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Abstract: Environmental shipping is related to the development prospects of the shipping economy,
as well as the harmonious coexistence of man and nature. Petroleum is still the main fuel for large
ships, the tail gas from combustion pollutes the environment. With increasingly stringent
environmental protection policies at home and abroad, it is indispensable to use data analysis to
create smart shipping. In this paper, the principal component analysis method is used to reduce the
dimensionality of the data obtained in the production of marine oil to obtain the main variables. Then
the neural network model is used to establish the octane number loss model, and the relationship
between the octane number loss and variables is obtained. While ensuring the reduction of sulfur and
olefin content in gasoline, the loss of its octane number should be minimized. To achieve the purpose
of improving combustion efficiency and protecting the ecological environment.
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1. INTRODUCTION

With the acceleration of economic globalization and information globalization, the role of ship
transportation has become increasingly significant. The shipping industry not only attaches equal
importance to technology and management, but also relates to the harmonious development of man
and the natural environment, which puts forward higher requirements for the environmental
protection and efficiency of marine fuel oilll. The existing technology also loses the octane number
of the fuel when desulfurization and olefin reduction are performed in the production of ships.
Therefore, in order to ensure the efficiency of fuel production, companies will lower the standards
for fuel desulfurization and olefin reduction, which will increase fuel combustion emissions.
Therefore, to reduce the loss of octane number in the process of desulfurization and olefin reduction,
higher desulfurization and olefin reduction effects can be achieved under the same requirements!?.
Based on this situation, this paper investigated the Sinopec Gaogiao Petrochemical real-time database
(Honeywell PHD) and the LIMS experimental database, and obtained 325 data samples collected by
the catalytic cracking gasoline refining unit to establish the octane loss in the production of marine
oil The prediction model of each sample is given, and the optimal operating conditions for each
sample are given.
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2. MAIN VARIABLES OF THE MODEL
In this paper, 325 original data are processed with invalid eigenvalues to eliminate abnormal data.

What is obtained is the mean value of 354 manipulated variable values at each time pointl3l. By
standardizing the original data, the characteristic value and characteristic vector of the correlation
coefficient of the data sample are obtained. Use the obtained data to establish a principal component
model, calculate the cumulative variance contribution rate, and determine the number of principal
components.

By analyzing the data of the principal component calculation results, the influence of the top ten
contributing factors on the octane loss is obtained[. It can be seen from Figure 2 that the first 30
principal components can represent 88.01% of the original data, so only the first 30 principal
components need to be extracted in the meaning of 88.01% to achieve the purpose of principal
component extraction. And the final cumulative contribution of the first 10 principal components can

be obtained.

Feature importance

yuanlizoxinwan
5-ZORB.PC_1603.PV
S-ZORB.PT_T107E.DACA
S-ZORB.PT_7107.DACA
S-ZORB.FC_1005.PV
S-ZORB.FT_9301.PV
S-ZORB.TE_1001.PV
S-ZORB.FC_1201.PV
5-ZORB.PDT_2605.DACA
5-ZORB.FT_2502.DACA
5-ZORB.FT_5102.DACA PV
5-ZORB.CAL CANGLIANG. PV
5-ZORB.TE_S001.DACA
S-ZORB.PDT_2606.DACA
5-ZORB.BS_AT_2402.PV

0702850342
02701087229406667
0:170381546
0:15138635016450002
0:135738154185
0124458313
0:11904735262499995
0:1163539886
010161829
008506680345
00760755539
0:07151771078266667
0.06345049476512285
4:0633613622292

Features

10 15 20 25 30
F score

Fig. 1 Contribution of main components
Through the analysis of the 367 data indicators in the figure, combined with the analysis of other

factor indicators, it can be concluded that the focus of different operating variables is different, and
the principal components of the top 30 can be obtained through principal component analysis as
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follows:
Table 1 Principal component analysis

V_arlable Variable name V.arlable Variable name
index index
1 D-109 loose wind flow 16 D-109 bhottom
Hot nitrogen filter ME-113
2 . i 17 K-103B exhaust temperature
differential pressure
3 Pressure difference between 18 E-205 tube side inlet tube
inlet and outlet of the tube side temperature
D-123 Condensate inlet flow . .
4 - 19 Fuel gas inlet device temperature
c ME-101 backflush gas header 20 D-203 fuel gas inlet pipe
pressure temperature
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EH-101 heating element D-122 top outlet pipe

6 21
temperature temperature

7 Backflush hydrogen pressure 22 Backflush gas concentrator

8 F-101 circulating hydrogen 23 D101 raw material buffer tank

outlet pipe temperature pressure

9 1.1 Steps PIC2401B.OP 24 S_ZORB AT-0008

10 D-114 liquid level 25 Emergency hydrogen main

11 D105 temperature 26 Back blow gas pressure

12 K-102B intake temperature 27 D-110 top pressure

13 K-103B intake air temperature 28 ME-104 inlet and outlet

14 E-106 pipe pass outlet pipe 29 refined gasoline outlet device line
temperature pressure

15 D-124 top outlet pipe 30 degassing flow rate of gasoline
temperature products

3. MODEL OF OCTANE NUMBER LOSS

In this paper, neural network model is used to predict octane number lossf®l. The topology of 30-59-
1 is established. There are 30 neurons in the input layer, representing 30 variables affecting octane
number loss; 59 neurons in the hidden layer and 1 neuron in the output layer, representing octane
number loss. The neural network topology is shown in Figure 2
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Fig. 2 Construction of BP neural network topology
The original data is divided into training samples and test samples, which are substituted into the

trained BP neural network to predict the octane number losst®l. Then the results are evaluated. It can
be seen from Figure 3 that r = 0.52206. It can be considered that the neural network model is close to
the prediction of octane number(7l.
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Training: R=0.70709

Validation: R=0.21006
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Fig. 3 Fitting effect analysis

The weights and thresholds in the neural network model are very important, and their accuracy will
directly affect the prediction output of the test sample, so when solving the weights and thresholds,
the gradient descent method is generally used!®l. Through continuous iteration, the prediction error in
the neural network is reduced, and the optimal solution is finally obtained, making the prediction
error relatively small. It can be seen in Figure 4 that the gradient is 0.0010527 when iterating to the
9th generation, and then the values of MU and val fail are integrated, and the prediction error is also
very close to 0.
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Fig. 4 Change of gradient with number of iterations

4. OPTIMIZATION OF MAIN VARIABLES

In order to visualize the octane loss model in ship fuel production, this article uses the model to obtain
325 data samples under the premise that the product sulfur content is not greater than 5ug/g, and the
octane loss decreases by more than 30% Requirements to measure the pros and cons of the model.
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This paper uses a data fitting model based on the least squares method to optimize the main
variablest®l,
For the convenience of calculation, it is assumed that p dependent variable y,,y,,¥s,;y,
and m independent variable X, %%, X, are all standardized variables, and they are recorded
asttol:
Yio o Vi X1 o X
Fo=| ¢ . |, Eyp= 2 1)

Yop o ynp X1 0 Xom

Extract the first pair of components of the two variable groups separately, and maximize the
correlation.
Establish regression equations of y,,y,, y;,-----,y, and X, X, Xg, oo Xy

VErsus t,
Suppose the regression model ist*

{EO =fa, +E, 2)
F = lj1ﬂ1T +F
Let the rank of nxmdata matrix E,be r <(n-1, m)min, then there are rcomponents t,t,,t;,------ L,
such that
{Eozflocf +ta, +-+fa +E, )
Fo=tA +tp ++t A +F
The partial least squares regression equation for the P dependent variables is:
Y =apX +a,X, +-+a,X (j=12,3---,m) (4)
The constraints established here are as follows:
S<5
A <700 ©)
A

Firstly, the functional relationship between the octane number loss and 30 main operating variables
is established, and then a fitting is performed through the data of the octane number loss and the 30
main variables. In the process of fitting, the data is sieved twice as necessary, and then the data is
fitted after sieving?lto obtain a 30-yuan equation.

The calculation equation can get the coefficients before 30 operating variables. The values of the
coefficients are shown in Table 2. These coefficients represent the weights in the principal component
analysis. According to the parameters produced by the fitting, the quality of the fitting effect is
evaluated!3l. Here, the RMSE result is 0.2004, which is very close to 0, and the fitting error is
relatively small.
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Coefficient

Cl1
C2
C3
C4
G5
C6
Cc7
C8
C9
C10
Cl1
C12
Cl13
Cl14
CI15

In the process of solving, these constraints can be added to 30 operation variables for screening, and
then fit according to the screening results. Finally, the octane number loss can be reduced to 70% of
the original value, and the fitting results are in line with the actual requirements.
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Fig. 5 Data fitting process of main variables

Table 2 Coefficient before manipulated variable

Value
-0.0008999
1.278303
0.0346863
-0.1460983
-0.0130704
0.000459
4.28E-05
0.0032523
-0.5136655
0.0145612
-0.0022216
-0.0003261
0.7763253
3.911284
-0.0357907

5. CONCLUSION

While developing fast shipping, develop smart shipping and use data processing as a means to create
environmentally friendly shipping. This paper uses data analysis as a means to establish a model of
octane number loss in marine fuel oil. In this paper, the scientific mathematical model is used to
improve the octane number of ship oil, ensure the effective reduction of harmful substances in ship

Coefficient
Cl16
C17
C18
C19
C20
C21
C22
C23
C24
C25
C26
C27
C28
C29
C30

Value
-0.08503708
0.001060527
0.001532335

-0.4039221
-0.00366823
-0.02619136
0.02334884
-0.00483198

1.07E-06
0.000595062
0.002015721
0.004491746
-0.8792055
-6.14E-07
-0.00686233

oil, and make the development of shipping data and environmental protection intelligent.
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