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Abstract This case study presented herein compares the
GIS-based landslide susceptibility mapping methods such
as conditional probability (CP), logistic regression (LR),
artificial neural networks (ANNs) and support vector
machine (SVM) applied in Koyulhisar (Sivas, Turkey).
Digital elevation model was first constructed using GIS
software. Landslide-related factors such as geology, faults,
drainage system, topographical elevation, slope angle,
slope aspect, topographic wetness index, stream power
index, normalized difference vegetation index, distance
from settlements and roads were used in the landslide
susceptibility analyses. In the last stage of the analyses,
landslide susceptibility maps were produced from ANN,
CP, LR, SVM models, and they were then compared by
means of their validations. However, area under curve
values obtained from all four methodologies showed that
the map obtained from ANN model looks like more
accurate than the other models, accuracies of all models
can be evaluated relatively similar. The results also showed
that the CP is a simple method in landslide susceptibility
mapping and highly compatible with GIS operating features. Susceptibility maps can be easily produced using CP,
because input process, calculation and output processes are
very simple in CP model when compared with the other
methods considered in this study.
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Introduction
Natural disasters such as hurricanes, earthquakes, erosion,
tsunamis, and landslides cause the loss of human life and
damages to properties, and landslide can be accepted as
one of very important natural disasters worldwide. If
engineering geological data are presented in a hazard map
form, they will be very useful tool for engineers for their
urban planning. As reported by Popescu (1996), in order to
define the landslide problem, it is an essential prerequisite
to establish realistic landslide-prone zones and depict these
zones on maps, which in turn will allow an effective land
management.
Landslide susceptibility mapping before the landslide
assessment is very important for safe planning, disaster
management, and hazard mitigation. Creation of the susceptibility map will reduce these losses (Ayala 1987;
Coraminas 1987; Chacón et al. 1992, 1994, 1996). A
number of different models have been developed in order
to assess landslide susceptibility, and these maps were
produced by use of deterministic and non-deterministic
(probabilistic) models. The probabilistic models are more
frequently used, and a large number of methodologies have
been developed (Rengers et al. 1998), based on the
inventory of landslides, geomorphological analysis, qualitative and statistical bivariate analysis (Brabb et al. 1972;
DeGraff and Romesburg 1980; Jade and Sarkar 1993;
Irigaray 1995; Chung and Fabbri 1999; Fernández et al.
2003; Yilmaz and Yildirim 2006; Yilmaz 2008), and
multivariate analysis (Carrara et al. 1991; Baeza 1994;
Chung et al. 1995). Many researchers have used different
techniques such as heuristic approach (Ives and Messerli
1981; Rupke et al. 1988; Barredo et al. 2000; Van Westen
et al. 2000; Van Westen and Lulie 2003), deterministic
models (Ward et al. 1982; Cascini et al. 1991; Gokceoglu
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and Aksoy 1996), and statistical methods (Van Westen
1993; Chacón et al. 1994, 1996; Chung and Fabbri 1999;
Dai et al. 2001; Lee and Min 2001; Carrara et al. 2003;
Yilmaz 2008).
Because of the deficiencies centered around the pore
water pressure development in the soils and their spatial
and temporal distribution, some physically based models
had been developed and produced by researchers. Wellknown physically based approaches for assessing slope
stability and hazards had been developed by Hammond
et al. (1992), Montgomery and Dietrich (1994), and Pack
et al. (1998).
Some other techniques such as fuzzy-logic, artificial
neural network (ANN), neuro-fuzzy model, etc. were used
in assessment of the landslide susceptibility because of
some limitations such as insufficient knowledge about the
area of interest, which sometimes leads to unacceptable
generalizations, reproducibility of the results and the subjectivity of the weighting of variables, high degree of
oversimplification when the data are incomplete, prohibitive data requirements in deterministic models, etc. Several
papers dealing with fuzzy-logic such as Juang et al. (1992),
Davis and Keller (1997), Binaghi et al. (1998), Gorsevski
et al. (2003), Tangestani (2003), and Ercanoglu and
Gokceoglu (2004) were published. ANN had also been
used to produce map showing landslide susceptibility in
several papers such as Lu and Rosembaum (2003), Lee et al.
(2003, 2004), Gomez and Kavzoglu (2005), Yesilnacar and
Topal (2005), Yilmaz and Keskin (2007), and Yilmaz
(2008, 2009a).
In this paper, landslide susceptibility maps of Koyulhisar (Sivas, Turkey) were prepared by use of ANNs, conditional probability (CP), logistic regression (LR), and
support vector machine (SVM) models. At the end of the
study, the maps obtained from four models were then
compared according to their validation degrees. This paper
Fig. 1 Study area in Turkey
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will also add an extra value to the literature of the landslide
susceptibility mapping as a comparative study of very basic
technique (CP) with both statistical (LR) and soft computing techniques (ANN, SVM).

Study area and landslides
Koyulhisar is located on a slope of hilly region 130 km NE
of Sivas (Turkey) (Fig. 1). It is constructed in the side of a
mountain and the region is frequently subjected to landslides (Fig. 2). Koyulhisar is highly mountainous and
wooded, and subjected to many landslides. The highest
hills are Boztepe (1,361 m asl), Saytepe (1,240 m asl) and
Igdir Mountain (1,850 m asl). Slope angle in the study area
varies from 0 to 88. The study area enclosing a rectangle
of *131.6 km2 is located in the North Anatolian Fault
Zone (NAFZ) (Fig. 1) and affected by faulting. The main
fault in the study area is the North Anatolian Fault which
extends NW–SE. The other three faults are Dumanlica,
Şıhlar, and Çamlıyaka (Fig. 2). The rocks in the study area
are intensively fractured, and a number of joint sets (up to
4) dissecting the rock masses into small blocks are
observed. The extension of the joints ranges from a few
centimeters to tens of meters (Sendir and Yilmaz 2002).
The rocks outcropping (Fig. 2) in the landslide area
consist of Pliocene volcanics, Eocene Yesilce Formation,
and limestones of Maestrihtien age. These rocks are covered by younger colluviums composed of loose materials
detached from bedrock. Thin-bedded, whitish yellow and
pink, crushed and jointed limestone (Igdir formation) is the
oldest unit in the study area. The Yesilce Formation
described by Terlemez and Yılmaz (1980) consists of
conglomerates, sandy-gravelly limestone, andesite, basalt,
and pyroclastics. Jointed and massive Erdembaba volcanics
comprises dacite, andesite, and basalts. Slopes in the study
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Fig. 2 Geological map of the study area (Sendir and Yilmaz 2002)

area are partly covered by soil material having a thickness
of 50 cm to 2–3 m (Sendir and Yilmaz 2002).
Landslides generally occur after wet winter season,
causing a movement throughout northern Koyulhisar
(Sendir and Yilmaz 2002; Yilmaz et al. 2006). Forests,
properties, roads, and agricultural lands had been damaged
by the two large landslides occurred on 19 August 1998
and 20 June 2000.
The first landslide affected an area of 1.5 km2, and has
an approximate volume of 400,000 m3. Aklan creek which
is approximately 2 km away from Koyulhisar was fully
filled by debris of landslide material within 24 h, as a
consequence of landslides occurred in a direction of NE–
SW in the hills of Aklan village of Koyulhisar (Sivas). The
settlements in Koyulhisar were threatened by landslide, and
Saytepe hill (in the north of Koyulhisar) provided a barrier
to protect the settlements from the landslide. Movements
remained stable in 2 days, and new tension cracks started
to appear at the back of the main scarp. The main tension
crack extended and reached about 150 m in length and
1–1.5 m in width.
On 20 June 2000, a new crack was observed in the slope
250–300 m above the previous landslide. The movement
subsequently accelerated, and the whole area was involved
in a renewed movement during the morning of 21 June
2000. The movement resulted in destruction of some
houses. The new movement was accompanied by the
appearance of tension cracks at the top of the slope. This
landslide was directly related to rainfall. The continuous
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monitoring of the slide area from 19 August 1998 until 15
May 2000 had shown a total movement of approximately
2.5 m.
The mechanism of landslides can be explained as series
progressive landslides occurred after the rainstorms. The
deep-seated elements of 49 landslides affecting a total area
of *1 km2 involve rotational sliding surface, and they
contain many local slides (Fig. 3). Each local slide leads to
the removal of the lateral support of the block’s upslope,
and progressively worsens the stability of the system.
Otherwise, a rotational slide starts first and the removal of
the lateral supports induces the slides upslope. So, many
daylights of slides and ground movements through slope
material are observed in sliding mass (Fig. 3). Another
type of the stability problem is observed as flow of the
cover, which is formed of particularly weak soils, on the
rock mass. Flows following the topographic gradient occur
generally in the rainy conditions. These types of mass
movements in the study area occur in the shallow top soil
horizons.
Wooded characteristics of the study area control the rate
of runoff. The trees on the slopes slow down the surface
flow of water, sourced from rain and melted snow, and make
the infiltration into the earth material of the slopes easy.
Thus, adding the weight to the slope and increasing of the
pore water pressure contribute to the landslide. Movement
of Koyulhisar slide was also caused by reactivation of the

Fig. 3 Photos of landslides occurred in 19 August 1998
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pre-existing slides or activation of recent slides. Highly
fractured rock material resulting from old landslide in
conjunction with an unfavorable tectonic situation sets the
stage for the large movement that took place (Sendir and
Yilmaz 2002; Yilmaz et al. 2006).
Shallow to very deep landslides are observed in the
study area. In order to obtain landslide susceptibility map,
very few shallow flow type slides were eliminated in the
analysis.
Rainfall is the main significant source of water in the
study area, and it is the most important element in the
hydrologic cycle. Study area receives a mean annual
rainfall of 394.6 mm. The minimum recorded rainfall was
*266 mm in 1962 and the maximum was *575 mm in
1983. Most rainfall occurs during May, with a mean value
of 64.4 mm. The mean maximum temperature in August is
20.6C; the mean minimum temperature is always recorded
in January as -1.9C. It is declared by the populace in
Koyulhisar that the study area received the most rainfall of
the last 20 years before the last two landslide events.
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topographical elevation; distance from drainage; topographic wetness index, TWI; stream power index, SPI)
(Fig. 7) and environmental (the normalized difference
vegetation index, NDVI; distance from roads and settlements) (Fig. 8) parameters were then obtained.

Construction of spatial data base
In the study area, landslides larger than one cell
(10 9 10 m2) were used in the analyses. In the landslide
inventory mapping, for each landslide, the main scarp was
distinguished from the accumulation/depletion zone or
rupture zone as polygon feature drawn (Yilmaz 2009b)
from Landsat TM satellite images (May 2006, Scene ID:
17432), 1:35,000 aerial photographs, and field works
(Fig. 4).
Digital elevation model (DEM) (Fig. 5) having a ground
resolution of 10 m was constructed by implementation of
1:25,000 scaled topographical map contours using ArcMap
of ArcGIS 9.1 software. The maps of the landslide-related
factors such as geological (lithology and distance from
faults) (Fig. 6), topographical (slope angle and aspect;

Fig. 4 Flowchart of the works for production of landslide susceptibility maps
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Fig. 5 Digital elevation model (DEM) of the study area

Fig. 6 Landslide affecting factor of distance from faults
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Proximity to the structural elements is a very important
contributing parameter in the evaluation of landslide susceptibility. That is why distances to faults were calculated
at 250 m intervals by buffering (Fig. 6). It was observed
that landslides occur in Kapakli, Igdir, and Yesilce formations, and probability of landslide occurrence increases
with decreasing of distance from faults.
Analyses showed that slope angle in a range of 14–56
(Fig. 7a) indicates high probability of landslide occurrence. As a general aspect, shear stresses on the slope
material increase with increasing slope degree; it is
expected that landslides will occur on the steepest slopes.
On the other hand, very low shear stresses are expected at
gentle slopes. Analyses related to slope as a contributing
factor showed that the low probability of landslide
occurrence obtained in the areas having a steeper slope
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more than 56. Because, steeper slopes than 56 are generally not susceptible to shallow landslides due to the
bedrock outcrops and their eroded characteristics. Slope
aspect analyses (Fig. 7b) showed that landslides were most
abundant in E, S, SE, SW facing slopes. Relationships
between elevation and landslide occurrence indicated that
landslides generally occur at the elevation range of 1,080–
1,530 m. It can be seen from Figs. 1 and 7e that landslides
are also very rare at higher elevation than 1,530 m, and
this sparseness is sourced from very thin soil cover and
rocky characteristics of the areas at higher elevations
(Fig. 7c). In order to assess the influence of drainage on
the landslide occurrence, distance from drainage was calculated at 150 m intervals (Fig. 7d). At the distance closer
to the drainage system, a high probability of landslide
occurrence was found.

Fig. 7 Landslide affecting topographical factor maps of a slope gradient, b slope aspect, c elevation, d distance from drainage, e topographical
wetness index (TWI), and f stream power index (SPI)
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Topography firstly controls the spatial variation of
hydrological conditions and slope stabilities. It affects the
spatial distribution of soil moisture, and groundwater flow
often follows surface topography (Burt and Butcher 1986;
Seibert et al. 1997; Rodhe and Seibert 1999; Zinko et al.
2005). Topographic indices have, therefore, been used to
describe the spatial soil moisture patterns (Burt and
Butcher 1986; Moore et al. 1991). One such index is the
TWI developed by Beven and Kirkby (1979) within the
runoff model. It is defined as
TWI ¼ lnða=tan bÞ

ð1Þ

where a is the local upslope area draining through a certain
point per unit contour length and tan b is the local slope.
The TWI has been used to study spatial scale effects on
hydrological processes. Water infiltration to slope material
causes pore water pressures and decreases the soil strength.
In this study, TWI (Fig. 7e) was taken under consideration
as a contributing factor. In this analysis, a transmissivity
value of 1 was used constant for the whole catchments
area.
Higher TWI values, distributed in higher elevations,
point out the infiltration of surface water into the slope
forming materials, and pore water pressures increase with
decreasing shear strength. It was observed that landslides
were very abundant at the lower elevations than locations
having high TWI values at higher locations.
As another topographical index, the SPI (Fig. 7f), which
is a measure of erosive power of the stream, was computed
for the study area. SPI can be defined by the following
equation:

SPI ¼ As tan b

ð2Þ

where As is the specific catchment area and b is the local
slope gradient in degrees.
NDVI is a measure of surface reflectance and gives a
quantitative estimate of the vegetation growth and biomass
(Hall et al. 1995). Satellite maps of vegetation show the
density of plant growth over the entire globe. The most
common measurement is called the NDVI. Very low values of NDVI (0.1 and below) correspond to barren areas,
sand, or snow. Moderate values represent shrub and
grassland (0.2–0.3), while high values indicate temperate
and tropical rainforests (0.6–0.8) (Weier and Herring
2005).
Using the satellite image of Landsat Thematic Mapper
(TM), the NDVI (Fig. 8a) was taken into the consideration
as a landslide-related factor. The NDVI was calculated
from the following formula:
NDVI ¼ ðIR  RÞ=ðIR þ RÞ

ð3Þ

where IR is the infrared portion of the electromagnetic
spectrum, R is the red portion of the electromagnetic
spectrum.
The results of NDVI analyses showed that the landslides
focused into the grassland areas and afforested areas. The
maps of distance from roads (Fig. 8b) and settlement areas
(Fig. 8c) were also constructed by buffering having the
respective intervals of 250 and 400 m. It was found that
frequency of the landslides occurrence decreases with
increasing of the proximity to the both of roads and
settlement areas.

Fig. 8 Landslide affecting environmental factor maps of a normalized difference vegetation index (NDVI), b distance from main roads, and c
distance from settlements
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The relationships between landslides and factors were
first explained using frequency ratio (Table 1), and factors
were selected according to their importance in order to use
in the analyses. All factor maps and landslide inventory
were then entered into GIS medium using ArcGIS 9.1
(2005) software.

Landslide susceptibility mapping
CP model
Conditional probability is a simple method for producing
landslide susceptibility map and highly compatible with
GIS. Number of factors related to landslide occurrences
can be considered in the CP approach. The data layers
containing each factor subdivided into a convenient number of classes are crossed in order to obtain possible
combinations of the various classes of the different factors
(Clerici et al. 2002).
Each specific combination represents a pixel, and the
landslide spatial frequency is subsequently determined
within each pixel. The resulting landslide density equals
the landslide susceptibility, assuming that the slope failure
in future will be more likely occurred under those conditions which led to the past instability and frequency of an
event equals the probability that the same event will occur
(Clerici et al. 2002). CP is denoted mathematically as
P(A|B) (Eq. 4) (Negnevitsky 2002):
PðAjBÞ ¼ ðthe number of times A and B can occurÞ=
ðthe number of times B can occurÞ

ð4Þ

The number of times A and B can occur, or the
probability that both A and B will occur, is also called
‘‘joint probability’’ of A and B. It represents
mathematically as P(A\B). The number of ways B can
occur is the probability of B, P(B):

and the P(A|B), P(A) and P(B) values are tabulated in
Table 2.
The values of landslide susceptibility index (LSI)
were classified using equal areas. The proportions are
sorted from the smallest to the largest. This range of
values is broken into five groups to represent the relative susceptibility in the study area. To ensure that the
points used to define the five groups are determined
objectively, a non-hierarchical cluster analysis is used
(Yilmaz 2007).
An initial division into five groups is achieved by
breaking equally the range of proportional values present.
The upper and lower boundaries of each group are retained
or adjusted to ensure that the final division represents the
minimum sum of the squared deviations around the four
group means. This is based on the W function (Anderberg
1973).
LR model
Multiple regression analysis is the most common statistical
method used in earth sciences, and expressed as a linear
equation below:
Y ¼ b0 þ b1 x 1 þ b2 x 2 þ    þ bn x n

ð11Þ

where Y is the dependent variable representing the presence
(1) or absence (0), b0 the intercept of model, b1, …, bn the
partial regression coefficients, x1, …, xn the independent
variables.
At the beginning of the analysis, a map showing the area
affected by landslides and factor maps in raster format
were converted into ASCII format. Statistical software
(SPSS 10.0) was then used to estimate the correlation
between landslide event and landslide affecting factors. An
equation predicting the landslide occurrence was obtained
as following:
Y ¼ 5:992 þ ðGEOLðÞ Þ þ ð0:01342  FAULTÞ

PðAjBÞ ¼ PðA \ BÞ=PðBÞ

ð5Þ

þ ð0:0488  SLOPEÞ þ ðASPECTðÞ Þ

PðBjA) ¼ PðB \ AÞ=PðAÞ

ð6Þ

PðB \ AÞ ¼ PðBjAÞ  PðA)

ð7Þ

þ ð0:0191  ELEVÞ þ ð0:0177  DRAINÞ
þ ð0:0302  TWIÞ þ ð0:0229  SPIÞ

PðA \ BÞ ¼ PðB \ AÞ

ð8Þ

Bayesian rule is given in Eq. 9, and Eq. 10 can be
written as event A being dependent on a number of
mutually exclusive events B1, B2, …, Bn:
PðAjBÞ ¼ ½PðBjAÞ  PðAÞ=PðBÞ
PðAÞ ¼

n
X
i¼1

PðA \ BÞ ¼

n
X

PðAjBi ÞPðBi Þ

ð9Þ
ð10Þ

i¼1

Landslide susceptibility maps were produced using
Eq. 10 (Fig. 9a) within map algebra in GIS environment,

þ ð0:00541  NDVIÞ
þ ð0:0226  ROADÞ þ ð0:0198  SETTLÞ
ð12Þ
for (*), see Table 3.
In order to predict the possibility of landslide occurrence
in each grid, probability was calculated from:
p¼

1
1 þ eY

ð13Þ

Finally, susceptibility map was obtained by converting
the file into the raster format (Fig. 9b).
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Table 1 Frequency ratios for factors (LSA: landslide affected grid; grid: grids in domain)
Class

LSA (%) (a)

Grid (%) (b)

FR (a)/(b)

Slope

Class

LSA (%) (a)

Grid (%) (b)

FR (a)/(b)

Distance from settlements

0–7

5.17

21.04

0.25

0–400

28.86

12.01

2.40

7–14

20.01

26.56

0.75

400–800

50.81

22.89

2.22

14–21

22.94

23.30

0.98

800–1,200

14.20

21.62

0.66

21–28

22.02

15.35

1.43

1,200–1,600

5.79

17.31

0.33

28–35

15.81

8.86

1.79

2,000–2,400

0.00

10.24

0.00

35–42

11.83

3.76

3.14

2,400–2,800

0.00

5.79

0.00

42–49

1.87

0.61

3.09

2,800–3,200

0.00

3.34

0.00

49–56

0.28

0.10

2.77

3,200–3,600

0.00

2.12

0.00

56–63

0.05

0.07

0.72

63–89
0.01
Distance from fault

0.34

0.03

4,000–4,400
[4,400
Aspect

0.00

1.26

0.00

0.00

0.37

0.00

0–250

10.03

13.29

0.75

Flat

1.84

13.33

0.14

250–500

32.56

13.30

2.45

N

0.53

5.44

0.10

500–750

26.46

12.59

2.10

NE

4.86

9.17

0.53

750–1,000

15.10

10.03

1.51

E

13.47

8.86

1.52

1,000–1,250

4.48

9.32

0.48

SE

19.09

10.70

1.78

1,250–1,500

3.82

8.91

0.43

S

28.32

16.34

1.73

1,500–1,750

7.54

8.10

0.93

SW

16.72

13.87

1.21

1,750–2,000

0.01

6.50

0.00

W

10.85

9.27

1.17

2,000–2,250

0.00

5.82

0.00

NW

3.81

8.12

0.47

[2,250

0.00

12.14

0.00

N

0.51

4.91

0.10

Distance from drainage

TWI

0–150

25.32

22.80

1.11

0.11–1.38

38.07

21.90

1.74

150–300

30.77

20.49

1.50

1.39–1.85

31.81

27.20

1.17

300–450

21.14

15.86

1.33

1.86–2.33

16.41

22.77

0.72

450–600
600–750

11.07
9.33

10.73
9.09

1.03
1.03

2.34–2.81
2.82–2.39

9.58
3.66

14.94
7.00

0.64
0.52

750–900

2.36

6.77

0.35

2.40–4.07

0.22

2.68

0.08

900–1,050

0.01

5.81

0.00

4.08–4.98

0.18

2.26

0.08

1,050–1,200

0.00

4.03

0.00

4.99–6.14

0.04

0.57

0.07

1,200–1,350

0.00

2.27

0.00

6.15–7.83

0.02

0.47

0.05

[1,350

0.00

2.15

0.00

7.84–13.60

0.00

0.21

0.00

5.88

22.75

0.26

Topographical elevation

SPI

630–780

9.16

14.58

0.63

0–750

780–930

12.07

12.76

0.95

750–1,500

22.69

28.64

0.79

7.93

11.34

0.70

1,500–2,250

25.33

23.42

1.08

1,080–1,230

17.80

9.14

1.95

2,250–3,000

20.99

14.63

1.43

1,230–1,380

22.32

7.30

3.06

3,000–3,750

17.01

7.41

2.30

1,380–1,530

20.08

5.37

3.74

3,750–4,500

7.18

2.30

3.12

1,530–1,680

9.89

14.26

0.69

4,500–5,250

0.78

0.31

2.50

1,680–1,830
1,830–1,980

0.74
0.00

21.49
2.77

0.03
0.00

5,250–6,000
6,000–6,750

0.11
0.03

0.07
0.17

1.43
0.19

[1,980

0.00

0.99

0.00

[6,750

0.00

0.29

0.00

930–1,080

Distance from roads
0–250

NDVI
9.73

15.61

0.62

-0.9 to 0.1

33.84

31.52

1.07

250–500

22.01

11.64

1.89

0.1–0.3

21.55

23.48

0.92

500–750

13.74

9.01

1.53

0.3–0.6

43.08

39.64

1.09
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Table 1 continued
Class

LSA (%) (a)

Grid (%) (b)

FR (a)/(b)

Class

750–1,000

18.38

12.92

1.42

1,000–1,250

10.89

7.80

1.40

1,250–1,500

12.71

8.61

1.48

Kapaklı fm.

1,500–1,750

5.97

5.42

1.10

Alluvium

1,750–2,000

4.62

4.27

1.08

Volcanics

2,000–2,250

1.96

3.68

0.53

Igdir fm.

[2,250

0.00

21.05

0.00

Yesilce fm.

0.6–0.83

LSA (%) (a)

Grid (%) (b)

FR (a)/(b)

1.53

5.36

0.29

6.55

2.23

2.94

0.88

4.24

0.21

40.76

60.37

0.68

25.99

14.78

1.76

25.81

18.38

1.40

Geology

Fig. 9 Landslide susceptibility
map produced from conditional
probability (CP) (a), logistic
regression (LR) (b), artificial
neural networks (ANN) (c), and
support vector machine (SVM)
(d) models
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Table 2 Results of the P(A/Bi) obtained from the conditional probability model
P(A)

P(Bi)

P(A/Bi)

0–7

0.000369

0.2104

0.001756

0–400

0.002063

0.120138

0.017168

7–14

0.00143

0.2656

0.005384

400–800

0.003631

0.228925

0.015862

14–21

0.001639

0.233

0.007036

800–1,200

0.001015

0.216216

0.004692

21–28

0.001574

0.1535

0.010251

1,200–1,600

0.000413

0.173075

0.002389

28–35

0.00113

0.0886

0.012751

2,000–2,400

0

0.102356

0

35–42

0,000845

0.0376

0.022483

2,400–2,800

0

0.057884

0

42–49

0.000134

0.0061

0.021906

2,800–3,200

0

0.033403

0

49–56

2E-05

0.001

0.020009

3,200–3,600

0

0.021165

0

56–63

3.57E-06

0.0007

0.005104

7.15E-07

0.0034

0.00021

0–250

0.000717

0.1329

0.005393

Flat

0.000131

0.1333

0.000986

250–500

0.002327

0.133

0.017494

N

3.79E-05

0.0544

0.000696

500–750

0.001891

0.1259

0.015018

NE

0.000347

0.0917

0.003787

750–1,000

0.001079

0.1003

0.010758

E

0.000963

0.0886

0.010864

1,000–1,250

0.00032

0.0932

0.003435

SE

0.001364

0.107

0.012749

1,250–1,500

0.000273

0.0891

0.003064

S

0.002024

0.1634

0.012385

1,500–1,750

0.000539

0.081

0.006652

SW

0.001195

0.1387

0.008614

1,750–2,000

7.15E-07

0.065

1.1E-05

W

0.000775

0.0927

0.008364

2,000–2,250

0

0.0582

0

NW

0.000272

0.0812

0.003353

[2,250

0

0.1214

0

N

3.64E-05

0.0491

0.000742

Class
Slope

63–89
Distance from fault

Class

P(A)

P(Bi)

P(A/Bi)

Distance from settlements

Distance from drainage

4,000–4,400
[4,400
Aspect

0

0.012641

0

0

0.003747

0

TWI

0–150

0.001809

0.228

0.007936

0.11–1.38

0.00272

0.219

0.012422

150–300

0.002199

0.2049

0.010731

1.39–1.85

0.002273

0.272

0.008357

300–450

0.001511

0.1586

0.009525

1.86–2.33

0.001173

0.2277

0.00515

450–600
600–750

0.000791
0.000667

0.1073
0.0909

0.007372
0.007335

2.34–2.81
2.82–2.39

0.000685
0.000262

0.1494
0.07

0.004582
0.003736

750–900

0.000169

0.0677

0.002491

2.40–4.07

1.57E-05

0.0268

0.000587

900–1,050

7.15E-07

0.0581

1.23E-05

4.08–4.98

1.29E-05

0.0226

0.000569

1,050–1,200

0

0.0403

0

4.99–6.14

2.86E-06

0.0057

0.000501

1,200–1,350

0

0.0227

0

6.15–7.83

1.43E-06

0.0047

0.000304

[1,350

0

0.0215

0

7.84–13.60

0

0.0021

0

Topographical elevation

SPI

630–780

0.000655

0.1458

0.00449

0–750

0.00042

0.2275

0.001847

780–930

0.000863

0.1276

0.00676

750–1,500

0.001621

0.2864

0.005661

930–1,080

0.000567

0.1134

0.004997

1,500–2,250

0.00181

0.2342

0.007729

1,080–1,230

0.001272

0.0914

0.013917

2,250–3,000

0.0015

0.1463

0.010252

1,230–1,380

0.001595

0.073

0.021849

3,000–3,750

0.001216

0.0741

0.016404

1,380–1,530

0.001435

0.0537

0.026721

3,750–4,500

0.000513

0.023

0.022308

1,530–1,680

0.000707

0.1426

0.004956

4,500–5,250

5.57E-05

0.0031

0.01798

1,680–1,830
1,830–1,980

5.29E-05
0

0.2149
0.0277

0.000246
0

5,250–6,000
6,000–6,750

7.86E-06
2.14E-06

0.0007
0.0017

0.011229
0.001261

[1,980

0

0.0099

0

[6,750

0

0.0029

0

Distance from roads

NDVI

0–250

0.000695

0.1561

0.004454

-0.9 to 0.1

0.002418

0.3152

0.007672

250–500

0.001573

0.1164

0.013512

0.1–0.3

0.00154

0.2348

0.006559

500–750

0.000982

0.0901

0.010897

0.3–0.6

0.003078

0.3964

0.007766
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Table 2 continued
P(A)

P(Bi)

750–1,000

0.001313

0.1292

0.010166

1,000–1,250

0.000778

0.078

0.009977

1,250–1,500

0.000908

0.0861

0.010549

1,500–1,750

0.000427

0.0542

0.007871

1,750–2,000

0.00033

0.0427

0.007732

2,000–2,250

0.00014

0.0368

0.003806

[2,250

0

0.2105

0

Class

P(A/Bi)

Class

P(A)

P(Bi)

P(A/Bi)

0.000109

0.0536

0.00204

0.000468

0.0223

0.020989

Alluvium

6.29E-05

0.0424

0.001483

Volcanics

0.002913

0.6037

0.004825

Igdir fm.

0.001857

0.1478

0.012566

Yesilce fm.

0.001844

0.1838

0.010035

0.6–0.83
Geology
Kapaklı fm.

Table 3 Logistic regression coefficients of categorical data
Category
Geological
Kapakli formation

Coefficient

0.012392

Alluvium

-0.000123

Volcanics

-0.000231

Igdir formation

0.009234

Yesilce formation

0.007812

Slope aspect
Flat

-0.000141

N

-0.000237

NE

-0.000326

E

0.008912

SE

0.009271

S

0.007931

SW

0.006734

W
NW
N

0.006112
-0.000316
-0.000237

ANN model
As stated by Gomez and Kavzoglu (2005), an alternative
method for landslide susceptibility zonation is the use of
ANNs. ANNs are an attempt, in the simplest way, to imitate the neural system of the human brain. Neural networks
may be used as a direct substitute for autocorrelation,
multivariable regression, linear regression, trigonometric
and other statistical analysis and techniques (Singh et al.
2003). Neural networks, with their remarkable ability to
derive meaning from complicated or imprecise data, can be
used to extract patterns and detect trends that are too
complex to be noticed by either humans or other computer
techniques. ANNs have the ability to handle imprecise and
fuzzy data they can work with continuous, categorical and
binary data without violating any assumptions. As assessment of probability for landsliding is performed through
the forecast of future events from experience of past

Fig. 10 Neural network structure used in the study

landslides, it may be considered an ideal application for
ANNs.
Neural networks consist of a large class of different
architectures. In many cases, the issue is approximating a
static nonlinear, mapping f(x) with a neural network f(x)NN,
where x [ RK. There are many kinds of ANN models,
among which the backpropagation (BP) model is the most
widely used, and it is an instructive training model. It is
accepted that the most useful neural networks in prediction
and decision algorithm are BP and radial basis function
(RBF) networks. In this paper, BP algorithm created by
generalizing the Widrow–Hoff learning rule to multiple
layer networks and nonlinear differentiable transfer function is used. A BP consists of an input layer, several hidden
layers, and output layers. All of those layers may contain
multiple nodes (Yilmaz and Yüksek 2008a, b).
MatLab 7.0 was used for training and testing the neural
networks. A three-layer feed-forward network that consists
of an input layer (11 neurons), one hidden layer (23 neurons) and one output layer was used as a network structure
of 10-23-1 (Fig. 10). In order to find the number of hidden
layer nodes, Eq. 14 proposed by Hecht-Nielsen (1987) was
used:
Nh ¼ 2Ni þ 1

ð14Þ
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SVM model

Table 4 Weights of each factor
Factors

Weights

Geology

1.67316

Slope gradient

2.87173

Slope aspect

1.21121

Elevation

2.01342

Topographical wetness index

1.99321

Stream power index

1.73927

Distance from faults

1.99899

Distance from drainage

1.62133

Distance from roads

2.21132

Distance from settlements

1.91137

Normalized difference vegetation index

1.49978

where Ni is the number of input nodes and Nh is the number
of hidden nodes.
Initial weight range is also an important parameter
influencing the convergence of learning rule. In this study,
weights were randomly initialized in a small range of
-0.25 to 0.25 as proposed by Kavzoglu (2001). Kavzoglu
(2001) has also suggested that the minimum number of
training samples should be more than 30Ni(Ni ? 1) where
Ni is the number of input nodes. Learning and momentum
parameters were set as follows as proposed by Foody et al.
(1996). Almost 21,000 pixels were randomly selected from
the two classes (landslide and non-landslide) as training
samples, and parameters were then adjusted as below.
Learning parameters: 0.1.
Momentum parameters: 0.9.
Networks training function: variable learning rate with
momentum (traingdx).
Activation (transfer) function for all layers: tansig.
Moreover, training areas were checked in the field for
accuracy and completeness. As in many other network
training methods, models and parameters were used to be
able to reach minimum root mean square error (RMSE)
values. RMSE goal for stopping criterion was set to 0.1.
After the network goal was reached, the whole study area
was fed into the network in order to estimate the landslide
susceptibility. The learning algorithm defines how network
weights are adjusted between successive training cycles or
epochs. Using the BP learning algorithm which operates by
searching an error surface defined as a function of weights,
using a gradient descent technique to locate the point
(weight combination) with minimum error. The weights for
minimum error were recorded in the analyses, and weights
of each factor can be seen in Table 4. The set of susceptibility values obtained in each grid were then converted to
raster file in GIS medium, and landslide susceptibility map
was produced (Fig. 9c).
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As concluded by Bai et al. (2008), nowadays, the datadriven models are becoming more important, and particularly machine learning methods provide promising perspectives in the landslide susceptibility mapping, being
well-suited to nonlinear high-dimensional data modeling
problems.
SVM is a more recently developed method that is
based on nonlinear transformations of the covariates into
a higher dimensional feature space (Brenning 2005).
SVM is an increasingly popular learning procedure based
on statistical learning theory, and involves a training
phase in which the model is trained by a training dataset
of associated input and target output values. The trained
model is then used to evaluate a separate set of testing
data. There are two main ideas underlying the SVM for
discriminant-type problems. The first is an optimum linear separating hyperplane that separates the data patterns.
The second is the use of kernel functions to convert the
original nonlinear data patterns into the format that is
linearly separable in a high-dimensional feature space
(Yao et al. 2008).
Two class SVM model is described by Yao et al. (2008)
as following.
A set of linear separable training vectors xi (i = 1, 2, …,
n) consist of two classes, which are denoted as yi = ±1.
The goal of the SVM is to search for an n-dimensional
hyperplane differentiating the two classes by the maximum
gap.
Mathematically, it can be minimized
1
kwk2
2

ð15Þ

Subject to the following constrains
yi ððw  xi Þ þ bÞ  1

ð16Þ

where ||w|| is the norm of the normal of the hyperplane, b is
a scalar base, and () denotes the scalar product operation.
Introducing the Lagrangian multiplier, the cost function
can be defined as
n
X
1
L ¼ kwk2 
ki ðyi ððwxi Þ þ bÞ  1Þ
ð17Þ
2
i¼1
where ki is the Lagrangian multiplier. The solution can be
achieved by dual minimizing Eq. 17 with respect to w and
b through the standard procedures, and the detailed discussions can be found in Vapnik (1995) and Tax and Duin
(2002) (Yao et al. 2008).
For non-separable case, one can modify the constraints
by introducing slack variables ni (Vapnik 1995):
yi ððwxi Þ þ bÞ  1  ni

ð18Þ
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Equation 15 will be modified as
n
1
1X
n
L ¼ kwk2 
2
tn i¼1 i

833

ð19Þ

where t(0, 1] is introduced to account for misclassification (Scholkopf et al. 2000; Hastie et al. 2001). In
addition, a kernel function K(xi, xj) is introduced by
Vapnik (1995) to account for nonlinear decision boundary
(Yao et al. 2008).
In this study, two-class SVM method was used,
because Yao et al. (2008) had reported that the more
accurate susceptibility map was produced from the twoclass SVM. For this reason, in this study, RBF was
employed for kernel and the two class SVM model was
first trained and then used to construct landslide susceptibility map. In the study, ?1 and -1 represent the failed
and stable cases, respectively. One can easily note that
stable cases are not available and they have to be generated. Landslide affecting parameter maps were represented by vector of real numbers in the SVM model used.
Data sets and their classes are given in Table 2. Landslide
susceptibility map produced by SVM model can be seen
in Fig. 9d.

Validation of the models used
The landslide susceptibility maps can be tested using the
known landslide locations. Validation was performed by
comparing the known landslide location data, which were
not included in the susceptibility analyses, with the susceptibility map obtained. The area under curve (AUC) is a
good indicator to evaluate the prediction performance of
the model and the largest AUC, varying from 0.5 to 1.0,
is the most ideal model (Swets 1988; Yesilnacar and
Topal 2005). After the calculated LSI values of all cells
were sorted in descending orders, the ordered grid values
of LSI were divided into 100 classes which were accumulated 1%. Cumulative percentage of landslide occurrence in the classes versus LSI curves was then drawn to
calculate AUC (Fig. 11). The obtained values of AUC
from the four mapping models are given in Fig. 9.
Although ANN is the most accurate method, the results
for all four used methodologies do not show significant
difference, i.e., all four approaches lead to very similar
results and, therefore, can be used in landslide susceptibility mapping.
Moreover, validation by field investigations was also
performed by comparing the known landslide location data
with the classes of landslide susceptibility in maps. The
results obtained from field observation were also found to
be harmonious with results of AUC.

Fig. 11 Area under curve (AUC) representing the quality of the
models used

Conclusions and recommendations
Landslide susceptibility can be assessed from different
methods based on the GIS technology. Especially in the
last years, many research papers were published in order to
solve deficiencies and difficulties in assessment of the
susceptibility. It should be aimed that the procedure for
preparing landslide susceptibility map must be simple and
have a higher accuracy (Yilmaz 2008, 2009a).
In this study, CP model as a simple method, LR, neural
networks and SVM as complex methods were applied to
construct landslide susceptibility maps. The results of this
study showed that the map obtained from SVM and ANN
models looks like having a better accuracy than the conventional statistical methods; however, all the models were
found having relatively similar accuracies. Maps obtained
from four models look the same with minor differences
which can be distinguished in detail of the maps only.
While the pixels represented by very low and low susceptibility in CP and LR model is more widespread than
ANN and SVM, high and very high susceptible pixels are
lesser than ANN and SVM. Sameness of the maps also
supports the obtained similar accuracies of the models.
Yesilnacar and Topal (2005) stated that several investigators have compared neural network models with LR
using different data sets, with some researchers finding
superior performance for the neural networks and other
authors finding no differences in overall predictive performance (Tu 1996; Schumacher et al. 1996; Ottenbacher
et al. 2001; Mahiny and Turner 2003). They had also
indicated that the susceptibility map produced from the
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neural networks model was found to be more realistic. Lee
and Sambath (2006) reported in their comparative papers
that the frequency ratio model (86.97%) and LR model
(86.37%) showed higher and similar accuracy (Yilmaz
2009a, b).
Yao et al. (2008) presented the use of SVM in landslide
susceptibility mapping, and they found that SVM is a
useful tool in assessment of susceptibility. They also
compared the resulting map to the map obtained from LR,
and found better prediction efficiency than LR. Brenning
(2005) also obtained sufficiently smooth prediction surfaces for creating susceptibility map by SVM.
The main problem in the use of ANN, LR, and SVM is
time-consuming input process, calculations and output
process. Because they require conversion of data used in
analyses into ASCII or other formats, and it is also very
hard to process the large amount of data in statistical
software. That is why the CP model can be used as a simple
tool in the assessment of landslide susceptibility and
preparation of the maps. This paper has also a value with
its comparative nature, because the use of conventional
(CP, LR, etc.), soft computing (ANN, etc.) and machine
learning method (SVM, etc.) in landslide susceptibility
mapping was compared for the first time.
Acknowledgments Author thanks the two anonymous reviewers for
their very constructive and valuable comments which significantly led
to the improvement of the paper.
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