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Genetic Algorithm(GA) Optimized Neural Networks for
Anaog Circuit Fault Diagnosis

LUO Gang' CHEN Xiaoyun’* CHEN YU

1.Chengdu Elecyromechanica College Academic Administration Chengdu 610031
2.Changchun Institute of optics fine mechanics and physics chinese academy of sciences Changchun 130033

Abstract  Anintelligent diagnosis method based on integrate genetic a gorithm (GA) and BP Neural Networks is adopted in
this paper to diagnose the malfunction of the ana og circuit. The original weights and biases set by the traditional BP NN are
took place by the optimized data set by GA  and then the network is trained by advanced BP agorithm. After comparing
simulationresults  we can find that the train epochs of GA optimized BP NN decreased alot. Many disadvantages of tradi-
tional BP NN such aslow convergence speed  easy to fal into the local minimum points are overcome by using GA-BP.
Key words neural networks genetic algorithm analog circuit fault diagnosis
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