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ABSTRACT  

 Many data mining applications, the most important step is detecting outliers in a 

dataset. Outlier detection for data mining is usually based on distance, clustering and spatial 

methods. This study deals with locating outliers in large and multidimensional data sets with 

k-means, k-medoids and Fuzzy C-Means clustering methods. The k-means clustering 

algorithm partitions a dataset into the amount of clusters and then the effects are used to key 

out the outliers from each cluster, using any one of the outlier detection methods. The  

k-means clustering algorithm is improved in three ways. The initial step by using a different 

distance metric. The second and third improvements are carried forward by automating the 

method of estimating ‘k’ value and primary seed selection using the improved clustering 

algorithm. The calculated results show that classification accuracy, speeds are enhanced and 

normalized root mean square error is scaled down. 

 

Key words: Cluster, Fuzzy C-Means (FCM), k-means, k-medoids, Outliers. 

 

 
 

Corresponding Author: K. Manoj 

 

INTRODUCTION  

Outlier detection is an essential problem in data mining, specifically it has been applied to 

detect and remove anomalous objects from data. Outliers arise due to modifications in 

organization behaviour, mechanical errors, fraudulent behaviour, network intrusions or human 

errors. Many authors worked on this topic of K-means clustering based outlier detection in data 

mining. In that respect are some related literatures as follows. An efficient algorithm of K-means 

clustering is to divide M points in N dimensions into K clusters hence that the within-cluster sum 

of squares is reduced [6]. A novel methodology for the detection of influential subsets in 

regression. The method was grounded on an adaptation of computational and graphical 

procedures used in cluster analysis and makes use of some general properties of influential 

subsets, but it was independent of any specific measure of influence [5]. Clustering-based 

approaches had, as main objective, to discover clusters, and then they were not prepared to detect 

outliers. Clustering was a technique aimed at grouping similar data instances in groups or 

clusters [7]. 
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A new robust fuzzy clustering approach was aimed for better performing principal 

component analysis (PCA) on function curves and character images that not only consume loops, 

sharp corners, and intersections but also were bound of noise and outlier data [14]. A three-stage 

k-means algorithm of        polynomial time is proposed to cluster the numerical data and 

detect the outliers [17]. The clusters are preliminarily determined at the beginning level. The 

local outliers of each group are found out and their influences on the centroid are removed at the 

second stage. Global outliers are consequently identified. Ultimately, the clusters, the densities of 

which are similar and some divisions of which overlap, are mixed. Simulation results indicate 

that the algorithm supports the discovery of clusters of different densities, different sizes and 

non-spherical forms. Outlier detection and clustering analysis provided into different purposes 

[1], [2], [3], [4] and [13]. It is not practical to involve that the solution has minimal amount of 

squares against all partitions, except when M, N are small and K = 2. They get "local" optima, 

solutions such that no motion of a spot from one bunch to another will reduce the within-cluster 

sum of squares. 

A clustering based method for identifying outliers using K-means clustering algorithm to 

split the data put into clusters [10]. The points which are lying near the centroid of the cluster are 

not probable candidate for outlier and can prune out such points from each cluster. Next estimate 

a distance based outlier score for the remaining points. The calculations needed to work out the 

outlier score reduces considerably due to the pruning of some points. Based on the outlier score, 

state the top   points with the highest score as outliers. The experimental results using real data 

sets demonstrate that even though the number of computations is less, the proposed method 

performs better than the existing method. Some noisy points may be far away from the data 

points, whereas the others may be concluded. The faraway outlier points would affect the result 

more significantly, because they are more different from the data points. It is desirable to identify 

and get rid of the outliers, which are far away from all the other spots in cluster [11]. 

 

The outlier detection problem in some cases is linked up to the classification problem. For 

instance, the major concern of clustering-based outlier detection algorithms is to find clusters and 

outliers, which are frequently considered as noise that should be taken out in order to get more 

reliable clustering [15]. Thus, to improve the clustering such algorithms use the same operation 

and functionality to solve both clustering and outlier discoveries. Several outlier detection 

methods utilized to find the Outliers both univariate and multivariate datasets [9], [12]. The 

existence of outlier always leads to inaccurate, even incorrect answers in data mining. An 

efficient and global outlier detection method is suggested in this report. Agglomerative 

hierarchical clustering is performed firstly, and then the outliers is identified unsupervisely from 

the upper to down of the clustering tree. Experimental results show that, the method can 

effectively detect global outliers, and the algorithm is efficient, user-friendly, and applicable to 

detect the outliers before data mining for high-dimensional and large databases. 
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MATERIALS AND METHODS 

A partitioning method makes   partitions, called clusters, for giving a set of   data objects. 

Initially, each data objects are put to some of the divisions. An iterative relocation technique is 

applied to improve the partitioning by moving targets from one group to another. Here, each 

division is mapped by either a centroid or a medoid. A centroid is a norm of all data objects in a 

partition, while the method is the most representative points of a cluster. The basic requirements 

of the partitioning based methods are each cluster must contain at least one data object, and each 

data object must belong to exactly one cluster. In this category of clustering, various methods 

have been evolved. This section describes three cases of clustering methods such as k-means,  

k-medoids and Fuzzy c-means. 

 

K - MEANS 

K-Means which are firstly proposed by [8], is a well-known and widely used clustering 

algorithm. K-Means is one of the simplest clustering algorithms in machine learning which can 

be used to automatically recognize groups of similar objects in data training. The algorithm 

classifies instances to a pre-specified number of clusters specified by the user. The foremost 

significant measure is to take a set of k instances as centroids (centers of the clusters) randomly, 

usually choose one for each cluster as far as possible from each other. 

 

Cluster is a very common technique in unsupervised machine learning to identify groups 

of data that are "close-by" to each other. It is broadly used in customer segmentation and outlier 

detection. It is grounded on some whim of distance between data points and utilize that data to 

identify spots that are close-by to each other. In the pursuit, hash out some very basic algorithms 

to arrive up with clusters. 
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i jx C  is a chosen distance measure between a data point   
   

  and the cluster 

centre    is an indicator of the distance of the n data points from their respective cluster centers.  

The algorithm is composed of the following steps: 

1. Pick an initial set of K centroids (this can be random or any other means) 

2. For each data point, assign it to the member of the closest centroid according to the given 

distance function 

3. Adjust the centroid position as the mean of all its assigned member data points. Go back 

to (2) until the membership isn't change and centroid position is stable. 

4. Output the centroids. 
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Notice that in K-Means not only require the distance function to be defined but also 

requiring the mean function to be specified as well. Of course, also need K (the number of 

centroids) to be determined. 

K-Means are highly scalable with   ( ∗ ∗ ) where r is the number of cycles, which is a 

constant depends on the initial pick of centroids. Also observe that the result of each round is 

undeterministic. The common pattern is to play multiple rounds of K-Means and pick the result 

of the best round. The best round is one who minimizes the average distance of each point to its 

assigned centroid. 
 

K – MEDOIDS 

K-medoids clustering is a partitioning method commonly used in areas that require 

robustness to outlier data, arbitrary distance metrics, or ones for which the mean or median does 

not possess a clear definition. It is similar to k-means, and the destination of both methods is to 

separate a set of measurements or observations into k subsets or clusters so that the subsets 

minimize the sum of spaces between a measurement and a middle of the measurement’s cluster. 

In the k-means algorithm, the essence of the subset is the mean of measurements in the subset, 

often called a centroid. In the k-medoids algorithm, the center of the subset is a member of the 

subset, called a medoid. 

Imagine that have   objects having   variables that will be classified into   ( < ) clusters 

(Assume that is broken). Let us define     variable of object   as                     . 

The suggested algorithm is composed of the following three steps. 

Step 1: (Select initial medoids) 

1. Using Euclidean distance as a dissimilarity measure, compute the distance between every 

pair of all objects as follows: 

                

 

   

                      

2. Calculate     to get an initial guess at the midpoints of the clusters. 

    
   

    
 
   

                      

Step 2 (Find new medoids) 

3. Substitute the current medoid in each cluster of the object which minimizes the total 

distance to other objects in its cluster. 

The k-medoids algorithm returns medoids which are the actual data points in the data set. 

This permits you to practice the algorithm in situations where the mean of the data does not exist 

inside the data set. This is the primary difference between k-medoids and k-means where the 

centroids returned by k-means may not be within the data set. Hence k-medoids is useful for 

clustering categorical data where a mean is impossible to define or understand. 
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FUZZY C- MEANS 

Different K-Means where each data point belongs to only one cluster, in fuzzy, c-means, 

each data point has a fraction of membership to each cluster. The goal is to calculate out the 

membership fraction that minimizes the expected distance to each centroid. 
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The algorithm is very similar to K-Means, except that a matrix (row is each data point, the 

column is each centroid, and each cell is the grade of membership) is utilized. 
 

1. Initialize the membership matrix U 

2. Repeat step (3), (4) until convergence 

3. Calculate position of each centroid based on the weighted fraction of its member data 

point's location. 
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4. Update each cell as follows 
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Note that the parameter m is the degree of fuzziness. The yield is the matrix with each data 

point assigned a degree of membership to each centroid. 
 

SELECTION OF THE NUMBER OF CLUSTERS (K) 

This section goes over existing methods for selecting K for the K-means algorithm and the 

corresponding clustering validation techniques. The choice of the number of clusters is an 

important sub problem of clustering. Since a priori cognition is generally not available and the 

vector dimensions are frequently higher than two, which do not have visually apparent clusters. 

The solution of this problem directly affects the quality of the result. If the number of clusters is 

too small, unlike objects in data will not be divided. Moreover, if this estimated number is too 

big, relative regions may be divided into a number of smaller regions Zhang et al. (2003). Both 

of these places are to be averted. This problem is known as the cluster validation problem. The 

objective is to calculate the number of clusters during the clustering process. The basic idea is 

the valuation of a clustering structure by generating several clustering for various numbers of 

clusters and compare them against some evaluation criteria. 
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VALUES OF K SPECIFIED WITHIN A RANGE OR SET 

The performance of a clustering algorithm may be affected by the chosen value of K. So, 

instead of applying a single predefined K, a set of values might be assumed. It is significant for 

the number of values considered to be reasonably large, to reflect the specific characteristics of 

the data sets. At the same time, the selected values have to be significantly smaller than the 

number of targets in the data sets, which is the primary motivation for performing data 

clustering. 

 

Outlier detection is a technique to find patterns in data that do not conform to expected 

behaviour [9]. Most of the clustering algorithms do not assign all points to clusters, but account 

for noise objects, in other words clustering algorithms are optimized to find clusters rather than 

outliers. Outlier detection algorithms look for outliers by applying one of the clustering 

algorithms and retrieve the noise set, so the performance of outlier detection algorithms depends 

on how well the clustering algorithm captures the construction of clusters.  

 

RESULT AND DISCUSSION 

In this paper, three clustering based methods such as k-means, k-medoids and Fuzzy  

c-means are used for identifying the outliers in the iris data set. The data sets are extracted from 

the source: https://archive.ics.uci.edu/ml/datasets/Iris. 

Table1. Centroid for k-means clustering Number of clusters: 3 total training cases: 150 

 sepal 

length 

sepal 

width 

petal 

length 

petal 

width 

Number of 

cases 

Percentage 

(%) 

1 6.846154 3.082051 5.702564 2.079487 39 26.00000 

2 5.888525 2.737705 4.396721 1.418033 61 40.66667 

3 5.006000 3.418000 1.464000 0.244000 50 33.33333 

In table 1. represents the centroids for k-means clustering number of clusters: 3 and total number 

of training cases: 150. The table 2 represents k-means clustering and catch the outlier point 

computed using the distances from the iris data set. In figure 1 visualized the number of clusters 

and outliers point. The ‘+’ symbol indicates outlier points and ‘*’ symbol indicates the number 

of clusters. 

Table 2. Number of outliers detected from iris data set 

Obs No sepal length sepal width petal length petal width 

99 5.1 2.5 3.0 1.1 

58 4.9 2.4 3.3 1.0 

94 5.5 2.3 3.3 1.0 

61 5.5 2.0 3.5 1.0 

119 7.7 2.6 6.9 2.3 

 

https://archive.ics.uci.edu/ml/datasets/Iris
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Figure 1. Outliers with k-means clustering 

Table 3. k-medoids with number of clusters: 2 total training cases: 150 

Obs No sepal length sepal width petal length petal width 

8 5.0 3.4 1.5 0.2 

127 6.2 2.8 4.8 1.8 

In table 3 represents the centroids for k-means clustering number of clusters: 3 and total 

number of training cases: 150. In Figure 2. Cluster plot and Silhouette Plot for k-medoids is 

cluster plot and pam is a plot known as a silhouette plot. Foremost, a criterion is counted for each 

observation to consider how comfortably it fits into the cluster that it’s been attributed to. This is 

served by comparing how close the object is to other objects in its own cluster with how close it 

is to objects in other clusters. Values near one means that the observation is well positioned in its 

cluster; values near 0.55 mean that it’s likely that an observation might really belong in some 

other cluster. Within each cluster, the value of this quantity is displayed from smallest to biggest. 

If the silhouette plot shows values close to one for each observation, the fit was good; if there are 

many observations closer to zero, it’s an indication that the fit was not right. The silhouette plot 

is really useful in locating groups in a cluster analysis that may not be doing a serious job; in turn 

this information can be applied to help choose the right number of clusters. 

 

The plot shows that there is a reasonable structure has been found, with most observations 

seeming to belong to the cluster that they’re in. There is a summary measure at the bottom of the 

plot labeled "Average Silhouette Width". This table indicates how to use the value: 

Table 4. Range of Silhouette Cluster 

Range of SC Interpretation 

0.71-1.0 A strong structure has been found 

0.51-0.70 A reasonable structure has been found 

0.26-0.50 The structure is weak and could be 

artificial 

< 0.25 No substantial structure has been found 
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Figure 2. Cluster plot and Silhouette Plot for k-medoids 

 

Table 5. Outlier detection with k-medoids 

Obs No sepal length sepal width petal length petal width 

132 7.9 3.8 6.4 2.0 

118 7.7 3.8 6.7 2.2 

119 7.7 2.6 6.9 2.3 

123 7.7 2.8 6.7 2.0 

136 7.7 3.0 6.1 2.3 

In table 5 represents the outliers detected in the data sets using k-medoids algorithm. The 

table 5 represents k-means clustering and find the outlier point computed using distances from 

the iris data set. In figure 5 visualized the number of clusters and outliers point. The ‘+’ symbol 

indicate outlier points and ‘*’ symbol indicates number of clusters. 

Table 6 Fuzzy c-means clustering with 3 clusters 

S. No sepal length sepal width petal length petal width 

1 5.003966 3.414092 1.482811 0.2535442 

2 5.888873 2.761048 4.363865 1.3972704 

3 6.774940 3.052361 5.646692 2.0535122 

The table 6 represents k-means clustering and find the outlier point computed using 

distances from the iris data set. In figure 5 visualized the number of clusters and outliers point. 

The ‘+’ symbol indicate outlier points and ‘*’ symbol indicates number of clusters. 
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Table 7. Outlier detection with Fuzzy c-means 

Obs No sepal length sepal width petal length petal width 

8 5.0 3.4 1.5 0.2 

40 5.1 3.4 1.5 0.2 

50 5.0 3.3 1.4 0.2 

18 5.1 3.5 1.4 0.3 

1 5.1 3.5 1.4 0.2 

 
Figure 3. Plot for Fuzzy c-means and outliers 

Table 8. Comparison of k-means, k-medoids and Fuzzy c-means 

Features / Settings k-means k-medoids Fuzzy c-means 

complexity O(n * K * I * d) O(K*(n-k)*I2) O(n*d*c2*i) 

Efficiency Comparatively Comparatively Comparatively 

Implementation Easy Complicated Complicated 

computation time Less More More 

Sensitive for outliers? Yes No No 

Necessity of Convex Shape Yes, Not so much Yes, Not so much Yes, Not so much 

Advanced specification of  

number of clusters ‘k’ 
Required  Required Required 

Does initial patrician affects  

results and runtime/Optimized for 

Yes Separated 

clusters 

Yes Separated 

clusters Small 

Dataset 

Yes Small Dataset 
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CONCLUSION 

From this work, it can be concluded that partitioning based clustering methods are suitable 

for spherical shaped clusters in low to medium sized data sets. K-means, k-Medoids and Fuzzy 

C-Means methods are find out clusters from the given database. Those methods are require 

specifying k, no of desired clusters, in progress. The result and runtime depends upon initial 

partition for both of these methods. The benefit of K-means is its low computational cost, while 

drawback is sensitivity to outliers. Compared to this, k-Medoids is not sensitive to noisy data and 

outliers, but it holds a high computational cost. K-Means partitioning based clustering algorithm 

required to fix the act of final clusters (k) beforehand. Such algorithms are also causing problems 

like susceptibility to local optima, sensitivity to outliers, memory space and an unnamed number 

of iteration steps that are required to cluster. The time complexity of the K-Means algorithm is 

O(ncdi) and the time complexity of FCM algorithm is O(ndc2i). From the obtained results may 

reason that K-Means algorithm is better than FCM algorithm. FCM produces close results to  

K-Means clustering, but it still requires more computation time than K-Means because of the 

fuzzy measurement calculations involved in the algorithm. In fact, FCM clustering, which form 

the oldest portion of software, computing, is really suitable for covering the events related to 

understandability of patterns, incomplete/noisy data, mixed media information, human 

interaction and it can provide approximate solutions faster. They have been primarily used for 

discovering association rules and functional dependencies as well as image retrieval. Thus, the 

overall conclusion is that K-Means algorithm seems to be superior than Fuzzy C-Means 

algorithm. 
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