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• Cloud screen method developed for
SARA 500 m AOD improves hazy day
performance.

• Daily PM2.5 estimatedwith linear mixed
effects model has a CV R2 of 0.82.

• Population-weightedmean PM2.5 varies
from 70 to 90 μgm−3 by districts in Bei-
jing.

• Distinct pollution patterns identified and
exposure estimated for severe hazy days.
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The application of satellite-derived aerosol optical depth (AOD) to infer surface PM2.5 has significantly increased
the spatial coverage and resolutions (1–10 km) of ground-level PM2.5mapping as required for accurate exposure
estimation. The remaining challenge is to further increase the mapping resolution to the sub-km level with im-
proved algorithms to minimize misrepresentation of severe haze as clouds. In this study, we provide the first
daily PM2.5 estimation over Beijing at a 500 m resolution using AOD from the Simplified Aerosol Retrieval Algo-
rithm (SARA) and linear mixed effects model. A novel cloud screen method is developed which significantly im-
proves data availability during hazy days. The cross-validation R2 for PM2.5 estimations is 0.82 with the cloud-
screened SARA AOD. Based on the satellite-predicted high-resolution PM2.5 map, all-day population-weighted
PM2.5 is estimated to be 81.4 μgm−3 over Beijing (2.3 times higher than China's NAAQS of 35 μgm−3). Compared
to the standard MODIS Dark Target 3 km product which presents a significant percentage of missing data, the
500 m resolution PM2.5 mapping derived from SARA AOD reveals distinct pollution patterns and population ex-
posure conditions during severe hazy days, thereby providing valuable information for pollution control and ep-
idemiological studies.

© 2018 Elsevier B.V. All rights reserved.
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1. Introduction

PM2.5 (particulatematterwith aerodynamic diameters of b2.5 μm) is
ranked as the topmost threat to human health due to its adverse impact
on cardiovascular and respiratory system (Lelieveld et al., 2015). Rapid
economic development has led to significant increase in precursor
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Fig. 1. Topography of Beijing with surface monitors, urban and rural district boundary
marked.
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emissions and thus PM2.5 concentrations over China (Yuan et al., 2012;
Zhang et al., 2012), which results in an adverse effect on population
health (Brauer et al., 2016). High PM levels and persistent haze episodes
have become one of the most severe environmental concerns in China
and attracted great public attention (Xu et al., 2013; Zhang and Cao,
2015). For example, PM2.5 levels over the densely populated Beijing
are more than double China's National Ambient Air Quality Standard
(NAAQS) (Wang et al., 2014; Xie et al., 2015), with episodic extreme
concentrations exceeding 500 μg m−3.

Exposure estimation and pollution control require a comprehensive
understanding of surface PM2.5 concentration distributions at high spa-
tial and temporal resolutions. While in-situ measurements provide the
most accurate ground-level PM2.5 concentrations, their sparse and un-
even distribution results in under-sampling which hinder their ability
to fully represent population exposure (van Donkelaar et al., 2010; Xie
et al., 2015; Di et al., 2016). Satellite retrieved aerosol optical depth
(AOD), an optical indicator of columnar aerosols loading, has been
widely adopted to infer surface PM2.5 concentrations with more com-
plete spatial coverage (Chu et al., 2003; Liu et al., 2004; van Donkelaar
et al., 2010). The accuracy of PM2.5 estimations with satellite AOD has
been greatly improved by increasing spatial resolutions of AOD prod-
ucts (Chudnovsky et al., 2013a; Chudnovsky et al., 2013b; Xie et al.,
2015; Just et al., 2015; Lin et al., 2016) andmore realistic representation
of the AOD-PM2.5 relationships, e.g., by adopting them from advanced
statistical models (i.e., linear mixed effects, geographically weighted)
or chemical transport models (Liu et al., 2009; van Donkelaar et al.,
2013; Ma et al., 2014; Li et al., 2017). Model cross-validation R2 ranges
from 0.6 to 0.9 by taking into consideration of spatially and temporally
varying AOD-PM2.5 relationships as well as other influencing predicting
parameters with higher resolution AOD (Kloog et al., 2011; Chudnovsky
et al., 2012; Xie et al., 2015; Lv et al., 2016;Ma et al., 2016b; Zheng et al.,
2016).

One crucial limitation of PM2.5 estimations using satellite AOD is
misrepresentation of severe haze as cloud during the standard cloud
mask procedure or subsequent brightness screening (Engel-Cox et al.,
2004; Ma et al., 2016a). Several studies have developed cloud screen al-
gorithms to distinguish between cloud and haze and reconstructed in-
formation for cloud-contaminated regions (Emili et al., 2011; Li et al.,
2013; Cheng et al., 2014; Shang et al., 2014; Shen et al., 2014; Mei
et al., 2017b; Shang et al., 2017). Those algorithms are mostly based
on the radiative properties of clouds obtained from remote-sensing or
ground observations. In this study, we provide daily PM2.5 estimations
at 500 m resolution over Beijing based on high-resolution AOD. A
novel and simplified cloud screen method is developed considering
the fact that clouds appear much brighter and present distinct geomet-
ric texture compared to the haze layer. High-resolution surface PM2.5

mapping is derived using the cloud-screened AOD and the linear
mixed effects model. Comparisons with surface monitors and spatial
distribution of pollution during severe haze day are presented.

2. Data and methods

2.1. Ground-level PM2.5 data and AOD products

Hourly PM2.5 concentrations were obtained from the Beijing Munic-
ipal Environmental Monitoring Center (http://zx.bjmemc.com.cn).
PM2.5 was measured with Tapered Element Oscillating Microbalance
(TEOM)method and quality controlled according to Environmental Pro-
tection standard of China (HJ 618-2011; MEPCN). There are 16 districts
in Beijing with Haidian, Chaoyang, Shijingshan, Dongcheng, Xicheng,
and Fengtai defined as urban and Yanqing, Huairou, Miyun, Changping,
Shunyi, Pinggu, Mentougou, Fangshan, Daxing, and Tongzhou as rural
(Fig. 1). The city is surrounded by Taihang mountain in the west and
Yanshan mountain in the north, while the urban and southeast regions
are low plains. The 35 surface monitors established by Beijing Environ-
mental Protection Bureau sites are distributed within the 16 districts,
with each has one to three sites. Surface PM2.5 concentrationsmeasured
between 13:00 pm and14:00 pm local timewere averaged tomatch the
Aqua satellite over-passing time. The study period spans from March
2013 to April 2014 with a total length of 394 days when data from sur-
face monitors are available.

The MODerate resolution Imaging Spectroradiometer (MODIS) AOD
products have been widely used for surface PM2.5 estimations at several
spatial resolutions, e.g., 1 km (Multiangle implementation of atmospheric
correction, MAIAC), 3 km (Dark Target, DT), and 10 km (DT; Deep Blue,
DB). To further increase spatial resolution, Bilal et al. (2013) developed
a new Simplified Aerosol Retrieval Algorithm (SARA) to retrieve AOD at
500 m resolution based on MODIS level 1 and level 2 swath products.
The SARA requires top–of–atmosphere (TOA) reflectance, surface reflec-
tance, viewing geometry, including solar and sensor angles, and elevation.
These parameters are obtained from the MODIS swath products such as
the calibrated radiance (MOD02HKM), the geolocation (MOD03), and
the surface reflectance products (MOD09) andused togetherwith aerosol
properties derived from surface AERONET sites to perform aerosol re-
trieval. Instead of using the conventional look-up table, the SARA algo-
rithm is based on real viewing geometry and takes into consideration a
wide range of aerosol types that better represent complex aerosol mix-
tures over urban regions. The SARA AOD has been validated over land
(Bilal andNichol, 2015) andwater (Bilal et al., 2017a) surfaces. Validation
against AERONET AOD over Beijing (Bilal et al., 2014) showed a high cor-
relation (r N 0.97) and low bias under both clean and polluted conditions.
To ensure better representation of severe haze conditions, the original
SARA AOD product is used without undergoing the standard cloud
mask process. As SARA algorithm requires AERONET AOD as input data,
the total available days for SARA retrieval is 206 days during the study pe-
riod. The standard 3 km AOD product (MYD04_3K) from Collection 6 is
also used in this study for comparison (Munchak et al., 2013).

2.2. Cloud screen method

In this study, we developed a new and simplified screen method to
remove clouds under both clean and severe haze conditions. The
scheme is based on two assumptions: (1) clouds appear much brighter

http://zx.bjmemc.com.cn


412 Y. Xie et al. / Science of the Total Environment 659 (2019) 410–418
and hence their optical depth is greater than that of aerosols; (2) spatial
variability of clouds is greater than that of aerosol or haze (Martins,
2002; Emili et al., 2011; Mei et al., 2017b). The cloud screen method is
applied to the 206 days of the original product of cloud-contained
SARA AOD following the scheme as shown in Fig. 2. We calculated the
standard deviation for a 10 km × 10 km box around each grid point.
Grids with standard deviation (SD) greater than the mean SD of the en-
tire region is considered as contaminated by clouds. The size of the box
is chosen with the consideration of both the spatial scale of clouds and
computation efficiency as well. The results showed little difference by
slightly changing the box size. Relaxed criteria (half of the mean SD)
are applied along the foothill of the city, where topography could lead
to greater spatial difference during hazy days.

To further eliminate cloud contamination, we derive a threshold
value AODt for each day to distinguish between cloud and aerosols at
grid level. The threshold AODt is calculated as below:

AODt;day ¼ αþ αsdð Þ � PM2:5 max;day

whereα andαsd represent the slope and its standard deviation of linear
regression between AOD and surface PM2.5 for cloud-free days during
the study period. The cloud-free day is defined as days with N80%
AOD retrieval in the MODIS 3 km AOD product. The threshold AODt

is set to the AOD value corresponding to the maximum daily PM2.5

values. Grids with values exceeding this threshold value AODt

would be regarded as cloud and discarded. After two steps of cloud
screening, the linear correlation between the cloud-screened SARA
500 m AOD and PM2.5 at all sites show a significant improvement
compared to the original data (Fig. 2). Average r between SARA
AOD and surface PM2.5 concentrations increases from 0.62 to 0.72.
Most of the high AOD values at the low PM2.5 range, representative
of cloud conditions, are successfully identified and removed by the
cloud-screen method. Detailed statistics for each site also show im-
proved correlations between AOD and PM2.5 after cloud screening
process (Table S1).
Original SARA 500 m AOD

Cloud Aerosol

Grid AOD 

= NA

yes

Calculate daily sd value for each grid 

within 20 x 20 (10 km x 10 km) box

Grid sd > average sd

no

Cloud-scree
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Grid AOD > AODt

Cloud Aeros

yes n

Grid AOD = 

NA

a

Fig. 2. The cloud screenmethod (a) and scatter plot (b) of surface PM2.5 versus the original SARA
references to colour in this figure legend, the reader is referred to the web version of this artic
2.3. Model development and validation

The site-collocated AOD is selected from a 500m grid that contains a
surface site. As all surface sites fall in different AOD grids, a total of 35
pairs of AOD-PM2.5 are used for model development. Linear mixed
effects models were developed to predict surface PM2.5 using the
cloud-screened SARA 500 m AOD. The mixed effects model to estimate
PM2.5 using satellite data was proposed first by Lee et al. (2011).
The model predicts surface PM2.5 concentrations for each site i of the
day j (PM2.5, ij) from collocated satellite AOD (AODij) following:

PM2:5;ij ¼ α þ uj
� �þ β þ vj

� �� AODij þ εij

u jv j
� � � N 00ð Þ;

Xh i

where α and β represent fixed intercept and slope without temporal
variations, uj and vj are random intercept and slope at all surface sites,
reflecting the changing AOD-PM2.5 relationship at daily scale influenced
bymeteorology, satellite retrieval condition, etc. εij is the error term, and
∑ is the variance-covariance matrix for the daily varying random ef-
fects. Days with less than two pairs of AOD-PM2.5 data and negative
AOD-PM2.5 relationship are excluded during the model fitting process.
R2, mean prediction error (MPE), and root mean square error (RMSE)
are three metrics used to evaluate model performance. MPE is esti-
mated as the absolute differences between predicted and measured
PM2.5 concentrations. RMSE is estimated as the root mean squared dif-
ferences between predicted and measured PM2.5 concentrations.

A 10-fold cross-validation (CV) method is performed on the linear
mixed effects models. Specifically, 10% of the data are isolated for
model fitting each time and the prediction is performed at those iso-
lated sites using the model derived from all the other sites. The predic-
tion performance is evaluated with observations using R2, MPE, and
RMSE. The CV process assesses themodel prediction accuracy on spatial
distribution, especially at locations far from the monitoring sites.
ned 
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3. Results and discussion

3.1. Comparison between SARA 500 m AOD and MODIS 3 km AOD

Fig. 3 compares the original and cloud-screened SARA AOD to that
from MODIS 3 km products for the selected days representative of
clean (September 21, 2013) and polluted conditions (October 27,
2013). The original SARA AOD at 500 m resolution provides a high-
resolution view of aerosols distribution during the clean day (Fig. 3a).
However, small clusters of cloud covers are also evident, especially
over the southeast region of the city. The cloud screen method applied
on SARA 500 m AOD is effective in removing the impacts from clouds
while retaining as much as information on aerosols. In comparison,
the AOD fromMODIS 3 km product has much coarser spatial resolution
and contains ~20% of missing data with standard cloud mask process.
Linear regression shows a higher correlation coefficient between the
surface PM2.5 and the cloud-screened SARA AOD (r = 0.58), compared
to the MODIS 3 km AOD (r = 0.28). This indicates that the cloud-
screened high-resolution SARA AOD performs better in representing
the spatial distribution of surface PM2.5. Under haze conditions when
dense aerosol layers are typically misidentified as clouds, the cloud-
screened SARA AOD is able to retain the pollution information
(Fig. 3b). Linear regression between SARA AOD and surface PM2.5

show that it captures well the spatial distribution of surface pollution
(r = 0.77). In comparison, the MODIS 3 km product using the standard
cloud mask fails to distinguish between haze and clouds, resulting in
missing value almost over the entire region.

Data availability of the cloud-screened SARA 500 m AOD is signifi-
cantly improved compared to that from the MODIS 3 km AOD during
the entire study period. Cloud-screened SARA 500 m AOD has a total
number (N) of 4306 available points, significantly higher than those of
the 3 km AOD (total N of 2502). Cloud-screened SARA 500 m AOD has
Original SARA AOD Cloud-screened SARA AOD 

Oct. 27, 2013

Sep. 21, 2013

a

b

Fig. 3. Illustration of the effects of the cloud screen process applied on original SARA 500 m AO
PM2.5 and AOD on the same day.
about 4 times more data during the cold season (Oct 15th to Apr
14th) as compared to the MODIS 3 km AOD. Data availability for hazy
days (N75 μg m−3) is three times for the cloud-screened SARA 500 m
AODcompared to theMODIS 3 kmAOD. To illustrate the impact ofmiss-
ingAODon PM2.5 estimations, Fig. 4 comparesmeanPM2.5 at the surface
sites when averaged over the days with and without satellite AOD dur-
ing the cold and warm (Apr 15th to Oct 14th) season respectively. The
all-data mean PM2.5 at the 35 sites ranges from 80.6 (±65.5) μg m−3

to 81.3 (±80.4) μg m−3 for the warm (cold) season, all exceeding the
China's NAAQS annual mean standard of 35 μg m−3. Compared with
those ‘true’ seasonal mean PM2.5, average PM2.5 during the days with
cloud-screened SARA 500 m AOD is comparable during cold season
but ~25% lower during the warm season. This suggests that missing
AOD tends to occur more frequently in the warm season under rela-
tively more polluted conditions. Since the MODIS 3 km product has
more days withmissing AOD, the associated under-sampling bias is sig-
nificantly larger. Relative to the ‘true’ seasonalmean, average PM2.5 dur-
ing days with MODIS 3 km AOD is 37% and up to ~60% lower during the
warm and cold reason. The lower under-sampling bias of SARA 500 m
AOD ismainly attributed to the new cloud screenmethod,which greatly
improved AOD retrieval under haze conditions.

Daily time series of PM2.5 averaged at all the sites show a good cor-
relation with collocated cloud-screened SARA 500 m AOD (r = 0.81,
Fig. 4c). The correlations for the cold and warm season are 0.83 and
0.89, respectively. The corresponding correlation r is much smaller for
MODIS 3 km AOD, with values of 0.46 and 0.74, respectively. The im-
proved correlation of cloud-screened SARA 500 m AOD compared to
MODIS 3 km AOD can be partly attributed to better representation of
haze conditions. The above comparisons indicate that the cloud-
screened SARA AOD product significantly improves upon the standard
3 km product in terms of (1) data availability, (2) spatial resolution,
and (3) ability in detecting haze.
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Fig. 4. PM2.5 concentrations averaged during the entire study period (black), at available/missing SARA500mAOD (blue/red) andMODIS 3 kmAOD (cyan/orange) for each site during the
warm (a) and cold (b) season, the sites are shown in ascending order of the site-specific annual mean PM2.5 concentration; daily time series of site-averaged PM2.5 and site-collocated
cloud-screened SARA 500 m AOD (c). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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3.2. Mixed-effects model fitting and validation

With data screening process, a total of 123 days with 3118 pairs
of the cloud-screened AOD-PM2.5 are used for model fitting. The
performances of the linear mixed effects model are listed in Table 1.
The fixed term of the intercept and slope is 5.51 (p b 0.001) and
151.05 (p b 0.001), with the standard errors being 4.89 and 17.16, re-
spectively. The daily specific intercept and slope have a standard devia-
tion of 38.52 and 138.55, respectively. The large standard deviation
indicates significant variations of the AOD-PM2.5 relationships on a
daily basis. The overall R2 between the predicted and measured PM2.5

is 0.84 from the mixed effects model (Fig. 5). This indicates that the
cloud-screened SARA 500 m AOD product can explain on average 84%
of the observed daily PM2.5 variability. The overall MPE and RMSE are
17.69 μg m−3 and 28.63 μg m−3. The mixed effects model has a slightly
higher correlation and smaller MPE and RMSE when fitting the model
for the warm season than it does for the cold season (Table 1). The
mean slope for the warm and cold season are 88.03 (SD = 33.83) and
203.29 (SD = 176.21), respectively. The larger slope and SD for the
Table 1
Model performance statistics for the mixed effects model.

Input dataset R2 MPE (μg m−3) RMSE (μg m−3)

Mixed effects model Whole period 0.84 17.69 28.63
Warm season 0.87 14.23 22.59
Cold season 0.83 20.08 31.86

Cross validation Whole period 0.82 19.57 31.88
Warm season 0.86 15.07 24.14
Cold season 0.80 21.97 35.27
cold season reflects more concentrated PM2.5 layers near the surface
and greater day-to-day variations of the AOD-PM2.5 relationship (Guo
et al., 2017; Zheng et al., 2017). Less variation is found for the intercept
term between the two seasons.

The 10-fold CV results are also shown in Table 1 for linear mixed ef-
fectsmodels for the three periods. The R2 ranges from0.80 to 0.86 during
different periods, being slightly lower than that derived from the linear
mixed effects model. The MPE and RMSE range from 15.07 μg m−3–
21.97 μgm−3 and 24.14 μgm−3 to 35.27 μgm−3. Overall, the CV process
suggests that the linear mixed effects model performs well in predicting
surface PM2.5 concentrations during different periods.
3.3. Predicted mean and hazy day surface PM2.5

All-day mean ground-level PM2.5 concentrations derived from the
cloud-screened SARA 500 m AOD are mapped in Fig. 6. Days with
b50% of spatial coverage is neglected and the remaining 113 days were
averaged. All-daymean PM2.5 from surfacemonitors is 80.8 μgm−3. Sat-
ellite predicted PM2.5 well captures the mean concentrations and the
southeast-northwest gradients at the site locations (r = 0.62). Of the
35 surface monitors, satellite predicted all-day mean PM2.5 concentra-
tions at 21 monitors are within 10% of the surface observed values.
Satellite-derived annual PM2.5 for the entire Beijing is 64.9 μg m−3,
~20% lower than the average of the site measurements. The lower pollu-
tion level indicated by satellite is due to anunevendistribution of surface
monitor sites, with more sites located over urban and developed subur-
ban regions and fewer sites in themountainous region. Spatially, there is
a strong southeast-to-northwest decreasing gradient throughout the
year. Mean PM2.5 is 82.4 μg m−3 for urban districts and 63.3 μg m−3

for rural districts. Such a gradient results from a combination of topogra-
phy, land use and regional transport. Local emissions are relatively low
and the high elevation is unfavorable for pollution transport over the
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Fig. 5. Scatter plots for linear mixed effects model (a) and the corresponding cross-validation (b) results between measured and estimated PM2.5 for the entire study period.

415Y. Xie et al. / Science of the Total Environment 659 (2019) 410–418
western and northernmountainous regions. The urban and southern re-
gions are more polluted due to higher local emissions and frequent pol-
lution transport from the southern industrialized cities in the North
China Plain.

The high-resolution PM2.5 maps provide valuable information for
population exposure estimation. The total population is 24.68 million
in 2010 based on the 1 kmpopulation data derived frompopulation cen-
sus and land use information (Fu et al., 2014). A total of 15.41 million
(62.44%) reside in urban districts and the rest in suburban districts. Pop-
ulation density (thousand people per square kilometer) for the urban
districts ranges from7.4 to 52,much larger than that of the rural districts
(0.3–1.4). All-day mean population-weighted PM2.5 is 81.4 μg m−3, 25%
higher than the arealmean as higher population density in themore pol-
luted urbandistricts. This value is close (within 1%) to average PM2.5 con-
centrations at the 35 sites since most of the monitors are located in the
regionswith higher population density. This suggests that PM2.5 concen-
tration from surface monitors provide a reasonable estimate of popula-
tion exposure at the city level. Almost the entire city (N97%) and its
population (N98%) are exposed to risky PM2.5 pollution (N35 μg m−3).
All-day mean PM2.5 concentration
a b

µg m-3

µg

µg

Fig. 6. Satellite-derived all-daymean PM2.5 concentration overlappedwith thatmeasured at sur
measured PM2.5 for each district together with population density (b).
However, there are large differences between the PM2.5 derived from
the satellite and that from the surface sites at the district level
(Fig. 6b). The satellite-derived population-weighted PM2.5 is lower
thanmean PM2.5 from surface sites at eight districts, with the largest dif-
ference found at Dongcheng district (−11%). For the two most densely
populated Dongcheng and Xicheng districts, surface measurements
tend to overestimate average pollution condition by up to 10 μg m−3

compared to satellite predictions. This overestimation is probably due
to site locationnear traffic or pollution source. Inclusionof satellite predic-
tions thus provides a more accurate evaluation of the overall pollution
conditions over these densely populated districts. Meanwhile, higher pol-
lution level is suggested by satellite-derived PM2.5 for the other districts.
For example, the population-weighted PM2.5 is up to 5 μg m−3 (6%)
higher than that from the surface site at an urban district (Shijingshan)
and up to 10 μg m−3 (16%) higher at a rural district (Yanqing). This indi-
cates that current surface sites underestimate the pollution levels at these
districts due to under-sampling because of the relatively sparse site distri-
bution. Thus, population exposure estimated based solely on the surface
sites could underestimate the real health risk over these regions.
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As one of the key improvements of SARA AOD on the representation
of pollution during hazy days, Fig. 7 presents the spatial distribution of
the predicted surface PM2.5 concentration during six heavily polluted
days. Dailymean PM2.5 of all the days selected is N150 μgm−3, with spa-
tial coverage N50%. Compared to the all-day mean pollution condition,
distinct pollution patterns can be identified for the polluted days.
There is a clear west to east pollution gradient indicated by both surface
measurement and satellite estimations on Oct. 5, 2013, when surface
mean PM2.5 is N300 μgm−3. Such pollution pattern reflects pollution ac-
cumulation along the foothill of western mountains under the prevail-
ing southeast wind. We calculated the percentage of the population
falling within five categories of pollution levels. During this hazy day,
73% population are exposed to extremely polluted condition (PM2.5

N 300 μg m−3) and 26% are under heavily polluted condition (PM2.5 be-
tween 200 and 300 μg m−3), suggesting a severe health risk for the
Oct. 5, 2013 Sep. 28,  2013 

Oct. 27,  2013

r = 0.70

300.1 (±73.7) 
µg m-3 

253.7 (±58.7)  
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164.1 (±74.0)  
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Nov. 23, 2013

457%

42%

26%

73%

wind powind population

wind powind population

Fig. 7. Satellite-derived PM2.5 mapping for severe hazy days and the
entire city. Similar pollution and wind pattern are also found on
Sep. 28, 2013 as southeast wind favors pollution accumulation in the
city. More than 98% of the population is under heavily or extremely pol-
luted conditions during that day.

By comparison, the most polluted regions lie in the southern and
eastern part of the city on Jan.16, 2014 and Dec.25, 2013. The center of
the city and northwest part are relatively clean, resulting in spatially
heterogeneous pollution pattern (large standard deviation). The diverse
pollution pattern is attributed to clean air blown from northwest and
northeast that has moved away from the pollution in the northern
part of the city. As clean air has not wrapped out the pollution over
the southern and eastern part, 51% of the population is still under
heavily or extremely polluted conditions on Jan.16, 2014 with rest of
48% under slightly polluted conditions. Stronger wind from the north-
west alleviates the pollution condition on Dec.25, 2013, resulting in
Jan. 16,  2014
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202.8 (±120.9)  
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corresponding wind rose and population exposure estimations.
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25% under heavily and 70% under slightly polluted condition. On Oct.27,
2013, mild wind leads to a relatively homogeneous pollution condition
all over the city (small standard deviation), with 42% population ex-
posed to heavily polluted condition and 57% under slightly polluted
condition. The pollution distribution for Nov.23, 2013 reflects a typical
south-to-north transport pattern. Southwest wind results in significant
pollutant transport from Heibei Province with dense industry. While
17% of the population is still having relatively clean air, 80% of the pop-
ulation is already affected by the pollution transported from the south.
The high-resolution pollution map on daily scale provides valuable in-
formation on the spatial distribution of pollution and population expo-
sure during heavily polluted days. In comparison, the MODIS 3 km
product has a significant percentage of missing data (Fig. S1), hindering
its representation for hazy days.

4. Discussion and conclusion

The 500 m resolution PM2.5 mapping over Beijing in this paper has
several improvements compared to our previous estimations using
the 3 km MODIS AOD (Xie et al., 2015). First, the data availability has
greatly increased during the cold season. The new cloud screenmethod
developed here allows a better separation of haze from clouds in satel-
lite AOD, resulting in a large increase in data availability for heavily pol-
luted regions like Beijing. Second, there is a six-fold increase (from3 km
to 500 m) in the spatial resolution of the predicted surface PM2.5 distri-
bution. The spatial and temporal heterogeneity of PM2.5 is revealed
more clearly at the 500 m resolution. As a result of those two improve-
ments, long-term population-weighted mean PM2.5 estimated in this
study is 81.4 μg m−3, which is 59% higher than our previous estimation
of 51.2 μg m−3. Third, the model prediction (R2 = 0.84) and cross-
validation (R2 = 0.82) performance is better than that using the 3 km
AOD (prediction R2 = 0.81–0.83, and CV R2 = 0.75–0.79).

This is the first implementation of the 500m SARA AOD for PM2.5 es-
timations over Beijing; the other two studies using SARA 500mAOD fo-
cused on Hong Kong and eastern China respectively (Bai et al., 2016;
Bilal et al., 2017b). Our results show a higher prediction accuracy (pre-
diction R2=0.84) compared to R2 of 0.61 in Bilal et al. (2017b). Bai et al.
(2016) showed a higher CV R2 of 0.87 using geographically and tempo-
rally weighted regression. Their study period is only three months as
compared to one year in this study, and their model relies on multiple
input parameters while the model in this study uses AOD as the single
input. Other studies provided PM2.5 estimations based on satellite
AOD over China with a spatial resolution ranging from 1 to 12 km,
coarser than that presented in this study (Ma et al., 2014; Li et al.,
2015; Fang et al., 2016; Lv et al., 2016; Ma et al., 2016b; Zou et al.,
2016; You et al., 2016; Zang et al., 2017; Lv et al., 2017). The CV R2 re-
ported from these previous studies over China range from 0.58 to
0.80, and our result is at the high end. Besides, the model accuracy
achieved in this study are comparable to studies over the less polluted
United States with the prediction or CV R2 in the range of 0.84 to 0.92
(Chudnovsky et al., 2012; Kloog et al., 2014; Di et al., 2016).

Although our cloud screen method shows a good performance in
distinguishing between cloud and haze, the underlying assumptions
may not always hold true. For example, the method is not applicable
to cases when thin clouds coexist with thick aerosol layers (Calbó
et al., 2017; Mei et al., 2017a). While an aerosol layer generally appears
smoother than clouds, fires or intense emissions may result in higher
spatial variability, which would be removed during the cloud screen
process. Residue cloud may exist as there may not be a clear border be-
tween cloud and aerosol (Koren et al., 2007; Sogacheva et al., 2017).
Furthermore, uncertainties also exist in satellite retrievals, surfacemea-
surement and the linear assumption of the mixed effects model (Guo
et al., 2017). In spite of these uncertainties, the present study is the
first attempt of using satellite AOD to derive surface PM2.5 at a 500m res-
olution for Beijingwith bettermodel prediction and cross-validation per-
formance compared to previously published studies, which were mostly
at spatial resolutions coarser than 1 km. Thehigh-resolution daily surface
PM2.5 map will provide valuable data to support pollution monitoring
and prediction, exposure estimation, and air pollution advisory for the
public.
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