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Bearing fault detection of fruit puree packing machine based on

multi-channel depth residual graph neural network

YAN Shengli' FU Hui® LI Hao'

(1. Guang'an Vocational and Technical College, Guang'an, Sichuan 638000, China; 2. School of Automation and
Electrical Engineering, Lanzhou University of Technology, Lanzhou, Gansu 730050, China)

Abstract: [ Objective] To address the issue of bearing failure in fruit puree packaging machines operating in complex work environments.
[Methods] This study proposes a method of bearing fault detection of fruit puree packing machine based on multi-channel depth residual
graph neural network. First, it uses the Cmor wavelet to complete signal preprocessing, and converts the original one-dimensional bearing
fault signal samples into two-dimensional time-frequency graph signals. Second, the study designs the multi-channel feature extraction
module, which reduces the number of parameters and enhances the data interaction between each channel, so as to effectively extract the
two-dimensional time-frequency spectrum information of the bearing fault signal of the fruit puree packaging machine. Third, it proposes
the residual graph neural network to fully learn the bearing fault characteristics from the two-dimensional time-frequency domain data of the
bearing fault signal of the fruit puree packaging machine. Finally, the study completes the sample classification of faulty bearings by using
the bearing fault classification part. The accuracy, visualization, experimental comparison, and performance analysis under variable
conditions and noise are conducted on the proposed method and the comparison method. [ Results] The overall bearing fault accuracy of the
proposed method reaches 96.95%, which is higher than 86.43% of WSVMD-net and 91.9% of OSCFD-net. When the signal-to-noise ratio
(SNR) decreases from 12 to — 4 dB, the bearing fault diagnosis rate of the proposed method only decreases from 95.24% to 91.35%.
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[Conclusion] Compared with WSVMD-net and OSCFD-net, the proposed method is more suitable for variable conditions and noisy

environment, obtaining higher accuracy and lower loss value.

Keywords: bearing; wavelet; time-frequency spectrum; graph neural network; variable condition

RV BN R i 0 R TIREN
— A, TR TR A RO REAR X N A O, 3R AT T A
g | = U KT sl L (E 7Y [ = R S SR S =R g D
B PE A 7= 1 B BT IR T L 7E R B b B X L R AR
Ty, DT 0 O B SR R 11 W] SR S e B AT T R
EFHURIE AL, il 7R 2 b 1 2R U8 60 e L 1) OC B R B A, g sk
B 5] R Z TR R AN B T, A DR IE A AR R AR
PR R R R B R ARG Y

[ P9 Ak 2 3 B 6 il R R 2 I R AT TR DG AT Y
Zhow 55 ¥HR T — R SRS W 0 B AR A Y AT
3 AT SE RN R | A 23 A Rl A D R L AR R
Kuang 55T % 7 — By 47 J5 0 #E 9 T8 36 Bkl R R AL
IE 531 T I8 57 B 3l I AR Sk g B 20 L DA SE AT
TR SRR B EE AL  IME R SRR T R R T 20
A 285 70 i 7 V6 ANV Sk R A 8 (] DS ASE AR el R A
O7 1, 2 B RSy i TR b R B9 AR S ARE S i R 2
AR S B X A% A A g TR %7
T RE A ORI VR Sl R IR 5 P RS VR T Ot B R S
RSO R O iR, I T T 8 (728 )3 B 25 R 22 25 i
A6 T Al 7 LT R 20T R RS N AT 2 IR B 1R 5
15 7R TS B IR S K o5 Tiang S5 SR YT — Bl EE TN S AT
RS 1] 2 AL 09 22 a5 BE AGL I 9 4% (wavelet analysis and
support vector machine multipoint fault detection network,
WSVMD-net) , WSVMD-net & H & # ) SVM (support
vector machine, SVM) & £% iff 17 U1 5 , I 45 - 1 i i o
Al RO H Sl AL HEAT SR AT, %) i R R 3 2R R B
Chen ZEPHR T — Bl 3 T 4R 8l 5 5 19 A8 2 Pk AE $2 A
B R RIS W5 vk % 5 R I U E B T AR R &2
U8 Ve T T AR Bl AR GR AL L SR DA U1 T e A BBOA A
B IR 5 Thang S5UOH 1 T R 1 — 4 I BUAE 5 19 B AR
W B 2 Wi M %% (one-dimensional time domain signal
convolution fault diagnosis network, OSCFD-net) , i% J5 ¥%
At 2l 52 WA 27 2 SR A0 5 HL Rl R B 2 1, O B 1
SRR AR [ 3 N g

W RSB AT L gy B 20 T B R R A
MR MR 75 A - R B R 3% S 45 5, SR T, S5 LR AR 3R 8
VI SOk R S RS E | S d R I E [ o
f, I B K MRS R T s e A, B 2 T 4
o 25 114 il 7 G 132 W 0 R TR BE AR AR 1 8 ) A RR L fi
A5 B 1 R AR A R4 T o Bk L TR R B SR

JH Cmor /)N 8 1 b 3R 114 5 200 5 U A0 258 BL Sl R 3% 2 15 5
HEATHG ¥, 38 3 22 [ UR AR 2 A 1R 28 I 246 o R T
B ML R B 2 T
1 FEAREPE
1.1 RiEGENEHASHT

T v SRR A e BILAE 7 R S TR R SR
B A0 0 I, R RS i 14 h L[, B0 b AT 48 100 48 42
FE - NN DNl R N N T8 )
e HLAE AR 1 AR Ry A K ARG T R I I AR A
W SR R SHURZEL, B a5 HL %
R Gy 7 A 95 B 6l A ) L SRR AL SR LI R 2 R H
RN K , B ALHE AR LN B AR Bl ik 3 AR Ay, A 1
B

Bl RERaE

Figure 1  Fruit puree packaging machine
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Figure 2 Time-frequency domain analytical model under wavelet transform
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Figure 3  Graph neural network model
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Figure 4 Residual structure

4

s

B &

e

iTES
Frequency/kHz

0 2 4 6 8 10 12 14 16
i i)

Time/s
BS5 4550 pis

Figure 5 Signal preprocessing module
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Figure 6 Multi-channel depth feature extraction module
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Figure 7 Residual graph neural network model
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Figure 8 Bearing fault classification section
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channel depth residual graph neural network

Ao, R 978 100 2% R T 10 i R 8 2 DT LA R 1Y
B o EFxt 86 Jr vk  SCHRI8TAN SCHR [ 107+ ) Jy s 26728 15
S F T SR (0 45 bk B 1 L AT IS W E AT . ARl 1L T
T, R8T Tk B R IR 12 DR A % H O Sk (810 3¢
k(1017 AY O 3, B s 1 1T 3K 96.72% B AR M 91.16%,
96 7 5 0 W 3RS S /N T SR 811 STk [10] 70 Y
J7 i, 3% Sk ph T Ak 25 TR AL i 20 IR 45 A D i R AE 2 ST 3
HE F0 5327 2 il AR L R

op

£ o tR%

£ ofR%2
&é‘oﬁ%Z»
m o E4 : i

o

=

F

A

dimensio®

The fist
(b) I3ZRhREEREA

B 10 #isHARFsLH 5 TANLER

Figure 10 Visualized results of initial samples and classification section

3.3.2 MR R AT ESRE T HE Y
FELEME T DR, W 5 3 36 T 0k R A 3 I il R 7 IR PR
PRSI R A EEE L R R 2 IR
25 TP ot 2 ) 4 1 0 M M R A MR AR AR R 5 | AR R A
S E TR A M AR R e L= (8)
Ji7R

S=10x1g(P,/P.), (8)

A

S— 1S HEMIL,dB;

P— 55 AR, W;

P——ME I TR, W,

LT 7R R0HE 4 HR 75% T 25% FY I A A 4 40 1) A
IR A R IR A, I 40 Al A (S e Ry — 4,0, 4,8,
12 dB 1Y PR P12 9 AN T 45 M LU T ) il 2 i 12 T o
W, Y SR L 12 dB TR 2 —4 dB I, 32l 56 J7 15 110 il
AR 2 W R AL 95.24% T [ = 91.35%, 16 {5 W L ok
—4 dB Y MR IR B IR 50 Oy ik ) B AR Y il R
WO 2 W T 3R, LT AR B AT, 33K S o R R 4 I



F&M | Vol.42, No.3

Pl i 5 SCHERSIH AY Jr i B SCRR[10]H /Y Jr i

100 Ty 0
90 1 i ! 0 ’
o1k a2 ke o e bk
oS collE IEE B R TR
e R e e e e e
g: 50 THE Al o sl Un i W inE . 3"
Sl R R el B
‘}: 307 ll o T il 'l 'l i ll o T
>0lMH 'I g 'I i I= il
ol i DB e A 'I Wt e A
ol i [l R e Tl A o (31 K
M-N M-H N-G G-M G-H  H-N
M-G N-M N-H G-N H-M H-G
LBLES
Types of working conditions
B 11 & T U4 T & & AR B 51 O A
Figure 11 Fault diagnosis accuracy of various bearing
under variable conditions
BT BR8P AT B SCHER[10]H A U7
1001
G5 . B 7
1= o i
i | EH
o ac i A
=N i ;:- |
[P AmEE lm
= g Mo ol
= ] i ]
@ g o ¢l
=2 ol o i
< | F";- Fad
|l | i
] ﬁ- Fad
] | |l
g B S A
-4 0 4 8 12 16
R

Signal to noise ratio/dB
B 12 RFAS5RL T 0 S R SR 3 07 A
Figure 12 Bearing fault diagnosis accuracy at different
SNRs

A3 3R T 2% R BCHE 32 B Re A AR TR K R A S
U A B . T3 Ah, SCHR 8RN SCHk[10]Hh 1Y Tk AE
R MR LA AL B I B BU T, il R e 9 12 T v A 5 ) R AR
W 2 v IR0 ik (R B R AR TR 86 vk
34 EEMEESW

W 13 7w , # % T OSCFD-net il WSVMD-net, £
P R ik 2 TR TR o 2 T 4% T A A/ AL UCBGR B AR E HL
A8 e ) Tl R R A2 BT HE A % 5 O SCFD-net Y il K B b 12
W 4 7 2R R T WSVMD-net, {HL B 25 $Hb U 8 388 i, 3
LW HE R AR R I3

W& 14 75, # %t F OSCFD-net il WSVMD-net, %
B VR % 2 AR TR b 2 I 0% 11 480 K (i BRI e St £ 5k
- Fa 0 B AR P s WSVMD-net 19 2% {5 AR W T
OSCFD-net B I% , {H 45 2 18 119 ih £k 3 sl PR R .
4 HiR

T 5% 9T 41 1) 2 B TR 2 Ak 2 T8 TR b 22 W) 46 g I 2k iy
TROPE A RO 52 B0 5% 4 TR AR A0 43 B, 0T BB A A0S AR T
F A AVE MR TR BB o A, 5 A S HE 1 R A2 T T 1

RS SBRREREDEHEMNE TR G EIHREEL

100
901
801
® 70
2 601
EE s50;
£ a0t
< 301 Ry L OWRES
20l -+~ OSCFD-net
10 -+ WSVMD-net
00 6 12 18 24 30 36 42 48 54 60
E[1R7¢
Batch
B 13 ARk it

Figure 13 Process of accuracy change with batches
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