 91.84 square kilometers to 132.56 square kilometers, 
with the biggest growth being between 2001 and 2021. By contrast, vegetation, bare land, and agricultural land 
shrank. From 2001 to 2021, the most critical factor in the growth of cities, according to their results, was the 
transformation of farmland and desert into housing and other urban amenities. 
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Accuracy Assessment of LULC Dynamics: 

The secondary information that was utilized to create the LULC. To determine the final criteria for the various 
LULC classes, the ensemble of spectral indices is employed in the construction of LULC. This is done by 
applying the appropriate threshold values for each index. The Ground Control Points that were gathered as the 
study's core data were used to validate the LULC classification that had been completed. The confusion matrix 
was used to calculate the kappa coefficient (k) once the accuracy evaluation was completed. Additionally 
computed were the producer's accuracy (PA) and the user's accuracy (UA). Following is a presentation of the 
equations (i–k): 

𝑇𝑜𝑡𝑎𝑙𝑛𝑜𝑜𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑖𝑥𝑒𝑙𝑠𝑖𝑛𝑎𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝑃𝐴)=
𝑇𝑜𝑡𝑎𝑙𝑛𝑜𝑜𝑓𝑝𝑖𝑥𝑒𝑙𝑠𝑜𝑓𝑡ℎ𝑎𝑡𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑑𝑒𝑟𝑖𝑣𝑒𝑑 

𝑓𝑟𝑜𝑚𝑡ℎ𝑒𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑑𝑎𝑡𝑎(𝑟𝑜𝑤𝑡𝑜𝑡𝑎𝑙) 

(i) 

𝑇𝑜𝑡𝑎𝑙𝑛𝑜𝑜𝑓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑝𝑖𝑥𝑒𝑙𝑠𝑖𝑛𝑎𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 

𝑈𝑠𝑒𝑟𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑈𝐴)=
𝑇𝑜𝑡𝑎𝑙𝑛𝑜𝑜𝑓𝑝𝑖𝑥𝑒𝑙𝑠𝑜𝑓𝑡ℎ𝑎𝑡𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦𝑑𝑒𝑟𝑖𝑣𝑒𝑑 

𝑓𝑟𝑜𝑚𝑡ℎ𝑒𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑑𝑎𝑡𝑎(𝑐𝑜𝑙𝑢𝑚𝑛𝑡𝑜𝑡𝑎𝑙) 

 

(j) 

 

Any categorization project must include an accuracy assessment. It makes an accurate comparison between the 
categorized image and another data source. Only situations that may have been appropriately categorized by 
accident are controlled by Kappa. 

row total row total maps have an overall classification accuracy of 94.6% for 2001, 94.6% for 2011, and 
97.33% for 2021. According to the findings, categorized satellite images are suitable for accurate and efficient 
modeling of changes in land use and land cover. Additionally, between 2001 and 2011, producers had a perfect 
% accuracy rate of 100% when it came to categories including built-up areas, fallow land, homesteads, water 
bodies, and wetlands, according to a study that examined user and producer precision. In 2021, all categories 
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except agriculture and bare ground are projected to achieve the highest level of accuracy at 100%. The producer 
accuracy for bare land in 2001 was the lowest (84.62%). Agriculture (100 percent, 2001), bare lands (100 
percent, 2011), and built-up regions (100 percent, 2011) had better user accuracy than water bodies and 
wetlands. The Homestead had the lowest user accuracy (60%, 2021) (Table 5). 

Between 2001 and 2021, there were several notable changes in land use. Urban areas consistently increased, 
while arable land showed a gradual decline. The number of woods and bushes remained unchanged. Water 
bodies and wet regions exhibited non-linear increases. There was no general deterioration in the availability of 
permanent water resources, notwithstanding several periods in which the water bodies shrank. Instead, seasonal 
variations in rainfall dictated the amount of land that was covered by water. 

Spatial Trend Analysis: 

 

Due to many work possibilities in construction companies engaging locals as unskilled laborers and encouraging 
them to give up farming practices, agricultural area decreased throughout the evaluation period from 2001 to 
2021 from 28.71% of the total area to 16.25% (Table 2). Due to the state government's strict measures for 
regenerating the badly degraded river floodplain, the built-up area did not change during that time. The net 
change and contribution of various land use types from 2001 to 2021 are shown in Fig. 3(a). Between 2001 and 
2011, there was a greatest rise in housing stock and a maximum loss of vegetation. The transition of land use 
classes into settlement is shown in Fig. 3(c) from 2001 to 2021, which also shows the concentration of human 
activity in the flood plain of the Hooghly River. 
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LULC has changed due to human activities and natural processes, with the specific ratios of transition varying 
across different historical periods. Figure 3a-f shows the changes in LULC (land use and land cover), including 
positive and negative effects, during the research project. There are three distinct phases to the LULC transition 
in the area. 

In first stage covers the years 2001 to 2011, and during that time, there was a decrease in the amount of land 
that was farmed, from 513.24 km2 to 431.23 km2, mostly due to the conversion of 111.04 km2 to homesites, 
40.02 km2 to buildings, 37.25 km2 to vegetation, 23.34 km2 to bare ground, and 10.61 km2 to the wetland area. 
A substantial decrease in vegetation from 530.91 to 262.56 km2 and an increase in the area of the homestead 
from 184.79 to 379.09 km2 were two additional significant changes (Figure 3a-b). This fall in vegetation was 
mostly caused by the conversion of 187.615 km2 of vegetation to homestead. A further four significant changes 
included a rise in the amount of bare land from 61.77 to 87.37 km2, which was primarily caused by the 
conversion of 23.9117 km2 of vegetation and 23.3403 km2 of cultivated land. From 23.26 to 40.13 km2 of 
fallow land increased over this period, mostly due to the conversion of 15.37 km2 of agricultural land, 8.18 km2 
of vegetation, and 3.79 km2 of homestead land. 
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The urban area exploded between 2011 and 2021, rising from 411.35 km2 to 543.91 km2, at the expense of 
64.6078 km2 of arable land. The loss of woodland (67.6057 km2), homesites (71.9128 km2), bare land (11.3473 
km2), water (4.448 km2), and west land (9.33 km2) contributed to further reductions in cultivated land to 290.46 
km2. Of this, 26.86 km2 of built-up land and 40.3987 km2 of forest were converted (Figures 3c-d). The 
conversion of 14.63 km2 of vegetation and 11.93 km2 of waterbody to wetland contributed significantly to the 
growth in the wetland area from 58.87 to 66.68 km2 in the second stage. At the expense of 175.57 km2 of 
homestead and 67.6057 km2 of cultivated land, the vegetation area increased from 262.56 km2 in 2011 to 452.6 
km2 in 2021. 

From 2001 to 2021, the study's end period, urban areas increased from 319.51 to 543.91 km2, replacing 
vegetated land by 117.902 km2, agricultural land by 69.611 km2, bare land by 27.69 km2, and homestead land 
by 52.28 km2. The change from cultivated farms to vegetative land of 132.362 km2 revealed a sharp reduction 
in agricultural area from 513.24 to 290.46 km2. The conversion of 9.223 km2 of wetlands to water body 
delineated a rise in waterbody area from 92.04 to 109.21 km2, and the area of 118.705 km2 of vegetation to 
homestead land exhibited a strong growth in homestead area from 184.79 to 262.24 km2. (Figure 3e-f). 

The generalized pattern of development between 2001 and 2021 is seen in Figures 4(a-f) and 5(a-c), with 
urbanization spreading out from the center. The more heavily altered sections, which are shown by the deeper 
red patches, gradually lessen as they approach the city's periphery. To show this cubic analysis, the LULC maps 
between 2001 and 2021 were used. The more heavily altered sections, which are shown by the deeper red 
patches, gradually lessen as they approach the city's periphery. Due to the conversion of agricultural land, the 
southeast has more urban areas. 
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On the other hand, the overall pattern of change between 2001 and 2011 shows urbanization as a result of the 
conversion of fallow land moving towards the center, the darker red area concentrated towards the western part 
in the second period (2011–2021), and the urbanization moving towards the northern-eastern part in the final 
stage. 

The overall pattern of development between 2001 and 2021 is seen in Figure 5(a-c), with urbanization spreading 
outward from the central area. The more heavily altered sections, which are shown by the deeper red patches, 
gradually lessen as they approach the city's periphery. Urban areas are more prevalent in the eastern, middle, 
and southern regions than in the western and northern ones. 

Urban Expansion: 

According to Hauser (1966), the process of urbanization can be clearly distinguished as a change in people's 
occupation from agricultural to non-agricultural (Singha, 1990) and it also brought about the concentration of 
population in a small area, implying high densities. 

Burgess (1925) used a pattern of concentric circles to depict the process of urban growth in its optimum state. 
This circle is prone to expanding outside due to the encroachment of new outside (rural or fringe) land uses. 
This feature is referred to as succession in ecology. Thus, the opposing and complementary processes of 
concentration and decentralization serve to control the process of expansion. The city naturally gravitates toward 
the Central Business District or city center as a result of the close interplay between these two factors (Burgess, 
1996). This area eventually becomes the center of political, cultural, and economic activity and might be 
considered the urban core. The most significant area of an urban region is its core, which is characterized by its 
central location despite its limited size. In addition to contributing to the city's physical growth, urban expansion 
possesses a significant impact on how society is organized (Burgess, 1996). 

The process of urban expansion is driven by the relationship between the agricultural surplus and the growth of 
the manufacturing sector (Palen, 1992). Because the introduction of the urbanization process creates more and 
better employment opportunities with higher wages in the urban sector (Lewis, 1954; Fei and Ranis 1961; 
Todaro, 1976; Giri, 1998), the World Bank report (1982) demonstrates a closer relationship between the process 
of urbanization and shifting of the labor force. According to this theory (Mills et al. 1986; Giri, 1998), the 
process of urbanization results in a shift in job prospects from the mostly rural primary sector to the primarily 
urban tertiary sectors. People are drawn away from rural areas in emerging nations by factors including better 
work opportunities (Giri, 1998). The city region expands and spreads continuously as a result of the 
agglomeration of urban centers (TCPO, 2001). Peripheral zones have altered more quickly than other zones in 
metropolitan areas with quicker growth rates (Katz et al. 1994). 
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The largest cities in the world have been actively absorbing their outskirts since the turn of the 20th century and 
rapidly filling up with urban mass (Hoyt, 1966). Population growth, urbanization, and industrialization—three 
key elements of urban dynamics—have overlapping peaks that together produce the process of neo-urbanization 
(Guohua et al. 2007). Neo-urbanization is characterized by its unchecked diversity and complexity. According 
to Fagan et al. (2001), urban expansion is a process of ecological colonization in which individual colonists 
(houses) seize the open space at the boundaries of the urban fringes and foster the ensuing growth gradually. 

Several authors have drawn parallels between sprawl and the natural expansion of metropolitan regions in 
response to population growth, including Sinclair (1967), Brueckner and Fansler (1983), and Lowry (1988) 
(Marzluff et al., 1994; Ewing, 2008). Its spatial dimension undergoes arbitrary alterations (Peiser, 1984; 
Koening, 1989). Urban sprawl has been a problem in many cities in developing nations (Bhatta et al. 2010). 
It has standards that are distinct from those of the urban growth process, which may, in some situations, be 
planned. Urban sprawl may be distinguished from other types of spread based on examining its effects. urban 
development methods that are linked. 

 

Urban sprawl, in the words of Marathe (2001), is a process "that has spiraled out of control." Unbalanced or 
unplanned haphazard expansion without any planning leads to urban sprawl. It has three dimensions, namely 
the dimensions of density, land use, and time. The unfavorable patterns of land use that characterize sprawl 
include continuous low-density development, leapfrog development, strip/ribbon development, and dispersed 
development. 

As shown in Table 7, the region's urban area had a total size of 319.51 km2 in 2001 and had grown an average 
of 2.87% per year over the subsequent 10 years. Urban coverage was 411.35 km2 in 2011; however, by 2021, it 
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had drastically expanded to 543.91 km2, with approx annual urban growth rate of 3.22%. from 2001 to 2011, it 
grew dramatically, reaching 91.84 km2. With an average yearly growth rate of 3.5%, the district's size increased 
significantly, growing by 224.4 km2. This urban expansion lasted from 2001 to 2021. In the future, from 2021 
to 2031, the urban area will reach nearly 607.77 sq. km area with 1.17% growth rate per year. 

 

Driving forces, also known as the underlying elements (Rahaman, M.T. 2016) that initiate urban development, 
are in charge of the urban growth that takes place at certain temporal and spatial scales. For a better 
understanding of the elements that promote urbanization, context is necessary because they each play a varied 
function in a given time and place. Beijing's urbanization was primarily influenced by physical, socioeconomic, 
and neighborhood variables, with socioeconomic factors having the most influence overall, except for the first 
12 years of the research period (1972 to 2010). Additionally, when the socioeconomic variables grew, the 
importance of physical and neighborhood characteristics decreased (Li, X.; Zhou, W.; Ouyang, Z. 2013). 
Greater Dhaka's urbanization was affected by several factors, including its physical environment, population 
expansion, and economic development (Dewan, A.M.; Yamaguchi, Y, 2009). 

In Nepal, several factors, such as public service availability, economic prospects, population expansion, 
globalization, political circumstances, government strategies, social and cultural connections, and rural-urban 
connections, have notably impacted population movement [Rimal, B.; Baral, H.; Stork, N.E.; Paudyal, K.; Rijal, 
S. 2015]. In rural areas, 21% of migrants migrated for agricultural purposes, while 17% migrated for service-
oriented purposes in urban areas, according to a 2014 CBS report [Rimal et al., 2017]. 

Factors such as population growth, geographical considerations, government policies and programs, the impact 
of globalization, and easier access to public services all contribute to the rapid urbanization of the Jhapa area. 
Opportunity, political atmosphere, and development programs in particular epochs bolster these factors even 
further. Other Nepalese cities also experience the same situations. Greater economic possibilities, accessibility 
to public services, and globalization are the primary factors influencing Pokhara's urbanization trend [Rimal, B. 
2012]. The Kathmandu Valley's urbanization process was greatly influenced by economic possibilities in the 
center, population increase in the periphery, and political conditions in rural regions [Thapa, R.B.; Murayama, 
Y. 2010]. Similar to how physical circumstances, accessibility to public services, globalization, and plans and 
regulations all play a role in urban sprawl [Rimal, B.; Zhang, L. 2017].  

Transition Probability Matrix& Predicted LULC: 

The researchers created the transition potential matrix to predict the future changes in each type of land based 
on the LULC conditions over 2001-2011, 2011-2021, and 2001-2021. Off-diagonal data suggests the 
convergence of distinct occurrences, while data points on the matrix's diagonal indicate the persistence of a 
phenomenon throughout time. For instance, the transition probability matrix reveals that from 2021 to 2031, 
there was a 4.73% chance of losing cultivated land to a built-up area and a 23.64 percent chance of losing it to 
a vegetation area. 
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Table 8 indicates that unoccupied land has the most significant capacity to transform into developed regions 
over the projected timeframe. Furthermore, although other phenomena exhibited a greater probability of 
changing, metropolitan areas, fallow land, woods, and water bodies were more prone to staying consistent. 
Wetlands saw the highest drop throughout this period, whereas homesites saw the greatest rise. 

 

The predicted land usage for 2031 is shown in Figure 7 and Table 9 using the CA-Markov chain analysis. This 
map suggests that expanding built-up areas should be a problem for spreading development due to sustainable 
urban growth. To limit spreading growth, this forecasted map will help with developing future planning for 
built-up development. 
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Figure 7 illustrates the expected land use and land cover for 2031, with an estimated built-up land area of 607.77 
sq. km. In the Kolkata Municipal Development Area, there are 216.69 sq km of agriculture, 495.46 sq km of 
vegetation, 102.84 sq km of water bodies, and 30.05 sq km of undeveloped land, respectively. The forecast has 
an error rate of 0.17%, making it reliable for providing accurate information on land use and cover. 

Urban Heat Island: 

Spatio-Temporal Analysis of NDVI: 

 

All three images were density sliced into five classes as shown in Table 8 above for the determination of the 
temporal fluctuations of NDVI with time. The density sliced pictures for the years 2001, 2011, and 2021 are 
displayed in Figure 6(a-c). As can be observed, compared to 2001, the non-vegetated area has significantly risen 
in the 2011 photograph. The built-up region increasingly extends beyond the city's boundaries, particularly on 
the eastern and southern sides. Figure 8(a-c) depicts the city core (Kolkata and the surrounding regions) in 2001 
with moderately low to moderate vegetation. By 2011, however, this vegetation had shifted to moderately low 
levels, and by 2021, most of it had become a moderately highly vegetated area. 
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This is because formerly this area was covered with sparse vegetation and natural bushes, but with an increase 
in population, new residential complexes have been built here. Furthermore, because the city is a metropolis 
and urbanization is growing quickly, the vegetation cover was relatively low in 2011 but this vegetation 
cover rose as a result of a lockdown scenario in 2021. 

Similar to the Madhyamgram-Barasat region in Figure 6(a-c), which is located in the eastern portion of the city, 
this area was formerly an agricultural one, but due to the city's growing population, practically the whole 
territory has been turned into a built-up area. The Sankrail region appears to be following a pattern in which the 
amount of moderate to thick vegetation has reduced between 2001 and 2011 (Figure 6b) and has also grown 
between 2011 and 2021 (Figure 6c). 

Vegetation Content Ratio (PV): 

Using the NDVI results, calculate the proportional vegetation (Pv). The area estimated to be covered by each 
form of land cover is provided by this proportionate vegetation. Pure pixels are used to record the NDVI's 
vegetation and bare soil proportions. A range of NDVI from 0.5 to 0.2 has been proposed for situations on a 
global scale. In the case of higher-resolution Rsnge of NDVI in agricultural settings can approach 0.8 or 0.9, 
however, the value for vegetated regions (NDVI = 0.5) is considered low in some circumstances (Wang et al. 
2015). Equation (L) may be used to determine Pv. 

 

(L) 
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Image histogram statistics (max and min values) were utilized to estimate the percentage of plant cover from 
Equations (L). Using statistics, it was calculated that the NDVI values for vegetated and non-vegetated regions 
were 0.93 and 0.00, respectively. 

Figure 9(a-c) demarcated the proportion of vegetation in the study area, where blue patches are represented as 
low Pv and light green to yellow patches represent high Pv. In the year 2001, light green to yellow shades of 
patches were found in the fringe area whereas in 2011 the city centre and surrounding town areas were 
concentrated in the blue patch due to covid lockdown in 2021 some parts of the western side had high Pvis 
found. 

LST & LSE: 

 

An emissivity-based NDVI has been calculated through three distinct scenarios (<0.2, 0.2-0.5, and >0.5) 
(Sobrino et al., 2004). The reflectivity values in the red zone are utilized to compute the emissivity values in the 
initial situation, which is conceptualized as an uninhabited landscape. Locations that usually have NDVI values 
exceeding 0.5 are associated with an emissivity rating of 0.99. Soil and vegetation are represented by NDVI 
values between 0.2 and 0.5. Therefore, Equation (m) was used to determine the surface emissivity: 

Ɛ=Ɛ𝑣𝑃𝑣+Ɛ𝑥(1−𝑃𝑣)+𝑑Ɛ (m) 

The vegetation proportion obtained is determined by the vegetation canopy emissivity (εv) and the bare soil 
emissivity (εs). dε is the internal reflection emissivity due to cavity effect dε=(1−εs) (1−Pv) Fεv. 

To compute the LST from Landsat photos, an emissivity adjustment is more crucial (Srivastava et al. 2009). It 
was initially described by Gillespie (1985), and Li et al. (1999) recommended using it to quantify emissivity. 
Both Zhang et al. (2008) and Li et al. (2013) state that the method predicts the maximum temperature emissivity 
for each pixel. The surface emissivity is adjusted using Equation (n) (Zhang et al. 2013). This technique was 
used to calculate the emissivity values in areas where the NDVI is less than 0.4. 

ε=0.004∗𝑝𝑣+0.986 (n) 
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Surface radiation detected by satellite sensors may be utilized to calculate Land Surface Temperature (LST) and 
emissivity across extensive areas. Since these measurements account for the entire surface, they are superior to 
point measurements taken from the ground in many contexts, such as those involving the Earth's radiation 
budget and climate change detection. Many people are interested in calculating LST and emissivity using data 
from passive sensors. 

To measure how much heat radiation reaches the Earth's surface relative to how much heat radiation a black 
object emits at a given temperature, scientists measure land surface emissivity (LSE). The land surface 
characteristics are the primary determinants of LSE. LSE is a fundamental component of land surface 
temperature retrieval, and the quality of this component directly influences the algorithm's precision. To 
quantify land surface emissivity at the moment, visible light and near-infrared spectral data are mostly used. 

 

The lowest minimum value for Figure 10a for the year 2001 was 0.986, while the highest emissivity values were 
0.988. This proved that a vegetated canopy may block short-wave solar radiation from entering the atmosphere. 
Because land absorbs heat more quickly than water, solar heating of the earth's surface is uneven, with air 
warming, expanding, and rising over land while cooling and sinking over colder water surfaces. High heat waves 
are also emitted by surfaces that are parallel to the sun's ray path and are unobstructed by structures or canopy 
cover (National Oceanic and Atmospheric, 2017).  

The mean emissivity of the vegetated area was 0.9878 in 2011, which was the lowest value. In 2011, the mean 
emissivity values for water and open space were 0.9860 and 0.9867, respectively, while 0.9861 was the value 
for the built-up area.  

The vegetated area's highest and minimum emissivity values in 2021 were 0.98881 and 0.9888, respectively. In 
the year 2021, the mean emissivity values for water and open space were 0.9860 and 0.9862, respectively. In 
the year 2021, the built-up area's mean emissivity rating was 0.9866. This was greater than the values for other 
forms of land use for the year 2021 but somewhat lower than the values for the years 2001 and 2011, as shown 
in Figure 10(a-c). 
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LST: 

A growing percentage of the global population currently resides in urban areas, swiftly transforming the Earth's 
surface into urbanized zones. According to predictions by Pacione (2003), the worldwide urban population is 
expected to increase from the current pace of over 50% (about 3.5 billion people) to two-thirds of the estimated 
global population, which is 6.2 billion people, by 2050. By 2050, there will be 9.8 billion people on the planet, 
6.2 billion of whom will live in cities. African and Asian populations are predicted to make up the majority of 
the world's 2.3 billion inhabitants by 2050 due to their rapid average yearly growth. Furthermore, 16 of the 29 
greatest megacities in the world are expected to be in Asia by 2025. Asia's population growth rate would be 
substantially larger than that of any other area of the world and historically unmatched. Such massive changes 
to the earth's surface directly affect the environment, which is affected in different ways and to varying degrees. 
Urbanization modifies the biophysical characteristics of cities at the microscale by modifying the local climate. 
Cities' local climate is interconnected with the regional and global environment through the intricate chemistry 
of air processes affecting radiation balance and greenhouse gas emissions. This activity generates a significant 
quantity of artificial heat sources, intensifying the heat island effect and deteriorating the quality of urban 
environments. 

An urban heat island (UHI) occurs when a metropolis experiences significantly higher temperatures than the 
surrounding rural areas. The temperature differential between urban and suburban or rural areas is caused by 
changes in the properties of land surfaces that absorb and store heat. It slows down the rate of water evaporation 
in the surrounding areas, increases solar radiation absorption, and decreases convective cooling. Urban areas 
are experiencing rising temperatures due to the heightened utilization of resources and energy by inhabitants, 
leading to heightened vulnerability of the urban population to heat waves and other severe climatic occurrences. 

Science has come a long way in the last 20 years in elucidating the causes of urbanization, the shifts in land use, 
and the consequences on city climates. Air temperature readings from ground monitoring stations or LST 
retrieved from thermal-infrared (TIR) remote sensing data have been used in most UHI studies. Separate 
temperature zones and the relationship between different logical units (LUs) are also considered. The 
temperature difference between urban and rural regions was previously used to produce the assessment of the 
UHI severity, which is thought to be the most important metric for evaluating the UHI effect. However, a 
limitation is the challenge of selecting temperatures that appropriately represent urban and rural locations. The 
distinction between urban and rural landscapes is becoming outdated due to population density, especially in 
India. There is no longer a clear distinction between the countryside and the city in heavily inhabited areas. 

Depending on the kind of comparisons undertaken (e.g., geographical, temporal) in various studies, researchers 
have discovered UHI using a variety of different metrics. For instance, UHI was discovered when two time 
periods of an identical site were compared by measuring the variations in LST between them. This method 
typically compares pre- and post-urban areas' temperatures to indicate urbanization's effect on UHI. Other 
studies that have tracked temperature differences between urban and rural areas have also shown UHI. The 
outcome is a comparison of geographical units rather than two time periods. Nevertheless, the bulk of these 
studies are based on the actual temperatures of these places. 

To calculate UHI values based on LST, researchers have recently begun using data collected from aircraft or 
satellites that use remote sensing. Also, this method works for tracking how land cover changes over time. The 
capacity to produce surface temperature data and monitor changes in land cover allowed researchers to analyze 
the association between changes in LULC and LST at a specific place over two periods. 

The relationships between shifts in LULC and LST have been studied using several different land cover indices. 
NDVI, NDBI, and NDWI have been found to exhibit a strong association with LST. Worldwide, NDVI is used 
to map desert encroachment, monitor drought, express vegetation density, track and anticipate agricultural 
productivity, help identify dangerous fire zones, and express vegetation density. A dataset generated using the 
NDVI technique primarily represents the presence of thriving biomass. The index yields values ranging from -
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1.0 to +1.0. Values close to zero mainly originate from rock and bare soil, whereas negative values primarily 
result from clouds, water, and snow. Lands that are dry and used for farming, consisting of rocks, sand, or snow, 
are associated with shallow NDVI values (0.1 and below). Parks, bushes, and meadows are characterized by 
moderate values ranging from 0.2 to 0.3, whereas temperate and tropical rainforests are characterized by high 
values ranging from 0.6 to 0.8. 

The NDWI provides information about the moisture content and condition of the vegetation. Building density 
has an impact on NDBI. It is currently being used as an indication to show the size of built-up regions. By 
establishing the right threshold values, these indices are utilized to categorize various land cover types. 
Literature has written a lot on the connection between LST and NDVI. 

The decrease in plant cover is connected to the urban thermal environment. Built-up area extraction and mapping 
are done using NDBI. Finding out how much water plants contain is possible with the use of NDWI analysis. 
Building density, land use practices, and the rate of urbanization are all closely correlated with the severity of 
LST. It is possible to observe the association between LULC variations and LST by arranging vegetation, water 
bodies, and built-up areas. 

Rinner and Hussain found that LST is higher in Toronto neighborhoods with a high concentration of business 
and industrial properties, and they also found that NDBI and LST are correlated. Similarly, to this, Chen et al. 
in Guangdong Province, southern China, have demonstrated that LST has increased in prominence in places 
that have undergone rapid urbanization. The dynamics of heat island geographical distribution were also 
examined in this study. Before the UHI phenomena in the year 2000, surface temperature distributions followed 
a mixed pattern in 1990, with bare, semi-bare, and developed land being warmer than other surface types. In 
their study of the Atlanta Metropolitan Area in Georgia, Lo and Quattrochi discovered that changes in land use 
had a notable impact on urban heat islands (UHI) near the urban boundary. 

According to research by Xiong et al., areas that are intensively industrialized, urbanized, and built up are all 
directly related to high-temperature anomalies. The UHI investigation of Guangzhou in South China involved 
the analysis of Landsat TM/ETM+ images and the examination of NDVI and NDBI indices. Xiao et al. found 
a high correlation between impervious surfaces and LST in Beijing, China. The correlations were analyzed 
using imagery obtained from Quick Bird and Landsat TM. Weng and Yang have identified that the critical 
factor contributing to the UHI effect in Guangzhou, China, is the presence of low-lying vegetation. LST and 
land cover maps were generated using Landsat TM images. 

LST Variation From 2001-2021: 
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The land surface temperature (LST) was determined using the mathematical approach in equations (g-h). 
According to Landsat data, the mean estimated dry bulb temperature for KMC in 2001, 2011, and 2021 was 
25.8°C, 29.9°C, and 31.6°C, respectively. Figure 11 (a-c) displays the value of the LST of each class for the 
years 2001, 2011, and 2021 at the micro-level of the analysis. In 2001, thick vegetation (17.4°C) and open space 
(17.9°C). The study found that surface temperature decreased as it moved towards the outer boundaries, related 
to the different land use patterns. Based on the investigations, the waterbody had an average surface temperature 
of 17.01°C and demonstrated a significant capability for heat retention and transportation. The city's central 
section, where most of the built-up area was located, recorded the highest temperature of 23.25°C. Numerous 
variables, including impervious surface, LULC, surface roughness, and building materials, had an impact on 
the conclusion (Aakriti & Ram, 2015). In 2001, 14.25°C was the lowest surface temperature recorded, while 
25.83°C was the highest. 

 

According to the visual depiction and LST data for each class of land use in 2011, the surface temperature for 
the low temperate zone was 14.71°C to 19.8°C. The average surface temperature for the mild temperate zone 
ranged from 19.8°C to 24.9°C. The central part of KMC has the greatest temperature zone (24.9°C-30°C) 
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recorded. However, the LST value was also reported at 30°C in a few isolated areas/locations. The lowest and 
greatest surface temperature values for 2011 were 14.7°C and 30°C, respectively. According to Figure 10(c), 
the lowest temperature zone in 2021 The mean surface temperature varied within a range of 27.2°C to 28.8°C. 
The mean surface temperature in the mild temperature zone ranged between 28.8°C and 30.4°C. The middle 
portion of the research area had the highest recorded temperature (30.4°C–32°C). In the year 2021, the surface 
temperature ranged from a minimum of 27.2°C to a maximum of 32°C. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11's intersection of 2001, 2011, and 2021 LST estimates reveals an increase in surface temperature from 
2001 to 2021. The natural composition of the land cover in the city is altered as a result of human activity. 
Therefore, LULC, surface roughness from the built-up regions, and construction materials including 
impermeable concrete, asphalt, and building materials led to the rise in temperature of KMC's metropolitan 
areas. 

Model Validation: 

About current land usage and the LST map from 2021, the anticipated model has been validated by 2031. The 
model validation tool was employed to compute Kappa values for three different scenarios: no ability (k no), 
standard (K standard), and location (K location). According to the data, the overall accuracy of the projected 
map is 0.9223 and 0.9133, which is a very excellent precise agreement. K location is 0.8795 and 0.9472, K 
standard is 0.8290 and 0.8672, and these values show extremely excellent agreement throughout the 
investigation. Making forecasts about the future is acceptable and trustworthy when the accuracy level is higher 
than 0.80. All Kappa index values were higher than the minimum acceptable threshold of 80%, which implies 
the actual and forecasted land use maps exhibit a robust concurrence, showcasing a strong agreement.  

The fitting of regression equations was conducted to examine the influence of diverse spectral indices on the 
associated pixel LST for the years 2001, 2011, and 2021. This was done to examine the link between the spectral 
index and the LST, which will explain the two variables' relationship. This research utilized the LST values 
associated with the NDVI, MNDWI, and NDBI spectral indices obtained from the prior study. The X-axis 
represented the values of the spectral index, while the Y-axis represented the values of the LST. Researchers 
computed the R2 values after applying the linear regression equation and analyzed them to determine the 
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differences among the various displays. 

We explained the relationship between the LST and the land cover indices in this study. The results show that 
the LST is positively correlated with NDBI but negatively correlated with NDVI and MNDWI. Agricultural 
regions significantly influence land surface temperature in the studied area more than aquatic bodies. There is 
a negative correlation between the land surface temperature and both parameters. This study demonstrates the 
accuracy and reliability of remote sensing techniques in obtaining surface temperature data from satellite 
pictures. By juxtaposing the LST with the surface temperatures of the land cover, this methodology effectively 
diminishes the costs, workforce, and time needed to collect data on thermal patterns in vast areas. The 
correlation between land surface temperatures derived from Landsat satellites and land cover indicators has led 
to the suggestion of monitoring diverse Earth surface phenomena such as desertification, urban development 
and expansion, drought, and wetlands. 

LST & NDVI: 

Rapid urbanization has a complicated nature since it lowers the amount of greenery inside and outside cities. 
An abundance of beautiful green meadows has been transformed into built-up regions as a result of the 
population boom. As anthropogenic activity continues to worsen the natural environment in cities, Currently, 
the duty of monitoring alterations in land cover and urban land use falls upon policymakers, geographers, 
administrators, and urban planners. 

According to the research, there have been considerable changes in rainfall patterns and temperature. Due to 
the detrimental impacts of the increasing temperature on the temporal and geographical distribution of the 
rainfall pattern, the groundwater aquifer is being drained. The research area's climate is influenced by the NDVI 
and LST. The demand-supply imbalance is made worse by these climatic changes, which also cause 
groundwater and surface water to become scarcer. Appiah et al. (2015), Sohail et al. (2019), Nguyen et al. 
(2020), and Liu et al. (2021) all found that aquifer recharge is affected by changes in rainfall patterns caused by 
climate change. 

There is a severe threat to Earth today from the environmental issue of rising global temperatures and localized 
temperature swings. The land surface temperature of the Earth is controlled, in part, by environmental conditions 
and, in the region, by other factors (Sahani, 2021). Several types of remotely sensed data can be used to calculate 
urban heat using the LST. Research projects involving LST are required to apply NDVI consistently (Guha & 
Govil, 2020). We have extensively investigated the link between LST and vegetation using the NDVI, a reliable 
indicator of vegetation. Factors like LULC and urbanization affect the intricate and intriguing relationship 
between LST and NDVI, which scientists find intriguing (Deng et al., 2018). 
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Figure 13 depicts a negative association between NDVI and LST. Because the LST values fall as the NDVI 
values rise, the connection is negative. For the study, the positive NDVI values above > 0.5 are utilized since 
they indicate the values with vegetation. For all the years of analysis in the research period, the R2 values for 
the correlation between NDVI and LST are above -0.3, indicating a good association. Because of the reduction 
in vegetative areas throughout the research period, the mean LST has risen. Temperature changes are 
significantly influenced by the plant cover. According to the graph, between 2001 and 2021, the vegetation 
cover decreased, which increased LST. 

LST & MNDWI:  

Urban land use planning and development heavily relies on LST-related studies (Li et al. 2017). Within urban 
environments, the terms "urban heat island" and "urban hot spots" are frequently used to describe the specific 
locations within cities with significantly elevated LST (Guha et al., 2017). The NDWI is the most commonly 
used method for extracting water surface information. It is frequently utilized in LULC research and LST 
analysis. Several studies have employed this index, including those by McFeeters (1996), Chen et al. (2006), 
Essa et al. (2012), Yuan et al. (2015), and Guha et al. (2020b). Humidity, vegetation, wetlands, bare ground, air 
pollution, rock surface, dry or wet soil, and various artificial materials are some of the criteria used to determine 
how insignificant the relationship between LST and NDWI is in an urban setting (McFeeters, 1996; Ghobadi et 
al., 2014; Guha et al., 2020c). 

A weak correlation between NDWI and LST was found when the entire Wuhan City, China, metropolitan area 
was considered (Wu et al., 2019). According to Choudhury et al. (2019), India's Asansol-Durgapur 
Development Region water bodies negatively correlate with the connection between LST and NDWI. The 
bodies of water in Nanchang City, China, were discovered by Zhang et al. (2017) to be negatively correlated 
with LST and NDWI. The opposite is true in Shenzhen City, where a strong negative association was discovered 
between LST and NDWI about bodies of water (Chen et al., 2006). 
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Figure 14 There is an inverse correlation observed between MNDWI and LST. Because the LST values are 
falling while the MNDWI values are rising, the relationship is negative. Since it represents values with water 
pixels, the study uses the positive value of MNDWI above 0. The association between MNDWI and LST has 
R2 values over -0.1, which indicates a strong connection. Because the LST values fall as the MNDWI values 
rise, the relationship is negative. Due to a reduction in the quantity of LULC in aquatic bodies, the mean LST 
increased during the course of the research. The local climate of the region is significantly influenced by the 
water bodies there. Between 2001 and 2011, the water body shrank as the LST rose. Since the typical values 
are below 25 °C, the water bodies have the greatest impact on LST. The MNDWI and LST have a negative 
association, with in 2021, there was a modest correlation coefficient of -0.12, whereas, in 2001, a stronger 
correlation coefficient of -0.49 was observed. The MNDWI pixel values surrounding the samples in KMC were 
much lower in 2021 as a result of the previous year's lack of rainfall. 

LST & NDBI: 

The NDBI is crucial in assessing and measuring the LST (Grover and Singh 2015). Xiong, Huang, Chen, Ye, 
Wang, and Zhu (2012) found a direct correlation between high-temperature anomalies and places with built-up 
land, densely inhabited regions, and extensively industrialized districts. According to Chen, Zhao, Li, and Yin 
(2006), NDBI exhibits sensitivity towards developed areas, with its values ranging from -1 to +1. Positive values 
indicate extensively developed land, whereas negative values represent various types of land cover. For 
estimating NDBI, equation (e-f) is used (Chen et al., 2006; Xu, 2008). Figure 14 depicts The NDBI 
classifications derived for 2001, 2011, and 2021, illustrating the size and distribution of urbanized and non-
porous land regions. The NDBI values ranged from -0.4 to +0.4, respectively. However, relatively high NDBI 
values were found across the city, particularly in the central region, except the areas around water bodies. 
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For the study, the positive NDBI values over 0 are used as they primarily reflect the built-up area. After 
investigating their interactions, a clear link between NDBI and LST was identified. According to the NDBI 
results, the built-up regions exhibited the highest surface temperature. So, it was expected that urbanization or 
built-up regions would result in notable differences in surface temperature. Figure 15 demonstrates a notable 
positive correlation between the NDBI and LST. For all of the years of analysis throughout the research period, 
the correlation between NDBI and LST exhibits a robust association, as evidenced by R2 values exceeding 0.60. 
Due to the growing built-up area throughout the research period, the mean LST rises. LST patterns may vary as 
a result of LULC changes, particularly urban growth (Weng 2001; Xiao & Weng 2007). The graph demonstrates 
that when the LST climbed between 2001 and 2021, the built-up area expanded dramatically as well. 

LST and Hotspot: 

Several investigations have been conducted to pinpoint LST hotspots or areas characterized by elevated LST 
values and exceptionally intense heat stress. (Chen et al. 2006; Ren et al. 2013; Feyisa et al. 2016; Lopez et al. 
2017; Guha et al. 2017; Tran et al. 2017; Pearsall, 2017; Sharma et al. 2022). Identification of LST hotspots is 
important for mitigation efforts and for preserving a city's ecological balance. Using the Getis Ord Gi* statistics 
clustering approach, Tran et al. (2017) identified LST hotspots. 
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To identify areas with high LST values (hot spots) and areas with low LST values (cold spots) in the studied 
area, the Getis Ord GI* statistic was applied. The concentration of high values (hot spot) is more apparent when 
the z-score is significantly positive. On the other hand, a smaller negative z-score indicates that more 
concentrated groups of values are shared (cold place). For an area to be classified as a hot spot, it must have 
many high LST readings; a single higher LST measurement must be revised. To better understand temporal 
LST patterns, the Gi statistic provides a more holistic view than looking at very high or low values. The current 
investigation considered hot and cold spots with a confidence level higher than 95%. According to Maithani, 
Nautiyal, and Sharma (2020), the GI* statistic is thoroughly covered in ESRI (2016). 

In our study region, we are analyzing the temporal changes of LST over the 20 years, and analyzing the LST 
hotspot zone by using a random sampling method, whereas in each year we plotted random 2000 points. Table 
12 indicates the hotspot zones of 2001, 2011, and 2021. 
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The urbanization process has led to a rise in the proportion of developed land, increasing in built-up areas. In 
contrast to the uniform pixels that once made up non-built-up land cover classes, these regions with a more 
diverse composition display increased LST values. As a result, there is a more robust accumulation of higher 
LST readings in urban areas compared to previous years. The increased concentration of developed regions in 
places with high temperatures can be linked to the urban design, which decreases the amount of open sky and 
restricts the process of evaporation, together with the influence of human-made heat sources. In 2001, The 
hotspots were concentrated in the southern and central parts of the municipal territory, resulting in a smaller 
overall area of habitation. The densification and extension of hotspot areas occurred in 2011. According to the 
2021 results, hotspots shifted to the western and northern parts of the municipal territory. The southern and 
western portions of the municipal jurisdiction have very few hotspots. All three years, the municipal area's 
center continued to be a hotspot. (Figure 17). 

UHI Extent from City Centre Outwards: 

Urbanization is an unstoppable phenomenon that cannot be controlled or stopped, but it may be managed 
sustainably through integrated land use planning. According to Cobbinah and Clifford (2012) and Sharma and 
Joshi (2013), Urban growth is the term used to describe the enlargement of the developed region, signifying the 
migration of individuals from the central urban zone to the peri-urban areas located on the outskirts of the city. 
This unplanned urban growth harms the environment, leading to local and regional socio-ecological system 
alterations. The negative impacts include the loss of productive farmland, fragmentation of wildlife habitats, 
elevated city temperatures, and reduced biodiversity (Maithani, 2009; Kumar and Pandey, 2016; Pawe and 
Saika, 2017; Kar et al., 2018). 

The main contributors to urban heat islands are haphazard, unplanned urbanization and subpar building design. 
Research indicates that in urban areas, the built environment has undergone a transformation where natural 
spaces have been substituted with impermeable and scorching surfaces composed of concrete and asphalt, which 
is the main culprit for UHI. The heat from the sun is more effectively absorbed by these surfaces than it is 
reflected, increasing both the surface temperature and the ambient temperature. The air trapped between tall 
buildings and narrow streets can also be heated. The UHI effect is influenced by various factors, including urban 
geometry (such as the dimensions, configuration, elevation, and organization of buildings), the thermal 
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characteristics of urban surfaces, the scarcity of greenery, the widespread reliance on air conditioning in hot 
climates, industrial activities, automobile usage, and the extent of urban development within a city. Due to the 
reduced moisture content in the urbanized areas of a city, including the roofs, walls of buildings, roads, parking 
lots, industrial zones, and commercial areas, the evaporation of water into the atmosphere is minimized. 
Consequently, this leads to elevated surface and air temperatures. However, urban greenery acts as a natural 
cooling mechanism, which is the exact opposite. 

The multiple-ring buffer (Figure 15a) analysis employed in this study does the urban area's diverse components 
justice. This model is a mix of factors, including LST data and its temporal variation as well as a three-year 
growth rate based on the reference year. The many rings are produced equally far from the city hub. The ring 
buffer offers a variety of LST classes that are evenly spaced from the city core and provide a quick overview of 
the dispersion of temporal temperature changes. The fundamental reasons for the LST decline tendency and 
their distributional characteristics are satisfied by this data. 

The LULC data categorization and their temporal change in land use about growth were used in this model. 
These many rings are produced using the city's core (the junction of the North, South, and East-West profiles), 
spaced 10 km from the source. Using ArcGIS software, a total of 26 buffer zones were created for the years 
2001, 2011, and 2021. 

 

Figure 18(b-d) in this analysis shows the variations in urban density and the LST reduction from the city center 
outward. A noticeable decrease in Land Surface Temperature (LST) can be observed every 10 km away from 
the central area. A comparison analysis was carried out using the Land Surface Temperature Maps to provide a 
comprehensive understanding of the urban heat island phenomenon in the study area (Sen and Bhattacharjee, 
2021). A phenomenon known as urban heat island occurs when urban regions endure higher temperatures than 
their rural equivalents. The rise in the urban heat island effect is mainly attributable to the rising concretization 
and urbanization, as much of the emitted terrestrial radiation is trapped within buildings and concreted roads. 
Because of this, the temperature range in cities is becoming wider. Furthermore, the open ground absorbs a 
large portion of the heat that causes the urban heat island effect. 

Over time, the land use patterns in the research region have changed in specific ways, leading to the creation of 
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UHI. It is widely acknowledged that urbanization is predominantly responsible for the formation of urban heat 
islands. The masonry constructions, such as buildings, paved streets, skyscrapers, etc. absorb a lot of heat to 
trap it. An urban heat island is created when this stored energy causes the temperature in an urban environment 
to increase faster than it does in rural settings. The urban heat island phenomenon has been linked to the 
consistent high temperatures observed in the research region over the years. The built-up area coverage of the 
research region witnessed a consistent increase in the years 2001, 2011, and 2021. About 18% of the study 
region's total area was covered by buildings in 2001; this number rose to 23% in 2011; and it will skyrocket to 
30.43% in 2021. The continuous expansion of built-up areas in the KMC can be attributed to the extensive 
transformation of both barren lands and densely vegetated regions into urbanized spaces. A large section of the 
study region is also unproductive land, which is believed to have contributed to the development of the urban 
heat island phenomenon over time, even though it shows a decreasing tendency (Macarof and Florian, 2017). 
This is because arid ground absorbs between 70 and 80 percent of incoming solar light. Urban heat island is 
also believed to have increased through time as a result of a decline in the area covered by thick vegetation. 
This is because plants and trees in rural regions provide shade and reduce the temperature through 
evapotranspiration. 

LST difference in Rural-Urban Fringe Areas: 

Luke Howard first introduced the idea of UHI in 1833, and since then, the study on the subject has progressively 
been more in-depth. UHI is an urban region that is much warmer than the nearby rural areas in a larger 
geographic context. On the other side, a UHI can also happen inside a city region, meaning that one sector of 
the city is much hotter than the other parts. When compared to daylight, summer, and heavier wind conditions, 
the temperature differential is often greater at night, in winter, and when there is less wind. However, based on 
the Spatiotemporal context of an investigation, an alternative outcome can also be possible. 

Ohashi and Kida (2002) It has been proven that in conditions of clear skies and minimal wind, urban areas tend 
to be approximately 10 °C warmer than the surrounding rural regions. Souch and Grimmond (2006) have said 
that the UHI phenomenon is primarily noticed at night but can occur at any time of the year, contingent upon 
factors such as wind patterns. Urban and commercial locations typically exhibit elevated temperatures, whereas 
residential and rural regions typically display lower temperatures. 

The correlation between population, primary natural resources, urbanization, and the natural environment is 
indisputable. The expansion of economies and industries and people moving from rural to urban regions are 
only a few factors that have caused significant changes in cities and metropolitan areas worldwide (Shirazi & 
Kazmi, 2014). Several factors encourage urban expansion, such as replacing natural land covers with non-
permeable urban materials, which disrupts the land surface's energy development and negatively impacts the 
land's features (Bongaarts, 2006). Population growth is a significant factor in this situation. 
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In both rural and urban parts of KMC, we examined the land surface temperature (LST) for different land 
use/cover types using the LST and LULC maps. This analysis is depicted in Figure 19 a-b. The primary land-
use elements, including urbanized spaces, undeveloped land, unused land, agricultural land, residential 
vegetation, and bodies of water, displayed noticeable differences in land surface temperatures (LSTs) between 
urban and rural sites. The LSTs followed a decreasing order, with the highest mean LST of 27.69˚ C observed 
in urban and rural residential regions. These regions were characterized by a significant presence of built-up 
areas, which constituted a substantial proportion of the land usage. The average land surface temperature (LST) 
in urbanized regions was approximately 2˚ C higher compared to the agricultural land, predominantly located 
near rural residential zones. Homestead LSTs exhibited a slightly higher value than vegetation LSTs. The lower 
LSTs were predominantly observed in places outside of the KMC (Kolkata Municipal Corporation) and 
exhibited an approximate decrease of 8˚C compared to LSTs within urbanized regions. The levels of LSTs were 
at their minimum in the vicinity of water bodies. The LSTs in the KMC neighborhoods were lower compared 
to the rural eastern and southern regions. 
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There is a distinct temperature variation represented in Figure 19(a-c) of each village zone in every study year. 
In the year 2001, the northern part of the villages had the highest temperature reach is more than 24˚ C and the 
villages under the western zone had a minimum temperature is less than 15˚ C. Southern and Eastern parts of 
villages had almost the same temperature variation of maximum 24˚ C and minimum 15˚C, whereas northern 
villages facing a highest minimum of more than 15˚ C. 

Phase 2 saw scientists notice an increase in temperature in four localized regions of the town due to land use 
and cover changes. The changes include expansion of residential areas, transformation of farmland, and clearing 
of forested areas to make way for new fields. In this time frame, the western zone has the highest maximum 
temperature rise is less than 30˚ C, on the other side the northern part faces the lowest maximum temperature is 
15˚ C. In this period, we also noticed that northern villages comparatively face lower temperatures whereas 
eastern and southern villages have moderate temperature rises. 

In the third phase, the temperature rise is maximized in the study villages. Due to the urbanization taking place 
in the western part of the KMC, this region faces maximum and minimum temperature rise than the other three 
zones. The overall temperature rises in every village zone, western villages take the first place followed by 
northern, southern, and eastern villages. In this time frame the maximum temperature reach in village areas was 
more than 31˚ C and the minimum temperature reach was 18˚ C. 
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In this comparative analysis, the temperature change has been observed (Figure 20 a-d) every ten years of the 
referenced year. The Northern Region, in 2001 and 2011 had the same minimum temperature of 15.17˚ C but 
in 2001 the maximum temperature was 24.11 and it rose nearly 2˚ c in between 2011 reaching 26.67. In 2021 
remarkable changes were observed nearly 3˚ C of temperature rose in each case the minimum temperature was 
18.55 and the maximum was 29.85. The Eastern Region, in 2001 faced a minimum temperature of 14.71 and a 
maximum was 23.24, and in 2011 had a 4˚ Crise in temperature so the minimum temperature was 18.38˚ C but, 
in the 3,˚C rise, the maximum temperature was 26.25. In 2021 temperature rise gets slow like maximum 
temperature reaches only 1˚C high (19.16), and 2˚C high in maximum temperature is 28.16. 

The Southern and Western Region, in 2001 faced a minimum temperature of 14.71 and 14.24 respectively and 
the maximum was 23.68 in each region. In the next phase (2011) it had only a 3˚ C, and 4˚ C rise in temperature 
so the minimum temperature of the southern region and western region of the study area was getting of 17.92 
and 18.38, whereas, the maximum temperature of the southern region rise 4˚ C and now it reaches 27.51, and 
in the western region it takes place 6˚ C rise now it reaches 29.18. In the last phase (2021), the temperature-
increasing tendency gets low, the southern and western regions having minimum temperature rose nearly 1˚C, 
so it reaches 18.81 and 18.88 respectively and maximum temperature having 2˚ C rise so it reaches 29.83 and 
31.08 accordingly. 

Conclusion: 

Comprehending the changes over time in the arrangement of land cover and the growth of urban areas is 
essential for efficient land administration and the development of sustainable urban plans. This study used 
photos taken at different times to show how LULC has changed and how the Kolkata Metropolitan Development 
Authority (KMDA) in West Bengal plans to grow cities. Up to 2021, it was a part of the study. Afterward, we 
used a CA-Markov model that was incorporated to predict when things would change. The inquiry started by 
looking at how cities were growing, how farmland was shrinking, how residential areas and forest cover were 
barely changing, how bodies of water and abandoned land were changing, and how wetland zones varied 
slightly. After 2001, there was fast urbanization and the loss of agriculturally productive land. To showcase the 
spatial and temporal progression of urban growth starting from the city center and expanding outward, our 
subsequent analysis focused on examining the direction and extent of urban expansion through ring-based 
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analysis. The district as a whole has not seen urban growth at the same rate. Previously agricultural property 
near road networks and in locations with easy access from the urban centre has seen higher levels of 
urbanization. The East-West axis had the highest concentration of urbanization. 

The fast growth of metropolitan areas is causing the loss of vital agricultural land, leading to food insecurity 
and environmental damage. This trend is anticipated to persist and worsen in the future. Developing and 
implementing comprehensive urban planning strategies is paramount to safeguard highly productive agricultural 
land. Creating a resilient urban environment and promoting sustainable growth depends on careful urban 
planning that protects agriculture, green spaces, and open places. The government's main goal should be to 
implement proactive measures that deter mass immigration by employing diverse migration controls and 
redirection strategies. We suggest utilizing the CA-Markov model as a suitable instrument for future 
investigations into the intricate configuration of urban and land use/land cover. Ultimately, urban planners, 
politicians, and other experts should see our findings as a noteworthy milestone. 

Sunlight, air pressure, and land surface features all had a role in the LST's dramatic swings throughout the urban-
rural spectrum. The analysis of LSTs' geographical and temporal features about land-cover types, land-use 
categories, and urban structure was made more accessible by integrating ground-based observations and 
remotely sensed data. Significantly, there were substantial disparities in LST between urban and rural areas, 
with urban regions exhibiting LSTs roughly 3-6˚ C higher than their rural counterparts. Furthermore, in 
metropolitan areas, there were notable disparities in land-use types, including impervious surfaces, green spaces, 
and water, which resulted in considerable changes in LST. LSTs near impervious surfaces were found to be 6-
12°C higher than those near green spaces. The results of our study suggest that variations in land surface 
radiation and energy fluxes mainly caused differences in land surface temperatures in urban areas. The most 
significant contributor to net radiation for impermeable surfaces was sensible heat flow, leading to increased 
LST. On the other hand, the predominant source of net radiation for green spaces was latent heat flux. 

The configuration of metropolitan areas, the choice of construction materials in cities, and the altitude and 
vegetation coverage in rural areas significantly influence LST. It was noted that as the MNDWI and NDVI both 
increased, LST decreased. City planners and designers must prioritize selecting appropriate construction 
materials, organizing urban structures logically, increasing the number of green spaces, and creating cohesive 
landscape components. Implementing these steps is essential for reducing the severity of the UHI phenomenon 
in KMC.  
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