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Speech Enhancement Based on Convolutive Nonnegative Matrix

Factorization with Sparseness Constraints
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(1. Institute of Command Information System, PLA University of Science & Technology, Nanjing, 210007, China;

2. Department of Basic, Xi'an Communications Institute, Xi'an, 710106, China)

Abstract: In recent years, sparse convolutive nonnegative matrix factorization(SCNMF) algo-
rithm has been well used for speech enhancement. Considering the sparsity of speech signals in
the frequency domain, a speech enhancement approach based on SCNMF is proposed. The ap-
proach consists of a training stage and a denoising stage. During the training stage, the prior
information about the spectrum of speech and noise is modeled by SCNMF algorithm and the
dictionaries of speech and noise are constructed. In the denoising stage, the spectrum of noisy
speech is analyzed by SCNMF algorithm, and the dictionaries of speech and noise and the itera-
tive formulation are combined to evaluate the coding matrix of speech, then the enhanced
speech is reconstructed. The impact of sparse factor on enhanced speech quality is analyzed
through simulation experiments. Experimental results show that the proposed method outper-
forms traditional speech enhancement algorithms, such as multi-band spectral subtraction
(MSS), nonnegative matrix factorization(NMF), convolutive nonnegative matrix factorization
(CNMF), in non-stationary noise and low SNR conditions.

Key words: speech enhancement; sparse convolutive; nonnegative matrix; dictionary training;
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Table 1 LSD of enhanced speech
SNR/dB F16 M rs M109 M7 Babble M7=
MSS NMF CNMF SCNMF MSS NMF CNMF SCNMF MSS NMF CNMF SCNMF
—5 2.483 2.415 2.395 2.136 2.532 2.524 2.492 1.888 2.652 2.604 2.557 2.412
0 2.241 2.158 2.027 1.801 2.306 2.261 2.225 1.546 2.375 2.395 2.213 2.043
5 1.803 1.812 1.686 1.522 1.754 1.895 1.888 1.249 1.968 1.917 1.851 1.683
10 1.420 1.467 1.378 1.279 1.356 1.558 1.535 1.015 1.677 1.549 1.504 1.354
F2 ERIEEMN PESQRE
Table 2 PESQ of enhanced speech
SNR/dB F16 Bp M109 g ms Babble M7
MSS NMF CNMF SCNMF MSS NMF CNMF SCNMF MSS NMF CNMF SCNMF
—5 1.800 1.957 2.158 2.360 2.014 2.094 2.151 2.469 1.681 1.750 1.917 2.066
0 2.086 2.305 2.454 2.593 2.358 2.431 2.479 2.692 2.075 2.157 2.241 2.386
5 2.458 2.591 2.692 2.889 2.706 2.716 2.784 2.935 2.446 2.496 2.533 2.667
10 2.795 2.846 2.936 3.117 3.094 2.958 3.074 3.182 2.736 2.781 2.807 2.920
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