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Abstract To address the challenge where key features of rolling bearing fault signals are easily masked in strong
noise and non-stationary environments, leading to degraded diagnostic performance, this paper proposes a dual-do-
main anti-noise encoder with co-attention hybrid decoder. First, the model constructs a dual-domain anti-noise en-
coder: Its time-domain residual shrinkage branch adaptively learns thresholds to suppress interference, while the
wavelet-domain differentiable wavelet convolution branch captures multi-scale frequency structures, jointly achiev-
ing a robust multi-domain feature representation. Second, a dual-domain co-attention module is designed to realize
dynamic coordination and adaptive fusion of time-domain and wavelet-domain features via bidirectional interaction
and gated regulation, enhancing feature fusion capability under high noise. Finally, a gated recurrent Transformer
decoder component is developed, deeply integrating the Transformer’s self-attention mechanism with the GRU’s re-
current gated mechanism. This achieves an efficient balance between global modeling and local temporal depend-
ency extraction within a unified feature space. Experiments on the Case Western Reserve University and Pader-
born University bearing dataset demonstrate that the proposed model achieves 100% accuracy under standard con-
ditions and maintains high accuracy even under strong noise, validating its superior anti-noise performance and ro-
bustness.
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Schematic diagram of the overall framework of the model
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Structure diagram of the wavelet-domain convolution branch
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INEERR 2 — - = 30%x243  60x121 —
HBHE 3 50  6/1 — 60x121 50x116  tanh
H&ERbi 1 — - = 50x116 1x128 —
WEWAR 1L 64 T/2  — 1x2000 64x1000 ReLU
RN 2 128 7/2  — 64x1000 128x500 ReLU
Bz AEE 3 128 7/1 — 128x500  128x500 ReLU
@M 2 — - = 128 %500 1x128 —
WRESS — — 4 2x1x128 1x128 —
Tr;zi}ir L — 4 1x128 1x128  —
Triiﬁi 5 — — 4 1x128 1x128  —
LR — — 10 1x128 1x128 —
Dropout )& — — — 1x128 1x128 —
R — - — 1x128 1x10  Softmax

RS ) Tk T, I DAl AR A 7 24
H—AJE PR RE, AL AE R IG1E 5 9l AA
[A]{5MELL (signal-to-noise ratio, SNR) 1 i [ Mk
L AEME L E Nl (18) Frok:

Psi na
SNR = 101g <P~"l>

noise

(18)

KA, Poignar M Proise 73 MAREIRIG1E 5 1) D 340
JITHs TN 75 ) D 2.

N UL 7 w7 IR 0] Al AR AR 345 5 1) J 25
SO, FFIUEA SO T B T R, Bl 6
P T VYRR R R HEIRAS (VA P8 A R
B be f IR HARES) IR GG 26 AF T S i s i A
Me R (fEMRLEDY —10 dB) Ja H IR sk S g I8 X
P, tHERT L, FEBR AR5 5, A SRR H R I
3 1 A S v o R I BORY RE AR VAR SR,
FEGINGRIEF T IR, I8 b 0 e S0 1 o el il
TR e AW, 155 R TS M BEALE IR ;
[ A, A3 A 18 S Bt W s A O 0 3 R K e 4 i
BUt e H AU S E FUAE 20 s LA 00 R
R 2 WRAE MBI AT JIAIESE T 1R R 2% 5
PR, IR B &R E DU S & B R SR e
FRI2 AR f e LA

2.1 HUETE A F HIREAEREIR A

2.1.1 FEBIESE R

AR S0 A [ i FH LT VG i K2 (CWRU)
ShACEE A0 BT AYIGAE . Z R R G E
B2 DA s shHL ThR T LA AL B a4
1] 2 .

SEI iR Sy SKF6205, @i Bk e hn T
FEARTEE St o4 e AN A B il 3 T = A R B2
(0.178 mm. 0.356 mm A1 0.533 mm) fRIERIE, N
IEFCIRAS, FERI AT 10 Rl i BORAS.

ARSI B0 A8 FH 0K 5Ty i O B TSR AR BB SRAE
AF N 12 kHz; AL 3 B ), Fd N 1730
B /oy, BRRMERRIRASIE R 240 MREAR, BAFEA
H 2000 NMESESREE S R Bl 4% 6:2:2 [Tk
BRI 5 N ZREE S B uE S AN A . 4 ) B i
A BNk 2 Fior.

2.1.2 REERELIE

T, TETCME R AR HE CWRU £0dE 4 LX) B
#2 DDAE-CAHD Net B #EAT N2 5 MK, Hor
et R RNt FE ol an i 7 A 8 s, | 7 R
N TARAILE MR VR IE AR I, SEREXT MR
BE R, BRI 4EE 10 P FEORES (IR 0 ~ 9)
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Fig.6  Signal comparison (original vs =10 dB SNR) ((a) Inner race fault; (b) Outer race fault;
(c) Rolling element fault; (d) Normal state)
*2 WEREAGER 48
Table 2 Fault sample information
42
HACRA AR MEERS (mm) FEAR (D) BUEKE HREK
BIAHE 0 0.178 240 2000 — 36
WEhAE 1 0.356 240 2000 — %
Wk 2 0.533 240 2000 —
P P 3 0.178 240 2000 — 24
A [ i 4 0.356 240 2000 — 8
N 5 0.533 240 2000 —
IEHERAS 6 — 240 2000 — 12
A1 P g 7 0.178 240 2000 6:00 6
PAliEr g 8 0.356 240 2000 6:00
A1 Bl g 9 0.533 240 2000 6:00 Lo

BISEEL T 100% HIIER 3K, BAEX A& TR BA
0. SXAESE T FERRHE TOL T, BTt B0 AN [F) 28 284 12
AN [ (%)l 7 g e L 6 5 ER T 1) 5 X 9 g
P 8 Al A, ARSI, I R v A 2R 5 00 I
R AE 2 10 MEARREUE Y PUEIEE 100%, HI
GeBERHMT M EIE.

i — A2 B U ASE R AR R AR £ B T B A R,
9 XFLb T R IEEHE 54 DDAE-CAHD Net fi#hi%
Fetty R SR BURFE 1) t-SNE A #L4k 20 4. & 9(a)
fin, JRIG(E SRS s EES, SREAR
FEE VRS MELLIX 4y, AL T, Wil 9(b) FioR, &

o 1 2 3 4 5 6 7 8 9
T b5
K7 IRIEERE

Fig.7 Confusion matrix
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JS T PR AT (1) 2 ST 7.

SR G AR W22 () = W AR SC B N2 ]
PR, RN EE S o B KRR R BN E AR, R
G5 B 2 ST RFAEEAT 2 VP4, 45 R aER 3
FioR. 3R 3 A, JRAA1E S IS 2 A 35.84,
SRR 0.24, HAECE RBCHHUE (-0.19), XM



1380 H ) th =2 {4 52 %
100 2.1.3 HRLSZIG 4R
80(” RTER NI VIE A ST T HRASE Y Hp S5 28 1 ¥ Rl
. 5, K2 DDAE, CAF Bk GRT fi#fid
0 & WIEW B IS N I B ARE ], ATTTEE ML
E 0 —10 dB f 55 5 PR N AT RS, SR HA R T
R 9 AR LLZ A5 B0IE SR Ve 1) & L
20 IR 1) AO: A FH I 383 AR X 2% e & 4 Ja) - 2
. — - WilRRE 1, ARy B o R
0 20 40 60 80 100 2) A1-T: fX{R ¥ DDAE 1 By 38 46 53 ¢,
IR R B WSO 190 4% R ).
2.0 E——— 3) A1-W: £ DDAE (98 E F1 9 52
e R BIE AT R AE 42 H I DU RR

15 4) A2: [F] A FH B ORI S0y 5, (R AERFAE SR

a WS A AT ) B P, A SR I .
=0 5) A3-T2W: 5 N H[a) B30 & T AL, A6

FH B SR SRR /N IR AR, AR T]4.
05 L 6) A3-W2T: Bl A& 15 B 25 B, (L4

N FANBORASE A R URHAE, A 051145
0 0 1 e s 100 7) A3-BL SIAXUA B HIE R AL, RS
YIS NP AR FLARAE, (H R F IR ZE A i 4E B

T , T PR
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AR T E 9(a) RSB B S E A,
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WA 2 16.73, (Al 8 4R 7> 55 B 50 3 3 T & 10.48.
IEAh, B EE R AT A 0.86 (LT EARAE 1), KW
FRFEASEREE LR A BRI FAEN
FRPR )90 35 2438 T IR B 1 AR SRR B8 TR A 28
PEASTT 2 10 S5 46 (5 5 WS 22 1 40 31 7 (PR AAE 25 18]
MNREAE 2 TH AR B T AL =i kG

BE.
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AR, FELRBER A 75 50 M 75 PR 58 R E A R X
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(a) Raw data distribution
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Visualization of raw data and model-processed data
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Table 3 Feature evaluation metrics
FRES A 511 PR B HNEE A L
JEARHFAE 8.62 35.84 0.24 —0.19
25 S UEAE 16.73 1.60 10.48 0.86

R4 RS HET R (%)
Table 4  Accuracy comparison in
ablation experiment (%)

B MRS
A0 61.37
AL-T 80.43
Al-W 78.92
A2 88.19
A3-T2W 92.24
A3-W2T 91.62
A3-BI 93.60
A4 95.51
A5 96.80

H1 78.92%; T 4EA & 1 A2 BRI — ¥ Erf %
w2 88.19%, M UESE [ IN 8 P e 5 558U 1R 12
I 2 B A7 AE 2 35 I B AMR 3. 7R bRl B 53R
HHLHIR NS T HERER R IRER T, LT A2 4
YN} XA AL 0 7 B 2. o, XUm) 22 AR Y A 3-
BI LA 93.60% F1#ERf 23 0B 1 5 m) 52 BAR PR (A3-
T2W (1] 92.24% 5 A3-W2T I 91.62%), A J1iEM
AT ) A SRS e AT A SRR AAE 1R B . B
Ja, A4 BERLGE L 51N BIE M THEILE S & L 3R
MRS TUAER, KU Rt —SRAE
95.51%. 2%, SERAEAY A5 R T #8538 Trans-
former MG 2%, FIH H4E S GRU EH RS
Transformer 4 &7 & K IR B0 7 @468 1),
BAET 96.80% M R R, Bl W] T &% Bk
B [F) A S B e b 12 W (1 0 B
2.1.4 XFEESEG AR

JEE DDAE-CAHD Net 18 ({4 & ik, 4%
SEIG R H 5 1D-CNN. ResNet. Dconformer LA

MSD CNN SR 2= IR AT X b, R T
CWRU 45 421X #5155 Y 75 AN [F] e 75 IR 52 R (1912
W e

HHZ 5 s, BEEEMEE N —10 dB iZ 547t
Z 4 dB, &XF F AR A R A R AR R BT
B B N 7 i ) A A1 e L 5 R AAE 1 T 401
SRTT, AR AL LR g e 75 26 R PERE 2 S+ i
Z, JUHAE 10 dB 5 -8 dB LM i M A A B
X ZFE R R OR. BART E, 1D-CNN 5 Res-
Net 7E3EM: = M REIR LI N, £ —10 dB i
TER R 5 A 61.37% F 72.48%. 3X 3 B AR i
B — B 3 A AR B R 22 R AR, kB A R R
Sy Wi e, SR EE SIS /2. Deonformer 5
MSD CNN E5| N T H o4 5 @ ek 2 )] HE
TEFRHUCALE, 75 /5 e b T R, (EAE 5
Wa 7S N AT AEAE R BRI, 7 WI7E —10 dB B, 31
HER 23 30N 79.94% 55 86.37%, 115X ALRIERS &
ATEERIZ WSS R

M2 T, DDAE-CAHD Net 7£4 {5 M L6
38 R A s, HHAL 35 32 AR L7 5 e 75 T
TSRS TE E. R —10 dB I, A7k dER R
=15 96.80%, M F MSD CNN. Dconformers
ResNet 5 1D-CNN 73542 10.43. 16.86. 24.32
55 35.43 NE 4 A AE -8 dB B, AR IEAIAF
98.75%, At MSD CNN 5 Dconformer 43l $2
Tt 8.43 5 11.54 NE 4 ri. BEEMEFE RS E —4 dB
S UL b SRR 3B Wk T A {H DDAE-
CAHD Net i frFF R IE 5w, /£ 0 dB 5
4 dB M F 1A 5] 100.00%. iX 78 0468 T AT
EEARME 7S 3 5 R APERS B fE S e N i
ARG BE 7 R DAV T 3R o M 7 AR AL 1
FaE M kE, DDAE-CAHD Net M —10 dB % 4 dB
FIHERF R B 220N 3.20% (96.80%—100.00%), i
MSD CNN. Dconformer. ResNet 5 1D-CNN [f]
W sh g 2 N 12.80% 19.12% 22.37% 5
22.43%. X — Ul PIA ST 1000 e S 7K AR A A
U, B ERE M Tz R, BERFA HSL

£5  AHRL R
Table 5 Comparative experiment results
R ZHE PNZERRT 1] (s) -10 dB -8 dB -4 dB 0dB 4 dB

1D-CNN 117722 43.51 61.37% 70.23% 78.72% 82.11% 83.80%
ResNet 111402 52.07 72.48% 80.66% 91.35% 93.92% 94.85%
Dconformer 706371 213.00 79.94% 87.21% 97.88% 98.84% 99.06%
MSD_CNN 303837 90.82 86.37% 90.32% 98.44% 99.03% 99.17%
DDAE-CAHD Net 1104890 234.93 96.80% 98.75% 99.58% 100.00% 100.00%
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K45 5. DDAE-CAHD Net {2508} 1104890,
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X — 5 F BE 3 iy ok T B R B IR 3 (PR AR I
an. R AT TN ZRIN [R5 R #5231 Deonform-
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Fig.10  Comparison of experimental results
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a1 1D-CNN WRAESE B AE 77 H 0™ BB Ak, AERf
KIEELE 62% 47 ; ResNet 5 Dconformer 75 R I
R PR M2, A DDAE-
CAHD Net 7£ It s /N AR 25 2F AT 30 HE 0 v
ISR, PRFF T I 96% ISR .

BEE VIR LGP BE N2 6:2:2, ZA A (1) PERE
AR TH B TAT (A F] 100%). DDAE-CAHD
Net FEAR G5 SFAF T AR F R, 32T T X0UR

PR 3 B S5 A D0 - A B R S A5 R 5 5
RN RFAE AT, ARSI T 02
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2.2 MEEEEXRFHESSIER

2.2.1 HHAEBIESEREA

{1 B 2 (PU) SR Bods B2 5 N\ L4145
5 RS R R A g G S B Tk R, A
W 9T 3% P Fhobn s 75 ik 4 77 A2 1 B S A0 B 1
BTN G AR & 2E R IRl F LRI R A A
VR . R TR IGHIR A AR EE . B
AR F 2 TR, HE N AR, AR
B8k B[R] — 00 R RIS 51 A RN . AE5L
P TAL BERY B, AR T g A 5 X L b, AR A
TN BRI BB R4, £ 0 b B bR
A, 7 EEL 500 MREAR, BANFEARME 2000 MK
P, LM TS 6 FREMEFEE. WA, B
P Et% 6:2:2 I LLBIBE AL R 43 A I 2R R . 56 UE £ Fl
AR, 285 ) s R 585 VS 3R 6 Bk,
BRI GE: {@BOIRZS . A 57 A (R — 454,
1% MBI AR T IR (B —3043, 1 %)~ W/ 4k
PSR T IR (2 i, 2 20) UK N T8l 55
b (BR300, 1 /3 ).

x 6 WEEAEAGEE
Table 6 Fault sample information
FA RS WRALE SGAE BT AR BURKE
1 e B — — — 500 2000
2 PEYY Al ShE Ty 1 500 2000
3 WMADE: B 4 ARG 1 500 2000
4 BMARTY: RN AR /SNE ZEHY 0 2 500 2000
5 JETT: sk MR R 3 500 2000
6 JETT Al wiE B 1 500 2000

2.2.2 REEREIIE

N VEAS AR 7E B SN 77 a0 25 b i
PR, AN SCE WA A8 1 B A 4 T T AN S
MAARAE. B 11 ~ B 13 JBIR T %A R Jb 2 S
WS SRR bR S e R AL

R H S5 5 A b5 B 2R I PR S5 gt
AR pp i, (52 DDAE-CAHD Net &
SRR H A S SRR S5 2 SRR RE . ] 12 Bt
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Fig.11  Confusion matrix
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Fig.12  Model training accuracy and loss curves
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(a) Raw data distribution
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Fig.13  Visualization of raw data and model-processed data
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S 52 &
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4 THUE R AT R B 2 3 P RE L B, JUILAE 9
Wa PN KRB AR S . B S, 7
—10 dB BN E M LL TH0 R, A& Gri B 2% S A A
1D-CNN F1 ResNet FI#ER 27 5 %2 61.29% Al
69.58%. XKW, fEELIIE 5 5 w1 5B
FIRBRIE A5t RZ R BULSHE DL 2L
IR OGBS R AE . B (S PERE LR MSD _ CNN
R HAE —10 dB M58 N HER 2R AU 81.77%.
M Z N, A DDAE-CAHD Net 7E %
Uit A AR EE T 93.96% 2 Woks B, AT
1D-CNN Al MSD CNN 4 A3 T+ 32.67 F1 12.19
MNAD R X —BEFERBA JIUER T
AT UG B A Re 1, UL S S Rl
FIMLHIAEARAR W LU IR B T X0 595 g B AR A P T 372
i

RT MR (%)

Table 7 Comparative experiment results (%)
Rz -10dB  -8dB -4dB 0dB 4dB
1D-CNN 61.29 69.80 82.27 89.75  89.99
ResNet 69.58 76.92 87.09 92.01 92.19
Dconformer 77.37 80.81 88.93 94.79  95.00
MSD CNN 81.77 85.25 92.71 97.59  97.64
DDAE-CAHD Net 93.96 95.06 98.57 99.31  99.40

Ak, BEEEME IR E —4 dB 2Ll L, DDAE-
CAHD Net A — D8 K, BILH R F 1k
Stk 5z ALRE S, #E —4 dB (RN IR
PRI () B R LT & 98.57%, St #E ik [H] HH 1
Dconformer (88.93%) 45 ResNet (87.09%); 1M fE
4 dB I E R LL 26, AR B IR E T 99.40%,
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