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Abstract—

In this paper, we propose a new approach to clustering text documents
based on a coupled process of clustering and cluster-dependent keyword
weighting. The proposed approach is based on the the Fuzzy C-Means
clustering algorithm. Hence it is computationally and implementation-
ally simple. Moreover, it learns a different set of keyword weights for
each cluster. This means that, as a by-product of the clustering process,
each document cluster will be characterized by a possibly different set
of keywords. The cluster dependent keyword weights help in partition-
ing the document collection into more meaningful categories. They can
also be used to automatically generate a brief summary of each cluster
in terms of not only the attribute values, but also their relevance. For the
case of fext data, this approach can be used to automatically annotate the
documents. We illustrate the performance of the proposed algorithm by
using it to cluster a real collection of text d t

I. INTRODUCTION

One of the important tasks performed as part of many text
mining and information retrieval systems is clustering. Clus-
tering can be used for efficiently finding the nearest neighbors
of a document [1], for improving the precision or recall in in-
formation retrieval systems [2], [3], for aid in browsing a col-
lection of documents [4], and for the organization of search
engine results [5], and lately for the personalization of search
engine results [6].

Most current document clustering approaches work with the
vector-space model, where each document is represented by a
vector in the term-space. The latter generally consists of the
keywords important to the document collection. For instance,
the respective term or word frequencies (TF) [7] in a given
document can be used to form a vector model for this docu-
ment. In order to discount frequent words with little discrimi-
nating power, each word can be weighted based on its Inverse
Document Frequency (IDF) [7], [6] in the document collec-
tion. As expected, the distribution of words in most real docu-
ment collections can vary drastically from one cluster of docu-
ments to another. Hence relying solely on the IDF for keyword
selection can be inappropriate and can severely degrade the re-
sults of clustering and/or any other learning tasks that follow
it. For instance, a group of "News” documents and a group of
“Business” documents are expected to have different sets of
important keywords. Note that if the documents have already
been manually pre-classified into distinct categories, then it
would be trivial to select a different set of keywords for each
category based on IDF. However, for large dynamic, unlabeled
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document collections, such as on the World Wide Web, this
manual classification is impractical, hence the need for auto-
matic or unsupervised classification/clustering that can han-
dle categories that differ widely in their best keyword sets.
Unfortunately, it is not possible to differentiate between dif-
ferent sets of keywords, unless the documents have already
been categorized. This means that in an unsupervised mode,
both the categories and their respective keyword sets need to
be discovered simultaneously. Selecting and weighting sub-
sets of keywords in text documents is similar to the problem
of feature selection and weighting in pattern recognition and
data mining. The problem of selecting the best subset of fea-
tures or attributes constitutes an important part of the design
of good learning algorithms for real world tasks. Irrelevant
features can significantly degrade the generalization perfor-
mance of these algorithms. In fact, even if the data samples
have already been classified into known classes, it is generally
preferable to model each complex class by several simple sub-
classes or clusters, and to use a different set of feature weights
for each cluster. This can help in classifying new documents
into one of the pre-existing categories. So far, the problem of
clustering and feature selection have been treated rather inde-
pendently or in a wrapper kind approach [8], [9], [10], [11],
[12], [13], but rarely coupled together to achieve the same ob-
jective.

In [14], we have presented a new algorithm, called Si-
multaneous Clustering and Attribute Discrimination (SCAD),
that performs clustering and feature weighting simultaneously.
However, SCAD was intended for use with data lying in some
Euclidean space, and relied on the Euclidean distance. For the
special case of text documents, it is well known that the Eu-
clidean distance is not appropriate, and other measures such
as the cosine similarity or Jackard index are better suited to
assess the similarity/dissimilarity between documents.

In this paper, we extend SCAD to simultaneous text docu-
ment clustering and dynamic category-dependent keyword set
weighting. This new approach to text clustering, that we call
“Fuzzy Simultaneous KeyWord Identification and Clustering
of text documents” or Fuzzy-SKWIC, is both conceptually and
computationally simple, and offers the following advantages
compared to existing document clustering techniques. First,
its continuous. term weighting provides a much richer feature
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relevance representation than binary feature selection: Not all
terms are considered equally relevant in a single category of
text documents. This is especially true when the number of
keywords is large. For example, one would expect the word
“playoff” to be more important than the word “program” to
distinguish a group of “sports” documents. Secondly, a given
term is not considered equally relevant in all categories: For
instance, the word “film” may be more relevant to a group of
“entertainment” related documents than to a group of “sports”
documents. Finally, Fuzzy-SKWIC learns a different set of
term weights for each cluster in an unsupervised manner.

The organization of the rest of the paper is as follows. In
section 2, we review the SCAD algorithm. In section 3, we
modify SCAD for the case of fuzzy text document catego-
rization, and derive necessary conditions to update the term
weights. In section 4, we illustrate the performance of Fuzzy-
SKWIC with synthetic and real examples. Finally, section 5
contains the summary conclusions.

1I. SIMULTANEOUS CLUSTERING AND ATTRIBUTE
DISCRIMINATION

The Simultaneous Clustering and Attribute Discrimination
(SCAD) algorithm [14] was designed to search for the optimal
cluster centers, C, and the optimal set of attribute weights, V,
simultaneously. Each cluster ¢ is allowed to have its own set
of feature weights V; = [v;1, - - - , vin] and fuzzy membership
degrees (u;; that define a fuzzy partition of the data set. SCAD
attempts to minimize the following objective function:

J(C,U,V;X) ZZu,J Zv,k(m,k - cir)?
i=1 j_
+ Z 8 Z v )
i=1 k=1
subject to

n
and Y vk =1,Vi. ()

k=1

vik € [0,1] Vi, k;

In (1), zj is the kth feature value of n—dimensional data
point X; = [Z;1,- -, %jn], Cik is the k** component of the i
cluster center vector, and V = [v;] is the relevance weight of
feature k in cluster ¢, and u;; represent the grade of mem-
bership of feature point x; in cluster i. The C'xN matrix
U = [uy4] is the constrained fuzzy C-partition matrix satis-
fying the following constraints [15]

uij € [0,1] Vi
0<T uj <N Vi ?3)
Tiiug=1 vj

For the case of the Euclidean distance measure, it was
shown [14] that the optimal feature weights are given by
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Vik =

X ;= esl?
Z( uij)™ [—l—’ (xjk—c,-k)"]. @)

The first term in (4), (1/n), is the default value if all attributes
are treated equally, and no discrimination is performed. The
second term is a bias that can be either positive or negative. It
is positive for compact features where the distance along this
dimension is, on the average, less than the total distance using
all of the dimensions. If an attribute is very compact, com-
pared to the other attributes, for most of the points that belong
to a given cluster, then it is very relevant for that cluster.

Since the second term in (1) does not depend on u;; explic-
itly, the update equation of the memberships is similar to that
of the Fuzzy C Means, i.e.,

1
Ui = ———————. %)

o (@7
Zk:l d2.
ki

where n
& =Y vinlzgn — ciw)’ ©)
k=1

is the weighted aggregate Euclidean distance, and ties are re-
solved arbitrarily.

Similarly, a mathematical optimization procedure was used
in [14] to minimize J with respect to the centers, to obtain

0 ifvie =0,
Yo ) N
= foyg >0 -
S

As expected, these center update equations are similar to
those of the Fuzzy C-Means algorithm, because the second
term of the objective function in (1) is independent of the cen-
ters.

Cik =

III. SIMULTANEOUS CLUSTERING AND TERM
WEIGHTING OF TEXT DOCUMENTS

SCAD [14] was formulated based on Euclidean distance.
However, for many data mining applications such as cluster-
ing text documents and other high dimensional data sets, the
Euclidean distance measure is not appropriate. In general, the
Euclidean distance are not good measures for document cat-
egorization. This is due mainly to the high dimensionality of
the problem, and the fact that two documents may not be con-
sidered similar if keywords are missing in both documents.
More appropriate for this application, is the cosine similarity
measure, [7],

Y ket Yik X Yk ®)
vV 2 k=1 Yikr/ 3y yf‘k

In order to be able to extend SCAD’s criterion function for
the case when another dissimilarity measure is employed, we

S8(04,05) =
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only require the ability to decompose the dissimilarity mea-
sure across the different attribute directions. In this paper,
we will attempt to decouple a dissimilarity based on the co-
sine similarity measure. We accomplish this by defining the
dissimilarity between document x; and the i** cluster center
vector as follows

me% ©

which is the Weighted aggregatc sum of Cosine-based dis-
tances along the individual dimensions, where

wc,,

(10

z;jx is the frequency of the k** term in document x;, cix
1s the k** component of the i*h cluster center vector, and
= [uix] is the relevance weight of keyword k in cluster i.
Note that the individual products are not normalized in (9) be-
cause it is assumed that the data vectors are normalized to unit
Iength before they are clustered, and that all cluster centers are
normalized after they are updated in each iteration.
Fuzzy-SKWIC is designed to search for the optimal cluster
centers, C, and the optimal set of feature weights, V, simulta-
neously. Each cluster ¢ is allowed to have its own set of feature
weights V; = [v1, - - -, vip), and fuzzy membership degrees
(u; that define a fuzzy partition of the data set satisfying (3).
We define the following objective function:

1
D:Jc._, - - (xjk'cik)a

J(C,U,V;X) ZZ%)me%
i=1 j=1
+26,-Zu?k, an
i=1 k=1
subject to
vk €[0,1]Vi, k;  and ) wvi =1, Vi. 12)

k=1

The objective function in (11) has two components. The
first component, is the sum of distances or errors to the cluster
centers. This component allows us to obtain compact clus-
ters. It is minimized when only one keyword in each cluster is
completely relevant, and all other keywords are irrelevant. The
second component in equation (11) is the sum of the squared
keyword weights. The global minimum of this component is
achieved when all the keywords are equally weighted. When
both components are combined and §; are chosen properly, the
final partition will minimize the sum of intra-cluster weighted
distances, where the keyword weights are optimized for each
cluster.

To optimize J, with respect to V, we use the Lagrange mul-
tiplier technique, and obtain

E Z(uu) Z vikac.,

i=1 j=1

J(A,V)
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+Za zo,,, Z,\ (Ev.k—l)

i=1 k=1 =1

where A = [A;,---, A;]t. Since the rows of V are indepen-
dent of each other, we can reduce the above optimization prob-
lem to the following C independent problems:

N n
Ji()‘ia Vl) = Z(uij)m Z v"kDi‘:JCi,‘

j=1 k=1
n n
+6,' E’U?k - /\,'(Z‘U,‘k - 1)
k=1 k=1
fori=1,---,C,

where V; is the i** row of V. By setting the gradient of J; to

zero, we obtain

aJi( A.,V) (Z'U:k_l) 0.

k=1

13)

and

8Ji(Xi, Vi)
6”:1:

Z(""J )" DY, + 20 — A = 0. (14)

Solving (13) and (14) for v;;, we obtain

R b
J—— - E : .\m weij k
i = o+ 26; j=1(u11) [ n D"’“"] as

The first term in (15), (1/n), is the default value if all at-
tributes/keywords are treated equally, and no discrimination
is performed. The second term is a bias that can be either pos-
itive or negative. It is positive for compact attributes where
the distance along this dimension is, on the average, less than
the total distance using all of the dimensions. If an attribute is
very compact, compared to the other attributes, for most of the
points that belong to a given cluster (high u;;), then it is very
relevant for that cluster. Note that it is possible for the individ-
uval term-wise dissimilarities in (10) to become negative. This
will simply emphasize that dimension further and will result
in relatively larger attribute weights v;x (see (15)). Moreover,
the total aggregate dissimilarity in (9) can become negative.
This can cause the memberships to become negative. Hence,
we determine the smallest (negative) distance and add it to all
distance values to map all the distances to a positive range.
The choice of §; in equation (11) is important in the Fuzzy-
SKWIC algorithm since it reflects the importance of the sec-
ond term relative to the first term. If §; is too small, then only
one keyword in cluster  will be relevant and assigned a weight
of one. All other words will be assigned zero weights. On the
other hand, if §; is too large, then all words in cluster 7 will
be relevant, and assigned equal weights of 1/n. The values
of ; should be chosen such that both terms are of the same
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order of magnitude. In all examples described in this paper,
we compute §; in iteration, ¢, using

5 _ e om (45)" T vl
L n =1 2
k=1 (”ik )

k(t—l))

weij

(16)

In (16), K is a constant, and the superscript (£ — 1) is used on
uij, Vik, and cix to denote their values in iteration (¢ — 1).

It should be noted that depending on the values of é;, the
feature relevance values v;; may not be confined to [0,1]. If
this occurs very often, then it is an indication that the value
of 4 is too small, and that it should be increased (increase K).
On the other hand, if this occurs for few clusters and only in
few iterations, then it is safe to simply set negative values to
zero, and to clip values that are greater than one to one.

Since the second term in (11) does not depend on u;; ex-
plicitly, the update equation of the memberships is similar to
that of the FCM (see equation (5)), i.e.,

1

S S— (17)
c a2, T
£ ()

U5 =

It is not possible to minimize J with respect to the centers.
Hence, we will compute the new cluster centroids (as in the
ordinary SCAD algorithm [14]) and normalize them to unit
length to obtain the new cluster center. We obtain two cases
depending on the value of v;j.

Casel:v;, =0

In this case the k** feature is completely irrelevant relative
to the it" cluster. Hence, regardless of the value of c;x, the val-
ues of this feature will not contribute to the overall weighted
distance computation. Therefore, in this situation, any arbi-
trary value can be chosen for ¢;x. In practice, we set ¢; = 0.

Case2: vy #0

For the case when the kt? feature has some relevance to the
ith cluster, equation (??) reduces to

N
2= (uig) " Tje
Cip = =N

x j=1 (uij)™

To summarize, the update equation for the centers is

0 ~ if’l)ik = 0’
Cik = EEF 1(u(-'j) )zﬂc ifvip > 0 (18)
ioq (uis)™

Finally, we summarize the Fuzzy-SKWIC algorithm below.
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Simultaneous Keyword Identification and
Clustering of text documents (Fuzzy-SKWIC)

Fix the number of clusters C;
Fixm, m € [1,00);
Initialize the centers by randomly selecting C' docu-

ments;
Initialize the fuzzy partition matrix U ;
REPEAT

Compute DY, = % — (zjk-Cik)

Jor1<i<C 1<j<N,and1<k<n;
If (Dye;; < 0foranyiand j) then {
Compute 6d = max; ; {ch_,j} ;
Update ch,.j — cha,- +ddforl <i<Cand
1< <N
Update the relevance weights v;y, by using (15);
Update the partition matrix U*) by using (17);
Update the centers by using (18);
Update §; by using (16);
UNTIL ( centers stabilize )

The feature weighting equations used in Fuzzy-SKWIC
may be likened to the estimation and use of a covariance ma-
trix in an inner-product norm-induced metric [16] in various
statistical pattern recognition techniques. However, the esti-
mation of a covariance matrix does not really weight the at-
tributes according to their relevance, and it relies on the as-
sumption that the data has a multivariate Gaussian distribu-
tion. On the other hand, Fuzzy-SKWIC is free of any such
assumptions when estimating the feature weights. This means
that Fuzzy-SKWIC can be adapted to more general dissimilar-
ity measures, such as was done in this paper with the cosine-
based dissimilarity.

IV. EXPERIMENTAL RESULTS

First, we present the results of the SCAD algorithm to il-
lustrate the need for simultaneous clustering and feature dis-
crimination. We generate two synthetic Gaussian clusters
with the following mean vectors and covariance matrices:
(l"ls El) = ([07O]T112) and (u2722) = ([5’5]T712)' Each
cluster contains 20 points. The results obtained using SCAD
are displayed in Table I. Since both features are almost equally
relevant for both clusters, they have high weights (between
0.48 and 0.52 in both clusters), and the centers are close to the
actual centers.

To demonstrate the ability of the proposed algorithm to
cluster and identify relevant features, we increase the num-
ber of features to four by adding two irrelevant features to
each cluster. These additional features are shown in bold in
Table II. The first two features of the first cluster are uni-
formly distributed in the intervals [0, 20] and [0, 10] respec-
tively. Features two and four of the second cluster are uni-
formly distributed in the intervals [0,10] and [0, 5] respec-
tively. A traditional feature selection algorithm can only dis-
criminate against the second feature since it is irrelevant for
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both clusters. Clustering the remaining three features will not
provide a compact description of each cluster. The SCAD al-
gorithm converged after 10 iterations, and the results are dis-
played in Table III. The first feature of the first cluster is cor-
rectly identified as irrelevant (v11 = 0.0). The second feature
has a higher weight (vi2 = 0.23) because it has a relatively
smaller dynamic range. Feature four of the second cluster was
not identified as irrelevant (ve3 = 0.27). This is because it has
a dynamic range close to the actual features, and therefore it
will be treated as almost equally important.

TABLE I
RESULTS OF SCAD ON TWO GAUSSIAN CLUSTERS

Cluster # 1 Cluster # 2

Features x 2 z T2

Centers || 04 | 0.24 [} 4.65 | 5.27

Relevance Weights || 0.49 | 0.51 || 0.48 | 0.52

TABLEII
TwO 4-DIMENSIONAL CLUSTERS (TWO different FEATURES ADDED FOR
EACH CLUSTER)
[ Cluster # 1 Cluster #2 ]
E 31 xy z3 4 ) T2 z3 T4
19.00 [ 2.09 | -0.33 | ‘1.11 [[ 4.66 | 2.13 | 6.11 | 0.28
4.62 (3.79 { -2.02 [ -0.73 || 2.97 | 6.43 | 4.26 | 1.76
12.13 | 7.83 | -0.33 | 0.72 |[ 4.66 | 3.20 | 5.72 | 4.06
9.71 [ 6.80 [ -0.25 | 0.04 || 4.74 | 9.60 | 5.04 | 0.04
17.82 | 4.61 | -1.08 | -0.37 |{ 3.91 | 7.26 | 4.62 | 0.69
15.24 [ 5.67 ] 0.15[-0.36 || 5.15 | 4.11 | 4.63 | 1.01
9.1217.94]-122] 0.11(3.77| 744 | 5.11 | 0.99
0.37059] 1.80| 1.43 ] 6.80  2.67 | 6.43 | 3.01
16.42 | 6.02 { -1.48 | -0.70 || 3.51 [ 4.39 | 4.29 | 1.36
8.89[0.50|-087] 1.02[[4.12]933]6.020.99
12.30 [ 4.15] -0.21 | -0.45 ] 4.78 | 6.83 | 4.54 ] 0.07
15.83 [3.05 | -0.28 | 1.06 || 4.71 | 2.12 | 6.06 | 3.73
18.43 (874 | 045 0.16 || 545 [ 839 | 5.16 | 2.22
14.76 | 0.15 [ -229 | 1.98 || 2.74 | 6.28 | 6.98 | 4.65
3521498 084]-0.68[ 5841133431233
8.11[7.67 ] 1.49| 1.61 | 6.49|2.07 | 6.61 [ 2.09
18.70 | 9.70 | -0.23 | 0.31 |{4.76 | 6.07 | 5.31 { 4.23
18.33 [ 9.90 | -046 | -0.82 || 453 [6.29 | 4.17 | 2.62
8.20 | 7.88 [ -1.58 | -1.09 || 3.41 [ 3.70 | 3.90 | 1.01
17.87 {438 | 0.72 [ 1.27|[ 5.72 | 5.75 | 6.27 | 3.36
TABLE III

RESULTS OF SCAD ON THE DATA SET IN TABLE II

[ Cluster # 1 Il Cluster # 2 |
Features T1| T2| 3| T4|| 71| T2| T3I| T4
Centers [[13.06(5.56]-0.32]0.22}/4.67]5.17(5.19(2.08
Relevance || 0.00(0.23| 0.38(0.40({0.28(0.16]0.29(0.27
Weights

The next experiment illustates the clustering results on a
collection of text documents collected from the World Wide
Web from several preclassified categories. 50 distinct docu-
ments from each of the following categories were collected:
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news, business, entertainment, and sports. Thus the entire col-
lection consists of 200 documents. The documents contents
were preprocessed by eliminating stop words and stemming
words to their root source. Then the Inverse Document Fre-
quencies (IDF) [7] of the terms were computed and sorted in
descending order so that only the top 200 terms were chosen
as final keywords. Finally each document was represented by
the vector of its document frequencies, and this vector was
normalized to unit length. Using C' = 4 as the number of
clusters, and m = 1.1, Fuzzy-SKWIC converged after 27 it-
erations, resulting in a partition that closesly resembles the
distribution of the documents with respect to their respective
categories. Moreover, the collection of terms receiving highest
feature relevance weights in each cluster reflected the general
topic of the category winning the majority of the documents
that were assigned to the cluster by Fuzzy-SKWIC. We show
for each cluster, only six of the words with relevance weight
vig > L = gls = 0.005. The class distribution is shown
in Table IV. Class 2 showed most of the error in assignment
due to the mixed nature of some of the documents therein.
For example, by looking at the excerpts (shown below) from
documents from class 2 (entertainment) that were assigned to
cluster 1 with relevant words relating to business as seen in
Table V, one can see that these documents are hard to classify
into one category, and that the keywords present in the docu-
ments in this case have mislead the clustering process. How-
ever, in the case of document 78, the fuzzy membership values
in the business and entertainment clusters do not differ much,
indicating a document related to several topic classes simulta-
neously. This illustrates the advantage of fizzy memberships
in text clustering.

Finally, we note that relevant keywords such as shown in
Table V can be used to provide a short summary for each clus-
ter and to automatically annotate documents.

Excerpt from Document 70 (memberships ug; =
0.853,u;; = 0.140, uz; = 0.005, u3; = 0.003) :

LOS ANGELES (Reuters) - Ifilm and Pop.com, the would-
be Web site backed by film makers Steven Spielberg, Ron
Howard and other Hollywood moguls, have ended talks to
merge, according to an e-mail sent to Ifilm employees on Fri-
day. ... “The companies will continue to enjoy many overlap-
ping shareholder and personal relationships,” the memo said.
Industry observers said the founders of Pop.com, which has
never aired a single show or launched its Web site, are looking
Jfor a graceful exit strategy out of the venture, which has been
plagued by infighting and uncertainty about the company’s di-
rection and business plan...

Excerpt from Document 78 (memberships ug; =
0.319,u; = 0.252,11:2]' = 0.232,’&3]' =0.197):

The Oxford-based quintet’s acclaimed fourth release,
“Kid A,” opened at No. 1 with sales of 207,000 copies in
the week ended Oct. 8, the group’s Capitol Records label said
Wednesday. The tally is more than four times the first-week
sales of its previous album.

The last Stateside No. 1 album from the U.K was techno act
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Prodigy’s “The Fat of the Land”’ in July 1997. That very same
week, Radiohead’s “OK Computer” opened at No. 21 with
51,000 units sold. It went on to sell 1.2 million copies in the
United States...

TABLE IV
DISTRIBUTION OF THE 50 DOCUMENTS FROM EACH CLASS INTO THE 4
CLUSTERS
0 [ Cluster1 [ Cluster 2 || Cluster 3 [ Cluster 4 ]|
I [ (business) ]| (entertainment) [[  (mews) [ (sports) |
class 1 48 1 1 0
class 2 7 31 5 7
class 3 2 1 47 0
class 4 0 0 3 47
TABLE V
TERM RELEVANCE FOR THE TOP SIX RELEVANT WORDS IN EACH
CLUSTER
Cluster #1 ]| Cluster #2 Cluster # 3 Cluster #4 ||
Yi(k) Wy || Vack) | Wik) || Y3k Wk) || Vak) | W(k)
0.029 | compani || 0.031 { film [j 0.016 | polic [[ 0.025 [ game
0.016 | percent || 0.012 | star |[ 0.011 | govern || 0.015 { season
0.011 share || 0.010 | week || 0.010 state || 0.010 plai
0.010 | expect || 0.008 dai || 0.009 | offici || 0.009 | york
0.008 | market || 0.008 | peopl || 0.009 | nation [| 0.009 | open
0.008 stock || 0.008 [ open [{ 0.009 sai [| 0.009 run

V. CONCLUSION

In this paper, we presented a new approach that performs
clustering and attribute weighting simultaneously and in an
unsupervised manner. Qur approach is an extension of the the
Fuzzy C-Means algorithm, that in addition to partitionning the
data set into a given number of clusters, also finds an optimal
set of feature weights for each cluster.

Our experimental results showed that Fuzzy-SKWIC is
needed when not all the features are equally relevant to all
clusters. This makes our approach more reliable, especially,
when clustering in high dimensional spaces, as in the case of
categorization of text documents, where not all attributes are
equally important, and where clusters tend to form in only sub-
spaces of the original feature space. Also, for the case of text
data, this approach can be used to automatically annotate the
documents.

Since the objective function of Fuzzy-SKWIC is based on
that of the the Fuzzy C-Means , it inherits most of the advan-
tages of C Means-type clustering algorithms, such as ease of
computation and simplicity. Moreover, because the Fuzzy C-
Means has been studied extensively over the last decades, the
proposed approach can easily benefit from the advances and
improvements that led to several K Means and Fuzzy C-Means
variants in the data mining and pattern recognition communi-
ties. In particular, the techniques developed to handle noise
[17], to determine the number of clusters [18], to cluster very
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large data sets [19], [20], and to improve initialization [21].
We are currently investigating these extensions.
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