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Abstract

This paper proposes a classification method using an amorphous prototype to minimize
classification error caused by such fixed-prototype-based methods as Fuzzy C-Means, Nearest
Neighborring Classification, FMMCNN, and Fuzzy-ART. For this method, a new fuzzy neural
network is introduced, in which a convex polytope is generated or adaptively reshaped to classify
the given datum into a proper group. Thus, this method contains a function to classify sequential
data set. To show the validity of this method, various numerical experiments including comparison
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results with FMMCNN are presented

=

I. M

[

A BFe Be 2 LA o4 S Fa
@ ooleh e3hgA), Al AA 2, Zrea,
s QY @ BE ¥4 $eAcREe A9e A%
Al 2] 1T 6 Bam Do meld, Ax

* IEgR, BRAE ARA~E AY

(Dept. of Schools of Information Systems Heychon
College)

*OEER, ERARR BER BT TEH

(Division of Electrical and Computer Engeering,
Hanyang University)

B BF2000478 521 B, 94 $H8: 200060918 H

(316)

ge] qlHat e S AR st 2F)
(classifien S 215 A3t} ol=3F W& -84 o
o, el 2519 ge g nuoi o3 A7
o] Hoigkch 7129 FMMCNN® o]t} Fuzzy
ART®| A= ol 23 13 29 olollA] Mol 7AH
2§39 A3o] Hyperbox2 TG mabs] 5o
Ego] Be o4 TP I B =Rdas
olelgt £AE Zol7] Sl st A <
o] AgA oz B cJu(Convex Polytope) & A
skz olelg de) chdAZ shie] fEoZ Al
t 9A AA sz o83 EHvE Akt

A7)d, Zzke] B2 e WA e B b
O[S o]FolAglen, ol2idt de] 22 wx| g
032 o]3e7l AL ST T HHES epich o



2000 98 B ILeEH

& % 7z FUs] A6 G Be golEe 4
o,
349 BT 3R 9 dolHE Uehd 4 Qe
22 23
£ 34 ATE2 o170 Wk
ot
[ ]
. [ ]
a

3% 1. hyperboxel & FFEH
Fig. 1. Class Representation by hyperbox.

B

—

4T

=
TT
=]
-

I
BA

1552

33 2. 2% chAAd 9 $FIY
Fig. 2. Class Representation by Convex Polytope.

Ao T 9
2, o el dhal 4
She +fa%o] Bashel, of
TR Shie e fue=
RgARAAE el T

ol h} 25

oleldt AZAY 2HANE
A 5 A 2] B
Hom B8 A 7
2 T Ae ¥
FE ezl Basio
oA ZA7te) IRl 2 ¥4
AR e S1d] B4y Sds 3 44
FgzoayEs) 9 7 ¥49Y 285m0} 9@
o ol 7 phae] 1AL K °Jai
AeH T, fezoldE oleld 2%

2ol

st

=] Z-O]

_1

SEEE Yol AP FY 2sEE iezsa' A4
ek

w e o = s el £AeeR S
W, e-2lel B4E ARl THE 2% UG A%
o) &% 2 GRS PR AT Paaol
o, o Aoz P 2EHE 25E 108 7

it B3 4% TEH % 3R

(317)

115

O

2w, a1 AR F
HqY WeEe A4 £
Ak & =5 Rt 38 Fopld b AN w
e A R o2y *‘ﬂﬂi"“’* ol 4T EE
4 ¢ A 25 A

E =
0 e,

o g0 A G A ol
R Beh AAS 4

ol

L ¥ sele] 25 FHajulel 2dseAE 24

:@]-zw =2

TR ¥e oY Hde B vle 2%
o) AL [l FREEA olF AR 5 3
£ gaelEe ohest 2ol gekee] A S glek

NAL‘

Bl
ojw

Separating Hyperplane Detection(SHD)
Given an input pattern X ;
FOR all vertex vectors in k-th sub-class DO
Obtain expansion unit vectors e ? ;
END FOR
Arbitrarily select expansion vector ¢ ¥, as a
reference vector among m expansion unit
vectors
FOR all remaining expansion unit vectors DO
Compute resultant unit vector f £ ;
END FOR
Set interior = FALSE
(The input pattern is initially assumed to lie
outside the k-th sub-class) ;
Set resultant unit vector pair number ¢ =0 ;
WHILE(interior=FALSE AND ¢ # total number
of resultant unit vector pairs)
Increment ¢
IF 7% <0 THEN
Set interior =TRUE
(The input pattemn is in the interior side of the
k-th sub-class) ;
END IF
END WHILE
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Convexity Test(CT) Algorithm
Set convexity = TRUE ;
Construct an arbitrary sub-class C; with all vertices

except for a !
(the arbitrary sub-class need not be convex) ;
Apply the SHD algorithm with « # and vertices of
Ci;
IF interior = TRUE THEN
Set convexity = FALSE ;
END IF

Convex sub class Modification (CCM) Algorithm

Construct a new sub-class with input pattern x as
a new vertex and all vertices of k-th
sub—class

Apply the CT algorithm with input pattern x and

the k-th sub-class ;

IF convexity = FALSE THEN

Discard vertex due to x from k-th sub-class ;

ELSE

FOR ali remaining vertices of k-th sub-class DO
Apply the CT algorithm ;
IF convexity = FALSE THEN
Store vertex a ¥ as a vertex to be removed ;
END IF
END FOR
Discard all vertices that are stored to be removed ;

END IF
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Fuzzy Convex Sub Class Expansion (FCSE)
Algorithm
Set all necessary initial parameter ; (4, ey, 8, 8)
Given an input pattem x ;
FOR all sub classes DO
Apply SHD algorithm ;
END FOR
IF interior = FALSE THEN
Set expandable sub class number
FOR all sub classes DO

Obtain ¥( x,) using (7) ;

=

0

Obtain £ *(x) using ) ;

IF 1*(x)> threshold value THEN
Increment 7 ;
Sort sub class indexes in decreasing
order according to corresponding

2%(x) values ;
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END IF
END FOR
Set expand = FALSE ;
Set expandable sub class index =0 ;
WHILE (expand = FALSE AND =+ total
number of expandable sub class)
Increment i ;
Expand sub class ¢ using CCM algorithm ;
Text following conditions for each sub class ;
1) Determine if size of expanded
sub class < g using (2) or (3) ;
2) Determine if no overlap is detected
between the expanded sub class and
the other current sub classes using SHD
algorithm ;
IF the above two conditions are satisfied THEN
Set expand = TRUE ;
k" = expanded sub class i ; END IF
END WHILE
IF expand = FALSE THEN
Create a new point sub class ;
END IF
END IF
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Classification

The output of the convex class hode represents the
degree tg:witch the input pattern X fits within the class j

Class Nodes

Classifier

U matrix

Convex Set
F5 Sub Class Nodes

} A set of V matrix

A¥(x)

Input Pattern

a8l 4. #HR7 2E AAT R
Fig. 4. Fuzzy Convex Neural Network Architecture.
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Fig. 5. Processing of convex set for F, node
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Fuzzy Convex-Set-Based Classification
Algorithm
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(FCSC)

Learn to total input pattern x ;
Define class ( C,;) with learned total input
pattern ;
Create an initial point sub class( A*) for
first training input pattern x ;
FOR remaining training input patterns x DO
Apply FCSE algorithm ;
Create sub classes ( A %);
END FOR
FOR Given an total input patterns x DO
FOR created all sub classes( A*) DO

Apply SHD algorithm;
IF interior = TRUE THEN
FOR defined classes ( C; DO
IF sub class ( A% is a convex set
for class( C;) THEN
Uy = TRUE;
Set C;=max A%
END IF
END FOR
END IF
END FOR
END FOR
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