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Abstract: Rapid urbanization and changing climatic procedures can activate the present surface urban
heat island (SUHI) effect. An SUHI was considered by temperature alterations among urban and rural
surroundings. The urban zones were frequently warmer than the rural regions because of population
pressure, urbanization, vegetation insufficiency, industrialization, and transportation systems. This
investigation analyses the Surface-UHI (SUHI) influence in Kolkata Municipal Corporation (KMC),
India. Growing land surface temperature (LST) may cause an SUHI and impact ecological conditions
in urban regions. The urban thermal field variation index (UTFVI) served as a qualitative and
quantitative barrier to the SUHI susceptibility. The maximum likelihood approach was used in
conjunction with supervised classification techniques to identify variations in land use and land cover
(LULC) over a chosen year. The outcomes designated a reduction of around 1354.86 Ha, 653.31 Ha,
2286.9 Ha, and 434.16 Ha for vegetation, bare land, grassland, and water bodies, correspondingly.
Temporarily, from the years 1991–2021, the built-up area increased by 4729.23 Ha. The highest LST
increased by around 7.72 ◦C, while the lowest LST increased by around 5.81 ◦C from 1991 to 2021. The
vegetation index and LST showed a negative link, according to the correlation analyses; however, the
built-up index showed an experimentally measured positive correlation. This inquiry will compel the
administration, urban planners, and stakeholders to observe humanistic activities and thus confirm
sustainable urban expansion.

Keywords: climate change; ecological disturbance; heat island; urban environment; remote sensing
and GIS

1. Introduction

With increasing industrialization, urbanization, and population growth, the biological
landscapes have been deformed into impermeable surfaces related to building structures,
apartments, roads, parking lots, and urban infrastructure [1,2]. It is established that land
surface imperviousness was a dangerous constituent influence on the quality of the urban
environment [3,4]. Consequently, a significant portion of Kolkata’s natural catchment
parts have been developed into urban areas. This urbanization process has altered the
physical features of the land’s surface, including soil moisture, heat transfer efficiency,
thermodynamic irradiance characteristics, and albedo. Variations in the land surface
temperature (LST) have the greatest ecological impact since they directly affect human
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comfort levels, air quality, building energy demand, convective, and latent heat transfer
procedures [5–8]. The LST has measured the surface temperature values of the Earth’s
crust, where reflectance values are observed through space-based observation. Many
investigators worldwide have used LST widely in LULC modification assessments to
ascertain environmental issues of a particular area [9–12].

Due to the dynamics of green spaces, water scarcity, soil moisture loss, low infiltration
rate, and erosion, the urban heat differential has a significant influence on how suscep-
tible an urban environment is [13–15]. Along with environmental degradation, human
activities and global climate conditions have significantly affected resident and global land
adjustment [16–18]. In the urban region, health subjects like lung cancer, asthma, skin
disorders, respiratory ailments, and other health-related challenges were also common [19].
Urban areas are also often the site of additional pollution-related issues as well as the
SUHI result [20–22]. The SUHI is an index to identify the heat island effects on the Earth’s
surface with the help of LST and some methods. This technique is applied to build a heat
island effects study and implement awareness and strategies. The SUHI causes pollutants
and lowers the air quality in the urban region, which has an impact on the surrounding
natural environment and local urban ecology. Due to SUHI stress, SUHIs not only impair
human health but also have the potential to increase death rates [23]. In urban areas
like Kolkata, the transportation and public industries contributed to air pollution [24]. In
this scenario, proper urban management and planning provided further advantages for
sustainable growth.

According to some investigation results, the single channel (SC) technique has the
lowest accuracy, and the split window (SW) algorithm has reasonable accuracy. Still,
LST, overturned from the radiative transfer equation-based technique applying band
10, has the highest inaccuracy with an RMSE lower than 1K [25]. By cross-referencing
and linking the Moderate Resolution Imaging Spectroradiometer (MODIS) with Geosta-
tionary Ocean Color Imager (GOCI)-derived NDVIs in addition to in situ NDVI dimen-
sions, the researcher evaluated the Landsat 8 OLI/TIRS-derived NDVI characteristics in
contrast to Landsat 7 ETM+ [26]. The reproductions of surface reflectance and Top of
Atmosphere (TOA) reflectance of broadleaf water and trees are shown for the Landsat
8 OLI/TIRS, MODIS, and Landsat 7 ETM+, to appraise the influence of bandpass alteration
on the NDVI calculation [27]. The NDVI is a space-based vegetation monitoring method
to identify the green space available on the Earth’s surface through different bands in
the satellite.

Another examination outcome designates how the stretched (or ‘universal’) triangle
can be applied to understand pixel outlines inside the triangle, and presents how the tem-
poral trajectories of opinions exclusively designate decorations of the LULC change [28].
Finally, we conclude the research with a succinct assessment of the limitations of the
method. According to some scientists, over the last 27 years, the built-up zone of Ismailia
has gradually increased. The areas with the highest surface radiant temperatures are the
barren land (37.34 ◦C in 1984 and 42.801 ◦C in 2011) and the built-up region (37.65 ◦C
in 1984 and 43.876 ◦C in 2011). Vegetated surfaces (28.73 ◦C in 1984 and 32.96 ◦C in
2011) have the lowest surface radiant temperatures [29]. The investigation revealed a
strong agreement between the real-time ground and satellite RS datasets, with correla-
tion coefficient (R2) values of 0.90 [30]. The 28-year period (1984–2011) saw significant
variations in LST in the Salt Lake Basin area, with an estimated 2 ◦C shift. This was
revealed using themed catalogue diagrams created from remotely sensed and modified
satellite imagery.

Urban regions progressively established the amenity’s expansion with high reduction
buildings. Those belongings were mostly additionally impactful for activating the SUHI
effects over the examining area. The UTFVI was also applied to calculate the ecological
diversification identified through LST datasets and the notified formulation. Kolkata
Municipal Corporation (KMC) progressively documented high green space losses because
of urban expansion. Those belongings are likewise triggering land subsidence-related
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difficulties with high groundwater shortages. Consequently, the SUHI examination and
green space examination are essential for improved urban planning. Current results also
showed that, during the summer, Delhi’s heavily populated metropolitan area has a greater
thermal inertia than the nearby rural areas [31]. The main research gap in this area is
in the details of SUHI analysis with ecological variation. Most of the studies applied a
ten-year gap of UHI analysis or only LULC-related analysis. In addition, this examination
applied a five-year gap-wise landforms analysis with surface temperature measurement
and heat island studies. The accuracy assessment of the classification maps and year-
wise change detection was also applied to identify the landform alteration in the KMC
area. Gradually, different geo-spatial indices with five-year information provide more
landform alteration-related evidence. The built-up land, water, soil moisture, bareness
analysis, and vegetation scenarios are useful for planning details, management, and novel
adaptation strategies toward sustainable urban development. The spatial fluctuation in
thermal inertia over the region is starting to make sense of the presence of the Cool Island
during the day. The primary goal of this study is to use statistical modelling and RS-
based datasets to determine the decadal LULC modification of Kolkata’s megacity. The
outcomes of this investigation include (a) imageries (LULC) classification from 1991 to
2021 with built-up expansion and vegetation losses; (b) the LST approximation for the
thermal condition measurement with SUHI and UTFVI alteration examination; (c) certain
geo-spatial indicators for ecological and the environmental impact assessment. These
examinations may help the local planners with forthcoming management planning and
adaptation strategies to shelter the megacity’s environment.

2. Materials and Methods
2.1. Study Area

The British Empire and the East India Company founded the imperial metropolis
of Kolkata. The British Indian Empire had its capital at the megacity of Kolkata until
1911 when it was moved to Delhi. To grow the second metropolis of the British Indian
Empire, this megacity was created quickly in the 19th century. This was addressed through
the fusion of Arabian tradition with Indian philosophy in cultural development. Kolkata
is also well known for its creative past, which spans from India to trade the union, and
Marxist Naxalite movements. Kolkata, also known as the “City of Palaces”, “Cultural
Capital of India”, “City of Joy”, and “The City of Processions”, has also been the residence
of prominent politicians and yogis. The pandemic that struck Kolkata in 1653 brought
with it challenges associated with hasty urbanization, and the city’s remnants serve as
a model for the urbanization initiatives of less developed countries. The monthly mean
temperatures are 19–30 ◦C (66–86 ◦F); the annual mean temperature is roughly 26.8 ◦C
(80.2 ◦F). The summer months of March through June are hot and muggy, with highs
in the low 30s; during periods of drought, the highest temperatures ever recorded were
higher than 40 ◦C (104 ◦F) in May and June (Figure 1). The highest known temperature is
around 43.9 ◦C (111.0 ◦F), and the lowest is around 5 ◦C (41 ◦F). The southwest summer
monsoon’s Bay of Bengal branch brought rainfall to Kolkata between June and September,
giving the city its highest annual precipitation total of roughly 1850 mm (73 in). The
provisional Census of India says that 4,496,694 people were living in this megacity in
2011; 2,356,766 of those people were female and 2,139,928 were male. Despite having a
megacity population of 4,496,694, Kolkata has an urban/metropolitan population of around
14,035,959, with 6,784,051 women and 7,251,908 men. The oldest disruptive mass transit
system in India is the Kolkata Metro, which was developed in 1984. Kolkata, a megacity,
has five long-distance lines.
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Figure 1. The location map of the case study.

2.2. Applied Datasets

The RS datasets are derived from the website USGS Earth Explorer (https://earthe
xplorer.usgs.gov/, accessed on 12 March 2023). For this analysis, six satellite datasets are
used (Path 138 and row 044). The Landsat 5 TM datasets from 1991, 1996, 2001, and 2006, as
well as the Landsat 8 OLI/TIRS datasets from 2016 and 2021, are used to classify the LULC
of the study region and SUHI study using LST and certain spectral indicators. Table 1 is
utilized for the gathering of the details of datasets (Table 1). Six satellite datasets are used
in this analysis (Path 138 and row 044). Classifying the LULC of the inquiry region and
SUHI study using LST and specific spectral indicators is done using Landsat 5 TM datasets
from 1991, 1996, 2001, and 2006, as well as the 2016 and 2021 Landsat 8 OLI/TIRS datasets.
Table 1 is used for dataset gathering and details.

Table 1. Details of satellite datasets.

Satellite Sensor Date of Acquisition Path/Row Website

Landsat 5 TM

6 March 1991

138/044 https://earthexplorer.usgs.gov/,
accessed on 12 March 2023

20 March 1996
17 March 2001
19 June 2006

Landsat 8 OLI/TIRS
11 April 2016
25 April 2021

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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2.3. Image Pre-Processing and Classification

Satellite photos are initially pre-processed using RS software to perform topological,
geometric, and atmospheric adjustments. ArcGIS software version 10.8 is applied for
the layer stacking, masking, and ultimately the clipping of the region of interest under
inspection. The human involvement in the portion of land utilized for commercial activity
is known as the Land Use Change (LU). The term “Land Cover” (LC) refers to the physical
features of the Earth’s surface, including vegetation, soil, water bodies, and other actual
land shares [32]. The most effective approach for classifying images is through digital
image processing, or DIP (Figure 2). The supervised image classification approach and
a maximum likelihood algorithm are utilized for the pixel-based LULC classification.
There are five classes in this examining area. Using a maximum likelihood algorithm and
supervised classification technique, vegetation, built-up land, bare land, and grassland are
classified(Table 2).
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Table 2. LULC classes applied in this study classification.

Built-up land Residential area, commercial area, industrial area, transportation, roads, and
construction area.

Vegetation Evergreen forest, deciduous Forest Land, Mixed Forest Land,
Shrub/degraded vegetation.

Water Bodies River, Ponds, lakes, and open water bodies.
Bare land These types of classes are mainly playgrounds, open area, and many others.
Grass Land Many types of trees, Grass area, open vegetated area
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2.4. Accuracy Assessment and Kappa Statistic

Accuracy assessment comes in the post-classification stage. The urban areas consist
of a diverse range of features, such as residential areas, water bodies, roadways, green
spaces, and railroads [33]. Since this approach indicates the correctness of the classifi-
cation outcomes, the accuracy assessment has the biggest important influence after the
classification [34]. This method is used to associate both categorized and ground truth
datasets. Google Earth Pro and field surveys make up the ground truth datasets. The
accuracy of classification is assessed using the Non-parametric Kappa test. In addition to
being a diagonal element, the Kappa coefficient also forms the basis of the misperception
matrix [34]. Following this equation is the calculation of the Kappa coefficient (Table 3).

k =
N∑r

i=1 Xii − ∑r
i=1(Xi+X+i)

N2 − ∑r
i=1(Xi+X+i)

(1)

Table 3. The scale of Kappa coefficient.

SL. No Value of K Strength of Agreement

1 <0.20 Poor
2 0.21–0.40 Fair
3 0.41–0.60 Moderate
4 0.61–0.80 Good
5 0.81–1.00 Very Good

2.5. Geo-Spatial Indices
2.5.1. NDVI

Green space was the most significant feature of Earth’s surface because it regulates
temperature swings, surface runoff, infiltration rate, soil erosion losses, drought control,
and water level over the land’s surface [35,36]. Many areas were losing their green space
land due to urbanization, which also caused droughts, temperature fluctuations, and
increased evapotranspiration [6,37]. The land transformation also influenced the green
space situation. The monitoring of the vegetation state made considerable use of the
Landsat 5 TM and 8 OLI/TIRS datasets [38,39]. The NDVI, which can be expressed by
applying Equation (2), was used in the current investigation to assess the health status of
green spaces in Kolkata, West Bengal.

NDVI =
(ρNIR − ρR)

(ρNIR + ρR)
(2)

where R represents the red band of satellite datasets and NIR indicates the near-infrared
band of the Landsat imageries. The remaining LULC classifications are denoted by 0 to
−1 in the NDVI standards, while a region’s healthy green space is indicated by 0 to +1.

2.5.2. NDBI

Urban growth affects environmental deprivation and localized climatic change [40,41].
In the megacity of Kolkata, population density has a significant impact on both urban
development and the expansion of built-up territory. Urban planning is more important
for sustainable urban growth, although conditions are eliminated by excessive population
density [42,43]. The megacity of Kolkata has seen significant infrastructure growth in the
past. Such urban expansion was observed using the NDBI.

NDBI =
(ρSWIR1 − ρNIR)

(ρSWIR1 + ρNIR)
(3)



Sustainability 2024, 16, 3383 7 of 24

In satellite imagery collections, the acronym SWIR refers to shortwave infrared bands,
while NIR denotes near-infrared bands. The NDBI guidelines range from −1 to +1. Positive
standards are built-up areas, while negative standards represent other LULC traits.

2.5.3. NDMI

Urbanization generally lowers relative humidity (RH) because of the higher tempera-
tures and less surface water that can evaporate, in addition to aggregating the temperature
over the megacity. The Landsat TM, ETM+, and OLI/TIRS near-infrared (NIR) and short-
wave infrared bands were used to calculate the NDMI (https://www.usgs.gov/core-scie
nce-systems/nli/landsat/normalized-difference-moisture-index, accessed on 12 March
2023). The NDMI can be determined by using Equation (4).

NDMI =
(ρNIR − ρSWIR1)

(ρNIR + ρSWIR1)
(4)

The areas with problems with water stress will be categorized using the normalized
differential moisture index standards. Typically, the NDMI norms fall between −1 and 1.

2.5.4. NDBal

The normalized difference bareness index is typically used to determine the exterior
hardness of the infertile ground. Applying the SWIR and thermal infrared (TIR) bands as
forecasted by Zhao and Chen yields the NDBaI [44].

NDBaI =
(ρSWIR1 − ρTIR)

(ρSWIR1 + ρTIR)
(5)

2.5.5. NDWI

With the NDWI applied to satellite imagery, open water landscapes were brought to
light, making a body of water “pop out” in contrast to the surrounding soil and vegeta-
tion [45].

NDWI =
(ρG − ρNIR)

(ρG + ρNIR)
(6)

2.6. LST Estimation

The thermal difference and the heat change of a region are prejudiced by the LST [46].
The megacity of Kolkata’s land surface temperature (LST) is monitored using the Landsat
5 TM (Band 6) and the Landsat 8 OLI/TIRS (Band 10). To monitor the LST, data from
Landsat OLI/TIRS for 2016 and 2021, as well as Landsat TM datasets for 1991, 1996,
2001, and 2006, are used. Landsat 8 has two thermal bands, namely 10 and 11. But band
11 was not treated in this evaluation because of the possibility that it will rise in the LST
approximation due to the satellite orbit’s tilt. As a result, only the Landsat band 10 is used
to approximate the LST imagery in the megacity of Kolkata. Las Vegas and Baghdad are
two different cities in the world whose temperature changes are calculated using the LST
of four decadal Earth observation datasets. The land surface temperature (Band 10) is
designed using Landsat TM (Band 6) and Landsat OLI/TIRS [47]. The process that follows
is utilized to advance the LST maps of certain research areas [48]. Thermal fluctuation is
greater in urban areas than in rural ones. The metropolitan areas that are green or blue have
a lower temperature than the surrounding areas. In the area under research, the location
and effect of temperature are displayed by the LST charge. The complete computing process
for Landsat 5 and 8 LST is defined in the literature. The SUHI remained resolute through
the LST. A shift in surface temperature was connected to a modification in LULC. Regular
updates are made to the SUHI requirements.

https://www.usgs.gov/core-science-systems/nli/landsat/normalized-difference-moisture-index
https://www.usgs.gov/core-science-systems/nli/landsat/normalized-difference-moisture-index
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2.7. UTFVI

The SUHI’s effects were often described using the UTFVI. The SUHI and UTFVI singu-
larities are the result of several factors influencing land surface temperature, psychometrics,
and light intensity, such as heat waves and Earth surface modification [49]. The formula
below was used to determine the UTFVI.

UTFVI =
(

Ts + Tmean

Tmean

)
(7)

where Ts signifies the LST in kelvin, and Tmean is used to display the mean LST in kelvin.
The UTFVI is categorized into six groups according to the reflected changes in the urban
thermal field: none, moderate, intermediate, strong, stronger, and strongest.

2.8. SUHI

The investigation of SUHI is significant for the study of urban heat balance. The SUHI
diagram is projected to regulate the heat variation in the Kolkata megacity area:

SUHI =
(

Ts + Tmean

SD

)
(8)

where Ts stands for the LST (K), T mean is the mean LST (K), and SD is the standard
deviation of the estimated LST map.

3. Results and Discussion

The three-colour bands’ composition (blue, green, and red) is applied for classification
based on six altered years of the Landsat 5 TM and Landsat 8 OLI/TIRS datasets. Between
KMC and environs regions, there has been a foremost LULC change in the aforementioned
30 years as an outcome of urban growth. At large, population growth is controlled, but
the built-up region is quickly improved, while water bodies, vegetation, and grassland are
deceptively reduced in maximum portions of the investigation region. The diminuendos of
LULCC are predictable from the year 1991 to 2021. The outcomes will be deliberated in the
subsequent subdivisions.

3.1. Areal Change of LULC

The supervised classification technique with a maximum likelihood algorithm is uti-
lized to recognize the LULCC outlines from the year 1991 to 2021. Five categories of LULC
are identified in LULC diagrams: built-up land, grassland, bare ground, vegetation, and
aquatic bodies. Due to the disastrous process of urbanization and population increase,
the entire region has displayed a water body, a decline in vegetation, bare ground, and
grassland. The percentages of the vegetation region are acknowledged as 21.82% (1991),
35.52% (1996), 7.40% (2001), 15.62% (2006), 26.07% (2016), and 14.52% (2021), correspond-
ingly (Table 4), over the investigation zone. The water body variations regions over the
years were 875.43 Ha (1991), 614.43 Ha (1996), 523.89 Ha (2001), 682.56 Ha (2006), 785.97 Ha
(2016), and 441.27 Ha (2021), correspondingly. Due to the urbanization of such areas, a
434.16 Ha water body region has shrunk throughout the last 30 years (Figure 3). According
to the land modification examination, many vegetated lands have changed into various
LULC features that can be experienced in terms of infiltration rate, soil moisture content,
and slope stability. The residential zone close to the industrial region has significantly
intensified in the KMC area. High temperatures and air pollution consistently plagued
the populated zones, and the SUHI result was also observed in this location (Table 4). The
grassland has shown a reduction from 27.63% (1991) to 22.63% (1996), 31.95% (2001), 29.97%
(2006), 9.13% (2016), and 15.31% (2021), and a total grassland of 2286.9 Ha has been reduced
in the past 30 years (Figure 4). The classified diagrams show enormous variations in the
built-up lands, which enlarged from 41.61% (1991) to 37.60% (1996), 55.19% (2001), 50.69%
(2006), 54.27% (2016), and 67.10% (2021), respectively (Table 5). Along with lowering the
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temperature, these built-up locations have also significantly lowered the rate of infiltration
and surface runoff escalation.

Table 4. Area calculation of the different years’ classification.

Class Name
Area in Ha

1991 1996 2001 2006 2016 2021

Water body 875.43 614.43 523.89 682.56 785.97 441.27
Vegetation 4050.27 6591.51 1374.03 2899.44 4837.77 2695.41
Grass Land 5127.93 4198.95 5928.21 5561.55 1694.25 2841.03

Built-up Land 7721.55 6978.15 10,241.73 9406.98 10071 12,450.78
Bare Land 779.04 171.18 486.36 3.69 1165.23 125.73

Class Name
Area in Percentage (%)

1991 1996 2001 2006 2016 2021

Water body 4.71 3.31 2.82 3.67 4.23 2.37
Vegetation 21.82 35.52 7.4 15.62 26.07 14.52
Grass Land 27.63 22.63 31.95 29.97 9.13 15.31

Built-up Land 41.61 37.6 55.19 50.69 54.27 67.1
Bare Land 4.19 0.92 2.62 0.01 6.28 0.67
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Table 5. Loss/Gain analysis of different periods.

Class Name
Area Increased/Decreased (Ha)

(1991–1996) (1996–2001) (2001–2006) (2006–2016) (2016–2021) (1991–2021)

Water body −261 −90.54 158.67 103.41 −344.7 −434.16
Vegetation 2541.24 −5217.48 1525.41 1938.33 −2142.36 −1354.86
Grass Land −928.98 1729.26 −366.66 −3867.3 1146.78 −2286.9

Built-up Land −743.4 3263.58 −834.75 664.02 2379.78 4729.23
Bare Land −607.86 315.18 −482.67 1161.54 −1039.5 −653.31

Notwithstanding the LULC elements listed above, the remaining LULC elements
also share a striking amount of dynamic similarity. Bare land (0.55), built-up (0.52), and
fallow land (0.56) dynamicity are close to each other in agricultural land dynamics. It is
discovered that homestead dynamics with a plantation are almost identical to those of
bare land (0.53). The similarity index values of 0.53 and 0.57, respectively, indicate that the
dynamics of built-up areas are nearly identical to those of homesteads with plantations and
water bodies [50]. Over the previous 20 years, there has been a 108.94 km2 spatial growth
due to the growing urban population. Moreover, 88.71 km2 in 1989, 144.64 km2 in 2006, and
197.65 km2 in 2010 make up the urban built-up area within and surrounding the city. These
modifications have raised the study region’s surface temperature. Biophysical parameter
analysis reveals a negative association between NDBI and NDWI, a negative correlation
between LST and NDVI, and a positive correlation between LST and NDBI [51]. Urban
built-up, open terrain, vegetation, agricultural land, and aquatic bodies are the five classes
into which the multi-temporal satellite data are classified using the supervised Maximum
Likelihood Classification technique. The findings showed that new road construction,
flyovers, settlement building, etc., caused the urban built-up area to gradually rise by
roughly 21.17% (239.097 km2) throughout the study period. Other geographical features
have gradually decreased, including open space, flora, agricultural land, and bodies of
water [52].
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A built-up zone was developed on 4729.23 hectares of natural land after the categorized
LULCC diagrams from 1991 to 2021 were examined. The differences in the bare land zone
are recorded as 4.19% (1991), 0.92% (1996), 2.62% (2001), 0.01% (2006), 6.28% (2016), and
0.67% (2021), and a total decrement of 653.31 Ha (1991–2021) of bare land is detected
above the investigation regions (Figure 5). The overall accuracy assessment outcomes
for LULC classification are 93% (1991), 95.59% (1996), 92.97% (2016), and 92.94% (2021),
respectively. Apart from that, the kappa statistics for the years 1991, 1996, 2016, and
2021 are obtained, respectively, and they are 0.91, 0.94, 0.91, and 0.91. Large-scale land
changes in Kolkata’s megacity have intentionally impacted the local ecology and natural
environmental conditions (Figure 6). The vegetation decrease and high thermal variation
have increased the SUHI effects in the investigation region [53].
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3.2. LST Variation

This area experienced wide variations in temperature in different areas due to the
growth of the cities. Due to human activity, the center sections are situated in areas with
significant temperature variations. Verifications of the Earth’s surface temperature varia-
tions and high points throughout 1991–2021 correspond with the spatial circulation of the
regions under examination. In various areas of the research site, open space and grasslands
are converted into developed areas. The temperature in any given area determines the type
of vegetation. The application of the known equation to remote sensing (RS) data from
Landsat 5 TM and 8 OLI thermal bands produced the spatio-temporal disseminations of
land surface temperature (LST) for the years 1991–2021. This diagram’s red hue indicated
the highest temperature, while the blue colour indicated the lowest temperature in real-time
(Figure 7). The LST varies in the following years: 1991, 20.62 ◦C to 30.83 ◦C with a mean
temperature of 25.72 ◦C; 1996, 22.97 ◦C to 31.26 ◦C with a mean temperature of 27.11 ◦C;
2001, 23.94 ◦C to 32.05 ◦C with a mean temperature of 27.99 ◦C; 2006, 23.97 ◦C to 33.05 ◦C
with a mean temperature of 27.995 ◦C; 2016, 24.67 ◦C to 35.59 ◦C with a mean temperature
of 30.13 ◦C; and 2021, 25.32 ◦C to 38.82 ◦C with a corresponding mean temperature of
32.07 ◦C. The annual differences in the hottest and lowest temperatures between 1991 and
2021 are around 5.81 ◦C and 7.72 ◦C, respectively. The annual temperature rose every year
between 1995 and 2020, and there was a notable rise in the mean land surface tempera-
ture (LST) due to the conversion of agricultural land and trees outside forests (TOF) to
built-up areas. Compared to the suburbs, the mean LST over Kolkata City was rather high.
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The average land surface temperature (LST) increased by 4.32 ◦C in the winter and by
approximately 8.43 ◦C in the summer between 1995 and 2020. Over built-up areas (7.06 ◦C),
agricultural land without crops (5.55 ◦C), and open land (5.54 ◦C), the rate of increase in
LST was found to be relatively high. Over TOF (4.66 ◦C) and water bodies, however, it was
quite low (3.68 ◦C) [54].
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3.3. Geo-Spatial Indices

The SUHI study is classified using RS-based dissimilar spectral indices. The NDWI,
NDBI, NDMI, NDVI, and NDBal are computed using the Landsat 5 TM and Landsat
8 OLI/TIRS bands (NDBaI). The urban zone grew over the years, according to the NDBI
graphic. The primary cause of the devastating fall in heat differential is likewise the decline
in the vegetated zone in such zones. This inquiry region’s altered flora is depicted in the
NDVI graphic. Many areas of this region had a healthy green space in 1991; however,
those areas were aware of the degradation of the green space due to population pressure
and urbanization. Because there are differences in land values in different areas of the
region under examination, the urban area has grown. The land value in KMC and its
surrounding areas is generally high, while there are occasional times of low land value
in other places. As a result, the societies were able to relocate to the nearby KMC and
benefit from the development and convenience of the Kolkata metropolitan area. The
south, west, and northeast regions of this study area have had substantial changes to the
green space during the past 20 years, according to the NDVI diagram of various years.
The locations of Rajarhat-Newtown, Khidirpur, Amta, Sonarpur-Rajpur municipality, and
Pujali have reduced the amount of green space. The SUHI influence on the area under
investigation is also produced via the Urban Thermal Field Variance Index (UTFVI) figure.
Urban expansion is causing a significant rate of value alteration in the RS technique-based
UTFVI. There were also significant thermal field variations between 1991 and 2021 in



Sustainability 2024, 16, 3383 14 of 24

the areas surrounding Khidirpur, Kolkata port, Dharmotala, Sealdha station, and Netaji
Subhash Chandra Bose International Airport. Urbanization caused a 0.015 Urban Thermal
Field Variance to increase everywhere throughout those years. This study highlights how
urbanization has significantly impacted the area under investigation and shows a persistent
pattern of green space conversion into built-up areas during the investigation. As a result
of this change, there is less greenery and a rise in surface temperatures. Via NDVI, NDBI,
and LST studies, this study shows strong relationships and patterns, highlighting the
necessity for urban planners, environmentalists, and ecologists to give this issue their full
attention [55]. The regulatory amplitudes for the NDBI and albedo were highest because the
marginal effect values had the biggest range. When the BCR changed from 0.3 to roughly
0.5, there was an increase in the positive link between NDBI and BCR and LST. When it was
more than 60%, there was a substantial negative correlation between GS and LST. There
was some complexity in the correlations between LST, SVF, and NDVI, respectively. When
the NDVI values were greater than 0.6, the relationship between the NDVI and LST turned
negative. Otherwise, there was a generally positive correlation between the two variables.
After surpassing 0.8, the connection between SVF and LST turned positive. Between 0.2 and
0.8, it was negative [56].

To control the area of vegetation deterioration between 1991 and 2021, the NDVI was
computed (Figure 8). Due to the region under study’s ongoing urbanization and defor-
estation, the NDVI interpretations based on the various years demonstrated a significant
reduction in the green space region. The NDVI’s experiential interpretations from 1991 are
0.63 and −0.34, respectively, representing the highest and lowest interpretations. However,
the NDVI interpretations have reduced unexpectedly with the maximum value individ-
ually validated as 0.44, while the lowest reading is −0.10. Because there is less greenery
or grassland over KMC regions, the NDVI values in urban and industrial zones are often
low. the years 1991 to 2021. Everywhere 0.015 Urban Thermal Field Variance amplified
throughout those years due to urbanization.
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Satellite imagery was used to track this metropolitan megacity’s built-up expansion
over several years. To compute the built-up indicators for six distinct years, two bands
were used. According to the NDBI results, over the last 30 years, the greatest significance
rose from 0.38 (1991) to 0.49 (2021). This discovery indicates that the examined region’s
built-up land and urban expansion became appealing locations quickly (Figure 9). The
NDMI scale runs from −1 to +1, with the lowest requirements representing low water
content in green spaces and the highest criteria representing high water content. Stated
differently, a decrease in the NDMI will be indicative of water stress, whereas abnormally
high NDMI values may suggest waterlogging. The NDMI’s high requirements are 0.62
(1991), 0.52 (1996), 0.48 (2001), 0.40 (2006), 0.35 (2016), and 0.32 (2021). In some areas of the
region under examination, the NDMI’s standards have decreased. Over the last 30 years,
the overall NDMI norm of 0.3 has been lowered (Figure 10). The entire inspecting area’s
bareness level is categorized using the bareness index. The maximum standards varied
between 0.17 (1991) and 0.08 (2021), continually. The substantial built-up growth over
the examination zone caused the NDBal to be gradually reduced in the same manner
(Figure 11). The high standards of NDWI are 0.38 (1991), 0.23 (1996), 0.21 (2001), 0.20
(2006), 0.13 (2016), and 0.12 (2021). The NDWI standards reduced in certain portions of this
examining region. A total NDWI standard of 0.18 has been condensed in the past 30 years
(Figure 12).
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3.4. SUHI

The SUHI calculation is additionally significant for environmental situation supervi-
sion and preparation for a better future (Figure 13). In every corner of the world, people
migrated in the direction of the cities. In a similar vein, the rural–urban fringe area cur-
rently transforms into an urban area during designated times. The years 1991–2021 are
indicated by a high SUHI by the colour green to blue. Planning for smart cities is now
even more important for future environmental progress. The focus of this investigation is
to raise the necessary awareness among those who can lessen the challenges (Figure 14).
The SUHI measurements are further significant in support of urbanization examination
and estimation of the general environmental situation. Consequently, the SUHI dimension
and assessment of the thermal difference over the urbanized regions were additionally
vital. The global urbanization and changing climate influences of the KMC megacity, set-
tlement, and city sites are a cumulative phenomenon that is activating the environmental
variables and health problems. Those circumstances are essential for wide valuation and
organization; climatic circumstances affect the general Earth’s surface and increase the
risk of thermal variation. In addition, unplanned metropolises were frequently affected by
the SUHI variation because numerous countries were knowledgeable about unexpected
urbanization which activated the heat island influence over the sphere. The highest SUHI
values observed were 3.21 (1991), 3.49 (1996), 3.66 (2001), 3.90 (2006), 4.37 (2016), and 4.56
(2021), respectively. The SUHI increased by 1.25 over 30 years, while the affected areas were
Khidirpur port, Dharmotala, Kalighat, Sealdha, Sovabazar, and Ultadanga areas. Similarly,
for the ecological diversity assessment, UTFVI information was applied. The values of
UTFVI were 0.20 (1991), 0.21 (1996), 0.24 (2001), 0.26 (2006), 0.26 (2016), and 0.26 (2021),
respectively. Most of the KMC areas were affected by heat effects and thermal variation.
Therefore, that information is more helpful for decision-making and future management
and adaptation strategies. With the diversity and dynamic growth of built-up morphology
and urban surface cover, the traditional method of examining the temporal pattern of
LST to investigate UHI has lost some of its significance. Rather, the Local Climate Zones
(LCZ) system, which divides the city into areas according to building height, density, and
forms of land cover that interact differently with the microclimate, emerged as a strong
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substitute [57]. Meanwhile, urban surfaces act as large heat energy reservoirs due to their
high thermal inertia, which could have accelerated the heat flux from the Earth. In Kolkata,
the noon UHI effect is not as severe or strong because of the thermal characteristics of the
urban surface, which influence the daytime UHI impacts. However, because there is no direct
solar heating during the night, the situation is reversed and local-scale convection stops [58].
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3.5. Correlation Analysis

The association between the LST and LULC diagram is caused by the green space
region showing a slightly lower temperature than built-up land. The thermal difference is
different for diverse LULC features. The built-up area is hotter than the rest, and the water
body is colder. The association is projected to apply the ArcGIS software v10.8 and calculate
the situation in different years of this examining part. The built-up area is hotter than the
rest of the water body, which is quite cool and the R2 standards are 0.32, 0.36, 0.32, 0.22, 0.24,
and 0.20 in the years 1991, 1996, 2001, 2006, 2016, and 2021 correspondingly. Because of the
building degradation, the green space land, and the reasons for the significant temperature
difference on this site, there is an additional side correlation with LST and NDVI that
is negative. The relationship between LST and NDVI is 0.07, 0.13, 0.13, 0.03, 0.05, and
0.01 in the years 1991, 1996, 2001, 2006, 2016, and 2021, respectively. Because of the high
frequency of deforestation and the increase in LST over the examined region, the NDMI
standards demonstrated a negative connection with LST. The R2 standards are 0.32, 0.36,
0.32, 0.22, 0.24, and 0.20 in the years 1991, 1996, 2001, 2006, 2016, and 2021, respectively
(Figure 15). The correlation with LST and NDWI shows a positive relationship and the R2

values are 0.03, 0.06, 0.07, 0.004, 0.02, and 0.002 in the years 1991, 1996, 2001, 2006, 2016, and
2021 correspondingly. Additionally, there was a positive association with LST as a result of
the correlation with NDBal.

The dynamic relationship between LST and plant cover (NDVI) and built-up (NDBI)
area is also investigated, demonstrating how vegetation cools the city’s microclimate while
the built-up area plays a heating role. A top-down method for verifying the effect of
shifting land use on LST is offered: a microscale study with grids. The conversion of
natural and agricultural lands into built-up areas is one of the main causes of the significant
rise in urban hotspots in the city’s southern and central regions in 2019 [59]. In contrast to
NIR reflectance, which is only related to leaf structure and dry matter, SWIR reflectance
is related to both leaf structure and water content. Therefore, differences in leaf internal
structure are cancelled out by spectral indices employing the NIR and SWIR bands, which
increases the accuracy of vegetation water content detection. Reduced leaf water content
would limit transpiration, resulting in less water evaporating from the leaf surface, decreasing
cooling and raising leaf temperature [60,61]. Due to their capacity to detect the water content
of vegetation, the indices that use SWIR and LST have strong connections that could indicate
drought-like situations during heatwaves. It has been observed that surfaces with sparse
vegetation experience water stress during heatwaves; this could prevent or reverse the cooling
effect of vegetation since there is less water available for plant transpiration and drying out [62].
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3.6. Limitations and Recommendation

Because the satellites were capturing the images from satellite orbit, there is a distinc-
tion between surface SUHI and atmospheric SUHI. Two other factors that were crucial to
examine in the upcoming research are timing and cloud cover. The massive space between
the satellite location and the urban area might decrease the sensor’s efficacy as there is
still a substantial inconsistency between the predicted and real air temperatures [63]. It is
possible that the 30 m resolution Landsat files will not be sufficient for accurately classifying
the picture. The land alteration investigation’s primary challenges are mixed pixels and
heterogeneous values, which will make the issues in the urban expansion study worse. The
upcoming research establishes the need for real surface temperatures, enhanced radiation
adaption and filtering models, and Earth observation satellite systems. Aside from that,
the study regions’ urban green space (UGS) analysis should be conducted to advance
sustainable urban design and management.

4. Conclusions

In this examination, a positive connection is found between LULC features and the
LST because of the urbanization growth, industrialization, and population. An increasing
LST trend is experiential from the years 1991 to 2021. The outcomes demonstrate that an
increase of 4729.23 Ha in built-up areas is observed in the examining region. Temporarily,
1354.86 Ha of vegetation land, 653.31 Ha of bare land, 2286.9 Ha of grassland, and 434.16 Ha
of water body region reduced from the year 1991 until 2021. Both the RS and GIS methods
contribute to the main benefit of the spatio-temporal urban sprawls trend with SUHI,
which, when applied as the main important impact on behalf of suitable urbanized and
transportation growth, as well as ecological organization difficulties like high LST in the
urbanized regions, produces SUHI; consistently, we can differentiate the UTFVI.

• The UHI and LULC results commend the significant strengthening in residential
regions, similar to the temperature of the urbanized regions in the last three periods,
as supplementary to added LULC features. The local thermal shape of the natural
surroundings appears to have been impacted by the urbanization process, according
to correlations found between LST and NDBI, NDVI, NDWI, NDMI, and NDBal.

• The significant positive link found between LST and NDBI suggests that rapid urban
growth has directly impacted the region under investigation’s temperature conditions.
Moreover, an inverse relationship between the decline in green space and the urban
thermal field is suggested by the negative correlation between LST and NDVI.
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• The primary regulating factor for SUHI and heat stress in Kolkata and the surrounding
area, according to this study, is surface area. Policymakers, administrators, urban
planners, and other interested parties can use this analysis for project management and
planning that will reduce thermal variance and land modification over the KMC regions.
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