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Tab.3 RUL prediction results and comparisons

S 349 4 of T ) 52 2% / %
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1.5 —8.07 9.90 —278.20 —99.40
16 28.08 —12.33 19.18 —120.00
17 29.19 83.62 —7.13 70.65
2.3 13.01 61.35 10.49 75.53
2 4 5.04 5.06 51.80 19.81
25 22.33 —70.22 28.80 8.20
2.6 —1.55 0.78 —20.93 17.87
2.7 15.52 44.83 44.83 1.69
3 3 24.39 1.22 —3.66 2.93
E|| 18.78 33.05 50.18 46.31

Score 0.51 0.46 0.35 0.38
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Tab.4 Comparison of experimental results
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Tab.5 RUL prediction results and comparisons
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Combination of LSTM and Self-Attention for remaining life prediction of
rolling bearings

HUANG Yu', FENG Kun®, GAO Jun-feng’, LI Zhou-zheng®, JIANG Zhi-nong', GAO Jin-ji'
(1. College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China;
2. Beijing Key Laboratory of Health Monitoring and Self-Recovery of High-end Mechanical Equipment,
Beijing University of Chemical Technology, Beijing 100029, China;
3. PetroChina Company Limited by Shares Refining & Chemical Branch, Beijing 100007, China)

Abstract: In order to construct a trend health index that accurately characterizes the degradation process of rolling bearings and im-
prove the prediction accuracy of remaining useful life (RUL) of rolling bearings, a neural network model (LSTM-SA) combining
long-short term memory (LSTM) and self-attention mechanism (Self-Attention) is proposed for RUL prediction of rolling bear-
ings. The envelope spectrum of the original signal is obtained by using envelope demodulation, and then the envelope spectrum is
segmented and the Pearson correlation coefficients of the corresponding frequency bands are calculated to extract the degradation
features with monotonicity and trend. The degradation features are normalized and processed as the input of the LSTM-SA model,
and the LSTM is used to adaptively extract the temporal internal correlation of the degradation features and the Self-Attention is
used to screen key information. By eliminating the interference of useless information and mining deep-level features, healthiness in-
dexes are constructed and degradation curves can be obtained. By determining the failure threshold, the degradation curves are fit-
ted by the least squares method, and the life failure point is predicted, which realize the RUL prediction of rolling bearings. The ex-
perimental results on the PHM2012 dataset show that the proposed method reduces the average absolute error by 43.99%,
63.11% and 60.00% , respectively, and improves the average score by 10.87%, 45.71% and 34.21%, respectively, compared
with other literature. The experimental results on the actual engineering data show that the average prediction error of the proposed
method is higher than that of standard-RNN and CNN by 39.58% and 74.86 % , respectively.

Key words: remaining useful life prediction; rolling bearing; long short-term memory network; Self-Attention mechanism;

envelope spectrum characteristics
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