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Abstract

In this paper, we proposed an optimazation method using Genetic Algorithm for nonlinear system modeling.
Fuzzy Neural Network(FNNs) was used as basic model of nonlinear system. FNNs was fused of Fuzzy
Inference which has linguistic property and Neural Network which has learning ability and high tolerence
level. This paper, We used FNNs which was proposed by Yamakawa. The FNNs was composed Simple
Inference and Error Back Propagation Algorithm. To obtain optimal model, parameter of membership functions,
dearning rate and momentum coefficient of FNNs are tuned using genetic algorithm. And we used simplex
algorithm additionaly to overcome limit of genetic algorithm. For the purpose of evaluation of proposed
method, we applied proposed method to traffic choice process and waste water treatment process ,and then
obtained more precise model than other previous optimization methods and objective model.
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Fig. 4.1. Traffic route choice model
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Table 4.1. Comparison with other modeling methods

Type PI
NNs 0.497
FNNs 1.178
FNNs(Complex) [10] 0.000493
ENNs(our model) 0.000000
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Table4.2. Comparison with other modeling methods

Type PI
Conventional Model {9] 0.816277
FNNs(Complex) [10] 0.293213
FNNs(GAs,Heuristic) [11] 0.111697
FNNs(our model, GAs) 0.323822
FNNs(our model, GAs+Simplex) 0.008425
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Fig. 4.2. PI of waste water treatment process
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