295 2
2014 4F 3

o Ox £ 5 4 M

Journal of Data Acquisition and Processing

51

X EHE:1004-9037(2014)02-0286-07

HAERKEETHREERFEFEBEER
=23 o mER REE KT

(P TR 2F IR (5 B RS E . B 28, 210007)

5

EHSAARATFRFIOEBAEIRAABRCELEONE A TESROHA KK BRE—F AL FG L
BEFFHEEE. AEEA ARSI HRRAS MR T RETOREZSMARK FRARE3IHS.RB
WA KA RETAFINAERRFFR. REANANEREFERRREREN TREFHRIES> T LB
HAFEST, MRTHARATFRZINETRBE S AIIIRAFAEETRARFOALBEZL. B M Ein
FRAER, FHRERI T ALFERBERGET R A EAGRANARIHRE . HRARABLT 4
ERG DA B R E
KBR:BEFTHEABEFI  FRE I HRAKS B
hESHES TNII2. 3 SCERFRIRAD A

Self-Learning Approach for Monaural Speech Enhancement
Based on Sparse and Low-Rank Matrix Decomposition

Li Yinan, Jia Chong ., Yang Jibin, Wu Haijia, Zhang Liwei
(College of Command Information System, PLA University of Science and Technology, Nanjing, 210007, China)

Abstract: To resolve the prior dependency of existing enhancement algorithms based on diction-
ary learning, an unsupervised self-learning approach for speech enhancement in one channel re-
cord is presented. Firstly, the algorithm decomposes the magnitude spectrum of noisy speech
efficiently into low-rank part, sparse part and noise part. Then, the dictionary of noise is ac-
quired by learning the low-rank part. Finally, the clean speech is separated by using the ac-
quired noise dictionary and multiplicative update rules. As the approach is unsupervised, it is
more convenient and practice than other enhancement methods based on dictionary learning.
The experiment results show that the approach proposed outperforms other enhancement
methods like robust principal component analysis and multiband spectra subtraction in terms of
harmonic structure maintaining and noise suppression.
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