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Fig.1 Deep convolutional dynamic adversarial network
2.1 HHERE F1 BERREGHSHEE

P i 1D-CNN BER 4 & 2 R . Forr, 1D-
CNN Hi it A2 B FUZ Ol Ak J2 04 3% 82 )2 410
T%ifﬂlﬂ*ﬁﬁReIUﬁam&m B, R F R
EEHAT T REERAE,ER W22 EEE DR
LeakyReLUf/ﬁﬁiﬁﬁzﬁ B, AR S50 Bk
1R

fEFEEL A (1D-CNN)

K2 —4eE i M 4R 2K
Fig.2 The detailed structure of ID-CNN
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TE X P02 > SR w1 Bl [, 51 A 3 & X B A
T RS SN P e o ok B AT L T
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Tab.1 Parameters of feature extraction G

=R WOEREL  BRSE BRSHC b
A / / / (1024, 1)
EBRUZ1 RelL.U 64 16 (61, 60)
s —1k / / / (61, 60)
LRUZ2 Rel.U 3 1 (61, 32)
HtH—1k / / / (61, 32)
SN LK / 2 / (30, 16)
BRUZ3 RelLU 3 1 (30, 16)
s —1k / / / (30, 16)
BRZ4 ReLU 3 1 (30, 8)
HitH—1k / / / (30, 8)
e KAk ) / 2 / (15, 8)
iR / / / (120, 1)
4iE)Z 1 LeakyRelLU / / (50, 1)
EEEE 2 LeakyRelU / / (50, 1)

B (proxy A distance) "™ 18 i 2 43 i Fl 5
Z{ﬁ[ls]o

o
DI, MR8 A B B Y RE SC, 1 ko0 A m] LI

W
d, (D, D,)=2(1—2L,) (4)
Kb LRl G A 0 5 e i % R R
[F) 2R, 25 53 A AT LATH5 R
d.,(D;,Di)=2(1—2Lj) (5)
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Kbt d =[d di IR AT 3 8% d T
ARG s d N EPRR RS . M, %‘%ﬁﬁﬁﬂi
AE A8 Bt 57 o Jﬂ:ﬁﬁ?p&?ﬁhl? REAS 1E 45— K

(VL REZIEOS ik O A M R VA UR =R

2.3 MEKEE

WP LR 7R 3 B R 451 25 oR B0 A
X N | L)t 7 N R O Y L S T2 B B 7
PR BRI 31 25 0 A ) B 2R pR AR DR, AR Y
IR R BT L SE SCH
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Fig.3 Flowchart of the proposed DCDAN method
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3.1 HIEENE

e AL 9 Dyna TC-500 KL N T 7 AE
AL & A 4 TR o T 32 o oK B
BT ) B e AR T R v iR E R 5 kA
W3R R At 356 P i i AR Ay S 0 B R A A
PUIZ5 o =l i o B 7 R T A 42 kK R TR i [
SE SRR A, KA BRI BN E SR . ff
FHEOGCFTFRAILAN T = T by 7l B PN BT il L 4rb
] P 5 e R R L T S L AT A B TR R H
N FERE 0.6 mm £ A7, T BEE 0.04 mm 28 A7 . ¥ ik P fgh
A B e 5l 1, 1 Dyna TC-500 HLBE AN T A
DIHIER AT RL SRR T 05 L N B i s | o Bl o
A I R R A 4 DT 25 D R RS TR 1 as AT B -
Tl R 25 B 7 3 43 )35 B R 6000, 7000, 8000, 9000 £
10000 r/min, fif B = 1) i 2 B 1% 2% 2% 5% 4 in 8 B {5
S REEM R Jy 25600 Hz, B Y S256 3 B 2500
T2

E 4  Dyna TC-500 HLAE N T .0
Fig.4 Dyna TC-500 machining center

B K

Z IR AR R

IRt AL
Fig. 5 Position of the test bearing in the spindle

R2 LHEESH

Tab.2 Parameters of experimental setting

# K SR

Btk il R NSK 40BNR 10H
YIH| T 25 ZMCC PML-4E-D6
biig 2500 mm/min
Y VI HIR B (Yhn)) 0.1 mm
Z Y EN R EE (R ) 3 mm
= n R AR A AL Dytran 3097A3
FAERES NI 9234
I HI L AL AL7075

3.2 IREFKRE

T B R AR I A A N A L R 20
AR )G 1 2 0] 1 38 USRS AT 55 . DL T1 A fl,
R 0 A5 I A IR 5 (6000 r/min) Hr 2 2 1Y 2 W 20 R
TR E HFRE (7000 r/min) , B A& 8T BAT 5 % 5
I R B AN 3R 3 i o L R SURT AR R R
A 5 B B O 2000 4, BEAS KBl 2048, R
FFT 1 R B0 1 4b 3307 32 8 5 R 4R sh 5 5 56 ek
WS .

=3 AEAEIBESEE
Tab.3 Settings of different transfer tasks

5% 4 PR3/ (remin ") H sk /(r-min™")
T1 6000 7000
T2 6000 8000
T3 6000 9000
T4 6000 10000
TS 7000 6000
T6 7000 8000
T7 7000 9000
T8 7000 10000
T9 8000 6000
T10 8000 7000
T11 8000 9000
T12 8000 10000
T13 9000 6000
T14 9000 7000
T15 9000 8000
T16 9000 10000
T17 10000 6000
T18 10000 7000
T19 10000 8000
T20 10000 9000
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3.3 EIBCHERSN

T Sk P B O VA A M, R HTJDA, BDA
A DCTLNAE Xt gy i, Horp DCTLN (1Y ¢ fiF $2
U8 2505 B4R 0 7 2 DCDAN BB 32 U282
B —8. RARTENTBEEWZ R MNELR
o M AT LLR B

(1) DCDAN 7 A [A] i 78 4T 55 v B4 382 4 1)
TR R G R IA 3 1 97.88% ., X & H
F DCDAN A AL F] F 1D-CNN $2£ B 1 45 4F , ifif H
F 38 N M 301 2k o3 A A4 R o) A A AT RS A B
o7 HEHEAT T 40 EC L, DN AT AL M R T A R 12 W
KB

(2) 51 # DCDAN M e, R4 TDA B & 3 %
O3 A5 FA& A 43 A 6 3T A% e e ) 45 3 2 A9, 7 TV R
[vi) 5040 o A 1, B G 3 3 N 1) Y R A A A 1
Fo, T8 Bk IE N B BURRAE , S BOE B 2 W SUCR A
B, P B A 48.61%

(3) H5r#& DCDAN M H, i F BDA J& 7EBR
B A O RRAE 25 [ EAT SRR 22 D Y, S BT RRAE
Ll IR RO A BORS 2 A7 68.07% . BDA

R4 AEFENFARESHSEEE/%
Tab.4 Accuracy of different methods on different tasks/%

5% JIDA BDA DCTLN DCDAN
T1 72.64 90.65 99.80 100.00
T2 33.89 67.75 75.01 99.40
T3 34.70 75.25 55.80 99.60
T4 47.84 74.95 100.00 96.85
TS 63.56 100.00 100.00 99.15
T6 38.98 96.55 100.00 95.60
T7 38.81 29.15 100.00 98.85
TS 56.62 73.85 98.96 94.75
T9 75.45 75.00 68.45 97.70
T10 45.53 75.00 65.47 100.00
T11 34.99 51.80 74.57 99.40
T12 55.65 75.40 74.85 94.75
T13 65.87 50.00 74.85 98.75
T14 57.33 50.00 98.81 100.00
T15 47.69 67.15 100.00 98.25
T16 43.84 50.00 100.00 100.00
T17 37.02 75.00 70.44 94.65
T18 34.77 64.00 73.41 95.40
T19 54.30 69.95 74.70 98.70
T20 32.62 50.00 74.85 95.80
V-1 48.61 68.07 84.00 97.88

5 IDA MLV YRS B3 & 1 19.46 %, Ul W] T 3h &
R 31 G o AT RN 5 R 3 AT AR S B8 2 2T i B AL X2
Wil SR S

(4) 504 DCDAN X H & 3L, DCTLN [y 7 2
KB A 84.00% , % & o DCTLN B4R i £ )2
R 2% 3BT 4R AE H 2 DCTLN R % 18 T i1 %0 1,
WA ZIRFM N AT AT B ERH, 23
LS WS e AN AR

R T S TN EOU M 0L £ A RS L W A R R H )
A1 Bt AL 400388 2 A 7 % (t-distribution stochastic neigh-
bor embedding, t-SNE )" ¥ 45 B FE A 15 00 b 522 20
ke, i T SRR R A BRI AL T20 S, il T
TRz Wras 2, i 6 fis .

ik 6 (d) Al AN, Al A DCDAN # 47 A [6] T
O R B, AN A A T 00 =2 8] A ] R 2 0 Y 43
A7 22 50 AT A B L I LA [ IR 2 ) RE 8 4K A
B X 4 o AR Hb, 7E &6 (b) Fl(c) H , BDA
DCTLN H 48 KA F8g A 7]l s 24 500 43 5, AH 2 [R]
T 26 0 2 6] B 43 A 25 50T WA AR 4P b T B o TDA
RO B AN BRAR AN [ g e 2 A 2 R A B A, BE IR
JE R o

ZE BTk, 5O A RS AR S T AR L AR SC R
7 B W L BAEAS [RGB 12 AT 55
Hh RS EOAS AR A S 4 L R M R e T SRR Tl
IR B S 12 W [

O EY OUEEAEGE OFERIE L O
ORMRIER OH brifpy B i @H fris s i i @ H ARl SR FF 2R i

L &
@ﬁaﬂ%\%%ﬁ B %

(a) JIDA

%
¥ w
C

(¢) DCTLN
B 6 AN J5 vk B U R AE AT Ak [E

Fig. 6 Visualizations of the learned features of the different

(d) DCDAN

methods
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A deep convolutional dynamic adversarial transfer network for spindle

bearing fault diagnosis

L1Jipu, HUANG Ruyi, CHEN Zhu-vyun, LIAO Yi-xiao, XIA Jing-yan, LI Wei-hua
(School of Mechanical & Automotive Engineering, South China University of Technology, Guangzhou 510641, China)

Abstract: Transfer learning based intelligent fault diagnosis method has become an important research direction in the field of me-
chanical equipment fault diagnosis. However, most of the existing fault diagnosis models cannot reasonably calculate the impor-
tance of marginal and conditional distributions in the process of transfer learning, and different data distribution will lead to different
diagnostic results. To solve such problem, a deep convolution dynamic adversarial transfer network is proposed for intelligent fault
diagnosis of spindle bearing. One-dimension convolutional neural network is used to extract transferable features. A dynamic adver-
sarial learning strategy is introduced into the proposed method. The importance of marginal and conditional distributions in transfer
learning is calculated according to the similarity of data distributions, which effectively improves the diagnostic accuracy. The effec-
tiveness of the proposed method is verified in spindle bearing fault diagnosis of industrial machine tools. The experimental results
show that the proposed method can powerfully explore fault features and realize knowledge transfer between different working con-

ditions, which has important significance for the practical application industry.
Key words: intelligent diagnosis; bearing; deep learning; transfer learning; dynamic adversarial
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