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Abstract: The online prediction of gasoline properties is mostly realized by the near-infrared quantitative analysis model
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Table 1 Comparison of different modeling strategies
for diesel dataset
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RPLS 0.77  3.04 3.45 0.07
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Table 2 Comparison of different modeling strategies
for gasoline dataset

WikrS R?2  RMSE AcErr #EH/s

ad-BMPMR 0.92  0.32 -541 1.92
BMPMR 090 036 -1620 0.09
MPMR 0.76  0.56 2.22 0.28
SVR 0.84 047 5.64 0.11
RPLS 0.89  0.39 7.56 0.05

M R% FIRMSE ] 1 J& >k &, ad-BMPMR % i
LA T B 0 10 45 5L, BMPMR [F) P B8 R4 2 T ad-
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