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A catchment area at the Zagros Mountains, NW Shiraz, Iran is selected as a test site to comparing the out-
put results of the Dempster-Shafer (D-S) and fuzzy models in landslide hazard mapping. Lithology, slope
angle, slope aspect, land cover, and soil depth were considered as landslide causal factors. The factor
maps were input into a GIS and a modified landslide hazard evaluation factor (MLHEF) rating and fuzzy
membership functions as well as belief function values were assessed for each class of the factor maps.
The fuzzy sum, product and gamma combination approaches were examined and output maps were

Key Wo.rds" i assessed based on the known landslides. The outputs of fuzzy sum and product combination rules were
Landslide susceptibility . . N ., , ) —

Hazard map not reasonable because these approaches classified the area into 'very-high’ or 'very low’ susceptibility
Dempster—Shafer zones respectively, which were not compatible to the field and factor maps criteria. A y value of 0.94
Fuzzy model yielded the most reliable susceptibility for landslides. Overlay of the known landslides with the output

Iran favorability map showed that the identified landslides were located in the high- and very-high suscepti-
ble zones. The output results of the Dempster-Shafer model: plausibility, belief, and uncertainty images
were also evaluated based on the known landslides. The results of this approach revealed that although it
was expected that most of the known landslides correspond the plausibility, or the belief map, only a few
of them supported the case, and some landslides were coincided into the disbelief, or uncertainty maps. It
is concluded that in comparison to the fuzzy model, the D-S model obtains less reliable results for land-
slide hazard mapping. Since the belief functions were assigned based on the fuzzy membership functions
this might be due to the integration equations used by the model, or the number of evidence maps used
as input layers.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

Landslides are naturally-occurring geologic processes that com-
monly cause different types of damages to people, landscapes, and
constructions as well. They are defined as “abrupt, short-lived geo-
morphic events that constitute the rapid motion end of the mass
movement spectrum” (Coates, 1977). Other terms used to denote
this process are “landslip” and “mass-wasting”, which include dis-
placement of slopes forming earth material by fall, topple, slide or
flow due to gravity (Varnes, 1978).

The assessment of landslide hazard and risk has recently be-
come a topic of interest for both geoscientists and the local admin-
istrations (Carrara et al., 1991; Van Westen et al., 2000; Parise,
2001; Krejci et al., 2002; Demoulin and Chung, 2007; Nefeslioglu
et al., 2008).

Many techniques have been proposed in literature for landslide
hazard mapping (Hansen, 1984; Van Westen, 1993; Soeters and
Van Westen, 1996). Van Westen et al. (1999) divided these tech-
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niques into two groups: 1- Direct hazard mapping, in which the de-
gree of hazard is determined by the mapping geomorphologist,
based on his experience and knowledge of the terrain condition;
2- Indirect hazard mapping, in which either statistical models or
deterministic models are used to predict landslide prone areas,
based on information obtained from the interrelation between
landscape factors and the landslide distribution. With the increas-
ing availability of high-resolution spatial data sets, GIS, remote
sensing, and computers with large and fast processing capacity, it
is becoming possible to partially automate the landslide hazard
and susceptibility mapping process and thus minimize fieldwork
(Temesgen et al., 2001; Van Lynden and Mantel, 2001; Gritzner
et al., 2001; Ayalew and Yamagishi, 2005; Guinau et al., 2005; Fall
etal., 2006; Zolfaghari and Heath, 2008; Yalcin, 2008). Quantitative
prediction models for landslide hazard are based on a spatial data-
base consisting of several layers of digital maps representing the
casual factors for occurrence of landslides. Three mathematical
frameworks used for the models are: (1) probability theory; (2)
fuzzy set theory; and (3) Dempster-Shafer (D-S) evidential theory.
Corresponding to the three theories, the “conditional probabil-
ity function”, the “fuzzy membership function”, or the “belief
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function” are used to represent a quantitative measure of future
landslide hazard. These functions representing the landslide haz-
ard were termed favorability functions. All models are based on
two basic assumptions: (1) future landslides will occur under cir-
cumstances similar to those of past landslides in either the study
area or in areas in which the experts have obtained their
knowledge on the relationship between the causal factors and
the occurrences of the landslides; and (2) the spatial data repre-
senting the causal factors contained in the GIS database can be
used to formulate future landslides.

Several studies have used GIS and statistical models for land-
slide hazard and susceptibility mapping (Binaghi et al., 1998; Guz-
zetti et al., 1999; Sakellariou and Ferentinou, 2001; Gritzner et al.,
2001; Ohlmacher and Davis, 2003; Gorsevski et al., 2006; Castell-
anos Abella and Van Westen, 2008), but mapping studies using fuz-
zy approach are limited (for example, Juang et al., 1992; Davis and
Keller, 1997; Binaghi et al., 1998; Ercanoglu and Gokceoglu, 2002;
Tangestani, 2004), and rare references are available applying
Dempster-Shafer theory (Binaghi et al., 1998) . Using the appropri-
ate causal factors and the efficient method for ranking importance
of the factors and their internal classes (Donati and Turrini, 2002;
Guzzetti et al., 1999) are also critical, and directly affect the quality
of the output susceptibility maps.

This article focuses on comparing the output maps of the fuzzy
and D-S models in assessing the landslide hazard based on the
field criteria in the Kakan catchment area (Fig. 1), and includes four
main steps: (1) producing the causal factors maps through study-
ing aerial photographs and satellite images, field observations,
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Fig. 1. Geographical location and geomorphology of the Kakan area.

and digital elevation processing; (2) evaluating the fuzzy member-
ship and D-S belief functions for evidence maps using a modified
method initially discussed by Anabalgan (1992); (3) using a GIS
to produce the index maps and generating the resultant favorabil-
ity, plausibility, and belief maps; and (4) comparing the output
maps and controlling the reliability of them based on the previ-
ously mapped landslides.

2. Geology and geomorphology

Figs. 1 and 2 show the geomorphological features and the geol-
ogy of the Kakan catchment area, respectively. This area is a moun-
tainous terrain containing the northwesterly trending sedimentary
rocks of the simply folded Zagros range. This area is part of the Ka-
kan simple anticline trending northwest-southeast, with an incli-
nation to the south, which starts from mid part of the area
(Fig. 2). The youngest geological units are well-bedded Asmari-
Jahrum Formation limestones of Oligocene-Miocene. This is a
slightly weathered unit and forms the highest elevations in the
area. The Cretaceous-Paleocene thin-bedded and highly weathered
Pabdeh-Gurpi Formation underlies the Asmari Formation, and
mostly comprises shale and marl. The Sarvak limestone, with an
age of Upper Cretaceous, underlies the Pabdeh-Gurpi Formation.
Colluvial and alluvial deposits, produced by the alteration pro-
cesses of the exposed rocks, cover the foothills, piedmont slopes,
and the Kakan plain as well. The stratigraphic contacts of geologi-
cal units are conformable. A few normal faults with local impor-
tance occur in the middle parts of the Kakan anticline. However,
some displacements in sedimentary beds of the southern area
are due to a north-south striking fault (Fig. 2).
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Fig. 2. Geological map of the study area.
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The topography of the study area varies between 2200 and
3380 m, and the dominant range in elevation is 2400-2600 m.
The higher elevations occur in the northwest. The drainage pattern
is dendritic, and moderately irregular on the Pabdeh-Gurpi, and
perpendicular to the common trend of the limestones of Asmari-
Jahrum Formation. The main stream is the Kakan River, which
flows from north to the south and is used for agricultural activities.
There are also many subsidiary intermittent streams flowing only
after rainy periods.

Most of the area (74%) is covered by pasture, 14% is utilized for
agricultural activities and 1% for settlement purposes. Approxi-
mately 5% of the area contains rocky barren lands, and there is a
sand quarry in the southern part of the catchment area. The mean
annual precipitation of the area ranges 950-1200 mm, and the
mean annual temperature is between 9 and 13 °C.

3. Landslide description

Landslides in the study area were identified from the interpre-
tation of black and white aerial photographs at a scale of
1:40,000. There were 11 major landslides covering about
0.30 km? of the area (Fig. 1). Because of the low resolving power
of the applied aerial photos the smaller landslides were not
mapped. The mapped landslides were used for reliability control
of the landslide hazard maps produced by the fuzzy and D-S belief
models.

Although a variety of small-scale mass wasting is observed dur-
ing the field studies, the area is primarily affected by the slope
movements due to the precipitations in rainy seasons. The smallest
landslide identified from the aerial photographs and subsequently
recognized in the field has an extent of 2403 m? (No. 10 in Fig. 1)
while the largest one, located in the northern part of area, is
93,120 m? (No. 3 in Fig. 1). Landslide classification systems are
commonly based on a combination of material and movement
mechanism. Using the system proposed by Cruden and Varnes
(1996), the mapped landslides of the study area are shallow-seated
debris slides or complex debris slide-flows, and generally are sus-
pended-dormant. The materials involved in landslides are a mix-
ture of soils, gravels and cobbles. Considering the geological and
the climatic characteristics of the region, the main landslide trig-
gering factor in the area is rainfalls.

Field checking indicated that the three failures in Asmari-Jah-
rum and Sarvak Formations were debris slides occurred in the col-
luvium, and that the failure mode was of the translational type,
involving a slipping of a layer of colluvium. Other 8 landslides
occurring in shaly-marly Pabdeh-Gurpi Formation were rotational
type debris slides or complex debris slide-flows. The sliding bodies
commonly originated from fine-grained shaly-marly deposits
accumulated on the hill slopes. These types of landslides generally
started as slides, but were consequently converted to flows be-
cause of the water involved and the steep terrain below the land-
slide sources. The main scarps of the landslides vary between 0.5
and 3.0 m with a mean value of about 1.5 m.

4. Fuzzy and Dempster-Shafer models

When producing landslide hazard maps, some researchers have
employed quantitative methods (Carrara et al.,, 1991; Anabalgan,
1992; Juang et al., 1992; van Westen et al., 1997; Guzzetti et al.,
1999; Gritzner et al., 2001; Ercanoglu and Gokceoglu, 2002). All
the available methods for regional landslide assessment have some
uncertainties arising from lack of knowledge and variability. This is
because regional landslide assessments require some generaliza-
tions and simplifications, although these assessments are complex.
For this reason, a perfect assessment method for landslide suscep-

tibility does not exist. The fuzzy and Dempster-Shafer models,
which are implemented in this paper, are briefly described below.

4.1. Fuzzy model

The idea of fuzzy logic (Zadeh, 1965) is to consider the spatial
objects on a map as members of a set. In classical set theory, an ob-
ject is a member of a set if it has a membership value of 1, or not a
member if it has a membership value of 0. In fuzzy set theory,
membership can take on any value between 0 and 1 reflecting
the degree of certainty of membership. Fuzzy set theory employs
the idea of a membership function that expresses the degree of
membership with respect to some attribute of interest. Working
in GIS with map layers, generally the attribute of interest is mea-
sured over discrete intervals, and the membership function can
be expressed as a table relating map classes to membership values.
Fuzzy logic is attractive because it is straightforward to understand
and implement. It can be used with data from any measurement
scale and the weighting of evidence is controlled by the expert.
Fuzzy logic method allows for more flexible combinations of
weighted maps, and can be readily implemented with a GIS mod-
eling language.

When using fuzzy logic in landslide susceptibility mapping the
spatial objects on a map are considered as members of a set. For
example, the spatial objects could be areas on an evidence map
(map of causative factors for land sliding) and the set defined as
“areas susceptible to landslide”.

A variety of operators can be employed to combine the mem-
bership values when two or more maps with fuzzy membership
functions for the same set are available. An et al. (1991) discussed
five operators, namely the fuzzy AND, fuzzy OR, fuzzy algebraic
product, fuzzy algebraic sum and fuzzy gamma operator. This
study uses the fuzzy algebraic sum, the fuzzy algebraic product,
and fuzzy gamma operator for combining the fuzzy membership
functions.

4.2. Dempster—Shafer theory of evidence

Dempster-Shafer Theory (DST) (Dempster, 1967; Shafer, 1976)
is a mathematical theory of evidence which is used to combine
separate pieces of information (evidence) to calculate the probabil-
ity of an event. When applied to a body of evidence, the DST has
domain-independent inference capability in combining evidence
and, in the process, representing some levels of ignorance. In DS
theory, a problem domain is represented by a finite set ® of mutu-
ally exclusive and exhaustive hypotheses, called frame of discern-
ment. In the standard probability framework, all elements in ®
are assigned a probability; and when the degree of support for
an event is known, the remainder of the support is automatically
assigned to the negation of the event. On the other hand, in DS the-
ory, basic probability assignments are carried out for events, and
committing support for an event does not necessarily imply that
the remaining support is committed to its negation. The frame of
discernment, and the three important functions in Dempster-Sha-
fer theory: the basic probability assignment, or mass function (bpa or
m), the Belief function (Bel), and the Plausibility function (Pl), as well
as the combination rules implemented in this paper are described
in the following subsections.

4.2.1. Frame of discernment

Suppose an interpreter needs to analyze a satellite image of an
agricultural site. To his knowledge, this area contains only two
summer crops: cotton (cn) and sunflower (sf); and two winter
crops: wheat (wh) and pea (pe). The set of possible hypotheses,
which is called a Frame of Discernment (FoD) is defined as: ® =
(cn, sf, wh, pe), in which each compatible possibility (crop type)
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in @ is called a singleton. Since the hypotheses in ® are exhaustive
the empty set, ® is considered as a false hypothesis in ®. DST en-
ables us to consider not only single classes, but also groups of clas-
ses, such as summer crops, i.e., (cn, sf) in our example. The set of all
subsets of © is denoted 2©, and a set of size n has 2" —1 true
hypotheses.

4.2.2. Basic probability assignment

Suppose that there is a body of evidence in support of the non-
empty subset A of 2€. A function m(A), called the Basic Probability
Assignment (BPA), assigns to hypothesis A, a degree, denoted m, to
which the evidence supports the hypothesis. The degrees of sup-
port are numbers in the range of [0,1] and must sum to 1 over
all possible hypotheses (Eq. (1)):

Ac20

when, Ac 2°, the quantity m(A) is the belief committed to A.

4.2.3. Belief and plausibility functions

From the basic probability assignment, the upper and lower
bounds of an interval can be defined. This interval contains the pre-
cise probability of a set of interest and is bounded by two non-
additive continuous measures called Belief and Plausibility. The
lower bound Belief for a set A is defined as the sum of all the basic
probability assignments of the proper subsets (B) of the set of
interest (A) (A C B). The upper bound, Plausibility, is the sum of
all the basic probability assignments of the sets (B) that intersect
the set of interest (A) (AN B#0Q) .

4.2.4. Combination of belief functions

Evidences from two or more maps are combined using Demp-
ster’s rule of combination (Wright and Bonham-Carter, 1996).
The combined belief, plausibility, disbelief, and uncertainty can
each be separately mapped, although only two of these quantities
are independent.

Each map to be used as evidence to evaluate a proposition is
associated with a pair of belief functions (support function and
the plausibility function). In practice, these functions are usually
held in map attribute tables, where each class on the map is asso-
ciated with a support value and a plausibility value. Suppose we
have map A, we will simply denote the value of the support due
to A, as Supa, and the plausibility due to A, as Plsa. Because func-
tions vary with the value (map class) of A, they can therefore be
mapped in their own right by lookup operations from map A. For
a given value of map A, the uncertainty is denoted as Unc,, calcu-
lated as Plsa-Sup,, and the disbelief, Dis,, is 1-Plsa. Thus the sum
Supa + Unca + Disa = 1. The disbelief is the belief that the proposi-
tion is false, i.e., that a cell does not contain a landslide.

Given two maps A and B, with the support and disbelief func-
tions for each, Dempster’s rule of combination for estimating the
combined support, disbelief and uncertainty are shown in Egs.
(2)-(4) (Wright and Bonham-Carter, 1996). The Dempster rule of
combination is purely a conjunctive operation (AND). The combi-
nation rule results in a belief function based on conjunctive pooled
evidence (Shafer, 1986).

_ Spt,Spty + Spt,Uncg + SptpUnca

Sptc B (2)
Disc — DisaDisg + DlsALﬁIncB + DisgUncy 3)
Unce = UncAﬁUncB (4)

where, the denominator for all three equations is calculated using
Eq. (5).
B =1—Spt,Disg — Dis,Spt, (5)

The term g is a normalizing factor that ensures that Spt+ Di-
s+ Unc = 1. More information on the Dempster-Shafer Theory could
be found in Shafer (1990).

5. Evidence maps

The primary causal factors for landslide hazard mapping in the
study area include slope angle, slope aspect, lithology, land use,
and soil depth, produced from topographical data processing, satel-
lite images and aerial photographs interpretation, and the field sur-
veys as well. The generated evidence maps were processed and
analyzed in ArcGIS, Arcview, and IDRISI software packages. All
the data layers were geo-referenced in the Universal Transverse
Mercator (UTM) geographic reference system. The basic probabili-
ties in DS theory (degree of belief and the degree of plausibility)
and the weighting scores (membership functions) in fuzzy model
were evaluated and assigned to map classes subjectively. This is
a knowledge-driven method generally applicable in areas where
landslides are either unknown, or low information is available
regarding the occurrence of them.

In fuzzy model, the spatial objects on each map were evaluated
according to the proposition “susceptible locations to land sliding”,
and fuzzy membership functions were assigned to each map layer
which was used as evidence in support of this proposition. In D-S
belief model, the Belief and Plausibility functions of causal factor
maps were assigned based on the weight of fuzzy membership
function in each class to give similar subjective function to each
map class (Table 1). The fuzzy membership values were chosen
based on subjective judgment about the relative importance of
the map classes. Anabalgan (1992) proposed a numerical rating
scheme based on an empirical approach for the landslide causative
factors including geology, slope morphometry, relative relief, land
use and land cover and groundwater conditions. He assigned the
maximum rating of 2 or 1 for a variety of subcategories of each
causative factor (Anabalgan, 1992, Table 2). Since most of the fac-
tors introduced by Anabalgan were inherently causative for slope
instability at the area and because of the similarities of subcatego-
ries, a modified rating scheme was proposed for the study area.
Weighting rates based on the author’s knowledge were evaluated
and assigned to factor map classes in a way that each class on
the map had a value between 0 and 1 (Table 1).

The geological units were reclassified into two rock types due to
their relationship to the landslide susceptibility; limestone and the
shaly-marly exposures. The Quaternary alluvial deposits cover the
remaining Kakan catchment area. Ratings of rock types based on
Anabalgan (1992) were assigned to each class and the fuzzy mem-
bership functions were evaluated based on the expert knowledge.
Since the higher plausibility and belief functions are logically cor-
respondent with the higher fuzzy membership functions the D-S
belief functions were then evaluated subjectively based on the fuz-
zy membership functions (Table 1).

The soil map was produced from the laboratory results of 50
soil profiles. The depth and texture of soil types were considered
when evaluating ratings and fuzzy membership functions based
on the rating scheme suggested by Anabalgan (1992). The rock
types and the soil types covering the Quaternary alluvial deposits
were combined in a single data layer, and the fuzzy membership
functions were assigned for each map class (Table 1). The soil
depth map was also generated by the use of soil profiles data.
The ratings and fuzzy membership as well as D-S belief functions
of each map class were evaluated using the ratings suggested by
Anabalgan (1992).
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Table 1
LHEF ratings, fuzzy membership functions, and the D-S belief functions assigned for
factors classes.

Class Lithology LHEF Fuzzy Belief Plausibility

No. rating

1 Limestone 0.2 0.1 0.10 0.80

2 Older alluvial deposits 0.8 0.4 0.15 0.82

3 Clayey soil 1.0 0.5 0.20 0.85

4 Shale and marl 2.0 1.0 0.25 0.95

5 Younger terraces and 2.0 1.0 0.25 0.95
alluvium

Soil depth

1 <5m 0.65 0.25 0.10 0.70

2 6-10m 0.85 0.4 0.18  0.82

3 11-15m 1.30 0.65 022 090

4 16-20 m 2.0 1.0 025 095

5 >20m 1.20 0.6 020 085

Slope angle (°)

1 <15 0.5 0.2 0.15 0.82

2 15-25 0.8 0.4 0.18 0.3

3 25-35 1.2 0.6 020 0.85

4 35-45 1.7 0.9 022 092

5 >45 2.0 1.0 025 095

Slope aspect

1 North-facing 2.0 1.0 0.20 0.92

2 South-facing 0.6 0.3 0.12 0.83

3 East-facing 1.0 0.5 0.15 0.85

4 West-facing 1.6 0.8 0.18  0.90

5 plains 0.2 0.1 0.10 0.80

Land cover

1 Agricultural land (21,22) 0.6 0.3 0.10 0.83

2 Thickly vegetated area 0.80 0.4 0.15 0.85

3 Moderately vegetated area 1.4 0.7 0.20 0.90

4 Sparsely vegetated area 2.6 1.0 0.25 0.95

5 Barren land 04 0.2 0.05 0.82

Table 2

Landslide susceptibility zonation on the basis of output fuzzy membership functions.

Zone Fuzzy membership function Description

I <0.1 Non-susceptible zone

Il 0.1-0.4 Low susceptible zone

11 0.4-0.6 Moderate susceptible zone

I\% 0.6-0.75 High susceptible zone

Vv >0.75 Very high susceptible zone

The slope angle map was produced automatically in IDRISI
using the digital elevation model (DEM) of topographical data at
a scale of 1:25,000, with contour intervals of 20m, and a
25 mx 25 m grid size. Anabalgan (1992) introduces a subjective
scheme for slope angle rating. The area has slope angles varying
in the range 0°-70°. However, slopes of more than 45° occur
mostly on Asmari Formation limestone. Table 1 shows the slope
angle classes and the fuzzy membership and D-S belief functions
assigned to each map class.

The slope aspect map for five main slope directions was also
produced from the DEM. In fact the slope aspect is mostly related
to the physiographic trends and/or the receiving precipitation due
to the prevailing winds (Ercanoglu and Gokceoglu, 2002). It is ob-
served that the northern- and western-facing slopes retain higher
moisture content in a longer time, causing higher landslide suscep-
tibility. The fuzzy membership and D-S belief functions for differ-
ent slope directions were evaluated based on the fact that the
northern- and western-facing aspects have an increase sliding sus-
ceptibility (Table 1).

Land cover acts as a protection and reduces the susceptibility of
soil erosion, landslides and the splash action of the rainwater. Aer-
ial photographs and Landsat ETM* data interpretation along with

field observations were used to delineate the land cover types in
the area. Five classes of land use were identified: sparsely vege-
tated area (60%), moderately vegetated area (14%), thickly vege-
tated area (1%), agricultural lands (19%), and barren lands,
including rocky exposures, urban areas, and river bed (6%).
Although Anabalgan (1992) assigns the highest rating to the barren
lands, field observations at the study area showed that these areas
were mostly the limestone units with low susceptibility to land-
slides. This leds to a modified fuzzy membership functions, which
were evaluated on the basis of modified ratings. The D-S belief
functions were then evaluated based on the fuzzy membership
functions (Table 1).

6. Results and discussion

The input layers were processed after fuzzy membership and
D-S belief functions were assigned for each map class. The rock
and soil types were combined to generate the lithology factor
map showing the same importance for the two evidences. Five pri-
mary causal factors including lithology, land cover, slope aspect,
slope angle, and soil depth were integrated to generate the final
output maps using fuzzy sum, product, and gamma operators,
and the combination rules of Dempster-Shafer model as well.

In Dempster-Shafer model, the belief functions assigned to each
map class was used by the system for generating the output Belief,
Plausibility, and Uncertainty maps.

The classification scheme suggested by Anabalgan (1992) was
used for landslide hazard zonation in the study area, based on
the fuzzy model (Table 2). The Belief, Plausibility and Uncertainty
output maps produced by the Dempster-Shafer model were reclas-
sified in function intervals of 0.1, 0.1, and 0.05, respectively.

The fuzzy sum, and product combination rules were run on 5
main causal factor maps, and each output layer was classified
according to the intervals of 0.1 for membership function. The
known landslides were then overlaid the landslide susceptibility
maps to examine the degree of coincidence of susceptibility with
land sliding. The fuzzy sum operation evaluated the land sliding
susceptibility of the area in range of 0.60-1.00. When the output
map was reclassified into 0.1 intervals, more than 96% of pixels
were in range of 0.90-1.00, 2.76% in range of 0.80-0.90, and
0.92% in range of 0.70-0.80, and only 4 pixels were in range of
0.60-0.70. Overlay of reclassified fuzzy sum output image and
known landslides showed that all the 111 pixels of known land-
slides were located in the susceptibility range of 0.90-1.00. On
the other hand, the output susceptibility map based on the fuzzy
product operation generated a maximum membership function
of 0.143. This low value is due to the decreasing effect of fuzzy
product operation. This operation results in coincidence of known
landslides with non-susceptible and low-susceptible zones, which
could not be a reasonable result. y values of 0.90, 0.92, and 0.94
were tested on the input fuzzy data layers and the results were
compared using the known landslides as the criteria for validation
(Table 3). As is evident from Table 3 7 value of 0.90 classifies about
64% of pixels of the area in “high- and very-high susceptible”
zones. 96 pixels of known landslides were located in “high suscep-
tible” zone and 14 pixels in very-high susceptible zone. y values of
0.92 and 0.94 accumulated about 91 and 96% of the area in suscep-
tibility classes 4 and 5, respectively. Coincidence of 78 and 109 pix-
els of known landslides into “very-high susceptible” zone verifies
that increment of the y values increases the susceptibility of the
study area to land sliding and result in coincidence of more known
landslides on the higher susceptible zones. The output susceptibil-
ity map generated based on fuzzy y value of 0.94 is shown in Fig. 3.
Susceptible zones with fuzzy membership functions more than
0.75 were mostly coincident into the shaly-marly rock units of
the Pabdeh-Gurpi Formation. Tangestani (2004) suggested that
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Table 3
The results of performing fuzzy gamma approach, in case of assigning three values for 7, and the degree of coincidence of known landslides with susceptibility classes.
Susceptibility class Fuzzy membership 7 =0.90Class 7 =0.90 Known y=0.92 Class 7 =0.92 Known y =0.94 Class 7 =0.94 Known
function pixels slides pixels slides pixels slides
Non-susceptible <0.1 0 0 0 0 0 0
Low susceptibility 0.1-0.4 595(1.31%) 0 8(0.02%) 0 0 0
Moderate 0.4-0.6 15,312 1 3846 0 1559 0
susceptibility (33.54%) (8.42%) (3.42%)
High susceptibility 0.6-0.75 24,482 96 32,279 33 20,793 2
(53.62%) (70.7%) (45.54%)
Very high >0.75 5266 14 9522 78 23,303 109
susceptibility (11.53%) (20.86%) (51.04%)
assigning a value of 0.6 for y in the same area decreased the fuzzy Table 4

membership functions in output map to <0.3, which is coincided
only with “low-susceptibility” zones.

The BELIEF decision support module in IDRISI software was
used in generating the belief output images including Belief (or
Support), Plausibility, and “Belief interval” or Uncertainty. The re-
sults were then compared to the known landslides to evaluate
the degree of coincidence (Table 4). The output Belief or Support
image (Fig. 4) represents the degree to which the evidence pro-
vides concrete support for the proposition of land sliding. The be-
lief image classifies the study area in four main intervals, ranging
0.10-0.45. About 73% of the area reveals the support interval of
0.10-0.30, in which all the 111 pixels of known landslides were lo-
cated. Although more than 27% of the area showed the belief func-
tion of more than 0.30, none of the mapped landslides coincided
with this level of support. Weak support is found in both areas
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Fig. 3. Landslide hazard map generated by fuzzy gamma approach, in case of value
0.94 for y.

The statistical results of Belief, Uncertainty, and Plausibility output images, and the
degree of coincidence of known landslides with susceptibility classes.

Belief Class No. Belief Pixels in Percent in Pixels of known
interval class area landslides
1 0.10-0.20 8306 18.19 42
2 0.20-0.30 24,971 54.68 69
3 0.30-040 11,055 24.20 0
4 0.40-0.50 1340 2.93 0
Uncertainty Uncertainty interval
Class No.
1 0.20-0.25 45,542 99.71 111
2 0.25-0.30 133 0.29 0
Plausibility Class  Plausibility interval
No.
1 0.30-0.40 6911 15.13 42
2 0.40-0.50 20,731 45.38 68
3 0.50-0.60 15,651 34.27 1
4 0.60-0.70 2382 5.22 0
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Fig. 4. Support image generated by the use of D-S combination rules.
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where the data sets provide weak support for the target proposi-
tion and where there are fewer spatial data layers. The plausibility
image (Fig. 5) shows the degree to which the evidence does not re-
fute the proposition. It is expected that most known landslides
coincide into the highest levels of plausibility. The study area
shows plausibility in a range of 0.30-0.67, being reclassified into
intervals of 0.10. More than 45% of pixels were located in a range
of 0.40-0.50, and 34% in an interval of 0.50-0.60. Overlay of known
landslides on the plausibility image revealed that 42 pixels were
located in a plausibility range of 0.30-0.40 and 68 pixels in interval
of 0.40-0.50. Only one pixel was located on the areas with plausi-
bility of more than 0.50. Uncertainty is the difference between
plausibility and support and acts as a measure of uncertainty about
a proposition. The uncertainty image collected about 99.71% of the
area in values of 0.20-0.25, and 0.29% in uncertainty of 0.25-0.30.
Although the highest level of uncertainty does not exceed the value
of 0.30, all the 111 pixels of known landslides were located in the
interval of 0.20-0.25.

Discrepancies between the D-S theory output results and the
known criteria arise mainly from the combination rules proposed
by the theory (Xu et al., 1992; Al-Ani and Deriche, 2002; Yamada,
2008). Attractive features of the combining function are: 1. Concor-
dant items of evidence reinforce each other; 2. Conflicting items of
evidence erode each other. In the opposite situation, when eviden-
tial rules differ substantially in their conclusions, the combining rule
of D-S theory may produce answers that disagree with the evidence
(Murphy, 2000). Therefore, the degree of conflict of the sources must
always be taken into account before taking a final decision based on
the Dempster’s rule to minimizing the decision errors generated by
the fusion process (Zadeh, 1979). In the case of landslide hazard
mapping conflicts may arise in areas where landslide-prone rock
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Fig. 5. Plausibility image generated by the use of D-S combination rules.

units such as marl and shale or deep soils locate in gentle slopes,
or steep slopes are geologically containing limestone or dolomite.
Some work has been done to improve the efficiency of the Demp-
ster-Shafer method using different approaches (for example: Jo-
sang, 2002; Lefevre et al., 2002; Murphy, 2000).

7. Conclusion

Two GIS-based methodologies for landslide hazard mapping
were tested in a landslide prone area, SW Iran, and the outputs
were compared. The gamma fuzzy logic approach used in this pa-
per provides a flexible method with which to include an expert’s
opinion in developing an inference network, while the Demp-
ster-Shafer belief model uses the combination rules in which the
expert only can assign the belief functions for each factor map
class. Integration of fuzzy and D-S combination rules and GIS facil-
ities enables the expert to examine different scenarios, and to add
any new data layer to the model and test its effect on the final sus-
ceptibility map.

The fuzzy algebraic sum classifies more than 96% of the area in
fuzzy membership functions in a range of 0.90-0.10, meaning that
nearly all the area is very susceptible to land sliding. The fuzzy
algebraic product, on the other hand, classifies the area into fuzzy
membership functions <0.143, which coincides into the category of
“low-susceptibility” for land sliding. It is clear from the geology of
the area, other causal factors and the field evidences that none of
the results is reasonable, and that these two fuzzy combination
rules are rejected in order to be used for landslide hazard mapping.
The mathematical relations presented for the fuzzy sum and prod-
uct operators are responsible for these types of discrepancies.

Because of the ease with which the fuzzy gamma value can be
edited with a GIS system, it is easy to try various scenarios to im-
prove the match with known landslides or minimize the effects of
overestimated membership values. The effects of choosing differ-
ent values for y (between 0 and 1) are discussed by Bonham-Carter
(1994). y values assigned for each y combination operation play the
most important role on the output membership functions. Owing
to the constant value for 7y, the outputs are essentially based on
the fuzzy membership functions assessed with respect to factor
maps classes. Choosing a y value of 0.94 for this study reflects
the expert’s opinion for giving an increasive possibility value to
the final map. Because of the correspondence of areas with higher
susceptibility into the known landslides this could be an accept-
able result for a medium-scale landslide susceptibility map. The
use of fuzzy gamma operation in the generation of the landslide
susceptibility map seems to be a reliable approach.

Results obtained by the models were mostly dependent on data
quality, the fuzzy membership and D-S belief functions assigned to
each evidence map class, the y values employed in the fuzzy com-
bination model, and the D-S combination rules for generating the
belief images. Comparison of fuzzy output susceptibility map and
the plausibility image of D-S model with the field criteria collected
in the known landslides map revealed that the fuzzy gamma ap-
proach with a value of 0.94 for y gives more reasonable results.
Since the D-S belief functions assigned to the factor map classes
were based on the fuzzy membership functions, it is concluded
that less compatibility of the plausibility image to the known land-
slides was primarily due to a degree of conflict between evidence
factors and the limitations in combination rules used by the belief
model.
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