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Abstract: Data mining and machine learning methods are important areas where studies have increased in recent years. 

Data is critical for these areas focus on inferring meaningful conclusions from the data collected. The preparation of the 

data is very important for the studies to be carried out and the algorithms to be applied. One of the most critical steps in 

data preparation is outlier detection. Because these observations, which have different characteristics from the 

observations in the data, affect the results of the algorithms to be applied and may cause erroneous results. New 

methods have been developed for outlier detection and machine learning and data mining algorithms have been 

provided with successful results with these methods. Algorithms such as Fuzzy C Means (FCM) and Self Organization 

Maps (SOM) have given successful results for outlier detection in this area. However, there is no outlier detection 

method in which these two powerful clustering methods are used together. This study proposes a new outlier detection 

algorithm using these two powerful clustering methods. In this study, a new outlier detection algorithm (FUSOMOUT) 

was developed by using SOM and FCM clustering methods together. With this algorithm, it is aimed to increase the 

success of both clustering and classification algorithms. The proposed algorithm was applied to four different datasets 

with different characteristics (Wisconsin breast cancer dataset (WDBC), Wine, Diabetes and Kddcup99) and it was 

shown to significantly increase the classification accuracy with the Silhouette, Calinski-Harabasz and Davies-Bouldin 

indexes as clustering success indexes. 

 

Index Terms: Outlier detection, Fuzzy C Means, Self-Organization Maps, Silhouette, Calinski-Harabasz, Davies-

Bouldin. 

 

 

1. Introduction 

With the increasing population and developing technology, there are serious increases in the amount of data 

obtained. Algorithms such as data mining and machine learning focus on inferring meaningful conclusions from this 

data. In order to infer meaningful conclusions from the data, the preparation of the data, that is, the pre-processing, is a 

very important step. One of the most critical points of this stage is outlier detection. Outlier observations exhibit 

different characteristics when compared to other observations in the data set. If it is viewed through a two-dimensional 

or three-dimensional graphic, it is seen that these observation points are at a very different point from other data in 

terms of location [1]. Therefore, in different areas outlier observations can also be expressed with words such as 

anomalies, discordant, noise, error or surprise. The presence of these outlier observations in the data set may be caused 

by factors such as the device used to measure, human, environment, sampling and experimental errors [2,3]. 

Although outlier observations are thought to be caused by an error or inaccuracy, in some cases they may also be 

observations containing meaningful information [4]. Detecting these observations can be critical for some disciplines. 

For example, outlier detection has an important role in detecting data that is different from the data of healthy 

individuals in medical applications and taking action immediately [5] or detecting actions such as credit card fraud [6]. 

There are three different approaches in which a data is outlier. These are Global, Collective and Contextual 

approaches. In the global approach, data points that are quite different from other observations in the data set can be 

outliers, while a group of data can be outliers in a collective outlier. Contextual outlier observations refer to data that are 

likely to be outlier observations in terms of time, space and place. Outlier detection methods are classified in four 

different ways in the literature: distance-based, cluster-based, density-based and statistical-based [4]. 

Among these ways, clustering-based have been widely used in outlier detection in recent years and new algorithms 

have been developed. In the study [2], o utlier detection was performed by using K means, K++ means and FCM 

algorithms together. In the study [7], outlier detection was done with data mining. Studies using only Fuzzy clustering 
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are also available in the literature [8,9,10,11].  

Outlier detection was performed using the SOM algorithm in the literature [12,13]. The SOM method and the PSO 

method were used together in the detection of credit card fraud [14], Robust self-organization with M-estimators [15], 

Creation of Text Document Matrices and Visualization by Self-Organizing Map [16], Spatial outlier detection based on 

iterative self-organizing learning model [17], Multivariate outlier detection based on self-organizing map and adaptive 

nonlinear map [18], SOM neural network compares with Fuzzy c-means, K-means and traditional hierarchical 

clustering algorithms [19], how to use Self-organizing maps for outlier detection [20], how to visualization of Outliers 

via Self-Organizing Maps [21,22].  

However, there is no outlier detection method in which these two powerful clustering methods are used together. 

This study proposes a new outlier detection algorithm using these two powerful clustering methods. In the study [3], in 

which many clustering methods, especially both FCM and SOM algorithms, were evaluated together, outlier detection 

was made with the voting system. 

In this study, it is aimed to improve machine learning results by using two powerful methods such as FCM and 

SOM together in the outlier detection task. Although these two algorithms were used in the Outlier detection task, they 

were not used together. The limitation of the proposed method is that it is necessary to know how to use both algorithms 

for outlier detection. 

In this study, a new algorithm named FUSOMOUT is proposed, which combines FCM and SOM clustering 

methods to detect outliers. By applying the FCM algorithm to the data set, the observations were assigned to the clusters 

with certain probabilities. The median value was found by arranging the highest probability values for each observation, 

and a threshold value was determined by going back 25% from this median value. Observations with probability values 

below this threshold value were determined as outlier data and stored. In order to clarify the outlier status of these data, 

the SOM clustering method was applied to the data set and the average observation value for each node was taken as a 

basis by using the Hit matrix values in the SOM map. Nodes with observations below this value were determined as 

outliers. Then, according to the results of both FCM and SOM algorithms, the stored observation points with the 

possibility of being outliers were determined as outliers. It was run on four different datasets to show how this outlier 

detection algorithm affects clustering and classification results. These data sets; WDBC, Wine, Diabets and Kddcup99 

are determined as datasets. In the selection of these data sets, the fact that the data sets have different attributes and 

observation numbers and the use of studies that propose new methods for outlier detection were taken into consideration. 

The remainder of the study is organized as follows, respectively. In the chapter, FCM and SOM clustering methods and 

working methods are explained. In the next section, the proposed algorithm and working steps are shown, and in the 

next section, it is run on four different data sets and the results are presented. 

1.1.  Fuzzy C Means 

Clustering methods are generally evaluated in two categories as hard and soft clustering. Hard clustering methods 

assume that each observation belongs to only one cluster. Fuzzy C Means algorithm is a soft clustering method. In this 

method, instead of belonging to a single cluster, observations are assigned to more than one cluster with a membership 

degree [23,24]. In the algorithm, the objective function given in (1) is tried to be minimized. 
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µik indicates the degree of belonging of the observations to the clusters, m the degree of fuzzy, xi the observation 

points and Ck the cluster centers. 

The algorithm works as follows: 

 

• The number of clusters is selected 

• Cluster membership values are determined randomly. 

• The algorithm is repeated if the difference in membership values between the two iterations is not less than €. 

• Cluster centers are calculated. 

• The membership of the observations to the cluster centers is calculated. 

 

Cluster centers are calculated as given in (2) 
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The membership values of the observations belonging to the clusters are calculated as given in (3): 
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1.2.  SOM 

SOM is a special case of artificial neural networks developed for the clustering method [22]. As seen in Figure 1, 

while the input layer contains the features in the data set, the output layer is usually in the form of a grid of two-

dimensional nodes. 

 

 

Fig. 1. SOM structure 

Each observation in the data set is placed at the nearest node and this node is called the winning node. The winning 

node is calculated as given in (4): 

 

   arg min{ } , {1,2,3,..., }kwin t x w t k m                                            (4) 

 

Where x input data, wk output layer k. Node, m is the number of nodes in the output layer and ‖𝑥 − 𝑤𝑘‖ Euclidean 

distance. 

The working steps of the algorithm are as follows: 

 

 Weights are randomly assigned to the nodes in the output layer. 

 For each observation in the dataset, the closest node, that is, the winning node, is found in the output layer. 

 The weights of the winning node and neighboring nodes are updated. 

 As long as the number of iterations is less than the number, the algorithm continues from the 2nd step. 

 

Updating the weights of the winning node and neighboring nodes is done according to (5): 

 

e       1 w

ij ij ij n ijw t w t h x w t                                                       (5) 

 

Where Hij neighborhood function and is used to determine the nodes whose weights will be updated together with 

the winning node in the output layer [13]. 
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2. Method 

2.1.  Proposed Algorithm 

FUSOMOUT, a new outlier detection algorithm based on FCM and SOM clustering methods, is proposed from 

this study. Outlier detection was performed by using FCM and SOM algorithms together. Then, these data were deleted 

and clustering and classification operations were performed on the datasets. After removing the outlier data, clustering 

and classification methods were applied again, and the results were shown. 

The working steps of the algorithm are shown in Figure 2.  

 

 

Fig. 2. Working steps of the proposed FUSOMOUT algorithm. 

2.2.  Dataset 

In order to test the performance of the proposed algorithm, a selection was made from the datasets in the studies in 

which new algorithms for outlier detection were included in the literature in recent years. In this context, four different 

verses were selected based on studies using both FCM and SOM clustering methods [1,2,8]. Descriptive information 

about these selected datasets is given in Table 1. 

Table 1. Datasets used in the study 

Dataset No. of samples No. Of attributes No. Of class 

WDBC 699 9 2 

Wine 178 13 3 

Diabets 768 8 2 

Kddcup99 494.021 41 23 

2.3.  Clustering Index 

The clustering results obtained by applying the FUSOM algorithm proposed in the study to these data sets were 

calculated with three different indexes. These are the Silhouette, Calinski-Harabasz and Davies-Bouldin indexes. 

2.4.  Silhouette Index 

This clustering validation criterion shows how close the observations in the data set are to the elements in its own 

cluster compared to other clusters [25]. Silhouette index calculation method is given in (6): 
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•The FCM algorithm is applied to the dataset.   

•The maximum values of the cluster membership values obtained from the 
FCM algorithm are found. The median of these values is determined as 

the threshold value. 
  

•Observations with a membership value below 25% of this threshold value 
found with the FCM algorithm are stored with the possibility of being 

outliers. 
  

•SOM clustering algorithm with 10*10 output layer is applied to the 
dataset. SOM Hits values are obtained showing the number of elements in 
each node. Nodes with elements below the average observation value that 

should be found in the node are stored with the probability of being an 
outlier. 

• If an observation is the data that is likely to be an outlier according to 
both the FCM algorithm and the SOM algorithm, it is determined as an 

outlier. 
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Here b(i), the average distance of the i. observation point to the elements in the cluster closest to the cluster, a(i), It 

shows the average distance of the i. observation point to the elements in its cluster. The Silhouette value is calculated 

separately for each observation value, and the Silhouette value of the entire data set is the average of the Silhouette 

values of each observation data. A high index indicates good clustering results. The Silhouette index provides a 

graphical representation of the calculated values, making it widely used compared to other clustering indexes. 

2.5.  Calinski-Harabasz Index 

The Calinski-Harabasz index is a clustering measure based on the rate of variance. It is calculated according to the 

ratio of the inter-cluster variance to the intra-cluster variance as shown in (7) [26]: 
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SSb is the variance inter-clusters, SSw is the sum of intra-cluster variance values, K is the number of clusters and N 

is the number of observations in the dataset. Since the high inter-cluster variance value and low intra-cluster variance 

value will increase clustering success, it is desirable to have a high Calinski-Harabasz index value. 

2.6.  Davies-Bouldin Index 

High Silhouette and Calinski-Harabasz index values indicate a good result, while a low Davies-Bouldin index 

value indicates a good clustering result. This index is calculated as given in (8) [25]: 
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Where S is the measure of variance within the cluster, C number of cluster ve Mij is the distance between clusters i 

and j. 

3. Results 

In the study, first of all, clustering analysis was performed without any operation on the dataset. Then, the 

FUSOMOUT algorithm was applied on the data set and outlier detection was made. After the data detected as outliers 

were deleted, clustering was performed again on the data set. The results were given in Table 2. 

Table 2. Clustering index values performed with the proposed algorithm 

Dataset/ 
İndex 

Silhouette Calinski-Harabasz Davies-Bouldin 

Before Afte
r 

Before Afte
r 

Before After 

WDBC 0.594 0.75

4 

1031 174

0 

0.76 0.52 

Wine 0.655 0.71 505 610 0.48 0.41 

Diabets 0.56 0.6 3024 402

5 

0.57 0.52 

Kddcup99 0.598 0.72

3 

541 863 1.34 1.16 

 

In order to graphically show the success of the proposed FUSOMOUT algorithm on clustering indexes, its success 

on datasets only in terms of Silhouette Index value is shown in Figure 3. However, according to the findings of all three 

methods, it is seen that the proposed method increases the clustering success results.  
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Fig. 3. Effect of FUSOMOUT algorithm on Silhouette value 

It is possible to calculate the silhouette index value for each observation value and to display it graphically. 

Silhouette index graph of the observations in the WDBC dataset is given in Figure 4. 

 

  
(a) (b) 

Fig. 4. Silhouette chart of WDBC Dataset. (a) Orjinal dataset, (b) after applied FUSOMOUT 

The number of data deleted from the datasets with the FUSOMOUT algorithm and their ratios are given in Table 3. 

It has been observed that outlier detection is generally performed with a rate below 10% of the dataset. 

Table 3. Number of observations extracted by outlier detection 

 Num of Observation Deleted Ratio 

WDBC 699 51 %7.29 

Wine 178 13 %7.86 

Diabets 768 53 %6.9 

Kddcup99 494.021 48950 %9.9 

 

The success of the FUSOMOUT outlier detection algorithm proposed in the study has also been tested in 

supervised learning approaches. In this context, classification processes were performed on the four data sets before and 

after applying the FUSOMOUT algorithm, and the results are given in Table 4. Since it is the primary goal to show the 

success of the proposed FUSOMOUT algorithm here, the tests were carried out with a 5 k-fold cross-validation test 

without parameter tuning in the algorithms. 
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Table 4. Classification accuracy values by deleting outlier observations 

 KNN LR MLP 

Before After Before After Before After 

WDBC 0.934 0.984 0.959 0.983 0,934 0.982 

Wine 0.929 0.958 0.977 0.976

2 

0.983 0.97 

Diabets 0.734 0.778 0.719 0.756 0.72 0.771 

Kddcup99 0.853 0.949 0.901 0.968 0.919 0.967 

4. Discussion 

FUSOMOUT, a new outlier detection algorithm based on FCM and SOM clustering methods, is proposed from 

this study. Thus, a better outlier detection method has been developed by using the success of both FCM and SOM 

methods together. 

According to the results of Table 2, the proposed FUSOMOUT algorithm in the study has significantly increased 

the clustering index values. In the WDBC dataset, it increased the Silhouette Index value by approximately 27%, 

increased the Calinski-Harabasz index value by 69% and decreased the Davies-Bouldin Index value by approximately 

32%. In the Kddcup99 dataset, it increased the Silhouette Index value by 21%, increased the Calinski-Harabasz index 

value by 60% and decreased the Davies-Bouldin Index value by approximately 14%. FUSOMOUT algorithm showed a 

significant improvement especially in Calinski-Harabasz index value in these index values which show clustering 

success.  

[Kannan et al., 2014], showed that the KEFCM and KFCM algorithms he proposed in his study increased the 

clustering success on WDBC and Wine datasets. However, only the Silhouette Index value was used in the study. 

Similarly, [28] used Wine and WDBC datasets in their study, but gave only Silhouette value. Dik et al., (2020), applied 

the algorithm he developed on the WDBC dataset in his study, but stated that it was not an outlier. The results of the 

studies that measure the clustering success and give the clustering index values related to the WDBC and Kddcup99 

data sets were compared and the results are given in Table 5 [2]. It was seen that the FUSOMOUT algorithm was more 

successful on clustering index values in both data sets where the Ensemble method used in this study was applied. 

Table 5. Comparison of FUSOMOUT and Ensemble methods with WBBC and Kaddcup99 datasets 

 Silhouette Calinski-Harabasz Davies-Bouldin 

FUSOMOUT Ensemble FUSOMOUT Ensemble FUSOMOUT Ensemble 

WDBC 0.754 0.655 1740 1162 0.52 0.617 

Kddcup99 0.753 0.763 863 191 1.06 1.06 

 

In terms of the Wine data set, the K-means algorithm optimized the initial state, while the Silhouette value 

improved to 0.5929, while the FUSOMOUT algorithm increased it to 0.755 [29]. In the study performed on the Wine 

dataset, the Silhouette value was found to be 0.627 [28]. Although there is a study on clustering improvement related to 

the Wine dataset, there is also a study in the literature that cannot be compared because clustering index values are not 

given [10]. In addition, the FUSOMOUT algorithm also improved the three clustering index values on the Wine dataset. 

In the study, in which the outlier detection method developed on the diabetes data set was applied, results were not 

given in terms of clustering index values [1]. In addition, the FUSOMOUT algorithm also improved on the Diabetes 

dataset in terms of three clustering index values. 

In terms of the results given in Table 4, the FUSOMOUT algorithm showed significant improvements in 

classification accuracy on classification algorithms when outlier values were removed from the data set. 

5. Conclusion 

Since all inferences are made from the data set in data mining and machine learning methods, making the data 

suitable for analysis is a very critical process. One of the most important stages of this process is outlier detection. 

Although new methods based on FCM and SOM algorithms have been proposed for outlier detection, there is no 

algorithm that uses these two methods together. In this study, a new outlier method called FUSOMOUT is proposed. 

The proposed method has been tested on four different data sets and the results are given in terms of three clustering 

index values and classification accuracy. It has been shown that the proposed algorithm makes significant 

improvements in terms of clustering index values and classification accuracy. The use of the FUSOMOUT algorithm in 

the data pre-processing in the studies to be carried out in the field of data science will make serious improvements on 
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the results in the studies to be carried out. 

In future studies, it is considered that the FUSOMOUT algorithm will be tested on new data sets. Since the results 

are examined on the basis of clustering and classification in the study, it is planned to examine the regression values in 

future studies. In addition, since the new algorithms developed for the FCM algorithm increase on the clustering index 

values, the effect on the results can be examined by applying the FUSOMOUT algorithm before applying these 

algorithms [27]. 
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