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Single-channel Speech Enhancement Method Based on Gated Residual
Convolution Encoder-and-Decoder Network
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(School of Communication and Information Engineering, Chongqing Key Laboratory of Signal and Information Processing

(CQKLS&IP) , Chongging University of Posts and Telecommunications ( CQUPT) , Chongqing 400065, China)

Abstract: In order to solve the problem that it is difficult for Convolution Encoder-and-Decoder (CED) network to capture
temporal related contexts of speech, a speech enhancement method based on gated residuals convolution encoder-and-decoder
network is proposed. Based on CED), this proposed method introduces the gating mechanism, dilated convolution and residual
connection to the network: The gating mechanism can well handle the relevant contexts of sequence; Dilated convolution
makes the convolution process obtain larger receptive field and extract more abundant global information; Residual connection
can prevent vanishing gradient and exploding gradient and improve network accuracy. In addition, the combined optimization
strategy of frequency-domain loss function and time-domain evaluation index is adopted to train the network to further improve
the enhancement effect of propose network. Experimental results show that, compared with the baseline CED and other com-
parison methods, the proposed method achieves higher PESQ, STOI and SI-SDR under matched noise and mismatched noise,
and it has a good recovery effect on the voiceless and voiced sounds of speech and has strong generalization ability.
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Fig.1 Speech enhancement flow chart based on CED network
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Tab.2 The average PESQ and STOLI of different methods
Uy NG

ey LT {5 L/ dB {5t/ dB
-5 0 5 P -5 0 5 10 P
Noisy 1.58 1.82 2,09 2,28 1.943 1.49 1.75 2.12 2.3l 1.918
CNN 1.95 2,21 2.54 2.8 2.375 1.79  2.05 229  2.56 2.173
CED 2,22 249 271 2,91 2,583 2,04 228  2.55  2.69 2.390
PESQ CRN 2,29 2,54 277 2.95 2.638 2.10 2.31 2,52 272 2.413
Propose 2,25  2.68 2.8 309 2720 219 248 274 2.93 2.585
Noisy 0.54 0.65 0.76 0.8 0.693 0.55 0.63 0.75  0.83 0.690
CNN 0.68 0.76 0.82 0.8 0.780 0.68 0.74  0.79  0.85 0.765
CED 0.73  0.79 0.8 0.8 0.810 0.70 0.77 0.83  0.85 0.788
STOI CRN 0.72  0.80 0.85 0.90 0.818 0.7l 0.77 0.82  0.86 0.790
Propose 0.72 0.83 0.87 0.90 0.83 0.73 0.79 0.85  0.88 0.813

BRACT , A SO AR RE UL T 364k CED (1) PESQ
F1 STOT, 33X 15d W [ 147 5k 22 A e LA R 11458 5% 2 I 2% 1)
N FAAR T P2k RE B T, (15 0 2% fE 6% 4 4K T &
BRI ERHE , HEEZR CED ZE& UL RO 115 58
RRAMKIR B 5 Frigahie, 3L CED [AfER
FRI A LA R L Joint

% 2 SN UCFCME RS RN DCBCGE R 4550 e T iR 7E
FAFWELE T (9 734 PESQ Al STOI, X b3 2 w1,
FEVC LM R, CNN 9 RS 1) 48 5 2 F CED
CRN 543007 ik, HsmaOR A R, A b TR
CED J73% A5 e i 2 4 42 -, PESQ 3
{HZH T T 0. 137, STOI {42 T+ T 0. 02, 3% 13 B
AL R 28 of e 7 i) A1 1) 20K B, M R R B
B iR SR (HAE -5 dB B, CED B 18
155 1) STOI, 33 158 B IG5 M Eb 1 A SC T v % i 7 1l i
JERECEA R . AHELTF CRN J5 ik , AR SO WA =S
W LR (1) PESQ $27HR £ (HAEAREMELL T , CRN HE
130 PESQ W i T4 3C U7 %, iX U6 WG 5 M LE T
CRN 57830 45 1) [ e e 07 425200, (W) i FR AT & B
-5 dBY 10 dB W}, CRN 543 J5 ¥& BUAS 1 AH A
STOIL,{H7E 0 dB 5 5 dB I}, 4 3¢ Jy e iy STOI B i
B2, X U B A TG R b S 5 B ) MR RS T R I
ARSI IR 1B B WG RSO B AE, A B R A AT R
SETERR JLFPMEME LT , A SC I 28 XHE & 7 9 AH AR
SRR ) A, 24 2] T N BB REIE

TEAVCFCME RS R, 45460 B i 8 b 8 —
TR BN LR B, A SO AR bR T B D, PESQ
PIE T T 0. 135 (4. 96% ) . STOI ¥ {5 N & T

0.017(2.05% ), 1 CRN f) PESQ ¥J{f F[% 1 0.225
(8.53% ) .STOI #J{H FF& T 0.028(3.42% ), HAH
BT CNN 5382k CED J5ik , A3 974 PESQ
1 STOL #REATBA 2 45 , IXUEIA A SO ik Tz AL fig
Tk, BA A S

B 7 gt ol P R 4% 5 ik A DU 5 1 LR
f°F-+% SI-SDR. XL 7 w0, fEARAE MR LT, A
3051 SI-SDR #5305 HAt LR 5 36350  (HAE =
fRME LR, SI-SDR B4 1 B0 W i 48 71, X Ui
RS EAT B IR 53 T8 R HE /N XA A B
AIPRIZ R o

SI-SDR

- o*
s o
“

Rt + Propose
. === =1 CRN
,.““‘ == off= =+ CED
: il =1 CNN
. o Noisy

5 0 5 10
5" EL/dB
BT A R 2% 07 15 7E DU 5 1 L #9-F- 2 SI-SDR
Fig.7 The average SI-SDR of different methods in

four SNR under ten test noises
N T SR H A T TR BB SR AOR AR
74507 9 IETE 11 (0 dB Y babble B F1533)
WK 8 fizs . RFHCATZT, CNN YK T3040 135 140,




1994 f& % x 9537 &
N N N
= = T
0 05 1 1.5 2 25 0 05 1 1.5 2 .5
B (8] /s i 8] /s
(a) B (b) 4i4E &
4000 i 4000 A X r
N SRk
3000 ' 3000 e g
32000 5 & 2000 &
K B 4
1000 1000 5
0 05 1 1.5 2 25 0 05 1 1.5 2 25
i ) /s B 8] /s
(d) CED (f) Propose
8 Bk
Fig.8 Spectrogram
{ H Yﬁ%%ﬁﬁ}'[ﬂ'}( CETE S s ﬁ?’f — EN M S HHEETF sical-noise-free speech enhancement based on optimized

CNN, CED X il 431k 52 R e M s A o g BH (g, {HL
AT 3043 05 35 ME LAYK 52, 18 35 19 38 0 R o0 14 B8 4
/b 1fif CRN 7£ CED fy 357 b it — 4R T+ T 4838 3L
M E AR AR B A AR . AT L BT
P AR AR E T 25 A, R T
SRR AL, TR) AR M 41 i R S

4 #hig

A SCAEAS T G it 0 X 4% 9 el b AT T ekt
SIATITENLE] 2R G DL S ik 25 4, 5 i T
—THT B X255 25, 12 IO 245 PR B D ok o 2% A 1 ()
A BB A% B G b Al 3R 18 5 B A OG5 L TR SR FH 3
K RBCG PR AR PRI A AL R SR g, i — 2D P2 T
LERRR R . IR A, X T AR SO R S AR
CED .CNN D) f&& CRN 5k By B WP Fehn . 458 3R
WY, A SO 5 e 8 HUAS 1 =5 1 °F- 34 PESQ , STOI #il
SI-SDR, 7E 1 & 53 B VK 2 VA S W s il I, AR SO
PG T L, H AT AR BRIz AL RE T,
R iE S AR S R S

eGSR T ot — L R ) 2 )45 5k 22
BEHR A28 R LA S B0, DRI E 3/ NS B0 B T L
T ERARACTRFZEIGRACR , ILAh, AT DLt —25 A0k M
2% EbR R ST AR TR S PN FE A5 2

Sk

[1] MIYAZAKI R, SARUWATARI H, INOUE T, et al. Mu-

(2]

(4]

(5]

(6]

(7]

iterative spectral subtraction[J]. IEEE Transactions on
Audio, Speech, and Language Processing, 2012, 20
(7) : 2080-2094.

WIENER N. Extrapolation, interpolation, and smoothing
of stationary time series| M ]. Cambridge, MA, USA.
The MIT Press, 1949.

KIRUBAGARI B, PALANIVEL S, SUBATHRA N.
Speech enhancement using minimum mean square error
filter and spectral subtraction filter [ C ] // International
Conference on Information Communication and Embedded
Systems (ICICES2014), Chennai, India, 2014 1-7.
WANG Yuxuan, WANG Deliang. Boosting classification
based speech separation using temporal dynamics [ C] //
Proc of the 13th Annual Conf of the Int Speech Communica-
tion Association. Grenoble , France ;ISCA ,2012 ;1528-1531.
XU Yong, DU Jun, DAI Lirong, et al. An experimental
study on speech enhancement based on deep neural net-
works [ J]. IEEE Signal Processing Letters, 2014, 21
(1): 65-68.

WANG Qing, DU Jun, DAI Lirong, et al. Joint noise
and mask aware training for DNN-based speech enhance-
ment with SUB-band features [ C] // 2017 Hands-free
Speech Communications and Microphone Arrays ( HSC-
MA). San Francisco,CA,USA. IEEE,2017. 101-105.

I SCAR AR IO, SMEAT , 45 IG5 7 i A B o
2 0 2% B i SR [T . A PLOE T S5 R R,
2018,55(11) :2430-2438.

SHI Wenhua, NI Yongjing, ZHANG Xiongwei, et al.

Speech enhancement combined with sparse non-negative



5 10 1

SROCHIL 5+ T[4 R 22 A PPt A 0 I 205 11 L0 U T 5 39 R 7 1

1995

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

matrix factorization and neural network [ J]. Computer
Research and Development, 2018, 55(11) : 2430-2438.
(in Chinese)

KYONG H L, DO H K. Design of a convolutional neural
network for speech emotion recognition[ C] //2020 Inter-
national Conference on Information and Communication
Technology Convergence (ICTC) , 2020 1332-1335.
RONNEBERGER O, FISCHER P, BROX T. U-net;
Convolutional networks for biomedical image segmentation
[ C] // Medical Image Computing and Computer-Assisted
Intervention-MICCAI 2015 . 234-241.

PARK S R, LEE J W. A fully convolutional neural net-
work for speech enhancement [ C] // Interspeech 2017.
ISCA: ISCA, 2017 1993-1997.

STOLLER D, EWERT S, DIXON S. Wave-u-net; A
multi-scale neural network for end-to-end audio source
separation| J . arXiv preprint arXiv;1806.03185, 2018.
https: // arxiv. org/abs/1806. 03185.

PANDEY A, WANG Deliang. A new framework for CNN-
based speech enhancement in the time domain [ J].
IEEE/ACM Transactions on Audio, Speech, and Lan-
guage Processing, 2019, 27(7) . 1179-1188.

TAN Ke, WANG Deliang. A convolutional recurrent neu-
ral network for real-time speech enhancement[ C] // Inter-
speech 2018. ISCA: ISCA, 2018 . 1405-1408.
DAUPHIN Y N, FAN A, AULI M, et al. Language mod-
eling with gated convolutional networks[ C] // Internation-
al Conference on Machine Learning. PMLR, 2017 933-
941. http: // proceedings. mlr. press/v70/dauphinl7a.
OORD A V D, DIELEMAN S, ZEN H, et al. WaveNet:
A generative model for raw audio[ J]. arXiv preprint arXiv;
1609. 03499v2. 2016. https ; // arxiv. org/abs/1609. 03499,
VENKATARAMANI S, HIGA R, SMARAGDIS P. Per-
formance based cost functions for end-to-end speech sepa-
ration [ C ] // 2018 Asia-Pacific Signal and Information
Processing Association Annual Summit and Conference
(APSIPA ASC), 2018 350-355.

PANDEY A, WANG Deliang. On adversarial training
and loss functions for speech enhancement[ C] //2018
IEEE International Conference on Acoustics, Speech and
Signal Processing ( ICASSP). Calgary, AB, Canada.
IEEE, 2018 5414-5418.

FU S W, WANG Taowei, TSAO Y, et al. End-to-end
waveform utterance enhancement for direct evaluation
metrics optimization by fully convolutional neural networks
[J]. IEEE/ACM Transactions on Audio, Speech, and
Language Processing, 2018, 26(9) : 1570-1584.
KOLBAEK M, TAN Zhenghua, JENSEN S H, et al. On
loss functions for supervised monaural time-domain
speech enhancement [ J ]. TEEE/ACM Transactions on
Audio, Speech, and Language Processing, 2020, 28.

[20]

[21]

[22]

[23]

825-838.

ITU-T, Perceptual Evaluation of Speech Quality (PESQ) ,
an Objective Method for End-to-End Speech Quality As-
sessment of Narrow-band Telephone Networks and Speech
Codecs, International Telecommunications Union (ITU-T)
Recommendation, 2001 ; 862.

TAAL C H, HENDRIKS R C, HEUSDENS R, et al. An
algorithm for intelligibility prediction of time-frequency
weighted noisy speech[ J]. TEEE Transactions on Audio,
Speech ,and Language Processing,2011,19(7) :2125-2136.
ROUX J L, WISDOM S, ERDOGAN H, et al. SDR-
half-baked or well done? [ C] // ICASSP 2019-2019
IEEE International Conference on Acoustics, Speech and
Signal Processing ( ICASSP).
dom. IEEE, 2019 626-630.
GABBASOV R, PARINGER R. Influence of the recep-

tive field size on accuracy and performance of a convolu-

Brighton, United King-

tional neural network[ C] /2020 International Conference
on Information Technology and Nanotechnology (ITNT),
2020, 1-4.

1EE "I

R 55,1971 4E4E, U A. E
PRHRHL 2730 5 5 1 B LR Be 4% 1
A, AT ] A 5 S Y
il AL PR PMRIE A S AL B P2
P25 S B0 L K FPGA \VLSL 23,

E-mail ; zhangtg@ cqupt. edu. cn

MiEsE 51997 £ WA, E
PRHIFL 2738 5 15 £ B e = e At - B
FEHE, FEA TS 0 R AR A TR
B,

E-mail ; 1114549265@ qq. com

MHERME 55,1996 AE4E LA, T
PRI FRL R 22 38 5 45 £ 6 2 e -
FEAE, BT TT 0 ECF K ED AR R
TR
E-mail ; yspysp77@ 163. com

XX H 1997 4EE TR, T
- PRI H A2 3 13 54 18, TR 2 e A
'E_’ FEE , EERFSE T 0 15 T8 A S S CE IR

AR
E-mail ; 30919117@ qq. com





