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Abstract: The three-dimensional data for batch process monitoring needed to transform as a vector in high-dimensional space
using MPCA algorithm, resulting in the large amount of computation and the loss of some useful information. This paper pro-
posed the new method for batch process fault diagnosis, which based on the two-dimensional principal component analysis
(2DPCA) . The method took advantage of the two-dimensional matrix in each batch to construct the covariance matrix, and ob-
tained the average of the covariance matrix of all batches to model , which leaded to reduce the computational complexity, short
the operation time from 19/20 to 3/4 compared with MPCA and took up the little storage space. At the same time ,the 2DPCA
approach was more accurate than MPCA when calculating the covariance matrix. 2DPCA was used to model with the covariance
average of all batches,which accurately reflected the different faults and enhanced the accuracy of fault diagnosis. Finally, the
proposed method was used in the penicillin fermentation process. The results demonstrate the validity and accuracy of the algo-
rithm.
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