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Prediction Method of Remaining Life of Rolling Bearing
Based on EMD and Improved TCN

HU Yong, LI Xiaozhong
(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Considering that in the current field of predicting the remaining useful life of rolling bearings, it is difficult to
extract effective features from bearing vibration data, the data dimension is small and difficult to meet the demand, and the
prediction model tends to become complex, resulting in high computational costs. Therefore, in this article we propose a
feature extraction method based on empirical mode decomposition (EMD) and a residual life prediction method based on
improved temporal convolutional network (TCN) , and also validate it on the PHM 2012 bearing dataset. The experimental
results showed that the improved temporal convolution network reduced the mean squared error (MSE) index by 46.43%
compared with other temporal convolution networks, and increased the score function index by 4.06% compared with other
temporal convolution networks. Moreover, the improved temporal convolutional network in our study reduced the MSE by
84.74% compared to the other four model methods. Compared to its four model methods, the score index increased by
163% . The experimental result fully verifies the effectiveness of improving the TCN model in the article.
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Tab.3 Comparison of test set bearing RUL prediction results
e Bearing1-3 Bearing1-4 Bearing1-5 Bearing1-6 Bearing1-7 MR
T MSE Score MSE Score MSE Score MSE Score MSE Score MSE Score
TCN (BN) 0.004 0.986 0.009 0.988 0.039 0.899 0.037 0.882 0.055 0.938 0.030 0.934
TCN (WN) 0.003 0.987 0.015 0.978 0.053 0.873 0.055 0.866 0.067 0.915 0.041 0.918
TCN (LN) 0.002 0.018 0.021 0.976 0.042 0.885 0.063 0.860 0.070 0.920 0.041 0.921
TCN (GN8) 0.019 0.991 0.024 0.960 0.073 0.850 0.058 0.866 0.022 0.915 0.041 0.912
TCN (GN4) 0.004 0.989 0.014 0.985 0.047 0.890 0.046 0.873 0.030 0.929 0.029 0.928
TCN (GN2) 0.001 0.984 0.011 0.983 0.016 0.944 0.007 0.955 0.057 0.945 0.019 0.960

I e
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Fig. 5 Visualization results of RUL predictions of different model schemes on the test set
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Tab.4 Comparison between improved TCN in this article and other model methods

o Bearing1-3 Bearing1-4 Bearing1-5 Bearing1-6 Bearing1-7 IR AL A
MSE Score MSE Score MSE Score MSE Score MSE Score MSE Score
CNN 0.12 0.40 0.24 0.23 0.16 0.34 0.13 0.35 0.17 0.32 0.15 0.34
LST™M 0.16 0.35 0.15 0.30 0.20 0.30 0.22 0.22 0.23 0.21 0.19 0.27
TCN 0.03 0.61 0.15 0.36 0.10 0.44 0.10 0.44 0.12 0.46 0.11 0.44
EMD-TCN 0.06 0.60 0.08 0.57 0.10 0.50 0.10 0.44 0.11 0.46 0.09 0.49
TCN (GN2) 0.001 0.984 0.011 0.983 0.016 0.944 0.007 0.955 0.057 0.945 0.019 0.960
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