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Prediction of rolling bearing state degradation trend
based on T-SNE sample entropy and TCN
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2.State Key Lab of Rail Traffic Control and Safety, Beijing Jiaotong University, Beijing 100044, China)

Abstract: To early discover the critical degradation status of rolling bearing and predict its degradation trend, T-distributed stochastic
neighbor embedding ( T-SNE) sample entropy state degradation feature index and the prediction method based on time convolutional
network ( TCN) are proposed. Firstly, the low-dimensional manifold features of original vibration signal are extracted by T-SNE
algorithm. Then, sample entropy of low-dimensional manifold features are calculated as the status degradation. Finally, the degradation
trend of the bearing is predicted by the TCN algorithm based on features of historical status degradation. Compared with traditional feature
index, experimental results show that the T-SNE sample entropy feature index can detect the critical status of the bearing degradation
significantly at least 50 minutes ahead of time and the prediction error of the TCN algorithm is only 0.45%. These results have high
application values in engineering.
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Fig.10  Prediction result of GRU-based rolling bearing

state degradation trend
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Table 2 Error comparison between different methods

T 5 v RMSE/%
LSTM 2.69
GRU 2.40
TCN 0.45

ME 9 F 10 FRTT LI Y, 5 F LSTM il GRU ()it
T3 ¥ T SRR Sl il IR A IR Ak R S BT , i 5 3500
RITRRR AT A IR R IR AR il 4%, HAHEE T LSTM, JEF GRU
A T 7 i LA TR A A R AOR o SR, AT S A 8 B
7~ TCN B35 1 100 45 SR 6 b n] L& B3k F TCN 1978 o))
Bl ASIR A G SR Ty v vh ol h 26 LT v DL SE
o SRR AR R, I 4, ELAT AR s i TIOORG BE X LR
2 &5 ki) RMSE (B AT LIS 4518 .

4 & it

ARSCH 575 IR S AR R IR 31 15 5 B I [ 7 570

P BEXHR Zh il AR BRI AFAE 32 IR B A Ea 34 7t )

P — BB LT T30 BEHLIT &I AE A I ] 45 AR )

LR HYVR SRR S IR AL - U 7 vk o B G T IE R

F T-SNE 5532 J R Sh bR 222 F i TR IR 3 5 5 A (I 4

TIBRHIE , SR 5 T HAR AR AT b T Sl AR BOIR SRR

JI 4 A IR SRR ECHAR AR AE BE B 47 1) SR AR TR Sh il KT

f i B R A e AR . R RS R d A

TCN , #3471 552 B X 7 sl IR 285 0R A 3 4 13

I, SR ARSI, TCN 550k RE A AR RS 1 % T VR 3h il

HRIPIRZS S, A3 F1) T L1 BT At B 5T 24, X L

THYEE BA R 3 E L

SZ Lk

[1] WANG X L, GU H, XU L, et al. A SVR-based
remaining life prediction for rolling element bearings[ J ].
Journal of Failure Analysis and Prevention, 2015,
15(4) : 548-554.

(2] 2, BREE, m1E, 55, B T8 T InAUR R I e 12 22

P2 R IR AL T [ ] {EAL R4, 2018,
39(7):217-225.
LI F,CHEN Y, XIANG W, et al. State degradation trend
prediction based on quantum weighted long short-term
memory neural network [ J ].Chinese Journal of Scientific
Instrument , 2018, 39(7) . 217-225.

[3] LI Q, LIANG S Y. Degradation trend prognostics for
rolling bearing using improved R/S statistic model and
fractional brownian motion approach [ J]. IEEE Access,
2018, 6: 21103-21114.

(4] R, kLA BRKAE, 5. XLt 228y s
RIAE T R AR R [T ], LA R 2= 4, 2015,
36(1): 110-117.

ZHOU B, ZHANG SH W, CHEN CH ZH, et al. Feature
identification of acoustic emission signals of multiple
propagating crack on wind turbine blade [ J]. Chinese
Journal of Scientific Instrument, 2015, 36(1) . 110-117.

[ 5] CUIL, ZHANG Y, ZHANG F, et al. Vibration response
mechanism of faulty outer race rolling element bearings
for quantitative analysis [ J ]. Journal of Sound and
Vibration, 2016, 364. 67-76.

[6] RAI A, UPADHYAY S H. Intelligent bearing

performance degradation assessment and remaining useful

life prediction based on self-organising map and support
vector regression [ J ]. Proceedings of the Institution of

Mechanical Engineers, Part C: Journal of Mechanical



46

o & 2 R

F40E

(7]

(8]

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[17]

Engineering Science, 2017, 232(6); 1118-1132.
ZHANG B, ZHANG S, LI W. Bearing performance
degradation assessment using long short-term memory
recurrent network [ J ]. Computers in Industry, 2019,
106 14-29.

LU Y, LI Q, PAN Z, et al. Prognosis of bearing
degradation using gradient variable forgetting factor RLS
combined with time series model [ J ]. IEEE Access,
2018, 6: 10986-10995.

YU H, LI H R, TIAN Z K, et al. Rolling bearing fault
trend prediction based on composite weighted KELM[ J].
The International Journal of Acoustics and Vibration,
2018, 23(2).217-225.

WAESE 98 . T IR S B/ N IERETE AR SVM 12
Wiorik[J]. fiizs s Jioe4Rk, 2011, 26(8) : 1830-1835.
Al'Y T, FEI CH W. Rotor vibration fault diagnosis
method based on wavelet energy spectrum entropy and
SVM[J]. Journal of Aerospace Power, 2011, 26(8):
1830-1835.

MRAr e, Tk Se ik A, A5 BE T Rl HES 6 1 TR 3
R RRHE PRI T ] PR3h TRk, 2018, 31(5) -
902-908.

CHEN X L, ZHANG B ZH, FENG F ZH, et al. Fault
feature extraction of rolling bearings based on an
improved permutation entropy [ J ]. Journal of Vibration
Engineering, 2018, 31(5) : 902-908.

LIU H, HAN M. A fault diagnosis method based on local
mean decomposition and multi-scale entropy for roller
bearings [ J ]. Mechanism and Machine Theory, 2014,
75: 67-78.

ZHAO LY, WANG L, YAN R Q. Rolling bearing fault
diagnosis based on wavelet packet decomposition and
multi-scale permutation entropy [ J ]. Entropy, 2015,
17(12) ; 6447-6461.

BT, T, R, 5. 5T 2 R AR 5 X
AR FR 22 T BIL VR sl AR SR 2 T 7 vk (1] 73
5, 2019, 33(5) ; 142-147.

CUL P Y,WANG Z Y,QIU CH R, et al. Fault diagnosis
of rolling bearings based on multi-scale permutation
entropy and dual kernel extreme learning machine[ J].
Journal of Electronic Measurement and Instrumentation,
2019, 33(5) . 142-147.

ZHENG J, CHENG J, YANG Y. A rolling bearing fault
diagnosis approach based on LCD and fuzzy entropy[ J ].
Mechanism and Machine Theory, 2013, 70. 441-453.
CHEN J, DU Y, LIU L, et al. BBS posts time series
analysis based on sample entropy and deep neural
networks[ J |. Entropy, 2019, 21(1) ;57-72.
o, XU A ik T AF. SRR A R AR B 4

AR5 R DU R R LD ). AR R 4, 2018,
39(9) . 179-186.

LI Y J,LIU J H,ZHANG W H, et al. Improved multiscale
sample entropy and its application in train axle bearing
fault detection [ J ]. Chinese Journal of Scientific

Instrument , 2018, 39(9) . 179-186.

[18] LAURENS V D M, HINTON G. Visualizing data using t-
SNE[J]. 2008, 9(2605) : 2579-2605.
[19] ZHOU D, CHEN J, LYU C, et al. Feature reconstruction

based on t-SNE: an approach for fault diagnosis of
rotating machinery [ J ].

2017, 19(7) : 5047-5060.

Journal of Vibroengineering,

[20] LIS, WANG J, JIANG X, et al. An automatic feature
extraction method and its application in fault
diagnosis[ J]. Journal of Vibroengineering, 2017,
19(4) ; 2521-2533.

[21] BAISHJ, ZICO KOLTER J, KOLTUN V. An empirical

evaluation of generic convolutional and recurrent networks
for sequence modeling[ M. 2018, arXiv:1803. 01271v2.
OORD A V D, DIELEMAN S, Zen H, et al. WaveNet:
2016, arXiv:

[22]
A generative model for raw audio [ J].
1609. 03499v2.

LONG J, SHELHAMER E, DARRELL T, et al. Fully

convolutional networks for semantic segmentation [ J .

(23]

IEEE Transactions on Pattern Analysis and Machine

Intelligence 2017, 39(4) . 640-651.
EZE BN

FEE, 1996 4F T H [l R 3R
27, 2013 AR T AU R RS E ARG o
i, BUOAL AU T RER RIS (5 B TR
Be 2 AL A 0, FEEEHESE 5 1 o AT
BRE LS SRR
E-mail ; chongzhy@ vip.sina.com
Yu Chongchong received her M. Sc. degree from China
University of Mining and Technology in 1996, and received her
Ph. D. degree from University of Science & Technology Beijing in
2013. She is currently a professor and supervisor for Master
students at Beijing Technology and Business University. Her
research interests include artificial intelligence, machine learning
and pattern recognition.

TILAE, 2018 4F T b at TRy R 3135
B DA DSR2 110 ) e e
BWEFETT 1) R Tk KRB o S 2 48
E-mail ; daydayupnyq@ 163.com

Ning Yaqian received her B.Sc. degree

from Beijing Technology and Business

University. She is currently a M. Sc. candidate at Beijing
Technology and Business University. Her main research interest is

analysis and mining of industrial big data.



