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ABSTRACT

This paper presents a speech enhancement method using non-negative matrix factorization (NMF). In the
training phase, each basis matrix of source signal is obtained from a proper database, and these basis matrices
are utilized for the source separation. In this case, the performance of speech enhancement relies heavily on the
basis matrix. The proposed method for which speech basis matrix is made a high reconstruction error for noise
signal shows a better performance than the standard NMF which basis matrix is trained independently. For
comparison, we propose another method, and evaluate one of previous method. In the experiment result, the
performance is evaluated by perceptual evaluation speech quality and signal to distortion ratio, and the proposed

method outperformed the other methods.
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1. 4 dellre] PESQ A}
Table 1 PESQ score in speech enhancement

E 2. &4 ¥elxe] SDR A3}
Table 2 SDR score in speech enhancement
=198 noisy basic Ortho.
s signal | NmF | RENME| g

F-16 5.0402 9.0334 9.5313 8.9235

factory2 5.0687 8.8288 9.3896 8.9232

babble 4.4962 7.2240 7.7094 8.0851

Average 5.0472 8.3620 8.8768 8.6439

—19 noisy basic Ortho.
n=AB N G | nmp |RE NME| g
F-16 1.9501 2.2081 2.3791 2.1980

Sactory2 1.8776 2.0912 2.3619 2.0935

babble 1.9830 2.1020 2.2708 2.1823

Average 1.9369 2.1337 2.3373 2.1579

1r

oz Asjolt}, o] A¥How 13| 9 75
st o] wiitel] 2 7|4 S =k wf 2o dlo]
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= o
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A BEE A ek AR R olAde] Sde]
Al Aol Aol Hlella= o]#A| HiiA o 3t
714 Pdo] EapHelA] 3t & 4 glrk o] & A}
IAp el 7 714 Es 7 o o &
9194 Elells 2 54 22 7 sk W

< Ask sidek 24 714 B A dlolE B4
of FdsA nkeel & A3 54 I Aol A
FES Feldd & qlslck
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