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Abstract

In towns and cities in developing countries, negligence in consistently regulating the growth of urban sprawl is commonplace. The purpose of the study was
to analyze spatiotemporal changes in land use land cover (LULC) and their impact on land surface temperature (LST) in Balurghat, Dakshin Dinajpur district,
West Bengal, India. The results revealed a decrease in the vegetation cover (64-44%) and an increase in the built-up area (14-39%) from 2012 to 2022. Over
the study period, built-up regions and bare land had the highest temperatures, ranging from 20.6°C to 24.96°C, and waterbodies had the lowest temperatures,
ranging from 17.85°C to 20.47°C. From 2012 to 2017, LST exhibited an increasing trend. However, after the lockdown, LST declined slightly in 2022. The
mean LST variations in the study area from 2012 to 2022, presenting a pre- and post-pandemic scenario, were also highlighted in this study. Furthermore, this
study emphasized the correlation analysis between LST and four spectral indices, which are the Normalized Difference Built-up Index (NDBI), the Normalized
Difference Vegetation Index (NDVI), the Soil Adjusted Vegetation Index (SAVI), and the Modified Normalized Difference Water Index (MNDWI). Multiple linear
regression (MLR) containing NDVI and MNDWI with LST has been consistently the best-fit model for 2012, 2017 and 2022. These models have been
established using various statistical tools, primarily the Akaike information criterion (AIC) model selection and the Inflation Factor (VIF). The results provide a
framework for sustainable urban design and development, which can serve as a resource for policymakers and increase public understanding.

1 Introduction

Most non-agricultural enterprises, such as building urban facilities, expanding the transportation network, and providing many other conveniences, are
concentrated in urban areas. A geographical region is affected by economic and social interactions that come from urban growth and have an effect on the
LULC of the study area (Neog et al., 2019). Urbanization is a form of development that has raised national and international issues, and humanity cannot
disregard the effects of its implementation since they have taken hold in a hostile environment (Eena et al., 2020). The result of the urbanization process is
the transformation of the environmental landscape into anthropogenic surfaces, or land that has been covered with paved structures like buildings, highways,
and parking lots (Ishola et al., 2016). Once urban development replaces vegetation, various climate variables are also significantly altered (Kometa & Akoh,
2012). Rapid urbanization may have significant adverse effects on numerous natural factors, notably on land and water, even though it has crucial
consequences for changes in demographic characteristics and the physical landscape. Therefore, to adapt to environmental changes and promote
sustainable development, a full understanding of the shift in LULC is required. This is especially true given that the vast majority of metropolitan areas
throughout the world have seen substantial changes in their land cover over time (Battista & Vollaro, 2017). Few landscapes still exist in their original state,
according to the current land-use system. This land-use system is imperative in creating a connection between the biosphere and the socioeconomic
structure. Variations in LULC are thought to be one of the major forces driving global change that affects the Earth and its environment (AL-Shammari et al.,
2021; Uddin et al., 2022). Land use has changed dramatically as a consequence of anthropogenic forces, and as time goes on, humans' impact on the
environment is becoming more obvious, leading to a shift in the land use pattern that can be seen throughout time. Anthropogenic activities have a
significant impact on urban environments, according to research (Lundholm & Richardson, 2010). Surface-temperature increases as a result of LULC change
brought on by human influence (Rahaman et al., 2020). As a result, to segregate human activity and biogeographical diversity, spatially explicit LULC is
required (Turner et al., 2007). GIS and remote sensing are efficient methods for generating precise and timely data on the spatial distribution of changes in
LULC over large areas (Carlson & Sanchez-Azofeifa, 1999; Dezso et al., 2005). In this study, LULC changes in the study area were analyzed by using satellite
imagery and GIS and subjected to the change detection comparison approach.

The properties of many land-surface types have recently changed as a result of growing urbanization (Li et al., 2017). This also caused a shift in the
temperature of the land. LST is dependent on changing surface conditions and is an excellent indication of energy segmentation in the area where land and
air meet, so the LST is regarded as a crucial metric (Hao et al., 2016). The LST is also employed in a wide range of disciplines, including evapotranspiration,
vegetation, the hydrological cycle, and climate change (Kalma et al., 2008). It is the primary variable that is influenced by the characteristics of the land
surface, including land use, land cover, vegetation, and the permeability of the soil surface (Mathew et al., 2018). Numerous investigations have been
conducted to investigate how variables in LULC affect the LST (Nega & Balew, 2022; Thakur et al., 2021; Vani & Prasad, 2020). The LST can be quantified
using two different sorts of techniques, including the traditional way and the remote sensing methodology. The LST is computed by meteorological stations
in the traditional method, whereas remote sensing provides for its estimation using a model of surface energy balance (Daou et al., 2012). LST is a decisive
factor in the microclimate and radiation transport inside the atmosphere. To evaluate the spatiotemporal fluctuations in the LST, GIS and RS techniques
combined with ground-truthing field data are advocated (Rajendran & Mani, 2015). Since the development of thermal remote sensing, LST data has been
made accessible from several satellite sensors that monitor different areas of the earth's surface, including Landsat, moderate resolution imaging
spectroradiometer (MODIS), and advanced spaceborne thermal emission and reflection radiometer (ASTER). Thermal photography offers comprehensive
geographical coverage at different temporal scales, in contrast to air temperatures measured by meteorological stations (Myint et al., 2013). Furthermore,
LST obtained from remote sensing images may be more accurate in displaying the warmest and coolest regions than temperature data gathered from an
urban weather station (Nichol & Hang, 2012). The parameters of LULC are also directly influenced by the LST (Quattrochi & Luvall, 1999). The growing trend in
the urban environment's temperature is mostly caused by anthropogenic emissions, aerosols, and pollutants; therefore, the lockdown's lower concentrations
would cause a greater disparity in thermal radiation between urban and rural regions (Shikwambana et al., 2021). The COVID-19 lockdown provides a chance
to investigate the effects of decreased air pollution and reduced heat output from surface vehicles on LST. Hence, the capacity to characterize the fluctuation
of LST is facilitated by the use of earth observation satellite data. The purpose of this study was to assess variations in LST over the city of Balurghat during
the pre-and post-lockdown periods using satellite-derived LST data. on a reliable study of the relationship between the change of LULC and LST.

Various researchers regard the vegetation index as one of the most important factors for mapping agricultural fields, forecasting weather patterns,
quantifying biomass and crop productivity, assessing drought conditions, and assessing vegetation vibrancy (Chakraborty & Sehgal, 2010; Narasimhan &
Srinivasan, 2005). The most straightforward, effective, and widely used one is the NDVI (Liu & Huete, 1995). The correlations between the LST and NDVI in
the Chinese city of Shanghai have been established using satellite data, and GIS and RS tools have reported that these connections are useful in identifying
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the climatic impacts on the environment (Yue et al., 2007). To establish a connection between LST and NDVI, the majority of researchers are now using
thermal infrared remote sensing (Li et al., 2017; Stroppiana et al., 2014). Successful recent analysis has also been carried out on the spatial-temporal
association of LST-NDVI in tropical India, e.g., Ahmedabad(Mathew et al., 2018), Jaipur (Khandelwal et al., 2017), Kalaburagi (Kumar & Shekhar, 2015), Noida
(Kikon et al., 2016), and Lucknow (P. Singh et al., 2017). NDBI is a crucial spectral index that strongly corresponds to LST(Guha et al., 2018). Several recent
studies (Alexander, 2020; Balew & Korme, 2020; Son et al., 2020) assess the LST-NDBI correlation on various types of LULC in a tropical environment. MNDWI,
like other land surfaces, is used to improve water bodies and has an antagonistic relationship with LST (H. Xu, 2006).

In this study, the four remote sensing indices: NDVI, SAVI, MNDWI, and NDBI were selected and the correlation coefficients (R) between the LST and these
spectral indices were conducted to determine strongly associated indices with LST. This approach is used to reduce the total number of variables and to
facilitate a simpler simulation procedure. To comprehend how LULC affects the LST in the pre-monsoon season in the city of Balurghat, it is essential to
analyze the link between LULC and LST. For the city of Balurghat, the effects of LULC changes on LST, however, have not been thoroughly researched and
documented. There were a few investigations done in the city of Balurghat (Kundu, 2018; B. Singh & Sarkar, 2020). Therefore, this study was carried out to
close these information gaps and focused on offering some details. The results of this study can also be used by other researchers as a starting point for
conducting future studies on pertinent topics. Additionally, it offers novel information to help researchers and experts better comprehend the dynamics of
LULC, as well as their effects on LST. Also, it enables us to inform the neighborhood about the significance of preventing future environmental degradation.
The major goal of this study was to identify changes in LULC and their effects on LST during 10 years (2012-2022) in the city of Balurghat, district of Dakshin
Dinajpur, West Bengal, India.

The following particular goals were developed to fulfil this overarching goal:

1. Examine the spatiotemporal range and dynamics of LULC in Balurghat town.

2. Examine the LST under various LULC categories.

3. Analyze the fluctuations of LST in the pre- and post-lockdown periods.

4. Analyze the link between various spectral indices and LST for 2012, 2017, and 2022.

2 Materials and methods
2.1 Study area

The town of Balurghat is located between 25°13'0" N and 88°47°0" E within the Dakshin Dinajpur district of West Bengal, India (Fig. 1). The silty-loamy to
sandy-loamy soil and suitable weather may be the reasons it is agriculturally sound. Additionally, the river Atrai flows through Balurghat, creating a broad
riverbed with good soil before reaching the river Brahmaputra in Bangladesh (Kamilya et al., 2015). The border between India and Bangladesh is only three
kilometers away from this major metropolis. The city is connected by roads and trains and is located 434 kilometers from Kolkata, the state headquarters (B.
Singh & Sarkar, 2020). It covers an area of 10.6 km? and comprises 25 wards, having a total population of 164,816 (Census of India, 2022). The town has a
humid subtropical climate with average annual temperatures ranging from 34°C in the summer to 16°C in the winter, with an average annual rainfall of 323
mm. The political reasons for the country's split in 1947 and again in 1971 as a result of the Bangladesh Liberation War are the significant aspects that
contributed to the formation of the Balurghat town that exists today. At present, the city is governed by the Balurghat Municipal Corporation Board.

2.2 Data used

In this study, data from the Landsat Multispectral Scanner (MSS) and the Enhanced Thematic Mapper Plus (ETM+), were collected in 2012, 2017, and 2022
respectively. On the United States Geological Survey's (USGS) website, the satellite images are publicly available. The characteristics of the satellite data
utilized in the investigation are presented in Table 1.

Table 1
The characteristics of satellite data used in the city of Balurghat

Landsatimage Sensor_ID Date of acquisition ~Path_Row No.ofbands Resolution (m) Source

Landsat 7 ETM+ 2012-02-04 169 & 53 8 30 USGS
Landsat 8 OLL_TIRS 2017-02-25 169 & 53 11 30 USGS
Landsat 8 OLI_TIRS 2022-02-15 169 & 53 11 30 USGS

A flow chart is provided to comprehend the study's approach (Fig. 2).

2.3 LULC mapping

The LU/LC changes that occurred over the study periods (2012, 2017, 2022) were detected and classified by using Landsat 7 and Landsat 8 images
(Dissanayake et al., 2019). Waterbody, vegetation, built-up area, sand, bare land, and agricultural fallow land are among the six LU/LC classes that were used
to describe Balurghat City. The LULC maps were created using the maximum likelihood classification algorithm, and this algorithm is used to extract data
from every multispectral band and categories the image's cells into user-defined categories. One of the most crucial steps in the image classification process
is validation, which assesses how well an algorithm has classified the various objects in an image. For validating the classification, the accuracy assessment
has been done (Bogoliubova & Tymkéw, 2014).
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2.4 Retrieval technique for LST

In this study, the LST of the city of Balurghat was estimated using the thermal infrared bands of several Landsat images (band 6 of Landsat 7 ETM+, and
band 10 of Landsat 8). The data of Landsat 7 and Landsat 8 are available on the Earth Explorer website free of charge. Leveraging Band 6 for Landsat 7 ETM
+and Band 10 for Landsat 8 OLI/TIRS satellites, the LST values were computed using Landsat thermal images (Song et al., 2014). The subsequent processes
are involved in LST retrieval. Using the following calculation, the DN values were converted back to radiance units by using Eq. (3) (Alipour et al., 2003;
Donnell et al., 2003)

Radiance (L)) = gain*DN + offset (Eq. 3)
Which may also be expressed as Eq. (4)

Lyax—Lam
Ly (MAX—MN))* (Qcar, — Qcara) + Ly (Eq. 4)

- (QCALMAXfQCALMIN
Where Lyax and Ly, are spectral values included in the Landsat pictures' metadata. The calibration values of pixels for Qg max @nd Qcamin have been
found from Landsat image metadata.

For Landsat 8:

L) = ML*Qcar + AL (Eq. 5)

The band-specific multiplicative band number is represented by My, Qcar, is quantized and calibrated standard product pixel values, and Aris the band-
specific additive rescaling factor from the meta data. Using the thermal constants supplied in the metadata file, the TIRS band data should be converted from
spectral radiance to brightness temperature (BT) after the digital numbers (DNs) are converted to reflection. The following Eq. 6 can be used to convert
spectral radiation to brightness temperature (https://www.usgs.gov/landsat-missions/landsat-8).

ke
1n(11j—;+1)

where K1 and K2 stand for the band-specific thermal conversion constants from the meta.

BT = (273.15) (Eq. 6)

The radiant temperature is accomplished by adding absolute zero to get the results in Celsius (approx. -273.150 C) (H. Q. Xu & Chen, 2004)

2.4.1 NDVI Method for Emissivity Correction

Equation 7 describes how to calculate NDVI using the Near-Infrared (NIR) and Red (R) bands. NDVI, which has a range of -1 to + 1, measures the amount of
vegetation present. Positive values represent areas with vegetation, whereas negative values denote areas without vegetation and bodies of water (Silleos et
al., 2006).

_ PNIR ™ Pred
NDVI = PNIRTPred (Ea.7)

The reflectance band in the NIR region is denoted by the symbol prz, while the reflectance band in the Red region is denoted by the symbol p,..;. P,
denotes the percentage of vegetation which is determined by applying the Eq. 8 (Sultana & Satyanarayana, 2020).

NDVI-NDVI,,

2
NDVI NDVI, | (E9-8)

P, =
NDVI,,.x is the maximum DN values from NSVI image, and NDVI,;, is the minimum DN values from NDVI image.

The calculation of surface emissivity was the next stage (E) to estimate LST (Dwivedi & Khire, 2018; Meng et al., 2019), and the percentage of vegetation (PV)
was used to compute it. The parameter (E) was calculated using the next Eq. 9 (Mujabar, 2019)

Land surface emissivity (E') = 0.004 « PV + 0.986 (Eq. 9)

2.4.2 Estimation of LST

The final stage was calculating LST using the following Eq. 10 shown below (Reddy et al., 2017; Sultana & Satyanarayana, 2020)

LST=—2L — (Eq.10
[14+{(La*EL ) *Ine}] (Ea.10)

Where,

LST = Land surface temperature;

p =hskc/ o =emitted radiance: (p = h s c/o = 1.438 % 10 - 2 Mk);
€ =the land surface emissivity (LSE)
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2.5 Extraction of spectral indices

Land cover indices, also known as spectral indices, are crucial sources for the precise measurement of LST. Spectral indices including NDVI, SAVI, MNDWI,
and NDBI have been derived for the years 2012, 2017, and 2022 (Fig. 6). The names, formulas and the references of these spectral indices are presented in
Table 2.

Table 2
Equation or LULC indices

Index Name and Abbreviation  Formula for Landsat  Reference

NDVI NIR-+Red (Rouse Jr et al., 1973)
NDBI SWIR+NIR (Zha et al., 2003)
SAVI NI BY 0.5 (Huete, 1988)

MNDWI Green-MIR (H. Xu, 2006)

For evaluating vegetative health, NDVI and SAVI are crucial metrics. (Wilson et al., 2016). To adjust for the soil brightness impact where there is little plant
cover, the SAVI was proposed as a modification of the NDVI (Huete, 1988). MNDWI is essential for managing surface water resources and monitoring
drought (Sekertekin et al., 2018). For built-up area extraction, NDBI is one of the most popular indices (Sekertekin & Marangoz, 2017)

2.6 Statistical analysis

The goal was to conduct correlation analyses between LST and the spectral indices to find a statistically significant best-fit regression model for each year.
The Akaike information criterion (AIC) and the Variance Inflation Factor (VIF) provided and verified the desired model. Finally, an extensive analysis of
ordinary least square (OLS) multiple linear regression (MLR) (Hishe et al., 2017; Kumari et al., 2018; Yang et al., 2020), (Heinl et al., 2015) along with the
relative importance (RI) of the individual independent parameters presented the results. All the statistical analyses and graphs have been done using R 4.2.0.

3 Results
3.1 Analysis of LULC mapping

The supervised classification approach was used for the LULC classification, and the results of classifying LULC are collated and displayed below. (Fig. 3,
Table 3)

Area coverage of each land cover c-:-::sleir?the city of Balurghat (2012-2022).
LU/LC Classes 2012 2017 2022
Percentage (%) Percentage (%) Percentage (%)
Waterbodies 3 5 5
Vegetation 64 60 44
Built-up 14 22 39
Sand 2 1 1
Bare land 5 2 1
Agricultural fallow land 12 10 10
TOTAL 100 100 100

Six categories of LULC, including waterbodies, vegetation, built-up regions, sand regions, bare land, and agricultural fallow land, were derived from the output
maps of the classified images for the research period (2012-2022) (Table A1). To evaluate the quality of classification, an accuracy assessment has been
performed. Overall Accuracies for classified images were 88.37%, 91.03%, and 96.02% for 2012, 2017, and 2022, respectively. In addition to this, Kappa
coefficient values were 81.75%, 86.22%, and 94.61% for 2012, 2017, and 2022, respectively. Hence, the possibility of doing further research can be done by
the result of accuracy assessment.

3.2 Analysis of change detection

Throughout the period from 2012 to 2022, a notable change in LULC from one class to another has been seen. Between 2012 and 2017, the built-up area and
waterbodies increased by 8% and 2%, respectively. On the other hand, vegetation, bare land, sandy regions, and agricultural fallow land decreased by 4%, 3%,
1%, and 2%, respectively. Between 2017 and 2022, the only built-up area increased by 17%, bare land decreased by 1%, and vegetation decreased by 16%.
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Agricultural fallow land, sand regions, and waterbodies remained unaltered. Overall the built-up area has increased while the vegetation-covered land has
decreased as a result of urbanization from 2012 to 2022.

3.3 Impact of LULC change on LST

For each research period, the spatial analyst tool in ArcGIS 10.8 was used to do a spatial statistical analysis to provide LST values for various LULC classes.
The obtained results showed that there are considerable differences in the mean LST values across different LULC classes and different geographical
locations (Fig. 5). LST ranged from 19.09°C to 26.19°C in 2012, from 21.02°C to 26.46°C in 2017, and from 17.71 °C t0 22.11°C in 2022. The mean LST in the
study area was 22.76°C, 23.42°C, and 20°C, respectively. After an increase in LST from 2012 to 2017, the temperature marginally decreased in 2022. Reduced
anthropogenic emissions and air pollutants owing to the stringent containment methods for controlling the COVID-19 virus on a global scale have various
positive environmental consequences (Maithani et al., 2020; Ranjan et al., 2021). Due to the lockdown, there is a temporary shift in LST that offers a solid
empirical foundation for future environmental benefits through urban design and policy implementation (Bera et al., 2021). In this study, the highest
temperature was found in built-up areas and bare ground, while the lowest temperature was found where the waterbodies were located (Table 4).

Mean values of LST (°C) underTgi?ll‘Zrint LULC classes (2012-2022)

LU/LC Classes 2012 mean temperature (°C) 2017 mean temperature (°C) 2022 mean temperature (°C)
Waterbodies 19.58 21.56 17.85

Vegetation 22.52 23.37 19.72

Built-up 23.64 24.11 20.6

Sand 24.24 23.46 20.6

Bare land 24.54 24.96 20.79

Agricultural fallow land  22.68 22.69 19.85

According to the findings of the LULC change, it can be deduced that the built area rose steadily over 10 years, and this land use increased LST over the study
periods. The LULC classes have a significant spatiotemporal impact on the LST pattern of the study area (Q. Sun et al., 2010).

3.4 Correlation analysis

NDVI has a slight positive correlation with LST, with R? values of 0.03 in 2017, while in 2012 and 2022, R? was 0.10 and 0.14, respectively (Fig. 4). LST and
SAVI scatterplots have a striking pattern resemblance to LST and NDVI scatterplots. NDBI has a stronger relationship with LST than NDVI and SAVI. R?
declined steadily during the research period, reaching 0.36 in 2022. In contrast to the other chosen variables, the scatterplots depicting the relationship
between LST and MNDWI demonstrate a moderately negative connection.

3.4.1 Correlation among independent variables

The correlation table depicts a correlation of 1 between SAVI and NDVI over the years (Table.A2). Therefore, only NDVI is used for the subsequent
calculations, as NDVI gives a better AlCc score than SAVI when combined with other parameters. In 2012, the correlation between NDBI and MNDWI| was
0.86. The finding may have hurt the significance of the regression analysis. Hence, we have ignored their connection in the subsequent calculation.

3.4.2 Selection of regression model

Table 5
Comparisons among models in terms of Adjusted R%, RSE, VIF, AICc scores, F-statistics, and p-value
Year 2012
VARIABLES ADJUSTEDR2 RSE VIF AlCc F p
NDVI, SAVI, NDBI, MNDWI  0.63 0.67 NDVI: 1713 228.18 4573 <0.05
SAVI: 1717
NDBI: 64.41
MNDWI: 100.7
NDVI, MNDWI 0.61 0.68 1.61 22993 85.11 <0.05
MNDWI 0.58 071 - 237.82 147.2 <0.05
NDVI, NDBI 0.57 0.72 1.09 240.17 72.67 <0.05
NDBI 0.57 0.72 - 240.71 140.5 <0.05
NDVI 0.09 1.05 - 320.34 1191 <0.05
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Year 2017
VARIABLES ADJUSTEDR? RSE  VIF AlCc F p
NDVI, NDBI, MNDWI 0.55 0.61 NDVI: 42.40 207.46 4536 <0.05

NDBI: 57.62

MNDWI: 80.86
NDVI, SAVI, NDBI, MNDWI  0.55 0.62  NDVI: 2447 209.43 33.84 <0.05

SAVI: 2447

NDBI: 57.63

MNDWI: 81.00
NDVI, MNDWI 0.54 0.62 1.45 210.01 63.48 <0.05
NDBI, MNDWI 0.52 0.63 1.98 213.44 59.86 <0.05
NDVI, NDBI 0.50 0.65 1.04 218.19 55.02 <0.05
MNDWI 0.48 0.66 - 222.47 98.52 <0.05
NDBI 0.41 0.70 - 234.53 76.92 <0.05
NDVI 0.02 0.91 - 290.08 3.37 0.07
Year 2022
VARIABLES ADJUSTEDR? RSE  VIF AlcCc  F p
NDVI, NDBI, MNDWI 0.51 0.52 NDVI:37.77 173.43 384 <0.05

NDBI: 33.19

MNDWI: 73.01
NDVI, MNDWI 0.50 0.53 220 173.89 5546 <0.05
NDVI, SAVI, NDBI, MNDWI  0.51 0.53 NDVI: 3262 17522 2875 <0.05

SAVI: 3262

NDBI: 33.94

MNDWI: 74.07
NDBI, MNDWI 0.49 0.53 1.94 176.50 52.88 <0.05
MNDWI 0.47 0.55 - 180.35 95.26 <0.05
NDVI, NDBI 0.47 0.55 1.00 181.13 48.46 <0.05
NDBI 0.35 0.60 - 201.44 59.56 <0.05
NDVI 0.13 0.7 - 233.41 17.14 <0.05

The linear regression model of LST with NDVI and MNDWI provides the best and most credible explanation for all data sets throughout the specified
timeframe (Table 5). We consistently obtained the same outcome by selecting models with the lowest AICc scores and eliminating them based on their VIFs
>2.5.

In 2012, multiple regression between NDVI, SAVI, NDBI, and MNDWI had the lowest AlCc scores. Additionally, it has the highest adjusted R? of 0.63 and the
lowest residual standard error. The model is statistically significant if its F-statistic is strong and its p-value is less than 0.05. However, the model has a high
degree of multicollinearity with a VIF > 2.5, rendering the findings unreliable. Multiple Regression between NDVI and MNDWI with LST ranked second based
on AlCc, adjusted R?, and RSE; it has a high F-statistic of 85.11, a p-value of less than 0.05, and a VIF of less than 2.5. MNDWI and NDVI combine to provide
the best model to predict similar datasets for all the years. When comparing this model to others having minimal errors and high adjusted R? values, it
consistently has the optimum adjusted R? with negligible error.

2012: LST = 19.25 — 4.2NDVI — 6.8 MNDWI
2017: LST = 23.30 — 5.22NDVI — 10.51 MNDWI

2022: LST = 19.99 — 3.49 NDVI — 7.62 MNDWI

where:
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LST is the land surface temperature (degrees Celsius);
NDVI is normalized difference vegetation index
MNDWI is the modified normalized difference water index

The NDVI coefficient climbed from 4.2 to 5.22 between 2012 and 2017 while plummeting to 3.49 in 2022. This fall demonstrated a change in the direction
consistent with the prior results. The findings suggest that water and vegetation in the research region work to reduce the warming effect, where NDVI
generally demonstrates a weaker impact on LST than MNDWI.

3.4.3 Assumptions of linear regression

Until this point, the approach has focused on the methods and results of linear regression. The next step in the process is to determine whether the models
follow the fundamental statistical assumptions for linear regression (Fig. 7). The residual vs. fitted scatterplots exhibit neither a parabolic pattern nor a
funnel shape, concluding that the models are homoscedastic and linear. Furthermore, we conducted a studentized Breusch-Pagan test for each year where p
=0.80,0.16, and 0.40 in 2012, 2017, and 2022, respectively, confirming homoscedasticity. The g-q or quantile-quantile scatter plots do not display a curve
line; this leads us to conclude that the data is normally scattered. The scale location plot suggest that errors are regularly distributed as there is no obvious
pattern in these plots (usually like a funnel shape). Cases have an impact on the findings of the regression when they are outside of Cook's distance. We can
use the entire dataset for subsequent calculations as none of the outliers from 2012 to 2022 are outside the dashed line or Cook's distance.

The successive correlations in all the graphs from 2012 to 2022 decline swiftly to zero and remain (usually) within the boundaries of the significance level
(dashed blue lines) after the lag-0 correlation (Fig. 8). As a result, the model is more effective and significant because the residuals of this model do not
exhibit autocorrelation.

3.4.4 Ordinary linear regression analysis and relative importance analysis

Results of the OLS MLR and I;aabrlzlgsis. Dependent Variable: LST.

2012 OLS MLR analysis Rl analysis

Variables Unstandardized Coefficients ~ Standardized 8 Sig. Raw Importance  Rescaled Importance (%)
B Standard Error

CONSTANT  19.25 0.22 0.00

NDVI -4.20 1.31 -0.24 0.00 0.069 11.2

MNDWI -6.82 0.57 -0.91 0.00 0.549 88.8

R?=0.62; Adjusted R? = 0.61 Total  0.618 100.0

2017 OLS MLR analysis Rl analysis

Variables Unstandardized Coefficients ~ Standardized B Sig. Raw Importance  Rescaled Importance (%)
B Standard Error

CONSTANT  23.30 0.17 0.00

NDVI -5.22 1.34 -0.31 0.00 0.048 8.8

MNDWI -10.51 0.96 -0.87 0.00 0.499 91.2

R?=0.55; Adjusted R? = 0.54 Totat  0.547 100.0

2022 OLS MLR analysis Rl analysis

Variables Unstandardized Coefficients ~ Standardized B Sig. Raw Importance  Rescaled Importance (%)
B Standard Error

CONSTANT  19.99 0.14 0.00

NDVI -3.49 1.18 -0.30 0.00 0.090 17.5

MNDWI -7.62 0.85 -0.91 0.00 0.424 82.5

R2 =0.51; Adjusted R? = 0.50 Total 0.514 100.0

The model containing NDVI and MNDWI explained 61.8% of the data containing LST in 2012 (Table 6). The following ten years saw a slow reduction until it
reached about 51.4% in 2022. The RI of the effects of MNDWI rose from 88.8—91.2% from 2012 to 2017 while it decreased to 82.5% in 2022. In contrast,
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NDVI fell from 11.2-8.8% in 2017 and increased to 17.5% in 2022. The increased NDVI in 2022 can be related to the post-COVID period with reduced pollution
levels.

4 Discussion
4.1 Trends in LULC

Results indicate a significant increase in urbanization between 2012 and 2022, with a decrease in vegetation (64-44%) and an increase in built-up areas (14—
39%). However, not all of the vegetation-covered region has been turned into a built-up area. Modifications in LULC brought on by the rapid population
expansion and corresponding rise in anthropogenic activities are the primary forces behind the environmental changes (Rahman et al., 2011). (Munthali et al.,
2019). The LULC shift during the research period caused the mean LST to rise from 2012 to 2017 before it declined in 2022. Even though in 2022, vegetation
is at an all-time low and urbanization is at an all-time high, it is worth noting that water body percentage is the highest and barren land percentage is the
lowest. This condition is crucial since we learned that barren terrain has the highest LST mean while waterbodies have the least. This situation, combined
with the decline in pollution following the lockdown period, intensified their impact on LST in 2022. (Demongeot et al., 2020) demonstrates that the
temperature had fallen as a result of the lockdown. Earlier, the continuous emission of pollutants may have obscured these consequences.

4.2 Correlation between LST and individual spectral indices

The correlations between NDVI and LST are generally positive in winter and spring, negative in summer, and insignificant in autumn (Guha et al., 2022;
Marzban et al., 2018). (D. Sun & Kafatos, 2007). The 2017 data was taken in late February, closer to spring. On the other hand, the 2012 and 2022 data were
obtained earlier in the month, resulting in a higher positive association due to proximity to winter. Over the years, NDVI and SAVI have maintained a consistent
correlation with LST while the temporal fluctuations in MNDWI are inversely comparable to those between LST and NDBI.

4.3 Interactions among the independent parameters

Any time there’s a low vegetation cover, NDVI will be sensitive to the soil, which can confound measurements. On the other hand, where there's a large
amount of vegetation, NDVI tends to saturate; SAVI in such situations provides superior results (Jiang et al., 2007; Qi et al., 1994). As there has been a
significant decrease in the vegetation cover, it would be natural to expect changes in NDVI and SAVI. However, the correlation between them remained 1,
from 2012 to 2022—this implies the reduction in vegetation cover has not led to interference in the uniform distribution of healthy vegetation throughout. The
R? between NDBI and MNDWI was very high in 2012, with the lowest area of open water sources and built-up. Over the years, the rate of expansion of these
features has varied. This situation led to the fall in the correlation between the two indices in 2017 and 2022 (Table A2).

4.4 Model selection and verification

Except for 2022, all the years with high R? also have low AICc scores. In 2022, the model with the third-lowest AlCc score outperforms the model with the
second-lowest AICc value in terms of R%. Here, the AIC model selection approach has been chosen over R? to find the best-fit model since a lower AIC

indicates improved prediction in a model while R only measures how well a model fits the observed data.

Although there may be minimal to moderate correlation (0.01-0.5) between the independent variables according to the correlation matrix, it can still
influence the model's correctness. Hence, VIF was used to verify how much the remaining multicollinearity inflates the variance of the regression coefficient.
Even with p < 0.05, multicollinearity might harm the regression findings (Dodge, 2008).

4.5 Regression analysis

For ten years, all the chosen models from each year explain around half of the variations in LST, in which MNDWI consistently contributes more than 80
percent-this condition is in line with the fact that the town of Balurghat was historically constructed around the Atrai river, making it the most significant body
of open water and primary feature. The literature (Le Phuc et al., 2022; Murakawa et al., 1991) acknowledges that rivers passing by urban areas may regulate
the urban climate. The Atrai river is valuable to the people of Balurghat since it is the only river to originate from the region, serves as a source of irrigation, a
year-round fishing spot and is a conduit for export commerce when it rains. The findings indicate that the river's influence on the town's local climatic
variations and changes is still rather significant. This setting agrees with the situation in Nanjing, Wuhan, and Chongging, where the Yangtze River
substantially influences the temperature of the land surface (Wang et al., 2020).

Due to the complexities among the independent parameters within the limited space, the conclusions of this paper specifically reflect the relationships
between LST and several spectral indices in a small developing riverine town. Therefore, the holistic implications of the underlying hydrologic, meteorologic,
and anthropologic activities will be the focus of future work.

5 Conclusion

Due to global warming, the LST has recently experienced a surge. This localized study examines the LST changes in Balurghat during the past ten years, from
2012 to 2022, in terms of LULC. In general, local temperature variations that might potentially result in climate change include the moderated effects of a
significant body of water, such as rivers, over metropolitan areas. This study has shown some evidence that, despite the recent urbanization of the region, the
Atrai river's existence has had a significant impact on the local climate of Balurghat town. The rise and drop in LST mean values over time have been affected
by the LULC changes discussed in this work. The warming and rising mean from 2012 to 2017 and the subsequent cooling effect on the environment brought
on by the lockdown post-pandemic in 2022, even though the terrain remained the same, provide stunning illustrations of the local climate change in this
study. The study is an example of how, despite increasing urbanization, nature still holds the final word, dispelling several beliefs that the world is becoming

Page 9/20



increasingly dependent on manufactured features. These natural features (waterbodies and vegetation in this case) should be protected and preserved.
Urban development ought to sustain these natural riches in modest communities like Balurghat, which depend on the Atrai river for fundamental necessities.
This paper provides a frame of reference for the change in climate conditions before and after the pandemic. For a deeper understanding of the underlying
natural processes, more and more extensive and realistic analyses and models are encouraged. To develop the town more effectively, studies like this will
forecast its future and focus on factors that have a spatiotemporal impact.
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Residuals vs Fitted Normal Q-Q
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Figure 7

Representation of residuals vs fitted, normal g-g, scale-location and residuals vs leverage plots (2012-2022)
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Representation of plots showing no autocorrelation (2012-2022)
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