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Prediction of the remaining service life of a rolling bearing
based on transfer learning
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(1. School of Naval Architecture, Ocean and Energy Power Engineering, Wuhan University of Technology, Wuhan 430000, China;
2. Key Labhoratory of High Performance Ship Technology ( Wuhan University of Technology) , Ministry of Education, Wuhan 430000,
China)

Abstract: To address the issue of low generalization ability in predicting the remaining useful life (RUL) of bear-
ings using the prediction model, and difficulties in accurately predicting the RUL of untrained bearings, this paper
proposes a method to transfer knowledge of bearing conditions for RUL prediction. By utilizing computed time and
frequency-domain features, and fuzzy entropy as predictive features, the bearing’ s entire life cycle is divided into
normal and degraded stages employing the ‘30’ criterion to achieve prediction of the RUL during the degradation
stage. A bearing’ s RUL prediction model based on Gated Recurrent Units is constructed, trained on the full life
cycle data of a particular bearing to enable the model to learn the state information of new bearings. Research indi-
cates that, compared to methods not employing transfer learning, the root mean square error in predicting the RUL
of all bearings decreased by 52.53% , while the average percentage error reduced by 68. 87%. The proposed meth-
od effectively and accurately predicts the RUL of bearings.

Keywords : gated recurrent unit; remaining useful life prediction; roll bearing; transfer learning; pretraining; fuzzy

entropy ; degradation stage; feature fusion
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Table 4 Training model evaluation metrics

EAN FERYI LR} ] /s RMSE MAE
LSTM 267.5 120. 68 88.97
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Table 5 The evaluation metrics of GRU layer optimization

GRU Z% RMSE CRA MAE
1 143.20 0. 888 104. 76
2 121.16 0. 902 91.61
3 170. 23 0. 867 125.93
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Table 6 Prediction of bearing RUL evaluation metrics

without using transfer learning prediction

LR RMSE CRA MAE

Bk 1-2 658. 49 0.74 504. 65
Mk 1-3 318.01 0. 81 265. 66
Wk 1-4 128. 08 0.78 100. 71
K 1-5 59. 41 0.92 49.39
Bh 2-1 57.56 0.96 47.20
& 2-2 416.18 0.85 320. 85
Bk 2-3 1 681.61 0.83 1 289. 41
Bk 2-4 49.03 0.91 36. 41
& 2-5 696. 22 0. 85 549. 98
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Table 7 Prediction of bearing RUL evaluation metrics

using transfer learning prediction

Mk gw5 RMSE CRA MAE

K 1-2 208. 90 0. 84 134. 65
B 1-3 138. 12 0.94 86. 20
W& 1-4 126. 05 0.79 53.68
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& 2-1 39. 15 0.97 26. 88
Sk 2-2 135.23 0.91 98.26
Bk 2-3 960. 19 0.85 353. 60
7k 2-4 35.01 0.91 26. 51
A 2-5 243. 47 0.88 168. 92

RUL/10° s

RUL/10° s

RUL/10° s

5 . FfE
71° — HH
6 L
5|
4 L
3 L
0 20 40 60 80 100 120 140 160
T/min
(a) fili7&1-2
7 -
6 R
5 .
4 L
3 L
2 -
L

0 20 40 60 80 100 120 140 160

T/min
(b) fh7K1-3
o T
151 — HYME
[ [ort v
= of
—
o)
~ 6f
3.
0 20 40 60 80 100 120 140
T/min
(c) flirk1-4
125
—o— T
1.00 T AT
0.75 |
0.50 |
025
0 10 20 30 40 50 60
T/min
(d) ik 1-5

RUL/10%s

8t o T
— HIE
4 -
0 100 200 300 400 500
T/min

(e) fhirx2-1



- 672 - MoK OEOT R

N

545 35

8
7 Ra
6
- 5
=
g 4
g 3
2
1
0 20 40 60 80 100 120 140 160
7T/min
(f) fhirk2-2
30
—o— TR
—— HIAH
w 20 F
Z
3
5
10t
0 100 200 300 400 500 600
T/min
(g) Hhirk2-3
8 r N
; . o TiM{E
[029°%99 & 0,000 075‘_;1‘&‘[
6t W\
O
S 4t
5
~ 3t
2 L
1 L
0 10 20 30 40 50
T/min
(h) G724
2 . T
10 —— HIME
w 8
2
5 6
5
I~

0 SIO l(I)O ISIO 2(I)0 25IO 3(I)O 35IO
(O] Zi;l:;zs
E9 FHESITMEHRANY RUL 48

Fig. 9 Transfer learning to predict bearings RUL results
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