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Abstract

This paper deals with improving speech intelligibility by applying binary mask to time-frequency units of speech in noise. The
binary mask is set to “0” or “1” according to whether speech is dominant or noise is dominant by comparing signal-to-noise ratio
with pre-defined threshold. Bayesian classifier trained with Gaussian mixture model is used to estimate the binary mask of each
time-frequency signal. The binary mask based noise suppressor improves speech intelligibility only in noise condition which is
included in the training data. In this paper, speaker adaptation techniques for speech recognition are applied to adapt the Gaussian
mixture model to a new noise environment. Experiments with noise-corrupted speech are conducted to demonstrate the
improvement of speech intelligibility by employing adaption techniques in a new noise environment.
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Fig. 1. Extraction of amplitude modulation spectrogram
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