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ABSTRACT

This paper presents an Modified Orthogonal Neural Network(MONN), new modified model of
Orthogonal Neural Network(ONN) based on orthogonal functions, and applies it to nonlinear system ap-
proximator. ONN proposed by Yang and Tseng, doesn't have the problems of traditional multilayer
feedforward neural networks such as the determination of initial weights and the numbers of layers and
processing elements. And tranining of ONN converges rapidly. But ONN cannot adapt its orthogonal
functions to a given system. The accuracy of ONN, in terms of the minimal possible deviation between
system and approximator, is essentially dependent on the choice of basic orthogonal functions. In order
to improve ability and effectiveness of approximate nonlinear systems, MONN has an input transfor-
mation layer to adapt its basic orthogonal functions to a given nonlinear system. The results show that
MONN has the excellent performance of approximate nonlinear systems and the input transformation
makes the ability of MONN better than one of ONN.
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