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Abstract: Persons with sensorineural hearing impairment have troubles in hearing at noisy environments because
of their deteriorated hearing levels and low-spectral resolution of the auditory system and therefore, they use hearing
aids to compensate weakened hearing abilities. Various algorithms for hearing loss compensation and environmental
noise reduction have been implemented in the hearing aid; however, the performance of these algorithms vary in
accordance with external sound situations and therefore, it is important to tune the operation of the hearing aid appro-
priately in accordance with a wide variety of sound situations. In this study, a sound classification algorithm
that can be applied to the hearing aid was suggested. The proposed algorithm can classify the different
types of speech situations into four categories: 1) speech-only, 2) noise-only, 3) speech-in-noise, and 4)
music-only. The proposed classification algorithm consists of two sub-parts: a feature extractor and a
speech situation classifier. The former extracts seven characteristic features - short time energy and zero
crossing rate in the time domain; spectral centroid, spectral flux and spectral roll-off in the frequency
domain; mel frequency cepstral coefficients and power values of mel bands - from the recent input signals
of two microphones, and the latter classifies the current speech situation. The experimental results
showed that the proposed algorithm could classify the kinds of speech situations with an accuracy of over
94.4%. Based on these results, we believe that the proposed algorithm can be applied to the hearing aid
to improve speech intelligibility in noisy environments.
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short time energy(STE) [15,16], zero
crossing rate(ZCR) [15], Ful EAS YE = spectral
roll-off(SRO) [15,16], spectral centroid(SC) [15,16], spec-
tral flux(SF) [15,16], 12|31 5/do] A|Fut o] F==2
REEo] gl A neslel nAFOR Fud =S
Fo] EA ZFS 419l= mel frequency cepstrum coeffi-
cients(MFCCs) [5,15,17], mel band power(MP) [18,19]
B Attt 2 71 AEA) B g 22 W4, 3 7
A FukeAbe] 54 4F 2% W4, 2205 2 744 mel 1l

Speech Speech in noise

Noise Music

v

Hamming windowing
GIO|Ef Z0]: 1.6 sec

Hamming windowing
HO|E Z0] : 8 msec
20070 =&

) 7
SYY 58 =Yy 58

T8 1.9 B w9 A4S 98 dole A2 3
Fig. 1. Data processing for generating sound classification
model
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Fig. 3. the result of classification accuracy when the number

of neurons in two hidden layers were same
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Table 2. The results according to the feature sets

Z(validation)o]] A}g To] &7 ERF R4 A= Ao
0‘_57_/‘\12] E_\ﬂl E 2|7} 161—
%7]—0]—3{‘3\1‘/]—[15]. emee R 8 msec 1.6 sec
ZCR, STE, SF, SC, SRO 82.7% 83.4%
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chl’{ngl\E/[,FSgéEC, 88.5% 91.3%
1. Neuron 7i5=0i| [} M& H|W ZCR STE,SF SC. SRO
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Table 1. The results according to the number of neurons when using 7 feature values
1% layer 15 neuron 20 neuron 25 neuron
21 Jayer A she AQ A7 At A QA7 A= SRR
15 neuron 92.1% 32 msec 92.5% 35 msec 92.4% 46 msec
20 neuron 92.9% 37 msec 94.4% 46 msec 93.3% 58 msec
25 neuron 93.2% 52 msec 92.6% 61 msec 93.9% 72 msec
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