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Quantifying Spatiotemporal Changes in Human
Activities Induced by COVID-19 Pandemic Using

Daily Nighttime Light Data
Ting Lan , Guofan Shao, Lina Tang , Zhibang Xu, Wei Zhu, and Lingyu Liu

Abstract—The COVID-19 pandemic caused drastic changes in
human activities and nighttime light (NTL) at various scales,
providing a unique opportunity for exploring the pattern of the
extreme responses of human community. This study used daily NTL
data to examine the spatial variations and temporal dynamics of
human activities under the influence of COVID-19, taking Chinese
mainland as the study area. The results suggest that the change in
the intensity of NTL is not correlated to the number of confirmed
cases, but reflects the changes in human activities and the intensity
of epidemic prevention and control measures within a region. Dur-
ing the outbreak period, the major provincial capitals and urban
agglomerations were affected by COVID-19 more than smaller
cities. During the recovery, different regions showed different re-
covery processes. The cities in West and Northeast China recovered
steadily while the recovery in coastal cities showed relatively greater
fluctuations due to an increase in imported cases. Wuhan, the most
seriously affected city in China, did not recover until the end of
March. Nevertheless, as of 31 March, the overall NTL across China
had recovered to an 89.5% level of the same period in the previous
year. The high consistency between the big data of travel intensity
and NTL further proved the validity of the results of this study.
These findings imply that daily NTL data are effective for rapidly
monitoring the dynamic changes in human activities, and can help
evaluate the effects of control measures on human activities during
major public health events.

Index Terms—China, COVID-19, National Polar-Orbiting
Partnership-Visible Infrared Imaging Radiometer Suite (NPP-
VIIRS) day/night band (DNB) daily data, nighttime light (NTL).

I. INTRODUCTION

W ITH the development of human society, lights have grad-
ually been popularized in human settlements, and high

light intensities are now emitted at night. Nighttime light (NTL),
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which can be detected by remote sensing technology, is closely
related to human activities [1]. NTL data can reflect the lights
of cities, towns, and other sources (e.g., fishing boats, natural
gas burning, and forest fires) at night. Therefore, such data are
widely used in many fields. NTL data are effective for assessing
long-term socioeconomic parameters such as gross domestic
product (GDP) [2], [3], human population [4], [5], electrical
power consumption [6], [7], greenhouse gas emissions [8], and
poverty [9]; for quantifying urbanization [10]–[15] and urban
sprawl [16]–[18]; for monitoring the impacts of unexpected
events, such as war [19]–[21], natural disasters (e.g., typhoons,
earthquakes, and floods) [22], [23], large-scale power outages
[24]; for tracing fishery [25]; and for analyzing environmental
effects [26], [27] and assessing issues such as light pollution
[28], [29], animals’ living habits [30]–[32], and human physio-
logical and psychological health [33]–[38], etc.

Although NTL data have been widely used in studies of the
environment and health, due to the unclear dynamic relationship
between epidemics and light, few studies have investigated the
dynamic relationship between NTL intensity and human activi-
ties under the influence of an epidemic [23]. Previous studies
have shown that dramatic changes in light occur before and
after wars and natural disasters, and the analysis of these light
changes can reflect the severity of the event and its impact on
human society [20], [23]. Epidemics, wars, and natural disasters
all have a great impact on human society; however, the impact
of epidemics is different from those of the latter two. First,
the duration is different. The duration of natural disasters (e.g.,
typhoons, earthquakes, and floods) is short, generally lasting
for a few hours or days, while epidemics may last for months
or longer. Second, the forms of expression are different. Wars
and natural disasters are tangible, whereas an epidemic can
be considered as a “war without smoke.” Furthermore, the
occurrence of wars and natural disasters leads to changes in light
by causing serious damage to human settlements, commercial
districts, industrial districts, etc.; however, epidemics do not
destroy these infrastructures, rather causing changes in light
mainly by affecting human activities [38].

In December 2019, COVID-19 broke out in China [39], [40],
and the outbreak was active at the time of the Spring Festival
transport season in 2020. Spring Festival transport is a mass
population migration phenomenon unique to China that involves
large-scale high-pressure transportation before and after the Lu-
nar New Year. Population migration during the Chinese Spring
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Festival in 2019 totaled 2.98 billion according to the Ministry
of Transport of the People’s Republic of China.1 Under the
double pressure of the Spring Festival transportation and the
COVID-19 outbreak, epidemic prevention and control were dire.
In order to prevent the rapid spread of COVID-19 due to the mass
migration of people, on 23 January 2020, the city of Wuhan
and various provinces in China launched a first-level public
health emergency response and suspended social and economic
activities. The “freezing” of human flow rapidly reduced the
number of people infected with COVID-19, and the outbreak
reached a turning point on 18 February. Since 10 February,
China’s social economy has gradually recovered and human
migration has increased. By the end of March 2020, China had
82 601 confirmed cases of COVID-19.

During the COVID-19 outbreak, in less than three months,
human activities in China transitioned from peak to trough and
then gradually recovered, which provides a rich opportunity for
monitoring human activities using NTL. Besides, the emergence
of COVID-19 urgently requires the provision of technology to
rapidly assess the spatial impact of the epidemic. Therefore, in
this study, daily NTL remote sensing data were used to quantita-
tively monitor the dynamic evolution of the epidemic and study
the dynamic relationship between the epidemic outbreak and
the radiation intensity of NTL. Additionally, this study explored
scenarios for the application of NTL remote sensing technology
in emergency public health events across large regions in order to
provide support for the response to global public health events in
the future. The scientific questions addressed in this article are:
1) what are the spatial characteristics of human activities under
the influence of COVID-19? and 2) what are the characteristics
of the NTL changes that were caused by changing human
activities during the COVID-19 outbreak?

II. DATA AND STUDY AREA

A. Data Source

Nowadays, many sensors are capable of detecting sources of
surface light at night [41]. The most commonly used NTL are
from the Defense Meteorological Satellite Program-Operational
Linescan System (DMSP-OLS) and the Suomi National Polar-
Orbiting Partnership-Visible Infrared Imaging Radiometer Suite
(NPP-VIIRS). The former was created by the National Oceanic
and Atmospheric Administration’s National Centers for Envi-
ronmental Information (NOAA/NCEI) and consists of a long-
term digital data archive that extends from 1992 to 2013 [42].
However, DMSP-OLS data are not calibrated and have a low
spatial resolution. Meanwhile, the VIIRS can detect NTL at
higher spatial and radiometric resolutions than DMSP-OLS
and practically eliminates three critical problems that beset the
heritage satellite program—saturation, blooming, and a lack
of on-board calibration [42]. Due to these advantages, in this
study, NPP-VIIRS data were applied to study the influence of
COVID-19 in China.

1[Online]. Available: http://www.mot.gov.cn/jiaotongyaowen/201903/
t20190302_3170940.html

NPP-VIIRS data were obtained from the NOAA/NECI [43].2

However, the raw NPP-VIIRS day/night band (DNB) daily data
have deviation due to the influence of clouds and moonlight
as well as stray light, fires, and other ephemeral lights [42].
Therefore, it is necessary to correct the daily NTL data. The
NTL data used in this study include monthly composite data
from December 2018 and January, February, and March 2019
and daily data from 20 January 2020 to 31 March 2020.

Population migration big data of Baidu map (PMBD) is
supported by Baidu (China’s largest integrated internet ser-
vice company). PMBD visually represents the trajectories and
features of population migration before and after the Chinese
Spring Festival.3 PMBD are dimensionless which have been
standardized by Baidu. The intensity of inner city travel data of
Baidu map (IICT) is also provided by Baidu. These data are an
indexed result of the ratio of the number of people traveling in
a city to the city’s resident population, which is a dimensionless
value. This study obtained daily PMBD and IICT data from 12
January 2019 to 12 April 2019 and from 1 January 2019 to 31
March 2020.

Data for the COVID-19 epidemic from 22 January 2020 to
31 March 2020, including the number of confirmed infections
(hereafter referred to as the confirmed count), number of sus-
pected infections (suspected count), number of cured (cured
count), and number of dead (dead count), were obtained from
Dingxiangyuan4 (a medical knowledge sharing website). The
data from 22 and 23 January are measured by province and
the data from 24 January to 31 March are measured by city.
The city is the basic research scale used in this study. After
data cleaning, eliminating duplicate and redundant data, and
completing missing information, a total of 17 259 data values
were obtained. The number of existing confirmed infections
(the number of confirmed cases that were under treatment as
of 31 March 2020) in each city was calculated by the following
equation:

ECon = Con− c− d (1)

where ECon represents the number of existing COVID-19 in-
fections, Con is the confirmed count, c is the cured count, and d
is the dead count.

B. Data Preprocessing

The preprocessing of the NPP-VIIRS DNB daily data mainly
includes the following steps—clipping the data, setting the
negative values to 0, unifying the projection coordinate system
to Asia North Albers equal area conic, resampling all grids to
500 × 500 m, and most importantly, removing the influence of
moonlight, cloud-cover, stray light, fires, other ephemeral lights,
and noise at the edge of the swath [44].

The moon phase angle and lunar zenith angle are the critical
factors affecting the lunar radiant luminance. Moonless data
refer to the data for which the moon phase angle and the average
moon zenith angle of each orbit data are greater than 90°.

2[Online]. Available: https://ngdc.noaa.gov/eog/download.html
3[Online]. Available: http://qianxi.baidu.com/
4[Online]. Available: https://ncov.dxy.cn/ncovh5/view/pneumonia

http://www.mot.gov.cn/jiaotongyaowen/201903/t20190302_3170940.html
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Fig. 1. (a)–(c) Results of outlier identification. (d) Outlier repairing.

Therefore, the data from 20 January to 1 February, 16 February
to 2 March, and 17 March to 1 April 2020 were not affected by
moonlight. The data that were affected by moonlight were not
used in this article.

The location of the noise in the NPP-VIIRS DNB daily data
differs every day. Generally, the real NTL radiance of each
pixel should fluctuate within a specific range without too many
changes. However, when there is noise, the value of light radia-
tion will change greatly. Therefore, 1000 points were randomly
selected in the relatively dark area of the study area, and the
light radiation values of these 1000 points were analyzed in time
series. The results show that the values of most pixels fluctuate
in the range of 0–1. In this study, the statistical method based on
quartiles (SMBQ) [45] is used to identify and repair the noise
from each pixel in the image. The equations are as follows:

N > Q3 + 1.5 (Q3 −Q1) (2)

n < Q1 − 1.5 (Q3 −Q1) (3)

where Q1 is the first quartile, which is the median of the lower
half of the dataset. Q3 is the third quartile, which is the median of
the upper half of the dataset. N and n are outliers. N is corrected
by the maximum value [Q3+1.5(Q3-Q1)] of the corresponding
pixel, and n is corrected by the minimum value [Q1 -1.5(Q3-Q1)]

of the corresponding pixel. N usually represents phenomena such
as scanner edge noise and fires, and n typically represents the
pixel has cloud.

The outliers are consistent with the real situation that the
number of high outliers is more than the number of low outliers,
and the low outliers are mainly in Sichuan, Chongqing, and other
cloudy areas [see Fig. 1(a)–(c). Then, the January NTL product
downloaded from the academic sector at the Colorado School of
Mines is compared with the January product produced by SMBQ
to verify the accuracy of noise repairing [see Fig. 1(d)]. The
former has not been filtered to screen out lights from fires, boats,
and other temporal lights, and the two products have different
methods for noise processing, resulting in a difference in the
radiance values [see Fig. 1(d)]. The slope of the scatter plot is
1.11, R2 is 0.82, and the difference is within a reasonable error
range. The results show that SMBQ can effectively repair the
noise.

C. Study Area

Due to the lack of data, this study only considered 31 provin-
cial administrative regions in the Chinese mainland but did not
include Hong Kong, Macao, and Taiwan. According to the data
from the Chinese National Bureau of Statistics, in 2019, the
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Fig. 2. Workflow of this study.

permanent population of these 31 provinces was about 1403.85
million, accounting for 97.79% of the country’s total population.
Besides, there are 367 cities in these 31 provinces, each with a
different population, different population flow characteristics,
and different epidemic levels.

III. METHODS

First, the VIIRS DNB daily data for 2020 were preprocessed,
removing the lunar illumination. Additionally, based on SMBQ,
the outliers of VIIRS DNB daily data are repaired. Then, accord-
ing to the differences between the daily NTL data in 2020 and the
monthly NTL data on the same day in the 2019 Chinese lunar cal-
endar, the spatial differences and dynamic processes of human
activities under the influence of COVID-19 were analyzed at the
national scale, provincial scale, and urban scale. According to
the PMBD data and the existing COVID-19 infections, the time
interval of the study was divided into two periods—the outbreak
period (S1: 23 January–18 February) and the recovery period
(S2: 19 February–31 March). Finally, the spatial characteristics
of changes in urban NTL during the epidemic, the impact of
the epidemic in each city, and the spatiotemporal characteristics
of the cities’ recovery degree were analyzed. The technical
workflow is shown in Fig. 2.

A. Affected Area

The most common way to monitor changes in NTL is to com-
pare NTL values at different times, including at the pixel level
[23], [24], [46], and the regional level [47]. In 2020, the NTL
in China was affected by the Spring Festival and the COVID-19
epidemic, while in 2019, at the same period of the Chinese lunar
calendar, the NTL was only affected by the Spring Festival.
Due to social and economic development, the value of NTL
radiance in 2020 should be higher than that in 2019. Therefore,
by only comparing the change in NTL radiance between the
outbreak period of 2020 and the same period of the Chinese
lunar calendar in 2019, the influence range of COVID-19 might
be underestimated in some regions. Thus, it is necessary to add a
development index to correct the results in this study. This index
is calculated using the following formulas:

CNTLi = Ri − ri −Di (4)

Di = di − d′i (5)

where CNTLi is the variation of the NTL radiance of grid i, Ri

are the NTL radiance of grid i during the outbreak in 2020, ri
represents the value of NTL of grid i during the same period in
the Chinese lunar calendar in 2019, Di is the development index
of grid i, di is the NTL radiance of grid i in December 2019,
and d′i is the value of NTL of grid i in the same period of the
previous year (12 December–31 December 2018, 1 January–
11 January 2019). The value of CNTL>0 shows the increase
in NTL, and the value of CNTL<0 indicates the decrease in
NTL. However, small changes in NTL (caused by background
noise) are not caused by the epidemic, but rather by the normal
fluctuation of the background light. We set different thresholds
for CNTL greater than zero and less than zero until they could
remove the background noise and reflect the changes of NTL
in different regions. Specifically, first of all, we removed the
obvious background noise. Then, according to the experience,
the lights of large shopping malls are weakened, and the lights of
most Tertiary Grade A hospitals are brighter during the COVID-
19 epidemic; with these characteristics preserved, the threshold
values were gradually adjusted, and the desired results could be
obtained when the threshold values are determined to be less
than -1 or more than 3.

B. Influence Intensity

The higher the CNTL value, the more severe the impact of
the epidemic. In this study, the city is the basic statistical unit
for the determination of the influence intensity of the epidemic.
The influence intensity of COVID-19 (SCNTL) is determined by
summing the CNTL values of each city. The influence intensity
of the affected area is rounded and divided into five levels based
on the natural breaks method. In detail, level I represents a very
high epidemic intensity, level II represents a high intensity, level
III represents a medium intensity, level IV represents a low
intensity, and level V represents very low intensity

SCNTL =

n∑

i=1

CNTLi. (6)

C. City Recovery Index

It has been proved that NTL is closely related to human
activity [42], [48]. In this study, NTL data from the same day in
the 2019 Chinese lunar calendar are used as the control data to
determine the normal NTL radiance, that is, without the impact
of the epidemic. The degree of city recovery is expressed by the
ratio between the NPP-VIIRS DNB daily data in the recovery
period of 2020 and the same data in the same period in the
Chinese lunar calendar in 2019, as calculated by the following
equation:

RNTL =

∑
R′

i∑
r′i

(7)

where RNTL represents the recovery degree of a city, R′
i is the

NTL intensity of grid i in the recovery period of the epidemic in
2020, and r′iis the NTL intensity of grid i in the 2019 Chinese
lunar calendar. The value of RNTL�l indicates that the city
has fully recovered, while the value of RNTL�1 suggests that
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Fig. 3. Two periods of the epidemic defined in this research.

the city has not fully recovered, and the smaller the RNTL, the
weaker the city’s recovery.

D. Anselin Local Moran’s I Statistics

The Anselin Local Moran’s I statistic was proposed by
Anselin [49]. Given a set of weighted features, this statistic
identifies statistically significant hot spots, cold spots, and spatial
outliers, which can be used to better analyze the distribution
of NTL changes in space. The formula for the Anselin Local
Moran’s I statistic is shown as follows:

Ii =
(n− 1)

(
xi − X̄

)∑n
j=1,j �=i wij

(
xi − X̄

)
∑n

j=1,j �=i

(
xi − X̄

)2 (8)

where xi is the influence intensity for city i, X̄ is the mean
influence intensity for all of the studied cities, wij is the spatial
weight between cities i and j (the spatial weight was determined
by inverse distance), and n is the total number of cities.

E. Accuracy Assessment

To some extent, IICT reflects the correlation between the
intensity of human activity and the ratio of urban recovery.
Therefore, in this study, IICT is applied to perform accuracy
verification. The formula for the recovery degree of IICT (m) is
as follows:

m =
Pj

pj
(9)

where Pj is the IICT on day j in 2020 and pj is the IICT on day
j in the 2019 Chinese lunar calendar.

IV. RESULTS

A. Review of the Spread of COVID-19 in China

On 23 January 2020, the Chinese government imposed a lock-
down of the city of Wuhan, and by 25 January, about 30 provinces
across China had activated a first-level public health emergency
response. Using PMBD, it was found that the level of population
migration across China fell sharply after January 23. With the

implementation of epidemic prevention and control measures,
the COVID-19 epidemic was gradually controlled, and a turning
point occurred on February 18. By combining the characteristics
of the epidemic development, the characteristics of population
migration, and the implementation time of the epidemic pre-
vention and control measures, we divided the research period
into two parts—the outbreak period and the recovery period
(see Fig. 3). The outbreak period is characterized by strong
intervention, a significant decline in population migration, home
quarantine, and the cessation of social and economic activities.
The recovery period is characterized by a gradual return to
work and production under the strong intervention, where the
population gradually moves back to the cities where they live
and work and social and economic activities gradually resume.

B. Spatial Extent of the Epidemic’s Impact

At the outbreak period, the areas affected by COVID-19
included two types—areas where the NTL radiance became
lower and areas where the NTL radiance became higher. The
areas where the NTL radiance became higher are those where
the intensity of human activities became higher under the in-
fluence of the epidemic. The reason why the NTL radiance
became higher is the use of infrastructure for patient treatment
and epidemic detection. Meanwhile, the areas where the NTL
radiation value became lower are those where the intensity of
human activities weakened under the influence of the epidemic.
The reason why the NTL radiation value became lower is the
large-scale suspension of social and economic activities (see
Fig. 4).

In China, the area affected by the COVID-19 epidemic was
308 337 km2, of which the proportion of the area with a lower
NTL radiance was 94% and the proportion of the area with a
higher NTL radiance was 6% (only 0.06 times the area with a
lower NTL radiance). The affected areas were mainly distributed
to the east of the Hu line (a line proposed by geographer
Huanyong Hu [50] that divides China into eastern and western
halves, It stretches from Heihe in northeast to Tengchong in
south, across China diagonally); some of the major cities in
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Fig. 4. Spatial extent of the impact of COVID-19 in China.

West China had large affected areas, while the affected areas in
Northeast and Central China were relatively small. In Tibet and
Qinghai in Western China, the NTL changes were small and the
affected area was very small.

From a provincial perspective, the provinces most affected
by COVID-19 were Guangdong, Jiangsu, and Zhejiang, with
affected areas of 28 383, 24 859, and 20 095 km2, respectively.
Tibet, Qinghai, and Tianjin had the smallest affected area, with
823, 12562, and 2264 km2, respectively. The areas with signifi-
cantly higher NTL radiance were Shanghai, Zhejiang, Liaoning,
and Hebei. The provinces with significantly lower NTL radiance
were Guangdong, Jiangsu, and Zhejiang (see Table Ⅰ).From the
perspective of urban agglomerations, the NTL radiance of the
five urban agglomerations all decreased in different ranges.
The major urban agglomerations affected by COVID-19 are
the Yangtze River Delta urban agglomerations, the Chengdu–
Chongqing urban agglomerations, and the urban agglomerations
of the Guangdong–Hong Kong–Macao Greater Bay Area of
the Pearl River Delta, with affected areas of 47 695, 21 873,
and 19 829 km2, respectively. The urban agglomerations in the
middle reaches of the Yangtze River and Beijing–Tianjin–Hebei
were slightly less affected, with affected areas of 19 561 and
15 402 km2, respectively. The urban agglomerations with the
highest area with increased NTL radiance were the Beijing–
Tianjin–Hebei urban agglomeration (2439 km2), the Yangtze

River Delta urban agglomeration (1566 km2), and the middle
Yangtze River urban agglomeration (1175 km2).

C. Intensity of the Epidemic’s Impact

In this study, we used the natural breaks method to round the
influence intensity, and divided the intensity of the influence of
COVID-19 into five levels, namely, Ⅰ: −240 000 to −150 000
nW/cm2/sr, including two cities (Shanghai and Chongqing);
Ⅱ: −150 000 to −60 000 nW/cm2/sr, including 15 cities; Ⅲ:
−60 000 to−30 000 nW/cm2/sr, including 42 cities;Ⅳ:−30 000
to −10 000 nW/cm2/sr, including 154 cities; and Ⅴ: −10 000 to
0 nW/cm2/sr, including 153 cities (see Fig. 5).

From a national perspective, the areas most affected by
COVID-19 were mainly distributed in the area east of the Hu
line and a few cities in West China, followed by a few cities
in East, Central, Northeast, and West China. Four categories,
namely, high–high clusters (clusters of high influence intensity),
high–low outliers (outlier in which a high influence intensity
is surrounded primarily by low influence intensity), low–high
outliers (outliers in which a low influence intensity is surrounded
primarily by high influence intensity), and low–low clusters
(cluster of low influence intensity), were defined based on the
Anselin Local Moran’s I. It was found that the high–high clusters
were distributed in coastal areas in Eastern China and some



2746 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

TABLE I
AREA AFFECTED BY THE COVID-19 EPIDEMIC IN VARIOUS PROVINCES, REGIONS, AND CITIES OF CHINA

Fig. 5. Intensity of the impact of COVID-19 in different urban agglomerations in China.
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Fig. 6. Spatial correlations between cities with different influence intensities.

cities in the provinces of Yunnan, Guizhou, and Sichuan, and
the Guangxi Zhuang Autonomous Region. Cities with high–low
outliers were relatively scattered and included Wuhan, Chang-
sha, and Zhengzhou in Central China, Anyang, Haikou, and
Ledong in East China, Shenyang in Northeast China, and Aksu
and Yinchuan in West China. The low–high outliers were mainly
distributed around the high–high cluster (see Fig. 6).

Among the five major urban agglomerations, the Yangtze
River Delta and Chengdu–Chongqing urban agglomerations
were the most affected by the epidemic, followed by the middle
reaches of the Yangtze River, the Pearl River Delta urban ag-
glomeration, and the Beijing–Tianjin–Hebei urban agglomera-
tion. Shanghai, in the Yangtze River Delta urban agglomeration,
was the most affected, at level Ⅰ; in the Chengdu–Chongqing
urban agglomerations, Chongqing and Chengdu were the most
affected, at levels Ⅰ and Ⅱ, respectively. Wuhan, in the urban
agglomerations in the middle reaches of the Yangtze River, was
the most affected, at level Ⅱ; Beijing, in the Beijing–Tianjin–
Hebei urban agglomeration, was the most affected, at level Ⅲ.
The core cities (political centers or economic centers) of each
urban agglomeration were often affected to a greater extent (see
Fig. 5).

The 12 most affected cities in China were Chongqing, Shang-
hai, Chengdu, Suzhou, Guiyang, Hangzhou, Xi’an, Guangzhou,
Nanning, Nanjing, Quanzhou, and Fuzhou. These cities are
municipalities under the direct administration of the central
government or else, are provincial capitals or economic centers.
The areas with the greatest impact intensity of COVID-19 in
each city were mainly located in the central business district
(CBD) of the city, and gradually weakened traveling outwards
(see Fig. 7).

D. Degree of Urban Recovery

The recovery period was divided into the February recovery
period (19–29 February 2020) and the March recovery period

Fig. 7. Twelve cities in China most affected by the COVID-19 epidemic.

(1–31 March 2020) according to the month. In China, the chang-
ing trend of the total NTL radiance after the Spring Festival in
2020 was consistent with the changing trend of the total NTL
radiance after the Spring Festival in 2019; that was, the total
amount of NTL radiance in February 2020 and March 2019
was higher than the total amount of NTL radiance in March
2020 and April 2019. Additionally, the total amount of NTL
radiance in 2020 was lower compared to 2019. Generally, in
the February recovery period, the overall NTL intensity across
China had recovered to 88.53% of the level in the same period
in the previous year, while in the March recovery period, the
overall NTL intensity across China had recovered to 89.48% of
the level in the same period in the previous year (see Fig. 8).

City-scale analysis showed that, in all cities, by 31 March
2020, the NTL radiance had returned to over 30% of the level
in the same period in the previous year. In the recovery period
in February, fully restored cities accounted for 33% of the total,
cities with a recovery degree of 80%–100% accounted for 38%
of the total, and only 3% of the cities had a recovery degree of
30%–60%. The cities with a recovery degree of 30%–60% were
mainly distributed in the Chengdu–Chongqing urban agglomer-
ation, as well as in the Yangtze River Delta urban agglomeration
and the Beijing–Tianjin–Hebei urban agglomeration. The fully
restored areas included Tibet, Yunnan, and Jilin [see Fig. 9(a)].

By the end of the recovery period in March, compared with the
February recovery period, the number of cities with a recovery
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Fig. 8. Changes in the total amount of NTL in China in 2019 and 2020 after
the Spring Festival. "Feb 2020" refers to 19–29 February 2020 and "Mar 2020"
refers to 1–31 March 2020; "Mar 2019" refers to 3–12 March 2019 and "Mar-Apr
2019" refers to 13–31 March 2019 and 1–12 April 2019.

Fig. 9. Recovery degree of cities. (a) February recovery period (19–29 Febru-
ary 2020). (b) March recovery period (1–31 March 2020).

degree of over 60% had decreased to 90%, while cities with
a recovery degree of 30%–60% had increased to 10% of the
total. By the end of the recovery period in March, most cities
in West and Northeast China had fully recovered, some even
exceeding the NTL level at the same point in the Chinese
lunar calendar in 2019. However, the recovery degree of the
coastal cities in Eastern China was lower compared with the
February recovery period, which may be due to the increase in

TABLE II
NUMBER OF CITIES WITH DIFFERENT RECOVERY DEGREES

the number of imported COVID-19 cases during this period.
These imported cases were mainly distributed in coastal cities,
where epidemic prevention and control measures had since
been further strengthened and human activities had decreased
again, and the NTL radiance of these cities had reduced by
the end of the March recovery period. The overall recovery
of the Beijing–Tianjin–Hebei urban agglomeration was strong.
However, the Chengdu–Chongqing urban agglomeration, the
Yangtze River Delta urban agglomeration, the Pearl River Delta
urban agglomeration, and the middle Yangtze urban agglomer-
ation had a weaker recovery [see Fig. 9(b)].

Fig. 10 shows the NTL recovery degree of provincial capitals,
province-level municipalities, and vice-provincial cities—a total
of 36 cities—in 31 provincial administrative divisions. In 31 out
of the 36 cities, the recovery degree reached more than 50%
in both the February and March recovery periods. A total of
50% of cities recovered steadily, with the degree of recovery in
March being greater than that in February, whereas the recovery
in the remaining 50% of cities showed a certain fluctuation. The
recovery degree of the coastal cities of Guangzhou, Nanning,
Shenzhen, and Xiamen was 40% lower in March than in Febru-
ary.

Furthermore, IICT was applied to verify the accuracy of cities’
recovery degree. The recovery degree of cities in the February
recovery period based on IICT was compared with the recovery
degree in the same period based on NTL. It was found that, in the
February recovery period, there were 354 cities with a recovery
degree of more than 60%, and 300 of these 354 cities had a
IICT recovery of more than 60% during the same period. There
is a high agreement between the recovery degree determined
based on IICT and the recovery degree determined based on
NTL, as shown in Table Ⅱ. The trends of the two are similar
but not completely consistent. This is reasonable because they
are the different dimensions of urban restoration; NTL reflects
the urban vitality in space, while IICT is the statistical value of
population flow within cities.

E. Dynamics of NTL in the Center of the Epidemic
Outbreak in China

During the outbreak period, Wuhan, as the hardest hit city,
experienced a significant increase in NTL radiance in the core
areas on both sides of the Yangtze River and in the locations of
Tertiary Grade A hospitals. After the epidemic reached the turn-
ing point, the NTL radiance in Wuhan, including Huoshenshan
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Fig. 10. NTL recovery degree of provincial capitals, province-level munici-
palities, and vice-provincial cities of 31 provincial administrative divisions. The
D-value is the difference in recovery degree between the March and February
recovery periods.

hospital and Leishenshan hospital, decreased gradually until the
end of March (see Fig. 11). During the February recovery period,
the total value of NTL radiance in Wuhan was 64% of that in the
same period in 2019, and in the March recovery period, it was
60% of that in the same period in 2019. Between February and
March 2020, the area with a higher NTL radiance than the same
period in 2019 gradually reduced and the area with a lower NTL
radiance gradually increased; this reflects the gradual reduction
of the prevention and control measures and the effective control
of the epidemic.

V. DISCUSSION

A. Relationship Between Epidemics and NTL

NTL is closely related to human activities [29]; however, its
relationship to epidemics is not yet clear. Therefore, in the con-
text of the COVID-19 outbreak, this study explores the impact
of the outbreak on NTL in China using high-temporal-resolution
NTL remote sensing data. First, we found that the severity of
the epidemic was not the direct cause of the change of NTL (the
biggest R2 value of the linear regression between the number of
COVID-19 cases and NTL changes at different times is only
0.098). After the outbreak, the prevention and control mea-
sures caused changes in human activities, which in turn caused
changes in NTL. This is different from the NTL changes caused
by war and natural disasters (e.g., typhoons, earthquakes, and
flooding), which are caused by damage to power supply systems
and other infrastructure, which directly changes NTL. The NTL
is normal before the war or natural disaster, the NTL is dimmed
during the process, and the NTL gradually brightens during the
recovery period [22], [23]. However, for epidemics, the NTL
changes have nothing to do with damage to infrastructure but
are mainly caused by changes in human activities. For example,
Wuhan, the center of the COVID-19 outbreak in mainland
China, had an area of 2197 km2 in which the NTL was reduced
during the epidemic, ranking 22nd among 368 cities in China;
the total reduction in NTL intensity was −63 061 nW/cm2/sr,
ranking 16th; and the total increase in NTL intensity was 3542
nW/cm2/sr, ranking 39th. This suggests that neither the area of
NTL reduction nor the magnitude of the intensity change can be
used to determine the severity of the epidemic.

However, the overall change trend of NTL can indirectly
reflect the occurrence of an epidemic in a city, as well as the ap-
proximate severity of the epidemic. Epidemics indirectly cause
changes in NTL by affecting human activities; that is, changes in
human activities in response to the epidemic will directly cause
changes in NTL. Under the influence of COVID-19, the NTL of
all cities in China has been reduced to varying degrees, and cities
which experienced a greater reduction in NTL are concentrated
to the east of the Hu line, and these cities are also severely
affected by COVID-19. Tibet, which had the lowest number of
COVID-19 cases of any region of China, had the lowest change
in NTL and the best recovery. Therefore, these results suggest
that changes in NTL can be used to make a general judgment
about the severity of outbreaks in cities.

B. Significance of NTL Monitoring

Under the influence of COVID-19, the affected areas include
areas where the NTL radiance becomes lower, and areas where
the NTL radiance becomes higher. The decrease of NTL over
large areas indicates the weakening or cessation of social and
economic activities, while the increase of NTL in a few areas
was caused by epidemic prevention and control measures or the
increased use of infrastructure such as hospitals. For example,
during the outbreak period, although the number of daily flights
at airports decreased, the NTL of many airports was brighter
than before the outbreak of COVID-19 due to an increase in
the brightness of high pole lights in order to facilitate epidemic
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Fig. 11. Dynamics of NTL in Wuhan, the center of the epidemic outbreak in China.

Fig. 12. Representations of the increase of NTL at airports during the COVID-
19 epidemic. Red areas indicate areas where NTL increased in February 2020
compared to the same period in 2019; the pixel size is 500 × 500 m.

prevention and control measures (see Fig. 12). Moreover, the
NTL at the entrances and exits of some expressways also in-
creased during the epidemic due to the implementation of active
monitoring and control measures for COVID-19. Therefore, the
monitoring of NTL changes in specific locations can be used
to evaluate the effectiveness of urban prevention and control
measures for the epidemic.

The change trends in the daily NTL intensity can also be used
to reflect the impact of the epidemic in a city as well as the city’s
recovery process. Fig. 13 shows the changes in daily NTL inten-
sity in 12 cities in China during the COVID-19 outbreak. The
NTL change trend lines, including trend lines in the areas where
the NTL intensity in January–March 2020 was lower than that
in the same period in 2019 (hereinafter called D-lines) and trend
lines in the areas where the NTL intensity in January–March
2020 was higher than that in the same period in 2019 (hereinafter
called I-lines), were obtained by fitting a fifth-order polynomial
to the change in the daily NTL intensity. Then, according to the
D-line, cities are divided into two types, namely, M-type and
inverted-U-type; the M-type cities have two recovery periods
and the inverted-U-type cities have one recovery period. When
the tail of the D-line is upward, it indicates that a good recovery
will occur in the future (e.g., Lhasa, Nanning, Chongqing); when
the tail of the D-line is downward, it indicates a recurrence of
the epidemic (e.g., Fuzhou, Guangzhou). Additionally, the I-line
can show the intensity of urban epidemic prevention and control
measures.

C. Characteristics of the Affected Cities

These affected areas have similar characteristics at the na-
tional, provincial, and urban scales—at the national scale, the
economic center Shanghai is the most affected, at level Ⅰ; at
the provincial scale, the economic and political centers of the
provinces are more affected; at the city scale, the central areas of
cities are more affected. The cities that were most affected by the
outbreak of COVID-19 mostly have fast-growing economies and
a high demand for labor, which causes these cities to have a huge
“floating population” of migrant workers. Therefore, important
economic or political centers of a country should particularly
focus on controls during the COVID-19 epidemic to ensure their
rapid and safe recovery.

D. Limitations and Prospects

During the processing of NPP-VIIRS DNB daily data, in order
to quickly and accurately eliminate the impact of moonlight,
this study directly removed the data affected by moonlight;
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Fig. 13. Changes in daily NTL intensity compared to the same period in the previous year in 12 cities in China during the COVID-19 outbreak. The I-line is the
NTL change trend line in the areas where the NTL intensity in January–March 2020 was higher than that during the same period in 2019; the D-line is the NTL
change trend line in the areas where the NTL intensity in January–March 2020 was lower than that during the same period in 2019.
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accordingly, only 15 days of data per month could be used for
analysis, thus reducing the temporal resolution of the analysis. In
the future, we will explore ways to quickly eliminate the effects
of moonlight. Besides, due to time constraints and other reasons,
we only analyzed the NTL changes in the severe period of the
COVID-19 outbreak (23 January–31 March 2020). In the future,
we will investigate the changes in the impact of the COVID-19
outbreak in the period after 31 March 2020.

VI. CONCLUSION

The outbreak of COVID-19 before and after the Chinese
Spring Festival in 2020 caused drastic changes in human activ-
ities and NTL as a consequence. Under this circumstance, this
study takes 31 provincial administrative regions in the main-
land of China as the research subject and uses high-temporal-
resolution NTL data (NPP-VIIRS DNB daily data) to explore
the impact of the epidemic and the degree of work resumption
in China. The high agreement between the big data of inner
city travel intensity and the NTL data proves the validity of the
results in this study. The results show that the application of
daily satellite-based NTL data is effective to detect dynamic
changes in social and economic activities caused by public
health emergencies (e.g., wide-range epidemics) in a timely and
effective manner.

During the outbreak, the main provincial capitals and ur-
ban agglomerations were relatively more affected, and these
locations were mainly distributed to the east of the Hu line.
During the outbreak, the NTL intensities of five major urban
agglomerations decreased to different degrees. Among them,
the Yangtze River Delta urban agglomeration, the Chengdu–
Chongqing urban agglomeration, and the Pearl River Delta
urban agglomeration of the Guangdong–Hong Kong–Macao
Greater Bay Area were most affected. Clusters with H-H impact
intensity have a relatively small distribution range and cities with
H-L outliers are scattered, indicating that prevention and control
measures have played a positive role in hindering the spread of
COVID-19. By the end of March 2020, 66% of cities in China
had recovered by more than 80% compared to the same period in
the previous year. Cities in West and Northeast China recovered
well, whereas the degree of recovery in Central and Eastern
China was relatively low and showed a certain fluctuation due
to an increase in the number of imported cases.

More importantly, we found that the change in NTL intensity
is not correlated to the number of cases, but reflects the changes
in human activities and the effectiveness of epidemic prevention
and control measures. However, the overall change trend of
NTL can be an indication to the status of an epidemic in a
city. Furthermore, the fitted trend of daily NTL changes can
provide an effective measure for monitoring the effectiveness of
epidemic prevention and control measures, and can also be used
to reflect the spatiotemporal recovery characteristics of each city
and predict the future recovery trend in a city.

REFERENCES

[1] Q. Zheng et al., “Monitoring the trajectory of urban nighttime light
hotspots using a Gaussian volume model,” Int. J. Appl. Earth Observ.
Geoinf., vol. 65, pp. 24–34, 2018.

[2] X. Li, H. M. Xu, X. L. Chen, and C. Li, “Potential of NPP-VIIRS nighttime
light imagery for modeling the regional economy of China,” Remote Sens.,
vol. 5, pp. 3057–3081, 2013.

[3] D. J. Forbes, “Multi-scale analysis of the relationship between economic
statistics and DMSP-OLS night light images,” GISci. Remote Sens., vol. 50,
pp. 483–499, 2013.

[4] C. N. H. Doll and S. Pachauri, “Estimating rural populations without access
to electricity in developing countries through night-time light satellite
imagery,” Energy Policy, vol. 38, pp. 5661–5670, 2010.

[5] M. F. A. Bustos, O. Hall, and M. Andersson, “Nighttime lights and
population changes in Europe 1992–2012,” Ambio, vol. 44, pp. 653–665,
2015.

[6] T. K. Chand, K. Badarinath, C. Elvidge, and B. Tuttle, “Spatial char-
acterization of electrical power consumption patterns over India using
temporal DMSP-OLS night-time satellite data,” Int. J. Remote Sens.,
vol. 30, pp. 647–661, 2009.

[7] B. Min, K. M. Gaba, O. F. Sarr, and A. Agalassou, “Detection of rural
electrification in Africa using DMSP-OLS night lights imagery,” Int. J.
Remote Sens., vol. 34, pp. 8118–8141, 2013.

[8] C. H. Doll, J.-P. Muller, and C. D. Elvidge, “Night-time imagery as a
tool for global mapping of socioeconomic parameters and greenhouse gas
emissions,” AMBIO, J. Hum. Environ., vol. 29, pp. 157–162, 2000.

[9] C. D. Elvidge et al., “A global poverty map derived from satellite data,”
Comput. Geosci., vol. 35, pp. 1652–1660, 2009.

[10] L. Sun, L. N. Tang, G. F. Shao, Q. Y. Qiu, T. Lan, and J. Y. Shao, “A machine
learning-based classification system for urban built-up areas using multiple
classifiers and data sources,” Remote Sens., vol. 12, no. 1, 2019.

[11] C. Small, F. Pozzi, and C. Elvidge, “Spatial analysis of global urban
extent from DMSP-OLS night lights,” Remote Sens. Environ., vol. 96,
pp. 277–291, 2005.

[12] T. Ma, C. H. Zhou, T. Pei, S. Haynie, and J. F. Fan, “Quantitative estimation
of urbanization dynamics using time series of DMSP/OLS nighttime
light data: A comparative case study from China’s cities,” Remote Sens.
Environ., vol. 124, pp. 99–107, 2012.

[13] E. C. Stokes and K. C. Seto, “Characterizing urban infrastructural tran-
sitions for the sustainable development goals using multi-temporal land,
population, and nighttime light data,” Remote Sens. Environ., vol. 234,
no. 111430, 2019.

[14] J. Ou, X. Liu, P. Liu, and X. Liu, “Evaluation of Luojia 1-01 nighttime light
imagery for impervious surface detection: A comparison with NPP-VIIRS
nighttime light data,” Int. J. Appl. Earth Observ. Geoinf., vol. 81, pp. 1–12,
2019.

[15] W. Kuang, “Mapping global impervious surface area and green space
within urban environments,” Sci. China Earth Sci., vol. 62, pp. 1591–1606,
2019.

[16] B. L. Yu et al., “Object-based spatial cluster analysis of urban landscape
pattern using nighttime light satellite images: A case study of China,” Int.
J. Geographical Inf. Sci., vol. 28, pp. 2328–2355, 2014.

[17] C. Small and C. D. Elvidge, “Night on earth: Mapping decadal changes
of anthropogenic night light in Asia,” Int. J. Appl. Earth Observ. Geoinf.,
vol. 22, pp. 40–52, 2013.

[18] Q. L. Zhang and K. C. Seto, “Mapping urbanization dynamics at regional
and global scales using multi-temporal DMSP/OLS nighttime light data,”
Remote Sens. Environ., vol. 115, pp. 2320–2329, 2011.

[19] J. Agnew, T. W. Gillespie, J. Gonzalez, and B. Min, “Baghdad nights:
Evaluating the US military ‘Surge’ using nighttime light signatures,”
Environ. Planning A, Econ. Space, vol. 40, pp. 2285–2295, 2008.

[20] X. Li, R. Zhang, C. Q. Huang, and D. Li, “Detecting 2014 northern Iraq
insurgency using night-time light imagery,” Int. J. Remote Sens., vol. 36,
pp. 3446–3458, 2015.

[21] L. Zhang, X. Li, and F. Chen, “Spatiotemporal analysis of Venezuela’s
nighttime light during the socioeconomic crisis,” IEEE J. Sel. Topics Appl.
Earth Observ. Remote Sens., vol. 13, pp. 2396–2408, 2020.

[22] Y. M. Zheng et al., “Rapid assessment of a typhoon disaster based on
NPP-VIIRS DNB daily data: The case of an urban agglomeration along
western Taiwan straits, China,” Remote Sens., vol. 11, no. 14, 2019.

[23] X. Z. Zhao et al., “NPP-VIIRS DNB daily data in natural disaster assess-
ment: Evidence from selected case studies,” Remote Sens., vol. 10, no. 10,
2018.

[24] C. Y. Cao, X. Shao, and S. Uprety, “Detecting light outages after severe
storms using the S-NPP/VIIRS day/night band radiances,” IEEE Geosci.
Remote Sens. Lett., vol. 10, no. 6, pp. 1582–1586, Nov. 2013.

[25] C. Elvidge, M. Zhizhin, K. Baugh, and F.-C. Hsu, “Automatic boat iden-
tification system for VIIRS low light imaging data,” Remote Sens., vol. 7,
pp. 3020–3036, 2015.



LAN et al.: QUANTIFYING SPATIOTEMPORAL CHANGES IN HUMAN ACTIVITIES INDUCED BY COVID-19 PANDEMIC 2753

[26] M. Imhoff, “Using nighttime DMSP/OLS images of city lights to estimate
the impact of urban land use on soil resources in the United States,” Remote
Sens. Environ., vol. 59, pp. 105–117, 1997.

[27] C. Y. He, Z. F. Liu, J. Tian, and Q. Ma, “Urban expansion dynamics and
natural habitat loss in China: A multiscale landscape perspective,” Global
Change Biol., vol. 20, pp. 2886–2902, 2014.

[28] H. U. Kuechly et al., “Aerial survey and spatial analysis of sources of light
pollution in Berlin, Germany,” Remote Sens. Environ., vol. 126, pp. 39–50,
2012.

[29] N. Levin et al., “Remote sensing of night lights: A review and an outlook
for the future,” Remote Sens. Environ., vol. 237, no. 111443, 2020.

[30] P. Rodrigues, C. Aubrecht, A. Gil, T. Longcore, and C. Elvidge, “Remote
sensing to map influence of light pollution on Cory’s shearwater in
São Miguel island, Azores Archipelago,” Eur. J. Wildlife Res., vol. 58,
pp. 147–155, 2011.

[31] T. Mazor et al., “Can satellite-based night lights be used for conservation?
The case of nesting sea turtles in the Mediterranean,” Biol. Conservation,
vol. 159, pp. 63–72, 2013.

[32] R. G. Dwyer, S. Bearhop, H. A. Campbell, and D. M. Bryant, “Shedding
light on light: Benefits of anthropogenic illumination to a nocturnally
foraging shorebird,” J. Animal Ecol., vol. 82, pp. 478–485, 2013.

[33] I. Kloog, A. Haim, R. G. Stevens, M. Barchana, and B. A. Portnov, “Light
at night co-distributes with incident breast but not lung cancer in the female
population of Israel,” Chronobiol. Int., vol. 25, pp. 65–81, 2008.

[34] I. Kloog, A. Haim, R. G. Stevens, and B. A. Portnov, “Global co-
distribution of light at night (LAN) and cancers of prostate, colon, and
lung in men,” Chronobiol. Int., vol. 26, pp. 108–125, 2009.

[35] S. E. Bauer, S. E. Wagner, J. Burch, R. Bayakly, and J. E. Vena, “A
case-referent study: Light at night and breast cancer risk in Georgia,” Int.
J. Health Geography, vol. 12, pp. 23, 2013.

[36] K. A. Abay and M. Amare, “Night light intensity and women’s body
weight: Evidence from Nigeria,” Econ. Hum. Biol., vol. 31, pp. 238–248,
2018.

[37] C. Vollmer,U. Michel, and C. Randler, “Outdoor light at night (LAN)
is correlated with eveningness in adolescents,” Chronobiol. Int., vol. 29,
pp. 502–508, 2012.

[38] N. Bharti, A. J. Tatem, M. J. Ferrari, R. F. Grais, A. Djibo, and B. T.
Grenfell, “Explaining seasonal fluctuations of measles in Niger using
nighttime lights imagery,” Science, vol. 334, pp. 1424–1427, 2011.

[39] C. Huang et al., “Clinical features of patients infected with 2019 novel
coronavirus in Wuhan, China,” Lancet, vol. 395, pp. 497–506, 2020.

[40] Y. Wang et al., “Monitoring crop growth during the period of the rapid
spread of COVID-19 in China by remote sensing,” IEEE J. Sel. Topics
Appl. Earth Observ. Remote Sens., vol. 13, pp. 6195–6205, 2020.

[41] C. Wang et al., “Analyzing parcel-level relationships between Luojia 1-01
nighttime light intensity and artificial surface features across Shanghai,
China: A comparison with NPP-VIIRS data,” Int. J. Appl. Earth Observ.
Geoinf., vol. 85, no. 101989, 2020.

[42] M. M. Bennett and L. C. Smith, “Advances in using multitemporal night-
time lights satellite imagery to detect, estimate, and monitor socioeco-
nomic dynamics,” Remote Sens. Environ., vol. 192, pp. 176–197, 2017.

[43] C. D. Elvidge, K. E. Baugh, M. Zhizhin, and F.-C. Hsu, “Why VIIRS data
are superior to DMSP for mapping nighttime lights,” in Proc. Asia-Pacific
Adv. Netw., vol. 35, pp. 62–69, 2013.

[44] C. D. Elvidge, K. Baugh, M. Zhizhin, F. C. Hsu, and T. Ghosh, “VIIRS
night-time lights,” Int. J. Remote Sens., vol. 38, pp. 5860–5879, 2017.

[45] F. M. Dekking, C. Kraaikamp, H. P. Lopuhaä, and L. E. Meester, A Modern
Introduction to Probability and Statistics: Understanding Why and How.
London, U.K.: Springer-Verlag, 2005.

[46] T. Cole, D. Wanik, A. Molthan, M. Román, and R. Griffin, “Synergistic
use of nighttime satellite data, electric utility infrastructure, and ambient
population to improve power outage detections in urban areas,” Remote
Sens., vol. 9, no. 3, 2017.

[47] M. O. Roman and E. C. Stokes, “Holidays in lights: Tracking cultural pat-
terns in demand for energy services,” Earth’s Future, vol. 3, pp. 182–205,
2015.

[48] N. Zhao, G. Cao, W. Zhang, E. L. Samson, and Y. Chen, “Remote
sensing and social sensing for socioeconomic systems: A comparison
study between nighttime lights and location-based social media at the
500 m spatial resolution,” Int. J. Appl. Earth Observ. Geoinf., vol. 87,
no. 102058, 2020.

[49] L. Anselin, “Local indicators of spatial association-LISA,” Geographical
Anal., vol. 27, pp. 93–115, 1995.

[50] H. Y. Hu, “The distribution, regionalization and prospect of China’s
population,” Acta Geographica Sinica, vol. 45, pp. 139–145, 1990.

Ting Lan received the M.S. degree in cartography and
geographic information system from Fujian Normal
University, Fuzhou, China, in 2018. She is currently
working toward the Ph.D. degree in environment
economy and environment management with the In-
stitute of Urban Environment, Chinese Academy of
Sciences, Xiamen, China.

Her research interests include environment effects
of urban form and sustainable urban development.

Guofan Shao received the Ph.D. degree in ecology
from the Chinese Academy of Sciences, Beijing,
China, in 1989.

From 1991 to 1994, he was a Postdoctoral Re-
searcher with the Department of Environmental Sci-
ences, University of Virginia, Charlottesville, VA,
USA. He is a Professor of remote sensing with the De-
partment of Forestry and Natural Resources, Purdue
University, West Lafayette, IN, USA. His research
interests include the applications of remote sensing,
geographic information systems, forest modeling,

and forestry decision-support systems.

Lina Tang received the Ph.D. degree in ecology from
the Institute of Applied Ecology, Chinese Academy
of Sciences, Liaoning, China, in 2006.

From 2007 to 2008, she was a Postdoctoral Re-
searcher with the Department of Forestry and Natural
Resources, Purdue University, West Lafayette, IN,
USA. She is currently a Professor with the Institute of
Urban Environment, Chinese Academy of Sciences,
Xiamen, China. Her research interests include urban
geography and landscape ecology.

Zhibang Xu received the M.S. degree in cartography
and geographic information system from Lanzhou
Jiaotong University, Lanzhou, China, in 2018. He is
currently working toward the Ph.D. degree in land re-
source management with the School of Resource and
Environmental Sciences, Wuhan University, Wuhan,
China.

His research interests include urban expansion and
sustainable urban development.

Wei Zhu has been working toward the Ph.D. degree
in ecology with the Institute of Urban Environment,
Chinese Academy of Sciences, Xiamen, China, since
2019.

Her research interests include nonpoint source pol-
lution simulation, ecological efficiency, and ecologi-
cal risk.

Lingyu Liu received the M.S. degree in advanced
energy process engineering from Chungnam National
University, Deajon, South Korea, in 2018. She is
currently working toward the Ph.D. degree in en-
vironment economy and environment management
with the Institute of Urban Environment, Chinese
Academy of Sciences, Xiamen, China.

Her research interests include sustainable urban de-
velopment and ecological infrastructure construction.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


