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Abstract
The Doab Samsami watershed is located in the Chaharmahal Va Bakhtiari province, and serves as one of the main tributaries

of the Karoon River Basin. Using aerial photos interpretation and field studies, a landslide distribution map for the study area
was prepared. Thirty-seven cases of landslide incidents were observed. Nine parameters including elevation, slope, aspect,
lithology, distances from fault, stream and roads, land use, and annual precipitation were chosen as landslide determinant
factors. Potential landslide hazard maps were prepared using the multivariate stepwise regression model and the logistic
multivariate regression model; which were subsequently compared with field data. ROC Index was also considered for the
models’ accuracy assessment. According to the research results, the logistic multivariate regression model was considered
as the superior model for Doab Samsami watershed with an ROC equal to 0.865. Furthermore, the results revealed that
about 46% of the watershed area was located in high and very high hazard zones among others. The obtained landslide

susceptibility maps may be promising in appropriate watershed management practices and for a sustainable development in

the regions characterized by conditions similar to the study area.
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1. Introduction

Landslides are one of the most important natural
hazards, causing enormous financial and life losses on an
annual basis worldwide (Kelarestaghi and Ahmadi, 2009).
Landslides are amongst the most catastrophic natural
hazards in mountainous terrains. The study of landslides
has received attentions throughout the world mainly due
to the increasing awareness regarding the socio-economic
impact of landslides, as well as, the increasing pressure of
urbanization on the mountainous landscape (Aleotti and
Chowdhury, 1999). Each year, the phenomenon of landslides
occurs around many parts of the world including Iran. By
the end of September 2007, 4,900 landslides were recorded
and the losses resulting from mass movements in Iran were
estimated at about 317 million US dollar (Pourghasemi et al.,
2013). The burying of Abikar village of the Charmahal Va
Bakhtiari Province in the spring of 1997 is one of the most
obvious catastrophic examples of landslide damages in the

Iran. The volume of material transported by this landslide

was 9 million cubic meters. Abikar village with all its 55
residents was buried under the materials of the landslide.
Hence, landslide susceptibility mapping can be one of the
preliminary steps to minimize such costs (Regmi et al.,
2014). Also, landslide susceptibility assessment is found
to be a crucial process for the prediction and management
of natural disasters. Additionally, it can be considered as a
necessary step for integrated watershed management, hazard
mitigation, natural and urban planning in government
policies worldwide (Dahal et al., 2008; Kayastha et al., 2012).
The identification and classification of landslide-prone
areas and the susceptibility zonation is a great step in the
evaluation of environmental hazards and can make a great
contribution to the watershed management (Sakar, 1995).
Landslide susceptibility assessment is conducted using three
approaches, namely the qualitative, semi-quantitative, and
quantitative approaches (Lee and Jones, 2004). Quantitative
methods are inspired by mathematical logic, the correlation

between factors, and landslide occurrence which include
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bivariate regression analysis (Guzzetti 2002; Nandi and
Shakoor, 2009; Yilmaz et al., 2012; Bijukchhen et al., 2013;
Jaafari et al., 2014; Youssef et al., 2015b), logistic regression
(Ayalew and Yamagishi, 2005; Park et al., 2013; Karimi
Sangchini et al., 2014; Karimi Sangchini et al., 2015; Dou et
al., 2015a; Dou et al., 2015b), Certainty Factor Model (Dou
et al., 2014; Dou et al., 2015a ), genetic algorithm (Dou et
al., 2015c¢), fuzzy logic (Gupta et al., 2008; Tangestani 2009;
Pourghasemi et al., 2012), and artificial neural network
model (Caniani et al., 2008; Pradhan et al., 2010; Zare et al.,
2013; Polykretis et al., 2015; Dou et al., 2015b). Qualitative
methods are based on expert opinions (Rahman and Saha,
2008; Karimi Sangchini et al., 2011; Karimi Sangchini et
al., 2016). Qualitative methods which utilize weighting and
rating approaches are known as semi-quantitative methods
(Yalcin, 2008). Some examples of such methods are the
analytic hierarchy process (AHP) (Yalcin, 2008; Komac,
2006; Rahman and Saha, 2008; Ercanoglu et al., 2008;
Akgun and Turk, 2010; Pourghasemi et al., 2012; Awawdeh
et al., 2018) and weighted linear combination (Gorsevski et
al., 2006; Kouli et al., 2010). Traditionally, the multivariate
logistic regression approach has been applied by various
researchers (Yesilnacar and Topal, 2005; Nandi and Shakoor,
2009; Felicisimo et al., 2013; Karimi Sangchini et al.,
2016). In the previous research works, the abovementioned
models had been used in a separate manner. The proposed
methodologies use both expert opinions and ground truth

simultaneously.

To generate statistics-based susceptibility maps, many
modeling approaches for landslide hazard prediction can be
applied. Logistic regression and discriminant analysis are
the most frequently used models (Brenning, 2005). Logistic
regression and statistical models have been developed using
the geographic information system (GIS) for landslide
hazard zonation (Lee et al., 2010). The multivariate approach
was adopted by various practitioners worldwide (Yesilnacar
and Topal, 2005; Nandi and Shakoor, 2009; Felicisimo et
al., 2013). In the present research, landslide susceptibility
mapping with a logistic regression and stepwise multivariate
statistical models were used to determine the landslide-prone
areas for the sake of landslide hazard management in Doab
Samsami watershed.

2. Materials and Methods

2.1. Study Area
Doab Samsami Watershed is spanned over coordinates

421386 to 447042 E and 3550345 3568932 N, covering
an area of 276.3 km2 in the Chaharmahal Va Bakhtiari
Province, southwest of Iran (Figure 1). This watershed is one
of the major sub basins of the Karoon River. The elevation in
the study area varies from 1,775 to 3,825 m above sea level.

According to the Iran meteorological organization report,
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the average annual precipitation in the study area is 970 mm.
This watershed is nestled in the middle of Zagros Mountains.
Subsequent erosion has removed erodible rocks, such as
mudstone, and siltstone while leaving behind harder rocks
exposed, such as limestone, and dolomite. This differential
erosion has formed the linear ridges of the Zagros Mountains.
Rangelands account for 66 % of this region and the rest of the
area is covered by orchards, forests, agricultural and rocky

lands.
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Figure 1. Location map of the study area.
2.2. Landslide Inventory Map
Landslide inventory maps are prepared by gathering
the information and data on landslides, or by analyzing the
data obtained from remote sensing and GIS techniques. In
the current research, a landslide inventory map was prepared
using field reconnaissance, local information, and aerial
photograph interpretation.
2.3. Selection and Effective Factor Classification
According to the literature review and field conditions
of Doab Samsami watershed, a total of nine factors
including altitude, slope percentage, slope aspect, lithology,
distance from faults, rivers, village and roads, land use,
and precipitation amount were chosen as main determinant
factors of land sliding. In the next stage, the area and
landslide percentage, the density ratio, and landslide density
percentage, in each class of these nine landslide factors, were
calculated.
2.3.1. Landslide Determinant Factors
Those determinant factors in the occurrence of a landslide
are described below (Table 1 and Figure 2). . Vector-type
spatial database was extracted through transforming such
factors using the ArcGIS 9.3 (ESRI 2008). The resolutions of
the girds of the causative factors are 30x30 meters.
2.3.2. Topographical Factors
A digital elevation model (DEM) was created from
20m interval contours and survey base points which were
extracted from the 1: 50,000-scale topographic maps
(Cartographic Center of Iran, 2003). Based on this DEM,

altitude, slope percentage, and slope aspect were prepared.
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Altitude was classified into eleven classes with 200 m
intervals (Karimi Sangchini et al., 2016). Slope percentage
was grouped in six classes of 0-5°, 6-15°, 16-25°, 26-35°, 36-
45°, and >45° (Kelarestaghi and Ahmadi, 2009). Slope aspect
was classified into eight classes of N, NE, E, SE, S, SW, W,
and NW. The slope conditions have received great attention,
as slope configuration and steepness play an important role

in landslide occurrence (Table 1 and Figure 2 (a-c)).

2.3.3. Lithology

The underlying geology is found to be one of the
most substantial factors for landslide modeling. Different
geological formations are characterized by various
compositions and structures which in turn contribute
to the strength of the material. In the current research,
a 1: 100,000-scale geological map (Geological Survey
and Mineral Explorations of Iran, 1996) was applied to
lithology mapping which was then classified according
to the lithological units (type) into eleven groups (Table 1
and Figure 2d). Geological formations in this watershed
were fossiliferous marly limestones with intercalations
of marls and sandy limestones (OM2), white nummulitic
limestones, marly limstones and dolomitic limestones
(EO), mainly orbitolina limstones, locally evaporites in
the lower part (K), shale and marls interbedded with marly
limstones containing Ammonites and Inceramuses (KS8),
marly fossiliferous limestones and thin sandy argillaceous
limestones (K7), recent terraces and recent alluviumes (Qal),
old terraces deposits (Qt and QR), carbonate-dominated
sedimentary package with shale-marl intervals (Pd), and red

conglomerates (mainly chert pebbles), sandstones (locally
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with volcanic intercalations), and silstone with evaporites

intercalations (E).
2.3.4. Distance from Faults, Streams, and Roads
A topographical map was used to extract distance to

streams, whereas, a distance to faults map was calculated
drawing upon the geological map of the study area
(Pourghasemi et al., 2012). On the other hand, the distance to
roads map was prepared using a road map of the study area.
The distance to faults factor was classified into five classes
of 0-500, 500-1300, 1300-2300, 2300-3500, and >3500 m. In
the case of distance from streams, there were seven classes
with 50m intervals. As for the factor of distance from roads,
there were six classes of 0-75, 75-150, 150-225, 225-300,
300-500, and >500 m (Table 1 and Figure 2e-g).
2.3.5. Land Use

The land use map was developed using Landsat images
provided by Iranian forest, rangeland, and watershed
management  (http:/www.frw.org.ir/pageid/34/language/
en-US/Default.aspx). Five classes of rocky land, poor range,
medium range, irrigated farming, and dry farming were
detected in the study area (Karimi Sangchini et al., 2016)
(Table 1 and Figure 2h).

2.3.6. Precipitation
There is no doubt that precipitation is the most important

triggering factor in landslides (Naghibi et al., 2015). This
factor was mapped using Inverse Distance Weighting (IDW)
Interpolation method and classified into five classes of 850-
1000, 1000-1200, 1200-1400, 1400-1600, and >1600 mm in
the study area (Table 1 and Figure 2i) (Karimi Sangchini et
al., 2014).

Table 1. Calculation of the final susceptibility value of each identified land unit

Total
area (ha)

Data layers

area (A)

% of total

% of area
landslide (B)

area of
Landslide

Area density
value

N 1719.99 6.23 30.38 4.79 -5.32
NE 7715.25 27.93 262.21 41.30 11.01
E 2518.976 9.12 125.04 19.70 26.66
SE 2455.739 8.89 49.94 7.87 -2.64
N 4798.129 17.37 85.43 13.46 -5.17
SW 4676.126 16.93 59.57 9.38 -10.24
A 1370.671 4.96 0.00 0.00 -22.98
NwW 2372.664 8.59 22.29 3.51 -13.58
e ]
1775-1900 461.9037 1.67 57.97 9.13 102.53
1900-2100 2932.099 10.61 289.84 45.65 75.87
2100-2300 5057.21 18.30 172.11 27.11 11.05
2300-2500 4882.323 17.67 25.45 4.01 -17.77
2500-2700 4593.758 16.63 53.76 8.47 -11.28
2700-2900 3952.74 14.31 35.73 5.63 -13.94
2900-3100 2929.929 10.61 0.00 0.00 -22.98
3100-3300 860.752 3.12 0.00 0.00 -22.98
3300-3500 1532.477 5.55 0.00 0.00 -22.98




Karimi-Sangchini et al. / JJEES (2020) 11 (3): 174-182

177

Data layers Total % of total area qf % of.area Area density
? area (ha) area (A) Landslide landslide (B)
3500-3700 382.009 1.38 0.00 0.00 -22.98
3700-3825 43.83642 0.16 0.00 0.00 -22.98
sy ]
0-5 201.0076 0.73 21.17 3.33 82.34
6-15 2119.803 7.67 59.33 9.35 5.01
16-25 4522.01 16.37 244.67 38.54 31.13
26-35 2157.286 7.81 112.02 17.65 28.95
36-45 492.5005 1.78 7.39 1.16 -1.97
>45 18136.12 65.65 190.28 29.97 -12.49
| Geogyunss ]
OM2 449.9949 1.63 3.30 0.52 -15.63
E 190.4042 0.69 0.18 0.03 -22.04
EO 11334.27 41.03 27.59 435 -20.54
QR 1297.833 4.70 179.93 28.34 115.66
K 5018.204 18.16 10.84 1.71 -20.82
Qal 201.7005 0.73 46.45 7.32 207.33
Pd 898.8312 3.25 114.50 18.03 104.41
Qtl 542.9987 1.97 85.34 13.44 134.18
Qt2 399.7744 1.45 14.76 2.33 13.95
K8 2948.512 10.67 150.77 23.75 28.16
K7 3555.478 12.87 1.21 0.19 -22.64
| eweetomfltey ]
0-500 2463.077 8.92 94.81 14.93 15.51
500-1300 3740.476 13.54 192.53 30.33 28.49
1300-2300 4152.376 15.03 141.37 22.27 11.07
2300-3500 6133.214 22.20 114.22 17.99 -4.35
>3500 11139.89 40.32 91.94 14.48 -14.72
| dsweefomsweanmey ]
0-50 2092.495 7.57 51.84 8.17 1.80
50-100 2011.261 7.28 52.52 8.27 3.14
100-150 1942.973 7.03 51.18 8.06 3.36
150-200 1882.406 6.81 47.21 7.44 2.10
200-300 3563.991 12.90 84.96 13.38 0.86
300-450 4803.816 17.39 106.37 16.76 -0.83
>450 11331.47 41.02 240.77 37.92 -1.73
| dsctomrodey ]
0-75 1583.822 5.73 140.51 22.13 65.74
75-150 1372.74 4.97 125.47 19.76 68.42
150-225 1234.877 4.47 109.28 17.21 65.52
225-300 1134.911 4.11 92.53 14.57 58.55
300-500 2622.979 9.49 121.87 19.20 23.49
>500 19679.09 71.23 45.20 7.12 -20.68
el - ]
Rocky land 5512.351 19.95 0.59 0.09 -22.87
Rainfed agriculture 1645.76 5.96 10.04 1.58 -16.88
Irrigated agriculture 2214.199 8.01 155.03 24.42 47.04
Poor range 12072.93 43.70 391.81 61.72 9.48
Medium range 6183.487 22.38 77.39 12.19 -10.46

780-900 10589.69 38.33 539.27 84.94 27.95

900-1000 7996.283 28.94 69.14 10.89 -14.33
1000-1100 6078.483 22.00 26.45 4.17 -18.63
1100-1200 2292.567 8.30 0.00 0.00 -22.98
1200-1260 671.9949 243 0.00 0.00 -22.98
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Figure 2. Landslide conditioning factors; a aspect, b elevation, ¢ slope percentage, d lithology, e, f and g distance from fault, stream and road

respectively, h land use, i precipitation.



Karimi-Sangchini et al. / JJEES (2020) 11 (3): 174-182

2.4. Landslide Susceptibility Mapping Using Logistic Regression
Model In order to determine the zonation of landslide

susceptibility using logistic statistical regression, the
landslide density in each class of the nine causative
parameters was calculated. To this end, through integrating
maps of several factors, a homogeneous units’ map was
prepared. Homogeneous units were created by combining all
the maps of effective factors, and had a unit value in terms
of the characteristics of the effective factors. After overlying
the homogeneous units’ map on the landslide distribution
map, the units of the landslide were specified, and all of the
homogeneous landslide units were scored by the code (1),
and all those with no landslide units were scored by the code
(0). The absence or presence of landslide in the homogeneous
units being a dependent variable, and the landslide density
percentage in each class of the nine parameters in units being
an independent variable were entered in the R statistical
software. Logistic regression equation is as follows according
to Ayalew and Yamagishi (2005):

M

where p is the probability of independent variable (Y),
p/(1-p) denotes the so-called odds or the likelihood ratio, C;

is the intercept, C,, C,,....C, are coefficients (which measure

Y = Logit(p) = In (ﬁ) = Co+ CiXy + CoXp + -+ CuXyy oo

the size and the contribution of independent factors (X,
X,,
of factors as independent variables, and the presence or

... and X ) in a dependent variable). Using the density

absence of landslides as the dependent variable, is an attempt
to determine the best equation as follows that is meaningful
at 0.01 % error level. Using the resulting model, the landslide
susceptibility map was produced and classified into very
low, low, medium, high, very high classes.

Y=(- 2.097 +(0.0074)*4spect +(0.012)

*Precipitation +(0.061)*Elevation +(0.0055)

*Geology -(0.0288)*Fault -(0.1875)*Stream) (2)

2.5. Landslide Susceptibility Mapping Using Stepwise Regression

Model
To determine the numerical value of qualitative factors in

different parameters (aspect, land use, and lithology), AHP
was utilized, and the parameters were weighted according to
slippage (landslide) rate in the factors’ different classes, and
the weight of each factor was assessed after making paired
comparisons between classes (show the matrix of AHP). The
nine layers were integrated together in a GIS environment,

and the map of homogenous units was produced.

After that, the map of homogenous units was cropped
with the landslide distribution map and nine factors and
the logarithm of the sliding factor (it took place in order to
standardize the logarithmic conversion) were, respectively,
chosen as independent variables and dependent variable. The
most effective factors were determined as elevation, slope,

lithology, distance from the fault, distance from the road,
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land use and annual precipitation using the SPSS software
and the stepwise method (Karimi Sangchini et al., 2011).
The equation coefficient of determination equals to 67.96 %

which is significant at a 95% confidence level.
Y=(- 1.838 +(0.00059)*4spect +(0.0692)*Slope

+(0.00178)*Elevation +(0.00318)*Geology -(0.000077)*Fault
+(0.00167)*Land Use -(0.000163)*Stream -(0.000415)*Road) .(3)
The landslide hazard intensity mapping was conducted
in an ArcGIS 9.3 environment using the abovementioned
equation, and the pixels were classified into six classes based
on the turning points of the cumulative frequency curve.
2.6. Evaluation of Landslide Hazard Model
Ultimately, the receiver operating characteristics (ROC)
curve (Mohammady et al., 2012; Pourghasemi et al., 2012;
Naghibi etal., 2015; Karimi Sangchini et al., 2016) was used to
determine the accuracy of landslide susceptibility. The ROC
curve is a diagram in which the pixel’s ratio that correctly-
predicted the occurrence or nonoccurrence of landslides
(True Positive) is plotted against the corresponding amount
that is the pixel’s ratio that is wrongly predicted.
3. Results and Discussion

3.1. Performance of the Models
As can be inferred from the results, two models showed

a high and a relatively close performance. However, the
logistic multivariate regression (AUC= 0.865) was proven to
be superior to the stepwise multivariate regression (AUC=
0.792) (Figure 3). AUC is the Area under the ROC Curve.

The main advantage of the logistic regression over the
simple multiple regressions is that the former allows using
binary dependent variable types in landslide susceptibility
mapping. Although the logistic regression is a widely-
used quantitative susceptibility mapping method, its major
limitation is yielding average parameters for the study area
(Erner et al., 2010), which may differ locally across different
parts of the study area.

w o o (B) s

True Positive %
True Positive %

=\ AUC=0.865 =\ AUC=0.792

[ 9 19 30 40 50 60 70 8 90 100
False Positive %

20 39 50 60 70 8 9 100
False Positive %

0 9 19

Figure 3. ROC curves A: Logistic regression model, B: stepwise
regression model.

3.2. Landslide Hazard Maps
Landslide hazard maps which were generated by the

logistic multivariate regression and stepwise multivariate
regression models are illustrated in Figures 4 and 5. The
mentioned hazard maps were classified into very low, low,
moderate, high, and very high classes based on natural break
scheme. The moderate land slide hazard map class derived

from the logistic regression model accounts for 40.57 % of
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the total area; 4.97, 8.61, 8.88, and 37.04% of the total area
are related to very low, low, high and very high HPM zones,
respectively (Table 2). As for the stepwise multivariate
regression model, very low, low, moderate, high, and very
high land slide susceptibility map classes account for 19.34,
33.58, 15.29, 16.38, and 12.41% of the total area, respectively
(Table 2). The different results are due to the fact that the
two models use different algorithms. The step-by-step
multivariate regression model uses a quantitative dependent
variable, while the logistics model uses a qualitative

dependent variable.

420000 436000 444000

3568000
3568000

3560000
3560000

Susceptibility Class

s g
§ -Very low §
“ - Low o

E Medium

[ High 012 4 6 8

B Very high s Kilometers

3544000
3544000

420000 428000 436000 444000

Figure 4. Landslide susceptibility maps based on: Logistic regression
model.
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3568000
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- Low
D Medium
[ High
B very high

420000

3552000
3552000

012 4 6 8
s mm Kilometers

3544000
3544000

428000 436000 444000

Figure 5. Landslide susceptibility maps based on: the stepwise
regression model.

Table 2. The distribution of area in different landslide susceptibility
classes.

Logistic regression model Stepwise regression model

Very low 1371.77 | 4.97 Very low 5340.13 19.34
Low 2377.39 | 8.61 Low 9271.99 | 33.58
Medium 11200.63 | 40.57 Medium 5049.92 | 15.29
High 2451.98 8.88 High 4521.22 16.38
Very high 10225.19 | 37.04 Very high 3426.38 | 12.41
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3.3 Importance of Landslide Effective Factors
Given the results, the determinant factors such as slope

aspect, precipitation, elevation, geology, and land use affect
the multivariate logistic regression model function positively
(Eq. 2). The highest positive B coefficient is attributed to the
precipitation which is 0.00344. On the other hand, distance
from faults, distance from stream and distance from roads
negatively influence landslide occurrence with 3 coefficients
of -0.000077, -0.000163, and -0.000415, respectively which
are consistent with the results of Devkota et al. (2013). Also,
distance from roads had the highest negative influence on
logistic regression. ‘Variance inflation factor’ (VIF) and
the ‘Tolerance’ (TOL) are two important indices for multi-
collinearity diagnosis (O’Brien, 2007). The tolerance and
variance inflation factors were computed for this study, and
variables with VIF > 5 and TOL < 0.1 should be excluded
from the LR analysis, but there was not any multi-collinearity
problem in the landslide effective factors used in this study.
4. Conclusions

Conditions in the Doab Samsami watershed including
geology, roughness, geomorphology and tectonic conditions
as well as anthropogenic pressure factors such as land use
and rural roads’ changes have paved the way for landslide
occurrence to the point that this phenomenon has occurred in
thirty-seven cases with an approximate extent of 635 hectares
in the watershed basin. Therefore, in the current study, the
stepwise regression and logistic regression models have been
used for the sake of mapping landslide hazards in the Doab
Samsami Watershed, Chaharmahal Va Bakhtiari Province,
Iran. A landslide inventory map and nine landslide effective
factors were prepared for this investigation. After that,
landslide susceptibility maps were generated using the two
aforementioned modelsGiven the superiority of the logistic
multivariate regression in landslide hazard mapping in the
study area, taking very high susceptible class of landslide
hazards produced by this model, which covered 46% of the
study area, into account, is of great importance. Determining
importance of different landslide effective factors is a
necessary step in landslide susceptibility mapping. In
several studies logistic regression model has been used in
order to determine the importance of effective factors on
landslide occurrence (Yesilnacar and Topal, 2005; Ayalew
and Yamagishi, 2005; Nandi and Shakoor, 2009; Karimi
Sangchini et al., 2016). According to the results, the effective
factors such as slope aspect, precipitation, elevation, geology,
and land use affect the multivariate logistic regression model
function positively. The main advantage of logistic regression

over simple multiple regressions is that LR allows the use of
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binary dependent variable types in landslide susceptibility
mapping. Although logistic regression is a commonly
applied quantitative susceptibility mapping method, it has a
major limitation of yielding average parameters for the study
area (Erner et al., 2010), which may differ locally in different
parts of the study area. This implies a high susceptibility to
landslide in the watershed basin which is to be considered in
the susceptibility management, landslide losses, and land use
planning. Finally, the methodology developed in the present
study can be generalized in other areas with similar climatic,
geological, and topographical conditions in order to facilitate

land use planning and hazard management.

References

Akgun, A. and Turk, N. (2010). Landslide susceptibility
mapping for Ayvalik (Western Turkey) and its vicinity by
multi-criteria decision analysis. Environmental Earth Sciences
61: 595-611.

Aleotti, P. and Chowdhury, R. (1999). Landslide hazard
assessment: summary review and new perspectives. Bulletin
of Engineering Geology and the Environment 58: 21-44.

Awawdeh, M, EIMughrabi, M., Atallah, M. (2018). Landslide
susceptibility mapping using GIS and weighted overlay method:
a case study from North Jordan. Environmental Earth Sciences
77(21): 732. Doi: 10.1007/s12665-018-7910-8.

Ayalew, L. and Yamagishi, H. (2005). The application of GIS-
based logistic regression for landslide susceptibility mapping in
the Kakuda-Yahiko Mountains, Central Japan. Geomorphology
65: 15-31.

Bijukchhen, S.M., Kayastha, P., Dhital, M.R. (2013). A
comparative evaluation of heuristic and bivariate statistical
modelling for landslide susceptibility mappings in Ghurmi—
Dhad Khola, east Nepal. Arabian Journal of Geosciences 6(8):
2727-2743.

Brenning, A. (2005). Spatial prediction models for landslide
hazards: review, comparison and evaluation. Natural
Hazards Earth Systems Science 5(6): 853-862, Doi: 10.5194/
nhess-5-853-2005.

Caniani, D., Pascale, S., Sdao, F., Sole, A. (2008). Neural
networks and landslide susceptibility: a case study of the urban
area of Potenza. Natural Hazards 45:55-72.

Cartographic Center of Iran. (2003). Cartographical map of Iran
(1:25,000-scale series).

Dahal, R.K., Hasegawa, S., Nonomura, S., Yamanaka, M.,
Masuda, T., Nishino, K. (2008). GIS-based weights-of-evidence
modelling of rainfall-induced landslides in small catchments
for landslide susceptibility mapping. Environmental Geology
54:311-324.

Devkota, K.C., Regmi, A.D., Pourghasemi, H.R., Yoshida, K.,
Pradhan, B., Ryu, I.C., Althuwaynee, O.F. (2013). Landslide
susceptibility mapping using certainty factor, index of entropy
and logistic regression models in GIS and their comparison
at Mugling— Narayanghat road section in Nepal Himalaya.
Natural Hazards 65:135-165.

Dou, J., Oguchi, T., Hayakawa, Y.S., Uchiyama, S., Saito,
H., Paudel, U. (2014). GIS-Based Landslide Susceptibility
Mapping Using a Certainty Factor Model and Its Validation in
the Chuetsu Area, Central Japan. Landslide Science for a Safer
Geoenvironment 2: 419-424.

Dou, J., Dieu Bui, T., Yunus, A.P., Jia, K., Song, X., Revhaug,
1., Xia, H., Zhu, Z. (2015a) Optimization of Causative Factors
for Landslide Susceptibility Evaluation Using Remote Sensing
and GIS Data in Parts of Niigata, Japan. PLoS ONE 10(7):
€0133262. Doi:10.1371/journal.pone.0133262.

181

Dou, J., Yamagishi, H., Pourghasemi, H.R., Yunus, A.P., Song,
X., Xu, Y., Zhu, Z. (2015b). An integrated artificial neural
network model for the landslide susceptibility assessment of
Osado Island, Japan. Natural Hazards 78: 1749-1776.

Dou, J., Chang, K.T., Chen, S., Yunus, A.P., Liu, J.K., Xia, H.,
Zhu, Z. (2015¢c) Automatic Case-Based Reasoning Approach
for Landslide Detection: Integration of Object-Oriented Image
Analysis and a Genetic Algorithm. Remote Sensing 7: 4318-
4342.

Ercanoglu, M., Kasmer, O., Temiz, N. (2008). Adaptation and
comparison of expert opinion to analytical hierarchy process
for landslide susceptibility mapping. Bulletin of Engineering
Geology and the Environment 67:565-578.

Erner, A., Sebnem, H., Duzgun, B. (2010). Improvement of
statistical landslide susceptibility mapping by using spatial
and global regression method in the case of More and Romsdal
(Norway). Landslides 7: 55-68.

ESRI (2008). ArcGIS 9.3 ESRI Inc., Redlands, California.

Geological Survey and Mineral Explorations of Iran. (1996).
Geological map of Iran, Shahrekord sheet.

Gupta, R.P., Kanungo, D.P., Arora, M.K., Sarkar, S. (2008).
Approaches for comparative evaluation of raster GIS-based
landslide susceptibility zonation maps. International Journal
of Applied Earth Observation and Geoinformation 10:330-341.

Gorsevski, PV., Jankowski, P., Paul, P.E. (2006). Heuristic
approach for mapping landslide hazard integrating fuzzy logic
with analytic hierarchy process. Control and Cybernetics 35(1):
1-26.

Guzzetti, F. (2002) Landslide hazard assessment and risk
evaluation: overview, limits and prospective. Proceedings 3rd
MITCH Workshop Floods, Droughts and Landslides Who
Plans, Who Pays 24-26.

Felicisimo, A., Cuartero, A., Remondo, J., Quiros, E. (2013).
Mapping landslide susceptibility with logistic regression,
multiple adaptive regression splines, classification and
regression trees, and maximum entropy methods: a comparative
study. Landslides 10(2): 175-189.

Jaafari, A., Najafi, A., Pourghasemi, H.R., Rezaeian, J.,
Sattarian, A. (2014). GIS-based frequency ratio and index of
entropy models for landslide susceptibility assessment in
the Caspian forest, north- ern Iran. International Journal of
Environmental Science and Technologyl1 (4): 909-926.

Karimi Sangchini, E., Ownegh, M., Sadoddin, A.,
Mashayekhan, A. (2011). Probabilistic Landslide Risk Analysis
and Mapping (Case Study: Chehel-Chai watershed, Golestan
Province, Iran). Journal of Rangeland Science 2(1): 425-436.

Karimi Sangchini, E., Arami, A., Rezaii Moghadam, H.,
Khodabakhshi, Z., Jaafari, R. (2014). Risk analysis for
landslides in Babaheydar Watershed, Chaharmahal-e-Bakhtiari
Province, Iran. Iranian Journal of Earth Science. 6: 121-132.

Karimi Sangchini, E., Nowjavan, M.R., Arami, A. (2015).
Landslide susceptibility mapping using logistic regression in
Babaheydar Watershed, Chaharmahal-e-Bakhtiari Province,
Iran. Journal of the Faculty of Forestry Istanbul University
65(1): 30-40. Doi:10.17099/jtfiu.52751.

Karimi Sangchini, E., Emami, S.N., Tahmasebipour, N.,
Pourghasemi, H.P., Naghibi, S.A., Arami, A., Pradhan, B.
(2016). Assessment and comparison of combined bivariate and
AHP models with logistic regression for landslide susceptibility
mapping in the Chaharmahal-e-Bakhtiari Province, Iran.
Arabian Journal of Geosciences 9(201): 1-15. Doi: 10.1007/
$12517-015-2258-9.

Kayastha, P., Dhital, M.R., De Smedt, F. (2012). Evaluation
of the consistency of landslide susceptibility mapping: a case
study from the Kankai watershed in east Nepal. Landslides
10(6): 785-799.



182

Kelarestaghi, A and Ahmadi, H. (2009). Landslide susceptibility
analysis with a bivariate approach and GIS in Northern Iran.
Arabian Journal of Geosciences 2: 95-101.

Komac, M.A. (2006). Landslide susceptibility model using the
analytical hierarchy process method and multivariate statistics
in per Alpine Slovenia. Geomorphology 74(1—4):17-28.

Kouli, M., Loupasakis, C., Soupios, P., Vallianatos, F. (2010).
Landslide hazard zonation in high risk areas of Rethymno
Prefecture, Crete Island, Greece. Natural Hazards 2: 599-621.

Lee, E.M. and Jones, D.K.C. (2004). Landslide risk assessment.
Thomas Telford, London.

Lee, S.T., Yu, T.T., Peng, W.F., Wang, C.L. (2010). Incorporating
the effects of topographic amplification in the analysis of
earthquake-induced landslide hazards using logistic regression.
Natural Hazards and Earth System Sciences 10: 2475-2488.
Doi: 10.5194/nhess-10-2475-2010.

Mohammady, M., Pourghasemi, H.R., Pradhan, B. (2012).
Landslide susceptibility mapping at Golestan Province Iran:
a comparison between frequency ratio, Dempster-Shafer, and
weights-of evidence models. Journal of Asian Earth Sciences
61: 221-236.

Naghibi, S.A., Pourghasemi, H.R., Pourtaghi, Z.S., Rezaei, A.
(2015). Groundwater ganat potential mapping using frequency
ratio and Shannon’s entropy models in the Moghan watershed,
Iran. Earth Science Informatics 8(1): 171-186.

Nandi, A. and Shakoor, A.A. (2009). GIS-based landslide
susceptibility evaluation using bivariate and multivariate
statistical analyses. Engineering Geology 110:11-20.

O’Brien, R.M. (2007). A caution regarding rules of thumb for
variance inflation factors. Quality and Quantity 41(5): 673—690.

Park, S., Choi, C., Kim, B., Kim, J. (2013). Landslide
susceptibility mapping using frequency ratio, analytic hierarchy
process, logistic regression, and artificial neural network
methods at the Inje area, Korea. Environmental Earth Sciences
68(5): 1443-1464.

Polykretis, C., Ferentinou, M., Chalkias, C. (2015).
Comparative study of landslide susceptibility mapping using
landslide susceptibility index and artificial neural networks
in the Krios River and Krathis River catchments (northern
Peloponnesus, Greece). Bulletin of Engineering Geology and
the Environment 74(1): 27-45.

Pourghasemi, H.R., Pradhan, B., Gokceoglu, C. (2012)
Application of fuzzy logic and analytical hierarchy process
(AHP) to landslide susceptibility mapping at Haraz watershed,
Iran. Natural Hazards 63:965-996.

Pourghasemi, H.R., Pradhan, B., Gokceoglu, C., Mohammadi,
M., Moradi, H.R. (2013). Application of weights-of-
evidence and certainty factor models and their comparison
in landslide susceptibility mapping at Haraz watershed, Iran.
Arabian Journal of Geosciences 6(7): 2351-2365.

Pradhan, B., Youssef, A.M., Varathrajoo, R. (2010). Approaches
for delineating landslide hazard areas using different training
sites in an advanced artificial neural network model. Geo-
spatial Information Science 13(2): 93-102.

Rahman, M.D.R. and Saha, S.K. (2008). Remote sensing,
spatial multi criteria evaluation (SMCE) and analytical
hierarchy process (AHP) in optimal cropping pattern planning
for a flood prone area. Journal of Spatial Science 53: 2161-2177.

Regmi, A.D., Chandra Devkota, K., Yoshida, K., Pradhan,
B., Pourghasemi, H.R., Kumamoto, T., Akgun, A. (2014).
Application of frequency ratio, statistical index, and
weights-of-evidence models and their comparison in
landslide susceptibility mapping in Central Nepal Himalaya.
Arabian Journal of Geosciences 7(2): 725-742.

Karimi-Sangchini et al. / JJEES (2020) 11 (3): 174-182

Sakar, S., Kanungo, D.P., Mehrotar, G.S. (1995) Landslide
zonation: A case study Garhwal Hymalia, India. Mountain
Research and Development 15(4): 301-330.

Tangestani, M.H. (2009). A comparative study of Demster-
Shafer and fuzzy models for landslide susceptibility mapping
using a GIS: an experience from Zagros Mountains, SW Iran.
Journal of Asian Earth Sciences 35: 66-73.

Yalcin, A. (2008). GIS-based landslide susceptibility mapping
using analytical hierarchy process and bivariate statistics in
Ardesen (Turkey): comparisons of results and confirmations.
Catena 72:1-12.

Yesilnacar, E. and Topal, T. (2005). Landslide susceptibility
mapping: a comparison of logistic regression and neural
networks methods in a medium scale study, Hendek region
(Turkey). Engineering Geology 79: 251-266.

Yilmaz, C., Topal, T., Suzen, M.L. (2012). GIS-based landslide
susceptibility mapping using bivariate statistical analysis in
Devrek (Zonguldak-Turkey). Environmental Earth Sciences 65:
2161-2178.

Youssef, A.M, Pourghasemi, H.R., El-Haddad, B.A.,
Dhahry, B.K. (2015a). Landslide susceptibility maps using
different probabilistic and bivariate statistical models and
comparison of their performance at Wadi Itwad Basin, Asir
Region, Saudi Arabia. Bulletin of Engineering Geology and
the Environment 75: 63-87. Doi.org/10.1007/s10064-015-0734-
9.

Youssef, A.M., Pradhan, B., Pourghasemi, H.R., Abdullah, S.
(2015b). Landslide susceptibility assessment at Wadi Jawrah
Basin, Jizan region, Saudi Arabia using two bivariate models
in GIS. Geosciences Journal. D0i:10.1007/s12303-014-0065-z.

Zare, M., Pourghasemi, H.R., Vafakhah, M., Pradhan, B. (2013).
Landslide susceptibility mapping at Vaz watershed (Iran) using
an artificial neural network model: a comparison between
multi-layer perceptron (MLP) and radial basic function (RBF)
algorithms. Arabian Journal of Geosciences 6(8): 2873-2888.



