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Bearing Multi-Faults Detection of an Induction Motor
using Acoustic Emission Signals and Texture Analysis
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Abstract

This paper proposes a fault detection method utilizing converted images of acoustic emission
signals and texture analysis for identifying bearing's multi-faults which frequently occur in an
induction motor. The proposed method analyzes three texture features from the converted images
of multi-faults: multi-faults image’s entropy, homogeneity, and energy. These extracted features
are then used as inputs of a fuzzy-ARTMAP to identify each multi-fault including outer-inner,
inner-roller, and outer-roller. The experimental results using ten times trials indicate that the
proposed method achieves 100% accuracy in the fault classification.
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Fig. 1. System architecture of multiple faults
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Fig. 12. Feature distribution according to the GLCM reference direction
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