
An Extended Multi-Source WEPI Framework for
Mapping Wind Erosion Potential, Hotspots, and
Priority Zones in Lorestan Province, Iran
Mostafa Ghasemzadeh Ortakand 

University of Tehran
Meysam Bali 

Amirkabir University of Technology

Research Article

Keywords: Wind erosion potential, remote sensing, Getis-Ord Gi*, Mann-Kendall trend, land degradation

Posted Date: November 4th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11255995/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11255995/v1
https://doi.org/10.21203/rs.3.rs-11255995/v1
https://doi.org/10.21203/rs.3.rs-11255995/v1
https://creativecommons.org/licenses/by/4.0/


An Extended Multi-Source WEPI Framework for Mapping Wind Erosion 
Potential, Hotspots, and Priority Zones in Lorestan Province, Iran 

Mostafa Ghasemzadeh Ortakand1, Meysam Bali2*. 

 

Abstract 

Wind erosion is a major driver of land degradation in dryland and seasonally exposed landscapes, 

yet its spatiotemporal dynamics remain insufficiently quantified in many mountainous semi-arid 

regions. This study developed an extended multi-source Wind Erosion Potential Index (WEPI) to 

assess wind erosion susceptibility in Lorestan Province, western Iran, during 2016–2025. The 

proposed framework integrated 120 monthly observations at 1000 m spatial resolution by 

combining vegetation protection loss, bare soil exposure, soil moisture dryness, land surface 

temperature, wind force, precipitation dryness, soil erodibility, topographic susceptibility, and 

land-cover exposure. The results revealed persistent moderate-to-high wind erosion potential, with 

annual mean WEPI ranging from 0.584 in 2020 to 0.605 in 2021 and a long-term mean of 

approximately 0.592. Approximately 95.31% of valid pixels were classified as moderate or higher 

risk, while summer exhibited the highest seasonal erosion potential, with a mean WEPI of 0.633. 

Component contribution analysis showed that bare soil exposure and vegetation protection loss 

together accounted for nearly 45.8% of the total WEPI. Spatial analyses identified 12,804 

statistically significant hotspot pixels and 17,366 persistent high-risk pixels, indicating that chronic 

erosion susceptibility was more extensive than areas exhibiting significant temporal increases. The 

proposed framework provides a robust, reproducible, and transferable approach for identifying 

priority areas for wind erosion monitoring, land degradation assessment, and sustainable land 

management in semi-arid environments. 
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1. Introduction 

Wind erosion is one of the major processes of land degradation in arid, semi-arid, and seasonally 

exposed landscapes. It removes fertile topsoil, depletes soil organic matter, reduces agricultural 

and rangeland productivity, and contributes to atmospheric dust loading. Wind erosion results from 

the interaction between erosive wind forces and land-surface resistance, which is governed by 

factors such as vegetation cover, soil moisture, soil texture, surface roughness, and bare soil 

exposure (Okin, 2008; Ravi et al., 2011; Shao et al., 2011). Recent research has further emphasized 

that erosion processes in dryland and transitional environments are strongly influenced by 

interactions among climatic forcing and multiple surface-related erosion processes (Yang et al., 

2023). 

Iran is highly vulnerable to wind erosion and dust-related land degradation because much of the 

country lies within the arid and semi-arid belt of Southwest Asia. Dust activity in Iran and 

neighboring regions is driven by a combination of drought, sparse vegetation cover, exposed soil 

surfaces, land degradation, and strong seasonal winds(Mohammadi et al., 2025). However, 

susceptibility to wind erosion is not confined to hyper-arid deserts. Transitional regions 

characterized by mountainous terrain, croplands, rangelands, and seasonally varying vegetation 

cover may also experience localized wind erosion when soils become dry and exposed(Khoshnoud 

et al., 2026). Lorestan Province in western Iran represents one such landscape. Although it is not 

among the driest provinces in Iran, its heterogeneous topography, diverse agricultural and 

rangeland systems, seasonal vegetation dynamics, and variable soil moisture conditions create 

spatially complex patterns of wind erosion potential. 

Field-based assessments provide valuable local-scale information on wind erosion but are difficult 

to implement consistently across large regions and extended time periods. Moreover, wind erosion 

exhibits pronounced spatial heterogeneity and temporal variability, meaning that conventional 

field surveys may fail to capture seasonal changes, emerging hotspots, or long-term shifts in land-

surface conditions. Remote sensing offers an effective alternative by enabling repeated and 

spatially continuous monitoring of the key environmental variables controlling wind erosion over 

broad areas. Furthermore, Google Earth Engine (GEE) facilitates large-scale geospatial analysis 

by providing access to cloud-based satellite imagery, climate reanalysis datasets, and distributed 

computing resources (Gorelick et al., 2017). Together, Sentinel-2, MODIS, SMAP, ERA5-Land, 



CHIRPS, SoilGrids, SRTM, and ESA WorldCover provide complementary information for 

representing vegetation dynamics, soil moisture, land surface temperature, wind forcing, 

precipitation, soil properties, topography, and land-cover conditions (Drusch et al., 2012; 

Entekhabi et al., 2010; Farr et al., 2007; Funk et al., 2015; Hengl et al., 2017; Muñoz-Sabater et 

al., 2021; Zanaga et al., 2022). 

Several previous studies have employed remote sensing and geographic information systems (GIS) 

to map land degradation, identify dust source areas, and assess erosion susceptibility. Recent 

studies in semi-arid landscapes have also demonstrated the effectiveness of long-term NDVI time 

series combined with Theil–Sen and Mann–Kendall analyses for characterizing spatial and 

temporal environmental dynamics (Chao et al., 2025). However, many existing approaches rely 

on static datasets, a limited number of input variables, or relatively short observation periods. 

Although these methods can identify generally vulnerable areas, they provide limited insight into 

temporal variability, persistent high-risk zones, statistically significant trends, and spatial 

clustering. Moreover, relatively few studies have integrated satellite, climate, soil, topographic, 

and land-cover datasets into a unified framework capable of simultaneously evaluating the spatial 

and temporal dynamics of wind erosion while identifying persistent hotspots and management-

priority areas. Therefore, a comprehensive multi-source framework is needed to integrate these 

environmental controls into a spatially continuous and temporally consistent indicator of wind 

erosion risk. 

The Wind Erosion Potential Index (WEPI) provides a practical framework for integrating multiple 

erosion-related variables into a single, interpretable metric. A baseline WEPI can be derived from 

vegetation condition, bare soil exposure, soil moisture deficit, land surface temperature, and wind 

speed, which collectively represent the interaction between land-surface resistance and erosive 

wind forces (Feizizadeh et al., 2025). To provide a more comprehensive assessment, additional 

variables including precipitation deficit, soil texture and organic matter content, topographic 

susceptibility, and land-cover conditions can also be incorporated. These variables strengthen the 

physical basis of the index and reduce its reliance on optical surface indicators alone. Because 

index-based models are sensitive to variable weighting, sensitivity analysis is essential for 

evaluating whether the spatial patterns of wind erosion potential remain robust under alternative 

weighting schemes(Feng et al., 2025). 



In addition to index development, robust spatial and temporal analyses are essential for 

characterizing the dynamics of wind erosion potential. Monthly WEPI layers can be aggregated 

into seasonal and annual composites to evaluate temporal variability. The Theil–Sen estimator and 

the Mann–Kendall test are widely used in environmental trend analysis because they are non-

parametric and robust to outliers (Kendall, 1975; Mann, 1945; Sen, 1968). Because pixel-wise 

trend analysis involves a large number of simultaneous statistical tests, applying a false discovery 

rate (FDR) correction helps reduce the likelihood of false-positive results (Benjamini & Hochberg, 

1995). Spatial clustering can be further assessed using the Getis–Ord Gi* statistic, which identifies 

statistically significant hotspots and coldspots of high and low values, respectively (Getis & Ord, 

1992). Collectively, these methods provide a statistically robust basis for detecting meaningful 

temporal trends and spatial clustering in wind erosion potential. 

This study developed an extended multi-source Wind Erosion Potential Index (WEPI) framework 

to assess wind erosion potential in Lorestan Province, western Iran, during the period 2016–2025. 

The specific objectives were to: (1) develop monthly and long-term WEPI maps using satellite, 

reanalysis, climate, soil, topographic, and land-cover datasets; (2) classify wind erosion potential 

into meaningful risk categories; (3) analyze temporal trends using the Theil–Sen estimator and the 

Mann–Kendall test with false discovery rate (FDR) correction; (4) identify statistically significant 

hotspots and coldspots using the Getis–Ord Gi* statistic; (5) evaluate the sensitivity of the WEPI 

to alternative weighting schemes; and (6) delineate management-priority zones for land 

degradation monitoring and wind erosion mitigation. The proposed methodology provides a 

reproducible and transferable approach for identifying areas characterized by persistent, spatially 

clustered, and potentially increasing wind erosion potential. 

 

2. Materials and Methods 
2.1. Study Area and Workflow 

This study assessed wind erosion potential in Lorestan Province, western Iran, during the period 

2016–2025. Figure 1 shows the location of Lorestan Province, the spatial extent of the study area, 

and elevation variations across the study area. Lorestan is characterized by mountainous terrain, 

rangelands, agricultural lands, and pronounced seasonal variability in vegetation cover and soil 



moisture, making it well suited for evaluating spatially heterogeneous wind erosion susceptibility.   

The workflow integrated satellite, reanalysis, climate, soil, topographic, and land-cover datasets 

to develop an extended Wind Erosion Potential Index (WEPI). Google Earth Engine (GEE) was 

used for data acquisition, preprocessing, monthly compositing, normalization, and raster export, 

whereas Python was used for post-processing, statistical analysis, hotspot detection, sensitivity 

analysis, map production, and reporting (Gorelick et al., 2017).  

 

Figure 1 Location of Lorestan Province in western Iran, the spatial extent of the study area, and 

elevation variations across the study area. 

2.2. Input Datasets and Preprocessing 

Nine environmental factors were selected to represent the principal controls on wind erosion: 

vegetation condition, bare soil exposure, soil moisture deficit, land surface temperature (LST), 

wind force, precipitation deficit, soil erodibility, topographic susceptibility, and land-cover 

conditions. The original WEPI framework incorporated vegetation condition, bare soil exposure, 

soil moisture deficit, land surface temperature, and wind force, whereas precipitation deficit, soil 

erodibility, topographic susceptibility, and land-cover conditions were incorporated to improve the 

representation of climatic stress, soil vulnerability, terrain effects, and surface exposure. 



Sentinel-2 provides high-resolution optical imagery for monitoring vegetation condition and bare 

soil exposure (Drusch et al., 2012). MODIS MOD11A2 was used to derive land surface 

temperature (LST) (Wan, 2006), SMAP provided near-surface soil moisture, ERA5-Land provided 

10-m wind components (Muñoz-Sabater et al., 2021), CHIRPS provided precipitation data (Funk 

et al., 2015), SoilGrids provided soil texture and soil organic carbon information (Hengl et al., 

2017), SRTM provided elevation and slope data (Farr et al., 2007), and ESA WorldCover provided 

land-cover information (Zanaga et al., 2022). 

All datasets were clipped to the boundary of Lorestan Province, aggregated to monthly temporal 

resolution where necessary, and resampled to a common 1000-m spatial resolution. Sentinel-2 

imagery was masked for clouds and cloud shadows before generating monthly median composites. 

ERA5-Land wind speed was calculated from the eastward (u) and northward (v) wind components 

as follows: 

𝑊 = 2ݑ√ +  (1) 2ݒ

This preprocessing workflow followed the original methodology, including monthly compositing, 

resampling to a common spatial grid, gap filling, and valid-data mask generation. Table 1 

summarizes the multi-source datasets used to construct the extended Wind Erosion Potential Index. 

The selected datasets represent the principal environmental controls on wind erosion, including 

vegetation condition, bare soil exposure, land surface temperature, soil moisture, wind, 

precipitation, soil properties, topography, and land-cover characteristics. These datasets differ in 

spatial and temporal resolution but were preprocessed and harmonized to produce a consistent 

monthly dataset at a common 1000 m spatial resolution for WEPI calculation. 

Table 1. Input datasets used for WEPI construction. 

Factor Dataset Resolution Temporal scale Derived variable 

Vegetation Sentinel-2 SR 

Harmonized 

10–20 m Monthly median ܰܫܸܦ/ ௙ܸ 



Bare soil Sentinel-2 SR 

Harmonized 

10–20 m Monthly median ܫܵܤ 
LST MODIS MOD11A2 1 km 8-day to monthly ܵܮ ௙ܶ 

Soil moisture SMAP SPL3SMP_E 9 km Daily to monthly ܵܯ௙ 

Wind ERA5-Land 0.1° / ~9 km Daily to monthly 𝑊௙ 

Precipitation CHIRPS 0.05° / ~5.6 km Daily to monthly ௗܲ௥௬ 

Soil SoilGrids 250 m Static ܵܧ݈݅݋ 

Topography SRTM DEM ~30 m Static ܶܨ݋݌݋ 

Land cover ESA WorldCover 10 m Static ܨܥܮ 

 

2.3. WEPI Component Derivation and Normalization 

Vegetation protection loss was derived from the Normalized Difference Vegetation Index (NDVI): 

ܫܸܦܰ = ܴܫܰ − ܴܫܴܰ݀݁ + ܴ݁݀ 
(2) 

Because sparse vegetation increases wind erosion susceptibility, NDVI was normalized and 

inverted to represent vegetation protection loss. Vegetation structure also modifies aerodynamic 

roughness and near-surface wind conditions, thereby affecting the resistance of grassland surfaces 

to wind erosion (Li et al., 2023). 

௙ܸ = 1 −  ௡௢௥௠ (3)ܫܸܦܰ

Bare soil exposure was estimated using the Bare Soil Index (BSI): 

ܫܵܤ = (ܵ𝑊ܴܫ + ܴ݁݀) − ܴܫܰ) + ܴܫ𝑊ܵ)(݁ݑ݈ܤ + ܴ݁݀) + ܴܫܰ) +  (4) (݁ݑ݈ܤ

Consistent with the original WEPI framework, NDVI and BSI were used to represent vegetation 

protection and bare soil exposure, respectively. 

Soil moisture was converted into a soil moisture deficit factor: 



௙ܯܵ = 1 −  ௡௢௥௠ (5)ܯܵ

Land surface temperature and wind speed were normalized directly: ܵܮ ௙ܶ = ܵܮ ௡ܶ௢௥௠   (6) 𝑊௙ = 𝑊௡௢௥௠ (7) 

Precipitation was converted into a precipitation deficit factor: 

ௗܲ௥௬ = 1 − ௡ܲ௢௥௠ (8) 

Soil erodibility was estimated from normalized sand, silt, clay, and soil organic carbon (SOC) 

contents: ܵܧ݈݅݋ = 0.35ܵܽ݊݀௡௢௥௠ + ௡௢௥௠ݐ0.35݈ܵ݅ + 0.20(1 − (௡௢௥௠ݕ݈ܽܥ + 0.10(1 −  ௡௢௥௠) (9)ܥܱܵ

Topographic susceptibility was derived from normalized slope values obtained from the SRTM 

digital elevation model (DEM): ܶܨ݋݌݋ = 1 −  ௡௢௥௠ (10)݁݌݋݈ܵ

Land-cover exposure was assigned using ESA WorldCover land-cover classes, with bare or 

sparsely vegetated areas receiving the highest exposure scores, whereas forests, water bodies, 

wetlands, and permanent snow or ice received lower scores. 

All variables were normalized to a common 0–1 scale using percentile normalization: 

ܺ௡௢௥௠ = ܺ − 2ܲ9ܲ8 − 2ܲ ܺ௡௢௥௠ = ,௡௢௥௠ܺ)݌݈݉ܽܿ 0,1) 
(11) 

where 2ܲ and 9ܲ8 represent the 2nd and 98th percentiles, respectively. Percentile normalization 

minimizes the influence of outliers while ensuring that all variables are represented on a 

comparable scale. Consistent with the original WEPI framework, all variables were normalized 

before index construction. 

2.4. WEPI Construction, Classification, and Sensitivity Analysis 

A baseline five-factor WEPI was calculated as: 𝑊5ܫܲܧ = 0.30 ௙ܸ + ܫܵܤ0.25 + ௙ܯ0.20ܵ + ܵܮ0.15 ௙ܶ + 0.10𝑊௙ (12) 



This weighting scheme was adopted from the original WEPI framework, in which vegetation 

protection and bare soil exposure received the highest weights because they exert the greatest 

influence on surface protection and the availability of erodible material. 

The extended WEPI was calculated as: 𝑊ܫܲܧ௘௫௧ = 0.22 ௙ܸ + ܫܵܤ0.20 + ௙ܯ0.14ܵ + ܵܮ0.10 ௙ܶ + 0.10𝑊௙ + 0.08 ௗܲ௥௬+ ܧ݈݅݋0.08ܵ + ܨ݋݌݋0.04ܶ +  ܨܥܮ0.04

(13) 

This formulation integrates vegetation condition, bare soil exposure, soil moisture deficit, land 

surface temperature, wind force, precipitation deficit, soil erodibility, topographic susceptibility, 

and land-cover exposure into a single composite index. All weighting coefficients were normalized 

so that their sum equaled 1.0. 

Following the equal-interval wind erosion susceptibility classification applied by Gholami et al. 

(2024), normalized WEPI values were divided into five classes ranging from very low to very 

high, as presented in Table 2. 

 

Table 2. Classification of Wind Erosion Potential Index values into five erosion-risk classes 

based on the equal-interval thresholds used by Gholami et al. (2024). 

WEPI range Risk class 

0.0–0.2 Very low 

0.2–0.4 Low 

0.4–0.6 Moderate 

0.6–0.8 High 

0.8–1.0 Very high 

 

These risk classes were applied to monthly, seasonal, annual, and long-term mean WEPI maps to 

facilitate spatial interpretation and temporal comparison. 



To evaluate the robustness of the proposed framework, sensitivity analysis was performed using 

five weighting schemes: the baseline five-factor scheme, the extended balanced scheme, the equal-

weight extended scheme, the surface-driven scheme, and the climate-driven scheme. For each 

scheme, the mean WEPI, the proportion of areas classified as moderate-or-higher, high-or-higher, 

and very high risk, together with the spatial correlation relative to the primary WEPI map, were 

calculated. Areas that remained consistently classified as high risk across all weighting schemes 

were considered robust wind erosion hotspots. 

 

2.5. Spatiotemporal Analysis, Hotspots, and Robustness Assessment 

Monthly WEPI maps were aggregated into annual and seasonal products: 

𝑊ܫܲܧ௔௡௡௨௔௟,௬ = 1݊௬ ∑𝑊௡೤
௠=1  ௬,௠ܫܲܧ

(14) 

where ݊௬  is the number of valid monthly observations in year yyy. Seasonal composites were 

generated for winter (DJF), spring (MAM), summer (JJA), and autumn (SON). For each time step, 

regional summary statistics, including the mean, median, standard deviation, minimum, maximum, 

and selected percentiles, were calculated.Temporal trends were evaluated using the Theil–Sen 

slope estimator and the Mann–Kendall test, which are widely applied in non-parametric 

environmental trend analysis because of their robustness to outliers (Mann, 1945; Sen, 1968; 

Kendall, 1975).  

A common pitfall in pixel-wise environmental trend analysis is the inflation of Type I errors (false 

positives) due to multiple simultaneous hypothesis testing. By incorporating the Benjamini-

Hochberg false discovery rate (FDR) correction alongside the Mann-Kendall test, this framework 

rigorously controls for spurious temporal trends that often plague large-scale remote sensing 

studies. Furthermore, the integration of the Getis-Ord Gi* statistic elevates the spatial analysis 

beyond simple pixel counting. Instead of merely identifying isolated pixels with high erosion 

potential, this approach statistically delineates contiguous hotspot clusters. This ensures that the 

identified priority zones represent genuinely cohesive areas of vulnerability rather than random 

spatial noise, providing a much stronger basis for subsequent land management interventions. 



Consistent with the original WEPI methodology, these methods were applied on a pixel-by-pixel 

basis. The Theil–Sen slope was calculated as: 

ߚ = ݉݁݀݅ܽ݊ (𝑊ܫܲܧ௝ −𝑊ܫܲܧ௜ݐ௝ − ௜ݐ ) ,  ݆ > ݅ (15) 

Positive values indicate increasing erosion potential, while negative values indicate decreasing 

potential. The Mann-Kendall statistic was calculated as: 

ܵ = ∑ ∑ ௡ݏ
௝=௜+1

௡−1
௜=1 ݅݃݊(𝑊ܫܲܧ௝ −𝑊ܫܲܧ௜) (16) 

Pixels with (p < 0.05) were considered statistically significant. Because many pixels were tested 

simultaneously, Benjamini-Hochberg false discovery rate correction was applied (Benjamini & 

Hochberg, 1995). 

Endpoint change was calculated as: Δ𝑊ܫܲܧ = 𝑊2025ܫܲܧ −𝑊(17) 2016ܫܲܧ 

Positive values indicate increasing wind erosion potential, whereas negative values indicate 

decreasing potential. Unlike the Mann–Kendall trend analysis, endpoint differencing reflects only 

the net change between the first and last years and is therefore sensitive to the selected time 

interval(Saeedi Nazarlu et al., 2026).. 

High-risk persistence was calculated as: 

݁ܿ݊݁ݐݏ݅ݏݎ݁ܲ = ܰ(𝑊ܫܲܧ ≥ 0.6)௧ܰ௢௧௔௟  
(18) 

where ܰ(𝑊ܫܲܧ ≥ 0.6) is the number of valid observations classified as high or very high risk. 

Spatial clustering was evaluated using the Getis-Ord Gi* statistic (Getis & Ord, 1992), which 

identifies statistically significant hotspots and coldspots. The original study also used Getis-Ord 

Gi* for hotspot analysis. Pixels with ݅ܩ∗ܼ > 1.96 were classified as hotspots, while pixels with ݅ܩ∗ܼ < −1.96 were classified as coldspots. 

Finally, a management-priority index was calculated by integrating high mean WEPI, hotspot 

occurrence, significant increasing trends, positive endpoint change, high-risk persistence, and data 

quality: 



ݕݐ݅ݎ݋݅ݎܲ = (ܴܪ)2 + (ܵܪ)2 + (ܶܫܵ)2 + (ܦܲ)1 + (ܲܪ)2 −  (19) (ܳܮ)1

The complete methodological workflow is summarized in Figure 2. 

 

 

 

Figure 2. Methodological workflow for constructing the multi-source WEPI, performing 

spatiotemporal analyses, hotspot detection, sensitivity analysis, and delineating management-

priority zones. 

3. Results 
3.1. Output completeness and general WEPI pattern 

The final WEPI workflow was implemented for Lorestan Province during 2016–2025 using the 

extended balanced WEPI model at a 1000-m spatial resolution. The analysis generated 120 

monthly WEPI maps, annual composites, long-term mean and standard deviation maps, endpoint 

change maps, Theil–Sen slope estimates, Mann–Kendall significance maps, false discovery rate 
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(FDR)-corrected trend maps, Getis–Ord Gi* hotspot maps, high-risk persistence maps, and 

management-priority maps. The processing completeness and primary WEPI outputs are 

summarized in Table 3. 

As shown in Figure 3, wind erosion potential was widely distributed across Lorestan Province. 

The long-term mean WEPI was 0.592, with pixel values ranging from 0.298 to 0.834, indicating 

that most of the province exhibited moderate to high wind erosion potential. Elevated WEPI values 

formed extensive and spatially connected zones rather than isolated patches, highlighting the broad 

spatial distribution of wind erosion susceptibility across the province. 

 

 

Figure 3. Long-term mean Wind Erosion Potential Index (WEPI) across Lorestan Province 

during 2016–2025. 

Table 3. Summary of WEPI processing and primary outputs 



Indicator Result 

Study area Lorestan Province, Iran 

Study period 2016–2025 

Monthly periods processed 120 

Spatial resolution 1000 m 

Primary WEPI model Extended balanced 

Progress records 252 

Failed exports 0 

Valid pixels in main annual rasters 34,689 

Long-term mean WEPI 0.592 

Long-term WEPI standard deviation 0.080 

 

3.2. Annual and monthly variation of WEPI 

Annual mean WEPI values were relatively stable during the study period, ranging from 0.584 in 

2020 to 0.605 in 2021. The annual mean increased from 0.589 in 2016 to 0.601 in 2025, but the 

magnitude of change was small. This indicates persistent moderate-to-high wind erosion potential 

rather than strong interannual instability. The annual statistics are summarized in Table 4, and the 

temporal pattern is shown in Figure 4.  

 



Figure 4. Temporal variation of mean WEPI in Lorestan Province during 2016–2025. 

 

 

 

 

 

Table 4. Annual WEPI statistics for Lorestan Province, 2016–2025. 

Year Mean Median Std. dev. Min Max P5 P95 

2016 0.589 0.592 0.084 0.267 0.831 0.444 0.725 

2017 0.586 0.588 0.083 0.286 0.859 0.444 0.718 

2018 0.588 0.585 0.077 0.326 0.835 0.467 0.721 

2019 0.588 0.589 0.080 0.294 0.809 0.452 0.714 

2020 0.584 0.589 0.082 0.273 0.823 0.440 0.707 

2021 0.605 0.606 0.084 0.307 0.860 0.463 0.739 

2022 0.597 0.604 0.085 0.280 0.805 0.446 0.719 

2023 0.590 0.589 0.084 0.290 0.853 0.452 0.734 

2024 0.590 0.590 0.085 0.293 0.848 0.450 0.732 

2025 0.601 0.608 0.083 0.278 0.849 0.452 0.726 

At the monthly scale, WEPI showed a clear seasonal cycle. The lowest monthly mean occurred in 

December 2025 with WEPI = 0.504, while the highest monthly mean occurred in August 2021 

with WEPI = 0.668. Monthly climatology increased from winter and spring toward summer, with 

the highest average values in August and September. 

3.3. Risk-class distribution and seasonal variability 



The WEPI risk classification confirmed that moderate-to-high erosion potential dominated the 

valid study area. Across the monthly outputs, the mean valid-area share was 48.49% moderate, 

44.08% high, and 2.74% very high. Therefore, approximately 95.31% of the valid area was 

classified as moderate or higher wind erosion potential. Low and very-low classes represented only 

4.67% and 0.02%, respectively.The corresponding risk-class percentages and seasonal mean WEPI 

values are summarized in Table 5. Figure 5 illustrates the distribution of WEPI risk classes across 

Lorestan Province during 2016–2025. 

 

Figure 5. WEPI risk-class distribution 

Table 5. Mean risk-class distribution and seasonal WEPI statistics. 

Category Result 

Very low risk area 0.02% 

Low risk area 4.67% 

Moderate risk area 48.49% 

High risk area 44.08% 

Very high risk area 2.74% 



Category Result 

Moderate-or-higher risk area 95.31% 

Mean DJF WEPI 0.556 

Mean MAM WEPI 0.567 

Mean JJA WEPI 0.633 

Mean SON WEPI 0.612 

Seasonal analysis showed that erosion potential was highest during the warm and dry seasons. 

Mean WEPI reached 0.633 in JJA, followed by 0.612 in SON, while lower values were observed 

in DJF and MAM. This indicates that summer and early autumn are the most critical periods for 

wind erosion monitoring in Lorestan. 

3.4. Component contribution and sensitivity analysis 

Component contribution analysis indicated that the extended WEPI was primarily influenced by 

vegetation condition and surface exposure. As shown in Figure 6 and Table 6, bare soil exposure 

(BSI) made the largest weighted contribution (0.138), followed by vegetation protection loss (Vf) 

(0.133). Together, these two variables accounted for approximately 45.8% of the total WEPI, 

highlighting the dominant role of vegetation degradation and exposed soil surfaces in controlling 

wind erosion potential. Soil moisture dryness (SMf), land surface temperature (LSTf), 

precipitation dryness (Pdry), soil erodibility (SoilE), wind force (WF), land-cover exposure (LCF), 

and topographic susceptibility (TopoF) made smaller but still meaningful contributions to the 

index. Sensitivity analysis demonstrated that the spatial distribution of WEPI remained highly 

consistent across alternative weighting schemes, with correlation coefficients ranging from 0.933 

to 0.986 relative to the primary extended balanced model. However, the estimated proportion of 

the study area classified as high or very high risk varied from 16.45% under the climate-driven 

weighting scheme to 27.78% under the surface-driven scheme. These results indicate that although 

the spatial pattern of wind erosion potential is robust, the estimated extent of high-risk areas is 

influenced by the relative weighting assigned to climatic and surface-related variables(Zhang et 

al., 2025). 



 

Figure 6. Component contributions to the Wind Erosion Potential Index (WEPI) and sensitivity 

of WEPI to alternative weighting schemes. 

Table 6. Component contributions and sensitivity of WEPI to alternative weighting schemes. 

Variable / scheme Key result 

BSI weighted contribution 0.138 

Vf weighted contribution 0.133 

SMf weighted contribution 0.070 

LSTf weighted contribution 0.062 

Pdry weighted contribution 0.049 

SoilE weighted contribution 0.042 

WF weighted contribution 0.041 

LCF weighted contribution 0.029 

TopoF weighted contribution 0.027 

Original five-factor mean WEPI 0.588 

Extended balanced mean WEPI 0.592 



Variable / scheme Key result 

Equal-weight extended mean WEPI 0.598 

Surface-driven mean WEPI 0.604 

Climate-driven mean WEPI 0.566 

Correlation range with primary model 0.933–0.986 

 

3.5.  rend, endpoint change, hotspots, and priority zones 

Pixel-wise trend analysis indicated a weak overall increase in wind erosion potential during 2016–

2025. The mean Theil–Sen slope was 0.0016 WEPI yr⁻¹, while the median slope reached 0.0019 

WEPI yr⁻¹. Nevertheless, statistically significant increasing trends were identified in only 125 

pixels, representing 0.18% of all valid pixels. Figure 7 illustrates that most of the province 

exhibited no significant monotonic trend, whereas localized areas showed increasing wind erosion 

potential. 

 

Figure 7. Pixel-wise WEPI trend analysis. 



Endpoint analysis indicated a slight overall increase in WEPI between 2016 and 2025. The mean 

ΔWEPI_(2025–2016) was +0.0126, with values ranging from −0.2010 to +0.2274. Sensitivity 

analysis demonstrated that the mean endpoint change for 2016–2024 was substantially smaller 

(+0.0012), whereas the 2017–2025 interval produced a slightly larger value (+0.0152). These 

results suggest that endpoint differences are influenced by the selected time interval and therefore 

primarily reflect localized changes rather than a province-wide shift which can be seen in Figure 

8. 

 

Figure 8. Endpoint change in WEPI. 

Spatial clustering analysis using the Getis–Ord Gi* statistic identified 12,804 hotspot pixels and 

14,006 coldspot pixels (Figure 9). High-risk persistence analysis further identified 17,366 pixels 

that repeatedly remained within the high or very high WEPI classes throughout the study period. 

These findings indicate that persistent erosion-prone areas were considerably more extensive than 

areas exhibiting statistically significant increasing trends. 



 

Figure 9. Spatial clustering and persistence of WEPI. 

The management-priority map integrated long-term mean WEPI, hotspot occurrence, significant 

increasing trends, endpoint change, high-risk persistence, and data quality. Figure 10 shows that 

the highest-priority zones were characterized by high erosion potential, significant spatial 

clustering, persistent high-risk conditions, and localized increasing trends. These areas represent 

the highest priorities for wind erosion monitoring, rangeland management, vegetation restoration, 

and soil-surface stabilization (Lackóová & Tárníková, 2026). 

The disparity between the limited extent of statistically significant increasing trends (0.18% of 

valid pixels) and the vast extent of persistent high-risk areas highlights a critical characteristic of 

wind erosion in Lorestan Province. The lack of widespread, monotonic increases in WEPI does 

not imply an improving landscape; rather, it indicates that erosion susceptibility has already 

reached a high and stable baseline across much of the province. The endpoint change analysis 

further supports this, demonstrating that while province-wide shifts are modest, localized areas are 

experiencing accelerated degradation depending on the observed time interval. Consequently, 

environmental monitoring must prioritize the management of these chronically exposed zones 

rather than solely searching for emerging areas of rapid deterioration. 



Comparable multi-temporal analyses in semi-arid landscapes have shown that remotely sensed 

vegetation, soil, salinity, and temperature indicators can reveal persistent land-degradation and 

aeolian-erosion hotspots (Badapalli et al., 2026). 

 

Figure 10. Management-priority zoning map for wind erosion mitigation in Lorestan Province. 

The seasonal surge in wind erosion potential during the summer and early autumn (mean WEPI of 

0.633 in JJA) reflects a critical convergence of climatic forcing and anthropogenic land use. During 

these warm, dry months, the natural senescence of vegetation and depletion of soil moisture are 

frequently compounded by post-harvest agricultural clearing and intensive rangeland grazing. 

Because Lorestan features diverse agricultural and rangeland systems interspersed within 

mountainous terrain, human-induced surface exposure effectively amplifies the region's inherent 

climatic vulnerabilities. The high component contributions of bare soil exposure and vegetation 

protection loss to the overall WEPI validate this dynamic, confirming that seasonal land-cover 

transitions are the primary catalysts for localized wind erosion events. 



Overall, the results indicate that Lorestan Province experienced persistent moderate-to-high wind 

erosion potential throughout the 2016–2025 period. Bare soil exposure and vegetation protection 

loss emerged as the dominant controls of WEPI, while seasonal analysis indicated the highest 

erosion potential during summer and early autumn. Although statistically significant increasing 

trends were limited and spatially localized, hotspot and persistence analyses demonstrated that 

large portions of the province consistently remained vulnerable to wind erosion, highlighting 

priority areas for long-term monitoring and land degradation mitigation. The principal trend, 

endpoint-change, spatial-clustering, and persistence metrics are summarized in Table 7. 

 

 

Table 7. Summary of temporal trends, endpoint change, spatial clustering, and high-risk 

persistence of WEPI. 

Indicator Result 

Mean Theil-Sen slope 0.0016 WEPI yr⁻¹ 

Median Theil-Sen slope 0.0019 WEPI yr⁻¹ 

Significant increasing pixels 125 

Significant increasing pixels, full grid 0.18% 

Mean Δ𝑊0.0126+ 2016−2025ܫܲܧ 

Median Δ𝑊0.0118+ 2016−2025ܫܲܧ 

Min Δ𝑊0.2010− 2016−2025ܫܲܧ 

Max Δ𝑊0.2274+ 2016−2025ܫܲܧ 

Mean Δ𝑊0.0012+ 2024−2016ܫܲܧ 

Mean Δ𝑊0.0152+ 2025−2017ܫܲܧ 

Hotspot pixels 12,804 

Coldspot pixels 14,006 

High-risk persistence pixels 17,366 



 

4. Conclusion 

This study developed and applied an extended multi-source Wind Erosion Potential Index (WEPI) 

framework to evaluate the spatial and temporal dynamics of wind erosion potential in Lorestan 

Province, western Iran, during 2016–2025. By integrating satellite observations, climate 

reanalysis, soil properties, topographic characteristics, and land-cover information within the 

Google Earth Engine and Python environments, the proposed framework provided a 

comprehensive and spatially explicit assessment of wind erosion susceptibility. The combination 

of multi-source environmental datasets with statistical trend analysis, hotspot detection, 

persistence mapping, and sensitivity analysis offers a reproducible approach for regional-scale 

wind erosion assessment. 

The results demonstrated that wind erosion potential was persistent and spatially widespread 

throughout the study period. The long-term mean WEPI was approximately 0.592, indicating that 

much of the province experienced moderate-to-high erosion potential. Risk classification further 

confirmed this pattern, with more than 95% of the valid study area repeatedly classified as 

moderate, high, or very high risk. These findings suggest that wind erosion in Lorestan is not 

restricted to isolated locations but represents a widespread land-degradation concern affecting 

large portions of the province. 

Seasonal analysis revealed a clear temporal pattern in erosion susceptibility. Wind erosion potential 

was lowest during winter and spring and increased markedly during summer and early autumn, 

when vegetation cover declined, soil moisture decreased, and bare soil exposure became more 

extensive. The highest WEPI values occurred during the summer months, highlighting this period 

as the most critical season for wind erosion monitoring and mitigation. These seasonal dynamics 

emphasize the importance of considering temporal variability when designing land management 

and conservation strategies. 

Component contribution analysis showed that bare soil exposure and vegetation protection loss 

were the dominant controls of the WEPI, together accounting for nearly 46% of the total index. 

This finding underscores the fundamental role of land-surface conditions in controlling wind 

erosion susceptibility. Although climatic variables, soil erodibility, land-cover characteristics, and 



topographic conditions also contributed to the index, their individual influence was comparatively 

smaller. Consequently, management strategies that reduce bare soil exposure and improve 

vegetation cover are likely to provide the greatest benefits for mitigating wind erosion risk in the 

region. 

Sensitivity analysis demonstrated that the proposed WEPI framework is robust with respect to 

alternative weighting schemes. Spatial correlations between the primary model and alternative 

weighting scenarios remained consistently high, indicating that the overall spatial distribution of 

wind erosion potential was stable. Although the estimated extent of high-risk areas varied 

depending on the weighting strategy, the principal erosion-prone zones remained largely 

unchanged. This robustness increases confidence in the applicability of the proposed framework 

for regional assessment and environmental decision-making. 

Trend analysis indicated only a weak overall increase in wind erosion potential during the study 

period. Statistically significant increasing trends were confined to a relatively small proportion of 

the study area, suggesting that widespread monotonic degradation has not yet occurred. Likewise, 

endpoint change analysis indicated only a modest overall increase, with localized areas exhibiting 

stronger positive changes. In contrast, hotspot and persistence analyses revealed that large areas 

consistently remained within high-risk categories throughout the study period. These findings 

indicate that persistent erosion susceptibility represents a more important management concern 

than widespread temporal intensification. 

The integration of hotspot analysis, persistence mapping, and management-priority assessment 

provides valuable information for land degradation management. Areas characterized by high 

mean WEPI, persistent high-risk conditions, statistically significant spatial clustering, and 

localized increasing trends should be considered priority zones for monitoring and mitigation. In 

Lorestan Province, practical management measures should focus on vegetation restoration, 

rangeland conservation, reducing bare soil exposure, stabilizing vulnerable soil surfaces, and 

strengthening erosion-control practices during the summer and early autumn when erosion 

potential reaches its maximum. 

The proposed WEPI framework represents an advance over conventional wind erosion 

assessments by integrating multiple environmental controls within a unified spatiotemporal 

modeling framework. Because the methodology relies primarily on globally available satellite, 



climate, soil, terrain, and land-cover datasets, it can be readily transferred to other semi-arid and 

mountainous regions facing similar land degradation challenges. This transferability makes the 

framework suitable for supporting regional environmental monitoring and sustainable land 

management beyond the study area. 

Moving beyond broad regional assessments, the management-priority zoning map provides an 

actionable, spatially explicit blueprint for resource allocation. By synthesizing long-term WEPI 

means, hotspot clustering, and high-risk persistence, the resulting priority score effectively isolates 

the landscapes requiring immediate intervention. For regional planners in Lorestan Province, these 

highest-priority zones represent optimal locations for targeted investments in sustainable land 

management (SLM) practices. Interventions in these specifically delineated areas—such as 

regulating seasonal grazing intensities, implementing post-harvest stubble retention, and restoring 

degraded rangeland vegetation—will yield the highest return on investment for mitigating wind 

erosion and combating localized desertification. 

Despite these strengths, the present study estimates wind erosion potential rather than directly 

measuring soil loss or sediment transport. Therefore, future research should validate WEPI using 

field observations, dust-event inventories, erosion measurements, and local meteorological 

records. Additional improvements may include incorporating higher-resolution wind datasets, 

dynamic soil crust information, and machine learning approaches for optimizing variable 

weighting. Such developments would further strengthen the predictive capability of the framework 

and enhance its usefulness for operational wind erosion monitoring under changing climatic and 

land-use conditions.  
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