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Abstract : This paper deals with a nonlinear system modelling using neural network and genetic algorithm. Application of neural network
‘o control and identification is actively studied because of their approximating ability of nonlinear function. It is important to design the
neural network with optimal structure for minimum error and fast response time. Genetic algorithm is getting more popular nowadays
Aecause of their simplicity and robustness. In this paper, we optimize a neural network structure using genetic algorithm. The genetic
wlgorithm uses binary coding for neural network structure and searches for an optimal neural network structure of minimum error and
iast response time. Through an extensive simulation, the optimal neural network structure is shown to be effective for identification of
“onlinear system.
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Fig. 9 Identification error between the real system and the
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