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Abstract
Urban environment imposes challenges due to its dynamics and thermodynamic characteristics of the built environment.

The present study aims to study the effect of lockdown during COVID-19 on the spatio-temporal land surface temperature

(LST) patterns in Dehradun city. The TIRS sensor data of 14 April 2020 (post-lockdown), 28 April 2019, 25 April 2018

and 08 May 2017 were downloaded, and LST was retrieved using radiative transfer equation. The wardwise change in

LST, urban hot spots and thermal comfort was studied as a function of built-up density. It was observed that there was an

overall decrease in LST values in Dehradun city in post-COVID lockdown period. Wards with high built-up density had

minimum decrease in LST; on the contrary, wards with large proportion of open spaces and having low, medium built-up

density had the maximum decrease in LST. Hot spot analysis was carried out using Getis Ord GI* statistic, and the level of

thermal comfort was found using the urban thermal field variance index. It was observed that there was an increase in

number of hot spots accompanied by a decrease in thermal comfort level post-lockdown. The methodology proposed in the

present study can be applied to other Indian cities which exhibit similar growth patterns and will provide a tool for rational

decision making.

Keywords Land surface temperature � Thermal infrared sensor � Radiative transfer equation � Hot spot � Land surface

emissivity � Urban thermal field variance index

Introduction

The urban growth process can be classified broadly into

two modes: urban densification and urban sprawl. Urban

densification refers to the increase in the building density in

existing built-up areas, while urban sprawl refers to the

outward growth of built-up areas on to the contiguous

agricultural lands. (Wang and Upreti 2019; Rahman et al.

2011). Both the growth modes result in the conversion of

natural land cover (vegetation and pervious areas) into

impervious built-up surfaces. The impervious built-up

surfaces consist of building material like bitumen, asphalt,

brick, concrete, etc. which absorb and store solar radiations

during the day and release it gradually at night. Due to the

intrinsic nature of building materials (i.e. radiative, ther-

mal, moisture and emission characteristics), external

parameters of the built-up areas (i.e. built-up density, urban

geometry, orientation of buildings) and near-surface

anthropogenic source of heat, the land surface temperature

(LST) in urban areas is modified. This peculiar thermal

behaviour of urban areas has significant consequences on

human discomfort, energy consumption, air pollution

levels and urban heat island (UHI) phenomena besides

imposing challenges to landscape planning and resource

management (Mathew et al. 2016, 2017; Mukherjee et al.

2017; Kikon et al., 2016; Mallick et al. 2013; Xu et al.

2012; Imhoff, et al. 2010; Yuan & Bauer 2007; Gallo et al.

1993; Oke 1982).
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Thermal remote sensing data have been widely utilized

for retrieval of LST, in comparison with ground sensors,

due to its high spatial density. The LST retrieval algorithms

are based on inversion of Planck’s law and calculate

brightness temperature from atmospheric radiances

obtained from thermal infrared sensors (Mathew et al.

2016). The brightness temperature is then converted to LST

using ground surface emissivity which accounts for water

content, surface roughness and thermal properties of

ground surface. The commonly used LST derivation

algorithms are radiative transfer equation, single-channel

algorithm, mono-window algorithm, split-window algo-

rithm and multiple-angle algorithm. In the present study,

the radiative transfer equation (RTE) has been used for

LST retrieval due of its ease of implementation, and sec-

ondly, most of the input parameters in RTE can easily be

estimated using the Atmospheric Correction Parameter

Calculator which is located on the web at https://landsat.

gsfc.nasa.gov/atm_corr (Barsi et al. 2003). The domain of

the present study is Dehradun city which is a foothill urban

centre located in Himalayan state of Uttarakhand, India. It

is a fast-growing city with a population of 5,69,578 as per

census of India 2011 (Census of India 2011) and has

emerged as an important business, educational and cultural

destination after becoming the capital of Uttarakhand state

in year 2000.

Dehradun city was put under complete lockdown for

twenty-one days (i.e. from 25 March 2020 till 14 April

2020) for the containment of the COVID-19 outbreak.

During this time period, commercial, industrial and

vehicular activities were prohibited. As an aftermath, the

near-surface anthropogenic emission of thermal energy and

air pollution were significantly reduced. Improvement in

air and water quality, and reduction in LST over different

Indian cities during the lockdown period have been

reported by various Indian authors. Siddiqui et al. (2020)

reported an average reduction of 46% in concentration of

NO2 and 27% improvement in air quality index over 8 five

million plus cities of India due to the closure of industrial

and construction activities. Mahato et al. (2020) reported

reduction in the concentration of PM10, PM 2.5, SO2, NO2,

CO, O3 and NH3 gases over Delhi during lockdown period

using data collected from 34 monitoring stations. Chauhan

and Singh (2020) compared the PM 2.5 concentration in

March 2020 and March 2019; the results showed a

reduction of 35% in Delhi and 14% in Mumbai. Mitra et al.

(2020) also studied the reduced level of CO2 at twelve sites

in Kolkata city. Sharma et al. (2020) analysed the reduction

in air pollutants in 22 cities of India. Kotnala et al. (2020)

observed a significant improvement in Delhi ambient air

quality due to lockdown. Srivastava et al. (2020) also

reported a decline in PM 2.5, NO2 and CO concentration in

Delhi and Lucknow. Lal et al. (2020) explored the

atmospheric pollutants reduction due to lockdown at global

level. Mandal and Pal (2020) also explored the variation of

PM 2.5 concentration in Dwarka river basin within Jhark-

hand and West Bengal. Kumar et al. (2020) compared the

PM 2.5 levels over five Indian cities and reported that

Indian cities showed up to 50% reductions in PM 2.5

concentrations. Kumar (2020) reported a decrease in the

concentration in aerosols (AOD) and other pollutants

(NO2) at India level during the lockdown period.

Lokhandwala and Gautam (2020) reported a remarkable

reduction of 85.1% in PM 2.5 concentration in Ghaziabad

which is one of the India’s most polluted cities. A decrease

in value of CO, SO2 and ozone was also reported by Gupta

et al. (2020) over Delhi. Bera et al. (2020) studied the air

quality over Kolkata city and found that the level of pol-

lutants like CO, NO2 and SO2 had significantly decreased

during the lockdown and there was a 17.5% reduction in

PM10 and PM 2.5 concentration.

Kant et al. (2020) reported an average reduction of

20–37% in aerosol optical depth (AOD) levels over eastern

Indo-Gangetic planes, peninsular India and North India

during the COVID-19 lockdown period.

Vaibhav et al. (2020) studied the changes in water

quality during the lockdown period in river Ganges at

Haridwar, Kanpur, Prayagraj and Varanasi. The results

showed a decrease in turbidity in the river mainly due to

less effluent generation and discharge. Mandal and Pal

(2020) reported a reduction in total dissolve solid (TDS)

level in river water adjacent to crushing unit in Dwarka

river basin within Jharkhand and West Bengal. Lokhand-

wala and Gautam (2020) stated that river Ganga, Yamuna

and Cauvery have become clean and clear and marine life

was visible in the lockdown period. Selvam et al. (2020)

stated that there was improvement in the groundwater

quality in coastal industrial city of Tuticorin due to reduced

industrial activity in lockdown period.

Mandal and Pal (2020) reported a reduction in LST

values of 3–5 �C due to reduced anthropogenic activities in

Dwarka river basin within Jharkhand and West Bengal.

Ghosh et al. (2020) also stated a decreasing trend of LST

values in their study of four Indian metro cities.

In view of the above discussion, in order to evaluate the

effect of COVID-19 lockdown on surface temperature, the

remote sensing-extracted LST values over Dehradun city

on 14 April 2020 were compared with the near anniversary

LST values of 28 April 2019, 25 April 2018 and 08 May

2017. Thermal remote sensing data acquired by thermal

infrared sensor (TIRS) abroad Landsat 8 were used for LST

retrieval on all four dates.

A number of studies have been reported by various

authors for defining the relationship between LST and land

cover using different indices, namely normalized differ-

ence vegetation index (NDVI), normalized difference built-
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up index (NDBI) and normalized difference water index

(NDBI), as these indices represented the land-cover types

quantitatively (Mathew et al., 2016, 2017; Ali et al., 2017).

However, Tran et al. (2017), Guo et al. (2015) and Ao and

Ngo (2000) reported building density as a crucial factor in

urban LST studies as it is associated with the thermal

properties of the existing structures and urban geometry.

Thus, in the present study the built density classes were

defined, and subsequently, the LST and hot spot trends, and

thermal comfort levels in these built density classes were

investigated.

Study Area

Dehradun city is located between 30� 150 and 30� 250 north
latitudes and 78� and 78� 100 east longitudes (Fig. 1a). It is
surrounded by river Song on the east, river Tons on the

west, Himalayan ranges on the north and Siwalik range in

the south. During the summer months, the temperature

ranges between 36 �C and 16.7 �C. The winter months are

colder with the maximum and minimum temperatures

touching 23.4 �C and 5.2 �C, respectively. Dehradun

experiences heavy to moderate showers during late June to

mid-August. Most of the annual rainfall (about 2000 mm)

is received during the months from June to September. July

and August are the rainiest months of the season.

The city is divided into sixty administrative units

(wards) demarcated on the basis of population density

(Fig. 1b). The results of the present study were analysed at

the ward level, since in Indian cities, ward is the smallest

administrative unit at which all socio-economic and phys-

ical data are collected.

The wards located in the inner periphery of the city have

mixed land use consisting of commercial and residential

activities. The wards on the city periphery are mainly

residential in nature with an intermixing of built-up and

open spaces. The growth of city during the period

2017–2018 (period A), 2018–2019 (period B) and

2019–2020 (period C) was mainly in the form of densifi-

cation of built-up areas by the conversion of open spaces to

built-up. In fringes, growth was mainly sprawling in nature

due to the conversion of agricultural lands to built-up areas.

The lack of adequate infrastructure facilities in fringe areas

has increased the travel trips of the fringe population to the

city core. This increased vehicular movement coupled with

reduced evapotranspiration (due to the conversion of open

spaces to built-up) and urban geometry (i.e. urban canyons,

orientation of buildings, disruption of wind flow) is among

the main reasons contributing to elevated LST level over

the city area. The strategic areas in the city and water

bodies were masked out and not considered in the study.

Data and Methodology

Data Used

The thermal remote sensing data acquired by thermal

infrared sensor (TIRS) abroad Landsat 8 were used for LST

Fig. 1 a Thematic sensor (TM)

data of Dehradun city—2020.

b Dehradun ward boundaries

along with ward number
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retrieval. TIRS consists of two thermal bands: Band 10

(10.6–11.2 lm) and Band 11 (11.5–12.5 lm). The data are

collected originally at 100 m spatial resolution, but are

resampled at 30 m and are freely downloadable from

USGS Earth Explorer data portal website (https://earth

explorer.usgs.gov/). In the present study, Band 10 was

utilized for LST calculation as Band 11 has calibration

uncertainty due to stray light contamination (Yu et al.

2014). TIRS Band 10 data were downloaded for dates:

(a) 14 April 2020, (b) 28 April 2019, (c) 25 April 2018 and

(d) 08 May 2017 (hereafter referred as year 2020, 2019,

2018 and 2017).

Multi-spectral images from operational land imager

(OLI) sensor abroad Landsat 8 (having a spatial resolution

of 30 m and three spectral bands, namely green

(0.525–0.600 lm), red (0.630–0.68 lm) and near-infrared

(0.845–0.885 lm)) were used for generating the NDVI and

land-cover maps. The ward boundary maps were made

available by Dehradun city authority.

LST Retrieval Using RTE Algorithm

In the present study, the radiative transfer equation (RTE)

was used for calculating the LST. As discussed in Sect. 1,

Fig. 1 continued
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the algorithm was chosen due to its simplicity and ease of

implementation. The RTE was applied to Band 10

(10.6–11.2 lm) of TIRS sensor. The steps followed in LST

retrieval are as follows (Mallick et al. 2012; Yu et al. 2014;

Wang et al. 2015 Sobrino et al. 2004, Sobrino and

Romaguera 2004).

Conversion of DN Values to at-Sensor Radiance

Lsensork ¼ ML � DN þ AL ð1Þ

where Lsensork = spectral radiance (W/(m2 * sr * lm)),

ML = radiance multiplicative scaling factor for Band

10 = 0.0003342 (retrieved from Landsat 8 metadata file),

AL = radiance additive scaling factor for Band 10 = 0.1

(retrieved from Landsat 8 metadata file) and DN = digital

number.

Estimation of Land Surface Emissivity (ek) from NDVI
Threshold method (NDVITHM)

The NDVITHM algorithm uses NDVI threshold values to

distinguish between soil pixels (NDVI\ 0.2) and vegeta-

tion cover (NDVI[ 0.5). This method obtains the emis-

sivity values from the NDVI considering three different

cases (Yu et al. 2014; Sobrino et al. 2008; Griend and Owe

1993),

e ¼
0:973� 0:047pred NDVI\0:2

ev;iPv þ es;i 1� Pvð Þ þ C 0:2�NDVI� 0:5
ev;i þ C NDVI[ 0:5

8
<

:
ð2Þ

where

(a) pred is the reflectivity in the red band.

(b)eV is the emissivity of vegetation and eS is the

emissivity of the soil. Values of eV ¼ 0:9863 and eS ¼
0:9668 were used based on Yu et al. (2014).

(c) PV is the proportion of the vegetation as defined in

Eq. 3

PV ¼ NDVI� NDVImin

NDVImax � NDVImin

� �2

ð3Þ

where NDVImax = 0.5 and NDVImin = 0.2

(d) The term C takes the cavity effect into account due

to surface roughness. Sobrino and Raissouni 2000 sug-

gested that C can be estimated as follows,

C ¼ ð1� eSÞ ð1� PVÞFeV ð4Þ

where F is a geometrical factor ranging from 0 to 1,

depending on geometrical distribution of surface. A mean

value of F = 0.55 (Yu et al. 2014) was chosen for different

distributions of surface roughness.

Calculation of Radiance Values Using Radiative Transfer
Equation

Lsensork ¼ ekBk TSð Þ þ 1� ekð Þ L #atm½ � Tk þ L "atm
Bk TSð Þ ¼ Lsensor� Tk 1� ekð Þ L #atm � L "atmð Þ = Tk�ek

ð5Þ

where Lsensor is the at-sensor radiance (Watts/(m2 * sr *

lm)), e is the land surface emissivity, B(TS) is the black

body radiance at temperature TS (K). L;atm is the down-

welling atmospheric radiance (Watts/(m2 * sr * lm)), L:atm
is the upwelling atmospheric radiance (Watts/(m2 * sr *

lm) and T is the total atmospheric transmissivity between

the surface and the sensor.

The atmospheric parameters T, L;atm and L:atm were

estimated using the Atmospheric Correction Parameter

Calculator (ACPC) which is located on the web at https://

landsat.gsfc.nasa.gov/atm_corr (Barsi et al. 2003). The

ACPC uses commercially available MODTRAN software,

National Centre for Environmental Prediction (NCEP)

modelled atmospheric profiles and a suite of integration

algorithms, to determine site-specific atmospheric trans-

mission, upwelling and downwelling radiance.

Conversion of Radiance Value B(TS) to LST

The radiance value calculated in Eq. (5) was converted to

LST using the relationship given in Eq. (6) (Isaya Ndossi

and Avdan 2016). The relationship is similar to the Plank

equation with two prelaunch constants K1 and K2

Tb ¼
K2

ln K1

B TSð Þ þ 1

� � ð6Þ

where TS = land surface temperature (LST), in Kelvin (K).

B(TS) = spectral radiance (Watts/(m2 * sr * lm)), K1-

= thermal conversion constant for Band 10 = 774.8853

(retrieved from Landsat 8 metadata file) and K2 = thermal

conversion constant for Band 10 = 1321.0789 (retrieved

from Landsat 8 metadata file).

The LST maps of year 2017, 2018, 2019 and 2020 were

retrieved using the above-discussed procedures (Fig. 2).

Characterization of Urban Spatial Structure

The urban spatial structure was defined in terms of built-up

densities, which was defined as the percent of built-up area

in a circular neighbourhood of 1 km2 of each pixel. Thus,

the urban spatial structure was defined in terms of four

classes (Angel et al. 2012; Jason et al. 2009):

1. Urban high density: Built-up pixels with built-up

density[ 50%
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2. Urban medium density: Built-up pixels with built-up

density 30–50%

3. Urban low density: Built-up pixels with built-up

density\ 30%

4. Municipal open space: Non-built-up pixels located

within city boundary

For delineating the four urban spatial structure classes,

land-cover map of the respective years depicting built-up/

non-built-up areas served as the required input. Multi-

spectral images from OLI sensor (having a spatial resolu-

tion of 30 m and three spectral bands, namely green

(0.525–0.600 lm), red (0.630–0.68 lm) and near-infrared

(0.845–0.885 lm)) were used for generation of land-cover

maps. The classification system consisted of three classes,

viz. built-up, non-built-up and water bodies. The images

were classified using the maximum likelihood classifier.

The number of training samples taken for each class was

30n (Mather 1999; Fan et al. 2008), where n is the number

of spectral bands. Since three spectral bands were used, the

number of training samples taken in each class (i.e. built-

up, non-built-up) was 90. The histogram plots of the

training dataset for each class were unimodal in nature

(Arora 2002). In order to determine the accuracy of clas-

sification, testing samples for each of the three classified

classes were compared with the corresponding samples on

reference data. Google Earth images of higher spatial res-

olution were used as a reference data. The number of

testing samples selected per class for accuracy assessment

was 50 (Congalton 1991; Congalton and Green 1999). A

stratified random sampling was used for selecting the 50

testing pixels. The overall accuracy for the classified

images was more than the minimum overall accuracy cri-

teria of 85%, as recommended by Anderson et al. (1976).

Urban Thermal Field Variance Index (UTFVI)

The UTFVI was estimated using the following equation

(Guha et al. 2017, 2018; Zhang 2006)

UTFVI ¼ TS � Tmean

Tmean

ð7Þ

where TS is the LST (�C) and Tmean is the mean LST (�C).
Subsequently, the UTFVI values were classified into six

ecological evaluation indices (EEI) (Table 1) (Zhang

2006), which were used for evaluating the level of thermal

comfort.

Results

As discussed in Sect. 2, since ward is the smallest

administrative unit in a city at which all data are aggre-

gated, the LST patterns, hot and cold spots and the UTFVI

values were analysed at the ward level.

Temporal Analysis of Wardwise LST

The LST values in each of the sixty wards (i.e. average

LST value in each ward) for year 2017, 2018, 2019 and

2020 are shown in Fig. 3b. The solar radiation, precipita-

tion or other atmospheric parameters remained almost the

Fig. 2 Wardwise LST distribution in Dehradun city a 08 May 2017, (b) 25 April 2018, (c) 28 April 2019, (c) (d) 14 April 2020
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same for the previous week of data acquisition for four

multi-temporal Landsat imageries. Thus, urban parameters

and land cover were considered the significant factors for

the changing pattern of LST during the entire time period.

Figure 3a and b shows that there has been an overall

decrease in the LST values of all wards in year 2020 (i.e.

the lockdown period). However, the standard deviation in

wardwise LST values was largest in year 2020 compared to

Table 1 Percentage of area in

Dehradun city occupied by

different classes of Ecological

Evaluation index on 08 May

2017, 25 April 2018, 28 April

2019 and 14 April 2020

UTFVI Ecological Evaluation Index (EEI) Percentage of area (%)

2017 2018 2019 2020

\ 0.000 Excellent 49.39 49.29 47.57 37.41

0.000 to 0.005 Good 4.90 4.43 4.95 1.78

0.005 to 0.010 Normal 4.88 4.27 4.66 1.92

0.010 to 0.015 Bad 4.71 3.96 4.51 2.01

0.015 to 0.020 Worse 4.51 3.82 4.53 2.01

[ 0.020 Worst 31.60 34.23 33.77 54.87

Fig. 3 a Change in LST during (a) 08 May 2017, (b) 25 April 2018,

(c) 28 April 2019, (d) 14 April 2020. *LST denotes structural

classwise LST on 08 May 2017. b Wardwise LST on (a) 08 May

2017, (b) 25 April 2018, (c) 28 April 2019, (d) 14 April 2020. *LST

denotes structural classwise LST on 08 May 2017

Table 2 Standard deviation in wardwise LST values on 08 May 2017,

25 April 2018, 28 April 2019 and 14 April 2020

Year 2017 2018 2019 2020

r 0.77 1.05 1.09 1.97

where r denotes the standard deviation of wardwise LST values
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previous three years (Table 2). During period C, wards 1, 2,

3 and 4 had the maximum decrease in LST values (refer

Fig. 3a and b). The wardwise LST and other descriptive

statistics are as follows,

a. 08 May 2017: The minimum and maximum LST

values were in ward 1 (31.7 �C) and ward 23

(35.0 �C), respectively, while the mean LST was

33.6 �C with a standard deviation of 0.77 (Fig. 2 and

Table2)

b. 25 April 2018: The minimum and maximum LST

values were in ward 1 (31.7 �C) and ward 23

(37.1 �C), respectively, while the mean LST was

35.0 �C with a standard deviation of 1.05 (Fig. 2 and

Table2)

c. 28 April 2019: The minimum and maximum LST

values were ward 51 (33.3 �C) and ward 23 (38.1 �C),
respectively, while the mean LST was 35.7 �C with a

standard deviation of 1.09 (Fig. 2 and Table2).

d. 14 April 2020: The minimum and maximum LST

values were ward 1 (17.8 �C) and ward 23 (28.6 �C),
respectively, while the mean LST was 26.5 �C with a

standard deviation of 1.97 (Fig. 2 and Table2).

Validation of LST values: Since there was no ground

validation data available, the maximum, minimum and

monthly average air temperature data of month April 2020,

2019, 2018 and 2017 months were taken from the website

www.timeanddate.com (Table 3). The maximum temper-

ature was 36 �C in year 2017 and 2018 which increased to

38 �C in 2019 and then decreased to 35 �C in 2020. The

minimum temperature was 9 �C in 2017, 15 �C in year

2018, 2019 and 14 �C in 2020. The monthly average

temperature was 26 �C, 26 �C and 25 �C in year 2017,

2018 and 2019, respectively, while it was 24 �C in year

2020. The least value of maximum, minimum and average

temperature was found in April 2020 which correlated well

with LST values retrieved in April 2020.

Hot Spot Analysis Using Getis Ord GI* Statistic

Getis Ord GI* statistic was used to describe the phenomena

of clustering of high LST values (hot spots) and low LST

values (cold spots) in the study area (Tran et al. 2017; Ord

and Getis, 1995). A single high LST value could not

qualify as a hot spot; to qualify as a hot spot, the high LST

value should also be surrounded by other high LST values.

The output of the GI* statistic is a z-score; higher positive

z-score shows more intense clustering of high values (hot

spot), and a smaller negative z score represents more

intense clusters of low values (cold spot). Thus, GI*

statistic gives a better understanding of temporal LST

patterns rather than focusing only on the absolute high or

low LST values. In the present study, hot and cold spots

with more than 95% confidence level were considered.

Detailed discussion on GI* statistic can be found in ESRI

(2016). The wardwise distribution of hot and cold spots in

year 2017, 2018, 2019 and 2020 is shown in Fig. 4. Wards

which were consistently hot or cold spot during year 2017,

2018, 2019 and 2020 are shown in Fig. 5.

Wardwise Distribution of Urban Spatial Structure
Classes

The four urban spatial structure classes were delineated

using the methodology discussed in Sect. 3.3. The ward-

wise distribution of the four structural classes is shown in

Fig. 6. It can be seen that in the centre of city, south, south

east and west part of the city there is high urban density

(i.e. ward 41 to 60, refer Fig. 6 and 1b), the primary reason

being the availability of ample flat terrain and a dense road

network with national and state highways leading to other

major urban centres, viz. Delhi, Haridwar and Rishikesh.

The medium- and low-density classes are located in the

north of the city (i.e. ward no 1 and 2, refer Fig. 6 and 1b)

where the terrain is hilly in nature and surrounded by

reserve forest. The open spaces are situated in the north and

south portion of the study area (i.e. ward no 1–9, refer

Fig. 6 and 1b). As discussed in Sect. 2, the strategic areas

and water bodies present in Dehradun city were masked

out.

Temporal Analysis of LST Values in Each
of the Four Urban Structure Classes

a. Urban high density: The maximum LST in high-den-

sity built-up was 35.6 �C (in year 2019), and the

minimum was 26.6 �C (in year 2020). The value of

standard deviation for LST values in high-urban-den-

sity class was 1.36 and 1.87 for year 2019 and 2020,

respectively (Fig. 7 and Table 4).

Table 3 Temperature data of April 2017, 2018, 2019 and 2020 used

for the validation of LST values retrieved using RTE algorithm

(Source website: www.timeanddate.com)

Year

Month: April 2017 2018 2019 2020

Maximum temperature (oC) 36 36 38 35

Minimum temperature (oC) 9 15 15 14

Monthly average temperature (oC) 26 26 25 24
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b. Urban medium density: The maximum LST in

medium-density built-up was 34.8 �C (in year 2019),

and the minimum was 21.8 �C (in year 2020). The

value of standard deviation for LST values in medium

urban density was 1.60 and 3.41, respectively (Fig. 7

and Table 4).

c. Urban low density: The maximum LST in low-density

built-up was 34.1 �C (in year 2019), and the minimum

was 18.7 �C (in year 2020). The value of standard

deviation for LST in low urban density was 1.99 and

1.39, respectively (Fig. 7 and Table 4).

d. Municipal open space: The maximum LST in open

space was 35.2 �C (in year 2019), and the minimum

was 24.5 �C (in 2020). The value of standard deviation

for LST in open space class was 2.84 and 4.48,

respectively (Fig. 7 and Table 4).

Fig. 4 Wardwise hot and cold spot distribution in Dehradun city a 08 May 2017, (b) 25 April 2018, (c) 28 April 2019, (c) (d) 14 April 2020

Fig. 5 Consistent hot and cold spots

Fig. 6 Wardwise spatial distribution of urban structural classes in

Dehradun city-2020
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Thus, it can be summarized that maximum standard

deviation in LST values was found in year 2020 in med-

ium-urban-density class (i.e. 3.41) and in open space class

(i.e. 3.23).

Urban Thermal Field Variance Index (UTFVI)

The UTFVI was calculated for the four years using Eq. (7).

The UTFVI values were then classified into six EEI classes

which represented the level of thermal comfort. Table 1

depicts the percentage of area under each of the six EEI

classes in the respective four years. Figure 8 and Table 1

show that primarily Dehradun city has two extreme cate-

gories for ecological evaluation: the excellent category

(UTFVI\ 0) and the worst category (UTFVI[ 0.02),

while the rest of the categories occupied very less area.

Temporal analysis of the EEI values revealed that,

a. Ten wards (10) had excellent EEI in all the four years.

These wards had a high proportion of open space (i.e.

from 34–56%) along with urban high and medium

built-up classes (Fig. 9a).

b. Twenty wards (20) had worst EEI on all the four years.

These wards had a very high proportion of high built-

up density (i.e. from 67–93%), while the open space

varied from 29–7% (Fig. 9b).

c. Seven wards (7) had worst EEI on 14 April 2020 (post-

COVID lockdown) and excellent EEI (pre-COVID

lockdown) in rest of three years, these wards also had a

high proportion of high built-up density (i.e. from

65–90%), while the open space varied from 35–10%

and the medium- and low-urban-density classes had a

negligible proportion (Fig. 9c).

Discussion

Dehradun city, which is a major administrative, commer-

cial and cultural city of Uttarakhand, has undergone rapid

urbanization in the last decade, which entails anthro-

pogenically induced land-use and land-cover (LULC)

changes, mainly due to the transition of natural landscapes

to build terrains. This increasing march of mortar and

cement has modified the thermal characteristics of the

urban area which coupled with near-ground anthropogenic

sources of heat has resulted in elevated LST in urban areas

compared to the surrounding rural areas. These elevated

levels of LST have resulted in ecological degradation and

reduced level of human comfort. In the present study, the

LST patterns and its relationship with the existing built

form (expressed in the form of built-up density) was

analysed at the ward level especially with reference to the

lockdown during COVID 19. The ward was taken as the

basic unit for analyses as it is the smallest urban unit at

Fig. 7 LST values in different structural classes on (a) 08 May 2017, (b) 25 April 2018, (c) 28 April 2019, (d) 14 April 2020. *LST denotes

structural classwise LST on 08 May 2017

Table 4 Standard deviation in

LST values for different

structural classes on 08 May

2017, 25 April 2018, 28 April

2019 and 14 April 2020

Urban high density Urban medium density Urban low density Municipal open space

r2017 1.15 1.72 1.89 1.89

r2018 1.38 2.17 1.76 2.09

r2019 1.36 1.6 1.99 1.93

r2020 1.87 3.41 1.39 3.23

where r2017 denotes the standard deviation in LST values for different structural classes on 08 May 2017
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which all socio-economic and physical data are aggregated

in Indian cities.

LST Retrieval

In order to contain the outbreak of COVID 19 epidemic,

Dehradun city was put under a lockdown from 25 March

2020 till 14 April 2020. Hence, due to reduced socio-

economic activities the near-surface anthropogenic emis-

sion of thermal energy and air pollution was significantly

reduced. For evaluating the effect of COVID lockdown on

thermal environment, the LST in Dehradun city on 14

April 2020 was retrieved from TIRS data and compared

with the near anniversary LST dates 28 April 2019, (c) 25

April 2018 and (d) 08 May 2017. The LST retrieval was

done using the RTE method due to its simplicity and ease

of implementation. Atmospheric Correction Parameter

Calculator (ACPC) which is located on the web at https://

landsat.gsfc.nasa.gov/atm_corr was used for estimating the

values of T, L;atm, L:atm. ACPC uses MODTRAN and

NCEP data to simulate T, L;atm and L:atm. Yu et al. (2014),
also reported that interpolated NCEP data were good for

local simulation of the three atmospheric parameters. The

LSE (ek) was calculated using the NDVI threshold method

(NDVITHM), compared to other emissivity estimation

methods (viz. classification-based emissivity and day/night

temperature-independent spectral indices). NDVITHM is

simple, has less data requirement and has already been

applied to various sensors with access to VNIR data (Yu

et al. 2014; Sobrino et al. 2008; Griend and Owe 1993;

Momeni and Saradjian 2007). Since the present study is

Fig. 9 Wards with consistent EEI class and transition from excellent

to worst EEI class

Fig. 8 Wardwise EEI distribution in Dehradun city (a) 08 May 2017, (b) 25 April 2018, (c) 28 April 2019, (c) (d) 14 April 2020
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based on the comparison of LST values on four anniversary

dates, the validation of LST values was done using the

temperature data from website www.timeanddate.com. The

temperature value showed a decreasing trend from year

2017, 2018, 2019 to 2020 similar to the LST values derived

using the RTE algorithm.

Analysis of Wardwise LST

The analysis of LST values (Fig. 2) revealed that the mean

LST over Dehradun city was 33.6 �C, 34.9 �C and 35.7 �C
in year 2017, 2018 and 2019 which reduced to 26.5 �C in

year 2020. The standard deviation in LST values was 0.77,

1.05 and 1.09 in year 2017, 2018 and 2019 which increased

to 1.97 in year 2020 (Table 2). During the COVID lock-

down, due to restricted vehicular movement and the

absence of commercial and industrial activities the pollu-

tion level was considerably less. These reduced pollution

levels led to reduction in greenhouse effect which allowed

long wave radiation to escape, and thus, the mean LST

values over the Dehradun city were less compared to the

previous years. Ward 1 which has a large proportion of

vacant/vegetated land (56.68%) and less proportion of

urban high density (6.96%) experienced the maximum

decrease in LST (46.6%); during period C (i.e. 28 April

2019–14 April 2020), the possible reasons could be,

(a) Increased evapotranspiration rate due to large vege-

tation proportion and increased solar irradiance due

to reduced pollution levels.

(b) Reduced greenhouse effect.

(c) The absence of urban canyons as most of the built-up

was of medium and low density.

On the other hand, ward 49 which had the minimum

decrease in mean LST (i.e. 21.5%) during period C had

93.97% of its area under urban high-density class and

6.03% of its area under open space. High built-up density

and urban geometry (urban canyons, reduced sky view

factor) resulted in more heat entrapment, which resulted in

elevated LST levels and was one of the reasons for less

decrease in LST values.

Figure 3a and Fig. 6 show that wards which were

located in the city core with high urban density had rela-

tively less decrease in temperature compared to the wards

in the north which had a relatively more proportion of open

space, urban medium- and low-urban-density classes.

Hot Spot Analysis

The hot and cold spots were delineated based on Getis Ord

GI* statistic and represent the clustering of high and low

LST values. Table 5 shows that the number of hot spots has

increased from 19 in year 2017 to 42 in year 2020. The

increase in number of hot spots can be attributed to the

increasing value of standard deviation (i.e. dispersion) in

LST values which were 0.77 in 2017, 1.05 in 2018, 1.09 in

2019 and 1.97 in 2020. Due to this increasing dispersion in

dataset, the clustering of high LST values was more pro-

nounced compared to previous years when the dispersion in

LST values was less. For hot spot analysis, it is the dis-

persion in LST values, which is crucial than the individual

LST values. Hence, hot spot analysis using Getis Ord GI*

statistic is an appropriate technique to analyse the LST

patterns through time. Tran et al. (2017) also reported that

the effect of different LST values through time is reduced

by using hot spot analysis. The spatial distribution of hot

spots is shown in Fig. 3. The hot spots were concentrated

mainly in the city core, and the southern part and the

northern part of study had a concentration of cold spots.

The wards which were consistently hot spots in all the four

years are displayed in Fig. 5.

Urban Thermal Field Variance Index (UTFVI)

The UTFVI values were used for the ecological evaluation

of LST in Dehradun city. Table 1 shows that Dehradun city

has two extreme EEI categories, namely the excellent

(UTFVI\ 0) and the worst category (UTFVI[ 0.02). The

area covered by excellent EEI was 49.39% in year 2017

which reduced to 37.41% in year 2020, while the area

under worst EEI category increased from 31.60% in 2017

to 54.87% in 2020 (Table 1). As evident from Eq. 7,

UTFVI is the ratio of TS � Tmeanð Þ to Tmean; hence, the

greater the dispersion in dataset, the larger will be the value

of UTFVI and the greater the outcome will be, poorer will

be the EEI index (Table 1).

Figure 9 depicts the wards which were consistently in

excellent or worst EEI category during the four years.

Wards which were in consistently worst EEI category had a

high proportion of urban high-density class and were sit-

uated in the city core. The consistent excellent EEI cate-

gory wards had a high proportion of open space, medium-

and low-built-density classes and these wards were situated

in the north and west portion of the study area (refer Fig. 6,

8 and 9).

Table 5 Number of hot and cold spots on 08 May 2017, 25 April

2018, 28 April 2019 and 14 April 2020

Year 2017 2018 2019 2020

No. of hot spot wards 19 24 30 42

No. of cold spot wards 9 9 10 8
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Limitation of Study

(a) To avoid the problems of different seasons and

months, near anniversary Landsat satellite image

were used, viz. (a) 14 April 2020, (b) 28 April 2019,

(c) 25 April 2018 and (d) 08 May 2017, with less

than 10% cloud coverage.

(b) The precipitation remained almost the same during

the previous week of data acquisition on all above-

mentioned four dates

(c) The spatial distribution and fraction of built-up

density classes in the Dehradun city was more or less

same in year 2020, 2019, 2018 and 2017.

Thus, by keeping the metrological and land-cover

parameters constant as far as possible it was assumed that

during COVID lockdown the reduction in LST was due to

the absence of near-surface anthropogenic source of heat

(i.e. vehicular traffic, industrial and commercial activities)

and reduced pollution levels. (Reduction in greenhouse

effect allowed long wave radiation to escape, and thus, the

mean LST values over the Dehradun city were less com-

pared to the previous years.) The effect of these factors was

seen in the form of average reduction in LST values during

the lockdown period (refer Sect. 4.1). The present article

thus aims to explain the differential reduction in LST

values over various built-up density classes as a function of

urban form and open spaces.

Conclusion

In Dehradun city, wards which are located in the northern

part had the maximum decrease in LST during period C

and these wards were also consistently qualified as cold

spots and excellent EEI class in all the four years. Pri-

marily, a large proportion of area in these wards was under

open space, and secondly, the built-up development was in

the form of medium and low density, due to which the

problems of urban geometry (i.e. urban canyons) was not

dominant in these areas. On the contrary, wards located in

city core were dominated by high-density developments,

due to which the sky view factor was reduced and more

heat entrapment leads to elevated LST levels; secondly, the

density of vegetation was less in these areas which led to

reduced rate of evapotranspiration. Further it is also

inferred that it is necessary to consider the effects of spatial

autocorrelation in temporal comparison of LST patterns.

From the perspective of urban planning, it is recommended

that planners pay attention to what kind of urban growth

patterns aggravate or mitigate the LST patterns. The

methodology presented in this paper can also be applied to

other Indian cities and can serve as a tool for taking

rational decisions for sustainable urban planning.
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