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A Single-channel Speech Enhancement Approach Based on Perceptual Masking
Deep Neural Network

HAN Weit ZHANG Xiong-Wei? MIN Gang' 2 ZHANG Qi-Ye®

Abstract A new deep neural network (DNN) is proposed for single-channel speech enhancement, which incorporates
the perceptual masking properties of psychoacoustic models. Firstly, the proposed DNN is trained to learn both the
clean speech magnitude spectrum and the noise magnitude spectrum from the noisy magnitude spectrum. Secondly, the
estimated clean speech magnitude spectrum is used to calculate the noise masking threshold. Then, the noise masking
threshold and the estimated noise magnitude spectrum are combined to calculate a perceptual gain function. Finally,
the enhanced speech magnitude spectrum are obtained by jointly training the perceptual gain function and the noisy
speech magnitude spectrum. Experimental results on TIMIT with 20 noise types at various SNR (signal-noise ratio)
levels demonstrate that the proposed perceptual masking DNN can effectively remove the noise while maintaining small
speech distortion, so as to obtain better performance than the common DNN methods and the NMF (nonnegative matrix

factorization) method, no matter noise conditions are included in the training set or not.
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mean values over four input SNR conditions, i.e. from —5dB to 10dB spaced by 5dB.)
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Table 1  The PESQ scores of different methods at four different input SNR levels (For each condition, the numbers are

the mean values over all the 20 noise types.)
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