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Fig. 15 The decomposition results of SGMD
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Tab. 2 Identification results of different methods

Jrik ﬁig’;fé/ A /s
ESGMD-SOAECN 98.76 + 0.19 467.43
ESGMD-AE 93.21 + 2.97 248.87
ESGMD-WAE 94.65 + 2.06 361.66
ESGMD-AECN 96.82 + 1.08 277.87

®3 TEBESWANFENIRIAZNER
Tab. 3 Working conditions identification results of differ-

ent signal input methods

it FHTIE
ARz

ESGMD-SOAECN 98.76 + 0.19
CEEMD-SOAECN 94.79 + 2.68
SGMD-SOAECN 96.10 + 0.37
VMD-SOAECN 94.83 + 1.63
Raw-SOAECN 93.19 + 3.01
FFT-SOAECN 93.85 + 2.98
Envelope-SOAECN 94.66 4+ 1.71

OY T R QE BRI 4 A ik AT A, K 3
G T ANTR 7 78 10 RS2 5 19 T80 R 51 256

& 3FH,CEEMD f TR AR E ™ E S K
TOUR AR AL, VMD 2t T CEEMD B 251R & /Y
BepE , PRI ACR s 0 T CEEMD ; SGMD fig A7 R 44 ¢

R 5] 15 31 A A I AR AE A S TR B B G ik — 25 R AR, 3K
AT VMD; i ESGMD SR FH Bl i 5 28 5 9850 ik it
ISGMCs #E47 [ 3% N 540, dF— A0 385 T 15 5 1 4
TEF IR SO LT SGMD s 25 H 85 5 A 15 5 A
SOAECN, M 75 11 £7 76 {15 9 28 19 T 20 383 51 4L
93.19% , Bk T 15 5 B W T Ak 3 0 0 BE M 5 Ay H 9
W A B A0 455 15 5 8 A SOAECN, 1 B RCR K T
ESGMD 77 .

3.4 AEEHHF/ET THRIRFZER

S PR TR R IR H T BLREAS I o L i R
PR AR SCBET 4 Bh B e 4 BB R D7 ik 9 T 00 R
BITERE . B IE R T 005§ T 00 AEAS i 23 51
>4 8000: 8000, 8000: 6400, 8000: 4800 Al 8000: 4000,
YL AT 10U, A SO BEVHIY 3 Bl 7 ik BT A
7 RO 4 RS 3 F L fEL, S0 S
=LK (39)
P+R
Af PO RO AR, FEAE0,1]Z
], O AU IR 22, LAUR IR AF o A4L 30 B, 3% 4 41 iy
THIRLHY F{E
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Tab. 4 F, of different methods in group 3

T ESGMD- SGMD- ESGMD-

SOAECN SOAECN AECN
a 0.952 0.923 0.921
b 0.953 0.911 0.909
c 0.961 0.929 0.918
d 0.960 0.919 0.913
e 0.959 0.921 0.919
f 0.941 0.911 0.920
g 0.946 0.901 0.913
h 0.960 0.909 0.915
i 0.959 0.881 0.908
] 0.942 0.911 0.891
k 0.946 0.901 0.890

M #4775, 41 3% ESGMD-SOAECN [ F, 45
bR, 3 — £ B E T ESGMD-SOAECN 7£ T
o AN Y- A K i B A AR

3.5 ARMEREHIT TRIBINERAZI

ATV JL AR A R 3% e KO SOAECN iU
MERE R R, 25 LMK SPToR . &S ATAL,
Gaussian /N \Morlet /N Fil Mexican hat /N /9 T
0 TR 1 4R AE T A TS oK AL, Gaussian /)N FE I
B ARG 4 BE AR U T A e I

4
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Tab. 5 Influence of different activation functions on SOAECN identification accuracy
T pRER Wk WHIE/ %

ReLU fla)= 0, a0 95.14

e x z 23>0 5.
LReLU f(x) 0.0Le, =0 95.82

_ReL x)=

¢ ’ x, =0
0.01(e"—1), x<<O
ELU (x)= 94.64
x, =0

Siomoid Fla)=—12 93.47

Sigmoi x)= .

gmo 1+e”
) i x x*
Gaussian wavelet flx)= exp(——) 98. 76
V2w 2
GELU f(2)=0.52 {1+ tanh [ V2/x (2 + 0.0447152%) ]} 96.42
. ) x
Swish flx)= — 96.17
1+e*
Morlet wavelet f(x)=cos(5x) exp (*% ) 98.02
2

Mexican hat wavelet f(a)=(1—2x")exp (*% ) 98.09

3.6 BITRIASME

SE R TR AL R AR TN AE AT, AR T R
UE T4 I s TR A9z AR e 1, (I b 2
4 R 585 5 AR X AR 25 1) H bR S (5 5 R AR 2E AT R
S, A b 2 R AR AN U5 ORI 1 L L T8 b~k Oy
B, 45 R n 3k 6 fros o WM % 6 7 A, ESGMD-
SOAECN 4 5 T3¢ 1801 285 S A S 24 300 531 v o 2 78
92% LA I 3X R B P 5 i — o 1Y B T U0 g
1, 5 S AT BE— AR SY 4 FHBERL 1 25 T 0 R )
LA %
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Tab. 6 Identification results of across the working
condition
5 THUT 55 T H U A/ Y
PRB: T b~ HARK: T ¢ 93.08
P T d—~H AR : Tl e 93.97
U3 Lol > BARi: Tl g 93.18
Pl : T80 h— H Adek . o0 92.10
Pl T80 j> BAsil: ALk 92.46
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255 VO 95 i R B A b U 1 M B RE B e H BL
R AR B 5 R AR Y 5 28 JL A B 4y B O A
A JE £k SOAECN H 3 T4 U #2 4t 75 1 Il 2k
FEA

(2)SOAECN 51 A [ 48U W, 761 25 id 72 o
FIE N 3 &5 7220, B 0E T AR vk AR S ARk B AL
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Motor bearing condition identification of enhanced symplectic
geometric mode decomposition and self-organizing auto-encoder

convolution network

CHEN Zhi-gang"*, DU Xiao-lei’, WANG Yan-zue"*

(1.School of Machine-Electricity and Vehicle Engineering, Beijing University of Civil Engineering and Architecture, Beijing
100044, China; 2.Beijing Engineering Research Center of Monitoring for Construction Safety, Beijing 100044, China;
3.College of Mechanical and Electrical Engineering, University of Electronic Science and Technology of China, Chengdu 611731,
China; 4.Beijing Key Laboratory of Performance Guarantee on Urban Rail Transit Vehicles, Beijing 100044, China)

Abstract: Aiming at the difficulty of vibration signals feature extraction and condition identification of motor bearings, a method
based on enhanced symplectic geometry mode decomposition (ESGMD) with self-organizing auto-encoder convolution network
(SOAECN) is proposed. On the basis of symplectic geometry mode decomposition (SGMD), the vibration signals of motor bear-
ing are adaptively decomposed into initial symplectic geometric mode component (ISGMCs). The ISGMCs are adaptively reorga-
nized by improved condensed clustering method to obtain the clustering symplectic geometric modal components (CSGMCs). A
new comprehensive evaluation index is proposed, which is used to screen and reconstruct the CSGMCs that can reflect the charac-
teristics of vibration signals. Combined convolution neural network with wavelet auto-encoder, the auto-encoder convolution net-
work (AECN) is constructed. Its loss function is improved and self-organizing strategy is introduced on the basis of AECN, then
the SOAECN is constructed. The reconstructed vibration signals are fed into SOAECN for automatic feature learning and condi-
tion identification. Experimental results indicate that ESGMD-SOAECN reaches 98.98% of condition identification rate. The abili-
ty of condition automatic feature extraction and automatic condition identification is better than deep learning methods such as deep
sparse auto-encoder, deep de-noising auto-encoder, deep belief network and so on. The results can provide a reference for the iden-

tification of motor bearing conditions.

Key words: fault diagnosis; bearing;condition identification; symplectic geometry mode decomposition; self-organizing auto-encod-

er convolution network ;improved condensed clustering
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