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ABSTRACT

In this paper, we propose the Multi-FPNN(Fuzzy Polynomial Neural Networks) model based on FNN and
PNN(Polynomial Neural Networks) for optimal system identification. Here FNN structure is designed using
fuzzy input space divided by each separated input variable, and utilizes both the simplified fuzzy inference
method and the back-propagation algorithm. PNN is combined with FNN in order to get better output
performance. Each node of PNN structure based on GMDH(Group Method of Data Handling) method uses
two types of high-order polynomials such as linear and quadratic, and the input of that node uses three kinds
of multi-variable inputs such as two, three, and four. And we use a HCM clustering method and Genetic
Algorithms(GAs) to identify both the structure and the parameters of a Multi-FPNN model. Here, HCM
clustering method, which is carried out for data preprocessing of process system, is utilized to determine the
structure of Multi-FPNN according to the divisions of input-output space. A aggregate performance index with
a weighting factor is used to achieve a sound balance between approximation and generalization abilities of
the model. According to the selection and adjustment of a weighting factor of this aggregate abjective function
which depends on the number of data and a certain degree of nonlinearity(distribution of /O data), we show
that it is available and effective to design an optimal Multi-FPNN model. The study is illustrated with the aid
of two representative numerical examples and the aggregate performance index related to the approximation
and generalization abilities of the model is evaluated and discussed.
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Table 1. Performance Index of Multi-FPNN(c = 4)
0 s 2Ug 3999 4219
PI E PI PI E PI PI E _PI
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Table 2. Comparison of identification errors with conventional

models
2 PI E PI
Fuzzy model[6] Simplified 0.024 0.328
(Complex) Linear 0.021 0.364
Fuzzy model[10J(GA) Simplified 0.022 0.333
Adaptive FNN model[11] 0.021 0.332
GA 0.026 0.304
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Table 3. Performance Index of Multi-FPNN(c = 3)
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Table 4. Comparison of identification errors with conven-
tional models

=) PI E PI
A3 23] 127 111
GMDH[14] 47 5.7
model I 1.5 2.1
Sugeno's model [8]
model II 1.1 36
Shin-ichi's modet ~ Typel 0.84 122
[15] Type 2 073 128
6=05 0.299 0.292
Our model
. =10 0.299 0.527
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