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Transfer Learning-Based Vibration Fault Diagnosis for Ball Bearing
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Abstract In this paper, we propose a method for diagnosing ball bearing vibration using transfer learning.

, Aol ded

STFT, which can analyze vibration signals in time-frequency, was used as input to CNN to diagnose failures. In
order to rapidly learn CNN-based deep artificial neural networks and improve diagnostic performance, we
proposed a transfer learning-based deep learning learning technique. For transfer learning, the feature extractor
and classifier were selectively learned using a VGG-based image classification model, the data set for learning
was publicly available ball bearing vibration data provided by Case Western Reserve University, and
performance was evaluated by comparing the proposed method with the existing CNN model. Experimental
results not only prove that transfer learning is useful for condition diagnosis in ball bearing vibration data, but
also allow other industries to use transfer learning to improve condition diagnosis.
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2. CNN(Convolutional neural network)
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1. STFT(Short-Time Fourier Transform)
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3. A o]&t&(Transfer Learning)
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Figure 1. Proposed System Architecture
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Table 1. CWRU Dataset

class Train Valir(;latio Test Total
Ball Fault 301 89 96 486
Inner Fault 313 36 8 487
Normal 326 63 113 487
Outer Fault 306 69 390 488
All 1,246 312 390 1,948
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Sample Image From Each Label

a2l 2. CWRU HIo|E| MES| A of (STFTH &
Figure 2. Example images from CWRU dataset(STFT
transformation)
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Figure 3. Accuracy and loss of learning and verification data
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Heatmap of the Confusion Matrix
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Figure 4. Confusion Matrix for Existing CNN

Heatnap of the Confusion Matrix
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Figure 5. Confusion Matrix for transfer leaming
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