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Fault detection algorithm based on mutual information and kernel entropy component analysis
GUO Jinyu, WANG Zhe, LI Yuan
(College of Information Engineering, Shenyang University of Chemical Technology, Shenyang, Liaoning 110142, China)

Abstract: The existing fault detection methods require too strict sample data distribution and have difficulty in
extracting high order statistical information. This paper proposed a fault detection algorithm based on mutual
information and kernel entropy component analysis ( MIKECA). Firstly, a kernel entropy component analysis
(KECA) model was built based on the training samples. Secondly, a new type of statistic, namely, the squared
prediction error based on mutual information (MISPE), was obtained through its residual matrix and mutual
information and the kernel density estimation was used to calculate the control limit of the statistic. Finally, the test
samples were projected on the KECA model and the calculated statistic of the test samples was compared with the
control limit. The samples whose statistic exceeded the control limit were identified as fault samples. The proposed
method. when applied to the fault detection of Tennessee Eastman (TE) process. shows obvious advantages over
the traditional kernel principal component analysis and kernel entropy component analysis algorithm.
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