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Landslide susceptibility assessment is essential for development activities and disaster
management in the mountainous regions to identify the landslide-prone areas. The present study
aimed to evaluate and compare the efficacy of data driven quantitative models of landslide
susceptibility assessment using geospatial tools in Jhelum valley of the Himalayas. This area
suffers from extreme rainfall events due to the local climate and has experienced significant and
widespread landslide events in recent years. Four probabilistic data-driven models are employed
for this purpose, which includes the weight of evidence (WOE), information value method (IVM),
frequency ratio (FR), and certainty factor (CF). These assessed models are based on integrating
landslide contributing factors and a ground truthing-based landslide inventory of 437 landslides.
The landslide susceptibility maps were presented by categorizing the study area into very low to
very high susceptibility zone by Jenks natural breaks method. The performance of models was
evaluated by a sensitivity analysis using Receiver Operator Curve (ROC) method. The ROCvalidated results of success rate curves for WOE, IVM, FR and CF were 80 %, 78 %, 77 %, and
76 % respectively. The prediction rate curve of WOE, IVM, FR, and CF was 78 %, 77 %, 75 %,
and 78 % respectively. The results showed the reasonable efficiency of applied models for
landslide susceptibility assessment in the study area and applicable to regions with similar
geomorphological conditions. Conclusively, the comparison of applied models revealed the
promising results of used approaches.
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1.

INTRODUCTION

Landslides are a significant global geological
hazard that causes a great number of human casualties
and substantial harm to infrastructures, natural
resources, and ecosystems. Therefore, the potential
vulnerability to landslide hazards in mountainous and
hilly terrain areas needs to be considered and
evaluated adequately. To reduce the catastrophic
damages associated with the landslide hazards, the
understanding of triggering mechanism, mode of
movements, soil and rock mechanical properties and
engineering behavior is necessary (Guzzetti et al.,
2012; Aditian et al., 2018). Based on the survey on
economic losses, poverty, and disaster conducted by
the Centre for Research on Epidemiology of Disasters
(CRED) from 1998-2017 (Pascaline and Rowena,
2018), landslides affected about 4.8 million people
and reported death tolls were about 18,000 worldwide.
Economic losses due to landslides are estimated
$ 4 billion annually worldwide (Pascaline and
Rowena, 2018). The annual percentage of casualties
and economic losses are expected to increase globally
with unplanned urbanization in the mountains.
Landslide events are controlled by both
environmental and triggering factors (Corominas et

al., 2014). The environmental factors are related to
geological settings (e.g., types of rock, faults, and
structure), elevation (e.g., drainage density, relief,
curvature, aspect, and slope angle), hydrology (e.g.,
soil moisture and proximity to drainage), and land use
conditions (e.g., vegetation, buildings and roads). The
triggering factors are those which can initiate the
movements in slopes (e.g., precipitation and
earthquakes). For landslide hazard and susceptibility
studies, it is generally assumed that the combination of
these environmental factors and triggering factors are
responsible for the occurrence of landslides and need
to be evaluated to mitigate the damage caused by
landslides.
In the past few decades, several approaches have
been proposed for landslide susceptibility assessment
on the assumption that potential landslides can be
predicted by evaluating the relationship between the
past landslides and their contributing factors
(Guzzetti, 2002; Zhao and Chen, 2020). Although both
quantitative and qualitative methods can be used to
carry out landslide susceptibility mapping, the general
steps are similar, such as; i) preparation of landslide
inventory map, ii) identification and data preparation
of landslide causative factors, iii) evaluation of
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causative factors by integrating with quantitative or
qualitative techniques, and iv) and classification of the
investigated area into different susceptibility zones
(Devkota et al., 2013; Chen et al., 2016). The
qualitative approaches are the knowledge-driven
methods based on the experience of an expert or
a group of experts (Abella and Van-Westen, 2008). In
such approaches, experts analyze the landslides,
determine the key factors, and recognize the area with
similar conditions based on landslide inventory. Some
indirect qualitative mapping techniques include rating
and weighting (e.g., Fuzzy logic, Analytic Hierarchy
Process, and multiclass overlay) (Yalcin, 2008;
Kanungo et al., 2011; Yalcin et al., 2011). The
limitations of these approaches are the participation of
subjective judgments and the limitation of the
non-quantifying weight of each contributing factor.
The outcomes of these methods rely entirely on the
expert knowledge and are subjective-based (Guzzetti,
2002).
The quantitative approaches integrate statistical
models to evaluate the probability of landslides into
varying degrees of different susceptible zones (Carrara
et al., 1995; Van-Westen, 2002; Reichenbach et al.,
2005; Pasang et al., 2020). These data-driven methods
use recent and past landslide information to obtain
a reliable estimate of the landslide probability. The
quantitative approaches include bivariate statistical
methods (e.g., the weight of evidence, information
value method, and frequency ratio), and multivariate
statistical methods (logistic regression, artificial
neural networks, discriminant analysis) (Regmi et al.,
2010; Xu et al., 2012; Guri and Patel, 2015; Chen et
al., 2016; Aditian et al., 2018; Chang et al., 2020).
These approaches are less subjective than qualitative
methods; however, they require good quality of
landslide inventory database. Different methods have
been suggested for generating landslide susceptibility
mapping with the advancement in geospatial tools like
remote sensing (RS) and geographic information
systems (GIS). However, an agreement on which
technique is the most effective has not yet been
established.
The study area lies in the high mountain regions
of the Himalayas, where landslides pose a significant
threat to human life and infrastructure. This region is
also strategically important where occasional
landslides cause blockage of road networks. The main
objective of this study is to investigate the significance
of landslide causative factors and compare the efficacy
of four different data-driven methods of quantitative
landslide susceptibility assessment. This comparative
study uses the models of the weight of evidence
(WOE), information value method (IVM), frequency
ratio (FR) and certainty factor (CF) to produce the
landslide susceptibility of the Jhelum Valley of the
Himalayas. The present research applies an
established technique to an area yet unstudied for
quantitative methods based landslide susceptibility
assessment.

2. METHODOLOGY
2.1. OVERVIEW OF THE STUDY AREA

The present work focuses on the Jhelum Valley,
which is situated in the Himalayas of northern
Pakistan. The Jhelum Valley covers an area of about
708 km² (Fig. 1). The elevation ranges from 777 to
3992 m, and geomorphology is dominated by the
high-rise mountains with steep slopes. The river
Jhelum follows a trend of the southeast to northwest,
similar trend is followed by the valleys and ridges. The
northeast and northwest parts of the region are
relatively high in relief compared to other parts of the
research area. The study area has a long history of
disasters related to landslides, most of which are
triggered by catastrophic natural hazards such as the
October 2005 Kashmir earthquake, flood of 2010, and
occasional intensive rainfalls. The massive landslide
triggered in the study area was the Hattian rock
avalanche, which affected approximately 1.8 km² area
(Harp and Crone, 2006) and produced a natural dam
by blocking the river Jhelum tributaries. The reported
deaths from the Hattian avalanche were about 575
(Dunning et al., 2007). Similarly, the flood of 2010
compelled about 149 families to evacuate their houses
and caused several causalities (Hicks and Burton,
2010). The frequent incidents of landslides in the study
area are causing loss of lives and damages to
infrastructures and need immediate attention.
The geology of the area (Table 1) is complex due
to the presence of major fault zones comprised of the
sheared and highly fractured rock, making it more
vulnerable to failures during seismic activity and
intense rainfall episodes. Concentrated fissuring,
spreading, and creeping have been observed in the
surrounding, making the area more dangerous for
slope failures (Shafique et al., 2016). The seismic
events in the study area resulted in many great mass
movements due to the presence of highly faulted,
jointed, and fragile rocks (Harp and Crone, 2006;
Dunning et al., 2007; Owen et al., 2008; Shafique et
al., 2016). Most mass movements in the research area
are clustered along the Main Boundary Thrust (MBT),
Panjal Thrust (PT), and Muzaffarabad Fault (MF).
MBT and PT run across the study area with almost
northwest-southeast orientation (Schneider, 2009;
Basharat et al., 2012). Mass movements in the hanging
wall of MF are higher in quantity as compared to the
footwall (Mahmood et al., 2015).
The rocks belonging to the deformation zones of
MBT and PT are characterized by the contact
of Precambrian (Salkhala slate/schist) and Triassic to
Carboniferous (metasedimentary rocks). These rocks
were strongly deformed, broken, and shredded during
subsequent episodes of deformation (Bossart and
Ottiger, 1989).
2.2. LANDSLIDE INVENTORY

The landslide inventory is a database of the
spatial distribution and characteristics of past
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Fig. 1

Geographical location of the study area in the context of land, provinces, and districts.

Table 1 Geologic unit of the study area and descriptions (Geological Survey of Pakistan).

Group

Formation

Group 1

Quaternary

Holocene

Group 2
Group 3

Kamlial Formation
Murree Formation
Panjal
Metasediments

Late Miocene
Early Miocene
Triassic to
Carboniferous
Triassic to
Carboniferous

Group 4

Age

Group 5

Panjal Volcanics

Group 6

Rashian Granite

Group 7

Salkhala Formation Late Precambrian

Cambrian

landslides. It is considered fundamental and essential
information for any landslide susceptibility mapping.
The relationship between past landslides and their
causative factors is established for modeling
a successful landslide susceptibility mapping (Duman
et al., 2005; Ghosh et al., 2012). Systemic landslide
inventory requires consistent quality data from
a spatial database in combination with ground-truthing
field surveys.
In the present study, landslide susceptibility
assessment was followed by developing an inventory
of landslides to establish the spatial location of the past
slope movements. A total of 437 landslides were

Lithology
Stream channel, surficial, and terrace deposits (sand, silt,
clay, and gravels)
Sandstone, mudstone, and conglomerate
Sandstone, siltstone, shale, claystone and conglomerate
Metacarbonate, quartzite and graphitic phyllite
Basaltic lava flows with Tuffaceous layers
Feldspathic Epidote, Quartz, Muscovite, Biotite,
Tourmaline, Rutile
Graphitic schist, talc schist and quartz mica schist
recognized based on satellite imageries, literature
records, and extensive field surveys for
ground-truthing. The study area was about 708 km²,
and the area occupied by the landslides was
approximately 10, 291, 545 m². The preparation of
landslide inventory showed that most of the landslides
were distributed along with the road networks and near
the drainage. Rotational and translational slides,
topples, falls, and flows were typical rock and soil
movements observed during field visits (Fig. 2a). In
the study area, earthquakes, intensive rainfall, erosion,
and anthropogenic activities are significant triggering
factors for slope instabilities. The division of
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(a)
Fig. 2

(b)

Landslide inventory dataset (a) graphical representation of landslide inventory information (b) types of
landslides in the study area.

recognized landslides was made into a training (70 %)
and test (30 %) dataset. The training dataset is required
for computation and integration of models, and the test
dataset is for validation of the models.
In developing a landslide data inventory, field
surveys, knowledge of historical literature, and local
interviews helped. The information on modes of
movements, state of activity, causes and damages
were gathered, as shown in Figure 2a. The landslide
kinematic mode of movements was recognized, and
61 % of the total landslides were found to be slides
(translational, rotational), 18 % of the landslides were
falls, 13 % were flows, and 5% were topples. During
the field visits, it was observed that the number of
active landslides (42 %) was greater and the number
of landslides which were stabilized (9 %) were near
a residential area and alongside the road network. The
total landslides induced by the seasonal precipitation
and earthquakes was 56 %.
2.3. DATA PREPARATION OF CAUSATIVE FACTORS

The landslide causative factors are known to be
a significant influencing contributor for the occurrence
of landslides. Each causative factor importance is
analyzed based on the weight calculation in the
statistical models (Yalcin et al., 2011; Chen et al.,
2016; Iqbal et al., 2021). The contribution of causative
factors is determined by preparing the factors map and
superimposing it with the landslide inventory dataset.
The causative factors considered for the present study
were related to geology (lithology, distance to fault),
anthropogenic activity (distance to road), and
geomorphology (distance to drainage, slope angle,
land cover, and NDVI).

The database of causative factors is prepared
using the RS and GIS geospatial tools, and sources of
data are presented in Table 2. The methodology
adopted for the present study is shown in Figure 3.
2.3.1. GEOLOGICAL FACTORS

The lithology is a widely accepted crucial
influencing factor for the landslide susceptibility
zonation (Anbalagan, 1992; Meena et al., 2019;
Dikshit et al., 2020). The different geological units
demonstrate substantial differences in slope instability
(Aditian et al., 2018). The dimensions and type of
landslides are also characteristics of the lithology (Du
et al., 2017). Lithological information of the present
study area is presented in Table 1. The geological map
was produced utilizing the already published map by
the Geological Survey of Pakistan and additional
modifications were made through collecting data from
the field survey. The thematic causative factor map of
the lithology is prepared by identifying seven
lithological formations in the study area (Fig. 4a).
Proximity to faults influences the mass
movement by contributing to the surface structures
and weakening of the rocks (Tibaldi et al., 1995;
Bonham-Carter, 2014). Researchers have reported that
decreasing distance to faults increases the likelihood
of landslide occurrence (Du et al., 2017). Three major
faults, the Main Boundary Thrust (MBT), Panjal
Thrust (PT) and Muzaffarabad fault (MF) were
present in the study area. Rocks near these fault zones
are highly deformed, fractured, and sheared, becoming
more vulnerable to mass instabilities. Each fault line
buffer zone was established in ArcGIS into five
classes; 0-1000 m, 1000-2000 m, 2000-3000 m, 30004000 m, and distance greater than 4000 m (Fig. 4b).
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Table 2 Source of information and acquired data summary.

Causative factor
Lithology
Distance to fault
Distance to road
Slope angle
Distance to stream
NDVI
Land cover
Landslide Inventory

Fig. 3

Data source
Geological map
Geological map
Topographic map
ASTER DEM
ASTER DEM
Sentinel 2
Sentinel 2
Field visits and Satellite imageries

Resolution
1:50,000
1:50,000
1:50,000
12.5 m
12.5 m
12.5 m
12.5 m
1:50,000

Description
Lithological units
Lithological units
Natural break
Natural break
Natural break
Natural break
Supervised classification
Area polygons

Overview of the methodology adopted for the landslide susceptibility.

2.3.2. ANTHROPOGENIC FACTORS

Human activities have an adverse impact on the
natural slopes, significantly those activities which
required the modification of natural slopes by cutting
and excavation. Proximity to road was considered an
important anthropogenic factor. As shown in
Figure 4c, the causative factor distance to road was
categorized into five classes; 0-100 m, 100-200 m,
200-300 m, 300-400 m, and > 400 m.
2.3.3. GEOMORPHOLOGICAL FACTORS

The slope angle is a significant topographical
feature, which plays an important role in landslides

occurrence. It influences the slope surface runoff, the
weathering layer, and the stress distribution in
the slope (Du et al., 2017; Meena et al., 2019). The
gentler slopes have less probability of landslides over
the steep slopes, possibly because of the associated
shear stresses (Guo et al., 2015). In this research, the
causative factor of slope angle was computed in
the ArcGIS Spatial Analyst tool using 12.5 m
resolution DEM data derived from ASTER. As shown
in Figure 4e, the causative factor was divided into
eight classes: 0-15, 15-25, 25-30, 30-35, 35-40, 40-45,
45-55, >55 degree.
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Thematic parameter maps of causative factors used for the calculation of models weights (a) lithology, (b) distance to fault, (c) distance to road, (d) distance to drainage, (e) slope
angle, (f) land cover, and (g) NDVI.
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Proximity to drainage is an important landslide
causative factor, which may adversely affect by
increasing the pore water pressure and slope toe
erosion (Guo et al., 2015; Raja et al., 2017). The weak
lithologies and soil cover in the study area are easily
erodible by the water action. The causative factor
proximity to drainage is considered observing a major
landslide triggering factor in the region as proximity
to water body has higher chances of landslide
occurrence (Du et al., 2017). The research area is
drained by the river Jhelum and its tributaries. All the
tributaries and river Jhelum engaged in headward
erosion and transportation of sediments. Using spatial
analyst tools in ArcGIS, different buffer zones of the
distance to streams were obtained with ASTER DEM.
As shown in Figure 4d, the distance to drainage was
classified into five buffer zones: 0-100 m, 100-200 m,
200-300 m, 300-400 m, and >400 m.
Land cover is a significant influencing factor that
contributes to reduce soil erosion. During long-term
and short-term rainfalls, a great accumulation of water
is facilitated by infiltration caused by the plant roots
and vegetation. Based on the study area conditions, the
following eight classes were categorized (Fig. 4f):
water bodies (type-1), snow (type-2), shrubland
(type-3), settlement (type-4), forest (type-5), bare
ground (type-6), agricultural land with scattered
houses (type-7), and agricultural land (type-8).
The causative factor NDVI is a degree of
vegetation density of the slope surface. The vegetation
cover stabilizes the loose soil slopes, and its removal
can expose the slope surface to different weathering
processes, which can potentially lead to landslides
(Shu et al., 2019). It is an important factor that has an
impact on soil cohesion and shear resistance in slopes.
The causative factor NDVI was divided into five
classes on the base of vegetation density (Fig. 4g): no
vegetation (type-1), meager vegetation (type-2),
sparse vegetation (type-3), moderate vegetation
(type-4), and dense vegetation (type-5). The following
formula is used to determine the NDVI (Wittich and
Hansing, 1995).
𝑁𝐷𝑉𝐼

𝐼𝑅

𝑅 / 𝐼𝑅

𝑅

(1)

Where R is the red band of the electromagnetic
spectrum, and IR is the infrared band of the
electromagnetic spectrum.
2.4. APPLICATION OF DATA-DRIVEN METHODS
2.4.1. WEIGHT OF EVIDENCE

The statistical based technique, weight of
evidence (WOE) is widely accepted for producing
a reliable landslide susceptibility zonation (Regmi et
al., 2010; Guri and Patel, 2015; Nohani et al., 2019).
Bonham-Carter (1989) initially developed this
approach to be applied for potential mineral estimation
and later modified by Van Westen (1993) for the
landslide susceptibility assessment. This quantitative
modeling technique measures the positive and
negative (W+, W-) likelihood of landslide events. In
this approach, each landslide causative factor is

divided into predicate classes and the statistical
relationship of each class is analyzed individually. The
weights are calculated by the statistical formula and
then overlaid to generate the susceptibility map.
The positive and negative weight index
(W+, W-) for factor class 𝑁𝑖 is calculated using the
following equation:
𝑊

𝑙𝑛

⁄

𝑊

𝑙𝑛

⁄

(2)

⁄ ̅

(3)

⁄ ̅

Where 𝑃 𝑁𝑖 ⁄𝑆 and 𝑃 𝑁𝑖 ⁄𝑆̅ are the conditional
probabilities for the presence of landslide causative
factor 𝑁𝑖, given that a landslide pixels S and
non-landslide pixels 𝑆̅. 𝑃 𝑁𝚤⁄𝑆 and 𝑃 𝑁𝚤⁄𝑆̅ are the
conditional probabilities for the absence of landslide
causative factor 𝑁𝑖.
The final weight (W) is calculated for each
causative factor of n disjunctive classes having the
positive and negative weights for the presence and
absence of landslide causative factor classes using the
following equation.
𝑊

𝑊

∑

𝑊

𝑊

(4)

Where 𝑊 is the absence of other classes, 𝑊 is the
presence of i-th class, and 𝑊 is the absence of the ith
class.
The WOE modeling is based mainly on the
indexes W+ and W−, which are further used to
calculate the final weight W. These indexes represent
the significance of the positive and negative spatial
association of the factor class. As shown in Table 3,
the final weights calculated using equation 4 show the
spatial relationship between landslides and causative
factors. The landslide susceptibility map (LSM) is
obtained by assigning the calculated weights to each
thematic layer and with the summation of all thematic
causative factors maps, using the following equation.
𝐿𝑆𝑀
𝑊𝑂𝐸
𝑊𝑂𝐸
𝑊𝑂𝐸
𝑊𝑂𝐸

𝑊𝑂𝐸
𝑊𝑂𝐸
𝑊𝑂𝐸
(5)

2.4.2. INFORMATION VALUE METHOD

The information value method (IVM) is a datadriven technique that can evaluate the objective
assessment for landslide susceptibility. This method
calculates the relationship between the dependent
variable (landslides) and the independent variable
(causative factor) based on the weightage of the
influence (Yin and Yan, 1988; Sarkar et al., 2012). The
calculation of IVM weight is based on the rationing of
each factor class landslide density to the total landslide
density in the respective causative factor (Pradhan et
al., 2012; Sarkar et al., 2013; Wang et al., 2014). The
weight of each causative factor is computed by
applying the following equation:
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Table 3 The spatial relationship between landslide causative factors and landslides by using WOE, IVM, FR and

CF models.

NDVI

Land cover

Slope angle (ᴼ)

Distance to
drainage
(m)

Distance to
road (m)

Distance to
fault (m)

Lithology

Causative
Factors

𝐼

𝑙𝑛

Factor Class
Group 1
Group 2
Group 3
Group 4
Group 5
Group 6
Group 7
0-1000
1000-2000
2000-3000
3000-4000
>4000
0-100
100-200
200-300
300-400
>400
0-100
100-200
200-300
300-400
>400
0-15
15-25
25-30
30-35
35-40
40-45
45-55
>55
Type 1
Type 2
Type 3
Type 4
Type 5
Type 6
Type 7
Type 8
Type 1
Type 2
Type 3
Type 4
Type 5
𝑙𝑛

Area (%)
Class (m²)

Landslide (m²)

16947188
51139063
316526563
23692500
12684375
11467344
275803125
115652656
77380156
74347500
71559063
369320781
28052031
22678594
20395938
37444531
599689063
72580469
68517344
65953750
63086250
438122344
50185156
91993750
135663125
149727813
129299531
92902500
45794688
12693594
3932656
42225156
90715938
3062344
316212500
110146719
136849063
5115781
171195313
193863281
199057031
102632656
41511875
⁄
⁄

Models weights

309063
70781
5767344
365313
370313
53281
1024375
1292344
1429219
1792188
658750
2787969
1428594
478438
252031
364375
5437031
2091094
1428438
717188
590781
3132969
291719
737813
1143594
1442188
1601094
1512188
914219
317656
33594
265469
1277656
15156
1530469
2986563
1844375
7188
2823906
3630938
1245469
220313
39844
(6)

Where Ii is the is the weight for each class of
a causative factor, DensClass is landslide density in
each class of a causative factor, DensMap is landslide
density within the entire region, Si is the causative
factor i landslide pixels, Ni is the causative factor i
total pixels, S is the total landslide pixels of causative

WOE

IVM

FR

CF

0.182
-2.495
0.869
0.009
0.679
-1.224
-1.800
0.096
0.690
1.024
-0.119
-0.609
2.265
1.224
0.653
0.401
-0.401
1.352
0.919
0.158
-0.006
-0.732
-0.699
-0.381
-0.346
-0.192
0.124
0.449
0.642
0.840
-0.277
-0.586
0.228
-0.827
-0.849
0.897
0.184
-2.089
0.445
0.703
-0.860
-1.902
-2.634

1.869
-0.236
-2.094
0.483
0.316
0.955
-0.883
-0.006
0.497
0.763
-0.200
-0.398
1.511
0.630
0.095
-0.144
-0.215
0.941
0.618
-0.033
-0.182
-0.452
-0.659
-0.337
-0.288
-0.154
0.097
0.370
0.574
0.800
-0.820
-0.274
-2.079
-0.581
0.226
0.881
-0.843
0.182
0.384
0.511
-0.586
-1.656
-2.460

6.481
0.790
0.123
1.621
1.372
2.597
0.413
0.994
1.643
2.145
0.819
0.672
4.531
1.877
1.099
0.866
0.807
2.563
1.855
0.967
0.833
0.636
0.517
0.714
0.750
0.857
1.102
1.448
1.776
2.227
0.440
0.760
0.125
0.559
1.253
2.412
0.431
1.199
1.468
1.666
0.557
0.191
0.085

0.855
-0.212
-0.878
0.388
0.274
0.622
-0.589
-0.006
0.396
0.540
-0.183
-0.331
0.788
0.473
0.091
-0.136
-0.195
0.617
0.466
-0.033
-0.168
-0.366
-0.486
-0.289
-0.252
-0.144
0.093
0.313
0.442
0.557
-0.562
-0.242
-0.876
-0.443
0.204
0.592
-0.572
0.168
0.322
0.404
-0.446
-0.811
-0.915

factor class, N is the total pixels in the causative factor
class.
The IVM weight results obtained by using
equation 6 are shown in Table 3. The calculated
weight values against each class of causative factors
are then used to produce the landslide susceptibility
map by using the following equation:
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𝐿𝑆𝑀

𝑋

𝐼

(7)

Where M is the number of classes of causative factors,
Xji is valued 0 if class i is absent and 1 if class i is
present in factor j.
2.4.3. FREQUENCY RATIO

The frequency ratio (FR) is a quantitative
landslide susceptibility method for spatial prediction
of landslides based on the bivariate statistical
approach. Various researchers have widely used this
technique to develop a reliable landslide susceptibility
assessment (Lee and Talib, 2005; Yalcin et al., 2011b;
Chen et al., 2016). FR method evaluates the
relationship between the past landslides and their
causative factors. Each class of causative factors is
analyzed against landslide pixels in the respective
class to calculate the FR weight by using the following
formula:
/

𝐹𝑅

(8)

/∑

Where 𝑁𝑝𝑖𝑥 𝑆𝑖 and 𝑁𝑝𝑖𝑥 𝑁𝑖 represents the
landslide pixels and total pixels of class i-th
respectively,
𝑁𝑝𝑖𝑥 𝑆𝑖 and ∑ 𝑁𝑝𝑖𝑥 𝑁𝑖 represents
the landslide pixels and total pixels of all causative
factors, respectively.
The results of weights calculated with the FR
model are presented in Table 3. The values obtained
by the integration of statistical analysis are used to
reclassify the thematic causative factor maps. Their
summation is used to produce the landslide
susceptibility map, as given in the following equation.
𝐿𝑆𝑀

∑ 𝐹𝑅

(9)

2.4.4. CERTAINTY FACTOR

Shorthliffe and Buchanan (1975) introduced the
certainty factor (CF) approach, and later it was
modified by Heckerman (1992) for its application in
landslide susceptibility assessment and followed by
several researchers (Binaghi et al., 1998; Pradhan et
al., 2012; Devkota et al., 2013; Pourghasemi et al.,
2013; Wang et al., 2019). In this approach, the CF is
formulated for each causative factor by evaluating the
landslide inventory and the combination of
heterogeneous data (Sujatha et al., 2012; Devkota et
al., 2013; Liu et al., 2014). The CF weights of
causative factors are calculated statistically by
evaluating the relationship between landslide
influencing factors and the landslide inventory. CF
value is measured by using the following probability
function equation:
𝐶𝐹

𝑖𝑓 𝑃𝑃

𝑃𝑃 ,

𝑖𝑓 𝑃𝑃

𝑃𝑃 ,

(10)

Where PPa is the conditional probability of area in the
subclass a of the causative factor, and PPS is the prior
probability of total area of the causative factor.

The weights of each causative factor were
calculated using equation 10 and corresponding
causative factor CF values were combined with the
causative factor layers to generate the landslide
susceptibility map. A combination of two CF values,
X and Y from two different layers of information is
a CF value Z obtained as follows (Binaghi et al., 1998;
Pourghasemi et al., 2013):
𝑋

𝑌

𝑋

𝑌

𝑍

𝑋𝑌

| |,| |

𝑋𝑌

𝑋, 𝑌 0
𝑋, 𝑌 𝑂𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑠𝑖𝑔𝑛
𝑋, 𝑌

(11)

0

As mentioned in the above equation, the pairwise
combination of all causative factors layers was made
to develop the susceptibility map. The natural break
method was adopted in ArcGIS to divide the map into
different zonation classes.
2.5. VALIDATION OF THE LANDSLIDE
SUSCEPTIBILITY MAPS

The evaluation of any landslide susceptibility
model is a challenging task performed to check the
model's reliability and uncertainties in the results.
The performance of any statistical-based landslide
susceptibility assessment model depends on the
conceptual and mathematical capability of the model,
the ability to handle the sensitivity of input data, and
the model’s prediction accuracy (Beguería, 2006;
Aditian et al, 2018; Chen et al., 2017; Saha et al.,
2020). In practice, the predictive power of a landslide
susceptibility model is evaluated by separating the
landslide inventory into two datasets (i.e., model
training and tests). In the present research, the
landslide inventory is divided into training and test
dataset by random selection of landslides with a ratio
of 70 % and 30 %, respectively. The training dataset
was used to generate the susceptibility maps, and the
test dataset was used to analyze the accuracy of
the model.
The sensitivity analysis takes account of the two
type of errors: false-positive (represents the
misclassification of a unit as unstable; however,
the unit has no landslide occurrence), and
false-negative (represents the misclassification of
a unit as stable; however, the unit has the presence of
landslide occurrence). The sensitivity analysis of the
present research work was performed by the receiver
operating
characteristic
(ROC)
curves
of
cutoff-independent accuracy statistics techniques
(Yalcin, 2008; Corominas et al., 2014; Van Westen et
al., 2008; Swets, 1988). The accuracy of landslide
zonation models is assessed by the area under the
curve (AUC) of the ROC curve. The larger area under
the curve indicates the better performance of the
model for predicting correctly on predefined events of
landslide occurrence and non-occurrence. The AUC
value close to 1.0 represents the excellent result of the
test model, whereas a value close to 0.5 represents the
poor prediction results of the test model, and below
this value, the model is considered as a failure.
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The performance of models is evaluated by
plotting true positive and false positive points to
calculate the AUC on the base of the cumulative
percentage of correctly and incorrectly classified
discrimination threshold. The ROC curve is plotted by
using equation 12 and 13, the x-axis represents the
false-positive (1 – specificity), and the y-axis
represents the true-positive (sensitivity).
𝑋

1 – 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦

𝑌

𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

1

(12)
(13)

3. RESULTS AND DISCUSSION
3.1. MODELING RESULTS OF THE WEIGHT OF
EVIDENCE METHOD

The spatial relationship between landslide
causative factors and landslide inventory was
computed by the WOE model (Table 3) and
graphically represented in Figure 5. The landslide
susceptibility map produced by the WOE model is
shown in Figure 6a. Based on the WOE weight, the
Murree Formation (group 3) in the causative factor of
lithology has a maximum value (0.869), followed by
the Panjal Volcanics (group 5) having a value of 0.679,
and both classes are found to be more prone to
landslide. For proximity to the fault, the positive
weights for the classes of distance to fault range
between 0 to 3000 m show the positive WOE weights,
indicating the high susceptibility in these classes. The
proximity to road shows the highest WOE value of
2.265 for the class 0-100 m, and the values decreased
as the distance to road increases. The lowest value
(-0.401) was observed for the class with the maximum
distance to road (>400 m). For the distance to drainage
causative factor, the class 0-100 m is highly
susceptible to landslide in this causative factor with
a WOE value of 1.352. In the case of slope angle, the
highest value of 0.840 observed for the class having
a slope angle > 55°, followed by the class 45°-55° with
a value of 0.642. The slopes with an angle of less than
35° are less influential as the weight value becomes
negative. In the case of causative factor land cover, the
weight values are positive for the classes of bare
ground (1.230), shrubland (0.296), and agricultural
land with scattered houses (0.263). Other classes of
causative factor land cover are not influencing as their
weight values are negative. The class of meager
vegetation in the causative factor NDVI has a high
value of 0.703, followed by the class no vegetation
(0.445).
3.2. MODELING RESULTS OF THE INFORMATION
VALUE METHOD

The computed results of IVM by evaluating the
landslide causative factors and landslide inventory are
shown in Table 3. The landslide susceptibility map
produced by IVM is shown in Figure 6b. For the
causative factor of lithology, the Panjal Volcanics
(0.955), Quaternary deposits (0.484), and Murree
Formation (0.483) are the most susceptible lithologies

for the occurrence of landslides. For the causative
factor distance to fault, the highest IVM value of 0.763
was observed for the class 2000-3000 m, followed by
the class 1000-2000 m with a value of 0.497. The
proximity to road causative factor shows the highest
weight of 1.511 for class 0-100 m and a gradual
decrease in class weight values observed as the
distance to road increases. In the results of distance to
drainage factor, the class 0-100 m is more susceptible
to landslide showing the highest IVM weight of 0.914.
In the slope angle causative factor, the highest weight
of 0.800 was observed for the class with the slope
angle >55°, and the gentler slopes are less susceptible
to having relatively lower weights. The causative
factor of land cover shows that the highest value of
0.226 was observed for the class shrubland, followed
by the bare ground (0.881). In the case of factor NDVI,
the highest IVM value (0.511) was observed for the
“meager vegetation” class, followed by the “no
vegetation” class (0.384).
3.3. MODELING RESULT OF THE FREQUENCY
RATIO METHOD

The landslide susceptibility map developed by
analyzing the relationship between landslide inventory
and the causative factors using FR approach is shown
in Figure 6c. The FR weights assessed for causative
factors are shown in Table 3 and graphically presented
in Figure 5.
Results of the lithology causative factor show
that the FR value of Panjal Volcanics is 2.597, which
is the highest weight in the causative factor of
lithology, thus prone to landslides. In the case of factor
distance to fault, the high FR weight of 2.145 was
observed for the class 2000-3000 m, and the lowest
value (0.672) was observed for class with the
proximity of greater than 4000 m. From the analysis
of causative factor distance to road, the class 0-100 m
has the highest FR value of 4.531, followed by class
100-200 m (1.877). In the case of distance to drainage,
the class 0-100 m has the highest FR weight of 2.563.
The causative factor slope angle results show that the
class > 55° has the highest FR value (2.227). For the
causative factor of land cover, the maximum weight of
2.412 was observed for the class “bare ground”. The
FR value (1.666) of class “no vegetation” is
the highest among other classes of the causative factor
NDVI.
3.4. MODELING RESULTS OF THE CERTAINTY
FACTOR METHOD

The results of the statistical analysis of landslide
causative factors with the landslide inventory using
the CF model is sown in Table 3. The landslide
susceptibility map generated using these computed
values is shown in Figure 6. The CF results for
causative factor lithology show that Panjal Volcanics
(0.622), Quaternary deposits (0.388), Murree
Formation (0.388), and Panjal Metasediments (0.274)
are prone to landslides. The proximity to the fault,
road, and drainage were analyzed for evaluating the
contribution of these causative factors and the class
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Fig. 5

Graphical representation of the class area and landslide area and models weights (a) lithology, (b) distance
to fault, (c) distance to road, (d) distance to drainage, (e) slope angle, (f) land cover, and (g) NDVI.

312

Fig. 6

S. Farooq and M. S. Akram

Landslide susceptibility maps of the study area, (a) map generated by the WOE model, (b) map generated
by the IVM model, (c) map generated by the FR model, (d) and map generated by the CF model.

2000-3000 m in causative factor distance to fault, the
class 0-100 m in causative factor distance to road, and
class 0-100 m in causative factor distance to drainage
showed the highest CF values of 0.540, 0.788, and
0.617 respectively. In the case of slope angle, the class
> 55° showed the highest weight, thus this class of
causative factor slope angle is more prone to landslide.
For causative factor land cover, the class bare ground
has the highest CF value (0.592). The CF value (0.404)
of class “meager vegetation” is the highest among
other class of the causative factor NDVI.
3.5. EVALUATION OF LANDSLIDE
SUSCEPTIBILITY MAPS

The landslide susceptibility map presents the
spatial distribution of the prediction of landslide-prone
areas in a systematic way. However, for each

data-driven model, the difference in the theoretical
basis leads to produce variations for predicting
landslide susceptibility even in the same region.
Therefore, it is valuable to compare the landslide
susceptibility maps obtained with the different
approaches for a clear overview of the area's correct
distinctions. This comparison can be established by
determining the percentage of actual landslide areas in
different landslide susceptibility zones.
Four different data-driven approaches were used
to produce the landslide susceptibility maps of the
study area. For each model, the landslide contributing
factors were constant and the weights of considered
factors were statistically computed corresponding to
the model procedure. The maps generated using the
calculated values were then divided into different
susceptibility zones. In the comparison of prediction
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Fig. 7

(a) Comparison of the relative distribution of susceptibility zones of models, (b) Comparison of the
relative distribution of landslides in susceptibility zones of models.

of these susceptibility zones, the FR model predicted
less percentage of area in moderate to very high
susceptible zones and a higher percentage of area in
low to very low susceptible zones. The CF model
predicted less percentage of area for a moderate and
higher percentage of area for a very low susceptible
zone. Other susceptibility zones of the models showed
similarity in the results of the prediction area.
The reliability of the statistical based landslide
susceptibility model is assessed on the accurate
prediction of different susceptibility zones and by the
comparison of past landslides in respective zones.
The comparison of models predicted area of different
susceptibility zones and the percentage of past
landslide area in respective zones is shown in Figure 7.
The uncertainties are considered a common
phenomenon in landslide susceptibility assessment,
caused by the poor quality of input data or lack of
knowledge. Sensitivity analysis is often performed to
identify the parameters which are influencing the
uncertainty in output results and quantifying those
parameters which are exerting the greatest positive

influence (Chung and Fabbri, 1999; Saha et al., 2020).
The efficiency of statistical approaches depends on the
model's conceptual capability and ability to deal with
data (Van-Westen et al., 2003; Martha et al., 2013;
Guri and Patel, 2015). The sensitivity analysis was
performed to check the assessed models performance
using receiver operating characteristic (ROC) curves.
In this analysis, the accuracy of models is assessed by
the area under the curve (AUC), as shown in Figure 8.
The larger area under the curve indicates better
performance of the model for predicting correctly on
predefined events of landslide occurrence and nonoccurrence. The AUC value close to 1.0 represents the
excellent result of the test model, whereas a value
close to 0.5 represents the poor prediction results of
the test model, and values below this is an indication
of model failure. The AUC of both the training dataset
(success rate) and the test dataset (prediction rate)
were obtained. As shown in Table 4, the results of
AUC demonstrate that all models fall in good
classification. For success rate AUC results, the WOE
model (0.80) showed the highest AUC value, followed
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Fig. 8

AUC curves of models (a) success rate curves (b) prediction rate curves.

Table 4 AUC values of the models success rate and prediction rate.

Models
WOE
IVM
FR
CF

Success rate
0.80
0.78
0.77
0.76

by the IVM model (0.78), the FR model (0.77), and
the CF model (0.76). The success rate method is
suitable for assessing the performance of the models.
However, as it utilizes the landslide training dataset, it
is not suitable for evaluating the models prediction
capability (Devkota et al., 2013). Thus, the prediction
rate curve was used for the validation of the models.
The AUC results of the prediction rate showed that
both WOE and CF model has the highest AUC value
(0.78), followed by the IVM model (0.77), and the FR
model (0.75). The success rate and prediction rate
curve show that all the models applied for the
assessment of landslide susceptibility of the study area
have reasonably good accuracy of results.
4.

CONCLUSIONS

Landslide susceptibility assessment provides
essential information for landslide risk assessment and
management. To investigate the landslide hazards,
direct geomorphological access in mountainous areas
is virtually impossible. Remote sensing techniques
offer effective solutions for identifying and
monitoring the landslides and associated causative
factors. With the use of geospatial tools like RS and
GIS, and comparing various quantitative approaches
for landslide susceptibility assessment, this study is
expected to produce a reliable susceptibility
assessment and contribute to the advancement of
effective strategies for the development of landslide
susceptibility maps.
The present research aimed to evaluate various
landslide contributing factors for integrated
approaches of landslide susceptibility mapping and to
compare the efficacy of these data-driven approaches

Prediction rate
0.78
0.77
0.75
0.78

using WOE, IVM, FR, and CF models. The landslide
susceptibility maps are presented by categorizing the
study area into different landslide susceptibility zones.
The assessed models were based on a landslide
inventory and the integration of landslide contributing
factors.
The computed results of landslide causative
factors concluded that these selective variables,
different spatial biases, influence the slope instability.
It can be revealed that landslide distribution is largely
influenced by a combination of geological and
geomorphological conditions, such as the presence of
various prone lithologies, proximity to a fault line,
road and stream, slope angle, land cover, and NDVI.
More importantly, the present research work attempts
to offer a comparative study of the assessment of used
models for the landslide susceptibility zonation. The
evaluation of the results showed a reasonably good
relationship between the spatial location of past
landslides and the developed susceptibility map.
These applied approaches are simple and
cost-effective and can be implemented in areas with
similar geological and geomorphological conditions.
The validation of results demonstrated that the weight
of the evidence model has the highest accuracy results
for the success rate (0.80), followed by the information
value method (0.78), frequency ratio (0.77), and
certainty factor (0.76). Similarly, for the prediction
rate, the weight of evidence and certainty factor has
the highest accuracy results (0.78), followed by the
information value method (0.77), and certainty factor
(0.75). The overall performance of all models falls in
good classification.
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In the present study, the areas of commercial
dealings, villages, and road networks required more
detailed investigations and mitigation measurements
to prevent landslides. If utilizing landslide
susceptibility as a preliminary tool to prevent future
growth without engineering measurements in the areas
classified as high to very high susceptible zones, loss
of human life and property can be avoided. The
finding of this study is of utmost relevance for
government officials and urban planners to manage
the increasing pressure of population and the
infrastructure development at the regional level.
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