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Design of a Fuzzy Controller Using Genetic Algorithms
Employing Random Signal-Based Learning

33 S

4 H o

(Chang-Wook Han and Jung-II Park)

Abstract

: Traditional genetic algorithms, though robust, are generally not the most successful optimization

algorithm on any particular domain. Hybridizing a genetic algorithm with other algorithms can produce better
performance than both the genetic algorithm and the other algorithms. This paper describes the application of
random signal-based learning to a genetic algorithm in order to get well tuned fuzzy rules. The key of this
approach is to adjust both the width and the center of membership functions so that the tuned rule-based
fuzzy controller can generate the desired performance. The effectiveness of the proposed algorithm is verified

by computer simulation.
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Table 2. Centers and widths learned by genetic
algorithms only.

PR NB NM ZE PM PB
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Table 3. Centers and widths learned by random

signal-based learning only.

e \¢ NB NM ZE PM PB

NB | 096(1.2) | 1.02(0.8) | 0.32(1.0) | 0.44(1.0) | 0.32(1.2)
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PM | 046(1.0) | 0.08(1.0) | -0.38(1.0) | -0.46(0.9) | -0.92(1.0)
PB | -0.1(1.0) | -0.52(0.8) { ~0.42(0.9} | -0.98(0.9) | -0.86(1.0)
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