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FAERRUE SR, RIAS A F B R AR B R i FLAE 5 7T B2 ok E RIARE) 2 MBFEIRE SEH 4R, X
T, G 3 5P e ) A o FEE A DG 101 PR P 3 U FRURFAGE [) W e A2 AE R AR AN U AR5
B TSR A TR B AR AT O R R A SR AR i FRLARFAE. X8 TU AR AR B s R A i A7 A T B A
A3 A 30055 10 R, AN T A6 45 ) 5 (1 17 SR AT 55 A8 451 4 R HE 61,

PRLIk, A T i i 15 R AT v, SRR 228 980 BN T ve R i FRUARFALE 20 BT 2 Al OGBEEI). RRAE
P LR BRI 2 RHERTH R B TUARAE B BB A TS S BRIE . OR B A A0 ) I RAE T4, 2
T R AIG 27 ST AR T BRI TR RS | SR THSRL A 43 2R A0 171 MR 152 2D 3R IO OR R, HH A0l LR ALE a2 455
THERI A ML =26 1 3EaR (filter) 530 (wrapper) AR A (embedded) . i 38 57k 1) &
s L BR R RRE I £ D PRI ST T2 ST S A el B, B SR AR RRAE HEAT 07108 J5 PRI 0 R 2 Fhad i
FURFERE 75 1254832 I T i F 23 2R AE 55 o, 140 22 R RFEAL R (ReeliefF) « AHIK R #X (correlation
coeffificient, CC) ), f/NTUARHEAM K (minimum redundancy maximum relevance, mRMR) 19 &5 33k
PE AT By R BOF B AR . (B2, B TRHIE 7 BO 8 R AR 25 2 [ ) Ge v e b it
AR, XA 507 A 570 R R IR e, B pE 07 iR AR A AE LASRAS 0
SRIRHIET AR L. B RTNE P RHEEF P BRI AL T2 3128 BA TR 2% 2] 38 1 0 RRIUE AV
Pt >R385 L SRAE M A RFAE -4 DU DL i, 2 X S 8 22 QBRI e 3% (correlation-based
feature selection, CFS) 21 FligtfE ik (genetic algorithm, GA) 131, T Z 7k S 2 e1rit
S R FEAT AR A ) AT AN T 7E SR 82 FH )

AR, RN TRy — OB SR IS A H 5 P T I P R AR e . RN ST V2R AR 18 450 R
A FAE Y oy D BRA S 3 —> H AR R, % H AR e BT DL I 787025 FERFAE X 73 AT 5 1
KPR RAEPE R AORFAE 74 U4 eAh, H5EEXTTEM L, #7128 5 RRA B HLAFE 1 4%
RITEAE B RN X ONE TGS T R BRI B A (A . dRe /s e [l Ay d i O
RN R IE L PR TH AR A (15,161 L B 7E 4R A8 07 FR 22 i MU PG AR RE 171 24T, Mk T
B/ 3R m] A RN 37 VA8 T Pkt A R 0 ) FELARFALE, 9 A0 B R RFIE 16 3 T 7% (robust feature
selection, RFS) 15, 2 7 LR B 38 2 (A 25 #0045 5., fe/N 3R [R1 A W] LA 29 R IR A2 R E D81, S8R/
IR AAHLL, TEAZ B VA B dkE G T R 1 B (16171,

RN, ASCHE S —Fh T IEAZ R A AR AE DAL 3 B 4 N 2 5 SRR E e 35 77 ¥2: (feature selec-
tion with orthogonal regression, FSOR). 5 HLA KN HLFFIE LR LA, 2T IEAZ A/ FSOR 7
RS ARG T8 1) (IEAZ7E10)) TR B S 2 B R B AE F 15 5, @ T e I m e A A 17 SRR A8 1] 5%
AR, eAh, AT H RTEE TR s IR AN 300575, FSOR J7V2 B M 4 AL B AR W SR AE A DY
ity Ao P RRAE 0 175 R A 2% (1 L, M T2 4 5 17 TR R G 1) S B i FRURFALE..

N T oMt FSOR J7 VAAE I B A% BRF e BT 55 ORI, FRATREE T MUAHS K 1) 20 1 1 fi L 17 %
Hdl, JK FSOR 5 B IE BRI ReliefF, CC, mRMR, RFS X 4 Fii FH R E IR B 77 VAT T 1L
B SERG S RIAIE T FSOR J7iABENS i th 5 15 IR0 S A FURF AL, A KPR AR FELAFAE 4 5, e 2% 4R
THE RN ZR. A, @ gt — 2T FSOR 7 FrHkade il ot RRAE, FRATIR I b Lo SRR AR AE 2 Fi
53] 3 60 AR JERARFALE . 122 R I g A SR r 155 R FE S BRI 5 B2 (L7 ) JEL B

2 BT IEREYVIAFFFAEIN A AT RN e B RAFAE IR T 5 0%

B g AU B AT S A A ) E L AR AR B R B IR R T REOR. L, R
A noxon EALRERE; 1, Ronay 1 WAlEE, B 1, = (1,..., )T e R, WEREME M,
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Frobenius G2 XN | M ||p = /Tr (MTM).
2.1 FSOR &8ty
1EAZ BRI S B HibE W InPLIERZ LR WIW = I, BN 3[R AT, 40 B s:

atmin WX b ~Y|. (1)

16 SR TEAS AR A L, AT A AL AERE ©, # H 36T TE 28 [ VA RRFAE DN (1 0
W, I FH T b B A BT 45, 3R (2) A& FSOR SEIkM) H bRk AL o B AR B 9 7 S MUK
i S A R MO TR IR RS, B T R

min_|[WTOX + b1} - Y|;
W.b,©

s SEWIW=1I, 6"1,=1, 6 >0, (2)

H X e R I EERFRE, Y e RF> YIHEARAERE, W e ROF NIEZ HIHFE. WTW =
I SR IEAZRIHZAR, © € R T AERE, 0 A FARERE © XMk FoomaAkmslng, H o7, =
1(0=0). 0 FLRBRGMFEMINE, BMMCEBHRKTET 0o AWM 1. b NRZER R, T
FEIZIRT. 23K (2) 1, d, n ATk 9 BIRIREFAERL . FEAE LK B 4L
X (2) FHISE b RImFIEZ, WF s
I(|WTex + b1l —Y|%)

- —0. (3)

AR (3) KA, b HIFEN
b= % (Y1, -w'exi,). (4)
T (4) b M AR (2) 3 (2) MR R R R
min W OXH YH|, st W'W=1I, 6"1,=1,6>0, (5)
;H\:EFI’ H = In - %lnlnT

i b, K (2) AIfEifo st (5) MR, BIASCRTHR H AR e B 4k )5 1) H bk 3. 78 EX (5)
XY fH Z2CHE, W M @ 2RAE.
2.2 MUEE

HiERAEI (5) I B ARRE LRI AE, PRk, A Bl 8 R AR AT kM. B2 1
B, BIEE @ 3R W, FSOR ByE R T Nie 25 191 78 2017 AT H T R IEARE (generalized
power iteration method, GPI) ByER TR, 7E58 2 20, B2 W 3K @ 1, FSOR &yl 38 Fikk
BH H 3’ 17% (augmented Lagrangian multiplier algorithm, ALM) ByEZE TR, TP BAA N4 FSOR
CRERI)
221 BlEOXRW

fElEE @ 25, X (5) it Fr e

min  Tr (W'AW —2W"'B), (6)
WTw=I,
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Hit, A=OXHXTOT c R4 fil B=O@XHYT € RI¥*,

A (6) &AL Stiefel A XA (quadratic problem on the Stiefel manifold, QPSM) [29],
Nie 542 th ) GPT FIA T LA A QPSM [Wdl, H GPT FARSSIGE BT 75 AR, (AL,

AAEH GPT Bkl (6) MALAL TR L. GPT SR T 2 ERAR % 1 pos.

% 1 The generalized power iteration method

Require: The symmetric matrix A € R¥*? and matrix B € R3*F,
Ensure: The matrix W € R4x%,

: Initialize the random W and the parameter o such that A= aly — A € R9%4 is a positive definite matrix.

1
2: repeat

3:  Update M by M = 2AW + 2B;

4: Calculate USV'T = M via the compact singular value decomposition method on M;
5 Update W by W =UV'T,

6

: until convergence.

i b GPI &k, niHE S (6) HIEASHIRE W
222 EEW X6
fEEE W 2 A, 3 (5) i iET a5
min [Tt (OXHXTOWWT) - Tr 20XHY "W")]
(]

st. Wrw =1, 6'1,=1, 6 > 0.

2 (7) Arecs n A
. T
min [07 [(XHX")" o (WWT)| 0 67s]
s.t. WTW = Ik, 0T1d = ]., 0 Z 0.

min  0TQO —6Ts,
6T1,=1,0>0

Q= (XHTX")o (WWT),
s =diag(2XHY™WT).

3 (7) BVEAL S (9). FELE, ASCEHT ALM SEX 30 (9) #EATIRAKRAR. ALM Skl 4t H AR

0 A3 A 2 T T L, A SRR A RO D A 1 2122
X (9) NI TR
min 0TQo —6"s.
0T1,=1,v>0,v=0

A (10) IFASEAH (Lagrange) &1 F Fros:

1 2
L(0,v,11,8:,6) = 0TQO — 0Ts + g He ERSNLY §
I

F

2
1
+ B (0T1d 1+ 52) st v >0,
2 1%
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Hrp, v f1 6y BRI, p Bk B H T
HEE v 1, 3K (12) N
Lo T
min 50 E6—-0"f, (12)
Hrp
E=2 I 1417,
Q+pdy+ plgly (13)
f=pv+plyg—021q—61+s,
A[e 0 =E1f.
FIE, A 5E 0 i, 3K (12) S
1 2
min v — (9 + M61> , (14)
A v RN
v = pos (é + /1161) , (15)

Horp, BREL pos (¢) MUTHEERUW AT : 35 ¢ Sy b, MFERRAUEIRDY 0; 45 ¢ J9IRfE, W AUE R E
gl i, 20 (9) KISRMEE IR 2 Fos. FSOR Sk BRI IR 3 fs.

S8

H% 2 Algorithm to solve (11)

Require: p > 1, Hizé(lgigd),vzﬂ, 02 =0,u>0, 61:(0,0,.A.,O)T€Rd><1.

Ensure: 6.
1: repeat
2 Update E by E =2Q + pulq + plgll;
3 Update f by f = pv + plyg —d21y — 81 + s;
4: Update @ by 8 = E~1f;
5: Update v by v = pos(0 + %61);
6 Update 1 by 61 = 81 + p (0 — v);
7 Update 82 by 82 = d2 + p (0T14 — 1);
8:  Update p by p = pu;
9: until convergence.

E’% 3 EEG emotional feature selection with orthogonal regression

Require: The EEG data matrix X € R4X™, the emotional label matrix Y € RF*",

Ensure: The regression matrix W € R%**_ the diagonal matrix @ € R4x?,
1: Initialize @ € R4 satisfying 6T1, = 1, where 8 > 0, H = I,, — %lnlnT.
2: repeat
3: Update W via Algorithm 1;
4 Update © via Algorithm 2;
5

: until convergence.
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*1 BRFXEZNEDER

Table 1 Detailed information about emotion-induced films

Order Film Emotional state Clips
1 Goodbye Mr. Loser Positive 1
2 The Mermaid Positive 1
3 City of Rock Positive 1
4 The Eagle Shooting Heroes Positive 1
5 Aftershock Negative 2
6 Dearest Negative 1
7 I Belonged to You Negative 1
8 Mount Tai Neutral 3
9 World Heritage In China Neutral 1

3 SKEIRIHTSHIERSE

3.1 LINEE&

ASEIGAEHSEE EGI RGCREM HEHE. Z AR5 FEH Net Amps400 B AS « Mac Pro 2£1d
AL . HydroCel Geodesic Sensor Net 128 FHIHIE . Net Station SREE/;Hr A K. L5 EH Net
Station AF R AL IR E W A5 5. ik RFESIEE N 250 Hz.

S R BB TBCR A Psychopy . Psychopy #f44& 2003 4 F 4% [E 3 T K% (Uni-
versity of Nottingham) ) Jonathan 5 & f)— 3% T Python 15 5 IO B2 LI BAF. 2SRRI
AR TBOMA i PR 7D % Eﬂ?fﬁﬁﬁ%qjﬁfé%ﬂilf%ﬁ%ﬂ IS R BLEAT VARG 4T 23, LA
AT SRV E, Bl vl LLE I SRR RO R RAIC KPR

3.2 #WiAERIBRIFEMRIER

ARG HITVE KA AC B et i 2l B S Ie Z 5HT%® 7 BmmiEFEEH. %
K2 5k E A 16 N, W 8 LM 8 L/, FFRAE 18~25 L 2], HAITF, KR AR
HEW A 25 R HIBRE AR AT L, SCh Al ORFFE 25 10, 8 G 253, DU st
H T A S A R A BORE R SR E AT . i BRI /N R ), Bl Sk B & A 58 cm,
HA vt

ARSI e IR E RO I 75 SR AR 78 EEG SIS R SRIBE, Jl i ik 4 i i O & A
[FIRBA B LS B, 5 sl A TS 8 OIS BOIRZS. ey, R 5 v B Dy SE 367 A B RO B
i AN AL S, A P . A LE AR — A R B SRR AT DA S R il 1 ROIR
& RIBRP R R SCHRFZ T BRI BRI SCHURS T R s B ORI TP, AR5 IR AP R R

HISY), 3EBTAR T 20 A0 B 9 T Bt S REUR OB R R A B, SRS T 15 AR
FEAS TSR Boar AT 7 VP4l SR A A s ORI 1 4 MURIER R A B BATIR &
T 12 4> 3~5 min (SRS BUEOVRIBA R, 120 TR e WA 3 A EEOIRS. A
SEYGPITIEEL R 12 S i B BAR(E RNk 1 s,
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Hint | Watching Feedback
| |
5s 3~5 min HEk
Trial 1 fre— oo —_— Trialn > . ——p|  Trial 12

1 (MEhMFE) ETREESHIFRIAANEBASIDRIE

Figure 1 (Color online) The overall experimental process of EEG-based emotion recognition

3.3 SLIGRIE

TR AT, PR T 5 s PR, 5 s 45 a3 i AU OA TS, BN s i FE
FRPARF AR IONE 12 MK 3~5 min MR B, MR BUNREBUZ T AT, FE0E B
PR B, W AR B 4 20 I AE 135 R B0 2 (valence) s AU (arousal)\ #51#il  (dominance)
3 ANYERE AT VAN AT 20, BAYEFEEE 1~0 47, ARER TR 5. EREEIA R SLI0H, N 7 R AT R gk b
FRIGZ  fa s, BATER — B RUGE, #ol#F bS8k, 25 iplE R E 1 min, A
AR TE T — S0 ITRR BT R B B @ BON AR PIRES . AN LI AE KA SR 2 h. BEARSLLS
WREWE 1 fiR.

4 EEG $HERH

NT BRI R, A 10-20 EFRArAEFEL, M 128 SHECHHRE FPL, FP2, F3, F4, FZ,
F7, F8, P3, P4, T7, T8, P7, P8, O1, 02, OZ, PZ, C3, C4 3t 19 NEAGHATHI 7T, B 2%, 8 IS %540
T 2B FEC S b ) AR B 8. S T AL B 56 R R FRL N, FRA 1A A B R — A BT Bl
SRAEE I RS 5 M E AR 1 — MR, R 16 MR A 12 M B il R AN S 192
(16x12). FRZEMIFRIC F ZARYE G 250 B RIPAE R IFT 18 0L, R Valence 4ERE, B4 il 3E 1%
JBORZS NFE . R A% 3 Fin

PR, X IR T AL B i %) Ao H AR AT IR b R AR SR L. A RIS S SR FR AL
MOZE PRI AL FE: Soih AU IE (M 72 W V&), Hjorth 40 (HahtE. Bahit. E4¢), 3
A (Alpha. Betas Theta) PIAREFE (ZEX 15 D05 MXTE DI . BRI E IR FOdiE),
Beta/Theta A7 (48X ThE L. FRATTIE XS 23 (B AL BAHXT ARG 5 2 Al (F4-F3, C4-C3, P4-P3, 02-01,
FP2-FP1) {5 S#EL T Alpha B (A FRVERT Beta S50 AR KT FRIE PISRASE. ), X FAb S (1
0 L AR B 4 FhARLR RS SRR E . ARLR B ) F A E AR . CO 4 . &K (Shannon) .
] IR B I (Kolmogorov) i 4 Fi.

g b, AT 19 SFEME SRS S0 MIRECT 20 KREMERHE, DA AL BAEXFRA 5 41
BRI 10 (5x2) MAKIFREFIE, 3531 390 (19%20+10) MEMERFAE. 19 AN HEAREE S BAS 5 % L R 495
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e 4 RHFESEIT 76 (19x4) . SIL 466 (390-+76) MR UL A T 175 AR BURE 7.

FRAE SCRR 23], AHEFT 5 HIE FHBEALAR AR (random forest, RF). SZHF[AI B AL (support vector ma-
chines, SVM) fl K 4 (K-nearest neighbors, KNN) 1E N 1E B4 24, BIHF &8 MATLAB. H i,
BEALARAR 73 28 B ER U B BTG DY 10:10:100, #5535 70 FRUERA 2 BT f RE R UVE N RE 73 2648
R B, K fr A0 K @ E R 2:1:20, 5 P30 FAER R e M K {E1EN KNN 4
PR (R B ARV

5 SBRERSTE

554 T BRI R AR T R S SIS BOE A A M IRRIE. O T i S BRI A 5T
0 FLRRAIE, ] ARG 2 ST AT 45 AR, 5T W i 50 () 15 B 0 o T B2 e AT R I 3, BB
AHTAFIEZ 5 PN GR2E 2T 8% 0TF5 HIRF AR B 7 70 nT A R AN 5 0K B ERRAE, HAE R854 o) 3k A8
e 5 1 2 2] P g

AHIE TR i FEAAE 5 7925 ReliefF, CC, mRMR, RFS 5 FSOR Jiikib47 % b, 2007 L J LA
JH ki R AR I 348 438 7 V2 G FEL S BRI T SR AT 25 IO MR R 22 . AR FEBE LB IE 11 A4l i i e
BARAE RIIGREE, M54 5 ASealaE i s B 7 e, RIS 10 R, R A FRE4EE T
1B P UERA . S T B UERRAE B 7 VAR I A BN BITE 55 Bz A, ARHIE TR A ik
(1) 12 MR RAE RIS B A SRR, DUE AT FSOR FU bU 75 A8 B P 7 264 T i Fi 175 Jak
FRIEIE PRI

5.1 FEXEES AR

Kl 2 JBIRT 5 FRRRAEE R 7 VA A FIRRAE 4R 50T 1 BOR AP K. T FSOR ik
Bhik 12 MFEFIAT 68.6% I B =0 2 dERA 3R, RRAE4E E A8 0 e R A8 12 B 4 1
B e R, HTE X L EEA FRHELE T 20 BRI A i Tz e . R R AT AR
R A~A0 SEHA] 11 BRI 2 SR

WK 2 Fis, MUECT HAh 4 FERAEEEE 75, FSOR 7k fidkit EEG $54E T48E7E 3 Fhor e as i
Iy RUERTEFR bR IR AR R I, b, FSOR fERFELES N 12 B AT LIS 2 68.6% (K15 B4y
FKUEMR (RF 73284%). B 2 M4 REH T FSOR AI LAHIE Bk H Fe DR AE B0 HL I 5 B 7758 10 i R
FEIEFAE, WEH T FSOR J7 V2 07 14 1o FiL 175 JBSARFAIE P D10 B ek A0 P 5 12k

[FIFE A B B 2], ReliefF J7iE BANSAT IR &, (HR R 5 2 BT PR 2w, B4 EdE A
ST, SEIG ORI EIAR. CC HIBRIATE T, REAEAARZE () M 5% R AT RS HE A fE X 20 AT 551
HEPE, mRMR 7] DATE— @8 Fi/ MU BTIEFRE FHEH I TURAE B, S8, mRMR R FH 9125 5 i
RAPAE AR, FEICVELIM AR ITAE/ME. A, ReliefF, CC, mRMR ik )8 Tl 351k
X 3 MO RHIE R B FE 5 o R IS AR e A T 1, XK FEUITIE N EEG FHIETEEA & i
FERFEE RS . 53T /b 3R [EHE) RFS Jrykf b, ST EAZ B E) FSOR Jr ki@t i/ Musl
P s B HLA i 2R 1) B PR S, AefE R S5 R 5 AR E AR AR B I 2R 22, IRERE TSR (IERS 28 [H)
W R B B 22 S5 A AN RIS S, P T AR AL S A R FE R PR 25 () 0 /AL, te4h, RFS X [al A%
FEBEAT MR LI IS, K [ VAR RE A 51 m) B 1Y) 1o JOEUEAVE N RFE IR R38R, SR [l A B i
B, B4 RES B LA IFNTFREEZE M. 5 RFS f7EAF, FSOR FEAX IEACHE W HE4TH#5
BALLIAR, A2 R FH B ) — NMRFEALE A B @ SRVPAN AN IEE Z . R R BEAS R 1E A
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0.70 —_——— 0.70
@ m ®)
5 0.65( 1, 06
g L g
] e 5
g A—F—g= f 1| 5 osof
= 0.60F el 1 =
E A E
E / \ § 0.551
Z 055) - %7 2
E = 050t
% F. /7 ) )
5 os0f A mRMR—F— ReliefF | & - £ - mRMR—f— ReliefF
< ¥ --F-RFS —F—FSOR | z 045 —E--RFS —F— FSOR
-I-cc -f-cCcC
0.45 L L L L L L L L L L 0.40 L L L L L L L L L L
0 4 8 12 16 20 24 28 32 36 40 0 4 8 12 16 20 24 28 32 36 40
The number of selected features The number of selected features

0.50

0.45F - F -mRMR —F—ReliefF |
—-f--RFS —I—FSOR
-f-cc

Average classification accuracy

0.40

0 4 8 1‘2 1‘6 Zb 2;1 2I8 52 36 46
The number of selected features
2 (MERFE) TREREFHELER TS LERE. (a) FEHLARIK; (b) K &IED; (c) RSN

Figure 2 (Color online) Average classification accuracies with different numbers of selected EEG features. (a) RF;
(b) KNN; (c) SVM

FE W RS HER B, AR IE S A E FE W IR AR FE, AT % 1 B DA% B A i F AR X 175 18 2
FATLS W BN, 28, @it FSOR TPk Hi i i FRFAE e A SR AR 1B B S S .
5.2 SNIE A& BUANER 1R BAFE T #T

T TR S A I IR AE OC B FARRAIE, AT T T FSOR J7 3250 4o HLRFAE BT
WCHRHIERLE. 3R 2 JB7R T FSOR FHEESHTVEFT LT 15 M RCRFIER A FR X B HLA BL A, FSOR
JIETHEAT H R E.

2 g5 EIR, 1 FSOR HiEATHIERIRT 15 AN B AR AEI A OATRRRAE. 245 SRR B Hh O i
REFE (frequency at maximum power spectral density) & 55 EAHC EEG FH-E. tLAh, & 2 FH
475 Alpha 15, Theta 154, Beta 19 3 AMIER BO NI O AR, IR G5 LRI HLE 5
ANFIAZE B BR g SR A AW I BB AT AR5 B, X5 B A B T4 mr 2 T i A5 5 p s Bl 3k
. ZRBAE S EE AT TR S5 AR 24, Zheng &5 24 $REL T i FAS R AR BE A48« Th
R P GERAE, R SCHRE [ A LAR B BLAE G VEAG 1 i A [R) A0 BORRE ) 17 8% 2 PR, 5K
B 45 SRR AR A T B — R BURFAE, 22 R BURFIEIE & 23 A A 8 B4 d A AT B AR

HH T FLAE 5 o — PR AR RAE 5, U AT AR T I 33 i A A, AL R ik mf
Bl Fl TR AEAT T P9 d v D BRI AT, BB AT U IR A AR 4 2o~281 SRyt O AR AR AIE
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% 2 FSOR FAFHNERET 15 MHEBEHEEXES
Table 2 The top-15 features ranking by the FSOR method

Order Feature Electrode Weight
1 Frequency at maximum power spectral density of the Theta band Fp2 0.06340
2 Frequency at maximum power spectral density of the Theta band P7 0.04603
3 Frequency at maximum power spectral density of the Beta band P4 0.04466
4 Frequency at maximum power spectral density of the Beta band Fz 0.04444
5 Frequency at maximum power spectral density of the Theta band T8 0.04227
6 Frequency at maximum power spectral density of the Theta band F8 0.04193
7 Frequency at maximum power spectral density of the Theta band Pz 0.04069
8 Frequency at maximum power spectral density of the Alpha band F8 0.03963
9 Frequency at maximum power spectral density of the Theta band C4 0.03667
10 Frequency at maximum power spectral density of the Beta band F3 0.03642
11 Frequency at maximum power spectral density of the Beta band C4 0.03598
12 Frequency at maximum power spectral density of the Theta band P3 0.03494
13 Frequency at maximum power spectral density of the Alpha band F7 0.03484
14 Frequency at maximum power spectral density of the Theta band Fz 0.03331
15 Frequency at maximum power spectral density of the Alpha band Fz 0.02954
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Table 3 Comparison of computational complexity

Method Computational complexity
CC O (dn)
ReliefF O (dn)
mRMR O (dmn)
RFS (@] (d3 +dn?2 +d2n+n3+ dkn)
FSOR O (dkn)
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Figure 3 (Color online) Convergence of the FSOR algorithm
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Abstract The volume conduction effects of the human head result in highly correlated information among most
EEG features. These highly correlated EEG features cannot provide additional useful information for emotion
recognition and may reduce efficiency. This paper proposes a novel EEG emotional feature selection method called
feature selection with orthogonal regression (FSOR) to reduce redundant information and select discriminative
EEG features. Compared to common feature selection approaches, FSOR can utilize orthogonal regression to keep
more discriminative information in the projection subspace for nonlinear and non-stationary EEG signals. To
demonstrate the performance of our approach, we collected multichannel EEG recordings for emotion recognition
and compared FSOR with four classical EEG feature selection approaches. The experimental results confirmed
that the FSOR method outperformed the others in removing redundant features from the original EEG features.
Furthermore, we found that the frequency at maximum power spectral density is the most discriminative EEG
emotional feature. This discovery will inspire future studies on EEG emotional feature extraction.

Keywords electroencephalogram, feature selection, emotion recognition, orthogonal regression, feature weight-
ing
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