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(A On-Line Pattern Clustering Technique Using Fuzzy
Neural Networks)
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Abstract

Most of clustering methods usually employ a center or predefined shape of a cluster to assign
the input data into the cluster. When there is no information about data set, it is impossible to
predict how many clusters are to be or what shape clusters take. (the shape of clusters could
not be easily represented by the center or predefined shape of clusters) Therefore, it is difficult
to assign input data into a proper cluster using previous methods. In this paper. to overcome
such a difficulty, a cluster is to be represented as a collection of several subclusters representing
boundary of the cluster. And membership functions are used to represent how much input data
belongs to subclusters. Then the position of the nearest subcluster is adaptively corrected for
expansion of cluster, which the subcluster belongs to, by use of a competitive learning neural
network. To show the validity of the proposed method, a numerical example is illustrated.
where FMMC(Fuzzy Min-Max Clustering) algorithm is compared with the proposed method.
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Fig. 1. The distribution map of membership
value. (a) clover shapped cluster
(b) only one cluster prototype (c)
several cluster prototype.
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Fig. 2. Risk decision area arising in hyper-
box approach.
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Fig. 3. Basic Clustering Neural Network
(a) network configuration of BCNN
(b) logical expression of BCNN.
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Fig. 5. The Unit expansion vector of sub_
cluster. (a) the expansion vector of
two vectors (b) the expansion vector
of n vectors.
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Fig. 6. The interior and exterior of a cluster.
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SHE

Al6)e2 & ¥ZFel~F (sub—cluster)e 213
whake AP o 2N LFAE]Eo] AR A
oA "Heh, & FEHaHEE 53AHA S22
g w3iA "ol . "HA 9l e weko 2 &
A A pgeaer)l EAsal ¢dormg ¥
We] wgo 29 4 Fr A2 F-FeinE
wWeje] Abjle] "HastAl oh wd o 2AL 2
314 ZalA =HE Y wE] 3o 2L FFe
2El§ F71gie)

(=2 4)

7H22] (weight) WE] 2Fo] 9lejx] oH Felx
o] HFe|2elrl o2 Selay WEE A
RA(ZF 269 HAA)E wAslodo} g} o]F 43
317] slel thge 3AlZ ZHAS Hgoh wA,
74 7k 7] WE ($2u 2 WE, wh)E
A T, 7VEA WeE 24} dgeE o

Fel2ElE el 7153 Wel(wh) e 71 7t

7Fex] Hel (w09 w ot £33 Z92H30)

T, SeiaE el ZlEA WE(wh)e E2§
T8t7] Y8l Al(NE A4t o] o ANT)
1. Al 13 weleol] dFE AR +F
€] wEejol] gk AR HAFE Aelc)

;(W‘jk —w,,) Iz(wujk —W,,)

Wl (DAl vk == 2ahd ol e AAs
9 24 Ao YEelaE He S 83t Zelag
o] B o] Foix|A] gdech

I

BN
N

oo 2t o ru
e
- e

[>

>

(7

Cluster A Cluster B expansion of cluster A

05 |.. ./

02

. 2-d input space )
~ — —» input pattern XJ

(a) (b)

: sub_cluster

a8l 8 FelxE e adxel B¥ g FelsE
#2 (a) 25Ee] B¥ (b) SeixE B4
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Fig. 9. Configuration of parallel BCNN.
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Fig. 10. Procedure of cluster expansion.
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BCNN clustering for 2-D Gaussian
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Fig. 11.
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& 12. 2-D Gaussian random data Foll
3k FMMC &2l 2E 3
(Z=ixE #Hd =7] @ 15)

Fig. 12. FMMC clustering for 2-D Gaussian
random data. (the maximum
cluster volume : 15)
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E: 1. 2-D Gaussian random data ol
o3t BCNN confusion matrix, 3 :
71% class . ¥ : &% class

Table. 1. BCNN confusion matrix for 2-D
Gaussian radom data. row : reference
class, column : assigned class.

class 1 class 2 class 3 class 4
class 1 92 % 6% 0 % 2 %
class 2 0 % 100 % 0 % 0 %
class 3 0 x% 2 % 96 % 2 %
class 4 4 % 2 % 6 % 88 »

¥ 2. 2-D Gaussian random data Tl
g FMMC confusion
matrix., 3 : 7€ class, 9 ¥ class
Table 2. FMMC confusion matrix for 2-D
Gaussian radom data. row : reference
class. column : assigned class.

class 1 class 2 class 3 class 4
class 1 72 % 10 % 2 % 20 »
class 2 14 % 80 % 2 % 2 %
class 3 0 % 2 % 90 % 8 %
class 4 4 % 2 % 16 % 78 %

S 'V\'f;x
N A
\'\./I .,\/‘:7 -

223 13. 2-D Gaussian random data ¥l
¥ BCNN Z8l2613 (7 (0.33), 4 (0.
05), B (0.5), 7] ¥Fejx=g 470)

Fig. 13. BCNN clustering for 2-D Gaussian
random data. (7 (0.33). 4 (0.05). 8
(0.5), initial sub_cluster)
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213 14. 2-D Gaussian random data Fol d
g FMMC £ 263
(Z2lze] A 727] : 25)

Fig. 14. FMMC clustering for 2-D Gaussian
random data. (the maximum clus-
ter volume : 25)

¥ 3. 4-D Gaussian random data il
i3k BCNN confusion
matrix, 3 : 7] class . 4 ¥ dass
Table 3. BCNN confusion matrix for 4-D
Gaussian radom data. row : reference
class. column : assigned class.

class 1 class 2 class 3 class 4
class 1 90 % Z% 0 % 8 %
class 2 0 % 94 % 6 % 0 %
class 3 0 % 4 % 96 % 0 %
class 4 0 % 0 % 2 % 98 %

¥ 4. 4-D Gaussian random data 7]
gk FMMC confusion
matrix, 3 : 715 class , € : 9 class
Table. 4. FMMC confusion matrix for 4-D
Gaussian radom data. row : reference
class, column : assigned class.

class 1 class 2 class 3 class 4

class 1 82 % 6% 0 % 12 %

‘| class 2 2 % 88 % 4 % 6 %
class 3 0 x 4 % 90 % 6 %
class 4 2 % 2 % 16 % 80 x
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