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Abstract This paper proposes DNN-based speech enhancement with low musical noise by kurtosis matching. Mu-
sical noise, artifacts generated by nonlinear signal processing, causes a negative effect on the auditory impression.
Quantity of the generated musical noise is significantly correlated with increase in kurtosis from observed signal to
enhanced signal. Although soft-mask-based DNN speech enhancement has a high performance on noise reduction
thanks to rich power of expression of DNN, it does not consider generation of musical noise. This paper proposes
low-musical-noise speech enhancement without degrading noise-reduction-rate and generating significant speech dis-
tortion by applying kurtosis matching, which is regularization to prevent kurtosis from increasing, to DNN-based
speech enhancement. We give objective evaluation of the enhanced speech signal to demonstrate the efficiency of
the proposed method.
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Fig.1 Overview of the proposed method. The hard mask for non-

speech regions is determined from clean speech. The scaled
kurtosis discrepancy of the non-speech frames is added to a
loss function for training. Mask loss and kurtosis matching

correspond to Egs. (1) and (7), respectively.
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