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Type-1I fuzzy neural networks with self-organizing recurrent
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Abstract: To solve the noise interference issue for the dynamic time-varying system identification pro-
cessing, a type-1I Fuzzy Neural Network (FNN) with self-organizing recurrent intervals is proposed to
enhance the system robustness against the noise. This type-Il fuzzy neural network is composed of
two parts. The antecedent part takes the type-1I fuzzy-set model to form the feedback-loop internally
by feeding the acting strength of each rule, and it uses an algorithm of gradient-descent method for pa-
rameter learning. The consequent part takes the Takagi-Sugeno-Kang (TSK) model and uses an rule-
ordered Karman filtering method for parameter learning in no initial network rules. All rules are gen-
erated from the simultaneous on-line parameter learning from both parts above, in which the network

structural learning takes the on-line interval type-Il fuzzy-set. To verify its advantages in perform-
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ance, the proposed neural network is compared with the feed forward type-1/type-II FNNs and recur-
rent type-l FNN in applications of the single-in-single-out dynamic time-variant system identification.
The experiment results indicate that the type-II fuzzy neural network (FNN) with self-organizing re-
current intervals has strong identification ability, and can reduce the errors of the training and test in
the present of various white noises.

Key words: type-II fuzzy neural network; self-organizing recurrent interval; Kalman-filtering; gradi-

ent-descent algorithm; noise disturbance; dynamic time-varying system identification
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