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ABSTRACT
Exposure to ambient fine particulate matter (PM2.5) poses a significant global health challenge. 
However, a major obstacle for epidemiological studies and risk assessment lies in the absence of 
high-resolution spatiotemporal exposure estimates. Here, we present an integrated framework to 
achieve accurate estimations of population exposure to PM2.5 and assess related health risks by 
incorporating high temporal (hourly) and high spatial (1-km) PM2.5 concentrations and population 
density, using Beijing, China, in 2015 as an example. Firstly, hourly PM2.5 concentrations were 
estimated using a functional data model by integrating the gap-filled satellite-based aerosol 
optical depth data at 1-km resolution with hourly in-situ PM2.5 observations. Then, we calculated 
the population-level exposure to PM2.5 and associated health impacts incorporating both hourly 
PM2.5 and population information. We also investigated the bias of exposure and health impact 
assessment using coarse spatial or temporal PM2.5 and population data. Our findings revealed that 
exposure to PM2.5 resulted in 33,830, 21388, and 5,302 premature deaths in 2015 attributable to all- 
cause, cardiovascular, and respiratory diseases, respectively. A sensitivity analysis conducted 
underscored the critical importance of considering the high spatiotemporal heterogeneity of both 
PM2.5 concentrations and population density when investigating population-level PM2.5 exposure 
and related health impacts. Insights on more accurate PM2.5 exposure assessment from this study 
can help policymakers better assess improvements after clean air actions and analyze exposure 
inequality, and thereafter develop more effective pollution mitigation strategies.
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1. Introduction

In recent decades, people have started monitoring 
ambient fine particulate matter with an aerodynamic 
diameter of less than 2.5 μm (PM2.5) and understand
ing its health impacts (Brauer et al. 2016; Z. Chen et al.  
2019; X. Li et al. 2021; Pisoni et al. 2023; Pope and 
Dockery 2006). Exposure to PM2.5 has been attributed 
to approximately 4.2 million deaths globally in 2015 
(Burnett et al. 2018; Stanaway et al. 2018). These 
inhalable fine particles can penetrate deeply into the 
lungs and circulation system, and cause adverse 
health effects (Cao et al. 2014; Krittanawong et al.  
2023; Mebrahtu et al. 2023; Shi et al. 2021), such as all- 
cause (T. Li, Zhang, et al. 2018; Orellano et al. 2020), 
cardiovascular (Du et al. 2016; Hayes et al. 2020), and 
respiratory-related (Hamra et al. 2014; Turner et al.  
2011) mortalities. The threat of PM2.5 is particularly 

concerning in developing countries (Lim et al. 2020; 
Tomar et al. 2023), such as China (Liu et al. 2021; Sun 
et al. 2023; P. Yin et al. 2020), owing to the rapid 
industrialization and urbanization fueled by fossil 
fuels in the past few decades (Gong et al. 2020; X. Li 
et al. 2020; Lu et al. 2020; Zhou et al. 2018). The World 
Bank (WB 2017) reported that more than 80% of the 
population in China lived in areas with PM2.5 concen
trations exceeding the WHO Interim Target I (35 μg/ 
m3/year) from 2010 to 2017. Previous studies esti
mated that approximately 1 million deaths per year 
were associated with PM2.5 pollution in China (G. Yang 
et al. 2013; Yue et al. 2020).

Accurate estimation of the population exposure to 
ambient PM2.5 is a prerequisite to address this public 
health issue. Studies have demonstrated that the 
health impact assessment of PM2.5 is sensitive to the 
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spatial resolutions of PM2.5 and population data (H. 
Bai et al. 2023; Fenech et al. 2018; Parvez and 
Wagstrom 2020; Xiao et al. 2021), especially for 
regions with obvious spatial variations of PM2.5 (H. 
Bai et al. 2022). Such studies usually estimated related 
health impacts by using PM2.5 and population data 
with various spatial resolutions ranging from several 
to a hundred kilometers based on annual mean popu
lation-weighted PM2.5 exposure models and concen
tration-response (C-R) functions. Their findings 
illustrated the coarse spatial resolutions of data can 
bring over- or under-estimations for the final assess
ment results for different regions, compared with data 
in high spatial resolutions (e.g. 1 km), which are 
thought to characterize more spatial variations of 
PM2.5 or population (H. Bai et al. 2023; Korhonen 
et al. 2019; Xiao et al. 2021). Accurate information on 
PM2.5 and population dynamics is also critical for 
characterizing PM2.5 exposure and assessing corre
sponding health effects, given the reality that both 
the high-frequency spatiotemporal variations of PM2.5 

concentrations and human activities are observed. 
For example, studies have demonstrated the signifi
cant diurnal changing patterns of PM2.5 based on 
monitoring data (R. Li et al. 2015; Manning et al.  
2018; Zhao et al. 2009); a significant spatiotemporal 
variation has also been detected in population den
sity based on high-frequency location-based service 
(LBS) big data (Gariazzo, Pelliccioni, and Bolignano  
2016; Nyhan et al. 2016; Zhao et al. 2021). Some 
efforts have been made by using input datasets with 
relatively higher temporal resolutions (e.g. monthly, 
3-h) (B. Chen et al. 2018; Y. Song et al. 2019). However, 
such studies failed to simultaneously consider data at 
fine spatial and temporal scales, which do not con
sider the spatial variabilities of PM2.5 (B. Chen et al.  
2018) or the diurnal changes of PM2.5 and population 
(Y. Song et al. 2019).

Due to limitations in simultaneously acquiring reli
able PM2.5 and population data with high temporal 
frequency (e.g. hourly) and sufficient spatial details, 
accurate estimates of population exposure to PM2.5 

are still lacking, and uncertainties caused by spatio
temporal resolutions of input datasets have still not 
been fully discussed. As for PM2.5 concentration used 
in related studies, two strategies are usually used to 
map the spatial contiguous distributions of PM2.5. One 
strategy is deriving PM2.5 concentrations with high 
temporal resolution from the spatial interpolation of 

sparse station monitoring data, while these studies 
are not adequately considering the sufficient spatial 
heterogeneity of PM2.5 distribution (B. Chen et al.  
2018; Park and Kwan 2017; Steinle, Reis, and Sabel  
2013; Xu et al. 2019). The other strategy is incorporat
ing remote sensing auxiliary data with station obser
vations, such as the widely used satellite-retrieved 
aerosol optical depth (AOD) data (Shin et al. 2020; 
X. Wang et al. 2020; J. Wei et al. 2021) and various 
statistical prediction models (e.g. multiple linear 
regression, linear mixed-effects model, geographically 
weighted regression model, and machine learning- 
based model) have been developed (H. Bai et al.  
2023; He and Huang 2018; Ma et al. 2016; Zheng 
et al. 2020). The most widely used AODs were the 
Moderate Resolution Imaging Spectroradiometer 
(MODIS) carried by the Earth Observing System 
(EOS) satellites (i.e. Terra and Aqua), and numerous 
models were developed for daily PM2.5 estimations. 
However, these models still have limitations in unco
vering the high spatiotemporal variations of PM2.5, 
owing to the limited temporal resolution of MODIS 
AOD data only twice daily (10:30 and 13:30 local time). 
The advent of geostationary satellite AOD data from 
Himawari-8 has improved the estimation of hourly 
PM2.5 concentrations. However, the application of 
Himawari-8 AOD data in health impact analysis is 
still limited due to substantial data gaps. Therefore, 
the input PM2.5 datasets in health impact analysis are 
just derived from limited hours of a day and are 
unable to reflect the high temporal PM2.5 variations 
(H. Bai et al. 2023; Y. Song et al. 2019; Yue et al. 2020). 
As for population data, despite the enrichment of LBS 
big data allowing for more temporally resolved popu
lation distributions (Deville et al. 2014; Tsou et al.  
2018), the temporal resolutions of population data 
used in health impact analysis are still coarse (e.g. 
yearly static, monthly, 3-h) (Beckx et al. 2009; 
B. Chen et al. 2018; Nyhan et al. 2016; Y. Song et al.  
2019).

Therefore, estimating population exposure and 
health impacts of PM2.5 at simultaneously finer spatial 
and temporal scales, which can more accurately 
delineate the real exposure situations and assess miti
gation strategies, still remains challenging. To fill this 
gap, we present an integrated strategy to achieve 
high-resolution estimations of population exposure 
to PM2.5 and assess related health impacts by incor
porating hourly PM2.5 and population information at 

2 X. ZHAO ET AL.



1-km resolution, using Beijing as an example. Second, 
we investigate uncertainties in the exposure levels 
and health impact assessments based on experiments 
using datasets at coarse spatial (e.g. population data 
at administrative level, PM2.5 from spatial interpola
tion of only sparse station monitoring data) or tem
poral (daily mean from limited hours of derived PM2.5) 
resolutions. The remainder of this paper is organized 
as follows. Section 2 describes the case study area and 
datasets used. In Section 3, data pre-processing and 
methodologies for mapping hourly ambient PM2.5 

concentrations as well as assessments of population 
exposure and health impacts associated with PM2.5 

are described. We present the results in Section 4, 
discussion in Section 5, and conclusions in Section 6.

2. Study area and materials

2.1. Study area

We used Beijing, the capital of China, as a case study 
area, which has suffered from frequent heavy PM2.5 

pollution episodes over the past decades. Beijing is 
located in the North China Plain, with an administra
tive area of 16,411 km2 (Figure 1), and is the second- 
most populous city in China after Shanghai, with 
a population of 21.705 million in 2015. The annual 
mean PM2.5 concentration in this region during 2015 

was 83 μg/m3 (range, 3 − 976 μg/m3). It is approxi
mately 16 times higher than the annual mean guide
line value of 5 μg/m3 recommended by the WHO air 
quality guidelines (AQGs) 2021 and 5 times higher 
than China’s National Ambient Air Quality Standard 
Level I (MEEPRC 2016), indicating a high health risk. In 
addition, the PM2.5 and population in Beijing show 
high-frequency spatiotemporal variations (K. Bai et al.  
2020; Zhao et al. 2021), indicating it is an ideal region 
to evaluate uncertainties caused by the spatiotem
poral resolutions of input datasets.

2.2. Ground-level PM2.5 data

Hourly ground-level PM2.5 observations at 35 sta
tionary monitoring stations in 2015 (Figure 1) were 
collected from the Beijing Municipal Environmental 
Monitoring Center (BMEMC, http://zx.bjmemc.com. 
cn) to estimate the hourly spatially contiguous 
PM2.5 concentrations across the Beijing region. 
The ambient PM2.5 concentrations were measured 
using the tapered element oscillating microbalance 
(TEOM) or β-attenuation approaches with strict 
quality control procedures according to the HJ/T 
193–2005 (https://www.cnemc.cn/jcgf/dqhj/  
200801/t20080129_647270.shtml.) and HJ 653– 
2013 (https://www.mee.gov.cn/ywgz/fgbz/bz/ 
bzwb/jcffbz/201308/t20130802_256852.shtml) 

Figure 1. Study area of Beijing, China, and PM2.5 monitoring stations. Elevation is SRTM version 4 data downloaded from https://srtm. 
csi.cgiar.org/srtmdata/.
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standards published by the Ministry of Ecology 
and Environment of the People’s Republic of 
China. These included regularly checking and cor
recting the related measurement parameters of 
automated monitoring equipment, and comparing 
the automatic measurement results to the manual 
monitoring data (as true value) to ensure the relia
bility of PM2.5 observations.

2.3. MODIS AOD data

We collected AOD (MCD19A2) data from the Terra 
(~10:30) and Aqua (~13:30) satellites in 2015 at 
a resolution of 1 km. This product was generated 
by the multi-angle implementation of the atmo
spheric correction (MAIAC) algorithm from the dark
est to the brightest surfaces at 550 nm (Lyapustin 
and Wang 2018). The MAIAC AOD data are superior 
for revealing numerous hotspots of high AOD 
values at fine scales and show better accuracy 
than other MODIS AOD products, such as MODIS 
Dark-Target (DT) and Deep-Blue (DB)-based pro
ducts (Tao et al. 2019). MAIAC AOD retrievals 
demonstrated high accuracy and low estimation 
errors in mainland China compared with in-situ 
records from AERONET monitoring stations (J. Wei 
et al. 2020).

2.4. Dynamic population data

The dynamic population used in this study was 
from Zhao et al. (2021), in which a spatiotemporal 
downscaling framework was used to map hourly 
population dynamics by integrating remote sensing 
(e.g. land cover, and nighttime light data) and 
geospatial data (e.g. LBS data, points of interest 
data, and road network). The framework consists 
of three key steps: 1) generating population maps 
during sleep time and work time as baselines, 2) 
identifying urban functional zones for various activ
ity types and detecting the corresponding human 
activity patterns, and 3) deriving hourly population 
distributions based on baseline populations and 
human activity patterns in urban functional zones. 
The derived population dynamics accurately cap
tured the diurnal variability and spatial heteroge
neity of the population in Beijing, providing 
essential information for assessing population 
exposure to PM2.5.

2.5. Mortality and population database

The total (all-cause) mortality and the incidences of 
mortality data for different health endpoints (i.e. car
diovascular and respiratory diseases) were obtained 
to estimate the health impact attributed to PM2.5. The 
total mortality and entire population of Beijing in 
2015 were obtained from the China Statistical 
Yearbook published by the National Bureau of 
Statistics of China (NBSC, https://www.stats.gov.cn/ 
sj/ndsj/2016/indexeh.htm). The incidences of mortal
ity caused by cardiovascular and respiratory diseases 
were obtained from the Health Statistical Yearbook in 
2015 published by the Beijing Institute of Hospital 
Management (BIHM, http://www.phic.org.cn/).

3. Methodology

We developed a framework, including data pre- 
processing (e.g. imputation of AOD data) and estima
tion of hourly ambient PM2.5 concentrations as well as 
assessments of population exposure and associated 
health impacts (Figure 2). The details of this are 
described in the following sections.

3.1. Data preprocessing

3.1.1. Temporal interpolation of ground-level 
monitoring data
The PM2.5 time series observed by monitoring sta
tions presented missing records due to technical 
issues, such as instrument malfunction and power 
and internet outrages (K. Bai et al. 2020). For exam
ple, 96% of the days in 2015 in our study area had 
missing hour-level data. Given the evident diurnal 
patterns of ambient PM2.5 concentrations demon
strated in previous studies (R. Li et al. 2015; 
Manning et al. 2018), we employed the diurnal- 
cycle-constrained empirical orthogonal function 
(DCCEOF) model (K. Bai et al. 2020) to interpolate 
the missing values. This model restored the missing 
values based on the initial hourly records and the 
reconstructed diurnal variation pattern derived from 
the corresponding neighborhood information in 
space and time. The detailed process and evaluation 
of the performance of this interpolated method are 
provided in the Supplementary Material S1. All the 
accuracy evaluation strategies reached above 0.90, 
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which can sufficiently support further hourly PM2.5 

mapping.

3.1.2. Imputation of AOD data
Due to geographical conditions (i.e. mountain ter
rains) and environmental factors (i.e. clouds, and 
high surface reflectance), there are spatial and tem
poral gaps regarding satellite-retrieved AOD data. 
Many strategies have been proposed to improve this 
problem, such as data-fusion methods based on 
multi-sourced AODs (Pu and Yoo 2022; Wei et al.  
2021), and spatial statistical modeling (T. Zhang 
et al. 2022). In this study, we adopted the spatial 
statistical modeling strategy to fill the gaps in AOD 
data from the Terra and Aqua satellites based on 
temporal and spatial patterns of observed AODs (T. 
Zhang et al. 2022). This spatiotemporal imputation 
method can address the nonlinearity and non- 
stationary in temporal as well as consider the auto
correction in spatial with high efficiency and good 
performance. First, a cubic smoothing spline function 
was used to fit the long-term trend values (overall 
mean) based on the observations of each pixel 
(ordered by day of the year) with a smoothing para
meter of 1 to obtain a continuous temporal trend for 

each target pixel. If the start or end day of a year had 
no valid observation, we set its value as the 5% quan
tile of the time series values of the whole year. 
Second, the residuals between the observations and 
the overall means for each day with missing data were 
interpolated based on the correlation between the 
target pixel and its neighboring pixels. Finally, the 
missing AOD values were calculated by summing 
the overall mean and interpolated residuals with no 
missing values. For the flowchart of the imputation 
process, please refer to Figure S3. More detailed infor
mation regarding this spatiotemporal imputation 
algorithm can be found elsewhere (T. Zhang et al.  
2022).

3.2. Mapping hourly PM2.5 concentration

We applied a functional data model to map hourly 
PM2.5 concentrations by integrating twice-a-day gap- 
filled AOD from satellites and hourly PM2.5 observa
tions from stations. The functional data fusion model 
proposed by Y. Wang (2021) was adopted with high 
computation efficiency. This model can take advan
tage of both spatially dense and temporally sparse 
AOD data and spatially sparse and temporally dense 

Figure 2. The framework to investigate PM2.5 exposure and health impacts.
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PM2.5 data, in which the AOD and PM2.5 data at 
different time points were modeled as realizations 
of two-dimensional functions with a mean compo
nent and a stochastic component. For the flowchart 
of the modeling process, please refer to Figure S4. 
The mean functions described the overall spatial 
patterns of AOD and PM2.5, which were temporally 
invariant functions of spatial locations, while the 
stochastic parts reflected the random variations of 
AOD and PM2.5. Due to the spatially sparse distribu
tion of monitoring stations, the spatial contiguous 
mean component of PM2.5, which was difficult to 
estimate from ground observations alone, was esti
mated from that of spatial contiguous AOD by 
assuming a linear relationship between their 
means. The linear relationship was built based on 
the AOD and PM2.5 at monitoring stations, and then 
extended to the entire study area. Thereafter, addi
tional spatial covariance structure information was 
extracted from AOD and then combined with PM2.5 

observations at each time point to predict the sto
chastic component at all locations based on the 
functional principal component analysis (FPCA). The 
basic rationale behind the analysis is that there is 
a strong similarity between the spatial covariance 
functions of these two datasets (Y. Wang 2021).

We implemented the functional data model to 
estimate gridded hourly PM2.5 concentration with 
the following steps: (1) estimating the mean function 
and covariance function of AOD based on the 1-km 
twice a day gap-filled AOD data using bivariate 
splines over triangulations (Lai and Wang 2013) and 
conduct FPCA (Y. Wang 2021; Y. Wang et al. 2020); (2) 
estimating the functional relationship between AOD 
and PM2.5 based on the estimated mean function and 
covariance function of AOD and PM2.5 time series data 
at stations using maximum likelihood estimators 
under Gaussian assumption; (3) estimating the mean 
function and covariance function of PM2.5 based on 
the mean function and covariance function of AOD 
estimated in step (1) and the relationship estimated in 
step (2); (4) conducting FPCA and obtaining eigenva
lue as well as corresponding eigenfunctions based on 
the estimated covariance function; (5) predicting the 
functional principal component scores of the stochas
tic component in PM2.5 at specific time points con
sidering the ground-level observations at these time 
points and the estimated covariance structure; (6) 
adding the spatial contiguous mean and the 

predicted stochastic components to get 1-km spatial 
resolution hourly PM2.5 concentration. We resampled 
the hourly spatial contiguous PM2.5 concentration 
into a 500-m resolution by using the nearest neighbor 
interpolation strategy.

Thereafter, we adopted two 10-fold cross- 
validation (CV) techniques (i.e. sample-based and sta
tion-based CV) to evaluate the reliability of the model 
for hourly PM2.5 mapping by comparing the estima
tions at grids with stations with corresponding 
ground-level station records (T. Li, Shen, et al. 2018; 
X. Wang et al. 2020). The sample-based and station- 
based CVs were used to evaluate the overall predic
tion ability and spatial prediction performance of the 
model, respectively. Finally, three statistical metrics, 
namely determination coefficient (R2), root-mean- 
square error (RMSE, μg/m3), and mean absolute error 
(MAE, μg/m3) were used to indicate the CV accuracy 
of the model (Supplementary Material S2).

3.3. Population-weighted exposure assessment

Given the simultaneous changes in population and 
PM2.5 concentration over time, we used a population- 
weighted exposure model to estimate the population 
exposure to ambient PM2.5 at multi-temporal scales 
(H. Bai et al. 2023; Nyhan et al. 2016; Y. Song et al.  
2019). At the city level, we assessed hourly PM2.5 

exposure for each day by synthesizing all grid cells 
using Equation (1). Thereafter, we sequentially esti
mated the monthly mean and annual mean exposure 
for each hour. 

where Popi;d;h and PMi;d;h refer to the population 
number and PM2.5 concentrations for a specific grid 
cell during a given hour h of a given day d, respec
tively. h refers to the hours of the day, ranging from 0 
to 23. Ed;h denotes the population-weighted exposure 
in day d.

3.4. Health impact assessment

We estimated the annual premature mortalities asso
ciated with PM2.5 using a health impact function 
based on a log-linear relationship between relative 
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risk (RR) and pollutant concentration, which links 
changes in PM2.5 concentration with changes in mor
tality (Anenberg et al. 2010; Liang et al. 2020). RR 
captures the incidence of a certain health endpoint 
under the actual concentration (C) compared to that 
under the baseline concentration (C0) (Equation (2)). 

where β denotes the concentration-response factor 
(i.e. the slope of the log-linear relationship between 
concentration and mortality), and ΔX is the change in 
PM2.5 concentrations. The concentration baseline of 
PM2.5 (C0) was defined according to the WHO recom
mendation for good health (i.e. 10 μg/m3/year). The 
actual PM2.5 concentration (C) was the calculated 
annual mean population-weighted PM2.5 exposure 
level in Beijing.

Based on the definition of relative risk, the fraction 
of the disease burden attributable to PM2.5, i.e. the 
attributable fraction (AF), is defined in Equation (3). 
Thereafter, the total PM2.5-attributed premature 
deaths (ΔMort) were estimated based on the baseline 
mortality rate (y0) and the size of the exposed popula
tion (Pop) using Equation (4). 

In this study, premature mortalities for three 
health endpoints (i.e. all-causes, cardiovascular, 
and respiratory diseases) attributed to PM2.5 at 

all ages were estimated based on the population- 
weighted annual mean PM2.5 concentrations. The 
entire population of Beijing was assumed to be 
exposed to the same PM2.5 concentrations as the 
corresponding outdoor PM2.5 concentrations (Y. 
Song et al. 2019) and the short-term RRs used in 
this study were derived from a local study over 
the Beijing region using over-dispersed general
ized linear Poisson models at a daily scale (R. 
Chen et al. 2011). Specifically, a 10 μg/m3 

increase in PM2.5 resulted in 0.53% (95% confi
dence interval [CI]: 0.37%, 0.69%), 0.58% (95% CI: 
0.35%, 0.81%), and 0.66% (95% CI: 0.21%, 1.11%) 
increases in RRs for all-cause mortality, cardiovas
cular mortality, and respiratory mortality, respec
tively (without considering the lag effect). 
However, the lag health effects of PM2.5 cannot 
be ignored, because current exposure and pre
vious exposure to PM2.5 have a combined impact 
on health (P. Li et al. 2022; Schwartz 2000) (Table 
S2). In addition, the baseline incidence rates (y0) 
for different health endpoints and the exposed 
population (Pop) in 2015 were collected from the 
published mortality database and Beijing 
Statistical Yearbook described in Section 2.5.

3.5. Sensitivity analysis

To investigate uncertainties in health impact 
assessment caused by using coarse spatiotemporal 
PM2.5 concentration and population data, eight 

Table 1. Exposure experiments using coarser datasets.

Experiment*

Datasets

DescriptionPM2.5 concentration Population distribution

CS-CST Hourly station-based PM2.5 County-level demographic data (1) Coarse spatial accuracy of PM2.5; 
(2) coarse spatiotemporal accuracy of population 

distribution
CT-CST Daily satellite-derived PM2.5 County-level demographic data (1) Coarse temporal accuracy of PM2.5;  

(2) coarse spatiotemporal accuracy of population 
distribution

IST-CST Hourly satellite-derived PM2.5 County-level demographic data (1) Improved spatiotemporal accuracy of PM2.5;  
(2) coarse spatiotemporal accuracy of population 

distribution
CS-CT Hourly station-based PM2.5 WorldPop data (1) Coarse spatial accuracy of PM2.5;  

(2) coarse temporal accuracy of population distribution
CT-CT Daily satellite-derived PM2.5 WorldPop data Coarse temporal accuracy of PM2.5 and population 

distribution
IST-CT Hourly satellite-derived PM2.5 WorldPop data (1) Improved spatiotemporal accuracy of PM2.5;  

(2) coarse temporal population distribution
CS-IST Hourly station-based PM2.5 Dynamic population data (1) Coarse spatial accuracy of PM2.5; (2) improved 

spatiotemporal accuracy of population distribution
IST-IST Hourly satellite-derived PM2.5 Dynamic population data Improved spatiotemporal accuracy of PM2.5 and 

population distribution

*The naming rule for experiments: CST, CS, CT, and IST denote coarse spatiotemporal accuracy, coarse spatial accuracy, coarse temporal accuracy, and 
improved spatiotemporal accuracy. For example, CS-CST denotes an experiment based on the PM2.5 concentration and population distribution in coarse (C) 
spatial (S) accuracy and coarse (C) spatiotemporal (ST), respectively.

GISCIENCE & REMOTE SENSING 7



exposure experiments were conducted using dif
ferent datasets, and the corresponding health 
impacts were compared (Table 1). Two types of 
static populations, that is, at coarse spatiotemporal 
(e.g. -CST) and high spatial but coarse temporal 
(e.g. -CT) resolutions, were used at different spa
tiotemporal resolutions of PM2.5 concentrations 
(e.g. station-based and satellite-derived, and daily 
and hourly). County-level demographic data were 
equally disaggregated into 500-m grids. The sta
tion-based PM2.5 concentrations were interpolated 
into continuous surfaces at a 500-m resolution 
using the inverse distance weighting interpolation 
technique. In addition, to examine the uncertain
ties of health impact assessment caused by using 
the PM2.5 concentration from limited hours (e.g. 
local time 10:30 and 13:30 based on MODIS AOD 
data), satellite-derived daily PM2.5 concentrations 
were derived by averaging hourly PM2.5 concentra
tions at nearby time-points (e.g. 10:00, 11:00, 
13:00, and 14:00). The 100-m gridded static 

population data for 2015 were downloaded from 
WorldPop (https://www.worldpop.org/) and aggre
gated into 500-m grids by summing the popula
tion counts inside a 500-m grid. In addition, we 
also estimate the attributable mortality using the 
Global Exposure Mortality Model (GEMM) proposed 
by Burnett et al. (2018) to investigate the impact 
of model selection (Supplementary S4).

4. Results

4.1. Evaluation of the hourly PM2.5 estimations

The scatter plots show a good agreement between 
our estimated and observed PM2.5 concentrations 
(Figure 3), indicating the reliability of the derived 
hourly PM2.5 distributions using the functional data 
model. For example, R2, RMSE, and MAE were 
approximately 0.87, 32 μg/m3, and 16 μg/m3, 
respectively, based on the sample-based CV 
(Figure 3(a)) and station-based CV (Figure 3(b)). 

Figure 3. Evaluation of hourly PM2.5 concentrations using the functional data model in Beijing in 2015. Ten-fold sample-based CV (a) 
and station-based CV (b) results; performances of R2 (c) and RMSE (d) at each hour. CV is the abbreviation of cross-validation.
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Figure 3(c,d) present the CV results at each hour 
and illustrate that the sample-based and station- 
based CV results were almost the same each hour. 
Although the CV results changed hourly, all R2 

values were higher than 0.82, with the highest of 
approximately 0.90 at 14:00, 17:00, and 18:00. The 
CV results also illustrate that the functional data 
model performed better during 10:00 − 23:00 than 
during 3:00 − 8:00 for estimating hourly PM2.5 

concentrations.

4.2. Variations in PM2.5 concentrations

Significant spatiotemporal variation in PM2.5 was found 
across Beijing (Figure 4). Explicit and similar geographic 
variations in PM2.5 concentrations (31 − 116 μg/m3) were 
observed, with more severe PM2.5 pollution in the south
east plain than in the northwest mountainous region. 

Significant diurnal variation in PM2.5 concentrations was 
observed from 0:00 to 23:00 (Figure S7). The diurnal cycle 
shows a double falling-rising pattern as a “W”-shaped 
with peaks appearing during the early morning (0:00 −  
5:00), noon (9:00 − 12:00), and nighttime (19:00 − 23:00), 
while the minimum occurred at the afternoon (14:00 −  
17:00). The peak PM2.5 concentration during nighttime 
(71.34 ± 18.55 μg/m3) was about 1.2 times higher than 
the afternoon concentration (58.96 ± 13.62 μg/m3). In 
addition, the annual mean PM2.5 concentration in 
Beijing during 2015 varied from 34.30 to 104.91 μg/m3 

spatially with a mean value of 64.97 μg/m3.
To better capture the temporal variation in hourly 

PM2.5 concentrations, we further investigated changes 
in hourly PM2.5 concentrations at the monthly scale, 
and the results illustrated significant changes in PM2.5 

concentrations among months (Figure 5). High PM2.5 

concentrations occurred during the winter and 

Figure 4. Hourly (0:00−23:00 local time) and daily mean PM2.5 concentrations in Beijing in 2015.
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reached the most severe level (108 − 140 μg/m3) in 
December, which was mainly caused by the joint effect 
of meteorological conditions and the increasing 
demand of coal burning for heat (Q. Zhang et al.  
2009). The PM2.5 concentrations were relatively low 
during the late spring, summer, and early autumn, 
with the lowest concentration in August (36.61 −  
38.70 μg/m3) and September (31 − 41.98 μg/m3). In 
addition, the temporal pattern of hourly PM2.5 concen
trations in the monthly profiles exhibited a similar “W”- 
shaped pattern in months (i.e. January to March, 
August, and December) with peaks in the early morn
ing (0:00 − 3:00), morning (9:00 − 11:00) and nighttime 
(20:00 − 23:00), as well as an afternoon minimum 

between 14:00 and 16:00. The peak hourly PM2.5 con
centration from April to June and September was 
between 9:00 and 13:00, and the lowest was between 
17:00 and 19:00. In addition, the hourly PM2.5 concen
tration in July was highest during 10:00 − 20:00, which 
might be caused by the increase in human activities. At 
6:00 − 10:00 during October and November, the PM2.5 

concentrations were the lowest, and the relatively high 
concentration occurred after 20:00.

4.3. Population exposure to PM2.5

We found significant temporal variation in exposure 
by hour (Figure 6(a)) and further investigated whether 

Figure 5. Temporal variation in hourly PM2.5 concentrations in each month in Beijing in 2015.

Figure 6. Cumulative percentage of population exposure to various PM2.5 concentration levels (a) and temporal variation of hourly 
PM2.5 exposure levels in each month (b) in Beijing in 2015.
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the hourly exposure pattern also changed in the 
monthly profile (Figure 6(b)). The worst exposure con
ditions occurred during the early morning (0:00 −  
5:00) and evening (19:00 − 23:00) periods, followed 
by noon (9:00 − 12:00) (Figure 6(a)). More than 50% 
of the population was exposed to a mean PM2.5 con
centration higher than 81 μg/m3 (WHO Interim 
Target-1, 35 μg/m3) during these periods. Between 
14:00 and 17:00, the exposure condition improved, 
and more than 90% of the population was exposed 
to levels less than this concentration. Greater tem
poral variations in hourly population exposure levels 
were observed in 2015 (Figure 6(b)). Results show that 
November to December was the worst exposure per
iod with peak exposure level in December (137.74 −  
187.01 μg/m3), followed by the period from January 
to February (77.23 − 136.38 μg/m3). Decreased expo
sure levels were observed from June to September, 
with the lowest in August (38.87 − 50.24 μg/m3). In 
general, the hourly population exposure levels in the 
monthly distribution can be divided into three pat
terns: “W”-shaped pattern, with peak exposure levels 
occurring during 0:00 − 5:00 and 21:00 − 24:00, and 
a small peak appearing between 11:00 and 16:00, 
including months of January to March, August, and 
October to December; “N”-shaped pattern, with the 
peak exposure level occurring during 10:00 − 15:00, 
and the valley exposure level during 18:00 − 21:00, 
including months of April-June and September; 
inverted “V”-shaped pattern, with the peak exposure 
level appearing during 10:00–15:00, for example, the 
month of July.

4.4. Sensitivity evaluation

We estimated the attributable premature deaths for 
the three health endpoints in eight exposure scenar
ios using different datasets, and the comparison 
showed a large disparity in the estimations between 
these experiments (Table 2). The total number of pre
mature deaths attributed to short-term PM2.5 expo
sure in the study area was 33,830 (95% CI: 25095 −  
41,607) for all-cause 21,388 (95% CI: 13745 − 27,823) 
for cardiovascular disease, and 5,302 (95% CI: 1,247 −  
8,070) for respiratory diseases in 2015 using both high 
spatiotemporal resolution data of PM2.5 and popula
tion (IST-IST). The experiment using PM2.5 data at 
coarse spatial resolution and population data at 
improved spatiotemporal resolution (CS-IST) showed 
the largest positive disagreement compared with the 
results of IST-IST with positive biases of 1422, 882, and 
211 in all-cause, cardiovascular, and respiratory dis
eases, respectively. This is followed by an exposure 
scenario of using hourly station-based PM2.5 and 
county-level demographic data (CS-CST) with 
a positive bias of 923, 573, and 137. In addition, all 
derived health burdens under the other five exposure 
scenarios underestimated the premature deaths 
attributed to PM2.5. The estimation using coarse tem
poral PM2.5 and population data (CT-CT) showed the 
largest negative disagreement with IST-IST of 4981, 
3099, and 749 for all-cause, cardiovascular, and 
respiratory diseases, respectively. Additional experi
mental results considering a lag of day 1 for short- 
term RR parameters yielded similar difference 

Table 2. Comparison of mean exposure levels and premature deaths from different exposure experiments.

Experiment
Mean exposure 

(μg/m3/year)

Premature mortality*

All-cause Cardiovascular Respiratory

CS-CST 83.73 34,753 (25,823 − 42,675) 21,961 (14,148 − 28,502) 5,439 (1,286 − 8,239)
CT-CST 75.22 31,398 (23,191 − 38,776) 19,877 (12,692 − 26,015) 4,938 (1,144 − 7,613)
IST-CST 77.60 32,353 (23,937 − 39,892) 20,472 (13,104 − 26,729) 5,081 (1,184 − 7,794)
CS-CT 74.89 31,268 (23,089 − 38,624) 19,796 (12,636 − 25,918) 4,918 

(1,139 − 7,588)
CT-CT 69.10 28,849 (21,214 − 35,781) 18,289 (11,601 − 24,087) 4,553 (1,039 − 7,114)
IST-CT 71.38 29,835 (21,976 − 36,943) 18,904 (12,021 − 24,837) 4,702 (1,079 − 7,309)
CS-IST 85.03 35,252 

(26,218 − 43,251)
22,270 

(14,367 − 28,866)
5,513 

(1,308 − 8,329)
IST-IST 81.35 33,830 (25,095 − 41,607) 21,388 

(13,745 − 27,823)
5,302 

(1,247 − 8,070)

*Values in parentheses denote values within 95% confidence intervals (CI). Besides, in the Experiment column, the text before the horizontal bar refers 
to PM2.5 data, while the text after the horizontal bar refers to population data. CST, CS, CT, and IST denote coarse spatiotemporal accuracy, coarse 
spatial accuracy, coarse temporal accuracy, and improved spatiotemporal accuracy. The estimated RRs are 1.054 (95% CI: 1.038, 1.071), 1.060 (95% 
CI: 1.036, 1.084), and 1.068 (95% CI: 1.021, 1.117) for all-cause, cardiovascular, and respiratory, respectively. Note that the published mortalities for 
all-cause, cardiovascular, and respiratory are 107,440, 63114, and 14,117, respectively.
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patterns (Table S2). Compared to the results from 
GEMM (Figure S8), we found that the estimation dif
ferences in the data used have a significantly greater 
impact than the model selection for all-cause results. 
For cardiovascular results, both data and model selec
tions contribute to relatively large discrepancies. 
These findings underscore the critical importance of 
accurate PM2.5 and population data inputs for health 
impact assessment.

5. Discussion

This study assessed population exposure and health 
impacts associated with ambient PM2.5 concentrations 
by integrating high spatiotemporal PM2.5 and popula
tion maps. Although previous studies have demon
strated the significant diurnal variation and spatial 
disparity of the PM2.5 concentrations (R. Li et al. 2015; 
Manning et al. 2018) as well as the difference in popu
lation exposure within a day (Nyhan et al. 2016), only 
a few studies provide more detailed temporal informa
tion on population exposure. In this study, we filled this 
gap by assessing population exposure with a thorough 
consideration of population dynamics and spatiotem
poral variations in PM2.5 concentrations at the finest 
spatiotemporal resolutions.

Hourly PM2.5 concentrations and population distri
bution across the study area can well reveal the tem
poral hotspots of population-level exposures caused 
by temporal variable factors (e.g. rush hours and 
weather conditions), which are hidden by using daily 
or coarser temporal data. The PM2.5 concentrations 
changed drastically in a short time, as shown in the 
derived concentrations at 8:00, 16:00, and 22:00 local 
time (Figure 7(a)). The difference in PM2.5 concentra
tions between hours in a day was higher than 200 μg/ 
m3, and large changes appeared in the highly pol
luted months of a year (e.g. January, February, and 
December), affected by the joint effect of the dry 
climate and heavy wind during this period (R. Li 
et al. 2015). However, previous studies on pollution 
exposure and environmental health impacts tend to 
assume the temporal constant of PM2.5 concentration 
levels throughout a period of time (e.g. day, month, 
or year), due to the limited temporal resolution of 
derived PM2.5 concentration data (Liang et al. 2020; 
C. Song et al. 2017; Y. Song et al. 2019). In this study, 
the derived daily mean PM2.5 from limited hours could 

not accurately capture the diurnal pattern of PM2.5, 
showing a large bias of up to ±60 μg/m3 compared 
with the daily mean results from all hours (Figure 7 
(b)). Considering both dynamic population mobility 
and PM2.5 fluctuation information, the estimated 
exposure level was 81.35 μg/m3, which is about 10  
μg/m3 higher than the previous study that used 
monthly average population maps and limited-hour 
daily mean PM2.5 concentrations for Beijing in 2015 (Y. 
Song et al. 2019).

The comparison (Table 2) indicates that the use of 
this limited-hour daily mean (CT-) underestimated 
health impacts compared with the hourly station- 
based and satellite-derived PM2.5 (CS-CST, IST-CST 
and CS-CT, IST-CT) under the same population condi
tion, which might be due to the fact that higher 
pollution levels usually occurred in the late night 
and early morning (Cheng et al. 2017; R. Li et al.  
2015). In addition, the use of PM2.5 data at coarse 
spatial resolution (CS-) led to the largest positive dis
agreement compared with other exposure scenarios 
(CT-CST, IST-CST, CT-CT, and IST-CT) at the same 
population distribution, which might be due to the 
fact that the PM2.5 monitoring stations are mainly 
distributed in urban centers with higher pollution 
levels and the derived spatially contiguous PM2.5 dis
tribution by simple interpolation increased the overall 
exposure level. Results of using population data at the 
improved spatiotemporal resolution (−IST) show 
higher exposure levels compared to other population 
distributions, which might be due to the fact that 
people travel toward the city centers during work 
time (Zhao et al. 2021). Therefore, considering hourly 
spatiotemporal variations of PM2.5 concentration and 
population distribution are needed in future related 
studies.

Although our proposed strategy provides an effec
tive and reliable way to estimate PM2.5 exposure and 
health impact, several potential biases and limitations 
remain. First, although the functional data model per
formed well in estimating hourly spatial continuous 
PM2.5 concentrations, the sparse and uneven distribu
tion of ground-level monitoring stations in the study 
area as well as the only used AOD data in this model 
might introduce biases. For example, topology, 
weather conditions, land use features, traffic condi
tions, and emissions are usually considered together 
with AOD to depict the spatial fluctuation of PM2.5 

more accurately (Miao et al. 2022; Xie et al. 2015; 
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X. Zhang et al. 2018). Second, complex exposure and 
health feedback situations were not considered in this 
study (e.g. indoor exposure scenarios, age factors, and 
PM2.5 constituents). Despite the assumption that all 
people at all times were exposed to the same PM2.5 

concentrations as the corresponding ambient PM2.5 

concentrations (H. Bai et al. 2023; Liang et al. 2020; 
Y. Song et al. 2019), the actual exposure for individual 
level is affected by both outdoor and indoor PM2.5 

concentrations. Indoor exposure might be diverse 
and complex, which was influenced by indoor activ
ities (e.g. cooking), house standards, and outdoor 
pollutions (Dong et al. 2020). However, we adequately 
considered population dynamics for estimating PM2.5 

exposure and health impacts at a high spatiotemporal 
resolution compared with previous studies (Luo et al.  
2020; Nyhan et al. 2016; Y. Song et al. 2019), the varied 
sensitivity of different population groups to the PM2.5 

level (H. Yin et al. 2021) was not considered because 
of the limited information from LBS data (e.g. social 
media data) to capture the dynamics of population 
subgroups (Y. Song et al. 2019). Owing to the complex 
and temporal variations of PM2.5, its composition is 
difficult to distinguish. Population exposure to the 
same PM2.5 levels, but with different constituents, 
might have different health impacts (Taj et al. 2020). 
Besides, limited by the access to related mortality 
rates, for example, publicly available disease mortality 

Figure 7. Temporal variations of PM2.5 concentration. Example of the temporal variations of PM2.5 concentration between selected 
hours (a) and differences of daily averaged PM2.5 concentrations calculated by full-time (24-h) and limited-time (4-h) PM2.5 

concentrations in a day (b). Note that the limited-time PM2.5 concentrations were calculated by averaging concentrations at 10:00, 
11:00, 13:00, and 14:00 local time, to keep consistent with the estimated PM2.5 concentrations limited at the temporal resolution from 
MODIS AOD data.
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rates are published taking Beijing as a total statistical 
region, the spatial difference between exposure level 
and mortality rates cannot be compared; the asso
ciated premature deaths were estimated based on 
mortality data on an annual basis without considering 
cumulative effects in short-term analysis, due to the 
limitations for acquiring the short-term mortalities.

6. Conclusions

In this paper, we presented an improved framework 
for the assessment of population exposure and health 
impacts using high spatiotemporal resolution data of 
PM2.5 and population. The framework can be 
extended to larger geographical regions (e.g. national 
or continental), where relevant data are available. 
A comparison of eight exposure experiments demon
strated that coarse spatial or temporal resolution data 
of PM2.5 concentration and population could lead to 
biases in the health impact assessment, indicating 
that high spatiotemporal information of PM2.5 and 
population should be jointly considered in future 
studies. For example, future research on exposure 
and health impacts over a longer period can be 
explored using hourly PM2.5 concentrations by inte
grating AOD data from polar-orbiting (i.e. MODIS pro
ducts) and geostationary (i.e. Himawari-8) satellites. In 
addition, satellite-derived ambient and indoor mon
itoring PM2.5 concentrations might be combined to 
better delineate the personal-level exposure and eval
uate the health impact. Overall, the findings of this 
study provide comprehensive information about the 
spatiotemporal exposure patterns to PM2.5, which will 
greatly help to more accurately identify hotspots and 
evaluate strategies for clean air action.
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