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Table 1  The Aux-ICA AEC algorithm
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Table 2 Simulation environment parameters setting

ZH {H
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FAEZ/kHz 16
i< 8 192
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RT/s 0.2.0.4.0.8
SER/dB -10,-5.0.5.10
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Fig.2  PESQ score of the algorithm when RT,

is 0.2 s (the echo signal is music)

*3 BEREESAERNAEEERMNETHEXIEITHE
Table 3 Algorithm running time in different degrees of reverberation environment when echo signal is music
Ty/s TSpeex/ s
SER/dB
RTg=0.2 s RTq=0.4 s RTq=0.8 s RTq=0.2 s RTg=0.4 s RTq=0.8 s
-10 12.53 13.05 13. 21 13.57 13. 68 14. 19
-5 13.16 13.31 12.71 13.36 13. 69 13. 87
0 12.78 13. 06 13.11 14. 48 14.27 15.07
5 13. 18 13.41 13.51 13.87 13.58 14. 07
10 13.20 13.26 13.72 14. 45 14. 12 15.45
#4 EEESHEEHARBRERNNETHEXZITHE
Table 4  Algorithm running time in different degrees of reverberation environment when echo signal is voice
Taw/s Tspeer”s
SER/dB
RTg=0.2s RT¢=0.4s RT¢ =0.8 s RTg=0.2s RT¢=0.4s RT¢=0.8 s
-10 11.96 12. 03 12.03 13.82 14. 60 13.87
-5 12. 05 13.30 13.18 14. 88 15.07 14. 58
0 13.32 13.26 13.34 15.02 14. 01 13. 82
5 11.96 12.21 13.32 13. 87 15.08 13. 86
10 11.94 12.22 13.22 14.95 13.83 13.97
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Fig. 3 PESQ score of the algorithm when RTg,

is 0.4 s (the echo signal is music)
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Fig. 5 PESQ score of the algorithm when RTg,

is 0.2 s (the echo signal is voice)
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Fig. 7 PESQ score of the algorithm when RTg,
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Fig. 4 PESQ score of the algorithm when RTg,

is 0. 8 s (the echo signal is music)
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Fig. 6 PESQ score of the algorithm when RTg,

is 0.4 s (the echo signal is voice)
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Frequency domain acoustic echo cancellation using auxiliary
function based independent component analysis

WU Lifu'> WANG Lei' SUN Xinnian' SUN Shuaiheng'

1 School of Electronics & Information Engineering, Nanjing University of Information Science & Technology, Nanjing 210044
2 Collaborative Innovation Center of Atmospheric Environment and Equipment Technology,

Nanjing University of Information Science & Technology, Nanjing 210044

Abstract The performance of traditional Acoustic Echo Cancellation ( AEC) is restricted due to the double-talk
detector it used to determine the double-talk and single-talk scenarios.While Blind Source Separation (BSS) signal
model is a full duplex model with both far-end and near-end signals, thus the BSS-based AEC does not need the
double-talk detector.This paper adopts Auxiliary function based Independent Component Analysis ( Aux-ICA) algo-
rithm to realize acoustic echo cancellation in frequency domain,in which the object function is minimizing the mutu-
al information,and the auxiliary function technique is used for optimization.Simulation results show that this method
has lower computational complexity and better performance in acoustic echo cancellation under continuous double-
talk scenarios.

Key words echo cancellation; auxiliary function; independent component analysis ( ICA ) ; blind source

separation ; double-talk



