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Nonlinear system fault prognosis based on SVM and Kalman
predictor
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Abstract : For Kalman predictor performing worse in nonlinear system fault prognoss, a Kalman predictor with
innovation predicted by support vector machine is presented. Kalman predictor is conducted with canonical variate
analys s subspace model. Time series support vector machine is trained to predict future innovation. Then, one step
ahead and multi-step ahead fault prognosis are implemented by Kalman predictor with future innovation. The
smulation results on CSTR indicate that the proposed method can predict the deterioration trend of fault process
accurately , prognose possble fault , and gain maintenance time for operators.
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