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Abstract

Prototype based methods are commonly used in cluster analysis and the results may be highly
dependent on the prototype used. In this paper, we propose a fuzzy clustering method that involves
adaptively expanding convex polytopes. Thus, the dependency on the use of prototypes can be
eliminated. The proposed method makes it possible to effectively represent an arbitrarily distributed
data set without a priori knowledge of the number of clusters in the data set. Specifically, nonlinear
membership functions are utilized to determine whether a new cluster is created or which vertex
of the cluster should be expanded. For this, the membership function of a new vertex is assigned
according to not only a distance measure between an incoming pattern vector and a current vertex,
but also the amount how much the current vertex has been modified. Therefore, cluster expansion
can be only allowed for one cluster per incoming pattern. Several experimental results are given to
show the validity of our method.
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Clustering results for clover shaped data set.
(a) clover-shaped data set. (b) clover
shaped data set represented by only one
point-type prototype (c¢) clover-shaped data
set represented by (d) clover-shaped data
set represented by a five point-type
prototypes
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Fluctuating(unstable) membership assign-
ment due to a contraction process:

(a) initial state, (b) results after expan-
sion, and (c) results after contraction.
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Fig. 3. Fluctuation due to contraction process.
(a) If an input x is included in a convex
polytope B, there is not any hyperplane
separating x from B. (b) If an input x is
not included in a convex polytope B, a
hyperplane separating x from B exists.
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Fig. 4. Relation between an input vector X and a
cluster B
(a) An input vector and a normal vector
heading to a cluster B from separating
hyperplane exist in the same half space (b)
normal vectors described described based on
origin.
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Separating Hyperplane Detecting(SHD) e}
Given an input vector x;

o)

Obtain expansion unit vector ef’:”%:—z—:’:ﬂ,iz
whereis ' denotes the ith vertex vector in the
kth cluster;

Among m expansion vectors ef, arbitrarily select an

expansion vector, ef, as a reference vector;

FOR all expansion unit vectors for the k-th cluster

except for ¢f DO

Compute ff given as
R
ller + &

ENDFOR

Set interior = FALSE;

(The input pattern is initially assumed to lie outside
the kth cluster)

REPEAT .

IF ff- < 0 THEN (3
Set interior = TRUE;
(The input pattern is in the interior
side of the kth cluster)
ENDIF
UNTIL (interior = TRUE);

for all i+ j.; (2)
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Fig. 5. Cluster modification
(a) substitution of an existing vertex with a
new one (b) addition of a new vertex.
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Convexity Test (CT) &dxe&
Set convexity = TRUE;
1=0;

WHILE (convexity = TRUE AND : =+ total
number of k-th cluster vertices)
Increment i;
Construct a convex set Ci with all
vertices except for i-th vertex;
Apply the SHD algorithm i-th
vertex and vertices of Cj;
IF interior = TRUE THEN

Set convexity = FALSE,

END IF

END WHILE

Set vertex number

Convexity Test After Modification (CTAM) <3t
#}E
Construct a new cluster with input pattern x
as a new vertex and all the vertices of the
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k-th cluster;

Apply the CT algorithm;

IF convexity = FALSE THEN
Replace x by its nearest neighboring
vertex;

END IF
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Membership function plots for a 2-D square
shaped cluster for various fuzzification
factors (7 ) using a normalized distance (i.e.,
A=1)
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Fuzzy Convex Clustering(FCC) ¥¢322]&
Set all necessary initial parameters;
FOR an input pattern x, DO
Apply the SHD algorithm;
IF x is determined to lie outside all existing
clusters THEN

Find g%(x), for all i and k;

Find k and m(k) by using (7);

IF m(k) > threshold value § THEN
Apply CTAM algorithm to expand k-th
cluster;

IF Intra-expandability is larger than a
threshold value ? THEN
Discard the results of the CTAM
algorithm;
/x B FelaEle] mr)7h odA
7] o)Al A +/
Create a new cluster;
ENDIF
IF Overlapping of a newly expanded
cluster by CTAM algorithm is detected
THEN
Discard the results of the CTAM
algorithm.
fe BAR FHEY} TR FelzEs)
Ae] dofhe A%
Create a new cluster.
ENDIF
ELSE
/x B4R Fe|2Er) g sk E8l2E]
o 3t ot dA ofsial 7 «/
Create a new cluster.
ENDIF
ENDIF
ENDFOR

IV, x| #AdA Se{Ae AE(Fuzzy
Convex Cluster Merging) ¥12|&

FCC dxE|&s AH43 F A3p vif g 4
2E1E WA 5 gk o|2RE A9E Hs E8a
B A daelEs skt A SRl2Eet k
wa) FeAE7Y) Ad3e o7 3r|=n AE F=
2= jHA Sel2Ele] BE vertexe} kA SeA
B7ke] RE vertex 52 EF3HA st oy Z=
2e|7ke) AgE dEly] feids 1A o" Feia
HES 23 AaVlE AAstdol gk o]F sl
5 Fe2e7ke] MHEE o Al®)F o] A3t
32} ok ojedt El2El7r wiA kel Al ¢
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Fuzzy Convex Cluster Merging (FCCM) <ie]
=
Let A and A be two clusters. And choose an
initial value of &,
FOR each vertex of A* DO
FOR each vertex of A’ DO
Find 4Gk in (9);
Find e .0) and & (k) in (4);
Find ey () in (8);
IF &4 ,.0)< 6 THEN
d is repeated by &y LU)
Perform j & k;
FOR each vertex of j & & DO
Apply the SHD algorithm to
eliminate all possible interior
vertices of j & k;
ENDFOR
ENDIF
ENDFOR
ENDFOR
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3% 7. FCC €& 43 4 (b—h)
Fig. 7. A demonstration of the FCC algorithm.

S el

a2l 8. FCCM ¢xeElE 3 A (a—d)
Fig. 8. A demonstration of the FCCM algorithm.
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Fig. 9. An experimental results of FCC and FCCM
algorithms for Nagy's data set.
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Fig. 10. The 2-level fuzzy clustering results for the
iris data using features 3 and 4.
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(C : Real Class R: Generated Class)

SR N
1 | 50 1 | 50
2 481 2 2 4713
3 10] 40 3 6 |44
(a) (b)
CS@ 1 2 3 Cﬁ 1 2 3
1 50 1 50
46 4 2 48] 2
3 6 |44 3 4 |46
(©) (d)
38 11.4-D IRIS dlolele] Fejxey Aik (a)
FMMCNN : (Fd=7] : 0.1), (b) FMMCNN

(F=7] 1 008), (¢) FCC & FCCM (4=
08, £=01, §=0.02), (d) FCC & FCCM (4
=0.8, £=0.08 ¢=0.02)

Fig. 11. Confusion matrices for various maximum

allowable cluster sizes of the Iris data
using all four features.
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