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Nonlinear time series fault prediction by multiple kernel-learning
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Abstract: A novel fault prediction method based on multiple kernel-learning is proposed for fault prediction in nonlinear
time series. In the support-vector regression, the multiple kernel-learning will reduce the number of support vectors, and
improve the performance of the prediction model. Furthermore, the normal prototypes could be extracted by conducting
subtractive clustering on the mixed kernel space defined by multiple kernel-learning. The proposed method is applied to
a continuous stirred-tank reactor(CSTR) for fault prediction. Simulation results indicate that this method predicts faults

quickly and accurately.
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