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Abstract: Air pollution is a problem that directly affects human health, the global environment and the climate. The air quality index
(AQI) indicates the degree of air pollution and effect on human health; however, when assessing air pollution only based on AQI monit-
oring data the fact that the same degree of air pollution is more harmful in more densely populated areas is ignored. In the present study,
multi-source data were combined to map the distribution of the AQI and population data, and the analyze their pollution population ex-
posure of Beijing in 2018 was analyzed. Machine learning based on the random forest algorithm was adopted to calculate the monthly
average AQI of Beijing in 2018. Using Luojia-1 nighttime light remote sensing data, population statistics data, the population of Beijing
in 2018 and point of interest data, the distribution of the permanent population in Beijing was estimated with a high precision of 200 m ×
200 m.  Based on the  spatialization results  of  the  AQI and population of  Beijing,  the  air  pollution exposure  levels  in  various  parts  of
Beijing were calculated using the population-weighted pollution exposure level (PWEL) formula. The results show that the southern re-
gion of Beijing had a more serious level of air pollution, while the northern region was less polluted. At the same time, the population
was found to agglomerate mainly in the central city and the peripheric areas thereof. In the present study, the exposure of different dis-
tricts and towns in Beijing to pollution was analyzed, based on high resolution population spatialization data, it could take the pollution
exposure issue down to each individual town. And we found that towns with higher exposure such as Yongshun Town, Shahe Town and
Liyuan Town were all found to have a population of over 200 000 which was much higher than the median population of townships of
51 741 in Beijing. Additionally, the change trend of air pollution exposure levels in various regions of Beijing in 2018 was almost the
same, with the peak value being in winter and the lowest value being in summer. The exposure intensity in population clusters was relat-
ively high. To reduce the level and intensity of pollution exposure, relevant departments should strengthen the governance of areas with
high AQI, and pay particular attention to population clusters.
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1　Introduction

Air pollution is a significant environmental problem that

affects human health. As shown in a number or existing
studies,  exposure  to  air  pollution  has  various  adverse
health  effects  (Krewski  and  Rainham,  2007; Jing  and
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Wei, 2012; Kan et al., 2012; Straif et al., 2013), includ-
ing  respiratory  and  cardiovascular  diseases.  The  air
quality index (AQI) used in China indicates the overall
level of air pollution and is based on the level of six air
pollutants:  SO2,  NO2,  PM10,  PM2.5,  CO  and  O3. In  re-
search on environmental  pollution in which only popu-
lation distribution and environmental pollution are mon-
itored, there  are  significant  differences  in  spatial  distri-
bution (Caplin et al., 2019; Rivas et al., 2017; Benjamín
et al., 2019). Since exposure to environmental pollution
refers  to  the  exposure  of  individuals  or  populations  to
environmental  factors  (Chen  and  Zhang,  2004), the  in-
vestigation of  population  exposure  to  air  pollution  in-
volves exploring people’s contact with air pollution. At
present, commonly used research methods of  air  pollu-
tion  exposure  are  based  on  air  pollutant  concentration,
population  exposure  intensity  and  population-weighted
exposure risk assessment (Zhao,  2018). Among the de-
scribed methods, studies that use the air quality concen-
tration to  estimate  exposure  are  based  on  the  simplify-
ing assumption that the population is evenly distributed,
and  thus,  an  approximation  will  be  given  (Liu  et  al.,
2004). Population exposure intensity is a method of as-
sessing  pollution  intensity  through  raster  operations
after  the  spatialization  of  pollutant  concentration  and
population  distribution.  For  instance,  several  scholars
have drawn hierarchical population density maps, calcu-
lated the PM10 concentration of each grid, and superim-
posed  the  two  to  investigate  the  exposure  of  the
Chongqing population to particulate pollution (Wang et
al.,  2008). The  population-weighted  exposure  concen-
tration is the result of the population and the concentra-
tion of a pollutant in the spatial unit of a certain spatial
scale.  In  calculating  the  concentration,  the  influence  of
the population  distribution  is  taken  into  account  to  de-
scribe the exposure intensity of the pollutant to the pop-
ulation  in  the  grid  (Hystad  et  al.,  2001),  which  is  an
evaluation  index  of  exposure  intensity  (Zou  et  al.,
2016).  Studies  have  shown  that  long-term  exposure  to
air pollution  has  a  strong  correlation  with  several  dis-
eases (Beelen et al., 2014), and the concept of cumulat-
ive  air  pollution  exposure  intensity  has  been  proposed,
which  is  the  total  exposure  over  a  period  (Xie,  2016).
The  total  exposure  intensity  of  an  area  is  evaluated  by
calculating the cumulative exposure intensity (Zhang et
al., 2013).

In  previous  research,  the  significance  of  nighttime

light  remote  sensing  data  for  various  applications  has
been reported.  Nighttime  light  remote  sensing  data  re-
flects several aspects of human activity and are a signi-
ficant  factor  in  human  activity  monitoring  research
(Yang et al., 2011). In addition to town lights, the lights
displayed  in  the  image  also  include  nocturnal  fishing
boats, natural  gas  burning,  forest  fires  and  other  night-
time light  sources.  Nightlight  data  were widely used in
socioeconomic parameter estimation (Li et al., 2013; Li,
2018),  urban  expansion  progress  (Dong  et  al.,  2017;
Lou  et  al.,  2019),  fishery  monitoring  (Paulino  et  al.,
2017; Zhang, 2017; Wu and Guan, 2019), energy (He et
al., 2013; Zhao et al., 2018) and other fields (Li and Li,
2015; Levin  et  al.,  2020).  Multi-source  data,  including
Luojia-1 nighttime light remote sensing data, were used
to estimate population distributions in the present study.
The new type of remote sensing image data provided by
Luojia-1 have a higher spatial  resolution (130 m) com-
pared  with  Defense  Meteorological  Program  (DMSP)/
Operational Line-Scan System (OLS) and National  Po-
lar-Orbiting (NPP)/Visible  Infrared  Imaging  Radiomet-
er Suite (VIIRS) data, which have been extensively ad-
opted  for  population  spatialization  research  in  the  past.
As shown by studies mostly based on DMSP/OLS Data
and NPP-VIIRS (Bagan and Yamagata, 2015; Lu et al.,
2021) data, remotely sensed nightlight data and popula-
tion  data  have  a  high  degree  of  correlation,  indicating
that such data types can be used to simulate and estim-
ate  population  distribution.  Notably,  there  is  a  scarcity
of research in which Luojia-1 remote sensing data were
used. China published the population data of its seventh
census  in  2021,  and  compared  with  other  population
data, the seventh census accurately reflects the number,
structure,  and distribution of  China’s  population.  There
has been no research on air pollution exposure based on
data  from  the  seventh  census.  At  present,  cities  set  up
air  quality  monitoring  stations  and  use  the  data  from
several locations  to  evaluate  the  air  pollution  of  an  en-
tire city. At the same time, the AQI representing pollu-
tion level only represents the pollutants contained in the
air  within a  certain  range and cannot  reflect  the  hazard
level for  the  population  based  on  the  population  distri-
bution. Considering that air pollution with the same AQI
is  more  harmful  in  densely  populated  areas  than  in
sparsely populated areas, its air pollution needs to evalu-
ated in combination with the population distribution.

The research  methods  for  the  simulation  of  the  spa-
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tial  and  temporal  distribution  of  air  pollution  can  be
mainly divided into  two categories:  the  traditional  stat-
istical model and the method of machine learning. Tra-
ditional statistical models include linear regression such
as  analysis  of  the  relationship  between  AOD  (Aerosol
Optical  Depth)  obtained  by  MODIS  (Moderate-resolu-
tion  Imaging  Spectroradiometer)  and  ground  hourly
PM2.5 (Wang  et  al.,  2003).  Further,  several  researchers
have  constructed  a  physical  model  of  PM10 inversion
based on MERIS (Medium Resolution Imaging Spectro-
meter) (Rohen et al.,  2011). The other research method
is  machine  learning,  including  random  forest  model
(Kamińska,  2018),  support  vector  machine  (Duong  et
al.,  2020),  deep  learning  method (Wu et  al.,  2012)  and
others.  In  terms  of  predicting  air  quality  conditions  in
the face of large amounts of data, machine learning has
a  higher  accuracy  than  traditional  regression  models
(Zhan et al., 2018).

In  the  present  study,  the  daily  air  pollution  data  of
Beijing  in  2018  were  used  to  spatialize  the  AQI  of
Beijing. In addition, Luojia-1 satellite nighttime light re-
mote sensing data and China’s seventh census data were
combined with  auxiliary  data  to  spatialize  the  popula-
tion  of  Beijing.  Since  the  latest  nighttime  light  remote
sensing data released by the Luojia-1 satellite were from
2018,  the  district-level  population  data  in  the  Beijing
Statistical Yearbook in 2018 (Beijing Municipal Bureau
of  Statistics,  2019)  were  used  to  revise  the  township-
level population data in the seventh census, so as to cal-
culate  the  township-level  population  data  of  Beijing  in
2018.  Subsequently,  based  on  the  population-weighted

pollution  exposure  level  (PWEL)  and  intensity,  the  air
pollution exposure in Beijing in 2018 was analyzed. In-
vestigation of  the  current  air  pollution  exposure  prob-
lems can  help  to  conduct  a  more  time-efficient  assess-
ment  of  air  pollution  in  light  as  population  distribution
data are updated to address air pollution problems more
effectively. As one of the most important mega-cities in
China, the high-precision population inversion data ob-
tained based on Luojia-1 can help us to study the popu-
lation exposure to pollution in Beijing.  The findings of
the study have important significance for understanding
the  regional  distribution  characteristics  of  air  pollution
exposure among  populations  in  large,  densely  popu-
lated mega-cities in China and for developing differenti-
ated regional population management policies 

2　Materials and Methods
 

2.1　Study area
The location of Beijing in China is shown in Fig. 1. As
the political,  cultural,  international  exchange,  and  sci-
entific  and  technological  innovation  center  of  China.
Beijing is  a  world-famous  ancient  capital  and  interna-
tional  city  that  attracts  a  large number  of  domestic  and
foreign tourists.  The  air  quality  of  Beijing  is  consider-
ably important to the lives of the local residents and the
overall image of the city. In 2021, WHO issued new air
quality  guidelines,  establishing  new  guidance  value
levels for the concentrations of PM2.5, PM10, ozone, ni-
trogen  dioxide,  sulfur  dioxide  and  carbon  monoxide
(WHO, 2021). As as an example, the average guideline
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for PM2.5 in the new guidelines is 5 μg/m3.  Despite the
environmental quality  of  Beijing  has  improved  in  re-
cent  years.  according  to  the  2021  Bulletin  on  the  State
of  China’s  Ecological  Environment  provided  by  the
Ministry of Ecology and Environment of China, China’s
PM2.5 average  in  2021  was  30  μg/m3,  ranking  22nd
among the most polluted countries in the world, and be-
ing  six  times  higher  than  the  WHO  requirement  of
5 μg/m3 (Ministry of Ecology and Environment of China,
2022). The average PM2.5 in Beijing in 2021 was 33 μg/m3,
which was higher than the average in China.  However,
the air quality guidelines state that global deaths due to
air pollution  exposure  can be  reduced by 80% if  coun-
tries  can  meet  the  annual  air  quality  guideline  level  of
5  μg/m3.  As  such,  investigation  of  the  exposure  level
and  intensity  of  Beijing’s air  pollution  is  of  consider-
able significance. 

2.2　Data sources
The  nighttime  light  remote  sensing  data  used  in  the
present  study  was  derived  from  the  Luojia-1  satellite
and downloaded from the website of Luojia-1 (http://59.
175.109.173:8888/app/login.html). Successfully launch-
ed on June 2, 2018, Luojia-1 is the world’s first profes-
sional nighttime light remote sensing satellite jointly de-
veloped by Wuhan University and related research insti-
tutions. The  satellite  provides  data  with  improved  spa-
tial  resolution  (130  m)  and  light  intensity  recognition
accuracy  compared  with  mainstream  global  nighttime
light data (Zhong and Liu, 2019). Due to data transmis-
sion and other issues, the downloaded data must under-
go radiance conversion before use.

In the present study, points of interest such as the dis-
tribution of various facilities, buildings, and road points
were  used  (Table  1).  To  investigate  the  relationship  to
population distribution, the points of interest were clas-
sified into  six  categories:  shopping,  leisure  and  enter-
tainment, catering, real estate, medical care, and educa-
tion.

Hourly air  quality  data  were  obtained  from  the  na-
tional  air  quality  release  platform  (https://air.cnemc.
cn:18007/),  which  includes  34  stations  in  Beijing,  as

well  as  the  air  quality  monitoring  data  of  9  stations  in
Hebei,  24  stations  in  Tianjin  and  3  stations  in  Inner
Mongolia  surrounding  Beijing.  The  time  span  of  the
data was from January 1, 2018, to December 31, 2018.
Sites  with  no data  were  ignored and the  hourly  data  of
the remaining sites were averaged to calculate the daily
average  data  of  PM2.5,  PM10,  NO2,  CO,  O3,  SO2 and
AQI data.

The  district-level  population  data  of  Beijing  in  2018
were  obtained  from  the  Beijing  Statistical  Yearbook
(Beijing  Municipal  Bureau  of  Statistics,  2019).  The
township-level population data of Beijing were obtained
from the Seventh Census of China released by the China
International Bureau of Statistics (http://www.stats.gov.
cn/). For the Seventh Population Census of the People’s
Republic of China, surveys and statistics were collected
on the  number  of  permanent  residents  in  various  re-
gions. The  permanent  population  refers  to  the  popula-
tion who have lived in an area for over half a year. The
subjects of the census were natural persons who resided
within  the  territory  of  China  at  the  time  of  the  census
and  Chinese  citizens  who  had  not  settled  outside  of
China. Foreigners who were in the territory of China for
a short period of time were not included. 

2.3　Methods 

2.3.1　Spatialization of AQI
To  investigate  the  air  pollution  exposure  in  Beijing  in
2018, the air quality and population of each grid within
the study area were required. Since the existing air mon-
itoring station data only reflected the air  pollution situ-
ation near the monitoring point, the AQI data and popu-
lation data needed to be spatially interpolated.

Monthly air monitoring station data in Beijing and the
surrounding cities  were imported into ArcGIS10.8,  and
the kriging interpolation tool was used to obtain monthly
air  quality  interpolation  images  for  Beijing.  Taking  the
circumscribed rectangle of the Beijing vector map as the
range, a fishing net with a side length of 200 m was cre-
ated and the center point was used to extract the PM2.5,
PM10,  NO2,  CO,  O3,  SO2 data  of  each  point  in  each
month in Beijing.

 
Table 1    The quantities of different types of points of interest in Beijing
 

Type Shopping Leisure and entertainment Catering Real estate Medical care Education

Quantity 113288 12486 51476 181260 14060 5183
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The concentrations of PM2.5, PM10, NO2, CO, O3, and
SO2 at each site were used as independent variables, and
AQI was used as the dependent variable to construct and
train  a  random forest  model.  The  random forest  model
was  established  to  divide  the  data  into  training  set  and
validation set in a ratio of 7:3. When building the mod-
el, first the number of trees needed to participate in the
modeling  needed  to  be  determined  first  and  then  the
parameters of each tree needed to be adjusted. Notably,
the number  of  trees  in  the  model  needed to  be  determ-
ined,  followed by the  maximum depth  of  the  trees.  Set
the number of trees to 1200 and maximum depth being
set to 20. The larger the number of trees,  the better the
effect of the model, but the greater the amount of com-
putation  and  memory  required.  As  such  Python  was
used to build a loop structure to determine the appropri-
ate  value  of  number  of  trees.  Subsequently,  the  PM2.5,
PM10, NO2, CO, O3, SO2 data of the fishing nets of each
month  were  substituted  into  the  constructed  random
forest  model  to  predict  the  AQI  value  of  each  fishing
net. The described method was used to spatially process
the  air  monitoring  station  data  in  Beijing  in  2018  and
obtain the monthly AQI spatial distribution raster map. 

2.3.2　 Spatialization  of  population  distribution  in
Beijing
The population data of each township from the seventh
census  data  of  all  townships  in  Beijing  were  input  into
the vector  attribute  table  of  Beijing  township-level  ad-
ministrative divisions according to the township. At the
same time,  the  Beijing  point  of  interest  data  were  di-
vided into six categories: shopping, medical care, educa-
tion,  real  estate,  restaurant,  leisure,  and  entertainment.
The  spatial  relationships  between  the  township  vector
diagram  and  various  points  of  interest  in  Beijing  were
established and  the  numbers  of  various  points  of  in-
terest in each township were obtained. Du et al.  (2021)
suggested that  200 m resolution grids are often used in
municipal units,  thus a 200 m × 200 m grid was estab-
lished to count the total number of various points of in-
terest  data  in  each  grid.  After  exporting  the  various
points of  interest,  average  nighttime  light  remote  sens-
ing data and total population of each township, SPSS 24
was used to perform regression analysis, using the num-
ber  of  various  points  of  interest  and  average  nighttime
light remote  sensing  data  value  as  independent  vari-
ables, and the total population as the dependent variable.
After  excluding  the  less  significant  points  of  interest

data, the  numbers  of  points  of  interest  in  the  three  cat-
egories  of  medical  care,  education,  and  real  estate  and
average  nighttime  light  were  selected  as  independent
variables to construct a regression model:
POPk = a × lk + b × mk + c × nk + d × pk (1)

where POPk represents the number of permanent resid-
ents  in  the kth  township  of  the  seventh  census  data.
Variable lk represents  the  number  of  education-related
points  of  interest  in  township k;  variable mk represents
the  number  of  real  estate-related  points  of  interest  in
township k; variable nk represents the number of medic-
al-related points of interest in township k and variable pk
is  the average nighttime light  value of  township k.  The
numbers a, b, c, d are the regression coefficients corres-
ponding  to l, m, n,  and p,  respectively.  After  bringing
the data into SPSS 24 for calculation, the final equation
was:

POPk = 362.081 × lk + 45.832 × mk + 442.829 × nk +

74.576 × pk (2)

An observation  can  be  made  from the  output  results
that  the  final  input  variables  of  the  constructed  model
were the various points of interest of each township and
the  average  nighttime  light  remote  sensing  data  value.
According  to  the  model,  the  preliminary  population
value could be obtained. Substituting the statistical pop-
ulation number and the preliminary population value ob-
tained by the model into the following formula for cor-
rection derives the population number on each 200 m ×
200 m could be derived:

POP′kij = Pk × Ml ×
(a × lk + b × mk + c × nk + d × pk)ij

POPk × Nl
(3)

where POP′kij is the population of township k of the grid
cell in the row i and column j; Pk is the statistical popu-
lation  number  of  the  seventh  census  of  the  township
numbered k. POPk is the result of Eq. (2), which means
the number of permanent residents in the kth township.
Ml is  the  district-level  population  in  Beijing. Nl is  the
district-level population of the seventh census of Beijing.

Using  population  and  AQI  distribution  data,  the  air
pollution exposure situation in Beijing in 2018 was cal-
culated from  the  population-weighted  air  pollution  ex-
posure level. 

2.3.3　Spatialization of pollution exposure in Beijing
Because  the  spatial  distribution  of  population  is  not
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completely consistent with the distribution of pollutants,
the  spatial  distribution  of  the  AQI  does  not  reflect  the
real  exposure  risk  of  residents.  Therefore,  population
weighting  was  used  for  exposure  risk  assessment.  The
calculation formula  of  population-weighted  air  pollu-
tion exposure level PWEL is as follows:

PWEL =

n∑
i=1

m∑
j=1

(POP′ij ×Cij)

n∑
i=1

m∑
j=1

POP′ij

(4)

where Cij is  the  AQI  in  the  row i and  column j of  the
grid.  We used  the  ArcGIS10.8  regional  statistical  tools
and grid  calculator  were  used  to  calculate  the  popula-
tion  distribution  map  obtained  before  and  the  monthly
AQI distribution map.

The population  exposure  risk  assessment  model  pro-
posed by Kousa et  al.  (2002)  was used to  calculate  the
monthly exposure intensity of the polluted population in
Beijing in 2018. The calculation formula is as follows:

Ep = POP′ij × cp (5)

where Ep is  the  pollution  exposure  intensity  of  grid p;
and cp is the AQI of grid p. 

2.3.4　Accuracy verification
The  monthly  test  set  of  the  AQI  was  used  to  perform
batch value extraction to point  operations on the previ-
ously  obtained  prediction  raster  images.  The  extracted
AQI values were compared and analyzed with those ob-
tained from the original monitoring stations to verify the
model prediction results. The following indicators were
calculated: R²,  root  mean  square  error  (RMSE),  and
mean absolute error (MAE) (Xu et al., 2019):

R2 = 1−
 N∑

i=1

(yi−ŷi)2
/ N∑

i=1

(yi−y)2

 (6)

y ŷ
y
where  is the monitored value;  is the predicted value;

 is  the  average  value  of  the  observed  value;  and N is
the number of samples in the test set.

RMSE =

√√√
1
N

N∑
t=1

(Ot−Pt)2 (7)

MAE =
1
N

N∑
t=1

|Ot−Pt | (8)

where RMSE is  the  square  root  of  the  mean  of  the
square of all of the error, Ot and Pt are the observations

and the predicted values of a variable t. MAE is the av-
erage value of  absolute  error,  reflecting the actual  situ-
ation of the predicted value error. 

3　Results and Analyses
 

3.1　Population spatialization of Beijing
Fig. 2 shows the final distribution map of Beijing’s per-
manent  population  in  2018,  where  red  means  higher
population  density,  and  green  means  lower  population
density. Resident population in Beijing was mainly dis-
tributed in the central area of Beijing. Other urban areas
also had residential clusters,  but such clusters were rel-
atively small. 

3.2　Monthly spatio-temporal variation of pollution
exposure and AQI in Beijing
Eq.  (5)  was  used  to  calculate  the  population-weighted
air  pollution  exposure  levels  of  different  districts  with
different  AQI  in  Beijing, and  the  monthly  time  series
are  shown  in Fig.  3.  The  pollution  exposure  level  of
Beijing’s population in each month of 2018 shows that
the air  pollution exposure levels  in various regions had
similar  trends,  being  highest  in  March  and  lowest  in
September. The trend is similar to that of the AQI spa-
tialization results.

Fig. 4 shows the monthly change of AQI in different
months  of  Beijing  in  2018.  From  the  AQI  spatialized
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raster map, we can see that the AQI value in the south-
eastern  part  of  Beijing  is  relatively  high,  which  means
that Daxing, Tongzhou, and Fangshan districts are areas
with  more  serious  air  pollution.  The  AQI  value  was
higher in the northwestern urban areas in April–August.
The  peak  of  the  AQI  in  Beijing  in  2018  occurred  in
November.

Fig.  5 exhibits  the  air  pollution  exposure  risk  of
Beijing in each month of 2018. The air pollution in vari-
ous  districts  in  Beijing  had  roughly  the  same  trend  in
terms  of  the  seasonal  changes.  The  air  pollution  was
severe  from November  to  December  in  winter  and less
severe from July to September in summer.  Overall,  the
air pollution exposure problem of Beijing was more ser-
ious  in  March  and  November  and  less  serious  in
September. The southern area of Beijing had high pollu-
tion exposure levels in March and November, while the
pollution exposure levels of the densely populated cent-
ral area of Beijing, which ranked the highest in perman-
ent  population  density  areas,  were  higher  from May  to
July.  For  changes  of  air  pollution  exposure  risk  of
Beijing over  time,  the  difference was  not  large  and the
trend  is  similar  to  that  of  the  spatial  distribution  of  the
AQI:  the  highest  AQI  concentrations  in  March  and
November were higher than those in other months, and
the  highest  concentration  in  September  was  also  at  the
lowest annual  level.  The  highest  pollution  concentra-
tion occurred  in  the  southern  area  of  Beijing.  Compar-
ing the pollution exposure distribution map with the res-
ident population distribution map, an observation can be
made that  the  exposure  intensity  had  a  certain  correla-
tion  with  the  degree  of  population  concentration.  The
population concentration  area  had  greater  exposure  in-

tensity, while  the  sparsely  populated  area  was  less  ex-
posed to pollution.

Among  the  air  quality  data  of  70  monitoring  sites,
data from 63 sites were selected as the training set  and
data from 7 sites were selected as the verification set for
random forest training. The air quality test set of the 12
months of 2018 was compared with the actual observa-
tion data for accuracy verification, and the values of R²,
RMSE and MAE were calculated.

After  substituting  the  test  set  for  the  12  months  of
2018  into  the  relevant  equation,  the  verification  results
were obtained, as shown in Table 2. The data show that
the  accuracy  of  the  model  was  high  and  the  AQI  data
could be spatialized accurately.

The  obtained  pollution  exposure  intensity  in Fig.  5
were divided through the natural breakpoint method in-
to three categories: low risk, medium risk, and high risk.
The proportions  of  population and area  involved in  the
three classes of risk are shown in Table 3.  In 2018, the
monthly proportion of areas for each pollution exposure
risk changed little over time, while difference was signi-
ficant between three pollution exposure risk. Most of the
permanent residents in Beijing were belong to the medi-
um and high air pollution exposure risk, and population
subjected  to  low pollution  exposure  risk  was  relatively
small. In 2018, the average monthly proportion of popu-
lation  in  low  pollution  exposure  risk  was  about  23%,
and that involved in medium pollution exposure risk was
about 35%. The proportion of the population involved in
high pollution  exposure  risk  was  about  43%.  The  pro-
portion of the area involved in different exposure intens-
ities also fluctuated from month to month slightly. Most
areas in Beijing were exposed to low-risk pollution, and
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a small part was exposed to high-risk pollution. 

3.3　Population of high-risk areas
A random forest-based machine learning method to ex-
trapolate the air quality of various locations based on the

air quality data of air monitoring stations in Beijing. As
can be seen in Fig. 5 and Fig. 6, high exposure risk areas
were  concentrated  in  densely  populated  central  urban
areas such as Dongcheng District, Xicheng District and
Chaoyang  District,  indicating  showed  that  the  spatial
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distribution of exposure risk in Beijing is highly consist-
ent with the spatial distribution of population density in
Fig. 2.

To further determine the approximate location of the
high  exposure  risk,  the  latest  township  zoning  vector
diagram of  Beijing  was  used  to  calculate  regional  stat-

istics on the  monthly  population pollution exposure  in-
tensity. The ten townships with the most  serious pollu-
tion exposure in each month were respectively counted.
Among  them,  seven  towns  that  recured  in  each  month
were  marked  in Fig.  7.  The  populations  of  the  seven
townships with the most frequent occurrence are shown
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in Table  4, wherein  red  means  higher  population dens-
ity, and  green  means  lower  population  density.  Town-
ships  with  more  serious  exposure  risk  all  had  a  large
population  and  the  population  density  within  such
blocks were relatively high, which led to high pollution
exposure risk. 

4　Discussion
 

4.1　Simulation of population spatialization
In this study, land use data of Beijing and the nighttime
light remote  sensing  data  of  Luojia-1  were  used  calcu-
late  the  average  nighttime  light  remote  sensing  data
value of each grid determine the number of points of in-
terest throughout  the  grid,  and  finally  establish  a  step-
wise regression  equation  with  demographic  and  town-
ship-level  population  data  of  Beijing  derived  from  the
seventh census  of  China  to  obtain  the  number  of  per-

manent residents in each grid.  In most previous studies
on air  pollution  exposure  in  Beijing  and  the  surround-
ing areas using air  pollution exposure models based on
population weighting, on low resolution population spa-
tialization data were used.

As an example, researchers investigated the air pollu-
tion  exposure  of  Beijing,  Tianjin  and  Hebei  based  on
LandScan  global  population  distribution  data  (https://
landscan.ornl.gov/) developed by the US Department of
Energy’s  Oak  Ridge  National  Laboratory  (ORNL)  at  a
spatial resolution of 1000 m × 1000 m (Wang et al., 2021).
Several other researchers used 1000 m × 1000 m spatial-
ized population data based on DMSP/OLS global night-
time  steady  light  from  the  US  National  Geophysical
Data Centre to study the air pollution exposure of Beijing
(Zhang and Hu,  2018).  These studies  are  only accurate
to the district or municipal level for areas of high pollu-
tion exposure risk.

In the present study, population grid data with a resol-
ution of 200 m × 200 m in Beijing were obtained from
the nighttime light data of Luojia-1 and the latest town-
ship-level  population  data  of  the  7th  Census.  As  such,
higher  precision population pollution exposure  analysis
data were obtained, and pollution exposure could be ac-
curately determined at the township-level. 

4.2　Study of air pollution exposure in Beijing
Additionally, air  quality  data  and  population  distribu-
tion data  in  Beijing in  2018 were analyzed through the
PWEL  formula  and  the  pollution  intensity  formula.
From the  analysis  of  air  pollution  on  a  temporal  scale,
the  monthly  changes  in  16  regions  of  Beijing  during

 
Table 2    Verification results of random forest model
 

Month R² RMSE MAE

Jan. 0.945 29.058 3.318

Feb. 0.923 5.451 1.958

Mar. 0.806 37.460 4.266

Apr. 0.563 38.571 4.430

May 0.795 37.512 5.283

Jun. 0.872 17.664 3.785

Jul. 0.658 16.169 3.425

Aug. 0.566 9.537 2.432

Sept. 0.930 4.406 1.724

Oct. 0.708 47.825 5.082

Nov. 0.817 61.258 6.177

Dec. 0.863 20.849 3.588

 
Table 3    Proportion of population and area in different months under three air pollution exposure intensities in Beijing in 2018 / %
 

Month Low-risk area Low-risk population Medium-risk area Medium-risk population High-risk area High-risk population

Jan. 95.92 24.31 3.28 37.12 0.81 38.57

Feb. 95.44 22.33 3.56 34.33 1.00 43.33

Mar. 93.82 17.18 4.62 28.64 1.57 54.18

Apr. 94.55 19.26 4.13 30.79 1.32 49.95

May 94.67 19.62 4.05 31.10 1.28 49.28

Jun. 95.49 22.49 3.52 34.26 0.99 43.25

Jul. 95.91 24.24 3.28 37.07 0.81 38.69

Aug. 96.40 26.59 2.99 40.40 0.61 33.01

Sept. 96.67 28.13 2.84 42.96 0.49 28.91

Oct. 95.87 24.10 3.30 36.67 0.83 39.23

Nov. 94.23 18.35 4.32 29.51 1.44 52.14

Dec. 95.68 23.29 3.42 35.76 0.90 40.94
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2018 were analyzed according to the pollution exposure
levels,  and  similar  trends  were  identified.  The  highest
values occurred  in  March,  while  the  lowest  values  oc-
curred in September. The AQI of Beijing was highest in
winter, followed by spring and autumn, with the lowest
AQI  in  summer.  Several  researchers  have  confirmed
(Liu et al., 2021) that due to seasonal differences in pol-
lutant emissions and meteorological conditions, air pol-

lution in China undergoes seasonal variations. The most
severe  air  pollution  tends  to  occur  in  winter,  followed
by spring and autumn,  with the lowest  risk in  summer,
which  is  also  consistent  with  the  seasonal  variation  in
the AQI in Beijing.

By  analyzing  air  pollution  exposure  spatially  in
Beijing at a spatial scale, the AQI was found to be high-
er  in  the  southern  areas  of  Beijing  in  2018,  which also
meant that air pollution was more severe in such areas.
The  results  have  shown  that  the  permanent  population
clusters of Beijing were mainly concentrated in the cent-
ral part of Beijing, namely Dongcheng District, Xicheng
District and the surrounding urban areas like Chaoyang
District. At  the  township  scale,  nine  of  the  ten  town-
ships with  the  most  serious  pollution  exposure  prob-
lems in Beijing had a population of 200 000 or more, a
figure much higher than the median population of town-
ships in Beijing of 51 741. A strong relationship between
population density  and  air  exposure  has  been  demon-
strated  in  previous  research  (Beelen  et  al.,  2013),  and
the  results  of  the  present  study  confirm  that  densely
populated areas in Beijing have a higher risk of expos-
ure to pollution. The results also show that exposure in-
tensity was higher in densely populated areas of Beijing
and  exposure  to  pollution  was  generally  lower  in
sparsely populated areas, which also meant that the indi-
vidual townships with higher populations were at much
higher risk of exposure to pollution than other areas. 

5　Conclusions

This paper used land use data, point of interest data, the
township-level seventh census data of China, and Luojia-
1 nighttime light remote sensing data to map the spatial
distribution of the population in Beijing with high resol-
ution.  By  using  the  latest  census  data  and  night-time
light remote  sensing data,  the  population could  be  spa-
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Table  4    Population  of township with high pollution exposure
risk in Beijing in 2018
 

District Township Population

Tongzhou Yongshun Town 259917

Changping Shahe Town 273446

Tongzhou Liyuan Town 243427

Fangshan Changyang Town 218731

Fengtai Lugou Bridge Street 232783

Fangshan Gongchen Street 194233

Haidian Xueyuan Road Street 242532
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tialized more accurately, and a 200 m × 200 m high-res-
olution  spatialization  of  the  population  distribution  of
Beijing in  2018  could  be  obtained  for  pollution  expos-
ure risk analysis. The air pollution concentration data of
67  monitoring  stations  in  Beijing  and  the  surrounding
cities  in  2018  were  used,  including  SO2,  NO2,  PM10,
PM2.5,  CO and  O3, and  the  concentration  of  air  pollut-
ants in  Beijing  was  obtained  by  interpolating  the  con-
centration of the six air pollutants.

Firstly, the population distribution in Beijing is highly
heterogeneous, with the central city being extremely den-
sely populated, much more than the suburbs. Secondly,
by  using  higher  resolution  spatialized  population  data,
the high-risk areas could be pinpointed to the township
level,  and  the  townships  with  the  highest  exposure  to
pollution  were  found  to  have  much  higher  population
densities  than  the  other  townships.  The  government
should strengthen air pollution control in the more pol-
luted areas of southern Beijing and regulate illegal emis-
sions from factories, enterprises, and vehicles. For areas
with  higher  exposure  risks  in  urban  areas  with  lower
overall pollutant concentrations, the government should
pay more  attention  to  the  risk  of  high  pollution  expos-
ure  due  to  population  density.  At  the  same  time,  the
government should take care to reduce the risk of expos-
ure  to  pollution  by  minimizing  the  concentration  of
people and atmospheric pollution in months of high ex-
posure and in areas of high exposure. Population densit-
ies  and  air  pollution  emissions  should  be  controlled  to
reduce air  pollution exposure in months and areas with
high  exposure  risks.  The  layout  of  green  landscapes  in
the urban area should be planned based on such results
to reduce the concentration of pollutants in densely pop-
ulated  areas.  Such  efforts  can  help  prevent  residents
from  being  subjected  to  high  pollution  exposure  levels
and intensity.
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