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[ Abstract |

widespread application and generally surpass traditional approaches in performance. The fundamental framework of noise reduction

With the emergence of deep learning technologies, speech enhancement methods based on deep learning have seen

signal processing in speech enhancement was outlined and progressively delved into the latest advancements in deep learning-driven
speech enhancement models. A comprehensive organization of deep learning-based speech enhancement algorithms was provided,
detailing the principles, characteristics, evaluation metrics, and representative studies of various neural network-based methods. The
advantages and limitations of these approaches were thoroughly assessed. Finally, in light of the current developmental landscape, the
core challenges encountered in the speech enhancement process were analyzed, and future developmental trajectories were discussed
and predicted.

speech enhancement; deep learning; speech denoising; neural network
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Table 1 Review of datasets

é‘“ff MR b e
TIMIT B 630 (UL H 16. 00
i VoiceBank ﬁﬁé 110 7 iiiE tzxth EHH 48.00
g  LibriSpeech Bt 1000 h i 16.00
WsJo Bk 800 h 16. 00
UrbanSound8K ~ — 10 AP 8 732 &&id®k 22.05
Demand — 16 3EIH 6 FhRIEEMEA  48.00
g 7 Noise-92 — 15 Ffilg el 19.98
50 FhEREEME |
ESC 50 — 2 000 %05 44. 10
] e 342 WifEE 50 h
CHiME3 il Vb 51 16. 00
o VoiceBank + i W4 E%TEUEJ&% 48. 00
e Demand 56 A iiisE
i AMI HiE 100 h £ 16. 00
DAPS Yeif PURVATARE S 44. 10
Aurora-2 B 8 440 ik 8. 00
NOISEX-92 — 8 Pl 1.4 G 16. 00
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FRIE SR IBCTE T 5 0 o B 0 vh 49y Y 3 OB A £
HHRE G 55 5 52 B e B AR R A
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STFT) T 1 R B2 3% A ) 38 3% | ] 3 MR 7 B

fi# ( non-negative matrix factorization, NMF ) B MR
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Fig. 1 Features extraction in frequency domain
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YA REOR Y DNN I BE, fii A IEEE
R AT NOISEX e rfr iy W75 | 45 5L il | G e 5 Mg
P4 T PESQ M 2.215, A VT EC A5 M 1 4 1 F
PESQ & 2.230, Kawanaka 25" 75 5 T pR 4 3&@ i1
(5 P R E B BT T — AT PESQ

R
(output layer)

LY Rz
(input layer)

(hiden layer)

K2 RBEEPRZ M4 (DNN) A
Fig. 2 Deep neural network (DNN) model
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Arisoy J5 10 HRE T B XL 415 B4 28 B0 45 ( bidi-
rectional recurrent neural network , BRNN) Al LSTM )i/
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o o o
-1 t 1
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Fig. 3 Recurrent neural network (RNN) model
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Fig.4 LSTM model
PRI H TR S5 PR, 9K 5 R SRR S A
BIHAEIR P
LSTM S5 ] AZERS[A] 25 ¢ bl A= (8) 115,
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= tanh(W,.[h, ,,x,] +b,)

c
' o1 3 (8)
C =f0C,_ +i0C,
ot = 0-<Wn[ht—l ’xt:l +bo)
h, = 0,0OtanhC,

13
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—IEE ¢ - 1 B REGEOIRAS (RS M5 €,
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A T TR EI; o 4 sigmoid PREL; O by &
Z IR B TR I

Geiger %51 R LSTM 3K 28 (0 45 47 B
JRA] FeAF A (hidden markov model , HMM ) JRZS TN |
PEF T MR PR T A TE RN B, SRgR s R
R A T AR SR R I Oy vk BT R R AL AE
CHIiME $k &% 28 3k 3] 55418 19 37 £ 1% %8 ( WER ) .
Weninger %0 % I3 T LSTM () RNN #4718 35 1
SR, IR T B v MR A AR B R B R
(automatic speech recognition, ASR) & FE1E , HH1d
FIHIPEIZR LSTM 2% DL A 18 5 2 H Aw, 523
THE CHIME-2 ¥4 4E I WER &3 FRAL, A8 T
YAt feEPERE, Sun %50 8 X6 T B2 IS (LSTM-
DM) . A8 [ 5] #E A% ( LSTM-IRM ) FiI [1] 422 Bt 5ff
(LSTM-IM) b6 85 43 BT, & B0 76 AR 15 M LL 5% 1 T
LSTM-DM FE 54 1l K 52 1 5 w] fifi 2 | T LSTM-IRM
TEREMR L SR TR, Wikt —f £ H
PRI 2 HEZE | $278 PESQ A1 STOT,
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Wang %52/ $2 11 T LCLED ( LSTM-convolutional-
BLSTM encoder-decoder) M %% | %54 LSTM #1 CNN f¥)
DEF ARARTE & A5 5 B[R]0 AR AR, 5| A BE :
FURIBKER 4%, 542 LSTM Z5H4AH LL , A AXFRAR T
BRI e B RN SR ), 7 HLAE 22 b s 25 1 T 8y
PR T HSRIE T A S A AT . Oruh 2600 4R
TRk LSTM BEAY DK RNN AR AR < st il ] )
LSTM Ao, A Ak B 25 A 90 1k k0 45 =
B 7R AR S TR B o U R v R e
£ kBT 99. 36% B HERR R

X[ LSTM ( bi-directional long short-term,
BiLSTM) FPERENE T Hu1i) LSTM, Graves %> 42 i}
BiLSTM Jf#EAT 74 B2 2 ) SR ik itk . 4551 5R
W1, BiLSTM 7 TIMIT %40 )% - 1 2% BLOL T 4 o
RNN Al MLP, HL IG5 B B im0 B S 1
BLSTM 7EAPETE % & b F UfF B iEE L5
(AT R E, Zhang S5 $2 M T w3 40 B LSTM
(highway long short-term memory , HLSTM ) /1 % 38 3K
1/ BiLSTM ( latency-controlled bi-directional long
short-term memory , LC-BiLSTM) , 7E A1 4K )2 Z [A] A i
PCHTTH | T 1 B B % . 75 AMI(augmented
multi-party interaction corpus ) ¥% 3718 5 PR 5] ( distant
speech recognition, DSR) 145 I HUA% T 40 T4 i T
VERIPERE, SCBL T AR WER, Xue %P0 $I8 T
WOHERY LC-LSTM, 18 5 SR FH AN ] 26 2 114 4 28 1) 4% 4
FNEEHRA) i AL BILSTM A2 B oe R3S 2 v 1 A
T RE I ] T S T i

9] LSTM B 5| A T ik Bk RNN 8 12 3 2%
[ IR) A i 2ok 5 | A IS A2 B oo g AR R 3 T 145
BLH, LSTM BESE A SO 4 KRB &R | X0 15
B G SRANTRUN 20C B 2 AR 7R A K 8 KAl i)
ATHER T kA BE T 2R A PR, XLJm) LSTM #48 Hh LL e
Jik LSTM #4 Jag FRAA: , 38 3k 7 P A~ J7 o) A B8 A A0
P [A) i A 3 R AR 1Y B SCfF B TER 91 4y

LN
(input layer)

BHE

(convolutional layer)

L=
(pooling layer)

(convolutional

FAT55 R I OB 0 M B, H L R B i T
BRI, Z BIREK A 5 > RIS ig X 28 40 F 25
R A AR 2> BFR L, Tl DA R A7 932 1k
BE ST, IR TR A RE

3.4 LHFMERL(CNN)

CNN R JFH R AR 235 ¥4 Ab BUBCHE | 7608 A B4
GIAZ R TR A RY)TIZ O, CNN Gl O R i
FEARA PO Mt rh A A, DT 7E REAE 48 Oy TH 3R
P, LT CNN [ IE 5 3458 7 76 A FH A R fiE
P THI ) LR RE 7, 38 1 2% ) W T e
WL SC R A R R S 1 5 (5 5 R & H AR s
. CNN [ R 4N

(yk)ij = (w,®x) +a, (9)
() .y, MERER L x AFHER AR w, F1
a, 53 IR A AR B, @ S BB

CNN 2244380 5 0 & 2 RZ L2, HT
PERGE 55 RO R SRR AL, I 38 2o 4 $2 )2
HH B S AR

K5 s TSRS CNN 494t 3 N2 A
BBRZE b2 M eiEs )=, BRZHE 40
T AP DE A (RIPIAZ ) 2 AR, U8 i 2% 0 T i
AR, AT DAAE BRI [, e S A2, P AT
DIAR iR 52 2% (A R0 ) DA TG v 2% 2 TR TE 40 1Y R
ik, WAk ZRIRE 2= PSRBT —,
il AL 2 B, i A S HE 25 18] 46 /0N, T B 25 5
ARFETHFE Y N A T Dt Ak 3 AT DAk 2 S 08
PRI ZRad Bt Ak w43 Sk AR AR B K
ERPES AL, e i R A, AR AE R RS R
KA, P45tk A6 ) 1 FH B AN RRAE B 03B, R
TR A RN 38 TR R )Z Z 0 I i 1k
2. iR ERE A2 ot S5 a1 L2 TR HAb
ZIUERGEK  /E N CNN Wi s —)2 , &% )2
FIMBILZ =2 B FRE AT . 5 DNN A1 RNN
AHEL, CNN 38 5 Tl 4,

BRE Wi EEER e

(pooling (full connectivity (output layer)

layer) layer) layer)

5 CNN iz
Fig. 5 CNN model
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Pandey %5 7 B H T FH sk P 37 1 A8 A 4
LR W 28 5] A4 2% ok 25, F) T STET i
JE 1) MAE 45125 S04 1k W0 45 M BE | 16 2 S bR v PEAN
TR b T Y i HAh vk . Fu BV R
T — P 3 T 5 L (signal-to-noise ratio, SNR) B
) CNN #8438 3 R H 24T 5 % 2 (multi task
learning, MTL) HEZ2 A1 SNR H i b 25 Mok g, i 3%
PETH THEAIE SNR /KPR LM PERE . AHER T1%
4t DNN A RILEAR HEAL 2 UL PE Al rh R BT AR, L H:
FTAEAR DT (= SNR B A ST, Bk 7 iz ik
fiE 1 R R 1 S R WS J1 . Ouyang 252° 5@ i
S5 G —YE R 4R sk S L S ik 2 77 o) 5k
BRIE G5/, A RO /> Z 8O THERE . % CNN
TEAIALAG 7 T 2R B0 S 5 70 b 31 2o Ve iE 3 I, BB
% I 35 VR v A 9 (R R &, Pandey 451
FEH T — BB 1] 5 B 28 R 2% (temporal convolu-
tional neural network , TCNN) A i+ 38, PN 5E B} 15 35
T 5 TE G 6 45 i AL 2% 22 18] 4 A I [] A AR B
(temporal convolutional module, TCM) , 5 %5 F| F it
LA B 7 UL TE A FIE Ol ST g T A
b T AT S I A FRAJE PR 55 A0 e 30 T B P Y Ak
ROESEEGE LA BERD

LT U-Net HUTE 5 15 5 X 26 PR HOGHFR B 4544 Fl
BRI SEGE T il it 55, dhxie s
U-Net HYTR)Z F7 1k 32 BURE J) AN /& FAFAIE 25 2% 1) R
VP4 ARV SR T 25 4 58 25 U R ML
DA-Res-U-Net ( dual attention residual U-Net) #& %
IZAHIE o 5 Bk 22 25 0 F0DSUTE 7 7 BIL ) 1 0 T
JEFFIESEICRE 7, IR AE A% Z A rp ] 2 5 A ASPP
(atrous spatial pyramid pooling ) Fi | SCHE 22 RE KF
fERLA  AH % T 45 FEUE 28 0 22 45 ( convolutional
recurrent network , CRN) IR %4 U-Net( deep com-
plex U-Net, DCU-Net ) FIIR i 52 3 FUE IR W 2 ( deep
complex convolutional recurrent network , DCCRN ) &
PRI 207 4E PESQ  STOI FIXFEGE I 25 (log-spec-
tral distance, LSD) 845 L34 W& 27+,

BUAR BT X5 25 45 R 245 0 245 7E 52 2 e 7 7 5
i SR B BRI AR S AR T — RS A
AL FNAE B0 0 25 1) 45 R B fi 28 9 4% AR-CED
T BRI A, A R T T X 2 R
M PR R AL FRRE ), S ER 4 SRR B HAE PESQ AN
STOL %548 Hr F L TAE SRR,

T CNN B 15 ¥ 1S 5 75 v 38 3ok 1) AR s 45
FEAESE L A PL 38, ST 1 X6 M8 75 198 A 304 i) s
BRI AT TP e AL S8 CNN 22
Fay AU 3 >R FH 7 BP0 46 FR2 Rt Ak 2 R i B

fiE, EEF M2 (fully convolutional networks, FCN)
(R 0 R 4 3 2 2 SR R AR ASE 3 1) S 408 i
[FIEEORARE X 28 R REAE A S B2 R 7 o A 1 R 4 Hb Ak
FEF 5% , TCNN 38 i A R AT ok 465 B2 ok
K0z B | [ s O B ) P 31 A LR G R ]
BT L 5] AN 24155 2% 2] SNR BRI &
AT I AL BRI (] 45 BB B S BOR | i — 20 4R
TR ) 1 RE A S B, R S B R R D H
CNN #ER )T e BEAT SR8

3.5 HEMRMHMLE(GAN)

GAN H A A% 9 4% (G ) FH 5 35 M 4% (D) 4
B, AN 6 Fra, GAN WY Il 250 i 2 T 5 AR 5l 4
HRER . BT GAN Y ZR 11 i 7 19 9% (speech en-
hancement GAN,SEGAN) 5% f. ] Pascual Z&"* $2H1
Az LA R 24 2 2] o MR TR 1 AR AR S B T e
B BEIS  E o0sr 2 A% B H00 A% M 45 2 P4
FEAER H T8 (H G ) 38 20k B 3 R IE &
(REREY) o RIFEERIZ R, A e & 24l o
A3 LA A TR (R e T A R TC Tk DX
JERARAR . %07 R R VNZRPL , i 1%
A RASWT P2 T A Wl 2% 7 A6 8 T B 15 5 U hE
1, VR A Ee R A il 2 5 SR 25 RS
HERE

AN GAN HEZE AT 5 H Ath 15 & A0 B+ A AH 25
G IR E R MR o R AT E, R T
HEORIE S Y HARBE AT RS . KM, Y12k GAN REIA
MENATRE , VF 2 HABOT TS #0842 5 SEGAN 1Y
TERE.

Baby 25" FEA{ 1 B A 571 10 5 0] 5% 0 4% P S
TOREXHE AR O PR AL, A5 R IR W, BGHE TS S0 2% g
PR AR TR, AN I ST A R R BB AR
YERINGRFSE %% . Phan 552 @ U FH 24 & A

HEHA
(real samples)

WEEA IR FI 7 2%
(latent space) (discriminator)
N D
A
e T ﬁgﬂ”m
(generator) ¥
G e
Aifs
H W%
’_‘ A AN IEREAR (fine tune
ey g(gcncralc fake samples) training)

(noise)
K6 GAN iRl
Fig. 6 GAN model
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AU BN R AR A 38 A0 K 20 T b A B AT R 5 A
.51 A1 SEGAN (iterated SEGAN, ISEGAN ) Fll
TRJE SEGAN (deep SEGAN, DSEGAN ) i Fh 51 22 44
TE PESQ . 2% & 15 5 X H ¥ ( composite signal distor-
tion, CSIG) \ZEE 15 ¢ 7 & ( composite background
noise , CBAK) ZE 5 34 i & ( composite overall qual-
ity, COVL) F143 Bt {5 M2 Lt ( segmental signal-to-noise
ratio, SSNR) J7 I &R LT SEGAN,,

Pandey %' 5] A S GAN iE47 Bob 43 5 452 £if
TR R 281 2507 UM B — A9 L1 402k ok B0 2
REEERPUE IR RESE | R X L1 5 L2 $ii 2k
PRESCTE T S i b 0 38 PR R AT R G VR4 A5 2R
FH, L1 0 2% 7 2 R 1 AR B O T B N A
2. Soni 45T FH GAN Sk Hi I #4541 , 1N FH 35 /N H)
J7 1% 7 ( minimum mean square error, MMSE ) [ 1F
M4k B b5 BRECE BE GAN, Z5 R, 5 24 i 3t
T GAN B9 % ¥4 9 J7 ¥ 4 Lt , PESQ I STOT 1%
2T ME,

9% GAN (high-level GAN, HLGAN) "' JH % T
SEGAN 7EfIk SNR FRbg b 25 BRI P I 22 615 1 o)
TR, G I 2% [ IRpRE M P R it i A A
TS 0 2% b ] J2 A0 s D TR SR 2R R, L1
TN 2 R AE B AN A R SEGAN A5 70 1 H3 (1) 45 2K pRi
b, 5 SEGAN 2 ik — S8l & o0 A HE, HI-
GAN A i & otk

Metric-GAN'" 3@ A A R 5 U T 235
B T CMGAN ( conformer-based metric-GAN ) '
#E—2L4% Conformer ZRAG 5 | A F A4 K
WA AN Sy FRAFIE R BE T, AMNTE T & BT 55 5%
A5 304 e 30 25 TR el AR 9 AT 55, IR T
HAEZAT SR s ims 11, 45 RE W, CMGAN
7E PESQ Fl SSNR S48 br | 34 i 25 88 @ 2 A
ik,

IR T GAN FyiF & 1y 5 R AE B AL fL A
FEMETT WAFAE JR B B BIF 5 3 2 1 25 R A Ak
T kAR Y g B 0T 4 v o 5 1 SR A PR BE , A
e A | 22 RUEE S 0 45 BT L IR A AR
FEAE S ALl . MSAE ( multiscale autoencoder ) #HE
ARl s it 22 RUBE A 3 4 i 25 o i A A T
O3 B R S5 53T U-Net IHERAG 1T
P45, 2 30 o 3] o o MY 0 S5 SR R B IZHE SR TR
i B (40 PESQ (STOT) A1 3 i & P fiE 1
W FEOCT A I, JUHAE MR AR i P15 ROR
SR, XEEFRAZ A & TS BRI PERE,
W R e SR B At 1R Y 5 ], JE R AEARAE MR L
TN SZ BRIASEE T 0 o A8 it X 2607 VA AR

S 7 FH AT T I Bk R, A4 I SR e A i 2
FEFNZACRE T, 3 26 [n] B 75 EEAE AR A B 52 A5 3]
it — 2L B g AL
3.6 Transformer

Transformer #5574 F F 4b B8 15 51 2] ¥ 5] (4T 55,
BRI EAUE R T A T ) (Self-Attention ) MLl
KAHPEF NN ERA TG R Z [ 2 R o &R, Bl 7
Box T 3l A0 Transformer £ &Y W 4 65 4%
( Encoder) Flfi# 5% %% ( Decoder ) W #5740 1%, &R th £
AN R A J2 HE B i B, R AR T B R T R
e U EZY eSS & B = WA K i K U R R AT i S
FE 5 BT A A5 S A6 g e A A 28 3
JCR MM, Transformer Y IFATALEE ) 48T T
NZRE e, 50080 TR A B RNN JE Rxt L, fif
HAE B ORTE F AP (NLP) S AG- 3] 773z W, 9
f4: 7 BERT \GPT #1 TS5 %, I FH 3 & U0 | B
A P Al R

Outputs
probablities

Softmax

B SR

Linear

Pl i

Add & norm <

Add & norm <
Add & norm !

Muti-head
Feed forward

attention NX
Add & norm
|

Add & norm <
Muti-head

attention

4

|
Masked
Muti-head
attention
3

Positional

Positional
encoding ~
Input

embedding

LN

Inputs

encoding

Output
embedding

Outputs
(shifted right)

N AHEZ R JZ %L Output (shifted right) 4 4 3 47 #2 5 Input embed-
ding 1 Output embedding A3 5 Sk e A N R0 A ; Positional
encoding M B i i ; Muti-head attention A 2T ENE ;s Masked
Muti-head attention NHER Y Z K18 S1)Z ; Add & norm RJZH—

1t s Feed forward SN B i5)Z ; Linear 4 14:)Z ; Softmax PR%L;
Outputs probablities A% H A8
K7  Transformer 2t a5 Fl AL 2%

Fig. 7 Transformer encoder and decoder
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HET Transformer Y15 ¥ 38 50 5 75 A H 4244
1Y B T IHLE AR BRI ] 51 o 4 B B AR
G ZR, DN BP0 1 18 Ak FIAT: 55 v S 90 L B )
PERE . it as FH T P2 BOE & REAE , 100 At 25 DU 47 5F
FETENIE S, B 5 A& g £ 3k ik
B, BRETE AT RO S R b B AR K
SIS A= e ] A2

Kim 257V 38 1 T-GSA (transformer with gaussi-
an-weighted self-attention) F F i & 14 5, 51 A & 3
TA 8 = BT, X AR AT R AR DL
g S R 7 N A =l |1 I B R S i S
T-GSATETE & HY Bk P RE I 0 3 10 T 34 /) RNN Al
JE IR Transformer £

Wang AL 4R R By Bt Transformer ( two-
stage transformer based neural network , TSTNN) , 747
Qb SRy FR A R4 JR S5 R o FE R e 5 i
M as A R, 2 DI As BT
A B I SRR 5 3 [m] Bl J 3 AR T R A AT
BE, Yu ZUV R T B9 B4 S Transformer ( dual-
branch attention-in-attention transformer, DB-AIAT) #&
B SIATE BT R A e (ATAT) BB JEA74b
L HERORN S 2 AR T > 93 52, A RO ST 1Y
W& FAHAL {5 B . 7F Voice Bank + DEMAND %4
R FIRE T RS TERE , A IR AR T AR R/ INY
R . Yu 2517 Bl Local LSTM Fl1 223k VE 75 /1
BLUHIH2 ) SETransformer , A %002 > K WK 1 5¢ & i
T O B i, 45 RFE W, PESQ I STOL AH4L T4
#E Transformer 1 LSTM A% A & ¥ H 58 ) A9 2= M 4
RE,JEEA T & IR ACR, Saleem % 7R FET
L FUE B 77 Transformer W 2% ( NSE-CATNet) 1) ¥R
MBS RS0, 5] AL T Transformer A9 I 201
2, R —4E 5 RUZ £k 13 7 77 (multi-head atten-
tion, MHA ) , il 1 T-F 73 & S B H iy — 4 13 75 71 6
i I IR A b A IR A 43 A, AT FE 18 1 5
1155 TS AR P E . DBT-Net #5700 & — oL 43
SCAiR A 2O Ak T E 2R, 45 5 R T Attention-in-
Attention ] Transformer W 2%, GE % [G] A5 Ab B8 g B 45
WA B Z AR 557 S as R % 1
WSJ0-SI84 Fil VoiceBank-DEMAND %4545 - i) 1 e
T EA T, ik B Stk

DPHT-ANet' ™ J& —Ffi i % X 422 =5 B Trans-
former JXUKS 4V B 77 I &% 38 2o = B A T 145 45
PSR AL G 2 3 1 B I B A R 4 B[]
TR AR FE IR ZREEAS B, [F] I i B T A Yy
SRR AT LA R R AT
i [ PESQ {752k H b (sigral to distortion ratio,

SDR) ] #1a] f# J& [ (STOI) .ESTOI ( extended STOI) ]
T ik LT AR RE

MZ2IRBF Transformer Z249 N T8 5 5 5 4k
PRSI0 WFREEA A S 5 A B B I HLE AR
AR (A, A 34 S AR TR X {5 BT A0 AR P ) il 412 g
F1o SRRy S 4540 Fe /A R[] i) 5 7 1 35 19 R
WS FTAR ANRRAE LA R 3 s A v 2 A e ol i =X 3
R EAR B, IR B -S54 i R kG
WA R, X 2 0 3 A S R S 7 T AT RE
% AR EE SR A MEBE, DR e AR AR g
BT TSR E . SR, 3K B84 Z% 1) X 26 25 Fg th 3y
TR T AR B RS BRI | X R BE X SR
o7 FH G U 37 B B4 14 4 ) BB

4 AREBIZRIRTLE

TEVRE 27 > 3K B (1) 18 5 15 5 403k, A [m] 1) A A
ZEF AR v AN H AR R B A B YRR
SOFRIBR M 3R 2 S X JLAP S A R 4 1) 2 24
B X AT,

GAN JE X o R A i s o & 19 3 35 17 5, g
27 2] B 2 AR A A1, 3 T e PR LT e O
R4 ik E Y B2 4%, ARt
AR R, T e 350k AR A B FE AR ZREEAR 2 |

RNN K HARfR LSTM Al GRU , 8 KA L 155 15
SRR OC R |, 75 A0 #LELAT B I st fa] e 8 A
B E AR 5 A T W 2 AR, ik o 5
BT S UM R & A 8, SR T AE I 2Rt AT
fE HH IR BT 2 SO (Rl R, EL VTS BOR AR AR

CNN P H BB A R R E8 R AL, Tz T
TR 5 B A5 A BRI A 75 A T, 78 o 1 58 v RE
i X W i A 5 AT B A A W 7S A T AR A 3
58, {HE CNN X B B AR 4t 5 ) A FR 3 5
T35 5 HAAR R (40 RNN 8% Transformer) 256,
DI THEA R PERE

Transformer BERMK R [ 1 2 S HLHI, 7] IF-47 40
PRF 9 E Il P 4 B B R0, TR AR, X
e B R AT 55 (UNSERTE B A ) U hIE SR X
JF 5 (R4 S8 Ak B RE 7 A7 B, AT RE 7 22 4 S M ) fir
L R A B SR AR IR X A I F SRR

TR G5 R0 78 15 5 39 5 b i B0 L0 ph R AR
fR LR B T — R L TR A TR AR R A B, 4
BT A T8 L TN AR TR 2 [) A AR Y B AT
FIHAR I 2 8 % A RNV R B R0 AL 0 i A0 AR 5E AR 1:
fig , 7EAPRTR e RS R ) PR BE T S S T A b i
BOR . XIRIR G RA AR TR AL B S 5 ik R
o B A Z% IR R SHE RO, T
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F2 ETREZFINEFERFTENLRS
Table 2 Advantages and disadvantages of deep learning based speech enhancement methods
Ji kIR P R

DAN REREIE 2% 2] KR M I R B SR Al e RN 8 2 AR R M 5 S Bl I s R s o b b 280 5 SR 2 2 i vy | 1 B3 AR il
KRR R IrE WSS R TAL IR N T 2R B8 ARRER AT REARAESE S o 8 % sl 1) L, i )1 R 1

RNN BEMS P IR 1R S I ) P AR s B BUZ GG T LAY TR AR, VI PRI 5 25 5 6 B8 2R sl B A 5 XoF K I e 40 G
JR IR 2 Y F ISR AR

LSTM FRR T B 55 RNN A G b B2 26 o) (80 AT ARl ) S 3] RSB ZRme [R)c , IN A o FH e 5 B SR R, 0 JRC A S g ] o 3
5B 8 Tl SRS PRI PRI AT 55 BUANEE 5 X0 S 8000 U Al R S 40050 R Uk

GRU BGHT LSTM 19T JHERLE], b TR 20 B Rk 3@ ) 7RSI PR S 2 I TR OC 3R 1l BEAS 40 LSTM; Wi S B, 2%
TRV Z BRI ; RSB A AR DA B T 2% [n] YES(N

CNN TE Ry ERRHAE SR IBCRIAR TR P R BUAE 5 | 38 & AL BRIE - IR RIS A A 3R B TR) e 7] R0 P AR AT 5 %o 0 2 i A 50 11 8 Ak e =
[ ASRARAE 5 1 32 2 FFAIE, TN T B WRE R T B S SL AR R 2 A A BB A DS AR )

GAN RERS A s T i WG SR G & 5 5, ARG S IR RIS TE Xl 2k UL ROMERNASERAE ; W 2 580010 e R S UK, 8 A0 e
T 5 AR IR f- A B 2 4, A e 1o s IR BUAR s | U A o 2k S 2 M0 o R B R

AE RENE A ) B 5 5 0 R 4 320 7T DA SE LR 4, B T4 AR {550 AE T RETE AL IR LM RS2 2 Bdia 7 A7 U 0776 Jey PR M 5 52 2

$EHL T I R RS 0 T 1R R TR 2 ) A

DaE e HISPAL AN sttt i

VAE WAL AMERR AR L, SCI AR RN IE B E SR W R RN S 25 B U Rl B A K5 3 S R M v B

B 16 T2 25 5 A B A A 2 M S AT ) RRAIE

AR A

FI TR R L ] RE S A A0 2 I B B MO 3¢ 2% 5 B AP AL BEAR )

Transformer

PRI s FEATALRE Ty TR

B2 SRR 2 TSR IR OR R 5 W O s I 2R
H8 5 S P H AT BEAT A 3R A A

FIHLHIIG 58 Y Transformer 7EIE V52 MR A A5 T 3%
PRI A o ) 4t 3] 1% J2 B[] -3 34 2 3 0 0
2% Mg e g 0 X A A AR R, R4
S3A BIEE AR T AR B g I B v R O
MORSRE . TET ZX 10 5 15 5 SEA TR 40 70 B F ik 22
S, Qs o o 4 TR U0 AL B %
W2 e FE A T AR

FEVE B R BT RN, v BB R A A
HoMARR AR AN B, PR3 R B R SR 5 B 1
155 W RARTT R TR IR FR 1 DL SR R PR e+
Wi SRETREE S 2 T IEAE B 2V rs FREE T RN,
{ATEREE St (CUNSEOCAR TR ) B3 1 5 v, g
T EIHR A AL (GMM) 1K &2 22 E L (vector tay-
lor series, VTS) ) 5 TEHCOR Fe B R 45 A pERE , JC L
JEAEMER R E B AR R S R A
5 FEEERR

T B PP AN B an T WS s P AL 4
b, EWLPE M 48 A £ A 1 WP 4 (mean
opinion score, MOS) 2K B34 2 UL PE4) ( degradation
mean opinion score, DMOS ) FIH| Wi Mk ( diag-
nostic thyme test, DRT) 55, WL PEAL J& 174N 15 7 T
ot RY AT R 1 e A 1) 3 , SR T U A Tk A
A HFERT, Rk, IR 2 % W8 b & &1 & ok
T s s o i o B i Ml R, 2 dg i

FHTA T8 ¥ o & 09 % UL & 4245 PESQ ., STOI
SDR % 52 2% EL ( Bark distortion measure, BSD) X}
BRI SR U B 58 (log-likelihood ratio distance, LLR) .
43 BEAE M LE ( segmental signal to noise ratio, SegSNR)
8, 2 3VTRIGIRET A UL T AN T 1 R
SRR U B A R R BE O R A SRS K
Horbig Y JZ PESQ 1 STOL P47
5.1 PESQ

PESQ X I 4 45 5 F 3w R SE 15 5 15 ok
FL -3 B BR v T 58 L -, A TIRS (intermediate
reference system ) U8 I #1525 F00 A i FL 15 T 7 2R A7 108
W W PG S AR R 1] X, R A7 W e AR e, X
AR AL A X FR G M R I RN 3 g R Ak B A
FIEE A 3 e 19 AT 5 A8 46 I 9 A 22 ) 1 33 2 )
JEVE NS (RIZEME) , 23 B0t ol th i 422 BB s g A
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FiEEM BdEE R IRURAAE U 3 B BT E
NOISEX , CHiME-2 , Voice Bank + DEMAND .
DNN MFCC LPS . (log/power) Mag W2 PESQ.SDR ,STOI ,SegSNR
TIMIT + AURORA
LPS. MFCC, Raw signal . ( log .
RNN  CHiME-3 .Voice Bank + DEMAND TIMIT aw signal, (og/ e 51 s sTOI
power) Mag
LPS . MFCC , Raw signal , ( 1 .
ISTM  CHiMES3.Voice Bank + DEMAND WSJCAMO aw signal, (og/ e 51 s sTOI
power) Mag
GRU  CHiME-3 Voice Bank + DEMAND TIMIT LPS MFCC .Raw signal W25 PESQ.STOI
CNN CHiME4 A 4 Raw signal | (log/ ) M g s 33| PESQ., STOL, WER. SDR,
1IME-4  Aurora aw signal | ( log/ power a; BHF
& P € CSIG .CBAK ,COVL SegSNR
TIMIT + NOISEX +SSN Voice Bank + . ) o PESQ. STOI, CSIG, CBAK,
GAN MFCC ,Raw signal T2 3]
DEMAND COVL.SSNR,WER, SDR
AE CHiME-2 \WSJCAMO MFCC ,Log Me T2 PESQ.STOI
DAE MFCC ., (Log) Mel CHIiME-2 Tl =2 PESQ.WER
VAE Reverberant . ATR MFCC Log Mel JToME2:>]  PESQ.STOI SNR ,MMSE
UT-NOISE-TIMIT  VoiceBank + DEMAND . SDR. PESQ. CSIG CBAK,
Transformer N oreeban (log/power) Mag Raw signal Wz N

TIMIT + Musan + Noise-92

COVL ,SegSNR

¥ Mk . www. stae. com. cn



2025,25(20)

FARIN 45 B TR ) B TR S 0 T IR Sk 8343

AT TFHLRG VIO 2 6 T 4545 T R 22l
SRAEIE. KR IOTFIE T 2B AR KA R
SO A TR B S U ) R AR
COMRP R 1% R AT P M 5
T RLYE , (30 % 5 B % T ARER T e
R B O PSR

(2) SEHHER., TR BURHY 5 4 T
B I AL B R, B 17 AHERER K, 1
S O B2 4 R - IAT A B,
B B AR B BRSO 5 ]
HE R AR — 20 T e VT ) (R
IRAHERITCIRE ) T 030 7 5 50 A S 239
k.

(3) SREISHE , SIS ST BRI LI e
S A O 0 7 75309 2D
T, AR BYTFIE T L i 51 TE BB
B35 3 ST HEE3IE— 25 (R AR B A 3
ARG B R 5 1A S e A
FE95 A0 5 AR B L) o 52 9L
BTt

() BRSO 2
G STHEHE LSR5 07, (T B I
T 524 30 T LRI 61 R0 900 T
BRI AR5 5 7 1t FUE 55
AR TSR R 26 45 7 06 S0 A1 51
AR T 5 AR 16 4 2 AP
SR AR T —FIF AT .

(5) FbBbE, Wi a3 3 R 7 L0 1
Y L SRR 925 B B 50 49 B0, O B
s U O3 2 R SR TS A I,
AESHEI A B 002 B B 00 1E U, 96 XA
A Ty it — A 5T . T LA B
SR (0B A 75 | BB  25 3
%) LUBIRBIA £ U % 0 .

VRTIEHH 2F145 38K 1R 2 B L2 0 T L
W5 £ — R 2 S 2 TR
B2 33U S A 75 R
e B A ST 77 AL B0 D AL
) ST IZ BT IE I B PSR,
ELFREIOBST AN 0BT, 36 TR 3 3T 03 5
HORAT AR BB DR, I 45 Fh i 5
(AL TR S S .

7 #Eit

(1) BRI TR L i 22 ) 2 AR B A 0 o 3 5 0k
AR, A5 B ot 22 ) 2% 1 2 M 5 Al e M A S o

SE S BB (5 5 DRFIE 2 I, 2= BRI 75 3] 38
THEE S A SR, 35 DNN RNN CNN,GAN
FI Transformer 7E P 19 TR BE 27 2] BE U TE H S FRAE $2
B AR FRARF AR MRS o B s S Iz ARRE T LA R &
R4 2] 5 EAT W 203, o SR & o
R FER T, HEENE T THRE NG
TR EE N R R T BRI I B
FEE S B T 0 X 3T AT ke 1) B i AR AT
ZERINTEE .

(2) EFEA 20 T 1B Y AR TR (9% 2 R e R
R OPH ) v R A AR (AR Al R
7 OHTMRE ) SEATRE A AN [ R R ) 4%
FEIE B Y |, X A1 Ak 22 AT BAAE AH DG S8
FIBIF ST 18 S 1 AT B 3 43 T, 9 X6 4% A4 B 7R A Bk
SRS GE Y R AT T RS I,
IR E S TAE R — 2 I Rt 7 =%
BEAR, 3% 5 UL & DA 18 A 0 1158 7 ik A7
25 R RE W P IPAG FE bR B AR AR R
MRS

Z % x #t

[1] Benesty J, Makino S, Chen J. Speech enhancement[ M ]. Berlin;
Springer, 2006.

(2] W7, TARSE, ¥ahoe, . T m R R G e
PENITELT). BRRHR S TR, 2024, 24(33) ; 14278-14286.
Pan Weijun, Wang Zixuan, Jiang Peiyuan, et al. Performance
evaluation methods for ATC speech recognition systems[ J]. Science
Technology and Engineering, 2024, 24(33) . 14278-14286.

[3] Boll S. Suppression of acoustic noise in speech using spectral sub-
traction[ J ]. IEEE Transactions on Acoustics, Speech, and Signal
Processing, 1979, 27(2) : 113-120.

[4] Zalevsky Z, Mendlovic D. Fractional wiener filter[ J]. Applied Op-
tics, 1996, 35(20) ; 3930-3936.

[5] Ephraim Y, Malah D. Speech enhancement using a minimum
mean-square error log-spectral amplitude estimator [ J]. I[EEE
Transactions on Acoustics, Speech, and Signal Processing, 1985,
33(2) . 443445.

[6] Chennoukh S, Gerrits A, Miet G, et al. Speech enhancement via
frequency bandwidth extension using line spectral frequencies
[ C]//IEEE International Conference on Acoustics, Speech, and
Signal Processing. Proceedings. Salt Lake City: IEEE, 2001 ; 665-
668.

[7] ¥, T, B, 55 3T ecapa-tdnn L EE F

StiE AR [)]. B¥HEARE TR, 2024, 24 (27):
11763-11773.
Wan Meixi, Wang Huapeng, Yan Daoshen, et al. Forensic auto-
matic speaker recognition based on enhanced ECAPA-TDNN[ J].
Science Technology and Engineering, 2024, 24 (27 ):
11763-11773.

[8] Takeuchi D, Yatabe K, Koizumi Y, et al. Real-Time speech en-
hancement using equilibriated RNN[ C]//ICASSP 2020-2020 IEEE

¥ Mk . www. stae. com. cn



8344

B R 5 TR

Science Technology and Engineering

2025,25(20)

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[19]

[20]

[21]

[22]

International Conference on Acoustics, Speech and Signal Process-

ing (ICASSP). Barcelona; IEEE, 2020, 851-855.

Weninger F, Erdogan H, Watanabe S, et al. Speech enhancement

with LSTM recurrent neural networks and its application to noise-ro-

bust ASR[ M ].
Pascual S, Bonafonte A, Serrtt J. SEGAN: speech enhancement

2017

Cham Springer International Publishing, 2015.

generative adversarial network [ J ].
arXiv: 1703. 09452.

Meng Z, Jinyu L, Gong Y, et al. Cycle-Consistent speech en-
hancement[ J]. arXiv Preprint, arXiv; 1809. 02253.

Wang K, He B, Zhu W P. TSTNN: two-stage transformer based

arXiv Preprint,

neural network for speech enhancement in the time domain[ C]//
ICASSP 2021—2021 IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). Toronto: IEEE, 2021
7098-7102.

Rakshit H, Ullah M A. A comparative study on window functions
for designing efficient FIR filter[ C]//9th International Forum on
Strategic Technology ( IFOST ). IEEE, 2014.
91-96.

Ren M, Liao R, Urtasun R, et al. Normalizing the normalizers:

Cox’s Bazar:

comparing and extending network normalization schemes[ J]. arX-
iv Preprint, 2017 arXiv; 1611. 04520.

Kang T G, Kwon K, Shin J W, et al. NMF-based speech en-
hancement incorporating deep neural network [ C ]//Interspeech.
New York: ISCA, 2014 . 2843-2846.

Chauhan P M, Desai N P. Mel frequency cepstral coefficients
(MFCC) based speaker identification in noisy environment using
wiener filter [ C]//International Conference on Green Computing
Communication and Electrical Engineering (ICGCCEE). Coim-
batore: IEEE, 2014 . 1-5.

Philipos C L. Speech enhancement; theory and practice[ M]. 1st
ed. Boca Raton: CRC Press, 2007.

Yang S, Wang D L. Robust speaker identification using auditory
features and computational auditory scene analysis [ C ]//2008
IEEE International Conference on Acoustics, Speech and Signal
Processing. Las Vegas, NV IEEE, 2008 1589-1592.

Hinton G, Deng L., Yu D, et al. Deep neural networks for acous-
tic modeling in speech recognition: the shared views of four re-
search groups[ J]. IEEE Signal Processing Magazine, 2012, 29
(6):8297.

Melve O K. Speech enhancement with deep neural networks[ D].
Oslo: Norwegian University of Science and Technology, 2016.
Purwins H, Li B, Virtanen T, et al. Deep learning for audio sig-
nal processing[ J]. IEEE Journal of Selected Topics in Signal Pro-
cessing, 2019, 13(2) : 206-219.

Neekhara P, Hussain S, Pandey P, et al. Universal adversarial
perturbations for speech recognition systems|[ ] ].

2019 arXiv: 1905. 03828.

arXiv Preprint,

Pandey A, Wang D. Attentive training: a new training framework
for speech enhancement[ J]. TEEE/ACM Transactions on Audio,
Speech, and Language Processing, 2023, 31 1360-1370.

Gulati A, Qin J, Chiu C C, et al. Conformer; convolution-aug-
mented transformer for speech recognition [ J ].
2020 DOI: 10. 48550/ arXiv. 2005. 08100.
Tagliasacchi M, Li Y, Misiunas K, et al. SEANet: a multi-modal
arXiv Preprint, 2020. DOI:

arXiv Preprint,

speech enhancement network [ J].

[26]

[27

[

[28

[

[29

[

[30

[

[31]

[32]

[33]

[34

[N

[35]

[36]

[37]

[39]

[40]

[41]

10. 48550/ arXiv. 2009. 02095.

Chen W, Xing X, Xu X, et al. SpeechFormer; a hierarchical effi-
cient framework incorporating the characteristics of speech [ J].
arXiv Preprint, 2022 DOI; 10. 48550/ arXiv. 2203. 03812.
SRRYE, BT, R, F MU T RS R R Trans-
former RYIEEIESRTTEE 1], (F 5 ALTH, 2024(2) : 406-416.
Zhang Tianqi, Luo Qingyu, Zhang Huizhi, et al. Speech enhance-
ment method based on complex spectrum mapping with efficient
Transformer [ J ]. Journal of Signal Processing, 2024 (2):
406-416.

Odelowo B O, Anderson D V. A study of training targets for deep
neural network-based speech enhancement using noise prediction
[ C]//IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Calgary, AB: IEEE, 2018 5409-
5413.

Nossier S A, Wall J, Moniri M, et al. Mapping and masking tar-
gets comparison using different deep learning based speech en-
hancement architectures [ C ]//International Joint Conference on
Neural Networks (IJCNN). Glasgow: IEEE, 2020 1-8.
Germain F G, Chen Q, Koltun V. Speech denoising with deep
feature losses[ J]. arXiv Preprint, 2018 ; arXiv: 1806. 10522.
Rethage D, Pons J, Serra X. A wavenet for speech denoising[ J].
arXiv Preprint, 2018 ; arXiv: 1706. 07162.

Phan H, McLoughlin T V, Pham L, et al. Improving GANs for
speech enhancement[ J]. IEEE Signal Processing Letters, 2020,
27 1700-1704.

Zhang X L, Wang D. A deep ensemble learning method for mon-
aural speech separation[ J]. IEEE/ACM Transactions on Audio,
Speech, and Language Processing, 2016, 24(5) . 967-977.
Miller G A. The masking of speech[J]. Psychological Bulletin,
1947, 44(2) : 105-129.

Wang Y X, Narayanan A, Wang D L. On training targets for su-
pervised speech separation [ J ]. IEEE/ACM Transactions on
Audio, Speech, and Language Processing, 2014, 22(12) ;. 1849-
1858.

Wang D. On ideal binary mask as the computational goal of audito-
ry scene analysis [ M ]. Boston: Kluwer Academic Publishers,
2005 181-197.

Erdogan H, Hershey ] R, Watanabe S, et al. Phase-sensitive and
recognition-boosted speech separation using deep recurrent neural
networks [ C ]//IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). South Brisbane: IEEE,
2015 708-712.

Williamson D S, Wang Y, Wang D. Complex ratio masking for
monaural speech separation[ J]. IEEE/ACM Transactions on Au-
dio, Speech, and Language Processing, 2016, 24(3) . 483.
Wang D, Chen J. Supervised speech separation based on deep
learning: an overview [ J]. TEEE/ACM Transactions on Audio,
Speech, and Language Processing, 2018, 26(10) . 1702-1726.
Karjol P, Ajay Kumar M, Ghosh P K. Speech enhancement using
multiple deep neural networks [ C]//IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP). Cal-
gary, AB: IEEE, 2018 5049-5052.

Zhao Y, Xu B, Giri R, et al. Perceptually guided speech en-
hancement using deep neural networks[ C]//IEEE International

Conference on Acoustics, Speech and Signal Processing ( IC-

¥ Mk . www. stae. com. cn



2025,25(20)

FARIN 45 B TR ) B TR S 0 T IR Sk

8345

[42]

[43]

[44]

[45]

[46

[

[47]

[49]

[50]

[51]

[52]

[53]

[54]

[56]

[57]

ASSP). Calgary, AB: IEEE, 2018 . 5074-5078.

Kawanaka M, Koizumi Y, Miyazaki R, et al. Stable training of
DNN for speech enhancement based on perceptually-motivated
black-box cost function [ J]. arXiv Preprint, 2020: arXiv:
2002. 05879.

Fujimura T, Koizumi Y, Yatabe K, et al. Noisy-target training: a
training strategy for DNN-based speech enhancement without clean
speech[ J]. arXiv Preprint, 2021 arXiv; 2101. 08625.

Furnon N, Serizel R, Illina I, et al. DNN-based mask estimation
for distributed speech enhancement in spatially unconstrained mi-

arXiv Preprint, 2020 ; arXiv: 2011.01714.
Xu Y, DuJ, Huang Z, et al. Multi-objective learning and mask-

crophone arrays[ ] ].

based post-processing for deep neural network based speech en-
hancement [ J ]. arXiv Preprint, 2017 DOI. 10. 48550/ arXiv.
1703. 07172.

Arisoy E, Sethy A, Ramabhadran B, et al. Bidirectional recurrent
neural network language models for automatic speech recognition
[ C]//IEEE International Conference on Acoustics, Speech and
Signal Processing ( ICASSP ). South Brishane; IEEE, 2015;
5421-5425.

Tan K, Wang D. A convolutional recurrent neural network for real-
time speech enhancement [ C]//Interspeech. Hyderabad: ISCA,
2018 3229-3233.

Wahab F E, Ye Z, Saleem N, et al. Compact deep neural net-
works for real-time speech enhancement on resource-limited de-
vices[ J]. Speech Communication, 2024, 156 103008.

Geiger ] T, Zhang Z, Weninger F, et al. Robust speech recogni-
tion using long short-term memory recurrent neural networks for hy-
brid acoustic modelling [ C ]//Interspeech. New York: ISCA,
2014 631-635.

Weninger F, Erdogan H, Watanabe S, et al. Speech enhancement
with LSTM recurrent neural networks and its application to noise-
robust ASR[ M]. Cham: Springer International Publishing, 2015 .
91-99.

Sun L, Du J, Dai L R, et al. Multiple-target deep learning for
LSTM-RNN based speech enhancement[ C ]//Hands-free Speech
Communications and Microphone Arrays (HSCMA). San Francis-
co, CA: IEEE, 2017 136-140.

Wang Z, Zhang T, Shao Y, et al. LSTM-convolutional-BLSTM
encoder-decoder network for minimum mean-square error approach
to speech enhancement [ J]. Applied Acoustics, 2021, 172
107647.

Oruh J, Viriri S, Adegun A. Long short-term memory recurrent
neural network for automatic speech recognition[ J]. IEEE Ac-
cess, 2022, 10: 30069-30079.

Graves A, Schmidhuber J. Framewise phoneme classification with
bidirectional LSTM and otherneural network architectures [ J ].
Neural Networks, 2005, 18(5/6) ;: 602-610.

Zhang Y, Chen G, Yu D, et al. Highway long short-term memory
RNNs for distant speech recognition[ J]. arXiv Preprint, 2016
arXiv: 1510. 08983.

Xue S, Yan Z. Improving latency-controlled BLSTM acoustic mod-
els for online speech recognition| C]//IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP). New
Orleans, LA: IEEE, 2017 5340-5344.

Pandey A, Wang D. A New framework for CNN-based speech en-

[58]

[59]

[60]

[61]

[62]

[63]

[65]

[66]

[67]

[69]

[70]

[71]

hancementin the time domain[ J]. IEEE/ACM Transactions on
Audio, Speech, and Language Processing, 2019, 27(7) . 1179.

FuS W, Tsao Y, Lu X. SNR-aware convolutional neural network
modeling for speech enhancement [ C]//Interspeech 2016. New
York: ISCA, 2016 3768-3772.

Ouyang Z, Yu H, Zhu W P, et al. A fully convolutional neural
network for complex spectrogram processing in speech enhancement
[ C]//IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Brighton: IEEE, 2019 5756-5760.

Pandey A, Wang D. Temporal convolutional neural network for re-
al-time speech enhancement in the time domain[ C]//IEEE Inter-
national Conference on Acoustics, Speech and Signal Processing
(ICASSP) , Brighton: IEEE, 2019 6875-6879.

VR, B4, W2, & S0 5PUEE LKA U-net
WERR AL ] AL TAR S BET, 2024(11) ; 3383-3389.

Xu Chundong, Wang Lei, Hu Jinglan, et al. U-Net speech en-
hancement method combining residual and dual attention mecha-
nism [ J ].
3383-3389.
RIEAR, W, SFl b BT R ALY A PG B ) 25 1
FERLD]. BIEHOR S TR, 2022, 22(5) : 1950-1957.

Xu Haosen, Jiang Nan, Qi Zhikun. Speech denoising based on

Computer Engineering and Design, 2024 (11 ):

attention mechanism using convolution loop network[ J]. Science
Technology and Engineering, 2022, 22(5) : 1950-1957.

Baby D, Verhulst S. Sergan: speech enhancement using relativis-
tic generative adversarial networks with gradient penalty [ C]//
IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). Brighton: IEEE, 2019 106-110.

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

Soni M H, Shah N, Patil H A. Time-frequency masking-based
speech enhancement using generative adversarial network [ C]//
IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). Calgary, AB: IEEE, 2018 5039-5043.
Yang F, Wang Z, Li J, et al. Improving generative adversarial
networks for speech enhancement through regularization of latent
representations[ J]. Speech Communication, 2020, 118 1-9.

Fu S W, Liao C F, Tsao Y, et al. MetricGAN; generative adver-
sarial networks based black-box metric scores optimization for
speech enhancement[ J]. arXiv Preprint, 2019 DOI. 10. 48550/
arXiv. 1905. 04874.

Abdulatif S, Cao R, Yang B. CMGAN: Conformer-based metric-
GAN for monaural speech enhancement[ J]. IEEE/ACM Transac-
tions on Audio, Speech, and Language Processing, 2024, 32.
2477-2493.

Borgstrom B J, Brandstein M S. A multiscale autoencoder
(MSAE) framework for end-to-end neural network speech en-
hancement[ J]. TEEE/ACM Transactions on Audio, Speech, and
Language Processing, 2024, 32 2418-2431.

Kim J, El-Khamy M, Lee J. T-GSA: Transformer with gaussian-
weighted self-attention for speech enhancement[ C]//IEEE Inter-
national Conference on Acoustics, Speech and Signal Processing

(ICASSP). Barcelona: IEEE, 2020 6649-6653.
Yu G, Li A, Zheng C, et al. Dual-branch attention-in-attention

¥ Mk . www. stae. com. cn



8346

B A 5T R

Science Technology and Engineering

2025,25(20)

[72]

[73]

[74]

[75]

[76]

[77]

Transformer for single-channel speech enhancement [ J]. arXiv
Preprint, 2022 arXiv: 2110. 06467.

Yu W, Zhou J, Wang H, et al. SETransformer: speech enhance-
ment transformer [ J ]. Cognitive Computation, 2022, 14 (3) .
1152-1158.

Saleem N, Gunawan T S, Kartiwi M, et al. NSE-CATNet: deep
neural speech enhancement using convolutional attention Trans-
former network[ J]. IEEE Access, 2023, 11 66979-66994.

Yu G, Li A, Wang H, et al. DBT-Net: dual-branch federative
magnitude and phase estimation with attention-in-attention Trans-
former for monaural speech enhancement[ J]. IEEE/ACM Trans-
actions on Audio, Speech, and Language Processing, 2022, 30.
2629-2644.

Saleem N, Bourouis S, Elmannai H, et al. DPHT-ANet: dual-
path high-order transformer-style fully attentional network for mon-
aural speech enhancement [ J ]. Applied Acoustics, 2024,
224. 110131.

T, a8, INRAE, A BETIR A TR AR () 2258 T T 1Y
SRAE[)]. EAEAR, 2024 (11) ; 15-26.

Xie Yuan, Zou Tao, Sun Weijun, et al. Multichannel speech en-
hancement algorithm based onhybrid reverberation model [ J].
Journal on Communications, 2024 (11) : 15-26.

/N, FLRREA, MW, %5, SET ISR A IS DA T B O AR

[79]

THEFRWA ST s ()] R IR, 2024 (8)
326-335.

Rui Xiaobo, Kong Xinyue, Wu Zhou, et al. Enhancement of
speech detected by laser coherent detection method based on spec-
tral feature adaptation[J]. Chinese Journal of Scientific Instru-
ment, 2024(8) : 326-335.

Rix A W, Beerends J G, Hollier M P, et al. Perceptual evaluation
of speech quality (PESQ)-a new method for speech quality assess-
ment of telephone networks and codecs[ C]//IEEE International
Conference on Acoustics, Speech, and Signal Processing. Salt
Lake City, UT: IEEE, 2001 . 749-752.

Taal C, Hendriks R, Heusdens R, et al. A short-time objective
intelligibility measure for time-frequency weighted noisy speech
[ C]//1IEEE International Conference on Acoustics, Speech and
Signal Processing. New York: IEEE, 2010, 4214-4217.

Vincent E, Gribonval R, Fevotte C. Performance measurement in
blind audio source separation[ J]. IEEE Transactions on Audio,
Speech and Language Processing, 2006, 14(4) : 1462-1469.
Loizou P C. Speech quality assessment[ M ].
2011.

Quackenbush S R, Barnwell T P, Clements M A. Objective meas-

Berlin; Springer,

ures of speech quality[ M]. Englewood Cliffs, N. J.: Prentice
Hall, 1988.

¥ Mk . www. stae. com. cn



