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Landslides are a recurrent environmental hazard in hilly regions and affect the
socioeconomic development in Pakistan. The current study area is the tourism
and hydro energy hub of Pakistan and is affected by environmental hazard. A
landslide susceptibility mapping (LSM) of the Hindu Kush Himalayan, Swat
District, Pakistan, can be created to reduce demographic losses due to
landslides. This current study is conducted to apply three bivariate models,
including weights of evidence (WOE), frequency ratio (FR), and information
value (IV) for an LSM that has not been explored or applied in the current study
area. For this purpose, first, an inventory map of 495 landslides was constructed
from both ground and satellite data and randomly divided into training (70%)
and testing (30%) datasets. Furthermore, 10 conditioning factors (elevation,
slope, aspect, curvature, fault, rainfall, land use land cover (LULC), lithology,
road, and drainage) used for the mapping of landslides were prepared in ArcGIS
10.8. Finally, LSM is generated based on WOE, FR, and IV models and validated
the performance of LSM models using the area under receiver operating
characteristic curve (AUROC). The findings of success rate curve (SRC) of
the WOE, FR, and IV models were 67%, 93%, and 64%, respectively, while
the prediction rate curves (PRCs) of the three models were 87%, 95%, and 73%,
respectively. The validation results for WOE, FR, and IV justified that the FR
model is the most reliable technique of all three of these models to produce the
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highest accuracy LSM for the present study area. Policymakers can use the
findings of current research work to mitigate the loss due to landslide hazard.

KEYWORDS

landslide susceptibility mapping, landslide causative factors, geospatial modeling,
bivariate models, sub Himalayas

1 Introduction

Landslides triggered in mountainous areas can have
catastrophic consequences, threaten human life, and cause
A landslide
geological process in which material moves downward from

billions of dollars in economic losses. is a
its parent rocks due to slope failure (Zhang et al., 2020; Zhou
W.etal,2021; Yueetal,, 2021; Zhu B. et al., 2022). Landslides are
the most catastrophic geo-environmental hazard in mountainous
regions, severely impacting the world’s socioeconomic trends
(Ullah et al, 2022). Landslide hazard is a frequent disaster
phenomenon in the mountainous regions in developing
countries like Pakistan (Zhang et al, 2019b, 2019a; Wang S.
et al., 2021; Quan et al,, 2021). Landslide hazard is expected to
grow due to anthropogenic interventions such as deforestation,
population growth, urbanization, etc. and natural phenomena
due to topographic, geologic, and climatic factors (Rahman et al.,,
2020; Xie et al., 2021a, 2021b; Guo et al., 2022; Ren et al., 2022;
Wabhla et al., 2022). Since the 20th century, mortality caused
landslides has reached 6.2 million and has caused up to 10 billion
US dollars of damage. It is essential to assess the anthropogenic
and natural predisposing factors of landslides to reduce their
consequences in mountainous areas (Raghuvanshi, 2019; Tariq
et al., 2021b; Yin et al., 2022a, 2022b; Zhu Z. et al., 2022; Chen
et al., 2022).

It is expected that landslides will originate in certain areas
due to the combined effects of many causative parameters instead
of a single causative factor. Therefore, assessing all-natural and
human-induced parameters and their association with landslide
inventory can help develop LSM for predicting landslides to
minimize the damages of said hazard (Girma et al., 2015; Chimidi
etal, 2017; Zhang et al., 2021; Shah et al., 2022). An LSM may be
produced based on the postulation that the predisposing factors
for the imminent landslide will be the same as in earlier landslides
(Pham et al., 2015; Zhou et al., 2021a, 2021b; Sharifi et al., 2022;
Zhan et al., 2022). An LSM demarcates the region exposed to
landslide hazards and classifies the area into different potential
hazard zones by using various approaches to manage the
landslide hazard in the region of interest. Researchers have
developed various GIS-based landslide
modeling (Pourghasemi et al., 2005; Reichenbach et al., 2018;
Tian et al., 2021a; Wang P. et al., 2021, 2022; Fu et al., 2022).

Generally, these methods can be grouped into qualitative and

techniques  for

quantitative versions to construct detailed LSM of the area. The
qualitative approach is subjectively used by researchers based on
their relevant experience and judgment. A quantitative method is
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an objective-based method in which the inventory of landslides
and causative factors is evaluated through mathematical and
statistical ways to produce LSM (Milevski et al., 2019; Majeed
et al,, 2022). Qualitative and quantitative methods can be used to
assess landslide inventories and causative factors, and both
techniques incorporate various pros and cons in the research
(Tian et al., 2019, 2020; Tian et al., 2021b; Chen et al., 2021; Li Y.
et al,, 2022). Qualitative methods play significant roles in LSMs,
but this technique is time-consuming in landslide research
(Barredo et al., 2000; Zuhairi et al., 2020; Zhao et al., 2021; Li
Q. et al,, 2022; Sadiq Fareed et al,, 2022). An LSM is generated
using quantitative methods like bivariate and multivariate
analysis in the modern era due to their high accuracy results
and easy implementation. These approaches can compute the
impacts of each class of causative factor with landslide events
(Lee and Pradhan, 2007; Dahal et al., 2008; Pradhan, 2010; Choi
et al., 2012; Park et al., 2013; Vakhshoori and Zare, 2016; Fayez
et al, 2018). The GIS-based statistical approach used the
association of landslide inventory and predisposing landslide
factors to generate LSM (Khanchou et al., 2020; Narimah Samat
and Ismail, 2020). This study we used bivariate statistical models,
such as weights of evidence (WOE), frequency ratio (FR), and
information value (IV), to compute the association between
landslide events and causative factors.

In this study, we used bivariate statistical models like WOE,
FR, and IV to compute the mathematical association between
landslide events and causative factors. These quantitative models
quantify the authentic and reliable association between the
variables more accurately than in the qualitative and semi-
quantitative models. WOE is a GIS-based statistical model
that estimates probability using the Bayesian principle and the
concepts of prior and posterior probability. This technique is
mostly applied in prediction mapping (Elmoulat et al., 2015;
Hussain et al,, 2022). The FR technique is considered to be a
consistent and experimental method that can be used to calculate
the association of landslide events with causative factors and to
produce applicable LSM of the study area (Oh et al., 2017; Farhan
et al., 2022). This model (IV) is a GIS-based bivariate models and
has been applied to produce predicted study maps based on
dependent and independent variables (Li et al., 2021; Tariq et al.,
2021¢; Imran et al., 2022).

Swat is Pakistan’s emerging tourism and hydel energy hub
and has been affected by terrorism and various natural hazards,
ie., floods, landslides, etc. Many researchers have worked on
different hazards using diverse techniques and models. Some
researchers have focused on floods, while few have concentrated
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FIGURE 1

Map of the study area along with elevation in meters and spatial location of landslide events: (A) Pakistan administrative boundaries of KPK
province; (B) Swat District in KPK shapefile; (C) elevation and landslide inventory of study area.

on slope instability in the Swat region. However, scientists of
various fields ignored landslide investigation in the current study
area using satellite data, Google Earth Engine (GEE), and
geospatial modeling. In this study, we used GIS-RS-based
emerging and innovative techniques to fill the research gap in
the Hindu Kush Himalaya Ranges in Swat District of Pakistan.
We selected this area because it has not been explored and nor
investigated by researchers regarding landslide mapping using
integrated study of GIS-RS with ground truth information.
The main goal of the present research work is to assess the
quantities association of dependent variable (landslide events)
with independent variables (causative factors) to generate an
accurate, updated LSM of the study area using GIS-RS based
methods and precariously emphasize the low, medium, high, and
very high zone of landslides in Swat District of Pakistan. Finally,
the LSM of models is validated by area under receiver operating
characteristic curve (AUROC) technique and by ground data
from the field, which can be helpful to decision makers at
organizations to reduce the loss to hazard in the study region.
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2 Materials and methods
2.1 Study area

This study is conducted in Swat District of Khyber
Pakhtunkhwa (KPK), as shown in Figure 1. Geographically, the
Swat District is situated within a latitude and longitude range of 34°
30" 00” 34° 30’ 00" North and 72° 05’ 00" and 72° 50’ 00" East, at
500-6,500 m elevation above sea level (Atta-ur-Rahman and Khan,
2011). Topographically, the study area is part of the Hindu Kush
Himalayan range (Qasim and Hubacek, 2013), and the tourism hub
of KPK has an area of 5,337 km”. The study area is divided into semi-
arid, sub-humid, and humid climate regions (Bahadar et al., 2015;
Sharifi et al., 2022; Zamani et al., 2022). Geologically the research
area is engraved in a Suture Zone (SZ) between the Indian Plate and
Kohistan Island Arc (KIA). The SZ between KIA and the Asian Plate
occurs on the Northside and is tectonically the most active
geomorphic region (Tahirkheli, 1979; Abbas et al, 2021; Hu
et al,, 2021; Wagqas et al,, 2021).
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TABLE 1 Detailed RS and ground data availability, statement, source, and purpose.

Data

Landsat-8

Sentinel-2

DEM (ALOS)

CHIRPS

Rainfall Surface
Precipitation Gauge (SPG)

Geological data

Availability of data

Data openly available

Data openly available

Data openly available

Data openly available

Available in PMD organization on
through proper channel based

From Northern Map of Pakistan

Data
availability statement/Source

The data supporting this study’s findings are openly available in
[USGS] at https://earthexplorer.usgs.gov. The spatial resolution
is 30 m

The data supporting this study’s findings are openly available in
[ESA] at https://www.esa.int. The sentinel -2 data of 10 m of spatial
resolution

The data supporting this study’s findings are openly available at
https://asf.alaska.edu/. Spatial resolution is 12.5 m

The data supporting this study’s findings are available in [UCSB] at
https://www.chc.ucsb.edu. The spatial resolution of CHIPRS is
0.05° (5.54 km) and daily gridded

The SPG data for 2010 to 2020 were acquired from PMD Peshawar
regional center. https://www.pmd.gov.pk/en/.

The tectonic evolution of the Kohistan-Karakoram collision belt
along the Karakoram Highway transect, north Pakistan. Tectonics
1999, 18, 929-949. Scale 1:650, 000

Parameter maps

Land use land cover

Landslide inventory

Elevation, slope, aspect,
curvature, and drainage

Rainfall maps

Rainfall maps

Lithological and tectonic map

Road Available in PKHA organization on https://pkha.gov.pk/ Scale 1:25000 Proximity to road
through proper channel based
Preperation of Landslide Factors Landslide Inventory
? Elevation . > Training data Testing Data
I (70%) (30%)
I Slope 1
DEM I !
Aspect 1 T
1 1
1 A 4
Curvature I
1 GIS Based Models
— Distance to Drainage 1
1
CHIRPS/PMD Rainfall Map -
Landsat-8 LULC WOE FR v
Fault Distance
Northeren Map Landslide Susceptibility Map
of Pakistan
Lithological Map
Google Earth/ .
PKHA Road Distance
Models Validation/ Accuracy Assesment
FIGURE 2

Methodology for GIS and RS-based landslide susceptibility mapping.
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2.2 Datasets

In this research, we used both satellite and ground datasets to
achieve the goal of the present study. The satellite data used in
this study was composed of Landsat-8 Operational Land Imager
(OLI), Sentinel-2, Advanced Land Observing Satellite Digital
Elevation Model (ALOS DEM), Climate Hazards Group
InfraRed Precipitation with Station data (CHIRPS), and
Google Earth. Landsat-8 images from July 2020 with a spatial
resolution of 30 m were used for the LULC classification of the
present study area. Sentinel-2 data were used to detect and map
landslide events. We used sentinel-2 images with Google Earth
and a field survey to produce an updated landslide inventory
map. ALOS DEM data were downloaded from Earth data, Alaska
Satellite Facility (ASF), to compute the topographic causative
factors. CHIRPS data from 2010 to 2020 were used to prepare a
rainfall map of the study area.

The ground data consist of rainfall, geological, and road
network data. The daily rainfall data from three meteorological
stations, i.e., Saidu Sharif (34.73°N, 72.35°E), Kalam (35.52°N,
72.54°), and Malam Jabba (34.83°N, 72.55°E), for 2010-2020 were
obtained from Pakistan Meteorological Department (PMD),
Peshawar Regional Center (Tariq et al, 2022a; 2022b). The
geological map was scanned and digitized from the geological
map of northern Pakistan to prepare a lithological and tectonic
map of the study area. The updated road data was acquired from
KPK Highway Authority (PKHA). The details of both RS and
ground datasets of the current study area are mentioned in
Table 1. Further details are presented in Figure 2.

3 Methodology
3.1 Landslide inventory map

Past and current landslide inventory data are a significant
factor in predicting landslide potential in a study area (Guzzetti
et al, 1995). Therefore, a landslide inventory map is the first
mandatory element for generating and compiling authentic LSM
of a study area (Aslam et al,, 2022a). The inventory map is a
significant parameter for performing various quantitative
analyses and validating the models’ accuracy (Chalkias et al.,
2014; Baloch et al,, 2021; Baqa et al., 2021; Shah et al., 2021). The
landslide inventory map for this study was developed using
Sentinel-2 and Google Earth images and validated with field
survey data. In the research area, 495 past and present landslide
events were detected from satellite imageries and ground-based
data, as shown in Figure 1. After landslide inventory generation,
we developed the non-landslide area of the research region. First
we extract the landslide polygon from the study area polygon to
generate non-landslide area. Then we used ArcGIS tools to
produce random points in the study area which have been
considered as non-landslide area in the current research.
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satellite-based
inventory of landslide and observed the impacts of various

During a field survey we validated the

type of landslide on forest, water quality, infrastructure, and
human loss. Landslide hazard has had significant effects on the
forest and environment of Swat District. This environmental
hazard also affected the infrastructure and engineering
structures. The impacts of the different type of landslide are
shown in Figure 3.

3.2 Causative parameters

The incidence of landslides is predisposed by the combined
effects of topographic, hydrological, and geological parameters
(Costanzo et al., 2012; Marchesini et al., 2014; Tariq and Shu,
2020; Tariq et al,, 2021a). Therefore, selecting causative factors is
a significant step toward producing LSM. In this paper, We
selected 10 precondition factors as independent variables for
developing LSM for the region of interest. These factors are
elevation, slope, aspect, curvature, precipitation, land use land
cover (LULC), proximity to the fault, lithology, road proximity,
and drainage network. In the following paragraphs, we briefly
present the significance of each causative factor in the LSM. The
details of causative factors are as follows.

3.2.1 Elevation

Elevation is an influential precondition for landslide
incidence (Tosic et al., 2014). Altitude is used for landslide
susceptibility mapping and investigation (Dou et al, 2015).
Elevation was extracted from advanced land observation
(ALOS) with a 125m

reclassified into different classes using the natural break

satellite spatial resolution and

algorithm in ArcGIS 10.8, as shown in Figure 4A.

3.2.2 Slope

The slope is a crucial causative factor in landslide
investigation because it triggers the downslope movement of
loose sediment material (Nolasco-Javier et al., 2015). The slope of
the current study area was computed from ALOS DEM having
12.5m spatial resolution. The calculated slope was then
reclassified into five classes in ArcGIS 10.8, as shown in
Figure 4B.

3.2.3 Aspect

Aspect also plays an influential role in the instability of strata
because it controls moisture in the rocks and soil due to wind and
sunlight exposure in the study area. The slope aspect map in the
current study area was calculated from ALOS DEM using ArcGIS
10.8 and reclassified into nine classes, as shown in Figure 4C.

3.2.4 Curvature
The curvature is a morphological parameter and has a
significant role in LSM. The geomorphic structures of the

frontiersin.org
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FIGURE 3

Field photographs of the study area showing the impacts of various types of landslide: (A) affected road and water quality; (B) affected road and
vegetation; (C) affected water quality and vegetation; (D) affected vegetation; (E) affected road; (F) affected infrastructure.

terrain can be classified based on curvature style (Pourghasemi
et al, 2013). Curvature affects surface water flow and regulates
landslides (Pham et al., 2019). The curvature of the current study
area was extracted from ALOS DEM and reclassified into three
classes, i.e., using ArcGIS 10.8 platform as shown in Figure 4D.

3.2.5 Rainfall

Precipitation is a triggering parameter for landslide
occurrence globally (Hong et al, 2017; Tariq et al, 2021a;
Farhan et al, 2022). Precipitation infiltrates the pore spaces
and fractures of strata and affects the landslide frequency
(Dou et al, 2015). The rainfall map of the current research
was generated from CHIRPS satellite data and validated with
ground data of PMD, as shown in Figure 5A. The rainfall map
was rescaled to a 12.5 m resolution using the ArcGIS platform.

Frontiers in Environmental Science

06

3.2.6 Land use land cover

Many scientists have evaluated the impacts of LULC change
in landslide investigation (Miller et al, 2009). LULC was
computed from Landsat eight images using GEE, as shown in
Figure 5B. LULC parameter was rescaled to 12.5m spatial
resolution to run model smoothly.

3.2.7 Distance from fault

The geological fault is generally considered the external
causative factor in regulating the instability of beds and
landslide occurrence. The tectonic map of the study area
was scanned and digitized from the geological map of
northern Pakistan 1999), as shown in
Figure 5C. The fault map was rescaled to same spatial
resolution as ALOS DEM.

(Searle et al.,
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FIGURE 4

Topographic parameters derived from DEM for LSM: (A) elevation map;

3.2.8 Lithology

Lithology is a crucial predisposing factor for landslides
through stresses in the geological mass body (De Vallejo and
Ferrer, 2011). Geology is the significant and prominent internal
contributory factor landslide  susceptibility mapping
(Abdollahi et al, 2019). The consolidated and compacted
rocks show more resistance to mass wasting than loose rocks.

in

A lithological map of the study area polygon vector maps was
prepared and digitized from the geological map of northern
Pakistan and rescaled to 12.5m resolution, as shown in
Figure 5D.

3.2.9 Distance from the road

Road construction is considered a human-induced factor for
slope instability (Wu and Chen, 2009). The road network map is a
polyline vector produced from the data of PKHA, as shown in
Figure 5E. According to the literature, the spatial resolution of road
map was rescaled to the resolution of ALOS-DEM to perform well.
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3.2.10 Distance from drainage

Hydrology is a significant and influencing external
parameter in the instability of strata to trigger landslides in
the area. Another critical factor in the formation of landslides
(Pham et al, 2015). The surface drainage network is
considered one of the most active and crucial factors in
landslide occurrence (Tosic et al., 2014). This parameter
was computed from ALOS DEM 12.5m resolution and
divided the distance from drainage to landslide into five
classes, as shown in Figure 5F.

3.3 LSM techniques

Appropriate terrain mapping is important in generating the
LSM of the study area (Aslam et al., 2022b). We used WoE, ER,
and IV techniques to compute LSM for the study area. The details
of the mentioned methods are as follows.
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3.3.1 Weight of evidence

WOE is a bivariate statistical model that uses the Bayesian
rule to estimate probability, adopting the concepts of prior and
posterior probability (Elmoulat et al., 2015). Researchers have
used this method for mineral exploration mapping. Later on, this
method was widely used in landslide prediction mapping due to
its authentic results compared to field and other deterministic
approaches (Cao et al,, 2021).
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In this technique, positive (W*) and negative (W™) weights are
given to different classes of causative factors and computed
from Eq. 2.

In Eq. 2, h shows probability, and In denotes the natural log.
B denotes the presence of the landslide evidence parameter B'on
appearance of the landslide evidence parameter. Similarly, D
refers to the presence of a landslide, while D is the absence of a
landslide.

We further used Eq. 3 to evaluate the impacts of causative
factors on LS occurrence.

NP, NP; NP;

W*=ln ot X2 X 3)
NPiXZ NPiX3 NP1X4
NPx; NPx, NP,

W= ln oo 2 @)

" NP.x, | NPx, = NPx,
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where NPix; number of pixels shows the existence of
predisposing factors and landslides, NP;x,is the absence of
landslides predisposing parameter and presence of landslide,
NP;ix; is the presence of the contributing factors to landslides
and the non-existence of landslides, and NP;x,is the absence of
both landslides and landslides predisposing factors. The final
LSM of WOE is shown in Figure 6A.

3.3.2 Frequency ratio

The FR model is considered to be among the best bivariate
statistical models for use in computing the spatial association between
two variables (Oh et al., 2017). This statistical method is a reliable
experimental technique to produce LSM in the research area (Fayez
et al,, 2018). Eq. 5 is used to calculate the FR for each factor.

_ NiP,/N

FR =
R = Nio/Ni

®)

where FR = frequency ratio, N;P, = number of pixels in each
landslides conditioning factor class, N = number of all pixels in

Frontiers in Environmental Science

the study area, N;lp = number of landslide pixels in each
landslide conditioning factor, and NI = number of all
landslide pixels in the study area.

The following mathematical representation is used to

generate LSI for the region of interest.

LSI = )'FR; (6)

i=1

s

The expression FR; is frequency ratio value for the “j” class of

factor “i”, and n is the total number of factors. After performing
these steps, the LSM map was produced, as shown in Figure 6B.

3.3.3 Information value

In this work, the IV method generates the LSM of the study
area. This statistically based GIS technique predicts the spatial
association between landslide inventory and classes of
predisposing factors (Li et al., 2021).

This analysis can be achieved through the following

calculation:
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TABLE 2 Detailed analysis of different causative parameters with landslide events using bivariate models (IV, FR, and WoE) to understand the impacts
of each class in LSM.

Parameters Class No. No. w+ W~ WC % of % of (FR) IV =
of pixels  of landslide pixels LS pixels log (A/B)
ina pixels ina ina
class ina class class

class
Elevation <1,500 7,738,778 756 -478 026 -5.04 2252 0.190 0.01 -4.77
1,500-2,500 6,531,545 4,635 280 0.0 -3.00  19.01 1.168 0.06 -2.79
2,500-3,500 5,878,979 101,163 0.42 -0.11 053 17.11 25.486 1.49 042
3,500-4,500 7,471,119 150,000 0.82 —023 079 21.74 37.790 1.74 0.55
>4,500 6,738,623 140,374 0.21 —022 082 19.61 35.365 1.80 0.59
Slope <10° 5,900,546 16,596 -142 014  -157 1717 4.18 0.24 ~1.41
10-20 8,400,816 69,688 033 008  -042 2445 17.56 0.72 -0.33
20-30 10,285,258 124,369 0.40 -0.04 026 29.93 3133 1.05 0.17
30-45 7,243,458 141,275 0175 014 0.54 21.08 35.59 1.69 043
>45 2,528,966 45,000 043 0.08 0.48 736 11.34 1.54 0.40
Aspect F 3,547,098 15,766 096  0.07 -1.03 1032 3.97 0.38 -0.96
NE 3,747,398 53,686 0.22 -0.03 025 10.91 13.53 124 0.22
E 3,819,815 69,991 0.47 -0.08 055 1112 17.63 1.59 0.46
SE 4,111,079 77,868 0.50 -0.09 059 11.97 19.62 1.64 0.49
S 4,011,237 62,890 031 -0.05 036 11.67 15.84 1.36 031
SW 4,214,290 61,685 0.24 -0.04 028 12.27 15.54 127 0.24
w 3,938,948 39,437 -0.14  0.02 -0.16  11.46 9.94 0.87 -0.14
NW 3,613,212 11,340 -131 008 -139 1052 2.86 0.27 -1.30
N 3,355,967 4,265 222 0.09 231 977 1.07 0.11 221
Curvature Concave 3,828,011 287,611 1.94 118 312 11.14 7246 6.50 1.87
Flat 28,186,139 66,509 -1.60 158 -3.17 82.03 16.76 0.20 -1.59
Convex 2,344,894 42,808 0.46 004 051 6.82 10.78 1.58 0.46
Precipitation <1,200 9,463,996 197,974 0.60 037 098 27.54 49.88 1.81 0.59
1,200-1,300 6,471,282 120,882 0.49 -0.16  0.64 18.83 30.46 1.62 0.48
1,300-1,400 8,295,914 49,103 -0.67 015 -0.82 2414 12.37 0.51 -0.67
1,400-1,500 6,692,712 16,976 -1.52 018 -1.70 1948 428 0.22 -1.52
>1,500 3,441,168 11,957 -140 008 -129  10.01 3.01 030 -1.20
LULC Water 260,922 448 192 001 -192 076 0.11 0.15 -1.91
Forest 6,891,142 387 534 023 -556  20.07 0.10 0.00 -5.33
Grass 213,081 174 266 001 267 062 0.04 0.07 -2.65
Flood vegetation 45 1 0.66 0.00 0.66 0.00 0.00 1.92 0.65
Crops 1,257,688 154 -456  0.04 -460  3.66 0.04 0.01 ~4.55
shrub 14,895,916 234,000 031 032 0.64 43.39 58.95 1.36 031
Builtup_area 3,675,808 1,139 -363 011 -374 1071 0.29 0.03 -3.62
Bare ground 4,185,037 147,827 1.14 -0.34 1.48 12.19 37.24 3.05 1.12
Snow 2,947,648 12,798 099  0.06 -1.04 859 3.22 0.38 -0.98
Distance to fault <100 75,904 10 -449 0.0 -449 022 0.00 0.01 ~4.474
100-200 76,090 73 250 0.00 250 022 0.02 0.08 ~2.489
200-300 76,257 91 228 0.00 228 022 0.02 0.10 -2.270
300-400 76,440 215 -142 0.0 -142 022 0.05 0.24 ~1.413
>400 34,061,693 396,732 0.01 221 222 99.11 99.90 1.01 0.008
Lithology Ka 6,347,601 3,158 -3.17 020 -337 3441 0.80 00231  -3.16
KB 9,948,821 235,797 0.72 -056 128 53.93 59.41 11015 071
EC 1,185,411 86,665 1.90 -021 211 6.43 21.84 33978 1.83

(Continued on following page)
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TABLE 2 (Continued) Detailed analysis of different causative parameters with landslide events using bivariate models (IV, FR, and WoE) to understand

the impacts of each class in LSM.

Parameters Class No. No. w+ W~ WC % of % of (FR) IV =
of pixels  of landslide pixels LS pixels log (A/B)
ina pixels ina ina
class ina class class
class
Gl 1,439,183 39,579 0.87 -0.06 093 7.80 9.97 12781 0.86
uv 1,180,316 12,271 -0.12 0.0 -0.12 640 3.09 04832  -0.12
KV 957,401 2,726 -142 002 -144 519 0.69 01323  -141
BBS 916,768 14,635 032 -001 033 4.97 3.69 07419 031
GM 155417 4 -6.13 0.0 -6.13 084 0.00 00012 -6.12
cC 6,876,463 2015 -370 022 -392  37.28 0.51 00136 -3.69
ISM 352,208 4 -6.95 001 -696 191 0.00 0.0005  -6.94
PZG 757,560 6 731 002 733 4ll 0.00 0.0004 730
SWG 800,352 11 -676 002 -678 434 0.00 0.0006  -6.75
CB 268,165 13 -550 001 -550 145 0.00 0.0023 549
Q 463,000 3 -751 001 -752 251 0.00 0.0003  ~7.50
MS 2,313,318 5 -861 007 -8.68  12.54 0.00 0.0001  -8.60
Distance to road <100 2,078,393 4,753 -63 0.05 -1.68 605 1.20 020 -1.62
100-200 1,476,459 4,014 -146 003 -149 430 1.01 024 -145
200-300 1,163,424 4415 -L12 002 -L14 339 111 033 -111
300-400 998,097 4,137 -1.03 002 -1.05 290 1.04 0.36 -1.02
>400 28,650,011 379,609 0.14 -135 149 83.37 95.64 115 0.14
Distance to stream <100 810,632 25,395 0.94 -0.04 098 236 6.40 271 0.93
100-200 1,017,643 23,000 0.61 -0.03 063 2.96 5.79 1.96 0.60
200-300 1,222,348 21,800 037 -002 038 3.56 5.49 1.54 0.36
300-400 1,393,655 17,000 -0.02 0.0 -0.02 406 428 1.06 -0.02
>400 29,922,106 339,530 -0.09 046 -0.56  87.07 85.54 0.98 -0.09
I\Iéllgoxgllio; 4 ReSU lts
W =108 Moty @
Y MQux(Ro) . .
In this research, 495 landslide events were detected by the
where W denotes the weight of the causative factor for landslides. integrated interpretation of satellite imageries and ground-
Mox (Ro) shows the number landslide of pixels within class based data in the study area. The spatial distribution of
“0% MQux(Ms) is the number of all pixels within class “0™ landslide events is given in Figure 1. These landslide events
> (o} 0 >
MQox(Ro) is the total number of landslides pixels; and consist of different types of landslides, i.e., mudflow, debris,
Y MQox (M) is used for the total number of pixels in the rockfall, rockslide, topple, and creep. In the current study,
study area. The LSI can be generated for the study area using the three bivariate models are applied to produce the LSM of the
following formula: study area. The details of the results for each model are shown
in Table 2. The comprehensive, detailed description of Table 2
LSI = Wg + Ws+ Wy + We + Wiure + Wi + Wp + We + Wi is as follows.
+Wp The elevation parameters used in the current study represent
) a strong association with landslide events. The most influential
class of elevation is >4,500 m, followed by 3,500-4,500 m and
where Wg = weight of elevation, W = weight of slope, W4 = 2,500-3,500 m. The < 1,500 m class of elevation is less
weight of aspect, W¢ weight of curvature, Wyyic = weight of susceptible. The independent variable, ie., the slope, is
landuse landcover, W = weight of lithology, W = weight of considered the crucial factor in the present study. The slope
fault, Wg = weight of road, Wp = weight of rainfall, and Wp, = factor is influential up to 45° because as slope increases, landslide
weight of stream network. The LSM of IV is given in occurrence also increases, but above 45°, landslide activity
Figure 6C. declines with increasing slope, as shown in Table 2. The
Frontiers in Environmental Science 11 frontiersin.org
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results revealed that 30°-45° is the most susceptible class of slope
while, slopes of <10° are the most resistant to landslide, followed
by 10°-20° class of slope. Table 2 indicates that SE is the most
crucial class of aspects, followed by E, S, and SW. The tabulated
results explained that concave structure is the critical class of
landslides, as noted in Table 2. In the present study, a rainfall
map was generated from CHIRPS data, validated with ground-
based data, and then reclassified into five classes to evaluate the
association of rainfall parameters with landslide events. As
shown in Table 2 for precipitation, the results indicated that
rainfall is a significant factor for landslides. The results revealed
that <1,200 mm/year precipitation class is the censorious class
for landslide, followed by 1,200-1,300, 1,300-1,400, 1,400-1,500,
and >1,500 mm/year. In the current research, the tabulated
results clearly explained that every class of LULC has diverse
impacts on landslide events. The results of Table 2 show that the
barren land and flooded vegetation of the present study area is
most susceptible to landslides. The forest and built-up area show
greater resistance to landslides in the study area than other
classes of LULC.

The results of the present study demonstrate that faults have
no direct influence on landslide occurrence, as shown in Table 2.
The results illustrate that very a smaller number of landslide
pixels occurred in a <100 m buffer zone near the fault, i.e., values
of —4.49, 0.01, and —4.47 for WOE, FR, and IV, respectively. The
most vulnerable buffer zone of a geological fault is >400 m, as
most landslide events occur in this buffer region. The WOE, FR,
and IV models for the >400 m buffer are 2.22, 1.01, and 0.008,
respectively.

The results prove that lithology is a significant causative
factor for landslide investigation. As shown in Table 2, EC is the
most susceptible geological formation for landslides, followed by
GI and KB. The output results of bivariate models for road
association with landslide events, as shown in Table 2, indicate
that the road network has no direct impact on the instability of
strata. The <100 m buffer zone of road network is not susceptible
to landslides in the study area. No direct association can be
observed between the dependent variable and the road network.
The >400 m buffer zone of the road network is most susceptible
to landslides with values of 1.49, 1.15, and 0.14 for the WOE, FR,
and IV models.

The results for landslide events and stream networks show
that both variables feature a substantial direct association with
each other, because in this study, we observed that most
landslide events and landslide pixels occurred near streams,
while smaller numbers of landslide events were observed far
from drainage. The bivariate statistical results revealed that
a <100 m buffer from the stream network is the most
susceptible class to landslide occurrence followed by
100-200 m and 200-300 m. The WOE, FR, and IV models
values of —0.56, 0.98, and —0.09 revealed that both dependent
variable and independent variables in the >400 m buffer zone
are not susceptible to landslide.
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The tabulated analysis concluded that the concave structure
is the most crucial class for landslide occurrence, followed by
lithology, barren land, stream network, and elevation. The
influential factors for the WOE results mentioned above are
3.12,2.11, 1.48, 0.98, and 0.82, respectively. The FR model results
for concave, lithology, bare ground, stream network, and
elevation are 6.50, 3.39, 3.05, 2.71, and 1.80, respectively. The
IV model values for concave, lithology, bare ground, stream
network, and elevation are 1.87, 1.83, 1.12, 0.93, and 0.59.

This study used GIS-based statistical analysis of various
causative factors with landslide events in ArcGIS 10.8 to
produce the LSM of the research area, as shown in
Figure 6. These were reclassified into five classes, i.e., very
low, low, high, and very high. The LSM produced by WOE, as
shown in Figure 6A, indicated that the major portion of the
north region of the study area is highly susceptible to
landslides, followed by high and moderate susceptibility
class of landslides, while the south region of the LSM is
occupied has low and low susceptibility classes. The south
region of the study area is safe according to results of WOE
model. The final LSM generated by FR model, as shown in
Figure 6B, reveals that the most northern area of LSM is
exposed to very high, high, moderate susceptibility. By
contrast to the WOE model
technique,

in the results for this

we observe some low and very low
susceptibility zones in the region of the study area. The
resulting map of the IV model is different from both
mentioned models. In this LSM map, the north region is
mostly susceptible to the very high and high class. The very
low zone is not mentioned in the north region, and the
moderate class is negligible in this LSM relative to WOE
and FR. The WOE and FR on this LSM of the IV model
contains low and very low class of susceptibility in the north
region, which was not identified in the previous two models.
The south portion of LSM, generated by the IV model,
consists of very low and low susceptibility class and
contains some high zones that are not mentioned in the
previous model amps. Beyond the north and south zones
of the LSM, the central region of the WOE and FR models are
mostly susceptible to high and moderate susceptibilities,
while some areas have low and very high classes as well. In
the LSM generated by IV model the central region is mostly
susceptible to low class. According to the IV model, the
central region is safe.

To validate the performance of bivariate models, we used
the AUROC method. The validation graphs of WOE, FR, and
IV are shown in Figure 7 using 30% of landslide inventory
data. AUC chart for the WOE model showed that the SRC and
PRC values of the model are 67.3% and 87%, respectively. The
SRC and PRC graphs for the WOE model are shown in Figures
7A,B. The validation charts of the FR bivariate model illustrate
values of 0.93 and 0.95 for the SRC and PRC, respectively.

Based on training and validation data, these SRC and PRC
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values can be represented in percentage format, i.e., 93% and
95%, respectively. The SRC and PRC graphs are illustrated in
Figures 7C,D. The visual record for the IV model revealed that
the chart values were 0.64 and 0.73 for SRC and PRC,
respectively meant that the model accuracy is 64% and
73.85%. The SRC and PRC graphical representation for the
IV model is shown in Figures 7E,F. The validation outcomes of
WOE, FR, and IV indicate that the FR is a reliable model to
produce LSM for the present study area.
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5 Discussion

Landslide development is a multifaceted phenomenon
because it is triggered and predisposed by various natural and
human-induced factors (Chen et al., 2019). In this study, LSM
was generated using geospatial techniques based on landslide
events and predisposing factors (elevation, slope, aspect,
curvature, precipitation, LULC, distance to fault, lithology,
distance to road, and distance to streams) to mitigate current
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and future hazard impacts. All 10 causative factors were
considered important because they were selected and prepared
according to the literature, but some parameters are more
influential than others. First of all, we prepared an inventory
map using satellite and ground-based data. The topographic
factors of altitude, slope, aspect, and curvature are reflected as
the influential parameters for landslides (Alkhasawneh et al,
2013; Tariq et al., 2020; Ghaderizadeh et al., 2021). This paper
focused on topographic causative factors that are associated with
landslide events, and a tabulated explanation is given in Table 2.
The outcome results of topographic parameters in this study
prove that these are the most influential independent variables
for landslide occurrence. The results section of this paper
indicates that curvature, lithology, barren ground, stream
network, and elevation are the most significant parameters,
while the contribution of other factors also can never be
ignored. The concave curvature is more strongly associated
with landslide events than convex structures (Xu et al., 2014).
The results of the present study clearly showed that concave
structure is mainly affected by landslides than convex curvature.

The precipitation is the most influential external triggering
factor for landslides but also depend on the lithology, slope, and
LULC of the study area (Silalahi et al,, 2019). In the present study
heavy precipitation occurred in the hilly region which have
compacted lithology and vegetation cover, so the area was not
affected by landslide hazard. In the same study area some region
have low precipitation with major landslide because low
precipitation area was occupied by loose lithology and
barren land.

The LSM literature indicates that lithology is often
considered an influential factor (Segoni et al., 2020). The
findings this analysis agree that lithology is an influential and
significant internal factors in LSM. The literature suggests
that barren class of land cover is the most influential
triggering factor in landslide occurrence (Khan et al,
2019). The findings of this study confirm that barren land
is the susceptible class of land cover for a landslide. The last
causative factor found in this research but not the least is
drainage network, which is an external influential causative
factor in landslide occurrence (Pradhan et al., 2012). This
study revealed strongly positive correlation of drainage with
landslides. During a field survey, we validated ground truth
information with GIS-based models and concluded that all
landslide-affecting factors contribute to landslide occurrence,
but curvature, lithology, barren ground, stream network, and
elevation are the most trigging causative factors of landslides
in the current study area.

In the current paper, lithology was proven to have a crucial
role in landslide occurrence. The literature indicates that bare
ground is more susceptible to landslide occurrence (Khan et al.,
2019). This paper also showed that barren land is the most
susceptible class to landslides, with values of 1.48, 3.05, and
1.12 for WOE, FR, and IV. The drainage network is an influential
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factor in a landslide (Pradhan et al,, 2012), and in this study,
drainage is strongly associated with landslide events.

The outcomes demonstrated that the findings of success rate
curve (SRC) of the WOE, FR, and IV models were 67%, 93%, and
64%, respectively, while the prediction rate curve (PRC) of the
three models were 87%, 95%, and 73%, respectively. In the
current research, the FR model has 93% and 95% values for
SRC and PRC, respectively, and produces the best prediction
mapping of the landslide, as shown in Figure 6B. The WOE
model also made a good prediction map for the study area. In
contrast, the IV model has not produced satisfactory results.

Geoscientists have adopted various statistical models in
numerous regions and attained different findings. This type of
discrepancy is mostly due to weight differences, along with the
selection of models and causative factors. Therefore, landslide
detection, the selection of landslide-affecting factors, and
appropriate models for the study area is very important for
reducing uncertainty in model processing and prediction
(Pham et al., 2019). This is because GIS-based models depend
upon the reliability and quality of input data. In this research, we
used quantitative models and achieved superior accuracy to
qualitative and semi-quantitative methods.

6 Conclusion

This research was designed to generate an LSM of the study area
using geospatial techniques to mitigate the consequences of hazards.
Three GIS-based statistical models, ie., WOE, FR, and IV, were
applied in the current research to compute the association of
dependent variables (landslide causative factors) and dependent
variables (landslide events/inventory). The study results delivered
significant evidence concerning landslide existence in the study area.
The results explained landslides instigated by various causative
factors in the study area. This study was executed to identify
regions susceptible to landslides and classify them into deficient,
low, medium, high, and very high zones to alleviate their
consequences, using geospatial techniques. This research was
conducted to evaluate the association of causative factors with
landslide occurrence. These parameters were topographic,
geologic, hydrologic, climatic, and geomorphic. The three GIS-
based statistical models were used to investigate the association
of landslide occurrence with causative factors to produce LSM.

From the above discussion and due to the results of analysis,
we concluded that the highest value for LSM in the current
research area by bivariate analysis was the value of curvature,
lithology, barren ground, stream network, and elevation. The
most susceptible class of curvature was a concave structure
having values of 3.12, 6.50, and 3.12 values for the WOE, FR
and IV models, respectively. The WOE, FR, and IV models for
flat class were —3.17, 0.20, and —1.59, respectively, which shows
that it is the most less susceptible class. The results revealed that
the EC is the most susceptible formation in the current study,
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having association values of 2.11, 3.39, and 1.83 for the WOE, FR,
and IV models, respectively. The results concluded that barren
land the association values were WOE, FR, and IV are 1.48, 3.05,
and 1.12. The tabulated analysis revealed that <100 m buffer zone
of the stream network was most susceptible to landslide
occurrence. The analytical results for this buffer zone of
WOE, FR, and IV were 0.98, 2.71, and 0.93, respectively.

The validation results, i.e., SRC and PRC for the WOE, FR,
and IV models, were 0.67, 0.87, 0.93, 0.95, 0.64, and 0.73,
respectively. The validation results revealed that FR model is a
credible method for the LSM, as this model showed accuracies of
0.93 and 0.95 for SRC and PRC, respectively. It can be concluded
that GIS-based statistical modeling is the most reliable, flexible,
and authentic method for generating LSM. Various organizations
can use the final LSM of the bivariate models to reduce the effects
of landslide hazards in the study area.
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