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ABSTRACT Rolling bearings play a crucial role in rotating machinery, and their efficient operation is vital for the machine’s longevity
and performance. In numerous real-world situations, diagnosing faults in rolling bearings presents significant challenges. Signals
obtained from industrial applications often contain unavoidable noise, complicating analysis. Additionally, the intricate working
conditions in actual operations can greatly influence bearing signal characteristics. Consequently, traditional diagnostic techniques
struggle to effectively handle the effects of varying loads and noise. To improve the accuracy of fault diagnosis for rolling bearings in
noisy and variable working conditions, a new approach using a flexible residual neural network (FResNet) is introduced. This network is
built on a dynamic subtraction average-based optimizer (DSABO) and a parallel attention module (PAM). The core of FResNet is a

flexible residual module based on convolutional neural networks, which allows for adjustments in the number of convolutional layers,
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convolutional kernels, and skip connections during optimization. These design features improve the network’s ability to extract fault
features and prevent degradation. Second, a DSABO with a dynamic position update strategy is proposed for parameter optimization of
the above FResNet with the flexible residual module. This optimizer helps the model avoid being trapped in local optima, strengthening
the fault diagnosis performance of the network. Third, a PAM is integrated, featuring convolutional layers that combine channel and
spatial attention. This integration enhances data feature extraction by aligning it with rolling bearing operation data. Together, DSABO,
PAM, and FResNet create an effective rolling bearing fault diagnosis model known as DSABO-PAM-FResNet. Finally, the feasibility
and effectiveness of the proposed DSABO-PAM-FResNet model are validated using the rolling bearing fault dataset from Case Western
Reserve University in the United States. The ablation experiments reveal that the DSABO model consistently achieves accuracies above
97% across different noise environments. This performance surpasses that of models using grey wolf optimizer (GWO), butterfly
optimization algorithm (BOA), and whale optimization algorithm (WOA), indicating the excellent search capabilities of the DSABO
proposed in this paper. In noisy environments, the model incorporating the PAM module consistently achieves fault recognition
accuracies above 97%. This performance exceeds that of models using the efficient channel attention module (ECAM) and spatial
attention module (SAM), demonstrating PAM’s excellent capability to highlight fault signals. In challenging environments with a signal-
to-noise ratio of —6 dB, the proposed model achieves a fault diagnosis accuracy of 97.18%, proving its strong noise resistance. Under
different load conditions of 0.75 kW, 1.5 kW, and 2.25 kW the proposed model maintains an average accuracy of 98.2% in environments
with a —4 dB signal-to-noise ratio. This demonstrates the model’s excellent adaptability to variable working conditions. Comparison
results demonstrated that DSABO-PAM-FResNet outperforms other intelligent fault diagnosis methods in terms of diagnostic accuracy,
providing a new and effective intelligent method for rolling bearing fault diagnosis.

KEY WORDS bearing fault diagnosis; flexible residual neural network; dynamic subtraction average based optimizer; parallel

attention module; noise interference

E R e B A AF 1) S B A 2 — , VR Bl K BB
% 7R 3 B Ay, DD BRI, BRI A AR s AT IR D)
AL RE I 2 R GRCE, FEIRREFE, B RE K ik
& A AR Tl AR 7= FN 28 3 12 i 4 U, TR Bl B
AR AT AE P ELEEOC R B A 7 s AT R E
DAL ot P s VR B A 7K E 3B AT 2 dE R LR I 25 = K
ia B EL AR SR, BT I R B i L i
FIVER B0 fi7 A, VR S Al AR A T I B | S AL
T4 [ i, SO LA 2R 0 e XU 385 L ot 7R
Bl AR R 2 T TR DU TR A0k i i o 2 O
() FA €0, B AT e B e Lt A e, A T R B 4 4
fE e it R AP 5 O XU, PRIE T 2B 7= I3 i 2 4 e,

MFTIREE 2 ) eI T AE KA E R S vh A 3
PR IURAAE A9 LB HE 0 B, iR O ) A 3R
RO HC 7 T A B2 W i S s 2 R H L AR D TR
JE B FEN 32—, B LM 4 (Con-
volutional neural network, CNN) K H:Af 5 3¢ B, =
B s AR SRR, 2 B T KR E
KVE 5 75 bR AH N M, AR 22 5L T CNN B AR Ff )
BB I2 W e R L X SEU S O TN 2 4k
FEUR 28 ) 268 W) 1 Ab 7 2646 BR Pl 22 I 2 80, R
T I 25 - 1 Y5 3l AR A0 S B 3l 1, T B HH T b R
Tl B 12 Wt 1Y) 78 2k A% 326 A UM 28 W) 4% 5 Sinitsin 551
BT —F 3 IR S CNN-MLP £ 81 iR 512 Wi

Ti v, P AR IR R AR B A5 5 e 4 TR B T A BUHE
PEAT Al AR B 5592 W75 Ruan 26030 356 il 7 n 8 2 (5
SRR, B T ONNZSHM S S8 HE T
bR BB W HE B R 5 Ayas 25U B3 T — R Al
TR B 5% 25 2 2] ) 4 L 2 > Bl psf 3 P14 5 il 7R il
P 28 U 22 ] 1) i 3] o 1) B 55T, BRAT T BLAF 12 K 4
S5 Zhang 55" ] FH R 48 2% R0 1A 95 W 0 ARRAIE 42
YR, i i A B 1 A R 2 B 428 B T B AT
A, PEEIZ WK B ; Kong UM Il 25 2 4> HA A TH]
WIS oR B TR B E g A 2 DL AR 15 S 7] 25 B AR AIE
XoF AR A 0 R AR HE AT PAL 1, K 2 R 0 R Ak
A CNN, MIMTARFF A PUMNROR . R T ok dl R
{5755 CNN 254, 7 4k 2 a7 SR Al K 5 5 B S 1
AP W B2 SR, 76 S5 PR Tolk v, ks 47 T
B2, HUW IR AR RS, (4545 58 7 v ME L[] g
Jug %k T 250, R P T A T ()

BEXT LA b 0], A ST HY — i B T B A
-1 1AL #% (Dynamic subtraction average based opti-
mizer, DSABO) Fl 17 {4 & 77 £ B (Parallel atten-
tion module, PAM) f{) 22 1 5% 22 i 2 ) 2% (Flexible
Residual Neural Network, FResNet) , F T 7& a1 4l 7K
ik B34 W, i 44 N DSABO-PAM-FResNet. — J7 i,
JiT $2 82 70 ¥4 DSABO & FResNet 25 4, £ DSABO
IEAC 8 5 FResNet 575 5o AV RE 1Y W 45 4544,



- 482 -

TRERLF2ER, 26 47 5, 5 3

PETE G YNGR . 55— J5 1, 7 FResNet [ 2% 2%
Fo i A PAM, 56 VE A 85 B 47 AE , 40 461 B S
. FIH 3 LU 74 Aidt K 2 19 VR Bl i R e s 4 e
A, X T H AR TR A AN ] R R T RS B gk SRR
AT IR, 25 B R B, AR SO Y A5 AN [m] e 75 1 AE 7
AT B HA B U RS B

ARICH FEETTERAT

(1) & T —Fp LT CNN B sk 250 e %
B SLVF 7€ DSABO 3% A B 5 2l 5 B2 2. 6
A2 5 B B 3 2 5, AT 498 i ) 8% 5 o e 48
fE F1 5k 2 o 24 3R Ak

(2) $&H T 3F sh A5 B B R W i DSABO,
FHF & 3R FResNet (%5 H) 28 #2H1 i DSABO
BBk R s L RE T, M5 {k FResNet [
2 W PERE.

(3) it T —Fh B A5 & U2 ) PAM. PAM fil
A 3 R RN A R O AR, T 5 R
AR IBITBAR S A, SEIBE R o

1 HxEig

1.1 HFRMHMEMLE (CNN)

CNN J& — Fl IR B 22 2] R, £ 2 B RUZ
AL 2 R4 2 A
111 BREZE

& FUZ & CNN I ok B 2 1 L B 4y, 2 H
FHEBUREAE, AR AN

Xé:f[z Xf‘1><wfj+b5] (D
i€M;
o, XU URAER A TCE M - 1R
J B X1 % 0 BUIX B B0 3R w
DX IR A IS 5 b, Ml X005 () SR 8 R
1.12 i

Ak 2 H T A 0 B 0 R AR R, W) B
Bij 1k 3 L5 . 7E CNN o, B KAk i H i iz,
HAtE AKX N

Pi =max(ui) 2

Horr, wl 2 12 058 kA DO, PLRAZ X e Kt
1k
1.1.3 2%z

iy N B 2k 2 G R Z F AL ZE TS, 4
PRHIE RS A 2 R A TR LM 3 G, P48 Softmax
I35, ME R 4 L XA B — A B 24k 1)
#7Q, HZH Softmax 1% H S H:

e
S = =1z (3)

Z

Z Qi

i=1

Horb, S0 SEER AN TE R s Q) QWY SR N TE R
el HARHEL
1.2 EGEFHEUEE (SABO)

IR Y4445 ( Subtraction average based optim-
izer, SABO) Iy 2 A R g H B M &, (45743
B FhREAS A7 B Y 22 5 DA S H A ek B 22 18
SABO FIJ HIFfHE A 1A 1) 9 v ~F- 34 {8 50 0 R AE 48
El RN DR DA = oW 7 S LNt 7 S A
—AF A -7, E T

A-,B =sign(F(A)~F(B)(A-V+B) (4

$orfr, AR B BB U sign () 1 5
Bes FO)E RLEE B VAR — 2 B T
AR Em B BEAL 1) i, b TR ARG (1,2 Bl
BUAE G R I I HS AR

WP S O A AR R BT R A 1 AR
A7 B HEAT AL SR, A & SR A r Rk T

N
DN* = DF 4 1, « % JZ_;(D;‘—VDf.) (5)
D {DN?, F(DNY) < F(Df) o
‘ Df,  F(DNf)> F(Df)

o, DR B KU AR S 4 R B 5 DNE
N B UGB AR B i A RS T 2 Wi Y PG
TS ; DAYV ROR S e+ 10GE TP I 5 i K
BLE s r RN YR Ry m BRI ) 6, 4275 983 [0, 1]
P (1 BE AL EL T JE IEZS 5315 N A FIREA A AL

ok 125 1 25 0 A A 1 T I A R R S A A SRR P
AL, O AN S A A Aol e Ao e 2 ol A I 1 )
37 B A ST A A RS AR AL B, B AR SR
REJI 5, AN 55 B A Jmy 3B dee (10 25 5

2  E F DSABO-PAM-FResNet H 4 7% &
FEiZ iR EY

2.1 #EEISETERIFESS

TE S B v TR ol fih R Y R 2 W T I 2 A 2
Ped% . v e, X T S BR Tk B RS S,
R M R N ] R Y LR, BRI A A AR Y
T2 0 R g AR A 5. X e, AR SCHE T —
% T DSABO #il PAM i FResNet(fir 44 5 DSABO-
PAM-FResNet), Fl TR Bl 2 W, T DSA-
BO-PAM-FResNet B RIAEZL U [5] 1 ff 7K.



PR 145 BT R M ke 2 o 8 I 4% 1 VR Bl Pl 7 R R R 2 IR 1

483 -

Channel attention
| >

L
\_\- i

7
Parallel attention module ‘

S->

Conv l 3 10
- — —> Conv—~>Conv: 0.8

“Structure parameters

Fault classifying |

Flexible residual
neural network

)
= D!
.

o]

D ion | Dynamic position

| update strategy

»

propagation !

PSS : g N
. @  Addition | Oriaimal o, N\,
. o rigina At
Iﬂ ata samples, signal gl o

! Forward 1 2 :

> -

Structure parameter 1

__________

Dynamic subtraction average based optimizer

B 1 DSABO-PAM-FResNet H{[#i2 Witk RIHELL
Fig.1 DSABO-PAM-FResNet model framework for fault diagnosis

JE 1 H ] RLE H, 25T DSABO-PAM-FResNet
1) TR S iR B B2 WA R A% O FE T R sk 22 ph
W 2% . Bl AP LA AS A AT T AR R =
HB4y.

22 FTMKEMEZML ( FResNet)

BEE CNN 28 2808 I, vl fE 2 3 30 4518
Ak () 8L, 10 4% 22 1 28 ) 4% (Residual network, ResNet)
AL A 1 ME S R T B REAE B BRI HE
J=, MU is s P 25 1B 46 ResNet JEAH 2 7E £ 458 CNN
FE Aty b sk BR % 2, 38 A A ) 2% T S S R )2
) B, B A G SR S A, X R e
P4 RV M2 5 ) R 258857, B A S 2
() P19 225 S, T AN 2% L A7 2] A LSS,

ResNet A7 F| T 2% fiff N 4 1R £k, . o 5% 1H 45 ik 559
SOOI MERE B ILEE R . S HO0E DL E , SR T RRAE
PEHCRE 7. o] 4n, 24 4 FRUZ BRI G R B A R,
I 4% 1 R IE 4 BBCRE T AN I 5 T Y 4 AR BORD 45 FR
KB Z2 B, D 2 3R Ak U D) 25 386 . e &b, 4 8k
R 7 2 50 /0 iF, ResNet 1 B8 JC 15 45 R4 2% it N 4%
R4k AH I, Y Bk BRGE B Bt Z 0, 2 3 3t
A AR B . XTI, AR SO T — AP g R A S ]
A% ) ResNet, U3 B 22 14 5% 25 i1 28 [ % . FResNet [
FEA EAR AR AL 0k A9 2% A0 rp b A28 2 Mk 25 A
P G RRZEE . BRSO Bk R % 28, T
JFHC i FResNet 35 2 5 LI 2R 80UR 19 2540 240
WE B ERE B G ZE kRS S B2
Balk e, & XN

C,:[C—lxt+0.5], 1= 1,2, ¢
&

Hor, CFon i B BHRE LB RUZ; 18R BUE

VP

B 2m i T BRERE ke . BRUZ oM
B R s R P AR 22 B 25 4 L 2 TR, Y
Bk BRE e B . B B2 B et 6 BUR B s & Bl AR
B, 2 MR 22 LR % [ sh ol H B S50 F S50
PR, 561 22 M ik 2 B A 2 1) FResNet B A5 Bl 4
AR 1 26 AR T B 25 4 S 80, T 48 S B L 4
¥, 75 i, FResNet 5 SABO By # & i an 1A 3
B,

i

i
The number of channels is s

B2 MRty

Fig.2 Structure of the flexible residual module

T, B MR AR 25 AR 1 5 4 S B0 b b
FE LA B AR, BB R S AR R 3 0V R AR Y
AL LA T, S sk 2 T B T2
B B PUZEL BRI B S AR L 4 FResNet,
WA 33X 2 S 85, ST A0 P KR E 45 4 1) FResNet. 1
Ji AR Al S TR 45 2 S W 2 ) O 45 O Ak 22 A Ak S 4K
B 25K F Wi HAx. FResNet BE{# 8 T ResNet 7 2>
W 25 3R 4k 1 BE 77, 16 4 I F 52 IR ResNet H it &
A 200 O SRt LA | M SR DL T A ) R
T £ T P £ T S Rz At
23 EhEEETEHMMAEE ( DSABO)

SABO Ht T JIr A e A A 1 B3R SF- 34 407 8 T
BiinE, BA R4 )R S 60, S8, 5k
ARG, BT SABO YR8 R B8 S5, fHifs



- 484 -

TRERLF2ER, 26 47 5, 5 3

Initialize parameters

Does D,
have better fitness
than D,?

Establish FResNet based
on positions, preserve

optimal position as D,

Update positions

L2
Establish FResNet based

Does optimizer
converge?

| 2 1]

on updated positions,
preserve optimal position as
local optimal positionD,
[ ———

A8

Using D, as output End

B 3 SABO-FResNet [ 4

Fig.3 SABO and FResNet integration process

440 2% 58 5L L B T 0 O, %3¢ SABO
e Gl 18 . eI SRR T X Bt A S e
ST B s 3 0 W 0 25 T T B B
(DSABO). i A & {LUCEOH k. 4 2 AL UB N K,
4 <OSIH, (i B AR W 50 15 T
DAf: %XDO+(1—%)%{F+ri*%i(0§<—\,D§)
€D

Do {DA{?, F(DAY) < F(DY) o)

DY, F(DAY)>F(Df)
o, DoRon 2R i e B 5 DAY 7R T 45 ik
AR AP T B A AR fr (I Y
R RT3
k
Mo > 0.5, i i BB e i 9 7 A A T

N
DB = D0+ri*%Z(Df—vD’J‘.) (10)
j=1
D! =

DNY, if F(DNY)ismin{F (DN¥), F (DB!), F (D)}

DB/, if F(DB!)ismin{F (DN}),F (DB{),F(D})}

DY, if F(Df)ismin{F (DNY),F (DB!), F (Df)}

(11

o, DB TR LT 58 kS AU 3 i AR T 4
o fi A 457 B Y B TR 7 B 5 DNG R X (5) 45 5
min {-} &7 B /IME R AL

5 2 PRI 3 <05, B EA b 0 i

A 5% 4T (1 e G 0 3
4 FF A4 PRI IR 0 5 22 51
i B B R, BE T SR 4 R A
B2 5 PR, 4 o e 3 G 9
SR A4 K AT 51 0 o R 1 . £
SR BRI (5 > 0.5) , B A VA6 i 78 54
S T4 B
G R B 60 B4 5 6 0 G R T
FIRE 25 B 41285 T 0 1 5 25 B S0 1 A 08
AETT.
24 FATEENRS (PAM)

R 6 1, T8 0 BB AR £ 4 5
i AR N 305 5V A 0 R T A1
1R 0 — B S A — IR £, SR
T B S B . LR %, SR T
R HERE A BB (PAM), W % ] 4
Y A BB BB R

U 4 R S AR 38 457 T B,
F AT AR £ B T R
PRI AL LT85 I i 15 i 2 KA 1
SRR AR 954 0 4450 AR 9 25 o 0 A
100 6 BB KRN 025 B J4 A4 U 9
S U, 40828V 25 74 O 8 T

I W1 S 5 A KR 2625 1 7 ) F
e, ¥ 5 AR 0 4 D B A A
A1 155353790 26 B
i 2 B LHE, 2t RN 1 G
2 B BUR G % ) TR
AL



W

Vi) 855« BT SR M B 2 P 2 I 2% 1) VR Sy ik R R B2 W O ik

485 -

Maxpool
T P
Averagepool Conv
B4 PAM PTBHYIEIE TR TR
Fig.4 Channel attention submodule in the PAM

|

Maxpool
f — Conv
=
T
Averagepool

BE5 PAM A2 )R AR
Fig.5 Spatial attention submodule in the PAM

o J 38 T T ) AR EROR 2 () ) R
Hrd w5 4 4 AR 48 th B FUZ B 2 sigmoid
WO oR U AR B [0, LTAFE B N, 5 A B0 il
1535 . PAM SRR Q& 6 k.

Channel
attention
el 4 } Conv
Y -
Spatial
attention

B 6 PAM Jifs
Fig.6 PAM process
22t PAM, Xy A 08 7300 52 B8 T 3R IO
TR AE ) 8 T R 5 DX 286 X6 A B H S B X3 1Y) 2 [
J&AZRE 7. il PAM ik A M 45 R R 2 5
A R 25 I PR e, $72 75 I 265 X RRAE %) £ HURE 77, $2
T 14 T A I

3 AEWIE

3.1 HiEEEA

3 [ YLV fifi K27 (Case western reserve univer-
sity, CWRU) S 1 i) & Sl 7lde e B 0 5 2 9432
FH T3P Al A [] B 12 W BOR 1A ROpE . R, A
SCHL A CWRU il A HE %0 i 4 19 7 ¥4 2247
. b R B e 15 AR P 7 R

,,

Bl7 CWRU dRfhlRimits G
Fig.7 Bearing fault test bed used in the CWRU dataset

U5 E V& FH 25 SKF6205 14 74 1 5k il 7K, fh 7K
B DAy P A T B SO R AR 43 ) 0.18.
0.36. 0.54 mm, fli 7R 5% 4% 1797 rmin”', 7F 12 kHz
SRAEAI T 43 591 SR 4 0K 3 i g 7 1 9 L L A1 LR
WA R, S — B IEFOIRAS, B3k 10 R 5,
BRI 0, 0.75, 1.5, 2.25 kW PUFh 7 280k 0.

FEAR K B BCR 1024 A 50 o5, IR
600 NREZR, B E4E 40 7 200 S FEAS, 3R 4R A 7
200 MEEA. B R AR N 1 K.

3.2 DSABO HIMERED #7

SHIAEAS SCHE H 9 DSABO FPEREI M, 4%
PARP A2 ( Grey wolf optimizer, GWO ) B #5Ef)
AE5532:(Butterfly optimization algorithm, BOA )" Filfft
£ L AL B 3 (Whale optimization algorithm, WOA ) *
5 DSABO #47 X L. % 1B 24 A AL 53 1 A
PE, FIHE /N Al A K a2k AR A5 HEAS 2 8500 8 A
6], 55 4, bk G (0 AR PE i g i, 45 R IE a8 17
10 3918, K 8 ik T 7E {5 M tk—6 ~ 0 dB 21
BT [RS8 2 ) B 2 W 4

MNE 8 ] LU, AN [ M 75 IR B T (e L
—6~ 0 dB), 3T DSABO 12 B AU 11 o 1 R 14
1 97% VL I, T 3T GWO, BOA il WOA 12
WA AL R IE, AR SCH ) DSABO-PAM-FResNet
BRI B B ALPEGE.

3.3 PAM MIMERED 7

S S IE A SCHR H A PAM AH B At 1 2 Sy i

FEFRNESEIRE ) L A R, 3L 5 M -6 ~ 0 dB

F1 CWRU BRESMR
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