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Figure 1 (Color online) Valence-arousal dimensional emotion model

% (anger) AP (disgust), HoAt 25 #8 T LU Hy e A 2 20 Gt g (2. 44 AL AL DU B T S v s
T 4623 (BRI 5y U — MRBESE (valence-arousal, VA) F/NERE Bl B8t — WAl — fR3AE (valence-
arousal-dominance, VAD) 3 NESE 4 HFixd-F VA B W LL VAD BERIFE 72 . SN RN 28 72
PR A T AR 1) PP T S 155 4 PR o B R LS8 A N RE TS s il X M 4. 248 PR S0 Mo 8 5y
ghmup A bR A), 1 1 RO VA BEBRIRE Y% RARFIIEDT 3 R e RS 28

TR « 1= R LSRR BAE 5 #RT DA Dyt 48 ) i el SR, e b A LS 5 5k DA
thk, BEERMEEE B MAAERE SRS EEaORFEUT 6 2 (1) BEER, (EHE .
7 B O R AR 7 AR B RIS 4 (2) 15 5 oRER, Il I RAEB R A T )
HI AP A FIAE 5 (3) A5 5 TRALRE, ¥ (50 FH DB 25 B A AN Oh3dk; (4) RPAEAREX, X5 524728, M
it 55 HARME S R BHRFE; (5) FINLAS 5% > QU 70 R EEEATIE 25 702K, (6) LABIR S TE s 1t
WHIEIR. Horb ) FHESRIBUR 2R E N — 0, Rl 515 % B S RHESR &, A TR & E 207
FAR PR ER .

TEMXHL (electroencephalogram, EEG). ‘0»HL (electrocardiogram, ECG)+ JLH (electromyography,
EMG) M BRI E (skin temperature, SKT) &A= HUE 5, A HIK ig U0 15 28 B #AE R 8 . oA,
BRI RIS, I RAF R T 72 %0 O fiw s il s Sk e AR IAE 5, 2 — @ FE R B R BRI
B R HES). BRI R X 2 5 A R A AN RS 30, #1043t (frontal lobe) 5 B4k, =il
K, Wi (temporal lobe) 5 A 137 556 5 20 FIEUE B RO ALEE . W5 AT 56 5, Tt (parietal lobe)
52 R E G BB G AR EREH4 OC, FErE (occipital lobe) T 5454 ¢ (7).

A B G T e 17 25 R 0l P 0 PR AAE, APy A L I AR 23 TR ek 4 ST TR AR AE R S
%, UK STEZ LR, /£ SEED, DREAMER 1 CAS-THU 3 MAFFHIMGH — B HHE -
PR AT AL T % 2R FARFAE X 23 AN [ 80 BRI BE T, FEX5 ARG AT AT 8 58 07 [ HEAT R 3. AR SCH 423
N 3CES N5 AN, S 1 ONEIE, B 2 A4 E R AT R R R T 15 S VR R R,
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55 3 WU SERR, PRI LU SRFIEAE 3 M dR EIX 7 R I BE 7T, 26 4 IR ARRIIBT LT 1,
55 5 PN ST A

2 AREFENEXSHERZE

TERE RN, EEG A& R RHIE £ 250 A1 (time domain) FF{E. MK (frequency domain) #¥F
i B3, (time-frequency domain) FHIE 3 8. 5 REFI i IX IR AS ARV 1T DL S BLis 2645 2., 72 )k
(space domain) RFEH K BLIZHT ] TR BIIE 2. AR RS0, A, IS A L (Al 4 A4
i 15 4 V) )i PR

2.1 BHE4HE

KB B4 LA S 2R 5 BEG (55, MU IE i B0 50 15, R ZAHE: FAHCH
hi BS540 E. BEE. ThR . JIIEZ 0. Hjorth ZEUFE . RFaE SR 5 TR 4E 5

10 FEL B A AR — T ISR A AT S T 15 5 AT R, 19 BB HUT A, BATLE, H s(n) RomE:
ANH EEE n CRFESEIN EEG (551, n=1,2,..., N, N R KA

2.1.1 EHMEXHBEA

FAFA AL (event related potential, ERP) &8 H1 25 SR 14 51 A& 09106 Fo L R % 3, A e
PHTIN T i #8157 [ B %) i e, v P 3 s i S A B, K 240 ERP MR FE /DN, TR Lh il o B 22 B R A T
FIBEUR I EEG [°FI{E 1 ERP P

ERP HIEBE R (8] 2840 2 I B A AN R RFSE (] $RME AR P s 0, BRI @ 5 AN 3 AN J7 ThI R A
& BRI (latency). #R1E (amplitude). IEFMYE (polarity). Bl 2 /&7E 0 ms B & A RIRIEEHF 5] &
f¥] ERP B R

(1) T AR IR R Rz J2 A2 52 R R e AR e S PR S AR B () 88 o A R S 2 281 g 0 T e ) P s
K. WEARIA S B35 B 1IN T TG 98, 0 TR A TS AR ek

(2) PROEA L — WA I — IR e iy Ml & 777 2, S R ORG FR) D% A P v I, 9 a5 A 1K 2 L A7
PEFRIBAT RN, ERP B4RME 2389 i 0101,

(3) MMk HR I IE M B R 9% 3l (positive) Fl P KR, itk (negative) i N FRow (11,

ERP ()87 — FBOBAE P b iy 2R &R, — ARSI, fln P300 o s A IE PR35, H IR
J24 300 ms Ao 3 BlOUAREE B 100 A, BRI K ES 1 A R E ORS8N, 2B 3 A
B PIERS N P3. ERP B B AR IEUE A2 8 7 FI46r B 100 5, BTCAZE 1 Fhar 44 07 4 (1)
P300 S50 T35 2 F7 U Ps.

TENEZE 7T, AR ERP B0sr 5 200 5% 12150 ki ih ¥ P100 7872 A= T4 A% 17 26 B 4
e KT AR AR A g ) iR I 116170, P300 AR IATE 500 ms DAL () B2 248 AT (slow cortical potential,
SCP) BRI ERP 7y 15 el [ A7 5% 10:18~201 (g T P300 FI B SE ay 5, HFCHRMEFITE AR 200
FHEREIEEEFE, i P300 NMEFREGUEI 7k £ 1) ERP &4 M. Nieuwenhuis %5 21 [
FLFR I, P300 7E IR I 4 T # L i MRS IR B J2 35

ERP [ 73 #e2anim, & H T i B E L W A0 fid ot 055 A I 8 IS O, 0 an B R R AR
PRBNEE, MAEH TIESIEEIE K. SN KRG, 1528 1 fil & SARMERR € Fl4z ], bl ERP #E DA
N FHALE R 48 1 ST 5 R RS i v 1221,
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Figure 2 (Color online) ERP pattern stimulated by event at 0 ms

2.1.2 E54%it=

SOV{OO 700 Time (ms)

LS 5l G AR AT BT EEG {55, EATME 8515, H AT PSS AR A 2L

R R3], SEIE g, BRHEZE 0p, — B 22 2 4EXNHE BF I {H

;| N1
05 = N_1 2 |s(n+ 1) = s(n)],
W 2 HE A I A
;| N-2
Vs = N o |s(n +2) = s(n)|,
n=1
B 224 (RN — K B2 ) mT i B o LA 5 1 AR RL A (260
-
Os
FH— 4B =B 243
5 s
s — o,

2.1.3 {2

(1)

KN B2 T R AR FE M EEG HOARIE, 25T S W BE R RSN, 15 5 I RE R AE LRI e

JEH~ETT, B
N
E, = Z |s(n)|%.
n=1
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2.1.4 IR
DA ] e B bR DURAR RS 21 27, 7R B A Re B AN DR BT ROTE, AR 2.2 NTEEAT
LR

1 Y )
Py = N; |s(n)|*. (6)

2.1.5 Hjorth S¥U4HE
Hjorth € X 715 S7ERHE L Hjorth S EUSAE 28], Activity 7515 515 8 10 (s 25 R 2 -

N

Activity = % Z(s(n) — 1s)?, (7)
n=1
Mobility 1 f4 FE (148 1k
Mobility = 121;((2/ ((:)))), (8)
Complexity & — MR _LH 2 /D /MNFRAERI (slope):
.. Mobility(s'(n))
Complexity = Wy(s(n))’ 9)

H, pe RoRE5TIME, s (n) Rom— - SEL, var RoRT7 2.

2.1.6 EMEESH

Petrantonakis 2 29 & H &M il 247 (higher order crossings, HOC) HI777%, FI{E 58 % 55
RECR SAE 5 IR G, ¥ EEG 781 s(n) 4 8RN 0 KIFH Z(n), n=1,2,..., N, ¥1%7F
FIERE M A EE ISR A, B RN IEEER Y, k=1,2,..., M:

k
L2} = Y- = e (17 20— 1), (10)

Jj=1

FRYE L {Z(n)} W _AEFH

1, Lig{Z(n)} >0,
X (k) = k=1,2,....M, n=1,2,...,N, (11)
0, Li{Z(n)} <0,

X (k) RS AR EL BRI HOC {4

N
HOC), = Y (Xn(k) — Xpn_1(k))*. (12)

n=2

H1T EEG fEAFTEE T IR G CRRE AR, 535D 3 A, HOC AT BLE S HRALE 5 iR
i 081y 5T HRMIE RIS TN B B RIEAR EE, (8] HOC W BASEAF X 358 1 19Tk i) 6 FieA
Ar%% [29].
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2.1.7 TREHEY
AFaEFaEL (non-stationary index, NSI) i & Jm i T 35 {EL I 4] (128 4k, 261, 4445 50 i n B0t
R BRI, NST 58 SUNIX n APIME MFRAEZE . NST KRR R P BB K. Hausdorff 45 B0
RIAEAN R 73 FI B, 1520 NS BRI
2.1.8 YUK
S TEHUERL (fractal dimension, FD) A FRE RIS 5 I AR FREE. Seveik J7ik B 43 EATRAE
3l (fractal Brownian motion) B2, 1 %% (box-counting) (33!, Higuchi %% B4 #w] Fkit & FD, i
Higuchi HiERIRCRE LT 22 (FRZEE TS BEG A 4EEUFE FD, FI R 100k 8E
SFH s(n), n=1,2,...,N BEE5H {s(m),s(m+k),...,s(m~+ 2] - k)}, K, m=1,... k2
GRS IR, o AEINE] PR R EREAS m HUE B, 4
N_1 (%%
H, (k) = Eempe > lstm+ik) — s(m+ (i — 1)k)|. (13)
k i=1

H H (k) FoR Hp (k) BF5ME, BCFD, N

]

_log H(k)

FD, = .
log k

2.2 STUSAFE

T R IRIE OV SR 5 5 AR A B, BT DN T AT oA 1990, 1 ol SR AR IR el -5 A 4
TSR, 2 5B il 2 5 N R OBESIECR %) B9 1) 5 NFAIEL 6, 0, o, B, v, AT
THARHE.

3 A 4 BLIH- A8 4 (Fourier transfer, FT) #EATI — S, K5 5 BOL 2 E 10 IS KA R
b, F— A R A (W) RORET R BRI, 5 R R R T AR A AR L RS S S BT

H T RERH EEG (55 BT s(n), SEBRIGAE F 248 FH B BUE Bt A8 37 (discrete Fourier
transfer, DFT), HRAARE R s 8, fvHFHL B8 0 Ab FE A B4R Bl BT EEG 12 5 n] {5401k

N—-1 N—-1
S(k) =DFT[s(n)] = Y s(m)WiF = > s(n)e IF)m*, (15)

n=0 n=0
Hrh b FRMEASTFS, k=0,1,...,N — 1. it Wy = e 15 RBHAERE. ARTTEH, 54 S(k)
TE N — 1 IREEINEM N RIEiz &, BAFHI DFT I8H G2 N(N — 1) REZUINER N2 X
PO (AR (fast Fourier transfer, FFT) WHKER] — E&E (Cooley-Tukey) &, FIH Wy )
FIRAE Wk = wRmeN Rt EReE Wit = Wk f% DFT i8S IESHE SRS MR, 0 1 Gk
N DRGNS T AREE A, 5 2 HEMT RS T ARSI, DAUEHE, i B 3
Fin, B BRI Aa s, w22 V0 A R BUE AR N, 2655 hRvER) W RoR 5 AH B 1 BUE A T

#i4n
51(0) = s(0) + WOs(4), s1(1) = 5(0) — Ws(4).

M EATE W, Bont & — DN REBCRMPADNEHOINERME. W T N DR, K log N R, 87 T A
76, A FFT HyEHHRE Y log N KIRF Nlog N Ik, B N 8K, FFT [0 5% BT,
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s(0) 5,(0) 5,(0) S(0)
% % we WO we

s(4) s,(1) s,(1) S(1)
. I/I 70 ,/I/l I/L,’]

s(2) 5,(2) 5.(2) S(2)
we _pr w?

5(6) X 5,3) 5,(3) &)

—W -w?
s(1) 5,(4) 5,(4) S(4)
/0
L IVH 7”/0
s(5) X 5,05 5,(5) S(5)
— [/[/1’ W’: o ”/1
s(3) 5,(6) 5,(6) S(6)
,/Vll "
_wr —W
! Z z ‘ 57
s(7) o 5,(7) ) 5,(7) e (7)

3 (MERFE) N =8 Ffi FFT i+ HEIREE
Figure 3 (Color online) FFT calculation when N =8

B IR D IRALFE 5 15 2 A B o i, £33 5 N T 6 (1~4 Hz), 0 (4~8 Hz), a (8~12 Hz),
B (13~30 Hz), v (31~45 Hz), fEAN AL, SAE 10 S uE A TLAR 242 1 22 7. EEG BIAN A S B 5 AN
FIEVBURES A G § WE LR IRFPRESE K, W HILTIRE TS MR, 0 35 A X, flng
A AR A FE AR . s, 415 ARG 20T, Bih 28 B 0 W ThF i as B8 o 2 ML T
NI A B UUIRES, U b o IS RR P AT S Bl 28 (R R R4 39400 g 3 S5 R B RS
il A 2 798 R NS B A O, FERT X IR B3, TR MUEZE 1 1641420 I R o
TEERIL R REE AR BUE B ¢ U3~ P AE G RV IR I 2678 B FH ~ I BUA AL HRZ 15X, (H
HAE o BBMIRY e &5 i 146

YRS G, A AIFREL N2 | DA B . FARARORIRI AL . TG R M oy
RSEERE.
2.2.1 IhZE

DhZEAE I 3 7200 (6) Fros. Sk b, nlidd Thaa il FE AR g AR 2. did
K BEANIBRN 3 NE TASTHE, VRS TSI IME A7 255, A, B B o 3
BUPP Y Th 2R 2 B AT DLRAE I 3B (v WOR A, v T 45 iR st 7t 22,
2.2.2 INFLZE

DB (power spectral density, PSD) 1815 5 [ D2 M A2 (1A A A% I, v o B Bk sl a) B2
PRCER

BIEE. HEROREAENE . Welch 1ES 2 M4 Ul 1%, ML BoKBURIESE IR
PR THE. @IS A EE G K, S5 9PV EER, &0 P 2, ARG T %]
PRAEAE = 0 43 3 2 1.
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(1) FIHAEE (periodogram). DI iEEEE H DFT JEMEMURRE 77 B UL EEG J7 41K A3 2.
T DFT BRI, Thaal oA fa e, Sovr A 1. AN R 3 0 BE 27 AR AN IR ) R ST s, TIevs
13 BRSO AhE, SOC&7 X TE]_E S B R S E Ay D Al A

(2) Welch . 7EJ& I B SE Al _EANN I 8AE. S8 70 B T 7B, TN IIE S S E K
BOHFIEAT I, S5 72257 X TR _E P2, DARRAG A S B i e sh AR L

(3) FRME. I—H BAAHK RS CAE S P FIAESE, B8 A ISR B LA 7 BEAL I B oK
FEI, CABTHUR B D 208 AR 0 C 0 5 2 D 2l B0 E. i T ZORBENLVEBOR, BRI R B oK, ARk
R

(4) KRR TE MG T, WARER /N T Z RS THE. MG S @ — e, REFTHRE S AREA
FARIRZRAT G777 Z ). 58— ADHEE T —A Gauss FIWR A VE 5N, TSR 25 A5 = 1
RALIRAEAE, SRR i KR, 515 5 R —MlEE 9, Ik b s S, Wi H s EE 5 &
Ti ZR T AR, BONZAE S DA A

[B)¥%5E. H4E4N — 4R (Wiener-Khinchin) 72 3 A] &1, 15 5 1 Dh 208 %5 B AT ol 3845 5 (1) E AE G
BRSO L AR R4 B FR Dy [a] 452025

BRI ARG, RIS E KRB, HEAZ BN RS E TR AME . il T EEGHREAE
NFFAE.

2.2.3 FEfEX (%) RS

E— NI G T2 N, EEG 15 SR — B b D3 1 PR T s wk Jy S AH % 5] 22
¥, (event related synchronization, ERS); #H %, Th&R KPR AN FLFAHIE L FZ1L (event related desyn-
chronization, ERD) U7l "G A THE R AN B S5, R BEAESIUA b 480 He i gy RSP0 5 A Be LS 3. — ik
NJy ERS Hl ERD 5 KIN#4 e B i RS A o0, SRR it ge & & n3e s, 74 ERS, W
PER BN BEE PG, 4 ERD. 2 n KA S B3R FRHIE ERDS,, N

A, — R,
Forp, A, RORIES n ARFE R LIThE, R FORTEZREE SURT G — B X ) L f~F- 35 Ty 2 1481,

B b,y BB L ERS 1 ERD RRIE AT X 40 IE ARG 46 490 =2 IR IE 26T, St 22 i 0 9%
B B ERS FHIERRRRE, WAL, A0 ERS FRAEHE B35 W Mg g b e vt 2
SR, 0 WELH ERS Al ERD HFAELEFEAN A5 0 v [X A 58 i I 2 1491,

ERDS,, =

x 100, (16)

2.2.4 SMig

T (higher order spectrum, HOS) FHEIEH 7 2 HEXGE (bispectrum) XU T3 (bicoher-
ence). MiERAE T =AM H AR, o] HRENE 0B ARG, BIUEE 5 518 5
RAFEEAER, P2 A BRI B o A 2280, 5 ThA 185 BEAH LG, RGE R IR s AR A5 S, ot
TIEN

Bis(f1, f2) = E[F(f1) - F(f2) - F*(f1 + f2)], (17)
Hrh, fi, fo BAMES S BRER, F(f) fREE M8, Elx] AHE, « FRILPEEH. SUH T3 2
XU 5 — A X Bis(fu, £

BB ) = R P P ) 1
Hrp, P(f) = E[F(f)F*(f)] /&ThZEiE. Bis 5 Bic & H MRS TF 77 #T LAE N =B i R AE (22,
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2.2.5 WO

M5 (differential entropy, DE) /27 (Shannon) 15 5J# — >, p(z) log(p(z)) fEIELLALE 1)
eI

b
DE = — / p(z) log(p(x))dz, (19)

o, p(z) FoRESAE BB E B RBL, [a,b) Rom(E BBV AL X — B a2 K B I Ui A
Gauss 731 N(p, 07) (f) EEG, HRO iy (46-20):

DE t/+d) L L5 ) da = Liog(ameo?) (20)
=— e i log | ——=e ; x=—-lo eoy),
e 2707 8\ Vono? 2 %8

ST HLAE R e ABE I I R R 6] 2 (51,

Zheng %5 401 FEIRHIENE. RGN 3 BB LS IG, TH DE (B VFRIEIRTF IR 5 HER 2
e T HARRFAE.
2.3 FSUmAFIE

e L P A 48 A FH S B2 BN, B SRR A e 70, HICEEEN AR RS 5 & I 40 5 R
W2, B LGN T e 5 ARe 45 G (0 I AT, 18 R 2 R A o I TR R, % A B E S el
R, o AR i A AT ) — A ARUBURR AL, T 20 IR ) T AT A AN [R] I B, T[] B R BUAE 5 1) I 3R 33
SR, IRE AT EAS S I BERE 77, AT RELNS T 46 T A AR i TR) 521, 36 A 6 e L v
AF ¥ (short-time Fourier transform, STFT). /NE A (wavelet transform, WT) FlI/NB AR (wavelet
packet transform, WPT) 8% Hilbert-Huang J5 £ KEAT I Ml (5 5 A8 .

2.3.1 EAHEREMTHR
STFT w42 mxt e /s TP etk B3 (KA % R w(n — t) THEE NG5 1 E B A8

X(n,w) = [ T wln— ) f(Be L, (21)

PR L T R B IS B R SR Ry H LI B RO =AU DT Gauss BRESE, 38 E BRIMEH]
Gauss PREYL, LB STFT AR Gabor .

PR I B S R T, S0 ORI B OO F BRI, SEOT A B2, K 3 3
SR TR, W PR 2. H A& iR A 78 b ORI B R K 2N 1~ 2 5 19:54.95],

2.3.2 /NETTHR

FHT STET [P 7] B 4 B R0 AT B i j i, L JG 32 5] B 78 I SR AU R A5 5 0 R, g N/
PR, FEAWFIEARR: EE/NFE AR (continuous wavelet transform, CWT) 1B H /N A5 4

(discrete wavelet transform, DWT) 6],

SN, SRR/ B () BT AT, FLICIS B A 129w < oo, TS 7 AT/
BERRBAE R A 30 o B RRAS N LA A S S 7, 30, o, € R, a > 0. MU HUR

e o
o) = o (7). (22)
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WABHEON o M1 r H/NEEREL. - RN — 0. ASHTESIUAR, FOVES/ N, A5
O RERE RIS, oM B RN AR e
2.3.3 JNEETH

NGRS T 53 ARSI S AN 53, RO RIS 43, 3 32 AR AT 5 4049 1 =y AR 4
i e 22, RRMTE R, Gl WPT, 5RAE 5 73 N ARAURT S 300 25, {H P840 R 2= 4%
LI, AR b R B(E B RT BIE s b e, Btk /gt Ae e n] DLR I SE 5 M5 5 204, 12y
Bk 58
2.3.4 Hilbert-Huang iZ

Hilbert-Huang & —FAELE 1 IS SRR IE SR B v, 5 STFT ML, Mg/ THmae /1
o (22991 A A I AR i (empirical mode decomposition, EMD) 5321 [ 5 #2455 %L (intrinsic
mode functions, IMFs) SKREMEE EEG 155 X (¢), RILMH b DNEA B RE:

k
X(t) = IMF;(t) + r(t), (23)

Hort, r(t) FRRIAN BRI, FXEA IMF (1) 55 Hilbert 488, BT (5 5 7 4RI
A(t) FBRIHREAL 0,(t) FFAE, BREHHR f(1) = o2 9% MJSUS Bl 3w

k
X(t) = Ai(t)el?m ] f10ar, (24)
=1

W AT AN EEG 1% R B AR e B AUEUE , FESEICAAT FTA MR, 1 anTh = . D
FERIPIME S el 5. BRI A, thm] MR i ] & S B B AR 0 e

E an
REban 4= % (25)
Energytotal
ARSI 0] F b 1 e
Entropy = — Z REband log REband, (26)
band

HH, Energypana R~ 5N 5 NG S EREAE FHIRER, Energyior JITZI [8] % P BT A AEL e
2 1400,
2.4 F[EIE4FAE

i B4 5K B A AN BRI B E A R B T R, Gnwy iR, 24 k= AR BEG 55 51
LN O TR S8 BRI A AR | S AT AR AR 1 4 T LA A2 N [X 3 160~63] . R (T i
EEG )75 [AI8URHIE, 32 200 2 S R AR A F A 4H & P AT
2.4.1 ZE5HE

SeHE A FE A b SRR, P A e [ A (A AR (common spatial patterns, CSP) AT v 523 [a]
ghify, THE UL

HEZTEIRR. CSP #H T 40 2K, MRS 5 @ B ARE, B rHREIR B 2 (R 2, PR
RAF T MR EK, R332 X 5 FE = REAE 16465 DL R 2% F Rl A 5 A 1961,
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i n B EEG {55 70 NIEVERIAPERAN 2K, BEBUE 5 #8 RN NIEIEE x RAFE RN EUIAERE I
3, BRI 28 TR 5 75 ZRERE 2 G A1R3] S f S, I TRMEE i ST +2- = UDUT,
U RAHEF B, D AR A AR, W EACEERN P = vD-1UT, e s S Kb
ST =pxtPT = BABY,
S =P P'=1-8"=DB(I-AB".
TARHER AR, BRMEEIMACA 1. T FORBAFRE, B FRORRHE R BERERE, A RORRHIEAE AL
XFFFERE, A4

(27)

BTPYx+tPT'B =BTSTB = A,

B'PY PTB=B"S"B=1-A.
Rk, FRIECEAERE W = BYP IR MT & w; Bl — N2 B8NS, B IEERR w; £
AT DAAR B PR EOR ) 2. T W R IR g 3 ) s ) AR X (061,

Koelstra %5 [05] ZEXU (valence) MefJE (arousal) F1E % (like/dislike) 3 T I, 437 LA 4G PSD
A CSP AEANFHIE, A HE M AL (support vector machine, SVM) AT 7398, CSP 15 21 73 S 1T %
=51 PSD.

HE= RS, BT A RN RS 578 S B E I S B AN, R S0 2 H.
ZE SRR, NRIE R AR, RTERKETFNHEE CSP FIMEBL. N T YIX — A, Novi 45 167) $2 1
TP B AL R S A (sub-band common spatial pattern, SBCSP), FZ&: T8 ELIH-[¥] Gabor JEUK #3414
15590 AN RIS, 724 By B4R CSP HFAE, ) LDA 3% B 2t £ 0 3 R BORIAH B ) CSP KR
fiE, B¢ Ja R8s Xt CSP FRIEREAT 7325, SBCSP AT LASEI H 21 % H AR 1R 75 vEAf 2.

Ang 55 58] E—2P0udk T SBCSP Hik, $2 T JE B AR 4L [ 2 (] #5 5K (filter bank common spatial
pattern, FBCSP), H.5 SBCSP X HITE T ZEM AL VI LS K (Chebyshev) JEU #5 2HA1E 8% A8,
SR 7 IR (infinite impulse response) YK #3418 1 JE L I AHFS ; FERFAEE SRR 73 2 rbr, W] 2 A8 B
A RN 8 de Sk, BT a1

2.4.2 HRAEE

THE H A SRR RS, SE0) & FARAS 5 T SRR I 3, At s SRR A A B R AE, PR
T AR A BN, 3E— 20 THFARAE. RO AL S 7 SR R R FNASKS BRI A, X H 07 24 T
JEXFRFNE AR, A TET LR, L 32 § NeuroScan Quik-cap i BLIE F AR B AH. Z kST
i 2 NSH WA 30 A RFFE AR, WK 4 iR,

ERLMIEXTFR. LArbIa] (2K 0 R A0 R, F4 24 DNHRZA A XTRR, ATAR 5] 12 XF B, SRtk
FRIR B FI ELR BN B ARG, Wt bR iR P B[R 3. A L 0% A st e i) e ke, R ONAH
JRE P A A E R

(28)

L = {FP1,F3,FC3,C3,CP3,P3,01,F7,FT7,T7, TP7,P7},
R = {FP2,F4,FC4, C4,CP4, P4, 02, F8, FT8, T8, TP8, P8}.
(1) ANXFFRZE JAIFRTE . AXFRZ (differential asymmetry, DASM) FIASTFRFE (rational asymme-
try, RASM) 7353 2. % FR R AR b AR AIE 14 22 23 A LA [69)
DASM =Feature(X ) — Feature(Xg),

(29)
RASM =Feature(X)/Feature(Xp),
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Figure 4 (Color online) 30 sampling electrodes of 32-channel NeuroScan Quik-cap

B R RIS, RIZE A RAAE K 22 R AR, EALFRCA A0 7 22 4 18

Feature(X ) — Feature(XRg)
Feature(X 1) + Feature(Xg)’

Index = (30)

Horb, Xp M X g 23 AR E A M R A ZIH) BEG (5%, Feature(X) FRTEE S X _EIRIUW
)J*F%?HE
(2) ZYEEA A5 B Sakata 25 70 2 H T 2 4EE A RS E (multidimensional dlrected information,
MDI), [ B A FEA™ AR 1) At P A PO A5 B B, 36 0 8 e A P RO S TRV B 115 5L 5. MIDT P 3%
FET 1] AR % B RIS 5 B R 4 & i R AR X & (71, ﬁﬁ’mﬂﬂﬁ/\@*}iik%ﬁ N 1) EEG 5%
RN 0 B BN @ Ay FEE

X =2 p Th1TkThy1 - Tppnr = X ap XM,
Y = Yhp Yo 1Ykt Yhrnr = Yy Y M
AW T AR BN

I(X;Y) =Y I YMXPY Pye) + 1 (s XMIXPY P2y) + I yn XTYP). (31)
k

BIERIEXIFR. DUE 4 sl B e (A R 4 s ki, JOF & 58 OZ Fidle, R4 24 A AT Xt
PR, AR 12 XF b, R EOLARIRI AT B B A, 202k Itk FE. ] F SI2 P o
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R0t e (R BT AR, P A P I 3 LR
F = {FP1,FP2,F7,F3,FZ, F4,F8,FT7,FC3, FCZ,FC4, FT8},
P ={01,02,P7,P3,PZ, P4, P8, TP7,CP3, CPZ, CP4, TP8}.

DCAU (differential caudality) 7] AR SRR T 5 B b AR FR 4 146

Feature(Xfontal)

DCAU = .
Feature(Xposterior)

3 FEIRRHHEN T HERASROTN

N T MR O 5 25 RN S5 R TTaR, A $E 3 MR SEED, DREAMER A1 CAS-
THU, 115 RBFIEAE, KRB 2R 05 /38T (sparse linear discriminant analysis, SLDA) 72 &£ 4F1E
R EAE T BRI

T LU, AU I AU AR J5T AT A2 I (5 5 AR e AU, H 3 T AR RS AL (T PSD,
o R4 AH IR (HIN AUz I B BRI 05 5, &8 B RS S, W55 T 1548 1500 S,
MASEE X EEG R 8] & DASE U SRR, AT RS 5 AU AE .

3.1 HUEEENA
3.1.1 SEED

SEED 4/ & 146,691 |y |- 223l K 2% kA, IR 4 min 2647 BAAE HLSE v BOB R IR . PN
FUERAN Y 3 RS 4%, {41 62 S 1 BESI NeuroScan RUK4E 15 LR (7 4 Bk, 8 &4 &tk FidT7
PE N 23.27, FRUEZE R 2.37) HIMKFREHE, SREEEN 1000 Hz. B AHREA BN R 3 R SL5,
WWE 15 BrHs B, BIE 45 MR, X BEG F5 T FEEHE: 5 T REEE 200 Hz, ZBRIR
BRI R 75 A 0.3 ~ 50 Hz FOHFEIEN A%, T SEIUAEIER, KN 1 s EARESN
hanning & JEAT 4 IHE B AR 38150 5 AMIEL § (1~3 Hz), 6 (4~7 Hz), a (8~13 Hz), 8 (14~30 Hz),
~ (31~50 Hz).

3.1.2 DREAMER

DREAMER %45 )% (73] University of the West of Scotland KA, PEAEA N 5 B R R i
FERIF I FE L (VP4r, FE9E 01T 2 AH RLIE 28 16 1 77 PR BOMe A | PR BE B IK. s 3k 18 B, KA
65 ~ 393 s 2 [A] 7374 szig (i ] 14 S Emotiv EPOC &R4E, K& 23 L#0R (14 4 Bk, 9 4 &tk
WS EIIE N 26.6, PrilEZERN 2.7) WA HLRSIT I FELRDC R, SRAEZRN 128 Hz, BIINEBE 5 i
JE I 60 s, 3 MATLAB ¥35 Ff) EEGLAB T B 7] k. HEEN 25 HAEES 1s 1)
8] B HEAT 46 I LR e, FREE 50N 0 (4~7 Hz), a (8~13 Hz), § (14~30 Hz) 3 PMEL.

3.1.3 CAS-THU

CAS-THU # g 76) dy vy (5 B2 5 OB 0T 598 H R SR A ) (T 16 Br ARl ik 8 i
BIEE S, BAERRSE . EOS AR 3 MOEMERSSE, DO, MR BURCRIEG 4 Bl 25 LR R R
A. A 14 F Emotiv EPOC RFUKAE 30 4 BV (FEI-FIIMEN 23, W2y 1.73) I HL %L
. PUALBEIS 6183 1 ~ 45 Hz B EsSs, HASIRSr 7304 (independent component analysis,
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ICA) 1 MATLAB #5¢ F i) EEGLAB LHRA ) R T4, 5 DREAMER AH[F, RAKREE 25
HAATES 1 s IR AE M STFT, #E5%0H8 5 M § (1~4 Hz), 0 (4~8 Hz), o (8~12 Hz),
(13~30 Hz), v (31~45 Hz) [70].

g bR, 3 MR A E BRI EE, Kb SEED M CAS-THU &L & IEME. FEmfitk
3 A, DREAMER WA & IEEAI G SRR, BT DAAS 25 I 46 B 2 Rp AL /6 4 i 8 i B AR .

3.2 4HERE

T ERP, ERS 1 ERD 3 WU AH OC I RFE 75 22 2 B BHE g K, T AR S 36 80305 e 1) LA
FRERRG S, R A LR 5. IR SRS T, AR 3 MRFIE. J34h, CSP @i T —
AR, B A% DREAMER #(¥8 FETHE CSP FHIE. 23 b, ARSCSRIRAE 3 AN R F L[R5
REE LA

(1) W3 P AR . —BrZ o A — e —Br 220 s H—Lr =i %7 Hjorth
FHIE (activity, mobility, complexity). fe& . D& mFid F 504 AR E 4840, Higuchi 73 TE4E4L.

(2) BB, THEE L B A,

(3) 2 [, DASM. RASM. AXf PR R % DCAU. Z4EEAFEE.

X RN A% MR IR S 8] 5 BN STFT. 5 ZHER R, fETHHE &I HOS %
fERS, FAEH MATLAB i) HOSA TR A, 17 ZESR UK A RAERT, A2 H -1 4R 40t
¥ PSD HHE.

R LI T 3 N EIRE LA AR YR, FERIFNE, BIRER A 251, B 28 RHIERT
e “Z 4 RHEME.

3.3 HEHFEEERRE

4 nxp WHERE X FRHEHUN EEG FHIE, n RS, B— TR E T —2K8h. J8 T3 5 2K
PIREAR AR Cj, BB ny; p NFFIE4ERL, BIER 1 BJa —ATH0 “at” 4880, B0 psprp = 2423. 45
PEHI BT (linear discriminant analysis, LDA) M Fisher 245075 i BE T340 0wl &, {F28 1077
ZERAXNT N 5 22 s KA, B

max,, {w; Zpw;} (33)

WRE wfS,w =1. K 5, = Z§=1 gy SR T EZHBE, B, = %Z;;l 5 > e, (T — pj) (@i —
i)t RN T ZERRE, 1y = o Biec;z RH j RNIIMEINE, #C; —H j KIFALEL

HZ, P Ik RRAE A BCE T LI ECR I, ReAE 28 N B 07 Z2 56 R 2R 19 B — . A N MBI LDA
(sparse LDA, SLDA) 721 ¥ 1y 1300868 340 591 1) B2t DA 5 20 5K, AR R A ] A8

maxw,{wlTwal = A|wi]l1}, (34)

b wl (S + Qup = 1, Q 2 DIEEERE. ZEEZA k-1 NP UR, ME2H E-1 DA
e 72 LIRS T7 MUk 7y 1k SRARA. ik, AR p 4ERAIE TR & — 1 45, B AU
B ow; RO RURFIEX ) 5. & W = S0 |, W W ARFE (AL,

FEASEE T, FATH MATLAB L) SpaSM T H A1 78] 523 SLDA Sk, i F BRIA S B AORIE S
FAEAN RS B LG — 1. SRR R O — iR B, ), S8R s A0,
KR A s DTEE, BTHRAE Mg 1 FUOth i s — 1 AT EREREA
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%1 KIEYHIE SEED, DREAMER, CAS-THU 3 MR _EHI4E%
Table 1 Feature dimensions on SEED, DREAMER and CAS-THU

Domain Feature SEED DREAMER CAS-THU
Mean 62 14 14
Standard deviation 62 14 14
1-order difference 62 14 14
Normalized 1-order difference 62 14 14
2-order difference 62 14 14
Normalized 2-order difference 62 14 14
Time Hjorth-activity 62 14 14
Hjorth-mobility 62 14 14
Hjorth-complexity 62 14 14
Energy 62 14 14
Power 62 14 14
HOC 310 70 70
NSI 62 14 14
FD 62 14 14
PSD 310 42 70
Time-frequency HOS 248 56 56
DE 310 42 70
DASM 135 21 35
RASM 135 21 35
Space Index 27 7 7
DCAU 115 6 10
MDI 27 7 7
CSp - 9 -
Total 2423 463 542

SLDA &k, iHEME W;; £ s I EBREREHH T, FitHe U Er «E TR, «EERE
B e R

ENXL (EERE) EHSEICE p 48, Kb m, EHEPTA 4ERE IR 2%, WZAFAE ) B B R
FEE A

mi
Di '

B, HE 1 ATHL, pspep = 2423, Hb 310 FIRIIRIEEE (PSD), & = = 10, WSEME
HEFE AT 2423 x 10% ~ 242 HIHIRFE, # 242 ZIHHF 100 FIkE PSD, M| PSD HHE ) & E R EAE
dio = 3% ~ 0.32. x (BN, AT DL eREAIE A 25 275

3.4 ZERoHMITE

e B AL = = 10,30, 50 705l TH R E ERR L IRHEY; SETHE 2 N elia il 3 S Ee L ATHEE
AT 10 ALARFAE. 752 RN /2, CSP N DREAMER &0 1REIE, MAS S5HEA. R4 R
R 2 Pow. ATE MR I — 220« B Z 5 Hjorth FFAE, AL ARG SE Fia $ 1 5 2R % fi i,

dy = (35)
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=2 x 93 10, 30, 50 it, EEIEEEE SEED, DREAMER, CAS-THU #fj 2 48k 3 MNELEH#E

Bl 10 fIAIFHIESES!

Table 2 Features whose importance values are of top 10 on 2 or 3 datasets of SEED, DREAMER and CAS-THU when

z =10, 30 or 50

T Domain 2 datasets 3 datasets
Normalized 1-order difference 1-order difference
Normalized 2-order difference 2-order difference
Time Hjorth-activity Hjorth-complexity
10 NSI Hjorth-mobility
FD
Space DASM -
RASM
Normalized 1-order difference 1-order difference
Normalized 2-order difference 2-order difference
Time Hjorth-mobility Hjorth-complexity
% HOC NSI
FD
Space DASM -
Normalized 1-order difference
Normalized 2-order difference 1-order difference
Time Hjorth-complexity 2-order difference
%0 Hjorth-mobility NSI
FD
Time-frequency DE -

HWRA— I — 250 A—4 M =B 25y, CAR o TE4EE AR 5o #, =5 (a1 (1 DASM
T RASM A BT R I. B SRR RN 1R 20 3 8 77 5 T BT A58 R 2 (7] 4.

XfF CSP 4HME, 24 o HL 10 B, HEZEREZH/E DREAMER i 23 JREFEHIIEE 16 7; 24 o
B30 I, HEESE 5 f7; o B 50 NHFEFESS 2 A, U68 CSP fE 13 I ] ARt R AE XA, (HERAE
REJIFEATEH.

AR LA _E 25 B nT S, I 3BRRAE 0] 1% 46 25U 1R 20 R D0 ik, DRI OE J5 SRAH DGR A, i A o5 R
TN SRFAE RARALAE 26 R R BEAMEFT B B SR AE Y, SRR AR =, R R 2 — 76T,
AN A B 122 R R R0 OB 1 W B P RT e AT S AN R IE TR S S W 350 i, L2 AR IE TR IS 45 1 5m 2
FEEERT AN, RV A 0 1) 4 24 2 52 B W 8L 32 D 5

4 XARRIIERIRE

ASTEHG SR N AR AT 52 R AN 7 T8, 412 H T 1 7 28 VR R i R R BE— 2B F TR AT AT B .

4.1 SEBRELA

B AN HRAE T R A 25 S AR RS EE AR AL R, A D S BN S PR AT FU R BRI, 1%
J2E i A2 BAR 3K
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(1) RAMITRIHBSFRNIFLELE. FHLHET R — AL sl 5E R, AL Rl ss & 107 E
SEBRAE, WA RE RS, FIa R Bl & RUEE, A7 SR P AR RS 5 B R
ZNASE AN AT G MR e AR 2 R (801,

(2) BRTHEASMXUER. BT UUERIZESR, BUA E MR B T R E L,
DAL 2 ST 0 e L N R o 4 2 LA A K P 2 .

(3) HEEZHIEMBEE LA KA. IERA REHEN BT NFET TV, B 2D
FTRAZ O 10 AR PR B R m e JREL T OB, AL HEL W W R, E.
SN FH B 2 R SR (0 A1 B, AR A 2 LT Al s 28 S s 2 ARG 46 B T3 Kk AR AT 9
VE ], Rt S A B SRS e I MR R . (0 A I 46 P I IEMEIS S R 2R, IE UG LA R A
FEARBCEAT, AR T1E 28 AL SRS, TRl 0 H 5 et P2 e ot B 26 (1 LR 1 48 T S R e

(4) REHFRRUAM B A S ISHIR AN, NS EHRERRIBA AR 5 2 (o i (I . 7 5
RSG5 P2 A MR, 1EREEN) EEG 155 B H IR B IE 28 % 1 i 1) 5 .

4.2 IR

(1) NEERXXAEIFMBIHESBEERANERXR. T EEG F 5L RN 2 #
R IR FE IR L. B A R W T R, R TS 2 R B S S AR BRI, XERRAE A
T ARSI ER R R, A RHE S A BRIV, IR DB R 2 2
WE WAL S 28 0GR, KA B T RS 48 7 AL OB, JETT B0 5515 48 5H 5% A I FRURRAIE,
PACTR AR

(2) ZARTNBEGBIRK S SN E. WG DT 2 A4 Bl Rr A 55 IS T RIS 3 2 18]
RI5C &R, W FURARAE 58 TS5 I AR RE, AT RN 9 AN K, (2 TR R« AR ] — Bk
G <l gs A2 N, 3K — I3 VA T B AT R AE AR L A A DR 70 A T R AR RO e 2 i 2, A5 A1) 3R BCE
TR IR R 17 i IS4

(3) REFIFE. IEERMIIRE S ] (deep learning) 777K FH 43 IR 45K, Sk I 2% 18] (1 Ry
MR BB 2 8], AT 20038, 5 N A& ARFAEAR L, R FH i B e = >0 1 FR) AL B8 g
SRR Y P AEAS BT 182 0 IRARFAE U AR i R, i v 17 4 130 1) B AR i 1

5 RBE

TE AR ANMLAE B A ) B R, R 28 M FE 5 a0 B A DTS 70 /5 2R
i 0 S FH R 5, B FRLAS 0 B AR 4 VR ) AU R R O R R B AR B R AR . S 5 TR BRI S 4 DG Bk
B X 00 FE R AR AE A B T8 04 i R 175 46 VR ) HEf 6.

AR SC R SR I ) 175 281 ) RO FEREAIE, MR I . A3 IR ATl A 25 (] 35k 4 AN J7 TR T RHIE 1 e S
HHEFEMSGEE R, R4 0F TEMZEAM E £ SEED, DREAMER M CAS-THU 3 NAJFFH
i — B LG EIRAE b, XA SRR AE B [X 43 B JTIEAT VRAL AN LU, FF @ B R SR nTAT B 5T 07 A1, R
T2t — it e S At LK.
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A review of EEG features for emotion recognition
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Abstract Emotion recognition is an important research topic in the human-machine interaction field, and it can
be applied to medicine, education, psychology, military, and other areas. Electroencephalogram (EEG) signals are
mostly used among various indices of emotion recognition. High accuracy of emotion classifiers can be achieved by
extracting the most relevant and discriminant features of emotion states. This study surveys EEG features that
are extensively used in current emotion recognition studies by introducing EEG features from the following four
viewpoints: time domain, frequency domain, time—frequency domain, and space domain. An SLDA algorithm
is imported to three public EEG-emotion datasets (SEED, DREAMER, and CAS-THU) to evaluate feature
capabilities that distinguish emotion valence. Existing problems and future investigations are also discussed in
this paper.

Keywords emotion recognition, electroencephalograms, feature extraction, feature selection, valence
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