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Abstract. This spring, super dust storms reappeared in East Asia after being absent for one and a half decades. The event

caused enormous losses both in Mongolia and in China. Accurate simulation of such super sandstorms is valuable for the

quantification of health damages, aviation risks, and profound impacts on the Earth system, but also to reveal the climate

driving force and the process of desertification. However, accurate simulation of dust life cycles is challenging mainly due to

imperfect knowledge of emissions. In this study, the emissions that lead to the 2021 spring dust storms are estimated through5

assimilation of MODIS AOD and ground-based PM10 concentration data simultaneously. With this, the dust concentrations

during these super storms could be reproduced and validated with concentration observations. The multi-observation assimi-

lation is also compared against emission inversion that assimilates AOD or PM10 concentration measurements solely, and the

added values are analyzed. The emission inversion results reveal that wind blown dust emissions originated from both China

and Mongolia during spring 2021. Specifically, 19.9M and 37.5M tons of particles were released in Chinese Gobi and Mon-10

golian Gobi respectively during these severe dust events. By source apportionment it has revealed that Mongolian Gobi posed

more severe threats to the densely-populated region Fenwei Plain (FWP) and North China Plain (NCP) located in the northern

China than Chinese Gobi. It has estimated that 63% of the dust deposited in FWP was due to transnational transport from

Mongolia. For NCP, the long-distance transport dust from Mongolia contributes for about 69% to the dust deposition.

1 Introduction15

Dust storms occurred as a result of wind erosion liberating dust particles from dry and barren surfaces (Shao et al., 1993). They

are relatively common meteorological hazards in arid or semi-arid regions (World Meteorological Organization, 2019). Fine

dust particles released from the ground could be lifted several kilometers high, and subsequently carried over long distances,

sometimes even across continents (Zhang et al., 2018). The substantial amounts of dust particles, as well as irritating spores,

bacteria and viruses carried by the dust storms pose great threats to human health and agriculture (World Meteorological20

Organization, 2017). Next to these adverse health effects and property losses, the visibility reduction would cause severe
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disruption or disorders of the transportation and aviation systems (World Meteorological Organization, 2020). The dust cycle

itself is also a key player in the Earth system by influencing the radiative balance (Wu et al., 2016) but also forest and ocean

ecosystems (Shao et al., 2011).

Driven by strong cyclones, dust storms form in the Gobi desert could affect East Asia following long distance transport

patterns as can be seen in for example Figure 1(a). These events usually occur in spring time, when particles are more erodible5

under the circumstance of a dry season and sparse vegetation. The frequency and intensity of spring dust storms reached a peak

from the 1950s to 1970s, and declined steadily later (Yin et al., 2021). In the past decade, the dust storms were persistently

rare, and only 2 strong events occurred in 2015 (Jin et al., 2018) and 2017 (Jin et al., 2019b). The declining trend in dust

storm occurrence was co-driven by strict greenness controls in the northern China over the past decades (Shao et al., 2013),

climate anomalies (Yin et al., 2021), synoptic disturbances, and other factors not yet explored. However, the ongoing land10

degradation and desertification in Mongolia (Han et al., 2021) is reported to aggravate the regional dust storms. In spring 2021

however, East Asia experienced an outbreak of severe dust storms after an absence of one and a half decades. Specifically,

three super events occurred during March 14 to 16, March 26 to 28 and April 14 to 15, which will be described in Section 2.1

later. The re-occurred spring super dust storms resulted in enormous losses directly. Taking the dust event in March 14-16 for

example, 10 people were reported dead and hundred of people reported missing in Mongolia (Chen and Walsh, 2021); the PM1015

pollutant level in Beijing was brought over 8000 �g/m3, and 12 provinces in the northern China were affected with thousands

of flights grounded and public transportation systems halted (Jin, 2021). To fully understand the reappeared dust storms is of

great interest to health professionals, aviation authorities and policy makers, which not only helps to evaluate property losses,

adverse health effects and Earth system impacts, but also to reveal the climate-synoptic driving forces, and finally to build the

next generation of the dust early warning system.20

Numerical simulation models are commonly used to study dust life cycles. Such models usually consist of an atmospheric

transport model that is able to simulate aerosol concentrations, coupled to a dust emission module. The underlying model is

often a chemistry-transport model (CTM) which is already used to calculate concentrations of air pollutants, with dust just

one of the aerosol species included. Substantial effort has been paid to develop dust models, especially to the dust emission

parameterzation which is the most uncertain element in simulating the dust concentrations. Since the early 1990s, several25

dust emission schemes have been introduced, e.g., MB95 (Marticorena and Bergametti, 1995), Shao96/Shao04 (Shao et al.,

1996; Shao, 2004), Ginoux01 (Ginoux et al., 2001) and Zender03 (Zender, 2003). Such emission parameterizations have been

included in many global or regional atmospheric transport models, e.g., ECMWF’s Integrated Forecast System (IFS) (Morcrette

et al., 2008b, a, 2009), BSC-DREAM8b (Pérez et al., 2006; Mona et al., 2014), CUACE/Dust(Zhou et al., 2008; Gong and

Zhang, 2008), GEOS-Chem (Fairlie et al., 2007), and LOTOS-EUROS (Timmermans et al., 2017; Manders et al., 2017) as30

will be used in this study. Due to insufficient knowledge of the actual dust emission and transport, and due to limitations

to computing resources to resolve finest-scale variabilities, huge difference might occur when simulations are compared to

observations (Niu et al., 2008; Huneeus et al., 2011).

Recent advances in sensor technologies and the continuously decreasing cost of electronic devices have made large scale

measurements of dust feasible. For dust storms over East Asia, important observation includes ground-based aerosol optical35
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properties from the AErosol RObotic NETwork (AERONET) (Dubovik et al., 2000) and Sun-sky radiometer Observation NET-

work (SONET) (Li et al., 2018), PM10 concentration from the China Ministry of Environmental Protection (MEP) air quality

monitoring network (Jin et al., 2018), satellite remote sensing data from polar-orbiting instruments (e.g., Moderate Resolution

Imaging Spectroradiometer (MODIS) (Remer et al., 2005) and Cloud-Aerosol Lidar and Infrared Path�nder Satellite Obser-

vations (CALIPSO) (Winker et al., 2007)), and from geostationary platforms (e.g., Himawari-8 (Bessho et al., 2016) and FY-45

AOPs (Min et al., 2017)). These various types of observations have been used next to the simulation models to analyze the

dust storms (Ginoux et al., 2012; Gkikas et al., 2021). Despite their signi�cant roles in characterizing the atmospheric dust

load, using only the measurements is not suf�cient to obtain a complete four-dimensional insight in the dust plumes, because

either the measurements do not cover all area (surface network), only observe once or twice a day (polar orbiting satellites), or

observe only vertically integrated quantities (AOD).10

Instead of studying dust storms with either simulation models or observations only, it is useful to combine the measurements

and the simulations through data assimilation (Kalnay, 2002). For the purpose of dust storm simulations, the measurements

could be used to decrease the uncertainty in the emissions such that the optimized simulation is in better agreement with those

measurements (Gong and Zhang, 2008; Lin et al., 2008). For instance, aerosol products from the MODIS instrument onboard

the polar orbiting satellite Terra and Aqua have been widely applied in global or East Asia dust storm assimilation (Di Tomaso15

et al., 2017; Yumimoto and Takemura, 2015). The geostationary Himawari-8 data has recently also gained popularity and has

been used in dust storm detection and assimilation (Yumimoto et al., 2016). In our previous studies described in Jin et al. (2018,

2019a), the ground-based PM10 concentration data was assimilated, to estimate the dust source emission for a sandstorm in

2015 over East Asia. Himawari-8 AODs were also assimilated to nudge the dust emission, and the necessity of removing those

AODs in cloudy environment is emphasised in Jin et al. (2019b). An adjoint model was applied to construct a background20

covariance that was better able to describe the potential source regions for dust emission (Jin et al., 2020). Meanwhile, an

imaging morphing based assimilation method was designed which effectively corrected the position error caused in the long-

distance dust plume transport (Jin et al., 2021).

While various kinds of dust or aerosol measurements were used in these assimilation experiments, most of these assimilated

only one type of observation at a time. For the sandstorms in East Asia, however, any of the aforementioned measurements25

cannot provides suf�cient information to track these short-term and fast-changing dust plumes completely. For a case in point,

the China MEP air quality monitoring network has over 1700 sites for PM10 concentrations by now, but these are mainly

located in the downwind and densely populated regions, which are far away from the source region of dust in East Asia

(the Gobi deserts that can be seen in Figure 1(a)). The network therefore only measure the dust plume when it is already

transported to the downwind urban regions; hence, it is of limited help to characterize the plume near the source regions30

in rural areas. Besides, the ground-based PM10 data only represents the surface dust concentrations and lacks information

on the vertical structure. AERONET and SONET instruments provide some information on the vertical structure via column

integrated observations, but the network is much sparser than the PM10 network, and most of the sites are also far away from the

source regions too. The MODIS satellite products provide a global coverage, but again only information on the total column

and therefore no estimate of the plume height or thickness. These polar orbiting instruments also have a limited temporal35
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coverage; for example, the MODIS Aqua and Terra platforms pass by only around 10:30 and 13:30 (local time). Designed with

the wide observing coverage and high temporal resolution, geostationary measuring instruments provide valuable information.

However, large uncertainties were found in the Himawari-8 product due to uncertainty in assumptions on aerosol models and

surface re�ectance estimation in the retrieval algorithm (Zhang et al., 2019). This was also found in Jin et al. (2019b): a strict

observation selection was necessary when assimilating the Himawari-8 AOD values.5

Another challenge for dust assimilation is the proper de�nition of the observations. In general, the commonly used data as-

similation schemes all rely on the basic assumption of an unbiased observation. However, all the aforementioned observations,

e.g., AOD and PM10 concentration, do not only measure dust aerosols, but rather actually the sum of the dust and other �ne

particles. These originate from for example anthropogenic activities, e.g., industry, vehicles, and households, and from natural

sources such as wild�res and sea spray. These particles are referred to the non-dust fraction in the total aerosols in our study.10

In the presence of non-dust bias, it is impossible to attribute the difference between thea priori simulation and an observation

to either this bias or to model de�ciencies. The non-dust bias might lead to assimilation that diverge from reality (Lorente-

Plazas and Hacker, 2017). However, aerosol measurements are usually directly assimilated, and little progress has been made

in bias correction of fully aerosol measurements for their use in dust storm assimilation. Lin et al. (2008) selected only PM10

observations for assimilation when at least one occurrence of dust clouds was reported by the local stations. Both machine15

learning tools and chemical transport models were used for modeling the dynamic non-dust aerosol levels in the PM10 con-

centration measurements, the bias-corrected observations subsequently resulted in more promising assimilation analysis in Jin

et al. (2019a). Some efforts have been made to exclude those 'polluted' AODs induced by cloud scenes in the dust assimilation

(Jin et al., 2019b); nevertheless, the issue of a non-dust AOD bias remains to large extent unresolved.

To analyze the outbreak of super dust storms in 2021 spring, an emission inversion will be performed through assimilation20

of multiple observation types. Both the MODIS AOD and the ground-based PM10 concentration observations will be used,

each providing a different view on the dust plumes. To use the AODs for representing the dust load, an data quality control is

designed, which consists of an Ångström-based data screening and a non-dust AOD bias correction. The former is capable of

selecting those coarse-mode dust AOD values, and excludes the pixels dominated by �ne-mode aerosol from non-dust sources,

while the latter focuses on removing the non-dust baseline in the selected AOD. Similar for PM10, a non-dust bias correction25

as used in Jin et al. (2019a, 2021) is adopted in this work. Based on the posterior emission �eld obtained in the inversion, the

spatial pattern of the emission analyzed for the three events is studied, and the active source regions are identi�ed. In addition,

source apportionment simulations are performed, in which the contribution of dust emissions from either Mongolia or China

to the dust deposition is calculated for two mega-city clusters, the North China Plain (NCP) and the Fenwei Plain (FWP).

The paper is organized as follows. Section 2 introduces the three super dust events that occurred in this spring, as well30

as the available dust observations from MODIS and ground-based PM10 networks measuring the dust loading from different

perspectives. Before AOD is assimilated, quality control combining an Ångström-based screen and a non-dust bias correction

are designed to ensure that the observations are representative for the dust load. A brief description of our dust simulation model

(LOTOS-EUROS/dust) is presented as well. Section 3 reviews the 4DVar data assimilation based emission inversion system.

In Section 4, the posterior emission �eld and the estimated AOD and surface dust concentration simulation are evaluated and35
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Table 1.Descriptions of the three severe dust storm events that occurred in China in Spring 2021. Timezone is China Standard Time (CST))

dust event affected regions highest PM10 assimilation window sourceapportionment

[� g/m3 ] simulation timeline

SD1 NCP 9993 March 13, 00:00 to March 15, 23:00 March 13 to 17

SD2 NCP, FWP 9985 March 26, 00:00 to March 28, 23:00 March 26 to 29

SD3 NCP, FWP 4113 April 14, 00:00 to April 15, 23:00 April 14 to 16

discussed.Posterior obtainedthroughthemulti-observation assimilation is comparedagainsttheresult from emissioninversion

thatonly assimilatesPM10 or AOD data,andtheaddedvaluesareil lustrated. A source apportionment study is performed to

obtain information about dust pollution sources and the amount in which they contribute to ambient air pollution in the northern

China. Focusing on NCP and FWP, their dominant dust source are identi�ed here.

2 Dust events, measurements, and model5

2.1 Dust events of Spring 2021

The Fenwei Plain (FWP) and the North Chinese Plain (NCP) experienced the most dust affection in China since they face

the dust source regions as shown in Figure 1(a). Figure 1(b) shows the recorded PM10 concentration average during spring

(March-May) in NCP and FWP over 2019-2021. In spite of ongoing air pollutant reduction measures, the PM10 levels in NCP

and FWP both reached their highest average values of 123 and 119� g/m3 in 2021. These mean values are 34% and 27%10

higher than the means of the previous two years.Thereasonfor this is thatEastAsia sufferedanoutbreakof duststormsin

the 2021Springseason,including threelarge-scaleandsevereones.Thesedusteventssweptacrossthe northern China,as

canbeseenfrom the time seriesof thehourly PM10 concentrations reportedby themonitoring stations in NCPandFWPin

Figure 1(c)-(d). The timeline in Table 1 shows that these three dust events occurred around March 15, March 28 and April 15,

and each of them lasted 3 to 4 days. The highest PM10 concentrations reported by the ground-based air quality monitoring15

network reached values of 9993, 9985, and 4113� g/m3. In this study, the three events are referred to as SD1, SD2 and SD3,

respectively.

The three dust storms will be studied by combining model simulations and AOD/PM10 concentration observations using

assimilation, in order to identify the emission sources that affects the densely populated regions in northern China.

2.2 Ground-based PM10 observations20

A huge number of ground-based stations measuring air quality indicators have been established by the China Ministry of

Environmental Protection (MEP) since 2013. At present, the monitoring network has grown up to 1800 monitoring sites

covering China, of which a part is shown in Figure 1(a). The PM10 concentrations observed by the network hence provide

valuable information on the dust storms. Snapshots of the PM10 measurements for SD1, SD2 and SD3 can be found in Figure

5



Figure 1. (a) Distribution of the potential dust emission source (barren and sparse vegetation landcover) over East Asia and the China MEP

observing network over northern China; (b) The spring (March-May) mean PM10 concentration observations over NCP and FWP from 2019

to 2021;Time series of the hourly PM10 concentration measurementsreportedby stations in NCP (c) andFWP region (d) during SD1

(column1), SD2(column2) andSD3(column3).
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2(a.1), Figure 3(a.1) and Figure 4(a.1), respectively. In the observations it is clearly visible where the dust plume is located and

how it moves through the regions.

It should be kept in mind that these PM10 measurements are actually a sum of dust and other airborne particles like black

carbon, sulfate, etc. The PM10 data therefore cannot be used directly to represent the dust load. In a previous study (Jin et al.,

2019a) it has been shown that removing the non-dust baseline from PM10 observations will lead to a more accurate assimilation5

result, especially in case that dust aerosol is not dominant. In this study, the same observational bias correction is performed to

make the PM10 measurements fully representative of the dust loads.

The PM10 bias correction takes two steps. First, non-dust aerosol levels are calculated using a model simulation with a

con�guration for air quality simulation (as will be described in Section 2.4), but with the dust tracers disabled. Second, using

these simulations, bias-corrected dust observations were calculated by subtracting the non-dust loads from the original PM1010

concentration observations.

The non-dustaerosolsurfaceconcentrations from the simulations,andthe dust-only bias-correctedobservations of PM10

accompanying theoriginalPM10 scenesshownin Figure 2(a.1), Figure 3(a.1) and Figure 4(a.1) are available in Supplementary

Figure S1, Figure S3 and Figure S5. As example, as shown in Figure S1(a-b), during the SD1 event the non-dust aerosols were

also carried southward and ahead of the dust plume due to the strong winds, and the bias-corrected PM10 data shows the shape15

of the dust plume. The shape of the simulateda priori dust plume at March 15 10:00 shown in Figure 2(a.2) matches with the

observed shape, although the dust concentrations are sometimes very different; this will be discussed in more detail in Section

2.4. Similar features are seen in Figure S3 and Figure S5 for the other events as well.

2.3 MODIS AOD observations

2.3.1 MODIS Deep Blue AOD product20

The Moderate Resolution Imaging Spectroradiometer (MODIS) satellite instruments (Justice et al., 1998) on board of the

polar orbiting satellites Terra and Aqua measure atmosphere re�ectance at several wavelengths in the range from visible to the

near-infrared. The aerosol properties that are retrieved from the MODIS observations have provided high-quality data since

2000 (Terra) and 2002 (Aqua). Designed with a wide swath (� 2330km), MODIS provides near-global observations almost on

a daily basis. In this study, the Deep Blue dataset, in the newest MODIS Collection 6.1 operational Level-2 aerosol product25

is used. The Deep Blue dataset is generated by the Enhanced Deep Blue algorithm (Hsu et al., 2013; Sayer et al., 2014),

reporting retrievals over all cloud-free and snow-free land surfaces at a resolution of 10 km. The MODIS Deep Blue dataset

is widely used in dust source identi�cation (Ginoux et al., 2012), dust model calibration (Zhang et al., 2018), and emission

inversion (Yumimoto and Takemura, 2015; Di Tomaso et al., 2017) and dust �eld reanalysis (Di Tomaso et al., 2021) through

data assimilation.30

Snapshots of the MODIS Deep Blue AOD for the SD1, SD2 and SD3 could be found in Figure 2(b.1-c.1), Figure 3(b.1)

and Figure 4(b.1). For each of the three events, MODIS AOD provides valuable information for a large part of the domain of

interest. For instance, the SD2 plume position and intensity at March 28, 11:00 are clearly identi�ed in Figure 3(b.1), while
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the SD3 plume at April 15, 11:00 is observed clearly in Figure 4(b.1). The two AOD scans in Figure 2(b.1-c.1) together also

provides the general spatial pattern of the dust plume.

Compared to the ground-based PM10 measurements, satellite instruments are designed with a larger observing coverage.

However, they also have higher uncertainties in representing the aerosol/dust load (Jin et al., 2019b). In most of the dust model

evaluation/calibration using the satellite data, AOD measurements are directly used for comparing to simulated dust AODs and5

analyzing the dust strengths. For those regions affected by the severe dust storm, it would be reliable to approximate the dust

AODs using the AOD measurements since the amounts of non-dust aerosols are negligible compared to the dust loading; for

those areas where dust is not the dominant aerosol, it is then necessary to perform the dust/non-dust AOD discrimination.

2.3.2 AOD quality control

While aerosol originating from biomass-burning, urban pollution, and biogenic sources consist mainly of �ne-mode particles10

(with a radius less than 1� m), the aerosols in a dust plume are mainly in the coarse modes (particle radius larger than 1 µm)

(Dubovik et al., 2002; Jin et al., 2019a). The dominance of one mode over the other can be measured with the Ångström

wavelength exponent� (Schuster et al., 2006; Saide et al., 2013; Liu et al., 2019), which describes how the optical thickness

depends on the wavelength of the incident light. Ångström exponent is at a range from -0.5 to 2.5, and inversely related to the

average size of the measured aerosol: the smaller the particles, the larger the exponent. Eck et al. (1999) used� =0.5 as the15

threshold for an aerosol mixture dominated by dust, while Schepanski et al. (2007) used� =0.6 to detect the presence of dust

particles. Ginoux et al. (2012) used� =0 to select areas dominated by dust in a single-modal distribution of coarse particles.

Figure 5 shows the four snapshots of retrieved Ångström exponents corresponding to the of AOD values of Figure 2(b.1-

c.1), Figure 3(b.1) and Figure 4(b.1). In general, the locations of low Ångström exponent values correspond with the high AOD

values the dust plumes. For example for the snapshot in Figure 5(d), it indicates that a plume of coarse aerosols stays in the20

Inner Mongolia provinces of China, while �ne aerosols are more dominant in the southern regions. This matches with the dust

simulation that are shown in Figure 4(b.2). This gives con�dence in using the Ångström exponent values for the discrimination

between dust and non-dust AOD.

To be able to use the AOD observations in an assimilation focusing on dust only, an Ångström-based data screening and a

non-dust AOD bias correction has been developed and applied. The screening and bias-correction procedures are performed25

after each other. First the Ångström-based screening selects the pixels with� < 0.5 assuming that these are the ones that

are dominated by (coarse mode) dust. For these pixels a bias-corrected AOD is calculated by subtracting a non-dust AOD

fraction from the selected AODs. Similar to the non-dust PM10 simulation, these non-dust AOD baselines are also calculated

using a full-chemistry LOTOS-EUROS simulation with the dust tracers disabled. Finally, to make the AOD data resolution

consistent with the model, the MODIS Deep Blue AODs are coarsened by taking the average over the 0.25� 0.25 model grid30

cell. Snapshots of the non-dust AOD simulation and the bias-corrected AOD measurements for assimilation can be found in

Supplementary Figures S2, Figure S4, and Figure S6.
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Figure 2.Snapshots of observations and simulations during severe dust event 1 (SD1) at 2021 March 15. Row (a) shows PM10 concentrations

observed by ground network at 10:00 CST (column 1), anda priori (column 2) andposterior(column 3) simulations by LOTOS-EUROS/dust

model. Similar, row (b) shows for the same hour AOD at 550nm from MODIS Deep Blue observations (column 1), and simulations (columns

2-3) at 10:00; row (c) shows the same for the MODIS overpass at 12:00.

Figure 3.Snapshots of observations and simulations during severe dust event 2 (SD2) at 2021 March 28. Row (a) shows PM10 concentrations

observed by ground network at 11:00 CST (column 1),a priori (column 2) andposterior(column 3) simulations by LOTOS-EUROS/dust

model. Row (b) shows for the same hour AOD at 550nm from MODIS Deep Blue observations (column 1), and simulations (columns 2-3).
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Figure 4. Snapshots of observations and simulations during severe dust event 3 (SD3) at 2021 April 15. Row (a) shows PM10 concentrations

observed by ground network at 11:00 CST (column 1),a priori (column 2) andposterior(column 3) simulations by LOTOS-EUROS/dust

model. Row (b) shows for the same hour AOD at 550nm from MODIS Deep Blue observations (column 1), and simulations (columns 2-3).

Figure 5. Snapshots of MODIS Deep Blue Ångström exponent accompanying AOD scenes shown in Figure 2(a.1-b.1), Figure 3(a.1) and

Figure 4(a.1).

10


