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Abstract :

Recursive Partial Least Squares(RPLS) method has been used for processing the on-line available multivariate

chemical process data and modeling adaptive prediction model for process changes. However, RPLS method is unstable in PLS
model updating because RPLS method updates PLS model by merging past PLS model and new data. In this study, Adaptive
Predictive Partial Least Squres(APPLS) method is suggested for more sensitive adaptation to process changes. By expanding
APPLS method, block-wise Adaptive Predictive Partial Least Squares(block-wise APPLS) method is suggested for a lager scale
data of chemical processes. APPLS method has been applied to predict the reactor properties and the product quality of a
direct esterification reactor for polyethylene terephthalate(PET), and block-wise APPLS method has been applied to predict the
cetane number using NIR Diesel Spectra data. APPLS and block-wise APPLS methods show better prediction and updating

performance than RPLS method.

Keywords : adaptive predictive PLS, APPLS, block-wise APPLS, PLS, RPLS, NIR diesel fuel spectra
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3% 1. APPLS ¢318%.
Table 1. The APPLS algorithm.
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Fig. 1. Direct esterification reactor in PET synthesis.
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Table2. Comparison of prediction by PLS1, PLS2, RPLS, APPLS for a direct esterification reactor.
Flruier b Clia
PLS1 PLS2 RPLS APPLS PLSI PLS2 RPLS  APPLS PLS1 PLS2 RPLS APPLS"
0.01559 0.01559 0.01559 0.01559  0.00089 0.00089 0.00089 0.00089 0.00731 0.00731 0.00731 0.00731
0.02967 0.03250 0.01414 0.03965  0.00066 0.00043 0.00154 0.00126 0.0284&  0.02965 0.02119 0.03430
0.08226 0.06630 0.05260 0.04781 0.00497 0.00606 0.00562 0.00458 0.07374  0.05371 0.04526  0.03532
0.17523 0.07990 0.09297 0.06185 0.01100 0.00618 0.00603 0.00491 0.13672 0.04450 0.06298 0.03181
Root 0.26424 0.03335 0.08901 0.02556  0.01473 0.00062 0.00373 0.00049 0.2119C 0.02316 0.07518 0.02016
Square 0.17523 0.01069 0.08900 0.00492  0.01100 0.00159 0.00373 0.00063 0.13672 0.00393 0.07518 0.00593
Frror 0.13193  0.00285 0.04330 0.01947  0.01039 0.00260 0.00061 0.00175 0.10214 0.00564 0.03458 0.01716
0.13643 0.00964 0.00449 0.02072  0.00359 0.00521 0.00680 0.00602 0.10461 0.01163 0.00247 0.01940
0.12952 0.00661 0.00691 0.00543 0.00524 0.00171 0.00165 0.00079 0.1023&8 0.00464 0.00223 0.00374
0.11557 0.00455 0.01395 0.02076  0.00178 0.00479 0.00346 0.00496 0.09742 0.00218 0.00496 0.01064
0.17988 0.00624 0.06431 0.00192  0.01076 0.00157 0.00898 0.00227 0.14021 0.00177 0.04279 0.00687
0.04311 0.01494 0.13676 0.03878 0.00384 0.00108 0.00691 0.00055 0.03555 0.01031 0.10466 0.02767
i 0.12322 0.02360 0.05192 0.02521 0.00657 0.00273 0.00416 0.00242 0.09810 0.01654 0.03990 0.01836
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Fig. 2. Comparison with accunlated values of root square error
by PLS1, PLS2, RPLS, APPLS.
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Table3. Comparison with root square error's average by changing
# of samples for initial PLS model & block size.

Average of # of samples

Root Square for Initial PLS model & block size
Error 10 samples 20 samples 30 samples
PLSI 2.51559 2.32479 2.04060
PLS2 1.74824 1.75781 1.74457
RPLS 2.14762 2.37049 1.98714

block-wise
APPLS 1.81892 1.78423 1.74265
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Fig. 3. Comparison with values of accumulated (root square error
/Y average) by changing # of samples for initial PLS
model & block size.
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