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Multiple Feature Extraction Based on Ensemble Empirical Mode

Decomposition for Motor Imagery EEG Recognition Tasks
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Abstract
Recognition result is dependent on the datasets selected, and is not stable. The ensemble empirical mode decomposition

EEG signals are complicated as well as nonlinear and non-stationary, which make them hard to analyze.

(EEMD) as a kind of adaptive signal processing method is used for motor imagery recognition tasks because of its good
decomposition resolution. An efficient EEMD-based feature extraction scheme is presented, which combines the Hilbert
marginal spectrum (MS) and instantaneous energy spectrum (IES) features with window-added EEMD-based approximate
entropy (ApEn) features. The impactful factors of IMF's and frequency bands are selected for the features as well. A linear
discriminant analysis (LDA) classifier is designed for classifyication. The method is tested on nine subjects. The result
shows that the proposed feature combination is competitive in recognition rate with other methods on the same dataset.
The maximal classification accuracy for S2 and S3 can reach 79.60 % and 87.77 %, respectively. The mean accuracy of
nine subjects is 82.74 %. The average recognition rate obtained is superior to other methods on the same datasets.
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visual evoked potential, SSVEP)!0=11  JH rfr—Fif
N E SR BCI RGMH & DAz ABG M Em. A
G By AR il & Bz B s Ak, R
250 1 0 A i A B PR, FELASE 1) 2% A 55 50 A B AR . 11
AT R R FE 2. B, XM RS
ZHUY T2 bR BCL &245 2 213,

iz B A G 02 W] DARE N B dE 6 i —Fh =S
3, N ZEhsE N 56 br S iR g R &
FEAM KB GG S MRS SRS AR
A K £ F 2 B4 (Event-related desynchroniza-
tion, ERD) #1544 X [F# (Event-related syn-
chronization, ERS) L4 K15 Kk K i K )2 H A AR
R Mg e g A Tz, 8~13Hz Y
Mu 8 13 ~ 30 Hz 1% Beta 58t ERD #l4F
L, H AR KNG R 2 i % M 12 2l X 21
X FRAR AL Sz B A 5 25 BCL R G0 ) s SR E AR
.

LA, E NN RS Bt T TR T 23
TG BA PN FHAE R B ¥, Hh 4R E e, A
WL WU A (R UE U A 2 SRR SR O VA I
YU AR 5 A 0 1 e e > 10T s i
I BALHE AP B AR $ (Fast Fourier trans-
form, FFT) SAEAY)ZiE (Power spectral den-
sity, PSD) #5E. {1 [T 24 (Auto regressive,
ARV 5 1 ]I 7 B (Adaptive
auto regressive, AAR) FRAEM); B #5540 B 07 v
T A M RHE B AR e (Short-term Fourier trans-
form, STFT). BT /NEAS e (Wavelet transform,
WT) FI/NJE A48 e (Wavelet package transform,
WPT) RERAFEP | /R A4E - #5725 (Hilbert-
Huang transform, HHT) 2181 23] y&i 7 BCT 4
FEFE I 82 A A e 23 [ 2 (Common spa-
tial pattern, CSP)2 | 5734347 (Independent
component analysis, ICA) ¥k, LN H T
Z B BCT 8256, - BSAR I R 22,
BT ICA FHR i Pl 25 [ 7 vA 2600 280 [ 2 o,
AT T AR A AT A He 882 1 H AR
22 D130y 0 286 06 22 6 i L A5 5 0T 20 AT S5 U T
RE AR BIREY Yuksel 2452 HAYF A THIZ M
SRR 23 TRIE W (0 3R 200 &5 AR N A i LA
S ARG A TR SRR U HE DA — AR i Ab
FEITYE, 43 BN AT B SR [\, TR
IARE.

PR LIRSS f# (Ensemble empirical mode
decomposition, EEMD) 201 i 38 1 28 B 45 75 43 fif
(Empirical mode decomposition, EMD)®27 #2751
BEASTR S R, KI5 B 3 sh 7 S5 540
fife, R i A AR LR AR P ARE S A T AR BE, A G

T/ NBERNE AL 5 f#Jv5, EEMD Ge7e s 4 4t
BP0 3 3R, PRk T S A MR AR AR, A SR
A EEMD 43 i 608 I 5 5 5 2047 4 fil, 1%
1531 1 2 A BE5H 52 BE 7 1Y [ A RS pR BV E 42,
PRI IR (Approximate entropy, ApEn) F#iE,
H-aqE % R A bR (Marginal spectrum, MS)
M RAA R BERT BE 1 (Instantaneous energy spec-
trum, IES) FRAEHE U %, e U0 R 7 AiE
VERHFAE, PAZRM 572548 (Linear discriminant
analysis, LDA) fE2h73 2648, 10X 9 ki 558
TS P AY 2 RROR. e JE i S g 25 2R 5 A A
[ B3R A 1) L Ath SRR A5 21 25 R AT LA, A
¥, ARk BCI &G FRATFT L Pe it I 888
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1 BUEMGE
1.1 ik, SEWTENMBIERE

RIS UE AR SCHE A O E RN e, S
ORIk B =B £ 9 24 AR (S1~89)
B R SRR, B HEBIREE S ST ok
H 5 W EPr BCI K% Dataset 111, 127 280 ik
W B HAE PR 52~ 54 Sk 55 =k E s BCI
K %€ Dataset IIIb $ik4E, S2. S4 &4 1080 ik
R, S3 A E 400 Yk B =4S S5~89 K
H 55 0k = Pr BCIL K #§ Dataset 2b $#i 4, &4
B 720 Wik,

X HLFRATT I B EE A B AR AT I T A
B TR WA G A F 5 G Fa a7 & As il e
1)) 435 3 o 58 iR S B, C3 A C4 JE T i %k
P OB 156 Ty B0 5% ok, I FLAS 5 R AR AR A
125 Hz, 433 0.5~ 30 Hz H @ pe s ab 3, 7+ H WV
T RABEDEDY Kb 50Hz T AN RS, BAYR SLIGRR L)
@4 8s, fE t = 0~2s BRmfriFBbE, FFIHESM
t = 2s PAGTFER, wik S3 ARTE 3s 5 I L3
TR SERZE B ARG, B S2 AT S4 ARG A 5
HEdl ¢ = 3s BB _E T IR WT RNk TE
Ti) B B ) 2 M 55 A ) Basket B H AR (4.
FALH ORI ¢ = 4~ 7's B B N B E R 25
oM. SEIREIRTE WL SCER [28—30].

1.2 HIETmAIE

N TR RS S BE MR B, BT ST A Kot 4k
fH S BEAT T B AL BE AR, B e AR T HUE A
“NaN" fy28 FLEdE ROF BN 0, FEX 58 = 2 4R
HEAT 7 HCORAE (M 250 Hz 3 125 Hz) R R ARALHA
SRIRIE. TR % k) ERD B 4%
ARPIAE Mu 454 Beta 45, HOR A 8 ~ 30 Hz
NP AR 25T TR A, B AT R R AR A3 S
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ZIGRS MRt Wu 229 3] iy —Fh 5 36
WAF S A s, EMD J5yEANF T/ INER /N 722
e, JoTREBE B R L, MRIEEOE B SR, e A
B[] ROBERFAE T XA 55 34T B 2 5 43 . X by
AR St b AT 2/ . {2 EMD 4y
R B AF TR TR B B i MUY S R R, TEXHE 5
S B R R G A AR, R ECR R BE L
A, A LIRS MR 3E P 4%t T EMD 1
AR, TR A — g sl B s o A vk, @ i
N B T W (S S AR AN [T B RS LA 1 2
22 W BN A5 B R 45251, d#E— 20 KRBT
B R T I M P ) S M) A Ry e R 5 2R, T AT AL
HIHBR T EMD A8 R AR S Y i) A, e
FEWT:

1) TEfp AL BRAE S B AN I RIS BRI e s,
NZH kRN g5 5 R AL 5 1A
ZE ) LA

2) JH EMD J7 ¥4 s g 5 A -5 15-21 [
A K E (Intrinsic mode function, IMF) K 4%
ik

3) EA PRSP ER N K, MBS S A
HAMETREZMEE & ST, 58] N X
IMF; & N /50 (IMF;, @ Rn s8] i))Z50)

4) BN w5 EMD J #1525 IMF,
FRBCFIIE, &2458] n )2 IME 2 8RR A
AT REE R

H T R (RN O RHPE, a2 8 O R
ISR I A, 1 e 7 T SR 1 52 W sk 2> TH I, 453
1) IME 2k 5 T 5 615 5, B—)2 IMF a] DAGEAE
HE SR, Hmaans 2 ESRAR
AR, M JUZ MG SRR, Sk, 15
o BEA B B AT A1, T X Tk
PEAE 2 3T EEMD 43 52 Ao SL i
Hr, FAT R Iz S S A K1 Beta Tt 8014 T
IMF, . IMF, 435, Mu 58 £ 2 5M T IMF, K&
IMF; sy, HX B A ZUEZE IME H A8
O i R R B — i T i A E A B LA ]
E I IME i, i & MR 73 7 Al g 2 AR B2 B 1 i
=WraraE s Tizs A X EEG (R 25
B, B R IME 435 50 A ok RO I 2R ik LA 5
TR TATHY, J5 28 RRAE SR U FE 2 Bl 56X L
JZ 5 R T .

1.4 ETFHRAFFTRARSNEFIETREL

Xt IMF {5 53647 o AR A 4R e 2 R B 5 s
WG R ARHIE A RO, BE « 21 IME 4358
(t=1,2,---,n), X IMF &5 572853~
T

yi(t) = %PV /Oo - (™) 4 (1)

-7

Horp, PV @704 e, W HBE—15.5] 2,(¢) BT
N

zi(t) = ¢i(t) + jyi(t) = a;(t)e?® (2)

Hpr, a;(t) REBERIRIE, 0(t) FCRBEIFEAL, AR
FRRS S ) W s AR 22 SR

a6

wilt) = (3)

Zi b, AR S n] ARSI s i) IME Fé AT
EHIEA N

z(t) = Re {i ai(t)ej‘gi(t)} =
Re {i a;(t)e’ “i(t)dt} (4)

AR E
H (w,t) = Re {Z a,'(t)ejf wi(t)dt} (5>
i=1

T ARG 2k SR TE T A SR8k R i 4
AT OL. AR S ) B A B AR A SR A R A
PRV FN A KA R I s BE B, T PR 1 R R AN ) A
iy MR A1, RIS B T 2R AL RE R oAl A
IRAAHR H bR (MS) FBRR e RE (IES) fE X
RN

MS (w) = /0 B (o) dt (6)

TES(1) = / T H (w0, 8) dw (7)

SCH AT A, AN R B GOt T i B i
UL P E B RS AL AR B AP A 22 5, A2 i il
LA B AR TR, DA T ANt 2 B A
AEMTE, FRtde N2 5 e, =2 IMF R
0% THBINIRME AT TIIA. HRAMMEER: X1F
FA L FRE LA 2 Hz B B 231 8 ~ 30 Hz Jiiify
N L AR, SRR A R0 - F 3 R
(ELAE 2% TR BT A X I B R LR AL, U
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Fy = {C3gs, C31aams), C3yists - -
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: vCBMsnv
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1.5 EEMD-ApEn HJ4HE2EY

S RATIEH BT EEMD Jy vk S g
FIFRHE R S5 G A A R AR AT, LR (ApEn)
KB A W AR R A B Iy RRAE. S B S5 )
Pincus $2 B9, 35732 B T4 9015 S 4 FO B
RGP, AU T30 DA R0 SR - M )
S IEURREE TR S B AR, B R
I RDT A R BV, B KB N I E]F
Ik x(i), X (i) R x(i) M) m g a R
X () = {x@),z(i+1), -, x(i+m—1)} (K
1<i< N—m+1), 15 X (i) SHAKERN X ()
(Hj=12- ,N-—m+1,j#1) RHEEN
Horbph RARK TR » B80T N™(0), W
PR E A

ApEn (m,r,N) = &™(r) — &' (r) 9)
N—m+1

" (r)=(N—-m+1)" Z InC™(r) (10)

Hp, Ot (r) = N™ (i) /(N —m+1), KCHHEm =
2, r NIETRFF IR HEZE R 0.2 £, FEUR PAGE T2
4 £ B2 5 SCRHTR) P 2 A 5 2R AR B, B K (7R
BEINEZIE; 2, BN RN A 375 AR
A,

A, FeATF Bl EEMD 3 5 2o (5 2k
o, R A2 IMF VR0 U1 8 R AR A
FAEEE. RATWAER, TR RS2 M RACE AR
HALE — A U BWAE S K AR AL, 1% R (E X
RIRME 55 7 42 2% B o ol i A8 b th BN,
PR PR B T A BE R R M. ARSI, FRATTA R
HH R i 2 1 R BT 8 90 S (LR A, o HEL TR
AT 2 PR IME a2 R 6, HoB BN R

1) Xtfrik IMF a5, KN 1s i3)
(8 125 DEIES) Mt = 0 IZIIF AT s
A B RIS EEE R 0.2, SETKEER 25 A%k
i, C3 1l C4 XGETE I AR 12 S E B

2) AT 12 ANEE B R, AR
FRAE ) &

Zi b, HIRHHE & By TR N

F2 = {C3ApEn1) o
C4ApEn17 e

T CBApEnGv
’ C’4ApEn6} (11)

1.6 BRERFEWESHFHEEE

L Bk BB BOI RS, RIF 2
YE RN — E AR REAR A Hb e 20 9 5[] iy 22 5, L
DAFTERE T R T IRFFAE B TUAR LA, 0 X
PR R B TE B B b RE AR AR B2, DA KA
2 IMF et ity IX (8] 48, X S8R ] j S 80R G
TR AR, S T BRI 2 ) FRATTR S IR 1Y) S 2
fiE, FRSFTREFRARERAE S 25 B, FRATRI THE R
2456 (One-way analysis of variance, ANOVA)
XTEE AN FJZ G IMEs S5 {0 s B A B A0 S i R Ak ik
Tl 2 EEVRAL, HFEGL T p < 0.001 Bior1E R i 4
) S 2 PR A A T A 25
1.7 M0 2

LRNER o288 2 BCT 2400 FH 40 e ik,
TR sr 20y vk — BT8R R A KAk
AN TR 2 [ A H e/ IME SN Ty 22 5K 3R A5 88 ~F- 1, i
5 5 T 6 V- THI A T SRR BE 1 X 40 F, a5 4328
HiY. FEE 2H5mEA#L (Support vector machine,
SVM) Fpp& M 523 254s, LDA AR EUTAT S 4L
B AT 8- 1 B 271 e 4355 ) A, 9 L
e LG 52 R 55 I T RAFIPERE. #uxX
BIATEE M T LDA 432888 R Ik 52 1 i 221
A

2 SCIGZER

52y K5 o) Windows 32 i &2 45, 4GB
17, CPU F i 1.80 GHz, 1} E 4k 45 Mat-
lab R2014a. A 15 F| 5 il v S AR E 1O 45 51, R
T AT A Ty vk, HHEAT 50 U BEHL A SUAS T 55
B P RO ZR A N i S B IR B S5 2R
2.1 4FEHERITLL

T I, X BB A 44 I AT VR S VR AE
Fy, EEMD-ApEn (05 {2 U FFAIE N Fo. AT
60k A A R L 2 % 7 vk e 7 S BE MU LA A RCR,
SRR T PR R AL T 58, — e KB TR E
BEFALRY Fr, o5 — P2 % iE AR A i 1 KRN
Fy+ Fo. SJa iR TAE, AT A il
A RURE R AT 38, B 2 KIERIEZh &
BIBOZHAE By, B UCRHESRIBCH 25 NG By e
ik, ORERE B AP BRDE 2 NP, [ 1 BT A
7] W A A [] IS [R] B3 U R AR Al i 2, Sk
PR B+ By FRIE, BAGORDUFy RRAE, 181 Y
W) ¢ R PA ¢ RSS2 IR T P AY Eicdk B i
aVIES

% 1 BT AFERAALE R A AR AR AN [
BN RAG -3 M i o TR R0 B, dme e RO R
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Fig.1 The classification accuracy curves of nine subjects
F 1 RRB R PR LTI B T A 7405 [P ——
AT P R ik Eas R LR
Table 1  The average and maximal classification TR (%) PR (%) B (%)
accuracy obtained by different features Fi and Fi + F» 6 I3 72.37 92.01 94.38
Fy + F> 78.50 93.09 94.72
L . TR T E B S L B b
Wit e TR BT e B . A 68.37 80,98 81.97
TR (% PR (Y% PR (Y%
A CR) B (%) e (%) i+ F 70.56 79.92 81.28
Fy 68.39 83.85 88.09
S1 F 64.62 77.52 79.23
Fy + F, 73.38 84.23 88.56 S8
- 3 69.60 78.15 79.44 F+F 67.67 7726 79.14
Fy + F 71.14 78.26 79.60 S9 B 6174 7107 72:59
- £ 80.04 86.53 87.77 Bt 5 64.15 70.77 72.59
F) + Fy 81.16 86.29 87.65
s1 i) 64.82 75.33 77.25 . ) e i e b v o
J L BURIECRR I TR A I A L
1 2 - . . N N \ e N N
. o e THANEEBE N A, — Ak R
S5 ' ' ’ 1| 2% BFEE, Baiit M EEk 3T s 2 4
cn e oy mas | BURETIME, RO TERSERREHES

AR LR E. 5 — s s S R 5 TR %
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FaE, Zissh BN TAEM e flm B, AT DAL
A Fy FRAEET G 2 A0 51 % _ETH B T-3S
TR A 0 2 4T

2.2 FfEEMNE ApEn 58FE¥ER ApEn

B 7R T ARRERAE O XS FEZ Ah, FROTIART 1 i
ALLR B8 AN [] SR B 520 SR 64 DX 3. 3k HEL ) ek 1) 29 L
(AU 2 LB — 2 IME [ 9 R0 850 B 3 ok B
WEARE], B s Eny s El. &2 h2 A
(7] 5 X ARl T b A e i e (P B 285 50 IR BEAIL
K2 A6 i S -F- 325 R0 R S b E 221
K2 N ApEn M RIXIE ApEn AR T AR BT

TR % b

Table 2 The comparasion of window-added ApEn

feature and normal ApEn feature on accuracy for

each subjects

et s ApEn (%) IR ApEn (%)
S1 76.14 + 0.99 64.54 + 1.38
S2 74.14 + 0.40 72.86 + 0.61
S3 84.97 + 0.86 81.93 + 0.84
S4 60.02 £+ 0.80 59.03 + 0.42
S5 72.38 + 1.80 7117 £ 1.17
S6 84.58 £+ 0.28 82.58 + 0.46
ST 75.80 + 0.57 80.99 + 0.40
S8 75.00 & 0.57 73.88 + 0.39
S9 67.04 £ 0.47 68.13 £+ 0.47

2.3 SHMEB AL

TE 3 J 05 A (7] B 42 30 AR 3R 1 SCik
SCHR [17] EERR R “B—3 ERAREEA
ESUUF B SRR S (AR B [BHH R /o i
R4 PEIURAIE, SCHR [16] 72 BUIE i FR ik
A b, WA TS EA R T R R4
PES 1 2# R AL, SCRR [18] e it A HHT FRiESE
B datEIH— bR R 45 & AR SEBLEAE R R
fE. ASSCHE B 7k, FE R R B e 2 A B s ) 4
PER PRI, MBS B3 43 B £ BE A 26 M 51 ) 24 R AE
W T B PR B AR, RICREP LR T 2% R AR AiE
DA Ay BERBARMI BT A k. 3% 3 B TXT
ARSI B TR BR AT L. F4h, 4
ST A SRR H Oy AR Yk IE fr BCT 382§
P25 J LR, 250 R H 5a 38 v 4 i il 4 SN 45
LHAE, RERIEMFen AR EAE B (Mutual
Information, MI)B. 4 v BCI 3528 3%, A2
WAL T RIFsa4 ), BHM I ERA .

3 e
R LA 2 LA v P A AP R M v DA

RARZE S, X AFAE A — PR E 1AL BT YA
I LA S ER A ARG A IR B RCR. ARSI
— R, PR T PRET EEMD S R RIS BUA
RN Tz s R A 5 RAE 55 . PSS
MY NBEE L LR ERD B A T, S 51
BER AT S AR NN A, FEXT 9 A4 By 58
B R e AN SO T YRR A R, BUS B ATAE
TR E 4R
%3 W TARGAE WA ERRBIR (%)
Table 3 The maximal classification accuracy (%)

obtained on different subjects

vk s1 s2 s3 S4 T
ik [18] 87.86 / / /
ik [17] 82.14 67.18 6895 77.78 74.01
ik [16] 90.71 73.18 85.53 76.95 81.59

A Fy + Fy 88.56 79.60 87.77 77.25 83.30

F4 AL BOL sudfgkide s iU ) i K EAE BXT
Table 4

(MI) between our work and BCI competition winners’

Comparison of maximal mutual information

methods

PRSI K EAZE (MI)
Schifer and Lemm Morlet /NEAFAE 0.61
Narayanad AR ZhFEi% 0.46
Saffari AAR BT 0.45
Gao BB RE I RHAE 0.44
Sadashivaiah AP AR S5l 0.29
A5k 0.64

T ARIE AT BE AR AR A O 1, FRATT I IR H
T RT A RAA AR e i W B R S BR i IR Ak
FRAE, SCI R R AR TR AR, M
ZARI R R T E 0T gs R, ROTEBA
[7] 0 4 X 3K 1 P i e AR AE 6 PR S () 1) R
WE 2 p R TR S3 FEM S FI R R R SER,
IR T3 Wk st B 135 I 10 AR AR A 17 10, i e
ITHEFHEGIZHN, #Et = 4~5s BIEIEH C3
HHRA R C4 @A & B BE R 1, #1774 F-E
Siznghit, C4 W18 W) 2 PR s A RE A O, 4
# ERD JRH. & 4 F 28 T E S4 ARG Wil
KA EHVERT IMF, 208l brigE, nfoAE H, HAE
8~ 15Hz BB B LA RS EER A, EARTGiE
ZhAE% ) ERD J53, C3 @il HEA R SiEE
43R MAE 15 ~ 30 Hz $i B N5 S FHIERF & ERD
JE R, 5 AT IR GE— RE R RRAE AT, (R B LA
BRI S B U 2SS BA RIS
WA R S, X Bk a0 e B R AE B R
UK, B AP EOERARENR. [RI, FRATTXT 21 PR
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= = = (3 channel
C4 channel
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18F 27N A

TES /(uV)?

1.6
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4 4.2 4.4 4.6 4.8 5
Time /s

@

s = = = (3 channel
’ C4 channel
s 2
=
» 1.8
U_'J r
Y |
16 I’“\ r~’v’\\ l’ \I"’l
Laps M e RN !
4 4.2 4.4 4.6 4.8 5
Time /s

®

Bl 2wl S3 #HT AT GG (a) Fidy FAGGEE) (b) WA FE SR IMF, SFE B e A
Fig.2 The averaging Hilbert instantaneous energy spectrum of IMF» for left (a) and right (b) hand motor imagery over

C3, C4 channels of the training trials from subject S3
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channels of the training trials from subject S4
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Table 5 The time consumption of the method used in
this paper
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