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Abstract. Landslides are one of the most dangerous phenomena and natural disasters. Landslides cause many human and
financial losses in most parts of the world, especially in mountainous areas. Due to the climatic conditions and topography,
people in the northern and western regions of Iran live with the risk of landslides. One of the measures that can effectively
reduce the possible risks of landslides and their crisis management is to identify potential areas prone to landslides through
multi-criteria modeling approach. This research aims to model landslide potential area in the Oshvand watershed using a support
vector machine algorithm. For this purpose, evidence maps of seven effective factors in the occurrence of landslides namely
slope, slope direction, height, distance from the fault, the density of waterways, rainfall, and geology, were prepared. The maps
were generated and weighted using the continuous fuzzification method and logistic functions, resulting values in zero and one
range as weights. The weighted maps were then combined using the support vector machine algorithm. For the training and
testing of the machine, 81 slippery ground points and 81 non-sliding points were used. Modeling procedure was done using four
linear, polynomial, Gaussian, and sigmoid kernels. The efficiency of each model was compared using the area under the receiver
operating characteristic curve; the root means square error, and the correlation coefficient . Finally, the landslide potential model
that was obtained using Gaussian's kernel was selected as the best one for susceptibility of landslides in the Oshvand watershed.
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1. Introduction

Natural events are complex processes that affect all
parts of the planet. In the meantime, landslides as one the
natural hazards always occurring all over the world and are
of great importance, so landslides have been introduced as
one of the most important natural hazards in the world
(Khalifa et al. 2020, Malamud et al. 2004). Landslide, as
one of the mass movements, is the movement of a mass of
rock and soil debris on the slope downwards under the
influence of gravity. This phenomenon occurs when the
shear stress on the slope exceeds the shear strength of the
slope's materials (Cruden and Varnes 1996).

Mass movements and their consequences every year in
most countries cause economic damage to roads, railway
lines, power and communication lines, water and water
supply channels, oil and gas extraction, and refining
facilities and factories. Industrial centers and residential
areas, natural and artificial dams and lakes, as well as the
destruction of pastures and agricultural lands, accelerates
erosion and the widespread transfer of sediments behind the
dams. Considering these issues, it can be safely said that in
construction projects such as choosing the route for the
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construction of highways and main and minor mountain
roads, choosing the location for the construction of earthen
and concrete dams, water transfer channels and tunnels, and
projects such as development Forests and natural pastures
and any mining development, the study of the stability of
slopes is one of the most sensitive and important issues
(Naderpour ef al. 2011).

This phenomenon can be caused by many geological,
geomorphological, hydrological, biological, and human
factors. However, the most important factors driving
landslides include heavy rainfall, rapid melting of snow,
sudden changes in the underground water level, landslides
and high-speed erosion (Sidle and Ochiai 2006), climatic
conditions, geological features, topography, vegetation, or a
combination of these. are factors (Ost et al. 2003). In active
tectonic areas, the instability of slopes can be observed in
various forms of landslides, landslides, falls, slope ruptures,
creep, etc. Most of the large and catastrophic landslides on a
global scale have occurred in mountainous areas and
seismic belts with active faults (Abedini 2015).

In the literature related to assessing the earth's stability,
it is often said that the past and the present are the keys to
the future, which means that the future can be predicted
based on the past and the present (Pavel et al. 2011).
Landslide susceptibility is the tendency of soil or rock to
produce many types of landslides. A landslide susceptibility
map that combines some of the important factors that have
contributed to the occurrence of landslides in the past shows
the areas with the potential to occur in the future (Chalkias
et al. 2014). Such maps are considered a useful and reliable
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tool for assessing the potential of landslide risk and
classifying an area according to its stability and instability
potential and based on the number of preliminary factors
such as lithology, geomorphology, and stimulating factors
such as seismicity and rainfall. etc. are classified (Chauhan
et al. 2010).

The purpose of zoning is to divide the land surface into
homogeneous areas and classify them according to the
amount of potential landslide risk. In other words, the
earth's surface is divided into special and separate areas of
actual or potential degrees of danger based on the effective
factors in creating landslides (Varnes 1984).

Various approaches have been developed to study
landslides, which can be divided into four categories:
analysis of landslide inventory, exploratory or index
method, statistical approach, and geotechnical method.
Statistical approaches are usually considered for the zoning
and mapping landslides in large and complex areas. For
example, we can refer to multivariate regression analysis's
defining analytical approach. Also, linking methods have
been developed by combining two statistical methods and
an artificial neural network (Varnes 1984).

Linked methods include artificial neural network
method - fuzzy logic, Bayes analysis - artificial neural
network, and decision tree analysis - Bayesian. But the
method based on the artificial neural network cannot
provide objective and fixed output because its results
depend on the operator (Yao 2008). The logistic regression
method has been developed (Ermini ef al. 2005).

The problem that exists regarding landslides is how to
identify areas with the potential risk of this phenomenon,
and a method should be considered that can be used to
study these areas with a logical and reasonable procedure.
This regard introduces various factors such as slope,
topography, soil type, the presence of fractures and faults,
drainage and waterways, the amount of rainfall and density
of waterways, vegetation, underground water level, and
other conditions that are effective in causing landslides. In
this regard, measuring the relative importance of each of the
above factors and ranking the studied area, as well as
simultaneously examining the impact of the above factors
on the occurrence of landslides, is a fundamental issue. For
this purpose, researchers have used geographic information
system (GIS) capabilities. Therefore, various methods have
been developed to produce natural resources and natural
hazards, e.g., landslide, potential model (e.g., Yousefi and
Carranza 2015a, b, Ghiasi et al. 2021, Yousefi et al. 2019,
2021), dividing into some general categories data-oriented
(supervised) and knowledge-oriented (unsupervised)
methods (Yousefi et al. 2021).

Iran has experienced numerous landslides that is due to
its geological characteristics, seismicity, rainfall, weather
conditions, amount of mountainous regions, and diverse
topography.

On the other hand, the increasing growth of the
country's population has led to increased construction,
industrial and agricultural activities in steep areas. The
encroachment of humans on the natural environment, the
change of land use on slopes, and the development of
residential areas and similar activities on steep slopes have

increased the damage caused by this phenomenon.
Considering that two-thirds of the area of our country
consists of mountains and hills, having such natural
conditions, and knowing that landslides occur in steep
areas, it can be concluded that Iran is one of the countries
prone to landslides. The distribution of landslides in the
country shows that most landslides are located in the border
areas of the Alborz and Zagros highlands. According to
preliminary estimates, about 500 billion rials of financial
damage are caused by landslides in Iran every year
(Hossein Zadeh et al. 2010). Therefore, it is necessary to
take necessary measures to reduce the damages caused by
landslides, identify areas prone to landslides, determine the
factors affecting the occurrence of landslides, and prepare a
map of the susceptibility of landslides. Preparing a landslide
susceptibility map is a basic tool for crisis management
activities in mountainous areas (Dahal ef al. 2010).

In Iran, many research has been done about landslides
using models. Among these models, we can use the
weighted linear combination model in zoning the potential
of landslides in the region of Serkhon, (Karam 2004), fuzzy
logic (Moradi et al. 2010), artificial neural network, the
value of information and hierarchical analysis (Ghiasi ef al.
2020) hierarchical analysis (Ghanavati 2011), logistic
regression, correlation equation and hierarchical analysis
(Mosfaei et al. 2001), multivariate regression and
geographic information system, Fuzzy TOPSIS, and
geographic information system (Hashemi et al. 2010).

Among the statistical methods that have attracted
attention in the last few years is the Support Vector Machine
(SVM) algorithm. Based on the statistical learning theory,
this model is used to evaluate and test a set of data (Yamani
et al. 2011). The use of this model will increase the
accuracy of the prediction of landslides on a regional scale.
This model has attracted much attention recently due to its
good classification performance, error tolerance, and
appropriate generalization (Ahmadabadi and Rahmati
2014).

Pourghasmi et al. prepared a landslide susceptibility
map in the Golestan province by using six linear, second-
order, third-order, fourth-order, radial (RBF), and circular
functions and selecting 14 control factors. The radial
function prediction rate was introduced as the best landslide
susceptibility evaluation algorithm in Golestan province
(Pourghasemi et al. 2013). Yamani et al. used the algorithm
of support vector machines in zoning the risk of landslides
in the Derkeh catchment area. They are evaluated using
circular, polynomial, radial, and linear functions in SVM
algorithm and effective criteria in identifying areas sensitive
to landslides, including distance (from fault, network-
drainage), lithology, and slope (value, angle), and elevation
level. The possibility of land subsidence in the watershed of
Derkeh in the north of Tehran was discussed. The research
results showed that the ring function has the best
performance and the linear function has the lowest accuracy
in terms of performance due to its greater compliance with
reality. Also, based on the implemented functions, the factor
of distance from the fault and waterway and the lithological
condition play the most important role in the sensitivity to
landslides in the watershed (Yamani et al. 2011,
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Pourghasemi et al. 2013). Ghasemian ef al. evaluated
landslide sensitivity using a support vector machine
algorithm in Kamiyaran city, located in Kurdistan province.

In this research, the training and validation of the RBF
function of the SVM algorithm were investigated by a
spatial database with a total of twelve landslide factors. The
obtained results showed that the RBF function of the SVM
model has a good performance in evaluating the landslide
susceptibility in the study area( Pourghasemi ef al. 2013). In
2014, Peng et al. prepared a landslide susceptibility map
based on Rough Set theory and vector machine algorithm in
three valley regions in China. The results showed that
19.7% of the region has a medium and high sensitivity to
the occurrence of landslides, and the combined model,
which includes RS theory and SVM model, to predict the
risk of landslides, has better prediction skills, and
Reliability is higher (Peng et al. 2014). In research, Hong
et al. predicted the risk of landslides using Logistic
Regression (LR), Decision Tree (DT), and Support Vector
Machine (SVM) algorithms in the Yehang region of China.
And the validation of the used models was evaluated using
the (ROC) index, and the results showed that the value of
the area under the curve of the ROC index was 92.5% for
the logistic regression model and 88.8% for the support
vector model. And for the decision tree model, it is 95.7%.
Also, the predictability of landslide risk for the logistic
regression model is 81.1%, for the support vector machine
model is 84.2%, and for the decision tree model is 93.3%
(Hong et al. 2015). Tian Bai et al. evaluated landslide
susceptibility using support vector machine models, tree
logistics, artificial neural networks, and nuclear logistic
regression in Vietnam. Their results show the advantage of
machine learning models in modeling the susceptibility of
landslides in the study area (Tien ef al. 2015).

Karmi et al. used the support vector machine algorithm
to zonate landslide susceptibility in Aharchai catchment
area. The results of this research showed that the radial
basis function (RBF) has a better performance than circular,
polynomial, and linear functions in the zoning of landslide
susceptibility in the region (Karimi ef al. 2018).

Ahmadabadi and Rahmati investigated the use of
quantitative geomorphometric indices in identifying
landslide-prone areas using SVM model on Khorram Abad-
Zal bridge freeway as one of the important communication
ways in the country. The research results showed that the
use of polynomial and linear functions of the SVM model in
the zoning of the studied area by involving the
geomorphometric factors of the domains was able to
identify the points with high landslide potential. Also, the
evaluation of the accuracy of the modeling showed that the
polynomial function with an overall accuracy of 89% shows
the landslide-prone areas better than the linear function,
which seems to be due to the complex and non-linear
behavior of the variables involved in the occurrence of
landslides in the study area (Ahmadabadi and Rahmati
2014). Abedini et al. identified and classified different
landslides with the object-oriented approach in the distance
between Nasir Abad village and Sattar Khan Ahar dam.
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Fig. 1 Location of Oshvand watershed

This research showed that 34.02% of the area has a very
high potential for landslide occurrence (Abedini et al.
2017). In a research, Lee ef al. (2017) dealt with landslide
susceptibility zoning using the radial function of the SVM
model in two areas of Pyeongchang and Inje, located in
Gangwon Province of Korea. The results of the studies
showed the accuracy of the model implementation as
81.36% and 77.49%, respectively (Lee ef al. 2017).

The purpose of this research is to identify the area with
landslide potential in the study area (Oshvand watershed)
and to collect data affecting landslides such as slope, slope
direction, height, rainfall, the density of waterways,
distance from the fault, the geology of the area, Analyzing
the data and weighting them using the continuous fuzzy
method, combining the weighted reference layers and
producing the landslide potential model using the support
vector machine and finally comparing the final obtained
map with the real land maps. The landslide will be in the
study area.

2. Materials and methods
2.1 Geographical scope of the region

Nahavand Plain, with a catchment area of 1902 square
kilometers, is one of the plains of the upper basin of the
Karkhe River. Oshvand watershed is located in Hamadan
province and northeast of Nahavand city, which has an area
of 47.16 square kilometers. The geographical coordinates
are 48'51'22' to 48'53'33" east longitude and 34'51'l" to
15'34" 23" north latitude. The maximum and minimum
height of this watershed is 2578.99 and 1709.65 meters
from the sea level, respectively. In Fig. 1, the Oshvand
watershed is shown (Hosseini 2015).

2.2 The climate of the region

The main source of atmospheric precipitation in the
region is the Mediterranean air mass that causes
precipitation when it hits the heights of the region. The
minimum and maximum rainfall in the region are 431 and
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482 mm, respectively, and the climate of the region is semi-
humid, and the average temperature of the region is 8.8
degrees Celsius (regional water of Hamadan province).

2.3 Parameters affecting landslides

Many factors can play a role in the instability of the
slopes, among them the slope of the slopes, the direction of
the slope, the type, and composition of mineralogy and
geological materials, the level of underground water,
earthquakes, distance from the fault, land use, vibrations
caused by the work of construction machinery or traffic, the
presence of waterways, rain and snow, weathering cycle
(wetting, drying, and dissolution), land subsidence,
trenching and creation of pits (Kamranzad et al. 2013)

In this research, seven factors influencing the
occurrence of landslides, including slope, height, rainfall,
watercourse density, distance from the fault, the direction of
slope, and geology in the region, have been selected. The
geological map of the region was prepared on a scale of
1:100,000 by the Geological Organization of the country.

The map of the distance from the fault is made from the
geological map. Also, the topographic map (DEM) of the
area with a scale of 1:50000 has been used to prepare maps
of height, slope, the direction of slope, and density of
waterways. The rainfall map has also been received from
the regional water department. A raster map of seven factors
influencing the occurrence of landslides in Oshvand region
was prepared in ArcGIS 10.4.1 software. After generating
the raster maps of factors affecting landslides, the maps
created are weighted by the logistic function. In this way, a
weight between 0 and 1 is assigned to each of the criteria.
And considering that this function has an increasing trend,
the higher the numerical value of the criterion, the score is
closer to (1), and the lower the numerical value of the
criterion, the score is closer to (0).

In this research, the commands embedded in Matlab
software are used to use the SVM classifier. In Matlab, in
addition to providing a good guide to familiarizing with the
concept of support vector machines, commands are also
designed to work with SVM. Like any supervised learning
model in Matlab, first, the support vector machine is trained
by the training data, then the trained machine is used to
classify (predict) the new data. In addition, in order to
achieve proper prediction accuracy, different kernel
functions can be used, and the parameters of these kernel
functions can be adjusted.

2.3.1 Slope

The slope is one of the most important factors affecting
the sliding of materials from the surface of the earth. Based
on morphology, each study area may have different slopes
[37]. As the slope increases, the gravity level also decreases.
The shear stress caused by gravity in the alluvial and
sedimentary soils increases and causes the domain to break
more and more. Therefore, calmer slopes are less exposed
to landslides (Dai et al. 2001). Although it is expected that
the degree of instability in the soil will increase with the
increase of the slope, the number of landslides will
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Fig. 2 Slope map

decrease. On very high slopes, due to the impossibility of
soil formation and the instability of sediments, as well as
rock outcrops and cliffs, the probability of landslides will
decrease. Finds. Therefore, it is expected that the
probability of landslides will increase in slopes between 10
and 40 degrees (Nojavan et al. 2018). The slope map of
Oshvand watershed is according to Fig. 2.

2.3.2 Slope direction

The direction of the slope shows the different effects of
sunlight, hot and dry winds, and rainfall in different
directions. Classification of the slope direction is done
according to the presence of different factors in different
directions of the slope of the domain and the difference in
the process of expanding the domains. The southern slopes
of the mountains receive more sunlight during the day than
the northern slopes, and as a result, they have a drier
climate, while the northern slopes are more humid and
rainy. On the other hand, due to the general movement
direction of winds from West to East, the amount of
atmospheric precipitation on the western slopes is also
higher than on the eastern slopes (Kamranzad et al. 2013).
Also, in the areas where there is a big difference in the
temperature of the slopes facing and facing the sun during
different months of the year, this temperature fluctuation
takes place in the range above and below the freezing point
of water (especially in the snow-covered slopes). A
significant relationship is established between the frequency
distribution of domain instabilities and the direction of the
domain (Nojavan et al. 2018).

Slope direction map for the studied area into nine
classes North (0-5/22), Northeast (22/5-67), East (112-
5/67), Southeast (112-5-157), South (5/202 - 5/157),
Southwest (5/247 - 5/202), West (5/292 - 5/247), Northwest
(5/337 - 5/292) and North (337-5-360) was classified. The
map of the slope direction of Oshvand watershed is
according to Fig. 3.
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2.3.3 Height

Some researchers use height as a controlling factor in
the occurrence of landslides (Yilmaz 2010). This factor
controls the direction of the waterways and the density of
the drainage network and has a significant effect on the soil
moisture and the slope of the slopes.

At higher altitudes, precipitation usually occurs in the
form of snow, which has a lesser effect on increasing the
potential for landslide occurrence compared to rain.
Therefore, it can be expected that landslides are more likely
to occur in areas with low altitudes. If we want to examine
the two variables of altitude and precipitation in a combined
form, it is also necessary to mention that the amount of
precipitation is also lower at very low altitudes. Therefore,
there is the highest probability of landslides in the middle
latitudes. In addition, usually at altitudes higher than 3500
meters, there is less possibility of soil formation or
placement of loose and fine-grained sediments, and
landslides do not occur (Nojavan et al. 2018). The altitude
range of the studied area is between 1709 and 2578 meters.

The elevation map is prepared from the Digital
Elevation Model (DEM) of the area, which is according to
Fig. 4.
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2.3.4 Precipitation

Rainfall is one of the effective factors in creating
instability of domains. The highest number of slope breaks
occurs after heavy rains or snow melting in spring and due
to water penetration in the cracks (Ghiasi ef al. 2021). Also,
atmospheric precipitations in the form of snow or rain will
cause saturation of the range and change the level of
underground and surface water, and as a result, mass
movements will occur. Therefore, knowing the
characteristics of rainfall is of particular importance. The
existence of inherent conditions prone to the occurrence of
landslides, such as the type of materials, increases the
possibility of landslides with the increase in rainfall and
humidity (Mafian et al. 2009). The amount of precipitation
in the study area is 431 to 482 mm, which was prepared
using interpolation of precipitation stations inside and
outside the basin with a time base of 12 years (Ilderami et
al. 2016). The precipitation map is according to Fig. 5.

2.3.5 Waterway density

Due to the presence of water drainage and steep walls,
waterways usually have more slippage. Flowing waters can
affect slope failures through erosion or saturation of
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materials at the foot of the slope (Dehnavi et al. 2015). In
fact, as a well-known principle, by moving away from
waterways, the potential for landslides decreases. In other
words, the higher the density of waterways in an area, the
higher the probability of landslides (Dai et al. 2001). The
topographic map of the region and Arc GIS software was
used to prepare the waterway density map. The density map
of the waterway is according to Fig. 6.

2.3.6 Distance from the fault

Faults play an effective role in creating or reactivating
areas with sliding potential. Crushing and shearing in the
fault areas, water penetration from these areas into the
slopes, the emergence of discontinuity around the fault,
erosion differences in the slopes, and crushing of the
surrounding rocks are among the effects that can be
mentioned. The movement of the fault can also be the
initiator of the landslide in the desired area. The fault is
considered a secondary factor and an independent variable
in the occurrence of landslides . The risk of landslides is
greater in areas that are less far from the fault, and the
greater the distance from the fracture site, the less the
impact of the fault on the occurrence of landslides.
Therefore, the distance from the fault plays an important
role in the occurrence of landslides.

To prepare the fault map, the geological map of the
studied area was used on a scale of 1:100,000. For this
purpose, Arc Gis software has been used. The distance map
of the faults in the study area is according to Fig. 7.

2.3.7 Geology

The geological factor is one of the important parameters
(independent variable) in landslide studies. Due to the
difference in the type of constituent sediments and the
conditions and period of formation, rocks show different
resistances against external forces. In fact, the type of rock
as one of the geological factors, controls the rate of change
of rock facies and their transformation into rock debris, the
occurrence of landslides and the increase of soil generation
potential, and the creation of slopes with variable slopes and
finally the occurrence of landslides. It has been a slip. Its
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Fig. 8 Geology map

diverse geology and structure cause differences in the
stability and resistance of rocks, as well as the variety of
soil types. The type of geological formation of each area
plays an important role in the expansion of sliding zones.
Even some researchers consider lithology as a fundamental
factor in controlling landforms (Daei et al. 2001).

According to the geological map of the region on a scale
of 1:100000 prepared by the Geological Organization of the
country. The geological map is divided into five classes,
anhydrite, and gabbro (AN), thick dark glossy gray bedrock
with marble-shaped fossils (PJM), volcanic rocks with
interlayers of tuff, and magma (PJV), Alluvial flat foothill
deposits (QT2). And the shemshak formations of silites
were classified together with dark and gray slates (PJS).

In this research, the geological map of the region with a
scale of 1:100,000 was used to prepare the geological raster
map. The geological map is according to Fig. 8.

2.3.8 Distance from the fault
Faults play an effective role in creating or reactivating
areas with sliding potential.

2.4 Production of weighted control layers by a
continuous fuzzy method using a logistic function

A circular logistic transformation can play an important
role in many classification algorithms and detection
patterns, such as statistical methods, neural networks,
machine learning, and specialized systems (Yousefi and
Carranza 2015a). For example, Nikkanen et al. used a
logistic function for fuzzy scoring of continuous spatial
witness values. Yousefi et al. applied linear and non-linear
transformations (using the logistic function) to the
exploratory witness data and compared the results, and
showed that non-linear transformations are more suitable
for weighting.

There is a group of logistic functions that can be used to
transfer the data to the logistic space based on the minimum
and maximum values of the data and the slope changes
between them and to use the logistic function, and thus the
total data to the range between zero and are transferred. In
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this research, the logistic function of Eq. (1) has been used
to generate weighted control layers and assign fuzzy scores
to continuous values. Continuous data such as distance from
the fault, the density of waterways, slope, precipitation, and
height are assigned a weight between a minimum of zero
and a maximum of one without expert judgment. For this
purpose, the logistic function stated in Eq. (1) has been used
to fuzzify the witness maps (Yousefi and Nykénen 2016).

1

Fey = 1 4 e—sEV-D

(1
Fev :Fuzzy weight like Ey, i :Turning point, s :Slope of
the function, Ev: The numerical value of each criterion.
The values of i and s are obtained from Egs. (2) and (3).

i = EVmax '2|' EVmin (2)

§= 9-2 3)
EVmax - EVmin
Eymax: The value of the largest pixel
Eymin: The value of the smallest pixel
The criteria of the slope, height, precipitation,
watercourse density, and distance from the fault were
weighted using the continuous fuzzy method and logistic

function.

2.5 Production of weighted control layers by a
continuous fuzzy method using a logistic function

For two geological criteria and slope direction,
weighting is done using the classical fuzzy method. The
approach of this fuzzy modeling is based on the opinion of
experts and based on the unsupervised method, whereby
fuzzy evidence points are assigned to classified (discrete)
spatial data (weighting). In this research, according to
experts, geological criteria were divided into five classes,
slope direction criteria were divided into eight classes, and
digital witness maps were considered for all criteria
(Yousefi and Nykanen 2016).

2.6 Support vector machine algorithm

The support vector machine (SVM) algorithm is one of
the newest supervised classification methods, which is
based on learning theory and dimensional statistical theory
and follows the minimum structural risk. This method,
which has attracted the attention of a wide range of
researchers in different fields in the last few years, was first
presented by Vepnick in 1963. One of the features of this
method is that it can be used jointly for two classifications
(SVC) and regression (SVR) operations (Cristianini and
Shawe-Taylor 2000). This method includes a set of
classification functions, which has the ability to evaluate
errors and generalize the information appropriately, and by
using the information available in the layers of effective
factors and high repetition of modeling, it reduces the
complexity of the occurrence of landslides (Kornejadi and
Pourqasmi 2015).

This model includes a training stage with input and

output goal values . An algorithm (SVM) is used to evaluate
and test a set of data. Also, in recent years, due to its good
classification and regression performance, error tolerance,
and appropriate generalization, it has attract@¥3a lot of
attention. Based on this theory, the error rate bound of the
learning machine for unclassified data can be considered as
the generalized error rate. These limits are a function of the
total training error rate that shows the level of complexity of
the classifiers.

Support vector machine models are divided into two
main groups:

a) support vector machine classification model and b)
support vector machine regression model are divided.

The support vector machine classification model is used
to solve data classification problems that are placed in
different classes, and the support vector machine regression
model is used to solve prediction problems (Shokri et al.
2012). A support vector machine regression model is used
in this research. Support Vector Machine Regression Model
(SVR): As mentioned, Support Vector Machine is based on
minimizing the risk structure, which is taken from the
theory of statistical training (Vapnik 1995). For the
application of support vector machines in regression
problems, Vepnik used the error function called &, which
ignores the errors that are at a certain distance from the real
values. This function is defined as Eq. (4) (Basak and
Patranabis 2007).

for  |y-flxw)|<e

0few) =ly-fuwl, =) -fawl>e @

ly=fxw)=¢ for

This error function does not consider error values less
than &. We consider the problem of approximating a set of
the following data in Eq. (5) :

D ={(x*~yY)..(x"yH}. (x€R™.yeRY) (5

The regression function is estimated by the following
function in Eq. (6)

fG)=(w.x)+b (6)

that in this regard:
x: Input vector (x € R™)
y: output value (y € R™)
w: Weight vector (w € R™)
b: Bios (b € R™) & (*) Itis an internal multiplication.

By using the Vepnik loss function, the controlling
parameters of the optimal response function in SVM (that
is, the weight and bias function) are obtained by minimizing
the function in Egs. (7) and (8) (Cristianini and Shawe-
Taylor 2000).

O(w.§) = Zlwll* + CEi=y (7 + &) )
Vi —wx+b=e+§
subject tos ({w. x;}+ b)) —-b=e+ ¢ )

E"f;‘ —’ ':I

where Cis a predetermined value and &; a&;'re variables
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that determine the upper and lower limits of the system
output.

&: Acceptable error in the loss function is shown in Fig.
9.

[lw|I?: Soft weight vector

As it was said in the optimal regression function of
relation (7), it is the acceptable error in the loss function
and C is the regulating parameter ¢, and &* the Slack
variables, which are shown together with the loss function
in Fig. 9, have been (Cristianini and Shawe-Taylor 2000).

Based on the Lagrange theory, the optimization problem
of relation (7) can be converted into the Lagrange function
inEq. (9)

1

Lla*.a) = —¢ Z(af‘ +a;)
=y
ZZ(&

~ (@ —a)(x x,>

(9)

By maximizing the above function under the following
constraints, the values of coefficients a* aare obtained.
These coefficients are called Lagrange coefficients in Eq.

(10).
D=,

0<Kaj «C
0<Kaj <C

i=12..1 (10)

In the above relationships, L and C are penalty
parameters or adjustment parameters.

It is noteworthy that the above optimization problem can
be solved by nonlinear equation methods. As a result,
reaching the general extremum will be certain, and there is
no risk of getting trapped in the local extremum (Cristianini
and Shawe-Taylor 2000)Thus, the final answer will be as
follows in Egs. (11)-(13) (Dibike ef al. 2001).

Wo = Z (ai — apx; (11)

sup portvectos

bO = _(%)WO ' [xr + xs] (12)

f(x) = Z(a;‘ —a;)(x; " x) + by (13)

sup

In these equations:
x;=The input vector by which the model is trained
x =Input vector
X X, =TWO support vectors
w, =Optimal weight vector
b, =Optimal bias vector
Data whose corresponding Lagrange coefficients are
non-zero are known as support vectors. Geometrically,

these data have a prediction error greater than +e¢ .
Therefore, the support vectors are not included in the +¢
band, and the value of & controls the number of support
vectors; according to Eq. (11), it is observed that the data
whose Lagrange coefficient is zero do not have a role in the
final answer. In other words, they are the support vectors
that determine the final regression function with the optimal
response (Samui 2008). There are separate linear forms, an
optimal level that separates the data without error and with
the maximum distance between the plane and the nearest
training points (support vectors) is trained. If we define the
training points as [x;.y;] the input vectorx; € R™ , in the
case that the data can be separated linearly, the Equation
will be in the form of Eq. (14) (Shokri et al. 2012).

(14)

N
y = f(x) = sign IZ yiai{x;.x) + b

where yis the output of the Equation andy; is the class value
of the experimental sample x; The vector x =
(%1.%5 -+ .x,) indicates input data, and the vectors i =
1.2.---.Nx; are the support vectors. If the data cannot be
separated linearly, it is possible to move the samples to a
higher space by applying pre-processing. In this case,
relation (21-3) is written as Eq. (15) (Shokri et al. 2012).

y = f(x) = sign (15)

n
Z viaik(x.x;)) +b
i=1

The function k(x. x;) is a kernel function that generates
internal hits to create machines with different types of non-
linear levels in the data space (Shokri et al. 2012).

To build the support vector machine model,
parametersCe are defined by the user. The parameterC is a
regulatory parameter and can accept values from zero to
infinity. The role of this parameter is to create a balance
between minimizing the experimental risk and maximizing
the generalizability. Therefore, the effect of the principle of
structural risk minimization can be seen (Dibike et al.
2001). In other words, it can be said that the Cvalue creates
a balance between the performance of the model on the
training data and the test data. When large values are
assigned to this parameter, SVM does not allow errors to
occur in the training data, and the result will be a complex
model. On the other hand, when Cit tends to zero, the model
can accept a large error because as the value of this
parameter decreases, less attention is paid to the number of
slack variables, and the model is more sensitive to the
occurrence of errors on the training set. Shows less, and as a
result, the complexity of the model will be less (Dibike et
al. 2001).

The parametere can also accept values from zero to
infinity. The value of this parameter is very effective in the
state of the support vectors and, as a result, the efficiency of
the model. Although choosing very large values ecauses a
reduction in the number of support vectors and is desirable,
it is wrong to achieve this goal by widening the bande . On
the other hand, very small values of this parameter cause a
large number of support vectors to be selected, and the risk
of overtraining increases (Dibike et al. 2001).
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Table 1 Quantitative correlation of the area under the curve
(AUC) in the ROC method (Yesilnacar and Topla 2005)

Qualitative weak
0.5t00.6 0.6t00.7 0.7t00.8 0.8t00.9

Excellent
09to1

medium very good Good

The problem of linear regression in SVM can be easily
extended to non-linear regression. In this sense, kernel
functions are used. Kernel functions map the data to a
special space in which it is possible to use linear regression
(Cristianini and Shawe-Taylor 2000). The reason for using
kernel functions is to convert original non-linear data
patterns into a format that includes a separate line in a high-
dimensional special space (Yao et al. 2008). The selection
of different kernel functions in SVM model is very
important; although many kernel functions K ( X;.X;) have
already been proposed and used, only some of these kernels
are suitable for working in A wide variety of applications
that are known to be useful. The most important kernel
functions include the following functions(Yao et al. 2008).

Linear function K(X:.X) =X X

Polynomial function K(X;.X) = (v - X[ - X; +1)*

Radial basis function K(X;.Xj)= eV (xix))’

circular function (sigmoid) K (X;.X;) = tanh(y - X[ - X; +71)

wheredy, andr are parameters of kernel functions and are
entered manually.

2.6.1 The process of evaluating the effectiveness of
models

Validation is an essential part of landslide susceptibility,
and landslide susceptibility maps are worthless without
validation. In the current research, for each kernel used, a
zoning map of landslides in the studied area has been
prepared. 70% of the data was used for training, and 30% of
the data was used for testing. In order to evaluate the
support vector machine algorithms and the maps obtained
from each of the kernels, the following parameters have
been used:

A) ROC curve

To evaluate the performance of the functions in order to
predict the sensitivity of landslides in the region, the
criterion of the percentage of the area under the curve has
been used. ROC curve is a graph whose horizontal axis
includes (true positive or I-Specificity), and its vertical axis
includes (false positive or Sensitivity). A positive true is a
number of landslide pixels (value one) that are correctly
classified as landslides. False positives are the number of
landslide pixels (zero value) that are wrongly classified as
landslides. The area under this curve is called AUC, and the
model with the highest AUC value has a higher relative
performance. Both training data and test data have been
used to verify the accuracy of the location map of areas
sensitive to landslides. This means that the ROC curve and
the AUC value have been calculated for both training and
test data. If a model cannot estimate the landslide event

better from a probabilistic point of view, the AUC value
will be equal to 0.5, and the closer this value is to one, the
efficiency of the model will increase (Pontius and Schneider
2001). The higher the detection power of a te73he ROC
curve will be above the square diameter and, therefore, will
be closer to the ideal state ( Ghasemian et al. 2016). Based
on a conventional classification system, the surface under
the curve can be classified and interpreted according to the
Table 1 (Yesilnacar and Topla 2005).

B) Root mean square errors (RMSE)

The metric error value is in the same data as the original
data and is a statistical index that is used to evaluate the
efficiency of the model. RMSE measures the amount of
error between two data sets. This parameter usually
compares predicted values and measured values. Since, in
the calculation of RMSE, larger errors are more important
than small errors, this factor has become a common
criterion for error measurement [53]. A lower RMSE value
indicates a better performance of the sliding model
(Ghasemian et al. 2016). Its value is obtained from the Eqg.
(16).

X, (i — y0)? (16)
n

RMSE =

In the above Equation, we have:
x;: Predicted value
y;: real amount
n: Number of data
In this research, RMSE is calculated for the training data as
well as for the test data.

C) Correlation coefficient (R):
The correlation coefficient is a measure to measure the
correlation between predicted and measured values, which
is obtained from Eq. (17)
CJ/jdj

R_

=—— 17)
%74,

yj: measured output value (desired)

d;: model output value (predicted)

Cyjd]- . covariance between model output and measured
output

Ty, standard deviation of the measured output

Ta; standard deviation of model output

If the absolute value of the correlation coefficient is
greater than 0.8, according to Smith, there is a strong
correlation between the two data sets (Pontius and
Schneider 2001). In this research, R has been calculated for
both training data and test data. A higher value of R
indicates a better performance of the sliding model.

3. Result and discussion
3.1 Fuzzification (weighting) of information layers

Five criteria affecting the occurrence of landslides
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Fig. 9 Loss function and variables(Cristianini and Shawe-
Taylor 2000)

Fig. 10 Slope weighted map
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Fig. 11 Elevation weighted map

include: slope, height, precipitation, watercourse density,
and distance from the fault using the logistic function in
ArcGIS 10.4.1 software according to Figs. 10 to 14 and two
criteria for slope direction and geology with the help of
ArcSDM tool in ArcGIS 10.4.1 software were weighted
according to Figs. 15 and 16.
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Fig. 12 Rain weighted map
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Fig. 14 Fault distance weighted map

3.2 Combination of maps with support vector
machine method

After preparing the weighted (fuzzy) maps of the
effective factors in landslides, in the next step, these
weighted maps are combined with each other using the
Support Vector Machine (SVM) algorithm. For this
purpose, the desired program (code) has been written
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Fig. 15 Aspect weighted map
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Fig. 16 Geology weighted map

using the SVM toolbox in the Matlab software, which will
be explained below, but before that, the information
obtained from the weighted layers should be in the form of
Excel files. To be prepared as the output of the GIS
software and the input of the backup vector machine.

In the first step, the map of the studied area contains
4799 square pixels with dimensions of 100 meters. By using
GIS software, the desired pixels are converted into points.
Each of the available 4799 pixels should have the
characteristics of seven weighted information layers.
Therefore, in the GIS software, by entering each layer of
weighted information in the desired part, a table of 4799
desired points is obtained, where each point contains the
information of seven weighted layers. Finally, the prepared
table will be converted into an Excel file, which will be one
of the inputs of the support vector machine.

3.3 Sliding points and non-sliding points

In the second step, the points where landslides have
occurred have been identified using satellite images, as well
as areas prone to landslides on the map, and the number of
them is 81 points. These points, which are already marked
on the map, should be converted from Raster mode into

A landslidepoint

road
falut
| |landslide

Fig. 17 Landslide distribution map in the study area
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points that have the characteristics of seven weighted
information layers. Therefore, for each pixel with the
characteristics of all involved layers, a number of one has
been considered due to the occurrence of landslides. A table
in Excel format containing 81 definite landslide points will
be prepared as the output of the GIS software and the input
of the backup vector machine.

Landslides, the number of landslides that occurred in the
studied area was already known, which was identified using
satellite images and areas prone to and suspected of
landslides in the region, and many landslides can be
identified due to their small dimensions or appearance
similar to the adjacent domain in satellite images.
Therefore, to complete the information, all available
landslides have been visited in the field, and 81 landslide
points have been detected in the study area of Oshvand,
according to Fig. 17.

In the third step, 81 non-sliding points (equal to sliding
points) should be selected to have the characteristics of the
seven layers of the weighted witness. Therefore, for each
pixel with the characteristics of all involved layers, the
number zero has been considered due to the absence of
landslides. These points are usually chosen on low slopes
and inside waterways, where the probability of landslides is
negligible. The advantage of this method is the absence of
any intervention on the part of the expert on the possible
research results. For this purpose, we select the desired
points manually with the help of GIS software. The excel
file is formed with 81 non-landslide points, which will be
the input of the support vector machine. Eighty-one
landslide points and 81 non-landslide points will be used to
train and test the support vector machine algorithm. Fig. 18
shows the selected non-slip points.

3.4 Support vector machine modeling

The training data are defined according to Eq. (18).
x=({=12....n) (18)

where x; are a set of training cells. In the current research,
81 points as landslide occurrence points (y = 1)and 81



278 Vahed Ghiasi, Nur Irfah Mohd Pauzi, Shahab Karimi and Mahyar Yousefi

0 05 1 2 3 <
——— — A mater s

- nolandslide_point

Fig. 18 Non Landslide distribution map in the study area

other points as non-sliding points (y = 0), totaling 162
points, are used as inputs to the direction support vector
machine. Training and testing have been introduced.
Therefore, the input data will contain a matrix with 162
rows and eight columns (seven factors plus one or zero).

From this number, 70% of the data (113 pixels) is used
as a matrix with 113 rows and eight columns for training,
and 30% of the data (49 pixels) as a matrix with 49 rows
and eight columns are used for testing. The main goal of
building a model and testing it is to separate the set of
training and test samples. If the random samples collected
for training and testing are used simultaneously with the
random samples based on sliding pixel points, the model's
performance will increase (Kuang et al. 2020, Xinhua 2019,
Taner San 2014) This research uses the support vector
machine regression model for modeling. It was stated that
the support vector machine is part of the category of
supervised learning models (the model is trained with the
help of a supervisor) along with the relevant training
algorithms that are used in the analysis of data used in
regression and classification. Its basis is based on structural
minimization. Risk is taken from the theory of statistical
training.

In general, linear data regression rarely happens, and in
practice, the data placement is non-linear. Kernel functions
generate internal hits to create machines with different types
of non-linear levels in the data space. The kernel's task is to
take data as input and transform it into the required form.
Kernel functions are more useful in nonlinear separation
problems, which means that in problems where the data are
not linearly separable, the Equation of the separating plane
for the nonlinear state with the intervention of the kernel
function, which is responsible for mapping data from
nonlinear to linear space, Achieved. In this situation, the
non-linear method of support vector regression is used. In
this case, the input patterns are mapped to a space with
larger dimensions, so linear regression can be done in the
mapped space. Usually, finding a mapping related to a
specific kernel function or a kernel function related to a
special mapping is difficult and even impossible. The
selection of the kernel function is an important issue based
on the test, knowledge of classification and regression

issues, and theoretical considerations (Surmiri et al. 2020,
Tsai and Liao 2019, Ghannadpour and Mehrparvar 2020,
Feng et al. 2019, Erasto 2001).

In building an efficient support vector machine model,
model parameters must be accurately calculated using an
optimization method. These parameters are:

A- The type of kernel function used in modeling

B- Parametere: acceptable error in the loss function

C- Parameter C : This is a penalty or regulator
parameter that may be obtained by trial and error
or through an optimization algorithm.

D- Parameters of kernel functions: such asdyr , which
are used in polynomial kernels, radial, and sigmoid
basis functions.

The good performance of the regression function
depends on the good choice of parameters ¢«, C kernel
function, and parameters of kernel functions. Due to the
dependence of SVM model parameters, choosing the
optimal parameter is complicated.

In this research, four linear, polynomial, radial basis
function (RBF) (Gossin), and circular (sigmoid) kernels
have been used to train the support vector machine. The
linear kernel function is a special case of the polynomial
kernel function, a common and widely used function in
problems. The polynomial kernel function can be much
more useful in complex problems. Gaussian and circular
kernel functions are the most famous and widely used in
support vector machine problems. They are used in
problems with no information about the data type and
nature.

3.4.1 Support vector machine modeling using a linear
kernel function

Coding has been done in MATLAB using a linear
function. The input data matrix (Excel file), which contains
81 sliding points and 81 non-sliding points (162 points in
total), are each called individually by the software.

€C Parameters were optimized by trial and error. ¢ =
0.1 C =10000. The best support vector machine model
was generated using a linear kernel for values of and. For
the obtained model, the values of AUC, RMSE, R, and the
number of support vectors for the training and test data
were obtained according to Table 2.

Finally, the model produced by the linear kernel of the
support vector machine was applied and normalized on all
data. The output data from MATLAB software was re-
entered into GIS 10.4 software as an Excel file to visualize
the landslide susceptibility map. 1. The landslide sensitivity
map of Oshvand watershed is according to Fig. 19.

The area under the ROC curve can be used to evaluate
the model. Also, the values of root mean square errors
(RMSE) and correlation coefficient (R) have been
calculated. According to the Table 2, it can be seen that for
the training data, the values of RMSE and R are equal to
0.3887 and 0.6450, respectively. Also, the AUC value is
equal to 0.8709, which according to the presented
qualitative-quantitative correlation table, the efficiency of
the linear kernel model for landslide susceptibility zoning is
very good. Also, the ROC diagram obtained for training
data and the level under the curve is according to Fig. 20.
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Table 2 Final parameters of the model obtained by the linear kernel function

Number of
support vectors R RMSE AUC £ Cwo
Training data 99 0.6450 0.3887 0.8709 0.1 10000
Test data 94 0.6329 0.4046 0.8851 0.1 10000

Table 3 Final parameters of the model obtained by the polynomial kernel function

Number of
support vectors R RMSE AUC & ¢
Training data 90 0.6747 0.3872 0.9204 0.3 0.01
Test data 87 0.5921 0.4149 0.8256 0.3 0.01

- landslidepoint
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Fig. 19 The final map of landslide susceptibility in the
area based on the linear kernel function
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Fig. 20 ROC diagram for training data in linear kernel

Regarding the test data, as it is clear from Table 2, the
values of RMSE and R are equal to 0.4046 and 0.6329,
respectively. Also, the AUC value is equal to 0.8851, which
indicates the very good performance of the linear kernel
function. Also, the ROC diagram obtained for the test data
and the area under the curve are according to Fig. 21.

3.4.2 Support vector machine modeling using a
polynomial kernel function

In this part, support vector machine modeling is done
using the polynomial kernel function. As before, the input
data matrix Excel file, including 81 sliding points and 81
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Fig. 21 ROC diagram for test data in linear kernel
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Fig. 22 The final map of the susceptibility of landslides
in the region based on the polynomial kernel function

non-sliding points (162 points in total), are called separately
by MATLAB software. The process of machine learning is
like linear mode. 70% of the input points are used for
training, and 30% are used for testing.

eC Parameters were optimized by trial and error. For
values of e = 0.3 and C = 0.01 .The best support vector
machine model was generated using a polynomial kernel.
For the obtained model, the values of AUC, RMSE, R, and
the number of support vectors for the training and test data
were obtained according to Table 3.
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Table 4 The final parameters of the model obtained by the kernel Gaussian function

Number of R RMSE AUC € Cc
support vectors
Training data 67 0.8647 0.2543 0.9830 0.3 10000
Test data 74 0.5933 0.4763 0.8309 0.3 10000

ROC

True Positive Rale
o o

0.1 0.2 0.3 0.4 0s 06 07 08 0.9 1
False Positive Rate

Fig. 23 ROC plot for training data in polynomial kernel
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Fig. 24 ROC plot for test data in polynomial kernel

Landslide susceptibility map of Oshvand watershed
prepared by the polynomial kernel of support vector
machine is according to Fig. 22. According to the Table 3, it
can be seen that the values of root mean square errors
(RMSE) and correlation coefficient (R) for training data are
0.3872 and 0.6747, respectively. Also, the AUC value is
equal to 0.9204, which according to the qualitative-
quantitative correlation table, the effectiveness of the
polynomial kernel model for landslide susceptibility zoning
is excellent. Also, the ROC diagram obtained for the
training data and the level under the curve is according to
Fig. 23. Regarding the test data, as it is clear from the Table
3, the values of RMSE and R are equal to 0.4149 and
0.5921, respectively. Also, the AUC value is equal to
0.8256, which indicates the very good performance of the
polynomial kernel function. Also, the ROC diagram
obtained for the test data and the area under the curve are
according to Fig. 24.
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Fig. 25 The final map of the susceptibility of landslides
in the area based on the kernel Gaussian function

3.4.3 Support vector machine modeling using radial
or Gaussian basis kernel function

The relevant model is created using support vector
machine regression, the Gaussian kernel function, and
determining the relevant parameters. €C Parameters were
optimized by trial and error. € = 0.3C = 10000. The best
support vector machine model is generated using the
Gaussian kernel function for values. For the obtained
model, the values of AUC, RMSE, R, and the number of
support vectors for the training and test data were obtained
according to Table 4.

Landslide susceptibility map of Oshvand watershed
prepared by Kernel Gossin vector machine is according to
Fig. 25.

Table 4 shows that the values of root mean square errors
(RMSE) and correlation coefficient (R) for training data are
0.2543 and 0.8647, respectively. Also, the value of AUC is
equal to 0.9830, which according to the qualitative-
quantitative correlation table, the efficiency of the Cornell
Gossin  model for landslide susceptibility zoning is
excellent. Also, the ROC diagram obtained for the training
data and the level under the curve is according to Fig. 26.
As it is clear from Fig. 26, the ROC diagram has the
greatest distance from the square diameter, which indicates
the very high efficiency of the model.

Regarding the test data, as it is clear from Table 4, the
values of RMSE and R are equal to 0.4763 and 0.5933,
respectively. Also, the AUC value is equal to 0.8309, which
indicates the very good performance of the Gaussian kernel
function. Also, the ROC diagram obtained for the test data
and the area under the curve are according to Fig. 27.
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Table 5 The final parameters of the model obtained by the sigmoid kernel function

Number of R RMSE AUC £
support vectors Zgl
Training data 102 0.9827 0.096 0.9833 0.1 10000
Test data 96 0.6074 0.5401 0.8161 0.1 10000

ROC

AUC = 0.98305

rue Positive Rate

o
pd

0 0.1 0.2 03 0.4 05 06 0.7 08 09
False Positive Rate

Fig. 26 ROC diagram for training data in Gaussian kernel
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Fig. 27 ROC diagram for test data in Gaussian kernel

3.4.4 Support vector machine modeling using a
circular or sigmoid basis kernel function

Modeling has been created using support vector
machine regression, a circular kernel function (sigmoid),
and determining the relevant parameters. C Parameters
were optimized by trial and error. e = 0.1C = 10000 The
best support vector machine model is generated using the
sigmoid kernel function for values of and. For the obtained
model, the values of AUC, RMSE, R, and the number of
support vectors for the training and test data were obtained
according to Table 5.

Landslide susceptibility map of Oshvand watershed
prepared by the sigmoid kernel of support vector machine is
according to Fig. 28.
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Fig. 28 The final map of landslide susceptibility in the
region based on the sigmoid kernel function
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Fig. 29 ROC diagram for training data in sigmoid kernel

Table 5 shows that the values of root mean square errors
(RMSE) and correlation coefficient (R) for training data are
0.096 and 0.9827, respectively. Also, the AUC value is
equal to 0.9833, which according to the qualitative-
quantitative correlation table, the efficiency of the sigmoid
kernel model for landslide susceptibility zoning is excellent.
Also, the ROC diagram obtained for the training data and
the level under the curve is according to Fig. 29. As it is
clear from Fig. 29, the ROC diagram has the greatest
distance from the square diameter, indicating the model's
very high efficiency.

Regarding the test data, as it is clear from Table 4, the
values of RMSE and R are equal to 0.5401 and 0.6074,
respectively. Also, the AUC value is equal to 0.8161, which
indicates the very good performance of the sigmoid kernel
function. Also, the ROC diagram obtained for the test data
and the area under the curve are according to Fig. 30.
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Table 6 Summary of the results obtained using four
different kernels to prepare the zoning map

AUC RMSE R

] Education 0.8709 0.3887 0.6450
Linear kernel

Test 0.8851 0.4046 0.6329

Polynomial  Education 0.9204 0.3872 0.6747

kernel Test 0.8256 0.4149 0.5921

Colonel ¢ cation 09830 02543  0.8647

Gossin
Education 0.8309 0.4763 0.5923
Sigmoid kernel Education  0.9833 0.096 0.9827

ROC

AUC = 081609

o

rue Positive Rate

©

0 0.1 0.2 03 04 05 06 0.7 08
False Positive Rate

Fig. 30 ROC plot for test data in sigmoid kernel

4. Conclusions

According to the information, using a support vector
machine algorithm, linear, polynomial, Gaussian, and
sigmoid kernels were used to zoning the sensitivity of
landslides in Oshvand region. According to the separate
performance of each of the functions and the setting of
parameters required for modeling, the zoning map of the
area was obtained along with the parameters required to
evaluate the models. Table 6 summarizes the results
obtained using four different kernels.

As seen in the Table 6, among the four kernels used, the
numerical value of AUC in Gaussian and Sigmoid kernel
functions for training data is 0.9830 and 0.9833,
respectively, which is higher than other functions. In the
case of test data, this number has the highest values in the
linear and Gaussian kernel functions, which are 0.8851 and
0.83009, respectively. It was previously stated that the larger
the numerical value of AUC, the better the modeling has
been done.

In the case of the RMSE parameter, values close to zero
are more important. This parameter is equal to 0.096 and
0.2543, respectively, for the training data's sigmoid and
Gaussian kernel functions, which have the lowest values.
The lowest value of this parameter for test data is related to
linear and polynomial kernel functions.

The R parameter is the opposite of the RMSE
parameter; the closer its numerical value is to 1, the more
important it is. As seen in Table 6, the value of this
parameter in the case of the sigmoid kernel function for
training data is 0.9827, which is the highest value, and then
the Gaussian kernel function is in second place with a value
of 0.8647. The highest value of this parameter in the case of
test data is related to linear and sigmoid kernel functions,
which are 0.6329 and 0.6074, respectively.

According to the mentioned materials and also the
comparison of the landslide susceptibility maps obtained
from four different support vector machine models, it can
be concluded that the best model is the one obtained from
the kernel Gaussian function and the susceptibility zoning
map Landslide obtained from Kernel Gossin function is the
best-prepared map which is according to Fig. 25.
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