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Life Prediction Based on ASFF-AAKR and CNN-BILSTM Rolling Bearings
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[ Abstract |

a bearing remaining life prediction model based on ASFF (adaptively spatial feature fusion) and AAKR (auto associative kernel

To address the issues of low accuracy in rolling bearing life prediction and the difficulty of constructing health indicators,

regression) combined with CNN ( convolutional neural networks) and BILSTM ( bi-directional long-short term memory networks) was
proposed. Firstly, the multidimensional features were exiracted in the time domain, frequency domain, and time-frequency domain,
and the sensitive features were screened using monotonicity and trend. Secondly, the sensitive features were feature fused using ASFF-
AAKR to construct the health indicators. Finally, the health indicators were inputted into CNN and BILSTM to realize the life
prediction of rolling bearings. The results show that the constructed life prediction model is better than other models, and the method
has lower error and higher life prediction accuracy.
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Table 1 Feature names and abbreviations

FRAE2SAY FRAE 4 7R

F72 Var
Y Mean
brifE 2% Sid
I P2P

HJi R RMS
2657 {H AbsMean
M3 Skew
U4 )& Kur
HIEH T MF
Jok b 47~ TF
IEfE P T CF
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A SR

PR FMean
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Table 3 Model structure parameters

EoRes EES= KSR
1 B2 BRI/ x 1,808 232 0K
2 WAk Z BRAN:2 x1, 84K 02
3 BILSTM /2 LSTM #5544 ;128 , dropout ;0. 1
4 BILSTM J2 LSTM HL75%K: 128, dropout :0. 1
5 Liner 2 HTE PR AT ReLU
6 Liner J2 E PREL. ReLU

3.3.3 BA%
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Table 4 Comparison of errors of each model

o Bearingl -3 Bearing2-2 Bearing3-3
MAE RMSE R? MAE RMSE R? MAE RMSE R
LSTM 0.061 8 0.093 8 0.894 4 0.110 8 0.124 9 0.8129 0.095 6 0.120 4 0.826 0
CNN 0.075 1 0.1107 0.8527 0.077 3 0.094 7 0.892 3 0.1919 0.247 3 0.266 1
CNN-BILSTM-ATT 0.075 7 0.095 6 0.890 3 0.055 6 0. 066 4 0.947 1 0.097 9 0.124 5 0.814 1
CNN-BILSTM 0.047 4 0. 060 4 0.956 1 0.054 0 0.063 3 0.951 9 0.087 4 0.103 6 0.8713
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