J

Check for
updates

Journal of KIIT. Vol. 17,
http://dx.doi.org/10.14801/5kiit.2019.17.8.21

A

NAB2HS 0] 83 HA| [F - THEN 3 AA| 9

o &t

2

F

P
rol

= I % *
3

Fuzzy IF - THEN Rules Refinement Method Using Neural
Networks

Chan-Uk Yeom*, Hansoo Choi**

No. 8, pp. 21-28, Aug. 31, 2019. pISSN 1598-8619, eISSN 2093-7571 21

A2 HE Ee FE22 AFAT TobolA AE7t A" e A= AR HA [F-THEN 713 E&
EGAT 229 7H &3] AHgEHE D E70IH, AFA T de] HE&Eth Training data®] &% T
AFZ Y A9 2 B 9Q1E "o, HolHZRH F5¥ HA IFTHEN 732 & 4
S 27 Xt o] A sty W F2H HA IFTHEN #3E5 AAste A A48 4 o
[F-THEN +3€ W gee s A3 299 A4 7tesX5d it metA IFTHEN 2Eo] AA
= AAIEG g5 o3 ol A g Aok I gErEES AY A4E WA Y FAH Fojtt
B dAFodA e 7 Y AR she] 177 A3 R 93 FxE it

Abstract

Knowledge acquisition or extraction is regarded as the bottleneck of expert system development in the artificial
intelligence field. Fuzzy IF-THEN rules are the most commonly used representation tools of knowledge with
uncertainty and have wide applications to artificial intelligence. Due to many uncertain factors such as the
insufficiency of training data and limitations of the methods of rule extraction, fuzzy IF-THEN rules extracted from
data by using the previous methods are not likely to have a satisfying performance. In this case, one can consider
that the extracted fuzzy IF-THEN rules require a refinement. The parameters in the IF-THEN rules correspond to
connection weights of the neural network, and therefore, the refinement of IF-THEN rules can be completed by
training the neural network. The parameters are center and width of membership function with linear triangle shape.
In this study, two antecedent parts and a consequent part are tuned by neural networks.
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