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Abstract In most of the developing countries, man-
made developments in the environment have led to the
growing demand to contextualize the land use land
cover (LULC) changes and land surface temperature
(LST) variations. Due to the modification in the surface
properties of the cities, a difference in energy balance
between the cities and its nonurban surroundings is
observed. The aim of this study is to analyze the spatial
and temporal patterns of LULC and LST and its inter-
relationship in Bengaluru urban district, India, during
the period from 1989 to 2017 using remote sensing data.
Intensity analysis was performed for the interval to
analyze the LULC change and identify the driving
forces. The impact of LULC change on LST was
assessed using hot spot analysis (Getis–Ord Gi* statis-
tics). The results of this study show that (a) dominant
LULC change experienced is the increase in urban area
(approximately 40%) and the rate of land use change
was faster in the time period 1989–2001 than 2001–
2017; (b) the major transition witnessed is from barren
and agricultural land to urban; (c) over the period of
28 years, LST patterns for different land use classes
exhibit an increasing trend with an overall increase of
approximately 6 °C and the mean LST of urban area
increased by about 8 °C; (d) LST pattern change can be
effectively analyzed using hot spot analysis; and (e) as

the urban expansion occurs, the cold spots have in-
creased, and it is mainly clustered in the urban area. It
confirms the presence of an urban cool island effect in
Bengaluru urban district. The findings of this work can
be used as a scientific basis for the sustainable develop-
ment and land use planning of the region in the future.
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Introduction

Land use land cover (LULC) is identified as one of the key
aspects of environmental change in both global and re-
gional levels. The multifaceted interactions between hu-
man and physical environments lead to the process of
LULC change (Manandhar et al. 2010; Huang et al.
2012). Quantification of the causes and effects of LULC
change is very crucial in the efficient utilization and man-
agement of natural resources. Understanding the trends of
LULC change will be very helpful in the land use planning
and environment management of a region (Zhao et al.
2013; Li et al. 2018). With the recent developments in
geographical information science (GIS) and remote sens-
ing, the researchers can effectively characterize and exam-
ine the dynamic changes in LULC (Chaudhuri andMishra
2016; Tran et al. 2017). The availability of spatiotemporal
consistent satellite images and ingenious image processing
techniques has improved the efficiency ofmonitoring these
LULC changes.
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Urbanization is one of the most significant factors
that cause LULC change. It is the rise in the population
of cities in comparison to the rural population of the
region. Urbanization is caused by the transformation of
natural land surfaces comprising of vegetation and per-
vious surface into built-up and impervious surfaces due
to the growth in economy and population (Tan et al.
2010; Mathew et al. 2016; Pal and Ziaul 2017). The
uncontrolled and unplanned urban growth has led to
serious issues on climate and the local environment
(Bhat et al. 2017). The rapid urban growth directly or
indirectly affects various environmental variables like
land cover, temperature, rainfall, and so on. India is
facing a high rate of urbanization due to which most of
its metropolitan cities are becoming urban jungles. The
rapid urbanization in the cities like Mumbai, Delhi,
Kolkata, Chennai, and Bengaluru has led to serious
environmental issues in the respective regions.

In addition to LULC, land surface temperature (LST) is
another imperative parameter which has a significant im-
pact on the environment due to rapid urbanization. The
LST patterns give useful information regarding surface
physical properties and climate. Assessing the distribution
of LST can be helpful in understanding various subjects
like evapotranspiration, climate change, and urban climate
(Arnfield 2003; Bendib et al. 2017). Similar to LULC,
LSTalso has dynamic spatial and temporal variations. LST
can be easily obtained from remote sensing data by using
the thermal infrared band (Shi and Zhang 2018) at different
spatial and temporal scales which gives a better perception
of the temperature distribution compared to the in situ
observation data. Numerous approaches and algorithms
have been proposed by researchers to derive LST from
satellite images (Valor and Caselles 1996; Qin et al. 2001;
Jiménez-Muñoz and Sobrino 2003; Li et al. 2013). Low
and medium spatial resolution spaceborne remote sensing
images are usually used for deriving LST from satellite
images (Zhou et al. 2014; Liu et al. 2016).

In semiarid regions, a phenomenon of urban cooling
effect is experienced due to urbanization. The built-up
areas in the semiarid regions experience lesser temper-
ature compared to the surrounding nonurbanized areas.
This phenomenon is termed as the urban cool island
effect (Frey et al. 2009). Urban cool island effect on the
semiarid environment is a very less explored area. Very
few researches have been carried out on urban cool
island effect, its characterization, and quantification
(Rasul et al. 2015, 2017). Several researchers have
quantified urban heat island (UHI) and urban cool island

(UCI) in green spaces and water bodies within cities;
however, the studies on UCI across a whole urban area
are at its infancy and require better apprehensions (Li
et al. 2011; Balzter et al. 2017). Research in UCI will
provide opportunities for urban planners and policy
makers to implement adaptive management strategies
toward sustainable cities in an uncertain climate future
(Fan et al. 2017).

A lot of studies have been carried out to assess the
impact of LULC on LST. LST has been extensively
used as a significant parameter in understanding the
impacts of LULC change on the environment. Studies
on the impact of urbanization on LST in various cities of
India like Chennai (Devadas and Rose 2009), Delhi
(Ogawa et al. 2012; Babazadeh and Kumar 2015;
Grover and Singh 2015), Hyderabad (Franco et al.
2015), Mumbai (Grover and Singh 2015), Nagpur
(Kotharkar and Surawar 2015), and Jaipur (Jalan and
Sharma 2014) have been carried out by researchers.
Most of the cities in India experience a heating effect
with the development of urban areas, and the LST
increases with the increase in urban area and a decrease
in vegetative cover (Chakraborty et al. 2015; Ziaul and
Pal 2018). An urban cool island effect is observed in
some parts of Central India during the winter season as
reported in few studies (Ghosh et al. 2017).

This study aims at analyzing the spatial and temporal
distribution of LULC and LST in Bengaluru urban
district in the context of urban cool island effect.
Assessing the spatial and temporal distribution of LST
and LULC in the region is the need of the hour. Previous
studies are mainly focused on Greater Bengaluru, which
is a small part of the Bengaluru urban district
(Ramachandra and Kumar 2009; Ramachandra et al.
2013). None of the studies takes into account the whole
of Bengaluru urban district. Considering the district as a
whole helps in understanding the spatiotemporal pat-
terns of LULC and LST in a better way as there are
agricultural activities by farmers and the urban area is
surrounded by barren mountains with shrubs. The urban
cool island effect in the study area is also very less
explored. Very few studies have been reported on UCI
in a semiarid environment. Bengaluru is one of the fast-
growing metropolitan cities of India with a semiarid
tropical climate. This study focuses on the characteriza-
tion of UCI based on hot spot analysis which is one of a
kind in the study area. The analysis was performed for
the time period from 1989 to 2017. The main objectives
of this paper are (i) to quantify the land use change
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patterns and identify the driving factors, (ii) to explore
the spatial and temporal variation of LST, and (iii) to
assess the impact of LULC change on LST using hot
spot analysis during the time interval 1989–2017. The
LULC and LST maps were prepared using
multitemporal satellite images.

Study area

The study area selected is Bengaluru urban district in the
state of Karnataka, India. Bengaluru is popularly known
as the ‘garden city of India’ and the information tech-
nology capital of India. It is famous for its cultural
heritage and industries encompassing information tech-
nology, aerospace, manufacturing, and other sectors.
The Bengaluru urban district is geographically located
between 77° 34′ 19″ E–12° 59′ 34″ N and 77° 38′ 13″
E–12° 56′ 38″ N, respectively, as shown in Fig. 1.
Bengaluru urban district has a geographical area of
2196 km2 and is located at an altitude of about 900 m
above mean sea level. It is situated midway between the
eastern and western coast of the Indian peninsula. The
district receives a mean annual total rainfall of 880 mm
and has no major rivers. Seasonal dry tropical savanna
climate is observed in the district with four seasons, viz.,
dry season, summer season, south-west monsoon, and
retreating monsoon.

At present, Bengaluru has become one of the swiftly
growing cities in the world from a tiny village way back
in the twelfth century. It has been branded as the ‘Silicon
Valley’ of India and is one of the leading technological
innovation hubs. According to the Human Development
Report (Sudhira et al. 2007), it has a high technological
achievement index of 13.

During the decade 2001–2011, Bengaluru urban dis-
trict recorded a population growth rate of 47.18%. The
decadal growth rate increased by 12.10% compared to
the previous growth rate. The decadal growth rate of
rural areas is 12.16% and that of urban areas is 51.91%
which is considerably more than the rate registered in
rural areas. The annual rainfall received also exhibits an
increasing trend. The extent of urbanization that has
occurred in the study area can be acknowledged by the
tremendous increase in the population in the past few
years. From the year 1970, there has been a steep
increase in the population of the region (Fig. 2). Simi-
larly, the plot of annual rainfall exhibits a prominent
increase after 1980.

The temperature of Bengaluru has increased by about
2 °C during the period from 1973 to 2007, confirming
the phenomenon of urban heat island (Ramachandra and
Kumar 2009). From the analysis ofmonthly temperature
and rainfall data from 1901 to 2000, it can be understood
that the highest value of the maximum and minimum
temperature is recorded in the months of April and May,
while the mean rainfall is highest during September and
October (Fig. 3). From the analysis of climate variables
for the past few decades, it was observed that there is an
increase in the minimum, maximum, and average tem-
perature in the region and an increase in the number of
rainy days was also spotted during the same time period
(Fig. 4). The increase in the amount of precipitation and
the rainy days can be attributed to the change in tem-
perature and land use land cover of the region. Accord-
ing to previous studies, there has been a significant
change in the land use land cover of the region. There-
fore, a detailed study on the spatial and temporal varia-
tion of LULC and LST and its interrelationship by
considering Bengaluru district as a whole is pertinent
at this point in time.

Data and methods

The study is mainly focused on the dry season and
employs the Landsat 5 Thematic Mapper (TM) and
Landsat 8 Operational Land Imager (OLI) images. Ta-
ble 1 illustrates the details of the data used in the study.
The images were acquired at around 10:00 a.m. Indian
Standard Time. The study makes use of various remote
sensing methods to estimate the LST and LULC of the
study area for the years 1989, 1994, 2001, 2005, 2014,
and 2017. The methodology of the study is described in
Fig. 5. Survey of India (SoI) toposheet was used for
delineation of the study area. Two complimentary soft-
wares were used for the study: ArcGIS10.1 and ERDAS
Imagine 14.

LULC mapping

The LULCmap of the region was prepared for the years
1989, 1994, 2001, 2005, 2014, and 2017. It was pre-
pared based on supervised classification by employing
Maximum likelihood algorithm. Four broad land use
classes were identified, namely vegetation, water, bar-
ren, and urban (commercial and industrial land,

Environ Monit Assess (2019) 191: 283 Page 3 of 20 283



residential area, and impervious surface). The area of
each land use class is calculated for comparison.

Accuracy assessment

An unbiased representation of the land cover of a region
can be proved by the accuracy of the LULC map. The
accuracy of the LULCmap is usually measured in terms
of a confusion matrix. The rows and columns of the
confusion matrix consist of sample points (pixels) allot-
ted to a particular category relative to the actual category

as obtained from the ground (Congalton 1991). The
rows usually indicate the classified data from satellite
images and the columns represent the reference data.
The overall accuracy of the map and the accuracy of
each class are obtained from the confusion matrix. The
overall accuracy is obtained by dividing the total correct
units by the total number of units. The individual accu-
racy is measured using user’s accuracy (error of com-
mission), based on classified data, and producer’s
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Fig. 1 Location map of the study area

Fig. 2 Distribution of population in the region from 1901 to 2011
Fig. 3 Variation of monthly mean temperature and rainfall of
Bengaluru district based on 1900–2000 data



accuracy (error of omission), based on reference data
(Smits et al. 1999).

Kappa coefficient is another multivariate technique
commonly used in accuracy assessment (Cohen 1960).
It is used to assess whether the confusion matrix is
significantly different from a random result. The kappa
analysis can be used to estimate if a classifier result is
better than the other by comparing the two metrices
(Smits et al. 1999). The kappa coefficient (K) is given
by Eq. 1 (Congalton 1991).

K ¼
N ∑

r

i¼1
xii− ∑

r

i¼1
xiþ � xþið Þ

N2− ∑
r

i¼1
xiþ � xþið Þ

ð1Þ

Where r is the number of rows in the matrix, xii is the
number of observations in row i and column i, xi+ and x+
i are the marginal totals of row i and column i,

respectively, and N is the total number of observations.
The value ofK ranges from 0 to 1 where 1 represents the
complete agreement between the classified and refer-
ence data (Pal and Ziaul 2017).

In this study, 230 ground truth points were acquired
from Google Earth and from the field using GPS. The
overall accuracy, individual accuracies, and kappa coef-
ficient was determined. An overall accuracy higher than
85% indicates the best agreement between the classified
and the ground truth data (Foody 2002).

Intensity analysis

Intensity analysis was carried out to analyze the pattern of
LULC change. Based on the preliminary studies conduct-
ed in the study area, it is observed that major private sector
companies particularly information technology at a larger
scale were established around the year 2000 which led to
the urban growth of Bengaluru. This has tremendously
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Table 1 Remote sensing data used in the study

Sensors Date of acquisition Path/row Bands/product used Resolution (m) Source

Landsat 5 TM 22 February 1989 144/51 4, 3, 2
6

30
120* (30)

earthexplorer.usgs.gov

Landsat 5 TM 20 February 1994 144/51 4, 3, 2
6

30
120* (30)

earthexplorer.usgs.gov

Landsat 5 TM 27 March 2001 144/51 4, 3, 2
6

30
120* (30)

earthexplorer.usgs.gov

Landsat 5 TM 18 February 2005 144/51 4, 3, 2
6

30
120* (30)

earthexplorer.usgs.gov

Landsat 8 OLI 15 March 2014 144/51 5, 4, 3
10

30
100* (30)

earthexplorer.usgs.gov

Landsat 8 OLI 23 March 2017 144/51 5, 4, 3
10

30
100* (30)

earthexplorer.usgs.gov

MODIS (MYD11A1) 18 February 2005 25/7 LST 1000 ladsweb.nascom.nasa.gov

MODIS (MYD11A1) 15 March 2014 25/7 LST 1000 ladsweb.nascom.nasa.gov

MODIS (MYD11A1) 23 March 2017 25/7 LST 1000 ladsweb.nascom.nasa.gov

*The thermal band is acquired at different resolutions but products were resampled to 30 m pixels by NASA
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Fig. 5 Flowchart of methodology

increased the housing sector, infrastructural facilities, etc.
Therefore, the time period was divided into two intervals
from 1989 to 2001 and 2001 to 2017 based on the avail-
ability of cloud-free satellite data. The intensity analysis
was performed for these two intervals.

The extent and rate of LULC change for the time period
in the entire area and in each category are examined using
intensity analysis (Aldwaik and Pontius 2012). The inten-
sity analysis can be broken down into three levels, namely
interval, category, and transition (Table 2). At the interval
level, the variation in the rate of LULC change in the study
area was studied by estimating the annual change intensity
of each time interval. The intensity analysis is based on the
assumption that the annual changes are distributed uni-
formly across the entire time interval and it is called
uniform intensity. The annual change rates obtained are
compared with the uniform intensity value. The results
from the intensity analysis determined which time interval
experienced a faster rate of LULC change compared to the
other. In the category level analysis, the intensities of gross
gains and gross losses in each LULC class were estimated
for both the intervals. The intensity of gain/loss obtained
for each class of LULC was then compared with the
uniform intensity. In the category level, analysis uniform
intensity is the annual change that would occur if the
variation within each interval were scattered uniformly
across the entire spatial extent. Thus, the dormant and
active land use classes and the constancy of their pattern

of change over both time intervals were assessed using
category level analysis. At the transition level, the rate of
transition from one LULC class to another was analyzed
for both the intervals. The observed transitions were com-
pared with the uniform transition intensities to and from
land use classes to examine which LULC classes were
avoided or targeted in a given time interval (Chaudhuri and
Mishra 2016).

In this study, the total time period considered was
28 years (1989–2017) and it was divided into two time
intervals: 1989–2001 and 2001–2017. At first, a cross-
tabulation matrix is prepared for both the time intervals.
Tables 3 and 4 demonstrate the cross-tabulation matrix
for the time intervals 1989–2001 and 2001–2017, re-
spectively. The first matrix is obtained by overlaying the
LULC map of 1989 and 2001, while the second matrix
is obtained by overlaying the maps of 2001 and 2017.
The values in the matrices are the area of the corre-
sponding land use class in square kilometers. The total
column in the right of the matrix is the area of each class
in the initial time, while the total row is the area of each
class in the subsequent time. The column in the far right
gives the gross losses in each class during the interval,
while the row in the bottom gives the gross gains during
the interval.

At interval level analysis, the LULC change experi-
enced during both the intervals is analyzed and the time
interval in which the land transition is faster is identified.



At the category level, the four different categories,
namely vegetation, water, urban, and barren, were ex-
amined, and the active and dormant categories were
determined. In the transition level, the analysis was
carried out in two sublevels: firstly, the rate of transition
from urban to other classes, and secondly, the rate of
transition from vegetation to other classes were deter-
mined in both the time intervals. The LULC class which
is intensively avoided or targeted is identified in this
level of analysis.

LST retrieval

Land surface temperature of the study area was retrieved
from the thermal infrared band of Landsat images. The
approach used in this study for LST retrieval is a simple
single-channel algorithm which can be employed for
coarse resolution images. The method incorporates atmo-
spheric profile values and emissivity obtained fromNDVI,
thereby improving the accuracy of the extraction. Since the
time period considered for the study is from 1989 to 2017
and the dataset used is Landsat data, an LST extraction
method which can be applied to sensors with single

thermal band data was adapted for the study. The conver-
sion of pixel data of the Landsat images to LSTcomprises
of the following steps (Landsat, N.A.S.A. (7) 2011;
Landsat, N.A.S.A. (8) 2015):

1. Conversion of pixel values to spectral radiance
(Landsat 5 TM)

Lλ ¼ Grescaled � QCal þ Brescaled ð10Þ

In the case of Landsat 8,

Lλ ¼ ML � QCal þΔL ð11Þ

Where Lλ is the spectral at-sensor radiance, Grescaled

is the rescaled gain, Brescaled is the rescaled bias, QCal is
the quantized calibrated pixel value, ML is the radiance
multiplicative scaling factor for the band, and ΔL is the
radiance additive scaling factor for the band.

In the case of Landsat ETM+ and Landsat 8 images,
atmospheric corrections are applied to the spectral radi-
ance obtained, while for Landsat 5 TM, the spectral

Table 2 Equations for intensity analysis (Aldwaik and Pontius 2012)

St ¼ 100%� ∑ J
j¼1 ∑ J

i¼1Ctij
� �

−Ctjj
� �n o

= ∑ J
j¼1 ∑ J

i¼1Ctij
� �h i� �

= Y tþ1−Y tð Þ
(2)

U ¼ 100%� ∑T−1
t¼1 ∑ J

j¼1 ∑ J
i¼1Ctij

� �
−Ctjj

� �n o
= ∑ J

j¼1 ∑ J
i¼1Ctij

� �h i� �
= YT−Y 1ð Þ

(3)

Gtj ¼ 100%� ∑ J
i¼1Ctij

� �
−Ctjj

� �
= Y tþ1−Y tð Þ� 	

=∑ J
i¼1Ctij

(4)

Lti ¼ 100%� ∑ J
j¼1Ctij

� �
−Ctii

h i
= Y tþ1−Y tð Þ

n o
=∑ J

j¼1Ctij

(5)

Rtin ¼ 100%� Ctin= Y tþ1−Y tð Þ½ �=∑ J
j¼1Ctij

(6)

Wtn ¼ 100%� ∑ J
i¼1Ctin

� �
−Ctnn

� �
= Y tþ1−Y tð Þ� 	

=∑ J
j¼1 ∑ J

i¼1Ctij
� �

−Ctnj
� � (7)

Qtmj ¼ 100%� Ctmj= Y tþ1−Y tð Þ� �
=∑ J

j¼1Ctij

(8)

Vtm ¼ 100%� ∑ J
i¼1Ctmj

� �
−Ctmm

� �
= Y tþ1−Y tð Þ� 	

=∑ J
j¼1 ∑ J

i¼1Ctij
� �

−Ctim
� � (9)

Where J = number of classes; i = index of a class at the initial time point for a particular time interval; j = index for a class at the final time
point;m = index for the losing class in the transition of interest; n = index for the gaining class in the transition of interest; T = number of time
points; t = index for the initial time point of interval (Yt, Yt + 1), where t ranges from 1 to T − 1; Yt = year at time point t;Ctij = number of pixels
that transition from class i at time Yt to class j at time Yt + 1; St = annual intensity of change for time interval (Yt, Yt + 1);U = value of uniform
line for time intensity analysis;Gtj = annual intensity of gross gain of class j for time interval (Yt, Yt + 1); Lti = annual intensity of gross loss of
class i for time interval (Yt, Yt + 1); Rtin = annual intensity of transition from class i to class n during the time interval (Yt, Yt + 1) where i ≠ n;Wtn

= value of uniform intensity of transition to category n from all non-n classes at time Yt during the time interval (Yt, Yt + 1); Qtmj = annual
intensity of transition from classm to class j during the time interval (Yt, Yt + 1), where j ≠m; and Vtm = value of uniform intensity of transition
from class m to all non-m classes at time Yt + 1 during the time interval (Yt, Yt + 1)

Environ Monit Assess (2019) 191: 283 Page 7 of 20 283



radiance is directly converted to LST in Kelvin (due to
the absence of atmospheric corrections values).

2. Application of atmospheric corrections values to
spectral radiance for Landsat 7 ETM+ and Landsat
8 images (McCarville et al. 2011; Tran et al. 2017)

LT ¼ Lλ−Lu−τ 1−εð ÞLd= τ � εð Þ ð12Þ

Where LT is the surface leaving radiance, Lu is the
upwelling radiance, Ld is the downwelling radiance, τ is
the atmospheric transmission, and ε is the surface
emissivity.

The values of Lu, Ld, and τ were evaluated
using the Atmospheric Correction Parameter Cal-
culator online tool (http://atmcorr.gsfc.nasa.gov;
viewed on January 2018). The surface emissivity
was estimated based on the normalized difference
vegetation index (NDVI) threshold method intro-
duced by Valor and Caselles (1996). The method
uses the green coverage ratio and NDVI for the
assessment of surface emissivity (Shi and Zhang
2018).

3. Conversion of spectral radiance to LST

T ¼ K2= ln K1=LT þ 1ð Þ½ � ð13Þ
Where LT is the surface leaving radiance in watts/(m

2

ster μm) (for Landsat 5 TM image, LT = Lλ); K1, K2 are
the calibration constants of Landsat images (K1 in watts/
(m2 ster μm) and K2 in Kelvin); and T is the surface
temperature in Kelvin.

The LST maps obtained were validated using
MODIS LST data; 100 random sample points were
selected from extracted LST maps and MODIS data
for each year, and a scatterplot was created to determine
the coefficient of correlation (Bendib et al. 2017). The
value of correlation coefficient indicates the accuracy of
the LST map prepared.

Hot spot analysis

The spatial correlation of LST in the study area was
examined by employing the optimized hot spot analysis
tool (Getis–Ord Gi*) in the ArcGIS software. The opti-
mized hot spot analysis tool interrogates your data to

Table 3 Land transition matrix of the study area for the time interval 1989–2001 (km2)

Category 2001 Total Gross loss

Vegetation Water Urban Barren

1989 Vegetation 417.31 9.87 120.16 281.09 828.43 411.12

Water 24.62 17.37 7.23 8.59 57.82 40.44

Urban 10.38 0.51 75.44 9.64 95.97 20.53

Barren 191.66 1.31 212.16 813.61 1218.74 405.13

Total 643.97 29.06 414.98 1112.94

Gross gain 226.66 11.69 339.54 299.33

Table 4 Land transition matrix of the study area for the time interval 2001–2017 (km2)

Category 2017 Total Gross loss

Vegetation Water Urban Barren

2001 Vegetation 203.06 11.44 231.57 190.53 636.60 433.54

Water 8.57 9.34 5.45 5.41 28.77 19.44

Urban 48.32 0.58 267.86 97.53 414.29 146.43

Barren 87.21 0.82 446.47 574.73 1109.22 534.49

Total 347.16 22.18 951.35 868.20

Gross gain 144.10 12.84 683.50 293.47
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obtain the settings that will yield optimal hot spot re-
sults. The presence of hot spots and cold spots over the
entire area was characterized by comparing each feature
(LST value) with its neighboring features (Ord and
Getis 1995). Comparing the value of a given feature
with its neighboring features is important in the charac-
terization of the spatial relationship of features (Nelson
and Boots 2008). Hot spots are regions where the max-
imum value of the feature is clustered, while cold spots
are regions where the minimum value of the feature is
clustered. A feature with a high value should be bound-
ed by other features with high value then it becomes a
statistically significant hot spot. The quantification and
characterization of spatial autocorrelation of remotely
sensed imagery can be effectively carried out by this
technique, the spatial dependence for each pixel is mea-
sured, and the relative magnitude of the digital numbers
in the neighborhood of the pixel is indicated. The Getis–
Ord Gi* local statistics is calculated using (ESRI 2017)

G*
i ¼

∑
n

j¼1
wi; jx j−�X ∑

n

j¼1
wi; jffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n ∑
n

j¼1
w2
i; j− ∑

n

j¼1
wi; j

 !2

n−1

S

vuuuut
ð14Þ

Where xj is the attribute value of the feature j, wij is
the spatial weight between features i and j, n is the total
number of features and

X ¼
∑
n

j¼1
x j

n
ð15Þ

and

S ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

j¼1
x2j

n
−X

2

vuuut ð16Þ

The Gi* statistic value obtained for each feature in the
dataset is a z-score. Clustering of high values results in
higher positive z-scores (hot spot), and clustering of
smaller values results in smaller negative z-scores (cold
spot). The statistical significance of clustering for a
specified distance is indicated by a z-score value (99%
significant: > 2.58 or <− 2.58; 95% significant: > 1.96 or
<− 1.96; 90% significant: > 1.65 or <− 1.65). To be
statistically significant, at a significance level of
0.01(99%), a z-score would have to be less than − 2.56

or greater than 2.56. Seven categories were identified
from the statistical results: very cold spot, cold spot, cool
spot, not statistically significant, warm spot, hot spot,
and very hot spot. The LST pattern was linked with the
change in LULC to assess the impact of LULC change
on LST. This methodology gives a better insight into the
impact of LULC change rather than concentrating on
certain high and low LST values only. The hot spot
maps were created for three years 1989, 2001, and 2017.

Pearson’s correlation coefficient

Pearson’s correlation coefficient is introduced in this
study to establish the relationship between LST and
LULC classes. It is the measure of the degree of linear
correlation between two variables and is determined by
the value of r (Zhang et al. 2019). It is a dimensionless
measure, and the value ranges from − 1 to + 1 where − 1
indicates the variables have a perfect negative correla-
tion, +1 indicates the variables have perfect positive
correlation, whereas 0 indicates there is no linear rela-
tionship between the two variables. Pearson’s correla-
tion coefficient r between two variables X and Y is given
by Eq. 17 (Asuero et al. 2006)

r ¼
∑
n

i¼1
X i−X
� �

Y i−Y
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑
n

i¼1
X i−X
� �2r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑
n

i¼1
Y i−Y
� �2r ð17Þ

Where X and Y are the mean of the variables X and Y,
respectively, and n is the sample size.

Results

The LULC and LST maps were prepared for the years
1989, 1991, 2001, 2005, 2014, and 2017. The spatial
and temporal patterns of LULC and LSTwere analyzed
using intensity analysis and hot spot analysis, respec-
tively. The results prove that there is a significant change
in land cover and LST of the region over the years.

LULC classification

The two main classes observed from LULC classifica-
tion are urban and barren land. Water constitutes only a
very small portion of the study area. The accuracy of the
land use map obtained was determined by comparing
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the ground truth measurements with the classified data.
The overall accuracy of the LULCmaps obtained for the
different years (1994, 2001, 2005, 2014, and 2017)
ranges from 84 to 91% and the kappa coefficient ranges
from 0.85 to 0.91. For recent years, the overall accuracy
of the LULC map is better compared to the earlier years
since the spatial resolution of the recent images was
improved using the pan-sharpening technique. The
values of overall accuracy and kappa coefficient suggest
that the classified map and the reference data have good
agreement with one another.

The results of the LULC classification show that
there is a significant change in LULC of the region from
1989 to 2017 (Fig. 6). The urban area has increased
from 4 to 43% during the period from 1989 to 2017,
while the vegetation has decreased from 38 to 16% and
barren land has decreased from 55 to 40% of the total
area. The LULC change for the period from 1989 to
2017 is analyzed by means of intensity analysis. For the
past 28 years, the urban area has increased by about
40%, while the other land use classes like vegetation,
water, and barren have decreased. This was mainly due
to the increase in information technology establishments
which in turn accelerate real estate and infrastructural
projects at a faster rate to cater to housing and other
services. The two intervals considered for analysis are
1989–2001 and 2001–2017.

Intensity analysis of LULC change

Figure 7 illustrates the time interval analysis for the two
intervals. The bars that extend to the right side display
the intensity of an annual area of change within each
time interval, and the bars to the left indicate the gross
area of total changes in each interval. The left-hand side
of the figure shows that the change in area in the region
during the second interval (2001–2017) is more and the
reason of it being the duration of the first interval is
larger than the duration of the second time interval.
Analyzing the right-hand side of the figure, it is ob-
served that the annual change in area is more prominent
in the interval 1989–2001. This is obtained from the
value of uniform intensity. The uniform line is the
vertical line drawn along the right side of the figure.
The bars that extend beyond the uniform line indicate
that the change is faster in that interval. In this case, the
annual change in the area during the time interval 1989–
2001 is faster, while it is slower in the interval 2001–
2017. This indicates that the LULC change is faster in

the interval 1989–2001, while it is slower during 2001–
2017. After analyzing the rate of LULC change of each
interval, category level analysis for each interval is
carried out. This is due to the fact that many multina-
tional IT companies have started their operation during
1989–2001.

Figures 8 and 9 illustrate the category level analysis
for the intervals 1989–2001 and 2001–2017, respective-
ly. The bars that spread to the right side indicate the
intensity of annual gains and losses within each category
and those to the left side display gross annual area of
gains and losses in the study area. From the left side of
Fig. 8, it is clear that the urban area has the largest gain
during the interval while vegetation has the largest loss.
In the case of Fig. 9, the largest gain is for the urban area,
but the largest loss is shifted to barren land. Hence, the
behavior of urban area is similar in both intervals. The
active and dormant classes can be identified by the
uniform line drawn in the right side of the figure. For
the interval 1989–2001, the urban, vegetation, and water
are the active land use classes, while barren land is
dormant during the interval. Among the active land
use classes, the urban area has experienced significant
gain, while vegetation and water experienced a signifi-
cant loss. A similar behavior is observed for the interval
2001–2017 also where the urban, vegetation, and water
are the active classes and barren land is the dormant
class. The study region exhibits a similar behavior for
the category level analysis in both intervals.

Figure 10 shows the transition intensity analysis to
urban for the time interval 1989–2001. Figure 11 shows
the transition intensity analysis to urban for the time
interval 2001–2017. The bars that spread to the left side
imply a gross annual area of transitions to urban, and the
bars to the right side imply the intensity of annual
transitions to urban within each nonurban category.
The transition to urban from other nonurban classes is
analyzed. From the left side of Fig. 10, it is observed that
the major transition to the urban area has occurred from
the barren land. The area of transition from barren to
urban is more compared to the other two classes. A
similar behavior is observed for the second interval also
proving that the transition from barren to urban is sta-
tionary. The uniform line on the right side of the figure
determines whether the transition should be avoided or
targeted. Since the barren land extends beyond the uni-
form line, it should be targeted. The transition from
barren to urban land is prominent compared to the other
nonurban classes. The transition from water and
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vegetation can be avoided, and the transition from bar-
ren land to urban should be focused. Figure 11 also
exhibits a similar behavior where the major transition
to the urban area has occurred from barren land. Thus,

the transition from barren to urban is stationary accord-
ing to the intensity analysis.

The transition intensity analyses from vegetation for
the time intervals 1989–2001 and 2001–2017 are shown
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Fig. 7 Time intensity analysis for two time intervals: 1989–2001 and 2001–2017

Fig. 6 LULC map of the study area for the years a 1989, b 1994, c 2001, d 2005, e 2014, and f 2017



in Figs. 12 and 13, respectively. The left side portion of
the figure indicates the gross annual area of transitions
from vegetation and the right side indicates the intensity
of annual transitions from vegetation within each
nonvegetation category. From the left side of Fig. 12,
it can be observed that the area of transition from veg-
etation to barren is more compared to urban and water.
In the second interval (Fig. 13), the largest transition
from vegetation to barren was noticed, while the transi-
tion from vegetation to urban is decreased and that of
water has increased compared to the first interval. The
vertical uniform line to the right side of the figure
determines as to whether the transition is targeted or
avoided. In both the time intervals, the transition inten-
sity from vegetation to urban and water is more. These
two transitions are targeted, while in the second interval,
the transition intensity to urban is less compared to the
previous interval.

Concisely, it can be said that the major change in land
use has occurred during the period of 1989 to 2001
compared to the other interval considered. There is a
major increase in the urban area in both the intervals.

The vegetation and water have undergone a major loss
in both the intervals with vegetation experiencing a
higher loss in the second interval compared to the first.
In both the intervals, it is seen that the transition from
barren to urban is intensely targeted and the transition
from vegetation to water is also targeted.

Spatiotemporal variation of LST

The LST patterns of the study area for the years 1989,
1994, 2001, 2005, 2014, and 2017 are shown in Fig. 14.
The LST obtained was validated using the MODIS-
derived LST. The MODIS data used is MYD11A1 with
a spatial resolution of 1 km. The spatial resolution of the
LST retrieved from Landsat images was aggregated to
1 km for comparison. A significant positive correlation
between the LST estimated from Landsat data and
MODIS-derived LSTwas obtained from the scatter plot
with 100 random sample points. Correlation coefficients
in the range of 0.70 to 0.74 were obtained for different
years. This shows the accuracy and reliability of the
method used for LST retrieval. There is a substantial
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increase in the LST of the region from 1989 to 2017. In
can be observed that the maximum, minimum, and
mean LST of the region have increased during the
period from 1989 to 2017.

The variation of LST in the study area for the years
1989, 2001, and 2017 were plotted in Fig. 15 and exam-
ined for understanding the change in LST patterns. In the
year 1989, 53% of the study area was under the LST range
of 32 to 38 °C and 45% experiences an LST range of 26 to
32 °C. In the year 2001, 72% of the study area experiences
an LSTof 38 to 44 °C and 16% experiences an LSTof 32
to 38 °C. For the year 2017, 68% of the study area
experiences an LST of 38 to 44 °C and 27% experiences
an LST of 32 to 38 °C. Thus, it is evident that there is a
clear shift in the range of LST in the region from 1989 to
2017. In the year 1989, only a small percentage of the
study area experiences an LST of 38 to 44 °C, whereas in
2017, 68% of the area falls into this category. Over the
years from 1989 to 2017, the mean LST has increased by
about 7 °C.

On analyzing the pattern of LST for a particular year, it
is observed that the lowest values of LST were traced
toward the center portion of the study area while the higher
valueswere observed along the periphery of the study area.
The center part of the study area is cooler compared to the
surrounding area. This was mainly due to the presence of
large biological and recreational parks of size more than
300 acres with lots of trees, lawns, and water bodies as
observed in the LULC map.

Apart from this, the LST derived from the satellite
images was compared with the air temperature of the
region. The maximum, minimum, and mean values of
LST and the air temperature were compared for the differ-
ent years. A comparatively higher correlationwas obtained
for maximum temperature with a correlation coefficient of
greater than 0.81, while 0.80 was obtained for minimum
temperature. The reason for the same is that the minimum
air temperature is usually measured during the night while
the minimum LST is the minimum temperature observed
at the time of acquisition of the satellite image.
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Fig. 10 Transition intensity analysis to urban for the interval 1989–2001

Fig. 11 Transition intensity analysis to urban for the interval 2001–2017



LST and LULC relationship

The mean LST of each land use type is estimated for the
years 1989, 1994, 2001, 2005, 2014, and 2017. Table 5
demonstrates the change in the distribution of LST for
different classes for the years 1989, 2001, and 2017. There
is a sizeable increase in the mean LST for each land use
type. During the period from 1989 to 2017, the mean LST
of vegetation has increased by about 7 °C, the LST of
water increased by 6 °C, and the LST of urban and barren
land by 8 °C.Meanwhile, there are an increase in the urban
land and a considerable decrease in the area of vegetation,
water, and barren land. The change in LST has occurred
mainly during the period from 1989 to 2001. This was
justified through the intensity analysis that the change is
faster during this period (1989–2001). The highest increase
in LST is observed for built-up and barren land. The
vegetation class in the study area mostly consists of urban
vegetation, i.e., residential lawns, trees, shrubs, and grasses
along the paved surfaces. Due to this, some pixels (spatial
resolution of 30 m) will have a mixed land cover type, and
in the supervised classification with maximum likelihood

algorithm, a mixed pixel is classified into a particular class
based on the proportion of the class. Hence, vegetation
class exhibits a relatively equal increase in LSTwith urban
in this study. Even though there is an increase in the LSTof
the region, lower LST values are observed toward the
center where the urban area is concentrated, and higher
values are observed along the periphery where barren land
is accumulated. This might be due to the presence of
several parks and water tanks situated in the area.

There exists a prominent impact of LULC change on
the LST of the study region. The urban area has in-
creased by approximately 40% of the total area, and
the mean LST has increased by about 8 °C (for urban)
from 1989 to 2017. Overall, the study shows a positive
correlation between urban land and LST over the area.
However, the increase in LST can be attributed to the
rise in the impervious area of the region with modern
buildings and construction materials at large and usage
of HVAC, vehicular pollution, etc. on a lighter scale
which could be investigated separately.

The LST for the different LULC classes for the
period of interest was compared using the Pearson
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Fig. 12 Transition intensity analysis from vegetation for the interval 1989–2001

Fig. 13 Transition intensity analysis from vegetation for the interval 2001 2017–



correlation coefficient. Figure 16 illustrates the interre-
lation between mean LSTof the four land use classes for
the years 1989, 1994, 2001, 2005, 2014, and 2017. The
correlation coefficients obtained for the classes vegeta-
tion, water, barren, and urban are 0.77, 0.88, 0.76, and
0.74, respectively. A relatively high value of correlation

coefficient (greater than 0.6) indicates that there is a
linear relationship between the LST of the different
LULC classes with time. There is a gradually increasing
trend noticed in the mean LSTof the LULC classes. One
of the limitations of this study is that only six images
were used for determining the correlation coefficient
due to which an exact picture cannot be established.

Impact of LULC on LST

Hot spot identification using Getis–Ord Gi* statistics is
widely used in various research areas like natural disaster
estimation (Harris et al. 2017), crime analysis (Craglia et al.
2000), road accident evaluation (Prasannakumar et al.
2011), and heat vulnerability assessment (Wolf and
McGregor 2013). In this study, the impact of LULC
change on LST was examined using this method. The
hot spot map of Bengaluru was created for three different

Fig. 14 LST Map of the study area for the years a 1989, b 1994, c 2001, d 2005, e 2014, and f 2017
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Fig. 15 The variation of LST in the study area
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dates (Fig. 17). This provides a better understanding of the
LST distribution in the area. The identification of hot spot
and cold spot by this method does not depend on a single
high or lowLST value and, hence, provides a better picture
of the hot and cold regions.

The cold spots are mainly clustered in and around the
water bodies, and the hot spots are clustered in the
barren land. It is observed that over time, some Bnot
significant^ regions have become cold spot and it is
indicated by the transformation of certain parks and
water tanks in the center part of the study area to cold
spots. On the whole, hot spot regions are more com-
pared to cold spot regions. Approximately 24% of the
study area is warmer, while 14% is cooler throughout
the time period. The hottest land use type is barren, and
the coldest land use type is water.

During the time period, hot spots have a tendency to
decrease (39.56% in 1989 to 35.04% in 2017), while the
cold spots tend to increase (14.36% in 1989 to 22.89% in
2017). In the years 1989 and 2001, water body contributed
tomore than 50% of the cold spots, while in 2017, the cold
spots are mainly observed in the urban area. Over the time
period, a localization of cold spots is observed in the center
part of the Bengaluru where the major land use type is

urban. At the same time, hot spots are observed in the
peripheral regions of Bengaluru where the major land use
type is barren land. As urban expansion occurs, the cold
spots are clustered in the urban area. Hence, it can be
inferred that in recent years, the urban area has become
cooler than the surrounding rural area confirming the
existence of an urban cool island in Bengaluru. Urban cool
islands are regions where the urban area is cooler than the
surrounding rural area.

Discussion

The proposed research deals with LULC change and its
impact on surface heating patterns for the metropolitan
city of Bengaluru. Monitoring and prediction of LULC
change and its impact on the environment is a topic of
growing interest in the present scenario.

The main objectives of this study were to assess the
spatiotemporal patterns of LULC and LST and to ex-
plore the impact of LULC on LST for the period from
1989 to 2017. Intensity analysis was employed to ana-
lyze the variations of LULC and its driving forces, and
the patterns of LSTwere investigated by employing hot
spot analysis. This research can be replicated for other
cities experiencing a significant change in land cover
due to urbanization over the years.

The results show that Bengaluru has experienced a
significant increase in the urban area during the period
from 1989 to 2017. During the period from 1989 to
2000, the rate of land use change is faster compared to
the interval 2001 to 2017, and the transition exhibited is
from barren to urban. Over the period of 28 years, LST
has increased by about 6 °C and the mean LST of the
urban area increased by almost 8 °C. Another significant

Table 5 Mean LST and land use area of the study region

Land use
types

1989 2001 2017 Change during
2001–1989

Change during
2017–2001

Mean LST
(°C)

Area
(km2)

Mean LST
(°C)

Area
(km2)

Mean LST
(°C)

Area
(km2)

LST
(°C)

% of
area

LST
(°C)

% of
area

Vegetation 29.74 829.54 37.00 644.83 36.93 347.16 7.26 8.38 0.07 13.4

Water 24.90 57.89 29.07 29.1 31.06 22.18 4.17 1.31 1.99 0.31

Barren 31.58 1220.4 41.23 1114.4 40.06 862.3 9.65 4.81 1.17 10.91

Urban 29.43 96.09 39.18 415.53 37.94 951.71 9.75 14.49 1.24 24.62
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Fig. 16 Variation of mean LST for different land use classes
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observation from the study is that the cold spots have
increased and it is mainly clustered in the urban area.

The findings of this research can be attributed to the
urbanization experienced by the study area during the
past years. Numerous public sector and private sector
companies were established after the year 1990 which
led to the migration of people from different parts of the
country to Bengaluru. The urban growth that com-
menced in the 1990s is still advancing in the region with
the drastic increase in population and urban area. Due to
urbanization, the impervious area has increased which
in turn led to the surface heating effect in the area. The
daytime urban cool effect can be ascribed to different
factors. Bengaluru urban district constitutes several
parks like Cubbon Park and Lalbagh Botanical Garden
which are the two major spots and has several water
tanks and lakes which affect the LST of the region. The
daytime LST pattern of the area is due to the intense heat
waves produced in the nonurban area during the sum-
mer season. In the summer season, the evapotranspira-
tion in the outskirts of the city will be very less due to

low vegetation. At the same time, the evapotranspiration
in the urban areas will be high due to human population,
planted trees, and gardens leading to a cooling effect in
the urban area compared to the surrounding (Ghosh
et al. 2017).

The urban growth and surface warming effect of
Bengaluru obtained from this study is in unison with
the previous studies (Ramachandra and Kumar 2009;
Ramachandra et al. 2013) reported in the region. How-
ever, the urban cool effect in Bengaluru is not reported
in any of the previous literatures as most of the studies
were focused on the urban core termed as Greater Ben-
galuru. Studies carried out in other major Indian cities
are mainly focused on the urban heating patterns and its
adverse effects on the human community by employing
different methodologies. Grover and Singh (2015) re-
ported that urban heating effect in Delhi is observed to
be less prominent due to the mixed land use type and
vegetation cover. The LST pattern exhibits a negative
correlation with vegetation and a positive correlation
with builtup in Indian cities like Chennai (Faris and

Fig. 17 Hot spot map of study area for the years a 1989, b 2001, and c 2017
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Reddy 2010) and Nagpur (Kotharkar and Surawar
2015), while the temperature profile experiences a dip
in areas with water bodies, lakes, and parks as reported
in Hyderabad (Franco et al. 2015).

Conclusion

The study presents a comprehensive approach for ana-
lyzing the spatiotemporal variation of LULC and LST
and the impacts of LULC change on the environment.
The LULC change pattern is analyzed using intensity
analysis, and the impact of LULC on LST is quantified
using hot spot analysis. Significant changes in the
LULC and LST pattern have been observed in the study
area from 1989 to 2017. The LULC change during the
period from 1989 to 2001 is faster compared to the
period from 2001 to 2017. The major change witnessed
by the study area during this period is the increase in
urban which is due to the transition from vegetation and
barren to urban. The vegetative cover in the area is
extensively affected during this transition. The growth
of the urban region has been from center to outwards.
The LST pattern of the region has also changed during
the study period. The mean LST of the study area has
increased overall by 6 °C during the period from 1989 to
2017. Over the years, there has been a shift in the range
of maximum LST (experienced by more than 50% of
the area).

This change in LST can be attributed to the increased
urban area of the region by the addition of a greater
number of information technology companies. The im-
pervious area has increased drastically from 1989 to
2017. In the past 30 years, the study area has undergone
large urban land use changes, and one of the main
reasons for this is the IT revolution in the region. Ben-
galuru has witnessed a tremendous increase in job op-
portunities from information technology, aerospace,
manufacturing, and other sectors. This has led to the
migration of a large population from different parts of
the country to Bengaluru. There has been a significant
increase in the number of buildings, houses, roads,
metros, and other infrastructures, thereby widening the
urban area.

It was found that the examination of LST patterns at
different time frames can be effectively performed using
hot spot analysis by Getis–Ord Gi* statistics. The identifi-
cation of hot spot and cold spot by this method does not
depend on a single high or low LST value and, hence,

provides a better picture of the hot and cold regions. On the
whole, hot spot regions (approximately 24%) are more
compared to cold spot regions (approximately 14%). Dur-
ing the time period, hot spots have a tendency to decrease
(39.56% in 1989 to 35.04% in 2017), while the cold spots
tend to increase (14.36% in 1989 to 22.89% in 2017). As
the urban expansion occurs, the cold spots have increased,
and it is mainly clustered in the urban area. It confirms the
presence of an urban cool island in Bengaluru urban
district, where the surrounding rural area is warmer than
the urban center.

The scope of the study is to characterize and establish a
relationship between various land uses using
multiregression analysis. The use of higher resolution sat-
ellite images can improve the result of LULC classification
and thereby improve the analysis of LULC change.

In future land use planning, a sufficient proportion of
public space, green area, and water should be provided in
metropolitan cities to cater to the effect of climate change
due to urbanization. This study provides a scientific basis
for the land use planners and policy makers for the man-
agement of cities confronting rapid urban growth.
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