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Genetically Opimized Self-Organizing Fuzzy Polynomial Neural Networks Based on
Fuzzy Polynomial Neurons

o o2 TR T
(Ho-Sung Park - Dong-Yoon Lee - Sung~Kwun Oh)

Abstract - In this paper, we propose a new architecture of Self-Organizing Fuzzy Polynomial Neural Networks
(SOFPNN) that is based on a genetically optimized multilayer perceptron with fuzzy polynomial neurons (FPNs) and
discuss its comprehensive design methodology involving mechanisms of genetic optimization, especially genetic algorithms
(GAs). The proposed SOFPNN gives rise to a structurally optimized structure and comes with a substantial level of
flexibility in comparison to the one we encounter in conventional SOFPNNs. The design procedure applied in the
construction of each layer of a SOFPNN deals with its structural optimization involving the selection of preferred nodes
(or FPNs) with specific local characteristics (such as the number of input variables, the order of the polynomial of the
consequent part of fuzzy rules, and a collection of the specific subset of input variables) and addresses specific aspects
of parametric optimization. Through the consecutive process of such structural and parametric optimization, an optimized
and flexible fuzzy neural network is generated in a dynamic fashion. To evaluate the performance of the genetically
optimized SOFPNN, the model is experimented with using two time series data(gas furnace and chaotic time series). A
comparative analysis reveals that the proposed SOFPNN exhibits higher accuracy and superb predictive capability in
comparison to some previous models available in the literatures.

Key Words : Genetically Optimized Self-Organizing Fuzzy Polynomial Neural Networks (SOFPNN), Fuzzy Polynomial
Neuron (FPN), Multi-Layer Perceptron (MLP), Genetic Algorithms (GAs), Group Method of Data Handling
(GMDH)
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Table 4 Comparison of performance with other modeling
methods
Performance
Model Index
Pl | PI; {EPI
Box and Jenkir.'s model[16] 0.710
Sugeno and Yasukawa's model[17] 0.355
Xu and Zailu’s modell7] 0.328
Pedrycz’s modell8] 0.320
Chen'’s modell18] 0.268
Gomez-Skarmeta’s model(19] 0.157
Oh and Pedrycz’s model(20] 0.123]0.020 : 0.271
Kim, et al.’s modell[21] 0.055
Kim, et al.’s model(22] 0.034 | 0.244
Leski and Czogala's model{23] 0.047
Lin and Cunningham’s model{24] 0.071 :0.261
NNFS model[25] 0,128
FPNN[26] CASE 1 0.016 : 0.116
(SI=4, 5th layer) CASE I 0.016 : 0.128
PNNI[27] Basic 0.021:0.110
(SI=4, 5Sth layer) Modified 0.015:0.103
HFPNN[28] Triangular 0.019:0.134
(SI=4, 5th layer) Gaussian 0.021:0.119
Generic SOPNN[9] Basic SOPNN 0.027 | 0.021 : 0.085
(SI=4, 5th layer) Modified SOPNN 0.035 | 0.017 : 0.095
Advanced SOPNN[10] Basic SOPNN 0.020: 0.119
(SI=4, 5th layer)
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by the genetic algorithms
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Table 5 Comparison of performance with other modeling
methods
Model Performance Index
© PI | pI, | EPL i NDEI
0.044
Wang's model[29] 0.013
0.010
ANFIS[30] 0.0016:0.0015: 0.007
FNN model[31] 0.014 | 0.009
Recurrent neural network([32] 0.0138
Basic Case 1 0.0011:0.0011 0.005
(5th layer) Case 2 0.0027:0.0028: 0.011
NN(10
SONNL10) Modified Case 1 0.0012:0.0011 0.005
(5th layer)
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