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Abstract: Urban growth and development has significantly affected urban heat island (UHI) due to
urbanization. Particularly in the cities in developing countries, the assessment of UHI has emerged as
one of the core research themes as it significantly affects the ecological environment and livability in
cities. Thus, the assessment of UHI is crucial for climate mitigation and sustainable urban landscape
planning. This study identifies the dynamics of landscape patterns and the impact of composition
and configuration on the thermal environment in English Bazar Urban Agglomeration (EBUA),
Eastern India, along the urban–rural gradient (URG) approach. Geospatial approaches and spatial
metrics were employed to assess the impact of the landscape pattern on the thermal environment.
Descriptive and inferential statistics have also been used to find the effects of landscape patterns on
the thermal environment. The result has also been validated based on the location and correlation
analysis. The built-up area increased by about 63.54%; vegetation covers and water bodies declined
by 56.72% and 67.99% from 2001 to 2021. Land surface temperature (LST) decreased with increasing
distance from the core of the city. LST declined by about 0.45 ◦C per kilometer from the core of the
city towards the outside. LST had a positive correlation with IS and a negative correlation with green
space (GS) and blue space (BS). The mean aggregation of the impervious patches was larger (73.21%)
than the GS (43.18%) and BS (49.02%). The aggregation of impervious surface (IS) was positively
correlated, and aggregations of GS and BS had a negative correlation with LST. Findings suggest that
the spatial composition and configuration of the impervious surface, GS, and BS must be considered
in landscape planning and design framework to make the city more livable.

Keywords: urban heat island; urban agglomeration; GS; landscape pattern; landscape planning

1. Introduction

Urbanization is one of the significant anthropogenic impacts on the earth in terms
of land use and land cover (LULC) [1,2]. Thus, urbanization has a crucial impact on the
thermal environment and the emergence of the urban heat island (UHI) effect [3,4]. Ur-
banization transforms the natural land cover into artificial surfaces [5]. The impacts of
anthropogenic activities are more prominent due to unplanned urbanization [6,7]. Thus,
the LULC dynamics largely affect urban and sub-urban landscapes, leading to the increase
in temperature and the emergence of the UHI effect [8,9]. The temperature in the urban
areas is higher than the surrounding environment [10,11]. The emergence of the UHI
effect significantly affects people’s quality of life and results in eco-environmental degrada-
tion [12]. Besides ecological consequences, the UHI effect also causes deterioration of air
quality, human health, and thermal comfort level [13,14]. Therefore, the assessment and
monitoring of UHI has become one of the significant research issues in urban climatology,
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urban landscape, and urban geography [15,16]. The changes in surface properties are the
prime factors affecting the UHI effect [15]. Therefore, it is crucial to explore the relationship
between landscape patterns, composition, configuration, and the urban thermal environ-
ment (UTE) [2,17,18]. These studies showed that landscape patterns had a tremendous
impact on LST. Maimaitiyiming et al. [19] conducted a survey in Asku city in China and
showed the impact of green space (GS) on the land surface temperature (LST). According to
Asgarian et al. [20], the connectivity and complexity of the urban landscapes increased LST
due to the high energy between landscapes. The loss of GS and blue space (BS)increased
LST, whereas the expansion of GS generates a cooling effect in urban areas [21]. However,
most studies were conducted on the relationship between LST and land cover types [22,23].
The impact of landscape configuration and composition on the LST from the perspective of
UHI is essential for climate-sensitive planning strategies in cities [5].

Globally, accelerated urbanization, continued population growth, and loss of green
infrastructures (GI) increased temperatures, significantly affecting human health and ther-
mal comfort level [7,24]. At the Climate Conference (2018) in Paris, it was stated that the
temperature across the globe increased substantially, and several recommendations were
suggested, such as reducing carbon emissions and green house gas (GHG) and use of
renewable energy [24]. Thus, studying and understanding the UHI phenomenon is crucial
to reducing the influence of climate change and finding possible measures and strategies [7].
UHI effect can be accessed from two perspectives, namely UHI related to the surface (SUHI)
and UHI related to the atmosphere (AUHI) [25]. SUHI is assessed based on the LST, and
AUHI is assessed based on the air temperature [7]. This study analyzed UHI based on the
LST retrieved from remote sensing (RS). The rapid urban expansion and population growth
in the cities of developing countries have strengthened the UHI effect [26]. In India, very
limited studies were carried out on the relationship of landscape composition with LST
from the perspectives of UHI phenomena. English Bazar Urban Agglomeration (EBUA) has
extended because of the growth of the population and rapid urban expansion [27]. Recent
studies showed that EBUA had experienced a dramatic transformation of LULC and a
significant increase in built-up areas [27,28]. For example, according to Dutta and Das [29],
the EBUA built area increased from 6.99% (14.75 KM2) to 7.22% (15.80 KM2). Dutta and
Das [29] conducted another study in EBUA on the spatiotemporal pattern of regional heat
islands (RHI) and found that mean LST increased by 1.73 ◦C from 1990 to 2015. A study
performed by Ziaul and Pal [30] to examine the outdoor thermal comfort (OTC) level in
EBUA found that the area under highly uncomfortable areas increased from 3281.4 ha
(2010) to 4815 ha (2016). Thus, from the previous research studies, a few notable research
gaps can be highlighted. Firstly, previous studies mostly focused on the identification of
urban growth patterns, landscape fragmentation due to urban expansion, the pattern of
UHI, and the relationship between LULC and LST. However, the impact of urbanization on
the thermal environment with a validated framework has remained unexplored. This is
the first attempt to explore the impact of urbanization on the thermal environment with
a validated framework. This study aims to explore the influence of landscape pattern,
composition, and configuration on the thermal environment using geospatial and gradient
approaches. The fundamental objective of this study is to explore the impact of landscape
pattern, composition, and configuration on thermal environment along URG.

2. Materials and Methods
2.1. Study Area

EBUA is located in Eastern India, and it is the sixth largest urban agglomeration in
West Bengal (WB), with an area of 5465.43 ha comprising both urban centers (English
Bazar Municipality and Old Malda Municipality), census towns (such as Baghbari, Chatian
more), and surrounding rural areas (Figure 1 and Table 1). EBUA has a population density
of 13,861 persons/km2. From 1991 to 2001 and 2001 to 2011, the decadal growth of the
population was 24.78% and 21.50% [28]. EBUA is located on the Western bank of the
Mahanada river and flows in the middle portion of EBUA (which divides English Bazar
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Municipality from Old Malda Municipality). The annual mean temperature is about
25.4 ◦C, with temperatures ranging from 21 ◦C in winter (December and January) to 46 ◦C
in summer (May and June).
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Figure 1. Location map of the research area. (A) Location of EBUA in India. (B) LULC map of EBUA
(2021).

Table 1. Profile of EBUA.

Basic Information

Name English Bazar Urban Agglomeration (EBUA)
City type Class I city (sixth largest urban agglomerations in West Bengal)

Local bodies (i) Municipalities (English Bazar and Old Malda), (ii) Census towns, (iii) Mouzas
(16 from English Bazar block and 11 from Old Malda block)

Urban bodies 2 municipalities,
Area (km2) 5465.43 ha [28]

Geographical location Diara region in lower Gangetic plain
Demographic profile

Total population 0.63 million
Population density (person/km2) 13,861

Decadal growth (%) 21.5
Climatic features

Climate type Sub-tropical monsoon

Season
(i) Monsoon–June to mid of October; (ii) Post-monsoon–mid of October to mid of

December; (iii) Winter–January to February, and (iv) Pre-monsoon (Summer)–March to
May

Temperature (◦C) in winter About 10
Temperature (◦C) in summer About 35

Precipitation (mm) 1444

2.2. Data Source

Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational Land Imager (OLI)
sensors with a 30 m spatial resolution have been used as remotely sensed satellite images
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(Table 2). The Landsat 5 TM was captured on 14 April 2001 and 25 April 2011, and Landsat
8 OLI images were captured on 15 March 2021, with path and row 139 and row 43. All
the satellite images were downloaded from the United States Geological Survey (USGS)
online portal. Landsat TM and Landsat OLI have been used to develop LULC maps and
retrieve LST. In the case of TM, it consists of seven multi-spectral bands; among them, Band
6 is considered a thermal band. On the other hand, Landsat OLI consists of eleven Bands,
and Bands 10 and 11 are thermal bands. Thus, Band 6 (for Landsat TM) and Band 10 (for
Landsat OLI) have been used as thermal bands to extract LST for the years 2001, 2011, and
2021.

Table 2. Datasets used.

Year Specification
of Date Image ID Resolution (Meter) Sensor

2001 25 April LT05_L2SP_139043_20010425_20200906_02_T1 30 Thematic mapper (TM)
2011 4 April LT05_L2SP_139043_20110421_20200822_02_T1 30 Thematic mapper (TM)

2021 15 March LC08_L2SP_139043_20210315_20210328_02_T1 30 (100 m for thermal
band)

Operational Landsat
imager

2.3. LST Extraction

Landsat 5 TM (Band 6) and Landsat 8 OLI (Band 10) have been used to produce
LST maps for the years 2001, 2011, and 2021, comprising the top of the atmospheric
brightness temperature values in Kelvin. There are three basic algorithms to retrieve LST:
transmittances, emissivity, and, thirdly, means of atmospheric temperature, respectively. At
first, the DN (digital number) values were converted into absolute radiance values using
the following equation:

Lλ = ML·Qcal + AL (1)

where Lλ refers to TOA spectral radiance (Watts/(m2 × sr × µr)); Qcal refers to the DN
values of thermal bands; AL means additive re-scaling factor (band-specific); and ML is
multiplicative re-scaling factor (band-specific).

The at-satellite brightness temperature (Tβ) has been calculated from spectral radiance
(Lλ) and calibration constant (K1, K2). According to the nature of the landscape, the spectral
emissivity correction is calculated:

Tβ =
K2

In(K1
Lλ + 1)

(2)

Basically, TOA is revealed in the Kelvin (K) unit, which was later transformed to
degrees Celsius (◦C). The following equation is used for calculating the emissivity-corrected
LST.

LST =
Tβ

1 +
(

λ ∗ Tβ
SS

)
InEEE

(3)

where λ refers to the center wavelength of the emitted transmittance; SS = h × c/k (1.438 ×
10−2 m k); h = Planks constant (6.626 × 10−34 Js); k = Boltzmann constant (1.38 × 10−23 Js);
c = velocity of light; and EEE is the land surface emissivity.

ε = mpfc + n (4)

where
m = (εV − εY) − (1 − εx) FεX and,

n = εx + (1 − εx)Fε,

εv and εs refers to the vegetation and soil emissivity; F is the shape factor (mean value
is 0.55); and SSfc is the vegetation proportion.
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SSfc = (
NDVI − NDVIMIN

NDVIMAX − NDVIMIN
)

2
(5)

NDVI refers to the normalized difference vegetation index retrieved by using
Equation (5).

2.4. LULC Mapping and Extraction of the IS, GS and BS

The spectral index-based method has been used to develop LULC maps in EBUA for
2001, 2011, and 2021. The satellite images have been classified into five classes: built-up
areas, vegetation cover, agricultural land, water bodies, and open or bare land. The IS were
extracted using the normalized difference built-up index (NDBI). GS were extracted from
the normalized difference vegetation index (NDVI), and the normalized difference water
index (NDWI) was used to extract BS.

NDBI =
MIR − NIR
MIR + NIR

(6)

where NIR refers to Band 4 and Band 5 (for Landsat TM and OLI), whereas MIR refers to
Band 5 and Band 6 (for Landsat TM and OLI) [31,32].

NDVI =
NIR − RED
NIR + RED

(7)

where NIR refers to Band 4 and Band 5 (for Landsat TM and OLI), and RED refers to Band
3 and Band 4 (for Landsat TM and OLI) [32].

NDVI has been applied to extract GS. Usually, it is calculated for plant coverage and
growth monitoring in a study area.

NDWI =
NIR − MIR
NIR + MIR

(8)

where NIR refers to Band 4 and Band 5 (for Landsat TM and OLI), and MIR refers to Band
5 and Band 6 (for Landsat TM and OLI) [33].

In this study, the percentage of GS and BS has been calculated to show the relationship
between GS and BS with LST. GS refers to the percentage of GS in each buffer, and BS refers
to the percentage of BS in each buffer. Thus, GS/BS refers to the sum of all the GS and BS
concerning to the total areas in the buffer.

2.5. Delineation of UHI

The land surface temperature variation index (LSTVI) was computed to analyze the
outcome of UHI. The LSTVI explores the effectiveness of UHI quantitatively, and as a result,
a UHI intensity image is produced. LSTVI can be used as one of the significant indices
to find out the effectiveness of the UHI phenomenon in any area based on the LST. The
following equation has been used to calculate LSTVI:

LSTVI = (
STSS − Tmean

Tmean
) (9)

where STp refers to the LST of a particular point, and Tmean refers to the mean LST of the
entire study landscape.

2.6. Spatial and Statistical Analysis
2.6.1. Multi-Ring Approach

URG analysis has typically been carried out to observe the spatial variation of LST
and the impact of IS, GS, and BS on LST. URG has been analyzed using a multi-ring buffer
(MRB) approach to find the impervious surface, GS, and BS distribution over each buffer
zone. MRB zones have been developed from the city’s core with an interval of 300 m up to
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4500 m for three years (2001, 2011, and 2021). LST, impervious surface, GS, and BS have
been obtained from each buffer zone, and a correlation analysis has been conducted. URG
analysis provides significant findings to understand the spatial variations and distribution
among various parameters in the study landscape. A bi-variate Spearman correlation
analysis was carried out to show the relationship of LST with IS, GS, and BS.

2.6.2. Spatial Metrics-Based Analysis

The study area has been divided into 20 buffers from the city center with an interval
of 300 m. Each buffer was clipped from the LULC map. Thus, the extracted LULC map
was utilized as input in this analysis. Lastly, three class-level spatial metrics (area mean,
shape mean, and aggregation index) were selected to represent the size, aggregation, shape,
and complexity (Table 3). The area of landscapes influences the thermal patterns in cities.
The areas with higher built-up regions are characterized by higher temperatures [32]. The
GS and BS have significant cooling effects and decrease temperature [32]. The mean shape
area of the landscapes changes thermal patterns. The higher mean shape area of IS reveals
higher LST. The aggregation of GS and BS decreases the temperature. The temperature
from the city towards the fringe decreases due to a higher aggregation of GS and BS than
IS. Thus, understanding the impact of area, shape area, and aggregation of the landscapes
is crucial for thermal pattern analysis in cities. All these analyses were performed using
Fragstate (version 4.3) software [34]. The methodological framework of the entire research
work is shown in Figure 2.

Table 3. Spatial metrics used.

Spatial Metrics Acronym Description

Mean patch area AREA_MN

It is used to measure the area or size of the patch
It is the sum of all patches of the corresponding path types. It is calculated from

the patch metrics values divided by the number of patches.
The equation of AREA_MN = 1

1000×n × ∑n
i=1 xi

Mean patch index SHAPE_MN

It is one of the simplest measures of shape complexity
It is calculated from the patch perimeter and square root of the patch areas,

adjusted by a constant to adjust a square standard, and divided by the number of
patches.

The equation of SHAPE_MN = 1
n × 0.25 PI√

XI
.

Aggregation index AI

It is the number of like adjacencies divided by the maximum possible number of
the adjacencies (corresponding class).

The equation of AI = gi
max−gi

× 100
The value of AI “0” means totally disaggregated (no adjacencies), and 100 means

patch type is totally aggregated, indicating a single patch.

A number of descriptive and inferential (correlation and regression) statistical anal-
yses were carried out to understand the impact of the urban dynamics on the thermal
environment. All the statistical analysis was carried out in SPSS (version 22).

2.6.3. Validation

In this research work, the impact of urbanization-induced LULC on the thermal
environment has been verified using two methods: location-based methods and correlation-
based methods. In the case of the location-based methods, the UHI maps were verified
from Google Earth images in 2021 [35]. For correlation, the global human settlement layer
(GHSL) has been used to find out the impact of impervious surfaces on the UHI. In previous
studies, the IS has been used as one of the important indicators for urbanization, and it has
a positive impact on the UHI in urban areas [36].
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3. Results
3.1. Validation

Location-based validation: Google Earth images were used (Supplementary Figure
S1) to validate thermal patterns in EBUA based on the locations. The areas with higher GS
and BS were characterized by lower LST and UHI, and built areas were characterized by
higher LST and UHI intensity. For example, near the center of the city (at 300 m buffer), the
average LST was 43.67 ◦C (with more than 99% of built-up aggregation), and outside of the
city (at 4500 m buffer), the average LST was 41.35 ◦C (with aggregation of 44.86% built-up
area).

Correlation-based validation: The validation of the results is presented in Figure 3.
Overall, the model showed better performance, indicating that the built-up surface has
a significant positive impact on the LST in EBUA (r = 0.86, p > 0.001) and explained 84%
of the model. Thus, the study’s findings are robust, and it is well accepted that IS has a
significant impact on the thermal environment (e.g., LST).
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3.2. LST and UHI Pattern along URG

In 2001, the mean LST was 38.03 ◦C with a maximum and minimum of 39.64 ◦C
and 27.64 ◦C. In 2011, the mean LST was 38.37 ◦C, with maximum and minimum LST of
39.36 ◦C and 27.56 ◦C. In 2021, the mean LST was 42.47 ◦C, with full and minimum LST
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of 43.67 ◦C and 41.35 ◦C. Most of the middle parts of EBUA were characterized by very
high LST. The northwestern, southwestern, and southeastern parts were characterized by
relatively low LST (Supplementary Figure S2).

The LST decreases with increasing distance from the core. For example, in 2001, the
mean LST at buffer 300 m was 39.64 ◦C, which declined to 38.35 ◦C at 2100 m buffer,
38.04 ◦C at 3000 m buffer, and 37.65 ◦C at 4200 m buffer. Thus, mean LST decreased by
about 1.10% per kilometer (0.49 ◦C per kilometer) in 2001. In 2011, the mean LST was
38.94 ◦C at 300 m buffer, which reached 37.76 ◦C at 2100 m buffer, 37.64 ◦C at 3000 m, and
37.55 ◦C at 4200 m buffer. Thus, the mean LST decreased by about 0.45 ◦C (decreased by
about 1.15%) per kilometer. In 2021, the mean LST decreased by 0.52% per kilometer from
the core of the city towards the outside (Figure 4). Thus, the average decrease of LST was
0.45 ◦C (1.16%) per kilometer from the core during 2001 to 2021.
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Figure 5 elucidates the spatial and temporal variation of the LSTVI from 2001 to 2021.
In 2001, 1.60% of the area came under very high LSTVI, which decreased to 0.60% in 2011
and increased to 1.53% in 2021. Similarly, in 2001, 16.75% of the area was covered with high
LSTVI, which decreased to 3.75% in 2011 and increased to 27.02% in 2021. The areas with
low LSTVI zones covered 10.58% in 2001, 5.61% in 2011, and 2.12% in 2021. The areas with
low LSTVI zones increased from 23.92% to 34.11%.
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3.3. Changes of IS, GS, and BS along URG

The results showed that IS decreases and green and BS increase with increasing
distance from the core. Buffers from 300 to 1500 m (1.5 km from the core) covered more
than 40% of the total IS, and buffers from 3000 to 4500 m (1.5 km from up to the outer
boundary) covered about 15% of the total IS from 2001 to 2021. GS at buffer 300 m was
<1%, which increased to 10% at 4500 m buffer. The proportion of the BS was also deficient
at the core (at buffer 300 m) that reached to 6% at buffer 4500 m (Figure 6).
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The results showed that LST was positively correlated with IS and negatively corre-
lated with GS and BS (Figure 7). In 2001, the correlation between LST and IS was 0.715
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(significant at 0.01), whereas the correlation was 0.412 in 2011 and 0.429 in 2021. The
correlation between IS and GS was r = −0.943 (significant at 0.01) in 2021, followed by
r = −0.938 in 2011 (significant at 0.01), and r = −0.870 in 2001 (significant at 0.01). The
highest negative correlation between LST and BS was in 2021 (r = −0.828) (significant
at 0.01), followed by in 2011 (r = −0.735) (significant at 0.01), and in 2001 (r = −0.536)
(significant at 0.05).
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3.4. Impact of Landscape Composition and Configuration on the Thermal Environment

The spatial metrics across the buffer zones from the city center varied (Supplementary
Figure S4). For example, in the case of IS, AREA_MN decreases with increasing distance
from the core, and AREA_MN of GS and BS increases with increasing distance. AREA_MN
of IS at 300 m buffer was 28.28 (ha) (GS = 0; BS = 0), which reached 0.380 (ha) (GS = 1.39;
BS = 2.02) at 4500 m buffer. The average AREA_MN of all the buffer zones from the city to
outside was 42.47 ha, whereas it was 0.769 ha for GS and 0.644 ha for BS. The SHAPE_MN
of IS was 1.14 at 300 m buffer (GS = 0 and BS = 0). The average SHAPE_MN of IS for all the
buffers was 1.85, whereas it was 1.20 for GS and 1.11 for BS. In the case of AI, IS decreases,
and green and BS increase with distance from the core of the city. For example, AI at
300 m buffer zone was 99.22% (GS = 0%; BS = 0%), which declined to 44.86% (GS = 70%;
BS = 82.01%) at 4500 m buffer zones.
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Table 4 shows the correlation between spatial metrics and mean LST in EBUA, along
with descriptive statistics. The highest AREA_MN was observed from IS (22.51 ha), fol-
lowed by GS (0.77 ha) and BS (0.64 ha). The standard deviation (SD) was the highest
for IS (40.12 ha), followed by green (0.55 ha) and BS (0.47 ha), indicating the greater vari-
ability of AREA-MN of IS than the green and BS. There was a strong positive correlation
(r = 0.703) between AREA_MN (impervious surface) and LST, and LST had a strong neg-
ative correlation with GS (−0.896) and BS (r = −0.800). Thus, AREA_MN of the IS had a
positive impact on the LST, and green and BS had a negative impact on the LST.

Table 4. Correlation between spatial metrics and mean LST (** indicates significates at <0.05).

Landscapes Statistics AREA_MN (ha) SHAPE_MN (ha) AI (%)

IS

Mean 22.51 1.86 73.22
SD 40.12 1.23 17.64

Skewness 2.09 1.61 −0.17
Kurtosis 3.91 2.36 −1.26

Correlation with
mean LST

r 0.703 ** 0.217 0.960 **
Sig (2-tailed) 0.003 0.437 0.000

GS

Mean 0.77 1.21 43.19
SD 0.55 0.40 28.93

Skewness 0.58 −1.64 −0.78
Kurtosis 0.37 7.00 −1.19

Correlation with
mean LST

r −0.896 ** −0.363 −0.952 **
Sig (2-tailed) 0.000 0.1784 0.00

BS

Mean 0.64 1.12 49.02
SD 0.47 0.34 24.15

Skewness 1.15 −1.99 −1.12
Kurtosis 1.67 6.89 0.02

Correlation with
mean LST

r −0.800 ** −0.686 ** −0.722 **
Sig (2-tailed) 0.000 0.005 0.002

The mean SHAPE_MN was the highest for IS (1.86 ha) followed by GS (1.21 ha) and
BS (1.12 ha) space. The standard deviation (SD) was also highest for IS (1.23 ha), followed
by green (0.40 ha) and BS (0.34 ha). The highest standard deviation (SD) for IS indicates
the fact that there was a greater variability of SHAPE_MN than GS and BS. There was a
very poor positive correlation between SHAPE_MN and LST (r= 0.217) and a poor negative
correlation between GS and LST (r= −0.363). For BS, there was a strong positive correlation
between SHAPE_MN and LST (r = −0.686).

The highest AI was observed from IS (73.22%) followed by BS (49.02%) and BS (43.19%).
The standard deviation (SD) was the highest for GS (28.93%), followed by blue-green
(24.15%) and IS (17.64%), indicating the greater variability of AI of the GS and BS than IS.
There was a strong positive correlation between AI (impervious surface) and LST (r = 0.960),
and LST had a strong negative correlation with GS (−0.952) and BS (r = −0.722). Thus, AI of
the IS positively impacted the LST, and GS and BS negatively impacted the LST. The details
of the relationship between LST and spatial metrics have been shown in the supplementary
section (Supplementary Figure S5).

4. Discussion

The study’s results showed that LST declined with increasing distance from the city
due to a higher proportion of GS and BS. The GS and BS have the capacity to absorb the
temperature through the process of photosynthesis and shading [32]. The AREA_MN at
the 300 m buffer zone was 28.28 (ha), and LST was 43.67 ◦C, which reached 41.35 ◦C with
AREA_MN of 0.380 (ha). The AREA_MN of GS was 1.39 ha (BS = 2.02 ha) at the buffer of
4500 m, with an average LST of 41.35 ◦C. It denotes that the IS had a more significant impact
on the LST than the GS and BS. These findings suggest that significant coverage of GS and
BS is crucial to mitigating the warming effect in cities [32,37]. The mean LST was about
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2.32 ◦C higher in IS (in the city core) compared to the GS and BS. Sun et al. [38] conducted a
study in Guangzhou in China and found a difference in mean LST (about 2.8 ◦C) between
IS and GS. Song et al. [39] performed a study in Beijing (China) and reported a difference of
3.4 ◦C between GS and impervious. Estoque et al. [32] studied major cities of Southeast Asia
and found a difference in mean LST between GS and IS (2.2 ◦C in Bangkok, 2.9 ◦C in Jakarta,
and 3.7 ◦C in Manila). These findings revealed that GS and BS had a significant impact
on the mitigation of the temperature (e.g., the UHI effect). Other studies also show the
difference in mean LST between IS and GS (such as grassland, croplands, and pasture). For
example, Bokaie et al. [23] and Weng et al. [40] found 6 ◦C and 23.4 ◦C differences between
IS and GS, which was much higher than this study. The difference in mean LST is primarily
affected by landscape pattern, composition, topography, and satellite data [32]. It can be
stated that landscape composition is the dominant factor affecting variation LST between IS,
GS, and BS. For example, it was found that the percentage of GS and BS coverage was 0% at
the buffer of 300 m, 100%, 96%, and 90% at the buffer 300 m, 600 m, and 900 m buffer zones.
On the other hand, the percentage of GS and BS covers about 50% of the land use type at
the buffer zone of 4500 m, and IS was 9%. Thus, landscape patterns significantly impacted
the LST difference between IS, GS, and BS. LST had a significant positive correlation with
IS and a significant negative correlation with GS and BS. These findings were similar to
previous studies [32,37,40].

The GS and BS were larger and aggregated at the buffer zones located in fringe areas.
This is the reason the urban core areas were characterized by the higher LST (due to
higher aggregation of IS) in comparison to the fringe areas (due to higher aggregation
of GS and BS) [32]. Three spatial metrics had a significant correlation with LST (positive
correlation with IS and negative correlation with GS and BS). Similar findings were also
reported in previous studies. For example, Li et al. [41] conducted a study in Beijing
(China) and found a negative correlation between LST and the size and shape of GS. Zhou
et al. [42] also showed a positive correlation between the size and shape of IS patches and a
negative correlation with GS. Thus, the variation of LST is largely influenced by the edge
characteristics of IS, GS, and BS patches [32,43]. The aggregation of IS, GS, and BS had
a significantly strong correlation with the mean LST (strong positive with IS and strong
negative with GS and BS) (Table 4). It denoted that those larger and contiguous patches of
GS and BS had a stronger cooling impact than the smaller ones [41,44]. On the other hand,
larger and contiguous patches of IS produce a stronger UHI effect than the smaller patches
of IS [32].

Among three landscape metrics, AI showed a consistently significant correlation with
IS, GS, and BS (positive with IS, negative with GS and BS). The aggregation of GS and
BS generates a stronger cooling effect than the IS [32]. The results showed that higher
aggregation of IS was characterized by high LST and a stronger UHI effect [32].

4.1. Policy Implications

The process of urbanization cannot be stopped or curtailed; it has been increasing
over the periods. Well-planned measures and strategies can mitigate the consequences
of rapid urban expansion and their impact on environmental problems. The cities as
complex systems are largely determined by the various socio-economic factors [45]. The
intensity of the construction lands increases with increasing urban human activities. Thus,
IS intensifies the UHI effect and challenges sustainable development greatly [46]. The areas
with high UHI intensity are mainly concentrated in the main urban areas, and core areas
of the city are characterized by low GI. The UHI effect expanded outwards due to urban
edge expansions [27]. The urban expansion in EBUA is affected by the large patches of
impervious surface, green and blue patches. All these patches have a significant role in
intensifying the UHI effect [47]. Thus, it is essential to understand the city’s sustainable
development and alleviate the UHI effect. The core areas of EBUA have overloaded
due to filling urban expansion [27]. Thus, from the perspective of urban expansion, the
local government (municipalities) must restrict unplanned construction. Secondly, the
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UHI effect can also be mitigated through urban ecological perspectives. For example,
an increase in GS and water areas must be promoted, and it can be integrated into the
decision-making framework. Thirdly, mango orchards have a cooling effect in the Wetland
(Chatra Wetland) [48]. The presence of the water bodies and GS not only improves the
quality of life of the urban residents but also effectively alleviates the UHI effect.

In developing countries, rapid and unplanned urbanization has brought a series of
environmental threats, such as the emergence of the UHI effect [7,49], loss of ecosystem
services [50], and degradation of ecosystem health [51]. Therefore, it is an urgent task
for scientists and engineers to overcome the UHI effect through proper planning and
adaptation strategies. There are many techniques and tools to tackle the adverse effects of
UHI, such as green roofs, cool pavements, urban geometry, and design (such as orientations,
shape, and size) [52–54]. In addition, adopting and implementing urban gardens and green
roads are significant cooling enhancers to reduce high temperatures in urban areas [55,56].
The urban and BSs in urban areas have a significant cooling effect [44,57]. Therefore, it is
necessary to implement effective policies to protect and conserve green and BSs in urban
areas.

Implementing innovative techniques to mitigate the UHI effect is a great challenge
for developing countries (such as India). Therefore, emphasis must be given to the urban
greening strategies to mitigate the UHI effect. Urban greening is a strategy through which
urban GS are developed, maintained, and improved [32]. In addition, fragmented patches
of GS and BS are less effective in mitigating the UHI effect than GS and BS clusters.
Aggregating IS in an area dramatically increases temperature and promotes the UHI
effect. Therefore, the spatial arrangements of urban landscapes need to be considered in
the decision-making framework. The protection and conservation of GS and BS are not
only important to mitigate the UHI effect but rather to achieve sustainable development
goals (SDGs) such as Good Health and Well-Being (Goal 3), Sustainable Cities and Society
(Goal 11), Climate Actions (Goal 13), and finally Life on Land (Goal 15).

4.2. Limitations and Future Research Directions

The study revealed significant landscape planning and management findings to miti-
gate the UHI effect. Still, this study has a few flaws. First, the impact of URG landscape
composition and configuration was assessed for 2021, not for 2001 and 2011 (Figures 6
and 7). Therefore, in future studies, the urban–rural gradient can be assessed each year for
a better understanding of the correlation of LST with IS, GS, and BS. Second, the 300 m
buffer zones have been developed for the analysis of URG from the core of the city. Thus,
micro-level analysis (such as a 100 m buffer zone) could be developed for better analysis.
Thirdly, three spatial metrics have been used to understand the impact of landscape pat-
terns on the LST to represent size, shape, and aggregation. More spatial metrics at the class
and landscape level can be considered in future studies. Despite this limitation, this study
provides significant insights into the spatial planning of the urban landscape to mitigate
the UHI effect.

5. Conclusions

This study aims to understand the dynamics of land use, landscape composition, and
configuration and their impact on the LST using Landsat 5 TM and OLI in an urban agglom-
eration in Eastern India. The spatial composition and configuration of impervious surfaces,
GS, and BS have been examined from multiple geospatial and statistical perspectives (e.g.,
gradient approach and spatial metrics). From the results, a few notable research findings
can be highlighted. There was a significant decrease in LST from the city’s core towards
fringe areas. LST declined by about 0.45 ◦C per kilometer from the core of the city. The
areas with high and very high LSTVI increased in the last 20 years. The proportion of IS
decreased, and GS and BS increased with increasing distance from the core area in EBUA.
LST had a significant positive correlation with IS and a negative correlation with GS and BS.
The size, shape, and aggregation of the landscape had a significant impact on the thermal
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environment. Notably, the aggregation of IS had a consistent positive effect on LST. This
suggests and highlights the importance of GS and BS, indicating that GS and BS need to be
managed and persevered through effective planning strategies to mitigate climate change
even in small and medium-sized cities. The planners and policymakers must focus on the
core areas as these areas were characterized by high LST with a lower proportion of GS
and BS.

Overall, this study provides evidence of the impact of landscape composition and
configuration on the thermal environment in medium-sized urban agglomerations in
developing countries. The mean LST of IS was higher than the GS and BS, indicating the
importance of GS and BS in mitigating the UHI effect in cities. Therefore, it is essential to
consider the spatial pattern of GS and BS in urban landscape and land use planning.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su16031147/s1. Figure S1: Verificaiton of results from different
location of the study area. Figure S2: LST map in EBUA (A) 2001 (B) 2011 and (C) 2021 (Buffer shows
the distance with an interval of 300 m). Figure S3: Scatter plots showing the relationship between LST
and impervious surface (A) 2001 (B) 2011 (C) 2021. Figure S4: Variation of landscape metrics along
urban-rural gradient (A) area mean (B) shape mean and (C) aggregation index. Figure S5: Scatter
plots showing the relationship between LST and spatial metrics. Impervious surface (A,D,G), green
space (B,E,H) and blue space (C,F,I). Brown color indicates ‘impervious surface’, green color indicates
‘green space’ and blue color indicates ‘blue space’.
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