3T B 4
2024 4E 4 H

® z T & F #

Journal of Vibration Engineering

JE 5 & i & TR iR B 5 3 HiE 18 58 K 3h 7K
R 12 i 77 R
GHELLREEL O ELH B ALE, EEW

(1 REF K FHLE TR AR, LA Frrd 2501015 2. R M K 2= 8038 58 W 2= Bg , V195 70 2151315
3. ML LR R AFRE IS 3h J1 2% Be , V195 7 At 210016)

T 0 R R B T J % % BB AT TSR . RT3 B 013 45 T 00 MR 50 6 1 40
S B 52 4 0 A, 5 BOHE T 00 9 20 0B (e M o7 20 B0 50047 R 60060180, B0 32 W0 W1 4R B
BT MG, DL I SR A S O 09 52 AP 4 6 0 T 15 ) B RIS W . 60
05 M 42 5T FUBCHR S48 — 2 U 22 O 24 6 4 T R 4 2 3 1 P S B 9 7
e 3T BRI TR AR 2 MO S O AT e A SR . 9 46 985 SLEAT | (L W0 3 0
I 5 M A AR TR T T RO IS IR . AR ST ST ) 1 LUK P B 22 5% 2 DL
Jr A BRI S R A B S 55 7 0 B BEBLPE BRI IRE T A OB A SR o ST 01 B Oy i 1
R B BT RSP T B 0 10 0 LA AR

S : AR RAVHUR B TR T

hE42S: TH165 .3; TH133.33; TP206°.3 XHERFRERG: A X EHS: 1004-4523(2024)04-0667-10

Vol. 37 No. 4
Apr. 2024

DOI1:10.16385/j.cnki.issn.1004-4523.2024.04.013

5l

i

TR Bl il R AT D I e ) 2 B B A L R v i
B o5 A1 B e e LA B Th B AR R AL (HIR
R R R AR L0 T sy, s A7l A b o
e A IR 2 Bl — T TS BO SR 55— 5 T
N A A5 1 R DA I R L R, AR
SRR B0 T R Sl ARl B2 W X TR e v i 2 A 2
A ERs T A EEE LY,

X B 0 5 4 B A Bl A A S 2B AT e B, 2
B WHR S R R R T T BT RS H LT
L H R T RS T R ER R AR S A By
V5 RV Sl R AR P BSOS W SRS TR
ORI OR o R, DA Bt I 5 A SR AR T U
B SES MABES WA TR A, 2
e G810 3 T4 5 23 B A9 SCR2 W D XE LA 12 12 W
BRI EOR 5T R ™ K 3 A TR K =7 ) 3 BE
B 12 I8 5 12, ) A0 N T R 2R 2T R 42 )
g5 ZRPURZESHL A ST A D kN
AR o AR AR SR B0 RE KRR 2 5 T, PENG

Y5 B #1: 2022-07-18; 1&1T B #3: 2022-12-20

SGFUEHRET M 20 X EZREEBRM M, LK
g5 R R WZ 7 ket N A TP AR R B i e 2
Wi o AN ZEUYHA K S B I2 06 P8 2 R 4%, S
TR S 0 iR 2 B . CAO 45
P 2% > 7 Bl B P L0 5 4R A2 00 Bl
AR T BCALE AR T AL S B2 W iR E % =
PR AT I B A0 98 BHE 4R ik 1 U7 ik
1A R -

DL B R B " r SR L T AR R
T e IS W . B AR AR o0 DR T
0 (B S 3ty 5 ) T 00 AR Ak R e B b 38 2k oy A8
R A5 4k % 2217 B 0 &N, 5 3058 & 0 I 2R 88
SEXELIIRAG . FESLPR T & — HOR IURRR , O il
B 7™ B MO A US| AR A R — B S Ui
WS SAES , I imi A T A ZER, v
UL AE AR T 00T SR S 1 I B AR A 58 4, 7™ B
29 7 B R M2 W i R

BUHE 34 5% (Data Augmentation, DA) Y H B2 42
BT B REAS 3 SR A RO 58 25 B HE 4R B B O
T AR K AR UK A28 M 4% (Generative Ad-
versarial Networks , GAN)1E iy —Fp 54l 2 66 28 il 7

HE&WB: MEARR¥E4 KB H (52005300, 52172406) 5 1 A & & 454 H AR S H 81300 H (2023K1124) 5
R B LR R R A W B H (2021M702752,2022T150552)



668 & 3 T

S

%37 %

T U B 1 SR B T 0 BRI T B LA
BRET B WA . ZHOU % 83T T GAN Y 2k
A 55 A R A R A AL J7 5807 A T 2 R
AR S Kb BB RS P i 9] . SHAO 48R GUO
BT R T — R BT GAN (9 5 B o FE A AE
2 b5 % — 4k GAN, WAL AL AR 15 5 vh 2 2] 2
B T T LS AR RS R e DR B AN 2 A 1) A

IRAT 4 H 0 1Y 5 O 15 T R R B R R P A
B /N A5 [a) L e 5 A BB T T i A B A R
AR ST B, PR AR RS e R (]
S LAECHE AR RIS B i i B A i H R A 2 TR
AR o AL AR PR LA IE AT I B e e L
Akt B M 0 K A S A SRy BR AR R O 0 2 YR
PR, — RGBSR A BB B AR R R RE D FE B
HIE 2 R AN B AR i D B £ R o U AR S R I
GRER AR B REA CRSCRR IS BEA) , A e ek
AR 00N B R i s s v . T, e AR Y T
IR AR RN 5 DR 1 22 S

A LLA AR S AR AR O H B, 1 TR] U B A
SREARMARE . Z MR & A SCUL A AL SR A 3
FE IR IR AR B SE A 1 g B AR T AR A
B4 B4 5% (Standard Self-learned Data Augmenta-
tion, SSDA) #§ B 12 W 5 vk o % 07 B8 — 4 5 FURH
22 W 4 09 rad B VEAC Y o o AT AR SR A
FRIBR I | 56 T bR v, SR T REAS 2 804k 5 BB 0 A
i B R AR SR A o AR B o ST 5 B 1 5 AP 9R
SE AT , e B AE AR A B K 3 o R 2 e 45 1
FA ) I, 4 AR P AR AL TR A RE K 12 T A

1 HREBFIHFELETE

1.1 FHiEzh#l

N H AR R 5B 58 2 59U 2R 800 2 B
W PR, — UL B RN e
B e R AR AT B SN BE L PR Ok o (H
B FC AL R S AR AR e R B i
HAA AT RE U B R o bR Sl v, AL 5w R A2
AN 2 T A 52 & Kl £ I 2 g A2 5 < i £
AR A 0 2 AT DU AR R S U0 2B AR LAY R A
(AR SO B 0 MR A ) 5 TR M T Sh R AS .
A DL AN 52 o B0 A DI 2 A R R TRl 0 3h B AR Y E
TR

A B A S REAS 1 ) AR B ] IE S R A
AR, B G fa] PP A 2R R RE AR PRSI AEAS . AR
TS R AT DL TR R S P S AR A AT DA
NG ) T 45 R e e g R . XU, A SRR

J e U 25 B 19 2 e A3k B 2 DA P AR R H W i, A
ALV HO RS REA . Z MRS K, AR SR T
v F 2 ) R 38 58 0 1 o

Hit '
|::> |:\‘>
PN UbIIEZE S

] N 25
(EHRER) i) )
(a) AZERAH L H A5

(a) Human recognizes the conventional targets

\‘ |::> E:>
A s 5

] i g
hEhFEAR) (FAY) Gz
(b) ARG Bl A

(b) Human recognizes the perturbation samples
1 ARS8 U4 A 2609 B AR IR BE )

Fig.1 Recognition ability of human trained by uncompleted

N\

dataset

1.2 —HERWEWZEBMIE

SSDA By BEARIRY R H] T HEr &2 48 H 1 — 4k
B2 I’ 4% (One-Dimensional Convolutional Neu-
ral Networks, I-D-CNN) #1741 . 1-D-CNN 45
ZEEBRZ W EMEERZE. $ESHNE]
i

BT 4R T 9 s N T AR B SRR I Y R Bl
54 B T 20 i B AR 4 A5 {F S Ab
J7 ik, EAE RN B W 25 v T R R R Y A AR AR
JE R xe RY, K N=1200 W HEAYERE
1.2.1 £RE

P R RUR  HRHE A 2k T SR

0,=f (v, %k, + b,) (1)
Krp keRNM M B, b Ko & R
F R B M, T —FRE )2 B T 5, Mo )2
Y38 TE AL 0, € RY MO SR —FRAEJZE Y Ry
fE, o N, R E SR b, o D B 1 s (2) M
I AR, BB oh 35 BUZ 4 3l ] ReLLU (Rectified
Linear Unit) VE R 15 R ; 0, 5k, 65 B ERAE W]
BN =g = AP

M, K,
(vlf]*kl)[hﬂ: 2 27}/*1,[&+z'*l,177]k/v [Aym,j] (2)
m=1k=1

2of L] P T AR g AR SO AR 3 e g v T
RNpT . AR ETRER LIRS R 1, KWt
ﬁzﬂﬁéﬁfﬁﬁ(szl—K/—F 1)><M/o



Bal

LW, AR SR BR AR T HUARIE [ 2 > B0 1 0 TR S Bl R 2 T vk 669

%1 1-D-CNNHZEESH
Tab.1 Structure sets of each layer of 1-D-CNN

JB/RE #BAE SZHRSE BOE R R
HA/x — — — 1200
Cl/o, BFEE  10X1x32 ReLU  1191x21
Pl/v,  ifk)2 S:2 Max 595X 32
C2/v, HERJZ 10Xx32X32  RelLU 586 32
P2/v,  fkSE S:2 Max 293X 32
C3/v, HEMZE 10X32X32  RelLU 284X 32
P3/v,  WALZE S:2 Max 142X 32
C4/v, HBRUZ 10X32X32  RelU 13332
Pd/v,  WALZE S:2 Max 6632
C5/9,  HBRUZE 10X32X32  RelLU 57X 32
P5/v,  HfkE S:2 Max 28X 32
C6/v,  HRUZ 10Xx32X32  RelLU 19 32
P6/v,  ihfkE S:2 Max 9% 32
FO/u, Flatten — — 288
Fl/u, &%  288X256 RelL.U 256
F2/u,  4i%#E  256X128 RelLU 128
F3/o i 128X C Softmax C

1.2.2 #®iE
AR A () A A B2 TS i Ak 2 XA L
25 B2 5 L RRAE o, AT R 4E . Ak )2 Y e Ry
fik v,y -
Uy i1 — Max("(}/,,ﬂy_» (3)

2 "(A)z.u - { 'I}/,z’,fe ﬂ;‘35‘|'1’A1/‘1,1; (7 Vs [si—D)+sj] 1<

S S|, SHUALKSE
1.2.3 4#BE

P AFEA 25 6 2 4 AR 5 Ak 5 09 R AE e -
H—YE ) b w, SR R R T2
W 4 3%z 2 T I AR

u,  =f(wu,+b) (4)

K w, Fb, 53 5 Ry 4 i 2 2 0 BRI O
] £ 5 Hij A 2 4 i 4 2 B0 PR B Re LU BTG pRi
B, B A — )2 iR FRE 45T Softmax T #R 4L
53 B AR 1Y iy oo € RE(C AR 2 il FRE IR 25 9 25 )
B0, B o A T R AT aE ok R KA

O[L.]:M (5)

C
zexp(éﬂo
i=1

AP ol wsu, + o THE AR, RV R R 20t
T PR BRI

BT [ 4 o AURMEA B T2 BRI )R
B MR, DRI AR R 5 TR i by R T ) BRI A A A i S
BN T 7 B E AR 2 i AL S B AL R R AR
wy W REA R N WS @, FRAE a e AL B Y o 1 3

M Ao e, =0 (zx), 0= (u,), HH
W T S8 08w .

1.3 SSDA FiEiZH

SSDA L & B 1 [ 57 ~J R R4 58 56 P> Bk
FERRUE [ 27 S B LAz o 3 8RR H s, il i
S 52k AT R B RE AR AL 1-D-CNN EE iy
SR M AR S TR [ 27 T R RT R AR 5 O
SIREA VA b v 5 78 B e 0 SRR B rp il i AR A S
Bl 5 ARV BCE AR Y O 0k R I A s 45 R 1 5 g
BERBEAT T, T A L AEAL AL SRR AR o PSR
Besg 5 St , FH HL B2 T, e 287 A A B K a4 o KR
B 4 52 25 1 19 R N, A S RSP A2 T 00T 19 AR
WA PR AT 2 TR .

Oyurge PP IHERIER — A
() BfFEHK R E 2 ~—— RIfEHE

BRI TR

& BERTEH S SHTEH

(a) hrifEH 22
(a) Standard self-learning

@)
5"
AR,

L,

&

U,

i

U [————

(QF: €L
(b) Data augmentation

K2 5k AEAHE QLR = I8
Fig.2 Architecture of proposed method

1.3.1 AR B 5 3] B3Rt
B 2 ST 1 3 B A R I 25 RE S AT
BRI T A TR .l TR B0 R A 150 09T o o S L
7 TR IR T | TR L 455 0 6 340 -0 00 o A
VIS FH T B 1 R e
1] 2a) T /3% , A 5 BURE 50 38 3o 1| 25 00
DRI G S Di={ .y, ) B S o Y
BB, o, TR BRI L REAS Ly, € RE, W
3 it One-Hot 4 74 B9 BE AR 2, K5 % L T 2 9 TR A1
H K
1, R Ry e
VLT 0, il B K 00 R g 5 2
Kb TRl MV E y, 05 c AT . B8,
re[0,1,2, -, R 1% 3 56 40 I 25 0 78 35 80 R o

(6)



670 & 3 T

R T

I RAE P UK, DR A B O AR R AR H 2 A i — K A
JRE AR B Ll b 508 AR RS TR R AT A A e
J?il“%lﬂi’:?}”%Rh o VIR %d 46 Dy I 25 X ol 48
D7 RIS UK 3 SRR A B BOHE B DAL
HD??‘QJE‘E!I%EI’JUH?ZE%ME%O

TERRHE [ 27 2 BB WA ik 42 SUJ H AR e
Bt AT N g, Hog SO -

L(6)= ny Ino, (7)

A o =o(0(x,)), WEEA & i AR LS B
s AR T AR 2 ) i

W 2Ca) 1] 0L b5 H 2 2] B8 i 45 L 2 80
AT, U GRS AN 0] BB s AR A Y T A v 5L
o O% Sh AT A YN i AR L BARR ) R A A
B (Adam) 1 Ry PR A0 45 | B2 1) 4% 35 1 3 A Bioe
T, 2R e, Wi/ L(6), R B &t
R D) A RE AR E 4T 1E 132 Y g
1.3.2  Z¥EIEBALS L

A A Bl RE AR R B B AR Y B bR, H bR
SR 2B B R AR BE AR T PR R 0 I PR I, AR R
DAASE R AR B (4 0 R 45 5 i e B AR B g fk S
BAE 0 7 i A e s R AR

g 2(h) BT s, s 4 DL i Ak o St 4 D,
14 32 72 2R LUSOHE4E Dy N WIHE R ER AL S 5 D),
DU ET— K AE AR AR, H D= D). X%
MR AE 2Z R0 A R A (1 i ety 0 — 2 S it S Al
B

Bl 2(b) W BG4 DL B S BN AT 3T, RoR
M S RO S . Ko B Dy oS 50T TR WK
BOHs 4 R AR VR R R S 80, 3l i B AR B T R
LU 08 B bR ek B0 R S 80, 2E 1K S 4805
NP REAR A B R REAR S B AR L T RRAE
P UL 1) 2 B0 R T, 26 78 B 3 am AR B,
R A H12 HUASE 0 g W0 A BB L A Y T E T B s AR AR
PEH b o SR S 500 A A, DR I, ok o R R Sy A 7R
A

P SR A 1) o v 2 L AR 5 B | A A R
6 M 256 4 Bl DR O 4 348 e A R 1) 55— T A R
LN

La(D1)=

Xop o=0(0(7)), H{&}" =D, Bz 5
T — AR LRI AE AR 2, S ) B0 26 AL ) 2 80, AUSR
JEL ) i A KA B TR REA B By, e IR S H I
LA, x5 2 AR . b Ul IR 1 o A
By A b R RS A5 1 B 2 2 LB H B pR RO X

Zy Ino, (8)

;,71

4, PRI R[] A A5 38) 56 45 1) B0 B RS TS A
A B 3G SR B P HOOC TR B 1 I 25 5 1 )5
R 238 O 22 3k KT A 1T 7 SR REAS X A A A it
AR DABR A A o B, Rl b o A B 1 2R
:ﬁﬁﬁ%ﬁuﬁ-
Zexp £) (9)

Lo Di)=7->
= zll-:@/(x-) ul»—di,(x»)-/l>0j»7ﬂ4ﬁ§
B Lo D)% 5 0L 2 bk 25 50 18 58 L e o) T

I R AREA AR SR VR BEROAE A ZRE PR A o
ST iR A R i 28 1) H AR R BN

L(D;)=Lu(D;)+ L.(D;) (10)

A BEDLFRER I Adam 1F MR AL RS, I 1) 1%
B ERREBGE N T, T F N e, WHLHIG, W0
K 2(b) B /i, 1 8 2 508 48 DL i 2 850 & |, 15
U sh iR 4 D
1.3.3 BA % ¥ %
WA 3T, E bR E 2 ) BN 3G 0 R 2
J5 v B 2 ST B HR (Y St AT AR S 0N 5 5
e A BB 09 4 B RE AR 5 A i 4t 3 B A8 12 2 B
Y 2 20 A5 H TR B SR A 1 S bR o . R o
F 27 > B 55 4080 1 B A B g B b AT, AR T, AR
17 45 31 58 45 B0 4 AR A o0 T 195 Rg i e 12
B, AR YIRS s R

@, —u.l, wH

[%%%ﬁﬁ%\%gﬁﬁ\ﬁﬁﬁJ
} g

[%wn>ﬁﬁhﬁﬁ%7 ERIY Jo—

T

'
[ﬁﬁﬁﬁﬁﬁ,%ﬁnﬁixﬁq]

(TR, BREK
!
By

3 B s i R I R
Fig.3 Training strategy of proposed method

(D #0 4 L B 4 DY =D ={ ) I B
PR LB S8 00 BB SR T, T, ce, A, R



Bal

LW, AR SR BR AR T HUARIE [ 2 > B0 1 0 TR S Bl R 2 T vk 671

DA B B 21 R Wk LA G A B AN IR B E 9
Bk r=0,

(2) 3 T YNGR B0 4 4 D7 SE it br o A 27 > B
HEBHRRERRE T, S r=r+1, 8045 2
YIRS 5007,

(3) 2R FHAS Y B8 40 Ak 5 B A 2 5004k O T 92 it 4L
P maam AL e B 42 DL Y, 208 T, aEAR, AR

B FEABIRE D, = (2. y,)" .

()43 D) "5 DL AU H I 45 D!,

(5) 17 /2 75 3 3 4 KO FF OB R, I < R,
R (2) 4 . B, 3T U4 D HEAT A7 0 (2
51 R EN F MG IE, .

(6) 52 WU 2, 3K 15 52 45 BUHG 48 DFFLAT R
BHE 0% TR TR T 00T 9 S0 2 R R

2 KWHERSHMW

2.1 HFEHE

e FT LML IR B 14 P B T30l R R S 56 B 56
WEFT &7 o SCI & SR A R 4 PR . il
G H AL T B g Bl R e OB T A A
B E A B Al R Ry v R il 745 S NU205EM,
Jin 3 B A% B % (PCB315A) L T i 3 i K | o
il 7R T — B — T < o P (TF ) (TR S AR i e
(RF) A4 (OF) , DL K —Fh & A b - A L S
BN IAE A M (ORF) , Lk FEic b NC. HLHLEE
S F M 0~1500 r/min, ¥8 85 15 5 5k JH LMS 4
FAERGLL12.8 kHz RFESIHRRAE

Shy 56 IR T B 5 vk A b B AR LR R T
BT R BT A B0 4R P 0 RE AR 40 1200 S A
AR

(1) 23 T - ALAE 10 s BAIN B 1500 r/min
S R AR et FR AL SE PRz B b b R A
BLBT SR 4 B 1 AN 58 25 BN 4R L S A 5 1 i I 2 i
g 785 A I 2R B8, LA 90 % 1l H 4 A8 5 43 1 i
GRS E 5, R T 3RS 1000 A FEAS, dE iy
5000 A HEAS 4 R I 254

(2) P52 T« ok T OB SE PR as 7 i 45 1Y
JE VR B0, BT A (RS B AR (1 5 S 7E 10 s 9 20
HEAT 28 /D — YRk U U A 1 U0 48, LR s AR A v K
F 100 r/min. %% 3 AF f A B W B S BT R, A O 36 IE
ATy B KBS, TDR 38R o b 4 1 A 280F)
B PR T OB, DL 1096 A9 8 R A8 8 40 5 R A6 IR
G, R T 2845 500N REA, 4k 2500 4> RE
A TDR B4 .

(3) fH 5 5 T2 00« 48 5 SRR A 114 % 1A b R Oy
O, X FARFR 00, H SN A RN 2 R K,
IRV SR ERLEY SRV o N o i /S E 7 ) I & 7 NP
KA T 800, 1000 F1 1500 r/min % 38 T (19 5 4 (43 31
I TD1, TD2 # TD3 27~ ) ok I3 A= il 50405 1) 47 8%
PE o Ry 0B A ST BN AR 0 BE AL | 3 A 3 BB
BURE At a5 5 11 7 R RE AR, B i 5 0 T 200
T EEHLIRAS 500 N EEAS, TD1, TD2 Al TD3 54 4 45
155 2500 FEAR

sl | WA

I |

| S

(st

P

P4 e S g 1 R e R
Fig.4 Test rig of machinery faulty experiment and the

bearing with faults

1600 NC—ORF—IF—RF—OF

1400

1200 {7

34 / (r » min™)

1000

800}

600

0 5I 1I0 1I5 2IO 2IS 3IO
W /s
PS5 TDR B & v A [a] 4 R B0 R AS Y % 28 A1 1L
Fig. 5 Rotating speeds of testing dataset TDR with different

health conditions

2.2 FTWHERSH

2.2.1 FREMKEGLBLER

BRIfFESRT,, T,, ¢, ¢, A, RUKE, 5
ik & & 100, 100, 0.01, 1, 1, 10, 2000, # %1 F]
A 52 £ U 2k Bodils B I 4605, R B TD1, TD2,
TD3 A TDR ¥4f8 &2 #EA7 M0k o Sy 17 56 ik i 428 J7 %
B9 RME SR S A 5 vk A HE 42 45 4 A ) Y
1-D-CNN B R Al B R A i A7 )0 25 0 %o i 3
Bl AT I2 8, 5 T R Oy W AT N L o g A S g
77 10k, FrAs 45 R Aan & 6 i .



672 B’ s T ®B ¥ W %37 %
100 100
99| [J1-D-CNNEESSDA

I 98 |
R X
= 5 9
& 4 |
e T %
N 2
L 92 L
861 [1 90

TD1 TD2 TD3 TDR
A K4
F6 ASTE] I AR 12 Wi 4G

Fig. 6 Diagnosis results of different testing datasets

MEL6 R LLFE Y, WD 7 12 W TD1, TD2
AT D3 E 4 4 (1912 W fE 1 % B A T2 B TDR 19
WERA S, 1S i T AR B T IR 5080 4 10 7 s 4
AAETEZMILshEEA, RE 1-D-CNN 5 SSDA #
8B 12 W Ao A A R 45 4 57 4 A [ AEL P R T I
B2 W7 25 SR A7 35 22 85 . 1-D-CNN 1 12 b 8 5% i
B 42 B VR RN 9094, 2 W IR AR T AL
e 5 B VE AR R A 91.67%~92.54% ., W
SSDA J7#: 5 1-D-CNN # [ , 12 i 18 %% o 5 4 48
I MERRIE R T 10% KL L, X TDR B2 W i o %
PEEH) T 98.55%~99.07 % o X 1 B 2 H Yy Tk R
% 15 AR B AR A S B 7 B0 HE A T HE B 42 00 o8 5 s
AR L I T 4 v I GRS TR 1 12 T R
2.2.2 BEKSH

WL T NBSH T, T,, &, &,
AvR,E,. i HTHREA¥TMESET, M
E,, VLB FH T 0808 15 58 0 88 S50 T, 280 % I 25
TR JE 7 )RR 1) 8 2800, 7 AR T v v X 45 51 14 52 i)
BN AN AR I T, e, E, M T, 50500
100, 0.01, 2000, 100, A& EEZHFITE S He,, A,
RTEZ Wi TDR 048 5 155 189 52

L7 S N TR) e KAE 8 IR EL R W2 W 45 2R 1 5%
Wl o MNP AT DUE R R 38 5 (R = 1) 1
AW HER R U] s T R B s (R=1)
YRR 28 o 3100 W BR 0 3 5i vk AT AR v 0
B2 10 6 A P L SR B SL N R R ez kB . Bl
I RAG IR UL R (380, 12 W i i R 3 R 52t 1 T}
R XU A e AR R B 2 8 7S 1 I 2R 5L
Tt 2 0 58 2%, U ASE 7R 3 3ok 22 R R AR I 25 S 2
TEB R M AR 2 (LR Bk A . MBI TR ] LB
H Y Rt 3R ZE 6 B 2 Wi R T 2 R
AR R R BB IR S 5 B
IR IF ) 35 0, {E 2 78 8 7 /2 04 R S0 35 B E)
A AR B TR N ) AR S AT SRV o BRI, SR ORAIE
A= U Y o, I R KRG FRIREL R KT 6, R
BAREY TE6MHU L.

01 23 4567 8910
BRRIEFIRER
FL7 TRl g A B0 UK R %12 W 245 2R A 5% el
Fig. 7 The influence of different maximum cycle times R

on the diagnosis results

K8 N A A I8 37 R B AR IS 4 iy . M
EIrh el LUE 1, 2598 55 R ECA R 0.001 I, 12 W7 B
SRR L A O AR T 22 A8/ o 3 U 2 9 1 R 4L
iF/NEE, B bR SR ELL . R B K, T BOROE B o
R A AR T G AR BURE AR 5 D AR AR A 8 AR DL
DAL I %oF T At 232 1 4 H AR T3/ 0N, HL AR BURE A 1 22
LR NI R EROY A =X W N R VIS
AR (A =50 8 100) B 45 4 12 Wy o 1 32 1 T 25 8%
KW g RN . U AR s sh e A 1 22 5 1k
P2 BRI 25 A i T R SRR AR, 5 BB 12 W
AT . AU EERAW REBAMEFIR L
Eho

100

9r

98 !!

- '
ol = I
%»!! :

95 4

BWHERZE / %

%001 o1 1 1050 100
P RE A
B8 [l 135 £ %0 A X2 W 45 1 5% i

Fig. 8 The influence of different adjustment coefficient A on

the diagnosis results

B9 R A [ AR AR 2R 7 2] 3R e, X2 T 45 2R Y 3
Wi o DK Hp AT DA Y A BRE AR B 27 2] 00 T R
WA R R . B 5 ) R AR, 2 W v
BRI w8/ o S AR e A 2 2] il e AR
FEAEC LI T X I ZR AR A 19 J5 30wl 22 SRy e A
e HEAT RO 1 9 ) ol T 2 RO i B 2 5 T I 2k
FEATD IR A, PRI I 25 09 40 22 B B o o T d A0 A
Ab o B B /N A 2 T AR ABIR I 7 AT BRI £ 1T
YRS N R TR A T e A%kt A TORE A, S EROTR M 2R AL
BREAS o 2o o] BB, 23 S BUBCYE 1 5 o e b



Bal

LW, AR SR BR AR T HUARIE [ 2 > B0 1 0 TR S Bl R 2 T vk 673

19 B AR 2E S PR RO, AR T L S R AR O AR E
HE T 5 EO2 Wi R 89 7 22 80K . AR BT A 52 0 45
R BT 55 B o ) R e MEFE(E N 1,

99 =
-
98}
97 + -

LR / %

96 I

95F T 1

94—.

00l 01 1 5 10 100
) Fe,

BE9 N[22 H e, X2 Wl SR 1) 52

Fig. 9 The influence of different learning rate ¢, on the

diagnosis results

2.3 FEXLSH

i T UE B SSDA AT &M | 3% FH = Bl £l 1 o
O ik AT e, 4 i o GANYY ) ACGAN™ Al
MLI-DGAN™Y, [a] i, 8 B iE 47 85000 1 5 B 5 87
P27 e A HE LR — B0 1-D-CNN A Sk 5 A B Y 2
B AN, Sy 1 gk R 1 X T R bR I 2R AR
SERMER Y FERE ST IR E T SSDA-T, Bl i SSDA
PEAT B S i L R A B0 0 806 4 D) FOR I 4k
FF4R 5 vk S AHE SR — 21 1-D-CNN. Jif A Jr ik 2%
FH 2. 1795 B IR B8 U 25, R T TDR 3080 A2 03,
il I S AT L0 250 5 A 25 SR a3k 2 7w o

MR 2 Rl LA AR R IR R AR I 2R Y
1-D-CNN (132 Wi 1 1 58 de AIK, 156 B D 4y 1) DI 25 5080
82 N AN 58 4 I B0 A | e i Bd A A A — S B
FEAR 4% G0 1 8 g 12 WA I A R A8 2 0 R oI
WSROI G Wi R R L (AR, AT
GAN [ 808 14 5 7 7412 Wioks B2 48 T 42 4 /9 SS-
DA, X2l T T GAN B 7 2 e g 2k i 5 R A
FEACTE 2T O RE A, HL AR e R A 14 M B A, o
DAY 70 )5 06 s £ 1 52 8 Mk o 3 1 9 SSDA 35 31| fi
T B SF 2492 B v R 98.86 %0, SSDA-T W15 5] 1 2%

2 XLEFETHR

Tab.2 Comparisons of different metheds

LRES - U %/ Vo F 122
1-D-CNN 91.76 0.68
GAN 95.89 0.59
ACGAN 96.37 0.51
ML1-DGAN 96.67 0.63
SSDA-T 98.58 0.43
SSDA 98.86 0.56

LAY 25 AR UL 2 9 05 ik A URE RS 15 2R AR T
DLT B REIS WA AL T LG A= R B R AR BE A K 4
o Y 70 I i B A 1 52 A 1 O LA Y 4R 11 52 4
f1h 5 Bl DI 2 B0 4

2.4 HHEESENEIITIE

Oy 2t — 25 B 5T T 4 7 % A R A B ML AR o e
PET7 WA U RE AR BEAT TR SE o SR AT S 8, Ak
T b B B AR R T 10 B 75 B) Dy, Dy, e
D, Forh DR JEG U SR i 5 o AN M, ey A2 i
Bobe 2 B N g Bs S vh D), DY, -+ D" Ko, D}
H R GREA . A5 L% TDR 5 D7, D,
4 - 35 70 A1 QB S , 45 SR AN 8T 10 s o AR HpaT
VAFE Bl 3 B A2 Oy By 580, A s Kol 48 D
Lo TR e B R s 5 D75 4 TDR B9 B B 1
BAWN . T TDRZ AR5 T TR
SR, DRI AT DL A O 2 o8 s e 4B . W RUA
A B RSCHE o B I B ) 0 A L 1) 58 o RO R
T 50 I A B 5 40 A1 B T 58 A MO 4
5.30
525¢
5.20F
5.15¢
5.10f
5.05F
5.00F
495t

4901
4.85

REAETDR 5D E B
I REETDR 5D’ HIEE B

HREEIE S

01 2345678910
HHREAERTF S
FI10  aCAR 5 0 41 i A i AR f) B
Fig. 10 Distance between TDR and D] or D}

Shy ST U b BF 5T B O v AR B RE A ]
— YN A AN [ Bl A U T I A 3 3 A X
o, i g R an /& 11 it o IR R LA A K
B BE AR 7 1 B DGR R AR BEARAE A JE Rl L X REAR
4015 AR EAT AL B . i, ORF BEAS B Wi 4K B T
2600 Hz 2247 (AR EFAE , 11 1IF , RF Fl OF #f 7 1] 3
Tk HE I A A AR U R B IR AR 2 R

Sk T iE— 25 B 5 5 vk 0 EHE AR LR L BT T
AR

(1) B H B 5 5 BE B o, BV 2 B AR A 5 W)
FEREAR A B, HoE LR .

1 n, 1 n,
72x1vr.( - 72x1,r*l.(
ne i3 e i3 )

A AURABFORES s AURBEAR LT 5 52, AR
T r A R R ZS O ¢ BYREAS 5 e AR A HEAR
BN WA Y B .

d,.. = (11)




674 W& L

o537 %

(2) ORF

(b) Pyl

(b) IF

‘ %)
&
%
3000 2000 075
1000
E / He ¢ *@‘%}
(c) Bhficif iz
(c)RF

PIE / He L
(d) Sl e
(d) OF
BI1L AEBEARATE TS r R A BT X [
Fig. 11 Spectrums of samples of different

(2) A= RO 4 5 I R Bt AR IS o, T g
By e A
1

1 n,
7z‘rl‘h(' 7 72*11.0.('

nei=1 nei=1

du,r,r: (12)

2

(3) 4 LI B 5 I o 23l 4 10 B AR MR 8
N d ) FHE, HA 5 A

.
dx.r, 9 - 2 dl‘ ic
i=1

Pl 12 29 A [ B0 36 26 T 5 Y S BR BE e DA
Pl LAFE Y, B UCAE A REAS 5 R — AR B AR A
(R 1 e AL, 15 B e 0 A TR AR 1) i R A B

(13)

P 13 g AN ) i 4 4 A2 18U 5 B BB o, DA T
ol LA, SRR IR B R A] L J, I W Y
TR R RE A AU B T A R Kl 4R
5 TR0 0 HE B A B R ORI H 1 Kt
5 7 1 BOR B UGE U b — U A R AS A
KN BA BB (B AE S A b J2 645 0 2 5t ik %X
I 4R 0977 18] A RN Y o

0.9 M NC— ORF=TF
0.8 -oRF

0.7r
0.6
0.5r
0.4
03r
02 F X
0.1r
723 45 6 7 3
HARHEE TS
B2 AEREAR AT 5 r 9 58S d,
Fig. 12 Distance d, of different r

BB B B B d,

9 10

~ 40

I~ -4-NC - ORF—IF

m 357 -©RF ¢ OF = FH#fH

& 30}

B

&/ 25f

£ 20l

Ip L

& 15

o0t

§ 0.5+

#Ho .
1 2 3 45 6 7 8 9 10

BlREERTS
E13  AREREA A BT 5 r RS d,

Fig. 13 Distance d, of different

P 14 O A TR BE A A 00 5 B RS o, R d 1T
. IWER AT LIE I, d IR R T d, X B8 A R
A R A B S R AL T LA (R R Oy 5 5 B R
P15 B s (978 S P EAT B o L DY O ak AR 4]
AR A U A B BSOHE B E 2 bnT USRSy JLER X

4.0

AR AR S R G ERE S #d,
4.5 =k R AR S R AR R R
351 MEEEd,
3.0f
g 25¢
= 20f
15}
10}
05t
0 1 1 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10
BHRELE BT S
E 14 ANFEEEARERFS r i d fMd

Fig. 14 Distance d, and d, of different »



LW, AR SR BR AR T HUARIE [ 2 > B0 1 0 TR S Bl R 2 T vk 675

15
Fig. 15 Schematic of the process of SSDA

SSDA 119 ¥t A= s AL i 7 55 1

A . dIRERT d,, WA B R ORI
Tl e T AR SRR BT R D5 A AR R I
SR R/ Y B AL 2 b 1) g B AL PRAIE TR
JEAEAS 1) 22 BE A

3 & it

A SRR XS AR RS 32 47 00T SR A 19U R 4 dis
TN 52 £ 1 0] AL, DA AE REAIE 3 R AS 97 5 I 0 s 4
(58 w5 PO A B2 0 T AR v o o B Y o il
LWk IRl 2 HE R AR LSRG R T 4
IPEAEASE 2 N G306 5 T 12 W AR A2 T 00 i A
AS AT R RO M o TR T ik BE S A5 B2 AL g
J1 8GR W L2 WA, AT LUOAIE RS 2 2] TR IR
A 5 1 AR BE R SO B BERE LR . PR AR ESIE T

(1)K — 2 45 BUR 22 ) 45 1 I 5 ok 7 1R A 7Y
27 o AT A SRR A B Fn e, O R T REAR Z B dk
L5 A58 T RN A T vk A BURE A, B A R RE A BE S A
R 78 Ik Rl 4R 1 e A

(2)38 it 5 2 5 F GAN J7 ik i %t 1, 0 1
[ $e I IR AEAS O 5 I G e 4 26 1 R 2 Wl P A2 T
D0 B AR A ) DI B

(3) AN [) B 4l 25 B B R AR 2 S 3 W T 42 07
VEAE A R I TR I i T 2 S R AN 1) P Y B
BUPE  DRIIE T 2R R AR B 2 A4

S X ik:

(1] ke, #55RHE, AR R, 45 . /NI IE IR 5 FIOH C I B
i TS BUR B A AL i il R SRR a2 i (D] diR3h TR 2
%, 2021, 34(6): 1313-1322.
ZHANG Long, CAI Binghuan, XIONG Guoliang, et
al. Bearing fault diagnosis based on synchronous optimi-
zation of wavelet filter and MCKD parameters[J]. Jour-
nal of Vibration Engineering, 2021, 34(6): 1313-1322.

[2] LI Xuegang, JIANG Xingxing, WANG Qian, et al.
Multi-perspective deep transfer learning model: a prom-

ising tool for bearing intelligent fault diagnosis under

[3]

[5]

[7]

[9]

[10]

varying working conditions[J]. Knowledge-Based Sys-
tems, 2022, 243: 108443.

LU Nannan, XIAO Hanhan, SUN Yanjing, et al. A
new method for intelligent fault diagnosis of machines
based on unsupervised domain adaptation[J]. Neuro-
computing, 2021, 427: 96-109.

TArE, AHENG, BB, . BN S TR SRR
B RSB Wy RS (D). PRl AR AR, 2020, 33
(2):391-399.

WANG Jinrui, LI Shunming, QIAN Weiwei, et al.
Roller bearing intelligent fault diagnosis method under
speed fluctuation condition[J]. Journal of Vibration En-
gineering, 2020, 33(2): 391-399.

XUE Hongtao, DING Dianyong, ZHANG Ziming, et
al. A fuzzy system of operation safety assessment using
multimodel linkage and multistage collaboration for in-
wheel motor[J]. IEEE Transactions on Fuzzy Systems,
2022, 30(4): 999-1013.

LEI Yaguo, YANG Bin, JIANG Xinwei, et al. Appli-
cations of machine learning to machine fault diagnosis:
a review and roadmap[J]. Mechanical Systems and Sig-
nal Processing, 2020, 138: 106587.

AR, DAEgE, g, % BT VMD_MPE Ml
FCM 38 10 78 56 3 T 00 F 5% A - i S B 12 W 7 ik
(1] #R3h 5 uhik | 2022,41(14) : 290-298.

ZHONG Zhixian, MA Liyi, CAI Zhonghou, et al.
Method of rotor unbalance fault diagnosis under vari-
able-speed conditions based on VMD MPE and FCM
clustering[ J]. Journal of Vibration and Shock, 2022, 41
(14): 290-298.

BRAERR R ), 358 A JE B U R B 1 VR Bl il 7R
SRS W 7 1 [T ). 79 R 2238 R 27 2 4, 2024, 59(1)
220-228.

HAN Jialin, GAO Hongli, GUO Liang, et al. Bearing
fault diagnosis method based on order tracking without
rotational speed[J]. Journal of Southwest Jiaotong Uni-
versity, 2024, 59(1): 220-228.

HONG Kaixing, JIN Ming, HUANG Hai. Transform-
er winding fault diagnosis using vibration image and
deep learning [J]. IEEE Transactions on Power Deliv-
ery, 2021, 36(2): 676-685.

SHAO Haidong, XIA Min, HAN Guangjie, et al. In-
telligent fault diagnosis of rotor-bearing system under
varying working conditions with modified transfer con-
volutional neural network and thermal images[J]. IEEE
Transactions on Industrial Informatics, 2021, 17(5) .
3488-3496.

SHAO Siyu, SUN Wenjun, YAN Rugqiang, et al. A
deep learning approach for fault diagnosis of induction
motors in manufacturing[ J]. Chinese Journal of Me-

chanical Engineering, 2017, 30(6): 1347-1356.



676

& @ L

%37 &

[12] SHAO Haidong, DING Ziyang, CHENG Junsheng, et

al. Intelligent fault diagnosis among different rotating
machines using novel stacked transfer autoencoder opti-

mized by PSO[J]. ISA Transactions, 2020, 105:308-319.

[13] PENG Dandan, WANG Huan, LIU Zhiliang, et al.

Multibranch and multiscale CNN for fault diagnosis of
wheelset bearings under strong noise and variable load
condition[J]. IEEE Transactions on Industrial Informat-
ics, 2020,16(7): 4949-4960.

[14] AN Zenghui, LI Shunming, WANG lJinrui, et al. A

novel bearing intelligent fault diagnosis framework un-
der time-varying working conditions using recurrent neu-

ral network[J]. ISA Transactions, 2020, 100: 155-170.

[15] CAO Hongru, SHAO Haidong, ZHONG Xiang, et al.

Unsupervised domain-share CNN for machine fault
transfer diagnosis from steady speeds to time-varying
speeds[J]. Journal of Manufacturing Systems, 2022,
62: 186-198.

[16] LU Na, YIN Tao. Transferable common feature space

mining for fault diagnosis with imbalanced data[J]. Me-
chanical Systems and Signal Processing, 2021, 156:
107645.

[18]

[20]

table data augmentation scheme for machine fault diag-
nosis based on a sparsity-constrained generative adver-
sarial network [J]. Expert Systems with Applications,
2021, 182: 115234.

EWEE, E4E, Wb, %5500 PRRR R ALK
B REHCRIZ W T SRR S [T]. PR 8h TR AR e, 2021, 34
(6): 1305-1312.

WANG Xiaoyu, WANG Jinrui, HAN Baokun, et al.
Intelligent fault diagnosis method for signal resolution
enhancement[J]. Journal of Vibration Engineering,
2021, 34(6): 1305-1312.

ZHOU Funa, YANG Shuai, FUJITA H, et al. Deep
learning faultdiagnosis method based on global optimiza-
tion GAN for unbalanced data [J]. Knowledge-Based
Systems, 2020, 187: 104837.

SHAO Siyu, WANG Pu, YAN Ruqiang, Generative
adversarial networks for data augmentation in machine
fault diagnosis[J]. Computers in Industry, 2019, 106:
85-93.

GUO Qingwen, LI Yibin, SONG Yan, et al. Intelli-
gent fault diagnosis method based on full 1-D convolu-

tional generative adversarial network[ J]. IEEE Transac-

[17] MA Liang, DING Yu, WANG Zili, et al. An interpre- tions on Industrial Informatics, 2020, 16(3): 2044-2053.

Standard self-learned data augmentation for rolling bearing fault diagnosis

using incomplete training dataset

AN Zeng-hui', JIANG Xing-xing’, YANG Rui', ZHAO Lei', ZHU Zhong-kui*, L1 Shun-ming’
(1.School of Mechanical and Electrical Engineering, Shandong Jianzhu University, Jinan 250101, China;
2.School of Rail Transportation, Soochow University, Suzhou 215131, China; 3.College of Energy and Power Engineering,
Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract: Intelligent fault diagnosis of rolling bearings is important for guaranteeing the safe of equipment. However, the non-sta-
tionary conditions lead to the incomplete collected training datasets, which makes the data-driven model learn the limited diagnostic
knowledge. This declines the testing accuracy observably. To solve this problem, a Standard Self-Learned Data Augmentation
(SSDA) fault diagnosis method is proposed, which can generate disturbed samples to expand the completeness of the original data-
set. The method includes two training steps: standard self-learning and data augmentation. The training process of one-dimensional
convolutional neural network is regarded as the self-learned standard of model to judge disturbed samples. Based on this standard,
sample parameterization and model datalization are used to generate disturbed samples. By alternately carrying out the two steps,
not only the disturbed data can be generated to augment the completeness, but also the fault diagnosis model under non-stationary
conditions can be obtained. In addition, by studying the sample differences with different data generating number, it is found that
the randomness of distance and direction is superimposed on the randomness of the proposed method to guaranteeing the diversity
of the generated samples. Experimental results show that the proposed method is effective and advantageous in diagnosing bearing

fault with incomplete training data sets under non-stationary conditions.
Key words: intelligent fault diagnosis;rolling bearings ;data augmentation ;non-stationary condition
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