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Process monitoring method based on support vector machine in kernel principal component space
GUO Jinyu, LI Tao,LI Yuan
(College of Information Engineering, Shenyang University of Chemical Technology, Shenyang, Liaoning 110142, China)

Abstract: In order to effectively improve the fault detection performance of support vector machine (SVM) in indus-
trial process, a process monitoring method based on SVM in kernel principal component space was proposed in this
paper. First, the kernel principal component analysis method (KPCA) was used to process the data and obtain the
kernel principal components. The Hotelling's T? statistic was calculated in the kernel principal component space. Then,
the time delay and time difference characteristics were added to the T? statistic and an augmented matrix was formed by
combining them. The augmented matrix of normal and fault data was used to train the SVM model. Finally, the SVM mod-
el was used to classify the test data to achieve effective fault detection. The proposed method was applied to a nonlinear nu-
merical example and the Tennessee-Eastman industrial process, compared with the PCA, KPCA, traditional SVM and KP-
CA-LSSVM methods, the experimental results further verified its effectiveness.
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