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Octane number loss prediction model based on mRMR-BP algorithm
JI Ziheng, ZHU Jianwei, CHEN Haijiang
('School of Mechanical Engineering, Chang’an University, Xi‘an 710064, China)

[ Abstract] The modeling of chemical process is generally realized by data association or mechanism modeling. However, due to
the complexity of oil refining process and the diversity of equipment, their operating variables have a highly nonlinear and strongly
coupled relationship. In addition, there are relatively few variables in the traditional data association model and the mechanism
modeling has high requirements for raw material analysis, The response to process optimization is not timely, so the effect is not
ideal. In order to reduce the complexity of solving the model, this paper uses mutual information method and mRMR algorithm to
reduce the dimension of 367 variables, and selects the main variables that meet the large correlation with octane number and have the
least redundancy. Then BP neural network model is introduced to establish the prediction model of octane number loss. After data
training and learning, the prediction results of octane number loss are generated, and the influence of main operating variables on
octane number loss is analyzed.

[ Key words] octane number; mutual information method; Maximum correlation—minimum redundancy ( mRMR) algorithm; BP
neural network
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Fig. 1 Flow chart of main variables screening in modeling
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Fig. 2 Schematic diagram of mutual information
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Tab. 1 Error mean of neurons in different hidden layers
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Fig. 3 Structure diagram of neural network
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Fig. 4 Block diagram of BP neural network algorithm
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Fig. 5 Comparison between BP neural network prediction results

and real values
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Fig. 6 Percentage of prediction error of BP neural network
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Fig. 7 Effect of reaction temperature on octane number loss
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Fig. 8 Effect of reaction pressure on octane number loss

4 ZERIE

ARSCHEE T 2 F mRMR-BP B3k 11 2 bt (A
SRPAEAY e i B AF B mRMR B30k 0 32 ) 322

PRAEAR R M T % B i AR DI ASE A v A8 1R X
BRI 2 4 A A o ELA AR P Al 57
Pk, ZXTARBIGOIE , 2% B2 A58 AU 78 TUIORS B2 1 A7 4
IR, (NHEEE 179 T0)



