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Fig. 1 The process of remaining useful life prediction modeling
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Table 1 The time-domain, frequency-domain and

time-frequency-domain features
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Table 3 Mutual information values of features and
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Remaining useful life prediction of rolling bearings based on
mutual information based principal component analysis
combined with support vector regression

OU BaiYu' YANG Meng’® HAN Xu’

(1. Army Aviation Research Institute of Army Aviation Institute, Beijing 101121 ; 2. Department of Aviation Machinery Engineering of
Army Aviation Institute, Beijing 101123 ; 3.93146 Troops, Beijing 100000, China)

Abstract; As a key component in rotating machinery, rolling bearings affect its reliable operation. In order to carry
out equipment maintenance intelligently and improve the operation efficiency of the equipment, a remaining useful
life prediction method for rolling bearings using mutual information ( MI) based principal component analysis
(PCA) (MI-PCA) combined with support vector regression (SVR) is proposed. First, the wavelet packet denois-
ing algorithm is used to eliminate the abnormal data points and noise in the original vibration signal, and the time-
domain, frequency-domain and time-frequency-domain features are then extracted based on the denoising data. The
feature selection is subsequently conducted according to the mutual information between the features and the remai-
ning useful life, and the sensitive features representing the bearing degradation state are obtained using the PCA al-
gorithm , which is used as the input of the SVR. Finally, the remaining useful life prediction model of the whole life
test data of rolling bearings based on the SVR is established and trained. Compared with the SVR regression predic-
tion models based on MI and PCA ( MI -SVR model, PCA-SVR model) , the test results show that the SVR model
based on MI —PCA has higher accuracy in predicting the remaining useful life of rolling bearings. The prediction
accuracy can reach 97% , which provides a basis for carrying out timely and effective equipment maintenance work.
Key words: rolling bearings; remaining useful life prediction; support vector regression; principal component

analysis; mutual information
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