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MULTI-CONDITION FAULT DETECTION BASED ON
SUPPORT VECTOR MACHINE IN DENSITY SPACE
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Guo Jinyu

Abstract In order to effectively detect multi-condition data, a multi-condition fault detection method based on
support vector machine(SVM) in density space is proposed. The local probability density method was used to preprocess
the multi-condition data to eliminate the influence of multi-condition data on the fault detection. In the density space, the
normal data and fault data were used to obtain the weight vector and displacement of SVM model. The validation data
and test fault data were used as input of SVM to monitor and detect them. The proposed method was applied to the
Tennessee-Eastman multi-condition process. The simulation results show that the fault detection effect of PCA and KPCA

is the best for some faults, while the detection effect of SVM is the best for some faults. The average fault detection rate

of SVM is better than that of PCA and KPCA. Therefore, different methods apply to different types of faults.
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