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A Two-stage Domain Generalization Learning Framework for Fault Diagnosis of Bearings
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Abstract During the actual operation of the equipment, the working conditions are complex and changeable, res-
ulting in large differences in vibration signal distribution. Many existing methods constrain the feature extraction
process by incorporating measurement metrics, aiming to extract similar features from both the source and target
domains to address diagnostic problems from a single source domain to a target domain. However, the actual opera-
tional process often involves data from multiple source domains, and the target domain information exhibits signific-
ant differences across these various source domains, making it difficult to extract the domain invariant feature. In
response to the above problems, this paper proposes a two-stage domain generalization learning framework for fault
diagnosis of bearings. In the first stage, the large-scale convolutional feature extraction model is used to pre-train
multi-view vibration signals to extract primary fault features between multiple source domain data. In the second
stage, the primary fault features are input into the spatial-temporal graph convolutional model for dynamic and
static two-state fusion combining dynamic and static states to capture the dynamic features and global spatiotem-
poral features that change over time. Through two-stage learning, data from multiple source domains are mapped to
a common feature space, and discriminative and generalization features are extracted. Experimental results show
that this method has high diagnostic accuracy and strong generalization ability in multi-source domain bearing fault
diagnosis tasks.
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exp (wdFisq + bd)

dA'.Sq =
¢ qu s (23)
Z exp (wdFi 74 bd)
i=1
Od = {wd, bd} (24)

Hb, wg ANEZSEG by NIRESE, T I
W25 WS 04 NI BB T YIZ S35 [
B H bR A O d
2.2.7 B
%*ﬁuﬁxﬁ 2 ML E AR, 43 508
1) W R ¢, iR ZE:

Zny" lg ;" (25)

S‘?Z 1c=1

B iR MUK R L, RIS e,

s FET PRI BUSZ A5 S HE SR 1) R R 2 W T vk 2277
2) W R G, R E:
Nsq Cq4
Z > dj1gd;" -
Sq i=1 c=1
1 & )
A > (1 —d)lg(1—df) (26)
j=1

Horr, Cq NIERABLG d) A db 53 50 8RR d)
dte{l,2, -, Q} mmiﬁ/ﬁ i e KAk
BREL Ly RTINS H0 0,

5 b Bosid i/ MU Sh UGS Rl A A B S
BRI R R H Lo S K05+ 6, « 04, LI
RIBR R ERIE AN

Ly=L,— Ly =

Zzyﬁclgyi .

qu 1c=1

Nsg €4y

Z > d lgde, +

S‘?z 1c=1

ﬂNt z
Her, g NS
(éf, 0 ) = arg mln (Gf, 0,, 9d>

0y,

Jlg1—di ) (27)

(éd) = argrréix (Bf, Hy, 0d> (28)
AT TR R RT R IR A
Y = f(X?®0.) (29)
Hdr Z T ERTTINGESECN 00 = {61, 65}, 0 =
{6y, 6y, 6a}.

R BRI, ARSCATHR B IR Bz A A S HE
B, AR — I BER KRS AR AR SR OB A, A
Z A0 BB R B R 2 S R R AIE ;7R 56 B BRI B)
FOOES A B 2 S AR R | RIS 5 R B &SRR
A4 JR I 23 RFAIE . 3 I X — 2% STHE B n] DK £ R
BECH W A 31— AN A R AIE 2 ) TEEXE%#MJ A0
AR RRAE, SEE 22 PRIk B H A ek ) w12 BT
2% ZAEZE ONARAL QN RV 1 .

B3k 1. FIREREIS WS e

BN %ﬁﬂi%ﬁ&%s (51, Sa, - SQ} Hifr g, —
(@, iy s affﬂw%%T,{w AR
B, Bs.

S OB I (T SV S
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1 S—FrE (W 2.17) =7 an <l
2 WMEESH = > iy e
3: forg=1—Q do Zil e 7 e,
4: for E; epoch do e bR
5: for i =1;i < n,;i++ do j“-\‘y A
6: HI (3) ~ (5) SEIHILFAE 77, )" i
T: 30 (7) ~ (9) BUNREASREE g7« £, £
5 endfor = ) BT SRR SR
9: B/MEBUR R EL Ly EH A0, Fig.7 Bearing fault simulation test bench
10: d f
et HAE B H = 3.

. e s . K DU R T (5% A 300 rpm. 600 rpm. 900
12: SBILBAF G (T16,) WA B ARSAFER o) 227 rpm. 1200 rpm) E%T)Eijﬂé%ﬁj\%fbﬁaﬂyiﬂﬁ AB. O
13: RAF BRI RFAERT IS5 5. D R B 3 2 F R B, B IR S (Hea

| AN I N . N > By, AN -
14: ‘f%g&g%ﬁzﬂ " 1th, H) FAPYFP#EFRES: &+ (Ball fault, BF).

bk -~ WIEH % (Inner fault, IF). A AME#FE (Inner and
16: for ¢ =1 Q do outer fault, IOF). #MEHf& (Outer fault, OF),
17: for E5 epoch do Kl 8 s
18: for i = 1;i < ng;i++ do
19: AAFER I A X5, — £,
20: Bl (14) ~ (20) REUN FHAE F7 «

Xz:s,qtewt
21 T 9508 R AR g0, 7wy, wa s _

F>* b, by (b) IF (c) IOF
22: end for

) S
28 FUWERRBRASRE df  wa, FY, by Fig.s  Fault details
W RMRARS L RESUO;, O b0 A TR A 10000 MR, Stoh B R R
0,0, 0 o . o e .
- endffor v AR 2000 MEAR, BNFERPIRINE TKEN
26' » 1024 /NEHE 5 72 SRS [ BOWM R AIE 7 21 N 1 B
I en or

o7 MRS H ;. 0, 6, WAFEA o 115

3 WSS

KCHAT LI R AE RSN Windows10,
CPU A Intel(R)Core i5-7200U, GPU A NVIDIA
GeForce 940MX. f# FH 1844 B AR A ELFE Py-
thon 3.6+ TensorFlow-GPU 1.15.0. Keras 2.3.1.
NumPy 1.16.0. SciPy 1.1.0. Scikit-learn 0.21.3.
Hb5py 2.10.0 L& Matplotlib 3.3.4. A 7 {fiE sS4
S5 IR R SEE, FEAH [F] 1) B8 PR R X B A Se AT
% EHE 10 K.

3.1  HRBIESRAA

Sk FH R 1% 2 LAl R R a5 SRR
Hos i s a5 B B 7 BT B0 SR AT R
51200 Hz, &% REEH 100 mv/g, HH =%
AT (o Bl oy BhL 2 ) WERURIRENE 5, B

I HKANA context =5, FEANRIEFE 7 51 50N
10000—5-+1=9996. I 2 Y53 £ 40 4 1) A AR B
10000x3=30000, FFESF 51 EN 9996 x 3=29 988;
H bRk BE S B FEAR N 10000, RFAEFF 510N
9996. 1% SZI FEE UL B R 1 BT,

3.2 BHERE

PO AN I e 3 B — AN Dy H A, Hipth =4
A R, AT 2 U R AR I T I
ZAAES. 1N B-C-D—A FRZ YK (B, C. D)
il H AR (A) JBEATZ A, SR 5 AR T AN Iz
tAE% (B-C-D—A. A-C-D—B. A-B-D—C. A-B-
C—D). ik W &M B 45 SR A e =, B A 7%
(V1 2% 254 S B L R ZRid R R OGBS 4. 7EAR
BEAT I B RS A B S RSO, 25— i B
AR HE i R IK B 70% LA, DN SRECEI 4]
G PR AR 0% 58 I BURE AT S I ON. AT
R 2% S5 SRR B T WK 2, SRR A Adam
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F 1 ARHRIZ AR S5 ) Sl 40 23 )
Table 1  Bearing data description of different domain generalization tasks
- PRI H sk
iz % - - - -
Feill (rpm) SREAH AL 515 Fell (rpm) A FHE 5150
1155 1 B-C-D—A 600~ 900 1200 30000 29988 300 10000 9996
1% 2 A-C-D—B 300~ 900 1200 30000 29988 600 10000 9996
1% 3 A-B-D—C 300~ 600~ 1200 30000 29988 900 10000 9996
5% 4 A-B-C—D 300~ 600~ 900 30000 29988 1200 10000 9996
2 SHsHE
Table 2 Structural parameter design
I 48 45 4 AR it R SHRE 77
HNZ 64x3x1024 64x3x1024x1 — —
HRE (C1) 64x3x1024x1 64x3x13%64 kernel _size=400, filter=64, stride=50 same
BARIMALE (P2) 64x3x13x64 64x3x2x64 pool _size=5, strides=5 valid
F—HrE Dropout JZ (D3) 64x3x2x64 64x3x2x64 p=0.5 —
JE T (F4) 64x3x2x64 64x3x128 — —
AiEREZ (F5) 64x3x128 64x384 — —
e 64x384 645 — _
PN 64x3x128 64x3%x128 — _
VNN [ 2 64x3x128 64x5x3x128 — —
HERERZE 64x5x3%x128 64x5%x3%x64 k=3, filter=64, X\ = 0.001 valid
P EARR 64x5x3x64 64x5x3x64 filter=64, stride=(1,1), kernel=(3,1) same
HAEGRE 64x5x3x128 64x5x3x64 k=3, filter=64 valid
it 7B E 64x5x3x64 64x5x3x64 filter=64, stride=(1,1), kernel=(3,1) same
I 121 LR 64x5x3%x64, 64x5x3x64 64x5x3%x128 — —
S 64x5x3x128 64x1920 — —
EEREZ 64x1920 64 x 64 — —
[ VES o
v~ 64x64 64x5 — _
b BE S e 64x1920 64x1920 B8 =0.01 —
EE e S SRR 64x1920 64x 64 — —
ST 64x64 644 — _

A2, IIZREARRER B 80, fLIALFE K Nix
BN 64, FIFN 0.002.
3.3 TR
ASCRHAER . F1 55 K3 A A Bl R 1K
PUANVEAR FE b, A THIVTAG 2% 7 72550 il AR IR 30115 5 2
I TR FOIRAS HEAT 73 2R B M R
2 8 UMz AT S (B-C-D—AL A-C-D—
B. A-B-D—C. A-B-C—D) &R, A
KITiERIVERE, SEIG TR PR R AR N TUAME 55 1P
B,

3.4 RERRTSTRMEELIE
R 3 N T AT R BEIR S 02K

[y 5. SEB L SR, A SCHR h  R 2
Ji R €, K% B A AR WS R 525, T
HLE A R RO S X T IE 4R L 1l P s
1 PB e = P DR AS SRS RE e, T BLR TE
BoRA, T R B R, RETER T
IR P L A 4 LB P RS . T 2R K,
(B F1 440 U5 SR FE MR e 8 00K, 3407
AT M T R I AR S O RE
35 SUERBERMEEIE

A9 T A 200 LA R 7
W, B E RS SR o Ly 2 S E
AT T S H . 43 DR R 4 B
AR AL I MRS I R A5 5, B 4 .
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S 50 &

S SRR, KA A AL 45 5 s
BVERE A T RFEFLW. R “az” HERAHEH,
W TVEAE R AR 73 AT 55 Tk RE RTINS 225 SR H

“ey” MEAEN, MECREKHAE “a2” TERER
AHRTH KM “yz” WA, AT AP
KA R REA IR T, HT7 280K, SME i %,
KM “ayz” MEAEH G 7 B ErERE, HTT
ZERUIN, BRI, X R W] 2 A0 B B A LA
REWE R R SR A B R (45 02, AN )il 17 S Bt
BERFAL, M TTT SEEIL S I ) b AR B 70 SR P

EERSAL A AT = B BFRE R A M IIE

DNy B8 IE 22 Y A Al A B 2 WA 55 v R A
e, XS EERE. fSEHERR NP ERZER
JUAS R R B D L BRAEAT H R SL 16 75 2 LA ANIH
JRAE RS2 W R RESE R, 113K 5 PR,

S S5 R, A SCHR 3 i XA R A A I
2 B AR T [ S PR SR PR S UG SR LM, s

3.6

CWHE S P SeBL 1 R EEVERE, BUNT it — A
W BB SR E. XA TR sh S EERZ
A 1 R (AR S AL, 58S B E PR i
THERAS SN A R, SIS PR (R
RIBE 5 7 AT R AL RE I 8] A2 A S A . 255 A
I e S i A AR TR RE s A 20 X 70 AN AR 2 ]
ZEFE, DI TPF A 164 25 RE AT B (R RE KT
N S I P I 2T VRIS B PE RE, 2390 %
#%?J‘_E theqmt N XISDqGCN N XgZTCN N ngCN N X;”qCN N
Feo BEATAIALAL, B 9 JoR T Bl RS Al X I 2
K AR R AN 5] )2 R R AIE T AL ROR . [RII, AR S
i HIHE BE AL AN CH #5205 1 Rk AT ML 2L
RV TE bR, FERRARAIE 1 W, RonFEA
HH g gL, B bRz A 2. CH 35
HOMOK, R 15 P B USRS A T B R K
R 6 o 19 RRE T AL B EAL SR, 1 9(a)
A AR 2 AL B S L, s DU R gy
S MBI, e R EU CH 1540707309 0.0828

® 3 LMERRE S RERGER
Table 3  Table of classification results of five health states
fi FOIRA HEFIZ (%) F1 4353 (%) FEHE (%) HFEIZ (%)
BT 97.05£2.32 97.394+2.02 95.954+2.87 99.96+0.01
PN B s 99.06+0.10 99.06+0.10 99.80+0.01 98.33+0.57
P 471 P it e 92.27£1.05 97.61+1.31 99.9840.01 96.34+0.07
A B i 99.15£0.04 99.154+0.01 98.4440.18 99.20£0.50
IEHEIRAE 99.98+0.01 99.9840.01 99.974+0.01 99.99+0.01
“FHIE 98.77£0.36 98.77+0.38 98.83+0.53 98.77+0.32
%4 REREWERIRA SRR I S
Table 4 Table of the impact of different multi-view data combinations on performance
A FERLEIH A HEWH (%) F1 135 (%) FEHi% (%) BIEZE (%)
Tz 90.7540.50 90.24+0.62 92.06+0.76 90.4240.61
Y 92.314+0.71 92.67+0.62 93.18+0.45 92.31+0.71
Yz 94.7842.23 94.57+2.55 95.70£1.33 94.76+2.54
ry= 98.77+0.36 98.77+0.38 98.83+0.53 98.77+0.32
%5 AR N 7R B BUBRR R4 R M YR O St
Table 5 Table of the impact of different structures of the spatial-temporal graph convolutional model for
dynamic and static two-state fusion on performance
- zjji\}ﬁ?ﬁﬂ]\&ﬁ% %?{&N?%ﬁ&% HERZE (%) F1 #377 (%) FHIE (%) A E% (%)
HHEERE iR HEEERE i ERE
N X N X 90.3640.63 90.32+0.52 90.87+2.40 90.36+0.37
X N X N 92.58+4.35 92.66+4.13 93.57+2.01 92.25+4.35
X N N 90.69+3.12 90.75+3.24 92.35+1.05 90.70+£4.49
v X X 90.35£0.51 90.34£0.51 91.91£0.56 90.35£0.59
v \/ ~ N 98.77+0.36 98.77+0.38 98.83+0.53 98.77+0.32
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H11194.49. K 9(b) 1 9(d) H, Zid has K&
EMEESESRER A, GEHER 53 HIEF IR
A, A LA VU b e 5K 25 I RFAIE 55 5% Hh SRR 7 —
i, BB R BN 0.1134 1 0.1920, CH $8507 5]
4 2336.10 F1 5208.58. ] 9(c) FIE 9(e) W, &3t
7B E AR EE, SR A BT iR I, R 5 R E05 0
80.4807 F10.502 1, CH $&8 %5518 13642.92 1
14917.97, (HAPAREAR. 7R 9(f) , &ikFF4E f
A, 40K 2 BURE R I8 2 R A Rt oy B F, #
J38 R A CH #6407 7108 0.543 1 #1 17765.84, &
71 HZ AR R B I 2SR AE B8 ) AR R

3.7 SEMGFEAXEE

BB G2 (15 45 AR G 3R sl a7 B BUBE 3
A FAREEHE A, SFEURSNE 5 BA R 0L Ry

P, HBRERFIE A SR BURGS TR Y. #E Sebr TR, R
BB HIR B A5 5 18 8 62 (R 8k, WS R AE
HMe AA BRI il X — R, A S50 25 R AE
B SR R 22 I REA B BOIRS MU K R, Ik
Foz A B 2% A T BEAT W2 . o B id
600 rpm. 900 rpm A1 1200 rpm ik B. C #1 D 4
H BRI, K #0300 rpm (I3 A VBN H AR,
PATIES B-C-D—A, JEIH S HArt 2 AR5~
()73 AT A AE 3 22 5, B UE AR T VR AE ARl A A
A Rz ATERE.

W AT 125 HoAls 6 FhASE Y i b2 W &8 SR AT
XPEE: 1) B E M % (Convolutional neural net-
work, CNN) 1E % SR L2 SRR X T Ja R
MR BRI € 2) 55— R BERIREGIRM L

%% (Deep convolutional neural networks with
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Fig.9 Feature visualization of spatial-temporal graph convolutional model for dynamic and static two-state fusion

6 ANFERAERT R RCR (R TR IR SR

Table 6  Table of quantitative indicators of different feature visualization effects
RS X, X poon Xpren Xdon X Foa
e Sy 0.0828 0.1134 0.4807 0.1920 0.5021 0.5431
CH fa#t 1194.49 2336.10 13642.92 5208.58 14917.97 17765.84
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= Eitd 50 %

wide first-layer kernal, WDCNN) 8 K £} B i
fiE, BRESEED, e A R s g -5, a7 LL
H 35 2] LRI WA T B RIRE; 3) BIGRR
%% (Graph convolutional network, GCN) i& T ]
Bl , ARCEE T R AR EE ), Be g 3k
ZALIKIR Z AL R 4) B P B (Temporal
convolutional network, TCN) F T[] J5 41 i A5,
A PRI (R AH OGP B) Hon H BRI 2% (Do-
main adversarial graph convolutional network,
DAGCN) 7870 F B a5 /M5 5, mRey: 1A%
AFIRFAERT; 6) F T AR -T7 Z R EE R B
NS SR R E R ZE R 4% (Correlation variance con-
tribution network, CVC-Net) % A [F] 48 50 45 #
K IAAFAE AR B, 7R F 8BS ARG T 24
R AR E T ARSI FLAMERI ORI, AT7E S
CNN. WDCNN, GCN, TCN., DAGCN #1 CVC-
Net X 78OS HE 7 ik B #1211 fe nf b 45 SR
7R

SR S5 SRR W], X EE TV % VRAN i bR 2 B
T B i 77, GCN I8 Wiks FE e fi; TCN
(Y192 W7 K FE i 5 T GON; CNN Al WDCNN [f)i2
kS i = T GCN F1 TCN; DAGCN Hl CVC-Net
RERAE 25 WPE A i br B 3 A 1A 0 2 235 i P 3
EART AT %, M2, AT75& B 1655 1
T HARTTVE, J7 AR, UE B S H AR, X R
BZOT VARG T 2R, Be R P s A B
I 1) R A ) 0 2y, BR8] T 99 A 8, SR EUEAAR
I 23R AE, T BB 08 K 7 v B B o A rh 3R )
FE D2 A BARF @ HUE R A, BA B 2
Fh LA R A7 1z A e

N T B GEASFZ Wr 7 VR R AR 52 AR P g,
XHESS B-C-D—A FHIRFAEREAT AT ALAL, P 10 &
N TS TT IR B RE AT AL R, R R RO CH
T BB A VEAG AN [F) 7V R AE T AL RROR , ane 8
fix. 7EE 10(a). B 10(b) A1 10(d) #, CNN,
WDCNN 1 TCN A EAAERff 1 1R 50 H IEF AR FI 51
Bl g e, E0S - HoAth = A BORZS B X 7 RE I B,

FCRE R B N 0.216 44 0.19264 0.2390, CH 531
431N 3920.27. 3484.86. 4795.91. 7EK 10(c) 1,
GOCN ] AAERf R ) H IR HRES ) B4 K 2 50k
BETR 5 ) ARF IR 55 %5 SR AR AE — S, o vk A iR
Sl A5 S ) B AR AR CH 48400 51 0.184 3,
3483.51. fEE 10(e) A1 10(f) #, DAGCN 1
CVC-Net A1 73 S5 R AR T~ Fo A DY A%k EE T7 1%,
R IR B B HL/DN, R0 &R0 ) 0.444.0. 0.4620,
CH 550705175 12051.26. 11544.79, AN AE. £
Kl 10(g) H, Brifdsknl AR 73 S 40K 2 BURHE
T HA R o> BT, 55 R0 CH F5 %0573 7l N
0.508 2, 14780.77. Bk | A 3L 77 1R AL Rl Al e
WSS R 2 0N B2 Rz AR

1 BRERE

SEHY T Rk PR Bz A s STHESR IR il 7
W2 W7k, 120598 R] DA RO 22 A sk ) 2
T WS B — AN A RIS 18], PLRBCH PEATZ AL
PERFAE, SEILIR W% 2 LR EGZ (AR 55, AR 5k
WA RAF R LUT =AM i

1) %73 AR R 6 AU AL $2 OB A k4T
TG, 47 2T PR 1 S B RS AL, O
55 B BRI AP AN Ak PEREAE B S A

2) %5 R AT R R A o N Bl O L A
Y 2 B G R | 4R 19 s B I [ 32 A PR 3 A
fiE B 42 R I 23 RHAE.

3) %7 TC AR T P R AR AR L RERE 2 S
I HCHE WA 21— AN I RHE A ], RO 7 2
IS H AR EE 2 A AR ROR A 2 57 R 802
W PR RE T P R, AT IR R

AR SN AR R 2 W 4R 4 T — Rz A8 Ty
. ORI, T3 AR AE — S R P T G,
BRI 2 A PR BN 25 i 2 B AU AR i 7
LR P AT REAT AL — PP AR BT, w5 BB SR
ORI B R, AR TTIESEL T
I ¥ 26 5 L 0L I A AE 55, ARoR ] LURHZ A AE 55
I B KN BE AR

2T REENBIS RS %
Table 7 Table of statistics of diagnostic results of different methods
, . Bz (A% B-C-D—oA
Tl AR .
CNN WDCNN GCN TCN DAGCN CVC-Net IEViRI
HERIZR (%) 60.24£9.14 63.20£6.51 59.77£8.56 62.64+5.38 85.01£6.75 86.31£5.25 95.14%1.75
F1 1584 (%) 64.01+6.86 65.70£5.30 54.85+5.17 57.37£7.54 83.30£8.21 85.11£4.50 95.814+0.86
FEIR (%) 63.61£8.43 61.86£6.46 57.38+£6.52 61.15£8.64 90.98+3.83 80.04£3.59 95.954+1.98
AR (%) 61.13£7.25 63.19£5.43 59.07£7.89 62.32£7.95 85.37£9.47 86.67£5.58 95.03+0.85
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Fig.10  Feature visualizations of different diagnosis methods
* 8 AFRTNERAET AR EAAR IR SR
Table 8 Table of quantitative indicators of feature visualization effects of different methods
X &=t CNN WDCNN GCN TCN DAGCN CVC-Net PRI
L 0.2164 0.1926 0.1843 0.2390 0.4440 0.4602 0.5082
CH %t 3920.27 3484.86 3483.51 4795.91 12051.26 11544.79 14780.77
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