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Abstract. Wind erosion constitutes a critical driver of global land degradation and dust emission, posing persistent threats to 

ecological security, agricultural production, and human health. Although regional-scale wind erosion assessments exist, there 

remains a lack of long-term, high spatiotemporal resolution, and publicly available global-scale wind erosion datasets, which 

has constrained a deeper understanding of its dynamic processes and driving mechanisms. Based on the Revised Wind 10 

Erosion Equation (RWEQ), this study constructed a global wind erosion dataset from 1982 to 2020 with an 8-day temporal 

resolution and a 0.05° spatial resolution. By introducing a residue factor scheme based on growing season identification, the 

characterization accuracy of wind erosion suppression during vegetation cover periods was enhanced, enabling a more 

refined depiction of episodic wind erosion features. The dataset revealed that the global annual average wind erosion total 

from 1982 to 2020 was 539.13 Pg, with severe erosion areas concentrated in the arid and semi-arid regions of the Northern 15 

Hemisphere. The wind erosion exhibited a slowly increasing trend, although with significant regional variations. Data 

validation demonstrated a high spatial consistency between this dataset and the MERRA-2 dust emission data (R²=0.79), and 

a significant temporal correlation with coarse-mode aerosol optical depth observations from AERONET stations. 

Furthermore, comparisons indicated that the results of this study were within the same order of magnitude and showed high 

correlation with existing regional research. As the first publicly available long-term, high spatiotemporal resolution global 20 

wind erosion data product, this dataset provides crucial data support for global and regional dust emission estimation, 

research on wind erosion process mechanisms, land degradation prevention, and climate change response. The dataset is 

publicly accessible at https://zenodo.org/records/18245214 (Zhang et al., 2026). 
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1 Introduction 25 

As a key driver of land degradation, wind erosion poses a persistent threat to global ecological security, agricultural 

production, and human health(Borrelli et al., 2021; Lal, 2003), with its primary and most direct harm being the erosion of 

land productivity through the removal and transport of nutrient-rich topsoil fine particles, leading to the rapid depletion of 

soil organic carbon and nutrient pools, thereby directly undermining land productive potential (Alewell et al., 2020; Chappell 

et al., 2016). This decline in soil quality not only exacerbates food security vulnerability but also is a core mechanism 30 

driving land desertification and the degradation of ecosystem services (Chappell et al., 2019; Li et al., 2021). Secondly, the 

substantial suspended particulate matter generated by wind erosion processes serves as a major source of regional and even 

global dust events, with these aerosols undergoing long-distance transport and significantly deteriorating air quality in 

downwind areas, while the pathogens and chemical pollutants they carry pose risks to human respiratory health(Duniway et 

al., 2019; Ginoux et al., 2004). Furthermore, dust released by wind erosion interacts with the climate system by altering the 35 

atmospheric radiation balance and affecting cloud condensation nucleus formation, exerting complex feedbacks on regional 

and global climate patterns(Zhang et al., 2022b). Consequently, accurate assessment of wind erosion not only forms the 

scientific basis for understanding global dust source-sink processes and quantifying atmospheric dust loads along with their 

climatic and environmental effects(Chappell et al., 2023; Tanaka and Chiba, 2006) but is also an indispensable prerequisite 

for formulating effective land degradation prevention strategies and achieving relevant United Nations Sustainable 40 

Development Goals, such as land degradation neutrality, food security, and climate change response(Bexell and Jönsson, 

2017; Chappell et al., 2019). Within the context of global climate change, the potential expansion of arid and semi-arid 

regions and the increased frequency of extreme climate events may further exacerbate wind erosion risks and uncertainties 

(Borrelli et al., 2023; Huang et al., 2016), making it particularly urgent and critical to systematically clarify the 

spatiotemporal patterns, dynamic changes, and driving mechanisms of wind erosion on a global scale. 45 

To quantify wind erosion and its impacts, a series of models and methods have been developed in existing research, 

among which the Revised Wind Erosion Equation (RWEQ) has become one of the most widely used methods for regional-

scale wind erosion assessment and spatial mapping due to its good balance between data requirements and simulation 

accuracy(Funk, 2016). This model has been successfully applied to various typical regions such as Europe, China, Central 

Asia, and Africa, effectively revealing the spatiotemporal dynamics of local wind erosion and its response to climate change 50 

and human activities (Li et al., 2020; Tuo et al., 2018; Wu et al., 2022; Zhao et al., 2021). However, compared to the 

abundant and in-depth regional studies, overall attention to global-scale wind erosion dynamics remains insufficient (Borrelli 

et al., 2021; Chu et al., 2024). The current limited global wind erosion assessments have mostly focused on specific years or 

monthly average estimates (Chu et al., 2024; Sun et al., 2024; Yang et al., 2021), which resulted in a limited ability to 

capture intra-annual wind erosion dynamics, especially rapid change processes closely related to short-term weather events 55 

such as storms and seasonal droughts(Ginoux et al., 2004; Wang et al., 2020). This lack of temporal resolution has 

constrained a deeper understanding of the instantaneous flux of global dust emission, seasonal transition patterns, and their 
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coupling mechanisms with atmospheric circulation (Chappell et al., 2023). More importantly, a widely recognized, publicly 

accessible global wind erosion dataset with long-term temporal coverage and high spatiotemporal consistency has not yet 

been established (Chu et al., 2024; Sun et al., 2024). Existing studies were either limited by coarse spatial resolution for 60 

identifying local source areas or by short time spans for revealing long-term trends, posing challenges for comparative 

studies on global wind erosion, risk zoning, and the coordinated development of cross-regional environmental policies 

(Jarrah et al., 2020; Liu et al., 2022b). Therefore, developing a long-term, high-temporal-resolution global wind erosion data 

product not only fills a current data gap but also provides crucial foundational data support for more finely characterizing the 

spatiotemporal evolution of dust emission and for validating and improving global climate and dust transport models. 65 

Enhancing the spatiotemporal resolution of wind erosion assessment holds multifaceted scientific value and practical 

necessity. Firstly, higher spatiotemporal accuracy helps to more accurately reflect the highly heterogeneous and episodic 

nature of wind erosion processes. The occurrence of wind erosion strongly depends on rapidly changing local conditions 

such as instantaneous wind speed, surface soil moisture, and vegetation cover (Sharratt et al., 2015; Zhang et al., 2019a). 

Assessments at monthly or coarser scales often smooth out the fluctuations of these key driving factors, leading to biases in 70 

estimating the actual erosion amount, particularly the contribution of extreme events (Chappell et al., 2024; Van Pelt et al., 

2004). An 8-day temporal resolution can better align with vegetation growth dynamics and typical weather process cycles, 

thereby capturing the timing and intensity of wind erosion occurrences at a scale closer to the process level and improving 

the overall assessment accuracy (Gao et al., 2024; Wei et al., 2023). Secondly, high spatiotemporal resolution assessment 

results are a prerequisite for achieving refined wind erosion management and targeted policy implementation. They can 75 

assist decision-makers in identifying not only regional high-risk areas but also specific hotspot periods and areas within a 

year, such as during spring high-wind periods (Lackóová et al., 2023; Zhang et al., 2021). This can guide the implementation 

of targeted measures like seasonal cover crop planting and emergency sand barrier deployment, optimizing the layout and 

management efficiency of ecological projects (Chi et al., 2019; Zhou et al., 2025). However, constructing a high-resolution 

global wind erosion dataset faces significant challenges, with the core issues lying in the global consistency, spatiotemporal 80 

continuity, and reliability of the driving data (Jarrah et al., 2020). The acquisition and processing of key parameters such as 

near-surface wind speed, vegetation coverage, and soil moisture are particularly crucial (Ma et al., 2025). Existing research 

has addressed these challenges by developing corresponding data assimilation and scale conversion methods through the 

integration of multi-source remote sensing products, reanalysis meteorological data, and ground observations (Chappell et al., 

2023; Wang et al., 2020). These efforts have laid the foundation for developing more reliable high-resolution global wind 85 

erosion models and also highlight the feasibility and significant value of producing a global wind erosion dataset with both 

high spatiotemporal resolution and a long temporal span under current data and technological conditions. 

Building upon an in-depth analysis of the current status of global wind erosion assessment and the urgent need for high-

resolution data, this study constructed, for the first time, a global wind erosion assessment dataset spanning 1982–2020 with 

an 8-day temporal resolution and a 0.05° spatial resolution. This dataset was developed based on the RWEQ, integrating 90 

multi-source data, including reanalysis meteorological data, vegetation cover products, land use, and soil properties datasets. 
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By introducing a residue factor scheme based on growing season identification, the assessment accuracy of wind erosion 

suppression during vegetation cover periods was enhanced. This study not only achieved continuous, high spatiotemporal 

resolution monitoring of global wind erosion processes but also systematically revealed the spatiotemporal patterns, change 

trends, and seasonal characteristics of wind erosion over the past four decades, providing the first long-term, high 95 

spatiotemporal resolution open-access data product for global wind erosion research. 

2 Materials and Methods 

2.1 Data Sources and Processing Procedures 

This study primarily assessed wind erosion based on the RWEQ and validated the results using aerosol observations 

and simulated dust emission data (Figure 1). Meteorological data, including temperature, precipitation, wind speed, snow 100 

depth, and evapotranspiration, were obtained from the ERA5 reanalysis dataset provided by the European Centre for 

Medium-Range Weather Forecasts (ECMWF), which is based on ECMWF's fifth-generation atmospheric reanalysis of the 

global climate (https://cds.climate.copernicus.eu/datasets). Key variables selected included 10m wind speed, 2m temperature, 

precipitation flux, snow depth flux, and solar radiation flux, with a daily temporal resolution and a 0.1° spatial resolution. 

These data were resampled to 0.05° without altering their values. Fractional vegetation cover (FVC) data were obtained from 105 

the GLASS FVC product, with an 8-day interval (46 periods per year) and a 0.05° spatial resolution 

(https://www.glass.hku.hk/download.html). Land use data were sourced from the GLC_FCS30D product (global 30 m land-

cover dynamic monitoring product with a fine classification system) with a 30m spatial resolution 

(https://data.casearth.cn/thematic/glc_fcs30/314) (Zhang et al., 2024c). For years before 2000, when data were unavailable at 

annual intervals, the temporally closest available data were used. As the final wind erosion assessment resolution was 0.05°, 110 

the area proportion of different land use types within each 0.05° grid cell was calculated. Wind erosion was then assessed 

according to algorithms specific to each land use type, and the final wind erosion result for the 0.05° pixel was obtained by 

weighting these assessments based on the area proportions. Digital Elevation Model (DEM) data were sourced from the 

Copernicus DEM provided by ESA, with a 30m resolution (https://dataspace.copernicus.eu/explore-data/data-

collections/copernicus-contributing-missions/collections-description/COP-DEM). For soil data, the primary properties used 115 

were sand, clay, and silt content, organic matter content, and calcium carbonate content. The sand, clay, silt, and soil organic 

matter content were obtained from SoilGrids, which provides numerical soil property estimates for seven standard depths (0, 

5, 15, 30, 60, 100, and 200 cm) (https://isric.org/explore/soilgrids). Based on model requirements, data from the top four 

depths were weighted and averaged to derive surface soil data required by the RWEQ model. The spatial resolution was 

250m. Calcium carbonate content was derived from the Harmonized World Soil Database (HWSD), using the surface 120 

calcium carbonate content field (T_CACO3: Real), with a 1km resolution (https://www.fao.org/soils-portal/data-hub/soil-

maps-and-databases/harmonized-world-soil-database-v20). All datasets were finally resampled to a 0.05° spatial resolution 

before being input into the RWEQ. For validation, dust emission data were obtained from the monthly-scale MERRA2 

https://doi.org/10.5194/essd-2026-66
Preprint. Discussion started: 10 February 2026
c© Author(s) 2026. CC BY 4.0 License.



5 

 

tavgU_2d_adg_Nx dataset (https://disc.gsfc.nasa.gov/datasets). Aerosol observation data were sourced from the Aerosol 

Optical Depth (V3)-Solar dataset (SDA2.0 product) of the AERONET site data. The Coarse_Mode_AOD_500nm was 125 

selected to represent observed dust concentration (https://aeronet.gsfc.nasa.gov/new_web/download_all_v3_aod.html). 

 

Figure 1. Production and verification process for the global wind erosion dataset 

2.2 Wind Erosion Assessment Method 

The RWEQ is designed to estimate regional soil wind erosion with a high spatial and temporal resolution over an 130 

extended time series and effectively evaluate wind erosion (Fryrear et al., 2000). This model is an experience-based process 

model that can estimate soil erosion and transportation at the soil surface and at up to 2 m above the surface. It is also widely 

used to estimate soil loss on a regional scale and can provide a basis for the prevention and control of land desertification.  

𝑄𝑚𝑎𝑥 = 109.8(𝑊𝐹 ∙ 𝐸𝐹 ∙ 𝑆𝐶𝐹 ∙ 𝐾′ ∙ 𝐶𝑂𝐺) (1) 

𝑆 = 150.71(𝑊𝐹 ∙ 𝐸𝐹 ∙ 𝑆𝐶𝐹 ∙ 𝐾′ ∙ 𝐶𝑂𝐺)−0.3711 (2) 135 

𝑆𝐿 =
2𝑥

𝑆2
𝑄𝑚𝑎𝑥 (

𝑥

𝑆
)
2

(3) 

where Qmax (kg/m) is the maximum transport capacity and S (m) is the critical field length, which is defined as the 

distance at which 63.2% of the maximum transport capacity is reached. Qmax and S are derived from the weather factor (WF) 

in kg/m; the dimensionless factors are the soil erodibility factor (EF), the soil crust factor (SCF), the soil roughness factor 

(K′), and the combined vegetation factor (COG); SL (kg/m2) is the rate of soil loss caused by wind erosion, which is also 140 

referred to as the wind erosion modulus; and x is the distance from the upwind edge of the field in m. 
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2.2.1 Weather Factors 

𝑊𝐹 =
𝑤𝑓 ∙ 𝜌

𝑁 ∙ 𝑔
∙ 𝑆𝑊 ∙ 𝑆𝐷 (4) 

𝑤𝑓 =∑𝑈2 ∙ (𝑈2 − 𝑈𝑡)
2

𝑁

𝑖=1

(5) 

where wf is wind factor (m3/s3);ρ is air density (kg/m3); g is acceleration due to gravity (m/s2); SW is soil wetness; SD is 145 

the snow cover factor; U2 (m/s) is wind speed at the height of 2 m; Ut (m/s) is the threshold wind speed at 2 m (assumed wind 

speed of 5 m/s); Nd is the number of days in the period; N is the number of wind speed observations. 

We need to convert wind speeds at 10 meters to wind speeds at 2 meters using the following formula. 

𝑈2 = 𝑈z ∙
4.87

𝑙𝑛(6.78 ∙ 𝑧 − 5.42)
(6) 

Where U₂ (m/s) represents the wind speed at a height of 2 meters, and Uz (m/s) denotes the wind speed value at a given 150 

height z (in meters); z = 10 in this study. 

Considering the impact of temporal and measuring resolutions of wind erosion data on assessment accuracy, we 

resampled daily wind speeds using a cosine function. The specific calculation method is as follows (Guo et al., 2012, p.201): 

𝑊𝑛 = 𝑊𝑎𝑣𝑒 ⋅ (1 + 𝐶𝑂𝑆 (
𝑛 ⋅ 𝜋

12
)) (6) 

where Wn is the simulated wind speed (m/s), Wave is the daily average wind speed (m/s), and n=24. 155 

𝜌 = 348(
1.013 − 0.1183𝐸𝐿 + 0.0048𝐸𝐿2

𝑇
) (7) 

ρ is calculated from the elevation EL (km) and the absolute temperature T (Kelvins). 

𝑆𝑊 =
𝐸𝑇𝑃 − (𝑅 + 𝐼)

𝑅𝑑
𝑁𝑑

𝐸𝑇𝑃
(8) 

𝐸𝑇𝑃 = 0.0162 (
𝑆𝑅

58.5
) ∙ (𝐷𝑇 + 17.8) (9) 

𝑆𝐷 = 1 − 𝑃(𝑆𝑛𝑜𝑤𝑑𝑒𝑒𝑝 > 25.4𝑚𝑚) (10) 160 

where ETP is the potential relative evapotranspiration (mm); R + I (mm) is precipitation and irrigation; Rd is the number 

of precipitation and irrigation days; SR (cal/cm2) is solar radiation; DT (°C) is average temperature; P is probability of snow 

depth >25.4 mm. 

2.2.2 Soil Factors 

The soil erodibility factor (EF) and the soil crust factor (SCF) were calculated as:  165 

𝐸𝐹 =
29.09 + 0.31𝑆𝑎 + 0.17𝑆𝑖 + 0.33

𝑆𝑎
𝐶𝑙
− 2.59𝑂𝑀 − 0.95𝐶𝑎𝐶𝑂3

100
(11) 
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𝑆𝐶𝐹 =
1

1 − 0.0066𝐶𝑙2 + 0.021𝑂𝑀2
(12) 

where Sa (%) is the sand content; Si (%) is the silt content; Sa/Cl is sand to clay ratio; OM (%) is the organic matter 

content; CaCO3 (%) is the calcium carbonate content. 

2.2.3 Soil Roughness Factors 170 

The soil roughness factor (K′) is related to the chain random roughness Crr (cm), and soil ridge roughness Kr (cm), and 

it was calculated as: 

𝐾′ = 𝑒(1.86𝐾𝑟−2.41𝐾𝑟
0.934−0.127𝐶𝑟𝑟) (13) 

In this study, terrain roughness was used as a substitute for soil roughness as equation 14. Crr is considered as 0 in this 

study due to the difficulty in data collection. 175 

 

𝐾𝑟 = 0.2
∆𝐻2

𝐿
(14) 

where Kr (cm) is the terrain roughness coefficient, ΔH (cm) is the average elevation difference between peaks and 

valleys in the area, and L (cm) is the average distance between adjacent peaks (separated by valleys) or between consecutive 

ridges. To ensure the accuracy of roughness coefficient calculations, we employ DEM data with 30m resolution for 180 

computation, subsequently resampled to 0.01°. 

2.2.4 Combined Crop Factors 

The COG consists of the soil loss ratio coefficients for growing crop canopy (SLRc), the soil loss ratio coefficients for 

flat cover (SLRf,), and the soil loss ratio coefficients for plant silhouettes (SLRs). SLRs is only applicable for estimating wind 

erosion in cultivated areas. For reasons analogous to those for lodged crop residues, they are excluded from this study to 185 

reduce uncertainties in wind erosion assessment. 

𝐶𝑂𝐺 = 𝑆𝐿𝑅𝑐 ∙ 𝑆𝐿𝑅𝑓 ∙ 𝑆𝐿𝑅𝑠 (15) 

𝑆𝐿𝑅𝑐 = 𝑒
−5.614𝑐𝑐0.7366 (16) 

𝑆𝐿𝑅𝑓 = 𝑒
−0.0438𝑆𝐶 (17) 

Where cc is the vegetation cover, SC is the surface coverage of dead vegetation. This study implemented differentiated 190 

settings for flat residues across different land use types: forest was not applicable for this parameter. The residue amount for 

cropland was set to zero due to the lack of data on crop types and farming practices, and the complexity and higher 

uncertainty associated with modeling decomposition processes. While this setting might slightly overestimate wind erosion, 

it avoids introducing greater errors. For grassland, the residue amount was calculated using an empirical formula based on 

the vegetation cover from the previous growing season (Gong et al., 2014). Furthermore, flat residues were only applied 195 
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during the non-growing season. The start and end dates of the growing season were determined based on the 50% threshold 

(Gu et al., 2022) method established in existing research (Shi et al., 2025). 

2.3 Data Evaluation and Analysis 

The temporal trend of wind erosion at each grid was quantified using Theil-Sen slope estimation, while trend 

significance was evaluated through the Mann-Kendall test. This dual-filtering approach ensured that modeled relationships 200 

could reflect ecologically meaningful changes in green landscape ecological quality rather than random fluctuations. This 

study first employed Sen's slope estimator to calculate the slope β of the wind erosion time series. When β > 0, the overall 

trend was upward; when β < 0, the trend was downward; and when β = 0, no significant trend was observed. Sen's slope 

estimator constituted a non-parametric computational method that could demonstrate robust resistance to outliers. The 

median function was applied to compute Sen's estimator for the time series as follows: 205 

𝛽 = 𝑀𝑒𝑑𝑖𝑎𝑛 (
𝑥𝑗 − 𝑥𝑖

𝑗 − 𝑖
) , ∀𝑗 > 𝑖 (18) 

 

The Mann-Kendall test was a non-parametric statistical method employed to determine the significance of temporal 

trends in sequential data. The test statistic S represented the sum of step function values derived from pairwise differences 

between all distinct samples in the target sequence. Significance assessment utilized the Z-score, where |Z| ≥ 1.96 (indicating 210 

significance at the 95% confidence level, with Z > 0 for an increasing trend, and Z < 0 for a decreasing trend) denoted a 

statistically significant trend. 

S = ∑  

𝑛−1

𝑖=1

∑  

𝑛

𝑗=𝑖+1

sg n(𝑥𝑗 − 𝑥𝑖) (19) 

Z =

{
 
 

 
 

𝑠 − 1

√𝑉𝑎𝑟(𝑆)
𝑆 > 0

0 𝑆 = 0
𝑠 + 1

√𝑉𝑎𝑟(𝑆)
𝑆 < 0

(20) 

The variance Var(S) was computed as: 215 

𝑉𝑎𝑟(𝑆) =
𝑛(𝑛 − 1)(2𝑛 + 5)

18
(21) 

In this study, concentration and interannual variability were employed to characterize the seasonal features of wind 

erosion. The peak period was first defined as a local maximum, meaning its wind erosion value was greater than those of the 

five preceding and five subsequent periods and also exceeded the annual mean value. The Wind Erosion Concentration 

Period (WECP) was defined as the peak period plus these five preceding and five subsequent periods. Furthermore, two 220 

identified WECP were not allowed to overlap; in case of overlap, only the period with the higher peak wind erosion intensity 
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was retained. The concentration was calculated as the ratio of the cumulative wind erosion during the WECP to the total 

annual wind erosion, using the following formula: 

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 =
∑ 𝑆𝐿𝑖
𝑡+5
𝑡−5

𝑆𝐿𝑦𝑒𝑎𝑟
(22) 

Where SLi is the wind erosion in the i-th period, t is the peak period, and SLyear is the annual total wind erosion. 225 

Volatility is defined as the degree of fluctuation in wind erosion during a specific period within a year. Lower volatility 

indicates greater stability. The primary calculation method is as follows: 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖 =
𝜇𝑖
𝜎𝑖

(23) 

where μi and σi are the mean and variance of wind erosion for the i-th period during the 1982–2020, respectively. 

3 Result 230 

3.1 Global Wind Erosion Patterns 

The global annual average total wind erosion was 539.13 Pg. It exhibited a spatially heterogeneous distribution 

characterized by high values in arid regions and low values in humid regions, with concentrations in middle and low 

latitudes and scattered distribution in high latitudes (Figure 2a). High wind erosion values were primarily concentrated in the 

arid and semi-arid areas of the middle and low latitudes in the Northern Hemisphere, including the Sahara Desert and its 235 

surrounding areas, the entire Arabian Peninsula, and parts of the arid regions in Central Asia. In the Southern Hemisphere, 

high wind erosion areas were scattered across the arid regions of southern Africa, the central-western deserts of Australia, 

and some arid areas in South America. In contrast, wind erosion intensity was generally low in humid regions near the 

equatorial low latitudes and in the subarctic and Arctic high-latitude regions, with most areas experiencing an intensity 

below 0.50 kg/m²/year. Wind erosion intensity was particularly weak across most of North America, the entirety of Europe, 240 

and parts of the humid regions in East Asia. 

At the national scale (Figure 2b), the distribution of total wind erosion was highly concentrated in countries within arid 

regions of Africa and the Middle East. Algeria ranked first globally with a total wind erosion of 69.78 Pg, followed by Libya 

(50.75 Pg) and Sudan (50.56 Pg). The combined total wind erosion of the top ten countries accounted for 68.88% of the 

global total. In contrast, the total wind erosion for most countries in Europe and the Americas was extremely low: Russia 245 

was only 0.25 Pg, Canada 0.27 Pg, the United States 2.25 Pg, and Brazil 0.13 Pg. The annual average wind erosion for most 

European countries was even less than 0.01 Pg, all far below the global average. 

Countries with high wind erosion intensity did not completely overlap with the top ten countries in terms of total wind 

erosion (Figure 2b). Western Sahara, with a wind erosion intensity of 88.91 kg/m², was the region with the highest wind 

erosion intensity globally, although its total wind erosion only ranked ninth. Some countries not in the top ten for total wind 250 

erosion were among the world's leaders in wind erosion intensity. For instance, Kuwait had a total wind erosion of only 0.70 
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Pg but an intensity as high as 40.00 kg/m², ranking second globally. Qatar, with a total of merely 0.38 Pg, had an intensity of 

32.72 kg/m², placing it within the top five for intensity. Furthermore, countries like Bahrain (total 0.01 Pg, intensity 16.56 

kg/m²), Aruba (total 0.003 Pg, intensity 18.22 kg/m²), Sint Maarten (total 0.0004 Pg, intensity 7.93 kg/m²), and Montserrat 

(total 0.0003 Pg, intensity 2.65 kg/m²)—mostly small territories with extreme aridity—exhibited a striking contrast between 255 

their prominent wind erosion intensity and their low levels of total wind erosion. Overall, the national distribution of wind 

erosion intensity was closely related to climatic aridity and surface vegetation cover, with countries characterized by dry 

conditions, low precipitation, and sparse vegetation generally experiencing higher wind erosion intensity. 

 

Figure 2 Global wind erosion from 1982 to 2020 (a, spatial distribution of wind erosion; b, national rankings of total wind erosion 260 
and wind erosion intensity) 
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3.2 Global Wind Erosion Trends 

Global wind erosion exhibited a slowly increasing trend from 1982 to 2020, with distinct spatial heterogeneity and 

temporal dynamic characteristics across different regions (Figure 3). The global annual average total wind erosion increased 265 

from 520.16 Pg during 1982-1990 to 527.18 Pg during 1991-2000, further rising to 550.64 Pg in 2001-2010, and reaching 

556.63 Pg in 2011-2020, representing an approximate increase of 2.33% per decade across these four decades. 

The Sahara (annual average total wind erosion 350.35 Pg), the Arabian Peninsula (44.92 Pg), East Africa (19.50 Pg), 

and North America (2.74 Pg) exhibited steady increases in wind erosion, with growth rates of 2.96% per decade, 3.31% per 

decade, 3.66% per decade, and 6.78% per decade, respectively. South Asia (annual average total wind erosion 18.65 Pg) was 270 

the only region where wind erosion decreased every decade, with a cumulative decline of 6.56%. Central Asia (12.75 Pg), 

Southern Africa (12.04 Pg), and South America (17.01 Pg) were characterized as stable fluctuation areas with low to 

moderate intensity. East Asia (18.39 Pg) showed a unique trend of initially increasing and then decreasing, with the total 

wind erosion from 2011-2020 declining by 14.12% compared to the previous decade. Australia (41.07 Pg), in contrast, 

experienced an initial decrease of 10.51%, followed by fluctuations of less than 0.5% per decade in later periods, indicating 275 

an overall trend towards stabilization. 

 

Figure 3. Interannual variations in wind erosion across representative regions 

Results from the pixel-based trend analysis (Figure 4a) indicated that areas with significantly increasing wind erosion 

were primarily concentrated in the arid and semi-arid areas spanning from low to middle latitudes in the Northern 280 

Hemisphere. The core distribution areas encompassed the entirety of the Sahara Desert in northern Africa and its 

surrounding peripheral regions, the northeastern part of the East African Plateau, and the entire Arabian Peninsula. 

Additionally, these areas included central Kazakhstan and southern Mongolia in Central Asia, northern Argentina in 

southeastern South America, and parts of the arid regions in southern Africa. Conversely, areas exhibiting a significant 
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decrease in wind erosion were mainly distributed across the South Asian subcontinent, central-western Australia in Oceania, 285 

southern Afghanistan, western Iraq, and northern Oman in the Middle East, southwestern Russia in Eastern Europe, 

Turkmenistan in Central Asia, and western Senegal in West Africa, among other regions. 

 

Figure 4. Global wind erosion trends from 1982 to 2020 (a, spatial distribution of wind erosion trends and significant; b, national 

ranking of total wind erosion changes) 290 
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with Algeria and Sudan showing far greater increases in wind erosion than other countries, together accounting for nearly 60% 

of the total increase from globally significant areas. Among countries with significantly decreasing wind erosion, India and 

Pakistan tied for first place with an identical rate of -0.024Pg/year, making them the two countries with the most pronounced 

global decrease in wind erosion. The decreases in other countries were generally smaller than the magnitude of increase in 

the countries with rising trends. Overall, countries with significantly increasing wind erosion were primarily concentrated in 300 

the core arid areas of northern and eastern Africa, while countries with significantly decreasing wind erosion were mostly 

distributed in the semi-arid transition areas of South Asia, Oceania, and the Middle East. 

3.3 Seasonal Characteristics of Wind Erosion 

Regarding seasonal distribution (Figure 5a), most arid regions exhibited a unimodal distribution pattern except for the 

Arabian Peninsula. The peak wind erosion periods in the Northern Hemisphere regions all occurred in the first half of the 305 

year, while those in the Southern Hemisphere occurred in the second half. East Africa had the highest concentration (peak 

period 25, wind erosion 1.36 Pg, concentration 66.51%), followed by South Asia (peak period 24, wind erosion 1.07 Pg, 

concentration 52.28%) and East Asia (peak period 15, wind erosion 1.08 Pg, concentration 47.44%); concentrations in other 

regions were all below 40% (Figure 5b). The Sahara, as the core area with the highest global wind erosion intensity, reached 

its maximum wind erosion value in period 11 (11.37 Pg). The cumulative wind erosion during this peak period and its 310 

surrounding intervals totaled 115.33 Pg, yet this accounted for only 32.92% of its annual total, indicating it experiences 

intense wind erosion throughout the year. The Arabian Peninsula, as the only region with a bimodal distribution, exhibited 

two peaks in period 11 (wind erosion 1.96 Pg, concentration 35.35%) and period 25 (wind erosion 2.02 Pg, concentration 

36.73%). North America had the lowest concentration (peak period 13, wind erosion 0.14 Pg, concentration 23.88%). 

The results of the variability analysis (Figure 5c) indicated that Central Asia exhibited the highest annual mean wind 315 

erosion variability (0.93), followed by North America (0.79) and East Asia (0.75). In contrast, the Sahara region, despite 

having the highest annual mean wind erosion, showed the lowest annual mean variability (0.33), which was only 35.27% of 

that in Central Asia. The variability during the wind erosion concentration period was significantly lower than the annual 

mean across all regions, indicating more stable wind erosion conditions during these peak periods. Notably, in East Africa 

(concentration period variability 0.15) and South Asia (concentration period variability 0.27), the variability during the 320 

concentration period decreased by 0.29 and 0.36, respectively, compared to their annual means. The differences between the 

concentration period and annual mean variability were relatively small in Southern Africa, the Sahara, and North America, at 

only 0.4, 0.5, and 0.5, respectively. In other regions, the decrease in variability during the concentration period compared to 

the annual mean ranged between 0.1 and 0.2. 

https://doi.org/10.5194/essd-2026-66
Preprint. Discussion started: 10 February 2026
c© Author(s) 2026. CC BY 4.0 License.



14 

 

 325 

Figure 5 Seasonal wind erosion characteristics in different arid regions (a, seasonal distribution of wind erosion; b, concentration; 

c, fluctuation in each region) 

3.4 Dataset Evaluation and Validation 

To validate the assessment results of this study on a spatial scale, we further compared them with annual average dust 

emission data for the same period (Figure 6a). To mitigate potential influences from outliers, the wind erosion intensity data 330 

were grouped into intervals of 1 kg/m²/year, and the mean value of each group was used as a representative sample to 

analyze its relationship with the corresponding mean dust emission. As shown in Figure 6b, a significant cubic relationship 

was observed between them (R²=0.79, p<0.001), indicating that the spatial distribution of the wind erosion assessment 

results in this study is highly consistent with existing simulated dust emission data. 

 335 

Figure 6 Comparison of dust-emission data with wind erosion assessment results (a, Spatial distribution of dust emissions from 

1982 to 2020; b, fitting of dust emissions and wind erosion) 
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Concurrently, to verify the reliability of the wind erosion assessment results from this study on a temporal scale, a 

comparative analysis was conducted with site-observed coarse-mode aerosol optical depth. Given the 8-day temporal 

resolution of the wind erosion data in this study, which does not align with monthly-scale dust emission data, daily coarse-340 

mode aerosol optical depth observations from 16 stations located in typical wind erosion regions were selected (Figure 6a). 

Considering the spatial dispersion and temporal lag during dust transport, for each station, the cumulative total wind erosion 

within a 1000 km radius surrounding it for the current and preceding periods was calculated and then correlated with the 

station's daily coarse-mode aerosol optical depth. The results showed that a significant positive correlation was observed at 

the vast majority of stations (Figure 7). Although the R² was relatively low for a few individual stations—potentially due to 345 

the influence of local wind direction, wind speed, and atmospheric processes on dust transport, leading to some discrepancy 

between the fixed spatiotemporal cumulative wind erosion and the station-measured optical depth—the overall temporal 

variation of total wind erosion exhibited a consistent and significant positive correlation with coarse-mode aerosol optical 

depth. This result supports the accuracy of the temporal trends in the wind erosion assessment conducted in this study. 

 350 

Figure 7. Temporal comparison of gross optical depth at stations with wind erosion assessment results from this study 
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4 Discussion 

4.1 Comparison with Existing Wind Erosion Assessment Results 

This study, based on the RWEQ model and utilizing high spatiotemporal resolution input data (0.05°, 8-day), 

innovatively introduced a dynamic residue factor scheme tied to the growing season to produce a global wind erosion dataset 355 

spanning 1982–2020. Compared with other recent global studies also based on RWEQ, the assessment results from this 

study were slightly higher in total amount than some(Chu et al., 2024; Sun et al., 2024) and slightly lower in per-unit-area 

intensity than studies that did not consider the residue factor (Yang et al., 2021), yet all results remained within the same 

order of magnitude. These discrepancies likely stem primarily from differences in spatial resolution, temporal step length, 

and the more refined characterization of the residue factor. Higher resolution allows the model to capture more localized 360 

wind erosion hotspots and transient erosion events, potentially leading to a higher global total estimate; conversely, the 

reasonable exclusion of the residue factor during the growing season effectively avoids overestimating the wind erosion 

protection provided by vegetation cover, resulting in more reasonable wind erosion estimates. Therefore, the results of this 

study offer advantages in terms of the physical realism of process representation and the richness of spatial detail, providing 

a more reliable data foundation for further understanding the spatiotemporal dynamics of global wind erosion. 365 

Furthermore, we collected regional-scale wind erosion assessments from existing studies (Table 1). A comparative 

analysis revealed a strong agreement between the results of this study and the existing literature. The findings were all within 

the same order of magnitude, and the Pearson correlation coefficient for wind erosion intensity between them reached 0.86. 

Minor discrepancies could be attributed to objective differences in research methodology, data sources, and procedural 

details. Specifically, for several typical regions in China, such as Inner Mongolia, the Hexi Corridor, and the Loess Plateau, 370 

the assessment results from this study aligned well with or fell within a reasonable range of concurrent research. On a larger 

scale, estimates for Central Asia and Southern Africa also closely approximated those of prior studies. Although a certain 

degree of overestimation was observed in some localized areas, such as the Mu Us Sandy Land—potentially due to 

differences in data sources and parameterization—the overall trends were consistent, and all results remained within the 

same order of magnitude. In summary, this global assessment not only demonstrates strong agreement with existing studies 375 

in most regions but also reduces comparability biases between regional results through a consistent methodology and data 

sources, providing a credible data foundation for understanding long-term wind erosion dynamics and their driving 

mechanisms. 

Table 1． Comparison of regional-scale wind erosion assessments in existing studies with the results of this study 

Study Period Method Study Area 

Wind Erosion 

Intensity 

(kg/m2/year) 

Wind Erosion 

Intensity in This 

Study(kg/m2/year) 

Reference 

1990-2015 RWEQ China 1.25 1.44 (Chi et al., 2019) 

2000-2020 RWEQ Drylands in China 3.85 2.29 (Feng et al., 2025) 
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2000-2012 RWEQ 
Agricultural Pastoral 

Ecotone in northern China 
1.57-2.73 1.77 (Zhang et al., 2022a) 

2000-2012 

RWEQ 

Agricultural Pastoral 

Ecotone in northern China 

2.59 

1.77 (Liu et al., 2022a) 
WEPS 5.26 

IWEMS 5.87 

NWESMC 1.26 

2000-2020 RWEQ Northeast, China 0.15 0.49 (Wang et al., 2022) 

1986-2005 

Quantitative 

retrieval 

model 

Mu Us Sandy Land, China 1.57-1.69 3.52 (Yue et al., 2015) 

2000-2020 RWEQ Mu Us Sandy Land, China 0-1.36 4.13 (Liu et al., 2023) 

1990-2020  RWEQ  Kubuqi Desert, China  4.54 6.78 (Dang et al., 2022) 

1982-2015  RWEQ  Hexi Region,China 6.77 6.63 (Lin et al., 2021) 

2000-2018 RWEQ 
Northern Slope of the 

Tianshan Mountains, China 
6.56 3.01 (Wang et al., 2024) 

2000-2021 RWEQ Loess Plateau, China 0.40 1.00 (Tao et al., 2024) 

1990-2018 RWEQ Yellow River Basin, China 0.57-0.84 0.87 (Chi et al., 2022) 

2001-2016 RWEQ Horqin Sandy Land, China 0.55 1.77 (Zhang et al., 2021) 

2001-2010 RWEQ Inner Mongolia, China 3.40-4.82 5.39 (Jiang et al., 2016) 

1990-2015 RWEQ Inner Mongolia, China 3.56 4.70 (Zhang et al., 2018) 

2000-2021 RWEQ Inner Mongolia, China 2.86 4.85 (Zhang et al., 2024b) 

1990-2022 RWEQ Inner Mongolia, China 3.57 4.61 (Mei et al., 2025) 

1982-2018 RWEQ Mongolia plateau 4.65 3.84 (Wei et al., 2023) 

2010 WEQ Mongolia 0.27-2.75 4.82 (Mandakh et al., 2016) 

1986-2005 RWEQ Central Asia 1.60 3.10 (Li et al., 2020) 

2000-2019 RWEQ Central Asia 3.45 3.17 (Wang et al., 2020) 

2000-2020 RWEQ Central Asia 1.98-5.06 3.21 (Yu et al., 2024) 

1991-2020 RWEQ Southern Africa 4.64 4.57 (Zhao et al., 2021) 

2001-2020 RWEQ Africa 16.67 13.27 (Zhang et al., 2024a) 

4.2 Advantages of the 8-Day Temporal Resolution 380 

This study refined the event scale of investigation from a monthly to an 8-day scale. This finer temporal resolution 

enables a more accurate capture of the rapid dynamic changes in key driving factors such as wind speed, precipitation, soil 

moisture, and vegetation cover. The wind erosion process is primarily driven by instantaneous wind force, with short-

duration strong wind events serving as the core dynamic mechanism triggering soil loss. Traditional low-temporal-resolution 

data (e.g., monthly or annual averages) may smooth out these brief yet high-intensity wind speed peaks, thereby 385 
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underestimating the actual intensity and frequency of wind erosion (Shen et al., 2019). Furthermore, mismatches between 

different variables, such as the misalignment between the vegetation growing season and peak wind speed periods, can also 

lead to underestimation in low-temporal-resolution assessments (Zhang et al., 2019b). Therefore, compared to low-temporal-

resolution data like monthly or annual scales, the 8-day scale can effectively capture such episodic strong wind events that 

cause significant erosion. This avoids underestimating actual wind erosion amounts due to data smoothing and allows for a 390 

more precise calculation of the wind factor and quantification of its contribution to the erosion process. 

Secondly, wind erosion is not a continuous and uniform process but rather consists of a series of discrete events of 

varying intensity and duration (Shen et al., 2018). High temporal resolution is therefore crucial for analyzing the episodic 

characteristics of wind erosion. Employing an 8-day assessment unit allows for better isolation and quantification of these 

short-term, high-intensity erosion events, preventing them from being obscured within long-term averages and thus 395 

providing a more realistic reflection of the actual risk patterns and spatiotemporal variation of wind erosion. Furthermore, 

high-resolution data is particularly important for studying extreme wind erosion events. By utilizing long-term 8-day 

resolution data, it is possible to analyze the frequency and intensity trends of extreme wind erosion events, and their 

association with climate change, such as increased droughts and strong wind events. 

From an application perspective, the 8-day resolution wind erosion assessment results provide a more detailed basis for 400 

decision-making in formulating timely and precise prevention and mitigation strategies. It enables decision-makers to 

identify short-term threat windows for wind erosion in specific areas, thereby optimizing farming management, adjusting the 

timing of vegetation restoration projects, or enhancing the targeting of dust storm warnings. This holds clear practical value 

for ecological protection and sustainable land management in wind erosion-active regions such as northern China and 

Central Asia. In summary, adopting an 8-day temporal resolution in global-scale assessments significantly enhances the 405 

depth of understanding of wind erosion dynamic processes, the accuracy of simulation, and the timeliness of management 

support. 

4.3 Limitations and Future Improvements  

This study made progress in global wind erosion assessment, but it still has several limitations, primarily stemming 

from data availability and simplifications in model parameterization. Due to constraints in the availability and consistency of 410 

global-scale data, this study assigned specific values to certain parameters, which may introduce uncertainties. For example, 

the threshold wind speed for erosion onset typically exhibits spatial heterogeneity depending on land use type, surface 

roughness, and topsoil conditions, but this study uniformly set it to 5 m/s. This simplification may lead to overestimating or 

underestimating the frequency and intensity of wind erosion under certain surface conditions. Furthermore, due to the lack of 

detailed global data on crop types and field management practices for cultivated land, the model was unable to differentiate 415 

the distinct effects of standing residues versus flat residues on surface cover and aerodynamic roughness. This may result in 

a systematic overestimation of wind erosion on cropland. Although cropland is not a primary contributor to the global total 

wind erosion, thus making the impact of this bias on the overall assessment relatively limited, incorporating detailed 

https://doi.org/10.5194/essd-2026-66
Preprint. Discussion started: 10 February 2026
c© Author(s) 2026. CC BY 4.0 License.



19 

 

agricultural parameters (such as crop types, rotation systems, and residue management) holds significant importance for 

enhancing assessment accuracy in regional or local-scale refined wind erosion modeling. 420 

 

5 Data availability 

The GloWE-8D dataset is publicly available in GeoTIFF format via Zenodo at https://zenodo.org/records/18245214 

(Zhang et al., 2026). It features a spatial resolution of 0.05°, a temporal resolution of 8 days, and covers the period from 1982 

to 2020, with data units expressed as t/km². The data for each year are stored in separate compressed files. 425 

6 Conclusions 

Based on the RWEQ and integrating multi-source data, including ERA5 reanalysis meteorological data, GLASS 

fractional vegetation cover, GLC_FCS30D land use data, and SoilGrids soil properties, this study constructed, for the first 

time, a wind erosion assessment dataset at a global scale spanning 1982–2020 with an 8-day temporal resolution and a 0.05° 

spatial resolution. By introducing a residue factor scheme based on growing season identification, the representation 430 

accuracy of wind erosion suppression during vegetation cover periods was enhanced, achieving continuous, high 

spatiotemporal resolution monitoring of global wind erosion processes. The spatial distribution of this dataset showed good 

consistency with MERRA-2 dust emission data (R²=0.79), and its temporal variations were significantly correlated with 

coarse-mode aerosol optical depth observations from AERONET stations, validating its reliability in characterizing the 

spatiotemporal patterns of wind erosion. Comparisons with existing regional studies indicated that the assessment results are 435 

within the same order of magnitude and exhibit high spatial correlation with wind erosion intensities in most typical regions, 

demonstrating the dataset's reasonableness and comparability. As the first publicly available, long-term, high spatiotemporal 

resolution global wind erosion data product, this dataset enables a more refined capture of the intermittent and episodic 

characteristics of wind erosion, revealing its seasonal dynamics and long-term trends, thereby providing an important data 

foundation for global and regional dust emission estimation and the formulation of land degradation prevention strategies. 440 
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