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ABSTRACT 
This paper explores openly available geo-spatial and earth observatory data to understand landslide risk in data scarce rural 
areas of Nepal. It attempts to explore the application of open-source data and analytical models to inform future landslide 
research. The first step of this procedure starts from the review of global open datasets, literatures and case studies relevant 
to landslide research. The second step is followed by the case study in one of the mountainous municipalities of Nepal 
where we tested the identified open-source data and models to produce landslide susceptibility maps. Past studies and 
experiences show that the major potential sites of landslide in Nepal are highly concentrated in a geologically weak area 
such as the active fault regions, shear zones, axis of folds and unfavorable setting of lithology. Triggering factors like 
concentrated precipitation, frequent earthquake phenomenon and haphazard infrastructural development activities in the 
marginally stable mountain slopes have posed serious issues of landslides mostly through the geologically weak regions. In 
this context, openly available geo-spatial datasets can provide baseline information for exploring the landslide hazard 
scenario in the data scarce areas of Nepal. This research has used the available open-source data to produce a landslide 
susceptibility map of the Bithadchir Rural Municipality in Bajhang District and Budiganga Municipality in Bajura District 
of the Sudurpaschim Province of Nepal. We used qualitative analysis to evaluate the parameters and assess the 
susceptibility of landslide; the result was classified into five susceptibility zones: Very High, High, Moderate, Low, and 
Very Low. Slope and Aspect were identified to be the major determinants for the assessment. This approach is applicable, 
specifically, for the preliminary investigation in the data scarce region using open data sources. Furthermore, the result can 
be used to plan and prioritize effective disaster risk reduction strategies. 
  
Keywords: Analytical model, landslide susceptibility, Nepal Himalaya, open-source data, pair-wise comparison 
 
INTRODUCTION 
Nepal lies in tectonically active zone, due to movement of 
Indian Plate towards Eurasian Plate that has resulted in 
frequent earthquake in the region (Chaulagain et al., 2015). 
This has triggered large number of landslides and weakened 
the slope that has decreased slope stability threshold 
(Dahlquist & West, 2019).  In addition to the seismic 
activity, land degradation was accelerated due to large 
intensity short duration rainfall, steep slopes, young and 
fragile geology, etc. (Devkota et al., 2013; Regmi et al., 2016; 
Nepal et al., 2019). 
 
Disasters resulting from natural hazards in Nepal have been 
responsible for the high economic cost and social 
consequences, particularly for low income and vulnerable 
people. Landslides cause significant human loss including 
damage to the economy every year (Jelínek et al., 2007; 
Gallina et al., 2016). In Nepal, large number of landslides 
occur due to high monsoon precipitation (DHM, 2017). 
Furthermore, urbanization has exacerbated the scenario 
and increased landslide due to rapid human intervention 
that has destabilized the mountain slope by haphazard 

construction of non-engineered roads, improper watershed 
management, rapid expansion of the residential areas, etc. 
Specifically, after the 2015 Gorkha Earthquake, numerous 
landslide-hazard assessments have been conducted 
throughout the country by a number of government 
agencies, international experts, and national and 
international actors in Nepal (Regmi et al., 2016; Shrestha 
& Kang, 2017; Xu et al., 2017; Gnyawali et al., 2019). The 
efforts were mainly focused on rapid visual-assessments 
aiming to find safer locations for temporary shelters to 
relocate earthquake-affected people and to identify the 
preliminary causes of earthquake-induced landslides in 
fragile mountainous areas. These activities helped to 
identify the existing landslide situation and possible future 
landslide scenario which alerts the relevant authorities to 
mainstream landslide risks for the resilient development in 
Nepal. 
 
With increasing magnitudes and frequencies of landslide 
hazards in last 20 years (2000 – 2019) (UNDRR/CRED, 
2020), assessment of impact, scenarios, and mitigation and 
adaptation options for the disaster risk reduction is crucial 
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for exposed vulnerable communities in mountainous 
countries like Nepal. High-resolution remote sensing 
technology is vital in an effective disaster risk reduction, 
however, the technology is limited and expensive to be 
adopted by developing countries for effective assessment 
and response to disaster (Malgwi et al., 2020). Therefore, 
identification and application of open-source geo-spatial 
data for the assessment of landslide susceptibility of the 
data-scarce remote area of Nepal is vital. Furthermore, 
understanding of disaster is critical, specifically, in 
developing countries with limited coping capacity 
(UNDRR, 2019).  
 
Landslide study and mitigation efforts requires proper 
assessment and identification of high-risk areas from 
several aspects (Budha et al., 2016; Ambrosi et al., 2018; 
Jharendra et al., 2018; Timalsina & Paudyal, 2018; Meena et 
al., 2021). Ghimire (2010) and Dahal et al. (2012) assessed 
the regional distribution pattern of the landslide hazard and 
evaluated the susceptible areas in Siwalik hills. After the 
2015 Gorkha Earthquake, researchers (Collins & Jibson, 
2015; Roback et al., 2018) have explored and investigated 
the spatial distribution and its topographic characteristics 
of earthquake triggered landslides. Different approaches 
has been used to understand the landslides in Nepal, such 
as  direct geomorphological mapping (Hearn, 1993; 
Weidinger et al., 1996), heuristic (Bijukchhen et al., 2012; 
Regmi et al., 2021) approaches, and data driven (Dahal et al., 
2008; Kayastha et al., 2013a; Meena et al., 2019) approaches. 

Landslide susceptibility is defined as the spatially-varying 
and time-independent likelihood of landslides occurrence 
in the area of interest (Brabb, 1985; Reichenbach et al., 
2018; Psomiadis et al., 2020). Landslides susceptibility 
assessment (LSM) can be categorized into three basic 
methods: knowledge driven (expert opinion based), data 
driven (statistical analysis of historical landslides data) and 
physically based (numerical modelling of slope stability) 
(Corominas et al., 2014). For larger areas with large number 
of landslide occurrence, data driven methods of LSM are 
useful, and for detailed site-specific study, physically based 
methods are useful that employs high resolution 
geotechnical and hydrological (Mergili et al., 2014). In 
knowledge driven method, the landslide conditioning 
factors are identified by the experts, and each factor are 
ranked or scored qualitatively to identify the importance of 
individual  factor on the occurrence of landslide (Kaur et 
al., 2018; Sur et al., 2021) and thus the success of this 
method is dependent on the expert knowledge (Westen et 
al., 2003; Sur et al., 2020). Although data driven models 
using machine learning and physically based models in GIS 
are popular, they have limited applicability in data scarce 
areas like remote locations of Nepal. Especially at locations 
which have complex geo-tectonic setting and small number 
of active landsides, a knowledge driven or heuristic method 
of LSM captures the complex non-linear relationship 
between landslide conditioning factors and landslide 
susceptibility (Ruff & Czurda, 2008; Kaur et al., 2018).

  

 

Figure 1. Location map of the study area 

Nepal’s geography is characterized by rugged mountains, 
remote and dispersed hilly settlements. Data on landslide 
locations is rarely recorded unless it causes a fatal event 
(Froude & Petley, 2018), mainly because of limited funding. 

Thus, event-based landslide inventory or high-resolution 
hydro-geological data is often unavailable in Nepal. The 
limited availability of data, especially in remote locations 
like western and far western districts of Nepal, makes it 
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impossible to use the data driven or physically based 
methods for LSM. In such locations, heuristic knowledge 
driven method is thus suitable. In this paper, an attempt is 
made to review the available open-source information and 
employ it to assess landslide susceptibility in data scarce 
area, in the Bithadchir Rural Municipality of Bajhang 
District and Budiganga Municipality of Bajura -District of 
far western Nepal (Fig. 1). We applied the knowledge 
driven method of LSM using five landslide conditioning 
factors (slope, aspect, landuse, geology and drainage 
distance). We used freely available data, open-source 
software and analytical tools to understand the landslide 
hazard scenario, suitable for upscaling in resource limited 
countries like Nepal. The results will help in proper land 
use planning of rural municipalities on Nepal and provide 
input for policy formulation on hazard assessment and 
development planning. 
 
MATERIALS AND METHODS 
This study focuses on reviewing the available open-source 
information in the data scarce area of Nepal and explores 

the application in understanding the landslide risk in the 
area, to inform policy makers, land use planners and geo-
hazard experts to plan and propose necessary mitigation 
measures, and development activities. Specifically, 
Bithadchir Rural Municipality of Bajhang District and 
Budiganga Municipality of Bajura District in the 
Sudurpaschim Province of Nepal (Fig. 1) is taken as a case 
study to provide a baseline information for exploring the 
landslide hazard scenario in the data scarce areas of Nepal. 
 
Available open-source data 
Open-source data and models are the freely available 
information and software, which are usually free from any 
mechanisms of control, specifically used for humanitarian 
proposes like disaster understanding, aid and rehabilitation. 
This study restricts itself to the open-source geo-spatial 
data and software (QGIS) to evaluate its importance in 
understanding landslide risk in the data scarce 
environment.

 
 

Figure 2. Methodological framework 

The topographical information required for understanding 
the landslide mechanism can be acquired from the global 
datasets of USGS (United States Geological Survey) 
(https://earthexplorer.usgs.gov/).  Landsat images of 30 m 
resolution available in USGS server can be used to classify 
the vegetation index and understand the land use pattern. 
However, in the context of Nepal, regional database system 

of International Centre for Integrated Mountain 
Development (https://rds.icimod.org/) has provided the 
readily available land use map of 2010 obtained from 
processing Landsat8 images. Furthermore, it also provides 
the database for the geological data for Nepal.  Open street 
map (https://www.geofabrik.de/) can provide information 
regarding the road, drainage and buildings, and are regularly 
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updated by humanitarian agencies and openly accessible to 
any user. These data and software used for this study are 
freely available and can be used and accessed by any 
registered user. However, other coarse resolution geo-
spatial data are also available which is applicable in the 
national or regional context (of larger area).  These data 
include but are not limited to soil and rock information 
(https://data.isric.org/), sentinel images to monitor and 
understand landslide movement 
(https://earthexplorer.usgs.gov/) and precipitation 
information from Tropical Rainfall Measuring Mission 
(https://climatedataguide.ucar.edu/climate-data/trmm-
tropical-rainfall-measuring-mission). 
 
Study area setting (Case Study) 
The Bithhadchir Rural Municipality has an area of 86 
square kilometers and the Budhiganga Municipality has an 
area of 59 square kilometers. Elevation range in Bithadchir 
Rural Municipality varies from 781 m to 2743 m, and 
elevation range in Budhiganga Municipality varies from 708 
m to 2500 m (Fig. 1). This study was carried out according 
to the methodological framework presented in (Fig. 2), 

emphasizing the application of open-source data and 
analytical models in Nepal. Firstly, a comprehensive review 
on existing landslide hazard and susceptibility maps 
produced under similar geoclimatic settings was made. 
Then, landslide conditioning factors were identified, based 
on the expert judgement, field investigation, and review of 
various literature (Bhandary et al., 2013; Kayastha et al., 
2013b). The spatial data of the landslide conditioning 
factors are collected through the open sources data. The 
open-source spatial datasets and their spatial resolution 
used in this study are presented in Table 1. The open-
source GIS software - QGIS was used to compile, 
manipulate and prepare each thematic map and produce 
the final susceptibility map. Qualitative assessment of the 
landslide conditioning factor based on the expert 
judgement, is carried out to rank and quantify the relative 
importance of a landslide conditioning factor. Finally, the 
combined weightage from the direct and indirect 
approaches were integrated in the GIS environment. We 
categorized the landslide susceptibility map into five 
susceptibility zones based on quantile classification, in 
order to evaluate the landslide susceptibility of the region.

 
 

Table 1. Open-source spatial dataset used in the study 

S.N. Data Source Scale/Spatial Resolution 

1 DEM SRTM DEM (earthexplorer.usgs.gov) 30 m 

2 Drainage Open Street Map 
(https://www.geofabrik.de/) 

NA 

3 Landcover and land use ICIMOD (2013) 30 m 

4 Geology (Lithology) ICIMOD (2007) 1:1,000,000 

 
 
Landslide conditioning factors 
The basic landslide conditioning factors used in this study 
were slope, aspect, distance from stream, geology, and land 
use type. Shuttle Radar Topography Mission (SRTM) is a 
higher resolution (~30 m) digital elevation model (DEM) 
that is available freely with a decent consistency and 
accuracy. The SRTM DEM is processed further to derive 
other topographical landslide conditioning factors in QGIS 
i.e., slope and aspect.  
 
Slope represents the steepness of the terrain and is an 
important factor for landslide occurrence. Landslide usually 
occurs in a steep slope (Saha et al., 2010) because shear 
stress is increased with steepness (Dai & Lee, 2001; Acharya 
et al., 2016) that reduces the stability of slope and causes 
failure. Slope (in degree) is categorized into four classes: 0-
20, 20-40, 40-60, and 60-90 (Fig. 3).  
 
Aspect (slope direction) is generated from the SRTM DEM 
in QGIS. Aspect plays an important role in vegetation 
growth (Bobrowsky, 2008; Pourghasemi et al., 2013), 

precipitation pattern, discontinuities orientation, etc. 
(Devkota et al., 2011), that ultimately affects the stability of 
the slope. Based on the direction of slope, it is classified in 
nine classes: Flat, North, Northeast, East, Southeast, South, 
Southwest, West, Northwest, and North (Fig. 4).  
 
Land use change disturbs the slope inclination, causes the 
disturbance in the slope materials, and affects the flow of 
the water causing the decrease in slope stability (Neaupane 
& Piantanakulchai, 2006; Hamza & Raghuvanshi, 2017). 
Accordingly, land use is categorized into six classes: 
Agricultural area, Forest, Shrubland, Barren Area, 
Grassland, and Water Body (Fig. 5). 
 
Streams usually makes a slope susceptible to failure by 
either cutting the slope or eroding the slope materials. 
Moreover, it increases the saturation of the materials 
reducing the frictional strength (Mersha & Meten, 2020). 
Distance from stream is categorized into six categories for 
the assessment (Fig. 6). 



K. R. Paudyal, K. C. Devkota, B. P. Parajuli, P. Shakya, P. Baskota 

35 

 

  

 
 
 
 

 
Geological factor represents the lithology of the area 
collected from openly available regional database system of 
ICIMOD (https://rds.icimod.org/). It identifies the 
relative strengths of the material, weathering and ground 
water conditions, etc. (Nepal et al., 2019), that can assess 
whether the precondition of the area is susceptible to 
landslides or not. Geology is categorized into six classes: 
Basic Rocks, Galyang Formation, Ranimatta Formation, 
Bu, Lakharpata Formation and Sallyani Gad Formation 
(Fig. 7).  

 
Qualitative assessment of landslide susceptibility 
In this study, two methods of LSM from knowledge driven 
approach are applied and compared - direct and indirect 
methods. In indirect method, pair-wise comparison matrix 
is used to derive the weight of each landslide conditioning 
factor. However, in the direct approach, expert judgement 

was utilized to assess weight of subclasses in each landslide 
conditioning factor (Devkota et al., 2011). Finally, the total 
susceptibility score is calculated, which is the sum of the 
product of the weight of each parameter and subsequent 
weights of subclasses. For this analysis, the landslide 
susceptibility can be calculated based on equation (1). 

1 1

n m

i ij

i j

LS WW
= =

=   (1) 

Where, 
LS = Landslide Susceptibility  

iW  = Weight of the landslide conditioning factor from 

pair-wise comparison 

ijW = Weight of subclasses of landslide conditioning factor

 
 

Figure 4. Aspect map of the study area 

Figure 5. Land use map of the study area 

Figure 3. Slope map of the study area 
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Figure 7. Geological map of the study area (ICIMOD, 2007) 

 
 
We used pairwise comparison to identify the relative 
importance of each landslide conditioning factor in a scale 
from 1 to 7. The pair-wise comparison matrix used in the 
indirect method is presented in Table 2. Pairwise weights 
of each landslide conditioning factor are input by expert 
judgement.  
 
In the direct approach, expert judgement based on the site 
scenario and literature review is employed to assess the 
weightage of each sub-class of the landslide conditioning 

factor presented in Table 3. The sub-classes were classified 
qualitatively in accordance to the presence and absence of 
landslides, and literature review. Each of the sub-classes 
were given weightage by the expert to quantify the 
importance of each sub-classes within a landslide condition 
factor. For this study, in direct approach, expert gave 
weight of each sub-classes between 1 and 4, where the 
higher weightage represents the higher susceptibility to 
landslides and vice versa.

Figure 6. Distance from drainage map of the study area 
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Table 2. Weightage of landslide conditioning factor using pair-wise comparison. 

 Factors Slope Aspect Land use Geology Distance from stream 

Slope 1.00 2.00 5.00 6.00 7.00 

Aspect 0.50 1.00 3.00 3.00 4.00 

Land use 0.20 0.33 1.00 2.00 2.00 

Geology  0.17 0.33 0.50 1.00 2.00 
Distance from 
stream 0.14 0.25 0.50 0.50 1.00 

Weight 0.49 0.26 0.11 0.08 0.06 

 
 

Table 3. Weightage of each sub-class of landslide conditioning factor using expert opinion. 

Factors Classification Weight 

Slope Inclination (degree) 

0 - 20 1 

20 - 40 4 

40 - 60 3 

60 - 90 1 

Slope Direction (Aspect) 

Flat 1 

N 2 

NE 1 

E 2 

SE 2 

S 3 

SW 3 

W 2 

NW 2 

Distance from stream (m) 

0 - 100 4 

100 - 200 4 

200 - 300 2 

300 – 400 2 

400 – 500 1 

>500 1 

Land-use type 

Agriculture Area 2 

Barren Land 4 

Forest 4 

Grassland 2 

Shrubland 2 

Water body 1 

Geology 

Basic Rock 1 

Bu 1 

Galyang Formation 1 

Lakharpata Formation 2 

Ranimatta Formation 3 

Salyani Gad Formation 2 

 
 

Table 4. Percentage of Area in each susceptibility zones. 

Susceptibility Zones 
Percent of Area 

 (Bithadchir Rural Municipality) 
Percent of Area 

 (Budhiganga Municipality) 

Very Low 20.71 29.79 

Low 5.68 2.10 

Moderate 24.75 23.37 

High 33.64 32.29 

Very High 15.22 12.44 
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RESULTS AND DISCUSSION 
The final evaluation score was assessed applying the 
weightage depicted in Table 2 and Table 3 on equation (1). 
The final evaluation score was classified by quantile 
classification to divide into five susceptibility zones: Very 
Low, Low, Moderate, High, and Very High; this 
classification is represented in Fig. 8. Forty eight percent of 
the area in Bithadchir rural municipality and 44 percent of 
area in Budhiganga municipality lie in high and very high 
landslides susceptibility region, Table 4. 
 
Identification of the area susceptible to landslide hazards 
can recognize the area that requires an immediate 
intervention. The disaster risk reduction and mitigation 
activities can be prioritized in these areas, and detailed site 
investigation of the sites of major importance can be 
conducted. The result can be fruitful in the sustainable 
planning and implementation of development works 
(Corominas et al., 2014). It can help development planner 
and policy makers to grasp the accurate situation in the 
region to effectively allocate resources to cope with the 
issue. Although limited open-source data was available, this 
research effectively investigated and utilized available open-
source geo-spatial information to assess the susceptibility 
of the area. The data sources and assessment strategy of this 
study can be applied in similar regional assessments. This 
result can serve as a baseline study for a preliminary 
feasibility assessment of development activities. 
Application of open source data plays an important role to 
understand disaster in data-scarce region, and evaluate the 
progress in the achievement of global targets of Sendai 
Framework for Disaster Risk Reduction (Li et al., 2019). 
 
Designed with an aim of understanding the availability of 
open-source data in the context of Nepal, and utilizing the 
information in the practical context for rapid and easy 
method of landslides susceptibility assessment for remote 
areas of Nepal, our approach has some limitations as well. 
Firstly, we used square pixels as mapping units in this study. 
Slope units provide a geomorphological segmentation of 
the terrain between drainage and divide lines (Alvioli et al., 
2016), and the code for this is also open-source and 
available freely. Secondly, limited number of landslide 
conditioning factors have been used in this study, so other 
factors such as rainfall, soil type, soil thickness, etc. which 
are openly available in relatively coarse resolution can be 
included in future analysis to improve the prediction rate 
for regional assessment. In McAdoo et al. (2018) 
investigated landslides distribution in the Sindhupalchowk 
district in central Nepal and found that the likelihood of 
landslide occurrence nearby poorly engineered roads is 
two-fold than on terrain without roads. Other data like 
rainfall, soil depth, and soil type can also be acquired using 
satellite based remote sensing but these need a calibration 
using ground observations, thus hindering the rapid and 
easy approach of LSM applicable in rural areas of Nepal. 
Advanced data driven machine learning techniques like 

artificial neural networks, random forest, gradient boosting, 
etc. can be applied in future research (Reichenbach et al., 
2018; Merghadi et al., 2020). However, in context of limited 
data on past occurrence of landslides, like that in our case, 
these models have to be firstly tested and optimized, and 
this process also needs an input from the heuristic 
approach for calibration. The knowledge driven approach 
is expert dependent and cannot guarantee the reproduction 
of same results when different experts investigate the same 
study area (Ruff & Czurda, 2008; Kaur et al., 2018).  
 
Landslide occurrences in Nepal are a function of the 
inherently weak geology and physiography of slopes, 
combined with triggers such as heavy monsoon rainfall, 
cloudburst, and earthquakes. These factors vary in different 
physiographic, geologic, and climatic zones. Landslides 
understanding can be improved through the accurate 
analysis of preconditions including physiographic 
conditions, climatic zones, and geologic scenario of an area 
that affects the terrain (Upreti, 2001). The potential sites for 
landslides are found at and adjacent to the adverse 
geological structures like active faults and brittle shear 
zones (Timalsina & Paudyal, 2018), axis of tight folds, 
abundant shear zones and deep weathering.  Furthermore, 
evaluation of the geological, geomorphological, and 
hydrological situations that led to past landslides can 
provide valuable insights and information to precisely 
predict the occurrence of the future failures. Therefore, the 
data of rainfall and geological maps are the utmost 
important for landslide hazard and ultimately the risk 
evaluation. However, both of these data and maps are not 
openly available online. The Department of Hydrology and 
Meteorology (DHM) provides the data of rainfall. Similarly, 
geological map of Nepal and data of seismicity can be 
brought from the Department of Mines and Geology 
(DMG). Some of such maps and data are available from the 
Tribhuvan University Central Library (TUCL) and related 
departments of Hydrology and Metrology and Geology.  
One has to pay for such data and maps to release from the 
government agencies. Therefore, this information can be 
rated as semi-open or can be rated in easily available but 
not openly available group. Similarly, aerial photographs are 
commonly used to map existing landslides, detect the 
locations of potential landslides, and identify the surface 
expressions of present and historical landslides. Although 
aerial imageries can also be an effective tool to detect 
change and identify landslides in the area, it requires 
complex techniques and experience to evaluate accurately 
(Yagi, 2011). Furthermore, in the context of Nepal 
Himalaya, aerial photos are not found as open access. 
Department of Survey of Government of Nepal provides 
such aerial photos with certain cost. In these regards, 
landslide risk assessment based on the openly available 
sources is challenging. In this situation, preparation of 
landslide susceptibility mapping can only be the most 
suitable technique for landslide sensitivity assessment and 
its risks.
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Figure 8. Landslide susceptibility map of the study area. 

 
 

Table 5. Validation of landslide susceptibility map. 

Municipality 
Landslide Location 

Susceptibility Zone 
Longitude Latitude 

Bithadchir Rural 
Municipality 

80°47'44.88" 29°32'5.64" Very High 

80°47'42.36" 29°32'5.64" Very High 

80°48'3.96" 29°32'0.6" High 

80°49'7.32" 29°32'2.04" High 

80°46'39.36" 29°31'37.56" High 

80°46'37.56" 29°31'36.12" High 

80°46'40.08" 29°31'37.2" High 

80°49'46.56" 29°30'12.6" High 

80°49'17.4" 29°31'41.52" High 

80°53'14.64" 29°26'58.2" High 

Budhiganga 
Municipality 

81°20'37.32" 29°24'16.2" Moderate 

81°23'26.16" 29°23'42.72" Very High 

81°19"32.52" 29°23'42" Low 

81°20"24.36" 29°22'57" High 

81°16'35.76" 29°21'11.88" Very High 

81°20'51.72" 29°23'11.76" High 

81°21'34.92" 29°22'50.88" Very High 

81°21'18" 29°22'38.28" High 

81°22'37.2" 29°23'17.88" Very High 

81°15'27" 29°19'27.48" Very High 

 
 
Validation of landslide susceptibility map 
Landslide inventory of Bithadchir rural municipality and 
Budhiganga municipality is prepared digitizing 10 landslide 
points each using the multi-temporal Google Earth images. 
Using the spatial analysis in QGIS, the susceptibility zones 
of each point is analyzed (Table 5). The results depicts that 

most of the landslide points lies on the very high and high 
susceptible zones, presenting the accuracy of the prepared 
susceptibility map. However, the precise estimation of the 
slope stability requires a deterministic approach using the 
physical parameters. 
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CONCLUSIONS 
This study has used the available open-source data for 
landslide sensitivity and risk assessment in the data scarce 
remote region of Nepal Himalaya. An attempt is made to 
evaluate susceptibility of the landslide using open-source 
analytical tools as a preliminary information of landslide 
hazard evaluation. The present review paper assumes that 
the preparation of susceptibility mapping using open and 
semi-open data is a way to assess the risk. It assesses the 
landslide susceptibility of the Bithhadchir Rural 
Municipality (Bajhang District) and Budiganga Municipality 
(Bajura District) of the Sudurpaschim Province as a case 
study. Remote areas of Nepal often lack data about the past 
landslide occurrences, so we assessed landslide 
susceptibility using expert knowledge and limited data in a 
free and open-source environment. We employed expert 
judgment to quantify the complex relationship between the 
causative factors to cause a landslide event; the combined 
final score for an area was categorized into five 
susceptibility zones: Very Low, Low, Moderate, High, and 
Very High. Slope and aspect were identified to be the major 
determinants for the assessment. The results can be used as 
baseline information for the detailed site investigation, and 
planning phase of the development scheme. Moreover, this 
research also uses the available open-source geo-spatial 
data, reports, research papers available online which can 
also be used for the future researches in other wider region 
of Nepal Himalaya where there is sparse database of 
landslides. 
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