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Abstract: In order to solve the problems of insufficient extraction of key speech features and single model structure, a
double-stage speech enhancement method incorporating multi-scale features and improved gated Conformer was
proposed to solve the problems of insufficient extraction of key features of speech and single model structure. Firstly,
in order to solve the problem of insufficient extraction of key features, a two-channel convolutional fusion module was
proposed, which used two-dimensional convolutional multi-scale extraction of speech key information with different
receptive fields, and combined with the gating mechanism to enhance the short-term and long-term sequence correlation
of the network, so as to improve the speech enhancement effect of the model in complex environments. An improved
Conformer is proposed, which uses time attention and frequency attention to model in the time and frequency domains
respectively, and combines the dilated convolution module to efficiently extract local and global context information, so
as to enhance the performance ability of the network in speech sequence modeling. Secondly, for the problem with a
single model structure, a two-stage processing structure is adopted to deal with the complex problem step by step. In
the first stage, the amplitude of the noise spectrum is received, the amplitude of the clean speech is preliminarily
estimated, and the noise phase is reconstructed to obtain the rough complex spectrum. In the second stage, on the
basis of the rough spectrum obtained in the first stage, more refined features were further extracted to enhance the
detailed expression ability of the speech signal. Finally, the experimental results are carried out on the VoiceBank +
DEMAND dataset, and the experimental results show that the objective evaluation index and short-term intelligibility
of this model are increased by 50.25% and 3.26 %, respectively, compared with the noisy voice, indicating that the
proposed algorithm can improve the intelligibility of speech more effectively, and at the same time improve the overall
quality of speech signals, and has strong noise reduction ability.
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Table 1 Ablation experiments on the VoiceBank+DEMAND dataset

A MGBEMAER TBIFConformer PESQ STOI CSIG CBAK COVL

Noisy — — 1. 97 0.92 3.35 2.44 2.63
MGC_Net X X 2.61 0.92 3.59 2.65 3.09
MGC_Net N X 2.71 0.93 3.75 2.76 3.22
MGC_Net N N/ 2.79 0.94 3. 84 2. 81 3.31
CGC_Net X X 2. 65 0.93 3.73 2.66 3.13
CGC_Net N X 2.74 0. 94 3.85 2.82 3.29
CGC_Net N N/ 2.85 0.94 4.12 2.95 3. 36
DGC_Net N N 2.96 0.95 4. 31 3.43 3.51

2.5 VoiceBank+DEMAND %§ 45 £ S2 16 X bk
B AR S AR L 5 3T AR R H A AR R M R AR AL
VoiceBank+ DEMAND #( 4 & I ## 47 X} b, 4 #6 SEGAN,
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MetricGAN"™ .S-DCCRN™" | 2% 2 1, Noisy 7 J5 U 47 M 35 2
B R I R F R A 1% S48 b b e A T 45

%®2 £KIEAIE VoiceBank+DEMAND # & &£ 1% b L 18
Table 2 Comparative experiments of each model on the VoiceBank+DEMAND dataset

LAY PESQ STOI CSIG CBAK COVL
Noisy 1.97 0.92 3.35 2.44 2.63
SEGAN 2.16 0.92 3.48 2.94 2. 80
GCRN 2.51 0.94 3.71 3.24 3.09
DCCRN 2.62 0.93 3.79 2. 46 3. 27

DeepFilterNet 2.81 — — — —

FullSubNet-+ 2. 88 0.94 3. 86 3.42 3.57
MetricGAN 2. 86 — - 3.18 3.42
CTS-Net 2.92 — 4.25 3.46 3.59
S-DCCRN 2. 84 0.94 4. 03 3.43 2.97
DGC_Net 2.96 0.95 4.31 3.43 3.51
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STOI.CSIG.COVL 4 4gtr EHRME DL . D FEABH
BORIRIAA e, DGC_Net TE 4T 38 45 1 34 W #2 F, £ W
XL BEAE YA AR AN T 5y BEASE AL 25 4 21— 1Y) )R PR L R 4%
B At A A R T — B B 45 R, DA T 4 T B IR AR
SRR KPEGE, 2) 5 GCRN L)} DCCRN # % Af [,
DGC_Net AT E & 9 B BL B9 HL 3, 1038 5 76 B R B B 5| A
TBI-Conformer., 7£ J7 51 @A 8 71 )7 Wi T 58 LSTM, fifi
AR TR0 T A Ak bt Al I A AR P 5 R AR R i — 2B R T
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Table 3 The impact of introducing different middle layers on the model under the VoiceBank+DEMAND dataset

LAY PESQ STOI CSIG CBAK COVL
MGC_Net+ 525 LSTM 2.71 0.93 3.75 2.76 3.22
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