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octane number loss in the process of gasoline catalytic cracking, this
octang number (RON) model in the gasoline refining process through data mining
¢ data of a company's catalytic cracking gasoline refinement and desulfurization
lized. Then, random forest method is used to reduce the dimensionality of the data
es'that contribute to the dependent variable are extracted. Secondly, BP neural network is

odel. Finally, the initial sample is determined in the model, and the operating variables are

optimized in combination with genetic algorithm. Results show that the optimized RON loss value decreases by 42.14%,

which is more than 30%. The proposed model helps to reduce the octane loss in actual production, so to reduce the economic

losses of enterprises.
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Fig.2 Program processing result
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Lrﬁ&i‘i'i MFEEY(RON loss prediction model)
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Fig.5 BP neural network model topology
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Fig.8 Verify the gradient and learning times of the data
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4 AT EL L (Sample variable optimization)
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Fig.11 The changing trend chart of RON loss value
with the changing of the initial sample numbers
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Tab.3 Optimized operation variable parameters

(RS T VA UG AL
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FAS/ Wt 2.50 2.50
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S—ZORB.TE_5202.PV 33.3895 40.7621
S—ZORB.FT_9301.PV 0 2.278
S—ZORB.TE_9301.P, Q 205.7663 210.8896
S—ZORB.PDI 0.1107 0.1649
S—ZORB.TEWGO01 . 365.7829 362.7732
S— RB.PC‘603.PV 0.1272 0.0633
%’E_lzol PV 134.7498 140.1226
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S—ZORB.PDT_2604.PV 39.1590 20.5222
S—ZORB.TE_1107.DACA 122.0419 65.9958
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S—ZORB.PC_3301.DACA 0.3530 0.3721
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S—ZORB.DT_2001.DACA 52.0479 24.6371
S—ZORB.PDT_1003.DACA 0.0017 —1.3399
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