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Abstract In the international literature, although considerable amount of publications on

the landslide susceptibility mapping exist, geomorphology as a conditioning factor is still

used in limited number of studies. Considering this factor, the purpose of this article paper

is to implement the geomorphologic parameters derived by reconstructed topography in

landslide susceptibility mapping. According to the method employed in this study, terrain

is generalized by the contours passed through the convex slopes of the valleys that were

formed by fluvial erosion. Therefore, slope conditions before landsliding can be obtained.

The reconstructed morphometric and geomorphologic units are taken into account as a

conditioning parameter when assessing landslide susceptibility. Two different data, one of

which is obtained from the reconstructed DEM, have been employed to produce two

landslide susceptibility maps. The binary logistic regression is used to develop landslide

susceptibility maps for the Melen Gorge in the Northwestern part of Turkey. Due to the

high correct classification percentages and spatial effectiveness of the maps, the landslide

susceptibility map comprised the reconstructed morphometric parameters exhibits a better

performance than the other. Five different datasets are selected randomly to apply proper

sampling strategy for training. As a consequence of the analyses, the most proper outcomes

are obtained from the dataset of the reconstructed topographical parameters and geo-

morphologic units, and lithological variables that are implemented together. Correct

classification percentage and root mean square error (RMSE) values of the validation
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dataset are calculated as 86.28% and 0.35, respectively. Prediction capacity of the different

datasets reveal that the landslide susceptibility map obtained from the reconstructed

parameters has a higher prediction capacity than the other. Moreover, the landslide sus-

ceptibility map obtained from the reconstructed parameters produces logical results.

Keywords Landslide susceptibility � Topographic reconstruction � Indirect mapping

methods � GIS � Geomorphology � Melen Gorge (Turkey)

1 Introduction

Landslide is not only one of the important geomorphic hazards, but also a dynamic earth

surface process contributing to the denudation and geomorphic evolution of the landforms.

This dynamic process should be considered as an effect of natural landscape evolution. The

interaction of this phenomenon with the anthropogenic activities causes important casu-

alties and damages. Over the last decade, the developments in Geographic Information

Systems (GIS) and landslide susceptibility analysis techniques have provided various

facilities in applying landslide hazard mitigation programs. Given a set of geoenviron-

mental conditions, landslide susceptibility is the probability of spatial occurrence of known

slope failures (Guzzetti et al. 2005). It is assumed that landslides will occur in the future

because of the same conditions that produced them in the past (Guzzetti et al. 1999),

susceptibility assessments can be used to predict the geographical location of future

landslides (Chung and Fabbri 1999; Guzzetti et al. 2005). The methods of landslide sus-

ceptibility mapping are classified into two main groups as direct and indirect techniques.

Direct methods, comprising heuristics approaches, can be assessed as direct geomorpho-

logic mapping or qualitative map combination. In direct techniques, the geomorphologist

or engineering geologist based on his/her experience and knowledge of the terrain con-

ditions determines the degree of susceptibility directly (Van Westen et al. 2003). On the

other hand, indirect methods such as statistical (bivariate or multivariate statistics),

deterministic and knowledge-based artificial intelligence approaches are able to determine

quantitatively the zonation of landslide susceptibility degree. Several applications on

bivariate statistical methods (Clerici et al. 2002, 2006; Remondo et al. 2003; Suzen and

Doyuran 2004a; Gokceoglu et al. 2005), multivariate statistical methods (Carrara 1983;

Chung et al. 1995; Suzen and Doyuran 2004b; Can et al. 2005; Guzzetti et al. 2006; Lee

and Pradhan 2007) and knowledge-based artificial intelligence methods (Lee et al. 2003a,

b, 2004; Ercanoglu and Gokceoglu 2004; Yesilnacar and Topal 2005) and simple overlay

method (Gokceoglu and Aksoy 1996) can be found in the literature.

One of the significant differences between these two techniques is the expert’s opinion.

While direct susceptibility map is produced depending on expert’s opinion, the results of

an indirect susceptibility map are interpreted by the expert. Parameters or factor maps that

may be adopted in both techniques depend on one’s experience and knowledge of the

terrain conditions. However, the landslide susceptibility maps have some uncertainties

resulting from the parameters employed and the techniques applied. In addition to the

uncertainties about the parameter maps, an important uncertainty affecting the accuracy of

the study is not mentioned frequently in landslide susceptibility assessment. Indirect

landslide susceptibility map production requires a well-documented landslide inventory.

Whichever method is used for indirect landslide susceptibility mapping, the conditioning

parameters should be assessed with the landslide inventory altogether. The landslide

inventories used in literature traditionally reflect the actual terrain conditions like failed
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slopes. However, the question of what the terrain parameters, especially slope degree were

at the failure time should be answered because one of the main targets of the landslide

susceptibility maps is to determine the susceptibility degree of the slopes which has not

failed yet. It is evident that this difference will affect the prediction capacity of the

landslide susceptibility map. It is possible to prevent the failure of topographic features in

advance by reconstruction method. The purpose of the present study is to produce the

landslide susceptibility maps using actual and reconstructed topographic data, and to

compare their results in order to answer the question mentioned previously is highly

important for the future landslide susceptibility assessments.

Considering the purpose of the present study, the reconstruction method is employed,

because the failed terrain conditions reflect the actual terrain conditions. However,

throughout the methodology part of the study, the reconstruction approach is implemented

to overcome the uncertainty mentioned previously. The geomorphology map of the study

area is also used as a parameter map. This process is carried out by taking into account the

previous morphometric conditions obtained from the reconstruction of the actual terrain

conditions. In addition to the conventional parameters, geomorphology as a parameter map

is also considered in landslide susceptibility maps that are produced by logistic regression.

In literature, the present study which uses the geomorphologic units as a conditioning

factor map in landslide susceptibility analyses is not unique. Van Westen et al. (2003) and

Duman et al. (2006) also considered this parameter in their works; however, the actual

field conditions were taken into account. In evaluating the importance of reconstructed

geomorphology as a parameter in the production of landslide susceptibility maps, binary

logistic regression technique is used.

2 General characteristics of the study area

The Melen Gorge and its close vicinity is one of the landslide-prone areas of the Western

Black Sea region of Turkey (Fig. 1). The area covers approximately 108 km2 surface area.

The topographic elevation values of the area range from 0 to 720 m, with an average value

of 185 m. Slope gradients computed from DEM vary between 0 and 50.2 degrees, while its

average is 13.7 degrees. In the field, the typical Black Sea climate prevails, the region

acquires precipitation almost in all seasons, maximum in fall, and its zones where marine

effects cannot reach, transitions to continental climate are observed rarely. Meanwhile

annual rainfall in the period of 1970 and 2006 is 847 mm. In the area, landslides are

triggered mainly by intense and prolonged rainfall. As an example, the Dokuzdegirmen

landslides which occurred on November 12th in 1995 after a prolonged rainfall period

causes significant damages in the region. This intense rainfall episode continued during

4 days, and these two major landslides located very close to the town center of the

Dokuzdegirmen district happened on the second day of this period (AIGM 1995).

The lithological units of the study area are formed by sedimentary and volcanic rocks. The

southern parts of the area are covered by volcanic units of Middle-Lower Eocene and

sandstone-mudstone of Middle-Lower Eocene (Fig. 2). This sandstone-mudstone of

Middle-Lower Eocene units covers 63% of the area’s lithological units. The clayey

limestones of Upper Cretaceous crop out in the central part of the area and form steep

slopes. The steep slopes in the northern part of the study area are covered by Lower–

Middle Eocene sandstone–mudstone (Tc) and Upper Cretaceous–Lower Eocene clayey

limestones (Ktae) (Fig. 2). These units contain the majority of the landslides and comprise

95% of the actual landslides (Table 1). Pliocene conglomerate-sandstone crop out in the
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northern parts of the area and recent alluvium in Quaternary age locates valley bottoms

along the Melen River.

Physiographic features of the area are characterized by a steep and rough morphology

formed by clayey limestone and sandstone-mudstone in the southern part. Deep valleys are

present in this lithological composition in the central part. The northern parts of the area

exhibit more gentle morphology than the southern part. This morphologic asymmetry is

formed by the deformation zone of the North Anatolian fault zone (NAFZ). The NAFZ is

1600 km long right-lateral strike-slip and known as one of the most active fault zones in

the world (Ketin 1948; Sengor 1979; Saroglu et al. 1987; Barka and Kadinsky-Cade 1988;

Barka 1992; Gokasan et al. 2003). These faults controlling the general physiographic trend

of the area, have been maintaining their activities effectively. An example is the Karadere–

Duzce segment of the NAFZ (Fig. 1) that was ruptured during the Duzce earthquake with a

magnitude of 7.2 (Mw) in 1999 (Emre et al. 1999) (Fig. 1). In this respect, besides the

meteorological events, the other potential triggering factor for landsliding in the region can

be considered as large earthquakes. One of well-known mass movement, located on the far

south of the study area happened in 1999, during Duzce earthquake occurred on November

12th (Emre et al. 1999).

The geomorphology of the area is conditioned by the NAFZ and sea level changes

during the Pliocene and Quaternary period. Morphology is dominated by denudational

origin landforms (Fig. 3). These erosional landforms reflect a complex geomorphologic

history of the area. In order to understand this complex history and landslide activities in

the area, a generalized geomorphology map is prepared by employing the interpretation of

Fig. 1 Location map and major faults of the study area
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two sets of aerial photographs and extensive field works (Fig. 3). Landslides are the main

agent of the geomorphologic complexities of the study area. A total of 82 landslides,

varying in type and activity, are identified in the study area. Among these landslides, a total

Fig. 2 Geology map of the study area (Ketin 1955; Pekcan 2000)
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of 69 are classified as deep-seated circular and active according to the classifications

proposed by Varnes (1978) and Cruden and Varnes (1996) (Fig. 4). The morphology of the

69 landslides (scarps, cracks, tilted and displaced blocks, hummocky topography) can be

recognized clearly in the field.

3 Methodology

As mentioned previously, the main purpose of the present study is to investigate the effect

of original topography (before slope failures) on the performance of landslide susceptibility

maps. For this purpose, a reconstruction process should be applied. Reconstruction can be

described as the obtaining of topographical conditions before slope failure by considering

some morphological rules, such as slope orientations and contour trends. Although

numerical models of landscape evolution are becoming commonplace, little agreement

exists on what topographic measures should be used to compare model and real landscapes

(Dietrich et al. 2003). As mentioned by Dietrich et al. (2003), a key issue is what features

should be distinguished for the processes being responsible for landscape evolution.

Obviously, morphometric parameters directly reflect these evolution mechanisms, using

the measurable properties of landforms. During the reconstruction process of failed slopes,

the morphometric parameters reflecting this evolution mechanism are used. However, the

effects of erosion and active tectonic processes on the slope forming mechanism should not

be disregarded because these processes might affect the reconstruction method employed

in the present study. In the study area, the recent landslide activity is more intense than the

erosion and active tectonic processes. For this reason, the reconstruction process employed

in the present study is related directly with the landslides and therefore, erosion and active

tectonic processes in short-period may be neglected. The primary effect of a slope failure

on topographic environment is to change the morphology of the terrain where slope failure

occurs. The secondary and the indirect effects are eminent because they influence the

Table 1 Landslide densities of the lithological units in the study area

Lithological units Symbol Grid cells with landslides All grid cells Landslide
density (%)

Frequency
(no. of pix.)

% Frequency
(no. of pix.)

%

Clayey limestone
(Upper Cretaceous–
Lower Eocene)

Kta 43 0.41 5,228 3.04 0.82

Clayey limestone
(Upper Cretaceous)

Ktae 597 5.68 9,139 5.31 6.53

Conglomerate, sandstone
(Triassic)

Ptrc 0 0.00 260 0.15 0.00

Alluvium
(Quaternary)

Qa 1 0.01 25,993 15.10 0.00

Sandstone, mudstone
(Lower–Middle Eocene)

Tc 9,491 90.37 109,686 63.73 8.65

Conglomerate, sandstone
(Pliocene)

Tor 0 0.00 9,660 5.61 0.00

Andesite, basalt
(Lower–Middle Eocene)

Ty 370 3.52 12,148 7.06 3.05
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primary and the secondary derivatives (such as altitude, slope gradient, aspect, slope

curvature, and so forth) of the terrain. These topographic derivatives have been used for

landslide susceptibility mapping as landslide conditioning parameters. It should be

Fig. 3 Main geomorphologic units of the study area
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considered that utilization of geomorphologic parameters interpreted by using the recon-

structed local terrain conditions into landslide susceptibility evaluations constitutes one of

the main purposes of this study.

Fig. 4 Landslide inventory map of the study area
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During the reconstruction process of the estimation of pre-failure topography by GIS

methods, many interpolation methods such as Inverse Distance Weighted (IDW), Kriging,

Natural Neighbor, Nearest Neighbor, Triangulation with Linear Interpolation are tested.

IDW and Krigging interpolation methods show similar results. However, considering the

slope orientations and the contour trends, more appropriate results are obtained from IDW

(Fig. 5). IDW is based on one of the basic principles of geography and it declares that

things which are close to each other are more alike (McCoy and Johnston 2001). In order to

describe the location of an undefined terrain, one needs to look for the measured values

within a specific neighborhood and estimate the value for this location. Hence, IDW

estimates the final grid-cell value by averaging the values of the sample data points in the

vicinity of this grid cell (Eq. 1).

zðx0Þ ¼

Pn

i¼1

1
dp

ij
zðxiÞ

Pn

i¼1

1
dp

ij

ð1Þ

where ‘‘z’’ is the sample points, ‘‘dij’’ is the Euclidean distance between each data point and the

point to interpolate, and ‘‘p’’ is the power value. This method assumes that the variable being

mapped decreases in influence with distance from its sampled location (McCoy and Johnston

2001; Childs 2004). With the IDW, the significance of the interpolated values based on their

distance from the output point can be controlled. The significances of the weights belonging to

these data points are explained by the terms of power. If the rate of power is defined as high in a

given area, the resulting surface will be more detailed. In this study, average and most commonly

used power value ‘‘2’’ is taken into consideration. This weight value for the interpolated surface

in the IDW method directly controls the search radius, limiting the number of input points that

can be used for calculating each interpolated cell (McCoy and Johnston 2001).

The application of the proposed reconstruction methodology constitutes four main

stages. First one is the re-grouping of landslides according to their slope orientations.

Estimation of a topographical altitude using IDW algorithm is directly influenced by the

acute angle between ridge orientation and movement direction. For this reason, considering

the orientation of the main sector having the highest radius of the search ellipse, 8 different

slope orientation groups (SOG) such as [0–45], [45–90] … [270–315], [315–360] were

defined (Fig. 5). Pre-processing of digital elevation model (DEM) for the reconstruction is

the second stage of the proposed method. For this purpose, at first, conversion of raster

DEM to vector point data has to be accomplished. Then, the vector point data included in

the landslide area is extracted from the original data. After this stage, some holes in the

DEM are obtained. The essential of the proposed reconstruction method in this study is the

estimation of new topographic altitude values representing pre-failure conditions in these

holes by applying the interpolating technique IDW algorithm. Considered criteria for the

reconstruction method in IDW algorithm are given in Fig. 5. Applying the IDW algorithm

for each slope orientation group, the reconstructed topographic altitudes are obtained. As a

consequence, the last stage is the merging the reconstructed values for each SOG with the

rest of the original data, and here after the final reconstructed DEM is acquired.

In order to check the performance of the reconstruction methods proposed in this study,

four different landslide masses having depth of failure surface predicted, salient depletion

and zone of accumulation are considered (Fig. 6). For this purpose, the volumetric changes

represented by unit area resolution between the topography reconstructed and the actual

topography are calculated by using the reconstructed and actual digital elevation models.

Theoretically, the total negative displacement on the depletion zone should be equal to the
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Fig. 5 Inverse distance weighted (IDW) vs. Kriging method and considered criteria for reconstruction
method (in IDW); (a) Actual DEM interpolated in IDW, (b) Reconstructed DEM interpolated in IDW,
(c) Actual DEM interpolated in Kriging method, (d) Reconstructed DEM interpolated in Kriging method
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volume of the displaced material to be calculated by the equation (Eq. 2) proposed by the

UNESCO Working Party on World Landslide Inventory (Popescu 1990). Considering this

approach, a series of analyses are performed and the results are cross-correlated. According

to the results of cross-correlation, the reconstruction method proposed in the present study

produces acceptable results (Fig. 6).

Vls ¼
1

6
� p� Dr �Wr � Lr ð2Þ

where Vls is landslide volume; Dr is the depth of failure surface; Wr is the width of the

depletion zone; Lr is the length of depletion zone.

4 Data production

In the study, landslides were collected and mapped by using the results of the interpre-

tations of two sets of aerial photographs (1956 and 1976). They were also checked during

the field studies. The mass movements identified by using two photo sets are merged into

one vector file forming the landslide inventory map of the Melen Gorge. This inventory

map represents a training source for the statistical analysis to understand the parameters

controlling the mass movements (Fig. 4). Landslides cover an area of 6.56 km2 in the

study area, and this amount constitutes 6.07% of the study area. The minimum and the

Fig. 6 Verification results for the reconstruction procedure applied in the study. (a) Location map of the
landslides used for verification, (b, c, d, e) volumetric calculations, (f) crosschecks between the volumes
calculated from both the equation proposed by Popescu (1990) and the reconstruction method suggested in
this study
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maximum landslide areas are found as 0.01 and 0.7 km2, respectively. In landslide

susceptibility mapping techniques, uniformity of mass movement type is an important

factor in the validation stage especially. In this respect, landslide susceptibility map is

produced by considering only deep-seated circular types of landslides in the area.

The second dataset is formed by the geological map (Fig. 2). This dataset is derived

from different scaled geological maps produced by the General Directorate of Mineral

Research and Exploration (MTA) and other studies (Ketin 1955; Pekcan 2000). The

geological dataset is also used to extract lithological characteristics of the area. In the area,

the majority of the landslides (90.6%) occurred in the Eocene flyschoidal deposits (Tc).

The main lithologies governing the landslides are the weak sandstone and mudstone layers.

Highly fractured structural pattern of these formations cause such kind of peculiarities. For

this reason, these units could be considered as one of the main conditioning factors of the

landslides in the area. Considering the landslide distribution and particularly landslide

densities (Table 1), the flyschoidal units (Tc) of Lower–Middle Eocene and the clayey

limestone units of Upper Cretaceous (Ktae) are the most landslide-prone lithologies. In

addition to these lithologies, volcanic rocks of Lower–Middle Eocene also contain some

minor landslides but areal distribution of these landslides is rather low.

The third dataset is the digital topographical maps obtained from the General Command

of Mapping of Turkey. Using this data, grid-based digital elevation model (DEM) having a

ground resolution of 25 9 25 m of the region is constructed (Fig. 7a). The pixel size of

25 9 25 m provides optimum resolution conditions and data volume. In order to prepare

the topographical parameter maps for the study area, the DEM is used. Besides these seven

lithologic dichotomous (0, 1) variables of geology, seven topographical parameters such as

altitude, slope, aspect, stream power index (SPI), topographic wetness index (TWI), plan

curvature and profile curvature are taken into account as the possible conditioning factors

Fig. 7 Digital elevation model (DEM) of the study area; (a) Actual DEM, (b) Reconstructed DEM
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for the landslides in the area. On the other hand, the actual DEM is reconstructed to obtain

the reconstructed DEM representing the field conditions prior to landsliding (Fig. 7b). In

this respect, the same derivation process is applied on the reconstructed DEM to obtain

the topographical parameter maps. A sample area related to the actual and reconstructed

topographical parameters is given in Fig. 8. Table 2 shows the descriptive statistics of the

topographical parameters derived from these DEM’s with respect to landslide inventory.

For the spatial analyses, ArcView 3.2, ArcGIS 9 and Surfer 8 packages are used.

Although no agreement on topographical conditioning factors have to be used in

landslide susceptibility analyses in literature, altitude, slope gradient, slope aspect, and

slope curvatures are frequently used in landslide susceptibility studies. In addition, TWI

and SPI, known as secondary topographic attributes in literature (Wilson and Gallant

2000), have been used in landslide susceptibility studies, recently (Gokceoglu et al. 2005;

Yesilnacar and Topal 2005; Duman et al. 2006). SPI is used to describe potential channel

erosion and landscape processes. Consequently, SPI is a measure of erosive power of water

flow based on assumption that discharge (q) is proportional to specific catchment area (As)

(Eq. 3) (Moore et al. 1991).

SPI ¼ As tan b; ð3Þ

where As is the specific catchment area (m2 m-1) while b is the slope gradient in degree.

This index is one of the main factors controlling the erosion process and so is the main

Fig. 8 An example for the topographical parameter maps produced from actual and reconstructed DEM
(for location see Fig. 5); (a) Altitude and contour map produce from actual DEM, (b) Altitude and contour
map produced from the reconstructed DEM (c) Slope gradient (degree) map produced from actual DEM,
(d) Slope gradient (degree) map produced from the reconstructed DEM
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conditioning factor of landslide occurrence (Duman et al. 2006). The other index, TWI,

has been used extensively to describe the effect of topography on the location and size of

saturated source areas of runoff generation (Moore et al. 1991), and it is a useful parameter

as a conditioning factor in landslide susceptibility studies (Eq. 4).

TWI ¼ ln As= tan bð Þ ð4Þ

where As is the specific catchment area (m2 m-1), b is the slope gradient in degree.

In addition to these parameters, a geomorphologic map is prepared based on the

interpretation of these three datasets (aerial photographs, geology and topographic vari-

ables) and extensive field studies (Fig. 9a). In the study area, polygon-based classification

system for the geomorphologic mapping is preferred. The reason behind the preference is a

conventional geomorphologic mapping system including different symbols, and lines and

hatchings. When producing the geomorphologic map of the area, relations among geo-

morphologic origin, morphometric classifications (internal relief, micro relief, and slope

classes, etc), physiographic classifications (land systems to land elements) and lithological

variables are considered. Geomorphologic units consist of 469 different polygons and 28

legend classes. The legend represents information on the genesis, physiographic properties

and morphometric information of the map (Fig. 9a). On the other hand, this geomorpho-

logic unit map is reconstructed to obtain geomorphology parameter map. Following this

process, a new map (the reconstructed geomorphologic unit map) is obtained (Fig. 9b).

The new map consists of 353 different polygons and 26 legend classes. Following this

stage, the polygon-based vector dataset is converted to grid data structure with ground

resolution of 25 9 25 m to be used in the analyses as a parameter map. Areal distributions

of different geomorphologic units with respect to landslide inventory are given in Table 3.

Considering the landslide distribution and especially landslide densities (Table 3), slopes

such as; moderately to severely dissected slopes (Msd), slightly to moderately dissected

slopes (Smd), steep slopes (Ss) and slightly dissected slopes (in mainly gully erosion) (Sdg)

are obtained as the most landslide-prone geomorphologic units in the area.

5 Susceptibility analyses

For the study area, a landslide susceptibility map is prepared using logistic regression

analysis using 40 geoenvironmental variables such as altitude, slope gradient, slope aspect,

profile and plan slope curvatures, SPI, TWI, lithology and geomorphology. In order to

determine degree of landslide susceptibility, grid cells as terrain mapping unit are used

considering extend of the study area and landslide distribution in the region. The study area

is comprised of total of 172,114 grid cells, 10,502 of which contain landslides. Landslide

susceptibility evaluation involves a high level of uncertainty due to data limitation

and model shortcomings (Zezere 2002). In this respect, the landslide researchers have

considered different techniques to prepare landslide susceptibility maps. One of the mul-

tivariate statistical techniques is logistic regression. In literature, the logistic regression

technique is widely used in producing landslide susceptibility maps (e.g., Atkinson and

Massari 1998; Gorsevski et al. 2000; Lee and Min 2001; Ohlmacher and Davis 2003; Lee

2004, 2005; Ayalew and Yamagishi 2005; Can et al. 2005; Duman et al. 2006; Nefeslioglu

et al. 2007). The fundamental principle of logistic regression is based on the analysis of a

problem, in which a result measured with dichotomous variables (such as zero and one or

true and false) is determined from one or more independent factors (Menard 1995). In the

case of landslide susceptibility mapping, the aim of logistic regression would be to find the

338 Nat Hazards (2008) 46:323–351
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best fitting model in order to describe the relationship between the presence or absence of

landslides (dependent variable) and a set of independent parameters such as altitude, slope

(degree), and SPI. In general, logistic regression involves fitting the dependent variable

using an equation in the following form:

Y ¼ logit Pð Þ ¼ ln p= 1�pð Þð Þ ¼ c0 þ c1x1 þ � � � þ cnxn ð5Þ

where p is the probability that the dependent variable (Y) is 1, p/(1-p) is the so-called odds

or likelihood ratio, C0 is the intercept, and C1, C2,...,Cn are coefficients that measure the

contribution of independent factors (X1, X2,...,Xn) to the variations in Y. In this study, the

dependent variable is defined as the presence or absence of landslide deposits, while the

independent variables are those thought to affect landslide susceptibility. An overall of 7

topographical parameters (continuous variables) and 7 lithological and 26 geomorphologic

units in binary format (dummy variables), a total of 40 independent variables are included

in the logistic regression analyses. The dependent variable used in the analyses is also

expressed in binary format with respect to presence (1) and absence (0) of landslide

occurrences. One of the main requests of the multivariable statistical applications is the

equal sampling strategy for the training dataset (Ayalew and Yamagishi 2005; Can et al.

Fig. 9 Geomorphologic units of the study area; (a) Actual geomorphologic unit map, (b) Reconstructed
geomorphologic unit map
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2005). This means that the ratio of presence (1) to absence (0) should be equal to 1 in the

training dataset. For this purpose, a random data selection is applied to the absence (0)

data. As the validation dataset, 20% of the presence (1) data (2100 grid cells are selected

randomly) is excluded from the training dataset. While whole data matrix is comprised of

172,114 cases, the training dataset contains 16,804 cases. By using the training dataset,

backward step-wise logistic regression analysis is carried out. It is performed continuously

within a 95% confidence interval. Classification cut-off value and maximum iteration are

selected as 0.5 and 12 respectively. In order to obtain the most appropriate results with the

actual and the reconstructed datasets, a series of sensitivity analyses are performed as well.

For this purpose, five different datasets, as given below, are constructed considering

conditioning factors used and sampling strategies applied for training datasets in the study.

Dataset 1—only topographic parameters are produced from the actual DEM, 80% of

presence (1) data is extracted from the landslide inventory randomly for the training

dataset.

Dataset 2—only topographic parameters are produced from the reconstructed DEM,

80% presence (1) data is obtained from the landslide inventory randomly for the training

dataset.

Dataset 3—topographic parameters are produced from the reconstructed DEM and

lithological factors, 80% presence (1) data is obtained from the landslide inventory ran-

domly for the training dataset.

Dataset 4—topographic parameters are produced from the reconstructed DEM and

geomorphologic units, 80% presence (1) data is obtained from the landslide inventory

randomly for the training dataset.

Dataset 5—topographic parameters are produced from the reconstructed DEM, litho-

logical factors and geomorphologic units, 80% presence (1) data is obtained from the

landslide inventory randomly for the training dataset.

Using these different datasets in logistic regression analyses, five different susceptibility

maps are produced and four comparisons are made (Fig. 10). As a result of the backward

step-wise logistic regression analysis, correct classification percentages for the prediction

of presence (1) data in the training datasets are 63.5% for the Dataset 1, 67.4% for the

Dataset 2, 86.8% for the Dataset 3, 78.9% for the Dataset 4 and 85.8% for the Dataset 5. As

a consequence of the comparison between the actual and the reconstructed topographical

parameters, considering the high correct classification percentages and spatial effectiveness

of the reconstructed topographical parameters in the dataset 2, it can be evidently realized

that the reconstruction process is essential. Topographical parameters such as altitude,

slope gradient, slope aspect, TWI and SPI were found as significant (for the level of 0.05)

statistically (Table 4). On the other hand, only slope and SPI are found as meaningful

according to test statistics in all datasets. Considering the Wald test statistical values, the

flyschoidal units of Lower–Middle Eocene (Tc) and the clayey limestone (Ktae) units of

Upper Cretaceous are the main landslide conditioning factors among the lithological units

as forecasted. Landslide densities of these lithologies are considerably high in the area (see

Table 1; Tables 5 and 6). As the Wald test statistical values and the significance of b
coefficients increase, the positive b coefficient values in test statistics of the variables in the

equation also increase the possibility of landslide. Geomorphologic units are used in the

datasets 4 and 5. Among geomorphologic units, moderately to severely dissected slopes

(Msd), slightly to moderately dissected slopes (Smd), moderately to severely dissect hilly

topography (Msdh) and structural hill and ridge along reverse fault (Shrarf) are the main

landslide conditioning factors. As shown in Table 6, floodplain (Fp) and narrow valley

(Vn) decrease the landslide possibility due to their morphological characteristics.
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Fig. 10 Landslide susceptibility maps; (a) for the dataset 1, (b) for the dataset 2, (c) for the dataset 3,
(d) for the dataset 4, (e) for the dataset 5, and (f) distributions of the susceptibility values—obtained from the
dataset 5—on the observed landslides
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When comparing different datasets according to their correct classification percentages

and spatial effectiveness of maps, it is evident that the prediction performances are

improved noticeably by using the reconstructed topographical parameters, lithological

variables and geomorphologic units altogether. Applying the b coefficients obtained from

different datasets in logistic regression equations, five different susceptibility maps are

produced (Fig. 10). Spatial effectiveness of these maps is checked by receiver operating

characteristics (ROC). The ROC curve is a useful method of representing the quality of

deterministic and probabilistic detection and forecast systems (Swets 1988). The area

under the ROC curve (AUC) characterizes the quality of a forecast system by describing

the system’s ability to anticipate correctly the occurrence or non-occurrence of pre-defined

‘‘events’’ (Yesilnacar and Topal 2005). The ROC curve plots the false positive rate on the

X axis and 1—the false negative rate on the Y axis. It shows the trade-off between the two

rates (Biggerstaff 2000). If the area under the ROC curve (AUC) is close to 1, the result of

the test is excellent. On the contrary, the closer the AUC to 0.5, the fairer the result of the

test is. The results of the ROC curve test are illustrated in Fig. 11. These curves indicate

that the dataset 5 (Fig. 10e) has higher prediction performance than the other datasets. The

area under the curve (AUC) for the dataset 5 is 0.84 which is an acceptable result for

prediction purposes. In order to evaluate the sensitivities on the prediction capacities of

different approaches, correct classification percentages (for the cut-off value of 0.5) and the

root mean square error (RMSE) (Eq. 6) indices are also calculated.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

N

XN

i¼1

ðy� y0Þ2
v
u
u
t ð6Þ

where N is the number of cases, y is the observed presence, and y0 is the predicted presence.

The predicted probability distributions for these sets are given in Fig. 12. Correct

classification percentages and RMSE values of the datasets 1 and 2 are calculated as close to

Fig. 11 Evaluation of receiver
operating characteristics (ROC)
curves relating to the different
datasets within framework of
backward stepwise logistic
regression analyses
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each other but the RMSE value of the dataset 2 is lower than that of dataset 1 (Fig. 10b).

Therefore, this dataset is considered in order to analyses within datasets 3–5 (Fig. 10).

Considering the correct classifications and the RMSE indices, the prediction capacity of the

dataset 5 is significantly higher than that of the other datasets (Fig. 12f). Taking all of the

analyses into consideration, it may be concluded that, the most appropriate landslide

susceptibility map for the study area is obtained by using the dataset 5 (Fig. 10e) which has

been obtained through the topographic parameters produced from the reconstructed DEM,

lithological factors and geomorphologic units of this dataset are used together and 80% of

presence (1) data is provided from the landslide inventory randomly for the training dataset.

In the study area, some of landslides, particularly scarp zones of those are located on the

spatial domains having low susceptibility values (Fig. 10f). This is because these regions

coincide with the boundary zones of the remnant plateau surfaces. The low beta coeffi-

cients of the morphological unit, remnant plateau surfaces cause the estimation of low

susceptibility values. Considering the retrogressive character of the landsliding in the

region, the continuum mass processes commonly occur throughout the boundary zones

these remnant surfaces. Even though the low susceptibility values on these regions, this

peculiarity might be concluded as evidence of a high consistency degree of the proposed

Fig. 12 Distributions of estimated probabilities of the validation datasets with correct classification
percentages and RMSE indices with respect to different random samplings; (a) for dataset 1, (b) for dataset 2,
(c) for dataset 3, (d) for dataset 4, (e) for dataset 5, and (f) Bar graphs of RMSE and correct classification
percentage values
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reconstruction methodology. Besides, the susceptibility values are commonly calculated as

low on the accumulation zones of the mass movements (Fig. 10f). It is obviously an

expected result because, as it is well known that the displacement of the natural material

directly occurred on the depletion zone of a landslide event, not happened on the

accumulation zone.

6 Results and conclusions

Although many publications on the landslide susceptibility mapping exist in the interna-

tional literature, no studies considering the geomorphologic units before landsliding are

encountered. Considering this lack, some comparisons between the landslide susceptibility

maps produced by the actual and the reconstructed DEM, topographic parameters and the

geomorphologic unit maps are made. The results and the conclusions obtained by the

present study are summarized as follows:

(a) The landslides are one of the major earth surface processes. When geomorphologic

unit maps including landslides are used in landslide susceptibility maps as a

conditioning parameter, this results in conceptual conflict because the dependent

variable is landslide. In order to avoid this problem, the geomorphologic units are not

generally used in landslide susceptibility maps. However, if the reconstructed DEM

reflecting the topographical conditions before landsliding is used, this problem will be

eliminated. Moreover, one of the major aims of landslide susceptibility maps

determines the zones having different landslide susceptibility values. For this reason,

the topographic conditions at the time of failure provide considerable knowledge of

the topographic conditions governing landslides. In the present study, these problems

are put forward in detail.

(b) Employing the reconstruction method on the actual DEM, a possibility to use of

geomorphologic units when preparing landslide susceptibility maps is provided. The

geomorphologic units are probably the most important factors governing the landslide

occurrence.

(c) Five landslide susceptibility maps of the study area are produced by using various

parameter combinations. However, the susceptibility map produced by using the

topographic parameters and geomorphologic units obtained from the reconstructed

DEM exhibits the best results when considering not only statistical performance

indices but also logical assessments.

As a further recommendation, reconstruction may better be considered when producing

landslide susceptibility maps. The reconstruction will then provide an important contri-

bution to the improvements of landslide susceptibility maps because the geomorphologic

units can be implemented in landslide susceptibility maps without any conceptual con-

tradiction. However, in order to apply the reconstruction method, dimensions of landslides

have to be mapped. If such type and sized landslides do not exist, the reconstruction

method cannot be applied. In this study, the reconstructed method is applied to the deep-

seated landslides having a considerable areal extent. For this reason, the application of the

reconstruction method to the other types of mass movements such as translational slides,

flows, etc. is still open to improvement.
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