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Feature Extraction of Car Driving Sound
Using Neural Network with Acoustic Multi-Parameters
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Fig. 1 U-Net architecture
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Fig. 2 Spectrogram images for learning
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Fig. 3 Order-removed spectrogram
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Fig. 4 Spectrogram images not for learning
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Fig. 5 Overview of multi modal neural network architecture
Table 2 Each sound information
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Freq. gradient dB/ octave 6 8 6
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Modulation freq. Hz None None None None 70 4 10

Rotational Base order number 3rd 2nd 2nd 2nd 2nd 2nd 2nd

order Base order max SPL dB 80 80 80 80 80 80 80

Resonance Freq. Hz 200
component / SPL dif. dB None None /+20 None None None None
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Fig. 6 Parameter contribution

24 24 24
o] 3 [l
M s} o,
0 Time s 0 Time s 0 0 Time s
(a) Original image (b) SHAP (a) Original image (b) SHAP
Fig. 7 Fluctuation strength of sound 4 Fig. 8 Fluctuation strength of sound 6
20k 20k 20k
N N N
T I T
- [Nl Resonance >
(8] (&) Q
c [ c
¢ =N ¢ e — 9] :
=} > =]
o o o
o o o
0 Time s 0 Time s 0 Time s
(a) Original image (b) Order-removed (c) SHAP

Fig. 9 Spectrogram of sound 3
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