1996% 18 EFIEEHNEE £ 3% BR %1% 87

#wX96-33B-1-10

4 GaeEs o & HA - wiy L7119l AA 8

(A design of fuzzy pattern matching
classifier using genetic algorithms and its
applications)

ME LY, FEE*
(Soon-Won Jung and Gwi-Tae Park)

2 %

% Edde A2 Hx] el oA BF7l(fuzzy pattern matching classifier) AA W-& Agksld

ok 7189 HA A" e BRU)E AR glel BERCIS Al ZAAA 4% viHe 2% 3
(membership functions)®] 2ok} 7ol i3t A&t ARE &4 5 o). =i 2% F05 737 9
3]"’1 A8 Z2 (trial-error)¥y £-& 7ol 9&3h=(heuristic) el AH&sle] gich ey ol2jgl why

2tk $79) A=l disle] ALsr)el= A7) 91‘5} £ =FdAde 4 %
Eie 42 Fole 4% Fro| Y Bk} JieE 3] AT AR 4 Ak} §4 d3ElE
(genetic algorithms)< Zl3jele AEHH vl 7|-7§:i§} EAA daelEe] g B5or} ol o7 §
T HA3 FAlo] 4] FH B2 A 249 #E o} Fob B =Eelx §A d3E]EZe £F o=l
yhldlshe AT $4p(fitness function) 71RO Z 44 o mofa) SieE AAsed 29 $4
abire}Eel glojrle] AEBE 4 ‘?} g AR = Q4] Aske o5 Alde] A (reproduction)
Alol] od8kg v]x)A Hr}, 111"&5]“ = Elolo] HA AR oA oFEx} QAo HLsle] Hgkh A
3 dspe 2 ubyo] f83E i"ﬁlr"%.

Abstract

A new design scheme for the fuzzy pattern matching classifier (FPMC) is proposed. In
conventional design of FPMC, there are no exact information about the membership function
of which shape and number critically affect the performance of classifier. So far, a trial and
error or heuristic method is used to find membership functions for the input patterns. But
each of them have limits in its application to the various types of pattern recognition problem.
In this paper, a new method to find the appropriate shape and number of membership
functions for the input patterns which minimize classification error is proposed using genetic
algorithms(GAs). Genetic algorithms belong to a class of stochastic algorithms based on
biological models of evolution. They have been applied to many function optimization problems
and shown to find optimal or near optimal solutions. In this paper, GAs are used to find the
appropriate shape and number of membership functions based on fitness function which is
inversely proportional to classification error. The strings in GAs determine the membership
functions and recognition results using these membership functions affect reproduction of next
generation in GAs. The proposed design scheme is applied to the several patterns such as tire
tread patterns and handwritten alphabetic characters. Experimental results show the use-

fulness of the proposed scheme.
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Fig. 1. Example of Membership functions.
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fitness = 1 + classification _error
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Fig. 5. Original images of tire tread pa-
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(a) Tire tread pattern p
(b) Tire tread pattern
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Table 1. Feature vectors for the sample
tire tread patterns.
e ikl I IR SR S S S
P 1714 931 1750 1743 111 926 2410 2327
P 822 1163 2195 2134 345 1551 2342 2433
3 525 1801 4271 3885 983 2237 3927 4616
124 1427 836 1599 1697 205 882 2055 2137
s 803 1285 2378 2252 288 1282 2344 2262
o 1216 895 1907 2046 2680 1218 2267 2415
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A FHWNAE { P, P, . P 2 Ve p

Peoll &3k *‘HE“lE’r 5}1} -rr’H dv2]EE s}
=4l 9leiA Aldle(number of generation)+ 100,
Heb(number of population)t 2022 3}glon,
2l 2hE-(crossover probability) W Bl We] 3
E{(mutation probability)& P..P,& 2zt 1.0 .
0.1 2 sigich
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Fig. 7. Maximum fitness and average fit-
ness in genetic algorithm.
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Fig. 9. Handwritten alphabetic characters.
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Table 2. Feature vectors for the sample
alphabetic character patterns.

Fealures

Pattems Ik b s f F K B fofufe
A 73 01221 117 23475
B 02412 66 12 9 02
C 303490 11 11530 2
D 12300 23 08616
E 10010 98 98000
F 200 3 0 028 1216 2 719
Z 36 410 02 87 80 2
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No. of generation
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Maximum fitness and average fit-
ness in genetic algorithm.
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