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A method for rolling bearing remaining life prediction based on deep learning
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(School of Mechanical and Precision Instrument Engineering, Xi’an University of Technology, Xi’an 710048, China)
Abstract: Mechanical equipment is evolving towards high-speed, high-precision, and high-effi-
ciency. Establishing reliable residual life prediction and health monitoring is a necessary approach
to ensuring the safe operation of equipment. Deep learning theory, with its powerful modeling
and representation capabilities, has gradually become a research hotspot in the field of mechanical
equipment fault diagnosis. A novel method for predicting the remaining useful life (RUL) and
health monitoring of rolling bearings is proposed. This method utilizes a defined degradation fea-
ture selection indicator to select 12 degradation feature parameters from the full set of feature pa-
rameters, constructing a degradation feature set. The full-spectrum value feature with the high-
est degradation indicator score is normalized to create life value labels. These labels are used to
train a long short-term memory (LSTM) neural network model for RUL prediction of rolling
bearings. The advantage of this approach lies in its elimination of reliance on extensive signal pro-
cessing techniques and mechanical cumulative damage reliability models, enabling intelligent pre-
diction of rolling bearing RUL. Predictions of RUL under various operating conditions demon-
strate that the degradation feature data samples + LSTM RUL prediction model presented in this
paper is feasible for RUL prediction in multiple conditions. The method exhibits high prediction
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efficiency, reliable results and strong generalization capability of the prediction model, holding a

significant engineering reference value.

Key words: rolling bearings; remaining life prediction; LSTM; degradation characteristics
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Fig. 1 The hidden layer structure of LSTM networks and computational flow diagram
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three network training process
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Fig. 12 Prediction of remaining life of four rolling bearings usingthree network models
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Tab. 4 Prediction errors by three network models

WELR MK BP LSMT1  LSMT?2
Bearingl 1 0.169 4 0.014 8 0.007 1

¥ 771%  Bearingl 5 7.555e—04 2.38le—04 1.709¢—04
22 MSE Bearing2_4 0.2210 0.029 4 0.023 9
Bearing3_5 0.255 3 0.041 2 0.031 8
Bearingl _1 0.323 1 0.091 8 0.067 1
%% 5% Bearingl 5 0.022 8 0.012 6 0.009 7
2% MAE Bearing2_4 0.371 9 0.154 7 0.134 0
Bearing3_5 0.319 4 0.151 5 0.141 0
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