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Gradelife mode of rolling bearing based on
support vector machine

MIAO Xuewen', TIAN Xi-ming’, HONGJie'
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Beijing-WUniversty of Aeronautics and-A stronautics,-Beijing 100191, China;
2 Naval Aeronautical Representative-Officein Xi’ an, Xi’ an 710038, China)

Abstract » Graderlife.was used to-describe rolling bearings service life, showing the en-
tire service life'is divided into four-stages: good bearing condition, initial defect condition,
damaged bearing)condition and upcoming failure condition; an assessment model was presen-
ted for bearings grade-life. Sgnal feature extraction and pattern recognition al gorithm were
crucial to construct the model. Vibration signals of the rolling bearing were analyzed, and
the wavelet packet analyss theory was adopted to extract the gradelife characteristics.
Through signal reconfiguration with wavelet package to extract energy feature of variousfre-
quency bands acting as the life feature vector , the support vector machine was used to realize
the mapping between the grade-life vector and the grade-life of rolling bearing, and the model
of establishing the identification model by usng bearing test stand run-to-failure data as
learning samples was employed. The validity and creditability of model has been demonstra-
ted by bearing test stands.

Key words: rolling bearing; gradelife; wavelet packet transform;
support vector machine (SVM) ; mathematical model
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