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Abstract

At this stage, even today with the rapid development of electric-powered vehicles, from a practical
point of view, gasoline-powered vehicles are still the mainstream of road travel and transporta-
tion; from the perspective of inventory and replacement cycle, gasoline-powered cars will not
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withdraw from the stage of history for a long time. The combustion performance of gasoline is an
important indicator of the overall quality of gasoline, and the octane number (RON) content is an
important indicator that can directly reflect the combustion performance of gasoline. Therefore,
in the process of gasoline refining and refining, reducing the loss of octane can not only improve
the combustion performance but also bring huge economic benefits, which has become the focus
of research in countries all over the world. The work of this paper is to collect a large number of
historical data generated by the long-term operation of FCC gasoline refinement and desulfuriza-
tion of a petrochemical enterprise, through data mining technology, analyze the relationship be-
tween 354 operating variables and the loss of octane number of the final product, and establish a
prediction model for octane loss. Further through the establishment of a model, the optimized op-
erating conditions of each sample are given, and the loss of gasoline octane number is reduced
under the condition of ensuring the desulfurization effect of gasoline.
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Figure 1. Model importance of random forest selection
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Figure 2. Root error of mean square deviation of each model based on random forest characteristics
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Figure 3. Average absolute percentage error of each model based on random forest characteristics
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Figure 4. Influence trend of outlet temperature adjustment of convection chamber on octane
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