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A B S T R A C T   

Bengaluru is India’s third largest city by population and has been noted as a prime example of rapid urbanization 
due to the increased presence of the information technology industry. Urban areas are typically characterized by 
(1) higher land surface temperatures (LST) when compared to their surroundings, known as the urban heat island 
(UHI) effect, and (2) lower vegetation spatial extent and density. However, an observational study exploring the 
impacts of increased urbanization on surface temperature and vegetation in Bengaluru during different seasons 
and time of day is lacking. Here, satellite products of LST, Enhanced Vegetation Index (EVI), aerosol optical 
depth, and land cover from the MODerate Resolution Imaging Spectroradiometer (MODIS) were used to assess 
changes in EVI and daytime and nighttime LST over Bengaluru and surrounding non-urban areas from 2003 to 
2018 for the dry (December–February) and wet (August–October) seasons. Results showed that the amount of 
urbanized land increased by 15% from 2003 to 2018. The mean UHI intensity was found to be of greatest 
magnitude during the dry season at nighttime, and an UHI was also observed for the wet season during both 
daytime and nighttime hours. The UHI intensity exhibited an increasing trend in the dry season nighttime and 
wet season daytime and nighttime, suggesting an enhanced UHI effect with increased urban area. Results further 
show an absence of a daytime UHI during the dry season with a significant daytime cooling trend most likely 
attributable to an increase in aerosols, which act to limit daytime surface warming. Understanding the re
lationships among urbanization, UHI intensity, vegetation, and aerosols, and how they change with time could be 
useful to project future UHI impacts in Bengaluru.   

1. Introduction 

Cities are home to more than half of the world’s population (Kim and 
Baik, 2005; Grimm et al., 2008). As many cities continue to expand, 
there are considerable land cover/land-use changes that occur due to 
urbanization. Additionally, the accessibility for people to see and enjoy 
nature decreases with increased urbanization as well as the potential for 
vegetation to thrive (Andersson, 2006). Consequently, there exists a 
need to understand how urbanization may impact the environment (e.g., 
temperature, local and regional climate, air and water quality, vegeta
tion, and drainage) and associated human impacts (e.g., heat exhaustion 
and respiratory diseases), especially in developing areas where urbani
zation rates are rapid and generally understudied (Baud and De Wit, 
2008). 

It is well observed that urban areas have higher surface and air 
temperatures than surrounding suburban and non-urban areas, a phe
nomenon known as the urban heat island (UHI) effect. There are various 

factors that influence UHI intensity including land surface properties, 
local climate, season, time of day, the geographical location of the city, 
the size of the city in terms of both area and population, and anthro
pogenic heat (Kim and Baik, 2005). For example, Oke (1973) and Park 
(1986) illustrated that UHI intensity increases as a city’s population 
increases. Ichinose et al. (1999) showed the seasonal relevance of 
anthropogenic heat and how UHI intensity is greater in winter than 
during the summer. Additionally, cities tend to have less vegetation, 
higher heat capacities, and more buildings, asphalt sidewalks, and roads 
compared to non-urban areas. These urban surface properties result in 
higher heat storage during the daytime and thus more heating at 
nighttime than natural surfaces (Kim and Baik, 2002). Also, urban sur
faces are characterized by lower evapotranspiration rates and a higher 
Bowen ratio (i.e., the ratio between sensible heat fluxes and latent heat 
fluxes), which help urban surfaces to warm faster than suburban and 
non-urban surfaces during the daytime (Taha, 1997). However, this 
daytime warming effect could be weakened as planetary boundary layer 
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(PBL) mixing, which is strongest during the day, is enhanced due to 
increased urban surface roughness (Garratt, 1994). This helps to dissi
pate more surface heat upward (Xia et al., 2016) and result in less 
warming contrast between urban and non-urban surfaces (Miao et al., 
2009). Previous estimates indicate that UHI intensity is strongly 
regionally dependent and varies greatly among cities due to their dif
ferences in the aforementioned controlling factors (e.g., Kim and Baik, 
2005). In general, surface UHI intensity is greater at daytime on an 
annual scale as shown by Peng et al. (2012), where they analyzed 419 
cities using satellite data and found global surface UHI intensity to be 
highest in the daytime for 64% of the cities. However, the 36% of the 
cities that had a higher UHI at nighttime were typically clustered in 
western and southern Asia and northern Africa, i.e., in developing re
gions of the world, where urbanization is typically understudied (Baud 
and De Wit, 2008). Therefore, attention should be given to urbanizing 
cities within these developing areas to determine why they exhibit a 
higher UHI intensity at nighttime rather than daytime. 

Additionally, increased urbanization reduces vegetation density and 
spatial extent and lowers evapotranspiration, which further amplifies 
the UHI effect (Peng et al., 2012; Zhou et al., 2004, 2007). However, if 
cities work to maintain or augment the area of green spaces, the 
increased vegetation density and spatial extent generates increased 
evaporative cooling during the daytime (Peng et al., 2012), which de
creases urban temperatures (Weng et al., 2004; Hung et al., 2005), and 
thus reduces the daytime UHI. Therefore, vegetation greenness needs to 
be quantified when analyzing the UHI effect of a city to determine 
whether it promotes a warming or cooling effect. Satellite measured 
vegetation indices such as the normalized difference vegetation index 
(NDVI) are commonly used to quantify the abundance and energy ab
sorption by leaf pigments such as chlorophyll (Zhou et al., 2001) and is 
also indicative of an urban climate (Gallo et al., 1993; Gallo and Owen, 
1999). 

Another influence on UHI intensity is aerosols. Aerosols can either 
scatter or absorb visible and near-infrared (IR) radiation (i.e., the 
wavelengths where most of the solar radiation is contained). Urban 
areas typically have more pollutant aerosols than non-urban (Tie and 
Cao, 2009; Kanakidou et al., 2011), which are typically in the form of 
black carbon (BC). BC aerosols are generated from the incomplete 
combustion of vehicular and industrial fuels (Koelmans et al., 2006) and 
have strong solar radiation absorption properties (Jacobson, 2001; 
Ramachandran and Kedia, 2010), and thus can reduce land surface 
temperature (LST) during the daytime (Cusack et al., 1998; Lacis and 
Mishchenko, 1995; Qian et al., 2003, 2006). Jin et al. (2010) recently 
showed that a high aerosol optical depth (AOD) can reduce absorption of 
sunlight at the surface by 40� 100 Wm-2 and reduce LST over urban 
areas by 1� 2 K when compared to non-urban surroundings over Beijing. 
Therefore, increased AOD can reduce solar heating at daytime, and this 
cooling can cancel or exceed the UHI effect. Despite that rapid urbani
zation often causes increased pollution, and thus increased aerosols in 
urban areas, AOD and its relation to UHI intensity has rarely been 
investigated. 

UHI intensity has been quantified as the difference in air temperature 
between two weather stations, one urban and one nearby non-urban 
(Gallo and Owen, 1999; Kalnay and Cai, 2003; Petersen, 2003; Zhou 
et al., 2004; Yang et al., 2013; Dienst et al., 2019). However, due to a low 
density of weather stations over many regions, satellite data have 
recently used LST to characterize spatiotemporal structures of UHI with 
sufficient resolution to distinguish between urban centers and 
non-urban surroundings and provide global coverage at high resolution 
(e.g., Hung et al., 2005; Peng et al., 2012; Anniballe et al., 2014; Fathi 
et al., 2019). LST has been shown to be similar to air temperature for 
both urban and non-urban areas (Prihodko and Goward, 1997; Mosto
voy et al., 2006; Cheng et al., 2008). However, the UHI intensity 
measured using LST compared to the UHI intensity measured using air 
temperature has been shown to be larger in magnitude, although both 
data sources show UHI impacts (Anniballe et al., 2014; Schwarz et al., 

2012). Using either metric, UHI impacts have been extensively studied 
in various cities using satellite products such as Houston, Texas 
(Streutker, 2003), Shanghai, China (Cui and Shi, 2012), Milan, Italy 
(Anniballe et al., 2014), among others, in terms of their magnitude in 
relation to the factors listed in Kim and Baik (2005). 

United Nations (2018) projects an increase from 18 to 43 megacities 
(i.e., a city with over 10 million inhabitants) by 2030, with most of them 
in developing countries such as India, China, and Nigeria. Together, 
these three countries are projected to account for 35% of the world’s 
urban population growth between 2018 and 2050 (United Nations, 
2018). Focusing on India, extreme urban growth in recent decades has 
transformed a mainly rural population and agricultural-based economy 
into a rapidly industrializing society accompanied by significant ur
banization (Baud and De Wit, 2008). In particular, Bengaluru (12.97�N, 
77.59�E), which is located in southern India on the Deccan Plateau at an 
elevation of 900 m above sea level, is India’s third most populous city 
and has been noted as an excellent example of rapid urbanization 
(Sudhira et al., 2007; Sudhira and Nagendra, 2013). According to the 
most recent Census of India (2011), Bengaluru has a population of 
approximately 10 million, which represents a 47.18% increase from the 
total population in 2001 at the time of the previous census report. 
Additionally, Bengaluru was nicknamed the “Garden City” due to its lush 
greenery and presence of public parks. However, in recent years, the 
information technology industry has been encroaching on this greenness 
through the development of new infrastructure, and the creation of new 
jobs and housing projects. Now, Bengaluru is often referred to as India’s 
“Silicon City” (Sudhira et al., 2007). 

Despite rapid urbanization, the UHI intensity of Bengaluru has yet to 
be thoroughly quantified. To our knowledge, only Ramachandra and 
Kumar (2010) and Ambinakudige (2011) have quantified LST and NDVI 
changes over Bengaluru so far. Ramachandra and Kumar (2010) deter
mined the mean annual LST in Bengaluru over different surface prop
erties (e.g., varying degrees of urban, vegetated, and wet) using satellite 
data from Landsat in the 1990s and the MODerate Resolution Imaging 
Spectroradiometer (MODIS) in the early 2000s. Ambinakudige (2011) 
used MODIS LST data from March 2000 and 2003 to determine the 
minimum, maximum, mean, and standard deviation of LST on different 
surfaces in Bengaluru. Both studies found NDVI to decrease within the 
city. While both studies showed that an UHI does exist in Bengaluru and 
its intensity will likely increase with more urbanization, these studies 
did not account for seasonality and the diurnal cycle, which are critical 
to the understanding of UHIs in tropical Asian cities due to varying 
precipitation amounts throughout the year and large diurnal variations 
in temperature (Hung et al., 2005). Also, their usage of satellite remote 
sensing datasets were not the most up-to-date. Furthermore, NDVI could 
become saturated over dense vegetation and during the peak growing 
season (Zhou et al., 2014), and thus may not be the most reliable 
vegetation index. Additionally, previous works have shown that AOD 
has increased in India, especially during the dry season (e.g., Latha and 
Badarinath, 2003, 2005; Safai et al., 2007). In Bengaluru, an increase in 
atmospheric aerosols due to higher air pollution from automobiles has 
been observed (Ramachandran et al., 2012). Furthermore, Pandey et al. 
(2014) showed that increased AOD can induce an urban cool island 
during the dry months in New Delhi, India since aerosols cannot be 
quickly removed by wet deposition during this time. Since the effect of 
AOD on UHI intensity is a relatively new area of investigation (Pandey 
et al., 2014), there is interest to see if the UHI in Bengaluru acts in a 
similar manner to New Delhi when considering AOD since it was 
neglected in Ramachandra and Kumar (2010) and Ambinakudige 
(2011). Overall, Bengaluru’s urbanization is unique in that urbanization 
impacts surface temperature, vegetation, and aerosols, thus making the 
city an excellent case study to see how these variables interact. 

There exists opportunity to gain a better understanding of urbani
zation impacts over Bengaluru using the most up-to-date satellite remote 
sensed products, namely products from MODIS. While weather stations 
do exist in the Bengaluru area, coverage is sparse (Mendelsohn et al., 
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2007), and therefore these in-situ measurements would not be suitable 
for a study of this nature. To overcome the data quality limitations of 
NDVI, another vegetation greenness index, namely the enhanced vege
tation index (EVI), can be used as a proxy for vegetation health and 
abundance as well as be an indicator of urban climate to assess vege
tation changes due to urbanization. EVI is similar to NDVI, but is more 
sensitive to dense vegetation than NDVI (Huete et al., 1999; Zhou et al., 
2014) and less sensitive to soil and atmospheric effects (Zhang et al., 
2005), thus making it extremely suitable for use in Bengaluru given its 
dense vegetation, high aerosol loadings, and susceptibility to monsoonal 
rainfall. 

Bengaluru has a rapidly increasing population and increasing extent 
of urban areas, but its UHI intensity and corresponding impacts have not 
been thoroughly studied. Given Bengaluru’s originally dense vegetation 
due to its previous nickname (i.e., "Garden City"), high and increasing 
aerosol loadings, and the fact that increasing urban temperatures can 
cause more heat related illnesses in a populated city, it is important to 
study the impacts of urbanization on surface temperature, vegetation, 
and aerosols together. The goals of this paper are as follows:  

1. Calculate the trends of the extent of urbanized area over Bengaluru 
and UHI intensity during both the monsoon season and the dry 
season.  

2. Quantify the corresponding changes in vegetation greenness and 
aerosol concentration for the monsoon season and the dry season 
over Bengaluru.  

3. Understand the relationships among urbanization, UHI intensity, 
vegetation greenness, and aerosols for Bengaluru that could be used 
to project future UHI impacts. 

2. Data and methods 

2.1. Study region 

In this study, urbanization impacts were analyzed over a 
50 km � 50 km region surrounding the Bengaluru city center (12.97�N, 
77.59�E). A 50 km � 50 km region was chosen such that the region 
would be large enough to include both urban (i.e., Bengaluru) and non- 
urban areas so that the UHI intensity could be calculated (i.e., urban LST 
minus non-urban LST). Furthermore, this study region size is small 
enough to exclude other urbanizing cities/towns (e.g., Town of Ram
anagara that is approximately 47 km to the southwest of Bengaluru). 

2.2. Precipitation seasonality 

The seasonal cycle of precipitation over Bengaluru from 2003 to 
2018 was analyzed to determine the months of heaviest rainfall (i.e., the 
monsoon season) compared to the months with the least amount of 
rainfall (i.e., the dry season). This time period was chosen to correspond 
with the availability of MODIS data (see Section 2.3). The Climate 
Prediction Center global unified gauge-based daily precipitation data 
was obtained from NOAA/OAR/ESRL/PSD from their web site 
https://www.esrl.noaa.gov/psd/ at 0.5� horizontal resolution. The 
2003–2018 mean seasonal cycle of daily precipitation averaged over the 
Bengaluru region (12.25�N–13.75�N, 76.75�E� 78.25�E) is shown in 
Fig. 1. Since the analysis is limited to a short time period, the seasonal 
cycle of precipitation is characterized by high internal variability. This is 
evidenced by the large spread between the maximum and minimum 
values of daily precipitation for each month. However, the monsoon 
season (August, September, and October–ASO) and the dry season 
(December, January, and February–DJF) are distinguishable since the 
daily mean, maximum, and minimum values were all less than 2 mm/ 
day in DJF and there exists a rapid increase in daily precipitation right 
before ASO that is followed by a rapid decline. Thus, the analyses will be 
limited to these two seasons. 

2.3. MODIS LST and land cover data 

All remaining data used in this study are from MODIS instruments 
Terra and Aqua, which image the entire Earth’s surface every 1–2 days 
and obtain data in 36 spectral bands that range in wavelengths from 0.4 
to 14.4 μm. The sun synchronous orbital characteristics of Terra and 
Aqua have a daytime and nighttime Equatorial crossing time of 
approximately 10:30 and 13:30 local solar time, and 22:30 and 01:30, 
respectively. MODIS data are available since March 2000 for Terra and 
July 2002 for Aqua, therefore the time period of analysis was chosen to 
contain years 2003–2018 in order to use data from both satellites. 

To quantify UHI intensity, the 8-day composite MODIS LST data at 
1 km resolution from Collection 6 from both Terra (MOD11A2) and 
Aqua (MYD11A2) were utilized. The Terra and Aqua clear-sky mea
surements were combined to produce daytime LST values (averages of 
10:30 and 13:30) and nighttime LST values (averages of 22:30 and 
01:30). Since daily MODIS data typically suffers from orbital swath gaps 
and missing data, 8-day composites were used as this represents the best 
quality clear-sky LST measurement from all the acquisitions during each 
8-day period. To identify the land cover type and quantify the land cover 
change over the study region, the MODIS Terra and Aqua combined 
annual land cover product from Collection 6 at 500 m resolution 
(MCD12Q1) was used. The land cover data was first re-sized to a 1 km 
resolution using nearest neighbor interpolation in order to match the 
resolution of the LST data. The 1 km MODIS land cover product 
(MCD12Q2) was not used since data was only available from 2003 to 
2016. The MCD12Q1 500 m resolution land cover product only con
tained data from 2003 to 2017, therefore the land cover data from 2017 
was used for 2018 since land cover type does not drastically change from 
year to year (i.e., Fig. 3b shows an approximate 1% yr� 1 increase in 
urban land cover from 2003 to 2017). 

For each year from 2003 to 2018, the 8-day MODIS LST data was 
utilized to calculate seasonal means for DJF and ASO. To understand 
where LST has changed from 2003 to 2018, linear trends in LST were 
computed for the entire time period for the study region in DJF and ASO 
during daytime and nighttime. Statistical significance of the LST trend 
was calculated using the Student’s t-test, with a p-value � 0.1 to be 
considered statistically significant. Although the study period of 16 

Fig. 1. The 2003–2018 mean seasonal cycle (black line) of daily precipitation 
averaged over Bengaluru (i.e., 12.25�N–13.75�N, 76.75�E� 78.25�E), the 
maximum value of daily precipitation averaged over Bengaluru for each month 
between 2003 and 2018 (red asterisk), the minimum value of daily precipita
tion averaged over Bengaluru for each month between 2003 and 2018 (blue 
asterisk), and the spread in between the maxima and minima values 
(grey asterisk). 
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years is short, the rapid urbanization has created a persistent trend and 
thus a linear trend is appropriate to quantify the LST changes. Note that 
the LST differences for the 2015–2018 mean minus the 2003–2006 mean 
were also calculated to illustrate the spatial patterns of LST changes. 
However, the results were very similar to the linear trends, and thus not 
shown here for brevity. Further analysis of urban heating included 
computing the seasonal time series of LST over the urban pixels only in 
an effort to characterize the change in LST attributable directly to an 
increase in urbanization in each year from 2003 to 2018. In order to 
measure the UHI intensity over time, the LST over non-urban pixels only 
was calculated, and then subtracted from the urban LST. It is reasonable 
to assume that LST over urban pixels and the LST over non-urban pixels 
share similar background meteorological conditions, so their LST dif
ferences reflect primarily impacts of local land surface conditions (i.e., 
urbanization impacts). The MODIS land cover classification for the area 
surrounding the Bengaluru metropolitan area is mostly croplands and 
does not change drastically during the time period analyzed (Fig. 2). 
Therefore, cropland pixels were classified as non-urban and included in 
the non-urban LST calculation. If a cropland pixel was within 5 km of an 
urban, water body, or permanent wetland pixel (i.e., transition zone 
from urban to non-urban), the transition region was removed from the 
non-urban LST calculation (e.g., Xia et al., 2019) to minimize possible 
contaminations (e.g., water surfaces are usually characterized by higher 
latent heat fluxes, and thus lower LST values). 

2.4. MODIS EVI data 

The 16-day composite vegetation index (VI) MODIS data for EVI at 
1 km resolution from Collection 6 for 2003–2018 from both Aqua 
(MYD13A2) and Terra (MOD13A2) were used to measure the reduction 
in vegetation greenness as a result of urbanization. Data from the Aqua 
and Terra satellites were averaged. Similar to the LST data, the 16-day 
composite algorithm chooses the best available pixel value from all 
the clear-sky acquisitions during the 16-day period, namely the highest 
value acquired (Xia and Zhou, 2017). As with the LST analysis, the EVI 
data was utilized to calculate seasonal means for DJF and ASO for each 
year. EVI linear trends were assessed over the same 50 km � 50 km re
gion surrounding the Bengaluru city center for both seasons from 2003 
to 2018. Statistical significance of the EVI linear trend was calculated 
using the Student’s t-test, with a p-value � 0.1 to be considered statis
tically significant. The DJF and ASO mean time series of EVI over a 
40 km � 40 km region surrounding the Bengaluru city center was then 
computed to assess the mean change in EVI over Bengaluru from 2003 to 
2018. Here, the urban pixel only approach was not applied as was done 
for the LST analysis because it is imperative for the results to not be 
skewed (i.e., EVI is already low over urban pixels due to decreased 
vegetation abundance). A 40 km � 40 km region was chosen rather than 
the original 50 km � 50 km region since the most extreme surroundings 
are predominantly croplands and not included in the Bengaluru 
metropolitan area and could mask any decline in greenness over Ben
galuru (e.g., Fig. 2). 

Fig. 2. The distribution of annual land cover type over the 50 km � 50 km region surrounding the Bengaluru city center for a) 2003 and b) 2017. c) The pixels 
associated with urban land cover in 2003 (blue stippling) and 2017 (red stippling), and other pixels that showed changes in land cover in 2017 compared to 2003 
(black stippling) for the 50 km � 50 km region surrounding the Bengaluru city center. Forest has been abbreviated as F. in the figure legend. 
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2.5. MODIS AOD data 

To investigate possible impacts of increasing aerosols on UHI in
tensity, the MODIS Terra and Aqua combined product for AOD at a 1 km 
spatial resolution and daily temporal resolution (MCD19A2) was used. 
This product measures AOD at 0.47 μm (i.e., blue band) and 0.55 μm (i. 
e., green band), and measurements are made during the daytime since 
this remote sensing retrieval relies on solar radiation. The DJF and ASO 
mean time series of AOD over the 50 km � 50 km region surrounding the 
Bengaluru city center was computed from 2003 to 2018 to assess the 
trend and make any connections to UHI intensity. 

3. Results 

3.1. Major UHI characteristics in Bengaluru 

Prior to any analysis regarding urbanization impacts, urbanization 
characteristics and the existence of an UHI from the chosen data were 
evaluated over Bengaluru. The 2003–2018 mean nighttime LST was 
utilized, since UHI impacts are expected to be greater at night for 
southern and western Asia cities (Peng et al., 2012). The urban pixel 
locations in 2003 and 2017 were also determined to assess where ur
banization has occurred over Bengaluru (Fig. 3a). The percentage in
crease in urban pixels relative to 2003 for each year and the 
corresponding area within the 50 km � 50 km region occupied by urban 
pixels were also calculated (Fig. 3b). Results show that LST is higher 
over the Bengaluru city center when compared to the surroundings, and 
the coverage of urbanized area has increased by 15.03% during the time 

period of interest, thereby verifying Bengaluru produces an UHI and has 
experienced rapid urbanization. Additionally, urbanization is mostly 
limited to the outskirts of Bengaluru and the urban pixel locations are 
co-located with the UHI (Fig. 3a). Furthermore, the LST data capture 
areas within the city that have lower LST. An example of this includes 
Bellandur Lake (white circle in Fig. 3a), which has lower LST due to 
higher evapotranspiration than urban surfaces. 

Analysis of both the DJF and ASO 2003–2006 and 2015–2018 mean 
daytime LST (Fig. 4) shows a stronger UHI in ASO than in DJF for both 
time periods. Overall, an UHI is absent for DJF during the daytime, 
which may be indicative of an urban cool island since non-urban areas 
are characterized by higher LST than urban (Table 1). From 2003–2006 
to 2015–2018, the extent of cold LST in DJF and warm LST in ASO over 
the urban areas has increased in magnitude and spatial extent (Fig. 4b, 
e). Analysis of the 2003–2018 linear trends in LST (Fig. 4c,f) illustrates a 
significant decrease in LST over more than two-thirds of the study region 
(70.12% of pixels exhibited significant changes) in DJF, and nearly all 
areas with a significant trend in LST in ASO are positive and situated 
over the pixels where urbanization has taken place on the outskirts of 
the city (i.e., Figs. 2c and 3a). Investigation of both the DJF and ASO 
2003–2006 and 2015–2018 mean nighttime LST (Fig. 5) shows an UHI 
effect in both seasons that increases in magnitude and spatial extent over 
time. The UHI has a higher LST within the city center in ASO, however, 
the urban and non-urban contrast is higher in DJF (Table 1). Addition
ally, the UHI areal extent is greater at nighttime compared to daytime 
for Bengaluru. Analysis of the 2003–2018 linear trends in nighttime LST 
for both seasons (Fig. 5c,f) shows a significant increase in LST of 
approximately 1 K decade� 1 over Bengaluru. Furthermore, the areas of 

Fig. 3. a) The pixels associated with urban land cover 
in 2003 (blue stippling) and the additional urban 
pixels in 2017 (green stippling) for the 50 km � 50 km 
region surrounding the Bengaluru city center. Con
tours represent the 2003–2018 mean nighttime LST 
from the combined MODIS Aqua and Terra products 
contoured every 0.5 K from 290 K to 295 K. The 
landmarks pointed out include Bellandur Lake (white 
circle), HAL Airport, Jakkur Aerodrome, Yelahanka 
Air Force Station (AFS), Kempegowda International 
Airport Bengaluru (BLR), and Vidhana Soudha. b) 
The relative percentage change as compared to 2003 
in the number of urban pixels over the 50 km � 50 km 
region over Bengaluru (blue line) and the corre
sponding area of urban pixels (red dashed line).   
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significant LST increase again occur on the edges of the city, where the 
land cover changes from non-urban to urban by the end of the time 
period analyzed (e.g., Figs. 2c and 3a). A few non-urban areas with 
significant decreases in LST are also observed in both seasons (Fig. 5c,f), 
but further attribution over these areas is beyond the scope of this study. 
Note that these LST trends contain both changes in the background 
large-scale or regional climate change and the urban-induced signal. 
Since the background LST signal is large-scale and should be similar in 
each region and the urban areas show larger warming than non-urban 
except for DJF daytime, this indicates that the UHI has contributed to 
most of the LST warming trends. 

3.2. UHI intensity 

Fig. 6 shows the interannual variability and trends in UHI intensity 
(i.e., urban LST minus non-urban LST) from 2003 to 2018 for both DJF 
and ASO daytime and nighttime. Statistically significant increasing 
trends in UHI intensity are observed, with the exception of DJF daytime 
where the trend is decreasing and not significant (Fig. 6; Table 1). Here, 
both a Mann–Kendall (MK) trend test for each time series and a 

Student’s t-test for each trendline were applied to ensure the trends are 
robust. In each case with increasing UHI intensity, the mean urban LST 
has a faster increasing trend compared to the mean non-urban LST trend 
(Table 1) due to increased urbanization over the analyzed time period. 
Additionally, the 2003–2018 mean urban LST is higher than the mean 
non-urban LST for these cases (Table 1), thus resulting in positive mean 
UHI intensity. For the DJF daytime case, the mean urban LST has a faster 
decreasing trend compared to the mean non-urban LST trend (Table 1), 
thus resulting in a decreasing UHI intensity. Furthermore, the 
2003–2018 mean non-urban LST is higher than the mean urban LST 
(Table 1), causing a negative mean UHI intensity. Note that besides 
urbanization, the trends in urban and non-urban LST are also affected by 
the regional and large-scale climate variability. However, such effects 
should have minor impacts on the estimate of UHI intensity because 
climate variability is expected to be similar across both urban and non- 
urban areas. For the time period of analysis, the largest urban and non- 
urban mean magnitude contrast occurs at nighttime during the dry 
season with a value of 1.43 K (Table 1). The DJF nighttime case also 
exhibited that fastest increasing trend in LST over urban pixels with a 
value of 0.39 K decade� 1. The UHI intensity was observed to have the 

Fig. 4. a) The 2003–2006 mean daytime LST (K) for the 50 km � 50 km region surrounding the Bengaluru city center in DJF from the combined MODIS Aqua and 
Terra products. d) As in a), but for ASO. (b, e) As in (a, d), but for the 2015–2018 mean. c) The 2003–2018 linear trends in DJF daytime LST (K yr� 1). Stippling 
indicates where the change is statistically significant at the 10% level. f) As in c), but for ASO. The percentage of pixels that are significant are shown in the title of c) 
and f). 

Table 1 
Summary of statistics for each time series in Fig. 6. The first column represents the trend in urban, non-urban, and urban minus non-urban (i.e., UHI intensity). Bold 
indicates that the time series is significant as per the Mann–Kendall trend test. The second column represents the P-value of the trendline based on the Student’s t-test. 
The last column represents the 2003–2018 mean LST value based on the time series in Fig. 6.   

LST Trend (K decade� 1) P-value 2003–2018 Mean (K) 

DJF Daytime Urban ¡0.94 0.00 306.10 
Non-urban ¡0.80 0.04 306.70 
Urban minus Non-urban � 0.14 0.34 � 0.60 

ASO Daytime Urban 0.57 0.28 305.21 
Non-urban 0.15 0.82 304.07 
Urban minus Non-urban 0.42 0.09 1.14 

DJF Nighttime Urban 0.39 0.08 291.40 
Non-urban 0.18 0.50 289.97 
Urban minus Non-urban 0.20 0.03 1.43 

ASO Nighttime Urban 0.33 0.19 292.88 
Non-urban 0.02 0.93 291.85 
Urban minus Non-urban 0.30 0.02 1.02  
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fastest increasing trend in ASO daytime of 0.42 K decade� 1. 
It is evident that the UHI in Bengaluru varies spatially and diurnally. 

According to Peng et al. (2012), in Asia the winter nighttime UHI in
tensity was higher (1.2 � 0.7 �C) than the summer UHI nighttime in
tensity (1.0 � 0.5 �C), and the summer daytime UHI intensity was higher 
(1.5 � 1.3 �C) than the winter UHI daytime intensity (0.9 � 1.0 �C). 
These results do coincide with the UHI intensity for Bengaluru (Table 1) 
in that the UHI intensity at nighttime is higher in DJF than ASO and the 
UHI intensity at daytime is higher in ASO than DJF. Overall, Peng et al. 
(2012) found the highest UHI intensity for Asia occurred in summer 

daytime, while for Bengaluru the highest mean intensity occurs in 
winter nighttime, followed by the summer daytime. Differences in 
vegetation cover/amount between urban and suburban areas play a 
dominant role in controlling the daytime UHI intensity (Peng et al., 
2012). Bengaluru was nicknamed the “Garden City” due to its lush 
greenery and presence of public parks, and thus while its vegetation is 
declining from urbanization, the remaining relatively high abundance of 
urban vegetation helps to reduce its LST contrast from its surroundings 
during the day. Additionally, enhanced PBL mixing over Bengaluru due 
to increased surface roughness also helps to weaken such LST contrast 

Fig. 5. As in Fig. 4, but for nighttime LST.  

Fig. 6. The time series (solid lines) and trendlines (dashed lines) of the mean urban, non-urban, and urban minus non-urban (i.e., UHI intensity) LST from the 
combined MODIS Aqua and Terra products for a) DJF daytime, b) ASO daytime, c) DJF nighttime, and d) ASO nighttime from 2003 to 2018. See Table 1 for trend 
values and significance. 
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during the day. These effects can possibly explain why Bengaluru’s UHI 
does not behave in the same manner as majority of the cities assessed in 
Peng et al. (2012). 

The empirical relationship determined between UHI intensity and 
the area of land that is urbanized was calculated utilizing least-squares 
regression (Fig. 7). Results show a positive correlation between 

Fig. 7. Scatter plots between the area of urban pixels and the UHI intensity (i.e., urban LST minus non-urban LST) for a) DJF daytime, b) ASO daytime, c) DJF 
nighttime, and d) ASO nighttime. The equation of the trendline based on least squares regression and correlation coefficient (R) with p-value (p-val) between the area 
of urban pixels and the UHI intensity are shown in the top right of each panel. 

Figure 8. (a, d) The 2003–2006 mean EVI for the 50 km � 50 km region surrounding the Bengaluru city center in DJF and ASO. (b, e) As in (a, d), but for the 
2015–2018 mean. (c, f) The 2003–2018 linear trends in EVI per year for DJF and ASO. Stippling indicates where the change is statistically significant at the 10% 
level. The percentage of pixels that are significant are shown in the title in c) and f). 
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increased UHI intensity and increased area of urbanized land in ASO 
daytime (R ¼ 0.41), DJF nighttime (R ¼ 0.55), and ASO nighttime 
(R ¼ 0.55). However, a negative correlation occurred in DJF daytime 
(R ¼ � 0.27). The correlation coefficients were only significant at 
nighttime (p-value < 0.03 in both DJF and ASO nighttime). This linear 
regression model can be of great utilization for Bengaluru city planners 
and managers in order to determine the UHI intensity in accordance 
with urbanization rates. Furthermore, this model may be applicable to 
other tropical cities where similar urbanization growth is expected. 

3.3. Impacts on vegetation greenness 

EVI values are higher in ASO and have a larger range compared to 
DJF (Fig. 8a,b,d,e) since ASO corresponds to the wet season character
ized by the peak vegetation growing season (e.g., Jiang et al., 2019). 
Analysis of both the average 2003–2006 and 2015–2018 EVI during 
both DJF and ASO (Fig. 8a,b,d,e) shows that the lowest values of EVI 
occur within the city center and edges. In terms of the corresponding 
linear trends in EVI for DJF and ASO from 2003 to 2018 (Fig. 8c,f), 
significant negative trends of up to � 0.15 decade� 1 within the Benga
luru city center and edges are observed. Similar to the trends in LST 
(Figs. 4 and 5), the negative trends are of the highest magnitude on the 
edges of the city, where land is becoming urbanized (i.e., Figs. 2c and 
3a). 

Analysis of the overall trend in the mean EVI from 2003 to 2018 for 
both DJF and ASO over the 40 km � 40 km region (Fig. 9) shows a sig
nificant decreasing trend in EVI of 0.01 decade� 1 in DJF and 0.03 dec
ade� 1 in ASO. According to the trendlines, the relative percentage 
decrease in EVI in 2018 compared to 2003 is 6.32% in DJF and 13.56% 
in ASO. The percentage decrease in EVI during ASO is quite similar to 
the percentage increase in urbanization (i.e., 15.03%; Fig. 3b), which 
may show the strong connection between decreased vegetation and 
increased urbanization, and thereby increased UHI intensity. The per
centage decrease in EVI during DJF is not as high as ASO due to less 
vegetation abundance during the dry season. Overall, these results 
suggest that urbanization in Bengaluru does cause a decline in vegeta
tion greenness. Furthermore, this decline may amplify the UHI effect as 
more surface area transitions from vegetated to urban. 

3.4. Impacts of aerosols on UHI intensity 

Throughout the analysis of LST and UHI intensity, one case contin
uously appeared different compared to others i.e., DJF daytime. No UHI 
was exhibited during DJF daytime, whereas for its nighttime counter
part and for the wet season, an UHI was observed (Figs. 4 and 5). Given 
the notion that a high AOD can cause decreased LST by reducing the 
absorption of shortwave radiation at the surface (Cusack et al., 1998; 

Lacis and Mishchenko, 1995), there exists the possibility that the 
decrease in LST seen during DJF daytime may be linked to an increase in 
AOD. On the contrary, it is likely that AOD in ASO daytime does not play 
a significant role in the intensity of the UHI since its intensity increases 
during ASO daytime. 

The seasonal mean time series of AOD in DJF and ASO from 2003 to 
2018 over the 50 km � 50 km region is shown in Fig. 10. Results showed 
a significant increase in AOD in DJF of 0.12 decade� 1, which is consis
tent with the notion that increased AOD can decrease LST. For ASO, an 
insignificant change in AOD occurred from 2003 to 2018 that is also 
characterized by high interannual variability. Aerosol trends are likely 
better captured and have a strong impact on LST during the winter since 
the boundary layer is stable, which facilitates a longer residence time of 
aerosol particles. On the contrary, variability in the monsoon circula
tion, thunderstorm activity, rainfall, and an unstable boundary layer can 
increase the variability of aerosol concentrations during ASO as well as 
cause aerosols to be removed quickly from the atmosphere by wet 
deposition, and thus reduce the effects of aerosols on LST during ASO (e. 
g., Mitchell et al., 1995). The correlation between both urban and 
non-urban LST and AOD in DJF was then calculated based on 
least-squares regression (Fig. 11) to understand their relationship. Both 
negative correlation coefficients are significant (p-value < 0.00 for 
urban LST and p-value < 0.05 for non-urban LST), thus illustrating that 
AOD and LST in DJF are dynamically linked. Therefore, similar to New 
Delhi, India, the city of Bengaluru also experiences an urban cool island 
during dry months due to increased AOD (Pandey et al., 2014). 

4. Conclusions 

This study has examined the rate of urbanization, UHI intensity, and 
the corresponding changes in vegetation greenness over a 

Fig. 9. The 40 km � 40 km regional average time series of EVI from 2003 to 
2018 for DJF (blue) and ASO (red). The p-value from the Mann-Kendall trend 
test (MK p-val) is shown in the legend for both seasons. The slope of the trend 
line and p-value (p-val) based on the Student’s t-test are also shown in 
the legend. 

Fig. 10. a) The 50 km � 50 km regional average time series of AOD from 2003 
to 2018 for DJF for 0.47 μm (blue) and 0.55 μm (red). The p-value from the 
Mann-Kendall trend test (MK p-val) as well as the slope and p-value (p-val) 
based on the Student’s t-test are shown in the legend. b) As in a), but for ASO. 
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50 km � 50 km region centered on Bengaluru, India from 2003 to 2018 
in the dry and wet seasons using MODIS LST and EVI products. Results 
showed that the amount of urbanized land in Bengaluru increased by 
15% since 2003 and the urbanization occurred on the outskirts of the 
city (Figs. 2 and 3). Changes in daytime and nighttime LSTs for both 
seasons were also quantified (Figs. 4 and 5). This analysis showed sig
nificant positive trends in LST mainly occurred near the edges of Ben
galuru, i.e., where urbanization has taken place. However, a significant 
decreasing trend in DJF daytime LST, which is most likely linked to an 
increase in anthropogenic aerosols from vehicular pollution in Benga
luru (Ramachandran et al., 2012) was shown. 

Further analysis of the mean seasonal UHI intensity (Fig. 6) revealed 
a significant increasing trend for ASO during the daytime (0.42 K dec
ade� 1) and nighttime (0.30 K decade� 1) as well as during DJF nighttime 
(0.20 K decade� 1). While the fastest trend in UHI intensity was deter
mined for ASO daytime, the highest 2003–2018 mean magnitude of UHI 
intensity was 1.43 K in DJF nighttime (Table 1). The increase in UHI 
intensity is also directly correlated with the area of urbanized land 
(Fig. 7). The corresponding changes in EVI due to urbanization were 
then examined (Figs. 8 and 9). A significant decrease in EVI was found, 
with the magnitude of the decrease being largest on the edges of Ben
galuru (i.e., where urbanization took place from 2003 to 2018). The 
decrease in EVI was also larger in ASO (0.03 decade� 1) compared to DJF 
(0.01 decade� 1). The aforementioned decreasing DJF daytime LST was 
then further investigated using the MODIS aerosol product (Fig. 10). It 
was determined that an increasing AOD during DJF was linked to the 
decreasing daytime LST with significance for both the urban and non- 
urban areas (Fig. 11). 

This study shows that UHI intensity has increased since 2003 in 
Bengaluru and is expected to continue to increase in the coming years (i. 
e., United Nations, 2018), with the likely exception of the daytime 
during DJF. Furthermore, increased urbanization has decreased vege
tation greenness, and this trend will likely continue in the near-future. In 
addition, this study builds on the work done by Ramachandra and 
Kumar (2010) and Ambinakudige (2011), in that while these studies 
established the presence of an UHI in Bengaluru, which has caused a 
decrease in vegetation greenness using NDVI, a more comprehensive 
understanding has now been established. In this study, the diurnal cycle 
of the UHI for the dry and wet seasons was investigated as well as the 
corresponding vegetation impacts using the more suitable EVI metric. 
Furthermore, it was determined that Bengaluru experiences an urban 
cool island effect similar to New Delhi due to an increase in AOD during 
the dry season (Pandey et al., 2014). 

This increased urbanization has the ability to impact regional and 
larger-scale climate. For example, Wang et al. (2012) found that 

increased urbanization in China may cause an increase in incoming solar 
radiation due to a reduction in the cloud fraction. Also, urban areas can 
deepen the PBL causing water vapor to mix more evenly in the lower 
atmosphere, which may cause a reduction in rainfall over the urban 
areas due to less convective available potential energy and an increase in 
convective inhibition (Wang et al., 2012). An increase in air pollution 
due to population increase and urbanization also helps to stabilize the 
PBL by limiting surface warming and increasing warming at the top of 
the PBL. Over India, Kishtawal et al. (2010) showed areas encountering 
urbanization experience significantly fewer light rainfall episodes. 
Future work on urbanization over Bengaluru should analyze any impacts 
to local climate. 

In the context of global warming, additional warming due to the UHI 
phenomenon is expected over large urban areas. In the coming years, it 
will be important for city planners in areas such as Bengaluru to deter
mine ways in which to maintain vegetation greenness in order to 
minimize harm to vegetation and not amplify the UHI effect. Addi
tionally, as urbanized land continues to increase in area and thus induce 
an UHI effect, increased temperatures may cause an increased risk for 
heat related illnesses and fatalities (e.g., Raghavendra et al., 2019). One 
way in which vegetation impacts and subsequent human health effects 
can be curbed is through the monitoring of green space abundance such 
that inhabitants can see and be a part of the natural environment as well 
as reduce the risks of heat exhaustion from UHI effects. For example, 
some local governments in China have created policies to introduce 
green spaces into urban environments, which has resulted in the re
covery of some grasslands (Zhou and Wang, 2011). While maintaining 
green spaces in a time of rapid urbanization is met with difficulty 
(Haaland and van den Bosch, 2015), efforts are necessary since there are 
health benefits of green spaces, such as better mental health and lower 
all-cause mortality (van den Berg et al., 2015). It is recommended that 
cities with rapid urbanization determine the pace of their urbanization 
and work with environmental managers and city planners to create 
and/or maintain green spaces for the well-being of their inhabitants and 
vegetation health. 
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