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Abstract. Wind erosion is a key pathway of land degradation in the alpine drylands of the Qinghai-Tibet 
Plateau, yet its dominant controls and risk trajectories remain difficult to attribute in a spatially heterogeneous 
system. Here we integrated the RWEQ with an interpretable machine learning framework (XGBoost coupled 
with SHAP) to quantify spatiotemporal patterns of potential wind erosion from 1981 to 2020, identify 
dominant drivers, and delineate management-oriented ecological risk zones. The Plateau-wide mean potential 
wind erosion modulus was 3.03×104 t/km2, with localized hotspots up to 1.08×105 t/km2. Wind erosion 
showed strong seasonality, with most losses occurring from late winter to spring, and a predominantly 
declining long-term tendency that was spatially heterogeneous across climate classes. SHAP interpretation 
ranked erosive wind speed as the leading control (mean(|SHAP|) = 10.28), followed by sand content (5.17) 
and fractional vegetation cover (4.05), with elevation and soil organic matter as secondary modifiers. 
Dominant driver mapping attributed 59.69% of the Plateau to wind dominance, 9.96% to sand dominance, 
and 4.49% to vegetation dominance, while 24.74% was non-erosive. Risk zoning indicated extensive recovery 
areas (54.01%) and substantial gradually worsening belts (17.73%), with rapid worsening hotspots 
concentrated in wind driven zones (3.33%). The proposed RWEQ plus XGBoost-SHAP framework provides 
a transparent basis for prioritizing monitoring and targeted mitigation under climate variability. 

1 Introduction 

Wind erosion represents one of the most pervasive 
pathways of land degradation in dryland environments. 
By detaching and transporting fine surface particles, it 
removes nutrient-rich topsoil, weakens soil functioning, 
and reduces the capacity of land to sustain vegetation and 
agricultural production[1]. Its impacts are not confined to 
the land surface itself. Wind-eroded sediments and dust 
can deteriorate air quality, disrupt transportation, and 
increase environmental and public health risks across 
downwind regions[2]. In the context of climate change, 
these concerns have become more pressing, because shifts 
in wind regimes, moisture conditions, and vegetation 
cover may substantially alter the magnitude and 
distribution of wind erosion[3]. The Qinghai-Tibet Plateau 
is highly relevant in this regard. As an ecologically 
strategic region with extensive alpine drylands and fragile 
surface environments, it is exceptionally sensitive to 
climatic fluctuations[4]. While the southeastern Plateau is 
comparatively humid and less prone to severe wind 

erosion, large parts of the central, western, and northern 
Plateau are characterized by sparse vegetation, 
unconsolidated surface materials, and strong aeolian 
forcing, creating favorable conditions for erosion to 
occur[5]. Examining wind erosion across the Qinghai-
Tibet Plateau is therefore important for understanding 
land degradation processes in climate-sensitive highland 
systems and for supporting ecological protection in this 
critical region. 

Despite substantial progress in wind erosion 
assessment, identifying the dominant drivers of wind 
erosion change remains methodologically challenging. 
Wind erosion results from the combined influence of 
climatic factors, vegetation conditions, soil properties, 
and land-surface characteristics, and these controls often 
operate in nonlinear and spatially heterogeneous ways[6]. 
Previous studies have commonly relied on correlation 
analysis, regression-based interpretation, or factor-
detection approaches such as geographic detectors to infer 
the roles of different variables[7]. These methods are 
informative for describing statistical associations, yet they 
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are less effective when the objective is to disentangle 
complex nonlinear responses, quantify the relative 
contribution of multiple predictors, and reveal how driver 
importance varies across space[8]. Interpretable machine 
learning offers a useful way forward. In particular, the 
combination of XGBoost (eXtreme Gradient Boosting) 
and SHAP (SHapley Additive exPlanations) makes it 
possible to couple strong predictive capacity with 
transparent model interpretation[9]. This framework can 
rank predictor importance, explain marginal effects, and 
support the identification of dominant controls in complex 
environmental systems[10]. For wind erosion studies on the 
Qinghai-Tibet Plateau, such an approach is especially 
valuable because it helps move beyond simple factor 
screening toward a more process-informed understanding 

of the spatial patterns and underlying causes of wind 
erosion change. 

In this context, the present study integrates the 
Revised Wind Erosion Equation (RWEQ) with an 
interpretable machine learning framework based on 
XGBoost and SHAP to investigate wind erosion and its 
ecological risk on the Qinghai-Tibet Plateau. The 
objectives of this study are to: (1) characterize the 
spatiotemporal patterns of wind erosion on the Qinghai-
Tibet Plateau from 1981 to 2020 using the RWEQ model; 
(2) identify the dominant drivers of wind erosion change 
and quantify their relative importance using the XGBoost-
SHAP framework; and (3) delineate ecological risk zones 
for wind erosion to provide a scientific basis for regional 
ecological conservation and targeted risk management 
under climate change. 

 

Figure 1 Topographic and climatic setting of the Qinghai-Tibet Plateau: (a) elevation; (b) Köppen Geiger climate classes[11]. In panel 
(b), abbreviations denote BWk, arid desert cold; BSk, arid steppe cold; Cwa, temperate dry winter hot summer; Cwb, temperate dry 
winter warm summer; Dsc, cold dry summer cold summer; Dwb, cold dry winter warm summer; Dwc, cold dry winter cold summer; 

Dfb, cold no dry season warm summer; Dfc, cold no dry season cold summer; ET, polar tundra; EF, polar frost. 

2 Materials and methods 

2.1 Study Area 

 The Qinghai-Tibet Plateau is the largest plateau in China 
and the highest on Earth, often referred to as the “Roof of 
the World”[12]. It extends from 26°00′ to 39°47′ N and 
73°19′ to 104°47′ E, covering approximately 2.5 million 
km2, which accounts for nearly one-quarter of China’s 
total land area. The Plateau encompasses the Tibet 
Autonomous Region and Qinghai Province, and extends 
into adjacent parts of Xinjiang, Gansu, Sichuan, and 
Yunnan (Fig. 1a). Characterized by pronounced 
topographic heterogeneity and steep elevation gradients, 
the Plateau’s strong relief, together with complex land 
surface conditions, creates sharp spatial gradients in 
temperature, moisture availability, vegetation cover, and 
near-surface wind environments[13]. This makes it a 
representative highland system for investigating wind 
erosion and its associated ecological risks. 

Climatically, the Plateau spans multiple Köppen-
Geiger climate classes (Fig. 1b), reflecting a transition 
from the relatively warm and humid southeastern margin 
to the cold and arid interior and high mountain 
environments. Temperate monsoon-influenced zones 
(Cwa, Cwb) occur mainly along the southeastern and 

southern margins. Cold and dry climates dominate large 
portions of the central and northern Plateau, including 
BSk and BWk, along with cold continental types 
characterized by winter dryness (Dwb, Dwc). Cold 
climates without a dry season (Dfb, Dfc) occur in areas 
with relatively higher moisture supply, while high-
elevation tundra and ice cap environments are represented 
by ET and EF. The Plateau experiences relatively high 
annual mean near-surface wind speeds, generally ranging 
from 0.6 to 4.2 m/s, with maxima in spring and minima in 
autumn[14]. A significant declining trend in wind speed has 
been observed in recent decades[15]. Precipitation is 
strongly seasonal, mainly concentrated between June and 
September, broadly coinciding with the warm season[16]. 

2.2 Data Sources and Preprocessing 

To support RWEQ-based estimates of wind erosion for 
1981-2020, we assembled meteorological, soil property, 
and auxiliary datasets. Meteorological inputs included 
daily mean air temperature, daily precipitation, daily 
mean downward shortwave radiation, and hourly wind 
speed. Soil variables comprised sand, silt, and clay 
contents, soil organic carbo, and calcium carbonate. 
Auxiliary datasets included daily snow depth, a digital 
elevation model (DEM), and a 16-day NDVI product used 
to characterize vegetation cover. Prior to factor derivation, 
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all gridded layers were reprojected, clipped, and 
resampled to a common grid to ensure spatial consistency. 
Continuous variables were resampled using bilinear 
interpolation, whereas categorical variables were 
resampled using nearest-neighbor assignment[17]. 
Temporal harmonization was conducted to align datasets 
with the daily time step required by the RWEQ 
calculations. Data sources and key attributes are 
summarized in Table 1. 

𝑈ଶ௠ ൌ 𝑈ଵ଴௠ ൬
2

10
൰

ଵ
଻

 ሺ1ሻ 

Where, U2m and U10m are the wind speeds at heights 
of 2 m and 10 m, respectively (m/s). 

𝜌 ൌ 348 ቆ
1.013 െ 0.1183𝐸𝐿 ൅ 0.0048𝐸𝐿ଶ

273.15 ൅ 𝑡
ቇ ሺ2ሻ 

Where, EL is elevation (km), t is air temperature (°C), 
and ρ is air density (kg/m3). 

Given the strong environmental heterogeneity of the 
Qinghai-Tibet Plateau, several targeted preprocessing 
steps were applied when deriving RWEQ factors[18]. First, 
hourly wind speed at 10 m was converted to the 2 m height 
required by RWEQ using the 1/7 power-law profile (Eq. 

1). To better represent erosive wind conditions, the wind 
factor was computed from the intra-day hourly wind 
series rather than from daily mean wind speed, with the 
threshold friction condition represented by a wind-speed 
threshold of 5 m/s. Second, air density was calculated as 
a spatially varying field from elevation and air 
temperature (Eq. 2), avoiding the use of a single constant 
and better accounting for the Plateau’s large elevational 
gradients[19]. Third, the soil moisture factor relied on 
potential evaporation estimated from shortwave radiation 
and air temperature[20]. When daily mean temperature was 
≤ -17.8 °C, potential evaporation was set to zero, and the 
moisture factor was assigned as zero to prevent 
nonphysical values and to reflect negligible wind erosion 
under extreme cold conditions. Fourth, the snow cover 
factor was implemented as a daily binary constraint: SD 
was set to 0 when snow depth was ≥ 25.4 mm and to 1 
otherwise. Fifth, soil properties from the 0-5, 5-15, and 
15-30 cm layers were combined as a depth-weighted 
mean to represent the 0-30 cm layer used in model 
calculations. Finally, NDVI was converted to fractional 
vegetation cover using the pixel dichotomy approach[21]; 
missing pixels were filled with zero, and NDVI for 1981 
was replaced with the nearest available record (1982). 

Table 1 Data sources and descriptions used in this study. 

Factor Variables Resolution Sources 

Meteorology Air temperature 1/30°, daily 

CMFD: China meteorological forcing dataset v2.0 [22] 
Meteorology Wind speed 1/30°, hourly 
Meteorology Precipitation 1/30°, daily 
Meteorology Downward shortwave radiation 1/30°, daily 

Soil Properties Sand, Silt, Clay 1 km 
Harmonized World Soil Database v2.0[23] Soil Properties SOC 1 km 

Soil Properties CaCO3 1 km 
Topography DEM 1 km WorldClim v2.1[24] 

Surface Conditions Snow depth 0.25°, daily Long-term series of daily snow depth dataset in China[25] 
Surface Conditions NDVI 1/12°, 16-day PKU GIMMS NDVI Dataset[26] 

2.3 Revised Wind Erosion Equation 

The Revised Wind Erosion Equation (RWEQ) is a widely 
used empirical framework for estimating wind-driven soil 
loss, with its formulation rooted in the WEQ family of 
models developed from early wind erosion research[27]. In 
RWEQ, wind erosivity and surface protection are 
represented through a set of multiplicative factors 
describing atmospheric conditions, soil susceptibility, 
surface roughness, and vegetation shielding, which makes 
the model well suited for gridded applications when field 
observations are sparse. Although initially designed with 
cropland conditions in mind, RWEQ has been 
increasingly applied in large-area assessments and multi-
decadal analyses by coupling the model with remote 
sensing and reanalysis products[28,29]. RWEQ has been 
applied to characterize the spatial patterns of wind erosion 
and to inform assessments of aeolian land degradation and 

the effectiveness of wind erosion mitigation measures[30]. 
The general form of the RWEQ model is given as follows: 

𝑄௠௔௫ ൌ 109.8ሺWF ⋅ EF ⋅ SCF ⋅ K’ ⋅ COGሻ ሺ3ሻ 

𝑆 ൌ 150.71ሺWF ⋅ EF ⋅ SCF ⋅ K’ ⋅ COGሻି଴.ଷ଻ଵଵ ሺ4ሻ 

𝑆௅ ൌ
2𝑧
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௭
ௌቁ

మ
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Where Qmax is the maximum transport capacity (kg/m), 
S is the critical field length (m), SL is the soil loss (kg/m2), 
and z is the downwind distance (m), which was set to 50 
m in this study. In Eqs. (3) - (5), WF, EF, SCF, K', and 
COG denote the climatic factor (kg/m), soil erodibility 
factor (dimensionless), soil crust factor (dimensionless), 
surface roughness factor (dimensionless), and combined 
vegetation factor (dimensionless), respectively. The 
calculation of these factors is described in Eqs. (6) - (16). 

𝑊𝐹 ൌ 𝑊௙ ⋅
𝜌
𝑔

⋅ SW ⋅ SD ሺ6ሻ 
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𝐸𝑇௉ ൌ 0.0162 ൬
𝑆𝑅

58.5
൰ ሺ𝐷𝑇 ൅ 17.8ሻ ሺ9ሻ 

𝑆𝐷 ൌ 1 െ 𝑃ሺ𝑠𝑛𝑜𝑤𝑐𝑜𝑣𝑒𝑟 ൒ 25.4𝑚𝑚ሻ ሺ10ሻ 

WF reflects how erosive winds are amplified or 
suppressed by atmospheric density as well as by surface 
wetness and snow cover, which limit particle detachment 
and transport. Accordingly, higher WF indicates more 
favorable climatic conditions for wind-driven soil loss. 

 Where Wf is the wind factor (m3/s3), U2 is the wind 
speed at 2 m height (m/s), U1 is the threshold wind speed 
at 2 m (m/s) (below which Wf is set to 0; set to 5 m/s in 
the study), Nd is the length of the wind-speed observation 
period (days) (set to 1 day), N is the number of wind-speed 
records within the observation period (set to 1), ρ is air 
density (kg/m3), g is gravitational acceleration (m/s2) (set 
to 9.8 m/s2), SW is the soil moisture factor (dimensionless), 
SR is total solar radiation (cal/cm2), DT is mean air 
temperature (°C), ETp is potential evaporation (mm), I is 
irrigation amount (mm) (set to 0), Rd is the number of days 
with rainfall and irrigation (days) (approximated by the 
number of rainy days in this study), and SD is the snow 
cover factor (dimensionless). 

𝐸𝐹ଵ ൌ
29.09 ൅ 0.31𝑆𝑎 ൅ 0.17𝑆𝑖

100
ሺ11𝑎ሻ 

𝐸𝐹ଶ ൌ
0.33 ቀ

𝑆𝑎
𝑐𝑙 ቁ

100
ሺ11𝑏ሻ 

𝐸𝐹ଷ ൌ
2.59𝑂𝑀 ൅ 0.95𝐶𝑎𝐶𝑂ଷ

100
ሺ11𝑐ሻ 

𝐸𝐹 ൌ 𝐸𝐹ଵ ൅ 𝐸𝐹ଶ െ 𝐸𝐹ଷ ሺ11𝑐ሻ 

𝑆𝐶𝐹 ൌ
1

1 ൅ 0.0066𝑐𝑙ଶ ൅ 0.021𝑂𝑀ଶ
ሺ12ሻ 

EF and SCF describe the intrinsic susceptibility of the 
soil surface to wind erosion and the extent to which the 
surface is protected by crusting. EF represents the 
erodibility of the soil, integrating the effects of texture and 
key soil constituents that influence particle detachability. 
SCF characterizes the stabilizing effect of soil crusts, 
which can increase surface resistance and reduce the 
likelihood of particle entrainment; lower SCF therefore 
indicates stronger crust protection. 

Where cl, Si, and Sa are the clay, silt, and sand 
contents, respectively (% by weight), OM is soil organic 
matter content (% by weight), and CaCO3 is calcium 
carbonate content (% by weight). 

𝐾’ ൌ 𝑒൫ଵ.଼଼௄ೝିଶ.ସସ௄ೝ
బ.వయరି଴.ଵଶସ஼ೝೝ൯ ሺ13ሻ 

𝐾௥ ൌ 0.2
ሺ𝛥𝐻ሻଶ

𝐿
ሺ14ሻ 

K' represents the surface roughness effect in RWEQ 
and reflects how terrain-induced roughness modifies near-

surface airflow and, in turn, the potential for particle 
detachment and transport. Greater roughness generally 
reduces wind erosivity at the soil surface by increasing 
drag and disrupting wind flow, thereby suppressing wind 
erosion. In this study, ridge roughness was approximated 
using local relief to make this factor applicable to the 
complex natural terrain of the Qinghai-Tibet Plateau[31]. 

Where Kr is ridge roughness (m), ΔH is the elevation 
difference within a window of length L (m), L is the relief 
length scale (m), and Crr is the random roughness factor 
(cm). In this study, Kr was approximated by the local 
relief; ΔH values greater than 158 m were capped at 158 
m to avoid nonphysical behavior; L was set to 270 m (a 
3×3 neighborhood of the 90 m DEM). 

𝐶𝑂𝐺 ൌ 𝑒ିହ.଺ଵସ൫஼஼బ.ళయలల൯ ሺ15ሻ 

𝐶𝐶 ൌ
𝑁𝐷𝑉𝐼 െ 𝑁𝐷𝑉𝐼௦௢௜௟

𝑁𝐷𝑉𝐼௩௘௚ െ 𝑁𝐷𝑉𝐼௦௢௜௟
ሺ16ሻ 

COG captures the protective effect of vegetation on 
wind erosion and was parameterized using vegetation 
cover derived from NDVI. Residue-related terms in the 
original RWEQ formulation were omitted due to data 
limitations. 

Where CC is canopy cover (%) and is approximated 
by fractional vegetation cover in this study; NDVI is the 
normalized difference vegetation index; and NDVIveg and 
NDVIsoil are the NDVI values representing full vegetation 
cover and bare soil, defined as the 95th and 5th percentiles 
of NDVI, respectively. The residue-related terms SC (flat 
residue cover, %) and SA (standing stem area index) were 
not included due to limited data availability. 

2.4 An Interpretable Machine Learning 
Framework Based on XGBoost and SHAP 

 Capturing the nonlinear responses of wind erosion to 
multiple environmental controls, together with their 
interactions, is difficult for conventional statistical 
approaches that rely on linearity assumptions or require 
interactions to be specified a priori. We therefore adopted 
XGBoost (eXtreme Gradient Boosting), a scalable 
gradient-boosted decision-tree algorithm that iteratively 
builds an ensemble of trees to reduce prediction error. 
Through regularization and shrinkage, XGBoost controls 
model complexity and tends to generalize well in high-
dimensional settings with correlated predictors[32,33]. 
These properties make it well suited for heterogeneous 
landscapes such as the Qinghai-Tibet Plateau, where wind 
erosion is shaped by complex, spatially varying 
relationships with its drivers. In this study, XGBoost was 
trained using gridded environmental covariates and 
RWEQ-derived wind erosion estimates to generate 
spatially continuous predictions, providing the modeling 
backbone for subsequent SHAP-based attribution and 
effect interpretation. A high-level schematic diagram 
illustrating the full analytical framework of RWEQ 
integration with XGBoost-SHAP, and the subsequent 
steps for dominant driver mapping and ecological risk 
zoning is provided in Figure 2. 
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Figure 2 Schematic diagram of the integrated RWEQ-
XGBoost-SHAP analytical framework 

The framework consists of four core steps: (1) Data 
preprocessing: harmonizing meteorological, soil, 

topographic and surface condition datasets to a consistent 
spatial-temporal resolution for model input; (2) RWEQ 
simulation: calculating the potential wind erosion 
modulus across the Qinghai-Tibet Plateau from 1981 to 
2020 by quantifying climatic, soil erodibility, surface 
roughness and vegetation protection factors; (3) 
XGBoost-SHAP modeling: training the XGBoost model 
with environmental covariates and RWEQ-derived 
potential wind erosion as the response variable, then using 
SHAP values to quantify factor importance and identify 
dominant drivers of wind erosion; (4) Ecological risk 
zoning: integrating dominant driver classes and the long-
term trend of potential wind erosion to delineate 
management-oriented ecological risk zones, with 
differentiation of rapid worsening, gradually worsening, 
recovery and non-erosive stable zones. 

To interpret the fitted model, we adopted SHAP 
(SHapley Additive exPlanations), an attribution approach 
grounded in Shapley values from cooperative game 
theory. SHAP decomposes a model prediction into 
additive contributions from individual predictors, 
allowing consistent interpretation at both the global scale 
(importance ranking) and the sample scale (dependence 
patterns and conditional effects)[34]. Here, SHAP values 
were computed from the trained XGBoost model to 
quantify each factor’s contribution to wind erosion 
variation and to identify dominant drivers, which were 
further summarized as importance rankings and 
dependence relationships. 

 

Figure 3 Spatial patterns and long-term trends of potential wind erosion on the Qinghai-Tibet Plateau: (a) spatial distribution of the 
daily maximum erosive wind speed in 2020; (b) spatial distribution of the potential wind erosion modulus in 2020; (c) interannual 

trend (slope) of the potential wind erosion modulus during 1981-2020, estimated as the pixel-wise slope from an ordinary least 
squares linear regression; (d) statistical significance of the trend in panel (c) based on a t-test at α=0.05. 

3 Results 

3.1 Spatiotemporal Patterns of Wind Erosion on 
the Qinghai-Tibet Plateau from 1981 to 2020 

The modeling results indicate that the mean potential 
wind erosion modulus over the Qinghai-Tibet Plateau is 

3.03×104 t/km2, with localized hotspots reaching up to 
1.08×105 t/km2. The daily maximum erosive wind speed 
in 2020 exhibits clear spatial contrasts, with extensive 
areas dominated by moderate classes and distinct hotspots 
reaching the highest wind-speed bins in the Plateau’s arid 
and sparsely vegetated regions (Fig.3a). Consistent with 
this wind regime, the 2020 potential wind erosion 
modulus shows a strongly clustered spatial pattern (Fig. 
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3b). High erosion intensities are concentrated in dryland 
sectors where surface materials are loose and vegetation 
protection is limited, whereas large portions of the Plateau 
are mapped as non-erosive or low erosion, indicating that 
erosive wind conditions and surface susceptibility do not 
co-occur uniformly in space. The long-term trend maps 
further reveal a spatially heterogeneous evolution of wind 
erosion between 1981 and 2020 (Fig. 3c, d). Most pixels 
show negative slopes, and the trend classification 
indicates that decreasing classes account for a broad share 
of the Plateau, with many areas reaching statistical 
significance at α=0.05. Patches of positive slopes persist 
in some regions, forming localized increasing zones that 
are mainly classified as non-significant increases, with 
fewer areas showing significant increases. Overall, the 
Plateau-wide pattern is dominated by decreases, while 
increases are spatially limited and fragmented. 

Temporal dynamics derived from Figure 4 show 
pronounced seasonality and a weakening long-term 
tendency at the Plateau scale. The intra-annual allocation 
of annual wind erosion is highly uneven (Fig. 4a). Wind 
erosion is concentrated in late winter and spring, with the 
largest contributions occurring from February to April 
and a peak in early spring. Contributions decline sharply 
toward summer, reaching minima during July to August, 
and then recover toward late autumn and early winter. 
This seasonal pattern is consistent with periods of stronger 
winds and lower surface protection during the cold season 
and spring transition. At the interannual scale, the Plateau-

wide annual potential wind erosion modulus exhibits 
substantial variability, together with an overall declining 
tendency during 1981-2020 (Fig. 4b). The ordinary least 
squares fit yields a negative slope, with year-to-year 
fluctuations superimposed on the long-term decrease. 
Several years stand out as anomalously low or high 
relative to the fitted trend, indicating that episodic 
climatic conditions can modulate wind erosion intensity 
even under a decreasing background tendency. 

Climate-stratified results show that trend direction and 
magnitude differ systematically among Köppen-Geiger 
classes (Fig. 4c). The ET zone occupies the largest area 
share (62.17%) and shows a negative mean slope of about 
-0.51 (kg/m2)/year, with decreasing categories 
collectively accounting for most of its area. The arid 
classes BWk (10.76%) and BSk (6.90%) exhibit stronger 
decreases, with mean slopes of about -2.93 and -1.14 
(kg/m2)/year, respectively, and large fractions classified 
as significant decreases. Dwc (12.76%) also shows a clear 
negative mean slope of about -0.84 (kg/m2)/year. In 
contrast, Dwb (3.45%) is characterized by a near neutral 
to slightly positive mean slope of about 0.04 (kg/m2)/year, 
with most pixels falling into increasing categories, mainly 
non-significant increases. The “Other” class (3.96%) 
displays an overall near zero mean slope. These results 
indicate that the strongest declines are concentrated in arid 
and cold climates, whereas weak increases are more likely 
to occur within specific continental climate settings. 

 

Figure 4 Seasonal distribution, interannual variability, and climate-specific trends of potential wind erosion on the Qinghai-Tibet 
Plateau: (a) intra-annual allocation of the annual total potential wind erosion modulus during 1981-2020, expressed as the share 

contributed by each half-month period (ID 1-24), calculated by summing gridded half-month values across years for the same period 
and converting the multi-year totals to percentages; (b) interannual variations in the plateau-wide annual potential wind erosion 

modulus during 1981-2020, with an ordinary least squares linear trend and its 95% confidence interval; (c) climate-stratified statistics 
of pixel-wise trend (slope) in potential wind erosion modulus during 1981-2020 for six climate groups, where donut charts show the 
area shares of five trend-significance categories (significant increase, non-significant increase, no change, significant decrease, and 
non-significant decrease); the center labels indicate the areal proportion of each climate group across the plateau; arrows denote the 

overall direction of change (green downward for decreasing; red upward for increasing); and the boxed values report category-
specific area percentages and the mean slope for each climate group. Statistical significance is based on a t-test at α=0.05.   
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3.2 Feature Importance Analysis Using XGBoost-
SHAP 

We used SHAP to interpret the XGBoost model and 
quantify the relative importance of environmental 
controls on potential wind erosion across the Qinghai–
Tibet Plateau (Fig. 5). At the plateau scale, Wind is the 
dominant predictor, with a mean(|SHAP|) of 10.28, 
clearly exceeding the next-ranked factors Sand (5.17) and 
FVC (4.05). Terrain and soil properties form a secondary 
tier, led by DEM (2.51) and SOM (2.08), whereas SnowD, 
AI, and Srad contribute more modestly (all ~1-1.5). Prcp 
and Temp show weaker overall influence (<1), and 
CaCO3, Clay, and Silt have the smallest contributions. 

Beyond rank order, the SHAP summary distribution 
indicates consistent directional patterns for key drivers. 
Higher Wind and Sand values are predominantly 
associated with positive SHAP values, implying increased 
predicted wind erosion, while higher FVC generally shifts 
SHAP values negative, reflecting the protective role of 
vegetation cover. Several predictors exhibit mixed 

positive and negative effects across samples, consistent 
with non-linear responses and interaction effects captured 
by XGBoost. 

Climate stratification reveals that the relative 
importance of predictors is not spatially uniform (Fig. 5b-
g). In the two arid classes (BWk and BSk), Wind remains 
overwhelmingly influential and the contributions of Sand, 
FVC, and DEM are comparatively amplified, consistent 
with strong exposure and high surface erodibility. In ET 
(tundra), the importance structure becomes more balanced, 
where Wind still ranks first but Sand and FVC approach 
comparable influence, and DEM and SnowD contribute 
as additional modifiers. In contrast, Dwb and the “Other” 
group show near-zero mean(|SHAP|) for most variables, 
which aligns with their very low mean erosion levels and 
indicates limited model sensitivity within these subsets. 

Overall, the XGBoost-SHAP results emphasize a 
plateau-wide hierarchy in which erosive wind forcing sets 
the primary potential for wind erosion, while surface 
texture and vegetation cover regulate susceptibility, and 
topographic and cryo-climatic factors modulate this 
susceptibility in a climate-dependent manner. 

 

Figure 5 SHAP-based analysis of factors influencing potential wind erosion on the Qinghai–Tibet Plateau: (a) SHAP summary 
(beeswarm) plot showing the distribution of feature effects and the corresponding mean(|SHAP|)-based importance ranking; (b-g) 

climate-stratified feature importance rankings (mean(|SHAP|)) for BWk, BSk, Dwb, Dwc, ET, and Other. In panel (a), SHAP values 
indicate the direction and magnitude of each predictor’s contribution to the XGBoost prediction (positive values increase and 

negative values decrease the predicted wind erosion modulus), and point colors denote feature values from low to high; the numbers 
beside feature names report mean absolute SHAP values. Each panel reports the model performance (R2), sample size (n), and the 

mean wind erosion modulus (kg/m2) for the corresponding domain. Predictor abbreviations are Wind, erosive wind speed; Sand, sand 
content; FVC, fractional vegetation cover; DEM, elevation from the digital elevation model; SOM, soil organic matter; SnowD, snow 

depth; AI, aridity index; Srad, solar radiation; Prcp, precipitation; Temp, air temperature; CaCO3, calcium carbonate content; Clay, 
clay content; and Silt, silt content. 
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3.3 Identification and Spatial Characterization of 
Dominant Drivers of Wind Erosion Change 

The dominant drivers of wind erosion change, identified 
by the leading SHAP contributor, show clear spatial 
contrasts across the Qinghai-Tibet Plateau (Fig. 6a). 
Erosive wind speed dominates most extensively, 
accounting for 59.69% of the plateau and forming a 
broadly continuous pattern across large parts of the 
western and central Plateau. Sand content is the second-
most prevalent driver (9.96%), occurring mainly as 
clustered patches that coincide with sandy surfaces and 

aeolian deposits, particularly in arid and semi-arid sectors. 
Areas where fractional vegetation cover dominates are 
more localized (4.49%), appearing as belts and mosaics in 
transitional zones where vegetation gradients are 
pronounced. Regions dominated by other factors are 
limited (1.12%) and occur as small, scattered patches, 
indicating that secondary controls only locally outweigh 
the primary wind and surface constraints. In addition, 
24.74% of the plateau is classified as non-erosive, 
concentrated mainly along the more humid southeastern 
margin and other well-protected areas where erosive 
conditions are not met. 

 

Figure 6 Ecological risk zoning of potential wind erosion on the Qinghai-Tibet Plateau based on dominant drivers and long-term 
trends: (a) spatial distribution of dominant drivers identified by the leading SHAP contributor from the XGBoost model, including 

erosive wind speed, sand content, fractional vegetation cover, and other factors, with the non-erosive area shown separately; (b) 
resulting ecological risk management zones (Zones A-G) derived from the integrated zoning criteria; (c) schematic of the zoning 

scheme combining dominant-driver classes (D1-D5) and trend categories (T1-T4) to define Zones A-G. 

3.4 Ecological Risk Zoning 

For ecological risk zoning, we developed a management-
oriented scheme by integrating the dominant drivers of 
potential wind erosion with the multi-decadal trend in 
wind erosion during 1981-2020. Each grid cell was first 
assigned a dominant-driver type based on the leading 
SHAP contributor from the XGBoost model, including 
erosive wind speed, sand content, fractional vegetation 
cover , and other factors (Fig. 6a). Trend categories were 
derived from the direction and statistical significance of 
the 1981-2020 change (Fig. 3d). Because areas classified 
as “no change” were largely confined to non-erosive 

regions, they were not further partitioned in the risk 
zoning. We then delineated seven risk management zones 
that prioritize both risk trajectory and actionable controls 
(Fig. 6c). Areas with significant increases in wind erosion 
were subdivided by dominant drivers into four high-risk 
zones: (A) wind-driven rapid worsening, (B) sand-supply-
driven rapid worsening, (C) vegetation-driven rapid 
worsening, and (D) complex-driver rapid worsening 
dominated by other factors. Areas showing increasing but 
non-significant trends were grouped as (E) gradually 
worsening zones, representing early warning areas where 
prevention-oriented management is warranted. Areas 
with decreasing trends, regardless of significance, were 
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grouped as (F) recovery zones, where the focus is on 
consolidating improvements and preventing rebound. 
Finally, (G) non-erosive stable zones were defined as 
areas lacking erosive conditions. 

The resulting ecological risk zones exhibit 
pronounced spatial clustering across the Plateau (Fig. 6b). 
Recovery zones (Zone F) dominate the landscape, 
accounting for 54.01% of the Plateau, and form a broadly 
continuous swath across much of the interior Plateau. 
Gradually worsening zones (Zone E) occupy 17.73% and 
occur mainly as patchy belts around the margins of the 
recovery-dominated core, highlighting areas where wind 
erosion shows an upward tendency and warrants 
preventive management. Non-erosive stable zones (Zone 
G) comprise 24.74% and are concentrated primarily along 
the relatively humid southeastern margin and other 
sheltered areas where erosive conditions are not met. 
Among the rapid-worsening high-risk zones, Zone A 
(wind-driven) is the most extensive (3.33%) and appears 
as clustered hotspots, whereas Zones B (0.13%) and C 
(0.07%) are spatially limited and occur as small, isolated 
patches. Zone D is negligible in areal extent (0.00% after 
rounding), indicating that areas where “other factors” 
dominate significant increases are rare at the Plateau scale. 

4 Discussion 

4.1 Implications of Wind Erosion Driving 
Mechanisms for Ecological Risk Management 

Wind forcing emerged as the primary control on potential 
wind erosion across the Plateau, consistent with the 
physics of wind-driven particle entrainment and transport 
and the broader environmental consequences of dust 
emission [35]. It is important to note that the potential wind 
erosion modulus simulated by RWEQ in this study is a 
model-derived index reflecting the erosive potential of the 
surface, which is a function of climatic conditions, soil 
properties and vegetation cover, rather than a directly 
validated measurement of actual aeolian sediment fluxes 
or dust emission mass in the field. This dominance also 
underscores the management relevance of seasonality, 
with late winter to spring concentrating the annual erosion 
signal, and of multi-decadal variability in near-surface 
winds, including documented stilling and possible 
recovery phases that can reshape risk trajectories [36]. 

The secondary importance of sand content indicates 
that many hotspots are constrained by sediment 
availability as well as wind energy, implying a shift in 
management emphasis depending on whether the system 
is wind-limited or supply-limited. Where sand-dominated 
patches occur, interventions should prioritize source 
control and disturbance minimization to reduce loose 
material availability and prevent expansion of exposed 
sandy surfaces, including those associated with lake 
retreat and newly exposed shorelines[37]. 

Vegetation protection, captured by fractional 
vegetation cover, generally reduced modeled erosion, 
supporting restoration and grazing management as 
practical levers in transitional areas where cover changes 
are most consequential[38]. Because the protective effect 

can be nonlinear and sensitive to spatial configuration, 
measures that improve cover continuity along dominant 
wind corridors and maintain effective surface shielding 
during the non-growing season are likely to yield 
disproportionate benefits, especially where NDVI-based 
proxies under-represent non-photosynthetic vegetation 
and residue protection[39]. 

The proposed risk zoning translates these mechanisms 
into differential priorities: rapidly worsening zones 
warrant immediate, targeted action; gradually worsening 
zones function as early warning areas where low-cost 
prevention and intensified monitoring are justified; 
recovery zones call for consolidation to avoid rebound. 
Interpretable machine learning strengthens this pathway 
by using XGBoost for robust prediction and SHAP for 
transparent attribution, enabling dominant driver maps to 
guide monitoring design, evaluate interventions, and 
update zoning as wind regimes and surface conditions 
evolve[40]. While the modelled potential wind erosion 
captures the key environmental controls of actual aeolian 
processes, direct field observations of sediment fluxes 
would further validate the magnitude of erosion and refine 
the risk zoning framework for the Qinghai-Tibet Plateau. 

4.2 Limitations and Future Perspectives 

Uncertainty in this study stems from both model structure 
and input data. Although RWEQ enables multi-decadal 
assessments at regional scale, it simplifies several 
processes that are likely important on the Qinghai-Tibet 
Plateau, including freeze and thaw controls on surface 
erodibility and other daily scale dynamics such as short-
term changes in roughness[41]. Vegetation shielding was 
derived from NDVI, which can miss non-photosynthetic 
vegetation and surface residues during the non-growing 
season and may therefore underestimate protective 
effects[42]. The meteorological forcing and long-term 
NDVI products provide spatially complete coverage, yet 
their resolution and error structures propagate into 
gridded erosion estimates, especially in terrain with sharp 
elevational gradient[22]. In addition, soil attributes were 
treated as static, even though frozen ground processes and 
selective loss of fine particles can alter texture and 
aggregate stability through time[43]. Future work should 
integrate non-photosynthetic vegetation or residue 
metrics, deploy ground observations of aeolian fluxes and 
particle concentrations in key dust source areas for 
validation, and explicitly incorporate decadal near-surface 
wind variability and potential recovery when updating 
dynamic risk zoning[44]. 

5 Conclusion 

This study combined RWEQ with an interpretable 
XGBoost-SHAP framework to map potential wind 
erosion across the Qinghai-Tibet Plateau for 1981-2020, 
quantify nonlinear driver contributions, and translate 
mechanism understanding into ecological risk zoning. 
Potential wind erosion was highly clustered, with a 
Plateau-wide mean of 3.03×104 t/km2 and localized 
maxima reaching 1.08×105 t/km2. Wind erosion exhibited 
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pronounced seasonality, concentrating in late winter and 
spring, and showed an overall declining tendency over the 
past four decades while retaining localized increasing 
areas. 

Model interpretation identified a clear driver hierarchy. 
Erosive wind speed exerted the strongest control on 
erosion variability, while sand content and fractional 
vegetation cover regulated susceptibility through 
sediment availability and surface protection. The 
dominant driver map further indicated that wind-limited 
conditions prevail across most of the interior Plateau, 
whereas supply-related and vegetation-related controls 
occur as spatially coherent patches, providing actionable 
targets for differentiated management. 

By integrating dominant drivers with trend 
significance, the proposed zoning scheme distinguished 
rapid worsening hotspots, gradually worsening early 
warning belts, recovery zones, and non-erosive stable 
areas. These outputs support a management strategy that 
emphasizes regional monitoring and early warning in 
wind-dominated areas, source control in sand-dominated 
patches, and restoration and grazing management in 
vegetation-sensitive transition zones, while consolidating 
gains in recovery regions. Overall, the study demonstrates 
that coupling process-based wind erosion estimation with 
transparent machine learning attribution can strengthen 
mechanism-based risk management and enable iterative 
updating of priority zones as climatic forcing and surface 
conditions evolve. 
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