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1. Prepare a training set.
2. Subtract the mean.

3. Calculate the eigenvectors and eigenvalues.

4. Choose the principal components.
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Spr = AkDr (2.32)
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X =AS (2.34)

Y P
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Synthetic Aperture Radar image feature extraction. Experimental results indicate the method can
improve the recognition performance slightly compared to PCA and ICA.” (XiaoGuang Lu, 2008)
a o 3 1 1 a 4 1 1 4
TuamAdeitegudu I luaumsinsiziesdsenouais 9 vesgiarelunih ive
Y o Y A a a =2 as 9 o 9
t’fiNLL‘LITJi]'IﬂENT]JWH']‘VI?Jﬂi%ﬁ%ﬁﬂ'lwg’f\i TagazmMsAny1ITMIasuuuTIaeluniimig
gaalu 3 gﬂ HUU Ao shape model, texture model Ll @& appearance model FavenIng
= o Ay ¥ ya 9 o Y axy a 4 J
Lﬂ%umammumamﬂﬂ Tagn15 1355 a3 19 VVTI009A2825NI5 AT IZHOIAUTZNO U
o = v Aax a 4 4 a = Yy I X
nan Wiewneuny 3505AUNTITHIAYTLNOUDATE FINANITNAADIISUAAL INIHUDY
a a o A 9 Aax a 4 4 g’/ =<
TJSZE‘T‘VI‘EﬂTW"U’E)QLL’U‘U%"Iﬁ@\WInlﬂiﬂﬂ’)‘ﬁﬂTi’JLﬂ31$ﬁﬂﬂﬂﬂi$ﬂ@‘ﬂ°ﬂ\‘]ﬁ’ﬂﬁllﬂ‘ﬂ JIUDIINIT
0o Aax a 4 4 g/} 9 1 % A Y
PONUUVLUINIIUNTUITMT IR 1oAY nounsauuu lsusuny el
9 ° ] a o ' ' Y A
Fsodi Ny uIIaeluniInNT N1z elseneua il ﬂl@ﬂgﬂﬂ?ﬂiﬂ‘ﬁﬂ?ﬂﬂ

[ Y
Uszaninmigeanld

2.4 UHUMNANNEGN (Stereo Deptmap)

. .
gUunuzau@n n5e Depth Map fog1l Gray scale N 145zynnuanveoegl Fuilu

q

e

s 1 1

o 7 ) 9 as a = Aas <
AAANTIINNITATUIUAIYITNITIRNIS Tﬂﬂﬂﬂ@lﬂ”lﬂ’ﬂllﬁﬂ%gilﬂ”lﬂﬁlm 0-255 Tﬂﬂ?ﬁﬂ?i!ﬂ“ﬂ

] A 3 = R = ) A o a A
VYBUA 8 VA (2 = 256) ﬂ')’]llﬁﬂsUf’JQ'N]fJ"D’%V]ﬂﬂﬂﬂﬂ“u@ﬂ{luﬂ@MW'}Lﬁﬂﬁ Iﬂﬂiﬂuﬁﬂlnnﬂam

2 A o = Ao R A 1 a =

anau mandaiunan waz@dianige Tagms lamadaiuanudnyoauuinny z 013

o ] = 3’; =) as 1 9 = o v

MurauruglaNuaniuiiva1es ualasuineglangunisaiiuanglassyuued
. . I v Acdq Y oA ' '

Stereoscopic reconstruction 148 Graph Cut tiuau Tuuianstinleginsalous ¥2e 151 210

o 4 a < 9
Uad 1Lty LLaZEJu‘Nuﬁ/] ﬂ]ufﬂu

317 2.17 Medumunmanuan@i) MngUdunnuEs)

(Andrea F. Abate, Michele Nappi, Daniel Riccio (L8 Gabriele Sabatino 2007)
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2.5 Rasberry Pi
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M13197 2.3 NINAUANTANIINI831/Y09 Raspberry Pi

Power 2.5 W (model A), 3.5 W (model B)

CPU ARM1176JZF-S (armv6k) 700 MHz speeds up to 1 GHz.
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51011 2.19 1AT09INUH1N Raspberry Pi (http:/www.digitaltrends.com/, 2556)
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2.7 TiJsunsu Microsoft Visual Studio
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2.8 115un33 Matlab
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317 2.23 Aee19 1150051 Matlab (3NWAY,2555)

g @ 9 [ . ' o 9 [
uon1nii 1151051 Matlab 6901915 0UNBITZAVF FIFI061UI0ANNAZANTINTY
A o o Ao Y Y o A ' v o
M300n0UY 11UsunsumeiINIsAIUIBNFUFOU HAITITINITUFONADAUNITINIUYDI
Y
EY Y ' o w o
Tsunsulunipi C#, C++ nazlava laonale uayadosdinyvesTlsunsuiine N5

g}./ Qy A v o = Y [ P~ s a2
uuﬁmﬂamwu’mmmmuamlmﬂ%nmmﬂu‘ﬂhlmﬂuL’Jmi]iﬂ

D
o

T0 tran v W gt o "
= (nen

1Ll 2 o vrary tonarns wvmpuss

Woe T
tor 33 = Liw [

-yt

o e
Rdie ey

v

@ e s oot v Sy Ot

3?‘!:'.:12:.‘.".'.':'.

- Ll e

319 2.24 @2961311/5Un5UN YT Matlab (http://www.mathworks.com/, 2556)



30

a v d' d' Y
2.9 N1UINNIVDY

Tumsanuimsaavusiaeslunthawiia laeldnszuiuis AAM drematia ICA
ya o Y o = Y F) a o A aAa Y @ o o Y aa
Aavelaviinmsaniduahaudteluefaiinerdesnumswanuuusiaeslunihawia

9 ay 9 a [ A =~ = [ g
Tagldnszuauds AAM demaiia ICA aeaglluasiei 2.4 uaziisneazideasne 111
av Y o ast a L 9 9
MUITBUD T.F.Cootes azame (1998) lariuausisnisinsizv luniilagniseing
A
' A A

o Y Ax ¥ YA ' . o
nuudaesluninnungUsraznuig Taeliyea1 “Active Appearance Models” LULIT1A04

u

2 Yo @ ] 9 Y Y awv Y o 9 awv 9 Y
u'lm‘umiﬂmﬁuaEJNﬂ’JNGU’JN“VIﬂuQm’mﬂizngi]ﬂ,uwumazﬁm’mﬂmumiﬁiw

HUVTIAIDY

MUIP8UD9 Marian Stewart LazAne (2002) 1aauen1s 1y ICA unu PCA lunis
a o Y & Yy 3 9 A A o < 1 Ao o
wnszdsdlumi Fwaasdimudeyanuiaulaneinugaudazyasoundidyves

ax =1 [ Y Y U a 4 1 = 9 o 1
N3zUIUID ICA euny PCA TaglddoasliinsinizislaesdoyadiAneodlu phase
spectrum A3l ICA

U384 C. Bugli and P. Lambert (2006) laviinisifSeuieounsldnszuiuis

@ [ a 4 U a 4
PCA 1Hguny ICA Tag¥i1n1531n512 190y a Electroencephalograms 19852131011531A5 124

o { o a 1 [ { g 1

daanulas PcA A laTuanuiisuua lasudeyaniluilse Temideoniinis 14 ica Taslu
af Y o Y ad

nildiiauen1sn IC A1835 JADE

Qv . . h Y o I Y o
MUITBVDA Christian Martin tazane (2008) 1arin1sanyiaudiu il 1dlun1siin
o a I { o . X
szuumsinlumih ) 1douluagiluedonsss Taodluszpunhauny real-time 3918
A Yo ! o ) ¥ g v A a ~
BN 19ITMILUY AAM TAg3121N13UUUIZVU mobile A8 robot W I se@nTn NN
'?1
3TU398Y09 Chun-Wei Chen and Chich-Chih Wang (2008) 1831114835015 19914
) (% 4 Qad‘ 9 asy [ an o Y o =
puvaeglanvalawianainelagdsnms AAM numsseygaedia Mlunsszydiauil
a A da! 9 1 Y] = 9 v Y] I 1
ﬂixamquwu% uamsdanmsanulasulasamnediauiluilyied
UNAMNINENNIT0UTLNVAE “N” UNUNUIFBVDI T.F.Cootes tiazaasy (1998)
“9” UNUIIUIVY Marian Stewart LLAZAMUL (2002) “A” LNUIUIVBVOS C. Bugli and P. Lambert
(2006) “39” UNWIIUIVBVDI Christian Martin BAZAML (2008) “9” UNUITUIFBUDY Chun-Wei

Chen and Chieh-Chih Wang (2008) ttaz”n” unua1139e m3siasziamlun 3 66 dwmsy

Y
n133gYNINU uazﬁuﬂumuﬂﬂa (QTH’J%EJ%@Q’JT]EJTUWHE@‘]J‘]J{‘J)



d‘ = 1 a o
A1519% 2.4 mafSeuneuaauie

31

NITUIUMINNU

a d' d' v
NHIVYNUNYIVON

a9 o
NITUIUITATNLUUINAO

PCA

ICA

ANHAULLUULI DD

Texture Model

Active Appearance Model

A
U

anbazdoya

51U luwrh

dayaa Il

NTWAU

Tilsunsuilszynd

Tulsunsualszgng Real time v
siuuunpuTiaes
D v |V v




UNN 3

ad o a\ a v
IH5AUUHUNITIVY

[

av Ao s A o ¥ o o @ ] A Y
J1U7 EJL!?J’N]QTJ?%?N?‘I ‘VIﬂzwwmmsaimmumamgﬂaﬂymiuwmﬁmm 8

QQd’d

ast . A Y ° o o ) a a
15119 Active Appearance Model Lwaal,w"lmmumamgﬂanymcluwmﬁmmwuﬂizﬁmmw

Tumsih ld1dszydrau TasmsesnuuuTdsunsuldawisaaduudaeslunihania
v v £ 1 I
1aTaed 19902 1118 FaluunivzinauefinsouuuifaueIn1sise 35msve uaznioen 1y

Y
lumsive Taelisireazioonndail

3.1 NSOUNUIAAVDINTIVY

v A2 o

a 2 J v ~ ~ o Yy Ay y
Gl‘Ll\“I'I‘Ll'J ﬂuhjﬁQﬂigﬁQﬂWﬁﬂiuﬂWilﬂﬁﬂﬂL‘ﬂfJ“lJLL“]J“]Ji]'Iﬁ’O\?GlUW‘L!'I ‘ﬂhlﬂinﬂﬂ'lﬁ
a < Y aa 9y as a 4 4 [ [ a 4
'Jlﬂi'w“l’iellfliglla‘i/]'l\?ﬁi]@]ﬂﬁfl’)‘ﬁﬂ'liﬂlﬂ‘i'l%ﬁﬂ\?ﬂﬂ5$ﬂ@ﬂ1’iﬁﬂ (PCA) NUNITAUATIZH

J a an o o '
09nUsEnoVddsy (ICA) uu’mm’;‘ﬁ%’mmumamamgﬂgmu Ao maﬁ%’mm‘umamgﬂiw

@ 4

v ° X a v o A A qgya =
AMSASWVUIIABINUAI LazmMTas1auuUIIaedsdanyal uanvnime limunenu

U

' v
o a

o Aa a A Y o 9 Aq YR A a Aan
“IfﬂLfl]‘Llsll’0\1ﬂi&’ﬁﬂ‘ﬁﬂTWV]ULﬂﬁﬂﬂLLUU‘lﬂﬁﬂﬁ mayaﬂmm YUY TDIUALAS TN

3.1.1 psauuHIAANLUN 1 : MaSeueunuudasezils1aon PCA /1 ICA
] = 9 o 1 Aax a 4
yaanueveslisunsy Ae msnaaesaiuuuiiaseglielagiinisinsey
Y

9 aa as a 4 J [ =) =~ [ a 4 o
all’t’)‘J;IjﬁVINﬁﬂﬁﬂ’JEJ’J‘ﬁﬂTS’JLﬂiigﬁﬂﬁﬂﬂigﬂi’)Uﬁﬁﬂ WSeumeunun1sunszesndsznoy

aasz laglinseuuuIAn A9z 3.1

Train PCA

f

m—k Landmark % Alignment Compare

!

Train ICA —>

d' a d' = o 1 9 [
qﬁj']J‘V] 3.1 AIBUUUIAALUUN T : m'inﬁsmmsmuuumamgﬂswﬂuwmmﬂ PCA nU ICA



33

nnnsouuufalsznoulde 6 dau Ao
I ' 9 o o :
) doyagyd (mage) iWudoyagdorelunihdmsuldlunmsadraunuiiaes ¥
I 9 ] o °
amiluglduihase ldmsuats anmuasaiuaue
o I 1 ~ 9 o ] o 1
2)  MIMUUAYA (Landmark) iudauildseydumisvesesdlsznouaisg uu
o ' o o o 4
lunih msszydwmisansonszilaedldna 1y Taemsldwiansenluniduieszy
Y v oo ' d ¥ ) @
Youwavedlunt udr9z 191531981113 Landmark 1uuns139 aniudldamnso 14w
A o ' o ' o A 9 v A 3 2 Ay Yy o =
@onduntiega szydunieludidiungndes]s Weddviuneuiiudrdlddeiuiin

9 [

9 Y, H '
YoyadmsulFluiunousas 1

Y

3) 11315V (Alignment) (Y ud1un 14150 Landmark 1¥og U space 1o U

Y
=) o

umpuilnszinlaoszuusa 1uia 9819 Landmark Neviudeunuld Indifssnuniga Tae i

ee

2

a 9 . .
gmﬁagﬂmmu @203 1913 transformation matrix
a 4 J [ . g dy o v v
4) MIUAIILNH0AYIZNOVHEN (Train PCA) VUABUUNITLIN IA8TeUVOA TUIA
o o & o 3 Any { q o
TagTdsunsuaziimsizongamidesd 15N 1anin TUsunsy Matlab e 14 un1sdrumam
ISIIEYGEN

a J J a . g’/ dy o [ L%
5) MIuATIzHoIAlTZNeVDa Y (Train ICA) TUPBUUNTET laussuUon TUNaA

'
o ¥ o 3 A

TaoTsunsuagiinisienyamasduion ldeinTusunsy Matlab tive 19 Tun1sduaam
HUDINDDN
~ o g}/ dy o % A
6) MSeuMeuuUU1a09 (Compare) VuaaUHNTz laossuuon luia lag
o o a A o Ya @ I X 1
mmsialszansnwveanuudiaea lasleisnsiannuduilnuny aAnummiznize uay

ﬂTSﬁi’J%ﬁﬂ‘iJ‘lsljﬂiJ“ﬁﬂWEJu’ﬂﬂ

a d' = o &, a ¥
3.1.2 DIVUHIAAMUUN 2 : ﬂ"li!‘lﬁﬂ‘un’lﬂU!!‘lJ‘ll‘ini,’li’NW“MN'J‘i]"lﬂ PCA nU ICA
1 A 9 o dy a as a 4
i]qﬂialﬂ'ﬁll1fl"ll’élﬂiﬂillﬂiu o ﬂWiﬂﬂﬁ@Qﬁi%‘]lLUUﬁﬂafJQWuW’JI@El’J‘ﬁﬂWi’Jlﬂi1$ﬂ
9 aa g

ax a d J v = o a J J
GUf]islla‘ﬂNﬁﬂG]@’JEJ’J‘ﬁﬂﬁ’Jlﬂﬂ%‘ﬁ’éNﬂﬂi%ﬂfJ’U‘ﬂaﬂ Llﬁﬂﬂmﬂ’ﬂﬂ’ﬂﬂﬁ’)tﬂi1$W@\iﬂﬂi%ﬂ@’ﬂ

pasz laglingeuuuInn Az 3.2



34

Train PCA —

A

Image Landmark ¥  Alignment

Barycentric Compare

A 4

Train ICA —

d‘ a d' = o dy a Y [
E‘IJVI 3.2 NIPULUIAALULN 2 : M5fSeuneuuyudaesnu@dl luninen PCA nU ICA

nnnseutuaanlszneulidae 6 aau Ao
< ' 9 [ o .
) deyagyd (Image) iWudoyagdorelunihdmsuldlumsaduuusians ¥
I Y ] Y o
amsiluginiiase Timsvals anmmuasaiuaue
° <3| ' Aq ¥ o 1 J '
2)  mMimvuAla (Landmark) iudaunldsgydumisuesesflsznouaieguu
o ' o o 14 4
lunih msszydwmisansonszinlaed lgna 1l Tasmsldwiansenluniduieszy
Yy ¥ oo ' 7 v v @
youwavedlunth ndr9g 195 ed i Landmark wuuns1ie aniudldamnso 1w
A ' o ' R vy &4 3 2 = Y Yy o =
@onduniaesga szydielUdidiungndesld Woadaiuneuiiudrdlddeiuiin
Y
doyadmiuldluauaouas il
@ I 1 { [ ' = @
3) n15U5U (Alignment) 1 ua@au 19150 Landmark 1% 0guu space iAo U

Y v
TuapUilngz i Iaeszuuon Tula 57819 Landmark Nenudounnldindifneanuiga Tag i

o ] dal a . I 1 Ao A =<2 9 dy a
4) MITLYAMAUINUAI (Barycentric) (Hudrunautiunsasdoyanuminingl
1 Y [ o 1 ° VoA v o 1 Y a Y .
aeluri luuaazdiedns ludumianasanunuglselumiimas Taeldaunis Barycentric

a d J v . 2\// dy o o 2N
5) MIUATITHeIALIZNOUKAN (Train PCA) TuaoUnIz Iagszuuon Tuia

'
o ¥ o & A

TagTsunsuaziimsiSenyadideaduion 1aeinTusunsy Matlab iive I Tunmismuaamn
TSTHEYGEN

a J J a . 2\// dy o v v
6) MsuATIzHoINlsENOVD S (Train ICA) VUPBUUNTET laessuUon TuNaA

'
o & o d A

TagTsunsuaziimsiSenyadideaduion lavin1usunsy Matlab iive I Tunmisiuaamn

HUVDIADY



35

= o g’/ tiy o % A
7) M3SeuNeuuUUI1a09 (Compare) VUaBUHNTZ lagssuuon luia lag
o o a A o 9Ja [ I K 1
mmsialszansnwveauuvdiaea lasleisnisiaanuduilnuny aAnumwIznIze uay

ﬂﬁ@]ﬁ?ﬂﬁﬂﬂ‘ﬁ}@y‘ﬁﬂWﬂUSﬂ

a H o [ d [y
3.1.3 nsausIRAULUN 3 : manSaumeunuudiasszlanyamin PCA Hu ICA
1 A 9 o 1 an a 4
gayanNeved lsunsy Ae MInaasdadauuusiaesglielagisnisinsizy
9 aa gy as a 4 14 [ ~ [ a 4 14
Poyaneadaf1eITMINATIEHeIAlsEnounan FeumMeununs N izriesdlszney

a = a v d'
@ﬁigiﬂﬂi\lﬂiﬁlﬂuuﬂﬂﬂ ﬂ\igﬂ‘ﬂ 33

Train PCA

A 4

A

Shape Parameter

Compare
Texture Parameter P

A 4

A 4

Train ICA

d' a d' =1 o [ o Y [
517 3.3 AseunMIAAUUDN 3 : MsnfssuMeutuDTIaedganyalluriiaIn PCA A ICA
nnnseutuaanlszneulidse 4 aau fe
9 a 14 1 a o dy a
1) mayjawwsmmmgﬂin (Shape Parameter) UAZWITININDITWUNI (Texture
9 dy 9 o J o dy a
Parameter) Yoyall Iau19nuuuTIanegling uazuuuiiaesium,
a o 4 @ . g dy o @ o
2) M3UATIENDIA5ZNDUNAN (Train PCA) YuaoUNNTI ATz U100 1WA
o o & o & { 4 o
TagTdsunsuaziimsizongamidesd 15N 18910 T sunsy Matlab e 14 un1sdrunam
IIIEYGEN
a J J a . g dy o [ 2N
3) M3IAATIZH0IATENOVDATL (Train ICA) VUABUUNILI 18T VUDN TUIA
o o & o & { 4 o
TagTdsunsuazyiimsizongamidesd 15N 18910 T sunsy Matlab e 14 Tun1sdrunam

IIRAGRHN



36

= o g’/ tiy o % A
4) M3SouNeVLUVT1a09 (Compare) VUABUHNTZI Iagszuuon luia lag
o o a A o 9Ja [ I K 1
mmsialszansnwveauuvdiaea lasleisnisiaanuduilnuny aAnumwIznIze uay

ﬂﬁ@]ﬁ?ﬂﬁﬂﬂeﬁj@y‘ﬁﬂWﬂUBﬂ

3.2 MIVONUULDANDINY

9
v [

a a o o v a <
ANNTOULUINAVDINTIUIVYNIT Y ﬁ%ﬂ"lﬁ}muuﬂ@aﬂmﬁmmmﬁwﬂamaamﬂu

d‘ [ Aa R A [ Aa K o 1 . [ Aa K o dy a
A9ANDANU AD @ﬁﬂﬂﬁﬂﬂllﬂ‘ﬂ%?ﬁ’ﬂﬁgﬂi?ﬁ (Active Shape Model) 9andINULUUIIADIWURNI

o a o v 4 .

(Active Texture Model) 8N 3 AUUVVIIAD4 Pl Janyal (Active Appearance Model) a1 g

Y] a o [ o Aaa g’; Y a a
aaﬂaiﬁmmumamgﬂaﬂymﬁmm (3D Active Appearance Model) Tagia@oane3 iud1ada

1NBANDANY Active Appearance Model

3.2.1 923 NNVV10931)3514 (Active Shape Model)

] Y

Fudulasnisoontuy Inseas 19909 UT100931/519 (50071 Landmark Tagyail
v ] o o A 4 ) 9 3’, 1 ag o 9
duidluiladdy iwesninanuauysavenuuiasslurihiudonyunyIassain s

J o w { a

ponuun Inssadnisdeslinsounquesailszneudianveslumiinlasdndvzainse
o Y o ' 9y 1 a a 2 g 9
dunaldegnsgany wu veuluniidiuan Suiihn e tazveuuunl iudu

9 [
duapudaNT Ao Miasuwatoyain laemsldlassadehosnuunieacuugl

QU

(%

oelunth nazdSudumisldasanugedingluuaag il

o ' v J o o ] 1

upudiaesglin Ao nadnivosmaihdeyadumviiseinsnedasead luuaazga
a 7Y ax an o 1 = wmd'd 4

WIAATIHAWATMINNEDA tpUIaeeglsnlguauianalumsszyeedlsznouaiely

] 1 o 1 4 { I Y []
Tunid wu vuia g9 nazgdwnia vesesddsznoun Tuailudiszy doyaogluzll
J o = Y Ay v o ' 9 A N o &
nMees Asduns 3.1 Joyai 189103511 Landmark vugiorelumihiianusanaeduna

o 1 FIE)) a U dy a 4 1 Y Aa @

YA tagamie M3 lgveyailgugimarinangiesazdina Iinadyaasuniu 3y

o a 4 a o 1T o
mldwamsinszideyaranain a T.F.Cootes tazamzd ldauaismalsvmanls 1oy

zﬂy A A @ 9 J aa g’; o [ 9 Y @ ] U
vunun@enu laglsnmsulasmaeadia vinuuinslivgateyalinizaediegizriing
1 d‘ [ g’u Y 1 o 9 o 1 A o o 1 a
ANURTY AITUNIT 3.3 VuAoUgANEnoUINTa T 1uUIIaedgsnaeiinislsualna
A q oy g ' ' = o ) ¥ D) Y = qIY )
o lddeyananuaeglugie -1 e 1 anso ldTaeldannms 3.4 udelddoyariudimsy

U U

o ' Y Jay aa v A
'*riHL“]J“]JMﬁ@Qg’]JiNVl@] IﬂEJﬂﬁi“b”J‘ﬁﬂﬁ‘VlNﬁ’ﬂ@] 3a9UNIIN 3.5

_ T
x; = [Xu, Yir, Xiz, Yizs o0 Xites Viter - Xinvs Yin» ) G.D



37

_ 1 N
X = E i=1Xi (3.2)
dl’i = X; — X (3.3)
_dxg
tXI.k B DXTI"]‘.HT (34)
X=X+ [(Psbw) ) DXmax] (3.5)

Alignment
Shape

Landmark Structure L2acmarking Images ‘
Image
y

A 4

ICA ¢ ( )
Shape Model Shape Mean Shape

\ 4

Basis of Shapes

[ a

317 3.4 danesNuLLUT100931/519 (Active Shape Model)

3.2.2 9aN03NNUVLI1ABINUAI (Active Texture Model)
2 Y 9 ] = % 9 o 1
uduTagnseenuunIAsaausUReINUMIAT VU015

2 @ A 9 9 =< 1A [ 9 ° !
GU‘L!G]?J‘L!Q@lll"lﬂ?)ﬂ"liﬁiNlG]iWU@lluaNﬂl“lmmEJ’Jﬂ‘iJﬂﬁfTS"ILL‘U‘]Jmﬂ@QEﬂiN



38

Y
° a v J ) a a
LL‘U‘U%'IafNﬁuW'J ﬁf) waawmmmim%uaWﬂwamﬂalu landmark NW?LﬂiW%ﬁi‘%j’w
wasa

ax aa o zil a =\ 4 = 9
ATNITNWNADA LUVUINADINURND uﬂmﬁuuwwﬂumaazuamﬂazﬂ’mmmﬂﬂuwm

A 9 a g’/ =\ J 9 o o 1 1 A Y Y A~
FHIINUDYANNEFAUUUAITUUANAINATUITUIU uaxmtmuwmgmaxgﬂ Lwallmamm

U

IUIULAL FUNUINATIOU T.F.Cootes ttazams lataue 1 lFaunsmaaunnaianainiin

o 1o AA 1 . . Y1 ~ 9 I 2’,
TYUNAKUINITINI Barycentric coordinate IﬂfJﬂ']'iGlGIfﬂ']Lﬂaﬂﬂl@ﬂaiﬂﬁWﬁLﬂuNWﬁijTﬂﬂ']ﬂuu

R T)

Y
A a = 9 1 (%

glg}d 9 a [] o [] 1 4 4
Rty anuAiILNgUIT I Ma I uudumisvesgdiunas Jeyasdluginnmes a

G U U

d‘ g’/ o 1 d' dy a [ d‘ 9 [ 9 Y @ ]
duNITIN 3.6 NUUNINITUIAURAYWUNIAITUNITN 3.7 Lm’)ﬂi’ﬂ"];ﬂ"llﬂﬂﬁGl‘l"iﬂﬁ%ﬁﬂﬂ@]f]’ﬂ@

u

Yy yad

J J { @ g o 9 o o @ '
53%’310?\%%58 ANTFUNIT 3.8 "Uu@]@ugﬂ‘1/]’]fJﬂ’E]u‘V|'lﬂ']iﬁi']QLLTJTJ"l]’lﬁ@\iﬁﬂﬁ\lﬂﬂ’ﬁ]‘ﬂ']ﬂ']iﬂiﬂﬂ']

ad qguw g 9 o Y ¥ ) v 9 s
Undrelddoyananuaoglueg -1 99 1 awnsarildlagldaums 3.9 udrvalddoyaiiv

u

o o o dy a Y YA aa o A
mwaumuuumamwumvlﬂ Iﬂﬂﬂ’lii%?‘ﬁﬂ1§ﬂ’l\1ﬁﬂﬁ 3aUN1IN 3.10

Landmark Structure Landrgafiing 4—@
Image

Alignment
Shape

\ 4
( ) 3 Offset
Mean Shape Texture
\ 4 \ 4

Mean Texture Textures

\ 4
ICA »
Texture Model Texture <

\ 4

Basis of Textures

=) 3 a KR o &' a .
g‘ﬂ‘l/l 3.5 9aNDINUHUUVIADINUN (Active Texture Model)




39

g = [91'1:.91'2: G ity ---:giM:giM:]T (3.6)
- 1 N
9=y &i=18i (3.7)

dg; = 9;: — g (3.8)

da-
tgﬂ = i 3.9

DGTI‘LEI:X'

9: = g+ [(Bybig) - DGinax (3.10)

v a o (Y] dJ
3.2.3 aanmﬁmmumaeagﬂanym (Active Appearance Model)

Landmark Structure Landmarking 4—@
Image

Alignment
Shape

Y Y
Y

PCA Offset
A stgy @ Jedug

A 4
Basis of Shapes Mean Texture Textures

| PCA <
Texture Model Texture

A 4

Basis of Textures
A 4
ICA
Appearance Model [

v

Basis of
Appearances

o a K

{ o o 4 .
319 3.6 daneINULLVTIa03anYal (Active Appearance Model)

A




40

0 o ¢ v 2 o 1 a P o
LLUU%W@@Qgﬂaﬂ‘Hﬂ! ﬁ@ waaW‘ﬁmmmﬁu1mw13mmaimmzmumamgﬂmmax
k4
¢

1 a 4 o a a A aa o (% J
mwwimmeﬁmmlmumamﬁum N131ﬂ31$ﬁﬁl%ﬂ?%ﬂ1iﬂ1ﬂﬁﬂﬂ LL‘]J‘U%1@?J\1§‘IJaﬂ‘Hﬂ! i

v
v AA

4 9 Y 1 Y g}/ 1 o ]
ﬂﬂ!ﬁﬂJ‘Uﬂ‘ﬂﬂﬁluﬂ'lﬁi%‘l!@\iﬂﬂﬁ%ﬂfJ‘Uﬂ'lfJﬁluGl‘UﬂqulﬂﬂfJ'Nﬂi‘Uﬂ’JfJ MIVUIA Q‘IJ'J'N AU
3

a o 9 ° [ 1 Y Y o @
uaaay Gluﬂ'lﬁﬁﬁ'l\u!ﬂﬂﬂ'laﬂQgﬂaﬂ‘Hﬂ!u T.F.Cootes llagﬂmgqﬂlﬁu@iﬁu']ﬂ']u']ﬁuﬂmaq

1 \ 9ol % o o o ¥ a 1 o
Gﬁj’mgammmm‘umamg1Ji1ma$mumuﬂﬂ1m%’ammmmmumamﬁum llﬂ‘f)’jiﬂuﬂu

U

S
% )

Tasmstagideyalvdaunsh 3.1 g dddoyaivdmsumunudiassglanyuz 18 Tae

Ya ana o A
M35 IFITMTNNADAAIANNITN 3.12

# o]

. — bi5:| —= Dxmax
b; = B;c (3.12)

(Y] a o [ J aa
3.24 aanaﬁﬁuuuumamgﬂanymamm (3D Active Appearance Model)

Image

Alignment
Shape

PCA Offset
st oce! S Texture

Basis of Shapes <MeanTexture> < Textures O

PCA <
Texture

Pixel Intensity

=

'

Texture Model

Basis of Textures
PCA
Appearance Model Appearance [€

A 4

Basis of
Appearances

31 3.7 anesiuuuusiassglanuaiawiia (3D Active Appearance Model)




41

o [ o Aaa
lumsafrunusiaesgldnuaiawia sudludouiindunlsiannuanlisunis
adrunusianegiinedid Safiaw d93emsaduanuiniamsarldlaemsldma

=

!.GUJJ’d

% Y
3.3 msiannmazmsldaulilsunsy
o F o [ 4 as a o dy A Y
mMswann Tdsunsuasuuuiiaesglanyalanisnis AAM NIt Tagiaenly
I @ 4 ad < { 1o ES
My Cc# Hunman esnnanuaInIsavourlsulIsanemmuaNNIgAUAIYI C# HY
] o o 4 a oA a I ]
aunsodreaivayulimsvaun Tdsunsudszgnavuszuulfianisiulaniuleds
< 3 a ¢ @ ¥ o
azaan uazidaaa Tasluduaounisimigiesnlsznoviuldminisizonldllsunsy
' o ; o A A o
Matlab 1{184910 Matlab 71851500 nuuuN oIS 1M NN NAdaddas IFudou
v
Tagmmzildesennuazainiazanszoznaimsviau 1l ldun duasunswann

Y
Tasunsuiiaatl

struct Nodes ~ {

public int X;

public int Y;

public List<int> Edges;

public List<int> Surfaces; };
struct Edges  {

public int N1;

public int N2;

public List<int> Surfaces; };
struct Surfaces  {

public int N1;

public int N2;

public int N3;

public List<int> Edges; };

51 3.8 Tnsead1u9oya Landmark



42

3.3.1 M3a519 landmark

{ [ 1 J % o W
Landmark fio 1asea$ 19 1dszydummisvesesnlszneuuulunih dalinnwdidn
yy 1 = o Y o 9y 9 1
wnlumsesnuu msiznineenuuy 1@ lWaz®eanevzyi lvuuusiassluuiidoya s

~ 1 % v W = a [ 1 Y 3 ]
WganenomIszyaIyana lunnauiumneenuuuazdeanu lldeudwwalmilunmszae
Yq Y 9 o o gy o aa o o 2 1 Y, A
A155 9009117152198 U 1059 U iA U d 1Ay U e819AI U0 I Landmark U

4 1 A [ 9

23A152NOVTINAIUAD node edge D¢ surface Taolunaag surface 92152n0UA2Y 3 node

1o 3 edge LeTUD

Y
awv A 9 o

< 3
Tuaadeil IdeenuunTnssadedoya surface 9zlimsnudoyad e node 119 3

U
v

9 < o w 2
node 11A edge 119 3 edge 15983 19703@ edge 32TNMINUTOYAT NV node 13 2 node
¥ < o ] Aaa
1Az surface N9 1-2 surface 1182 1A59A519903A node 1IN UTOYAAUHUITDITA(X,Y)

d‘ d‘ 9 (% d'
318NIT edge LA I1YNT surface mﬂmmmmumﬂugﬂ‘w 3.9

710 3.9 jmseenuuy Tassas s nUAIIM

t4
517 3.10 jdmseenuuy Inssas e lunihanysel



43

9 9
TuaIveil ldeenuuy Landmark 1aseungudiueslunrhdiuanauanie vou
Yy ¥ v 2 = a 2 o A 2y
Tunidudrenazud suduudausnuar dwdaslugdi 3.0 luniseenuuuiiniy
4 o W 9y A 9 ] Y o v
pantlszneudiagaielulund fieo Uin ayn a1 wazTasaluwid ezmiu 1diinisenidu

a Y A Yy a A Yo a @ Y Y
‘1Jinnmmmﬂl,u’e'Nfﬂ1ﬂTLl‘UNﬂiﬁ‘Ui!,mm%zhlﬂi‘umiﬂﬂmulmwmmﬁuwu

3.3.2 msas training set
? - o 3 a 1 K9 ) J
Tuaumeuilldinmsesnuuu Tsunsuldiduiinsaedldunyu Tagldd14iialua
] ¥ s o

s lundhaumamiv anandieszyveuualunih udaTusunsuazsiin13219 Landmark

X Ao J KX o Y 2 v o v A Y a 1 ¥ 9y 9
aslunundsnangaivnlndifesnudumisiniaswesgeanenunn mniugldaunsade
a o @ ] /A
1919890199 Tdmmanumngay udrneinmstuiindeyaled lugduuy XML Taglian

Q

9
1dvuszalsznoudleTnssad1e Landmark @11119909 Node 118z Texture ¥0331010 01
9

U




44

3.3.3 M39AN13U0aN 14 space
v 9 [
Tuvuaeuil1dldmsUsualaeldmsulasniaediaaiui T.F.Cootes aznmzald
dl [ 1w Y ] :ﬁl d‘d [
aueivelsumduls Ieguununfeny

= =
b H

—_ K- . *
< AR
.l-r %’ I." J .-"; I'I II"|I|I k“\.\_ l‘".,l 'Q]‘

II."I J_.- ! IIJIII II ."I.El‘- -'-\-‘ (AR Y] -:
| ! i N -
ﬂ ! | | II LY .
[/ ! . k"l.l E
¥ ;'\ Jlﬁ’,'ll .J-It :____P_:%lk’\_: .
A / I| ll /
t y III | .

1 9
31 3.12 uaaanuUANA19UBI Landmark 91n1aeY03A

. Y
!
-.. I.
. L
A
"=
L
=
—_— :.:
._J

319 3.13 gAueEraanUIANA19UDI Node MINHAI0T 030



45

3.34 mia%mmm‘imm
' 2 o ) 7w o )
°lumuui]zmmiﬁswﬁmﬁmmsmmm PCA uag ICA GluIiJiLLﬂill Matlab 181
) o & o & o o ¥ . 9 o A Y
’ﬁiNijﬂﬂ'I’e’fiﬁ'llii]gﬂiﬂgﬂllﬂﬂ DLL a1¥un1uy1 C# mﬂuuuway’aummam“lwaq“lu
a 9 @ 1 =1 v 4 g’/ Y [ a g’; [
gﬂuummmﬂTﬂﬂﬁuqu,amamwmismmtﬂurmmaﬂ@aumm ummuumﬂuu”lﬂm

Y {
Wangsun1da1n Matlab

3.3.5 myanauwuglnnuan
o [ 4 ana &
Tdsunsuadraunuiaesgldnuaiawiiaarensszgna ldunu suanuansiums

1 k4
ApgaaieMsad1aunassdwia Tasmslduuaanugiuvesglateaeayuues Tuns

1 o

9 9
ponuuuiu Idhmsihdeyagdnedoamueaunszydmrisdiany Taeld Landmark 9101y

Q- Q

= o 1 = (% td'
i]\‘]ﬂTH'Jil!ﬂTﬂ'Nllaﬂﬂ\‘lllﬁﬂ\ﬂugﬂﬂ 3.14

A o ' 9 o Y ' . .
5UN 3.14 9]'Ji’)fJ'Nﬂ']iﬁi'NLL‘U‘Uﬁ]?ﬁi’)ﬂjﬂﬂi“ﬁgﬂﬂﬁlﬁﬂﬂlﬂlﬂﬂﬂ (Stereo Vision)

U

307 3.15 MednmsasuuiinesIaeldgiomenilyuues



46

[

1 a g 1 Y 2~ 1 Y 1 9 Y = ya
Lmiumm ﬂuﬁﬂmsj’luwuwmagumgﬂuiﬂmwumsqmummmﬂ%nmi

U U

Y
(2 ' a o

= o n 9 gd 9 am 1R A o 1 9
ﬂﬂﬂ613%3ﬂ1ulﬂulﬂ ammum"l,ﬂaantzuuamwﬂwmummmmu ADNITUINTIANUIVUUDN

4
A A 1 g’z A

9 = Y 9 9 Y a 1 AaA [l
nurm lgunumanuanvesluvi varlsdeyauumemyluaiuvesianauludiuves

31519 dsaaalugali 3.15

3.3.6 Raspberry Pi
9 a o a 4 ] a g’/ dl 1
Tumisldanluanimesimsihaeuiumesvinalug lUAaasmuaiuian o veu
9
° ] [ a % I o
adrmszanudinluvaledin mu n1svuds n1sanaa i udu n15WeL1 Embedded
A o Y = [ (= 3 KX g A A 1 .3
system N 11509190 T uReIn Y nalvnadnduiluniaudenianin Raspberry Pi iy
S 1 d v R a A ]
ginsainesolszuianazioreninglnsaiiunngl ewnsananedeaisHIusz LN

domsuuy e TwdeamsuaaInauLIoN AN AR LUUINATTIU A

| il B R B )

517 3.16 szuuﬂﬁﬂ’ams Raspbian (http://myraspberrypiexperience.blogspot.com/, 2556)

U

1 o

Tagn15 1452001 {17ANI5 Linux N%031 Raspbian 11 szuuiwaulisiaign
J 9 a Y o a wva dy a ?J (Z
apuduoaemsldauluanimesala dszneunuszuulJuanistiamisadaned?
9 ]
szuanan ¥ C++ 1azn1u Python 14 saudamsaaasgamdedmsumsiszutananin
Aad =2 4 A o o Y Aa a a
N9 OpenCV FuwiaTesloaiuayumIMAUamUMTYszurananmnilszansnm

[ = Y 9
@EJN‘Vlelﬂﬂﬂm&



47

A A

3.4 IA993UD
v v X A =2 A A Aq o Ao & = P P P
Gll!?i'léll’é]1!%5f)‘ﬁ‘lJTt’JﬂQlﬂﬁﬂﬂuﬂﬂﬁlcﬁiuﬂ'ﬁﬂT}ﬂﬂ %QWN']EJENQTJﬂiﬂ!%Wﬁ@LL'Ji oI5

ad o a a =) =) o tﬂy
nazIsMIInlszansnm Iaelisieazioonasil

d' A Y]
3.4.1 130900 UM TN
A a J o 9 ) ana
3.4.1.1 w303 uN R0 s HI UMW T sunsuadauuudiangl 3 UA
Y an . ~ = 1% g
AIYNTELUIUIT Active appearance models UT1YALIDYAAIU
1. vielszuiananals : Intel Core i5-2450M 2.50GHz
2. NIIANIHMAN : DDR3 2.00 GB
3. HieANI1E1504 : HDD 600GB
S a A ' P A o 3
4. gunsaliaSuou q wu nnd uiluiud wazveniw Hudu
a oA < o [ Y
3.4.1.2 syuudfiamsuag TlsunsulszgnadmSumswann Tdsunsuade
Y
uuy $1a0931) 3 U@ A28N3¥VIUTD Active appearance models 151002108AAIN
1. iz”ﬂ’ﬂﬂﬁﬂam‘i : Windows 7 Professional 32 bit
2. 150940 11U WAL : Visual Studio 2010

3. in5eadotasulunsiann - Matlab 2011

A A
3.4.2 1930930 lunagey
d' a 4 1Y Y o Aaa
3.4.2.1 19503R0NN AA0IHSUMINadoy Tsunsuainuuudiandgil 3 46
Y ax . = = 1% dy
AIYNTTVIUIT Active appearance models UT1YALIDYAAIU
1. viineilszuiananas ; Intel Core i7-2600K 3.40GHz
2. “I9ANTMAN : DDR3 16.00 GB
3. ¥18ANT1E1504 : HDD 500GB
¢ a A 1 d 9 a o I 9
4. 9ilnsala3udu o wu wnd il tazaeniw uau
a A J o o/
3.422 szvvilgiamsuaz Tlsunswilszgnadmsunisnaaen lilsunsy
9 [ ana 9 ay . = =) [ dy
aINWLUY mamgﬂ 3 UR AIYNTEUIUIT Active appearance models UT1HALIDYAAIU
1. 320111AM3 : Windows 7 Ultimate 64 bit

2. 1309k ulunmInaaey : Matlab Runtime



48

3.4.3 in5esdlelunaaeui)szgndlian
A a Jd Iq ¥ a
3.4.3.1 195090 ADI HTUNMINATOUUTLYNA 1H91U95 90U Embedded
= = % dy
system H510a2100AA1]
ad a
1. NTZATUDIANNIOIHNE Raspberry Pi
ad a
2. ATEAIUDIANNTOINE Raspberry Pi Camera Module
<4 o
3. 9nsalaoa1s USB WiFi
4. WA 1Ud1304 : Raspberry Pi Battery Pack

S a A ' A 1 S Y a o <
5. Qﬂﬂimlﬁﬂ\l@u q 1¥U FeUsONAD I LL‘]JH‘W?J‘W LLAZIDNIN L’]J‘L!

A ua Jd o o J
3432 szvvdfiamsuas Tsunsuilsegnadimsumsnadoulszgna 19
Y
UITIVY Embedded system 351002100AAH

1. 521V119M3 : Raspbian

3.4.4 1309 IAlszansam
@ a a g’.} ' I 1 [ va o A
msdalszdninwiuazutiseonilu 2 au Ae MsiaauaniaveuUsIaoedn
Yo [ 9 1 . . . . I Y [
185unssuageuda wu compactness, generalization 18 g specificity 1 UAU Lazn15 39
9 ) o A Yo @ Y o
anugnaedTagmaiimuudiaesi lasumsidivilzaudr Tnageumsiranlunisszy

@ d a
ﬁj@]uuﬂﬂaiuaﬂ1uﬂ1ﬁmﬂi\w§]}35 Embedded system



YN 4

WHan1Ineao

2 T o= o P ° Aan Ay Y

Tuunilaznande wamInaaodduasziuuusassnuIsnman ldeenuuy 13 luun
A A 9 9 P} Aq Y @ ¢ o Y =
nruw Tagisudualemsuaadoyan 15 1unsdunsziuusiaed MNUUIEAINANS

v 1 I 1 @ 4 o 1% a =
NAADIFAULI0NI UADIFIU AD MANITFUATIZH UV azNan1TIalszaNnTaw

o d' 9
HUUsanIn e
1 [ 4 o [ L o

Tugrunamsdunszivuuiiaedlduaaimsduniizv luvin Teglduuudiiaoslu
[ ,;’ 1 I 1 v A [ 4 1 9 o o’dy a Y
drutuseendumudiunan Ao nsduasiziilialumin msduasignnuir lunii

[ 4 [ L 9 9 o ] a3 [] A Aana
tazgmadunziuuuzlanyel lumin ualrduisessniudesgluunges A JUuvUTINA

Aaa = Y a J
pazgUuuuamda s ldfemsuaawamsuanuasdoyawiiiimesd laoudaslugiuuy
ns1aoNe
1 o A A o Ay ¥ e kS oA Y A A

Tuarumatamsdszansammusauudiaoan lananuaiiu auiiums Iagl4snsealio
[ Aa A & Y I A o 9 [ dy
Talszansamasannsouaas liiuanuauauUave U uTaed luauau aail

3 = ! =2 o ° Y} A Ay Y}

- AN uilnury e S Tvuaveanuudiaesdosnganaoels
o [ [ L 9 da! [ Y 4
dmsumsdunsizlumhuulndlvanysal

- ANMUIMNIZIIZIS HUWDI ANIUATOUAQUUBILLUTIABIADWITINIADI N

Flull1dmelunuusias

'
=

- NMIATIITeUTOYANIBUDN HNIWAI ANNAIITA IuNTATIVTRUTRYA
My A & A < °
li'ldegTugerln dnlunilsnennuiluainavesuuiiaes
) Y o 0 o Ay Y
sazluaouiielatnauegdnisuuimlumsihuuniiaesi 1a 1 1d0u Tasns

A a o 4 a J J A .
L%@NIUQLLH’Jﬂ@ﬂUQﬂﬂimﬂ@ﬂW’Jm@iUﬂi@mU? (Single broad computer)



50

4.1 YoyanlFlumsTaszansam

lumsnaaesI§imses sudoyaziirelunh Faidnvalddydedugddeni
a51 Damnuaeaiuauenasanann dnfunisnaaeuuasfalszaninmluaniseiils
gﬂdwﬁgﬁéu 32 et Tasdeyaldnnmsihyldielundunhinsdivus Landmark e
szussi’ummﬁﬁﬂ'mJﬁwi”aguuiuwﬁ’wﬁm%’uﬁmﬁmﬁzﬁmﬁﬂizﬂamgam%’mmuﬁmm
lunih Tumsnaaes 1@ muagadidauulunthls 43 90 uaiesnn li 8 vaveuvagy
uazmmmmgﬂﬁi’m’mﬁmsﬁ’ayaﬁyuﬁa'ﬁq"lﬁ’mﬂwamiﬂ%'mumgﬂS'Nm?iﬂTﬂﬂé’@]Tuﬁﬁ ¥
waﬁwﬁﬁiﬁ’ﬁaﬂﬂﬁ'uﬁamﬁﬂmum 138x146 pixel %Qaﬁwmgﬂﬂ’uﬁﬂaéiugﬂgmu

ufludoya XML Taeusnuaazdiods tagdnuilailudoyamae

517 4.1 Megrdoyagioreluwniih

N 2 o Y A A Y <3 9y aa a Ll 9
ﬂ’e)mmuwayjamﬂiﬂu"bmuﬂmtﬂmmyjaﬁmm Iﬂﬂﬂ']i')!ﬂi'l%ﬁﬂ']ﬂ')']ﬂlfllllellfN
Y Y] 2 o 2 ' ' 9 < R ax 2o v
YANTN LLﬁ'Jﬁ'i'l\‘]ﬁgﬂ%ﬂ')'lllﬁﬂ*ﬂWﬁ@Qélluiﬂclﬂll ﬂ']ﬂqﬁ;‘l]ﬂ'lfl‘l’iu'mi\iﬁl‘!ﬁgﬂ %Q'Jﬁﬂ'liuclﬁﬂ']

[ o [ 9 1 <3 ) ]
mmuuuﬂﬂwqmmuﬂ lmﬁﬂ'ﬂﬂﬁgﬂ')ﬂi')ﬂlﬁ'ﬂufﬂil]ﬁgﬂﬁﬁwalﬂu@ﬂTQNWﬂ



51

=

310 4.2 degedeyazimelunihinldsumsuladdedlugiupumuia

4 4 o
4.2 wamsdannzvigflurninonuuudiass
[ dy Y I X Y] 4
Tudrutiszuanslimudananisnaaes Tasuaaslugduyuvesmsdunsizgy
tg 1 7 o { 1 1
lunrhauunlmiTaserdouuvusiaesin Idenmsnaaes Tasuaazjlazdsznoudeansdiu
A Y 9 ax J ' Y v
AvEIUUULAAINaN A 31931 TUM191NTMS PCA uazavaanaainansaiglluvi
an %’, U =\ 4 A v A =\ Y A (B
9103515 ICA Tunsaesaduvzlesnlseneumvounune N3lluniundgedaiunais
Y Y A A a s a4 & Yy 9
amdneneanuasunlasvesnniwes lulnuanviluazaeslilunay nazgaudgne

Aoanuilasuuilasvoswisiigwes lulnuanviawazaed 1 lumeuan

(v @ Y o v Y
4.2.1 mydeasizdluninanuuudiaesgilsidlunin
doyadmiumsialszaniamuuniiassgiliinlszneudlsyasiuau 43 ga hins
v 9 o = o w o v 9 ¥ =
vavoyaluzinnees lagmsiTeadidy x tag y auda1a Iaguayananuaiiyuia 86x32 wa
[ J o 1 aa aa 1% { {
NMINABITUATITH UV VII100931/3199090A tazawld uaaiaagln 43 vazgin 4.4

awae luglisznoudle Tnuanilaaz Tnuades



52

MODE -20 -10 MEAN 16

9]

MODE -20 -10 MEAN 16

1 4.3 ugaswamsduasizngllunihdrenuuiiaesglinaeda

b b2

5]

MODE -2 -1g MEAN

1a

MODE -2 -1g MEAN

Jn 44 uﬁmwamimmiwwiﬂ“luwmmmmumamiﬂiwam°




53

[ J Y o A a 4
4.2.2 msmmswvﬂuﬁmmnuuumamwuwﬂuﬁm

9 o [ [ Aa A o dy a 9 d'
YoyadmiumsdalszansamuuudiasanuEd Usznoualsyagionngiingnieas

[

vugditunaelasld35 015 Barycentric coordinate 1a403a11UIU 11050 pixel Taodpya

U £

9 Y
%

@ 4 o a aa aa @
NIMUANYUIA 11050x32 Nﬁﬂ']'i“l/lﬂﬁf]\?ﬁ\‘llﬂi'lgﬂLL‘U‘U%']Q@QWUN'JET@QN@I UagaIuua Laadng

5U% 4.5 nazgh 4.6 awden Tugllszneudie Tnuanilaas Tnuaaes

U

MODE -20 -1G

MODE -2

{ &
’ﬂﬁ 4.5 uﬁﬂmamimmﬁmiﬂ”luwmmmmumamwumamm



54

MODE 20 -1TJ MEAN 1T 200
2 .
MODE 20 -1 MEAN 1T 200

{ o J Y v o { a aa
717 4.6 vaawamsdunnzrgl lumihdenundrassnuiauia

(v & 4 o [ o Y
4.2.3 ﬂ'liﬁﬂ!f’ﬁ13‘I’ﬂﬂ‘ﬁ‘lﬂinﬂ!!‘]]ﬂinﬁﬁﬂg‘ljﬁﬂﬂﬂﬂﬂﬁu1

Y o [ Y] a a o [ L4 9 a 4 1
ﬂlﬂy)ﬁﬁ1ﬂ3Uﬂ153ﬂﬂi$ﬁﬂ'ﬁﬂ1WLlﬂﬂﬂ1aﬂﬂgﬂaﬂymﬂi$ﬂﬂUﬂ?ﬂWTiTNLW@iEﬂTN
a o’&‘ a o v 9 4 = o w Aa 4 1
UASWITTUIADTNURND ‘Vl1miilﬂ"ll’e]iql,aiugﬂnm%aﬂ%mswENmﬂ'UWﬁmmaigﬂiN uag
a o’j a o w g [ 4
NWITTUIABDTWURNI ATUATIAY Iﬂﬂ%@yja'ﬂﬂﬂﬂﬂﬁﬂ]u’lﬂ 64x32 NANTITNANDITIATISH

o o 4 ana Aaa [ ~ A o w
puvudraesglanualaeela uaza A uaaiaegln 4.7 uazgn 48 arwdrau Tugy

Usznoudie Tnuanilaay Tnuaaes



55

MODE -20 -1G6 16

&
e : @:
e

&5}

MODE -20 -1G6 16

(8]
[S] b2

51 4.7 vgaswamsdunsizigllundhdrenuusassglanvaidedia

)
=]

MODE 20 -1 MEAN 1a

2
MODE 20 -1 MEAN 10 200

d‘ o J Y 9 o @ 4 Aaa
317 4.8 uaawwamsdunszgllumhdsnuuseesgldnyalawia



56

v d
4.3 wamim)mmwayamﬂﬁmm
1 dy Y I K
1‘1!’&7’.]1!1!5]3&!,@'@]\11%&%1!0\1 Naﬂ'li‘l/]ﬂa’t’)\ﬂﬂﬂllﬁﬂﬂlug‘ﬂLL‘]JTJGU’ENﬂi'W\INﬂﬂ'IiLﬁ]ﬂLHN
9 a 4 Y ° Ay v 1 Y ' A
GUE]‘JJ“EIW'ITI‘JJWIﬂiiﬂﬂiﬂflmﬂﬂ1ﬂENVIVl,ﬂi]'lﬂﬂ'liVIﬂﬂ@Q Tﬂmmazgﬂﬁ)zﬂizﬂaumaammu o
’L’?'JHGIQ{}'IEJLLETQQNﬂﬂi'l‘wmlﬂLL“’lNGISJ)E]?aI‘aW'li'lﬁmﬂgi]'lﬂﬁ%ﬂ'li PCA Lmzdaumnmmwaﬂﬁmmﬂ
) A s A Z : d 7 A o A <
LL"I]QM@Q@WW?WNL@@?%Wﬂ’J‘ﬁﬂ']S ICA Gl‘lﬁ/]Qﬁ@ﬂﬁ?ﬂ%%ﬂ@ﬂﬂﬂizﬂﬂﬁlﬁﬂ@ﬂﬂﬂﬂﬂ uﬂuu@mﬂu

1 a o { : ¥ g a o { .
ﬂ'IW'Ii'IjJW]'ﬂgﬂ'Iﬂﬂﬁﬁﬁq Llﬂuﬁ\uﬂuw'ﬁ'l‘“lﬁﬂga'l Uﬁﬁ'ﬂﬂ llagfJQﬂﬂNé\illﬁﬂQﬂ]ﬂUlﬂl@ﬁﬂq

MUOIE UL BUUUNINTIIU

Y a d ) v
4.3.1 M3NVNUDITBYANIINDINNUVDII0931 319
9y =) 4 o J d" Yy & K
HANITUINLIATVDYANITNIADTINUVVIIa0931 5190 azuaaaiFiudanu
a 4 2’, % ] { o o [
ATPUAQUIIT MBS URINT 32 dred1ei 1d lumsaduuiiaesluaeslvuausn d sy

a

ﬂ”lillﬁﬂﬂmﬂ‘ﬂWﬁ"’U@iJﬁiﬂi?\iﬂ'@\‘mmlﬁﬂ\iﬂ\‘]iﬂﬂ 4.9 uag ﬂWSLlEEJ‘]JL‘VIfJ‘]J“UE)iJﬁi‘]JﬁNﬁﬁJ

waasdazIlii 4.10

PCA 2D Shape ICA 2D Shape
et i (RO
%) $20 1 2 .2 0.1 ¢ 1 0.2

’ >
2nd Mode 7Li'nld Mode

‘]J‘I?l 4.9 uﬁmmmﬁlmmmauamimmmmmmumamsﬂsnamQ

PCA 3D Shape

15t Mode

‘]J‘ﬁ 4.10 mem5mmmmmauamimmaimmmumamsﬂiwamQ



57

4
A A

a d °
4.3.2 m‘smmsméﬁagnmsmmesmmmnmnmwum

i3

9 a 4 o =} a dy yJ I =4
HANITUINUIIVDYANITINNDIVINUVUTIADINUAIY dzudaslmFiudInw
a 4 3’; % [] 4 o o [
ATOUAQUWITIABSUDINT 32 Aree1en 1Flumsaduuniiassludesinuausn dmsy

a

ﬂ'lﬁl'lEEJ‘UWIEJ‘UWEﬁJ@iJaWHN’Jﬁ@ﬂuﬂl!ﬁﬂﬂﬂﬂﬁﬂ‘ﬂ 4.11 u,awmmﬁ'ﬂumamauawumﬁm

weraasag Uit 4.12

PCA 2D Texture ICA 2D Texture
o 10 © 0.1 *
2 3 T
I o o> o gy
%20 5 o 20 5.2 0T 7 —/ﬁ”{‘ 0.2
* Ao
an Mode LZLrld Mode

{ 9 a Y o § a aa
gﬂﬁ 4.11 U,aﬂ\iﬂ']5Lli]ﬂlﬁ]\wE]?J“aw’li']lll@ﬂiﬂgﬂuuu"l]']aE]QﬁUW'Jﬁ@QNﬁ

PCA 3D Texture ICA 3D Texture
% 10 % G 1 ‘
oo pd s, L s
%20 . - 9.2 0.1 0.1 0.2
’ N
11;'nd Mode

‘ﬂ‘ﬁ 4.12 LLZWNﬂ13LLﬂﬂLL‘ﬂ\‘iﬁllﬂilaWﬁnJmi’Jiﬂ’JﬂmﬁJ‘Maﬂ\‘iWUW’Jﬁnﬂlﬁ

d o (Y] d
4.3.3 fnﬁllﬂﬂlﬁ]\T’i’ii’)ﬂaw151ﬁlﬂﬂiﬂ]ﬂl!uuﬁ]1aﬂﬂgﬂaﬂﬂm
v A ¢ o o oA ¥ d =
WaﬂTiLL%ﬂLHN"U’E)HaWTinJmE)ii]Wﬂl,!,‘]J‘]JmangﬂaﬂHmu ﬂgllﬂﬂqslﬁlwuﬂ\jﬂj’lu
=) 4 g’/ o ' Aq Y 9 ° 9 o
ﬂi@ﬂﬂquw']i'uﬂﬁﬂisu’ﬂ\‘]ﬂq 32 W'J’f]El’]\imclf’lfsll‘lﬂ’liﬁi']\ulﬂﬂ%']a@\icluﬁ’f]\iiﬁilﬂlliﬂ a1y

o G4 aa @ { o 4
msfeuieunateyagianyaideslauaningli 4.13 nazmsuSeuiisndeyagidanval

AuiauTaInagln 4.14



58

PCA 2D Appearance ICA 2D Appearance

A0
4

A00
U0

L g
g
[es]
ﬁ
15t Mode

ADBD

=S4 =40
2nd Mode 2nd Mode

{ a 4 ° o o an
5U7 4.13 naasmsnanusteyams e sAeuuuiiaesgldnualaoiia

PCA 3D Appearance ICA 3D Appearance

2100
oo

o

[
1st Mode

1st Mode

00 200

20

frrd Mode 2er Mode

519 4.14 naasmsuanuasteyamalime SaeuuusiassgUdnualawia

QU

4.4 maadszansmnanauiluinunu

Tumssannududnusuiv wzuaaaldifiusnouTnuaveuusaesiosiiga 7
A
%

Y
Aav A

) [ o o 2 ] 4 4 1 J
doalddmsumsdunsizd lunihiuludldauysal Tuawiseil 1didenlfinTesiionyen

Compactness
Compactness i N153AaA1ANNATOUAGUTBYavowDUTIaeslusuIuTvua
' Y = Y o Y < J 3 4 I3 = Y
anny FamldTagiinsuaadddimunesisuanulsUsiuvewuusiass euny
o 9 =

° ° Aq ¥ 7 9 B P4
uulnua Tagrindwauved nuanlylumsdaasiznvoyalaios uag Innlesigud

4 9 13 o A
ﬂ’ZﬂllﬁiJliJ,im"ll’e']Q"U’E)ﬁal,ﬁt;(\flLlﬁﬂd’ﬂlﬂulmﬂﬂ1aﬂd°ﬂ@

4.41 mydadszansmmanmiluilnusuvenuudiassgiang
9 o ' aa o { [~ 1 4
dmsumsnSeuiivuwadoyazisedeslianaasasgili 4.15 uaaddimuinie 19

upuravnsoungudeya 95% ansaldunusaouiios 21 Tnua uaz 28 Tnua 903515

PCA 11az35M3 ICA A1Na19 1



59

9 o ' an @ { [ J y
dmSumsnfSeuisuwadoyagiseawiauaaasgii 4.16 naadiuiuie 19
upuravnsouaguioya 95% dusaldunuiasaiios 24 Tnua taz 29 Tnua 903515

PCA 122353 ICA Mua1au

2D Shape
100 —
3 80
c
Bl
Iti 60
=
w40
£ —PCA
=
X 20
esesse |CA
g =——rTrrrrrrrrrrorrr-o--r-r-rerrrrrTTTTT T
1 5 9 13 17 21 25 29

37 4.15 Ham3IA52ANTNIN Compactness Yo VTIABIFUTNADITA

3D Shape

100
30 -
80 -
70 -
60 -
50
a0
30 |
0/ .
10 o

%Total Variance

Mode

517 4.16 HamM 33 52ANTNIN Compactness VoL VTIABIFUT A WTA
4.4.2 maidalszansomanuihilouduve uuudrassnun
o [ = 9 g a aa [ d' YN~ 1 d‘ 9
dmiumsnfFeumeunaveyaiuiiaesianaainiglin 4.17 vaaslmmuiune n
[ 9 9 o =~ as
HUVTIARIATBUAQUTBYA 95% a11130 lduDUTIa0UNed 20 Tvua tag 25 Tuua 91NI5N3

PCA 11az235mM3 ICA eua1al

o [ = 9 g a aa [ d' YN~ 1 d‘ 9
mmumﬁuﬁsmmsmwamagawumamummmmgﬂw 4.18 saas lvmuI e In

o 9 9 o =\ Aax
HUVNANTDUAYUUDYA 95% ansalsuuudianuies 20 Tvive uag 25 Tviyua 91035N15

PCA 1az35mM3 ICA Mua1au



60

2D Texture
100 1 R
9 30 -
c
]
= 50 A
S
£ 201 —PCA
=
& 20 4
[N N |CA
e e oy
1 5 9 13 17 21 25 29
Mode

' ¥
317 4.17 wams I 32anT 01 Compactness VoVUTIABINUHIADINA

3D Texture

100 -

90
9 30 -
= 60 | %"
2 50
w 40 -
'§ 14 T ICA
e 20

10

o+—r——— " T T 7T T T T T T T T T T T T T 7T T
1 5 9 13 17 21 25 29
Mode

i k4
517 4.18 wams3a15@NT5 1M Compactness VoWV UTIABINUAIANNA

Y a A o [y ¢
4.4.3 ﬂ1§'3ﬂﬂigﬁﬂﬁﬂ17\lﬂﬂl1N!ﬂ‘lﬁ]ﬂ!!ﬁiuﬂlﬂﬁ!!ﬂﬂfnﬁﬂﬁgﬂﬁﬂﬂﬂ!
o o = Y @ o aa [ A Y I 1
dmsumsnfieuimeunaveyagianyalaealauaniaaziln 4.19 uaaalvimug

elinuuassnsoungudeya 95% awnsalduundiaouiies 25 Tnua uag 30 Tvua 910

an an o w
95015 PCA 11827950135 ICA fuaial
o [ )= Y @ 4 an [ A Y I 1
dmsumsnfseumeunateyajilanvalauiauaaanazln 4.20 uaaalvmun

e lRuuuiiassnsounguloya 95% awnsalsuuuiiasaiiog 25 Tuua uaz 30 Tvua 910

ax ax o w
35013 PCA 11ag35n19 ICA Auaial



61

2D Appearance
100 A
9 80 -
£
8
= 60 -
[
=
T‘og 40 -
=
38 20 -
o’ seensns [CA
L e e R B e o I e e A A
1 5 9 13 17 n 25 29
Mode

{ @ a a o o J an
31U 4.19 an1330152ANTN N Compactness Yo UDTIARIFUdNYAIADINA

3D Appearance

100

90
§ 20
&7
= 60
g 50
r_bg a0
= 30
2 2

o .

0+ p— —

1 L 9 13 17 21 25 29
Mode

1 [ Aa A o [ 4 Aana
319 4.20 HaM3IAUTEENTNIN Compactness Vo VVTIABIFUANHAAWUA

4.5 MIIAUTZANTMNANNRINIZIDIZDI

v H
Aav A U

U399 52aNTNINANUANIZIZI ST VLI LdaonnT o9l N UFo 1

R g o ° '
Specificity Fuilumsinnuaseunguioyameluvesuusiaes muiwla lnsmsguidoya

1 1 Y =

Aa rd 1 Y o v 9 a P o
WWinJLGI@iGI,u‘]f’N T34 LRAIAA error NUUBUANITIUADINNUATSISH N UDINGA Tﬂﬂ“l/]']ﬂ'li
9

[ a a o o ] 9 1 d' d’ =1 =
1Y TLANTNINTIUIU 3200 F9U(32AI0814 x 100 ATN) gadvinuRaewotseuiney

152 @NTNINVDI PCA AU ICA



2D Specifisity
2.5
2
1=
a 1.5 ——
o
@ 1 - —
(=
D.S | 4. B
0
Shape Texture Appearance
B PCA| 1.096694994 = 0.99992055 | 1.706736295
OICA | 1.075257384  1.00001664 | 2.153093125

31N 4.21 wamsIase@NTNN Specificity VOUVVTIADITDING

3D Specifisity
25 - eSS N — —— & .V

Percent

15 IR A o |

Shape Texture Appearance

W PCA| 1.001519925 | 0.999911169 | 1.579622266

OICA | 0.996595753 | 1.000021845 | 1.977739625

51N 4.22 wamsialse@NTAIN Specificity VoUVTIABITINNA

62



63

4.6 m3Ialszanimmmsnsvaeudeyaniaven

Leave one out cross validation (LOOC) Av 1nSeelen l¥dmsunezTavonavila

= (% é ] 1 9 2 2 3/ [ a A o 9 [ a A

R lioglugadoyain Suruaeuialszaninmlasinerdoyainlszdnsinimosn
= £ o Y q Yy A A o ¢ o ) i

mﬂajwlﬂwmmamma'J“lﬂfeuayamma@“lumimmiwmmmnaaqmﬂuuuway‘ammaaﬂ
9 ES @ o Ay Y Ja o 1 A o ' = @ dy

TupouAnUY NAUNINI error ﬂWﬂLL‘]J'iJﬁﬂﬁ’EN‘V]Ulﬂiﬂﬂzl‘]ﬂ‘ﬁ’lﬂigﬂgﬂﬁﬂﬂma@ NUFULAYINUU

v Y [ o 1 A Ay y ' a J

Audoyanivua iaunaeh laumaaslugduvoasunsuuiveuuunazyeuais lu

J ~ v o Aq Y ~ = 9 a
gﬂllﬁ'ﬂﬂﬂ'l €rror mfmﬂummuiwu@miﬂummﬂﬂﬂumayjamu

4.6.1 myIalszansmmnmsasinaevdeyanisuenveanuudIanizlig
A 9 = 9 1 Aaa 1 Aad A
%"Iﬂqﬁl‘lh/l 4.23 LlﬁﬂﬂclﬁﬂWﬂlr%ﬂllL‘ﬂfJ‘UNﬁGU't’)QGU't’NJ“agﬂiTﬁﬁ@ﬁMﬂWU’ﬂTﬁﬂWi PCA U
9 ' 1 an A v a
Lluﬂiuilﬂ'lﬁaﬂa\‘]ﬂl@\iﬂ'l error gNNI1ITNIT ICA Lmzmﬂgﬂ% 4.24 LLﬁﬂQiﬁﬂ']ﬁllﬁﬂUWlﬂUWﬁ

9 1 Aaa 1 A = Y 1 (==
ﬂlﬂﬂﬂ]ﬂuﬁﬁgﬂiﬁﬁTNN@]WU’N?‘ﬁﬂ']i PCA Tuun THuN5aAa9u99a1 error gan31 35013 ICA

2D Shape
w._:"""'O-onh-....ooooonco.noooot---......

Pixel

Mode
N ovg PCA C—Javg ICA e 1IN PCA
o max PCA sssese min ICA sssese Max |ICA

717 4.23 Ham3I5EANTNIN LOOC veuuuuT1aeegiliedediia

3D Shape

Pixel

5U 4.24 wamsIalse@NTAIN LOOC voauuuTIa03ls e uia

U



64

4.6.2 msIadszanEmmmInsIvaeudeyan1suen Yo WU 1 INHA?
A Y = 9 tg a Aaa 1 Aax s
13U 4.25 naaalimsnfFeuimeunavestoyan i ITeIlaNYI1ITNIT PCA I
9 [ 1 Ay = d' ax [ = Y
1 THUMIANAIVBIAT error §4AI1 3BT ICA DI THuANTA T3 ICA naVTLUI Ty
1 1T Aax A Y =
A132AAVDIA error §313I1 3BT PCA Hazngili 4.26 uaaslimanfSeuimeunaves
9 Ay a an 1 Aax = 9 1 (== =
POYANUHITNTANYI1ITMT PCA W THUNTaAAUBIA1 error 401 ITNT ICA U

Tvuahnn 35m3 ICA navuliuua Iunsanasuesa error §3n11 35015 PCA

2D Texture

IS

*e

.
S

=
=1
in

Gray scale

Mode
E avg PCA —avg ICA = min PCA
o 3% PCA ssssss min ICA sssssemax |CA

i Y
517 4.25 wamsIaisz@nsaim LOOC v uTa0INUHITDINA

3D Texture

=
|
\
\
\
\
\
\
\
\
\
\

5
in
|
| J

Gray scale

{ v a A o g a aa
g‘ﬂﬁ 4.26 HaM3IAUsZANTNIN LOOC Vo UUTIa0INUHIT NNA

(v ° [ J
4.6.3 ﬂ]ﬁ')ﬂﬂﬁza‘ﬂ%ﬂ1wﬂ1§ﬂ§3ﬂﬁi’)ﬂ%i’)yﬁﬂ1ﬂui’)ﬂslli’)ﬂllﬂﬂﬂ1ﬁi’)ﬂ§ﬂaﬂ‘ﬂm
= Y = 9y o t4 Aaa 1 an =
1n319 4.27 vaaslimanfSeumeunavesvoyagilanyalaealanyi1IT3 ICA I
) 1 o 1 as = ) = )
LLH'JTUIIGU'EN?‘H error 110731 315015 PCA Lla%ﬂ’]ﬂgﬂﬂ 4.28 !Lﬁﬂ\ﬂﬁﬂWﬁllﬁﬂUlVIﬂUWaGU'fNGU'E'JiJ”ﬁ

[ 4 an axy = Y U 'o =
gﬂ AHUTTUUANUINIGTNIT ICA NLL‘H’JIM?JGU’EN?H error 11171 35015 PCA



65

2D Appearance

s

Percent
Wt
[¥,]

..
Sessepssssansr®

o ll i Il Ii Ii ii 17 ii lI

Mode
I ovg PCA —avgICA o min PCA
— 12X PCA ssssses min ICA sesess max |CA

511 427 mamsdadsz@nsam LOOC vounuuinesgldnyaideiia

~ 3D Appearance

w
5

Percent
w
w

=
ey

Mode
. avg PCA [ avg ICA min PCA
max PCA seeeeeees min ICA  seeesenss max |CA

{ o a A o [ G4 aa
31U 4.28 wamsialsz@nsnIm LOOC veoauvudassgilanyaleuia

4.7 wwymamsihwuudiaeslflinuluagdnadenass

4.7.1 Face Recognition
. . I ax = o 1 a J o VN 9
Conjugate Gradient 1H135mMsuHelumsdsuamisiimes lagon Tuia Tagn1sasng
Jd v @ a 4 Y . . o 1
WanFuasrvaeunan1sdiunisiines 19nusz Uy 1d1 Conjugate Gradient 9 ¥1N15 g M
1 Aa s A a sAq Y Y ~
AN INONINIT A0 TN 1A Error Hooga
o Iy % o g o @ 4 H
dmiumsszyaau nuudiaesiansaiinsdunsigd luniiynnaNaoants
a I'4 A % { % a 4
asrvdonlaslens lwinlwesiiies lund Tugd 429 uaasmsdiumsadmeinnuii

(J

d' o Y Aa d'd
maa”lﬂm“luwumiwmuﬂﬂam IUAIBITAT Conjugate gradient



66

MEAN Conjugate Gradient Real Face

A o s v Y a 5 . .
E‘IJ‘VI 4.29 llﬁﬂ\iNaﬂﬁﬁﬁLﬂ31$‘Vig‘]ﬂ‘uﬂuTmﬂﬂﬁﬂi‘UWﬁWmﬁl’ﬂiﬂ’Jﬂ Conjugate Gradient

4.7.2 Raspberry Pi

517 4.30 namawansrdugdlunihidae Raspberry Pi

A 9 1 % I A A
WonNuazaInIuns s luvultsaussuudeariunlumaaennuiaulalu
av dy 9 o a 14 S A 1 . (=Y a a
NI 1A FaUMITINUABNNUADIVLIAANTDI Raspberry Pi nuianulszaniam

ganefvzdlszuranaglalianuazideagala Tuzilh 430 naasnsasnivluwinlaeld

o 3

gamaad 15931 OpenCV @200 111 C++

Q



67

4.8 9n1s1ama

o a a ° 9 Y o T Ay Yo ' A A aa
ﬂ’li3@TJ§$'ﬁ‘VIﬁﬂTW1/]111’7Wum@ﬁ\uﬂ@jnu@m@y‘aqﬂiﬂNaﬂigﬂumfuiuﬂimwlwuﬂ@

9
Y

= 9 1 aa a an = = v [N [ =)
anwanludeyagdinnndes@iluawianuiimsnlasuntasveswadns luaenu Tagll
Y
doagilaail
[ a a I ] Yy 9 aa 9 aa (=
myialsezansnmanudulouiulasagludrteyaaesiauaz doyaauia lull
1 v A = =] 1 1
ANULANANAY AD PCA UAANAIUAlnuFLgInI1 ICA
(% a A 1 ] 9y ax v Aax ]
myialsz@nTamanummzinzas TagduIngud35ms PCA nu3sms 1A u
=~ J [ o LY Y =1 9 aa o 1
tanuuanannuunin uadunaldnlunsalvesdoyadmiauuiiaeszlsie uas
o o E= B <3 Y =R A Y I (=) Aaa 1
puvusiaesglanyailia error anauanesmam sty Iaiuedvandoyaauiadinanc
Anuuiud1veIMsszyaauaeluni
o A A Y o Y I =] o
M3dalszansamnisasisdeuveyanisuon a0 IMHUdINAN1T 0
a A d‘ % d' = Y 2/_, o an an 9
Usz@nsamnganuitiosnninnuaeandesnslunuuiiaesaesliauazenuiia Tasagyl1a

@

N

=le

- upUI1a0331919MUN PCA H)szansmmgandi ICA
4
- HUDTIAOINUHINDI ICA Hi)sz@nTn1mgandi PCA

- nuuiassgidnuainui ICA Tse@nsnmgandi PCA



UNN 5

asilwansidy

=

Taipfuvuniavesgnsaimaiuiinglidnas sreldannsawnm liuiinga 18y

Y

AAy a2 Yo o = a A v =R Y =
NONNABINIT L1/]ﬂIUI'Qﬂvlﬂﬁllﬂ?ﬁW%uWﬂuNﬂigﬁﬂﬁgﬂ’QQ ﬁ'lll'liﬂUu%ﬂgﬂﬂﬂﬂﬂﬂn\lagl@ﬂﬂ
=

q

v = 3 o q Yx o v v oA 2 ¥
ﬁ'\‘]ulﬂ i’HJ"l‘]_]ﬂQﬂ’JTJJﬁ%ﬂ’)ﬂiﬁﬂ!ﬁ’)“ﬂﬂﬁuf‘lﬁ'Uu‘VIﬂGU’f)iJ“aﬂ’JfJiﬂiﬂﬂlllﬂﬂsllu NIFIUITD

QU QU

1 9 g‘; 1 = <3 ad 1 Y Y 1 ~
um‘ﬂuggﬂuumuszuﬂmwmu@mﬁﬂ@m@mam ﬂ’ﬂNﬁiﬁﬂl’ﬂuﬁﬁgﬂﬂWﬂNNWﬂMWﬂﬂ1i

[

' o [ @ J } 1
ﬂi%‘ll?ﬁﬁ'"liﬁumﬁﬁ]Tﬂgﬂﬂ1fJfﬂaQllﬁ}ﬁ‘ﬂﬂﬁﬂ@ﬂﬁﬂmﬂﬂﬁﬂﬂﬁﬂluiﬂiﬁiy 1% Microsoft, Apple,

3 ! o w {o o & { o 1
Google 118 Facebook 1Hludu nitslumsaumadidgimauilunsuamesie juaeluwnh

o Y Y v A Yy 9 A ' 9 o
Lmzmi'ﬁzummumﬂuwm Gl“LJﬂ']ﬂﬁiﬂllﬂ']ﬁclslfﬂa@\iﬁ\iﬂiﬂﬂslf?ﬂﬂluﬂ'luﬂTﬁﬁﬂH']ﬂ'JTiJ

=2 o

[ A ds! é 1 9 [y} o [Y] 1 9 1 g‘; d' 1
HasansnumuuINUY "If\i‘b’?ﬂi‘l’iﬁ?llﬁﬂﬂuﬂﬂLﬁ@]ﬂTﬁﬂ!ﬁ'lﬂﬂJuﬁN 9 "l,ﬂ U@ﬂﬂi\‘]‘VIW‘U’Ng‘]J

q

[ Y, v 9 o a gJ/ 1T Ay d Y %’, s )
i]”IEJQﬂ{lﬁlfﬂluﬂ”li'iz‘l!@]’lﬁﬂig‘ﬂiﬂmllwﬂ aaanAanany luglsgaUNsENIAANDNITI Y

a o dyd 9 ~ @ o 9 A a A A
\111!’3%811!iNlIJJLu‘L!]‘hJ‘VIﬂﬁW@J‘LﬂLL‘U‘Um’dE’NSI,UWHWIJJﬂiSﬁVI‘ﬁTIJZ;N INIRIRATGAIGN

q U

A a o 9 Y ° A Yo I o
LVIﬂTUIﬁfJVINﬂ']iWﬁHu']llﬂsll'lﬂﬁu'] LL‘]J‘U%']@@QVIllﬂ‘ﬂ']ﬂ']i@@ﬂllﬂUULﬂuﬂTSW@JUT%Tﬂ

De

a A @ 9

o @ L= o A~ o 9 =
llﬂﬂﬂ']af]\jgﬂaﬂ‘ﬂm GNL“JJHLL‘]J’iJmaENWJﬂizﬁﬂ‘ﬁ’iﬂqﬂum‘ium15$‘1JGI’JG]‘LA@]’JEJGI,1JWH1 WNaN

U Q

Y
[ A a

[ a = Y 3 A a v vy 9 aa g
Maninanuiseiine lauuudassndsz@nszllumsszydrauarslunihawiiaaie
= o o o a
ANuazdeage uazuuuTaesawsnthinldlse Temilaese Tasansoldauldlaodld
'l
g o a o dy Y o o J A o o
Tuaduasunsianuiseil ldnhmswanszuuserduinsossumsihauny
A 1 Y ' o I 1 [ dy
dangula Tasutiamshaueomilu 4 daugail
Y Y
1. M3e3191A399519 Landmark
Y Y &
2. myaigadeyarn
Y o 9
3. myasauupsaeslunih
(% J °
4. msduasizdlumhannuuuiias
U ao A o 9 o Y A
TugruvesmsnaassnuIveiiiimnaassawuusiaeslumihluaugiluou fe
o ' o X a ° [ C4 Y Y A 9
puu$1ae931li1e nuusiaesnui uaz nuusiaeglanyal laglddeyaaewuy de Joya
aa an a 4 aa a 4
Tuwihaeia vazdoyalumihawia a1e3tmsinszineadageddsnsie M3 InsIZH

J [ a 4 J a
o3Adsenouvian uazmsanszesnlsenoudase



69

a v va o W

1 [ a A g‘/ dy Y A
lugruvesmsiatszdnsyliu lunuiveilladennaaovguaniadinyaiy

o Ay v v dy
ﬂigﬂ’liell@\Tllﬂﬂﬁnaaﬂmvlﬂﬁnﬂﬂ'ﬁﬂﬂa'EN AN

RKRe

Q=9 ' 2 o ° y A s 9
- AN audy nueds SuTnuavesuuusaeItesngandeal
o v o 7 v X 19 ¥ ¢
dmsumsdunsiznlunihyu v vauysel
- AWIMNIZINIZIY MUIBTI ADINATOUAQUUBILUVTIABIABNIIIIADS N

Ful 1dmelunuusiaes

=

- ﬂ”l'iﬁi’lﬁ]ﬁf)ﬂélslj’f)lluﬁﬂ"lﬂu’ﬂﬂ ‘HiJ"IfJﬁQ mmmmsa“lumﬁmaﬂﬁ@u%’aga

li'ldegluyadln dnlunilsonnuiluanavesuuuiians

5.1 a3lwamsIve
Tunisiadsz@nFsduuudiaeanea@1uuuy Ao shape model, texture model HaE

appearance model Iagif3oufevuvuusianai 1aa1n PCA A ICA wu lunisads shape

v v
model 1 Mstaonld PCA vz 1 lAunuiiaesniidszanssiganiims 14 1ca lumsads

v [
texture model Wy Mstaon 14 1CA vz ld Iduuudiaseniisz@nsgilganiimsly pca lu

U

9
% d o
mMsasrauuy lunsadie appearance model 11U n15180n 14 PCA %30 ICA nazvia 1l 1a
o d’d a A [ [ v =) 9 Y Y d‘ a 'o
puutaesnilseansgy liaenuuinin wmindenld 1ca udagldaundennudanaiad
1 = 9 o gJ/ . A
a1 N Ty MIATUNTNeINTNI memory 1ag time 14
a o g Y o ax 9 o k4 @ asx 9 o
Tuanudvel Idiaueisnisadauuusiass aremsian1ITmsawuusias
[ o % < 1 1 o
sUdnwal (Active Appearance Model) Fananisnaasauaasliniuinludiuvewuuiiaes
A a = ~ g a 4 e A 9 A A a
wuAmndnslasuun 1933 nsimsgresntszneuddasy udrvgamisamniszand gl

o v (4 aa ° A a a
youuusiassglanyal 14 uazmslddeyacuiamusoaituunsaesntilszans jilge

' Y Y Aaa A Ay Y 1 A o o Y 2 Y
ﬂ')’lﬂ’licl,"]f"Uf]iJaﬁfNiJ@] ﬁ'\‘]“l/l@]@\iwV’JJu’l@]@ulﬂﬂ'f]ﬂ’lﬁu’ll,lfullﬂ']af]\‘]llﬂslf]f\ﬂuﬂﬁﬁiuﬁgﬂ!nﬂﬁ@ﬂ\l

U
P2

a X Aav A Y o 9 a J ¢ A ' .
IN “]N\1']1!'3%8]1!11@L!u%lﬂﬂ'lii“b’ﬂ’f]u“l/‘l')m’f]iﬂ@iﬂl@EI’J ¥®I1 Raspberry Pi

5.2 ynmazdarauonns

@ Y = 9 Y

o a { @ g o o
Gluﬂ'li‘ﬂ'l\‘]'lu'J%EJﬁG]’ENmiﬂﬂﬂl@ﬂﬁﬂ@ﬁ@ﬂ@?ﬂ@nlﬂﬂuu %'llﬂuﬁl’f]\‘]’f]'lﬁflﬂ'ﬂﬂgﬂ’ﬂh
=

U

) a v A Ay o oA A a a 9 1 Lo
!ﬁmﬁlﬁ]l,ﬂEJ’Jﬂﬂﬁﬂﬂ@]@ﬂﬂ1iﬁﬂ‘kﬂlﬂu’681\1@ Lumﬁ]1ﬂ'ﬁ1ﬂm@mimmmeya"lumuanyjmum

U A A Y a = Y A o A Y @ 2 9 ~ 9
%%ﬁ’dwﬁﬁ’ﬂm@ﬂﬁl‘ﬁlﬂﬂﬂimm3318]1/]@’@11!6’8\11/]1\1 wudﬂamm@maU"lﬂ!,immmﬂwuayla

1 3‘/ = A Y v 9 a o Y a ] A =
Gl‘l’iﬂJ’e)ﬂﬂN LLEWfJﬂ‘ﬂNﬂ@ﬂﬁ’dﬁN@I’JLﬂ“]JGUfJiJ”aLﬂ’ﬁ3J‘V]ﬂ1’ilﬂﬂﬂ’)ﬂJﬁUﬁuLM’ﬁﬂﬁﬂﬂﬁ@QMﬂIUWQ

9 9 H
Y LY aA o

ldﬂ a = Y <3 1 = Y 1
lemﬂluumm ﬂ\iuuﬂﬁﬂﬂﬁ@\?“ﬂﬂﬂ?ﬁﬂﬂﬂl&ﬂWiﬂﬂHWl’f)iJ”alﬁﬂulﬂ’gﬂﬁﬁﬂ‘kﬂsllﬂy'ﬁmUWQGlﬁﬂJu



70

[

dy A Y A A IA A a dyd Aa a
u’aﬂmﬂumim@ﬂi%tﬂi@me“lumsvma’ENmJLLu’JVINVIﬂ’JSW%ﬁm1 31 Ao Useans

G = [}

Y Y o Y v A A Aa 9 1
gﬂﬂlﬁlﬂlﬂiﬂﬂll@ mmazmﬂ“lumﬂmm uazmmmﬂullﬂﬂmmmmwmmm YU 1

U

=

E4
Aawv A

v v Y
el IdGuAuMsHaNAIen 8 C# Fadilszans gl lumsasdiuaaaenug 19 8oy
=\ d' A ] Y o @ o 9 1 A Y o v o aa
aTeatorrelmiinwauiau Idedeazain uaiod o NUAUNTAIUIUNTDANT

< I o < < 2 '
@onld Matlab 1Wumadennairelinaiauniull1asaG2@u'ld w312 Matlab H%09N14

maseugony c# milulyld



318N1591999

Andrea F. Abate, Michele Nappi, Daniel Riccio, and Gabriele Sabatino, “2D and 3D face
recognition: A survey,” Pattern Recognition Letters 28, p.p. 1885-1906, 2007

Bruce A. Draper, Kyungim Baek, Marian Stewart Bartlett, and J. Ross Beveridge, “Recognizing
faces with PCA and ICA,” Computer Vision and Image Understanding 91, p.p. 115-
137, 2003

C. Bugli and P. Lambert, “Comparison between Principal Component Analysis and Independent
Component Analysis in Electroencephalograms Modelling,” Biometrical Journal48,vol.
5, p-p- 1-16, 2006

Francois Cardoso, JADE. Available at: http://bsp.teithe.gr/members/downloads/Jade.html
(Accessed: 17 June 2013).

Facebook. Aviailable at : http://www.facebook.com (Accessed: 17 June 2013)

J.F. Cardoso and A. Souloumiac, “Blind beamforming for non-Gaussian signals,” IEE
PROCEEDINGSF, Vol. 140, No. 6, p.p. 362-370, 1993

JUN ZHANG, YONG Y AN, and MARTIN LADES, “Face Recognition: Eigenface, Elastic
Matching, and Neural Nets,” PROCEEDING OF THE IEEE, Vol. 85, No.9, p.p. 1423-
1435, 1997

Jian Yang, Zhang, D., and Jing-Yu Yang, “Is ICA significantly better than PCA for face
recognition?,”Computer Vision, 2005. ICCV 2005. Tenth IEEE International
Conference, Vol. 1, p.p. 198-203, 2005

Jing Wang and Chein-I Chang, "Mixed PCA/ICA spectral/spatial compression for hyperspectral
imagery," Proc. SPIE 5995, Chemical and Biological Standoff Detection I1I, 2005

Kyungim Baek , Bruce A. Draper , J. Ross Beveridge , and Kai She, “PCA vs. ICA: a comparison
on the FERET data set,” in Proc. of the 4th International Conference on Computer

Vision, ICCV’02, 2002



72

Kresimir Delac, Mislav Grgic, and Sonja Grgic, “Independent comparative study of PCA, ICA,
and LDA on the FERET data set,” International Journal of Imaging Systems and
Technology, Vol. 15, Issue 5, pages 252-260, 2005

Khamiss Masaoud, S. Algabaryand and Omar, Khairuddin, “A Comparative Study of Face
Recognition Using Improved AAM, PCA and ICA via Feret Date Base,” European
Journal of Scientific Research;Dec2010, Vol. 48 Issue 2, p263, 2010

Matthew Turk and Alex Pantland, “Eigenfaces for Recognition,” Journal of Cognitive
Neuroscience, vol. 3, Number 1, p.p. 71-86, Massachusetts Institute of Technology, 1991

Marian Stewart Bartlett, Javier R. Movellan, and Terrence J. Sejnowski, > Face Recognition by
Independent Component Analysis,” IEEE TRANSACTIONS ON NEURAL
NETWORKS, Vol. 13, NO. 6, p.p. 1450-1464, 2002

M. Uziimcii, A.F. Frangi, M. Sonka, J.H.C. Reiber, and B.P.F. Lelieveldt, “ICA vs. PCA Active
Appearance Models: Application to Cardiac MR Segmentation,” In Proc. MICCAI 2003,
LNCS 2878 , p.p. 451-458, 2003

Martin, C., Werner, U., and Gross, H.-M., “A real-time facial expression recognition system
based on Active Appearance Models using gray images and edge images,” Automatic
Face & Gesture Recognition, 2008. FG '08. 8th IEEE International Conference, p.p. 1-6,
2008

Mayank Agarwal, Nikunj Jain, Mr. Manish Kumar, and Himanshu Agrawal, “Face Recognition
Using Eigen Faces and Artificial Neural Network,” International Journal of Computer
Theory and Engineering, Vol. 2, No. 4, August, 2010

Marijeta SlavkoviC and Dubravka J evtié, “Face Recognition Using Eigenface Approach,”
SERBIAN JOURNAL OF ELECTRICAL ENGINEERING, Vol. 9, No. 1, p.p. 121-
130, 2012

Peter N. Belhumeur, Joao P. Hespanha, and David J. Kriegman, “Eigenfaces vs. Fisherfaces:
Recognition Using Class Specific Linear Projection,” IEEE TRANS ON PATTERN
ANALYSIS AND MACHINE INTELLIGENCE, Vol. 19, NO. 7, p.p. 711-720, 1997

Prof. Y. Vijaya Lata, Chandra Kiran Bharadwaj Tungathurthi, H. Ram Mohan Rao, Dr. A.
Govardhan, and Dr. L. P. Reddy, “Facial Recognition using Eigenfaces by PCA,”

International Journal of Recent Trends in Engineering, Vol. 1, No. 1, May 2009



73

Paramate Horkaew, “Analysis of CMR Perfusion Imaging based on Statistical Appearance
Models,” Proceedings of the Second International Conference on Knowledge and
Smart Technologies, 2010

P. Aishwarya and Karnan Marcus, “Face recognition using multiple eigenface subspaces,”
Journal of Engineering and Technology Research Vol. 2(8), pp. 139-143, August 2010

Rabia Jafri and Hamid R. Arabnia, “A Survey of Face Recognition Techniques,” Journal of
Information Processing Systems, Vol.5, No.2, p.p. 41-68, 2009

T.F. Cootes, C.J. Taylor, D.H. Cooper, and J. Graham, “Active shape models — their training and
application,” Computer Vision and Image Understanding, Vol. 61, No. 1, p.p. 38-59,
1995

T.F. Cootes, G. J. Edwards, and C. J. Taylor. “Active appearance models,” ECCV, 2:484-498,
1998

Thomas Heseltine, Nick Pears, Jim Austin, and Zezhi Chen, “Face Recognition: A Comparison of
Appearance-Based Approaches,” Proc. VIIth Digital Image Computing: Techniques
and Applications, Sun C., Talbot H., Ourselin S. and Adriaansen T. (Eds.), p.p.59-68, 10-
12 Dec. 2003, Sydney

XiaoGuang Lu, Ping Han, and Renbiao Wu, “Research on mixed PCA/ICA for SAR image
feature extraction”, Signal Processing, 2008. I[CSP 2008. 9th International Conference on,
2008

Xiaozheng Zhang and Yongsheng Gao, “Face recognition across pose: A review,” Pattern

Recognition 42, p.p. 2876—2896, 2009



HNANUIN D
UNANNNANUITENI AU 1UN5152433%1M3 ICSEC 2013
The 2013 International Computer Science
and Engineering Conference
v a

TUN 4 — 6 NUSNYU 2556

o Usznglne



On Building PCA/ ICA Deformable Facial Models

Vitavat Vitayakailert* and Paramate Horkaew
School of Computer Engineering
Saranaree University of Technology
Nakhaonratchasima, Thailand
spynin@hotmail.com

Abstrucr—Face recognition is one of the most widely adopted
fields in computational bio-metrics due to its ability to make
identificadon while being less intrusive. Despite its success in
many industrial applications, the most reliable solutions have
thus far been based on an Eigenface approach. The Deformable
appearance model, on the other hand, has recently attracted
much interest from the Computer Vision research commumity
due to its rather more flexible nature. As such, much effort has
been made on enhancing its reliability and efficiency to on par
with its renowned counterpart. Emerging ideas have been focus-
ing on including non-lincarity on not only facial boundarivs but
also on its texture elements, so that more realistic facial synthesis
can be made. The main contribution of this paper is therefore to
build on tep of an AAM framework the non-linear facial appear-
ance model with TCA, To this end, experiments on comparing
with existing scheme were made, and with their pros and cons
discussed. Statistical analyses suggest an optimal configuration,
upon which an improved deformable tace model may be built.

Keywords—AAM, ICA amd Face Reengnition

L INTRODUCTION

Picture recording technology has greatly been advanced
since it emergence a century ago. Further miniaturizing the
involving parts has cnabled its mobility and as a result made
picture taking experience pervasive and more versatile. With
the much Tower cost per shol taken and along with the rapid
growth of social network media, photography has been leaping
to its newsst height. Among the most frequently taken and
shared photos in the mternet today are nterestingly food and
face [28]. In addition to theso rocrcations, the government of-
ficials have imcrcasingly adopted closed ciremit television
(CCTV) for security measure and erime prevention. The pur-
pose of the CCTV is not only limited to recording typical eve-
ryday events but also helping to identify the culprits involving
m criminal activities ranging from petty crimes to terrovists. n
general, the identitications have been made based on their
appearance and most importantly faccs. In many organiza-
tions, personal face identification for security and administra-
tive purpose has also widely employed.

Face is (he least obscured part of the human body. Further,
acguiring a face sample 1s also least intrusive as it does not
require close physical contact. Tt is therefore one of the most
preferred choice of bio-metric in various areas. Employing
face in user privacy protection is also morc desirable than says
password, key or even electronic card, since it does not require
remembering nor demand additional materials and resources

apart from the person hersclf. What the scenario mentioned

above have In common is that they cntail three processing

abilities, .e.,

1) Facial extraction from the image,

2) Facial component analyses, which include size, color, and
peripheral landmarks, and

3) Comparing the fucial actributes against those stored in the
darabase for identification and/or verification.

The ultimate ambition of the facial recognition research
has been to cmulate the human vision system and neurological
functions to most correctly identify a person, Despite this sim-
ple designation, approaching this ideality has been a great
challenge, because of open air illumination irregularities, face
molions and perspeclive, and partial occlusions, ere. [19]. To
date, there has not been a unificd solution to completely tackle
these impeding factors. There are nevertheless, many hybrid
and integrating approaches that have been proposed [16] and
that can deal better with actual setups. Amengst these most
prominent schemes are Eigenface, Aclive Shape Models and
Active Appearance Models [20]. Their continual development
and tuning so far has bsen proved promising in the real-lite
apphications with relatively high accuracy. [16,19.20]

Inspired by the recent suceess in a non-Tingar higher order
statistics, hamely the Independent Component Analysis (ICA)
[2], the main contribution of this paper is to augment the con-
ventional Active Appearance Modsl (AAM) wilh the TCA o
better engage with non-lincar variations naturc of the texture
element [7]. Diftering trom ofher works, we propose the em-
pirical statistical analysss, based on which an optimal modcl
configuration is recommended. The preliminary vesults sug-
gest improvements over the general AAM.

[I.  MATERIAL AND METHODS

A. Reluated Literatures

Eigenface is a statistical facial analysis technique adaptod
from the so called the Principle Component Analysis (PCA)
method. Up until most recently, it has been widely used in
many facial recognition applications. The technique is based
on analyzing statistical variation of pixel intensities in a col-
lection of face images and then determining the underlying
principal components. These components form the bascs in
querying the databasc dwing the subscquent identification. Tts
noted features are procedural simplicity and quite reasonable
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recognition accuracy. Its major drawback, however, is its rigid
matrix domain, on which the PCA is performed, ignoring cor-
respondences between individual landmarks across the entirs
dataset. This assumplion thal sach pixel reters (o the same
facial parts is often vielated in the real life situation, where
human faces differ not only in texture but also in shape. Ac-
cordingly, it limits the applicability of the Eigenface to only
relatively low resolution images, where such discrepancics ars
not so pronounced [1,21,26].

AAM 15 a simlar statistical based techmgue. However, in-
stead of comparing the pixels in a common rectangular grid, it
measurcs the overall appearance, defined as the variation of
texture and shape over the deformable frame. As a consequent,
it is more closely resemble to what actually perceived by hu-

man vision system. On building the AAM, it starts off with
creating a Statistical Shape Mods! using PCA [3], followsd by
a Statistical Textare Model of the same dataset. The resulting
model parameters are then combined, yielding the Statistical
Appearanee Model [6]. It is worth noting here that, these steps
relied on the PCA to create the linear hases that expand the
underlying variations. These bases ate only acceptable to some
oxtont in most image processing applications. This lincar hy-
pothesis unforimately does not always hold, especially in real
facial images, where the amplitude of pixel intensity does not
contain crucial information. Acvording to M. 5. Bartlott ef ol
it was suggested that facial analysis based on ICA gives better
result than its PCA counterpart [7]. Table | summarizes the
diftorcnees between AAM and Eigenface.

Comparing [tems AAM

Eigenface

Modul Atributes

Texiure and Shape

Texture

Texiure Analysis

Shape Corresponding Fixels, relative
to Barvcentric Coordinates

Ordered by Marrix Frame

Organizing Data from Dif-

ferent Space malion

Alignment using Matrix Transfor-

None

Table | Comparison between AAM and Eigenface Characteristics

In statistical image analysis, PCA scheme has been widely
aceepted. There are howerver quite a few works that suggest
the combination with the non-linear ICA meodels. In 2003, for
mstance the authors proposed a mixed PCA and ICA spectral/
spatial compression for hyperspectral imagery [13]. Later in
mixing PCA/ ICA was found in synthetic aperturc radar image
feature extraction [18]. Their experimental results indicated
the improvement on the recognition performance, compared to
either of the PCA or TCA alone,

The focus of this paper is set on facial components analysis
for buidling a high sfficient (compast yet accurate) synthetic
deformable facial model. The paper [irsly investiages the
related schemes, which are shape, texture and appearanee
models. The respective models created using PCA and TCA
were later that compared. The experimental results showed
different characteristics between these model. Finally, deduced
from (hese comparision, the recommendations on building
appropriate deformable facial modsel, capable of more efficient
recognition are given, with guidelines on adopting the models
in real world applications suggested.

B. Smatistical Image Analysis

Principal Component Analysis (PCA)

PCA is a statistical paradigm that ransforms the plausible
variations in a dataget into an orthogonal linear bases, called
Principal Components (PC). The transformation designates the
first component to bs the most variant onc. The subsequent
smaller components are always orthogonal to its precedence,
thereby guaranteeing complete independency among these
PCs. Its govirning cquations arc cxpressed as X = PB, where

X, P and B are the data vector, PCs matrix and corresponding
parameters vector, respectively.

Should thers be any correlation amongst spatial variables
under the Gaussian distribution hypothesis, PCA can reduce
the original dimensions into fewer significant oncs {7.e., those
with larger variances), discriminate any outlicr, and identify
spatial members. With ils intuitive interpretation ol the veclor
space, PCA has thus been widely applied in describing face
images in various recognition schemes. Care should be taken,
however that PCA assumes Imear combination properties of
the bascs. It is thercfore prone to approximation crror beyond
its linvar region, for instances, objoct in naturally lit seenc,
skin tone complexion, or ofher non-linearicy,

Independent Component Analysis (ICA)

Independent Component Analysis {ICA) is a method used
in Blind Source Separation. In signal processing, ICA is a
computational method used to separate a composite signal into
components, whose distributions is not necessarily normal but
is independent to each other. However, deriving an optimal
ICA maodel with such properties requires complex parameter
tuning, making it non-trivial to determine its underlying inter-
pretation. An ICA formulation is expressed below [7].

X=Ww"s (n

Where X, W, and S are the data vector, weighting matrix and
source vectors, respectively.

Joint Approximation of Eigen Matrices (JADE) [2] has
been developed to sfficiently extract ICA trom digital signal,
by mecans of joint diagonalization of the cumulative matrices
ot the higher orders (2™ and 4") statistics, despite however the
cost ol abundant memory resources [27].
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PCA versus [CA

Basically, PCA extracts the uncorrslated bases that can de-
scribe more concisely the data under observation, by analyzing
their variance. The ICA on the other hand recovers the varying
components which form the noisc that pornurbs the original
sources. The resultant bases from both methods are character-
ized as those with “highesl variance” versus “mosl relevan(”,
respectively [10]. Marian SB. er. a/, [7] presented in their
wark empirically, the comparison between PCA and TCA.
They elaborated that a fagial image consists of both magnitude
and phasc and the most significant information in terms of

diserimination is contained in the phase components. Unfortu-
nately, it was rovealed further that PCA was mors responsive
to the magnitude, rendering it inferior than the TCA based
model. This is partly reflected from their definitions, where
the PCA focuses on finding the representative bases that the
underlying data have in common, while the [CA hypothesizes
that these data are originated from multiple sources and con-
tarninated with noise. It thus aims to find these sources which
in congregation represent the undertyimg data,

Table 2 ists their results, showing the differences between
PCA and ICA propertics in more details.

Comparing Items PCA ICA
Property Dimension Reduction Blind Source Separation
Order of Statistics Second-order Statistics Higher-order Stuistics
Focus Uncorrelated Independent
and Gaussian components and non-Gaussian components
Transtormation Orthogonal transformation Non-orthogonal transformation
Image Sensitivity Amplitude Phase

Table2 Comparison between PCA and ICA Propertiss

1T, BUILDING FACE MODEL

This section describes the procedures taken in buidling the
3 statistical model, Le., shape, texture and appearance models.
4. Shape Mode!

The most orucial step toward building a statistical shape
model is designing the conliguration ol the composiling mesh.
It should be able to cover the entire area of interest, with fidu-
cial nodes placed on expressive facial landmarks. These land-
marky should be eagily identitiable and available in all of the
samples found in the dataset. Fig | show a sample mesh con-
figuration with 43 nodes, which were coineided with lips,
eyes, eyebrows and chin ete, as advised in [3].

—

oie

LA .

Fig 1 Model Configuration

The subsequent step was to construct a training set which
consists of 32 images. In this study, the configuration template
was overlaid on each image and then had its nodes adjusted by
a user to coincide with underlying facial swucture.

The shape model was constructed by using statistical anal-
vsis of the corresponding node coordinates (x;, 3,), describing
the facial parts, in a vector form.

— T
2 = [0 Yins Kizs Vizs s X Vites -2 Xinis Vins | (2)

Since the Tandmarks were obtained trom different images
with varying size and locations, This inconsistency in (he pri-
mary shape could lead o noise and hence error in the subse-
quent analysis. T.F. Cootes et al., [3] suggested to first align-
ing the training shapes in a common reference frame. Once the
training sct was propetly aligned, it was normalized so that the
coordinates extended between —1 and 1, for the ease of com-
putation. From these normalized data, the covariance matrix
was computed and the Eigen vectors and the respective Eigen
values were extracted.

E=5ZLix 3)
dy; =x— % [€)]

a -

g = m:.izx &)
% =%+ [(Aby) DXrayl (©)

Where x is a shape vector, N is the number of shapes in the
training sct, P, and b, arc the bases and shape parameters vee-
tor, and DX is the data extent used in normalization, respec-
tively.

B. Texture Madel

The texture model was built by analyzing the variation of
texture elements contained within the shape facets. Tt should
be noted here that, unlike the Eigenface approach where the
frame of reference is rigid, the numbers and locations of the
texture elements varied across the waining set, depending on
governing shape. In order to properly sample the pixels in
their respective locations, the baryeentric interpolation was
adopted. To this cnd, the sampling was made by calculating
relative coordinates with respect to covering polygon in the
equivalent triangular mesh. This mesh was simply obtained by
triangulating the contral pomts of the average shape. Note also
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that since topologically all the shapes are exactly identical, the
triangulations thus remained unchanged. Furthermore, to re-
iluce bias due to varying intensity shift, normalization was
imposed on these grey level vectors, as described below.

i = (91, 92, -1-911-&1: = Jimy giMr]T @)
g=52%g ®)
dyl 9i—3 )

ti = port (10)
9=+ [(Pbig) DGpas] (n

Where g is the texture vector, P, and b, are the bases and the
texture parameters, respectively.

C. dppearance model

The appearance model describes a face in terms of both
shape and texture. It was reconstructed by concatenating the
shape and model parameter vectors of each sample. The com-
ponent analyses were then performed on these vectors, similar
to shape and texture models.

bia = [¢] —[ ”““"]l (12)

big PT (g

by = Pyc (13)

Where b is the texture vector, P, and c¢ are the bases and the
appearance parameters, respectively.

IV. EXPERIMENT RESULT

This study employed 32 sample images with varying size
and resolution. Without the lack of generalization, each image
was resized to 138 by 146 pixels. The configuration of shape
model consisted of 43 nodes, resulting in 86 degrees of free-
dom (x and y). Fig 2 depicts the shape models built from PCA
(top) and ICA (bottom). Each model illustrates 2 modes of
prineipal (independent) variations.

MODE 26 -16

Fig 2 Facial Shape Models built from PCA {top) and ICA {bottom)

To assess the texture model, a total of 10941 pixels in the
referent baryeentrie coordinates were taken from cach sample.
PCA and ICA were then applied to 32 projected images. Fig 3
illustrated the texture modsls compuied by using PCA (lop)
and ICA (bottom), respectively.

MODE 26 16 MEAN 26
-
St
e
MODE 20 MEAN

CE-8|E6:
"€

ﬁ. L L

Fig 3 Facial Texture Models built from PCA (top) and ICA (bottom)

Finally, the appearance model was constructed by applying
the PCA and ICA to respective concatenated shape and texture
parameters PCA and ICA. Fig 4 shows the appearance models
computed by using PCA (top) and ICA (bottom), respectively.
Each model illustrates 2 modes of variations.

, © ®

MODE 26 cw@
o®®

XA L

Fig 4 Appearance Models built from PCA (top) and ICA (bottom)

MODE ~c

A. Compactness

The compactness measures the total variance captured by
the model against the number of mode include in the recon-
struction. The graphs below compared the number of modes
PCA and ICA models required to reconstruct 95% of total
variance. To achieve such high degree of accuracy, the PCA
and ICA based shape models require 21 and 28 modes. Simi-
larly, PCA and ICA based texture models require 20 and 23
modes. Finally PCA and ICA based appearance models re-
quire 25 and 30 modes.
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Fig 5Compacmess of shape, texture and appearance models

B. Specificity

The models were assessed lor its specilicily (the abilily lo
generate only plausible instances which could only be implied
by traming set). It started off by randomly synthesizing an
mstance within £36 vanance coverage, and then computing
the residuc after the projection on the closcst training sample.
This process was repeated 3200 times (32 samples x 100
rounds gach). The specificity errors of the PCA and TCA based
shape models were 1.10 and 1.08. For the texture model the
respective errors were 1.00 and 1.00. Finally, the appearance
model exhibited the errors of 1.71 and 2.15.

C. Leave One Out Cross (LOOC) Validarion

The leave one out cross validation (LOOC) 1s a tool to
measure the ability to extract unscen objects. LOOC was
computed by removing a sample lrom the raining set and a
PCA was applied to the remaiming instances. This model was
used as the projection space, on which the removed instance
was projecled and (he residus was calculated. This step was
repeated with each object removed. The the maximum, mean,
and minimum residucs were plotted. It can be scen from the
graphs thal the PCA models have lower averaged error and by
meluding a few modes could accurately vecover the unseen
face. The ICA ones cxhibit a similar trend of crror but require

more components 1 be able to reconstruct the unscen sample.
For the apperance, both model performed equally well.
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Fig 6 LOOC analyscs of shape, texture and appearanee models

V. DISCUSSIONS AND FUTURE WORKS

In this paper, we have so far demonstrated the process of
building PCA and TCA based shape, texture and appearance
model. Visual inspection was illustrated and numerical anal-
ysts wore roported. Based on these findings, it was rovealed
that when building deformable model of facial structures, the
PCA performed better than TCA. As for the texture model,
they did equally well in terms ol specilicity whereas TCA
could gencralize slightly better, ie., being able to capture un-
seen data m LOOC, Based on these same analyses, PCA and
ICA gave similar average ettor. When consideting the mote
preferable choice in an actual facial model implementation,
however, TCA exhibited narrower MIN-MAX gap, making the
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expected error more predictable than its counterparts, with a
trade-oft regarding computational resource consumption,
Within the last fow years, there had bocn many publica-
tions compared the recognition performances between PCA
and ICA based techniques, most particularly based on mere
resultant statistical somponents. The following implications
however scemod unclear, sinco both technigues differ in both
mtents and purposes. Despite the similar paradigm to the pre-
vious works on comparing statistical models [13, 22], facial
based identifications [7, 8, 11, 12, 14] and the performance
thereot [10], this study was not set on auditioning and contest-
ing cach technigque against the othor. Its primary target was to
develop a higher efficient AAM under certain 1imitations and
impeding factors, for examples, non-lingarity and computing
resources. This paper also provides evidentiary supports and
measures that suggest the suitable statistics for facial model.
Those guidelines in turn serve as the preliminacy milestone
toward buildimg 3D facial model for more efficient recognition
schemes, which are currently ongoing at our laboratory.

Fig 7 A 3D facial model showing both shape and texture
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