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Nonlinear System Control Using Othogonal Neural Network

Sung-Sik Kim. Young-Seog Lee, Dase-Chan Ahn, Bo-Hyeok Seo
Department of Electrical Engineering. Kyungpook National University

Abstract - This paper presents an Orthogonal
Neural Network based on orthogonal functions and
épplies the network to nonlinear system control. The
Orthogonal Neural Network doesn’t have the problems
of traditional feedforward neural networks such as the
determination of initial weights and the numbers of
layers and processing elements, In this paper,
Orthogonal Neural Network is modified already
introduced one by input transformation. The results
show that the modified neural network has the better
performance than existing one and performance of
controller using this network is good.
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