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Abstract : In the operation of industrial reactors, the effectiveness of feature extraction and noise suppression
of high—dimensional process signals directly affect the overall performance of fauetection and
diagnosis. To address this issue, this paper designs a novel multi-channel temporal bidirectional
Long Short—=Term Memory—Gated Recurrent Unit neural network MTBILSTM-GRU) for deep feature
learning of high—dimensional process signals. Firstly, wavelet transform is adopted to perform multi—
band feature extraction on high—dimensional process signals to separate information of different
frequenc components; secondly, fast Fourier transform is used to realize the conversion from time—
domain signals to frequency—domain signals, simplifying the presentation form of signal features;
finallthe MTBILSTM-GRU network is utilized to learn discriminative time—frequency joint features
from multi-scale process signals. Comparative experiments on multiple fault classification methods
are conducted on the Tennessee Easman dataset. The results indicate that under wavelet transform
denoising conditions, the model achieves a classification accuracy of 90.71%, and when the Haar
wave is selected with a denoising level set to 3, the classification accuracy can be improved to 96.1%.
Furthermore, on the industry—recognized difficult—to—clssify Faults 3, 9, and 15, the proposed model
achieves high classification accuracies of 99.50%, 9.63%, and 97.38%, respectively.

Keywords : fault detection; time series extraction; information fusion

515

A THIERRAA RIEE A, FEOS S LT P R0, JXERIC & ST SEp S EoR, TN A arh
MRS, UHE A TR G S HILrT L, RS2 Wi i L IR E A a5 S SeBl i 2 0 I, R Geiais Wiy
A FERIE BT B E S A TS AR, (URESSHUR B RAFEIE, (R PR S AL A T B, WI5Emi s
PR 55 (DB SRR SRS BHARPR . ARttt TohEmAoTTE. AN BB R NS X 3l A5 ik
FRACHE, JEILRHES A A S 5 RSE I E PR AT, RS R ', 15T iR I E S, SRS
(A YREALE

WS HOREERGIRA] HE IR PIEENES U RS 0, BREM LS (CNN) MEAREZEI R OBRZ—, W
Krizhevsky A " BN TEBGIAGIGHR, FHERZ BERIEHE BIe R BITMEML (RNN) [FEEEREEES Y EE

TEER: MEEARAZREFETME, TEARRKMFIEEEISH AR (BBSS: 20240NKY14 ),

134 | Copyright © This Work is Licensed under A Commons Attribution-Non Commercial 4.0 International License.



S, ARAZIEBI . ISR SR, B R RS ARl R R R, O U B I R G R . Shahnazari 25 A" 4 RNN i+
TSR R A, Sun S A S DUHTES [T P2 451 FH T EHANPY — T2 (TEP) s, (A 3. 9,
15 AN 5% 5% 7.12%, FARFHAMMIEIR, Kang BN Y L ATWZRZS (ANN) 5 RNN 7EML LR REME S Wb
PERE, S5 RNN (ERFR 20 NG, (AR 9 mIor2eiitiess, HIG Xl 16, MfT TEP HABJ 2, RNN 74
FHCWIREEE, AUIELASGERR 3, 9. 16 WA MR, LSTM, GRU S RE R m 45 e dt— S48 A TEP #ifis:
JEHEIE, Han 28 A7 Sl Al LSTM M4 B2 A8kl TEP MESWIRUR, e 3. 9 SWRERIEREN 90%, (R 15 R
N 47%, Zhang Fl Xiong™ SR GRU BEEEFE TEP HFHS WG, HFE 3. 9 PUIRUR REF, HEE 15 F5 AL 12%-70% XS0,
Somayeh Mirzaei %A XL LSTM 5 GRU [IRSHS WHIERE LA 250U, b Tt RS T i g 2o it

KAEHHTIZML (LSTM ) J&T4HRAY RNN Z54, PAIEbEE LSTM b, TSR GE MR EITIZ, A RGN TR SR E
B WSS EHAD U O R A b A3 B T V2R . THEIEERIC (GRU) A& LSTM sk, S5HT e BLkRERILM
5o GRU AR LA TR LSTM %5, fAMIN AP AR ICIC U5 R 5 NIk m%,, (LSBT ST T AN R S5,
BRI TSN TG ATERN], SIS S I 2 . W B HIC %S (BILSTM) HETH LSTM S5 LSTM 41
AT, LSTM A ESoE R, 1 BILSTM A [ &AL TS0 R, L 47,

BT Rk, ASCK GRU 5 BILSTM BHTRLG, fRti—FmAES S HEE2 W2, AI%ET Multichannel Temporal BILSTM-
GRU WM PSR, T LSRN FE SRR o %M DU P55 1) LSTM SRR, iR 2 EiEm A\ BIEE R
FEIRMES . ENFESHARE NS, Sl N Ee R 2 RIS, I MTBILSTM-GRU 8% 20185 AR RUE ks
A5 TR DR FL A A B A S IS, BRIUR RIS SR s Il MTBILSTM-GRU S8pli 215 ka4l
TG, SMFIERFBIPIRE, #AREkaJertae,

ASCHIEHE TR T :

(1) #2 T Multichannel Temporal BILSTM-GRU F BV (MTBILSTM-GRU ) , SEHINSUERMER ER &, A%
FHE RS I 2R

(2) 4] TE HUlA a5 85 A, SR /N Al i (5 S e I Iy 5, 456 TRast sl B s R e ) s
B, RN SRR R, DA AR

(3) 454 GRU INJFHE SCRBEHTERE ST S BILSTM A [AIRFIEFEUICE . SRANR— 2% BRGS0 5> 5T 4 A 1 I AIURFAIE

—. HXER [y =W h+U,x +b,)
it)=c(Wh_ +Ux +b)
(—) BILSTM/GRU o()=c(W,h+U,x +b,)

a(t)=tanh(W,h_ +U x, +b,)

Hrr, x FoR t MR N, ke, FOR -1 R 2R
W, W W, MW, 3088051 BT BT RIS
R b BGEREG U, o U, U, FLU, SRR REETHERR x,
HIBLEEZRELG by o by b, A1 b, JONPEHIRELA;  tanh J9 XL
IEYIETE L, o O Sigmoid BT L.

KAHHCIZ M (LSTM) ZJF &M% (RNN) [l
T, 550 RNN FESCPRR TR IEAB RETS 2 . BRI I I B g
IRAGEERERE TSRS, LSTM 41 Lk shpaitfr itk LSTM
TR E RNN i, BoOBEREREE h =],
BT HHTTEA TG, IERH GRS (cell state) £7
fEFRFEE . LSTM B 245 M B NI TR, ()« i) -
o(t) S BIFER t INZITREI T, BT, B 1A, a(e) 7% LI tanh(x) = o=
ZIRE h(t =1) F0 x(e) RIS R

o) = I+e™
1 BRTTSH A TERGRER T ce-1) , 4R t N2k
4 ) B . ARFETR:
: fi i F# a } ct)=c(t-1)0 f(O)+i() Oa(t)
7] [=] [T >® Hr, O Hadamard #, t BSZIBEREUZRAS h(r) % HET]
i ’ h olt) 5 URTAMILIRE c(r) 2ERIHLEF,
- J h(t) = o(t) © tanh(c(t))
X K] R 0L M 4% (BILSTM ) A& Aty LSTM 45
E1LSTM %7410 1, IS BIAER . 055 A G ERI, Hi4L
BRI 5 R T TR S R SR 0K . BILSTM I ¢ N %2046

Copyright © This Work is Licensed under A Commons Attribution-Non Commercial 4.0 International License. | 135



HEHIBIE S5 | COMPUTER THEORY AND RESEARCH

AETFI AL 35 7 58 G AR N A5 R, SEeE I R AR R B e S i

fefi T8 LSTM,
h, :i
XZ

\ (&

(c) h

| =~

[E2 BILSTM £519E

GRU /& LSTM MR, UM TRRRN LS
RIGEARESE RF S, GRU 5 LSTM fE24d7 5 MERgRaR,
B GRU SR PN B T SLl:

13 GRU &7t + 1

BRI R«

z)y=oc(xW_+h_W, +b,)

r(y=cxW, +h_W, +b,)

k() = tanh(x, W, + 71, © h_W,, +b,)

W)=(-z2)Oh_ +z Oh

e, ©f Hadamard By z(0) HEHT, r() HEET,
h(e) FBEIEREIRGS, () NRARTEROIRES; W, . W, W, 45
BIFEREHT], FE T TEE RO B A IOBEREG W, .
W, R W, R B GRS x, AR 2% b . b, Fl b, 539
FORTHTIT B TRRAE O FE A e

GRU LB E AT T84, ¥ LSTM B AT T 58T
FENTERT 2 (1), TR0 07 505 EE B 2 L aT N 2 n el 53
—IHEREET r (1), BTGP E RS . SRS,
LSTM 5 GRU 5@ [ T4 e Or B SRR, BRI R
HAFE TSR, GRU HETF LSTM b —AN 18450, S5 H
A YR TR BRI & SR sl

(=) &F Multichannel Temporal BLSTM\GRU &I 8
SIREEEY

AR SCHE AL A TR 43y HOH AL B RS M
Mgt

1. HAHPALEE: EeRT I PRI TR A B, B AR
O [-1,1] KA, b e gt E ;s BRI AN A BRI
Hymbeng, AEpmiRBIRET WS, RARERIAE Sy BB
T PR B R NS S R S S, I 2R

s RSO A BIATERHREIL, SRR BRI 50
fi.

2, ML BTSSR, SRS BIMA BILSTM 5
GRU HURLIET SIS ERIN, BRI il 22.5]
REOUATRCSE: TR A5 SIS R

i8] 51

——

54
f

WA

1

\ [(Dropout |

[Tieare)]
[ ]
[Dropout |
[Tiearn ]
[Sotux |

&4 Multichannel Temporal BILSTM\GRU &8 45152

—. ERERES

(—) BiEFALLE

B S P G R, AN S S
THH, HRFENINAERE, BRI RIRE, NHEIEAS
LML, K P 2K PRI SR B, L2 BRI
HHAEIE

HAEI P BUHE Butterworth 837, FIR 3897, 30
SPRIUENE . HPETEYE . AEANUEN: . EEV RN . NE RS, K
SO LR A BT AR, MG AL AR,

R 1 R,
Fe 1 AN S Reengt T AL 7 s SR G

EACITL Ly ACC
Butterworth JEJ 0.7392
FIR 0.7573
T 5% 0.8643
HR{E TR 0.8722
)t 0.8321
[SPCIVAT:YE 0.8532
UNL &% 0.9071

B L AR, Fesh Paaig, ey . BEADEN. HIEN
TR PRI A JUERFZEL Ny 85%, LNy v /NG AR 4 e gt
Sefedle, B ZNERIRRIAT] 90.71%, EIH/ING AR B F AR
SCBERUE 5 B AT

136 | Copyright © This Work is Licensed under A Commons Attribution-Non Commercial 4.0 International License.



oo Case 9 98.63 87.38 | 7625 | 7460 29.43
e §§ Case 10|  99.13 96.38 | 100.00 | 93.75 9171
- Case 11|  100.00 100.00 | 9150 | 9545 99.29
E %@ I I I I I Case 12| 9863 9450 | 100.00 | 100.00 95.14
K Case 13| 100.00 88.75 | 81.25 | 99.14 57.86
ﬁ(&%‘?& « &ég& wé‘?& &ég& \\j\ﬁ%} Case 14 |  97.13 91.00 | 97.00 | 100.00 99.57
o Case 15|  97.38 87.00 | 8525 | 7350 271
BEIR 7T Case 16|  93.25 8950 | 9475 | 100.00 98.57
Case 17| 100.00 9650 | 93.88 | 100.00 100.00
15 REMERIEIR S Rt Case 18|  86.38 91.88 | 90.38 | 9843 99.00
(=) 5EMIS SIS ER NI Case 19 99.75 100.00 | 98.00 | 100.00 100.00
B 7R3 MTBILSTM-GRU 54 5 BiILSTM. GRU, MC1- Case 20 98.75 95.38 94.38 | 94.12 99.14
DCNN. SimCLR-TS J7iEiHT 21 Jlss2enfty, Zaminss 2 |Case2l| 9388 9588 | 90.75 | 70.59 81.71
i, TEARE IR REA CaseO HUZHET, AR ERREy  |Average| 9610 93.09 | 9045 | 94.08 81.43
G ES TN ZEIEE 335, B 9 25, 4 15 ek,
BUBSEBURTRTIE A, FoOME TR R P I S aemtss = BB
29 HHAE SO A R L RS —F R [ AL B B2 Wi MTBILSTM-GRU
VTS TAL MCL= | L ReTs HH LSTM B B SEIE /IS SRR IS R (55 Bk
Case GRU BILSTM | GRU DC[EN i W, AR RS RS R e E A 5 e g
Case 0 e FBRAOE S, RRSHRAE; F Rt MTBILSTM-GRU
Case 1 04,63 o625 | 9125 | 10000 96.29 ZIEIEVEEEF I RESE, JE 2 WIEE 5 2 0 PR A R AL
Case2 | 9813 9863 | 9463 | 10000 | 10000 i, R R BV RHE e R B Sk e
Case 3 99.50 96.38 | 99.38 | 83.48 25.57 fE Tennessee Eastman #4i 4 LML E5 SR LM, %07
Case 4 78.50 9188 | 7688 | 99.22 96.57 BRI O S RS W B, AR BT H A R R S ST R,
Case 5 97.00 96.88 | 96.00 | 90.40 83.86 MTBILSTM-GRU ST s i e oy 2R 8, Al SRR iUt
Case 6 93.38 70.88 | 100.00 | 93.10 99.14 WiERIkE] 96.1%, JoHAas 3 26 45 9 3. 45 15 I
Case 7 97.38 97.75 85.38 100.00 100.00 [, HEELSS I SEEL 99.50% . 98.63%. 97.38% [MITSREREIAM, T
Case 8 96.74 9213 | 6263 | 99.27 86.71 STl R B M B A S
ZETHE

[1]Faradisa, 1. S., et al. (2016). Identification of phonocardiogram signal based on STFT and Marquart Lavenberg Backpropagation. 2016 International Seminar on Intelligent
Technology and Its Applications (ISITIA).

[2]Daubechies, 1. (1990). "The wavelet transform, time—frequency localization and signal analysis." IEEE Transactions on Information Theory 36(5): 961-1005.

[81Krizhevsky A, Sutskever I, Hinton GE (2017) ImageNet classifcation with deep convolutional neural networks. Commun ACM 60(6):84 - 90

[4]Shahnazari, H. (2020). "Fault diagnosis of nonlinear systems using recurrent neural networks." Chemical Engineering Research and Design 153: 233-245.

[5]Sun, W., et al. (2020). "Fault detection and identification using Bayesian recurrent neural networks." Computers & Chemical Engineering 141: 106991.

[6]Kang, J.—L. (2020). "Visualization analysis for fault diagnosis in chemical processes using recurrent neural networks." Journal of the Taiwan Institute of Chemical Engineers
112: 137-151.

[7]Han, Y., et al. (2020). "An optimized long short—term memory network based fault diagnosis model for chemical processes." Journal of Process Control 92: 161-168.
[81Zhang, R. and Z. Xiong (2019). Recurrent Neural Network Model with Self—Attention Mechanism for Fault Detection and Diagnosis. 2019 Chinese Automation Congress (CAC).
[9IMirzaei, S., et al. (2022). "A comparative study on long short—term memory and gated recurrent unit neural networks in fault diagnosis for chemical processes using
visualization." Journal of the Taiwan Institute of Chemical Engineers 130.

[10]Yu, J., et al. (2020). "Multichannel one—dimensional convolutional neural network—based feature learning for fault diagnosis of industrial processes." Neural Computing and
Applications 33(8): 3085-3104.

[11]P6ppelbaum, J., et al. (2022). "Contrastive learning based self—supervised time—series analysis." Applied Soft Computing 117.

Copyright © This Work is Licensed under A Commons Attribution-Non Commercial 4.0 International License. | 137



	基于深度学习的反应器过程故障诊断方法研究

