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PM2.5, formally defined as particulate matter with diameter less than 2.5 μm, is one of most
harmful air pollutants threatening human health. Numerous epidemiological studies have
shown that both short-term and long-term exposures to PM2.5 are strongly linked with
respiratory diseases. In this study, various types of spatio-temporal data were collected and
used to estimate the spatio-temporal variation of PM2.5 exposure in Beijing in 2014. The
seasonal and daily variation of the population-weighted exposure level (PWEL) in 2014 was
estimated and compared. The results show that the population exposure to ambient air
pollution differs significantly in the four seasons, and the exposure levels in winter and
spring are notably higher than the other seasons; the exposure level changes greatly from
North to South, and each sub-district maintains similarity to neighboring sub-districts.
© 2017 The Research Center for Eco-Environmental Sciences, Chinese Academy of Sciences.
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Introduction

Over the past few decades, alongwith the economic boom and
the improvement of living standards, China has also experi-
enced a sharp increase in air pollution, with the middle-
eastern region being affected first (Che et al., 2009). Beijing,
the capital of China, is also being affected by air pollution,
especially fog and haze caused by automobile and industrial
exhausts (Wang et al., 2006; Sun et al., 2013). There are 35
automatic air quality monitoring stations established by the
government (Zhang et al., 2013), which can keep a close eye on
the atmospheric conditions of Beijing and publish hourly
monitoring data online for the public. Numerous epidemio-
logical studies have shown that both short-term and long-
term exposures to particulate matter with diameter less than
2.5 μm (PM2.5) are strongly linked with human respiratory
disease, heart disease, lung cancer, and so on (Gamble, 1998;
Vallejo et al., 2006). Based on the epidemiological study results,
there have also been some studies focused on the spatio-
temporal variation of population exposure to PM2.5. Li and Li
0@163.com (Meihui Xie).

o-Environmental Science
collected PM2.5monitoring data continuously fromOctober 2012
to September 2013 to assess the seasonal and spatial variation
of PM2.5 in Beijing (Li et al., 2015). Guo, Ma and He produced
a new method to study the spatial distribution of regional
ambient PM2.5 and PM10 concentrations (Guo et al., 2009). Zhang
and Qi collected 37 days of PM2.5 monitoring data in Beijing
during autumn 2012 to estimate the short-term population
exposure to PM2.5. These studies tried to measure the spatial
and temporal variations of PM2.5 concentrations using different
methods from various aspects. Based on the existing research,
this paper aimed to study the population exposure to PM2.5

air pollution using a variety of spatio-temporal data. The
remainder of this paper is structured as follows. Section 1
mainly introduces the different kinds of data used in this
research, including the PM2.5 monitoring data, the 2010 popu-
lation census data in Beijing and two kinds of volunteered
geographic information (VGI), the street data from the Open
Street Map (OSM) and the Point of Interest (POI) data from the
GeoHey platform. Section 2 spatializes the PM2.5 concentration
monitoring data and the population census data in Beijing
s, Chinese Academy of Sciences. Published by Elsevier B.V.
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using a spatial interpolation method. The population-weighted
exposure level (PWEL) was then used to estimate the potential
exposure to PM2.5 over the area of Beijing in 2014. Further study
on the results of spatial and temporal of population exposure to
PM2.5 is discussed in Section 3. Section 4 summarizes the
calculation results.
1. Data

1.1. PM2.5 monitoring data

In order to keep a close eye on the atmospheric conditions in
Beijing, the Beijing Municipal Environmental Protection Bureau
(BJEPB) established35automatic air qualitymonitoring stations,
and has created a public information website (http://www.
bjmemc.com.cn/) which can provide hourly monitoring data
for the public, from which researchers can obtain historical
PM2.5 monitoring data. In addition, the Geospatial Data Cloud
(http://www.gscloud.cn/) established by the Chinese Academy
of Sciences (CAS) has also collected the hourly PM2.5 monitoring
data for Beijing since 2014. Thus, we obtained the hourly PM2.5

monitoring data from the Geospatial Data Cloud for the period
January 10 to December 31, 2014. Due to various reasons, there
are some missing data from different monitoring stations at
different times, and themissing data were all replaced with the
value of −9999, which canmarkedly influence the interpolation
results. In these cases, we eliminated all the missing data
(Fig. 1).

1.2. The 6th census data and sub-district boundary data in
Beijing

The census data of sub-districts in China were collected from
the 6th National Population Census in 2010 (National Bureau of
Statistics of China, 2002), from which we selected just the area
Fig. 1 – PM2.5 monitoring stations in Beijing.
of BeijingCity. There are 16urban areas and 2 counties inBeijing
with 326 census units, which are called sub-districts (jiedao).
The total population in 2010 reached 19,612,368 in Beijing.

In order to spatialize the census data in different sub-
districts, the boundaries of different sub-districts were also
collected from websites provided by district and county
governments of Beijing. After this, we used the tool ArcGIS for
Desktop to delineate the boundary lines of each sub-district.
The population of different sub-districts in China is shown in
Fig. 2.

1.3. The street data and POI data

With the development of society and the economy, more and
more people are not only users of geographic data, but also
creators. VGI is a new phenomenon that has arisen in recent
years (Goodchild and Li, 2012), which can provide a new
method for people to understand the internal mechanisms of
the economy, the humanities, and society. The OSM is a
typical example of VGI, the information of which is created by
participants from throughout the world (Haklay, 2010); all
users are creators, but all people can also be users. The OSM
data can portray cities in detail, which is often used in
different research areas, such as urban planning, transporta-
tion planning, and so on.

In this paper, we obtained the road data of Beijing fromOSM
(http://www.openstreetmap.org/), and the POI data of Beijing
from the website maintained by GeoHey (https://geohey.com/).
2. Methods

In order to analyze the population exposure to PM2.5 air
pollution, there are three main tasks. These include mapping
high-resolution PM2.5 concentrations in all of Beijing city,
spatializing population census data at the sub-district level,
Fig. 2 – Census data in the area of Beijing.



Fig. 3 –Asample of interpolation results of PM2.5 concentrations
in Beijing.
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and finally, estimating the population exposure to PM2.5 air
pollution.

2.1. The spatialization of PM2.5 concentrations

Because the PM2.5 monitoring stations are distributed sparsely,
it is difficult to estimate the PM2.5 concentrations using the
ground-based monitoring results directly. There are different
methods developed to spatialize the PM2.5 concentrations over
certainareas, suchas interpolationmethods, regressionmodels,
dynamic models, and so on.

Among the interpolation methods, the Kriging interpolation
method proposed by Kriging in 1951 is widely used, which is
also provided in the toolbox of ArcGIS for Desktop. This paper
adopted the Kriging interpolation method to interpolate the
monitoring data for the whole area of Beijing with the spatial
resolution of 1 km × 1 km. A sample of interpolation results
for PM2.5 in Beijing at 10:00 on January 7, 2014 is shown in Fig.
3. There were 5645 hourly monitoring data utilized in this
paper, and the same interpolation method was applied for
these monitoring data. In order to avoid duplication of work,
this paper used the Environmental Systems Research
Institute (ESRI) model builder to finish the interpolation
process.

2.2. The spatialization of population census data

Another challenge in this paper was to spatialize the
population census data with high spatial resolution. If there
is no population, there is no exposure (Hao et al., 2012). Thus,
population is an important indicator for measuring the PWEL.
However, the population census data of each sub-district
cannot reflect the real internal distribution of the population.
Various methods have been proposed (Amaral et al., 2006; Ye
et al., 2010) to improve the analytical precision of population-
related problems. A method using the OSM data and POI data
was proposed and verified by Long (Long and Liu, 2013), which
can improve the spatial resolution of population data. This
paper obtained the road data from the OSM and POI data from
the public data part provided by GeoHey.

Four steps are necessary to spatialize the population census
data:

1. Extract parcels using road data and sub-district boundary
data. Each parcel is surrounded by streets, that is, the
polygons within roads should be identified. This paper
adopted the tool “polyline to polygon” provided by
ArcGIS for Desktop to extract parcels surrounded by
streets in each sub-district. Special attention should be paid
in this step because some extracted areas are too small
when there are overpasses or dual carriageways. After the
extraction work was finished, we also removed any areas
less than 10 m2.

2. Calculate the density of POIs in each parcel. POI data contains
sites of people's daily activities, such as canteens, banks,
shoppingmalls, living quarters, hospitals, schools, and so on.
The distribution of POIs can describe the population density
in an area to a certain degree. This paper counted the number
of POIs in each parcel, and then calculated the POI density
which is defined as d in each parcel.

3. Standardize the parcel according the density of POIs in
each sub-district. Assuming there are k sub-districts, and
mk parcels in sub-district k, then the standardization of
each parcel in sub-district k is shown as Eq. (1):

Si; j ¼
di; j

∑mk
i¼1di; j

i ¼ 1; 2;3 ::::::mk; j ¼ 1; 2; 3 ::::::kð Þ ð1Þ

where, Si,j means the standard value of the ith parcel in jth
sub-district, and di,j means the density of POIs in the ith
parcel in jth sub-district.

4. Calculate the population in each parcel. We assumed that
the population distribution is similar to the POI distribution
in every parcel, and the standardization of population in
each parcel is defined as Si,j. The population in each parcel is
shown as Eq. (2):

Pi; j ¼ Si; j � Pi; j i ¼ 1;2;3 ::::::mk; j ¼ 1; 2;3 ::::::kð Þ ð2Þ

where, Pi,j (person) means the population in the ith parcel in
jth sub-district.

2.3. Estimate the population exposure to PM2.5

In fact, the distribution of population over an area is inconsis-
tentwith the distributionof PM2.5 concentration (Ivy et al., 2008).
Thus, the PWEL was proposed as an important indicator to
measure the population exposure to PM2.5 air pollution, which
requires the population distribution data and PM2.5 concentra-
tion distribution data. The equation for calculating total PWEL
over an area is shown as follows:

PWEL ¼ ∑ Pi � Cið Þ
∑Pi

ð3Þ

where, the parameter i in Eq. (3) represents the index of the
computing grid, Pi represents the population in computing
grid i, and Ci represents the PM2.5 concentrations in the same
grid.



Fig. 4 – The hourly variation of the total population-weighted exposure level (PWEL) during 2014.
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In each grid, the PWEL equals the value of PM2.5 concen-
tration when the population is larger than zero in the same
grid, which is:

PWELi ¼ Ci Pi > 0ð Þ
0 Pi ¼ 0ð Þ

�
ð4Þ

Short-term or long-term exposure to PM2.5 concentrations
are strongly linked with human health. This paper used
35 μg/m3, the 24-hr average standard proposed by WHO
(World Health Organization, 2006), as an indicator to calculate
the number of exposure days exceeding the standard.

Di ¼ ∑1 PWELi > Sð Þ ð5Þ

The equation shown above calculates the cumulative
exposure days during the whole research period, which can
indicate the exposure intensity in different parts of the area.
Meanwhile, this paper also calculates the cumulative PM2.5

concentrations during the whole research period, that is:

Ei ¼ ∑PWELi ð6Þ

This paper uses the cumulative exposure days and
cumulative PM2.5 concentrations to indicate the level of
population exposure to PM2.5 ambient concentrations.
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Fig. 5 – The monthly variation of total PWEL during 2014.
3. Spatial and temporal variations of PM2.5
concentrations

The spatial distribution of PM2.5 concentrations and population
with spatial resolution of 1 km × 1 km was produced in this
study. Combining the PM2.5 concentrations and population
spatialization results, the total population exposure to PM2.5

concentrations was then calculated, which is shown in Figs. 4
and 5.

Fig. 4 shows that the total population exposure to PM2.5

ambient concentrations varies greatly during thewhole of 2014.
The mean value of total population exposure level in 2014
reached 90 μg/m3, far exceeding the standard concentrations
provided byWHO.Temporally, thepopulation exposure to PM2.5

in winter and spring is more serious than in summer and
autumn. Even in winter or autumn, the degree of fluctuation of
PWEL in these seasons is also larger than in summer and
autumn. Themonthly variation of population exposure to PM2.5

air pollution was also measured. Fig. 5 shows the monthly
variation during 2014. The PWEL in February was much higher
than other months, the average of which reached 146 μg/m3,
and themaximumvalue in thismonth also exceeded 250 μg/m3.
The PWEL in October was also quite serious, with the mean
value reaching 136 μg/m3. It is worth mentioning that the
population exposure to PM2.5 in August was lowest compared
to other months, with an average PWEL of 44 μg/m3, and
maximum value of 71 μg/m3.

Spatially, the cumulative exposure days exceeding the
standard value provided by WHO and average value in 2014
were also calculated. The former results are shown in Fig. 6a;
the average number of exposure hours is about 3586.2 hr,
equal to 149 days. From Fig. 6a, we can also find that the
exposure time decreased from South to North in Beijing, while
the exposure hours in the north reached 4400 hr, equal to
188 days. Fig. 4 shows the spatial distribution of exposure
days exceeding the mean value of 90 μg/m3, with the average
exposure time of 1888 hr, or 78.7 days. The exposures time in
the area of the Southwest is much more serious than in the
Northeast.

Over the duration of data collection, this paper also
calculated the cumulative population exposure to PM2.5

concentrations, as shown in Fig. 7. The distribution of



Fig. 6 – (a) Accumulation exposure hours during 2014with S = 35 μg/m3 and (b) accumulation exposure hours during 2014with
S = 90 μg/m3 (Unit: hour).
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cumulative population exposure to PM2.5 is similar to the
distribution of cumulative exposure time.
4. Conclusions

Geographic information system (GIS) is an important and
powerful tool to estimate and visualize different natural or
artificial phenomena. The GIS-based spatial and temporal
variations of population exposure to PM2.5 weremeasured and
verified in this study. In order to calculate the population
exposure to PM2.5, the spatialization of PM2.5 concentrations
and population with the spatial resolution of 1 km × 1 km
was carried out. The total population exposure to PM2.5 and
cumulative exposure time were then calculated with the
spatialization results. Due to the climate characteristics in
Beijing, and the heating that generally takes place in
November to March next year, the air condition in winter
and spring is always more serious than in summer and
autumn. The temporal variation of PWEL in 2014 also shows
that the air pollution problems in winter and spring are much
more serious than in summer and in autumn. Specifically, the
PWEL in February was most serious in 2014, even reaching
Fig. 7 – Accumulation population exposure to PM2.5

concentrations (Units: μg/m3).
146 μg/m3, three times higher than the PWEL in August.
Spatially, the severity of PM2.5 air pollution decreases from
North to South. Considering the standard provided by WHO,
there were about 149 days when the average cumulative
exposure exceeded the standard, while the figure was
78.7 days considering the mean value. There are also some
limitations to our research. Firstly, people do not carry out
activities in all places at the same time, so the hypothesis that
the population distribution is similar to the POIs distribution
is not realistic. Another limitation is that the spatializing of
results for the census data in urban areas is more precise than
in suburban areas because the streets in urban areas are more
intensive. Further work will identify themost common POIs at
a certain time, and collect more detailed street data in
suburban areas to estimate the population exposure to PM2.5

concentrations.
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