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A Process Monitoring Method Using Dynamic Input-output Canonical

Variate Analysis
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Abstract
product quality or not. Therefore, a process monitoring method using dynamic input-output canonical variate analysis is

Traditional process monitoring methods based on canonical variate analysis cannot judge whether faults affect

proposed. Canonical variate analysis is used to analyze correlations between data. Furthermore, variance information and
serial correlations in data are taken into account. Process data and quality data are projected to five subspaces: input-
output correlated subspace, uncorrelated input principal subspace, uncorrelated input residual subspace, uncorrelated
output principal subspace and uncorrelated output residual subspace. The proposed method can distinguish between
the faults that affect product quality and those that do not. The effectiveness of the proposed method is demonstrated

through a case study of the Tennessee Eastman process.
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