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Abstract; Aiming at the problem that Dynamic Kernel Principal Component Analysis (DKPCA) does not reduce the influence of data
dynamics in dynamic nonlinear process monitoring, resulting in significant autocorrelation of statistic 7%, a fault detection and diagnosis
method for DKPCA based on removing principal component correlation ( DKPCA-RPCC) was proposed. Firstly, the original data X was
time—delayed to generate the augmented matrix Y ,and the principal component M was calculated by KPCA. Secondly, the known data
was used to reconstruct the augmented matrix Y and then calculate the main component M by KPCA. Then, the difference between
principal components was used to construct statistics for fault detection. Finally, the method based on variable contribution graph was
used for fault diagnosis. Numerical examples and Tennessee — Eastman ( TE) process were used for simulation verification, and the
simulation results were compared with those of KPCA,DPCA and DKPCA. The simulation results show that the proposed method has
higher fault detection performance and lower autocorrelation in dynamic nonlinear process monitoring.
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