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A Study on Hazardous Sound Detection Robust
to Background Sound and Noise

. T
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ABSTRACT

Sanghoon Kang“,

Seongwon Cho'""

Recently various attempts to control hardware through integration of sensors and artificial intelligence
have been made. This paper proposes a smart hazardous sound detection at home. Previous sound
recognition methods have problems due to the processing of background sounds and the low recognition
accuracy of high—frequency sounds. To get around these problems, a new MFCC(Mel-Frequency Cepstral
Coefficient) algorithm using Wiener filter, modified filterbank is proposed. Experiments for comparing
the performance of the proposed method and the original MFCC were conducted. For the classification
of feature vectors extracted using the proposed MEFCC, DNN(Deep Neural Network) was used.
Experimental results showed the superiority of the modified MFCC in comparison to the conventional
MFCC in terms of 1% higher training accuracy and 6.6% higher recognition rate.
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Fig. 1. Structure of sound recognition system,

HIZS o &S0l olst I8! 42| SN 2t 97 1607

% A
; et \
" L[] \I
Cluster1 ] feoe :
TN \ L
B Wy il
# N It
| & |4
\ - J Cluster?
Nt Y
N, -

Fig. 2. Gaussian Mixture Model,
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Table 1. Experimental data set.

Number of Data
Class of data — :
Training | Testing

Crowd 25 15

Background
Sounds Footstep 25 15
Rustle 25 15
Speech 25 15
Hazardous | Glass break 50 30
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