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PCA(Principal Component Analysis)
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Linear PLS, Neural Network PLS, Proposed PLSS] Z 35 w|w3] ¥ Ay oS3} 2o
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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