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[Abstract]

Research on audio classification is being actively conducted for the improved life of the deaf and elderly, and for the
development of audio-related industries. CNN(Convolutional Neural Network) is one of the neural networks used for audio
classification, and is mainly used to classify images by learning the characteristics of input data on its own. Kernel size and
pooling are important variables that affect the setting of the number of parameters in the CNN. This paper extracts MFCC from
UrbanSound8K which is an audio dataset widely used in environmental sound classification studies and makes it learn on CNN.
Under three CNN scenarios, we changed the kernel size and the number of pooling layers in each scenario, and tried to find out
the relationship between the accuracy and parameter number. Through experiments, it was confirmed that both accuracy and

parameters improved as the kernel size and the number of pooling layers increased.
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Fig. 1. Siren waveform

2) Mel spectrogram
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2-2 & 1AL (Convolution Neural Network)
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Table 1. UrbanSound8K Dataset Configuration

class number of data
air_conditioner 1,000
car_horn 429
childern_playing 1,000
dog_bark 1,000
drilling 1,000
engine_idling 1,000
gun_shot 374
jackhammer 1,000
siren 929
street_music 1,000
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pooling
layer | 1 2 8
filter size
2X2 1,569,242 1,557,418 353,194
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6X6 990,170 1,034,154 309,162
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Table 5. Accuracy of scenario 2
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layer | 1 2 3
filter size
2%2 80.481 86.789 87.646
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4X4 86.571 89.410 89.783
5X%5 85.604 90.212 89.223
6X6 85.874 90.326 -
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6X6 2,215,290 232,826 -
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Table 7. Accuracy of scenario 3

pooling

layer | 1 2 8
filter size
2X2 86.587 88.695 90.441
3X3 87.931 90.326 92.044
4X4 87.708 91.299 -
5X%5 87.471 - -
6X6 88.977 - -
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Table 8. Number of parameters in scenario 3

pooling

layer | 1 2 3
filter size
2X2 21,802,682 4,632,250 978,618
3X3 17,137,930 2,588,938 393,482
4X4 11,380,602 747,386 -
5X5 7,447,050 - -
6X6 2,650,298 - -
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