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Bearing Remaining Useful Life Prediction Based on Relation Network
ZHAO Zhi-Hong"? ZHANG Ran® SUN Shi-Sheng?

Abstract To solve the problems of difficult acquisition of bearing life cycle data and few training samples, this
study proposes a prediction method of bearing remaining useful life (RUL) based on a relation network. A relation
network is a meta-learning method based on metric learning. It has the advantage of learning new tasks quickly
with a few training samples. A bearing health assessment model based on relation network is designed. The embed-
ded module of the relation network is used to extract the bearing state features, the relational module is used to
measure the similarity between the bearing state features, and the health indicator (HI) of bearing is constructed
based on the similarity. The health indicators were smoothed by Savitzky-Golay filter to reduce the impact of oscil-
lation on the prediction results. Finally, the linear function is used to fit the health index, and the predicted value
of bearing RUL is obtained. To verify the effectiveness of the proposed method, experiments are conducted on the
measured bearing dataset of PHM2012. The results show that the obtained health indicators can reflect the degrad-
ation trend of the bearing. Compared with ConvLSTM (convolutional long short-term memory neural network),
Transformer, RNN (recurrent neural network), CNN + LSTM (convolutional neural network + long short-term
memory network), encoder-decoder + attention mechanism methods, the error percentages of the obtained RUL
prediction results are reduced by 1.67%, 3.40%, 9.02%, 13.71%, and 30.48%, respectively. This method can obtain
better prediction results based on a few training samples and has a certain application value.
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Fig.1 Relation network structure
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Fig.3 Bearing RUL prediction process based on relation network
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Fig.8 Bearing RUL prediction results

N (1290 — 1310)/1 290x100% = —1.55%.
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Y24 I OB AR FERFE, # (g R AR AR

2) Transformer™: FJH Transformer #4$%
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5) Encoder-decoder+Attention mechanism
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[12].

Table 2 Comparison of different model parameters
Jivk ZHE (k)

ES Wi 78.61
ConvLSTM 220.50
Transformer 6461.44
CNN+LSTM 1136.64
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Table 3  Bearing RUL prediction results
Wik BT Z) (10 s) BSeHAr (10s) WA A (10 s) AT (%) SCHk [13] (%) SCER (28] (%) SCik [11] (%) SCiER [29] (%) SCik [12] (%)
B 1_3 1801 573 937 ~63.53 33.68 74.17 74.17 54.73 7.62
Bk 1 4 1138 290 338 -16.55 47.24 -0.69 -0.69 38.69 ~157.71
k2 3 1201 753 1005 ~33.46 -32.80 61.36 61.36 75.53 81.24
K2 6 571 129 131 -1.55 8.52 0.78 0.78 17.87 24.92
Bk 3 3 351 82 77 6.09 7.32 1.22 1.22 2.93 2.09
A% 75 — — — 24.24 25.91 27.64 33.26 37.95 54.72
98.78%- 93.08%. ARG IAIE N 2 451, 1 — B 098 AR LR
MR R 7K RUL Tl 25 5 LA S i 22 | 43 b i FH At R NS HR G540, B G b 45 U ZRCIR ZS R AE

X 3 P, WK 3 A LUE tH, A SCTTET R 2
BN 24.24%, 5 ConvLSTM. Transformer.
RNN. CNN+LSTM. Encoder-decoder+Attention
mechanism 57775 L, 3 998D 1.67%, 3.40%,
9.02%, 13.71%, 30.48%. K It, AL EERTE S
HEB/NEN T, FrffiRZzZSEERK. SRR
WX 2508 T HoAth 77 v R IR, ConvLSTM. Transformer.
RNN. CNN+LSTM. Encoder-decoder+Attention
mechanism SR B 2% 2] 775 75 R R YIRS
A2 >0 B 4N B 5 il AR 8 4 75 2 TR) AR 4 P e S
KZ, SEHLRUL 0. 1 5¢ R 2% 5 & —Fhoe %
77, ATUAE DB YIGEAR T, i 2 2] #li& )
SRR AR 5 SRS AT RFAE 2 T AR AN, S 30 4l
A RUL T, PRtk 70 bR 4 A= i B0 30 (1
T, KAWL TR S HER TN RUL {A.
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