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Fuzzy Rule Identification System using
Artificial Neural Networks

Moonsuk Jangt and  Duk Chul Chang't

ABSTRACT

It is very hard to dentify the fuzzy nules and tune the membership functions of the fuzzy reasoning in
fuzzy systems modeling We propose a method which canautormatically dentify the fuzzy rules and tune
the membership functions of fuzzy reasoning simultaneously using artificial neural networks In this model,
fuzzy rules are identified by backpropagation algorithm The feasitility of the method is smulated by a

simple robot rmanipulator.
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(Table 1) Initid weights of robot manipuator.

(a) Initial weights of joint 1

WCl wC2 we3 WC4
1.680| ©.888, -8.643 0.607¢
1.8688 | —0.886 8.8688 0.8600
1.868| 0.9688 8.885 a.802
1.800 | -9.889 | -8.806 0.888
1.668 | @.865 0.00 | —0.968
1.868| 0.683 9.008 | —0.0688
1.608  9.910 8.863 a.889
1.668 | -8.886 8.886 0.a08
1.688 | 8.882 0.8a83 A.688

(b) Initial weighis of joint 2

¥C] w2 wC3 wC4
18688 6.682| -0.684| 0.868
1068 | 6.0687| 0.6801| 0.88¢
18808 | -6.681,| -0.0606 | -0.085
168688 | 6.881. 0.885| -0.863
1.868 | 6.6868 | -8.987 | ©.868
10688 | -8.682, -0.684| O.660
1.868 | -6.861 | -8.882 | 9.6487
1908 | 6.8603| -9.6001| @.883
1866 | -8.8685 | -68.604| 0.818
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(Fig. 4) The resut after the second learming
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(Fig. 5) The resut after the 10th leaming
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(Table 2) Identified weights after 10th learning.

{a) ldentified weights of joint 1

VCl WC2 WC3 wC4
1.873| 8.318| 0.122| 8.215
1.339| 46.839] B8.319 8.817
1.838| -6.2687| 0.882(-8.116
1.118| 8.371| 0.2068]| 8.254
1.324| 8.157| 8.879| 08.127
1.826) -8.843| 0.251 09.847
1.6687| 8.187| 0.832)| -8.847
1.113] 8.471) ©8.146| 0.827
1.818| @4.159| B0.6680| 6.897

(b) Identified weights of joint 2

WCl wC2 WwC3 WwC4
1.315 | -B.668 | 0.342 | 0.4Z7
2.259 {-1.819 | A.916| 0.833
1.159 | -8.462 | 8.219 | -8.386
1.157 | -8.269 | 8.538 | 0.1Z8
1813 | 8.288 | 1.528 | 8.145
1.116 | 8.838 | 8.514 | 0.886
1.175 | B.482 | 0.248 | -8.322
2292 | 1.827 | 6.985| 0.68408
1363 | 0.688 | 8.384 | @.516
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