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Design of Artificial Neural Networks for Fuzzy Control System

Moonsuk Jang !

Duk Chul Chang '’

ABSTRACT

It is very hard to identify the fuzzy rules and tune the membership functions of the fuzzy in-
ference in fuzzy systems modeling. We propose a fuzzy neural network model which can
automatically identify the fuzzy rules and tune the membership functions of fuzzy inference
simultaneously using artificial neural networks, and modify backpropagation algorithm for 1m-
proving the convergence. The proposed method is verified by the simulation for a robot manipu-

lator.
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(Fig. 6) The first trial

(B 1) 2HE oj{ZallolE{e =7| 7154
(Table 1) Initial weights of robot manipulator

(a) Initial weights cf joint 1

Wel Wee W3 Weq
1.868 | 8.606 -0.068 |-0.868
1.0660 (-0.609 |-0.868 |-0.8082
1.608) 0.085! 8.866 | 6.883
1.860 | 0.6089 | 0.989 -0.810
1.8080 (-8.081 -0:810 |-8.885
1.060 (-0.018 | 0.664 (-0.801
1.008| 6.086 | 8.68685 [-0.8606
1.666 |-0.8008 (-0.681 |-0.809
1.600 | 0.900 |-0.083 |-0.885

{b) Initial weights of joint 2

o ep Wea eq

1.860 -0.016|-0.006| 0.868
1.6080| 9.008|-0.604 7.883
1.008| 8.003| 0.082 0.809
1.6008| 0.903|-0.6881-0.882
1.608| 0.005|-0.000 0.802
1.000|-0.004| 8.607| 0.A91
1.088)| 0.004| 8.908 0.887
1.6800 -8.9085, 0.802 0.885
1.0680 -8 .009|-0.6003 6.896
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(B 2) 103 85 %2 7iE%| @
(Table 2) Identified weights after 10th learning

(a) ldentitied weights of joint 1

Wer Wez Wes Wea
1.841-8.242| 8.991] 9.144
1.267 |8.748| 0.240 | 8.821
1.818|-8.161| 9.068 |-8.891
1.887|-0.334| 8.2083| 0.283
1.288!-8.129! 8.831 9.131
1.813|-8.661| 8.176-9.849
1.6682| 9.861| 8.018 -0.030
1.883| 9.411| 8.878| 0.9083
1.885| 9.892| 6.821| 8.044

(b) Identified weights of joint 2

LA Wes Wea Wes
1.255{-8.587| 8.293| 8.487
1.983|-1.571| 9.711| 8.830
1.113|-8.391| 98.193}-8.244
1.118(-8.240( 6.442| 8.175
1.892| B8.169| 1.636| 8.143
1.886| 8.878| 8.450| 0.847
1.882| 6.338| 8.161(-0.195
1.983| 1.588| 0.665; 6.848
1.162| 6.467| 8.229| 8.383
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(Fig. 9) Simulation 2
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