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Abstract: Soil erosion poses a significant environmental challenge, particularly in ravine-affected areas where high-intensity rainfall can cause
substantial soil loss, leading to declining soil fertility and the conversion of productive agricultural land into wasteland. This study estimates soil
erosion rates in a severely ravine-affected area along the Yamuna River and examines temporal changes in erosion rates. The Revised
Universal Soil Loss Equation (RUSLE) model was applied using various soil erosion parameters within the ArcGIS 10.5 platform. Multiple
datasets, including rainfall and soil data, digital elevation models, and satellite imagery from Landsat to Sentinel-2, were used to derive the
parameters required for soil erosion estimation. Soil erosion rates were assessed for six years: 1974, 1994, 2000, 2010, 2016, and 2020. The
results indicated that soil erosion was highest in 1974 and lowest in 2020. Overall, soil erosion rates declined over the study period, except in
2000, when a slight increase was observed, possibly due to inadequate agricultural practices on levelled ravine lands. Ravine-land levelling
emerged as an effective measure for reducing erosion; however, its long-term sustainability remains a major concern. Ravine and gully areas
along the banks of the Yamuna River consistently exhibited relatively high soil erosion rates, although erosion rates varied over time. The results
further indicated that increased vegetation cover was associated with reduced soil erosion rates in highly dissected ravine-affected areas. These
findings may assist policymakers and local agricultural communities in developing more effective strategies for sustainable ravine-land
management.
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1.0 Introduction

Soil is a complex natural resource composed of mineral, organic, water, and air components that interact to support terrestrial
ecosystems. However, soil formation is a slow environmental process that requires considerable time, whereas soil erosion can occur at
substantially higher rates (Lal, 2003; Montgomery, 2007). Accelerated soil erosion is a major environmental concern because it threatens land
productivity, water quality, and ecosystem stability (Eslamian, 2014; FAO & ITPS, 2015; Huffman et al., 2013; Pimentel et al., 1995). Soil erosion
is a physical process involving the detachment and downslope transport of soil particles driven by natural and anthropogenic factors (Nearing
et al.,, 2017). Large quantities of soil are lost annually through various natural processes and human activities, resulting in widespread
environmental degradation at the global scale (Borrelli et al., 2017; Huffman et al., 2013; Pak et al., 2008). In many landscapes, erosion rates
exceed natural soil formation rates, thereby accelerating land degradation (Boardman, 2014). Ravine-affected areas represent particularly
vulnerable landscapes because of their fragile and highly dissected topography (Manivannan et al., 2017) and susceptibility to severe erosion
(Pani, 2016, 2018; Pani & Mohapatra, 2011; Sharma, 1982). The resulting loss of soil nutrients and fertility reduces land productivity and can
ultimately transform productive agricultural land into wasteland, posing challenges to sustainable development and human well-being (Pani,
2018; Pani et al., 2022).

Soil erosion affects landscapes worldwide, with particularly severe impacts reported in many developing regions. According to the
Global Assessment of Human-Induced Soil Degradation (GLASOD), approximately 1.96 billion hectares worldwide are affected by human-
induced soil degradation (Borrelli et al., 2017; Oldeman, 2000; Sonderegger & Stephan, 2021). Of this area, approximately 1,094 million
hectares are affected by water erosion, 548 million hectares by wind erosion, 240 million hectares by chemical degradation, and 83 million
hectares by physical degradation (Oldeman, 2000). In India, soil erosion is particularly severe in several regions, especially during the monsoon
season. Narayana and Babu (1983) estimated that approximately 5,334 million tonnes of soil are detached annually in India, of which
approximately 2,052 million tonnes are transported as sediment yield. The Indian Institute of Remote Sensing has also estimated that
approximately 147 million hectares of land in India are affected by soil erosion (Gupta, 2015). The widespread occurrence of soil erosion not
only affects environmental quality but also has substantial implications for human well-being and land productivity (Ebrahimzadeh et al., 2018).
Therefore, accurate estimation and spatial characterisation of soil erosion are essential for understanding its impacts and supporting effective
land management.

Various approaches have been developed to assess soil erosion, ranging from field-based measurements to remote sensing and
modelling techniques. Traditionally, soil erosion studies have relied on field-based measurements, which, although time-consuming and labour-
intensive, provide essential ground-truth information for validating other assessment approaches. Advances in remote sensing and Geographic
Information Systems (GIS) have subsequently enabled more efficient quantitative assessments and spatially explicit analysis across large areas
(de Vente & Poesen, 2005; Morgan et al., 1998; Renschler & Harbor, 2002; Vrieling, 2006; Woodward, 1999). Remote sensing provides spatially
extensive observations that can be acquired repeatedly over large areas, supporting the monitoring of land-surface conditions and changes
over time (Vrieling, 2006). The integration of satellite imagery with GIS-based analysis has therefore facilitated the spatial assessment of soil
erosion and its controlling factors. Based on these advances, numerous soil erosion models have been developed and are broadly classified
into physical, conceptual, and empirical approaches (Eslamian, 2014). The Revised Universal Soil Loss Equation (RUSLE) is one of the most
widely applied empirical models for estimating soil loss because of its relative simplicity, flexibility, and applicability across diverse environmental
conditions (Ebrahimzadeh et al., 2018; Grauso et al., 2015; Renard et al., 1997). The RUSLE model has been applied across a range of
landscapes, including plateaus, mountainous regions, forests, and badlands (Chuenchum et al., 2020; Kabanza et al., 2013; Pal, 2016; Rejani
et al., 2016; Smith, 1999; van Rompaey et al., 2002), indicating its potential applicability to the rugged and highly dissected ravine landscapes
of the Yamuna River basin.

Despite extensive research on soil erosion, important knowledge gaps remain regarding its long-term temporal variability, particularly
in ravine landscapes. Previous studies have predominantly focused on short-term assessments or individual time periods, limiting understanding
of long-term erosion trajectories. Moreover, soil erosion research has largely concentrated on agricultural lands, forests, river basins, and
mountainous regions, while highly eroded ravine landscapes have received comparatively less attention. Although land-management
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interventions such as land levelling have been implemented to reduce erosion and facilitate agricultural reclamation, their long-term
effectiveness and potential environmental consequences remain insufficiently understood. The role of vegetation cover in controlling erosion
within highly incised ravine terrain also remains relatively understudied. Addressing these gaps, this study estimates historical soil erosion rates
in the Yamuna River ravine system and examines their long-term temporal patterns and potential drivers. Specifically, this study aims to: (1)
estimate soil erosion rates in severely ravine-affected areas; (2) analyse temporal changes in soil erosion from 1974 to 2020; and (3) assess
the influence of land-use changes, particularly land levelling and vegetation cover, on erosion dynamics. By integrating RUSLE modelling with
GIS and multi-temporal remote sensing datasets, this study provides a comprehensive assessment of long-term soil erosion dynamics and the
potential influence of land-management and vegetation changes. The findings provide a scientific basis for understanding erosion dynamics
and supporting more effective and sustainable soil and ravine-land management in erosion-prone regions.

2.0 Study Area

The research focuses on ravine-affected areas in selected districts of Uttar Pradesh along the Yamuna River. The Yamuna-Chambal
ravine system is recognised as one of the most severely eroded ravine zones in India, extending across three major states: Uttar Pradesh,
Madhya Pradesh, and Rajasthan. Each year, extensive areas of agricultural land within these ravine regions are transformed into wasteland as
a result of severe soil erosion, thereby affecting the sustainable development of the region (Pani, 2016; Pani et al., 2022). The present study
focuses on the ravine zone along the Yamuna River, covering parts of the Uttar Pradesh districts of Agra, Firozabad, Etawah, and Auraiya.
Geographically, the study area extends from 26°2925" N to 27°18'34" N latitude and 78°03'39" E to 79°20'05" E longitude. Physiographically,
the region is characterised by generally flat to gently undulating topography (Figure 1). However, the specific ravine-affected terrain selected
for this study is more rugged, with elevations ranging from 26 to 136 m. The study area falls within a semi-arid climatic zone. The region is
densely populated, and the local population is largely dependent on subsistence agriculture for its livelihood.
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Figure 1: Location of the study area

3.0 Materials and Methodology
3.1 Datasets

A variety of quantitative datasets were used to derive and calculate the parameters required for the soil loss equation model. These
datasets included rainfall data, a digital elevation model (DEM), soil texture data, and satellite imagery ranging from the Landsat series to the
Sentinel-2 series. The selected years (1974, 1994, 2000, 2010, 2016, and 2020) were primarily determined by the availability of suitable satellite
imagery covering the study area for land-cover mapping. Images with minimal cloud cover were selected to minimise cloud contamination within
the study area. The 1974 Landsat MSS image was obtained as a Level-1 product, whereas the 1994, 2000, and 2010 Landsat images were
obtained as Collection 2 Level-2 products. The 2016 and 2020 Sentinel-2 images were obtained as Level-2A products. As the Collection 2
Level-2 Landsat products and Sentinel-2 Level-2A products had already undergone atmospheric correction and geometric processing by the
data providers, no additional preprocessing was performed before the analysis. A comprehensive list of the datasets used in this study is
provided in Table 1.

© Pusat Pengajian llmu Kemanusiaan, Universiti Sains Malaysia, 2026. This work is licensed under a Creative Commons Attribution 4.0
International (CC By 4.0) (http://creativecommons.org/licenses/by/4.0/).



https://doi.org/10.36777/jag2026.5.2.1
http://creativecommons.org/licenses/by/4.0/

rSlay
o F s g,

Journal of Asian Geography, 2026, Volume 5 (Issue 2), 1-17
https://doi.org/10.36777/jag2026.5.2.1

Table 1: Dataset used in soil erosion estimation

Soil Erosion Estimation Types of Datasets Source Years Spatial

Parameters Resolution

Topographic Elevation Cartosat DEM Bhuvan Data Portal 2015 30 m

Rainfall Variation IMD Monthly Rainfall India- Water Resource Information System 1964 - Daily data
Data (WRIS) 2020

Soil Textural Information Soil Texture Map FAO Digital Soil Map 1974 - 1:5,000,000

2020

Land Use Land Cover Landsat 1 USGS Earth Explorer April 1974 80 m
Landsat 5 USGS Earth Explorer April 1994 30 m
Landsat 5 USGS Earth Explorer April 2000 30 m
Landsat 5 USGS Earth Explorer April 2010  30m
Sentinel-2A Copernicus Open Access Hub April 2016 10 m
Sentinel-2B Copernicus Open Access Hub April 2020 10m

Conservation Support Numeric Data 0-1 Reference studies - -

3.2 Methodology
The Revised Universal Soil Loss Equation (RUSLE) model was employed to estimate soil erosion in the ravine-affected areas along
the banks of the Yamuna River. The RUSLE model can be expressed as follows:

A=RXKXLXSXCXP

where A represents the annual soil loss (t ha™ year™), R represents rainfall-runoff erosivity, K represents soil erodibility, L represents the slope
length factor, S represents the slope steepness factor, C represents the cover-management factor, and P represents the support-practice factor.

To run the RUSLE model, each parameter was derived from different datasets and calculated separately. All the raster layers (ranging
from 10 to 80 m resolution) were resampled to a common 30 m spatial resolution using bilinear interpolation. The resulting layers were then
multiplied using the Raster Calculation tool in ArcGIS 10.5.

3.2.1 Rainfall-Runoff Erosivity (R-factor)

Rainfall-runoff erosivity (R-factor) is a critical parameter in soil erosion modelling, as rainfall directly and indirectly affects soil erosion.
High-intensity rainfall over long durations can result in significant soil erosion through surface runoff (Woodroffe & Jones, 2003). This rainfall-
runoff relationship is quantified as the R-factor in soil erosion models (Lane et al., 1992; Wischmeier & Smith, 1978). Calculating the R-factor
enables an understanding of the dynamics of surface runoff during rainfall events.

The R-factor can be calculated by multiplying the 30-minute interval rainfall intensity with the kinetic energy of the storm (Miheretu &
Yimer, 2018). However, in the absence of rainfall intensity and storm kinetic energy for the study area, an empirical equation is employed to
estimate the R-factor. Singh et al. (1981) formulated equations for estimating the R-factor under Indian conditions, incorporating both seasonal
and annual rainfall variations, as shown in Eq. 1 and Eq. 2 (Vinay & Mahalingam, 2015).

R =50+ 0.389 x ASR(Average Seasonal Rainfall) (1)
R =79+ 0.363 x AAR(Average Annual Rainfall) (2)

A total of 56 years of IMD gridded monthly rainfall data were collected from the WRIS (Water Resource Information System) platform
within the study area. Monthly rainfall data were categorized into six intervals: year 1964-1974, 1984-1994, 1990-2000, 2000-2010, 2006-2016,
and 2010-2020, representing different time frames for analyzing soil erosion rates over distinct periods (Fig. 2). To calculate the R-factor for
each study year, the annual average rainfall equation (Eq. 2), was utilized. Following Singh et al. (1981), the R-factor was expressed in metric
erosivity units (MJ mm ha™" h™ year™).

322 Soil Erodibility (K-factor)

Soil erodibility, represented by the K-factor in the RUSLE model, refers to the susceptibility of surface topsoil to detachment by
external forces (Renard et al., 1997). The K-factor is closely related to soil properties and is quantified numerically in the RUSLE model, with
values typically ranging between 0 and 1 (Lane et al., 1992; Renard et al., 1997; Wischmeier & Smith, 1978). Higher values indicate a greater
likelihood of soil erosion, while lower values suggest reduced susceptibility. According to the USLE equation, the value of the K-factor is usually
taken from Wischmeier's Nomograph based on soil texture. Alternatively, it can be calculated using an empirical equation (Tosic et al., 2011).
In the present study, the empirical equation formulated by Renard et al. (1997) was used to calculate the soil K-factor using Eq. 3:

_ 21x107%(12-04) M1*+3.25 (S,—2)+2.5 (Pp—3)
- 100

K @)

where K represents the soil erodibility, M represents the percentage of soil component (% sand, %silt, %clay), Og is the soil organic matter,
Sr represents the structure codes of soil, which ranges from 1 to 4 (Table 2.1), and Pb represents the soil permeability code, ranges from 1 to
6 (Table 2.2).

The value of M is calculated as follows: M = (% sand + % silt)x (100 — % clay).
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Table 2.1: Soil-structure codes adopted from Schwab et al. (1992), as cited in Chatterjee et al. (2014)

Structure Code Soil structure Soil particle diameter (in mm)
1 Very-fine-granular Less than 1
2 Fine-granular 1-2
3 Mod-coarse granular 2-10
4 Blocky, platy, massive More than 10

Table 2.2: Soil-permeability codes adopted from Schwab et al. (1992), as cited in Chatterjee et al. (2014)

Permeability Code Permeability condition Rate of permeability (in mm)
1 Rapid More than 130
2 Mod-rapid 60-130
3 Moderate 20-60
4 Slow-moderate 5-20
5 Slow 1-5
6 Very slow Less than 1

3.2.3 Topographic Length and Steepness of Slope (LS-factor)

Topographic length and slope steepness are represented by the LS-factor. Longer slope length and steeper slopes particularly when
unobstructed by any conservation measure, increase runoff velocity, resulting in the transportation of a greater amount of sediment material
(Wischmeier & Smith, 1978). Accurate value of the LS-factor helps to obtain a better estimation of soil erosion rates. Different authors have
applied different methods to calculate the LS-factor in their respective studies, but there is still a lack of clarity regarding proper methodology
and equations. Therefore, the study used a detailed methodology to calculate the LS-factor by applying the modified USLE equation proposed
by Renard et al. (1997). This equation is particularly useful in areas related to highly dissected steep topography, barren land, and forest land
(Chadli, 2016; Desmet & Govers, 1996). The equations for calculating the LS-factor in the study area are expressed as follows: Egs. 4.1 - 4.4.

Sin(slope x0.01745)/0.0896

a= (4.1)

3x(sin(slopex 0.01745), 0.8) + 0.56

o

= 4.2)
L= power((F]owAcc+900),(B+1))—power (FlowAcc,(B+1)) (4 3)
- power (30,(B+2))xpower(22.13,) )

s - {10.8 x sin(slope X 0.01745) + 0.03, iftan (slope x 0.01745) < 0.09 4.4)
~ | 16.8 x sin(slope x 0.01745) — 0.5, iftan (slope x 0.01745) > 0.09 ’

where Slope = terrain slope in degrees, derived from the 30 m Cartosat DEM. FlowAcc = flow accumulation (number of contributing cells),
computed from the sink-filled DEM using ArcGIS Flow Accumulation tool. 900 represents the constant for slope-length adjustment in grid-based
calculations (Desmet & Govers, 1996), 30 represents the grid-cell size (m), corresponding to the DEM spatial resolution, and 22.13 represents
the length of the standard USLE plot (m).

The LS-factor of the study area was calculated by multiplying the values of L and S using the raster calculation tool in ArcGIS (LS =
L x S).

3.24 Surface Cover Management (C-factor)

Surface cover management factor (C) in the RUSLE model quantifies how land use and vegetation management practices impact
soil erosion rates (Renard et al., 1997). It represents the ratio of soil loss from clean tilled land to soil loss from agricultural cropland (Wischmeier
& Smith, 1978). This vegetation cover management factor in the RUSLE model is expressed as a numerical value ranging from O to 1, where a
value closer to 1 indicates the barren land, wasteland, or water bodies, while a value near O denotes dense vegetation cover (Lakkad &
Shrivastava, 2016).

Most previous studies followed a traditional approach, in which C-factor values were often taken from the available literature. However,
several other studies calculated the C-factor using the Normalized Difference Vegetation Index (NDVI; defined in Eq. 5) and an empirical
equation.

Various equations have been developed for calculating the C-factor using the NDVI method. Van der Knijff (2000) formulated one
such equation (Eq. 6), for calculating the C-factor. Similarly, Durigon et al. (2014) proposed another method for calculating the C-factor (Eq. 7)
(Colman, 2018).

NDVI = (NIR — RED)/(NIR + RED) (5)
T o
Durigon,2014 Cf = 1.0 (%) )
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Both Van der Knijff's (2000) and Durigon et al.’s (2014) equations have been widely used for calculating the C-factor worldwide.
However, Van der Knijff's (2000) equation is more suitable for temperate climatic conditions, while Durigon et al.’s (2014) equation is more
applicable in tropical climates under intensive rainfall (Almagro et al., 2019). Later on, Colman (2018) slightly modified Durigon’s equation to
correct systematic bias, as discussed by Almagro et al. (2019). Therefore, the modified Durigon et al. (2014) equation (Eq. 7) was adopted in
the present study to derive the C-factor. NDVI was computed from both Sentinel-2 MSI and Landsat imagery (Table 1). All NDVI raster layers
were resampled to a common 30 m spatial resolution using bilinear interpolation to match other RUSLE factor layers. Then C-factor values
were calculated directly from the continuous NDVI raster layers by applying Eq. 7. This resulted in a continuous C-factor layer for each study
year.

3.25 Conservation Support and Practice (P-factor)

Conservation support and practice factor (P) is another important parameter in the soil erosion estimation model. It represents the
ratio between soil loss in topographic tillage slope and soil loss under conservation support conditions (Renard et al., 1997). The conservation
support and practice factor (P) in the cultivated land includes contour farming, strip cropping, ridging, and terracing of the land (Roy, 2019). In
the RUSLE model, the P-factor is expressed as a numerical value ranging from 0 to 1. A value of 0 indicates areas where perfect conservation
practices have been implemented, including built-up land, plantation area, and contour cropping, whereas a value of 1 indicates the absence
of any support practices (Ebrahimzadeh et al., 2018; Prasannakumar et al., 2012). In the present study, P-factor values for each land use class
were obtained from the USLE reference handbook Predicting Rainfall Erosion Losses: A Guide to Conservation Planning (Wischmeier & Smith,
1978), along with other reference studies from similar physiographic regions (Table 3).

Table 3: P-factor values of different land use classes
Land use categories  P-factor value  Source
Waterbodies 0 (Wischmeier & Smith, 1978)

Sandbar 1 (Wischmeier & Smith, 1978)

Mixed forest 0.4 (Renard et al., 1997; Wischmeier & Smith, 1978)
Cropland 0.5 (Biswas & Pani, 2015)

Fallow land 0.9 (Pandey et al., 2007)

Ravine 1 (Benavidez et al., 2018; Renard et al., 1997)
Built-up land 0 (Wischmeier & Smith, 1978)

4.0 Results
4.1 Spatial Distribution of Soil Erosion Parameters

Each of the parameters used in soil erosion estimation was calculated using the datasets and equations described in the methodology
section. The results for each of these parameters are discussed in the following subsections.

4.1.1 Rainfall-Runoff Erosivity

The Rainfall-Runoff Erosivity (R-factor) represents the erosive force of rainfall and its potential to cause soil erosion. It is a key input
parameter in the RUSLE model. In this study, R-factors were calculated for six different years (1974, 1994, 2000, 2010, 2016, and 2020). To
estimate the R-factor for each target year, rainfall data from the preceding ten years were used. For example, the R-factor for 1974 was derived
using rainfall data from 1964 to 1974, and similarly for the remaining years. The R-factor value for each respective year is presented in Table
4.

The R-factor in the study area for the year 1974 ranged from 323.48 to 351.87 MJ mm ha™ h™ year™. Similarly, for the year 1994,
the R-factor values ranged from 309.01 to 357.97 MJ mm ha™ h™ year™, followed by R-factor values ranging from 289.16 to 329.10 MJ mm
ha™" h™ year™ in 2000. The R-factor values ranged from 248.86 to 300.31 MJ mm ha™" h™ year™ in 2010, values ranged from 255.39 to 294.23
MJ mm ha™ h™ year™ in 2016, and finally, for 2020, the R-factor varied from 244.90 to 302.09 MJ mm ha™" h™" year™, respectively (Table 4).
The calculated R-factor values for the study area show a decreasing trend over time, corresponding to the decline in annual average rainfall
across the decades (Figure 2; Table 4). In 1974, the R-factor ranged from 323.48 to 351.87 MJ mm ha™" h™" year™, with an average value of
338.36 MJ mm ha™ h™" year™. This was the highest among the study years and coincided with the highest recorded rainfall (714.48 mm on
average). In contrast, the lowest R-factor was observed in 2010, averaging 266.20 MJ mm ha™" h™ year™, corresponding to a lower rainfall
average of 515.69 mm. This consistent pattern indicates a close relationship between decreasing rainfall and lower erosivity values, highlighting
how changes in climatic conditions directly influence soil erosion risk.

Table 4: Annual average rainfall (AAR in mm) and R-factor (in MJ mm ha™ h™" year™) in the study area over the years

Stations AAR R-factor AAR R-factor AAR R-factor AAR R-factor AAR R-factor AAR R-factor
(1964- 1974 (1984- 1994 (1990- 2000 (2000- 2010 (2006- 2016 (2010- 2020
1974) 1994) 2000) 2010) 2016) 2020)
Agra 695.10 331.3 633.61 309.01 673.81 323.59 480.20 253.31 560.46 282.45 614.58 302.09
Auraiya 737.62 346.8 768.51 357.97 604.53 298.44 504.99 262.31 486.47 255.59 457.03 2449
Etawah 751.70 351.9 669.68 322.10 578.94 289.16 467.92 248.86 485.93 255.39 491.49 257.41

Firozabad  673.51 323.5 633.86 309.09 688.99 329.1 609.66 300.31 592.91 294.23 601.16 297.22

Average

714.48 338.36 676.42 324.54 636.57 310.07 515.69 266.20 531.44 271.91 541.07 275.41
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Figure 2: Annual average rainfall across six decadal intervals in the study area

4.1.2 Soil Erodibility

The soil erodibility factor (K) of the study area was calculated using an empirical equation, which integrates physical soil parameters.
The results were obtained in both U.S. customary and Sl units to ensure compatibility with previous studies and models. The study area
comprised two main soil groups: Orthic luvisols and Eutric cambisols, with sandy-loam and loam textures, respectively. The calculated K-factor
value of Orthic luvisols was 0.083 t h MJ™" mm™, whereas that of Eutric cambisols was 0.058 t h MJ™* mm™ (Table 5). The maximum part of
the study area is associated with loamy-textured soil, which influences soil stability and erosion potential. These values were derived using
standard equations and are consistent with known ranges for these soil types.

Table 5: Soil erodibility (K-factor) of the study area in relation to soil properties

Soil classes Soil texture % of sand % of silt % of clay ~ Organic matter %  K-factor U.S. unit  K-factor Sl unit
Orthic luvisols Sandy loam 76 9.9 14.1 0.41 0.632 0.083
Eutric cambisols  Loam 36.4 37.2 26.4 1.07 0.439 0.058

4.1.3 Slope Length and Steepness

The slope length and steepness factor (LS) of the study area were calculated by using Egs. 4.1 - 4.4. The LS-factor values in the
study area range from 0.03 to 15.16. Most of the study areas exhibit lower LS-factor values, while higher values have a relatively limited spatial
extent. Higher LS-factor values are typically associated with steep topographic slopes, especially in the ravine and gully lands along the banks
of the Yamuna River (Figure 3a). These ravine lands are characterised by highly dissected terrain, with incision depths commonly ranging from
approximately 30 to 40 m, and in several zones exceeding 60 m (R. S. Chatterjee et al., 2009; Pani, 2018; S. K. Verma et al., 2021). According
to S. K. Verma et al. (2021), the Chambal ravines are very deep to extremely deep, with some areas reaching 30 - 60 m in depth. Similarly,
Pani (2018) confirmed that deep ravines in the region exceed 30 m, while moderate ravines are typically around 15 m deep. Further, R. S.
Chatterjee et al. (2009) classified very deep ravines in the Yamuna-Chambal belt as ranging from 60 to 80 m, emphasizing their role in extensive
land degradation. As a result, these areas exhibit elevated LS-factor values due to their steep slopes and erosive potential (Figure 3b). This
topographic configuration plays a major role in accelerating surface runoff and soil detachment.
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4.1.4 Surface Cover Management and Conservation Support Practice

The surface cover management factor (C) of the study area was derived from satellite imagery using NDVI (Normalized Difference
Vegetation Index). The C-factor of the study area was calculated for six different years (Table 6). The results revealed an inverse relationship
between NDVI values and C-factor values. Low values of NDVI correspond to areas with reservoirs, barren lands, and wastelands, while high
NDVI values indicate areas with dense vegetation cover. However, in the C-factor map, a low value of C-factor signifies areas with vegetation
cover, whereas high values of C-factor indicate reservoirs, fallow lands, and wastelands. Additionally, the conservation support and practice
factor (P) of the study area was determined through a comprehensive land cover study, with values assigned based on established references
listed in Table 3. These values reflect the varying degrees of land management interventions across the landscape.

Table 6: NDVI and corresponding C-factor values for the study area

Values 1974 1994 2000 2010 2016 2020
NDVI -0.633t00.781 -0.177t00.54 -0.469t00.392 -0.274t00.533 -0.316t00.691 -0.358t00.873
C-factor Values  0.014 - 0.636 0.229 - 0.588 0.304 - 0.735 0.233 - 0.637 0.154 - 0.658 0.063 - 0.679

4.2 The Annual Rate of Soil Erosion and Spatial Distribution

The annual rate of soil erosion in the study area was estimated by multiplying all the parameters of the RUSLE model using the raster
calculation tool in ArcGIS 10.5. Soil erosion rates were calculated for six different years to understand the changes in soil erosion dynamics
over time. Table 7 presents the annual rate of soil erosion, ranging from 0 to 162.48 t ha™ year™ in 1974. Similarly, the annual rate of soil
erosion in 1994 ranged from 0 to 123.19 t ha™ year™. Followed by soil erosion rate in 2000 was 0 to 149.89 t ha™ year™. This represents a
temporary increase in soil erosion compared to 1994, in the study area. The rate of soil erosion in 2010 ranged from 0 to 100.55 t ha™ year™,
in 2016 from 0 to 97.05 t ha™ year™, and in 2020 the annual soil erosion rate was 0 to 85.2 t ha™ year™, respectively. Among these six years,
the highest rate of soil erosion was observed in 1974, while the lowest rate of soil erosion was recorded in 2020. The results indicate a gradual
decline in soil erosion over the years, except for 2000, which showed a temporary increase in erosion, possibly due to unregulated agricultural
or construction activities.

The rates of soil erosion were classified into five categories: Very low, Low, Moderate, High, and Very high. Approximately 80% of
the study area experienced low to very low rates of soil erosion over the years, while only about 5% experienced high erosion rates (Table 8).
The spatial distribution map (Figure 4) of the RUSLE model revealed that areas affected by ravine lands along the Yamuna River consistently
showed high rates of soil erosion. These ravine lands, characterized by highly fragile and dissected terrain, exhibited high rates of erosion. As
shown in Table 7, the rate of soil erosion tends to decrease over the years, except in 2000, when the rate increased slightly. After 2000, the
erosion rate continued to decline, reaching its lowest point in 2020. This suggests a possible link between improved land use practices,
vegetation growth, or conservation efforts during the last two decades.

Table 7: Annual rate of soil erosion in the study area over different years (t ha™ year™)

Soil erosion classes 1974 1994 2000 2010 2016 2020

Very low 0-1.91 0-1.45 0-1.76 0-1.18 0-1.14 0-1

Low 1.92-6.37 1.46 - 4.83 1.77 - 5.88 1.19-3.94 1.15-3.81 1.01-3.01
Moderate 6.38 - 13.38 4.84 -9.66 5.89-11.76 3.95-7.89 3.82-7.61 3.02-6.01
High 13.39 - 23.58 9.67 - 17.39 11.77 - 20.57 7.9-13.8 7.62-13.32 6.02 - 11.03
Very high 23.59-162.48 17.4-123.19 20.58-149.89 13.81-100.55 13.33-97.05 11.04-85.2
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Figure 4: Annual rate of soil erosion in the study area over the years
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Table 8: Area (sq.km) and percentage of land under various soil erosion classes

Sail Area Area Area Area Area Area Area Area Area Area Area Area
erosion 1974 1974 1994 1994 2000 2000 2010 2010 2016 2016 2020 2020
classes (%) (%) (%) (%) (%) (%)

Very low 1111.61  43.61 1090.90 42.80 1094.95 4297 1020.98 40.06 112540 44.15 1049.09 41.16
Low 109448 4294 1104.76 43.34 1109.68 43.54 1158.40 4546 109155 4282 1088.95 42.72
Moderate 259.84 10.19 258.53 10.14 256.88 10.08 274.45 10.77 249.86 9.80 310.84 12.19

High 66.59 2.61 76.07 2.98 70.35 2.76 75.82 2.97 67.47 2.65 84.33 3.31

Very high 16.48 0.65 18.66 0.73 16.58 0.65 18.80 0.74 14.75 0.58 15.89 0.62
Total 2548.98 100 2548.93 100 2548.44 100 2548.46 100 2549.04 100 2549.11 100

5.0 Discussion

In the present study, the Revised Universal Soil Loss Equation (RUSLE) model has been utilized to understand soil erosion rates
over the years in the study area. The result of the RUSLE model indicates that the ravine lands in the study area are characterized by high rates
of soil erosion, although the rate of soil erosion has changed over the years. Changes in soil erosion rates were mostly associated with variations
in rainfall and changes in land management practices, such as ravine land transformations and increasing vegetation cover. The research
attempted to elucidate the role of ravine land and vegetation cover on soil erosion rates in the study area.

5.1 Role of Ravine-Land Transformation in Soil Erosion

Ravine-land transformation was found to play an important role in soil erosion dynamics. Ravine land transformations, such as land
levelling and ravine land reclamation, significantly influence erosion rates (Hajgh, 1984; Marzolff & Pani, 2018; Pani, 2016, 2018, 2020; Tagore
et al., 2021). Field observations revealed extensive areas of land levelling in the study area (Plate 1). Ravine lands are highly dissected and
ineffective for human activity (Nadal-Romero & Regiés, 2010; Ranga et al., 2016); therefore, these undulating ravine lands in the study area
have been levelled over time. Heavy machinery and earth tillage machines were used to level these lands, which were then utilized for various
primary and secondary activities such as farming and construction works (Marzolff & Pani, 2018; Pani, 2020; Sikka et al., 2018) (Figure 5a).
Consequently, the transformation of the ravine land and its use for different activities have led to a significant reduction in soil erosion rates over
the years. The declining trend in annual soil erosion rates across the study period (Table 7) reflects the significant influence of land management
interventions. One of the primary drivers has been land levelling, which transformed undulating terrain into cultivable land. The area of ravine
land progressively decreased from 434.78 sq.km in 1974 to 177.07 sq.km in 2020, as shown in Table 9, resulting in a corresponding reduction
in erosion rates. This is further supported by a scatter plot in Figure 6, which shows a positive relationship between ravine-land area and soil
erosion rate, indicating that larger areas of ravine land are generally associated with higher erosion rates. The studies further observed that
most land levelling associated along the edges of the ravines, where the terrain is characterised by shallow ravines (< 5 m deep). In contrast,
the interior parts adjacent to the ravine consist of deeper ravines, typically > 30 m deep, with V-shaped, while the moderate ravines typically 5
- 30 m deep, with U-shaped (Figure 5b). These inner zones are often challenging to reclaim due to inaccessibility.

e

“Conversion of ravine land for both ulture and construction works
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Figure 5: (a) Ravine land levelling and conversion of ravine land for farming and construction; (b) types and spatial distribution of ravine land
along the Yamuna River

At the same time, the study highlighted the critical importance of continuous maintenance of levelled lands. These areas require
regular refilling after each rainy season and sustained agricultural practices; otherwise, the surface may begin to form small rills and gullies
during rainfall events, eventually reverting to wasteland (Pani, 2018; Pani & Mohapatra, 2011). This was evident in the year 2000, when due to
lack of agricultural activities in levelled land, some portions of levelled land formed into gullies and converted levelled land back to wasteland,
thereby increasing the area of ravine land again in 2000 (Table 9), and as a result increases in soil erosion rate in 2000 (Table 7; Fig. 7). This
highlights that, while land levelling plays a significant role in reducing soil erosion rates, proper utilization and continuous maintenance of levelled
ravine land are essential to effectively prevent soil erosion and sustain the land productivity over time.

=
< 350 -

0 T T T
0 50 100 150 200

Soil erosion rate (t ha™ year™)

Figure 6: Scatter plot shows a positive relationship between ravine-land area and soil erosion rate, indicating that larger areas of ravine land
are generally associated with higher erosion rates

Table 9: Area of ravine land (sq.km) over the years in the study area
Ravine land 1974 1994 2000 2010 2016 2020
Area of ravine land (sq.km) 434.78 391.49 402.38 367.1 359.15 177.07
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Plate 1. Massive land levelling in the study area and conversion of ravine land into agricultural land
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5.2 Role of Vegetation Cover in Soil Erosion

In addition to land levelling, vegetation cover was found to play a critical role in mitigating soil erosion over time. Both the Central and
State Governments have implemented extensive ecological restoration initiatives in the ravine-affected areas of the study region. Among these,
aerial seeding emerged as a key intervention (Khan et al., 2020; Pani, 2016, 2018). In 1980, aerial seeding was implemented in the Bhind
district, covering approximately 503 hectares of ravine land (Mudgal, 2005; Pani, 2016; Prasad, 1988; G. Verma et al., 2018). Subsequently, in
1985 and 1993-94, large areas of Chambal ravine land, totaling about 21,063 and 25,000 hectares, respectively, were subjected to aerial
seeding (Prasad, 1988). Through aerial seeding, deep ravine zones were planted with vegetation, effectively reducing soil erosion by stabilizing
the fragile terrain. Additionally, various protected zones and reserve forests were also introduced in the study area (especially the Etawah district)
along the Yamuna River to control soil loss. The National Chambal Sanctuary' spans Uttar Pradesh, Madhya Pradesh, and Rajasthan and
encompasses approximately 636 sq.km in Uttar Pradesh alone (National Chambal Sanctuary?). The Forest Survey of India (FSI) 2021 report
also indicated a positive trend in vegetation cover across the study area districts over recent decades, which may have contributed to the
reduction in soil erosion rates (Forest Survey of India, 2021; Figure 8a). The increase in vegetation led to many ravine lands being converted
into scrubland and plantations, ultimately helping stabilize the soil and minimize erosion rates (Figure 8b).
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Figure 8: (a) Forest cover in the study-area districts over the years (Source: Forest Survey of India, 2021); (b) soil erosion rates over the years

Therefore, the study observed that both ravine land levelling and vegetation growth are effective methods to reduce soil erosion.
While ravine land levelling is one approach to protect the land from erosion, the research also noticed that levelled lands may not remain
sustainable over the long term without continuous agricultural practices. Hence, continuous agriculture practices on ravine levelled land are
also important. If the land is not utilized after levelling, it can start to form small rills and gullies again, eventually turning back into wasteland.
Therefore, while land levelling plays a significant role in reducing soil erosion rates, proper utilization and continuous maintenance of levelled
ravine land are essential to effectively prevent soil erosion. In contrast, the role of vegetation cover was found to be significant in preventing soil
erosion. The study highlights that the introduction of national sanctuaries, protected areas, and increasing trends in vegetation have contributed
to the development of substantial dense vegetation cover in the region over the past 20 years. This expansion of vegetation has played a crucial
role in reducing soil erosion in this ravine-affected region. While vegetation growth and land levelling have played an important role in reducing
surface erosion, gullies in the deeper parts of the ravines continue to grow mainly due to different hydrological processes including headcut
migration and fluvial incision (Poesen et al., 2003; Valentin et al., 2005). However, studying these processes was outside the scope of this work.

' National Chambal Sanctuary - Wikipedia
2 National Chambal Sanctuary Uttar Pradesh Eco Tourism | UP Eco-Tourism Development Board | Official Site
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6.0 Validation of the Results

The study evaluated the RUSLE soil erosion map by comparing its spatial distribution with the Bhuvan NRSC land degradation map
(2015-16) Figure 9a. The land degradation map clearly delineates areas affected by soil erosion. According to the Bhuvan NRSC data, the
study area is classified into different land degradation categories, including sheet erosion, rills, gullies, and shallow and deep ravines. Notably,
the map highlights severe deep ravine erosion along the banks of the Yamuna River, resulting in substantial soil loss. Furthermore, it indicates
that the area is severely affected by rills and gullies, whereas sheet erosion is less prevalent (Figure 9a). Similarly, the RUSLE model also
indicates severe soil erosion along the banks of the Yamuna River (Figure 9b), primarily due to the extensive ravine land. Therefore, the spatial
distribution of the RUSLE soil erosion map corresponds well with the Bhuvan NRSC land degradation map. This comparison demonstrates
good spatial agreement, indicating that ravine-affected areas correspond to zones of high erosion risk.
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Figure 9: (a) Land degradation map for 2015-16 (Source: Bhuvan NRSC); (b) soil erosion risk map for 2016 generated using the RUSLE
model. Both maps indicate higher soil loss along the banks of the Yamuna River.

7.0 Limitations

Although the RUSLE model is widely used tool for estimating soil erosion rates and mapping their spatial distribution, it has several
inherent limitations. RUSLE is an empirical model designed to estimate long-term annual average soil loss caused by sheet and rill erosion
during rainfall events (Renard et al., 1997). Therefore, it provides an estimate of potential soil erosion risk rather than actual sediment yield and
does not explicitly account for sediment losses associated with gully erosion. Consequently, the model outputs presented in this study represent
potential soil erosion risk and do not include the total sediment losses resulting from gully erosion processes. Actual sediment losses in gully-
dominated landscapes, such as ravine regions, may therefore be higher than the estimates reported here. Despite these limitations, the primary
objective of the present study was to estimate potential soil loss per unit area and identify the spatial distribution of areas at high risk of soil
erosion, rather than to model gully initiation or characterise gully dynamics. In this context, the RUSLE model has been widely recognised and
successfully applied to assess potential soil erosion in diverse landscapes, including complex ravine- and gully-affected regions (Kebede et al.,
2021; Kumar et al., 2022; Mohapatra, 2022; Tang et al., 2015). Therefore, the model is considered appropriate for achieving the objectives of
the present study. This research also provides a baseline assessment of the application of the RUSLE model in highly dissected ravine
landscapes and demonstrates a methodological framework that may be applicable to other ravine-prone regions experiencing similar soil
degradation problems.

All factors used in the RUSLE model were derived using methodologies widely adopted in regional-scale soil erosion studies. The
consistent use of these methodologies and data sources across all study periods provides a reliable basis for evaluating the spatial and temporal
patterns of soil erosion. Nevertheless, uncertainties may remain associated with several model input factors. For example, the R-factor was
estimated using an empirical rainfall erosivity equation (Eq.2) because rainfall intensity and storm kinetic energy data were unavailable for the
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study area. Similarly, the C-factor was derived from satellite-based NDVI (Eq.5), whereas P-factor values were assigned from published
literature according to land-use classes (Table 3). In addition, satellite images with different spatial resolutions (10-80 m) were resampled to a
common 30 m spatial resolution to maintain consistency among the RUSLE input factors. Although this approach is widely adopted in multi-
temporal remote sensing studies, resampling may introduce minor uncertainties in NDVI estimation and, consequently, in the derived C-factor
values (Jiang et al., 2006; Leeuwen et al., 2006). Therefore, these factors may introduce some uncertainty into the absolute values of the
estimated soil erosion rates. However, because of the same methodologies, datasets, and processing procedures were consistently applied
throughout the study period, they provide a robust basis for evaluating the relative spatial and temporal patterns of soil erosion across the study
area.

Another important limitation concerns the validation of the model results. Although the spatial distribution of the estimated soil erosion
was evaluated using the Bhuvan NRSC land degradation map and showed good spatial agreement with the observed erosion-prone areas
(Fig.9a), the dataset does not provide quantitative measurements of soil loss or sediment yield. Furthermore, long-term field observations, and
sediment yield data were unavailable for the study area during the study period. Consequently, the absolute magnitude of the predicted soil
loss values could not be quantitatively validated. Nevertheless, the model remains suitable for identifying erosion-prone areas and evaluating
their relative spatial and temporal variations. Future studies should integrate field measurements and sediment monitoring to improve the
quantitative validation of RUSLE-based soil erosion estimates and to provide a better understanding of gully erosion processes.

8.0 Conclusions

The findings of this research underscore the critical importance of addressing soil erosion, a significant global issue with significant
environmental and socio-economic implications. As countries try to achieve Sustainable Development Goals (SDGs), particularly those related
to land degradation neutrality, climate action, and food security, the prevention of soil erosion must be prioritized on the policy and research
agenda. There is a need for concerted efforts among researchers, scientists, and policymakers to mitigate erosion risks and safeguard soil
resources. This study focused on estimating field soil erosion in a ravine-affected area along the banks of the Yamuna River, employing the
Revised Universal Soil Loss Equation (RUSLE) model with various erosion estimation parameters. The results revealed that high soil erosion
rates are mainly associated with the ravine-affected areas, due to the highly dissected nature of the ravine land, which facilitates increased soil
loss. Previous studies (Khan & Govil, 2020; Mohapatra, 2022) have also identified the highest soil erosion rates in the ravine and steeply sloping
areas. Although the estimated erosion magnitude differs among studies due to differences in study extent, spatial resolution, and datasets, the
overall spatial erosion pattern observed in the present study is consistent with previous findings. However, amidst these challenges, the
research also identified promising trends, indicating a decline in soil erosion rates over time. This decline correlated with interventions such as
land levelling and ravine land conversion, which reduced the extent of ravine land and promoted vegetation cover. Although the research also
observed the importance of continuous agriculture practice in the ravine levelled land, otherwise, the land starts forming small rills and gullies,
eventually turning back into wasteland. Therefore, land levelling is one way to prevent ravine erosion, but continuous agriculture or vegetation
cover is much more important to prevent ravine erosion. These findings highlight the potential of improved land management practices to
mitigate soil erosion even in highly vulnerable areas. By implementing effective conservation measures, such as contour farming, terracing, and
afforestation, it is possible to enhance soil stability and reduce erosion risk. Additionally, sustainable land practices, coupled with community
engagement and policy support, can contribute to long-term erosion prevention and ecosystem resilience.

In conclusion, this study emphasizes that through improved land management practices, restoration efforts, and sustainable practices,
it is possible to protect land from further erosion. Based on the results presented and the observed trend of soil erosion rates, the study concludes
that implementing better land practices can effectively reduce the rate of soil erosion, even in ravine-affected areas prone to severe degradation.
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