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Fault diagnosis method based on robust canonical variate analysis
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Abgtract : A fault diagnosis method based on robust canonical variate analysisis presented to analyze model data with
outliersinindustrial processes. This method replaces the traditional correlation coefficient with its robust estimator ,
and applies projection pursuit technique based on particle swarm optimization algorithm to calculate the canonical
variate that maximizes the robust correlation coefficient. Then statistical modd is built and monitoring statistics are
constructed to detect processfaults. The smulation results on a continuous stirred tank reactor (CSTR) system show
that robust canonical variate analyss can built accurate statistical model from process data with outliers and monitor
process changes more effectively than canonica variate analyss.
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