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Abstract : A motor gear box is used to control tilting of the mirror and folding of the side mirror wings in a vehicle. Gear box
fault detection in the production line is very important because faulty production returns considerable cost when undertaking
vehicle maintenance. Fault detection based on acoustic sounds is widely used because it is simple and efficient. Sound-based
method offers the advantage of non-destructive inspection, but it also provides limited classification performance. In this
article, we propose a two-stage classification algorithm based on CNN. This method detects anomaly in the first stage, then
subsequently classifies the faulty class. Mel-spectrogram is used to extract the features of the acoustic motor sounds. Since
the proposed method classified the types of defects after determining faulty components, it is expected not only to improve
accuracy, but also to reduce the time required to figure out the cause of failure.

Key words : Fault detection(& %71 ), CNN(E & 217 ), Audio classification( 2. T] 2. i), Mel-spectrogram(2 2~
=) E &2 7131), Motor gear box(=.E{ 7]o] ¥l)
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Table 1 Fault number by noise type

Fault No. Types of noise
1 Shaft mis-align noise
2 Tooth scratch noise
7 Shaft thrust noise
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Fig. 1 Waveform graph of motor sounds
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Fig. 2 Power spectrum graph of motor sounds
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Table 2 Accuracy by features

Mel-spectrogram MFCC

Binary classification 0.765 0.668
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Fault Detection of Motor Gear Box Using Two Stage Sound Classification Network

Table 3 Accuracy of backbone networks

Backbone networks Accuracy
Inception 0.816
Mobile net 0.670
Resnet 50 0.715
VGG 16 0.515
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Table 4 CNN setting
Input size 216 x170
Optimizer Adam optimizer
Batch-size 256
Early stopping patience 20
Epoch 300
Learning rate 0.01
Convolution kernel size 3X3
Max pooling kernel size 2X2
Dense layer 128
Label smoothing 0.1
Dropout rate 0.1
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Table 5 Accuracy comparison of models

Model CNN block Accuracy
Cov_16, 32, 64, 128, 256 0.683
Cov_16x2, 32x2, 64x2, 0.675
) 128x2, 256x2 ’
No attention
Cov_32, 64, 128, 256, 256 0.745
Cov_32x2, 64x2, 128x2, 0.765
256x2, 256x2 ’
Cov_l6, 32, 64, 128, 256 0.908
Cov_16x2,32x2, 64x2, 0.841
128x2, 256x2
+ SE block
Cov 32, 64, 128, 256, 256 0.835
Cov_32x2, 64x2, 128x2, 0.85
256x2, 256x2 ’
Cov_16, 32, 64, 128, 256 0.673
Cov_16x2, 32x2, 64x2,
128x2, 256x2 0674
+ CBAM block
Cov_32, 64, 128, 256, 256 0.673
Cov_32x2, 64x2, 128x2.
OV XS DTRS, AN 0.810
256x2, 256x2
Table 6 Accuracy comparison of data sets
Accuracy
Model Original data | Augmented data
Conv_16,32,64,128,256
+ SE block 0.765 0.908
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Table 7 Accuracy of 4-classes multiclass classification

Model Accuracy
Cov_16,32, 64, 128, 256 0,608
+ SE block
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Fig. 9 Confusion matrix of 4-classes multiclass classification
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Table 8 Accuracy of 2-stage classification

Stage Model Accuracy
Bi | ! ficati 0.908
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(a) Normal

(c) Fault2 (d)Fault?

Fig. 10 Grad-CAM visualization result of datasets
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