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Design of Self-Organizing Networks with Competitive Fuzzy Polynomial Neuron
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*School of Electrical & Electronic Engineering, Wonkwang Univ.
**Dept. of Electrical Engineering. Suwon Univ.

Abstract - In this paper. we propose the
Self-Organizing Networks(SON) based on
competitive Fuzzy Polynomial Neuron{FPN) for
the optimal design of nonlinear process system.
The SON architectures consist of layers with
activation nodes based on fuzzy inference rules.
Here each activation node is presented as FPN
which includes either the simplified or
regression polynomial fuzzy inference rules. The
proposed SON is a network resulting from the
fusion of the Polynomial Neural Networks(PN
N) and a fuzzy inference system. The conclusi-
on part of the rules, especially the regression
polynomial uses several types of high-order
polynomials such as liner, quadratic and
modified guadratic. As the premise part of the
rules, both triangular and Gaussian-like
membership functions are studied. Chaotic time
series data used to evaluate the performance of
our proposed model.
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