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Abstract. Soil erosion is a significant environmental problem that negatively affects agriculture and land 

resources. This study aimed to evaluate soil erosion susceptibility using Geographic Information Systems 

(GIS) and three bivariate statistical models: Statistical Index (SI), Frequency Ratio (FR), and Certainty 

Factor (CF). A total of 133 erosion points within the study area were used as reference data. Remote sensing 

and topographic datasets were used to derive nine widely applied environmental conditioning factors slope, 

aspect, plan curvature, elevation, stream power index (SPI), drainage density, distance to rivers, normalized 

difference vegetation index (NDVI), and land use/land cover (LULC). These factors were selected based 

on their frequent use and proven effectiveness in recent erosion-susceptibility studies. Raster layers with a 

resolution of 30 m were produced for each factor. The susceptibility maps indicated that large portions of 

the study area fall within the high to very high susceptibility categories. This is especially true for 

rangelands, steep slopes, areas with sparse vegetation. Quantitative validation using the Area Under the 

Receiver Operating Characteristic Curve (ROC–AUC) indicated acceptable predictive performance: 0.879 

for SI, 0.843 for FR, and 0.878 for CF. The SI (0.879) and CF (0.878) models yielded the highest AUC 

values, whereas the FR model produced a lower value (0.843). All three models demonstrated strong 

predictive capability based on ROC–AUC metrics. Overall, the results underscore the importance of 

integrating both statistical models and GIS techniques to assess soil erosion susceptibility. The generated 

maps can help decision-makers develop soil conservation strategies, prioritize high-risk areas, and promote 

sustainable land use. 

Keywords: soil erosion, susceptibility mapping, statistical index, frequency ratio, certainty factor, GIS, AUC/ROC 

Introduction 

Soil erosion is one of the most significant environmental problems of the 21st century. 

It leads to severe land degradation, loss of soil fertility, and ultimately affects global food 
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security (Arabameri et al., 2018, 2019b; Kholmurodova et al., 2025b). Global 

assessments indicate that approximately one-third of the world’s soils are currently 

degraded, and projections suggest that up to 90% may be degraded by 2050 if appropriate 

measures are not implemented (Montanarella et al., 2016). Among various degradation 

processes, soil erosion is considered the most damaging (Juliev et al., 2024a), as it 

removes nutrient-rich topsoil essential for agricultural productivity, ecosystem 

functioning, and carbon storage (Arabameri et al., 2021; David Raj et al., 2025; Schmidt, 

2000; Zachar, 1982). This process not only reduces crop yields but also increases 

sediment accumulation in rivers and reservoirs, deteriorates water quality, and contributes 

to long-term risks of desertification (Bouamrane et al., 2024; Kanianska et al., 2024). 

In dry and semi-dry regions, soil erosion presents a particularly serious challenge 

because fragile ecosystems are highly sensitive to external disturbances (Borges Neto et 

al., 2023; Djanpulatova et al., 2025; Vaezi and Sahandi, 2024). Uzbekistan and other parts 

of Central Asia are among the most erosion-prone areas due to their harsh continental 

climate, rapid agricultural development, and widespread unsustainable land-use practices 

(Abdikairov et al., 2024; Gafurova and Juliev, 2021; Juliev et al., 2022). Overgrazing, 

monocropping, deforestation, and poor irrigation management have accelerated erosion 

rates in the region. Soil erosion already affects large areas of agricultural land in 

Uzbekistan, posing a serious threat to national food security and the livelihoods of rural 

communities (Juliev et al., 2024; Sodikova et al., 2025). Recent studies reveal that erosion 

processes in the country are intensifying, making reliable erosion-risk assessments both 

urgent and necessary (Kholdorov et al., 2023). 

To address these issues, researchers worldwide increasingly apply geospatial 

technologies such as Remote Sensing (RS) and GIS to monitor, analyze, and predict 

erosion processes (Borrelli et al., 2021). RS enables the acquisition of surface information 

from satellite and aerial imagery, facilitating the observation of landscape changes over 

time (Wang et al., 2024). Meanwhile, GIS provides an effective platform for storing, 

integrating, and analyzing spatial datasets, allowing comprehensive and spatially explicit 

evaluations of erosion dynamics and their influencing factors (Samuel et al., 2025). The 

integration of RS and GIS has become essential for modern erosion-susceptibility 

mapping and environmental risk assessment (Allafta and Opp, 2022). 

Alongside geospatial approaches, numerous statistical and data-driven models have 

been developed and widely applied to map erosion susceptibility (Raza et al., 2024). 

These models establish relationships between erosion occurrences and conditioning 

factors (Arabameri et al., 2020b), making it possible to estimate susceptibility levels 

across landscapes (Arabameri et al., 2019). Comparative studies from various regions 

confirm their effectiveness in producing accurate susceptibility maps (Akgün and Türk, 

2011; Bouamrane et al., 2024), although model performance often varies depending on 

local environmental conditions and data availability (Borrelli et al., 2021). 

In Uzbekistan, soil erosion has been studied at multiple spatial scales, mainly using the 

Revised Universal Soil Loss Equation (RUSLE) and remote-sensing techniques. RUSLE 

has been applied in the Bekabad and Parkent districts (Ibragimov et al., 2024), and in the 

Ugam–Chatkal National Park (Juliev et al., 2024), to estimate annual soil loss and examine 

the effects of topography and land cover. Rainfall erosivity under future climate scenarios 

has been assessed in the Chirchik–Akhangaran catchment (Gafforov et al., 2020). In the Aral 

Sea region, studies have investigated wind-erosion risks using modeling and InSAR 

technologies (Chen et al., 2025). Field-based research in the Namangan region has examined 

soil-conservation practices such as terracing and mulching (Koriyev et al., 2024b). 
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Despite these efforts, most erosion-related studies in Uzbekistan have focused on 

estimating annual soil loss using RUSLE or analyzing erosion processes at regional and 

basin scales (Juliev et al., 2024; Koriyev et al., 2024). While these approaches provide 

valuable information, they do not sufficiently reflect spatial variations in erosion 

susceptibility at lower administrative levels. In particular, district-level susceptibility 

mapping supported by statistical models has not yet been undertaken in the country. 

To address this gap, the present study focuses on the Chartak district of the Namangan 

region, situated in the southern foothills of the Chatkal mountain range and highly 

susceptible to erosion due to its topographic and climatic characteristics. Within the 

ArcGIS 10.6.1 environment, three commonly used statistical models were applied to 

generate erosion-susceptibility maps and evaluate their performance. This study 

represents the first application of such comparative modeling in Uzbekistan and aims to 

provide essential guidance for sustainable soil and land management planning. 

Materials and methods 

Study area 

Chartak is a district located in the Namangan region of Uzbekistan, situated in the 

southern foothills of the Chatkal Range. The district covers approximately 0.36 thousand 

km². Elevation increases from south to north, ranging from about 400 to 1300 m above 

sea level, and the terrain is predominantly flat to moderately hilly (Koriyev et al., 2024b). 

The district lies within a subtropical climatic zone, characterized by hot and dry summers 

and relatively mild winters. According to the Climate Hazards Group InfraRed 

Precipitation with Stations (CHIRPS), TerraClimate high-resolution global climate 

dataset (TerraClimate), and the ECMWF ERA5-Land reanalysis dataset (ERA5-Land), 

the climate of Chartak shows pronounced interannual variability rather than a stable 

average regime. Annual precipitation totaled 225–260 mm in 2000, increased to 319–

348 mm in 2010, declined sharply to 148–183 mm in 2020, and partially recovered to 

179–254 mm in 2024. This alternating sequence of wet (2010) and dry (2020) periods 

reflects the region’s increasing climatic instability, which affects soil-moisture dynamics, 

runoff generation, and erosion intensity. Mean annual temperature also fluctuated 

significantly during the same period: 5–13°C in 2000, 7–13°C in 2010, 6–12°C in 2020, 

and 8–15°C in 2024. The cooling phase observed in 2020, followed by resurgence of 

warmer conditions in 2024, demonstrates the sensitivity of the region to broader climatic 

shifts. These temperature changes, combined with variable precipitation, directly 

influence vegetation growth, evapotranspiration rates, and the severity of sheet and rill 

erosion, particularly under intensive irrigation practices. Climatic conditions vary with 

elevation, being hotter and drier in the lowlands and cooler and wetter in the mountainous 

areas. The dominant soil types in the district are gray soils, and agricultural development 

is actively expanding in the area (Koriyev et al., 2024b). Furthermore, official 

assessments indicate that the geological and topographic characteristics of Chartak 

increase its susceptibility to natural hazards such as landslides and floods (World Bank, 

2019). Figure 1 presents the geographical location of the study area. 

 

Soil characteristics 

The soils in the study area exhibit substantial variation due to geomorphological 

conditions and long-term agricultural activities (Koriyev et al., 2024b). The most 
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common soil types are irrigated sierozems, including dark, typical, and light variants. In 

addition, meadow-sierozem, meadow, gray-brown, and alluvial soils occur in certain 

parts of the district (Rustamjonovich, 2019). The soils are predominantly loamy, although 

gravel or crushed-stone layers are frequently present at depths of 30–100 cm. Organic 

matter content remains low, with humus levels ranging from 0.3% to 2.8%. Nitrogen and 

phosphorus concentrations are generally low to moderate, whereas potassium levels are 

comparatively higher. Salinity is not widespread; however, slight salinization and signs 

of irrigation-induced erosion can be observed in some areas (Koriyev et al., 2024a). Light 

sierozems and meadow soils collectively occupy more than two-thirds of the total 

territory, forming the primary soil resource base for agricultural production (Sanakulov 

et al., 2023). These soil characteristics indicate both opportunities and limitations for 

sustainable land management within the district. Similar soil conditions have been 

documented in other parts of Central Asia, suggesting that the study area is representative 

of regional soil formation patterns influenced by arid climatic conditions and irrigation 

practices (Dou et al., 2022). Field observations confirmed the presence of erosion 

processes in the region. Figure 2 illustrates selected erosion points within the study area. 

Methodology 

This study employed a multi-stage methodological framework (Fig. 3). To ensure a 

systematic workflow, the analysis was divided into four main steps: data preparation, 

factor derivation, modeling, and validation. First, Google Earth (GE) was used to identify 

133 erosion points across the study area and to develop an erosion inventory map. This 

inventory served as the dependent variable for subsequent susceptibility modeling. 

 

 

Figure 1. Location of study area 
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Figure 2. Field photographs illustrating soil erosion features observed in the study area 

 

 

 

Figure 3. Flowchart of research 
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Because erosion features in the Chartak district occur predominantly in steep 

rangeland areas, the mapped erosion points are naturally unevenly distributed across the 

landscape. Flat cropland areas in the northern part of the district showed no visible erosion 

features and therefore contained no reference points. Since the SI, FR, and CF models 

rely on pixel-based ratios of erosion and non-erosion areas rather than uniform spatial 

sampling, this uneven distribution does not affect model representativeness and is 

consistent with standard practices in erosion-susceptibility mapping. 

Second, nine widely used environmental conditioning factors were derived from 

existing geospatial datasets rather than created as new indicators (Kholmurodova et al., 

2025a). The selected factors included slope, aspect, plan curvature, elevation, drainage 

density, SPI, distance to rivers, NDVI, and LULC (Table 1). These variables were 

produced in ArcGIS 10.6.1 using data from the Shuttle Radar Topography Mission 

Digital Elevation Model (SRTM DEM), Landsat 8 imagery, topographic maps, and other 

available sources. To ensure comparability, all factor layers were standardized to a spatial 

resolution of 30 m and projected into a uniform coordinate system. Third, three commonly 

applied bivariate statistical models SI, FR, and CF were used to quantify the relationships 

between erosion occurrences and classes of conditioning factors. The modeling 

procedures were performed in ArcGIS 10.6.1, and the resulting factor weightings were 

converted into raster layers to produce soil-erosion susceptibility maps. Finally, the 

predictive performance of the susceptibility maps was evaluated using the AUC-ROC. 

ROC curves and AUC values were generated using the ArcSDM toolbox in ArcGIS, 

providing an objective assessment of model accuracy and enabling comparison among 

the applied methods. This structured methodology ensured transparency, reproducibility, 

and adherence to commonly accepted best practices for erosion-susceptibility assessment. 

 
Table 1. List of factors used for soil erosion susceptibility maps 

Factor Source Resolution Classes Method References 

Slope SRTM DEM 30 m 
1. <2.8, 2. 2.8-5.6, 3. 5.6-9.1, 4. 9.1-

13.6, 5. 13.6-20.9, 6. >20.9 
Natural 
break  

Arabameri et al. (2019b) 

Aspect  SRTM DEM 30 m 
1. F, 2. N, 3. NE, 4. E, 5. SE, 6. S, 7. 

SW, 8. W, 9. NW, 10. N 

Equal 

interval 

Esmali Ouri et al. 

(2020) 

Plan curvature SRTM DEM 30 m 1. Concave, 2. Flat, 3. Convex Manual Arabameri et al. (2020a) 

Elevation  SRTM DEM 30 m 
1. <586, 2. 586-709, 3. 709-839, 4. 

839-979, 5. >979 

Natural 

break 
Arabameri et al. (2019b) 

NDVI Landsat 9 30 m 1. <0.14, 2. 0.14-0.23, 3. >0.64 
Natural 

break 
Arabameri et al. (2020a) 

Distance to river 
Topographical 

map 
1:50,000 

1. <600, 2. 600-1329, 3. 1329-2168, 

4. 2168-3380, 5. >3380 
Manual Arabameri et al. (2020a) 

LULC Land use map 1:100,000 
1. Water, 2. Tree, 3. Crops, 4. Build, 

5. Bareland, 6. Rangeland  
Land use 

type  
– 

SPI SRTM DEM 30 m 
1. <0, 2. 0-0.61, 3. 0.61-1.39, 4. 

1.39-2.49, 5. >2.49 
Natural 
break 

Arabameri et al. (2019c) 

Drainage density 
Topographical 

map 
1:50,000 

1. <0.68, 2. 0.68-1.99, 3. 1.99-3.20, 

4. >3.20 
Manual Arabameri et al. (2019c) 

 

 

Conditioning factors 

Topographic, hydrological, vegetation-related, and land-use characteristics 

collectively influence the occurrence and intensity of soil erosion (Arabameri et al., 

2019a). Elevation reflects the vertical variability of the terrain and affects the potential 

for soil detachment and transport processes (Esmali Ouri et al., 2020). Slope is a critical 
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factor governing runoff velocity and infiltration capacity; steeper slopes generally 

correspond to higher erosion rates due to increased surface runoff (Wang et al., 2023). 

Aspect, which describes the orientation of slope surfaces, and plan curvature, which 

indicates whether the terrain is concave or convex, both influence the direction and 

concentration of overland flow and, consequently, erosion patterns (Meliho et al., 2018; 

Arabameri et al., 2019a). Hydrological indices such as the SPI and drainage density 

quantify the erosive energy of surface water and the efficiency of runoff pathways within 

the landscape (Esmali Ouri et al., 2020; Meshram et al., 2022). Proximity to rivers also 

affects how rapidly runoff reaches channel systems, thereby influencing the initiation of 

erosion processes (Arabameri et al., 2020a). Vegetation-related factors including the 

NDVI and LULC conditions provide insight into the protective capacity of surface cover. 

Higher vegetation density generally reduces erosion hazards by decreasing runoff 

velocity and enhancing soil stability (Cao et al., 2023). Collectively, these conditioning 

factors offer a comprehensive understanding of the spatial variability and susceptibility 

of soil erosion within the study area. Figure 4 illustrates the conditioning factors used in 

the analysis. 

Using ArcGIS 10.6.1, a series of geospatial operations were conducted to preprocess 

the conditioning factors. In the first stage, topographic variables were derived from the 

30 m SRTM DEM. The “Slope” and “Aspect” tools were applied to generate slope and 

aspect layers, while the “Curvature” function was used to obtain plan curvature, 

distinguishing convex and concave landforms. Elevation values were extracted directly 

from the DEM. The SPI was calculated using Equation 1: 

 

 𝑆𝑃𝐼 = 𝐴𝑠 · 𝑡𝑎𝑛(𝛽) (Eq.1) 

 

where As-catchment area (m2) and β-slope gradient in radians (Arabameri et al., 2019a; 

Esmali Ouri et al., 2020). 

In the second stage, vegetation-related factors were prepared. The NDVI was 

computed from Landsat 8 OLI imagery using Equation 2: 

 

 𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 (Eq.2) 

 

where NIR and RED denote the near-infrared and red spectral reflectance values, 

respectively (Anabitarte et al., 2020; Rouse et al., 1973). The NDVI layer was derived 

from cloud-free Landsat-8 OLI imagery captured on 19 April 2024, representing the early 

vegetation period in the study area. 

LULC data were obtained from the Esri Sentinel-2 Land Cover Explorer and 

reclassified into major categories including water, trees, cropland, rangeland, bare land, 

and built-up areas. In the third stage, hydrological parameters were processed. River 

networks were digitized from topographic maps, after which the distance-to-river layer 

was generated using the “Euclidean Distance” tool (Arabameri et al., 2020a). Drainage 

density was determined using the “Line Density” tool, which calculates stream length per 

unit area (Meshram et al., 2022). All factor layers were subsequently resampled to a 

uniform spatial resolution of 30 m, standardized to a common coordinate system, and 

converted into raster format to ensure comparability across datasets. This preprocessing 

ensured consistency among all conditioning factors and prepared them for the subsequent 

erosion-susceptibility modeling. 
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Figure 4. Conditioning factors used for soil erosion susceptibility analysis: (a) elevation, (b) 

slope, (c) aspect, (d) plan curvature, (e) SPI, (g) drainage density, (h) distance to river, (i) 

LU/LC, (j) NDVI 

 

 

Modeling of erosion susceptibility 

Three widely used bivariate statistical models FR, CF, and SI were applied to evaluate 

soil-erosion susceptibility. By comparing the spatial distribution of erosion occurrences 

with the overall distribution of each conditioning factor, these models quantify the 

relationship between erosion inventory points and factor classes (Azedou et al., 2021; 

Juliev et al., 2019; Pourghasemi et al., 2013). 

Statistical Index (SI). The SI model estimates the association between erosion 

occurrence and factor classes by computing the natural logarithm of the ratio between the 
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class proportion of erosion pixels and the class proportion of total pixels. Its formulation 

is expressed in Equation 3: 

 𝑆𝐼𝑖 = 𝑙𝑛 (
𝑁𝑠𝑖/𝑁𝑠 

𝑁𝑐𝑖/𝑁𝑐
) (Eq.3) 

 

where Nsi is the number of erosion pixels in class i, Ns- total number of erosion pixels, Nci 

is the total number of pixels in class i, and Nc is the total number of pixels in the study 

area. Positive SI values indicate strong correlation between the class and erosion 

occurrence, while negative values suggest lower susceptibility (Juliev et al., 2019). 

Frequency Ratio (FR). The FR model calculates the likelihood of erosion by 

comparing the proportion of erosion pixels in each class with the proportion of total 

pixels. The equation is given in Equation 4: 

 

  𝐹𝑅𝑖 =
𝑁𝑠𝑖/𝑁𝑠

𝑁𝑐𝑖/𝑁𝑐 
  (Eq.4) 

 

where Nsi-number of erosion pixels in class i, Ns-total number of erosion pixels, Nci- 

number of pixels in class i, and Nc-total number of pixels in the study area. Values of 

FR > 1 indicate higher susceptibility, while FR < 1 indicates lower probability (Igwe et 

al., 2020; Arabameri et al., 2020a). 

 

Certainty factor (CF) 

The CF model measures the degree of certainty regarding the relationship between 

erosion occurrence and factor classes. Its expression is shown in Equation 5: 

 

 𝐶𝐹𝑖 = {

 𝑃𝑎−𝑃𝑠

 𝑃𝑎(1− 𝑃𝑠)
, 𝑖𝑓 𝑃𝑎 > 𝑃𝑠

 𝑃𝑎−𝑃𝑠

𝑃𝑠(1− 𝑃𝑎)
, 𝑖𝑓 𝑃𝑎 < 𝑃𝑠

 (Eq.5) 

 

where Pa = Nsi/Nci is the conditional probability of erosion occurrence in class i, and 

Ps = Ns/Nc is the prior probability of erosion occurrence in the study area. CF values range 

from -1 to + 1, where positive values indicate a positive correlation, and negative values 

indicate a negative relationship (Arabameri et al., 2019c, 2020a). 

All three models were implemented in ArcGIS 10.6.1, and erosion-susceptibility maps 

were produced by converting factor weightings into raster layers. 

Results and discussion 

Conditioning factors and model outputs 

Table 2 summarizes the correlation between erosion occurrences and the classes of 

conditioning factors and presents the statistical outputs of the three bivariate models (SI, 

FR, and CF). In general, croplands, built-up areas, and flat terrain classes are associated 

with low or negative weights. In contrast, steeper slope classes (>9.1°) and rangelands 

consistently exhibit high positive weights across all three models, indicating their strong 

contribution to erosion susceptibility. These results demonstrate that topographic 

characteristics and land use/land cover are the dominant factors influencing soil-erosion 

susceptibility in the study area. 
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The finding that topography and land use/cover are the most influential factors in the 

study area is supported by the consistently high SI, FR, and CF values associated with 

steep slopes, low NDVI classes, and rangeland categories. Although these factors are 

widely acknowledged as key determinants of erosion, their dominant contribution in the 

Chartak district is empirically confirmed by the statistical results obtained in this study. 

 
Table 2. Spatial relationship between conditioning factors and erosion points analyzed using 

SI, FR, and CF models 

Factors Classes Class pixels %Class pixels 
Erosion 

pixels 

%Erosion 

pixels 
SI FR CF 

Slope 

<2.8 173460 39.82980599 5 3.846154 -2.57 0 -0.90 

2.8-5.6 124274 28.53573913 18 13.84615 -0.63 0.04 -0.51 

5.6-9.1 81128 906.1543617 42 32.30769 0.36 0.16 0.16 

9.1-13.6 40804 9.369395848 43 33.07692 1.40 0.33 0.26 

13.6-20.9 15837 3.636484708 22 16.92308 1.48 0.44 0.13 

>20.9 2973 0.682658902 0 0 0 0 -1 

Aspect 

Flat 7918 1.801752601 1 0.769231 -0.87 0.04 -0.57 

North 147 0.033450067 0 0 0 0 -1 

Northeast 8512 1.936918179 1 0.769231 0.67 0.04 -0.60 

East 31153 7.088911189 18 13.84615 0.54 0.20 0.07 

Southeast 72898 16.58804763 41 31.53846 0.65 0.20 0.17 

South 73383 16.6984101 11 8.461538 -0.45 0.05 -0.49 

Southwest 132005 30.03793283 19 14.61538 -0.74 0.05 -0.51 

West 69723 15.86557169 20 15.38462 -0.15 0.10 -0.03 

Northwest 34769 7.911737333 16 12.30769 0.36 0.16 0.04 

North 8953 2.037268381 3 2.307692 -0.30 0.12 0.002 

Plan curvature 

Concave 119689 26.91273357 36 27.48092 0.23 0.31 0.007 

Flat 202346 45.49861714 35 26.71756 -0.64 0.17 -0.41 

Convex 122695 27.58864929 60 45.80153 0.42 0.50 0.25 

Elevation 

<586 92385 20.77481971 4 3.053435 -1.93 0.02 -0.85 

586-709 100591 22.62012112 59 45.03817 0.69 0.40 0.28 

709-839 102393 23.02534085 52 39.69466 0.55 0.34 0.21 

839-979 105885 23.81059463 3 2.290076 -2.36 0.01 -0.90 

>979 43443 9.769123695 13 9.923664 0 0.20 0.001 

NDVI 

<0.14 234192 52.63817994 121 92.36641 0.57 0.87 0.83 

0.14-0.23 139047 31.2529079 10 7.633588 -1.53 0.12 -0.75 

>0.64 71670 16.10891216 0 0 0 0 -1 

Distance to river 

<600 154030 34.61091649 23 17.55725 -0.65 0.10 -0.49 

600-1329 125429 28.18420207 37 28.24427 -0.07 0.20 0.00 

1329-2168 88643 19.91829819 42 32.06107 0.51 0.32 0.15 

2168-3380 57040 12.81702705 28 21.37405 0.53 0.33 0.09 

>3380 19891 4.46955619 1 0.763359 -1.78 0.03 -0.82 

LULC 

Water 2289 0.514486076 0 0 0 0 -1 

Tree 827 0.18588029 0 0 0 0 -1 

Crops 198277 44.56564249 8 6.10687 -2.14 0.04 -0.86 

Build 89013 20.0069677 6 4.580153 -1.34 0.07 -0.77 

Bareland 400 0.089905824 0 0 0 0 -1 

Rangeland 154104 34.63711762 117 89.31298 0.95 0.87 0.83 

SPI 

<0 168791 37.93559146 48 36.64122 -0.18 0.23 -0.03 

0-0.61 84328 18.95262518 10 7.633588 -0.74 0.09 -0.59 

0.61-1.39 112643 25.31639026 61 46.56489 0.63 0.44 0.28 

1.39-2.49 59679 13.41278956 10 7.633588 -0.24 0.13 -0.43 

>2.49 19500 4.382603536 2 1.526718 -1.07 0.08 -0.65 

Drainage density 

<0.68 339259 76.24962916 128 97.70992 0.25 0.87 0.90 

0.68-1.99 56040 12.59518308 3 2.290076 -1.72 0.12 -0.81 

1.99-3.20 26670 5.994174391 0 0 0 0 -1 

>3.20 22963 5.161013368 0 0 0 0 -1 
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Although positive values are intrinsic to bivariate models, comparing their magnitude 

and consistency provides meaningful insight. In this study, steep slopes (>9°), low NDVI 

classes, and rangelands exhibit consistently high positive SI, FR, and CF values, 

reflecting their strong contribution to erosion processes. Conversely, croplands, flat 

terrain, and high-NDVI areas produce negative or low weights, indicating reduced 

susceptibility. These patterns highlight the discriminative capabilities of the three models 

and their agreement with the geomorphological conditions of the study area. 

The values presented in Table 2 do not represent classical correlation coefficients but 

rather the bivariate association metrics (SI, FR, and CF) that quantify how strongly each 

factor class is linked to erosion occurrence. Positive SI values, FR > 1, or positive CF 

values indicate a higher likelihood of erosion within that class, while negative values 

indicate reduced susceptibility. 

 

Erosion susceptibility mapping 

Figure 5 illustrates the spatial distribution of erosion susceptibility generated by the 

FR, CF, and SI models. All three models classified the study area into five susceptibility 

categories: very low, low, moderate, high, and very high. Among the models, the FR 

model identified the largest proportion of land within the very high susceptibility zone 

(27.6%), while the SI model classified 17.6% of the area as very highly susceptible. The 

CF model produced a more balanced distribution, with 19.1% of the study area falling 

into the very high susceptibility class. 

 

Area distribution by susceptibility classes 

Figure 6 presents the percentage distribution of susceptibility classes for each model 

to further quantify the results. The SI and CF models exhibit comparatively similar 

patterns, particularly within the moderate and high susceptibility classes, whereas the FR 

model allocates a larger proportion of the study area to the very high susceptibility class. 

These findings highlight the sensitivity of bivariate models to the weighting strategies 

used in probability estimation. 

 

Model validation 

The predictive accuracy of the erosion-susceptibility maps was evaluated using the 

ROC-AUC. As shown in Figure 7, all three models achieved AUC values above 0.84, 

indicating reliable predictive capability. The SI (AUC = 0.879) and CF (AUC = 0.878) 

models produced the highest AUC values, while the FR model yielded a lower but still 

acceptable value (AUC = 0.843). According to the predictive power classification of 

Yesilnacar and Topal (2005), all three approaches fall within the range of reliable 

predictive performance. 

 

Comparative performance of SI, FR and CF models 

The results of the study indicate that all three statistical models SI, FR, and CF— were 

effective in predicting soil-erosion susceptibility in the Chartak district. The SI 

(AUC = 0.879) and CF (AUC = 0.878) models produced the highest AUC values, 

whereas the FR model yielded a lower, yet still reliable value (AUC = 0.843). Because 

all AUC values exceeded 0.8, each model demonstrated strong predictive capability 

(Arabameri et al., 2019b, 2020a). These numerical differences are consistent with 
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previous studies; for example, Juliev (2019) reported that SI and CF often produce higher 

AUC values than the FR model in erosion-susceptibility assessments. The susceptibility 

maps produced by the three models demonstrated consistent spatial patterns. Areas 

characterized by low vegetation cover (NDVI < 0.14), rangelands, and steep slopes (>9°) 

were classified as having high or very high susceptibility. These observations align with 

well-established geomorphological principles: sparse vegetation provides limited 

protection against raindrop impact and sheet erosion, while steep terrain enhances runoff 

velocity (Bouamrane et al., 2024; Esmali Ouri et al., 2020). Similar to observations in 

earlier studies, the FR model tended to assign larger areas to the high-susceptibility class, 

reflecting its sensitivity to class–pixel ratios (Amare et al., 2021). 

 

  

 

Figure 5. Soil erosion susceptibility maps created by SI, FR and CF models 
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Figure 6. Distribution of susceptibility classes (%) for SI, FR, and CF models 

 

 

. 

Figure 7. ROC curve showing the predictive performance of the SI, FR, and CF models with 

their corresponding AUC values 

 

 

Relation to erosion research in Uzbekistan 

Research on erosion in Uzbekistan has predominantly relied on empirical models such 

as the RUSLE. For example, Juliev (2024) conducted RUSLE-based assessments in the 

Ugam–Chatkal National Park, while Ibragimov et al. (2024) applied similar approaches 
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in the Bekabad and Parkent districts. These studies primarily quantified annual soil loss 

and examined its relationship with land cover and topographic factors. At broader spatial 

scales, Chen et al. (2025) evaluated wind erosion risks in the Aral Sea basin, whereas 

Gafforov et al. (2020) analyzed rainfall erosivity under projected climate change in the 

Chirchik–Akhangaran watershed. Field-based investigations in the Namangan region 

(Koriyev et al., 2024b), focused on the effectiveness of terracing and mulching practices. 

Although these studies significantly advance erosion research in Uzbekistan, most of 

them emphasize basin-scale processes or annual soil-loss estimation. In contrast, the 

present study is the first to apply bivariate statistical modeling at the district scale in 

Uzbekistan. Instead of solely quantifying erosion rates, this approach identifies the 

probability of erosion occurrence and spatial patterns of susceptibility. Therefore, the 

study fills an important methodological and spatial gap, complementing existing RUSLE-

based and climate-oriented assessments. 

The produced susceptibility maps provide valuable decision-support information for 

land managers and local stakeholders. High-susceptibility zones were consistently 

associated with rangelands, steep slopes, and areas characterized by sparse vegetation. In 

these locations, soil-conservation measures such as reforestation, contour cultivation, and 

terracing can be strategically prioritized to effectively reduce erosion hazards and support 

sustainable land management. Furthermore, strengthening vegetative buffer zones along 

river networks may help minimize sediment transport and protect water resources. Given 

the increasing pressure on land resources due to population growth and climate variability 

in Uzbekistan, the findings offer a sound scientific basis for integrating erosion-

susceptibility assessments into district-level land-use planning. 

 

Methodological reflections and limitations 

The strong performance of the SI and CF models indicates that they are suitable for 

data-limited environments such as Uzbekistan. Nevertheless, several limitations should 

be acknowledged. First, the erosion inventory relied on 133 mapped points, which 

although sufficient for bivariate statistical analysis may not fully represent the diversity 

of erosion processes, including gully development. Second, because these models depend 

on statistical associations between conditioning factors and documented erosion 

occurrences, they may not effectively capture dynamic processes such as extreme rainfall 

events or rapid land-use changes (Borrelli et al., 2017, 2021). Third, the tendency of the 

FR model to overpredict susceptibility highlights the importance of comparing multiple 

modeling approaches rather than relying on a single method. 

Future research should explore ensemble modeling frameworks that integrate diverse 

machine learning and statistical techniques, including support vector machines, logistic 

regression, and random forests (Arabameri et al., 2019a; Esmali Ouri et al., 2020; 

Khosravi et al., 2023). Additionally, incorporating temporal remote-sensing datasets 

particularly multi-seasonal NDVI and rainfall variability may improve the representation 

of erosion dynamics and enhance the predictive accuracy of susceptibility assessments. 

Conclusion 

This study employed three bivariate statistical models SI, FR, and CF to assess soil 

erosion susceptibility in the Chartak district of the Namangan region. Nine conditioning 

factors derived from DEM, remote sensing products, and complementary datasets were 

used to generate susceptibility maps, which were subsequently validated using ROC-
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AUC metrics. The SI (0.879) and CF (0.878) models exhibited slightly higher predictive 

performance than the FR model (0.843), although all three achieved high accuracy values 

(>0.8), indicating their reliability for susceptibility assessment. 

The susceptibility maps revealed that 38.9% (SI), 49.8% (FR), and 38.8% (CF) of the 

study area fall within high to very high susceptibility classes. Areas characterized by steep 

slopes, rangelands, and sparse vegetation consistently demonstrated elevated erosion 

susceptibility. These findings align with well-documented erosion mechanisms and, 

importantly, provide the first district-scale probabilistic assessment of erosion susceptibility 

in Uzbekistan, where such modeling approaches have not previously been applied. 

The outcomes of this research have practical implications for land-use planning and 

soil conservation. Local authorities can use the susceptibility maps to prioritize erosion-

prone zones for targeted interventions, thereby mitigating land degradation and 

supporting sustainable agricultural productivity. Furthermore, the methodological 

framework offers a replicable model for other districts in Uzbekistan and across Central 

Asia, expanding the range of tools available for erosion assessment beyond traditional 

RUSLE-based methods. 

Future studies should integrate advanced machine learning algorithms and time-series 

datasets to further refine susceptibility mapping under changing climatic and land-use 

conditions. Such advancements would facilitate the development of dynamic, data-driven 

decision-support systems capable of informing sustainable land-management strategies 

at multiple administrative levels. 
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