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Octane loss model in gasoline refining process based on random forest
XUE Jie

(Economics and Management College, Beijing Information Science & Technology University , Beijing 100192, China)

[ Abstract] At present, with the increasingly serious automobile exhaust pollution and increasingly strict gasoline quality standards,
heavy oil lightening process technology with catalytic cracking as the core, refining gasoline, and realizing gasoline cleaning are
vigorously developed. In the process of realizing gasoline cleaning, the octane number ( RON) will inevitably be reduced, and a
large loss value unit will also appear at the same time, which will undoubtedly increase the production cost of the enterprise and
reduce the income. To alleviate this problem, this paper predicts RON and its indicators by establishing a random forest—based
prediction model for RON loss during gasoline refining. First, modeling variables are named, the matrix correlation is calculated,
and the random forest method is used to perform secondary dimensionality reduction for the 158 variables involved in the RON loss
reduction model to extract the first 30 main variables. Secondly, the sample data is divided based on the random forest method, the
loss prediction model is established and verified, and the curve comparison between the predicted value and the actual value is
obtained to ensure the rationalization of the model. Finally, the genetic algorithm is used to optimize the main variables and attempt
to control the loss of RON to more than 15% to ensure that the loss prediction model is true and effective.
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Fig. 1 Correlation matrix of 366 variables
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Tab. 1 Pearson correlation and significance (two tailed) calculation results
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Fig. 3 Comparison of predicted value and true value curve of

random forest model
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Fig. 4 The fitness curve of 100 iterations of genetic algorithm
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Fig. 5 The fitness curve of sample No. 129 during 500 iterations
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Fig. 6 The fitness curve of sample No.170 during 1 000 iterations
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