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ABSTRACT

In this paper, we propose a novel scheme to improve the performance of a voice activity
detection(VAD) which is based on the deep belief networks(DBN) with the likelihood ratio(LR). The
proposed algorithm applies the DBN learning method which is trained in order to minimize the
probability of detection error instead of the conventional decision rule using geometric mean.
Experimental results show that the proposed algorithm yields better results compared to the

conventional VAD algorithm in various noise environments.
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