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Abstract The purpose of this study is to evaluate
and to compare the results of multivariate (logical
regression) and bivariate (landslide susceptibility)
methods in Geographical Information System (GIS)
based landslide susceptibility assessment
procedures. In order to achieve this goal the
Asarsuyu catchment in NW Turkey was selected as a
test zone because of its well-known landslide
occurrences interfering with the E-5 highway
mountain pass.
Two methods were applied to the test zone and two
separate susceptibility maps were produced.
Following this a two-fold comparison scheme was
implemented. Both methods were compared by the
Seed Cell Area Indexes (SCAI) and by the spatial
locations of the resultant susceptibility pixels.
It was found that both of the methods converge in
80% of the area; however, the weighting algorithm in
the bivariate technique (landslide susceptibility
method) had some severe deficiencies, as the
resultant hazard classes in overweighed areas did
not converge with the factual landslide inventory
map. The result of the multivariate technique
(logical regression) was more sensitive to the
different local features of the test zone and it
resulted in more accurate and homogeneous
susceptibility maps.
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Introduction

The unpredictable state of natural hazards constitutes
one of the major uncontrolled impacts on the local and
global economy. Almost no portion of the Earth�s
surface is free from the impact of natural hazards. In
addition the continuous increase in population creates
situations that are more vulnerable to geological
hazards. This unwilling state of natural hazards is also
supported by uncontrolled or poorly planned urbaniza-
tion. Not very different from the majority of world, high
precipitation, deficiencies in infrastructure and inade-
quacy 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 hazard/suscep-
tibility maps portraying their spatial distribution. Two
very general approaches can be listed as statistical and
geomorphological (expert dependent) approaches (Soeters
and van Westen 1996; Süzen 2002; Süzen and Doyuran
2004). Despite the methodological and operational differ-
ences, all methods proposed are founded upon a single
basic conceptual model. This model requires first the
identification and mapping of a set of geological-
geomorphological factors which are directly or indirectly
correlated with slope instability. Then it involves both an
estimate of the relative contribution of these factors in
generating slope failure, and ends with the classification of
the land surface into zones of different hazard or suscep-
tibility degrees (Soeters and van Westen 1996; Aleotti and
Chowdhury 1999; Guzetti and others 1999; Süzen 2002).
Among the statistical methods, two significant groups
arouse in the literature, the bivariate and the multivariate
methods. In bivariate statistical analysis, each factor map
is combined with the landslide distribution map, and
weighting values based on landslide densities are calcu-
lated for each parameter class. Several statistical methods
have been applied to calculate weighting values; these are:
the landslide susceptibility method (Brabb 1984; van
Westen 1992, 1993), information value method (Kobashi
and Suzuki 1988; Yin and Yan 1988) and weights of
evidence modeling method (Spiegelhalter 1986;
Bonham-Carter 1996). On the other hand, in multivariate
statistical analyses, the weights of causal factors control-
ling landslide occurrence indicate the relative contribution
of each of these factors to the degree of hazard within a
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defined land unit. Furthermore, the interactions between
the factors are also encountered within the analyses. The
common property of these analyses is their nature of being
based on the presence or absence of stability phenomena
within these previously defined land units (van Westen
1993). The first multivariate statistical analysis examples
for landslide hazard zonation were published in Italy,
mainly by Carrara (1983, 1988) and his colleagues (Carrara
and others 1990, 1991, 1992). After their pioneering studies
multivariate statistical studies flourished in the literature,
which were mainly composed of applications of multiple
regression and discriminant analyses. On the other hand,
the use of binary logical regression, which is free of data

distribution issues, are not so well exploited in the litera-
ture, only a few examples in the last few years can be
observed, such as Atkinson and Massari (1998), Dai and
others (2001) and Lee and Min (2001).
The aim of this study is to compare the bivariate (landslide
susceptibility method) and multivariate (logical regression
method) statistical landslide susceptibility assessment
methods with respect to their accuracy and correctness in
classification of susceptibility classes. In order to achieve
these goals two methods were utilized in the Asarsuyu
catchment which is selected as a test zone due to well-
known landslide occurrences interfering with the Bolu
Mountain E-5 highway pass (Fig. 1).
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Fig. 1
Location map of the test area
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Data sets and database creation

Data sets
Three data sets were used to produce 13 different variables
that were believed to control the landslide susceptibility in
Asarsuyu catchment (Table 1). The data sets and the
produced parameter maps are schematically shown in
Fig. 2. These sets were based on remote sensing data
(multispectral satellite imagery and aerial photographs),
topographical maps, and existing geological maps. For all
of the resultant parameter maps, raster spatial data model
was used and the size of the pixels was chosen to be 25 by
25 m as the working scale was selected as 1:25,000. In all of
the geo-spatial data related processes TNT MIPS of
Microimages, an integrated GIS-RS program, was used.
The remote sensing data set was composed of a part of
Landsat 5 TM scene (Path 178, Row 32, dated 1994) and
four sets of aerial photographs (1952, 1972, 1984 and
1994). The aerial photographs were used to create a multi

temporal landslide inventory map regarding the activities
in four periods. The photo characteristics of these slides
were recorded simultaneously in the interpretation stage.
This inventory map represents a training source set for
further statistical analyses, in which a total of 49 landslides
were distinguished (Fig. 3). In order to inquire the accu-
racy of the inventory map, locations of all the slides were
verified in the field in the summer of 2000. Nearly all of the
slides were observed in the field; however few ancient
slides were obscured due to intense vegetation cover. The
majority of the observed slides were of shallow transla-
tional or earth flow type. Only two landslides, the
Bülbülderesi and Bakacak landslides (Fig. 3) have very
large aerial extent and their morphology implies that they
were formed by association of many smaller landslides
(Süzen 2002). Therefore, based on their large extent and
different mechanism (presence of gypsum layers yielded in
siphons which directly feed the groundwater continu-
ously), they were not included in the statistical analyses.
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Table 1
The variables, their definitions
and their ranges

Variable Definition Range (min-max) (unit)

LITHOMAP Material properties Categorical
DISTFAULT Distance to fault line 0–4,791 (m)
FAULTDENS Density of fault line in km2 0–178 (#/km2)
ELEVMAP Elevation above mean sea level 220–1,580 (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 )1*–359 (degrees)
SLOPEMAP Amount of slope 0–56 (degrees)
DISTSETTLEMENTMAP Distance to settlement 0–6,093 (m)
DISTPOWER+ROAD Distance to power lines and road

network
0–2,312 (m)

DISTE-5MAP Distance to E-5 highway 0–8,366 (m)
LANDCOVERMAP Type of the land cover Categorical

*)1 indicates flat areas

Fig. 2
The elements and products of the
study in data production stage
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Among the remaining landslides, the areal extent of the
smallest observable slide was approximately 2,000 m2 and
the largest was approximately 850,000 m2.
Furthermore, during the interpretations of aerial photo-
graphs it was observed that landcover had changed dras-
tically by extensive deforestation in 1970s and
reforestation measures took place after the 1980s, and it
was also observed that the number of landslides increased
after deforestation (Süzen 2002). In order to include the
effect of landcover, in the remote sensing data set, Landsat
scene was used to extract the land cover information using
various image processing and enhancement techniques
(Süzen 2002, Süzen and Yeşilnacar 2002). Therefore, the
produced landcover map was also treated as a parameter
map in further statistical analyses.
The second data set was composed of geological data of
the Asarsuyu catchment (Fig. 2). The geological map
(Fig. 4) was compiled from the existing literature. Based
on this compilation, it was seen that, the geology of the
area is mainly composed of basement units such as
Paleozoic metamorphics and intrusives, overlain by
Mesozoic and Tertiary flyschoidal deposits and alluvium.
The geological data set was also used to extract a lineament
map, which was refined and verified by the help of aerial
photographs and by field checks.
The third and the biggest data set was the topographical
data set (Fig. 2). The source of this set was the 1:25,000
scale digital topographic maps of the study area. Eleven
topographical parameters were extracted from these

topographical maps regarding the morphology and the
infrastructure information. The produced parameter maps
are listed in Fig. 2. In converting the non-attributed dis-
crete information into continuous maps, density of feature
or true distance to feature algorithms were used (Süzen
and Doyuran 2004).

Database production
In order to generate the decision rules of landslide occur-
rence a database concerning all of the parameters should
be created. In order to reveal the landslide responsible
pixels, a new approach, the so-called ‘‘seed-cells’’, was
developed in the generation of decision rules of landslide
occurrence. It was considered that the best-undisturbed
morphological conditions (conditions before a landslide
occurs) would be extracted from the close vicinity of the
landslide polygon itself (Fig. 5). This was achieved by
adding a buffer zone to the crown and flanks of the land-
slide. Following this a 25 m spaced grid was laid over the
entire test area, having a point in the centers of each grid
cell. The buffer zone was extracted from this vector grid file
forming the seed cells (Fig. 5). These points were used to
transfer the attributes of the thirteen parameter maps and
used to create a single database referred to as the ‘‘seed
cell’’ database, which will serve as a foundation for decision
rule generation where the pre-slide conditions were sim-
ulated for further use in external statistical packages. A
discussion on the ‘‘seed cell’’ concept and the methodology
can be found in Süzen and Doyuran 2004.
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Fig. 3
Landslide inventory of Asarsuyu
catchment
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Landslide hazard assessment

In harmony with the aim of the study the two statistical
methods were implemented to assess the landslide sus-
ceptibility in the Asarsuyu catchment. To achieve this goal,
the nodes of seed cells were used as decision rule gener-
ators or training samples. Although there were 47 land-
slides (excluding the Bakacak and Bülbülderesi landslides)
in the area, a small population for statistical analyses, the
conversion of this inventory data into seed cells yielded in
a number of 4,430 samples (seed cells) which is large
enough to treat as a population. These 4,430 samples
contain the attribute values of all of the thirteen parame-
ters, and represented the pre-sliding conditions, which
were known to result in slope instabilities.

Bivariate (landslide susceptibility) method
In bivariate analyses, the core of the analysis is to get the
densities of landslide occurrences within each parameter
map and within each parameter map�s classes, and to get
some data driven weights based on the class distribution
and the landslide density. The brief outline of the method
used is represented in Table 2.
In order to proceed with bivariate analysis, the continuous
parameter maps would have to be converted into discrete
(categorical) maps, to compute the responsible weights of
each class. However, this conversion issue always remains

unclear in landslide literature as most of the authors use
their expert opinion for the boundaries of the classes
(Carrara and Merenda 1974; Meneraud and Calvino 1976;
Kienholz 1977, 1978; Stevenson 1977; Malgot and Mahr
1979; Ives and Messerli 1981; Kienholz and others 1983,
1988; Rupke and others 1988; Gupta and Joshi 1990;
Pachauri and Pant1992; 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 the same data sets
elsewhere. Based on this issue, a data driven methodology
was proposed by Süzen and Doyuran (2004), as the classes
should be selected according to the percentile divisions of
seed cells. The data outside the seed cell range was dis-
carded, as there were no landslides occurring in these
regions. Further details of this conversion methodology,
percentile map concept and the selection of class numbers
were discussed in detail in Süzen and Doyuran (2004). In
bivariate analyses, this data dependent division reduces
the problem, of what weight should be given to each
parameter map, as each class acts like a map and the ratio
of the landslide density over the class area gives its natural
weight.
After calculation of the weights, the weight values of the 13
parameters maps were added up to create the suscepti-
bility map. No extra weighting procedure for the param-
eter maps were used in the summation process as the
classes had been normalized and they received their
natural weightings from the data itself.
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Fig. 4
The geological map of Asarsuyu catchment [modified from Erendil
and others (1991)]
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The resultant susceptibility map was then reclassified into
4 susceptibility zones (very low, low, high, very high) using
the susceptibility maps distribution parameters. The mean
value of the susceptibility map was taken as the pivot point

and classes were assigned to the ± one standard deviations
of the distribution. The resultant map and the landslide
amounts in these susceptibility classes are given in Fig. 6.
It was seen that 48% of the total area was classified as high

670 Environmental Geology (2004) 45:665–679

Fig. 5A–C
Graphical representation of
‘‘Seed-cells’’ concept. A Block
diagram of the investigated
landslide. B Map representation
of the same slide with contour
lines and the catchment bound-
aries. C Seed-cell buffer zone with
excluded cells passing over the
other catchment and the valid
seed-cells. Grey cells show valid
seed cells for analyses [Süzen and
Doyuran (2004)]

Table 2
Outline of landslide susceptibility method

Bivariate analyses (landslide susceptibility)

Darea ¼ 1000 NpixðSXiÞ
NpixðXiÞ

In which Darea = areal density per millage, Npix(SXi) = number of pixels with mass movements within variable class Xi, 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

Original article



and very high susceptibility class and within these classes
93.3% of seed cells were encountered. On the other hand
52% of the study area was classified as low and very low
susceptibility, which in turn hosts only 6.7% of total seed
cells in the area. This distribution also validates that the
classification was quite reasonable.

Multivariate (logical regression) method
Logical regression allows forming a multivariate regres-
sion relation between a dependent variable and several
independent variables that might affect the probability of
the searched situation. If the searched variable is a
dichotomous outcome the best method with free of pre-
dictor variable type seems to be logistic regression (Afifi
and Clark 1998; Atkinson and Massari 1998; Dai and
others 2001; Lee and Min 2001).
Binomial (or binary) logistic regression is a form of
regression that is used when the dependent is a dichotomy
and the independents are continuous variables, categorical
variables, or both. The algorithm of logistic regression
applies maximum likelihood estimation after transforming
the dependent into a logit variable (the natural log of the
odds of the dependent occurring or not). In this way,
logistic regression estimates the probability of a certain

event occurring (Atkinson and Massari 1998; Dai and
others 2001; Lee and Min 2001).
The logistic model can be written in its simplest form as:

P ¼ 1

1þ e�z

where P is the probability of an event occurring and also is
the estimated probability of landslide occurrence. As z
(linear logistic model) varies from )¥ to +¥, the proba-
bility varies from 0 to 1 on an s-shaped curve. And where z
is defined as:

z ¼ B0 þ B1X1 þ B2X2 þ B3X3 þ ::::::::::::::::þ BnXn

where B0 is the intercept of the model, n is the number of
independent variables, Bi(i = 1,2,3,.....,n) is the slope
coefficient of the model and Xi(i = 1,2,3,.....,n) is the
independent variable.
In an extended form the equation of logistic regression
could be written as:
Probability of belonging to population I
(logit) = 1

1þeB0þB1X1þB2X2þB3X3þ...............:þBnXn

Apart from the input data type flexibilities of logical
regression, in general the advantage of logistic regression
modeling over the other multivariate statistical techniques,
including multiple regression analysis and discriminant
analyses, is that the dependent variable can have only two
values (a dichotomous outcome), and that predicted
values can be interpreted as probability because they are
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Fig. 6
The susceptibility map and the amounts of landslides in each class as
a result of bivariate analysis
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constrained to fall into an interval between 0 and 1
(Kleinbaum 1991). Logistic regression has many analogies
to Ordinary Least Squares (OLS) regression: logit coeffi-
cients correspond to B coefficients in the logistic regres-
sion equation, the standardized logit coefficients
correspond to beta weights, and a pseudo R2 statistic is
available to summarize the strength of the relationship.
Unlike OLS regression, however, logistic regression does
not assume linearity of relationship between the inde-
pendent variables and the dependent, does not require
normally distributed variables, does not assume homo-
scedasticity, and in general has less stringent require-
ments. The success of the logistic regression can be
assessed by looking at the classification table, showing
correct and incorrect classifications of the dichotomous,
ordinal, or polytomous dependent. (Afifi and Clark 1998;
Wrigley 1984).
However, in a strict sense, the logit function itself is not a
probability function because the extrinsic parameters
triggering the landslides such as the rainfall and
earthquake vibration are not accounted for. It might be
appropriate to term it as landslide susceptibility based on
the intrinsic physical parameters.
In order to carry out the logical regression the total
number of seed cells (4,430) was used. Moreover, another
set of 4,430 random sample nodes were selected from the
landslide free areas of Asarsuyu catchment and are pre-
sented in Fig. 7. Upon the selection of these random
nodes, the values of the parameter maps were then
transferred to the database of the random data set. Fol-
lowing the creation of the random data set database, the
seed cells and the random set database were merged and a
new column of a binary variable indicating the presence
and absence of the landslides were added. This stage was

repeated four times in order to have four different sets of
random points, which in turn would let the user see if
there was any convergence in the result of logistic
regression analyses.
The initial assumption of the variables by the logistic
regression is shown in Table 3. The system test reveals that
the variables and the system constructed were valid. A
Hosmer-Lemeshow test and Cox and Snell R square and
Nagelkerke R square values were obtained in the range of
0.75 to 0.80, confirming that the statistical model supports
the validity of the system with these variables.
After the validation of the system, logistic regression was
applied to the data set and the resultant classification table
is presented in Table 4. The system overall has a success of
classifying 77.3% of the pixels correctly. The 77.3% was the
highest classification success among the four different
random sets, though the remaining three were oscillating
around 75% with plus minus 1%.
Based on the loadings of the variables after logistic
regression the logistic regression equation was compiled as
follows:
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Fig. 7
The positions of selected 4430 random landslide free nodes

Table 3
The initial assumption of the variables. Landbin refers to landslide
binary as 0 values indicate no landslide and 1 indicates presence of
landslidea,b

Predicted

Landbin Percentage
correct

0 1

Step
0

Observed Landbin 0 0 4,430 0
1 0 4,430 100.0

Overall
percentage

50.0

aConstant is included in the model,
bthe cut value is 0.500
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The observed groups and the predicted probabilities of
these groups are presented in Fig. 8. It was clearly seen
that, in the values larger than the cutoff value, were under
dominance of binary variable 1 which represents slope
instability and the opposite of this argument was valid also
for the values lower than the cut off value as safe (landslide
free) pixels. In the cut off value it was seen that both
probabilities were nearly the same, with a little emphasis
on the landslides side.
The resultant susceptibility map was then reclassified into
four susceptibility zones (very low, low, high, very high)
using the scores of logistic regression. The class
boundaries were as follows: 0–0.25 very low susceptibility,
0.25–0.5 low susceptibility, 0.5–0.75 high susceptibility and
0.75–1 very high susceptibility. This re-classification of the
susceptibility map is shown as the landslide susceptibility
map of Asarsuyu catchment (Fig. 9).
When the shapes of the susceptibility zones were analyzed,
the susceptibility map produced from logical regression
results in more homogenous zones than that of bivariate
analyses (Figs. 6, and 9), especially in the end members of
the zones; in very low and very high susceptibility classes.
The low and very low susceptibility classes constitute
72.31% of the area with corresponding 22.23% of the total
landslide seed cells. On the other hand, the rest of the area
was classified as high and very high susceptibility that
yield in 27.68% of the area with corresponding 77.77% of
the total landslide seed cells (Fig. 9).

Comparison of susceptibility maps

Two susceptibility maps were produced from bivariate
analysis and logical regression analyses. Both of them
produced acceptable results, as both classify the majority
of the seed cells in high or very high susceptibility classes.

The produced susceptibility maps were then tested in the
field by the slope instabilities which occurred after the 12
November 1999 Kaynasli earthquake (Ms = 7.2). Approx-
imately 20 new or reactivated landslides were observed in
the field and all of these slides fall into high and very high
classes of the produced susceptibility map. However as the
shapes and areas of susceptibility classes of the two maps
were differing, they have to be analyzed in order to reveal
which method was more successful and which method was
more accurate. Therefore, two comparison schemes were
implanted.

Comparison of methods via their areas
and corresponding landslide seed cells

It was shown that both methods classify less than half of
the study area as high or very high susceptibility, while two
thirds of the seed cells were located in these classes, which
could be said to be a success. However, when the class
areas were normalized with the landslide seed cell counts
some important issues have arisen. In order to normalize
the areas, the area percent values were divided with the
landslide seed cell percent values. The resultant values
were called the seed cell area index (SCAI), which shows
the density of landslides among the classes (Table 5).
The logic behind SCAI lies in the correct classification of
seed cells within a very conservative areal extent. As a
result, it was desired that the high and very high
susceptibility classes should have very small SCAI values
and low and very low susceptibility classes to have higher
SCAI values.
When the SCAI values of the two methods were compared
it was found that the multivariate susceptibility map
(MSM) produced from logical regression analyses had
lower SCAI values than that of bivariate version. Only in
the very low susceptibility class did the bivariate suscep-
tibility map (BSM) have a better result. In low and high
susceptibility classes MSM had a clear superiority,
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Z ¼ 0:773046364þ 0:130082590 � GEOCODEð Þ � 0:004154044 � DRAINAGE DENSITYð Þ�
0:000897442 � DISTANCE TO POWERLINES AND ROAD NETWORKð Þ �
0:004813297 � DISTANCE TO RIDGEð Þ þ 0:000212306 � DISTANCE TO FAULTð Þ �
0:000525944 � DENSITY OF FAULTð Þ � 0:00114028þ DISTANCE TO SETTLEMENTð Þ
0:001257937 � DISTANCE TO E� 5 HIGHWAYð Þ � 0:001047155 � DISTANCE TO DRAINAGEð Þ
� 0:120726833 � LANDCOVERð Þ � 0:002760724 � ELEVATIONð Þ þ
0:52982916 � SLOPEð Þ � 0:00296956 � ASPECTð Þ

Table 4
The final classification of logistic
regression. See Table 3 for
definition of Landbina

Predicted

Landbin Percentage
correct

0 1

Step 1 Observed Landbin 0 3,387 1,019 76.9
1 985 3,445 77.8

Overall percentage 77.3

aThe cut value is 0.500
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however in very high susceptibility class they were quite
close to each other but the logical one had a slight
advantage as less area was classified as very high suscep-
tibility. Although the BSM had a high SCAI value, which
was desirable for the very low susceptibility class, the area

classified was only 14.45% of the total area, which was very
limited for urban planning purposes. The system should
be a little more flexible rather than a mechanically rigid
system, considering the acceptable risk of the dwellers in
the area. From Table 5 the 3.47% increase of landslide seed
cells in the very low susceptibility class in the MSM ended
up in 32.41% of extra area with minimal susceptibility,
which could be accepted.

The comparison of two methods
in the spatial domain

The SCAI does not reveal any information about the
change of the susceptibility score within a pixel with
respect to a change in the method. In order to achieve the
pixel basis changes or mismatches, both of the suscepti-
bility maps were first re-classified into known numerical
values. The bivariate susceptibility map was reclassified as
1, 2, 3, 4 starting from very low susceptibility and ending
up with very high susceptibility, correspondingly. The
logical regression susceptibility map was reclassified by
values 10 times the class numbers of the bivariate sus-
ceptibility map, accordingly the class values were 10, 20,
30, and 40. After this re-coding process the two maps were
added up. The possible outcomes were collated in a re-
classification table, that is presented in Table 6.
As can be seen in Table 6, some combinations result in
misclassified pixels. These were dominated by the absence
of a susceptibility score in both or in one of the
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Fig. 8
Observed groups and predicted probabilities (0=No landslide,
1=Landslide)

Fig. 9
The hazard map and the amounts of landslides in each class as a
result of multivariate analysis
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susceptibility maps, which results from a small acceptable
resampling error in the order of a few meters of deviation
in central pixel coordinates especially in the map edges.
The amount of these pixels compared to the whole clas-
sified area was merely 1.12%, which was negligible (the
sum of 0, 1, 2, 3, 4, 10, 20, 30 and 40 class ID�s in Fig. 10).
If the two susceptibility maps converge in the same sus-
ceptibility classes after summation, as such they possess
11, 22, 33 and 44 susceptibility ID�s and they were called
correctly classified pixels. The areal extent of these pixels
constituted 36.67 km2 and 34.16% of the total area
(Fig. 10). The locations of the correctly classified pixels are
shown in Fig. 11.
Another pixel association was observed as the acceptable
classification when the susceptibility classes in both of the
susceptibility maps differed from each other by one rank
in the susceptibility classification scheme. For example, a
change from a very low susceptibility to a low suscepti-
bility, or change from a high susceptibility to a very high
susceptibility was acceptable. This association was indi-
cated in the summation map by the following ID�s 12, 21,
23, 32, 34 and 43. The area covered with this association
was 48.69 km2 corresponding to 45.36% of the total area.
The locations of acceptable pixels are shown in Fig. 12.
The unacceptable pixels were defined as the difference of
susceptibility ranks having more than one rank. For
example, a class rank change from a very low susceptibility
to a very high susceptibility was not acceptable. These
pixels were represented in the summation as 13, 14, 24, 31,
41 and 42. The area covered by these not acceptable pixels
was 20.79 km2 with corresponding 19.6% of the area. The
locations of these pixels are shown in Fig. 13.
Upon the investigation of the not accepted pixels of the
two methods, it was seen that the bivariate susceptibility

map was overestimating the susceptibility classes relative
to the logical susceptibility map. As shown in the legend
of Fig. 13, six pixel values were present and the first three
of them had greater occurrences than the remaining
three. The first three were 13, 14 and 24, indicating that
they belong to the high and very high susceptibility class
in the bivariate map and the low to very low suscepti-
bility class in the logistic regression map. Although this
was a relative comparison, it could be said that MSM is
underestimating the susceptibility; however, the classifi-
cation scheme fits well in the remaining three pixel val-
ues. If MSM was underestimating the susceptibility, the
remaining three pixel counts should be more than that of
the observed values. A further investigation was made in
order to find the reasons why BSM overestimates the
susceptibility with the aid of initial parameter maps,
percentile maps and the susceptibility maps. It was found
that most of the errors were dependent on the class
boundaries of the parameter maps and on the unseg-
mented nature of linear features. For example, the first
percentile of distance from E-5 had the most weight
between all percentiles, which was the result of the faint
E-5 highway trace (A in Fig. 13) in the western part of
Asarsuyu catchment. However it is known that only the
mountain pass of the highway had landslides, the
remaining valley part of the highway is free of landslides.
Also the fault density and distance to fault percentile
maps were responsible from the mismatch of the two
susceptibility maps. Furthermore, area B in Fig. 13
coincides with peculiar lithological units having fault
related boundaries. In these pointed areas these units do
not have landslides but they appear to be high to very
high susceptibility class as they gain high weight values
from other outcrops of these lithological units. On the
other hand, the good correlation in the high and very
high susceptibility classes of both methods should not be
underestimated.
In order to see where both susceptibility methods have the
same and acceptable classifications, the acceptable pixels
and the correct pixels were added up, which represents an
acceptable classification of nearly 80% of the area. This
result is presented in Fig. 14.
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Table 5
The densities of landslides among hazard classes of both methods

Area (%) Seed (%) SCAI

Bivariate
(BSM)

Very low 14.45 0.5 28.8945
Low 37.56 6.4 5.8684
High 31.20 26.8 1.1642

Very high 16.79 66.8 0.2514
Logical
(MSM)

Very low 46.86 3.97 11.79
Low 25.45 18.26 1.3939
High 15.58 29.48 0.5284

Very high 12.10 48.28 0.2506

Fig. 10
The areal distributions of re-classified pixels

Table 6
The available combinations of re-coding process and their meanings
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Discussions and conclusions

Upon the completion of the susceptibility maps, a
quantitative comparison scheme was implemented. In

order to do this, a two-fold methodology was
followed. The first was to compare the areas of
susceptibility classes and the corresponding densities of
landslides. This analysis was quite valuable as the idea
in optimum zonation refers to allocating minimum
areas for high susceptibility zones, while covering most
of the landslides present in the area. Based on this
optimum zonation concept, an index was defined as the
Seed Cell Area Index (SCAI) and the two susceptibility
maps were compared. The logical regression susceptibil-
ity map was found to be more accurate and possesses
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Fig. 11
The locations of the correctly classified pixels (numbers in the legend
indicate the pixel counts)

Fig. 12
The locations of the acceptable pixels (numbers in the legend indicate
the pixel counts)
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more acceptable results relative to that of bivariate
analyses.
The second method was to compare the susceptibility
classes of the two produced maps via their spatial loca-

tions. In order to achieve this, a re-coded matrix was
prepared. It was found that 80% of the two maps were
converging into acceptable results. The remaining mis-
matched 20% of the area was reflected by the deficiencies
of bivariate analyses. The overweighing of percentiles of
distance to E-5 highway, distance to fault, fault density and
the geological map were the major sources of this mis-
match. Further subdivisions in these parameter maps
should be done in order to increase the sensitivity of the
bivariate analyses.
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Fig. 13
The locations of the not acceptable pixels (numbers in the legend
indicate the pixel counts)

Fig. 14
The locations of the correctly classified and the acceptable pixels
united (numbers in the legend indicate the pixel counts)
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The resultant susceptibility map of logical regression
analysis seems to be more consistent in the spatial loca-
tions of similar class ranks; such few pixels of very high
risk were surrounded with low to very low susceptibility
class pixels. In BSM they have more disseminated
appearances. Therefore a hole-filling algorithm altering the
susceptibility classes seems to be indispensable.
Based on these arguments about the differences of sus-
ceptibility mapping methodologies, the speed of bivariate
methods could be said to be an advantage over multivar-
iate methods. However, the necessity of being more
accurate and more sensitive to the modeled feature, con-
sidering the intermingling of parameters, places multi-
variate methods as superior to bivariate methods. The
necessity to have a statistical background should be cited
as a potential limiting factor for extensive usage of mul-
tivariate methods for susceptibility mapping.
After it had been decided to use the logical regression
susceptibility map as the final output, it was seen that, the
northern slope of Asarsuyu catchment was definitely
classified as a very low landslide susceptibility area. The
attributes responsible for this classification were quite
reasonable as these areas were the least populated, the land
cover was not disturbed and the cover was dense forest,
very distant to the E-5 highway and to the major active
fault, the lithology was resistant enough, although the
drainage density and slope values were higher than the rest
of the area.
On the other hand the southeastern slopes belong defi-
nitely to the very high susceptibility class. The reasons
could be listed as the removal of lateral supports by E-5
highway cut slopes, close location to active faults, high
disturbance to land cover, heavy traffic resulting in extra
vibration and the presence of flyschoidal units.
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