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A transfer learning method for bearing fault diagnosis under finite variable
working conditions and its application in train axle-box bearings fault diagnosis
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Abstract; This article takes the high-speed train axle box bearing as the research object. A bearing fault diagnosis method is proposed to
deal with finite variable working conditions, which is based on the supervised auto encoder feature representation transfer. The feature
sequences of different working conditions are mapped to the reference condition feature sequences. In this way, the influence of condition
change on bearing fault feature is decreased. The migrated features are inputted into the fault diagnosis model based on the convolution
neural network, which is pre-trained by the reference condition training feature sets. Then, the axle box bearing fault diagnosis is
achieved under variable working conditions. The open bearing data of Case Western Reserve University and the high-speed axle box
bearing data are utilized. Experimental results show that the accuracy of fault identification has been greatly improved after feature
migration. The method can achieve the feature migration under different working conditions and reduce the distortion of fault features
caused by the change of working conditions.

Keywords : axle box bearing; supervised auto-encoder; feature representation transfer; convolutional neural network; fault diagnosis.
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Fig. 1 Transfer component analysis method
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under variable working condition
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Fig.4 Supervised auto-encoder neural network architecture
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x5 APHEIBEZTREFISEHER

Table 5 Multi-condition fault diagnosis results using unmigrated data features %
TE 3% H b ik
I REARRIE SR
WIGFEAFHIE AR YR 2 ARl E
A B C D
A 100 99.2 62.8 57.4 57.9 69.3
B 99.8 58.6 98.6 80.7 58.7 74.1
C 99.7 55.1 84.1 97.2 73.5 77.5
D 99. 8 59.5 78.6 77.5 98.2 78.4
3) THUFIEIT R ROR WS DR ZEHREL /N o FErp | XU L G + B B2 i 1142 () P

N T UEIE T B X E i A 1) TOLE R RCR B s (W, _AF_W,_AF ) B TOUTE AR B AL e )
TOAANERZSH T, IS5 TOURIE D hp0-1 797 rpm 38, IRZEEFR/D,
TOLT BRHE , X AT REAS SRR 29 A SR AR A PL 0. 18 mm i B RSF T i A 18] i b o ], 5 T
H—AkJ5 K T8 B,C A1 D MIZARIEER A TOURFIE W _AF_W,_AF BIR R AR SR RS 25 SR &l 9 fios,
WRATR [0 275 T 00 A X RREAR BORHIEAR ST RS . A BB ARSR R AR (7 41, AR B AR I — AL i B9
[l TOLIE AR AR 22 5 AN 6 P, SRMEMUAR  (EHR (R, A — o0 IO — D RAE ) B AR AR AT SRR
e, 9L AF B AR RS BRI 2R 22 Sl R Rl AN B it R AQ R R /] T80 F B R AR 51, T
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Table 6 Training error of different feature transfer models
FHIEIT RO RS54 IR 2 HRJR TR 2
W, 7.0x1073 0.31
W,_AF 7.1x1073 0.29
W,_W, 5.9x1073 0.21
W,_AF_W, 2.1x1073 0.18
W,_AF_W,_AF 1.9x107° 0.12

W,_AF_W,_AF 25T B R E 4 B B A1
FRAE T RS SR | A8 12 A5 70 rp 4 20 U 0 45 52 . I R 8L 0
PRECK A B EBRMBETRIRE S mnita
i,

1.0

0.8
Zos6
S0
] 04
T
=02
0
FHEFF51
(RIEBHFHER 5
(a)Feature sequence before transferring
1.0 hp0-1 797 rpm
ER Speh
0.8 —#— hpz- rpm
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<
] 04
N .
0 , . ') il . )
5 10 15 20 25 30
RHERF51
(b)ERFRHAEF

(b)Feature sequence after transferring

o AMEKER 0. 18 mm FFAEE AL AT X L
Fig. 9  Comparison of bearing feature sequence before and

after transferring for outer race fault with 0. 18 mm

PERCT 00 A YRR TR K B, C Al D T 0L AR ARAE
g ARG R E SAE BETIER 5, BEHLTT AL
AH A THYIZREREE B CNN 581 455 B, C Al
D T I R R AE S 3 B8 I 178 03X 1 38 A B AR 73
HEWR R 10 WA A RNEK 7 PR, K5I ABIE R
BUH SAE AR | BASE R T OURE W48 A S A SR B T B /)
I35k 80. 3% 1 82% T2 AR R JAE I + B )2 1 J2 )
O 1) SAE SERJ5 B RRIE LM i R A T AR K
T IR RIR S T 97.15% . LA EAMRra ], JE T 1k
B A gttt TR RE B3R THEF 00 A IR
Zf) CNN BT T B, C FI D SRR

F7 IR AEAHREHARKENXBREI[OZRITE
Table 7 Training accuracy of different SAE structure using

the model trained using condition A features %

TR S5 FEARRAE SRR 2R Sy
SAE %514 )

B C D HEH %

KifFs 62.8 57.4 57.9 59.4

W, 89.7 84.5 72.4 80.3

W, _AF 90.2 89.6 87.6 89. 1
W,_W, 88.7 84.9 72.5 82.0
W,_AF_W, 91.0 96. 1 99.2 95.4
W,_AF_W,_AF 95.6 9.5 97.3 97. 15

H T B T W S A S AR R CNN X 4
RAR T LIS 2 WG | 43 B LAl T 00 4 S Yk,
oAb T LR SR E S S50 W, _AF_W,AF B W =X A 4
a8 ) HXE R S, i A X 7 Y538k ) CININ i s 7900 A 750
HE 10 YORE, MHEf R L5 RN ER 8 s, 5£ 5 M
L, S FRAE TR IS 10, Sl R SRR R B A T W E T
AN[AEIRAS 2 (1) CNN R 22 B AE 3T A% S 1) 1 247 9000 38
THRARIE RN T 96% LA L, e DL C T8 IR, 24510
R G MR HER Rl 77, 5% 42T = 97.25%

KR8 HHEZR W,_AF_W,AF %5#] SAE 7% J/5 CNN & TR EISH &R

Table 8 Diagnosis results of feature transfer model based on W,_AF_W,AF structure

%

PR H bRl
N o IAREAS R AR P
YIGREAFRIE 4 YR % "
A B C D R
A 100 99.2 95.6 9.5 97.3 97.15
B 99.8 95.7 98.6 95. 1 98.0 96. 80
C 99. 7 96. 4 9. 8 98.2 97.6 97.25
D 99.8 9. 6 9.5 96.2 98.7 96. 90

BT AL, AR SCHR Y A 3 T B X 2 B e
TSR R AR 28 0 246 1) il R T B0 RRei2 W i 7

CWRU HRBHEE FEAS T RIEFARCER, Hi, EF#
SRR + B2 i 2 [R) I 8 1 W 2K A G T 2R R AR
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UM SCEUAR R TO0 T A IEER TR . T i — 2 e AR
SCHEI TR A RN, 2 9 45 S % SOk 2 TR RS AL
G343 BTN () il 7 AR T 00 B 32 W 7 %+ CWRU
ARECHE B I v R R, TR S R, 2% 3
MR[15-20] 0 2 1 Y 28 T 00 Sl K B BE 12 W O 9 T T
CWRU il 78 B0 45 48 1 0 X0 vFE 1 2R 222 94% ~ 97% 2
(B8], ASSCHE I YA TR R 0] LR B 97. 15% , BA K=
A A AR ZS U R

&9 JLFET TCA WAMBKFHABEES
TR W iR S RAT e
Table 9 Comparisons of the proposed method with previous
TCA-based studies adopting the CWRU dataset.

[EUORIES pUlEN
i e <£§E%ﬁ)ﬁ$2%
[15] TR SERZML A/BC 96.75
[16] RHIETER % 2] 5 SRl L B/ACD 9.25
[17] FFIEIT RS 2] 5 SCRp AL C/ABD 9.20
(18] EBWZHTS BP Mz A/BCD 91.30
[19] AERALREA—C S ERIZ LS B/CD 96.79
[20]  HHIETE 5 K-FakdBsrdk B/CD 93.80
ij; FHETH = SE T2 2% A/BCD 97.15

4.2 SEFIFHAMALIEIIE

1) B ik

SR AR R H A A R G R R TR S
BB RR AR G, WK 10 FoR AR D)
N A e S Sl L 2 5 A ) K O Kl | B YR e
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Fig. 10  The sketch of rolling vibration test rig of train
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Fig. 11 Experimental condition design for HST
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Table 10 Data description for HST

A HORR ﬁzi s 'L:%‘T
1EH * 0 6 600/600
SR A R i : 1 6 600/600
SMNEIRE S ¢ 2 6 600/600
SRR B 3 6 600/600
A1 i 4 6 600/600
1Pl e ST 5 6 600/600

2) JFHRFFAE CNN (22 005 R ik 2 Wi

3 $E 200,250,300 F1 350 km/h £ A 5 355k 11|
Yk CNN oA, B 4351 LU 00T M Il 24
PN ZRAEAE S, SR IR B T8 A CNN i B 350 0 A5
R, SRIGREITA 6 Fb T 00 3 AR i A g A TR 25 1Y)
CNN FERSHA TN, 75 BB ARYAE AN 6] 00T 030 i e
R LIRSS R, B TR 6 ANlvR R, A2k
A 100 MEHEFEA ST 600 MIZAEAR, EHE 10 Wik
5, 2 Mg R R 11 s,
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Table 11 Multi-condition fault diagnosis results using unmigrated data features for HST %
b AR
y ”%‘ﬁ% HERIA B BIFAE S REN T
FRELE 100 km/h 150 km/h 200 km/h 250 km/h 300 km/h 350 km/h
200 km/h 100 54.0 63.5 100 85.3 71.5 47. 800 70. 4
250 km/h 100 70.3 65.5 79.0 100 59.8 23.300 66.3
300 km/h 100 41.5 39.2 64.8 74.3 100 0. 833 53.4
350 km/h 100 15.3 27.3 18.7 28.5 82.5 99. 800 45.4
[ — THLF , 56T CNN 5l iR e s 12 W 3k i n . ;s
RS OLR, 4 FRRI AR EBER T o . 7
100% , e B SR A1E 99. 8% LA -, EL6H T HoMls T 350 i Eoo A
W12 W TR R AR , 4 A IS, CNIN B8 i2 i Ass 764 ) S g 04 \ N ‘  R d ‘ \"i\ A
MR UER AT T 71% . VI PE S AAA [ 4 i LN VLAY |
T Bl R IR NS 5 R 25 R OR, B — T I 2R 10 %ﬁ'fw 20 » 30
CNN it Wit i (132 A RE 2% (@ REBHFHE 5]
3) THER R y (a)Fea;ureisE;;};(;e before transferring @
BEHR 350 km/h T-BUVE NI, B 2% T OURRAE o 51 = 08 v I N
%6 350 km/h 5L BORFAE G HAL T LA DR AR gos [\ T I
B 29 A SR AT AE , U — 10 S5 , A T 0L AE ST 38 L o4 \ Fi ! |
PR bafls TR X B REAS (O RFAE TS . g A "l \\ AR S Y
[ Y TOLE RSB R ZE 25 AN 12 s, 10 15 20 25 30
FEAE RS
(O)XER R4 P51

12 AEIAEIBERIRELER
Table 12 Training accuracy of feature transfer model
based ondifferent SAE structure for HST bearing

FHIE T R A5 TN iR IR R 2
W, 1.3x1073 0.21
W,_AF 1.6x107° 0.23
W,_W, 1.1x107° 0.19
W,_AF_W, 2.9x107* 0.18
W, _AF_W,_AF 1.8x107 0.11

TR TR | 56T B8 R 4 + Bl 2 i 1 2
[ BTG 1 S i A TR X il 4 b R N R TR A A e
MO0 B & R, LLAI Bl ™ o R R RE Ry ], R T
W,_AF_W, AF BRI IEE B R A 12 i, B
o R AR AR R T 51, A AR AR I — b 5 A R 1IE
MR, B — T OLIEUE — N REAE B FE A ST R AN [
i 2SR TR RE)T 5, B 12 R 20t
XU A+ B 2 i 118 2 () 0 1 ) i B R ST
J B EH G AN () T30 365 ol P A A e 7 5 e i Ry 2 15 )
TIHBR

(b)Feature sequence after transferring

P12 SRR B RS E P81 I A2 1A A EE A
Fig. 12 Comparison of bearing feature sequence before and

after transferring for severe outer race fault
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R RS 5 A R 53, 4% 38T % 99. 4%

4) JUT AR H A8 T SRS T 2 30 4R

AL B bR N & A Tk — A s AR
T BRI AR B AR SRS I 1R TR LA BT 3h 42 L b IR
YeEZR G, A SCHR 0 5 5 9 A2 IR A 47 1) 56 2R
mE 13 iR, ZHER EEARELRE SRR, 48R
GLanAT AR BT 3 AR B, i TR HEA | R AR
TS W AR AL 7R R A R TR = T
THEERE, M HS RN G R E 0 EE, )
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Table 13 Multi-condition diagnosis results of CNN after feature transfer
TR H Ardsk
HER=S - WA RAE SR Sty
FHIESE 100 km/h 150 km/h 200 km/h 250 km/h 300 km/h 350 km/h MRS
200 km/h 100 99. 80 99. 1 100 98. 8 100 98.2 99.3
250 km/h 100 100 99. 6 100 100 100 97.0 99. 4
300 km/h 100 100 100 100 100 100 96.2 99. 4
350 km/h 100 95.33 98.0 99. 8 99.5 99.8 99.8 98.7
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Fig. 13 Collaborative maintenance system framework for HST
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Fig. 14  The technical route of fault diagnosis for high-speed

train axle-box bearings
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