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Abstract: Landslides triggered in mountainous areas can have catastrophic consequences, threaten
human life, and cause billions of dollars in economic losses. Hence, it is imperative to map the areas
susceptible to landslides to minimize their risk. Around Abbottabad, a large city in northern Pakistan,
a large number of landslides can be found. This study aimed to map the landslide susceptibility
over these regions in Pakistan by using three Machine Learning (ML) techniques, specifically Linear
Regression (LiR), Logistic Regression (LoR), and Support Vector Machine (SVM). Several influenc-
ing factors were used to identify the potential landslide areas, including elevation, slope degree,
slope aspect, general curvature, plan curvature, profile curvature, landcover classification system,
Normalized Difference Water Index (NDWI), Normalized Difference Vegetation Index (NDVI), soil,
lithology, fault density, topographic roughness index, and road density. The weights of these factors
were calculated using ML techniques. The weightage overlay tool is adopted to map the final output.
According to three ML models, lithology, NDWI, slope, and LCCS significantly impact landslide
occurrence. The area under the ROC curve (AUC) is applied to validate the performance of models,
and the results show the AUC value of LiR (88%) is better than SVM (86%) and LoR (85%) models.
ML models and final susceptibility map gives good accuracy, which can be reliable for the results. The
study’s outcome provides baselines for policymakers to propose adequate protection and mitigation
measures against the landslides in the region, and any other researcher can adopt this methodology
to map the landslide susceptibility in another area having similar characteristics.

Keywords: Abbottabad; landslide; machine learning; natural hazard; policymakers

1. Introduction

One of the main reasons for the terrain transformation is the regular occurrence of
landslides worldwide [1,2], which are prevalent geohazards globally, causing economic
losses and causalities [3–5]. From 2008 to 2017, more than the US $2.7 billion of economic
losses were caused by landslides, and over 3 million people were affected, with 10,338 fatal-
ities globally [6,7]. In classifying natural disasters based on the involved natural processes,
landslides rank at the third position of the most disastrous types of natural hazards [8–10].
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Landslides have a heterogeneous spatial distribution, with Asia being the most prevalent
geographical region [11].

About 60% of Pakistan’s entire area features rough mountainous topography and
plateaus [12]. The Himalayan region in Pakistan represents the most hazard-prone region
of the country. It is also exposed to widespread landslide activity due to heavy rainfall
during the monsoon season, the high seismicity, the presence of high and steep slopes,
and the locally thick unstable soil cover. The Kashmir earthquake initiated thousands of
landslides in the northern region in 2005 [13,14]. The Abbottabad district, which is the target
region of this study, is located in the foothills of the highly rugged Himalayas Mountains
and is subject to the occurrence of many landslides. Abbottabad city lies at 43 km to
the south of Balakot, where the 2005 Kashmir earthquake with a moment magnitude of
7.6 devastated the whole region [15,16].

In many regions, various types of natural hazards may be coupled and their combined
effects may be strongly intensified [17]. In such circumstances, the recognition of the effect
of each hazard becomes very challenging [18]. Landslides are difficult to predict, therefore
it is essential to understand the causative factors of landslides and to map the areas which
are susceptible to future landslide occurrence. For this purpose, landslide susceptibility (LS)
mapping is carried out using remote sensing and geographic information system (GIS) data.
LS map is categorized into different classes depending upon the degree of susceptibility
(very low, low, moderate, high, very high) without considering the rate of occurrence [7,19].

Different methods have been developed and adopted for LS mapping globally, clas-
sified as qualitative and quantitative approaches [20–22]. The qualitative approach is a
knowledge-driven method based on an expert’s knowledge. It is a relatively subjective
or heuristic approach. It evaluates landslide susceptibility by weighing and ranking the
influencing factors of landslides based on the researcher’s expertise [23–25]. Some qualita-
tive techniques use analytical tools to perform rating and weighting and are considered
semi-quantitative [26,27]. The commonly used subjective methods include simple additive
weighting [28], ordered weighted average [29], analytical hierarchy process [30,31], analyti-
cal network process [32], TOPSIS [33,34], and the weighted linear combination [26,27].

The quantitative method is a data-driven method and an objective approach [20],
which leveraged soft computing, deterministic methods, and statistical algorithms to
evaluate the relationship between the landslide-influencing factors and slope instability
and predict the probability of landslide [35,36]. Artificial neural network (ANN) [37,38],
decision trees [39,40], logistic regression method (LoR) [35,41], support vector machine
(SVM) [42,43], and linear regression (LiR) [44,45] are the commonly used quantitative
methods. In this study, we propose the application of LiR, LoR, and SVM to landslide
susceptibility mapping. Numerous studies have proven the outcomes of these models
to be better than those of other conventional ML techniques [46,47]. The SVM model
maximizes margin, it is slightly more efficient. The SVM supports kernels, allowing you
to model non-linear relationships. It is based on a non-linear change of the covariates
in a high-dimensional space where distinct classes can be separated linearly [48,49]. The
LiR aims to identify the best-fitted line and is used to handle the regression problems
and shows how landslide susceptibility changes as the standard deviation of independent
variables and predictors changes [50]. The LoR tries fitting the line values to the sigmoid
curve. It maximizes the posterior class probability. It uses independent variables to
estimate the likelihood of an event occurring on any given piece of land. The fact that the
dependent variable is dichotomous is crucial in LoR. The independent variables in this
model can be measured on a nominal, ordinal, interval, or ratio scale and are predictors
of the dependent variable. The dependent variable and independent variables have a
nonlinear relationship [42,51].

Many studies have been completed so far to compare the performance of different
models for evaluating and analyzing landslide susceptibility. For example, Hong et al. [39]
conducted a study in 187 landslide locations using 14 landslide conditioning factors and
concluded that the prediction capability is 81.1%, 84.2%, and 93.3% for KLR (Kernel Lo-
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gistic Regression), SVM, and the ADT (Alternating Decision Tree), respectively [47]. The
Analytical Hierarchy Process (AHP) and Logistic Regression (LoR) were compared with the
combined fuzzy and SVM hybrid model. The results indicated that the combined fuzzy and
SVM method with an accuracy of 85.73% performed better than AHP and LR. In another
study in Inje, Korea, Park et al. [41] compared four models, Frequency Ratio (FR), AHP,
LoR, and ANN methods with the AUC values 0.794, 0.789, 0.794, and 0.806, respectively,
suggesting that the ANN led to a better result compared to the other three models.

The main goal of this research is to produce GIS-based LS maps over a broader
scale of the Abbottabad district using three different machine learning (ML) techniques,
including LiR, LoR, and SVM, and compare their accuracy. An extensive database of
landslide inventory and influencing factors is formulated for training and validating
the LS mapping. Fourteen causative factors broadly grouped into geomorphological,
geological, hydrological, and topographical factors were used in this research. The factor
analysis is performed to identify the critical parameters by weight. The LS models were
validated using validation datasets based on the receiver operating characteristic (ROC)
curve, and the area under the curve (AUC). The accuracy assessment is conducted at the
end to validate the generated LS maps. There is extensive work previously performed
by authors in the northern areas of Pakistan. Qing et al. [52] assessed the debris flow
susceptibility mapping along the China-Pakistan Karakoram highway using support vector
classification (SVC), and Ali et al. [53] assessed the LS mapping using AHP along the
China-Pakistan Economic Corridor. Basharat et al. [54] produced an LS map covering a
smaller portion of the study area using the weighted overlay method. Kamp et al. [15]
presented landslide susceptibility analysis based on AHP. Torizin et al. [55] investigated
the landslide susceptibility assessment of the Mansehra and Torghar districts by using the
weight of evidence (WofE).

These studies are frequently associated with traditional quantitative and decision-
making approaches, which are less precise than ML methods. We presented ML models in
the present study. These models will improve the accuracy of susceptibility maps. Still, to
our knowledge, no prior LS mapping has been performed in the Abbottabad district. This
study will fill the gap by identifying the landslide-prone areas in the study area. Related
outcomes may help disaster management authorities, researchers, government, planners,
and decision-makers in land use planning to prevent causalities, economic losses, and
depletion of land resources in the study area.

2. Materials and Methods
2.1. Study Area

The study area is the province of Abbottabad located in the Khyber Pakhtunkhwa
province of Pakistan. It lies in the geographical coordinates 34.1688◦ N, 73.2215◦ E as
shown in Figure 1, and covers an area of 1969 km2 with a population of 1,332,912 [56].
The Abbottabad district is situated to the south-west of Muzaffarabad district where the
epicenter of the devastating Kashmir 2005 earthquake is located. The maximum elevation
in the region is 2957 m above sea level. This region consists of fragile geology of igneous,
metamorphic, and sedimentary rocks. According to Gansser et al., 1964 [57] classification
of tectonostratigraphic zones, the study area is a part of the lesser Himalayan fold and
thrust belt, enclosed to the south by main boundary thrust (MBT) and to the north by
main mantle thrust (MMT) [58]. Panjal thrust, Nathia Gali thrust fault, Gandghar fault,
Kuzagali fault, and MBT run across the Abbottabad district. Panjal thrust fault trends in a
northeast-southwest direction with a dip facing south-east in most northern regions and a
north-west dip facing the south-western. The Nathia Gali thrust fault is oriented roughly
towards the southwest with a northwest dip direction.
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Figure 1. Location map of the study area showing Abbottabad district along with the distribution of
faults and inventory of 116 landslides derived from Landsat 8 pre and post event imageries.

The MBT is north-south-oriented with a dip direction towards the southwest. This
area is mainly governed by the northwest-southeast-oriented compressional stresses, which
makes the area tectonically active with high seismicity. The rivers of Dor and Salhad
Nala, which flow through the eastern part of the Abbottabad district from north to south,
represent the district’s most important drainage system. During the summer monsoon,
these affluents cause temporary fluctuations in the river discharge system. The annual
mean precipitation is 1262 mm. Precipitation increases during the monsoon season from
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July to September, resulting in frequent floods, making the study area susceptible to land-
slides. In summary, the study area is extremely exposed to slope failures due to intense
rainfall caused by monsoon cycles, the ruggedness of the terrain, earthquakes occurring in-
termittently, and anthropogenic activities. Due to these conditions, the Abbottabad district
is marked by a high level of geohazards. The further occurrence of landslides is a major
threat that could cost economic losses and casualties.

2.2. Methodological Framework

The methodological framework of this study is illustrated in Figure 2. The details
about the different steps involved are presented in the following sections.
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2.3. Landslide Inventory Dataset

A landslide inventory is essential to perform LS mapping, which helps us under-
stand the relationship between the distribution of landslide occurrences and causative
factors [39,59]. The past and present landslide events were the keys to forecast future
landslides occurrences [20,60]. Data such as historical landslides, satellite images, field
surveys, literature, and aerial photographs can be used to prepare the landslide inven-
tory map. For this paper, the landslide location polygon (centroid) was developed using
Landsat satellite imageries suitable for middle and large-scale slope failures due to its
image resolution. The inventory is prepared by mapping these landslide locations based
on Landsat imagery of pre-and post-event after 2005 major seismic and rainfall events. In
this study, the earthquake and rainfall-induced landslides were considered for landslide
inventory mapping. The inventory contains polygons of mass movements. The spatial
distribution of the landslide polygons dataset from the satellite data is also verified from
the ground truth of a field survey. The purpose of using the location data was to mark the
extent and verify the landslide location and extent. The locations were also validated by
visiting Poona Landslide, Havelian shown in Figure 3. This landslide was triggered after
the earthquake of 7.5-moment magnitude (Mw) (with an epicenter in Afghanistan) and
struck the northern area of Pakistan on 26 October 2015 [61].

Land. 2022, 11, x FOR PEER REVIEW 7 of 22 
 

 

 

Figure 3. Google Earth Pro 7.3 is used to generate (A,B). Pre landslide imagery (2014) (A), and post 

landslide imagery (B). Picture (C,D) Illustrate field imagery of the Poona landslide, Havelian in the 

study area. 

The slope aspect map shows the orientations of the slopes. TRI is a morphological 

factor that is commonly used in landslide analysis. It is computed from DEM by using a 

methodology developed by [66]. The curvature of an area shows convex, concave, and flat 

surfaces. Profile curvature presents the acceleration and deacceleration characteristics of 

the water flow down the slope and influences erosion and deposition. Whereas the cur-

vature perpendicular to the slope direction is plan curvature. It affects the convergence 

and divergence of flow. The construction of roads disturbs the stability of the slope due 

to tremors caused by vehicles. Cutting the slope for road construction and additional load 

caused instability promoting landslides [59]. 

The shuttle radar topography mission (SRTM) digital elevation model (DEM) having 

a spatial resolution of 30 m was used to derive the factors of slope angle, slope aspect, 

curvature, elevation, profile curvature, TRI, and plan curvature. The tiles of SRTM DEM 

(30 m resolution) for the study area were mosaicked together in ArcGIS to produce a sink-

free DEM. Landsat-8 images with a 30 m spatial resolution were derived from USGS Earth 

Explorer and were used to obtain the factors such as NDWI and NDVI. The NDWI is a 

causative factor and higher NDWI values denote the presence of higher moisture content. 

The NDWI is acquired from Landsat-8 satellite data. It is calculated from: 

NDWI =
(Green −  NIR)

(Green +  NIR)
  (1) 

The NDVI visualized vegetation density and is acquired from Landsat-8, which is 

calculated from: 

NDVI =
(NIR –  RED)

(NIR +  RED)
  (2) 

Figure 3. Google Earth Pro 7.3 is used to generate (A,B). Pre landslide imagery (2014) (A), and post
landslide imagery (B). Picture (C,D) Illustrate field imagery of the Poona landslide, Havelian in the
study area.

The landslide classification is not provided in this research because of the unavailability
of information on the landslide type and is challenging to distinguish them on the basis of
landslide types for a large inventory. These studies [62–64] also used the mass movement
inventory data for LS mapping.
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A total of 116 landslide polygons were developed in the study area. Due to the low
visibility and the small size of the inventory map, the 116 polygons were converted and
depicted as points on the study area map in Figure 1. The 116 non-landslide points were
also generated and were randomly distributed in ArcGIS using the random point tool, and
in total 232 landslide and non-landslide points were used for training and testing data
with a ratio of 70% and 30%, respectively, illustrated in Figure 4. The models were trained
using the training dataset, and the testing dataset is used for assessing and validating
their accuracy.
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2.4. Landslide Conditioning Factors Dataset

Many natural and anthropogenic factors contribute to landslide activity, and these
factors are important to be considered in examining landslide susceptibility in a local
context. There are no standard rules or guidelines to select the landslide causative factors,
and the selection greatly depends on data availability and also the local conditions of
an area [59,65]. The causative factors are broadly grouped into geological, hydrological,
topographical, geomorphological, and meteorological factors. In this study, a total of
14 causative factors, namely slope degree, slope aspect, curvature, plan curvature, profile
curvature, landcover classification system (LCCS), normalized difference water index
(NDWI), normalized difference vegetation index (NDVI), soil, lithology, fault density,
topographic roughness index (TRI), and road density are considered for the landslide
susceptibility analysis.

The slope aspect map shows the orientations of the slopes. TRI is a morphological
factor that is commonly used in landslide analysis. It is computed from DEM by using a
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methodology developed by [66]. The curvature of an area shows convex, concave, and
flat surfaces. Profile curvature presents the acceleration and deacceleration characteristics
of the water flow down the slope and influences erosion and deposition. Whereas the
curvature perpendicular to the slope direction is plan curvature. It affects the convergence
and divergence of flow. The construction of roads disturbs the stability of the slope due to
tremors caused by vehicles. Cutting the slope for road construction and additional load
caused instability promoting landslides [59].

The shuttle radar topography mission (SRTM) digital elevation model (DEM) having
a spatial resolution of 30 m was used to derive the factors of slope angle, slope aspect,
curvature, elevation, profile curvature, TRI, and plan curvature. The tiles of SRTM DEM
(30 m resolution) for the study area were mosaicked together in ArcGIS to produce a
sink-free DEM. Landsat-8 images with a 30 m spatial resolution were derived from USGS
Earth Explorer and were used to obtain the factors such as NDWI and NDVI. The NDWI is
a causative factor and higher NDWI values denote the presence of higher moisture content.
The NDWI is acquired from Landsat-8 satellite data. It is calculated from:

NDWI =
(Green − NIR)
(Green + NIR)

(1)

The NDVI visualized vegetation density and is acquired from Landsat-8, which is
calculated from:

NDVI =
(NIR – RED)

(NIR + RED)
(2)

Fault density and lithology are extracted from geological maps of Pakistan obtained
from the Survey of Pakistan. The roads were digitized from Google maps. The line density
tool in Arc Map was used to calculate the density of roads and faults. The LCCS map of
the study area is extracted from the landcover map of the Himalayas region (FAO-GLCN
program). The soil map of the study area is acquired from the FAO data.

The thematic maps of these factors were prepared in an ArcGIS environment. The
conditioning factors having distinct resolutions were resampled at a 30 m resolution to
match the resolution with the factors acquired from SRTM DEM and Landsat-8. The data
were standardized and normalized before being processed further in which redundancy
in the dataset is minimized by structuring the data. The raster layer of each conditioning
factor was standardized into five classes and these classes were assigned a weight from 1
(very low) to 5 (very high) depending on their importance in triggering landslides. All the
maps prepared in this study have WGS 1984 datum and UTM zone 43 projection system.

2.5. Susceptibility Modeling Techniques

R-Studio is used to implement LoR, LiR, and SVM models. Following the training
of the models, the final landslide susceptibility maps were generated by adopting the
weighted overlay (WOM) technique in ArcMap 10.8. The WOM tool is used to create maps
utilizing overlays of several raster layers, with each raster layer given a weight based on its
importance [57]. The ML models were trained using a 10-fold cross-validation process.

2.5.1. Linear Regression

A multiple linear regression model, which includes two or more independent variables,
is used to predict the variance of the landslide susceptibility. The linear regression model
depicts the changes in landslide susceptibility with the change in the standard deviation of
predictor variables. The equation of the multiple regression model is:

Y = β0 + β1X1 + β2X2 + . . . . + βnXn + ε (3)

The right side of the equation contains a sum of linear parameters except for epsilon
(error term). Y is the dependent variable depending on the presence or absence of land-
slides; β0 is an intercept and has a fixed value in the regression equation; β1 to βn are
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coefficients (weight); X1 to Xn represent the independent variables, and ε represents the
model error term.

2.5.2. Logistic Regression

Logistic regression also allows for evaluating the relationship between the dependent
variable and a set of independent parameters. Unlike the linear regression, the dependent
variable in the LoR is dichotomous, which in this paper is the probability of the presence and
absence of landslides. In contrast, the independent variable can be numerical, categorical,
or both [67,68]. There is a non-linear relationship between the independent and dependent
variables [69]. The relationship between the occurrence and its dependency on several
variables can be illustrated quantitatively as:

P =
1

(1 + e−z)
(4)

where P represents the probability of landslide occurrence. On an S-shaped curve, the
probability ranges from 0 to 1. Z represents the linear combination. It follows that the LoR
involves fitting an equation into the following form of the data:

Z = b0 + b1x1 + b2x2 + . . . + bnxn (5)

The presence (1) or absence (0) is illustrated by the dependent variable Z; b0 is the
intercept of a mode; b1 . . . bn are the coefficients of the LoR model, and x1 . . . xn represent
the independent variables.

2.5.3. Support Vector Machine

A support vector machine is a supervised ML method. It is based on statistical learning
and optimization theories [70], which provide a non-linear perspective to regression and
classification problems by mapping the input variables into a high-dimensional attribute
space [70]. SVM is suitable for extreme cases. It draws a decision boundary known as
a hyperplane between extreme data points, also known as support vectors, to separate
the landslide and non-landslide classes. There are different kernel functions for various
decision functions to find support vector classifiers in higher dimensions systematically.
The classes are linearly separable in the Linear Support Vector Machine (LSVM) and
have a linear decision boundary. SVM can increase prediction accuracy and lower the
model complexity and error test by avoiding overfitting [71–73]. SVM used different kernel
functions to map the data into higher dimensional space. The most popular kernel functions
are linear, polynomial, radial, and sigmoid kernel functions. However, one of the most
generally utilized kernels for landslide modeling is the radial kernel function which is also
used in the present study. The equations for all the kernel functions are shown below:

Radial kernel function = k(xi yi) = e−γ(xi−xj)
2

(6)

2.6. Model Evaluation and Accuracy Assessment

The receiver operating characteristic (ROC) curve is used to evaluate the overall
performance of the models. The ROC curve graphs are constructed using the sensitivity
versus the specificity in a two-dimensional space [74–76]. The ROC curve technique is
appealing because it is unaffected by changes in the distribution of classes. The ROC curve
remains unchanged when the proportions of landslide and non-landslide points in the
validation dataset are changed. The area under the ROC curve (AUC) is a summary measure
of the ROC analysis result that assesses the landslide models’ prediction capabilities using
the validation data. The AUC equal to 1 suggests a flawless model, whereas AUC equal to
0 indicates a non-informative model. The landslide model performs best when the AUC
value is close to 1 [77–79]. The landslide inventory was overlaid on the final maps to see
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how many landslides were falling in high landslide susceptibility areas, for the accuracy
assessment of the final LS maps.

3. Results
3.1. Thematic Maps of Conditioning Factors

The LCCS of the study area is categorized into agriculture, bare areas, natural herba-
ceous, trees, shrubs, urban areas, and water bodies, as can be seen from Figure 5a. Agricul-
ture constitutes a large portion of the study area, followed by natural trees in the eastern
region. The soil type map of the study area depicted in Figure 5b shows that the soil in the
study area consists of sand, silt, and clay. The most dominant soil type is sand, followed by
silt in the south-eastern region.
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The presence of water bodies is marked by an NDWI greater than 0.5 as shown in
Figure 5c. The areas having less water content are marked by a positive value between
0 and 0.2. The NDWI map is categorized into high and low classes. The central region of
the study area shows a lower NDWI value and is less prone to landslides due to the built-up
area and low moisture content. The slope angles value is ranging from 0 to 89 degrees.
The north-eastern and eastern parts of the study area tend to have steep slopes, while the
slope angle in the central part tended to be lower as can be observed from Figure 5d. The
lithology of the study area comprised various units, classified into three classes: dolomite,
schist, and sandstone, as illustrated in Figure 5e.

The NDVI map is classified into high and low values as depicted in Figure 5f. The
highest values represent denser vegetation, and bare soil has a value close to zero. Vegetated
areas have a positive NDVI value between 0.1 and 0.7. The NDVI values were lower in
the western region and higher in the eastern region because of the dense vegetation in the
eastern region. The elevation of the study area is also classified into high and low values,
where the eastern region of the study area has a higher elevation as can be observed from
Figure 5g. Fault density is also classified into high and low. There are five active faults
that run across the Abbottabad district. The eastern and south-eastern areas are marked by
the presence of numerous faults and are prone to landslides as depicted in Figure 5h. The
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nearness of roads increases the susceptibility of slopes to landslides. The road density of
the study area is shown in Figure 5i.

The curvature is categorized into higher and lower values as illustrated in Figure 5l.
Convex surfaces are marked by a positive curvature value. In contrast, a negative curvature
value indicates a concave surface, and intermediate values a flat-lying surface. Profile
curvature of the study area is shown in Figure 5j. Negative values represent the upwardly
convex surfaces, while upwardly concave surfaces tend to have positive values. The plan
curvature of the study area is represented in Figure 5k. The positive values show laterally
convex surfaces, while the laterally concave surfaces are represented by negative values.

The slope aspect map of the study area is presented in Figure 5m. The hill slope
oriented towards the south-west is more susceptible to landslide occurrence, followed
by north-west oriented hill slopes as these slopes are affected by the highest amounts of
seasonal monsoon precipitation. Figure 5n depicts the TRI of the research area. The high
TRI of the study area signifies a rough terrain, whereas a lower value is a depiction of
relatively less rough terrain.

3.2. Conditioning Factor Analysis

The weights of the used 14 conditioning factors obtained from different ML techniques
are shown in Table 1. It can be perceived from Table 1 that a similar controlling element
showed variation for distinct models. The weights were derived by processing the landslide
inventory along with the thematic layers of the conditioning factors in the ML techniques.
The weights of variables were computed by using the caret library in R-Studio by calculating
the relative importance of each variable. The relative importance of each conditioning
factor is the weight of a particular factor in all the three models. According to the results of
the LiR model, the factors of slope, lithology, soil, and curvature with the weight of 9%,
respectively, are the most crucial parameters for landslide events.

Table 1. Weights of conditioning factors from three ML models.

Dataset LoR SVM LiR

Aspect 6 9 5
Curvature 9 6 9
Elevation 8 7 8
Lithology 9 10 9
NDVI 6 8 8
NDWI 9 10 8
TRI 7 6 8
Plane Curvature 4 5 5
Profile Curvature 5 3 4
Slope 9 8 9
Faults 7 6 6
Roads 5 5 5
Soil 7 8 9
LCCS 9 9 7
Total 100 100 100

For the LoR model, the Lithology, slope, NDWI, and Land-use are vital parameters
with 9% weight, respectively. In SVM, the NDWI and lithology have the highest importance
with a weight of 10%, respectively. The LCCS and aspect are the second most important
parameters with the resulting weight of 9%, respectively. In general, the study region’s most
influencing factors to landslides are lithology, NDWI, slope, and LCCS. At the same time,
the profile curvature played the slightest role in triggering landslides in the study region.

3.3. Landslide Susceptibility (LS) Maps

The produced LS maps were created by multiplying the derived weights with the
factors through the weighted overlay in the GIS environment. The classification was
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performed using the Equal Intervals classification technique to split the final susceptibility
map into five susceptibility classes: very low, low, medium, high, and very high.

3.3.1. Linear Regression (LiR)

The LS map derived from the LiR model is illustrated in Figure 6. Medium landslide
susceptibility is observed for the western area, while the central and southern regions are
marked by a high to very high susceptibility. In contrast, the marginal areas in the west
and the higher mountain regions in the east are much less susceptible to landslide activity.
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3.3.2. Logistic Regression (LoR)

From the LoR model, the produced LS map is shown in Figure 7. The southern and
north-western regions show high to very high susceptibility, and the central part exhibits
medium susceptibility. In contrast, the northeastern region of the study area exhibited very
low to medium susceptibility.
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3.3.3. Support Vector Machine

The LS map produced by the SVM model is depicted in Figure 8. The southern region
exhibits a high to very high susceptibility. It also reveals that the marginal areas in the west
and east have medium susceptibility. Very low and low susceptibility regions are in the
middle part of the district towards the east side.
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Figure 8. Landslide susceptibility map based on SVM model.

3.4. Model Validation

The AUC for the three models is calculated using the testing dataset shown in Figure 9.
The sensitivity (true positive rate) is plotted against the 100-specificity (false positive rate)
at different threshold values to generate the curve. The LiR (0.88) accomplished a greater
AUC prediction rate than the SVM (0.86) and was followed closely by the LoR (0.85), which
made LiR the highest precise model. The higher the AUC value indicated, the higher
accuracy of the model.
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3.5. Accuracy Assessment

To assess the outcomes of landslide susceptibility analysis, the historical landslide
positions were overlaid on the LS maps as shown in the produced LS maps from the
different ML models (see Figures 6–8). Accuracy assessment results illustrate that the LiR
model attained an accuracy of 85%, followed by the SVM model at 83%, and the LoR model
at 79%.

4. Discussion

Remote sensing and GIS technologies have been effectively used to assess landslide
susceptibility by exercising different methods. The first step in the concerning work is to
produce and validate landslide inventory. For this purpose, the Landsat satellite imageries
are used to develop landslide inventory and assess the outcomes of pre, and post-landslide
events and the landslide locations were verified from the field survey. The landslide points
along with the equal number of non-landslide points were used as training (70%) and
testing (30%) data. The second step involved the preparation of LS maps. In this study,
14 causative factors including land cover, type of soil cover, NDWI, slope, lithology, NDVI,
elevation, fault density, road density, TRI, curvature, profile curvature, plan curvature, and
aspect were considered and were standardized and normalized in an ArcGIS environment.
Expert judgment, a critical investigation of existing literature, and landslide inventory were
done in this study to determine the selection of the contributing factors. Their weighting
during the normalization process was also based on the previously mentioned criteria.

The 14 chosen factors for this study were weighted using the considered ML models.
Each model showed variations in terms of weights for each factor, as can be seen from
Table 1. The conditioning factors considered the most effective by all the models were
lithology, NDWI, slope, and LCCS. The high susceptibility areas occurred in steep slopes
and weak lithologies. High susceptibility is found to be characteristic of slopes highly
exposed to seismic and climatic effects on slope failure. The climatic influence is more
represented by the NDWI and landcover factors while the seismic influence depends on
the fault density, which contributes to the LS in our study area. This argument can also
be supported by multiple examples of previous trends of landslide occurrences in the
study area. One such example of landslides where both seismic and climatic influences are
dominant is Poona Landslide, Havelian presented in Figure 2. The Poona landslide occurred
in November 2015 approximately one month after the October 2015 earthquake; seismic
shaking is supposed to have initiated landslide movements that were then intensified
by subsequent rainfall which finally triggered a massive failure. These highly relevant
conditioning factors that influence landslide occurrences can be extended to other areas
because of their major contribution to initiating landslides for LS mapping in the future.

The explorative area for LS mapping is categorized into five LS classes: very low, low,
medium, high, and very high, as can be seen from Figures 6–8. The high susceptibility
areas occurred in steep slopes and weak lithologies. Additionally, the region categorized
as high/very high LS corresponds to zones having high moisture content and they align
closely to the historical landslides. The results of susceptibility maps in terms of area under
different susceptibility classes are summarized as a graphical representation in Figure 10.
Figure 10 illustrates that most of the study area is classified as a very low susceptible
zone by all three models. The maps produced by the three models illustrated that five LS
classes have varied trends in terms of positions and percentages, as can be witnessed from
Figures 6–8 and Figure 10.

The third step involves the validation of a model. The trial-and-error process was
carried out for ML methods to readjust and determine the ideal model to obtain higher
estimation performance. The 10-fold cross-validation is used to avoid overfitting. All the
models yielded very high prediction accuracy with AUC values between 0.85 and 0.88. The
LiR model has the highest AUC value as compared to other models.
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The LiR model outperformed the SVM and LoR models. Still, the SVM model shows
higher proportions in terms of area under a very high susceptibility class. The results
of the LiR model stand above other models in terms of area under high and medium
susceptibility classes. The closer affinity of considered landslide conditioning factors
with landslide occurrence resulted in the higher accuracy of the models in predicting
landslides. Moreover, there was also no multicollinearity present among the considered
conditioning factors.

The availability of high-quality data has a significant impact on the results, and the
accuracy of the result improves as the number and suitability of factors increases. The
selection of contributing factors proves to be highly appropriate. Kalantar et al., 2018 [80]
also established in their study that quality data play an efficient role in the performance of
the ML models. The authors employed 14 conditioning factors and used SVM, LoR, and
artificial neural networks for assessing the effects of different training data on landslide
susceptibility mapping. They achieved an overall accuracy of 79.82% for SVM and 81.42%
for LoR which is less than the achieved accuracy for LoR (85%) and SVM (86%) in the
present study.

The SVM is effective when the number of dimensions exceeds the number of samples
because LoR usually required a sufficiently large sample size to accurately predict. When
there is a small amount of training data and many features, both perform well. The LiR
assumes no collinearity and that the input features are normally distributed, which may not
be the case. Because linear and logistic regression is more susceptible to outliers than SVM,
SVM outperforms LoR by a slight margin. Preprocessing is required in linear regression to
remove multicollinearity, handle outliers, and reduce dimensionality.

This region is under the influence of frequent landslide occurrences and no proper
study has been performed in the study area. So, this methodology can serve as a baseline
for upcoming studies. The limitation is that feature extraction is not being performed in
this study. The recommendation for future work would be to use feature extraction by
using deep learning convolutional neural networks, which will improve the results. In
addition, McNemar’s test could be performed for future analysis to compare the statistical
significance of different ML models. Further, we recommend using deep learning to avoid
the uncertainties in the factors caused by the subjective judgment by following the work
of [37] to highlight the performance ability of the hybrid approach of combined fuzzy and
SVM model in the area. We will focus more on risk analysis and incorporate the results
with temporal factors and examine their effect in future work.
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5. Conclusions

This study employed three ML models, namely LiR, LoR, and SVM to produce LS
maps for the Abbottabad district of Khyber Pakhtunkhwa, Pakistan. Landslide inventory
preparation, selection, and processing of the conditioning factors, susceptibility mapping,
validation of the models, and accuracy assessment were the main stages in this study. A
total of 14 conditioning factors were prepared, including LCCS, soil type, NDWI, slope,
lithology, NDVI, elevation, fault density, road density, curvature, profile curvature, plan
curvature, TRI, and aspect. The landslide inventory map comprised 232 samples, of which
116 were non-landslide, and 116 were landslide locations. These samples were utilized to
calculate the weights of the conditioning factors using LiR, LoR, and SVM models. The
results reveal that the most influencing factors are lithology, NDWI, slope, and LCCS. By
adopting the weighted overlay technique, the weights of all conditioning factors were used
to prepare the final landslide susceptibility maps. The study area is subjected to landslides
induced both by seismic and climatic events. The areas having high susceptibility are
marked by the presence of high and steep slopes having weaker lithologies and are exposed
to high seismic shaking potential. The results indicate that most of the area is subjected to
very low susceptibility. The AUC values of all the models were satisfactory. However, the
LiR model achieved better results overall and stood above the other models concerning
model validation and accuracy of produced susceptibility maps. The outcomes of this
research will provide essential information to researchers, authorities, and planners, who
aid in decision making, land management, and hazard mitigation in the Abbottabad district.
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