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Abstract 
 

Data mining technology has emerged as a means of identifying patterns and trends from large amounts of data and is a computing intelli-

gence area that provides tools for data analysis, new knowledge discovery, and autonomous decision making. Data clustering is an im-

portant problem in many areas. Fuzzy C-Means(FCM)[11,12,13] is a very important clustering technique based on fuzzy logic. 

DBSCAN(Density Based Spatial Clustering of Applications with Noise)[8] is a density-based clustering algorithm that is suitable for 

dealing with spatial data including noise and is a collection of arbitrary shapes and sizes. In this paper, we compare and analyze the per-

formance of Fuzzy C-Means and DBSCAN algorithms in different data sets. 
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1. Introduction 

Data mining, which processes and analyzes large amounts of data, 

is somewhat difficult, but data mining is a very important and 

useful tool in the software field [2]. Data mining is the process of 

automatically discovering useful information in a large data store. 

Data mining techniques are applied to explore new and useful 

patterns that can be traversed across large databases and noticed 

[7]. Clusters used in data mining are data description methods that 

are used as common techniques for data analysis in various fields, 

such as machine learning, pattern recognition, image analysis, and 

bioinformatics. Cluster analysis is a grouping of data objects based 

on information found in the data describing the objects and their 

relationships. The goal is to increase the similarity of the objects 

belonging to the same group and to make a difference with the 

objects of other groups. Clustering becomes more evident as the 

similarities among the objects in the group and the differences 

between the groups are increased [5]. In this paper, we analyze 

FCM, which is a cluster method to update the center point after 

initialization, and density-based DBSCAN algorithm, which 

grasps regions with high density by low density region using vari-

ous data sets. 

2. Fuzzy C-Means (FCM) 

Generally, fuzzy clusters are used as an unsupervised learning 

strategy for grouping data, but they are also useful for generating 

fuzzy rules (if ~ then ~) from data [12]. The structure of the fuzzy 

rules depends on the nature of the data used. For example, in fault 

diagnosis or pattern classification, a fuzzy rule is created to deter-

mine what data should be categorized, and fuzzy control, system 

recognition, or function approximation is designed to describe the 

continuous relationship between input and output variables. In 

image analysis and recognition, it is used to detect and separate 

spatial geometries such as circles and ellipses, and this is called a 

shell clustering algorithm [13]. The purpose of a fuzzy cluster is to 

partition any data set into a specific number of fuzzy clusters. The 

most widely used fuzzy clustering method to date is the FCM 

algorithm. The algorithm consists of a set of n items X = 

{X1,X2,...,Xn} is divided into c fuzzy clust rs  t   o    t v   s to 

  n     u    p rt t on F     F_       F_      ⋯  F_       t  t m n m z-

es the objective function of Eq. (2.1).There is a difference between 

the values of the parameter m and the fuzzy division matrix for the 

hard cluster. The parameter m that represents the fuzziness of a 

partition can have a value greater than 1, the larger the value, the 

higher the ambiguity (m is 1 indicating a clear hard cluster that is 

not ambiguous). The value of m is generally known to provide 

good results of 1.25 or 2. However, it is possible to choose a value 

of m that is appropriate for the application [9]. µik denotes the 

degree to which data Xk belongs to the fuzzy cluster, and the ele-

ment of (c × n) size fuzzy split matrix U = [µik] satisfies the con-

dition of Eq. (2.1). The sum of the degree to which specific data 

belongs to all the clusters is equal to 1 is the same as in the case of 

hard clusters. 
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In   .    V    V   V  … V    s t   s t o    nt r v  tors o     lus-

ters. That is, Vi is the center vector of the i-th cluster. |Xk-Vi| 

represents the geometric distance between data Xk and the center 

of the i-th cluster. If the dimension of  V and Xk is p, Vi = (Vi1, 

V   … V p   n  Xk    Xk  Xk  ... Xkp . T   p r m t r m  s   

value that adjusts the degree to which the data belongs to the clus-

ter. It is 1 for hard clusters. µik denotes the degree to which the 

d t  Xk   lon s to t    lust r  F_      n    s   v lu  o    or    n  

satisfies the condition of (2.2) with an element of the (c × n) sized 

partitioning matrix U = [µij]. Data must belong to only one cluster, 

since the sum of the degrees of certain data belonging to all the 

clusters must be 1. 
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The FCM clustering algorithm is summarized as follows.  

 

① Select the number of divisions  (     ) and m. 

② The initial value of the fuzzy division matrix U(t) is determined. 

A random value satisfying the expression (2.2) is used.  

③ Calculate the centroid V of the cluster using equation (2.3). 
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④the fuzzy partition matrix is updated using equation (2.4). 
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⑤ IF |U^((t+1))-U^  t   |<δ  s s t s      t   pro  ss  s t rm n t  . 

Otherwise, the process returns to step ③ and the process is repeat-

ed. Normally 10-3  s us    s t   δ v lu . 

3. Density based Algorithm (DBSCAN)  

DBSCAN is a clustering algorithm based on [2,7] density, suitable 

for handling spatial data including noise, and can distinguish clus-

ters of various shapes and sizes. The cluster and noise are intui-

tively classified based on the density of the points. To do this, we 

define a few 

[Definition 1] The Eps-neighborhood of a point p is a set of 

neighborhoods within a radius Eps from p. That is, it is the Eps-

neighborhood of the  

point p.    i.e.  NEps(p)  = {q D|  st p  q  ≤Eps  

[Definition 2] The fact that one point p is directly density-

reachable from point q 

• p must     n t   n     or oo  o  q   p  NEps(q) 

• [NEps q ] ≥M nPts   or  po nt  on  t on : q  s    or  po nt. T  t 

is, having enough neighbors.  

[Definition 3] The fact that one point p can arrive at the density 

from point q means that there is a direct connectable density con-

nection from  

pi+1 to pi from p to q. 

[Definition 4] The fact that one point p is density-connected from 

point q means that there exists a point o that can arrive at the den-

sity from  

p and q. 

[Definition 5] Cluster 

 Let D be a dataset of points, C denote clusters, and if Eps and 

MinPts are a subset of D, not an empty set, then:  

• It  s q  or  ll po nts p  q  n  p C is q if density is available from 

q C 

• Ev r  p  q   p C : p is said to be densely connected to q. 

[Definition 6] Noise  

When Ci is a cluster in database D, the noise is that it does not 

  lon  to  n   lust rs  n D. T  t  s   No s    ├ p D┤|∀ i∶p∉C_i } 

Each cluster is defined as the largest set of dense-connected points, 

and each point in a cluster has a minimum number of neighbors of 

MinPts or greater in a given radius Eps. The time complexity of 

DBSCAN is O(n*logn) [5]. Figure 1 shows a database 1 with four 

spherical clusters of different sizes, a database 2 with non-convex 

clusters, a database 3 with clusters of different shapes and sizes 

and a database 3 with noise. DBSCAN was applied The results of 

each cluster are shown. 

 
Figure 1:  Cluster result when DBSCAN is applied 

4. Experimental Results 

An efficient implementation of MATLAB between DBSCAN and 

FCM was implemented in the Iris dataset of the well-known UCI 

machine learning store. The data consisted of 150 samples, each 

consisting of 50 classes (setosa, versicolor, virginica) [13]. Exper-

imental Results DBSCAN time complexity is O(n*logn), which 

enables efficient search of all points within a given distance based 

on one specific point because it has a data structure like kd-trees in 

low dimensional space [5] , And the time complexity of FCM is 

O(n2) [11]. Table 1 shows the time complexity of FCM and 

DBSCAN when the number of clusters is changed from 1 to 4. 

Figure 2 shows a two-dimensional graph based on Table 1. 

Table 1: Time Complexity when Number of cluster varying 

Sequence 

Number 

Number of clus-

ter 
FCM DBSCAN 

1 1 2500 2500 

2 2 10000 5918 

3 3 22500 9647 

4 4 40000 13608 

Table 2 shows the elapsed time of FCM and DBSCAN for differ-

ent number of repetitions. DBSCAN can handle clusters with var-

ious sizes and shapes, and yields the same results until 10 itera-

tions, but FCM yields slightly different results from one to five 

iterations, the same result could be calculated. Figure 2 is a graph 

based on Table 2. 

Table 2: Time Complexity when Number of Iterations varying 

Sequence 

Number 

Number of 

Iteration 
FCM DBSCAN 

1 1 2500 2500 

2 5 10000 5918 

3 10 22500 9647 

As a result, we found that FCM requires more computation time 

than DBSCAN because we have to calculate weights according to 

the information that all data belongs to. 

 
Figure 2: Time Complexity of FCM vs DBSCAN 
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Figure 3: Time Complexity when Number of Iterations varying 

5. Conclusion and Future Research 

Choosing a particular clustering algorithm depends on the type of 

data to be clustered and the purpose of the clustering application. 

The FCM is suitable for dealing with problems related to under-

standing of patterns or noise data, mixed media information, and 

human interactions, and can provide approximate solutions faster. 

They were mainly used to find association rules and functional 

dependencies and image retrieval. Also, under certain cases, we 

  n’t      rt  n t  t   t    lon s to onl  on   lust r. T  s  s  e-

cause some data attributes can belong to more than one communi-

ty. On the other hand, since the DBSCAN algorithm uses the den-

sity-based definition of the cluster, it can extract irregular shape 

and size clusters that are relatively noise-ro ust  n    n’t      n-

dled using k-means. In this paper, we compare and analyze FCM 

and DBSCAN algorithm of Iris data set. Based on the experiments, 

we found that the computation time of the DBSCAN algorithm is 

less than FCM. FCM requires more computation time than 

DBSCAN because the center point of all data is calculated and 

weighted according to the information to which data belongs. This 

study can conclude that the time complexity of DBSCAN is better 

than FCM. In order to solve this problem, the time-complexity of 

O(n2) can be improved by using the improved OPTICS (Ordering 

Points to Identify the Clustering Structure) algorithm . 
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