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Landsat The present study analyzes the seasonal variability of the relationship between the land
LST surface temperature (LST) and normalized difference bareness index (NDBal) on different land
LULC use/land cover (LULC) in Raipur City, India by using sixty-five Landsat images of four seasons
NDBal (pre-monsoon, monsoon, post-monsoon, and winter) of 1991-1992, 1995-1996, 1999-2000,
Raipur 2004-2005, 2009-2010, 2014-2015, and 2018-2019. The mono-window algorithm was used to

retrieve LST and Pearson's correlation coefficient was used to generate the LST-NDBal
relationship. The post-monsoon season builds the best correlation (0.59) among the four
seasons. The water bodies builds a moderate to strong positive correlation (>0.50) in all the
four seasons. On green vegetation, this correlation is moderate to strong positive (>0.54) in the
three seasons, except the pre-monsoon season. The built-up area and bare land generate a
moderate positive correlation (>0.34) in all the four seasons. Among the four seasons, the post-
monsoon season builds the best correlation for all LULC types, whereas the pre-monsoon
season has the least correlation. This research work is useful for environmental planning of
other citieswith similar climatic conditions.

1. INTRODUCTION LST in Dhaka, Bangladesh. Sharma et al. (2013)

examined the relationship between LST and NDBal in

Land surface temperature (LST) is an indispensable
parameter in analyzing the bio-geochemical functions of
the earth surface features (Tomlinson et al. 2011; Hao et
al. 2016; Guha et al. 2020a). Green plants, wetlands, and
water bodies generate low LST, whereas human
settlement, and bare land surface produce high LST in
the summer season of tropical areas (Chen et al. 2006).
Thus, LST and normalized difference spectral indices
related studies are quite important in the ecological
planning of the recent urban agglomerations
(Sekertekin et al. 2016; Li et al. 2016; Guha et al.
2020b). Normalized difference bareness index (NDBal)
is one of the most popular indices for bare land
extraction that is often used in LULC and LST related
studies (Zhao and Chen 2005; Chen et al. 2006; Essa et
al. 2012; Guha et al. 2017).

Several research articles presented the LST-NDBal
relationship in recent years. As-Syakur et al. (2012)
investigates various bareness indices for bare land
mapping in Denpasar of Bali, Indonesia. Ahmed et al.
(2013) used NDBal along with other LULC indices to
simulate the land surface changes and their impact on

Surat City of India. Guo et al. (2014) estimated sub-pixel
LST and built a relationship between LST and NDBal in
Guangzhou core urban area of China. Ali et al. (2017)
compared the relationship of LST with NDBal and other
LULC indices in London and Baghdad cities. Macarof et
al. (2017) investigated the relationship between LST
and NDBal in Iasi Municipality Area of eastern Romania
from 2013 to 2016 by using Landsat 8 data. Alibakshi et
al. (2020) investigated the relationship between NDBal
and LST from 2001 to 2015 in Tehran and its satellite
cities in Iran by the geographically weighted regression
model using Landsat 7 data. Alexander (2020) evaluated
the LST-NDBal relationship in Aarhus City of Denmark
by using Landsat 8 data. Jain et al. (2020) investigated
the LST-NDBal relationship in Nagpur City, India from
2000 to 2015 by using Landsat data.

The LST and NDBal values vary due to the seasonal
variation of various atmospheric components. Thus, to
estimate the characteristics of seasonal variation of the
LST-NDBal relationship in Indian context, Raipur City
ofChhattisgarh has been chosen. The main aim of the
study is to estimate the seasonal variation of LST-NDBal
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relationship on different categories of LULC. The study
will be a beneficial one for ecological planning and
management in an urban environment.

2. STUDY AREA AND DATA

Figure 1 shows the geographical location of Raipur
city of India which extends from 21°11'22"N to
21020'02"N and from 81°32'20"E to 81°41'50"E. The
city covers an area of around 165 km?2. Figure 1(a)
presents the outline map of India (URL-1). Figure 1(b)
presents the outline map of Chhattisgarh State (URL-1).
Figure 1(c) represents the false colour composite (FCC)
image of Raipur City (URL-2) from recent Landsat 8 data
of 07 November 2018(URL-3). Figure 1(d) shows the
digital elevation map (DEM) of Raipur City produced by
the ArcGIS software using the last available ASTER DEM
data of 11 October 2011 (URL-3). The city is
characterised by the tropical dry and wet type of climate
(URL-4). The mean monthly temperature ranges from
120C to 42°C. May presents the highest average
temperature (35°C), while December presents the
lowest average temperature (20°C). The highest average
rainfall (327 mm) is observed in July. March, April, and
May are considered as the summer or pre-monsoon
months. June, July, August, and September are the
monsoon months. The post-monsoon months are
October and November, when the weather remains
pleasant. The winter months are December, January,
and February, when the temperature falls significantly.

(€) FCC Image
Raipur City

(d) Digital Elevation Model
Raipur City &

Figure 1. Location of the study area: (a) India
highlighting Chhattisgarh; (b) Chhattisgarh highlighting
Raipur City; (c) False colour composite image of Raipur;
(d) Digital elevation model of Raipur.

Table 1 shows the specification of Landsat data of
different sensors. The band 10 of Landsat 8 thermal
infrared sensors (TIRS) dataset was used as the only
TIR band in the present study due to a larger calibration
certainty (Barsi et al. 2014). Landsat 5 thematic mapper
(TM) data has only one TIR band (band 6) of 120 m
resolution. Landsat 7 enhanced thematic mapper plus
(ETM+) data has a TIR band (band 6) of 60 m resolution.
The TIR bands of all the Landsat sensors were
resampled to 30 m pixel size by the data provider
(USGS) as the spatial resolution of visible to near-
infrared (VNIR) and shortwave infrared (SWIR) bands
of the three types of Landsat sensors is 30 m. All
theraster calculations were processed in the
environment of ArcGIS 9.3 and ERDAS IMAGINE 9.1
software.

Table 1. Specification of the used Landsat data

Date of Time Cloud Resolution
acquisition (UTCQ) cover of TIR

(%) bands (m)
18-Mar-91 04:17:34 0 120
03-Apr-91 04:17:46 0 120
21-May-91 04:18:39 1 120
26-Sep-91 04:20:03 13 120
12-0ct-91 04:20:12 6 120
13-Nov-91 04:20:19 1 120
16-Jan-92 04:20:22 3 120
01-Feb-92 04:20:27 0 120
17-Feb-92 04:20:15 4 120
14-Apr-95 04:05:06 0 120
10-Dec-95 03:56:47 0 120
27-Jan-96 04:00:14 0 120
23-Sep-96 04:14:16 2 120
09-Oct-96 04:15:07 0 120
25-Oct-96 04:15:55 5 120
10-Nov-96 04:16:41 7 120
11-Nov-99 04:49:00 0 60
30-Jan-00 04:48:55 0 60
03-Apr-00 04:48:35 0 60
05-May-00 04:48:20 0 60
26-Sep-00 04:46:33 6 60
15-Dec-00 04:46:31 0 60
21-Mar-04 04:35:14 0 120
22-Apr-04 04:36:01 1 120
24-May-04 04:36:54 0 120
09-Jun-04 04:37:23 9 120
29-Sep-04 04:40:16 9 120
15-Oct-04 04:40:36 4 120
16-Nov-04 04:41:11 0 120
02-Dec-04 04:41:33 0 120
18-Dec-04 04:41:52 0 120
19-Jan-05 04:42:17 0 120
04-Feb-05 04:42:29 0 120
03-Mar-09 04:42:22 0 120
19-Mar-09 04:42:44 2 120
04-Apr-09 04:43:05 0 120
20-Apr-09 04:43:24 0 120
06-May-09 04:43:42 0 120
22-May-09 04:44:00 1 120
23-Jun-09 04:44:35 0 120
13-0ct-09 04:46:12 0 120
29-Oct-09 04:46:20 0 120
16-Dec-09 04:46:44 1 120
17-Jan-10 04:46:55 6 120
02-Feb-10 04:46:59 0 120
18-Feb-10 04:47:02 7 100
17-Mar-14 04:56:36 0 100
02-Apr-14 04:56:19 0 100
20-May-14 04:55:38 5 100
05-Jun-14 04:55:45 0 100
12-Nov-14 04:56:21 7 100
30-Dec-14 04:56:09 0 100
15-Jan-15 04:56:09 0 100
31-Jan-15 04:56:04 0 100
16-Feb-15 04:55:55 0 100
12-Mar-18 04:55:43 2 100
28-Mar-18 04:55:36 0 100
15-May-18 04:55:08 0 100
16-Jun-18 04:55:01 2 100
06-Oct-18 04:55:53 0 100
22-Oct-18 04:55:59 0 100
07-Nov-18 04:56:03 0 100
25-Dec-18 04:55:59 0 100
11-Feb-19 04:55:52 0 100
27-Feb-19 04:55:48 4 100

3. METHODOLOGY
3.1. Retrieving LST from Landsat Data

In this study, the mono-window algorithm was
applied to retrieve LST from multi-temporal Landsat
satellite sensors (Qin et al. 2001) where three necessary
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parameters are ground emissivity, atmospheric
transmittance, and effective mean atmospheric
temperature. At first, the original TIR bands (100 m
resolution for Landsat 8 OLI/TIRS data, 120 m
resolution for Landsat 5 TM data, and 60 m resolution
for Landsat 7 ETM+ data) were resampled into 30 m by
USGS data centre for further application.

The TIR pixel values are firstly converted into
radiance from digital number (DN) values (Markham &
Barkar 1985). Radiance for TIR band of Landsat 5 TM
data and Landsat 7 ETM+ data is obtained using Eq. (1)
(URL-3):

LMAX), — LMINA

L, =
: QCALMAX _QCALMIN

*[QCAL _QCALMIN ]+ LMIN/i (1)

where, L/1= Top of Atmosphere (TOA) spectral
radiance (Wm-2srimm-), Q., = quantized calibrated
pixel value in DN, L, (Wm2srimm?) = spectral
radiance scaled to QCAL,,y, Lyax, (Wm2srimm?) =

spectral radiance scaled to QCAL,,,, QCAL,,, =
minimum quantized calibrated pixel value in DN and
QCAL,,,, = maximum quantized calibrated pixel value
in DN. Lyn» Lyaxs» QCAL,, and QCAL,,,, values

are obtained from the metadata file of Landsat TM and
ETM+ data. Radiance for Landsat 8 TIR band is obtained
from Eq. (2) (Zanter 2019):

L, =M Qe +A )

where, L;L = TOA spectral radiance (Wm-2sr-imm-1),
M = band-specific multiplicative rescaling factor from
the metadata, AL= band-specific additive rescaling

factor from the metadata, Q.. = quantized and

calibrated standard product pixel values (DN). All of
these variables can be retrieved from the metadata file
of Landsat 8 data.
For Landsat 5 and 7 data, the reflectance value is
obtained from radiances using Eq. (3) (URL-3):
L, .d?
. 3

= ESUN,.cosé,

where, p, = unitless planetary reflectance, L, =

TOA spectral radiance (Wm-2srium?), O = Earth-Sun
distance in astronomical units, ESUN , = mean solar
exo-atmospheric spectral irradiances (Wm-=2pum-) and
0, = solar zenith angle in degrees. ESUN ; values for
each band of Landsat 5 and 7 can be obtained from the
handbooks of the related mission. ¢, and d values can

be attained from the metadata file (Coll et al. 2010).
For Landsat 8 data, reflectance conversion can be
applied to DN values directly as in Eq. (4) (Zanter 2019):

_ MP.QCAL + Ap
sin O

P 4)

where, M »= band-specific multiplicative rescaling
factor from the metadata, Ap = band-specific additive

rescaling factor from the metadata, QCAL= quantized

and calibrated standard product pixel values (DN) and
08E =local sun elevation angle from metadata file.

Eq. (5) is used to convert the spectral radiance to at-
sensor brightness temperature (Wukelic et al. 1989;
Chenetal. 2006):

T, =—3+— (5)
b In(:fl+1)

A

where, T, = brightness temperature in Kelvin (K),
L, = spectral radiance in Wm2srimm'?; K,and K,
=calibration constants. For Landsat 8 data, K1= 774.89,
K, =1321.08 (Wm-2sr'mm-1). For Landsat 7 data, K, =
666.09, K2= 1282.71 (Wm-2sr-'mm-1). For Landsat 5
data, K, =607.76, K,=1260.56 (Wm-2srimm-?).

The land surface emissivity &, is measured from Eq.
(6) using the NDVI Thresholds Method (Sobrino et al.
2001, 2004; Vlassova et al. 2014).

e=¢,F,+¢(1-F)+de (6)

where, ¢£=land surface emissivity, &, = vegetation

emissivity, &£,= soil emissivity, F = fractional

vegetation, 0& = effect of the geometrical distribution

of the natural surfaces and internal reflections that can
be expressed by Eq. (7):

de=(01-¢&)1-F)Fe, )

where, &, =

v vegetation

emissivity, &, =soil
emissivity, Fv= fractional vegetation, F = a shape
factor whose mean is 0.55, the value of d& may be 2%
for mixed land surfaces (Sobrino et al. 2004).

The fractional vegetation FV, of each pixel, is

estimated from the NDVI using Eq. (8) (Carlson & Ripley
1997):

(8)

Y

[ NDVI-NDVI,, Y
“INDVI__—NDVI__

where, (@)NDV | <0.2for bare soil;
(b)NDV | > 0.5 for
(€)0.2 <= NDV | <=0.5 for mixed land with bare soil

vegetation;
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and vegetation; (d)NDVI < 0 for water body (Sobrino et
al. 2001, 2004; Vlassova et al. 2014).
Finally, the land surface emissivity &can be

expressed by Eq. (9):
£=0.004*F, +0.986 9)

where, & = land surface emissivity, Fv = fractional
vegetation.

Water vapour content is calculated by Eq. (10) (Yang
and Qie 1996; Li 2006):

17.27*(T, - 273.15)

w=0.0981*| 10*0.6108*exp
237.3+(T,—273.15)

j*RH}+O.l697 (10)

where, W= water vapour content (g/cm2), To=

near-surface air temperature in Kelvin (K), RH =
relative humidity (%). These parameters of atmospheric
profile are obtained from the Meteorological Centre,
Raipur (http://www.imdraipur.gov.in). Atmospheric
transmittance is estimated for Raipur City using Eq. (11)
(Qin et al. 2001; Sun et al. 2010):

7=1.031412-0.11536w (11)

where, 7 =total atmospheric transmittance, W=
water vapour content (g/cm?).

Raipur City is located in the tropical region. Thus, Eq.
(12) is applied to calculate the effective mean
atmospheric transmittance of Raipur (Qin et al. 2001;
Sun et al. 2010):

T, =17.9769+0.91715T, (12)

LST is retrieved from Landsat 5, Landsat 7, and
Landsat 8 satellite data by using Eq. (13-15) (Qin et al.
2001):

[a(1-C-D)+(b(1-C-D)+C+D)T,-DT, |

T = c (13
C=er 14
D=(1-7)[1+(1-¢)7] (15)

where, &= land surface emissivity, 7 =total

atmospheric transmittance, C and D= internal
parameters based on atmospheric transmittance and

land surface emissivity, T, = at-sensor brightness
temperature, T, = mean atmospheric temperature, T, =

near-surface air temperature, Ts= land surface

temperature, @ =-67.355351, b =0.458606.

3.2. Retrieving Extraction of Different Types of
LULC by Using NDBal

The study emphasized NDBal for determining the
relationship with LST (Zhao and Chen 2005; Chen et al.

2006). NDBal is determined by the SWIR and TIR bands.
For, Landsat 5 and Landsat 7 data, band 5 and band 6
are used as the SWIR and TIR band, respectively. For
Landsat 8 data, band 6 and band 10 are used as the
SWIR and TIR bands, respectively (Table 2). The value
of NDBal ranges between -1 and +1. Generally, the
positive value of NDBal indicates the bare land. The
bareness increases with the increase of the positive
NDBal. NDBal value ranges between -0.2 to 0 shows the
built-up area, NDBal > 0 shows the bare land,NDBal < -
0.25 presents the vegetation, and NDBal < -0.65
presents the water bodies (Chen et al. 2006). LULC
maps have been generated using the aforesaid threshold
limits of NDBal and the results have been validated by
the maximum likelihood classification. The average
calculated values of the Kappa coefficient and overall
accuracy for all the images are 0.91 and 92.19%,
respectively.

Table 2. General description of NDBal

Acronym  Description Formulation References

Normalized
NDBal difference
bareness index

SWIRL—TIR  Zhao and Chen
Py — 2005; Chen et al.
SWIRL+TIR 2006

3.3. LST-NDBal relationship generation on different
types of LULC

LST-NDBal correlation develops on the following
LULC categories, i.e., green plants, water bodies, human
settlement, and bare lands. The study also evaluates the
seasonal and temporal variability of the LST-NDBal
correlation.

4. RESULTS AND DISCUSSION
4.1. Extraction of LULC Types Using NDBal

Figure 2 shows the classified LULC maps from the
post-monsoon data,prepared by the threshold limits of
NDBal and these maps have been validated by applying
the maximum likelihood classification method. In the
earlier period, the built-up area and bare land were
developedalong the middle portion of the city. The
northwest part has been rapidly urbanized till 2004-05.
Most of the vegetation covered areasof this area were
converted into the built-up areas. However, in the last
phase of the study period, most of the remaining vegetal
covered partsweredecreased due to quick convertion
into bare land and built-up area. This conversion was
mainly by the anthropogenic activities, although some
natural desertification process was also responsible in
the semi-arid parts. Conversion of the water bodies is
lesser than the vegetation. On the other hand, a high
increasing rate was observed for the settlement and
bare earth surface (approximately 3 km? area annually).
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Figure 2. LULC maps of the study area: (a) 1991-1992;
(b) 1995-1996; (c) 1999-2000; (d) 2004-2005; (e)
2009-2010; (f) 2014-2015; (g) 2018-2019.

4.2. Seasonal Distribution of LST and NDBal

A prominent seasonal variation in the minimum,
maximum, mean and standard deviation values of LST is
noticed in Table 3. The average values of LST and the
Pearson's correlation coefficient between LST-NDBal
relationship from 1991-92 to 2018-19 have been shown
in italic font text inside Table 3.

Table 3. Seasonal variation of LST and LST-NDBal
relationship (0.05 level of significance).

Season Year of LST (°C) Correlation
acquisition Min. Max. Mean Std. coefficients
for LST-NDBal
relationship
Pre-monsoon 1991-92 23.81 36.27 31.54 1.52 0.58
1995-96 24.54 41.07 34.64 1.89 0.51
1999-00 26.36 42.23 36.38 193 0.49
2004-05 26.95 44.07 38.01 2.19 0.48
2009-10 28.81 46.48 39.60 2.54 0.43
2014-15 31.93 48.22 41.28 1.75 0.41
2018-19 33.46 51.11 43.74 1.75 0.40
Average 27.98 44.21 37.88 1.94 047
Monsoon 1991-92 19.87 30.83 25.74 141 0.66
1995-96 21.21 33.01 26.50 133 0.54
1999-00 22.76 3591 27.81 1.34 0.53
2004-05 24.17 36.20 31.32 133 0.54
2009-10 2594 38.38 33.06 2.40 0.56
2014-15 27.74 40.15 34.87 1.68 0.50
2018-19 30.59 41.98 37.30 1.13 0.55
Average 24.61 36.64 30.94 1.52 0.56
Post-monsoon 1991-92 19.72 29.56 24.32 1.72 0.69
1995-96 20.42 30.33 25.12 1.34 0.59
1999-00 2241 33.47 26.84 191 0.57
2004-05 23.03 35.25 28.01 1.71 0.56
2009-10 24.62 3791 30.26 1.60 0.58
2014-15 26.24 38.22 31.68 112 0.56
2018-19 28.92 41.28 33.70 1.34 0.57
Average 23.62 3515 28.56 1.53 0.59
Winter 1991-92 18.22 28.33 23.29 1.22 0.53
1995-96 20.08 28.68 24.40 1.04 0.48
1999-00 20.44 32.80 25.21 1.81 0.46
2004-05 21.08 33.21 26.47 1.25 0.44
2009-10 22.06 34.36 27.98 1.23 0.42
2014-15 22.80 36.21 28.90 1.39 0.41
2018-19 24.31 38.36 30.46 1.37 0.37
Average 21.28 33.14 26.67 1.33 0.44

The mean LST of the city was increased gradually.
The pre-monsoon season always createshighmean LST
values (31.54°C in 1991-92, 34.64°C in 1995-96, 36.38°C
in 1999-00, 38.01°C in 2004-05, 39.60°C in 2009-10,
41.28°C in 2014-15, and 43.74°C in 2018-19) (Figure 3).
In the urban heat island zones, the LST-NDBal
relationship is direct or high LST areas have high NDBal
values. Moreover, at the micro-level analysis, the high
peaks of LST also presented the high peaks of NDBal.
The correlation coefficient values between the LST and
NDBal are positive throughout the span. In the post-
monsoon season, the best mean correlation coefficient
value (0.59) is found, followed by the monsoon (0.56),
pre-monsoon (0.48), and winter (0.44) seasons. Hence,

it can be concluded that wet weather produce a better
LST-NDBal relationship.

Figure 3 shows that in the summer season of 2018-
19, the LST for most of the places (>90%) have>40°C. In
winter, LST of the whole city is less than 40°C. A
moderate LST values are noticed in the monsoon and
post-monsoon seasons. The mean LST of the study area
has been gradually increased between 1991-92 and
2018-19. The converted bare land and built-up area
produce high LST value compared to the other LULC
categories. The low LST value is found in the unchanged
vegetation covered area. The moderate LST value is
observed in the unchanged water bodie, wetland,
orsettlement with hometaead orchard.

N
E T .
ij noy m owow o o
LST (Deg. Cel)

Figure 3. Seasonal distribution of LST: (al,a2,a3a4)
1991-1992; (b1,b2,b3,b4) 1995-1996; (cl,c2,c3,c4)
1999-2000; (d1,d2,d3,d4) 2004-2005; (el,e2,e3,e4)
2009-2010; (f1,f2,f3,f4) 2014-2015; (g1,g2,g3,g4) 2018-
2019.

Figure 4 shows the seasonal change in the spatial
distribution of NDBal from 1991-92 to 2018-19. The
high and low NDBal regions were seasonally stable
since the 1991-92 sessions. The change was observed
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only in the values of the NDBal, not in the distributional
pattern. The central part and the periphery of the city
show the reverse value of the NDBal.
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Figure 4. Seasonal distribution of NDBal: (al,a2,a3,a4)
1991-1992; (b1,b2,b3,b4) 1995-1996; (cl,c2,c3,c4)
1999-2000;(d1,d2,d3,d4) 2004-2005; (el,e2,e3,e4)
2009-2010; (f1,f2,f3,f4) 2014-2015; (g1,g2,g3,g4) 2018-
2019.

4.3. Seasonal Variation on LST-NDBal Relationship

Figure 5 (a-d) shows the seasonal variation of LST-
NDBal relationships on different categories of LULC.
This relationship is strongly positive on water bodies
and wetland, strong to moderate positive on vegetation
covered area, and moderate positive on the bare
land/built-up area. The pre-monsoon season (Figure
5(a)) has a strong positive LST-NDBal correlation on the
water bodies (0.65) and a moderate positive correlation
on green vegetation (0.37), bare land, and built-up area
(0.35). In the monsoon season, the correlation is
strongly positive on green vegetation (0.56) and water
bodies (0.51), whereas it is moderate positive (0.43) on
bare land and built-up area (Figure 5(b)). In the post-

monsoon season,the best correlation has been built on
green vegetation (0.62), followed by the water bodies
(0.53), bare land and built-up area (0.48) (Figure 5(c)).
In winter (Figure 5(d)), the LST-NDBal correlation is
strongly positive on water bodies (0.62) and green
vegetation (0.54), whereasit is moderate positive (0.39)
on the bare lands and built-up areas.

(a) (b)

—&— Monsoon

Correlation coefficlent

o1 —e— Winter

1991-92 1995-96 1999-00 200405 2009-10 2014-15 201819

Year

—e— Pre-monsoon

—e— Post-monsoon

Figure 5. (a-d) Seasonal variation of the LST-NDBal
relationship on various categories of LULC: (a) Pre-
monsoon; (b) Monsoon; (c) Post-monsoon; (d) Winter;
(e) Seasonal variation of the LST-NDBal relationship for
the whole of the study area (0.05 level of significance).

Figure 5(e) represents the seasonal variation of LST-
NDBal relationships for the whole of the study area. The
relationship is positive, for each season. The post-
monsoon season presents the best correlation. The
results also shows that the dry climate decreases the
strength of the regression, while the moist climate
increases the strength.

The study shows that LST builds a stable and strong
to moderate positive correlation with NDBal in Raipur
City, India throughout the period. The result is
comparable to the recently conducted other similar
studies on the different urban agglomerations in the
world. Essa et al. (2012) have shown that NDBal
generates a positive correlation (0.39) with LST in the
Greater Dublin region, Ireland. A study conducted in
Kunming of China shows that NDBal and LST generate
strong positive correlation (Chen and Zhang 2017). A
weak positive correlation between LST and NDBal has
been presented in London (0.086) and Baghdad (0.469)
by Ali et al. (2017). This relationship was also positive
(0.458) in Kolkata Metropolitan Area, India (Nimish et
al. 2020). The LST and NDBal have built a weak negative
correlation (-0.11) in Guangzhou, China (Guo et al.
2015). This correlation was weak positive (0.06) in
Harare Metropolitan City, Zimbabwe (Mushore et al.
2017). Sharma and Joshi (2016) have shown the
moderate positive nature of LSI-NDBal correlation in
the National Capital Region of India. The present study
shows that the average correlation coefficient between
LST and NDBal of all the four seasons from 1991-92 to
2018-19 is moderate positive (0.052), which can be
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considered as a very stable and authentic relationship
between the two variables.

The present study is useful for the urban and
environmental planning. The bare or fallow lands can be
converted into road vegetation, park, wetland, or water
bodies to resist the increasing rate of LST, at least to
some extent.

5. CONCLUSION

The present study deals with the seasonal estimation
of the relation between NDBal and LST in Raipur City. It
is seen that LST is directly correlated to NDBal for all
the seasons. This relationship varies in accordance with
the variation of LULC. This correlation remains strong
on the water bodies, irrespective of any season. On
green vegetation, this correlation is moderate in pre-
monsoon season and strong in the other three seasons.
The barren land and settlement produce a moderate
correlation for all the four seasons. Among the four
seasons, the post-monsoon season builds the best LST-
NDBal correlation for all LULC types, whereas the pre-
monsoon season has the least correlation. Among the
various LULC categories, the water bodies present the
best positive LST-NDBal correlation, irrespective to any
season. The high ratio of green plants and water surface
can enhance the ecological health. Thus, this research
work can be beneficial for the environmental planners.
It is also suitable for the land use scientist and
geographers. The study can be further expanded by the
remote sensing scientist by apply the same methods on
other satellite sensors and for different physical
environment.
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