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ABSTRACT

Landslides pose a persistent and severe risk, frequently resulting in substantial harm to both people and infrastructures in 
Nepal. Understanding the underlying cause-and-effect dynamics of these events is crucial for effective mitigation measures 
to minimize their impacts. This research delves into assessing the susceptibility to landslides in the Thaha, Bhimphedi, 
Kailash, and Indrasarobar  Rural Municipalities of the Makawanpur district. Considering the area's predisposition to 
landslides and soil erosion, exacerbated by the highly dissected topography and monsoon rainfall, this region is critically 
important for landslide susceptibility mapping. Using the satellite and aerial images, an inventory of 230 landslides was 
prepared. A total of nine landslide influencing factors including slope, aspect, curvature, distance to road, distance to 
stream, landuse/landcover, topographic position index, lithology, and lineament density were integrated to produce the 
landslide susceptibility index using the Analytic Hierarchy Process (AHP). Landslide susceptibility map thus generated 
was divided into five classes ranging from very low to very high susceptible zones. Validation of the susceptibility 
map was done using the landslide inventory, where the area under the Receiver Operating Characteristic (ROC) curve 
indicated a success rate of 0.727, demonstrating a commendable accuracy in predicting landslide occurrences. Similarly, 
the landslide density along with different susceptibility classes also indicate better performance to predict the susceptible 
zone. This susceptibility map can be very useful for planning the effective landslide disaster response and mitigation in 
the study area.
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INTRODUCTION

Landslides are one of the most abundant and common natural 
hazards that cause significant damages in a mountainous 
country like Nepal (Bhandary et al., 2006). Nepal Himalaya, 
characterized by the rugged terrain, harbors a complex interplay 
of geological, climatic, and anthropogenic factors render it as 
the region with high susceptiblity to landslides (Dahal  and 
Dahal, 2017). Landslide not only pose significant threats to 
human life and infrastructure but also impede socioeconomic 
development in this region of immense cultural and ecological 
significance.

Landslides in the Nepal Himalaya have been increasing in recent 
years due to a complex interaction of the factors, including 
rapid urbanization, deforestation, erratic precipitation patterns 
attributed to climate change, and the geological fragility 
inherent to mountainous terrains (McAdoo et al., 2018; 
Vaidya et al., 2019; Muñoz-Torrero Manchado et al., 2021). 
The devastating earthquakes of 2015 further exacerbated 
this vulnerability, underscoring the urgent need for proactive 
measures to mitigate landslide risks and enhance resilience 
(Roback et al., 2018).

Landslide susceptibility mapping is a crucial aspect that 
identifies landslide-prone areas based on various causative 
factors such as topographical, geological, hydrological, 
and environmental parameters and the history of landslide 
occurrences (Glade and Crozier, 2005; Pourghasemi et al., 
2013). Effective landslide susceptibility mapping plays a 

pivotal role in understanding the spatial distribution and 
underlying causes of landslide occurrence, thereby facilitating 
informed decision-making for land use planning, disaster 
preparedness, and infrastructure development. Previous studies 
have demonstrated the efficacy of susceptibility mapping of 
landslide-prone areas and identifying the primary drivers 
governing susceptibility patterns in mountainous terrains like 
Nepal Himalaya (Kayastha et al., 2012; Regmi et al., 2016; 
Acharya et al., 2017; Thapa et al., 2022). 

Recent studies have introduced various methodologies for 
assessing landslide susceptibility, including qualitative, 
quantitative, and semi-quantitative approaches (Das et al., 
2023). Among these, the Analytic Hierarchy Process (AHP) 
has emerged as a preferred method due to its ability to simplify 
complex decision-making by quantifying subjective judgments 
and synthesizing them into a structured model (Saaty, 1980). 
Unlike purely qualitative methods, which rely on expert 
opinion and historical data, AHP provides a more reliable 
and transparent decision-making process. It is particularly 
advantageous over machine learning and deep learning 
algorithms, which require extensive data and computational 
resources, making AHP more accessible in regions with 
limited data availability (Neaupane and Piantanakulchai, 
2006; Ayalew et al., 2005; Akgun et al., 2010). This balance 
of structured analysis and practical application has established 
AHP as a valuable tool for both local and regional-scale 
landslide susceptibility assessments.
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Makawanpur district in Central Nepal is a critical area for 
examining landslide susceptibility due to its challenging 
terrain and environmental conditions, which heighten the risk 
of natural disasters. The region, particularly around Kulekhani, 
is significantly threatened by both landslides and soil erosion 
(Sthapit, 1996; Pradhan et al., 2012; Shrestha et al., 2024). 
The rugged topography, characterized by steep slopes, 
coupled with the region's monsoon rainfall patterns, creates a 
condition that heightens the susceptibility to landslides. The 
natural susceptibility to slope failures and soil erosion within 
the region is intensified by the complex interplay among the 
morphological, geological, and anthropogenic activities, 
heightening the risk of damage to existing infrastructure.

To date, there has been a notable absence of studies focusing on 
landslide mapping and susceptibility zonation in the study area. 
Hence, the current research is centered on conducting landslide 
susceptibility mapping utilizing the Analytic Hierarchy 
Process (AHP) method in conjunction with Geographic 
Information Systems (GIS). This approach aims to delineate 
the susceptibility zone of the area, thereby assisting in the 
mitigation and management of potential hazards associated with 
future landslide occurrences. The mapping process takes into 

account various factors including topographical, geological, 
and anthropogenic features to provide a comprehensive 
understanding of landslide susceptibility in the region.

STUDY AREA

Makawanpur district, situated in Bagmati Province, central 
Nepal, spans an area of 2,426 km2. The district is situated 
between latitudes 27˚ 21̍ to 27˚ 40̍ N and longitudes 84˚ 41̍ 
to 84˚ 35' E. The study area is located in the northern part 
of Makawanpur district (Fig. 1), encompassing four Rural 
Municipalities: Thaha, Indrasarowar, Kailash, and Bhimphedi, 
with an area of about 739 km2. The district boasts diverse 
topography, with elevations ranging from 337 to 2535 meters 
above mean sea level (Fig. 1). The major stretch of the Kanti 
Lokpath and the Tribhuvan Rajpath passes the study area 
making it strategic alternative connection between the East-
West Highways and the Kathmandu, the federal capital of 
Nepal. Geologically, it is divided into three tectonic divisions: 
the Siwalik Group, the Nawakot Complex and the Kathmandu 
Complex of the Lesser Himalaya (Stӧcklin and Bhattarai, 
1980). The study area mostly covers the Bhimphedi Group and 
Phulchauki Group of the Kathmandu Complex.

Fig. 1: Location map of the study area along with the elevation and the landslide distribution.
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METHODOLOGY

Assessment of a landslide susceptibility involves crucial 
steps (Fig. 2), with data collection being vital. In this study, 
nine factors were determined to be significant contributors 
for landslide events. The factors were selected based on the 
characteristics of study area and the observed landslides, 
expert knowledge, and data availability. Also the factors 
identified are well adopted and most frequently used for 
landslide susceptibility analysis in the Himalaya (Das et al., 
2023). These includes slope, aspect, curvature, distance to 
road, distance to stream, land cover/land use, Topographic 
Positioning Index (TPI), lithology, and lineament density. 
Various data sources were accessed, including Google Earth 
and satellite images (ALOS-PALSAR, 12.5m terrain data), 
Landuse/Landcover map (ESA, Sentinel 2A, 10m), Open 
Street map, Geological map (Stӧcklin and Bhattarai, (1980), 
and 1:25000 scale topographic maps from the Department of 
Survey, Government of Nepal.

Weight and rank calculations were performed using the AHP 
by Saaty (1980). These factors and their respective classes 
were then integrated through the weighted Linear Combination 
(WLC) approach to generate the Landslide Susceptibility 
Index (LSI). The prepared LSI map was then validated using 

the landslide inventory of the area using the area under the 
Receiver Operating Characteristics (ROC) curve. The validated 
LSI map was then classified into different levels of landslide 
susceptibility zones.

Landslide inventory map 

Landslide inventory mapping is a detailed representation 
of historical landslides in a specific area, achieved through 
analyzing aerial and satellite imagery, studying existing 
literature, and conducting extensive field investigations. Such 
mapping is crucial for understanding landslide susceptibility 
and exploring the factors that predispose these events. In 
this study a reliable landslide inventory map was prepared 
by the visual interpretation of the satellite and aerial images 
and conducting on-site visits as a validation. The inventory 
is compiled during the desk study and later validated by field 
observations along the road section of the Tribhuvan Highway, 
the Kanti Lokpath and the Kulekhani - Chitlang road section. 
The landslides were identified observing the active and old 
landslide scarps, detailed fieldwork, historical landslide record, 
and time series satellite and aerial imagery analysis. The 
landslides were digitized into polygons, showing the spatial 
distribution using GIS environment.

Fig. 2: Flowchart showing the detailed procedure of the landslide susceptibility analysis.
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Thematic factors

To delineate the landslide susceptibility zones in the study 
area, a total of nine key parameters were selected for this study 
(Fig. 2). The ALOS PALSAR 12.5 m high resolution terrain 
data from the repositories of Alaska Satellite Facility (ASF) 
– Distributed Active Archive Center (DAAC) has been used 
as Digital Elevation Model (DEM), which forms the base to 
produce the slope, aspect, curvature, and distance to stream in 
the GIS environment. The thematic layers were prepared and 
analyzed with 12.5*12.5 m resolution to match the raster cell 
size of the available DEM. 

Slope

The inclination of the land, known as slope, is widely 
recognized as a significant factor contributing to landslides 
and has been dominantly used in the susceptibility analysis. 
Majority of the studies related to the landslide susceptibility 
analysis emphasizes that steeper slopes correlate with increased 
landslide risk, underscoring the importance of slope angle 
in assessing landslide susceptibility (Das et al., 2023). In the 
presented study, a slope map derived from DEM is categorized 
into five classes: 0-15°, 15°-25°, 25°-35°, 35°-45°, and >45° 
(Fig. 3a). 

Lithology

Lithological units indicate a wide range of landslide sensitivity 
values and are crucial for identification of susceptible zones 
as the landslide events are dependent on the intrinsic geo-
mechanical properties and associated deformation structures 
(Hong et al., 2016). Based on the lithological composition of 
the different formations from the geological map of Stӧcklin 
and Bhattarai (1980), the lithological map of the study area 
has been extracted. Altogether, there are seventeen formations 
in the study area namely the Benighat Slate and Robang 
Phyllite of the Upper Nawakot Group, Raduwa Formation, 
Bhainsedhoban Marble, Kalitar Formation, Chisapani 
Quartzite, Kulikhani Formation, and Markhu Formation of the 
Bhimphedi Group, Tistung Formation, Sopyang Formation, 
Chandragiri Limestone, and Chitlang Formation of the 
Phulchauki Group, along with the intrusive granitic rocks, 
rocks of Siwalik and the quaternary deposit. These formations 
are further combined according to their common lithology to 
create the lithological map of the study area. The lithology is 
divided into nine classes: basic rock, quartzite, granite basic 
and gneiss, dolomite, marble, phyllite, schist, rocks of Siwalik, 
and quaternary sediments (Fig. 3b). 

Land use/Land cover

Modifications in land use and land cover due to deforestation, 
unregulated road building, and associated human influences 
can destabilize slopes, potentially contributing to increased 
occurrences of landslides. This factor has been identified as 
the major factor used for landslide susceptibility mapping 
in the Himalayan region (Das et al., 2023). In the current 
analysis, the landuse and land cover map was extracted from 
the repositories of European Space Agency (ESA), Sentinel 2A 
with the resolution of 10m and was reclassified into five classes: 
River/Waterbody, Trees (Forest), Grassland, Cultivation, and 
Built area (settlements) (Fig. 3c). 

Lineament density

Lineaments provide insights into the structural makeup of 
the underlying rock formations. Typically, they are identified 
as vulnerable surface features such as joints, faults, and 
shear zones. These attributes elevate the risk of landslides 
occurring (Pathak, 2016). The lineament map was prepared 
using the image interpretation of Google Earth, that allows 
the observation of the earth’s surface using perpendicular 
and oblique viewing perspective. This method of identifying 
lineaments is highly reliable and has been adopted widely 
(Lawal et al., 2022). The lineament density map was prepared 
and classified into three classes (low, moderate and high) based 
on the spatial density of lineaments in the area (Fig. 3d) using 
line density tool in GIS.

Distance to Stream 

To analyze the impact of stream proximity on landslide 
occurrence, a stream network map was generated from the 
DEM in GIS environment. The buffer zones of different 
distances from the stream were created using the Euclidean 
distance method (Pradhan and Kim, 2020; Huang et al., 2022) 
and were categorized as 0-50 m, 50-150 m, 150-300 m, 300-
450 m, and >450 m (Fig. 4a). 

Distance to Road

The proximity to roads is often considered a significant 
anthropogenic factor contributing to landslide susceptibility 
(Pourghasemi et al., 2012). The road network in the study area 
was extracted from the Open Street Map (OSM) available in 
Google Earth. The road network was used to produce the buffer 
of different distance using the Euclidean distance method in 
GIS environment and was segmented into five classes: 0-100 
m, 100-200 m, 200-300, 300-400 m, and >400 m (Fig. 4b).

Topographical Position Index (TPI) 

The TPI measures the elevation difference between a cell 
(DEM) and the mean elevation of its surrounding with the 
window size of 33 * 33 cells (Seif, 2014). A TPI close to zero 
signifies flat or mid-slope terrain, whereas higher TPI values 
suggest ridges and steep slopes more susceptible to landslides 
(Roy et al., 2023). The TPI map was classified into three 
classes river valley (<-10), slope land (-10 - 25), and Hilltop/
Spur (>25) (Fig. 4c). 

Curvature 

Plan curvature refers to the curvature of topographic contours. 
It influences how landslide material and water converge or 
diverge in the direction of landslide movement (Carson and 
Kirkby, 1972). In the present study, curvature of the slope was 
generated using the DEM in GIS environment. The curvature 
map was then categorized as concave, flat, and convex (Fig. 
4d).

Aspect 

Aspect is a key parameter utilized in assessing landslide 
susceptibility due to its influence on various factors such as 
weathering, vegetation, soil moisture, and hillslope (Garcia-
Rodriguez et al., 2008). Additionally, meteorological elements 
like rainfall and sunlight exposure manifested by the slope 
aspect, play a significant role in landslide occurrence (Komac, 
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Fig. 3: Thematic layers used for landslide susceptibility zonation, a) Slope in degree, b) Lithology (after Stöcklin and Bhattarai, 1980), 
c) Landuse map (ESA, sentinel 2A), d) Lineament Density map 

Fig. 4: Thematic layers used for landslide susceptibility zonation, a) Distance to stream, b) Distance to road, c) Topographic Position 
index (TPI) d) Curvature of the slope.
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2006). 

The Aspect map was generated using the DEM in spatial 
analysis in GIS environment, which is further classified into 
nine different classes as Flat (-1), North (0 o - 22.5o and 337.5o - 
360 o), Northeast (22.5o - 67.5o), East (67.5o - 112.5o), Southeast 
(112.5o - 157.5o), South (157.5o - 202.5o), Southwest (202.5o 
- 247.5o), West (247.5o - 292.5o), and Northwest (292.5o - 
337.5o), following the direction of slope facets (Fig. 5). 

Weight and rank calculation

AHP method is one of the most significant semi-quantitative 
methods for landslide susceptibility assessment and prediction 
(KC et al., 2024). This method was first propounded by Saaty 
(1977) in social science studies and later used in different 
scientific studies that uses Multi-Criteria Decision Analysis 
(MCDA). The method used the pairwise comparison matrix 
of N*N order where N is the number of factors under 
consideration.  The comparison is performed using a relative 
importance scale ranging from 1 to 9 (Saaty, 1980). A value 
of 1 indicates equal importance whereas 9 denotes extreme 
importance. The pairwise comparison matrix is normalized to 

calculate the weight for each factor.

The AHP offers a valuable feature in assessing pair-wise rating 
inconsistency making it more robust and reliable. Eigenvalues 
(λ) help quantify a consistency measure that indicates 
inconsistencies in pair-wise ratings. Saaty (2000) noted that in 
a consistent reciprocal matrix, the largest eigenvalue (λmax) 
equals the number of comparisons (N). 

In addition, the Consistency Ratio (CR) serves as an index 
of consistency, indicating the likelihood that the judgment 
matrix was randomly generated (Saaty, 1977). The CR is 
calculated using the Consistency Index (CI), derived from the 
largest eigenvalue (λmax) and the number of factors under 
consideration (N) and Random Consistency Index (RI) (Saaty, 
2000). Saaty (1977) indicated that CR value equal to or smaller 
than 10% signifies acceptable inconsistency. 

Table 1 presents the pairwise comparison matrix for landslide 
susceptibility, encompassing the nine thematic layers. The 
significance of these factors and their classes was evaluated 
based on the authors' expertise and knowledge acquired 
from previous assessments of landslides in similar terrain 

Fig. 5: Thematic factor as Aspect of slope facet within the area.

Table 1: Pairwise comparison matrix used for the calculation of normalized comparison matrix to calculate the weightage 
of factors.

Slope Geology LD Landuse Stream Road TPI Aspect Curvature

Slope 1    2    2    2    3    3    3    4    4    

Geology  1/2 1    2    2    2    3    3    3    4    
LD  1/2  1/2 1    2    2    2    3    3    3    

Landuse  1/2  1/2  1/2 1    2    2    2    3    3    
Stream  1/3  1/2  1/2  1/2 1    2    2    3    3    
Road  1/3  1/3  1/2  1/2  1/2 1    2    2    2    
TPI  1/3  1/3  1/3  1/2  1/2  1/2 1    2    1    

Aspect  1/4  1/3  1/3  1/3  1/3  1/2  1/2 1    1    
Curvature  1/4  1/4  1/3  1/3  1/3  1/2 1    1    1    

*LD=Lineament density, TPI= Topographic Position Index
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and geological conditions (Pradhan et al., 2012; Acharya 
and Pathak, 2017; Regmi et al., 2014). The CR value (0.37) 
and average λmax (9.288) for the factors lies within the 
acceptable limits (Saaty, 1980). Through a comprehensive 

statistical analysis of the AHP method, weightage percentages, 
average λmax values, and CR values for each factors and their 
respective classes were derived as detailed in Table 2. 

Table 2: Weightage of the factors and their respective classes calculated using AHP method along with maximum 
Eigenvalue (λmax ), Consistency Ratio (CR) and Random Consistency Index (RI).

Factors Weight% Classes Weight %

Slope 23.33

0-15˚ 15
λmax = 5.188, 
CR   = 4.2%,    

RI=1.12

15˚-25˚ 7
25˚-35˚ 15
35˚-45˚ 30
>45˚ 44

Lithology 18.55

Schist 10

λmax = 9.626, 
CR= 5.4%, 

RI=1.45

Siwalik 25
Marble 16
Basic Rock 3
Quartzite 8
Dolomite 19

13
2
4

Phyllite
Quaternary sediment
Granite and Gneiss

Land use 12.02

Built area 12
λmax = 5.194, 

CR= 4.3%, 
RI=1.12

Waterbody 7
Cultivation 17
Grassland 26
Forest 39

Lineament Density 14.71
Low 16 λmax = 3.009, 

CR= 1%, RI=0.58Moderate 29
High 53

Distance to Stream 9.89

0-50m 32
λmax = 5.195, 

CR= 4.3%, 
RI=1.12

50m-150m 24
150m-300m 19
300m-450m 14
>450m 11

Distance to Road 7.32

0-100m 36
λmax = 5.114, 

CR= 2.5%, 
RI=1.12

100m-200m 25
200m-300m 18
300m-400m 12
>400m 9

Topographical 
Position Index 5.59

River Valley 44 λmax = 3.018, 
CR= 1.9%, 

RI=0.58
Hill Slope 38
Hilltop/ Spur 16

Curvature 4.36
Concave 45 λmax= 3, CR= 

0%, RI=0.58Flat 9
Convex 45

Aspect 4.23

Flat 3

λmax= 9.361, 
CR= 3.1%, 

RI=1.45

North 4
Northeast 6
East 16
Southeast 28
South 19
Southwest 13
West 8
Northwest 3
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Landslide susceptibility mapping and validation

The Landslide Susceptibility Index (LSI) in the AHP was 
calculated using a weighted linear combination model for 
each pixel. This involved summing the product of each factor's 
weight (Wi) and its corresponding class weight (Ri) for the 
referenced landslide-triggering factors, as represented in the 
following equation:

RESULT 
Landslide inventory

The landslide inventory displays the spatial distribution of 
landslide data (Fig. 6). Altogether 230 large and small scales 
landslides ranging from 22 – 159090 m2 were identified and 
located (Fig. 6). The landslides cover a total area of about 1.62 
km2, which is 0.22% of the total study area. This inventory 
map is later used for the validation of Landslide Susceptibility 
model. 

Landslide susceptibility analysis

The susceptibility map was categorized into five classes 
namely very low, low, moderate, high and very high susceptible 
zones (Fig. 7). The percentage distribution of areas of very 
low susceptible zone is 18.58%, followed by 28.95% in low 
susceptible, 26.38% in moderate susceptible, 18.25% in high 
susceptible, and 7.84 % in very high susceptible zones.

Validation of the susceptibility map

The susceptibility index map thus generated is validated by 
overlying the landslide inventory. The area under the ROC 
curve was calculated to be 0.727 (Fig. 8a), suggesting the 
landslide susceptibility model has a good level of accuracy 
in predicting the occurrence of landslides in the area. The 
susceptibility map is further validated using the landslide 
density distribution in different susceptibility classes (Fig. 8b). 
The distribution of maximum landslide density in the very high 
susceptibility class and conversely the lowest density in very 
low classes distinctly reflects the ability to predict landslide 
using the model.  

Here, "n" represents the number of factors considered in the 
analysis. The equation captures the weighted contribution of 
each factor to the overall landslide susceptibility index for a 
given pixel within the study area.

Validation of predictive models is crucial for creating meaningful 
landslide susceptibility maps and various validation techniques 
exist for this purpose. The ROC curve gives the area under the 
curve (AUC) and it is a measure of goodness of fit used to 
assess the performance of a model, particularly in the context 
of predicting events like landslides. The AUC value indicates 
the model’s effectiveness in predicting both the presence and 
absence of landslides. The AUC value ranges from 0 to 1, with 
a higher value indicating a better performance of the model 
(Yasilnacar and Topal, 2005). The AUC greater than 70% is 
generally accepted as good prediction of the model (Silwal et 
al., 2023). The generated LSI map was overlain with landslide 
inventory map to calculate the True Positive Rate (Sensitivity) 
and False Positive Rate (1- Specificity) used to prepare the 
ROC curve. The validated LSI map was then classified as very 
low, low, moderate, high and very high susceptibility zones.

 

𝐿𝐿𝐿𝐿𝐿𝐿 =∑(𝑊𝑊𝑊𝑊 × 𝑅𝑅𝑖𝑖)
𝑛𝑛

𝑖𝑖=1
 

 

Fig. 6: Distribution of the landslide within the study area.
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Fig. 7: Landslide susceptibility map prepared from the integration of different thematic layers under consideration.

Fig. 8: Validation of the Landslide Susceptibility Map using a) Area under the ROC curve b) Distribution of landslide density in 
different susceptibility classes.

DISCUSSION 

The landslide susceptibility analysis reveals that slopes within 
the 35°-45° class exhibit the highest percentage (33.5%) 
landslide, while the 0°-15° class has the lowest occurrence 
at 5.32%. This suggests that slopes between 35° and 45° 
are particularly vulnerable to landslides. The attribution of 
weights to each slope class is based on the understanding that 
landslide susceptibility increases with steeper slopes, aligning 
with the findings of Kanwal et al. (2016). Furthermore, the 
lowest landslide occurrence in the gentle slope surface can 

be attributed to reduced angle of repose that minimizes the 
shear stress in the soil making it more stable (Regmi et al., 
2014). Analysis of slope aspects indicates that Southeast, 
South, East and Southwest facing slopes are most prone 
to landslides. This pattern is particularly relevant in the 
Himalayan region experiencing monsoon storms that enters 
from east and gradually move towards the west, which 
causes significant amount of precipitation on the south facing 
slopes, making the area more prone to landslide (Kayastha, 
2012; Cook and David, 2013). The distribution of landslides 
is significantly influenced by land cover, with forested areas 
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typically experiencing maximum landslides compared to 
the other region. This could be attributed to the condition 
such as partial deforestation, unplanned road construction 
within the forested area compromising slope stability issues 
that has caused the landslide (Karsli et al. 2009; Meneses et 
al. 2019; Pacheco Quevedo et al., 2023). The occurrences of 
landslide are somehow evenly distributed within the convex 
and concave slopes and similar pattern has been identified in 
different studies (Nakileza and Nedala, 2020). This may be due 
to the water saturation at the slope base during intense rainfall 
increasing the chance of potential landslide and debris flow 
activities in the concave slope with soil or unconsolidated 
material. Meanwhile, the landslide distribution in convex slope 
may be attributed to the debris slide and rock slides along the 
steep slopes (Regmi et al., 2014). Analysis of the Topographic 
Position Index indicates that the landslide density is maximum 
along the river valley followed by the Hilltop/Spur. This 
distribution pattern is due to the occurrences of landslides 
within the river valley. Further the distribution of higher density 
in the hilltop or the spur could be linked with the seismic 
induced landslide, where the ground shaking is amplified along 
the ridgeline (Kritikos et al., 2015). Distribution of landslide 
density within different lithological units indicates higher 
densities within the rocks of the siwaliks followed by marble 
and dolomites of the Lesser Himalaya. This pattern can be well 
justified by the fragile nature of the rocks of siwaliks (Bhandari 
and Dhakal, 2018) and the highly fractured and jointed nature 
of the dolomite and marbles within the study area. Similarly, 
very low landslide density has been observed along the basic 
rocks (amphibolite and metagabbro) which correlates well 
with the high resistance to weathering and erosion.

CONCLUSIONS

Landslides represent a prevalent and significant natural 
hazard in mountainous regions like Nepal, often causing 
sudden and extensive damage. Within the study area, a total 
of 230 landslides, varying in size, were identified, covering 
approximately 1.62 square kilometers, equivalent to 0.2196% 
of the study area. About 18% area lies in very low susceptible 
zone followed by 29% in low, 26 % in moderate, 19% in 
high and 8% in very high susceptible zone. The model is well 
validated with 72% accuracy using area under the ROC curve.

The study concludes that the slope >35o, southward facing 
slope, river valley, ridges and spurs are the most important 
landslide conditioning factor classes. Mostly high susceptible 
zones are distributed towards the eastern and southern part of 
the study area in comparison to other. The study recommends 
utilization of the landslide susceptibility maps for risk sensitive 
landuse planning (RSLUP) and landslide risk reduction efforts.
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