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Abstract: Elucidating the impact of Land Surface Temperature (LST) is an important aspect of urban
studies. The impact of urbanization on LST has been widely studied to monitor the Urban Heat
Island (UHI) phenomenon. However, the sensitivity of various urban factors such as urban green
spaces (UGS), built-up area, and water bodies to LST is not sufficiently resolved for many urban
settlements. By using remote sensing techniques, this study aimed to quantify the influence of
urban factors on LST in the two traditional cities (i) Panaji and (ii) Tumkur of India, proposed to be
developed as smart cities. Landsat data were used to extract thematic and statistical information
about urban factors using the Enhanced Built-up and Bareness Index (EBBI), Modified Normalized
Difference Water Index (MNDWI), and Soil Adjusted Vegetation Index (SAVI). The multivariate
regression model revealed that the value of adjusted R2 was 0.716 with a standard error of 1.97 for
Tumkur city, while it was 0.698 with a standard error of 1.407 for Panaji city. The non-parametric
correlation test brought out a strong negative correlation between MNDWI and LST with a value of
0.83 for Panaji, and between SAVI and LST with a value of 0.77 for Tumkur. The maximum percentage
share of cooling surfaces are water bodies in Panaji with 35% coverage and green spaces in Tumkur
with 25% coverage. Apparently, the UGS and water bodies can help in bringing down the LST, as well
as facilitating healthy living conditions and aesthetic appeal. Therefore, the significance of ecosystem
services (green spaces and water bodies) should be given priority in the decision-making process of
sustainable and vibrant city development.
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1. Introduction

Rapidly expanding urbanization taking place in an unplanned manner necessitates knowledge of
the extent and shape of the settlement and ecological features [1,2] from the sustainability perspective.
The concept of environmentally and ecologically vibrant city development emerged in early 1970 [3].
However, the relationship between urban landscape patterns and microclimate needs to be sufficiently
understood [4] for developing urban areas more efficiently. In this regard, information on diverse
patterns of land use intensity or spatial growth is essential to delineate both beneficial and adverse
impacts on the urban environment [1,5]. Unplanned spatial growth of cities brings numerous
environmental problems, among which the “urban heat island” (UHI) effect is a well-documented
climatological effect of human activities on the urban environment [4,6,7]. The urban heat islands (UHI)
result from the increased heat storage capacity of urban surfaces [8]. Typically, the concentric urban
expansion patterns lead to intensive UHI [9–11]. The UHIs result to a large extent from the formation
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of urban microclimates due to built-up areas, concrete zones, and high concentrations of various
human activities [4,12,13]. Within the UHIs, the built-up areas are hotter than adjacent/rural areas [14],
causing a local difference in temperatures, which hampers air quality and impacts the environment,
thermal comfort, and peoples’ health. It also leads to increased energy consumption [15] for cooling
homes and offices. UHIs trap atmospheric pollutants, contribute to increased urban smog formation,
and generate socio-economic impacts affecting the quality of urban life [16,17]. Since urbanization
transforms the land use/land cover (LULC) pattern by increasing the built-up areas, the energy balance
gets modified, resulting in urban areas becoming warmer than the surrounding rural/less-urban
areas [18,19]. Factors that contribute to increased UHI phenomenon include high building density,
a reduction in urban green spaces (UGS), and increases in built-up spaces [20].

The ecological features, such as vegetation and water bodies, are highly sensitive to LST [21–24].
Hua et al., [4] demonstrated that LST increases with a decrease in vegetation and an increase in non-evaporative
surfaces. The United States Environmental Protection Agency (US EPA, 2017) [25] reported that some serious
health hazards such as general discomfort, respiratory difficulties, heat cramps, non-fatal heat stroke,
and heat-related mortality are rising with the increase of thermal surfaces and a corresponding decrease in
cooling surfaces. The Agency suggested that it is possible to reduce UHIs by increasing trees and vegetative
cover and by installing green roofs. The increase of vegetation cover and water bodies or decrease in
impervious surfaces can help to strengthen Green space Cool Island (GCI) effects [26,27].

The research community is able to characterize and examine the UHI-landscape relationship
due to advances in thermal remote sensing, geographical information systems (GIS), and statistical
methods. Policy-makers and researchers have received valuable feedback from several studies carried
out dealing with UHI analysis [8]. Besides air temperature, land surface temperature (LST) derived
from remote sensing data is essential and highly reliable in identifying surface UHIs [28]. Nichol and To
(2012) [29] reported that between the temperature data collected from urban weather stations (usually
within/near a park/shading trees) and the LST derived from remote sensing, the latter can reliably
spot the hottest and coolest areas. For inferring the impacts of rapid and/or unplanned urbanization,
information on land use intensity in terms of built-up area or bare land in relation to the vegetation
cover and water spread area is very useful and helps to recognize adverse impacts or useful outcomes
due to planned urban land use patterns. Analyses of remote sensing data and GIS-based derivation
of relevant indices have proven useful in recognizing the changes in land use/land cover (LULC)
and deriving variations in LST.

It is vital to investigate the crucial land dynamic processes which significantly contribute to the
increase in LST and aggravation of the UHI effect [26]. In the absence of ground-based meteorological
stations, the spatiotemporal assessment of LST using thermal remote sensing data can help to assess the
LST changes and support policy-makers carrying out eco-sensitive city development [24,30]. As is widely
known, remote sensing techniques can also aid in investigating the complex relationship between spatial
parameters and thermal conditions over large areas along with updated spatial information in cost-effective
ways [6,31,32]. The use of remote sensing indices for earth observation has been well acknowledged by
remote sensing professionals. They are widely used for various applications such as detecting environmental
changes [33], monitoring urban expansion [13,34], monitoring vegetation, and assessing water bodies
and their impacts on LST [35–39]. However, there are no comparative assessments of different geographical
locations and relationships of UGS, built-up area, and water bodies with LST. The predicted rate and intensity
of climate change [40,41] and higher temperatures in UHIs leading to reduced thermal comfort and increase
in energy consumption calls for urgently planning, developing, and maintaining the UGS as a major
strategy “to adapt to and mitigate the expected continual increase in temperature” [42]. Thus the role of
urban greenspace in moderating urban climates is vital [43–45]. Back in the 1990s itself, Semrau (1992) [46]
and Rosenfeld et al., (1995) [47] emphasized that an effective way to reduce or alleviate the effects of UHIs is
to increase tree cover area and density.

With the above background, the purpose of this study was to assess the quantitative relationship of
urban factors (built-up areas, vegetation cover, and water bodies) with LST using multivariate statistical
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analysis for two geographically disparate Indian cities: Tumkur and Panaji. As such, the smart city
development objectives in both cities do not showcase how land cover changes could affect the LST,
UHIs formation, or living conditions. As per the information posted on the Tumkur Smart City
website [48], in Tumkur city, approximately only 37% of the ‘smart city’ work is completed. Similarly,
only ~40% of such work packages are completed in Panaji (personal information).

The developmental plans in both cities do not mention either LST or UHI as features of importance
in the expansion and upkeep of smart cities. In this regard, this research is hoped to provide input
for inclusion and improving urban planning. Thus, in both cities, much of the developmental work
needs to be done not only to consider the impact of increasing LST and UHI effects but also on
maintenance and creation of additional UGS. In view of this, this study aimed to examine how the
land cover features affect the LST, which in turn is to be factored in for improving and sustaining the
living comfort. The findings of this study are useful to recognize the sensitivity of urban ecological
features (green spaces and water bodies) and their influence on LST. By assessing the ecologically
and environmentally vibrant cities, which are also proposed to be future smart cities, this study
hopes to contribute to the formulation of policy frameworks for sustainable and livable community
development (SDGs 11) [49]. It would also provide information for prioritizing the action plans to
mitigate the adverse impact of the destruction of ecological features due to the rapid growth of many
cities in developing countries.

2. Study Area

Panaji and Tumkur cities were chosen for this study by considering several factors, such as
their geographic location, population, and green space cover. Apart from the disparate geographical
locations of Panaji (a coastal city) and Tumkur (an interior city), various other factors such as population
size, gross domestic product (GDP), and climatic factors were considered. In 2015, both these cities were
designated to be developed as smart cities under the National Smart Cities Mission [50]. Panaji, as a
coastal city, is highly vulnerable to sea-level rise issues via climate change impacts. Located in the
interior part of India, Tumkur city is rapidly industrializing and recognized as an important National
Investment and Manufacturing Zone (NIMZ) by the Government of India. Panaji city is the capital of
Goa state and located at a latitude of 15◦29′48.3972” N and a longitude of 73◦49′40.1772” E. Tumkur city
is located in the southeastern part of Karnataka state at a latitude of 13◦20′17.7468” N and a longitude
of 77◦6′5.0760” E. Figure 1 illustrates the locations of the Panaji and Tumkur cities in India.
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In Panaji city [51], despite its strength of compact form and mixed land-use, the most noted
weakness listed is a lack of adequate and reliable public transport facilities, both within Panaji and for
connecting outgrowth areas to Panaji. The main opportunity is the use of mangroves and a network of
creeks as natural resources. These blue-green infrastructures can provide ecosystem services to help
mitigate the impacts of threats of urban development and climate change events like sea level rise.
Due to rapid urbanization, the city’s environmental resources are noted to get adversely impacted,
potentially lowering the city’s resilience to various natural disasters. Notably, there are serious
concerns of heavy losses as well as unsustainable and chaotic situations due to many parameters
(impending sea level rise, severe traffic congestion, troubled pedestrian mobility, increased population
and vehicles, citizens’ health and livability, and resulting air/noise pollution). It is cautioned that the
eventual collapse of the existing infrastructure network will occur if appropriate measures are not
taken. However, there is no mention in the city development plan on what the LULC changes can
bring about or how the new developments would create UHIs or affect the LST.

The coastal city of Panaji experiences a tropical climate, with the annual average temperature being
27.4 ◦C [52]. Temperatures start rising from January to a peak of around 34 ◦C in April, the hottest month
(Figure 2a). Thereafter, it declines during the monsoon months of June–September. The average annual
rainfall of Panaji is 2774 mm. The city receives over 85% of the total rainfall during June–September.
January is the coldest month with a temperature below 26 ◦C. The predominant climate in Tumkur is
defined as a local steppe climate, with very little rainfall throughout the year [53] and an annual mean
temperature of 24.4 ◦C (Figure 2b). The average annual rainfall is 630 mm in Tumkur and October is
the wettest month with 140 mm of precipitation [53]. A comparative account of the major features of
these cities is furnished in Table 1.

Table 1. Details of different demographic, meteorological, and other parameters from Panaji and Tumkur
cities proposed to be developed as smart cities [50].

Parameters Panaji Tumkur

City area (km2) 21.60 48.60

Geographic location Coastal Interior

Land scape Heterogenous Majorly plain

Population (2018 estimate) 255,381 512,000

City GDP (Billion US$) 9.22 (2016) 1.14 (2014)

With 17 parks in the city limits maintained by the Corporation of the City of Panaji (CCP)
and the Forest Department, Panaji city (excluding the areas under the CCP) has about 0.80 km2 under
green cover [54]. The natural marshy lands and mangroves along the waterfront add to natural,
non-curated green areas and act as barriers to prevent monsoonal flooding. The Bhagwan Mahaveer
Park maintained by the Forest Department, is the largest green patch in the city. The other 16, mostly
small-sized parks plus public gardens, including the forest nursery and roadside plants, add up to
about 5% of the green cover.
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In Tumkur city, under the Smart City Initiative, there are plans to increase the number (/area) of
green spaces. There are four large-sized parks (≥5 ha (≥0.05 km2)) in the city maintained by Tumkur
Urban Development Authority (TUDA). A 10 ha (ha) (0.1 km2) newly developed Amanikere Park on
the area recovered by landfilling the Amanikere irrigation tank. Further, new roads being laid under
the Smart City Development Initiative have walk paths and divider lanes. Suitable plantations on both
sides of, and on, the divider in the middle are being made. Unlike the coastal city of Panaji where the
monsoonal rains help the green spaces to sustain for quite long periods with once a fortnight watering,
Tumkur city in the interior region receives insufficient rainfall. As a result, the existing UGS need
watering at least once every week in sufficient quantities to meet up losses, including those occurring
through dispersals into the soil.

Panaji and Tumkur are part of the National Smart Cities Mission by the Government of India
to make them citizen-friendly and sustainable [50]. The Smart Cities Mission initiated in 2015
has inclusive aims by considering all factors essential for sustainable urban development [55].
Necessary infrastructure elements in a smart city listed by Prakash [55] include adequate water supply,
stable assured electricity supply, sanitation (including solid waste and wastewater management),
efficient public transport, ease of urban mobility, affordable housing, IT connectivity and digitalization,
good governance, sustainable environment, safety and security of citizens, good healthcare,
and education/employment opportunities.
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3. Data and Methods

With the introduction of thermal remote sensing, LST information is available from a series of
satellite sensors (such as Landsat, MODIS, and ASTER) that cover a wide range of the Earth’s surface.
Compared to air temperatures collected from weather stations, thermal imagery provides full spatial
coverage at various temporal scales [56]. Figure 3 shows the flowchart of the methodology adopted in
this study.Land 2020, 9, x FOR PEER REVIEW 6 of 21 
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3.1. Satellite Data

Landsat-8 satellite data was used to evaluate the response of different land covers on LST. Landsat
8 satellite has Operational Land Imager (OLI) and Thermal Infrared Sensor (TIR). There are nine
spectral bands from bands 1 to 9 and two spectral bands from bands 10 to 11 in OLI and TIRS
sensors, respectively. Bands 10 and 11 provide atmospheric rectifications for the thermal inferred
data [57]. Two Landsat-8 OLI/TIRS data of the Tumkur and Panaji areas in 2019 were acquired from
https://earthexplorer.usgs.gov/ [58]. Table 2 provides details of Landsat-8 data used in this study.

Table 2. Path and acquisition details of Landsat-8 data from the study areas.

Path/Tiles Time Acquisition Date Cloud Coverage Location

144/51 11:10:20.54 AM 14 April 2019 3% Tumkur

147/49 11:28:12.31 AM 18 March 2019 1% Panaji

3.2. Field Data

In this study, field surveys were conducted during January–February 2019 to collect ground-truth
data for the LULC classification and validation. In the field survey locations of the UGS, built-up areas
were marked with the help of a Global Positioning System (GPS) device (Gamin 60x). Various city
development offices were also visited to collect secondary information about the landscape, UGS, and city
plans. Field surveys were aimed to understand the problems related to LULC patterns in these urban areas
and management plans in place to address these problems in both of these upcoming smart cities.

https://earthexplorer.usgs.gov/
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3.3. Methodology

3.3.1. Image Pre-Processing

The analysis in this study only included the ~98 km2 buffer area from both city centers and Landsat
data were clipped for further analysis. Atmospheric correction was done prior to image processing.
The aim of atmospheric correction was to derive a good estimate of the true at-ground upwelling
radiance [59]. The FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubus) model
was implemented in the ENVI 5.3 platform provided by Harris Corporation in Melbourne, FL, USA.

3.3.2. Enhanced Built-Up and Bareness Index (EBBI)

Remote sensing techniques provide an efficient and cost-effective approach to monitor the
expansion of the built-up area, in comparison to other traditional approaches [13]. Previous studies
used different indices for the extraction of desired land features. For example, the Normalized
Difference Built-up Index (NDBI) was proposed by Zha [60] for Landsat Thematic Mapper (TM) images,
the Built-up Area Extraction Index (BAEI) was proposed by Bouzekri [61] for highlighting built-up
areas in Landsat-8 image, improved NDBI was proposed by He [62] as a semi-automatic approach
to extract built-up area, and the Enhanced Built-Up and Bareness Index (EBBI) for highlighting
built-up land and bare land was proposed by As-syakur et al. [34]. Application of the aforementioned
indices depends on the study purpose, surface characteristics, accuracy level, and satellite image
physiognomies. In this study, we used the EBBI index for extracting built-up and bare land areas.

A recent study by Li et al., [63] revealed that EBBI is an effective method for extracting built-up
area and bare land cover. In view of this, to distinguish the effect of LST on vegetation cover from the
land cover altered due to human-induced activities (built-up) and bare land together, we used the
EBBI index for extracting built-up and bare land. Hence, both bare land and built-up area were found
to be resulting from urban activities. EBBI is derived using the following equation:

EBBI =
(SWIR1−NIR)

(10 ∗ root(SWIR1 + TIR))
(1)

where SWIR1, NIR, and TIR represent the band-6, band-5, and band-10 of Landsat-8 data, respectively.

3.3.3. Modified Normalized Difference Water Index (MNDWI)

Waterbodies can be extracted by using the spectral information of satellite images. Compared to
other surface objects, water bodies show a weak spectral reflectance in most of the wavelengths. In this
research, we used the band threshold method using band-3 (Green) and band-6 (Mid–Infrared/SWIR1)
of Landsat-8 images proposed by Xu (2006) which is the modified index of NDWI proposed by
McFeeters (1996) for highlighting water bodies [33], who suggested that water information using the
NDWI is often mixed with built-up land noise, resulting in an overestimation of extracted water bodies’
areas. MNDWI can provide better results as compared to NDWI. Therefore, MNDWI was used in this
study. MNDWI is derived from the following equation:

MNDWI =
(Green− SWIR1)
(Green + SWIR1)

. (2)

3.3.4. Soil Adjusted Vegetation Index (SAVI)

The Soil Adjusted Vegetation Index (SAVI) is a useful index for extracting urban area vegetation
information. It was proposed by Huete [64], takes into account the optical soil properties on the plant
canopy reflectance, and gathers information for a small amount of vegetation. The use of SAVI is an
approach by which spectral indices are calibrated, so that soil substrate variations are effectively normalized
without influencing vegetation measures [64]. An understanding of soft surface spectral properties, as well
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as their behavior and interactions with plant life and water, is crucial to development [65]. Therefore an
‘adjustment factor’ is used for measuring SAVI with varying vegetation density. A single adjustment factor
(L = 0.5) was adopted in this analysis to shrink soft (moisture, organic inputs, erosion, and cultivation)
noise considerably throughout the range in vegetation densities. SAVI, involving a constant L to the NDVI
equation with a range of −1 to +1, is expressed as follows:

SAVI =
(

NIR + Red
(NIR + Red + L)

)
∗ (1 + L). (3)

Two or three optimal adjustments for L constant (L = 1 for low vegetation densities; L = 0.5 for
intermediate vegetation densities; L = 0.35 for higher densities) were suggested by Huete [64] wherein
NIR and Red represent the band-5 and band-4 of Landsat-8 data, respectively.

3.3.5. Land Surface Temperature (LST)

The land surface temperature was calculated using the standard methodology. Based on
Weng et al., [12], a two-step process was followed to derive the brightness temperature of the land.
The DN values of each Landsat image band were scaled from the total radiance calculated to byte
values before media output using the gain and bias (offset) values given for each group. The DN values
can be transformed back to the radiance units using the following formula:

Radiance (Lγ) = ML ∗ Band 10 + AL (4)

where ML represents the band-specific multiplicative rescaling factor and AL represents the band-specific
additive rescaling factor. ML and AL can be obtained from the header file of the satellite data.

Once the DN was converted to radiance values, we calculated the brightness temperature (Bt)
using the following equation:

Bt =

 k2

ln
(

k1
Lγ

) + 1

− 273.15 (5)

where k1 = Band-specific thermal conversion constant (K1_CONSTANT_BAND_10)
and k2 = Band-specific thermal conversion constant (K2_CONSTANT_BAND_10), we can
find the constant from the image header file.

Thereafter, the Surface emissivity (ε) was calculated using the proportion of vegetation coverage
(PV). The following two equations were used:

Pv = square
( SAVI − SAVI_min

SAVImax − SAVI_min

)
(6)

Surface emissivity ε = 0.004 ∗ Pv + 0.986, where 0.004 and 0.986 are the correlation values of
surface emissivity.

After calculating the brightness temperature and surface emissivity, the LST was calculated by
using the following equation:

LST =

 Bt
1 + 0.00115 ∗ Bt

1.4388

 ∗ Ln(ε) (7)

where 0.00115 and 1.4388 are the correlation values of LST.

3.4. Statistical Analysis

To find out the significance of changing urban green cover and the impact on urban microclimate,
we developed a regression model. Regression analysis is a type of predictive modeling technique that
investigates the relationship between a dependent (target) and independent variable (s) (predictor) [66].
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It expresses the strength of the impact of multiple independent variables on a dependent variable [67].
In this study, “Stepwise Regression” model was used. The selection of multiple independent variables
was done with the help of an automatic process without human intervention. This technique basically
fits the regression model by adding/dropping co-variates, one at a time, based on a specified criterion.
In this study, LST was the dependent variable; while EBBI, MNDWI, and SAVI were the independent
variables. The aim of this modeling was to investigate the significance of the presence of built-up area,
water bodies, and vegetation on LST in the urban area. Equation (8) illustrates the regression model.

LST = αo + β1x1 + β2x2 + β3x3 + e (8)

where αo, β, x, and e represent the constant, coefficient, variables, and significant error, respectively.

4. Results

The widely employed Spectral Indices is a reliable indicator for closely observing Earth surfaces
using remote sensing technology. The EBBI is the built-up and bare land index that applies near-infrared
(NIR), short wave infrared (SWIR), and thermal infrared (TIR) channels simultaneously [34]. Vegetation
has a high reflectance in NIR, but the reflectance of built-up or bare land is low. In contrast, TIR has
high reflectance to detect built-up areas as compared to vegetated areas, thus making it effective for
built-up areas mapping [68].

4.1. Comparative Analyses of Various Indices

Spectral Indices utilize spectral reflectance properties to distinguish different LULC classes present
in the study area. EBBI, MNDWI, and SAVI indices as discussed in Section 3.3 were calculated using
Landsat-8 data. Later, a non-parametric support vector machine (SVM) classifier was used to extract
LULC to validate the findings of indices. Figure 4 shows the EBBI, MNDWI, and SAVI indices for both
Panaji and Tumkur cities.
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Visual interpretation of extracted spectral indices for EBBI is useful to recognise lower reflectance
in Panaji (Figure 4a) than Tumkur (Figure 4b). It can, therefore, be inferred from the images that
EBBI is high for the Tumkur area, indicating that the percentage of the built-up and bare land area is
more than twice that of Panaji. The MNDWI also depicts a much higher waterbody coverage area
in Panaji (Figure 4c) than in Tumkur (Figure 4d). Most of the area in Panaji is surrounded by water
bodies compared to that of Tumkur (Figure 4c). Similarly, the SAVI is quite high for Panaji (Figure 4e)
compared to Tumkur (Figure 4f). In Panaji, the vegetation is distributed evenly within the city area.
Besides, a higher reflectance value of SAVI is witnessed in the Panaji area than in Tumkur. Panaji city
has much more evenly spread green areas than can be visualized for Tumkur city, where green areas
are distributed rather sparsely, unevenly, and mostly in the peripheral parts of the city. A clear
gradient from the city core to the peripheral area is discernible (Figure 4f). There is a tradeoff between
urban ecological features (green spaces and water bodies) and built-up areas. Therefore, Tumkur
city needs a better urban green space management plan for smart city development to improve its
ecosystem services.

4.2. Land Use Land Cover (LULC)

To examine the spatial pattern of LULC in Panaji and Tumkur, SVM classification was performed in
ENVI for 2019. The LULC map was cross-checked with recent Google images. A total of 179 and 251 training
samples were taken for Panaji and Tumkur, respectively. For the validation of LULC map, 120 and 95 samples
were used to validate the results in Panaji and Tumkur, respectively. The classified images showed an overall
accuracy of 90.31% and a Kappa coefficient of 0.83 for Panaji and overall accuracy of 89.78% with Kappa
coefficient of 0.79 for Tumkur city. Figure 5 illustrates the LULC pattern of the Panaji and Tumkur cities.
An accuracy assessment of classified maps was done using a confusion matrix. Appendix A illustrate
the overall accuracy of LULC maps and Kappa coefficient based on the confusion matrix. In Tumkur,
the built-up class was the most dominant land cover type in 2019, representing 41% of the total area; followed
by bare land (33%), vegetation (30%), and water bodies (1%). In Panaji, 32% of the land area is covered
with water bodies class; followed by built-up (32%), vegetation (24%), and bare land (12.49%). Table 3
shows the area of various LULC classes in the study area. Most of the area of Panaji is covered by water
bodies and vegetation, whereas Tumkur is covered by built-up and bare land. Therefore, the functional
characteristic of LULC is completely opposite for the two cities. Tumkur is dominated by the LULC of urban
activities, while Panaji is dominated by urban ecological features.
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Table 3. Share of satellite-derived land use/land cover (LULC) for Panaji and Tumkur areas covered for
this study.

LULC Panaji Area in Km2 Tumkur Area in Km2

Built-up area 31.65 32% 40.01 41%

Bare land 12.49 13% 32.20 33%

Water bodies 30.17 31% 0.97 1%

Vegetation/agriculture 23.78 24% 24.4 25%

4.3. Land Surface Temperature (LST)

The LST estimated by using the radiative transfer equation algorithm using TIR-band is effective
for deducing surface emissivity in the urban landscape [6]. This technique is used to recognize
the response of different thermal properties on the Earth’s surface. The response of such thermal
properties varies with different landscape patterns, different geographical locations, and climatic
conditions such as rainfall, wind speed, etc. Also, the land cover dynamics viz, agriculture/vegetation,
waterbody, built-up area, bare land, etc. seriously affect the LST variations [6]. The LST images for
Panaji and Tumkur (Figure 6a,b) indicate a temperature range of 34–38 ◦C in most area of Panaji
and 42–46 ◦C for the most area of Tumkur city The LST pattern in Panaji is largely homogeneous,
unlike the quite heterogeneous one of Tumkur. In Panaji, about 35% of the area is covered by water
bodies and experiences temperatures < 30 ◦C. In Tumkur, only a few places close to water bodies
and vegetation experience < 30 ◦C. The maximum LST of (≥) 46 ◦C is observed in approximately 4%
of the land area of Tumkur city. On the other hand, in Panaji, the LST maximum of 42 ◦C to 46 ◦C
is in < 1% of the land area. The maximum and minimum LST differences are lower in Panaji (12 ◦C)
and higher in Tumkur (16 ◦C).
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4.4. Relationship of LST and EBBI, MNDWI, and SAVI

Figure 7 illustrates the non-parametric test with indices of urban features and LST. Generally,
LST bears a negative relationship with SAVI and MNDWI, and a positive relationship with EBBI.
The 30 m × 30 m pixel-based correlation coefficient values between LST and SAVI, MNDWI and EBBI
were significant (P < 0.01). The EBBI had a strong positive correlation with LST among these three
indices for both cities (Figure 7a,d). This implies that both bare land and built-up are causes of high
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LST in both cities. The SAVI and MNDWI indicate a strong negative correlation with LST for both cities
(Figure 7b,c,e,f). A weak correlation of −0.37 between LST and SAVI is seen for Panaji compared to
Tumkur with a strong correlation of −0.75. This may be due to a low UHI effect in Panaji compared to
Tumkur. Besides, Panaji city being located near the seashore and also interspersed by water channels,
experiences minimal LST differences.
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4.5. Regression Model

The multivariate regression model derived in this analysis is useful to denote the relationship
between LST and EBBI, MNDWI, and SAVI. LST being the dependent variable, is affected by EBBI,



Land 2020, 9, 292 13 of 21

MNDWI, and SAVI (the independent variables). The adjusted R2 in the linear regression model is
0.698 (with standard error 1.407) for Panaji city. A high 0.582 Durbin-Watson d (within the two critical
values of 0 < d < 2) signifies a strong linear auto-correlation. Similar to Tumkur, the highly significant
F-test (P < 0.0001) ascertains that the model explains a significant amount of the variance in LST.
By subjecting all variables to multiple linear regression, it is inferred that SAVI, MNDWI, and even
EBBI serve as significant predictors as there was a high level of significance (P < 0.0001) between LST
and all three independent variables. The significance level for SAVI, MNDWI, and EBBI is less than
0.0001. We also observe that the impact of EBBI and MNDWI is higher than SAVI by comparing the
standardized coefficients (beta coefficient for SAVI = −0.168, MNDWI = −1.06 and EBBI = 0.00338).
From the multiple linear regression model, the following relationship is predicted among LST and EBBI,
MNDWI, and SAVI for Panaji city with unstandardized coefficient of the variables:

LST (Panaji) = 114.531 + 0.563 EBBI − 86.349 MNDWI − 2.206 SAVI. (9)

For Tumkur city, the adjusted R2 value is 0.716 (with a standard error of 1.97). The Durbin-Watson
d being 0.578 brings forth a strong linear auto-correlation between different variables used for multiple
linear regression analyses. With the F-test revealing a highly significant (P < 0.0001) relationship,
it is confirmatory that this model explains a significant amount of the variance in LST for Tumkur
city. By forcing all variables into the multiple linear regression, it can be discerned that both SAVI
and MNDWI are significant predictors. The level of significance for SAVI and MNDWI is a high of <0.001,
while for EBBI, it is a low of 0.058. We also observe that the impact of SAVI and MNDWI is higher than
EBBI by comparing the standardized coefficients (beta coefficient for SAVI = −0.483, MNDWI = −0.439
and EBBI = 0.016). From this multiple linear regression model, the following relationship among
LST and EBBI, MNDWI, and SAVI is predicted for Tumkur city with an unstandardized coefficient
of variables.

LST (Tumkur) = 97.80 + 0.036 EBBI − 62.987 MNDWI − 8.272 SAVI (10)

From checking for normality of residuals with a normal P-P plot (Figure 8), it can be inferred that
the points generally follow the normal diagonal line with no strong deviations, indicating a normal
distribution of residuals for both cities. Apparently, the regression model developed in this analysis is
applicable only for these cities. Owing to geomorphological heterogeneity of different cities, future
studies can consider inputs of land cover variations using this strategy.
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5. Discussion

This comparative study focused on spectral indices and their influence on LST in the coastal
city of Panaji and the interior city of Tumkur slated for development as smart cities. Low urban
landscape patterns in Panaji are mixed with built-up areas and vegetation. There is a possibility of
confusion towards extracting built-up areas using EBBI approach. Ahmed et al., [69] reported that
the tremendous pressure of urbanization on the peripheral area of a city leads to the conversion of
non-built-up areas (green area, agriculture land, waterbody) into built-up areas. The first step of such a
conversion process is ecosystem sensitive land cover to bare land and finally, it is replaced by built-up
area [70]. In this context, Tumkur is environmentally more vulnerable than Panaji due to the presence
of more bare land.

MNDWI can extract the water information efficiently from both built-up and non-built-up areas.
It can dampen the built-up land information effectively while highlighting water information and can
accurately extract the water bodies information [33]. However, from a statistical perspective, when most
land cover types differ from each other, the MNDWI’s efficiency in identifying water, saturated soil,
or different water content of the vegetation can lead to misclassification. Biggs et al., [71] emphasized
that the presence of water bodies (ponds, small lakes, low-order streams, ditches, or springs) are critical
for freshwater biodiversity and are increasingly recognised for their role in a variety of ecosystem
services as well as the aquatic ecosystem. Jackson et al., [72] reported that MNDWI is positively
correlated with vegetation water content and useful for assessing the extent of strains of drought in
any area. In Tumkur, where the availability of water bodies is minimal, it can be suggested that the
functioning of urban ecosystem services is negatively affected, and vegetative areas might experience
water stress during summer. The high value of MNDWI in Panaji is related to high vegetation water
content and it might help vegetation to have less water stress during summer.

SAVI is the measuring index for vegetation or green spaces which has more functional value
for the urban ecosystem. The significant coefficient of the regression model illustrates that MNDWI
and SAVI are accountable for combatting LST. Although the percent share of SAVI and MNDWI is
higher than that of built-up and bare land, MNDWI was the most significant predictor for controlling
LST in Panaji, while SAVI was the important predictor for Tumkur.

Surface temperature also has a direct interaction with LULC characteristics [73]. Therefore,
the analysis of the relationship between LULC and LST is crucial in order to understand the
effects of LULC on UHI. The land cover dynamics are accountable for elevated or decreased LST.
Higher/significant correlation coefficient values between LST and EBBI, MNDWI, and SAVI for Panaji
and Tumkur cities clearly reflect that both bare land and built-up area cause, accelerate, and sustain
higher LSTs. It can be inferred that the existing coverage of water bodies in Panaji seems to dampen
the LST to a greater extent when compared to Tumkur. Both LULC and spectral indices, as well as the
observed higher LST in Tumkur, signify inefficient ecosystem services more than a better service could
in Panaji city. With much lower vegetation cover in Tumkur, the degree of absorption of solar radiation
by built-up and dry soil drastically elevates the LST and alters the conditions of the near-surface
atmosphere [74] over Tumkur city.

Tran et al., (2017) [8] inferred that absolute LST is useful in characterizing UHIs on a short-term
basis (particular date) but is not effective in comparing spatial patterns of UHI through time. To ensure
that LST values retrieved from different images are comparable, Walawender et al., (2014) [75] had
proposed the use of normalized LST to investigate the LST spatial distribution in relation to LULC.
Many earlier studies [76–78] had emphasized that the simulation of future LST, based on LULC,
helps in mitigating UHIs effects and in adopting new strategies and policies in land use planning
and urban design to reduce/control the UHIs effect. In view of such possibilities, it can be inferred
from our analyses that both the cities are prone to increased LST for reasons mentioned earlier. Further,
as Guo et al., (2015 [79] and 2016 [80]) recommend, these cities would be better placed for LST prediction
by taking into account the complex landscape structure and urban morphology heterogeneity. Results
of this study showcase the effectiveness of the spectral indices derived in identifying the LST differences
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within the study area and in marking UHIs. These could provide crucial feedback to planners
and policy-makers for the inclusion of UHIs mitigation measures.

In general, LST is negatively correlated with SAVI and MNDWI and positively correlated with
EBBI. But, these relationships tend to change with UHI [70]. With both SAVI and MNDWI bearing a
stronger correlation with LST in both the cities, it can be suggested that the impact of UHI is strong in at
least over 50% of the areas. Guha et al. [81] reported that vegetation areas have a much better negative
correlation with LST, but these relationships gradually weaken with the increase of the heterogeneous
surface features. Although Panaji has a smaller urban area compared to Tumkur, the large water body,
forest cover, and hilly features render Panaji city as a more heterogeneous surface than Tumkur city,
which is located in the plains of India’s interior. A weak correlation (R2 = −0.37) in Panaji city and a
significant correlation (R2 = −0.75) between LST and SAVI in Tumkur city can be taken to suggest that
there is a lower UHI effect in Panaji city than in Tumkur city, a fact that can be confirmed through visual
analyses of the images (Figure 5). In Panaji city located near the sea, the water channels surrounding
the city area are minimizing the LST differences.

Though there is more green cover in Panaji, it is inadequate according to the Urban and Regional
Development Plans Formulation & Implementation (URDPFI) guidelines [54]. Currently, existing
roadside plants and 17 parks are irrigated by the Public Works Department (PWD) by diverting an
unspecified volume of urban drinking water supplies. While over 70% of domestic sewage is claimed
to be treated, all the treated water from Tonca sewage treatment plant (STP) is drained into an adjacent
polluted creek ‘to improve its water quality’.

In Tumkur, under the Smart City Initiative [82], there are plans to increase the number(/area) of
green spaces. Unlike in Panaji where the monsoonal rains help sustain green spaces for quite long
periods (with once a fortnight watering), Tumkur, located in the interior region, receives less rainfall.
Thus, a 150 km-long canal is planned for potable water supply from River Hemavathi to this rapidly
urbanizing, water-scarce city. Besides meeting drinking water demand, the canal is expected to help
meet water requirements for existing and planned parks and roadside vegetation. To provide respite
from unhealthy LST and UHI impacts, maintenance of existing parks, adding many more new ones,
and roadside trees to increase the green cover are vital steps. The fact that urban greening would
help overcome the adverse effects of elevated LST [83–85] ought to sensitize the development of both
Panaji and Tumkur as smart cities. Further, as Thapa and Murayama [86], and Ramaiah and Avtar [87]
suggest, green areas must be considered. As reported from Dhaka [88], with the percent share of urban
green areas getting reduced due to unplanned urban activities and weak land-use zoning regulations,
Tumkur city needs a sound urban green space management strategy.

While some alternative options exist for surface water (such as groundwater, water supply from
outside the urban areas, treated urban wastewater), there are no alternatives for green spaces and their
services. Green spaces not only control LST, they also provide recreational facilities, beautify the city,
contribute to atmospheric oxygen, and purify the air for maintaining ecological balance and for the
upkeep of biodiversity [89]. From a significant positive spatial autocorrelation observed between LST
and greenspace area within the chosen section/s of expansive Beijing, Li et al., (2012) [90] suggested
that green spaces bring down summertime LST by 5 ◦C.

In Tumkur city in particular, UGS can reduce temperatures through direct shading
and evapotranspiration, and as Tyrväinen et al., (2005) [91] recommended, they can create a local cool
island within this sprawling urban area. With proper maintenance practices, including the use of treated
wastewater, the existing vegetation in its 400 plus listed parks in addition to new ones (including roadside
plantation) can also achieve many other environmental benefits such as reduced rainwater runoff, greater
urban biodiversity, and improved aesthetics [92,93]. Although there may not be a linear relationship
between the cooling effect and the size of greenspace [94], there would be discernible cooling effects in
specific locations with denser vegetation. These desirable services are necessary for a high-quality living
environment. The use of advanced remote sensing techniques can help in the development and maintenance
of UGS as part of the smart city programs and implementation of SDGs 11.
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6. Conclusions

Any existing urban fabric would lead to rapid changes in the urban environment whenever altered.
This, in turn leads to deviations in urban settings in a variety of ways. Thus, urban settlements ought
to plan and create facilities/amenities that are ergonomic, long-lasting, and encompassing. This study
compares two upcoming smart cities (Panaji and Tumkur) in India using landscape sensitivity analysis
and its influence on LST. The urban factors such as EBBI, SAVI, and MNDWI influence the LST in both
cities. The study reveals that water bodies and green spaces are actively responsible for dampening
LST. The performances of LST dampening depends on the maximum share of cooling surfaces (water
bodies and green spaces) in the study area. In the Panaji, the correlation coefficient between EBBI,
SAVI, and MNDWI with LST is about 0.72, −0.37, and −0.83, respectively. On the other hand, in the
Tumkur, the correlation coefficient between EBBI, SAVI, and MNDWI with LST is about 0.829, −0.77,
and −0.753, respectively. The multivariate regression model reveals that in the Tumkur, the adjusted
R2 of the developed model is 0.716 with the standard error 1.97 and in the Panaji, the adjusted R2 of
the developed model is 0.698 with the standard error being 1.407. This study did not consider the local
climate issues such as wind speed, rainfall, topography, and functional activities of the urban area
(e.g., industrial and economic activities, building densities, transportation) may reinforce the findings.
Therefore, there is a need to consider these limitations open for further investigations. The use of
advanced remote sensing techniques can help to maintain urban green spaces for healthy and livable
city development. The analyses of this study would serve as guidelines for an in-depth investigation
of the significance of urban green spaces in controlling/reducing urban heat island effects.
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Appendix A

Tables A1 and A2 show the results of the accuracy assessment of LULC classification based on
Landsat-8 data acquired in 2019 for Panaji and Tumkur.

Table A1. Confusion matrix of the 2019 LULC map of Panaji.

Built-Up Area Bare Land Water Body Vegetation/Agriculture Classification Overall Producer’s Accuracy

Built-up area 20 3 0 0 23 86.95%

Bare land 2 18 0 0 20 90.00%

Water body 0 0 24 3 27 88.89%

Vegetation/agriculture 0 0 2 23 25 92.00%

Overall Truth 22 21 26 26 95

User’s accuracy 90.90% 86.72% 90.30% 88.46%

Overall Accuracy 90.32%

Kappa coefficient 0.83
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Table A2. Confusion matrix of the 2019 LULC map of Tumkur.

Built-Up Area Bare Land Water Body Vegetation/Agriculture Classification Overall Producer’s Accuracy

Built-up area 25 5 0 0 30 83.33%

Bare land 4 23 0 0 27 85.18%

Water body 0 0 27 5 32 84.37%

Vegetation/agriculture 0 0 6 25 31 80.64%

Overall Truth 29 28 33 30 120

User’s accuracy 86.21% 82.14% 81.81% 83.33%

Overall Accuracy 83.33%

Kappa coefficient 0.778
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