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Rolling bearing life stage recognition based on multi-classifier integration
of the weighted and balanced distribution adaptation
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(1.Chongqing Engineering Laboratory for Transportation Engineering Application Robot, Chongqing Jiaotong

University, Chongqing 400074, China; 2.The State Key Laboratory of Mechanical
Transmission, Chongqing University, Chongqing 400030, China)

Abstract ; For rolling bearing life stage identification, a small number of samples cannot be effectively identified due to the limited sample
imbalance under different working conditions. To solve this problem, a multi-classifier integration of the weighted and balanced
distribution adaptation method is proposed. Firstly, the training set of multiple samples in source domain is obtained by random
sampling, and different initial weights are given to the samples while predicting false labels in target domain. In this way, a few samples
can be trained adequately. Then, the classifiers of sample sets in the source domain are trained in the reproducing kernel Hilbert space,
and the pseudo labels are optimized. Meanwhile, the weight matrix is updated iteratively. Finally, the strategy of multi-classifier
ensemble is achieved. The appropriate base classifier is integrated into a strong classifier to obtain final recognition results. Combining
with F-score evaluation criteria, macro-average and micro-average evaluation indexes are used to evaluate multi-classification tasks,
which can avoid misleading recognition results by accuracy. Experiments on two data sets of rolling bearing life stages verify that the
proposed method is feasible and effective.
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Fig.1 The flowchart of multi-classifier integration
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Table 2 Life state data information
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Table 5 Experimental data information
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Fig.7 Results of evaluation criteria under different data sets

WU T AR, SloP- YA A AE 0.9 DAL IXREIR
BTEL P RALS P AR SO AR UK B8y, B 7
B BSUIHER A AT LLIAE] 90% LI B o S ILIR] iy A —
RGAHEVR R FE ) 3 AR TR A A S X
BHIE F-score 743338 E] 0.6 DL F, 44 0. 73, B A SC
I AT ARG R 25 W B D B TG A A
5.3 FHFIXLLIRE

A AT ¥ 5 HAIE RS 22 A AL AR LU A3, A
SCEFEAE MR RATAREA T T2 89 TrAdaBoost 84
VEXTLE , 455 PR TrAdaBoost Bk 2273 28455 H

XFEEES RN 6 Pz, Horh TrA (s&t) fRRH BIFEAE
FHIESHEA , TrA (1&t) AR BI A ] H bRsiteAs . 47
LA 48R . TrAdaBoost Xt 228 HIAF-HE
AYPUIRE A B, B2 03 Sas e RE S i FUN 45 R 1) T2
BRI B ARSOTIETE Foscore iFH T8 1R
THERAE 0. 6 LA FARGFHISE L 1A BERFEAC T 55, Horh
IR F43ik 3 0. 899, ERH T i )y i A R

#6 EBFIWARLER
Table 6 Comparison results of transfer learning algorithms
Bl
ViRiS Data Data Data Data Data Data
2-1 3-1 1-2 3-2 1-3 2-3

AR HE 0.7992 0.8661 0.6657 0.6548 0.6582 0.899 1
TrA(s&t) 0.5118 0.5672 0.4332 0.6181 0.5501 0.4169
TrA(t&t) 0.4055 0.4772 0.2186 0.3715 0.4232 0.377 1

6 & B

ARSCHR T 2203 28 A% H2 U AL A4 465 73 A 5 e (MC-
W-BDA) , FITREA AT BRAS A5 VR 3 il 7K 75 i B B il
SRR, A BEALIAE B 7 R DA B 2 5
2k, AT I ARBIAE AR Gl AR S . R HZE5E
0 SRS B0 1 T 2 A AR, TE R D B AR O
JE B[R 1 22 03 24 46 ORI R AT T 2RI A
AP, SR SRR W], MC-W-BDA B HABSE 1 AE A
A FRAS - DRAIE 2 MAOKS F2 ) BE il b, A R 1
AR
Sk
[1] CHENRX, CHEN SY, HE M, et al. Rolling bearing

fault severity identification using deep sparse auto-encoder
network with noise added sample expansion [ J ].
Proceedings of the Institution of Mechanical Engineers
Part O:Journal of Risk and Reliability. 2017, 231(6) .
666-679.

[2] 2HER,EF5 KR LR AT HREA I3 20 5L

TR ENE 2 5IRR, 2018, 12(7) :
130-138.
MO S S, WANG B L, HOU Y H. Integrated migration
learning algorithm for absolutely unbalanced sample
classification [ J]. Computer Science and Exploration,
2018, 12 (7). 130-138.

[3] HE H, GARCIA E A. Learning from imbalanced
data[ J]. IEEE Transactions on Knowledge & Data
Engineering, 2009, 21(9) :1263-1284.

(4] fafRAh, 2, 5 4 . % T et FOA 4k iy Cs-
SVM il K S B i2 BT F 52 [ 1. 4R 3l 5w it 2018,
37(18) ;113-119.

HE D W, PENG J B, HU J H, et al. CS-SVM bearing
fault diagnosis based on improved FOA optimization [ J].
Vibration and Shock, 2018, 37 (18) . 113-119.

(5] B, W EAL, FLIH . JE T 003 47 0 43 FBE 3R S5 HF
] ALY Bl R B2 W s [T TR LI 5
#EH, 2015,23(4) :1102-1105.

FENG H L, CHANG G Q, KONG J. Design of bearing
fault diagnosis method based on Laplace score and

LIl
Measurement and Control, 2015, 23 (4) ;1102-1105.

[ 6] &, BRH, EIAE, 55 JE T REPLAAR S 32053 4
Mty T E ST [T ] MLAE AR 2240, 2017, 53 (21) «
192-200.

ZHAO SH, HUANG Y X, WANG H R, et al. Tool wear

assessment based on random forest and principal

superball support vector machine Computer



5 10 19 WRAAE 25« 200 285 SR IS R4 A 53 A1 3 TR VR 5l 7 73
component analysis [ J ]. Journal of Mechanical [15] BFR, A, P FET MKF 5 5l 7K ) 4% 75 iy 50
Engineering, 2017,53(21) ; 192-200. W75 i gE [ 1] AL A% A 3 7 4, 2016, 37 (9):

(7] BRIt ARVETE  BRARIs . AN 1 i a1 12 3% 2 ) 73 2K 5 2036-2043.
LT, EmBE T k% (ARB%M), 2018, KAN Z J, JIN X H, SUN Y. Research on the prediction
46(1) :122-130. method of bearing residual life based on KF [ J]. Journal
CHEN Q, XV Y Y, CHEN L (. Migration learning of Instruments and Instruments, 2016, 37 (9):
classification algorithm for unbalanced data [ J]. Journal 2036-2043.
of South China University of Technology ( Natural Science EE B

(8]

(9]

[10]

[11]

(12]

[13]

[14]

Edition) , 2018, 46 (1) . 122-130.

WANG J D, CHEN Y Q, HAO SH J, et al. Balanced
distribution adaptation for transfer learning [ C ]. IEEE
International Conference on Data Mining, 2017, doi:
10. 1109/1CDM.2017. 150.

PAN S J, TSANG I W, KWOK J T, et al. Domain
adaptation via transfer component analysis. [ J]. IEEE
Transactions on Neural Networks, 2011, 22 (2):
199-210.

PILLAI I, FUMERA G, ROLI F. F-measure optimization
classifiers [ C ]. 21st
Conference on Pattern Recognition ( ICPR), 2012,
2424-2427.

WRIHE, WREW, MBREE 4. TR 3) BURA URHIE
AR il 7R 3 A RS R O ik [T ] PR3h 5 oiids,
2016, 35(17) :134-139.

CHEN R X, CHEN S Y,YANG L X, et al. Life state

recognition method for space bearings based on sensitive

in  multi-label International

time-frequency features of vibration. [ J]. Vibration and
Shock, 2016, 35(17) :134-139.

LIU Y, AN A J, HUANG X J. Boosting prediction
SVM
ensembles| C]. Advances in Knowledge Discovery & Data
Mining, Pacific-Asia Conference, 2006, doi: 10. 1007/
11731139_15.

DAI W Y, YANG Q, XUE G R, et al. Boosting for
transfer learning[ C |.International Conference on Machine
Learning, 2007,doi:10. 1145/1273496. 1273521.

LIX, LUW F, ZHAI LY, et al. Predictive Modeling for
Life Cycle Reliability Analysis and Machine Health
Condition Prediction in Remanufacturing[ M ]. London:
Springer, 2014.

accuracy on  imbalanced  datasets  with

BRAZFE, 207 2007 4F A1l 2012 A5
PRRZE ARG 25 2 A2z o, B B R
SR A HR AR I, AT 5
HEREMIABA S F S4B
E-mail ; manlou.yue@ 126.com

Chen Renxiang received his B.Sc. and
Ph. D. degrees both from Chongqing University in 2007 and
2012, respectively. He is currently a professor and master
supervisor at Chongqing Jiaotong University. His main research
include intelligent technology and signal

interests testing

processing.
REF 2016 4T H PAGE KRG

o S AW I ) B N T o ) TR SO
FEWEFETT 1) 9 AL AL 2 5 i B 2 Wy R 22 4
MR E#e 7
E-mail ; 296018167@ qq.com

Wu Haonian received his B. Sc. degree
from Chongqing Jiaotong University in 2016. He is currently a
M. Sc.

research interests include fault diagnosis of mechanical and

student at Chongqing Jiaotong University. His main

electrical equipment, safety service and transfer learning.
REPE Gl {5 ) , 2004 45 TR K

SEARAFE A, J i 2009 FT 2012 4FF
PR FIRAG A A i 22, LN &
PRAGH KA A2 A 0, E 255
o] LB ST K e
E-mail; 296018167@ qq.com

Xu Xiangyang ( Corresponding author) received his B. Sc.
degree from Zhengzhou University in 2004, his M. Sc. and
Ph. D. degrees both from Chongqing University in 2009 and
2012, respectively. He is currently a professor and master
supervisor at Chongqing Jiaotong University. His main research

interest is mechanical design and theory.



