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Abstract As a crucial component of navigation equipment, bearings affect the positioning accuracy and
safeguarding capability of the navigation equipment. In predicting the remaining useful life (RUL) of e-
quipment, traditional machine learning algorithms are limited to dealing with the problems of complex
nonlinear characteristic signals. For the above-mentioned reasons, a new prediction framework for RUL of
bearing based on attention mechanism(AM) and bidirectional long short-term memory (Bi-LSTM) is pro-
posed (Bi-LSTM-A). First, a one-dimensional convolution neural network (CNN) is added to the front of
the structure to extract local features from the original signal sequence, and then, the signals are analyzed
and predicted by combining bidirectional long short-term memory network with attention mechanism. fi-
nally, the predicted results are output through the fully connected layers at the end of the network. in
comparison with the similar algorithms, the results show that the proposed method can accurately predict

the equipment remaining useful life, and is good in predicting efficiency and accuracy.
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Tab.1 Experimental data
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Tab.2 RMSE and MAE of different model prediction results
(Bearingl_1 dataset)

i) RMSE MAE
CNN 195. 67(£25.47) 124.36(+15.32)
SVM 164.88(+19.58) 104, 92(+17. 36)
RNN 118. 94 (420, 86) 83.11(£10.95)
LSTM 55.52(£12.78) 41.80(£8.74)
Bi-LSTM 43.56(410.51) 34.13(£9. 84)
Bi-LSTM-A 36.24(£7.66) 27.02(£6.42)
x®3 FAEEBTN L R K RMSE 1 MAE (Bearing2_3 #
)

Tab.3 RMSE and MAE of different model prediction results
(Bearing2_3 dataset)

LAY RMSE MAE
CNN 175. 68(28. 36) 118. 84(=416.15)
SVM 158.05(426. 37) 98.84(£18.52)
RNN 101. 64(422.17) 75.34(£13.24)
LSTM 51.24(£15.29) 38.35(+11.32)
Bi-LSTM 41.99(=416.78) 28.57(410.52)
Bi-LSTM-A  33.76(+11.38) 23.68(+09.45)
x4 FAEEBTN L R B RMSE 1 MAE (Bearing3_5 #
)

Tab.4 RMSE and MAE of different model prediction results
(Bearing3_5 dataset)

LAY RMSE MAE
CNN 180. 64 (326, 83) 116. 25(=419. 36)
SVM 165. 98(428.97) 109. 17(425.47)
RNN 130.49(425.71) 94. 68(£16.02)
LSTM 66.82(£17.47) 46.39(+13.59)
Bi-LSTM 53.85(£19. 34) 34.57(£15.59)
Bi-LSTM-A  42.17(=10.62) 29.63(+11.93)
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