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Landslide Susceptibility Assessment using Skyline Operator and Majority 
Voting 

 
Alev Mutlu*1, Furkan Goz2, Kubra Koksal3, Arzu Erener4  

 
ABSTRACT 

 
Landslide susceptibility assessment is the problem of determining the likelihood of a landslide to occur in a 
particular area based on the geological and morphological properties of the area. In this study, we propose a method 
wherein skyline operator is used to model landslides and majority voting is used to assess landslide susceptibility. 
Experiments conducted on a real life data set showed that the proposed method achieves 83.07% classification 
accuracy and is superior over most commonly used techniques for landslide susceptibility assessment such as 
logistic regression, support vector machines and artificial neural network.  

 
Keywords: Landslide Susceptibility Assessment, Majority Voting, Skyline Operator 
 
 

1. INTRODUCTION 
 

Modeling and assessing natural hazards is a 
challenging and active research problem. Studies 
regarding natural hazards such as earthquakes [1,2], 
floods [3,4], and volcanic activities [5,6] have been 
proposed. In this study, we focus on landslides and 
propose a landslide modeling and landslide 
susceptibility assessment method based on the skyline 
operator and majority voting principle.  
 
Landslide is a natural phenomenon defined as the 
outward and downward movement of soil making 
materials. According to UN Office for Disaster Risk 
Reduction, landslides are among the top five most 
frequent natural hazards and caused some 130000 
deaths and US$ 50 billion economic loss [7]. 
Landslide susceptibility assessment is the problem of 
determining the likelihood of a landslide to occur in a 
particular area based on morphological and geological 
properties of the area [8]. In literature, there exist 
numerous studies regarding landslide susceptibility 
assessment. However, these studies mainly differ by 
means of study area rather than the underlying 
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landslide modeling and susceptibility assessment 
techniques. Bivariate and multivariate statistical 
methods, decision trees, support vector machines, and 
neural networks are among the most frequently 
applied techniques in landslide susceptibility 
assessment. 
 
In this study, we propose a hybrid method based on 
the skyline operator and majority voting principle for 
landslide susceptibility assessment. Given properties 
of landslide occurring zones, the skyline operator is 
utilized to retrieve skyline points that define the 
minimum values of landslide triggering factors. To 
assess landslide susceptibility of a zone, a two-step 
majority voting is implemented. In the first step, 
properties of a test zone are compared against each 
skyline point. A skyline point votes yes for the test 
instance if majority of the features of the test instance 
have greater values than those of the skyline point, 
otherwise the skyline point votes no. In the second 
step, votes for yes and no are counted and the final 
decision is made according to the majority of the 
votes. The proposed method primarily distinguishes 
from state-of-the-art methods by the following 
aspects: 
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– It requires only positive data (properties of landslide 
occurring areas) to model landslides, 
– As to our knowledge there is no other study that 
utilizes skyline operator in landslide susceptibility 
assessment, 
– The method can be categorized as a hybrid rather 
than an ensemble. 
 
Performance of the proposed method is evaluated on 
a real life dataset regarding Savsat region of Turkey. 
Savsat is a landslide intensive area located in the 
eastern part of Turkey and has been subject to several 
studies [9–12]. Experimental results based on 10-fold 
cross validation showed that the proposed method 
achieves 83.07% accuracy. When compared to the 
applications of support vector machines, neural 
networks, and logistic regression on the same dataset, 
the proposed method achieves higher accuracy and 
almost the same accuracy results when compared to 
decision trees. 

The rest of the paper is organized as follows. In 
Section 2, we briefly introduce methods used for 
landslide susceptibility assessment and introduce the 
techniques used in this study. In Section 3 we 
introduce the proposed method. In Section 4 we first 
describe the study area and later discuss the 
experimental findings. Section 5 concludes the paper. 

2. BACKGROUND 

In this section, we first summarize some of the most 
commonly used techniques for landslide susceptibility 
assessment and later introduce the methods used in 
this study. 

Bivariate statistics involve determining the 
relationship between two variables, generally called 
dependent and independent. Multivariate statistics, on 
the other hand, aim to figure out the relationship 
between one dependent variable and multiple 
independent variables [13]. In the case of landslide 
susceptibility assessment, the dependent variable 
indicates whether a landslide is present or absent, and 
independent variables are values of the landslide 
triggering factors. Weights of evidence [14, 15] and 
frequency ratio [14, 16] are two of the most commonly 
employed bivariate statistical methods and logistic 
regression [10, 17] is the most commonly used 
multivariate statistical method in landslide 
susceptibility assessment. 

Support vector machines are supervised learning 
algorithms that map labeled instances in a space and 
construct hyperplanes such that they are as far as from 
the nearest training data of any class. To predict the 

class for a test instance, it is mapped into the same 
space and class label of the hyperplane it falls into is 
assigned. In case of landslide susceptibility 
assessment, landsliding and non-landsliding zones are 
plotted on an n-dimensional space, where n is the 
number of landslide triggering factors, and support 
vector machine models are built [18–20]. 

In literature there also exist decision tree-based 
methods for landslide susceptibility assessment. Such 
models represent the learning model as a tree like 
structure where each internal node is condition and 
leaf nodes are class labels and conjunction of test 
conditions from root to a leaf form a classification 
rule. In case of landslide susceptibility assessment, 
conditions are tests on values of landslide triggering 
factors [18, 21]. 

Neural networks are computational models that mimic 
the human brain. These models are formed of input, 
output, and hidden layers. Neurons at each layer are 
connected to those at the next layer. In case of 
landslide susceptibility assessment problem, neurons 
of the input layer indicate values of landslide 
triggering factors and neurons of the output layer 
indicate the presence or absence of a landslide [16]. 

In literature there are hybrid studies proposed for 
landslide susceptibility assessment that utilize Naïve 
Bayes Trees [22], Random Forest [23], neuro-fuzzy 
inference [24]. 

In this study skyline operator is utilized to model 
landslides. Skyline operator is concerned with 
retrieving objects, called skyline points, from a set of 
objects such that the retrieved objects are not 
dominated by any other object in the set. The skyline 
operator is implemented in domains such as 
recommendation [25, 26], scientometrics [27, 28].  

Object p is said to dominate object q, donated as p ≺ 
q, if p is as good as q in all dimensions and better in at 
least one dimension. Domination operator is 
formulated in (1) for objects with d dimensions where 
≥ operator means as good as or better and operator > 
means better. Goodness of an object is determined 
based on some utility function that is monotone on all 
attributes of the objects. 

𝑝 ≺ 𝑞 ⟷ ∀𝑖{1,2, … , 𝑑}𝑝 ≥ 𝑞  ∧ ∃𝑗 ∈ {1,2, … , 𝑑}𝑝 > 𝑞         
(1) 

Skyline points of a set consist of objects that are not 
dominated by any other object in the set. The skyline 
operator is formulated in (2) and its SQL extension is 
provided in (3). 

𝑆 = {𝑝 | 𝑝 ∈ 𝑃 ∧ ∄ 𝑞 ∈ 𝑃 ∶ 𝑞 ≺ 𝑝}                                            (2) 
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𝑆𝐸𝐿𝐸𝐶𝑇 … 𝐹𝑅𝑂𝑀 … 𝑊𝐻𝐸𝑅𝐸 … 𝐺𝑅𝑂𝑈𝑃 𝐵𝑌 … 𝐻𝐴𝑉𝐼𝑁𝐺 …             

(3) 

𝑆𝐾𝑌𝐿𝐼𝑁𝐸 𝑂𝐹 𝑑 [𝑀𝐼𝑁|𝑀𝐴𝑋], … , 𝑑 [𝑀𝐼𝑁|𝑀𝐴𝑋]  

To assess landslide susceptibility in the proposed 
method, majority voting principle is implemented. 
Trained on the same data set, different classifiers may 
assign different class labels for a particular test instance. 
In majority voting, votes of individual classifiers for a 
test instance is counted and prediction with the highest 
vote is assigned to the test instance. Majority voting 
principle can be formulated as in (4) where h1, h2, …,  hN 
are individual classifiers, w1, w2, . . . , wN are weights 
that sum to 1 and I(·) is indicator function. 

𝑐(𝑥) = 𝑎𝑟𝑔𝑚𝑎𝑥 + 𝑤 (ℎ (𝑥) = 1)                                (4) 

3. THE PROPOSED METHOD 

The proposed method consists of three main steps: data 
preprocessing, model building, and landslide 
susceptibility assessment. In the following subsections 
we present these steps. 

3.1 Data Preprocessing 

In literature there is no consensus on the exact set of 
landslide triggering factors. In this study, similar to [10], 
aspect, slope, soil-map, altitude, erosion, land-use, 
distance to fault, depth of soil, distance to drainage, 
distance to road, and lithology are considered as 
landslide triggering factors. Data related to landslide 
triggering factors are usually obtained from different 
organizations in raw format; hence the data needs to be 
preprocessed. The data-preprocessing step in this study 
involves discretization, weight assignment, and data 
cleaning. 

3.1.1 Discretization 

In this step features that come from continuous domain 
are discretized using equal width binning. In equal width 
binning method, data to be discretized is firstly sorted 
and then partitioned into intervals of almost equal width. 
The equal width binning method is formulated in (5) 
where w is width of an interval; k is the number intervals 
determined a priori, min and max are, respectively, the 
smallest and largest value in the data set. Intervals 
boundaries are defined as [-∞, min + w], (min + w, min 
+ 2w], ... (min + (k-1)w, ∞]. 

𝒌 =  
𝐦𝐚𝐱  𝒎𝒊𝒏

𝒘
                                                                   

(5) 

In the proposed method aspect, slope, altitude, erosion, 
distance to fault, depth of soil, distance to drainage, 
distance to road are the features that have continuous 
values. 

3.1.2 Weight Assignment 

After discretization, each discrete value is assigned with 
a weight that indicates its effect on landslide occurrence. 
In this study, weights are assigned using Frequency ratio 
(FR) model. FR model is formulated in (6) where the 
numerator indicates the fraction of the zones with 
landslides and discrete value i (NLi) over the total 
number of landsliding zones (Ni). The denominator 
indicates the fraction of the number of landsliding zones 
with any value of the feature that i belongs to over total 
number of zones of the study area. FR = 1 is assumed to 
be average, FR values less than 1 indicate low 
correlation between landslide occurrence and the value 
under consideration, and vice versa. The weight of i is 
the natural logarithm of its frequency ratio (7). 

 

𝑭𝑹𝒊 =
𝑵𝑳𝒊 𝑵𝑵𝒊⁄

∑ 𝑵𝑳𝒊 ∑ 𝑵𝑵𝒊⁄
                                                                             (6) 

𝒘𝒊 = 𝐥𝐧 (𝑭𝑹𝒊)                                                                  
(7) 

 

Weight of a feature value indicates its effect on landslide 
occurrence. The higher weight indicates more effect.
        

3.1.3 Data Cleaning 

After the discretization and class weight calculation 
steps, feature vectors with exactly the same values in 
every feature position but class label may be generated. 
We consider such representations as inconsistent and 
remove them. Discretization and weight assignment 
may also generate repetitive feature vectors, such 
repeating vectors are also removed from the training 
data in data cleaning step. 

3.2 Model Building 

In this study, skyline operator is used to model 
landslides. For this purpose, representations of only 
landslide occurring zones are considered and skyline 
operator is used to find dominating feature vectors with 
the lowest features values. Hence (3) is implemented 
with MIN keyword. In this study we assume that each 
skyline point is a model that defines the minimum 
values a feature vector should have in order to represent 
a landslide-zone. 

In Table 1 we provide 10 vectors each indicating 
properties of a landslide zone. The first 11 attributes 
represent different characteristics of a zone and the last 
attribute is the class label. 
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Table 1. Example training dataset 

L1 [0, 2, 1, 5, 1, 2, 3, 2, 7, 0, 3, 1] 

L2 [0, 3, 3, 4, 3, 1, 4, 5, 8, 0, 6, 1] 

L3 [0, 3, 2, 6, 2, 4, 4, 3, 7, 5, 9, 1] 

L4 [0, 3, 3, 3, 1, 3, 2, 3, 8, 4, 4, 1] 

L5 [0, 3, 3, 6, 3, 2, 5, 4, 9, 1, 4, 1] 

L6 [0, 4, 6, 6, 3, 2, 4, 7, 8, 0, 3, 1] 

L7 [0, 6, 8, 9, 6, 5, 7, 4, 8, 4, 7, 1] 

L8 [0, 3, 3, 3, 2, 1, 2, 4, 4, 0, 2, 1] 

L9 [0, 5, 4, 7, 3, 2, 6, 3, 9, 4, 4, 1] 

L10 [0, 7, 6, 4, 2, 4, 7, 4, 6, 2, 4, 1] 

The skyline operator will return L1, L4, and L8 as 
skyline points. 

3.3   Landslide Susceptibility Assessment 

To assess landslide susceptibility of a test zone a two-
step majority voting mechanism is implemented. In the 
first step, feature vector representing the test zone is 
compared against each skyline point. A skyline point 
votes yes if majority of feature values representing the 
test zone are greater than the values of the skyline 
otherwise it votes no. In the second step, votes for yes 
and no are counted, and the final decision is made 
according to the majority of the votes. 

In Table 2, we list the properties of the skyline points 
discovered in the previous section and two test 
instances. 

 
Table 2. Example test dataset 

L1 [0, 2, 1, 5, 1, 2, 3, 2, 7, 0, 3, 1] 

L4 [0, 3, 3, 3, 1, 3, 2, 3, 8, 4, 4, 1] 

L8 [0, 3, 3, 3, 2, 1, 2, 4, 4, 0, 2, 1] 

T1 [0, 1, 2, 4, 0, 2, 1, 1, 4, 0, 2, 0] 

 

For T1, L1 will vote no (7 features have smaller values), 
L4 will vote no (10 features have smaller values), and 
L8 will vote yes (5 features have smaller values). The 
final decision will be no. 

4. EXPERIMENTS 

To evaluate the performance of the proposed method, a 
real life dataset describing highly landslide intensive 

area namely Savsat is used. Savsat is town in north east 
of Turkey located between 42◦24’N and 42◦50’N 
latitudes and 41◦12’E and 41◦37’E longitudes. The area 
has been subject to several landslide studies including 
[9, 10, 21]. Figure 1 shows the study area. Landslides 
indicated with yellow are dormant and landslide 
indicated with blue are active.  

 

Figure 1. Map of the study area, yellow areas represent 
dormant landslides, blue areas represent active 
landslides 

The dataset describing the area are obtained from the 
General Directorate of Mineral Research and 
Exploration (MRE) of Turkey. The dataset describing 
the area consists of properties of 13645 zones. Each 
zone is described using eleven features and a class label. 
Eight of the features are from continuous domain and 
the remaining three are from categorical domain. 

Table 3 lists the attributes discretized, the number of 
bins, and bin width. Soil depth and erosion are the 
remaining two features that are discretized. Soil depth is 
discretized into four bins as follows: very deep (depth > 
90 cm), deep 
(90 >= depth > 50 cm), shallow (50 >=depth > 20 cm) 
and shallow (20 >= depth >= 0 cm). Erosion is also 
discretized into 4 bins, namely none or low, medium, 
high, and very high. The bin widths are consistent with 
those recommended in literature [10, 14, 30]. 

After the data cleaning step, the size of the data set is 
reduced to 9762 instances, 6329 of which describe 
landslide safe zones and the remaining 3433 zones 
describe landslide-occurring zones. 
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Table 3. Properties of discretized attributes 

Feature 
name 

Value 
range 

Num. 
of bins 

Bin 
width 

Aspect [-1, 360] 8 45 
Slope [0, 52] 9 5 
Altitude [697, 3000] 5 500 
Distance to 
fault 

[0, ∞] 9 500 

Distance to 
drainage 

[0, ∞] 8 100 

Distance to 
road 

[0, ∞] 8 100 

In Table 4 we report the predictive accuracy achieved 
by the proposed method, logistic regression, support 
vector machines, neural network, and decision trees. 
The reference models are built using Weka tool [31]. 
The reported results are obtained via 10-fold cross 
validation. On the average, the skyline operator 
retrieved 160 skyline points at each fold. 

Table 4. Accuracy results 

Method Name Accuracy 
Logistic Regression 77.13% 
Support Vector Machine 76.35% 
Neural Network 80.48% 
Decision Tree 84.22% 
The Proposed Method 83.07% 

As the results show, the proposed method is superior 
over the reference studies other than decision support 
tree based model. 

5. CONCLUSION 

In this study we introduced a method based on the 
skyline operator and majority voting principle for 
landslide susceptibility assessment. In the proposed 
method the skyline operator is utilized to discover 
skylines that describe land- slide models, and majority 
voting is used to assess landslide susceptibility of a test 
instance. Experiments on a real life data set describing 
properties of a highly landslide intensive area namely 
Savsat show that the proposed method is superior over 
most commonly used methods in landslide susceptibility 
assessment such as logistic regression, support vector 
machines and neural networks. The proposed method 
performs slightly worse than decision tree based model, 
83.07% vs. 84.22%. 

Landslides usually occur in large areas. Hence a factor 
that has a high effect in a particular part of a landslide 
may have low effect in another part of the landslide. As 
a feature work we plan to extend the proposed method 
to handle such situations. 
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