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Fault diagnosis of rolling bearing acoustic and vibration signals using
an improved Transformer

Shi Jie Zhang Wei Li Zhi Chen Lichang Yang Linlin

(Faculty of Mechanical and Electrical Engineering, Yunnan Agriculture University, Kunming 650201, China)

Abstract: Existing fault diagnosis methods predominantly adopt a “single signal-single model” dedicated architecture.
requiring independent diagnostic models for different sensing signals. Such approaches face practical limitations
including limited model generalization capability and insufficient adaptability across signal types. To address these
issues, this paper proposes an intelligent diagnostic method based on a unified deep network model applicable to both
vibration and acoustic signals. First, the method utilizes an improved gold rush optimizer algorithm and envelope
entropy fitness function to optimize variational mode decomposition (VMD), enabling adaptive determination of the
intrinsic mode function (IMF) decomposition number 2 and penalty factor @. Subsequently, the average kurtosis
criterion is employed to screen VMD-decomposed IMF components, followed by secondary denoising and reconstruction
using improved wavelet threshold denoising to enhance fault features in acoustic-vibration signals. Then, building upon
the Transformer architecture, a deep residual shrinkage network is introduced to construct local feature extraction
layers, thereby improving the model's capability in local feature extraction. Concurrently, a multi-scale linear attention
mechanism is designed to replace the multi-head self-attention in Transformer, reducing computational complexity
while strengthening the model’s ability to capture long-range dependencies. Finally, experimental validation on a self-
constructed rolling bearing acoustic-vibration dataset demonstrates the superiority of the proposed method, achieving
90% diagnostic accuracy for acoustic signals and 99.77% for vibration signals, outperforming comparative models
including ResNet18, DRSN, ViT, MCSwin_T and WDCNN.

Keywords: rolling bearing acoustic and vibration signals; variational mode decomposition; wavelet threshold denoising;
Transformer;intelligent fault diagnosis
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Fig. 8 Envelop spectrum of EMD reconstructed signal
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Table 2 IMF kurtosis value of EEMD

B I B2 W) it Ui
IMF 1 29.19 IMF 9 5. 14
IMF 2 37.32 IMF 10 3.21
IMF 3 6. 87 IMF 11 2.44
IMF 4 5. 28 IMF 12 2.17
IMF 5 3.93 IMF 13 2.46
IMF 6 5.72 IMF 14 1. 68
IMF 7 13. 34 IMF 15 1. 66
IMF 8 8.15

AT S 2R FH 9 Al 46 ilF — 25 18 4iF IGRO-VMD+IWTD
IR A BN A 3k L 6 150 P S ) e IR R S 1 el R B 30 15 5
B . SR FHA [v) g MR 46 i ok 5 40 30 A 7 A B R A R 3 MK
PR REARKEE 1 024 RAFES . ARG ] ImTransformer-
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T # K

DRSN X A AT 5 Wik T, ki Bh S5 HEAR
LR 64,2427 K 0. 001 EAC K EL N 100 WA AL #5
FH AdamW 451 5% BREL Ry 58 UM 8L 2K R B TH st 06 &5 SR
FFE 4,4 IGRO-VMD+ TWTD Bt -4 [ Mt 4k 31 /5 14 & 1
{55 7E ImTransformer-DRSN | F ¥ #iE #fi 99. 74 %,
M TFIFRESRI T 6.24% , [, 58848 IGRO-
VMD 8 IWTD [ M3 5 a0E A7 X8 HE L 36 A B M 0y 32k 37 249 of
WA MR T T 4.37%.4. 9%, iFE B T IGRO-VMD 5
TWTD B A [ 8 B 0% 2 38 H2 R 3l 7 i s 12 W B 3308

®3 HBHBES

Table 3 Experimental dataset

¥ ST WIGREAL MERFEAL Ar%
F1 PR AR SR g 400 100 0
F2 P B e 400 100 1
P P 4 i+
F3 o 400 100 2
Fi4 SRR+ 400 100 3
DRFR AR
F5 SPEISLRE + 400 100 4
M B+ R R A
F6 SR+ 400 100 5
TR B ik b
F7 NI 400 100 6
F8 VR B A g 400 100 7
4 EHRABLER
Table 4 Results of ablation experiment %
o AR i e P
e Wk wE ek
IR ES 92.19 95.17 93.5
IGRO-VMD 95. 36 95. 46 95. 37
IWTD 94. 4 95. 44 94. 84
IGRO-VMD+ IWTD  99.72 99.75 99.74

4.2 ETF IGRO-VMD-IWTD 5 ImTransformer-DRSN £
RIS A ik

i IGRO-VMD+IWTD B 45 i B 4K U 2 4 3 15
SHEEESNEMG S, %R 3 R E 5%, 2k
YifE S B EMEERES S &, B, &R
ResNet18”" \DRSN " VIT* MCSwin_T "/ \WDCNN
“Y 5 ImTransformer-DRSN #E47 % EG , 2 B8 iF 7 42455 70 )
g, Hh ResNet18 ,.DRSN,WDCNN 3}y CNN 12 Wi 45 %Y
2 gty s VIT #H K Transformer A #iti , MCSwin_ T
NHE:TF CNN-Transformer IS E S5,

R U0 B AL 3 A S L SR T 22 ok R Y 45 R
ST $4 (Al I AR TR AT P O B R R LA R U FL SR B 2
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Wi g5 AT . AR I GSE G — &8RRI
K 64,2214 0. 001, ALK EL 100 K I AdamW i fk
i R 3 SO R PR

DR 2 {5 5 812 W b il ge

F AR EMAIRINGE S 2B R nE 5 s, 5
WDCNN # H. , ResNet18 DRSN 7£ 4 T 45 b5 I ¥ 3 B
BERTF, X ZH T ResNet18 i J T 5k 22 454, [ 2% 25 4
W H N4 Z% i DRSN T ResNet18 #y J5t K 78 T H 5% 72
AR s A e E R TR U R B R RS T
BV RE . 8 VIT R R A4 B % 1 T ResNet18
1 DRSNHH FRIAIE &2 %, 45 5 RAES G, S BUE
KGR F1 2080 B RIES . 1T MCSwin_ T B4 B
1 FHILT Transformer B9 25 B3, (8 HAE R #5458 b
HEET VIT; 42 89 ImTransformer-DRSN #5 Bl ¥E 2R
FIERIES WE GBS Wb R, W RE R T
93. 5% EREBE L H [0l A F1 480 b RABEL T HAb 5 A4
# . X #£ B ImTransformer-DRSN ## #1 45 & 7T
Transformer A9 4 Ja) 5 E £ BURE 71 71 DRSN 19 J&y 0 4R 1k 2
BUOL# A AR T T B R B SRAE RE 1 Az AL PE, SE I TR
SR SR E A R I2 AR .

RS5 KAERERHESLHER
Table 5 Diagnostic results of undenoised vibration signal %

el TR B2 PENGip: F1
ResNetl8  80. 83 81.42 80. 83 80. 87
DRSN 82. 85 83.07 82. 85 83.01
VIT 87. 31 80. 26 87.31 82. 85
MCSwin_ T 92.35 91. 884 92. 35 92. 69
WDCNN 74.59 76. 16 74.59 74. 42
g i 93. 50 93. 52 93. 50 93. 48

ERMIRNE T WIS Wi 45 R b (3R 6), T A58 11 o
BEA TR TE B ) & 25t IGRO-VMD+IWTD Ab 35 ,
T4 AR TR 0 o B S ORS L A O F1 4 003 Sk )
99.76%.99.77%.99.76%.99.76% ., i T IGRO-
VMD-+TWTD Xt 4% 8 {5 5 8 B Rp i 14 38 382808, AT 42 7
TSR (Y K 12 T B

x6 EBRERDESLHER
Table 6 Diagnostic results of denoised vibration signal %}

LAY HE R ¥ RE [ % F1
ResNetl8 90. 83 91. 42 90. 83 90. 87
DRSN 92.55 91. 97 92. 85 92.55
VIT 91.11 90. 26 91.12 91. 11
MCSwin_T ~ 94.35 93. 92 94. 34 94. 35
WDCNN 85. 42 85. 75 85. 45 85. 34
B A A 99. 76 99. 77 99. 76 99. 76
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(a) Confusion matrix of undenoised vibration signal diagnostic experiment
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(b) Confusion matrix of denoised vibration signal diagnostic experiment
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Fig. 9 Confusion matrix of vibration signal diagnostic experiment
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(b) t-SNE distribution of model output features
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Fig. 10 t-SNE visualization of features in vibration signal

diagnostic experiment
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Table 7 Diagnostic results of undenoised acoustic signal %

A A % B A R F1
ResNetl8 70. 88 74.6 70. 87 70.16
DRSN 73. 97 77.7 73.97 73. 27
VIT 49. 43 41.7 49. 43 43.42
MCSwin_ T 74.95 73.3 74. 95 73.08
WDCNN 48.19 47.6 48.19 47.52
FRiiE sy 78. 63 78.7 78. 68 79.15

RN SEE S 2R g R b (3 &), i #
B2 sk SR A pr i T, R B2, &0t IGRO-VMD +
IWTD 4k B 5, JF 42 A B0 o B SR 35 21 T 89. 61 % , 1 Kk
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5= 1 | B S o G O T i i = 1 L i D > o= 2 [
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Table 8 Diagnostic results of denoised acoustic signal %

A E 1 5 H FENTIES Fl
ResNet18 78.42 81.85 78.42 77.55
DRSN 83. 27 85.02 83. 27 83. 00
VIT 59. 35 51. 83 59. 35 54. 11
MCSwin_T 84.31 85.39 84. 31 84. 26
WDCNN 58.11 56. 66 58.11 56. 81

FrigiE s 89. 61 90. 00 89. 62 89. 52

B T1 BRIV R K vl & L P AR T R 4o e I b
RIS IR X 2% 2K I 14 12 W AR A 22 5 T T e R Ak B
B T B SRR R AR B O S RS B 12 I OR B E 4R T
WRAR I A

R

0 1 2 3 4 5 6 7 0
B
(a) REMEFE EHE 5L WAL R

(a) Confusion matrix of undenoised acoustic signal diagnostic experiment
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(b) Confusion matrix of denoised acoustic signal diagnostic experiment
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Fig. 11  Confusion matrix of acoustic signal diagnostic experiment
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Fig. 12 t-SNE visualization of features in vibration signal
diagnostic experiment
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