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Comprehensive fault eval uation on maglev train based on estimation
of disribution algorithms
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Absgtract : To solve the problem of model parameter selection of traditional methods, a fuzzy fault evaluation method
based on the estimation of distribution algorithms (EDAS) is presented in this paper. In the proposed method, fuzzy
fault evaluation model's are learned by using EDAs, which makes the parameters of that optimized. And the obtained
model has the advantages of easy understandability and high computational efficiency. Smulation results on fault
evaluation of maglev trainsillustrate that the fuzzy fault evaluation methods based on EDAs have high precison and
the performance is better than other evol utionary algorithms and machine learning methods, and it isof great valuein
engineering application.
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