46 & G 6 I
2020 “F 6 H

H 2 % 4R
ACTA AUTOMATICA SINICA

Vol. 46, No. 6
June, 2020

EF ST RIESSA RS S RN BEE AR EEEHE
EXE HE HEV EER R

# B AEMEREE T BCE / (Nonnegative matrix partial co-factorization, NMPCF) ¥ 48 @ Yf Sk /5 A iU (F B2 511
B AT AR A R, LA B e fi 8 YR I ) R IR SR 5 v R A AR AR 00 PR i (Convolutlve nonnegative
matrix factorization, CNMF) R RIS 10 T VEJEAT FE R 23 %, A0 80 75 TE B 70 2 07 T A A (R8O, O 77 S B e i
FEAATF NITE S B, ASCE A UL PR EE RS, PR — R TS RAE U RE TR 4 B A 73 % (Convolutive nonnegative
partial matrix co-factorization, CNMPCF) [ 5./ i & ﬁ%ﬁ/ﬂi AR S B R R AR 2R AR S B R AR
s, TEYE A 2 R A AE T TP A S B, BT KRS R T S0 A A UG B AT A A AR U R A R R, A9 BTE E R AR

lﬁﬁ‘ﬁﬁﬂﬁ%ﬁ’hﬁﬁ@ﬁ LRI RS S, s, R ATE S ML (Signal noise ratio, SNR) EFLL —3dB MAIBEM 0dB &
—12dB 3t 5 fit SNR. SE6 25 R, 7EAN I 7 S RURIE 7R iR 4 AF T, A SCHR ) CNMPCF J7iEAHEE T BL BB AT 73y
AAFIRRE 3.

KR BRARTIEEE R, AR DR B I A M, T, SRR A, AT

SIRAE WA, B, BN, TR - MR, BT RREE SR RE R S G
2020, 46(6): 1200—1209

DOI 10.16383/j.aas.c180065

SR R S PR R R T A . E SRR,
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Abstract
prior knowledge of specific source to help separate specific source signal from monaural mixtures. Convolutive nonnegative

Nonnegative matrix partial co-factorization (NMPCF) is a joint matrix decomposition algorithm integrating

matrix factorization (CNMF), which introduces the concept of a convolutive non-negative basis set during NMF process,
opens up an interesting avenue of research in the field of monaural sound separation. On the basis of the above two
algorithms, we propose a speech separation algorithm named as convolutive nonnegative matrix partial co-factorization
(CNMPCF) for low signal noise ratio (SNR) monaural speech. Firstly, through a voice detection process exploring
fundamental frequency estimation algorithm, we divide a mixture signal into vocal and nonvocal parts, thus those vocal
parts are used as test mixture signal while the nonvocal parts (pure noise) participat in the partial joint decomposition.
After CNMPCF, we can obtain the separated speech spectrogram. Then, the separated speech signal can reconstructed
through Inverse short time fourier transformation. In the experiments, we select 5 SNRs from 0dB to —12dB at —3dB
The results demonstrate that the proposed CNMPCF approach has
superiority over sparse convolutive nonnegative matrix factorization (SCNMF) and NMPCF under different noise types

intervals to obtain low SNR mixture speeches.

and noise intensities.
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Fig.1 The basis extracted from the clean speech spectrum after CNMF decomposition
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Fig.6 Comparison of SDR under different noises
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methods at five different input SNR levels

The subjective listening score of different

SNR (dB) NMPCF SCNMF CNMPCF
—12 1.06 1.08 1.20
-9 1.37 1.46 1.62
—6 1.76 1.95 2.08
-3 2.20 2.29 2.42
0 2.74 2.59 3.05
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Fig.7 Comparison of ASNR under different noises
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