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Abstract

This study was designed to compare the pattern of land surface temperature (LST) over four metro cities of India (Mumbai,
Chennai, Delhi, and Kolkata) selected on a longitudinal basis in relation to the built-up and vegetation indices. Two different
methods were employed for the retrieval of LST, i.e., mono-window algorithm (MWA) and split-window algorithm (SWA) on
the Landsat 8 (OLI/TIRS) datasets, to analyze the spatial pattern of LST over selected cities in relation to normalized differential
built-up index (NDBI) and normalized differential vegetation index (NDVI). The result shows that the LST was high over the
densely built areas while low over the densely vegetated areas. The highest LST, NDBI, and NDVI were found in Mumbai, while
Kolkata records the lowest LST and NDVI. Furthermore, the spatial analysis of LST shows that the LST was high in central parts
of all cities except in the case of Delhi where some peripheral areas also record high LST. The comparison from in situ LST (field
observations) reveals that the SWA has higher accuracy in the retrieval of LST in maritime areas like Mumbai and Chennai
because it reduces the atmospheric effects, while the MWA has higher accuracy for inland areas like Delhi. The spatial
relationships of LST with NDVI and NDBI show that vegetation cover has more impact on LST in Delhi while low in
Chennai and Mumbai, and the built-up surfaces have a higher impact on LST in Chennai and Mumbai than Kolkata and Delhi.

Keywords Land surface temperature (LST) - Mono- and split-window algorithms - NDVI - NDBI - Longitudinal analysis - Metro
cities—India

Introduction rapidly increased in India, which led to a fast expansion of the

urban areas (Chettry and Surawar 2020; Mandal et al. 2019).
Urbanization is one of the most considerable human activities =~ One of the most important changes due to urban expansion is
since the nineteenth century, and about 54% of the world’s  the conversion of natural pervious land surfaces into artificial
population was living in urban areas in 2014 (United Nations  built-up surfaces (Lu et al. 2008). This reduces the surface
2014). During the last three decades, the urban population has ~ albedo and significantly changes thermal conductivity and
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heat capacity of the surface, thus more heat gets stored in the
urban surfaces (Wonorahardjo et al. 2020; Omidvar et al.
2019; Mohajerani et al. 2017), which leads to increasing the
land surface temperature (LST) in urban areas (Wonorahardjo
et al. 2020; Li et al. 2020). The land surfaces experience a
complex alteration in the process of urbanization in which
the naturally vegetated areas are mostly transformed into the
impervious surfaces (Sharpe et al. 1986). The vegetation
growth is generally slow in the urban areas, and it is high in
the suburbs than the city center (Takagi and Gyokusen 2004).

The urban built-up area increases at the cost of natural
surfaces such as agricultural land, natural vegetation, and wa-
ter bodies (Pramanik and Punia 2019; Rahman et al. 2011).
This leads to changes in thermal properties of the surfaces, and
thus, more heat gets stored in the land surfaces (Li et al. 2018;
Lu et al. 2008). The changing thermal properties of the land
surface due to urban expansion lead to the increasing LST and
development of urban heat island (UHI) phenomenon in urban
areas (Munslow and O'Dempsey 2010). The natural pervious
and artificial surfaces have significant differences in
LST (Connors et al. 2013) because of the differences in the
thermal properties of the surfaces.

The built-up surfaces always have higher LST than the veg-
etation cover because of low surface reflectance and more heat
capacity, which makes cities warmer than their surrounding
countryside (Yang et al. 2017; Su et al. 2010). The difference
in LST of rural and urban areas shows that the urbanization has
a significant impact on LST (Bian et al. 2017). The green
patches in urban areas mitigate the near-surface and surface
temperature that results in low LST, but the magnitude of mit-
igation effect depends on the type and composition of vegeta-
tion (Asgarian et al. 2014). The LST of any area depends on
the biophysical conditions, neighborhood environment
(Mujabar and Rao 2018), climatic conditions, and type and
composition of the land use pattern (Zhang et al. 2016), and
is due to population growth (Mallick and Rahman 2012) and
due to variations in elevation (Khandelwal et al. 2018). The
LST in urban areas is influenced and controlled by several
factors, and the highest LST is also found outside the city over
barren surfaces (Aldhshan and Shafri 2019), because the urban
surfaces absorb and release the temperature slowly than the
barren land, hence barren land also exhibit higher LST
(Ibrahim 2017). The changes in surface heat fluxes due to
anthropogenic aerosols, solar radiation, changes in land surface
composition, etc. also influence the LST (Sahana et al. 2019).

The various processes of the earth system like physical,
chemical, and biological play dominating role in controlling
the LST, whereas thermal satellite imageries are proven to be
an important tool to assess and monitor land use pattern and
LST at the different spatial and temporal resolutions, because
there is no other source to get such detailed information on
LST (Becker and Li 1990). Due to the advancement in satellite
remote sensing, the mapping and monitoring of urban growth
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and its impacts have become possible at various scales
(Khadim et al. 2016; Xie et al. 2008). Studies have been car-
ried out on index-based assessment of urban built-up surface
and vegetation cover and their relationships with LST (Guha
et al. 2018; Deng et al. 2017; Ogashawara and Bastos 2012;
Chen et al. 2006). The LST has a positive relationship with
normalized differential built-up indices (NDBI), while a neg-
ative relationship with normalized differential vegetation indi-
ces (NDVI), i.e., the higher the NDBI, the higher will be the
LST, and the lower the NDBI, the lower will be the LST, and
vice versa (Kumari et al. 2018; Mwangi et al. 2018). The
NDVI has a negative relationship with LST because of the
evapotranspiration effect where heat gets transferred back to
the atmosphere in one form or another (Voogt and Oke 2003),
whereas the NDBI has a positive relationship with LST be-
cause the emissivity of the built surface is low and thus heat
gets stored for a longer time (Xiao and Weng 2007).

Guo et al. (2012) produced an urbanization index to find the
relationship between urbanization and LST, which shows that
the urbanization has a complicated but strong and positive re-
lationship with LST. Urban density, i.e., density of impervious
surfaces is one of the indicators of the urbanization index, also
has a strong positive relationship with LST (Bonafoni and
Keeratikasikorn 2018). Ogashawara and Bastos (2012) studied
the relationship of built-up area, water bodies, and vegetation
density with the LST and pointed out that the built-up surfaces
have significantly high LST while the presence of vegetation
cover and water bodies reduces the LST. The NDBI is more
effective in describing LST than NDVI during any time of the
year because the NDVI varies with seasons but the NDBI did
not change with seasons and remains the same throughout the
year (Guha et al. 2018; Chen et al. 2006). The LST is influenced
by three factors: energy transformation of cities, evapotranspi-
ration variation, and increase in the emission of energy from
anthropogenic sources (Wang et al. 2020; Lombardo 1985).
Furthermore, the retrieval of LST from satellite data uses the
data from three variables (atmospheric, angular, and emissivity)
beside satellite data (Franca and Cracknell 1994). All the pre-
vious studies on LST in India have used single algorithm for the
LST retrieval: either radiance method, mono-window algorithm
(MWA), split-window algorithm (SWA), or single-channel
method by using one of the three variables mentioned above
(Dutta et al. 2019; Sahana et al. 2019; Patra et al. 2018; Mallick
et al. 2013). Therefore, in this study, two methods for LST
retrieval were employed, i.e., split-window algorithm (SWA)
and mono-window algorithm (MWA), by using two of the
three variables, i.e., surface emissivity and atmospheric effect.

Studies have been done to analyze the LST and its relation-
ship with vegetation cover and the built-up area of Mumbai
(Dwivedi and Khire 2018; Sahana et al. 2019), Chennai
(Amirtham et al. 2009), Kolkata (Ghosh et al. 2019; Aithal
et al. 2019), and Delhi (Dutta et al. 2019; Mallick et al. 2013;
Mallick and Rahman 2012). All these previous studies were
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done in isolation for either one or two cities. Studies have been
done to compare the variation of LST over different mega-
cities of China (Liu et al. 2020), Italy (Guha et al. 2018),
South-East Asia (Masoudi et al. 2019), USA (Fu and Weng
2018), etc., but there is a lack of this kind of studies in India.
Although some studies were done to analyze the spatial and
temporal pattern of LST and its relationships with the land
use/land cover (LU/LC) changes for selected Indian cities
during the recent past (Aithal et al. 2019; Sultana and
Satyanarayana 2018; Grover and Singh 2015), none of the
studies has compared the LST pattern and its differences over
the largest metropolitan cities of India. Therefore, the main
objective of this study was to compare the relationship of
NDVI and NDBI with LST over the four largest metro cities
of India selected on the longitudinal basis starting from
Mumbai, Delhi, Chennai, and Kolkata. The cities selected
for this study are the top four largest cities in terms of urban-
ization and economic growth, etc. Another objective was to
compare the LST retrieved using two different methods, i.e.,
MWA and SWA, over the selected cities.

Study area

The four largest metro cities of India located on different lon-
gitudes (Fig. 1) were selected for the comparative analysis in
the present study. According to the Census of India (2011),
these four cities are the home of more than 32 million popu-
lation, Mumbai being the largest followed by Delhi, Chennai,
and Kolkata (Table 1). Due to their large size, high population
concentration, and high urban density, these cities are
witnessing significant changes in climatic condition and
experiencing extreme climatic events in terms of heat waves,
extreme precipitation, smog, etc.

These cities vary not only in terms of size and population
but also in terms of climatic conditions. Mumbai has a hot and
moist climate, and it receives maximum precipitation from
south-west monsoon from July to September with an average
annual temperature of 27.2 °C (Sahana et al. 2019). Delhi has
a semi-arid type climate having an average annual temperature
about 25.1 °C and receives most of its precipitation from
south-east monsoon from July to September (Dhorde et al.
2009). Chennai is located in the southern part of India and

has a hot and moist type of climate with an average annual
temperature of 28.6 °C and receives most of its rainfall during
October to December from retreating monsoon (Dhorde et al.
2009). Kolkata has a moderate climate with an average annual
temperature of 24.8 °C. It receives maximum rainfall during
June and September but pre-monsoon showers start from
March, which is known as Norwester (Sadhukhan et al.
2000). Among all cities, Delhi has a continental location, thus
ithas maximum variation in weather while the rest of the cities
have less weather variation due to the maritime effect.

Database and methodology
Database

The satellite data used in this study were downloaded from the
US Geological Survey (USGS) website https://earthexplorer.
usgs.gov/. Landsat 8 (OLI/TIRS) red, near-infrared, and
middle infrared bands (bands 4, 5, and 6) have been used for
calculation of NDVI and NDBI, while thermal bands (bands
10 and 11) were used for retrieval of LST for March 2017
(Table 2). Maps of the cities are taken from the Survey of
India (SOI) toposheet at a scale of 1:25000.

Methodology

We select four cities of India, Chennai, Delhi, Kolkata, and
Mumbeai, for this study to assess the spatial pattern of LST
using two different algorithms, i.e., MWA and SWA. The
MWA uses a single band, i.e., band 10, and provides better
accuracy in LST than the average of band 10 and band 11
(Sekertekin and Bonafoni 2020). The SWA uses both thermal
bands to calculate the LST and considers atmospheric water
vapor content, thus it removes the atmospheric effects (Wan
and Dozier 1996). The use of SWA is important in the case of
coastal areas because weather effects are maximum on
satellite-derived LST in these areas. The area of interest
(AOI) of the boundary of the cities was extracted from the
SOI toposheet using ArcMap 10.2. The NDVI and NDBI
were calculated for these cities using Landsat data in the
ERDAS Imagine software version 14. Furthermore, the spatial

Table 1 Description of the size

and location of cities S. No. Cities Area (km?) Population (in millions) Latitude Longitude
1 Mumbai 603.4 12.40 18°58'30" N 72°49' 33" E
2 Delhi 1484 11.03 28°36'36" N 77°13'48" E
3 Chennai 426 4.64 13°08'27"N 80°27' 07" E
4 Kolkata 205 4.49 22°57"26" N 88°38'39"E

Source: Census of India 2011
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Fig. 1 Location of the study areas

relationship between LST and NDVI has been analyzed using  absorption of electromagnetic energy by chlorophyll (Xue

simple linear regression. and Su 2017). It is an indicator of surface emissivity and
surface energy balance, thus it has impacts on LST (Lo et al.
Calculation of normalized differential vegetation index 1997). The NDVI was calculated using Eq. 1.

The NDVI is the most widely and most popular tool for

assessing the vegetation distribution and density in any part NDVI — NIR—Red (1)
of the world. The NDVI was calculated using red and near- NIR + Red

infrared bands because these bands have the highest

@ Springer
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Table 2 Details of the satellite

data used S.No. Cities Satellite Bands Acquisition Path/ Spatial
date row resolution
1 Chennai  Landsat8 (OLI/TIRS) 4,5,and6 25 March 2017 142/51 30 m
10 and 11 100 m
2 Delhi Landsat8 (OLI/TIRS) 4,5,and6 21 March 2017 146/40 30 m
10 and 11 100 m
3 Kolkata Landsat 8 (OLI/TIRS) 4,5,and 6 13 March 2017 138/44 30 m
10and 11 100 m
4 Mumbai  Landsat8 (OLI/TIRS) 4,5,and6 19 March 2017 148/47 30 m
10 and 11 100 m
. et - 18 S
Calculation of normalized differential built-up index R O\~ TB/P)in(e) (5)

The calculation of the NDBI was done to map the impervious

surfaces, using near-infrared and short-wave infrared bands

using Eq. 2, proposed by Zha et al. (2003). For Landsat 8, band

5 is near-infrared and band 6 is short-wave infrared bands.
SWIR—-NIR

NDBl = — (2)
SWIR + NIR

Retrieval of LST using mono-window algorithm

The retrieval of LST using the MWA involves the calculation
of brightness temperature, calculation of the proportion of
vegetation, and emissivity correction (Fan et al. 2017). In
the first step, the brightness temperature was derived from
the top-of-atmosphere (TOA) reflectance with the help of cal-
ibration constants given in metadata (Chander et al. 2009). In
the next step, the NDVI threshold method (Sobrino et al.
2004) was applied for emissivity correction. The NDVI meth-
od considers a pixel as bare soil if NDVI is less than 0.2,
sparse vegetation if NDVI is between 0.2 and 0.5, and dense
vegetation if NDVI is above 0.5 (Fan et al. 2017). The pro-
portion of vegetation (Pv) was calculated using Eq. 3 given by
Carlson and Ripley (1997).

NDVI-NDVImin 12
Pv = - (3)
NDVImax—NDVImin

In the next step, the emissivity correction was done using a
modified coefficient of emissivity retrieval of Yu et al. (2014)
given in Eq. 4.

e = 0.00149Pv + 0.98481 (4)

where ¢ is the surface emissivity and Pv is the proportion of
vegetation calculated in Eq. 2. In the next step, the LST was
calculated using Eq. 5 proposed by Artis and Carnahan
(1982).

where, 7 is the LST in Kelvin; 7B is the brightness tempera-
ture derived from the top of atmosphere; A is the wavelength
of emitted radiance (i.e., 10.8 um for Landsat 8), P = A x c/s
(1.4388 x 102 m K), where A is Planck’s constant (6.624 x
10734 s), ¢ is the velocity of light (2.998 x 10® m/s), and s is
the Boltzmann constant (1.38 x 10722 J/K); and ¢ is the surface
emissivity. In the final step, the LST was converted into
Celsius using Eq. 6.

T(°C) = T-273.15 (6)

where T (°C) is the temperature in Celsius, 7 is the LST cal-
culated in Kelvin, and 273.15 is the constant.

Retrieval of LST using split-window algorithm

The estimation of LST using the SWA proposed by McMillin
(1975) involves the calculation of brightness temperature at
the top of atmosphere, estimation of land surface emissivity
(LSE), and estimation of atmospheric water vapor content. In
the first step, the brightness temperature was derived from the
TOA reflectance for bands 10 and 11. In the next step, the
fraction of vegetation cover (FVC) was calculated using Eq. 7.
NDVI-NDVIsoil

FVC = 7
NDVlveg.~NDVIsoil ™

The estimation of LSE requires the emissivity of vegetation
as well as soil for both thermal bands (Table 3). The LSE is

Table 3  Emissivity values based on Skokovic et al. (2014)

S. No. Emissivity Band 10 Band 11
1 Vegetation (¢v) 0.971 0.977

2 Soil (es) 0.987 0.989

@ Springer
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calculated for both thermal bands individually as given in Eq.
8. In the next step, the mean LSE (m) and LSE difference (Am)
were calculated by combining the LSE of band 10 and band
11.

LSE = &5 x (1-FVC) + ev x FVC (8)

In the next step, the atmospheric water vapor content (w)
was calculated using Eq. 9 derived from ideal gas Eq. 9.

0.622 x Pv
W=———
P-Pg

©)

where Pv is the compound of relative humidity (RH) and
saturation vapor pressure (Pg), P is the total atmospheric pres-
sure, and 0.622 is the constant. The calculated atmospheric
water vapor content (w) of all cities is given in Table 4.

Finally, the LST was calculated using split-window coeffi-
cient values (C0—C6) given in Table 5, atmospheric water
vapor content, and LSE (Eq. 10)

LST = TB10 + C1 x (TB10-TB11) 4+ C2
x (TB10~TB11)2 4 CO + (C3 + Cw)
X (1=m) + (C5 + C6w) x Am (10)

where, 7B10 and 7B11 are brightness temperature at the TOA,
C,—Cg are split-window coefficients given in Table 5, m is the
mean LSE, Am is the LSE difference, and w is the atmospheric
water vapor content. In the last step, the LST was converted
from Kelvin to Celsius using Eq. 6.

Comparison between observed (in situ) and estimated
LST and LSE

Two different methods for the validation of LST were identi-
fied, i.e., ground measurement and the near-surface air tem-
perature (Li et al. 2013). While the former has an error from 2—
5 °C, in the case of the latter, it can have higher differences
(Rangoli et al. 2018). Thus, ground-based measurement using
a handheld infrared thermometer (over the same geo-
coordinate position) was used to validate the estimated LST.
The numbers of measurements were taken proportionally in
relation to the area of the city. Firstly, the estimated tempera-
tures were reclassified into 4 sub-classes (low-, medium-,

Table 4 Calculated

atmospheric water vapor S. No. City w

content (w) of the Indian

cities 1 Chennai 0.045
2 Delhi 0.035
3 Kolkata 0.042
4 Mumbai 0.036

@ Springer

Table 5 Split-window

coefficients S. No. Constant Value
1 (¢((] —0.268
2 Cl 1.378
3 2 0.183
4 C3 54.300
5 C4 —2.238
6 C5 —129.200
7 C6 16.400

high-, and very high—temperature classes), and then, the
ground measurements were taken in such a way that it covers
all the four temperature classes. Consequently, 50, 75, 150,
and 325 measurements were taken for Kolkata, Chennai,
Mumbai, and Delhi, respectively. The location of the ground
measurement site also depends on the accessibility to reach
the site and perform the ground measurement. Thus, measure-
ments were not taken from the inaccessible dense forests,
water bodies, and mangrove forests of coastal cities
(Chennai, Kolkata, and Mumbai).

The estimated LST was from March 2017, but the ground
(in situ) measurements were taken in the afternoon of the
cloud-free days (after 01:30 PM) during the second, third,
and fourth week of March 2018 because the ground observa-
tions for March 2017 were not available. The result shows that
the in situ LST is lower than the LST-SWA but higher than the
LST-MWA in all the cities. However, the difference between
in situ LST and LST-MWA was lower in Delhi and between
in situ LST and LST-SWA was comparatively higher in Delhi
among all the cities. The difference between ground measure-
ment and LST-MWA ranges between 0.36 and 2.1 °C, 0.31
and 2.34 °C, 0.68 and 3.27 °C, and 0.73 and 3.43 °C for Delhi,
Kolkata, Chennai, and Mumbai, respectively. On the other
hand, the difference between ground measurement and LST-
SWA ranges between 1.48 and 7.62 °C, 0.73 and 4.32, 2.39
and 6.59, and 2.42 and 6.97 for Delhi, Kolkata, Chennai, and
Mumbai. The Pearson correlation technique has been used to
analyze the trend of estimated measurements of LST and sur-
face emissivity in relation to the ground measurement. The
correlation coefficient shows strong positive relationships be-
tween the estimated and in situ measurements (Table 6).

Statistical analysis

For statistical analysis, firstly, the raster imageries were con-
verted into point—pixels using the conversion tool in the
ArcGIS 10.2 domain, and then the pixel values of each file
were transferred into MS Excel format. The LST calculated
using MWA was used for statistical analysis because the error
was found less for MWA than SWA. In the next step, the
pixels were randomly selected from each part of the city in
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Table 6 Correlation between in

situ and estimated measurements S. No. City Correlation between estimated and in situ measurement
LST-MWA LST-SWA Emissivity
1 Mumbai 0.81 0.84 0.79
2 Delhi 0.82 0.79 0.77
3 Chennai 0.81 0.83 0.78
4 Kolkata 0.78 0.81 0.76

the proportion of the area of the city for statistical analysis.
Thus, 300, 600, 250, and 200 pixels were selected for
Mumbai, Delhi, Chennai, and Kolkata respectively, and the
simple linear regression technique was applied on the selected
pixel values in MS Excel to calculate the spatial relationships
between LST and NDBI and LST and NDVI.

Results
Analysis of NDVI and NDBI

The NDVI is an indicator of the distribution and health of
vegetation in an area at any time of observation, while the
NDBI is an indicator of the built-up area of an area. Both
NDVI and NDBI values range between — 1 and + 1 (Malik
etal. 2019), in which the negative value reflects the absence of
vegetation or built-up area and the positive values reflect the
presence of vegetation or built-up area for both indices respec-
tively. The lower value reflects scattered vegetation or built-
up area for NDVI and NDBI, and the higher values reflect
denser vegetation or built-up area respectively (Sobrino et al.
2004).

Analysis of statistical values of NDVI and NDBI

The result of the study shows that the NDVI or vegetation
greenness was maximum and well pronounced in Mumbai
and Delhi and low and less prominent in the Chennai and
Kolkata, although the maximum NDVI value was in
Chennai. But the NDBI or built-up density was almost similar
in all the four cities although Mumbai and Delhi have a few
more patches of the highly dense built-up area than others
(Fig. 2). The descriptive statistics show that the highest value
of both maximum and minimum NDVI was in Chennai
followed by Mumbai and Delhi, while Kolkata is on the bot-
tom of the table with the least maximum NDVI value which
connotes that the former two cities have maximum variation in
vegetation while the latter have low variation (Table 7).
Furthermore, the highest value of the maximum and minimum
NDBI was found in Mumbai and Delhi, while Chennai has the
lowest maximum NDBI value (Table 7).

Furthermore, in terms of mean values, Delhi has the highest
mean for both NDVI and NDBI, while Mumbai and Chennai
stand second for mean NDVI and NDBI, respectively. This
shows that Delhi has the highest cover of both vegetation
cover as well as the built-up area. On the other hand,
Kolkata has the least mean NDVI and NDBI, showing that
the city has the least high built-up as well as vegetation cover
among all the selected cities. The standard deviation of NDVI
and NDBI was maximum in Delhi followed by Mumbeai,
while Chennai and Kolkata have the same standard deviation
of NDVI and NDBI (Table 7), which means that the distribu-
tion of NDVI and NDBI both has more variation in Delhi and
Mumbai in comparison with Chennai and Kolkata.

Analysis of spatial pattern of NDVI and NDBI

The NDVI and NDBI values of Mumbai range between —
0.22 and 0.54 and — 0.48 and 0.45 respectively. The green
cover was more pronounced in Mumbai than other cities and
was maximum in the northern parts of the city. It extends
along the bays and in a long belt of high NDVI value from
the central part to the northern extreme of the city. The small
patches of high NDVI value occur in the eastern as well as the
western part along the bay area, while the NDVI value was
lowest over the Virar, Powai, and Tulsi lakes in the central part
as well as in the small water bodies located at the northern
extreme, although it was also low in central, northern, and
southern parts of the city (Fig. 2a). On the other hand, the
NDBI value was the highest in the south-central part as well
as at the southern tip of the city and in northern parts above the

Table 7  Descriptive statistics of NDVI, NDBI, and NDMI for all cities
Cities NDVI NDBI

Min. Max. Mean SD  Min. Max. Mean SD
Mumbai —0.22 0.53 0.15 008 —-048 045 -0.05 0.07
Delhi -0.08 051 0.16 0.09 —-026 042 0.08 0.08
Chennai —0.12 0.57 0.14 0.07 —-039 038 -0.02 0.06
Kolkata —0.08 048 0.14 0.07 —-0.35 042 -0.06 0.06

Min., minimum; Max., maximum; SD, standard deviation

@ Springer
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western part of the city as well as in small patches in the  northern and western parts. The central, south, and east
central and eastern parts (Fig. 3a). In Delhi, the NDVI value ~ Delhi have the lowest NDVI values, especially the Old
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Delhi region because of the presence of dense built-up sur-  as this part has forest cover as well as agricultural lands (Fig.

faces and high-rise buildings, while the NDVI value is mod- ~ 2b). Contrary to NDVI, the NDBI value of Delhi ranges be-
erate to high along the Yamuna River, adjacent to East Delhi,  tween — 0.26 and 0.42, with highest values in southern Delhi.
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Central and eastern Delhi also have high NDBI values, while
the NDBI is low in a belt from north to south in western Delhi
(Fig. 3b).

The NDVI and NDBI values of Chennai range between —
0.12 and 0.57 and — 0.39 and 0.38 respectively. The NDVI
was low in most parts of the city, and high NDVI was con-
centrated in small patches in all parts of the city. The NDVI
was maximum in the north-west and southern parts of the city,
while a large patch of high NDVI can be seen in the central
part below the bay area (Fig. 2¢). A large belt of low NDVI
can be seen along the eastern seacoast, while the NDVI value
is also low in the north-west. Contrary to this, the NDBI value
was comparatively high in all parts of the city and was max-
imum in the north and south as well as in the western extremes
of'the city. The patches of low NDBI were concentrated in the
southern parts especially over Puzhal Lake and Cholavaram
Tank as well as in the northern Chennai (Fig. 3c). Among all
the cities, Kolkata has the least NDVI value, while the NDBI
was also quite low. The NDVI value was high in eastern parts
around wetlands (in Salt lakes region) and in the south-west of
the city, and small patches of high NDVI occur in the north-
western parts (Fig. 2d). The central and northern parts have the
least NDVI values. On the other hand, the NDBI value was the
highest in the northern parts (around Dum-Dum Airport) of
the city, while central Kolkata also has a high NDBI. The
NDBI was the least in the eastern as well as western part
and on the northern extreme of the city (Fig. 3d).

Analysis of land surface temperature
Analysis of statistical values of LST-MWA and SWA

The descriptive statistics of urban land surface temperature
(ULST) retrieved using both MWA and SWA shows that
the highest of both minimum and maximum LST was in
Mumbai followed by Chennai and Delhi, while Kolkata has
the least LST, while the mean LST was the highest in
Chennai, while Mumbai stands second in mean LST in both
methods (Table 8). The standard deviation of LST was the
highest in Mumbai followed by Chennai and Delhi, while
Kolkata has the least standard deviation of LST, which de-
scribes that the former two cities have maximum variation in
LST and the latter have the least variation.

While discussing the difference between descriptive statis-
tics of LST, there exists a varying difference between the
minimum, maximum, mean, and the standard deviation in
LST for all the cities in both the MWA and SWA methods.
The pattern of difference was the same in all statistical mea-
sures, 1.e., maximum, minimum, mean, and standard devia-
tion. Mumbai has the maximum difference followed by
Chennai and Kolkata, while Delhi has the least difference
between statistical measures of MWA and SWA land surface
temperature. This is because the atmospheric effects (effect of
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atmospheric water vapor content) are higher over Mumbai and
Chennai due to their proximity with the sea than Kolkata,
while Delhi is a continental city located far away from the
seas, thus it has the least atmospheric effects. Also, the com-
parison from in situ LST shows that the LST gape was lower
for the SWA than the MWA in Mumbai and Chennai, and the
coefficient of correlation (0.84 for Mumbai and 0.83 for
Chennai) was higher than those of Delhi and Kolkata. At the
same time, the LST gape was lower between in situ LST and
LST retrieved using the MWA in Delhi and Kolkata, and the
correlation coefficient was higher between the MWA and in
situ LST than Mumbai and Chennai (Table 6).

Analysis of spatial pattern of LST

Although there are differences between descriptive statistics
of MWA and SWA methods of the LST for all cities, the
spatial pattern of LST retrieved using both methods was sim-
ilar. The highest LST was found in Mumbai, ranging between
25.41 and 44.41 in MWA (Fig. 4a) and 28.81 and 56.62 in
SWA (Fig. 4b), but the distribution of LST was highly un-
even. A belt of very high LST was dispersed from the north to
south of the city, and the highest LST is found in the central
Mumbai near the CST Airport. The LST was low in the north-
ern parts adjacent to the bay area and in a belt from the central
part above the Virar and Tulsi Lakes to up to the northern
extreme of the city (Fig. 4a & b). The patches of low LST
were concentrated all over Mumbai city. In Delhi, the spatial
pattern of LST was clearer than that of Mumbai and varies
between 21.94 and 39.08 for MWA (Fig. 4c) and 25.04 and
47.21 for SWA (Fig. 4d). The high LST was found in patches
located in the south, west, and northern parts especially in Old
Delhi and in South Delhi, while the LST was low in the north
of'the city from east to west, and in south-western of the city, a
belt of low LST from north to south can be seen over Yamuna
River adjacent to East Delhi. The patches of high LST can be
found in east Delhi also because this part of Delhi has very
highly dense built-up surfaces.

The spatial pattern of LST in Chennai was less uneven in
comparison with that of Delhi and Kolkata, and the LST
varies between 26.46 and 43.56 in MWA (Fig. 5a) and
28.80 and 55.36 in SWA (Fig. 5b). The LST was very high
in the northern parts as well as in the west-central part of the
city, especially around the airport. The patches of high LST
were distributed in the southern part of the city, while the LST
was low in east, extreme north, and southern parts of the city.
The patches of low LST were distributed all over the city
especially at the outskirts of the city. Among all cities,
Kolkata has the least minimum and maximum LST in both
methods, and it ranges between 24.46 and 35.86 in MWA
(Fig. 5¢) and 27.13 and 44.27 in SWA (Fig. 5d). The pattern
of distribution was very clear, and the LST is very high in the
north especially in old parts of the city as well as in the west-
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Table 8  Descriptive statistics of LST-MWA and LST-SWA for all cities

Cities LST mono-window (°C) LST split-window (°C) Difference between split- and mono-window LST (°C)
Min. Max. Mean  SD Min. Max. Mean  SD Min. Max. Mean SD
Mumbai 2541 4441 3348 2,67 28.81 56.62 39.76 378 340 12.21 6.26 1.11
Delhi 21.94 39.01 2942 205 2504 4721 3419 245 3.0 8.20 4.77 0.40
Chennai 2646 4356 35.18 2.08 2880 5525 40.79 290 234 11.69 5.61 0.82
Kolkata 2446 3585 2933 154 27.13 4427 3417 2.18 267 8.42 4.84 0.64

Min., minimum; Max., maximum; SD, standard deviation

central parts, while the western and eastern parts have very
low LST in Kolkata.

Analysis of relationships between NDVI, NDBI, and
LST

To know the relationships between LU/LC type and LST,
Weng (2001) tried to link the LU/LC with thermal signatures.
Thus, sample points of land use indices and LST imageries
were used for the investigation of their spatial relationships.
The regression analysis shows moderate to high relationships
between the NDBI, NDVI, and LST for all the cities. The
scatter plots show an increasing trend of LST with increasing
NDBI values (Fig. 6) while a decreasing trend in LST with
increasing NDVI (Fig. 7). Among all the cities, Chennai has
the highest regression coefficient between LST and NDBI,
while Kolkata has the least on the other hand between LST
and NDVI, Delhi has the highest, and Kolkata has the least
regression coefficient (Table 9). The regression coefficients of
LST and NDBI which was shown by 72 value for the Mumbai,
Delhi, Chennai, and Kolkata were 0.5077, 0.2344, 0.5484,
and 0.4542 respectively, while the »* values of LST and
NDVI for Mumbai, Delhi, Chennai, and Kolkata were
0.4433, 0.4863, 0.4787, and 0.4154 respectively.

The coefficient of determination (multiple 7* in the regres-
sion table) varies between 0 and 1 (both positive and nega-
tive), with no correlation at 0 and perfect correlation at 1. The
correlation value between 0.01 and 0.25 shows a weak corre-
lation, between 0.26 and 0.50 moderate correlation, and above
0.51 high correlations. Generally, the correlation value above
0.9 is considered the perfect correlation. The multiple 7* (co-
efficient of determination) shows the high correlation of
NDBI and NDVI with LST for all the cities (Table 9), al-
though in Fig. 6, the upswing in trend line shows that the
correlation is positive between NDBI and LST, while in Fig.
7, the downswing in trend line shows that the correlation is
negative between NDVI and LST for all the cities, which
means that the higher the built-up surface, the higher will be
the LST, and the lower the built-up surface, the lower will be
the LST, while the situation will be negative in the case of
vegetation as vegetation has a negative correlation with LST.

Among all the cities, the coefficient of determination was the
least in the case of Kolkata for both NDBI and NDVI, while it
was the highest in Chennai for NDBI and in Delhi for NDVI
(Table 9), which means that the built-up area has the highest
impact on LST in Chennai while vegetation has the highest
impact in Delhi.

Discussion

The present study deals with the surface heating pattern and its
relationship with the built and vegetated surfaces in the select-
ed Indian cities. This study was carried out because the rapid
urbanization has led to a significant impact on the thermal
environment of the cities (McCarthy et al. 2010). The built-
up surfaces (NDBI) is the most important determinant of LST
as it increases the temperature due to its thermodynamics and
heat-observing capacity, while vegetated surfaces (NDVI) re-
duce the temperature because it reflects the temperature in the
process of evapotranspiration (Khandelwal et al. 2018). It can
be seen that the NDBI has a direct positive relationship with
LST, while NDVT has a negative relationship with LST, as in
the case of other studies like Ibrahim (2017) and Weng
(2001).

In this study, two algorithms, i.e., MWA and SWA, were
applied to analyze the LST pattern over the cities to see the
difference between the LST retrieved from these two algo-
rithms and to suggest which algorithms suit most in which
type of climate. LST extracted using these two methods has
a difference of about 4 °C (in the case of minimum LST) in
Kolkata but more than 12 °C (in the case of maximum LST) in
Chennai and Mumbai. The accuracy of emissivity estimation
plays a vital role in the retrieval of LST, especially for urban
areas (Chen et al. 2016). These ground-based measurements
of the surface emissivity were taken from each city. The co-
efficient of correlation shows strong and positive relationships
between the estimated and in situ emissivity for all cities
(Table 6). A few studies have found the SWA to be a more
accurate algorithm for the LST retrieval (Jiménez-Muioz
et al. 2014; Becker and Li 1990); at the same time, other
studies found the MWA to be more accurate (Qin et al.
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2001). The result shows a higher difference between the insitu =~ The spatial pattern of NDBI and NDVI of an area determines
LST and satellite LST in the SWA than the MWA for all the  the spatial pattern of LST (Guha and Govil 2020; Guha et al.
cities except Delhi, where the condition is reversed. Thus, 2018). The histogram of NDBI and NDVI shows that Delhi
MWA is found to be more accurate for the inland city, while ~ has the maximum area under positive NDBI and NDVI
the SWA is found to be more accurate for the maritime cities. followed by Mumbai and Chennai (Fig. 8), while Kolkata
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has the least. On the other hand, the histogram of LST shows
that maximum pixels with higher LST (> 30 °C) were in
Chennai followed by Mumbai and Delhi, while Kolkata has
the least pixels above 30 °C (Fig. 8).

Usually, the climatic conditions change with latitude, but in
India, the climatic elements (temperature, precipitation, hu-
midity, etc.) vary in both east-west (longitudinal) and north-
south (latitudinal) directions (Das and Hunt 2007).
Furthermore, the literature survey from the previous studies
suggests that there has been a variation of LST in cities located

on different longitudes (Aithal et al. 2019; Ghosh et al. 2019;
Sahana et al. 2019; Grover and Singh 2015). Among all the
cities, Mumbai has the highest LST, followed by Chennai and
Delhi, while Kolkata shows the lowest LST among all the
cities (Table 7). This shows that the LST decreases with de-
creasing longitude, as Mumbai which is located on the highest
longitude has the highest LST among all cities followed by
Chennai and Delhi, while Kolkata which is on the lowest
longitude among all cities has the least LST (Table 1). The
spatial pattern of LST shows that the belt of high LST in
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Table 9  Statistics from regression analysis of LST with NDBI and NDVI

S.No. Cities No. of observation ~Regression between NDBI and LST Regression between NDVI and LST
” Adjusted 72 Standard error Multiple R 72 Adjusted 7 Standard error  Multiple R
1 Mumbai 300 0.5077  0.5060 327 0.7125 0.4433 04414 3.48 0.6658
2 Delhi 600 02344 0.2324 3.56 0.4831 0.4862 0.4852 291 0.6972
3 Chennai 250 0.5484  0.5466 3.61 0.7405 0.4787 0.4766 3.88 0.6919
4 Kolkata 200 0.4542 04514 2.07 0.6739 0.4154 04124 2.14 0.6415

Fig. 6 Regression line and scatter .
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Fig. 7 Regression line and scatter
plot of NDVI and LST for all
cities
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Mumbai and Kolkata is concentrated mostly in the central
parts, while in Delhi and Chennai, it is concentrated in out-
skirts of the city.

The distribution of LST is controlled by different surface
and climatic elements in different parts of the globe like land
use pattern, altitude, latitude, and population density
(Khandelwal et al. 2018; Mallick and Rahman 2012). The
result shows that the effect of NDVI and NDBI was not the
same in all cities, as the value of the varying #* shows the

Kolkata

y=-18.062x +32.337 |
R2=0.4154 |

0 0.05

0.1

. 0.15
NDVI

0.2 0.25

variation in the regression coefficient. The ULST varies from
cities to cities and with time, as one city has a different pattern
of LST than the others (Aithal et al. 2019; Bonafoni and
Keeratikasikorn 2018). Each city has a distinctive climatic
system which makes it different from the others. Kolkata is
located in the eastern part of India, and this part of India
experiences anti-cyclonic thundershower during March and
April (pre-monsoon months), known as Norwesters, originat-
ing due to pressure differences over the land surface and in the
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bay of Bengal (TOI 2018; Sadhukhan et al. 2000), which
increases the soil moisture and enhances the vegetation
growth. Thus, the LST is the lowest in Kolkata as soil mois-
ture and vegetation have a negative impact on LST (Zhang
etal. 2015). Delhi is a continental city having low variation in
temperature and other climatic elements, thus it has a moder-
ate LST. Chennai and Mumbai are maritime cities having very
less climatic variations and have higher average air tempera-
ture than other cities, thus they have higher LST compared
with Delhi and Kolkata.

The spatial relationship between NDBI and LST shows a
positive relationship for all the cities. The densities of built sur-
face and vegetation cover are important determinants of LST in
urban areas, as the higher density of built surface raises the LST
(Pramanik and Punia 2019), while a high density of vegetation
cover significantly reduces the LST (Mwangi et al. 2018;
Ogashawara and Bastos 2012). The coefficient of determination
between LST and NDBI was moderate in the case of Delhi and
Kolkata, while strong in the case of Mumbai and Chennai.
Chennai has the highest coefficient of determination between
LST and NDBI (0.54), while Kolkata has a comparatively low

@ Springer

degree of correlation among all the cities, which means that in
Kolkata, the impact of the built-up surface is less on LST among
all the cities. The coefficient of determination between LST and
NDVI shows a negative and moderate to high degree of correla-
tion for all cities, and the degree of correlation was the highest for
Delhi (0.58) followed by Kolkata and Mumbai, while Chennai
has the least correlation between LST and NDVI among all the
selected cities. Previous studies found that water bodies and
moisture content have more effect on LST in maritime cities
(Sahana et al. 2019; Grover and Singh 2015), while vegetation
cover is the most important factor influencing LST in inland
cities (Aithal et al. 2019). Thus, this study found that LST is
more influenced by vegetation covers in inland areas than in
maritime areas, while in maritime areas, the LST is more influ-
enced by built-up surfaces.

Conclusion

The Landsat 8 (OLI/TIRS) data of March 2017 is used to assess
the spatial pattern of LST and its relationships with NDVI and
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NDBI for the four largest metro cities of India selected from
different longitudes. Two different algorithms of LST retrieval
were applied to assess the LST difference between the algo-
rithms in the different climatic conditions. The study shows that
the LST is comparatively higher in Chennai and Mumbai than
Kolkata and Delhi although the vegetation cover is more pro-
nounced in Mumbai and Chennai than Kolkata and Delhi.
Furthermore, it is seen that the NDBI is more effective in the
study of LST than NDVI in any climatic condition and in any
part of the world because NDVI depends on and varies with
climatic conditions while the NDBI is not dependent on cli-
mate, thus it remains the same throughout the year and in any
climatic conditions. The study shows that the LST is found to
be the lowest in Kolkata, which means that LST is getting more
controlled by other factors in Kolkata than built-up surfaces and
vegetation covers.

The linear regression analysis was applied to analyze the
spatial relationship of LST with NDBI and NDVI for selected
pixels, which shows that both built-up surface and vegetation
cover have a different degree of correlation with LST. In
Mumbai and Chennai, the built-up surface has a higher coef-
ficient of determination with LST, while in Delhi and Kolkata,
the vegetation cover has higher impacts on LST. Thus, this
study concludes that in maritime cities, the built-up surfaces
have more impact on the LST than inland cities, and in inland
cities, the vegetation cover has a higher impact on LST than in
maritime cities. It is suggested for future research that LST can
be retrieved at different spatial resolutions and for different
seasons of the year to assess the LST where some other factors
such as soil moisture, water bodies, and population density
can be applied to assess their impact on LST in these cities.
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