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Abstract

Due to the complexity of the current refining process and the diversity of equipment, their oper-
ating variables are not only a simple linear relationship, but have a highly nonlinear and strongly
coupled relationship, and the variables in the traditional data correlation model are relatively
Less; the mechanism modeling requires higher analysis of raw materials, and the response to
process loss prediction is not timely, so the effect is not ideal. In this paper, based on 325 sample
data collected by catalytic cracking gasoline refining unit, the main operating variables that affect
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the missing octane value are screened out by lasso regression combined with Spearman correla-
tion coefficient, and the prediction model of octane value loss is established by BP neural network,
and the prediction model validity is verified.
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Figure 1. Data processing flow chart
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Table 1. Some operating variables of processed samples
= 1 AEEHARNITIRETE
FEAS St R ERS R 7 N GERIEA) R R A E S RLA b
285 0.273396310 24.20901205 2.528880897 855.8731385 421.5094231
313 0.263713817 17.01893833 2.413591333 852.9291167 422.9174333
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Figure 2. Main steps of dimensionality reduction
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Figure 3. Lasso main steps flow chart

3. Lasso FEHERIZE

Table 2. Lasso regression results
2 2. Lasso EJALER &

Selected Lasso Post-est OLS

Fa e B N AR E 0.0431346 0.0672076
R R R LR 0.0598809 0.0765402
PRRM s B —0.0445080 —0.0543602
0.3 MPa #4E /K 2 B i 0.0764679 —0.0463026
BrEUKIER B E —0.0041549 —0.0285377
A R B i —0.0400448 —0.0830499
D203 H O #REL S & -0.0351026 -0.0731424
D-106 #AE i & —0.0099968 -0.0929593
D-102 i& & -0.0764186 —0.1371865

Fet g B R HE R B 0.0203566 0.1301799
JRERR MR S B -0.0758097 —0.1447487
el 5 B T e s 0t 0.0748167 0.1155024
P-101B N\ M3t 8% 2% -0.0828398 -0.1112658
K-101B 7 HF <R 0.0258255 0.0546608
F-101 KHRST 26 % 7y —0.0090554 -0.1529257
F-101 f = H R —0.0525003 -0.0713978
S_ZORB AT-0001 0.1323998 0.2645627
E-101 #FEN R 0.0771849 0.1860993
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Figure 4. Step diagram of calculating Spearman correlation coefficient
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Table 3. Spearman correlation coefficient table

%3 MR REMEXREE

RON #24% 1.000
e 58 R -0.109"
F i s B IR A 0.155™
BB B -0.181"
0.3 MPa #E&E /K 32 B & 0.332"
BREUK IR B E -0.235"
ARG B i -0.067
D203 H RIS T B -0.226"
D-106 & it it -0.235"
D-102 {3 5% -0.290"
FaE B R R = -0.067
JERHR MR & = -0.209"
T 5 B T ¥ 0t = 0.168™
P-101B A\ Mty 8 2 £ -0.311"
K-101B 7= IR 0.065
F-101 KWJT 2 7y 0.046
F-101 @i = H &) -0.245"
S_ZORBAT-0001 0.167"
E-101 FfEN SR 0.219"

P FRIRTE 0.01 (W) KRtk B2

s HRIRAE 0.01 Z WU A S

2234 Lasso [AIVARIT B/R AR R B NFETIL, RAMSE] 13 D FEAR, Wk 4 Por.
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Table 4. Main variables of modeling
T4 BEFETER
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e B T [ A o
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F-101 fE5t = O E A
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Figure 5. Structural network with one hidden layer
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Figure 6. BP neural network framework
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FAE 2R R FRATT AT LWL G H AP X 48 BT () 3 87, B R TJT 2 R I SRARANIEAR , tH1E S X Fh i AR 7R,
BP #1225 ST I 00 & 1] [ 8]— B A B ST AR AR A AN ] 2 —3 43, DRI T b i A I %, A1 Sk
325 MNEEARYFAL 300 MINZREELL . 25 NIRAESE, N 5~7 fin.

Table 5. Target table of 300 training sets
7 5.300 M EBirE

i RON ## 4
1 1.4
2 1.2
3 1.4
300 1.2

Table 6. 25 validation set input tables
= 6. 25 MRIESEMAGR

v L 2 R BB ERE e E-101 FARN M AVE IR B
301 35.8731 463.3122 e 423.7952
302 32.4816 4084335 e 425.9075
303 37.8052 4519139 el 423.8131
325 37.7955 4623683 e 427.3755
Table 7. 300 training set input tables
= 7.300 MIZREEMNE
RE IR H e EIRLE BB E RS e E-10 5EFEN O SR E
35.8212 479.0939 el 425.9295
35.0052 4709836 e 421.5344
32.8114 433.0178 e 425.2584
300 32.8793 4448769 e 423.4663
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Figure 9. Mean square error diagram with neurons of 20

[E 9. #EZITH 20 IS IREE

Training: R=0.87535

Validation: R=0.50638

[ o
« o O Data o)
= o 3 O,
+ + Fit P
5 S 15 Y = T e
2 2
© ©
i Ly
< o
~ <
o o
I I
1 1
§_ E_ 0.5
> >
o (e]

0.5 1 1.5 0.5 1 1.5

Target Target
Test: R=0.40295 All: R=0.74698

o <
g O Data ., g
+ Fit o /Q/ +
5 (o g  (Pm— Y=T| 0 b
2 O, 2
e 0 e
* y *
] 1 b}
Py ° =
1] e} 1]
1 ]
§_ 0.5 E_
3 =]
o (e]

0.5 1 1.5 0.5 1 1.5

Target Target

Figure 10. R? Diagram with neuron of 20

[E 10. #£ZTTH 20 By R?

DOI: 10.12677/mo0s.2022.113080

874

Z

m

5 H


https://doi.org/10.12677/mos.2022.113080

BB, SR

11 10 W0 fERRZ TN 0N 20 I, #EAT T 10 UOEAUF HAESE 4 YORAIN BT iR 2L B B/ ME N
0.036855, {HjEE I AILELILT] 74%, DUALHISE RELLS .

LR LA R T 20 BB UUAS - S R N ERATAO A I 28 TR A, e IR AT L f
SRESYIRE PR Ui R iEb s ST

FATHERI AR 25 HIIEELE T A BSOS I Ui M2 R b, 3 B Matlab 52K B
Hot HOR R e R A8 5 H AT TR, P A R I lA 11 frow .

2 T ] T T |
—— FA] |
I ,‘ : —— TRME

nERimny wl‘* '
O v ! | il i [
1ok i E" "11 /| r ‘ m' \’l k'n!’! r‘ ;! é ‘_ ” ”r,, ‘ W i"‘”llm '“ ':f‘ -

ﬂ ' rwf ’ ;

l -

1.8

1.6

SRR

0.8F 1' ) s
0.6 .
0.4 .

0.2F A

0 50 100 150 200 250 300
FEAEL
Figure 11. Prediction diagram of octane loss value in training set

11, SIS IR S A TN

FE R A

0.8 -

— PME —— sEbeME

HEALL

Figure 12. Prediction diagram of octane damage value of validation set
B 12, BESEFERRGETNE

M 12 AT LB R I0E B, FNME S Se bR E A 2R/, JF H ISR 2 I 2R 481402 TN £ A 45 21 1 =
ot A5 4 RO P PR AR i A R AR TR, 3 M g — N 5 THI A0 E B 1 AT 1328 P 1 F0ASE AN I8/ 1 4 48 X
28 TRV A sk 00 G il 2, i LR AR B ) AR AR g H A B T Ak SR R S
6. ZBRIE

T Lasso [ = FHAH 28 4 26 16 PR E = B A8 B T 3 B, mT DATS B BL R 45

1) @it Lasso [A]AAIHT B 7K 2 Spearman AH 2 8 £ i 77 V2 4 A AL 1 AR &, A3 ol AR A VR HY

DOI: 10.12677/m0s.2022.113080 875 e RSE TR


https://doi.org/10.12677/mos.2022.113080

BeEEE . R AR B R 0.3 MPa B4 /K 2R B E . FRAVKIEE B R, D203 H R =
D-106 #E s D-102 A JERNRMB & & e ERAE. P-101B N JE# %= k. F-101
AT EH K J]. S_ZORBAT-0001 LA & E-101 RN LSBT 13 AN FEAE, A FRER S &
K/NERE = FIEH.

2) (T BP e LA R AG B (1 B L B R PN AR v, el et 4230 1) 32 mT AT 3 N 3= 22

SHCEAH LTI 3 b (K
S5

(1]

(2]

(3]

(4]
(5]

(6]

(7]

(8]

(9]

TeEEET, KB, B, SREE, AR T LA S VIR A AL A IR R T A AR A ], BlEERAR
52, 2022, 22(3): 1076-1084.

B, T, TRF, ER. PR R T 2 S E IR R R R[], B s 50, 2021, 51(23):
165-173.

ot . ST PCA-RFR B = e (40 R PR AR (9 My S 5 0 T [J]. Ao 748 (i ),
2022, 38(1): 220-226.

MR, MR 18 2y SR ORI [3]. KAAnvEEfL, 2020(16): 167-168.

ZEE 5, MRaE. HT IMP B Lasso S04 [B] YA 7E /K Fs 4 2 IR AH T o ¥ R2 R [9]. A6 K254k (B AR #AR),
2020, 42(4): 384-389.

Wang, L.L., Liu, Z.F., Jiang, X.M. and Li, A.J. (2021) Aerobic Granulation of Nitrifying Activated Sludge Enhanced
Removal of 17a-ethinylestradiol. Science of the Total Environment, 801, Article No. 149546.
https://doi.org/10.1016/j.scitotenv.2021.149546

da Silva, W.B., Mikowski, A. and Casali, R.M. (2020) No-Reference Video Quality Assessment Method Based on
Spatio-Temporal Features Using the ELM Algorithm. IET Image Processing, 14, 1316-1326.
https://doi.org/10.1049/iet-ipr.2019.0941

Moscoso-Lopez, J.A., Turias, 1., Jiménez-Come, M.J., Ruiz-Aguilar, J.J. and del Mar Cerban, M. (2019) A Two-Stage
Forecasting Approach for Short-Term Intermodal Freight Prediction. International Transactions in Operational Re-
search, 26, 642-666. https://doi.org/10.1111/itor.12337

Li, D.-F. and Wan, S.-P. (2017) Minimum Weighted Minkowski Distance Power Models for Intuitionistic Fuzzy
Madm with Incomplete Weight Information. International Journal of Information Technology & Decision Making, 16,
1387-1408. https://doi.org/10.1142/S0219622014500321

DOI: 10.12677/m0s.2022.113080 876 e RSE TR


https://doi.org/10.12677/mos.2022.113080
https://doi.org/10.1016/j.scitotenv.2021.149546
https://doi.org/10.1049/iet-ipr.2019.0941
https://doi.org/10.1111/itor.12337
https://doi.org/10.1142/S0219622014500321

	基于Lasso回归和神经网络的辛烷值损失预测模型
	摘  要
	关键词
	Octane Value Loss Prediction Model Based on Lasso Regression and Neural Network
	Abstract
	Keywords
	1. 引言
	2. 数据预处理
	2.1. 数据问题描述
	2.2. 预处理过程
	2.3. 预处理结果

	3. 主要变量提取
	3.1. Lasso回归方法
	3.2. Lasso回归的操作过程

	4. 显著性分析
	4.1. 斯皮尔曼Spearman显著性原理
	4.2. 斯皮尔曼Spearman显著性计算

	5. 建立辛烷值(RON)损失预测模型
	5.1. BP神经网络模型
	5.2. 模型的建立

	6. 结束语
	参考文献

