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Bearing fault identification model based on time-frequency graph
and dual channel CNN

ZHANG Zhengjun, JING Luyang, XU Weixiao, ZHAN Weixia, WANG Xiaokun
(College of Mechanical and Automotive Engineering, Qingdao University of Technology, Qingdao 266000, China)

Abstract: Aiming at the problem that it was difficult for traditional signal processing methods to extract fault features that could fully and
accurately reflect the running state of bearings from bearing vibration signals, and the amount of data collected in practical engineering was
difficult to meet the requirement of large data amount in deep learning, a bearing fault identification model based on time-frequency graph and
dual-channel convolutional neural network (CNN) was proposed. Firstly, a new objective function was constructed based on sample entropy
and kurtosis, the grey wolf optimization algorithm (GWO) was used to optimize the parameters of variational mode decomposition (VMD) ;
when the objective function reached the minimum value, the optimal parameter combination was obtained. Secondly, the optimized VMD was
used to process the bearing signal, and the obtained modal components were calculated by smoothing pseudo-Wigner Ville distribution
(SPWVD), and the time-frequency graph of the bearing was obtained by summing the calculated results. Thirdly, the continuous wavelet
transform (CWT) was used to process the original signal directly to obtain the time-frequency graph. Finally, the time-frequency graphs
obtained by the two methods were respectively used as the input of dual-channel CNN to train the network, and the features of the time-
frequency graphs were extracted by CNN and faults were classified. The experimental results show that the accuracy rate of the proposed
method is 99.29% in the bearing fault experiments, and the average accuracy rate is 99. 61% in ten experiments. Comparing with the

single-channel CNN and support vector machine (SVM) , the proposed method has higher accuracy and better stability. The results show that
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this method has the characteristics of high accuracy and strong stability in the field of bearing fault diagnosis, and can effectively diagnose

bearing faults.

Key words: time-frequency analysis; variational mode decomposition ( VMD ) ; smoothed pseudo Wigner-Ville distribution ( SPWVD ) ;

continuous wavelet transform( CWT) ; dual-channel convolutional neural network( CNN) ; grey wolf optimization algorithm (GWO)

0 35

i

IR, BlR 2 288 12 T8> ST Y HLA 3
o, HAZ RO HLIG R #8175 Ao YERRAT R
Kbt B, o b R HE AT R 12 T LA B
p=S AR

R B2 W e LI 7 YR N R IR S5 S ik
AT R P A SRR A o B 7R A R Bh AR 5 AT R 4R
FEA PS5 12 R IBCHAR 4R AE 5 WL A IR 53
T 7 % A 4 B 43 AT O 0 DR R R
Wigner Ville 437 ( Wigner Ville distribution, WVD) (7]
FESE /N AR ) 25 SR SO Wigner Ville 3 Af
(SPWVD) X WVD 5°F- s AT & A, nl A 2K
WVD #1538 IR 2 28 B0 B 25 4 1 (empirical
mode decomposition, EMD )" FI£E 1 25 46 455 25 /) fitt
(ensemble empirical mode decomposition, EEMD ) #f AJ
L 35 R AR LA AR AR E 5 e B 2B A
MRS R

{HLL MR J7 k25 ) 52 B TR 8 Ali s R0 Y
SO, AT AR TR B[R] R 2 AT AR T AR SRS
oM (VMD)

VMD g 73 fif [ it 1 —A> BAT T iRy A
(fifpr 6, JF B VMD XM B AR i etk
A VA R e S TR B S, e SRRl A4
Y255 AR R B T R AR ROR, (HAE
T T o M2 EL K B9IEHEXT VMD ZOERA TR
SR HAR AR T 8

DAREAS AR U B2 5 i die /M R H b BRI, SR HTIRIR
DLt VMD #EAT S80S, JF X VMD &b 25 15 21 )
SR AT SPWVD BB, Al LIS 2 43 B i A el
JEHH T HHE R

A N TR REH AR By W AL TR 2 ) Tk B
W N A T RIS W A, 5 B 28 ) 4% (CNN)
VE R BRI 7 2] (0 BB 53 32, H AR Jay H2 30 52 B 1) A= ) ol
2 EUGR AT L B2 A 2% | 3k — 4 s e i T RAAE
SRR 7y R B A S A

BRI S 1 R DRl B A48 K CNIN, Sl
AR AT TN B T B A HERR R VR SR AR
NUSURIH EEMD X5 5347 T [0 AR 30 ab 3 5 b 2

J5 S S A BRI Y NN HRY ke 1 M0 ik
TE BRI R I, 14 48 7 25 N1 R 58 4 A 3 1
Mt 7 A A5 20 OSSR RSO AT LA B CNN, 64T T AN ]
TN HR A RRIZ W, i T R R (e B DL 4R
HUA ]

DL 25 SRR BT A A CNN S EBURRIE A9 75
TEAE SRS T A % L R AR

LA ERFIE 208 T CNN B 3 A 6] B % 00 15 4R AF
WU A AR s (B LR A M S S A Rk 454 ) JF HL
FANZRd BT Z I EHE , LLRIIE CNN [ PERE

YT LA RSO, 283 Al R AR 3005 5 (%) B 43 5T 4
S Bt — T 5L T IR PR RS T NN (% % i i i 12
Wik,

EHEH SPWVD A FESHAL )G 9 VMD 75 3
PR 532 DA BTl A 5 5T CWT 8 330X 7
iy AR BT, I AL AE SRy 500 34 5 7 Bt 5 s P e
J7 A5 2 1 B A5 & 43 A R DG G CNN H— 43 1
BT, 70 Ao 25 00 24 v R BBCIR 1 P 8 TR J2 R AR A, LA
SERH AR AT RS W AT 55

1 ERaHwTE

1.1 THEEHE

AR MRS AT (VMD) & —Fp A & N AR 5
%o BRGS0l 2 A i, Hst
REUREAR [0 L (1) ) 5 ISR A

AR .

TG, A AR AR R,

k
mlnlw\»!.?wkl’ { z
k=1

SRy a0
JR A% L 1

}

(1)

a, [ (8(t) + #) *u, (1) ]ez‘f“’k‘

s.t.;uk =f (2)

K0, Al FHGSE ;6 (1) FAKH) 5 5 pREL 5 A1 R
B o« B SORIEIRTE S K O IMFs 1L
Hvofu, b =1{u,,u,, -, u,} 0 VMD 53 f# 15 2 1
K MEE R IMFs; (o, | = {o,,0,, 0, B IMF
B TR
SR, R AR DR RN 3 2 B 0 Tm) e A6l T



12

SRECH | 25 - 5T I B0 P - 000 1 A AR 22 19 4% ) Al A P TR A

- 1891 -

Ly n) G, 5 RS B H R ECHK |
L( %uk} ’%wk} A) =

2
+

;
a
k=1

) [ (5(t) + i) s u, (1) ]ez—_w

ﬂﬂ—iw@i+@@ﬂﬂ—§wm>

(3)
AP RIS T H G o BT T
B, T SRARAL o TRl BB ) B ALt | e Z0R T 2SR
J7 )3 -1 (alternating direction method of multipliers,
ADMM) X A5 5 AT U
HH 0+ 1A RBUE 4 Fup ! opt FAT
o, HERknr

flw) =Y u'(w) +A1"2
i<k

1 +2a(w - w})?

S+l
w, (w) =

(4)

*® n+l 2

f ol u" ()l do
n+1 0
w, =

- ® o Dasl 2 (5>
[71 (o) 120

7 (0) = 1 0) +7((0) - 3 i (o)

(6)

Arr WAL 0 (o) ,0 flo) A" (o) N5
SR ul (@) 0 (@) flw) T A" (@) FE A

VMD 83k 0 FEZEACR L R AT

D a) ), fop 1A

2 n=n+1,HEATER, H n B ARUEL

3N EH u,,0,,1;

HERA(4) ~(9), HENWE L ER4F 15K
,fq:,EI]:

¥ ”ﬁﬁ;ﬁ”§<€ N
e H BB RSB
VMD BIBCRZSHK B o BB, DR 75 B0
IRIPALSE L (GWO) X ST
GWO SR TR BRI IO RS0, 2 MR
(Canis) HIFPREAEHD LGSR R 150 %
MOISE, 5 HATER % U ST EAT L, GWO £ 7%
2] ORI S BORIHL 5 > R P DAL UL A B
UPAPRCR . GWO RSBy ST TR 2 08
b T L L et R e L R/ (8 S A
SO i BE SR, I FLAT I S B SR ARG 7

it

X TARARTAZ: 1 H AR R, HEAS R (sample entropy
SampEn ) 72— W I8 [8] 2 91 52 A J32 A0 B 1, 0
I [ P ) AR P 2 BN BE 75, A ) T X0 e
FRIEEATHREC

U B (kurtosis , KU ) /2 — A Jo i 20 2 50, %k
IR RN Ry i 4 A B NS R Ty RS O o v O i
PRBNF 5 v it L3 DA B i £ 5L 22 I, g 2
(ERE NS

PRI, 2B 55 P B A, M b R ERE AR IR
U B8P ( kurtosis sample entropy , KUSE) :
min, SampEn(m ,r,N)

KU
KU 0 BT B2 03 e Ui B e R A

Horp . SampEn = —1In [B;:(ir) ]o

TEHA A R b, H AR ek Bk 2 fe/ME I AT 2R 15
RIS EAS
1.2 FiBf4 Wigner Ville 7%

Wigner Ville 7345 (WVD) /£ R Cohen AUk M it
A R — o3 A, LS B 1R 5 i RE 20
A TRCFTN . BRI PR G, A
TR T T 2 A5 5 4 5 i, 2352 3 38 SCT R Y
SO, PR AT /s 22 U A 1 WVD 4 E e itk
M EZHR,

P £h Wigner Ville 5347 (SPWVD) (14 5 51 5 J&
A5 P SR 58 73 5310 %015 5 2R A I 7 Ak B 38 20
VRV A RO T PRI Sk i T e
SN

PSPW\’[)(t’f) = fi: ji: g(u)h(T)Z(—u+%T)x*

KUSE =

(8)

(t Cw o ;—T)e’ﬂ“ﬁdudT (9)

K eg(u) b (r) APIAMETE REL

IR, 235 AN ] 453 475 20 28 4 B R A5 520 3l i A
P2 BARPEAL I AL 73RS 7% (GWO - VMD ) 7, LA
AT K ARSI P00 R A 2 54T SPWVD
T KA R BEAT R — AR 2 T 1) 200, LAREARAS 5
ANRESE M 5 d i i — 2P AR S SO -8 , LA 20
14 e 43 BER YRR
1.3 EZNETHR

AN B B ) A PR B 5 I A R )
AR AR EE A BLIT A5 6 (FT) 0 1 — Ak, LA 3
(RO YR



- 1892 - L H

T i %40 5

JINE PR — OB AN

IIfubz—lp(‘ bja beR,a>0 (10)
’ /\/E a

XA —BEHLE 5
A4 (CWT) 2k 20N .

CWT(a,b) = (f(1),¥,,(1)) =

BRI, R IV A i 2 /NI

() (11)
L W) Sk W) B SEE PR
FELE/NJR S e (CWT) BT LUK IR AR 15 5 M 2

8 B AT | L8 TR R 5 A6 I 2 15 5 78 I Al 1 05—
R, CWT Bl ME5 Bt b I EHR , 320w
HRBW A NHA
AL ZE A Morlet /NEAE R /INEE BRI CWT, H
of T AR AT 5 B IR S B e

2 SPREER %K

2.1 ZHBRMEME

G A MR —Fh 2 g2 M2 ALY
HEAJZ BHE iz, éﬁ%}:’&%tﬂ}gﬁbj‘c
CNN 25 H T b 3 A — 4808 1 A R TE &
FHAIEFRAMES . CNN A 32 B4 S0 P Ty i ( 1‘1
LIRS AL ) |, X A B R R A A AL B A Ch
T MG T AL Y

X T EANFRIE LG, 5 S i B R R s ) 4
TR g ABEA TS B s AR  FE G RES SRh in A —
A I 5 B J , LTS R AR

HABER Rk A 0E SN

= f( ,ZM?“F x ki, + b)) (12)

Arfrow) AR R | AR IE B AR
(1=1) 25 i AN ARAOE B kR X 0 i 45 A%
SO B R, B R T R PREUE: tangent , ReLU 1
sigmoid PRE o

N CNN S EECRE | 7] — R AE 18] 1 45 A1
AL AR A A ) A 8 T RSB AUZ B
JIn—A~ K AL )2 (max-pooling ) , F1 FHF R AL #AE A=
AR 3 BEAR B RRIE A

Max-pooling & AN

X =max (! ;a<a' <a+p,b<b <b+p) (13)
Hfroa" 2" i max-pooling #EAEHTJE 55 i AHFFAE K
H (a, b) R p WAL S BB 2P IR KN, p R
T1,

AL Z 0N 1 i A RRAE B A R0 ) R T
FHIEBRIN AR, B8 R T REEEOR , i CNN
SRR LD R — MR E R — 4
ER, EEREPRE N ZIUIER R RS —4
WAL= P P R T

SEF PRI 00 = GURE 1 D a2 B0 %
N5 SRJEHE L CNN RS B TR0 i 114 5 e 1 T /M
PO PREIORT 25 0 S80I W, b} (AR [n] 5 R 25 ) i
ATl S TN iy 5 E bR e Z R 22
LI

(Wbt~ (14)

= :’:11"gminw‘bt % gj(t,y)
K wobt " RS IS EG n I ERRICAEAR 15K
i AR R,

WA B3 R FH B ) A5 455 86 o) I 2% 1A T 56 T
}"" II/“FX-LJ”é/i]:

2.2 CNN &#r0igit

AlexNet £5 5 = g 25 $ CNN BRI 2 — AR o5
(DR

1) 7] LIXTECE 75K TmageNet EYLBEAT Y1145, {8
ReLU 1E A0 pR AL, Mtk 1 I 45 S5 48 B TR I sigmoid
YA JEE A L )

2) Dropout 7E Il Z5it F2 AL Z W85 434 2850, Ik
T TCZ [ B A A LIS W G R

3) 7E CNN A i HE & fi KO AL)Z 455 T 4E
TR = B R A 1 34t Ak )2 ORI R

4) HNL T R 2T S s L DR
RNz AR ) . LR EEF4L4E 5 DMEFUZH 3 4
HEZ

2 P {4 XL 1A
iAol L G

WU I8 5 AR PR 2 I 25 25 s R AN 1 BT

~|~m} e

E1 WEESREEMEENTEE

Fig. 1 Schematic diagram of dual channel convolutional

CNN FEHIZE AleXNet (945

neural network

XUE TR 22 W 25 BRI ZHn 1 s



12

SRECH | 25 - 5T I B0 P - 000 1 A AR 22 19 4% ) Al A P TR A

- 1893 -

F1 WEBEBHEMEZERSH

Table 1 Two-channel neural network model parameters
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Table 3 VMD parameters corresponding to different fault types
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Fig. 6 Training process accuracy rate and loss value
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