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Abstract: Incipient faults are difficult to be detected in the early stage because the symptoms are not obvious. In re-
sponse to this problem, this paper proposes an incipient fault detection method based on the recursive canonical variate
dissimilarity and the kernel principal component analysis (RCVD-KPCA). First, the canonical variate dissimilarity is con-
structed, and the linear features are extracted from the canonical variate dissimilarity. The exponentially weighted moving
average method is used to recurse and filter the canonical variate dissimilarity to improve the sensitivity of canonical variate
dissimilarity to incipient faults. Then, the KPCA is used to extract the nonlinear principal components in the canonical vari-
ate dissimilarity as nonlinear features. According to the extracted features, two new fault detection statistics are proposed.
Furthermore, the kernel density estimation is used to determine the control limits of statistics. The method extracts the lin-
ear and nonlinear features of the process data at the same time, the detectability of incipient fault in the nonlinear dynamic
process is improved. The process of a closed-loop continuous stirred tank reactor is taken as an example for simulation
analysis, and the simulation results show that the proposed method has good performance in the incipient fault detection.
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Fig. 3 Statistical monitoring diagram of f; by CVDA
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Fig. 4 Statistical monitoring diagram of f; by KCVDA
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Table 4 Comparison of fault detection performance

when f5 occurs

CVDA KCVDA RCVD-KPCA
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Table 5 Median of fault detection performance boxplot

CVDA KCVDA RCVD-KPCA
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DD/min
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fa 81 464 143 71 105 101 62 52

FAR/%
f1 1.0 15 05 275 45 45 15 1.5
f2 1.0 15 1.0 260 35 45 1.0 0.5
MDR/%

f1 2.1 205 38 18 88 57 1.6 1.4
fa 7.8 544 140 6.8 11.5 168 6.3 59
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