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Eaht 3% xviéi@f"a‘x‘ﬁ‘ﬂk/\@ﬁrﬁl"f =¥, 3 m R A BTk R & (Fixed beam forming,
FBF) 7 kit 4738 5% . SR AV, 544 % 0 FBF FkAak, ATt sh ey X T34 B % J 49 FBF (Joint
graph learning based FBF, JGL-FBF) 7 % 2 % # 1 7 3% 5% i& & #9 13 =& Ik (Signal-to-noise ratio, SNR)
o £ W i& & i = % & (Perceptual evaluation of speech quality, PESQ). % 4, =B EZ R L EH,
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Multi-channel Speech Enhancement Based on Joint Graph Learning

ZHANG Pengcheng', GUO Haiyan', WANG Tingting', YANG Zhen'*

(1. College of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003,
China; 2. National Local Joint Engineering Research Center for Communications and Network Technology, Nanjing University of

Posts and Telecommunications, Nanjing 210003, China)

Abstract: Considering that the spatial relationship between channels affects the noise reduction, graph
signal processing can capture the potential relationship. If the spatial physical distribution map is directly
used, its time-varying characteristics cannot be reflected in real time. Therefore, we propose a multi-
channel speech enhancement method based on joint graph learning. Firstly, we propose a joint time-space
graph learning method, which jointly optimizes the array space graph and the speech frame inner graph, for
the sake of minimizing the sum of the smoothness of the multi-channel noisy speech signal on the spatial
graph, the smoothness of the nosiy speech signal from the reference channel on the speech frame graph,
the sparsity of the Laplace matrix and the sparsity of the adjacency matrix. Based on the learned space
graph and frame inner graph, the time-space joint graph of multi-channel speech signal is constructed. On

this basis, the multi-channel speech graph signal is enhanced by applying the joint graph transform and the
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fixed beam forming (FBF) method. Experimental results show that the proposed joint graph learning based
FBF (JGL-FBF) method can significantly improve the signal-to-noise ratio (SNR) of enhanced speech
and perceptual evaluation of speech quality (PESQ) compared with the traditional FBF method. In
addition, the experimental results also show that the accuracy of delay compensation affects the speech
enhancement performance of JGL-FBF.

Key words: joint graph learning; speech enhancement; multi-channel; beam forming
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1.2 GFT
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Fig.4 Block diagram of multi-channel speech enhancement system based on joint graph learning
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Table 1 Output SNR of different methods in white noise environment

o i A7 H /dB
—10 -5 0 5 10
MIC —10.001 —5.001 —0.004 4.986 9.955
FBF —4.531 0.408 5.218 9.663 13.260
JGL-IC —0.235 4.128 5.179 5.697 5.927
JGL-FBF —3.225 4.240 8.283 11.144 13.569
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Table 2 PESQ of different methods in white noise environment

ik i AR LL/dB
—10 —5 0 5 10
MIC 1.169 1.286 1.494 1.816 2.176
FBF 1.243 1.496 1.848 2.212 2.583
JGL-IC 1.285 1.650 2.055 2.427 2.744
JGL-FBF 1.364 1.650 2.055 2412 2.744
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*3 BYHEBRERETAREAENE D SNR
Table 3 Output SNR of different methods in Gaussian color noise environment
i AfEWE L /dB
ik -
—10 —5 0 5 10
MIC —10.000 —5.002 —0.004 4.985 9.958
FBF —5.798 —0.846 4.008 8.576 12.439
JGL-IC 1.574 3.017 4.907 5.567 5.874
JGL-FBF —1.421 3.017 7.126 10.600 13.032
*4 BHEBRERETAREHENPESQ
Table 4 PESQ of different methods in Gaussian color noise environment
s i AR 1L /dB
Ik
—10 —5 0 5 10
MIC 1.133 1.229 1.396 1.685 2.036
FBF 1.156 1.340 1.620 1.979 2.339
JGL-IC 1.150 1.447 1.836 2.220 2.568
JGL-FBF 1.151 1.448 1.836 2.220 2.567
9 2.1 =
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.y ] m
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e 1.7+
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h L e
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N N
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N BRI PN 4|
Fig.5 Relationship curves of output SNR and Fig.6 Relationship curves of PESQ and the

the number of dislocation samples N in dif- number of dislocation samples N in differ-

ferent noise environments ent noise environments
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CPU 2} Intel(R) Core(TM) i7-10750H CPU @ 2.60 GHz 2.59 GHz i F#L F 1 MATLAB 2018b k45 .
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