Journal of Knowledge Information Technology and Systems(JKITS), Vol. 15, No. 6, pp. 973-981, December 2020
https://doi.org/10.34163/jkits.2020.15.6.006

- Jourmal of Knowledge Information Technology and Systems

ISSN 1975-7700 (Print), ISSN 2734-0570 (Online)

KITS http://www kKkits.or.kr

Sound Classification Performance of Deep Neural Networks in
the Presence of Disturbing Sounds

Wongeun Oh’, Dong-Kyun Lim’

'Department of Multimedia Engineering, Sunchon National University
2Department of Computer Science Engineering, HanYang Cyber University

ABSTRACT

Environmental sound classification is an area that automatically classifies sounds in our surroundings. It
can be applied to home automation, security, and surveillance. Recently, the deep learning approaches
have been adopted as a classifier for increasing performance. In this method, a deep neural network is
trained using many sound data, and after the learning is completed, the microphone pickup sound is
applied for classification. However, during this stage, the ambient noise can be put into the microphone
along with the sound to be identified. And the sound cannot be properly classified due to this
disturbing noise. The recognition rate of the deep neural network decreases as the loudness of the
disturbing sound increases, but the analysis about the noise effect on the classification have been
limited. In this paper, we present the effect of the disturbing noise on the classification rate. For this
purpose, UrbanSound8K, which is composed of 10 types of urban environmental sounds, is used for
training and test data. And the VGGIl6-based CNN which shows good performance in image
classification was adopted as a baseline model. For the disturbing noise, we use three types of sounds
that are consist of daily noises (hairdryer, vacuum cleaner, faucet water, and hammer), voices(male,
female, and synthesized sound), and music(cello, piano, and trumpet). In the experiment, these disturbing
noises are mixed with the clean sounds so that the signal-to-noise ratio is in the range of -50dB to
50dB. Then the mixed sound was applied to a deep neural network to obtain a relative recognition rate
when compared to the clean cases. The results show that the recognition rate is more than 90%
compared to the clean sound cases when the SNR is between 10 and 15 dB, and 95% or more when
the SNR is greater than 20 dB, regardless of the type of the disturbing sound.
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Table 1. The sound classes and number of audio clips in the

UrbanSound8K dataset.

classID [Sound class (Abbreviation)| Number of clips
0 air_conditioner (ac) 1,000
1 car_horn (ch) 429
2 children_playing (cp) 1,000
3 dog_bark (db) 1,000
4 drilling (dr) 1,000
5 engine_idling (en) 1,000
6 gun_shot (gs) 374
7 jackhammer (jh) 1,000
8 siren (si) 929
9 street_music (st) 1,000
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Figure 1. The confusion matrix of deep neural network
outputs without disturbance noise
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Figure 2. The relative accuracy of deep neural network in the
presence of daily noises
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Table 2. Relative test accuracy(%) in the presence of the disturbing noises

. SNR(dB) =50 =30 -20 -15 =10 =5 0 5 10 15 20 30 50
Noise

Daily noise

Hairdryer 15.1| 15.3 17.1 21.2 32.7 49.2 66.1 78.8 86.9 92.6 96.1 98.9 | 100.0
Vacuum 15.21 14.9 14.3 14.4 17.9 27.1 44.7 63.7 81.6 91.2 96.1 98.4 | 100.0
Hammer 5.7 9.3 16.6 27.7 43.9 59.8 76.0 86.8 93.9 97.9 98.9 99.7 100.0
Faucet 15.9| 15.9 17.9 22.2 34.0 48.3 66.3 82.4 89.2 93.1 95.7 98.7 99.9
Daily noise (Avg.) 13.01 13.9 16.5 214 | 321 46.1 63.3 77.9 87.9 93.7 96.7 98.9 | 100.0
Voice

Voice_male 15.8| 16.6 20.3 25.1 35.2 53.6 71.7 85.5 93.7 97.4 99.5 | 100.2 | 100.0
Voice_male(syn) 15.4] 16.1 19.3 23.2 32.8 49.0 67.1 81.1 91.5 96.4 98.7 99.9 99.9
Voice_female 15.4| 15.7 19.9 25.7 32.4 42.6 57.0 72.3 84.5 91.9 96.3 99.8 | 100.1
Voice_female(syn) 15.9| 16.6 21.0 26.1 34.1 46.8 62.1 77.5 88.5 95.3 98.7 100.0 | 99.9
Voice (Avg.) 15.6| 16.2 20.1 25.0 | 33.6 48.0 64.5 79.1 89.5 95.2 98.3 | 100.0 | 100.0
Instruments

Cello 1541 16.7 19.5 23.7 31.8 46.2 62.8 79.0 91.1 97.0 98.9 99.7 99.9
Piano 13.8| 14.8 16.4 19.1 22.9 30.1 42.7 60.3 78.7 90.1 95.7 99.5 100.0
Piano_jazz 15.6| 15.6 15.7 16.1 18.0 21.4 30.4 51.1 76.4 90.5 95.9 99.3 99.9
Trumpet 9.7 1 12.2 14.5 16.6 20.4 26.9 36.3 49.1 62.9 76.5 86.8 97.5 | 100.0
Instruments (Avg.) 13.6| 14.8 16.5 18.9 23.3 31.2 43.0 59.9 77.3 88.5 94.3 99.0 99.9
Total Avg. 14.1| 15.0 17.7 21.8 29.7 41.7 56.9 72.3 84.9 92.5 96.4 99.3 | 100.0
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Figure 3. The relative accuracy of deep neural network in
the presence of voices
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Table 2. The SNR for 90% and 95% relative accuracy

Rel. Accu. -
Noise 90% 95%
Daily noise 11.8 dB 17.2 dB
Voice 10.5 dB 14.8 dB
Instrument 16.3 dB 21.5dB
Total 13.3dB 18.2 dB
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