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A Deep Belief Network-based Fault Evaluation Method for

Multimode Processes and Its Applications
ZHANG Kai"? YANG Peng-Cheng' PENG Kai-Xiang"? CHEN Zhi-Wen®

Abstract Traditional fault grade evaluation methods for multimode processes have not well consider the common
features embedded in multimode process data, which led to the low evaluation accuracy for cases where there lacks
of fault grade data for the operating mode under evaluation. To solve this problem, firstly, this paper proposes a
common and specific deep belief network (CS-DBN), which fully utilizes the hierarchical feature extraction ability of
deep belief network (DBN) to automatically obtain the common features that reflect the common information of
multimode operating processes by measuring the similarity and difference in the distribution of multimode operat-
ing data, and obtain the specific features reflecting the unique information of each operating mode; Secondly, on the
basis of CS-DBN model, the known fault grade data are gathered to formulate a multimode common and specific
feature database, and the weighted logical regression method is used to develop a fault grade evaluation model; Fi-
nally, the proposed method is applied to the fault grade evaluation problem in a hot rolling mill process. The applic-
ation results show that, with the increasing amount of multimode fault grade data, the evaluation accuracy of the
proposed method gradually increases. For cases that the fault information is sufficient, the evaluation accuracy can
reach up to 98.75%; For cases that the fault information is less sufficient, the evaluation accuracy by the proposed
method improves nearly 10% compared with traditional methods.

Key words Multimode processes, fault grade evaluation, common and specific features, deep belief network (DBN),
hot rolling mill

Citation Zhang Kai, Yang Peng-Cheng, Peng Kai-Xiang, Chen Zhi-Wen. A deep belief network-based fault evalu-
ation method for multimode processes and its applications. Acta Automatica Sinica, 2024, 50(1): 89—102

Wik FL 2023-03-27 340 LY 2023-07-22 AR AR M A% ) R AR S A = 45 i i b
Manuscript received March 27, 2023; accepted July 22, 2023 S B s 3% = A .
H X AR 4 (62073032, U21A20483, 62173349) ¥ Bl GIESE SR RRPNNE S G A i B A0
Supported by National Natural Science Foundation of China =] k2% 2 LT FEAR I NS
(62073032 U21A20483, 62173340) %IITPE/J}I%J EIFENSUR S AR i a (X DA ]
AR EGE Ay A T B 2 B R T, LN 0 i

Recommended by Associate Editor DENG Fang b N1 b

L b SORHER S H L 2ERE JE3E 100083 2. T FAIRH R RE | b T R B, R, YA T R G
B EE W E MY E AR 100083 3. IR HAMLFE R K
¥ 410083 Laboratory of Knowledge Automation for Industrial Processes of

1. School of Automation and Electrical Engineering, Uni- Ministry of Education, Beijing 100083 3. School of Automa-
versity of Science and Technology Beijing, Beijing 100083 2. Key tion, Central South University, Changsha 410083




90 H 3

S 50 &

e 2 - MR o 5 2 10 A T 0 0 A 7 e SR 42
SR, BENE B A2 ) v R AN 7 ot o B AR 1k
FAT, ol ad F s s 88 P4l 77 ik CAE A th a8 Pl
AL s SRR IR AT D N, JF
A AT ROR.

bEE Tk B3k 5 Bl A BRI sk Je
BT B IR By P g e S PR A DT VR R AT
R 2 Je G v A WLES 5 20 BRI 5 2] 4%
W Z egiit ot ik asE £ 008 (Principal
component analysis, PCA)!"\ fi#z/» —3F (Par-
tial least squares, PLS)"™ K H AR @ J7 155, IXLLk;
AESR BTV 5 o A Bl P55 SR 7 ) SR AR HL
REE R, T — DR R R BT, BEE A
THRRIRIE, XFFMENL (Support vector ma-
chine, SVM)!" #5353 #7 (Fisher discriminant
analysis, FDA)" S5 f RN 2852 2] T35 2 M H
e Sy Rr Sl PUREMVABUR - &/ ERS R LK (=L a1 1 0] 70
RAR LI MR AL, e SVM i &y 4 =1 )]
SRS T, T FDA @I PR 4R
SEHI R EL. SR, X EETTERZ MR T ERE S,
A BETCIRAR G AL BEAR S PR AS & Bl , R MU R P4l
e 5 AR AR e R AR BT VAR S L IR,
TR BE o7 ) R RE % B 3 3 BROK RUAR A 2 4 204 1)
RIZFRAETI R 2 W 505 R, G AR b 2 9 2%
(Convolutional neural network, CNN)!"| HiZ& H
gL a% (Stacked auto-encoder, SAE)!"! FIJR &
BAFM % (Deep belief network, DBN)! &, H.dr,
DBN it i #dls M= A RS U B R, B3
fily ]9 25 AH B, DBN S A s 2R A0 4 ) A5 28 XL B
JE 1, BA BRI VIR /N 5 TR RS
. Hil, DBN CfEEBALEE ., 15 & H. B2
WA 55 A5 2 1 T2 1 R VE FIRIE FE .

SRR ET 0 B T ST RS 1) W R
fhREAL. SR, SEPR R AT AR AR 2 M TARREAS,
AR SR AT AR A 7= RS ) 2 AR S A T 7R
BAT TR R 2 A, A% 4 1) SRR A W P 55 A T
V2 ME DA 250 32 B 73 A T A 1) 20 135 e AR AL,
i AL T 2 RS T AR R R SR B B AN DAy
fEbR. —REWATi22R PCAL PLS 555200
Gt BJTEY R Z A, B, SCER (18] FIH £
A PCA FREUAN AR AS SRR AR, AR 55 AL
BRI LS R ATIRES, JFEra @it fatrk
SIPERESESL. STHR [19] SR d5e/MAARA B H G R
XSG RHIE 7 22 1) 2 (3R AT L, ARG 5
() 2 [) (¥ BE B T IR A IR AL FR B . SCHR [20] H2235¢F
Ta bR A5 S RN 218 R AR 20 B v, Wb R0 2 2% b

R ER- AR AR A, SEIL T AT RS 4%
AV, N T R E A SR ST
FREIAL B RE ), — U T ME 2 1) VP il HE 2 B 4 1
I Hr N 2% (Bayesian network, BN)®, & #iR
A1 (Gaussian mixture model, GMM)P? £,
B ERTEAE— e LR ARG N (R
S IR S B e, S2R T PEAl 0 R 1
Y TH N B A (M AR S M AN i 4R AR BN PR BE S 2 SR
B TRy, TR A ST I VT A B 52 BBk ok
B2 BT, SCHR (23] B T 2T AR A A O B
251 2 S R B B AL T, DA A Hod
SEVPAL AR bR, 18 XGEE H i 8% (Autoencoder,
AE) $EHUH AN AN [FIR FE BVRAE, FEAEE = 0L
B B T AT 0 JZ R A RRAE. SCHR [24] BEXT 2 AR
AEHETZA AE B8, HARHERE 48 3] — A3t
[F) P4 B /0N PR 7 2 [ J AT S S A, 7893
TR R R SCER [25] R — LT DBN 3 3)
IR 3] U7k, ilid DBN #2488 %0 N FFIE 5 B 5 0F
g5 R B HE B R R, H4E-& F 3T Tr
AR T AE SR NFH PR T R A

A 1) 22 RS I R w5 A5 2 DA 7 V2 X AN [
(RS AT IS 3 i B S PP A LAY, 5 B AE T A S
(1% e e 5 2 B 350 0 2R T G e e i e A 7 =) T
ZERAE B VAL M HERA 2, KRB IEE RIS TS %
P B S 2 A5 AR N T ot AR Ak Bk 9F HL
KB4 7732 A IV 5 A3 B I A R AE, R /b Xt
EREAS B LR RRE B o dr . Sibs b RERE
ATERAT UM, (H AR BT A 78 5 10 R DG 1 1 i 45
DY RAEME, — 2 HA ARSI E
B B, 7R N IR LI R AR AN [R) R AR
10 N 5 1R 2 | A e V== S X R (VR R 7/ 7
M 25 48 A2 B AR AT R I AN [F) R v [RLG, 43 901
PR 2 AN T AR B LM RRAE AN 2 18 AT LA R 1 A
AR SR R i T S M SRR IR R A P AR E 1) 52 1k A4
APPSR AT I ek e P AR AR S IR A RS
5 B BIANFE, 2 5 20 B o R s Al 10 TR A 12k
AR R S Al T s W 1 .

BT 20 AR Tk R ) A A DA ) A, A S A
DBN Jy'Refik g IR RS B f kA7 IR 2 O g, 4
W7 — M T - AR EAE M4 (Common
and specific deep belief network, CS-DBN) f#]#k
FESE VPl 7 vE. B G, B 2RI AR, M
—Hf CS-DBN A5 28 Sfe 4 BB A& [ Ft S 4 455 ik A1 A
PEFFAE; HR, B2 HH R AN PR AE 0 W 5 55 2
VEAL 7%, 25 R B PR R AR T BN S e FR A 1) 22
PEATE], 25 FeE AN RFAE 23 BoAS [F] AL R 15 &%
J& , W R 75 N B BN PG FL R R R s



134 TRV B TR IE B 0 4% 14 2 B il R i s PP 7 v 2% 7 91

R G G B 1 SEIERSE | !
A 1 v [N 7 \\‘/4"
R ‘\\“,,:..
: i ' XN I %
K
Bids M _ W& M IR E 7//"‘
B M ' T e A
TEH B

Bl EhE L MERRE R S PR A T s =R
Fig.1  Schematic diagram of fault evaluation method
integrating common and specific features
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Fig.2  Schematic diagram of single variable common and
specific feature decomposition in hot rolling process

5100 ——
! TR ] .
o 0 T e |
= o0r TR 2 TR R (T )| | ]
_ PR [ TV RN ) N
'5 _%28 " B 3 LD HBEAR (NS
E — W LA R (NS |
* 0 100 200 300 400 500
FEA
40 T T T T T =T T T
v ol T
ﬁ - 4
#H
Ea —‘618 [— 5 2 ommahs Frbs)] !
0 100 200 300 400 500

SN
B3 LR A R AR S Sl R

Fig.3  Schematic diagram for evaluating the common
feature grades of rolling force faults
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Table 3  Fault grade division and label addition in the hot continuous rolling process
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Table 5
information in different modes is known (%)

FAEA LIRS B ORI R VTR SR (%)

Evaluation results for cases that all fault

LEEE LN FDA SVM SAE DBN CS-DBN
Accuracy 82.50 95.27 95.87 93.38 98.75
Precision 89.69 95.34 96.08 94.26 98.96
MacroF1 85.94 95.31 95.98 93.82 98.85
= & YT
4.3 HFEESES EMNEFER TS

RN T 3 B IRAE A ST AR 2 A R A s A
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Table 6  Evaluation accuracy results for cases that part of fault information in different modes is known (%)
B FW A B YNGR 0 & e 2 P RS GO 35l IRV Al HEff
REEELD A
A-1 A-2 A-3 A4 A-5 A-6 A-7 A-8
FDA 57.50 50.00 60.50 65.00 65.00 50.00 50.00 50.00 57.25
SVM 49.70 50.00 50.00 50.00 50.25 50.00 44.85 50.00 49.35
SAE 50.70 50.48 50.82 65.42 54.02 50.20 50.20 50.00 52.73
DBN 53.65 62.45 53.10 50.35 73.10 52.85 57.25 50.20 56.62
CS-DBN 68.23 64.65 64.45 64.40 74.60 67.82 65.45 61.30 66.36
. ZM] B: BN GRS b 878 W P S5 2 U8R PR A Al 2
Pt T AR FHE
B-1 B-2 B-3 B-4 B-5 B-6 B-7 B-8
FDA 50.00 45.00 25.00 65.25 50.00 52.75 62.50 54.25 50.59
SVM 49.38 50.33 50.01 48.05 41.35 40.75 62.58 50.25 49.09
SAE 57.08 54.25 57.60 50.00 64.65 48.72 63.48 70.20 58.25
DBN 63.62 60.45 68.83 45.53 50.00 72.45 59.50 71.35 61.47
CS-DBN 65.00 85.50 74.00 65.55 73.20 68.15 69.55 74.40 71.92
- G C: B NG T 2D PR S R B T ROV Al v A
REEELD A
C-1 C-2 C-3 C-4 C-5 C-6 C-7 C-8
FDA 50.25 50.00 51.38 50.00 50.00 50.00 50.00 50.00 50.20
SVM 58.43 50.50 50.15 50.25 50.00 58.03 50.00 52.25 52.45
SAE 67.50 60.48 72.95 60.87 60.62 64.55 61.48 70.32 64.85
DBN 71.83 70.50 71.65 71.50 71.28 60.15 74.15 72.70 70.47
CS-DBN 73.63 71.55 74.33 73.05 70.53 74.35 76.95 70.60 73.12
- Zf5) D: WGBS T 2B/ PGS A =SS R AR T PG R
GRGEEL FHIME
D-1 D-2 D-3 D-4 D-5 D-6 D-7 D-8
FDA 51.15 50.00 54.38 50.25 52.43 52.45 50.00 52.35 51.63
SVM 53.05 52.35 50.65 50.55 51.85 51.70 52.25 50.00 51.55
SAE 74.52 66.55 68.70 71.45 68.60 70.52 64.43 68.62 69.17
DBN 72.65 69.60 70.83 73.65 74.40 74.05 69.98 66.50 71.46
CS-DBN 87.65 76.43 76.20 88.25 83.30 80.10 76.03 76.35 80.79
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