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[Abstract]

Recently, deep learning methods have been adopted in bearing faults diagnosis to improve the accuracy; however, deep learning
methods require much more computation complexity compared to previous signal processing methods. This paper proposes a
method to reduce the computation complexity of the deep learning-based bearing faults diagnosis. The acoustic emission signals
obtained from the working bearings are converted into spectrogram images, and CNN models are then applied to monitor the
bearings' status. The mechanical facilities adopted in real industrial sites have difficulty using expensive processing devices, such
as high-performance GPUs. Therefore, a bearing fault diagnosis method for embedded systems is necessary. The proposed method
consists of two phases: an initial fault diagnosis phase that classifies normal/abnormal states and a fault-type classification phase
determining the defect type for abnormal states. Our experiments using a Raspberry Pi board reveal that the proposed method

decreases the time for bearing faults diagnosis by approximately 55% without compromising diagnostic accuracy.
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Fundamental Train(cage) Frequency (FTF) :

FTF = L(l—icosqﬁ 4)
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