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Abstract. A data assimilation system (DAS) was devel- impacts (Levin et al., 1996; Tegen and Fung, 1995; Zender
oped for the Chinese Unified Atmospheric Chemistry Envi- et al., 2003). Several regional dust models have been applied
ronment — Dust (CUACE/Dust) forecast system and appliedfor ACE-Asia field observation periods (Gong et al., 2003b;
in the operational forecasts of sand and dust storm (SDS) itHuebert et al., 2003; Uno et al., 2004; Zhao et al., 2003)
spring 2006. The system is based on a three dimensionand reasonable simulated results have been reported. Nev-
variational method (3D-Var) and uses extensively the meaertheless, a current study of the dust model inter-comparison
surements of surface visibility (phenomena) and dust loadproject (DMIP) pointed out the status of current regional dust
ing retrieval from the Chinese geostationary satellite FY-2C.models when applied to the Asian domain (Uno et al., 2006).
By a number of case studies, the DAS was found to providdt was found that dust transport patterns from the emission
corrections to both under- and over-estimates of SDS, presource region are usually very similar, but the predicted sur-
senting a major improvement to the forecasting capability offace level concentrations sometimes show discrepancies of
CUACE/Dust in the short-term variability in the spatial dis- more than two orders of magnitude. The differences in treat-
tribution and intensity of dust concentrations in both sourceing the dust emission schemes, surface boundary data (e.g.,
regions and downwind areas. The seasonal mean Threabil texture, soil wetness, and land-use data including recent
Score (TS) over the East Asia in spring 2006 increased frondesertification information), and atmospheric models (mete-
0.22 to 0.31 by using the data assimilation system, a 41% enerological and transport models) are speculated as the ma-
hancement. The forecast results with DAS usually agree witHor source of the discrepancies. For those reasons, methods
the dust loading retrieved from FY-2C and visibility distri- for the unification of observations and model predictions will
bution from surface meteorological stations, which indicatesplay a salient role in improving dust forecasting capabilities.

that the 3D-Var method is very powerful by the unification o . .
of observation and numerical model to improve the perfor- Data assimilation is the best method to unify observation
mance of forecast model. and model prediction. It has been shown that data assimi-

lation is very powerful in improving meteorology forecast-
ing accuracy. (Kalnay, 2003) by supplying reasonable initial
fields to dynamical models. Because of model uncertainties
1 Introduction in parameterizing physical processes, errors will result as the
simulation length increases. Data assimilation can estimate
Simulation and forecasts of sand and dust storms (SDSand correct these errors to some degrees. Meanwhile, data
have been progressed significantly in the last decay to adassimilation can extrapolate information to some areas and
dress the issues related to climate changes and air qualityome model components even without observation. In ad-
dition, a reasonable initial field offered by a data assimila-
tion scheme will make the different components of model in

Correspondence taT. Niu harmony. Therefore a dynamical model system should have
BY (niutao2001@cams.cma.gov.cn) a data assimilation system that fits it. There are a variety
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tal Ozone Mapping Spectrometer (TOMS) aerosol index (Al)

Observation (Phenomenon, data as the initial dust loading input for a dust prediction sys-
visibility and SDS-IDDI) mass mixing ratio tem, Alpert et al. (2002) has found a positive improvement
for the model performance. This demonstrates the impor-
‘ Quality control l XPq tance of an accurate initial dust concentration even though no
¥ [ Dust particle concentration J data assimilation was used. In a 4D-Var approach, a factor in
[ Data merger —» in 12 size bins the dust emission parameterization scheme was assimilated
All domain SDS-IDDI l<—212 size bins by using the lidar vertical profiles of dust aerosols (Yumi-
[ —t e moto et al., 2007). Under-estimates in the dust emission flux
Normalized dust loading } [ ] were corrected and more reasonable dust concentration was
v )
achieved.
( 3D-Var system >'; However, applications of 4D-Var remain limited as it is
! quite expensive for computation and not easy for system up-
3D Analysis field grade due to a close link on an adjoint model which is the in-
(Normalized DM40 at all levels) verse of the forecast model. Up to now 3D-Var method plays
an important role in weather and climate studies and oper-
Technical Regulations . . . . . L
v ational forecast since it was first applied to the assimilation
Surface DMA40 calibration factor of observational data in 1981 (Bengtsson, 1981). Consid-
> Applied toall levels ering the situation of the computer resource and operational

v
DMA40 concentration at all levels

‘ requirement, a 3D-Var method was chosen to establish the
o SDS Data Assimilation System (SDS-DAS) in China.

] <> This paper presents the development of the SDS-DAS and
— its application in spring 2006 SDS operational forecasts in
Dust mass mixing ratio in 12 size bins
(Initial field for next step integral)

East Asia. Real-time measurements of dust aerosols from

surface meteorological stations (visibility and phenomena)

( Numerical model ) and spatial coverage from thg Chinegg geostationary satellite
FY-2C have been integrated into a unified data system for the

y forecast of dust aerosols through the SDS-DAS.
’ Operational forecast results ‘

Fig. 1. Schematic presentation of the four functional groups and2 Brief description of the SDS-DAS

flowchart of the DAS.
Based on the work of Lorenc (1986, 1997) and

Barker (2003), CAMS (Chinese Academy of Meteoro-
of algorithms to deal with the data assimilation problem |ogical Sciences) developed a three dimensional variation
(Bengtsson, 1981; Lorenc 1986, 1997; Daley, 1991; Bennettdata assimilation system (Zhang et al., 2004; Zhuang et al.,
1997). The examples of general methods include nudgin@005) for the Chinese weather forecast model (GRAPES).
method, optimal interpolation (Ol), 3-dimensional variation This study extends the assimilation scheme in GRAPES to
(3D-Var). More advanced methods include 4-dimensionalassimilate visibility and satellite retrieval dust loading data
variation (4D-Var), extended Kalman Filter and ensemblefor a SDS forecast system —CUACE/Dust. The SDS-DAS
Kalman Filter. Menard (2000a, 2000b) assimilated chemi-contains four functional groups: (1) observational data
cal tracer observation in stratospheric using a Kalman Fil-quality control (QC), (2) observational data merger (statistic
ter. William et al. (2001) developed a system for forecastinganalysis), (3) 3D-Var analyses method and (4) post-processor
aerosol optical depth (AOD) by coupling a chemical trans-to the CUACE/Dust. Figure 1 is a schematic description and
port model with a system for assimilating satellite retrievals flowchart of the DAS with different shapes of the blocks
of AOD. Recently, 4D-Var method has been applied to chem-to show the different leading processes. Details of each
ical transport model (CTM) for inverse modeling. For exam- function group are discussed below.
ple, Hakami et al. (2005) estimated black-carbon emissions
over eastern Asia using the adjoint STEM model. Yumimoto2.1 Observational data
and Uno (2006) applied 4D-Var to a CTM and estimated CO
emissions over the East Asian region. Most recent developObservational data used in the SDS-DAS include the rou-
ments and results of chemical adjoint are presented by Henzéne observational data of a SDS from regular meteorological
and Seinfeld (2006). stations and satellite remote sensing data. For different data

Assimilation of dust aerosols is just in its early stage duetypes, different quality control subsystem (QC) was used to
to the lack of enough observational data sets. Using the Toadmit the data into the DAS.
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2.1.1 Satellite retrieval data @)

Satellite retrieval data are widely used in recent years for its
advantages of high spatio-temporal resolutions. The satellite / ,
data used in this DAS was obtained by the National Satel- /. /
lite Meteorological Center (NSMC) of CMA. Based on the §$ =3
Chinese FY-2C remote sensing data, NSMC established an &
automatic identification and real-time retrieving system for o
the dust aerosols through combining the separating-window s\”*/\ 1 )
and spectrum gathering methods. A detailed description of ¢ ”&;g \\\/
the retrieval methodology and reliability was given by Huet / © /
al. (2008). This data reflecting the dust aerosol column load- OO
ing was named SDS-IDDI (Infrared Difference Dust Index), . e
a dimensionless quantity between 0 and 50. The temporal w*\/\ ool
resolution of SDS-IDDI is an hour with a spatial resolution /] ?@@’égﬁg&’ C - \
of 5kmx5km. A value of IDDI between 0 and 10 usually ‘ TR o ‘
indicates a clear sky, 10-20 a floating dust (FD), 20-30 a (y)

blowing dust (BD), 30—40 a SDS event and 40-50 a severe
SDS event. In the spring of 2006, there were total 31 SDS
processes in the northeastern Asia (Yang et al., 2008) and |
the satellite always presented clear images of a SDS processii
(excepting the cloudy cover area). K

FY-2

e
2.1.2 Surface regular meteorological station data

China. The real-time weather phenomena and visual visibil-
ity are observed and reported every three hours according to
the WMO standard.

Figure 2a shows the weather phenomena from the sur-
face meteorological stations and Fig. 2b presents the satel-
lite SDS-IDDI at the same time. The results showed that ]
the SDS took place in the middle and southern part of thel19: 2 (&) Observations of SDS phenomena from the surface me-
Mongolia, the most part of Inner Mongolia, Gansu proVinc(_:_,teorologlcal stations an¢b) SDSIDDI (yellow area). The time

. . . . is 06:00 GMT on 10 April 2006. The symbols of”} “$", “ 5",
and Ningxia, as well as in the middle and southern part of._.. P y

o . . ; . “s"indicate floating dust (FD), blowing dust (BD), SDS and severe
Xinjiang, with various intensities, such as FD, BD, SDS and SDS, respectively
severe SDS. However, the satellite images (Fig. 2b) revealed
that large areas were covered by the clouds, including Xin-
jilang, Gansu, the western part of Inner Mongolia. Therefore2_1_3 Data quality control (QC)
SDS-IDDI failed to reflect SDS information over these re-
gions. Figures 2a and 2b clearly demonstrated that a com; . . . . .
plete picture of the SDS distribution should include both theAII observation data come with various errors, including ran

! . ~dom errors, systematic errors, and gross error. Usually, it's
satellite data and surface data. Therefore, the data aSSImII%I'if'ficult to distinguish them. For a detailed discussion, please

t'gn syst(;artr: makfe- s use of thel re_al—tllme weather phenlomenfaefer to Lorenc (1986). Before the data assimilation, data
?hesgg\:zlli tey d:; a'(l':r?enézttea(ijlric; ?r?';:cftgt'lozs to comp emer\’vith gross errors should be removed, and the data with sys-
’ e tematic errors should be corrected. The commonly used
Additionally, according to the technique regulations of QC methods include the check of weather consistency and
SDS monitoring of China (CMA, 2006), the FD, BD, the spatial continuity. For the QC of satellite retrieval data,
SDS and severe SDS are translated into corresponding duptease refer to the article by Hu et al. (2008).
concentrations of 0-2000, 2000-5000, 5000-20000 and Because of the typical local characteristics of SDS
>20000pg m~3, respectively. weather, the QC in this DAS refers to the check of weather
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Fig. 3. Analysis dust concentration results at 14:00 GMT on 10 April 2006 for three types of DAS experiments bfalisinlyg SDSIDDI,
(b) only visibility and(c) both SDSIDDI and visibility

consistency, i.e., checking if the weather phenomena of SD2.2 SDS 3D-Var assimilation system
are consistent with the visibility classification based on the _
observation regulations for the sand-dust weather prescribed-2.1 3D-Var analysis method

by WMO. If the data pass the check of weather consistencyT ) _ ' . -
it is adopted by DAS. Otherwise, the data are removed. he main task of 3D-Var is to find the minimum of objective

function J (x)
2.1.4 Estimation of all domain SDS-IDDI J(x) = % [(x —xp)TB 7 (x — xp)
+ (HE@) = )T O H) — o) | (1)

In those area where no SDS-IDDI was reported by the satel-
lite due to clouds or missing data but a SDS phenomenon waw/herex is the analysis field of dust concentratior, the
reported by the surface regular meteorological station, thébackground field of dust concentration provided by moBel,
surface visibility data was converted into SDS-IDDI basedthe background error covariance matrjx, the observation

on a statistical relationship (Hu et al., 2008). According to (in this studyy,, is normalized dust loading) ar@the obser-

Hu et al. (2008), the relationships between the SDS-IDDlvation error covariance matrit{ is the observation operator
and the visibility is an exponential function with a location- matrix that transfers the variables from model space to ob-
dependent coefficient. A database of the fitting coefficientsservational space. Wheh goes to the minimumy,, is the

has been generated for use in CUACE/Dust for all regions inoptimized estimate of.

Asia from this study. Finally, the IDDI is normalized into a  The objective function/ is the sum of the two terms.
relative strength of dust loading in the domain with values The first term, called background term, represents a depar-
between 0-100 and ready for use in the SDS-DAS systenture of the assimilated value from the first guess field;,

(Fig. 1). weighted by the background error covariance matrix B. The
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second term, called observation term, represents a departure
between simulated and observed values weighted by the ob-
servation error covariance matrix O. It is obvious that the
effect of an assimilation system will rely on how to define

B and O. The characteristic of B is described in detail later.
Generally, it is also very difficult to obtain O exactly and so

O is defined as a diagonal matrix, which indicates there is no
correlation between observations. Otherwise, it will cause a
lot of trouble in the minimization process. The minimization

of the objective functiory is performed through an iterative
process using Quasi-Newton limited memory BFGS scheme
(Liu, 1989). Negative values of dust concentration are re-
placed with zero at the end of analysis. 0 010203040506 070809

Standard absolute deviation (0-A)

&

S 2 e S8 = 5 S
oW A o o N ™

Standard absolute deviation (0-B)

b

<)

2.2.2 Background error covariance matrix B

G

The background error covariance matrix B is important to the 20007

analysis system, which controls how the information from
the observation influences the value of model grids nearby
the observational position. A statistical harmonious correc-
tion is given via B to the model grid nearby observational

1500
1000

3
ug/m

500

=500

mean bias

position in order to make sure the dynamical harmony of 1000
model variables. However the background error covariance 1500 -
cannot be calculated accurately because the true situation of Stations

the atmosphere cannot be known. Usually, the following

three methods are used to solve this problem. 1) ObservaFig. 4. Evaluation of the 3D-Var assimilation system against surface
tion method or Hollingsworth-Lonnberg (1986) method; 2) PMio observations(a) Standard absolute deviation of O-B and O-
NMC method (Parrish and Derber, 1992); 3) Analysis en-A for each stations, 1 March — 31 May 2006) Mean bias of O-B
semble method (Fisher, 2001) and O-A for each stations, 1 March — 31 May 2006. The blue bars

Normally covariance matrix B is defined as are O-B and the red bars are O-A, (unig/).
Sllslz...s'lj...

and isotropic. Therefore, the backgrounds error covariance

. . of any two points under spherical-surface coordinate is a

B=| : Sij : function that only depends on the distance. It is represented
: AP by the following function:

S S e S e e
nl Sn2 nj 7d2 X
) Ry(d) = ¢ /2L )
ef] 0102r12 --- 010jI1j *--
: Whered is the distance between any two pointss the hor-
) izontal correlation length scale. Using a least square method
0;0jtij : to fit the parametel in the Gaussian function, a value of
L=150km is obtained and used in CUACE/Dust system.
In the vertical, logarithms function is adopted and the cor-

0n01rnl 0p02rp2  + -+ OpOjlpj « - . L . L ]
. . . relation structure function in the vertical is given as:
wheres;; is the covariance betweeft and j’* grid. o; and 9
i i th ith i i i i,
o; is variance ofi’" and j" grid respectively.r;; is corre Ry = (LO+ kp(logh; — Ioghj)z)*l 3)

lation coefficient betweeif” and j* grid. In this scheme,

the background error covariance is hypothesized separablherekpis the correlation length scale in the vertioal and

in horizontal and vertical directions, i.e;; can be divided h; are the heights af” layer and;'" layer, respectively.

into R, and R,. This means horizontal structure of covari-  After determining the relation function for the vertical and
ance does not have a relationship with the vertical coordi-horizontal directions, the NMC method (Parrish and Derber,
nate. Hollingsworth-Lonnberg (1986) discussed the ratio-1992) is used to determine thgwhich is another key factor
nality of this hypothesis. Generally, a Gaussian functiontpg determine B: Defined:

is adopted in horizontal. Hypothesizing the distribution of

background error covariance is horizontally homogeneous;; = xi‘}f‘ — xizk"' 4)

www.atmos-chem-phys.net/8/3473/2008/ Atmos. Chem. Phys., 8, 3483-2008
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Fig. 5. The forecasted dust concentrations by CUACE/Dust u&n@n ideal initial conditions an¢b) a DAS generated initial condition

and with surface observations. Case 8 April 2006. The symbols of “S”, “$”, “8", “&” are defined in Fig. 2.

& = i ieik (5) @
mi=1

o; = [—Z(Sik—Ei) 12 (6)
mi=

wherex %8, x2% are the values oii grid forecasted by model

with lead time of 48 and 24 h, respectivelys the sample se-
quence ana: is the sample size. When enough samples are
available,o; can be estimated and then some mean methods
including zonal mean, height mean were adopted to satisfy
the dynamical harmony of model. Finally, the matrix B can
be established.

Furthermore, Recursive Filter is used to perform the hori-
zontal transform, EOF is used to solve eigenvalue to perform
the vertical transform in order to substitute the calculation
of B~1. A detail discussion refers to Barker et al. (2003,
2004). Through the two transforms in horizontal and vertical
directions, the model variables were transformed to control ~ ©
variables in order to benefit to the minimization. Each stage
of the control variable transforms is discussed in detail in
Barker et al. (2003, 2004).

2.3 Interface to the CUACE/Dust

The CUACE/Dust system (Gong and Zhang, 2008) was
developed based on a size-segregated dust aerosol module
CAM (Canadian Aerosol Module) (Gong et al., 2003a) that
was coupled into a mesoscale meteorological model - MM5
to conduct the real time SDS forecasting for Northeast Asia.
The prognostic variables are the dust mass mixing ratio in
twelve size bins (Zhou et al., 2008) at all 23 model layers.
Since the SDS-IDDI retrieved from FY-2C reflects the dust
column loading, all the modeled dust mass mixing ratios in

Atmos. Chem. Phys., 8, 3473482 2008
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Fig. 7. The forecasted dust concentrations by CUACE/Dust u&@p@n ideal initial conditions an¢b) a DAS generated initial conditions
and with surface observations. Case 10 April 2006. The symbols of “S”, “$”, “8", “&” are defined in Fig. 2.
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g 8 3 B

Fig. 8. The forecasted dust concentrations by CUACE/Dust u@p@n ideal initial conditions an¢b) a DAS generated initial conditions
and with surface observations. Case 22 April 2006. The symbols of “S”, “$”, “8", “&” are defined in Fig. 2.

each layer are integrated to obtain the total simulated dustoncentration in 12 size bins, which are used as the integral
column loading and the loading is then normalized into di- initial field for the next step simulation. A detailed flowchart
mensionless scale as the SDS-IDDI was normalized. Thesis given in Fig. 1.
processes are performed by the observation operator matrix
H. The vertical profile information from the model are re-
tained for converting back the vector in observation space t@8 Assimilation experiments
model space by the adjiont matrik” .
3.1 Sensitivity test

After minimizing by the 3D-Var scheme, a dimensionless
DMA40 distribution from the model has been assimilated with To investigate the effect of the SDS-DAS system on forecast-
the observation data sets. Since each class SDS obtaindag results, three types of experiments were conducted with:
from surface station has a dust concentration associated with) satellite data only; 2) visibility data only and 3) both of
it (Sect. 2.1.2), a calibration factor is obtained for the sur-them. The case chosen for the experiment was a severe SDS
face layer analysis SDS (DM40) dimensionless distributionoccurred on 10 April 2006 (Fig. 2).
to be aligned with the surface observed concentration values. Figure 3a is the analysis field only using SDS-IDDI by the
Then this factor is applied to all the layers to completely con-DAS, which agrees with Fig. 2b. Due to heavy cloud cov-
vert the 3-D dimensionless distribution into DM40 concen- ers, Nanjiang (south Xinjiang) basin, central-west of Gansu
tration. Then the size bin distribution information from the province and Mongolia did not show any SDS by the satel-
model is used for converting analysis DM40 to dust particlelite. These missed regions were reported SDS by the surface

www.atmos-chem-phys.net/8/3473/2008/ Atmos. Chem. Phys., 8, 3483-2008



3480 T. Niu et al.: Data assimilation of dust aerosol observations

0.1

0 &
1-Mar 11-Mar 21-Mar 31-Mar 10—Apr 20-Apr 30-Apr 10—-May 20-May 30—-May

Fig. 9. Daily Threat Score (TS) during the period of spring 2006. The line with triangle (red) is the daily TS with DAS in CUACE/Dust. The
line with diamond (black) is the daily TS without DAS in CUACE/Dust.

meteorological stations as was indicated by the analysis fieldt Impacts of assimilation on the CUACE/Dust forecast-
just using visibility data by the DAS (Fig. 3b). Therefore, the ing system

meteorological station data provide complementary informa-

tion to the IDDI in those areas covered by clouds. 4.1 Case studies of SDS forecast improvements by DAS

__Finally, Fig. 3c shows the analysis field using both Visi- | spring 2006, the CUACE/Dust was used as the opera-
bility and SDS-IDDI data by the DAS. Apparently, this ré- tjonaj dust forecasting system in China with the DAS. Fig-
sult presents a more complete picture of SDS than any ofyre 5 shows the forecasting results for the 5-9 April severe
the two observations alone. In the operational forecast usingpg with (Fig. 5b) and without (Fig. 5a) the DAS. Compar-
CUACE/Dust, a combination of station and satellite data iSing these two results, it can be found that DAS has a sub-
used in the DAS. A detail discussion about how the DAS im- ganial influence on the results of CUACE/Dust not only on
proves the general dust model performs is given in Sect. 4.1ih6 jntensity but also on the position and areas covered. In
this case, the SDS transported to Korea and the southern part
of Japan on 8 April 2006 and maintained there for 2 days.
The forecasts with DAS agreed with this fact (Fig. 5b), but
the forecasts without DAS couldn't predict this phenomenon

The CUACE/Dust simulates the total dust mass concentra—(Flg' 5a). This demonstrates that the DAS plays a very im-

) : . . X rtant role for for ing the SDS in th wnwind ar
tion with a diameter less than 40n (DM40) by 12 size bins portant role for forecasting t. e SDS in the do d areas
. : : far away from the source regions.
while the current observation net work (China SDS Net) only — _. .
: ) Figure 6a shows the correction of column dust mass load-
measures the P (Wang et al., 2008). According to the size . :
: . : . ing of DM40 up to 3000 m by the DAS over the Korea Penin-
bin configuration of the model, P} was obtained by sum- o : T
. . . . . sula (33 N-41°N, 125 E-129 E). This correction is ex-
ming up the concentrations in the size bin from 1 to 8 and . .
. o : pressed as the difference of the forecasted column loading
used to verify the DAS quantitatively. Figure 4a shows the' . . . ; .
L with DAS (A) and without DAS (B) in spring 2006. It is
standard absolute deviation of O-B and O-A from 1 March — : - .
. : found that the corrections are almost positive, especially dur-
31 May 2006. O-B stands for observation RfMO) minus inq 10-12 March. 7—9 Aoril. 18 April. 23-24 Aoril. 30 April
forecasting PMp without DAS (B). O-A stands for observa- 9 ' prit pr pr, P

) . . . — 1 May. Compared with surface observations, it is clear the
tion Pl\/_l1o (O) minus analysis forecast Awith DAS (A). DAS has corrected the forecasts to bring the CUACE/Dust
The units all of them argg/m®. Most of dots are above the

diagonal line indicating a reduction of standard absolute de_results more agreeable to the real situations during these peri-

viation by the DAS. Figure 4b further illustrates the mean ods whe_n FD or BD phenomena did oceur over Korea Penin-
: . : . sula. This also reflects some weakness in the CUACE/Dust to
bias of O-B and O-A, showing a deceasing bias for most of

. transport SDS over a long distance and significant improve-
the 19 stations by the DAS. ment of the DAS to alleviate such problems.

All of them reveal the error statistics characteristics of The DAS also improved the forecasts at the source regions.
forecast PMg with and without the DAS. It can be observed Figure 7 shows a case on 9—11 April 2006 when a severe SDS
that most of the stations used to evaluate the DAS obtain a reaccurred in the source regions. Comparing Fig. 7a and 7b, it
duction of both standard deviation and bias as a result of thean be found that the forecasts with DAS agreed with the
analysis. That means DAS improve the capability of forecastsurface observations while the forecasts without DAS were
model. much weaker and missed a lot of regions, especially in the

3.2 Evaluation of the DAS

Atmos. Chem. Phys., 8, 3473482 2008 www.atmos-chem-phys.net/8/3473/2008/
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middle part of Inner Mongolia and southern Outer Mongo- loading data for the SDS forecasts. Sensitivity tests show
lia. Figure 6b shows the corrections for central Inner Mon- that both satellite retrieval data and surface observation (vis-
golian source region (38N-43 N, 108 E-113 E). The cor-  ibility and phenomena) have the same importance for the
rections are positive, especially during 9-10 March, 6 April, SDS forecasts. A combination of them provided the best
10 April, 16-18 April and 6 May. This case illustrates the performance. A contrast analysis revealed that the 3D-Var
improvement by the DAS in the forecasts for the source re-method has made a major improvement for the capability of
gions where the dust emission is not accurately predicted byhe model in forecasting short-term variability in the spatial
the model. distribution and intensity of dust concentration, especially in
The final case was for a SDS that was over-predicted by théhose areas far from the source regions. The TS increased
CUACE/Dust without the DAS initial conditions (Fig. 8a). A 41% in spring 2006 by the DAS to reach a seasonal average
common strength SDS occurred on 22 April 2006. Compar-of 0.31.
ing these two predictions (Figs. 8a and 8b), it can be found However, a major component missing from the observa-
that DAS has revised the results of CUACE/Dust forecaststions is the near real-time vertical profiles of the SDS. Sur-
not only to the intensity but also to the positions and ar-face lidar can provide vertical information for the data as-
eas covered. In this case, the CUACE/Dust without DASsimilation system, which should help to correct the vertical
forecasted that a SDS would arrive in Beijing and Tianjin structures. In the future as more lidar observations become
at 09:00 GMT 22 April 2006. With the DAS, the fore- available and real time in Asia, lidar data will be adopted in
cast showed that a SDS would just arrive in northern Hebeithe DAS.
province and would not arrive in Beijing, which agreed
with surface observations. Another correction was madeAcknowledgementsThe authors wish to thank for the finan-
for North-East China and Shandong province. This over-cial supports from the National Basic Research Program (973)
estimate can be shown from the correction plot of the column(2006CB403703 and 2006CB403701) and (2008BAC40B02) of
DM40 loading in Fig. 6¢ for the eastern part of Inner Mongo- China for this project.
lia (42° N-46° N, 113 E-118 E). Itis found that the values
are mostly negative, especially during 24—25 March, 7 April,
21-23 April, 17-18 May and 30 May. Comparing these with
surface observations it can be found that during these peri-
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