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fixi e &l (electroencephalogram, EEG) J2if i
Sk K RTH AR TCANIC SR B, R R = 2e ook
WL e A AR A S . R T HEAZ
k. AR AR A RS L, e
2T R 2 W . iidL4E 0 (brain-computer
interface, BCI) FHAKIBL =TGR ),
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DK PR AR DO Sk B B sl = A s sh il ) X
SO R A oo FLSL ARG B0, IR RTRES | AR
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PE 2, B, EEGFEMEEARCN T4 EEGE 5
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EEG HEA T R 4540 5 R IR AL RAE , TS
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I, BRI TR IR E 2% > EEG B MR AR 228 i
RAEG 51, IR 5 4F EEG FAMR 4T i e Bt A
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SR A NI E 225 Sy o AT, BORPTFE R
K B 506 EEG I FOR e (812), %%
Al o ISR BRI PR P 2R Vs R R
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(30 (1) ), RIFUAYIE BRI . X ARk
Fids, il iz L B i 2 ke, iy
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Y=X+A (1)

X = fuo (Y, 0) )
6= argminloss, (X, X) 3)
X' = fie (Y, 0) 4)
A = frua (Y, 6) (5)
X=Y-4 (6)
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Fig. 1 Technique and application framework of deep learning—based EEG denoising
E1 ETREZFIINEEGMER A RN AL
EEG: iHi[& (electroencephalogram); ERP: FH{4AHICHI{ (event-related potential) ; MI-BCI: F&TFizshfZ A kiAL4Z1T (motor imagery
based brain-computer interface); ERP: BCI: J:TFH{AHCH AL T (event-related potential based brain-computer interface)
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Fig.2 Flow chart of deep learning—based EEG denoising technique
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Forpr, |||, 775 Frobenius {48, B4 1AL 400
£, EEGDenoiseNet (EEGDN) " EEA~% N
VR 2% 2] BEG MR 5% T 158 31 10 4 s o L o 50 80
£, A5 4 514410 EEG FBE . 34001~ EOG H B
15 598 41N EMG R B, FZH T H.iH il EEG [
W% . X TF EiRfhilk, semi-simulated EEG/EOG
(SSEOG) ) H  semi-simulated ~EEG/EMG
(SSEMG) ##iadE »* W] i 1 T 238 18 EEG [ WA
5% TEINEI ECG Az sl thil Iy i, KE /3 pF9E %
i MIT-BIH Arrhythmia (MIT-BIH) 2/ flI
Physiobank Motion Artifacts (PMA) %% #ig £ ¥/,
{2 MIT-BIH Arrhythmia £4i £ o 9+ A1 5 )5 46 EEG
ok, K, FREAE A HAL AR 4L i i in
EEGF 5 BRG]

LSRR AR W AR 70 52 PRt S sl im PREF BT b B
TR . OB S5 YR BEG s 4 > Y, Bk
i LS WS BR Y S RS R 4k, AT

EEG FEMEPERE ) 8 P43 5 T AT 55 1 g H 3k o
SR, TS50 BEEG Hhdf 287 3l 5 03l e 5 724
FRZ AT 2085, PSR AR i il = 2 ) S iy
EEGIE NG SZ&%, HIt, Wi Sef i
BRI 2B, P8 2 BRI SR A T
e e o VTR 4 O N & - VA £ L | o K
MNE Sample (MNE) %t#fi4E ' 2 H T F 4R
B {\/ (event-related potentials, ERPs) 43251T: 55,
HAEFpmrw (Z84H) SR (20
B/ ) 4 Rl , BCI Competition IV Dataset
2b (BCI2b) %t ™ L8 Tis g R AL 55
(motor imagery, MI) i Il #ff 5% , BioSource
(BioSR) ##ln£E ) 2 FLSLE 45 Th /A i XTIz AR
ANULHS Oh3le 368 18 37 ¥ 55 A It B A T B AR 1 1Y)
T 5 EEG 80l , 7T H T IPAl B e i A IR IR
FREE T BOORS B0 H0 I BE J1, resting state EEG data
(RSEEG) Hu#iadE " 40 22 24 9l il i W i SR
PO O TR /T E I ) S e ] TS o e

Table 1 Summary of benchmark datasets for deep learning—based EEG denoising technique

F1 REFIEEGHEEIARMNEEHIEE AW
ESl EVEITES H S ot CREERMHz K i
S EEGDenoiseNet (2! EEG Sy 14 256/512 45142 s/ B EALHUBEIEEEGIEOG. EMGPM:
K EOG BE 14 256 340012 s B MERE
EMG L 14 512 55982 s B
semi-simulated EEG/EOG 2! EEG 19% 274 200 54130 sicdk EALIR/ 2 EEEEGHIEOGRE M R
EOG
semi-simulated EEG/EMG %] EEG 19% 20% 500 204M10 sicsk FEAL /2 IEIEEEGINEMGRE ML A%
EMG 45 23% 500 23/M0 sk
MIT-BIH arrhythmia 252! ECG 2% 4% 360 36002 sitsk Ak HY/ 2 EIEEEGIHECGRE M it
Physiobank Motion Artifacts 77 EEG 2% 6% 256 24489 minikik  FEAL BB TEEEGIZ B D 28 B M 1 i
B RS 64 256 249 minitik
TS MNE Sample EEG 60% 1% / / SYHTERPSHFIE, JAFERPs 7 2P fE
VG S EOG
BCI competition IV dataset EEG 3% 9% 250 540013 stk PEAL B/ 2 @ IEEEGHIEOGRE R IR
2b B0 EOG 540013 stk WUEMIZr 25 fE
BioSource 1 EEG 2% 1% 250 10sidsk VPl /2 @B EEG M EOG I EMG ff
EOG 45 5 sidaR M 25
EMG 55 4 sicg
resting state EEG data ! EEG ng 24 2048 176 minid 3% VAl R/ 2 B IEEEG I EOG B AR
EOG 176 minic 3%
1.2 REZSEEGHEEESR Ip A3 25 PR 22 S, AR IS FH T B0 G B & i

M b i R 4R RS EEG Bl Je , TR
>J EEG [ M-H A T2 BRI D e 75 55 14+ EEG 19

EEG 1 F ARl #3775 4 EEG 2 5 4R EEG 2 [H]
AR P, SEIXT ORI e 75 A R . B
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M 22 W 4% (convolutional neural network,
CNN) P A%mt4es (autoencoder, AE) P, A:h,
X L M 4% (generative adversarial network,
GAN) " il Transformer '**/,

CNN & —KFE)Z 45 R HE Rz B 5K
RS e MR PR T T 12 S R T Tt A 28 I 2% 0 AR L
TAEGE Tk, CNN A] RUE RS SR i B A A (4L 7
FIZEA LY, $EBURTRARLYERAE , SCEl Ol i
ORSA X B S 2, 20204F, Sun% ™ RN ZE
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“J CNN 7E EEG [ M 40 358 ¥ BF 95 $2 438 1 0 25 B0 E .
Bfif5, CNNJFIEfEIZAEE T ZMAH, a1
SRR A ) AT IS T A EREXT T S
PEAE IR 22 3¢ SR, CNN J5 ik 3 AR R
GRIER, MELXHE S iy RB PO OC R T
AL, ik, Gao % Y R H RS> CNN 222
FTIEAERAE, IS g AR BEIZ
%% (long short-term memory, LSTM), 743 #2H
EEG I FP G &, IHRAATSE R BT, CNN Y EEG
FEMAPEREPT LIS B AR . SZ &, Cuids ™
45 & X 7] 45 96 ¥ 590 (bidirectional gated
recurrent unit, BiGRU), #4#X /)32 CNN-BiGRU
PR2E& 43320 5 FH AT )5 4f EEG FiPA b M s
FIME T TR B 2 ) BB ARG )5 4R EEG 5
FAEH) 220 AL PR 0 M 7 I ) SE B R PR

AE 38 5 H datth & AR AL 25 PR o A, 4w
B TR = 45 O EEG 155 TR 48 2 R4 7E 25 1)
PRI BTRAE, a5 W) 67 57 27 T il D AH 5 B
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FIE S Z 0 AE 251, F2NMEE AE ™ fiG
FLUAE P Ffi i AE & 7F B 25 11 0 08 76 R A
it A P L U A, AR s A e 28
TG, SEBUNHPRI R A O 25 R AR 20 SR 1 B
AENDEFIHE, REBEZH, WEHA R
2 WY RN 23 (] N A8 P 2 - S A5 R Y. Xing
A B R e G AE FCE 2R R AL,
B TRIE 2% 2] EEG REMEH AR TR sl T 6 1 IX
s GREEESZ B AT i A PRl o B
B “mA-or B -fRRS T ARIRZERY, PeidE Y GIAZ
JOEE QR Ik 4 78, SEIRBHARRRE &2 A Ry 8-
AR RHIER G DR TN 73 B RE ) IR B M5 5 451
47

AE ORI 4% 38 1o A A5 0 ) 2 ) SR R

SEEHRAL A . AR AR B 7R GE L R G EEG
B 2, 0 A5 0K P R X o0 A LA
52 %55, & EXNPUP MR R B
2022 4F, Sawangjai %5 B B UK GAN I 2R E
% >] EEG [&MEGk , ME U —gEFN 0¥
LR s S AR A8, Jflad iR 28 5 0T
RWERG oA, TEBUENE B2 5 50— B
MEMET, SEA NAE 5 XS EEG 1Y m ff E
WL, (EIELAE b, GAN FEMRPERE A AT 7 455 4
5N B — DA . TERE AR I T
H 148 7T 2Kk H CNN 5 Transformer JR4745%4,  [F] At
AR5 0 R 5 4 Jm B AR 28 FE VI A SR g
T, S ARRERR DL SRA Bl 557 R B R R 2
(B 5 5 4h EEG (5 S T2, A G o4
SRR NG L RO B P

Transformer 7] M fy — F FE 5k AE 2548, H 4
T -ff A D RE Bk 22 3k [ 19 22 AL R I5t peh 25 o 2%
s AY s HTE I A AT ) Sk R e S AR K
i, 5 A A AR P R R S R Rk B
Sy st 2022 45, PudE M 45 Y Transformer i i3
A2 AR e AR R E AR UM S T
P22 0 2% T %) Jmy S EREARLE AT A S A ) PR 30 e
5 SR EEGE i T m . s, 5
H Rl 22 Transformer Az HAZ U5 He 5 HAl 90 25 25
TR E AN, TG 2R R IR A RmE, I
K — R =R A T EEG FEMR AR AL 1 a0
Transformer " (1% 22 3k 11 58 ) e ek o] H Tl 423
IR A OCE , Yin &5 W (0 AR S B AR BT 5T
23 ) EAEEAR , GUDE h St 2 A A 1T B s ke
TEEEES , FETF X B 25 Bl A R A T 3K BE
SEER T PR R 5 R AG EEG BURSHE S B . FEILIE
fih I, Han &5 2 42 W — PP Ao 32 I 47 B 25 1 28 )
4%, —r SR Transformer % 5 5 42 B 4K
HWOCHR, 73— ST 23 18 1 AR B
IR HCTER A SCPE, I8 2 X3 S B2 AT il
E T £LiE 1A EEG [ TERE
1.3 MHEEiEE A E

TEPEBUEE A B S A A A T il
A EEGE 5 )5, WS I A5 5 R 14
T3 25 G VPG BR B 2% 2 I A W BEG BRI . H
HI, WF5CR A EEG FEMEVERETTPAN ik F 250 4
B, BIAEXTI 7 MR 22 (relative root mean squared

error, RRMSE) ™ . #H 3¢ & %{ (correlation
coefficient, CC) ' . SNRUW Fi 1 XK & &% FF
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(power spectral density, PSD) "/,
RRMSE JE 14 EEG FEMEPERER 22 S8 hR, &
Fee ¥ AR T 52 EE S Z R AR 2=, HAH
N, FRORBIRE R S %5 1Y, RRMSE
AL E— 20 43 Ay B Bl X 34 7 AR 1% 22 (RRMSE,,,,,,,0)
AT X 34 5 AR 22 (RRMSE . ), 4350 FH 16
G S 5255 S AERHS Y FbiE 454 0
Z5 20 (A (9), (10) ), PEIHLPEAGEIRAE
i Al PR ARIATT I e 75 400 o) T ) P RE
X-X
X1,

RRMSE =

temporal

- )

”%am—mam

| Psd(X) ],
Hir, Psd #5551 DRI5 % 5 R L

MRREEIE THERG S S5SHE S Z RN
PEFSCRERE, HAEMT 1, RRMAERIEIES
AR Y s () s, 5
RRMSE 5 {5 5= 22 4 X5 K /NASTR],, AHOC 2R3
FRE RS Z RMIES—8E. B, ZiEtsn H
T BRI AE L PR O B R, AR T G
EEG WS &S0 FRASE, IR HAE(E S8 A4
EOmrERE

cc

RRMSEspeulral = : ( 1 0)

B COV(X,X)
0,0y
Hrp, CovBomthliZs, o FmET bRz,
SNRE Tl £ i EEG {5 5 5 5 (1) ¢ B 4 A
XN B HEAR S SR T RER L = Y,
(A (12) ) Hop, BEFSRBERGETSS
TG T I B IR, FEORRT RIS R LR
) DR 3E 8 53 DA e g W L e P 5 LA B RERILIGR 2
ERERERE, 230 (8) i SNR A T AL
TR, A (12) AR SNR Iy
T PRGSO, AR, RUTA R
M2 DR BB SE R, Dl i B RTLISE 7 41D
748 ", 5 RRMSERICCAHLE, SNRMfEL A
FAZ A2 A5 5 55 B TR 3R . SNR
RT3 2 B ARG RE ko5 HE AR
i, FURELT EEG {5 5 B iy e i oL 1
I x1;

)

SNR = 10lg

- . (12)
| -],

iR R PRI RO T 2% 55, Btk

HW AN BR TP g i 4R . ek = 2% (55

(B SERAE T, PERETEAS WAL m D385 oA
Tk, Bl LA R MR 15 5 I DR B 0
OB RET— A OCHERT#E . B =20l A
AR S S0 A ——EOG Th 6 e i AL
F 10 Hz LU AR B, 1 EMG Ol W) 32 43
TR e =, B, —AFRAR A PR R AR
HAE WU 5 1Y PSD N FE 45 58 DA 308 X 07 () R AE A3 B
P BRI A, (RIS S BRI A O 28055 Bl 1Y)
B N 5 R EEG BEAC — 3, DLGIEBH 7 Bk
PRk TRl , e KRR LR B 1A A B S 22

22 1 [11, 24, 28, 51
/]'Flﬁ o

2 BT RS SRR B RS AR R

TEHf O EEG [ MR A5 1Y B % A 250 il O 3k e 75
IHMAREEMAE SRR L, A — IR
PR AR, &R AR 24T T WA T 55 1 ik
I S PP A R I 4 PR R T SE 4R T T EEG T8 J5 24T
S By akie. HET, RN FEEE D TR
F S AT BCL AR SE A W 7 T o
2.1 HEESHENT

RIE %% ] EEG BRI FOARTE 3 A7 58000 B 205
B SIRZ A, SR I BE 28 T By R ) T
FEHES AT, I WK D RE Y N TERL P AL T m] S Y
P B AR HIE S 34 U B EEG FE MR A5
o, PRSI B H S AR EEG Y RIS
54 ERP 2 PIZEAZ O M 220 1 T o

i 5L EEG [ I Ah Sl Kl B & 1% 2l
HEACIRAS, P AR AL R4 o3 A PP i X [R] 25
PE, IS BN 28 73 BT i BT 2 I P N2 5 D g
G KR P, Huang 55 ' THEL T FEMRHT S AHAR
S I TR RF A2 0B N R G 2R BIORT A AL B (E
(phase-locking value, PLV), Z5H3RH, [EM5 S
W TA] (4 A 67 [ 25 A K P45 2 & 42 T, P34 CC
0.745 345 0.894, V¥ PLVH10.7103% % 0.894, K
PRIT ML 5 25 52 0 I 0L i S A A ) 4% [
DI REEHERE S, WFSTHE— 20 R FH AR A8 3R 45 %
(phase-lag index, PLI), XIFEMEHET5EBERE T H
SN EEG 9 #E 1) 64 T Al [0 28 AT LU A AT, 4
SRR MRS PLIAE M = B — 20, R IIReiEH:
FEAHAR

& 5 % & ERP A LL 43 S W 9 5 K WL A7
(auditory evoked potential, AEP) . L%/ & Hi i/
(visual evoked potential, VEP) Hl{K &% & H
A7 0, AEP S K 7 b R AN R T 5 st A
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PR AR AL, HA VB AR BT e 197 143 G N P2 A%
Y| RED - SN (ot v = &I SIS R T S |
P 15557 i AR A3 R N I I A BT E 9
B RBZIRIKEEG (0.1 5~0.3s) #AT&MFEH,
FE4:HH T ERPs il 1 . i WF e 25 SRR, K
SEB 100 ms B AR - DX HS B R EOG Phialh 75 A i
JE A E B S, e X AT RS R N1 TE
A D)2 IR TR T M A . Han 5% R
FAARA 5 0E — 2B IR 5 T R M kb B G I 5235 &2 N1
BT A R AR AR FHE T, 38 & B2 LS FE R [A]
oA EAERS IS M S . tAh, BFSERI,
ok e Ao 381 () A5 B AT A 5 T o rh v AR R 43
P50) (Ama N MEAE, RS OB R P, VEP &
TR F J2 R0 R 22T (A0 38 16 A2 BTG B A A v
PRk, HES—AS FE PG ERP B P1, FE
J AT AR 2 J2 B N T A8 ST 2025
4, Huang 55 ' WS R IL, A6 SO0 W0 5 o) i 22 30
100 ms Fif, MR AL PR IS (1) EEG 78 XHMIRL i X 38
PR I 2 A DE P13 R A R
AT Bl T 53 BT b 4 B R B R OC ) ik 28
Ml [
2.2 BCIZR%f#EH

TREE 2% >] EEG &M A8 13 45 5 EEG 1Y SNR,
AEMEAT SUGEAT S5 M A 2R 5 5 0, AT
T BCI RS B MER 3 . B IR | Fl 434k
(F1 score) “5EPEREFRFR "0 MuT, W
MR R B BCI R GRS DT SY, FEAED Tz
B OC HL AL AR B U5 & ERP ffhS B PR
155 o

BB RS TR, PR R A TFHa )
MG s s A T1E55 (motor imagery/execution, MI/
ME) AYBCI&% " ¥, MIUME d 2 52 3 fg X
HAR A e 2, ARMESS ol AR BA
ANFE 2 AR A EEG N, FREARFEALEE . RAE
A 5 A8 A0 1R A AH S H AL 2 R 25/ [] 25 R AN
5 Ak B2 B AH O B T L A RRAE 0, TR 2R 2
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Abstract Electroencephalography (EEG) is a non-invasive neurophysiological monitoring technique. It records
the electrical activity of the cerebral cortex using electrodes placed on the scalp surface. Owing to its high safety,
portability, and millisecond-level temporal resolution, EEG has been widely utilized in a variety of fields,
including clinical diagnosis, brain-computer interfaces (BCls), and cognitive neuroscience research. However, due
to its microvolt-level amplitude, EEG is highly susceptible to various artifacts, including electrooculographic
(EOQ), electrocardiographic (ECG), electromyographic (EMG), and power line interference (PLI). These artifacts
can obscure genuine neural activity and introduce spurious electrophysiological features. Consequently, they may
compromise EEG signal quality, thereby reducing the reliability of downstream analyses. To address this issue,
numerous EEG artifact removal methods have been developed, including both traditional denoising techniques
and deep learning-based approaches. Traditional EEG denoising methods have long served as the primary
solutions for artifact removal. Representative approaches include filtering, regression, and blind source separation.
Although these methods have demonstrated effectiveness in specific scenarios, they suffer from several inherent
limitations. Filtering assumes that artifacts and EEG signals can be separated in the frequency domain, but many
artifacts, such as EOG and EMG, overlap with EEG spectra, which may lead to the loss of valuable neural
information. Regression methods require high-quality artifact references to estimate and subtract contaminations,
limiting their effectiveness in reference-free scenarios. Blind source separation can remove artifacts without
external references, but it typically requires the number of EEG channels to exceed the number of sources,
restricting its application in single- or low-channel EEG recordings. Deep learning-based EEG denoising methods
address these limitations effectively. First, they learn the nonlinear mapping between contaminated and clean EEG
directly from data in an end-to-end manner. This approach does not rely on assumptions about spectral
separability, thereby preserving neural activity more completely. Second, the reference information is incorporated
during the training phase, allowing the trained model to perform artifact removal independently without external
references. Third, deep learning models can be flexibly designed to accommodate various recording setups,
achieving robust denoising for both high-density and single-channel EEG. Collectively, these advantages enable
deep learning-based methods to overcome the main challenges of traditional approaches, providing more accurate
and reliable EEG signal recovery. The superior denoising performance of deep learning-based EEG denoising
methods has attracted increasing attention in EEG artifact removal research. As a result, many deep learning-
based denoising methods have been developed and successfully applied in neural engineering areas. However, a
systematic review of the techniques and applications in this field is still lacking. To address this gap, this paper
reviews recent advances in deep learning-based EEG denoising from four perspectives: technical principle,
benchmark dataset, denoising model, and evaluation method. Representative applications in neural signal analysis
and BCI decoding are also summarized. Furthermore, the advantage, existing challenge, and future research
direction of deep learning-based EEG denoising are discussed. This review aims to provide valuable theoretical
insights and technical guidance for researchers. It is also expected to promote further advances and broader
applications of deep learning-based EEG denoising techniques.
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