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Fig. 1. Labelling example of the sensor data in main drum.

Linear PLS, Neural Network PLS, Proposed NLPLSY d3& ulws] 2 A3
gSEe Zakth

Table 1. Results comparison using one PC

Neural Network
Linear PLS | ourd Network 1 hosed NLPLS
PLS
MSEP 0.6556 0.1980 0.0180
Infinite Norm 2.3400 0.8554 0.3020
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