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Development of Emotional Feature Extraction Method based on
Advanced AAM
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Abstract

It is a key element that the problem of emotional feature extraction based on facial image to recognize a human
emotion status. In this paper, we propose an Advanced AAM that is improved version of proposed Facial Expression
Recognition Systems based on Bayesian Network by using FACS and AAM. This is a study about the most efficient
method of optimal facial feature area for human emotion recognition about random user based on generalized HCI
system environments. In order to perform such processes, we use a Statistical Shape Analysis at the normalized input
image by using Advanced AAM and FACS as a facial expression and emotion status analysis program. And we
study about the automatical emotional feature extraction about random user.
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3t 1. Facial Action Coding Systems
Table 1. Facial Action Coding Systems
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3 | Upper Lad Ranser | Levator palpebras supesiors 15 Lapss past™™ D"’f]fi‘f;ﬁ'; ":‘rrabk"_i;’lf'zﬁ""”
ol R e . o Masseter, relaned Temporalis and
o Eﬂ O = = =) - 2 Ex ool 3l olu ] Cheek Raiser Orbicularis ocuti, pars orbitalis 24 Jaw Drop intemal Prerygoid
Texture Y2 Eo]—‘]“x]— o}‘_ 10 © "'Oﬂ EH s ] ] 7 | Lid Tighieoer | Orbicularis orub_parspalpebralis| 37 | Mouth Swech Prerygoids, Digasric
Aol 44 9] Pixel IntensityS 3}, Shape E@o] A< e % | Lipsuck Onticulaicors
EAXNE 19 YXBAWNE mEst= Ao HEle] Pixel 10| UpperLipRaiser | Levator labii superioris 41 Lid droop “’:““"“"":]'T_];“;‘l’;;' palpelae
Il’ltel’lSltyE _T_’Eq 6]'();77\1 -.—_|—;<o] —7‘—? }\é"_ 5’]:)‘]'3 ]EHKE]' 11 \D:!:U::':‘ Zygomaticus minog 42 Slit Orbicularis oculi
y Lip Corner . Rel fL ebe
T Atk Texture 222 Shapest @ 29, FAOGH) 2| e Zygomaticusmaor | Evcio [ eang o pes e
Eu‘+°ﬂ gstez o]E FHAslelr] 18 Normalization 13| Chesk Puftec "[‘;‘i"l?:;.nu";' “ | Seun | Orbicwarioculi pars plpebeali
#Ag 7 of gt} Scaling factor : «, offset factor : 14 Dupic o 6 | mme o
a]_ st LIH Norm. —v}_xq o O]‘EH /\/\]J/]_ %:}];]_ 15 62;!;:; 16 Wank
16| Lewalp
Depressor
Jim [} 1 colu] % 17| Clon Ranser
g="—— gin:olFA| Texture data (14) 18| LipPuckerer
« 20 Lip srescher
Norm. ¥4S A% Texture data goll W3l Shape &
93} B PCA #4& Fa) 48A 2 Fav
o] Ayl 7k = n A
chEel A 2. 3. Mot gma|E o7&

g=g+op, (15)
3.1 Linear Discriminant Analysis
Linear Discriminant AnalySiS(O] 3}, LDA)= PCA¢®}
A 54 wE 2 F4& 7 F v, 54
ol EAlE= the] & i§ 7Hste] S~ 7F 74
S g FA4ke] HlES Huglels WA SR do]E
3 54 wWEo 39S H2A71tH12] LDAE 54 W
Elo] A9 FAE $d BAtE S ERee
(Classifier)9] 9845 433 4 13l
Sample Hlol8] WMEE X, F9(Projection)A] 71114} &}
A5 Z(Principal Axix)E Wt st 2418 A8t

®,+= Shape 29| 4--0F FUsH Textureo] 3|
thete] PCAES 483 Eigenvector®] ol b=
Texture 225 F@sH7] 9% defrjgfoltt. b o B

et ol HEL 4 v
P

r
rf OH ot

éﬂdé

N,

=
I

Hm

v=wTx )

B ool &3 NHS AES 9 B0 B

&l 2. Texture Model A4
Fig. 2. Creation of Texture Model _ 1

m, =— X
! NXEu)‘ (18)

2.3 Facial Action Coding System ) .

FACS: Paul Ekman¥} Wallace Friesenel] <J3l 1976 EZTV E Y= N E W'x=Ww'm, (19)
W Alcke da 1A B4 VMo 5 BEgR Abe Y=u o
o @ IFell WF SRl £ Fete] 46749 9 2 (D3 (189S E3) £ dloje] F4] te] AYS
Action Units AAsta o]& 7|Wto 2 dEiAS 24 3218} et ohEo 2k
= AtHIL ol ¥ 12 Action Unitoll th3k Ao} & o
f 9% 25 99 vl grHiol Iy —mol = 1 m, = W, 20)

¥ 19 Action Unite 74 Ed Al 3ol I &5 = W (m;—m,)l

836



ol

2x|S5A 2

=

o

F5| =&%| 2009, Vol. 19, No. 6

J

21 (19)9] 2345 54852 s 4§
4 2 A FH ke BAS mEEH] o] wE
°]5 1#3 LDAZ A It
Normalizations} e 6]—‘{!:3 ®35ta o] HHEFE HUg)
She wAS AT 247te) Zazol BE RS A

o5y, The}

si= 25 (Y=m)’ 1)
Yeuw;

TR (s5,+s,) S AFGEE] Fefs ) Batolgta &
th. LDAS] 24& 258 93 2o 2435g Jojg
371 943 wE e Aotk EXg: J(m) e ved
¥dy

I, —m.,?
(W)= (22)
(S%+S§)
2 (2008 w4 Pdo] xFE IR thA] BE o9 ot
& 2o
= S (WIxX— Wim,)? = WIS, W 23)
XE€uw;
o S, =(X*mi)(X*mi)T

o W, si+s,=WIS, Wt AL, wEi R
(my—my)? = WIS, Wl ul, S,y S5 Zell= Ul 22 2
P 7F BEAlom Aok 4= gt}

HAEHoE AN JME Sy, Spol Foz Aot

wrs,w
= (24)
wrs,w
Hdjst st FE wE e
d 2F7t 7hsEeh ols *63
gAY S olgste

s

o 4 (23)9] %43
7t Fahurt sh
37] $1ske] Qs

5
mlm

m“i:lri
o:{oo

e Agad e e Ao} e,
whs,w |
W= argmaxwm= W (ml *mZ) (25)

T BE WE ERGuANE Y F
o

)
of W FIN A}
F

3.2 Advanced AAM
712l AAM9 458
Texture Model& 7|HFo & ﬂHE%} ogas A=sl] 9
 Pyow B =Roqi LDAZ Agdte] FEeax)
%‘5‘:} kA 31X4°ﬂ/‘1 At vpe} 2

n\' FH‘

o

o]

£ 9% &5

A A dE= -} Landmarkoﬂ/\ﬂ A} H 07 = °§‘—"‘i,"
9 dHel AFE= Sl T Ae 55 2 34
AF F87t dok

3.3 FACSE ol &%t HAM 57 &4
AAME £3) ZAAAE 93

Model 9] %” oIF, 2 AE 5 Gl 54 »4, 2
]

ﬁ;g E@‘ ]Hé]',] 7(4.9.0]1;]— O]—E ol}ﬂ /\41355]_ 23z44

FACSE %53 % 7 6%011

%H“ElL 7 J‘L Al L%é} Qb el &yl

Sl Oi*/ﬂ .Q_ﬁ].E o]/k]

@47} L ¢ AES Bk ohe E 28 V1R 634

o ¥ wmie] AEdeld B B HeHE FL

Action Unitell tigk A olE yebllar vk

m U‘”'

X 2. 71¥ 644 7|9k =2 Action Unit
Table 2. Main Action Unit based on 6 basic emotion

AU # Definition AU # Definition
1 Eyebrow Lower 5 Eyelid Lower a little
2 Eyebrow Raiser 6 Mouth Corner Raiser

Mouth Corner

3 Eyelid Raiser a little 7 Lower

4 Eyelid Raiser a lot 8 Mouth Open
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