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Evolutionally optimized Fuzzy Polynomial Neural Networks Based
on Fuzzy Relation and Genetic Algorithms: Analysis and Design
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Abstract

In this study, we introduce a new topology of Fuzzy Polynomial Neural Networks(FPNN) that is based on fuzzy
relation and evolutionally optimized Multi-Layer Perceptron, discuss a comprehensive design methodology and carry
out a series of numeric experiments. The construction of the evolutionally optimized FPNN(EFPNN) exploits
fundamental technologies of Computational Intelligence. The architecture of the resulting EFPNN results from a
synergistic usage of the genetic optimization-driven hybrid system generated by combining rule-based Fuzzy Neural
Networks(FNN) with polynomial neural networks(PNN). FNN contributes to the formation of the premise part of the
overall rule-based structure of the EFPNN. The consequence part of the EFPNN is designed using PNN. As the
consequence part of the EFPNN, the development of the genetically optimized PNN(gPNN) dwells on two general
optimization mechanism: the structural optimization is realized via GAs whereas in case of the parametric optimization
we proceed with a standard least square method-based learning. To evaluate the performance of the EFPNN, the
models are experimented with the use of several representative numerical examples. A comparative analysis shows
that the proposed EFPNN are models with higher accuracy as well as more superb predictive capability than other
intelligent models presented previously. ;

Key Words : Evolutionally optimized Fuzzy Polynomial Neural Networks (EFPNN), Multi-Layer Perceptron(MLP),
Computational Intelligence(CI), Fuzzy Relation-based Fuzzy Neural Networks(FNN), genetically optimized PNN(gPNN)
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