1 596

OIrced AppProaci




N :}"-
N "ﬂ

fpe
&N
PP ).
T
o3
N
—\
=

v

L ik xrn 5 ok
—L'rﬂ f*ﬂj"-l: Br =

-y
i

Robust Emotion Recognition by Using a Temporal-Reinforced

Approach
T R e Student: Chao-Yu Lin
R RF ? A Advisor; Dr. Kai-Tai Song

A Thesis
Submitted to Institute of Electrical Control Engineering
College of Electrical and Computer Engineering
National Chiao Tung University
in Partial Fulfillment of the Requirements
for the Degree of Master
in

Electrical Control Engineering

July 2013

Hsinchu, Taiwan, Republic of China

PEAR-F R &S



BAP R LN E

eSS S hEREREE HL

k=)
|4
“k

SRR R X S

#F &

Rif? 2 dg pAP AR G HIERS B - 2 A
PFRBET I FEFRRE Rt 2 52 o A2 g A% R (Active
appearance model, AAM) 2 2 A %G 24k A 2 A5 R 7] 8 1@ 507 > fB L 5h 3

Hcgkz S o £ 4 49w £ #8(Relevance vector machine, RVM) #5388 1 4%
M AFFRET a0 AP T BEFEER A 17 FE 88 W 2 ¥ i 2 (Likelihood)
TRy @ik T - 2 Arousal 22 Valence T o (Arousal-Valence Plane, A-V

Plane) » vt 41 % 52 F gk vhee “1 3 B 2 = 2 il SR AR - 479 613 TR

WO R R T A IR L ERE A G AT TR B L A

o PR A TR T HHAA A A 2 FER S T L 95% 1 o HHAR R T
R PR FERS o L BRE AT B AL (on-ling)FEai 2 vk o A W - AN
AR RS E S A LS 0 R T R TR AR R ER Y

2 #REHE O BB FRR Y FIHESES D PRS-



Robust Emotion Recognition by Using a

Temporal-Reinforced Approach

Student: Chao-Yu Lin Advisor: Dr. Kai-Tai Song

Institute of Electrical Control Engineering

National Chiao Tung University

ABSTRACT

In this thesis, a temporal-reinforced approach to enhancing emotion recognition
from facial images has been developed. Shape and texture models of facial images are
computed by using active appearance model (AAM), from which facial feature points
and geometry feature values are extracted. The extracted features are used by
relevance .vector machine (RVM) to recognize emotional states. In this work, we
propose a temporal analysis approach to recognizing likelihood of emotional
categories, such that more subtle emotion, such as degree and ratio can be obtained.
Furthermore, a method is developed to map the recognition result to the
Arousal-Valence Plane (A-V Plane). Experimental results verify that the performance
of emotion recognition is enhanced by the proposed method. Furthermore, the A-V
values are applied to an intelligent music selection system. With emotion recognition
of current A-V values, appropriate songs are selected and played by this system to

change a person emotion towards a target emotion.
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3254 A > SVM £ RVM ¥ % # Gaussian kernel - ¥ Radial basis function(RBF)
kernel 3 A#AE Y - @ B¥ 5 9 RVM(H 1-4(b))2 RV(4 )M & > *t SVM 2
SV(38 1) » ¥ RVM 4 #fi % %% L% SVM  4c] 1-5 3 SVM £ RVM w fF 4

172 & > SVM ¥ RVM ¢ i # linearspline kernel & A # &8 % » & = Sinc &



'{F]: =0
RVM w {41 (] 1-5(a))2 RV (6 )% * SVM w & 17 (% 1-5(b)) = SV(29 #) -

FzwpFed > Bk A d Sinc 33t e e = 20012 FAPE 0 FHRT

Lo f ES RS ETF ﬁfi‘ Pb #E ? FiT Sinc \—h}\‘ » SVM 17'? RVM W,,ETF ’Fk‘m]ij% *53
% % (Root-mean-square-error, RMSE)4 %] 5 0.0291 #7 0.0245 - ¥ * > RVM 2 ¥

- o ¥ u,F,ng_f»a 1;,;* s ¥4 L {\ﬁ;}\,,@‘ﬁiwbm, A

P o=~ 7 T

| x | x
x x
"(! x xX W:‘:* x xX ®
@® i" x o * x¥ x f ?‘ x
& o MK » x§x x
® e o ¥ oF ¥ 30c¢ @ x
: . g & :.. [ ] :x.. -
.:‘ :‘ o _ X
* . ® @ % ¢ e®oe *
e, e 0
e T L ) .
® . * .
@ .
(a) (b)

Bl 1-4~ SVM 22 RVM A~ #f B4 3 # 7L~ #7121t #2[28] > (2)SVM 2. & '

Rt
#=

£5 788 HSV (DRVMZ &4 5% » £ ¢ 2 4B RV -

0.8f
0.6f
0.4f
0.2f

fl0.2f

0.4} , . . ]
fl10 fl5 0 5 10

(a) (b)
B 1-5~SVM £ RVM £ * Sinc & 5% w fF 03] 2 vt #[28] > (2)SVM 2 w iF 3]
£¢ 7 297% SV, # RMSE 5 00291 ())RVM 2 % fF#:4] » £ ¢ 5 6 B RV >
# RMSE % 0.0245 -
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RVM B3 & beg % 7= (Supervised learning) » Supervised learning % % - %
Fiw £ {Xn}n 18 2 22 %‘] {tn}§=1 RPTR o B TR R, B
MR F R A R B R R RL AR e ANEY -

BACA > TRIATE AT B2 R ERT L FRY TR SRR

P10

7| e dp(over lap) 2 R AL S F T T w47 0 RIL L L AR BOAL -

- 4@ % > Supervised learning & * 4o(1-1)2. 2 355 > ﬁ;i@?] » Frice &

BENT LG A RS Y (1) L we e
M
Y W) = > wipi (%) = WTHE), (-1
29 Hd yeowW) A E W= (W wp, W) & B A S 3¢ (Basis

function) B(X) = (@, (%), @5 (X); ., @y, (X)) "2 812 22 & “RVM ¢ * 22 SVM 4p I 2

S0 e BRI W R d (LB R (L)

N
YOG W) = ) WK x;) + w, (1-2)

Ho Basis function ¢ Kernel function, K(x,x;)# % % -RVM %gr_f Bl s = 2
##(Bayesian probabilistic framework )% ¥ (1-2) € » & = ﬁ%l ~ r?ﬁi%] SHESE I

ARPHRENES - BT a2 03 A5V ERY L S BEMRKG
F o WG A oxs B g E £ 2 Kernelfunction » B & 3 i B 25t Ak 2

331 &Fwmh k

1.24. ¥ s 124 1740 M 236

B T TR A 25w pF > F ¢ Likelihood fas 47 0 H TR &~ B -

52

Bk

Tk i F R A A 2 45 i {5 4F F[25] o Likelihood FgdEd 0 E &
7 0 B A B P R A AR B © e A G HE3] (6]4e : Gaussian)

TR AR 7 g it (Parametric) o B8 o F1* B F s 1 B (Maximum
11



likelihood estimation, MLE)B~ & 2" 4k & 2_ & & %o#ic » 4ot 5 Rl 2. S8k 4k »
2 fe R A T Mo AN EA A 2 b gt A B E & (Decision) 1553 0 12 A
TR A 2. Likelihood [29] -

®z - efpz 4p k& & (independent and identically distributed, iid)z 2" 4% %
AX={xON, 0 ¥ ERxVE S0~ A 0 Txt~p(x]0) o d PR A B o T
Bod e AXATHE S S 802 Likelihood» v 148 % & i Bk Likelihood 2. 3 - 4-(1-3)

AT

N
1010 = pxio) = | [ pectio), (1-3)
t=1

¥ MLE fo iRl (1-3)2- $-8c00 ra P Fx2 & 0 > RX'2 A & ¥ it % 37p(x]0) -
50 B i ¥ g R(1-3)02 log A5t Eam 0 H AT RIE 201 FdE A 0 4(1-4)

s
N

L(0]X) = log1(0[X) = Z log p(x']6). (1-4)
t=1

Likelihood %3P 48 ¢ & & L 2 B @A & g % 4]~ & (Bernoulli
distribution) ~ % 78 ;% 4 7 (Multinomial distribution) » ¥ F #7 & % (Gaussian
distribution) = #& - Bernoulli distribution i & * 3 = g 7eas2 RAL > H & kX

BP2 X 2 2 %0 rU(15) R

P =p*1-p' " xe{0,1}, (1-5)
F 7 pHrAF-FEFL 2P Lp LY - FEHFL 2 5 - Multinomial
distribution ¥ 4% % Bernoulli distribution z_ %45 > 2 & £ S s34 2 % > © 913
RwEA 2 I ei 1o u(1-6)% 7 »
K
P(Xll XZ; ---;XK) = Hp?i, (1 — 6)
i=1
¥ BAEAARE IS RIxE 1o F A5 0- Gaussian distribution *
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# & ¥ f& 4 v (Normal distribution) > % <% A * X A5 B2 2 4 iF o 3K Gaussian
distribution 2. T35 2 E[X] = n > % R # 2 Var(X) = 6% » 35 i¥N(u,62) » Gaussian

distribution 2 (1-7) % 7 »

2
exp —l,—oo<x<oo, 1-7)

x) =
=
FiepE o JEd MLE 20 ¢ it 3% Bas 2 Sl BRI AL BRIA G o

\ 2

“~

<

*e 123 HF# 1) RVM it 4 ¥4 b] fah & gip > W E_r2 Bernoulli

Y

A

distribution &3 2"tk AR €4 o BBk & 4 fF 580 B~ 15 55 %] 2 Likelihood >

W

Huwma A~ 33L& Fmh g o

1.3. F* 454y it

XL AR Y AR R A AN P gk
ZEFTOFF L - ERT AR AR AL ARNFHIF I A G M Had §
SR A SR e A R F A AR AN S 17 T
MRt R Y F T TG R TP T E L n 0 T 602 AN RV L A
RE ] o ZA bt 2 BB SR PR B v S ARE - v BB RS 4T o W
2 B h A g o AR X R A D e TR N 2D A eI
Az pr bt iR IR —‘ﬁ 7 Fe ek i 0 b4e t Russell[15]#74% 41 2. w32 B
H % 2D $23) (A-V Plane) » &: ;a;ﬁ o ARt @ e qe R 2 Arousal > & & £ 'ffﬁ] -
87 ‘Iﬁ] B-42 & 2_ Valence » ¥fi¢ * ﬁ Al Y S

Foehod MAGITERLApFHY  FRIIVALINBRELA A% ER

BARLAE A AT PEFFRE R HRPGHTEAIR - 7 d

B2 2] R OO R R R T2 28 S
ERAT RN ALY)P HERLSER o At B AR > 2L f 2 F

FERP T NGRS Rk RS T

L]
o
g
4%
i
o
v
=
o
i
[
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sl 5 s
FFHZ TR, ©

FEM I A 37 R AT B AL A A ARR Y F TR

FH R R SRR -t G Rk PRI T TR s 2D 030

P

BORFIE 2 #3570k 0 N AT B Sl F AR N ke WD

AR R h AL T N2 R RS TR AR R YRR
IR ¥ g - gdg:f;p?}%,/,,\a}fraﬁ.%_g%;@ PRI > FL&J: 2k 5 Wrpld » 815 $5 2

AT RN R AcR] 16 YTor 0 T A G A G o ST 4 R i
BB BRI B B bl TR BRI L P
RS RE R S ETR

3 12 Viola[30]= Lienhart[31]#%& ;2= Harr-like * % id jp] > g2~ B i ? 4
2 B BT A% R e NB AR ESE G 2 AAM w5 232 - 34
DA E R H P 2 G ER s R A e (R L JEA E B  G
Bz SR e yEpiE ey ;ﬁﬂ PP B BARER 2 A 5%
W% 2 Likelihood o & fz & Russell[15]#% 2. A-V Plane » i& 7 i3 A-V 2 7%

Ao AR Y F P R R 2 A R4 o AV Plane 2 AV SRS 5

e AR AT RERHL BRI R NRIRY K2 TR S AL 5
ES .}ift o

AmELZERE - RH NG AT LETEB AT
RA 0 MR R SRIEHE S B C X 5 AR RIS BEERED o P AT Y R AR

2z /\Bﬁ;}-‘—‘—ﬁ(,‘!;,ﬁﬁxﬂ e ":__ pé«'\*}g_f:y @:ﬁﬁ,,g\ * R L—_-‘?-‘ A
B3 2 8 s s Likelihood pF B 4 47 0 12 2 Likelihood # 4% 3 A-V

Eo MEFES BER LR YR L TRES ¢ TR BRIEE
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HIERE R  HFHERIR I EBL ORI R ERHUE AREY o

Grayscale image

A 4
Face detection
through
AdaBoost
Feature points
detection with e .
o . Specific emotion ha
h 4 » Active .
been determined
Appearance
Image Model(AAM)
normalization Yes
\ 4 4
Geometrics Deterlml_ned i t_r;_e Geometrics
4 distance features — sampt_e Isbsp$8||30 displacement features
extraction emotion by 1 extraction
clustering algorithm
Image alignment —
Geometrics Geometrics
distance featur dispalcement
SIECCJeeiuEs features
Preprocessing Features +v
extraction 5 52 -
|
v
Emotion recognition Il'rlltel'ghrat?j f)m%t{?hr;l
with RVM classification likelihoo y
regression
Determined likelihood Determined emotion
- . = degree with arousal-
for each basic emotion .
Emotion valance Music
recognition selection

lay appropriate musi

to transform person
emotion
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¥R~ A0 RIE SRR

Pcm BRI AR SRR B AT ] S HOR P o AP

m

Adaboost[30];# & ;2 MR F v 2 AW UIB A BT OA ST R RN BE

A ¥ A B GR (TR 1R B R SRR o BRI 0 AT R E A

A % ek o] (Active appearance model, AAM) [32 - 34]iE = A &3] » iERH
2o HCEE o B E IR 2 3 o A oM@ A % 1 p) 2. Adaboost

x> 1% el il pl 2. AAM jFEE o

2.1. A g 1 7R

AREF 2 ASRRIE ARG IS AT B A R %fb:fﬁgmj,\o;gr_;%
BB 247 B 5 640 X 4802 B2 ife s MiBIH B 2 A sk > B ABERE o L
A ek BT RS E  HA AT H A R R Bl R D

200 X 2402 A g R if o

211 A% RiB A2

AT A% TR 2 % @ % Viola & Jones #73% 1 # % AdaBoost[30]2 =
i I~ R Pl > AR EF o R TL FRE AE 2 Rdy
AdaBoost i ¥ it 1 R A BN BIE S BHAFE LS - BRANE S ik
A ETRCH B R BT 1T A TR B B TR R AR R L
FRBLHBRRE XL BAGE G RBIAGEL L L FAND P2

EAEFETIF R o RRL FL 554 E o Flt el * AdaBoost i B 2 A4



a. Haar-like 462354Ffc :

FIv BB AT v H i R F R T R TR A R g
Bt o 5 d [30]974% 2 20 B B 0 Ao ] 2-1 ot o ABA A A & %g# O i
PHAG AR EE P R FHAE G T HS B R R - F I ol
RIP Rz A e PRGOS TR RBETEE S P R o B T A g Rl
B B HET L AT IR AR 0 G B A SR B 2R A N Bl R

PR A2 2 AR AcE] 2-2(D) 4 0 fRERE A A OISR Ac B 2-2(C) T 0 2 &

XDk i w AL Gk Bl 220) 4 R AT AIr 6§ BB AR E
§ T ok E 0 B S R)A  H o

Lienhart 22 Maydt[31]#[30]#7#% 1! 2 & i & & *2 & 45 & 2. Haar-Like
B 2 e 7 15 BARAS iR AC B 2-3 ATor 0 R AR R U Bl A %

i§ ]2 g5 > Adaboost 2B 4 HE 2 B jE de T SriE o

| B
o

Bl 2-1 ~ Viola ¥ Jones # ! 2. Haar-like %&£ 3% fix -

(@) (b)

a
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(c) (d)
B 2-2 ~ A 3 p] 2 4B B At ) o (@)R 4 WG F Gk A > (D) PRSI R AP

¢

b

O FE AR Ed £ (AR R L -

ﬂ:(?@

&{&%
.@E!

(©)
] 2-3~ Lienhart 2 Maydt # ) 2. Haar-like 2} 3 fic o ()8 4% # i (D)% £ >

(C)° w TR M4 > (d)H7R % & $5 0k -
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b. Adaboost 2" 3% 5 i3
Adaboost 2. 2" jE - Bikc o BV EH ) - e e A

4322 AR S ERFEBHIEZB AR e nsFE > B4
Adaboost & * >t A % R 6 > F R G S BEBE 2 H A T AR I
Fo AR AP A L AR A 2L A G B R T S T A R B B

BIHF 2 S frarPIF S R E 2 St

C. BRAER:

Adaboost jf & i BEZRT JEd AR f kA AR E LG R T F <
S BB A 2R A e BR R 2L A B R F ] H 5 R AR s 2

T BCE B A S B WG 2 X i 2 4T
d [30]#r4% 41 8 BN BRI HE 0 AoB] 24 90 0 BB A B4 B ER P fUE

H AL BAG TS T E G R R L G e o B P

..@L‘V

Eg—_ BT ARG B2 LRk Efﬁ ERETWAS: ;rg’ fk;ﬁ s Jopt 2. /}4 ‘sz_ﬁf#;w? J'l’ﬁ >

Further processing

Reject sub-window

Bl 2-4 8 A i BH AR -
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2.1.2. A B GE A1
AL R RSN JE 2 2 2 [35] 0 -4 R R SR AR T 2200 X 240
AT E A G B s R (Pixel)E » 0 E K A WG RIT A ] BT E 2 B R

M 3EE ) * ARiT ¢ A Pixel Bf(x,y) > 3+ 8 #78 2 Pixel Bf(x,y') » #3253

do(2-1) 47 o AN FES 27 A 4o 2-5 977 > 6 8L L R 24T A Pixel & 0 2
2L 5 3 B RIATHE4T R Pixel & o
fx,y)=0Q=-2)Xx[(1—w xfxy) +uxf(xy+1)]
FAX[(A—uw) Xfx+1Ly)+uxfx+1y+ 1]
AVS  __ Tmim -
EE) xS Dy @=b
2.2. A8 h BRACE]
Cootes = + #73% 4122 AAM[32 - 34] &4 4 #4574k 53] (Active Shape model,

ASM)[36]% & @ % © AAM & )8 53 B2 R A e fg = 0 0 g - 45T S
2. A MGROGR (7T R 0 B 2 A G| o HTR 2. A M0 i S S PR A SR R e & R 2
o 22 A 80 IRy 2R RS T R AL o R Y SR A IRA g g

R % R R B0 4 P 2 R AN vt o 2

@ e o0 e o (» e @ (%) xy)  (xy+1)
° ° ° ° ° ° ° ° Q_ T : 1-u
° ° ° ° ° ° ° o |2 ; |
O O o*(xy) O | E I
° ° ° ° ° ° ~ ° [ ?(X‘, v I
o) ; |
° . ° ° ° ° ° °
l1-2 i I
o ° e o o Co ° Q I |

D S S}

B 25~ RPN FET LB o9 BEE 2 rPixel > 281 & 3F 5Bl 2 Pixel o
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2 AR AR R B A I B R L B AT

£ AAM HP 2 BB B S P AR 7R

2.3. A 3 A%k 453
AAM z_ 254 53] & 5 Tk ik > B T a X G5 kT R F2 Bt § o

’ﬁ“; AR AL R > L EEE A e e A i Ak o

2.3.1. 3L P s

& 2A G AT AR LS S e S R T R R B REE ST R R S
H 2. B & (High curvature) » & & &2 T A% B:(T Junction) *7 & e o ¥ ¢ » % %
LT dﬂfi ¢ [ 2k(Intermediate point) %8 & fids it > 4o 2-6 F1oF o

KAT 5 %4 [34], [36- 7|42 T » T & I 70 B A i Bl » A 5] 5 =
WhHL 5B fF O BE S “HPEEAT L 8B A ERERL0 B ¥
o AT AT M GRE 12 BE S NG 6 BRI RETZERE T A
jvf%".?:ﬁi#fﬁ{%&-%%éi% s el 2-7 911 o

High curvature
Equally spaced

intermediate points

T Junction

Bl 2-6 ~ # B E B~ R Rl T W
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b=y 1 OG- 1 3

(€) () )]
Bl 2-T> 7 F8 4 ™ 2 g iheide 0] > (@)° 2 (0)2 F » O E - (d)F 15 (e)
B DF~ - (0)E3T -

2.3.2. LIS A 85 A543k
Y %’ﬁ“zf ﬁi;f] A2 AN pEL AR 3R B T I A g AR Rl G ﬁi%l LSS
22K o g A2 231 & 532 70 B pcEL ¥ d (2-2) & 7 2 o
s =Xy Y1, X2, Y2 = Xy, V), V. = 70, (2-2)
B9 s A AR (X, yy) R AL B o o TE B L A2
AP B SRR AR - Ko FI R AR ATE A0RAR 0 PR L T
A Ak o AFFE 8 % Procrustes Analysis iE {735k ¥4 [34], [38] » Procrustes
Analysis i & ] * #4775 ﬁiﬂx A RS S A o 2 g2 80 R AR

$HA 2P o 40(2-3)5 7
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T = |2 g]x+ [Ey] (2-3)

Te(x) & 5o e~ =28 > 2 gk 2 s a b, ¢ d i & e s R

Nud
X

25ty R A XY P el g .

Bk T A gas ke L (xlyl) B iE- B %} r A g A%k (X,Y4)

i=1,2.,70 > f1*% = 2 Pk T2 abcd t, ty2 B 5 4

Sxx xy
SXY [b d] il yy ,

X

(2-4)#7 >

Sxx = ZXiZ'Syy = EYiZ'Sx i ZXi'Syy =2

Sexl-= % XiXi, Syyr = XViVi, Syt = BX{, Syr =X Vi,
n =70, (2—-4)
BfE 8 Sl ~(2-3) B~ 1@?] Ak o d FaE S R iﬁ",lffﬁ%i N g 2 (>
B2 o 3R ERATHE A AEALA s EAF b ke FE T fear L IERR
2. LA A Ak o AFAY ;ﬁd 3+ 8 Procrustes distance - 4-(2-5)#17 » 2| ¥7R AT
A AR — s TS A A k2 B E LB R ) B AT e

v

P2 = ) (g0 = 50)* + 0 = vj0)%) (2-5)
j=1
H (lelyjl)fl] 2P A2 L ITA Bﬁ"l/]‘jp-)j_’}ﬁ_ (X]OIY]O)A - =x2_ T ai

)k e A <
Bl 2-8 2 120 B A 3T a4 aﬁzlj;pggjéw o Bl 2-7(@Q) 1 & o A e A 3E A5k

TR HY &5 - BER v A 120 B A%A K2 X,y At o f1* Procrustes
Analysis } FER S B R AR E IR deB) 2-7(0) 577 o A1

o {8 2 T 5 4 925 4k ho ] 2-9 F1 A o
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Shape

804 ---
40-
20-

-20
40+ --
804 --
-80
100-

(@) (b)
Bl 28 ~ ' LSS A AR 0] > () 4 % 20 A EAPRIR (a) 4 %

fo £ e o

Shape

S0 100 150

80 * =
¢ o ¢ M

gu_.._.c.o_ ...... L+ SR P -+ T ¥ N
100 §----2-- gO-g----pg-=-" R S

o ¢ Y o a0® &
110 -1 PN B A P RRRhi L+ 20 SR,
1204----t-------mnn-- 7 o
130 - -memmmmecece ey - 0
140 o 0y 46

. I U N +
1604 -4 -+ & 2 3 e 5
170 ...0......¢...¢,..¢_.{>.¢ ......... L+ 2
<

180 - cch e RS FRREE

&
B0 F---=femcmcmcmccccfecccncccacacdunns 1
W0 - R A ]
M0$----f-===- " N PR T - ]

&

A2z Ak > vd (2-2) & w2 0 TEBAGAGRER LA H 2V
v B F R e B E 2 AA G HA] ) AFTF R % A = >4 7 (Principal

component analysis, PCA) it f§ 2v & Tl » BB 53 X WAk 2 fF chsg it I
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M[34] e B 2viaFZ B > T A A Aks, o WH EATF A IRA R AR A BT 3D 4o
(2-6)#777 >

1 n
5o = Hzxi' (2-6)

i=1
He X & A AL o LR S L '—"“r’ﬁ R A S = R

B de(2-T) A

2-=7)

igenvalue) » 12

(2-8)

= 2_25

AAM 2 STREEA e dh ¢ 5 T4 R NI, B T A R I T 2 R

'E‘ ’%E’ &’3&43;’% 3 g

241, A R1E
AN RIR AV A R de B 2. RGB Pixel ~ & FF Pixel o & 5 d B2 foadR (8
Z2_ Pixel #rie = » X HA Ao 2w § 40(2-10) 71

g = (81,82 80 (2 —10)

2o g 4 & B Pixel 22 ¥3@dcie ;r N & RIEHA| B E 2 Pixel > 273
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O T A Ak g F N e 7 2 Pixel Bk r i e

2.4.2. &> B S+ 925

doNT R AR AR A o F B A SRR S B B ARG AT R B R
Pk A 7 A BB 5825 (Piecewise affine warping) « 27 7 %% Delaunay
triangulation[39] 1 * % i = & A7 %SG iy » 2 FFACBERAEA K > B 03] A chE B
ZAAHIRRIN 2 € 5B B A ATEL T o Mt D R A G Ak e B T iR e
TN L E R N T R A o 2 AR A0 S 5 - & A EFFE36] 0 4R
2-10 #77m o2& fE e B & A5 H-A MR I R 4 A i Ak e 5T 30 4 i A gk
¥ oo

F1* Delaunay triangulation #-4 jg A7k 7 3] % = {8 o P F #-ABg g @ o o
AR A Ak BB H 2 BB 4B T AGA SR 2 - &AL T
FeomTRE B A LA Z £ 2 Pixel adgik T T35 %A%t R2 - 445

be(2-10) ¥
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X=X +axX; —%X;1)+BX3—%1),0<a,B <1,
_ Gox)Ge—y) — (v~ y) G — xi)
(% — x) e — y) — (v — y1) Gie — x1)’
B = (y =y (% — %) = (x = %) (y; — y1)
(xi — %)k — vi) — (vj — YD) (X — X1)’

"t! ¢ Xl(XiJYi)T! XZ(Xj 1Y]')T1 XB(Xk'Yk)T f %\ [E3 ,;€, - ﬂ}:‘_ £ Il}i:‘_ TB‘ T—é'—%\l}}j_

(2 —11)

Box(x, TR Az 830 SiE k- Atk B af Bl B REE > TT U
& 32 Pixel i T304 kA5 ¢ il x/(x,y)T o 40(2-12)#5 7 >

x' = x3 + a(x; —x7) + B(x3 — X)), (2 —12)

i

852 ) %k Rk L Bl 0 4oR) 2-11 #7or o

2.4.3. BEEM 2% 1 B g
A R {S o ST DR ARG R H R L aE 2 3R

RILFEA] o AT PR PCA $9 2 g RILTH G o LR < g

B x;(x},y)T B X5 (xfe 10T
(a) (b)

B2-11~ = &2 % afhidir LW (@)= &85 > (b)= £2581 1 -

X1 (x; ;Yi)T
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1 N 2—13
_Hzgi' (2-13)
i=1

B9 R AR £ R G Bl PRI TR A

F17 5 4o(2-14) 557

1 n
=) (&= A — 4o, 2-14)
i=1

d £ B 2ty ¥ fZ {8 Eigenvector £2 Eigenvalue> & > Rr3Z i H57) o

4o (2-15) ¥ 7

AX) =A%) + Z MNA(X) VX E s, (2 -15)

Ho Aj(x) i % =0 t ~ Eigenvalue % &2 Eigenvector ; A; #* % {# & & 572 = 2

25. el wE 2

d iz AAM e 2 e BB H A R @ EA) s A 584 5 ﬁd @]
A R R FR P 22 A1 AAM 2 A0 H0R B R B A A T e aE 2 A g 0T
B~ 2 A% B HCRAER ) 3 7 IR A i B
AAM &t iF &% ¥ & % Independent AAM[37]£ Combine AAM[2.3] = &
o Independent AAM #-25 4k $o ] 83 g8 oA 2 B o A B3R E A Sl wag
S TEEREHERE S 5 @ Combine AAM P A0 4 {0 8 R RCA A S S
- BHA > BB L S E > BE S S - A 0 Independent AAM i &
Ak S LA s FptE E P Combine AAM FrE 2 FERF LS o AFT Y

£ # Independent AAM & {7 B2 Fe it o
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2.5.1. Inverse Compositional ;% & /%

Independent AAM = & § 12 Lucas-Kanade + % f& it i & /2 [37 - 38]i& 7§
F& it o Lucas-Kanade &t j§ & /2 M hP R 2 AF LRGP BB B F A
A BRI~ R HEE o A9 > Lucas-Kanade & I & B i# it AR 0 F

LAy S8pF B 473 % Warping Jacobian, Steepest descent image 1 %

Hessian matrix > £ @ = tg#k 2 o Inverse Compositional ;% & ;2 [37 - 38]:c &
+ a2 R4 > H 27 Lucas-Kanade i & £ & it o
® Lucas-Kanade &1 /&% & /2 » A& st i T 3 %J *»RG 2R E

2 % \Warping Jacobian, Steepest descent image ¥ Hessian matrix -
® Inverse Compositional feat i & 2 1% HiF B f A E B 2 R E > d 3
e B2 2v o F]gt Warping Jacobian, Steepest descent image 2 Hessian

matrix 7= ¢ v o

Inverse Compositional & &% & ¥ v % 2 A & > 2 2 Warping Jacobian,
Steepest descent image 2 Hessian matrix 2 3-8 - R Flm & 2 0 2 g igadF il
B At 2o%x o AF7 7 FH * Inverse Compositional j & & - }Hig,] A B R T
¥ It o4 B 2-12 #7752 Inverse Compositional & & /£ 4 % 3 ed®22_ 4 B ¥ %(I ~1V)

gri% % 2 5 3 (1~ 5)[34], [36] + dem it s

L R EE R AT B R HVA, -

Il. HW(x; 0) T 45 £ % -3 <5 Warping Jacobian (?;V

AN
dp

I1l. 3+& ) Steepest descent images VA,

29



IV. d Steepest descent images 2. % % » i&— # (%

AR

=

Hessian matrix o

L RBWE ) E G - B8 I(Wisp) -

2. #EFAPHI(WEKD)—A X -

3. ¥

|y X

[VAo % ' [I(WEp)) = Ap()] -

4. FEYRRER: Lop-

5. {#%

HW(x; p) <« W(x;p)e W(x; Ap)_l o

gradientY

Warping
Jacobian

Face Image
Template |
image
Image o Warp
Warping | 1 parameters
5 . 5
gradientX
Parameter
updates
A4
]
Compute
Inverse
Hessian
matrix
SD Compute
parameter Hessian
Updates matrix
2 f WY
3
Error image

®] 2-12 ~ Inverse Compositional ;& & ;
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2.5.2. FEREA K & A1 ik

g dia s AAME S A% B2 AR F LA L AT 53 ERBHEE
Bzl A Mpis AR 0 B oAt A Ak g {03 e 0 K5 d Procrustes Analysis ¥t
A R B AR R S A BRI TR - FL o AT R R
IR g3 [34], [36] > BB R A G 2 5 s B ERE TR

A Y TENE; Q) R EA AR LR B FTH G (L ty) 0
ARV - B ilkqg= Qbtyty) AR % £ ¢ a =keosO— 1>

b = ksin8 > N(x ; q)4=(2-16) 7+ >

):[(1;a) (1+a)“y] [E] (2-16)

5L T R 2 E O A (QB) BT B R - A £ 2
w34] 1 R LR BEE R s = Gy x0T
*x __ — 0,0 0 .,0NT — 0 0 0 ,ONT iR T

S1 =80 = (Xll Y1, "'lXV'YV) ’ S; = (_Y1'X1' "'J_YV'XV) ’ S; — (LO, ...,1,0) ’

si = (0,1,..,0,1)T > 4B 2-18 =57 > N(x;Q)F M &7 5 (2-17)2 4538 »

4
NG @) = 5o+ )~ ish, 2-17)
i=1
G5k Sl 373 5 0 A Jf R fEN o W2 25k odic o %¥ [36]* Inverse

Compositional ; &% ¢ ®@4cW(x;Ap) -1 = W(x; —Ap) » FI* %8k(Aq, Ap) ™ %
5 (2-18) »

N o W(x; Aq, Ap)~! = N o W(x; —Aq, —Ap), (2 -18)
H A %A 8 4e(2-19) 95 7

(NoW)(x;q,p) o (NoW)(x;Aq,Ap)~*
~ (NoW)(x;q,p) o (N o W)(x; —Aq, —Ap), (2-19)

B AR GRT o ART R AT IS AN Ak sote 2 Y 0 BB LATT) R S
22 N T e A A Al B H(2-18)F d (2-8)2 MR &
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—flj *

Y S N
27N

< ‘N! AN\

—
I‘\‘

AN

A

=\~ —

=7

N = a4

ﬂ‘ P ——
A AN S—

N

\

N
N
"‘V y \

/]

N

*ﬁ"ﬁ!{
IA‘”\

2 AL ] he(2-2) 57

(2 — 20)

n n 4
NoW(sg;q,p) =N (So + Z piSi; q) =50+ Z pisi + Z qjsi, (2-21)
i=1 i=1 j=1
T RAZMG TE R

ES

S

B RENoW)(;q,p) o (NoeW)(x;Aq, Ap) ™2 A% %
#i o 4o(2-22) ~ (2-23) %77 >
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=57+ (sT = so), (2-22)
=5+ (N(sH; )72 = s0), (2 - 23)

ST ;éi * S—I- =No W(SOI q, p)

Nud
X

ARES g o %ﬁ’rj (2-24)3* & (q41,92,93,94)2- Steepest descent image » *
Inverse Compositional ;5 & ;2 ¥ >

SD; (x) = VAOa Z EA(X) VAOZ AG).  (2-24)

i=1 XESo

¥k Jhd (2-25)7% 4 p 4% Steepest descentimage

SDy4(x) = VAO Z Z A(x) - VAO Wac,  (2-25)

i=1 | xEsg
Ho 7=12,...n

@ * % Inverse Compositional ;& & 7 2. H 3+ & 4r(2-26) #7177 >
H= Z SD(x)TSD(x), (2 — 26)
X
70 R oA (2-27) 571

= DA [INOWCs )i @) = A0y o 2—27)

XESo

253. R R I

4252 &4 H2 AR T R EHEY S Fd BER AT EHARE
% VA, 2 ¢ 7 €8 > w2 & (Gradient X)&2 -k T = » 2_# & (Gradient Y)o 28 7@ >
B HR PR € AR R FRPIRGTE Aot g R T g R
G B 2-14 55 2 me o E R ARG 2 B R EA 2 e Tt

A RB AR R E > LTI A A E N~ B Pixel 2o B R BB o
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Bl 2-14 » $hds A BB o

W E PRSI R Bk 2 R i A R
k|

; gt_;_ﬁ;f])»%ig»\iji% B> Ad 3> g}uﬁgu As@ﬂ};&%]ﬁﬂ b'urjg Pixel

MR T e A i J k2 1% 5 % R S die(Probability Density Function,

PDF) » i€ - # & & % 4 ~ f# 30 #c(Cumulative Distribution Function, CDF) - % 7 %

R G ARE > A A FE A G Sdied 0-1 3= 31.0-255 6045 ] o 1 % iR 4 A

FF 2 Sk 2 S H R AR[36] o hoT it

1UIp A B Ao ()3 & # R F VA, -
BRPGVAEFHRP G L -

AW (x; 0) 4 4% 4 % H73) 42 Jacobian 2% 27
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V. d (2-24)¢2(2-25)3+ & =< % 2 steepest descent images SD;(x)frSDj4(x)
V. d (2-26):* & Hessian matrix °
B aEAR
1L BHNOGQEWGp)RE G » 3 5% B G IINW(x;p);9)) -
2. BRPHGIINW(Gp)q))EFE > B F T -
3. Py A F(Error Image) IIN(W(x;p); q)) — Apg(x) °
4. FH Ty SDEOTUNMW (x:p);q)) — A ()] -
5. & inverse Hessian matrix 3= & Ap 22 Aq °

6. A5 W)(xp,q) « NeW)(x;p,q) e (NoW)(x;Ap, Ag) ™ -

&N E AR R
d (2-22)2 (2-23) Mk B S Beqifp i 20 KA R R

B, o

B B R h R R el 2 R Sl T R AR R Y
2T ) s sk 2 AAM AR HEA] 0 5B 2 A s s B AR AT g
EH2 HHEFERSE B T T 0 BB 2 AAM LRI AT R R IE g
Boo Rm o 5T RS s MR > 0 B A R R T 2 A4 3

Boif g 2 N e 0 & RO RE AR RS2 =95 [18], [26] -
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FZE AP I L ARSI

B IREL % 0 BFF LI B2 0kl ROt A ST PR #
AMESE AR L OIS T RIER AR UL ORiERR G WG

AT E 2 ke MAT G I A G EEARE S A B L S e 5D AP
+ & ¥ (Relevance vector machine, RVM)y#: 5% 2. 7 it 1 (Likelihood) 5 i & p
e e DR R R AP R A AT 2 E > B A SR - Likelihood 2

My £ RS ARREHFRE L Dl e Y bR R AT de2 p o A

)<

73 # 0 R Likelihood # 3 AV 2332 R T H2 RER GRS R
i * AVRFBERSRLEL SRR VR - 2R A B3 & ik
A E ML G4 A i B RVM 4 37 2 2. Likelihood [ 7 3583k 35 27 RVM

w §F Al 4 Likelihood 2 AV 2 2 2 & (7300 -

3.1, A g iR

1295 Ekman %_s <7 Facial Action Coding System (FACS) [40] » # 3% i i 43 %
7T A My kb mep sk 2 447 Action units (AUS)(b e o HE B % T Sk HET
W) AFT R MR F R L N P B iy i o %gc_i rehc %= %4 %2 AAM
iF 2 AR Y BB 18 B A e kel > 4o 3-1 Aror 0 @ o 18 B AR AR
& AUs 2 A g 5o 45 0 F % imﬁﬁ?p\ IR A ARG 2 16 B A e Bk
B A2 B 3RS 8 -

[18], [25], [41] 7= % 4 %I @& * 7 o T4 B4 A S fr g 22 AUs 2 e & s 7o

‘\4

KA E iR LA ANEL AT $ Ak 0 28§ 2 Cohn-Kanade

TR E[A1] At 2 fi s AUs 2.4 5 A X % 3 b TR E[18], [25]2 i A
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B 3-1-18 p A "G S ficBL = -

1R RREE > U FRTERE - 2 AUS B o AT FE L 678
A A Xk AUS B L4cd 31 B 32975 0 @ A AFEARE AUs &7 2 5t
T2 BHBEE M BRI 4ck 3-2 7 0 0 AUL 5 6 0 B f5 i RIR EEL 47 2 %
Foaup g B 7 od 45 gk P7 & P15 2 pea (||P7P15|)% - o 0 & el PO
¢ P16 2 jEdt (||POP16||)% A @ 5o 4% & 31~ & 3-2 27 ] 3-2 2 4 5% £

B AUs 2 &8 Lo A7 3 0 18 B 444 4767 4 01 16 1B 8 @ B~ i AUs

16 1 & @ ¥ de ¥ engE #e g e~ w] 5 |[P1P3)|, |[P2P4]|, |IP1PZ]|, |[P2P3],

IP3P4||, IIP1P4|l, IIPcP3II, |[P4P5||, IIP6P8||, |[P7P15||, [P8P14||, ||P15P16|,

IP2P11||, |[PTOP12||, ||POP16||, |[P12P17|| > # ¥ Pc 5 A% & P7 2 P9 2 ¢ 2k o
IP7PO| ] #a 5 &t 31 F]|F » $ ¢ ik 2 16 B FESEAGE 7 2 21 > 40(3-1) %77 >
R SRR RS ¥

Distance features
[|P7P9|| ’

16 % e ent B Pl 5 ik 16 BEERE AU B2 # 1

Normalized distance features = 3-1)

s

o
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%31 6fifh kA 9542 AUs 228 o

Anger AU4 AU7 AU23 AU24
Disgust AU9 AU10
Fear AU1 AU2 AU4 AU7 AU20

Happy

Sadness

Surpri

Nose wrinkle

\

Lip tightener

Lip pressor

. Lip corner |

| pulie

Lips part

_ip corner
depressor

“_4

S

.

Mouth stretch

Bl 3-2~6f&2 & 4 %4 f7ip b 2. AUs -

Lip stretcher




#3264 %% 2 AUs 2 & 2 & o

AUs Facial Visual Cues Description

AU1 |P7P15]|(I[P9P16]|) increased Inner brow raiser

AU2 ||P8P14||(]|P12P17]|) increased Outer brow raiser

IP8P14||(|IP12P17]l), |[P7P15]|(IP9P16]|) and

AU4 |P15P16|| decreased, or wrinkle in R1 Brow lower
increased

AU5 IIP6P8]|(||[P1OP12]|) increased Upper eyelid raiser

AU7 ||P6P8||(]|P10P12]|) decreased Eyelid tighter

|P7P15||(IIP9P16||)decreased, wrinkle in R2

AU9 Nose wrinkle
increased

AU10 ||P4P5||(I[P2P11]|) decreased Upper lip raiser

||P4P5||(IIP2P11||) decreased, - |[P2P4]|
AU12 Lip corner puller
increased, |[P6P8||(]|P10P12]||) decreased
||P4P5||(I[PZP11]|) increased, |[PZP4||

AU15 Lip corner depressor

increased
||P4P5||(I[PZP11]|) non-change, ||P2P4||

AU20 Lip stretcher
increased

AU23 [|P1P3]||, ||P2P4]| decreased Lip tightener

AU24 ||[P1P3|| decreased, ||P2P4|| non-change Lip presser

AU25 [[P1P3]| increased Lips part

AU27 ||[P1P3]|| increased, ||P2P4|| decreased Mouth Stretch
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3.2 Ty
PR AT 0 E 20 H R R R & 0 3R B B 1T o T 0T o R

AR RESSEEIE TIPS EERE S R R R S T

%IPJ\’F/{%{__‘LW 7z s LL;}.:L Ft‘“‘:b,‘ﬁ‘;fﬁ?f—ﬁﬁx fi}i E’S*‘ i.&;k J—&r'l
A E CRESHEE) UAEER Y B HAFER st o d 0 E B A SR R

THHELAFT 2R FARE AP AFRRE TN AR - AP Y
ROFHFTFEA DAL 2 20 A BB a3 [T fiog A2 RAp 12 T
Prsa 5 - ¥ Bldm i dp T LSRG R R AL S R AR
2 F P TR A S - ¥ FACRGIRE S BESA R TSR - AF Y
41* Threshold order-dependent (TOD) » /% & ;2 [42] » {3 s EE 7~ 3 &
AF TP ERY MR R T R s 1 R S

TOD A4 ¥ & i » Bk gy » ¥k £ X IN_ o B A Py )L, 0 Bk

R EEEN LY SRR EtoTOD F& 24404 - e B s S

Fdodas By, =xq o BB Efce & RIE R A g a0t AP o RERER R 0§
FEYE < IRRITEN B Rl p FA 2 F - o A2 ARt L ¢ oo BA TOD 7 B

e A:\%idﬁ,%-&r—f °

Stepl. Ardp ™ AP B aEHEg > TR ITIRS ELe
yi=X,:k=1 27 ki pPamauic x,€ C;;t=01-

Step2. FE I HIk AN L P w2 3573 334 (Root mean square error, RMSE) -
F G e B TR AR

7 41% RMSE 40(3-2) » #a % 2| 4745 e £ 97 513 k9 o

YN (X — Yii)?
N

RMSE, = , 3-2)

_,’Elr.’ N &% N 'E‘#’iﬁ{& Xlﬁﬁ’?‘f" ;}.-_L/{gr{m ,yk1§§§kf]}f'%ﬁ:00
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BERMSE, > t, Yk Bl A 4 #7¢hit & @ & >y =X, 0 k=k+1> % B3

Fmin(RMSEy) # 2 X, #7858 % » Trx, € Cy °
BAPRE A 2 F > JI TODFEZBEFKBEAP S Ay

BIF it KB &P s 28 2 paE R k22 RMSE 40(3-2) » 2 #7R) 38 4 A
FARY H2 AN ML LT RMSE 2 TR 5k 5 0.1 3 RMSE )

PR R A GRITR Y 2 R AR R T -

‘5\\—
e

A AR SRR L A

3.3. U] ¥ A

*%m= 1+ Tipping[28]#r#& 412 RVM & f7 i 55 4f &) Likelihood 535 &2 v 7
A 45 44 [43]18 T RVM i 8 2 » 2 %8 45 4] 3-3 %770 o — A5 2 [19],
[25] B 3R §fjtk A TSRS bt TR XTI ER AR E R A
GHEL AT AL TS T AR a G FRER T R AP R
BFF R W REFERZ A A & P itk D RN B
IR R £ T8 2 K8 o AFT Y ARl A 4 Likelihood B ~ i B2
=2 & 3% Likelihood p# » “f T3 & 2 B RAG FERT I T

¢ &2 L@ yes 2 Likelihood 30 w5 & 2% > 75 W an — = 7428 3 e Likelihood €

&

B w P WSt Likelihood 388 T3t 20 — o dopt > F R B EERE T Y - F

Likelihood recognition Arousal-valance
of basic emotion recognition of emotion
Likelihood - Arousal and
Input | Basic emotion| of basic Input Emotion valance of
pu . . . p degree g Select and
Geometrics features recognition emotion likelihood L emotion play
ith RVM » analysis with 1 .
features wit I RV RVM appropriate
classification ; music
regression

B 33~ HF 575 2 E R -
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M2 iEARY o FEa S AR R S R 2 SR o ar i i PR
% Likelihood 2| %rés 382 fiw » 27 E192 g [T % -

;ﬁd Likelihood %22 A-V Plane z_ p & » 7 W42 A 3 s 38 » 7~
B2 FREPBEREL S TR E TS G AR SRS P e KT A
Bt s (AR F 4R 2 AT B ks e A E (3.3 &) HaTe Likelihood

FER A B w TSR AV R AT - 834 8) e

3.3.1. g ¥ ot pEs

RVM %5 SVM %~ g s B 2238 & 3¢ & P2 |2l Homer & SVM 2 42 g >
dordHe 123 &7z RVM H P & B @ @& % Bayesian probabilistic
framework £ %' ;= p » Mk e R E P (1-2)FRni Al B 0 @R R R
& i RV erRVM o e 292 = vt SVM { & ﬁv&iﬁiﬁ?ﬂ] v % F Bz g E B
% % > 2 # RVM 23 »z kernel function g > >t SVM > H 7 & & = o [P 5 3%
A, Bk v 2 3 SUM G T ks RUM 7 4 % af & 2 A A AR A# S B
7 Likelihood & #c » ;A2 & - B#p w2 Likelihood » ¥t 7 rr 3 B2 £ 4 0 it
513 BORE 2 28 o 00 ik RUM 20 51 0 AFT 4 w0 GEaR IS et 55 45
B 3RA T 2 RUM A 8% > B s L #o Fie@fd o dodt v 4y §ock
By stin o A (331 &) i RVM & 27 B g * >t |74 Likelihood

FERLFEE 0 UE AR EBERELT FH G

a. RVM A S Bix ¥ 2
EFF ORVM AT LAMASEE  VRAGEERILA A N RIR O B

PR ES 2748 L (Coupling) » A5= 552 RVM & 5 8 o 10T 7& RVM 2" &

B LT - B ﬁ;‘ ‘}” = {Xn, n}n 1’ He Xn R 23" =y 5}3‘,{%:?’ ' 0t i
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ZF S 0 t, €{0,1} > A& T B A SR AEF ¥ 2 Logistic sigmoid link
function o() » #-R MILHEL4-(1-2) > s B 5 (3-3)2 7)5¢ - R LA D 40 0~ 1

2 FE o

1

1 + e VGn;w)’ (3-=3)

oly(xp;w)] =
H ~F 3 ¥ # Radial basis function (RBF)# % Kernel function 4-(3-4) #75% »
H RS H AR R DR A R vz 2o ¥ ot Kernel function 5 %80 f

CES SRS S N

lIx — x;|* :
K(x,x;) = exp ——, i=1,.. N, (3—-4)
20
Hoe ARG LR FFE2 2 NN T R B (T 2 o0 11t kernel

function #=3 R FopLph b2 T 22 B2 MR T R R RE o ,%’ﬁr} Bernoulli distribution
B~1® Likelihood function P(t|w) » %4+ ¥ #fi-4 Likelihood 2 7% » 4r(3-5)
S

N

Petw) = | | ol o)l (1 = oly (s wly o, (3-5)

n=1

St

¢ t, € {0,1} -

RVM w2 (3-5)wiaiz ] » @ » £ & #& @ * Maximum likelihood z. = ;2 &z
Blw o AL R Overfitting 2 i 4 » A A M2 EE2ET o 5T WL
T A 0 R EwWAe ] e Bt W S A R S T 0 ¥ Bl B ErA T
(Zero-mean Gaussian distribution) NV (+) » 4o(3-5)#77% >

2

i 3-6
M, 66

N N
p(wla) = ﬂ]\r(w- 10,01) = 1_[ !
i=0 1 o i=0 21-[

ai ¥ g (prior weight)~ i o ¥ 5 4 £ (posterior weight)w# d 12

s
X

WARfRZ o
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Stepl. #p(wlta)” log ;58 % o
Bk ac 5o E {348 £ (posterior weight) i5 2 F 4 fF » ¥ d B ;5325 iy
L 40(3-7) 7%

P(tiw)p(w|a)
p(t|a)
4 (3-7)# srp(wlt, @) < P(tiw)p(w|a) - ¥ F§ d j#(3-8)3 {F wyp -

p(wlt,a) = : B3-=7)

Wyp = arg max p(wlt, o)
= arg max P(tlw)p(w|a)
= arg maxlog[P(tjw)p(w|a)], (3-138)
P~ log ¢ 2. P(tlw)p(w|a) > 4(3-9)#777 >
log[P(t|w)p(w]a)]

N
1
= ) [talogyn + (1 = t,)log(1 = yp)] — 5 W' Aw, (3-9)

n=1
HB Vo = oly(xmw)] 5 A = diag(ag, &y, ...,ay) ° & >+ (3-9) 5 logistic
log-likelihood function > #c & fp 12 3% & 17 2. =3 3\ fBwyp
Step 2. F ¥ 3 #5:i7 i (Laplacian approximation) [44 - 45] -

iz * Second-order Newton method #+(3-9) #i= =X jic 4 » B~ Hessian» 4 (3-10)

~ (3-12)
Vi log[P(tw)p(wle)] = @7 (t—y) — Aw, (3-10)
VoV log[P(tlw)p(w|a)] = —(®TBP + A), (3-11)
# ® = [P(x1), P(X2), ..., p(x\)]T,

o (x,) = [1, K(Xp, X1 ), K(Xp, X3 ), .., K(Xp, Xy )]T ;
Yy =0uY2 YN Yo = 0ly&Enw)]
B = diag(B1, B2, -+, Bn)s Bn=yn(1 —yn): ¥Yn = oly(xXp;w)] -

(3-8)2 Laplacian approximation & 32 & % #-4& 5 1T 0§ #7.3 Hc(Gaussian
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function) » 2 T 35 T L wyp 0 £ 45" (covariance) T 4 (3-11) % » wypBe
LR B mde B o Jd B3K(3-10)% 7 00 @ Hlwyp 0 £i- HBEE
BR800 18 B 40(3-12) ~ (3-13)2 B % o
2= (®"Bd +A)Y, (3—-12)
wyp = 2O TBt. (3-13)
Step3. {ATa-
Houl (Fa74p 0 Tgd [46] %0 2 % 2 Afa 2 4o(3-14) 477

e = 1 (3-14)
Hi

B et = (1/N)20 =ty NN S 20 g A s
U= Wyp.
yi=1—aiNii ” Niifl;%:z%:‘ |Ié_ }l‘—hifi-%‘l_l' —i;“',% 5

o (3-14) ez A7 £ fie & (3-12) ~ (3-13) L ATZLE Wyp -

SR LB R A M o f BT E LA 0 A Tw PG 0 B AT
0 @ @Nj= o @y =0 B~@Apffram2 iz o B b2 Pl ¢ AB T2 B > &
vi =1 “THEIDZ X7 5 4p ¥ £ (relevance vector, RV) - % & @ wypis » B F
PO AT T X, AU * (3-15)3 B P(t.w) > 77 T AT 5 ks 2 Likelihood -

P(t.Iw) = oly(x.; wW)]*{1 — olyx.;w)[}' ™, (3-15)

b. #1 RVM &% i RVM ¥ &

KFT G #-RVM A %5 B A 5 v FESEAE foE = 2 A %5 B 7 Static RVM (SRVM)>
YR LA Frpad 2 2 4 3 B Dynamic RVM (DRVM) o 77 3 sest g g » 5 it
Bz B % BEA P AciOR B A BT B2 R A R B A AT
7143384 345060 - 4465 % SRYM 22 DRVM > % 20 i 2 8 e

Bk FET AR B % BH AR D D AT F N FEAREN R
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F 33~ R A 2 A2 BP0 SRYM s 2 % o
Neutral Anger Disgust Fear Happy Sadness | Surprise
Neutral X 90.74% 92.59% 93.51% | 100.00% | 84.26% | 100.00%
Anger 90.74% X 86.11% | 100.00% | 100.00% | 86.11% | 100.00%
Disgust 92.59% 86.11% X 100.00% | 94.44% 91.67% 94.44%
Fear 93.51% | 100.00% | 100.00% X 100.00% | 86.11% | 100.00%
Happy 100.00% | 100.00% | 94.44% | 100.00% X 94.44% 94.44%
Sadness 84.26% 86.11% 91.67% 86.11% 94.44% X 100.00%
Surprise 100.00% | 100.00% | 94.44% | 100.00% | 94.44% | 100.00% X
F 34~ VA 2 B2 L DRVM s i & o
Neutral Anger Disgust Fear Happy Sadness | Surprise
Neutral X 99.07% | 100.00% | 97.22% | 100.00% | 100.00% | 100.00%
Anger 99.07% X 91.67% | 94.44% | 100.00% | 94.44% | 100.00%
Disgust 100.00% | 91.67% X 100.00% | 100.00% | 100.00% | 100.00%
Fear 97.22% | 94.44% | 100.00% X 91.67% | 91.67% | 100.00%
Happy 100.00% | 100.00% | 100.00% | 91.67% X 100.00% | 100.00%
Sadness 100.00% | 94.44% | 100.00% | 91.67% | 100.00% X 100.00%
Surprise 100.00% | 100.00% | 100.00% | 100.00% | 100.00% | 100.00% X
B 5 A H A 0 APROT R F R AL B 0 BRI R b d 2 A7

T 5 D417 DRVM Gl sk H 3] 5 i $P0 RS 5 5 P o 2

H;Lnﬁﬁ Pdrd 35 ARG SRR LM %

RAOKELE - AEL S Bh 35 ML AMEERL R HY £ 357 5 S
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435 2 WA ELES -

Neutral Anger Disgust Fear Happy Sadness | Surprise

Neutral X S S S S S S
Anger S X D D D D D
Disgust S D X D D D D
Fear S D D X S S S
Happy S D D & X D D
Sadness S D D S D X D
Surprise S D D S D D X

A4 SRYM;D 4 DRVM- d >t 5 B A %37 R R 2 B x i L4k o
FHEFRAZGRAL > Hd 2 ud PlFRdd §FRE S o2 g7
AR e LT AR TOD M R P 0 2] i ﬁﬁséﬁi}ii'ﬁ‘
BRI 2B PFAYFIERIRRS R A T - R B
LRI - A EFERLE BT R SRVM gk
EARN o 2 P s o N = e
%% SRVM & DRVM » &d F itz RVM A3 Bigdl iz » ¢ se @A

@ 55 W B 2 1+ 4 Likelihood » 4% sk SR 447 5 Likelihood & 7 & & - 3+ & &

WA 7 84 A 32 Likelihood °

3.32. WV i gL

AFLAEAM2Z RYM A E > 0 iuz sl ¥ 1T
(Parallel) ys¢ "~ & #H(Hierarchical Tree-Based) ;2. = i 2| 7 » 4 gt Jf 4 %1 [47] -
fRm oo i % Parallel & 22 (7 B W] 2 ET2 iEARY > 5 RB 2 Bt FIHZ

% % ¥4 Hierarchical Tree-Based = /% » d F I 7 A& f H|¥797¢ 734 B2



Kﬁ, °

Parallel = ;2 *x % 4 % — ¥F- (One-against-one)£ — #t+73 (One-against-all) 2
3+ o One-against-one 2. L3+ HiE - BPRWF L H > Lt 2 SRR TEE
(b4 4K & A7) One-against-all z- 3% 3+ ] B - s w2 B @ 955 55w vt ¥
F R A b HEEF F 0 AL RN ER I HYRYM A
One-against-all z_ #;# ¥ 4L 5 # & £ 12 Bernoulli distribution 3 £ # 2~ ¥
Likelihood 7 RVM - zz:2 Multinomial distribution % A28 ¥ (1-2)enig € /42

Likelihood[28] » +c(3-16): 77

N
petiw) = [ ] ]_[ {31 (s WO (3-16)
n=1 k

H N#E 2 N eptrasl s K vd K# o Aa > 4p >t One-against-one
= > B &% RVM :z12 One-against-all = ;% f2 7 #f &2 Likelihood » d »%
One-against-all < P £ K#2 & ket > FIN 5 05 3 BaFse R
*oif F TR Bt o AFT7 ¥ One-against-one z. = jx » 4t * Bernoulli
distribution % 2L #F | %7 3|35 % B 2. Likelihood i& {748 & (Coupling)[48] » > 7
fa 54 B w2 Likelihood °

BR Fikw £x #3205 8 9 (K 2 > K>2)2 Likelihood % p(x) =
(p1(x), p2(X), ..., pr(X)) » = ®#g W F 2 if & 3% 5 (Conditional likelihoods)

ij = Prob(ilj) = %Ry 2 #3) 4e(3-17)#7 7 -

Pi
p; +pj

CE RS T - B R Fwde F 4T d e FK-1B B2 £80 KK -1)/2

Wij = 3-17)

AN EZ ] - B2 B R R o B R AR AT R
* Kullback-Leibler §& &t (Kullback—Leibler distance, KLD):# & % [49] > <% ;; & 15

Y chZ §E > 4o(3-18) 47 -
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= 4
rij 1- 1aij
= Z nj[ry; log — |+ (1 —ry)log 1 — w. 1 B-18)
i<j Hij &

RO mgh WY YR AR B LA TI- Ep o i W)

B o #4(3-18) i~ = A 0 4o(3-19) 0 2w H G 00 7 04 18 F|4e(3-20)2 BE 250 o

(3 —19)

(3-20)

Step 1
o JE2_ 0T
(3-21
TP ) (3-21) = HERp; B ' = 71'*‘?:‘52%(=1Pi=1°

Step2. L ATp; e
JE9 (322 Ap o AT 2pie Al RAP AN pi=1> FEH
EE TR

new _ 2jiji NijTj

prew — , (3 - 22)
' " Xjiji i M

Step 3.  |¥TE_F Jrac o
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& Apy 0 £ AT E R 2 £(pPeW) & & 4t { ATE 2 £(p) » TL(pmeV) —
L(p) =0 ¢t itz p L #TiBAR L EH JTace § £ 2 W E £ (3-20)0 7Y
PG AR A

Prove :

Djiji N
Djij=i Nij Hyj

Djjii N i
Z 2 X My Y

1#]

£(p"®™) — U(p) = z n;;ry; | log

i#j

BRka = Y Nyjly, b= Zj:j;einijllij,

L(p"®™) — U(p) =a IOgb nj; log[( == Dy, +1]

l#—']

d
- alogb rli]'( B _ 1)“11'

i#j

a
=alogB— (a=b)=0
333 MU F it LEFE A1
AEG M R R A T 2 % Lo 40 8 ) Likelihood 7 FE R
AT 20 WvE o e A PR ar i TP e & =y Likelihood B oo W € v R i
@ Likelihood % 199 > & & A @ kit {7 ¢ = Likelihood 2_ %3 > 40(3-23) » v

2§ 3-4 %557 o

PE = DPE ~ + PEc
-

pE ! PE

B 3-4 ~ #+ 45 & Likelihood B %77 % Bl ° pg * % ' = 4% 2 Likelihood ; pg ' 1 £

 — =X % 2. Likelihood ; pg. ™ % Likelihood % i* & -
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t

PE = DPp  + PEo (3 —23)
#Hd phpit &gtz Likelihoodr 2 % &Y pp=1> T E 5 Fissgs o ¢

Tt &%t pgc.™ % Likelihood % i* € » 4(3-24) >

PE—DPE »  [PE—PE | < Tk

Ec = t t—-1 ) (3 - 24)
TEC ) |pE_pE | > TEC

Bt = r'szc =02 '%5 it ';-'i__ e ‘T&L/‘?L =R TEC'; g o @ TEC'V’ L’!i\-"(:g 25)”'1"]‘ ’

Tgx2", n=1,23
Tegh=

wa®* " "V Ny (3-25)

Hoe o Tpi &S EFIA K 7k LR AJT E AR WGk &5 n i 4 Likelihood
N e e e e f e )# 1 o T B 88 F Likelihood 2. % 143k K o Tg 8 4 < >

fs52 Likelihood fcacf e & EFEfhs 7 R SE2 T G F T @ 4 0

Likelihood fz&c f % + & 948 5 Sysaacic o & 0 Fx i Likelihood %5 2 2% 7

S
T
¥

M Tt 2 2. B Hest & » ¥ H & < @ 54|38 Tg X 10 « 447 7 12 Cohn Kanade
(CK+) TR B [41] wipl 3 - 2t T4 B ot~ & 5 30 fps (frame per second) - #=
Tl B LI T - fFETis 10 REGEA T TT LEX S B

%2 Likelihood ¢ 0 % 2. 1 2 & 10 R 2.k A . 120t 5 A #H a3 1) 4-(3-26)

a«}

Tg = [Z 2" 10 x (10 x /30 =4)]-% f = 20, (3 -26)

n=1
HY RSP 1A A D3 BRCRERIN 22 BHIE 0 F 2T AL 4
B ERP AT X105 10 A% 103%E B 4k~ ;30 * & 30fps; f v & B %
AR AT B (fps) o £F o % 4 368 i Likelihood . % 4 4a f > % 3 B %
PERRAEPF TR LR T Likelihood A% FER e A AE 7 i
T g2 {8 % R X% 2 Likelihood > ¥ E M - R HIFFFE » RVM
AR R Tt £ (3-23)~(3-26) izt & & {7 Likelihood 3 0 E 3T & (pge = 0)

ok o b T 5 2z B ik ¥ 2 Likelihood & -
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i 2 Likelihood A %8 P B 743822 13 T 1§ 4240 ] 3-5 #77F o blde  § 7 = @
# 7] Likelihood #_ %t & % 2 % (pgc>0) H ¥t £ L4/ & 7 ¢ 4216
TEC T X2 F ﬁgi’kﬁ? ’ ‘;fr—,ﬁ_l_?’ ‘ BEEERLEE- 1 Bl Et m"xﬁ" e X

5% MaxT#7*24] - hiBfe? - % Likelihood ¥ 54 %4 % § # (pge < 0) » B %

Il
\mk

R0 Tpe = Tg X 2B 4o 004> £ 20 7% Ldopt o 45 1 2 3 BGR T Hv

v

TR 5 AT Y AR R T 0§ kR

E'

i
FFROME -

-\é\
Jm

FREULL  EBRA A RPLE AL P AT ¥

TPt =10~ HE R Y ppe = 00 F &2 4 &P GE ORI E Y (3-27)Hppcit

The current Likelihood
has been modified

The amount of
variation is
under Tge

The trend of the The amount of

Calculate the Likelihoods is variation is Correct the
current Likelihood changed over Tgc current
and variation with Likelihood with

previous Tec
likelihood

The trend of the
likelihoods is

The amount of

unchanged calculate variation is
n=n+1 over Tee
TEc:TE X 2n

The amount of
variation is
over Tgc

The amount of
variation is

under Tg. nis over 3

The amount of
variation is
under Tg¢

B 3-5 ~ B w54 Likelihood i B&2- 7 "Lk f 48 o

S
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% % ,f_‘l pIEleW , i&_pnew o\ » (3 28)3"

,/ J} ]9 5 pE z‘yrqpt new R LL “Trv ﬁx 14 r
% up W] 2. Likelihood -
Z PEc
new = 2By 327
PEc™ = ¥ of category * Prc ( )
Pk =Pk + PR, (3-28)

3.4. £+ A-V Plane 2_ {5 3¢ i 3338

AT de AR AR T 0 ¥ R A AR 2 B (Blde ¢ Arousal 2 Valence) >

BT 6 g2 B AR L R[50 - B1] 0 Bl ARG K L i ¢ K N

AR AL R R e T AR oo R R R A i 7 A8 B2 3t

o

~ &7 74 Russell [15], [52]2- A-V Plane & 5 Fig A-V 5538 & 45 0 4o 8] 3-6 #7o1 o

Russell # 11z A-V Plane> d i & scfter @ &4z & 2 Arousal » 27 % £ 'rﬁl e '}f,l

P-4z & 2 Valence “tHr= + HAB R & A *:-1~12 fF - A-VPlane 2. A-V it 43 i %
P T RRE I HE T BTN L FEEF2ZM G VAR A BTS2 e

£[22] » ¥ T E A dmiig2 A o

Surprise
Fear @ (-0.730, 0.595) Happy
| @

[
(-0.870, 0/530) (0.845, 0.625)

Anger
®(.0.965, 0,135)

0.5

Arousal
o

@ (-0.895] -0.125)
Disgust

-05 Neutr
Sadncsslg

(-0.505, -0.575)

U
(0.61L0, -0.470)

-1 -0.5 0 0.5 1
Valence

B) 3-6 ~ Russell # ' z_ A-V Plane -
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A7 3 104 Likelihood % 4245 » i€ 7 RVM w §f i3] (Regression model) 2.
o B EP T A-V Plane o A5 7 4 B33 Arousal ¥ Valence 2

“~

Regression model - %= f i& {7 73 o 22" Regression model # > & Jf i %

&4

Likelihood z_ & & 22 2 %t ji 2. AV 2F7 5 3 [2214% e 2 8 2D 53] F A &

Bams s B 258 AV 2 2 2

-

HE AV o H 2 &R 40(3-29)

177 0 B % 4ol 3-7(Q) 47 0 st M-EALE B AP SR AV 2 i S ARG

2 v

LR AZ TG T R BAIEFET @ (Sequence emotion plane, SE Plane) °

7_, Valence; X Likelihood,;
7_, Likelihood; )

7_, Arousal; x Likelihood;
7, Likelihood; S

b I & A A HEsedE e Valence 22 Arousali 4 &) i & A-V Plane 4 %

Valence =

and Arousal =

(3 —29)

2z AR o 4B 3-6 #77 ;5 Likelihood; it % 8. ifdk A d RVM 4 %7 B sz 3%
Z_ % Likelihood o o »* CK+FELE F 5 7 ek it 3 23 T2 B 5B i
S o B A m g Rk AV Bt AV Plane 2 3 R il o AAT
THBRLHL AV HIF TS HPAVIIBE I RS 587

e Likelihood %= & ¥ & 2. A-V %34 B+ £ AV 2. i3 8 7 % o™ iF427 R o

1
) EUI’DI’ISG 0 @ Happy
0.5 —®Fear g *
© Anger| Y SE
3 0 o ANJ D Plane
= D
< i
Disgust O
-0.5 ©
L J
Sadness Neutral
-1
-1 -0.5 0 0.5 1
Valence
(a)
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1 1
Syrprise Surprise
o P Happy JourPr OC O ¢ Happy
05 . 05— 5 .
Fear o039 o© o ear .
g ® Ange © O g ® Anger AVE
3 0 =) O X
S b © g Plane
< ° V Plane 2 o 0
Disgust Disgust O
-0.5 ° -0.5
|
Sadr css Neutral Sadngss Neutral
-1 1
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1
Valence Valence
(b) (c)

B 3-7~AV 23z % > (@i *[22]#/ N2 ArFEELAH L AV 2LE
% > (b)#-4~ % B~ & % SE Plane 2. A-V > g ~ T 7 ¢ 5.1 3 VPlane » (¢)#V

Plane z. A-V 4% -~ T # 3 AVE Plane » B~ @b el 842 A-V i3 0 5 ¢ [ Fe

Stepl. R #|¢ #r3 B i SE Plane 2. A-V > 1A 7P % — 3k B H(® )
2. A-V fa s Bhig 7 e > I T T Valence T o (Valence plane, V Plane) »

HA Mg

=~

—\

¢

2 REL(H - BB A-V) i AV Plane 2. B B:(A 0,V : 0) -
4o B 3<7(b) 2 (3-30) #7 7% >

[VV] S [COS(GSEV) —Sin(GSEv)] [VSE - VSE,F] 3 - 30)
sin(Bsgy) - cos(Bsgv) | 1Asg — Asgrl’
A2 R T 5V Plane 2. Valence ; Ayt #3813 V

Plane 2. Arousal ; Vg * % % SE Plane 2. Valence ; Agg it % & SE Plane z
Arousal ; Vg ™ % 7 SE Plane ¢ |+ {542 Valence ; Aggr ™ % 7 SE Plane ¢
M- 2. Arousal 5 Oggy it % SE Plane & V Plane z. & & -

Step2. At L#-A-V Plane } o ¢ M AT A ¥ Paypy 0 2 TR E B P4
2P T Payps 0 B BRA, S 2 A > % & 5 Arousal ¥2 Valence
AT w (Arousal and valence emotion plane, AVE Plane) - %gsi (3-31) RtV
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Plane z_ & 7 A-V » H & % 4o B 3-7(b) 7T >

' (W= Vyr) —
W = m X ”PAVE,SPAVE,N”'
and Ay = Ay, (3-31)
—;E!‘:J VvlL‘Z\ %'LI;7VV1AVIL‘Z\ %'L;;—V V’VV,FTX‘%" ]’f—LV Plane

¥ — 5§ 12 Valence ; Vy g % & V Plane & {¢ - 3% 8 .2 Valence -
Step3.  FI* (3-32):#-V Plane + » ®2iv {62 B3] A-V o & - R BLIR2 AV

ZRhEhieiTordg > T % 3 AVE Plane 0 H P 2 i {82 R 2h(F - R PR

A-V)i=>+ A-V Plane + Neutral #7 2. A-V =% > 4rE 3-7(c)#77+ °

[VAVE] i [COS(GVAVE) _Sin(eVAVE)] AL VAV,F] (3 - 32)
ApvE sin(Byave)  cos(Byave) — Ay AAV,F g

A Vavg & % 3adi 22T 4 2 AVE Plane 2. Valence ; Ay ™ % 2 27 T
# 3 AVE Plane 2 Arousal; Ay gt 4 % V Plane % - 38 8 it {82 Ay ;

Oyave & % VPlane = AVE Plane 2. £ & -

ﬂ

gd b k2 g g v B (8 AR 7 2 Likelihood $1 2. A-V %4 & 24c ] 3-7(b)
1o 0 R A-V 22 RVM Regression model © 12 F fj}u RVM Regression model 3"
ﬁ/ﬁv—r pES ]F"Lpl‘lszy‘-‘ﬂg bk’j—g‘%'

RVM w i & 45 88 RV, 2 873 8 i 4p 12> 7 28 1304 e i) 40(3-33)

""T'/:[‘ ’

th = y(Xn; W) + €, (3 —33)
B¥ o Xyt R A SR - m R o x, 8 % Likelihood » # IF:L;;@?]»
e £ 5 t, ™~ % Likelihood ¥t/& 2. Arousal £ Valence +4c t % 38 2 5 ip ;

Y(Xp; W) 2 & Ar(1-2) 9771 o 8- B b Uil L F 2 A0 s R L we
FATHe 4o(3-34)# 17

p(tnlx) = N(tn|Y(xn; w), 02)' (3-34)

56



H e N(E)REBEAGoR PN ANATHE Sy W) R HETRLAE
5020 Tey~N(0,02)2t, B EFA fF o Bak{ty )15 =i > 2 s g8

Tewi ol 2z iR o % Eten Likelihood 4 ¥ 8 i 40(3-35)#7F o
N
p(tiw,0?) = | | W (taly Gy w), o)

_N 1
- (2n6?) zexp{—F It — <l>w||2}, (3 —35)
—?—! v t= (tl,tz, ...,tN)T;
w = (Wq, Wy, ..., WN) T,
P = [d’(xl)' ¢(X2), ey ¢(XN)]T’
¢(Xn) m [11 K(Xn'xl )r K(xnﬂXZ )! ) K(xn! XN )]T %
d 2 p(tiw,02) 5 F 2o ® 10 RAR A KR o f s dotgs I A 2 T
B R fF2 0E 4% % 4e(3-36) AT
p(t.|t) = fp(t*lw, o2)p(w, o?|t) dwdo?
,0°) dwdo?, (3 —136)

p(®
2P ns Rl P RE ¥ A RfAwso? s § F F(30) AW o%inE < T il

b fp(t lw, 62 p(tlw,0?)p(w, %)

14 iz Bl (Maximum likelihood estimation, MLE) » e 4oyt [ i s*w# < 3R>t 3
£ 0 @ #E & Overfitting efFim A 4 o 2 0 @@ P FiRgd 4 > 22 RVM 4 %7 %8
Al g U lwis 5 & v = Zero-mean Gaussian distribution » 4o(3-6) o o i d

B 7 #(3-36):c B 5 (3-37)

p(t.It) = Jp(t*lw, a,0*)p(w, @, 0*[t) dwdado?, (3-37)
2057 ez iF U] Fog ik B RA3-3T) R fEweo? o Hp(t.Iw, a,0%) 0 t, 7
sw, 07 BHRM GBS L RRAT A6 (W, a ot ORI I RS

FILE (473 > 40T B ARATT
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p(w,t,a, %)

p(t)
_pw,t,a,0%) p(ta,c%)
T ptaoc®)  p(®

= p(wlt, a, 6*)p(a, 62|t),

p(w, a, o?|t) =

2
p(wlt o, 0%) = 2o )
p(tjw, a, 6?)p(w, a, 6%)
" p(tle,02)p(a, 02)
p(tlw, a, 6*)p(w|a, 6%)p(at, %)
£ p(tla, 0%)p(t, 62)
p(tlw, a, 6?)p(w|a, 6%)
- p(tia, 0%)

d At 2w, 027 ERM G AWEHat BEREM G &7 #p(wlt a,0%)ic B4
F F P

)

T

,« _ b(tlw,0*)p(w|a)
p(wlt, a,6%) = Pt o)

d PN Bp(wlta,0?)icd &

= p(t|w, a*)p(w|a)
PAWIL &0 =" (tlw, o)) p(wla)dw’

4 tp(tlw,0?) & p(wla) & = B #7dic » po Ko T 2 TR A 40(3-38)

B
p(tle,02) = | p(tiw, 2 Ip(wia)dw,
N A 1 -
= (2m) 7 2|0?1 + PA 1P T| 2exp {—EtT(ozl + oA 1T) ¢, (3—138)
He A = diag(og, oy, ..., ay) © BIZE S 7 F(3-39) ~ (3-41) >
, N+l 1 1 Too1
pwlta0?) = @M 2 (5] Zep{-s (w- s w-w), (-39
2= (c20Td +A)?, (3 —40)
n=o2xopTt (3 -41)

i bz Ja o v #-(3-37)c 5 (3-42) -
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p(t.|t) = fp(t*lw, a,0?)p(wlt, a, 6%)p(a, 6%|t) dwdada?, (3—42)

Tipping[28] ¥4 (3-42) fihe(3-43) 2 3K > 1% 4 & 3| 11 B &7 7] (Point-estimate) 2_ 4% 5

A BRENS BRI LGS AR > FRLIERI N R 2 B . M -

J.p(t*la, 62)8(oyp, o%p) dado? =~ fp(t*la, o?)p(a, 6?|t) dado?, (3 —43)
Hd (3-43)2 B3k 0 1T R AR LfFemps? op
(etmp, Oypp) = arg maxp(e, o°|t)
o,0
= arg max p(t|a, 0?)p(e)p(o?)
o,0
= arg max p(t|a, 02), (3 —44)
a,02

‘—3 kD Jf‘(3 38)-‘“’- /24; =R i&'f ’ﬂ' MLE T\ﬁ*aMP OMmp’ 3 L VA /F' g ¥ 1%1]1 o '\‘ T\ﬁﬁF °
1% (3-38) A u) $ st o o fich » ik B %35 007 18 5] 4e(3-45) ~ (3-46) T #ra

02N 3 [46] -

oW = % (3 — 45)
1
t— dwl|?
P - —"N — Zy” , (3 — 46)
111

He Vi=1—oNjj o Ny ® 222 % i B agdmb2z 2% N LT
A dc o Hao? L Avdn o B (3-45) ~ (3-46) A BlH - Fie i L AT LAt
(3-40) ~ (3-41)  #TEL po I e (Talf a0 202 155 4§ floshoy € ABITH R FLA
7w PP R H AR 00 @ @Ny m oAy 2 00 B E AR H R 2 13 o
B oo P € ABIT 2B > R Ty =1 “THET X T L AR ¥ £ (relevance
vector, RV) -

T REFaypLoyp * ¥ KL 7 2 Likelihood 7 3] %+ & 2. Arousal ¢ Valence

=

|

HPTATNT A, G S 0 FE (3-43)2 B o T L MH(3-42)¢c B 5 (3-47) AT

St

VAT
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p(t.|t) = fp(t*lw, ayp, 0xp) P(WIL, atyp, 0f1p) dw, (3—47)

EPRAFANY 2 AT LIBEAGT O FIL T HRAREET LB EA T 0 4(3-48)

o
p(t.t) = NV (t.ly., o?), (3 — 48)
H
T (3 — 49)
(3 - 50)
22 x4 R iR A I
-49)fz2 2 o

5
#
Y

F

i‘%’d

Z_ Arousal 7
;;/4 > 3f

Likelihoo Wy
ks KR
Ei% g
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Yr g -FHRES

AEFT 2RSS ALR e 32 BINA 25 AW G F R T
Likelihood s it 72 % » 12 2 Likelihood ## 4% A-V Plane z_ & 2 487 it gt - 4
o B HCHEE L AR RS DY £ R 2 - T B BRI R R
2ookip s d R 2 ATl R LR R SRR S i AT R KR

Lfﬁzi\ﬁfﬁw'ﬁfﬁvO& s ;I\_q_éf—n\:‘ "Tg}»,—fﬁk’ﬂ :}A}i _;,];Bi.‘ﬁjzeqx’v—_k}@%

* 9 % 11 Cohn-Kanade (CK+) 7= 4% £ [41]ie (7 - pcisgr g w] A 45
TR R e 7 123 omds A 18T 50Kk 2 I A 2 gk A H P 69% 5 L 2

81% % p FcE B F 13% B2 g 20 X » Hip 6% KA 2 ek o TR EY &
T ¥ A G ER I IR TA G TR B i o F B R
HI0FI60ER G HAREEs 225 RE-T 323 '\‘»‘Lfi’?aj‘é‘{ ,
B a1 R 5 640 X 490 » H¥ = B S| g bl4-R] 4-1 47 o Boib > CKHFE

HE e 7 2Z 2 AAM A G HEA T F 2 Ear sl 5 do kv 2,30 5 ik o

41 FBE RS

AFEE L AAM 22 2 A G HCR] s P HRBe 18 1B A W A Bk o 4k 1 R
FEMES G0 AP R CK+FHRE Y » & 85 & B~ 100 55 R 8 d8 & > & 600
ERIFER AR A A 2 TA G RE T G B ERT 6 NG A
Pt s o a BAY & 33 PAREZ AAEFE b7 18 B cm o | B
M5 18 B BB 3-1 At c Bl 4-2 A H Y TRRPIEE GG A > A u[ N A

TARA R (F )2 R R L
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(e) (f) 9)
BlA2 74+ 4 FEaedpss @7 2 025 QRE ()19 ()

F8OF < (QFT -
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IR & 18 B3 ek R A dod 41977 0 BB % S AAM 2 2 2
ARRECA Y o FRP- AT R AR 18 AR 2 E AR B o R SE

2t E(Pixel) o d % 417 5 9 » PL~P12 # sz # R T L g5 1~3

—m\L\

# 4-1~ 18 B 3 el 8 p) T $9<f < >3 A (H = Pixel) o

Anger Disgust Fear Happy Sadness Surprise Average
1.22 1.44 1.46 111 1.41 1.16 1.30
PL 1 316> | <412> | <500> | <2245 | <361> | <400> | <5.00>
236 278 2.42 2.60 1.98 2.04 2.36
P2 | <608> | <7.28> | <6.32> | <6.08> | <539> | <7.28> | <7.28>
1.90 2.76 217 267 221 1.98 2.28
P3 | 500> | <7.07> | <632> | <5.10> | <7.07> | <7005 | <7.07>
3.5 211 2.12 1.77 1.85 221 2.22
P4 | 707> <7.62> <5.10> <7.07> <4.47> <5.39> <7.62>
312 321 2.45 1.92 2.84 217 2.62
PS 11 671> | <7.81>{<7.00> | <4.00> | <640> | <632> | <7.81>
1.90 273 227 4=66 2.98 215 2.28
P6 <6.40> <6.40> <7.28> <4.00> <6.40> <7.07> <7.28>
247 2.40 2.09 1.89 213 204 216
P71 <5.83> <7.28> | <447> | <539> <5.66> <5.10> | <7.28>
235 2.05 1.94 1.70 214 167 1.97
P8 I <510> | <6.71> | <424> | <412> | <707> | <361> | <7.07>
221 3.01 2.22 0.89 2.34 213 213
PO I 671> | <762> | <539> | <224> | <7.07> | <539 | <7.62>
2.05 248 232 1.06 3.01 207 2.16
P10 | <4245 | <700> | <707> | <4475 | <721> | <632> | <7.21>
263 3.44 1.90 1.88 223 2.04 235
PI1 1 <7075 <7.07> | <5.10> <5.10> <6.00> <6.40> | <7.07>
2.30 1.87 1.69 1.36 1.74 1.68 1.77
P12 1 530> | <825> | <412> | <424> | <707> | <539> | <825>
438 5.86 3.83 4.90 463 4.66 471
P13 | <700> | <825> | <849> | <721> | <762> | <1020> | <10.20>
2.84 516 4.05 3.81 4.06 4.95 415
P14 | 671> | <goa> | <go06> | <762> | <781> | <11.70> | <11.70>
421 461 3.95 3.83 458 531 441
P15 | 707> | <854> | <762> | <781> | <781> | <11.70> | <11.70>
3.85 4.45 3.86 4.08 533 4.98 443
P16 | 571> | <000> | <762> | <781> | <781> | <1082> | <1082>
275 4.29 331 3.94 351 413 3.65
PL7 1 71> | <860> | <781> | <781> | <860> | <1044> | <10.44>
3.03 463 3.69 421 373 3.76 3.84
P18 | 508> | <806> | <7.28> | <707> | <781> | <11.00> | <11.00>
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i Pixelem P13~P18 % o £ 2 4% /g 2 T3 X fp st k17 < > ¥ 3~ 6 & Pixel
2 A CABRFANAFET R 2 AAMIFE 2 > {3072 REEHR - 3 F A %
Aol RGER A HaE 22 ARHCR g BIFFA > AR AR R HEeo &

FRAREA L ATH (B4 BR7) 0 &A 0 Pl ~ P18 135X 5 B Pixel 12

A St i i—ﬁ*ﬂ%ﬁ&ﬁ;;;riy #[ﬁp\ o

42 AR FHEIEREE

B9 AAM B BAcEE(S > T P B s e iB 7 14 Likelihood F4: o
AR AR 0 5 LRI R R A o @ @ R PR R T
A~ 42~44 52 %1 F 8o 2 18 A4S AR BB TS TR

4ok 3.3 & orit 2 16 A e o M Bk & A7 3 4 Likelihood 3% 2 A-V

AR SRFCCK+FR Y @ Fer i nl2 FAR o+ Bl g(2 5 RE -
TR GoEERN)ER10ad ¥ PRSI FR A AR E B

Bk 260 05 B AR A AT PR S o kT Y &

\\:.

BB RSB RVM A 57 R |9 eE ik 2. -4 Likelihood - B 4-3
2 10 36 B 7| B R A LB B AP 2 (Nos 1-3)FH ¥ 13E @i @ B

ld‘_éjz7 ,neﬁﬁ,}\ Hep2 5551],?,\?:4@?%* i”‘éﬁ"w‘ m ¢;¢7 HaLe Ig\ﬁd&

Determine the Training data for
emotion category basic emotion
R e

1 2 3 4 5 6 7 8 9 10

Training data for Determine the
neutral emotion emotion category

Bl 4-3~ B 5|2 215 RVM A 57 % ¢ 2] ¢512% Likelihood ¥/ it + 77 2 ] -
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B i DB H(NO. 6-10):E H ¥ 2 ki Fa s HRI®RPME
BT A RN PR R 2 B AR A o AT BRI 2 DI A ¥ EE
B A (2 5 B A B2 3.3 & rik 22 RVM # 4L A %7 B (SRVM) 22 65 15 4 %7 B
(DRVM) -

F Y A w0 AFE Y & 4120 Likelihood ¥ B 3:s o 22 -4 Likelihood £ pF &

PR 1T T A R HAAT(F 0 PR R A AT L S

A ¢ Likelihood f& # + # j--®2 » @ > 5 7 £ Likelihood #2p% i y#38 18 17 & &
R aE W] 200 Rk 0 & JR Fa i Likelihood P 7 i H = mE 220 Likelihood @ = 2 &

Fp E (3-25)F 42 L § i @ 52 T X 1005 7 Likelihood 4 %t ¢ #x =_»
Bl R IF T E 2 RVM 2~ g i Likelihood 3434 8 Fldeac s o+ 0 4o &
%o 383 iz WP kbt B K| GrenmE R (L o A R R drn o HP AP %

Likelihood 5% B Féas FRaE g S 8 BEd A%~ 3.3.1a &2 RYM 75 2 i

Figyea > m A4 » DRVM(i# S 2. RYM » 40 3.3.1b &2 sp?) > 11 %

7. 4-2 ~ Likelihood P B 35353 i3 2 2 A F s s % o

bservation
Neutral Anger Disgust Fear Happy Sadness Surprise
Truth

Neutral 95.83% 1.67% 0.56% 0.28% 0.00% 1.67% 0.00%

Anger 3.33% 91.11% 2.22% 0.00% 0.00% 3.33% 0.00%
Disgust 5.56% 0.00% 94.44% 0.00% 0.00% 0.00% 0.00%
Fear 3.53% 0.00% 0.00% 90.68% 3.49% 2.30% 0.00%
Happy 0.00% 0.00% 0.00% 2.22% 97.78% 0.00% 0.00%
Sadness 0.00% 0.00% 0.00% 0.00% 0.00% | 100.00% | 0.00%
Surprise 0.00% 0.00% 0.00% 1.11% 0.00% 0.00% 98.89%

Total average: 95.64%
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# 4-3 ~ Likelihood 2-pF B 335 = 2 20 K M FRE T ©

bservation
Neutral Anger Disgust Fear Happy Sadness Surprise
Truth
Neutral 96.67% 0.28% 1.67% 0.00% 0.00% 1.39% 0.00%
Anger 11.11% 83.33% 0.00% 0.00% 0.00% 5.56% 0.00%
Disgust 14.44% 2.22% 83.33% 0.00% 0.00% 0.00% 0.00%
Fear 17.78% 0.00% 0.00% 82.22% 0.00% 0.00% 0.00%
Happy 2.22% 0.00% 0.00% 4.44% 93.33% 0.00% 0.00%
Sadness 20.00% 0.00% 0.00% 0.00% 0.00% 80.00% 0.00%
Surprise 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00%

Total average: 90.89%

Likelihood B¥ 5 4 47 (- R 32 3.3.3 )2 fHayssh= 2 o £ 42 5 AT # N

MyERs 2 2 A A e S 0 £ 4-3 5 Likelihood 24P B 7t 3 2 20 2L A

FRE S o d s AT g A BRI SRR AT N2 S R A S
Likelihood 2L p& g = 2 k843 > 3 5 2R Z el > @ 273 B2 4

PRI 2 T raygal & v m 2t Likelihood 2HpF B 33885 2 0 B NI 5 @ P R
MR A F o RE T e o PP Rz R el 0 s
P g A tpehge e

Fobo mH e CKHFHE » g 7 fAMrgramy
fdod 4-4 257 > B¢ Jain # A [B3]H]* B R H A SR AR B
TR LR E B L i 2 488 03] (Latent-dynamic conditional random fields,
LDCRFs)#2 if i &g #% 3* $i- 3] (Conditional random fields, CRFS) » 5d & 7 B2 i =
Fo it A R AL RS R BT HCR] 0 G TR A AP 0 A R & 2 B AR B i ;’g
g A A0 pE B S 1Y T A ] A B A 4T B R A B P o [17, 54]R)

66



HE P e A A ¥ 5 2 > Song & 4 [17] EE A K A% 4 #(Skin
deformation parameters, SDPs)= 5% ¥t #5 £t % #c(Facial animation parameters, FAPs)
23T Fpd © AvEnR ¢ R R L A BRI At Bl A R
H%T A G A5 % B fs 11 4 ¥ £ #8(Support vector machine, SVM):ig (7 |4 & % o
Silva & A [54] /] 2 B %= & 4i-5% (Local binary pattern, LBP) 5 A # & {7 5 2 4 £
G B o B 2 S R o PR A G R Y+ 2 R
(Chi-squared metric) 7 A7 » 3k 35 A W i o 28 B > 4 4 55 [tk 47 o
AMET RN EEFESE T R AT E R A R B (s kR
AR 2. o4 B0 e b A T 0 ] 2 7 0 o g A AR T W R L F A A
AN E o BREEIERES T F 5] 90% F o dp O R 4 R R
W G FERF A 7 [B3] 0 d MR ERF B LR R AR 2B
RS 2 BT G AR o R m o B TSRS Ridpi A T 2 2 R

EAER LR RFEZA B H - AFEFFR L ATL 0 E 2 dwd v

% 4-4~ A7 7 3 2 Likelihood p# B = 2 22 4p B A7 7 20 VLR o

Category Song et. al. [17] Jain et. al. [53] Silva et. al. [54] Proposed method
Neutral 90.07% 73.46% 91.5% 95.83%
Anger 90.57% 76.71% 78.2% 91.11%
Disgust 86.05% 81.51% 92.5% 94.44%

Fear 84.62% 94.37% 71.7% 90.68%
Happy 93.62% 98.55% 93.9% 97.78%

Sadness 90.24% 77.22% 70.4% 100.00%
Surprise 92.31% 99.06% 85.2% 98.89%
Average 89.64% 85.54% 85.3% 95.83%
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333 & MA@ A HRP G AL M g 2R A o Rl A
Bol g i PR 2 s A R S £ D AR TR

ekl 32 &2 WP 0 ook RS T o

AR B E CKHF R ¥ AR AT nl 2 A 7Bt 38170 & R %

A F RERSAS | 2 BB AR S o AR L EPE CKHT R R A
Pl aE ] 10 e A 7| 2 R BRI 13 X RIH L o X Rl F AR A LA 2
YR tjee F R A A Ao A SN A BT AEA A A (F R )2 v
B o B2 K SRAehteR A BT o

AR 5% 5d Likelihood PF B 7¢ah > 2| #7 B 7| 2 =5 2L 37 Ak & 1 4 0 v
Likelihood ‘& & z_ st % > 0B A & S 9 ¥R & 4% Likelihood #ig % 2
LT o B 6 B 5| 2 AR e ) 4-4 ~ B 4-0 #rT o el X
HR%4rdt 245~ 2410 A4 45~ 2 410° R EA A2 EIDL 5 13 2%
BRI HIETEMRAE B R 6 T A R LG R B9 L

(Root-mean-square-error, RMSE)( RMSE,) » ¥ d (4-1)3 & & = >

21N=1(Xi,k . Yk)z

RMSE, = N ,

k=1,2..,7, (4—-1)

# v N=13 (13 £l F M 5N B8 %)Xk &5 % pl4 #3B ik &
Ty GPER S % yc 2% KBRS > o 13 Bt Rl $02 R ak A
B AR R R AR AT A RHIRR SRR AN AR E AN
(Correlation) ~ 32~ 2:% % (Root-mean-square-error, RMSE) » & -5 5| e & =

B2 FEG  UHBEIES SR 2L DRI P o
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B 4-4 ~ R & F Rl & (Sample Index : 2) -
# 45 B &SRS R E3 4 % % (Sample Index : 2) -
Neutral Anger Disgust Fear Happy Sadness Surprise
Proposed
method 0.00% 35.32% 64.66% 0.00% 0.00% 0.01% 0.00%
Average of
survey result 6.92% 28.46% 54.62% 4.23% 0.77% 4.62% 1.92%
RMSE of
survey:result 11.82% | 29.11% 28.76% 7.03% 2.77% 9.46% 4.80%
Bl 4-5 ~ R & R4k & (Sample Index: 3) -
F 4-6~ R & FEIERSE R LA % % 5% (Sample Index : 3) -
Neutral Anger Disgust Fear Happy Sadness | Surprise
Proposed
method 23.16% 3.83% 4.06% 4.45% 56.30% 4.35% 3.84%
Average of
survey result 33.46% 0.00% 0.00% 1.54% 64.23% 0.00% 0.77%
RMSE of
survey result 21.15% 0.00% 0.00% 3.76% 21.59% 0.00% 2.77%
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41~ R &

B 4-6-~2¢&

']’%‘é FF ?ﬂj"l’? S ¢

5 P13 $k ~ (Sample Index : 4) -

;24 % % % (Sample Index : 4) -

Neutral Anger Disgust Fear Happy Sadness | Surprise
Proposed
method 12.27% 1.35% 13.66% 57.25% 6.56% 7.51% 1.4%
Average of
survey result 8.46% 13.85% 33.46% 35.00% 0.00% 3.08% 6.15 %
RMSE of
survey:result 12.14% 22.56% 24.27% 32.02% 0.00% 6.30% 14.46%
B 4-7 ~ R & 5 PRLEEA %(Sample Index : 7) -
Fo 4-8~ R & FRiEEs B X 4 2 5% (Sample Index : 7) o
Neutral Anger Disgust Fear Happy Sadness | Surprise
Proposed
method 0.00% 0.00 % 0.00 % 0.00% 0.00% 100.00% 0.00%
Average of
survey result 2.31% 4.23% 13.85% 7.31% 0.00% 71.92% 0.38%
RMSE of
survey result 4.39% 8.13% 15.02% 9.71% 0.00% 16.27% 1.39%
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B 4-8 ~ R & Bl ﬂ\(SampIe Index: 8) -

% 4-9~ R &SR E R L0 4 % 5% (Sample Index : 8) -

7

Neutral Anger Disgust Fear Happy Sadness | Surprise
Proposed
method 39.72% 28.85% 30.85% 0.00% 0.00% 0.56% 0.00%
Average of
survey result 37.69% 17.31% 21.92% 0.00% 0.00% 21.92% 1.92%
RMSE of
survey-result 22.70% 15.89% 16.01% 0.00% 0.00% 32.76% 6.93%

B 4-9 ~ B & R PlREER d\(SampIe Index : 10) -

% 4-10~ B & e e i £ 4 2 % (Sample Index : 10) -

Neutral Anger Disgust Fear Happy Sadness | Surprise
Proposed
method 0.00% 0.00% 0.01% 1.57% 0.00% 0.00% 98.41%
Average of o 0 0 0 N 0 0
survey result 39.23% 0.77% 1.15% 4.23% 0.00% 2.69% 52.31%
RMSE of 28.42% 2.77% 3.0% 9.09% 0.00% 6.65% 28.62%
survey result ' ' ' ' ' ' :
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431 B EAZ L5072 M TR
*F 2 Kot B Correlation &5 0 11 (4-2)3 %% B 53 & B W] 0 b2

Sh2ApME

cov(XP, X9)
OxPOxQ

NP -y & - v
\/Z 1(X1k P)Z %\I=1(Xi(,2k_3’1?)2

H N =10 (10 &/ 5} %) ; XP it 4 Likelinood 73 % % » x4 10 =

Corr (XF,XQ) =

k=1,2,..,7, (4-2)

P58 kB s % sl 2 Likelihood » yf &~ % 10 BE 218 s Kk B 4w

z_ Likelihood T ¥ ; XQk & p 420 3 2 5% » x. kll« % 10 ‘o B 7B s Kk B
EIEAR A yg“ % 10 Ao @ g% KR e i W 2 6] T35 5 Corrg(XP, XY i
At sI~12 Fod & 4-11 5% 7 ﬁ A1 #55 Fhd ap B] 20 T 3a4p B 2 (Correlation)
FAM05. A H Y B AA KT HL T T 0.8 11 b B B Tio
PR $) 0,98 Flpt Bl S o F 547 %] Likelihood 3/t F 2R 51 4 2 T

PRk G MR AR o

4.3.2. R 3 % %) RMSE 32
B R AN RMSE AR % 2 & S e % RORE
GlEZR2 5700 o B 4-10 5 10 ‘B 73 % 2 RMSE(Z 2 2 ) 1% | 5 2
4v FJ?&‘ L g H P - R ELE AT AR RMSE 2. Ti5(% 2 =)

RMSE 2 3 4e(4-3) % 7 -

% 4-11 ~ % Likelihood #4332 % B £ & T 3o4p Rl 2 -

‘Neutral ‘ Anger ‘ Disgust Fear ‘ Happy ‘ Sadness ‘ Surprise

Correlation ‘ 0.53 ‘ 0.84 ’ 0.86 ’ 0.95 ‘ 0.98 ’ 0.95 ‘ 0.97
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RMSE = \/ s (xi — Yi)zl 4-3)
N
He N &2 TR AR xR 2 TR Ay &2 FTREBRATSE s
RMSE(RMSEp)z* 5 & » N =7 (7 54 A ) 5 x; 1 & 5k Soypbz & /i
Likelihood:y; & 4 & &5 5 B %33 & % #90% j#) % RMSE(RMSEq)3* & P N =7 ;
Xi % A R HIET R RN 2 By R R AR SR AT s %
Pl H RMSEQ 4 .5~ 30 S | 4-10 4 E 2 & od FI4-107 71> A A HET
B b2 R S 2 A e 8 Likelihood = kv & > Bl @ 2 = ﬁ B TR— 3R
RMSE 4 ** 5% ~ 20%2_ ¥ - # ¢ RMSEp*" & & S5 1 2 4m5.10 5 20%2 3% £ -
A& R FEA 18 HAREHHAALHR AR L F oL R epg L o TR
48 48 5 RMSE 7 #1 o= 5 i /RRMSE4f % * © b4 @ B 4-9 2 £.4-10 # >

FEAARSTENT G ERT RS2 ClRE @ R R 2

Likelihood Y v B3Tiri e @ » 4rpt 2 £ B > 43R & Liyeas Likelihood 20 7 48

Sample Index and RMSE for Emotional Ratio

m Proposed method Questionnaire

RMSE for Emotional Ratio(%)

delennitl
2 3 4 5 6 7 8 9 10

Sample Index
Bl 4-10~10 e B A G IRV GIA AR S B REL(E ) ByFpids

233 RFEL(RE )
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RMSEpifa 8 © ¥ b » 522 RMSEq4p't > & B 4-10 & » RMSEp#? RMSE, £ §E

TﬂL

3 3 5% > Kf 5L 10 F s 2 £§E 0 wH v A 10% R 0 AR KR ITER
HlEFRRE R L B E PRI ok SRR R B R R SRR R A

;‘E‘]—» pn\.&frg'_ﬂ - i’( °

433. R & oy B =6

AEBT RN B G R RS AL R 2 R el

SR R L AT s 2 R o gt (A-A)EE Bk 2 i g
SR=ZRatioi, t<7, 4—4)

¢ SR 2 F* XA HT3ak Gl G2 foo F B t AR E R 3 Tio
A A L B 2 JeSR & 3 70%: P B2 otk & TR FE AL S Mt iR B s
¥ S 1~3Mprses > blde: Bl4-62 4 47 7 > 2R A2 5 RE -
ToZFL st blfe i 8231% % A IR EARG o= K2 B e o] Bk
Bt S deRl 4-11 vt 0 BlALL A B G R AR HER I AR 1 B
A2 fe s B E S L PR AR 2 & 2 Liklihood 4e %
PR NSRBI S IR E AR E TRl

Likelihood z_fr » & ~ »t H & Likelihood 2_{v -

4.4, >3 A-VPlane 2. [ %

AT ;ﬁd %2 Likelihood = = Regression model » #-fF* g 3 A-V
Plane > & 7 {4 A-V 558 o 5 FIRA_CKHE R E » & fAl & 2~ 10 =25 7

B ¥ 60 2558 #4010 =t 2. 2 * B (10-fold cross-validation) » = =t &
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Sample Index and Sum of Combination
Emotional Ratio

® Proposed method Questionnaire

1 2 3 4 7 8 9 10

Sample Index

Ratio(%)

Sum of Combination Emotional

B 4-110.10 S5 51 A Mppbik vl b 23 B % 20 B 0 B B D2 fo(K B ) FER

I LB 9 2 5 7B GE 7 Regression model 213k » #]7 a1 1 ] gl Rl
(Leave-one-subject out) o 7 2% ¥+ A8 7 “rdke ) 2 gy > 2 B Likelihood 18

a2 AV & Likelihood 2L p B 7538 (2 4 i¢ * A%< 3.3.1a &2 RVM ~» 5 %

1:‘\

i {7 Likelinood #4:3%) i# 5~ 17 Likelihood 4 sz AV 48 s & yeabip % 2
oI H o

Bl 4-12 5 # ¢ 6 24| * Regression model #5182 i A-V 2. % > & 5

g P IR A AT BET F A R AP 2 s

FORA TR R R B R IR d 2 R A T

HIEEART B SR ZBREERA L > oB 4120C) % w o T FHREZE

Wiy d PN E R D s T SRR Rl s R

WA P F LR 7 € SEH B AN o Bl 4-12() 77 o
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1
Surprise © Proposed method Surprise © Praposed method
H H
05 Fear o O General methpd PP 05 Fear o o Geheral method PPY.
nger Anger
g @ 0 s °
g 0 [\ 3 0
< o @@O @) Z Py’ 0
Disgust 0 . D 0O a .
W eutral Y Neutral
.05 A ) 05 @ N
@ @) iC)
Sadncss Sadncssp
-1 1
-1 05 0 05 -1 05 0 0.5 1
Valence Valence
(a) (b)
1 i}
. O Proposed method .
(CBurprise Surprise PR
05 Feal o) O Gepneral meth)dHappy. T Fear o o 10 LJ‘V“‘SD??F@'.
. ® . 5 =
O (
Anger  (J Anger O
§ L4 O § [ O
3 0 O e 2% b
< o @) Z o
Disgust O Disgust (
() Neutral eutral
-0.5 ‘ 05
Sadncss® Sadncss® O Proposed method
O General method
=i 1
-1 05 0 0.5 1 -1 05 0 05 1
Valence Valence
(©) (d)
1 1
Surpriseo Proposed method Surpriseo Proposed method
05 Feq ® O General meth )dHappy. 05 E@O O Geheral meth )dHaPPy.
. ] 5
OO
Anger Anger a
g ° = ° 0
3 0 = O
< ° - .
Disgust Disgust @)
eutral (- Neutral
-0.5 oIS, 05 .
Sadncs! Sadncss.
-1 1
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1
Valence Valence

(e)
Bl 4-12 - His e e T

(f)

@2 F > (b)yRE > ©F 10> (d)F & (©F ~ -

(OE3T - B~ & 287 1 3% 912 Likelihood ¥ A 1 5 3538 >

NE P A S N .
2 FERESY O 2B

% Likelihood 2P B 35383 3 (- SR #Ea 2 2 )2
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AL HE (45) ~ (A0) R AR g R

Apresent - Aprevious

T )

Variation, = (4-5)

Vpresent - Vprevious
T )
#¢ A4 Arousal 5 V %4 Valence ; T i & B~ ¥ (T = 1/30 sec) * #F+ ¢

Variationy = (4-06)

CRA AR RE R AT A I A7) RSB R L

(Standard deviation)o 4+ 4+ 60 ‘e & 7| Rsifd AF7 7 % 11 2. Likelihood P& B 32

%

Likelihood 2-p% 5 st s Likelihood & A-V 2. 2 %2 (7370

N —v.)2
. Zi:l(xlil YI) ' (4_7)

2 N A& % BEF L AV i Stlic s il 2B AR AFR L2 AV
Byl A BB ATSCANV 2 Tood AEFTRA G FEER A
175 % dod 4-12 %77 > o Likelinood 25 B 55k 2 B 4 f i 4 45 2 & 4o 4 4-13
“Tor od 2 & 7 5 0 E s A Arousal ¢ Valence d A7 3 IVMFERS 2 0 N
R EARY 2 g R ARR ) B A T35 Likelihood 2Eps Aoy

F2 412 VRIS 22 AV EREREL o

Anger Disgust Fear Happy Sadness Surprise Average
Arousal 0.81 0.63 1.79 2.01 0.36 1.61 1.20
Valence 2.07 2.14 1.81 1.40 1.58 191 1.82
% 4-13~ 2ApFRFER S 22 AV EREEREL -
Anger Disgust Fear Happy Sadness Surprise Average
Arousal 0.97 0.99 3.51 3.27 0.64 4.75 2.35
Valence 2.54 3.87 4.26 4.56 2.61 6.30 4.02
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E OB RAAMFHEIE BB 2 F 5 ot o F b B S S e F R
BMm 7d A 43 § 2§ %% WGP o ¥ Regression model £_i% 4 1
s Likelihood #72& 2 » sz # vy acfim ™ ¢ £ Likelihood 2 = BER i 8 & g 7eas

BRERERAP T 0 Aok 42 P1or o

' B e (i Likelihood #& 3% & A-V 2 iy
R FELUS £EP 8 % AV IR AT f2 3% o
P S BGE P kAo AUt AAM G B EE 2 AR R A R

BACEL(Ah B - 30 5 i et S (v 31 ~ 3.2 &) &

#d RVM i 3 2 43 iEsie 7 Likelihood B 7 st (A6 > 33 &) &t £
i % 2 i Likelihood f 3 5 A-V o> 113* Bpdb2 § # 0 K2 i ¥
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