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Abstract Due to the limited bearing degradation data under actual working conditions, it is impossible to obtain enough

degradation data to train the neural network, it is difficult to obtain good prediction results in the deep learning network, so a new

fusion method was proposed. Firstly, the features of the original vibration signal was extracted, dozens of dimensional features

were obtained through the ensemble empirical mode decomposition (EEMD) and the singular value decomposition (SVD) , and

the effective features such as kurtosis and mean value commonly used in remaining useful life prediction were added, then the

decision tree to filter out 15-dimensional features was used the data was obtained by double exponential model fitting and the

degraded signal was reduced to a linear trend through :-SNE. The linear degradation trend has better generalization in prediction

than the exponential trend, and the prediction accuracy is superior to support veotor regression( SVR) and deep belief network

(DBN) model.
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Fig.2 Time-domain diagram of bearings under three working conditions
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Fig.3 Partial characteristic curves of bearings under three working conditions
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Tab.3 Stage division of bearings
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Tab. 6 Prediction accuracy under different data volumes
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40 0.803 6 0.769 7 0.8817
50 0.8112 0.760 8 0.8190

PUh & 2-1 R 5], ZE BT 2 460 min B )4y
FFAIT, 7E t-SNE —ZEAb B | 75 30 19 25 SR F LS 4L
AT, i 8 Fros .,

|
1.0 [ — ¥l gl 28 Prediction curve
95%B 57 95% confidence band /
08 | ™ BRBL A Actual degradation point
- = 2414 Known point / N
206
g f
Eo04f /
g /
B ol /.
.“_“/ =
00 et
400 420 440 460 480 500
B A Time / min
<18 1n-t-SNE F|4x % i Bl (¢ = 460 min)
Fig. 8 1n-t-SNE remaining life prediction (=460 min)
TEFMIZFT 2 460 min B (1) 3] 4% F i, AR IE

THO K B B %5 7K 400 ~ 460 min (1) RFAE i £R 94T
WA, RO Bl £ 305 5 1 508 A L F D
WHIEHRE  TERAJETE A 27% 4R &, inge 7 Frw, [
5 G R 2-4 19 DSOS 4T -SNE Zb B, 45 5] (1
SR HESAUA , 2S5 R anE 9 s,



5 46 B4 4 3] PhRAEAE . FLT (-SNE FELETT ik IR Sl il R A% 75 fiy T 0 975
®7 RIBEXLL b, T, WA 2], o, HIZ 20 5% RAUE,
Tab.7 Monotonic contrast K
2n-1-SNE R-2n-1-SNE w, =k/ Y, k;ActRUL(T,) FEsk It Ay 7, mHihR
BAE P Monotonicity 0.772 3 0.980 8 k=1
N . s A SERIARFF AT s RUL(T,) FR % 20T B A SO
81 bt Falrs ot Fraieed | FEMTIFA A A RACT,) WA Y 7,
2 — %ﬁi%ﬁ%ﬁfe K"OW‘;{ point ’ Eﬂ%e%zr{eﬁal value * de‘ﬂim“@ﬁzrg o
= Real life L .
s 20 - VAN R IERAT — R 19 SR R, RIVAE SR A 1
€25 ACHE 3 DA T 3 P 30 ) A B A/ e ) S ) v
‘E‘ % m..'m'-" K
1?-% of '.“...........- % R-CRA, ffiflfH o, =l,/2k, Her ], =K-k+1,
£ S k=1
A PN NSRS — NITREYS =
e VPO TR bR R AR L, B A SRR A A

0 L L L L L L L L H
400 410 420 430 440 450 460 470 480486491
I} 8] Time / min

K9 R-2n-1-SNE TR A Tl (1= 460 min)
Fig. 9 R-2n-t-SNE remaining life prediction (=460 min)

SR AR T B RO, R EE SRR ) ] A
(Support Vector Regression, SVR) .DBN [ [=] )5 F3i il 7y
15 VA I 1-SNE FEAE T VR K B o — 4, R AR SCHY
5o AR 15 4055, Lhim R IR Ry A0 (8
AT RER BT % FiZ T AR B 418 TRl 4 i A E
PrifE T 22 (Standard Deviation, SD) A1 2 FUAH X4 &
( Cumulative Relative Accuracy,CRA) ;

(6)

Xof S ) B ELAR 3 L

Bl 10 o, 2n-t-SNE S A& 7F 47 XU B0 & 1) 4L
P, 70 T A5 R b AN AR, D R A R R R
Xof il 7 1% 3 2% 75 A W0, AR T SVR M DBN 7 ik
HEREIR 2, R-2n-1-SNE g RUFE £ 45 1 101 45 )
POECHE , B 10 AT LA LR 3 ANl B R AF
T, HoP RS 1-1 FifhR 2-1 Epg R IAHE
T HAh 5 vk EL A AR e 1 TR B R S 7E B R
RN RHE S,

8 R R AN TR 7 2% B U B SRR bR ofE Y 25
i 8 Il LIE AR SCHT 8 7 L AE AN Rl 8 A 1

Cepr = i o, RA(T,)

- B g e i, BL7E R-CRA $5 55 F ol )7 ¥ (1
R AT B W 1 R o T A SO 4R R 7
B FEL 00 10 T o B e RS2 I 7 A (8

Hrp
[V ACtRUL(T,) - RUL(T,) |
RA(T) =1 - ActRUL(T,) (7

- 100 = —— EWAML  Normal life line 400
2 2 Lo TREE DBN = -
= = fgr‘i E 200
5 = " S0
o~ [~4 o
4
& & & 200
i e pd
5 5 & 100
W& =3 =
; 0 i i I 0 .
80 90 100 110 120 130 450 460 470 480 490 2400 2450 2500 2550
Ff T8 Time / min 18] Time / min f5F 8] Time / min
(a) Bh7K1-1 (b) Hh&2-1 (c) Hi7K3-1
(a) Bearing 1-1 (b) Bearing 2-1 (¢) Bearing 3-1
10 AR5 ik i T 2 R
Fig. 10 Prediction effect of different methods
*8 ARBEFEHIEN
Tab.8 Evaluation of different methods
DR R 1-1 Bearing 1-1 K 2-1 Bearing 2-1 Tk 3-1 Bearing 3-1
Method CRA R-CRA SD CRA R-CRA SD CRA R-CRA SD
1n-t-SNE -0.87117 0.263 2 180.953 1 0.648 7 0.557 2 53.835 8 0.3511 0.509 1 96.775 8
DBN 0.369 0 0.192 8 47.865 7 0.659 2 0.472 8 46.041 9 0.486 7 0.652 3 64.525 8
SVR 0.094 5 0.219 8 24.547 6 0.186 7 0.268 2 12. 888 2 0.684 3 0.646 8 13.780 6
2n-t-SNE 0.443 8 0.238 1 78.547 1 0.340 1 -0.448 5 124. 183 8 0.704 0 0.302 4 67. 680 3
R-2n-t-SNE 0.786 3 0.859 9 10.480 7 0.8129 0.786 6 11.979 5 0.874 4 0.8722 12.002 8
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