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The Design of Adaptive Fuzzy Polynomial Neural Networks Architectures
Based on Fuzzy Neural Networks and Self-Organizing Networks
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—

(Byoung-Jun Park, Sung-Kwun Oh, and Sung-Whan Jang)

Abstract : The study is concerned with an approach to the design of new architectures of fuzzy neural networks and the discussion of

comprehensive design methodology supporting their development. We propose an Adaptive Fuzzy Polynomial Neural Networks(APFNN)
based on Fuzzy Neural Networks(FNN) and Self-organizing Networks(SON) for model identification of complex and nonlinear
systems. The proposed AFPNN is generated from the mutually combined structure of both FNN and SON. The one and the other are
considered as the premise and the consequence part of AFPNN, respectively. As the premise structure of AFPNN, FNN uses both the
simplified fuzzy inference and error back-propagation learning rule. The parameters of FNN are refined(optimized) using genetic
algorithms(GAs). As the consequence structure of AFPNN, SON is realized by a polynomial type of mapping(linear, quadratic and
modified quadratic) between input and output variables. In this study, we introduce two kinds of AFPNN architectures, namely the
basic and the modified one. The basic and the modified architectures depend on the number of input variables and the order of poly-

nomial in each layer of consequence structure. Owing to the specific features of two combined architectures, it is possible to consider

the nonlinear characteristics of process system and to obtain the better output performance with superb predictive ability. The availa-
bility and feasibility of the AFPNN are discussed and illustrated with the aid of two representative numerical examples. The results

show that the proposed AFPNN can produce the model with higher accuracy and predictive ability than any other method presented

previously.

Keywords : adaptive fuzzy polynomial neural networks(AFPNN), fuzzy neural networks(FNN), self-organizing networks(SON),
group method of data handling(GMDH), genetic algorithms(GAs), design methodology
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Table 1. Types of regression polynomial.
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Fig. 4. Basic AFPNN architecture.
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Fig. 6. Input-output relation of nonlinear function.
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Table 2. Performance index of AFPNN with 4 rules.
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Table 3. Performance index of AFPNN with 6 rules.
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Fig. 7. Optimal architecture of the basic AFPNN : Case 2.
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Fig. 8. Learning procedure of the basic AFPNN : Case 2.
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Table 4. Comparison of identification errors with previous models.
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Table 5. Performance index of AFPNN with 2 inputs.
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Table 6. Performance index of AFPNN with 3 inputs.
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Fig. 9. Optimal architecture of the basic AFPNN : Case 2.
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Fig. 10. Learning procedure of the basic AFPNN : Case 2.
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Fig. 11. Optimal architecture of the modified AFPNN : Case 2.
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Fig. 12. Learning procedure of the modified AFPNN : Case 2.
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Table 7. Comparison of identification errors with previous models.

Model PI E PI
Kim, et al.'s model[14] 0.034 0.244
Lin and Cunningham’s modelf16] 0.071 0.261
Oh and Pedrycz's Fuzzy model[17] 0.020 | 0271
Oh's Fuzzy model[18][22] 0.020 0.264
Oh's Adaptive FNN[19] 0.021 0.332
Case 1 0.0216 0.270

718 7=
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2949

Case 1 | 0.0181 0.246

Hygd =
Aoty g Case 2| 0.0176 0.250
(AFPNN) Case 1| 00164 | 0.104

718 Rx
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