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Abstract: The land surface temperature (LST) pattern is regarded as one of the most important indi-
cators of the environmental consequences of land use/land cover change. The possible contribution
of land surface to the warming phenomenon is being investigated by scientists across the world.
This research focuses on variations in surface temperature and urban heat islands (UHIs) over the
course of two seasons, i.e., winter and summer. Using remotely sensed datasets and geospatial
techniques, an attempt was made to analyze the spatiotemporal variation in urban heat islands
(UHIs) and its association with LULC over Chandigarh from 2000 to 2020. The Enhanced Built-up
and Bareness Index (EBBI), Dry Built-up Index (DBI), and Dry Bare-Soil Index (DBSI) were used
to identify built-up areas in the city. The results revealed an increase of 10.08% in BA, whereas the
vegetation decreased by 4.5% over the study period, which is in close agreement with the EBBI, DBI,
and DBSI assessments. From 2000 to 2020, the UHI intensities increased steadily in both the summer
and winter seasons. Dense built-up areas such as the industrial unit of the city possessed the highest
UHIindex (>0.7) values.

Keywords: remote sensing; land surface temperature; urban heat island; sustainable environment;
smart city; UHIindex

1. Introduction

Land use and land cover (LULC) changes significantly influence land surface tem-
perature (LST), which is a crucial indicator of the earth’s environmental condition. LST
positively impacts terrestrial biophysical processes such as plant respiration, evapotranspi-
ration, and photosynthesis. The influence of LULC changes on climate is predominantly
due to urban expansion, which impacts biogeochemical cycles such as hydrological and
nutrient cycles, as well as natural ecosystems and biodiversity. Since 1990, many studies
have been carried out on LST retrieval using thermal remote sensing [1–8]. The urban
heat island (UHI) refers to the temperature difference between urban and non-urban
rural areas [9–13]. The changes in the land surface due to urbanization, which rapidly
increases the impervious land covers and leads to a surge in sensible heat flux, are the
main cause of the UHI phenomenon. Rapid population growth has evolved in economic
and industrial developments that have gradually transformed the natural environment
into urbanized regions with severely polluted air and densely built-up areas. Therefore,
research on urban environments has gained significant attention in recent decades. Pal
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and Ziaul [14] employed satellite remote sensing to study the land surface temperature
in relation to vegetation conditions characterized by the normalized difference vegetation
index (NDVI). They observed the highest temperature (29.97 ◦C) in settlement areas and
the lowest (18.58 ◦C) in a water body. Therefore, understanding the dynamic LULC systems
is critical not just for LST and LULC change research [14] but also for social, economic,
and environmental concerns. As the population increases, a city tends to expand its terri-
tory, resulting in changes in LULC patterns and an increase of several degrees in average
temperature over the surrounding undeveloped areas, which significantly impacts the
UHI structure. The LULC pattern modifications can also happen naturally due to floods,
droughts, earthquakes, etc. City planners in tropical and sub-tropical countries that are
quickly developing are concerned about the rising temperatures. UHI is most evident in
these cities, particularly in the summer and winter seasons.

Remote sensing and geographic information system (GIS) techniques have been uti-
lized efficiently in several environmental and hydrometeorological applications [15–26].
These techniques can be used to study the changes in LULC patterns and their impact
on both temperature and hydrological alterations [27–34]. The regional climate has been
influenced by recent changes in metropolitan areas, which have been reported to be more
abrupt and quick in recent decades [35–38]. The LST or surface skin temperature is affected
by three factors: the urban architecture, the kind of land cover, and the thermal and radia-
tive properties of the surface [39,40]. Basically, LST refers to how hot or cool the surface
feels in a certain region. The temperature of the ground surface is always different from
the temperature of the air. Indices like NDVI were used to distinguish between barren
lands and built-up areas from vegetated areas and aquatic bodies when mapping land
cover types. Surawar and Kotharkar [41] employed Landsat 7 Enhanced Thematic Mapper
plus (ETM+) images to investigate the influence of LULC changes on LST and its impact
on UHI development in Nagpur, India. Their findings revealed a significant reduction in
vegetation cover due to the continuous expansion of built-up areas. The intensity of UHI in
Nagpur increased by 0.7 ◦C between 2000 and 2006, which increased more than twofold
(1.8 ◦C) between 2006 and 2013. Investigation of surface UHI in the Indian city Punjab
using MODIS-LST products (spatial resolution 1000 m) disclosed that the temperature
fluctuation inside the built-up area and its surroundings, which could be attributed to the
differences in land use, and the downscaled LST depicts better results compared to the
original image [42]. Zheng [43] updated the standard split-window approach to recover
LST using Sentinel-3A SLSTR data, and they concluded that LST can be estimated with
greater than 1 K accuracy. Kafy et al. [44] determined the variation in LULC and its effects
on the urban thermal environment, such as LST, UHI, and urban field variance index
(UTFVI) for Chattogram, Bangladesh. They employed multi-temporal Landsat Thematic
Mapper (TM) and Operational Land Imager (OLI) satellite images to classify LULC classes
in different years (1999, 2009, and 2019) and identified the transition between different
LULCs, and corresponding changes in LST, UHI, and UFVI. Rasool et al. [45] used remote
sensing imageries to study LULC change in the Kashmir Himalaya during 1990, 2002, and
2017 using Landsat-5 TM, Landsat-7 ETM+, and Landsat-8 OLI data. The results identified
a continuous reduction in cropland and expansion of horticulture. During the 27-year study
period, the total cropland loss was 278 km2 (5% of the total area) (19.80% cropland) with a
minor reduction in forests (54 m2), while horticulture expanded from 176 km2 (3.2%) in 1990
to 409 km2 (7.49%) in 2017. The built-up area increased from 133 km2 in 1990 to 208 km2

in 2002 and 313 km2 in 2017. Ramaiah et al. [46] assessed the impact of urbanization on
LST in two traditional Indian cities, Panaji and Tumkur, which are being suggested for
development as smart cities. They utilized the Landsat data-derived spectral indices such
as the Enhanced Built-up and Bareness Index (EBBI), Modified Normalized Difference
Water Index (MNDWI), and Soil Adjusted Vegetation Index (SAVI) to characterize the
green cover and built-up areas. According to the multivariate regression model, Tumkur’s
adjusted R2 value was 0.716 with a standard error of 1.97, whereas the adjusted R2 value for
Panaji was 0.698 with a standard error of 1.407. Polydoros et al. [47] quantified the trends
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in LST and surface UHI intensity in Mediterranean Cities in terms of Smart Urbanization
and found positive LST trends in metropolitan locations, particularly at night, ranging
from +0.412 ◦K in Marseille to +0.923 ◦K in Cairo. They observed an increase in SUHI over
the past 18 years, particularly during the daytime in Mediterranean cities such as Rome
(+0.332 ◦K) and Barcelona (+0.307 ◦K).

In this study, indices such as the Dry Built-up Index (DBI), EBBI, and Dry Bare-Soil
Index (DBSI) are computed to discern between barren land and built-up areas effectively.
This study focused primarily on the analysis of the LST and assessed the impact of LST on
the UHI patterns and its variations over the last 20 years over an Indian smart city during
the summer and winter seasons.

2. Study Area

Chandigarh city, situated on the Trans Indo-Gangetic plain, was selected as the study
area. The city covers an area of approximately 114 km2 with an average elevation of 321 m
(1053 ft). The location of the city is presented in Figure 1. The city experiences five seasons,
i.e., spring, summer, monsoon, autumn, and winter. The summer temperature usually
ranges from 40 ◦C to 42 ◦C, but the maximum value reaches 44 ◦C. The typical winter
temperatures range between −1 ◦C and 14 ◦C. According to the Census of India 2011,
Chandigarh has a population of 1,055,450, i.e., a density of about 9252 persons per km2.
The urban population accounts for 97.25% of the overall population. The southern part of
Chandigarh city has the highest population density. The city’s main government offices are
in the north, while the industrial regions are in the southeast, separated from the residential
parts by a greenbelt filled with mango trees [48–50].
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3. Data and Methodology
3.1. Satellite Data Pre-Processing

Landsat 7 ETM+ and Landsat 8 OLI images were used in 10-year intervals to determine
the distributions of LST and urban heat island areas in summer and winter during 2000–2020
for Chandigarh city. The images were obtained from the United States Geological Survey
(USGS) Earth Explorer user interface. The band details of Landsat 7 and 8 were found at
Landsat Science (https://landsat.gsfc.nasa.gov, accessed on 15 January 2022). Table 1 lists
the specifics of the data that are used in this study. The image pre-processing techniques
were applied to the images as layer stacking and masking using the study area boundary.
The multi-spectral bands such as visible, near-infrared, and shortwave infrared were used
to identify the LULC classes and generate spectral indices. The LST was retrieved using
brightness temperature from the thermal bands and NDVI from visual and NIR bands.
Figure 2 depicts the retrieval process of LST and UHI.

Table 1. List of the Landsat data used.

Seasons Year Satellite Date of Acquisition

2000 Landsat 7 8 May 2000
Summer 2010 Landsat 7 4 May 2010

2020 Landsat 8 7 May 2020

2000 Landsat 7 18 December 2000
Winter 2010 Landsat 7 14 December 2010

2020 Landsat 8 1 December 2020
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3.2. LULC Extraction and Change Analysis

There are a variety of methods that can be utilized to implement supervised classifi-
cation; however, in this research, ERDAS IMAGINE software (Stockholm, Sweden) was
utilized with the commonly used maximum likelihood classifier (MLC). Different spectral
signatures of Landsat images were found and matched to Google Earth images from the
same time period to classify Chandigarh into five key LULC classes: Dense Vegetation
(DV), Crop or Grass Lands (CGL), Dry/Barren Lands (BL), Water Bodies (WB), Built-up
Areas (BU). Band composition was performed on Landsat 7 and Landsat 8 OLI images
prior to classification of LULC classes. Bands 1 to 5 and band 7 composition Landsat was
performed for Landsat 7, and bands 1 to 7 composition was performed for Landsat 8. The
composite bands for three years were then used as input parameters to run the maximum

https://landsat.gsfc.nasa.gov
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likelihood classifier. The main advantage of using parametric algorithms such as MLC
is their ease of use. Parametric approaches are more useful and easier to implement for
non-complex terrains with clearly defined LULC categories.

The PA assesses the accuracy of a classification scheme by calculating the proportion
of correct classifications for a given class, whereas the UA determines the chance that a
class into which a given pixel in an image is classified truly represents that class [51,52].
The ratio of properly classified reference points to the total reference points is regarded as
the overall accuracy. On the other hand, the Kappa coefficient considers both incorrectly
and correctly classified pixels to provide a more reliable estimate of accuracy than the
overall accuracy.

3.3. Derivation of Spectral Indices

The spectral indices, i.e., NDVI, EBBI, DBI, and DBSI, were calculated. The formulas
used to compute the different spectral indices are given in Table 2. According to a recent
study by Li et al. [53], EBBI is useful for identifying built-up areas and bare ground cover.
Thus, we employed the EBBI index to separate the built-up and barren land combinedly to
understand the land cover and LST alteration due to human-induced activities. The EBBI
generated for Landsat 7 images with radiometric resolutions of 8 bits (256 grey levels) is
ineffective for Landsat 8 images with radiometric resolutions of 16 bits (4096 grey levels).
Thus, DBI and DBSI were derived using the Landsat 8 imagery as suggested by Rasul [54].

Table 2. Remote sensing-based indices derived from the Landsat data.

Seasons Formula for Landsat 7 Formula for Landsat 8

NDVI (B4 − B3)/(B4 + B3) (B5 − B4)/(B5 + B4)
EBBI (B5 − B4)/

(
10 ×

√
(B5 + B6)

)
-

DBI - [(B2 − B10)/(B2 + B10)] − NDVI
DBSI - [(B6 − B3)/(B6 + B3)] − NDVI

3.4. Retrieval of Land Surface Temperature (LST) Using Plank Inversion Model

Brightness temperature (TB) and emissivity (ε) are the precursors for the LST estima-
tion. The spectral radiance (Lλ) can be retrieved by conversion of digital numbers (DN) of
thermal bands using Equation (1) [55,56].

TB =
K2

ln
[(

K1
Lλ

)
+ 1
] (1)

where K1 and K2 are band-specific calibration constants for Landsat.

Lλ =

[
Lmax − Lmin

255 − 1

]
∗ (QCAL − 1) + Lmin (2)

where Lλ is the spectral radiance, and QCAL is the thermal band.
Further, the NDVI Thresholds Method was used to measure emissivity (ε) [57,58].

ε = εvPv + εs(1 − Pv) + dε (3)

where Pv is fractional vegetation given by

Pv =

[
NDVI − NDVImin

NDVImax − NDVImin

]
(4)

εv = 0.987 and εs = 0.972 and dε is the surface geometry.
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3.5. Urban Heat Island Index (UHIindex)

The changes in UHI are derived using the LST pattern. The UHIindex is determined
using the following equation [59]:

UHIIndex =
LSTi − LSTmin

LSTmax − LSTmin
(5)

where LSTi is the value of LST in the image, and LSTmax and LSTmin are the maximum and
minimum LST values, respectively.

4. Results
4.1. LULC Classification

The highest overall classification accuracy (88%) was obtained for 2020, followed
by 2000 (84%) and 2010 (82%), which indicates an acceptable accuracy range (Table 3).
Similarly, the highest kappa value was observed for 2020 (0.81), followed by 2000 (0.77)
and 2010 (0.74). The classified maps for different years are shown in Figure 3.

Table 3. Results of image classification accuracy assessment over three datasets.

Year Overall Accuracy Kappa Coefficient

2000 84.00% 0.7670
2010 82.00% 0.7397
2020 88.00% 0.8106
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4.2. Decadal LULC Change Analysis

Significant changes in the area have been identified for the different LULC classes
during the observation period. The built-up area has increased remarkably during the
study period, and the spatial changes are shown in Figure 3. The built-up area covering
49.04% in 2000 increased to 53.58% in 2010 and 59.12% in 2020 (Table 4; Figure 4). The
vegetated areas showed a 1.9% decrease from 2000 to 2010 and then a 2.6% decrease from
2010 to 2020 with respect to the total study area. Similarly, barren land coverage with
respect to the study area has been continuously decreasing in the 20-year duration, and
the gross reduction is 5.67%. In contrast, the built-up areas have shown the maximum
increase from 2000 to 2020, i.e., an expansion of more than 10% of the area of the city. The
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area of water bodies in the city has been nearly the same over the decades. Most of the
settlement area increases are observed at the expense of barren land followed by cropland.
Such conversions are primarily observed in the peripheral regions of the city.

Table 4. Decadal changes in LULC classes.

Year Water Vegetation Barren Land Built-Up

2000 1.31% 30.02% 19.63% 49.04%
2010 1.43% 28.12% 16.87% 53.58%
2020 1.40% 25.52% 13.96% 59.12%
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4.3. Spatio-Temporal Distribution of LST during Summer and Winter

Figures 5 and 6 depict the LST distributions for both seasons. The LST for the summer
season was 22 ◦C to 43 ◦C, whereas it was 10 ◦C to 28 ◦C during the winter.

1. Summer: It has been noticed that the LST ranges over the city have risen from 21–36 ◦C
to 26–42 ◦C in two decades. The highest LST values are observed over built-up areas
and bare lands. More specifically, the highest LST is identified over the industrial area
and barren land on the city’s borders. In comparison, lower LST values are observed
in vegetated areas.

2. Winter: The LST ranges have also risen during the winter season from 13–22 ◦C in
2000 to 17–28 ◦C in 2020. During the winter season, a similar LST distribution pattern
to the summer season is observed with the difference in LST values.
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4.4. LST Distribution Pattern for Different LULC Classes

Figure 7 depicts the average distribution of LST in both seasons for different LULC
classes. During summer, the built-up area possessed the highest LST for all the years.
However, in the winter season, the average LST of barren land is higher than that of all
other LULC classes. The vegetation class showed the lowest temperature in both seasons
for all the years.
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4.5. Differentiation of Built-Up (BU) Area and Barren Land (BL) Using DBSI, DBI, and EBBI

The DBSI and DBI are calculated from the Landsat 8 images; however, Landsat 7
is used for the calculation of EBBI. Figure 8 shows the DBI and DBSI maps during both
seasons in 2020. The higher DBI values depict the BU, whereas the moderate values dictate
BL in the image. In the case of DBSI, the high values depict BL, compared to the moderate
values, which indicate BU areas.

However, the regions with the highest and the lowest values of DBSI vary in May
and December over the agricultural areas in the northern parts of the city. This could be
attributed to the Zaid crop growing month of May, whereas December is the near-harvest
period of the Kharif season crop (Figure 8). The highest DBSI values are found in the
periphery region, which depicts the BL, and the moderate values are observed in the BU
areas, located in the central part of the city. Comparatively lower values of DBSI in the map
depict the vegetation and water body.

Figure 9 shows the EBBI distribution for 2000 and 2010 (summer and winter), where
the BL may be found in the city’s outlying regions with the highest EBBI range values,
while the BU can be found in the city’s center with moderate values. The lower values are
used to identify vegetation and water bodies.
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2020 and (d) 1 December 2020.
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4.6. Seasonal Variation of Remote Sensing Indices through Correlation Study

Correlation among the different spectral indices and LST is established for both seasons
to understand the variations in the LST better. Figure 10 depicts the correlation coefficient
values among the different indices.
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4.7. Relationship between NDVI and Land Surface Temperature

Figure 11 shows scatter plots indicating the interaction between NDVI and LST for both
the seasons of 2000, 2010, and 2020. The low NDVI values depict the BU and BL, whereas
the positive values are found to be higher in vegetated areas. A strong negative relation
is found between the NDVI and LST for all the years. The coefficient of determination
is found to be more than 0.92. Figure 12 depicts the class-wise distribution of LST for
different years.

4.8. Relationship between Land Surface Temperature and EBBI

Figure 13 shows the scatter plot of LST and EBBI for both the seasons during 2000 and
2010. The BL is indicated by high EBBI values, while the BU is indicated by lower values. A
strong positive relationship is observed between EBBI and LST, where LST increases with
increasing EBBI values. The coefficient of determination between LST and EBBI is found to
be more than 0.91 for both summer and winter.

4.9. Relationship between DBI, DBSI, and LST

Figure 14 depicts the relationship of LST with DBI and DBSI for both seasons in 2020.
A strong negative relationship is observed between DBI and LST. The higher values of DBI
are observed for BU, whereas the lower values are observed for BL. On the other hand, the
DBSI shows an opposite relationship (i.e., strong positive) with LST, wherein the higher
values are observed for BL than BU. The coefficient of determination is more than 0.95
between LST and DBI, while it is more than 0.98 between DBSI and LST.

4.10. Identification of Urban Heat Island Index (UHIindex)

It has been noted that the BL, BU, and industrial regions had greater LST than other
LULC categories; these little pockets of higher temperature are known as UHIs. The
UHIindex was calculated for each satellite image. The average UHIindex for both seasons
is calculated by taking the mean of the individual UHIindex for the summer and winter
seasons. UHIindex values were 0.5 to 0.7 in the summer for the BU at the center of the city,
whereas they were 0.7 or higher in the south-eastern zone of the industrial area, as shown



Sustainability 2022, 14, 11892 13 of 20

in Figure 15. The UHIindex values in the vegetated regions varied between 0.3 and 0.6, with
a few exceptions. Table 5 depicts the difference in different UHI classes for both seasons.

4.11. Average UHIindex over 20 Years

The lower average UHI values are found in a large water body (Sukhna Lake) present
on the north-eastern side of the city, indicating no significant heating (Figure 16). However,
the average UHI values increased in settlement areas where sparse settlement areas have
been converted into dense settlement areas. Due to the presence of industries, the southern
side of the city possessed a strong UHI zone. The average UHI map depicts the areas
associated with higher or lower UHI zones created throughout the city.
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Table 5. Area of different UHI classes in summer and winter seasons.

Year
Area (%)

Summer Winter

<0.2 1.01 0.90
0.2–0.3 0.75 0.37
0.3–0.4 3.80 9.31
0.4–0.5 21.48 49.98
0.5–0.6 55.35 29.00
0.6–0.7 15.57 8.92

>0.7 1.99 1.48
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5. Discussion

The recent IPCC report [60] suggests that climate change adaptation is essential to build
climatic resilience and achieve sustainable development goals (SDGs). It is challenging
to assess the impact of urbanization on climate and environment, specifically to identify
the future needs and the key aspects towards enhancing climatic resilience [61]. The use
of comprehensive technological measures can limit the increase in mean temperature and
achieve the SDGs for the cities/urban areas. Implementing climate change adaptation
and mitigation strategies, e.g., reducing emissions, building disaster resilient frameworks,
and nature-based solutions, etc., is essential for achieving the SDGs. Studying the land
use changes in the past decades and their impact on UHI is needed of the hour, and it is
pertinent to SDG 11 and SDG 13 [42].

The continuous developments and rapid population growth in Chandigarh city in the
past couple of decades have resulted rapid BU expansion (i.e., above 10% area of the city)
by replacing the barren lands and vegetation. BU and BL areas are found to have higher
LST ranges compared to vegetation and water bodies. In previous investigations, similar
outcomes were reported in various cities [62–64]. LST has gradually increased from May
2000 to 2020. The LST in May 2000 is mostly estimated between 26 ◦C and 32 ◦C, which
increased in 2010, wherein most of the area in the city had a temperature of more than 34 ◦C.
In 2020, the central part of the city recorded a temperature between 32 to 34 ◦C. Again,
the peripheral regions of the city possessed a temperature of more than 34 ◦C. The south-
eastern part containing the industrial area and airport region always had a LST of more
than 34 ◦C throughout the study period. The LST gradually increased in the winter season
also from 2000 to 2020. The average LST of the city increased from 18–22 ◦C to 20–24 ◦C.
The temperature in the peripheral regions of the city in 2020 was recorded as more than
26 ◦C. The decadal LULC change analysis has identified the major conversions as bare land
and agricultural land into settlement areas. Such conversions have led to increased LST
and UHI.

The BL has been identified throughout Chandigarh, with hotspots (highest concentra-
tion) in the city’s northern outskirts. Also, it is observed that more areas at the periphery
of the city possessed higher LST during summer as compared to winter. Due to the lack
of vegetation and water surface, dense settlement areas, including the industrial areas,
possessed higher LST throughout our study period in both seasons. Due to the overlapping
NDVI value ranges, vegetation spectral indices such as NDVI cannot distinguish between
BU and BL areas [65]. On the contrary, spectral indices such as DBSI, DBI, and EBBI were
included to effectively identify the BU and BL, and their contribution to LST. A strong
negative correlation is observed for LST with NDVI and DBI, whereas LST has a strong
positive correlation with EBBI and DBSI. High UHIindex values (>0.7) were observed during
both seasons, mostly over the industrial and dense settlement areas and BL. These regions
indicate the UHIs of the city. From 2000 to 2020, the intensity of surface urban heat was
greater in May than in December, which can be mostly ascribed to the intensity and du-
ration of direct solar irradiance, lower rainfall events, and air temperature. The longer
available solar hours in May than in December heat the land surface more in May than
in December.

The current study uses the Landsat thermal band, which has a 60 m and 100 m
spatial resolution. However, higher-resolution satellite data could provide better results
to determine the effect of urban vegetation and urbanization on the LST distribution.
Future studies may attempt the formation of the surface materials and their differential
contribution to LST. In this study, we have retrieved the LST and its spatial distribution,
demarcated it in Chandigarh city, and analyzed the UHI. The generated LST, UHI, and
green cover maps can help prescribe nature-based solutions to improve urban climate
resilience [66].
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6. Conclusions

Chandigarh has seen a rapid growth of urbanization, resulting in a fast expansion
of settlement areas in the city (i.e., an increase of 10.08%). The overall accuracy of LULC
classification is 82–88%. During both seasons, higher LST was observed mostly over the
dense BU, BL, and industrial areas. LST has a strong negative association with NDVI and
DBI in both seasons, with a coefficient of determination of more than 0.85. BL has higher
EBBI values than BU, and there is a strong positive correlation between EBBI and LST,
with a coefficient of determination of more than 0.85. The EBBI and DBSI have a positive
relationship with LST. As the formation of UHIs leads to the alteration of the regional
climate, the first step to taking appropriate mitigation measures is the identification of
UHIs. In Chandigarh, BL, dense BU, and industrial areas are found to have higher UHIindex
values as compared to green spaces and water bodies. Various mitigation strategies, such
as green roofs, lighter-colored surfaces, etc., can be adopted to reduce the UHI effects.
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