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ABSTRACT

Soil erosion assessment in the Himalayan region is challenged by rugged terrain, 
intense rainfall, high spatial variability, and limited accessibility, making conventional 
monitoring methods expensive and difficult to implement. Although erosion models are 
widely applied, their accuracy is often constrained by the lack of field-based validation. 
Here, we developed and validated a practical framework that links visually observable 

137soil erosion indicators with fallout radionuclide (FRN)- Cs-derived quantitative 
erosion rates to enable rapid field-based soil erosion assessment. A systematic field 
survey was conducted across the north-western Himalayas, where visual indicators of 
erosion, including sheet erosion, rills, gullies, pedestals, exposed roots, and surface 
coarse fragments were recorded at various sampling sites. Soil cores were 

137simultaneously collected for Cs analysis to quantify net soil erosion rates. Based on 
field observations, each site was assigned to a visual erosion class, which was 

137subsequently compared with the corresponding Cs-derived erosion class using 
Cohen's Kappa coefficient. The visual classification showed substantial agreement 

137with the Cs-derived erosion rates (Kappa = 0.72), demonstrating the reliability of the 
proposed approach. Classification accuracy was highest for the extreme erosion classes 
(85–86%), whereas the intermediate classes exhibited lower agreement (66–69%), 
reflecting the inherent difficulty in distinguishing transitional erosion stages under field 
conditions. Soil physicochemical properties further validated the classification, with 
soil organic carbon declining and bulk density increasing consistently with erosion 
severity. Forest and grassland soils maintained higher organic carbon and better 
structural condition, whereas barren lands exhibited depleted carbon stocks, greater 
compaction, and more degraded soil quality. The resulting visual indicator-erosion rate 
framework provides a rapid, low-cost, and instrument-free approach for estimating soil 
erosion severity in mountainous landscapes. As the framework relies only on 
observable field indicators and validated reference tables, it can be readily applied by 
researchers, land managers, and policymakers for erosion mapping, field validation of 
erosion models, and the development of machine-learning-based erosion prediction 
models in data-scarce environments.
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Soil erosion is one of the most pervasive forms of land 
degradation, with profound implications for soil fertility, 
ecosystem stability, carbon cycling, climate change, and 
downstream sediment dynamics ( ). David Raj et al., 2024a
Mountain ecosystems are particularly vulnerable because of 
their steep terrain and dynamic geomorphic processes, and 
among these, the Himalayas represent one of the most 
erosion-prone regions globally. Their steep and highly 
dissected topography, fragile lithology, active tectonics, and 
climate change-induced intensification of monsoonal 
rainfall collectively accelerate soil detachment and trans-

port (David Raj et al., 2022; Gupta and Kumar, 2017). These 
natural factors, combined with increasing anthropogenic 
disturbances such as deforestation and unsustainable land-
use change, have substantially increased erosion 
susceptibility across the region. Consequently, soil erosion 
in the Himalayas exhibits high spatial heterogeneity and 
temporal variability, posing significant challenges for its 
accurate quantification and effective management (Singh et 
al., 2019; Sooryamol et al., 2022).

 Despite its environmental significance, reliable 
estimation of soil erosion in mountainous landscapes
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remains challenging (Borrelli et al., 2021; Kumar et al., 
2024a). Direct field-based measurements are often 
constrained by difficult accessibility, rugged terrain, and 
harsh climatic conditions, limiting long-term monitoring 
and dense spatial sampling ( ). Kumar et al., 2024a
Consequently, most erosion assessments rely on empirical 
or conceptual models such as the Revised Universal Soil 
Loss Equation (RUSLE), Universal Soil Loss Equation 
(USLE), and Morgan–Morgan–Finney (MMF) model 
(Chandrakala et al., 2024; 0Jain et al., 20 1; Joshi et al., 
2023; Kalambukattu et al., 2021; Uppengal et al., 2026).  
Although these models provide valuable information on 
erosion patterns and relative erosion risk, their performance 
depends heavily on input parameterization and field 
validation. In complex mountainous terrain, where 
parameter uncertainty is inherently high, the limited 
availability of independent field observations introduces 
considerable uncertainty into erosion estimates and reduces 
their reliability for site-specific conservation planning 
(Batista et al., 2019).

 Among the available field-based techniques, fallout 
radionuclides (FRNs), particularly Caesium-137 ( Cs), 137

have emerged as robust tracers for quantifying long-term 
soil redistribution (David Raj et al., 2025a; David Raj et al., 

1372024b; Mariappan et al., 2022). The Cs technique 
integrates erosion and deposition processes over decadal 
timescales and provides spatially distributed estimates that 
are less affected by short-term climatic variability. 
However, despite their scientific robustness, FRN 
techniques require specialized laboratory facilities, skilled 
personnel, and carefully designed sampling strategies, 
making them resource-intensive and limiting their routine 
application for operational soil erosion assessment (IAEA, 
2014; Mabit et al., 2018).

 An alternative approach is the use of visual soil erosion 
indicators, including sheet erosion, rills, gullies, pedestals, 
exposed roots, surface sealing, and presence of coarse 
fragments. These indicators represent direct field evidence 
of ongoing or past erosion processes and are widely used in 
rapid field assessments because they are inexpensive, easy 
to identify, and require no specialized equipment (Okoba 
and Sterk, 2006a,b; Salhi et al., 2023). Moreover, they 
integrate the cumulative effects of erosion at a given 
location, making them suitable for practical field 
applications. However, visual indicators remain largely 
qualitative and subjective, relying heavily on observer 
experience. More importantly, there is currently no 
standardized framework that quantitatively relates these 
observable indicators to actual soil erosion rates. Without 
quantitative calibration, visual observations cannot be 
reliably used for model validation, comparison of erosion 
severity among sites, or evidence-based land management 
decisions. This limitation is particularly important in the 
Himalayas, where logistical constraints and data scarcity 
necessitate simple, rapid, and scalable field assessment 
methods. Previous work by  Okoba and Sterk (2006a)
proposed a visual indicator-based framework for assessing 

soil erosion; however, their methodology relied primarily 
on plot-scale measurements of rills and lacked independent 
quantitative validation. To date, no study has systematically 
calibrated multiple visual soil erosion indicators against 
independently measured soil erosion rates using fallout 
radionuclides under the complex environmental conditions 
of the Himalayan region.

 To address this gap, the present study develops and 
validates an integrated framework linking visual soil 

137erosion indicators with Cs-derived soil erosion rates. 
Visual indicators were systematically documented across 
diverse land-use types and topographic settings and 
calibrated against independently measured radionuclide-
derived erosion rates. Agreement between visually 
interpreted erosion classes and quantitative erosion 
estimates was evaluated using Cohen's Kappa statistic, 
enabling the development of a validated visual 
indicator–erosion rate reference framework. Unlike 
previous approaches, the proposed framework establishes 
quantitative erosion-rate ranges associated with easily 
identifiable field indicators, allowing erosion severity to be 
estimated rapidly without specialized instrumentation.

 The developed framework has considerable practical 
significance for both research and land management. It 
provides a rapid, low-cost, and instrument-free method for 
assessing soil erosion in inaccessible mountainous 
environments, enabling field practitioners to estimate 
erosion severity using observable indicators and calibrated 
reference tables. In addition to facilitating rapid field 
assessment, the framework offers an independent means of 
validating soil erosion models and provides reliable training 
data for emerging machine-learning applications. By 
bridging the gap between rigorous radionuclide-based 
measurements and practical field observations, this study 
advances an operational and scalable approach for soil 
erosion assessment, supporting researchers, watershed 
managers, policymakers, and local stakeholders in 
developing evidence-based soil and water conservation 
strategies, particularly in data-scarce mountain regions such 
as the Himalayas.

A representative catchment of the north-western Himalayas 
was selected for the present study. The Tehri Dam 
catchment, located on the Bhagirathi River approximately 
145 km downstream of the Gangotri Glacier, covers an area
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of about 7,293 km². Geographically, it extends from 
78°9′15″ E to 79°24′55″ E longitude and 30°20′20″ N to 
31°27′30″ N latitude, with elevations ranging from nearly 
600 m at the dam site to about 7,000 m in the upper glaciated 
regions (Fig. 1). The climate of the region is classified as 
Cwb and Dwb according to the Köppen classification (Beck 
et al., 2018), reflecting temperate to cold conditions with 
strong altitudinal variability. Annual precipitation ranges 
from 1,016 mm to 2,630 mm (IMD gridded data; Pai et al., 
2014). The mean maximum and minimum temperatures are 
29.4°C and 14.7°C in Tehri-Garhwal, and 23.6°C and 
13.1°C in Uttarkashi, respectively ( ). IMD, 2014
Geologically, the catchment encompasses three major litho-
tectonic units: the Lesser, Higher, and Trans-Himalayan 
zones. The Lesser Himalayas include the Jaunsar and 
Garhwal groups, dominated by phyllite, quartzite,  
limestone, and shale. The Higher Himalayas are 
characterized by the Central Crystalline complex 
comprising gneiss, mica schist, garnet, and granite. The 
Trans-Himalayan region includes formations such as the 

Sumna group and Bhilangana River units, consisting of 
granite gneiss, argillite, limestone,  and quartzite (Chauhan 
et al., 2022). Soils in the catchment show considerable 
variability with elevation and terrain. High-altitude slopes 
are dominated by shallow, well-drained, sandy-skeletal 
Lithic Cryorthents, whereas hill forests are characterized by 
loamy Udorthents and Eutrochepts. Soils in the Lesser 
Himalayas are typically loamy-skeletal, moderately acidic, 
and rich in organic carbon, while fluvial valleys contain 
Udifluvents and Eutrochepts with moderate to high organic 
content and slightly alkaline pH ( ). Sidhu and Surya, 2014
Land use in the catchment is heterogeneous, comprising 
forests, grasslands, agricultural lands, scrublands, barren 
areas, and settlements. The dominant vegetation includes 
chir pine ( ), banj oak (Pinus roxburghii Quercus 
leucotrichophora Cedrus deodara), deodar ( ), and buransh 
( ). Agricultural practices are Rhododendron arboreum
seasonal, with rice, maize, and finger millet cultivated 
during the kharif season, and wheat and barley grown 
during the rabi season ( ).KVK, n.d.

FIGURE 1 Location of the study area.
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and dense spatial sampling ( ). Kumar et al., 2024a
Consequently, most erosion assessments rely on empirical 
or conceptual models such as the Revised Universal Soil 
Loss Equation (RUSLE), Universal Soil Loss Equation 
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(Chandrakala et al., 2024; 0Jain et al., 20 1; Joshi et al., 
2023; Kalambukattu et al., 2021; Uppengal et al., 2026).  
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parameter uncertainty is inherently high, the limited 
availability of independent field observations introduces 
considerable uncertainty into erosion estimates and reduces 
their reliability for site-specific conservation planning 
(Batista et al., 2019).
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applications. However, visual indicators remain largely 
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soil erosion; however, their methodology relied primarily 
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quantitative validation. To date, no study has systematically 
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independently measured soil erosion rates using fallout 
radionuclides under the complex environmental conditions 
of the Himalayan region.

 To address this gap, the present study develops and 
validates an integrated framework linking visual soil 

137erosion indicators with Cs-derived soil erosion rates. 
Visual indicators were systematically documented across 
diverse land-use types and topographic settings and 
calibrated against independently measured radionuclide-
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estimates was evaluated using Cohen's Kappa statistic, 
enabling the development of a validated visual 
indicator–erosion rate reference framework. Unlike 
previous approaches, the proposed framework establishes 
quantitative erosion-rate ranges associated with easily 
identifiable field indicators, allowing erosion severity to be 
estimated rapidly without specialized instrumentation.

 The developed framework has considerable practical 
significance for both research and land management. It 
provides a rapid, low-cost, and instrument-free method for 
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environments, enabling field practitioners to estimate 
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advances an operational and scalable approach for soil 
erosion assessment, supporting researchers, watershed 
managers, policymakers, and local stakeholders in 
developing evidence-based soil and water conservation 
strategies, particularly in data-scarce mountain regions such 
as the Himalayas.

A representative catchment of the north-western Himalayas 
was selected for the present study. The Tehri Dam 
catchment, located on the Bhagirathi River approximately 
145 km downstream of the Gangotri Glacier, covers an area
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3.1  Soil Sampling Strategy|  

The methodological framework of the study is presented in 
Fig. 2.

A Cs-based approach was employed to measure soil 137

erosion across the study area, using data derived from the 
thesis of and published literatures Raj (2025) (David Raj et 
al., 2025 a & b; David Raj et al., 2024 b, c, d & David Raj et 
al., 2026; Kumar et al., 2024b). Establishing a reliable 

137reference inventory is a critical prerequisite in FRN- Cs 
based studies. Accordingly, undisturbed reference sites 
were selected based on standard criteria, including long-
term stability since the 1950s, absence of erosion or 
deposition processes, and relatively flat terrain under 
permanent vegetation cover (e.g., grassland). Soil samples 
were collected using stainless steel sampling devices from 
soil profiles extending up to the depth of ¹³⁷Cs penetration or 
until parent material was encountered (David Raj and 
Kumar, 2024). Sampling was conducted at regular depth 
intervals with multiple replications to minimize uncertainty, 
following established protocols (Loughran et al., 2002; 
Mariappan et al., 2022).

 Given the logistical constraints of mountainous 
terrain, measured reference inventories were supplemented 
with modelled global fallout estimates of Caesium-137 
tracing, incorporating rainfall-based corrections. Spatial 
interpolation of reference inventories was performed using 
the Thiessen polygon method, assuming relatively uniform 
fallout distribution within defined zones. For catchment-
scale sampling, a stratified sampling framework was 
developed using soil-landscape units derived from 
topographic position (via Topographic Position Index) and 
land use/land cover data. This approach accounts for 
variability in erosion processes driven primarily by slope 
position and land use in mountainous regions (Kumar et al., 
2023). Representative sites from each land-use unit were 
selected using a stratified random sampling design. Soil 
cores were collected using cylindrical corers to depths 
appropriate for the prevailing land-use and site conditions. 
For Cs measurements, soil cores were collected to the full 137

depth of Cs penetration, which varied from 35 to 60 cm 137

depending on local conditions. In total, 371 plot samples 
were collected and analysed for soil erosion assessment.

FIGURE 2 Methodology flowchart of the study.
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Surface soil samples (0-15 cm) were collected and analysed 
for key physicochemical properties, including soil texture, 
bulk density, pH, electrical conductivity (EC), and organic 
carbon, following standard laboratory procedures. A total of 
556 independent soil samples were collected from the 0-15 
cm surface layer across the study area for physicochemical 
characterization. All analyses were conducted at the Central 
Analytical Laboratory (CAL), Indian Institute of Remote 
Sensing (IIRS), Dehradun, following established protocols. 

The activity concentration of Cs in soil samples was 137

determined using gamma spectrometry with a high-purity 
germanium (HPGe) detector (BEGE 5030, Canberra 
Industries Inc., USA), having 48% relative efficiency. Each 
sample (250-350 g) was counted for 60,000 seconds, and 
137Cs activity was quantified from the 661.6 keV gamma 
peak. The detector system, available at the Centre for 
Advanced Research in Environmental Radioactivity 
(CARER), Mangalore University, was calibrated following 
established protocols, as detailed in previous studies 
(Karunakara ., 2013; Mohan ., 2019). The total Cs 137et al et al
inventory (Bq m ) at each sampling location was calculated -2

from measured activity concentrations, soil bulk density, 
and sampling depth.

 Soil erosion and deposition rates were subsequently 
137estimated from the measured Cs inventories using 

established conversion models. The Mass Balance Model I 
was applied to cultivated (ploughed) agricultural sites, 
whereas the Profile Distribution Model was used for 
undisturbed sites, including forest, grassland, scrubland, 
and barren land (Walling et al., 2007). In cases where depth-

137wise Cs activity profiles were available, the Modelling 
Deposition and Erosion rates with RadioNuclides 
(MODERN) model was also employed (Arata et al., 2016), 
following approaches adopted in previous studies. These 
models estimate long-term soil redistribution rates by 

137relating deviations in Cs inventories from the reference 
inventory to net soil loss or deposition.

-1 -1Y = mean annual soil loss (t ha  year ); d = depth of plough 
-3or cultivation layer (m); B = bulk density of soil (kg m ); X = 

137percentage reduction in total Cs inventory P = particle size 
correction factor.

-1 -1Y = annual soil loss (t ha  year ); t = year of sample 
137collection (yr); X = percentage Cs loss in total inventory in 

137respect to the local Cs reference value; h profile shape 0 
-2factor of (kg m ) and (P=1) particle size correction factor 

was used.

Visual soil erosion indicators were systematically recorded 
137at each Cs sampling location through detailed field 

observations. A total of 150 field days were spent surveying 
the study area to ensure adequate spatial coverage across 
different land-use types and topographic conditions. Field 
surveys were conducted primarily during the post-monsoon 
season, when erosion features are most distinct following 
peak rainfall events. The presence, extent, and severity of 
key visual erosion indicators, including sheet erosion 
(surface soil removal and colour change), rills, gullies, 
pedestals, exposed roots, surface sealing, and surface coarse 
fragments, were documented following standardized field 
protocols. At each sampling location, all visible erosion 
features were assessed, and multiple indicators, when 
present, were collectively evaluated to characterize the 
overall erosion condition.

 A semi-quantitative classification scheme was used to 
minimize observer subjectivity. Based on the intensity and 
spatial expression of the observed indicators, each site was 
assigned to one of seven erosion severity classes: E0 (no 

-1 -1erosion), E1 (very slight erosion; 0-5 t ha  yr ), E2 (slight 
-1 -1 -1erosion; 5-10 t ha  yr ), E3 (moderate erosion; 10-15 t ha  

-1 -1 -1yr , E4 (moderately severe erosion; 15-20 t ha  yr ), E5 
-1 -1(severe erosion; 20-40 t ha  yr ), and E6 (very severe 

-1 -1erosion; >40 t ha  yr ). The visually assigned erosion 
c lasses  were  subsequent ly  compared wi th  the 

137corresponding Cs-derived soil erosion rates to evaluate 
the relationship between qualitative field observations and 
quantitative soil erosion measurements. This comparison 
formed the basis for training the visual indicator–erosion 
rate framework developed in this study.

The reliability of field-based visual soil erosion indicators 
was evaluated by comparing the observed erosion classes 
with quantitative soil erosion rates derived from ¹³⁷Cs 
analysis. Both datasets were classified into comparable 
erosion severity classes (E0-E6), enabling direct class-to-
class comparison. To ensure independent and robust 
validation, the complete dataset (n = 371) was divided into a 
training dataset (80%, n = 297) and a validation dataset 
(20%, n = 74) using stratified random sampling while 
preserving class proportions. The training dataset was used 
to establish the classification framework, whereas the 
validation dataset was used exclusively for independent 
accuracy assessment.

 The level of agreement between the visual 
classification and the ¹³⁷Cs-based erosion estimates was 
assessed using Cohen's Kappa coefficient (κ), which 

Anu David Raj et al.

3.5  Validation of visual indicators with soil erosion
rates

|  
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selected using a stratified random sampling design. Soil 
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were collected and analysed for soil erosion assessment.
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Surface soil samples (0-15 cm) were collected and analysed 
for key physicochemical properties, including soil texture, 
bulk density, pH, electrical conductivity (EC), and organic 
carbon, following standard laboratory procedures. A total of 
556 independent soil samples were collected from the 0-15 
cm surface layer across the study area for physicochemical 
characterization. All analyses were conducted at the Central 
Analytical Laboratory (CAL), Indian Institute of Remote 
Sensing (IIRS), Dehradun, following established protocols. 

The activity concentration of Cs in soil samples was 137

determined using gamma spectrometry with a high-purity 
germanium (HPGe) detector (BEGE 5030, Canberra 
Industries Inc., USA), having 48% relative efficiency. Each 
sample (250-350 g) was counted for 60,000 seconds, and 
137Cs activity was quantified from the 661.6 keV gamma 
peak. The detector system, available at the Centre for 
Advanced Research in Environmental Radioactivity 
(CARER), Mangalore University, was calibrated following 
established protocols, as detailed in previous studies 
(Karunakara ., 2013; Mohan ., 2019). The total Cs 137et al et al
inventory (Bq m ) at each sampling location was calculated -2

from measured activity concentrations, soil bulk density, 
and sampling depth.

 Soil erosion and deposition rates were subsequently 
137estimated from the measured Cs inventories using 

established conversion models. The Mass Balance Model I 
was applied to cultivated (ploughed) agricultural sites, 
whereas the Profile Distribution Model was used for 
undisturbed sites, including forest, grassland, scrubland, 
and barren land (Walling et al., 2007). In cases where depth-

137wise Cs activity profiles were available, the Modelling 
Deposition and Erosion rates with RadioNuclides 
(MODERN) model was also employed (Arata et al., 2016), 
following approaches adopted in previous studies. These 
models estimate long-term soil redistribution rates by 

137relating deviations in Cs inventories from the reference 
inventory to net soil loss or deposition.

-1 -1Y = mean annual soil loss (t ha  year ); d = depth of plough 
-3or cultivation layer (m); B = bulk density of soil (kg m ); X = 

137percentage reduction in total Cs inventory P = particle size 
correction factor.

-1 -1Y = annual soil loss (t ha  year ); t = year of sample 
137collection (yr); X = percentage Cs loss in total inventory in 

137respect to the local Cs reference value; h profile shape 0 
-2factor of (kg m ) and (P=1) particle size correction factor 

was used.

Visual soil erosion indicators were systematically recorded 
137at each Cs sampling location through detailed field 

observations. A total of 150 field days were spent surveying 
the study area to ensure adequate spatial coverage across 
different land-use types and topographic conditions. Field 
surveys were conducted primarily during the post-monsoon 
season, when erosion features are most distinct following 
peak rainfall events. The presence, extent, and severity of 
key visual erosion indicators, including sheet erosion 
(surface soil removal and colour change), rills, gullies, 
pedestals, exposed roots, surface sealing, and surface coarse 
fragments, were documented following standardized field 
protocols. At each sampling location, all visible erosion 
features were assessed, and multiple indicators, when 
present, were collectively evaluated to characterize the 
overall erosion condition.

 A semi-quantitative classification scheme was used to 
minimize observer subjectivity. Based on the intensity and 
spatial expression of the observed indicators, each site was 
assigned to one of seven erosion severity classes: E0 (no 

-1 -1erosion), E1 (very slight erosion; 0-5 t ha  yr ), E2 (slight 
-1 -1 -1erosion; 5-10 t ha  yr ), E3 (moderate erosion; 10-15 t ha  

-1 -1 -1yr , E4 (moderately severe erosion; 15-20 t ha  yr ), E5 
-1 -1(severe erosion; 20-40 t ha  yr ), and E6 (very severe 

-1 -1erosion; >40 t ha  yr ). The visually assigned erosion 
c lasses  were  subsequent ly  compared wi th  the 

137corresponding Cs-derived soil erosion rates to evaluate 
the relationship between qualitative field observations and 
quantitative soil erosion measurements. This comparison 
formed the basis for training the visual indicator–erosion 
rate framework developed in this study.

The reliability of field-based visual soil erosion indicators 
was evaluated by comparing the observed erosion classes 
with quantitative soil erosion rates derived from ¹³⁷Cs 
analysis. Both datasets were classified into comparable 
erosion severity classes (E0-E6), enabling direct class-to-
class comparison. To ensure independent and robust 
validation, the complete dataset (n = 371) was divided into a 
training dataset (80%, n = 297) and a validation dataset 
(20%, n = 74) using stratified random sampling while 
preserving class proportions. The training dataset was used 
to establish the classification framework, whereas the 
validation dataset was used exclusively for independent 
accuracy assessment.

 The level of agreement between the visual 
classification and the ¹³⁷Cs-based erosion estimates was 
assessed using Cohen's Kappa coefficient (κ), which 
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accounts for agreement occurring by chance. The Kappa 
coefficient is expressed as:

Where, (P ) is the observed agreement (proportion of o

correctly classified samples), (P ) is the expected agreement e

by chance, calculated from the marginal totals of the 
confusion matrix.

The expected agreement is given by:

Where Ri  and Ci  are the row and column totals for class i, 
and N is the total number of samples.

 The value of κ ranges from -1 to 1, where values closer 
to 1 indicate strong agreement, values around 0 indicate 
agreement no better than random chance, and negative 
values indicate disagreement. In general, κ values > 0.60 are 
considered to represent substantial agreement, while values 
> 0.80 indicate almost perfect agreement. The use of an 
independent validation dataset, combined with confusion 
matrix-based accuracy metrics, provides a robust statistical 
framework for evaluating the effectiveness of visual 
indicators in representing actual soil erosion severity. This 
approach ensures that the classification framework is not 
only internally consistent but also generalizable, supporting 
its application as a reliable and cost-effective field-based 
assessment tool.  

Soil pH across the study area ranged from strongly acidic to 
slightly alkaline (3.1-8.2), with a mean value of 5.5 ± 0.9, 
indicating predominantly moderately acidic conditions 
(Fig. 3). Grassland soils exhibited significantly lower pH 
(4.7 ± 0.6) compared to other land use/land cover (LULC) 
types (P < 0.05), whereas forest (5.4 ± 1.0), agricultural (5.5 
± 0.8), and scrubland soils (5.6 ± 0.9) showed no significant 
differences. Soil acidification in forest and grassland 
ecosystems is primarily driven by carbonic acid formation 
from CO  released during root respiration and microbial 2

activity, along with contributions from organic acids and 
atmospheric deposition (Müller , 2022). Slightly et al.
higher pH values in agricultural soils may be attributed to 
management practices aimed at maintaining soil fertility.

The soils were non-saline, with EC values ranging from 2 to 
844 µS cm⁻¹ (mean: 93.7 ± 112.9 µS cm⁻¹), indicating high 
spatial variability (Fig. 3). Grassland soils showed 
significantly higher EC (188.1 ± 160.6 µS cm⁻¹) compared 
to other LULC types (P < 0.05), while forest (89.3 ± 98.6 µS 
cm⁻¹), agricultural (88.9 ± 113.8 µS cm⁻¹), and scrubland

soils (100.8 ± 118.7 µS cm⁻¹) did not differ significantly. 
Higher EC in grasslands may be linked to the presence of 
calcium-rich parent material (limestone), whereas lower EC 
in cultivated soils is likely due to leaching and erosion of 
soluble bases under continuous agricultural practices (Jaleta 
Negasa, 2020). These findings are consistent with previous 
studies reporting relatively higher EC in natural ecosystems 
compared to cultivated lands.

According to  USDA classif icat ion,  soi ls  were 
predominantly loamy, with sandy loam (45%) and loam 
(38%) as the dominant textural classes, followed by silt 
loam and other minor classes (Fig. 3 and 4). Sand content 
was highest in scrubland (60.9 ± 12.1%), followed by forest 
(55.6 ± 10.9%), agriculture (47.9 ± 13.9%), and grassland 
(40.0 ± 15.3%), with significant differences across all 
LULC types (P < 0.05). Silt content was comparatively 
higher in agricultural soils (33.6 ± 11.6%), likely due to 
terrace farming, which traps fine sediments from upslope 
areas. Terrace farming is primarily adopted in the 
agriculture land which effectively traps fine sediments from 
the upslope area ( ) and results in Mekonnen et al., 2015
higher silt content than the forest soils. Clay content was 
highest in grasslands (31.4 ± 22.4%), reflecting reduced 
erosion and better retention of fine particles under dense 
vegetation cover. The presence of vegetation minimizes 
selective removal of fine fractions, thereby maintaining 
higher silt and clay content (Koiter et al., 2017). Overall, 
texture variations highlight the influence of both erosion 
processes and land management practices, with coarser 
fractions dominating in degraded landscapes and finer 
particles retained in stable, vegetated areas. 

Bulk density ranged from 0.61 to 1.53 g cm⁻³, with a mean 
of 0.97 ± 0.16 g cm⁻³ (Fig. 3). The highest BD was observed 
in scrubland (1.21 ± 0.11 g cm⁻³), followed by agriculture 
(0.97 ± 0.13 g cm⁻³) and grassland (0.92 ± 0.20 g cm⁻³), 
while forest soils exhibited the lowest values (0.91 ± 0.16 g 
cm⁻³). Significant differences were observed among most 
LULC types (P < 0.05). Lower BD in forest soils is 
associated with higher organic matter content, bioturbation, 
and improved soil structure, whereas higher BD in 
scrubland reflects reduced organic inputs and soil 
compaction (Meusburger ., 2013). The inverse et al
relationship between bulk density and soil organic carbon is 
well established (Dexter , 2005; Keller and Håkansson, et al.
2010).

The total organic carbon (TOC) content in the soils ranged 
from 0.3 to 22.7% with a mean value of 3.3 ± 2.3 % (Fig  4). .
The high TOC was found in the grassland soils (8.3 ± 6 %), 
followed by forest (3.9 ± 2.5 %), scrubland (2.8 ± 1.9 %) and 
agriculture (2.7 ± 1.3 %). Except agriculture and scrubland 
all other land use/land cover combinations were statistically 
different at a P value of <0.05. Yang  (2018) reported et al.
SOC concentrations of 7.61 ± 0.53% in the upper 10 cm of a 
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FIGURE 3 Distribution of soil pH, EC, textural composition and soil bulk density using rain-cloud plot.
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Peruvian alpine grassland and 10.54 ± 0.07% in the upper 
20 cm of Venezuelan Andean grassland soils (Sarmiento 
and Bottner, 2002). In general, high soil organic carbon 
content can be found in grassland as well as forest soils 
(Padarian ., 2022). Dorji .  (2014) found that forest et al et al ,
and grass land soils has high soil organic carbon compared 
to cultivated regions. Nadelhoffer  (2004) stated that et al.,
plant litter and root influences the soil organic matter 
production. Excessive tillage and intensive cultivation can 

reduce soil organic carbon from the agricultural soils (Singh 
et al., 2007). In scrubland due to the absence of sufficient 
cover selectively removed the fine particle this eroded soil 
experiences a significant reduction in its soil organic matter 
pool (Óskarsson ., 2004). This pattern of TOC variation et al
across different land uses and land cover types aligns well 
with the distribution of bulk density observed in the Tehri 
Dam catchment area.

FIGURE 4 Distribution of (a) soil textural classes and (b) soil organic carbon in the study area.
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accounts for agreement occurring by chance. The Kappa 
coefficient is expressed as:

Where, (P ) is the observed agreement (proportion of o

correctly classified samples), (P ) is the expected agreement e

by chance, calculated from the marginal totals of the 
confusion matrix.

The expected agreement is given by:

Where Ri  and Ci  are the row and column totals for class i, 
and N is the total number of samples.

 The value of κ ranges from -1 to 1, where values closer 
to 1 indicate strong agreement, values around 0 indicate 
agreement no better than random chance, and negative 
values indicate disagreement. In general, κ values > 0.60 are 
considered to represent substantial agreement, while values 
> 0.80 indicate almost perfect agreement. The use of an 
independent validation dataset, combined with confusion 
matrix-based accuracy metrics, provides a robust statistical 
framework for evaluating the effectiveness of visual 
indicators in representing actual soil erosion severity. This 
approach ensures that the classification framework is not 
only internally consistent but also generalizable, supporting 
its application as a reliable and cost-effective field-based 
assessment tool.  

Soil pH across the study area ranged from strongly acidic to 
slightly alkaline (3.1-8.2), with a mean value of 5.5 ± 0.9, 
indicating predominantly moderately acidic conditions 
(Fig. 3). Grassland soils exhibited significantly lower pH 
(4.7 ± 0.6) compared to other land use/land cover (LULC) 
types (P < 0.05), whereas forest (5.4 ± 1.0), agricultural (5.5 
± 0.8), and scrubland soils (5.6 ± 0.9) showed no significant 
differences. Soil acidification in forest and grassland 
ecosystems is primarily driven by carbonic acid formation 
from CO  released during root respiration and microbial 2

activity, along with contributions from organic acids and 
atmospheric deposition (Müller , 2022). Slightly et al.
higher pH values in agricultural soils may be attributed to 
management practices aimed at maintaining soil fertility.

The soils were non-saline, with EC values ranging from 2 to 
844 µS cm⁻¹ (mean: 93.7 ± 112.9 µS cm⁻¹), indicating high 
spatial variability (Fig. 3). Grassland soils showed 
significantly higher EC (188.1 ± 160.6 µS cm⁻¹) compared 
to other LULC types (P < 0.05), while forest (89.3 ± 98.6 µS 
cm⁻¹), agricultural (88.9 ± 113.8 µS cm⁻¹), and scrubland

soils (100.8 ± 118.7 µS cm⁻¹) did not differ significantly. 
Higher EC in grasslands may be linked to the presence of 
calcium-rich parent material (limestone), whereas lower EC 
in cultivated soils is likely due to leaching and erosion of 
soluble bases under continuous agricultural practices (Jaleta 
Negasa, 2020). These findings are consistent with previous 
studies reporting relatively higher EC in natural ecosystems 
compared to cultivated lands.

According to  USDA classif icat ion,  soi ls  were 
predominantly loamy, with sandy loam (45%) and loam 
(38%) as the dominant textural classes, followed by silt 
loam and other minor classes (Fig. 3 and 4). Sand content 
was highest in scrubland (60.9 ± 12.1%), followed by forest 
(55.6 ± 10.9%), agriculture (47.9 ± 13.9%), and grassland 
(40.0 ± 15.3%), with significant differences across all 
LULC types (P < 0.05). Silt content was comparatively 
higher in agricultural soils (33.6 ± 11.6%), likely due to 
terrace farming, which traps fine sediments from upslope 
areas. Terrace farming is primarily adopted in the 
agriculture land which effectively traps fine sediments from 
the upslope area ( ) and results in Mekonnen et al., 2015
higher silt content than the forest soils. Clay content was 
highest in grasslands (31.4 ± 22.4%), reflecting reduced 
erosion and better retention of fine particles under dense 
vegetation cover. The presence of vegetation minimizes 
selective removal of fine fractions, thereby maintaining 
higher silt and clay content (Koiter et al., 2017). Overall, 
texture variations highlight the influence of both erosion 
processes and land management practices, with coarser 
fractions dominating in degraded landscapes and finer 
particles retained in stable, vegetated areas. 

Bulk density ranged from 0.61 to 1.53 g cm⁻³, with a mean 
of 0.97 ± 0.16 g cm⁻³ (Fig. 3). The highest BD was observed 
in scrubland (1.21 ± 0.11 g cm⁻³), followed by agriculture 
(0.97 ± 0.13 g cm⁻³) and grassland (0.92 ± 0.20 g cm⁻³), 
while forest soils exhibited the lowest values (0.91 ± 0.16 g 
cm⁻³). Significant differences were observed among most 
LULC types (P < 0.05). Lower BD in forest soils is 
associated with higher organic matter content, bioturbation, 
and improved soil structure, whereas higher BD in 
scrubland reflects reduced organic inputs and soil 
compaction (Meusburger ., 2013). The inverse et al
relationship between bulk density and soil organic carbon is 
well established (Dexter , 2005; Keller and Håkansson, et al.
2010).

The total organic carbon (TOC) content in the soils ranged 
from 0.3 to 22.7% with a mean value of 3.3 ± 2.3 % (Fig  4). .
The high TOC was found in the grassland soils (8.3 ± 6 %), 
followed by forest (3.9 ± 2.5 %), scrubland (2.8 ± 1.9 %) and 
agriculture (2.7 ± 1.3 %). Except agriculture and scrubland 
all other land use/land cover combinations were statistically 
different at a P value of <0.05. Yang  (2018) reported et al.
SOC concentrations of 7.61 ± 0.53% in the upper 10 cm of a 
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FIGURE 3 Distribution of soil pH, EC, textural composition and soil bulk density using rain-cloud plot.
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Peruvian alpine grassland and 10.54 ± 0.07% in the upper 
20 cm of Venezuelan Andean grassland soils (Sarmiento 
and Bottner, 2002). In general, high soil organic carbon 
content can be found in grassland as well as forest soils 
(Padarian ., 2022). Dorji .  (2014) found that forest et al et al ,
and grass land soils has high soil organic carbon compared 
to cultivated regions. Nadelhoffer  (2004) stated that et al.,
plant litter and root influences the soil organic matter 
production. Excessive tillage and intensive cultivation can 

reduce soil organic carbon from the agricultural soils (Singh 
et al., 2007). In scrubland due to the absence of sufficient 
cover selectively removed the fine particle this eroded soil 
experiences a significant reduction in its soil organic matter 
pool (Óskarsson ., 2004). This pattern of TOC variation et al
across different land uses and land cover types aligns well 
with the distribution of bulk density observed in the Tehri 
Dam catchment area.

FIGURE 4 Distribution of (a) soil textural classes and (b) soil organic carbon in the study area.
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Understanding the dynamics of soil erosion in the 
Himalayan environment is inherently challenging due to 
pronounced spatial and temporal variability in landscape 
characteristics. The nature and intensity of erosion 
processes vary with observation scale, season, and 
prevailing environmental conditions, which strongly 
influence their perception and interpretation. To capture this 
variability, extensive field surveys were conducted 
primarily during the post-monsoon (September-November) 
and pre-monsoon (March-June) periods, thereby avoiding 
the peak rainfall and snowfall seasons that restrict 
accessibility and obscure surface indicators. These 
observation windows allowed clearer identification of 
erosion features formed during the monsoon while 
minimizing interference from active precipitation events.

 Field observations indicate that soil erosion processes 
in the Himalayan region are highly dynamic and often 
transient, driven by the interplay of steep slopes, fragile 
lithology, and high-intensity rainfall. Many erosion 
features, particularly those associated with surface runoff, 
are short-lived and may be rapidly modified or obliterated 
by subsequent events. Nevertheless, several distinct and 
recurring indicators of erosion were systematically 
identified across the study area, providing valuable insights 
into the dominant erosion processes and their spatial 
distribution. These field-based observations form a critical 
basis for linking qualitative visual indicators with 

137quantitative soil redistribution rates derived from FRN- Cs 
measurements, thereby enabling a more robust and rapid 
assessment of soil erosion in complex mountainous terrains.

Representative field photographs of the observed erosion
features are presented in  Fig. 5. The reconnaissance survey 
across the Himalayan catchments revealed a wide spectrum 
of erosion processes, varying in form, persistence, and 
spatial dominance. Splash, sheet, and rill erosion were 
commonly observed but were generally short-lived due to 
rapid surface modification under high-intensity rainfall and 
steep slopes. Splash erosion was particularly evident in 
areas with sparse or absent vegetation cover and soils of low 
structural resistance, where raindrop impact initiates 
particle detachment. These early-stage erosion processes 
play a crucial role in weakening soil structure and enhancing 
susceptibility to further detachment and transport. In 
particular, cultivated and recently ploughed soils were 
found to be more prone to crust formation and sheet erosion 
(Legout ., 2005). In contrast, gully erosion emerged as et al
the most prominent and persistent form of land degradation 
across the study area. Gullies were often deep and 
elongated, frequently evolving into first-order drainage 
channels. Their occurrence was widespread in scrublands, 
sparsely vegetated areas, and even within forested regions. 
In forested terrains, topographic controls facilitate the 
concentration of overland flow into natural depressions, 
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4.2.1

Field survey-based characterization of soil 

Reconnaissance observations in the catch-
ment

erosion process
|  

|  

accelerating incision and gully expansion. Although 
terracing in cultivated lands disrupts slope continuity and   
reduces flow velocity, localized concentration of runoff 
between terraces, particularly on steep and highly dissected 
slopes, can still initiate gully formation. Significant 
variations in drainage characteristics were observed among 
the sub-catchments. The Bhagirathi sub-catchment 
exhibited a well-developed, deeply incised, and extensive 
drainage network, whereas the Bhilangana and Balganga 
catchments showed relatively smaller and less complex 
systems. The Balganga catchment, characterized by dense 
forest cover, displayed comparatively lower drainage 
density. Consistent with previous studies (Clubb , et al.
2016), areas with higher drainage density were associated 
with increased erosion intensity, reflecting more efficient 
runoff conveyance and sediment transport.  

 Riverbank erosion was a pervasive feature throughout 
the drainage network. The steep gradients typical of 
Himalayan rivers enhance flow velocity, increasing their 
erosive power. Moreover, during high-flow conditions, 
rivers often exceed their sediment transport capacity, 
leading to bank undercutting and channel widening. Such 
processes are further intensified during extreme 
hydrological events, including cloudbursts, intense 
convective storms, and glacial lake outburst floods 
(GLOFs), which significantly amplify runoff and sediment 
flux within the catchments. Overall, these reconnaissance 
observations highlight the complex interplay of topography, 
land cover, and hydrological dynamics in governing soil 
erosion processes in the Himalayan region, providing a vital 

137field-based context for interpreting FRN- Cs-derived soil 
redistribution patterns. 

Topographic aspect exerts a significant control on 
vegetation distribution, soil moisture conditions, and 
consequently, soil erosion processes across the Himalayan 
catchments. A clear contrast was observed between 
northern and southern slope aspects in all sub-catchments. 
The northern aspects are predominantly covered with dense 
natural vegetation, supported by relatively lower solar 
insolation, cooler microclimatic conditions, and higher soil 
moisture retention. These conditions favour the growth of 
species such as Rhododendron, Deodar, and Oak (Fig  6a). .
In contrast, the southern aspects receive higher solar 
radiation, resulting in warmer and relatively drier 
conditions that are more suitable for agricultural activities. 
As a result, these slopes are largely converted into cultivated 
lands and are often interspersed with Pine-dominated 
forests. Field observations indicate that vegetation cover on 
southern aspects is comparatively sparse, reducing surface 
protection against raindrop impact and overland flow 
Consequently, these slopes are more susceptible to soil 
erosion (del Pino and Ruiz-Gallardo, 2015). The southern 
aspects also exhibit a more dissected terrain, characterized 
by the presence of exposed bedrock, permanent gullies, and 
enhanced surface runoff pathways (Fig  6b). In several .
cultivated areas, this dissection is further accentuated by 
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FIGURE 5  Different types of soil erosion observed in the Tehri dam catchment (a) splash erosion - visible removal of soil 
particles by raindrop impact, (b) sheet erosion - a thin layer of topsoil removed uniformly across the surface, 
(c) rill erosion - small, narrow channels formed by concentrated water flow, (d) advancing gully - deeply 
incised channels formed by progressively concentrated water flow, (e) well-developed gully - under high 
rainfall and steep slope conditions, and (f) riverbank erosion - scouring and undercutting of riverbanks by 
flowing water.
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4.2.2 Topographic controls on soil erosion|  

improper land management and slope modification. 
Geologically, the catchment primarily representing the 
Lesser and Middle Himalayas are dominated by 
sedimentary formations with relatively low structural 
strength. These weak lithological units are highly 
vulnerable to erosion and facilitate rapid soil detachment 
and transport. Moreover, such conditions increase the 

susceptibility of these areas to mass wasting processes, 
including landslides, particularly under intense rainfall 
events (Fi  6a). Overall, the combined influence of aspect-g.
driven microclimate, vegetation cover, and lithological 
characteristics plays a critical role in governing the spatial 
variability of soil erosion across the Himalayan landscape.
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Understanding the dynamics of soil erosion in the 
Himalayan environment is inherently challenging due to 
pronounced spatial and temporal variability in landscape 
characteristics. The nature and intensity of erosion 
processes vary with observation scale, season, and 
prevailing environmental conditions, which strongly 
influence their perception and interpretation. To capture this 
variability, extensive field surveys were conducted 
primarily during the post-monsoon (September-November) 
and pre-monsoon (March-June) periods, thereby avoiding 
the peak rainfall and snowfall seasons that restrict 
accessibility and obscure surface indicators. These 
observation windows allowed clearer identification of 
erosion features formed during the monsoon while 
minimizing interference from active precipitation events.

 Field observations indicate that soil erosion processes 
in the Himalayan region are highly dynamic and often 
transient, driven by the interplay of steep slopes, fragile 
lithology, and high-intensity rainfall. Many erosion 
features, particularly those associated with surface runoff, 
are short-lived and may be rapidly modified or obliterated 
by subsequent events. Nevertheless, several distinct and 
recurring indicators of erosion were systematically 
identified across the study area, providing valuable insights 
into the dominant erosion processes and their spatial 
distribution. These field-based observations form a critical 
basis for linking qualitative visual indicators with 

137quantitative soil redistribution rates derived from FRN- Cs 
measurements, thereby enabling a more robust and rapid 
assessment of soil erosion in complex mountainous terrains.

Representative field photographs of the observed erosion
features are presented in  Fig. 5. The reconnaissance survey 
across the Himalayan catchments revealed a wide spectrum 
of erosion processes, varying in form, persistence, and 
spatial dominance. Splash, sheet, and rill erosion were 
commonly observed but were generally short-lived due to 
rapid surface modification under high-intensity rainfall and 
steep slopes. Splash erosion was particularly evident in 
areas with sparse or absent vegetation cover and soils of low 
structural resistance, where raindrop impact initiates 
particle detachment. These early-stage erosion processes 
play a crucial role in weakening soil structure and enhancing 
susceptibility to further detachment and transport. In 
particular, cultivated and recently ploughed soils were 
found to be more prone to crust formation and sheet erosion 
(Legout ., 2005). In contrast, gully erosion emerged as et al
the most prominent and persistent form of land degradation 
across the study area. Gullies were often deep and 
elongated, frequently evolving into first-order drainage 
channels. Their occurrence was widespread in scrublands, 
sparsely vegetated areas, and even within forested regions. 
In forested terrains, topographic controls facilitate the 
concentration of overland flow into natural depressions, 
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accelerating incision and gully expansion. Although 
terracing in cultivated lands disrupts slope continuity and   
reduces flow velocity, localized concentration of runoff 
between terraces, particularly on steep and highly dissected 
slopes, can still initiate gully formation. Significant 
variations in drainage characteristics were observed among 
the sub-catchments. The Bhagirathi sub-catchment 
exhibited a well-developed, deeply incised, and extensive 
drainage network, whereas the Bhilangana and Balganga 
catchments showed relatively smaller and less complex 
systems. The Balganga catchment, characterized by dense 
forest cover, displayed comparatively lower drainage 
density. Consistent with previous studies (Clubb , et al.
2016), areas with higher drainage density were associated 
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leading to bank undercutting and channel widening. Such 
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137field-based context for interpreting FRN- Cs-derived soil 
redistribution patterns. 

Topographic aspect exerts a significant control on 
vegetation distribution, soil moisture conditions, and 
consequently, soil erosion processes across the Himalayan 
catchments. A clear contrast was observed between 
northern and southern slope aspects in all sub-catchments. 
The northern aspects are predominantly covered with dense 
natural vegetation, supported by relatively lower solar 
insolation, cooler microclimatic conditions, and higher soil 
moisture retention. These conditions favour the growth of 
species such as Rhododendron, Deodar, and Oak (Fig  6a). .
In contrast, the southern aspects receive higher solar 
radiation, resulting in warmer and relatively drier 
conditions that are more suitable for agricultural activities. 
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lands and are often interspersed with Pine-dominated 
forests. Field observations indicate that vegetation cover on 
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Consequently, these slopes are more susceptible to soil 
erosion (del Pino and Ruiz-Gallardo, 2015). The southern 
aspects also exhibit a more dissected terrain, characterized 
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enhanced surface runoff pathways (Fig  6b). In several .
cultivated areas, this dissection is further accentuated by 
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FIGURE 5  Different types of soil erosion observed in the Tehri dam catchment (a) splash erosion - visible removal of soil 
particles by raindrop impact, (b) sheet erosion - a thin layer of topsoil removed uniformly across the surface, 
(c) rill erosion - small, narrow channels formed by concentrated water flow, (d) advancing gully - deeply 
incised channels formed by progressively concentrated water flow, (e) well-developed gully - under high 
rainfall and steep slope conditions, and (f) riverbank erosion - scouring and undercutting of riverbanks by 
flowing water.
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improper land management and slope modification. 
Geologically, the catchment primarily representing the 
Lesser and Middle Himalayas are dominated by 
sedimentary formations with relatively low structural 
strength. These weak lithological units are highly 
vulnerable to erosion and facilitate rapid soil detachment 
and transport. Moreover, such conditions increase the 

susceptibility of these areas to mass wasting processes, 
including landslides, particularly under intense rainfall 
events (Fi  6a). Overall, the combined influence of aspect-g.
driven microclimate, vegetation cover, and lithological 
characteristics plays a critical role in governing the spatial 
variability of soil erosion across the Himalayan landscape.
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FIGURE 6 (a) High landslide-prone middle Himalayas (sedimentary) - consists predominantly of sedimentary rock 
formations that are structurally weak, (b) less landslide-prone higher Himalayas (Central Crystalline) - 
comprising primarily of igneous and metamorphic rock with stronger and more stable formations, (c) 
barren land in the Trans-Himalayas (sedimentary) - characterized by cold desert and barren landscape, 
with sparse vegetation and exposed rock outcrops, (d) gully formation due to glacial erosion - glacial 
meltwater and the movement of glaciers have led to the formation of deep gullies and (e) dwarf deodar 
trees observed in Neylong Valley - features adaptation of vegetation, and (f) soil erosion due to snowmelt 
runoff - the snowmelt is prevalent, the runoff from melting snow causes erosion, particularly on slopes. 
This process removes the topsoil and can lead to the exposure of underlying rock.
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4.2.3 Field-based characterization of soil erosion
processes and features

|  

Field observations across the catchment revealed a diverse 
range of soil erosion processes controlled by lithology, 
elevation, vegetation cover, and hydrological dynamics. 
Among these, landslides constitute a dominant mechanism 
of soil redistribution, particularly along the stretch from 
Chamba to Bhatwari along NH-34 (Fig. 6a). While the 
frequency of landslides decreases towards Gangotri due to 
the  presence of more resistant igneous and metamorphic 
rocks of the Central Crystalline zone (Fig. 6b), a critical 
anthropogenic driver of slope instability is unscientific road 
construction. In the Himalayan terrain, road expansion is 
often carried out through aggressive slope cutting, 
inadequate drainage planning, and improper disposal of 
excavated materials (muck), which significantly destabilize 
slopes. These practices weaken the natural structural 
integrity of hillslopes, making them highly susceptible to 
failure during the monsoon. As a result, road corridors act as 
hotspots of recurrent landslides, triggering large-scale soil 
loss and sediment transport every year. The repeated 
occurrence of such failures not only accelerates land 
degradation but also disrupts ecological stability and 
increases downstream sedimentation, highlighting the 
urgent need for slope-sensitive and scientifically designed 
infrastructure development in the Himalayas (Kaushal et 
al., 2025; Saha, and Bera, 2025). In the upper reaches, 
particularly from Bhaironghati near Harsil to the Neylong 
Valley and Pulam Sumda region, soils are generally 
shallow, immature, and loosely structured. These 
conditions, combined with sparse or absent vegetation, 
make the terrain highly susceptible to erosion. A clear 
altitudinal gradient in vegetation is observed, transitioning 
from dense forests to shrubs, grasses, and ultimately barren 
landscapes at higher elevations. In these Trans-Himalayan 
regions, erosion processes are further influenced by 
snowmelt, glacier dynamics, and gravity-driven mass 
movement (Fig. 6c-e). Continuous snowmelt contributes to 
the downslope transport of loose materials, often leaving 
behind exposed bedrock with minimal soil cover just below 
snow-capped zones (Fig. 6f).

 Splash erosion was rarely observed, whereas sheet and 
rill erosion were more evident during or immediately after 
rainfall events. Residual signatures of sheet erosion were 
identified in the form of surface armouring, characterized 
by the depletion of fine particles and the relative enrichment 
of coarse fragments (Fig. 7a), resulting from the selective 
removal of silt and clay fractions ( ). Wang and Shi, 2015
Vegetation cover plays a critical role in modulating erosion 
processes. Forested areas exhibited significantly lower 
surface runoff and soil loss due to the presence of leaf litter 
and multi-storey vegetation structure (Fig. 7b). The litter 
layer acts as a protective barrier, reducing raindrop impact 
and enhancing infiltration, while the underlying organic-
rich horizon improves soil aggregation, porosity, and water 
retention ( ). Tree roots further Zuazo and Pleguezuelo, 2009
stabilize the soil and limit downslope transport. 

Consequently, such areas generally lack well-defined 
concentrated flow features like gullies and are characterized 
by dark, organic-rich, and structurally stable soils. These 
conditions were predominantly observed on northern 
aspects of the catchment. However, localized erosion 
features were also identified within forested regions. 
Concentrated through-fall and channelized surface runoff 
can generate small gullies (Fig. 7c) and expose tree roots 
due to progressive soil removal (Fig. 7d), particularly where 
protective ground cover is disturbed (Vanwalleghem et al., 
2003; Wallace et al., 2018).

 In cultivated landscapes, terraces play a key role in 
modifying natural slope hydrology. While they generally 
reduce slope length and runoff velocity, improper 
maintenance and abandonment can lead to structural 
failure. Broken and collapsing terraces were observed in 
several locations (Fig  7e), often resulting from excessive .
runoff from upslope areas and inadequate reinforcement 
( ). In addition, high overland flow in Tarolli et al., 2014
sloping agricultural fields was observed to bend grasses 
downslope, indicating flow direction and intensity, 
although such vegetation still provides partial protection 
against soil erosion (Fig  7f). Overall, these field-based .
observations highlight the complex interactions between 
geomorphic processes, vegetation dynamics, and land-use 
practices in shaping soil erosion patterns across the 
Himalayan landscape. 

In the alpine grasslands of the Himalayas, dense grass cover 
plays a vital role in protecting the soil surface by 
intercepting rainfall and minimizing the direct impact of 
raindrops (Marques ., 2010). This vegetation layer et al
reduces detachment of soil particles, enhances surface 
roughness, and promotes infiltration, thereby contributing 
to overall soil stability. However, these fragile ecosystems 
are highly sensitive to anthropogenic disturbances, 
particularly livestock grazing. Continuous trampling by 
livestock compacts the surface soil, leading to a decline in 
permeability and infiltration capacity (Fig. 8a). The 
compaction of moist, fine-textured soils especially those 
with higher silt content alters soil physical properties, 
resulting in the formation of a dense surface layer (Valentin, 
1985). This hardened layer restricts water infiltration and 
increases both the volume and velocity of surface runoff 
(Dunne ., 2011). Consequently, a larger proportion of et al
rainfall is converted into overland flow, enhancing the 
detachment and transport of soil particles.

 In addition to compaction, grazing activities disturb the 
protective grass cover. Hoof action dislodges and uproots 
vegetation, weakening the root network that binds the soil. 
The resulting bare patches become highly susceptible to 
erosion, as runoff preferentially flows through these 
exposed areas, removing fine soil particles and expanding 
the degraded zones (Fig. 8b). Runoff generated from 
upslope areas tends to concentrate in natural depressions 
within the grasslands. In the absence of sufficient vegetation
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processes and features
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construction. In the Himalayan terrain, road expansion is 
often carried out through aggressive slope cutting, 
inadequate drainage planning, and improper disposal of 
excavated materials (muck), which significantly destabilize 
slopes. These practices weaken the natural structural 
integrity of hillslopes, making them highly susceptible to 
failure during the monsoon. As a result, road corridors act as 
hotspots of recurrent landslides, triggering large-scale soil 
loss and sediment transport every year. The repeated 
occurrence of such failures not only accelerates land 
degradation but also disrupts ecological stability and 
increases downstream sedimentation, highlighting the 
urgent need for slope-sensitive and scientifically designed 
infrastructure development in the Himalayas (Kaushal et 
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particularly from Bhaironghati near Harsil to the Neylong 
Valley and Pulam Sumda region, soils are generally 
shallow, immature, and loosely structured. These 
conditions, combined with sparse or absent vegetation, 
make the terrain highly susceptible to erosion. A clear 
altitudinal gradient in vegetation is observed, transitioning 
from dense forests to shrubs, grasses, and ultimately barren 
landscapes at higher elevations. In these Trans-Himalayan 
regions, erosion processes are further influenced by 
snowmelt, glacier dynamics, and gravity-driven mass 
movement (Fig. 6c-e). Continuous snowmelt contributes to 
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identified in the form of surface armouring, characterized 
by the depletion of fine particles and the relative enrichment 
of coarse fragments (Fig. 7a), resulting from the selective 
removal of silt and clay fractions ( ). Wang and Shi, 2015
Vegetation cover plays a critical role in modulating erosion 
processes. Forested areas exhibited significantly lower 
surface runoff and soil loss due to the presence of leaf litter 
and multi-storey vegetation structure (Fig. 7b). The litter 
layer acts as a protective barrier, reducing raindrop impact 
and enhancing infiltration, while the underlying organic-
rich horizon improves soil aggregation, porosity, and water 
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stabilize the soil and limit downslope transport. 

Consequently, such areas generally lack well-defined 
concentrated flow features like gullies and are characterized 
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conditions were predominantly observed on northern 
aspects of the catchment. However, localized erosion 
features were also identified within forested regions. 
Concentrated through-fall and channelized surface runoff 
can generate small gullies (Fig. 7c) and expose tree roots 
due to progressive soil removal (Fig. 7d), particularly where 
protective ground cover is disturbed (Vanwalleghem et al., 
2003; Wallace et al., 2018).

 In cultivated landscapes, terraces play a key role in 
modifying natural slope hydrology. While they generally 
reduce slope length and runoff velocity, improper 
maintenance and abandonment can lead to structural 
failure. Broken and collapsing terraces were observed in 
several locations (Fig  7e), often resulting from excessive .
runoff from upslope areas and inadequate reinforcement 
( ). In addition, high overland flow in Tarolli et al., 2014
sloping agricultural fields was observed to bend grasses 
downslope, indicating flow direction and intensity, 
although such vegetation still provides partial protection 
against soil erosion (Fig  7f). Overall, these field-based .
observations highlight the complex interactions between 
geomorphic processes, vegetation dynamics, and land-use 
practices in shaping soil erosion patterns across the 
Himalayan landscape. 

In the alpine grasslands of the Himalayas, dense grass cover 
plays a vital role in protecting the soil surface by 
intercepting rainfall and minimizing the direct impact of 
raindrops (Marques ., 2010). This vegetation layer et al
reduces detachment of soil particles, enhances surface 
roughness, and promotes infiltration, thereby contributing 
to overall soil stability. However, these fragile ecosystems 
are highly sensitive to anthropogenic disturbances, 
particularly livestock grazing. Continuous trampling by 
livestock compacts the surface soil, leading to a decline in 
permeability and infiltration capacity (Fig. 8a). The 
compaction of moist, fine-textured soils especially those 
with higher silt content alters soil physical properties, 
resulting in the formation of a dense surface layer (Valentin, 
1985). This hardened layer restricts water infiltration and 
increases both the volume and velocity of surface runoff 
(Dunne ., 2011). Consequently, a larger proportion of et al
rainfall is converted into overland flow, enhancing the 
detachment and transport of soil particles.

 In addition to compaction, grazing activities disturb the 
protective grass cover. Hoof action dislodges and uproots 
vegetation, weakening the root network that binds the soil. 
The resulting bare patches become highly susceptible to 
erosion, as runoff preferentially flows through these 
exposed areas, removing fine soil particles and expanding 
the degraded zones (Fig. 8b). Runoff generated from 
upslope areas tends to concentrate in natural depressions 
within the grasslands. In the absence of sufficient vegetation
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FIGURE 7 Soil erosion features observed in the Tehri dam catchment- (a) selective removal fine particle from cultivated 
land, (b) dense leaf litter cover observed in the forest- a thick layer of leaf litter covers the forest floor, providing 
a protective barrier against soil erosion, (c) gully erosion in the pine forest - where water has carved out deep 
channels in the soil, (d) exposed roots in the oak forest due to sheet erosion - leads to the gradual removal of the 
topsoil layer, (e) broken terraces in the field due to land abandonment - without proper maintenance, such as 
stone patching and vegetation management, the terraces fail to withstand the forces of erosion, and (f) slanted 
grasses observed at the edge of terraces safely dispose of overflow water.

cover, these flow paths intensify and initiate channelized 
erosion, eventually leading to gully formation (Fig  8c). The .
dominant silt loam soils in these regions are inherently 
prone to erosion due to their fine texture and relatively low 
structural cohesion. As a result, gullies may progressively 
deepen and widen, in some cases extending down to the 
underlying bedrock, often limestone (Fig  8d). Overall, .
while intact grass cover serves as an effective natural barrier 

against soil erosion, disturbances caused by grazing and 
trampling disrupt this equilibrium, significantly 
accelerating erosion processes. These observations 
highlight that, alongside natural drivers such as rainfall, 
snowmelt, and gravity, anthropogenic pressures play a 
crucial role in shaping soil erosion dynamics in alpine 
grasslands. 
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4.3 Integration of field soil erosion indicators and
¹³⁷Cs-based soil erosion rates

|  

FIGURE 8 (a) Grazing by sheep - sheep feeding on grasses, impacting soil and vegetation, (b) soil removal due to trampling - 
soil erosion caused by the repetitive walking and trampling of sheep, (c) gully formation - deep channels 
created by water erosion, often exacerbated by the absence of vegetation, and (d) maximum vertical scouring 
of the gully up to bedrock - Severe erosion within the gully, eroding soil down to the underlying bedrock.

Field-observed soil erosion indicators (Table 1), 
systematically documented during the survey (Section 4.2), 

137were integrated with Cs-derived soil erosion rates to 
establish a robust and field-applicable soil erosion 
classification framework for the Himalayan region. By 
linking qualitative visual indicators such as rills, gullies, 
pedestals, surface coarse fragments, and exposed roots with 
quantitative estimates of soil redistribution, a comprehen- 
sive approach was developed to assess erosion severity 
across diverse landscapes.

 A detailed field campaign was conducted, combining 
visual assessment of erosion features with random-based 

137soil sampling for Cs analysis. At each sampling location, 
the dominant erosion processes and indicators were 
recorded and assigned to predefined erosion classes. These

field-based classifications were then directly compared 
with the net soil erosion or deposition rates derived from the 
¹³⁷Cs technique, enabling validation of the visual 
assessment approach. The accuracy of the visual soil 
erosion classification framework (E0-E6) was evaluated 
using confusion matrix-based metrics for both training and 
independent validation datasets. For the training dataset (n = 
297), the classification framework achieved an overall 
accuracy (OA) of 76.8%, indicating that a substantial 
proportion of samples were correctly classified. The 
observed agreement (Pₒ) was 0.768, while the expected 
agreement (Pₑ) was 0.169. The resulting Kappa coefficient 
(κ) was 0.721, indicating substantial agreement between the 
visual classification and the ¹³⁷Cs-derived erosion rates. For 
the validation dataset (n = 74), the model demonstrated 
comparable performance, with an OA of 77.0%, Pₒ = 0.770, 
and Pₑ = 0.179, yielding a Kappa coefficient (κ) of 0.720. 
The close agreement between training and validation results 
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FIGURE 9 Distribution of Producer's and User's accuracy of various erosion classes.
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Indicators

Characterized by a flat surface with fully covered soil, typically found in 
grass-covered flatlands. There are no surface coarse fragments or exposed 
roots, and the soil shows no signs of physical degradation such as compaction 
or crusting. The presence of an organic horizon and uniform soil colour 
further indicate a well-preserved soil structure and the absence of erosion.
Observed in soils with minimal disturbance and is characterized by the 
presence of an organic horizon. The soils are covered with litter and have a 
vegetation cover of 60-90%. Surface coarse fragments were minimal, ranging 
from 0-10%, with no exposed rock. The soil colour remains comparatively 
uniform. This condition is typically found in dense broad-leaved forests.
Characterized by the trace of an organic horizon and the development of rills 
and small ephemeral gullies. The vegetation cover ranges from 50-70%, 
typically found on steep sloping terrain. Surface coarse fragments constitute 
10-20%, and rocks are present. The soil colour is non-uniform with markings 
of water flow, and grasses or understory vegetation are often slanted towards 
the slope, indicating noticeable erosion processes. This is usually found in 
needle leaved moderately dense forest.
Absence of an organic horizon and the presence of high sheet and rill erosion, 
along with a high concentration of ephemeral gullies. Vegetation cover 
typically ranges from 30-50%, and surface coarse fragments constitute 20-
25%. The soil colour is non-uniform, and there is an absence of understory 
growth. Slightly exposed rock and visible tree roots further indicate moderate 
erosion processes. This is usually found in scrub land/degraded forest.
This category is characterised by a high presence of surface coarse fragments 
exceeding 25%, and a vegetation cover of 20-50%, usually consisting of 
crops. The regions typically have terraces on steep slopes, with visible wash 
marks of soil erosion and signs of concentrated flow from subsequent 
terraces. Soil crusting is also evident, indicating significant soil degradation.
This category is characterized by the presence of high surface coarse 
fragments exceeding 25%, with a vegetation cover ranging from 20-40%, 
often consisting of crops. The regions typically feature narrow terraces on 
steep or outward-sloping, with visible wash marks of soil erosion and broken 
or damaged terraces. The soil is light in colour, indicating severe soil 
degradation.
Characterized by loose soils with minimal or no cover, often found on steep 
slopes. The soil depth is low, and there are severely exposed rocks. The soil is 
very light in colour, indicating extreme degradation, and an extensive network 
of large gullies is present, signifying severe erosion processes. Usually found 
in barren land.

TABLE 1 Coding framework for rapid field assessment of soil erosion severity using visual indicators and ¹³⁷Cs-calibrated 
erosion rates in the Himalayas.
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indicates that the classification framework is robust and 
does not exhibit overfitting.

 Class-wise accuracy metrics revealed clear variations in 
classification performance across erosion severity classes 
(Fig. 9). The producer's accuracy (PA) values ranged from 
65.7% to 86.4% in the training dataset. The highest PA 
values were observed for E1 (86.4%), E0 (85.3%), and E6 
(85.2%), indicating that very low and very high erosion 
conditions were reliably identified. In contrast, intermediate 
classes such as E2 (69.2%), E4 (68.2%), and E5 (65.7%) 
exhibited comparatively lower PA values, while E3 showed 
the highest PA (77.1%) relative to adjacent classes, 

reflecting increased classification uncertainty within 
transitional erosion zones. Similarly, the user's accuracy 
(UA) ranged from 55.6% to 100%. Higher UA values were 
recorded for E6 (100%), E5 (85.2%), E2 (83.1%), and E0 
(82.9%), indicating strong reliability of predictions in these 
classes. In contrast, relatively lower UA values were 
observed for E4 (55.6%) and E3 (58.7%), suggesting a 
higher degree of commission error in these intermediate 
categories. Similar patterns, although differing in 
magnitude, were observed for the validation dataset (Fig. 9). 
These results  indicate that misclassification predominantly 
occurred among adjacent erosion classes, particularly 
within the E2-E3 and E3-E4 transitions, where field 

indicators tend to overlap due to gradual changes in erosion   
intensity. The comparatively higher accuracy in extreme 
classes (E0 and E6) reflects the distinctiveness of visual 
indicators under very low and very high erosion conditions, 
whereas intermediate classes represent more complex and 
heterogeneous field conditions. Overall, the class-wise 
accuracy analysis demonstrates that while the classification 
framework performs strongly across most classes, the 
moderate uncertainty in transitional classes is consistent 
with the inherent continuum of soil erosion processes, rather 
than a limitation of the method itself. The Kappa coefficient 
obtained for both training and validation datasets indicates 
substantial agreement beyond chance, confirming the 
reliability of the visual classification framework. The 
relatively low expected agreement values (Pₑ = 0.169-
0.179) further demonstrate that the observed agreement is 
not driven by random chance but reflects meaningful 
correspondence between field observations and 
quantitative erosion estimates. The observed Kappa of 0.72 
for our framework indicates substantial agreement and 
compares favourably with previous visual appraisal studies. 
For instance, Okoba and Sterk (2006a) visual appraisals 
report model accuracy of 0.54-0.59, while remote sensing 
and modelling studies show wider ranges, including 51-
82% overall accuracy for hyperspectral-based soil 
degradation mapping in the Czech Republic (Žížala et al., 

22017) and 0.28-0.66 model R  for aerial photography and 
erosion model-based mapping in the Danube Lowland, 
Slovakia (Jenčo et al., 2020). These comparisons provide 
quantitative context for the reliability of the proposed visual  

indicator framework in mountainous Himalayan terrain. 
The consistency of accuracy metrics across independent 
datasets highlights the stability and generalizability of the 
classification system. The absence of significant deviation 
between training and validation performance suggests that 
the framework is robust and suitable for application across 
similar environmental conditions.

 The results demonstrate that field-based visual 
indicators can effectively represent soil erosion severity 
when validated against quantitative methods such as ¹³⁷Cs 
analysis. Despite minor classification uncertainties in 
intermediate classes, the overall performance of the 
framework supports its use as a reliable and cost-effective 
tool for rapid field assessment. The strong agreement 
between visual indicators and radionuclide-derived erosion 
estimates underscores the potential of this approach for 
large-scale applications, particularly in data-scarce or 
resource-limited regions where detailed quantitative 
measurements may not be feasible.

 The field-based soil erosion appraisal system 
developed for the north-western Himalayas (Table 1) 
provides a systematic framework for classifying erosion 
severity by integrating observable surface indicators with 
corresponding quantitative erosion rates. The classification 
ranges from E0 (no erosion) to E6 (very severe erosion), 
covering a gradient of soil loss from stable, well-protected 
surfaces to highly degraded, erosion-prone landscapes. 
Each class is defined based on a combination of key field
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FIGURE 9 Distribution of Producer's and User's accuracy of various erosion classes.
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Indicators

Characterized by a flat surface with fully covered soil, typically found in 
grass-covered flatlands. There are no surface coarse fragments or exposed 
roots, and the soil shows no signs of physical degradation such as compaction 
or crusting. The presence of an organic horizon and uniform soil colour 
further indicate a well-preserved soil structure and the absence of erosion.
Observed in soils with minimal disturbance and is characterized by the 
presence of an organic horizon. The soils are covered with litter and have a 
vegetation cover of 60-90%. Surface coarse fragments were minimal, ranging 
from 0-10%, with no exposed rock. The soil colour remains comparatively 
uniform. This condition is typically found in dense broad-leaved forests.
Characterized by the trace of an organic horizon and the development of rills 
and small ephemeral gullies. The vegetation cover ranges from 50-70%, 
typically found on steep sloping terrain. Surface coarse fragments constitute 
10-20%, and rocks are present. The soil colour is non-uniform with markings 
of water flow, and grasses or understory vegetation are often slanted towards 
the slope, indicating noticeable erosion processes. This is usually found in 
needle leaved moderately dense forest.
Absence of an organic horizon and the presence of high sheet and rill erosion, 
along with a high concentration of ephemeral gullies. Vegetation cover 
typically ranges from 30-50%, and surface coarse fragments constitute 20-
25%. The soil colour is non-uniform, and there is an absence of understory 
growth. Slightly exposed rock and visible tree roots further indicate moderate 
erosion processes. This is usually found in scrub land/degraded forest.
This category is characterised by a high presence of surface coarse fragments 
exceeding 25%, and a vegetation cover of 20-50%, usually consisting of 
crops. The regions typically have terraces on steep slopes, with visible wash 
marks of soil erosion and signs of concentrated flow from subsequent 
terraces. Soil crusting is also evident, indicating significant soil degradation.
This category is characterized by the presence of high surface coarse 
fragments exceeding 25%, with a vegetation cover ranging from 20-40%, 
often consisting of crops. The regions typically feature narrow terraces on 
steep or outward-sloping, with visible wash marks of soil erosion and broken 
or damaged terraces. The soil is light in colour, indicating severe soil 
degradation.
Characterized by loose soils with minimal or no cover, often found on steep 
slopes. The soil depth is low, and there are severely exposed rocks. The soil is 
very light in colour, indicating extreme degradation, and an extensive network 
of large gullies is present, signifying severe erosion processes. Usually found 
in barren land.

TABLE 1 Coding framework for rapid field assessment of soil erosion severity using visual indicators and ¹³⁷Cs-calibrated 
erosion rates in the Himalayas.
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indicates that the classification framework is robust and 
does not exhibit overfitting.

 Class-wise accuracy metrics revealed clear variations in 
classification performance across erosion severity classes 
(Fig. 9). The producer's accuracy (PA) values ranged from 
65.7% to 86.4% in the training dataset. The highest PA 
values were observed for E1 (86.4%), E0 (85.3%), and E6 
(85.2%), indicating that very low and very high erosion 
conditions were reliably identified. In contrast, intermediate 
classes such as E2 (69.2%), E4 (68.2%), and E5 (65.7%) 
exhibited comparatively lower PA values, while E3 showed 
the highest PA (77.1%) relative to adjacent classes, 

reflecting increased classification uncertainty within 
transitional erosion zones. Similarly, the user's accuracy 
(UA) ranged from 55.6% to 100%. Higher UA values were 
recorded for E6 (100%), E5 (85.2%), E2 (83.1%), and E0 
(82.9%), indicating strong reliability of predictions in these 
classes. In contrast, relatively lower UA values were 
observed for E4 (55.6%) and E3 (58.7%), suggesting a 
higher degree of commission error in these intermediate 
categories. Similar patterns, although differing in 
magnitude, were observed for the validation dataset (Fig. 9). 
These results  indicate that misclassification predominantly 
occurred among adjacent erosion classes, particularly 
within the E2-E3 and E3-E4 transitions, where field 

indicators tend to overlap due to gradual changes in erosion   
intensity. The comparatively higher accuracy in extreme 
classes (E0 and E6) reflects the distinctiveness of visual 
indicators under very low and very high erosion conditions, 
whereas intermediate classes represent more complex and 
heterogeneous field conditions. Overall, the class-wise 
accuracy analysis demonstrates that while the classification 
framework performs strongly across most classes, the 
moderate uncertainty in transitional classes is consistent 
with the inherent continuum of soil erosion processes, rather 
than a limitation of the method itself. The Kappa coefficient 
obtained for both training and validation datasets indicates 
substantial agreement beyond chance, confirming the 
reliability of the visual classification framework. The 
relatively low expected agreement values (Pₑ = 0.169-
0.179) further demonstrate that the observed agreement is 
not driven by random chance but reflects meaningful 
correspondence between field observations and 
quantitative erosion estimates. The observed Kappa of 0.72 
for our framework indicates substantial agreement and 
compares favourably with previous visual appraisal studies. 
For instance, Okoba and Sterk (2006a) visual appraisals 
report model accuracy of 0.54-0.59, while remote sensing 
and modelling studies show wider ranges, including 51-
82% overall accuracy for hyperspectral-based soil 
degradation mapping in the Czech Republic (Žížala et al., 

22017) and 0.28-0.66 model R  for aerial photography and 
erosion model-based mapping in the Danube Lowland, 
Slovakia (Jenčo et al., 2020). These comparisons provide 
quantitative context for the reliability of the proposed visual  

indicator framework in mountainous Himalayan terrain. 
The consistency of accuracy metrics across independent 
datasets highlights the stability and generalizability of the 
classification system. The absence of significant deviation 
between training and validation performance suggests that 
the framework is robust and suitable for application across 
similar environmental conditions.

 The results demonstrate that field-based visual 
indicators can effectively represent soil erosion severity 
when validated against quantitative methods such as ¹³⁷Cs 
analysis. Despite minor classification uncertainties in 
intermediate classes, the overall performance of the 
framework supports its use as a reliable and cost-effective 
tool for rapid field assessment. The strong agreement 
between visual indicators and radionuclide-derived erosion 
estimates underscores the potential of this approach for 
large-scale applications, particularly in data-scarce or 
resource-limited regions where detailed quantitative 
measurements may not be feasible.

 The field-based soil erosion appraisal system 
developed for the north-western Himalayas (Table 1) 
provides a systematic framework for classifying erosion 
severity by integrating observable surface indicators with 
corresponding quantitative erosion rates. The classification 
ranges from E0 (no erosion) to E6 (very severe erosion), 
covering a gradient of soil loss from stable, well-protected 
surfaces to highly degraded, erosion-prone landscapes. 
Each class is defined based on a combination of key field
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indicators, including vegetation cover, presence or absence 
of an organic horizon, surface coarse fragments, soil colour 
variation, and visible erosion features such as rills, gullies, 
exposed roots, and terrace degradation. Lower classes (E0-
E1) represent stable environments with dense vegetation 
cover, intact soil structure, and minimal disturbance, 
typically observed in grasslands and dense forests. 
Intermediate classes (E2-E4) reflect increasing erosion 
intensity, marked by the development of rills, ephemeral 
gullies, reduction in vegetation cover, and evidence of 
surface runoff and soil crusting, often associated with 
degraded forests and cultivated slopes. Higher classes (E5-
E6) indicate severe to very severe erosion conditions, 
characterized by sparse or absent vegetation, high coarse 
fragment concentration, exposed bedrock, broken terraces, 
and well-developed gully networks, commonly found in 
agricultural and barren landscapes. This coding system 
enables rapid field-based assessment of soil erosion severity 
and serves as a critical link between qualitative visual 

137indicators and quantitative Cs-derived soil erosion rates, 
thereby enhancing the reliability and applicability of 
erosion mapping in complex Himalayan terrains.

 To support the interpretation of erosion severity classes 
and enhance the practical applicability of the proposed 
framework, representative field photographs corresponding 
to each erosion class (E0-E6) are presented (Fig. 10). These 
images illustrate the characteristic field conditions 
associated with different levels of erosion, including 
variations in vegetation cover, soil surface condition, 
presence of coarse fragments, and development of erosion 
features such as rills, gullies, pedestals, and morphology. 
The progression from stable, well-covered surfaces in lower 
classes (E0-E1) to highly degraded, sparsely vegetated, and 
structurally unstable conditions in higher classes (E5-E6) is 
clearly evident. These visual references not only 
substantiate the classification scheme derived from field 
observations and ¹³⁷Cs-based erosion rates but also provide 
a practical basis for comparing and validating erosion 
severity across different sites. The inclusion of such field 
evidence strengthens the reliability of the classification 
framework and facilitates its use in future studies and field-
based erosion assessments in similar mountainous 
environments.

FIGURE 10 Representative field conditions illustrating soil erosion severity classes (E0-E6) in the Himalayan region- (a) 
E0 - No erosion: Flat grassland with dense, continuous vegetation cover and dark, organic-rich soil, 
indicating stable surface conditions and absence of erosion, (b) E1 - Very slight erosion: Dense broadleaved 
forest with high litter accumulation and minimal disturbance, reflecting well-protected soil and negligible 
erosion, (c) E2 - Slight erosion: Pine-dominated forest with limited or no understory vegetation, showing 
early signs of surface disturbance and minor erosion features, (d) E3 - Moderate erosion: Scrubland with 
sparse trees and bushes, reduced vegetation cover, and visible surface degradation indicating active erosion 
processes, (e) E4 - Moderately severe erosion: Steep, terraced agricultural land with evident soil movement, 
wash marks, and partial instability of terraces, and (f) E5 - Severe erosion: steep slopes, exposed rocks, and 
light-coloured soil and broken terraces. (For E6 please refer Figure 6 c.)
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The spatial variability of soil physico-chemical properties 
across land use/land cover (LULC) types provides 
contextual evidence supporting the patterns observed in the 
erosion severity classes derived from visual indicators and 
Caesium-137 tracing. A clear and consistent trend emerges 
in which soil quality declines with increasing erosion 
intensity, reflecting the progressive loss of fertile topsoil 
and structural degradation. Sites classified under low 
erosion classes (E0-E2), predominantly associated with 
forest and grassland ecosystems, exhibited comparatively 
better soil health, characterized by higher soil organic 
carbon (SOC), lower bulk density (BD), stable soil 
structure, and relatively balanced texture with higher 
retention of fine particles. These conditions indicate 
minimal disturbance and effective protection against 
erosive forces due to dense vegetation cover and organic 
matter inputs. In contrast, moderate to high erosion classes 
(E3-E6), largely corresponding to scrubland, agricultural, 
and barren land, showed clear signs of soil degradation, 
including reduced SOC, increased BD, coarser texture due 
to selective removal of silt and clay fractions, and greater 
variability in soil pH and electrical conductivity. The 
elevated bulk density and reduced organic matter in these 
areas indicate compaction and diminished soil aggregation, 
which further enhance susceptibility to erosion. 
Agricultural lands, particularly under intensive cultivation, 
exhibited intermediate characteristics, where practices such 
as tillage and terrace farming influenced soil redistribution, 
often leading to localized accumulation of finer particles but 
overall decline in soil quality. Similarly, scrubland and 
barren areas, associated with higher erosion classes, 
displayed depleted nutrient status and poor structural 
stability due to limited vegetation cover and continuous soil 
loss. The observed correspondence between soil properties, 
land use/land cover, and erosion classes reinforces the 
reliability of both the visual indicator-based classification 
and the Cs-derived erosion rates. Studies across diverse 137

regions indicate that soil quality indices, productivity 
indices, and microbial activity decrease as erosion intensity 
increases (Fang ., 2024; Mandal , 2021 and 2023). et al et al.
This integrated relationship demonstrates that erosion not 
only redistributes soil but also systematically alters its 
physico-chemical properties, thereby providing a robust 
basis for validating erosion assessment approaches in 
complex mountainous environments.

All field observations were conducted by a single observer 
to ensure consistency in the identification and classification 
of visual soil erosion indicators. To minimize subjectivity 
and improve reproducibility, a standardized field 
observation questionnaire was used to assign erosion 
classes based on predefined criteria. Although this approach 
ensured internal consistency, inter-observer variability was 
not evaluated. Future studies should involve multiple 
observers to assess the reproducibility and transferability of 
the proposed framework across different users and environ-
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Soil quality variations across erosion classes

Limitation of the study

|  

|  

mental settings.

 Another limitation relates to the difference in the 
temporal scales represented by the two assessment methods. 
The Cs-derived soil redistribution rates integrate 137 erosion 
and deposition processes over approximately the past six 
decades, whereas visual soil erosion indicators primarily 
reflect persistent or repeatedly occurring erosion features 
rather than erosion occurring at a single point in time. For 
example, gullies and pedestals develop over relatively long 
periods, while sheet and rill erosion may be seasonal, and 
vegetation-related indicators often represent the cumulative 
effects of soil loss over multiple years. Consequently, the 
two approaches provide complementary rather than 

137identical information: Cs measurements quantify long-
term average soil redistribution, whereas visual indicators 
characterize the spatial expression and relative severity of 
persistent erosion processes.

 Future research should evaluate the applicability of the 
framework across different climatic regions, soil types, and 
land-use systems, and incorporate multiple observers to 
quantify observer-related uncertainty. In addition, the 
integration of short-term fallout radionuclides, such as 

210 210 7excess Pb ( Pb ) and beryllium-7 ( Be), could enable ex

assessment of more recent soil redistribution, thereby 
improving the temporal correspondence between 
radionuclide-derived erosion rates and visual field 
indicators.

The study developed and validated a practical framework 
for rapid soil erosion assessment in the Himalayan region by 
integrating visual soil erosion indicators with quantitative 
137Cs-derived soil erosion rates. The results demonstrate that 
readily observable field indicators can be reliably linked to 
measured soil erosion magnitudes, enabling the 
development of a calibrated visual indicator–erosion rate 
framework. The substantial agreement between visually 
interpreted erosion classes and radionuclide-derived 
erosion rates (Cohen's Kappa = 0.72) confirms the 
robustness and reliability of the proposed approach. The 
study further demonstrates that erosion severity is strongly 
associated with land use and soil quality. Forest and 
grassland ecosystems, corresponding to lower erosion 
classes, exhibited higher soil organic carbon, lower bulk 
density, and better soil structural stability. In contrast, 
scrubland, agricultural land, and barren areas were 
characterized by higher erosion rates, reduced organic 
matter, increased soil compaction, and coarser soil texture 
resulting from the preferential removal of fine particles. 
These findings highlight the close interactions among land 
use, soil degradation, and erosion processes in fragile 
Himalayan landscapes. A major outcome of this research is 
the development of a field-applicable E0-E6 visual erosion 
classification framework, supported by representative field 
photographs and standardized observation guidelines. 
Unlike conventional erosion assessment techniques that 
require extensive field measurements, laboratory analyses, 
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indicators, including vegetation cover, presence or absence 
of an organic horizon, surface coarse fragments, soil colour 
variation, and visible erosion features such as rills, gullies, 
exposed roots, and terrace degradation. Lower classes (E0-
E1) represent stable environments with dense vegetation 
cover, intact soil structure, and minimal disturbance, 
typically observed in grasslands and dense forests. 
Intermediate classes (E2-E4) reflect increasing erosion 
intensity, marked by the development of rills, ephemeral 
gullies, reduction in vegetation cover, and evidence of 
surface runoff and soil crusting, often associated with 
degraded forests and cultivated slopes. Higher classes (E5-
E6) indicate severe to very severe erosion conditions, 
characterized by sparse or absent vegetation, high coarse 
fragment concentration, exposed bedrock, broken terraces, 
and well-developed gully networks, commonly found in 
agricultural and barren landscapes. This coding system 
enables rapid field-based assessment of soil erosion severity 
and serves as a critical link between qualitative visual 

137indicators and quantitative Cs-derived soil erosion rates, 
thereby enhancing the reliability and applicability of 
erosion mapping in complex Himalayan terrains.

 To support the interpretation of erosion severity classes 
and enhance the practical applicability of the proposed 
framework, representative field photographs corresponding 
to each erosion class (E0-E6) are presented (Fig. 10). These 
images illustrate the characteristic field conditions 
associated with different levels of erosion, including 
variations in vegetation cover, soil surface condition, 
presence of coarse fragments, and development of erosion 
features such as rills, gullies, pedestals, and morphology. 
The progression from stable, well-covered surfaces in lower 
classes (E0-E1) to highly degraded, sparsely vegetated, and 
structurally unstable conditions in higher classes (E5-E6) is 
clearly evident. These visual references not only 
substantiate the classification scheme derived from field 
observations and ¹³⁷Cs-based erosion rates but also provide 
a practical basis for comparing and validating erosion 
severity across different sites. The inclusion of such field 
evidence strengthens the reliability of the classification 
framework and facilitates its use in future studies and field-
based erosion assessments in similar mountainous 
environments.

FIGURE 10 Representative field conditions illustrating soil erosion severity classes (E0-E6) in the Himalayan region- (a) 
E0 - No erosion: Flat grassland with dense, continuous vegetation cover and dark, organic-rich soil, 
indicating stable surface conditions and absence of erosion, (b) E1 - Very slight erosion: Dense broadleaved 
forest with high litter accumulation and minimal disturbance, reflecting well-protected soil and negligible 
erosion, (c) E2 - Slight erosion: Pine-dominated forest with limited or no understory vegetation, showing 
early signs of surface disturbance and minor erosion features, (d) E3 - Moderate erosion: Scrubland with 
sparse trees and bushes, reduced vegetation cover, and visible surface degradation indicating active erosion 
processes, (e) E4 - Moderately severe erosion: Steep, terraced agricultural land with evident soil movement, 
wash marks, and partial instability of terraces, and (f) E5 - Severe erosion: steep slopes, exposed rocks, and 
light-coloured soil and broken terraces. (For E6 please refer Figure 6 c.)
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The spatial variability of soil physico-chemical properties 
across land use/land cover (LULC) types provides 
contextual evidence supporting the patterns observed in the 
erosion severity classes derived from visual indicators and 
Caesium-137 tracing. A clear and consistent trend emerges 
in which soil quality declines with increasing erosion 
intensity, reflecting the progressive loss of fertile topsoil 
and structural degradation. Sites classified under low 
erosion classes (E0-E2), predominantly associated with 
forest and grassland ecosystems, exhibited comparatively 
better soil health, characterized by higher soil organic 
carbon (SOC), lower bulk density (BD), stable soil 
structure, and relatively balanced texture with higher 
retention of fine particles. These conditions indicate 
minimal disturbance and effective protection against 
erosive forces due to dense vegetation cover and organic 
matter inputs. In contrast, moderate to high erosion classes 
(E3-E6), largely corresponding to scrubland, agricultural, 
and barren land, showed clear signs of soil degradation, 
including reduced SOC, increased BD, coarser texture due 
to selective removal of silt and clay fractions, and greater 
variability in soil pH and electrical conductivity. The 
elevated bulk density and reduced organic matter in these 
areas indicate compaction and diminished soil aggregation, 
which further enhance susceptibility to erosion. 
Agricultural lands, particularly under intensive cultivation, 
exhibited intermediate characteristics, where practices such 
as tillage and terrace farming influenced soil redistribution, 
often leading to localized accumulation of finer particles but 
overall decline in soil quality. Similarly, scrubland and 
barren areas, associated with higher erosion classes, 
displayed depleted nutrient status and poor structural 
stability due to limited vegetation cover and continuous soil 
loss. The observed correspondence between soil properties, 
land use/land cover, and erosion classes reinforces the 
reliability of both the visual indicator-based classification 
and the Cs-derived erosion rates. Studies across diverse 137

regions indicate that soil quality indices, productivity 
indices, and microbial activity decrease as erosion intensity 
increases (Fang ., 2024; Mandal , 2021 and 2023). et al et al.
This integrated relationship demonstrates that erosion not 
only redistributes soil but also systematically alters its 
physico-chemical properties, thereby providing a robust 
basis for validating erosion assessment approaches in 
complex mountainous environments.

All field observations were conducted by a single observer 
to ensure consistency in the identification and classification 
of visual soil erosion indicators. To minimize subjectivity 
and improve reproducibility, a standardized field 
observation questionnaire was used to assign erosion 
classes based on predefined criteria. Although this approach 
ensured internal consistency, inter-observer variability was 
not evaluated. Future studies should involve multiple 
observers to assess the reproducibility and transferability of 
the proposed framework across different users and environ-
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Limitation of the study
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mental settings.

 Another limitation relates to the difference in the 
temporal scales represented by the two assessment methods. 
The Cs-derived soil redistribution rates integrate 137 erosion 
and deposition processes over approximately the past six 
decades, whereas visual soil erosion indicators primarily 
reflect persistent or repeatedly occurring erosion features 
rather than erosion occurring at a single point in time. For 
example, gullies and pedestals develop over relatively long 
periods, while sheet and rill erosion may be seasonal, and 
vegetation-related indicators often represent the cumulative 
effects of soil loss over multiple years. Consequently, the 
two approaches provide complementary rather than 

137identical information: Cs measurements quantify long-
term average soil redistribution, whereas visual indicators 
characterize the spatial expression and relative severity of 
persistent erosion processes.

 Future research should evaluate the applicability of the 
framework across different climatic regions, soil types, and 
land-use systems, and incorporate multiple observers to 
quantify observer-related uncertainty. In addition, the 
integration of short-term fallout radionuclides, such as 

210 210 7excess Pb ( Pb ) and beryllium-7 ( Be), could enable ex

assessment of more recent soil redistribution, thereby 
improving the temporal correspondence between 
radionuclide-derived erosion rates and visual field 
indicators.

The study developed and validated a practical framework 
for rapid soil erosion assessment in the Himalayan region by 
integrating visual soil erosion indicators with quantitative 
137Cs-derived soil erosion rates. The results demonstrate that 
readily observable field indicators can be reliably linked to 
measured soil erosion magnitudes, enabling the 
development of a calibrated visual indicator–erosion rate 
framework. The substantial agreement between visually 
interpreted erosion classes and radionuclide-derived 
erosion rates (Cohen's Kappa = 0.72) confirms the 
robustness and reliability of the proposed approach. The 
study further demonstrates that erosion severity is strongly 
associated with land use and soil quality. Forest and 
grassland ecosystems, corresponding to lower erosion 
classes, exhibited higher soil organic carbon, lower bulk 
density, and better soil structural stability. In contrast, 
scrubland, agricultural land, and barren areas were 
characterized by higher erosion rates, reduced organic 
matter, increased soil compaction, and coarser soil texture 
resulting from the preferential removal of fine particles. 
These findings highlight the close interactions among land 
use, soil degradation, and erosion processes in fragile 
Himalayan landscapes. A major outcome of this research is 
the development of a field-applicable E0-E6 visual erosion 
classification framework, supported by representative field 
photographs and standardized observation guidelines. 
Unlike conventional erosion assessment techniques that 
require extensive field measurements, laboratory analyses, 
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or complex modelling, the proposed framework enables 
rapid, low-cost, and instrument-free estimation of soil 
erosion severity using only observable field indicators. The 
validated approach can be readily applied by researchers, 
land managers, extension personnel, and local practitioners 
without requiring radionuclide measurements or speciali- 
zed equipment. Beyond its application for rapid field 
assessment, the framework provides an independent tool 
for validating soil erosion models, supporting large-scale 
erosion mapping, and generating reliable training datasets 
for machine-learning-based erosion prediction. Its 
simplicity and scalability make it particularly valuable for 
data-scarce and inaccessible mountainous regions where 
conventional monitoring approaches are often impractical. 
By bridging rigorous radionuclide-based measurements 
with field-level usability, this study provides an operational 
framework that enhances the accuracy, efficiency, and 
accessibility of soil erosion assessment. The approach 
offers significant potential for supporting evidence-based 
watershed management, soil conservation planning, and 
sustainable land management in the Himalayas and other 
erosion-prone mountain environments.
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or complex modelling, the proposed framework enables 
rapid, low-cost, and instrument-free estimation of soil 
erosion severity using only observable field indicators. The 
validated approach can be readily applied by researchers, 
land managers, extension personnel, and local practitioners 
without requiring radionuclide measurements or speciali- 
zed equipment. Beyond its application for rapid field 
assessment, the framework provides an independent tool 
for validating soil erosion models, supporting large-scale 
erosion mapping, and generating reliable training datasets 
for machine-learning-based erosion prediction. Its 
simplicity and scalability make it particularly valuable for 
data-scarce and inaccessible mountainous regions where 
conventional monitoring approaches are often impractical. 
By bridging rigorous radionuclide-based measurements 
with field-level usability, this study provides an operational 
framework that enhances the accuracy, efficiency, and 
accessibility of soil erosion assessment. The approach 
offers significant potential for supporting evidence-based 
watershed management, soil conservation planning, and 
sustainable land management in the Himalayas and other 
erosion-prone mountain environments.
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