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Abstract

Uses of fuzzy logics in costrol systems are presented in this paper. Kosko's fuzzy associstive
memory (FAM) which is a buman-knowledge-base system has been shown mamy grest successes in the sea
of control systems. However, withost proper human knowledge, FAM does not case 1 be nsed.  Trainable
fuzzy logics impose the ability of leamning like of neural networks into fuzzy logic tystems. This leads the
trainable fuzzy logics being more interesting. This paper first showed a e of the FAM as a comtroller.
By imposing proper buman knowledge in to its fuzzy rule, good resuits of the control system are obtained.
Next, trainsblc fuzzy logic sysiems using Backpropagation training rule is presented. We first tested
performances of a trainable fuzzy Jogic with the ‘XOR' problem. Then a furzy controller was trained to
control a nonlinear plant. Good results were obtained. Furthermare, we observed that the computation-time
per iteration for training a fuzzy logic controller and a neural network controller is approximately the same.
However, the convergence rate of the trainsble fuzzy logics is better than of the newral network.
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4. CONTROL SYSTEMS USING TRAINABLE FUZZY LOGICS
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Appendix
The equation of nonlinear model of an inverted pendulum is

0 +m1)d8@’ = (kX /R) B/t + mgl sin®) + Gk /R) V.

The parameters arc

k, = 0.076 Nm/A k, = 0.078 Voitsec
R = 1.6 ohm. m = 025kg
g =9.8! m/sec2 ! =03 m

I =26eSkgm2 and G =3 volt/volt.





