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Abstract

The paper makes an attempt to estimate soil erosion and identify soil erosion susceptibility in Nainital district of India.
The soil loss was estimated using Revised Universal Soil Loss Equation (RUSLE). Severe soil loss points extracted from
the soil loss map and soil loss controlling factors were integrated to prepare soil erosion susceptibility map using random
forest (RF) model. The effectiveness of the model was assessed using performance matrices. The soil loss and soil erosion
susceptibility maps were validated using receivers operating characteristic (ROC) curve. The findings revealed that the larg-
est area was under low soil loss class followed by moderate, high and very high classes. Steep slope, high rainfall erosivity,
sparse vegetation and inadequate conservation practices have been identified for high and very high soil loss. The soil ero-
sion susceptibility analysis through RF model revealed that nearly 35% area of the district is very highly susceptible due to
deforestation, overgrazing and haphazard construction. The discussion with the communities during field work reaffirmed
high soil loss and very high soil erosion susceptibility in northern part of the district. Integration of RUSLE and RF model
may add a new dimension for devising effective soil conservation measures in spatial information science.
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ing climate change [1]. It helps in supply of nutrients to
the vegetation and maintains its health [2]. The intensity of
soil erosion has increased due to modification of interac-
tion among soil, climate, landuse/ landcover, and topogra-
phy [3]. Further, the increased frequency and intensity of
precipitation and floods have caused the occurrence of soil
erosion [4]. Water induced soil erosion is a major challenge
of riverine countries across the world [5]. Soil erosion has
caused reduction in crop productivity [6], deterioration of
water quality [7], sedimentation and siltation of water bodies
[8], and habitat destruction [9]. Climate change and anthro-
pogenic activities induced soil loss have increaed severe
environmental implications [10].

Soil loss assessment and prediction using field based data
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of soil loss at various scales such as [8], Universal Soil Loss
Equation (USLE) model [13],, Water Erosion Prediction
Project [14], Revised Universal Soil Loss Equation (RUSLE)
model [15], Unit Stream Power Based Erosion/ Depostion
model (USPED) [16] and Hill Slope Model [17] are exten-
sively used models for soil loss estimation. USLE and its
improved version RUSLE models have been widely utilized
for estimating soil loss [18]. More experiments, research
and available resources have led to the development of the
RUSLE model. Deterministic approach for calculating con-
servation practices (P) factor and minor changes in rain-
fall erosivity factor (R), crop management (C) factor, and
slope length and steepness (LS) factor were incorporated in
the revised model [19]. RUSLE model being empirical in
nature has been given high consideration for estimating soil
loss. It has an advantage over other models being capable of
assessing pixel-based soil loss. While RUSLE aids in mod-
elling the spatial patterns of soil erosion risk by consider-
ing environmental factors, its final erosion map often lacks
accuracy. Moreover, RUSLE is constrained by the limited
number of factors (R, K, LS, C, and P) for spatial erosion
prediction. Machine learning algorithms are gaining popu-
larity due to their demonstrated enhancements in accuracy,
performance, and other notable strengths. Various models,
including Boosted Regression Tree (BRT) [20], Random
Forest (RF) [21], Naive Bayes (NB) [22] and Artificial Neu-
ral Network (ANN) [23], are being widely used for soil loss
assessment. The outcomes from all models demonstrated
high accuracy and predictive capabilities. Mosavi et al. [24]
have recently assessed soil erosion susceptibility employing
the Weighted Subspace RF (WSRF), GaussprRadial, and
NB models. Angileri et al. [25] utilized Stochastic Gradi-
ent Tree (SGT) based modelling to predict gully erosion.
Svoray et al. [26] compared various data mining techniques,
including SVM, Topographic Threshold (TT), ANN, Ana-
Iytical Hierarchy Processes (AHP), and Decision Trees for
modelling gully erosion susceptibility. These studies have
demonstrated the effectiveness of machine learning models
in soil erosion analysis.

The identification of soil loss susceptible hotspots is cru-
cial in Nainital District, Uttarakhand, for several reasons,
firstly, Nainital District is characterized by steep slopes and
hilly terrain, making it highly susceptible to soil erosion.
The region’s topography accelerates the process of erosion,
especially during heavy rainfall or snowmelt events. Sec-
ondly, soil erosion leads to the loss of fertile topsoil, which
is essential for agriculture and vegetation growth. It also
contributes to sedimentation in water bodies, such as lakes
and rivers, affecting water quality and aquatic ecosystems.
In district due to presence of many lakes, soil erosion can
significantly impact the local environment. Thirdly, agricul-
ture is a significant economic activity in Nainital District.
Soil erosion can decrease crop productivity due to the loss
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of nutrient-rich topsoil and land degradation. Fourthly, sedi-
mentation in water bodies can affect hydropower generation
and other water-dependent industries, impacting the local
economy. Fifthly, soil erosion increases the risk of land-
slides, posing threats to infrastructure, human settlements,
and lives. Nainital District has experienced several land-
slides in the past, often exacerbated by soil erosion, lead-
ing to loss of property and lives. The key objectives of the
study were to estimate soil loss and identify soil erosion
susceptibility. The study seeks to answer critical questions
regarding the spatial distribution of soil loss, the effective-
ness of RF in improving prediction accuracy of soil ero-
sion susceptibility and devising effective soil conservation
practices. Traditional empirical models namely USLE and
RUSLE have been widely used for soil erosion assessment
using predefined and limited parameters. The study intro-
duces a novel approach by integrating RUSLE with the Ran-
dom Forest (RF) machine learning algorithm for soil erosion
susceptibility. The traditional RUSLE model relies on prede-
fined factors such as rainfall erosivity, soil erodibility, slope
length, crop management, and conservation practices that
may not capture the complexity of site-specific conditions.
The study utilized site-specific factors namely, elevation,
slope, aspect, geology, geomorphology, land use/land cover,
bare soil index, modified normalized difference water index,
normalized difference vegetation index, and drainage density
and employed RF for enhancing the predictive accuracy of
soil erosion susceptibility mapping. The integration of RF
allows for better handling of non-linear relationships and
interactions among variables and providing a more nuanced
understanding of soil erosion dynamics. This hybrid meth-
odology has not only improved spatial prediction but also
enabled the identification of high erosion susceptibility
zones with greater precision. Thus, the data-driven frame-
work involving traditional empirical RUSLE model with
the RF machine learning algorithm may help in examining
soil erosion susceptibility in different geographical regions
and may be utilized as an effective methodology in spatial
information science.

2 Materials and methods
2.1 Studyarea

Nainital district located in Uttarakhand state is a part of East
Kumaon Himalaya in India. It is surrounded by Almora dis-
trict in the north, Garhwal district in the north-west, Bijnor
in the west, Udham Singh Nagar in the south and Cham-
pawat district in the east. The district spreads over a geo-
graphical area of 4251 sq km and stretches from 29°00°’N to
29°05" N latitudes and from 78°80" E to 80°14" E longitudes
(Fig. 1). The total population of Nainital district stands at
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0.95 million, with a population density of 198 persons per
square kilometre [27]. It is crisscrossed by numerous rivers
and rivulets. Kosi river enter the district in the north near
Khairana and flows in western direction Betalghat. The dis-
trict comprises of three distinct geological regions namely
Lower Himalayas, Shiwalik and Bhabhar. Bhabhar covers
the plains of the district and consists of recent alluvium. It
is a narrow belt stretching along the foothills for eight to
twenty-four kilometres in width. The hilly part of the district
has several big and beautiful lakes such as Nainital, Bhimtal,
Malwa Tal, Sat Tal, Naukuchhiya and Khurpa Tal. The soil

formation from various rock types like granite, schist, and
limestone is influenced by the cool, moist climate [27]s.
Steep hills and glacio-fluvial valleys primarily harbor shal-
low to moderately shallow, sandy-skeletal to loamy-skeletal
soils, classified as Lithic/Typic Cryorthents, supporting
sparse vegetation. The Lesser Himalayan range, rich in
compressed rocks like granite and phyllites, is largely for-
ested, with intermittent terraced cultivation on steep slopes.
Deeper, well-drained soils with fine-loamy texture prevail
in broader valley slopes, fostering wet and dry cultivation
practices. The climate of the district varies depending on
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Fig. 1 Location of study area
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the height. The study area experiences subtropical highland
climate. The district receives an annual rainfall of 1300 mm
and the maximum rainfall occurs in the month of June. Of
the total geographical area of the district, the largest area
(72%) is under forest. The main tree species in the study
area includes Populus ciliate, Quercus incana Oak, Fraxinus
micrantha, Juglans regia, Aesculus indica, etc. Steep hills
and glaciofluvial valleys are dominated by acidic soil with
low water-holding capacity.

In Nainital district, agriculture plays a vital role, engag-
ing over 60% of the population. However, landholding sizes
among farmers vary significantly, reflecting the diverse agri-
cultural landscape. The hilly terrain and limited availability
of flat land result in smaller average landholdings compared
to plains regions. Typically, small and marginal farmers own
plots of less than one hectare, while larger commercial oper-
ations may span several hectares. This variation is influenced
by factors such as topography, land use patterns, and farm-
ing practices. Moreover, land fragmentation due to inherit-
ance laws and population pressure further contributes to the
diversity of landholding sizes in the district. The main crops
cultivated in Nainital district vary according to the altitude,
climate, and soil conditions. In the lower regions and valley
areas, crops like rice, wheat, maize, and pulses are com-
monly grown. In the terraced fields on the hilly slopes, farm-
ers cultivate crops such as millets, barley, and potatoes. Fruit
orchards are also prevalent, with apples, peaches, pears, and
plums being important cash crops. Additionally, vegetables
like potatoes, tomatoes, peas, and leafy greens are grown for
local consumption and market sale. Overall, the agricultural

diversity of Nainital district reflects its varied topography
and microclimates.

2.2 Revised universal soil loss estimation

Cloud free pre-monsoon season Sentinel 2 satellite data
(resolution 10m) for 2020 was downloaded from USGS
Earth Explorer for assessing RUSLE. Survey of India topo-
graphical sheet on 1:50,000 scale was utilized for preparing
the base map of the study area. Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) was down-
loaded from USGS Earth Explorer for generating the eleva-
tion map of the study area. Digital soil map of the world
was downloaded from Food and Agricultural Organisation
(FAO) Geo-network for preparing soil erodibility map.
The point data of rainfall contained in 0.25 x 0.25° grid
was downloaded from Indian Metrological Department
(IMD). The details of the methodology are given in Fig. 2
and Table 1. RUSLE is a globally accepted and widely used
empirical method of soil erosion estimation. It is a linear
equation [18] (Eq.1) and incorporates following five factors:

A=R*xK*xLS*C=xP D

where,
A = Average soil loss (tonnes/ha/year).
R =Rainfall erosivity factor (MJ mm/ha/h/year).
K=Soil erodibility factor (tonnes ha h/ha/MJ/mm).
LS =Slope length and steepness factor.
C =Cover and management practice factor.
P =Conservation practice factor.

Assessment of soil Multi- Selection of Soil Loss
loss in the district collinearity < "N Controlling
using RUSLE analysis B -
model 'actors
» -~
“Geomorphology
Z Application of + Geology
8 machine learning “Drainage density
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Fig.2 Methodological framework for soil loss assessment and soil loss susceptibility mapping
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Table 1 Sources of data

Data Resolution Year Source

Sentinel 2 10 m 2020
1:50,000 2005

USGS Earth Explorer

Topographical sheet Survey of India

SRTM DEM 30m 2020 USGS Earth Explorer

Soil Map 1:5,000,000 1981 Food and Agricultural
Organisation (FAO)
Geo-network

Rainfall 0.25°%0.25° 2020 India Metrological
Department

2.2.1 Rfactor

R factor quantitatively represents the capacity of rainfall to
transport and remove soil particles [28]. The erosivity is
determined by the kinetic energy of the rainfall and greatly
affected by the amount, intensity and duration of rainfall
[11]. Average annual rainfall is directly proportional to R
factor which can be used to estimate the R value [18]. R
factor was determined by following Babu et al., [29] and
(Eq. 2):

R = 22.8 + 0.6400 * MAP )

where,
R =Rainfall Erosivity Factor (MJ mm/ha/h/year).
MAP =Mean Annual Precipitation (mm).

2.2.2 LS factor

LS factor is a combined factor of slope length and slope
steepness. It shows the influence of landforms on soil ero-
sion [30]. It depicts the impact of gravity on the flow and
movement of water and hence it can help in examining the
effect of landforms on soil loss [11]. Higher the value of LS
factor, higher the rate of runoff and soil erosion. We deter-
mined LS factor following I. D. Moore and G. J. Burch, [31]
equation was used (Eq. 3).

LS = (SlopeLength/22.13)** x (0.01745 sin 6/0.0896)'* x 1.4
3)
where,
Slope Length =Flow accumulation xCell resolution
(DEM).
0 = Slope in Degree.

2.2.3 Cfactor

Vegetation cover is also one of the influential factors for soil
erosion estimation [32]. The C factor can be measured as the
fraction of soil loss from vegetated areas to a continoulsy fal-
low land. C factor varies both temporally and spatially with
respect to the relation between rainfall and vegetation cover.

Soil loss in inversely related with vegetation. The C factor was
computed by using Normalized difference vegetation index
(NDVI)[11]. NDVI quantifies vegetation health using reflec-
tance differences between NIR (Near-Infrared) band and red
band. The reflectance from the healthy vegetation increases
dramatically in NIR band while the energy is absorbed in RED
band due to presence of pigments in plant leaves.
and using Eq.4:

C = |=2NDVI/(1-NDVI)] )
NIR — Red
NDV] = ————
NIR + Red )
where,

NDVI- Normalized Difference Vegetation Index.
NIR- Near Infrared Band.
RED- Red Band.

2.2.4 Kfactor

K factor indicates the soil sensitivity of soil to erosion. It also
shows the transportation of sediment particles along with the
runoff rate for a specified rainfall under a given condition. Soil
erodibility has been assessed to know the possibility of soil
loss for a particular type of soil. K factor denotes the soil hold-
ing capacity against transport processes as well as detachment.
It is a function of permeability, structural integrity, antecedent
moisture content, grain size, organic content, cohesiveness,
porosity, parent material, texture and catena [11]. Digital soil
map of the world obtained from Food and Agricultural Organi-
zation was utilized for assessing soil erodibility. K factor was
computed by measuring the natural runoft (Eq.6):

K =0.1317 = szand * fCL—si * org * ﬁﬁsund (6)

where,

Jesana = 1educes K factor values for coarse textured sandy
soils are low and increases for fine sandy soils; f;_,; = low-
ers the value of k factor for high clay to silt fractions of a soil;
Jorg = reduces K values of the soil’s rich in organic carbon,
while f;...« = reduces K value for the soils having high sand
(Eq. 7-10):

Fesma = {0.2 + 0.3exp[—0.256mx<1 - ';10(’)’ )] } 7
my, 0.3
fer-si= <—> (8)
c m, + Mgip

0.25o0rgC
forg = 1- (9)
orgC + exp [3.72 —-2.95 orgC]
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; . 0.7(1 — lmT;))
hisand = 1 — m, m (10)
I =t expl-5.51 +22.9(1 - 2%

where, m, is sand fraction content (%) having a diameter of
0.050-2.000 mm, mg;, is the silt fraction content (%) having
diameter of 0.002—0.050 mm and m, is clay fraction content
(%) having diameter less than 0.002 mm and orgC is organic
carbon content (%) [3].

2.2.5 Pfactor

P factor is the ratio between the conservation practice and
the coressponding soil loss with downslope and upslope cul-
tivation. The factor helps in examining the effects of tillage,
contour farming and stone walls, etc. on soil loss. These
practices help in reducing the amount of soil loss arising
from high rainfall and consequent runoff rate [30]. P factor
can be examined on the basis of field observation and visual
image interpretation. The Eqn.11 developed by Wener, [33]
was utilized for assessing the conservation practices. The
equation describes the linkage between conservation prac-
tices and slope. The values range between 0 and 1, where
1 indicates no conservation practice was carried out and 0
indicates adoption of conservation practices. P factor can be
numerically expressed as (Eq.11):

P=02+0.03%S (11)

where.
P =Conservation practice;
S =Slope (%).

2.3 Factors influencing soil erosion

Elevation serves as an important determinant of soil ero-
sion, it influences microsite conditions that, in turn, impact
plant distribution, morphology, physiology, and growth
of plants [34]. The elevation data for the study area were
obtained from the SRTM-DEM at a 30m spatial resolution,
sourced from the USGS Earth Visualizing Viewer (Fig.3a).
The slope is a critical topographical factor that significantly
influences soil stability. It plays a pivotal role in determin-
ing the volume and velocity of runoff as well as sediment
transport within a basin [35]. Steeper slopes are more prone
to soil erosion compared to gentle slopes. The steeper slopes
augment the channel’s carrying capacity and elevate the
risk of soil erosion [36]. The gradient of the district ranged
from 17 to 92%, it was categorized into five classes: > 17%,
17-39%, 40-62%, 63-92%, and < 92% (Fig.3b). Drainage
density, representing the total length of rivers, stands out
as a crucial factor extensively utilized in modeling water-
induced soil erosion. Drainage density serves as an indica-
tor of resistance to both surface and deep soil erosion. Low
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drainage density suggests high resistance, often associated
with deep soil layers exhibiting high permeability and well-
vegetated soil surfaces. Conversely, areas with impermeable
deep soil layers and bare soil surfaces exhibit high drainage
density, signifying rapid runoff discharge and an elevated
risk of erosion [37]. The drainage density map depicts values
ranging from 0.04 to over 2.34 km~! (Fig. 3c). Soil ero-
sion processes are strongly influenced by types of land use.
Generally, areas that are bare or sparsely vegetated tend to
experience more rapid soil erosion. Five categories of lan-
duse/landcover namely waterbody, open land, agriculture,
built-up, and vegetation were identified in the study area
(Fig. 3d). Large area of the district was found under vegeta-
tion. The majority of the Nainital district is characterized
by vegetation.

The geography and climate of the Nainital district have
produced the soils’ varied properties. Steep hills and glacio-
fluvial valleys are dominated by sandy-skeletal to loamy-
skeletal soils, which have shallow depths, high drainage,
and little water retention. Sparse vegetation is supported
by these Lithic/Typic Cryorthents. On the other hand, fine-
loamy soils with a fine texture, mild acidity, and a deeper,
well-drained profile are found on the wider valley slopes
(Fig. 4a). Modified normalized difference water index was
used to assess the surface water. Riverbank erosion and
accretion contribute to the pronounced spatial and temporal
variability observed in the shapes and dimensions of riv-
ers. A comprehensive understanding of the processes driv-
ing channel migration, erosion, and sediment deposition is
crucial for effective management of soil loss. The values
of MNDWI ranges from —0.46 to 0.22 (Fig. 4b). Vegeta-
tion cover serves as a protective factor against erosion [34].
Thus, the Normalized Difference Vegetation Index (NDVI)
is a widely employed metric to characterize vegetation. The
NDVI determined using near infrared (NIR) and red bands.
NDVI is expressed as:

NDVI = NIR — RED (12)
NIR + RED

The values of NDVI were classified into five classes
namely <0,0-0.2,0.21-0.3,0.31-0.5, and > 0.5 following
Natural break method (Fig.4d).

The geological characteristics and rock types are crucial
determinants influencing the erosion rate. The erodibility
rate of the soil directly and indirectly impacts its composi-
tional and structural characteristics [38]. The Nainital dis-
trict lies in the lap of Himalyas in which the upper part is
associated with certain geological features, while alluvium
characterizes the middle to lower portions (Fig. 5a). This
specific geological configuration is highly susceptible to
erosion, with a substantial risk of large sediment volumes
obstructing smooth water flow. This, in turn, has direct and
indirect implications for decreasing the soil fertility of the
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Fig.3 Soil erosion influencing
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Fig.4 Soil erosion influencing
factors: a Soil, b MNDWI, ¢ R
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Fig.5 Soil influencing factors:
a Geology, b Geomorphology, ¢
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lower and middle parts of the district. The diverse geologi-
cal associations in the district plays varying roles in terms
of erosion susceptibility. Geomorphology stands out as a
paramount factor influencing susceptibility to soil erosion
and rate of soil degradation through the formation and evo-
lution of rills and gullies [39]. The upper section of the dis-
trict is geographically situated in the foothills of Himalays
(Fig. 5b). This particular morphological type, featuring steep
slopes and the presence of rills and gullies, is deemed con-
ducive to land degradation. Thus, geomorphological char-
acteristics are considered as crucial determinant for soil
susceptibility in sub-tropical regions. The bare soil index
(BSI) discriminates area under vegetation and bare soil [34]
(Fig. 5¢). Surfaces exposed with little to no cover are highly
susceptible to soil erosion, unlike covered ground that pro-
vides resistance against erosion. A low brightness index
indicates the presence of vegetation cover while a higher
brightness suggests barren land with soil or rock cover. In
this study, the BSI was selected as one of the measures of
soil susceptibility to erosion and was calculated as (Eq. 13):

_ (SWIR + RED) — (NIR + GREEN)

BSI =
(SWIR + RED) + (NIR + GREEN)

* 100 + 100
13)

Aspect plays a crucial role in regulating various climatic
parameters, including sun and wind exposure (dry or wet
conditions), precipitation intensity, and soil moisture [40].
The aspect map of the study area is depicted in Fig. 5d.

2.4 Multi-collinearity test

Accurate soil loss susceptibility mapping necessitates a
meticulous consideration of site-specific soil loss control-
ling factors. To reduce interdependence among these factors,
a multi-collinearity analysis was conducted by follwing [41].
This analysis addresses the situation where one inducing fac-
tor within a regression model can be accurately predicted.
Both the Variance Inflation Factor (VIF) and Tolerance
(TOL) methods were employed to assess the multicollin-
earity of the soil loss controlling factors. In a regression
model, VIF and TOL serve as accepted measures to gauge
the degree of multicollinearity of the nth independent vari-
able with other variables. All selected factors were scruti-
nized for VIF and TOL to examine correlations among them.
The application of the multi-collinearity test was crucial to
minimize potential errors in the soil loss susceptibility map-
ping models. Equations 14 and 15 were utilized to calculate
VIF and tolerances, respectively, in order to identify and
address any issues related to multicollinearity.

Tolerance = 1 — r* (14)
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1
VIF = ——— (15)

Tolerance

2.5 Random forest model

The Random Forest model, developed by Leo Breiman [42],
is a robust machine learning algorithm for classification and
regression. It builds an ensemble of decision trees trained
on random subsets of data (bootstrapping) and features,
reducing overfitting and enhancing diversity. This approach
handles high-dimensional data, captures complex interac-
tions, and is resilient to noise and outliers. Random Forest
provides feature importance estimates and uses out-of-bag
samples for internal validation, ensuring robust performance
and aiding hyperparameter tuning.

2.6 Models validation

The performance of RUSLE model and was evaluated using
ROC curve. These widely adopted metrics are instrumental
in gauging model accuracy. Higher ROC values indicate a
more effective model [34]. The area under the curve (AUC)
in the ROC curve serves as a measure of goodness of fit
and expresses the overall accuracy of the models. Typically,
AUC values range between 0 and 1, where a value of 1 sig-
nifies a precise analytical test, and 0 denotes an inaccurate
result. In constructing the ROC curve, sensitivity is plotted
on the Y-axis, representing false positives, while specific-
ity is plotted on the X-axis, reflecting false negatives. The
accuracy of machine learning model was also assessed using
AUC, accuracy, precision, recall, and F1-score, utilizing
positive and negative sample sets by employing equations
from 16 to 19.

TP + TN

A =
Ay = TP Y TN+ FP+ FN (16)
Precision = L 17
" TP+ FP a7
TP
Recall = ——~
A= TP Y EN (18)

FlScore = 2 % Precllsllon * Recall (19)
Precision + Recall

where,
TP= True Positive Pixel.
FP= False Positive Pixel.
FN= False Negative Pixel.
TN= True Negative Pixel.
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3 Results
3.1 Soil loss estimation

Erosion is generally an outcome of rainfall events which
causes more runoff and leads to detachment and transporta-
tion of soil particles. Higher chances of runoff from agri-
cultural fields occur during spring season when the soil is
saturated, snow is melted and vegetation cover is minimum
[43]. The erosivity map was prepared through interpolation
of rainfall data using inverse distance weighted method in
GIS environment (Fig. 6a). The value of R factor varied
between < 673 and > 937 MJ mm/ha/h/year. The rate of soil
loss is determined by soil properties. Soils with high organic
matter, high infiltration rate and better structure can help
in restricting soil loss [43]. Soil erodibility (K factor) is an
important factor of RUSLE model for estimating soil loss.
The values of K factor ranged between 0.104 and 0.169 M
J="mm™!. Higher values of this factor were observed in the

WL WHCE WD WL WWE WeeT

southern part of the district (Table 2&Fig. 6b). Soil loss
is directly proportional to LS factor. It was derived using
SRTM DEM slope map which, ranged between < 2 and >
25 (Fig. 6¢). The findings revealed that the northern part of
the district is highly vulnerable to soil loss. Thus, topogra-
phy played an influencing role in regulating soil loss in the
district. The values of C factor varied between 0.05 and 1.
Lower values of C factor represented vegetation cover while
higher values showed bare land. Lower values were mostly
found in southern part of the study area. It is located at lower
slope with large area under built-up and agricultural land
(Fig. 6d). Higher values were observed in rocky area and
baren land. This factor has contributed greatly to restrict soil
loss in northern part. Though this area has high LS factor,
but high vegetation covers restricted soil loss. The P factor
helps in suggesting management practices for reducing soil
loss [44]. Soil loss control practices were determined by
using slope of the study area. Values of P Factor ranged from
0 to 1 where the values closed to 1 indicated weak manage-
ment practices. P values were high in the northern part of
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Fig.6 Spatial pattern of a R factor, b K factor, ¢ LS factor, d C factor, e P factor, and f Soil loss map derived using RUSLE
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Table 2 Soil types and their K

Soil Type Sand % Silt % Clay % Organic Area (%) K value
values Carbon %
Dystric Cambisols 32.7 30.3 37.1 3.28 50.51 0.153
Eutric Cambisols 36.4 37.2 26.4 1.07 30.08 0.169
Dystric Regosols 82.1 6.7 11.3 0.27 2.7 0.104
Eutric Gleysols 68.3 15.1 16.6 0.5 16.71 0.154
Ta!)le 3 Area under different Soil Loss (Vha/year) Area (%)
soil loss classes. Source 120
Authors’ calculation from <5 (Low) 69.79
spatial analysis 515 (Moderate)  19.54 -
16-35 (High) 10.30 [
>35 (Very High) 0.37
80
-
the district (Fig. 6e). Lack of soil management practices in 560
this area has made this part highly vulnerable to soil loss. 2
The P, K, LS, R and C factors were multiplied for gener- o
ating soil loss map. Soil erosion values were classified into -
four soil erosion classes namely low, moderate, high, and
very high soil loss using natural break method (Fig. 6f). The 20
spatial distribution of soil loss has been shown in Fig.6f.
The table 3 revealed that largest area was under low soil
loss (> 5 t/ha/year) followed by moderate (5—-15 t/ha/year), . 0 20 40 60 80 100 120
high (16-35 t/ha/year) and very high (> 35 t/ha/year). Spa- NBSS&LUP map

tial distribution of soil loss in the district has revealed that
northern part of the district experienced high and moderate
soil loss. Larger area in southern part of the district was
under low soil loss. This area is located in foothills of the
study area and characterized with low soil erodibility, low
length and steepness and large area under agriculture. The
receiver operating characteristics (ROC) curve was used for
validating the soil loss map. The area under curve (AUC)
revealed 83% prediction rate (Fig. 7). Thus, RUSLE model-
ling approach has proved effective for soil loss estimation
in Nainital district.

3.2 Multi-collinearity test

Interdependence among soil loss controlling parameters
was examined through a multi-collinearity test. The pres-
ence of non-collinearity among factors was indicated by the
Variance Inflation Factor (VIF) value exceeding 10 and the
Tolerance (TOL) value being less than 0.1. Consequently,
all the parameters were considered in the preparation of soil
loss susceptibility map (Table 4).

3.3 Identification of soil loss susceptibility

The soil loss susceptibility mapping (Fig. 8) derived
from RF model was classified into low (42.6%), moderate
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Fig.7 ROC curve of the RUSLE model using the NBSS&LUP map
for validation

Table 4 Analysis of collinearity between Soil loss controlling factors
using the multicollinearity test

Soil loss controlling factors Collinearity statistics

Tolerance VIF
Elevation 0.248 4.030
Slope 0.294 3.406
Aspect 0.914 1.094
Bare soil 0.261 3.831
Geomorphology 0.223 4.479
Geology 0.427 2.342
Soil types 0.846 1.182
Landuse/Landcover 0.525 1.905
Drainage density 0.507 1.971
Rainfall erosivity factor 0.629 1.591
NDVI 0.259 3.856
MNDWI 0.683 1.463
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(10.3%), high (12.4%) and very high (34.7%) soil loss sus-
ceptibility on the basis of Natural break method (Table 5).
The soil loss susceptibility zones were identified by the RF
model showed that the areas with very high susceptibility to
soil loss are located in the north and north-eastern part of the
district. In addition, the susceptibility map also showed that
high to very high soil susceptibility zones are located in the
areas which have high concentration of bare soil. The con-
centration of low to very low soil loss susceptibility zones
were found mainly at the lower elevation and in the plain
areas which are located in the southern part of the district.

3.4 Model validation

The model was validated using AUC, accuracy, precision,
recall and F1 score. The higher the value of these assessors,
better is the model’s performance [34, 39]. The random for-
est model had a higher AUC value of 0.885 (Fig. 9). When
the estimated AUC value is higher than 0.70, it indicates that
the model’s output and actual data are fairly aligned [40].
The Random Forest also performed better on the values of

Table 5 Area under different soil loss susceptibility zones

Soil loss susceptibility zones ~ RF

Area % of area
Low 1811.19 42.60622
Moderate 437.115 10.28264
High 528.1291 12.42364
Very high 1474.566 34.6875

accuracy (0.889), precision (0.878), recall (0.898), and F1
score (0.888) (Table 6).

4 Discussion

This study utilized a novel approach by integrating the
Revised Universal Soil Loss Equation (RUSLE), Geo-
graphic Information System (GIS) and Random Forest
(RF) machine learning model for assessing soil erosion.
The annual soil loss ranged between 0 and 150.70 t/ha/
year. Kumar and Kushwaha, [45] also assessed soil loss
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Fig. 8 Spatial distribution of soil loss susceptibility
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Fig.9 ROC curve for the soil
erosion susceptibility zones 10
model '

ROC Curve

>
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(72}
c
[
w
00 0.2
Table 6 Anomaly detection Metrics Value
performance of random forest
model Accuracy 0.889
Precision 0.878
Recall 0.898
F1 Score 0.888
AUC 0.885

in Shiwalik sub watershed and found that the annual soil
loss ranged between 8.50 and 138.9 t/ha/year. The north-
ern part of the district experienced severe soil erosion.
High elevation, steep slopes, and limited vegetation cover
were identified as the influential drivers of soil erosion in
this part. Similar results were reported by Bhandari and
Wankhade [46] and Suthar et al. [47]. Strahler, (2020)
[48] has emphasized the significant role of topography
and slope gradient in accelerating erosion. Zhang et al.
[49] and Fang et al. [50] who has identified steep slopes,
increased run off velocity and reduced infiltration capac-
ity as the major drivers of soil erosion due to increased
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runoff velocity and reduced infiltration capacity. The areas
with high drainage density experienced severe soil erosion.
This finding is in line with study by Dragicevic et al. [51]
who has also highlighted the impact of drainage density on
runoff and sediment transport. Low soil erosion was found
in southern foothills mainly due to gentler slopes. Slope
length and steepness in the northern part have caused
greater runoff and erosion potential. The lower values
of C-factor indicated higher vegetation cover. Thus, the
denser vegetation in southern part has reduced soil loss.
The higher values of P-factor indicated poor soil manage-
ment practices. Further, deforestation, weak geological
formation, occurrence of seismic events and increasing
anthropogenic activities are attributed to higher soil loss
in this part. The finding is in line with Mahapatra et al.
[43]. The integration of RUSLE and RF models provided
a robust method for estimating soil loss and identifying
erosion hotspots. The RF model has shown its effective-
ness in soil susceptibility mapping. Madarasz et al. [52]
and Tarek et al. [53] have also demonstrated the reliability
of RF model in soil erosion analysis.
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Severe land degradation has been observed due to soil
erosion in the study area (Fig. 10). This is in with conformity
of soil erosion susceptibility map. The haphazard construc-
tion of homes and hotels and the conversion of forest areas
into agricultural land have increased soil erosion in the study
area. Further, overgrazing has made topsoil susceptible to
erosion. Thus, the study calls for targeted soil conservation
measures, including a holistic approach blending engineer-
ing solutions, sustainable land management practices, and
community participation. Afforestation and reforestation
efforts are pivotal for stabilizing slopes, enhancing soil struc-
ture, and curbing surface runoff. Implementing terracing and
contour farming techniques on hilly terrain can effectively
reduce water flow velocity, trap sediment, and promote infil-
tration, thus preventing soil erosion. Adoption of soil conser-
vation practices namely mulching, cover cropping, and crop
rotation can help in improving soil health, increasing organic
matter content, and shielding the soil surface from erosive
forces. The construction of check dams and retention ponds
along watercourses may help in regulating runoff, restricting
sediment transport, and thwarting gully erosion. Establish-
ment of vegetative barriers such as grass strips, hedges, and
shrubs along slopes are suggested for stabilizing soil. Fur-
thermore, implementing soil management techniques like
minimum tillage, agroforestry, and alley cropping may help
in enhancing soil structure, augmenting water infiltration,
and reducing erosion risk. Public awareness campaigns are

essential for engaging local communities in soil conserva-
tion and long-term sustainability of conservation initiatives.

5 Conclusion

This study estimated the soil loss and identified soil erosion
susceptibility in Nainital district of Uttarakhand, India. The
soil loss was estimated using RUSLE. Site specific factors
were utilized for analyzing soil erosion susceptibility using
RF model. The soil loss map was validated using AUC-ROC
curve. The effectiveness of RF model was examined using
performance accessors. The findings revealed that the larg-
est area of the district was found under low soil loss fol-
lowed by moderate, high and very high. High and moderate
soil loss was found in northern part of the district. Steep
slopes, high drainage density and bare soil exposure have
been attributed to high and moderate soil loss in this part.
Soil erosion susceptibility analysis revealed that nearly 35%
area of the district was found under high susceptibility. The
findings emphasize the urgent need for targeted soil conser-
vation measures, including afforestation, contour farming,
and erosion control structures. Despite the effectiveness of
hybrid modeling approach of RUSLE and RF in analyzing
soil erosion, gully erosion and sediment transport could not
be estimated. Long-term monitoring of soil erosion trends
using high-resolution remote sensing data and assessment of

Fig. 10 Soil loss sites identified during field survey
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