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Fault detection for multi-modal batch process based on
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Abstract: In this paper, a local neighborhood standardization partial least squares (LNS-PLS) method is proposed to
solve the problem of multi center and the distinctly different modal variance in multi-modal batch process data. Firstly,
statistical pattern method is used for batch process data, and the local nearest neighbor standardization (LNS) method is
used to transform the training data after statistical pattern into Gaussian distribution. The partial least squares (PLS) model
is established and the control limits of 72 and squared prediction error (SPE) are determined. Next, the LNS standardized
is performed on the test data of statistical pattern, and the new Gaussian PLS monitoring indexes are calculated for process
monitoring and fault detection. Finally, the effectiveness of the algorithm is verified by the simulation experiment of
numerical example and penicillin fermentation process. The results show that the proposed method solves the problem of
the neighbor set of fault samples spanning two modes and has better fault detection ability for multi-modal data.
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Fig. 1 The data scatter mapping after z—score standardized
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Fig. 2 Fault detection results of PLS algorithm
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