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Rolling bearing remaining life prediction using AE-BiLSTM
with STA mechanism

Shi Tong' Zhang Zihao' Qiu Xiaohui' Zhang Wan'®*
(1. School of Automation, Nanjing University of Information Science and Technology » Nanjing 210044 ,China; 2. Jiangsu Collaborative

Innovation Center for Atmospheric Environment and Equipment Technology, Nanjing 210044, China)

Abstract: Bearing as an indispensable part of mechanical parts, long-term work is easy to lead to bearing wear and
fatigue failure, and then affect the normal operation of mechanical equipment. Therefore, the prediction of the
remaining useful life (RUL) of the bearing can effectively avoid accidents and ensure the safe and reliable operation of
the equipment. To enhance the prediction accuracy of the RUL for rolling bearings, this paper proposes a rolling
bearing life prediction method based on spatio-temporal attention (STA) and bidirectional long short-term memory
(BiLSTM). Effectively integrate multiple modal information in bearing data to capture changes in bearing operating
state. Firstly, the original vibration signal is input to auto-encoder (AE) model to extract fault features automatically.
Then, the extracted features are input into the STA model, and the spatial information and running time step
information of the feature data in the feature dimension are deeply weighted to capture the information of the feature
dimension and time dimension more comprehensively. Combined with BiLSTM model, the remaining service life of
bearing is predicted. Finally, experimental validation is conducted using datasets from the PHM2012 Challenge and
ABLT-1A bearing full-life cycle data. The experimental results indicate that the proposed model has achieved an average
reduction of approximately 22. 76 % in RMSE and 26.57% in MAE, while the R*has improved by an average of about
12.47%. It can be concluded that the proposed method significantly enhances the accuracy of RUL prediction.

Keywords: rolling bearing;spatio-temporal attention model; BILSTM network;remaining useful life prediction
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Table 4 The prediction error of the proposed model

R RMSE MAE R’
Bearingl_3 0.089 1 0.064 9 0.927 9
Bearingl_4 0.061 5 0.036 9 0.950 5
Bearingl_5 0.067 4 0.036 6 0.412 5
Bearingl_6 0.301 2 0.251 2 —0.073 9
Bearingl _7 0.041 7 0.0211 0.789 4

Average 0.112 1 0.082 1 0.601 3
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Table 5 Ablation study results of the PHM dataset

LAY PEM T Bearingl 3 Bearingl 4 Bearingl _ Bearingl 6 Bearingl 7 Average
RMSE 0.175 4 0.078 5 0.128 2 0.428 6 0.075 3 0.177 2

M1 MAE 0.152 7 0.048 9 0.118 3 0.395 5 0.069 7 0.157 0
R® 0.720 7 0.919 4 —1.1256 —1.174 9 0.3155 —0.068 9

RMSE 0.1350 0.075 0 0.095 1 0.3517 0.065 1 0.144 3

M2 MAE 0.111 5 0.053 2 0.083 0 0.322 3 0.049 4 0.123 8

R’ 0.834 5 0.926 3 —0.168 8 —0.464 3 0.488 4 0.3232

RMSE 0.101 0 0.069 1 0.079 7 0.339 6 0.049 4 0.127 7

M3 MAE 0.065 6 0.0537 0.065 3 0. 304 6 0.045 6 0.106 9

R’ 0.907 4 0.937 4 0.179 2 —0.3651 0.705 6 0.472 9

RMSE 0.089 1 0.0615 0.067 4 0.301 2 0.041 7 0.112 1

Jir $i& B4 07 i MAE 0.064 9 0.036 9 0.036 6 0.251 2 0.021 1 0.082 1
R* 0.927 9 0.950 5 0.412 5 —0.073 9 0.789 4 0.601 3

*o6 SCHEHEMILIBRER

Table 6 Comparison results with existing algorithms

(=R7S RMSE MAE
CPSS-DCN™! 0.3385 0.271 6
KPCA-GRU™" 0.2657 0.205 1

TFR-MSCNN'™! 0.198 7 0.154 2
RNN-AM!® 0.129 1 0.093 8
SE-DSCNM™ 0.147 5 0.128 3
TR H A A 0.112 1 0.082 1
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Fig. 10 Weight distribution of the STA for Bearing 1_5
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Table 7 Details of the test using the bearing data set

Ak ik IR/ W/ REAHT SREES PRAF IR
Y5 Pl N rpm  [8]/s ®/Hz /s

Bearing_ A 6008
Bearing_B 6008
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Table 8 ABLT-1A data set ablation results

Y RMSE MAE R?
M1 0.097 3 0.041 8 0.724 2
M2 0.090 3 0.0515 0.762 5
M3 0.080 8 0.035 4 0.809 7
RS 0.069 1 0.0315 0.860 9
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