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Fig.1

(a) Total spring dust duration (units:h) from 2014 to 2023 based on surface meteorological station observations; (b) mean

surface PM, mass concentration (units:pg - m™) in spring from 2014 to 2023 based on surface air-quality monitoring sta-

tions.The red box indicates Dust-Affected Region 1 (DARI1) ,and the blue box indicates Dust-Affected Region 2 (DAR2)
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Table 1 Key parameters of the MODIS and VIIRS satellite in-
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ST 5 F JEE 458 1 2 B (LR 2 A, % B (EL i SR
J ) b 3 MORE 12 Bl BT T Y B /N EE 4 . LOTOS-
EUROS ffi [{] 1 5 il 4% o M40 AN [] /) 1y 7> 22 6
R (% 2) .
®2 WEASHESHEEER
Table 2 Classification of dust composition and corresponding

particle-size ranges
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Fig. 2 Schematic framework of the dust assimilation

system ( cited from Pang et al.(2023))
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Fig.3 Analysis strategy of (a) the EnKF and (b) the VTS-EnKF methods under position-error conditions ( cited from Pang et

al.(2024))
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Fig.5 Mean dust mass concentration fields for 2019—2023. ( a) prior mass concentration, ( b) posterior mass concentration, and

(c)analysis increment( posterior minus prior) (units; g+ m™)

186



4 1AW, 45 :2014—2023 £ 7R M0 DX b 20 A0 I J5T ik vk B 43 AT BOHE B

R3 2014—2023 FRE FRIVEFHRERERELSN
Be
Table 3 Average dust prior and posterior mass concentrations

and corresponding analysis increments for the entire

study period,by month,and by year from 2014 to 2023
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Table 4 RMSEs of dust prior and posterior mass concentra-

tions,and their analysis increments, for the entire pe-

riod, for March-April, and for each year from 2014 to

2023 pg - m”’
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2014—2023 4 256.67 59.33 -197.34
3 A 176.49 66.63 -109.86
4 A 271.63 59.36 -212.27
5 H 316.63 52.33 -264.29

2014 4E 108.98 15.69 -93.29
2015 4 234.85 66.92 -167.93
2016 4F 295.03 66.63 -228.40
2017 4 393.32 59.01 -334.32
2018 4 392.49 81.37 -311.12
2019 4F 182.34 55.24 -127.10
2020 4 194.80 52.77 -142.03
2021 4 249.24 72.23 -177.01
2022 4E 252.07 52.75 -199.33
2023 4F 263.58 70.71 -192.87
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Table 5 Average dust prior and posterior mass concentrations and analysis increments in DAR1 and DAR2 for March, April, and

3

May from 2014 to 2023 pg s m-
S5 3V UK I T B4 U R
KR Ay

DARI1 DAR2 DARI1 DAR2 DARI1 DAR2
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5 719.87 311.05 192. 48 44.81 -527.39 -266.23

3 207. 66 47.28 60. 65 26. 10 -147.01 -21.18
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Fig.8 Scatter plots of domain-averaged dust mass concentrations comparing posterior estimates with MERRA-2 dust products

for (a—j) 2014—2023 (units:pg - m ")
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Fig.9  Scatter plots of averaged dust mass concentrations over DARI comparing posterior estimates with MERRA-2 dust

products for (a—j) 2014—2023 (units: g - m’’)
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Fig.10 Scatter plots of averaged dust mass concentrations over DAR2 comparing posterior estimates with MERRA-2 dust prod-

ucts for (a—j) 2014—2023 (units: g - m™)
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A decadal dust aerosol mass concentration reanalysis over East Asia
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2 Institute of Applied Mathematics , Delft University of Technology ,Delft 2628 CD , Netherlands

Abstract Dust storms are among the most severe hazardous weather phenomena affecting northern China and
adjacent regions. The primary dust source areas—including the Alxa-Hexi Corridor, the Tengger Desert, and the
southern Mongolian Gobi Desert—emit more than 800 Mt of dust annually.During spring, the interaction between
the Siberian high and Mongolian cyclones generates strong near-surface winds and enhanced vertical convection,
forming a three-dimensional “uplift-suspension-transport” structure that promotes dust storm development. Under
ongoing global warming,declining spring precipitation over the Mongolian Plateau and extensive desertification—
currently affecting over 75% of Mongolia—are expected to further intensify transboundary dust transport into Chi-
na,with severe consequences for public health,agriculture,,and transportation.These challenges underscore the ur-
gent need for long-term, high-quality dust datasets to improve understanding of dust emission mechanisms and
forecasting capabilities.

Atmospheric models are essential tools for simulating dust emission, transport,and deposition,as well as for
assessing impacts on climate, ecosystems, and human health. However, large uncertainties in emission parameter-
izations and long-range transport processes persist, often resulting in substantial biases in simulated dust concentra-
tions,in some cases differing from observations by up to two orders of magnitude.Recent advances in atmospheric
observation systems provide valuable constraints, including China’s nationwide hourly PM,, monitoring network
and satellite remote sensing products with broad spatial coverage and multi-dimensional aerosol information, such
as MODIS aerosol optical depth (AOD).In this context,data assimilation methods grounded in Bayesian theory
offer an effective framework for integrating observational data with model simulations to generate spatially contin-
uous and more accurate dust reanalysis datasets.Despite progress, existing studies have primarily focused on indi-
vidual dust events,and long-term dust reanalysis efforts remain limited due to observation biases, sparse data cov-

erage over source regions,transport errors,and the strong spatiotemporal variability of dust emissions.
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Building upon a self-developed dust storm assimilation system, this study integrates ground-based PM, ob-
servations , bias-corrected satellite AOD data,and an effective valid time shift ensemble Kalman filter ( VTS-En-
KF) designed to jointly correct dust intensity and transport position errors.Using this framework, we construct a
high-resolution (0.25°x0. 25°,3-hourly ) three-dimensional dust aerosol mass concentration reanalysis dataset for
East Asia during spring ( March-May) over the period 2014—2023.This dataset provides a robust basis for inves-
tigating long-term dust variability , transboundary transport processes,and associated impacts on climate, the envi-
ronment, and public health.

Comparisons with MERRA-2 dust reanalysis demonstrate clear advantages of the newly developed dataset.
While MERRA-2 exhibits reasonable agreement at low dust concentrations (<75 g - m’),it substantially un-
derestimates dust levels and exhibits larger uncertainties under moderate to severe dust conditions, particularly in
dust-affected regions. Analysis of springtime dust variability from 2014 to 2023 reveals pronounced interannual
and spatial heterogeneity , with dominant dust activity over the Tarim Basin and the Gobi Desert in China and epi-
sodic contributions from the Mongolian Gobi.Relative to observations, prior simulations tend to overestimate dust
concentrations, whereas data assimilation introduces widespread negative analysis increments, reducing the
regional mean concentration from 65. 24 to 39.99 pg - m . Notably , the reanalysis accurately captures both the
intensity and timing of dust events in densely populated areas.Overall, the assimilation framework substantially
improves dust representation,reducing RMSE by 76.9% and yielding a more reliable depiction of monthly and in-

terannual dust variability.
Keywords dust storm ;reanalysis data;data assimilation
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