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Rolling bearing fault diagnosis based on variational mode
extraction and lightweight network

FENG Zhi-gang, WANG Shou—qi, YU Ming-yue
(College of Automation, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: A rolling bearing fault diagnosis method combining variational mode extraction (VME) and
lightweight convolutional neural network (CNN) was designed to solve the problems of low diagnostic
performance of CNN in complex industrial environments as well as the problem of large number of
parameters. VME was used to extract the desired modes in the vibration signals collected from multiple
sensors and construct the multi-sensor grayscale feature maps to eliminate information interference while
enabling data fusion. The residual structure and ultra-lightweight subspace attention module(ULSAM) are
introduced on the basis of SqueezeNet to construct a lightweight residual attention convolutional neural
network (LRACNN). The method has a high fault recognition rate and diagnostic stability in complex
environments.
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Fig.7 Spectrum of the vibration signal of In1 at the DE
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Table 2 Center frequencies of bearing vibration signals
of different fault types at the DE and FE under

different working conditions
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Ba2z 3200 4100 3300 4100 3200 1400 1400 1400
Ba3 3200 4100 3300 400 3400 1100 3300 1100
Inl 3600 1500 3500 1500 3500 1400 3600 1400
In2 3400 4300 3500 4300 3500 4300 1400 1100
In3 2900 500 2900 1800 2800 3300 2800 3300
Oul 3400 3300 2800 3300 2800 3300 3300 3300
Ou2 3400 4100 3400 4100 3500 4100 3400 4100
Ou3 2800 4100 3400 600 3500 600 3400 5100
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Fig. 9 Multi-sensor grayscale feature maps for

different fault types
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Table 3 Diagnostic results and time for different

feature extraction methods
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Table 4 Performance comparison of different

network models

B AR/ Y% IRt /s B S A/ MB
LRACNN 100 73.40 0.045
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MCDS-CNN™/ 99.790 123.62 1.580

3.4 BERETHRENZH IR

N T VAR AR SCO7 ¥R TR M RS BR R T 1912 W
BE, ESCI AL T Tk B Mg s 5. AT
UL ST o B 555 A7 A 1 45 R e RS FE VR Bl R 1Y
S s I 2 A5 5 s o TR A {5 R L (Signal—to—
noise ratio, SNR) A% = #r (1 Mt 7 ( White Gaussian
noise, WGN) . SNRJ&—Ff il T HL 8 Br s 15 53k
JEFNTY SR R B A AR bR, AR A

Psigna
SNRy, = 10logu| " (13)

T 2 P g Proise 2390 0 9% B 45 5 i 307 11 W 5 )
3,

10 2 J b 3k 8l {5 AR I SNR=—4 dB
WP S 45 o BB Il X T A B A
TS IR R S S R A T R X
SO AR A FE W] MR AR A5 X I A R AE 7 A B
T, T BB R AE B T, AT R AE 2 RO 1
PRIXE 28 o sk AT o X FIORG O0 T, J0 12 o o b g
A7 B AR ), e 45 B2 W IE i 23R 1Y PR AR .

o 3k — 25 55 9F LRACNN 5 78 1) 1 5 L 8 &
5 SqueezeNet, CNN-+ Attention” , AAnNet? |



- 1890 - THXEFF

(T % k)

% 55 %

TEE/(ms2)
(=)

|
—_

0.00 0.02 0.04 0.06 0.08 0.10
t/s

()R IRIRFN {5 5 I BB T B

0.00 0.02 0.04 0.06 0.08 0.10
t/s

(b) %75 5 5 I IRIB T I
E10 RIARNESSRETRESHRERER
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Table 5 Diagnostic results of different models in

noisy environments
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Table 6 Diagnostic results of the model under

multi—case industrial frequency

cycle interference

145 /HP B/ %
T4k 50 Hz 14k 60 Hz 14
0 99.90 99.85 99.75
1 100 99.95 99.90
2 99.95 99.90 99.75
3 99.95 99.65 99.70

SNR/dB
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-4 =2 0 2 4 6

LRACNN 93.30  94.65 96.50 97.10 97.75 98.65
SqueezeNet  91.60 92.85 94.60 96.65 96.70 97.40

CNN-+
83.96 87.57 90.33 92.82 93.69 95.08

Attention"?!
AAnNet"?! 81.49 88.22 9544 96.68 97.39 98.33
MSCNN-
) - 87.00 93.00 96.70 97.50 99.24 99.24
BiLSTM
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