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ABSTRACT

This thesis proposes a novel image projection technique for face recognition application
based on Linear Discriminant Analysis (LDA) and combine with Weighting function. The
projection is performed through 2-Directional 2-Dimensional LDA or (2D)’LDA that is essential
working in the row-direction of images, and then proposes an alternative 2DLDA which works in
the column-direction of images. By simultancously combining row and column directions is
overcome the “small sample size” problem. Moreover, a weighting discriminant hyperplanes are
used in the between-class scatter matrix, and also relevance weighting in the within-class scatter
matrix in order to weighted information for solving confusable data in these classes. This technique
called the relevance weighted 2-dimensional 2-directional linear discriminant analysis or
RW(ZD)ZLDA use for a more accurate discriminant decision than the one that produced by the
conventional LDA, or 2DLDA. The proposed technique has been successfully tested on 5 face
databases by several conditions. Experimental results can support and confirm the conclusion

indicate that the proposed RW(2D)'LDA algorithm outperforms the conventional algorithms.
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2.2.5 mwourlsusanarlanlesanlansy (Thermal and hyperspectral images)

- Uszaniamineensulaveunaianldudnmsnmiiliogudnuu@y - Aselimsniugu

d‘i ul 1 £l c; 9/ [N} e 1 cﬁy ] Yy Vo = dy 1 T
WU LUANG mmmwckuwum”lﬂm Llﬂﬁ'IJ‘Hll’]ﬂ']ﬁlﬁﬁ’luulilﬁ’IMWSﬂcl,‘]vaﬂﬂ‘ljﬂ’NlIHﬂLWUHWN"“] KU
ul-lls: A ' Hny g . w 4 Y e 3
uldnauguisen lyanuaievesnni lduudluddy - Sellanuwnomudilymii Tagldnm

v
= =

3
sunnilinnuduvesnmuandeiy Aediary amdursusa mwaiiativihnudonadnsae
g a 9 ] :gy aw @ A Y o a
WUHIOY (Subsurface feature) voelumin liumniaudtsnmiuinsanlidunadnuae

a 3 a v Y oA ~ | ' Ao v 3 o Y g ¥
malyTewainldaien Wadefihauleigede anuuandraiddgszrnhanmsisilundily
as o by o ar a P v Y o 9 =
nanmMInunianuduyoInmAuranmsmwaunIusa ey limudeavesluTemwasn
a2t 1] /] c!v
5 Insianil
= e = A o =
NuIeMLUIMamwsursusamhdulatiugus Iy Chen uazamy [49] Tudl a.a.
2003 wWanwninaue minareunlsouineulszdnsnmveunatindursusanuanuituyes
Y o s 1 ad ﬂiﬂl”d'ln o o A o Al g 9
A uaas I andnisneunthilifievimsnageununimnieladeu lundni luldaiugy
A =t = s - 1 = 4 o = S
wanlseumsunumsulasumlasnnuang Snuwamantisgaiuausluil a.4. 2004 Socolinsky
. a o Yo 3 9 A i
uag Selinger [50] - [51] ruviTnmismidoasmnugndeslumsiiriluminieldicoulunan
1 W o = . { v
A19AUYBINIWANKY (Training images) FUNTNNATDY (Testing images) Toyanlinaaonldnn
[@ouluaen uaz luanminadeunioueneinis Taviinamsnaaeumivayuisilddoyann
a 9 ' v 1A Yo a1
BuMsNTALAZANNTNVDIN NI AU DaussouznsITINand
“ o " "
U A.A. 2004 Buddharaju uazAms [52] Uszynanssuaunsuiadeiled (Fuzzy based
. o qu = o s ¥ @ v Y qy
segmentation process) (Woldusnvouwanauls musidamesgnldusnaudnyusnanudly

o = v o ] .
WuduwnilowdgzUuny Bessel garionz 19@dausn Bayesian TuAs2UIUA155%1 Buddharaju



annHemANIN NIzveuINdIAIANIS TR .

s o

1 - =] = @ YA A o A () 163 = 9 " A =
'Cﬁq‘]J'.]'l L‘YI’F]‘LJﬂ‘U'ENL‘U'TLﬂ‘LI‘V]ﬂﬂilﬁﬂ]lﬁlllﬂlﬂﬂﬂﬂﬂﬁﬁﬁlﬁﬁu"I"lEiLﬂ‘L! HANUIUUDUANIDINTIANUAD

7]

d
o w = LK% aa Y 1o ]
msnudummussatuegiugumgiiivmznszumums nvesnm  uad limilounin

as =

v ¥V
Anuaunma’ld dnvaznisuenitazivesnnudeunnluntiusuoumaitosnins i

= kY
Sadanuiou
dy = o i % 8 kY @
uonndl lumeFImsunng (Biomedicine) uaznsldnuasinduszozlna (Remote
= = = aa ad @ o = g/ a "
sensing) UM3fNYIITLITNMIATWIVA)ARTNvasTRomalaTasalnll (Spectroscope) flDE1
AN msyARausazauszianaautiaaae Sumsuondnvesdaulunth 1dnann
¥ ] I Ed
usyanaAuRBITUANANBazmalzaimeldtou lunauazanuahauand iy au@ginil
o o a a
Mlndasanuianudu 1y 18 lume o Tewasnasen
Y a o 79 9 o s
1 a.f 2003 Taw Pan uazamz  [53] lRauemailaiszgnaldndnmanimlanles
e ; Y o 3 S vy v 4 '
anlaniy (Hyperspectral images) UugIudoyasiuiu 200 souidn lduaeldiden lvdie
] .::1 9/ 4 9 1 9/ [
- Qe lvyuveslunth  msuassorsusinialumdh  wazanwaiaveslunih  uAazaw

o

o o & v &k & A da
lumvhamivave Taeldamesmsaznouaansy FIPNAALLNDONMININYDLLUANUNLANT

Y

EY EY 3/ a = o 3
uulumih gqamessldszezmarm Tudaiaanumilouduvoaniwlunih

2.3 14U WIVHI (Face databases)

9 = a1 aa A o A A A Ao d A & o A
ﬂ’]ﬂguﬂ1ﬁﬂigﬂﬁu31 Tﬁﬂ13ﬂuuﬁuE]'JJ‘U@W@U']Qu].'jLﬂ]f‘)uﬂ’)“ﬂSWHJuNﬂuvlm‘I’TuQW‘J Hio

A o 4 v Y, ¥ Y o 4 o A i
nangq Lﬁﬂuqmlm1N1LﬂUﬂmaﬂ ﬂgﬂE]Qﬁ5-I\?g'}u‘Uﬂﬂgaﬂ’]w11]“u1‘1Juﬁﬁ’]ﬂﬂ’]umayﬂﬁﬂ]UNﬂuqﬂl'ﬂ

s

¥ Y, c‘g 1 o A o 9 = = o '
ﬂﬁ]dﬂ"liuﬂﬂﬂ]uﬁ"l Uy ‘Ui]TLI’Jutlﬁ:ﬁ;ﬂlmﬂﬂjﬂﬂﬂmuﬂ'mﬂWH‘Llﬂ"l’.] TAUNWIITURADIDUY 1Y

I3 § = 2 v cfd

inugudeyaiignnaaey vunavesnwlumhiisisuazyanaaey Fuvariithuimgga
v aw o 4 e ar = <) 3

hliindtes waunnadegudeyaiiunaga dalddusunmneiewduly iduuamlumh

IUIULIN gm%’@yamqﬁ'm 191 FERET [55], CMU-PIE [58], AR Faces [60] Lﬂugwu%’aagamw

1
= — a

Tunih 2 95 nilenldiuun

Tudeyaunazyagnoenuuyldaseunguidenlumsnlfouulasdng Anaranan

Y ' ' =1 9/ At o o oy 0 =2
A0U1Y¥H  FERET Lﬂu;ﬁ’]u‘ﬂﬂy)aﬂﬂﬁ’lﬁﬁﬂFd'ﬂfv'lﬂQﬂTiTITH'J‘HﬂTWFjﬂﬁluuﬁﬁﬁﬂ’]W‘ﬂﬂ'ﬁﬂﬂﬁg‘UU

[ o = £y = = 1 '
L‘lJUil']‘H']'Llll'lﬂ YUEN CMU Luuv[.ﬂﬂﬂfUWWﬂ'ﬁTiﬂﬁ@‘Uﬂ'!'ﬂﬂﬂﬂuliﬂﬂﬂ‘u@ﬁ1’]11’]1\31Lﬂ$ﬂ?1ﬂﬂ11\1

]

1]
= o ar

=1 @ 1 ' [ 3 W a
voslunthidundninnndt dau AR Wugudeyaiimnzdmsumsnarouioifusssumna
o 1 z aa da (Y = 9 {
maalundwiniy gudeyanmlunduny 2 7 Adouldfunnigauan3lumei 2.1
uanzinITAusmugmaNTAae Guen Fogiudeya SuauyanauazuMWABALYIIA

24 A o = & Y - o ¥ [
amansemm  anuazdeaveamw  Qeulvdunlshamnsoild dun  yuvesnwm s

o 1 o
HAaaInannNIMoITusl ANUTINUDINN Lﬂuéf‘u

107443



M3 2.1 manlSeufeugdeyanmlumih

18

Database LFW FERET FRGC CAS-PEAL PIE
222 (large still 1040 (595 males
ro
N:;nll): f 5749 1199 training set) and 445 females) 68
peop 466 (validation set) of Asians
12,776 (large still
training set)
Number of 943*8 (3D training
. 4051
images 13233 1405 set) 30900 41368
4007*8 (validation
set)
Statics\Videos Static Static Static Static Static
Gray\Color Color 8-bit gray Color 8-bit gray Color
: " " 1704*2272 or "
Resolution 250250 256*384 1200%1600 360%480 640*486
21 pose angles
7 categories: Frontal, vertical: up,
quarter-left, quarter- middle, and down 13 Hoce anales i
Face pose Various right, half-left, half- Frontal view horizontal: left to p e rticagl
right, full-left, full- right (679, 459,
right 2290, 00, -220, -
459, -679)
6 facial
expressions:
Facial ) Slight faclal ) neutral, eye 4 facial expressions:
. Various : Neutral and smiling closing, neutral, eye closing,
expression expression changes frown, smile, smiling, and talking
surprise,
and mouth open
Controlled and o
Illumination Various mcuo r;t"rgli?n uncontrolled igl_:g:ggg N /A
illumination
3 kinds of glasses
Accessories and Glasses
3 kinds of caps
Positions of eyes SaHE f%'-jalge polr:
Positions of eyes, Positions of eyes, Iden;:jf::jitclggns = Identifications of
s o nose, nose, subjects
Ground truth Id;fnst:j'll;:_e:atclgsns and mouth and mouth E:E?azp ::erzgglgi Measured locations of
) Identifications of Identifications of P camera
3 2 labels
subjects subjects i Head pose
Tllumination ’
ositions Facial expression labels
p Illumination positions
Number of 126 (70 male and
15
people L 56 female) 40 50
Humber.oF 165 5760 4000 400 750
images
Statics\Videos Static Static Blakicimages and Static Static
image sequences
Gray\Color 8-bit gray Color Color 8-bit gray Color
. 320%243 640%480 (eye 5 * *
Resolution distance~90pixels) 768*576 02*112 640%480
Moderate pose
Nearly frontal-view variation (up and e
Face pose Frontal-view 9 poses or quarter-profile down, quarter- Neatlyerantel-vIc i or
: quarter-profile
images profile to frontal-
view)
6 facial
E"ﬁ;ﬁfg’lm: 4 facial 3 facial
I i . H .
ial ¢ expressions: expressions:
Fac . happlness, Neutral neutral, smile, neutral, smiling, Various
expression sadness, anger, closed
r
sleepiness, and scream eye

surprise, and
wink
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o ‘
MSTNHN 2.1 (AD)

Database LFW FERET FRGC CAS-PEAL PIE
3 lighting 3 illumination
conditions: 64 lighting conditions conditions: left,
Illumination center-light, and 1 ambient right, N /A Various
left-light, and illumination and all side lights
right-light on
Accessories Glasses N /A Sun glasses, scarf Glasses Glasses
Identifications Iden;luﬁgjaetgs ot
% :_:Eij:lcts Tllumination positions Identifications of Cropped face Iden;:?;jaegs o
; Coordinates of eyes subjects region ; 3
Ground truth Sl coon and mouth (frontal Facial expression Identifications of Coordinates of left
labels view) labels subjects upper corner and right
IIIumlqatlon Coordinates of face corner of face rectangle
positions
center (other views)

[ = = 9 1 Ao w o Aa 9/ [ " '
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aw 9 Yo B EAY Y o 1 v E o S T
clumuawmumsgm”luwm 'i'ZI?J'VN"Uﬂﬁﬁ;llLlﬁzﬂlﬂﬂ']ﬂﬂﬂ“llﬂﬂllﬂﬂﬁﬁ’luﬂ]El?allﬂ mummﬂumaga

TumsufSeuiion uaziuilsz Temilums$radademsIsedums i lunhee Tl

2:3:1 ﬁﬁ-&‘i’l’m{ﬁ LFW (Labeled Faces in the Wild) [54]
¥ d ¥ Y A y 4 a o ¢
gwdeya LFW ilugwdeyanmlunihignadeiuley  smInodousssigand
(University of Massachusetts) oonuuudmsumsannilapmsisilunthin hiimssmuavoua
" T ] td
udsloumudeulumsusame M wnvds wazdug Bnin gudeyaiisausuan
o d A o o 1 o ' o a
Tumihidluninis (Static) 11ain Tada1ag Timauamwinnia 13,233 i udazamwiiudag
) L ' b ¥
FoUDIYAAT SINNIAU 5,749 AU YanaRTinmdad 2 am nioaandniuiisiuou 1,680 au
a = L4 '
WHANE ANUAzIBuA 250250 Mnma Tinsuaaesnneosusl wazaNuaIYeanwlomi

uanARAUMAINTaIY Asiaedalugili 2.9

s 1

3U71 2.9 dredrunmlumbhningudeya LFw

2.3.2 §1u’ffmalil FERET (Facial Recognition Technology) [55]
Tsunsumswangiudoya FERET Gunindl ad. 1993 691 1997 Tagldfums
ﬂﬂ’uauumﬂ Department of Defense's Counterdrug Technology Development Program HIUN19

1 = a g a
HUIWIIU Defense Advanced Research Products Agency (DARPA) MInIIAIS T UMW
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3 2.10 dedenmlumhoningudoya FERET

ﬂ'iWT]JHﬁ‘IﬂJENgW%E]Qa FERET Qﬂ5?U53M!ﬁﬂﬁﬁﬂﬁ1&uﬂ’]iﬂﬂﬁﬂﬂﬂ'ﬁlﬁ'l‘i%%\‘lllﬂg
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2.3.3 §11&‘l‘fﬂya FRGC (Face Recognition Grand Challenge) [56]
9/ [ 1
JuUeYa FRGC (Face Recognition Grand Challenge Database) 1a5uAnuIwiionn
@ P a Yo 9 o & a 9o
nawigmanaul luanuansovoanaluTagmsislumdr  dhwinendniersziiumsis
[ Y or 3 9/ ] = 9/
Tunthlasmmiz udonzl47unsns19iuaem (Eye detection) 820 tazduasuanuimeh
dzl @ v Yo ) d‘:l. [ @ @ = N =
L‘Wﬂ’ﬂ'uU’ETH‘LJﬂ'lS1‘]3'(11'Llfl'l5?ﬁ]'ﬂ'ﬂﬁU"miJﬂgLLﬁ?‘UﬂﬁigiJ'mﬁﬂ'igﬁl.li'iﬂ'} FRGC 2&WAUUNAUA
Vo v ! @ P a 8 A o o Py
msgm‘luwm%m UASWAHITEUUA UL aﬂmtwmmsnu:wmsmu"lﬂms LagaInNnIg
"W a o R A a a 3o 9 ﬂ’: g A = .
wauaanas‘wﬂumamuﬂszﬁmmwmsg%ﬂwm‘m 3 AU A ﬂ'lWﬂ’.]"lllflzli’JEJﬂqq (High
resolution images) ﬂ"l'ji’ﬁﬂUHﬁ'l 3 3@ (Three-dimensional face recognition) uazinaia vyl
¥ v
Tupaunoullszuiana (New preprocessing techniques) FRGC faAAMIMNALANIMINIAL
YsziiiuwanlasuTdwdoudu szuumsislumhilyiugnesauuuldiauiuaiwlonhid
1o =, 3 = o ar o o o = 1 &
agmmuﬁaﬂ 'Jgﬂﬂlﬂllﬁ']‘ﬁ3‘l_lﬂ'l'i’)?l“Uu']ﬂ‘UEth'Uﬂﬁ'm&"]JﬂﬂLﬂu%'I‘H'JH‘Wﬂ!ﬂiﬁSZ‘ﬁ’)Nﬂ]‘ﬂﬂﬁﬂﬂN

:: ar u‘d ' é 1
voeanaiaaes Jagtugmdeyanimlumdialiissegvireganinatsasmiszndng 40 64 60

a

=y H =Y o [ [
fina (Manwazdoanmlunmii 10,000-20,000 wnea) dmFugiudoya FRGC Usgneudiy

{ 4 { a
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o Y ' 9 3
E‘LITI 211 ﬁ?@ﬂ'l\‘lﬂ']WiﬂHU’lﬂ’lﬂj']ﬂ‘Uﬂﬂéﬂ FRGC

{ o g .
FRGC g lassadnldnseunquilyminimoaseilym smuadu Version 1
(verl) 1Az Version 2 (ver2) d 5y Verl gnaonuuuiienuziig 15wl v mudilam
LY § 1 4 Yo aw
mouazmivauInssaieiugIuues FRGC du Ver2 gnooauuuiiorhmeliiinddvdum
Whyemuaussousued FRGC
¥
uenNil FRGC 1 3 Juuuulniiluaemsnsiilunid siiouusafio vinaves FRGC
P 2 7 1 w
Tumenveadoya &9 FRGC ver2 1359 50,000 13AR03A jUlULRT0IAe AN UFoUYBI FRGC
A 3 Yo Y Y c-_:, o w 9 a = 1
iosngatoyalumsiilunihnoumhiignivadionmilslugiin@un usd FRGC Ysznou
Y [V o a an ' A
Tuée 3 Tuua Tdun nwilianuazidvags a3 55 uagnmnaien Mmaonilayana suluuy
i 9 g o a ar 2 P ¥
hauAe Tnsaas ALY (nfrastructure) §M5D FRGC 1280 Tnsaad uiug it oni ammnadon
Tunsnagoumalulsmasn (Biometric Experimentation Environment: BEE) n15051701as

o o = g ~ g
nmImMInagounsiIahdlomsuiiaiuguiidiu XML msnagdeuves BEE szvouly
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2.3.4 gudoiya CAS-PEAL [57)]

gm%’aga CAS-PEAL (Chinese Academy of Sciences-Pose, Expression, Accessories, and
Lighting) Qﬂﬁ%ﬁaﬁumﬂﬁ’fmmﬂ’uaqwm National Hi-Tech Program LUd% ISVISION
Saqulszarsdiioadagudoyaninlunives PEAL sau‘ﬁ?a5ﬂm’%‘m@m%’agamwiwﬁwmﬂ
InajvesraSudmSunguiniiomsiilumh dredoulaiiuandredu Wy msuaasersuel
malumh dawdszneuuazanuaineslunt Jegtiugudeya cas-PEAL sznoudae
MMYARAAIeT $1uau 1,040 AU SauTEY 99,504 A iy 595 A MO 445 AU ueng
Foulvldndes 9 # uwmeuntnenavdadesunnluvimesine 1 ¥ uazBIT AR

%A 18 MW Aseegamnwlugiin 2.12
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3ui 212 @edrnmwlundhoingudeya CAS-PEAL (1) 1w 9 yuwee (¥) MIaniesual

n1alumih (m) Anwaie () myauginsal

1 v g = Y ol a = a
avigazmmlugudoyatidunmd Tumivae mmwdn anuaziBon 360x480 inwa
1 o y 4 1
YU 21 Y Mauaasersuainalunt 5 uuy @oulvvesuas 15 Gou'ly daudsznou

lumi®n 6 wila (@I 3 KUY LAZAINKLIN 3 L)

¥

2.3.5 g veya PIE (CMU Pose, Illumination, and Expression) [58]

9 = 1 1 A o ! . . . < i
q m*’U'E)HﬁﬁﬁEJﬂEJ?J‘-‘] 71 PIE 9901910A11 Pose, Illumination and Expression Lﬂupuﬁ’fﬂyaﬁ

e

1é5uanan11u Robotics Institute of Camegie Mellon University imingdmiuandionsdi
Y oy A ) ] s o Y o
Tumihiidesmsnaaoumeldienlv v anwadine uazmsuaasorsusimalumi gudoyadl
Usznoudronmlumi 41,368 aw ainyanaiuau 68 au nmwluniveandazauaziviima
1 a 4 1 1 w o Y [
uana1eny 13 uuy @eu lvanuadngaiaiy 43 uuu wasmanaasosuamelunthaeny 4
o ' v 3 P o) =) 3 = a
wuy Mot lumihvesgudeya PIE uanalugdi 2.13 iWlunmd luwiiRes wuuausdn
= a ' 9 kY a o &
ANUALIDUA 640x486 Whlya Msuaatorsuaimalunihlszneudlsnuvilng Uaan u ez

NARNY
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2.3.6 g7leya YALE [59]
Y, o v A y & . . o
3mYoYA YALE 1lugiuteyangnainaiulag Yale University 1/5znoualsninynaa
v v
ﬁ'l'll')u 15 AU LlﬁlazﬂUﬁ 11 DN iﬂuﬂ']WﬁQﬂﬂﬂ 165 NN m‘mﬁm LﬂJ'lJﬁLLﬂaﬂ ?ﬂ‘ﬂ'l 8 'ﬁ‘ﬂ Y
= a k4 kY o 9 A a cf Y
ALLIOUA 320%243 WALKD lJﬂJﬂ']U'ﬂH'] ﬂ"lﬁllﬁﬂ\‘lﬂ'lsumﬂ'mlﬂﬂu'] 6 LU AD ‘l]ﬂ?l UM AT 3N
o A ' A ! v v v 4
ﬂﬂiﬂ Hasrnaual N'ﬂu"l“llﬂ?'lmﬁ'ﬂﬁ 3UUY A9 FINATINANN ATUYY LAaZAIHUIN llﬁ;‘iﬂqﬂﬂiﬂ!

Ysznoune aamium aredrenmlumiuaalugii 2.14

2.3.7 §1uUaNa AR [60]
9
3/ . : % 75
JIUUVYA AR Qﬂﬁ‘%‘ 199U TAY Aleix Martinez 1Az Robert Benavente 1u Computer Vision
Center (CVC) W1 UAB (Universitat Autonoma de Barcelona) 1/52nauA70n1MYyanaA199 $119u
n’: -:y 3| o A A u’j =
126 AU 5IUTAY 4,000 MW 1138 70 AL MY 56 AU MNFIALY INAUUTUARNLAZNIN
o w = = s
AR ANVAZIBYA 768576 NAIYA YUATWIBOUNDUNTIIATY 1DE9 45 BIAT MIUAAIDITUAIN
3/ [
Tundhil 4 uwy fe wihilad oy Tnss uazanle @eulvanuaig 3 wuy fe aiuesanan
kY v 9 o A " Y w @ 1
MUY uazmuuN wagglnialdszney 2 wuu e daNwIUMLAzAITUAD AIAI108190 N

uaraelugln 2.15
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31 215 dredenmlunhangudeya AR

2.3.8 §1udoya ORL [61]

g1udoyn ORL gnad19dulay AT&T Laboratories Cambridge Usznoudlunmyana
A9 $191 40 A TINRIAU 400 M NMALI LUVAUATA TN 8 T AIIAZIBoA 92x112
finia yun A 198 910 45 parn Santhase nisuaatersuaimMalunit 3w Ao nihind tu

IS o 1 o ' 4
uaram gUnsaisznou Ae aauwdum meodnmuaasluzii 2.16

U 2.16 drvdnmlunihangudeya orRL

2.3.9 §1u%03a Georgia Tech [62]
Fd
4
$1A0Ya Georgia Tech gne31941TAY Georgia Institute of Technology UszABUAIIATMN
g ny =1 ~ 4 a
INYAAD 50 AU 32UNIAU 750 21w iDunuuand luwdufed nuvauadn anuazidon
a A ST Y w oA = 4
640x480 ANLYA YUNBINWNBUILTUAURTNAVIBYI 45 9971 MF1ABUMTIAAIITUDING

Tunth wazanuadivnarnnate gunsellszney fie euwium dsdredranmlugii 2.17
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o Y Yo Y A a Yo 1 1 A 2 a s o o
danesnumsi i lumhnden]ldduedumsvaesie  nouimsanneiesnilizneumdn
‘ P & “a H o @ w da 1 @ iq ¥
(Principal component analysis: PCA)  35H [nanmsvosnnuduiusmadussniadunlsnld
3 kY s s o o a9 Andg ¥ 9 9 a o
WhuteynesAtsznoundn lumsdinsizideyannadanldaavinadeya Tavafauning
1 g 4 £ Y o o 3
anuulsdsiusu (Covariance matrix) 1INUDYDNIN udadun lownunanes (Eigenvectors)
A . . . P o [ £ Vet < A as &
IWOU AU (Projection axis) NvInzay dimsundeyanmiviivuiainas nisnile
= o o ar ' a 5 a a3 a a
Ao wqm;]m'nmmmaﬂymmmnm&wuf’fu (Linear discriminant analysis: LDA) Lﬂumimﬂigu
o = aa [ a o
ANBS (Vector space) MUNTUUIANTOUA (Dimension) AAAUFUAY TAENTUINITNTEIY
3) T 9 ' 9 3 = 3 T S Y A A a ~
doyamulunguuazdoyasznnengudls wuhmalinisaesruniideds Ao wwifailymin
= " . | o W 1 . i v '
{30071 Small Sample Size problem (SSS) NFMNT1UIUAOE1HAHY (Training samples) TosnT
an o a { a  d '
VUNANTOUAVDIIANDIAMUANYAL (Feature dimension) 7ildmaday wn3ndmsnsyaemelungy
- . Y 1 [~ =y o : . o
(Within-class scatter matrix) UDIRIDYN EJ”I%i)mﬂ‘LJLlJGI'iﬂ“]f!.EJﬂﬂWu (Singular matrix) mld
' b4
nszuIumMIlszuraradesiinisnungoniazsudeuiu
[ =) o a = o 4 [ aa . .
apIMIT e UaMATIA MIAATIZYDIR5EAOUNANTOINA (2-Dimensional PCA: 2DPCA)
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oAy Small Sample Size faagallusiwaunsiton [10] uaz [11] maiiail limsula
a Jd aaqg Y d S A an 1 3/ a o 1 Adaa 1w
waIngnmaald Iditlunamesniledld uavwaauaSaganuusisauswniidamiiuanu
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AvRINAINFUIN W lumihuau Taoass Mldwesnganuulsdsiusuves 2DPCA fiving
a 1 ad g o = @ ar ]
1anNNI135 PCA Bnnamsfiuan lenunamos naanis (Correspondence) iuldinaniosnn uag
unilym sss 1aan133 Pca
a w1 o u.l = . '
’J%ﬂ'li PCA uag 2DPCA ﬂmuﬂuaaﬂaiﬁnnmmumw (Face representation) 4101731
3 L. a a o v 9 v d
M3§HAM (Face recognition) uazmsuauFauduvead’ 2DPCA szaasrudoyadunedmg
=Y o 1 u,: "o [ 1 A o 1
YDUUATAGAWIIIIY ud S udeyaduunadenaminummwiaudu Mld liaunsoanilym
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ss$ 1A Teiimsimuds LA i lidunuuaesifzond mslinneianyazuenmagudu
aa 2 = = 'd a a 3 9/ 1 é
@941i@ (2-Dimensional LDA: 2DLDA) $1439871in138198935 4 1A [13], [14), [15] uag [17] ¥4
o 1 ad (= 9 e = 7q Yl a ' :.: 1
U971 95 2DLDA laiandilaymi SSS wazaaifveamaing IWivia@naunniy ua
v o o a o A a o ) . . Ao ]
2DLDA #1M11UAUINATNENIN IAIATI INDHUNATAENITRIY (Projection matrix) NANGA 145
ar = d. a o ' 1 5
MANMITABINITNBIAD LIATNFNITNTZIIUTENINNGY (Between-class scatter matrix) 1Az
a o l _ . o et g o qw v
me'iﬂmﬂﬁﬂix%wﬂw‘luﬂqu (Within-class scatter matrix) NUUUIALAN m”l,wmmsmm'ﬂagm

~ a o 1 =1 a o 3/
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Image-based face recognition
Appearance-bised Modeb-based
|

Line Non-lines :
il Non-linear 3D Morphable Model
= PCA KPCA « Elastic bunch graph
[ ICA ISOMAP, LLE, ..© Aetive appearance madel
LDA |
~— Others

| weighted LDA |
[

Relevanee Weighted LDA

k4
-Dimensional LDA

(ZDLDA)

FE s

| weignted 20t |

Relevance Weighted Z0LDA

h 4
2-Dimensional and 2-Directional

(2DLDA)

i Weighted 2D°LDA

Relevance Weighted 20°L0A

wrynaiem

Ui 3.1 maanndanesiumsiilundauuuinia Lba

n’: a a o w or w = 3/
TUABUMITAAUIAINUUINATDTD LDA Tddumsiannawaaslugdd 3.1 duou
ad ﬂ’: Vo 3 = as ar P LI & L=
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Tumsudeums 3.18 HONWAUNISAIY 1ABAT Differentiate [NBUARY w UAZAIHUA

o Vo 4
Tafiswinuguiee1d

Syw=AS,w (3.19)
o S, luiluengu (Non-singular) emnsonlasuanns lmiidh

Sy S = A (3.20)
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w=S,;f(ml —mz) (3.21)
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Lllﬂﬂ"lﬁﬂ‘i%il'IEJL!,ﬂzﬂ’HﬂﬁEJ‘UENLiﬂﬂzﬂf}nlﬂu

S, =3 (t—m)(t-m) woz m, =L21 (3.23)

teC; Nj teC,

a o v 1
Lm:ﬁllm‘iﬂ“ﬂﬂﬁﬂ‘iSil'lEJi%‘l"i?l'Nﬂprﬁ@
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ZN(m m m m) (3.24)
i=l

v ' Vv
Taef m D AURAEVDIAIDEWNNINUA

1 M
Y4 (3.25)
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b
dsznouldrefandumsutaueniavua L—1
P T A (3.26)
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J(w)= (3.30)
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o e

Worum lewnunungavesInsead1alomnu (Bigenstructure) Aaaums 3.31

S,w, = 4,5, w, (3.31)
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3.1.3 MSAATITHANHUZUANAIUT UTUADINA (2-Dimensional LDA)
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Y,=4,X; j=1,2,..M (3.36)

A ° ¥ )
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F
JX)=-2L
6)=2 (337)
4 0
WY Ppiag Py, AUin
Py = 1r(3,) (3:38)
B, =3, (3.39)

s a Jd ' 1 @ 1 4 e a o
Tagf S, o WATNFMINTZNWILTNINNGUVBININAIBEIAgARI LAz S, D WATNTNS

NI/ lUAGUUDININAIDE1INQNRTY

=S [T - A )(F - A)x] (3.40)

So-ada-anl

ol6,)-0| 3w E -7 (3- )

i=1

=X X (3.42)
f’”(EW): X{i Z(Ak -4,)" (4, _E)}X
i=l A.eC,
=X"8yX (3:43)

o o { ° 9
Tumsdwaam S, waz S, awsmbnmilddnaeundiumidlaense uay

a H =1 ]
MNauNTH 3.37 ansondsutuaunisingldde

J(X)==_"5 (3.44)
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9

Mz TuNge

Xop = AT J(X) (3.45)
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| a
alonuniawaing S, uaz S, Tdnnauns

8pX,, =4S, X,, (3.46)
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(Orthonomal)
Xopioa =[x|:x2a---> x"] (3.47)

MIHNNUANHUSVDININ
oo a ° 9 w =
nawmesimuzauigniunldmaudnyuzlunisnienmues  2DLDA  fie
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Y, =AX,; k=12,.., d (3.48)
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F=W"aXx (3.60)
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__Z Za)w( ;)(Ak WZ,.)T (3.88)
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Weighted LDA Image Projection Technique for Face Recognition

Waiyawut SANAYHA, Member and Yuttapong RANGSANSERI', Nonmember

SUMMARY  In this paper, we propose a novel image projection tech-
nique for face recognition applications based on Fisher Linear Discrimi-
nant Analysis (LDA). The projection is performed through a couple sub-
space analysis for overcoming the “small sample size” problem. Also,
welghted pairwise discriminant hyperplanes are used in order to provide
a more accurate discriminant decision than that produced by the conven-
tional LDA. The proposed technique has been successfully tested on three
face databases. Experimental results indicate that the proposed algorithm
outperforms the conventional algorithms.

key words: face recognition, weighted pairwise scatter, coupled subspace,
linear discriminant analysis (LDA)

1. Introduction

The linear discriminant technique is an important branch of
pattern recognition. Owing to its simplicity and practicabil-
ity, the technique has been widely applied in the field of pat-
tern representation and classification, especially in the area
of face recognition that has been a very hot research topic
in recent years. Automatic face recognition can be seen as a
pattern recognition problem, which is very hard to solve due
to its nonlinearity. Particularly, we can think of it as a tem-
plate matching problem, where recognition has to be per-
formed in a high-dimensional space. Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA)
are two classic linear discrimination methods.

The PCA is used to project images from the original
image space into a face-subspace, where dimensionality is
reduced. As a result, this method is very fast when testing
new face images. The PCA has been intensively exploited
in face recognition applications, but many other linear pro-
jection methods have been studied too. The PCA deals with
the input data in their entirety, without paying any attention
to the underlying structure.

The LDA is one of the most popular linear projec-
tion techniques for feature extraction. It expressly provides
discrimination among the classes. It finds the set of the
most discriminant projection vectors which can map high-
dimensional samples onto a low-dimensional space. Using
the set of projection vectors determined by LDA as the pro-
jection axes, all projected samples will form the maximum
between-class scatter and the minimum within-class scatter
simultaneously in the projective feature space. Even if the
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LDA is often considered to outperform the PCA, an impor-
tant qualification has to be made. Indeed the LDA provides
better classification performances only when a wide training
set is available. Besides recent studies also strengthen this
argument expressly tackling this problem referred to as the
Small Sample Size (SSS) problem. In some approaches, the
PCA is considered as a preliminary step in order to reduce
the dimensionality of the input space, and then the LDA is
applied to the resulting space, in order to perform the real
classification. However it has been demonstrated in recent
works that, combining PCA and LDA in this way, discrim-
inant as well as redundant information are both discarded.
Thus, in some cases the LDA is applied directly on the input
space.

The Fisherface method [1] is a well-known “PCA plus
LDA” method, which has obtained a certain recognition ef-
fect. It first uses PCA to reduce the dimensionality of the
feature space. Then, in the PCA transformed space, namely
in the non-zero space of the total scatter matrix, S, the
Fisher discrimination vectors are computed. In [2], an LDA-
based technique attempting to solve the small sample size
problem is proposed. It has been proved that the most ex-
pressive vectors derived in the null space of the within-class
scatter matrix using PCA are equal to the optimal discrim-
inant vector derived in the original space using LDA. The
between-class scatter is projected into the null space of the
within-class scatter and the eigenvectors corresponding to
the largest eigenvalues of the transferred between-class scat-
ter are chosen. In [3], a direct, exact LDA algorithm (D-
LDA) for high-dimensional data set is presented. The null
space of the between-class scatter is removed first, after
that, the intrinsic dimensionality of the space is already very
small, which significantly restricts further deriving discrim-
inant basis vectors. The concept of fractional dimensional-
ity is introduced in [4], an incremental procedure, called F-
LDA algorithm, is more robust to the selection of weighting
function and for any given weighting function. The authors
in [5] derived a class of computationally inexpensive lin-
ear dimension reduction criteria by introducing a weighted
variant of the well-known K-class Fisher criterion associ-
ated with LDA. They used the Mahalanobis distance be-
tween the class i and j in a weighting function of the original
model. The method in [6] combines the strengths of the D-
LDA and F-LDA approaches, called the Direct-Fractional
step (DF-LDA). They introduced a new variant of D-LDA
to lower the dimensionality of the original input space that
results in a low-dimensional SSS-free subspace where the

Copyright © 2009 The Institute of Electronics, Information and Communication Engineers
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most discriminatory features are preserved. A new LDA
algorithm called the direct, weighted LDA (DW-LDA) is
proposed in [7]. It simultaneously provides the advantages
of both direct LDA [3] and weighted pairwise Fisher cri-
teria [4]. A Generalized Null space Uncorrelated Fisher
Discriminant Analysis (GNUFDA) technique is proposed
in [8]. It integrates the uncorrelated discriminant analysis
and weighted pairwise Fisher criterion, which can solve the
problem in which some classes are far away and well sepa-
rated from some other classes. In [9], two novel LDA-based
methods, post-processed Fisherfaces (pFisherfaces) and bi-
directonal PCA plus LDA (BDPCA+LDA), are presented.
The pFisherfaces utilizes 2D-Gaussian filter to smooth Fish-
erfaces, and the BDPCA+LDA is a LDA performed in the
BDPCA subspace. In [10], a new feature extraction method-
parameterized direct LDA (PD-LDA) presented for small
sample size problems. PD-LDA inherits advantages of D-
LDA such as “directness” and “efficiency.” Meanwhile,
it greatly enhances the effectiveness and robustness of D-
LDA. In [11], the weighted piecewise LDA (WPLDA) al-
gorithm is used. It was applied to similarity, or matching
error, data and provided a general solution for overcom-
ing the SSS problem, where the lack of sufficient training
samples causes improper estimation of a linear separation
hyperplane between the classes. The processes can boost
the performance of the verification algorithm significantly
and drop of the Equal Error Rate (ERR) in the three ex-
perimental sets. The authors in [12] calculated the covari-
ance matrix from 2D image straightforwardly and named
Two-Dimension Principal Component Analysis (2DPCA).
This method could especially reduce column dimension but
it did not take on the row dimension. Similarly, the 2DLDA
method [13] also computes the covariance matrix using
two-dimensional image and considers the class information.
This method reduces only the column dimension but does
not consider the row dimension. The Eigenimages method
[14] reduces both column and row dimensions by using row
projected vectors. A novel algorithm, called Coupled Sub-
space Analysis (CSA), developed in [15] infers two low di-
mensional coupled subspaces that optimally reconstructed
the original matrices from row and column directions col-
laboratively. The authors proved that PCA and the recently
proposed 2DPCA were just simplified special cases of CSA
and answered the unsolved theoretical problems in 2DPCA.
The application of CSA to LDA is also recently developed
in [16], named as Coupled Subspace Linear Discriminant
Analysis (CSLDA). On the other hand, the Weighted Pair-
wise Scatter method is introduced in [17] for solving the
confusable data based on LDA.

In this paper, the approach of weighted function in [17]
is adapted into our recent work [16], in order to improve its
discrimination performance. This algorithm will be subse-
quently referred as the Weighted Pairwise Scatter-Coupled
Subspace LDA (WPS-CSLDA).

This paper is organized as follows: Sect.2 presents
the idea of Coupled Subspace LDA. Next, the weighted
pairwise scatter approach and the proposed method are de-
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scribed in Sect.3. Experimental results and performance
that compared with the other methods are presented in
Sect. 4. A conclusion is finally given in Sect. 5.

2. Coupled Subspace LDA

Subspace learning is a fundamental approach for face recog-
nition and facial expression analysis. In all previous work
of subspace learning algorithms, a face image matrix is typ-
ically transformed to a vector by concatenating all row vec-
tors, which usually results in some serious problems in prac-
tical applications. Firstly, the intrinsic spatial structure in-
formation is lost. Secondly, the feature dimension is ex-
tremely high even in moderate cases, which will result in
the curse of the dimensionality dilemma. Finally, in many
cases, the available number of training samples is relatively
very small compared to the feature dimension, which will
make the algorithms suffer from the small sample size prob-
lem.

Since the higher the dimension of the space, the more
the computation we need to find a match, a dimensional-
ity reduction technique is used to project the problem in a
lower-dimensionality space. Thus, after the linearization the
mean vector is calculated, among all images, and subtracted
from all the vectors, corresponding to the original faces.
The covariance matrix is then computed in order to extract
a limited number of its eigenvectors corresponding to the
greatest eigenvalues. These few eigenvectors, also referred
to as Eigenfaces, represent a base in a low-dimensionality
space. When a new image has to be tested, the correspond-
ing Eigenface expansion is computed and compared against
the entire database, according to a distance measure.

2.1 The Conventional LDA

The LDA problem is formulated as follows. Let us consider
a set of N samples {x;, x,...,xy} taking values in an n-
dimensional space, and assume that each sample belongs to
one of L classes {C),C;,...,Cr}. Let us also consider a
linear transformation mapping the original D-dimensional
space into a d-dimensional feature space, where d < D. The
new feature vectors y; € R? are defined by the following
linear transformation:

yi=Wlx i=12,....N (1

where W € RP*? is a matrix with orthonormal columns.
The LDA method selects W in (1) in the way that max-
imizes the ratio of the between-class scatter and the within-
class scatter.
Let the between-class scatter matrix be defined as

L
1
SBW;n,-w,-w)m—mT 2)
and the within-class scatter matrix be defined as

1 L
Sw=5 D, D, (k=) (o= ) (3)

i=1 xeC;
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where ; is the mean of class C;,
u is the global sample mean,
and  n;is the number of samples in class C;.

If Sy is nonsingular, the optimal projection Wope 15
chosen as the matrix with orthonormal columns which max-
imizes the ratio between the determinant of the between-
class scatter matrix of the projected samples and the deter-
minant of the within-class scatter matrix of the projected
samples, i.e.,

W |WTS 5| '

3 =argmax ———— = [wwsy ... Ww

opt g Vfr’ [WTSWW| [ 1wz l?:] ( )
where {w;li = 1,2,...m} is the set of generalized eigen-
vectors of S and Sy corresponding to the m largest gen-
eralized eigenvalues (4;|{ = 1,2,...m}, i.e.,

Spw; = iSww;, i=1,2,...m (5)

Note that there are at most L — 1 nonzero generalized
eigenvalues, and so an upper bound on m is L — 1, where [,
is the number of classes.

2.2 Coupled Subspace Analysis [15]

An image is directly treated as a 2D matrix, and a new cri-
terion is proposed to infer two low dimensional coupled
subspaces that optimally reconstruct the original matrices
from row and column directions collaboratively. An effi-
cient approach, namely Coupled Subspace Analysis (CSA),
is applied to learn these two subspaces. Then we reveal the
essence of each step in CSA and propose an approach to
select the dimension numbers for these two subspaces.

Denote matrix ¥; € R"™ be the lower-dimensional ma-
trix representation of sample X; € R"™" derived from two
projection matrices U € R™" and V € R"™C je. ¥, =
UTX;V. Then, the optimal matrices U and V that best recon-
struct the original matrices in the sense of least square error
should satisfy the following objective function, i.e. Optimal
Matrix Reconstruction Criterion.

UV = ArgMin ) UV - X[ (6)
1

The objective function on (6) is biquadratic and has no
close-form solution. Therefore, we design a procedure to
obtain the local optimal solution.

For given U € R™ the objective function of (6) can
be rewritten as

vi=argMin 3 X VYT - i (7
where XY = UU” X;. The solution of (7) is the eigenvectors
of the eigen-decomposition problem FFTx = Ax with

F=[X0 0, XY (m T

MO e X O, *)T] (8)
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where X (r, %) is the r-th row of the image matrix XYand F
is the concatenated matrix of all dimension-reduced samples
2.

Similarly, for given V € R™¢, the optimization prob-
lem in (6) is changed to

U= Arg Min ) lUUTX! - X, )

where X! = X;VVT. The solution of (9) is the eigenvectors
of the Eigen-decomposition problem GG” x = Ax with

6 =[x D e XY 0T XY 10T,
XY G m)T] (10)
where X! (%, ¢) is the c-th column of the image matrix xY.

2.3 Connection with LDA [16]

From the projected vectors that we define U € R™ and V €
R, At this time, we want to project image X onto U and V
projection matrices by the following linear transformation.

¥l RV (11)

Thus, we obtain ¥, r x ¢ feature matrix of image X,
which r < m and ¢ < n. N denotes the total number of sam-
ples of all classes and there are L classes, each class has
images N;. Each training image is denoted by m x n, X;(j
=1,2,...,N). And X; (i = 1,2, ..., L) denote the mean of
class T;, and the projected class is P;. After the projection
of training image onto U and V, we get the feature matrix

Fr=UTXV, F=13...8 (12)

The U and V projection axis can be calculated by trac-
ing of the covariance matrix in the projected image. From
this point of view, we introduce the equation

Pg
J(U, V)= — (13)
Py
These are row parameters
Py =1tr(Sp) (14)
Py =tr(Sy) (15)

where S5 denotes the between-class scatter matrix of pro-
Jected feature vectors of training images, and § y the within-
class scatter matrix of projected feature vectors of training
images. So,

So= 5 2om(t-7)(n-7)
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L
" %Z Z [UT(Xk—)_(;)V] [UT(X,C—)'(;) V]T amn
i=1 XeeP;
And,
&
IJ‘(S_B)=U'(%ZTI,‘UT (X,—X) VVT(Y,*X)T U] (18)
i=1
L
rr(g;y):tr(j—b- Z Z UT(Xk—}?,-) vvT (Xk—)?,-)TU] (19)
=] XyeP;

Two projection matrices (I/ and V) can not be calcu-
lated at the same time. So, we will firstly define the value of
V- equal to 7 (I is the identity matrix) to calculate U/ value.
Then, we secondly define the value of U equal to / to calcu-
late V value.

To Calculate U
Denote V=171

u(Sp) = UTSEU, r(Sw)=UTsYU (20)

where

and

i=1 XyeP;

From (13) we get
(21)
The maximum J(U/) is used to evaluate the optimal U
projection.
Uopr = arg m{z}x J(U) (22)

S§{ is non-singular, the solution of Upp is calculated
by the eigenvector and eigenvalue from equation.

S U= A8 YU, (23)

In general, the optimal projection axis is from eigen-
vector S{{,"Sg which relates to the maximum eigenvalue
from 1 to m. In fact, we need to select a set of projection
axis, 1 to r, for feature extraction. The dimension of the
projection matrix is reduced to m x r.

Us=luy,u,... u] (24)
To Calculate V
Denote U = [

ir(85)=V'SEy, tr(Sw)=vishv (25)
where
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and
1 =T 2
V b — . — .
s} _ﬁz D, (Xe-%) (% - X)
i=1 X,eP;
Following the characteristic tracetr (AB) = tr (BA),
when A and B are matrix. From (13), we get
vrs v

J(V) =
VIsy v

(26)

The maximum J(V) is used to evaluate the optimal V
projection.

Vopt = arg mf}x J(V) 27N

If §}, is nonsingular, the solution of V,p is calculated
by the eigenvector and eigenvalue from equation

8 Vo= ATV, (28)

In general the optimal projection axis is from eigen-
vector S}’V‘ISZ which relates with the maximum eigenvalue
from 1 to n. In fact, we need to select a set of projection axis,
1 to ¢, for feature extraction. The new projection matrix size
becomes n x ¢,

V=1lv,v,...,0.] (29)

3. Weighted Pairwise Scatter LDA

The between-class covariance matrix is a measure of how
distributed the means of each class is from the center. In-
tuitively, it is better to have a “bigger” value of S p since
it shows that the classes are more spread out in the trans-
formed space, thus it is easier to discriminate them. From
this expression, it is not clear how the classes are discrim-
inated from each other pairwise. Next, the weighted pair-
wise scatter is proposed, and its application to the coupled
subspace LDA is described,

3.1 Weighted Pairwise Scatter Approach [17]
To illustrate this point the classes are discriminated from

each other pairwise, we consider an example in Fig. 1. Sup-
pose there are four classes in R? of them has the same

A
Class 2 Class 1
5,?? T+ T
B f i -
"l -T ¥
Clasy 3 Class 4

Fig.1  Illustration of example.
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number of feature vectors and equal variance. Let the mean
of class 1 be iy = (1,7), class 2 be yp = (=1,7), class 3 be
(3 = (=1,-7) and class 4 be iy = (1, —7) respectively.

In this case, the between-class scatter matrix will be

1 § = 1 0 1 0

BT ‘rz)_)(O O)
when T — 0, the between-class scatter matrix does not con-
tain any discrimination in the vertical direction. Only dis-
crimination is in the horizontal direction. We can say that
the between-class scatter matrix is dominated by the covari-
ance of the class pairs other than class pairs (1,4) and (2, 3).
Obviously, regarding the classification problem, the covari-
ance of class pairs (1,4) and class pairs (2, 3) are more im-
portant than others since they are more confusable, yet the
conventional between-class scatter obviously does not cap-
ture this information.

From the above example, we can see that if there are
some classes much closer relatively as compared to others,
the between-class scatter matrix mostly ignores the discrim-
matory information between the classes that are close to
each other.

This discussion leads us to define a general between-
class scatter matrix that is equal to the sum of weighted
“pairwise scatter” matrices.

[
1 .
Sp= 3_] NNy (e — ) (e — )" (30)

where {wy} is a set of weights. The wy is a non-negative
weight assigned to class pair (k — [), and it represents how
important it is to discriminate class k from class L.

In order to keep enough discriminant information, we
need to adjust the weight. A natural candidate is a normal-
ization weight equal to the square of the inverse of the Eu-
clidean distance between class means.

B 1 a ]
ek = pall® Qe = )™ (e ~ pag)
We weight the classes which have their means closer
to each other more than the ones which have means farther
apart. In this sense, more confusable classes are weighted
more and less confusable classes are weighted less. Accord-

ing to the normalization weight, the between-class scatter
matrix is

L %

1 [l — ) .
S B = B é NN, = M) (e = pu)
2N LEL (g —,'_;1)7 (g — 1)

(31

Wiy

(32)

For the problem defined in Fig. 1, the between-class co-
variance computed using (32) is now as follows:

1 1+ =5 0 £
! - I+7 2
453,,,,..,. ( 0 1#rex ) - ( 01 )

So, using the new between covariance matrix (32), no
matter how close the pairs (1,4) and (2, 3) are, we take their
spread into account in computing. This is very desirable
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regarding the classification problem.

3.2 The Proposed Method

Then, we can use the new between-class covariance matrix
(Weighted Pairwise Scatter) to apply (16) in coupled sub-

space LDA. The new between-class scatter matrix will be
the same result in (33).

55 = oL Z (Uki'NkNl(_i = }_’)(R‘ - ?)T

2N k=1
L

< zi D ol [UT (%i-X) V] [UT (%-X) V] (33)
k=1

(34)

In the WPS-CSLDA method, we can use the feature
matrix and optimal projection axes, U and V respectively to
reconstruct an image by following steps.

For a given image X, the feature matrix is ¥ € R"™¢
and the optimal projection axes are U/ € R™ and V € R"™¢,
then it is easy to obtain the reconstructed image of X

X=uvuyv? (35)

X reconstructed image which has the same size as the
image X. If we select d = n, we can completely reconstruct
the images. But if d < n, the reconstructed image X is only
an approximation for X.

When we have obtained the projection matrices U and
V, projecting the m by n image X onto U/ and V simulta-
neously, yielding a r by ¢ matrix ¥ in Eq.(12). The ma-
trix Y is also called the coefficient matrix in image rep-
resentation. After projecting each training image X; (j =
1,2,...,N)onto U and V, we obtain the feature matrices b
(j=1,2,...,N). Given a test face image X, first use (12)
to get the feature matrix Y, then 1-Nearest Neighbor (1NN)
classifier is used for classification. Here, the distance be-
tween Y and Y; is defined by

a(ty) =lly -yl = D1 D (cxo - 0 (36)

k=1 I=1

where “y = yjl| denotes the Euclidean distance between the
two feature vectors y and y;.

4. Experimental Results

Our experiments operate with three face databases that are
the ORL, AR and YALE database. The ORL face database
(http://www.cam-orl.co.uk) contains all images from 40 in-
dividuals, each provides 10 different images. They are
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Fig.4  Face image examples of the YALE face database.

grayscale and normalized to a resolution of 112 x 92 pixels.
Classifier in this experiment is INN. Example images of one
person from the ORL face database are shown in Fig. 2.

The AR face database (Aleix Martinez and Robert Be-
navente) is composed of a resolution of 768 x 576 pixels
with 24-bit color resolution. It has more than 4,000 images
of 126 individuals, 70 males and 56 females. All images
were especially taken in front view with different conditions
such as facial emotion, facial brightness, wearing glasses or
a scarf condition. Some examples of the AR face database
are shown in Fig. 3.

In our work, we use 120 individuals, 65 males and 55
females, each divided into 2 groups. The first group is com-
posed of 13 different images as second group was taken at
different times (2 weeks). Both of the groups are composed
of images which have difference facial aspect like ordinary,
smile, angry, scare, right brightness, left brightness and both
of brightness. So, we reject the glasses and scarl faces out
of work. We then transform all of them to § bits grey scale
of 120 % 100 pixels size, because face images of the AR face
database have a large number of pixels size.

The Yale face database is grayscale with white back-
ground images. All images have a 320 x 243 pixels size.
They were taken from 15 individuals; each provides 11 dif-
ferent images and consists of either male or female. For
our work, all images from the Yale database were cropped
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d=34 =46
Fig.5  The reconstructed images based on the WPS-CSLDA.

and resized into 100 x 80 pixels size, because the original
images have a large size. So, they have to be decreased to
a size that does not take over time for feature calculation.
Figure 4 shows example images of one person of the Yale
face database.

Our experiments follow by the databases. The first is
the ORL face database testing. We tested to find the recon-
struction images, performance of three algorithms that are
the WPS-CSLDA (the proposed method), CSLDA [16] and
Eigenimages [1], and maximum recognition rate. The sec-
ond is the AR face database testing. It was tested in three
conditions (different time of images, face emotion, and face
darkness or brightness) with three algorithms. The third is
the YALE face database testing. It is emotion and bright-
ness faces conditions. All the experiments are described in
the following sections.

The first experiment is the WPS-CSLDA reconstruc-
tion images using the ORL face database. We could project
the first image onto the optimal project axis, and use the fea-
ture vector sets to reconstruct image. This process uses the
WPS-CSLDA algorithm to take the original images. The
result of reconstructed images were given out in Fig. 5, the
number of dimension (d) used to map and reconstruct the
face image. The reconstructed image is more and more sim-
ilar to the original image when the d increases.

Then, the WPS-CSLDA accuracy is presented in 3D
view, as shown in Fig. 6. The number of row and column
are varied from 0 to 60.

Next, we compared the WPS-CSLDA, CSLDA and
Eigenimages algorithms in one reference axis of recognition
rate with only use the diagonal axis. Our experiment takes
5 face images of one person for the training group and 5 for
the testing group. All of the images are 200 for training and
200 images for testing. Result of performance comparison
is shown in Fig. 7.
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Recognition Rate

Number of Rows
Fig.6  Accuracy of the WPS-CSLDA algorithm in 3D view.
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Fig.7  The ORL database accuracy of three algorithms.

Table 1~ Maximum accuracy comparison of the ORL face database.
Training Sample per class 2 3 4 5
WPS-CSLDA Rate (“) 94.37 96.40 97.35 98.50)

Dimension 12x2 21x2 142 13x2
CSEDA Rate () Y344 95.71 96,25 97.50
Dimension 14x2 22x3 102 13x2
Ligenimages Rate (%) 91.01 93.33 94.17 95.50
Dimension 13%2 13x3 21x32 18x2

We also tested the maximum accuracy of each train-
ing sample algorithm to compare their performance. For the
ORL face database, we show the accuracy of the three al-
gorithms under amount of training sample conditions at 2,
3,4 and 5 images sample per class for training set and the
remaining samples for testing set. Its result is shown in Ta-
ble 1.

The second experiment takes by using the AR face
database. We firstly provided an accuracy performance of
the WPS-CSLDA, CSLDA and Eigenimages under the dif-
ferent time condition. Three algorithms were compared with
all of 840 images of both training and testing group. The re-
sult of accuracy comparison is shown in Fig. 8.

Then, we secondly performed an accuracy perfor-
mance under the face emotion condition. All of the images
are 240 for training and 720 images for testing. The result
of the facial emotion condition is shown in Fig. 9.
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Fig.8  The AR face database accuracy under different time condition.
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Fig.9  The AR face database accuracy under facial emotion condition.
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Fig.10  The AR face database accuracy under facial brightness
condition.

Next, the WPS-CSLDA, CSLDA and Eigenimages are
compared using face images taken under different of facial
brightness condition. All of the images are 240 for training
and 720 images for testing. The result of the facial bright-
ness condition is shown in Fig. 10.

We also tested the maximum accuracy of the AR face
database under three different conditions by using different
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Table 2 Maximum accuracy of the AR face database.
Condition Methods Feature Calculation Maximum
Time (Second) Accuracy (%)
WPS-CSLDA 0.553 93.750
Different CSLDA 0.501 91.400
Time Eigenimages 0.482 90.275
WPS-CSLDA 0.442 98.900
Emotion CSLDA 0.410 98.120
Eigenimages 0.378 97.470
WPS-CSLDA 0.402 94.650
Brightness CSLDA 0.384 92.630
Eigenimages 0.327 91.020
17 : : . - .
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Fig. 11 The Yale face database accuracy of three algorithms.
Table 3 Maximum accuracy of the Yale face database.
Method Maximum Aceuracy (%) Feature
WPS-CSLDA 95.70 12x2
CSLDA 93.85 13x2
Eigenimages 92.54 14x3

time, facial emotion and facial brightness condition to find
feature calculation time and maximum accuracy. These are
shown in Table 2.

The third experiment is the YALE face database test-
ing. Our experiment takes 5 face images of one person for
the training group and 6 for the testing group. Maximum ac-
curacy comparison of the Yale database is shown in Fig. 11.

Finally, The YALE face database with maximum accu-
racy comparison is shown in Table 3.

5. Conclusion

In this paper, a new algorithm for face image feature ex-
traction called the WPS-CSLDA has been proposed. The
algorithm calculates directly based on original image matri-
ces and uses a weighted pairwise linear discriminant analy-
sis for image feature extraction. Besides, it can also solve
confusion data of the inter-class. The recognition rate of the
WPS-CSLDA is better than CSLDA and Eigenimages in all
experiments, when testing with three face databases, but its
computational cost is greater than the CSLDA and Eigenim-
ages.
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Relevance-Weighted (2D)?LDA
Image Projection Technique for Face Recognition

In this paper, a novel image projection technique for
face recognition application is proposed which is based on
linear diseriminant analysis (LDA) combined with the
relevance-weighted (RW) method. The projection is
performed through 2-directional and 2-dimensional LDA,
or (2D)’LDA, which simultaneously works in row and
column directions to solve the small sample size problem.
Moreover, a weighted discriminant hyperplane is used in
the between-class scatter matrix, and an RW method is
used in the within-class scatter matrix to weigh the
information to resolve confusable data in these classes.
This technique is called the relevance-weighted (2D)’LDA,
or RW(2DYLDA, which is used for a more accurate
discriminant decision than that produced by the
conventional LDA or 2DLDA. The proposed technique
has been successfully tested on four face databases.
Experimental indicate that the proposed
RW(2D)’LDA algorithm is more computationally efficient
than the conventional algorithms because it has fewer
features and faster times. It can also improve performance
and has a maximum recognition rate of over 97%.

results
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I. Introduction

Linear discriminant analysis (LDA) is one of the most
popular linear projection techniques. It is a well-known feature
extraction and data representation technique which is widely
used in the areas of pattern recognition for feature extraction
and dimension reduction. It finds the set of the largest
discriminant  projection vectors which can map high-
dimensional samples onto a low-dimensional space. Principal
component analysis (PCA) and LDA research (started in 1991
by Turk and Pentland [1]) presented the Eigenfaces method for
the linear projection of face images onto a reduced dimension
feature space. Belhumeur and others [2] presented a projection
method based on Fisher’s linear discriminant (FLD) in 1997.
From 2000 to 2004, there was much work on the theory of
PCA and LDA [3]-[9] which was motivated by the need to
solve the small sample problem.

The objective of LDA is to find the optimal projection so that
the ratio of the determinants of the between-class and within-
class scatter matrices of the projected samples reaches its
maximum. However, concatenating 2D matrices into a 1D
vector leads to a very high-dimensional image vector, where it is
difficult to evaluate the scatter matrices accurately due to its large
size and the relatively small number of training samples.
Furthermore, the within-class scatter matrix is always singular,
making the direct implementation of the LDA algorithm an
intractable task. To overcome these problems, a new technique
called 2-dimensional LDA (2DLDA) was recently proposed.
This method directly computes the eigenvectors of the scatter
matrices without matrix-to-vector conversion. Thus, PCA and
LDA were developed into the 2-dimensional space methods
which are known as 2DPCA and 2DLDA, respectively [10]-[17].

The scatter matrices in 2DLDA are quite small compared to

ETRI Journal, Volume 31, Number 4, August 2009


CLP13
Textbox


the scatter matrices in LDA. The size of the 2DLDA matrix is
proportional to the width of the image. 2DLDA evaluates the
scatter matrices more accurately and computes the
corresponding eigenvectors more efficiently than LDA or PCA.
However, the main drawback of 2DLDA is that it needs more
coeflicients for image representation than the conventional
PCA and LDA-based schemes.

In addition to the basic 2DLDA method, a two-directional
LDA has been proposed. It works by simultaneously
combining 2DLDA applied to the row direction of face images
with alterative 2DLDA applied to the column direction of
face images. This is called (2DY'LDA. Similarly, the 2-
dimesional version of PCA is known as (2D)’PCA. These
interesting algorithms were first developed in 2005. Zhang and
Zhou [18] developed the 2-directional 2DPCA or (2D)'PCA,
achieving the same or even higher recognition accuracy than
2DPCA. The main difference between (2DYPCA and existing
2DPCA is that the latter only works in the row direction of face
images, while the former works simultaneously in the row and
column directions of face images. The main advantage of
(2DY'PCA over 2DPCA is that far fewer coefficients are
needed by (2D)Y’PCA for face representation and recognition
than are needed by 2DPCA. Nagabhushan and others [19]
introduced the (2DY’FLD method which has the advantage of
higher recognition rates, a smaller memory requirement, and
better computing performance than the standard PCA/2D-
PCAZD-FLD method. The major advantage of the proposed
method is that it requires fewer coefficients for object/face
image representation than the standard PCA/2D-FLD/2D-PCA
because it works simultaneously in both row and column
directions. Noushath and others [20] showed that (2D)’LDA
requires fewer coeflicients and less computing time for face
image representation and recognition than standard PCA,
2DPCA, and 2DLDA methods.

In recent years, LDA research has developed several
refinements to improve its performance, such as using the
weighting function with the between-class scatter matrix. The
relevance-weighted (RW) method is also combined with the
within-class scatter matrix. In addition, both weights are used
to perform the best recognition process for the LDA and
2DLDA. The research on weighted conventional LDA started
by Li and others [21] introduced a weighting factor for each
pairwise scatter that enables integration of confusable
information into the between-class covariance matrix. There
are many possibilities in choosing weighting factors. Li and
others considered a few of them depending on the Euclidean
and Kullback-Leibler distances between classes when a single
Gaussian approximation is used for each class. This is called
weighted pairwise scatter linear discriminant analysis (WPS-
LDA) transform. Lotlikar and Kothari [22] introduced the
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concept of fractional dimensionality and developed an
incremental procedure called the fractional-step LDA (F-LDA)
as the weighting function. Loog and others [23] introduced a
weighted variant of the well-known K-class Fisher criterion
associated with the LDA. It can be seen that the LDA weighs
contributions of individual class pairs according to the
Euclidian distance of the respective class means. An interesting
subclass of these criteria is the approximate pairwise accuracy
criteria (aPAC). Yu and others [24] redefined the between-class
scatter by adding a weighted function according to the
between-class distance, which helps to separate the classes as
much as possible. At the same time, it projects the between-
class scatter into the null space of the within-class scatter that
contains the most discriminant information. Lu and others [25]
combined the strengths of the direct LDA (D-LDA) [4] and
F-LDA approaches in the proposed framework, which will
hereafier be referred to as DF-LDA. Also, a weighting function
is introduced into the proposed variant of D-LDA, so that a
subsequent F-LDA step can be applied to carefully reorient the
small sample size (SSS)-free subspace, which results in a set of
optimal discriminant features for face representation. Price and
Gee [26] proposed a new algorithm as direct weighted LDA or
DW-LDA. It combines direct LDA (D-LDA) with weighted
pairwise Fisher criteria. Wang and others [27] proposed the
weighted  two-dimensional maximum margin criterion
(W2DMMC), which has an additional weighted parameter 3
that further broadens the margin. Wang and others [28]
developed a multi-block 2DLDA (MB2DLDA) to apply to the
sub-images instead of the whole image by weighting the
2DLDA feature of a block; thus, the verification performance
is improved.

Another approach in the development of relevance-weighted
LDA was introduced in 2005 by Tang and others [29] who
incorporated the inter-class relationships as relevance weights
into the estimation of the overall within-class scatter matrix.
Liang and others [30] proposed a generalizing relevance-
weighted LDA or GRW-LDA. When compared with the
LDA-GSVD and Fisherfaces, the GRW-LDA can extract more
powerful discriminatory features, thereby achieving the best
performance using the least features. Chougdali and others [31]
presented a relevance-weighted LDA and QR decomposition
matrix analysis. However, all algorithms presented in this paper
are linear methods. Since facial variations are mostly non-linear,
LDA, LDA/QR and RW-LDA/QR projections only provide
suboptimal solutions. Jarchi and Boostani [32] proposed a
variant LDA method for the multi-class problem which
redefined the between-class and within-class scatter matrices
by incorporating a weight function into each of them.

Our research indicates that LDA has in fact been improved
in the (2D)’LDA method. In other words, the RW method can
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be used to achieve better face recognition performance than
that of LDA or 2DLDA. Therefore, it is best to combine the
(2DFLDA method with RW method in order to improve its
discrimination performance. This algorithm will be hereafier
refered  to as the relevance-weighted (2DYLDA
(RW(2D)Y'LDA).

This paper is organized as follows. Section II presents
background of the LDA and its development starting from the
conventional LDA, the 2-dimensional LDA (2DLDA), an
altermative 2DLDA, the 2-dimensional and 2-directional LDA,
and application with the pairwise scatter approaches. Section 111
describes the proposed algorithm, which uses weighted and RW
methods with the (2DYLDA method. Experimental results and
discussion are presented in section I'V. The conclusion is given in
section V. Finally, future work is proposed in section VI.

1. LDA Background

By using the set of projection vectors determined by the
LDA as the projection axes, all projected samples form the
maximum between-class scatter and the minimum within-class
scatter simultaneously in the projective feature space.

1. Conventional LDA

When using appearance-based methods, the 2D face image
matrices must be first transformed into 1D image vectors. The
LDA maps high dimensional samples of the projection vectors
onto a low-dimensional space and computes eigenvectors in
the underlying space that give the best discrimination among
classes. More formally, given a number of independent features
relative to which the data is described, LDA creates a linear
combination of these which yields the largest mean differences
between the desired classes. Mathematically speaking, for all
the samples of all classes, two measures are defined. One
measure is called the within-class scatter matrix, as given by

S, = ZZ(A" = A} —f”i)l , )

14
=1 =1

7
where A/ is the i-th sample of class J, 4 is the mean of class j,
C is the number of classes, and A, is the number of samples in

class j. The other measure is called the between-class scatter
matrix, as given by

(. P
Sy =2 (at, —)pt, =)', ()
/=1

where y represents the mean of all classes.

Once S, and S, are computed, we compute the optimal
projection axes, denoted by X, so that the total scatter of the
projected samples of the training images is maximized. To
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Fig. 1. LDA technique results: (a) data samples and (b) result of
1D projection.

maximize the total scatter of the projected samples we used
Fisher’s criterion:

by

J(X)="52—.
) XX

&)

The maximized JX) can be obtained by applying an
eigenvector corresponding to the maximum eigenvalues of
S,'S,. This is the optimal projection axis. It is usually not
enough to have only one optimal projection axis, and we
compute g projection axes, that is, Xj,A5,X,, which are
eigenvectors corresponding to the first ¢ largest eigenvalues of
Sw'Sb.

To show the principle of the LDA algorithm, example results
of the LDA projection technique are shown in Fig.1. Example
data of three classes is shown in Fig. 1(a), and 1D projection
results using the LDA method are shown in Fig. 1(b).

2. Two-Dimensional LDA (2DLDA)

The LDA has two drawbacks when directly applied to the
original input space. First, some non-face information such as
image background data is misclassified when the face of the
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same subject is presented on different backgrounds. Secondly,
when the SSS problem occurs, the within-class scatter matrix is
singular. This is the so-called singularity problem. Projecting
the high-dimensional input space into low-dimensional
subspace via PCA can solve these LDA problems.
Nevertheless, the spatial structure information is still lost. To
overcome this drawback, the 2-dimensional LDA is based on
2D matrices rather than 1D vectors. This means that the image
matrix does not need to be converted into a vector. As a result,
the 2DLDA has two advantages: it is easier to evaluate the
covariance matrix accurately, and it has lower time-
consumption.

Let 4’ be an image of size axb representing the i-th
sample in the j-th class. The between-class scatter matrix G,
and within-class scatter matrix ,, are computed as

I

Gy =D (pt, — 1) (= ), ©)
Gy =D D (A7 =)' (4 = ). (5)

J=1i=1

Once G, and G,, are computed, we compute the optimal
projection axes, denoted by X, so that the total scatter of the
projected samples of the training images is maximized. To
maximize the total scatter of the projected images we used
Fisher’s criterion as follows:

X'Ggx

J /‘( = - 5
) X'G Xx

(6)

Thus, the eigenvectors of the final covariance matrix G, G,
are computed, and then g eigenvectors corresponding to the
first ¢ largest eigenvalues of G,'G, are chosen. Thus, the
dimension of the optimal projection axes X is bxg.

Projection of a training image onto these optimal projection
axes results in a feature matrix of the respective training image.
That is, we define the feature matrix of 4/ as

Z} =4l X, (7

where Z/ is the feature matrix of dimension axgq.

The proposed 2DLDA works in the row-wise direction as
the image covariance matrix G,, is obtained by the outer
products of the row vectors of the training images.

Training images are subsequently projected onto the optimal
projection axes, and their dimension is reduced. During the
query phase, query images are also projected onto the optimal
projection axes to reduce their dimensionality, and they are
subjected to a Euclidean nearest neighbors classifier to contrast
them with the projected training images. The class label of the
training images which is nearest to the query is retrieved as
their class label. In this case, the class of the nearest training
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face to that of the query face image is identified as its class.

3. Alternative 2DLDA

Equation (5) reveals that the scatter matrix G, can be
obtained from the outer products of row vectors of images,
assuming that the training images have a zero mean. For this
reason, we claim that the original 2DLDA works in the row
direction of images. Apparently, a natural extension is to use
the outer product between column vectors of images to
construct Gy, and G,,. To devise an alternative 2DLDA, we
propose that the between-class scatter matrix /4, and the
within-class scatter matrix H,, be computed as

C

Hy =3 (= 10y = ) ®)
C NJ . ) o

Hy, =234 —p,) (4] - )" ©)
J=t i=t

It can be observed that A, and H,, in (8) and (9) are obtained
in this new formulation as outer products of column vectors,
unlike Gy and G,, in (4) and (5) in the case of the original
2DLDA. Using these two scatter matrices, which are similar to
the original 2DLDA, in this proposed model we also find the
optimal projection axes ¥ (mxq) so that the total scatter of the
projected samples is maximized using the same Fisher’s
criterion given by

WH W'

— 10
WH W’ (19}

JW)=

Thus, the eigenvectors of H_'H, are computed, and then ¢

eigenvectors corresponding to the first ¢ largest eigenvalues of

H_'H, are chosen. Finally, projection of a training image

onto these optimal projection axes results in a feature matrix of

the respective training image. That is, if Z/ represents the
feature matrix of 4/, then

Z =W 4. (11)

Equation (9) reveals that the image covariance matrix /,, can
be obtained from the outer products of the column vectors of
the training images, assuming that they have a zero mean.
Therefore, the proposed alternative 2DLDA works in the
column direction of images. An illustration of the 2DLDA
projection technique is shown in Fig. 2.

4. (2DYLDA

Let X denote the nxd optimal projection matrix obtained in
the original 2DLDA method as explained in section I1.2, and
let W denote the mxg matrix obtained by an alternative
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Fig. 2. 2DLDA projection technique.

2DLDA method as explained in section IL3. For (2DYLDA
method, each training image 4’ is projected onto both X and
W simultanecusly to obtain the respective feature matrix
F,’, which is of dimensions gxd as follows:

Fl=w 4l X. (12)

The matrix F'is also called the coefficient matrix in image
representation. When used for face recognition, the matrix F is
also called the feature matrix. After projecting each training
image A’ onto X and W, the feature matrices F’can be
obtained.

In a data set, distance or similarity relationships between
pairs of classes is the important information for classification.
Distance or similarity relationships, usually acquired through
statistical approaches such as Euclidean distance, Mahalanobis
distance, and so on, reflect how well two classes are separated
in the feature space. In multi-class LDA, the relationships
between pairs of classes are likely to be different from one pair
to another. The classes that are closer to each other are
potentially more confusing, and they should be given more
attention during the feature extraction stage. The weighted
LDA works by using the pairwise scatter matrix approach
which only points at the between-class scatter matrix.
Generally, the S, of this pairwise scatter is computed by

c=1 ¢
S, =

Z (4, — 4 Wty — oy I

1 h=j+1

(13)

J

Therefore, the 2DLDA and an alternative 2DLDA method

can rewrite the between-class scatter matrix (4) and (8) as
follows:

1 o ¢ .
G, N N N Nty = )" (= 1) (14
J=lk=j+1
1 c-1 C r
H, :E Z N.'Nk ('“‘1 e )(f”i — ) )
J=1 k=j+1

442  Waiyawut Sanayha et al.

97

Equation (14) is the between-class scatter matrix of 2DLDA
which essentially works in the row-direction of images, and (15)
is the between-class scatter matrix of an altemative 2DLDA
which works in the column direction of images.

The within-class scatter matrix is still not changed because
the pairwise scatter approach analyzes how the classes are
discriminated from each other pairwise. Thus, it does not
measure discrimination inside the within-class scatter matrix.
However, we can rewrite the within-class scatter matrices (5)
and (9) as

1 C N}' )
G, =_Z N4 -u,) T(Aff — 4, (16)
N335 : ‘ '
1 c N ) . -
Hy = 22N (4 =) =Y. (17)
JEE=

Similar to (14) and (15), (16) is the within-class scatter matrix
of 2DLDA which essentially works in the row-direction of
images, and (17) is the within-class scatter matrix of an alternative
2DLDA which works in the column direction of images.

H1. Proposed Algorithm
1. Weighted (2D’LDA

Because (14) and (15) are not directly related to classification
accuracy and focus equally on every pair of classes, the outlier
classes may negatively influence the estimation of the overall
between-class covariance matrices Gy, and #, Therefore, Loog
and others [23] proposed an extended criterion named the
approximate  pairwise accuracy criterion (aPAC) which
replaces (14) and (15) with

| g=1 & i
G, :E Z L_,-.'cN.;Nk(,l",- —/uk)]' (a1, = 1), (18)
J=lk=j+1
1 =l € r
Hy =2 2 Lyl Ny (= i)y = 1) (19)

J=1k=j+1

where the weights L; are usually estimated based on
relationships between classes j and £.

In order to keep enough discriminant information, we need
to adjust the weights. A natural candidate is a normalization
weight equal to the square of the inverse of the Euclidean
distance between class means:

. B 1
"l (-m) ()

(20)

Here, Ly is defined as the dissimilarity between class j and &
or how well classes j and & are separated in the original space.

ETRI Journal, Volume 31, Number 4, August 2009


CLP13
Textbox


@
<«¢---- 1y in the within-class )
Class 1 ! ®
A @
® i
|
o i
-
SI— ;
A |
Class 2 : 5 o O
; o O
Ly n the between-class

Fig. 3. Adjacency relationships in weighted and relevance-
weighted calculation.

2. Relevance-Weighted (2DY'LDA

We can see that in addition to assigning different
considerations to classes when estimating the between-class
covariance matrix, a weighting scheme should also be employed
when estimating the within-class covariance matrix. To reduce
the influence of outlier classes, (16) and (17) are modified to give

. A e
G, :}I\TEZ’}N; (A,’ —;11.)’(/1;’ wu‘,),

j=1 i=1

2y

1 c N .
Hy === 2 2N, (4 = 4! =), @2)

j=1 i=1

where 1 is the relevance-based weight. By integrating r; in (16)
and (17), we intend to ensure that if class / is an outlier class, it
only has a slight influence on the estimated G,, and 4,,. This is
reasonable because if one class is well separated from the other
classes in the data set, the within-class covariance matrix of this
class in the new space is compact, and it will not have much
influence on the classification.

To calculate a class’s separation from other classes, a
straightforward weighting function is defined:

1
I‘l :ZL_
3

(23)

We normalize 1, so that the largest weight is 1. Although
several dissimilarity measures have been proposed in the past,
it is impossible to choose one of them as the best measure
independent of the data set.

We weight the classes which have their means closer to each
other more heavily than those that have means further apart. In
this sense, more confusable classes are weighted more heavily,
and less confusable classes are weighted more lightly. The
weighted between-class relationships and the relevance-
weighted within-class relationships are shown in Fig. 3.

3. Classification

Given a test face image 4, we first use (12) to get the feature
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Fig. 4. Sample images from the FERET database.

matrix /' . Then, we use a nearest neighbor classifier for
classification. Here, the distance between F1/ and F2! is
defined by

2

(24)

d
J=

|F1 - F2i|= \/ZQ:Z(FH -F2/)

i=1

IV. Experimental Results and Discussion

In our work, we have used four face databases, namely, the
Facial Recognition Technology Database (FERET) [33]; the
CMU Pose, [llumination, and Expression (PIE) Database [34];
the ORL Face Database [35]; and the YALE Face Database
[36]. All of our experiments were carried out on a PC with an
Intel Core2Duo CPU E6750 at 2.66 GHz with 1.96 GB of
RAM memory under a MATLAB R2007b platform.

1. RW(2D)’LDA Performance Test

We first used the FERET face database, which is designed to
advance the state of the art in face recognition, with the
collected images directly supporting both algorithm
development and the FERET evaluation tests. The database is
divided into a development set which is provided to researchers
and a set of sequestered images for testing. The dataset tested
included 2,413 still facial images of 856 individuals. Some
sample FERET face images are shown in Fig, 4.

The results of our first accuracy test of the RW(2D)’LDA
algorithm are presented in a 3D view. We tested the recognition
rate in row and column feature dimensions. The results of this
performance test are shown in Fig. 5.

The number of feature dimensions was varied from 0 to 60.
The RW(2D)’LDA accuracy is over 70% when tested with 2-3
dimensions and over 97% at 5-8 dimensions. It becomes less
steady when there are over 10 feature dimensions.

2. Pose, Illumination, and Expression Condition Test

It is not easy to compare all three algorithms within a 3D
view graph because the lines of the graph would be
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Fig. 5. RW(2D)’LDA accuracy in 3D view.
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IFig. 7. Result of pose, illumination, and expression test in 2D.

complicated. Therefore, it is more suitable to use a 2D view
graph for accurate comparisons between these algorithms. For
this reason, we conducted a second experiment to show the
performance  improvement of the proposed method
(RW(2D)’LDA and W(2DY’LDA) compared with the previous
method ((2D)’LDA).

We used the PIE face database for pose, illumination, and
expression condition tests. This database consists of 41,368
images of 68 individuals. The PIE database was able to image
each person under 13 different poses, 43 different illumination
conditions, and with 4 different expressions. Some sample PIE
face images are shown in Fig. 6.

As seen in Fig. 7, the results of this test demonstrate that, for
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Table 1. Result of pose, illumination, and expression test.

Feature Methods
dimensions | OD)’LDA | WEDYLDA | RW(2D)’LDA
1 14.50 13.50 19.50
2 72.50 75.00 81.00
3 88.50 89.50 91.50
4 90.00 94.00 95.50
5 91.50 95.00 95.00
6 91.50 95.00 96.50
¥ 93.00 95.50 96.50
8 93.00 95.50 97.00
9 93.50 96.00 97.50
10 93.50 96.50 97.00

the accuracy of training groups, the RW(2D)’LDA and
W(2DY'LDA methods can improve the performance of the
previous (2D)’LDA method.

The interesting aspect of the RW(E2DFLDA and
WEDYLDA methodologies is that they are more
computationally efficient than the original formulation of
(2DY’LDA because they have fewer features and are more
accurate.

Table 1 reveals the recognition accuracy obtained by three
methods when the number of diagonal feature dimensions
varies from 1 to 10. The W(2D)’LDA and RW(2D)’LDA
methods can increase the performance by up to 2.10% and
8.11%, respectively, when compare with the (2D)LDA.

3. Facial Scaling and Rotation Condition Test

Next, we experimentally evaluated our proposed
RW(2DYLDA, W(2DY’LDA, and (2D)’LDA methods on well-
known face databases. The first of these is the ORL database. It
is used to test the performance of face recognition algorithms
under the condition of minor variation of scaling and rotation.

The ORL database contains 400 images of 40 individuals.
These images were captured at different times and have
different variations including expression (open or closed eyes,
smiling or not smiling) and facial details (glasses or no glasses).
The images were taken with a tolerance for some tilting and
rotation of the face up to 20 degrees. All images are in
grayscale and normalized to the resolution of pixels and
histogram equilibrium in the preprocessing step. Some sample
images from the ORL database are shown in Fig. 8. In our
experiments, we split the whole database into two equal parts.
The first five images of each class were used for training, and
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‘Table 3. Result of facial expression and lighting conditions.

Iig. 8. Sample images from the ORL database.

Table 2. Result of scaling and rotation.

Number of training samp[es.p'f:r class
Methods =~ —— ; '
2 4 g 8
(2D)Y'LDA 86.25 93.60 94.67 96.00
W(2D)'LDA 87.36 95.00 96.50 98.45
RW(2D)'LDA 89.57 96.48 97.20 99.40

Methods Top recognition | Dimensions | Running time
(2DYL.DA 98.50 8x8 4.14
W(2DYLDA 98.75 7x8 5.26
RW(2D)’LDA 99.15 6x7 7.85

£
. A £ N AN AN

Fig. 9. Sample images from the YALE database.

the rest of the images were used for testing.

Table 2 compares the three methods in term of their top
recognition accuracy and gives the corresponding dimensions
of the feature matrices and running times. It can be found that
the top recognition accuracy of the original (2DYLDA method
is comparable to that of the other methods. This table also
reveals that the top recognition accuracy of the proposed
RW2DYLDA and W(2DYLDA methods is significantly
higher than that of the existing (2DY'LDA method despite the
RW(2D)’LDA having a reduced feature matrix. Conversely,
the RW(2D)Y’LDA and W(2DYLDA methods consume more
running time than the (2DYLDA.

4. Facial Expression and Lighting Condition Test

Finally, we compared the proposed RW(2D)Y’LDA and
W(2DYLDA methods with the (2DY’LDA using the YALE
face database. We tested the performance under the condition
of minor variations of facial expression and lighting conditions.
The images are in grayscale with white background and are
320x243-pixels in size. We used a total of 165 images of 15
individuals in GIF format. There are 11 images per subject, and
each image shows a different facial expression or lighting
configuration. Some sample images from the YALE database
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are shown in Fig. 9.

Table 3 shows the top recognition accuracy under the
condition of minor variation of facial expression and lighting
conditions obtained by three methods for varying numbers of
training samples. The proposed RW(2DYLDA and
W(2D)Y'LDA methods are comparable to the (2DFLDA
method in terms of recognition accuracy.

V. Conclusion

This paper examined two efficient face recognition methods
called the weighted (2DYLDA or W(2DFLDA, and the
relevance-weighted (2D)Y’LLDA or RW(2DYLDA incorporating
weighted outlier class relationships into the estimation of the
overall between-class scatter matrix. In the same way,
relevance-weighted inner class relationships are incorporated
into the overall within-class scatter matrix to improve the
performance of the (2DYLDA method. The experimental
results have shown that our algorithms can be used under
various conditions and can achieve better performance
accuracy than existing methods.

V1. Future Work

The proposed RW(2D)’LDA method applies the weighting
function in the within-class scatter matrix, but the W(2DY'LDA
method applies the weighting function in the between-class
scatter matrix. It would be good to combine the proposed
methods with other methods to improve the performance of the
(2DYLDA. However, the effectiveness of kemel-based
methods has been reported recently. It may be interesting to
focus on the problem of kernelizing an existing supervised
Mahalanobis distance, such as the kernelizing Mahalanobis
distance learning algorithm. Therefore, we plan to apply
neighborhood component analysis, large margin nearest
neighbors, and discriminant neighborhoed embedding to this
algorithm. An alternative kemelization framework will also be
used in the between and within-class scatter matrix in our
future work.
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