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Abstract

Landslides are among the most common natural hazards, particularly occurs in the Hilly area known for complex geological
formations and steep slopes. The landslide risk increases during the monsoon due to prolonged rainfall, causing significant
infrastructure damages and economic losses annually. Therefore, landslide assessment is essential for disaster risk management.
Current study seeks to prepare a reliable landslide susceptibility map over the diverse geography of Doti district by analyzing the
geospatial relationship between past events and landslide conditioning factors. Landslide susceptibility mapping is a crucial tool
employed worldwide for landslide management. It relies on existing landslide characteristics. A total of 13 landslide conditioning
factors and inventory map containing 7869 landslide events were employed for the study. The landslide susceptibility assessed
using the Support Vector Machine (SVM) algorithm. SVM is a flexible supervised machine learning technique that makes predictions
from a small number of samples. The results revealed that the district characterized by varying level of susceptibility with 9.35% of
the area identified as very high, 13.7 % as high, and 21.4 % as moderately susceptible to landslide. Further, feature importance
analysis indicated the rainfall and slope as main landslide contributing factors in the district. The model was evaluated using area
under the Receiver operating curve (AUC-ROC) and confusion matrix. The model provided a good prediction rate of 83 % which
indicates SVM could be a promising option for precise hazard prediction. Although most part of area is characterized by low
landslide susceptibility, future occurrences are still possible due to human activities, earthquake and rainfall. Therefore, improving
the warning system and enhancing landslide preparedness is crucial. The generated map will be helpful to the local government in
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planning land use and preventing future possible landslide damages.
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1. Introduction

Landslides rank as the third most fatal natural disaster
globally, contributing to 9 % of the world’s natural disasters
[1, 2]. Nepal ranks within the top 20 countries globally that are
highly vulnerable to multiple hazards. As per data analysis
between 1978 and 2005, an annual average of 78 landslide
related fatalities occurs in Nepal [3]. A complicated interplay
between earthquakes, climate change, and road construction
operations has resulted in a sharp rise of the number of
landslides in Nepal. Among Nepal’s 77 districts, 49 are at risk
of floods and landslides, including Doti [4].

Landslides, among the most common natural hazards in
mountainous country, involves debris, rock and earth
movement due to gravity. These landslides result in significant
ecological and economic losses annually [5]. The occurrence
of landslides is influenced by various causative factors
including human activities [6]. Rainfall is a leading trigger of

landslides and causes frequent landslides in hilly area [7].

Geomorphological factors such as Digital Elevation Model
(DEM), elevation, slope, aspects, Curvature, ans Topographic

Wetness Index (TWI) all can influence landslide occurrence.
Areas with slopes >5° are considered landslide-prone [8].

Aspects has effect on processes like hydrology and weathering
[9]. TWI has an influence on soil moisture [10]. Hydrological
factors are significant, especially in streamside areas are prone

to slope instability due to saturation [11]. Factors like Land
use/land cover (LULC), normalized difference vegetation
index (NDVI), road constructions etc. alters landscapes and
slope stability [9, 12]. Geological factors such as lithology, soil
types, fault proximity can also make area prone to landslide
[13].

Landslides occurs frequently in Doti, especially during the
monsoon, primarily due to its steep terrain and location in a
seismically active region. The district is identified as a
climate-related Disaster Hotspot, ranking third in terms of
total disaster factor and second in terms of the highest
estimated loss [14, 15]. Heavy rainfall and slopes weakened by
earthquakes increase the landslide risk, making early warning
systems and landslide prediction tools Imperative. The 2015
rainfall - triggered landslides in Toleni and Daud village of
Doti exemplify this situation. Prevention and Avoidance are
often the best solution for landslides, but not possible for poor
local areas of Nepal like Doti. Alerting and careful planning
can help now. However, neither of these approaches has been
applied due to limited budget and lack of planning. Despite of
several fatal landslide events, no comprehensive regional-level
studies have been conducted. These findings highlight the
district has low level of preparedness for disaster risk
reduction.

Landslide susceptibility assessment involves predicting the
potential locations of future landslides in a specific area.
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Various qualitative and quantitative approaches, including
machine learning (ML) algorithms, can be used for landslide
susceptibility modeling. The combination of the Geographical
Information System (GIS) and machine learning has
significantly improved landslide and slope failure-related
studies [16, 17]. Machine Learning is a distinct field in
computer science that employs algorithm to learn from

various disciplines like mathematics and Artificial Intelligence.

ML is gaining traction in landslide assessment due to its
proficiency in handling complex data, improvement in
accuracy, flexibility, and adaptability in mapping and
forecasting. However, data quality and factor selection remain
crucial for precise results.

In this study, a commonly used supervised ML method known
as Support Vector Machine is applied to determine spatial
correlation between factors contributing to landslides and
pastlandslide events. The model was developed considering
13 conditioning factors with the assumption that landslides
are more probable in areas resembling previous landslide
locations. The study aims to map the susceptibility for the
future landslide occurrences over the diverse geographic area
of Doti district and identify factors contributing the landslides
and slope failures in Doti.  Assessment of landslide
susceptibility and their mapping is vital for land use
management, disaster preparedness and proactively
safeguard landslide-prone areas. Such mapping tasks do not
eliminate hazards but holds practical utility in making
decisions on the strategic application of landslide mitigation
approaches. They act as the initial step for disaster
preparedness and management and prevent future possible
damages. However, further studies and development projects
are desperately needed for accurate landslide prediction and
susceptibility assessment.

2. Study Area

Doti is situated in Sudurpaschim province of Nepal, with an
elevation difference of 2995 m (lowest: 289 m and highest:
3284 m), covering roughly 2025 sq. km area. The district lies
between the Ramganga River in the west and the Karnali River
in the east with headquarter Dipayal Silgadhi lying on the bank
of the Seti River flowing in the middle. The district experiences
an average seasonal rainfall of about 670.7 mm from July to

November and the mean annual temperature of 22.84 °C [18].

The majority of areas of district are covered by forests and
grasslands. Geologically, it features Khaptad Gneiss Klippe in
the north; the Dandeldhura Crystallines in the south; and an
extension of the Karnali Klippe and the Doti Schist (a green
mica schist) in between [19]. The area is seismically active due
to Main Frontal Thrust (MFT) passing nearby the southern
boundary of the district [20]. The location map of the study
area is shown in Fig. 1.

3. Material and Methods

3.1 Data collection

Landslide is complex process. The reliability of landslide
susceptibility assessment depends on sound inventory data
and causal factors. Understanding the landslide causative
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Figure 1: Map showing the location of study area with major
rivers, roads, and elevation
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Figure 2: Map showing distribution of landslide events in the
study area

factors and making inventory mapping are crucial steps for
assessment of landslide hazard. Therefore, a total of 7869 past
landslides locations spanning the period from 1992 to 2020
collected as inventory data. Notably, 44 of these locations,
pertaining to the period from 2019 to 2020 were digitized
using Google Earth, while the remaining locations were
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Figure 3: Thematic maps of various landslide factors: (a) Slope, (b) Elevation, (c) Aspect, (d) Curvature, €) Annual Rainfall, f) TWI,
(g) Proximity to Roads, (h)Proximity to Faults, i) Proximity to Drainages, (j) NDVI, (k) Land use and land cover, (1) Dominant Soil
types (RGe: Eutric Regosols; CMe: Eutric cambisols; CMu: Humiic cambisols; CMx: Chromic cambisols; CMg: Gleyic cambisols;
RGd: Dystric Regosols; CMo: Ferralic cambisols), and (m) Geological formations

extracted from the previous study 'Multi-Temporal Landslide
Inventory for the Far-Western region of Nepal’ [21, 22]. These
datasets comprises of three decade landslide events digitized
in form of polygons through remote sensing technique. The
duplication of data were manually checked using spatial
analyst tool and landslide inventory map prepared (Fig. 2).

Additionally, 13 landslide conditioning factors (Fig. 3) with the
common spatial reference * WGS 1984 UTM 44N ’ and
resolution of 30 m were considered based on the literature
review [10, 23, 24]. Factors such as elevation, slope, aspect,
and curvature were obtained using the Shuttle Radar

Topography Mission (SRTM) DEM of 30 m resolution. The
land use map of Nepal for the year 2019 was acquired from the
International Centre for Integrated Mountain Development
(ICIMOD), and the geological data were obtained from the
national geological map of 1,000,000 scale published by the
Department of Mines and Geology (DMG) in 1994. Fault data
were digitized from previous study [25]. The NDVI was
calculated using free satellite images like the Landsat series in
Google Earth Engine (GEE). Rainfall data provided by the
Climate Research Unit (CRU) for the period 2011 to 2020 were
used to prepare precipitation map. The Topographic map of
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1:25,000 scale were obtained from survey Department, Nepal.
The thematic mapping of landslide factors was done in
geographical information system (GIS) environment.

3.2 Methodology: Support Vector Machine

SVM is a powerful binary classifier in the field of machine
learning. It is based on supervised learning principles rooted
in statistical theory and aims to find the optimum
n-dimensional hyperplane by maximizing the margin of the
training data. This boundary separate different classes of data
points i.e, it serves as decision boundary [26]. SVM relies on
two key concepts: first, it aims to find an optimal linear
separator to distinguish patterns within the data. Second, it
incorporate kernel functions to transform non-linear data into
a format that can be separated by a linear boundary in a
higher-dimensional space [10, 26].

For a given set of input vectors x; (where,i=1, 2,...,n), which
are linearly separable into two classes label denoted as y; =
+1, SVM identifies the hyperplane that separates the classes
ensuring maximum margin (Fig. 4(a)).

Mathematically,
1 2
—lw 1
5 lwl ey
Subjected to the constraints:

yillw-xi)+b) =1 2)

where, ||w| is the weight vector also called norm of the
hyperplane, b is a scalar base (shifts the decision boundary
from the origin), x; indicates input features, y; indicates the
label, and (-) denotes the scalar product operation.

The Lagrangian Multiplier can be used to define cost function
represented by equation (3).

1 n
L= Enwuz—zai (yi (w-x;) +b) - 1) 3
i=1

where, A; is the Lagrangian multiplier.

(@ (b)

Figure 4: Explanation of SVM principle. (a) optimum n —
dimensional Hyperplane differentiating binary datasets with
maximum gap (b) non - separable case and slack variables ¢;
[7,27]

The solution of equation (3) can be obtained through a dual
minimization process with respect to both 'w’ and ’'b’. In cases
where data points are non-separable (Fig. 4(b)), the slack

variables ¢; can be introduced to modify the Equation (2) [26].

yillw-x)+b)=1-¢; (4)

Then, Equation (1) becomes:
1 2 7
L=ZIWIF=C} ¢, ©)
i=1

where, Cis introduced in order to account for misclassification.

Additionally, a kernel function K(x;, x;) is introduced by
Vapnik, [28] to take into account the nonlinear decision
boundary. It computes the dot product between transformed
data points ¢(x) in higher dimensional space for a given
feature vector 'X'i.e.,

K(xi, x}) = O(x;) - () ©)

Where, x;, x; are input features in original space and ¢ is a
transformed basis vector called mapping function.

The SVM classifier support four kernel: Linear, Polynomial,
Radial Basis Function (RBF), and Sigmoid. The present study
is focused on the RBF kernel as it is commonly used kernel and
various studies have shown that it provides good agreement for
landslide prediction [26]. Radial basis function is represented
as:

)2

K(x;,y;) = e YXi=3% @)

where, v is kernel function parameters.
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Figure 5: Flowchart of the methodology

Landslide susceptibility mapping requires both landslide and
non-landslide locations data [29]. The choice of non-landslide
(absence-data) is typically arbitrary. Therefore, an equal
number of non-landslide data (to avoid biasness) as that of
landslides were randomly generated in GIS based on the
assumption that landslides are more likely to occur in
situations similar to those of past landslides.

There are two techniques of data sampling: the pixel-based
and object-based method [30]. In this study, pixel-based
method was adopted and the value of each landslide
conditioning factors extracted for each landslide and
non-landslide pixels. The datasets pre-processed for outliers
and missing values and divided randomly into two groups:
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Training (70 %) and validation (30 %) data. The training group
were applied to train SVM model with RBF kernel and testing
group used to measure prediction rate and model accuracy.
Landslide susceptibility indexes (LSI) were computed as the
probability prediction of model for landslide occurrence and
susceptibility visualized in GIS. The detail workflow chart to
perform the landslide susceptibility assessment using SVM is
shown in Fig. 5.

3.3 Model Performance Analysis

The support vector machine model for landslide prediction
was developed in python environment using training
landslide datasets and landslide susceptibility index for each
pixel predicted. The result was visualized with the help of
spatial analyst tool GIS. Performance and Prediction accuracy
of the models was evaluated using Area Under the Receiver
operating Curve and confusion matrix using testing datasets.
The ROC is a commonly used graphical representation that
shows the relationship between true positive and false
positive. The Area Under curve (AUC) ranges from 0.5 to 1,
with a value greater than 0.5 indicating the model’s validity
and acceptability. AUC provides a measure of the model
accuracy and determine its predictive power.

4. Results and Discussion

The SVM model was trained using training datasets and the
probability of landslide occurrence predicted for each
pixels.The landslide susceptibility map (LSM) was generated
in GIS using these probability as susceptibility index. The
generated map was subsequently divided into five distinct
categories to represent different level of landslide
susceptibility, ranging from very low (VL) to very high (VH).
The categorization was accomplished using a natural break
classifier in the GIS software and the occurrence of landslide
visualized in color gradient with green shades indicating very
low susceptibility region and dark red indicating very high
landslide susceptibility zone (Fig. 6). The spatial distribution
of landslide susceptibility indicated that 9.35 % of the area has
very high, 13.7 % of area has high (H), and 21.4 % of the area
has moderate susceptibility (M). The most part of area ( 55 %)
especially area south and west to Dipayal was found very low
to low category of landslide susceptibility. The performance of
model was evaluated using area under ROC and the prediction
rate was found 83 % (Fig. 7). This indicates the accuracy is
high enough, displaying validity of the model.

The results revealed that the district characterized by varying
level of landslide susceptibility. From the visualisation of
susceptibility map, it can be seen that majority area of Shikhar
Municipality and Jorayal Rural Municipality have lower
susceptibility. = Whereas, most part of Adarsha Rural
Municipality, Sayal Rural Municipality, and Purbichauki Rural
Municipality observed highly susceptibility to landslide
hazard. The area around Dipayal has been seen to have
varying level of susceptibility. Similarly, South Khaptad NP,
South-West of Badikedar and south Jorayal Rural Municipality
also demonstrated as higher landslide susceptibility zone.
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Figure 6: Landslide susceptibility map of Doti district
developed by using Support Vector Machine method
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This variation may be attributed to the higher slope and
elevation in Northern area and higher precipitation in
southern part of doti. Moreover, higher road construction
activities and agriculture in the north and south area, as
opposed to the middle part of the district with dense
forest/vegetation cover might be responsible for to this
vulnerability. Also, the region has become more vulnerable to
multiple hazards including landslides and slope instability,
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due to seismic activities along the main thrusts of Nepal. The
area near the Seti River is identified as having a higher
susceptibility to landslides, potentially influenced by
infrastructure like roads construction along the valley bottom
and hydropower projects.

From the feature importance analysis (Fig. 8), rainfall (18.2 %
contribution) and slope (12.9 % contribution) were observed
as the two main factors contributing landslides in Doti. The
factors like dominant soils, geology and land cover have very
low contribution (< 2.5%) to landslides occurrence. The
feature importance score reveals that Rainfall, Slope, Aspect,
Elevation, Road construction, NDVI, Drainage proximity, TWI,
and Fault proximity as the main landslide contributing factors
in Doti.

5. Conclusions

Landslides pose a severe and widespread natural threat.

Evaluating landslide susceptibility is crucial for the disaster
risk management. Such mapping tasks do not eliminate
hazards; however, enhance future landslide preparedness,

acting as the initial step for the landslide risk management.

The study illustrates the landslide susceptibility mapping over
the diverse geography of Doti district by analyzing the
geospatial relationship between past events and landslide
conditioning factors. The fundamental purpose of study is to
identify areas prone to landslide and factors contributing
landslide. Following are some conclusions drawn from this
study:

a) The study revealed varying levels of landslide susceptibility
in the district with 9.35 % of the area categorized as very high,
13.7% as high, 21.4 % as moderate, and 55 % of the area
showing lower susceptibility to landslides.

b) The feature importance score highlights Rainfall, Slope,
Aspect, Elevation, Road construction, NDVI, Drainage
proximity, TWI, and Fault proximity as the main contributing
factors to landslides in Doti.

¢) The prediction rate of model 83 % clearly demonstrated
that machine learning method like SVM could be a promising
option for precise hazard prediction.

Even though most part of the district is identified having lower
level of landslide susceptibility, future occurrences are still

possible due to human activities, earthquake and rainfall.

Hence, enhancing machine learning techniques for landslide
prediction and mapping might be a promising option for
disaster management in a country like Nepal.
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