5 e 3.

KPCA LS -SVM

1 2 2
(1. 730070;
2. 730050)
(KPCA)
KPCA 7" SPE
o Tennessee Eastman( TE)
:0212.4 tA : 1000 —0682(2012) 05 —0003 - 05

A fault diagnosis algorithm of chemical industry process
based on KPCA and LS -SVM
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2. College of Electrical and Information Engineering Lanzhou University of Technology Lanzhou 730050 China)

Abstract: When kernel principal component analysis( KPCA) method is applied to the onHine moni-
toring of complex chemical industrial process primary fault sources are usually difficult to identify. So an
integrated fault identification method based on KPCA and least squares support vector machine ( LS —
SVM) is proposed. First the data are analyzed by using KPCA T° and SPE are constructed in the feature
space for detecting faults. If 7° and SPE exceed the predefined control limits a fault may have occurred.
Then nonlinear principal component score vectors of the samples are calculated and inputted into least
squares support vector machine to identify the faults through least squares support vector machine classifi—
cation. The proposed method is applied to the Tennessee Eastman( TE) chemical industry process. Simu-—
lation results of multiple fault modes demonstrate that the proposed method can not only effectively identi—
fy various types of fault sources but also improve speed of fault detection and diagnosis.
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