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Introduction
Landslide which is defined as the movement of a mass of rock, 

debris or earth down a slope,1 is known as one of the most destructive 
natural hazards all over the world2 but fortunately, it can be prevented 
through different available methods including prediction and wise 
constructions. Damages caused by landslides can be ranging from 
top soil loss to human death, they also can change the figure of the 
landscape such as causing landslide dams that occur when a huge 
landslide blocks a river flow and causes a lake,3 this type of dam 
frequently occurs in tectonically active mountains which cause 
sudden landslides.4 In case of losing top soil, the problem doubles 
when the removed soil is carried into the reservoir of a dam which 
can occupy a big proportion of its capacity. Landslides can have an 
impact on forests in a way that tree biomass would recover between 
80-200 years5 that means the damaged area will be bare for a long 
time. Different landslide classifications have been released in case 
of landslides, however, the most reliable and famous classification 
is done by Warnes6 in which landslides are primarily classified by 
the type of movement. The cohesion and friction forces of rocks and 
soils prevent the slopes from moving down due to gravity, however, 
sometimes because of a variety of causes, the adjustment of the 
equilibrium fails and it results in a landslide.7 Landslides might be 
either natural or human induced8 also depending on the geographical 
and climatic conditions, both kinds of triggers can cooperate and cause 
a landslide. There are some major factors such as unfavorable geology, 
rise in underground water and heavy rainfall during few days before 
the movement,9 there are also a vast number of factors which with a 
relatively difference in importance, can cause a landslide these factors 
can be listed as constructions, slope angle, slope aspect, curvature 
of the slope, distance to fault, climate condition10,11 land cover12 etc. 
Depending on the region, the importance of each factor might be 
lower or higher than others. Many studies have been applied to know 
the landslides better also to understand how to minimize the direct 
and indirect costs and prevent them. Landslide susceptibility maps are 

helpful tools for decision makers and future constructors for spatial 
plannings,13 therefore many different approaches have been applied 
to make the most optimum prediction of landslide disasters, some 
examples of these approaches are Index of Entropy (IOE)14 Weigh 
of Evidence15 Statistical Index method,16 Logistic Regression4,16,17 
Analytic Hierarchy Process technique16,18,19 Fuzzy Logic.20–23 Barrile et 
al.24 used GIS-based fuzzy logic in order for road network planning.24 
Feizizadeh et al.23 applied fuzzy and AHP approaches for landslide 
susceptibility mapping and the output was considered as satisfactory 
due to 53% overlap with observed landslide layer.25 Bui et al. used 
the GIS-based fuzzy neural network for landslide susceptibility 
mapping and through testing multiple membership functions figured 
out that Gaussian membership function was the most suitable 
function Kayastha et al.26 applied AHP for landslide susceptibility 
mapping and according to the reliable outcome, they considered 
AHP as a reasonable approach Althuwaynee et al.27 compared AHP 
Logistic regression, and Bayesian methods in landslide susceptibility 
mapping, and found AHP as the most reliable method for criteria 
rating. Wang et al.28 applied three methods (multi-criteria statistical 
analysis, logistic regression, and multivariate adaptive regression 
spline models) and the results showed that the last method which had 
77% overlap with observed landslides map, had the most productivity 
among other methods.28 Poiraud used 5 methods (Indicator, weight-
of-evidence, logistic regression, decision tree, one condition unit) 
to obtain landslide susceptibility map and since all outcomes were 
reliable, he used the combination of all results as the final outcome 
that highly matched with observed landslide layer.29 Ciurleo et al.30 
used statistical methods for landslide susceptibility mapping in 
small and big scales and found out that although all the methods 
show reliable results, a bigger scale mapping is more reasonable 
because more criteria can be considered.30 In order to obtain landslide 
susceptibility map, Erener et al.31 tested logistic regression, GIS-based 
multi criteria analysis, and Association Rule Mining and through the 
validations realized that logistic regression and ARM method had 
better outcome.31 Keh-Jian Shou considered climate as a dynamic 
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Landslide is one of the most destructive natural hazards that can impose economical and 
life loss. Fortunately, through numerical and spatial analysis we can lessen the damages 
caused by landslides. In this study which goes through landslide susceptibility mapping, a 
combination of AHP and Fuzzy approaches is applied. AHP is used in order to prioritize the 
effective criteria and Fuzzy method is used in two steps, factor map fuzzification, and factor 
maps are calculated and overlaid after fuzzification. In order to achieve the best output 
susceptibility map, 6 scenarios has been proposed in fuzzy overlay step for a study area in 
Iran as a case study and the best scenario has been chosen according to the comparison of 
every output with observed landslides layer. The susceptibility map that has the greatest 
overlap area was the result of using fuzzy Or in overlap step which is considered as a 
suitable way in hazard risk zonnation. Analysis of the final landslide susceptibility map 
shows that scenario 6 which is proven to be the most suitable outcome, has the least AUC= 
0.3 and matches with observed landslides much better than other scenarios, and through 
physiographical analysis, we found that most landslides have occurred and are probable in 
are used as good ranges, are in middle slope angle, and have northern slope aspects. 
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criteria and used logistic regression in order to obtain a landslide 
susceptibility map for each rainfall scenario.32 Pradhan et al.33 applied 
spatial multi-criteria evaluation model and deterministic model for 
landslide susceptibility mapping and after combining the results of 
two methods achieved a reliable outcome of 79.59% matching.33 
Shahabi et al. applied landslide susceptibility mapping through AHP, 
logistic regression, and Frequency Ratio methods and realized that 
logistic regression and Frequency Ratio have more reliable results.34 
Hong et al.35 applied GIS-based Frequency Ratio method for landslide 
susceptibility mapping and achieved a reasonable accuracy of 80.5% 
which showed the reliability of the results.36 In this paper, according 
to the optimum results recognized in literature and high accuracy of 
combined methods in landslide susceptibility mapping, GIS based 
Fuzzy Logic is used in calculations and overlays and AHP approach is 
applied in order to allocate weights to the factors.37,38

Methodology of analysis
The following steps were applied in order to reach the final 

susceptibility map: 

a.	Collecting and rectifying the effective factor maps 

b.	Applying AHP approach in order to estimate the weight of each 
factor 

c.	Fuzzification and application of the weights to each layer using 
GIS 

d.	Overlaying all the spatial data and generating the final landslide 
susceptibility map 

e.	Validation through comparing the high susceptibility zones with 
the landslide inventory map

Criteria defining and localizing 

In every study, the basic and first step is to build a dataset for 
criteria which is specifically designed for the study area. In this study, 
based on the surveys and researches, nine criteria were selected 
(precipitation,39 slope,39–43 aspect,39–43 lithology,21,39,40,43,44 landuse,40–46 
distance to road,39–42 distance to river,39,41 distance to faults,39,43 and 
curvature.39–42 In order to produce and analyze the data layers, ArcGIS 
was used and all factors were prepared as a raster dataset. Basic data 
were collected from organizations in charge of natural resources 
studies and management and were adapted and matched together to 
obtain the best possible result. 

Analytic hierarchy process

Analytic Hierarchy Process (AHP) is a Multi Criteria Decision 
Making (MCDM) method that was originally developed by Prof 
Thomas L Saaty45 AHP is one of the most suitable approaches for 
decision making because in natural phenomena all the factors depend 
on the other factors and when it comes to natural analysis, it is not 
logical to consider them as independent factors. Based on the pairwise 
comparison in AHP approach we can be positive about the weighs that 
are allocated to each factor. In order to apply AHP these steps were 
followed: 

Preparing a pairwise comparison questionnaire to ask experts’ 
opinions in an scale between 1 to 19.

Analyzing the results in a comparison matrix for all criteria and 
sub-criteria 

	 Extracting priority weights for each factor

Fuzzy method

Fuzzy set theory is a very helpful approach to model complex 
systems that are not logical to be defined by crisp numbers. A fuzzy 
set theory which was introduced by Zadeh46 makes researchers 
capable of analyzing the smooth and vague changes in a set rather 
than crisp boundaries for changes especially in natural conditions 
because many spatial phenomena such as factors that affect landslide 
don’t have value boundaries. In fuzzy set theory, each object or pixel 
can have a membership value between 0 and 1 which reflects a degree 
of membership.46 In this theory each object is affected by its left and 
right side according to two kinds of membership functions:

a.	 Linear membership function and 

b.	 Bsinusoidal membership function. In this study the sinusoidal 
function has been applied (here the precipitation fuzzy set is 
shown as an example)
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Application of fuzzy and AHP 

In order to apply the methods on spatial maps that result in 
achieving the landslide susceptibility map, ArcGIS has been used by 
this order:

Fuzzification

Applying weights for each main factor as well as each class

Overlaying layers

Validating of the final result through comparison with previously 
observed landslide (inventory)

Study area
The study area is the lands upper side of Taleghan dam basin 

which is in the northwest of Alborz province. The catchment is a 
mountainous and elevated area in central Alborz mountain range with 
north latitudes of 36˚ 5’ 40” to 36˚ 21’ 5” and east longitudes of 50˚ 36’ 
40” to 51˚ 11’ 16” as shown in Figure 1. The study area is about 960 
Km2 with a perimeter of 161 Km, a length of 51 Km average elevation 
of 3045 m, and the lowest point, located at the Taleghan dam, 1688m.36 
The climate of Taleghan County is mountainous cold with almost high 
amount of precipitation (Figure 2). Figure 3 shows the climate map 
of Taleghan. According to the location of the area which is between 
northern Alborz with highly humid and cold and southern Alborz 
with almost dry climate. Taleghan area has always been suitable for 
nomads whose life is based on keeping livestock, therefore large parts 
of the area are used as range. In recent years and since the construction 
of the dam, many residences have tended to have orchards, as shown 
in Figure 4 that shows land use map of Taleghan. Regarding the 
geological structure, the area is made of a vast combination of the 
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hard and easily destroyed type of land. For example, the southern 
hillside is mostly silt and gypsum which are highly landslide prone 
and northern side with the volcanic rocks is more slide resistant.37 
Figure 5 shows geology map of Taleghan. Regarding the tectonic 
situation, Taleghan hosts a major active fault called Taleghan Fault 
which has historically caused many earthquakes in the area,38 there are 
also many semi active and inactive faults that cover all over the area. 
Based on the previous landslide events and observations it can be said 
that many of them have been tectonic caused, therefore faults have a 
major role in predicting future landslides.

Figure 1 General Map of Taleghan (Study area).

Figure 2 Precipitation map of Taleghan.

Figure 3 Climate map of Taleghan.

Figure 4 Landuse Map of Taleghan.

Figure 5 Geology Map of Taleghan.

Discussion and results
The research aims to model the susceptibility of landslide hazard 

in a highly landslide prone area through integrating two approaches 
which are historically helpful in analyzing natural phenomena. we 
applied AHP because of its proved advantages in decision making that 
can be obtained through pairwise comparison. Also, Fuzzy set theory 
which is appropriate for spatial and natural phenomena because of 
omitting the crisp boundaries is used. Results of AHP analysis are 
given in Tables 1–3. 

Conceptual model

The process of the study is shown through the conceptual model 
as follow (Figure 6):

In the fuzzification step, using the fuzzy membership function 
rules, a membership function has been applied for each factor as 
follow:
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In order to fuzzify the slope aspect map, we assume that northern 
slopes receive less light and are damper than southern slopes, 
therefore from 0 to 180-degree azimuth was considered as increasing 
membership and 180 to 360, in contrast, was considered as decreasing 
membership.
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Fizzification results are given in Figures 7‒13. Through fuzzy 
overlaying, 6 final results have been obtained using 6 different 
overlaying scenarios in order to choose the best susceptibility map 
which has the highest overlap with observed landslide map (Figure 
14). In this step, all the factor maps were overlaid using an average 
value of gamma. The output of scenario 1 is given in Figure 15. In 
scenario 2 we assumed to set a maximum value of each factor group at 
the first step and set a minimum value in the second step that combines 
the results of the previous combination, accordingly there could be a 
balance of values (Figure 16). Output layer of this scenario in given 
in Figure 17. In scenario 3, the values have a tendency to be chosen 
as a minimum (Figure 18), and it is applied through using gamma 
functions. The output of scenario3 is given in Figure 19. In scenario 
4, in the case of physiographic and human induced factors, because 
of the high influence of land use and distance to fault, fuzzy and 
operator was used to keep the highest values (Figure 20). The output 
of this scenario in given in Figure 21. Scenario 5 was applied in order 
to take distance to river and distance to fault as geological factors 
because the formation of the slopes which can be near or distant from 
natural triggers is based on their geology (Figure 22). In the other 
hand precipitation as a climatic factor which provides abrupt trigger 
was considered as an independent factor. Output layer of this scenario 
is given in Figure 23. In the last scenario, a minimum of all the values 
was aimed and distance to the road was considered as a location based 
factor (Figure 24). Output layer of this scenario is given in Figure 
25. Each output layer of all the scenarios were compared with the 
observed landslides layer which is shown in Figure 26 in order to opt 
the best match between highly susceptible areas and the areas that 
have actually experienced landslide, and the results are provided in 
Table 4–9.
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Table 1 Pairwise comparison between factors 

[1] [2] [3] [4] [5] [6] [7] [8] [9] wi

[1] Precipitation 1 1.1 2.4 1.3 1.6 3.5 2.5 2 1.4 0.165

[2] Slope 1 3.7 2.7 3.9 4.5 4.1 3 3.5 0.252

[3] Aspect 1 1 2 2.7 2.2 1.9 1.8 0.111

[4] Lithology 1 2.7 2.3 3.8 2.7 2.5 0.145

[5] Landuse 1 3.1 2.6 1.6 1.6 0.091

[6] Distance to Road 1 1 3 1.8 0.048

[7] Distance to River 1 2 1.5 0.049

[8] Distance to Fault 1 3 0.086

[9] Curvature 1 0.052

Inconsistency Ratio= 0.05
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Table 2 Pairwise comparison between geology types 

Geology [1] [2] [3] [4] [5] [6] [7] [8] [9] wi

[1] Gypsum 1 1.5 3.2 3.6 5.4 5.6 8.1 0.369

[2] Calcite 1 2 2.4 3.2 3.2 4 0.226

[3] Colluvium - Deposite 1 1.2 1.7 2.1 2.2 0.119

[4] Gravel - Sandstone 1 1.5 1.8 2.1 0.103

[5] Tuff -Metamorphic Rocks 1 1.4 1.5 0.072

[6] Basalt 1 1.3 0.061

[7] Diorite-Andesit 1 0.05

Inconsistency Ratio= 0.00

Table 3 Pairwise comparison between landuse types

Landuse [1] [2] [3] [4] [5] [6] [7] [8] [9] wi

[1] Urban 1 2.2 2.6 1.5 2.1 2.8 0.209

[2] Poor Range 1 4.2 1.6 1.2 1.2 0.087

[3] Moderate Range 1 2.5 4 7.5 0.393

[4] Good range 1 1.4 2.1 0.142

[5] Orchard 1 1.4 0.101

[6] Agriculture 1 0.068

Inconsistency Ratio= 0.00

Table 4 Comparison between scenario 1and observed landslide layers 

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 1

0.63 0.63 157725 Very Low 

0.69 0.05 13000 Low 

0.73 0.04 10762 Moderate 

0.79 0.06 15331 High 

1 0.21 52275 Very High

Table 5 Comparison between scenario 2 and observed landslide layers

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 2

0.56 0.56 140593 Very Low 

0.62 0.06 14812 Low 

0.7 0.08 18718 Moderate 

0.77 0.07 16487 High 

1 0.23 58481 Very High
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Table 6 Comparison between scenario 3 and observed landslide layers

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 3

0.52 0.52 129843 Very Low 

0.6 0.08 21025 Low 

0.68 0.07 17943 Moderate 

0.75 0.07 17400 High 

1 0.25 62981 Very High

Table 7 Comparison between scenario 4 and observed landslide layers

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 4

0.46 0.46 111150 Very Low 

0.463 0.003 743 Low 

0.48 0.035 8800 Moderate 

0.73 0.25 62287 High 

1 0.26 66112 Very High

Table 8 Comparison between scenario 5 and observed landslide layers 

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 5

0.28 0.28 70556 Very Low 

0.43 0.15 37168 Low 

0.58 0.15 36662 Moderate 

0.77 0.19 46975 High 

1 0.23 57731 Very High

Table 9 Comparison between scenario 6 and observed landslide layers 

Accumulative ratio of observed 
landslide area to total area of 
observed landslide

The ratio of observed landslide 
area to total area of observed 
landslide

Overlap area with 
observed landslides
(km2)

Susceptibility levels 
resulted from scenario 6

0.03 0.03 8481 Very Low 

0.05 0.02 4825 Low 

0.15 0.1 24481 Moderate 

0.48 0.33 81600 High 

1 0.52 129706 Very High
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Figure 6 The flow diagram of the study.

Figure 7 Fuzzy slope map of Taleghan.

Figure 8 Fuzzy aspect map of Taleghan.

In order to weigh up the assumed scenarios and opt the best suited 
output, the accumulative ratio of observed landslide area in each 
susceptibility level was calculated and plotted as it is shown in Figure 
27. The plot illustrates the accumulation of actual landslide occurrence 
in each susceptibility level of every assumed scenario. A general look 
at the plot shows that there is an abrupt increase in high susceptibility 
which resembles the fact that areas that experienced landslide in the 
past are highly potential to experience it in the future again.

A more mathematical look at the plot reveals that area under the 
curve (AUC) has decreased in scenarios from 1 to 6, which shows a 
gradual rise in observed landslides in each susceptibility level. Trend 

line’s steepness was also considered as a comparison factor because 
it is completely reasonable that the least susceptible area must have 
experienced the least landslide events, and having this in mind, it is 
clear that scenario 6 proves to be the best fit model among assumed 
scenarios. Through an overview of the fuzzy operators we used in 
each scenario, it can be found out that as it is believed, using fuzzy 
Or to overlay fuzzy factor maps is reliable. Parametric analysis shows 
that in the case of landuse which is shown in Figure 28 there is a 
relatively likelihood between output susceptibility map and observed 
landslides. As it is clear in the plot, the good range includes the most 
landslide history and the highest possibility of landslide occurrence, 
it can be caused by many approximately active faults which lie in 
this part of the study area. Through a look at slope angle comparison 
between simulated landslides and observed landslide, it can be clearly 
noticed that as it is shown in Figure 29 there is no significant difference 
between them and it can be co ncluded that mostly landslides occur in 
middle slope angles. Analysis of geographical aspect in both simulated 
landslide and observed landslide which is given in Figure 30 shows 
that the assumption that northern slopes are more susceptible to 
landslide occurrence is highly true because in both layers they include 
more landslide areas than other aspects.

Figure 9 Fuzzy curvature map of Taleghan.

Figure 10 Fuzzy distance to road map of Taleghan.
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Figure 11 Fuzzy precipitation map of Taleghan.

Figure 12 Fuzzy distance to river map of Taleghan.

Figure 13 Fuzzy distance to road map of Taleghan.

Figure 14 scenarios 1 Layers and overlaying.

Figure 15 Landslide susceptibility according to scenario 1.

Figure 16 Scenarios 2 Layers and overlaying.

Figure 17 Llandslide susceptibility according to scenario 2.
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Figure 18 Scenarios 3 Layers and overlaying.

Figure 19 Landslide susceptibility according to scenario 3.

Figure 20 Scenarios 4 Layers and overlaying.

Conclusion
In this study, the susceptibility of landslide in Taleghan watershed 

was studied using AHP and FUZZY methods in GIS environment 
through considering factors such as geology, landuse, slope, aspect, 
precipitation, distance to road, distance to fault, distance to river, 
and curvature. Factors were chosen according to the literature and 
previous studies. AHP method was applied to assign the weight of 
each factor in causing landslide and through fuzzy method factor maps 
were fuzzified where possible. In the case of landuse and geology that 
fuzzification was not possible, AHP results were used because changes 
are not gradual. In order to overlay the data layers, 6 scenarios were 
assumed, that scenario 6 was proved the best suitability according to 

the AUC=0.3 and trend line slope =0.24. Through comparison between 
susceptibility map obtained from the study and observed landslides, it 
can be clearly concluded that output of the study is reliable and it can 
be used as a basis for future studies and safety plannings. Analysis of 
physiographical factors shows that in both observed landslide map 
and susceptibility map, mostly landslides occur in northern aspects, 
middle slope angles, and good rangs. Physiographical analysis of the 
results emphasize on the concept that in natural events there is not 
just one major cause for a hazard and depending on other conditions 
there can be different intensity in factors’ roles. Nature is dynamic and 
changes permanently, therefore in order to be able to reduce the losses 
in natural hazards such as landslides we have to use previous studies 
as a basis for new approaches and methods. We hope that this study 
will be continued with future studies.

Figure 21 Landslide susceptibility according to scenario 4.

Figure 22 Scenarios 5 Layers and overlaying.

Figure 23 Landslide susceptibility according to scenario 5.
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Figure 24 Scenarios 6 Layers and overlaying.

Figure 25 Landslide susceptibility according to scenario 6.

Figure 26 Observed landslides in study area.

Figure 27 Validarion of the results of 6 scenarios.

Figure 28 Landslides in each landuse type.

Figure 29 Landslides in different slope percent.
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Figure 30 Landslides in each slope aspect.
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