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Design of Advanced Self-Organizing Fuzzy Polynomial Neural Networks Based
on FPN by Evolutionary Algorithms

w3 A, oA"Y, Qe
(Ho-Sung Park, Sung-Kwun Oh, and Tea-Chon Ahn)

Astract - In this paper, we introduce the advanced Self-Organizing Fuzzy Polynomial Neural Network based on
optimized FPN by evolutionary algorithm and discuss its comprehensive design methodology involving mechanisms of

genetic optimization, especially genetic algorithms (GAs).

The proposed model gives rise to a structurally and

parametrically optimized network through an optimal parameters design available within Fuzzy Polynomial Neuron(FPN)
by means of GA. Through the consecutive process of such structural and parametric optimization, an optimized and
flexible the proposed model is generated in a dynamic fashion. The performance of the proposed model is quantified
through experimentation that exploits standard data already used in fuzzy modeling. These resuits reveal superiority of
the proposed networks over the existing fuzzv and neural models.
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Parameters 1% ~3%
Maximum gen 100
Total population size 300*N°'n(gdé5t layer
Crossover rate 0.65
Mutation rate 0.1
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Selected input 2 1.08e-5 3.11e-16

variables 3 6.63e-22 4.21e-23
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Sugeno model[S] 0.07%
Gomez-Skarmeta et al’s model{9] 0.0700
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