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Bearing residual life prediction based on principal component feature fusion and SVM

MA Hailong
(Beijing Tiandi Longyue Science and Technology Co., Ltd., Beijing 100013, China)

Abstract: In order to solve the problem that using single feature quantity for bearing residual life
prediction had large error and it was difficult to estimate bearing residual life under the condition of limited
data samples, a bearing residual life prediction method based on principal component feature fusion and
support vector machine(SVM) was proposed. This method collects data samples of vibration acceleration
signals and extracts the characteristic indexes such as RMS, peak value and wavelet entropy to characterize
the degradation trend of bearings. The principal component analysis is used to fuse multiple feature indexs
to eliminate the redundancy and correlation between features, and construct regressive feature quantities
with relative multi-feature; the regressive feature quantities are input into SVM model for bearing residual
life prediction. The field engineering application results show that the bearing residual life prediction
method based on principal component feature fusion and SVM can screen out the principal components
which contain most of the information under small sample condition, thus reducing the calculation amount
while ensuring the prediction accuracy.
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Fig.1 Technical framework of bearing

residual life prediction
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Fig. 2 On-site data acquisition system
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Table 1 Data sample feature quantity (partial data)

45 A B VA WEEE BOESERR /DR
1 1.12 20.21 3.30 1.30 3.04
2 0. 84 10. 46 3.95 1. 26 2.64
3 0.99 12.85 3.68 1.27 2.47
4 1.12 18. 48 7.00 1.32 2.87
5 1. 11 25.27 11. 46 1. 31 2.86
6 1.12 21. 44 5. 36 1.38 3.51
7 1.41 33. 54 3.48 1.32 2.86
8 1. 39 21.88 8.53 1. 44 3.33
9 1. 34 33.77 5.48 1.38 3.45
10 1.38 30. 84 5.16 1. 36 2.75
11 1. 30 16.03 5.70 1. 65 3.74
12 1. 00 12. 36 10. 16 1.37 3.58
13 1.12 15.61 4.89 1.40 3.67
14 0.90 25.15 16.55 1.32 3.28
15 0. 94 35. 20 4.89 1.37 3.69
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Table 2 Principal component contribution rate and

accumulated contribution rate

ErxFT TR/ % R TR %
1 55 55
2 32 87
3 10 97
4 3 100
5 0 100
6 0 100
7 0 100
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Fig. 3 Trend of degraded characteristic
output by PCA model
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Fig. 4 Bearing residual life prediction results of

tension roller
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Table 3 Comparison of bearing life prediction results

based on different degraded feature quantities
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