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Prediction of octane loss based on
XGBoost and neural network fitting prediction models
ZHU Yixin
(School of Management Studies, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] The focus of gasoline cleaning is to reduce the sulfur and olefin content in gasoline while maintaining its octane number
as much as possible. Reducing the loss of octane number (RON) is one of the main goals of China’s automotive gasoline quality
upgrade. This paper deals with the data collected from the operation of the catalytic cracking gasoline refinery desulfurization unit of
a petrochemical company, and explores the correlation between the variables in the data sample and the variables themselves, other
independent variables and target variables, and performs multi - stage dimensionality reduction on the characteristic variables.
Furthermore, the gasoline octane loss is modeled by XGBoost and LSTM recurrent neural network, and the statistics of the
prediction results show that this method has a good performance in the prediction of enterprise octane loss, which provides a certain
guidance for the upgrading of China’s automotive gasoline technology.
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Fig. 2 Construction flow chart of XGBoost model
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Tab. 1 XGBoost model parameter settings
BH F X SRR
n_estimaoirs PR A B 7 200

max_depth DRI A RIREE , BRIA K 6 6

max_leaf_nodes PR 14 F R 19 0S8R, AT LR max_depth 42

min_child_weight 5 .4/ E’J#j—‘*ﬂi*ﬂ 2RI M 1 1.5

gamma 7R T B R/ N 2 BIA 0 0
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colsample_bylevel
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Wi S8, Bk 0.3 0.05
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