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Prediction of gasoline octane loss based on BP neural network model
WANG Ningning
(School of Management Studies, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] The mixture of sulfur and olefin in the exhaust gas of gasoline combustion causes great pollution to the environment,
but the process of desulfurization and detene will also reduce the octane number which represents the profit of the enterprise. Through
data correlation or mechanism modeling, the relationship could be depicted between the content of chemical process and octane
content. In order to solve the problems of relatively few variables in traditional data association models, high requirements for raw
material analysis in mechanism modeling, and untimely response to process optimization, the paper uses Matlab, based on the
Particle Swarm Optimization algorithm, the data collected in the production process of the factory is mined through the BP neural
network model. Consequently, the prediction model of octane loss is established, 225 data samples are selected to train the octane
loss prediction model, and 100 samples are used to verify the octane loss model. The model is highly fitting to the prediction of the

target value and solves the related problems well.
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Fig. 1 Octane loss prediction model
Step 2 Xf PR AR BUAAE A BEATIH—fLAb 2 1
P 1 MY B SR80 AR e ) 325 LR K
Horp 225 ZHBARAE M UIZRHEAS R 1y 100 20 %504l
VENRERL AR IR R AR | XS AR B a4 7 0 — A Ak
BN/N W
X, =22t (6)
" X~ X
Step 3 WEHU BP [ 4548 bR . ARAE A SCHL
P BBETE H I, 20l i 5 1 AR B RGS R R 1L i
PR R 5 = 3 i 2= o A8 pR R
Step 4 BP [ 2% 2 JURIURL 1 1 500K i 2
MBCE, Lk 1 Mk 2,
®1 BPNESH

Tab. 1 BP network parameters
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Tab. 2 Solution parameters of Particle Swarm Optimization
algorithm
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Fig. 2 Octane loss prediction model
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Fig. 4 BP neural network model
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