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Abstract

Motor failure in manufacturing plays an important role in future A/S and reliability. Motor failure is detected by measuring
sound, current, and vibration. For the data used in this paper, the sound of the car's side mirror motor gear box was used. Motor
sound consists of three classes. Sound data is input to the network model through a conversion process through MelSpectrogram.
In this paper, various methods were applied, such as data augmentation to improve the performance of classifying fault motors and
various methods according to class imbalance were applied resampling, reweighting adjustment, change of loss function and
representation learning and classification into two stages. In addition, the curriculum learning method and self-space learning
method were compared through a total of five network models such as Bidirectional LSTM Attention, Convolutional Recurrent
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Table 2. Results for Curriculum Learning and Applying Self-Paced
Learning

Imbalance Method Softmax LDAM Focal
None 0.66 0.65 0.69
Over Curriculum 0.74 0.65 0.71
Sampling Self-Paced 0.69 0.66 0.64
Both 0.67 0.66 0.72
None 0.7 0.68 0.76
Effective Curriculum 0.73 0.68 0.71
Number Self-Paced 0.71 0.73 0.61
Both 0.75 0.68 0.61
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