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Fault detection algorithm of industrial process based on DW-ICA-SVM
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 and monitoring performance of support vector machine (SVM)
algorithm, a new fault detection algorithm of industrial process based on DW-ICA-SVM was proposed. Firstly, the training
data was normalized. The independent component analysis (ICA) was used to obtain the independent component matrix of the
data and extract the hidden non-Gaussian information. Then the Durbin-Watson (DW) criterion was used to calculate the DW
values of the independent components (ICs). The DW method was used to effectively extract important noise information and
select the important ICs. The ICs containing important information were used as the input of the SVM model to obtain the dis-
criminant classification function. The ICs of test data were input to the model for fault detection and monitoring. Finally, the

method was applied to the nonlinear numerical example and the Tennessee-Eastman industrial process, and compared with
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PCA, LPP, ICA, SVM and ICA-SVM methods. The results show that the proposed method reduces the autocorrelation
among samples and effectively improves the fault detection rate. The proposed method strengthens the extraction and recogni-
tion of hidden non-Gaussian information to a certain extent, and provides a reference for improving the performance of SVM

algorithm in fault detection of industrial process.

Keywords: other disciplines of automatic control technology; fault detection; Durbin-Watson criterion; independent compo-

nent analysis; support vector machine
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Tab.2 Fault detection rates of different numbers of independent components
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Tab.3 Comparisons of fault detection rate of various algorithms on TE process

HA 2
PCA LPP ICA
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3 0 38.13 3563  3.75  6.25  5.00  4.38  66.25 45.00 98.12
7 1.25 68.75  3.13  0.63 76.25 53.13  47.50  53.75 90.00 98.75
9 0.63 43.13 41.25 10.63 12,50  7.50  6.25  76.25 24.37 96.88
11 19.38 82,50  20.62  2.50  30.63  28.75  25.00  63.75 73.12 85.00
17 25.00  95.00 18.12  5.00  80.00  71.88  68.13  81.25 26.87 95.63
19 3.13  75.63  10.00  0.63  15.63 13.13  12.50  89.38 80.00 95.00
20 85.00 83.13  7.50 0 7438 84.38  65.00  80.00 51.25 96.88
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