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Abstract

Gasoline is the main fuel for small cars, but the exhaust emissions from its combustion have an
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important impact on the atmospheric environment. It is urgent to clean gasoline, but at the same
time, it is necessary to ensure its octane number. In this paper, neural network is used to study the
problem of dealing with the prediction model of octane number (ON) loss. Pre-process some sam-
ples in the given original collected data, and pass the Laida criterion (3o Criterion) to remove the
outliers, and use the maximum and minimum limiting method to remove some samples that are
not in this range; Then, sites with incomplete values greater than 20% can be deleted through the
Baredo’s law. In order to select the operational variables and factors that have a greater impact on
the product attributes, the original 367 variables are reduced by using the SPSS software through
the principal component analysis method, and 22 main variables with typicality and indepen-
dence are obtained. The prediction model is established through BP neural network. In order to
meet the conditions of sulfur content, the particle swarm algorithm is used to predict the sulfur
content again, and the expression of sulfur content and main variables is obtained, which can ob-
tain the optimal solution to minimize the loss of octane number.
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Figure 1. Data processing flow chart
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Table 1. Interpretation of total variance

=1 BEERRE

B % FFIEAE JIEAN KT DTk
1 112.391 32.02 32.02
2 38.439 10.951 42,971
3 23.501 6.696 49.667
4 19.442 5.539 55.206
20 2.82 0.803 83.283
21 2.474 0.705 83.988
22 2.403 0.685 84.283
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Table 2. Composition matrix

= 2. RFERE
1 2 39 40
e 0.004 0.002 —0.058 —0.068
F el 0.002 -0.001 -0.002 -0.078
A -0.005 -0.008 0.020 0.044
Yy 0.005 0.004 -0.020 —0.035
i PN -0.001 -0.004 -0.81 —0.033
H 4t -0.006 —0.015 0.008 0.005
T ] -0.008 —0.006 0.008 0.001
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Figure 2. BP neural network flow chart
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Figure 6. Relation among sulfur content, octane number loss value and D-123 condensate inlet flow
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