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Fig.1 Non-linear partial least square model
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SVM(Support Vector Machine)

£ AF o)M= SVM Regressiong W W §o ALL39).

Fig 2. © ¢t-intensive band& ©o]-&% u]AM 3 Regression Function® HAF 1
AT & A7l E SVMY Loss function® €-intensive loss functiong o] £

3t

Xy

Fig 2. The intensive band for a non-linear

regression function
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Fig. 3 Tennessee Eastman Process
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Table 1. Results comparison using one PC .
. Neural Network
Linear PLS Proposed PLS
PLS
MSEP 0.6556 0.1980 0.0189
Infinite Norm 2.3400 0.8554 0.3017
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