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HIGHLIGHTS

o Dynamically updated EROD data optimizes dust source spatiotemporal heterogeneity.
e A hybrid framework synergizes numerical modeling with an ensemble ML post-processor.
e Ensemble ML post-processing enhances dust-related PM;, simulation accuracy.

ARTICLE INFO ABSTRACT
Keywords: Frequent dust events in China pose significant challenges to the accurate numerical simulation of dust aerosols.
Chemical transportation model Here, we present a novel framework that synergizes an updated physical parameterization in the Unified Inputs

Machine learning for WRF-Chem (UI-WRF-Chem) model with an ensemble machine learning (ML) post-processor, focusing on

EDrocthblhty Shaanxi Province, a typical Northwest region often affected by dust storms. The key improvement involves a
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PM. dynamically updated erodibility dataset derived from multi-source satellite observations, thereby better
10

capturing the spatiotemporal heterogeneity of dust sources on a monthly scale. The numerical model provides 5-
km resolution dust simulations, which are subsequently bias-corrected using an ensemble ML approach
combining extreme gradient Boost (XGBoost), random forest (RF), and neural Net-enhanced LightGBM
(NetGBM). All ML models are trained using ground-based dust concentrations calibrated against PM;o obser-
vations during spring (March-May) from 2018 to 2022, and evaluated with independent data in spring 2023 and
PMj as the assessment indicator. Results show that the ML post-processor provides more accurate PM;( sim-
ulations than the numerical model across the spring months, increasing correlation coefficient (R) by 50~52%
and reducing Normalized Standard Deviation (NSD) and Centered Root Mean Square Error (CRMSE) by 58~78%
and 48~66%, respectively. The post-processing performance is region-dependent, substantial in northern
Shaanxi but limited in the south due to lower dust contribution and uncalibrated non-dust components. Addi-
tionally, the ensemble ML model mitigates overestimation of dust-related PM;o by the UI-WRF-Chem model
during dust episodes, and better captures dust transport processes. This study demonstrates that a robust
framework for synergizing numerical modeling with ML approach can substantially enhance dust simulation
accuracy in regions influenced by complex dust dynamics.
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1. Introduction

Mineral dust constitutes a major component of atmospheric aerosols,
contributing approximately 30% of the global aerosol burden and
aerosol optical depth (AOD), and accounting for more than half of the
tropospheric aerosol mass (Lee and Lee, 2022; Meng et al., 2022).
Globally, dust events inject 200~5000 Tg yr! of mineral particles into
the atmosphere, with Asian dust sources alone contributing
~800 Tg yr*1 (Zeng et al., 2020; Zhang et al., 2021a). Dust aerosols
directly influence the radiative budget and climate by absorbing and
scattering solar radiation. Moreover, by acting as cloud condensation
nuclei and ice nuclei, they indirectly alter the microphysical properties
of clouds, modulating their albedo and lifetime, and thereby affecting
precipitation patterns (Banks et al., 2024; Huang et al., 2014; Li et al.,
2024b; Zhao et al., 2022). During long-range transport, dust plumes
frequently interact with other air pollutants; this interaction enhances
downwind pollutant concentrations via heterogeneous reactions, and
exacerbates regional air quality degradation (Fussell and Kelly, 2021; Li
etal., 2022a; Mesbahzadeh et al., 2020; Zeng et al., 2020). Furthermore,
the inhalation of pathogen-laden dust aerosols poses considerable public
health risks (Lian et al., 2025; Lwin et al., 2023). Therefore, accurate
simulation and forecasting of dust processes are essential for quantifying
their climate impacts, improving air quality management, and protect-
ing human health (Zhang et al., 2021b).

Chemical transport models (CTMs), which utilize meteorological
data and complex mathematical algorithms to simulate emissions,
transports and removal of dust aerosols, have become essential tools in
dust research (Eltahan et al., 2018; Rizza et al., 2017). However, dust
events are sporadic phenomena characterized by intricate formation
mechanisms, and their simulation remains challenging due to the
complex interactions between surface conditions, meteorological fields,
and dust aerosol schemes (Darvishi Boloorani et al., 2021; Li et al.,
2022b; Srivastava and Blond, 2022). Computational resource con-
straints often require CTMs to represent complex processes via param-
eterizations. Such simplified representations, along with incomplete
mechanistic understanding, may introduce substantial discrepancies in
dust simulations (Kang et al., 2011). Previous studies have developed
various approaches to mitigate these discrepancies. These efforts
collectively reflect four aspects for CTM improvements: (1) refining
parameterization schemes to better represent key processes, such as dust
emissions, depositions, chemical reactions, etc. (Lee and Lee, 2022;
Yoon et al., 2024); (2) improving the accuracy of key input parameters,
such as description of land surface conditions (Han et al., 2021; Ukhov
et al., 2021); (3) applying multi-source data assimilation to optimize the
dust emission source estimates and initial boundary conditions,
including meteorology and dust concentrations (Mei et al., 2024); (4)
employing a statistical post-processing model to correct dust simulations
(Jin et al., 2019; Raman et al., 2021). Despite these efforts, significant
challenges remain, and no single approach has fully resolved the existing
simulation biases (Letcher and LeGrand, 2018; Mesbahzadeh et al.,
2020).

Compared to traditional CTMs, machine learning (ML) methods
benefit from powerful data processing capabilities and strong model
generalizability, enabling rapid analysis of large datasets with minimal
prior knowledge and high computational efficiency. These advantages
have facilitated their widespread application in atmospheric environ-
ment research (Chen et al., 2018, 2020; Lee and Lee, 2022; Udristioiu
etal., 2023; Weng et al., 2022). Many studies have employed ML models
to facilitate the development of CTMs, and the applications include
long-term and short-term forecasting (Kim et al., 2019; Ma et al., 2020;
Nguyen et al., 2023); the creation of high-precision data products by
integrating CTMs with multi-source observations for policymaking and
health research (Chelhaoui et al., 2025; Tang et al., 2024); diagnosing
model biases and elucidating underlying physicochemical mechanisms
(Liu and Xing, 2023; Wang et al., 2024; Ye et al., 2022); and replacing
computationally intensive modules to enhance simulation efficiency

Atmospheric Environment 380 (2026) 122098

(Lyu et al., 2025; Xu et al., 2021). However, compared to PMj 5 and Os,
which benefit from abundant observational data (Galan-Madruga et al.,
2025; Li et al., 2023b; Shi et al., 2024; Sun et al., 2021; Xiao et al., 2022;
Zhu et al., 2022), research on utilizing ML to improve dust aerosol
simulation performance remains relatively limited. This research gap is
further exacerbated by the challenges in distinguishing natural dust
from anthropogenic dust.

To refine the accuracy of dust simulation and forecasting, previous
studies have commonly utilized ML approaches to assimilate the model
initial fields using the ground-based and satellite observations, or
directly predict the occurrence of dust events based on observational
data (e.g., AOD, historical ground-based air pollution measurements,
and meteorological observations) (Jin et al., 2019; Lee et al., 2021,
2022). However, these studies generally adopt a single ML method,
making them prone to overfitting and substantial errors. Yi et al. (2025)
proposed a multi-model ensemble ML framework that integrates the
outputs from several numerical models and fuses various ML algorithms,
such as Extreme Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), Categorical Boosted Trees (CatBoost), Random
Forest (RF), and Multi-Layer Perceptron (MLP). This approach signifi-
cantly improved the accuracy of dust concentration prediction. Never-
theless, it is important to note that the surface dust concentration data
used for model training and validation in China are essentially derived
from PM;y and PM; 5 observations from the China National Environ-
mental Monitoring Center (CNEMC), calculated based on a specific
ratio. Additionally, most ground-based air quality monitoring stations in
China are concentrated in urban centers, whereas suburban, rural, and
desert edges regions, which are critical dust sources or transport path-
ways, have very sparse coverage or large observational gaps. Conse-
quently, although the ML models based on observations can achieve
high-precision forecasting in areas covered by stations, they may not
be effectively extrapolated to areas without observations, posing a
challenge for generating high spatial resolution dust concentration
products.

In this study, we develop a hybrid post-processing framework that
combines an ensemble of ML methods with UI-WRF-Chem simulations
to improve hourly, 5 km resolution dust simulations over Shaanxi
Province, a downwind region frequently affected by sand and dust
storms originating from the Gobi Desert and Inner Mongolia of China
during spring (Text S1 provides background on dust activity in this re-
gion). Key land surface parameters associated with dust aerosols in the
UI-WRF-Chem model are also optimized to enhance dust simulation
performance; specifically, the soil erodibility (EROD) dataset is
dynamically updated using multi-source satellite observations to better
represent the spatiotemporal heterogeneity of dust sources. The nu-
merical model enables explicit simulation and output of both natural
and anthropogenic dust, and we mainly focus on correcting the devia-
tion of natural dust. Model performance is then evaluated using
observed PM; concentrations during spring (March-May) 2023. The
hybrid CTM-ML framework is expected to provide an accurate,
computationally efficient, and operationally reliable tool for simulating
abrupt dust events, thereby providing scientific support for regional dust
management and public health protection.

2. Materials and methods
2.1. Datasets

2.1.1. Land surface and soil data

The MODIS yearly land cover type (LCT) product (MCD12Ql1,
collection 6.1) at 500 m resolution, the MODIS 8-day leaf area index
(LAI) product (MCD15A2H, collection 6.1) at 1 km resolution, and the
Fraction of Photosynthetically Active Radiation absorbed by vegetation
(FPAR) from MODIS 8-day MCD15A2H product at 500 m resolution
(https://search.earthdata.nasa.gov/, last access: 1 January 2025), are
used to dynamically update the land surface properties including LCT,


https://search.earthdata.nasa.gov/
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LAI and green vegetation fraction (GVF) in the UI-WRF-Chem model.
These updates are performed in a temporally consistent manner through
the WRF Preprocessing System (WPS). The updated annual LCT and
monthly LAI and GVF are subsequently employed in the Noah Land
Surface Model (LSM) to enhance the representation of land surface
processes in the UI-WRF-Chem model.

Soil moisture and texture are key parameters regulating dust emis-
sions. SM directly influences the cohesive forces between soil particles,
consequently altering the threshold friction velocity required for parti-
cle entrainment (Fécan et al., 1998; Lee et al., 2024; Shao, 2024). Soil
texture determines the particle size distribution, which also plays a
critical role in dust emissions. Therefore, soil moisture and texture are
updated to refine the EROD data in the model. Surface (0~5 cm) SM are
from the Soil Moisture Active Passive (SMAP) satellite data at 3-hourly,
9 km resolution (https://nsidc.org/data/smap/data/, last access: 1
January 2025). Soil texture data are from a reprocessed version of the
Harmonized World Soil Database v2.0 (HWSD2.0) (https://doi.org/10
.4060/cc3823en, last access: 1 January 2025), developed collabora-
tively by the Food and Agriculture Organization (FAO) and the Inter-
national Institute for Applied Systems Analysis (IIASA). This dataset
provides clay, silt, and sand fractions at a 1 km spatial resolution across
seven standard depth layers: 0~20, 20~40, 40~60, 60~80, 80~100,
100~150, and 150~200 cm (IIASA, 2023; Nachtergaele et al., 2008).

2.1.2. Satellite observations

The AOD at 550 nm is obtained from the MODIS MODO08 D3
Collection 6.1 Level-3 daily product, derived from the Terra satellite at a
1° x 1° resolution (https://ladsweb.modaps.eosdis.nasa.gov/). For the
evaluation of dust simulation performance, the AOD_550_Dark_Tar-
get_Deep_Blue_Combined product was selected. This product in-
corporates the Deep Blue algorithm, which is particularly suitable for
retrieving dust aerosols over bright surfaces, it thus can identify dust
storms and mitigate retrieval uncertainties over desert and snowy areas
in China (Hsu et al., 2004).

2.1.3. Meteorological data

Hourly meteorological data are from the European Centre for
Medium-Range Weather Forecasts (ECMWF) Fifth Generation Global
Climate Atmospheric Reanalysis Dataset (ERA5) at a spatial resolution
of 0.1° x 0.1° (https://cds.climate.copernicus.eu/datasets/reanalysis-er
a5-land?tab=download, last access: 1 January 2025) (Hersbach et al.,
2020; Hoffmann et al., 2019). The following variables are used to train
the first ML model (XGBoost) that separates dust from non-dust com-
ponents of PM;: the 2-m air temperature (T2, unit: K), 2-m dew point
temperature (Td, unit: K), the u and v components of wind speed at 10 m
(WS10, unit: m s~ 1), and total precipitation (Precip, unit: m). ERA5
reanalysis data were chosen over ground-based meteorological station
observations for two main reasons. First, the distribution of the meteo-
rological stations in Shaanxi Province does not fully align with the
CNEMC air quality monitoring sites; some stations are located far from
the PM; observation sites, which would introduce spatial mismatches if
directly paired. In contrast, the gridded ERAS data allows for precise
spatial collocation by matching each air quality monitoring site with its
corresponding grid cell, ensuring superior consistency between meteo-
rological drivers and air pollutant measurements. Second, ERA5 pro-
vides continuous, high-resolution, and comprehensive spatial coverage,
which is essential for capturing the changes in the meteorological fields.
Although the 0.1° resolution may be coarser than the spacing between
certain adjacent stations, this potential limitation was explicitly
considered during the interpretation of the ML results.

2.1.4. Air quality observations

Hourly ground-based observations of air pollutant concentrations,
including PMj 5, PM19, NO3, CO, and Os, are from the China National
Environmental Monitoring Center (CNEMC) (http://www.cnemc.cn/,
last access: 1 January 2025) to train the ML model and evaluate the
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simulation performance.
2.2. UI-WRF-Chem experimental setup

The UI-WRF-Chem model, developed from the standard version of
WRF-Chem 3.9.1 (Grell et al., 2005), was used in this study. Meteoro-
logical and chemical initial and boundary conditions are provided by the
Modern-Era Retrospective analysis for Research and Applications,
Version 2 (MERRA-2) dataset with a spatial resolution of 0.625° x 0.5°.
MERRA-2 is generated using the Goddard Earth Observing System
(GEOS) atmospheric model and data assimilation system, incorporating
simultaneously assimilates both meteorological and aerosol observa-
tions (Gelaro et al., 2017). Specifically, chemical initial and boundary
conditions derived from MERRA-2 include the concentrations of key
species, i.e., sulfate, black carbon, organic carbon, dust aerosol, and SO,.
Soil properties initial and boundary conditions, namely soil moisture
and temperature, are provided by the Global Land Data Assimilation
System (GLDAS) dataset with a spatial resolution of 0.25° x 0.25°
(Rodell et al., 2004). This dataset has demonstrated robust performance
in land surface process simulations (Araki et al., 2023; Bi et al., 2016;
Kim et al., 2024), making it suitable for dust emission simulations.
Further details of meteorological and chemical composition data for
UI-WRF-Chem can be found in our previous studies (Li et al., 2024a; Sha
et al., 2024; Sha et al., 2025; Zhang et al., 2026).

Anthropogenic emissions are obtained from the Multi-resolution
Emission Inventory model for Climate and air pollution research
(MEIC: http://www.meicmodel.org/, last access: 1 January 2025) with
a spatial resolution of 0.25° x 0.25° for the specific study year. Since
MEIC inventory is only publicly available until 2020, simulations after
2020 still use MEIC in 2020. Biomass burning emissions are from the
Fire INventory from NCAR (FINN, version 1.5, https://www.acom.ucar.
edu/Data/fire/, last access: 1 January 2025). Biogenic VOCs emissions
(BVOCs) are calculated using the Model of Emissions of Gases and
Aerosols from Nature (MEGAN) version 2.1 (Guenther et al., 2012). Soil
reactive nitrogen (NOx and HONO) emissions are calculated using the
Berkeley-Dalhousie-lowa Soil NO Parameterization (BDISNP) (Sha et al.,
2021, 2024).

We select the Regional Acid Deposition Model, Version 2 (RADM2)
for gas-phase chemistry (Stockwell et al., 1990) coupled with the Modal
Aerosol Dynamics Model for Europe (MADE) (Ackermann et al., 1998)
and the Secondary ORGanic Aerosol Model (SORGAM) (Schell et al.,
2001) for aerosol chemistry, including aqueous-phase reactions. The
MADE/SORGAM aerosol module adopts a modal approach (Binkowski
and Shankar, 1995), which incorporates three size modes: Aitken,
accumulation, and coarse mode. Notably, the default MADE/SORGAM
scheme does not explicitly simulate dust aerosols, instead implicitly
blends them into other aerosol species. To explicitly output the dust
proportion of PMj( concentrations, the dust species simulated by the
GOCART dust emission with the Air Force Weather Agency (AFWA)
modifications (LeGrand et al., 2019) are coupled with the MADE/-
SORGAM aerosol scheme. The GOCART-AFWA emission scheme is
selected because it releases dust in five size bins with lower and upper
radius ranges of 0.1~1, 1~1.8, 1.8~3, 3~6, 6~10 pm, consistent with
the dust size distribution used in the MERRA-2. Dust density is assumed
to be 2500 kg m ™ for the first bin and 2650 kg m 3 for bins 2~5 in the
model (Marticorena and Bergametti, 1995; Su and Fung, 2015; Wang
et al., 2015). To better characterize East Asian dust properties, the
size-resolved dust emission fractions (dustemis fact) of the
GOCART-AFWA scheme are adjusted according to Su and Fung (2015).
The revised emission fractions for each dust size bin are 0.034, 0.187,
0.327, 0.163, and 0.309, respectively.

For the physical parameterization schemes, the unified Noah land
surface model (Mukul Tewari et al., 2004) and the revised MM5 Mon-
in—-Obukhov scheme (Pahlow et al., 2001) are selected to represent land
surface processes and surface layer physics. The Yonsei University
scheme is selected for planetary boundary layer (PBL) parameterization
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(Hong et al., 2006). The WRF single-moment Purdue Lin microphysics
scheme is used for the treatment of cloud microphysics (Lin et al., 1983).
The Grell 3-D cumulus scheme is used for cumulus parameterization
(Grell and Freitas, 2013). The Rapid Radiative Transfer Model (RRTMG)
for both shortwave and longwave radiation is used for radiative transfer
calculations (Iacono et al., 2000; Mlawer et al., 1997). Two nested do-
mains are used in this study, outer domain (d01) covers China with a
horizontal resolution of 25 km and 194x148 grid cells, and the inner
domain (d02) covers Shaanxi province and its surrounding area with a
horizontal resolution of 5 km and 209x246 grid cells (study region
shown in Fig. 1). Both domains have 47 vertical levels from the surface
to 50 hPa and 4 levels of soils. Simulations are conducted separately for
each month (March, April, and May) from 2018 to 2023. For each
month, the model runs continuously for the entire month without
re-initialization, with the first 48 h of each simulation treated as spin-up
and excluded from analysis. The same configuration is applied inde-
pendently to each month of each year.

2.3. Update of soil erodibility data

To accurately identify the dust emission sources, the soil EROD data
are dynamically updated utilizing the reprocessed LCT and GVF data
from the WPS, SM from the SMAP, and soil texture from the HWSD2.0.
All datasets used are monthly mean values. First, soil moisture and
texture datasets are resampled to match the simulation grid resolution.
Bilinear interpolation and averaging are applied for upscaling and
downscaling variables, respectively, to ensure consistent spatial reso-
lution across all variables. A preliminary EROD map is generated using
LCT data to classify erodible surfaces, i.e., dryland or desert and grass-
lands are assigned a value of 1 (erodible), whereas all other areas are
assigned a value of 0. This process yields initial EROD data for bare soil
surfaces. Detailed MODIS LCT classifications are shown in Table SI.
Next, GVF is used to mask vegetated areas, and the preliminary EROD
data are multiplied by (1-GVF) to quantify vegetation-induced re-
ductions in soil erodibility at the pixel scale. Following vegetation
adjustment, potential dust source areas are identified using the sand
fraction (SF). Subsequently, areas with SM (volumetric moisture con-
tent) below 0.1 m> m~3 are delineated to indicate surfaces susceptible to
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500 1000
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wind erosion. The monthly dynamic EROD data are finally calculated
using Equation (1), followed by the study of Li et al., 2023a with ad-
justments to input datasets and spatial processing methods to better
align with the specific objectives of this study. Fig. S1 illustrates the
spatiotemporal variations in soil EROD across China in 2023 relative to
2018, driven by changes in LCT, GVF, and SM. Specifically, the EROD
variations range from —1.91%~3.74% in March, —3.82%~4.85% in
April, and —2.25%~3.74% in May (Fig. S1).

EROD = LCT - (1- GVF) - SF - exp[-min(0.1, SM)] (@D)]

2.4. Ensemble ML model

The ML framework comprises two modules (Fig. 2). The first module
aims to separate dust concentrations (PM;jg_dust) from the observed
PM;o. During the dust events, PM;o concentrations often increase
sharply, whereas PM; 5 levels generally remain stable and unchanged
(Jin et al., 2018; Lin et al., 2008; Xu et al., 2017); thus, ground-based
PM; observations have become one of the key indicators for moni-
toring dust events. However, these observations contain particles from
multiple sources, including natural dust and other anthropogenic sour-
ces (e.g., vehicle emissions, industrial emissions). Therefore, the
observed PM; cannot be directly used to calibrate the model for dust
aerosol simulations. In this study, the XGBoost model was employed to
estimate PMjq_dust during dust events by establishing a statistical
relationship between PMj( in non-dust periods (PMjo_nondust) and
concentrations of other air pollutants as well as meteorological factors.
First, based on ERAS reanalysis meteorological data and ground-based
air pollutant concentrations (NO2, CO, O3, PMys, CO, PM;() from
CNEMC, dust periods are identified following the method of Jin et al.
(2019) using the two criteria: (1) PM; concentrations exceed five times
the monthly average, or the ratio of PMy 5/PMj is below 1/4; (2) visi-
bility is less than 3 km, relative humidity (RH) is lower than 80%, WS10
is greater than 3 m s™%, and there is no precipitation. Periods satisfying
both criteria are classified as “dust days”, while all other periods are
treated as non-dust days and used to develop a prediction model for
PM;g_nondust. Hourly data from the spring months during non-dust

38°N

36°N

32°N

104°E 107°E 110°E 113°E

1500 2000 2500 3000 3500 4000

Fig. 1. Simulation domain of the UI-WRF-Chem model depicting the terrain elevation (units: m) across the study region. The dark orange dots in the right panel
denote the locations of 51 national monitoring stations within Shaanxi Province, and the black dotted line represents location of the Qinling Mountains, which
divides Shaanxi Province into northern and southern regions. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web

version of this article.)
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Fig. 2. Flow diagram of PM;o_dust concentrations simulated by the UI-WRF-Chem model corrected via a ML ensemble model.

periods in 2018~2023, including NO,, CO, O3, PM2 5, CO, and PM;o
concentrations from CNEMC, together with Precip, WS10, RH from
ERAS, and auxiliary features such as day of year (Time), longitude (Lon),
and latitude (Lat), are used as input to train a station-specific ML model
for predicting PM;o_nondust (80% for training, 20% for testing). Sta-
tions with missing or invalid data on any given day are excluded from
the training set to ensure data integrity and model reliability. Subse-
quently, the trained ML model is then applied to dust periods, and
PM;(_dust is calculated by subtracting the predicted PM;_nondust from
the observed total PM;o. Finally, a network of ground-based PM;(_dust
concentrations covering the study region is established, serving as the
training target for the subsequent post-processing ML model (Fig. 2a).

For the second module, we employ XGBoost, RF, and NetGBM (the
neural Net-enhanced LightGBM) as the base learner, with the RidgeCV
serving as meta learner, to develop the ensemble ML model. XGBoost is a
supervised boosting algorithm known for its effectiveness in mitigating
overfitting, capturing nonlinear relationships among predictor vari-
ables, and providing rapid and accurate solutions to scientific problems
(Chen and Guestrin, 2016). It builds tree models incrementally by
optimizing an objective function, adding a new tree in each iteration
based on the previous one to minimize the loss function. Furthermore,
XGBoost incorporates a regularization term to prevent model over-
fitting, making it particularly effective for high-dimensional data. RF is
an ensemble learning algorithm based on the Bagging strategy. It con-
structs multiple decision trees through bootstrap sampling and random
feature selection during node splitting, thereby reducing inter-tree cor-
relation and improving generalization performance (Belgiu and Dragut,
2016; Breiman, 2001; Rigatti, 2017). NetGBM, another gradient
boosting-based ensemble method, is conceptually similar to LightGBM
but with neural network structures integrated into its feature processing
module—this strengthens the model's ability to capture complex
nonlinear relationships. These three ML algorithms have been widely
adopted in air pollutant concentration estimations (Li et al., 2023c;
Nababan et al., 2022; Singh et al., 2024; Zhang et al., 2023).

The ensemble model is applied to post-process the simulated
PM;g_dust from the UI-WRF-Chem model. It is trained on a dataset
covering spring seasons during 2018~ 2022, using a 5-fold cross-
validation method for validation. Input features include the simulated

variables from the UI-WRF-Chem model, i.e., PM;o_dust, PMs s, WS10,
Precip, RH, terrain height (HGT), SM, soil temperature (ST), and LAL
The target variable is the predicted ground-based PM;o_dust concen-
trations from the first ML model. An independent dataset during spring
2023 is reserved for the ensemble model evaluation. Simulations from
the UI-WRF-Chem model are matched to station observations using the
nearest-neighbor method. The optimal base ML models (XGBoost, RF,
NetGBM) are selected through five-fold cross-validation based on the
smallest root mean square error (RMSE). The best predictions from these
three ML models are then integrated into a new training set and fed into
the final ensemble model, which is built on the Stacking framework to
leverage its synergistic advantages. Additionally, we quantitatively
evaluate the performance of the numerical and ML models via multiple
statistical metrics, including RMSE, mean absolute error (MAE), and
Pearson correlation coefficient (R) (Fig. 2b).

2.5. Simulation experiment design

A comparative sensitivity experiment was conducted to evaluate the
impact of two key improvements on dust aerosol simulations: (1)
updating land surface properties in the UI-WRF-Chem model, and (2)
applying the ensemble ML to post-process the dust aerosol simulations.
Detailed experiment descriptions are summarized in Table S2. The
baseline simulation (referred to as Default) uses the standard model
configuration without any modifications. In the Updated experiment,
key dust-related land surface properties are refined, including LCT, LAI,
and GVF, which collectively influence surface moisture and energy ex-
change. Soil properties (e.g., soil texture) and the monthly dynamic
EROD data are also updated to better represent dust emission processes.
To further optimize the model performance on simulating dust aerosols,
an ensemble ML framework is applied to the Updated outputs, denoted
as Updated_ML, which aims to minimize prediction bias and improve the
reliability of simulated dust aerosol concentrations through a post-
processing procedure.
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3. Results
3.1. Impacts of land surface updates on dust emissions

3.1.1. Comparison of soil erodibility

Fig. 3 compares the EROD datasets used in the Default and Updated
simulations. Both datasets identify major dust source regions, such as
the Taklimakan Desert (TD), Gobi Desert (GD), and Inner Mongolia (IM)
in China. The Default dataset exhibits relatively limited spatial hetero-
geneity, with the EROD value ranging from O to 0.17. It fails to capture
the erodible areas from southern Mongolia, a region characterized as
part of the GD with semi-desert vegetation and sandy soil, as well as the
erodibility of the Qilian Desert within the Qaidam Basin (QB) in Qinghai
Province. These omissions may lead to inaccurate dust emission pre-
dictions. In contrast, the Updated EROD dataset is derived from the
monthly satellite observations of LCT, GVF, and SM, enabling better
representation of some potential dust source regions and their variations
under climate change and human activities. The spring-averaged
Updated EROD dataset for 2018~2023 shows an expanded extent of
erodible areas, incorporating areas overlooked by the Default, such as
Qinghai, Gansu, northern Tibet, and southern Mongolia, thus providing
a more comprehensive identification of potential dust source regions,
with EROD values ranging from 0 to 0.15.

The TD is the second largest mobile desert in the world, character-
ized by frequent sandstorms and high erosion rates. In contrast, the
Gurbantunggut Desert (GRD) in northern Xinjiang is a semi-fixed desert
with a lower erosion probability than TD. However, the Default inac-
curately represents their relative erodibility. The Updated EROD cor-
rects this discrepancy and more realistically depicts the oases
surrounding the TD, which appear as discontinuously distributed within
the desertification zone. Overall, the monthly dynamic EROD dataset
provides a more accurate and reasonable representation of dust sources
and exhibits higher spatial heterogeneity than the Default.

3.1.2. Comparison of dust emissions, AOD, and PM;¢
EROD is a critical factor governing dust aerosol formation. To
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evaluate the impact of a monthly-updated dynamic EROD dataset on
dust emission simulations, we select March 2021 as the study period.
During this month, northern China experienced two of the most intense
dust events in the past decade (dust event 1: March 15 to 20, dust event
2: March 27 to 29), affecting an area of approximately 3.8 x 10° km?
(accounting for ~40% of China's total land area). These events were
recognized by the World Meteorological Organization as “the strongest
sandstorms in Asia in the past decade” (Filonchyk, 2022; Gui et al.,
2022; Liang et al., 2022). The simulated AOD and PM;jo from the
Updated are further evaluated, and the first ML model for predicting
PM;(_dust is also validated during the same period.

Fig. 4 compares the distribution of simulated monthly averaged dust
emissions using the Default and Updated EROD datasets. The results
demonstrate that the Updated EROD significantly alters both the spatial
pattern and intensity of dust emissions. In Default, the simulated
monthly averaged dust emission fluxes exceeding 50 pg m 2 s~ 2 are
mainly limited to southern Mongolia, the eastern Taklamakan Desert in
Xinjiang, and parts of Inner Mongolia. In contrast, the Updated simu-
lation exhibits more prominent high-emission centers (fluxes exceeding
50 pg m~2 s~2) in the Gobi Desert of southern Mongolia. Furthermore,
the simulated monthly averaged emission flux from dust source areas in
northwestern China increased to 20 pg m~2 s~2. These findings indicate
that the Updated EROD substantially enhanced the simulated dust
emission intensity in regions characterized by sparse vegetation and
extensive dunes, such as Mongolia and northwestern China, whereas the
Default simulation fails to capture the emission characteristics of these
source areas.

To further quantify the impact of the Updated EROD on dust emis-
sion simulations, we divided the high-emission regions into three sub-
regions, namely Northwest, North-central, and Northeast China. As
shown in Fig. 4c, the Updated simulation exhibits significantly higher
dust emissions over Mongolia and Gobi, with monthly averaged emis-
sions in North-central China surpassing those in the Default by
3.43 pg m~2 s7L. The stronger dust emissions over this region in the
Updated simulation can be attributed to the dynamic EROD dataset,
which captures seasonal variations in vegetation and soil moisture more
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Fig. 3. Distribution of soil erodibility factor in China from the (a) Default and (b) Updated simulation, and (c) the absolute difference between the two simulations
(Updated-Default). The Updated EROD represents the average over the spring season (March to May) from 2018 to 2023.
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Fig. 4. Distribution of the monthly averaged dust emissions in March 2021 from (a) the Default and (b) Updated simulations, and (c) the absolute difference between
the two simulations (Updated-Default). Rectangles represent the three major dust sources over northwest China, Mongolia, and northeast China.

realistically than the static default. This finding is consistent with recent
research by Zhang et al. (2024), who demonstrated that dynamic dust
source data can effectively improve WRF-Chem simulations in
Mongolia, leading to better agreement with observed dust emission
patterns. Their study further emphasizes that a detailed representation
of dust source distributions in Mongolia and their dynamic monthly
variations is important for accurately quantifying dust emissions in
China. In contrast, dust emissions in the TD from the Updated simulation
are substantially lower than those from the Default, indicating that the
Updated EROD dataset not only confirms the dominant contribution of
Mongolia to total dust emissions but also suggests a reduced relative
contribution from northwestern China. Moreover, the Updated EROD
dataset reveals previously unidentified potential dust sources in eastern
China, where the monthly averaged emission flux in the Updated
simulation is 0.33 pg m~2 s~ higher than that in the Default.

To further evaluate the impacts of refined dust-related land surface
properties and EROD data on simulated AOD and surface PM;( con-
centrations, we focused on assessing the Updated simulation perfor-
mance for two dust episodes in March 2021 (dust event 1: March 15 to
20, dust event 2: March 27 to 29). Fig. S2 shows the spatial distributions
of AOD from the Default and Updated simulations during the two dust
events, compared with MODIS observations. Although the spatial
pattern of AOD in the Default simulation is generally consistent with
MODIS, it fails to reproduce the high AOD regions observed by MODIS
during the dust events. For dust event 1, MODIS recorded high AOD over
northwest and north-central China, with the AOD of 0.78 and 1.1,
whereas the Default simulation substantially underestimates AOD in
these regions (northwest: 0.27; north-central: 0.23). Although the
Updated simulation still underestimates AOD (northwest: 0.39; north-
central: 0.32), it shows improved agreement with MODIS in terms of
the spatial extent of high AOD (Table S3). Additionally, the Updated
simulation can capture the evolution of dust event 2, i.e., the high AOD
over north-central China on March 27 (MODIS: 0.58; Updated: 0.27),
followed by southeastward transport. It is worth noting that the Updated
simulation still systematically underestimates AOD when observed AOD
exceeds 0.3, while much better agreement is achieved for lower AOD.
This indicates that despite the improvements in the dynamic EROD
dataset, the model still fails to capture the magnitude of dust emissions
during intense dust storms. One possible reason is that the dust emission
scheme may not adequately represent the high dust emission fluxes

associated with extreme meteorological conditions (e.g., strong winds
over dry and unvegetated surfaces). Additionally, uncertainties in
deposition, specifically an overestimation of dry and wet scavenging
efficiency under high dust loading, may result in excessive dust removal
along the transport pathway.

Fig. 5 compares the simulated and observed hourly PM;y concen-
trations in three northern cities in China (Beijing, Yulin, and Xi'an)
during the two dust events. We use hourly data for comparison because
dust events are characterized by rapid temporal variations, and high-
frequency data is essential to capture the critical phases of onset,
peak, and dissipation. Accordingly, all subsequent PM; evaluations in
this study are conducted at an hourly scale to ensure a robust assessment
of model performance. The Default simulation significantly un-
derestimates PM;o by 97% and 82% in Beijing, 75% and 84% in Yulin,
and 45% and 69% in Xi'an, respectively, across the two events. This is
attributed to the limitations of the default EROD dataset, which failed to
accurately characterize dust emissions in north-central China. Although
discrepancies between simulations and observations still remain in the
Updated, the updated EROD dataset implemented in the UI-WRF-Chem
model enhances the peak PM;( concentrations during dust events. Thus,
the Updated simulation improves the PM;( simulation performance,
with the bias decreased to 91% and 13% in Beijing, 41% and 36% in
Yulin, and 16% and 14% in Xi'an, respectively, for the two dust events.
Overall, the simulated dust emissions and AOD exhibit similar spatially
synchronized changes following the EROD updates. The changes in
simulated dust emissions are largely governed by the updated EROD
values; regions with increased erodibility (e.g., southern Mongolia)
show a corresponding increase in both dust emission fluxes and AOD
during dust storms. However, in areas where EROD decreases (e.g., parts
of the Taklamakan Desert), the reduction in local emissions is occa-
sionally offset by the long-range transport of dust from upwind source
regions, resulting in a less pronounced decrease in AOD.

3.2. p.m.jg_dust prediction

Before applying the ensemble ML model, it is essential to derive
observed PM;(_dust concentrations to serve as the training target. To
achieve this, we use an XGBoost model to separate dust from non-dust
components of PMj,. The section presents the validation and perfor-
mance results of this initial separation process.
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Fig. 5. Time series of hourly observed and simulated PM;, concentrations in (a) Beijing, (b) Yulin, and (c) Xi'an city during March 10~30, 2021. The black dots
represent the observation results, while the blue and red lines represent the Default and Updated simulation results, respectively. The tables within each panel
provide the average PM;, concentrations for the two dust events (dust event 1: March 15 to 20, dust event 2: March 27 to 29). (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)

Although the performances of the station-specific XGBoost models
for PM;¢_nondust prediction vary across national monitoring stations in
Shaanxi Province during the validation period, their overall perfor-
mances are robust. From Fig. S3, the models achieve an average coef-
ficient of determination (R%) of 0.84, with RMSE and MAE being
relatively low and stable levels at 16.01 pg m~> and 11.26 pg m 3,
respectively. These results indicate that the trained XGBoost model (i.e.,
the first module in Fig. 2) can effectively predict PM;¢_nondust con-
centrations during both non-dust and dust episodes across different re-
gions, thereby providing a reliable foundation for subsequent dust-
related PM;( prediction.

Fig. S4 presents the time series of observed hourly PM;( concentra-
tions together with the XGBoost-predicted PM;(_nondust and PM;(_dust
concentrations for three cities at different latitudes in Shaanxi Province,
Yulin (38.18 °N, 109.47 °E), Xi'an (34.17 °N, 108.57 °E), and Hanzhong
(33.04 °N, 107.01 °E), during the spring seasons from 2018 to 2023. The
PM; o_dust peaks predicted by the model align closely with the observed
PM; peaks, indicating that the XGBoost model effectively captures the
increases in PM;( concentrations caused by dust events. Moreover,
PM;(_dust concentrations rise sharply during these dust episodes,
whereas PM;o_nondust levels remain relatively stable. This phenome-
non is consistent with the findings of Jin et al. (2018), who also reported
an increase in PM; concentrations during dust events, whereas PMy 5

concentrations are less affected and generally remain unchanged.

To further demonstrate the accuracy and reliability of the XGBoost
model in predicting PM;o_dust, we conducted a case study using a
typical dust episode (March 15~20 in 2021), consistent with Section
3.1. Distinct PM;o concentration peaks were sequentially observed in
Yulin, Xi'an, and Hanzhong (Fig. 6). Located at the edge of the Mu Us
Desert in northern Shaanxi Province, Yulin was the first to be affected by
the dust event, with the observed PM; peak of 4613.30 pg m~> and the
XGBoost predicted PM;q_dust peak of 4467.40 pg m™°. Both peaks
occurred simultaneously at 18:00 local time on March 15, demon-
strating temporal synchronization (Table S4). Additionally, the ratio of
PM;(_dust to PM;o remained stable between 0.73 and 0.96 (Fig. S5),
suggesting that PMj in Yulin city was predominantly composed of dust,
which is consistent with the city's geographical location adjacent to dust
source regions. For Xi'an, which is located at a lower latitude than Yulin,
the PM; peak lagged behind Yulin city by 18 h. The observed PM;( and
predicted PM;o_dust peaks were 917.70 pg m~> and 761.80 pg m >,
respectively. The ratio of PM;o_dust to PM;( ranged from 0.50 to 0.80,
suggesting a lower contribution of dust to total PM;¢ compared to Yulin,
likely resulting from the downwind transport of dust combined with
local emissions. In Hanzhong, located at the southern foot of the Qinling
Mountains, a much lower PM; peak of 417 pg m™~> was observed, with
the predicted PM;q_dust peak of only 291 pg m~>. The PM;o_dust to
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Fig. 6. Time series of hourly PM;q concentrations in (a) Yulin, (b) Xi'an, and (c) Hanzhong during March 2021. The black dots denote the observed PM;q con-
centrations, the blue line represents the PM;o_nondust concentrations predicted by the XGBoost model, the red line represents the PM;o_dust concentrations,
calculated as the difference between observed PM;o and predicted PM;o_nondust concentrations, and the red shadings represent the two major dust events from
March 15~20 and 27~29. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

PM; ratio ranged from 0.34 to 0.69, reflecting a further decreased dust
contribution due to the blocking effect of the Qinling Mountains and the
along-path loss during the transportation of dust aerosols, which en-
hances dust deposition and increases the relative contribution of non-
dust sources such as biomass burning and secondary aerosols
(Table S4). Furthermore, the XGBoost-predicted PM;_nondust concen-
trations in the three cities during this period remained stable within the
range of 103~131.40 pg m >, which is comparable to the background
concentrations during non-dust periods (80.98~~147.59 pg m~>). This
suggests that anthropogenic emissions and secondary aerosols are only
marginally affected by the dust events. Overall, these results confirm
that the XGBoost model can effectively distinguish between dust and
non-dust contributions to PM;( and non-dust sources, and accurately
capture regional variations in dust impacts.

3.3. Comparison and evaluation of the ML models’ results

Fig. 7 compares the performance of the UI-WRF-Chem model against
four ML models, i.e., NetGBM, XGBoost, RF, and an ensemble model, in

simulating PM;o_dust concentrations during the validation period. The
UL-WRF-Chem model shows limited performance in capturing dust-
related PM;( variability, with a low R? of 0.21 and relatively high
RMSE and MAE of 219.45 pg m > and 107.29 pg m ™3, respectively. To
address these limitations, we employed multiple ML models for post-
processing, leveraging UI-WRF-Chem outputs as ML model inputs to
enhance the simulation performance. As shown in Fig. 7b-e, all ML
models effectively reduce the simulation bias present in the UI-WRF-
Chem results, but their post-processing performances are different.
The XGBoost and RF models show the best performance, with R% of 0.90
and 0.89, RMSE of 29.08 pg m~> and 30.58 pg m >, and MAE of
11.87 pg m~3 and 12.69 pg m~3, respectively. The post-processing
performance of the NetGBM model is relatively poor, with an R? of
0.85, RMSE of 38.02 pg m >, and MAE of 16.77 pg m . The superior
performance of the tree-based model (XGBoost and RF) over NetGBM
likely stems from the regional scale of the dataset and its feature dis-
tribution. As a gradient boosting model that integrates neural network
components, NetGBM may be more sensitive to the imbalanced distri-
bution of sandstorm event samples (Ma et al., 2024). The previous study



T. Sha et al.

Atmospheric Environment 380 (2026) 122098

(b) NetGBM (c) RF
600 g R2 0.85 S R2:0.89 .
500 RMSE: 38.02" . 1 |RMSE: 30.58
- MAE: 16.77 .- MAE: 12.69
é 400 y=0.81x+4.34 y=0.85x+3.10.
| P L
< 300
% 200 B
£ : MSE: 219.45
Fr MAE: 107.29
100 02x+13043

0 A & T
0 100 200 300 400 500 600 O
Obs PM,,_dust

100 200 300 400 500 600
Obs PM,,_dust

(d) XGBoost

600 [Rz:0.00 .
RMSE: 29.08

- 500 | \AE: 1187 . .

& 400 | y=0.88x+2.59

T, .

E-— 300

£ 200

® 100

0

0 100 200
Obs PM,,_dust

300 400 500 600

0 100 200 300 400 500 600
Obs PM,,_dust
(e) Ensemble ML
R2: 0.92 - T
RMSE: 28.53 "
MAE: 11.78 -

0 100

200 300 400 500 600
Obs PM,,_dust

0 3 6 9

12

15 18 21 24 27 30

Frequency

Fig. 7. Density scatter plots of five-fold cross-validation results for simulated and observed PM;o_dust during spring (March to May) from 2018 to 2022 using the UI-
WRF-Chem (Updated), NetGBM, RF, XGBoost, and Ensemble ML models. The frequencies in the legend at the bottom denote the density of the data distribution. The
regression line equation and statistics (R?, RMSE, MAE) are provided in each panel.

also demonstrated that the RF model shows greater robustness in
sandstorm prediction (Kazemi et al., 2026). Furthermore, our ensemble
model does not simply average outputs, it leverages the strengths of
diverse base learners to reduce individual model uncertainty and vari-
ance. This mechanism allows the ensemble framework to capture
extreme dust peaks more effectively than any single constituent model
(Shi et al., 2024). By integrating the strengths of these individual ML
models, the ensemble model further reduces uncertainties associated
with single models and thereby achieves the optimal performance, with
the highest R of 0.92 and the lowest RMSE of 28.53 ug m~° and MAE of
11.78 pg m~3 among all ML models. This ensemble approach not only
significantly improves the dust-related PM;o simulation performance
but also enhances the model stability, thereby optimizing overall
correction performance. Therefore, the ensemble ML model is selected
as the post-processing tool for the PM;o_dust simulation results, aiming
to accurately characterize dust-related PM;( concentrations during dust
events.

3.4. Performance on PM;q simulation

To validate the post-processing performance of the ensemble model
in refining PM;o_dust simulation results from the UI-WRF-Chem model,
we selected the spring of 2023 as the evaluation period, during which
seven dust events occurred. Details of these events and associated
observed PM;( concentrations are summarized in Table S5. Fig. 8
compares the observed and simulated hourly PM;o concentrations,
averaged across 51 national monitoring sites in Shaanxi Province from
March to May 2023. We choose to directly compare total PMj(
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concentrations to intuitively assess whether the ensemble ML model can
capture the impacts of the dust events’ onset and dissipation processes
on PM; variations. Although the Updated simulation could capture the
overall temporal variation of PM;( concentrations, it shows relatively
poorly in reproducing PM; peak levels during dust events. Specifically,
the Updated simulation overestimates the PM; levels across all seven
spring dust events, exhibiting an overestimation of 203.20 pg m 3,
RMSE of 410.40 pg m~>, and MAE of 307.72 pg m™>, respectively. In
contrast, the Updated_ML simulation better reproduces the PM; vari-
ations during dust events, reducing the bias to —123.66 g m~>, RMSE to
173.23 pg m~>, and MAE to 131.62 g m >, respectively. On the whole,
the ensemble model effectively improves the accuracy of the PM;o
simulation, particularly during intense dust transport processes.
Nevertheless, the ensemble model still has limitations and fails to
accurately capture the PM; peak levels during certain dust events (e.g.,
April 6 to 7 and 19 to 21). This shortcoming may be attributed to un-
certainties in the input data, which leads to inconsistent performance of
the ML model when predicting extreme PM;( peaks. As reported by Chen
et al. (2024), who also suggested that significant discrepancies between
ML predictions and observations often arise when air pollutant con-
centrations abruptly increase. Furthermore, dust events are
low-frequency phenomena, thereby the training dataset of the ensemble
model lacks sufficient samples of extreme sandstorm events with high
PM;( concentrations, and the corresponding meteorological-surface
configurations (e.g., specific combinations of soil moisture, wind
fields, and vegetation cover). Since ML models are fundamentally based
on historical distributions, their extrapolation capabilities for rare or
unobserved conditions remain constrained. This limitation has been
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Fig. 8. Time series of observed and simulated hourly PM;, concentrations from Updated and Updated_ML in Shaanxi Province averaged across 51 monitoring sites
during (a) March, (b) April, and (c) May 2023. The black dots denote the observations, and the red and blue lines denote the simulation from the Updated and
Updated_ML, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

clearly reported in a previous study, which found that ML models sys-
tematically underestimate high concentrations of PM; when predicting
dust events in the southwestern United States (Aryal, 2022).

A Taylor diagram was used to evaluate the performance of the
Updated and Updated_ ML simulations against monthly mean PMjq
concentrations observed at 51 monitoring sites during the spring
(March-May) of 2023 (Fig. S6). The correlation coefficient (R) charac-
terizes the models’ ability to reproduce the temporal variations in PM;(
concentrations. The Normalized Standard Deviation (NSD) quantifies
the consistency of dispersion between simulations and observations, and
the Centered Root Mean Square Error (CRMSE), represented by purple
arcs, denotes the overall discrepancy between the simulations and ob-
servations (“Obs” point) across the three months. Specifically, the
Updated ML simulation shows much higher R (0.36~0.85) and lower
NSD (0.57~0.86) and CRMSE (0.59~0.96) than the Updated (R:
0.24~0.56, NSD: 1.35~3.05, CRMSE: 1.14~2.70) across these three
months (detailed statistics are shown in Table S6). Notably, the per-
formance of Updated_ML simulation exhibits monthly variability: April
shows the best agreement with observations (R = 0.85, NSD = 0.57,
CRMSE = 0.59), while May yields the most modest improvement
(R =0.36, NSD = 0.62, CRMSE = 0.96). The monthly variation is likely
attributable to differences in the frequency and intensity of dust events.
April typically experiences more frequent and stronger dust storms in
Shaanxi (Wang et al., 2022), which dominate the PM; signal. This al-
lows the ML model, trained on abundant dust event samples, to perform
more effectively. In contrast, May is characterized by fewer and weaker
dust events with non-dust sources (e.g., local anthropogenic emissions,
secondary aerosols) contributing more to total PMj. Since our ensemble
model is specifically designed to correct the dust component, its
improvement over the raw simulation is inherently limited during pe-
riods dominated by non-dust sources. Additionally, inter-monthly vari-
ations in meteorological conditions (e.g., wind fields, precipitation)
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influence dust transport and deposition, potentially leading to fluctua-
tions in model performance. Overall, these results demonstrate that the
Updated_ML simulation agrees more closely with observations and ex-
hibits better overall performance across the spring months compared to
the Updated simulation.

To analyze the post-correction performance of the ensemble ML
model for the UI-WRF-Chem PM;, simulations in different regions
across the Shaanxi Province during spring 2023, we compared the dis-
tribution of simulated bias, RMSE and R for PM;( between the Updated
and Updated ML (Fig. 9). In northern Shaanxi (north of the Qinling
Mountains as shown in Fig. 1), a region frequently affected by dust
events, the Updated simulation overestimates PM;o concentrations by
approximately 99.67~136.55 pg m° relative to observations, with
RMSE ranging from 299.76 to 385.93 pug m ™. In contrast, the Upda-
ted_ML reduces the bias to —57.42~-30.88 pg m >, and the RMSE de-
creases to 99.95~174.72 pg m > (Table S7). These improvements
indicate that Updated_ML effectively mitigates the overestimation of
dust-related PM;( components in the UI-WRF-Chem model. However,
the post-processing performance of Updated ML is more limited in
southern Shaanxi (south of the Qinling Mountains as shown in Fig. 1), a
non-dust source region. Compared to the Updated simulation, the bias
and RMSE of Updated ML are only reduced by 24.24 pg m™> and
87.05 pg m~3, respectively. This can be attributed to the relatively low
contribution of dust to total PM; in this region, combined with the fact
that the ML models do not incorporate calibration for non-dust PM;o
components. Regarding the distribution of R, the Updated ML simula-
tion shows higher R (0.55~0.72) in northern Shaanxi than the Updated
(R: 0.52~0.66). However, in downwind areas influenced by long-range
dust transport, the values of R for the two experiments are comparable
with no significant differences. The above verifies the reasonable per-
formance of the ensemble ML model in simulating PM;o concentrations
at 51 national monitoring stations across Shaanxi during the spring of
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simulations, and their differences (Updated_ML — Updated, right column) of the three metrics at 51 national monitoring stations in Shaanxi Province from March to

May 2023. (units of bias and RMSE are pg m~>).

2023.

To further assess whether the Updated_ML could accurately repro-
duce the dust transport process and capture the spatiotemporal distri-
bution characteristics of PM;o across Shaanxi during dust events, a
typical dust episode from April 9 to 12 in 2023 was selected as a case
study. This dust storm originated in southern Mongolia and western
Inner Mongolia, China, and was transported southeastward under the
influence of Mongolian cyclones and northwest airflows (Chen et al.,
2024). By 12:00 local time on April 9th, the dust storm reached the
northern Shaanxi Province. The observed hourly concentrations of PM;(
in Yulin city reached 1000~1200 pg m3, resulting in significantly
reduced visibility. On April 11, a dust storm spread southward into the
Guanzhong Basin, where observed hourly PM; concentrations in Xi'an
and Baoji cities exceeded 600 pg m~>. From April 12 to 13, the dust
storm continued to move southward. Subsequently, as cold air weak-
ened and precipitation occurred, the dust storm dissipated in Shaanxi
Province on April 13, with PM;, concentrations decreasing below
300 pg m~3 (Fig. S7).

Fig. 10 shows the distribution of simulated hourly PM;q from
Updated and Updated_ML against the observations across the Shaanxi
Province during the dust event from April 9 to 12, 2023. Although the
Updated can capture the southeastward dust transport pattern and the
rapid increase in PM;jo concentrations, it significantly overestimates
PM;( concentrations in the northern study region. Specifically, the
simulated peak PM;( concentrations exceed 2000 pg m’3, whereas the
observed peak is only 754 pg m > (Table S8). Moreover, the variation
range of simulated PM;jo concentrations across the entire Shaanxi
Province from the Updated is 25.90~2061.90 pg m~>, which is much

12

higher than the observations (54~753.71 pg m’g). The ensemble ML
model effectively reduces the simulated peak PM;( concentrations and
yields a variation range of 110.30~360.51 pg m~> during this dust
event. It also reproduces the spatiotemporal variation in high PM;g
concentrations, thereby enabling the simulations to better align with the
observations. Consequently, the ensemble ML model significantly en-
hances the PM; simulation performance of the UI-WRF-Chem model
during extreme dust storm episodes.

4. Conclusion and discussion

In this study, we developed a comprehensive framework for
improving dust aerosol simulations over Shaanxi Province, a typical
Northwest region downwind of the Gobi Desert and prone to dust
storms, through the synergistic integration of an updated UI-WRF-Chem
model and a ML-based post-processor. To address key limitations in the
traditional dust model (GOCART-AFWA), we introduced a dynamic
EROD data derived from multi-satellite observations on a monthly scale.

The integration of updated land surface parameters within the UI-
WRF-Chem model and the post-correction approach from the
ensemble ML model collectively form a robust framework that signifi-
cantly enhances the simulation of PM;( concentrations for the spring of
2023. The ensemble ML model can yield markedly higher R (0.36~0.85)
and lower NSD (0.57~0.86) and CRMSE (0.59~0.96) of the simulated
PM;y compared to the UI-WRF-Chem outputs (R: 0.24~0.56, NSD:
1.35~3.05, CRMSE: 1.14~2.70) across these three months in 2023.
Compared with previous CTM-only studies (e.g., Han et al., 2021; Lee
and Lee, 2022), our hybrid framework achieves a substantial reduction
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in PMyq simulation bias (from 203.2 pg m > to —123.66 pg m > for
spring 2023). This improvement is comparable to or even exceeds results
achieved using ensemble Kalman filtering (Raman et al., 2021), but with
the distinct advantage of significantly lower computational costs.
Furthermore, the post-correction performance of the ensemble ML
model exhibits significant spatial heterogeneity. Across the Shaanxi
Province, the ML post-processing reduces the bias and RMSE by
24.24~70.24 pg m~> and 87.05~214.10 pg m >, respectively, while the
improvement in R is more modest, particularly in southern Shaanxi. The
superior performance in northern Shaanxi aligns with a previous study
that model simulations are more effective in areas close to dust source
regions (Jin et al.,, 2018). Unlike the statistical post-processing
approach, our framework explicitly distinguishes between dust and
non-dust components, thereby providing results with clear physical
interpretability.

However, there are still several limitations that require improve-
ment. First, dust storms occur infrequently, leading to a scarcity of high
PM; concentration samples in the ML model training dataset. Conse-
quently, the models cannot fully learn the concentration variation pat-
terns under extreme dust storm scenarios, which affects the accuracy of
predicting the peak dust concentrations during such episodes. Second,
the current model only corrects PMjg_dust and does not include
PM;_nondust, such as particles from anthropogenic sources. In regions
with low dust storm frequency where total PM;( is dominated by
anthropogenic pollutants, the model fails to effectively reduce simula-
tion biases, limiting its regional applicability. Differences in surface
properties (e.g., soil texture and vegetation coverage) and meteorolog-
ical fields across regions may cause spatial heterogeneity in simulation
performance, and the model's cross-regional generalizability requires
further verification. Accordingly, future research should intensify
ground-based monitoring in high-frequency dust storm regions to obtain
high-accuracy PM;( observations, which will refine the ML model's
training dataset for extreme dust events and improve its predictive
robustness. Additionally, the ML post-processing framework should be
expanded to incorporate both dust and non-dust PM;y components,
integrating anthropogenic emission inventories, such as those from in-
dustrial, vehicular, and biomass burning sources, to enable accurate
total PM; simulation across different regions.
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