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Comparison of data mining models to assess landslide susceptibil-

ity in Karganeh Watershed, Lorestan Province, Iran

Ebrahim Karimi Sangchini!¥* Seyed Hossein Arami@ Ali Dastranj

ABSTRACT Landslide is the movement of materials on the slope (containing natural rocks, soil, artificial accumu-
lations or a mixture of them) that are moved downward by the force of gravity. Therefore, the preparation of landslide
susceptibility maps is very vigorous so that mitigate damaging effects. The aim of the research is to spatially landslide
susceptibility model via three methods of random forest (RF), maximum entropy (ME) and support vector machine
(SVM) algorithms, and compare the efficiency of these models in landslide susceptibility mapping in Karganeh Wa-
tershed, Lorestan Province, Iran. Landslide inventory map was primed via aerial photographs interpretation and general
field surveys. In this research, 16 vital landslide causal factors were reflected to search their spatial connotation to
landslide, established happening native geomorphological and human effects. Then, landslide susceptibility maps
were built via tree models in geographic information system (GIS). The ROC curve via AUC index was usage to
evaluate too compare landslide susceptibility models. Results presented that SVM model provided considerably higher
prediction accuracy of landslide susceptibility map in the Karganeh Watershed by ROC equal to 0.913. The subsequent
landslide susceptibility maps be able to be appropriate in fitting watershed management practices in this watershed.
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Introduction

Numerous forms of natural dangers and related tragedies
containing earthquakes, volcanic eruptions, tsunamis, cloud
burst, floods, soil erosion etc. happening the world and amongst
such troubling natural hazards landslides are the awful types of
greatest recurrent occurrences all everywhere the world [1-4].
Landslide is reason many monetary costs and lives yearly [5-6].
Every year, landslides have affected huge damages of life and
stuff, concluded the damages of forests, fruitful cultivated land,
habitation area, and network communication in addition to tour-
ist adverts. Additionally, alteration of the earth surface is also
responsible for devastating landslides. Consequently, landslides
are accountable for huge flooding and its hill areas, tsunami in
the seaside zones; river forms alterations sideways through geo-
morphic and topographical modifications [7-9]. Consequently,
landslide susceptibility mapping be able to be one of the key
phases in diminishing these costs. These maps are also vital tools
for engineers, geoscientists, planners, and managers to choice ap-
propriate sites for agriculture, construction, and other develop-
ment actions [10-12]. The analysis of landslides has drawn uni-
versal consideration mostly caused by cumulative alertness of the
socio-economic consequence of landslides, in addition to, the ag-
gregate burden of development on the highland situation [13].
Iran has confronted numerous categories of natural threats and
disasters, for example severe soil erosion concluded gully expan-
sion, vulgar floods, and disturbing landslides. So, because of the

numerous occurrences of landslides and huge financial damages
have develop national disasters of Iran. The landslide event in
Iran has caused about 500 billion financial damages. [14-15]. Es-
sentially, being of the sole natural structures for example physi-
ographic, environmental, climatic condition along by anthropo-
genic actions and its rising demand on natural resources are very
susceptible to landslides action in north part of mountainous ar-
eas in Iran [16-18]. Landslide susceptibility assessment is a vital
procedure for managing of natural tragedies. It is moreover an
important phase for integrated catchment management, hazard
mitigation, natural and urban design in government strategies
universal. There is no solitary method to recognize and prepare a
zoning map to measure the susceptibility caused by the wide se-
ries of happenings of landslides [19-22]. By applying logical
methods, a set of accurate tools is providing for the preparation
and best use of the landslide-zoning map, as well as the use of
landslide forecast models, which decreases the problem of land-
slide susceptibility identification and zoning [12, 15, 18, 23-30].
Consequently, for the perfect modeling of landslide susceptibil-
ity assessment forecast result has been mainly depends on the
availability of respectable quality information, the working scale
and the appropriate approach. In current years, data mining meth-
ods have been used due to their great accuracy and strong infor-
mation processing facility for example: Artificial Neural Net-
work [19, 31-32], Logistics Regression [11, 33-37].

The Forest method is one of machine learning and decision
tree modeling that assessment the connection among landslide
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happening and environmental factors via merging the results
achieved from unlike trees [19]. Between the researchers who
used Forest Algorithm in their studies for landslide susceptibility
zoning, we can reference [30, 38-42]. The fallouts of these re-
searchers' studies indicate that the random forest algorithm has
suitable accuracy in landslide susceptibility zoning. The Entropy
model is another machine learning method that has been usually
used in new year [19, 43-49] used the entropy method in their
studies to estimate landslide susceptibility. The fallouts of these
studies highlight the efficiency of the Entropy model in landslide
susceptibility zoning. Additional machine learning method is
Support Vector Algorithm (SVM), which was used in this study
for landslide susceptibility zoning. In their studies, [8, 19, 33, 50-
54] conducted landslide susceptibility zoning via the support
vector algorithm. The results of these researchers' studies estab-
lished the usefulness of the support vector algorithm in landslide
hazard zoning. Selecting the correct model that has great accu-
racy and truth can be extensively and efficiently used in the fore-
cast and management of landslides in the text of land surveying
package. In this study, an effort has been finished to use the
greatest real factors on the happening of landslides, in addition
to new machine learning approaches in the study area.

In this study, tree models of data mining including Forest,
Entropy and vector machine algorithms were related for land-
slide susceptibility assessment in Karganeh Watershed. Conse-
quently, so that perform our investigation aim now, it used 16
suitable landslides for this watershed area. Moreover, historic in-
formation of 95 landslide polygon were choice for promote de-
velopment in our investigation work. Lastly, three models using
in research have been validated via statistical examination of re-
ceiver working characteristics-area below curve (ROC-AUC),
thus, landslide susceptibility assessment be able to assistance the
planners for final management of environmental squalor and nat-
ural resources from delicate damages and eventually develop-
ment of economic action of this watershed area. The planned
methods use both the capability thoughts and ground fact at the
like time. This could be taken as a brand-new methodology to-
ward landslide zoning difficulties.

Materials and Methods

1. Study area

Karganeh Watershed is located between 33° 25’ 12" to 33°
37' 12" latitude and 48° 23’ 59" to 48° 44’ 24" longitude, occu-
pying about 294.2 sq km in the Lorestan Province, west of Iran
(Fig. 1). This watershed is one of the main sub basins of Karkheh
River. Altitude in the study area differs among 1,300 to 2,700 m.
Based on Iranian meteorological organization report; the average
annual precipitation in the watershed is 469 mm. This watershed
is located in the middle of Zagros Mountains. In terms of stratig-
raphy, Karganeh Basin has Bakhtiari, Gachsaran, Asmari, Kash-

kan, Amiran, Cretaceous limestones and contemporary sedi-

ments. 41% of this watershed is covered via rangelands and re-
sidual lands are covered by orchard, forest, agricultural and
rocky lands (about 59% from this watershed).

260000 280000

Legend
g Watershed boundary
Elevation (m)

High:2770 (024 8 Km

Lo

3700000

. Low : 1300

260000 280000
Fig.1 Location map of the study area

2. Landslide inventory map

One of the most important phases of landslide susceptibility
assessment is to identify and prepare a distribution map of cur-
rent landslides in the watershed. This map was prepared via as-
sembly the information associated with landslides or via analyz-
ing the data from remote sensing and GIS techniques. In current
research, a landslide inventory map was ready by field surveys,
local data, and aerial photographs interpretation. To make this
map for susceptibility assessment, one point was located each
100 hectares. As numerous points by landslides, the similar num-
ber of areas without landslides were taken (Figure 2).

3. Selection of effective factors

From literature review and studying conditions of Karganeh
Watershed, in total, 19 factors were chosen as effective factors
on landslide occurrence. The lithology map was ready from the
geological map (at a scale of 1:100,000) of this watershed
(http://www.gsi.ir/). The land use map prepared by the General
Department of Natural Resources of Lorestan was used and mod-
ified through field visits and Google Earth satellite images
(https://lorestan.frw.ir/). The roads system maps were ready
from the topographic map that was composed from National Ge-
ographic Organization of Iran (www.ngo-org.ir) at a scale of
1:1:50,000. Curving commonly shows the rate of slope/gradient
variations in an exact direction (Lombardo et al. 2014). In which
the curvature of the plan and profile represents the topographic
features of a watershed and defines a different landscape through
quantitative indicators [36, 55]. Therefore, curvature and its
forms are key factors for modelling of landslide susceptibility
modelling. Numerous key parameters i.e. distance to rivers,
roads and faults are deliberated most vigorous landslide effective
factors for assessment landslide hazard. Generally, in the great
mountainous area, nearer the streams regions are additional sus-
ceptible to landslide events. This is caused by dampening volume
of the shallow region from rivers water and variability features

of the nearby areas. Nearby this, the constancy of the slope is
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also accountable for river erosion at the slope and therefore this
factor has a benefit on landslide susceptibility modelling [56-57].
Hilly roads are extremely effects on the runoff form and activat-
ing the landslides events in a disturbing way. Nearby this, during
the building of roads in the mountainous regions, it has been ex-
tremely exaggerated land constancy and as costs, land actions
happen. The road map of the current research area has been com-
posed from Mapping Organization of Iran at a scale of 1:25.000
[2]. Distance to fault is too extremely activating factor adversary
the land movements and occupied it as a vigorous landslide ef-
fective factors. Fault are principally a wrecked and unbalanced
rock surface region, which is importantly pretentious variability
of the surface region, and disposed to land movements descend-
ing of the slope [58]. All of these linear factors have been digni-
fied via using Euclidean distance buffering in GIS platform.

Altitude is extremely associated with landslides and one of
the key factor used in assessment landslide hazard. It is generally
influence on vegetation cover, topographic features, human ac-
tion etc. on a region. Contingent on this effect factors altitude too
effects constancy of the slope [59]. The design of precipitation-
runoff is connected with precipitation. The strength and period
of the precipitation effects the infiltration volume of the whole
spaces and rises the gravity of the rock constituents owed to the
soaking volume. It is fact that heavy precipitation through
lengthy period reasons great frequency of landslide events. Slope
is the most vigorous factor for landslide effective factors owing
to the features of its constancy. Upper slope value is greatly
prone to landslide events and on the contrary. TPI is the amount
of'slope situation of a topographic feature. Generally, TPI is used
to separate among the central point elevation and the mediocre
altitude about the central point [60]. Positive and negative TPI
scores show the sites that are greater and lesser than the mediocre
nearby regions correspondingly. However, zero TPI score shows
that, the region is flat or an endless slope. The TPI has been cal-
culated via the next equation [61].

TPI = My — Yy My /0 (1)

Where, M, is the elevation of the middle point, M,, is the
elevation of the grid and n is the total number of neighborhood
region.

Generally, the erosional volume of a river is calculated
through SPI. In the case of landslide susceptibility modelling, it
is vital to distinguish the erosion capacity of the river, as it is
extremely accountable for the erosion of the riverside and the in-
fluence of the slope by subsiding or departures. Therefore, SPI is
taking into thought for landslide susceptibility modelling. If the
SPI score is great then erosional competence of a slope surface
is too great and on the contrary. The score of SPI was strong-
minded via next equation [62].

SPI = As * tanf 2)

Wherever, AS shows upslope causal region and  shows
the slope angle. Soil moisture of a region is recognized con-
cluded TWI examination [63-64]. So, TWI is vital for landslide

susceptibility modelling by way of it is mainly be contingent on
moisture form of land surface area wherever landslides happen-
ing. In this research, TWI was calculated by next equation [33].

TWI = In (2= ﬁ) 3)

Where, 45 characterize the area of catchment in m? and B

characterize the gradient of the slope in radians. Generally, vec-
tor dispersal is the diversity of location of the earth's surface,
which is used to characterize this factor via vectors vertical to the
earth's surface [65]. Through changing the vector delivery on a
level, the size of the subsequent vector that is got from the sum-
mation of vectors too changes, which stretches the idea of vector
ruggedness. Vector ruggedness measurement is condensed as
VRM. Soil texture too strongminded the form of landslide and
its frequency by way of it is responses on precipitation, absor-
bency, rigidity, vegetation cover etc. In the current research four
kinds of soil texture were documented i.e. clay, clay loam, loam
and sandy loam [66]. The features of rock mass be contingent on
numerous lithological elements that are hugely activating the
landslides happenings [67]. The lithological map of the current
research area was composed using the Geological Society of Iran
(GSI).

In the next phase, Tolerance and VIF tests were used in
SPSS software version 20 to determine the most effective factors.
In the investigation of collinearity between the factors. Tolerance
scores fewer than 0.1 and VIF scores bigger than 10 show collin-
earity between factors. The attendance of collinearity between
the factors reduces the accuracy of the landslide susceptibility
map [68]. Some works researches indicate that there are current
numerous methods to assess the multi collinearity, between them
greatest general are Pearson’s correlation coefficients, variance
inflation factors (VIF), tolerances (TOL) etc. [69-70]. In the cur-
rent research VIF and TOL methods was accustomed assessment
multi collinearity between the different landslide effective fac-
tors. The multi collinearity difficulties happen while the thresh-
old value of VIF is >five and TOL is <0.1. To compute the VIF
and TOL of multi collinearity the next equation has been used
[71].

TOL =1-R} )
1
VIF = -~ ()

Where, R]-2 characterize coefficient of multiple determina-
tion of j on the forecaster variables.

The results of the collinearity test using the Tolerance and
VIF indices are shown in Table 1. After investigation, slope,
slope direction, elevation classes, geology, distance from the
river, distance from the road, distance from the fault, river power
index (SPI), topographic moisture index (TWI) and slope length
index (LS), topographic position index (TPI), topographic rough-
ness index (TRI) and vector roughness measurement index
(VRM), land use, distance from the village, and rainfall were se-
lected as the most effective factors of landslide occurrence in the
Karganeh Watershed.
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Table 1 Collinearity test between effective factors in landslides

Factors Tolerance VIF Factors Tolerance VIF

Slope 0.62 1.6 Topographic Position Index (TPI) 0.8 1.06

Aspect 0.58 1.8 Topographic Roughness Index (TRI) 0.73 1.53
Elevation 0.54 2.3 Vector Roughness Measure (VRM) 0.32 2.6
Geology 0.67 2.3 Soil texture 0.012 13.1
Distance from river 0.78 1.02 Distance from village 0.82 1.61
Distance from road 0.39 3.1 NDVI index 0.035 16.1

Distance from fault 0.26 39 Curvature Index 0.063 18.4
River Power Index (SPI) 0.44 2.7 Landuse 0.29 4.1
Topographic Wetness Index (TWI) 0.51 35 Precipitation 0.48 2.1

slope length (LS) 0.26 2.5

4. Landslide susceptibility mapping via Forest
(RF)

The algorithm of Forest was principally presented through
Breiman. It is an ensemble-based machine learning classifier.
This algorithm is constructed on non-parametric multivariate sta-
tistical technique. The mechanism of RF is constructed on the
building of plentiful choice trees at the preliminary or training
period finished the joint act of catching and arbitrarily choice of
factors [72]. The catching methodology i.e. from the training da-
taset numerous trees are supernumerary all the method finished
subset in a Forest algorithm. Consequently, it shows that the sim-
ilar example became likelihoods numerous periods and others
could perhaps not be became likelihoods at all [73]. The applica-
tion of Forest has wide viewpoint in classification, regression
lengthways by in unverified learning. It is vital of two factors to
produce the Forest classifiers trees and these factors are Ntree i.e.
number of choice trees and Mtry i.e. number of variables. Any
caring of supposition does not require for founding the associa-
tion between descriptive and reply variables in a RF algorithm.
After determining the factors affecting the occurrence of land-
slides, a landslide susceptibility map was prepared using the For-
est algorithm. Forest model is one of the machine learning meth-
ods for decision tree modeling. In this study, R software and For-
est package were used in order to apply the Forest model in the
assessment of landslide susceptibility [40]. Finally, the final
landslide susceptibility map was zoned based on equal sizes in
five susceptibility classes (very low, low, medium, high and very
high) [11].

5. Landslide susceptibility mapping using En-
tropy

The Entropy method is one of the machine learning methods
that has a high spatial prediction ability in various environmental
fields [74]. The Entropy model first tries to find the relationships
between independent and dependent variables in order to provide
reality-based predictions. To use this model, to predict the be-
havior of a species or phenomenon, there is no need for points of
absence of that species or phenomenon; Rather, it uses a series
of influential factors (factors affecting the occurrence of land-
slides) as well as the presence points of that phenomenon (sliding
points for modeling). In this research, the Entropy model in
MaxEnt software was used in order to zone the sensitivity of
landslide occurrence. In order to use this model, first the inde-
pendent variables (factors affecting the occurrence of landslides)

and the dependent variables (points of occurrence of landslides)
were converted to the desired format and entered into the MaxEnt
software environment. Based on the principle of Entropy, this
model forms a network of communication between independent
and dependent variables [47]. Finally, the final landslide suscep-
tibility map was zoned based on equal sizes in five susceptibility
classes (very low, low, medium, high and very high) [11].

6. Landslide susceptibility mapping using Vector

Machine

This model is one of the supervised machine learning mod-
els used to classify and separate data. In other words, the Vector
Machine model divides the data into distinct groups after analy-
sis between independent and dependent variables. In the Vector
Machine algorithm, each data sample is drawn as a point in the
n-dimensional space on the data scatter diagram (n is the number
of features of a data sample) and the value of each feature related
to the data determines one of the components of the coordinates
of the point on the diagram. The main idea of this algorithm is a
binary classification using training points, which transforms the
original input space into a space with higher dimensions to find
a desirable hyperplane. The training points that are close to the
desired plane are called support vectors. Once the decision level
is obtained, it can be used to estimate new data [50]. In this study,
ModEco software and Vector Machine algorithm have been used
in order to procedure the Vector Machine model.

7. Evaluation of landslide susceptibility models

The efficiency of the landslide susceptibility models can be
evaluated using ROC curve (operating characteristic). The ROC
curve is a diagram in which the pixels' relation that is correctly
forecast the happening or non-happening of landslides (True Pos-
itive) is plotted in contrast to the increase quantity that is the pix-
els' relation that is incorrectly forecast. As previously stated, the
susceptibility model, calculates the revolution in probability in
each pixel in a incessant fury of zero and one. By decisive a
threshold (e.g. 0.5) the model's production can be rehabilitated to
a separate scale of zero and one e.g. the pixels in which that the
alteration probability is extra than their threshold, take 1 and pix-
els in which the change probability is fewer than their threshold
takings 0 and the output is obtainable as a map. By comparing
this with the landslide inventory, the pixels' ratio can be planned
in ROC diagram. The ROC index equivalents to the region below
the curve [50].
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Results and Discussion

1. Landslide inventory map

Landslide inventory map indicated that there are 37 scat-
tered landslides in the Karganeh Watershed. Exaggerated total
area through landslide is 635 ha (2.23% of the watershed area).

2. Explain of effective factors

The map of factors inducing the happening of landslides in
Karganeh Watershed is displayed in figure (3). The most im-
portant factors affecting landslides in the region include slope,
slope direction, elevation classes, geology, drainage network
(distance from the river), road (distance from the road), distance
from the village, fault (distance from the fault), topographic in-
dicators (river power index (SPI), topographic moisture index
(TWI) and slope length index (LS)), geomorphological indices
(topographic position index (TPI), topographic roughness index
(TRI) and vector strength index (VRM)) of land use and precip-
itation were identified and analyzed. Nandi and Shakur [66], 7
factors of slope degree, soil type, soil erodibility, soil index, veg-
etation pattern, rainfall and proximity to waterway. They chose
the studied basins as factors affecting landslides. Shano et al. [36]
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from lithology factors, groundwater conditions, distance from
the fault, morphometric parameters (slope, direction and curva-
ture), land use and precipitation, Tyagi et al. [64] from seismic
data parameters, precipitation, DEM, SPI, TWI, Drainage net-
work, slope, direction and water reservoirs. Based on the sensi-
tivity results, slope length factors (LS, slope and topographic
roughness index (TRI) were found to be the most sensitive fac-
tors in the occurrence of landslides in the studied area.
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3. Landslide susceptibility zonation

51

Using the resulting models, the landslide susceptibility maps was produced and classified in very low, low, medium, high, and very

high classes (Table 2 and Fig 3).

Table 2 The distribution of area in different landslide susceptibility classes

Forest Entropy Vector Machine
Susceptibility class Area (ha) % Area Area (ha) % Area Area (ha) % Area
Very low 19681.29 66.9 7709.38 26.2 15240.48 51.8
Low 1691.32 5.7 7134.48 242 3772.63 12.8
Medium 799.74 2.7 6347.89 21.6 1774.75 6.1
High 992.39 34 7342.38 25 4501.64 15.3
Very high 6251.5 21.3 882.13 3 4126.74 14
Total 29416.24 100 29416.24 100 29416.24 100
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Fig.3 Landslide susceptibility maps based on, a: Random Forest (RF), b:

Machine (SVM)

The results of the validation evaluation of the models used
in this research using the ROC curve method are shown in Figure
4. The area under the ROC index diagram for the validation of
the Entropy model was 0.787, the area under the ROC index di-
agram was 0.913 for the validation of the Vector Machine model,
the area under the ROC index diagram for validation Forest
model measurement was 0.865. This shows that the models used
in zoning and determining landslide prone areas in Karganeh
Watershed have a very good capability. The Vector Machine
model with ROC equal to 0.913 was selected as the best model
in landslide risk assessment in Karganeh Watershed. The En-
tropy model calculates the complex distribution algorithm and by
providing diverse results, it helps a lot to understand the phenom-
enon and process of occurrence and reaction of factors. This
method is one of the quantitative methods of determining sensi-
tivity and it is one of the models that has received a lot of atten-
tion in the last 10 years and has been used by researchers in dif-
ferent parts of the world. Convertino et al. [44] in Italy and Kim
et al. [45] in South Korea have used the Entropy method in their
studies. Based on the results obtained from this model, 50.2% of
the area of the area is in the very low and low sensitivity class,
21.6% is in the medium sensitivity class, and 28% is in the high
and very high sensitivity regionalization level. After evaluating
this model with the ROC index, the amount of surface area under
the graph in the validation stage was 0.787, this result indicates
the average capability of the model in zoning and determining
areas prone to landslide susceptibility in Karganeh Watershed.
The Vector Machine model is one of the supervised machine
learning models used to classify and separate data. The main idea

Maximum Entropy (ME), c: Support Vector

of this algorithm is a binary classification using training points,
which transforms the original input space into a space with
higher dimensions, in order to find a desirable hyperplane. The
training points that are close to the desired plane are called sup-
port vectors. Once the decision level is obtained, it can be used
to estimate new data. Hang et al. [33], Pandey et al. [47] Lee et
al. [51] and Pham et al. [50] and Yang et al. [76] have used the
SVM algorithm in their studies for landslide susceptibility zon-
ing. Based on the results obtained from this model, 64.6% of the
district surface area is in the very low and low sensitivity class,
6.1% is in the medium sensitivity class, and 29.3% is in the high
and very high sensitivity area. The amount of surface area under
the ROC index diagram was obtained at 0.913 in the validation
stage, which indicates the very good capability of the model in
determining areas prone to landslide susceptibility in the Karga-
neh Watershed. The Forest model forms a cluster of decision
trees. During the modeling, it involves the effective underlying
factors and the evidence of landslide occurrence. Moreover, with
high repetition, it removes the inefficient decision branches in
the modeling process and finally continuously improves the pre-
dictions. By minimizing the prediction error, it has a very high
power in predicting landslide susceptibility. Similar results have
been obtained in the researches of [20-21, 73,76]. Based on the
results obtained from this model, 72.6% of the area of the district
is in the very low and low sensitivity class, 2.7% in the medium
sensitivity class, and 24.7% of the area is in the high and very
high sensitivity class.
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4. Determining the most important parameters
affecting the occurrence of landslides

After selecting the best model, the outputs of this model
were used as the base model to determine the most important fac-
tor influencing the occurrence of landslides in the Karganeh Wa-
tershed. Figure (5) shows the results of the Kappa index diagram

0.663
0.563
0.463
0.363
0.263
0.163
0.063
-0.037

to determine the most important influencing parameters and the
contribution of each parameter in the prediction of the Vector
Machine model. According to the diagram, geological indicators,
land use, slope, topographic roughness index (TRI), slope length
and slope direction are the most important influencing parame-
ters. Slope is one of the influential parameters in domain insta-
bilities. In factors such, as water penetration in the slopes, the
failure angle and soil adhesion. Many researches have empha-
sized the direct role of slope and its effect on landslides [56-
57,77]. Landslide susceptibility increases with increasing slope.
It is found that it represents the increase of gravity force in high
slopes. Therefore, the slope factor compared to the height is in-
troduced as a better and more complete factor (in terms of avail-
able gravity information) for landslide susceptibility modeling.
The slope length index (LS) or sediment transport (STI) repre-
sents It is the carrying capacity of the waterway. It actually de-
termines the effect of topography on erosion. The longer the
slope is, the higher the sediment carrying capacity is, and the
condition of landslides on the side of the waterway increases. An
increase in the topographic roughness index (TRI) indicates up-
lift and nontectonic activity. An increase in this index leads to
more surface roughness and an increase in slope, which makes
landslides more prone to occur.

Kappa value

Without this factor

B Only this factor

Fig.5 The results of the Kappa index diagram to determine the most important influencing parameters

Conclusion

In this study, it was tried to use all effective factors in order
to evaluate landslide susceptibility in Karganeh Watershed. Prin-
cipal component analysis (PCA), tolerance and VIF were used to
determine the relationship between the factors influencing the
occurrence of landslides and to determine the most effective fac-
tors. In order to determine the best method of landslide sensitiv-
ity, three machine learning models including: Entropy, Forest
and Vector Machine model were used in Karganeh Watershed.
In order to model landslide susceptibility, 70% of landslide
points were used for model training and 30% of landslide data

were used for model validation. The amount of surface area un-
der the ROC index diagram was obtained at 0.865 in the valida-
tion stage, which indicates the good capability of the model in
determining landslide susceptibility areas in Karganeh Water-
shed. According to the results obtained from the evaluation of the
models using the area under the ROC curve, the Vector Machine
model was selected as the best model in the zoning of landslide
susceptibility in Karganeh Watershed. This shows that this
model has high accuracy in evaluating the landslide susceptibil-
ity in the studied area. By comparing the results obtained with
the real conditions through field visits, there is a very high agree-
ment between the results of the landslide susceptibility map us-
ing the SVM and the actual evidence in the study area. According
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to the landslide susceptibility map using the SVM model, the ar-
eas with high susceptibility are located on the steep slopes up-
stream and at high altitudes, which caused the upstream material
to fall down due to the high slope and the effect of gravity. In
addition, a large part of the studied area is in low slopes with
agricultural and orchards, which have low and very low suscep-
tibility in terms of landslide occurrence. The Karganeh Water-
shed’s situations for example climatic condition, geology, rough-
ness, geomorphology and tectonic conditions in addition to hu-
man compression factors such as land use and roads changes has
formed a suitable background for the landslide that its happening
is nearby 95 suitcases with estimated about 635 hectares in wa-
tershed. After the zonation using the Vector Machine model in
Karganeh Watershed, nearby 24.7% of the watershed area is
placed in high and very high susceptibility classes, which it is
presentation high susceptibility to landslide for this watershed
that must be deliberated in Susceptibility management, landslide
damages and land use planning. Changing the rangeland to rain
fed farming and road construction is completed severely in Kar-
ganeh Watershed throughout recent years and led to awarding
great role of human factors on landslide in comparing other fac-
tors.
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