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) MPCA(multi-way Principal Component Analysis) ‘
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Figurel . Three-dimensional data array and multi-way PCA decomposition
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- Batches variables at each time (time-wise unfolding)

- Variables times for each batch (batch-wise unfolding)

- Batches times for each variable (variable-wise unfolding)
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2) PARAFAC(Parallel Factory Analysis)
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Figure 2. PARAFAC Model

714 A, B, C Z+Ze] g Hol A rd A Fol ar, br, cr2 AAFTHH, ar, br, cr o 94
(outer product)> PARAFAC 9] ri#i# T do| ®t}t & PARAFAC 29L& M7i7} sy
o]l H= HEY £¥E A oz vElysd @9 ols 2¥ 2 oA U gl A
J&Zth ole PCA%tE €8 o] Rde BE AYUolA Y loadinge AAstE Aol EHo
=3 ’

3) SVM(Support Vector Machine) _ _
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SVR(support vector regression) »
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