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 Natural hazards, particularly landslides, have long posed significant threats to 
people, buildings, and the surrounding environment. Therefore, comprehensive 
planning for urban and rural development necessitates the development and 
implementation of landslide risk zoning models. Numerous methodologies have been 
proposed for generating landslide hazard maps, which can potentially aid in predicting 
future landslide-prone areas. This study employed an integrated approach that 
combines statistical and multi-criteria decision-making (MCDM) methodologies. The 
Frequency Ratio (FR) and Analytical Hierarchy Process (AHP) were utilized as 
knowledge-driven approaches, while the Support Vector Machine (SVM) using an 
RBF kernel, a widely recognized machine learning algorithm, was applied as a data-
driven method. Ten factors influencing landslides were considered, including slope 
angle, aspect, altitude, geology, land use, climate, erosion, and distances from rivers, 
faults, and roads. The results revealed that landslides are more predictable in the 
southern, southwestern, and central regions of the studied area. A quantitative 
assessment of the different methods using prediction-rate curves indicated that the 
SVM method outperformed the FR and AHP-FR approaches in identifying 
susceptible areas. The findings of this work could be effectively employed to mitigate 
potential future hazards and associated damages. 
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1. Introduction 

Natural hazards have always posed a significant 
threat to both people and property, often resulting 
in substantial damage to buildings and the 
environment. Among environmental risks such as 
storms, floods, avalanches, erosion, and tsunamis, 
earthquakes and landslides constitute one of the 
most destructive categories of natural hazards 
worldwide [126]. Characterized by steep slopes 
and loose soil, hilly and mountainous regions are 
particularly vulnerable to landslides, with the 
majority of such events occurring within these 
specific terrains. It is estimated that landslides 
cause approximately 600 deaths annually [92]. 
Studies indicate that at least 17% of fatalities 
resulting from natural disasters are directly 
attributable to landslide occurrences [92]. To 

address these hazards and reduce their impact on 
both the economy and human lives, it is imperative 
to enhance landslide preparedness through the 
prediction of potential occurrences and the 
identification of high-risk areas. Landslide 
inventory and susceptibility modeling serve as 
critical preliminary steps in efforts aimed at 
forecasting and mitigating the risks associated with 
such phenomena [41], [42]. 

A landslide vulnerability map serves as a 
critical tool for understanding and predicting future 
landslides, as well as minimizing their associated 
impacts. Over the past three decades, 
advancements in Geographic Information Systems 
(GIS) and remote sensing technologies, along with 
the development and implementation of various 
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strategies to assess landslide hazard, risk, and 
susceptibility, have made such analyses 
increasingly practical and effective [4], [16], [39], 
[60], [75], [99], [100], [109], [114]. For instance, 
Bhardwaj and Singh in (2023) conducted a 
comprehensive review on landslide susceptibility 
assessment using these methods, highlighting their 
growing significance in geospatial analysis. 
Similarly, Dhakal and Singh in (2025) employed a 
geospatial approach to assess landslide 
susceptibility in the Spiti region of India, 
demonstrating the applicability of advanced 
mapping techniques in diverse geographical 
settings. 

Despite the wide array of techniques that have 
been proposed and investigated, there is currently 
no universally accepted or standardized 
methodology for establishing landslide 
vulnerability models [41], [42]. In general, the 
methods applied in this field can be classified into 
qualitative and quantitative categories. Qualitative 
methods are characterized by their subjective 
nature and exploratory approach to evaluating 
landslide susceptibility [2]. In contrast, quantitative 
approaches encompassing both deterministic and 
statistical techniques rely on numerical expressions 
to determine the relationships between controlling 
parameters and landslide occurrences [45], [101], 
[119]. A variety of quantitative techniques have 
been frequently utilized, including logistic 
regression [53], [98], Bimodal statistical 
investigation [3], [27], multivariate logistic 
regression [80], multivariable adaptable regression 
splines [43], [90], discriminant analysis [38], 
weight of evidence [23], [55], and evidential belief 
functions [59], [89]. In addition, knowledge-driven 
Multi-Criteria Decision-Making (MCDM) 
methods such as TOPSIS, VIKOR [7], and 
Analytic Hierarchy Process (AHP) have also been 
widely applied [5], [6], [34], [64], [68], [122].   

Given the growing complexity and diversity of 
geospatial data, the comparison of these 
methodologies becomes crucial for determining the 
most effective approach in predicting and 
mitigating landslide risks. 

To enhance the robustness of modeling 
frameworks, hybrid strategies that combine 
knowledge-based and data-driven techniques have 
gained popularity. Among the latter, the Frequency 
Ratio (FR) method has been used extensively due 
to its simplicity and strong performance in 
estimating the influence of causative factors on 
landslide occurrences [1], [54], [67], [76]. 

More recently, Artificial Intelligence (AI)-
based approaches have become increasingly 

prominent in landslide susceptibility modeling. 
Among these, Machine Learning (ML) methods 
such as Artificial Neural Networks (ANN), 
Support Vector Machines (SVM), and Random 
Forest (RF) have been recognized for their ability 
to capture complex nonlinear relationships within 
high-dimensional datasets.  

Many researchers have utilized these methods 
over the years for predicting landslide occurrences 
as well as other studies related to Earth sciences. 
For example, Alimoradi et al. in (2011) utilized this 
method, demonstrating that Artificial Neural 
Networks (ANN) can significantly enhance the 
accuracy of shear wave velocity predictions, which 
can be considered an effective tool for geotechnical 
and engineering applications.  In another study 
conducted by Alimoradi et al. in (2011), the 
researchers also utilized Artificial Neural 
Networks (ANN) to solve magnetic inversion 
problems. By training a three-layer feedforward 
neural network with synthetic data, they were able 
to predict the depth of dikes with acceptable 
accuracy. This method was applied to magnetic 
field data from the Kermian region in Iran, and the 
results were compared with real borehole data, 
demonstrating the network's effectiveness in 
estimating dike depth. Additionally, in a more 
recent study by Ghasemi Tabar et al. (2023), the 
researchers employed machine learning techniques 
and Python programming for intelligent borehole 
simulation. They utilized algorithms such as 
Artificial Neural Networks to process and simulate 
borehole data, improving decision-making 
processes in mining operations by providing 
accurate predictions of subsurface geological 
features. 

Furthermore, a comparative study by 
Mohammadi and Hezarkhani (2020) explored the 
effectiveness of Support Vector Machine (SVM) 
and Random Forest (RF) methods in classifying 
alteration zones using remotely sensed data. Their 
findings demonstrated that SVM outperformed RF, 
offering higher accuracy in identifying alteration 
zones, a result that underscores the growing 
potential of machine learning methods in 
geoscientific applications. Similarly, Alimoradi et 
al. in (2013) applied both Artificial Neural 
Networks (ANN) and Support Vector Machines 
(SVM) to estimate carbonate pore sizes from 3D 
seismic data. Their study demonstrated how these 
machine learning techniques can be effectively 
used for accurate subsurface property estimation, 
further highlighting their versatility in addressing 
complex geological and geophysical challenges. 
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Kavzoglu et al. (2014) compared the 
performance of SVM with other classifiers for 
landslide susceptibility mapping and found that 
SVM yielded higher accuracy and more reliable 
results. Similarly, Lee et al. (2017) applied SVM to 
landslide susceptibility modeling and concluded 
that the algorithm outperformed ANN and other 
traditional methods, demonstrating its robustness 
in capturing complex, non-linear relationships in 
geospatial data. In recent years, SVM has also 
proven effective in predicting areas favorable to 
mineralization, as demonstrated by Akbari et al. 
(2025), who combined SVM with optimization 
algorithms for better prediction of porphyry-copper 
mineralization zones. These findings suggest that 
SVM consistently provides high accuracy in 
various geospatial and geotechnical tasks.  These 
findings suggest that the SVM algorithm, when 
implemented with a Radial Basis Function (RBF) 
kernel, has notably demonstrated excellent 
performance in spatial prediction tasks by 
effectively transforming the input space and 
identifying optimal decision boundaries. So, it is 
often the method of choice when dealing with 
challenging geospatial and environmental datasets, 
reaffirming its utility and effectiveness in a wide 
range of applications. 

Kurdistan is a mountainous province that 
contains many both stable and unstable slopes. The 
phenomenon of significant and widespread 
downslope movement of materials causes 
landslides in certain parts of the province, leading 
to devastating impacts on agricultural lands, road 
networks, and residential areas notably along the 
Sanandaj–Marivan and Sarvabad–Kamyaran 
transportation axes. 

Accordingly, the primary objective of this work 
is to assess the relationship between landslide 
occurrences and their contributing factors using a 
combination of traditional and advanced modeling 
techniques. Initially, knowledge-driven methods 
such as the Analytical Hierarchy Process (AHP),  
and data-driven statistical approaches like the 
Frequency Ratio (FR) were applied to generate 
preliminary susceptibility maps. To improve the 
predictive accuracy and capture the inherent 
complexity and non-linear interactions among the 
causative variables, the Support Vector Machine 
(SVM) algorithm [61], [62], [74], [35], [82], [86], 
[87], was employed as an artificial intelligence-
based model. In this regard, a Radial Basis 
Function (RBF) kernel was utilized, which enables 
the SVM to effectively map input data into a 
higher-dimensional feature space, enhancing its 
capability to distinguish between landslide-prone 

and stable areas. Finally, the performance of all 
three approaches was evaluated and compared 
using quantitative metrics to identify the most 
accurate and efficient model for landslide 
susceptibility mapping. This hybrid framework 
highlights the growing potential of machine 
learning in geoscientific analyses and offers a 
valuable tool for risk assessment and spatial 
planning in landslide-prone regions. 

2. Studied Area 

The studied area is situated in the southwestern 
region of Kurdistan Province and includes the 
Zarab and Sanandaj sub-basins, located in the 
western part of Iran (Figure 1a). The selected area 
covers approximately 7,445 km², extending 133 
kilometers in the east–west, and 106 kilometers in 
the north–south direction. This region is 
characterized by mountainous and rugged terrain 
(Figure 1b). 

Abundant precipitation contributes to intensive 
erosion, primarily through surface runoff, which 
has resulted in the formation of dome-shaped 
landforms with gentle slopes and broad valleys. 
Consequently, a significant portion of the area is 
marked by eroded dome-like mountains, as well as 
parallel and consecutive mountain ranges with 
steep inclines. The lithology of the region is 
predominantly sedimentary, particularly 
limestones. The formation of these rugged features 
is attributed to late Tertiary orogenic activities, 
followed by extensive erosion during the 
Quaternary period, which has shaped the area into 
its current geomorphological form. From a 
geological perspective, the majority of the area 
consists of Cretaceous rock units, while Eocene 
and Oligo-Miocene formations are widespread in 
the central parts. In contrast, Quaternary deposits 
are sparsely distributed near the marginal zones of 
the region (Figure 1a). Approximately 100,492 
hectares of the studied area are utilized for 
agricultural purposes. According to the Iran 
Meteorological Organization, Kurdistan has a 
Mediterranean climate, with cold winters and 
warm summers in the central and eastern areas, and 
a moderate climate in the western region. The mean 
annual temperature is around 13.4°C. 

3. Spatial Dataset and Landslide Conditioning 
Criteria 
3.1. Slope angle factor 

The slope angle is regarded as a key parameter 
in the analysis of slope stability [92]. Its inclusion 
in landslide hazard modeling is a widely adopted 
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practice due to its strong association with landslide 
occurrences. Previous studies have shown that 
landslides predominantly occur on peaks, hills, 
steep slopes, and ridges, whereas plains exhibit the 
lowest frequency of landslide events [39], [102]. 

In this study, the slope angle map of the 
investigation area was generated using a Digital 
Elevation Model (DEM) and subsequently 
classified into four distinct slope categories (Figure 
2a). 

3.2. Aspect factor 

Aspect has been recognized as a critical 
geomorphological parameter influencing the 
occurrence of landslides, as thoroughly 
documented in numerous studies [78], [92], [110], 
[129]. The likelihood of landslides may be 
influenced by various climatic factors, such as solar 
radiation, precipitation intensity, and the 
orientation and morphology of slopes. In particular, 
the degree of hillslope saturation resulting from 
heavy rainfall is significantly governed by the 
infiltration capacity of the slope, which depends on 
multiple variables including topography, soil type, 
permeability, porosity, moisture content, organic 
matter, land cover, and the prevailing climatic 
conditions. These factors collectively contribute to 
variations in the capillary water pressure within 
slope materials. 

In the current study, a detailed aspect 
classification map of the region was developed to 
explore the spatial relationship between slope 
orientation and landslide distribution (Figure 2b). 
The slope aspects were categorized into nine 
classes, namely: flat, north (N), south (S), west 
(W), east (E), southeast (SE), southwest (SW), 
northeast (NE), and northwest (NW). 
3.3. Altitude factor 

Another relevant controlling factor considered 
in this work is altitude. The higher the altitude, the 
more susceptible the area becomes to landslides, 
because at high altitudes, rocks are more weathered 
and the melting and freezing phenomena are 
predominant [32], [85]. Since altitude has a vital 
effect on the incidence of landslides, it has been 
applied by researchers to generate landslide 
sensitivity models around the globe [58], [96]. In 
line with this, the altitude map of the studied area 
was prepared to analyze its relationship with 
landslide occurrences (Figure 2c). 

3.4. Lithological factor 

The lithological condition of the land plays a 
significant role in the landslide phenomenon, 

which is studied as part of geomorphology. There 
is a significant need for data from lithological units 
in susceptibility studies due to the fact that they 
have widely varying landslide susceptibility 
values. In this regard, the proper division of the 
lithological characteristics is necessary [63], [128]. 
The geological map of the research district, 
developed by the Geological Survey of Iran (GSI), 
was utilized and digitized within a Geographic 
Information System (GIS) to extract lithological 
data for the analysis (Figure 2d). 

3.5. Land use factor 

This research work employed a guided 
categorization technique to delineate and 
categorize six distinct land use patterns. These 
grouped land uses are as follows: Agriculture, 
Forest, Island, Rangeland, Urban, and Waterland 
areas (Figure 2e). A predominant feature of the 
studied district is the prevalence of farmlands. It is 
generally accepted that land use and the extent of 
vegetation coverage play a crucial role in the 
stability of slopes [83]. The conversion of forested 
areas to agricultural lands, followed by landslide 
events, represents a critical sequence highlighting 
the significance of land use in the incidence of 
landslides. Tree cover can remove water from the 
soil through high evapotranspiration, thereby 
reducing the influence of soil moisture levels, as 
the presence of water within the soil mass is one of 
the effective parameters in reaching saturation and 
triggering landslides. In addition, tree cover, with 
its deep and continuous root systems, can enhance 
the mechanical stability of the soil mass on slopes. 

3.6. Climate factor 

The parameters including geology, slope, 
altitude, precipitation, and human activities are 
commonly considered in landslide studies. While 
these factors play a major role in the occurrence of 
this phenomenon, various studies have shown that 
the distribution of landslides is also influenced by 
climate change, which has a significant impact on 
triggering land instability. According to previous 
research, most landslides occur in cold and humid 
climates, whereas a small percentage are reported 
in arid environments. Based on one of the 
geomorphic-zoning methods, the research area is 
classified into four distinct climatic zones, each 
with specific geomorphic characteristics that exert 
both direct and indirect effects on landslide 
occurrence (Figure 2f). 
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3.7. Erosion factor 

The erosion rate of the research region is 
another influential factor contributing to the 
incidence of landslides. According to previous 
studies, erosion is one of the variables that exert the 
most substantial impact on landslide occurrences. 
The higher the erosion intensity in an area, the 

more prone the land is to landslide events. The rate 
of erosion, therefore, is directly associated with the 
probability of landslides. To determine the effect of 
erosion in the studied area, its map was prepared 
and categorized into seven sections, showing the 
intensity of erosion from very low to very high 
(Figure 2g). 

 

 
(a) 

 
(b) 

Figure 1. (a) The location and the geological map of the studied area in the Kurdistan province, Iran; (b) 
landscape picture of the area of study. 
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3.8. Distance to rivers factor  

An essential factor in determining how 
consistently a slope behaves is the rate of saturation 
of the material comprising the incline [122], [123]. 
Another important factor is the slope's closeness to 
infrastructure for drainage in terms of 
sustainability. The erosion of slopes and the 
saturation of the lower portion of the material, 
along with the increasing water levels due to 
streams, may adversely affect the stability [52], 
[53]. To assess the impact of streams on slopes, five 
different buffer zones of rivers, with 500 m 
intervals, were generated within the studied area 
(Figure 2h). A Euclidean distance technique was 
implemented to conduct a visual detection to 
establish the correlation between the presence of a 
river and the frequency of landslides. 

3.9. Distance to the faults factor 

Fault is one of the most significant tectonic 
parameters that causes slope sensitivity by causing 
fractures and detachments in the rocks, making 
them easier to move. The higher the density of 
these fractures, the higher the sensitivity of the rock 
to various forms of erosion, especially landslides 
[36]. Generally, the greater the distance from the 
fault, the lower the likelihood of a landslide 
occurring. Along fault planes, the mechanisms of 
erosion and water flow contribute to the facilitation 
of landslides. Accordingly, in most slope instability 
studies, the fault factor is widely recognized as a 
substantial component affecting the occurrence 
rate of landslides. In this context, a visual detection 
was conducted to determine the connection 
between faults and landslides through the 
application of the Euclidean distance approach. 
The map depicting the distances to faults was 
created by employing the reported faults on the 
geological map (Figure 2i) at intervals of 1000 
meters. 

3.10. Distance to roads factor 

Distance to the existing roads can also affect 
landslides, just like the distance to rivers. Roads 
have the ability to function as a barrier for water 
flow, a net source, or an aisle for the movement of 
water. Also, they are generally considered the 
origin of landslides, depending on their location in 
the mountains [57]. The development of roads and 
side soil erosion are significant causes of slope 

instability and landslides. In general, roads disturb 
the natural position of the slope and cause vertical 
cuts in the terrain, which increases the pressure on 
the lower part of the road. Additionally, human 
activities for road construction, such as excavation 
and embankment, lead to changes in drainage and 
hydrology, ultimately impacting stress and slope 
balance. Due to this rationale, the incorporation of 
roadways is deemed necessary in landslide 
susceptibility modeling. In this regard, to 
determine the impact of the distance from roads on 
the stability of the slope and landslide 
susceptibility, five distinct sectors are created 
along the trajectory of the road (Figure 2j). 

4. Material and Methods 
4.1. Analytical Hierarchy Process (AHP) 

For solving multimodal decision-making issues, 
AHP [103] is a widely used MCDM approach that 
has been suggested and further developed [5], [9]. 
Put simply, this methodology significantly 
contributes to the resolution of intricate decision-
making challenges by decomposing the problem 
into a network of hierarchies comprising linked 
decision components. This is achieved through a 
pairwise evaluation of the significance of various 
criteria and respective sub-criteria. The AHP 
procedure for multi-criteria decision-making 
involves the following three primary steps: 

1) Creating a hierarchical structure. 

2) Pair-wise comparison of criteria and alternatives. 

3) Rating-based integration. 

The first and last levels of the hierarchical 
structure are related to the purpose of the study and 
the alternative structure, respectively, while the 
middle level is related to the criteria and sub-
criteria. In this method, the elements of the middle 
level are paired according to the table proposed by 
Saaty in (1994). Using this table, qualitative 
judgments can be converted into numerical values 
and rank the criteria and sub-criteria based on 
pairwise comparisons of important dependencies 
with respect to the purpose of the decision.  

In the current research, AHP has been employed 
to identify the significance of effective parameters 
in landslide susceptibility mapping. The 
determination of interrelated variable values is 
often contingent upon the discretion of the decision 
maker. 
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(a) (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

  
(i) (j) 

Figure 2. Landslide condition factors: (a) Slope, (b) Aspect, (c) Altitude, (d) Lithology, (e) Land use, (f) Climate, 
(g) Erosion, (h) Distance to rivers, (i): Distance to faults and (j) Distance to road. 
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4.2. Frequency Ratio (FR) 
Because of determining the frequency ratio of 

each element that influences the occurrence of 
landslides, the utilization of a Geographic 
Information System (GIS) has been employed. 
This involves the integration of the models 
representing each variable with the map 
representing the landslide indices. By doing so, the 
proportion of pixels within the research region that 
exhibit landslides and those that do not may be 
computed. Following the equation FR = A/B, the 
frequency ratio of landslide to non-landslide spots 
was obtained for variable classes. In the present 
context, FR shows the frequency ratio, and the 
classification of pixels as landslides is denoted by 
the variable A, whereas the fraction of pixels 
categorized as non-landslides is represented by the 
variable B.  In the context of connection analysis, 
the ratio pertains to the proportion of the region 
affected by landslides in relation to the whole 
district under consideration.  

Consequently, a value in close proximity to 1 
signifies an average value. In contrast, numbers 
over 1 indicate a stronger association, while values 
below 1 indicate a weaker correlation. 

The FR technique is employed to elucidate the 
relation among the distribution of landslides and 
the parameters affecting them [93], [94], [97]. 

4.3. Support Vector Machine (SVM) 

The SVM algorithm, using the RBF kernel has 
utilized to assess the likelihood of landslides within 
the research region. The results obtained from this 
analysis were subsequently compared. The SVM 
has been utilized for both classification and 
regression tasks. The classification methodology 
utilized in this method is derived from the concept 
of statistical learning [31], [117]. Based on the 
theoretical framework proposed, the error rate of a 
learning machine when applied to unclassified data 
could be regarded as the generalized rate of error. 
The coefficients presented herein are dependent on 
the total training error rates, serving as indicators 
of the level of sophistication exhibited by the 
classification algorithms. In order to minimize the 
occurrence of generalized errors, it is important to 
decrease both the degree of training error and the 
level of sophistication of the classifier. One 
approach to achieve this objective is to optimize the 
separation margin.  

In turn, this machine learning approach proves 
to be advantageous since the segregation buffer is 
unaffected by the dimensions of the incoming data. 
The SVM algorithm, which has gained significant 

popularity over the past twenty years, relies on 
nonlinear synchronous transmission with a 
considerable specific spatial dimension [117]. The 
two-class SVM model is described in the following 
manner [124]: 

Considering a collection of separate linear 
training cells: 

( 1,2,..., )iX i n  (1) 

The training cells including two distinct 
divisions specified as yi = ± 1. The aim of SVM 
modelling is identifying an N-dimensional 
segregation outline in two divisions that 
characterized by their maximum slit. This can be 
mathematically be described as: 

21
2 W  (2) 

According to aforementioned limitations: 

(( . ) ) 1i iY w x b   (3) 

where W  is the standard hyperplane, and b is 
a scalar base using Lagrange multivariate, the 
performance computation value can define: 

2

1

1 ( (( . ) ) 1)
2

n

i i i
i

L w y w x b


     (4) 

Where λi is a Lagrange multiplier. Optimum 
weights of hyperplane, denoted as w, can be 
represented as a linear arrangement of the training 
points 21

2 W  and ( 1,2,..., )iX i n : 

(( . ) ) 1i i iy w x b     (5) 

Eq. (4) now becomes: 

2

1

1 1
2

n

i
i

L w
vn




    (6) 

Polynomial kernels as well as the RBF [96], 
[121], often known as the Gaussian kernel, are the 
most common types of kernels applied for SVM 
classification tasks.  

To deal with the non-linearity of the issue, this 
research employs a Gaussian kernel (Eq. (4)) due 
to its good generalizing capabilities. Furthermore, 
RBF provides superior predictive capabilities for 
landslide prospectivity modeling than alternative 
kernels in many studies and situations (particularly 
in nonlinear problems) [96], [121], [111].  

2( , ) exp( )k x y x y    (7) 



Akbari et al. Journal of Mining & Environment, Vol. 17, No. 1, 2026 

 

269 

5. Results and Discussion 
5.1. Collection and preparation of various 
evidence layers 

As mentioned before, to develop a landslide 
zoning model, it is essential to take into account 
parameters influencing the incidence of landslides. 
Determining these features is usually established 
by domain professionals. These characteristics are 
Slope angle, Aspect, Altitude, Geology, Land use, 
Climate, Erosion, Distance to rivers, faults, and 
roads. To carry out the research work, descriptive 
layers of every factor were prepared in the studied 
region. In order to achieve this objective, the DEM 
map and the roads in the region were obtained from 
the 1:25,000 topographic map of the research area, 
using ArcGIS software. The faults, which have a 
significant effect on landslide prediction, were also 
derived from the 1:100,000 geological map of the 
studied area. The lithological data utilized in the 
present research were acquired from preexisting 
geological maps of the region, which were 
available at a scale of 1:250,000 and categorized 
based on distinct geological units. In this regard, all 
lithological groups were classified into 7 groups. 
Moreover, climate conditions were classified into 
4 groups, which have different effects on 
landslides. 

Several processes were carried out on different 
layers that indicate different effective factors in 
landslide susceptibility, using ArcGIS software 
(Figure 2). Altitude is a significant element in 
regulating the extent and nature of erosion and 
human activities, hence influencing the 
susceptibility of an area to landslides (see Figure 
2c). Additionally, slope and aspect maps have been 
extracted from DEM using Slope and Aspect tools, 
respectively, in ArcGIS software (Figure 2a, b). 
Lithological, land use, and climatic layers were 
transformed into raster values (Figure 2d, e, f). The 
distance from faults, rivers, and roads maps were 
generated using Euclidean distance (Figure 2h, i, j). 

5.2. Landslide susceptibility mapping utilizing 
AHP-FR procedure 
5.2.1. Calculation of criteria weights by AHP 

Not all of the criteria used for landslide 
occurrence have the same effect. For this reason, 
each criterion can be assigned a weight. Many 

geoscience studies have used the AHP procedure to 
calculate the weight of the criteria. In the present 
investigation, the AHP model has been applied to 
assign an appropriate weight to each criterion. 
Existing sources and expert opinions were used to 
assign weights to the criteria. Higher weights are 
attributed to layers that have a greater role in 
landslide incidence. The weight of the layers varies 
from 1 to 9. The least effective component is given 
a value of 1, while the value of 9 is allocated to the 
most efficient one (Table 1). At this stage, to 
perform the comparison using the pair-wise 
comparison method, a decision matrix with 
dimensions of 10 × 10 was created, and different 
criteria, which are effective factors in landslides 
regardless of the sub-criteria and classes related to 
variables, were compared in pairs (Table 2). The 
geometric mean of the columns was divided to 
calculate the weight of each criterion. As shown in 
Table 2, four factors, distance from the river and 
fault, geology, slope, and land use, with weights of 
0.23, 0.13, 0.13, 0.13, and 0.11, respectively, are 
considered the most important influential criteria in 
the risk of landslides in the region. 

5.2.2. Calculation of sub-criteria weights by FR 

This methodology operates under the 
supposition that forthcoming landslides 
manifesting under similar current conditions will 
resemble those observed in previous instances of 
landslides. The frequency ratio technique 
elucidates the relation among the spatial 
distribution pattern of landslides and the respective 
categories of parameters that contribute to their 
occurrence in the given area. The FR model 
employs a calculation to identify the weights of 
classes associated with each factor. This 
calculation is demonstrated by the equation FR = A 
/ B, where FR represents the frequency ratio. A is 
the percentage of landslide spots, while B 
represents the percentage of non-landslide spots. 

This study involved the calculation of FR values 
for specific divisions of 10 effective criteria. The 
quantity of landslides within each division was 
taken into account, ignoring the influence of the 
primary criteria. The results are found in Table 3. 
Subsequently, a landslide propensity map was 
generated utilizing the FR model (Figure 3). 
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Table 1. Scale proportions in the Analytical Hierarchy Process. 
Significance score Definition 

1 Equal significance or privilege 
2 Equal to moderate significance or privilege 
3 Moderate significance or privilege 
4 Moderate to intense significance or privilege 
5 Intense significance or privilege 
6 Intense to very intense significance or privilege 
7 Very intense significance or privilege 
8 Very to extremely intense significance or privilege 
9 Extreme significance or privilege 

Table 2. AHP technique pairwise comparison of ten criteria and their determined weights (Akbari et al., 2023). 
Criteria Geology Land use Climate Erosion Fault River Aspect Altitude Slope Road Weights 

Geology 1.00 3 6 2 1 0.5 3 2 1 3 0.13 
Land use 0.33 1 3 0.5 0.33 6 1 0.5 0.33 1 0.11 
Climate 0.17 0.33 1 0.33 0.17 0.11 0.33 0.25 0.17 0.33 0.02 
Erosion 0.5 3 3 1 0.5 0.25 2 1 0.5 2 0.08 
Fault 1 3 6 2 1 0.5 3 2 1 3 0.13 
River 2 0.17 9 4 2 1 6 4 2 6 0.23 
Aspect 0.33 1 3 0.5 0.33 0.17 1 0.5 0.33 1 0.04 
Altitude 0.5 2 4 1 0.5 0.25 2 1 0.5 2 0.08 
Slope 1 3 6 2 1 0.5 3 2 1 3 0.13 
Road 0.33 1 3 0.5 0.33 0.17 1 0.5 0.33 1 0.04 

 
Figure 3. Landslide susceptibility map based on FR model. 

To enhance the comprehension of the findings, 
values of FR were adjusted and transferred into 
the range of [0-1] (Table 3). In the analysis of the 
outcomes, the FR values close to 0 indicate lower 

correlation, while values closer to 1 indicate 
higher correlation. 

According to Table 3, the outcomes indicate 
that the highest weights calculated for the classes 
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of geological factor belong to the geological units 
of Oligo-Miocene and Eocene ages, with FR values 
of 2.57 and 1.89, respectively. These classes cover 
21.28% and 27.66% of the landslide locations 
within 8.26% and 14.63% of the areas, 
respectively. The study of the land use factor shows 
that the highest FR value is computed for 
agricultural land classes (FR=1.42) which 
predicted 53.19% of landslides within 37.38% of 
the area. The study of the climatic factor shows that 
the highest FR values belong to the areas with s 
semi-humid and humid climate with the values of 
1.82 and 1.06, which cover 46.81% and 44.68% of 
landslides within 25.73% and 42.02% of the areas, 
respectively. For erosion factor, the highest FR 
value is 2 which covers 1.06% of the landslides 
within 0.53% of the total area and is related to class 
9, while the next highest values are related to 
classes 5 and 6, forecasting 27.66% and 55.32% of 
landslides within 16.2% and 41.18% of the areas, 
respectively. The examination of linear elements, 
such as proximity to faults, rivers, and roadways, 
revealed that the initial categories of these 
variables exhibit the greatest FR ratios. 
Specifically, the obtained FR scores for the initial 
categories are 1.27, 1.25, and 1.91, respectively. 

Based on the findings pertaining to the Aspect and 
Slope elements, it can be shown that the highest FR 
scores are attained by classes linked to northward 
orientations and areas characterized by a slope 
angle below 10 degrees (specifically, 1.85 and 
1.47, respectively). According to the results of the 
Altitude factor, elevations between 1000-1500m 
have the highest FR value (FR=2.58) covering 
42.55% of landslides within 16.52 % of the entire 
area. More detailed information on other classes 
related to 10 factors influencing the occurrence of 
landslides can be found in Table 3. 

5.2.3. Generation of predictive AHP-FR model 
In the end, a model of landslide susceptibility 

was produced by employing the AHP weights for 
10 key criteria (as shown in Table 2) and the FR 
values for their corresponding classes (as presented 
in Table 3) with the help of ArcGIS 10 software. 
The outcome of the landslide susceptibility map 
reveals the potential for landslides, presented as a 
continuum ranging from 0 to 1. The higher the 
value approaches 1, the more pronounced the 
vulnerability to landslides (Figure 4). 

 
Figure 4. Landslide susceptibility map based on AHP-FR model. 
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Table 3. Coefficient values for frequency ratio (FR) calculated for relevant classes of 10 criteria. 

Factor Class Number of 
landslides 

Area of 
class 

Percentage 
of domain 

Percentage 
of landslide 

FR 
values 

Normalised 
FR values 

Geology 

Cretaceous 31 14296 55.73 32.98 0.59 0.23 
Eocene 26 3754 14.63 27.66 1.89 0.73 
Permian 0 48 0.19 0 0 0 
Pliocene 0 143 0.56 0 0 0 

Quaternary 10 2152 8.39 10.64 1.27 0.49 
Triasssic 7 3141 12.24 7.45 0.61 0.24 

Oligo-Miocene 20 2120 8.26 21.28 2.57 1.00 

Land use 

Agriculture 50 9589 37.38 53.19 1.42 1 
Forest 18 6797 26.50 19.15 0.72 0.51 
Iland 0 1 0.00 0 0 0 

Rangeland 26 8969 34.96 27.66 0.79 0.56 
Urban 0 169 0.66 0 0 0 

Waterland 0 127 0.50 0 0 0 

Climate 

Mediterranean 7 6003 23.40 7.45 0.32 0.17 
Semi-humid 44 6601 25.73 46.81 1.82 1 

Humid 42 10779 42.02 44.68 1.06 0.58 
Very humid 1 2271 8.85 1.06 0.12 0.07 

Erosion 

2 0 2770 10.03 0 0 0 
3 0 2396 8.68 0 0 0 
4 0 327 1.18 0 0 0 
5 26 4473 16.20 27.66 1.71 0.85 
6 52 11369 41.18 55.32 1.34 0.67 
7 15 6127 22.19 15.96 0.72 0.36 
9 1 147 0.53 1.06 2.00 1 

Fault 

0-1000 43 9215 35.92 45.74 1.27 1 
1000-2000 14 5416 21.11 14.89 0.71 0.55 
2000-3000 10 3884 15.14 10.64 0.70 0.55 
3000-4000 7 2508 9.78 7.45 0.76 0.60 

>4000 20 4631 18.05 21.28 1.18 0.93 

River 

0-500 61 13287 51.79 64.89 1.25 1 
500-1000 11 5332 20.78 11.70 0.56 0.45 
1000-1500 10 3867 15.07 10.64 0.71 0.56 
1500-2000 6 1766 6.88 6.38 0.93 0.74 

>2000 6 1402 5.47 6.38 1.17 0.93 

Aspect 

Flat 0 69 0.01 0 0 0 
N 12 63244 6.90 12.77 1.85 1 

NE 7 126134 13.77 7.45 0.54 0.29 
E 7 95634 10.44 7.45 0.71 0.38 

SE 8 106908 11.67 8.51 0.73 0.38 
S 10 140217 15.30 10.64 0.70 0.37 

SW 19 133449 14.56 20.21 1.39 0.73 
W 14 98038 10.70 14.89 1.39 0.73 

NW 9 98013 10.70 9.57 0.90 0.47 

Altitude 

<1000 1 4526 0.49 1.06 2.15 0.84 
1000-1500 40 151378 16.52 42.55 2.58 1 
1500-2000 42 507179 55.35 44.68 0.81 0.31 
2000-2500 11 234190 25.56 11.70 0.46 0.18 

>2500 0 18976 2.07 0 0 0 

Slope 

> 40 24 292334 31.91 25.53 0.80 0.55 
40-25 40 325786 35.56 42.55 1.20 0.82 
25-10 20 231705 25.29 21.28 0.84 0.57 
<10 10 66424 7.25 10.64 1.47 1 

Road 

0-1000 22 3147 12.26 23.40 1.91 1 
1000-1500 5 1685 6.57 5.32 0.81 0.42 
1500-2000 3 1834 7.15 3.19 0.45 0.23 
2000-2500 2 1497 5.83 2.13 0.36 0.19 

>2500 62 17501 68.19 65.96 0.97 0.51 
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5.3. Landslide susceptibility mapping using 
SVM-RBF algorithm 
5.3.1. Preparation of training sites 

In this work, an RBF-kernel-based SVM (so-
called SVM-RBF) data-driven method was used to 
display regions exhibiting a substantial likelihood 
of landslide recurrence. The supervised SVM 
model applied in this part of the study entails two 
types of training datasets: (1) Landslide locations, 
which are assigned the value 1 and demonstrate the 
presence of landslide occurrences and (2) non-
landslide locations which are assigned the value 0 
and refer to the absence of landslide occurrences. 
The process of determining and extracting 
characteristics of landslides is straightforward in 
areas where there is a large quantity of documented 
landslide events. The assessment and extraction of 
non-landslide characteristics pose a significant 
challenge. For this purpose, there are three crucial 
factors that necessitate consideration, as follows 
[24]:  

- To improve the classification performance, a 
balanced dataset with an equal number of 
landslide and non-landslide instances is crucial. 

- It is essential to choose non-landslide locations 
that are situated at a considerable distance from 
landslide-prone areas. 

- Non-landslide locations have a random or 
arbitrary nature, as opposed to landslide 
locations which generally display a grouped or 
organized character.  

This study presents the development of a 
predictive prospectivity model utilizing the SVM-
RBF algorithm. The model incorporates ten key 
factors, including slope angle, aspect, altitude, 
geology, land use, climate, erosion, distance to 
rivers, faults an, and roadways. In order to achieve 
the intended objective, a dataset consisting of 1200 
pixel values was utilized for training purposes. 
These pixel values were carefully chosen from 
various locations, encompassing both landslide and 
non-landslide areas, totaling 94 instances. 
Therefore, the resulting confusion matrix consists 
of 11 columns: 10 representing the key factors and 
one representing the target variable. As previously 
described, the target variable was assigned a value 
of 1 for landslide areas and 0 for non-landslide 
areas.  The training dataset consists of 75% of the 
overall dataset, which amounts to 900 data points. 
The remaining 25% of the dataset, totaling 300 data 
points, is designated as Out-Of-Bag (OOB) data. 
The OOB data is utilized for the purpose of 
validating the results produced.  

5.3.2. Generation of predictive SVM-RBF model 

After the preparation of training sites, for 
optimal selection of the RBF kernel to be used in 
SVM, two variables, namely C and λ, must be 
properly tuned. In the present work, various sets of 
C and λ were tested through a trial-and-error 
process, and then a trained model was produced for 
each set. The subsequent phase involved 
computing the precision of each trained model for 
every combination of C and λ. Training machine 
learning algorithms requires a specific subset of the 
given dataset, known as training data. In this 
particular instance, training data consisted of 
established landslide and non-landslide databases. 
The balance in the number of datasets is a crucial 
factor in determining the performance of Support 
Vector Machines (SVM) [130]. Out-of-bag (OOB) 
data is applied to evaluate the ability of the 
algorithm after the learning process has been 
completed. At this stage, it is possible to determine 
whether the proposed approach has an acceptable 
performance or not. For validating the SVM 
methodology, a confusion matrix analysis was 
performed. This technique is a highly successful 
strategy for solving binary classification issues 
[48]. This method can also demonstrate the 
correlation between the research outcomes and real 
values. The quantity of correctly and incorrectly 
categorized data is summed, and the confusion 
matrix depicts how the susceptibility classification 
algorithm becomes confused, thereby affecting the 
correct classification. The 2-class confusion matrix 
provides a concise summary of four potential 
outcomes: (a) True Positive (TP), demonstrating 
the accuracy of the model in defining prospective 
locations; (b) True Negative (TN), exhibiting the 
validity of recognizing non- prospective sites; (c) 
False Positive (FP), where the model mistakenly 
predicts prospective spots; and (d) False Negative 
(FN), where the model wrongly anticipates non- 
prospective areas [50]. A trained model's 
classification performance can be characterized 
and formulated as follows [50]: 

TPSensitivity
TP FN




 (8) 

TNSpecificity
TN FP




 (9) 

Pr TPecision
TP FP




 (10) 
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TP TNAccuracy
TP TN FP FN




  
 (11) 

2 Pr
Pr

Sensitivity ecisionF measure
Sensitivity ecision
 

 


 (12) 

This work employed a total of 1200 pixel values 
for both training and OOB testing purposes. 75% 
of the dataset, including a total of 900 instances, 
was allocated for training purposes, while the 
remaining 25%, consisting of 300 instances, was 
reserved for OOB analysis. As shown in Table 4, 
the trained SVM model exhibits a precision rate of 
91.44%, resulting in an 8.56% error, which clearly 

indicates that the SVM-RBF algorithm exhibits 
substantial predictive capacity and dependability 
when employed for the modeling of landslide 
susceptibility within the designated studied area. 
Table 4 also provides estimated values for the 
parameters of the confusion matrix used in the 
evaluation of SVM techniques. It was found that 
optimal variable values for the RBF kernel yielding 
an accuracy of 87.66% (error of 12.34%) (Table 4) 
are C = 0.1 and λ = 0.25. In the concluding phase, 
the pixel values of ten key criteria have been 
collected and employed as test data for the 
development of a data-driven approach using the 
developed SVM-RBF approach (Figure 5). 

Table 4. Confusion matrix of SVM model for training and OBB dataset. 
 TP TN FP FN Accuracy Error 
Training dataset 407 416 34 43 91.44% 8.56% 
OOB dataset 123 140 10 27 87.66% 12.34% 

 

 
Figure 5. Landslide susceptibility map based on SVM-RBF model. 

5.3.3. Validation and evaluation of landslide 
susceptibility models 

To assess the relative efficacy of the FR, AHP-
FR, and SVM-RBF algorithms for determining 

landslide vulnerability, prediction-rate curves were 
produced (Figure 6). If the derived landslide 
susceptibility zones maintain a favorable spatial 
correlation with the spatial positions of 
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documented landslides, the relevant prediction-rate 
curve will be placed higher and, thus, the model can 
be considered efficient. In this regard, the 
evaluation of FR, AHP-FR, and SVM-RBF 
methods was performed using prediction-rate 
curves (Figure 6). It is evident that all three models 
have demonstrated satisfactory performance in 
detecting areas prone to landslides, as illustrated in 
Figures 3, 4, and 5. All the prediction-rate curves 
of the algorithms lie above the reference line, 
indicating this. Therefore, it can be concluded that 
all created models exhibit a high level of reliability 
in identifying potential areas prone to landslides, 
thus making them suitable for further investigation 
and analysis. However, according to Table 5, the 
prediction-rate curve of the SVM-RBF algorithm, 
with an AUC value of 84.54%, is significantly 
higher than those of AHP-FR and FR models, with 
AUC values of 77.84% and 73.5%, respectively.  

Table 5. Results of prediction-rate curves for SVM, 
AHP-FR and FR models 
Model AUC % 

SVM 84.54 
AHP-FR 77.84 
FR 73.50 

 

 
Figure 6. Prediction-rate curves of FR, AHP-FR 

and SVM-RBF models. 

6. Conclusions 

The current investigation identified several 
factors potentially associated with landslide 
occurrences. The results were used to develop a 
landslide risk model, applying three methods: 
AHP, AHP-FR, and SVM-RBF, within the Zarab-
Sanandaj sub-basins in Kurdistan province. The 
assignment of proper weights to each landslide-
related factor based on expert opinions using the 
AHP method, and the calculation of weights for 
each sub-criterion using the FR procedure, 
indicated that distance from rivers and the climate 
factor had the greatest and least impact, 

respectively, on landslide occurrence within the 
studied area. 

Furthermore, the FR results revealed that the 
probability of landslides is higher in the Oligo-
Miocene geological units and at altitudes between 
1000 and 1500 meters. This is likely due to 
increased precipitation and snow accumulation at 
higher altitudes, along with the repetitive cycles of 
glaciation and melting, which increase instability 
in the region. Conversely, landslide occurrences 
are less frequent at altitudes between 1500 and 
2000 meters, likely due to the presence of more 
resistant lithological units in those areas. 

Additionally, the findings highlight a 
significant likelihood of landslides in areas that 
have experienced severe erosion or are located near 
roads. This is attributed to slope instability caused 
by excessive erosion, along with unregulated road 
construction, which results in slope cuts in the 
region. The models generated to predict landslide 
susceptibility, using different methods, indicated 
that landslides are more common in the southern, 
southwestern, and central regions of the studied 
area. 

In conclusion, the key findings of this study 
underscore the effectiveness of using weighting 
methods to identify the most significant factors and 
even sub-factors that influence landslide 
occurrences. Both knowledge-driven methods, 
such as AHP, and data-driven methods, such as the 
Frequency Ratio (FR), demonstrated their ability to 
predict landslide-prone areas accurately. However, 
the use of artificial intelligence-based methods, 
particularly the Support Vector Machine (SVM) 
with the Radial Basis Function (RBF) kernel, 
proved to be far more successful and accurate than 
the other data-driven and knowledge-based 
methods. This success is reflected in the success 
rate curve, a quantitative evaluation tool employed 
in this study, which confirmed the superior 
performance of the SVM model in landslide 
susceptibility mapping. The findings highlight the 
potential of SVM for providing more reliable 
predictions, making it a valuable tool for future 
research in landslide risk assessment and spatial 
planning in landslide-prone regions. 

Building upon these findings, future research in 
the studied area could focus on the integration of 
more advanced machine learning techniques, such 
as deep learning or ensemble models, which could 
further enhance the predictive accuracy of 
landslide susceptibility models in this specific 
region. Additionally, the incorporation of real-time 
monitoring data, such as precipitation and seismic 
activity, would likely improve the responsiveness 
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and dynamism of these models, making them more 
adaptable to the changing environmental 
conditions. Furthermore, future studies could 
explore the development of more localized models 
tailored to smaller sub-basins or urban areas within 
the Zarab-Sanandaj sub-basins, where managing 
landslide risks is crucial for protecting 
infrastructure. Lastly, investigating the socio-
economic impacts of landslides, including costs 
related to damage and mitigation strategies in this 
area, could provide valuable insights for 
policymakers and urban planners. 
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طب به   ها،لغزش ن ی زم  ژهیوبه  ،ی عیخطرات  چالش  یکیعنوان  همواره  انسان  يبرا  يجد   يهااز    ، یجوامع 
بوده   ستیزط یو مح  هارساختیز امطرح  بر  برنامه   نیاند.  پا  یاصول  يزیراساس،  توسعه  و    يشهر  داریدر حوزه 

تدو  ییروستا به  نیمستلزم  زم  يبندپهنه  ق یدق  يهامدل   يریکارگ و  سال   لغزشن یخطر  در    ر، یاخ  يهااست. 
در   یینقش بسزا  توانندیاند که مشده  شنهادیپ  لغزشن یخطر زم  يهانقشه  هیمنظور تهبه  یمتنوع   يکردهایرو
  ب ی به ترک ،ی قیتلف يکردیاز رو يریگ. پژوهش حاضر با بهره ندینما فایا دهیپد نیمستعد وقوع ا ینواح ینیبش یپ

) و  FR( یچارچوب، نسبت فراوان نی) پرداخته است. در ا MCDM( ارهی چندمع يریگم یو تصم يآمار يهاروش
به AHP(  یمراتبسلسله   لیتحل  ندیفرا کارشناس  یمبتن  يهاعنوان روش)  دانش  الگور  ،یبر  بردار    نیماش  تمیو 

مورد استفاده قرار  نیماش يریادگیمحور در حوزه روش داده کیعنوان به RBF) با تابع کرنل SVM( بانیپشت
  م، یاقل  ،یاراض  يکاربر  ،یشناسن یارتفاع، زم  ب،یجهت ش  ب،یشامل ش  لغزشن ی. ده عامل مؤثر در وقوع زمدگرفتن

از    یحاصل حاک  ج ی. نتادندیلحاظ گرد  يسازمدل   ندیو فاصله از رودخانه، گسل و جاده در فرآ  ش،یشدت فرسا
را    لغزشن یوقوع زم  لیپتانس  نیترش ی منطقه مورد مطالعه ب  يو مرکز   یغربجنوب   ،یجنوب  یآن است که نواح

م ارزباشندیدارا  از طرعملکرد مدل   یابی.  الگورPRC(  ینیبش ینرخ پ  یمنحن  لیتحل  قیها    تم ی) نشان داد که 
SVM  يهامستعد نسبت به مدل   ینواح  ییدر شناسا  يدقت بالاتر  FR    وAHP-FR    .قیتحق  نیا  يهاافتهیدارد 

مبنابه  تواندی م راستا  یعلم  ییعنوان  احتمال  يدر  مخاطرات  مد   یآت  یکاهش  در   لغزشنیزم  سکیر  تیریو 
  . ردیقرار گ يبردارمورد بهره  یطیمح يهايزیربرنامه

    کلمات کلیدي 

  لغزش ن یزم
  ی مراتب سلسله  لی تحل ندیفرا

  ی فراوان  نسبت
  بان ی بردار پشت ن یماش

    کردستان 

  
 
 


