Modeling and Simulation E# 545K, 2024, 13(3), 3998-4008 Hans X
Published Online May 2024 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mos.2024.133363

ETFPMHAKICNN-BILSTM-XGBoostf# ¢ 3
B =R

Beph R, E LK
FiEETRCRER SR TR, L

Wk HiA: 20244F4H30H; FHHEM: 202445 H23H; &4 H: 20244F5H31H

R

AR B R AMGHIN BT EXEBERNREZ —, HAMWFE AR KR TR 4 7= M 35
FIAZEREE, 4 ESHIEREFREENEERE. SEETEE. NHERRGNRRE &R
DAL E IR MR R AR AR E LY, BN EEFRAERIFEMNERRANKELRE, BBAX
RS RE SR, BA E RN TIEFR RSz, Fik, RAFTEMZ LEEIVLH],
FE T —HE T CNN-BILSTM-XGBoostff A A 35 B 7= R IR R, DLRIXHX Eeh iR . SLIe 45 R R A,
R TR ERIE298%, SEMTSVR. RF. AdaBoostZH{E4i[H MR, AR FER
B R TR IR BERT I B EE

eI 4L

AU E, PRWW, KEBCIZME, RN, SRWZLME, XGBoost

PMHA-Based CNN-BILSTM-XGBoost Catalytic
Cracking Unit Yield Prediction

Zhuocheng Yao, Yagang Wang

School of Optoelectronic Information and Computer Engineering, Shanghai of University for Science and
Technology, Shanghai

Received: Apr. 30", 2024; accepted: May 23", 2024; published: May 31%, 2024

Abstract

The catalytic cracking unit is one of the most crucial equipment in the petroleum refining process,
and accurate prediction of its petroleum product yield is crucial for optimizing production and
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resource utilization. In view of the disadvantages of traditional mechanism model methods such
as modeling difficulties, parameter estimation difficulties, limitations in complex systems, and dif-
ficulty in processing nonlinear relationships and high-dimensional data, data-driven modeling
methods are more flexible and adaptable to complex systems and large amounts of data. It can ef-
fectively handle nonlinear relationships and high-dimensional data, and has stronger prediction
accuracy and real-time performance. Therefore, a parallel structure multi-head attention me-
chanism was used to construct a catalytic cracking unit yield prediction model based on CNN-
BILSTM-XGBoost to address these challenges. Experimental results show that the prediction ac-
curacy of this model can reach 98%, which is significantly better than traditional regression mod-
els such as SVR, RF, and AdaBoost, and provides new ideas for the intelligent upgrade of the cata-
lytic cracking process.
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1. 5|

AR E Ny —Fh F B AR 77, fEA L) P E 2 S R E AL, 3R il 55 1
ORI MRS B T VA R B s MR BRI IR . ML A,
FRONHLEE IR B A5 R s AR IR BRSSO 5502 . BRI 22 A SRS e B, @i 8 Tk RGE ) A
ML SRR AR, Bollas [2]Z5£E AL A4 1k 244k (Fluid Catalytic Cracking, FCC)EEAERT, X} [ N Bh 172
TR E AT TG S R R AT RN A ) E B, R TSR0 R T R TR AR, 8% Bk
PEREAL ARG, 42 105 FCC i s A (R SO HERAME, TER] Tz 075 A Rt John [3]45 K AL 224K,
B E I PO R S VRO R IR TR R NN T BN A ), DS
b A LA e 35 22 T i AL 2 A 2% B R T 40 Al . Nazarova [4]1%69F & T —/Mib )t C13-C40 4.
PRI AR AN RN BT I S 55 5 3 - B (AR 2l AR A, I el B B et AR R 4 SR T
DFRMEIZ K T PR B, A R SO AT R AR P AR e I F . Yang [B]5F AR T —
Tt 5 BN AR 5 PR B 5 ST B M AL AL e B R & T S . 10, AT R T —ANEE HIEh A, %
BRI 8 NI AL, BEJG, AR SR EAR Ry R E AR Mg, I s a8 1 Tl
Dy AR RN o BT LR AU FH [F) S5 25 A A 28 X 4 R 00, R BTN A% 22 k> T 9%, IR BRAIE T i
P T RIARR o

PR AR L, HE BKE) 2 (Data-driven Model) 3 355 78 (6 25 44 AN 2 800 o 2 b KB IE
BARREAT 0T 2 S AN G- HEWT SR 2 (1, T 0 75 2 T B B B 6 R P A . AR T 42 i1l (Modlel
Predict Control, MPC) 4 M _E 40 80 4EACHRTE A Ak AT 2 N, & —Fh 22 A8 B sk i A 42 i 7 2K,
TR Ik el > TN 225 SRR R AR tH K ZE R, AT TR B S P P N B H W 7 AR [6]. Abou-Jeyab S5 i £k 1
Fik(Linear Programming, LP) [7]75 315 15 48 1k 4 Ak 28 B AR 000 42 1) () 20 oK 1) BRIE 75 20 i, B T AR 5%
oAb i AR PO A5 PR RE o Jerez SEHREHH T —Fh T UL ERH A RN . i N EH B PORES L M 2t —
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YAS AL T4 i1l (Model predictive control, MPC) [8] ] & ) HR3E MPC 3%, AH bb T 2 mi AR 2 i S5 v 7 1
fe BB TIRTE. IEAERMEENLARF IR E, AR E @B LT MR 2 51882 S Sk S
A5 Chen 25K 2 BEHRFAE 1% 4% S g 5 BEHL AR Pk (Random Forest, RF) [914H 45 & F T X AL 240035 B 3F
ATEERE, FHORTIN = ShUSCR, JEIS IR S . AU R DL TSR DU A5 R AIGA-RF R 7
RZEMFR R R2 AT HABALRL, F X AP 7 sURe i W bR AR R Eh R I G T AR . M 9R[10]
25481 I (Radial Basis Function, RBF) ¥ £ S T fb 24 4, 2 B o Sy A8 o DN &= i & i, 7 v Tl
HISEIIA TR 22 IA B 1.32%, UEB 7 ARAY B ERAPE o R E Ji [ 1 1) 55 ) FH BB 5 $ A (eXtreme  Gradiient
Boosting—XGBoost) M et AR AL FIL T F be e 2k, HEMZRIAE] 7 99.81%. Fit, EW] 1 T4
T DR (T ATL 25 252 > RN 28 X 8 S ) e A R B P s Ay U A AU

FESEbr Tl fEh, WA EE s 2w FREMN AT S, TR A2 3 2 MR
(2, I X B R 28 2 (8] ] BEA7/E B 24 A AR I [12] o B2 R RRAFAE AN 2R 50 AH S 1 ) DUIE IR fE 42
BCEEARH IR, FER e AT A0 o v T AR S0 1) % 20 [13] o IXFE R RFAE SR IO FE 1T UM I 7 0 32 A
WHERIE B [14]. ISR, HETUREESE M e X TG T W35 RE[15] . [RIRT, A 1h 380 3 B T )
72 it J R BUAC R 1403 R 2 40 AT — B A RN AT 93 £ s APk AR [16]

EURT, 38 gk T 3 8 T o 00 2 A7 i P K e B A A T ASE 2, Sk P 0 Bk 50 7 =X 2 A T 9T
#[17]. Michalopoulos %5 A4 Hi —Fi FH T I A Ak 2440 (FCC) 2% B I i 22 I 2 AR, R N A 22
LR I T FCC I 2 1 w8 BE AR L AT 9 EAT A [18] . Yang 45 A\ 75 8 B & MR & IR RHE, A
128 X 28 &35 A SR Kb FERAS [ B 1) R PR B N AR B, 3 3 B 23 AN [ SF [A] RO 7 LSTM AT DASREERCERE ) 1 2 [)
FRAE[19]

TNV ] 370 A B R 2 A A 2 ) 24 5 DA B T 4 P2 (R RRAGE A% R — 77 TR PR AR 00 mT R 5 B80T 2
BERFA, T H K2 B S AR R I T 51 o B0 I — i BRUAS SCHR Y — R R AT G5 M ) 22 S0k
& JIML# (Parallel structure Multi-Head Attention mechanism, PMHA) CNN-BiLSTM-XGBoost 125 [ £% 5 714
XF TR B P R TN A 7 . B, 8 2 Sk B ML as o) 5aE e [ 45 SR AL FRRE D).
%, FIH CNN-BIiLSTM X} £ 4L} (] Fp F1 B4 2 AT TRAL BE,  Rets A e3R8 (a5 BAFE: 285, @i IFAT
Z54 PMHA-CNN-BILSTM #5843 — 08 i T BLAUE 58 7 % Ty e R AR R Bl i Ab 3R Re ) ), M
F XGBoost A5 8% Tl 25 AT, i 1 T B .

2. THERTE
2.1, TR e) & RO =ik

TEMEALZRA(FCC) T2, St A 7 Hedl R v [ 7% e ) S R M ) - 2 e 2 7 S R PR AR R R 2 A 1 3 5
HEL, Hk, ARGUHLER A VR IO SO ARG Tl s B B R . AR, FCCU R M A &R
GBI AR — AN R 2 AR AR, B AR MR R RS S R . 7R Se b A, W TN TR A Y
PY A DL B SR AL T R 24 I i o 7 AR AR BT R o DRI, AR A 2 1) S i 2 ) AU 7 N BRCSR I A 2
WL AR T R4 FCCU OB A RGUARAL . IXFh 7 VA RENE I K & AE = Bdis o4 ) B 44l 2k
PER R, IR RAIGIESRAE TR . HIAE PMHA-CNN-BILSTM-XGBoost f# {4241k %5 & 75~
P EE TN T R . AT FCCBIn N — AN, IR o SN 25\ 2 4 (Multiple  Input
Multiple Output, MIMO) R Gt &l 1 iR . N & = EARE = K2 Rl WREMIES), X0
W ) B R S AR B I B 5V (Gasoline, GSL). WAk <. (Liquefied Petroleum Gas, LPG).
TF<(Gas, GS)LA K 4 (Diesel Oil, DO), LAt FCCU RN FA: R AT
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Figure 1. Multiple input multiple output system structure
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G BVRHERE R . SRS, RPREAERE B EAT 2040 B2 10K o A S — A AL B . ok, A TAL 2 ) ) Hiciis 4%
N Sep2Sep HEZEHhJFiE It XGBoost #EAT . /5, il S H— 445 B B HE . S8 AR OGRS, iE
BT A SCRT ALY FCC R RGN TR A Z ATAT I, HE M A 2L RN AR R G B EadkAT T R
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Figure 2. PMHA-CNN-BILSTM overall framework flow chart
[ 2. PMHA-CNN-BILSTM Z{&HELL 7 FZE

2.2. Seq2Seq + Fine Tuning $E%2

Seq2Seq & —FiokE B Kb 5 A6 A P B HE (A 26 IR 28 50y, Sl P 1 3R AT SO B B A U 26 il
TAE. BT Seq2Seq fif vy 51 7 Bl IR LR, TS Seq2Seq BB T R F T IS 1 A5t T (¥ 45T o
Seq2Seq + Fine tuning FIZ5 W11 3 For.

m
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FEPNZRAE T Sep2Sep w1, 4 A MG AV Hh PP 208t i A\ 7 S0t - 9 5 45 (Encoder) K7 4 i
%, C (miL#s) R ke, Decoder Fn AT . Seq2Seq HL B i £ A2 A ARAD 4% 5 51 70 A4 . Ao
R LB S B G R A Ui 2 A s €2 R TN 2 TN D 8 7 A g W R S A
BN R . Decoder f&—NXUMERIIF L2, & B4t /e — R Y m i 2% 2 SRR & . i TAE
BFELCRE TE AT S5 B U, 38 A BN SRR R W] RE O 3R G e (ML RE . Fine-tuning 2 —FiL 2% 2 HOR,
AICHE L AE ] XGBoost £E TR ZRAE AL 1 RE Ak 10Ky 5@ A 55 BEAT T, DASR i BRI AR 55 L ROTERE . 1%
NEZRZE4 T Seq2Seq B (1 /7 51l i A5 B 71 1 Fine-tuning H AR AIE RS 2 I AL 34, il SR 3% 1 B A 200 45 44
TR SR, T AZE (A A R B i 7 SR AL 55 b AL R R

Sep2Sep Fine tuning

Input Sequential'ﬂ/ A ( Output Sequential B
/(V \ .
\ Encoder %\ cp J Decoder # XGBoost
y AN

Figure 3. Seq2Seq + Fine tuning framework structure
[ 3. Seq2Seq + Fine tuning 42224544

2.3. PMHA-CNN-BIiLSTM

FE 5 R B AE T A IR R R, AR SCERH T — M IE T Seq2Seq W AL 2 A0 2 B TILI A T
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Figure 4. PMHA-CNN-BILSTM structure
4, PMHA-CNN-BILSTM £5#4

oA Ny — BEIS [P AU A0, gmf#s i Multi Head Attention based CNN #45%, fEfS#s A
BiLSTM £ 4L pl o N 17 A R BE T B [1a) S5 A4 SIS T FR) 20 A8 B T I, 4SS 7R F0) &85 SRS FEAE FY i) 8L Multi Head
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Attention based CNN == ZEXF B4R (1 45 My AT 17 i o FH T 28 0k I 4% B 8L R FH — A 947 45 #4 (Parallel
Structure) 7720, I JRIGEE %N, HET B gAY 8 AE N BRI ERAS, B NEEEESE A
RS, R NBE 1 IR A RN A N BB AR 2 DA AR TN o SR b A4 R B T s K 1
i %o i 1 AT DA BT A B T DB e b B AR A N 50 (1) 22 PP R S 0 P, AT i v A 2 ) Ak 34 s 24
LLPEEE Y RE

3. LW SRS
3.1. FfrigtR

0] VA B0 O AR Y YA i b 3 B AT 34 )5 1% 25 (Mean Square Error, MSE). “F-¥4i%ti% 2 (Mean Absolute
Arror, MAE). ¥JJ57Hi% 25 (RMS Error, RMSE) PA K ¥ 5E R % R2.

3.11. RERH
R2 BIRGE R %, 2 s T SRS PR AR . R2 TS FEIAE(0~1) 1), BREIE 1, HEHd
R R (T

3.1.2. BIFiRE
Y7 1R % MSE J& B S 5 PE ) Z 18 /7 07 8% 5 SR AISF2), JERO, +o0), 4 TIINE 5 B SL g 5¢ 4
FHE N 0, 1RZEROK, ZMEBR. AR @) FnR:

MSE=23"(y, - ;)" (1)

i=1

3.1.3. EH4axtiRE
SRR ZE MAE 2 TIME 5 B9 2 ZAFHERFE. 5 MSE ANF, MAE A5 53 581
SO, B RE S MO B RN VR . A Q) TR

MAE:%Zn]yi -9 2)
3.1.4. HHFRRE

BT RRZE RMSE,  SEPs bt s (E SRR WE 22 Z2 1P 05 SREME G AR Jr iR, HEUEE
FItBA[O, +o0), RMSE /], Ui WAL (T fh 7 20 5 (A A B b 5™ il ™ oleeil, ALk

ARG
RMSE = [ 3|y, - | @

3.2. BIBRETLIE

1) 7 X
PR L A S R S R P L, (LR A TR RO . 7 SRR
I R A R )R

Y(i):@*m% (4)

b, FORE AR, R(I) RRE AT MAE R VAL SRR, F SRR IR YR
o Y (i) FIBUEBORARAZ ™ i A ST .
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2) FrEfuab

HI T FCC RGLEME IR, TESZPRA™ BT 3R AG (KA R BUR A AR AR BE AR — o A RN AN IR 48 B2 1 54
REATHE, SR R R MEAE B 2 5] vy 3 2 0L, TR X N RBERFHE N P RERL 20 FTEA, 7
MR R, T W RERU R, SRR TERE, N BB RO AR S, BTN S
ITIH— A F . BidinT AFEGE— R EAR AL, A5 AS AR AR < 18] B0 LU ASCSE N & BN AT &, [ I 42 e At
T RIS E . ASCIE S TR AR AR AL B, 4R A X (5) o B it A7 4 Tk

X - Xmin
X porm XX ©)

Horlt, Xoorm R HES A5 B Xonin TR ARFAE R AME S Ko F8 NRFIERROCAE, X RN
JR B

3.3. SEREET

BT 2R EFEIH(SVR). £ ZEE185(MLP) M (DT) &2 i et i a2 LSTM
(SL-LSTM). ZJZ LSTM (ML-LSTM)FIX [m] 53 1242 X 25 (BILSTM) A& WL AT, Rtk el
Frg i) PMHA-CNN-BILSTM-XGBoost #E47 /™ & Filill it b4,  IF Hasdxh b B s bl 2 kit
FIRUHIEE R DL E T IHLHII6AE PMHA-CNN 45 kg B TH 00045 B4 4 e i 250k

AT R T R A e A A B R BT AE R i3k 3681 SR . I RFEMIRE A 1 4y
BT B R X6 L PMHA-CNN-BILSTM-XGBoost 75 A [A] K4 8] (1 2508, #4°R F 4% FR bR AT 3500 2 5diE1E N
Wk, f)a 181 LEUR/E IR EIEE . A PMHA-CNN-BILSTM-XGBoost 4% i #1244k
REIMEE. K7 EYRLE A NS B0 A S B R AT . IbAh, EJRZR SR,
Sy MTRIE FE 1 30 BRI AR [ X6 B [ 57 1) 000 LA R %o A5 74 2 A Y0 14 B P 5 - PMHA-CNIN-BILSTM 45
R Zrid f b, ARIRECR 50 IR, 3575 72 MSE 1E A4 2k sk 8, R A Adam 1R AR, 2 21 %67 0.001,
WZREE A 3500 MEARKHE, DL 91 mLbEikilsy, HA & Dropout /=, @i fE I ZRid fE L &5 —
Bz oA, PR I SR B8 1) FE A, b I H S R . Hi XGBoost 1 # 2 4,
W 1 Fiw.

Table 1. XGBoost main parameter settings
%= 1. XGBoost TESHITE

B E{HBLN ZHUE
n_estimators PR N3 200
learning_rate AR 0.3
max_depth W) B R IR 4
min_child_weight PR B /N4 s R AR AN 3
B2 ik ZHUE
n_estimators YRR A B 200
learning_rate AR 0.3
3.4. GRS

2 50 YAEARINZE G ) PMHA-CNN-BILSTM-XGBoost FIXT & 77 i 72 28 1 T 45 5 40 S0 R B R
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Figure 5. LPG product yield prediction
[E 5. LPG 7= da /= Z

Hybrid model prediction
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Figure 6. GSL product yield prediction
[E 6. GSL /= da /= Z=

Hybrid model prediction

— True
16.50 1 —— Pprediction

16.45
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16.35

16.30

(I) 2I5 5|0 7|5 160 1é5 150 1;5
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Figure 7. DO product yield prediction
[& 7. DO /=@ 2T
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Figure 8. GS product yield prediction
8. GS == F

MBI 5. B 6. B 7 LLEE 8 #, FATTATLAE F| PMHA-CNN-BILSTM-XGBoost [ FlIAS R &, K
HATEOLT, AR HAREEAT LB I 1 TR, 172 R 5%, it 95%, S4TSR A Ak
A—F. H, PMHA-CNN-BiLSTM-XGBoost I FH T~ GSL FCC 5415 841 73 A\ i b 04 1 0 RS FE
BT HEeddh, XEZERHT FCC RMAER G, H—MHRAN HEIR AR IR I %) H G & 5
HARAE B8] (O BR 2R, H 95%(1AS B L4 18 B [E FCC ™ i (BF R SR A 800 S kF . @alilas, 364
T PMHA- CNN-BIiLSTM-XGBoost 1A%} FCC ¥ i 5 4t ™ F gk 4T T () Al A7 1t 50 Rt . AR s RRAil |,
S e A R, BRAE T PMHA-CNN-BILSTM-XGBoost A5 54 7 Fil kS 2 _E A ek .

G 2 Fios, BENLAR AR (RF) A1 2E T PMHA-CNN-BILSTM-XGBoost [ AL7E i A 5 br h Z 00 e 1
HABAKK MSE. BUKM RMSE. KK MAE PLR A= 198 REU(R2)(E, 2o H B8 ey 0 T o 1
FIEERERE /7. SCFF IR [0 (Support Vector Regression, SVR) A2 JZ BN 2% (Multi Layer Perceptron, MLP)
R (K BE IR 32h T 1 544 (Decision Tree, DT) A1 AdaBoost %Y, (HATS 4R HA —E ITRIIGE 1), T RAEE
Fif R2 5 TR IE LS. DT 1 AdaBoost #ERAHXTF SVR Al MLP 7Y EL A5 5 w5y () FUm v At 14 A A 7
BeH, ABARA R BENLARARAEE T PMHA-CNN-BILSTM-XGBoost ft# . %F PMHA-CNN-BIiLSTM-
XGBoost [ RITE AT A T bn RIS AL, FA B AR T 15 22 A0 A s ) € R, S HEPE S [ [ A A
o St A SR 2% P S TN 55 1t £ 3 S 1 AT R P R

FR#E 3 firas, SL-LSTM A 24 (1) MSE 24 0.00089, AHXT #4251 , 111 H: RMSE 24 0.02985, MAE 24 0.02319,
WE R R2 N 0.69979, FHMXHAL. ML-LSTM (Multi Layer-LSTM)# A [ PERER T SL-LSTM
(Single Layer-LSTM)#iR!, (HABSRAIHEAR, F£ MSE y 0.00075, RMSE A4 0.02740, MAE & 0.02274,
R2 }y 0.75342. BIiLSTM fAURILE4F, H MSE 24 0.00062, RMSE /vy 0.02486, MAE 4 0.01933, R2
4 0.80153, {7t B w0 UM Ak A R AR R RE ). 20, RAIEE JIMLHIE SA-CNN-BILSTM
(Self-attention-CNN-BiLSTM). MHA-CNN-BiLSTM (Multi-Head-Attention-CNN-BiLSTM)#1 PMHA-CNN-
BILSTM A 7E & Tl fi i 3506 W 3 etk 230k 2] 1 AR MSE. RMSE Hil MAE, PLJ# =) R2 H
F55) /& PMHA-CNN-BILSTM #5784, F MSE {4 0.00177, RMSE 4 0.04202, MAE & 0.03467, R2
0.97645, T ANMNF. f)h, FET PMHA-CNN-BILSTM-XGBoost [ RILE T $8brh R Bl i, H
MSE 1Y 4 0.00010, RMSE y 0.01002, MAE 4 0.00728, R2 >4 0.98009, Fiifh, s XA EJEE
PREE DA 215 0 1R A 24 258 B 7 2R PO 55 110 L £ 3 oL P AL B R
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Table 2. Comparison of prediction results of different recurrent neural network models
= 2. NEHEMHEMERBTUNEE RELE

e MSE RMSE MAE R2

SVR 0.21937 0.46836 0.35872 0.89721

DT 0.19771 0.44465 0.26462 0.91400

MLP 0.20931 0.45750 0.35596 0.90895

RF 0.11505 0.33920 0.22271 0.94995

AdaBoost 0.16690 0.40854 0.31938 0.92740

PMHA-CNN-BiLSTM-XGBoost 0.00010 0.01002 0.00728 0.98009
R MSE RMSE MAE R2

Table 3. Comparison of prediction results of different regression models
= 3. NEIEVIRBITTNEE R ELE

Y MSE RMSE MAE R2
SL-LSTM 0.00089 0.02985 0.02319 0.69979
ML-LSTM 0.00075 0.02740 0.02274 0.75342
BiLSTM 0.00062 0.02486 0.01933 0.80153
SA-CNN-BIiLSTM 0.00233 0.04831 0.04273 0.95719
MHA-CNN-BiLSTM 0.00188 0.04339 0.03663 0.97218
PMHA-CNN-BiLSTM 0.00177 0.04202 0.03467 0.97645
PMHA-CNN-BiLSTM-XGBoost 0.00010 0.01002 0.00728 0.98009

4, g5ig

ARSCHE T — Flont (i A0 24 256 B A R4 BRI 5 B0 v 2 R AR R4 B A AR A PMHA-CNIN-
BiLSTM-XGBoost. PMHA-CNN-BILSTM-XGBoost = Z 45 #)y PMHA-CNN #&H R BiLSTM fRbk,
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