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Abstract: The main objective of this study is to assess the prediction and success rate based on
bivariate frequency ratio (FR), weight of evidence (WoE), Shannon entropy (SE), and information
value (IV) models for landslide susceptibility in the sedimentary terrain of Nepal Himalaya, as the
area is facing threat for sustainable development as well as sustainable resource management. This
study also seeks to evaluate the causative factors for landslide susceptibility. Initially, a landslide
inventory map was created, consisting of 1158 polygons. These polygons were randomly divided into
two sets, with a ratio of 70% for training and 30% for testing data. The multicollinearity approach was
evaluated to assess the relevance of selected conditioning variables and their inclusion in the model
construction process. The area under the curve (AUC) and other arithmetic evaluation methods
were employed to validate and compare the outcomes of the models. In comparison, the predictive
accuracy of the FR model surpasses that of the IV and SE models. The success rates, ranked in
descending order, are as follows: WoE (79.9%), FR (75.3%), IV (74.4%), and SE (73.2%). Similarly,
the success rates of four distinct models, namely WoE, FR, IV, and SE, are 85%, 78.75%, 78.57%, and
77.2%, correspondingly. All models have an accuracy and prediction rate exceeding 70%, making
them suitable for assessing landslide susceptibility in the Siwalik Hills of Nepal. Nevertheless, the
weight of evidence model provides more precise outcomes than other models. This study is expected
to provide important information for road and settlement sustainability in the study area.

Keywords: landslide susceptibility; bivariate models; Siwalik Hills; model comparison

1. Introduction

Landslides are a frequently occurring geological hazard in Nepal that causes extensive
damage to the environment and poses a threat to human life in mountainous areas [1].
Landslide is a general term for the downslope movement of rock, sediment, or accumu-
lated debris [2]. It is caused by various natural hazards or human activities, such as an
earthquake, road construction, deforestation, or mineral exploration [3]. According to
global landslide statistics, China, Colombia, India, Philippines, Peru, and Nepal have been
highly affected by landslides in the last decade [4]. According to the Ministry of Home
Affairs Nepal [5], 92 people died, 80 people were injured, and 1968 houses were affected
in the year 2021, which caused USD 13,11,267 losses due to landslides in Nepal. Similarly,
15,866 landslides were marked from 2019 to 2021 in the Siwalik Hills of Nepal, causing the
death of 30 people and destroying 142 houses. Within these years, USD 4,44,680 were lost
by the country only in the Siwalik Hills of Nepal. Preparing precise and efficient landslide
susceptibility maps can provide valuable assistance for disaster preventive and mitigation
initiatives and ensure adequate public security. Consequently, landslides have become a
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significant threat for sustainability to human lives and natural properties, even though
several studies on landslide modeling have been published over the past few decades in
Nepal [6]. In Nepal, slope deformations, mass movement, and landslides are frequent
geodynamic phenomena [7]. The research area is mostly affected by natural landslides and
is experiencing significant challenges in terms of sustainability related to development and
resource management. There is a need for research in the Babai River watershed of Siwalik
Hills that includes landslide susceptibility analysis and compares the accuracy of different
models. Among the 1156 landslides, more than 700 new and reactivated landslides were
recorded in the Babai River watershed of the Siwalik Zone before 2021 [8]. According to sev-
eral conditioning criteria, a landslide susceptibility study provides the spatial distribution
of possible landslide sites [9].

Various causative factors like topography, slope, failure mechanism, rainfall intensity,
land cover, geological formation, rock strength, and many other elements can cause or
regulate landslides. Various approaches and techniques have been used in landslide sus-
ceptibility mapping, according to the literature, including inventory-based methods [10],
bivariate and multivariate statistics like logistic regression (LR), frequency ratio (FR), statis-
tical index, cluster analysis, and artificial neural networks (ANNs) [11]. Due to their ability
to provide more accurate landslide prediction, the bivariate statistical models, including
the weight of evidence, frequency ratio, Shannon entropy, and statistical index models,
are more popular and acceptable. These techniques can be compared to determine the
most accurate approach. For accurate susceptibility mapping, various statistical methods,
including weight of evidence or generalized additive models, and various approaches
to multi-criteria decision analysis (MCDA), regression analysis, and fuzzy sets can also
be used and contrasted [1]. However, the weight of evidence and frequency ratio, along
with statistical index models, are simple and more accessible and have less error. This
study assesses the prediction accuracy of four bivariate landslide susceptibility techniques:
the weight of evidence (WoE), frequency ratio (FR), information value (IV), and Shannon
entropy (SE) models in the Siwalik Hills of Nepal.

2. Study Area

The Babai River watershed is approached for the present study. The Babai River has
major tributaries originating from the Siwalik Hills. It has some typical characteristics such
as east-west trending, parallels with rock strikes, less interruption by humans, and forest
covering more than 80% of the area. The total area is between 27°57'59.03" N, 82°33/42.80" E
in the east, 28°28/30.14” N, 81°28'30.14" E in the west, 28°12'47.90" N, 82°15'46.08" in the
north, and 28°01'03.89” N, 82°12/39.61” E in the south. After its development, it enters the
flat Dun Valley and re-enters the Siwalik (Figure 1). The total catchment area of the Babai
watershed is 1952 km? but, for the present study, only 1157 km? because the rest of the site
is either Dun Valley or plain Terai.

The primary plant species in the research region is Soria Robusta and the climate is
subtropical. The topography is characterized by hills that reach elevations ranging from
109 to 1550 m above mean sea level. The climate of the area is characterized by long dry
and extended wet seasons. There is an excessive amount of overlap between the wet and
dry seasons. Pre-monsoon, monsoon, and post-monsoon are the three monsoon phases
that coincide with the longer wet seasons. April and May are regarded as the pre-monsoon
period, whereas June, July, and August are known as the monsoon period. September and
October are the post-monsoon season. On the other hand, compared to the rainy season,
the dry season experiences much less frequent and moderate to low intensity rainfall [8]. In
the winter, the temperature can drop below 0 °C, while, in the summer, it can raise above
40 °C. The rainy season is when most people expect significant and intense rains. From
1990 to 2022, the annual precipitation varies from 1750 to 3250 mm in the study region.
The average yearly rainfall ranges from 1550 to 2470 mm only during the monsoon season.
Over 85% of the yearly precipitation falls during the monsoon season.
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Figure 1. The study area’s location map and landslide inventory map.

The Babai River flows in a direction parallel to the strike of the rocks and the hills
and rills. The landforms are dynamic, constantly shifting, and evolving with time. Various
processes, including the weathering of rocks, the continual erosion of weathered materials,
landslides, and other mass movements, and the deposition of large masses of sediments,
cause landform changes. In the area under investigation, tectonism is also responsible for
the evolution of the landforms and the mass movement. The study area is characterized
mainly by erosional and depositional landforms. The rough landscape, steep slopes,
cliffs, and narrow ridges all contribute to the rapid erosion rate and the formation of
gullies. The continual water discharge on a steep slope of weak sedimentary rocks caused
the development of rock canyons and gorge. The debris flow fan, the talus cone, the
bank deposits, and the river terraces are all common depositional landforms in the study
region. Because of the several strata of rock masses, the area contains identical and distinct
characteristics. The weathering pattern and rock fall mechanism are easily observable
due to the alternating layers of weak and strong rocks. The examined area has intriguing
geomorphological characteristics such as several hills, consecutive saddles, parallel hill
chains, and numerous river valleys nestled between the narrow hills. The rocks of the
study region were previously categorized into three geological units based on lithology
and rock composition: Lower Siwalik, Middle Siwalik, and Upper Siwalik, from bottom
to top, respectively. A recent Quaternary deposit covers the top of the stratigraphy. The
Lower Siwalik comprises sandstone, mudstone, and a small amount of limestone in the
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study area. The sandstone is medium to thickly bedded and fine- to medium-grained.
The sandstones are interbedded with reddish-purple and greenish-grey shale (variegated
mudstone). The shale is thinly bedded, predominately red, and laminated in the lower part
of the Lower Siwalik.

The Middle Siwalik is well exposed in the study area. The Middle Siwalik in the study
area comprises thickly bedded (>5 m), medium- to fine-grained sandstone interbedded with
thickly bedded (>3 m) brownish-gray mudstone. The sandstones are greenish-gray in color,
medium- to fine-grained, massive, and well jointed. The Upper Siwalik of Babai section
comprises cobble and pebble-bearing conglomerate beds. Most of the conglomerates are
cemented by clay components, whereas some beds are cemented by calcite. The boulder
conglomerate beds are well exposed in the Babai Valley-Salyantari road section. A thin
layer of brown mudstone and grey sandstone transitionally overlies the conglomerate
beds. The boulders, cobbles, pebbles, and other sediments are derived from the Lesser and
Higher Himalayas. The pebbles are well rounded to sub-rounded and made of quartzite,
slate, and marble.

3. Methods

The overall method of this study is divided into four phases: desk study, field study,
lab test, and data analysis. The field study includes landslide inventory map verification,
geological map preparation, and causative factor verification. Desk study includes literature
review, preparation of a spatial and temporal landslide inventory map, a geological map in
GIS, extraction of DEM, and preparation of a landslide causative factor map. The research
gaps were identified after conducting more than 200 literature reviews from index journals.
The methodological framework of the study is given in the flow chart (Figure 2).
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3.1. Preparation of Landslide Inventory Map

The work began with the identification of the landslide. The landslides can be spotted
and plotted using satellite imagery or aerial photography [12]. However, in the hilly region
of Nepal, it is rather challenging to capture explicit imagery using either technique due to
dense vegetation and frequent cloud cover [13]. The training and test data were divided
70:30 depending on the geographical and temporal distribution of landslides in the research
region. The landslides that occurred prior to 2019 were used as training data, whereas
those that occurred after 2019 were used as testing data. The spatial and temporal landslide
inventory map was created using the following steps: (a) every landslide was recognized
and identified using images from Google Earth Pro, Landsat, and Sentinel-2,3. (b) The
polygon tool was used to outline the landslide on the images and the resulting KML file
was saved. (c) The KML file was retrieved from the GIS layer and the 1:10,000 scale map
was prepared. (d) The prepared spatial and temporal inventory maps were validated on
site. (e) Some landslides missing from the image were recorded with GPS data and then
digitalized on the map.

3.2. Landslide Conditioning Factors

The selection of conditioning elements lacks precise and universally accepted rules,
as it is contingent upon the availability of data sources. Similarly, the geo-environmental
characteristics of the study region and the specific characteristics of landslides in that
area are other vital factors for selecting landslide conditioning factors [1,14]. Based on
geo-environmental conditions observed in the field and taking reference from the existing
literature, 14 landslide conditioning factors, including slope (°), aspect, plan curvature,
profile curvature, rainfall (average annual precipitation total in mm), stream power index
(SPI), topographic wetness index (TWI), distance to drainage (m), lithology, distance to
faults (m), distance to road (m), land cover, NDVI, and relative relief, were taken into
consideration in the present study. With a geographical resolution of 30 m, the WGS-1984-
UTM-Zone-45N projection system was used to process all of the thematic layers in GIS.
The research region’s digital elevation model (DEM) retrieved slope, aspect, curvature,
topographical wetness index, and stream power index.

Multiple studies have used slope as a significant factor in determining the landslide
susceptibility [15]. The aspect of a slope refers to its orientation. Multiple studies [16,17]
have demonstrated a correlation between the slope aspect and the incidence of landslides.
Different slope orientations, varying degrees of weathering, and fluctuating levels of
moisture content are present [18]. Various studies have demonstrated that curvature has
a significant role in the occurrence of landslides [19]. The topography of the terrain is
characterized by overall curvature, which has a substantial influence on the occurrence
of landslides. Chen et al. [20] state that the steepness of a slope can be estimated by the
curvature of the plane, which is caused by the combination of the horizontal plane and
surface landforms. The profile curvature refers to the vertical plane that is parallel to the
direction of the slope [21]. Figure 3 displays the maps of slope, aspect, plan curvature, and
profile curvature, labeled as a, b, ¢, and d, respectively.

The topographical wetness index quantifies the amount of accumulated flow at a
specific location. The topographic wetness index (TWI) exerts significant influence on
hydrological processes. It somehow depicts the distribution of moisture in the soil. The
TWI quantifies the level of flow accumulation at a specific location within the study region,
as shown in Figure 4a. The TWI partially reflects the dispersion of soil moisture.

TWI = In (AS =+ tanp)

According to Pradhan and Kim [22], the stream power index (SPI) is a crucial factor
that quantifies the erosive force of water flow and sediment carried by water flow over land.
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The stream power index map is shown in the Figure 4b. The DEM is utilized to ascertain
the slope gradient and slope contributing area (AS) for the calculation of the SPI.

SPI = AS x tanf

where AS is the slope contributing area and S is the slope angle.

The processing of Landsat-8 images in the GIS software (Version 10.6) obtained an
NDVI map. A higher NDVI indicates more vegetation cover and a stable slope; however, a
higher NDVI may lead to more landslides on the rocky slope covered with thick vegetation
(Figure 5a).

B5— B4
B5 + B4
where B5 is near infra-red (NIR) and B4 is a red band.
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Figure 3. Landslide causative factor maps: (a) slope, (b) aspect, (c) plan curvature, (d) profile curvature.
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Figure 4. (a) Topographical wetness index. (b) Stream power index map.

The mechanism and distribution of landslides are heavily influenced by land cover.
The global data show that the landslide distribution is higher in barren land. The root
systems of the plants provide strong mechanical support, which plays a significant role in
slope stabilization [23]. The land cover map was obtained from Landsat-8 imageries after
processing in ArcGIS (Figure 5b). Rainfall is one of the most important extrinsic factors that
can start a landslide, so Dahal et al. [24] used mean annual rainfall to measure landslide
susceptibility. The rainfall map was obtained from 30-year average annual rainfall data from
seven stations (Figure 5c). Relief is the difference between a particular surface’s highest
and lowest altitudes. The relative relief is derived from the digital elevation model. It was
extracted by using Neighborhood and Raster Calculator in the GIS software (Figure 5d).

The rock types, composition, and combination were considered for the geological map-
ping. The strike and dip amount of the bedrock outcrop were plotted in the topographical
map of the respective area. The draft map prepared in the field was digitized in the GIS
layer and the final map of a 1:10,000 scale obtained (Figure 6a). Lithology and the slope of
the surface determine the nature and intensity of a landslide [15].

The fault planes were identified in the field after rigorous geological study. The fault
lines were traced out on the map. The polygon shapefile was converted into a raster. Using
a spatial analysis tool in GIS, distances to the fault were divided into six buffer zones
at 500 m intervals (Figure 6b). The effects of the fault can be seen from a far distance,
so the distance to the fault was taken at an interval of 500 m. Streams make the slope
unstable when it has a high-water discharge. A stream may have a higher slope and cause
toe cuts, side erosion, and deposition. Similarly, the stream increases the infiltration rate
and makes the ground saturated. The area near the river and streams is mostly wet and
water-saturated, which increases landslide susceptibility [25]. The distance to drainage
map was obtained from the digital elevation model of 30 m resolution (Figure 6¢). The
development of roads, railways, and trails in mountainous terrain mostly leads to slope
instability and landslides [26]. In the mountains of Nepal, haphazard road construction
leads to landslide mechanisms. The rocks of the Siwalik are weak, fragile, highly ruptured,
and naturally unstable. Constructing the road on such terrain ultimately causes several
mass movements, primarily landslides. A road network map was created using Google
Earth imagery and extracted into a GIS layer to assess the impact of roads on landslides
(Figure 6d).



Sustainability 2024, 16, 2092

8 of 24

28°30'0"N

28°20'0"N

28°10'0"N

:8°0'0"N

81°30'0"E 81°40'0"E 81°50'0"E 82°0'0"E 81°300"E 81°45'0"E 82°0'0"E
N z
o
] z
z - o
e 8 2
g’) =+]
@ aY)
N
z
o
Legend & & z
s =]
- Train landslide ® Legend i
Test landslide - Train landslide &
NDVI = Test landslide
[ —0.086-0.016 3 Land use
I 0.016-0.119 @ B visier bedy
[ 0.119-0222 I Dcnse forest
B 02220326 5 45 17 £ I sparse forest 0 5w 2 30 40
- 0.326-0.4292 "™ ™ Kilometers o Sediment deposit o= = Kilometers
SR S0 SENN" SO 100" @«
81°300°E 81°400°E 81°500'E 82°00'E 82100t & gye300°E ST450°E S00'E
(a) (b)
81°300"E 81°400'E 81°500'E 82°00'E 81°300°E 81°40'0"E B81°50'0"E 82°00°E
g N z
=3 z 2 N
o o 3 z
& 3 % e
S ~ 3
@ °
o &
g z
o z ©
N Legend £ 3 z
o - =
o B Trzin landsiide § & Legend §
Test landslide &
Rainfall (mm) Rellst
07119
Z| [ 2148.48 - 2183.39 z mm
: : 7119 - 142.38
2| [ 218339 -2218.29 £ 8 z
o S £ [ 14238-21358 g
| [ 221829 - 2253.19 S & S
g © I 213.58-284.77 T
- @
I 2253.19 - 2288.1 B 25477 - 35557 @
I 2288.10 - 2323.0 [ 35597 - 427,16
z - 2323.00-23579 > - Train landslide
o £
S I 2357.90- 2392810 425 85 17 %5 34 o Test landslide 0 425 85 17 255 34
@ ™ ™ Kilometers g Kilometers
°2'N"| °AN'N"] oRN'N" °0)'N\"| °40'N"] N
817300°E 81°400°E 81°500°E 8200 82100 81°300°E 81°400°E 81°500'E 82°00°E 82°10'0"F
(9 (d)

Figure 5. (a) NDVI map. (b) Land use map. (c) Rainfall map. (d) Relief map.

3.3. Multicollinearity Diagnostic

In order to create a landslide susceptibility map, 14 conditioning factors were consid-
ered. We took steps to minimize multicollinearity so that the model would be accurate and
that duplicate variables would not have an effect to impact the result. Multicollinearity
is the occurrence of high interrelation among two or more independent variables. The
correlation between independent variables misleads the final result of prediction. To obtain
better prediction for landslide susceptibility, the condition of multicollinearity should be
avoided. To identify multicollinearity, the variance inflation factor (VIF) was employed.
Problems with multicollinearity within the set of independent variables are the focus of
the investigation [27]. The computation of the variance inflation factor is an excellent
illustration of an efficient landslide causative independent variable.
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Figure 6. (a) Geological map. (b) Distance to fault map. (c) Distance to drainage. (d) Distance to road.

The evaluation of multicollinearity can be handled in several ways using different
approaches when there are many independent variables. Academic discourse is incomplete
without the concept of variables. Variance inflation factor (VIF,) for a given variable X, is
computed using the method described by Vu et al. [28].

VI =
a

The determination of the coefficient (R?) shows how one variable (X;) affects the other
variables (X1, X, ..., Xi—-1, Xj+1, . - ., Xn), and it can be any value between 0 and 1.

Hence, when the value of VIF, is between 1 and 10, the amount of collinearity across
variables is positively correlated with it. One may argue that, when VIF, = 1, the variables
in the dataset do not show multicollinearity. A VIF, value between 1 and 5 shows less to
moderate multicollinearity and a value greater than 5 indicates multicollinearity among
the variables. When VIF, is greater than 10 and R? is greater than 0.9, multicollinearity
can significantly impact the anticipated performance of the model. Hence, we should
eliminate the independent variable X, [28]. A VIF, value less than five is considered for the
non-multicollinearity condition; hence, we set the threshold VIFa value at five in this study.
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3.4. Susceptibility Model

For the landslide susceptibility analysis, four different bivariate models have been
used: WOE, FR, SE, and IV models. The susceptibility analysis started with landslide
inventory mapping. Past landslides were used as a guide for what might happen in the
future. Landslides will occur in the future under the same factors, location, geology, slope,
etc., that caused them in the past [29]. Over the study area, 1154 landslides were found
and put on a map. A total of 70 percent of the landslides were used for training and 30%
for testing. After making the landslide inventory map with training and testing data, the
vector landslide data (polygons) were turned into a raster in GIS without changing the
co-ordinates or the size of the pixels.

3.5. Weight of Evidence (WoE) Model

This model was initially created to examine mineral potential [30]. The weight of
evidence method is a bivariate statistical technique that employs a log-linear Bayesian
approach. This model calculates the likelihood of a landslide based on the contribution
of evidence for slope instability [31]. Bonham-Carter [30] comprehensively describes
vocabulary and mathematical derivations. The weight of evidence model assigns a weight
to each landslide predicting factor based on the existence or absence of the landslide (L).

)

o

W' =In P{

"

{
{

Sl
—

3

i
——

Wl' =In

e
Qw

j

where:

In is the log and P is probability;

B is the presence of a potential landslide factor;

B’ is the absence of a potential landslide factor;

L and L’ are the presence and absence of landslide, respectively.

W+ and W™ indicate the presence and absence of predictive variables, respectively.
Similarly, W* shows a positive correlation between a predictive variable and the landslide,
whereas W™~ shows a negative correlation between a predictive variable and the landslide.

After obtaining the W* and W~ value, the weight contrast (C) was calculated by
subtracting W~ from W*. The weight contrast (C) gives the association between landslides
and predictive variables.

The presence and absence of landslide in each predictive variable and their sub-class
were obtained on a pixel basis. The formula was obtained in the modified form to calculate

the pixel number.
Al

A3
A3+A4

A1A2A2
- _ +
W ln{ . }

A3+A4

where:
A is the landslide pixels present on a given factor class;
Ay is the landslide pixels absent in the given factor class;
Aj is the pixels in the specified factor class that do not include any landslide pixels;
Ay is the number of pixels in which neither landslide nor the given factors are present.
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The obtained weight is further used to produce a contrast value for the particular
susceptible variable, which is given by:

C=W"-Ww~—

The obtained difference between weights (C) measures the strength of the correlation
between the analyzed variable and landslides.

3.6. Frequency Ratio (FR) Model

When assessing landslide susceptibility using GIS methodologies and spatial data, the
frequency ratio bivariate methodology is frequently used [21,28]. It is often and successfully
utilized for mapping landslide susceptibility [32]. The landslide inventory map and factor
map have been combined using the standard equation to determine the FR for each class of
the causative components [33].

Numerous researchers have adopted this approach to study landslide susceptibility in
the past and they have asserted that the FR model is a commonly used, highly accepted
model with a high prediction rate. In this study, the frequency ratio is utilized to calculate
the ratio of the number of pixels in the class to the entire number of pixels present in the
study region, as well as the ratio of the pixels in the class to the total number of landslide
pixels. The FR is the ratio of the area of the class as a percentage of the overall map
to the number of landslides in the targeted class as a percentage of all landslides [34].
Total FR was determined for each factor after computing the FR value for each subclass.
Each factor’s final weighted value was determined. The final susceptibility map was
created by overlaying the total weighted values with each factor in the GIS. Total FR values
above one are thought to indicate high susceptibility, whereas values below 1 indicate low
susceptibility. The frequency ratio computation process is illustrated below.

FR =

Slofol

where:
A is the number of landslide pixels for each factor.
B is the number of total landslide pixels in the study area.
C is the pixel number in the class area of each factor.
D is the total pixel in the study area and FR is the frequency ratio of a class for the factor.

3.7. Information Value (IV) Method

The information value model is a standard bivariate statistical method. This technique
frequently forecasts the geographic link between landslides and factor classes [35]. Yin and
Yan [36] created and adopted this model for the slope instability study. Sarkar et al. [35]
improved the model further and attempted to make it more valid and precise.

The information value of each factor was determined using conditional and prior
probability. First, the conditional probability was calculated by dividing the landslide pixel
of each subclass by a single component of the pixel of this subclass. Similarly, the prior
probability was calculated by dividing the total number of landslide pixels in the study
region by the total number of pixels in the study area. The mathematical derivations and
relations are available in Yin and Yan [36].

Conditional probability (Pc) = %

Prior probability (Pp) = %

Pc

Information Value (IV) = P—p
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where Si is the number of landslide pixels present in the subclass;
S is the pixel of the subclass;
Ni is the landslide pixel of the total area;
N is the pixel of the whole area.

3.8. Shannon’s Entropy (SE) Method

SE model is derived from the frequency ratio model. The frequency ratio model does
not consider the weightage of the causative factor [37]. The term entropy was adopted
from the Boltzmann principle, which measures the disorder or uncertainty of a system [38].
In the present day, the entropy value is used to analyze natural hazards. In the case of
a landslide, the entropy value gives the environment dissimilarity, which indicates the
potential factors that cause a landslide. The index of entropy consists of the following
procedures to calculate the weightage of causative factors:

Py =FR/Y " FR
Z;nzl Eab = ZZ:O(P”b) * (InPab)
Hab=1+Y""  Eab

Wb = Hab/ )" Hab

Pab is the probability density and FR is the frequency ratio of sub-factors. Wb is the
weightage of causative factors obtained from Shannon’s entropy technique.

3.9. Validation of Susceptibility

We validated the results by using the receiver operating characteristic (ROC) curve. It
is a tried and true approach for determining how accurately different algorithms are used
to create landslide susceptibility maps [39]. Validation was carried out with the assistance
of 30% of the testing data that were generated while preparing the landslide inventory map.
The ROC curve is constructed with the help of a two-axis graph. On the Y axis, we could
determine the true positive rate (sensitivity); on the X axis, we could evaluate the false
positive rate (1-specificity). The AUC value is somewhere in the range of 0.5 and 1. In the
case of percentage, AUC value ranges from 0 to 100%. A value greater than 50% indicates
that the model can be accepted. The accuracy of the models is determined by examining
the curve. The model with full accuracy for forecasting landslide susceptibility has an AUC
value of 1 or 100%, whereas the weak model without useful information has an AUC value
of 0.

4. Results
4.1. Multocollinearity Diagnostic

The VIF is employed to identify and address the issue of multicollinearity, which
occurs when there is a high correlation between predictor variables. The VIFs of the
14 condition factors were estimated based on the 14 conditioning factor maps. The results
are shown in Table 1. All condition factors have VIF values below 5, indicating their
suitability for landslide susceptibility mapping.

Table 1. Variance inflation factor (VIF) of the 14 conditional factors.

Conditional Factors

X1

X2 X3 Xy Xs Xs X7 Xs Xo X0 Xi1 X2 Xz Xy

VIF

1.5

4.6 55 2 1.9 1.5 1.8 34 23 1.5 5.6 3.7 2.5 42

Where X; is slope angle, X; is aspect, X3 is plan curvature, Xy is profile curvature, X5 is geology, X¢ is NDVI, X7 is
land use, Xg is TWI, Xg is SPI, Xy is distance to road, X1 is distance to river, X, is distance to fault, X153 is relative
relief, and Xy4 is rainfall.
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4.2. Landslide Susceptibility Analysis

Four bivariate models (WoE, SE, IV, and FR) were used to determine the spatial
correlation between each factor contributing to landslides and the actual landslide locations.
Table 2 presents the corresponding results. The assigned values for each factor in Table 2
are determined based on the observed landslides, including the percentage of pixels with
the applied models. Certain factor classes exhibited elevated values across all four models.

Table 2. The statistics of landslide pixels and results obtained from FR, WoE, SE, and IV.

Factor Class Class (%) Landslide (%) FR SE WoE v
2148-2183 9.827 2.85 0.29 1.03 —0.56 —0.53
2183-2218 34.227 21.87 0.64 1.05 —0.13 —0.19
2218-2253 31.2 28.86 0.92 1.06 —0.05 —0.03
Rainfall (mm) 2253-2288 13.98 9.74 0.69 1.06 —0.18 —0.15
2288-2323 5.52 11.32 2.05 1.12 0.34 0.31
2323-2357 4.73 11.69 2.46 1.13 0.55 0.5
2357-2392 4.61 13.64 8.47 1.14 0.99 0.93
Water body 2.59 6.58 2.53 1.16 0.423 0.403
Dense forest 18.18 2.58 2.14 1.03 —0.846 —0.846
Land use Sparse forest 72.23 63.9 3.82 131 —0.107 —0.05
Sediment deposit 7.03 26.93 0.82 1.15 0.69 0.583
N 6.241 2.21 0.35 1.06 -0.27 —0.45
NE 17.52 3.37 0.31 1.05 0.56 —0.51
E 4.9 2.17 0.43 1.07 —0.39 —0.36
Aspect SE 17.3 24.82 1.42 1.13 1.32 0.15
S 9.85 19.15 1.94 1.15 0.94 0.28
SW 19.94 28.31 1.42 1.14 1.46 0.15
w 10.1 10.8 1.06 1.12 0.66 0.02
NW 14.05 7.21 0.51 1.07 0.61 —0.08
—0.086-0.016 0.28 8.52 29.8 1.09 —1.03 1.417
0.016-0.119 12.24 28.54 2.33 1.05 —-0.39 0.37
NDVI 0.119-0.222 59.98 52.49 0.87 1.01 0.04 —0.05
0.222-0.326 26.14 6.55 0.25 1 -1.15 —0.6
0.326-0.429 0.01 3.89 296.77 1.04 —1.39 0.46
Convex 7.108 13.45 1.87 1.15 0.34 0.27
Profile curvature Plannar 53.71 33.11 0.61 1.12 0.03 —0.12
Concave 37.22 53.43 1.43 1.16 0.37 0.04
Convergence 7.49 16.77 2.24 1.143 0.39 0.34
Plan curvature Plannar 60.22 50.72 0.84 1.141 —-0.17 —0.07
Divergence 32.28 325 1.01 1.049 0.004 0.002
Lower Siwalik 28.78 24.97 0.867 1.16 —0.08 —0.06
Geology Middle Siwalik 45.07 64.3 1.41 1.15 0.33 0.15
Upper Sialik 19.92 10.73 0.54 1.14 —-0.21 —-0.27
Quaternary deposits 5.62 0 0 1 —0.02 0
<15 50.95 14.73 0.289 1.002 —0.78 —0.53
15-30 41.08 42.46 1.033 1.007 0.02 0.01
Slope (°) 30-45 7.76 36.69 4.72 1.026 0.84 0.67
45-60 0.2 6.004 29.94 1.09 1.53 1.476
>60 0.003 0.1 29.6 1.004 3.07 2471
2.79-6.79 65.97 84.65 1.28 1.15 0.74 0.11
TWI 6.79-10.79 30.97 13.81 0.44 1.13 —-0.79 —0.35
10.79-14.79 2.96 1.5 0.51 1.14 —1.82 —0.29

14.79-19.07 0.089 0.03 0.38 1.12 —3.46 —0.41
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Table 2. Cont.
Factor Class Class (%) Landslide (%) FR SE WoE v
<100 9.76 231 2.36 1.05 —0.63 —0.63
100200 9.47 131 2.19 1.07 ~138 —0.86
Distance to road (m) 200300 9.24 0.7 18 1.05 —275 —215
300-400 8.94 0.63 145 1.05 —2.19 ~115
400-500 8.67 0.97 1.19 1.06 217 ~09
>500 53.09 94 0.29 1.09 1.19 0.24
<100 9.76 23.07 2.63 115 —052 0.37
100200 9.47 20.76 2.19 1.14 —0.58 0.34
Distance to river (m)  200-300 9.24 16.67 18 113 —07 0.25
300-400 8.94 13.01 145 112 —0.83 0.16
400-500 8.67 10.33 1.19 111 —0.94 0.07
>500 53.9 16.13 0.29 1.05 ~0.73 —052
<500 16.73 8.48 0.51 1.09 ~1.03 ~0.29
500-1000 15.99 7.95 0.49 1177 ~1.06 ~03
Distance to fault (m)  1000-1500 14.77 10.97 0.74 1.118 ~091 ~0.13
1500-2000 13.38 10.19 0.76 1.147 —0.94 —0.12
2000 10.01 12.95 1.29 1.157 ~0.83 0.11
0-71.19 19.52 9.56 048 109  —0977 ~031
71.19-142.38 33.16 31.41 0.94 1132 —0.34 ~0.02
Reliet (m) 142.38-213.58 31.16 32.06 1.09 1.141 —028 0.03
213.58-284.77 13.52 21.74 161 1156 —0557 0.21
284.77-355.97 2.62 322 123 1.146 —148 0.089
355.97-427.16 1.18 2 1.16 111 ~1.28 0.06
—1157-—557 0.054 335 61.8 1.013 146 2.79
—557-—0.73 0.062 8.28 125 1.033 —1.04 1.09
SP1 —0.73-3.33 12.05 86.68 6.88 1.02 0.81 0.83
3.33-6.41 86.75 1.67 002  1.0001 177 173

We looked at the relationship between conditioning factors and landslide locations
using the FR, SE, WoE, and IV models. The frequency ratios of the sub-factors are repre-
sented in Table 2 and the susceptibility map for landslides that were derived using the
frequency ratio model is shown in Figure 7. As a result, if the weight is positive and the
value is high, the landslide condition is favorable, whereas if the weight is negative and
the value is low, this indicates that the landslide condition is unfavorable. A considerable
positive correlation exists between the total amount of rainfall and the area affected by
landslides. The FR value increased to a higher level as the total amount of rain increased.
The FR value of the water body and the area of sparse vegetation is higher. The FR value
of the southern aspect is greater than that of the northern aspect. The southwest aspect
provides the most potential in the FR value. The FR value is at its peak when the NDVI is
the lowest and when it is the highest. A concave or convergent slope’s FR value is much
larger than a planar slope’s.

Regarding its geology, the Middle Siwalik has a higher FR value than the Lower
and Upper Siwalik. A statistically significant positive link exists between the hill slope
and the FR value. The FR value rose higher as the hill slope became steeper. When the
topographical wetness index is at its lowest, the FR value is at its highest. There is a
negative relationship between the distance to the road and the FR value, which states that
the FR value will grow when there is less distance between the road and the landslide. The
stream power index and the FR value have a substantial positive correlation. Similarly,
there is an inverse relationship between the distance to the river and the FR value. Near
the fault plane, the FR value has increased. The value of the FR increased as the distance to
the river decreased. The terrace, alluvium deposits, and plain lands are less susceptible,
whereas forest areas are highly susceptible. Altogether, 21% of the area falls under a very
high susceptible area, whereas 28% and 32% fall under high to medium susceptible areas.
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Figure 7. The landslide susceptibility distribution using the frequency ratio method.

The final landslide susceptibility map obtained using the weight of evidence model is
shown in Figure 8. The result of the spatial relationship between landslides and condition-
ing factors is shown in Table 2. The WoE value is highest in the area with the highest rainfall.
The old colluvium and alluvium have the highest WoE value. In the case of the slope, the
WOoE value is greatest at slopes greater than 60° and decreases as the slope decreases. The
results show that the occurrence of landslides increases as the slope increases. The WoE
value is highest at the SE and SW aspects. Landslides are more likely to occur in areas with
a low topographical wetness index. Similarly, southern aspects are more susceptible to
landslides. Landslides are very likely to occur in the Middle Siwalik.

The final landslide susceptibility map obtained using the information value method is
shown in Figure 9. The information value analysis results show that landslide occurrence
and rainfall amount are positively associated. The information value is higher in areas
with higher rainfall. This model also showed that the southern aspect is more susceptible
to landslides. Both convex and convergence slopes have a higher information value. The
Middle Siwalik has a higher information value. Similarly, slope gradient and information
value showed significant positive relationships. The lower topographical wetness index has
a higher information value. Likewise, the information value increases as the stream power
index decreases. The distance from rivers shows that the information value increased with
decreasing distance from the river.
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Figure 8. The landslide susceptibility distribution using the weight of evidence method.

Table 2 displays the relationship between landslide and conditioning factors according
to the Shannon entropy model. The resulting map of landslide susceptibility is depicted in
Figure 10. It indicates that land use significantly influences landslide occurrence, followed
by precipitation, geology, profile curvature, and topographic wetness index. As seen in the
preceding section, the P,;, value for Shannon entropy grows as rainfall quantity increases.
Land use has the greatest entropy. For land use, colluvium, and alluvium, P, has a
greater value.

Regarding geology, the likelihood of a landslide is greatest in the Lower Siwalik,
followed by the Middle and Upper Siwalik. In terms of slope curvature, concave slopes
are more susceptible to landslides. The hill slope greater than 15° is prone to landslides.
In locations with a lower topographic wetness index, the P, value is greater. Similarly,
the P,}, value is greatest (0.15 at 0-100 m and 1.048 at greater than 500 m) at a distance
of 0-100 m. In terms of distance to fault, the P,, value is greatest at a distance greater
than 2000 m. The conclusion indicates that the hanging wall of the thrust is susceptible to
developing a landslide.

The results of the susceptibility class were compared and presented in Figure 11. The
percentage of very high susceptibility is obtained from the information value method,
whereas the low susceptibility percentage is obtained from the Shannon entropy model.
Medium susceptibility is obtained higher from the information value model, weight of
evidence model, and frequency ratio model, whereas low susceptibility is obtained higher
from the Shannon entropy method. The result shows that the susceptibility distribution is
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81 D30|0|’IE 81 D45|0“E BZOOFOIIE

Legend

Susceptibility class

- Very Low

B Very high

28°30'0"N

28°15'0"N

0 5 10 20 30 40
e e  ——— (| ometers

81°30'0"E

81°45'0"E 82°0'0"E
Figure 9. The landslide susceptibility distribution using the information value method.

4.3. Validation of the Susceptibility Maps

The success and prediction rate of all four models are shown in Figure 11. Validation
datasets collected during fieldwork were used to verify the four landslide susceptibility
models’ predictions in this study. Figure 11 shows the performance of the model using the
area under the curve (AUC). The results show that all four models are capable of accurately
predicting susceptibility. Because of this, all four models demonstrated reasonable predic-
tion: WoE (79.97%), FR (75.3%), SE (73.2%), and IV (74.4%). Similarly, the success rate of all
four models is genuine and acceptable: WoE (85%), FR (78.75), SE (72.2%), and 1V (78.57%).
In terms of mapping landslide susceptibility in the study area, however, the WoE model
scored the best with a 79.9% prediction and 85% success rate, while the SE model had the
lowest prediction at 73.2% and lowest success rate at 72.2%. When it came to susceptibility
modeling, the weight of the evidence demonstrated that the optimal model could integrate
expert knowledge with field datasets.
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Figure 11. The area under curves shows the prediction rate of the susceptibility map produced by
(a) FR, (b) WoOE, (c) IV, and (d) SE models.
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Figure 12 displays the areas covered by the five levels of susceptibility: very high, high,
medium, low, and very low. According to the WoE model, 19% of the study area is occupied
by the high susceptibility class. The study area is distributed as follows: 23% is highly
susceptible, 26% is medium susceptible, 21% is low, and 11% has very low susceptibility.
According to the FR model’s landslide susceptibility map, 8% of the study area is classified
as very low susceptibility. Similarly, 20% of the study area falls into the low susceptibility
category, 32% into the medium susceptibility category, 22.7% into high susceptibility, and
18% into the very high susceptibility class. Very low susceptibility accounts for 27% of the
study region and low susceptibility for 31%, according to the landslide susceptibility map
generated using the SE model. The study area is moderately susceptible for 25% of the
area, highly susceptible for 8%, and very highly susceptible for 9%. Based on IV model,
21% of the area is occupied by very high susceptibility, 17% by high susceptibility, 34%
medium susceptibility, 19% by low susceptibility, and 9% by very low susceptibility class.
Since all four models (FR, SE, WoE, and IV) generated respectable susceptibility maps, this
comparison analysis proves that they are all viable methods for mapping landslides in
Siwalik Hills of Nepal.

Area of susceptibility class (%)

40

35

Very low Low Medium High Very high

mFR MWSE m®mWoE v

Susceptibility class

Figure 12. Landslide susceptibility class distribution of four different models.

5. Discussion

The purpose of this study was to compare four bivariate models of the geographic
likelihood of landslide occurrence using FR, SE, WoE, and IV approaches, as well as to
assess each causative element in landslide susceptibility. At last, we displayed maps of
landslide susceptibility, which divide the region into discrete homogeneous zones with
differing levels of susceptibility to landslides. An inventory of landslides and 14 weighted
causal elements were integrated to create the four models. Every model has advantages of
its own; the FR model is particularly simple to apply and previous study results are easily
interpreted and widely acceptable [21,40]. One general approach for determining landslide
susceptibility is the FR model. The WoE model is another well-known statistical method
for mapping the likelihood of landslides. Based on the data regarding slope instability, this
model determines the chance of a landslide [30]. The WoE model outperforms other models
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in terms of landslide susceptibility prediction accuracy and ease of use [24]. A measure of
a system’s disorder or uncertainty, the Boltzmann principle [38], is the source of the term
entropy. Natural disaster analysis now makes use of the entropy value. The environmental
dissimilarity provided by the entropy value in a landslide scenario is indicative of the
possible causes of the landslide. In this way, an established bivariate statistical approach is
the information value model. According to Sarkar et al. [41] this method is commonly used
for landslide factor class forecasting.

The training data for the four susceptibility models showed satisfactory goodness of
fit. Nevertheless, there exist slight disparities among the models, with the WoE model
exhibiting the higher level of conformity. This is evident from the AUC values of the ROC,
which reaches 0.799. The success rate of the WoE model is 85% in this study. Choosing
the elements that cause landslides is a crucial stage that significantly impacts the accuracy
of a landslide susceptibility study. The fields of topography, geology, hydrology, and
geomorphology are commonly employed in landslide susceptibility modeling.

This study utilized four approaches to assess the significance of the causal factors and
the discrepancies observed among the data obtained from the four models employed. The
Middle Siwalik formation, consisting of a thick layer of sandstone beds, exhibits the highest
frequency of landslides. The Lower Siwalik formation, consisting of mudstone-shale layer
ranks as the second highest. An ongoing rise in landslide density is evident in the parameter
measuring the density of geological boundaries, indicating a strong association between
the density of geological boundaries and the occurrence of landslides. The majority of
landslides in the examined region are linked to slope angles greater than 15°; however, a
slope greater than 30° is found as more susceptible for landslide. The study region consists
of a smaller area (<12%) of steep slope (slope greater than 45°). The area of steep slope and
area of landslide present show that the steep slope is highly susceptible for landslide. The
western slope exhibits the most elevated concentration of landslides. Drainage networks
have a detrimental impact on landslide susceptibility by eroding the base of the slope and
saturating the slope material. This saturation also affects the stability of the surrounding
material, leading to a decrease in slope stability [21]. Therefore, it is anticipated that
an increased number of landslides would occur in slopes that are located near a stream
network. The results of this study indicate that the highest frequency of landslides is linked
to the category indicating a distance of below 200 m from the river network. The model
values show that the landslides are concentrated far from the fault.

The road network was found to have the highest concentration of landslides within a
distance of 200 m. This occurrence is anticipated, as the process of excavating road cuts
diminishes the sideways reinforcement of the material and has the potential to initiate
landslides. Furthermore, this process modifies the inherent topography and hydrological
system. In this study, the FR and SE model show that up to 200 m distance is highly
susceptible for landslide but the other two models show that 400-500 m is susceptible. It
may be due to the topographical and geological variation in the study region. The three
generated LS maps exhibit a high level of accuracy, with a prediction rate of more than 70%.
The results clearly demonstrate that WoE exhibits superior accuracy, with an area under
the curve (AUC) value of 0.799, in comparison to the FR, SE, and IV models, which had
AUC values of 0.752, 0.744, and 0.732, respectively. The correlation between the training
data and validation data about landslide occurrences demonstrates a satisfactory level of
agreement. The majority of pixels that experienced landslides were classified as having a
very high or high sensitivity in all four models.

Regmi et al. [42] utilized frequency ratio, weights of evidence, and statistical index
models to compare landslide susceptibility mapping in the Central Nepal Himalaya region.
According to the statistics, the FR model had the highest performance, with a success rate
of 76.8% and a predicted accuracy of 75.4%. The FR model demonstrated a 75% success
accuracy and a 70% forecast accuracy in a specific area of the Uttarakhand Himalaya, India,
for landslide susceptibility assessment according to Pham et al. [19]. Regmi et al. [43]
conducted a study that achieved a success accuracy of 83.31% and a prediction accuracy
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of 78.58% for mapping the susceptibility of landslides in the Bhalubang—Shivapur Area in
Mid-Western Nepal by utilizing the FR model. Both the study and the model used in the
study demonstrated a relatively accurate ability to forecast the susceptibility of the study
area to landslides. In a study conducted by [44] in Bhotang village development committee,
Nepal, the AUC values for the FR model were determined to be 0.713 for validation, 0.725
for training, and 0.722 for the entire dataset. In the previous studies conducted in Nepal,
individual FR and WoE provided a higher prediction rate. A lower number of studies
have been conducted by comparing the models in the Nepal Himalaya. In some of the
previous mentioned research, the FR model showed better performance. There is no distinct
different prediction rate between the four models; however, the WoE model showed better
performance in the case of success rate and prediction rate in the Siwalik Hills of Nepal.

Human actions are the most manageable and modifiable causes leading to landslides in
Nepal [45]. Several landslides are happening along the roads and transportation corridors.
The road’s presence in mountainous terrains has led to an increased risk of landslides due
to undercutting and several slope denudations. Landslides are concentrated in certain areas
near major highways and newly developed country roads, leading to increased losses and
damages. When trying to repair the damaged roadways, the alignment consistently moves
towards the hillside, causing additional destabilization of the delicate colluvial slope [45,46].
Engineering works are typically conducted during dry seasons by modifying the slope and
surface morphology. These conditions persist until the next rainy season or beyond but
may become unstable due to excessive rainfall or other triggering events [47]. Furthermore,
human activities such as mining and quarrying in the fragile mountain are exacerbating the
hill slopes, which, in turn, speeds up the process of landslides. Manchado et al. [48] noticed
a large number of human-induced landslides in Far-Western Nepal, where haphazard
road construction is the major cause for landslide initiation. This study could not focus on
the detail of the anthropogenic landslide mechanism; however, both natural and human
intervention play a significant role for landslide initiation. Land use and distance to road
are considered the anthropogenic factors. In the fragile Siwalik Hills, road construction
and gravel/limestone mining are rapidly growing so that shallow landslides are occurring
every year in the monsoon period. This study provided the potential landslide-susceptible
area in the Babai River catchment. Before conducting mining, road construction, and any
other engineering work, the stakeholders, local government, and related agencies can use
this result. The land use planner, agriculture department, road department, and many other
relevant agencies can make dialogue and discussion about the possible landslide-prone
area; for that, they can use this result for road and other development sustainability.

6. Conclusions

The study area is prone to frequent landslides. The likelihood of landslides in the
Babai River watershed of Siwalik zone was mapped using the WoE, FR, SE, and IV models
in this investigation. No comparison has been made between the four models in the existing
literature on landslide susceptibility research in the Siwalik region. In order to replicate
the models, a landslide inventory map and 14 conditioning factor maps were utilized. The
VIF was implicated to address the multicollinearity issues. The models’ efficacy was, thus,
assessed using ROC curves. This study revealed that the WOE model had the best success
and prediction rate (85% and 79.9%) based on AUC, while the SE model had a lower success
and prediction rate (77.2% and 73.2%). Nevertheless, the four models included in this work
demonstrate potential techniques for analyzing landslide susceptibility in Siwalik Hills of
Nepal. In comparison to the rest of the study area, the western region of the study area
exhibited a higher susceptibility to landslides. The majority of the steep slopes are situated
in the western part of the research region. The national pride project, “Bheri-Babai diversion
project”, is now underway in the study region. Various geo-environmental challenges such
as landslides, debris flow, floods, and river damming are now occurring and may continue
to emerge in the future. Road blockage is a significant problem in the region during the
monsoon period, causing disruptions to the diversion project and other human activities.
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Ultimately, land use planning and efforts to reduce landslide risk in similar areas with
comparable terrain and environmental conditions should benefit from the findings of this
study. This research aims to identify areas prone to landslides to enable the local authority
to implement measures for landslide prevention and safe habitation. The results ultimately
contribute to ensuring sustainable road, settlement, and other physical development in the
sedimentary terrain of Nepal.
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