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Abstract

In this study, we introduce a concept of advanced neurofuzzy polynomial networks(ANFPN), a
hybrid modeling architecture combining neurofuzzy networks(NFN) and polynomial neural
networks(PNN). These networks are highly nonlinear rule-based models. The development of the
ANFPN dwells on the technologies of Computational Intelligence(CI), namely fuzzy sets, neural
networks, and genetic algorithms. NFN contributes to the formation of the premise part of the
rule-based structure of the ANFPN. The consequence part of the ANFPN is designed using PNN,
At the premise part of the ANFPN, NFN uses both the simplified fuzzy inference and error
back-propagation learning rule. The parameters of the membership functions, learning rates and
momentum coefficients are adjusted with the use of genetic optimization. As the consequence
structure of ANFPN, PNN is a flexible network architecture whose structure(topology) is developed
through learning. In particular, the number of layers and nodes of the PNN are not fixed in advance
but is generated in a dynamic way. In this study, we introduce two kinds of ANFPN architectures,
namely the basic and the modified one. Here the basic and the modified architecture depend on the
number of input variables and the order of polynomial in each layer of PNN 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 availability and feasibility of the ANFPN are discussed and illustrated with the aid of
two representative numerical examples. The results show that the proposed ANFPN can produce the
model with higher accuracy and predictive ability than any other method presented previously.

Key Words : Neurofuzzy networks(NFN), Polynomial neural networks(PNN), Advanced
neurofuzzy polynomial networks(ANFPN), Computational Intelligence(CI), Group
method of data handling(GMDH), Genetic algorithms(GAs)
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[Step 3] Estimate the coefficients of a PD : 413
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[Step 4] Choosing PDs with the highest
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[Step 5] Termination condition : ¢378]&& F&
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[Step 6] Determining new input variables for the
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Fig. 9. Input-output relation of nonlinear function.
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Table 2. Performance index of ANFPN with 4
rules.

Ul W N =

0.0973
0.0550
0.0438
0.0318
0.0259

0.0653
0.0297
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0.0148

2 49
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Case 2
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Case 1 Type 2

2+2
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Table 3. Performance index of ANFPN with 6
rules.
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10. Optimal architecture of the modified

ANFPN in Case 1.
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Fig. 11. Leamning procedure of the modified ANFPN
in Case 1.
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Table 4. Comparison of identification errors
with previous models

Sugeno and Yasukawal7] 0.07
Gomez-Skarmeta et al.[8] 0.070
Kim et al.[9] 0.019
Kim et al[10] 0.0089
Case 1 0.0105
7| T2

ArEl vl Case 2 0.0153
(ANFPN) Case 1 0.0081

Wyl T
Case 2 0.0082
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Fig. 12. Optimal architecture of the basic ANFPN architecture in Case 2.
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k2 6. 343 ANFPN A5

Table 6. Performance index of ANFPN with 3
inputs.
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Table 7. Comparison of identification errors
with previous models.

Lin and Cunningham's model[12]

[ 0071

0.261

Kim's model[10] 0034 | 0244
Oh's fuzzy model[16] 0020 | 0264
Oh's FNN model{17] 0021 | 0332
Oh and Pedrycz’s fuzzy model(13) 0020 | 0.271
Case 1{ 00231 | 0.270
R
2 | 7 TE e ol oo [0z
| Wy 2z Case 1|| 00194 | 0.267
Ak 2 AR TE e 2 0019 | 0264
(ANFPN) z Case 1| 00198 | 0121
3 | 7 TE ol ooos 0.9
4 | yoym iz [Case 1] 0017 | 0115
O T Case 2 00177 | 0113
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