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Facial Expression Recognition with Mixture Ratio of

Basic Expressions and Expression | ntensity Estimation

Student: Shuo-Cheng Chien Advisor: Dr. Kai-Tai Song

Institute of Electrical Control Engineering

National Chiao Tung University

ABSTRACT

In this thesis, a facial expression recognition system which can recognize facial
expressions as well as the expression intensity and mixture ratio of basic expressions
is developed. Active Appearance Model (AAM) is used to train shape model and
texture model. The improved Lucas-Kanade image alignment algorithm is then
applied to align the input images.to obtain texture features. A novel method is
proposed to recognize ratio of basic expressions and intensity of facial expression.
Three kinds of texture features are used in this method: 1. texture features of whole
face, which are used as inputs of facial expression intensity recognition, 2. texture
features of upside face, which are used as inputs of upper face action units recognition,
3. texture features of downside face, which are used as the inputs of lower face action
units recognition. Back propagation neural networks are used to obtain the
recognition scores, which are then exploited to classify the facial expression results,

including basic facial expression ratio and the facial expression intensity.
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sp+f+h—a+ﬂ'/ S@ratdHf
SVM2 SVM3
5[’+f+f Sp-l:;ﬁ-(l Sd‘::Hd -?(‘1 f+d
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W 122~ % == A EREA 47§ 61[21]
e ¥ - BAT[21]° 0 B F Y RD G EARMEIET B R - HRET B
#1241 * Fuzzy Kernel Clustering (FKC)- Support Vector Machines (SVM): %
= s SRR LS fagh A & R & Pl e

fod itz @AY ¢ [1OM[21] Aok s AR B n 457 BT R M SR S

2 BAA AN o B T[L0]0 hs R gD B 54 6 hp Lk AN 7 [20]2
Pehayrsdi - A ALz By AR A > A [21]2 P L
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Bk R G

Bl AP D A i L FRRT R B FRR AR A R B Bl 2 L
Bz o R R A0 BRI I AR R R BB 2 PR  ch A i g
oo Tl 42T R AR R R A % ORI DI B A i (e 2 3B AR
21 AW RIFE 2

B A - SRR I R ) o ok T~ Bk SRS -
B e L 05 R) A 0 o PRS- A0 R S R B P 4 B ko sp 1 TR R g 1R
(Face Detection}: i ¥ . e ] -

b A R A 2% [5] [22][23] 8 7 0 4 % Haar-like < % i 7] % 43
DT A A g 8 o Haarlike A % RS # 2 BT A & = 55 (4c§) 2-1);
1. w8 % Hi

A~ AR

3. AfEY v K

¥ Haar-likes fcpr £ 8- 2-1% & 0 enfiff iff B fcr B 2-12 4 20

w4

& e ofoh Ao AR R 1 B AR

CRAEA P el > &

1.Edge features

2. Line features

mmEi&@%

(a) (b) (h)

3. Center-surround features

(a) (b)

B] 2-1 ~ Haar-like 3 #<;#
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%J » LT P B ¥ Haar-liked iz -

P~ {7 izt Haar-likedF fcis if & f] % 3k @ 8 A% F i > o428

Boosting = i# ¢ ¢ AdaBoost[22][23] 2 Cascade[22][23} iz & 441 S 1e & & ~
KR eNEFiE > 2 0 A PF R e ik AdaBoost ZA s - FE - PR enERE DB
= E‘f”?\z 3o

*# = 2 * OpenCV(Open Source Computer Visien i Haar-like 3 §8

Rl 2 RZ P A g R e

2.1.1. A 3% T 38 835

d *> Haar-like 5 i iz € 5 352> Fpt B & el s o 34 ieam

\\\Xr

¥
1 [5]i * ek [ LF LR S RS 2R N & A g R
ko BT R IIE ARIEEER S — SRR o AR B %6 B @
AP FER B A PR TR TE A @M B0 i U] > F i SRR
A7 R RS O LU o ERESOBNRE L F M 50 i 7R
HH 54
BEFood 20N E R iRk
BRERE SR SRR B G R - H h
F BT R B 2 FH RGB ¢ SR FD R 258 4 (2-1)
™3 (2-2)54[5]:
r=R/(R+G+B) (2-1)
g=G/(R+G+B) (2-2)
(2-1)(2-2F 7R~G B % B4 RGB I v thic ~ % ~ EXE 2 » BE T
g eiciEt b F ¢ § F[5][24]:
g =t [19]: gyyp = —1. 376r% + 1.0743r + 0.1452 (2-3)

g =77 *19]: Gaown = —0.7761% + 0.5601r + 0.1766 (2-4)
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il ¢ W, = (r—0.33)2+ (g — 0.33)? (2-5)

1! (g < gup) and (g > gdown) and VVr >0 (2-6)
0, otherwise

k¢ %R Skin(r,g) ={
(2-6)¢ Skin(r,g)=1 % % ¢ > Skin(r,g)=0% 2L/ ¢ - #9775 Skin(r,g) g+ A= %
e ENEIFEFH K TRT K R ﬁ‘%-"l\i&%iﬁﬁ FREI] o A
BRI R AR PR T LR RS T AT R A % R
AR G
1.Haar-like A % i p|i% i 2 i £ % &
2% ) R B FR (P A R e 4 g & )

BEUERE PG bt DFEERRE (T @I BTN TS

2.1.2 A 3 1 P §5 &

A~ TR * A S RS 2T R BT EGE AR R AV LR
G H o PR ER(E 2 2R )EFETN 2008 )dK Lk bR BB > TR
T EFEPRI) A e T o | 220 2-BE b 0 BI2-2 5 R R EEEE 7 X
kR T AR T R R AR E T L R BB 2350 4 &

R EEET A G R T OREFIE AR GRS F BRI GRS o

Bl 22t R REHEE 4 A% & BT e A o 1P
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B 2-3~ 7 A &7 e EHT X i P

22 i thEEAl

A ek oA (Active

;_d A B (8RB 1E A agg},’g.\f; y T o— -,ng?{” .
Appearance Model, AAM} 1 4 & s e o L ¢ gLficl) d Cootes® * [25]-[27]

ek s 3 & d A5 07 (Shape Model & 1 $74) (Texture Modelyrie = o &
P EECVE T B S

2.3 A 3gA5 4k 0T

A e $ b B P  A WGenA A d T 35 L 8g A% 4k (Mean shape) T

BT G e R el 1T I SRR et T

2.31 TR

2 # b 4] (Active Appearance Model, AAMY 3/ s % pF e £ §s 4E

T
FrHcBE o BiE R P ACEE R PER TA Y R B o & (High Curvaturet A ~ o 5

B en T 4] < 28:('T'Junction) » 14 2 ¢ F 8L > 4o[§] 2-4 #7577 o
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High Curvature

"~ Equally spaced
__— intermediate points

N

“T” Junction

Object Boundary

B 2-4 + 3 pcEkiE B~ R BI[26]

Bl 2-5 » 4 pc Bk 52§ 61[26]
Bk TR B Y 2 g 0 ST [B][26][27] sk 0 Tk O T0 B A M e i
BLho@) 2-50 B E AL E T £ 18R EL  phE 16 BE - 5 £ OB EL -
Bt £ 10 BRI E A g e 17 BEL > 23%- £4E% 0 70 B2 B 2-6 8 7

TR AR T e o
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B 26 ~ % b & i T BB EL G

2.3.2 L33 X Ak

Z-E'
!

g Ak d 70 B A AR A A PRI T A e g R 4
T poas ko 75 @J» AdgAp ke g s <o s REE R AP 0 AP R
2 (Align) #7 3 ﬂi%] » ek A e 7 AP 2 & T 3235k (Mean shape)
A Ak et o B * Procrustes Analysis[5] [26][27]%] = ﬁ%l » A B A%k
I E o~ & ] s %gig;&z i RN AR & ﬁ;?] » 1A Eﬁﬂ};{%fé{k‘é{ﬁii N
$ o0 gk KA TG e~ 28 02 i o asb oo d g
ECE - Taxb S ) x St RIE XNy 3w e o
T, (x) = [Ccl Z]x+ [i;] (2-7)
LA EARY AP AE N - e T B FF (2-7)0 E P E AT
A gAY R T B AT T A B F EAF R RS E I Joare a0

& > #4 i 4* Procrustes distance(2M)z_ T 353kt - K@ iz- L B T
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N
<y
.

I F43 B ear - @ 2(2-8)* P; i Procrustes distance] % A& 5 5L 0 v &
AR B L S 8 70 0 @ X, yj B - ST 39A5 0k ¢ B ek 4R, Yjo #
mo— =LAk ¢ e AR
P; = Z?zl[(le — %j0)% + Vj1 — ¥jo)?] (2-8)
A~ 120 4 AR BRIV BEE bl o B 2-T(QLR A e X AR £
g - AT > F - BEFRL 120B A g R AP - BARSIX Y B
o Bl 2-7T(0)R] GG A A gk € fpis £ — Aclgm o B 2-8 A& 1

AT A5k AR BT 32 B ) T 3535 0k (Mean shape)

Shape Shape

B0
40
20

20
.40
-E0 1
-a0 1

1004

Shape

50 100 150

an * o . .
oA ' [+ ke

90“"‘{3?‘ ------ e R GREEEEEEE LR
100 ----toag g gy B oo
1104 --- {.Q;@@.&ﬁ--ﬁ---?.@ _Q_Q_?_:___‘?.
) (R A .
130 & - - P
[heE PR 6o geTe -
1504 - R TR 4w
] S X & S
1704 ---5t----- < -;}-<>—-¢~-<>-¢--------:-9---
1804---- S SRREERS R RAEEELTEES ]
tan - oo
200 4P SR SR
2M04---- Tee--- eenan A EREEEE e EEEEEY

1 s 1

Bl 2-8 ~ L 354 jx(Mean shapey &
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233 B A Ak R
Eavm A IR AEEREF TOR Xy E o 40(2-9)%75F > & & shape
ME ARG 2V g o
s = (X0, Y1, %2, Y2, ) X0y ), V=70 (2-9)
L2V HEEAGIGRB L R AR 32 4 4 45 (Principal
Component Analysis, PCA) f§ it (& & F41[27] o T 354 3 25k 50 * (2-10)% 7+ >
H#H ¥ x; = training shape set -

S0= 7 2 X (2-10)

S =~ 301 (x = $0) G 50)” (2-11)
LB ST J (2:11)% 1 B £ (eigenvectorjr 4 i iE (eigenvalue) -
Rigaipw wad = - AR 03] (2-12) (2-12)p hs; i=1,2,..n 5 & n =
S EH RO E e £ o pp 121,205 L B Ar ke 2 o075 % S di(shape
parameter) -
S =5So + Xi=1 DiSi (2-12)
24 A3 RIEHA
A M RIS oAk A - 4 7 d T35 %32 (Mean texturef T35k i@
- g;’;7 g\éﬁlt RN f | # A B arﬁf“;ﬂ])rwb ’f_g_a'a;t F e e A M RIE o A
R IR B d Bk R BB s o
24.1 & B s
Fla B A Sgent o] AR S BB AR ARk 0 BiE 2 A g WA
& % 5 B b5 (Piecewise Affine Warping® <32 4 # — 5 i o 2L i g %
Delaunay triangulation[23} * 5 s &) » £ - 2{sehd B = & 3585 5k

REF AT fye2)kdg T T 32350k ¢ o Delaunay triangulatior_7]
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FEE D RN DB AL R o VR AR B2 A SRR
¢ 3 H w8 AP * Delaunay triangulatior- 4 5 25k & 7 4~ 2] > 8 s
R EVIRRNERR S AR R R AGA R S L = R Ao

2-9 #7151 o * Delaunay triangulatiori- 4 % 25k &2 2] = = {8 > B R e A 3% A

s Bz AP R T T30 A A Y 2 & A he ) 2-10 47

7]“ o
Bl 2-9~ 4 3 A5k * Delaunay triangulatios -+ [5]
X (x5, 5)"
X, (lexijT
+
X5 (e, v .
Xq (X y)T B Xy' (x,-',y,QT B X5 (x', i)

Bl 2-10 ~ = & 2 %t i 38 445]
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242 PR A M TR B
# 41 * Principal Component Analysis(PC#)3" SR 74t ¢ e 4 i &
BEHMCE - ZHNARRE G RER A 2 A che 7 &7 5 (2-13)
H ¢ r = texture pixel number -
9 = (91,92 -, 9r) (2-13)
T 32 ¥ (mean texture) AGT &7 5 & &+ e A g R0 i R 12 4p 4o 18 01 (2-14) 5
H ¢ g, = training texture set °

1
Ay = ;Zle 8i (2-14)

G=-3 (g — Ao)(gi — Ao)T (2-15)

t

£ % R wL G e £ (eigenvectored feie (eigenvaluey & (2-15%* & &) >

B
N

“~
L

(87 9L I A g R T H0E](2-16)5(2-16)% £004;(x), i=1,2,..n 5 @ on <
#ce £ (eigenvectory A; B 5 ¥k ends ficie (eigenvalue) -

AG) = Ap(x) + T AR, VX E s (2-16)

e eng & e BE IR E 2 A # AL (AAM) P oAk B0
(Shape Modely %2 32 7| (Texture Modelyi= j# - &7 & » AP & 5 0 ﬂig?l »
ARG B E o 1B R M4 A P 4o 1% sz 248 0 Lucas-Kanadew & i
[28][30]#-aj » 4 3 B fjte ® o 3 AU A7 ] g IR Sy~ AR
75 1k % #ic(shape parameter) 2 12 4 fic(texture parameter) 74 s & (s ¥ 7|

T A e o

2.5.1 Inverse Compositional ;% & ;=

Lucas-Kanadér & ;= 212 82 it & (Gradient)s A # g o i & BlF
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O

BEoF AR R T P 8 BE o Inverse Compositionalt & £ [28][30]

% Lucas-Kanadew & ;2 2z 2 = j# > 1t Lucas-Kanadew & j2 { } »cig > i

# £ & F14_Lucas-Kanadesr & i+ 3 & o =cid ALY P F N~ R b

¥ B i (gradient): # ¥ 3+ & Warping Jacobia 4} Steepest descent image
He

ssian matrix % Inverse Compositional & ;2 & ¢ » i * R P 3t

\\\

Pt B B o d SRR R E ¢ srih Inverse Compositionali & i £ & &

:&Er.‘;

oL

AT E R R o R B 0 7R A Warping Jacobians 2 Steepest
descent imagér Hessian matnxﬁmz FpAE BN @ﬁi&u? CIE SRR YA
R B AT @ o A% 2 T Inverse Compositional &

;‘é}"ﬂi%]% ABE R ITRE - B 2-117 1~V 5 5?0 1~5 5 2 (VAR o

Face Image
Template |
image |
Image < Warp
Warping 1 parameters I
5 " . Warpin
gradientX gradientY 9
Jacobian
Parameter
updates
[ YY)
Compute
Inverse
Hessian
matrix
SD Compute 1}
parameter Hessian \
Updates matrix

2 Y,
3 Steepest descent images
Error image

® 2 -11 ~Inverse Compositional & i 7¢ 1[5]
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252 B Kk i RC EHE

A iE A g8 A5k 2R T i 4% (Global Shape Normalizing Transform)[28]
AR e s HErcdesdk 3 0 d 4t A - 4 Inverse Compositional & i ¢
ﬁia?J ARG E R LR AT U T AR iEAR Y i R ARk R
B2 PR AR REERLFLRES

A HN(x;q) 5 ¥ T 4L a0 Global Shape Normalizing Transform[5k -
Ba(tety)  HEER S0 7 - BREqg=(abtyt,) HAH A% S H

P a=kcos@—1>b=ksinf > NX;qQHc™ #771 °
N _[(1+a) —b ] X FX]
N =0 Y el @-17)
B2 wvaE 2 A A A e E B i aE 2 - A e & ik i[25] o
—FE_'— ‘»E' /éfﬁ"t ’}}3—&’—]/#%*}“] m% o l =24 ;P— SO - (X1:Y1; - lxglx\(/)')T ’ E]lJ

s1=50 = (X1, Y1, ., X0, YW) /83 = (=¥, X1, e, =yui%0) " > 85 = (1,0,..,1,0)" -

s; =(0,1,..,000)T > 4@ 2-12 %77 » N(x;q)7 %7 5 :

N(x;q) = so+Xiqq:s] (2-18)
BRIES G5 o @ % (2-19%F 8 (g4, 92,93, q2) 1 Steepest descent imagez if 1
steepest descent image? Inverse Compositionaf & ;= » & *

ON

D)9 = VAo 3o — B2 [Bees, 4100 VA S| AGO (2:19)

™3 p %#ceh steepest descent imagg=1,2,...,n
ow ow
SDj41 (9 = VAo e = T4 | Ees, H0O VA S 410 (2:20)

Hessian matrix¢ % Inverse Compositionaf & i ¢ & * )2 3+ & 5

H =¥, SD(x)"SD(x) (2-21)
CERT SRR

Ai = Xxes, Ai(x) - [IIN(W (x5 p); @) — A ()] (2-22)
AORTE R AR KRR AP 2 (SR A SR B o
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@si = (v, X0 9T )53 = (=yf,x, o, 0,4

NS Y

S e

\

7

(0)s3 = (1.0,...,1,0)T (s = (0,1,...,0,1)7

B 2 -12 s a4 a) 5k v 200 98 34(5)

253 B

b

B GAE AR @ R E G B B - B PRBRBL S

S RE 'F'-l‘ iﬁ?ﬁ)ﬁ?’;@\@ﬁ %%fié;}éi.i—», W’ﬁ’&(gradlent)()ﬁ”]\-l‘%

B (gradient Y)5 48 o o 050 i 25 HOR R G (bo B 2-13)8 B MR B0 B2
SRS R MR P A PR GO R BB R S S -

HAp ke o
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W 2-13 - H4F 4 B i

ERAZY-Bigr:E > BEL > HREEE RIS A WA A G i ik
Fizo 3B E S RE P i%%J%mﬁ GtE M HE B RS 25 ®I'%
MLA AR EE R Y A hE 2 B B s S B R O Bic(Probability Density
Function, PDF) # & 1 % # /4% & #(Cumulative Distribution Function, CD -

BF L MR GA R S % 4 A 5 Sdicd 0-12c +3] 0-2554 [ » 1 -8 e

R I S TIRTE A IE BR80T @IS S BE R

254 Bk KR
N R O S B S N Pk i [
| 351 B 154 ()3 B B B 11VA4,
Il R B VA7 5 R B hi2 T

ON

3 (x; O)mJacoblan—i P>

IV. d (2-19)¢2 (2-20)3+ & < % 7 steepest descent imageb;(x) {-SDj,.4(x)
V. d (2-21):* & Hessian matri
ZikiEse

(DN Q)2 WG )2 R 4 > - 3 %% 5 (NW (x; p); q)



(2). %2R GI(NW (x;p); ))& 7E > RBI&

(3)-3+ & 4 & if(Error Image) I(N(W (x; p); q)) — Ao (x)

(4)-3- 5 Xx SDETHIINW (x;p); @) — Ag(X)]

(5).¢ inverse Hessian matri¥ & Ap¥ Aq

(6). L #75-8(N e W)(x;p, @) « (No W) (x;p,q) o (N o W)(x;Ap, Aq) ™"

i ANiEARSE R

AR G AR 2R PR ERCPESTIR T 0 Piecewise Affine Warpingli-<
TR R 4R T 39750 0 B G AR G OO R By e
TLF G 23§ F PR o B AR GRIL R, 1 A1 3T 0k R Sy AR
LM RIL G PRSI AR A SR e R SR T A RIS
FREE L A R RIS R R R A PR T R A R Al T AT

L5mm e

|
et
~=be
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A

FOABRAFRE VO BRAFRES 2

PR R D - B A G IR (F AR e £ [10]2 & R B0 A

Jis

<
F_*

4 R £ ) % 5 B yEEL S 2 (Facial Expression Recognition with Ratio and

# -

Intensity Estimation, FER-RIE) & & eh% & #-2f pb 3 £ 2 3§ &

+ 1

S PR D B ATE S S % X 5 BVt A L RS MR

Exy

31 AGAFREVHZ BRARME

@

b fAANENE A i.%{Angry ~ Disgust~ Fear~ Happy~ Sadnesgr Surprise-

ARy e o A% EAFF N LE B b —&r?i ?@: ...... FEhEFT
HIRE T ben fﬁﬁl}ﬂ\z\ o dr i du ip B4 ¥ it d s T}”ﬁ {"5%‘
oBdet R R LR R A e T A A A AT AT E L T

DR e A w B R L AR AR RO I A 84 % A R

7}@%7’\7\ Frent GIR B MR AR E R ROA TR TR IUT m—ﬁﬁé

Upside |
Texture | N Facial Facial Expression
Feature | Upside AU |4U , E acia Ratio
__Il* Detector EXP ression Recognition
Downside L ) stimator I Result
Texture | N Facial |
Feature | | pownside AU AU iun Expression |
Whole — Flace Detector atio |
Texture |\ d Expression | Facial Expression
Feature I Intensity Inte-nsity
| Estimator | Estimation Result
| |
N e e e e e e e e e e e - -

Facial Expression Ratio Recognition &
Facial Expression Intensity Estimation

Bl 3-1~ A% 4 HR & b2 3% & 548 % H(FER-RIE)
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B AR~ 20 (4 A ACHTBN B e 4 s TRl B 4R A

WG R G R o T eE -6 PRI 5 B 2 P ehiE (7 R o

32 A3GRIBIEH S
AT T AR R TR R g A P SRR R o d S RIS
g I AKDELR T oA AR BT R IR E
(I SRS Py S ¥
i = Yxes, Ai(xX) - [I(N(W (x; p); ) — Ag(X)] (3-1)

Fg(31)F Ag(0) E B G A(x) 5 A % RILE L Bk

ek

b

IINW(x;p);q)) 7 2% 3] A 3 L3225k en L sg @2 i o F]e IIN(W (x5 p); @) —
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& $8 4 % A8 e & # 4% _Cohn-Kanade Facial Expression Databasg 3 78
A A G B TR H B 8 AT RBAU) TR gD o pIRFERE
FAAMNE RIEEOR A F B EL(AUC) - EB2 2R L LENALFER

ZHEPRY MM TR IRAFRBEL ﬁ{i@;&#ﬁrﬁu FAhment TR
MEFBABEL 7T KO s F Dt T g INE F S B S A KRR 1L g 38
LA LA - S R BRI L LR AR 2280 ¢ 32
AU *3Radale o B8 fF 5 - fp2 2 6P ENEF MM De 384 s e
é‘, °

APEHT 6EF L FG I TR L doR 3507 0 XER T T T L
B R (TS b B 3-6 “ron e Bldr B 357 e AUC_upl:l+2i% 4 e f_H
LB e (TG e L %HhEeld Action-Unit 1(AUL) 2 Action Unit 2(AU2): ‘e
* 0 &R 3-6 ¢ (H AUC_downl:12+25% £ el % L 3§ 6 30 (T % e & sl 1

4 Action Unit 12(AU12)2 £ Action Unit 25(AU25) = & -

AUC up3:1+4

AUC up4:4+7 AUC up6:9

B 35~ Lif5 I0E N2 6 d (FHB 2 & (AUC_up)
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AUC_down1:12+25  AUC_down2:14+17+24

-
-

AUC_down4:17+23+24  AUC_down5:17 AUC_down6:20+25

AUC_down7:25+27
B 3-6T LiFa E D2 7 BTG e L (AUC _down
342 ¢ IE (T s e & 82 4 MR
#_CohnKanade Facial Expression Datat [33]:£ o} e s 5L o7 B3 o)
Tk FRE TR e £ 8 AR W R R TR T G 3R (TS e b
A e R NBERBEEGTE - AT § Okl 244 T4

Boo RypH By i 23124 32L& 4phia O £ &R o

F3-1- F LG N (TS R 6 8 A R I

Angry Disgust Fear Happy| Sadnes | Surprise
AUC_upl 0 0 1 0 1 0
AUC_up2 0 1 0 0 0 1
AUC _up3 0 0 1 0 1 0
AUC_up4 1 0 0 0 0 0
AUC _up5 0 0 0 1 0 0
AUC_up6 0 1 0 0 0 0
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AUC_down5 0 1 0 0 1 0
AUC_down6 0 0 1 0 0 0
AUC_down7 0 0 0 0 0 1

>

{

Mo v B4 i I #ﬁ‘fﬁ:ﬁi&] *iE R A T e (R J%Jt‘i B0 iBAATR g
i A ;Pgﬁfnmﬁi%]:" Ba-lF12RFeAPR0K: PR ’i&sﬁomﬁﬂ |
T3 T 20 30 TR G S AR R D 1R A AR FIT 0 R 4
AP R AR 0 B AREIT LR A A R AR R FEA L (T L A W A R 400 b
FE el
35 ARG AR &V bR

FER A AR 0 Bl B L SR R R b B A iR

TN

A AR AR R T b RIS AR SN LR 2INh A g
i?| H o Flpt 0 AT i R FACS[IO0JhA 4k #- 4 s i A 1 T 5 2R 0 R

d it igma LR T L §m/\ eyrnH A Lol 0 FERE LA FE

o AEET b oG gDt TG 3G (FRA(AU) b e A R A (£ 31 4
32y 2 LR A g b AU £ ehfp u/;;;—x»,j}b? v AR R e 1
:"fkﬁ;ﬂ?;{ﬁrm/‘gﬁ;gj'g\’ﬂb}aié ’H‘Fm’ﬁ-z\]‘ ﬁééﬂ\ rﬂLL

se



P AR

ey

o —H’}r FT AU ng#gﬁopti FF&«?BBN)L(z\ 33){

WA TR 2k KR A edp R o 4ot j\)i% FORE A B BRLBRINA A 3 $HAF
Fed Hmi DiEg L 2 ELE X HE B L R o
Flobt o SRR 0 AL G R DRI TR AU e g 2 dp iR
T r o AP NZ I B A RN - 308 5 2RSS B e
L AT R RN LT AsgiEL s pwuly P T AU ‘gg_g;;gga D P
AU & E s T G AU B A A B AR AR DA o TR A
@*E%Qﬁﬂﬁﬁﬁﬂ‘%%%ﬁ@“ﬂﬁ%#ﬁ%@37%ﬁo&Q’ﬁﬁ
B2 PR A TR A AR o g™ kAP ¢ Fimsit % - T
Bz A gk
[ T — sy, =
AU |
up | I
| Match Basic Totally matched (1)_; |
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| SE—
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| I( Jor(2) Recognition Result
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> using > |
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| - @@ of Expressions ‘_...I
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6 Di Di
351 2%iEL
oo e aREs A GE T TR NG TR B e 5 L AP ATRTE

e w R T g I0E TG e S BT R fAc Rk 3-3477 0 R A T
5. An=Angry, Di=Disgust, Fe=Fear, Ha=Happy, Sa=Sadn8s=Surprise &4
AUC_up sh¥# % 5 ¥ AUC_down shsasi-1 45 e 7 %1k 3| Happye

FLTAU BN LAY RR el A AR T TR - A
ZH(R %4 33) 2 FT AU BEFL LB —']‘B’KET"ﬁ 3357 7Kj}i‘_\miﬁbz_¥}j\
# I i i (Totally matched) » $F /& ] 4 & & -5 100%H i 5 0%~ e 5+
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AU e £324 4 A B2 enzb B o > 7RAEG P oo 3048 B A A A& FiE i
(Partially matched) > & % & rrzn & 7% % B(3-3)iF i o

AU _up_max AU_down_max
— 06, O 0.6 (3-3)
AU _up_max+ AU _up_sec AU_down max+ AU_down sec

H+¢ AU up maxi o 3RAU &2 & ﬁ%l o kB A0 AU Uup Seci & - g A e
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PR RAU L g A e

AU _up_max + AU_down max
sumAU_up +sumAU_down

score pl[i] = X /AU_up_max x AU_downmax (3-4)

AU_up_max + AU_down max o ., .
He w2k F F oo E5  2p
SumAU Up +SumAU down © * 7" 'AU_up_max + AU_downmax ¢ #73 ﬁi”"] 2
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352 F T GEp
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BT s R A 3-1- & 3240(3-5)F & I isdn A ciE A o i34t score_p2lj]
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scorep2[j] = X2 X, xu(i, ) (3-5)
353 T LigzEi

OB EA R 6 20 AU b AL I & A 2 5 35
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BdEs > - R A 3L & 3-240(3-6) 5 g mﬁia?l iR AR Y Rk
score_p3[j % j & i an®=s AU down[i]z % i T & 3R AU & & ﬂi?l A
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T3 BT 6 30AU & dl iR S e

scorep3[j] = X2, 5, =l x d(i, ) (3-6)
354 &=L
PR1S M2 R el d1 R 40 44(3-7) NS M S ¥ i # score_p2[i]=0s
score_p3[i]=0A1 M=0 - N & M #73k 5 <>t 1> N3 ¥ EEE L A mﬁ;l Sl VAES

Wikl MBIEF P AU B8 BIEIIR - A FRREA Ao o

scordi] = Y5 (scorepl[i] X N + (scorep2[i] + scorep3[i]) x M)  (3-7)

BFOFLAFERYF ERT LT bl4e Happy# ¢ 57 Sadness k¢

o ]

o AI* 4 3-4 ﬁf‘u? #- Happy#? Sadness F J1 B FA54R 5 282 3 4e 12 { 1

arg‘fﬁia?]:". ik B A 5 Happyie Sadnesih] N R S RRRIEEER -

FEL b AR N U

ﬁ}»?éi&f%ﬁﬁfﬂ ,ﬂ:ﬁd%a 51 5 A\MFUEL%F%]

%R £ 5)(3-8) -

ratiofi] = ZJS:Z—?;]EB] (3-8)
% 34~ L HHERK L2
Angry Disgust Fear Happy Sadness  Surprise
Angry 1 1 0 0 1 1
Disgust 1 1 1 0 1 1
Fear 0 1 1 0 1 1
Happy 0 0 0 1 0 1
Sadness 1 1 1 0 1 1
Surprise 1 1 1 1 1 1
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Facial Expression Ratio
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4. JIH LK I RE D DT A( 2 FAEE 2 A DR TR E TR

AT R R Tl o B &R R B R

B PUR FALE S G AP E PG G AU g OB R TR R
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Low[1i]

Whole— Face
Texture

Feature High[1i]

Input Layer Hidden Layer Output Layer

B4-4 ~ F 58 R A4 SR

I HIE s gl F Bl SIS 1o (7 B/ B S I NE S BN HE R

m

B
AR 0 VB~ 20 M T BRSO 2R 5 (High)ds (Low) B A o
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4 ,r,ai(ﬁg] »ESFAAAEFREY - B)PF A o JLpER Y 18 B A A E 903 ih
BN AR gy~ o TR DR R D R R RS - B
4-5 % — B B 7 c0ipl3E TR 4 Bl (Angry) ©
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B 4-5 ~ CK+ F L BRI Bl e 0

F 4-1~ B A A R R A B % 5 (Total)
INPUT
Angry | Disgust| Fear | Happy | Sad |Surprisg Total
Angry 15 0 0 0 0 0
Disgust 0 14 0 0 0 0
Fear 0 0 14 2 0 0
Happy 0 0 0 13 0 0
Sad 0 0 0 0 13 0
% Surprise | 0 0 0 0 o | 15
g Other 0 1 1 0 2 0
Correct 15 14 14 13 13 15 84
Wrong 0 1 1 2 2 0 6
Total 15 15 15 15 15 15 90
Recognition
rate 100% |[93.33% [93.33% (86.67% | 86.67% | 100% |93.33%
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& 2 % (Sadness, Surprise)
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# 45~ B g2 MR A RR R RS %[34]

Angry | Disgust | Fear Happy Sad | Surprise | Total

Angry | 93.3% | 13.3% | 3.3%| 0.0%| 3.3%  0.0%

Disgust 0.0% 83.3% | 23.3% 6.7% 0.0% 0.0%

Fear 0.0% 0.0% 66.7% 0.0% 0.0% 0.0%

Happy 0.0% | 33% | 00%| 93.3% 0.00 0.0%

Sad 6.7% 0.0% 0.0% 0.0% 96.7% 0.0%

Surprise 0.0% 0.0% 6.7% 0.0% 0.0% 100%

Recognition
93.3% | 83.3% | 66.79% 93.3% | 96.7%| 100% | 88.9%

Rate

Gl B Y Y [34] 4 B S CKEF R A iRt 7 £ 457 13 445

T2k R ORR A RS R R AL

F AP it CKHF R [ A h > #rik ) e B 02 Ayps & i
G R PFZ & TRt RIER * 305k A AL AR f 2 155k R & & - (CK+
FALE AGLP £ 5 H) 4 %W - & 453 A s B iir 3 gﬁ] x o ::A@?I I epl iR
EHREN AT (L 45 B NSBEGME | 2 & Fmaes AG
P EREE T STDRIGHREL - FEREAET OB AT LIRS -
BAMPRES AR ED AL F 2 THEALLIORR IR AL F2BEL2 P
(1.5 Stdev)® 5 2| %R 8@ I 4 4T L PR EFEREA L% THE AR L

AEEF2Z1BREAEES 2B F 2 p(1Stdev)® 5 2|4 #1811 & 4-8-
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Fo 4-T ~ A %% 4 FF5e B s B K0t 2 % (1.5 Stdev)

INPUT
Angry [Disgust| Fear [Happy| Sad |Surprise| Other | Total
Correct 5 5 5 5 5 5 13 43
Wrong 0 0 0 0 0 0 2 2
Total 5 5 5 5 5 5 15 45
Recognition
rete 100% | 100% | 100% | 100% | 100% | 100% [86.67%|95.56%

F 4-8 ~ A % 4 FaR B FEAEI R L i 2 5 (1 Stdev)

INPUT
Angry |Disgust| Fear |Happy| Sad |[Surprise Other | Total
Correct 3 4 5 S 4 4 1n 36
Wrong 2 1 0 0 1 1 4 9
Total 5 5 5 5 5 5 15 45
Recognition
rate 60% | 80% | 100% | 100% [ 80% 80% |73.33%| 80%

A5 & 4 HW GlpRB e
ERCR L LA

G0 v CKHF AL R [33]% A 3 ik o) i B 2
AL A H) 2 AR A DI A TR o L RIER ¥ 8RR & AL
B IT B R A RE R R AN SR AT R PR AR
M4

25 A e ATt R %k o w25 A chEW A F L 25 K~55K 2 7 > § 13
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# 49 R G ARSI RRE s % (1)
Angry Disgust Fear Happy Sadness Surprise
0% 50% 0% 0% 50% 0%
%410 R &2 HREE LA 525D
Angry Disgust Fear Happy Sadness  Surprise
Average 23.2% 37.6% 0% 0% 39.2% 0%
Stdev 26.1% 29.45% 0% 0% 39.26% 0%
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Bl 4-7 2 & &R

137 B 4(2)

F 4-11> R B2 RRIEE PREE AU 5 (2)
Angry Disgust Fear Happy Sadness Surprise
0% 0% 80.1% 0% 19.9% 0%
%412 R EENHREELEA ELEEQ)
Angry Disgust Fear Happy Sadness  Surprise
Average 6.8% 19.6% 38% 0% 32.8% 2.8%
Stdev 17.01% 21.89% 41.33% 0% 33.85M0 8.43%
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R & & FiplE B R(3)

A R R I 5(3)

Angry Disgust Fear Happy Sadness Surprise
70% 30% 0% 0% 0% 0%
# 4-14~ R & L FRIEF A 4 %50
Angry Disgust Fear Happy Sadness  Surprise
Average 61.2% 36% 0.8% 0.4% 1.2% 0.4%
Stdev 29.91% 30.55% 2.77% 2% 4.4% 2%
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& 2RI PR 1L +(4)
Angry Disgust Fear Happy Sadness Surprise
0% 0% 50% 0% 50% 0%
# 4-16 ~ R & LA [FRIEF 2B A %54
Angry Disgust Fear Happy Sadness Surprjse
Average 1.2% 14.2% 43.6% 2.4% 38.6% 0%
Stdev 3.32% 20.29% 39.36% 10.12% 41.22% 09
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Bl 4-10 ~ 7 & Hipl:E B (5)

%¢ﬂ\m$%%W$%ﬁﬁﬂgH&

Angry Disgust Fear Happy Sadness Surprise
100% 0% 0% 0% 0% 0%
% 4-18~ B & £ FRIEF LA 52505
Angry Disgust Fear Happy Sadness  Surprise
Average 55.4% 31.6% 2.8% 0% 7% 2.8%
Stdev 33.97% 34.6% 8.91% 0% 14.29% 10.61%
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B 4-11 ~ 58 & 4 iFp3 B 1(6)

e A PR L5 % (6)
Angry Disgust Fear Happy Sadness Surprise
0% 0% 0% 0% 100% 0%
# 4-20~ R & L FFRIEF 3 4 % 5%(6)
Angry Disgust Fear Happy Sadness  Surprise
Average 16.2% 31.8% 2% 0% 50% 0%
Stdev 25.71% 37.83% 7.07% 0% 42.91% 0%
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Bl 4-12 ~ R & A HpE B (T)

3 4-21~R £ % '%iﬁlléﬁ%’%%*@?] 4 5 (7)
Angry Disgust Fear Happy Sadness| Surprise
0% 0% 50% 0% 0% 50%
2422 R EEFRIENER G ERT)
Angry Disgust Fear Happy| Sadnes | Surprise
Average 0% 2.8% 21.6% 2.8% 0.4% 2%
Stdev 0% 6.78% 22.49% 10.61% 2% | 21.21%
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] 4-13 ~ 7 15 iR 3% B 1(8)
%o 4-23> R E T RIE RS ﬁ%} 2 % (8)
Angry Disgust Fear Happy Sadness| Surprise
0% 0% 0% 55.7% 0% 44.3%
e 4-24 ~ R & EFRIFERED L E 58
Angry Disgust Fear Happy| Sadnes | Surprise
Average 0.4% 1.2% 2.8% 37.8% 2.4% | 55.4%
Stdev 2% 3.32% 10.21% 34.94% 12% | 32.4%
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51 %%
AHmET RN - BERFEFER A H NS onayERd 3 ’E"?‘F’f A 8 & R
Eb bl & R R 2R KA1 A B BT (Active Appearance Model, AAM)
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