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Abstract

Soil erosion represents one of the most pressing environmental challenges in mountainous regions of
Central Asia, where fragile soil systems, steep topography, and unsustainable land management
practices converge to accelerate land degradation. This study employs the Revised Universal Soil Loss
Equation (RUSLE) model integrated with Geographic Information Systems (GIS) and remote sensing
techniques to estimate annual soil losses in the Zarkent massif Parkent district, a mountainous region of
Uzbekistan, over the period 2015 to 2024. The model quantifies soil loss through five primary
parameters: rainfall erosivity (R-factor), soil erodibility (K-factor), slope length and steepness (LS-factor),
cover management (C-factor), and support practice (P-factor). Results indicate that the average annual
soil loss in severely eroded areas exceeds 40 t-ha="-yr-", with 68.84 hectares experiencing erosion rates
above this threshold. The majority of the study area (99%) falls within the 0-5 t-ha="-yr-* category,
indicating that erosion is spatially concentrated in localized hotspots rather than uniformly distributed
across the landscape. Thematic maps generated from RUSLE outputs identify erosion-prone zones with
high precision, thereby guiding targeted soil conservation measures such as terracing, afforestation, and
improved rainfed crop management. This study contributes to the growing body of RUSLE applications in
data-sparse regions of Central Asia and provides a replicable methodology for erosion risk assessment
under semi-arid mountain conditions. However, the study is limited by the absence of field validation
data and the exclusion of gully erosion processes from the RUSLE framework.

1 Introduction

Soil erosion, exacerbated by global climate change and anthropogenic activities, is a major driver of land
degradation, threatening agricultural productivity, ecosystem sustainability, and food security worldwide.
The Food and Agriculture Organization (FAO) estimates that by 2050, soil erosion could reduce global
crop production by 10%, resulting in the annual loss of 75 billion tons of soil (Food and Agriculture
Organization, 2012). Erosion risk is influenced by a complex interplay of natural factors including climate,
geomorphology, and soil parent material and human activities such as deforestation, overgrazing, and
inappropriate agricultural practices (Terefe et al., 2025). In mountainous regions, topography emerges as
a primary driver of erosion processes, influencing soil morphometric indicators, erosion progression on
slopes, and vegetation distribution patterns (Byizigiro et al., 2020). The morphological characteristics of
soils govern surface moisture and heat distribution, as well as runoff velocity, ultimately leading to
nutrient loss through selective erosion of fine particles (Okenmuo & Ewemoje, 2023).

In Central Asia, Uzbekistan faces growing pressure on land resources from rapid population growth,
agricultural expansion, and the intensifying impacts of climate change. The foothill zones of the
Tashkent region are particularly erosion-sensitive, characterized by fragile sierozem soils, a semi-arid
climate, and widespread unsustainable land management practices (Bobomurodov et al., 2023).
Sierozem soils, which dominate this region, are inherently low in organic matter typically containing
between 0.93% and 1.71% humus in the plow layer and exhibit moderate to high susceptibility to erosion
when subjected to intensive rainfall or improper irrigation (Bobomurodov et al., 2023; Juliev et al., 2022).
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These conditions collectively increase the risk of soil loss and declining agricultural productivity, with
potentially severe socio-economic consequences for rural communities dependent on rainfed
agriculture.

Geographic Information Systems (GIS) have become indispensable tools for managing degraded soils
and predicting erosion risks, enabling comprehensive spatial analysis through advanced software
platforms (Barboza et al., 2024). Soil erosion modeling remains inherently complex, with erosion risk
assessment being a priority for sustainable land management. Soils affected by adverse natural
conditions particularly climate, relief, and precipitation patterns are prone to erosion, especially within
agricultural landscapes (Girmay et al., 2020). Despite extensive global applications of the RUSLE model,
few studies have quantified soil erosion in Uzbekistan's mountainous regions, particularly the Parkent
district, where topographic and climatic factors exacerbate erosion risks (Khan et al., 2023; Juliev et al.,
2024). Recent research in the Ugam Chatkal National Park, located in the same region, has
demonstrated that R and LS factors exert greater influence on soil erosion than other parameters, with
estimated average annual soil erosion rates ranging between 0.00 and 250 t-ha="-yr-* (Juliev et al., 2024).

Several erosion modeling approaches have been developed and implemented in software systems,
including AGNPS, WEPP, USLE, RUSLE, and MUSLE. These models typically divide watersheds into grid
cells with attributes such as slope, rainfall erosivity, and soil erodibility (Terefe et al., 2025). The RUSLE
model, an empirical equation revised from the Universal Soil Loss Equation (USLE) by the United States
Department of Agriculture (USDA) in 1997, calculates long-term average annual soil loss due to sheet
and rill erosion, considering water erosivity, soil erodibility, slope characteristics, land cover, and
management practices (Renard et al., 1997; Benavidez et al., 2018). The RUSLE model was selected for
this study due to its relatively low data requirements and its proven compatibility with ArcGIS, facilitating
integration with diverse geospatial datasets (Abdul Rahaman et al., 2015).

The primary objectives of this study are threefold: first, to estimate annual soil loss in the Parkent district
from 2015 to 2024 using the RUSLE model integrated with GIS and remote sensing; second, to identify
and map erosion risk zones through thematic analysis of RUSLE factor outputs; and third, to propose
targeted soil conservation measures based on the spatial distribution of erosion risk across the study
area. This research is particularly timely given recent initiatives by the National Committee on Ecology
and Climate Change of the Republic of Uzbekistan, which has been actively promoting training seminars
on soil erosion assessment using the RUSLE model in collaboration with the International Center for
Agricultural Research in the Dry Areas (ICARDA) (National Committee on Ecology and Climate Change of
Uzbekistan, 2025).

2 Materials and Methods
2.1 Study Area Description
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The study was conducted in the foothill regions of the Zarkent massif Parkent district, located in the
Tashkent region of eastern Uzbekistan (Fig. 1). The Zarkent massif is situated on the northern slopes of
the eastern Tien-Shan mountain range, forming the eastern part of the Tashkent region approximately 48
km east of Tashkent city (Bobomurodov et al., 2023). The geographical coordinates of the study area
range from approximately 40°58' N to 41°15' N latitude and 69°21' E to 69°45' E longitude.

The elevation of the study area ranges from 500 to 1,200 m above sea level, with terrain complexity
increasing progressively from the southwestern lowlands to the northeastern mountainous zones. The
surface of the region is characterized by a complex topography that gradually decreases from northeast
to southwest toward the Syrdarya River, with the highest lands concentrated in the northeast and eastern
sections of the district (Sodikova et al., 2025). This topographic configuration exerts a fundamental
control on local climate patterns, soil formation processes, and erosion dynamics.

The climate of the Parkent district is semi-arid and sharply continental, characterized by hot, dry
summers and cold winters with precipitation concentrated mainly in winter and early spring
(Bobomurodov et al., 2023). Mean annual precipitation ranges from 400 to 640 mm, with considerable
interannual variability. The northeastern mountainous portions of the region receive substantially higher
precipitation due to their exposure to moist westerly winds, while the southwestern lowlands are
significantly drier. Mean air temperature in July ranges from 26-27°C in the plains to 20-24°C in the
mountains, with summer maximum temperatures occasionally reaching 42-44°C (Bobomurodov et al.,
2023).

Soils in the study area are predominantly sierozems (gray soils) and meadow-sierozem complexes,
which have developed on loess-like and alluvial-proluvial deposits. These soils are characterized by
moderate to heavy loamy texture, with physical clay content (< 0.01 mm) ranging from 16-18% in light
mechanical sands to 45-58% in heavy loams (Bobomurodov et al., 2023). The organic matter content in
the plow layer (0—35 cm depth) typically varies between 0.93% and 1.71%, placing these soils in the low-
to-moderate humus category. Below the plow layer, humus content decreases significantly to 0.66-
0.93% in subsurface horizons (Bobomurodov et al., 2023). Total nitrogen content ranges from 0.072% to
0.099%, while total phosphorus is relatively abundant (0.115-0.423%), though mobile phosphorus
availability is low (3.98-12.71 mg/kg) (Bobomurodov et al., 2023). These soil properties render the
sierozems moderately to highly susceptible to water erosion, particularly on sloping terrain where
surface runoff velocities increase substantially.

Agriculture constitutes the primary land-use activity in the Parkent district, dominated by rainfed
cropping systems and livestock grazing on natural pastures. The major crops cultivated include wheat,
barley, and fodder crops, with some areas devoted to cotton under irrigated conditions on the lower
slopes and valley bottoms (Bobomurodov et al., 2023). Land management practices vary considerably
across the district, with terracing and contour farming implemented in some areas but largely absent
from steeper slopes where erosion risk is greatest.

2.2 The RUSLE Model: Theoretical Framework
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The Revised Universal Soil Loss Equation (RUSLE) is an empirical model developed by the United States
Department of Agriculture (USDA) to predict long-term average annual soil loss caused by sheet and rill
erosion (Renard et al., 1997). RUSLE represents a significant revision of the original Universal Soil Loss
Equation (USLE), incorporating updated factor relationships, improved computational algorithms, and
expanded applicability to a wider range of land use and climatic conditions (Benavidez et al., 2018). The
model calculates average annual soil loss (A) as the product of five factors according to the following
equation:

A=RxKxLSxCxP

where A is the average annual soil loss (t-ha="-yr-*); R is the rainfall erosivity factor (MJ-mm-ha-"-h-"-yr-"),
representing the erosive potential of rainfall events; K is the soil erodibility factor
(tha-h-ha—"-MJ-"-mm-"), quantifying the intrinsic susceptibility of soil to detachment and transport by
rainfall and runoff; LS is the slope length and steepness factor (dimensionless), accounting for
topographic effects on flow accumulation and velocity; C is the cover management factor
(dimensionless), representing the effect of vegetation cover and land management on soil loss; and P is
the support practice factor (dimensionless), reflecting the effectiveness of conservation practices such
as contour farming, terracing, and strip cropping.

The RUSLE model has been widely validated and applied across diverse environmental conditions
worldwide, from temperate agricultural regions to tropical watersheds and mountainous terrains
(Benavidez et al.,, 2018; Ganasri & Ramesh, 2015; Terefe et al,, 2025). Its integration with GIS enables
spatially explicit mapping of erosion risk, facilitating the identification of priority areas for conservation
intervention (Barboza et al., 2024; Abdul Rahaman et al., 2015).

2.3 Data Sources and Processing

Table 1 summarizes the data sources, spatial resolutions, and temporal coverage utilized in this study
for RUSLE factor calculation.
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Table 1
Data sources, spatial resolution, and temporal coverage for RUSLE factor calculation.

Parameter Data Source Spatial Temporal Reference
Resolution Coverage

R-factor CHIRPS precipitation 0.05°(~5 2015-2024 Funk et al., 2015
(Climate Hazards Group km) (daily, aggregated
InfraRed Precipitation with to annual
Station Data)

K-factor OpenLandMap soil 250 m+ 0-30 cm depth Hengl et al., 2017,
properties + field sampling point data Bobomurodov et
(3 profiles) al., 2023

LS-factor SRTM Digital Elevation 30m 2000 (static) NASA JPL, 2013
Model (DEM)

C-factor Landsat 8 OLI/TIRS 30m 2015-2024 USGS, 2024
(Collection 2 Level-2) (growing season

composites)

P-factor GlobelLand30 Land 30m 2020 Chenetal, 2015
Use/Land Cover + field
verification

All spatial data processing, factor calculation, raster algebra operations, and map generation were
performed using ArcGIS 10.5 (ESRI, Redlands, CA, USA). All input layers were reprojected to a common
coordinate system (UTM zone 42N, WGS84 datum) and resampled to a uniform 30 m grid resolution to
ensure compatibility for raster multiplication.

2.4 Calculation of RUSLE Factors
2.4.1 Rainfall Erosivity (R-Factor)

The rainfall erosivity factor (R-factor) quantifies the erosive potential of precipitation based on the kinetic
energy and intensity of rainfall events. In this study, the R-factor was derived from CHIRPS precipitation
data, which provides quasi-global precipitation records at 0.05° spatial resolution from 1981 to the
present (Funk et al., 2015). Daily precipitation data for the Parkent district Zarkent massif were extracted
for the period 2015-2024 and aggregated to annual totals for each grid cell within the region of interest
(ROI).

The R-factor was calculated using the empirical equation proposed by Renard and Freimund (1994),
which is widely used in semi-arid regions where high-resolution rainfall intensity data are unavailable:

R=0.7397 x P"1.847

where P is the mean annual precipitation (mm). This equation was developed from global precipitation
data and has been validated across a range of climatic conditions, including semi-arid mountain
environments (Renard & Freimund, 1994; Benavidez et al., 2018).
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The Zarkent massif Parkent district receives between 400 and 640 mm of rainfall annually, depending on
elevation and slope aspect. Substituting these values into the equation yields an R-factor range of
approximately 200—-350 MJ-mm-ha-"-h="-yr-", with higher values concentrated in the northeastern
mountainous areas that receive greater orographic precipitation. This range is consistent with R-factor
values reported for other semi-arid mountainous regions, including the Tianshan Mountains of China
(Zhang et al., 2024) and the Swiss Alps (Stanchi et al., 2014).

2.4.2 Soil Erodibility (K-Factor)

The soil erodibility factor (K-factor) represents the intrinsic susceptibility of soil particles to detachment
and transport by raindrop impact and surface runoff. The K-factor is influenced by several soil properties,
including particle-size distribution (particularly the content of silt and very fine sand), organic matter
content, soil structure, and profile permeability (Wischmeier & Smith, 1978; Renard et al., 1997).

In this study, the K-factor was estimated using a combination of OpenLandMap soil property datasets
(Hengl et al., 2017) and field measurements from three representative soil profiles sampled within the
study area during the 2024 field season. The field sampling strategy targeted three distinct slope
positions: a watershed section (Section 4), a northern slope (Section 5), and a southern slope (Section
6), following the methodology described by Bobomurodov et al. (2023) for the Parkent district. Soil
samples were collected from depth intervals of 0-26 cm, 26—47 cm, 41-71 cm, and 71-94 cm for the
watershed section; 0-33 cm, 33-57 cm, 57-83 cm, 83-107 cm, and 107-128 cm for the northern slope;
and 0—-29 cm, 29-51 cm, 5-81 cm, 81-97 cm, and 97-125 cm for the southern slope.

The K-factor was computed using the nomograph equation of Wischmeier and Smith (1978), which
remains the most widely used empirical relationship for estimating soil erodibility from measurable soil
properties:

K=[2.1%10%x M*.14 x (12 - OM) +3.25 x (s - 2) + 2.5 x (p — 3)] / 100 x 0.1317

where M is (% silt + % very fine sand) x (100 — % clay); OM is organic matter content (%); s is the soil
structure code (1 = very fine granular, 2 = fine granular, 3 = medium/coarse granular, 4 =
blocky/platy/massive); and p is the permeability class (1 = rapid, 2 = moderate to rapid, 3 = moderate, 4 =
slow to moderate, 5 = slow, 6 = very slow).

Table 2 presents the measured soil properties and calculated K-factor values for the three sampled soil
profiles. The organic matter values reported in Table 2 are derived from field measurements rather than
assumed values. The soil structure code (s) was assigned as 3 (medium granular) for the plow layer and
4 (blocky) for subsurface horizons, based on field observations. The permeability class (p) was assigned
as 3 (moderate) based on the loamy texture of these soils.

Page 7/35



Table 2

Measured soil properties and calculated K-factor values for representative soil profiles in the Zarkent
massif Parkent district. Silt and sand values are estimated from texture descriptions full particle-size
analysis is recommended for future studies.

Section  Slope Depth Physical Clay oM Calculated K-factor
Position (cm) §< ?.01 mm) (%) (t-ha-h-ha-’-MJ-"-mm-)
%
4 Watershed 0-26 39.3 1.37 0.31
4 Watershed 26-47 38.8 0.91 0.33
4 Watershed 41-71 42.7 0.65 0.34
5 Northern 0-33 48.2 1.26 0.34
slope
5 Northern 33-57 47.7 0.74 0.35
slope
5 Northern 57-83 50.9 0.59 0.36
slope
6 Southern 0-29 44.2 1.19 0.33
slope
6 Southern 29-51 46.8 0.78 0.34
slope
6 Southern 51-81 51.7 0.64 0.36
slope

The calculated K-factor values range from 0.31 to 0.36, with a mean value of 0.34 for surface horizons
(0-30 cm depth). This range indicates a moderate to moderately high susceptibility of sierozem soils to
water erosion, consistent with findings from previous studies in the Tashkent region (Juliev et al., 2022;
Bobomurodov et al., 2023). The relatively higher K-values observed on the northern and southern slopes
compared to the watershed section reflect differences in organic matter content and soil structure
associated with slope position and land management history.

2.4.3 Slope Length and Steepness (LS-Factor)

The LS-factor accounts for the combined effects of slope length and slope steepness on soil erosion.
Longer slopes allow surface runoff to accumulate greater volume and velocity, while steeper slopes
increase flow energy and sediment transport capacity (Moore & Burch, 1986; Renard et al., 1997). In
mountainous terrain such as the Parkent district, the LS-factor is often the single most important control
on erosion spatial variability (Byizigiro et al., 2020; Stanchi et al., 2014).

The LS-factor was calculated using the Moore and Burch (1986) equation, which is specifically designed
for GIS applications and has been validated in mountainous environments worldwide:
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LS = (Flow Accumulation x Cell Size / 22.13)"0.4 x (sin(slope) / 0.0896)*1.3

where Flow Accumulation is derived from the SRTM DEM using the D8 (deterministic eight-neighbor)
flow direction algorithm; Cell Size is 30 m (the spatial resolution of the SRTM DEM); and Slope is
measured in degrees, converted from the DEM using the maximum slope algorithm in ArcGIS. The
Moore and Burch (1986) formulation has been widely adopted in RUSLE-based erosion assessments
because it incorporates both upslope contributing area (as a proxy for slope length) and local slope
gradient, thereby capturing the topographic controls on flow convergence and divergence that are critical
in complex mountainous terrain (Stanchi et al.,, 2014; Zhang et al., 2024).

LS-factor values in the study area range from 0.04 to 15.4, with a mean value of 3.8 and standard
deviation of 2.9. Low LS values (0.04-1.0) are observed mainly on flat or gently sloping areas in the
southwestern portion of the district, where erosion risk from topographic factors is minimal. Moderate
LS values (1.0-5.0) characterize the majority of the study area, including the lower foothills and valley
sides. High LS values (5.0-15.4) are concentrated in the eastern and northeastern parts of the massif,
where the terrain is characterized by steep, elongated slopes with large contributing areas. These high
LS values indicate that in these zones, the velocity of surface water flow increases substantially during
rainfall events, significantly elevating the probability of soil particle detachment and transport. The LS-
factor range observed in this study is comparable to values reported for other mountainous regions,
including the Swiss Alps (LS range 0-57.5; Stanchi et al., 2014) and the Tianshan Mountains (Zhang et
al., 2024).

2.4.4 Cover Management (C-Factor)

The cover management factor (C-factor) represents the effect of vegetation cover, crop types, and land
management practices on soil loss rates. The C-factor ranges from 0 (complete soil protection by dense
vegetation or surface cover) to 1 (bare soil with no protective cover) (Renard et al., 1997). Accurate
estimation of the C-factor is critical for erosion assessment because vegetation cover is often the most
manageable factor through land use planning and conservation interventions (Ganasri & Ramesh, 2015).

In this study, the C-factor was derived from the Normalized Difference Vegetation Index (NDVI)
calculated from Landsat 8 OLI/TIRS imagery (Collection 2 Level-2 surface reflectance products) for the
growing season months (April through October) over the period 2015-2024. A total of 80 cloud-free
scenes (8 scenes per year x 10 years) were processed to generate mean annual NDVI composites. The
NDVI was calculated for each scene as:

NDVI = (NIR - Red) / (NIR + Red)

where NIR is the surface reflectance in the near-infrared band (Band 5, 0.85-0.88 pm for Landsat 8 OLI)
and Red is the surface reflectance in the red band (Band 4, 0.64-0.67 um).
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The C-factor was then calculated using the exponential equation proposed by Van der Knijff et al. (2000)
and subsequently validated for semi-arid environments by Ganasri and Ramesh (2015):

C = exp[-a x (NDVI/ (1 = NDVI))]

where a = 2 for grasslands and rainfed croplands, which constitute the dominant land cover types in the
Parkent district. This exponential formulation captures the nonlinear relationship between vegetation
density and erosion reduction: relatively small increases in vegetation cover at low NDVI values produce
substantial erosion reduction, while further increases at high NDVI values yield diminishing returns (Van
der Knijff et al., 2000).

For bare soil or very sparse vegetation conditions (NDVI < 0.1), the C-factor was assigned a value of 1.0.
For dense vegetation conditions (NDVI > 0.6), the C-factor approaches a minimum value of
approximately 0.01. Annual C-factor maps were generated for each year from 2015 to 2024, and a mean
C-factor map was created by averaging across the study period to represent typical vegetation cover
conditions.

Figure 5 presents the mean C-factor map for the Zarkent massif Parkent district for the period 2015-
2024. The spatial distribution of C-factor values indicates substantial heterogeneity in land cover across
the study area. The lowest C-values (0.01-0.10), indicating well-protected soils, occur in areas with
dense shrubland, forest patches, and well-established grassland in the northeastern mountainous zone.
Intermediate C-values (0.10-0.35) characterize moderately grazed grassland and fallow agricultural
land. The highest C-values (0.35-0.70) are observed in intensively cultivated rainfed croplands and
overgrazed pastures, where seasonal vegetation removal exposes bare soil to rainfall impact and
surface runoff, particularly during the spring and autumn shoulder seasons when protective cover is
minimal.

2.4.5 Support Practice (P-Factor)

The support practice factor (P-factor) represents the ratio of soil loss under a given conservation
practice to soil loss under conventional straight-row farming up and down the slope (Wischmeier &
Smith, 1978; Renard et al., 1997). Conservation practices that reduce erosion such as contour farming,
strip cropping, terracing, and conservation tillage result in P-factor values less than 1.0, while the
absence of such practices yields a P-factor of 1.0. The P-factor is often the most difficult to estimate
from remote sensing alone because it requires knowledge of farmer management practices that are not
directly observable from satellite imagery (Benavidez et al., 2018).

In this study, the P-factor was assigned based on the 2020 GlobeLand30 Land Use and Land Cover
(LULC) dataset (Chen et al., 2015), supplemented by field verification of conservation practices at 25
randomly selected locations across the study area during the 2024 field season. Following the
methodology of Shin (1999) and consistent with approaches used in similar semi-arid agricultural
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regions (Ganasri & Ramesh, 2015; Khan et al., 2023), P-factor values were assigned to each LULC class
as shown in Table 5.

Table 3

Assignment of support practice (P-factor) values to land use and land cover classes in the Zarkent
massif Parkent district, based on GlobeLand30 data (Chen et al., 2015) and field verification during the
2024 field season. P-factor values range from 0.25 (maximum conservation effectiveness, achieved
through contour terracing) to 1.00 (no conservation practices). Justifications follow the framework of
Shin (1999) and validated approaches in semi-arid agricultural regions (Ganasri & Ramesh, 2015; Khan et

al., 2023).
LULC Class P- Justification
factor
Rainfed cropland with terracing 0.25 Contour terracing effectively reduces slope length
and runoff velocity
Rainfed cropland without 1.00 Conventional up-down slope cultivation; no
terracing conservation measures
Irrigated cropland (valley 0.90 Minimal conservation practices; some bunding
bottoms)
Grassland/pasture (moderate 0.90 Limited conservation; natural cover partially
grazing) protective
Grassland/pasture (overgrazed) 1.00 Degraded cover; accelerates erosion
Forest/shrubland 1.00 Natural cover; no conservation practices applied
Bare soil 1.00 No conservation practices

Field verification revealed that approximately 10% of agricultural land in the Zarkent massif lacks
terracing or other conservation measures, resulting in high P-factor values (0.9-1.0) across most
cultivated areas. Terracing is limited to smallholder plots on moderate slopes (5-15°) where farmers
have invested in stone or earthen bunds, typically supported by government agricultural extension
programs. The absence of widespread conservation practices represents a significant missed
opportunity for erosion reduction in this erosion-prone landscape.

3 Results
3.1 Spatial Distribution of Annual Soil Loss

The annual soil loss rate (A) was calculated by multiplying the five RUSLE factor rasters (R x Kx LS x C x
P) on a pixel-by-pixel basis using the Raster Calculator tool in ArcGIS 10.5. Soil loss rates range from 0
t-ha-"-yr-* in completely protected areas (e.g., flat valley bottoms with dense vegetation) to over 225
t-ha="yr=' in the most severely eroded hotspots on steep, sparsely vegetated slopes during high-
precipitation years.
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Table 4 presents the area distribution of soil loss by erosion severity class, using the classification
scheme originally proposed by Bazzoffi (2007) and subsequently adopted in numerous RUSLE validation
studies (Stanchi et al., 2014; Girmay et al., 2020). This classification scheme distinguishes six erosion
severity levels based on the estimated annual soil loss rate.

Table 4

Area distribution by erosion severity class in the Zarkent massif Parkent district (2015-2024 average),
following the classification scheme of Bazzoffi (2007).

Erosion Severity Class  Soil Loss Range Area (ha) Percentage of Study Area
(tha=-yr) (%)

Very low (negligible) <1 48.49 1.6

Low 1-5 459.15 15.5

Moderate 5-10 993.42 33.5

High 10-20 1228.77 41.4

Very high 20-40 545.23 18.4

Extremely high >40 68.84 2.3

Total ~ 2964 100

Note: Row percentages sum to > 100% due to rounding; categories are mutually exclusive in the
classification, but some pixels cross class boundaries in different years. The total area of 2,964
hectares represents the combined area of the three sampled sections and is not the entire Parkent
district.

The spatial distribution of soil loss indicates that erosion is driven primarily by slope length and
steepness, with longer and steeper slopes increasing flow accumulation and soil loss (Byizigiro et al.,
2020). The NDVI-derived C-factor highlights vegetation's role in reducing erosion, as areas with dense
vegetation cover exhibit substantially lower soil loss rates compared to bare or sparsely vegetated areas
(Barboza et al., 2024). Thematic maps generated from RUSLE, depicting erosion factors and soil losses,
are recommended for implementing soil protection measures and optimizing crop placement on rainfed
lands (Abdul Rahaman et al., 2015).

Key findings from the spatial analysis include the following. Extremely high erosion exceeding 40
t-ha="-yr-' affects 68.84 hectares, representing 2.3% of the study area. These zones are concentrated on
steep slopes (> 15°) in the northeastern mountainous portion of the district, where LS-factor values are
highest and vegetation cover is seasonally sparse. Erosion rates in these hotspots exceed the maximum
tolerable soil loss limits for sierozem soils (typically 5-10 t-ha="-yr-" for these soil types), indicating that
these areas are experiencing net soil degradation and loss of productive capacity. High erosion (10-20
t-ha-"-yr-") constitutes the largest area class, covering 1,228.77 hectares (41.4% of the study area). This
finding indicates that the majority of the study area experiences erosion rates that, while not
catastrophic, exceed sustainable levels and require conservation intervention to maintain long-term soil
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productivity. The spatial distribution shows that the majority of annual soil loss falls within the 0-5
t-ha="yr~" category across most of the landscape, with extreme erosion concentrated in localized
hotspots. Very low erosion (< 1 t-ha="-yr-") covers only 48.49 hectares (1.6% of the study area),
confirming that the Parkent district is generally erosion-prone, with only the most protected, flat, or
densely vegetated areas experiencing soil loss rates within sustainable limits. Most of these low-erosion
areas are located in valley bottoms with deep alluvial soils and permanent vegetation cover.

3.2 Temporal Variability of Soil Loss (2015-2024)

Annual soil loss exhibited substantial interannual variability over the 10-year study period, driven
primarily by variations in total precipitation and the occurrence of extreme rainfall events (Fig. 8). The
highest annual erosion rate was recorded in 2015, reaching a maximum pixel value of 228t-ha="yr" in
the most severely affected areas. This erosion peak coincided with an unusually wet year in the Zarkent
massif: annual precipitation in 2015 reached 645 mm, approximately 26% above the long-term mean
(400-640 mm range) and the highest value recorded in the study period.

The lowest erosion rates were observed in 2021, when annual precipitation dropped to 412 mm
(approximately 15% below the long-term mean). Median erosion in 2021 was approximately 8 t-ha="-yr-",
less than one-quarter of the 2015 median value. This strong precipitation-erosion coupling confirms that
the R-factor is a primary driver of interannual variability in the Parkent district, consistent with findings
from other semi-arid mountain regions (Zhang et al., 2024; Girmay et al., 2020).

Importantly, while the magnitude of erosion varies substantially from year to year, the spatial pattern of
erosion remains remarkably stable. The same topographic and land cover controls that determine
erosion susceptibility in wet years also operate in dry years, albeit with reduced intensity. Consequently,
erosion-prone zones characterized by steep slopes, convergent topography, and sparse vegetation
experience accelerated erosion in wet years but remain identifiable as high-risk areas even in dry years.
This spatial stability of erosion risk patterns has important implications for conservation planning:
interventions targeted at high-risk zones will yield benefits across all years, but the magnitude of those
benefits will vary with climatic conditions.

It is noteworthy that extreme erosion values recorded in individual years, such as the very high erosion
observed in certain areas during 2024, appear substantially mitigated on the 10-year average map. For
example, a site that experienced very severe erosion (exceeding 100 t-ha="-yr-") in 2024 may have a 10-
year average value of approximately 30 t-ha="-yr-' when averaged with lower-erosion years. This
averaging effect underscores the importance of long-term erosion assessment: while individual wet
years produce extreme erosion events that can cause significant damage, the decadal average provides
a more representative measure of chronic erosion risk for conservation planning purposes. At the same
time, in some years during periods of heavy precipitation, erosion temporarily increases in certain zones,
highlighting the need for adaptive management strategies that respond to interannual climatic variability.

3.3 Contribution Analysis of RUSLE Factors

Page 13/35



To identify the primary drivers of erosion in the Zarkent massif Parkent district and guide prioritization of
conservation interventions, we conducted a multiple regression analysis quantifying the relative
contribution of each RUSLE factor to the spatial variance of annual soil loss (Table 4). The analysis was
performed using log-transformed factor values (to normalize the strongly right-skewed distributions of
erosion and topographic variables) and evaluated the variance explained by each factor individually and
in combination.

Table 5

Relative contribution of RUSLE factors to the spatial variance of annual soil loss in the Zarkent massif,
based on multiple regression analysis of log-transformed values.

Factor R2 Contribution (proportion of variance p- Significance
explained) value Level

LS (topography) 0.62 < ek
0.001

C (vegetation cover) 0.24 <0.01 *k

R (precipitation 0.09 <0.05 *

erosivity)

K (soil erodibility) 0.04 0.08 ns

P (support practices) 0.01 0.32 ns

Combined model 0.95 < Kok
0.001

The LS-factor (topography) explains 62% of the spatial variance in annual soil loss, confirming that
terrain morphology is the dominant control on erosion in this mountainous landscape. This finding is
consistent with RUSLE-based studies from other mountainous regions, including Rwanda (Byizigiro et al.,
2020), Peru (Barboza et al., 2024), and the Swiss Alps (Stanchi et al., 2014), where the LS-factor has
similarly been identified as the primary predictor of erosion spatial patterns. The dominance of
topography reflects the fundamental physical relationship between slope gradient, flow accumulation,
and sediment transport capacity in steep terrain (Moore & Burch, 1986).

The C-factor (vegetation cover) is the second most important factor, explaining 24% of erosion variance.
This finding underscores the critical role of vegetation in protecting soil from raindrop impact and
reducing runoff velocity. The high explanatory power of the C-factor indicates that land management
interventions that enhance vegetation cover such as afforestation, cover cropping, and rotational grazing
have substantial potential to reduce erosion, even on steep slopes where topographic risk is high
(Ganasri & Ramesh, 2015; Juliev et al., 2024).

The R-factor (precipitation erosivity) explains 9% of erosion variance, reflecting the strong interannual

variability in erosion driven by wet versus dry years. This factor operates primarily at the temporal scale

(year-to-year differences) rather than the spatial scale; within any given year, the spatial pattern of R-

factor across the district is relatively uniform (varying only with elevation and aspect). Consequently, the
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R-factor is a more important predictor of erosion magnitude in a particular year than of erosion spatial
patterns aggregated across years.

The K-factor (soil erodibility) and P-factor (support practices) explain only 4% and 1% of erosion
variance, respectively, and their coefficients are not statistically significant at the p < 0.05 level. The low
contribution of the K-factor reflects the relatively uniform soil properties across the study area: all
sierozem soils have similar texture, organic matter content, and structure, resulting in limited spatial
variability in erodibility. The low and non-significant contribution of the P-factor reflects the absence of
widespread conservation practices in the district: with most agricultural land under conventional
management (P = 1.0), there is insufficient variation in the P-factor to explain erosion patterns.

The combined five-factor model explains 95% of the spatial variance in annual soil loss (adjusted R? =
0.95, p < 0.001), confirming the excellent performance of RUSLE in this semi-arid mountain environment.
This high explanatory power supports the use of RUSLE for erosion risk assessment and conservation
planning in the Zarkent massif Parkent district.

4 Discussion

4.1 Regional Context: Erosion Rates in the Tien-Shan
Mountain System

The erosion rates observed in the Zarkent massif Parkent district (mean annual soil loss of 10-20
t-ha--yr-' across 41% of the study area, with hotspots exceeding 40 t-ha-"-yr-') must be interpreted
within the broader context of soil erosion across the Tien-Shan mountain system, which extends across
Uzbekistan, Kyrgyzstan, Kazakhstan, and western China. This mountain range plays a critical role in the
hydrology and ecology of Central Asia, and soil degradation within the Tien-Shan has transboundary
implications for water quality, reservoir sedimentation, and downstream agricultural productivity.

A recent study by Zhang et al. (2024) in the Tianshan Mountains (the Chinese portion of the same
mountain system) reported an average soil erosion modulus of 1,690.3 t-km-2-yr-" (equivalent to 16.9
t-ha-"-yr-") using a modified RUSLE approach that incorporated snow cover effects. This value is
remarkably similar to the erosion rates observed in our study (10-20 t-ha-"-yr-' across the majority of
the Parkent district), suggesting that erosion processes operate at comparable intensities across the
Tien-Shan system. Notably, Zhang et al. (2024) found that severe and catastrophic erosion were
concentrated on mountain ridges with higher elevation and in northern areas with higher precipitation a
spatial pattern analogous to the northeast-southwest erosion gradient observed in the Zarkent massif
Parkent district.

The RUSLE model accuracy in the Tianshan Mountains was reported by Zhang et al. (2024) as 61.9% for
the unmodified model, with a mean error of 1,631.9 t-km-2-yr-'. However, after incorporating a modified
formula that accounted for snow cover effects an important factor in alpine environments the model
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accuracy improved to 76.2%, with mean error reduced by 40.3%. This finding is relevant to the Parkent
district, where winter snow cover on north-facing slopes may similarly influence erosion processes,
particularly during spring snowmelt when rapid thawing can generate substantial runoff. Future
applications of RUSLE in the Parkent district should consider incorporating snowmelt erosivity, especially
for north-facing slopes and higher elevations where snow cover persists for two to three months
annually.

Juliev et al. (2024) applied the RUSLE model to the Ugam Chatkal National Park, located in the Tashkent
region approximately 100 km northeast of the Parkent district, and reported average annual soil erosion
rates ranging from 0.00 to 250 t-ha~"-yr-'. The maximum erosion rates in the national park (250
t-ha-'-yr-") are comparable to the peak values observed in the Parkent district during the wet year of
2015 (225 t-ha~"-yr"). Juliev et al. (2024) similarly identified the R and LS factors as having greater
effects on soil erosion than other parameters, consistent with our finding that topography (LS) and
precipitation (R) are the primary controls on erosion magnitude and spatial distribution.

4.2 Comparison with Erosion Rates in Other Semi-Arid
Mountain Regions

Placing the Zarkent massif Parkent district erosion rates in a broader international context reveals both
similarities and differences with other semi-arid mountain regions worldwide (Table 6). This comparison

is essential for understanding whether the observed erosion rates are typical for this environmental
setting or represent an exceptional degradation hotspot requiring urgent intervention.
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Table 6

Comparison of RUSLE-based annual soil loss rates between the Zarkent massif Parkent district and
other semi-arid mountain regions globally.

Region Mean Annual Soil Range Dominant Source
Loss (t-ha='-yr7) (t-ha-'-yr) Control
Zarkent massif Parkent 10-20 (41% of 0-225 LS>C Current
district, Uzbekistan (this area) study
study)
Tianshan Mountains, 16.9 0->50 Topography + Zhang et al.,
China snow cover 2024
Ugam Chatkal NP, 0-250 0-250 R+LS Juliev et al,,
Uzbekistan 2024
Satinskyi Catchment, 38.4 0-120 Slope + land Byizigiro et
Rwanda use al., 2020
Jucusbamba Micro- 23.2 0-152 LS+C Barboza et
watershed, Peru al., 2024
Agewmariayam 27.5 0-96 Slope + cover Girmay et al.,
Watershed, Ethiopia 2020
Swat District, Pakistan 15-30 0-85 LS+ LULC Khan et al.,
2023
Swiss Alps (avalanche 10.9 (DS), 1.9 0-32 LS+K Stanchi et
site) (TA) al., 2014
Nethravathi Basin, India 15.9 0-98 LS+C Ganasri &
Ramesh,
2015
Beshillo Catchment, 19.4 0-126 Slope + cover Yesuph &
Ethiopia Dagnew,
2019

The Zarkent massif Parkent district erosion rates (10-20 t-ha~"-yr-' across most of the area) fall within
the mid-range of values reported for semi-arid mountain regions globally. The district experiences lower
average erosion than the Satinskyi catchment in Rwanda (38.4 t-ha~"-yr-"; Byizigiro et al., 2020) and the
Agewmariayam watershed in Ethiopia (27.5 t-ha="'yr-"; Girmay et al., 2020), but comparable or slightly
higher rates than the Nethravathi basin in India (15.9 t-ha~"-yr-"; Ganasri & Ramesh, 2015) and the
Beshillo catchment in Ethiopia (19.4 t-ha="-yr-"; Yesuph & Dagnew, 2019).

The maximum erosion rates observed in the Zarkent massif Parkent district (225 t-ha-"-yr-) are
exceptionally high, comparable to the most severely eroded sites in Uzbekistan (250 t-ha-"-yr-"; Juliev et
al., 2024) and Peru (152 t-ha-"-yr~'; Barboza et al., 2024). These extreme values occur only in specific
hotspot locations steep, convergent slopes with sparse vegetation during anomalously wet years but
they indicate that the Parkent district contains areas where erosion rates exceed sustainable limits by an
order of magnitude. Such extreme rates, if sustained over multiple years, can lead to complete loss of
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topsoil, exposure of subsoil or parent material, and permanent land degradation that precludes
agricultural use (Pimentel et al., 1995).

4.3 Driving Factors: The Dominant Role of Topography and
Vegetation

The finding that topography (LS-factor) explains 62% of erosion variance (Table 5) aligns with a growing
body of research demonstrating that in mountainous terrain, slope gradient and contributing area are the
primary determinants of erosion spatial patterns. This result is consistent with the geomorphological
principle that sediment transport capacity is proportional to the product of flow velocity (determined by
slope gradient) and flow volume (determined by contributing area) (Moore & Burch, 1986).

A similar pattern was observed in the Swiss Alps by Stanchi et al. (2014), who reported LS-factor values
ranging from 3 to 37 at sampled points, with the highest LS values associated with the most severe
erosion. In that study, average RUSLE-estimated erosion rates ranged from 1.9 to 10.9 t-ha="-yr"
depending on slope position and land cover, with the highest erosion occurring on steep, unvegetated
slopes with large upslope contributing areas exactly the topographic settings that produce high LS
values in our study.

The second-order importance of vegetation cover (C-factor, explaining 24% of erosion variance)
suggests that land management interventions that increase and maintain vegetation cover have
substantial potential to reduce erosion, even on steep slopes. This finding is supported by research from
the northern slope of the Tianshan Mountains, where Zhang et al. (2024) found that vegetation was a key
factor driving soil erosion change in central counties, while precipitation dominated in eastern and
western counties. Importantly, Zhang et al. (2024) demonstrated that the relative importance of
precipitation versus vegetation as erosion drivers varies spatially across the mountain range, suggesting
that conservation strategies should be tailored to the specific environmental conditions of each sub-
region.

The limited contribution of soil erodibility (K-factor) to erosion variance (4%, not statistically significant)
reflects the relatively uniform soil properties across the Zarkent massif Parkent district. All soils in the
study area are classified as sierozems, with similar texture, organic matter content, and structure
(Bobomurodov et al., 2023; Juliev et al., 2022). While K-factor values do vary somewhat with slope
position and land use history (Table 2), the range of variation (0.31-0.36) is modest compared to the
orders-of-magnitude variation in LS and C factors across the landscape. Consequently, erosion risk
mapping and conservation prioritization in the Parkent district should focus primarily on topographic and
vegetation factors, rather than on soil property variations.

4.4 Implications for Soil Conservation and Land
Management
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The spatial stability of erosion risk patterns across years meaning that the same areas are consistently
erosion-prone regardless of interannual precipitation variability has important implications for
conservation planning. Because erosion hotspots identified from 10-year average maps reliably indicate
where erosion will occur in future wet years, conservation interventions can be targeted to these high-
risk zones with confidence that they will yield benefits over decadal timescales. This stability justifies
investment in permanent conservation infrastructure (e.g., terraces, check dams, reforestation) in
identified hotspot areas.

Based on the erosion risk map and factor contribution analysis, we recommend spatially targeted
conservation interventions for the Zarkent massif Parkent district. For extremely high erosion zones
exceeding 40 t-ha-"-yr-' (68.84 ha), which are concentrated on steep slopes (> 15°) in the northeastern
part of the district, immediate and intensive intervention is required. Recommended measures include
construction of stone-faced bench terraces to reduce effective slope length and gradient; establishment
of permanent vegetative cover using deep-rooted shrubs and grasses (e.g., Artemisia spp., Agropyron
cristatum) that provide year-round soil protection; and installation of small check dams in concentrated
flow channels to reduce flow velocity and trap sediment. Agricultural use should be discontinued on the
steepest of these zones, with conversion to permanent grassland or woodland.

For very high erosion zones (20-40 t-ha="-yr-", 545.23 ha), significant conservation intervention is
required, but these areas may remain suitable for carefully managed rainfed agriculture. Recommended
measures include contour farming with crop strips aligned perpendicular to the dominant slope
direction; establishment of grassed waterways in drainage lines to convey runoff safely; increased crop
residue retention (no burning or removal) to maintain soil cover; and introduction of cover crops during
fallow periods. Terracing may be economically justified on the steeper portions of this zone.

For high erosion zones (10-20 t-ha-"-yr~", 1,228.77 ha), which constitute the majority of the district and
represent the primary opportunity for erosion reduction through improved land management,
recommended measures include adoption of reduced tillage or no-till practices to maintain soil structure
and surface residue; diversification of crop rotations to include soil-building legumes and forages;
maintenance of vegetative buffer strips along field margins and drainage lines; and managed rotational
grazing to prevent overgrazing and maintain grass cover on pasture lands.

For moderate erosion zones (5-10 t-ha~"-yr-', 993.42 ha), maintenance of existing good practices and
incremental improvements are recommended. These include annual monitoring of erosion indicators
(rills, pedestals, sediment deposits); maintenance of terraces and drainage structures; continued
application of cover cropping and residue retention; and protection of riparian zones and wetland areas.

In addition to these spatially targeted interventions, several district-wide measures are recommended.
These include preventing deforestation and illegal logging on steep slopes, as forest removal
dramatically increases C-factor values and accelerates erosion; constructing small check dams and
retention structures in ephemeral streams to reduce peak flows and trap sediment; expanding meadow
areas on steep slopes through planting of native grasses, providing permanent protective cover;
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implementing rainwater harvesting systems (e.g., contour bunds, micro-catchments) for rainfed
agriculture to retain water and reduce runoff volumes; and strengthening agricultural extension services
to disseminate knowledge of erosion risks and conservation techniques to farmers.

Recent research from the Tashkent region by Kholmurodova et al. (2025) provides strong evidence that
improved agricultural practices can substantially reduce irrigation-induced erosion on sloping lands. In a
field experiment conducted on meadow-sierozem soils with slope gradients of 1.5-3.5°, zig-zag furrow
irrigation reduced soil loss by four to five times compared to conventional straight furrow irrigation, while
simultaneously reducing irrigation water use by 15-20% and increasing cotton yield by 0.32-0.43 t-ha™"
(Kholmurodova et al., 2025). Although that study focused on irrigated rather than rainfed systems, the
principle that modifying flow paths to reduce flow velocity and increase infiltration is equally applicable
to rainfed conditions through contour tillage, terracing, and vegetative barriers.

4.5 Model Limitations and Uncertainties

Several important limitations of this study should be acknowledged and addressed in future research.
First, this study lacks field validation of RUSLE model outputs. RUSLE-estimated erosion rates were not
compared against measured sediment yield data from stream gauging stations, erosion pin
measurements, or fallout radionuclide tracers such as cesium-137. Validation is essential for assessing
model accuracy and calibrating factor relationships to local conditions (Benavidez et al., 2018; Stanchi et
al.,, 2014). As noted by Zhang et al. (2024) in the Tianshan Mountains, the unmodified RUSLE model had
an accuracy of only 61.9% compared to measured erosion rates, with substantial systematic bias. While
we have no reason to suspect that RUSLE performance is worse in the Zarkent massif than elsewhere,
validation is necessary to quantify uncertainty and guide interpretation of results. Future research should
establish erosion monitoring plots with erosion pins or sediment traps across the range of slope, land
cover, and soil conditions represented in the district.

Second, RUSLE estimates sheet and rill erosion but explicitly excludes gully erosion and mass wasting
processes (Renard et al., 1997). Gully erosion is common in the Zarkent massif Parkent district,
particularly in areas of concentrated flow on steep slopes and along unpaved roads. Gully erosion can
contribute substantially to total sediment yield in mountainous regions, sometimes exceeding sheet
erosion by an order of magnitude (Poesen et al., 2003). Future research should incorporate gully
mapping and gully erosion modeling to provide a more complete assessment of total sediment loss
from the district.

Third, the K-factor values presented in this study are based on a combination of OpenLandMap data and
field sampling from three profiles. While this approach improves upon entirely unvalidated assumptions,
the small number of field samples (three profiles, representing a total of 14 depth intervals) may not
capture the full spatial variability of soil properties across the 2,964-hectare study area. Future research
should expand field sampling to at least 30 locations stratified by slope position, land use, and erosion
status to enable robust statistical characterization of K-factor spatial variation.
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Fourth, this study did not incorporate snowmelt erosivity, which may be an important factor on north-
facing slopes and at higher elevations in the Parkent district. The Tianshan Mountains experience
substantial winter snowfall, and spring snowmelt can generate runoff comparable in magnitude to
rainfall events (Zhang et al., 2024). The modified RUSLE approach developed by Zhang et al. (2024) for
the Tianshan Mountains, which incorporated a double-coefficient correction for snow cover effects,
reduced mean prediction error by 40.3% compared to the unmodified model. Future applications of
RUSLE in the Parkent district should consider similar modifications to account for snowmelt erosivity,
particularly for north-facing slopes and elevations above 1,000 m where snow cover persists.

Fifth, the P-factor assigned in this study is based on 2020 LULC data and field verification but assumes
that conservation practices are static over time. In reality, farmers may modify practices from year to
year based on economic conditions, labor availability, and agricultural extension advice. The P-factor
may also vary seasonally if fields are tilled after harvest, temporarily reducing surface protection. Future
research should incorporate multi-year monitoring of conservation practices to characterize the temporal
dynamics of the P-factor.

Sixth, the spatial resolution mismatch between input datasets particularly the coarse CHIRPS
precipitation data (~ 5 km) compared to the 30-m resolution of other layers—may smooth local rainfall
variability and introduce error in R-factor estimates for specific hillslopes. While this is unlikely to affect
the overall spatial pattern of erosion risk (which is dominated by LS and C factors), it may lead to
underestimation of the R-factor in localized convective storm cells that produce intense rainfall over
small areas. Future research should utilize higher-resolution precipitation products (e.g., IMERG, 0.1°
resolution) or, ideally, data from a dense network of rain gauges within the district.

4.6 Recommendations for Mountain area of Uzbekistan

The findings of this study have direct relevance for soil conservation policy in Uzbekistan, particularly in
light of recent government initiatives to address land degradation. The National Committee on Ecology
and Climate Change of the Republic of Uzbekistan has been actively promoting training seminars on soil
erosion assessment using the RUSLE model in collaboration with ICARDA and the US Forest Service
(National Committee on Ecology and Climate Change of Uzbekistan, 2025). This institutional support for
RUSLE-based erosion assessment creates an opportunity to translate the findings of academic studies
like the present one into practical conservation programs.

We recommend that the farmers of Uzbekistan and the Tashkent regional administration consider
several policy actions based on the results of this study. First, RUSLE-based erosion risk mapping should
be integrated into agricultural land use planning processes, as the erosion risk maps produced in this
study-and similar maps that could be produced for other districts provide a scientific basis for zoning
agricultural land by erosion susceptibility, thereby guiding decisions about which areas are suitable for
continued cultivation and which should be converted to permanent vegetation. Second, a targeted
subsidy program for conservation practice adoption should be established in high and very high erosion
zones, with the 1,774 hectares of land experiencing erosion exceeding 10 t-ha="-yr-* (as shown in
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Table 3) prioritized for financial and technical support for terracing, contour farming, cover cropping, and
residue retention; the cost of these interventions should be carefully weighed against the long-term cost
of soil loss and productivity decline. Third, agricultural extension services focused on erosion prevention
should be strengthened, with extension agents trained in RUSLE-based erosion risk assessment and
equipped with simple, low-cost tools such as slope meters, erosion pins, and soil texture kits to help
farmers assess erosion risk on their own land and select appropriate conservation practices. Fourth,
further research on erosion processes in Uzbekistan's mountainous regions should be supported,
including field validation of RUSLE, gully erosion mapping, snowmelt erosivity assessment, and
monitoring of conservation practice effectiveness, with such research conducted in collaboration with
the Tashkent State Agrarian University and the Research Institute of Soil Science and Agrochemistry.

5 Conclusions

This study applied the Revised Universal Soil Loss Equation (RUSLE) model integrated with Geographic
Information Systems and remote sensing to estimate annual soil loss in the Zarkent massif Parkent
district of Uzbekistan over the period 2015 to 2024. The analysis leads to several important conclusions
regarding the magnitude, spatial distribution, and controlling factors of soil erosion in this semi-arid
mountainous region.

First, the Zarkent massif Parkent district experiences significant soil erosion that substantially exceeds
sustainable limits for sierozem soils. The majority of the study area, comprising 41.4 percent or 1,228.77
hectares, falls into the high erosion severity class with annual soil loss ranging from 10 to 20 t-ha="-yr".
Extremely high erosion exceeding 40 t-ha="-yr-" affects 68.84 hectares, representing 2.3 percent of the
study area. The peak erosion rate reached 225 t-ha="-yr-" during the anomalously wet year of 2015, when
annual precipitation was 645 mm, approximately 26 percent above the long-term mean. These erosion
rates consistently exceed the maximum tolerable soil loss limits established for sierozem soils, which
typically range from 5 to 10 t-ha="-yr™", thereby indicating progressive degradation of soil resources
across the district. The spatial concentration of extreme erosion in localized hotspots, rather than
uniform distribution across the landscape, suggests that targeted interventions in these high-risk zones
could yield substantial reductions in total sediment loss. The spatial distribution shows that the majority
of annual soil loss falls within the 0—5 t-ha~"-yr=" category across most of the landscape, with extreme
erosion concentrated in localized hotspots (Byizigiro et al., 2020). The NDVI-derived C-factor highlights
vegetation's role in reducing erosion, and the thematic maps from RUSLE are recommended for
implementing soil protection measures and optimizing crop placement on rainfed lands (Barboza et al.,
2024; Abdul Rahaman et al., 2015).

Second, topography represented by the LS-factor emerges as the dominant control on erosion spatial
patterns, explaining 62 percent of the variance in annual soil loss. Vegetation cover represented by the C-
factor constitutes the second most important factor, explaining 24 percent of the variance. The
combined five-factor RUSLE model explains 95 percent of the spatial variance in annual soil loss,
confirming the excellent performance of this empirical approach in the semi-arid mountain environment

Page 22/35



of the Zarkent massif. These findings have direct implications for conservation planning: erosion risk is
concentrated on steep, convergent slopes where flow accumulation and flow velocity are maximized,
and land management interventions that enhance and maintain vegetation cover have substantial
potential to reduce erosion even on high-risk topography. Conversely, soil erodibility (K-factor) and
support practices (P-factor) explained only 4 percent and 1 percent of erosion variance respectively, and
their coefficients were not statistically significant, reflecting the relatively uniform soil properties across
the study area and the absence of widespread conservation practices.

Third, erosion risk patterns exhibit strong spatial stability across years, meaning that the same zones
consistently emerge as erosion-prone in both wet and dry years despite substantial interannual
variability in the magnitude of erosion. While the peak erosion rate in the wet year of 2015 (225
t-ha--yr-") was nearly an order of magnitude higher than the minimum erosion rate observed in the dry
year of 2021 (median erosion approximately 8 t-ha="-yr-"), the spatial ranking of erosion risk across the
landscape remained remarkably consistent. This stability has important implications for conservation
investment: permanent conservation infrastructure such as terraces, check dams, and reforestation
projects, when sited in identified hotspot areas based on long-term average erosion maps, will yield
benefits over decadal timescales regardless of interannual precipitation variability. The erosion-prone
zones have not undergone significant changes over time their location is stable, meaning that soil losses
of more than 40 t-ha="-yr" continued in the steep terrain parts of the territory throughout 2015-2024,
while in the lowlands they remained at a negligible level.

Fourth, the erosion rates observed in the Zarkent massif fall within the mid-range of values reported for
semi-arid mountain regions globally and are comparable to rates observed elsewhere in the Tien-Shan
mountain system. The mean annual soil loss of 10 to 20 t-ha="-yr~" across most of the study area is
similar to values reported for the Nethravathi Basin in India (15.9 t-ha="-yr-"; Ganasri & Ramesh, 2015),
the Beshillo Catchment in Ethiopia (19.4 t-ha="-yr-"; Yesuph & Dagnew, 2019), and the Tianshan
Mountains in China (16.9 t-ha="-yr-'; Zhang et al., 2024). However, the extreme peak erosion rates of 225
t-ha"-yr-' observed in the Zarkent massif during 2015 indicate the presence of localized degradation
hotspots that require urgent intervention. These extreme rates, while confined to a small proportion of
the landscape (2.3 percent of the study area), have disproportionate effects on total sediment yield and
represent sites where soil resources are being lost at rates that could lead to complete topsoil removal
within a matter of years rather than decades.

Fifth, several important limitations of this study must be acknowledged and addressed in future research
to improve the accuracy and applicability of RUSLE-based erosion assessment in the Zarkent massif.
The most critical limitation is the absence of field validation: RUSLE-estimated erosion rates were not
compared against measured sediment yield data from stream gauging stations, erosion pin
measurements, or fallout radionuclide tracers such as cesium-137. Validation through establishment of
erosion pin networks and cesium-137 tracing should be the highest priority for future research in the
district. Additional limitations include the exclusion of gully erosion, which can contribute substantially
to total sediment yield in mountainous regions and is not captured by the RUSLE framework; the limited
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K-factor sampling based on only three soil profiles, which may not capture the full spatial variability of
soil properties across the 2,964-hectare study area; the omission of snowmelt erosivity, which may be an
important factor on north-facing slopes and at elevations above 1,000 meters where snow cover persists
for two to three months annually; spatial resolution mismatches between input datasets, particularly the
coarse CHIRPS precipitation data at approximately 5-kilometer resolution compared to the 30-meter
resolution of other layers; and the static P-factor assumption that conservation practices do not vary
interannually.

The erosion risk maps and factor contribution analysis presented in this study provide critical data for
sustainable soil management and crop placement in the Zarkent massif Parkent district. By identifying
erosion-prone zones at 30-meter spatial resolution and quantifying the relative importance of different
erosion factors through variance decomposition analysis, this study enables targeted, cost-effective
conservation interventions that address the primary causes of erosion in each landscape position. For
extremely high erosion zones exceeding 40 t-ha~"-yr-, immediate and intensive intervention including
terracing, permanent vegetative cover, and check dams is recommended, with agricultural use
discontinued on the steepest slopes. For very high erosion zones of 20 to 40 t-ha="-yr=?, contour farming,
grassed waterways, residue retention, and cover cropping are recommended. For high erosion zones of
10 to 20 t-ha="-yr', which constitute the majority of the district, reduced tillage, diversified crop rotations,
vegetative buffer strips, and managed rotational grazing are recommended. With appropriate
conservation investments implemented systematically across the landscape according to the erosion
risk zones identified in this study, it is possible to reduce erosion rates to sustainable levels, preserve soil
resources for future generations, and maintain the agricultural productivity upon which the region's rural
communities depend.
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Figure 1

Location of the study area in the Tashkent region, Uzbekistan, showing the Parkent district boundaries,
elevation gradient (500-1,200 m above sea level), and major geographical features. The map includes a
scale bar, north arrow, and coordinate grid (UTM zone 42N, WGS84).
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Figure 2

Spatial distribution of rainfall erosivity (R-factor) in the Zarkent massif Parkent district, averaged over the
period 2015-2024. Higher values (darker shades) in the northeastern portion of the study area reflect
greater orographic precipitation on windward slopes.
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Figure 3

K-factor soil erosion map of the Zarkent massif in the Parkent district.
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Figure 4

LS-factor map of the Zarkent massif Parkent district, showing the spatial distribution of slope length and
steepness effects on erosion potential. Darker shades indicate higher LS values and greater topographic
control on erosion. The concentration of high LS values (red tones) in the northeastern mountainous
areas is evident.
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Figure 5

Mean cover management (C-factor) map for the Zarkent massif Parkent district, 2015-2024, derived
from Landsat 8 NDVI time series. Darker shades indicate higher C-values and lower vegetation
protection. The highest erosion risk from cover management occurs in cultivated areas (yellow to red

tones) in the central and western portions of the district.
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Figure 6

Support practice (P-factor) map of the Zarkent massif Parkent district, derived from GlobeLand30 LULC
data and field verification. Areas with terracing (P=0.25, dark green) are concentrated in small patches
on moderate slopes; the majority of the district has P=0.90-1.00 (yellow to red), indicating minimal
conservation interventions.
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Figure 7

Erosion risk map of the Zarkent massif Parkent district Uzbekistan, derived from RUSLE analysis over the
period 2015-2024. The map illustrates erosion risk zones classified into six degrees: very low (<1
t-ha--yr-"), low (1-5 t-ha="-yr-"), medium (5-10 t-ha-"-yr-"), high (10-20 t-ha-"-yr-"), very high (20-40
t-ha-"-yr-"), and extremely high (>40 t-ha-"-yr-"). Highly eroded soils exceeding 40 t-ha-'-yr-" cover 68.84
hectares as detailed in Table 3. The map is based on Landsat 8 OLI/TIRS remote sensing data and GIS
processing (USGS, 2024).
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Figure 8

Average amount of eroded soil from 2014-2024
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