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A Wavelet-based Profile Classification using
Support Vector Machine
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Abstract

Bearing is one of the important mechanical elements used in various industrial equipments. Most of failures occurred
during the equipment operation result from bearing defects and breakages. Therefore, monitoring of bearings is
essential in preventing equipment breakdowns and reducing unexpected loss. The purpose of this paper is to present
an online monitoring method to predict bearing states using vibration signals. Bearing vibrations, which are collected
as a form of profile signal, are first analyzed by a discrete wavelet transform. Next, some statistical features are
obtained from the resultant wavelet coefficients. In order to select significant ones among them, analysis of variance
(ANOVA) is employed in this paper. Statistical features screened in this way are used as input variables to support
vector machine (SVM). An hierarchical SVM tree is proposed for dealing with multi-class problems. The result of
numerical experiments shows that the proposed SVM tree has a competent performance for classifying bearing fault
states.
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Figure 1. SVM for online monitoirng proposed in the
present study
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Figure 2. Vibration signals from the fault bearing Figure 3. Statistical feature extractions by noise
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3.1 Support Vector Machine for Classifications
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Table 1. ANOVA results of selected statistical features
F—value ad d4 d3 d2 d1l
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Figure 6. SVM tree for multi—class classification
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