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Abstract: As a core component of motors, bearings primarily serve functions such as supporting and guiding shafts, reducing friction in
equipment, and connecting different components. Predicting the remaining life of bearings is crucial for system health management.
However, single sensor signals often fail to comprehensively describe the potential degradation mechanisms of the system. This paper
proposes a novel approach for predicting the remaining life of motor bearings based on the multi-head attention mechanism and long short-
term memory neural network. Firstly, Mahalanobis distance is used to determine the starting point of bearing performance degradation by
dividing the entire life cycle of rolling bearings into normal and degradation phases. Secondly, an Autoencoder is employed to
automatically extract vibration signal features, which are subsequently fused with motor current and bearing temperature signal to
construct a multi-source information feature matrix. Subsequently, the multi-head attention mechanism and long short-term memory
network dynamically select features with high relevance, thereby improving the accuracy of the remaining life prediction. Finally, the
model is validated using experimental data, and the results show that the proposed model has higher accuracy.
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Fig. 1 Autoencoder architecture diagram
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Fig.2 Multi-head attention mechanism
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Table 5 Prediction error of RUL based on vibration sensor

LAY RMSE MAE MSE R?
MHA-LSTM 0. 144 0. 066 0. 021 0. 447

LSTM 0. 159 0.109 0. 025 0.314

RNN 0. 161 0.128 0. 033 0.296
DCNN!>! 0. 183 0.142 0. 041 0. 104
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Table 6 Prediction error of RUL based on

multi-sensor fusion

e RMSE MAE MSE R?
MHA-LSTM 0. 135 0. 049 0.018 0. 509

LSTM 0. 148 0. 081 0.022 0. 417

RNN 0. 157 0.117 0.024 0. 340
DCNN!>! 0.178 0.132 0. 032 0. 154
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