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Speech Enhancement Based on Time-Frequency Domain GAN

YIN Wen-bing' ,GAO Ge',ZENG Bang' , WANG Xiao' and CHEN Yi*
1 National Engineering Research Center for Multimedia Software, Wuhan University, Wuhan 430072, China

2 School of Computer Science,Central China Normal University, Wuhan 430077, China

Abstract The traditional speech enhancement algorithm based on generative adversarial networks (SEGAN) enhances speech in
the time domain,and completely ignores the distribution of speech samples in frequency domain. Under the condition of low sig-
nal-to-noise ratio, the speech signal will be submerged in noise,and the time-domain distribution information of noisy speech is
difficult to capture. Therefore,the enhancement performance of SEGAN will drop sharply,and the speech quality and speech in-
telligibility of its enhanced speech are very low. To solve this problem, this paper proposes a speech enhancement algorithm
(time-frequency domain SEGAN, TFSEGAN) based on time-frequency domain generation confrontation network. TFSEGAN
adopts the model structure of the time-frequency domain dual discriminator,and a time-frequency L1 loss function. The input of
time domain discriminator is time domain feature of the speech sample,and the input of frequency domain discriminator is fre-
quency domain feature of the speech sample. In the training process,time-domain discriminator uses the time-domain distribution
information of speech sample as the criterion,and frequency-domain discriminator uses the frequency-domain distribution infor-
mation of the speech sample as the criterion. Under the action of two discriminators,the generator of TFSEGAN could simulta-
neously learn the distribution rules and information of speech samples in time domain and frequency domain. Experiments prove
that,compared with SEGAN, the speech quality and intelligibility of TFSEGAN improve by about 17.45% and 11.75% respec-
tively at low signal-to-noise ratio.

Keywords Speech enhancement.Generative adversarial network., Time-frequency domain, Low signal-to-noise ratio, Speech qua-

lity, Speech intelligibility
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W 75 5 5 AT I ABUHE i 4 3L, AT A5 BB T B S 1R 5 .
Srinivasan %58 T T A LY SR 0B S G RO X
B 1 B AR D53 R T AR T A ) 3 4 e B v Y D
FEACHIF] o AR Ll T HIAR T (H R Y 1R B R S T
FEUL R AT Y 1 1 0 T Rk A I SR ROR T A Iz A T A
T A S W, o TR T R I E N E B 0
AAOEAE B o BF X% [, Oord ™ 2544 WaveNet M 45 4544 1 T
HE IR, WaveNet 1] LL7E I 380 ol H M2 08 o BL 42 W 45 3
THAEE AR T SR WA AL B TR AR AR, BE
Az O Bt 4% B4R R & JE , Pascual SFTOVEE I T —Fh T
A T P M 4% (Generative Adversarial Network, GAN) [¥) 15
TR IR SEGAN. %77 45 UG A R 3 B HE e 2 T
HRE R T R AR TR R Z R B T B R i E R
FL, BT AR BT I 4% 1 T T G 0 B v R 2 18 T B A A
S Ak ST W T N T SR AT D B A, TR i — b A fk i
TR 2250 . b T A P 0] f, Phan S50 4R H T SEG-
AN Y BICHE B B B T 3 X 2R IR Bt 0 2% 1 o o 1 0RO iR
L T VR B A BN BT 190 2% 11 o & G SR AT . T B B AT
SR 38 g 3 0 A A Y B SR A U BEAT 2 T, DA 34 B
BE— L A ATE S RS 2 H A . BR T LR B T A U B
50 4 1) i o 1Y SR B R b L I AT 1 20 G A B T AR N B I 4 1Y
T IR AR AR SR T

H T M A B AT E VE R BE DL | A T2 B v b AR S
T 1 O A AR RS AR A BB SRR . BRI TR
PO 1 5 B 0 i IR MR R R S R A R R L A6 IR O
HOHAE AL T A% 58 1 38 1 0 B vk L (H X S0 e R 2 W AR
T R AS 1 B 230 A7 6 5L SRR IR A0 B A3 A e T 0 A
T 1% 5 R A 1) L S 40 A 19 B0 A AR A B X AR, SR T
R 25 2] I 1 3 1 5 B 1 AR 92 R it b 3R A A

SEGAN 7E R 38k 1 % i & #E 47 35 3 40 31, B & 02 — b 5E
T ISl ) T SR R A S R ) A Y D i
BB AE . PR . SEGAN 1 340 531 % 2 4 1 5 B A A I 1
Hh B a3 A AR BAE R E— 09 0 B bR T L 58 & 2 T I & AR AR AR
WU LA AT A . TEARAE MR L R T IR B RS ST
W 7 v o IR 1) R Js A A R R AR B SR 3K, SEGAN 19 2E i
i JC VA JE b X LE Al MR IE R TR N AR Bk S
B AR L SEGAN Y5 5 M BE S R B L FEI 5 0
T8 B B R AR

VEPIAR , VT 20 3 T 5 1 00 Sl A A5 2 R 5 1) o o 19 R T
P& s A S Il 1 e 2 N i D
R0 [EIRE LN T B SEGAN A7 A8 [ 1) B, A SCH i T 3
T AU AR X BT IO 2% (1 1 1 3R 7k TFSEGAN, TFSE-
GAN R I 550 380 30 J31] 48 4 A5 250 445 A4 0 I A0 0 L1 43 2%
BRI o I 340 S0 88 140 B A SRy o R A 1 I R AR ) )
B i A N T RE AR B AR SRR AE L 9 HLR A B AR L1 K R
M TFSEGAN Ay sR 5.
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Fig.1 Framework of SEGAN model
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4. SEGAN By & 2% 2R H 3 31 3 (End to End) MR 25 4y,
LA g s W 1 D O R I 3R IR CRRAIE A Dy B
TV 00 W D) i 1 Dy 184 5 0 5 (U8 R SRR AE . AR AR 1Y
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Fig. 2 Generator of SEGAN
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KT gt SEGAN FEAR A7 M bb 4% 18 T o RE A A 11 o]
AT HE B T AT A OGS B I 46 1 1 B SR L TFSEG-
AN, TFSEGAN 3R T B 45738 0UH] ) % A4 455 0 25 g L 4 18] 3
JER o Horp B — AN J 0 28 B Sy e R ) A%, L5 M 5 SE-
GAN I ) 51 45 A0 5] 6 A Sy 1 ¥ 38 3 R0 18 5838 & 09 B S0
T 5 55— A~ Ja0 590 8 A R A 0 3l ) 0 L LB A O T i o 0 4
SHTR 1 0 SR AR AT AR L R R AR D
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Fig. 3 Framework of TFSEGAN model
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Fig. 4 Encoder part of TFSEGAN generator
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Fig.5 Decoder part of TFSEGAN generator
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Fig. 6 Time domain discriminator of TFSEGAN
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Fig.7 Frequency domain discriminator of TFSEGAN

TFSEGAN 7E Il 2R, B 4~ ) 50 8% i 5 14 340 5] 43 B0HR ¥
BB A B o DL B AR B TR R 4 0 R A Y B SRR A
Sy A s BB AR AR 40 i {5 B . Nt TESEGAN Ry 4 iR 4%
A Y 2% R BSOS A5 A A S0 500 88 0 20 00 4 R R L iR
IPABIE L1 #5126 0, TFSEGAN K94z B A% B4t 2k s B in =8 (3)
7
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1
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FFT[z. D* 42l G(zox))—x || 1+
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Hod .G 2R 4 A% 5 Dy 22 5% i 5800 51 4% 5 D, 22 7% 491 48k 40 1)
FFFT R PUsf il Bb A8 4 2 S 3l L1 BRI 8 2
.5 SEGAN A . £ & iy 100,
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K DO ARG FR
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4 I/ HSH
4.1 LBIEE

B IR AR ) 4% A R I R4 LA 340 S TTE AL
3L 150h 19 Aishell-1 T v SO 35 BOUE 55 F g 7 00E 45 MU-

SAN D5 FLiff il . 333 SOX T2 4% Alshell-1 H45 4 i 1
—15dB,—10dB, —5dB,0dB,5dB fl 10dB iX 6 41 [a] {5 1k
Ll B Bl LR SR R BT LAS SIS [R] 45 W Ll B A R 3 I 2R 5
PRAE . HESRAR HL I £ 1 U I A 20 NS A 3R 10h 1y
Aishell-1 =¥ U 42 R 75 %00 48 MUSAN {7 L1 %o
Wit SOX T B4 Alshell-1 $¥8 4 i 1 —15dB, — 10 dB,
—5dB,0dB.5dB Hl 10 dB X 6 247 [ {5 e Lt 1% Bl HL A 25 g
LA LIS BN [R5 MR LG i MR Ol DR 4 . S g R
¥ PESQ.STOI #il SSNR X 3 il & Bk 47 ¥4

TEARTII E 55 R R R 16kHz, WK R 15, Wi
9 500ms, FFT RAE SN 16384, 954 BERIYI LR barch-
size W 50, WAL 3T 2 0. 002, 464k 77 X% F§ RMSProp
HAk# .

TFSEGAN A= Ji #5 4 1% 25 38 43 10 W 45 S 5 3 1 i g1,
itk A 28 T 40 Y I 2% S HAN 3% 2 BT A L 0 00 B CRL A I SR B
AR 38 1 46 S 80 3 3 BT,

F 1 TFSEGAN A i % 4 % 4% i1 W 2% 2 50

Table 1 Network parameters of TFSEGAN generator’s encoder
RE= ERBEAN  FkK HMNKAN HWMEBAA BHESHHR
HERE1 31 2 163841  8192X 16 PRelLU
ERE 2 31 2 8192X16  4096X32 PRelLU
ERE 3 31 2 4096X32  2048X32 PRelL.U
HERE A 31 2 2048X32  1024X64 PRel.U
H#RE S 31 2 1024 X 64 512X 64 PReLLU
ARE 6 31 2 512X 64 256128 PRelLU
HERET 31 2 256128  128X128 PRelLU
HERE 8 31 2 128 X128 64256 PRelLU
HERE9 31 2 64X 256 32X 256 PRel.U
(ME 10 31 2 32X 256 16 X512 PRel.U
ERE 11 31 2 16 X512 81024 PRel.U
# 2 TFSEGAN ZE 575 A 55 45 19 I 2% 2 4k
Table 2 Network parameters of TFSEGAN generator’s decoder
7] 4 EREAN  FkK HMNKAN B AL BE®HHR
R&ERE 1 31 2 81024 16X512 PRelLU
R&ERE 2 31 2 16 X512 32X 256 PRel.U
R&ERE 3 31 2 32X 256 64X 256 PRelLU
R&ERE 4 31 2 64 X256 128128 PRelLU
R&ERE 5 31 2 128X 128  256X128 PRel.U
RE&ERE 6 31 2 256128 512X 64 PRelLU
RERET 31 2 512X 64 1024 %64 PRelLU
R&ERE 8 31 2 1024X64  2048X32 PRelLU
R&ERE9 31 2 204832  4096X32 PRelLU
R&RE 10 31 2 409632  8192X16 PRelLU
R &R E 11 31 2 8192X16  16384X1 PReLLU

# 3 TFSEGAN HI 51 2% /Y M 2% 2 %L

Table 3 Network parameters of TFSEGAN discriminator

W % 2 EREAN  FkK MAKAN  #WMEBAA BHEHH
HERE1 31 4 163841  4096X16 LeakyReLU
ERE 2 31 4 4096X16  1024X32 LeakyRel.U
ERE 3 31 4 1024 X32 256X64  LeakyReLU
HERE 4 31 4 256X 64 64128  LeakyReLU
HERES 31 4 64128 16256  LeakyRelLU
ERE6 31 4 16 X256 4X512  LeakyReLU
HERET 1 4 41X 512 4X1 LeakyRelLU
bEEE x x 4 X1 1 Softmax

4.2 EHWERSHR

ARSI By F 4 R 5 N SEGAN, ISEGAN (Phan % T
2020 AFHR 00 35 T 32 10 A 80 B I 4% 114 15 5 38 5 B ) B AR
JEAMY IR R G, R RE U S %,
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S 2 Lk T A R A MR LR AT R 3 A i gk
14397 43 51 Lk PESQ, SSNR F1 STOI 1E 9 34 7 i

3 Jb AR L i 4 3 B8R O 0 S5 AR MR BL RN R R g
F105 L 20 Sk 5 B TFSEGAN Btk fE 10 45, 20 i HLAE 78 1
[A] R FUAN 2

(DHE RS R I

K PESQ 1E 18 & Bt & P Al 5 e X TFSEGAN 1A
)47 M Lb 2% 10 T 00 386 58 08 5 00 B i R AT PR AR PR AR A5 R
% 4 51,

%4 ARFMEW: LN TFSEGAN i PESQ {8

Table 4 PESQ values of TFSEGAN with different signal-to-noise

ratios
model 10dB 5dB 0dB —5dB —10dB —15dB
Noisy 2.97 2.50 2.18 1.85 1.47 1.23
SEGAN 2.95 2.68 2.43 2.09 1.61 1.12
ISEGAN 3.03 2.74 2.47 2.11 1.64 1.29
TFSEGAN  3.14 2.84 2.58 2.31 1.89 1.52

HI 2 4 WA ZE 4R TH R & R 5 T . 5 SEGAN Al ISEG-
AN #i Lk, TFSEGAN Myt e W ® #H 4F. 5 SEGAN # b,
TFSEGAN ZE4 M5 W F 4 10 T A st BE F B4 & T 24
13.70% s TEAR A5 Mt 1L 45 74 T . TFSEGAN ¥k B - 2732 71 1
29 17.45% . TEfEMEILEE M &M T (KT 0dB) , TFSEGAN
Xof i R B3R TH O 5 SEGAN AHZE AR K, T 7R 15 Me L
R 4 FF . TFSEGAN # tt SEGAN PEREIR T+ 70 WA i, 3%
Ut ] TFSEGAN 7EAR KRR JE Ff#te T SEGAN ££7E [ I 15 4
2% A TR i B B AR T )

Wk AT B A5 e 2 N 10 dBL 5 dBL 0 dB. — 5 dB.
—10dB M —15dB i} , TFSEAGN (% ¥ #& A 1. SEGAN 43 41|
BT T 4 6. 44%.,5. 97%, 6. 17%, 10. 53%, 17. 39% F
35.71% . WTLLE 45 A & 19 15 1 LB (I, TFSEGAN 9
PEREMELF , f 0 B35 TFSEGAN T8 3% 4 Ab 38 415 12 M 1 19 3
W 3 XAV A5 e O % O B T R AR A

(2)1EE (5 M L 25 A 3

K SSNR 15 i 5 15 e Ho AT A 4k ofE , 4 TFSEGAN 7
O T 155 Wi b 5% 12 T 1 18 58 0 1 A T LR R AT DA DA 45 5
ks frsl,

#5 AFE{EM:LF TFSEGAN 4 SSNR i

Table 5 SSNR values of TFSEGAN with different signal-to-noise
ratios
model 10dB 5dB 0dB —5dB —10dB  —15dB
SEGAN 10. 58 6.20 4.38 2.53 0.90 0.09
ISEGAN 11.08 9.39 6.70 4.18 1.95 0.91
TFSEGAN 11.97 9.54 6.21 4.81 1.56 0.87

FH % 5 AN, 7 38 FH15 & 15 R L 7 T, TFSEGAN B9 ¥ fig
TERAR 1B AL T SEGAN, 48 & 17 25 189. 82% ., 1E1K
fEWE L& F , TFSEGAN Ry PERESR T+ T 29 267. 98% , i
AEFBIMEM LA 10dB,5dB,0dB, —5dB, —10dB f1 —15dB
if, TFSEGAN 1y 4 fig lb SEGAN 43 Bl 4& F+ T 13. 14%.,
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