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ABSTRACT

In this paper, a novel approach is proposed to improve the performance of speech/music classification using the
recurrent neural network (RNN) in the enhanced voice services (EVS) of 3GPP for hearing aids. Feature vectors
applied to the RNN are selected from the relevant parameters of the EVS for efficient speech/music classification.
The performance of the proposed algorithm is evaluated under various conditions and large speech/music data.

The proposed algorithm yields better results compared with the conventional scheme implemented in the EVS.
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Table 1. Comparison of speech/music classification

accuracy
EVS Proposed
clean 0.9980 0.9981
car 20dB 0.9927 0.9941
speech babble 20dB 0.9905 0.9914
white 20dB 0.9642 0.9775
factory 20dB 0.9850 0.9871
) classic 0.9868 0.9912
music
others 0.9311 0.9435
E 12 EVS9 #lgkE RNN 7]uke] g Fof
A g3/5 AE gES5 YERITE RNN9 hidden
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