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Abstract

In this paper, we propose a method for classifying environmental sound for selective noise cancellation in industrial sites. Noise
in industrial sites causes hearing loss in workers, and researches on noise cancellation have been widely conducted. However, the
conventional methods have a problem of blocking all sounds and cannot provide the optimal operation per noise type because of
common cancellation method for all types of noise. In order to perform selective noise cancellation, therefore, we propose a
method for environmental sound classification based on deep learning. The proposed method uses new sets of acoustic features
consisting of temporal and statistical properties of Mel-spectrogram, which can overcome the limitation of Mel-spectrogram
features, and uses convolutional neural network as a classifier. We apply the proposed method to five-class sound classification
with three noise classes and two non-noise classes. We confirm that the proposed method provides improved classification accuracy
by 6.6% point, compared with that using conventional Mel-spectrogram features.
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Table 2. Classification accuracy for each number of mel bands

number of mel bands, p accuracy (%)
10 82.7
15 82.8
20 84.7
25 87.5
30 88.3
35 85.8
40 85.5
45 86.6
50 86.6
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Table 3. Confusion matrix of baseline using mel-spectrogram

true pred. attack | rotation | friction | speech | alarm r?;)a)ll
attack 93.6 42 1.8 - - 93.6
rotation 0.7 94.1 1.7 - 3.5 941
friction 4.9 15.0 711 3.4 5.6 71.1
speech - 0.4 - 99.6 - 99.6
alarm - 13.1 24 1.3 83.0 | 83.0
precision(%) | 93.3 92.2 83.6 94.5 83.1 | 883
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Table 4. Confusion matrix when using X, ., and X,

true pred. attack | rotation | friction | speech | alarm r?;:;"
attack 96.3 1.6 1.6 - - 96.3
rotation 1.0 95.6 1.5 - 1.9 95.6
friction 5.1 18.8 742 0.9 0.9 74.2
speech - - - 99.8 - 99.8
alarm 4.6 8.4 1.8 - 85.1 85.1

precision(%)| 88.5 93.5 86.2 98.5 915 | 90.2
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Table 7. Classification accuracy for noise and non-noise

Table 5. Confusion matrix when using X, ., and X, , acouracy (%)
true pred. attack | rotation | friction | speech | alarm re(z;)a;ll class baseline proposed method
class new label class new label
attack 92.1 4.7 1.6 - 1.3 92.1 merge merge
rotation 1.7 96.1 0.5 - 1.6 96.1 noise 96.3 97.5 99.1 98.5
friction 47 11.5 83.8 - - 83.8 non-noise 90.7 93.5 95.2 95.0
speech - - - 100.0 - 100.0 total 93.4 95.5 971 96.7
alarm - 94 - - 904 | 90.4
precision(%) | 90.0 | 939 | 947 | 994 | 928 | 925 o|Ae] AT HIIE Eslo] A|otsles ER/717) wlol A
ol Hlgte] BE S 2olM 7 des A= A
62 X, Xy K= 7 AFESHE 5 AR & < Sletiinh gk, Al ol 5-Fef A Bt 2-F
719 &F dHolx, 19 79 UEHAE ARSI 2 RN B e e Agsti, 5o 4 Sese
Hlo]~gkelell Blste] whEEIt ZFE9 recallo] 74zt e HAE Eole T AT wEA Agtee 5
18.6%p St 8.6%p TAE UL HA recall S 6.6%p FAEH o] 71&E H-2HERZ T ] SAS Bakste] AHE
A& GRIstGitt 53], wWo|2gele] Hlste] F 2 Afo] oxe] 7 AbRE Rl Bo% A4 5AE FIE Al
] recall |27} 743 23S AT B 72 g HIA Tt Ae g & stk
=9 2-FH & #7ol ek Ase BolFth Class merge
v.d E
E6 X, Koy XS AEE 9] =5 8
Table 6. Confusion matrix when using X, ,, X, and X, B =B A A oo Med A8 A AE 9)3F
- | e e 8 ALE BF /1% Atk 49
true attack | rotation | friction | speech | alarm (%) & 7(‘3]’ Oﬂ /\‘] g] }\} o= j}%%]_ Ps % 54 i}%é}—l] o1y 3 _,5‘4'5]-]
attack | 968 | 28 - - - | o8 of & HlAFOE R, B 4w AA Ve Ae
rotation 16 | 969 | - - 12 | 969 s 98l ARl 54 AlEs st F 57 FY AR
friction - 102 | 897 - - | 897 AREEES ERSATE 2T tEE 540 H-AHE
speech - - - 99.8 - | 98 299 SHAS SH57] 98t AlZF & wste Fab
alarm 06 | 77 - - 916 | 916 A B4e wdste RS QU2 BAS AlQMEA Y,
precision(%)| 933 | 951 | 988 | 994 | 952 | 949 CNN 7|%ke] 27715 AHE-ste] 57 S 2ol sk &7




852

%53} 27 Fe 2
1 Az} Aoket EA W
AT = 949%0]3, 7]1E W-AHER ]

6.6%p FgH

=
=

W3S = 2R A257 A6, 2020 119 (JBE Vol. 25, No. 6, November 2020)

N

N

DN

or T & Mr |

mope =2 o

I
o
of
on

H= -9
+H5 A5

E g
o)

1o
ol oﬂ ?’.8
2o &

oo ¥ &
ok
=

[
X
ofr o
i

HU of
oy Ho
o

o ak

)
=
=
—
(\]
l
w
3
s
o%

Aga.

(1]

(2

B3]

(4]

1]

=}
=

o & 8 (References)

A. Dzhambov and D. Dimitrova, "Occupational noise exposure and the
risk for work-related injury: a systematic review and meta-analysis,"
Annals of Work Exposures and Health, Vol. 61, No. 9, pp. 1037-1053,
Nov. 2017.

S. Kuo and D. Morgan, "Active noise control : a tutorial review,"
Proceedings of the IEEE, Vol. 87, No. 6, pp. 943 - 973, June 1999.

S. Suh, W. Lim, Y. Jeong, T. Lee and H. Kim, "Dual CNN structured
sound event detection algorithm based on real life acoustic dataset," J.
of Broadcast Engineering, Vol. 23, No. 6, pp. 855-865, 2018.

K. J. Piczak, "Environmental sound classification with convolutional
neural networks," in Proc. of IEEE Int. Workshop on Machine
Learning for Signal Processing (MLSP), Boston, pp. 1-6, Sep. 2015.
H. W. Yun, S. H. Shin, W. J. Jang and H. Park, "On-line audio genre
classification using spectrogram and deep neural network," J. of
Broadcast Engineering, Vol. 21, No. 6, pp. 977-985, Nov. 2016.

HH 3
- 2020 28 : ZB2CyEHm HAIZEI SHA}
- 20204 3 ~ BA| : ZROyEID
- ORCID : https://orcid.org/0000-0001-6536-4997
- FBAIRO} : RC|Q/2A A2, E 2ld

X X A

(o]

(7]

(8]
[9]

[10]

(1]

[12]

[13]

[14]

[15]

A

MR8} AT

Y. LeCun, Y. Bengio and G. Hinton, "Deep learning," Nature,
521.7553, pp. 436-444, May 2015.

X. Glorot, A. Bordes and Y. Bengio, "Deep sparse rectifier neural net-
works," in Proc. of Int. Conf. on Artificial Intelligence and Statistics,
pp. 315 -323.2011.

K. Simonyan and A. Zisserman, "Very deep convolutional networks
for large-scale image recognition," arXiv: 1409.1556, 2014.

S. Zagoruyko and N. Komodakis, "Wide residual networks,"
arXiv:1605.07146, 2016.

V. Zue, S. Seneff and J. Glass, "Speech database development at MIT:
TIMIT and beyond," Speech Communication, Vol. 9, No. 4, pp.
351-356, Aug. 1990.
https://www.sound-ideas.com/Collection/54/2/0/Industry-
Machinery-Tools-and-Office-SFX (accessed May 2019)

K. He, X. Zhang, S. Ren and J. Sun, "Delving deep into rectifiers: sur-
passing human-level performance on ImageNet classification," in
Proc. IEEE Int. Conf. on Computer Vision, Chile, pp. 1026 - 1034,
2015.

D. P. Kingma and J. Ba, "Adam: a method for stochastic optimization,"
arXiv:1412.6980, 2014.

N. Srivastava, G. Hinton, A. Krizhevesky and R. Salakhutdinov,
"Dropout: a simple way to prevent neural networks from overfitting," J.
of Machine Learning Research, Vol. 15, No. 1, pp. 1929-1958, June
2014.

A. Krogh and J. Vedelsby, "Neural network ensembles, cross vali-
dation, and active learning," Advances in Neural Information
Processing Systems, pp. 231 - 238, 1995.




AP 9] 206 AFBRONN ] AHA &5 AAS AT &4 AE BF /1€ 853
(Hyunkook Choi et al.: Environmental Sound Classification for Selective Noise Cancellation in Industrial Sites)

X XA

Zad

- 202014 2@ : AISICHED MALZEDE SHA}

- 2020 3% ~ SAY : ZROHED MASSI MALY
- ORCID : https:/orcid.org/0000-0001-9090-5513

- FOME0L: QLIS ASHz2, H 2y

n >

%55

- 19864 23 : MECHstw MAZSS} ZEA}L

- 19874 122 : Univ. of Wisconsin-Madison &StAIA}

- 19934 5& : Univ. of Wisconsin-Madison &SEfA}

- 199341 98 ~ 19974 8¢ : AMMTX} MeloiTel

- 1997 98 ~ SXf : Y2rHstm MAZS W

- ORCID : https://orcid.org/0000-0003-1600-6610

- FHAE0L: 2r|U3Y ASAE|, 3D AL, SAFERE|

y B1o




