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Across working conditions fault classification method for
rolling bearing based on improved MACNN-BiGRU
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Abstract: Aiming at the bad fault classification accuracy of rolling bearing in motor due to different probability distributions and
insufficient sample data, a fault classification method is proposed based on improved multi-channel convolutional network with
bidirectional gated units for cross-working conditions. A multi-channel convolutional neural network with bottleneck and BIGRU module
was designed to capture global fault information from raw vibration signals end-to-end, while reducing computational load through the
bottleneck module and optimizing information flow through the BIGRU module. Local maximum mean discrepancy ( LMMD) is adopted
to complete subdomain adaptation, reducing the feature distribution differences between the source and target domains in the pre-trained
models. Three scenarios were distinguished : different loads at the same speed, different loads at different speeds, and conditions with a
wide range of variations. Twelve transfer tasks were designed on the SDUST, CWRU, and PU public datasets to experimentally validate
the proposed method. The experimental results show that the average accuracy of the proposed method reaches 90. 09%, 99.70% , and
91.75% respectively, significantly higher than comparison methods such as MMD, DANN, and CDAN. It maintains a top single-task
accuracy of 99.99% under strong scenario shifts, showing high precision and generalization. The results of CWRU dataset show that,
compared with other methods, such as DAMSCN-BiGRU, MSDAM, and improved DANN unsupervised domain adaptation model, the
proposed method has also a higher accuracy quantity under cross-working conditions.
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Fig.2  Structure of multiscale convolutional neural networks
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Fig. 6 Schematic diagram of subdomain adaptation

1.6 MMD

MMD HI T8 i PRS0 p Fl g ZI8) 1Y 22 57, B
T3 R 188 I A A X R 4% (generative adversarial
networks, GANs) Z5F400a>>" 3@ 3 T34 A B A R A
Ras[a] ( reproducing kernel hilbert space, RKHS) AR HE
WS A SR AR T p B g Z T A 22 5200 TR (i
I p FIl g BFRARL

MMD )37 B 8 1 RKHS o () 548 i Ak L
B, HEWDEARES X=1{x,,x,, -, |
Y=1y 5,0y, |, Z0 i S7 6 o3 A R AR A 404 PR Q)
MMD AT RLGE S

WHD(P.QH) = | X" (x) -~ X" 60 |

(9)

L. p( ) RMFEIAREAEZS (0] 3] RKHS A 5 6 50 H
J& RKHS; ||+ ||, /& RKHS Hrisk,

FESEBRR T, MMD 38 8 38 35 4% sR Bk TP A 4
A Z (R 225, 5 %) i ST R B0 SR

k(x,y) = exp(— W)

20

Ko WA RE TERE
1.7 LMMD

LMMD & —Fh it i MMD 753, % 171 T Ab BT
B2 3] o 1) 7 3840 A X SR IR LMMD A% 0 S8 AR
SETT IR I AR I8 R AN 28 510 19 BURRAE 4 A R
B, BAKIMT ,LMMD % H A5 2 fe /MBI SR B A7 3878
BN C R BFRAE B IS A A 22 520 BB TR 4K

(10)



12 3

T MACNN-BIGRU F 15 T2 4l AR i 15 4205 1P 5% - 81 -

BESE A0 X, = (], BARS 42 & 0 X, =
L U BRI I LMMD 7T BA 7 0

1 c 0, ¢ \
LMD =23 2 el () -

2 wib(x) |l (11)
K CRIGNEHG o(-) LA RHIE [ 5] RKHS
R PRES; f Al o] S3 I TRIRFEAS o) AT E AR SRR A
VAEES ¢ FMAREM, AL Y " o = 1 H

IREERS
2 MR

TR SR B LS T 0 as A7 i, R[] 00 % R Y
PRNE5 8 o i 22 AR K, B IR BURE A 22 8 R A s
FAR B AAR T B , A RS SR > E R fE 58 CNN
BEAI A3 ISRE F1 . X 3 — ] 0, 12+ i o 22 3 T 4 R
ST T TSR i I S T VR Sl R s R A 2 s
%7 1 O S R 8 N 25 AT S R AR O AR 2%
FEAFFHE WS 21 [F] — 5 [, ) [ b g o 288 AR AS [] T
B AR PERRAE , LU LMMD A5 by B8 B A5 e, %o 45 B 4
TEHEATF-450806 55, R M S B AL T olas f7 4 F T iy
RS
2.1 1HEHE

FTHE B IMACNN-BiGRU 5 U 3= 241 5 45 1 45 B
A AU BC g PR 4 RS A 7 BTR

[l TR I l Epas=1 ]I—

FHAERRER [ RAAESRER
’ by ’

BER wEae |

[ Softmax 4323 ]‘7

i

—/

({ﬁ;g
&
2

(IR R 2= N T

Fig. 7 Transfer learning flowchart

1) FRAEFEERS

FEAE AR 27 A RSB BiIGRU B () £ 38
BRI ML % ML XL S MSCNN A eic ik, R4
B4 MSCNN 20338 A7 45 M Ll - 1% M 4 16 5138
EHRLS T — RSB —> BiGRU FLHH—> SE
WP, FE R 8 38 58 i N T AR RS BUS
W 26005 3K 1 AN [ 38 3 A 40 HE 1 A7 2230 S 40 45 B 1 A

JESFAR P | i S A S A AT IC S R RO

FEALSE MSCNN v, I8 K 248 IR /INR— I B R
FERERRAAE 3R b 7 =0 AR B PSR ROE AR B
HYAIRLRE S I B R AATE S 4 22 T3 B fr R 1Y e i
52 M Z N 4R FH B FUZ /MR 22 58 38 2548 | 3%
FRE5 A BT M4 S TR R RS R E R . ™
26 v I R SRS B3 3k BRI 1) T 2 A B R AT 5 A A
J¥ , BiGRU A He 3 52 00 fia) &b 2 % T 2 [ B4 342 e ] ) 51)
BT E SCE S, 0 PR R L AT B A T YRR IR R OR
RETT

F 3 T8 IO i A R M 2R Sy T G B T
Bk EATAH RN SE G SCIR A RN AR 1 s, AR 1 0]
T, T HE N 45 A 5 T T PSR o B R A s, DR L
BRI 2 5 AN AT B, FRAF i B L AR 25 1) 4] 8
JIiR .

F1 BEHENRIAEBENM
Table 1 Impact of the number of channels

on model accuracy

N — - _
3 A 4 3EiE 5 A 6 HiA
0—1 86.37 88.53 89.72 89. 65
02 81. 10 83.26 84.45 84.43
1—0 89.93 92.09 93.28 92.81
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Table 4 Classification of working conditions of PU datasets

TH 5/ (remin™')  S#/(Nem) /N
0 1500 0.7 1000
1 900 0.7 1000
2 1 500 0.1 1 000
3 1 500 0.7 400

x5 B-IRHEBEHAER

Table 5 Single-service failure bearing information

MRS iy =X Bl i Ay ==
KAO4 P57 5k LN 1
KA16 I 57 45 1k F1 e 2
K104 W55 1k P P e 1
KI18 P 57 5k P P e 2
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FEAR % 25.6 kHz, 6205 %l & £ 4 42050 Tl 3k 6
Fim

Pl 13 SDUST %575
Fig. 13 SDUST Experimental Platform
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Table 6 SDUST bearing dataset
T4 T/ (remin™!) fi#k/N
fHE T4 1000.1500,1 800,2 000.2 500.3 000 0.20.40 .60
W T 800~1 500.1 000~2 000.1 500~2 500 0.20.40.60

FEZ 6 (B , AL U 2 5530 1 800 +/min,
XFRE AT 3R 20 .40 F1 60 N Y 3 AN T 00 B ds kA7 45
RIS WIPEREIGIE , B T XF I 3 ol AS [] 28 R kg oz
BEFPCRE 53k 3 FROR[R] P SRR B i OE Al R
i, B T T 3 10 FOR TR AR 28 . SDUST %4
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Table 7 Classification of working
conditions of SDUST datasets

T4 %E/(r-min_]) 4%/N
0 1 800 20
1 1 800 40
2 1 800 60
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SRR LA 1 AU Dy B AR s T OLE RS 2 A 55, ]
AT 55 2R LA L 25 4
3.2 XMLeAE

SRS UE T RS 2 2 BT 5 T2 i g, A 5
P4 JRy U 3 07 J7 ¥ 6 AT X0 e, J7 120 31 2 DANN
4 4 B8 X #1 B 2% ( conditional domain-adversarial
network, CDAN)

1) DANN
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TEFEHL AR REAE 7 > X U 2% S AN BUR W R AE KR, A
TMiAE B bR G b 50 308 47 13z Atk B, X L S5
DANN FRHE$a U AR R 45 1y 12 2] 55 1] 45 i 44
TR RE—3, 3¢ SURH 2 FARUORT o460 2% A 1 i
BN,
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CDAN 2 —Fh el kA X L B8 5 > 7 i, B TE A
O A AR b D B 2% o A T SR A IS PR XE )
CDAN TEAEGE A3 s 2] Bl BT SR 2058, A
117 BE -l Xof S USRI AR a2 6] 14 5347 22 5, AR e sk
PO 2 38 O T PR RN H s sl 22 1) AR 43 A1 1Y
PR, AN IS ARSI A R, AL Z T, CDAN F1H
FERNBR BN RS S A5 B, R IE R R AN 42 )
XS T ELAE AR E S AR T A — 2, AR 1]
AR R ZE R IR BT, CDAN 1T DL 25 48 /& 85 T 7
BIROR . CDAN Byl 2Rt 72 5 A BORTHT 99 % 25 0L, 3 ik
IR B IR AR QI 6 O3] 4 %) %o 0 DA A ke 5 R 401 B8
XoF LU S v AR St EURSE B (4 55 R B ) B 2 o 3R R A O
W5 T 5 vk — B, 38 SR AR 2R R AR A R et 2% AL T
B 1,

3.3 ZWERSH

IDRELEIE s

£ SDUST %Hli 8 b A7 i 53 288 v ff 54 T ol S 3,
FLEZ IMACNN-BiGRU -5 [ 258 o 455 B4 45 A1k 41 U1 fE A0 s
TEXE 7% B8 J1, XF L6 M 2% 40 45 £l E S B & ™)
2 [33] (' multi-channel convolutional
MCCNN) 2238 3B & U] ] 48 i 48 B 2% (- multi-channel
convolutional bidirectional gating neural network, MCNN-
BiGRU) 1 £ i i Jffi #5145 FX #f 28 M 2% ( multi-channel
bottleneck convolutional neural network, MBCNN) , H, %% 45
RN 8 iR, I 8 FTLIE i A T HA X 25 B A |
e BSR4 24 R 423K 5] 90. 09% , HEHAWAIAL$2 71 T
2510% . #E—HMER 8 PARRITRAT 55 IS Wi BCR 7]
N IZBBIH A B R AR IE SR IR BE 7, B S 4 M Y B
GG BC A T IE R A

® 8 HFHIRBURRBUHERIEE TRISHER

Table 8 Cross-condition diagnostic results before and after

neural  network,

the improvement of the feature extraction module

o : . /ﬁ%%/%‘ : _
MCCNN MCNN-BiGRU MBCNN IMACNN-BiGRU
0—1 40.70 76. 30 89. 40 89.72
0—2 40.36 69. 81 74.20 84. 45
1-0 50. 06 71.06 84. 60 93.28
1—2 54.50 78. 82 89. 40 88. 44
20 40.00 63.23 72.90 88. 65
21 52.35 81.31 94. 60 96. 02
SEASE 46.33 73.42 84. 18 90. 09

AT H Al AR IMACNN-BiGRU #: B[R R4 £
AT TE 53 3 45, 3OS AT k4 b 5 30T B S RO
RGN, ER 0 266 30 ol A SRS B A S BRI T A TR
BT, HoR T BB T 4 (1 15 Bl I 4% SE LS T 0024 )
1555, 51 AT BiGRU ALHUHE H bRk b i 2 515 B
PR M R A 2050y WP 5 BRSO 43 25 S s, 45
SRR, 30 e 0 P T ) 285 1438, 1 3 7 SR, T
DAFE i W 28R R 22 T o R0 A T 5 T 00 Fh 7R e e 3 2%
4%,

2) AN[AI A 38 AN R A 5 T B2 Wi e 1 43 it

£ CWRU £difE BT T 12 A8 T2 Wit 55,
XEBAT 55 S e T HL AL R M 2 R B AR Tl i 72 AR T
TR G AR LA T 00, 78 XML K FE 4 L4 1
PR E A R ME K4 W RRAE 32 BCES #4528 MMD |
DANN CDAN Fl DSAN iE 88 7% 2] J5 ik JE iUAH I (1412 W
B 32 X SEA R AT R ES T B2 WiT 45, /e Xt b
SGERANER 9 firs, M9 ATIF R 7E4H 12 N RAE
5, BT 0 FRH] T4 1.2 3% 3, 8 &M T8
1,23 iERS S H A T 0, JIr 2 000 248 5 700 1) o Al R 1 42 30
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BAH] 99. 99% | SEXIZ W HERARIA R T 99. 70% , W WAL
T A DL 4 5 &0 B [ 38 B R A% 0 ) MMD | DANN F
CDAN Wik, X —25 R E W %I kA EA A FH
TR AN R T2 B RE ), TS 6] 1 3 B AT 55 18
HA BE 2 L RE 1 AN 2 Wik e 1
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Table 9 Cross-case diagnostic results for different methods

SRR et/

MMD DANN CDAN DSAN
0—1 99.98 96. 88 88.02 99.99
0—2 99.99 90. 64 83.72 99.99
03 99.95 91. 64 84.30 99.75
1—0 99.90 98. 58 98. 08 99.95
1—2 99.98 99. 90 99. 98 99.99
1-3 99.75 99. 45 99. 45 99.99
20 99. 60 97.36 96. 42 99.15
2—1 99.35 98. 68 98. 16 99. 55
23 99. 80 99. 20 99. 85 99.99
30 98.57 95.32 95.53 98.58
3—1 98.65 96.18 91.35 99. 50
32 99.98 99. 80 96. 40 99.99
SEHE 99. 63 96.97 94.27 99.70
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ZE5 WA BT 55 T2 . Ak, AR BIRHE
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PRE B RAIE L B, 3% 3 BRI 7 2 i D) S B T - S B
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Fig. 14  Comparison of scatter plots of different methods
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Table 10 Cross-case diagnostic results for
different methods

AL gl i/ o :

MMD DANN CDAN DSAN

0—1 89.90 70. 45 64.24 89.72
0—2 83.55 60. 55 56.33 84. 45
1—0 88. 60 64.25 68. 05 93.28
1-2 88. 10 72.08 76. 85 88. 44
2—0 74. 50 57.50 52.85 88. 65
2—1 93.33 72.25 74. 44 96. 02
%i"a{ﬁ 86. 33 66. 18 65. 46 90. 09

2210 [RIBF5] 4 T MMD . DANN 1 CDAN %5 H: i 5
B Was S, X ] DU 2 % 5 A AE 1
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Fig. 15 Comparison of scatter plots of different methods
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Table 11 Cross-case diagnostic results for

different methods

RIS iR E

MMD DANN CDAN DSAN

0—1 62. 30 55.50 56. 50 73.08
02 99. 50 93.90 94.29 99. 99
03 93. 61 75. 48 74.20 99. 50
10 93. 00 88. 10 73. 60 92.97
1—2 90. 17 81.50 75.70 94.05
1—-3 70. 00 67.20 63. 60 87.51
20 99. 98 92.20 96. 41 99. 99
21 62. 00 56. 10 61.70 70. 23
23 50. 00 83.91 76. 90 99. 80
30 50. 00 90. 40 78. 80 99. 00
3—1 75. 60 59.20 47.50 85.47
32 50. 00 84.92 76. 50 99. 40
THME 74. 68 77.37 72.98 91.75
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XF 55 ARAN[) 2550 22 (8] 9 17 AR SR AN % 175 BT, 3K 3 B 3k 4
BREAY A REAT 2GR BUAH DG T30 H 385 N,

MHEEZ T, HE 16(b) AT LIA 1, DSAN 7 ik A &0
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Table 12 Comparison of accuracy of different networks
X L 4 15070 e %/ %
DAMSCN-BiGRU 98. 33
itk DANN ()76 B el )7 98.30
MSDAM 98. 81
it MACNN-BIGRU [ 45 KA 99. 70
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