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SCFARB TR, PR B EARHIE, AT U AS R AR ORISR, B bR i 4T BN A . T 5 KA
FEF IR, UL, e LB Bk, Do IUE <. &, 48 B o B ZaME T, U
BV BN FERIET), PLOCR SO A2 SRRy R I B — P2 S 2R, BT
HLS1E BHR A, Her PN g E e TR . M ZARBER . BERIIMA%eESE A
B 77 I TR DR & N e mir 1077 NI, SRR s SRR 51t — M ARE
TR DGR 1) (Y, S Ak, AR EE RN A AU A TR S MR, il =2 B R i 7 T AL &
BEXS NPT AT 1 S BT AN WL B VR BRI TE, DR AT G v S A IR R D A
BT7 5 Bt 1 FRIR SCRE

72 AN, RUESCA AR TE AL AR SRHE T, FELe s WA (B ks . R LT EE)
AT R i A N 2 I AE IR B SE A 24 DAAE R ph 22 o SR AR W, NI Sl S LI (electroen-
cephalogram, EEG) {55 Z [BIfFER B IIAH M. 1 H, HT EEG 55 EA RN 0%, BA
IR 22 A SR It REAH [ R B[] FRUBE, A1 b m DK AR g B e N 1) i e 5 # s v LA A R R A
FHIRHLAL (event related potential, ERP) Bl J& M EEG H R TSR, /24 e HITis & B L E S,
WA Lol 2 A F AR EEG S 53T 138 3R, F DS Bl i A5 oh R i b 28 FL AR
HPPGAZ. ERP WA HLAL, AR TR RS s R At 138 75428, 2000 4F, Jacobsen
S 161 FE NIRRT LREAT T 88— ERP S848, F TRV o SR AT 22 A B 22 56, 65, ERP
BTz T 2 PRI R Am i A, bedn, A BUR SRR BRIk DLAL, 384G 308 7 B 58 X 9 307
PR B AR I T B2 BRI A (78] AR A SC T I AR S I B Al I BRI ST AR B D, SRR Fa TR
R 1 T 2015 SFEIRRIL T ERP 574 o S i if A7 RIBCE. BT B Setiid 1 Sae i F L 4L
&, WK Z 5HEFB NN BGET. RS 5FH AN FAREMIRSE, TR =N
ANERCFI DT TR T I FAE 5 A0 AR 25 TRV RS 2 G 2R i J e ) B B X ARl . AN
HR PRI AR RN IS S, KILEATZE G SA R Z R, AT T
5 5 AT OCHK, AT DL I I A 5 AN SRS R 1) o S 1

SRARKAURAZH 191 FFRE T DU A o S (i U (19 40 28 56 0T 9, (L 32 R A S s 7V 43
W T8 o R A O ph 2L, A R A BIL s 2 2] 7 VR i FR O R 47 40 At A ST 220 2 LR AN 1]
R (1) BT i F O B ) SRR S S AT HOIE . A0 U, il B8 75 AN LA TP 2
P HH A S o o S Ol 47 ) ORI, BB X AA . AN B AR AT et AR B i FRLAS 5 B IR A, Befg
TR 3 DAFIRIEEEE; (2) BER 248 5 I S A A I SR R B HL AR, Xt BT S 3 P ) R A 5 — R
[ A, DAL 5 21 1) A o R 73 2. AR PR e ) j, i S N I B B R AT R IE R . FER 28
T3 RN A S B O R E I B S ELIE SR EURAE, 28 )5 K BT I B RS AIE f] SR b RO D —
FRAE[] &, XMOEIC T A BB E 5 R IER— D45 5, Ml — M E 5 0 Hr 2 A sk 2 )
IORIENE. %07 B T A [FISREBAE B 32 SCINE 70 B vh AR s B ORI st LI W — N2 B IR 5 15,
e R E ST, TROZE . B Ak, 36, 7R TT e H B8 B Ga R . 35 T 2 A RE
II TR BRSBTS FH , A5 ST Xof o LA 5 3R i T 2 W A SRR A S S A2 A Y. JRATT
KA TRIIR B N FELAS - 2 BRAN [R] B R AIE, G rh A AR B0 Al 2 i FLA 5 T B T BRI 7
WA I R RFAE IR FE RS . T AN RSB AT LUE BN R R, 2 Mg i 7 2 M k. b T2 T
A R 5K B A A 20 A T3 12— A Rt RO ARAIE BRAT A U 2 A SR 2R 07 1%, AR SO %07 1 T 2 40
Bfivi fAE 5 28 M. [RIIS HE— R HIK LA 5 2R B ERP, W5 S 5T Sk TSRy LA S
W SR I (AR50 2R, 290 5 A e S fm 0 B fH SC O AR, B e M ERP 290 1 B B A7 H0) 1 ) R
WBEAT AR 1T 732K
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AT F EE TR ELAE =5 T

(1) S T — Pk T AR I AR S A i A2 AR A2 RO AN RIS B i A5 5 2 R
MLARHIE, SR A T A5k E A 75 70 f# (kernelized tensor singular value decomposition, KT-SVD)
INEZAFONEZVWER SR

(2) R 2RI RS 5 TR B 22 A SRR, Bt 1 2 TS B b A SR A SR

(3) HEHN — LB RIBRWG FIE, 2300 7R o S 4 5 i A5 5 FEAR Z TR A SRR E, R B i
HAH A AR

2 MxIfE

2.1 BFHERE

A R 2 BOR R NI LAl O 70 32 B 2 UG B = 4R TR, STk [10] 3@ i A8 T K
AR [ e L 325 X AT MR H 2 2% (0 TH SRS 22 0 B0t e R RO RG I3 2. STk [11] H i TARSR
T T R B B4 3 (pyramid histogram of oriented gradients, PHOG) 3R/ R AE &
F UG, I — e 4 36 S 7t 12 13) SR AR T B IS IR S b SCEk (9] 2B — NI I
PR 15 25 51 RS B S O 4 1) SC 3, AMATTRIE 0 R A AE SR B 0 AN BRI it T ) ERP 1A
AR 3 22 5, R NN DL7 B AR BAT B | F3 2 o 38 40 I

2.2 NHETHY EEG S5

fLGi ) EEG TRATTERT 70 NI &7y RSO 7338, 73 R REAN: SCRFR ML (support vector
machine, SVM) FyEBLZ MR 34T (linear discriminant analysis, LDA) 545, SCHk [14) @it 44
IRZN(E 5 H EEG 83853 1ERE, MM B 2 BN K15 AR IESE. Zheng 45 1) IR 2% ST HOR
KHSLHET BEG /MBS B, 53 SMREA IR L 2 ST HOR BT SR s A R, MBI VAR 2 IR IE
S 2)HET EEG 43K T, SCHR [16,17) MBI N4 (convolutional neural network, CNN) >k
SIS K EEG $dE. Li 55 18] MR AR IO 2 A7 B BRZ RIS R M A 2 B 22 R, e T — A
JH 3 i e, 17 JRR ) ) X BR AR 704 22 R 45,
2.3 KiXEBIEN

T AR 2R B 2 AT AL 15 A48 7 A A 3 = (1 RE B R S RIS Bl AL RIS, Bos 19 3,
BB BGRA o 1 8 BB, X TG 4E (arousal), 24LL B AHEGESE F3/F4 1 FPZ FIAR BT I n]
RAGIT FERAENERE; 1A T RN YE (valence), RIF /I FIRAEMEREM A SR MM F3/F4 M FPZ [ o A
B HIBE D%, Nie &5 1200 S I 515 28 5 (1 150 F PV RRAIE 3 2 ELHE A R PRI OO 4 o 99 BB W PRI e 2
ot s B BN A P e R DA S A AU R S By AIBCH i L PR BE . Wang 45 21 48 %t T 1E )
A2, 552 ook RAIE £ B TR AR AR AN IO ) o A0, TOUHE ARG 1) 3 BB AR e
URIVEY T WO T

ASCRAEF SRR TP TR Kb R0 (EX ABEX Thiik) BB, JFRES IR R EEG
R U AR Z TR R R 7575 W B AL T LNR 2 EEG B FREMTALE ., £
WA BN TT 1% KT-SVD T3k BRI 58 LA - T o S i - 1) ) 06 B 22 A 2R 2R 5120
T TR B SR BREAR B A AT AR 2 18] G R (N — PLah SRR T ik
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OOOOEOOOOO®

1 62 PNERENEEEREE
Figure 1 EEG cap layout for 62 electrodes

3 WIFEREMMALE

3.1 3KEY EEG ¥iIE&E

BATR D7 FARAE R RBOR IR 5 SR ld, SRS 175 ANDUTFAE MR, RN T 35 0 )
B R SUmGF, &3 ki, Seoeyh Rk E 15 4, B0 SILT 5 s, 11
BSLIG R, 175 NERR AN TR R IR, ARSI, Je A B e R R AN E
T AW E T B IETE R U, AR TF AR R, S0 R I A X, LRI TRITE 1300 3]
1500 ms Z [B)A84k. B J5 75 5F e e 7R — ANBCTAE IR, #8482 200 ms, PAYHEE A T T A%
PO I, AR5 AT ) — MNEMAS X, DLEAT R — AN ERER. PUT B SLRE, ZEoR B
TR R E N 12 NFERFAEAERN 12 DNFERF, FR 151 ADNFRRE M. RYEEBR 10-20
R4, RAVERA 62 @i BB Neuroscan 4.5 RZi[FINid% EEG $4l. EEG B IIAG &0
Kl 1 s, fEICSEIE, BT B BT R R IR T 5 kQ, JRIGREEZ A 1000 Hz.

3.2 HuEmALE

HT EEG 15 5 B A M BRARMEME L, Bt U, 5155 0% 1E BRI LA 55 A0 X115 B
JEXT EEG {55 B2 md 55K, il dn, eAE s a8 Esh 5 R FIILHE (electromyogram, EMG) 15
F{G AR IS 2 3 5] AR HL B (electro-oculogram, EOG) {5575 4. KR, B4 KM 0.05~100 Hz [
WIERICK EEG M EOG {55, #Al1d B s D515 HR R Th A8 TH b 6 & IR BRI2 s AL IS 3 51 A2 14
S50, wUA K EEG (55 T RFEE] 500 Hz, VLFERTHE R 1%
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~ re K lizati b ~ B - s,
E [ <> emnclization sunspace Cluster labels m
:k!“ ../L
-2 @
E : : i> ﬁ> ﬁ> [ ant )

EEQG brain signal —> |:| Tensor construction Feature matrix Dislike

el > D GO
FFT Multi-view
features ./ .. s ,, Neutral

(a) (b) (c)

2 (MEMFEE) KT-SVD #R&#E. (a) A 5 MK (6: 1~3 Hz, §: 4~7 Hz, a: 8~13 Hz, §: 14
~30 Hz, v: 31~50 Hz) FiZE EEG #HiE; (b) ETEMAKELN, HITRESFETBDHHNZMABBRTH
F3), BEERNEHER RN, REURUVEER, BT EREPSEHERMMRB AR, BREGEZR AR EHHEER
FIRANER; (c) ETANREIELIE ERP #iE, BERENBAN — HUEHKEAIRET 7555 AP IR BUA AN K BX B R FT AR 4L

Figure 2 (Color online) Overview of the proposed model. (a) EEG’s feature extraction from five frequency bands (4:
1~3 Hz, 0: 4~7 Hz, a: 8~13 Hz, 8: 14~30 Hz, v: 31~50 Hz) for multi-view representation; (b) multi-view self-representation
in the kernel induced feature space and tensor construction by stacking the kernel multi-view self-representation; (c) vi-

sualization of brain correlation map through the input-perturbation correlation method to process the ERP-based feature
matrix and cluster labels

4 FIE

P KA R 2 o, FEAHE 3 N 2AUMER . AT =R Z A 1
B & SR I i B SRR I AT LAk, BARR G, 1 Yeil i PRI AL AR 4 (fast Fourier transform,
FFT) # EEG 15 5283 5 NAFRHE, 735 BGZIECT EEG 155 HRHIE, K315 I8y
BT AFBEB 2 A RN, FOR A KT-SVD S0 220 A s #EAT 0 M B ) — BURHIE B #0R
AR, SR A 2 T15 B 45 RR U AL A AORSAL 8] (RO AR L BEHE R, PR AR ADURE R B T30 SRR Bk
HEBIVUNER. e, R BRI AR AR ERP 55, JF3RIL ERP {55 (UM AR AR RS, 3@ L 45 t i fa
AN — PRBHRERMES I BTS2 5 3 e S fim i et EE AR SR O SC B HA AL 507 .

4.1 ZMARKR

FERS BARME S HAFAEVT 2 F LR THRAIE LR FEAS RIS 28 RAS 2 18138 A (R ) 18] 7 20 RO ARRALE . 3R
fIAE LI L B T RS EURFE (time domain parameters, TDP) A5 DR 4F{E (band power, BP), iX
PIFHRFAEAR 2 2 T EEG A5 BGR b N BV BARAE. FRATTEAE STk [22,23] & X, B %R
FFT ¥R I015 52438 5 DAERIIEL, S8)5 70 IR BCRHE. BI23 5K 6 (1~3 Hz), 6 (4~7 Hz), «
(8~13 Hz), 3 (14~30 Hz) F ~ (31~50 Hz) ] 5 NA[FISEL 42 R RFAEAE A 22 A0 2 11 SR A 240

4.2 KT-SVD

A X = [z 20, 2] e RO RIRE o MUAEHEAERE, HARKE S o DA (5 o D
SEL) (1 EEG 5 5 HFIE, K d RoRFEMRHESI4ERE, n Ron(E 5 150, RIE +-SVD-MSC 24
(t-SVD based multi-view subspace clustering) {51 25 [ R 7m HRE H s2 B 5 R os 1S, R B
ForPE R zW, 2@ . zWV) B fERE A IEARREK 2V Sk 3 ke 2.

H - t-SVD-MSC 5% 3 EH T AL BRZ M7 [a) vh (R s, AN FH TR 2t ad. DRIt 72 R dh s
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GRHASE: FE T 2 R B DT A S 442 9

A5 6L PR AL 77 125:20 SRAR LI, 0 5 S Ker ) () R BLBREL, TS
Ki(v) ker(v)( (U) (")), Vi,j=1,...,n, (1)

Hop, R ker® (2, ) I ADBE ) RYY o FO) GEEFE ), FO BRI
IR G @), WBREL ker™ (-, ) WTLAH RS N

ker™ (z,y) = ) (2) T (y). (2)
L WO (X @) = [p®) ()@ (@S], A o AN AR T LG T R AT 5
KO — 90 (X0)Tg) (x0). 3)
A, REAEZS ] F ) Hh iy E AL R 22 T AR R N
E®) — g0)(X ) _ g0 (x0)Z0). (4)

I, t-SVD-MSC 546 H bx o8 BT EAERFE T2 1) FO) sh o AR MR, W) KT-SVD #
UCRIYSEPSL I 7AW

1%
min A [[EO(X®) — w@(XO)ZO||y ) +[|Z]],
z® v=1

Z=®(zW,z% ... zW),

Hoh, % ®() R REHILRIKE Z BRME. B3| ||o RnTkBEEHE.

XTI (5) HPRAC i, FATME S Rk B H (Lagrange) 3 P71 M52 8 7 1) B /L3R
W 281, S 5 NI IRARR G, LR BB T: SEFE Y, (v =1,2,...,V) FI3KE W, (45 H 5
BB 4B R, 4 h0(PO) = S v) K(U)p(v)) PO =1-7Z® PO =[p (”),...7p$f)]. Gl
DLREAIE A ] U 40 by B /M T 51055 xﬁzllﬂﬂﬁ

£zW,.. .z, PO PY)y Yy Wi G)

\%4
=Gl +AY_hO(PM)

v=1

\4
Z(lev _ v>_p<v>>+g||1<u>_Z<v>_p<v>||2F>
+ W, 2 -G) + *HZ Gll%, (6)

Forb p A1 p SERR R RETT 4L, IX L S B0 FH SR [27) FR T E I S B R SRR AT R R JRAT
*E?Ezﬁk (29] H 2 H AL T VR A AN - i)
BRI R R
Z®) Fio)E.
ZW = (Wl +Y, + pG®) — yP® — W) /(1 + p). (7)

P FojFa.
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AR o MR SVD KA pl”)", LKL PO).

IO L MR 1/ef”, .. /o]0t > 1/, (®)
C e v, st
Ak C(” =I1-2W +Y,/p, K K@ — v)z(v Q(V(v )T, Z(v) _ diag([ogv),.. Jﬁ?,o 0T,

Wl {o@)% Sy KO jIERRE, H0 NEERE KO Bk, < R p™ 451y ) F1 PO F,
=/, tSf = V™ e vie® B v i oY B8R
- p) P SN

502 52 T
) = ¢ — V@ Lo ot ], 9)
a) 4 051;) a) + 0533

o R—A b, i LA T R

(U)2
th)Tdiag —(v) tgv) = % (10)
( ) + o ) 1<i<r¥) T

B /e, 1o 0 t™)| > 1/ B, SR (10) P o B ME—IIIEAR, WL 4R E).

G Fojfa. ,

g*:argmgin||g||@+gHg— <Z+;W> . (11)
BEH YO, W, u Fp MR
Y =Y, +u(d - 2" - P, (12)
W =W +p(Z-0), (13)
fr = min(ng, fimax), (14)
p = min(np, pmax), (15)
HH fimax T pmax & TS
4.3 THEBZUAREHE
FEfFR T 4.2 /N KT-SVD W5, MHRLEEAERE A Rl LR J7 3RS
1 1%
_ (®) ()T
A= ;(IZ |+1Z2"1)/2, (16)
Forp, |- | FORBUERE R LRHE M ERAE. H, 18I T U AR B A 35 SR 7 1 3R R i hr
W1 (Laplace) #iFE L:
L=D - A, (17)

Hi D FoREHRE, & 8 d; = Zn 1@ U = [ug,ug, . .., us] € R*™ RIR L BIHT ¢ MR &,
Hrp e RERBNEL mAAT B R SARZE RN A H R i 1R 45 5.
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4.4 N — PUENKRERBRET 750K
ZOCHR [17) JTEER R R, AR T —METC R BS DL N AR AR R 5 AN R Fh S 1) o 5 i
TFAHORHRI T VE, YRR IR T : R 115 BIARBCZH A AT F AR TA) () SR B OC &/, FRATTSR FH R A Ak 2R 7
%, HR AL B G B EEG {5 57808 ERP {55, 851445 2R RMIE ) B AR EFR A TR R
— YA R T i i — B b B
BT 3 RIS RS R R R L ARHIE [a) B A5 5 SRRME R, AT ¢ AMFFAE ) S 4L
FERE U MONFHEREFE, F T4k ERP 155 1R
TE X EFHERE Ny, € R H s EHREUE e 5 BEEG 155 AL 52 52 5 R EEAUR KN f 1
R, n J& ERP 55 EE. N #H T28 & OO0 ERP JRIGME 533N, R FEFE 775 B3
JGH ERP 55, SRAG AR 5 I IR DL SR AERE Uy, A 7B ARAEAE 1) AR o 56 A 1 A 5%
Bk, & SCHERE Qi N
Qr =U, — Uy, (18)
Hrr, Uy € R FoRilid RANBH) ERP {5 5 3KBURHE R & U,, SR)55 T REFRFRRNT Y
JEAF B RFIE R & 10 Uy € R RoR%E k O ERP 15 S35, il $R3h 45 RIRBURHE H & Uy,
Pk — PR TR R BRI RN E AR BIMRHE R &, € X Ny € RS KR N T b OR
FIRERNFRIEHEE R, A5 & RGBS 5 SRAEER K R C € Re*¢ 7] LIBEE SN
Cov(N}, Q)
/Var[N; [Var[Qy]’

e, PRI N Oy, 2S5 REE— DA IR LB, A5 5B MRS 5 e m i SRR C e
ReXC.

g b, AR EAS AR R AL e R R 2 R AR, U AR AE 9 A8 A thols e A RFALE
. G PEEh AR IRE, 45 U BASAk, BATAT AR JE B A1 B0 N 0T 5T AR 5 AN TR o 5 i
MR, BATERIE 1 PEg TN — el RBMU 5%

Ck(NI::k’Qk) = (19)

5 SCIf

AR T 3 K5I (1) T BEEG M32K925. N T RAEFTIR K KT-SVD 7Ei8%] EEG %
P TR R AT, TATE S IR T SCA A B 4R i L iR i, Fodh KT-SvD A T & T
TDP $FER (6, 0 F1 o BiEY) HEWMMIAT 7 ek L, X SuRaE g AT 7773145 R4k B 3R
TR DR IFH 3 EEG HE. BN, FRA07E TDP $-4EM BP RHF 351 AN R A0 7 500, 76
EEG [ 2R525 vpidt— AR THREMERE. (2) faN — PLBh R i mT A4S S, v T DATC I B
AT AR RS REOR A [F) B SR 2 TG R, FRATRTRAL T AR Z (R SRR &R, (3) ANIF
PRI 182 5T B S g 4 1) 12 B D 52

BT S B kIR T 15 4320, A BILET 5 508, BRseihhxt 175 ANUF )
FIBGEATIT 4. Horp ) S0 2ie b 2 b 12 N ERAT N ER, $hi 12 N ERT A AR ERR, H
£ 151 NEFFHIAZI N, DA IRV EEG 3. T EEG 3 RIET 62 ANHH, FMNT
AR B EEG 08 BI4E R 2 62x1200. BT A S 576 AL R J5 35 T KAE 2] 500 Hz ARRRE 4. 2
B To R 5, e T S8 D7 AR o SE i B R AR 3T 8331 2%, TEHRHL BP RHAIE 5 HE 4
AR 21600 4ERE, FEHL TDP RHIFJG BE 485 ARy 43200 4E.
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E% 1 Input-perturbation correlation mapping algorithm

Input: Multi-view feature matrices of ERP signal: X1 X® . X)X cluster number ¢, electrodes number e,
sampling frequency f, the best-combined result of frequency bands and time of perturbation K;
Output:correlation martix C
1: Initialize Z() =Y, =0, P®) =1,,i=1,...,V; G =W = 0;
2 p=p=10"2 pmax = 1013, e = 1077;
3: while not converge do
4 Update subproblem Z(¥), P and G by using (7), (8) and (11) according to [29];
5:  Obtain Z =&(Z2MW, 2@ .. zV),
6 Update Y (), W and parameters p, p by using (12)~(15), respectively;
7: end while
8: Obtain the affinity matrix A by (16);
9: Obtain cluster labels and feature matrix U° by applying the spectral clustering method with the affinity matrix A, and
obtain U} at the same time;
10: for k=1: K do
11: Perturbing EEG signals by applying the randomly generated noise matrix Ng;
12: Replacing the multi-view feature matrix of the ERP signal with the perturbed result, and using steps 1~8 to obtain
the affinity matrix Ag;
13: Obtain cluster labels and feature matrix Uy by applying the spectral clustering method with the affinity matrix Ay,
and obtain U}’ at the same time;
14:  Obtain Q by using (18), and obtain Cj, by using (19);
15: end for
16: After taking the average of all Cf, and then superimpose it on all frequencies to generate the correlation matrix C;

17: return correlation matrix C'.

5.1 EHF EEG HiR3IsCIs

N T ISR BRI R, A1 T TR RIS AR e DANEIAIE: EEG ) TDP FHEAE
NEMMABIEALL EEG FIARFHFE (TDP 45-4EA BP 4545 1F A2 M EEE. TR 59 9256 50 1w i
FRERIRT ZARERRIE, 438 3 2 B AERA . AV Z WG EIEE N —A4, 251
BB AT S000, AR BITERE VP S5 St 15 AN S R TP e 15 2.

TEER 1 FhisEH, AR Pl B 58 B ) 3R A5 B 7 F AR Bl EEG i fdEid FRT B34
[ BLAS 5 5 SR ICRAIE, R AN [F) 40 B BRI B A AN A A . K B R AR SRR IE S N B KT-SVD
HOHEZEL )5 753 AN BT R IER IR, 16 BEG RBISZI8 R, R 3RS MURRIE R s I NFRATTI0 TE &
ZMA TSI R BN A T R MmN SR, R 1 BoR TAEMMA SRS, X5 TR
TR B 2H A Bl A I AR B AR A UNATE S, i DOWEERIL T TDP FHIEMALMA LA (5, 0 Fl o
BRUEL) 155 DR bR h 43R5 1 B PERe.

2 W T AR S5 . 1 S BN B SR ) R A T B AR LR AR B, SRS
ENIE R B PIF B R AU S R, PR FRE R B T 15 N2 E R E. b o
BRECSEL T S PP E R BIPERE. ZESCHR [30] P, EEG 1 ~ $HBGE T DU B AT A il 15
gr2%. SCHR [31) R T S mOUR RIS B R BUE G A RS R T RATR AR R RUAE
Pl SO AR IRAR T SO R B S 1 S mdT, RIS BRATT A SEER 45 AL S T Z il s & R 21t
Fu 3031 g fHE . R 1 AT LAE Bl A A 2 6 (1~3 Hz), 0 (4~7 Hz) Ml a (8~13 Hz) il
B XL S5BRATN A IS5 AT &, (B2, X IELF ] AR AT 4 S AR 4 A 2 AR R A0 B A
BRI (B (14~30 Hz) Al v (31~50 Hz) MEL) WA, X2 RN, KT-SVD k@i kk e £
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Table 1 Average recognition results for the combination of different views

View 60 da 6B oy [22eY 03 0y af ary By ezt 003 60~
NMI 0.759 0.800 0.710 0.797 0.681 0.621 0.734 0.503 0.749 0.666 0.891 0.757 0.823
ACC 0.894 0.938 0.860 0.934 0.856 0.835 0.914 0.770 0.921 0.869 0.971 0.884 0.945
AR 0.777 0.833 0.725 0.828 0.701 0.646 0.774 0.523 0.789 0.700 0.917 0.771  0.856
F-score 0.851 0.888 0.816 0.885 0.800 0.763 0.849 0.681 0.859 0.797 0.944 0.846 0.903
Precision 0.851 0.887 0.815 0.884 0.799 0.761 0.848 0.680 0.858 0.796 0.944 0.846 0.904
Recall 0.850 0.889 0.817 0.885 0.801 0.764 0.850 0.681 0.860 0.798 0.943 0.846 0.903
View daf dary 6By [2Ze%6] Oary 08~ aBy  d0aB  d0ay 808y  SaBy OaBy  S0aBy
NMI 0.797 0.840 0.808 0.767 0.804 0.714 0.739 0.845 0.858 0.833 0.842 0.777  0.875
ACC 0.916 0.950 0.939 0.909 0.938 0.892 0.906 0.937 0.957 0.948 0.952 0.920 0.963
AR 0.814 0.868 0.839 0.734 0.835 0.744 0.774 0.800 0.884 0.863 0.870 0.803  0.899
F-score 0.876 0.911 0.892 0.862 0.890 0.829 0.849 0.906 0.922 0.909 0.913 0.868 0.930
Precision 0.876 0.911 0.892 0.861 0.889 0.828 0.849 0.905 0.922 0.908 0.913 0.868 0.932
Recall 0.876 0.912 0.893 0.862 0.889 0.830 0.849 0.907 0.921 0.909 0.912 0.869 0.931

x 2 BAOGERMTHIRMMEEE

Table 2 Average recognition results for single band

View § 6 « B ¥
NMI 0.202 0.199 0.199 0.212 0.220
ACC 0.557 0.561 0.570 0.571 0.585
AR 0.124 0.130 0.133 0.138 0.157
F-score 0.472 0.472 0.469 0.471 0.487
Precision 0.392 0.396 0.399 0.402 0.416
Recall 0.596 0.587 0.573 0.573 0.579

AR T 25 1] 1 22 A0 B B0 R 1 P A o B0 B 1) P BB 2 1 0 AT 10 v 4 23 ), SR 5 7 12% e 4 25 (R IR
FRFRHEATARAL, Wik 2] 2 A 725 (A 2R H . KT-SVD FLIEAG(E 2 B/ b SR oK 3R
(R FLARUEN, TE 2 T B AT R AT 3 Rl 2 e AR L AR IR AT B 3 B 22 (A 2., TR LR P At v
AR 2 R] R 2 3L R 3R 7R 78 45 5 fin PR .

XA 2 FhioE, ERE ARSI B, RN B EEG G155 BRI TDP HFHIFEL BP 4§
fiE. LR, TDP REAEEHE A BP RRAE S B 00 v 5 T AN [FIRRAE 4 22 A0 A 250808 FH T AR S0t T s AN
FARFIE B PEAL, SR AL BB I 7 V5. X T 200 A SRR AE B PPAS , 5 255 T AN [F) ARk 1 22 404 B i N
KT-SVD T 3RBUH R F#or, B iZR AT EEG FRASL. %k 3 fin, FT TDP KM
BP FFAEI 2 WA A LA B — BhRRAE (R 1 B S 5 3R T, BRI T ZAFIE 2 M A A A LT
ZANBL ) 2 A2 (I BN A FE T, (EUR 2 RRME I 2 A R R AN BE AR IS B 5 o S (i -2 [ ) TG
R, FTUATEBAT SAARMESE R F 2 A B AE N 2 LA

5.2 AL — MEhKEASCE
N T IRENEE A E IR AE 5, FAT 2 1~15 5% ERP Bt 1T 7l iALsA -
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Table 3 Average recognition results for the combination of different features

View TDP BP TDP&BP
NMI 0.220 0.227 0.920
ACC 0.597 0.573 0.979
AR 0.191 0.145 0.939
F-score 0.488 0.476 0.959
Precision 0.444 0.406 0.959
Recall 0.549 0.579 0.958

0.002

0.001

0.000

-0.001

-0.002

Dislike Like Neutral

3 (MEMFE) B FERMPMRET ERP SEEIA — HEhKEKE

Figure 3 (Color online) Input-perturbation correlation map of ERP waves in terms of Dislike, Like and Neutral preference

BRI T, BT ERP 30T LUEEES X Rl F i, [FIRS 7242 ERP % pd #2t mT LUEFS EEG
I 75 e /MK, XA Bl TR B SE A T EAR . — VORISR Y ERP URIE L EEG /M3 %, HiE R
WA EEG B, BEMR T /ME5 5 KES KR, BTl LA ERP B 50 83K 58 S Fl-F- 1 b 2
R EEG MR E L. F, XHT/E N ERP W RK EEG WS #1308 T & 2% R, 1
HAFTE R BERP WIAE R ORIBE ZAHF R, H ERP 3% -5 5000 R 1] Rl (7 Ok 309) A2 22 1,
W 5 R R 22 1S 3 SR, ST RS URY Hh dk B M R/ B BV, WER RO RIS Y N S
B, 0 M 2SEI AL, W M UCERISER RS KANE T (1/VM) x R, A, P BREESAZ
SEEERE RIS, AT DAAE B b BE S2 36 B VMR BN,

HARRE, SZU6 5 NWIER Sy ERP BUE T BOR Al AL N — $RBNOCIE SRS, (1) ERP $dE I 7E
B E Sk T A 2R 1 EEG BR L B A AN E U R YR L 73 3 AR, AN KRA IR 640
B, RER R KA N 50 NN R — 1R EP R, ARk ERP Bd. RIS TR K
H, ZIIFEHEAT 50 R, BRI 1 ARG PR A DU ERP HUE. &4 T ERP SRS
TF 150 2%, (2) PTRALSIN — PRBhOCERSLES: MRPEEE 4 5 10732, W3R ()RR LH A 1 S EE A 2 20
(6, 0 F o BEL) FHAEAE R ZAMEAE, R BRI S K = 400, B 5 K0T SO T (Gauss)
MR (R, BME 0, 2N 1), AR BN - PUERBEEIREE) ERP BN — PLah Rk
K, i 3 . A 3w, FRATAT DAWEER): Bl PZ, PO7, F8 Al FT7 55X E M A S, Btk
P3, C5, C6 Fl CP3 S5ANE XK 1) | EAmiFAHOC. oA 4% 5 £ W lr i 5, itk FCZ, FC1, FP2 il FZ &R
HR AR XL v ) S B

393



WAL T U R T IODL T S A0

@ @S @
@)
39@

4 (MEMFE) 4 HBHRRESR. FE. ABNEBSIRTEER TERUARPHREZKSHEX
Figure 4 (Color online) The green color means this electrode correlates with like preference. The red color is more
correlated with dislike preference and the blue one correlates with neutral preference

x4 TERREER SVM FH 55 HK144E

Table 4 Classification accuracies of SVM for different electrode sets with 10-fold cross-validation

Selected electrode numbers ACC (BP) (%) ACC (TDP) (%)
62 74.71 70.25
12 79.13 84.58
9 84.13 83.50
6 80.29 82.83
3 89.17 89.16

5.3 HREERIF

SCHR [19] WA FUR B, AAAE — SE M DR I TE, X @ n] Re MU B INTH R SR, b
MR EET R AR, AT B R F AR B B AT A R R (1) PR RE NS S 5
AR B R S AR A 5 R R SIS b B SGBRE FELAN (2) AR BE TS T DLIE I /0N B R A e Bl T A
e S IR 2l (B A BRI E) T A PR R RE B, FESegarh, JRATIRYE ERP B AIHAN —
AN RBRE W 1 4 Rk BeE 7 =, & 4 s, JAT0 N ER S AR PERA - PLahk
P HiL#E T Top-1, Top-2, Top-3 F Top-4 [ HLML. HRECH 62 MKETT R EHERMH T 62 4
R R 4G BEEG 204, 7 SRIR I A AR L, AR /N1 S Bk R AT AL 78 1% 18 1 F A P R AR B B 46
EEG 155 L2 5l E4RHC TDP M BP HHIE, FREFEATEAZ] SVM 73 BB SRR 45 2R . s256
AR IR A6 8331 S BHEBEHL 73 K 10 iy, FOGRFEI P 9 S AE 9 IIZRAT 1 3 1E ik, R A
10 #7538 X IE Y 7 2NERAF-F- 1 o etk e

MF 4 FRTLUE H, TEIeE BP 4F1E, iE/2& TDP FHE, &2 HRH T 3 N (PZ, P3 1 FCZ)
MR 4G EEG {55 MR BIHER BE Semr, 20008 89.17% 1 89.16%. tbAk, BA 6 4, 9 AN 12 AR
AR R AR IR AE BE I EE 62 A s RHIE R R B AT AR RE, IXRWIEOR B 280U LA < B B AR
) EEG {55 flAee SR it 29 15 8, PLX 0 AR S £ . I B gD e A T LR
BT (RS, 38 P AR v S R AR

Bl 5 IR T HERERT . AR VR 1R Bk E R S ERP O &
FOEE 1 AT ALHE DX B 26 O 4 Hh e #R  Se B b, BL PZ 1 POT i, AT ARESESIAE 400~
600 ms [PFE 1 3 AL B2 [BIAFAE 3% 22 5, 1X 5 IE B A7 R4 (late positive potential, LPP) A
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Figure 5 (Color online) The grand-average ERP responses of selected electrodes from three esthetic preferences
(like/dislike/neutral)

xR, HRIATI A F8 M FT7 HAEA BRI NI, XA AR/ 9 A1 12 A AR A R I
RIS 2 AT AN BRI o S Ml e P e 56 ) S B HU A AL B, #E 400~600 ms & 1 FTAT 1Y)
REEHARI REM R B R 2252 B IIERE 3 47 H A Ve (0 S SE M (1 SC B FU AR AL, (E T AT IEFE I
ARy, m A IR TR e S R e 5 i e D S22 LA X 2

6 it

WAV T —FHTIT EEG BN T TS R0 (B0 A ENFI ) 00 0070 &
Bk ik B2 A 2 R 2 I AHESL: KT-SVD. KT-SVD 8D A RSB 15 5 A [F AL R R
B A, IR sl BRI, &3t 6 (1~3 Hz), 0 (4~7 Hz) Al o (8~13 Hz) ISR Z M4 AIEF
T PRI YERE. BJE, RATEIRE T —Fr N — PR3N CER AR K BT IR OB Hdl, AR THE
FAR e R R B e, SR 3 PO AR ST B 154G EEG 18 SHRHIESRTS T 89.17% (BP) M
89.16% (TDP) WIS ARG FE, LLRA 62 Bl ik ¥ 546 EEG (5 SHHERIRARSE 74.71% (BP) Ml
70.25% (TDP) mifF%. [FRA SR H LS 10 53R [9] H 73 IS 1R AR — 3, RIARSC V23R BT 5%
it R S B AR AU AN T X3, I ELYE RSO 46 J5 1) 400~600 ms & 1A, B FUAR 1) 45 o R 4
1 X 43 55 A B R
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Abstract Previous neuroesthetic studies have proved that Chinese typefaces can be viewed as an esthetic
preference stimulus by observing differences in event related potential (ERP) waves among three preferences,
namely, like, dislike, and neutral. We first reconfirm this conclusion by introducing a multiview clustering method
of kernelized tensor singular value decomposition (KT-SVD) to construct an esthetic preference recognition model
based on electroencephalograms (EEGs). Our approach regards data from different frequency bands as different
views describing the esthetic preferences of Chinese fonts, explore the relevance of all view features through the
constraint of tensor multi-rank minimization, and obtains the esthetic preferences using the clustering results.
Additionally, the input-perturbation correlation method is used to correlate the amplitude of the electrodes with
different types of esthetic preferences and describe the relationship between the key frequency-band combinations
and electrodes, and take out the electrodes most relevant to likes, dislikes, and neutrality, including 3 electrodes of
Top-1, 6 electrodes of Top-2, 9 electrodes of Top-3, and 12 electrodes of Top-4, forming four different combinations
of EEG features for esthetic preference recognition experiments. Experimental results show that the method based
on multiview clustering can solve the correlation analysis of neural signals and esthetic preferences and mine the
electrodes most relevant to the esthetic preferences of fonts.

Keywords Chinese typeface, esthetic evaluation, computational esthetics, event-related potentials, kernelized
tensor-SVD, data mining

397



GRHASE: FE T 2 R B DT A S 442 9

398

Yan ZHANG received her B.S. de-
gree in Computer Science and Technol-
ogy from Guizhou Normal University,
China, in 2001 and M.S. degree in Soft-
ware Engineering from Guizhou Univer-
sity, China, in 2006. Since 2015, she
has been pursuing her Ph.D. degree at
Xiamen University in Computer Science
and Technology. Her research interests
include image processing, computer vi-
sion, object classification, and object
detection algorithms.

Yanyun QU was born in 1972. She
received her Ph.D. degree in Pattern
Recognition and Intelligent Systems
from the Institute of Artificial Intel-
ligence and Robotics, Xi’an Jiaotong
University, Xi’an, in 2006. Currently,
she is a professor at the School of In-
formatics of Xiamen University. Her re-
search interests include image process-
ing, computer vision, machine learning,
and pattern recognition.

Yuan XIE was born in 1985. He
received his Ph.D. degree in Pattern
Recognition and Intelligent Systems
from the Institute of Automation, Chi-
nese Academy of Sciences (CAS), in
2013. He is currently a full professor
at the School of Computer Science and
Technology, East China Normal Univer-
sity, Shanghai, China. His research in-
terests include image processing, com-
puter vision, machine learning, and pat-
tern recognition.

Junsong ZHANG received his Ph.D.
degree in Computer Science from the
State Key Lab of CAD&CG, Zhejiang
University, Hangzhou, China, in 2008.
He is currently an associate professor
in the Mind, Art and Computation
Group, Cognitive Science Department,
Xiamen University, Xiamen, China. His
main research interests include com-
puter graphics, computational esthet-
ics, and cognitive science.



