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Abstract The Gobi Desert is a prominent dust source in Asia, where the dust storm is severe and features
great interannual and seasonal variability. Previous studies have found land surface variation plausibly plays an
important role in the occurrence and intensity of dust storms. However, the quantitative estimation and
numerical description in current models are still limited. Here, a comprehensive study utilizing multiple
observations and modeling methods to assess the influence of vegetation and snow on dust was conducted. We
found that Gobi deserts exhibit substantial monthly and interannual variability in dust storms, which shows a
close connection with vegetation and snow. To quantitatively understand the impact of vegetation and snow
cover on dust emissions and also to better characterize such effects in numerical models, we introduced a high‐
resolution dynamic dust source function that incorporates the effects of vegetation and snow on erodibility. The
new parameterization noticeably improved dust‐related simulations, including aerosol optical thickness and
PM10 concentrations, and provided insights into the distinct effects of vegetation and snow on dust emissions.
This study sheds light on the effects of vegetation and snow on dust storms over the Gobi Desert, highlighting
the importance of dynamic representation of time‐varying surface properties in dust simulation.

Plain Language Summary In Asia, the Gobi Desert is an important source of dust storms, and severe
ones frequently engulf densely populated eastern China. The dust storms feature great seasonal and spatial
variations. By combining multiple observations and numerical simulations, we found that vegetation, snow and
dust storms in the Gobi Desert show synchronous monthly and interannual variations. Sparse vegetation and
rapid snowmelt could greatly facilitate dust occurrence and intensity. To quantitatively understand the impacts
of changing vegetation and snow cover on dust emissions, we develop a new parametrization to characterize
dynamic dust sources. This new modeling method is capable of better representing Gobi dust storms and
demonstrating how plants and snow affect dust storms.

1. Introduction
Mineral dust is a significant contributor to atmospheric aerosol, with about 2 billion tons emitted into the at-
mosphere each year from deserts worldwide (Shepherd et al., 2016). Dust aerosols have a great impact on the
Earth's radiative energy balance, global material cycles, human health, and socioeconomics (Falkowski
et al., 1998; Middleton, 2017; Tegen et al., 1996; Tobias et al., 2019). As absorbing aerosols, dust aerosols are
estimated to have a global radiative forcing of roughly − 0.2± 0.5W/m2, potentially influencing climate and local
meteorological conditions (Kok et al., 2023; L. Liu et al., 2016). Moreover, terrestrial elements can enter oceans
via dust aerosols, providing nutrients for phytoplankton and contributing to the biogeochemical cycle (Hamilton
et al., 2022; Tan & Wang, 2014). Dust aerosols can also affect air quality by directly promoting heterogeneous
reactions on the particle surface and indirectly enhancing the stability of the boundary layer and exacerbating the
ozone and secondary pollutant production (Tang et al., 2017; Z. Wang et al., 2020; Y. Yang et al., 2022). With
substantial impacts on cities near dust source areas, dust aerosols can also lead to increased respiratory hospi-
talizations (ESCAP, 2021; Y. Tao et al., 2012).

Dust storms are affected by both climate conditions and human activities, mainly through the variations of dust
emissions under meteorological conditions and surface features, while surface vegetation and snow cover are
critical factors affecting surface properties. Vegetation plays a vital role in curtailing wind erosion, on the one
hand, by increasing surface roughness and thus reducing surface wind speeds; on the other hand, by making the
soil particles near the roots of the vegetation more tightly bound and less likely to detach from the surface
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(Abdourhamane Touré et al., 2019; Jiang et al., 2019; Shao, 2008; Zender et al., 2003). Aside from vegetation,
snow cover also acts as a suppressor of dust storms (L. Han et al., 2011; Kurosaki & Mikami, 2004; L. Wang
et al., 2014). Snow inhibits dust emissions directly when it covers dust sources, and melting snow increases soil
moisture, which also prevents dust outbreaks (Tanaka et al., 2011).

The chemical transport model has been serving as an indispensable way to understand dust and its environmental
and climate interactions quantitatively (Ginoux et al., 2001; Grini et al., 2005; N. Mahowald et al., 2003; N. M.
Mahowald et al., 2010; Mokhtari et al., 2012). Many schemes parameterize dust emission through different
computational approaches taking into account the effects of dynamic variables such as vegetation and snow cover
on dust emissions (Albani et al., 2014; Cakmur et al., 2006; Chappell et al., 2023; Okin, 2005, 2008; Sagar Prasad
Parajuli & Zender, 2017; Tegen et al., 2002; Tegen &Miller, 1998; Zender et al., 2003, 2003, 2003). For example,
the percentage of grid cells with a normalized vegetation index (NDVI) below a specific threshold was utilized as
a bareness indicator (Y. Chen et al., 2023; Kim, Chin, Kemp, et al., 2017; Kim et al., 2013; Solomos et al., 2019).
The Mineral Dust Entrainment and Deposition (DEAD) model assumes that vegetation and snow cover can
constrain dust emissions in a linear relationship (Zender et al., 2003). Parajuli et al. (2017) developed a global dust
source map related to landforms, the upstream drainage area and the visible reflectance. Kurosaki and
Mikami (2004) proposed a parameterization scheme for the effect of snow cover on threshold wind speeds for
dust outbreaks, demonstrating that snow cover can linearly increase threshold wind speeds. However, it is noted
that many global dust emission studies still rely on static inputs, such as fixed vegetation cover and bare soil
fraction, in global dust emission modeling (Albani et al., 2014; Chappell et al., 2023). Ginoux et al. (2004, 2001)
introduced the Goddard Chemistry Aerosol Radiation and Transport (GOCART) model to simulate the emission
and distribution of dust aerosols. The GOCART dust emission scheme has been embedded in the Weather
Research and Forecasting model with chemistry (WRF‐Chem) and has been widely applied and improved in
numerous studies (Bran et al., 2022; Chow et al., 2014; Sagar P. Parajuli et al., 2022; Ukhov et al., 2021; Z. Wang
et al., 2020; Zeng et al., 2019). A notable limitation of the GOCART‐WRF dust emission scheme is its static dust
source function, which does not account for seasonal and interannual variations in dust sources (Kim, Chin,
Kemp, et al., 2017; Kim et al., 2013; LeGrand et al., 2019; H. Li et al., 2023). Consequently, the accuracy of dust
emission simulations, which are proportional to the dust source function, may be compromised (Kim et al., 2013;
Sekiyama et al., 2011).

Asia is the second largest dust source globally (Kok et al., 2023) and the Gobi Desert is the most important one
witnessing intensive dust storms (Prospero et al., 2002). There is a clear seasonal variation in dust storms in the
Gobi region (Shao et al., 2013). During the spring season, dust from the Gobi Desert triggered by Mongolian
cyclones and cold fronts impacts not only China's interior but also neighboring countries and regions
(Kimura, 2018; E.‐H. Lee & Sohn, 2011; L. Yang et al., 2021; Zhou et al., 2018). Research has revealed that dust
storms in the Gobi Desert are sensitive to factors such as changes in vegetation cover, abnormal rainfall (including
snowfall) patterns, soil wetness, climate change, and overgrazing (J. Han et al., 2021; E.‐H. Lee & Sohn, 2011; J.
Li et al., 2022; Shao et al., 2013; Yin et al., 2022, 2023; Zender & Kwon, 2005). Numerous studies have explored
the spatiotemporal variations of dust activities in the Gobi Desert in recent decades and discussed the relationship
between vegetation, snow, and dust storms. Increases in soil moisture and vegetation cover can contribute to the
decrease in dust emissions in East Asia during 2010–2017 compared to 2001 (C. Wu et al., 2022). The year 2023
witnessed the highest incidence of dusty weather events in China over the past decade (S. Chen et al., 2023). Yin
et al. (2022, 2023) concluded that low precipitation, early snowmelt, and sparse vegetation in the Gobi Desert
contribute to favorable dust source conditions for severe dust storms. However, the relationship between dust
storms and the role of vegetation and snow in dust emissions is not yet fully understood (Kim, Chin, Remer,
et al., 2017). Also, a comprehensive understanding of their impacts on dust emissions remains lacking.

This study aims to gain deeper insights into the correlation between vegetation, snow cover, and dust storms. We
analyze their seasonal and interannual spatiotemporal variations using ground‐based observations and satellite
products. Additionally, we incorporate high‐resolution terrain height data as well as monthly vegetation and snow
cover data sets to develop a new dynamic dust source function for the GOCART‐WRF dust emission scheme.
Dust simulations focusing on the Gobi Desert from February to May 2023 are conducted using the WRF‐Chem
model version 4.4.1. Evaluation results prove that the dynamic dust source function markedly improves model
performance. Furthermore, through sensitivity experiments, we assess the impact of vegetation and snow indexes
on dust emissions separately. This paper is organized as follows: Section 2 outlines the data sources and the
methodology used to develop the dynamic dust source function. Section 3.1 provides an in‐depth analysis of the
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spatial and temporal variability of vegetation, snow cover and dust storms from February to May 2010–2023.
Section 3.2 compares the differences between the original dust source function and the new dynamic dust source
function, analyzing the monthly variability of dust sources in 2023. Additionally, it analyzes the spatiotemporal
impacts of each contributing factor on dust emissions. Section 3.3 evaluates the simulation results for static and
dynamic dust sources. Section 4 summarizes our discussions and conclusions.

2. Methods and Data
2.1. Numerical Description of Dynamic Dust Sources

2.1.1. GOCART‐WRF Dust Emission Scheme

The GOCART dust emission scheme, originally developed by Ginoux et al. (2001), has been integrated into
WRF‐Chem. In this study, this scheme is utilized to simulate dust emissions over the dust‐source regions mainly
in the Gobi Desert. The GOCART‐WRF scheme estimates dust emissions using input parameters provided by the
WRF‐Chem model, including wind speed, soil moisture, air density, and erodibility. To be specific, the dust
emission flux Ep for a size group p could be calculated by the expression:

Ep =
⎧⎨

⎩

EROD · CspU10m
2 (U10m − Ut), if U10m >Ut

0, if U10m ≤Ut

(1)

where C is a dimensional factor (1 μg s2/m5), sp is the fraction of size group p within the soil, and U10m is the
horizontal wind speed at 10 m (m/s).Ut is the threshold velocity required for initiating wind erosion (m/s) and is a
function of particle size, air density, and the time‐varying land surface soil moisture θs. Dust emission ceases if θs
falls below 0.5. EROD describes the fraction of an erodible grid cell and represents the probability of having
accumulated sediments in a grid cell. Ginoux et al. (2001) suggested that erodibility is related to topography, and
cumulative sediment locations can be identified by comparing the elevation of each grid point to the elevation of
the surrounding hydrologic basin. The base dust source function EROD for the GOCART‐WRF scheme is
calculated as follows:

EROD = (
zmax − z
zmax − zmin

)

5

(2)

where z represents the altitude at the grid, and zmax and zmin are the maximum and minimum elevations in the
surrounding 10° × 10° topography, respectively. Elevation differences are raised to the fifth power to enhance
topographic contrast. Additionally, EROD is a three‐layer variable comprising 50% sand, 25% silt, and 25% clay.

2.1.2. Inclusion of Vegetation and Snow in Dynamic Dust Sources Representation

In the GOCART‐WRF scheme, the bare soil surface is identified by removing vegetation and snow masks from
the ERODmap (Ginoux et al., 2001; LeGrand et al., 2019; Zhang et al., 2024), and dynamic variables such as soil
moisture and surface wind speed are considered in calculating dust emissions. However, the dust source function
EROD remains static. The effects of vegetation and snow on dust sources are inadequately represented. The
Mineral Dust Entrainment and Deposition (DEAD) model assumes that vegetation constrains dust by linearly
reducing the fraction of bare soil (Zender et al., 2003). To expand on this, the vegetation index vegindex in the
development of our dynamic dust source function could be estimated by the expression:

vegindex = 1 − Av (3)

Av = min [1.0, min (V, Vt)/Vt] (4)

where V is the parameter to describe vegetation cover. Vt is the threshold value for complete suppression of dust
emissions, and Av indicates the fraction of the area without dust emissions. In contrast to Zender's model, our
study utilizes NDVI values with a resolution of 0.05° × 0.05° from the MOD13C2 version 6.1 monthly product
(Didan, 2021) instead of the Leaf Area Index (LAI). This data set of NDVI, widely employed for assessing the
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impact of vegetation on dust sources and for vegetation parameterization with spatial and temporal continuity (Y.
Chen et al., 2023; Kim et al., 2013; Solomos et al., 2019), provides the vegetation indices used in our analysis. The
summary of each utilized data set is provided in Table S1 of Supporting Information S1. For the vegetation index
threshold, previous studies have suggested NDVI threshold values ranging from 0.1 to 0.17 (Y. Chen et al., 2023;
Kim, Chin, Remer, et al., 2017; Kim et al., 2013; Solomos et al., 2019). Here, we consider the threshold NDVI
value to be 0.1, consistent with Solomos et al. (2019). The main dust source type in the Gobi is the permanent
desert, where NDVI is almost always less than 0.1 (Kim et al., 2013; Solomos et al., 2019). Taking a value of 0.1
not only limits the area of dust emissions but also characterizes the influence of vegetation both in permanent
desert and seasonal active dust sources.

Previous studies have shown that early snowmelt heightens the likelihood of severe dust events, while the snow
cover can inhibit dust emissions (Kurosaki & Mikami, 2004; Yin et al., 2022). However, most models do not
include the parameterization of snow (J.‐H. Lee & Lee, 2022). Some models simply consider the ground above a
certain elevation as snow and ice‐covered, unable to produce dust emissions (Zhang et al., 2024). Tanaka
et al. (2011) proposed a parameterization in which the dust emission flux is linearly reduced based on the areal
fraction of snow cover. We have adopted this method to account for the influence of snow cover on dust
emissions, expressed as:

snowindex = 1 − SNOWC (5)

here, the monthly snow fraction SNOWC (%) at a 0.05° resolution is derived from the MOD10CM version 6.1
product (Hall & Riggs, 2021b). We parameterized snow using a relatively high‐resolution data set that more
accurately reflects dust emissions from snow‐covered areas.

Additionally, dust emissions are constrained by land cover and land use, with the primary sources being bare lands
and grasslands, while other land cover type areas such as croplands only have limited contributions (C. Wu
et al., 2022). The land cover type product, MCD12C1 version 6.1, provides 17 land use categories at a 0.05°
spatial resolution with annual updates (Friedl & Sulla‐Menashe, 2022). We assume that dust emissions could only
occur under the Barren or Sparsely Vegetated land cover type and Grasslands land cover type, and we use the data
set from 2021. The land use index landuseindex can be calculated as follows:

landuseindex = {
1, Land use type equivalent to Barren or Sparsely Vegetated or Grasslands

0, Else land use types
(6)

In line with Ginoux et al.'s methodology (Equation 2), we use the Shuttle Radar Topography Mission product at
30 geographic arcseconds (∼1 km) (SRTM30_Plus) (Becker et al., 2009; Farr et al., 2007; W. H. Smith &
Sandwell, 1997) and consider the landuseindex to develop an elevation‐based dust source function with the
following equation:

ERODTOPO = (
zmax − z
zmax − zmin

)

5

× landuseindex (7)

We interpolate this data to 0.1° × 0.1° to build the erodibility ERODTOPO with higher resolution compared to the
original ERODORIG (0.25° × 0.25°). The ERODTOPO is expressed as a percentage (%), and like ERODORIG, it is
structured as a three‐layer variable.

Considering the combined influence of topography, vegetation, snow cover, and land use type on dust emissions,
we calculate the dynamic erodibility, ERODMODIF, using the following equation based on the methodology of
previous studies (Kim et al., 2013; Tegen et al., 2002; Zender et al., 2003):

ERODMODIF = ERODTOPO × vegindex × snowindex (8)

To compare the effects of vegetation and snow on dust emissions, we developed other two dust source
functions, ERODVEG (ERODVEG = ERODTOPO × vegindex) and ERODSNOW (ERODSNOW = ERODTOPO ×

snowindex), which respectively incorporate the vegetation and snow indices. The specific descriptions of
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different ERODs can be referred to in Table S2 of Supporting Informa-
tion S1. Additionally, we exclude unrealistic dust sources near the Bohai
Sea and those with EROD values less than 1E− 4 (negligible impact). We
calculate indexes at a raw resolution of 0.05° × 0.05° and then average the
values over the 0.1° × 0.1° grid cells to obtain final indexes.

2.2. WRF‐Chem Model Configuration

WRF‐Chem version 4.4.1 is used for simulations in this study. The modeling
domain covers the entire Gobi Desert, its surrounding regions, and parts of
eastern China, capturing the primary dust sources and the major cities
impacted by dust during the spring of 2023, with a grid resolution of
20 × 20 km (Figure 1). Vertically, 30 layers extend from the ground surface to
the model top (50 hPa), with more levels placed in the lower troposphere to
better describe boundary layer processes. To investigate the variations in dust
concentrations and dust sources, simulations are conducted from 1 February
2023 to 31 May 2023. Each run covers 96 hr with a 24‐hr spinup time. The
outputs from previous runs are used as the initial and boundary conditions for
the next run. The initial and boundary conditions of meteorological variables
are from ERA5 reanalysis data with a 0.25° × 0.25° spatial resolution,
updating every 6 hr. Furthermore, grid nudging is employed in all simulations
to constrain meteorological conditions, ensuring consistency with observa-
tions at 6‐hr intervals.

For all simulations, physical and chemical parameterization schemes are listed in Table 1. Anthropogenic
emissions are derived from MIX Asian emission inventory database in 2017, covering major pollutants such as
CO (carbon monoxide), SO2 (Sulfur dioxide), NOx (nitrogen oxides), PM10 (particulate matter with diameter less
than or equal to 10 μm), PM2.5 (particulate matter with diameter less than or equal to 2.5 μm), BC (black carbon),
and OC (organic carbon) (M. Li et al., 2017). Biogenic emissions are calculated by the Model of Emissions of
Gases and Aerosols from Nature (MEGAN) (Guenther et al., 2006).

Five experiments (ORIG, MODIF, TOPO, VEG, and SNOW) are conducted to intercompare the effects of
vegetation and snow on dust and evaluate the modeling performance of the dynamic dust source function. All
experiments utilize the GOCART‐WRF dust emission scheme. To eliminate potential variations in meteoro-

logical conditions arising from differences in land use categories, all exper-
iments use the land cover provided by MCD12C1 in 2021 (Friedl & Sulla‐
Menashe, 2022). The aerosol feedback scheme to radiation is switched off in
all experiments. The ORIG experiment uses the default static dust source
function ERODORIG, represented by the original variable EROD stored in the
WRF‐Chem code. The MODIF experiment uses a dynamic dust source
function by replacing the original EROD in WRF with the ERODMODIF. The
TOPO, VEG, and SNOW experiments each utilize specific functions,
ERODTOPO, ERODVEG, and ERODSNOW, respectively. Details of each
experiment are presented in Table S2 of Supporting Information S1. This
study mainly focuses on the dust emission from the Gobi desert, with the
region's boundaries outlined in Figure 1 using data from Natural Earth (Kelso
& Patterson, 2010).

2.3. Ground‐Based and Satellite Observations

Besides the mentioned monthly data sets from MODIS (MOD13C2 and
MOD10CM), we use ground‐based and satellite observations from various
sources, including the National Oceanic and Atmospheric Administration
(NOAA), China Meteorological Administration and MODIS's Aerosol Op-
tical Depth (AOD), to evaluate the simulation performance of the model and
analyze the effects of vegetation and snow on dust storms.

Figure 1. Overview of the WRF domain configuration and topographic
features. Red dots represent observational stations for PM10 (ZW,
Zhongwei; YC, Yinchuan; SZW, Shizuishan; BYNE, Bayannaoer; HHHT,
Huhehaote; YA, Yanan; XA, Xi'an; BJ, Beijing). The red polygon outlines
the geographic extent of the Gobi Desert.

Table 1
WRF‐Chem Domain Settings and Configurations for Physical/Chemical
Parameterization

Domain setting
Horizontal grid 150 × 100

Grid spacing 20 km

Vertical layers 30

Map projection Lambert conformal

Model configuration

Long‐wave radiation RRTMG

Short‐wave radiation RRTMG

Cumulus parameterization Grell‐Freitas ensemble scheme

Land‐surface Unified Noah land‐surface model

Surface‐layer Revised MM5

Boundary layer YSU

Microphysics Lin et al. scheme

Chemistry scheme RADM2 Chemistry and GOCART aerosols

Dust emission scheme GOCART
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The Integrated Surface Database (ISD) from NOAA is an archive of synchronized reports from many global
surface observatories and has been used in many dust‐related studies (A. Smith et al., 2011; C. Wu et al., 2022;
Xi, 2021). We use dust storm records stored in the ISD data set to characterize the temporal and spatial dust
activities during 2010–2023. Dust storms are defined according to World Meteorological Organization (WMO)
guidelines (Codes, 1995). Weather codes 09 and 30–35 indicate the occurrence of dust storms. Any day featuring
at least one record of a dust storm (09, 30–35) is defined as a dust storm day (DS). The monthly number of DS is
obtained by summing the respective numbers for each month. In addition to dust, we also use data sets from ISD
to validate meteorological parameters including temperature, wind speed, and relative humidity (RH).

We adopt some more quantitative dust‐related variables, that is, PM10 and AOD, to evaluate model performance.
The PM10 hourly concentration data used in this study are obtained from the Ministry of Ecology and Envi-
ronment of China (MEE). The Retrieved Deep Blue Aerosol Optical Depth (AOD) data at a spatial resolution of
1° × 1° at 550 nm is sourced from the level‐3 MODIS Atmosphere Daily Global Product, version 6.1, on the Aqua
and Terra platform (Platnick et al., 2015). We process daily AOD at 550 nm data (combined Dark Target and
Deep Blue algorithms) of both Terra and Aqua satellites and use the average of two data for analysis.

It is noteworthy that dust storm records provide more observation locations in the studied area and a wider period
compared to PM10 observations, with greater daily data continuity in the Gobi region than AOD data. Dust storm
records have been widely used in East Asia to analyze dust occurrences and influencing factors, alongside satellite
products (E.‐H. Lee & Sohn, 2009; C. Wu et al., 2022; J. Wu et al., 2016). However, since the WRF‐Chem model
does not directly resolve dust storm events in the same manner as observational records, we utilize dust storm
records to examine the spatiotemporal effects of vegetation and snow on dust storms, while employing PM10

concentrations and AOD data to evaluate the model performance.

3. Results
3.1. The Spatial and Temporal Variations of Dust Activities, Vegetation and Snow Cover

As one of the most prominent dust source regions in Asia, the Gobi Desert features great seasonal variability in
dust storms as well as vegetation and snow. In the Gobi region, dust storms are most frequent in the spring
(Figure 2a). Notably, the number of dust storm days increases dramatically after February, with more than 1.5 dust
storm days per month between March and May in the period 2010–2023, and then decreases sharply after May.
This monthly variation aligns with previous studies (L. Yang et al., 2021). Vegetation cover is minimal during
winter, with monthly mean NDVI values below 0.1 (Figure 2b), but vegetation begins recovering rapidly in April.
In February, the snow cover fraction in the Gobi can exceed 20%, while after March, the snow melts and only a
small amount of snow remains in May (Figure 2c). In general, the period spanning from February to May
(FMAM) in the Gobi region is marked by notable variations in dust activities, vegetation, and snow cover, with
strong spring winds being the primary driver of dust storms (S. Wang et al., 2021; Xi, 2021). Nonetheless, the
increase in vegetation can have an inhibiting effect on dust activities, particularly the rapid growth after April that

Figure 2. Monthly variations in (a) dust storm days (DS, days), (b) Normalized Difference Vegetation Index (NDVI) with the horizontal red line indicating the threshold
NDVI of 0.1, and (c) snow fraction (SNOWC, %) across the Gobi region (outlined in Figure 1) from 2010 to 2023. The black dashed lines represent February and May,
while the shading illustrates the interannual standard deviation.
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can cease dust storms around June (E.‐H. Lee & Sohn, 2009). Snow cover in early spring can also inhibit dust
release (L. Han et al., 2011). Daily snow fraction data at a 0.05° resolution sourced from the MOD10CM version
6.1 product (Hall & Riggs, 2021a) reveals that snow cover is substantial in early February but diminishes rapidly
by March, exhibiting notable daily variations (Figure S2 in Supporting Information S1). By early March, there is
an increase in dust storm occurrences coinciding with relatively low snow cover. Throughout April and May,
snow cover substantially decreases within the Gobi Desert, thereby alleviating its inhibitory effect on dust storms.
However, it is noteworthy that severe dust storms are primarily driven by episodic strong winds (Y. Liu
et al., 2022; Tai et al., 2021). Therefore, the daily variations in snowmay not markedly influence the occurrence of
severe dust storms, and we choose the monthly data sets to build a new dynamic dust function.

Within the Gobi Desert from February to May, dust storm days can exceed 20 days and mainly occur in Mongolia
(Figure 3a). In regions characterized by frequent dust storms, NDVI values generally range from 0 to 0.15, with
areas having NDVI values below 0.1 identified as major sources (S. Wang et al., 2021), aligning with the dis-
tribution of desert land types (Figure 3b). Vegetated deserts, such as the Tengger Desert, the Hunsandak Desert,
and the Horqin Desert (Figure S1 in Supporting Information S1), located in Inner Mongolia, China, are not
considered to be major dust sources (X. Wang et al., 2008). The southern and eastern parts of the Gobi Desert are
susceptible to vegetation regrowth, and NDVI can be as high as 0.25 in some areas inMay (Figures S3e and S3f in
Supporting Information S1). Stations to the south of the Gobi record fewer dust storm days, and almost none in
May (Figures S3a–S3d in Supporting Information S1). Several studies found that dust storms are less likely to
occur in areas with high vegetation cover (Engelstaedter et al., 2003; Kimura et al., 2009; E.‐H. Lee &
Sohn, 2009; Zou & Zhai, 2004). Thus, the shift of dust storm activity to the south can be attributed to increased
vegetation.

The average snow cover from February to May shows higher levels in the north and east (Figure 3c). Dust storm
occurrences among stations in northern Gobi and to the north of Gobi show a distinct pattern: few stations record
dust storm days in February, whereas records increased notably in May (Figures S3a–S3d in Supporting Infor-
mation S1). Correspondingly, the average snow cover from February to May shows higher levels in the north
(Figure 3c) and it shows a pronounced discrepancy from February to May. Snow cover fraction levels occa-
sionally surpass 70% in February, while there is almost no snow cover in the Gobi region in May (Figures S3i–S3l
in Supporting Information S1). Reports indicate that the wind speed threshold for dust emission under a frozen
surface increases (L. Han et al., 2011) and reduced snow cover enhances the probability of dust storm outbreaks
(J. Wu et al., 2016). Thus, the rise in dust storm frequency in the Northern Gobi can be attributed to the decrease in
snow cover.

From 2010 to 2023, dust storms are more likely when the average (from February to May) NDVI ranges between
0.04 and 0.12, whereas they become less frequent when the NDVI surpasses 0.2 (Figure 4). The number of dust
storm days increases notably when the NDVI dips below 0.11. These findings are consistent with previous studies
(Dulam Jugder et al., 2014). Monthly NDVI also shows that dust storm days are more common when the monthly
average NDVI is around 0.1 (Figure S4 in Supporting Information S1). Our study suggests an NDVI threshold of
0.1 for the development of long‐term dynamic dust sources, which would produce strong constraints on

Figure 3. Spatial distributions of springtime (February – May, FMAM) averaged (a) dust storm days (DS), (b) NDVI, with barren land type subsurface indicated within
the dark red line, and (c) snow fraction (SNOWC) in 2010–2023. The red polygon indicates the Gobi Desert.
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simulations of dust emission. In the Gobi region, dust storm days notably
increase from February to May when snow cover is below 20%, and decrease
when it exceeds 50% (Figure 4). Monthly snow cover exhibits considerable
variations, with April and May featuring less than 10% snow cover (Figure S4
in Supporting Information S1).While Tanaka et al. (2011) found the effects of
snow cover and soil moisture on the dust event in May were very small
through sensitivity studies, snow plays a limited role in dust suppression after
April.

We assess the variability of dust storms, vegetation, and snow using the co-
efficient of variation (CV) and the standard deviation (STD), highlighting
both interannual and monthly variations (Figure 5, Table 2). March and
February have the largest annual variation in dust storms, with a CV of
approximately 0.5, while May has the lowest (Figure 5a, Table 2). Vegetation
also displays greater variability in February, similar to dust storms (Figure 5b,
Table 2). Annual snow cover variability is higher in April and May
(Figure 5c, Table 2). Sites are considered more variable if their annual
standard deviation between February and May exceeds the median level of all
sites within the Gobi Desert (Figure 5d). Overall, relatively large annual
variations in dust storms occur mainly in the Gobi region of Mongolia.

Substantial variations in vegetation manifest in the eastern and northern regions of the Gobi Desert, corresponding
to areas of high dust storm variability. Snow, like dust storms and vegetation, also shows large interannual
variations in the northern Gobi Desert. In general, the northern part of the Gobi Desert has exhibited notable
variations in dust storm occurrences, vegetation, and snow cover. The occurrence of dust storms is linked to
Mongolian cyclones and cold fronts, while vegetation and snow cover are influenced by precipitation (including
snowfall) and temperature (Xi, 2021). With changes in weather and climate, the Mongolian Gobi has greater

Figure 4. The relationship between NDVI, snow fraction (SNOWC), and
dust storm days (DS) in the Gobi Desert: the x‐coordinate of each point
represents the annual average NDVI from February to May (2010–2023) for
a recording station, the y‐coordinate represents the annual average SNOWC
from February to May (2010–2023) for the same station, and the color of
each point indicates the total number of dust storm days from February to
May in a specific year for that location.

Figure 5. Annual changes in 2010–2023 of (a) dust storm days (DS), (b) NDVI, and (c) snow fraction (SNOWC) from
February to May (FMAM) in the Gobi Desert. (d) Spatial distribution of high annual variability in FMAM average NDVI,
SNOWC, and dust storm days (DS). Green highlights areas with high annual variability in NDVI, where the annual standard
deviation (STD) exceeds the median of the 2010–2023 average annual STD for the Gobi Desert. Blue highlights areas with
high annual variability in SNOWC, while yellow dots denote locations with high annual variability in DS. The criteria for
identifying high variability in DS and SNOWC are consistent with those used for NDVI.
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annual variability than other Gobi areas, mainly in the formation of greater
variability in surface features and dust activities. In turn, the interannual
variability of surface features can have a temporal impact on dust activities.

The dominant factor in decreasing dust storms in East Asia in recent years
was a decrease in wind speeds (Tai et al., 2021; C. Wu et al., 2022). However,
unusually severe dust storms originating from the Gobi Desert occurred in the
springs of 2021 to 2023. The spring of 2023 marked most dust storm events in
the Gobi Desert (S. Chen et al., 2023), albeit less severe than the super dust
storm of March 2021. Vegetation and snow cover levels during spring were
higher in 2021 than in 2023 (Figures 5b and 5c), suggesting less favorable
surface conditions for dust emissions in 2021. Considering the representa-
tiveness of the model evaluation, we favor the spring of 2023, when dust
storms were more frequent and more responsive to changes in the land
surface.

3.2. Dynamic Representation of Dust Sources and the Key Influencing Factors on Dust Emissions

Figures 6a and 6b illustrate the spatial distribution of the initial dust source function (ERODORIG; the original
erodibility) and the averaged dynamic dust source function (ERODMODIF; the dynamic erodibility) for February
to May in 2023. The spatial distributions of the two erodibilities are similar and both capture the major dust
sources in the Gobi Desert region, including the main dust sources in China and southern Mongolia, predomi-
nantly categorized as desert land use type (X. Wang et al., 2008). Compared to the original erodibility, the dy-
namic erodibility reduces the intensity of the erodibility in the southern Gobi Desert by up to 30% (absolute

Table 2
Mean Annual Coefficients of Variation (CV) for Dust Storm Days (DS),
NDVI, and Snow Fraction (SNOWC) for Each Month (February, March,
April, and May) in 2010–2023

DS NDVI SNOWC

Annual CV

FEB 0.49 0.17 0.35

MAR 0.55 0.05 0.74

APR 0.36 0.03 0.92

MAY 0.25 0.04 0.92

Figure 6. Spatial distributions of springtime (February – May, FMAM) averaged (a) ERODORIG (the erodibility from the
ORIG experiment), (b) ERODMODIF (the erodibility from the MODIF experiment), (c) the effect of vegetation on erodibility
(the differences between ERODVEG and ERODTOPO), and (d) the effect of snow on erodibility (the differences between
ERODSNOW and ERODTOPO).
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change) and enhances the intensity of the erodibility in southernMongolia by about 20% (Figure S5 in Supporting
Information S1). We quantify the erodibility magnitude over the Gobi region, finding that the overall values of the
original erodibility and the dynamic erodibility are nearly equivalent, with average values of 6.33% and 5.73%,
respectively.

Higher resolution data sets enhance the accuracy of dust source function calculations by capturing minor topo-
graphic differences within the same region, as well as resulting in relatively higher values of erodibility.
ERODTOPO (erodibility without considering vegetation and snow indexes) proves more adept at capturing the
intricacies of troughs and depressions within the Gobi Desert, encompassing dust sources within the Alashan
Plateau in China, the Great Lakes Depression in Mongolia, and the region south of the Altai Mountains in
Mongolia (Figure 6a), which is more consistent with observations (D. Jugder et al., 2018; X. Wang et al., 2008).
The combined inhibitory effects of vegetation and snow amount to roughly 20%, yielding a slightly smaller
dynamic erodibility than the original erodibility on average from February to May (Figures 6c and 6d). The
inhibitory effect of vegetation is notably greater than that of snow, reducing erodibility in the Gobi Desert,
particularly near the China‐Mongolia border, where erodibility is relatively high, by approximately 60%. In
comparison, the inhibitory of snow is more pronounced in areas with higher snow cover, reducing erodibility by
approximately 4% in the northern and eastern–northern parts of the Gobi Desert.

In February, the average dynamic erodibility in the Gobi Desert was 5.71%, slightly higher than the value of
March, which was 5.59% (Figure 7d). Rising temperatures in March reduced snow fraction exceeding 20% in
southern Mongolia (Figure S6d in Supporting Information S1), as indicated by an approximate 0.3 increase in the
snow index (Figure S7d in Supporting Information S1), leading to a rise of 0.24% in the mean dynamic erodibility
for the Gobi Desert (Figure 7d). At the same time, vegetation recovery in the southern region of the Gobi reduced
the vegetation index (Figures S6a and S7a in Supporting Information S1), decreasing the dynamic erodibility by
0.36% (Figure 7d). Consequently, the combined effect of vegetation and snow resulted in a lower erodibility in
March compared to February. Moreover, March precipitation was nearly 50% below the average of the

Figure 7. Spatial distributions of absolute changes (%) in ERODMODIF between (a) March and February, (b) April and March, and (c) May and April. The gray polygon
indicates the Gobi Desert. (d) Averaged ERODMODIF (gray squares, unit:%) for February, March, April, andMay. Changes in erodibility due to differences in vegetation
index and snow index (Δveg and Δsnow) between 2 months (blue squares indicate negative effects, red squares indicate positive effects).
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climatology, and warmer temperatures (Yin et al., 2023) further hindered vegetation growth. As a result, NDVI
decreased in the southern part of the Gobi and the southern part of Mongolia (Figure S6b in Supporting Infor-
mation S1) and the vegetation index increased (Figure S5b in Supporting Information S1), contributing to a 0.34%
increase in the erodibility (Figure 7d). Conversely, there was almost no snow cover after March, with only a minor
increase of approximately 10% in the western Gobi (Figure S6e in Supporting Information S1). This change in the
snow index resulted in only a 0.2% change in the erodibility. Vegetation recovery at Gobi South from April to
May led to an average decrease of 0.23% in the erodibility, ultimately bringing the dust source function in May to
a level almost equivalent to that in February. Yin et al. (2022) suggested that more snowmelt and sparser
vegetation could create favorable conditions for the emergence of dust storms. The utilization of monthly data in
developing the dynamic erodibility effectively captures temporal shifts in vegetation and snow.

From February to May 2023, total dust emissions across the Gobi Desert are estimated to exceed 30 Tg, sur-
passing levels from previous years. Mongolia contributed approximately 42% of the dust observed in northern
China during spring (S. Chen et al., 2023). However, ERODORIG omitted dust sources in southern Mongolia,
regions known for high dust emission rates (Jin et al., 2022; Mao et al., 2013; Tanaka et al., 2011; C. Wu
et al., 2022), resulting in the ORIG experiment's less effective capture of dust emissions in this area compared to
the MODIF experiment (Figure S8 in Supporting Information S1). Dust emissions are notably influenced by near‐
surface meteorological conditions and land surface characteristics, and vegetation and snow cover are key factors
in regulating dust activity through their influence on dust emissions (Mao et al., 2013). C. Wu et al. (2022)
attributed the decrease in dust storms over East Asia from 2001 to 2017 to a 30% increase in grassland vegetation.
Tanaka et al. (2011) conducted sensitivity studies that indicated snow cover had a relatively small impact on
reducing dust emission fluxes during the March 2007 dust event in semi‐arid regions of East Asia. However, few
studies have combined extensive observational or satellite data with numerical modeling to quantitatively assess
the effects of vegetation and snow cover on dust emissions. To investigate the specific effects of vegetation and
snow on dust emissions, sensitivity experiments were conducted employing various dust source functions.
Vegetation decreases dust emissions in the low‐lying regions of the Gobi Desert near the China‐Mongolia border,
by about 20 μg/m2/s (Figure 8a). This finding is consistent with previous studies demonstrating the impact of
vegetation on dust emissions throughout northern China, southern Mongolia, and eastern Mongolia (Mao
et al., 2013; Tai et al., 2021; C. Wu et al., 2022). In comparison, the impact of snow cover is considerably smaller,
decreasing emissions by only up to 0.5 μg/m2/s (Figure 8b), primarily in the northern Gobi Desert where snow
cover is comparatively abundant (J.‐J. Lee & Kim, 2012; Tanaka et al., 2011). The effects of vegetation and snow
on dust emissions exhibit considerable seasonal variation, as detailed in Table 3. The mitigating impact of
vegetation on dust emissions is most pronounced during spring, especially in April, aligning with the annual peak
in dust activity and corroborating previous research findings (Song et al., 2017; C. Wu et al., 2022). Over the
period from February to May 2023, vegetation contributes to an average reduction in dust emissions of

Figure 8. Spatial distributions of (a) the vegetation effect on dust emissions (μg/m2/s) (differences between the VEG
experiment and the TOPO experiment) and (b) the snow effect on dust emissions (differences between the SNOW
experiment and the TOPO experiment), averaged over February to May 2023.
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approximately 9.17 μg/m2/s, substantially greater than the impact of snow,
which averages only about 0.08 μg/m2/s.

3.3. Application and Improvements in Dust Storm Simulation

The model performance of WRF‐Chem in replicating meteorological vari-
ables (specifically, air temperature at 2‐m, relative humidity, and wind speed
at 10‐m) through comparative analysis with observational data is shown in
Table S4 of Supporting Information S1. The locations of observing stations

can be referred to in Figure S1 of Supporting Information S1. The correlation coefficients (r) for 2‐m air tem-
perature consistently exceed 0.98, those for 2‐m relative humidity exceed 0.9, and those for wind speed surpass
0.7. The metrics of mean bias (MB) and root‐mean‐square error (RMSE) are all small values. Hence, the model
generally reproduces meteorological conditions within an acceptable range of accuracy.

In this study, we compare and analyze the spatial distributions and temporal variations of AOD fromMODIS and
simulations during February– May 2023. Typically, MODIS‐derived AOD values are higher than those obtained
from model simulations; therefore, direct comparisons of absolute AOD are often avoided (L. Liu et al., 2016; F.
Wang et al., 2022; S. Yang et al., 2021). The MODIS results show that high AODs are mainly concentrated in the
southern and western parts of the Gobi Desert, with average AOD reaching up to 0.4 (Figure 9a), indicating that
the dust concentrations are relatively high in these two regions. The spatial distribution patterns in both exper-
iments are comparable to MODIS and they replicate high AOD over the Gobi Desert (Figures 9a and 9b). S. Chen
et al. (2023) reported that the number of dust storms in North China rose markedly in the spring of 2023, with dust
during March and April primarily originating from Mongolia, especially the western Gobi. The MODIF
experiment shows higher AOD values in southern Mongolia near the China border compared to the ORIG
experiment, aligning more closely with the MODIS distribution. Conversely, the erodibility of the MODIF
experiment in the southern part of the Gobi is reduced, resulting in a lower AOD. Since ground‐based PM10 data
provide comprehensive daily measurements and are better suited for validating models in urban areas, we selected
AOD data to validate the dust model in regions with low anthropogenic emissions, specifically the western Gobi

Table 3
Changes of Monthly Averaged Dust Emission Fluxes (μg/m2/s) Averaged
Across the Gobi Desert by Vegetation and Snow Indexes

FMAM FEB MAR APR MAY

Vegetation index − 9.17 − 3.07 − 9.22 − 13.53 − 12.26

Snow index − 0.08 − 0.18 − 0.04 − 0.05 − 0.04

Figure 9. Spatial distributions of averaged AOD based on (a) MODIS (the black rectangle indicates the location of the western part of the Gobi Desert), WRF‐Chem
simulations of (b) the ORIG experiment and (c) the MODIF experiment during February–May 2023. (d) Daily variations of AOD from MODIS (in green stars), the
ORIG experiment (in blue line) and the MODIF experiment (in red line) within the black rectangle in (a).
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Desert (within the black rectangle in Figure 9a). We find that the correlation between the two sets of experiments
and MODIS is quite good, with correlation coefficients (r) exceeding 0.60 (Figure 8d), which indicates that the
model can simulate the daily variation of dust well. However, the r of the MODIF experiment reaches 0.73, better
than the ORIG experiment (both experiments pass the significance test of p < 0.05). As a result, the dynamic
erodibility can more accurately represent AOD in the western part of the Gobi Desert. Previous studies have also
reported high AOD values in the Chinese Alashan Plateau near the China‐Mongolia border (Ginoux et al., 2012;
M. Tao et al., 2017), and dust sources in this area are categorized as natural sources. Thus, the dynamic dust
source function can more accurately describe dust source distributions in the Gobi Desert.

The spatial distributions of simulated and observed PM10 concentrations averaged from February toMay 2023 are
shown in Figure 10. The ORIG experiment indicates an overestimation of PM10 concentrations, with values
reaching approximately 290 μg/m3 in urban areas, compared to observations (Figure 10a). The MODIF exper-
iment does not show such an overestimation and demonstrates a closer alignment of simulated PM10 concen-
trations with observations (Figure 10b). This improved accuracy suggests that incorporating dynamic factors
related to vegetation and snow substantially mitigates dust emissions in the Gobi region and provides a better
representation of how alterations in surface properties impact dust activities. Additionally, the erodibility at the
China‐Mongolia border increases due to the replacement of a finer topographic data set, consequently elevating
the modeled PM10 concentrations in this area (Figure 10c). The red rectangle in Figure 10c outlines the cities near
dust sources in China (36°– 42°N, 102°–108°E). Figure 10d provides a comparative analysis of the monthly PM10

concentration variations between the two experiments in this specific area. The results prove that the dynamic
erodibility can capture the temporal changes in PM10 concentrations more accurately than the original erodibility.

Dust storms tend to induce severe air pollution in cities situated near dust sources. PM10 concentrations typically
spike rapidly at the onset of dust events and then decline quickly, leading to fluctuations in PM10 levels by a factor
of two or even several orders of magnitude (Dulam Jugder et al., 2014; Filonchyk, 2022). Figure 11 shows the
validation results of two experiments in four cities located near dust sources in comparison to observations. Two
statistical measures, r and MB, are used to assess the simulation performance. In several cities, the MODIF
experiment exhibits an improvement in the simulation of PM10 compared to the ORIG experiment, with r
approaching or surpassing 0.6 (confirmed by a significance test at p < 0.05). In certain cities and months, the

Figure 10. Spatial distributions of averaged PM10 concentrations of (a) the ORIG experiment, (b) the MODIF experiment
(colored dots indicating observed PM10 concentrations), and (c) the difference betweenMODIF and ORIG. The red rectangle
indicates the location of cities near dust sources. (d) Monthly PM10 concentrations of OBS (observation), MODIF and ORIG
experiments of cities near dust sources.
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correlation coefficient can reach 0.9, and r and MB improve in every month in all cities (Table S5 in Supporting
Information S1). It is noted that the GOCART‐WRF scheme might spuriously generate dust emissions in models
during very low wind conditions (LeGrand et al., 2019), potentially contributing to the overestimation of PM10 in
the ORIG experiment. Dynamic erodibility generally corrects the overestimation of PM10 compared with original
erodibility, which can exceed 100 μg/m3 in some cities. In cities like Zhongwei, dynamic erodibility only results
in an average MB of PM10 of less than 10 μg/m

3 from February to May (Figure 11). Additionally, the MODIF
experiment demonstrates improvements in simulating PM10 concentrations in cities across northern and central
China, albeit to a lesser extent compared to those near dust sources. As demonstrated in Figure S9 of Supporting
Information S1, the ORIG experiment tends to overestimate PM10 concentrations, whereas MODIF partially
mitigates this issue. Despite the closer alignment of PM10 concentrations simulated by the MODIF model, the
enhancements in correlation coefficients (r) are relatively modest. This could be attributed to the influence of
anthropogenic activities on PM10 levels in these urban areas, particularly in densely populated and heavily
polluted regions (Ding et al., 2017). Our findings suggest that the default GOCART‐WRF scheme tends to
simulate spurious dust emissions and overestimate particulate matter concentrations. In contrast, the dynamic dust
source function provides a more accurate reflection of the impacts of vegetation and snow on dust activity by
considering their roles in reducing dust emissions. This contributes to enhanced spatial and temporal modeling of
dust activity.

4. Conclusions
This study examines the variations of vegetation, snow, and dust storms in the Gobi Desert and their in-
terrelationships, employing multiple satellite and observational data for the past decade. To enhance the un-
derstanding of their effects on dust activities, the GOCART dust emission scheme coupled with WRF‐Chem is
improved by adopting a novel parameterization method with satellite observations. The development of the dust
source function integrates high‐resolution topographic data specific to the Gobi region, along with factors of
vegetation and snow. Numerical simulations were conducted from February to May 2023, with monthly changes
in vegetation and snow informing the spatiotemporal dynamics of dust sources. The individual effects of
vegetation and snow on both the dust source function and dust emissions were analyzed. The simulation results
illustrate that the dynamic dust source function in the Gobi Desert performs better in capturing dust sources and
simulating dust activities.

Figure 11. Simulated and observed daily PM10 concentration variations and average PM10 concentrations (the short upper line of the box indicates the upper ninth
quartile, the short lower line indicates the lower ninth quartile, and the upper edge of the rectangle indicates the average) in 4 near dust sources cities (a) Yinchuan (YC),
(b) Bayannaoer (BYNE), (c) Zhongwei (ZW), and (d) Shizuishan (SZS), locations are shown in Figure 1 from February to May 2023.
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In the Gobi Desert, there are notable variations in dust storms, vegetation and snow cover from February to May.
During this period, dust storms are getting frequent, vegetation is sparse, and snow cover is minimal. There is a
relationship between vegetation, snow, and dust storms. As vegetation begins to flourish and snow gradually
melts from February through May, the occurrence and intensity of dust storms undergo notable shifts. Strong dust
storms are more likely to occur when NDVI is less than about 0.1, and snow cover is less than 20%. It is note-
worthy that the Gobi Desert, particularly the Mongolian Gobi, exhibits interannual and seasonal variations in
vegetation, snow cover and dust storms.

We develop a new dynamic dust source function, which considers both vegetation and snow parameters, utilizing
high‐resolution topographic data. This enhancement increases the intensity of the dust source function in the
southern region of Mongolia and diminishes it in the southern parts of the Gobi Desert. The influence of
vegetation is considerably more pronounced and widespread compared to snow, which has a relatively minor
effect, primarily influencing dust sources in the northern Gobi. Additionally, monthly variations in dust sources
are predominantly driven by alterations in vegetation.

Through five numerical experiments and a comparative analysis of the simulation results, we underscore the
crucial role of vegetation and snow cover in governing dust emissions. By quantitatively assessing their individual
effects on dust emissions, we enhance our understanding of their contributions to dust activities. During spring,
vegetation emerges as a pivotal factor in mitigating dust emissions, particularly in April, when dust emission
levels are relatively high. Vegetation notably reduces dust emissions in the low‐lying areas of the Gobi Desert
near the China‐Mongolia border, where dust emissions are high. In contrast, snow cover plays a lesser role in dust
reduction, especially post‐February, predominantly impacting the northern Gobi Desert.

The development of dynamic dust source functions has enhanced the simulation performance in numerous
studies. We observe that the dynamic dust source function can better represent AOD in the western part of the
Gobi Desert, along the China‐Mongolia border. For Chinese cities, this improved dynamic dust source function
yields notable improvements in PM10 simulation during the springtime (from February to May). The enhance-
ments are evidenced by increased correlation coefficients and notably decreased mean biases. Moreover, this
function provides a more precise depiction of the monthly fluctuations in PM10 levels. It is worth noting that the
dynamic dust source function corrects the bias in spurious dust emission in the GOCART‐WRF scheme.

Nonetheless, this study raises additional points for discussion. According to our evaluation of aerosol optical
thickness simulation, we discover that both the original and dynamic dust source functions are unable to accu-
rately capture dust emissions in regions such as the Hunsandak Desert and the Horqin Desert in Inner Mongolia,
which are affected by vegetation and human activity and are believed to be anthropogenic dust sources rather than
major dust sources (Ginoux et al., 2012; X. Wang et al., 2008). Further investigation into the impact of dynamic
factors on dust is warranted. Additionally, the 0.1 vegetation threshold established in our study has proven
effective for dust modeling in the Gobi Desert. However, global dust models generally use a uniform threshold for
vegetation parameterization, and it is not yet clear if this threshold is applicable to most deserts around the world.
In summary, this research utilizes multiple observational and modeling approaches to study the impact of
vegetation and snow on dust activities, offering valuable insights into the effects of vegetation and snow on dust
storms over the Gobi Desert, as well as parametric representations of time‐varying dust sources.

Data Availability Statement
The source code of the WRF‐Chem model is archived at https://github.com/wrf‐model/WRF/releases/tag/v4.4.1.
Terrain height data from SRTM are accessible at https://topex.ucsd.edu/pub/srtm30_plus/srtm30/grd/. Monthly
NDVI data sets, MOD13C2, are available at https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/
MOD13C2, andmonthly snow fraction data sets,MOD10CM,canbe downloaded fromhttps://nsidc.org/data/data‐
access‐tool/MOD10CM/versions/61. Daily snow fraction data sets, MOD10C1, can be downloaded from https://
nsidc.org/data/data‐access‐tool/MOD10C1/versions/61. Annual land use data sets (MCD12C1) can be found at
https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/MCD12C1. Daily AOD data sets from MOD08_D3
and MYD08_D3 are accessible at https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/MOD08_D3 and
https://ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/MYD08_D3, respectively. Hourly PM10 data sets,
courtesy of the Ministry of Ecology and Environment of China (MEE), are available at https://www.aqistudy.cn/
historydata/. Data sets on dust recording and weather observations generated from ISD are accessible at ftp://ftp.
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ncdc.noaa.gov/pub/data/noaa/. The shapefile data containing information on theGobiDesert can be obtained from
https://www.naturalearthdata.com/downloads/50m‐physical‐vectors/50m‐physical‐labels/.Alldata setscontained
in the paper are available upon reasonable request.
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