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Review of Motion Artifact Removal From an Electroencephalogram
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Abstract: A brain-computer interface (BCI) is a system that directly converts central nervous activity into artificial out-
put without relying on peripheral nerves and muscles. An electroencephalogram (EEG) is an important means of BCI
implementation. Because of its advantages of being non-invasive with a high time resolution, the EEG has become one
of the most widely used brain information acquisition technologies. However, an EEG recorded on the scalp is transmit-
ted and attenuated by the cranium and other media, the signal amplitude is weak, the signal-to-noise ratio is low, and it
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is easily interfered by physiological noise, such as ECG, ophthalmic electricity, myoelectric noise, and non-
physiological noise, such as power frequency interference. Considering the miniaturization and portability of EEG acqui-
sition equipment, the application range of EEGs has gradually expanded to more dynamic environments. In actual mo-
tion scenes in non-laboratory environments, collected EEG signals are usually mixed with a large number of motion arti-
facts. The motion artifact interference frequency is low, the amplitude is large, the harmonic range is wide, and the fre-
quency range easily coincides with the brain frequency band. Therefore, it is difficult to eliminate or reduce motion arti-
facts. Motion artifacts can seriously affect the quality of EEG signals and hinder EEG decoding. In response to this prob-
lem, many researchers at home and abroad have carried out in-depth studies on the removal methods of motion artifacts
in EEG signals, but there is a lack of systematic inductions and summaries of these studies. Therefore, this study fo-
cuses on the removal techniques of EEG motion artifacts. This study summarizes the main evaluation indexes of motion
artifact removal; addresses two types of motion artifact removal algorithms, both without a reference and with gesture
data as a reference; systematically compares the advantages and disadvantages of existing algorithms and their appli-
cable scenarios; and predicts the development direction of motion artifact removal to promote the wide application of
EEG technology in real scenes.

Key words: brain-computer interface; motion artifact; motion artifact evaluation index; motion artifact removal algo-

rithm; posture data
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EEG #l BE £E 0.5~30 Hz, i@ {8 75 fUiE 200, 5 52 W
L, U H B BEEG R4 & 1 R AL | il B
1k, EEG JF U i FH T — S637 244008, i B 25 g+
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Tab. 1 Artifact feature comparison table
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1 EEG 15 5 51z gl fh il Bl Lhre e B XIR A 5 4B
B IR, T4l EEG {5 5 CUA!, BT 5 B
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AR TR, BRI T DA B AR B 25 B O3 I 45 5 5 i

EEG Z iy 25 . LR AR
RMSE= /AN S [¥m-XwF  (3)

Sl RMSE #7387 1R 2 | Y% 2Rz 3 Dhi
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ERERE TR 2 . SR s s it S
EEG Sy i Ji 8, IR | v 20 45 J 008 8 4 X DA
AR EBRB A . KR 2 8D (Kalman filtering,
KF)! U — S D1 307 0 O BRAE 19 338 VA 8 B 2%
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SR, R 7K S U8 I A% 2 — P S Pk = W g I 4
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ANPHEL T 510 15 AR /A 80T iz 3 il
FBRAOR, 45 R W R TE A7 M AR A6y T 4 D AR S
i RIE LY MiE iz s s | 53 LT A 2
PR o B LB MEfE

158 VMD {id ] T B0 18 iz 3 Dh 2 I B, 2R
1M REHMAN 2 AP $ 1 — B ik 7 2 3 18 1
VMD ZHiE 53 il i B, BR ol 22 738 A8 O3 S O il
(multivariate variational mode decomposition, MVMD) .
MVMD I & BT A7 18 18 2 A8 338% 0 LU E oA,
PRI JOT A7 38 T A 0 023 3 i 23 0 5 IR 2
N T 2230 T8 I L o 15 B 53 25, RO A A BR L
HT 2 il iz s il 285 77 1
324 IRTZHER

PhiE 125 i) 8 43 (Artifact subspace reconstruction,
ASR) & —FhAE L ) JE THE PR AL 409 A sh P s
RBREE v LA R 22 B 238 1875 4L EEG £idls i
B Ik A Bl R MR 3 Bl PR 7Y AR B AL TR
WNF < 1 Yext EEG $dln R A1 sh i 1 b B AR 4 4
AN H 25040 A SR B A Dhilk & TE 8 S
FA55 . HEX S HAF S PATE O F 550
(Principal component analysis, PCA) , 71158 54~
F R 268 (8, A=

I'=u,+ko, (4)

Ao, AR 1 DR B, w0, R 5 i A1
F1 32 o0 3 ] 28 35 0 AR 34 (E, k R 8k 248
o BN A RS bR AERZE o R E L RS
Y EEG 5 5T 1 PCA , MR FI5 45 24 15 (7 5 B3 Pl 52
it E g,

ASRMESSAE T IES B A B kK
W EEG Pl IHBR AN B 12, 24 kKT 100 B A& 2k
BAEAT] 3%, kAT 5817 Z 0], 7T LB 90% 1Y)
. CHANG 48 N U058 i 52 56 59 iE 48 ) ASR
SRk AE 20~30 Z [ RELE R PR Al 5% /¥ EEG 15 %
Z IV, kAR 5~7 3 Tt T pe 4 il SL g 45
R CATALDO 5 A il i 2 kU5 0 A 3l
PEACHR 1 S E BT, T4 1 19 7 AR % 2 EEG
KRETHEA T ASR i S HEe 1, o] X
FLYEEG 8Ui AT bR 26k

ASRGHF ] T 2238 18 il fL OA 8 F B , SR T RE

H BEG RAE VA M EHEAL 48 7 10 % B ik v R 4R
(155 5K , & T I Blum % £ 50 EMD 5 ASR 45 &
W | SR 2E SLUOIE 1 by ok e A A R ik R AR R g
A S AL FE R R IR TS T AR B A R i
BRI R HE TR AR T

5 Rk ASR Bk 280 518 M7 s A,
TSALAE N T —F [ 38 0 fE 4k ASR AR
MR AR S A A 2 00 25 B 3 ASR SRR L THER T
ASR R HERS SRR [ 2 1 IR B . BLUM %5 Ml
FH Reimanian /5 #5200 T ASR 7625 il 25 [B] 9 Wy 22
FERE T, FFIESE T Reimanian ASR B0 76 1H BR T
ST SR
33 ETREFEINGESERAE

RIES 0] R A2 M 4% B s (55 52 4%
FRIE, AL G RE 1 58 . 7E EEG (5 5 iz s fhilh
FL AT, 07 ) o 2 o) % A R T T R AR 22
PR 2 DL S A BT N 4
331 BRMEME

4 AP 45 W 2% (convolutional neural network,
CNN) 2 1 e, 2 M S5 3l 17 fe 22 ) — FPAHE 4, T
IEHEZE Y UNet ™’ | ID-ResCNN'“’ Novel CNN“7/4%
BAIAE EOG S5 AR BREAIN L BRSUR I 7 . Hizs)
PRl 25 B 7 1w 1 WS AL 5/ . MAHMUD %8 A
Pl T —Fh 2 2 2 50 P AR A3 [A) Ak bl 28 ) 2%
MLMRS-Net, % #& £ 3% 1§ UNet #E 42 , {H A1 It T
UNet, H 3 OB A (8 R B AR AE R
AR 2s b A2 |, IR 7 5 s A5 55
280 DAACR AR 381 g A0 B 4 T 9 AR AIE | 3 A b PR A2 )
P35 g4 1) BEG 15 5, 4 H 5 HA 10 F CNN 52 #Y
XFE , MLMRS-Net &7~ H fie FE 1 K RE

T 4 3k BEG A BR 52 1) 40715 R4S B, CUT 4§
NV 3 T CNN ORI 34 #2824 (Recurrent
Neural Network , RNN) ) EEGIFNet 2= B AES 5 i
X533 A8 H RS P28 I 26 530 it EEG R 52 , 78
B E Dl 22 B3 7 17, EEGIFNet 7 —5~5 dB ¥ SNR
Fil 1, 5 FONIN A5 A 0 R B 2% > 2 M I £ £ L
R A o
332 HERXHmML

A % X 3t N 2% (Generative Adversarial Networks,
GAN) f—ZH B L as FEDI A8 AL, XSO7 LI 25
F a2 o E A T BT R 4% (Cycle-Consistent
Generative Adversarial Networks, CycleGAN) SEREEN
A AR RN SRR AR, 8 5 | AP — B4 e Akt
P g Bt T GAN R RO U 2R AR
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3T CycleGAN, MAHMUD %5 A 038 Y T —
BB AU HE 42 AGO-CycleGAN, H o fu 4% 3 F
Attention-Self-FPN [1Y 4= Ji #% F1 B T Self-ONN [
PatchGAN H| 5 #% , 4= ) 7% 4 1/ encoder-decoder 22
¥, 76 7 1E 4 7 15 ) 2% (Feature Pyramid Network,
FPN)J& , A fift s 3% 4236 A Self-ONN JZ , M
ARIBCECE MAACCASE 381 5 0 174) 4 T R AE 5 0 R AR S 1k
& A F 1Y Self-ONN X CNN A4 LAY, SEal T
B i AR R E S K e . MBI AAE s
B Ok B 7 R SEEE T 24 26.5 dB {5 M AR AL
WE R T iz 85 R s

4 DURTHEASENSHNITERTE

DL EAE S AN TR I EEG {5 5 1Y [l i)
KA ER Y IE B LG AR S Ao DA TR
AT ] B B R DA K 8 = A Tk ) TR 2R
P B A A S5 5 2BR EEG R 5 H 191z s Philk
4.1 ZEEEESE B EEHEX RS

PV SEAE S %55 X% EEG 5 S 1712 3)
Pl 2B, AT # 2 BEG W iz sh Pl e ge it b5k
H15 Bl JE AR G o EEXT IR R, AR Z 0T R T
SIS YIE o

CASTERAMNS 5§ A" L #5 #i 20 B EEG DA
TR , AP A A DU B ARREYE . ARAD %%
NEUEE T HA R LS FAS AR E 2B 1 TR EEG 5L
555 10 R T R U 28 e 0 T A
{5 BEG M9 15 0 (B AH VT I, HL 35 481 i 1 i J3E 15
Bifi 5 A 70 TRE PO S I S . KLINE %5 A2 AR
T2 A RE ST IE BTk Kz, BHLIET EEG HEL AR AR A
2 WUA HRAE S5 35S il 45 252 sh P 2>
FRIMEFEE T o AT RN R B e M R, 2%
Bl EEG 53 EUIE BT A MR R

Ph oA SRR fE s RSN | E T
[1] 4 T 3 B0 5 EEG B A7 AE — 8 A DG
AE R LBR EEG R 5 iz shithil M Z %55 .

4.2 WESHEASEWIEHITEREE
4.2.1 BHIENIER

MG AR HAR A T oA = 1Y e 50
Soitwet A RN, SERHEL i T EEG (5 5 78
glth.

TEiz B il B itk , i i [ 35 N 8 U A% 3
B G P 2E ¢ A /N Y 5 1R 2% (Least Mean Square,
LMS) VL M 15— 4k /N )7 1% 2% (Normalized Least

Mean Square, NLMS) . LMS B 7t /ML E(E 5
G5 015825, 8 1 PR AR U AR A DLk F|
AL TERER) B B9 NLMS 559252 LMS 5207 it ele ik
Ji, 38 AR A K SRR R T R MR S R

ROSANNE % A 08 sk B 15 5 7E =75
A NLMS EBriz s fhil , 1% 07 ¥ 7e 476 f b
HEAFZIRETHE RN RGN AR, A
BT T ki B0 Aar PEAL B HERR B . a2 B DR AR T2
SN, 2 B E FE 3 8 1 2E i sg ) i
FEAN TR Sk Bz #8072 B4 5 . BEACH %6 N7 Ky g
PRI — [F) R, 7 B A U5 R b 2 58 B AR IR AR
FF R 5 AR XS R 38 225 50, B NLMS
HERZ bR R4 R W, Bd 7E EEG 15 515
ME L BARAE LT iz R B A R n iz sh i
W ABRACR . fEEERC ARSI, TR S L
Jik 22 [B] 9 002 ST LA S H b 2k B i 43 By, Sk R iz
5] ARYiz s P 7E EEG {5 5 R 3 = R4k
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