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(School of Mechanical Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

[ Abstract ]
Based on this, the symplectic geometric mode decomposition was improved and the ResNeXt neural network was optimized, and then a

Signal processing and deep learning are often combined to achieve better diagnostic results in the field of fault diagnosis.

gearbox fault diagnosis model was proposed based on the combination of optimized symplectic geometric mode decomposition and
ResNeXt neural network was improved. Firstly, the collected vibration signals were filtered and reconstructed by optimized symplectic
geometric mode decomposition to obtain the effective components. Then it was sent to the improved ResNeXt neural network for fault
recognition and classification. The rolling bearing variable condition data from the University of Ottawa was used to verify the feasibility
of the model. The gearbox data from drivetrain dynamics simula ( DDS) was used for contrast experiment and anti-noise experiment,
which verified the effectiveness of changes and the generalization of the model.

[ Keywords] symplectic geometry mode decomposition; signal processing; ResNeXt; fault diagnosis

VR A LA P AR A 2 — | 1 e AR T 2% 26 AL
M A AR R AN AR R SRR T
FEAR BN S 5 IR WORS A 2 5, kel
AN A5 R AL A5 AN AR (5], 3o 7 X6 147 56 4 41k 3
S AT RAE AL BE I3 B | BE I X 2 A7 AR B0
HA B AT RE

4 #5 B 9 .2024-05-15 f&17 H #§:2024-08-01
BEEWA . EXKARPES (12272243) s LA BT R &

T BEIS W 7 vk B2 3 8 SRR Tk |
SETF R0 Y T vk RN 3 B0 9K 3h 5 O kY
ST ARSI 7 1k AT 20 43 R A 5 A 3B O vk
N2t % B2 43 f# ( empirical mode decomposition ,
EMD) |78 43 #5225 77 i ( variational mode decomposi-
tion, VMD) %5 ; LR TR RET VA , UnAS M 22 k) 245

BB I (21567622 H) ;£ LRI R 2A 18795 H (YC202430)

E—1EF . IR (1997—) 3 DUE LA REN BB sE A . BE5E 771 ML R GE R R . E-mail :1300180322@ qq. com,,
CEEEE . MAT(1972—) 53 DUS G N E B0R . D55 1 ML RSS2 T . E-mail :13931131098@ 139. com,,

¥ M HE - www. stae. com. cn



2025,25(7)

HRO L, 55 Al T LTRSS 43 B B0HE ResNeXt 122 2% (1 D S8 AR BB 12 KT 7 1k 2793

( convolution neural network, CNN) . X P FhJ7 vk
WASA R ZESR UM ME R 2 00 W] B 58 5 A 1Y
AP T L S VA R R O i
P55 5 %, Wi B 5 R £ BUIR 3, 42 1 T —Fh
EMD A7 SH{E 5 FI CNN AHZS & (1 0B 12 W 7 12
BEREHE S 4R —FP I T VMD K BSR4 5 5
CNN &S 0 2 AL I8 5 R S B2 W 5 1% Ak ok
TIRERRRSNE T AP AR AR H 5 =2 s T
LAY R, AFUIRAES 42— A5 S R3S 4 i R
FEOLATE TR R B 28 I 268 AH 45 5 00 14 48 i e 12
Wi, vl 75 T e 2 e, H R A
B R O HER 3

TE A (5 5 A3 )y 2 i Skt b W v e R
T JLA A S 43 % ( symplectic geometry mode de-
composition, SGMD) , I Ho i H] 2 47 A2 147 5 46 A9
WS W b RS T RAFRCR . ZOT B RE RS IR
BRI AR, B RO 45 520 i RE ) 5 1
FE R (B AR A 1 AR ALk o A )RR
TN NV E B S I ST i, B4R
AL SGMD, iZJ7 TR A SGMD B EAk 1A
JER R AP 5 Sy ik M R LL LA, R T AR S
SCGMDAFAERY i Al R, e a1, #E— 20 5 i
flifk SGMD 5 tik ResNeXt #1128 B 45 H145 & 14 i 46
S EIZ W SR 3N {5 5 2001k SGMD fifi 145 5]
G5 AR/, 2 J5 W HGE A MBS ResNeXt #ff
2o 288 58 U 32

1 tHxEE

1.1 RAFEILAESS R

11,1 FIUTE S >
RGBT EEI R x = (a2, 0,1

Hrpn BG5BT RS K B, MK Takens #8 A

SEBL N o PEAT AR A ) F A AR BN BB R X, /)

X1 Xy Xle(i-1)y
X — X) x2+y x2+(1—l)y (1>
xm, xm+‘y o xm+(l—l)‘y
:—Et(l) ':F': Y y‘jﬁlﬁ‘ﬁﬂ‘ﬁﬂ;l ﬂaﬁ“x/\é’ﬁﬁ, m =n —
(t - 1>y o

XX AT HAHC TR R BT 2 A =
X'X, #4145 2 0 % 05 BF ( Hamiltonian ma-
trix ) M, Bl

A" 0 ]
0 -A"
W = M SR IESCHRE Q AFAE

M= (2)

T S R
owe = [ ] (3)
2 (3) R WM PR S ST R0 RIS S
Kb =R, AR S BREE R A,
Ay A, o

M T Q HLAGF A M 0 R M | e 78 R B 1Y) 4
P FFAN 2 DR P A 46 T e A S AR i e 4 it
PR BT AT 0, HE R A PRRIEE o, 5HFE S AFE
MEEMAEE R R o, = /A (i =1,2,1) , Ho,
YR ARFIE RN Q. (i = 1,2, ,1) o KAFHE(H
o, S¥HEmE Q, FEIFHEY E it 0, S X
AR RES, = 0/X" (i = 1,2,---,1) , T35
HAGHBIEF Z = Z, + Z, + - + Z, ,Joh o AR
Z, =0S8(i=1.2,-,1),

XF 4t R R A - B A B R A o K R
n W E P51, 58 Lo B Z, % NTE RN 2,
(Isi<t,1<j<sm),%t" = min(m,t),m" =
max(m,t) ,LINAFTEn = m + (¢ = 1)y XHAFY
A A Ch

k
1 .
IZZM‘P” ) 1<k <t
p=1
1 <
— * * *
Yi = Fzzp,k—p+l ’ ! <k <m
p=1
1 n-m* +1
*
" Z Z s <k<n
17:

h=m* +1
(4)

iﬁ(4)¢:%m<t,ﬁlﬂz; =z, ,%m?t,lﬂﬂz; =z,

H(4) B —1H5, T8 — 4K B R n BRT
BFFN Y, = (y,,0,,,y,) , TRIBLL A BN i
FERERRIT R I A 159 31 ¢ Rl T8 8 RS
WERERE Y, AT BRI G L Y = Y, +
Y, +-+Y,
112 RALFTATES 5

TEJRA SGMD Jr ik i 36 At I, AR X5 A B IR
FE 55 W L B0 X 15 2 (W) 4R = JUA] 43 i iF — 2P
AbEE

SRR IR GESPIN O S SN =3 € LD BFN
HATE I E A, UK AR DL B v Y o i E AT 4
A B BRI R G 2 E A 2R KA
MO I o Y, BAE— DN REP L s, =
(Y,) AN Y IIREES S = (s51,5,,5,) o
fdt P30T B IR S ARG K p KU SR A AN TR 26 rhls
[ AR DG, AR

63 &
1

- 5
n(n* -1) )

p=1

¥ M HE . www. stae. com. cn



B2 R
2794 Science Technology and Engineering

5 T
2025,25(7)

R(5) 1. p WETEIRZ R d, WEBEIENADRE
HUC B AIRRIR 22 . $r KR 8 RBOHOR, AN R 2B 1Y
FEALL S B 5

HEARBLRE fe R P RZE (s,,5,) BIF R s,
(e g5 - HF Bz 1) = JUA] 3 i, 5 0T J5 B i R 2k
EEMNS = (57,8, ,8,,) , F I 435 55 15 K
Y=Y +Y,+-+Y,_, , EE LIREAE, ERRE
AR p W IEE I, S BRI IL o
N

Y=Y +Y,++Y, (6)

PG5 Lo 2 2%, T X H kA T 7 16 b 3L P
AT SLBRAE . A SO aE o i HIAE R L RIS X 2R
UM o3 B EAT 40 23, D PP A BB HE A DG P 5 1Y)
i, WIRENGES B EFIIN v = {5,
x, b FSHT m AN LA 2 A A3 ek 1] 09 15 M L e
Ly

2
SNR,, = 10lg——=— (7)
RSN

i=1

t=1
24 SNR,, - SNR,,,, > 0 A, Ibhf m 5 k{5543

BB AR Y = XY, KA R LT

A,
1.2 i ResNeXt HZ M4
1.2.1 ResNeXt #F2Z W

EMZH Xie 251 F 2017 4RI, HESET
Inception M1 22 43 3 45 44 1) 43 )-8 -2 5 JEAR
558 22 4% (ResNet ) 1Y J2 18] 5% 22 Bk % AR, M)
Kl EE 2 ML I R, A ST
BRI B AR 208 1 IR 07 AR S &, 7E R 2 ™)
2 it FHAS [R) RS 1 48 FRAZ S B B R AR AE , I 7E A
JEEATEME Y- T T AR R ) 5 R A T2
)% 22 Bk 3% , 51 A BT 5 5 B, S 1 BRI k.
ResNeXt 4% 500 DLk Bk e ol

y = x + Z}Ti(x) (8)
K (8) o AL,y M AR ; T, WIFT X
i, HEA R R 40 F 254, 23 00 AT ] A A R4
Y55 G 3B A, S0P 6 =32,

i FAE ] T 5% 22 4574, ResNeXt W 2% Boc ik T
AN i H e 0 4 B S AP 22 7 . Y ZE A )
B ] FHEEAL (shorteut) ELEEAR N, 24 4 B N ] i 75
XFHALET 1 x 1 BT IREE B ResNeXt [0 2% L
TCAEAE PRI S5 . BPE SR e Saocn &l 1 R, DL

WU BTN 2 s

i \x
|

CONV1 +BN
1x1 CI

relu

CONV2 +BN
3x3 C2

CONV2 +BN
3x3 C2

G324

CONV2 +BN
3x3 C2

T(x)
Concatenate

ity

BT AEARBR FI0
Fig. 1 ldentity mapping unit

X

Y
CONVI1 +BN
=1 Cl

‘CONV2 +BN

CONV2 +BN
3x3 C2

3x3 C2

FitG=324

CONV2 +BN
3x3 C2

T(x)
Concatenate
relu

CONV +BN
CONV3 +BN 1x1 C3
1x1 C3

ity
B2 SR IT

Fig. 2 Projection mapping unit

1.2.2  ECA =& /AUl

Wang SRR T — R U RO T T
71 (efficient channel attention, ECA) #  nE 3 fir
TN SRR O T A B A O AT T 2 Y i
SEH. AR R A [R) e Gk 2 AR TR A A 2
TEARST R € x H x W BJRHEIE S ECA B 5
{1 P 42 Jm) - AL 35V R 5 5 BRVRRAIE, 71 1A 445 17 B
EBBRERAT b, ZJ5 34T — e A, i it
Sigmoid PRELHA T IE B 15,

ECA Bl i F 18 Wk 9% — 48 AU RT, L
W ) B A T A T A R, A R R S
RBAFAEIE LR, TERIEAEEL C B2 nfEN T,

¥ M HE - www. stae. com. cn



2025,25(7)

RO, A5 oA T LA RS 23k SO ResNeXt #2225 (4 T SE AR BB i2 IR 7 1k 2795

F & R 2
BRBR T
k=5

1x1xC

1x1xC

K13 ECA Bitkaity
Fig. 3 The structure of ECA module

LI 3 E —AEE BT | o

log, C
k=p(C) = |82, 0 (9)
Y Y load
1.2.3 2t ResNeXt M % 351,

TEJA ResNeXt ML LAl Fxd Hb T T
AT IREE  JREEIFAT S A B RST, fR RS 32
AT M 3 x3 G5 R 1 x 1.3 x3.5%x5.7 x7
258 A, B T AR BN ) 5 R AE W BT R
A ECA FE Y 32T T M RIURRE(S B RE
J1, BRI WML BROTES R s 4 /S iR

2 RBIZERHE T
FETFAL SGMD 5 ResNeXt #1242 0 45

G,=8

BES W R ZS A IE 6 FIiw
HERIRENE S HEAT AR AL AL B, B FER ] B
IEUIbR AL 77 Ak BE SR H , Fik 0N

y = larctan(ﬁx)
T

K (10) H:x N IEIREE 5 y W AR EILAL B %L
s 0 AT SE, M5y e [-1,1] .

X AR EAL AL B 5 1 8 #E AT 0 AE SGMD 3 fif |
HA e 1A RE TUT A i, o Lk AR &
M2, M 2= — N lRiEE 64 BRI ST 7 x7
FIBFUZ 58 2N RSE 3 x3 il Ribib)2, T
K2 2 14> Stage , B Stage £ 55 — 4~ 1H SE ML ST BT
M—DBEEWS 0, TEEA Stage Z AN T 2
B0 11y Dropout 2, LA IR AR & A A B
Ko BTG AR JE B A VR AT R 4
EAE 28 Softmax 432 | 58 BRI T

3 SWWIESSH

3.1 HEEEFESXS

A S RS BT R PR BE R R AR AR
SR A T o0 S AT ik, Bl S Spec-
traQuest HILA K B A HUL 88 SR AR5 3] XL &
BLAC BRENZS ST AR BT RARFOAR, 50

(10)

G=8

L J

CONV2 +BN [ CONV2 +BN|CONV2 +BN|...| CONV2 +BN
11 C2 1x1 C2 3x3 C2

CONV2 +BN’“,‘ CONV2 +BN|CONV2 +BN],,,[C0NV2 +BN

5x5 C2 5x5 C2 7x7 C2 7x7 C2

Concatenate

ECA
TER AL

4 Pk ResNeXt fHAF MG BT
Fig. 4 Identity mapping unit in improved ResNeXt neural network

Mk . www. stae. com. cn



B oA 5 TR

2796 Science Technology and Engineering 2025,25(7)
HIN
\
CONV1 +BN
1x1 C1
relu
G,=8 G=8 G,=8 68
CONV2 +BN || cONV2 +BN| cONV2 +BN|.__[cOoNV2 +BN|conv2 +BN].._ [ coNv2 +BN[coNv2 +BN|._ [ cONV2 +BN
Ix1 C2 =1 C2 3x3 C2 3x3 C2 5x5 C2 5x5 C2 7x7 C2 7x7 C2
Concatenate +
relu Y
CONV +BN
CONV3 +BN Ix1 C3
1<1 C3
Add ()
relu
L
K5 Bl ResNeXt B2 HLGT B0
Fig. 5 Projection mapping unit in improved ResNeXt neural network
. KRN ER16K BRI R , 5B A2 A7 3 Ak R A1
A D N » e
(55 — LEIH NN I e/l N S s P N S P 2 I B
1 0.1 FETHIEUR YHUR e sE S T 4 BRI, SR AR
- ‘ FESIR A 200 kHz,
FREAL BRS04 3 b A0, B R
Stage2 s N y >, N —
I PO RET BT T 00, 418 10 A5, XM AR 0 ~
— = E N vy 0, Jirbhias o HIEH AL, Bt MR AR
LAESGMD - N N N ST N
IR O et ety 9 350, HERHE 1 45 1 M DIRAE 5 RS 454+
C3=2048 AEA 1600 DEE L, BARFEMNE 1 R,
el AU Tensorflow2. 7. 0 YHE T HERL,
FRZE R EAY C1=512 JETOCE ST N 22 0.
NI R {8 Python ﬁi{jn 5, TEVLECE M : Intel FEE 19
C3=1024 GRCSI(Z:QE?)M 13980HX CPU, 54}k GeForce RTX 4070GPU 2.k,
— Sagel C3=2 048 16 GB Nf#, ’ » ‘
e - 1 BAEAZHEEEE
Table 1 Setting of university of Ottawa datasets
ey Maxpool Dropout PR R T VB R e WA A S
qbE 3x35=2 0.1 0 Th# 280 70
X TR 280 70
HhRSHE -
2 o 280 70
JEH/S 2 LR Slobal Gt
77 64 §=2 verage ; R 250 20
£ ’ . il ik 280 70
v AR N -
B & R 5 . 280 70
IR Softmax Jei D
4 I
i 8 280 70
6 BETHLAL SGMD Sk ResNeXt ) B ISIT ALY h U T "
Fig. 6 Fault diagnosis model based on the combination of JE
optimized SGMD and improved ResNeXt neural network 9 IEH Ik 280 70

¥ M HE - www. stae. com. cn



2025,25(7)

RO, A5 oA T LA RS 23k SO ResNeXt #2225 (4 T SE AR BB i2 IR 7 1k 2797

AR S R Adam 1L B, KNG E N
0.000 1, AFAtAab P& R 32, BEARKECH 50,
3.2 ki SGMD fFiEHE

WREhfs 5 2 fk SCMD 4> F 4 Tk )5 4
B A B e 5 HAb i, R IR M5 S aniE 7 B
7N, Ga Vi VR J5 A RO 5 At 5 oAt 43 B 43 S an & 8
5K 9 Ao, W b & 3R, AR # HoAl 242, G S0
Ko EiEEE R, BEIERREEL,

4
= 0.05
Jiczo 0
41z —0.05 ) )
1

fio .
0 0.25 05 0.75
it l/s

K7 sRESIOER

Fig. 7 Waveform of original signal

2 oo
® O
4z —0.01 ) ) )
0 0.025 0.05 0.075 0.1
it /s
(a4 &kl
o
= y 1o 4 A, 8
L ' vIiIr
® oooas [T T
0.025 0.03 0,075 0.1
i /s
(b)sr 42

K8 AR R F PR A

Fig. 8 Waveform of effective correlation component signal

E 0.05}
® 0
gz —0.05p ) ) )
0 0.025 0.05 0.075 0.1
it /s
(a)5 &1
po
1= 0
ﬂ; ~0.025k : : .
= 0 0.025 0.05 0.075 0.1
i /s
(b)4y 2

K9 HAhr 5= OB A

Fig. 9 Waveform of other component signal

3.3 ZHWHER

WEESEUNGIE , WX 1R R S R
AU 10 11 FroR . Bl RAE A ELZE AN 10
UCEAR A T IR BB 1 o A 3835 31 99. 71%
PURAEACT 0. 01, ZAE AL BRI AL 5 AL b iy 2 ARIR
BAETT 3G S B H AR, T-SNE ( t-distributed
stochastic neighbor embedding ) %15 /& —Fh F T2 4l
o AEBSCHE AR LM R A B 12, RE S AR A o v 2 KK
P 2] — 2 8], SR AT T-SNE 532 X A6 5 11 2k
B 0 o AT FRAE AT A4 oA, 25 R AN TR 12 (18 13
Jrrs o TR AL TR LIRS i B R B 2848 SC
PR BRI LRSS , T 2RAE DR , SRR T M 1

100} mzmee
90+ ,,',
i
= 8or |
N |
5 H
70t |t
i
60 l
— R
---JiRER
50ty . . \ , .
0 10 20 30 40 50
IERIEL
Bl 10  S32eHERR
Fig. 10  Classification accuracy
— I
---- JihikdR
20 30 40 30
IEARIREL
SRV ES PR
Fig. 11  Classification loss
60F
40}
20r
= 0
00
2
4
—40F o 3
a6
60} oy
v 9

D
(=}

0 20 40

P12 IR T RS

Fig. 12 Feature visualization before training

3.4 TITRFHTHBEILDEH
3.4.1 %BA%

eI B I A% Sl B 12 Wi 255 92 590 6 (drivetrain
dynamics simulator, DDS) %5 4§ E 17 48 T4 5L 5,
DDS 5% & anisl 14 Fs

ZER A RS AL AT R AR A L sl ik AR
R BT ShER SR L, B R R R LG A5 2K AL
AR RAEALUL SR B R4, SEI R RS 3Ny

Mk . www. stae. com. cn



By oA 5 OTO#

2798 Science Technology and Engineering

2025,25(7)

35 kHz, BBl 8 26 MR FREE 0 ~ 7, Horp bR
7 MIEFBAE , BE B PRE BREARECR 350, B4
FEATEA 1600 El v, & B LA 42 1 %] 5311 5
5, BIRN AR 2 IR,

80

60F

VPR
1 ~N
770 /-

-60 -40 =20 0 20 40

0oao

OOIN N WN—O

q4o00p

[=)
(=}

B13 YIZIaHEar T Pt R

Fig. 13 Feature visualization after training

E 14 DDS L8 &

Fig. 14 Drivetrain dynamics simulator

K2 DDSSBEAHIELE

Table 2 Setting of drivetrain dynamics simulator datasets

s = YIZRFEREALL AR A S
0 B 14 T S A 280 70
1 AR PN P 280 70
2 g i) 280 70
3 g 234 280 70
4 Ve Wr ik 280 70
5 RS R 280 70
6 7R TS 0 280 70
7 1EH 280 70

AT aEbr T 00T R4 21 015 54 &) 2 3 JE 1
PRBEE S 5 ], o R 4 B A R AR {5 5, 2 i s
fEME R -3 —4.77 . —6.99 F1 — 10 dB (43 5% 1
BEUR LS 5 S () DR e 1:2 1:3 125
F11:10) MRS (55 WIS TR S T H M R 55

SRR B8 AR SC T AR AR A G A B R AT TR A
XSS DAAR SCHT P25 ( ik SGMD + ECA +
ResNeXt) M JFALARY 58 T 4 ASXF LR i A%
4 SGMD 7 iER L1k SGMD (1 “#E A1 17 KB
Ak SGMD ABLHfg “ BRI 27 F2f ECA FRHe iy«

37 fdi MR ResNeXt 2% 1« fi 8 47 5 it
FUAE A [R) AR AL, SEBR T3R5 R 1 i R a1 15
Fis .

100
= JRAEAL
= A
95 = fEARI2
PRI
= jER4
90}

WA/ %

85r

’ Terg -3 -4.77 -6.99 -10
IR 7 9 S/ dB
K15 AN [IIE P BRI R R R X L
Fig. 15 The comparison of model accuracy in

different noise environment

H I 15 AT Y 78 M s IR 5T T AR SO e AwE Al
I RE PR Bt R B B 2 TE(R M L - 6,99
dB WAL T, TR HY (4 ME A SRR 2 T 92. 56% , H.
YA K — 10 dB B, HATSAE A4 90. 41% (1)
TR B 2R, A ) R 75 BR0E T, A A fil A5 42
SGMD J7 & B R 1, A% SC T A58 78 1) 551 o 1 6
T, FLE A AR 2 3 4 KB fiifk SGMD Ak
5 ECA FEHAE 4R T A v o SR 5 g 2 ) T —

4 s

AR SO Y — b 5 T 00 K Bl RS B
FHUE S AT S CNN A 254 0905 20 S 30 16 48 46 1Y
BRI W, A IR 4598

(1) 21 T4k SGMD 15 54 35 ¥: , % 07 1%
TE SGMD 5L Aty 138 3o Jin A JZ v 2R 28 A4y i {7 1t
LEXT B, D T SGMD A7 7E [ AHARL 43 1t 5 20 [ A
TN M B B SR [ R,

(2) XA I ResNeXt HICEE M IEFT T ik,
JEFIAT ECA R IHUE], &5 1 28 1 RFIE$2 B
HEJT .

(3) 7 LR py Al [ K — B AL AL
T Ak SGMD 580 ResNeXt #1285 ) 25 B ik 5212
AR 3 (o U R A R 2 VR 3 i 7 A T L B A
WEBH TSR0 A5 200 il 6 F DDS 3256 /5 5 iF
FPXF eS8 ST P SC 86, 00 T 2t A Rk S
MRz AP AR SE PR T 0T BERS A AL
e MR FE R LB IS WA 55

RS AE BUAT AR 1) Rt 0k — A R S AR R
549, 1k W 4% = 5, 46 5 ) 2Rk (e, 42 T 1R )
W,

¥ M HE - www. stae. com. cn



2025,25(7) KB, 55 A TUATASEZS A3 B S HE ResNeXt 2 26 14 U 56 A 12 17 7 12 2799
(6] # U6, SR, TRk, T PSO-CNN 533 (1 S5 50 S i i Wiy
z % x m HT]. BEEAR S TR, 2024, 24(26) : 11246-11252.

(1] Wkl Brfbal, SRR, 5. TR ST B0 e s i 4 (0 U5 58 Gu Na, Wu Shengli, Xing Wenting, et al. Gear fault diagnosis
RS TR (1], Rk 5 TR, 2022, 22(12) ; method based on PSO-CNN algorithm[ J]. Science Technology and
48044811, Engineering, 2024, 24(26) : 11246-11252.

Chen Ke, Duan Weijian, Wu Shengli, et al. Gearbox fault diagno- (7] WEWRPE. HET o LTSS S it AN SRR P AIL A LB 127y
sis and classification method based on decision fusion of multi-deep RID]. K. MR, 2019.

learning models[ J]. Science Technology and Engineering, 2022, Pan Haiyang. Mechanical fault diagnosis method based on symplec-
22(12) : 48044811, tic geometry mode decomposition and support matrix machine[ D].

[2] LA TR ML IS HHF (D], Jest, e Changsha; Hunan University,, 2019.

A 2018. (8] M, Mdt, 2, 5. —RhIL T ek UL o i i &
Wen Hongquan. A fault diagnosis method based on deep belief net- AHEHSWITELT]). WM CARFIER) , 2020, 47
works[ D]. Beijing: Beijing Jiaotong University, 2018. (2):53-59.

[3] 45, ETIRDE D500 007 3 iR SRS 7 2058 Yang Yu, Cheng Jian, Peng Xiaoyan, et al. A composite fault di-
[D]. . &K%, 2024. agnosis method based on improved symplectic geometry modal de-
Wang Jinxi. Research on rolling bearing fault diagnosis methods composition[ J]. Journal of Hunan University ( Natural Sciences) ,
based on vibration signal analysis[ D]. Jinan: Shandong Universi- 2020, 47(2) : 53-59.
ty, 2023. [9] Lin Y C. Minimax problems under hierarchical structures [ J].

(4] Sk~r 8, HDwe, HFERH, %, 3&F EMD-SVD Al CNN Ay Jies% Journal of Inequalities and Applications, 2015, 2015 57.
HUbREL B2 W (1], Rsh WA 520, 2020, 40 (6): 1063- (107 iR, Sk¥TSe, X5, 45 i 1 a4 10 2 R
1070, 1228. FITL 1] BURHTHOR, 2022, 45(23) : 76-82.

Zhang Lizhi, Xu Weixiao, Jing Luyang, et al. Fault diagnosis of ro- Qu Haikuo, Zhang Zheyu, Liu Yang, et al. Hierarchical cluste-
tating machinery based on EMD-SVM and CNN[J]. Journal of Vi- ring method for industrial control networking equipment [ J].
bration, Measurement & Diagnosis, 2020, 40 (6 ): 1063- Modern Electronics Technique, 2022, 45(23) : 76-82.

1070, 1228. [11] Xie S, Girshick R, Dollar P, et al. Aggregated residual transfor-

[5] #kEH, BhEC, FAH, . JET VMD JKEE BSR4t A CNN mations for deep neural networks [ C]//Proceedings of the IEEE
M Z AL B SRR SZ W [ 7], s Sahds, 2023, 42(21) . Conference on Computer Vision and Pattern Recognition. New
316-326. York: IEEE, 2017 ; 1492-1500.

Cui Guiyan, Zhong Qianwen, Zheng Shubin, et al. Multi-sensor [12] Wang Q, Wu B, Zhu P, et al. ECA-Net; Efficient channel atten-

fusion bearing fault diagnosis based on VMD gray level image coding
and CNN[ J]. Journal of Vibration and Shock, 2023, 42 (21):
316-326.

tion for deep convolutional neural networks [ C]//Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. New York: IEEE, 2020 11534-11542.

¥ M HE . www. stae. com. cn



