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A Novel Method for Deep Causality Graph

Modeling and Fault Diagnosis

TANG Peng! PENG Kai-Xiang' DONG Jie'

Abstract To achieve integrative modeling of fault detection and
diagnosis for complex industrial process, this paper proposes a
novel deep causality graph modeling method. The deep causality
graph model is constructed based on recurrent neural network.
Group Lasso sparse penalty term is introduced into model
training to detect the causality among process variables
automatically. Then the conditional probability prediction
models learned from deep causality graph model are used to
establish single variable monitoring index for each process
variable. An integrated global monitoring index is obtained for
fault detection in the whole industrial process. Once fault is
detected, the variable contribution indexes are built to isolate
fault-related variables, and the local causality directed graph
network built by fault-related variables is used for root cause
diagnosis and propagation pathway identification. Finally, the
proposed framework is simulated by the Tennessee Eastman
benchmark process data. The experimental results verify the
effectiveness of the proposed method.
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6 R M R A T TN B B R PR e RIS 7Y A R
W, Group Lasso #& Yuan 7E 2006 4E7E Lasso #i B 2 K 77
W BIZH B R M A A N AR R A R R AT
M, SRIGTE H bR B I T g 200 L2 ad, X FER AT BA



1618 H ) &2 i 48 %
LR
< 2o 2.
xS é? [<:> <) C)]
é&ﬁ%
g
| remomwmn |
i
T )
Lt AR

IEEEre

2

i, -1
:>| GRU

=

1 VRISEDR AL ] ) B4 T A2 I 2% 454

Fig.1  The network structure of single node prediction model for deep causality graph
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The fault detection and diagnosis based on deep causality graph model



6 34 JEMSSE: — B AR P PR R MW i Wi 7 ik 1621

1)5@@----1)27
r !

1
i
1
i |
1 T 1
i S
! @ 25 T Compressor
it ‘ ---------- Uy
i i 1)2®-- 7
i Uiy
il ! o 2 [ o -
i [FeedD 4 i |
¥ 2“ : @ g | !
E E i"““""_" Condenser 3t :
i v, --‘ » | |
i x 3@ 7, SC -- E i Vap/Liq
! E E ! 4 7 : : Separator
I 24 |
P !
o ©
R @ - O
] :
EEN T :
| i '
Hoe- . : N
! )
""" & 5 :
1 v
1
1 Z
E E
. R
Feed C
K3 TEGZELZRER
Fig.3  The flowchart of TE process
- KRR, A S LA KON TR 10 1T 58 A

T

80 100 120 140 160 180
AR AR

4 AR TR TINR 72 ) 5% 2 2%
Fig.4  The relation curve between prediction error and the

number of variable connections

(False alarm rate, FAR) 7y 2.7%, S.AMEA 125 1 B
6029 10 ms. ] LA B3 9 P2 DR 3 1 2 S A R ) e e
DUT7 i AT DL AT RO I O R R e, e T P
312 L PR g RS I 77 9K A T S o WL £ TG 2 73 A o
F Ml T2 R TEE 24 B R FE SN, A R 2 ) ) R SR AR O%
FTAE A SR SEBR 1 TN AT 2R RE % BR B AR AR AK,
JIT AT $58 dg Be A6 00 7 35 A e A 8Ot AS T Y B 5. 9. 15,
211X JUR Al b

FICRRE 4 52 S N 4 A ZAON EL IR B8 — N B BR AR A i
B, HEE S EUU N A W AR IRE (), 2RJE SN a1 &l
A R (var) W ETF AHSR i T AR 0], SR g

M. LR 2B WK B AR, A EIKH DR W&
TFIEE . SR PR R S B R A AT A 1 5 SR a1 5
i, 1T LAE R AR bR PD? 7655 301 A S AE A K%
RF sz 0 L sk AR L R R R R AR S ) 50 N IE SR AN A,
TTHE A Z RN VO, 458 wkE 6 fiox. VCI KT 1/nif
AR TR AR AR T BB AT vgs v vies o1 vors v30 3
6 AAZ B A2 W R R A DG AR L AR R R R P AR A 4
AL TR SRR R R IX 6 AN g B A 2 A5 B 0 2 = 5 IR SR
P2, i 7 BT, SR BUE R R 50 NS A
B3 i PN 2R S LT s PR B R R . AR B W R R B 1Y
KN, 158 EMR AL T BN v — vor — a1 — w30, 1R
T RRA B v, BN B8 PN SRR S O 4 R AR AR
W, X5 4 YL s R — 3K

Wk 8 /& A\ By C HEEIE M — AN bR, HIE 8
B RGN B 28 T ek A SR 7R 2R 354 N SKOBE AR T HE ok
FRHE ] 9 B i) VCI, 1€ S AH S 54 ves v vios vigs
Voo~ Voss o7~ oo FE 8 AR KRR 1 MR RS, Wk
A AR T SR DR SR ) X 2%, an B 10, i
G TIPS R ) £ BEAL RN vos — vig — vag —
{v6, vao}, vos HEUR N WURAR YR AR . s A2 A HEREMEHI R,
XA R S 8 L R — 2. MRS TE R R i, s
8 FHRMIARIETT (v7) ARG ETT (vie) KAV BA
A BT IR AR AR, HEBUR (vr) IRAEHL LAE D)%
(o) W ERBEAS 4k, AN TAT 3 B RL AR HE B 26 (w6) KRAE S
10 AT DA s B b X — g B A R B A2

T XS PR i 48] P A e s O R 2 I 2 SR A i, R
TR 72 1 % 5 TR S PRI A B 8 T P A st 00 S Bt



48 %

1622

TE I3 R2 1) 5 SR R

*1

The causality matrix of TE process

Table 1

26 27 28 29 30 31

22 23 24 25

1 12 13 14 15 16 17 18 19 20 21

10
0

2 3 4 5 6 7 8 9
00 0 0 0 0 0 0 O

1

0

1

0
0
0
0
0

0
0
0
0
0
0
0
0

000 0O 0 OO0 OO
00 0 0 0 0 0 0 O
000 0 0 0 0 0O
000 0O 0 OO0 OO
00 0 0 0 0 0 0 O
000 0 0 0 0 0O
000 0O 0O O0OTUO0OTUO
00 0 0 0 0 0 0 O

2
3
4

5
6
7
8
9

0
0

0
0

0
000 0 0 0 0 0 0 O

1

1

10 0 0 0 0 0 O

00 0 0 0 0 O

11

0

0

12

0 0

1

3 0 0 0 0 0 O

0
0

0
0

14 0 0 0 0 0O OO 0 O

5 0 0 0 0 0 0 0 0 O

0 0

1

6 0 0 0 0 0 O

0

0
0
0
0
0

7 0 0 0 0 0 0 0 0 O

88 0 0 00O OO O 0 O

0

9 0 0 0 OO OO0 0O

20 0 0 0OOOO0OO0O0O0

0

000 0 0 0 0 0 0 O

21

0

0000 0 01

23 0 0 0OO O 0O 0 0 O

22

0
0
0

0
0
0

24 0 0 0 0OO OO0 0O

00 0 0 0 0 0O

1

25

00 0 0 O
27 0 0 00O 0O 0 O

1

26 0 0 O

0
0
0
0
0

1

0
0
0
0

28 0 0 OOO OO0 0O

29 0 0 OO O 0O 0 0 O

30 0 0 00O O 0 00

31

00 0 0 0 0 0 0 O

FEA R

100 200 300 400 500 600 700 800 900 1000

0.8

21 MY FDRs (%)
The FDRs of 21 faults (%)

*2
Table 2

0.7
0.6 |
0.5F
0.4F
0.3F
0.2

1
99.1

Fault

100 100 92.4

100 4.1

96.9

FDR

ad

16
42.9

13 14 15
99.4 6.6

93.6

12
29
20

10 11

81

9
11.9

Fault

97.1

FDR
Fault

21

19

18

17

0

- O
S
=
S
f R
w
Z
f R
g
o ®E
< _m\X%w
o =
[ -~
& o=
9] :kuﬁuum
=&
© rﬂ.ﬂ
S K2
< 2=
2| S
=50
%] e
0 _ﬂ/v.mw
- L=l
a o -
KX

W 4 B R W 4 S
The fault detection result for Fault 4

&l 5

5]

Fig.5



6 34 JEMSSE: — B AR P PR R MW i Wi 7 ik 1623

0.25
0.20
L 015}
S
0.10 }
0.05
0
5
10 #hE 8 HBRAT KA B LR K &
6 HHE4 8 VO K Fig.10  The causalities among fault-related
Fig.6  The plot of VCI for Fault 4 variables for Fault 8

0.174

0.281

0.997 N
R

ASCERH T — B AU R R R A Uy, AR
FERL Y 25 B A R 513 Group Lasso Fiiffi f& 11 Wi, 7] 5
FH SRR 2 R E R R, A F T IR 4 iR
JEE [R] B P G 75 e B R e R B AT A5 2 o R AR B 1) R 4% 45
0.627 W H AR oA ARG, T2 R R AR A

@ AR BRII G T b, B AR BI LA R bR,
T S I B A R P B A . — LA I B e, A AR

A A e S TURRTE AR RIS B R R G &R, SRR B TR A SR AL |, 12 Wik

| AT R AR IR, BB EH (2. FTHLI )7V TE 42
Fig.7 The causalities among fault-related variables for Fault 4 BOTE. ST 4t 2 BE BT 77 1 B 5 G A R TN L e 5%’ e
IR A R AT, O 8 A iR AR . IR P R SR TR AR

0.9 N - P s =
sl PR SR A ] P 23 ) 52 1) 0 A 2R e s it 310 T ) o 2 e i
ol LM AW B R 2 ST A0, T AL
0'6_ CWTRRSAERE. b T A R Je e ad AR AR, B E I RLR
sl A 1) [ 45 46 ] e 5 s Bm ) 2% 4 K G 22 . LR S T T
200 5 R AL 3 N R SR PR G, DSt
0'3 | VRS R F 10X 2% 45 4], S Tk 2 I .
0.2} | References
0.1 ' L] | 'V 77777777 1 Zhao Chun-Hui, Yu Wan-Ke, Gao Fu-Rong. Data analytics and
00 1(‘)0 200 3(')0 460 5(')0 660 7(‘)0 860 960 1000 condition monitoring methods for nonstationary bfltch'p'ro—
PEA 5 cesses Current status and future. Acta Automatica Sinica,
2020, 46(10): 2072-2091
S S MRS R (RUEEHE, 758, R, TR IR SR A

[ . E 3R, 2020, 46(10): 2072-2091)
2 Dong Y N, Qin S J. A novel dynamic PCA algorithm for dy-
namic data modeling and process monitoring. Journal of Pro-

Fig.8 The fault detection result for Fault 8

0:35 cess Control, 2018, 67: 1-11
0.30 1 3 Zhou Ping, Liu Ji-Ping, Liang Meng-Yuan, Zhang Rui-Yao.
0.25} KPLS robust reconstruction error based monitoring and anom-
aly identification of fuel ratio in blast furnace ironmaking. Acta
50207 Automatica Sinica, 2021, 47(7): 1661-1671
=015} (B, xHE~F, RABE, KEife. & TKPLSE B R IRZE R

PORHEE B I0 5 5 WR 0. B Bk sA4k, 2021, 47(7): 1661-1671)

4 Zhu J L, Ge Z Q, Song Z H. Non-Gaussian industrial process
monitoring with probabilistic independent component analysis.
IEEE Transactions on Automation Science and Engineering,

5 10 15 . 20 25 30 2017, 14(2): 1309-1319

k. 5 Yang J, Dong J T, Shi H B, Tan S. Quality monitoring meth-
od based on enhanced canonical component analysis. ISA

Transactions, 2020, 105: 221-229

0.10 |
0.05 [
0

9 WkE 8 VCI
Fig.9 The plot of VCI for Fault 8


http://dx.doi.org/10.1016/j.jprocont.2017.05.002
http://dx.doi.org/10.1016/j.jprocont.2017.05.002
http://dx.doi.org/10.1016/j.jprocont.2017.05.002
http://dx.doi.org/10.1109/TASE.2016.2537373
http://dx.doi.org/10.1016/j.isatra.2020.06.008
http://dx.doi.org/10.1016/j.isatra.2020.06.008

1624

H Zlj

S 48 %

10

11

12

13

14

15

16

17

18

19

20

21

Wang K, Chen J H, Song Z H. A sparse loading-based contribu-
tion method for multivariate control performance diagnosis.
Journal of Process Control, 2020, 85: 199-213

Alcala C F, Qin S J. Analysis and generalization of fault dia-
gnosis methods for process monitoring. Journal of Process Con-
trol, 2011, 21(3): 322-330

Kerkhof P V D, Vanlaer J, Gins G, Impe J F M V. Analysis of
smearing-out in contribution plot based fault isolation for stat-
istical process control. Chemical Engineering Science, 2013, 104:
285—293

Yin Jin-Tian, Xie Yong-Fang, Chen Zhi-Wen, Peng Tao, Yang
Chao. Fault tracing method based on fault propagation and
causality with its application to the traction drive control sys-
tem. Acta Automatica Sinica, 2020, 46(1): 47-57

(FHEH, BKTT, BRESC, B, M. BT R SRR A
R i e ) T R R AR AR SR SRR RGP R . 3R,
2020, 46(1): 47-57)

Ma L, Dong J, Peng K X. Root cause diagnosis of quality-re-
lated faults in industrial multimode processes using robust
Gaussian mixture model and transfer entropy. Neurocomputing,
2018, 285: 60-73

Li Z C, Tian L, Jiang Q C, Yan X F. Distributed-ensemble
stacked autoencoder model for non-linear process monitoring.
Information Sciences, 2021, 542: 302—316

Tang P, Peng K X, Zhang K, Chen Z W, Yang X, Li L L. A
deep belief network-based fault detection method for nonlinear
processes. IFAC-PapersOnLine, 2018, 51(24): 9-14

Zhang 7 H, Jiang T, Zhan C J, Yang Y P. Gaussian feature
learning based on variational autoencoder for improving nonlin-
ear process monitoring. Journal of Process Control, 2019, 75:
136—-155

Chen X L, Wang J, Zhou J L. Probability density estimation
and Bayesian causal analysis based fault detection and root
identification. Industrial & Engineering Chemistry Research,
2018, 57(43): 14656—14664

Chen X L, Wang J, Zhou J L. Process monitoring based on
multivariate causality analysis and probability inference. IEEE
Access, 2018, 6: 6360—6369

Zerrouki H, Estrada-Lugo H D, Smadi H, Patelli E. Applica-
tions of Bayesian networks in chemical and process industries:
A review. In: Proceedings of the 29th European Safety and Reli-
ability Conference. Hannover, Germany: ESREL 2019, 2020.
3122-3129

Mehranbod N, Soroush M, Piovoso M, Ogunnaike B A. Probab-
ilistic model for sensor fault detection and identification. AIChE
Journal, 2003, 49(7): 1787-1802

Mehranbod N, Soroush M, Panjapornpon C. A method of sensor
fault detection and identification. Journal of Process Control,
2005, 15(3): 321-339

Azhdari M, Mehranbod N. Application of Bayesian belief net-
works to fault detection and diagnosis of industrial processes.
In: Proceedings of the 2010 International Conference on Chem-
istry and Chemical Engineering. Kyoto, Japan: IEEE, 2010.
92-96

Gonzalez R, Huang B, Lau E. Process monitoring using kernel
density estimation and Bayesian networking with an industrial
case study. ISA Transactions, 2015, 58: 330—347

Chen G J, Ge Z Q. Hierarchical Bayesian network modeling
framework for large-scale process monitoring and decision mak-
ing. IEEE Transactions on Control Systems Technology, 2020,
28(2): 671-679

22 Chen G J, Ge Z Q. Robust Bayesian networks for low-quality
data modeling and process monitoring applications. Control En-
gineering Practice, 2020, 97: Article No. 104344

23 Yu J, Rashid M M. A novel dynamic Bayesian network-based
networked process monitoring approach for fault detection,
propagation identification, and root cause diagnosis. AIChE
Journal, 2013, 59(7): 2348—2365

24  Zhang Z D, Dong F L. Fault detection and diagnosis for miss-
ing data systems with a three time-slice dynamic Bayesian net-
work approach. Chemometrics and Intelligent Laboratory Sys-
tems, 2014, 138: 30—40

25  Chung J, Gulcehre C, Cho K, Bengio Y. Empirical evaluation of
gated recurrent neural networks on sequence modeling. arXiv
preprint arXiv: 1412.3555, 2014

26 Yuan M, Lin Y. Model selection and estimation in regression
with grouped variables. Journal of the Royal Statistical Society:
Series B (Statistical Methodology), 2006, 68(1): 49-67

B s bR AR A 2013
AV B TR 2 A5 B LR B 2 224z 2016
FERFAALTT DAL K2 S H TR B2, £
B FUTT 0] e M Rt 120

E-mail: gnepgnat@163.com

(TANG Peng Ph.D. candidate at the School of
Automation and Electrical Engineering, University of
Science and Technology Beijing. He received his
bachelor degree from Changsha University of Science
and Technology in 2013. He received his master degree
from North China University of Technology in 2016.
His research interest covers process monitoring and
fault diagnosis for process industries.)

HHAE AR B B EER. 2007 E3RAFL
SRR g A 2 5 TR 2 . R T 7 AN
SR T B 2 i 5 A B . A SOEAE /R
E-mail: kaixiang@ustb.edu.cn

(PENG Kai-Xiang the School of
Automation and Electrical Engineering, University of

Professor at

Science and Technology Beijing. He received his Ph.D.
degree
University of Science and Technology Beijing in 2007.

in control science and engineering from
His research interest covers fault diagnosis and fault-

tolerant control for complex industrial system.

Corresponding author of this paper.)

B F RO A B R 2007 E3RAE L
ORHECR 2 AL 2 5 TR L2 0. 3 R 507 AN
BEeE IR SN, IR EE S YRR R RS
A B4 .

E-mail: dongjie@ies.ustb.edu.cn

(DONG Jie
and Electrical Engineering, University of Science and

Professor at the School of Automation

Technology Beijing. She received her Ph.D. degree in


http://dx.doi.org/10.1016/j.jprocont.2019.12.001
http://dx.doi.org/10.1016/j.jprocont.2010.10.005
http://dx.doi.org/10.1016/j.jprocont.2010.10.005
http://dx.doi.org/10.1016/j.jprocont.2010.10.005
http://dx.doi.org/10.1016/j.ces.2013.08.007
http://dx.doi.org/10.1016/j.neucom.2018.01.028
http://dx.doi.org/10.1016/j.ins.2020.06.062
http://dx.doi.org/10.1016/j.ifacol.2018.09.522
http://dx.doi.org/10.1016/j.jprocont.2019.01.008
http://dx.doi.org/10.1109/ACCESS.2018.2795535
http://dx.doi.org/10.1109/ACCESS.2018.2795535
http://dx.doi.org/10.1002/aic.690490716
http://dx.doi.org/10.1002/aic.690490716
http://dx.doi.org/10.1016/j.jprocont.2004.06.009
http://dx.doi.org/10.1016/j.isatra.2015.04.001
http://dx.doi.org/10.1109/TCST.2018.2882562
http://dx.doi.org/10.1016/j.conengprac.2020.104344
http://dx.doi.org/10.1016/j.conengprac.2020.104344
http://dx.doi.org/10.1016/j.conengprac.2020.104344
http://dx.doi.org/10.1002/aic.14013
http://dx.doi.org/10.1002/aic.14013
http://dx.doi.org/10.1016/j.chemolab.2014.07.009
http://dx.doi.org/10.1016/j.chemolab.2014.07.009
http://dx.doi.org/10.1016/j.chemolab.2014.07.009
http://dx.doi.org/10.1111/j.1467-9868.2005.00532.x
http://dx.doi.org/10.1111/j.1467-9868.2005.00532.x

6 34 JEMSSE: — B AR P PR R MW i Wi 7 ik 1625

control science and engineering from University of application, process monitoring and fault diagnosis,
Science and Technology Beijing in 2007. Her research and complex system modeling and control.)
interest covers intelligent control theory and



	1 深度因果图建模方法
	1.1 图结构已知的因果关系建模方法
	1.2 图结构未知的因果图建模方法

	2 基于深度因果图模型的故障检测与诊断
	2.1 故障检测
	2.2 故障诊断
	2.3 故障检测和诊断流程

	3 案例研究
	3.1 TE过程描述
	3.2 实验结果分析

	4 结论
	参考文献

