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Abstract: Aiming at the problem of poor adaptability and unsatisfactory enhancement effects of traditional speech
enhancement methods in low signal-to-noise ratio environments, this paper proposes a speech enhancement method
based on Wasserstein divergence deep generative adversarial networks. The DGAN is based on five generators and one
discriminator. Five generators are used 1o enhance the noisy speech signal five times, which effectively improves the
enhancement effect of the DGAN in low signal-to-noise ratio environments. At the same time., Wasserstein divergence
is used 1o optimize the network training which can solve the problems in the traditional GAN (raining process and
improve the stability of the DGAN {training process. Comparing with traditional speech enhancement methods. the
noise adaptability and enhancement effect of this method are significantly improved in low signal-to-noise ratio
environments. The experimental results show that. compared with the original noisy speech, SegSNR of the enhanced
speech is improved by an average of 6. 1 dB. PESQ is increased by an average of 28. 9% and STOI is increased by an
average of 10. 6.
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g AT PG A T WDGAN-div A9 18 5 3 98 J7 3
(SEWDGAN) BRI g fig . - A T8 54 g
R R A AT 0 B S TR L IR 0T R R AR L SR PR RE T A 4
REACKE T LT 2 SR O: F 75 1 MR8 X 50 40 25 2R AT 0 T

T W B B SR 7 i R 2 WL I8 T (SESS) . B 3 5
TSRS 1 F GAN B8 5 308 77 15 (SEGAN) FI 3T
fk 1613+ WGAN-GP [ 38 3% 1 3% J7 2 (SEWGAN) , [F]
I g (FIE 52 4 45 45— . SEGAN 1l SEWGAN 4 fj 5 A4
SCRI R B N R A R SR e 3 B AT U0 4k

S T e AR RN I 25 7R S0 i 22 YR S B8 I i 2 B B
HEREASEIEEFZMGT A B Wasserstein U
YIREUE R B VI ER i 5 28 2% 4 A 0 R B AR R B
& BRI RS R RS, HIW B R E. ML
T AL GAN B E A, AR LRI EEN T, &
HEE e BV N e N = W R A L B = i TR )
R Z R . 2E TR, AR SCHE S Y O vk AR 4
FARRE T WHIX TES GAN AU B4E8F.
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P BsF 3 0 PR RIAT 1 B 6F BL 2 B 1T LA R IR 4 R AR Ty vk
B R B By v 2D e s T A, A0 AL 6 Cad Y A R T I
LV, BT SESS 14 R i MR 75 5% B 2/ T A 3 oy
T OBNESEERES™E., HEERE Y SESS % 1
FEHEAT TR AR AR BB 8% 0 RN B 1 2o B Mk AL B[]
W AT T RS, FBOE T R EE, FHMAE 81
Tk E Rl L& L, SESS HESR IR F M 7 000 Hz &£ 4
AR A RE AW F RS, R 2 J SESS 1Y
PESQ 4r %0 STOT 28y A F 5o Al 3 fhoy ik . 2K F
WA T B Sl LR,

1.0
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-1.0 L L L ! ~1.0 L L L i
0 0.5 1.0 15 2.0 [{] 0.5 1.0 1.5 20
o TE)/s i B /s
(a) 2B E N E (b) HREE R B

5 R SR I A W A

T2 4 FIEIRAEIT—5 dB B Factory IR FFIE IR 45 R

1 ot 7 1k ScgSNR/dB PESQ STO!1
NOISE —6.195 1. 098 0.779
SESS —1.198 1. 059 0.735
SEGAN —3.089 1. 343 0. 806
SEWGAN —0. 486 1. 341 0. 805
SEWDGAN 0.193 1.534 0. 895
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IR 1] /s I 18]/s
(a) HIFIEEFELE (b) THEF G TE R
B 7 gl Ly M i B
N
e
B
L
0.5
B[R] /s
(a) SESSHY 355 & 15 & (b) SEGANIY 3R iE 5 15 &
8 g
= o[
3 4
£,
0

1.5 3 ] 0.5 1.0 1.5 20
B 1Rl/s
(d) SEWDGANMRIE 151

0.5 1.0
B [8l/s
(c) SEWGANIEHIE HE LR

B8 4 Rt ok Jr Bk Y R IS 008 00 R R

SEGAN ¥R F & RN FEF —E LK. B E TR
R F H AR AT B ik, & 2 1] ScgSNR WA K F H: it
PP W B e, SEWGAN 18 58 15 35 5 ik 4 B b,
BN 8Co) RYIERE I TT DA R BL, JF KAl 0.5 s AT 1E /0 211k
AR PR AR Ay Il A BT 1.9 s BT th 5k BB B4 TR

AR SR MO BER 7 12 (SEWDGAN) B A & R HF st ik B
AR T Rk B/, RATBEZ MR BB T IR A8
TR, 856 2 PEURIEAT 07, A SCH g STOL 448,
PESQ 73t PL K SegSNR B A » 45 A R Bty

el DI e B {th VR 75 R A 3 B HEAT SRR A ST L, 7
HABMETR AL AL T R RFEA IS HE —5 dB 1Y
Factory B 75 &4 N A4S B 4R R] 56 BH 76 HAh e 75 4% 4 T 4
ELA AH R Y 1 5 45
4.2 SERESESN

h TR AR R S0 M LU AR 4 RRREAR i R B AR AR
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B3 4TUEEAEAREMRLL &4 T B F 15 SegSNR

SNR/dB NOISE SESS SEGAN SEWGAN SEWDGAN
10 1.647  1.307  5.076 6. 845 7.299
5 —1.485  0.671  2.389 4. 361 4. 902
0 —3.917 —0.257 —0.313 1. 501 2. 157
—5 —6.391 —1.091 —2.692 —1.091 —0.101
—10 —8.145 —2.100 —4.755 —3.611 —1.789

R4 4FIERTEREFEREEFH4THEY PESQ 2 H

SNR/dB NOISE SESS SEGAN SEWGAN SEWDGAN
10 1.404 1.107  1.889 1. 870 1. 943
5 1.19% 1.100 1.515 1. 488 1. 634
0 1.138  1.068  1.368 1. 356 1. 486
-5 1.080  1.108  1.203 1. 198 1. 336
—10 1.055 1.088 1.103 1.113 1. 210

RS5 AHEBFAEAEERILEHTHIES STOL 5

SNR/dB NOISE SESS SEGAN SEWGAN SEWDGAN

10 0.876  0.831  0.891 0. 891 0.953

5 0.813 0.759  0.813 0. 819 0.901

0 0.744  0.701 0. 784 0.797 0. 851
- 0.672 0.633  0.698 0.714 0. 788
—10 0.590  0.551  0.583 0.614 0. 684

Fo6 4MEBEAERERERNFHRARE

B RN ScgSNR/IB  PESQ/%  STOl/%
SESS 3.4 —5.8 —5.9
SEGAN 3.6 19.6 2.8
SEWGAN 5.2 18.8 4.7
SEWDGAN 6.1 28.9 10. 6

M 6 TR & I, SESS B ARTE AR5 Bt IR R
SegSNR K SR RE 42 F IR T| 3. 4 B0 35 T 1% ek 5 300
e T LB P AR < SR M R B PESQ 4RI STOT 47
BRY RT3 R T, R R - o 2 RN P R IR T g T, LR
R T R LA AR MRS TR S RN T B T A IR R
B SRR E 1 SRR A I A AT BT AR T 28

SEWGAN 5 SEGAN B4 7 PESQ &8 Rl ik & L it
J T B AR T AR 2 0.8%, {H SEWGAN £ ScgSNR Al
SOTI 7+ $r f9 2 7+ T 1 % 4 i F SEGAN, L st &
SEWGAN Wi 518 THE D AIE S EEE .

AL HF WDGAN-div & #8535 (SEWDGAND
HEARTEME LI R T B RE % K8 BT i 1 iR & R, e
ScgSNR, PESQ 4F 8 B STOL 4383y ey, Hh 5 5
I b7 M T A L MO B T 1Y SegSNR PR F 6.1 dB.
STOI A ECF IR T 10, 6%, T PESQ 43 A T35 1B 7 B

IR 28. 900 i THAR 3 BTk . BT SCRR I AY JE
i 7 72 AN RE B8 A A Hb R IR 7R T 0 - 48 R 0 i 0 B AR
Ll . [R) BRF-U RE 8 ORIk 5% 5 T4 T A9 o 2 AT 1

5 % it

ATCHRE YT WDGAN-div (4 15 & 18 3 7 1 F)
Wasscrstein 505 Bl §8 9 14 8 Wasserstein TE & B #f# f&,
X ICHR M 1-Lipschitz B 29 X — 45 5. % £ 4% GAN
IR FROE 5 [ R, fiff /R 5 A4 s A 1 ) 30 a8 A e iy
TR 71 i BT ) 25 B 65 7 B B0 P B9 A5 1 F AR E B I 45
AH LY B A A0 i 28 B Y R T R AR R W T
B 5 AR XTI S S AT 5 A IR, AR TR
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