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Sudden Noise Reduction Based on GMM with Noise Power Estimation
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Abstract This paper describes a method for reducing sudden noise using a noise detection and classification
methods, and a noise power estimation. Sudden noise detection and classification have been dealt with in our
previous study. In this paper, noise classification is improved to classify more kinds of noises based on k-means
clustering, and GMM-based noise reduction, which was proposed by Segura et al, is performed using the detection
and classification results. As a result of classification, we can know the kind of noise, but the power is unknown.
In this paper, this problem is solved by combining an estimation of noise power with the noise reduction method.
In our experiments, the proposed method achieved good performance for recognition of utterances overlapped by
sudden noises.

Key words Sudden noise reduction, GMM, EM algorithm Noise power estimation
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Fig.1 An example of tree of noises
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Fig.4 An example of detection and classification
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Table 1 The results of detection and classification
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Table 2 The results of 10fold cross-validation
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