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Abstract: M ixture probabilistic principal component analysis (M PPCA ) model isdealtw ith To the disadvantages in
M PPCA -based methods w hich the M PPCA model needs all the sub-models have the sane number of principal
components, its wo monitoring indices often can not consist w ith each other, and the monitoring charts are too
many, an mprovedM PPCA model ispresented in wo steps Firstly, amixture Gaussian model is built Then, by
using probabilistic principle component analysis (PPCA ), the principal component model of each sub-model is
developed Compared withM PPCA, the mproved M PPCA selects the principal components based on not only the
explanation of process variables in different sub-models but al® its trend of changing By introducing PPCA , the
consistence of monitoring indices is guaranteed and the number of charts used by monitor is reduced
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