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Abstract

This study shows how remote sensing and Geographic Information System (GIS) can extract land surface temperature (LST)
from the Landsat 5, 7, and 8 datasets. In this research, LST over Kharun’s lower catchment, located in Chhattisgarh, India,
has been estimated. LST data from 2000, 2006, 2011, 2016, and 2021 were analyzed to see how the LULC pattern changed
and how that changed LST. In 2000, the average temperature of the study region was 27.73 °C, whereas in 2021, it reached
33.47 °C. When the average temperature values for each class were determined, it was discovered that forest and adjacent
waterbodies had the lowest values, with about 24.15 °C in 2000 and 27.65 °C in 2021, whereas urban regions had more
variation in values, ranging from 30.15 °C in 2000 to 38.95 °C in 2021. There could be an increase in LST over time because
cities are replacing the green cover. For example, there was a notable increase of 5.74 °C in the mean LST over the research
area. The findings revealed that places with extensive urban sprawl had LST between 26 and 45°, which was greater than
other natural land cover types, such as vegetation and waterbodies, which was between 24 and 35°. These findings support
the suggested method’s effectiveness for retrieving LST from the Landsat 5, 7, and 8 thermal bands when combined with
integrated GIS approaches. So, the goal of this study is to look at Land Use Change (LUC) and changes in LST using Landsat
data and figure out how they are related to LST, the Normalized Difference Vegetation Index (NDVI), and the Normalized
Built-up Index (NDBI), which are used as major components.
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Introduction

Rapid urbanization results from a rising global population and
the subsequent migration of people in rural areas to cities (Farid
et al. 2022; Moss and Neill 2012). Analysts in the twenty-first
century have paid more attention to the environmental effects
of urbanization (Fonseka et al. 2019; Spence et al. 2009). Since
1990, the percentage of urban residents has increased dramati-
cally; according to remotely sensed data, almost 50% of the
world’s population now resides in urban areas (Farid et al.
2022; Fonseka et al. 2019). Whether it is in a developed nation
or a developing one, the rapid growth of cities is making it
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hard to create prosperous and environmentally friendly cities.
The situation is getting worse because urbanization is becoming
more linked to the estimated climate change, which is the most
important environmental event of this century (Mohammad and
Goswami 2019; Fonseka et al. 2019). For example, a city’s
climate is different from that of the rural areas around it (Chen
et al. 2006; Ding and Shi 2013; Hamdi 2010). Most urban land
use changes are caused by the reduction of natural vegetation
and land cover by displacing it with impermeable urban mate-
rials, which results in variations of temperature at the earth’s
surface (Lo and Quattrochi 2003; Fu and Weng 2016).

Over the past decade, researchers have focused more on
local and regional climates affected by human activities in an
effort to determine the causes of the rapid changes occurring
to the global weather (Adegoke et al. 2003; Ibrahim 2017).
Increasing industry and urbanization is a major contributor to
global warming. Growth can be seen in these sectors, includ-
ing industries, hospitals, and residential areas. However, due
to these changing conditions, a drastic change in land cover
can also be seen (Jiang and Tiang 2010; Kayet et al. 2016;
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Idowu et al. 2019). While we cannot stop global warming,
we can slow it down by improving management. Numerous
researchers have examined these adverse effects of progress
in various domains like water, land, and air quality and have
provided their findings (McGrane 2016; Salereno 2018) but
there is a need of more research related to the impact of urban-
ization in form of luck to be done in the newly formed cites,
or district which are still in their developing phase. A time
to time study should be done in such areas so that changes
can be assessed and suitable measures for development can
be done in a planned way. As Raipur is also a newly formed
district and the area around its vicinity is actively developing,
therefore study area has been selected for the study purpose.

LUC and associated changes are known to be the primary
aspects to be considered for achieving sustainable develop-
ment and are extremely significant for managing and monitor-
ing of natural resources (Sinha et al. 2015). For this reason,
urban planners need to maintain track of changes in land use
using up-to-date data and forward-looking strategies (Herold
et al. 2003). Remote sensing is a very advanced method that
uses a combination of high-resolution images and image pro-
cessing techniques to show how land use is changing (Chaud-
huri and Mishra 2016; Karakug 2019; Shukla et al. 2021).
With the help of different techniques, remote sensing has been
used to map LULC and study changes (Butt et al. 2015; Liu
and Yang 2015). It was said that Landsat satellite images are
useful for LULC changes and also for analyzing urban regions
(Karakus 2019). A number of studies have established con-
nections between LULC shifts and urban temperature pat-
terns (Chen et al. 2006; Karakus 2019; Raynolds et al. 2008;
Weng et al. 2004; Zheng et al. 2014). Remote sensing data
is also used to measure the amount of energy reflected in the
Red and near infrared parts of the electromagnetic spectrum.
This information can be used to quantify urban vegetation
and analyze occurred changes (Gorgani et al. 2013; Jeevalak-
shmi et al. 2016; Yue et al. 2007). Land surface temperature
(LST) is one of the most important parts of the physics of
land surface processes, which include interactions between the
surface and the atmosphere and the flow of energy between
the ground and the atmosphere. Most of the time, places with
high NDVI have the lowest LSTs. This negative relationship
between NDVI and LST is useful for studying the weather
in cities (Gorgani et al. 2013; Guha et al. 2018; Yuan and
Bauer 2007). It has also been observed by many researchers
that vegetated and watered landscapes are cooler than urban
areas (Gorgani et al. 2013; Joshi and Bhatt 2012). In addi-
tion, the LST-NDBI was also quantitatively interpreted using
linear regression method at pixel level. A strong correlation
(0.71 and 0.61) with the NDBI has been found at urban-
ized area with lesser vegetation representing the Urban Heat
Island (UHI) effect whereas correlation gets weaker for urban
areas mixed with cultivation and vegetaiton area. It could be
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attributable to the presence of natural landscapes within the
urban region (Guha et al. 2018).

Hence, work is aimed to estimate the variation in LULC
and its effects on LST over the past 20 years on the nearby
environment in terms of temperature variation which were then
validated with the Moderate Resolution Imaging Spectroradi-
ometer (MODIS) LST products using the SW algorithm (Aik
et al. 2020; Mukherjee et al. 2014; Nikam et al. 2016; Srivas-
tava et al. 2009). Attempts have been made to integrate remote
sensing (RS) and GIS techniques based on other pieces of lit-
erature in the current study. The research can examine the com-
bined effects of temperature and LULC changes on the study
area (Feizizadeh et al. 2013; Tsou et al. 2017; Nayak and Man-
dal 2019; Gohain et al. 2021). For the study, Landsat images
for the relevant years were downloaded from the United States
Geological Survey (USGS). These images are available freely
throughout longest temporal range; such type of studies is very
important to be performed at regular intervals in order to see
the rate of urban growth and its impacts to the environment
(Rajeshwari and Mani 2014; Alhawiti and Mitsova 2016). The
chosen imagery was from Landsat TM, ETM, and Landsat 8
OLI (Basu and Das 2023). Kharun’s lower catchment has been
chosen for the approaches implications since the part combina-
tion of urban and rural sprawl and cultivation and vegetation
cover. This region has been selected to highlight the changes
in the area with greater urban sprawl than that of remote rural
areas (Tsou et al. 2017 and Zhang et al. 2017).

One of the leading causes of climate change is LULC which
has its impact on LST as well. Therefore, observed changes that
occurred in the LULC have been assessed to see its effects on
surface temperature (Feizizadeh et al. 2013; How JinAik et al.
2020) for Chhattisgarh’s Kharun lower catchment; this research
aimed to investigate the effects of LULC on surface temperature
and to see the correlation of LST with NDVI and NDBI. In
addition, a spatio-temporal analysis of the research region was
conducted. The data reveal that areas covered by vegetation or
waterbodies have remained essentially constant, while the urban
region and its surroundings are experiencing extreme heat stress.

Study area

The study area covers the central portion of Raipur and Durg
Districts and some parts of Bemetara District, as shown in
Fig. 1. A significant amount of study area comes under Raipur,
which is the most developed district and also the capital of
Chhattisgarh state, with the urbanized city area of the district
covered under it. At the same time, the site also has some
extended city part of Durg district and industrial area coming
under it, which makes the space suitable for the study purpose.

Kharun River is a tributary of Seonath and is one of the
principal rivers of Raipur and Durg; the Lower Kharun
Catchment (LKC) covers a total area of about 2541.81Sq.
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Km. The catchment covers the entire settlement area of
Raipur District and part of urban area of Durg district hence
considered to be among highly populated catchment in the
state. The whole catchment has diverse land use with a sig-
nificant portion of the area covered by agricultural land,
a few patches of vegetation, and number of waterbodies,
and the central part of the basin has urban land, including
an industrial area, while a rural area is distributed in small
patches throughout the basin area.

Climate type
LKC is situated in the plain area of Chhattisgarh with basi-

cally three seasons, starting with the summer, which occurs
from middle of February to middle of June, proceeding with

the monsoon from Mid-June to Mid-October and finally
winter season, which begins in middle of October and
extends till Mid-February. LKC has a moderate type of cli-
mate except for the summer season, when the weather is
extremely hot, with temperatures exceeding to almost 46°C
during the day in the hottest month of May and during the
month of January with a minimum recorded temperature of
9°C. Overall catchment has tropically dry to humid type of
climate with an average rainfall of about 1200mm (Kumar
et al. 2017). Monsoon is prevailed by the southwest winds,
with a major part of rainfall occurring in the month of July
to August. In accordance with the long-term rainfall data for
the Kharun Basin, the five successive months from June to
October constitute nearly 90% of all rainfall. On a smaller
scale, droughts recur every 3 to 4 years (Sinha et al. 2013).
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Fig.2 Applied methodologies
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LKC is divided into seven rock types distributed
throughout the study area. Maximum area has been cov-
ered with stromatolitic dolomitic limestone, shale comes in
second, and stromatolitic dolomitic limestone along with
sandstone is at the central part of the basin. Fourth is the
argillaceous ferruginous sandstone and the rest stroma-
tolitic dolomitic limestone, shale with sandstone, and later-
ite is distributed in small patches all over the area (Lithol-
ogy data, Bhukosh). Three major soil types are found in
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the basin: Deep Black Soil covering more than 60% of the
total area, while the rest is divided into Medium Black Soil
and Laterite Soil (source: NBSSLUP, Nagpur). Soil type
and its composition have a direct impact on land surface
temperature (LST), and significant correlations were found
between soil characteristics and elevation, LST, and reflec-
tance (Sayao et al. 2018, 2020; Srivastava et al. 2010) by
different researchers.
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Table 1 Details of data used

S.No Data used Spatial resolution

Path and row

Data description Source

Landsat 5 Thematic Mapper (TM)
Other bands 30m
Thermal Band-6 (1 and II) 120m
1 Landsat 7 Enhanced Thematic
Mapper (ETM)
Other bands 30m
Thermal Band-6 (1 and II) 60 (30)m
2 Landsat 8
Panchromatic 15m
Operational Land Imager 30m
Thermal Infrared Sensor (B10 100m
and 11)

3 MOD11A1.v006 Terra Land
Surface Temperature and Emis
sivity Daily Global 1km

142 and 45

142 and 45

142 and 45

LTO5_L1TP_142045_20060428
20161122 _01_T1

and

LTO5_L1TP_142045_20110426
_20161208_01_T1

(Used for years 2006 and 2011)

LEO7_L1TP_142045_20000403
_20170212_01_T1

(Used for year 2000)

https://earthexplorer.usgs.gov/

https://earthexplorer.usgs.gov/

LCO8_L1TP_142045_20160423 https://earthexplorer.usgs.gov/
_20170326_01_T1

and

LCO8_L1TP_142045_20210405
_20210409_01_T1

(Used for year 2021)

MOD11A1.A2000094.
h25v06.006.2015058033317.
hdf

MOD11A1.A2006119.
h25v06.006.2015289021505.
hdf

MOD11A1.A2011115.
h25v06.006.2016054125328.
hdf

MOD11A1.A2016115.
h25v06.006.2016239021309.
hdf

MOD11A1.A2021097.
h25v06.006.2021098094642.
hdf

https://earthexplorer.usgs.gov/

Materials and methodology

Here, the GIS platform has processed remotely sensed data
to get the desired output; the applied methodology is shown
briefly in Fig. 2. Current work has been done using the
Landsat data series (Landsat 5, 7, and 8).

Landsat datasets were downloaded from https://earth
explorer.usgs.gov/ website. Pre-processing of these images
including noise correction, mosaicking, and clipping was
done initially, proceeding with the further processing part;
the first step was preparing the LULC maps for all the 5
years (2000, 2006, 2011, 2016, and 2021) on the False Col-
our Composite (FCC) images of the respective years using
the techniques of visual interpretation. FCC for all the years
was prepared from the visible band (Bands 1, 2, 3, and 4 in
the case of Landsat 5 and 7 while Bands 2, 3, 4, and 5, for
Landsat 8) and was used for the preparation of LULC maps
for the all the 5 years considered for the study. After creation
of land use map for each year, further processing has been

done for calculating LST from Landsat datasets. Details for
the used datasets are given in Table 1.

Image processing and classification

The image processing softwares (ArcMap & Qgis) were
used to create LULC from Landsat 7 data for 2000, Land-
sat 5 for years 2006 and 2011, and Landsat 8 for 2016 and
2021. Created FCC images were used for Landsat 7, 5, and
8 for visual interpretation and accurate categorization. On
the basis of LULC classification given by Anderson (1976),
only the first and second levels can be identified in a mid-
range resolution but all of the Level 2 categories cannot be
interpreted in the same way with accuracy; therefore, Level
1 which are more generic in nature are included in the LULC
classification (Anderson 1976). Data was classified into five
broad LULC classes (Gupta and Sharma 2020; Kafi et al.
2014; Karakus 2019), including natural vegetation, water,
cultivation land, settlement, and open/Barren land (Babalola
et al. 2014; Jaber et al. 2022; Verma and Raghubanshi 2019)
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Fig.3 LULC from year 2000 to 2021

(see Fig. 3). A visual classification was applied to the image
which can provide insight into how land cover has changed
over time (Shalaby and Tateishi 2007; Vellaiyan et al.
2017 and Basha et al. 2018; Shalaby and Karakus 2019;
Abdalkadhum et al. 2020) (Karakus 2019;).

Brightness temperature retrieval from the Landsat
data series

Once LULC maps are prepared, work has further pro-
ceeded with estimating surface temperature for all the
years. LST was derived from the thermal bands of these
remote sensing datasets which were used in order to see
the impact of LULC on the LST for the study area. The
Single Window (SW) algorithm was applied for LST com-
putation (Sobrino et al. 2004; Rajeshwari and Mani 2014;
Kamran et al. 2015; Alhawiti and Mitsova 2016), which
includes several further steps, including conversion of DN
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(digital number) to radiance using the Qcal Min and Max
values given in the Meta at files from the data directory.
After this, Top of Atmosphere (TOA) reflectance values
were calculated, proceeding with calculating NDVI values
using the Red and NIR (near infrared) bands; after that,
Brightness & Emissivity calculation was done, and finally,
temperature retrieval.

Conversion of digital number (DN) to spectral
radiance

First, the DN values of the Landsat images for the thermal
infrared band were converted into spectral radiance, which
was calculated using the equation below for Landsat 5, 7,
and 8 respectively: (Landsat Project Science Office 2002,
2016; Sekertekin et al. 2015):
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Fig.4 NDVI from year 2000 to 2021
value (which typically lies between 0 and 255 respectively)
Table2 Value for Co-CoSW S.No Constant  Value or the second equation used for calculation radiance is:
coefficient constant
1 C, —-0.268 LA =ML % Qcal + AL 2)
2 o 1.378 . S
3 C 0138 where LA - top of atmospheric spectral radiance in watts/
2 . . ST . .
4 C, 54300 (m2*srad*um), ML - band-specific multiplicative rescaling
5 C 2138 factor (radiance_mult_band taken from Meta data file), Qcal
6 C _129200 1s the calibrated, quantized standard pixel values of digital
5 . . . .. .
7 C 16.400 number and AL is band-specific additive rescaling factor
" .

LA = (LApax—LAmin/QCalyy,—QCalyy, ) + (QCal-QCalyyy ) + L (1)

where LA is the value of the cell as radiance, QCal is the
digital number of each pixel, LA, is the minimum spectral
radiance scales to QCal,;, and LA, is the maximum spec-
tral radiance scales to QCal,,,,, and QCal,,;, and QCal,,,,
are the minimum and maximum quantized calibrated pixel

given in the meat data file.
Calculating NDVI

NDVI is an index used to measure the overall green area in
image; it can be therefore used to enhancing the area with
vegetation cover. NDVI was calculated as the ratio between
measured reflectance values of Red band and near infrared
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Table 3 Difference in LULC S.No Feature 2000 2006 2011 2016 2021
area from 2000 to 2021
1 Cultivation 1906.014 1976.563 1955.435 2051.616 2036.904
2 Open Land 270.545 329.782 349.197 174.614 164.710
3 Settlement 83.251 134.805 173.601 255.531 286.273
4 Vegetation 225.841 50.511 14.886 12.891 10.586
5 Waterbody 56.161 50.151 48.693 47.161 43.338
Total area 2541.812 2541.812 2541.812 2541.812 2541.812

(NIR) band of the images which is done using the following
formula (Rouse et al. 1974).
NIR-Red
NDVI = NIR + Red 3)
where NIR and Red mentioned in the formula are the near
infrared and Red bands of the image.

NDVI values were computed for the current work to
investigate its relationship with LST. It has been found that
index value may vary from —1.0 to 1.0, with higher values
associated with greater levels of healthy vegetation cover;
this is because in the near infrared spectrum, green vegeta-
tion gives high reflectance than it does in the visible spec-
trum (Rajeshwari and Mani 2014; Sobrino et al. 2004; Sun
and Kafatos 2007). Higher reflectance values for nir can be
seen for clouds, water, and snow; correspondingly, lower
reflectance values can be seen for rock surfaces and bare
soil. The NDVT values for these features therefore ranged
from +0.8 to +0.65, with higher values indicating greater
plant canopy density and greenness, while values for nearby
bare soil and rocks are close to 0, and for other surface water
bodies, negative index values are present (Tucker et al. 1986;
Xiao and Weng 2007) (Fig. 4).

Once the spectral irradiance from Landsat TM data is
extracted, thereafter, surface temperature can be calculated
using the equation below:

Ty = K2 In(K1 L + 1) — 273.15 )

where Ty represents the surface temperature values for
Landsat 5, K1 and K2 are thermal conversion constants
(value is given in the Metadata file). Constant values were in
Kelvin, which were converted into Celcius (°C) by subtract-
ing it with —273.15 (Qin et al. 2004; Mukherjee et al. 2014).
Proportion of land covered by vegetation is measured by pv
(Avdan and Jovanovska 2016; Salih et al. 2018 and Jaiswal
and Jhariya 2020). The classed NDVI image is applied to
calculate the proportions of plant and bare soil.

pv = (NDVI — NDVI,/NDVI, — NDVI,) )
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Here, NDVI, indicates the lowest NDVI value obtained
through data file’s metadata, showing the presence of bare
soil, and NDVI, represents the highest value, indicating a
rich natural vegetation (Guha et al. 2018; Srivastava et al.
2010).

Emissivity can be defined as the capacity of the surface to
absorb radiation (Alhawiti and Mitsova 2016). The kind of
soil, the roughness of the surface, and the type of vegetation
cover are all factors that affect LSE [23]. The subsequent
equation with LSE was used to obtain:

e=¢€,*PV+e,* (1-pr+C)) (6)

where ¢ is the land surface emissivity, ¢g; and ey, rep-
resent emissivity of soil and vegetation respectively, pv is
the proportion of vegetation, and C, is equal to the surface
roughness taken as a constant value of 0.009 (Salih et al.
2018; Abdalkadhum et al. 2020).

Soil is considered to be the type of land cover emmisivity
for which has been taken as 0.096. While values around 0.2
and 0.5 are taken into account as a mix of soil and vegetation
cover, the emissivity is determined using the above equation
(Mallick et al. 2012; Rajeshwari and Mani 2014). In the last
instance, vegetation cover is considered when the Normal-
ize Difference Vegetation Index value is larger than 0.5, for
which the value taken was 0.97 (Rajeshwari and Mani 2014;
Jeevalakshmi et al. 2016).

The final step for computation of LST was done using
the equation (Weng et al. 2004; Kumar et al. 2017; Alhawiti
and Mitsova 2016; Guha et al. 2018) for Landsat 7 ETM and

Ty

LST =
1+</1+%)*1n£

)

where Tj is the temperature brightness, 4 is the wave-
length of the emitted radiance which is equal to 11.5um, and
€ is the spectral emissivity and:

p=helc @®)
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Fig.7 Changes in LST from
2000 to 2021
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Temperature variation from 2000 to 2021 in respect to Land Use Change

Fig.8 Changes in LULC class
from 2000 to 2021 36
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Here, ¢ = Stefan Boltzmann’s constant is
567x10—-8 Wm—-2 K—-4, h = Plank’s constant
(6.626 X 10—-34 17 s), c = velocity of light (2.998 x 108 m/s).

LST for Landsat 8 using the equation below:

LST = TB10 + C1(TB10-TB11) + C2 (TB10-TB11)2
+ €0+ (C3 + C4W) (1-¢) + (C5 + C6W)Ae ©)
where LST is in Kelvin (K), CO to C6 (given in Table 2)
are the split-window (SW) coefficient range (Rajeshwari and
Mani 2014; Kamran et al. 2015; Jaiswal and Jhariya 2020;
Sobrino et al. 2004), TB,, and TB, are the brightness tem-
peratures of bands 10 and 11, and denotes the mean LSE
derived value.
From TIR bands, W defines the atmospheric water vapor

content and Ae defines the difference in surface temperature
of two bands (B10 and B11)

Calculation of NDBI

NDBI is an automated index used to calculate the built-up
area specifically in the city region. It always shows a strong
to moderately strong positive correlation (Zha et al. 2003),
no matter what time of year it is. It is a most important index
which has its effect over LST . Also, the growth of built-
up areas is common process of urbanization occurring all
over the world; therefore, the importance of NDBI is slowly
growing in LST-related studies (Guha et al. 2021). A long-
term seasonal analysis on the relationship between LST and
NDBI using Landsat data. Quaternary International, 575,
249-258.).

The NDBI is determined by taking the ratio of the values
obtained from the shortwave infrared (SWIR) and the near

infrared (NIR) band of the Landsat imagery (Alademomi
et al. 2022) for all the years.

NDBI = (SWIR-NIR)/(SWIR + NIR)

Results

The results obtained from the above study demonstrated
a relatively higher variance in temperature at places with
dense urbanization and with fewer waterbodies and vegeta-
tion cover (Fatemi and Narangifard 2019; Feizizadeh et al.
2013; Alhawiti and Mitsova 2016) while in the areas with
higher vegetation shows lower surface temperature; this may
be because of such thick vegetation cover, or clear water-
bodies at those places. It has also been observed that since
the last two decades (Table 3), a lot of urban sprawl has
occurred, due to which there was a decrease in cultivation
and vegetation area resulting in higher temperature values
for such sites (Rajeshwari and Mani 2014).

The LULC change analysis

The primary LULC types in the research area were cultiva-
tion, open land, settlement, vegetation, and water bodies.
Urbanized area grew overall from 83.251 km? in 2000 to
286.273 km? in 2021 with continuous increase during 2006,
2011, and 2016, an increase of around 8% over the course
of the years. Natural landscapes like vegetation and water
body regions constantly declined between 2000 and 2021.
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Table 4 Location of random points taken for LST comparison

S. No Land use change LST 2000 LST 2006 LST 2011 LST 2016 LST 2021 Latitude Longitude
1 Settlement-Settlement 25.362 27.095 21.941 24.517 33.124 21.249 81.634
2 Cultivation-Settlement 23.686 23.683 24.115 25.797 32.530 21.261 81.558
3 Cultivation-Settlement 26.192 25.826 22.815 25.470 31.987 21.240 81.700
4 Cultivation-Settlement 29.187 30.420 24.545 24.494 33.255 21.320 81.636
5 Cultivation-Settlement 26.192 25.401 22.815 24.032 32.302 21.200 81.639
6 Settlement-Settlement 21.128 22.815 18.833 20.245 27.765 21.362 81.671
7 Cultivation-Settlement 27.016 26.674 24.973 26.138 34.207 21.387 81.647
8 Settlement-Settlement 27.289 28.352 25.401 27.045 34.460 21.386 81.681
9 Cultivation-Settlement 30.259 28.352 25.826 25.528 35.503 21.357 81.646
10 Cultivation-Settlement 29.724 27.095 25.401 26.794 35.132 21.329 81.631
11 Settlement-Settlement 27.016 25.826 23.683 25.612 34.682 21.183 81.410
12 Cultivation-Settlement 29.992 31.238 25.826 27.371 35.480 21.273 81.528
13 Cultivation-Settlement 29.456 27.934 24.115 25.089 33.767 21.250 81.519
14 Cultivation-Cultivation 33.162 29.597 24.545 24.379 36.160 21.361 81.502
15 Cultivation-Open Land 31.057 27.934 25.826 27.661 36.610 21.322 81.488
16 Waterbody-Waterbody 29.992 21.502 17.930 20.881 27.270 21.241 81.744
17 Cultivation-Settlement 29.456 27.934 24.115 27.072 34.570 21.179 81.778
18 Open Land-Settlement 31.322 30.420 25.401 27.959 34.541 21.157 81.799
19 Cultivation-Cultivation 31.322 31.645 26.251 28.049 35.894 21.197 81.879
20 Open Land-Open Land 32.639 33.262 27.516 28.022 32.807 21.213 81.819
21 Open Land-Open Land 33.162 32.051 27.516 27.973 35.940 21.235 81.822
22 Cultivation-Cultivation 28.648 22.815 24.115 29.266 34.421 21.261 81.777
23 Open Land-Cultivation 31.586 29.597 25.826 28.076 35.658 21.271 81.839
24 Open Land-Settlement 29.187 27.516 25.401 27.948 33.974 21.110 81.778
25 Open Land-Settlement 29.724 28.352 26.251 25.334 32.556 21.136 81.784
26 Cultivation-Settlement 26.742 27.095 23.683 26.585 34.251 21.157 81.772
27 Waterbody-Waterbody 27.289 22.379 18.382 20.620 26.621 21.147 81.770
28 Vegetation-Cultivation 25.084 24.973 21.502 24.477 31.942 21.192 81.611
29 Cultivation-Cultivation 26.192 25.401 21.941 27.152 33.081 21.125 81.574
30 Vegetation-Vegetation 30.259 28.768 24.545 22.700 30.729 21.159 81.604
31 Open Land-Settlement 27.289 26.674 22.379 25.331 32.929 21.069 81.680
32 Vegetation-Cultivation 30.525 25.826 23.250 26.489 34.544 21.114 81.501
33 Cultivation-Cultivation 28.3717 24.545 24.545 25.811 35.451 21.120 81.406
34 Cultivation-Settlement 28.918 26.251 22.815 25.975 35.137 21.232 81.409
35 Cultivation-Cultivation 31.322 29.597 25.826 27.951 34.583 21.376 81.552
36 Cultivation-Cultivation 31.057 30.009 26.251 27.981 36.705 21.417 81.508
37 Cultivation-Cultivation 26.742 24.115 22.815 25.506 33.759 21.465 81.559
38 Cultivation-Cultivation 26.192 23.683 21.502 26.456 30.839 21.517 81.742
39 Cultivation-Cultivation 27.289 25.401 22.379 24.340 31.836 21.504 81.790
40 Open Land-Open Land 32.639 32.456 26.674 29.093 35.565 21.500 81.809
41 Cultivation-Open Land 28.377 29.183 25.826 26.984 35.591 21.523 81.805
42 Cultivation-Cultivation 28.918 26.251 24.115 26.781 33.725 21.567 81.756
43 Cultivation-Cultivation 29.456 30.009 25.401 26.761 34.791 21.383 81.726
44 Open Land-Open Land 31.057 28.768 27.934 29.206 36.188 21.343 81.851
45 Open Land-Cultivation 31.850 31.645 27.095 28.670 36.577 21.288 81.790
46 Cultivation-Cultivation 30.259 24.973 22.815 25919 33.494 21.270 81.910
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Table 5 Statistical data of NDBI

S. No 2000 2006 2011 2016 2021
Min. -0.3526  —-0.3623 —-0.4333 -0.4237 -0.5188
Max. 0.3895 0.3752 0.3522 0.3669 0.3960
Mean 0.1315 0.0841 0.0574 0.0638 0.0203
St. Dev.  0.1403 0.1356 0.1345 0.1330 0.1918

Table 6 Statistical data of NDVI

S. No 2000 2006 2011 2016 2021
Min. -0.4800 -0.1702 -0.2163 —-0.2035 —-0.1219
Max. 0.5968 0.4888 0.4909 0.4405 0.6866
Mean 0.2592 0.2356 0.2244 0.2200 0.2354
St. Dev.  0.1437 0.0949 0.1008 0.0822 0.1205

While there was less variance in the water body area, the
vegetation area shrunk from 227.840 to 10.586 km?, possibly
as a result of the establishment of numerous artificial ponds
around the study region to fulfil the scarcity. Along with the
urban area cultivation area expanded as well from 2000 to
2021, which was 1906.014, 1976.563, 1955.435, 2051.616,

Fig.9 Grid wise presentation of 81°27'0"E
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The main city area of Raipur is situated in the center of
the study region, where the analysis findings indicate that
the significant LULC developments have occurred. More
urban expansion seemed to occur from 2011 in the study
area’s southeast and southwest region where Naya Raipur
and part of Durg city area comes. The change analysis thus
relates to those regions where land has changed between
2000 and 2021 (Basha et al. 2018) which is shown in Fig. 5.
Due to this, major changes can be seen in the maps created
for 2006 and 2011. The research area’s green vegetation has
been observed to be declining over the years, particularly
in the vicinity of major metropolitan areas. The idea is that
the LULC change (Fig. 6) is connected to the changes in the
NDVI and is connected to LST (Gogoi et al. 2019) which
was also calculated for same years (Fig. 7). Classified maps
for LULC show continuous variation in area during 2000
to 2021, which are shown in Fig. 8. For the accuracy of
classified LULC map, the data has been cross checked with
Google images with the help of 46 random sample with
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show between 90 and 95% of the classified LULC maps
(Nayak and Mandal 2019).
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Fig. 10 Scatterplot showing correlation of LST with NDVI for years 2000, 2006, 2011, 2016 and 2021(a to e)

Interrelationship between changing LST
and urbanization

In the previous sections, we found that the surface tempera-
ture increased due to change in surface condition of land
during the period 2000 to 2021 (Feizizadeh et al. 2013).
Maximum changes occurred in the central part of basin with
main city area of Raipur district and in the small part of
eastern basin constituting the Naya Raipur region during
2011 to 2021. The pattern of LULC, NDVI, and LST rep-
resents the same trends; also by the LST values represented
by the random points, it has been observed that the trans-
formed areas with settlement have relatively high LST which
shows a clear relationship between all the three parameters
and LULC change is directly associated with the global

@ Springer

warming. For example, city regions of Raipur and Durg
which are highly populated cities of Chhattisgarh experi-
ence relatively higher rate of increasing temperature during
the years 2000 to 2021 than that nearby towns or villages
distributed in small patches throughout the study area. Forty-
six random points showing the variation in LULC class
with respect to variation in the temperature shown in Fig. 6
clearly signify that changing LULC has its clear impact on
to the rising surface temperature.

Relationship between NDBI, NDVI, and LST
NDBI values calculated for the study area shows that the val-

ues were more at the places dense urbanization (Chen et al.
2013) including the city area of Raipur city, Naya Raipur
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Fig. 11 Scatterplot showing correlation of LST with NDBI for years 2000, 2006, 2011, 2016, and 2021(a to e)

and very small part of Bhilai, Durg District located at the
southeastern and southwest corner of the study area respec-
tively while the NDVI value is higher with the area covered
with vegetation coming under the study area. Since the area
has huge variation in type of land use, therefore NDBI and
NDVI varied between —0.519 to 0.396 and —0.480 to 0.596
respectively. Tables 5 and 6 show NDVI and NDBI values
all the years from 2000 to 2021 for the considered years. To
determine the relationship between NDBI, NDVI, and LST,
overall 159 points were taken which were equally distrib-
uted throughout the study area; these points were the center
point of each grid of 4*4km (shown in Fig. 9). In order to
find the correlation among all the three parameters, linear
regression method was used (Chen et al. 2013; Gorgani et al.

2013). It has been observed that there was positive relation-
ship between NDBI and LST with R? value ranging between
0.4 and 0.58. As with the increasing values of NDBI, values
were increasing and vice versa while in the case of NDVI,
correlation seems to be negative as the increasing values
of NDVI (ranging between 0.07 and 0.1) denote the veg-
etation cover which represents lower LST values (Sun and
Kafatos 2007). Relationship of LST with NDVI and NDBI
is represented in Figs. 10 and 11.
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R
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10)

@ Springer



107214

Environmental Science and Pollution Research (2023) 30:107199-107218

Fig. 12 Statistical representa-
tion of LST range from 2000

Year wise statistical representation of LST data

to 2021
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Table 7 Statistical data of LST
Year 2000 2006 2011 2016 2021
Min. 18.392 19.49 20.342 20.821 21.728
Max. 38.462 37.867 39.663 42.128 44.445
Mean 27.736 25.785 25.22 28.606 33.479
St. Dev 2.239 2.021 1.543 1.632 1.746

where SSR and SST are sum of squares of residuals and
total sum of squares respectively, R represents coefficient
of determination, 9, y, and y, represent the prediction or a
point on the regression line, mean of all the values, and the
actual values respectively.

Changes in LST

Variation in surface temperature has been represented in a
graphical representation for all the 5 years for the area of
interest shown in Fig. 6 which shows Urban Heat Island
(UHI) effect which means higher temperature values were
much more concentrated in the city areas (Fig. 6). An over-
all increase of about 5.65°C is observed since the last two
decades in the study area. Also there was noticeable vari-
ation in temperature with changing land use. Highest tem-
perature values were recorded in the middle of cities and at
outer stretch of the city region where the industrial growth
appeared temperature rose more during 2011-2021 at newly

@ Springer

formed area like Naya Raipur region which has very less
waterbodies or vegetation. Statistical calculation was done
for all the years to see the variation in the temperature and
the difference in the minimum, maximum, and mean tem-
perature values is given in Fig. 12 and Table.7 which shows
that with changing land use, LST is changing, increasing
urbanization resulted in increasing surface temperature for
the transformed area.

Cross-validation of Landsat retrieved LST

MODI11A1 LST data is a daily L3 (level3) that gives daily
land surface temperature and emissivity data. It has been
gridded using the sinusoidal projection with a spatial reso-
lution of about 1 km where the actual grid size is 0.928
km by 0.928 km. One tile of a product is divided into 1200
rows and columns (Wan 2007; Srivastava et al. 2009). This
satellite-derived data has been used to validate the Land-
sat retrieved LST data; this validation technique of cross-
validation has been used by different researchers in the past
till date (Chan and Chung-Pai 2018; Nikam et al. 2016)
as there were no LST data from the ground that could be
used in this study (Aik et al. 2020; Mukherjee et al. 2014).
The MODIS LST has been projected from sinusoidal to the
UTM projection system and further subset was created for
all the 5 years to create a subset of MODIS LST for the
study area. From the point of view of validation, 159 sites
were selected by dividing the area into grid (Fig. 9) with
an area of 16km? each and considering its center point for
sample. As the resolution for both the satellites differs from
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Fig. 13 Scatterplot showing comparison of Landsat-derived LST with MODIS-derived LST for years 2000, 2006, 2011, 2016, and 2021(a to e)

each other, therefore Landsat data has been resampled using
the interpolation technique (Nikam et al. 2016; Yang and
Huang 2014). Zonal statistical method in Qgis software is
a type of statistical method which performs calculations on
multiple pixel values belonging to a raster layer by using a
polygonal vector layer. This method was performed by cal-
culating the mean LST pixel values of all Landsat dataset
for each sample coming inside the MODIS pixels selected
(Vlassova et al. 2014). Cross-validation of retrieved mean
LST values with same spatial reference was used for the
validation step with MODIS-derived LST values and it was
found that there was approx. average difference of +1-2°C
at most of the places while at few places, the difference was

more which may be due to the difference in scale of the two
datasets. The best visual representation method for contrast-
ing two quantitative variables is a scatterplot with linear
regression where 72 indicates a model’s fit. The 7* coefficient
of determination measures how closely regression predic-
tions match real data points. The value of 7> from 0.7 and
above considered to be a good data match. This method is
used by different researchers for comparing and correlation
of their data (Bosilovich 2006 and Duan et al. 2017) for the
comparison of temperature values derived from Landsat data
with MODIS-derived data. Obtained results show the high
value of r? ranging between 0.82 and 0.94 (Fig. 13).
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Discussion and conclusion

Rapid urbanization due to the changing land use has shown
an increasing effect on surface temperature which is a com-
mon phenomenon all across the world. These changes in
LULC depend on many factors including the extent, eleva-
tion, and physiography. It can be considered that the rate of
increase LST is more in most of the developing cities across
India. In reference to the study area which is has shown huge
development in the central and southern part during 2011 to
2016 and still is in developing phase, it has been observed
that there is overall variation of ~5.74 °C in mean LST from
2000 to 2021. This decadal increase in temperature induced
as effect of changing LULC requires urgent attention and
investigations at local as well as regional level specifically
for such areas where rapid and unplanned urbanization is
taking place.

This study has been done with use thermal datasets with
its processing under GIS platform for analysis and identifi-
cation of variation in different parameters like LULC, LST,
NDVI, and NDBI. It was observed that in the case of LKC,
NDVI showed a strong negative correlation with LST while
NDBI has shown its positive correlation with LST although
the calculated R? values were quite less which may be due
to the large vegetation cover over the area as well but it can
be clearly observed that built-up index is directly related to
increasing LST.

Thus, the performed study illustrates that the GIS and
remote sensing studies have excellent capabilities for con-
ducting such studies; these techniques can be applied to
derive an output with much ease and relatively faster, but
due to lag in the dataset, the limited resolution of freely
available datasets and sensor-generated distortions they lack
in accuracy and detailed study. The above research can be
furthermore extended by studying influencing parameters in
detail. Also, accuracy assessment can be done using other
available datasets and ground truth verification.
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