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Abstract: Processing the one-dimensional time and frequency domain signals of bearings by convolution-
al neural network ( CNN) was difficult to extract the representative nonlinear characteristic information ,
and easy to ignore the low-level information. To solve this problem, a feature attention mechanism was in-
troduced based on multi-scale feature extraction, and a prediction method of bearing remaining useful
(RUL) life based on convolutional bidirectional long and short term memory network ( MSAM-CNN-BiL-
STM ) was proposed. Based on three groups of data in the Xi'an Jiaotong University (XJTU) bearing data
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set, the prediction errors of four methods including MSAM-CNN-BIiLSTM, LSTM, CNN-LSTM and
MSAM-CNN-LSTM were compared and analyzed. The results show that the prediction errors of the pro-
posed MSAM-CNN-BiLLSTM method in the three data sets are smaller than that of the other three meth-

ods, indicating that the model can learn the low level and high level information in the data at the same

time, and can effectively improve the prediction accuracy of the remaining useful life of bearings.

Key words: convolutional neural network ( CNN), bi-directional long short term memory networks.
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Fig. 3 Attention mechanism layer structure
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Tab. 1 Partial parameters of MSAM-CNN-BiLSTM model
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Fig. 5 Bearing accelerated life test platform
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Tab.2 LDK UER 204 bearing parameters

Zz B BoE
P P 7 B A%/ mm 29.30
HMEVRIE B AR/ mm 39.80
7R H 4%/ mm 34.55
BARE B HiAm/N 12 820
RIKE A/ mm 7.92
TR 8
Befisas (°) 0
FEAHE W/ N 6 650
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Tab. 3 Bearing accelerated life test conditions

T 4 % 33/r- min ! & 1a) J1/kN
1 2 100 12
2 2 250 11
3 2 400 10
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Tab. 4 XJTU bearing data set information
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Fig. 6 Vibration signals of three kinds of

bearings in the whole life cycle
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Fig. 7 Remaining useful life prediction results

of bearing 1_2 by four methods
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Tab. 5 Remaining useful life prediction errors of

bearing 1_2 by four methods

ok :
LSTM 0.2929 0.082 4
CNN-LSTM 0.190 2 0.051 6
MSAM-CNN-LSTM 0.080 1 0.023 8
MSAM-CNN-BiLSTM 0.053 1 0.021 9
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Fig. 8 RMSE change curve with iterations
of remaining useful life prediction value

bearing 1_2 by four methods
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Fig. 9 Remaining useful life prediction results of

bearing 2_1 by four methods
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Tab. 6 Remaining useful life prediction errors of

bearing 2_1 by four methods

VRS €max e
LSTM 0.966 9 0.1552
CNN-LSTM 0.438 8 0.094 4
MSAM-CNN-LSTM 0.1450 0.0329
MSAM-CNN-BiLSTM 0.095 4 0.023 6
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Fig. 10 RMSE change curve with iterations of remaining

useful life prediction value of bearing 2_1 by four methods
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Fig. 11 Remaining useful life prediction results of

bearing 3_5 by four methods
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Tab. 7 Remaining useful life prediction errors of

bearing 3_5 by four methods

ok €ma e

LSTM 0.966 9 0.1552
CNN-LSTM 0.2512 0.065 0
MSAM-CNN-LSTM 0.067 8 0.029 6
MSAM-CNN-BIiLSTM 0.049 0 0.017 7

0.6
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