3 EH 3 BRER T HBOR R Vol3 No.3
2021 4£9 H Chinese Journal of Intelligent Science and Technology September 2021

ETBRS8ETEENimNinESIgRA A

AR, IR, AR
(1. FABMAE RSB TR, JTI B8 330063;
2. IR R 2B S PRl B, iR BFRE 250014)

B E. &GP B M4 (Conv-TasNet) AEUTAEHE H )l 2 370 A5 0T 56 75 35 2> BB AL . Conv-TasNet
RIS A K2 B, A ILAE 230 ] A& T8 205 SRR 10, MO & 7 MR (a5 2 B v B, (RN 2
W T A5 AN A BUE I () 1 T . JE Tk, 4 Pl TR A el T T ) Yo i 1 i, Tk
4547 Conv-TasNet FUBIEH:E /), JF7E Conv-TasNet 4 flRlith 470 18 i — L1952 AL o 0 28 1 S 4 E L g
D3, AT RABHEE 0 2% 7T LA A R0 45 4 2 I ERE 18 15 B R AR s TE i B i R . SEROIOUE T i VR A 2%
AR RN T 2 0.02% MO0 T, iE R REIRAT T R T

KRR TSR, uGBE S B BEEED

HhESES: TPIS3

SCRRFRIRAD: A

doi: 10.11959/j.issn.2096—6652.202136

End-to-end speech enhancement based on
ultra-lightweight channel attention

HONG Yi', SUN Chengli', LENG Yan®

1. School of Information Engineering, Nanchang Hangkong University, Nanchang 330063, China
2. School of Physics and Electronic, Shandong Normal University, Jinan 250014, China

Abstract: The full convolutional time-domain audio separation network (Conv-TasNet) is a state-of-the-art end-to-end
speech separation model which was proposed recently. The Conv-TasNet used dilated convolution to expand the recep-
tive field and fuse more speech features in space, which greatly improved the speech separation performance of the net-
work, but at the same time ignored the importance of information across different convolution channels. An end-to-end
speech enhancement method based on ultra-lightweight channel attention was proposed, which effectively combined
Conv-TasNet and channel attention. At the same time, a group of filters was added to the Conv-TasNet codec to improve
the speech feature extraction ability of the network. This method can make convolutional neural network combine spatial
information and channel information more effectively to improve the speech enhancement effect. Experiment shows that
the proposed model can effectively improve the performance of speech enhancement when the model capacity is only in-
creased by about 0.02%.
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