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Abstract

In the last decades, landslide hazard assessment has attracted many researchers’ attention. A number of parameters are

suggested to be responsible to quantitatively explain the mechanism of landslides; many of these parameters are very important

and factual. However, some data types and models are site-specific and could not be applied to different locations. Furthermore,

the data stored in continuous parameter maps are divided into a number of classes arbitrarily, depending on the vision of the

expert. Basically, this division controls the result of bivariate analysis. Besides, the responsible portion of the parameter map

controlling the mechanism is also weighted arbitrarily. Based on these two facts, the class boundaries put a prejudice on the

produced susceptibility/hazard maps, which result in dependence on the knowledge of the user rather than being dependent on the

data and the fact itself. The aim of this study is to refine the previously defined methods in a more data-dependent trend. To

achieve this goal, two new concepts: seed cells and percentile maps are introduced. Seed cells are the zones that are considered to

represent the best undisturbed morphological decision rules (conditions before landslide occurs) and would be achieved by

adding a buffer zone to the crown and flank areas of the landslide. To quantitatively classify the input parameter maps, the data

distributions of seed cells in the parameter maps are divided into a number of classes on the basis of their distribution’s percentile

break-points upon which the parameter maps are directly dependent on the seed cell distributions, hence to the data itself.
D 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Every year, thousands of people all over the world

are losing their lives in natural disasters, which have

large impacts on the local and global economy.

Almost no portion of the earth’s surface is free from
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the impact of natural hazards. Due to increasing

population densities and uncontrolled or not well-

planned development, more and more people are

affected by disasters. Not very different from the

majority of the world, high precipitation, deficiencies

in infrastructure and lack of disaster plans and hazard

maps are paid off by human lives in Turkey.

Over the past two decades, many scientists have

attempted to assess landslide hazards and produced

susceptibility maps portraying their spatial distribu-



Fig. 1. The geographical location of the study area.
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tion. However, up till now, there has been no general

agreement on the methods or even on the scope of

these investigations. Despite the methodological and

operational differences, all methods proposed are

based upon a single basic conceptual model. This

model requires first the identification and mapping of

a set of geological–geomorphological factors that are

directly or indirectly correlated with slope instability.

Then, it involves both an estimate of the relative

contribution of these factors in generating a slope

failure, and the classification of the land surface into

zones of different susceptibility degrees (Süzen, 2002).

Several hazard modeling methodologies have been

presented in the literature and could be aggregated

into two groups: the heuristic and the statistical

approaches (Soeters and van Westen, 1996). In the

heuristic approach, all of the decision rules to create

the hazard or susceptibility map are given by the

researcher and they directly depend on the skill of

the researcher, so expert knowledge is indispensable.

These methods generally consist of application of

geomorphological rules to the landslide-prone areas

and they flourished the literature in the past two

decades. Since they depend on the skill of the map

producer, their reproducibility by other researchers

with the same data set seems to be not viable, which

incorporates a subjective state to the produced maps.

Some good examples of the heuristic-type studies can

be listed as Kienholz (1978), Malgot and Mahr

(1979), Ives and Messerli (1981) and Rupke et al.

(1988). In spite of their accurate and proficient maps,

the degree of subjectivity and expert dependency in

these methods lead the scientists to mine around the

available statistical methods, which gave thrust to the

use of statistical methods in the last decade.

All forms of statistical methods are used to esti-

mate the relative contributions of the factors respon-

sible for slope instability, and to create some pre-

dictions based on these factors; however, they still

have some differences in the way that they handle the

data. They can be categorized into two subgroups

according to their data analysis methods as: bivariate

and multivariate methods (Soeters and van Westen,

1996; Süzen, 2002). In multivariate methods, all of

the factors are treated together and their interactions

assist to resolve the phenomena statistically; whereas

bivariate methods assume that the factors are not

correlated with each other. There have been many
applications of bivariate methods in the literature,

some of which can be listed chronologically as: Brabb

(1984), Kobashi and Suzuki (1988), Yin and Yan

(1988), Gupta and Joshi (1990), Pachauri and Pant

(1992), Van Westen (1993), Fiener and Haji (1999)

and Uromeihy and Mahdavifar (2000).

The aim of this study is to refine the previously

defined bivariate statistical landslide susceptibility

assessment methods in a more data-dependent ap-

proach. To achieve this goal, two new ideas (‘‘seed-

cells’’ for defining the decision rules of slope insta-

bilities and percentile class divisions for transforming

the continuous variables into categorical variables) are

introduced in this study. The Asarsuyu catchment is

selected as a test zone due to well-known landslide

occurrences interfering with Bolu Mountain E-5 high-

way pass and the Anatolian Motorway (Fig. 1).
2. Input data and data production

In harmony with the purpose of the project, three

data sets were used to generate the necessary variables

(Fig. 2). These sets are remote sensing products

(multispectral satellite imagery and aerial photo-

graphs), topographical maps, and existing geological

maps. The size of the pixels for all of the products is

chosen as 25� 25 m as the working scale is selected

as 1:25,000. In all of the geo-spatial data-related

processes, TNT MIPS of Microimages, an integrated

GIS-RS program, is used.

The first step through any susceptibility assessment

scheme is the evaluation of the current situation,

preferably having information about the past states

of the hazard. In this research, the spatial locations of

the landslides in four different periods (1952, 1972,

1984 and 1994) were extracted from the aerial photo-

graphs and transformed into base maps. Simulta-

neously, the interpretation is acquainted with a photo

checklist regarding the observable characteristics of

the landslides. The landslides of these four different

periods are merged into one vector file forming the

cumulative landslide inventory map of the catchment.

This vector file represents a training source for statis-

tical analyses to figure out the parameters controlling

the instability. A total of 49 landslides is distinguished

in four periods in the Asarsuyu catchment. To inquire

the accuracy of the inventory map, locations of all the



Fig. 2. The elements and products of the study in data production stage.

M.L. Süzen, V. Doyuran / Engineering Geology 71 (2004) 303–321306
slides are verified in the field in the summer of 2000.

Nearly all of the slides are observed in the field;

however, some ancient slides were obscured due to

intense vegetation cover. Majority of the observed

slides are of shallow earth flow or translational. Only

two landslides, the Bülbülderesi and Bakacak land-

slides (Fig. 3), have very large aerial extents and their

morphology implies that they are produced by asso-

ciation of many smaller landslides. Therefore, based

on their large extent and different mechanism, they are

not included in the statistical analyses. Among the

remaining landslides, the areal extent of the smallest

observable slide is approximately 2000 m2 and the

largest is 850,000 m2 approximately.

Apart from the aerial photographs, in the remote

sensing data set, Landsat TM 5 (Path 178/Row 32,

dated 1994), is used to extract the land cover infor-

mation using various image processing and enhance-

ment techniques (Süzen, 2002; Süzen and Yes�ilnacar,
2002). The previous aerial photo interpretations show

that landcover is changed drastically by extensive

deforestation in the 1970s and reforestation measures

took place after the 1980s, and it is also observed that

the number of landslides increased after deforestation

(Süzen, 2002). Therefore, the produced landcover

map is also treated as a parameter map in further

statistical analyses.
The second data set is the geological map data set.

This data set is based on compilation of the various

scaled geological maps produced by the General

Directorate of Mineral Research and Exploration

(Ketin, 1955; Batum, 1968; Orkan et al., 1977;

Aktimur et al., 1983; Erendil et al., 1991; Gedik and

Alkas�, 1996; Sözen et al., 1996) and existing literature

(Blumenthal, 1948; Aydın et al., 1987; Cerit, 1990;

Dalgıc�, 1994; Is�ın, 1999). Upon this compilation, the

geology of the area is mainly composed of Paleozoic

metamorphic intrusive basement and its covering

Mesozoic and Tertiary flyschoidal deposits. However,

these maps have been prepared for general geological

purposes without considering the special needs of the

susceptibility assessment procedures, so the geologi-

cal units are regrouped according to lithological

characteristics rather than to their stratigraphic content

and age. The geological data set is also used to extract

a lineament map, which is refined and verified by the

help of aerial photographs and by field checks.

The third and the largest data set are the 1:25,000

scale digital topographical maps obtained from Gen-

eral Command of Mapping (Turkish Army). Eleven

spatial and topographical parameters were extracted

from these topographical maps regarding the mor-

phology and the infrastructure information (Fig. 2).

The information present in these maps consists of



Fig. 3. Landslide inventory of Asarsuyu catchment.
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vector coverages as represented by point, line or

polygonal features. Although this discrete form is

not the most suitable way to be used in a GIS, yet it

has to be converted into continuous surfaces. This

spatial transformation from discrete objects to contin-

uous surfaces is controlled by the type of the attribute

that the objects possess. When the vector data has

elevation (Z) attributes (e.g., topographical contours),

this transformation is achieved through kernel estima-

tors via interpolation (Bonham-Carter, 1996). The

produced surfaces from attribute-bearing vectors in
this project include elevation, aspect and slope maps.

On the other hand, if the vector object has no Z

attributes (e.g., infrastructure information), which is

quantified by the presence or absence of the spatial

object, a non-interpolative method should have to be

implemented. This non-interpolative method is either

the density (number of line/point elements of fixed

length in a fixed area) of the object within a specified

area, or the nearest distance of the pixels to that

object. For the non-attributed vectors such as drain-

age, fault, watershed and infrastructure vectors, both



Table 1

The used parameters and their data ranges

Variable Definition Range (min–max) (unit)

LITHOMAP Material properties Categorical-

DISTFAULT Distance to fault line 0–4791 (m)

FAULTDENS Density of fault line in kilometer squares 0–178 (#/km2)

ELEVMAP Elevation above mean sea level 220–1580 (m)

DISTDRAIN Distance to drainage lines 0–452 (m)

DRAINAGE DENS Drainage density 12–352 (#/km2)

DISTRIDGEMAP Distance to ridges 0–658 (m)

ASPECTMAP Aspect of the slopes � 1a–359 (degrees)

SLOPEMAP Amount of slope 0–56 (degrees)

DISTSETTLEMENTMAP Distance to settlement 0–6093 (m)

DISTPOWER+ROAD Distance to power lines and road network 0–2312 (m)

DISTE-5MAP Distance to E-5 highway 0–8366 (m)

LANDCOVERMAP Type of the land cover Categorical

a � 1 indicates flat areas.
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distance and density functions are used in this study to

yield the related continuous surface maps (Table 1).

Moreover, for maps requiring distance functions, in

this study, an innovative approach is considered by

calculating the true distances to the features rather

than taking the horizontal map distances. Six maps out

of 13 are corrected topographically; they are distance
Fig. 4. A sample of parameter maps—relief shaded dig
to drainage, distance to lineament, distance to ridge,

distance to E-5 highway, distance to power and road

network and distance to settlement. The reason for

using such a correction is to include the effect of

topographic gradient in the generated decision rules. It

is obvious that implementation of this topographical

gradient correction has more effect on steep slopes,
ital elevation model of the Asarsuyu catchment.
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because in gentle slope or in flat land, the two

distances would be nearly equal.

To achieve standardization through the three do-

mains, all of the maps were resampled using a refer-

ence raster as the digital elevation model (DEM). This
Fig. 5. Graphical representation of ‘‘Seed-cells’’ concept. (A) Block diagra

slide with contour lines and the catchment boundaries. (C) Seed-cell buffe

valid seed cells. Grey cells show valid seed cells for analyses.
resampling is vital to fix the extents and the centre of

the pixels of each parameter map.

The parameter maps produced include the infor-

mation of a particular parameter considering the

whole of the study area; the relief (elevation) map is
m of the investigated landslide. (B) Map representation of the same

r zone with excluded cells passing over the other catchment and the
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given as a sample of the 13 maps in Fig. 4. The

produced maps and their thematic information con-

sidered in this study are presented in Table 1.

At the first glance, some parameter couples seem

to provide redundant and duplicate information, such

as drainage density–distance to drainage and distance

to fault line–fault density couples. However, the

elements of these couples represent different infor-

mation about the area, such that the density functions

explore through the data in kilometer squares which

could be attributed to reflect the regional setting and,

on the other hand, the distance functions that work in

meter scales tend to evaluate the local situations. The

density of fault map involves the probability of the

presence of micro tremors and gives an indication of

the degree of shearing of the rocks, whereas the

distance to fault map indicates the presence of

joints-fractures affecting the strength (Tansi et al.,

2000) and increasing the probability of the presence

of springs through the separated joints-fractures if not

sealed. On the other hand, for drainage couple, the

corrected distance to stream indicates the possibility

of river bank erosion in the toe part of a landslide

where the drainage density gives some clues about

the regional hydrogeological properties of the rock

units.

Upon completion of the parameter maps, the deci-

sion rules of landslide occurrences should have to be

created. There have been numerous approaches in the

literature to define the decision rules from feature-

related spatial districts or ways of subdividing the

terrain into equal conditions or by means of morpho-

metrical units, such as unique condition areas, slope

facets and geomorphological terrain units (Turrini and

Visintainer, 1988; Gupta and Joshi, 1990; Carrara et

al., 1991; Pachauri and Pant, 1992; Van Westen, 1993;

Chung et al., 1995; Soeters and van Westen, 1996;

Gupta and Anbalagan, 1997; Guzzetti et al., 1999).

However, when considered in the spatial domain,

these different methodologies involve both the re-

sponsible pixels and the irrelevant pixels about the

landslide occurrence, which degrades the quality of

the decision rules in the susceptibility assessment

scheme as the presence of irrelevant pixels dissemi-

nate or contaminate the power of effective parameter

ranges in the decision rules.

A new approach is followed in the generation of

decision rules of landslide occurrence, called ‘‘seed
cells’’, because it is considered that the best undis-

turbed morphological conditions (conditions before

landslide occurs) would be extracted from the vicin-

ity of the landslide polygon itself. This is achieved

by adding a buffer zone to the crown and flanks of

the landslide. The extraction rule for the boundaries

of the buffer line is as follows: If the distance

between the slide boundary and microcatchment

divide line is smaller than 100 m, then use the

microcatchment divide line; if the distance is larger

than 100 m, use the 100-m buffer line (four seed

cells) for the seed zone generation (Fig. 5). The

distance of 100 m is taken as an arbitrary value

but after the extraction of seed cells, a 150-m zone

(six seed cells) is tested and it is seen that most of

the cells fall beyond the microcatchment divides and

hence are eliminated.

The decision rules should be created from the

landslide-related pixels in the whole study area to

reflect the real effect of parameter maps over the

distribution of the phenomena. To store the landslide-

related information into a database, a point mesh grid

of 25 m is laid over the region. The seed-cell zones and

landslide polygons are extracted from this grid and all

of the information contained in 13 maps are transferred

to the cells and stored respectively as ‘‘seed cell’’ and

‘‘slided mass’’ databases for further use of external

statistical packages. The ‘‘seed cell’’ database will

serve as a foundation for decision rule generation

where the pre-slide conditions are simulated.
3. Statistical data preparation

Because the aim of this study was to increase the

objectivity of the assessment, and to let the data derive

its own decision rules, statistical methods are imple-

mented. To achieve this goal, the nodes of seed cells

are used as decision rule generators or training sam-

ples. Although there are 49 samples (landslides) in the

area, a small population for statistical analyses, the

conversion of this polygon data into seed cells results

in a number of 4430 samples (seed cells) which is

large enough to treat as a population. These 4430

samples contain the values of all of the 13 parameters,

which are known to result in slope instabilities.

However, a major impediment is compromised in

the nature of the data because all of the bivariate
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methods used in literature are designated to be used

with some form of categorical data not to be used with

continuous data sets. This arouses from the fact that

the all-available bivariate methods base themselves

onto the landslide density or abundance in certain

parameter classes. If the continuous data are used, the
Fig. 6. Samples of percentile class limits on different distributions. (A) Or

on cumulative frequency diagrams of corresponding distribution.
densities will be calculated for the whole map and not

even a single natural preference in the area will be

utilized for susceptibility assessment. Consequently, a

continuous to discrete map conversion seems to be

indispensable. Some efforts have been carried out to

categorize continuous data. Generally proposed meth-
iginal seed-cell distribution. (B) Calculated percentile classes shown



Fig. 7. The snapshot of methodology of percentile method and reclassified parameter map production. The areas with a star are the excluded

areas because there are no landslides in these areas.
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Table 2

The percentile values of seed cells within each variable

ASPECT SLOPE ELEV D_DRAIN D_E5 D_SETTLE DENS_FAULT D_FAY D_RIDGE D_PRO DENSDR

N Valid 4430 4430 4430 4430 4430 4430 4430 4430 4430 4430 4430

Missing 0 0 0 0 0 0 0 0 0 0 0

Mean 168.37 22.41 661.84 118.30 1217.83 699.45 235.56 408.52 113.88 176.22 160.68

Median 180.00 22.00 680.00 108.00 1206.00 459.00 209.00 306.00 96.00 145.00 157.00

Mode 45 22 750 25 1 153 0 114 13 9 150

Standard

deviation

126.25 9.12 179.21 76.99 899.59 651.25 161.03 339.66 82.12 142.29 37.01

Variance 15,939.83 83.13 32,116.12 5927.73 809,255.17 424,130.59 25,930.03 115,368.76 6743.79 20,245.18 1369.43

Range 359 50 830 397 3112 2625 705 1517 360 683 232

Minimum � 1 1 300 0 0 4 0 0 4 0 55

Maximum 358 51 1130 397 3112 2629 705 1517 364 683 287

Percentiles 10 9 11 420 25 75 105 12 73 14 17 119

20 27 15 474 49 211 167 110 127 39 41 136

30 45 17 530 68 391 230 157 180 52 70 144

40 83 20 620 87 834 322 189 239 75 107 150

50 180 22 680 108 1206 459 209 306 96 145 157

60 225 25 730 130 1607 609 242 386 122 189 165

70 284 28 770 155 1857 804 286 478 152 241 174

80 315 30 820 183 2114 1397 357 675 191 302 187

90 333 34 880 221 2427 1825 481 977 238 382 208
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Table 3

Methodological snapshot of landslide susceptibility

Bivariate analyses (landslide susceptibility)

Darea ¼ 1000
NpixðSXiÞ
NpixðXiÞ

in which Darea = areal density per mileage, Npix(SXi) = number of

pixels with mass movements within variable class Xi, and

Npix(Xi) = number of pixels within variable class Xi.

To evaluate the influence of each variable, weighting factors should

have to be introduced, which compare the calculated density with

the overall density in the area. The formula for the density-based

area is:

Warea ¼ 1000
NpixðSXiÞ
NpixðXiÞ

� 1000

P
NpixðSXiÞP
NpixðXiÞ
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ods depend on the optimum bin width classification of

the histograms. The earliest published rule for select-

ing the bin width appears to be that of Sturges (1926).

This proposal is more of a number-of-bins rule rather

than a bin width rule itself, but essentially the data

range to choose the bin width.

ĥ ¼ Range of Data

1þ log2n
ð1Þ

where ĥ is the optimum bin width and n is the sample

size. However, Scott (1979, 1992) showed that this

bin width leads to an oversmoothed histogram, espe-

cially for large samples, and proposed an unbiased

estimation of a probability density function, which is

achieved when:

W ¼ 3:49rN�1=3 ð2Þ

where W is the width of the histogram bin, r is the

standard deviation of the distribution and N is the

number of available samples. This estimator worked

well for Gaussian distributions, where it led to over-

lay large bin widths and hence oversmoothing. Fried-

man and Diaconis (1981) suggested a more simple

method:

W ¼ 2ðIQRÞN�1=3 ð3Þ

where W is the width of the histogram bin, IQR is the

interquartile range (the 75th percentile minus the 25th

percentile) and N is the sample size. Numerical

comparisons by Emerson and Hoaglin (1983) of the

Scott and Freedman–Diaconis (FD) rules showed

that the FD rule led to narrower bin widths, although

in practical applications, the two rules will often lead

to the same choice of interval width (Izenman, 1991).

All of the methods cited above have a number of

disadvantages, such as oversmoothed class divisions,

distribution and sample size dependency, validity only

for one parameter map and ineffective application to

multi-modal distributions (i.e., multi-modality over-

rides the assumptions).

Also the same type of discussions remains always

unclear in susceptibility analysis literature because

most of the authors use their expert opinion for the

boundaries of the classes (Carrara and Merenda, 1974;

Malgot and Mahr, 1979; Rupke et al., 1988; Pachauri

and Pant, 1992; Van Westen, 1993; Soeters and van
Westen, 1996; Gupta and Anbalagan, 1997). The use

of expert opinion in defining the class boundaries may

result in accurate explanation of the phenomenon and

its mechanism in its test area, but it does not have an

affinity to represent the same relation with same data

sets somewhere else.

A new data driven methodology is proposed in this

study to overcome some of the disadvantages men-

tioned above. The continuous data sets are classified

into categories based on percentile divisions of seed

cells. Because the number of samples in all of the 13

maps is the same (4430) and because the parameters

portray different distribution types, the effect of

sample number and distribution type should be min-

imized in selecting the category limits. This operation

is somewhat similar to histogram equalization in

image processing, the existing values are however

preserved. Thus, the starting point of this method is to

define the group limits of equal frequencies, where

frequency domain is quite free from distribution

parameters and could easily be implemented in bi-

modal or multi-modal distributions. The examples of

application of percentile division in different distri-

butions and the resulting percentile limits are shown

in Fig. 6.

The next step is to reclassify the original parameter

maps into percentile maps by using simple logical

query procedures inquiring the percentile limits.

These steps are represented in Fig. 7, and carried

out for the 11 continuous parameter maps. The

remaining two categorical parameter maps (geological

map and the land cover map) are excluded. Also the

data range of the percentile map is dependent on the



Fig. 8. The steps through landslide susceptibility analysis.
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Table 4

Weight values of all available parameter classes

Parameter classes

Parameter map 10 20 30 40 50 60 70 80 90 100

Fault density 0.26 0.00 9.65 23.87 37.26 32.81 26.93 41.21 33.73 34.72

Elevation 3.88 27.74 18.68 5.11 17.34 25.69 34.35 19.67 16.97 0.00

Distance to ridge 0.00 2.37 3.42 4.79 4.82 7.52 7.67 9.14 11.06 22.16

Distance to settlement 0.00 19.38 27.19 19.18 14.61 21.92 23.68 4.20 18.66 6.30

Distance to power lines and

road network

5.53 3.65 2.10 2.54 6.90 9.19 11.70 14.30 15.55 0.00

Distance to fault line 0.00 9.67 15.76 17.16 17.02 16.11 17.62 3.89 4.79 4.76

Distance to E-5 highway 99.56 46.53 31.07 2.82 8.25 7.11 22.66 22.09 15.82 � 0.01

Distance to drainage 0.00 0.35 4.44 7.67 8.72 9.50 11.46 16.00 19.30 19.83

Drainage density � 0.01 5.89 20.14 26.17 22.53 22.06 18.18 12.04 10.15 1.59

Slope 0.00 8.28 18.15 24.11 29.40 29.92 30.04 32.92 28.57 30.51

Aspect 23.33 32.02 26.71 18.51 � 0.01 3.68 3.52 11.20 15.72 22.84

quat BGY DSA tkbf talus bolugran Eocay sok

Geology 0.67 2.08 58.04 35.95 3.69 28.73 22.68 19.60

Dense forest Forest Mixed Settlement Road

Land cover 4.69 29.03 14.43 0.16 124.04

Fig. 9. Limits of susceptibility hazard classes on normal

distribution.
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seed cells database, the data outside the seed cell

buffer range are discarded because there are no land-

slides occurring in these regions.

To reduce complexity in the bivariate analysis

stage, arbitrarily 10 classes or, in other words, 10

percentiles resulting in 10% divisions of the seed cells

are arbitrarily proposed to use, because even in 10

classes with 11 parameters (excluding the 2 categor-

ical ones), 110 different classes (11 maps� 10 class)

should have to be maintained. However, it is obvious

that lower class numbers would result in large gen-

eralizations in the final susceptibility map, where

higher class numbers would result in isolated pixels

that should have to be smoothed out; this would alter

the result of the susceptibility map.

Table 2 represents the calculated percentile values

of seed cells that are used in bivariate analyses.

3.1. Bivariate (landslide susceptibility) analysis and

map creation

In bivariate analyses, the core of the analysis is to

measure the abundances of landslide occurrences

within each percentile class. This is done by deter-

mining the total number of seed cells within each

percentile class, then dividing this value by the total
number of pixels within that percentile. This ratio

gives the representative density of that percentile class

because both the area represented by a seed cell and

by a pixel is equal (25� 25 m).

The equal frequency or percentile divisions of a

parameter yields in same feature densities in each
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class. As previously noted, the landslide abundances

in each percentile class are set by the percentile

method as approximately to 10% in each class;

hence, the resultant percentile classes of the param-

eter map have the same number of seed-cell occur-

rence; however, the areas of these percentile classes

on the map are not equal to each other, that is,

densities are different. This constitutes somewhat a

natural weighting of each responsible parameter class

and parameter itself. In other words, this data-depen-

dent categorization reduces the problem, in bivariate

analyses, of what weight should be given to each

parameter map, because each percentile class acts

now like an individual parameter map and the ratio of

the seed-cell abundance over the class area gives its

natural weight.
Fig. 10. The hazard map and the amounts of landslide
A further step is to distribute the weights onto the

whole map regarding all of the percentile classes of a

parameter. In other words, to evaluate the influence of

each parameter, weighting factors should be calcu-

lated to compare the calculated density of a percentile

class with the overall density in the parameter map of

the whole catchment area (Van Westen, 1993).

This is achieved by adding up all of the calculated

weights of the percentile classes of a parameter map

and then subtracting it from the individual percentile

class’s weight (Table 3). If the result of this subtrac-

tion yields a negative number, the effect of that

percentile class can be considered not to have any

influence in the stability of the slope; on the other

hand, the positive values indicate a definite contribu-

tion of that particular percentile class to the landslide
s in each class as a result of bivariate analysis.
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occurrences. This process enables the percentile class

weights to be comparable with each other. Here forth,

any randomly selected percentile class of any map has

a weight comparable with that of any other percentile

class of any other map. The mathematical syntax of

the method used is given in Table 3.

In the case of the presence of negative class

weights, a minor normalization or rescaling step is

required. This is done by adding the absolute values

of greatest negative weight to all of the percentile

classes for each particular parameter map. The steps

of weight calculation and normalization processes are

presented in Fig. 8. These steps are carried out for all

parameter maps of the Asarsuyu catchment. The

calculated weight values of all parameter classes are

shown in Table 4, which are then used to construct the

susceptibility map.

After the calculation of the weight values, for each

percentile class within each parameter map, they are

spatially summed up to yield the final pixel scores for

the susceptibility map. No extra weighting procedure

is applied in the summation process because the

classes have already been normalized.

The resultant pixel values of the susceptibility map

are then reclassified into any number of susceptibility

classes. In this study, four classes were selected as

very low, low, high, very high using the distribution

parameters of resultant susceptibility map and the

mean value of the susceptibility values is taken as

the pivot point, then + and � standard deviations of

the distribution are taken as boundaries of the classes,

which is valid for normal or normal-like distributions

(Fig. 9).

The resultant map and the landslide amounts in

these susceptibility classes are given in Fig. 10. It is

seen that 48% of the total area is classified as high and

very high susceptibility class and within these classes,

93.3% of seed cells are encountered. On the other

hand 52% of the study area is classified as low and

very low susceptibility, which in turn hosts only 6.7%

of total seed cells in the area.
4. Discussions and conclusions

Throughout this study, new approaches for existing

bivariate statistical methods in landslide susceptibility

assessment are proposed by increasing the data de-
pendency of the models while decreasing expert

knowledge demand. In addition, in the conversion

of non-attributed vector data into continuous varia-

bles, true distance approach is implemented rather

than map distances. This gradient correction is needed

to portray the real conditions near a mapped feature,

acknowledged with its limitations. The main limita-

tion is that the variables produced from such a

correction can only show local conditions, so they

should not have to be considered as regional variables.

The effect of a certain spatial feature to its neighbor-

hood will certainly decrease with increasing distance

and become negligible beyond a certain point. On the

other hand, to assess the regional effects of the same

feature, its density is implemented instead of its true

distance.

Furthermore, in the generation of decision rules of

landslide occurrence, a buffer zone is added to the

crown and flanks of the landslides, to reveal the best

undisturbed morphological conditions, simulating pre-

sliding conditions, to be stored as attributes of a new

database called ‘‘Seed-Cell Database’’ which is used

to extract the critical parameter ranges responsible for

the landsliding mechanism. Conceptually, this seed-

cell implementation has a limitation concerning the

slope profile and the instability type. Rectilinear

slopes and shallow flows or translational instabilities

are the most suitable situations to apply this new idea

because the slope form does not change drastically

after a slide. Implementations for other types of slides

and slope profiles should have to be carried out

considering the slide type and resultant topographical

changes.

In addition, while categorizing classes of parame-

ter maps, a new approach is also engaged and pre-

sented as percentile method, which yields in data-

dependent parameter class weightings in bivariate

landslide susceptibility assessment procedures. The

core of this methodology is composed of equal fre-

quency class divisions of each parameter, rather than

expert knowledge.

The produced susceptibility map is then tested in

the field by the slope instabilities that occurred after

the 12 November 1999, Kaynasli Earthquake. Ap-

proximately 20 shallow earth flows and translational

landslides are observed as either new or reactivated

slides in the field and all of these slides fall into high

and very high classes of the produced susceptibility



Fig. 11. Samples of landslides in the study area after 12 November 1999, Kaynasli Earthquake.
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map (Fig. 11). This validates the applicability of

proposed methods, approaches and classification

scheme.
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Rap No. 2277 (unpublished).

Pachauri, A.K., Pant, M., 1992. Landslide hazard mapping based on

geological attributes. Engineering Geology 32, 81–100.

Rupke, J., Cammeraat, E., Seijmonsbergen, A.C., van Westen, C.J.,

1988. Engineering geomorphology of the Widentobel catch-

ment, Apenzell and Sankt Gallen, Switzerland. A geomorpho-
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