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Abstract: Feature selection and parameters optimizaton of th e fault dassifier can enhance the fault diagnosis accuracy. Using the
interdepe ndent re lationship between the feature selection and classifier parameter, a method of j oint optimization of feature selection
and classifier parameters is proposed to impr ove the diagnosis accuracy. By using the method we adopt the support vector mach ine
(SVM) as afault classifier, take into account of the radius-margin bounds for the accurac y evaluati on of SVM dassifier, and applies
genetic algorithm (GA) to solve the joint opti mization problem. In the gear fault diagnesis experiment, the joint optimization method
guarantees better diagnosis accuracy and the optimization process has a higher rate than the single optimization of features or SVM
parameters. So the j oint optimization of fauk features and classifier can fast achieve the better diagn osis accuracy i fault diagnosis.
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