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Graph convolutional network-based fault diagnosis of chemical
process under sample imbalance
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(1. School of Electrical Engineering, Xinjiang University, Urumqi 830017, China;
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Abstract; To solve the problem of low accuracy of existing fault diagnosis models under imbalanced data
distribution caused by insufficiency of fault samples in practical chemical process, a fault diagnosis model based on
cost sensitive multireceptive fields spatio-temporal graph attention network ( CSMRFSTGAT) is proposed. This
model converts the corresponding variable data collected from chemical process into topological graph data through
maximum information coefficient ( Cy, ) weighted calculation. Using the fault diagnosis model of the graph
convolutional network ( GCN) , multireceptive fields graph convolutional module (MRFGCM) and space-time graph
attention module (STGAM) are designed. Then, a hybrid margin-aware focal loss function is proposed to impose
more penalties on samples which are difficult to recognize. The proposed model is applied to evaluate its diagnostic
performance in multiple imbalanced scenarios of the Tennessee Eastman process (TEP) and the three-phase flow
(TPF) dataset. The results show that the proposed model achieves the classification precision and F1 score of more
than 91% and 92% in the TPF dataset, and meanwhile the classification recall rate and F1 score in the TEP
dataset both break through 99% , respectively; It can recognize faults more efficiently compared with the machine
learning model, deep learning model and graph deep learning model. The proposed model has excellent
generalization performance in dealing with the data imbalance problem, and can effectively realize chemical process
fault diagnosis under sample imbalance.
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Fig.1 Weighted maximum information graph signal construction process
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Tab.1 CSMRFSTGAT parameters
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Fig.4 Framework diagram for industrial process fault diagnosis based on CSMRFSTGAT
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Tab.2 Description of TPF fault types

AR WAL 2, XHH—A6J5 /Y TPF Hdl 3171 7 Ak R 1 25 I e
BOIR A A E h I AR B AY C,, DAY ek 2 ks ke
HEFES ek 3 A A A 2
ZIKSQEKT)Y-F PYTOI“Ch TE%@J:;I%,EE%H:EEE@}% MR 4 W AT IT
CPU (Intel i9-12900H @ 2. 30 GHz) ,GPU ( NVIDIA e S g
GeForce RTX 3070Ti) LA KIZ 777 (16 GB) , 7 S 6 2 K
YR HSHOR BT At KN R 32,22 5 %R
*3 TPF FESAFEHIBEEEGFIHER
Tab.3  Specific data distribution of TPF-balanced and imbalanced datasets
RGBS e 0 e 1 I 2 R 3 I 4 ek 5 e 6
- LA 1.0 1.0 1.0 1.0 1.0 1.0 1.0
APA LA 1 1.0 0.1 0.3 0.4 0.2 0.7 1.0
A L] 2 1.0 0.1 0.2 0.3 0.4 0.5 1.0
4.1.2 Ly AR 94.34% F1 94. 66% , 15 T Lo L Tl Ly 555125 1R

R T BRI Ly WA RO 45 52 UL K bR
B ( cross-entropy loss, Ly ) Ly 215 5 15 351 5% R 2K
(equalized focal loss, Ly ) «Lyipay ~ Logwroau 2301 5 3]
B Ly J5 B9 CSMRFSTGAT Ml 45 &, R 5
CSMRFSTGAT ZEATXS L, IR T3 3 FroR il 3 b
ATRVECHE 23 A 15 50 R 9 TPF S8 2 Wi, AR 415k
BaAT 10 W, 430 P F A, SEge 25
R4, R4 TR AR L) A A 1 Ol
T &R R A & TR AR PR F IR E) T
97.42% F197.53% K LA -, UL WITE 25 R A K0t 14 4
LT, LB s By Boag RAFRY 0 261 RE . 7R
A1 BT, Ly 09 P FF 5300 R

B, VA Ly, BERS T A RO AL BRSP4 dl | 2 4R
T4 T BERE HCR A 3 TR, EASTi A 2
TEBLR R4S Ly 19 P A AH FEASEA HC A 1)
A BT T B ABATY R4 A i A 4 2R eR 2T 9 e 5
K, Lo AEIEH GO T RIS, (A E A1 L)
O, HPERR 2 N, B2 T Lo, A5
ZBIAE-A , FBON D ECAEAS G BUNPERE T B
DL b SO0 25 S R A [ R B %) B8 A S A 1
T, Ly B REEUAS S 4 B9 12 W AR, IE B T
CSMRFSTGAT 7548 AV 1 00 T R 4F iz f vk
AR

R4 [HRKEYHE TPF TEHERTEBES NS LR

Tab.4 Classification performance of various loss functions on TPF-balanced and imbalanced datasets %
1k A -1 L A1 AP L) 1 ANPA LA 2
P Fis r Fis P Fis

Leg 97.42 97.53 86.96 87.47 86.89 88.30

Ly 97.84 97.67 90.34 91.94 89.49 90.17
Ly 98.32 98.28 89.48 91.02 88.70 90.49

Ly pam 98.17 97.80 90.79 92.56 87.30 88.98
Lpgw.1oan 98.37 98.21 89.74 91.69 90. 20 91.78
Lyyr 98.59 98.52 94.34 94. 66 91.50 92.91
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4.1.3  BANZEHERE PG

R S UE BT P AR B A e R W e 9 2 S RE T,
JITHR AR 5 AL 27 > IR TR 2 A5 TR 0 R R
SR BEATRS L, ML IR O ST R A o3
B 32 45 1] 2 ML ( PCA-SVM ) | T B 2 > A5 70 4 355

IDCNN ,CNN  TCN 1 B4 25 ) 2 — 4 J i i 12 ™)
2% (CNN-LSTM ) , 15 3kt (5] R B2 2% 2] B AU A GCN Al
MRFGCN , Z BRI R i 2% 2] BBl GAT, £ 3 Fi AN
RO T, /05247 Ll sial 10 ¥, H-45
ST P AL F JPIAE 2R E S,

K5 REZE TPF TEERTEEREE EHD LR
Tab.5 Classification performance of various models on TPF-balanced and imbalanced datasets %
o T L A1 APA L) 1 ANPA LA 2
P Fiq P Fis P Fig

1DCNN 90.93 88.05 63.82 43.18 38.96 34.75
PCA-SVM 84.90 84.32 21.40 18.29 31.40 17.94
CNN 88.42 90.18 57.77 47.83 51.08 41.08
CNN-LSTM 88.21 89.73 68.39 66.95 57.58 57.79
TCN 89.65 91.31 76.07 75.65 72.66 71.21
GCN 94.52 93.67 79.92 79.92 77.45 75.29
MRFGCN 96.90 96.29 89.78 89.74 87.12 84.45
GAT 96.25 96.23 86.94 88.57 85.76 87.35
CSMRFSTGAT 98.59 98.52 94.34 94.66 91.50 92.91

M % 5 Al . 78 BOHE O A b o3 A s DL T
CSMRFSTGAT () P F1 F, ¢ 53 5l ik 3 98. 59% #0I
98.52% , 5 GAT MRFGCN TCN ,GCN # [t , 43 %il42
BT 1.69% ~13.69% F12.23% ~14.20% , W [
A PR UMb Tad R B8 v ) 52 22 ) 28 R BB A5 118 i A
AU HRE , CSMRFSTGAT AE B i 56 1 /D RO REAR (S
B AR IR T EAE AT X T2 W RE Y =2 )
TEAR-AT LB 1 F5 00 R, CSMRFSTGAT /Y F, (il P
R i O A D 4207 N = o 7 B - R TV
CSMRFSTGAT #) F, o Fl P 43 5 4 92. 91% A
91.50% , Ui X AR SR IR L . A PP AS - iy
BB o A I DL T BRI B 2 20 A5 78 22 RS- Al 55
53 A 9 it B /N A G TR B A S R X
B 25 T IR 2 S AR BB A R R RO L B
23 AR, 4% TR CSMRFSTGAT 78 #F 47 i s
S IR B A3 2R RE , AN AN S G ) B8
Oy ARG L B S, T LA T X e JE AN S 14

TR
— — glo

0
1 0.8
2
] 0.6
g
‘E 3
2 0.4
o,
5 0.2
6
0

0 1 2 3 4 5 6
TR
(a) WMWY HIR A HEFE

o AR RS IR R = i P I F o

RS HTEI  CSMRFSTGAT AV A] LA 52 A
AU T BAZPEAS T (5 2, 30 AT DL o [ 4 22
I 26 M 2 AR AR E G Iz R 45 4 15 8., AN A2 AN
SR S AT 2 B, &5 O CSMRESTGAT 7
B5CH T 9 15T R Y VA R R RN 3 S A e HE R R Y
A B LT 28 % A (t-distributed stochastic neighbor
embedding,t-SNE ) F#1E AT B AL 25 R Bl 5 (a) AT
LR CSMRFSTGAT X 6 A% i e v 1ff 5
89.00% , {H XJ 2 K Z F i I 1 i i 2 3k 3] T
97.00% AL, B ik 1 A R DR O T A AR R
g, K 5(b) PR SRR A BIESHA, AR
B (%) FEE S REACR IS R IR LA X 4y, 8
CSMRFSTGAT AVFRIESR B , (A 51804 5 r
JEIE N RIREAAS ], R 43k e R AE 15 2104 25053

B TR
}(%

-

AN PBWN—O

(b) t-SNEK]

El5 CSMRFSTGAT %ithiB/&%EM R +-SNE B
Fig.5 CSMRFSTGAT output confusion matrix and ¢-SNE plot
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4.2 HAAFRKTSIRBIFEELL ST
4.2.1 BARENH LB

I 4 E&*%ﬁ%ﬂ%ﬁ( Tennessee Eastman process,
TEP) J& 35 [# Tennessee Eastman {4277\ 7] 2 H A9 —
A SEBRAL T R O B8R, p iz T T
RS2 W B HLAE 5E SE > TEP 243
P VBT JEARHL o B A HASERS 5 T, B
15 A ~H L8 R E Iy A 41 DR RFIL A
PR AR i BB 21 KB, X T 200 RN B
W, BEAL SRR IR RO R 4 R 5 RTELRR 14
AT 0T BRI R 6

* 6 TEP &4
Tab.6 Description of TEP fault types

G i P S 7 R A
4 Bl JURE B HK A PR % A5 M
5 Bk R BERRA EIK A DB & A28 E
14 Rl R A8 HIK 1]

LR PMERCE S S 4.1 8 XMH—
PAE PR AR HE AT T 7 AR B SRS RS AL BEAS FI Y
AR s . Bl PR 4 JSREE T
55 PR S AN R A, BRI A s B UL 7
FEYI G b e BOIE FAE A B 100 A, oAl ke
BT BRI T P LI TR, AP A L
1 Hp IE R REA RS SO 14 REAB UL R AE AT
MrE B 2 Fp IR AR A RS B 4 AR AR LU (R 2w

5101,
&7 TEP LTES5AEEHBEEEESHER

Tab. 7 Specific data distribution of TEP-balanced and
imbalanced datasets
HLpIZER HBEO  WkRE4 HRES BRE 14
-1 L £ 1.0 1.0 1.0 1.0
AP 1 1.0 0.2 0.3 0.1
AT L] 2 1.0 0.1 0.2 0.3

4.2.2 Ly BB HT

R T — 20 B UE 5 R oA IO AR Y Y 52 )
4.1 759 5 FORTE LK RELS Ly AT X LG, 45
RULFR 8, R 8 NI, ZEEHE - L ] 43 A 17
T, ARG PR B B R AP IR, Ly 9 R AN
F R T 100% o BEHREAE T A1 00T I,
L5 Ly R 5 F TR, TER RSP L5155
WA T, T Ly, B R R F 55K
94.34% 94.73% H1 95. 76% ,96. 16% , 35 Lk 25,
AN Ly o 38 28 DG T 28 341 PR EE 25 25 5 48 3R JinAX
(1) 7 2, 0T PRSP A5 o A A 0 T AR 1Y
R A F 5 h 96. 17% . 99. 41% F1 97. 36% .
99.31% , KWIHAEA R O D BEHEA, Ly, 8
WG 5 R 5250 A, NS D EORREAR (1) 6
T EATA L) 1 B i oL R B R R G
A 99.73% 1 99. 28% ; TE - Lb il 2 Hdi o3 A
TEOLT B BS WSCR L AN SZ AT AT 5200

x8 B[IMKEMAE TEP TEHSAFEHHIEE LHHF LR

Tab.8 Classification performance of various loss functions on TEP-balanced and imbalanced datasets Yo

S V-1 LA AT A 1 V- 2
R Fig R Fis R Fig
Ly 97.67 99.28 94.34 95.76 94.73 96.16
Ly 100. 00 100. 00 97.64 98.03 98.31 98.32
Lgp 100. 00 100. 00 96.43 97.67 97.12 98.02
Lipan 97.07 98.58 94.82 96.47 97.44 98.29
Lpgwinan 99.40 99.60 96.17 97.36 99.41 99.31
Linr 100. 00 100. 00 99.73 99.28 100. 00 100. 00

4.2.3 BRI REPER,

h T BRAE T $R R TEP B4R RS bk
B S 401 A A U RLEA T X FE A M, X
FUASEARL G 4.1 S50 v IR FH AR RS A 2 40 AR A AR 1)
2R R A R R A R TR A RS
15 3 ORIV EE o A iR 0T B ALE AT 10 WK, 1T
R F, (WEIE, 2R E 9,

H12 9 WI 1. 7 S i Eb 6 B 4 A R
CSMRFSTGAT ) F,  F1 R 43 %] b MRFGCN | GAT,

TCN.GCN 27+ T 0% ~3.20% Fl 0% ~4.76% ,i%
F AT 4 T SRR R A [m] i OB 1) 22 Az B
B 25 A T LA RIS 5] 2 55080 0 A1 1
LN ,CSMRFSTGAT i R 5 F, (iK% 100% , X i A
WSS UEE 1 43 ) . EAS T A LGB 11 Bl
N,R5 F, 4310 99.73% F199. 28% , i 2 ik
RWE TV LV BHE 73 A1 DL GAT A AL )
FEZE IO 2 SRR, R 5 F S RIFE IR
BT 100% o 75 PR RS A P H A o A s BT
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B, AR FEASAPA T T RS R 2% 9 1L T R B2 -85

HHEL T GL IR B 2 > A0 | 3 PR VR 3 2 > A 3
BT B E I F R R 3R 18.17% ~
59.31% 17.88% ~59.62% 1 15.43% ~50.91% .
15.5% ~54.7% ., THXTA A REASET TR BT 5 2 1
RUSWTRE 71 0 2 B AR, T P Y% 8 2 > 5528 P i 1Y)
Bf s RRAE SRR AR 7, A5 O B A7 12 Wi g

51 6 i CSMRFSTGAT #5784 it iy HH TR VA 46 B 5

FAE AT Ak 45 R, H Bl 6 (a) AT LLFE
CSMRFSTGAT AL} i A5 i B 4 73 J e i, A 3R
HAE IR RN AR, R 6 (b) AT &
CSMRFSTGAT HRAVFRIE SR IR 43 28 J5 | T A 0 B
TEXIE AR, i — R T HAE e 5 AT 55
W LR RE

R RIEBFE TEP FESAFEBIRE LI EHLR

Tab.9 Classification performance of various models on TEP-balanced and imbalanced datasets %
. A A AP 1 AFHFHL A 2
R Fis R Fis R Fig
1DCNN 87.98 89.89 41.77 35.31 40.76 34.75
PCA-SVM 85.95 85.94 28.01 13.24 26.53 11.30
CNN 91.57 92.30 66.37 58.85 67.76 60.32
CNN-LSTM 93.57 94.34 72.21 68.11 73.37 69.45
TCN 95.24 96. 80 72.86 71.84 74.08 73.73
GCN 96.59 97.69 88.29 90.10 89.58 91.61
MRFGCN 98.49 98.99 91.67 93.68 95.46 94.37
GAT 100. 00 100. 00 92.68 94.62 92.50 94.44
CSMRFSTGAT 100. 00 100. 00 99.73 99.28 100. 00 100. 00
R
1.0
0 44
0.8 2
3
s ! 0.6
1%
%
= 04 O
0.2
3
0 a8
0 1 2 3
T b3 25
(a) Wb o) ST IE A P (b) -SNEJ|
Bl 6 CSMRFSTGAT %iihiEB#& %MK t-SNE B
Fig. 6 CSMRFSTGAT output confusion matrix and :-SNE plot
5 4 A BEREAS AP R SR I AR BT H Al 2R pR R, 1%
e

ASCHE Y T AEA A T 2T CSMRFSTGAT
() A i R K B 12 WA 7R 3 3k o S 5 4 B0 IE T
PR RI A R, EELEWT .

1) 3833 2 4 Ak T3 Fe 2 A% B (5 5 Z [ 9 |
R EIMAUR KRG B G, AR RIE T A8 &
ZIRIINAESR TR 45 6 IR 2 2 10 55 T 8di 4
AT NS X 3 12 Wi S

VBT Ly 2 sRECR L WL 200
DL 2R IREAS R Ly SRR AT i 1) 50, 7

R BRI B PR BE

3) B #2 By CSMRFSTGAT #& AU, i@ i
MRFGCM 1 STGAM $&H 715 S AN [/ RUEE B9 FRRIEAR
BOAREH TGS R R e Rl A, g
AV E AP L BB S i F ) 397E 92.91% M
L R 3TE 99.73% KV L, P 75 91.50% K L) |,
Xf FeSE g A5 R W TEAEAS AN P-4 T A4k ol 7l
FEISWT T AR TR Gr R B2 2% 2] FREIGR B 2 S A0
ST R AR ELAT B A A T R A
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