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ABSTRACT: The Gridpoint Statistical Interpolation (GSI)
Three-Dimensional Variational (3DVAR) data assimilation system
is extended to treat the MOSAIC aerosol model in WRF-Chem,
and to be capable of assimilating surface PM2.5 concentrations. The
coupled GSI-WRF-Chem system is applied to reproduce aerosol
levels over China during an extremely polluted winter month,
January 2013. After assimilating surface PM2.5 concentrations, the
correlation coefficients between observations and model results
averaged over the assimilated sites are improved from 0.67 to
0.94. At nonassimilated sites, improvements (higher correlation
coefficients and lower mean bias errors (MBE) and root-mean-
square errors (RMSE)) are also found in PM2.5, PM10, and AOD
predictions. Using the constrained aerosol fields, we estimate that
the PM2.5 concentrations in January 2013 might have caused 7550
premature deaths in Jing-Jin-Ji areas, which are 2% higher than the estimates using unconstrained aerosol fields. We also estimate
that the daytime monthly mean anthropogenic aerosol radiative forcing (ARF) to be −29.9W/m2 at the surface, 27.0W/m2

inside the atmosphere, and −2.9W/m2 at the top of the atmosphere. Our estimates update the previously reported
overestimations along Yangtze River region and underestimations in North China. This GSI-WRF-Chem system would also be
potentially useful for air quality forecasting in China.

■ INTRODUCTION

As the most populous developing country in the world, China
is facing serious air pollution. Fine particulate matter (PM2.5)
levels in China are among the highest in the world.1 According
to the assessment of burden of disease, ambient PM pollution
is the fourth highest risk in East Asia (China), leading to
1.2 million deaths in China in 2010.2 Frequent winter haze
events have been happening over the North China Plain3−5

with estimated significant short-term health consequences.6

Thus, providing reliable PM2.5 predictions is particularly impor-
tant for the public to avoid health consequences, and for the
policy makers to help design effective control measures. High
PM levels also directly interact with radiation, and modify cloud

properties to affect the Earth’s radiation budget7 as well as
dynamics of the atmosphere;8 and interactions may lead to
even higher near surface concentrations (through reductions in
mixing layer heights and wind speeds).3,4 Although there have
been great advances in predicting aerosols, it is still challenging
to predict PM levels during haze events due to imperfect model
parametrization, incomplete understanding of aerosol forma-
tion and large uncertainties in emission inventories.3,9
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Computation of the estimated health impacts of aerosols and
estimates of the radiative forcing caused by these aerosols
require the use of both better models and more/all available
observational data. Data assimilation (DA) is a powerful
technique to combine model results and observations to reduce
uncertainties in predicted distributions.10,11 DA has been widely
used in meteorology for more than three decades, but its
application in air quality modeling is relatively recent,12,13 and
efforts have been hampered by the lack of key measurements
and their availability in near real time. With the progress in
establishing multiple chemical measurement platforms, the
chemical DA area is growing fast. Chemical DA was initially
applied to integrate trace gases.14−19 Later, aerosol measure-
ments including Aerosol Optical Depth (AOD) from multiple
platforms (such as CALIOP, MISR, MODIS) have been assim-
ilated using various methods, including optimal interpola-
tion,13,20,21 3DVAR,10,11,22−29 4DVAR,30 and EnKF.12,31−34

Aerosol DA has also been applied in operational aerosol
forecasting.30,35 Most of the past work on chemical DA has been
done using offline models; less research has been performed
using online coupled models.36 A more thorough review of DA
for atmospheric chemistry can be found in Bocquet et al.
(2015).36 The use of AOD observations is limited during heavy
haze events as the retrievals are mostly missing when severe
haze occurs over China. Since January 2013, China National

Environmental Monitoring Center (CNEMC) released the
real-time observations of PM2.5 and PM10. This data set along
with the improvements of computational resources will facil-
itate further studies of aerosol DA in China.
In this study, we incorporate surface PM2.5 and evaluate its

impact in better constraining surface PM2.5 levels during heavy
haze. Although ground-based and satellite observations have
been assimilated over China,24,25 to our knowledge this is the
first attempt to apply DA technique to overcome difficulties in
modeling winter haze event in North China. The improve-
ments in surface PM2.5 predictions by applying DA to integrate
PM2.5 measurements are validated using independent observa-
tions of surface PM and AOD. The impacts of DA on estimates
of health impacts and radiative forcing are also evaluated.

■ MATERIALS AND METHODS

WRF-Chem Model Configurations. WRF-Chem is used
to simultaneously simulate meteorology and chemistry and the
effects of aerosols on radiation and cloud formation. We have
used this model to simulate winter haze evolution,3−5 evaluate
health and economic losses,6 and provide operational air qual-
ity forecast in China. In this study, the model is configured
with two nested domains with 80 × 56 (81km resolution) and
48 × 48 (27 km resolution) grids (as shown in Figure S1 in
Supporting Information (SI)). Initial and boundary conditions

Figure 1. Monthly average analysis increments (a), mean surface PM2.5 and AOD at 600 nm in NODA case (b,e), DA case (c,f) and the differences
(DA minus NODA) (d,g); CNEMC sites are in red.
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for chemicals are taken from global MOZART forecasts.37

Meteorological initial and boundary conditions are from the
ECMWF operational forecasts. We use the Carbon-Bond
Mechanism Z (CBMZ) to simulate gas phase chemistry38 and
the Model for Simulating Aerosol Interactions and Chemistry
(MOSAIC)39 to simulate aerosol evolution. Longwave and
shortwave radiation are both treated using the RRTMG radia-
tion scheme.40 Planetary boundary layer evolution is simulated
using the Yonsei University parametrization.41 The Lin
parametrization42 for microphysics and Grell-3D cumulus
parametrization43 are used to simulate aerosol-cloud inter-
actions and precipitation.
The anthropogenic emissions are obtained from the MIX

inventory44 for year 2010. This inventory was made monthly
and the spatial resolution is 0.25° × 0.25°.44 The emission
maps of selected gaseous and aerosol species are shown in
Figure S2 in SI. Terrestrial biogenic emissions are estimated
using the MEGAN45 model. Windblown GOCART dust46

emissions and parametrized sea salt emissions are also included
and calculated online in the model.
GSI 3DVAR DA System. The GSI 3DVAR DA system

provides an analysis by minimizing the cost function as shown
below:
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In this equation, x is the analysis vector, xb denotes the
forecast or background vector, y is an observation vector, B
represents the background error covariance matrix, and R
represents the observation error covariance matrix. H is the
observation operator to transform model grid point values to
observed quantities which is done by interpolating. In this
study, the total mass in each size bin instead of each PM2.5
component, is used as control variable, which efficiently reduces
the computational complexity.24 The changes within GSI are
distributed considering the mass contribution of each PM2.5
component as a constant for each size bin.24 The standard
deviations and vertical as well as horizontal length scales used
for computing the background error covariance statistics (BECs)
are calculated using the NMC method (Figure S3 in SI).47 This
method commonly uses 24- and 48 h forecasts or 12- and 24 h
forecasts to compute statistics, but since we perform retrospec-
tive simulations, we use two simulations forced by different
meteorology (NCEP FNL analysis and ECMWF reanalysis) to
calculate the error statistics.48 How NMC method calculates
standard deviations and length scales (horizontal and vertical)
are documented in reference.49

Hourly surface PM2.5 concentrations from the CNEMC
network within 1 h window of the analysis were assimilated.
The observation errors contain two parts: measurement errors
and representativeness errors. The measurement error was
computed using εo = 1.5 + 0.0075 × Obs11,24 where Obs means
observation values. The representativeness errors depend on
the locations of the measurement sites and model resolution,

which were calculated as ε γε= Δ
r o

x
L
.11,24,49 In this calcu-

lation, γ is the adjustable scale factor (we used 0.5 following
Schwartz et al. (2012)11), Δx is model grid resolution, and L is
the influencing radius. The used L values vary among different
station types: 2000 for urban sites and 10 000 for rural sites,
following previous applications in the U.S.11 and China.24

Observational Data. CNEMC has released hourly
concentrations of CO, O3, SO2, NO2, PM2.5, and PM10 in 74
major cities since January 2013. These data can be accessed via
http://113.108.142.147:20035/emcpublish/. The data used in
this study is the averaged PM2.5 concentration in each city (the
number of stations in each city ranges from 4 to 13), which
represents the average pollution level for each city. The use of
averaged data over a city is consistent with the grid-cell
resolution used in the inner domain of the model (i.e., 27 km).
Air quality data during this study period was also collected by
the CARE-China50 and the CSHNET51 networks. Hourly PM2.5
and PM10 concentrations from four observation sites (Beijing,
Tianjin, Shijiazhuang, Xianghe) from the CARE-China50 net-
work are used to evaluate the impacts of assimilating CNEMC
PM2.5 data. AOD data at three CSHNET51 sites and at three
AERONET52 sites are also used in this study (locations are
shown in Figure S1 in SI).

■ EXPERIMENTAL DESIGN

Three model runs (DA, NODA/CTL, and ARF0) were done for
the period 1 to 31 January 2013. Assimilation of data occurred
at 00:00, 03:00, 06:00, 09:00, 12:00, 15:00, 18:00, and 21:00
UTC. ANT0 was conducted without including anthropogenic
emissions.

Figure 2. Observed and simulated (DA and NODA) hourly PM2.5
concentrations averaged over CNEMC measurement sites (a), and
whisker plots for observed daily mean PM2.5 concentration and
simulations in NODA case (b) and DA case (c).

Table 1. Statisticsa for Simulated PM2.5 With and Without
DA Compared Against CNEMC Observations

MBE
(μg/m3)

MAE
(μg/m3) MFB MFE

RMSE
(μg/m3) R

NODA −6.1 37.0 −3.0% 20% 38.0 0.67
DA −3.8 14.9 −1.0% 10% 20.5 0.94

aMBE = mean bias error; MAE = mean absolute error; MFB = mean
fractional bias; MFE = mean fractional error; RMSE = root-mean-
square error.
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■ RESULTS AND DISCUSSION
Impact of Assimilation on PM and AOD. Figure 1(a)

shows the average analysis increments for DA experiment. DA
generally increases PM2.5 in south and north Hebei, Liaoning,
Shanxi and Inner Mongolia, and decreases PM2.5 in Tianjin,
Henan and west Shandong. The differences between monthly
mean PM2.5 in the DA and NODA cases exhibit similar spatial
distributions (Figure 1(c)), with maximum positive changes
(more than 80 μg/m3) in Liaoning and maximum negative
changes in northwest Jiangsu area. The assimilated PM2.5 sur-
face concentrations much better represent the actual distribu-
tions of PM2.5. Figure 2(a) shows observed and predicted
surface PM2.5 hourly concentrations averaged over all CNEMC

measurement sites. The calculated performance metrics are
listed in Table 1. In general, the model captures the aerosol
variations of this event. However, PM2.5 concentrations are
largely underestimated during the 12−14 January haze episode
(NODA case), which is likely due to the difficulty of the model
in capturing the extreme stable conditions during this time
period and a slow sulfate production rate.3,5,53 The NODA
case also overestimates PM2.5 in the last several days of January.
The monthly averaged MBE is −6.1 μg/m3 for the NODA case
(Table 1). These underestimations and overestimations are
corrected by assimilating surface PM2.5. The correlation
coefficient between predicted and observed PM2.5 averaged
over all CNEMC stations increases from 0.67 to 0.94 (Table 1)
when DA is used. MBE decreases to −3.8 μg/m3, RMSE
decreases from 38.0 μg/m3 to 20.5 μg/m3, and MFE decreases
from 22% to 10% (Table 1).
Further details regarding the improvements when using DA

is shown in the whisker plots of observed daily mean PM2.5
concentrations and predictions for NODA and DA cases
(Figure 2(b,c)). The minimum (across all CNEMC sites) daily
mean PM2.5 concentrations are captured well, but large dis-
crepancies exist in maximum values and median values,
particularly during the 12−14 January haze episode. After
DA, these discrepancies have been significantly reduced (Two-
sample t tests were conducted for maximum and median values
from model and observations. After DA, two-sample t tests
show that there are no significant differences between modeled
and observed maximum and median values at the 5% sig-
nificance level); median and maximum values of forecasts in
DA case all show excellent agreement with observations. The
variability in the assimilation distributions also closely matches
that in the observations.
The performance of PM2.5 assimilation was also evaluated

using hourly surface PM2.5 and PM10 concentrations at four sites
from the CARE-China network, which were not assimilated. At
the Beijing station, the NODA predictions are only half of the

Figure 3. Comparisons between simulated and observed hourly PM2.5 (a-d) and PM10 (e−h) concentrations at four nonassimilated sites from
CARE-China network: Beijing (a, e), Tianjin (b, f), Shijiazhuang (c, g) and Xianghe (d, h).

Figure 4. Terrain heights and direction of cross section plots (a); cross
section plots of monthly mean PM2.5 concentrations in NODA case
(b), DA case (c), and the differences (DA-NODA) (d).
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peak hourly PM2.5 and PM10 on January 13 (Figure 3(a, e)).
The observed explosive increase is reproduced in the DA case,
suggesting some severe pollution events can be captured by
constraining initial conditions. The R value for PM2.5 (PM10)
improved from 0.73 (0.71) to 0.86 (0.85), and RMSE is reduced
from 95.9 μg/m3 (136.3 μg/m3) to 73.2 μg/m3 (102.2 μg/m3)
(Table 2). Similar improvements in R and RMSE are found at
the Tianjin and Xianghe stations (Table 2). At the Shijiazhuang
station, the NODA forecasts show an opposite trend with
observations. For example, predicted PM2.5 and PM10 concen-
trations decrease from January 9 to 12, while observed PM2.5
and PM10 concentrations show an increasing pattern. After DA,
the correlation coefficient for PM2.5 (PM10) increases from
−0.05 (0.00) to 0.68 (0.67) (Table 2). The improvements are
also shown in reduced RMSE values (Table 2). The improve-
ments in the Xianghe station are not as significant as in the
other three stations (Table 2). This is mainly because Xianghe
is located at the boundary between positive and negative incre-
ments. For example, at 01/21 00UTC, PM2.5 concentration at
Xianghe is supposed to increase (in positive increment area,
Figure S4 in SI), but surrounding negative increments offset the
impact and thus PM2.5 concentrations do not increase much, as
shown in Figure 3(d).The improvements in PM2.5 predictions
after assimilation also lead to changes in AOD. The spatial map
of AOD differences (w and w/o DA) is similar to the spatial
map of surface PM2.5 differences, except in northwest Shandong
areas (Figure 1(d, g)). The effects of assimilating surface PM2.5
lead to 3-dimensional changes in PM2.5, and these changes lead

to changes in wind speed, direction and relative humidity and
clouds due to the feedbacks. Thus, AOD changes may differ
from surface PM2.5 changes. Although only surface PM2.5 is
assimilated, the changes in surface aerosols can induce changes at
higher altitudes due to vertical mixing and transport. As shown in
the cross section plots in Figure 4, differences of monthly mean
PM2.5 concentrations (DA-NODA) reach over 80 μg/m3 near
the surface around latitude 41°N. The magnitudes of differences
decrease with height, but are significant below 1km due to active
boundary layer dynamics (Figure 4(d)).
We also evaluated AOD predictions using measurements

from CSHNET, AERONET, MODIS, and CALIPSO. We used
Angstrom exponent relations to derive model AOD at measure-
ment wavelengths. The improvements in AOD at CSHNET
and AERONET sites after DA are shown in Figure S5 and
Table S1 in SI. After DA, MBE has been reduced from 0.67 to
0.64 at the Beijing station, and from 0.62 to 0.54 at the CAMS
station The comparisons with MODIS and CALIPSO reflect
that the spatial and vertical distributions of pollution are
generally captured by the model, and DA has improved AOD
and aerosol extinction predictions (SI Figure S6, S7, S8).

Impacts on Estimates of Health Impacts. Reducing the
uncertainties in surface PM2.5 concentrations provide better
estimates of surface exposure and will reduce uncertainties in
the estimated health impacts. Health impacts assessments were
calculated following the method in Gao et al. (2015).6 The
assessed region is Jing-Jin-Ji area, as marked with blue box in
Figure S1 in SI. Total mortality in January was estimated to be

Figure 5. Monthly daytime all-sky ARF at the surface (BOT, positive values represent downward direction), inside the atmosphere (ATM, positive
values indicate heating of the atmosphere) and at the top of the atmosphere (TOA, positive values denote downward direction) for CTL and DA
cases; the last row refers to the differences between the CTL and DA cases.
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7410 using unconstrained model surface PM2.5 concentrations.
After DA, this number increases to 7550. Using unconstrained
model surface PM2.5 concentrations (NODA), we estimated
that 110.8 million (89.6% of Jing-Jin-Ji population) people are
exposed to harmful air (defined with monthly averaged PM2.5
concentration over 75 μg/m3). After DA, this number changes
to 113.9 million (92.1%).
Impacts on Estimates of Anthropogenic Radiative

Forcing. We also calculated the impacts of integrating surface
PM on estimates of anthropogenic radiative forcing (ARF).
The anthropogenic ARF (including direct, semidirect, and
indirect radiative forcing, monthly averaged daytime (8:00 to
17:00)) for the unconstrained case (i.e., radiation fluxes differ-
ences: NODA-ANT0), the constrained case (i.e., DA-ANT0)
and their differences are shown in Figure 5. The spatial
distribution of RF is similar to the results shown in Gao et al.
(2014).54 However, their values may be overestimated in west
Shandong and east Henan and underestimated in Beijing and
Hebei areas since the model overestimated AOD in Henan
province and underestimated in Beijing and Hebei areas com-
pared to MODIS and MISR.54 Our constraints reduce AOD in
Henan and increase AOD in Beijing and Hebei areas, suggesting
improvements from previous study. Without DA, the domain
mean forcing at the surface is −26.9 W/m2, inside atmosphere
is +24.2 W/m2., and at the top of atmosphere is −2.7W/m2.
After DA, these numbers change by −3.0 (11.2%), 2.8 (11.6%),
and −0.2W/m2 (7.4%), respectively. These changes also result in
changes in mixing heights (Figure S9 in SI), which further affects
near surface PM2.5 concentrations. The domain averaged monthly
mean mixing heights decrease by 34 m due to DA.
These results demonstrate that observations from current

networks of PM observations can be assimilated into con-
temporary coupled meteorology and chemistry models to
produce PM2.5 surface distributions with better quality. These
distributions can lead to improved estimates in health impacts
and anthropogenic ARF. Assimilation of near real-time sur-
face PM2.5 is also expected to lead to improvements in PM2.5
forecasts (over 12 to 24 h). The fact that there are substantial
changes in the distributions after assimilation reflects the fact
that there are uncertainties in the model (due to estimates of
emissions, incomplete knowledge of chemical processes, etc.).
Further improvements in constraining PM2.5 predictions will
come from improvements in the forward model and its inputs.
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