
1 
 

Extreme Dust Intensity is Decoupled from Spring Dust Intensity in the Taklamakan 1 

Desert due to Different Low-level Winds 2 

 3 

Chenglong Zhou1,4, Qingzhe Zhu2,3*, Ze Chen1,4, Xinghua Yang1,5, Ali Mamtimin1,4, Fan 4 
Yang1,4, Wen Huo1,4, Yu Wang1,4 5 

 6 
1 Institute of Desert Meteorology, China Meteorological Administration/National Observation and 7 
Research Station of Desert Meteorology, Taklimakan Desert of Xinjiang/Taklimakan Desert 8 
Meteorology Field Experiment Station of China Meteorological Administration/Xinjiang Key 9 
Laboratory of Desert Meteorology and Sandstorm, Urumqi, 830002, China 10 
2 State Key Laboratory of Physical Oceanography, Ocean University of China, Qingdao, 266100, 11 
China 12 
3 Department of Marine Meteorology, College of Oceanic and Atmospheric Sciences, Ocean 13 
University of China, Qingdao, 266100, China 14 
4 Tazhong National Climate Observatory, Qiemo, 841999, China 15 
5 College of Geographical Sciences, Shanxi Normal University, Taiyuan, 030000, China 16 

 17 

*Corresponding author: Qingzhe Zhu (zhuqingzhe@ouc.edu.cn) 18 

  19 

https://doi.org/10.5194/egusphere-2026-6188
Preprint. Discussion started: 6 November 2026
c© Author(s) 2026. CC BY 4.0 License.



2 
 

Abstract 20 

Extreme dust events (EDEs) are intensifying under climate change, causing serious 21 

environmental and ecological issues. However, the relationship between EDE intensity and 22 

seasonal dust intensity remains unclear, limiting the possibility of using seasonal dust activities to 23 

estimate EDE strength. Using two satellite observation datasets, we investigate the relationship 24 

between interannual variations of spring dust intensity and EDE intensity in North Africa (NA), 25 

the Middle East (ME), and the Taklamakan Desert (TD). Results reveal that EDE intensity strongly 26 

correlates with spring dust intensity on an interannual basis in NA and ME, whereas no significant 27 

correlation exists between them in TD. The discrepancy in TD arises because spring dust and EDEs 28 

are driven by different atmospheric circulations: spring dust responds to a “positive-negative-29 

positive” geopotential pattern over Europe, Central Asia, and East Asia which caused by European 30 

precipitation anomalies; conversely, EDEs are linked to a negative geopotential height pattern over 31 

East Asia which is originated from the diabatic heating/cooling due to the western/eastern North 32 

Atlantic precipitation anomalies. A composite index, integrating spring and EDE circulations, can 33 

effectively characterize the dust intensity variation difference in TD. In the future, the 34 

inconsistency between the interannual variability of EDE intensity and that of spring dust intensity 35 

will persist under high-emission scenarios. Our study demonstrates EDEs in TD are relatively 36 

independent of spring dust activities, providing a novel framework for improving EDE 37 

predictability. 38 

 39 
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1. Introduction 40 

The increasing frequency and intensity of extreme weather events under climate change have 41 

presented significant global challenges (Liao et al., 2021; Bevacqua et al., 2023; Lei et al., 2024). 42 

An extreme dust event (EDE) is a type of extreme weather event originating from desert regions, 43 

characterized by high dust intensity and extensive impact areas (Gui et al., 2022; Zhu and Liu, 44 

2024). The impacts of dust aerosols from EDEs are multifaceted, mainly including affecting the 45 

global radiation budget through scattering and absorption, altering cloud microphysical processes 46 

by acting as cloud condensation and ice nuclei, and significantly impairing regional air quality and 47 

reducing visibility (Kawai et al., 2021; Mostamandi et al., 2023; Zamora and Kahn, 2024), which 48 

have a direct consequences for the regional economy, ecological environment, and human health 49 

(Cañadillas-Ramallo et al., 2022; Rodríguez and López-Darias, 2024). 50 

Recent notable EDEs include the unprecedented trans-Atlantic African dust plume in June 51 

2020 (Pu and Jin, 2021), which severely worsened air quality across the tropical North Atlantic 52 

and North America. In addition, a severe African dust event erupted from March 27 to April 01, 53 

2024, with large masses of Saharan dust crossing the central Mediterranean and invading Europe, 54 

causing serious impacts on air quality, visibility, and human health in Italy, France, Switzerland, 55 

and Germany (Pons et al., 2025). East Asia has also seen intense EDEs in recent years, such as the 56 

March 2021 Gobi Desert storms which resulted in the strongest dust event in northern China in 57 

nearly a decade (Gui et al., 2022; Yin et al., 2022), and the persistent dust activities in spring 2023 58 

which led to the highest frequency of dust events in China since 2011 (Chen et al., 2023; Chen et 59 

al., 2024). Moreover, EDEs also occur in the Middle East and India (Singh et al., 2021; Zittis et 60 

al., 2022).  61 

Due to the low probability characteristic of EDEs, current EDE-related research primarily 62 

focuses on case studies similar to those mentioned above. Satellite observations provide robust 63 

support for identifying, tracking, and analyzing typical EDEs, deepening our understanding of 64 

their characteristics (Pu and Jin, 2021; Xue et al., 2025; Pons et al., 2025). However, due to the 65 

constraints of case studies, there remains a lack of analysis on the long-term evolution of EDEs, 66 

limiting our comprehension of their long-term features. Some polar-orbiting satellites possess 67 

global detection capabilities and decades of continuous observation records (such as Terra and 68 

Aqua), providing invaluable data for studying the long-term characteristics of dust activity and its 69 

relationship with climate change (Wei et al., 2024; Urraca et al., 2025). Currently, these long-term 70 
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aerosol observations are primarily used for analyzing interannual variations and trends in seasonal 71 

or annual average dust parameters (Gandham et al., 2022; Merdji et al., 2023). Against the 72 

backdrop of increasingly severe extreme weather events, investigating the long-term variability 73 

characteristics of EDEs is crucial. Furthermore, the low probability of extreme weather events also 74 

makes their frequency and intensity difficult to predict, while forecasts for seasonal averaged 75 

patterns of meteorological elements are relatively accurate at present (Devanand et al., 2024; Doi 76 

et al., 2024; Wu et al., 2025). Therefore, clarifying the relationship between the interannual 77 

variation in EDE intensity and the interannual variation in seasonal dust intensity is crucial for 78 

predicting the EDE strength. Critically, if EDE intensity is not strongly tied to seasonal dust 79 

intensity, predicting these extreme events based on seasonal forecasts becomes vastly more 80 

challenging. 81 

To address the above issues, we utilized multi-source satellite observations to obtain the long-82 

term characteristics of dust aerosol optical depth (DOD) during EDEs and spring in global major 83 

dust regions to assess dust intensity. In addition, we compared the relationship between interannual 84 

variations of EDE DOD and those of spring DOD, as well as analyzed the reasons for the 85 

differences in their interannual variations. Furthermore, an index for the interannual differences 86 

between EDE DOD and spring DOD was provided. Finally, the relative independence of EDE 87 

DOD relative to spring DOD was discussed, future changes were briefly analyzed, and potential 88 

uncertainties were clarified. Our findings indicate that EDE intensity is decoupled from spring dust 89 

intensity in the Taklamakan Desert, and EDE DOD is relatively independent of spring DOD, rather 90 

than a simple amplification of the spring dust activity. The results of this study will improve the 91 

understanding of long-term variations in the EDE intensity, promote awareness of the unique 92 

features of EDEs, and provide assistance for future EDE predictions. 93 

2. Data and Methods 94 

2.1. Satellite-based aerosol products 95 

In this study, the daily aerosol optical depth (AOD) at 550 nm, Ångström exponent (AE) at 96 

412-470 nm, and single scattering albedo (SSA) at 470 nm derived from the Terra MODIS 97 

Collection 6.1 level 2 products (MOD04_L2) during the spring from 2000 to 2025 were used to 98 

calculate the daily DOD. These variables are given by the latest Deep Blue algorithm, which 99 
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consists of geolocated granules of 10 × 10 pixels, each with a 1 km resolution at nadir. Only 100 

quality-assured (QA = 1) data were selected for analysis. 101 

DOD in this study is mainly calculated based on Pu and Ginoux (2018). The calculation 102 

formula is as follows: 103 

𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐴𝐴𝐴𝐴𝐴𝐴550𝑛𝑛𝑛𝑛 × (0.98 − 0.508 × 𝐴𝐴𝐴𝐴 + 0.051 × 𝐴𝐴𝐴𝐴2)               (1) 104 

This method requires SSA at 470 nm to be less than 0.99 for the retrieval of DOD. 105 

Moreover, Li and Ginoux (2025) recently released an updated DOD inversion algorithm. The 106 

calculation formula is as follows:  107 

𝐷𝐷𝐷𝐷𝐷𝐷 = 𝐴𝐴𝐴𝐴𝐴𝐴550𝑛𝑛𝑛𝑛 × [1 − (0.051 + 0.336 × 𝐴𝐴𝐴𝐴 + 0.085 × 𝐴𝐴𝐴𝐴2)]       (2) 108 

To avoid uncertainty caused by a single algorithm, the method by Li and Ginoux (2025) has 109 

also been applied to the calculation of DOD. The calculated DOD by each algorithm is interpolated 110 

to a grid of 1° × 1°. 111 

In addition, the infrared atmospheric sounder interferometer (IASI) launched onboard the 112 

European Meteorological Operational satellite (METOP) directly provides the DOD observation 113 

from 2008 to 2023, showing high quality in capturing the spatiotemporal variability of dust in 114 

comparison to ground measurements (Blumstein et al., 2004; Capelle et al., 2018). In this study, 115 

daily gridded DOD at 10 μm with a resolution of 1° during the spring from 2008 to 2023 was used, 116 

and the DOD product is derived from the average of an ensemble of multiple algorithms. 117 

2.2. Meteorological products 118 

The hourly meteorological conditions including 10-m winds (UV10), soil water (SW), 119 

precipitation (P), potential evaporation (PE), winds at 850 hPa (UV850) derived from ERA5 120 

reanalysis datasets (Hersbach et al., 2020) with a resolution of 0.5° and the daily Normalized 121 

Difference Vegetation Index (NDVI) observed by Advanced Very High Resolution Radiometer 122 

(AVHRR) from NOAA Climate Data Records with a resolution of 0.05° were used to assess the 123 

impact of meteorological conditions on DOD variations. The hourly geopotential height at 500 124 

hPa (G500) derived from ERA5 was used for the calculation of Rossby wave activity flux (Takaya 125 

and Nakamura, 2001), and the hourly air temperature, vertical velocity, and horizontal wind vector 126 

between 850 hPa and 300 hPa derived from ERA5 were used for the calculation of the apparent 127 

heat source (Yanai et al., 1973). 128 

 129 

 130 
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2.3. CMIP6 model 131 

The daily AOD datasets under the first variant level “r1i1p1f1” were obtained from CMIP6. 132 

The historical experiments and two Shared Socioeconomic Pathways (SSPs) scenario experiments 133 

were used (SSP245 and SSP585). According to the availability of predictors, 5 models including 134 

AWI-ESM-1-REcoM, MPI-ESM1-2-HR, MPI-ESM1-2-LR, NorESM2-LM, and UKESM1-0 135 

were selected.  136 

3. Methods 137 

3.1. Identification of extreme dust events 138 

An extreme dust day was defined as a day where the regionally averaged daily DOD exceeded 139 

the 90th percentile of all spring daily DOD values during the study period (2000-2025 for MODIS, 140 

2008-2023 for IASI). Furthermore, extreme dust days were also extracted at the 85th percentile to 141 

avoid uncertainty associated with a single threshold. For each year, DODs during all extreme dust 142 

days were averaged to calculate the annual EDE DOD, which represents the EDE intensity, and 143 

spring DOD was calculated by the seasonal mean (March-April-May) of daily regional average 144 

DOD to characterize the spring dust intensity.  145 

3.2. Linear Baroclinic Model 146 

To reveal the effect of diabatic heating/cooling on 10-m winds, a linear baroclinic model 147 

(LBM), which can elucidate complex feedback in the atmosphere, was used in this study 148 

(Watanabe and Kimoto, 2000). The model was derived from the NCEP reanalysis and operated at 149 

a horizontal resolution of 2.8° × 2.8° and 20 vertical levels in the sigma coordinate. The LBM has 150 

been widely used to study atmospheric responses under given heating conditions (An et al., 2023; 151 

Fu et al., 2024; Huang et al., 2024). In this study, the horizontal ellipse shape and the vertical sine 152 

function are used to generate the forcing, with the default diffusion and damping coefficients. The 153 

maximum heating rate is applied at 0.5 of the sigma layers (about 500 hPa), and the integration 154 

time of the model is set to 20 days.  155 

3.3. Statistical analysis 156 

Pearson correlation, regression analysis, and the two-tailed Student’s t test were applied to 157 

examine the relationship between EDE DOD and spring DOD. An empirical orthogonal function 158 

(EOF) analysis was used to obtain the dominant modes of EDE DOD and spring DOD. 159 
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4. Results 160 

4.1. Regional differences in the correlation between EDE intensity and spring dust intensity 161 

The spatial distributions of the spring DOD derived from IASI (Fig. 1a) and MODIS using 162 

the Pu and Ginoux (2018) algorithm (Fig. 1c) indicate that spring dusts are mainly distributed in 163 

the mid-to-low latitude regions from Africa to East Asia, with North Africa (NA), the Middle East 164 

(ME), and the Taklamakan Desert (TD) being the global main high-value areas for DOD.  Fig. 1b 165 

shows the daily regional average DOD derived from IASI in NA, ME, and TD during the spring 166 

of 2008-2023, and the orange dots represent the 90th percentile of daily DOD, which is the 167 

threshold for EDE. Similarly, characteristics of DOD derived from MODIS during the spring of 168 

2000-2025 (Fig. 1d) are consistent with those derived from IASI.  169 

Based on MODIS daily DOD by Pu and Ginoux (2018) algorithm and corresponding EDE 170 

thresholds, the interannual variations of spring DOD and EDE DOD in NA, ME, and TD from 171 

2000 to 2025 are characterized (Figs. 2a1-a3). Both the spring DOD and EDE DOD in NA and 172 

those in ME first increase and then decrease (Figs. 2a1-a2). Spring DOD and EDE DOD in TD 173 

both show a decreasing trend and exhibit strong interannual variability (Fig. 2a3). As depicted in 174 

Figs. 2b1 and 2b2, the interannual variations of spring DOD and EDE DOD in NA and ME show 175 

great consistency, with correlation coefficients of 0.35 and 0.42, respectively, both significant at a 176 

90% confidence level (p < 0.1). However, the correlation between the two metrics in TD is weak 177 

and insignificant (Fig. 2b3). The MODIS DOD results obtained using the Li and Ginoux (2025) 178 

algorithm (Figs. 2c1-d3) and the results derived from IASI (Figs. 3a1-b3) confirmed the robustness 179 

of the above phenomenon.  180 

To avoid uncertainty caused by a single EDE threshold, Fig. 3c shows the results of using the 181 

85th percentile of daily DOD as the EDE threshold. Similar to the results obtained when the 90th 182 

percentile was used as the EDE threshold, the relationship between spring DOD and EDE DOD in 183 

TD remained weak and insignificant when the threshold was lowered (purple bars in Fig. 3c); even 184 

results based on IASI indicate a weak negative correlation between spring DOD and EDE DOD. 185 

In addition, there is still a strong positive correlation between spring DOD and EDE DOD in NA 186 

and ME. These results clearly indicate the uniqueness of EDE DOD in TD compared to EDE DOD 187 

in NA and ME, which shows that there is no obvious relationship between EDE DOD and spring 188 

DOD in TD. 189 
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 190 
Figure 1. (a) Spatial distributions of the spring DOD at 10 μm derived from IASI during 2008-2023. The blue, 191 
red, and purple rectangles represent NA (4-23°N, 17°W-24°E), ME (15-37°N, 39-57°E), and TD (the area below 192 
2000 m within 36-43°N, 75-90°E), respectively. (b) Box plots of the daily regional averaged DOD derived from 193 
IASI during the spring of 2008-2023 in NA, ME, and TD. The 90th percentile of daily DOD is marked in the 194 
orange point; the value on the left side of the point is the corresponding DOD value. Boxes show medians and 195 
25-75% interquartile ranges; whiskers present minimum-maximum ranges. Curves represent the normal 196 
distributions of daily DOD. (c) and (d) same as in (a) and (b), but for spring DOD at 550 nm derived from 197 
MODIS using the Pu and Ginoux (2018) algorithm during 2000-2025. 198 
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 199 
Figure 2. Time series of the spring DOD (purple points) and EDE DOD (green points) derived from MODIS 200 
using the Pu and Ginoux (2018) algorithm during 2000-2025 in (a1) NA, (a2) ME, and (a3) TD. The missing 201 
points indicate no EDEs occurred in the year. Scatter plots of spring DOD (horizontal axis) and EDE DOD 202 
(vertical axis) derived from MODIS during 2000-2025 in (b1) NA, (b2) ME, and (b3) TD. (c1-c3) same as in 203 
(a1-a3), and (d1-d3) same as in (b1-b3), but for MODIS using the Li and Ginoux (2025) algorithm. Red dashed 204 
lines in (b1-b3) and (d1-d3) represent the linear fits, and corresponding 95% confidence intervals are represented 205 
by shaded areas. N, R, and p indicate the sample size, linear correlation coefficient, and probability value (p-206 
value), respectively. 207 
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 208 
Figure 3. Panel a1-b3 same as in Fig. 2a1-b3, but for the DOD derived from IASI during 2008-2023. (c) Linear 209 
correlation coefficients between spring DOD and EDE DOD calculated based on the 85th percentile in NA (blue 210 
bars), ME (yellow bars), and TD (purple bars). Black numbers indicate the correlation coefficients are significant 211 
at the 90% confidence level; gray numbers indicate the correlation coefficients are insignificant at the 90% 212 
confidence level. 213 

4.2. The inconsistent interannual variability of spring dust intensity and extreme dust 214 

intensity in TD 215 

MODIS delivers longer-term aerosol records relative to IASI aerosol observations, and the 216 

results derived from both datasets are in good agreement. Since the algorithm developed by Pu and 217 

Ginoux (2018) has undergone far more comprehensive validation than the Li and Ginoux (2025) 218 

algorithm, all subsequent analyses rely on DOD retrievals from MODIS using the Pu and Ginoux 219 

(2018) algorithm. The spatial distributions of spring DOD and EDE DOD in TD during 2000-2025 220 

are presented in Fig. 4a and Fig. 4b, implying the difference in the spatial distribution of spring 221 

DOD and EDE DOD, which is manifested by the high-value areas of spring DOD being mainly 222 
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distributed in the northern TD, while the high-value area of EDE DOD is distributed in the central 223 

TD. Based on the time series of spring DOD and EDE DOD, the corresponding time series of 224 

DOD anomalies are obtained (Fig. 4c). In some years, the variations of spring DOD and EDE 225 

DOD are consistent, while in other years there are opposite changes. The magnitude of the 226 

difference between the spring DOD anomalies and EDE DOD anomalies (Fig. 4d) characterizes 227 

the difference between the interannual variation of spring DOD and that of EDE DOD. The red 228 

bars in Fig. 4d present the anomaly differences are higher than the average difference, and the blue 229 

bars present the anomaly differences are lower than the average difference. Spring DOD and EDE 230 

DOD are strongly correlated in years with small anomaly differences (Fig. 4e), but weakly 231 

correlated when anomaly differences are large (Fig. 4f). Therefore, the magnitude of the DOD 232 

anomaly difference can characterize the consistency of interannual variations of spring DOD and 233 

EDE DOD: small anomaly differences indicate high consistency between their interannual 234 

variations. 235 
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 236 
Figure 4. Spatial distributions of (a) spring DOD and (d) EDE DOD in TD during 2000-2025 derived from 237 
MODIS observations. The purple solid curve denotes the topographic contour line of 2000 m, representing the 238 
TD domain. (c) Time series of the spring DOD anomalies (blue points) and EDE DOD anomalies (orange points) 239 
in TD during 2000-2025. (d) Time series of the magnitude of the DOD anomaly differences between spring and 240 
EDEs; the red bars represent the anomaly differences are higher than the average difference, and the blue bars 241 
represent the anomaly differences are lower than the average difference. Scatter plots of spring DOD (horizontal 242 
axis) and EDE DOD (vertical axis) in TD (e) during the years with low anomaly differences (the years 243 
corresponding to the blue bars in panel d) and (f) during the years with high anomaly differences (the years 244 
corresponding to the red bars in panel d). 245 

Due to their low probability of occurrence, extreme weather events are difficult to predict, 246 

and the weak correlation between interannual variations of EDE DOD and spring DOD further 247 

increases the difficulty of predicting the intensity of EDE in TD. Therefore, the factors influencing 248 
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the inconsistency between interannual variations of EDE DOD and spring DOD in TD are further 249 

analyzed. As reported by previous studies, strong winds during dust events and surface droughts 250 

prior to dust events are key factors influencing dust events (Yin et al., 2022; Zhu and Liu, 2024; 251 

Mu and Fiedler, 2025). Therefore, the difference between the EDE period low-level wind speed 252 

and spring low-level wind speed (UV10 and UV850), as well as the difference between pre‑EDE 253 

period surface characteristics and spring surface characteristics (SW, P, NDVI, and PE) in TD 254 

were calculated. Fig. 5a shows the correlation coefficients between the EDE-spring differences in 255 

the above variables and the EDE-spring DOD differences, revealing differences in low-level winds 256 

and SW are significantly correlated with DOD differences. Specifically, stronger wind differences 257 

(EDE relative to spring) and lower SW differences (pre-EDE relative to spring) correspond to 258 

greater EDE‑spring DOD differences (Fig. 5a).  259 

The above results indicate that stronger winds and more severe droughts lead to stronger DOD, 260 

with low-level wind speed and SW being the key factors influencing the EDE-spring DOD 261 

differences. However, only the interannual variation of EDE low-level winds is weakly correlated 262 

with that of spring low-level winds; the interannual variation of SW before EDEs is strongly 263 

correlated with that of spring SW (Fig. 5b). Therefore, low-level winds and SW jointly dominate 264 

the EDE-spring DOD differences, while the interannual decoupling between EDE DOD and spring 265 

DOD is attributed to the inconsistent interannual variations of low-level winds between EDE and 266 

spring. 267 
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 268 
Figure 5. (a) The correlation coefficients between the difference of the low-level wind speed (UV10 and UV850) 269 
during EDE and spring low-level wind speed and the difference of the EDE DOD and spring DOD in TD from 270 
2000-2025, as well as the correlation coefficients between the difference of surface characteristics (SW, P, NDVI 271 
and PE) before EDE and spring surface characteristics and the difference of the EDE DOD and spring DOD in 272 
TD from 2000-2025. (b) The correlation coefficients between the low-level wind speed (UV10 and UV850) 273 
during EDE and spring low-level wind speed, as well as the correlation coefficients between the surface 274 
characteristics (SW, P, NDVI, and PE) before EDE and spring surface characteristics in TD from 2000-2025. 275 
Black numbers indicate the correlation coefficients are significant at the 95% confidence level; gray numbers 276 
indicate the correlation coefficients are insignificant at the 95% confidence level. 277 

Regression analyses between the time series of spring UV10 in TD and spring G500, as well 278 

as those between the time series of EDE UV10 in TD and EDE G500 from 2000 to 2025, indicate 279 

that large-scale circulation systems affecting the spring UV10 and EDE UV10 are completely 280 

different (Figs. 6a and 6c). The “positive-negative-positive” pattern of the abnormal G500 over 281 
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Europe, Central Asia, and East Asia dominates the interannual variation of spring UV10 in TD 282 

(Fig. 6a), and the corresponding Rossby wave propagates from Northern Europe to TD. However, 283 

the interannual variation of EDE UV10 in TD is controlled by opposite G500 anomalies in the 284 

eastern and western North Atlantic (Fig. 6c), the corresponding Rossby wave propagates from the 285 

northwest Atlantic to the northeast Atlantic, then continues eastward along the north and south jets, 286 

ultimately converging in TD and surrounding areas (Fig. 6c). Based on the regression patterns of 287 

G500 onto the interannual variations of UV10, the geopotential height indexes (G-indexes) in 288 

spring and EDEs are established based on the prominent areas of the G500 regression patterns 289 

(purple rectangles in Figs. 6a and 6c). As depicted in Figs. 6b and 6d, the G-indexes can effectively 290 

reflect the interannual variations of spring UV10 and EDE UV10, with correlation coefficients of 291 

-0.56. 292 

 293 
Figure 6. (a) The regression patterns of the detrended spring G500 (shading; m) and the Rossby wave activity 294 
flux at 500 hPa (vectors; m2 s-2) onto detrended time series of spring UV10 in TD during 2000-2025. The purple 295 
rectangles represent the areas used to calculate the G-index. (b) Time series of detrended spring UV10 in TD 296 
(green points) and detrended spring G-index during 2000-2025. Spring G-index is obtained from the 297 
standardized difference between the spring G500 of the right rectangle and the spring G500 of the left rectangle 298 
in (a) from 2000 to 2025. (c) and (d) same as in (a) and (b), but for the EDE period. The red contours in (c) 299 
represent the averaged 500 hPa zonal winds is 8 m s-1 during all EDEs. EDE G-index is obtained from the 300 
standardized difference between the EDE G500 of the left rectangle and the EDE G500 of the right rectangle in 301 
(c) from 2000 to 2025. The dots in (a) and (c) represent the regression coefficients are significant above the 95% 302 
confidence level. The green rectangle in (a) and (c) represents TD. The linear correlation coefficients in (b) and 303 
(d) are indicated by R, which is significant at the 95% confidence level. 304 
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Anomalies in regional geopotential height are typically associated with diabatic heating or 305 

cooling caused by local precipitation anomalies (Kataoka et al., 2018; Shi et al., 2024). Figs.7a and 306 

7b present anomalous precipitation distributions in spring and EDEs related to the G-index, 307 

indicating the G500 anomalies associated with spring UV10 are caused by abnormal heavy 308 

precipitation in Europe (Fig. 7a), while the G500 anomalies associated with EDE UV10 are caused 309 

by abnormal heavy precipitation in the eastern North Atlantic and abnormal less precipitation in 310 

the western North Atlantic (Fig. 7b). Correspondingly, diabatic heating associated with spring 311 

G500 anomalies occurs in Europe (Fig. 7c), while diabatic heating and diabatic cooling associated 312 

with EDE G500 anomalies occur in the eastern and western North Atlantic, respectively (Fig. 7d). 313 

Furthermore, there is a good spatial correspondence between abnormal G500, abnormal 314 

precipitation, and abnormal diabatic heating (Fig. 6 and Fig. 7). 315 

 316 
Figure 7. (a) The regression patterns of the detrended spring precipitation (mm day-1) onto the detrended time 317 
series of spring G-index during 2000-2025. (b) Same as in (a), but for the EDE period. (c) The regression patterns 318 
of the detrended spring diabatic heating (K day-1) onto the detrended time series of spring G-index during 2000-319 
2025. (d) Same as in (c), but for the EDE period. The dots represent the regression coefficients are significant 320 
above the 95% confidence level. 321 

https://doi.org/10.5194/egusphere-2026-6188
Preprint. Discussion started: 6 November 2026
c© Author(s) 2026. CC BY 4.0 License.



17 
 

To verify the role of Europe and the North Atlantic region in triggering spring UV10 and 322 

EDE UV10, we applied anomalous heating/cooling to the spring and the EDE atmospheric 323 

circulations during 2000-2025 in the LBM. During the 4-7 days when the spring anomalous 324 

heating was applied (shaded areas in Fig. 8a), abnormal high pressure (blue solid lines in Fig. 8a) 325 

and abnormal low pressure (blue dashed lines in Fig. 8a) appeared in Europe and Central Asia, 326 

respectively, with Rossby waves (purple arrows in Fig. 8a) propagating eastward from Europe. As 327 

the integration time increases, a “positive-negative-positive” G500 abnormal pattern across Europe, 328 

Central Asia, and East Asia, the corresponding Rossby wave propagated from Northern Europe to 329 

TD (Fig. 8b), which is consistent with the G500 corresponding to the spring UV10 (Fig. 6a). 330 

Therefore, the diabatic heating caused by increased spring precipitation in Europe does indeed 331 

affect the spring UV10 associated with spring DOD through the propagation of Rossby waves. 332 

For the EDE period, when abnormal heating and abnormal cooling were applied to the 333 

western and eastern parts of the North Atlantic, respectively, Rossby waves propagated eastward 334 

from the North Atlantic and were divided into two branches: one propagating through Eurasia and 335 

the other through North Africa (Fig. 8c). With longer model integration, the Rossby waves 336 

converged in East Asia, causing abnormal low pressure to form in TD and surrounding areas (Fig. 337 

8d), which has a great agreement with the G500 corresponding to the EDE UV10 (Fig. 6c). 338 

Consequently, the diabatic heating and diabatic cooling caused by abnormal precipitation in the 339 

western and eastern North Atlantic derived the EDE UV10 anomalies associated with EDE DOD 340 

by triggering abnormal geopotential height. 341 
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 342 
Figure 8. G500 anomalies (contours; m) and the Rossby wave activity flux (vectors; m2 s-2) at 500 hPa response 343 
to the spring diabatic heating (shading; K day-1) during the integration of (a) 4-7 days and (b) 7-9 days. G500 344 
anomalies (contours; m) and the Rossby wave activity flux (vectors; m2 s-2) at 500 hPa response to the EDE 345 
diabatic heating and diabatic cooling (shading; K day-1) during the integration of (c) 2-3 days and (d) 4-5 days. 346 
The green rectangle represents TD. Blue solid contour lines represent abnormal high pressure, while dashed 347 
contour lines represent abnormal low pressure. 348 

The above results indicate that different G500 anomalies drive the difference between spring 349 

UV10 and EDE UV10, which in turn causes inconsistent interannual variations in spring DOD and 350 

EDE DOD. As depicted in Fig. 4, the magnitude of the difference between the spring DOD 351 

anomalies and EDE DOD anomalies characterizes the difference between the interannual variation 352 

of spring DOD and that of EDE DOD. Therefore, we further combine the spring G-index and EDE 353 

G-index to characterize the difference in magnitude between spring DOD anomalies and EDE 354 

DOD anomalies. The purple points in Fig. 9 are the combined spring G-index and EDE G-index 355 

(Gc-index) obtained from multiple linear regression, which can accurately reproduce the 356 

interannual variation of DOD anomaly differences (the green points in Fig. 9). Therefore, the 357 

interannual variation difference between EDE DOD and spring DOD can be jointly characterized 358 

by spring G-index and EDE G-index, which can provide a reference for EDE intensity prediction. 359 
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 360 
Figure 9. Time series of Gc-index anomalies (purple points) and the standardized magnitude of the difference 361 
between the spring DOD anomalies and EDE DOD anomalies (green points) during 2000-2025. The linear 362 
correlation coefficient is indicated by R, which is significant at the 95% confidence level. 363 

In addition, using satellite observations, the relative independence of spring DOD and EDE 364 

DOD in TD is further analyzed. Fig. 10 presents the results of the EOF analysis of DOD during 365 

spring and EDEs derived from MODIS. The first EOF mode (EOF1) of spring DOD (Fig. 10a) is 366 

close to the spatial distribution of spring-averaged DOD (Fig. 4a), implying spring-averaged DOD 367 

shows consistent spatial variation throughout TD. The second EOF mode (EOF2) and the third 368 

EOF mode (EOF3) indicate that the spring DOD in TD shows north-south and east-west opposite 369 

spatial variations, respectively (Figs. 10b and 10c). The EOF1 of EDE DOD implies that the EDE 370 

DOD in TD shows east-west opposite spatial variations during 2000-2025 (Fig. 10d), which is 371 

consistent with the EOF3 of spring DOD (Fig. 10c) but completely different from the EOF1 of 372 

spring DOD which represents the spring-averaged DOD. Furthermore, the EOF analysis of DOD 373 

derived from IASI also indicates that the EOF1 of EDE DOD is consistent with the EOF2 of spring 374 

DOD (Figs. 11b and 11d), but completely unrelated to the EOF1 of spring DOD (Fig. 11a). Since 375 

the spatial modes obtained from the EOF analysis for spring DOD are independent of each other, 376 

the spatiotemporal distributions of spring-averaged DOD and EDE DOD are independent, which 377 

promotes inconsistencies in their interannual variations. 378 
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 379 
Figure 10. (a) The first, (b) the second, and (c) the third EOF modes of spring DOD derived from MODIS in 380 
TD from 2000 to 2025. (d) The first EOF mode of DOD during EDEs in TD from 2000 to 2025. The purple 381 
solid curve denotes the topographic contour line of 2000 m, representing the TD domain. The first three EOF 382 
modes of spring DOD are statistically significant and independent according to the test criteria of North et al. 383 
(1982). 384 

 385 
Figure 11. Same as in Fig. 10, but for DOD derived from IASI during 20008-2023. 386 
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Finally, based on CMIP6 simulations, the relationship between future extreme dust intensity 387 

and spring dust intensity in TD was briefly analyzed. Among the five numerical models capable 388 

of providing daily AOD, only the UKESM1-0 model could reproduce the historical inconsistency 389 

between the interannual variations of extreme dust intensity and spring dust intensity (Fig. 12a). 390 

The future projections from this model indicate under high-emission scenarios, significant 391 

differences in interannual variations of extreme dust intensity and spring dust intensity persist (Fig. 392 

12b), whereas appropriate emission reductions would strengthen their correlations (Fig. 12c). 393 

 394 
Figure 12. (a) Correlations between extreme dust intensity and spring dust intensity during 1985-2014 in five 395 
CMIP6 models. Black numbers indicate the correlation coefficients are significant at the 95% confidence level; 396 
gray numbers indicate the correlation coefficients are insignificant at the 95% confidence level. Time series of 397 
spring AOD and EDE AOD in TD during 2015-2064 derived from UKESM1-0 under (b) SSP585 and (c) 398 
SSP245. N represents the number of years in which EDE occurred, R represents the correlation coefficient, and 399 
label * indicates the correlation coefficient is significant at the 95% confidence level. 400 

5. Conclusion and Discussion 401 

Based on MODIS and IASI observations, this study investigated the interannual relationship 402 

between spring DOD and EDE DOD. The results reveal regional differences in the association 403 

between them: EDE DOD correlates significantly positively with spring DOD in NA and ME, 404 

while no significant correlation exists in TD. This phenomenon holds consistently in MODIS and 405 

IASI and is insensitive to different EDE thresholds (90th/85th percentile), which indicates a unique 406 

variability characteristic of EDE DOD in TD. 407 
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This decoupling in TD originates from inconsistent interannual low‑level winds for spring 408 

DOD and EDE DOD, which are forced by separate large‑scale circulations: spring winds by 409 

European precipitation anomalies and EDE winds by North Atlantic precipitation dipoles. 410 

Additionally, EOF analysis indicated the dominant mode of EDE DOD in TD aligned with the 411 

third mode of spring DOD. Since the third mode is significantly independent of the first mode of 412 

spring DOD which represents the spring-averaged pattern, the result further supports the relative 413 

independence of their spatiotemporal distributions.  414 

Our study systematically analyzed EDEs in major dust-contributing regions and revealed 415 

EDEs in TD were influenced by specific circulations, rather than simply being an amplification of 416 

the dust background in spring. This finding emphasized the driving mechanisms of extreme 417 

weather events may be independent of seasonal conditions, particularly in regions regulated by 418 

complex teleconnections. The Gc-index constructed in this study integrated circulation signals 419 

from spring and EDEs, providing a physical basis for interannual predictions of EDE intensity in 420 

TD. In the future, it is still necessary to further integrate multi-source observations and advanced 421 

climate models to better encapsulate the complexity of dust activities, thereby improving the 422 

predictability of such high-impact events. 423 

Although this study utilized quality-controlled satellite data, inherent satellite limitations may 424 

cause aerosol‑cloud misclassification and bring some uncertainties to our conclusions. In the future, 425 

this issue could be addressed by combining satellite and ground-based observations and using 426 

machine learning or artificial intelligence to obtain more accurate aerosol datasets. In addition, 427 

limited daily AOD outputs from CMIP6 models restrict our future projection analysis, and small 428 

model sample sizes may also introduce uncertainties. 429 
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