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Abstract

The Fuzzy C-Means (FCM) algorithm is commonly
used for clustering. The performance of the FCM
algorithm depends on the selection of the initial cluster
center and/or the initial membership value. If a good
initial cluster center that is close to the actual final cluster
center can be found, the FCM algorithm will converge
very quickly and the processing time can be drastically
reduced.

In this paper, we propose a novel algorithm for efficient
clustering. This algorithm is a modified FCM called the
psFCM  algorithm, which significantly reduces the
computation time required to partition a dataset into
desired clusters. We find the actual cluster center by using
a simplified set of the original complete dataset. It refines
the initial value of the FCM algorithm to speed up the
convergence time. QOur experiments show that the
proposed psFCM algorithm is on average four times
faster than the original FCM algorithm. We also
demonstrate that the quality of the proposed psFCM
algorithm is the same as the FCM algorithm.

1. Introduction

~ Clustering is a process of partitioning or grouping a
given set of unlabeled patterns into a number of clusters
such that similar patterns are assigned to one cluster.
There are two main approaches to clustering. One method
is crisp clustering (or hard clustering), and the other one is
fuzzy clustering. A characteristic of the crisp clustering
method is that the boundary between clusters is fully
defined. However, in many real cases, the boundaries
between clusters cannot be clearly defined. Some patterns
may belong to more than one cluster. In such cases, the
fuzzy clustering method provides a better and more useful
method to classify these patterns.

There are many fuzzy clustering methods being
introduced [1]. The fuzzy C-means (FCM) algorithm is
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widely used. It is based on the concept of fuzzy
C-partition, which was introduced by Ruspini [2],
developed by Dunn [3], and generalized by Bezdek [4,5].
The FCM algorithm and its derivatives have been used
very successfully in many applications, such as pattern
recognition [6], classification [7], data mining [8], and
image segmentation [9,10]. It has also been used for data
analysis and modeling [11,12] etc.

Normally, the FCM algorithm consists of several
execution steps. In the first step, the algorithm selects C
initial cluster centers from the original dataset randomly.
Then, in later steps, after several iterations of the
algorithm, the final result converges to the actual cluster
center. Therefore, choosing a good set of initial cluster
centers is-very important for an FCM algorithm. However,
it is difficult to select a good set of initial cluster centers
randomly. If a good set of initial cluster centers is chosen,
the algorithm may take less iterations to find the actual
cluster centers.

To show that selecting a set of initial cluster centers
that approximates the actual cluster centers can reduce the
number of iterations and improve the system performance,
we use Figures 1 and 2 for illustration. Using the target
tracking by initializing each iteration in the procedure
with the clustering result from the previous one can speed
up the convergence significantly. Since the number of
iterations required in the FCM algorithm strongly depends
on the initial cluster centers, the goal of our proposed
method is to find a good set of initial cluster centers.

In [13], Cheng et al. propose the multistage random
sampling FCM algorithm. It is based on the assumption
that a small subset of a dataset of feature vectors can be
used to approximate the cluster centers of the complete
dataset. Under this assumption FCM is used to compute
the cluster centers of an appropriate size subset of the
original dataset. After obtaining the cluster centers of this
small subset, the subset of data is ‘merged with an
additional small, randomly selected subset of the
remaining unprocessed feature vectors to form a larger
subset that is processed by FCM. The previously
calculated cluster centers are used for the initialization of



the fuzzy partition matrix of this newly formed set. The
procedure above is repeated until the size of the feature
vectors matrix used in calculations is large enough to
approximate the actual cluster center of the full dataset.
The resulting cluster centers are then used for the
initialization of the fuzzy partition matrix used by FCM
when it is applied to the original dataset. This results in a
faster convergence for the FCM algorithm.

4

Figure 1. An example showing the convergence paths from
three distant initial cluster centers to the final actual cluster
centers after seven iterations by using the FCM algorithm.
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Figure 2. An example of improved initial cluster centers that
are near the final cluster centers requiring only three FCM
iterations.

The FCM algorithm and its derivatives have the
iterative nature of an algoritbm. In addition, their
calculation often involves a huge number of membership
matrices and candidate cluster centers matrices. It is a
computationally intensive method. In our study, we
mitigate the time problem by simplifying the computation
and reducing the number of iterations required to
converge. The idea of the proposed method is to simplify
the dataset and find an initial candidate set of cluster
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centers as close as possible to the actual cluster centers.
This will reduce the number of iterations and improve the
execution performance. The initial cluster center found by
the proposed algorithm approximates the actual cluster
center very well.

This efficient algorithm for improving the FCM is
called the partition simplification FCM (psFCM). 1t is
divided into two phases. In Phase I, we first partition the
dataset into some small block cells using the k-d tree
method [14] and reduce the original dataset into a
simplified dataset with unit blocks as described in our
previous work [15]. All patterns in a unit block are
replaced by the centroid of these patterns. Then, the large
number of patterns in the original dataset is drastically
reduced to a small number of unit blocks’ centroids, i.e.,
the simplified dataset. Secondly, we find the actual cluster
center of this simplified dataset by the FCM algorithm. In
Phase 11, it is a standard process of the FCM with the
cluster centers initialized by the final cluster centers from
Phase I. The execution performance of the psFCM is
much better than that of the FCM and its derivatives.

The rest of the paper is organized as follows. The
review of the previously proposed approach for the FCM
algorithm is in Section 2. In Section 3, we discuss the
proposed algorithm. In Section 4, we show the
experimental results and discuss the time complexity and
accuracy issue. Finally, in Section 5, we conclude the

paper.
2. Related Work

In this section, we briefly describe the Fuzzy C-means
algorithm. Consider a set of unlabeled patterns
X={x,x5....xx}, x,€ R, where N is the number of patterns
and f is the dimension of pattern vectors (features). The
FCM algorithm focuses on minimizing the value of an
objective function. The objective function measures the
quality of the partitioning that divides a dataset into C
clusters.

The FCM algorithm measures the quality of the
partitioning by comparing the distance from pattern x; to
the current candidate cluster center w; with the distance
from pattern x; to other candidate cluster centers. The
objective function is an optimization function that
calculates the weighted within-group sum of squared
errors (WGSS) as follows [5]:

' C N
Minimize J (U, W)=Y Y (4,)"d; (1

=1 i=]

where:
N: the number of patterns in X
C: the number of clusters



U: the membership function matrix; the elements of U
are

M;: the value of the membership function of the i
pattern belonging to the j* cluster

dy: the distance from x;tow;, viz., dij= "xi _wﬁ')u; where
Wﬁ.') denotes the cluster center of the /* cluster for

the /" iteration
W: the cluster center vector
m: the exponent on 1, ; to control fuzziness or amount

of clusters overlap

The FCM algorithm focuses on minimizing J,,, subject
to the following constraints on U:

u; €[01] » i=1,.,N »andj=1..,C @
C
Sop, =1 i=1.N ©)
=

N
0<Zu'j<N > j=1..,C 4)

i=l

Function (1) describes a constrained optimization
problem, which can be converted to an unconstrained
optimization problem by using the Lagrange multiplier
technique.

. s i=1,N 0 jl=1..,C (5)
y
ZI l(du)(m_])
If d;=0then y,=land p,=0 forl#j (6)
(r-1)
X;
W = 2. Lo )" =1,..,C @

> iy

The FCM algorithm starts with a set of initial cluster
centers (or arbitrary membership values). Then, 1t iterates
the two updating functions (5) and (7) at the 1" iteration
until the cluster centers are stable or the objective function
in (1) converges to a local minimum. The complete
algorithm consists of the following steps:

Step 1: Given a fixed number C, initialize the cluster
center matrix W by using a random generator from the
original dataset. Record the cluster centers, set =0, m = 2,
and decide € , where & is a small positive constant.

Step 2: Initialize the membership matrix U'” by using
functions (5) and (6).
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Step 3: Increase ¢ by one. Compute the new cluster
center matrix (candidate) W by using (7).

Step 4: Compute the new membership matrix U” by
using functions (5) and (6).

Step 5: If || U”- U™” || < & then stop, otherwise go to
step 3.

3. Our Proposed Algorithm

In this section, we propose a novel method for the
clustering problem. The proposed psFCM algorithm can
speed up the overall computation time and reduce the total
number of calculations. The main idea of the proposed
algorithm is to refine the initial cluster centers (initial
prototypes). It finds a set of initial cluster centers that is
very close to the actual cluster centers of the dataset.

First, we give an introductory explanation of the
proposed algorithm followed by a formal description. The
psFCM algorithm consists of two phases. Phase I is a
sequence of processes that refines the initial cluster
centers. In the first stage, we partition the dataset into
several unit blocks by using the k-d tree method [14].
There must be at least one pattern in each unit block. Thus,
the actual number of unit blocks depends on the size and
pattern distribution of the dataset. For each unit block, we
calculate the centroid of patterns in the unit block. The
centroid of patterns will be used to represent all the
patterns in this unit block. By doing so, a dataset X,y can
be drastically reduced to a simplified dataset X,
containing the centroids of the original patterns.

In the second stage, we apply the FCM algorithm to
find the cluster centers of the simplified dataset
X,, =(%,%,...,%,), % e R'.The number of centroids in

the simplified dataset is N,,. It is equivalent to the number
of unit blocks N, Since N,<< N, we may reduce the
number of calculations of the norm distance. This reduces
the overall computation time.

The cluster centers found in Phase I are used in Phase
I1. In Phase 11, we apply the FCM algorithm to find the
actual cluster center of the dataset. That is, the cluster
centers found in Phase I are the initial values of the fuzzy
partition matrix used by the FCM algorithm in Phase II.
The process in Phase Il converges quickly because the
initial cluster centers are near the location of the actual
cluster centers.

Before we show details of the psFCM algorithm, there
are several parameters that need to be defined. They are
the number of clusters C, the weight exponent m, the
number of unit blocks N,; (the number of splits with the
k-d tree method), and the stopping conditions € , and € ,
in Phases I and II, respectively. Here, we let the weight
exponent m be 2. The number of unit blocks N, depends
on the total number of patterns N and the distribution of
the dataset. The value of ¢ ; and € , is decided from



experiments as explained in Section 4.
The proposed psFCM algorithm consists of two phases
as follows: .

3.1. Phase I : Refine initial prototypes for fuzzy
C-means clustering

Stepl:

First, we partition the dataset into unit blocks by using
the k-d tree method. The splitting priority depends on the
scattered degree of data values for each dimension. If one
dimension has a higher scattered degree, it has a higher
priority to be split. The scattered degree is defined as the
distribution range and the standard deviation of the feature.
The formula of the scattered degree is as follows:

(Xm:m n Xmin )i
o

R = Cis=l.f ®)

Where
R, : the scattered degree for the " feature (dimension)
Xpnax: the maximum value of pattern in the i feature
Xpnin © the minimum value of pattern in the i" feature

O, : the standard deviation of all patterns in the /'

feature
f: the number of features (dimensions)

h

The k-d tree is a kind of binary partition based on the
difference between the maximum and minimum values of
the partition dimension. Thus, we may easily acquire the
range of each block in each dimension. If the number of
splits is p, Np <27,

After splitting the dataset into unit blocks, every unit
block may contain some sample patterns. There must be at
least one pattern in each unit block. If there is no sample
pattern in a unit block, the unit block will then be
discarded. We do not consider such a unit block in the
following steps. Figure 3 gives an example where a
two-dimension dataset is divided into several unit blocks.
Here, we only have to scan the database twice to identify
the location of each sample pattern.

Step 2: .
After splitting the dataset into unit blocks, we calculate
the centroid X, for each unit block that contains some

sample patterns. The centroid ¥ represents all sample
patterns in this unit block. Then, we use all of these

centroids ¥, to denote the original dataset. Figure 4

gives an example in which original patterns are
represented by all the computed centroids ¥ .

228

Unit Block

h 0 N D D

Iy

o

“ 0 e u
o

-1 Q 1 2 3 4 5 8 7 8 a
Figure 3. Partitioning the original dataset into several unit
blocks.
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Figure 4. The simplified dataset of Figure 3.
In addition, each centroid contains statistical

information of the patterns in each unit block. These
include the number of patterns in a unit block (WUB) and
the linear sum of all patterns in a unit block (LSUB).
When we scan the database the second time, it also finds
the statistics of each dimension. These statistics will be
used when the algorithm calculates new candidate cluster

" centers, which improves the system performance.

The formula of calculating the centroid in the i unit
block is as follows:

- LSUB,
X —_ ]

= )
WUB,

The algorithm to split a dataset into unit blocks and to
form the simplified dataset is shown in Figure 5.

Step 3:

Initialize the cluster center matrix W by using a
random generator from the dataset, record the cluster
centers, and set =0.

Step 4:
Initialize the membership matrix U? by using
functions (5) and (6) with the simplified dataset

X, =(x,%;50,X,) and =1 N, .



Proc partition_dataset (original dataset)
for each dimension D, of the dataset
/* Find the range for dimension D, */
Range_Max[f] = the maximum value of dimension D,
Range_Min[f] = the minimum value of dimension D,

/* Calculate the interval of segment it would partition for
dimension D, */

/* Num_of . Splzt[/] is the number of splits for dlmensmn
D, ¥
Interval_of Seg[f] = ( Range_Max[f] — Range Min[f] ) /
Num_of _Split[f]

Jor each pattern X,
/* Calculate the UB to which pattern x,[f] belongs */
for each dimension D ;
Point_in_Dim(f]

Interval_of Seglf]
/* Use the value of Point_in_Dim[f] to calculate the g

of X, , named x[f]
( x,01 Range Min[f] ) /

to which X[/ belongs, named UB_Location of X,[/1
*/
/* Calculate LSUB and WUB for each UB,
UB process (X111 UB_Location)

*/

/* Compute X, : Centroid of Unit Block i */
y LSUB
" wuB,
End partition_dataset

Figure 5. The algorithm to partition the original dataset to form
the simplified dataset.

Step S:
Increase ¢ (i.e., t=t+1); compute a new cluster center
matrix (candidate) W by using function (10).

(" le(u'l)) nx

-’ (- 1) """ e
3

where 7, denotes the number of patterns of the i unit
block.

(10)

b j=1,.A.,C

Step 6:
Compute the new membership matrix ¢ by using

functions (5) and (6) with the simplified dataset
pr :(‘;1752”"7§px) and i=19"'7Np.\~
Step 7:

If- ”U") -Uy” ””>s., go to Step 5, otherwise go to
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Phase II.

3.2. Phase II: Find the actual cluster centers for
the dataset

Stepl:

Initialize the fuzzy partition matrix U® by using the
results of W from Phase I with functions (5) and (6) for
the dataset .X.

Step 2:
Follow Step 3 to Step 5 of the FCM algorithm
discussed in Section 2 using the stopping condition &,.

4. Experiments and Results

In this section, we discuss our experimental results, the
time complexity of the proposed method, and its accuracy.
The datasets used in the experiments are described in
Section 4.1. Section 4.2 shows the experimental results. In
Section 4.3, we discuss our findings.

4.1 Dataset Description

In this paper, we focus on improving the time
complexity of the fuzzy C-means algorithm. To show that
the result of our proposed algorithm is correct and more
efficient than the other algorithms, we performed a series
of experiments. Table 1 shows the datasets used in the
experiments, where N is the number of patterns, C is the
number of clusters, and f is the dimension of pattern
vectors (features).

The datasets are generated by using the following
criteria:

1) The datasets from D; to D,y are generated from a
normal distribution. Here, we generate normally
distributed data points (patterns) by using the
Marsaglia’s Polar method [17]. The standard deviation
of these data points in each cluster is 1. We randomly
select C data points from the range [0,4C]. These C
data points may be treated as the mean value of the
normal distribution of each cluster. Every cluster has
the same number of data points N/C that is around a
specific mean value, and clusters can overlap.

2) The datasets from R; to R, are generated from a
uniform distribution. Any two clusters cannot overlap.
The number of data points (patterns) in each cluster is
the same, which is N/C.

3) The datasets from R; to R, are also generated from a
uniform distribution. However, clusters can overlap.
The number of data points in each cluster is different.

_ 2N data points, where i

Each cluster has p = ;x
! C(C+1)



Table 1. Description of the experiment datasets.

,Tmaset Size Dimensi- No. of |Characteristic; Range
N) onality (f)|Clusters (C){ (distribution)
D, 32k 2 8 Normal [0,4C]
D, 32k 2 16 Normal [0,4C]
D; 32k 2 32 Normal [0,4C]
Dy 64K 2 8 Nommal [0,4C)
D; 64k 2 16 Normal [0,4C]
Ds 64k 2 32 Normal [0,4C]
D, 64k 2 64 Normal [0,4C]
Dy 128k 2 8 Normal [0,4C)
Dy 128k 2 16 Normal [0,4C]
Dyo 128k 2 32 Normal [0,4C)
R, 16k 2 4 Random [0,1]
R, 16k 2 8 Random [0,1]
R; 32k 2 4 Random [o,11
R, 32k 2 8 Random [0,1]
Rs 16k 2 4 Random [0,1]
Rs 16k 2 8 Random {o,11
R, 16k 2 16 Random [0,1]
Rs 32k 2 4 Random [0,1]
Ro 32k 2 8 Random 0,11
Ry 32k 2 16 Random [0.1]

4.2 Experimental Results

The experiment datasets (D, ~ D;y and R; ~ R,y) are
used to run on two personal computers. One is a Pentium
111 personal computer with the following specification: a
clock rate of 800MHz and memory size of 512 Mbytes.
The other is a Celeron personal computer with a clock rate
of 433Hz and memory size of 64 Mbytes.

When we run the experiments using the FCM
algorithm, different random initialization sets may result
in different numbers of convergence iterations. Therefore,
we run the proposed psFCM algorithm and the FCM
algorithm with each dataset in ten trials. In each trial, the
initial cluster centers are initialized in a random fashion.
The same initial cluster centers are used by both the
psFCM algorithm and the FCM algorithm.

The execution performance of the psFCM algorithm
and the FCM algorithm is shown in Tables 2 and 3. Here,
the comparison is based on the two factors: the factor
reduction in overall time (FRT) and the factor reduction in
distance calculations (FRD) {16]. From the results in
Tables 2 and 3, the execution performance of the psFCM
algorithm is approximately four times better than that of
the FCM algorithm.

In the experiment of the psFCM algorithm, the
stopping condition &, of Phase I is set to 0.1. The number
of convergence iterations may be reduced in Phase II if we
let €, have a smaller value. The stopping condition &, for
Phase II in the psFCM algorithm and the FCM algorithm
is 0.4 for both.
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Table 2. The overall result of the normal distribution
datasets D, to D, where the number of splits for the k-d
tree in the psFCM is 14.

No. of FCM psFCM
D. |Clusters| Total time | Distance [Total time| Distance FRT FRD

{Seconds) | calculation |(Seconds)| calculation
D, 8 295 5068800 S5 1026346 | 5.4 4.94
D, 16 680 10854400f 167 2826976 | 4.07 | 3.84
Ds 32 1207 117408000] 353 | 53688321 342 | 324
Dy 8 1091 7270400 210 2578333 5.2 4.61
Ds 16 2849 117817600| S11 3560832 | 5.58 5.0
D¢ 32 6586 138092800) 2139 }12958925| 3.08 | 2.94
D, 64 15033 {97484800| 5695 [38018150| 2.64 | 2.56
Dy 8 2283 |14950400| 348 2658806 | 6.56 | 5.62
Dy 16 5423 |33587200| 1153 | 78946401 4.7 4.2
Do 32 12051 |87654400] 3038 23794278 397 | 3.68

Table 3. The overall result of the uniform distribution
datasets R, to R;, where the number of splits for the k-d
tree in the psFCM is 13.

No. of FCM psFCM
Datasets| Clusters| Total time | Distance | Total time| Distance FRT FRD
(Seconds) tculation | (Seconds) | calculation

R, 4 59 614400 19 205760 | 3.11 | 299
R, 8 186 1843200 63 655590 | 2.95 | 2.81
R; 4 129 1331200 29 335872 | 445 | 3.96
R, 8 332 3276800 65 720858 | 5.11 | 4.55
R; 4 86 870400 23 240277 [ 374 | 3.62
Ra 8 418 4069382 86 869598 | 4.86 | 4.68
R, 16 1192 [10848973] 339 | 3106970 3.52 | 349
Ry 4 126 1305600 30 343549 | 42 3.8
Ry 8 631 6143232 86 929968 | 7.34 | 6.61
Rio 16 2277 |20679629| 395 |[3727757| 5.76 | 5.55
To get the simplified dataset, the original dataset is

divided into many equal size unit blocks by the psFCM
algorithm. As mentioned in Section 3, all the patterns in
one unit block are replaced by the centroid of the unit
block. From the results of the experiments, we show that
the proposed algorithm reduces a significant amount of
time in Phase I.

To understand the relationship between the number of
splits with the k-d tree method and the execution
performance (speedup), we select some datasets (with
different N or C) and compare the execution performance
of these datasets by splitting them into a different number
of unit blocks. Here, we measure the execution
performance by using FRT. The results are shown in
Figures 6 and 7. Figure 6 depicts the relationship between
the number of splits and the speedup of execution time for
datasets R2 and R4 whose sizes are 16k and 32k,
respectively, while the number of clusters is the same (8
clusters). Figure 7 shows the relationship between the
number of splits and the speedup of execution time for
datasets R/ and R2 whose sizes are the same (16k) while
the numbers of clusters are 4 and 8 clusters, respectively.
We find the optimal number of splits is around 12. We



also investigate the relationship between the number of
clusters and the speedup of execution time. The
experiment result is shown in Figure 8. The normal
distribution dataset has a size of 64K, and the number of
splits is 14. The decline of the speedup at 32 and 64
clusters can be rectified by increasing the number of splits.
For example, when we adjust the number of splits to 16,
the performance for the 64 clusters can be improved to a
speedup of 3.81.

—8—R2 —&—R4

The speedup of execution time

O = N W s O N ®

10 11 12 13 14 15 16
The number of splits by using the k-d tree method

Figure 6. The relationship between the number of splits and the -
- speedup of execution time for datasets R2 and R4.

O = N W A U &

The speedup of execution time

10 11 12 13 14 15 16
The number of splits by using the k-d tree method

Figure 7. The relationship between the number of splits and the
speedup of execution time for datasets R/ and R2.

—{— SIZE=64K

=S IR . - NN

The speedup of execution time

4 8 16 32 64

The number of clusters

Figure 8. The relationship between the number of clusters and
the speedup of execution time.
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4.3 Discussions

From the experimental results described in the last
section, the proposed psFCM algorithm has approximately
the same speedup for the patterns of normal distribution as
well as uniform distribution. In general, our method works
well for most kinds of datasets.

In Phase I of the psFCM algorithm, the cluster centers
found by using the simplified dataset is very close to the
actual cluster centers. Phase Il converges quickly if we
use these cluster centers from Phase I as the initial cluster
centers of Phase II. From the experiments, in most cases,
Phase II converges in only a few iterations. For the
psFCM algorithm, the system requires more iterations to
converge if the stopping condition €, is smaller. However,
the number of patterns used in Phase I of the proposed
algorithm is N,. The total number of norm distance
calculations by the proposed algorithm is much smaller
than the FCM algorithm because N,<< V.

For the FCM algorithm, the system has to calculate the
norm distance from each pattern to every candidate cluster
center in each iteration. After calculating the norm
distance, the system computes the membership matrix.
Therefore, if the dimension of a dataset is f, the time
complexity to calculate the distance is O(f). If there are N
patterns and C clusters, the time complexity to calculate
the membership matrix for each iteration is O(/NC). Thus,
the time complexity is proportional to the number of
patterns N and the number of clusters C. However, we
have demonstrated that the time complexity to calculate
the membership matrix for each iteration using the psFCM
algorithm is O(fN,,;C).

Here, we randomly select the initial cluster centers in
Step 3 of the psFCM algorithm. Generally, the density of
patterns near the cluster center is high. As mentioned in
Section 3, the psFCM algorithm divides the dataset into
unit blocks. The number of patterns in each unit block
may be different. That is, the density of patterns in each
unit block is different. We may randomly select C initial
cluster centers W,(0) from the unit blocks with a higher
pattern density. This will provide a better result.

The FCM algorithm does not guarantee that the cost
function will converge to the local minimum, but it may
converge to some saddle point.

5. Conclusions

In this paper, we proposed a novel method for efficient
clustering that is better than the FCM algorithm. We
reduce the computation cost and improve the performance
by finding a good set of initial cluster centers.

The psFCM algorithm divides a dataset into several
unit blocks. The centriods of unit blocks replace the
patterns and form a new dataset, the simplified dataset. As
mentioned in Section 4, the simplified dataset decreases



the time complexity of computing the membership matrix
from O(fNC) to O(fN,,C) in every iteration. The number
of iterations needed to converge in Phase II of the psFCM
algorithm is also less than the number of convergence
iterations of the FCM algorithm. From the experimental
results, we have shown that the proposed algorithm
improves the speedup in the execution time and the
distance calculation. For large datasets, the psFCM
algorithm improves the performance even more. We also
demonstrate that the quality of our algorithm is the same
as the FCM algorithm.

For a fair comparison, the initialization in Phase I of
the psFCM algorithm and the FCM algorithm is
determined randomly. We have also found in the psFCM
algorithm that an initial cluster center selected from a unit
block with a higher density is closer to the actual cluster
center. This is a feature that cannot be found using the
FCM algorithm and its derivatives. In future work, we
will study this feature more thoroughly.
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