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A B S T R A C T   

The outbreak of the COVID-19 epidemic in early 2020 reduced human outdoor activities and changed the spatial- 
temporal distribution of the population. To find its changes on the impact of urban thermal environment, we 
applied Pearson correlation analysis and OLS linear regression model from the perspective of urban land use and 
the local climate zone (LCZ) scheme, and selected Wuhan City in China as a case study. The results showed that 
the population size decreased in most urban land use and LCZ classes due to the Spring Festival and epidemic 
effects, which caused residents to leave Wuhan City. As a result, the normalized surface urban heat island 
changes (SUHInc) decreased by 9.41% at the city level, and a larger SUHInc occurred in commercial and industrial 
land. Among the LCZ classes, the built-up classes also tended to have a larger SUHInc than the natural land cover 
classes. However, the population size and human outdoor activity changes did not modify the spatial distribution 
of the urban thermal environment, because the same trends were observed for various urban land use and LCZ 
classes, which illustrated that the contribution of anthropogenic heat discharge on the urban thermal environ
ment is relatively weaker. The above findings imply that it is necessary to apply different methods for various 
urban land uses and alleviate urban heat island.   

1. Introduction 

COVID-19 has changed our daily life. To limit the spread of the 
COVID-19 pandemic, most countries closed their borders, locked down 
their cities, and confined residents to their homes. Therefore, human 
outdoor activities, such as transportation, shopping and traveling, were 
reduced [1]. Numerous factories were also closed due to the epidemic 
effect. These changes caused less energy consumption for cities during 
the lockdown period than on normal workdays [2], which reduced CO2 
emissions and anthropogenic heat release [3]. Meanwhile, the outbreak 
of COVID-19 combined with the Chinese lunar new year (Spring 
Festival), above 30% of residents went back to their home town for 
Spring Festival, making big changes in population size and human ac
tivity in some Chinese cities. According to the surface energy balance 
(SEB) [4–7] (Fig. 1), anthropogenic heat released by human activities (e. 
g. human metabolism, building energy consumptions and vehicle traffic 
emissions) and solar radiation from the sun represents the two major 
sources of urban heat [8]. However, solar radiation regularly changes 
with the season and shows little difference under similar weather con
ditions. Physically, the retrieved land surface temperature (LST) from 

remote sensing satellite images can be regarded as the following func
tion of SEB components [5]: 

LST = f (Rn, A, G, LE, and H) (1) 

Therefore, the changes in human activities caused by COVID-19 and 
Spring Festival are expected to impact the urban thermal environment, 
as some previous studies have shown that anthropogenic heat release 
can increase the urban temperature by several degrees [9,10]. 

In addition to heat sources, the urban thermal environment is 
influenced by many factors, such as the climate zone [11,12], urban 
physical characteristics (e.g., urban spatial form, land cover, roof, and 
building materials) [13–19], socioeconomic factors (e.g., land use, en
ergy consumption, and economic level) and population characteristics 
(e.g., size, age, and income) [13,20–23]. Of those factors, urban physical 
characteristics determined the level of solar radiation received by the 
land surface and converted to sensible heat. Indicators such as the 
Normalized Difference Built-up Index (NDBI), Normalized Difference 
Vegetation Index (NDVI) can be calculated by using remote sensing 
images, and quickly assessing the contribution of solar radiation to the 
urban thermal environment. Moreover, urban design methods based on 
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urban physical characteristics are the most effective way to improve the 
urban thermal environment [12,24], such as providing more green 
spaces or water bodies [25–27], optimizing the urban spatial form [28, 
29], designing cool pavements [18], and installation low albedo build
ing materials [19]. Therefore, scholars have paid more attention to 
urban physical characteristics, and made remarkable achievements in 
studying urban thermal environments. Scholars have also proposed 
some useful methods to bridge urban physical characteristics and the 
urban thermal environment, such as the local climate zone scheme (LCZ) 
[30]. In recent years, scholars have broadened the scope of the LCZ and 
applied the LCZ to other issues, such as urban health [31], heat 
vulnerability and carbon emissions [21,32]. 

In contrast, studies focusing on the urban thermal environment from 
socioeconomic and population perspectives are limited [33,34]. Esti
mating the amount of anthropogenic heat release is difficult because of 
the lack of socioeconomic and population data. Moreover, the various 
socioeconomic status and population characteristics in different cities, 
which limit the suitability of thermal environment improvement 
methods to a specific city [35], such as social governance and govern
ment response [36,37]. Therefore, to fill this gap, some studies have 
begun using big data based on mobile users to explore the distribution of 
populations and their characteristics [38,39]. The enrichment of energy 
consumption data has also made it possible to estimate anthropogenic 
heat release by the inventory method [40]. Some climate models have 
also provided a window to assess the impact of human activities and 
their anthropogenic heat releases on the urban thermal environment, 
such as ENVI-met and WRF [41,42]. 

However, it should be noted that the inventory method cannot reflect 
the fine spatial distribution of anthropogenic heat release and does not 
refer to the urban thermal environment. In climate models, the study 
area is considered as an ideal virtual environment, the impact of pop
ulations and their anthropogenic heat release on the urban thermal 
environment is simulated at the site-level microscale. In a real built 
environment, it is difficult to detect big human activity changes in the 
daytime, and using climate models to simulating their impact on the 
urban thermal environment at the city-level mesoscale with a fine 
spatial resolution. Moreover, it still scatters studies that combine pop
ulations and their activities changes with the LCZ scheme and their in
teractions with the urban thermal environment. The outbreak of COVID- 
19 has decreased human activities and anthropogenic heat release, 
which provided an ideal experimental built environment and makes it 
possible to assess and compare the influences of human activities on the 

urban thermal environment. Therefore, in this paper, we addressed 
those issues from the perspective of urban land use and LCZ scheme, 
because urban land use is highly correlated with human activities [43, 
44], and LCZ characterizes urban morphology. Wuhan City in China was 
selected as a case study, which aims to find:  

1) What is the impact of COVID-19 on human activities and population 
distributions?  

2) Do the changes of human activities and population size redistribute 
the urban thermal environment?  

3) What is an effective method of measuring the contribution of 
anthropogenic heat release to urban microclimate in a real built 
environment at mesoscale? 

2. Data and methods 

2.1. Study area 

Wuhan is the capital city of Hubei Province in China, and it is located 
between 29◦58′-31◦22′ north latitude and 113◦41′-115◦05′ east longi
tude (Fig. 2). Wuhan has a subtropical monsoon climate. As one of the 
“stove cities” in China, its annual average air temperature ranges from 
15.8 ◦C to 17.5 ◦C, and its highest air temperature can reach 40 ◦C on 
summer days. According to the Wuhan government census data, the 
permanent population reached 9.06 million and the floating population 
accounted for 5.1 million by the end of 2019 [45]. 

The outbreak of COVID-19 in Wuhan City caused a serious public 
health crisis. To limit the spread of the disease, the Chinese government 
placed Wuhan City under lockdown on January 23, 2020, and the 
lockdown was lifted on April 8, 2020 [46]. During the lockdown period, 
most of the outdoor activities stopped. Moreover, before the city-wide 
lockdown, more than 5 million residents returned to their hometowns 
for the Spring Festival. The epidemic effect combined with the Spring 
Festival made the city appear to be “empty” during the lockdown period. 

2.2. Data sources and pre-processing 

Cloud-free Landsat 8 remote sensing images with level 1 data were 
downloaded from the United States Geological Survey (USGS) website 
(http://earthexplorer.usgs.gov/), and these images were used to 
retrieve land surface temperature (LST). To reduce the influence of 
different weather conditions, we selected images acquired under similar 

Fig. 1. The urban surface energy balance. (Rn, A, G, LE and H is the net wave radiation, anthropogenic heat discharge, ground heat flux, latent heat flux and sensible 
heat flux, respectively.) 
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weather conditions for comparison (Table 1). All of the images were 
acquired at 10:56 a.m. by satellite, with a path of 123 and a row of 39. 

Urban land use information was collected from the local government 
(Fig. 4a), and the building information (e.g., floor, area and outline) was 
download from the Baidu map with an API tool. The Google satellite 
images with a 0.5 m spatial resolution were clipped from Google Maps. 
The real-time population distribution information was acquired three 
times per day (9:00, 11:00 and 21:00) by a Python code from EasyGo 
platform. EasyGo provides location servers for multiple mobile apps, 
such as WeChat, Meituan and QQ. Among them, WeChat has 1.2 billion 
active users worldwide, which covers over 70% of the Chinese popula
tion. Since EasyGo did not provide historical data, we used the data on 
June 4, 2020, to represent a normal workday’s population distribution 
(Table 1). All of the data were imported to ArcGIS Pro software (version 
2.6) for pre-processing, such as study area clipping and geometric 
correction. 

2.3. Methods 

2.3.1. Setting spatial cells 
Many studies have found that the spatial scale influences the corre

lations between urban morphology indicators and LST [47,48], and they 
showed that the optimal spatial scale ranges from 300 m to 500 m in 
different cities. Since urban planning is based on land blocks, most of the 
land block lengths in Wuhan City ranges from 300 m to 500 m. There
fore, we set the land block as the spatial cells in this study (Fig. 3). 

2.3.2. Land cover classification and calculation of the urban morphology 
index 

Landsat 8 remote sensing images were used to calculate the NDVI, 
NDBI and Modified Normalized Difference Water Index (MNDWI). The 
NDVI was used to capture the green spaces, the NDBI was used to 
identify the impervious surfaces, and the MNDWI was used to classify 
water bodies. Google satellite images were used to delineate those 

classifications. The values of the NDVI, NDBI and MNDWI can be 
calculated as follows: 

NDVI =
NIR − R
NIR+ R

(2)  

NDBI =
SWIR − NIR
SWIR+ NIR

(3)  

MNDWI =
G − SWIR
G+ SWIR

(4)  

where NIR represents the near-infrared band (band 5), R represents the 
red band (band 4), SWIR represents the shortwave-infrared band (band 
6), and G represents the green band (band 3). 

The building information was used to calculate the BD and mean 
building height (MH) for every land block. BD and MH can be calculated 
using the following equations: 

BD=

∑N
i=1Ci
CB

(5)  

MH =

∑N
i=1CiHi

∑N
i=1Ci

(6)  

PD =
PB
CB

(7)  

PDc =
PDL − PDW

PDW
× 100% (8)  

where N is the number of buildings located in a land block, Ci is the 
coverage area of the building, CB is the area of the land block, Hi is the 
building height; PD is the population density in a land block, PB is the 
total population number dispersed in a land block, PDc represents the 
population changes after the city lockdown, PDL and PDW are the pop
ulation densities during lockdown periods and workdays, respectively. 
To accurately capture the distribution of populations, the average pop
ulation size per day was calculated and used in this study. 

2.3.3. LCZ classification 
The LCZ scheme classified the urban areas into built-up and land 

cover types, which identified 17 different classes [29]. Ten are built-up 
types (LCZ 1–10), and seven are land cover types (LCZ A-G) (Table 2). 
The LCZ scheme has also offered some standard urban morphology in
dicators and their values for classification, such as the BD, impervious 
surface fraction (ISF) and pervious surface fraction (PSF) (Tab A.1). 
Studies have also shown that the LCZ scheme and its indicators can be 
applied worldwide [49,50]. Therefore, in this study, we selected the BD, 

Fig. 2. Location of the study area.  

Table 1 
Data acquisition time and local weather conditions.   

Remote 
sensing 
images 

Air 
temperature 
(◦C) 

Wind 
speed 
(m/s) 

Period Population 
data 

Comparison 
1 

2019/ 
12/07 

0–14 0.3–1.5 Workday 2020/06/ 
04 

2020/ 
02/09 

0–14 0.3–1.5 Lockdown 2020/02/ 
29 

Comparison 
2 

2018/ 
04/08 

10–23 1.6–3.3 Workday – 

2020/ 
04/13 

11–23 1.6–3.3 Post- 
lockdown 

2020/04/ 
13  
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MH, ISF and PSF for LCZ classification. The classified results are shown 
in Fig. 4b. 

2.3.4. LST retrieval 
The LST toolbox in Arcgis provided by Sekertekin et al. [51] is used 

to retrieve LST, and the Radiative transfer equation method is selected, 
which is based on the following equation: 

Lsensor = [εBλ(TS)+ (1 − ε)L↓]τ + ​ L↑ (9)  

where Lsensor is the radiation intensity (W⋅m− 2⋅sr− 1 μm− 1) received by 

Fig. 3. Spatial scale based on the land block (a sample for the study area).  

Fig. 4. Distribution of urban land use (a) and LCZ classes (b), the percentage of urban land use area and its LCZ class composition in the study area (c).  
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the remote sensing of related thermal band (band 10), L↓ represents the 
atmospheric downwelling path radiance, L↑ represents the upwelling 
path radiance, and τ represents atmospheric transmissivity. L↓, L↑ and τ 
can be obtained from the NASA website (http://atmcorr.gsfc.nasa. 
gov/). Bλ(Ts) is the ground radiance; according to Plank’s law, Bλ(Ts) 
can be expressed as the following equation: 

Bλ(TS)=
2hc2

λ5 ×
1

e
hc

λkTs − 1
(10)  

where Ts is the land surface temperature in Kelvin, h is the Planck 
constant (6.6261× 10− 34 J s), c is the light speed (2.9979× 108 m/s), λ 
is the band wavelength, k is the Boltzmann constant (1.3806× 10− 23 J/ 
K). Thus, Ts can be obtained from Eqs. (9) and (10) and expressed as 
follows: 

TS =
K2

ln ​
(

K1
Lsensor − ​ L↑− τ(1− ε)L↓/τε + 1

) (11) 

For the Landsat 8 TIRS Band 10 data, K1 = 774.89 W m− 2⋅sr− 1⋅μm− 1 

and K2 = 1321.08 K ε represents the land surface emissivity, its value 
can be estimated from NDVI threshold-based model [52]: 

ε=

⎧
⎨

⎩

0.979 − 0.046ρR NDVI < 0.2
0.987PV + 0.971 (1 − PV) + dε 0.2 ≤ NDVI ≤ 0.5
0.987 + dε NDVI > 0.5

(12)  

where ρR is the reflectance value of the red band, dε is the cavity effect 
and regarded as 0 for flat surfaces, Pv is the vegetation fraction and can 
be calculated as follows: 

PV =
[
NDVI − NDVImin
NDVImax − NDVImin

]2

(13)  

where NDVImin = 0.2, NDVImax = 0.5. 
The land surface temperature in Centigrade can be expressed as: 

LST = TS − 273.15 (14) 

According to ground meteorological station data, the measured LST 
is 12.2 ◦C (workday), 13.0 ◦C (lockdown), and the retrieved LST is 
11.78 ◦C, 12.45 ◦C, respectively. It illustrated that the retrieved LST is 
reliable. 

2.3.5. SUHI and its changes 
Since we used remote sensing images from different days for LST 

retrieval and LST ranges of different values, to further eliminate the 
influences of different weather conditions and made the thermal index 
comparable. Surface urban heat island (SUHI) was applied in this study. 
Its value is the surface temperature difference between the land block/ 
LCZ classes and forestland/dense trees, which is also proposed by 
Stewart [29] in urban temperature studies. SUHI can be calculated as 
follows: 

SUHI = LSTl − LSTf (15)  

SUHIn =
SUHI − SUHImin
SUHImax − SUHImin

(16)  

SUHInc =
SUHInL − SUHInW

SUHInW
× 100% (17)  

where LSTl is the LST value of land block or LCZ classes, LSTf is the mean 
LST value of forestland or dense tress class. SUHIn is the normalized 
value of SUHI, its value ranges from 0 to 1. SUHImin and SUHImax 
represent the minimum and maximum SUHI values in the study area, 
respectively. SUHInc is the normalized surface urban heat island changes 
before and after the city lockdown, SUHInL and SUHInW represent the 
SUHIn value during lockdown and workday, respectively. 

2.3.6. Correlation analysis and regression analysis 
Pearson correlation analysis was applied to determine the influence 

of population changes on the urban thermal environment, and the 
Pearson coefficients were compared for different urban land uses. The 
ordinary least squares (OLS) linear regression model was used in this 
study, which aims to assess and compare different factors and their 
changes in the contributions to urban thermal environment. The OLS 
model can be expressed as follows: 

LST = a0*NDBI + b0*MNDWI + c0*PD+ d0 (18)  

SUHInc = a1*ΔNDBI + b1*ΔMNDWI + c1*PDc + d1 (19)  

where a0, a1, b0, b1, c0 and c1 are the coefficients of each factor, d0 and d1 
is the error term. ΔNDBI and ΔMNDWI are the NDBI differences and 
MNDWI differences between the lockdown/post-lockdown and workday 
periods, respectively. 

3. Results 

3.1. Population distribution and its changes 

The population has a similar spatial distribution before and after the 
city-wide lockdown (Fig. 5a, Fig. 5b and c), as the Pearson correlations 
between lockdown and workday period, post-lockdown and workday 
period reached 0.915** (P < 0.01), 0.965** (P < 0.01), respectively. 
Residential land has the highest population size, followed by commer
cial land, education land, and industrial land (Fig. 5d). 

The COVID-19 epidemic had a big impact on human activities and 
population changes in different urban land uses (Fig. 5d). Combined 
with the Spring Festival and the influence of COVID-19, numerous res
idents left Wuhan City, which caused the population size to decrease by 
33.99% compared with normal workdays at the city level. The popula
tion size among all urban land uses has decreased. In urban construction 
lands, the percentages of the population decreased in the areas of in
dustrial (− 82.46%), commercial (− 70.35%), medical (− 62.82%), 
transportation (− 62.45%), office (− 60.04%), education (− 52.37%), 
and residential (− 27.64%) (Fig. 5c). In open spaces and natural cover 
lands, the percentages of population decreased in the areas of square 
(− 85.11%), park (− 60.82%), green (− 58.22%), forest (− 54.69%) and 
water (− 53.79%). 

Table 2 
LCZ scheme.  

Built-up classes Land cover classes 

LCZ 
classes 

Full name Abbreviation LCZ 
classes 

Full name Abbreviation 

LCZ 1 Compact 
high-rise 

CHR A Dense 
trees 

DT 

LCZ 2 Compact 
mid-rise 

CMR B Scattered 
trees 

ST 

LCZ 3 Compact 
low-rise 

CLR C Bush, 
scrub 

– 

LCZ 4 Open high- 
rise 

OHR D Low plants LP 

LCZ 5 Open mid- 
rise 

OMR E Bare rock 
or paved 

Paved 

LCZ 6 Open low- 
rise 

OLR F Bare soil 
or sand 

BS 

LCZ 7 Lightweight 
Low-rise 

– G Water Water 

LCZ 8 Large low- 
rise 

LLR    

LCZ 9 Sparsely built SB    
LCZ 10 Heavy 

industry 
HI     
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Since the city-wide lockdown, most factories shut down to cut the 
epidemic spread, restaurants and shop stores also closed. Therefore, the 
human activities in those lands (industrial and commercial) were 
heavily influenced by the epidemic and reduced its population size. For 
medical land, residents were concerned about being infected at the 
hospital [53], and the local government did not encourage them to go to 
the hospital; thus, most people were diagnosed or searched for help 
through online platforms [54,55]. Moreover, to reduce the infection 
risk, the hospitals mainly served COVID-19 patients, which reduced the 
population size for this land use in the epidemic period. For trans
portation and office land, several departments and facilities were still 
running during the epidemic period, such as the local government. 
Therefore, some populations were still present on those land types, 
which led to a moderate population decrease. For residential land, 
although numerous residents did not work outside and stayed at home, it 
should be noted that approximately 35% of the residents returned to 
their hometown for the Spring Festival, which reduced the impact of 
COVID-19 on residential land. Therefore, minimum population changes 
were observed. For open spaces and natural cover lands, most of the 
outdoor activities disappeared in the epidemic period, which could have 
produced a big population change before and after the city-wide lock
down. Since the lockdown was lifted on April 8, some residents have 
gone back to Wuhan City, urban public facilities and factories have 
gradually opened up, which caused the population differences to slightly 
decrease in the post-lockdown period when compared to a normal 
workday. 

3.2. LST distribution and its changes 

The LST shows a similar spatial distribution and the same trend in 
various urban land uses before and after the city lockdown (Fig. 6a). In 
urban construction lands, industrial land has the highest LST, followed 

by sports, transportation, education, commercial, medical, office and 
residential land, and this finding was generally consistent with previous 
studies [16,56]. Open spaces and natural cover land types tend to have a 
lower LST and decrease in the order of green land, square land, water 
bodies, parkland and forest land (Fig. 6a). Industrial land has little green 
space, and its buildings are large low-rise with dark or metal roofs. These 
buildings easily absorb solar energy and transform them into sensible 
heat, thus producing a high LST. For sports and education land, sports 
grounds with impervious surfaces and dark colors cover many areas and 
produce a higher LST. Commercial and office land is always located in 
the city centre, which has dense high-rise buildings and few trees, thus 
leading to a worse thermal environment. However, the tall buildings in 
the city centre can provide many building shadows, reduce solar radi
ation reaching the surface, and decrease LST. Residential land has 
numerous green spaces and high-rise buildings, some of them are also 
near water bodies. The cooling effect of green spaces and water bodies 
combined with building shadows can make residential land have a lower 
LST. For open spaces (park and forest), the large percentage of pervious 
surfaces can reflect much of the solar energy and less anthropogenic heat 
release occurs, which can produce the lowest LST. 

The changes in population size caused by the COVID-19 epidemic 
and Spring Festival still had an impact on the urban thermal environ
ment. As the SUHI effect decreased in most urban land uses during the 
lockdown period compared with normal workdays (Fig. 6b), and big 
SUHInc were observed in different urban land uses (Fig. 6c). After the 
city lockdown, the SUHInc decreased by 9.41% at the city level and 
thermal changes were decreased as following orders: commercial 
(− 11.08%), residential (− 10.75%), education (− 10.62%), square 
(− 9.72%) and industrial lands (− 9.52%). Since shopping and 
manufacturing activities are heavily influenced by the epidemic and 
those activities also release tremendous anthropogenic heat, commercial 
and industrial land had the highest thermal environment differences. 

Fig. 5. Spatial distribution of the population during lockdown period (a), post-lockdown period (b) and normal workday (c); population distribution of different 
urban land uses and its changes after the city lockdown (d). 
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Although small population change percentages were observed for resi
dential and educational lands (Fig. 5d), those areas have large pop
ulations that decreased by several million residents due to the Spring 
Festival. This population decline can also decrease the total amount of 
anthropogenic heat released and produce a big thermal difference. Only 
a few residents live in the open spaces, these lands mainly receive energy 
from solar radiation; thus, limited differences were observed in their 
thermal environment. 

In the post-lockdown period, the outdoor and working activities 
gradually returned to normal life. However, they did not reach a normal 
level; thus, the urban land use still had a lower SUHIn compared with the 
normal workday (Fig. 6b) and showed slight thermal differences be
tween the post-lockdown and workday period (Fig. 6c). 

3.3. Correlations between population changes and urban thermal 
environment changes 

To further determine the impact of COVID-19 and the Spring Festival 
on the urban thermal environment, we applied a correlation analysis. 
The results showed that the PDc had a positive relationship with the 
SUHInc for most urban land uses, with a significant positive relationship 
(0.145**, P < 0.01) observed at the city level (Fig. 7c). In urban 

construction lands, a significant relationship was only observed in 
transportation (0.198**, P < 0.01), medical (0.205*, P < 0.05) and 
residential lands (0.231**, P < 0.01). In other lands, the PDc did not 
have a significant relationship with SUHInc, with the coefficients 
decreasing in the order of industrial (0.135), office (0.117), commercial 

Fig. 6. Land surface temperature (LST) (a), Normalized surface urban heat island (SUHIn) (b), and normalized surface urban heat island changes (SUHInc) for 
various urban land uses (c). 

Fig. 7. Pearson coefficient between PD and LST on workdays (a), lockdown (b) 
and post-lockdown periods (c); Pearson coefficient between population density 
changes (PDc) and normalized surface urban heat island changes (SUHInc) (d). 
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(0.067) and education (0.057). Since a few populations were located in 
open spaces and natural cover lands, the changes of anthropogenic heat 
release had little impact on the urban thermal environment and caused a 
weak and non-significant relationship between the PDc and SUHInc in 
those lands. 

The OLS regression model showed that the population and its asso
ciated activities changes are the major drivers underlying urban thermal 
differences in similar weather conditions. Because of the big population 
changes between the lockdown and workday periods (Fig. 5d), the PDc 
had the highest absolute standardized coefficient beta value compared 
with the ΔNDBI and ΔMNDWI (Table 3-Model 4). With a smaller pop
ulation change between the post-lockdown and workday periods, the 
PDc had a limited effect on the urban thermal differences and the 
regression model was no longer stable (Table 3-Model 5). 

4. Discussions 

4.1. Comparing the contributions of population and land cover to the 
urban thermal environment 

Although big population size changes and thermal differences were 
observed before and after the city lockdown, the LST showed the same 
trend for various urban land uses in different periods (Fig. 6). This 
finding implies that other factors play an essential role in the urban 
thermal environment, such as land cover and urban morphology. 

To further identify this hypothesis, we applied an OLS regression 
analysis with PD and land cover indicators (NDBI and MNDWI). Due to 
the anthropogenic heat release depends on the population size and its 
activities, and the solar radiation converted to sensible heat depends on 
the land cover, urban morphology and albedo [6]. The results showed 
that the land cover index has a greater contribution to the LST than the 
PD for the workday, lockdown and post-lockdown periods, which was 
shown by decrease in the absolute standardized coefficient beta values 
from the MNDWI to NDBI and PD (Table 3). The MNDWI captures water 
bodies and building shadows. Wuhan City has numerous water bodies 
and tall buildings, which results in a significant negative relationship 
between MNDWI and LST. The NDBI reflects the conditions of imper
vious surfaces, such as building surfaces and paved roads, and its 

significant positive contribution to LST has been identified by many 
studies [57,58]. Since the energy of anthropogenic heat release is only 
equal to 12% of solar radiation [7], it only increases the average surface 
temperature by 0.83 K in winter [59], which results in a weak contri
bution of the population to LST. 

4.2. Comparing the population and thermal environment changes from 
the perspective of the LCZ 

Since the urban morphology or land cover plays a more important 
role in the urban thermal environment, we have also analysed the 
population and thermal environment changes from the perspective of 
the LCZ. The results showed that most populations are located in built- 
up classes and the population size has decreased in all of the LCZ classes 
after the city-wide lockdown (Fig. 8a). The larger percentage of the 
population decreased appeared in the BS, LLR and HI classes, and it 
decreased slightly in other classes, such as OHR, OMR and CLR (Fig. 8a). 
BS represents open space in urban areas, the LLR and HI classes repre
sent industrial land in urban land use, and the human activities on those 
lands have been heavily influenced by the epidemic, which caused big 
population changes before and after the city-wide lockdown. The OHR, 
OMR and CLR classes were more likely to appear in residential land 
(Fig. 4c); because the epidemic had less of an impact on residential ac
tivities, the percentage of population has little change in these LCZ 
classes. 

The thermal environment showed a same trend in various LCZ 
classes before and after the city-wide lockdown, and the built-up classes 
tended to have larger thermal environment difference than the land 
cover classes after the lockdown. HI and LLR had the highest LST. 
Compact classes (CLR, CMR and CHR) tended to have a higher LST than 
open classes (OLR, OMR and OHR), and low-rise classes (OLR, CLR) 
tended to have a higher LST than mid-rise (OMR, CMR) and high-rise 
classes (OHR, CHR) (Fig. 8b), which is consistent with previous 
studies [49,60]. Since the epidemic and Spring Festival heavily influ
ence human activities and population size in the built-up classes, the 
built-up classes tended to have a higher SUHInc than the land cover 
classes. The SUHInc decreased in the order of CHR (− 13.76%), CLR 
(− 10.92%), CMR (− 10.56%), OHR (− 10.54%), HI (− 10.12%), OMR 

Table 3 
OLS linear regression model results for LST in the workday (Model 1), lockdown (Model 2) and post-lockdown (Model 3) periods, OLS linear regression model for 
SUHInc between the lockdown and workday periods (Model 4) and between the post-lockdown and workday periods (Model 5).  

Model 1 Workday Model 2 Lockdown 

R2 = 0.455 Unstandardized B Standardized Coefficients 
Beta 

t Sig. R2 = 0.455 Unstandardized B Standardized Coefficients 
Beta 

t Sig. 

(Constant) 13.138  470.92 0.00 (Constant) 13.144  372.54 0.00 
NDBI 7.860 0.222 16.563 0.00 NDBI 6.842 0.177 11.188 0.00 
MNDWI − 11.192 − 0.490 − 34.657 0.00 MNDWI − 13.894 − 0.514 − 31.058 0.00 
PD − 167.556 − 0.063 − 5.924 0.035 PD − 566.561 − 0.102 − 8.037 0.00 
Dependent variable: LST Dependent variable: LST 

Model 3 Post-lockdown Model 4 Comparison between lockdown and workday 

R2 = 0.427 Unstandardized B Standardized Coefficients 
Beta 

t Sig. R2 = 0.121 Unstandardized B Standardized Coefficients 
Beta 

t Sig. 

(Constant) 27.965  382.62 0.00 (Constant) 0.055  41.829 0.00 
NDBI 16.555 0.467 38.536 0.00 ΔNDBI − 0.152 − 0.039 − 2.176 0.03 
MNDWI − 11.427 − 0.297 − 22.595 0.00 ΔMNDWI 16.518 0.133 8.645 0.00 
PD − 672.14 − 0.114 − 10.303 0.00 PDc 0.700 0.291 16.071 0.00 
Dependent variable: LST Dependent variable: SUHInc  

Model 5 Comparison between post-lockdown and workday 

R2 = 0.004 Unstandardized B Standardized Coefficients 
Beta 

T Sig. 

(Constant) 0.008  13.077 0.00 
ΔNDBI 0.102 0.066 3.979 0.00 
ΔMNDWI 0.023 0.013 0.816 0.414 
PDc − 2.975 − 0.019 − 1.303 0.193 
Dependent variable: SUHInc  
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(− 9.66%), LLR (− 9.31%), SB (− 8.03%), OLR (− 7.84%), ST (− 7.66%) 
and LP (− 6.49%) (Fig. 8d). The population changes and SUHInc between 
the post-lockdown and workday periods almost remained the same 
trend, and their differences almost disappear after the return of residents 
and outdoor activities to Wuhan City (Fig. 8d). 

4.3. Correlations between PD and LST 

In this study, we found that the PD has a significant negative rela
tionship with LST in several types of urban land uses, especially in the 
urban construction land (Fig. 7a and b). Actually, the population dis
tribution is uneven, with most populations located on residential land 
with a lower LST and fewer residents located on industrial land or 
commercial areas with a higher LST (Fig. 9). This distribution can result 

Fig. 8. Population distribution in different LCZ classes and its associated changes after city lockdown (a) and LST (b), SUHIn (c) and SUHInc (d) in various 
LCZ classes. 

Fig. 9. Scatter plots between PD and LST with urban land use information on workdays (a), post-lockdown (b) and lockdown periods (c).  
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in a negative relationship between PD and LST at the city level. Since the 
city lockdown, many workers in industrial land or commercial areas 
have returned to their homes and the populations are concentrated on 
residential land (Fig. 9c). These changes can enlarge the uneven distri
bution of the population and may lead to more significant correlations 
between PD and LST in the lockdown period, with this correlation 
increasing from − 0.215** (workday) to − 0.257** (lockdown) at the city 
level. 

Similarly, the population and LST distribution were also uneven in 
the same type of urban land use. On industrial land, most populations 
were located in the OMR class with a lower LST and only few pop
ulations were located in the LLR class with a higher LST (Fig. 10b). Since 
the city lockdown, the decreased population are mainly in LLR classes 
(Figs. 10b-1), which decreased the negative correlations between PD 
and LST. On residential land, the dense population was located in the 
OHR class with a lower LST and the sparse population was located in the 
CLR class with a higher LST (Fig. 10e). This change can produce a sig
nificant negative correlation between PD and LST. Since the city lock
down, the residents moved out of the city centre in the CHR class and 
were concentrated in the OHR class (Figs. 10e-1), which could intensify 
the negative relationship between PD and LST. The different urban 
morphologies did not impact the medical (Fig. 10f) and office lands 
(Fig. 10d), which were dominated by one LCZ class. The impact of the 
population and its anthropogenic heat release on the urban thermal 
environment can produce a weaker positive relationship between PD 
and LST in those areas. 

4.4. Limitations and future studies 

In this study, due to the limitations in remote sensing images in terms 
of accessibility and issues associated with various weather conditions, 
only four remote sensing images were applied and used to retrieve the 
LST. The LST was then used to represent the thermal environment index 
and analyze the impact of population changes and human activities on 
the urban thermal environment. Considering a greater number of cities 
and comparing their thermal changes could lead to more reliable results. 
Moreover, by using the air temperature, we may obtain better results 
because anthropogenic heat is directly released to the air; thus, using 
LST may underestimate its impact. Even though we selected the days 
under similar weather conditions for comparison. However, it can not 
totally eliminate the weather differences on the impact of the urban 
thermal environment, such as wind speed or solar radiation on a small 
land block area. Conducting a research combined with climate models 
and situ measurement and comparing them can make the results more 
reliable. Active users on an online platform were analysed for the pop
ulation data, and these values are not representative of the whole pop
ulation; thus, the population size may have been underestimated. 
Combining online data with other data sources, such as census data and 
mobile signalling data, can improve the accuracy. We use the acquired 
population numbers in various urban land uses as an index to reflect the 
change in human activities. Actually, different human activities have 
different levels of energy consumption; for example, manufacturing 
activities may consume more energy than residential activities [61]. 
Therefore, converting the population numbers to anthropogenic heat 
release and considering their differences may yield better results. 

Moreover, the urban thermal environment is combined with many 

Fig. 10. Scatter plots between PD and LST with LCZ class information on workdays (a) and lockdown periods (a-1); scatter plots between PD and LST for various 
urban land uses with LCZ class information (b–g). 
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factors that may play an important role in the spatial-temporal distri
bution of LST. For example, land cover and urban morphology were 
found to have effects in this study and green spaces and water bodies 
were found to have cooling effects in other studies and thus play 
important roles [12]. Therefore, it is necessary to conduct more studies 
to compare the influence of such interactions. The use of nighttime LST 
data may also reduce the impact of solar radiation on the relationship 
between anthropogenic heat release and the urban thermal environment 
[36,62]. 

5. Conclusions 

In this study, we compared the population changes and thermal 
environment differences before and after city lockdown from the 
perspective of urban land use and the LCZ. The results show that COVID- 
19 reduced human activities. Combined with the Spring Festival, the 
population decreased significantly in industrial and commercial land, 
and larger thermal differences also appeared in those land and LCZ built- 
up classes. 

The population changes did not modify the spatial distribution of the 
thermal environment but reduced the thermal differences in different 
land use and LCZ classes. As the LST showed the same trend in various 
land use and LCZ classes before and after the city lockdown, and the 
normalized surface urban heat island (SUHIn) decreased in all urban 
land use and LCZ classes during the lockdown. The OLS model showed 
that the thermal differences were mainly caused by changes in popula
tion size and human activities under similar weather conditions. The 
model also illustrated that the contribution of the population and its 

anthropogenic heat release to the urban thermal environment is rela
tively weak, solar radiation and urban morphology play a more critical 
role in the urban thermal environment. 

The above findings enlighten us that urban planners and policy
makers should pay more attention to areas with a dense population and 
worse thermal environment, and apply different methods to reduce the 
impact of urban heat island for various urban land uses and LCZ classes. 
For example, moving the heavy industry factories out of the city centre, 
changing the LLR class of light industrial buildings to the OMR class, 
integrating heat impact assessments and heat warning systems into 
public health practice in residential areas. Thus, alleviate the urban heat 
island effect and making cities cope with climate change. 

Declaration of competing interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgments 

This work was supported by the National Natural Science Foundation 
of China (Grant No. 51978363 and 51878515), Beijing Social Science
Foundation (Grant No. 19GLB034) and National Key Research and 
Development Program of China (Grant No. 2018YFC0704600), Beijing 
Key Laboratory of Spatial Development for Capital Region (Grant No. 
20202000919).  

Appendix A  

Table 1 
Values of different index properties for LCZ classes.  

LCZ Sky 
View 
Factor 

Aspect 
Ratio 

Building 
Surface 
Fraction 
(%) 

Impervious 
Surface 
Fraction (%) 

Pervious 
Surface 
Fraction 
(%) 

Height of 
Roughness 
Elements (m) 

Terrain 
Roughness 
Class 

Surface 
Admittance (J 
m− 2s− 1/2K− 1) 

Surface 
Albedo 

Anthropogenic 
Heat Output (W 
m− 2) 

LCZ 1 
Compact 
high-rise 
(CHR) 

0.2–0.4 >2 40–60 40–60 <10 >25 8 1500–1800 0.10–0.20 50–300 

LCZ 2 
Compact 
mid-rise 
(CMR) 

0.3–0.6 0.75–2 40–70 30–50 <20 10–25 6–7 1500–2200 0.10–0.20 <75 

LCZ 3 
Compact 
low-rise 
(CLR) 

0.2–0.6 0.75–1.5 40–70 20–50 <30 3–10 6 1200–1800 0.10–0.20 <75 

LCZ 4 
Open high- 
rise (OHR) 

0.5–0.7 0.75–1.25 20–40 30–40 30–40 >25 7–8 1400–1800 0.12–0.25 <50 

LCZ 5 
Open mid- 
rise (OMR) 

0.5–0.8 0.3–0.75 20–40 30–50 20–40 10–25 5–6 1400–2000 0.12–0.25 <25 

LCZ 6 
Open low- 
rise (OLR) 

0.6–0.9 0.3–0.75 20–40 20–50 30–60 3–10 5–6 1200–1800 0.12–0.25 <25 

LCZ 8 
Large low- 
rise (LLR) 

>0.7 0.1–0.3 10–20 40–50 <20 3–10 5 1200–1800 0.15–0.25 <50 

LCZ 9 
Sparsely 
built (SB) 

>0.8 0.1–0.25 20–30 <20 60–80 3–10 5–6 1000–1800 0.12–0.25 <10 

LCZ 10 Heavy 
industry 
(HI) 

0.6–0.9 0.2–0.5 <10 20–40 40–50 5–15 5–6 1000–2500 0.12–0.20 0 

LCZ A 
Dense trees 
(DT) 

<0.4 >1 <10 <10 >90 3–30 8 – 0.10–0.20 0 

(continued on next page) 
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Table 1 (continued ) 

LCZ Sky 
View 
Factor 

Aspect 
Ratio 

Building 
Surface 
Fraction 
(%) 

Impervious 
Surface 
Fraction (%) 

Pervious 
Surface 
Fraction 
(%) 

Height of 
Roughness 
Elements (m) 

Terrain 
Roughness 
Class 

Surface 
Admittance (J 
m− 2s− 1/2K− 1) 

Surface 
Albedo 

Anthropogenic 
Heat Output (W 
m− 2) 

LCZ B 
Scattered 
trees (ST) 

0.5–0.8 0.25–0.75 <10 <10 >90 3–15 5–6 700–1500 0.15–0.25 0 

Lcz C 
Bush, scrub 
(BS) 

0.7–0.9 0.25–1.0 <10 <10 >90 <2 4–5 1200–1600 0.15–0.25 0 

LCZ D 
Low plants 
(LP) 

>0.9 <0.1 <10 <10 >90 <1 3–4 1200–2500 0.15–0.30 0 

LCZ E 
Bare rock or 
paved 
(Paved) 

>0.9 <0.1 <10 >90 <10 <0.25 1–2 600–1400 0.20–0.35 0 

LCZ F 
Bare soil or 
sand (BSS) 

>0.9 <0.1 <10 <10 >90 <0.25 1–2 600–1400 0.20–0.35 0 

LCZ G 
Water 

>0.9 <0.1 <10 <10 >90 – 1 1500 0.02–0.10 0  
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