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An Adaptive Denoising Algorithm for Few-Channel EEG

CHEN He'?, ZHANG Hao', CHAI Yifan', LI Xiaoli'

(1.State Key Laboratory of Cognitive Neuroscience and Learning, Beijing Normal University, Beijing 100875, China; 2.School of
Systems Science, Beijing Normal University, Beijing 100875, China)

Abstract: Few-channel electroencephalogram (EEG) is more suitable and affordable for practical use as a
portable or wearable device, but it is subject to a variety of unpredictable artifacts, making removal of
artifacts extremely difficult. In the feature space, the artifact-related components are dispersed while the
components related to brain activities are closely distributed. We propose an outlier detection-based method
for artifact removal under the few-channel condition. The underlying components (sources) are extracted
using wavelet decomposition and blind source separation methods, and the artifact-related components far
from the center of distribution of all components are considered as outliers and are identified using one-—class
support vector machine. In the quantitative analyses with semi-simulated data, the proposed method
outperforms the threshold-based methods for various artifacts, including EMG, electro-oculogram (EOG)
and power line noise. The visualization of the clusters of components demonstrates the effectiveness of the
hypothesis. This study innovatively combines the ideas of blind source separation and outlier detection,
without setting artifact-specific parameters, and is capable of adaptively removing various artifacts while
effectively retaining brain activities, showing excellent performance and usability.
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fiff S 25 A F WA B3, IR CCA J5 SR I B 43 5 R AR 418 B 43 B2 BB > B4 9 2 A4S R AE 5 3 A
B3 R FH R T 48 1) ik R 50 B2 SR ) i AL TR S O AR S A TR SRR R S A SR L N Bk AP
BRAEAT R AR 8, A A 22 W 5 A T i L o
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AR i & T MEMD G 38 3 2 41 00 P R, 88 /N A8 48 T 1 145 5 20 M ) 68 AR 9 B A
AR VE, B K S /NS 1 £ 5 P R 5 B (Maximal overlap wavelet transform based multi-resolution
analysis, MODW TMRA ) F 45 o B 8 P o 78 25 8L/ )% 48 $ (Discrete wavelet transform , DWT) H,
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AT SR /N S it A0 SR R 53 3 A T U S8 BRI R ) O3 O R T S B AR A 2 1) 2 44 I
2y A0 PR 73 (5] B SR ALK SRR 1) B AL TR A 25 BR R A RS0, T R D7 9A 2 R TR R I R A
3 0 B AR LA R g  BSCHIE 38 B R T SR L RAIE T A T 1k R MR RR RN R 5 TR B AR D Tk IR 4R R
B B 5 R WA A 45 & R T AT 1 AR 20 A U A2 R T 8 23 A TG B S R Y, AN
JE I AE RS 1 2 RO, PR A RS LA M 25 B 2 R R RAIE T O A B S A

2 LS

2.1 KBBIEBREMEN
2.1.1 AEMdiE

T A B R Y 2 i RN MM &R 5 S B R B R SR E st e, 35T
2 HAREFEAWMRA LR T, 154 B4, Fit 24~31 2 ) I &F T HIERIE . @ EMH R4
(Jielian Co. Ltd) #E 47500 R4  Ag/AgCl LML B 7E 8 A1 :F3 F4 .C3 .C4 . T3.T4.01.02, i A i
FLE TE Y DL CoR AR E N B S 2% BHBT AR R AE 5 kQ UL 5 WA~ 2K - BR fp e A ke 5 2 R AR A R 1) SRR
lemib; FEEHRE KA EWRMEELZR EF 1em AR H 1 em ik o e AR B 3 DL 1 kHz R AR
16 137 53 BE AR AT BT R

KRR 8 TR A S PSSR A R AR TR CUH I A S IR ERE s Ak Bas s . WEER
ki R, T HR PR R i 1 ] 2 4R IR 25 B 4 (0.5 Hz, ARG ) AT U8 I . & 48 2 1y A 2] 2 J5 2 s (Y I
(6], BCHR VI 3R 2 s BB B o SR BRI 43l 2 s IO B, Be 2 M1 H T &, R HUAE 44 80 AT 30
By BEE . 20k 6 B R A A R T 32 A4 kL B N 360 IR B o
2.1.2 F¥45 AR

NG — B8 4R Pk T 600 B i 0 B Hi A5 O B AR LS A O ELWR S L DL 2006 Y AE SRR BE BIL R
s T s AR BT 7 BN B . M5 L (Noise-to-signal ratio, NSR) & SCoh M 75 0405 (1) 35 Jr
R (Root mean square, RMS) 5 A I R Z b, B T 4 MM =50 NSR=1,2,4,8, B
2 000 45 ,MODW TMRA #J level=10,

UL P R 7 3 3 X TR 7 A B ML 20~60 Hz 5 38 38 Dl A8 B, 72 A T 8 AN WLHL I S, WLHL Y5 HE 1Y
5 H 5048 : EEG, =EEG 0, 7 A*Spye» 2o A 1R WUHL TR TE Sk e f9 HIE 40 A%, 38 ok O~ 1 B Bl ML (K
KT 255 ANUR R 9 25 [ 254 8 A B BERLIY 350358 Bk O, 6 A5 44> 20 57 (%) L R U ] s 95 9 54
ik FL 36 1

ki HEL T B0 7 Sk B B A% i AR AT MR PR 6k AN [ 0 1 v 38 38 A AN 8] 19 52 1) 4% 55 DXL S fisi Hi R ER v
Z IR ZEL ML RZE AL, =Corr(EEG, EOG) . M B SZEH & £ BT 600 Bz HR £ d , Hodh 4
5 84 iR L 3 38 R 2 A B A E A R RITHR A 2R Tk AR 7.5 Hz I 0 Y 8 R/ e ik
HRHZHEMLEREA,,.. EOG,,=A, *EOG;EOG, A 8/l i , 37~ M HR it 38 1 2| i iy fir A 1 18 1%
i e IR AT e s oT AL EEG,,=—EEG,,.,, T EOG, .

AR A ] 50 Hz 9 T 52 8K 05 5, X 44 i F, 388 08 725 17 A ] A9 TF 5% 0%, e BOESCHE v i S o iy
T 52 ) B AR AR A BE AL A o AN P R RE R () DB 1 Y, S IR ) R S R R E 0 AR MR R Y
AR, AR A BERL AL 0.2 s IV B B 0,
2.1.3 ERP##

A< BIF 5 R 5 5 22 3 AT % (Continuous performance task, CPT) 1 i Hg, ™, H 48 35 7 12 44 K24k 5§
oA (CHF,6 48 5B, F#B 1 20~26 8 ). {#i ] Neuroscan Q-cap AgCl-62 cap (Neuroscan Inc., El
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Paso, TX, USA)TE 6213k B B AL 1Ml oL, B A7 A6 i oL T 18 490 B0 2 25 B B Coiadl, BT IR B 1
SKQUIT o i 624l AR 9 2% NS % BERAE R 250 Hzo N HL B08 AR 3 R0 33 Hh B A9 R Je
1000 ms 153 2 s 09 B, IR HEAT = 70 B0 — Ak, 45 44 Bl 3R A 440 s BL .
2.2 FREEABRFE MDA AL

SN PR R PR 2 BRI L O T SR IR AE S (8] R R A S o3 3 Al L, SR T K-Means X BT
AT TN 20T R A 1 4 T A o0 22 T R B R A~ 32 A0 D 5 T 9 B G0 A R 2 s
FEAS 5 B (0 3R 7R 0 TP B2 R A R o3 B LB T T A AR AR AR e o B X A R I R 2R ) B
JE 55 TR R LR M, Ko A 2.3.6.8.12.,13,

L1\S]

15,16 1 20 4~ 5% A9 100 % B B4 1% 25 %, 26 7 4> 7

R 574490 (9 LAY B B . BT B B A - F

G B 53 A SR L B9 448 1 MR 7 13 T I 1 . 10
YA Ay 43 A 5 2 10 i ek 3 3 A 038
B LAh BR800 B b i A RO B 06
P o, v AR i 8 1 T2 04
2.3 BEEBMEM RS x

ASCE A PG5 40 071k B s L BR B2 O A 1 B A A
AT T X H A BT . DUEE RS A 1 AR Fig.2 Distribution of the clusters of EEG components
O FBAR T 1 B A L3R S AL v 1 1 — i
WHEHN0.6~0.9, K I E R 0.8, I LU T 4 Bl 2 M 19 J5 ¥ « 3 T {6 1) MEMD-CCA-thres & T [
{H /) MRA-CCA-thres , & T 5 % K 1] 19 MEMD-CCA-OD FlA SC 2 H 89 % MRA-CCA-OD. £ X R
L5 B, 3 F 4 E 48 ¥ (Fractal dimension, FD) Bk 44 CCA 48 24 )8, 9F LBk FD S AL T B4 /Y
MR HL % T S bR FD AR A2 B0 4 5% B R B 43 Y 8 I 2 M0 ) AR X O 4 e 4R 31— A [ 2
B . A D75 R A T Gomez-Herrero 4 H 19 F 38 3 J7 357, 9% 5 3 F B {8 () MRA-CCA-thres £ F FD
B 7Y MRA-CCA-FD #l MRA-CCA-OD &, IR 2 Bi 32 %R H 48~52 Hz B i ) B 45 IR 2% UE Dl %
(ARG, AR PR | R e EEGLAB i {7 Cleanline™ " 45 58 4% %k 4 Hz (B & 0> 50 Hz) .

X 245 L Bk o B, (5 FH AR X 2 5 R 1% 2% (Relative root mean squared error, RRMSE ) > 1 1k 2
B2 A T ARUE RRMSE {8 X W7 i 288 0 45 S5 P 08 30 90 i ek 0 2 IR J o 1 Pl s, 30 0 3800 O 199 A0
R, T IUHL VG LB, v 0 e 2 M S A %) G P AT R G DB, R MR Ol 20 Hz, (W]
PEAT 7 BHL 8 I, 8 1k A% Sk 48~52 Hz; X TR B {5 Y

’ - 8 . 5 I EEG+EMG
Kot , 9 BEAT IR E 98 B, MR R D 7.5 Hzs X F T i B MEMD-CCA-Thres
S e b . 6+ [ MEMD-CCA-OD
WS e R, W AT Al O Y, R TR T 48~52 _—1 B MRA-CCA-Thres
- o e A s e 2 | 2 MRA-CCA-OD
Hro IR ILECRWIIOR B B Sk R, £ S
JR 352 M R K A0 B AL, T Welch's Jr i3 Il
BRI BER 0 0.5 Hzo i
2.3.1 MeP 0% 4 2 1
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e {7 L M F % g 7 S [ M
PO SRR R 4 RN RIRITRAATIRE e v 6 5L

SR A F T RRMSEfH WK 3 i /n o 4 NSR>4 ) RRMSE (&
i, B F B fE B U7 % (MEMD-CCA-Thres #l Fig.3 RRMSE values of four methods for EMG
MRA-CCA-Thres) % 22 B /N T 5 F 5% 8 00 A9 )5 16 artifact removal in different NSR conditions
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(MEMD-CCA-OD Al MRA-CCA-OD) , 1fii 24 JJL L 75 4 5if & B AR (NSR=2) , 5 F 5 % & 14 5 7% 1
2223 FEAR, 2 NSR=10J , Bt T BB 1 Jr s 2 2 g A A A2 2% .
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S TR LA UL R R R R e UL R R R e A AT R BT SR R U A T T e BRI
A IUHL R 0 R Y T Y B AR BT (NSR=>4) o (H AR B9 2, 56 T BUE 9 7 vk B B8R T 30 Hz
DL b 1 i H 3 B, S SO e BT X R T IR 3 NSR=1 B 5 T B 19 3 BT v SR B
w2

M TEL 4 P AR B 43 BT LA & 3, B 1 53 A 00 100 O 3 A 2 o LR A 0 14 TR B %ok Bz B 35 sl A o 40
T L T R Y v T 2 BRIZ IR G 3 . MRA-CCA-OD 25 Mt J5 Th S35 4325 14 i v, O B3 T/
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——= Clean EEG ——- Containminated EEG MEMD-CCA-Thres—— MEMD-CCA-OD MRA-CCA-Thres—— MRA-CCA-OD
4 e BT AT Sl T TR 25 MRS B2 204498 (10 Hz LUT B35 L TR ARIT , P BOCHCE R T AV H L)
Fig.4 Average PSDs of all EEG channels before and after EMG artifact removal (PSDs below 10 Hz are marked in

red rectangle, and are emphasized at right-top of each subfigure)

2.3.2 MRuEE

67 [ MR F, M 7P 88 B 25 00 T, 4 Ff 25 1 05 vk i RRMISE (B N 81 5(a) B s o i T IR H A G 2y LA
BEE Y E R DG, B T R G BB 19 MRA-CCA-Thres JL T 1% A 2 B HR d WR 75 . oAt W b 7 1 76 4% Fh
M P R RS PE TR REAT R 22 TR FL IR Y NSR=2 I, 3 T FD Y 7 515 25 /0 T 3 T 53 46 0 14
i o WES(b) Frzn , fr AR A 5G9 B 4 AU A EEG 16 s #4814 FD {H , MRA-CCA-FD i J¥
TR EEG W 30, 55 5 & TE delta Al theta 3B (IR T 7 Hz) o AE N XS LG, 1 J MRA-CCA-OD % R R
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R, B T AR e 4 T S, U A 2 R DR 2 MR R AR G B3 4 [ R BT S B A IR R 9 B
B ARG DN B4 3 D7 VR LA F D R(ELAY 5 %, SR A TR 1 R H R S Y R o
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M
2
1k
e 8 4 2 1
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(a) RRMSE values of four methods in different NSR conditions
P 5 [ s 5 I
T -l
§ 3 -10 g Ej; 10+
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—— Clean EEG —— Containminated EEG MRA-CCA-Thres—— MRA-CCA-FD MRA-CCA-OD
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