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Fault diagnosis of rolling bearings based on cross-sensor feature fusion

Lyu Yi'  Zhu Zhirong'  Zhao Tianyu®

(1. School of Electronic Information Engineering, Shenyang Aerospace University, Shenyang 110136, China;

2. School of Sciences, Northeastern University, Shenyang 110819, China)
Abstract: Neural networks employed for fault diagnosis in complex scenarios often face challenges like strong noise interference and
incomplete information from individual sensors, leading to degraded diagnostic performance. To address this issue, a cross-sensor
convolutional neural network with dual residual and feature adaptation model is proposed. Firstly, during the data feature extraction
process, a dual-ring residual module is utilized to alleviate the gradient vanishing problem during training. Subsequently, the
convolutional block attention module attention mechanism is introduced to enhance the model’s ability to focus on critical features. Then,
a feature optimization and reconstruction module is utilized to improve the efficiency of feature learning and the capability of feature
expression. Thereafter, an adaptive feature fusion module is employed to adaptively fuse high-level features extracted from different
sensors. Finally, the fused features are classified through a global average pooling layer, a fully connected layer, and a Softmax function
to accomplish the fault diagnosis task. The results demonstrate that the proposed method effectively integrates multi-sensor data features
and exhibits robustness against noise of varying intensities. The average diagnostic accuracy of the model reaches 97. 48% under noise
levels ranging from =2 to =18 dB, showing an improvement of 1. 88% compared to using a single sensor. This study provides an effective
reference for solving fault diagnosis problems in complex scenarios.
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Fig. 1 Dual-ring residual module structure diagram
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Fig.3 Spatial feature reconstruction structure diagram



53 3

BT B A TR AR B 5 ) TR Sl il ARl 2 W 117 -

Xt 5 A FRAE $E 47 41 0 — fk ( group normalization,
GN) :
Y- p
Xev=v" +B (11)

Ao, YRS ARHE ; w T o 43 R R 08 35 (A0 A o
%5 e H—MHWHG v B RFFATSHL

Yol 3B TE A A T U — b LA 45388 T B SRR
W, ={w| = 7 ij=1.2,-,C (12)
Z%

JEEP W, EL_LE’JE AL ; € Z2IEIEEL; v, 25 j

Y, MY, w8y, MY,:
Y,, =W, ®Y
Y, =W,®Y
K @FRBILRIH
B Y, Y, U AR AR O PR
Y, —Y,, Y,
Y,,—Y,,Y,
LA EPSE IR
Y;, flY,, A0,
Y, =Y, +Y;,

(14)

(15)

it Yy, A1 Y, 515 8B+ & REE

1
S B Vg ey (16)
fili T Sigmoid RESCHE IH — A % 45 25 18] 45 AL FJ5 B AR R AR 5 23 (] AR Y,
& EER o W, R W, A Y, =Y, UY',, (17)
W, = Gate(Sigmoid(W, - GN(¥))) g =1,2 ENIRUE T e
(13) 2) B RHIE E
o Gate () AT 1 REL, A SCBE N 0.5, O R Y s 2 e e e T 3 4 A
B ARHE Y 23505 W, F W, #H3f, ﬁ%ﬂﬂﬂﬂ’%m BRAE 3 AR I T A I 4
ho
¥\ 4GConv g
PConv }—V
Split PConv o Sofimax
PConv PConv —
concat o /' Yer
8
7,
Bl 4 BRI LS
Fig. 4 Channel feature reconstruction structure diagram
Y HYQ(,YU —a)C (18)

| 15,46 FX ( pointwise convolution , PConv ) & 4 i
B Y, 5Y,.

Y, = PConv(Y,.)

Y, =PConv(Y _,)
A a2, 50 0.5,

Xt Y, 1 43 2H 45 X ( group convolution, GConv ) I
PCony I 1747 38 380, I 3 1 1040 AT 4 45 15
Y, s % Y, (R PConv , JEA 45 15 AR DHEAS R Y, «

(19)

IA/'I =GConv(Y,) + PConv(Y),)
N (20)
Y, = PConv(Y,) UY,

SH R AL ¥, 1Y, 407 4 R T R Ak,
(global average pooling, GAP) , J1:if i3 Softmax PR %IT 5
T A 8 :

WAL g )53 wiE oY g, Al gy, JEREHITHFE 1

B MR ER g, Mg, /05 Y, MY, T, K
EPAN S K T Y,

Y. =8 xffl +g, xl}z
Krf o xFonEE L,
FORM A8 3f b R 25 ] AR fiF 5044 038 38 R iE 5544
REME I /D TUAR FRAE | B8 FH R AE 22 32K B ) RN 2% > 3%
K j:l): SEAT S5 B UL SN RN RRAE 2 | AR 25 4 an 4]
5 Fim

(22)

MWAN —> ZERRMEER — BIEREER iy

K5 FREL B A4
Fig.5 Feature optimization and reconstruction

module structure diagram



- 118 - LSRR R e o

40 &

1.4 BIEMSHERGEDR
ARSCR ) AFF RS HR A #1220 V5 A% SR A8 B 45 1iF il
Bl R 7 ARG ) B AN 2 2] 5 2 YRR SRAE 52
LS AL AR EE R R 1) 1 35 L UR BE Rl R AR 454 G &1
6 7N,
e

K6 HIE AR & 251

Fig. 6 Adaptive feature fusion module structure diagram
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Fig. 8 Fault diagnosis structure process diagram
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PConv: B 1x1 K 1x1 32,64,32
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Table 3 Comparison of fault detection accuracy

on noise-injected test sets (%)
ST -2dB  -6dB  -10dB -14dB -18dB
HAIRENG  97.78  96.27  94.43 93.40 92.26
ARG 97.37 97.02  95.98 94. 09 93.18
ResNet 98.01  97.35  96.71  94.35 93. 87
WDCNNZ)  97.78  96.26  95.53 93.91 93. 11

RSBU-CS'*!  98.43
CCDFA 99. 38

98. 12 96.71 95.37 94. 25
98. 56 97. 44 96. 53 95.47
3.4 HERSEIGXT LR S AR

J T B E CCDFA B rh A A 550k, A 3Gl
REERYTH AL IXT CCDFA BRI T TS H g M AR 41T
FLARBE T AT 4 F il 52 56 48 S %t LY - 78 T A8 ) B il
2Bk DRRM AR £y 4% A CCDFA#1 ; JEASE R SE Rl | 2
% CBAM #5534 44}y CCDFA#2; JFURE I B ftlk | £ 1R
FORM #8t  fir 4 J1 CCDFA#3 ; JEA I 5Ll | 55 AFF
REH I FLAH P DF VR 4 LA A B TR) 38 18 P 45 21 1 ¢
fIE,fi 45k CCDFA#4
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Table 4 Comparison table of troubleshooting
accuracy of ablation experiments (%)
TE T -2dB  -6dB -10dB -14dB -18 dB
CCDFA#1 97. 18 95.23 93.13 92.30 90. 62
CCDFA#2 98. 18 96.72 95.90 94. 08 93. 44
CCDFA#3 97.95 97.13 95.49 95. 08 93.01
CCDFA#4 96. 48 95.55 94. 88 93. 85 93. 03
CCDFA 99. 38 98. 56 97. 44 96. 53 95.47
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