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Speech enhancement based on residual dilatation
convolutional and gated codec networks
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Abstract: The time-dependent features and context information of speech signals are crucial in speech enhancement tasks. Aiming at the
problem that codec networks insufficiently capture these features, resulting in poor enhancement performance, an asymmetric residual
dilatation convolutional and gated codec network ( RD-EGN) is constructed. The network comprised three parts: the encoder,
intermediate layer and decoder. The encoder designed a causal convolution layer structure to model the temporal feature, capture the
features of different layers in the speech sequence and maintain the speech signal’ s causality. The intermediate layer incorporated a
residual dilated convolutional network ( RDCN), which integrated dilated convolution, residual connections, and cascaded expansion
blocks to endow the network with a larger receptive field. It facilitated cross-layer information transfer and extracted long-term
dependency features in speech. The RDCN is combined with the long short-term memory network to capture broader context information.
The decoder introduced a gating mechanism to adjust the gating degree of information flow dynamically, obtain richer global features and
reconstruct enhanced speech. Ablation and performance comparison experiments were conducted on the TIMIT, UrbanSound8k,
VoiceBank ,and NOISE92 datasets. The results show that, RD-EGN has fewer training parameters and higher scores in SSNR and
subjective evaluation metrics (CSIG, CBAK, and COVL) than CRN, AECNN and DDAEC. In objective evaluation metrics, the PESQ
is increased by 2. 5% to 7. 1% ,and the STOI is increased byl% to 5.3%. RD-EGN demonstrates outstanding enhancement performance
and generalization ability.
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Table 1 Parameter setting of network model

LSS iy AL RE EHSH it A
Conv2d_1 IxT x638 3x5,(1,2) 16xT%x319
Conv2d_2 16xT %319 3x5,(1,2) 16xTx159
Conv2d_3 16xTx159 3x5,(1,2) 16xTx79
Conv2d_4 16xTx79 3x5,(1,2) 32xTx39
Conv2d_5 32xTx39 3x5,(1,2) 32xTx19
Conv2d_6 32XTx19 3x5,(1,2) 64xTx9
Conv2d_7 64xTx9 3x5,(1,2) 64xTx4
Reshape_1 64xTx4 Tx256

LSTM Tx256 256 Tx256

RDCN Tx256 256 Tx256
Reshape_2 Tx256 64xTx4

DeConv2d_7 128xTx4 3x5,(1,2) 64xTx9

DeConv2d_6 64XxTx9 3x5,(1,2) 32xTx19
DeConv2d_5 32XTx19 3x5,(1,2) 32xTx39
DeConv2d_4 32xTx39 3x5,(1,2) 16XTx79
DeConv2d_3 16xTx79 3x5,(1,2) 16xTx159
DeConv2d_2 16xTx159 3x5,(1,2) 16xT%319
DeConv2d_1 16xTx319 3x5,(1,2) 1XTx638
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Fig. 1 The network structure of RD-EGN
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Fig.2 The structure of causal convolutional layer
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Fig.3 The structure of RDCN
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Fig.4 The structure of gated deconvolution layer
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Fig.5 Framework of RD-EGN speech enhancement algorithm
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Fig. 6 PESQ and STOI of models at different parameters
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Babble Factory2
PG/ HEAY PESQ STOI PESQ STOI
-5dB 0 dB -5dB 0 dB -5dB 0 dB -5dB 0 dB

Noisy 1.54 1.78 0. 546 8 0.682 2 1.47 1.63 0.526 1 0.670 9
LSTM 1.93 2.09 0.715 4 0.786 7 1. 89 1.98 0.703 5 0.768 4
CRN 2.09 2.17 0.743 5 0.8159 2.05 2.13 0.736 9 0.803 0
AECNN 2.16 2.29 0.754 1 0.817 2 2.11 2.24 0.743 1 0.810 5
TIMIT DDAEC 2.21 2.34 0.779 5 0.827 6 2. 14 2.30 0.756 3 0.818 9
DCCRN 2.23 2.39 0.782 4 0.8452 2.18 2.33 0.777 4 0.838 2
RD-EGN 2.28 2.44 0.790 3 0.853 6 2.24 2.41 0.786 2 0. 846 7
LSTM 1.91 2.05 0. 689 4 0.753 1 1.79 1.92 0.675 8 0.739 6
CRN 2.04 2.11 0.727 5 0.789 3 1.96 2.04 0.713 4 0.772 1
VeiceBank AECNN 2.12 2.23 0.7359 0.804 7 2.08 2.20 0.726 5 0.800 3
DDAEC 2.18 2.28 0.753 8 0.826 6 2.10 2.26 0.738 6 0.807 8
DCCRN 2.20 2.31 0.779 1 0.840 9 2.15 2.37 0.753 3 0.8157
RD-EGN 2.24 2.37 0.788 2 0.837 2 2.21 2.35 0.774 8 0.830 7
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Fig.7 CSIG, CBAK and COVL scores of each model

THEEE Y SSNR {H, JF H. SSNR 1870 3 A T3 41 5 gt
A1 7 0 dB i, RD-EGN #5511 SSNR {EH EL 283k 3] T HiAth
BERUAE B (5 e e (40 3.5 B S dB) i 7 Bk B K
XFEA a2 RD-EGN MERUIASH J5 A 15 35 5 5 5% B e s
/b I FLBEE (5 M H R B0, 1A R0 A M 7 410 )y T BT
i,

SSNR/dB

51 Lh/dB

I8 4 Rl T S HURAE 3 FR IR LT 19 SSNR
Fig. 8 The average SSNR of each model

in three SNR under four test noises
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Table 4 PESQ and STOI of trained and untrained speakers

Babble Factory?2
AT PN A PESQ STOI PESQ STOI
-5dB 0 dB -5dB 0 dB -5 dB 0 dB -5 dB 0 dB
N Noisy 1.54 1.78 0. 546 8 0.682 2 1.47 1.63 0.5261  0.6709
Zat IR
RD-EGN 2.28 2.44 0.790 3 0.853 6 2.21 2.41 0.7862  0.8467
s Nois 1.49 1.73 0.543 1 0. 689 1 1.42 1. 60 0.5188  0.6672
Rk % o
RD-EGN 2.21 2.31 0.779 4 0.847 5 2.19 2.22 0.776 9 0.8397

T EULA SRR RD-EGN 4% (1415 25 14 i 300
PI-5.0 dB FIR& T Babble M3 fTE = R, & MhiE 35 |
4B S M2 RD-EGN 3858 J5 15 3 1Y 3 RE % P n

P 9.10 iz, aT U Y 350 i i o Healr ol o, o6
BT AR R O TR S B 3 B Y O
iE, W P RE B AT A0/ 5 T ] 2 B LS 9 AT 1 3 I 25
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Table 5 PESQ and STOI of different module ablation experiments
Babble Factory2
el PESQ STOI PESQ STOL/ %
-5 dB 0 dB -5 dB 0 dB -5 dB 0 dB -5 dB 0 dB

Noisy 1.53 1.75 0.549 5 0. 667 2 1. 49 1. 66 0.526 4 0.674 9
EGN-A 1.84 1.92 0.683 2 0.7215 1.78 1.90 0.642 8 0.710 3
EGN-B 1.90 1.98 0.707 6 0.735 8 1.85 1.93 0.674 5 0.723 6
EGN 1.99 2.05 0.732 4 0.7855 1.90 2.01 0.713 8 0.779 1
EGN-LSTM 2.08 2.17 0.748 9 0.804 9 2. 06 2.12 0.727 6 0.793 5
EGN-RDCN 2.25 2.29 0.763 1 0.837 6 2.11 2.24 0.7529 0.816 5
EGN-LSTM-RDCN 2.31 2.43 0.797 2 0.852 1 2.25 2.32 0.786 2 0.837 1
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