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Tunmi
UNANEa

NTIATIEBIAUSENRUNENLUUABYNR (2DPCA) gnldegraunsvatslunate o

woundiadulagianiznisandnlunt Jadeddglunisusulsauszansnmuesis 2DPCA

a a

PUN1INUTEANTAINVBUNINFANULUTUTIUTIN Tuine1dnusiiiain lanunnimes

a a [

(eigenvector) fiflUszansamaruisaaialdanumsndanuwlsusiugauifiuszansam
Inerinusasuiinauslinimlewnunnnesodiediuszansain taeviin1suiulsisng
2DPCA dm3un15331lunt 2 wuu 1) YSuus938n1s 2DPCA dmsunisidntuninngla
NaNTENUINNITdRtaTIveLa Tnsldanadenuuaniziuwmunsidandefisadnfen
Lﬁaﬁﬂé’]’mLmLW{JmLm'angmw LﬁaqmﬂLwiazgﬂmwlﬁ%’umamwumﬂmﬁﬁaqa’jﬂwmLL&N
Talindu G’Tﬁ?umﬂ%mLa?iaLLUULawwﬁuﬁaLmrwauém%'ugﬂmwﬁlﬁ%’umamwumﬂmi
dosainavaanas 2) U5uU3eisn1s 20PCA dwsumsialumihifiguuuuiivarnvanglind
UsrAnBnmantu Tnevinsusulss 2 dauldud (1) nsAwIMLENgsEAUNInAdmIY
NIAIUIMMIANFUNUSADINAN1MAL (2) n1suladlasldimatin ELSSP d1mfunns

AU ILNUVDUUNI NFANULUTUTIUTINNTUTLANS AN hazNanIsNaaInansliiiiy

[
aa A aa

TUSEAVEAMYRIIBTNSTEUeNNgINIIENTNUg I laln 2DPCA 1-2DPCA Bi2DPCA Uagis

v v a

2D°PCA vuiiuguvesenuyadeyafisiniun - ORL Face, Yale Face lay Yale Face B+



Title MODIFIED PRINCIPAL COMPONENT ANALYSIS FOR FACE
RECOGNITION

Author KANGSADAN HANCHERNGCHAI

Advisor Assistant Professor Jaratsri Rungrattanaubol, Ph.D.

Academic Paper Thesis M.S. in Computer Science, Naresuan University, 2019

Keywords Regional Matrix, ELSSP Conversion, Principal Component

Analysis, Two-dimensional PCA (2DPCA), Face Recognition

ABSTRACT

Two-dimensional principal component analysis (2DPCA) is widely used in
many applications, especially, face recognition. A key factor to improve the
performance of the 2DPCA method comes from the efficiency of the covariance
matrix. In this thesis believes that effective eigenvector can be extracted when the
effective covariance matrix is given. The contribution of this thesis consists of two
case parts including 1) Modify 2DPCA method for face recognition under the
illumination effect using individual local mean, which replaces a single mean in
2DPCA method. The individual local mean can provide a more appropriate means to
each image, which can reduce the illumination effect effectively. Therefore, using
individual local mean is especially suited for images that are affected by the
illumination effect. 2) Modify 2DPCA method for face recognition. The Improved of
this consists of two main parts including (1) regional matrix calculation for computing
the two-directional correlations and (2) ELSSP conversion for extracting the effective
representation of the covariance matrix. The experimental results show that the
performance of the proposed method is higher than the baseline methods including
2DPCA, |-2DPCA, Bi2DPCA and 2D’PCA methods on a basis of three well-known

datasets—-ORL Face, Yale Face, and Yale Face B+.
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1.1 arandusnvasdym

n3331lunid (Face Recognition) lasuaruaulasgaunsvangnusefnauiiadagiu
wazgniunUszendldedawnnlulseswennuuasnde WY N1SAUMIUARD N1STEYFIAY
Jusiu ns3anlunt Ao nmsihamlunihvesyprauinnisiseudieuiugiudeyalumiin

o v @ vy A ] v A o vy Y v o
voayananiin1sdmnuliiitessyinluniniinsiadulansaiuyaralalugiudeys ludagdu
a d‘a Y o Y a YV [ aa ! a 6 3 [ . .

wadaneuldlunsidiluniiseiunaeds wu Mleseiesdusenaunan (Principal
Component Analysis: PCA) WaZNITAATIZRNTIMUNUTELAMTILEU (Linear Discriminant

Analysis: LDA) 1Jufuy

INNSANEIAUATINUIFETNLIVINUIT PCA Tasumnufeutazinunlolulsnaues
Yo v ' | & ad a a & o v A ° v
N33 luninegrawnsviaty PCA Wuisnsadinaansigniunldianisiuunteyq

4' aa v ~ N v v v I3 | a
LNBNITAAUAUBDUR LLagLW@ﬂ'T?U‘UEJ@sU@lIasLWlIGUUr]@LaﬂaQIWUINNNaﬂ3$VIU6{J@Qﬂ’]3Eﬁ€yLaﬁl

Y Y
¥

Taya uanaNi PCA Feanunsaldinelinsigideya uazdrgaiuredeyalusuuuuves

Y Y
¥
o

ANNFUTUTI YAt uvia UM auANANAY NS 1BmR R iEn1s PCA Tnsunnnuiluly

msthuszgnaleluaueie q lnglamznisidnlunt

Tul 1987 Sirovich waz Kirby (Sirovich & Kirby, 1987) lald35n15 PCA Tun15341
Tunihwesywdiduafausn ilesandBng PCA anunsaannaudnvuzianeldd uonand
falgtinnsFenynvedleinunnimes (Eigenvectors) ldlunmsidtlunthvesmywdinleinuma
(Eigenface) uafausn wagvililownumaiduiisdnegnaniraundutiagtu dewlud 2004
Jian wazAuy (Jian, Zhang, Frangi, & Jing-yu, 2004) la@ne1vann15v1914v0935n15 PCA
densddfluntiuagnuiniinig PCA wuududninisudasgunnlfeglusuvesanimnes
(Vector) Fe¥illdinanlunisuszananaunn Ssldimunnaiaiidodn two-dimensional
principal component analysis (2DPCA) ﬁaﬁmiﬂ%’gﬂmwﬁwL%’ﬂuﬂ'ﬁﬁ’wmmlﬁmaﬁhjﬁaa
waslieglusuresnnimesiviloudSnig PCA tleliedonisduiamumIndainy
wU5U53UsU (Covariance Matrix) wagdainliusendaiailunisawiamlainuinimes

1NN318A15 PCA wuULRY wdsansulul 2005 Zhang wax Zhou (Zhang & Zhou, 2005)



1§Anw13n15 2DPCA wdamuin3ans 2DPCA SururamavindanuuUsusiusniies
Feadien (wen) Ssdwmaliilonunnmes winzdmvesiiamaiy luvarfiuvindlsznou
lUdrsuniuayndn fedu Zhang way Zhou 3aldt@ue Two-directional and two-
dimensional PCA (2D?PCA) fifimunsasonu191n33n15 20PCA Tnenasldum3ndainy
wUsUaudam 2 fievns delifilewnuiavesiia 2 fisvng Viliiraugndesnnndiisnms
2DPCA wauzilul 2008 Kim warAmiy (Kim et al., 2008) ldWawun bidirectional 2DPCA

= |

(Bi2DPCA) @46088AU121035N15 2DPCA N0 uN3ngANukUsUSIUSINNY 2 AN

aa

WULABAUITNNS 2D?PCA kR38N0 Bi2DPCA dulpnanialawnunalanglaisniswlaadadu

a

(Linear Transformation) 9ag#135n158u 9 lwmaian1satenin (Projection Technique)

iR A9y Bi2DPCA UA1A91QNABIMINNTIIENNS 2DPCA

MNMINUMNTIUNTINIALR fidenuinilnuddeduaumnniliauaulaluns
Uszgndldasnislunguues PCA dmiunisianlunida egrdlsinin 38n1slunguues PCA
dmsunsislunihiingnundudiliannsaneulandluFesasmansenuainnisdesaing
vaeias (Illumination Effects) stwgﬂmwﬁlﬁ%’umaﬂiwrumﬂmséaaa’iﬂwmumﬁuﬁama
sonsafnamdnvuzianzdldanysal Ssllgmdiilfldnadnidaarnadou fuu Tl
2015 Woraratpanya kagAnig (Woraratpanya et al., 2015) lainauen1susuyieisnig
2DPCA (ilauAnansgnuainnisdesainavesuasluszuuidnlunin (2DPCA for Face
Recognition under Illumination Effects: 1-2DPCA) Tag#i1n15U5uUanIsA1uIauning
anuuUsUTIUT uassildiiausuuamanndentainunnee wulvl vilvlduadwsia
Judwiumsiinelduanssnuainnisdesainaweuas audii1iinng 1-2DPCA azdsyay
ANuE NS uileyueddsns 1-2DPCA Ao VLaJmmaaaﬁml@LﬂuLWaﬁmaUIﬁ]méﬁﬂwﬁ"ugﬂﬂww
fiflnansznuannisdesatevesasiannld insluamuduatmansgnuainnisdesaing
yoauatluusdazawliviniy dsfegefiuanddunm 1 Auandiifiunansznuainnisdes

¥

! dl d! o dl g ! ! dld !
ainwesuasvainrany Ferinlrlainunanlasudaansenusnesuninansenuannnisass

Y
¥

aingvouas wnudllgillaagilnlanadnsNAg st



A 1 A7eg1egunmniinansEnuanNsdetadngvaes (Ilumination Effects)

[
L3

fatiu Tuine1finusy

AL WIAATIILUTUUTEIBNTS 2DPCA dwsun1sanlumih

wazUSuU I idUssansn nunntulagasileuiieuussansnmnisvinauiuisnis e 4

wuv 16un 2DPCA wuusafiy 2D?PCA Bi2DPCA uay 1-2DPCA dnsumsidnlunth

1.2 9AYMUNBVDINTANE
1. ilefnwmdnmsianuvesisnig 20PCA dnsunisdirluvih
2. 1ileUsuUsssnng 20PCA dmsumsidlunihneldnansemuannnisdesainses
wasliiszansamaniy
3. WieUiuU3eisms 20PCA dwsunisiilunmihdmiulumiifisuuuuiivarnvans

Y

Trtluseansnmwunndu

1.3 Y9ULUAYBNUTIY

fAfoarrhimaide Inelddeynanyadeyaiomn 3 gndeyadwioluil

1. awluniiuyed $ruauienun 400 U (40 au Auag 10 3U) Wunmee i
NANNNABYULDI VUM 92 X 112 WNLwa mﬂﬂ;m%’a;ﬂa%a ORL face database (Samaria,

Samaria, Harter, & Site, 1994) L@AIAININ 2



AN 2 c?l"aasmgﬂmwmmm%'agawm ORL face database

2. pwlumhaywd Suauianun 165 3U (15 au auay 11 5U) Wunmaieniesed
= ¢ a D B
1ANUMAINNAIENNBITUNLAZIAL YU 195 X 231 Winlwa INYATeYAYe Yale face

database (Belhumeur, Hespanha, & Kriegman, 1996) LARIAININ 3

29
e
29! ]

AN 3 ﬁaaemgﬂmwmn?m%’ayja%m Yale face database

3. pwlunthuywe S1uuviaiun 2,280 3U (38 Au Auaz 60 5U) unmenentingss

wazlATUNANITENUIINATTABIATINTDILET YUIA 168 X 192 Ainwwa InNYAtayade Yale

face database B+ (Georghiades, Belhumeur, & Kriegman, 2001) wanisinin 4



A 4 f7RE9UNNAINYATaLAYDY Yale face database B+

1.4 Yszlewinandnazlasy
1. lomnuiifeaiumsidanluninedsnis 2DPCA
2. lansguauns 20PCA lausulsalniiuseaniamuinudmsunissantuni

MElANITADIAINIVDILEAS

1%
a a =

3. lanszuaunis 20PCA Mleusulselvliussansainunndudmiunisidnlundy

dwsulunthndsusuuivannvanglviiuseansnimanniu

1.5 deudniianig
n15391lunin (Face Recognition) Mu18fie N32UIUNITNITUATIENIUNEY waz
= = Y DY v v oA ] Y aa 1% Y
Wisuieudnwaglunihiugiuteyavedunth wessyuilunihimiasegsilanseiuynaaale
N193LATIzReIAUTENaUKan (Principal Component Analysis) #1889 tALALE
adinenansegrmilaiiuldlunisduundeya msandiuiu waznstudaiufiinglianas
lownuwa (Eigenface) vaneds yannmesnidlunszuiunisnissantuninvesywe
a a ! ! L4
Sendnegneiloinuianines
Modified 2DPCA (M-2DPCA) vingfia Usuu5338n1s 2DPCA dnunis3intuni

2DPCA 11804 N5 ASIEviasnUsEnaunan 2 4



1.6 WAUNTIFANTUIUIY

A1519 1 HUNISANHUIIUIY

o Ny
. - \O % O \O % % % % % % % 8
LLANUNTITAUUITU = @ by} @ o « « Fro) @: 2 @« &
c % B E R € © < & F 0B B

1. Anwkagimse PCA

2. ANWIWarIAIIEI 2DPCA

LAY N1SNRIWT 2DPCA

3. ANWILAYIATIEANEGNNIT

Yabaunua

4. DONLUULAZIWRIUI M-2DPCA
WUUT 1 WIOUNAADULAL I

YLaNTNIMUL MATLAB

5. 9ONWUULAZIMUY M-2DPCA
LUUT 2 NIOUNAFDULALIN

Y5gansnmuL MATLAB

6. ayunauazInvigUiau




unia 2
av a4 v
LANAIFLASITUAIYNLNYIUVDY

Tunuddelfidelafnvwuifiauasngulsauluisuidenneldes et
Uszgnaldlunmsvieniddedseneumeiilomdasedl
aa A o
3.1 NufineItes

3.2 NUIVEMNYITD4

2.1 ngufiieadas
2.1.1 ns3anluni
n3¥UIUN13n15391luntn (Face Recognition Process) Juutoandu 3
Fupoundnldun nisuszunananimbosiu (Pre-Processing) n1safnngndwmzLaniy

(Features Extraction) kazn1537un (Classification) kandnanIn 5

Face

database
Predicted

person name

Pre- Features / )
R . ; Classification
processing Extraction

Input image Predicted image

AW 5 nEUAUNTFITtunti
1. Mavszanananimbosiu Ao m'ﬁﬂ%’uLU?{aué’ﬂwmzmqaﬂﬁwaqgﬂmw
Yudiielidanumunzausenisii Ul wu asuvasnmidunmszdudionn (Grayscale)
Dudu
2. Msafinvandwaziany Ao nsafnnudnyuzanzyesgUa el
fesensduun FeamnsadentdlivainuansiBns wu msliasizsiesdusznaundn uas

NNFUATILRNTTMUAUTLLATLTILEU WHudu



3. N153UUN AR NTIUUNFUAINYARRIINNGUVBIAMGNBULLANITAN
yarailduymnale Fanadianisiwuntduilldnainraiedseeiu wuy nisfuniiioutu
Tndgn k dudu (K-nearest neighbor: K-NN) fuliidndula (Decision tree) wagn15m

S¥E¥NILUUYAaA (Euclidean Distance) Wudu

2.1.2 lawnula
lawnualagniauilae Sirovich wag Kirby (Sirovich & Kirby, 1987) &4
lonuwlailutesenyavedlawnunnmes Aldlunisidilunthvesyud wanduwisnlionds
fudnwazlunt wu Waulamuiswesniusauin Wusu wanaini lewnwadianuisa
Tgluauiudy 9 1Wu M19wTeraieile N1381USHHUIN Y3BUINTENINITIATIERgUNS
3 [~ %
NS neg LJunu
NM5@519BUUI a9 Lo nUNaaNN15aY AT NNSN19and Teeldunsndminy
wUsUsrusaiiilumanvazanizisonnmesanvaziane sadunwimmislungud
YINIAATIENBIAUTENDUNGN
2.2 MUI8NNYIVD9
Ay aa P | - v A v v A o A aal a ¢
M35 NWITeNNTesludnlatugAuaTIAgIIUINITeIsNTIATIEN
aﬂﬁﬂizﬂawé’ﬂLLaﬁﬁ"}’sﬁLﬁmﬁ’uﬂﬁﬂ'wuﬁ%mﬁmiwﬁaqﬁﬂizﬂauwé’ﬂﬁm%’umiiﬁiw
Tunth e laLUIANLAZNTEUIUNISVBINITHAILIITNITIAITILDIAUSENaUNa NazLin kY

Uszgnalduiulganaiuyseaninmnisiausialy

2.2.1 msaszesAUsznaunandmiun1siantuntia
L. Sirovich and M. Kirby, 1987 lddniaussiuideiiieadunisyinis
Ansgvisdusznaundn undszgndllunsisilunthvesnsdadusn iesannssuiuns
Y99 PCA @1unsnanananuvazianiziazdiaiuisadlgasutedayalusluuuves
arwduitusindeyatundouniounndediu uenaint vuAteild Pca Tunmsiaugnves
lownunnwosiililunisislunthuesuyedlneGenyalonunnmesivaiiilenua
MANNNTYINUYREIENTT PCA dmsumisidntunt Aemsiiasievideyauas
Auteyalusunuunrmdiniug Wefinsanssduszneuvessunmsuszuonde 2 dauldun

=

1) Ushundeyaiinisaguwlasnnuieseninteyaniiininuigs (High Frequency) 1gu

Y

duveu 3US9 wazadnaie WWudu 2) vinaiteyaliiinisudsunlamseisenindeyaind

a9 | & o & v o v v Aa a6
A1U0R1 (Low Frequency) WU LUDE W tuau PCA "U%WEJ']Hquﬂqﬂﬂsﬂﬂﬂuawuﬂquﬂmq



o = '

BN ANUFUNUS IUEIUTBITBLANTANUDFINIBNAILAIN PCA 9guAUduNusluaIu

Y Y

Yy =& I3

vee3Us1eveslunt vielasmi dudussduseznaundndmiunisidntumin lagldnng
ANIUMANULUTUTINTIY

Tngnszvaunisieunissalundideisnig e 4 asutanisiieu
panlu 2 NSEUIWAITUEN AB NTEUIUNISHNEDY (Training Step) LATNTEUIUAITNARDY

(Testing Step) A9 6

Training Step
I e
| |
| |
| |
| |
oM |
| % . :
| N 1.PCA 2.Eigenvector 3.Image |
[ Picaen Projection Feature Extracted |
| Training Image
| |
e MY Frr—NYW = | @ NV AN\w | |

Testing Step

|
|
|
3.Image 4.Euclidian :
|
|

Projection Feature Extracted Distance Output

N 6 TUNBUNITMINNUVBIITNTS PCA dmTunsiinlumih
=
NI¥UUNISHNEaU
Yunaudl 1 N5EUIUNIT PCA lnen1suidgasunninaey 1o IuTunauds PCA Aslans

Tunm 7 iearingmuanyzlanIzvedLsaruAAa

MN MN
MM
=% ~
T

N Trans- Mean L Mean TS C Oh‘/'[a'ft 1;:“ Covariance Matrix Flfigcu\'alucf
~ 3 ale 1 2. : atr1s g 5
Training Image Formation |y from | CAICUIALONN gy imuge | Subtraction| g e Image | Calculation Extraction

AN 7 A5n1sanalanunmastazalanuuesisnis PCA

1) nsuUaszunw (Transformation) @udunisthsedvdmuun M x N finia T

aglustvaannmesuuin MN X 1 finiea Aann 8
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2Dto ID
M —— MN

—q{I

NN 8 %’umaummﬂmgﬂmw

o =i

2) MsAuINALRAE (Mean Calculation) ievdiwnuiiluteyaniainudsi lne

Y

AWIALRRY (F) 109na3u093UnmIvan faaunisn 1 wagnadwsnlannin 9

e F; fia inwesvesgunmiduuin MN x 1 fina

S A IuugUnmEnaau

MN 1 Mean - — . MN

Calculation

L 25 =
1

1

Training Image (1D) Mean Image

AN 9 YUABUNISATUIUALRAYVDIISTNTS PCA

2) M3ausgAuaie (Mean Subtraction) liteidadeyaniinnudaiuasiansun
ngdeyaniainudas lngn1sirgunimdndinedluguiannes (F) uiazguauiusy

[ a [ A = v s Y 1 a 1 a
NAWMBSALRAY AIENNIST 2 FanaansTlasena EUﬂ']W%UiWﬁ‘\]WﬂﬂﬁLﬂaﬁJ (Zero-Mean

Image :A;) tanslunin 10

AizFi_F (2)
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F=S = =
1 |

1

Training Image  Mean Image Zero-mean Image
o/ 1 [ s b4 J d' ad
AN 10 AIDUINNAANTUDINITAUNWANRAYINNIGN1T PCA

3) N13AUIMLLNINGAUKUSUTIUTIN (Covariance Matrix Calculation) tieLfiu
ANuFNTuSveIayaniiaudgwarANuduius s ngUnmlvieglusveduming g

g miusrnnALeds lUumMuInmILYENgANUWUTUTINTIM () Asaunish 3-4

i=1j=1
COU(Al, Al) COU(AI,Az) COU(AI,As)
= Cov(Ay, A1) Cov(h,,A;) ... Cov(Ay Ag) (a)
Cov(As, A1) Cov(Ag,A,) ... Cov(Ag, Ag)

4) n1sanalolnulanmes wazAlolnu (Eigenvector and Eigenvalue Extraction)
[y av v a 4 | <@ o ) o 4
ﬂﬁﬂﬂ?ﬂﬂlﬂﬂ?ﬂ@ﬁﬂVﬁﬂ%ﬂ?qﬂuﬂiﬂiﬁu33ﬂﬂﬂ%uqﬂquu1UﬂWUUQﬂyﬂ@LﬂUUﬁnﬁﬁi e
1 2 ‘NI
AloLNY AIEUnIN 5
AV =Ty (5)

s V #s lawnunnmas

A @9 Anlanu

pA ]
v =

Junaui 2 n1staendruluveslanutineas (Eigenvectors Selection) Ldenlainy
s A [ s o Ql' = v d' e d' A
s Ingidendiuiuleinunnmesdin 1 899 p, A ={ay, az, -, a,}, e p As
wrwvedlonunnwes Areddlunisairalonuma lneiiAl p Mvunzauzgniansann
nsnaaedlagisuINdenlenulINmeiiii 1 MNUUALRTANAIANUYNABILAZITNA p

=

iag 1 gavingazidendl p NiAAnugnAesiign
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pA 1
[ =

JUABUN 3 N15218A (Image Projection) Ao Aruulatnuwa (I;) lngn1sa18an

sUnmilnaeu () funnnes 4 faunisi 6
I, = LA 6)

NITUIUNTNAEIY
ddrgunimneaeu Anduauiuguaindiade (F) ka3viin1saignin (Image

Projection) [WULAENAUTUABUT 3 UBINTLUIUNITRNEDU

'
a o [—

Yupauil 4 szaEnnawuugadn UAildainnisaten i nuieuiisuiuaiiilaainnis
2180 1MY8I3UNMNAARULAETENITINTEYENIMUUEAGR (d; ;) Aeaun1sh 7 oAy

AReAFUBIsUNMIMMAFRUTIRSIiuyAnalaluguteyavensUnwHnaey

;
dij = | @) = L®)? @

p=1

We I; A lownunavesyagunnilnaay
I; fe lainulavesynsunmmasgeu

P fe mugnvedlainuia

2.2.2 AN53ATITRR9AUSENBUNAN 2 T

Jian Yang, et al. 2004 la@nw1 PCA uadanudn PCA din1suuasgunmlviag
TugUvesanwes Feilildhiailunisussananauiu Falawaun two-dimensional principal
component analysis (2DPCA) fianansaldgunmlunssuundoyalalnglifoudaslioeg
lusvveanmesiniauiu PCA Fuinliitgdan1sAIuIUNIALLUTUTIUTINYINIA
UsgndararlunisAiamlanuininesd LasnadansuasA1nugneaaIras 2DPCA 1NN
PCA

Tnonszurunsvhaumsidiluntdaesnig 20PCA 4 azudanisvhay

aamﬂu 2 NTTUIUNIHAAN AD NITUIUNISHNEDU LAZNTTUIUNTNAABY AN 11
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Training Step

2.Eigenvector Q 3.Image

N — | 1.2DPCA Selection Eigenface Projection

Feature Extracted

Testing Step

|

[ |

|

z l

3.Image 4 Euclidian !
|

|

M

Testing Image Projection Feature Fxtructed Distance Output

A 11 TUNBUATSII9IUVES 2DPCA dwmsun1sianluni

=)
NIEUIUNHNEDU
Jumaudl 1 nI¥UIUNTS 2DPCA lagn1siidiyagunminaeu ier1udunewis 2DPCA 619

wanslunn 12 Weannranvuzamzvadluntiivadasuana

i " . ’ a
Y e} 5

M

ASetof Me Mean
N N b1 can VA of
N Mean Mean C‘&’d"“"“ Covariance Mattix | Covariance | Covariance Mawix | Eigenvalue!
. ati X atrix ’ s Ej ors
Training Image Caleulation|  \foun mage | SUBIACHON| /ety roeun Imuge | Cotriion Matrix Extraction
Calculation )

AN 12 A5n1sanalanunmastazallamnuvess 2DPCA

1) MsAluAeday (Mean Calculation) e NMSAIMMALRREYBIFUAMTIMLA
Tnggunmindndendunimsydivadni waansila fie gUnmAnadevesguniniaviun w3e

Sundt sunmanade (1) Aseunisi 8 uasnaansildazianamiulunin 13
S
it
T=2>h ®)
i=1

Wle I; Aa sUamEnaeuvwin M x N finwa

S Ao U mEnaeu

Mean

N Calculation N
Training Image Mean Image
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AN 13 A29EINAANS VBINITATUIUARALVBIASN1S 2DPCA

2) MIaumgAaiy (Mean Subtraction) e n1sirdeyajuaimuiauiuguaimn

=

AnaRe (1) AaunIsi 9 uagHadns fie JUAMAUTIAINANREE (A;) Aan1n 14

N

N
Training Image Mean Image Zero-mean Image

AN 14 A2981NAANS VBINITAUAILANLRAALVBIISN1S 2DPCA

3) NNTANUIBLNVIENGAULUTUTIUTIN (Covariance Matrix Calculation) A A5t
sUamivsImnAade (A, W masmumindanuuususiusiu faunsi 10 uas
nadnsTild fe YAVDAUVINGAUUUTUTIUNIIY ()

Y; = MAT (10)

4) N13ANUINAIRFEYDLUNTNTAITUWYTUTIUTIN (Mean Covariance Matrix
Calculation) fie N13UnYATRLUNINgAULUsUTINTIIUANAMIALRRe Aeaunisi 11

LazHaaNsNlAIsaNINARAEUR LNV NGANLUTUTIUTIN (D)
S
= 1
Plm,m) =< > i (mn) (1)
i=1

5) nsanalonunnees wazalewnu (Eigenvector and Eigenvalue Extraction) g
N15UNANLRAYVDUUNS NGAMUBUTUTIUTIULUAI UM LN UINADS kasAlawny Feaunis
712

AV =Vy (12)

s V #s lawnunnwas

A @9 anlawnu

SNao o

JUABUN 2 TAFNNSYNNURUULAEINUATANT PCA AaLandly Und 2 %999 2.2.1 Junaui 2
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YUABUN 3 TIFNNTYINIUBUULAEINUITNT PCA AaLandly UNA 2 99a9 2.2.1 Junaun 3

NITUIUNINATIY
ddsuammaasy antduaviuguamanade () wdviin1sa180m (Image

Projection) [WULAENAUTUABUT 3 UBINTZUIUNITRNEDU
JUABUN 4 TATNNTYNNUBLUULAEINUATNNT PCA AaLaRdly UNA 2 9989 2.2.1 Junaui 4

2.2.3 NM15ATITVRIAUTENBUNAN 2 AALUU 2 AANI9
Daogjang Zhang Wag Zhi-Hua Zhou, 2005 lA@n®198nN15%191UU0 9
33113 2DPCA udIMuI135n15 2DPCA Tufuramms ndauLlsUT NN B eTirmag
Fen (o) Sdaaliilletnunnnesianzdiuvesfianaiu luvasiumindussnauluse
LOILAZUAN ﬁﬂﬁ?u Zhang ag Zhou Fldtaue Two-directional two-dimensional PCA
(2D?PCA) fitausiosanuna1nisnis 2DPCA Tnennsldumsndanuuususiugau 2 fiavng
dielviilotnuimanasits 2 fienns MvidA1ANgNFEINNTNIENNT 2DPCA
Tnenszuaunsianunisidtluntndieisnig 20%PCA 1 asutansvheu

EJEJﬂL‘f]‘L! 2 NTTUIUNITHAN AD NTTUIUNTHNEDU LAZNTTUIUNTVNAGDU AININ 15

Training Step

|
|
WL |
|
i I
2.Figenvector 3.Image |
¥ ———|1.2D%PCA| —— > ¥ H:; mag
F IR Rcstion Elgcnfd(’cJ Pl’O_]CCthn Feature Extracted I
Training Image Xtra :
|

Ty . R i, N g Ny A ay A N ——

|
w- i | |
>
v R i I :
o 3.Image 4.Euclidian :
|
|

Projection Feature Extracted Distance Output

AW 15 TuUABUNISIINUYBIITNT 2D’PCA dmFunisianlumii
NITUIUNTHNGDU
Junauil 1 nseurun1s 2D°PCA lagmsiidnyagunminaeu ek 1udunauls 2D°PCA

AananslunIn 16 WeannAnanvzianzvedluntveusazyans
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=,
M-
s A Sots of Row Dircetional Mean Mean Row Dircetional
— ance Matri
ero-mean Imag

: N Covariance i Eigenvalue/
Row Disectional Covarianes Miatrix Row Directional Covariancs Matrix HlE
Cavarlance Mattix Covariance Matrix

Caleulation Extaction

Mean N Mean

Training Tmage Caleulation | e ngge | Stibtraction
il
— A Sets of Colunn Dircctional Mean Mean Column Directional
riance Marrix

Column Directional Cova Column Directional Covariance Matrix

Cigenvalue!

Covariance Matrix Covariance Matrix

Caleulation Cxtraction

AW 16 A5n1sanalanunmastazaAlarnuuesisnis 2D°PCA

1) AsAuINAaas (Mean Calculation) @11150A1WINIUAEINUITNTS 2DPCA

MNAUNTN 8 UagkadwsTldgUnwANade (1) Aanw 13 Tuuni 2 Fded 2.2.2 Tuneui 1
Toi 1

o ¥

2) M3aUAIEAIRAY (Mean Subtraction) Ain A1sirdeyasunnunauiugunin

Y

&

1 fn gUamUsIAIInAady (A;)

1

I = b=\ o v N Y
ALaay (1) ﬁ']iJ'ﬁﬂﬂ']U']mbL@‘i]'mﬁﬂJﬂ’]iﬂ 9 LLATNRAND

D.

AN 14 Tuund 2 e 2.2.2 Tunsuil 1 7o9 2
3) MIAWILNINGANUUTUTINIIU (Covariance Matrix Calculation) ¥agunm
AUTrnAeay (A;) IUAUIURIUNINGAMNLUTUTIUTIN 2 AFNI9 (WDILATUAN) F

auN137 13 uag 14 Naansnla Ao YATDLUNINTAIUWUTUTIUTINYDMT 2 FiAN
Wi = AA] (13)
@; = NTA; (14)

4{' & a ¢ |
1o 1; A LS NEAULUTUTIUT NV

@; 7D WNINGAMULUIUTIUTINVBIAGN

4) NISATUIUARAYVDBUNTNTAINUBUTUIIUIIU (Mean Covariance Matrix
Calculation) fia NM1311YAVBANNINDANNRUTUTIUSININ 2 A1 TdAwiumALadeves
WAALTAANIY FIAUNIST 15 Ay 16 TINAGNSNLALSENIT ANLRAYYDUUNINTANULUTUTIY

SV (1Y) UATANRAYVBIUNINDANUUTUTIUTINVDINAN ()

S
- 1
Pm,m) = gz i (mm) (15

S
~ 1
p(m,n) = 521: @; (m,n) (16)
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e P; A WN3NDANULUIUTIUTINTOILED
@; A9 WNINGANULUTUTIUTINURIREN

S Ae UM mEnas e

5) nMsanalanunmes wagAlownu (Eigenvector and Eigenvalue Extraction) Ag
A15UANRAYVBIUNINDANURUTUSIUIINVBING 2 REN19LUAN I BLNUINABS WaY

ANloLNY F9ENNISA 17 way 18

rVr

<
=
-

v

A
AV =V

<l
=
x

44' 2 s a o a ]

LB Vr 3] IaLﬂUL’JﬂLV’]@i NATUIUINNLUNINYAMULUTUTIUTIUVDIUA
A, A A1loiny NATUIMANUNSNGANNUUTUTIUTINVDILA?
V. fe lotnuineas NA1LIMIINnsngaNLUsUSIUIINYDIaN

A, Ao Alotnu AAIUIAINLYENEANLUTUTIUTINUDINREN

Junauil 2 n1staandnuauvaslatnutinines (Eigenvectors Selection) Ldanlainu
NAWaslAYYINA1TEen 2 AT 1) @onlalnuinteos NAIUIUNLNINGAMNLUTUTIUT I
= Y = [ 4 =~ A o
YBIUAT LHBNINAIINGL p LINWBT 4, = {ay, az, -, ap} 4B p Foduiuveslainy
¢ A v v = ¢ a o a ¢
nnwes naeslalunisadlonua 2) deonlonuinines NAIUIIINIUNIAGAINN
WUSUTIUTINVDMIEN LHONNFIIND g nwes A, = {ay, ay, -+, a4} o g Avduu
¢ a v o A d' a
vadlainunnes Neesddlunisadieleinua laeiien p uag @ Mvagauazgniiansan

Mnnsnaaedasisuandenlonuinmasinn 1 ntuasiasaAnugnasdLasiiam
= [ & 1 Ao 1% a
p uay g Nag 1 anvineazidona p waz g NLA1AINYNARITIAN
q ] q

pA ]
(4 =

YuAdUN 3 N133°8AMN (Image Projection) Audnilanua (I Inenisargnngunin
Hnaou ;) Auleinunnees deaunisn 19
_ ATT A
Fi = AcIiAr (19)

NITUIUNINAGHIY
ddsunmnaasy nduaudusunmanade (1) ka1vi1n13a1801n (Image

Projection) LWULAEINUTURDUN 3 VBINTEUIUNISHAEDY
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SAad ]

JUABUN 4 TAFNNSYNNURUULREINUATANT PCA Aauanaluunil 2 ¥ida9 2.2.1 Junaui 4

2.2.4 M5ATIzesAlsEnounan 2 ARy 2 fiannelagodeaunisiadudnnsu
nsadelanune
Yound-Gil Kim, et al. 2008 la1taueani1sWmu135n15 2DPCA 1T u
bidirectional 2DPCA (Bi2DPCA) Aildum3ndAnunususiusau 2 fievng (waauazndn) uas
asalanumlalaeldisnisulandaduy (Linear Transformation) ¥inlwldnadnsfiauasd
L@DYININUINAINIBNTS 2DPCA
laenTEUINNIT19IUn15331luntinn 838013 Bi2DPCA i azuvamsvinau

aaﬂlfﬂu 2 NTTUIUNIHAN AD NITUVIUNITHNEDU LAZNIZTUIUAITNAABY FININ 17

Training Step

|
|
i |
: : |
— . - 2.Eigenvector 3.Image |
N 1. Bi-2DPCA| —— 3 LS
N I . Selection Bigenface Projection Feature Extracted l
Training Image . XU :
|

BB R FF 8 N s )\ = _ | A B _ AW WBWE &

i
—~—— 1] k |

= i
fon 3.Image 4 Euclidian :

i

[

Projection Feature Extracted Distance Output

AN 17 TUABUNTSIUYBIIZNNT Bi2DPCA dmsuniszantunti

=2
N3EUIUNIHNEDU
Yumaudl 1 NszUIUNIT Bi2DPCA lagnsuninyasunnilnasu ties1uduneuls Bi2DPCA

Aananslunn 18 WeannAnanvzianzvedluntveusiazyans

Mean Mean Row Dircetional i e
. C < “igenvalue;
Row Directional Row Direcrional Covarianes Matrix 18
- . p S Eigenvector
Zero-m mage | Covariance Matrix Cov ariance !\/mlm Extraction
M Caleulation
"
; s .
N Mean N Mean
Training Image Caleulation | g fingge | Subtraction
" |
) A Sets of Column Dircetional Mean Mean Cohamn Directional | o envatuer
i Celumn Directional Covariance Marrix Column Directional Covariance Marix s
Covariance Matrix Covariance Matrix S -
Zero-mean Image Caleulation Extraction

AN 18 A5n1sanalanunmastazaAllannuuesisnis Bi2DPCA
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1) ANSAILIMANRAY (Mean Calculation) @U1SOAINIUYULABIAUITANS 2DPCA
INAUN1TN 8 uaswaansnla Ao sUamAuade (I) denan 13 Tuunit 2 Wadedt 2.2.2
JUADUN 1 Vo7 1

o v

2) M3aUMIgAIRiY (Mean Subtraction) A A1sirdeyasuatnunauiugunin

Y Y

=

Aade () ausad1winlaannaunisyi 9 wasnaans Ao JUnMAUTIAIINALRRY (A;) A9
AN 14 Tuunil 2 ¥ten 2.2.2 Tunaui 1 1e9 2

3) NIALINININGAULUTUTIUIIM (Covariance Matrix Calculation) dagunm
AUs1AInAadY (A;) lUAUIURIUNSNGAMULUTUSTIUSIN 2 A9 (WDIWaThan)
aunsamuIdlanaun1sh 13 uag 14 luuni 2 %ven 2.2.3 Junauil 1 9e9 3

4) NTATUINANRAYUDNUUNTNGAIINULUTUTIUTIN (Mean Covariance Matrix
Calculation) Aip NMIUNYAVELLVINGAIUKUTUTINTINNG 2 FiAn1e IWAnumALafeves
WHa7ANIS @unsaAIuIlAINANN1TA 15 way 16 Tuunyl 2 tenl 2.2.3 Tunauil 1 4o
a U ea A | = a ¢ ' - ] =
7 4 Laznadnsy Ao ALRASYINNINTAMULUTUTIUTINYDILAT (P) WAz ALRAEYDIUN
SngANULUTUSIUTILVBINGN ()

5) nsanalatnunmesiazAlani (Eigenvector and Eigenvalue Extraction) Ag

) 1 = a 6 1 gj a o 1

N5UIANLRABTLUNINGAMULUTUTIUTINBING 2 Bianisluaurumlainunneos uas

Alanu @u1samuIlAINENNIST 17 wag 18 Tuuny 2 W9 2.2.3 Junaun 1 Ta% 5

1) o = o ¢ aaa a ° s a Y]
YUNDUN 2 n’maanmu’nu%ﬂlmnummai N?ﬁﬂ'ﬁLﬁ@ﬂ"\]’]U'luvL@LﬂumﬂLG]EJiLL"U‘UL@EJ'JWU

35n15109 2D°PCA AILEAIUUNT 2 PTo? 2.2.3 TUADUN 2

Yunaui 3 n1sareaw Audnlanuneg (M nnsatgamsunnilnaeu (1) fulewny

a3 ngldwmataniskuandadu (linear transform) A9aun1sA 20

I, =ITA, + LA, (20)

N3TUIUNISNAGDU
ddsuammaasy anduaviuguamanade () wdviin1sa180m (Image

Projection) LWULAEINUTURDUT 3 VBINTEUIUNISHAGDU

YUABUN 4 TISNITVINIUBUULAEINUITNT PCA AIWEAILLUNT 2 9909 2.2.1 TUNDUN 4
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2.2.5 msmaﬂ%gﬁeiawaewasam%aLé'uLLUUd'Nﬁ'mﬁ'nTmﬂaﬂﬁaﬁﬂlaLnu
Ja-Won Seo, et al. 2013 lﬁﬁwLauamimaﬂ%qﬁﬂaa‘uamaimL%ﬂLﬁuLLUU
faaminlagondeanlonu (Eigenvalue-weighted Linear Sum of Subspace Projections:
ELSSP) snUszgndliluiFeanisudasnmd (RGB) Wunmsgdudmununisldinaianism
Aady osannsldmaianismaedslunisuuasnmaidunmseduamdullannsa
assazdoausdulile wansdenm 19 (p) @2u38n15 ELSSP tudinssnuseazidonld

AININ 19 (V)

(n) () (m)

2 19 msudasnnailduninszauding

() Ana (¥) wlasiaeldinaiia ELSSP uas (A) wlaslaglfinaiinniswAade

2.2.6 MsAATIEReAUsEnaunan 2 §A damsuniszdntunthnieldnansenuain
NNTED9ENIVD LA
Kuntpong Woraratpanya, et al. 2015 lad@uen1sWaIu1I5n1s 2DPCA
ilouAnansznuIINNIIdesaitavesuatiuszuuslunti (2DPCA for Face Recognition
under Illumination Effects: 1-2DPCA) laglawaiun 2 d@u laun 1) wAlanisAiuisdunsndg
AALUSUTIUTY 2) auenunanisidenlenunneeduuulng ldlanadnsintudmsu
N135391018lANaNTENUIINNTADIAIIVBIEN
Tagnszuaunisvieunisdaluniiideisnig 1-20PCa i agutsnisvineu

aamﬂu 2 NTTUIUNIHAN AD NTTUIUNISHNEDU LAZNTTUIUAITNAGBY FININ 20
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Training Step

M

3.Image
Projection

2.Eigenvector
Selection

N —|1. -.2DPCA| ——

Training Image

Eigenface 3
= Feature Extracted

S I i B R R o E—  EE——————,

Testing Step

|

i |

|

3.Image 4.Euclidian :
|

|

Projection Feature Fxtracted Distance Output

AN 20 YUABUNTFNINUYBIITNNT -2DPCA drmunszantuntia

NITUIUNTHNGDU
Yumaudl 1 N52UUNIT 1-2DPCA Tagnistiinyasun1milnaeu iier1udumnewis -2DPCA
Aauandlunn 21 ieaiafudnvazanvvedunihveusazyana

e by
M M‘ ..
4 S ¥

) Covariance car rix ‘igenvalue/
N Mean Mean Value Mean N Covariance Matrix Eigenvalue/

‘Truining Image Caleulation| ey

Mean
Calculation Subtraction

Matrix Eigenvectors ——
Zero-mean Image Calculation Eixtraction

AN 21 A5nsanatanunmaskazAlanuYe9lIsns I-2DPCA

1) MsfunAeds (Mean Calculation) awnsafuwaiguiieaiu3snns 20PCA
NnaunsT 8 uazradwsild Ao suamdwade (D wuia M x N finwa fanw 13 Tuund
2 ¥rtedt 2.2.2 Suneudl 1 doft 1

2) n3fuINALRAY (Mean Value Calculation) As nstrguamaads (D 14

AUIUANLRAEDNATY wazkadnsSAle As Anadsmduday (Mean Value: €) Aan1n 22

Mean
N Calculation
Mean Image

Mean Value

AN 22 F7RE1INATNSVBINITATUINAILRREVRITINTT 1-2DPCA
3) N1saunIuAedy (Mean Subtraction) Az n1sdsuandwade (1) aufu
Aedendudian (&) Aaunsi 21 wazkadnslaizendt sunmfivsiranaade (A) fe

AN 23
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A=1I—c¢ (21)
M — Mean Value — M| __
S
N N
Mean Image Zero-mean Image

AN 23 ABEINAANSVBINITAUNANRALVDIITNS I-2DPCA

' [
[ [

FamsaumsaaasuuuivilildnasnEidaeuddutazuonanifisannaly
N1TAUIE

4) AIUALUNSNTAULUTUSIUSIU (Covariance Matrix Calculation) Aig A15UN
gilmwﬁﬂimmamm?ia ) Wewaumsndanuulsusausin @) awnsaduialaain
aumsi 10 suansluundl 2 Fadeit 2.2.2 Suneudl 1 T 4

5) nMsanalainunnes wagAloinu (Eigenvector and Eigenvalue Extraction) fie
MsuUnsngAuLUsUsIusnlumwImmlanunnmes wazatlanu aunsaaiuaula

NAUNISN 12 ALEASIUUNS 2 T8N 2.2.2 JumaUN 1 999 5

Junauil 2 n1staendruauveslatnutinines (Eigenvectors Selection) Ldanlainu
s 1 A U = o ~ A
NARMBSLUUY 1netdanaInda m 89 n 1nees A = {an, Gmat, Gmezs > Ay} WO M

& | fal Y v
WAL n ABYIVBIlBINUNNMBSNABTluN1Sas 19 laLnUWE
YUABUN 3 TITNITVINUBUULALINUITAT PCA AIWEASLUUNT 2 909 2.2.1 TURDUN 3

NITUIUNTNATDU
ddguammaasy nduauiugyaimanade () wdviin1sa180m (Image

Projection) LWULAEINUTURDUT 3 VBINTEUIUNISHAGDU
YUABUN 4 TIFNNTYINIUBUULAEINUITNTT PCA AaaIlLuny 2 9a9 2.2.1 Junaun 4

91NN15ANB1I5N1S PCA 2DPCA 2D?PCA Bi2DPCA Uag 1-2DPCA agiiiudn n35n1s
Tudsgavaudusalunisidnluni udliieadSnisiies Ae 38015 1-2DPCA NUszay
anudnsatunsiiilumihneldnansenuainnisdesainavediaauazanIa lun1sAIIn

va

dlof3delafiansaniBnng 1-22DPCA auiiuinnssuiunisvesisnisiiadnlonunaineuland
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Tuuwiindfsnssurunisimunduneunisuiuussisnis 20PCA FsaziFondn
Modified 2DPCA dmdunssarlumih (M-2DPCA) Fslsiduuneenidu 2 sUnuu leun

3.1 NSWALNIENNS M-2DPCA WUU# 1 (M1-2DPCA)

3.2 NMSWAILIENNS M-2DPCA WUUT 2 (M2-2DPCA)
§938n15 M-2DPCA wuuil 1 (M1-20PCA) Ihiauslununisussgaivinissesu
UIUIBIA 2019 -16" International Joint Conference on Computer Science and
Software Engineering (JCSSE2019) 1a g14%941 An Individual Local Mean-based 2DPCA
for Face Recognition under Illumination Effects ( Hancherngchai, Titijaroonroj, &
Rungrattanaubol, 2019)

wa¥38N1S M-2DPCA wuu#t 2 (M2-2DPCA) létiiauslununisyseyadnnissesu
UIUIYIA 2020 - 127 International Conference on Knowledge and Smart Technology
(KST°2020) 1 gldd 01 Regional Covariance Matrix-Based Two-Dimensional PCA for
Face Recognition (Hancherngchai, Titijaroonroj, & Rungrattanaubol, 2020)

NSYUIUNITTNNIUVDIIONIS M-2DPCA ‘U‘i%ﬂ@‘UGg{’JEJ 2 ASYUIUNTS AB NTTUIUNTS

NITUIUNTHNADU LAZNTTUIUNITNAGOU LARIRININ 24
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AN 24 YUABUNITINNIUYBITTNIT M-2DPCA dmsunisizantunti

va o

AIdglayaiulunnisfinyinazsiusiudeyaannenaisiazauileiiieites e
WAw38n15 M-2DPCA Titiusednsnmunnau Tneyaiulunnisiauimianuduiusves

a s 1
WININBANUBUTUTIUTIL

3.1 NMSWAILNISN1S M-2DPCA wuu#i 1 (M1-2DPCA)

'
v

NMIANYINUITeNNLIToINUINTENS 2DPCA wuunafsgniauieanaily

v Y]

nsAuIkazgaiulungudeyanilunldduasaunieites 1ieu1idn1s 20PCA wuy

U

AufNmMaaeiugIudeyaniikatnfgte sl e saudludyninansenuain

'
' a

n1sdesainaveuadld leasngunmaadeiigeguineilidarunsafiidnuaiazianves

sunmildnnguam uansdsnin 25 (v) #33833lavinn1siwu1Isn1s M-2DPCA wuuit 1 (M1-
2DPCA) tivaudlatdymillasianiy wansienin 25 (A) lngerdunulfniiin “arauisannty
Jaymmansenuanmsdesainsvessadtundazsunmls agvilvldlaswesuninluusas

sUnmATaRuIY wazansaiintunthlasgediused@nsamunniu’ nszuiunsvinenuges

7815 M1-2DPCA dwumsidnlunthiiaadl
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AN 25 AregregunmnnusiAaInALagY

(n) guawidn () 35N15 2DPCA uuuAaLAs (A) 35115 M1-2DPCA

nsTUIUNSHNGRU
Yumauil 1 39N M-2DPCA wuud 1 dwdrgunminaey 3niuldisn1s M1-2DPCA fd

A 26 WeainAuanvauzianzvedlunivesiasyAna

P
M{ \" p
’ 7 s ) Mean Mean
(] Covariance ¢ variune

Mean I Mean Matrix ova atrix Covariance

Eigenvalue/

E
Matrix
Extraction

Calculation Subtraction| 7o mean lmage Calculation . ;
Calculation

Mean Image

AN 26 A5n15aNAlaNULINABSLALA1laINUVBIISN1S M-2DPCA wuuf 1

v

1) nsewmanaie Tnengunmdndideadunimseaudinn 8935015 20PCA wuy

SDee

wduthulddunanaislneldsunmiomn faun1sit 8 Tufaded 2.2.2 uaskadwild
WERIAININ 27 (N) LLGiﬂ’]iﬁ’]u%ilJLLUU‘l'ﬂﬁﬂ’m’]iﬂLLf’ﬂ,“U{]QjM’]Naﬂizwvﬁ]’mﬂ’]iﬁﬁ)ﬂﬁjﬂﬂ‘ﬂ@ﬁ
wadld 1esangunmanadeiosguifeliannsaidauamaziavosguamlanagunm
{Ade3léiamnisnng M1-20PCA Aifinsiuaredsniglugunmusarsy Foninnsm
AadsiuawEiu (ndividual Local Mean) Liteliiigunmeanadevesgunmiulngiams
anansadmnald :naunsi 22 wasnadnsild Ao sUnmvssAadEveIusazsUAM Wie

Sendn gunwAade () wansdsnin 27 ()
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AN 27 ADEINAANSVDINITATUIUAILRAEY

(n) 25015 2DPCA wuunahy (¥) 35015 M1-2DPCA
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2) nsaumeAnade fe nisiiguamEnasy () wiazgunmanaufiu U mves

ALadevetiaarunn (I) Faun1si 23 Wagaans Ae JUANAYTIAINALREY (A;) A
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M
N N N
Training Image Mean Image Zero-mean Image
(n)

N
Training Image Mean Image Zero-mean Image
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AN 28 AIBEINAANSVDINITAUAILALRAY

(n) 95015 2DPCA uunahiy (9) 35015 M1-2DPCA

Fenrswiumaiadsuuuiamgiulunidviliaunsoausanasenainguamla

[

Y o A a v v oA v A
LazUBNIINAVLANMIBENINFUNINLEIEaULedoanaINFUNNENeIY HadwslaIeu
\aileun13AudY (edge) 98n1NFUNN 130 IdolaN1ElATINT

WeFeuigusun niusmanaLeie ¥8935n15 2DPCA KUUALALLAZISNNT M-
2DPCA LuUl 1 aziiudngunmiiusaanaedevesisnis 2DPCA LUUABANTUAINITO
o w ! ! 3 v ! a = a 1
dnuaILaziIeanNA LAYl HesingunmAadeiiesgUuiedldanse

Mdauauazivesgunmlanngunin Tuvaeiisnis M-2DPCA wuu?l 1 duaunsamnla

uwdeliivdlasaaduntiinsziisuandnadevesgunmiulagianiz

Y a

& ' X naa ° = v aa o al' o
YUADUNDINNULIDTNITNINULLUULAYINUITNT 2DPCA WQLL?{@IQIU‘UWW 2 KIUBDN

= Y a

2.2.2 TURDUN 1 U9 3 D9 Va7
YUABUN 2 TATNNTYINULUULALINUITNS PCA SIWaAStU UNT 2 999 2.2.1 TURDUN 2
YUABUN 3 TITNITYINUBUULALINUITNT PCA AIWaAILUY UNT 2 93909 2.2.1 TURDUN 3

NSTUIUNTNAGDU
ddsuammaasy antduaviuguamanade () wdviin15a180m (Image

Projection) LWULAEINUTURDUN 3 VBINTEUIUNISHAEDY
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JUABUN 4 TAFNNSYNNURUULREINUATANT PCA Aakandly Uni 2 %999 2.2.1 Junaui 4

3.2 MSWALIAZAS M-2DPCA WUl 2 (M2-2DPCA)

Fiduleianunisnng M-2DPCA wuufl 2 (M2-2DPCA) dmiunisiiluvih ieney
Tandinannuansiianmiluwas s luflygmuessanssnuannisdesainaesias Taed
WnAnd “danunsaduamenuduiusirlusmindaauususiusuld asillgleny
wadid wazidloldlonumland nadwsildfaziuszansamiiAwuiu’ fegradu 1803
PCA m1audunussenineguamluguuuuiinaes denin 29 () 38015 2DPCA w1
Auduiusaglugunmuuufianiasey (WaIvsendn) danm 29 (¥) 3813 2D°PCA uag
78113 Bi2DPCA Amimudunusangluguninguieaiuiznis 2DPCA ualdruagm
Armduius 2 afe uon wasndn Tadentinmamanuduiusuu 2 fievmg duitnng M-
2DPCA WUVl 2 t@uon1smaanuduiug 2 fisvneiaun wagndnlasdiuinidios 1 ads

LAAIAININ 29 (A)

(n) (v)

AN 29 ABEIINISUIAUSUNUS

(m)

(") 33015 PCA (¥) 53015 2DPCA uag (A) 35015 M-2DPCA uuufi 2

nITuUIUNsHnEau
Yunaud 1 35015 M-2DPCA wuuf 2 dudrgunmtlnasuainiuldisnis M2-2DPCA A

A 30 LileannAuanvazanizvasluninvaiazyunna

M X ma
’ a ’. ’ a
s = s 2

s T Representation of Mean N
- Mean X M W Regional T Covariance | Covariance Matix F1SSP | Covuranee Mg | Eigenvlue!
can . pLENE .
Mairix Matrix .
Calculation |  Regional Mateix | Caleulation Conversion

Caleulation| ., tmage | SUDIACHON| 7 e tonage

o
Extraction

A1 30 A5nN15aNAlanuULINNBsLaTA1 BN UVBIIS NS M-2DPCA wWuuh 2
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1) NMSANUIUALRRY @NUITOAIUIUIULALINUITNNS 2DPCA 91NENUNIT 8 WAy

wadnsnlagunmanade (1) A 13 Tuunit 2 wded 2.2.2 Yuneuil 1 el 1

o ¥

2) MsavusieAeds As nmsthdeyagunmunaviusuaimaade (1) a1wnsa
Aualldainaunis 9 uazsadwsi Ae suamAuTmInALRdy (A, fanw 14 Tuuwdi 2
shdefl 2.2.2 Sumeudl 1 4ol 2

3) NMIAUINILNINGsEAUIA1A (Regional Matrix Calculation) ABn1shUas

sUamAUTIEInANRde (A;) wiazdundslusuamlvegluglvedinaes danim 31
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AN 31 MIAUIMLMENGSEAUNINIA

NFUNN 31 Avualyt p AEINTBIFUAIMIWIN m X n Uag k fiD I1UIUVDIEIY
VBIFUN NN
4) A1SATUIMLUNINGAIULUSUSIUSIN (Covariance Matrix Calculation) @@

6

wnIndszauniinie (A;) W1n mn X k WAILINNIINSNAMLLU TUTIUTINTEINNTE
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Aunaldfsaunsn 10 waswadnsild Ao yaveasvEndanuuususausi ;) fauandly
Nt 2 Fateft 2.2.2 dumeuit 1 Fofi 4

5) NTUIRILNUVDUUNINGAINLUTUSIUsSIuIneldinada ELSSP (ELSSP
Conversion: Yyep) wnun1stdmaiianisuiAnaie (Seo & Kim, 2013) ilosarnnadia

Ya v =€

Anadglueaviliiinnsaydedoyauisdiunddgld dwugidedvauanisldinaila

Y

FLSSP wnun1skinatanISiAaa g wUUA%AL A9nIn 32 Nskinatia ELSSP Usenaunig

7 TUNDUAIL

A Set of Mean Mean
Covariance Matrix Covarnaiee Covariance Matrix
Matrix
Calculation
A Set of Representation of
Covariance Matrix ELSSP Covariance Matrix
Conversion

AN 32 EUANIS5 IEWmATIA ELSSP wnun1s ldmaian1suiaaag

(%
(Y

Junouil 1 wlanunindanuuususiugay (zpl-)iﬁagiugﬂLLUUﬁuaﬂLmema%M‘%a
Fondn nnwesAUWUTUTILNTIN (1) Fuandluded 2.2.1

Funauil 2 MuramAady (9) nnnmesAuLUsUsIusI 9 naunisi 1 &
wansluded 2.2.1

Funouil 3 mMsausieALade (,) dnmesanunUsusiusiuusasfautuaade
nwes 9naun1si 2 fuaaduiidedl 2.2.1 nadnsfildiendn wavewinmesaiy

wUSUSIUTWNYSIAINNALRAE (Zero-mean covariance vectors: V) saaunisi

V - [171,172,ﬁ3,"',ﬁ5] (24)

(%
Y

d' o a 6 1 6
FUADUN 4 ATUINUNTNTAMULUTUTIUSIN (PpLgsp) VOILERVDIUINIADTAIY
WUSUSIUTIUNUISIARNNANLRAY 9INAUNIST 3 haE 4 AILaAAIlUUNT 2 W99 2.2.1 Tunau

fia
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Tunauil 5 MIaNnLONUINADT (Agssp) HazAlolnU (Ugissp) @10130A U106
PNAUNITN 5 Auansluuny 2 wde 2.2.1 Tuneud 5

Tupauil 6 afaguninnnmes (X) anlanunnees wagaloinu fsaun1si 25
— T 7T
X = Ugrssp X (AgLssp X V") (25)
sUnmInmes (X) ansadeulansaunisin 26

X= [fl,fz,fg,'”,xs] (26)

TUABUN 7 ATLINVITIUNUTDLUNINGANUUUTUTIUTI (Prep) IRBNITUTUVUN

w93 X 970 kk x 118U k x k flsaunissi 27

lprep = fresize(X) (27)

6. Msanalatnuinees wazA1lalnu (Eigenvector and Eigenvalue Extraction) A®
N151NALRAYVBUUNINGANMUBUTUTIUTIWLUAINM LN UINADS wazAlawny FeaunIs
728

AV = Vipre, (28)

YUABUN 2 TITNNTVINUBUULABINUITNT PCA Aauandly Uni 2 W39e9 2.2.1 Tunaun 2
YUABUN 3 TITNITYINUBUULALINUITNIT PCA AIWEASLUL UNT 2 93909 2.2.1 TURDUN 3

N3TUIUNITNAGDU
ddsuammaasy anduaviuguamanade () wdviin15a180m (Image

Projection) LWULAEINUTURDUT 3 VBINTEUIUNISHAGDU

YUABUN 4 TATNITYINIUBUULAEINUITNT PCA AIaAILUL UNT 2 93909 2.2.1 TUnaUA 4
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3.3 1599 I UIUIRY

AIelavimsinusgansam laeldisnsawinmamaugnees fsaun1si 29

Nc
Accuracy rate = Ni x 100 (29)

a

5o Ne Ao Srunugunmindsnldgnies
Nt fe dugunmiignynaey
wazvhn1snaaaulagld 10-fold cross validation iiiendnidsstiam overfitting lne
EUﬂ’]W‘ﬁx‘i‘MM@ﬁ]%QmjﬂJLL“lJlx‘iﬂEjm;lgﬂﬂim 10 ngy 9 naudwSunszuIuNsHnaeY war 1 ngy
dwiunszuiunimeaeu tngusralanad ulusunsy MATLAB R2018a v191uUL MSI

Intel(R) Core(TM) i7-8750H 2.20 GH &z RAM 8 GB
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TuanAdelanuuisnis M-2DPCA dwmsunisiinlunii uuseendu 3 widedsil

a a o

4.1 MyInUsEansnnvesanulIulanuNmes AT

a a |4

4.2 MsinUsednSnmueinisianlunin

4.3 myinusgansamvesnanilalunisuseuiana

4.1 Msinuszansnnvesduulanunmasn ity

SruaulainunnmesifunislunsiiinesndfyNdwanoUssansA1maeeni1ssan

Y
Tunth lagly PCA auwsazgudeyadsingfinssunisidlanunnmesimvagauunnsiaiu

WoazduIulenuINABITIMNNTYaAaEE uTeYaRIT8T9dnIN1INaaes Tneusy
ANNISIRLADSVBY I8N M-2DPCA WUUN 1 (M1-2DPCA) M-2DPCA WUUN 2 (M2-2DPCA)
35015 2DPCA huundAn 35015 2D*PCA 35115 Bi2DPCA way 35015 I-2DPCA
~ ~ ° ¢ Yo a a Yo B o

nsilSeumsuiulemnunnnesnldiulseansnmveanisianluni wansdanin

33-35 lagidendrwaulonuiannesén 1 feiai p, 4 = {ay, az, -+, ap}, 10 p Aoduu
v % ~ oy A A

Yaslanunnwasnaesltlunisaseloinuna way A Ao Wwevadlonunnwasiaen lnefnan
p NwazauazgniasuIIINNITaaeslagisuandenlenuInmesiin 1 3niuay

aa

#1TUAIANUYNABILAZINAY p Viag 1 gavingdzidenal p NilAANNNABITIan
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The ORL Face Database
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7N 33 p5uEAnIAIANgNARIYaLLAaE AN slaSsuWsURuTwlanuan iy
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gm‘ifaga The ORL Face Database

Yale Face Database
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Number of eigenvector
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7N 34 n5uARIAIANNgNARIYRNIARE AN saSsuBURuTwUlanuan iy

§7uaya Yale Face Database
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Yale Face Database B+

100
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~ 80 -4\
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[
> 950
&
= 40 ——2DPCA
3 30 —1-2DPCA
< ——Bi2DPCA
0 2D PCA
M1-2DPCA
0 —M2-2DPCA
1 5 10 25 50 IE) oy

Number of eigenvector

7N 35 n3uAnIAIANgNARIYaLLAa AN slaSsuWsuRuTwlanuan iy

gm%’aga Yale Face Database B+

a1 33-35 Taefian 33 dmsugiudeya ORL Face n 34 dwsugiudoya
Yale Face Database 11w 35 dmsugnudeya Yale Face Database B+ aziiuinnsidenld
lownunnesuszanal 1-25 ¢ szdmalirianugniosdiammivasuudasdoudnan us
Fodenldlemnunnimesuszana 50-100 §1 ArrnugnsesiimiuAsuuUasreuinsios

Y o

?famiwé"aLL‘LJam'ﬂmmgﬂﬁaww'm%u%%aamaaﬁsﬁuagﬂumsmmumammg%%mi
wszaztuiionuiauewinfisntesn 4 Bnsininmadenlonunneesiilidinim
gﬂﬁaqqqﬁqmmwiaﬁ%mi
mamsmaamwﬁflmuial,ﬂurmma%ﬁmmzamaun&iazgm%wﬂa LEAIAINITIG 3
Laznan1INnansiauszansnmasssiuaulonuannes WMHIgauveAazgIulaYa
WIguiguiuaInugnaes wanewianisne 4 lagldisns M-2DPCA Wuufl 1 (M1-2DPCA)
33A13 M-2DPCA LUUT 2 (M2-2DPCA) 33015 2DPCA wuuRaLiy 33015 2D2PCA 335

Bi2DPCA uag 35117 1-2DPCA
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M1314 2 uanINaNIINAaRsYasIIulanuUNn SNz Iiasgudaya

Number of eigenvectors

Method
ORL Face Yale Face Yale Face B+ Averagex S.D.

2DPCA 5 25 75 35 + 36.06

2D%PCA 5 50 100 52 + 4752

Bi2zDPCA 10 25 75 37 + 34.03

I-2DPCA 5 50 5 20 + 25.98
M1-2DPCA 1 1 75 26 +42.72
M2-2DPCA 105 25 50 60 + 40.93

) v

9911135015 M1-2DPCA Tddruauleinunnnesieefignlugiudeyaves ORL
Face uaz Yale Face 1¥loinunninesdiuiu 1 @1 luwug@iisnis 1-20PCA Tduauleiny
nnwesteeianlugiuteya Yale Face B+ Ifloinuninineddmau 5 i waziilofinnsan
AMTINTBIN 3 JrudoyatsiuitiBnig M1-2DPCA uagdinns M2-2DPCA Huiidoridnly
msdonldduauleinuinniaes 3813 M1-20PCA T uuletnunnmesuszanal 26 f B
1NNI138M15 1-2DPCA Aflnmsanmsidenidleinunninesiianusanm 6 f1 uagisnng
M2-2DPCA T d1unulainunnmesuszana 60 #1 Fereudreunnnindsnisdug Tuvmed
13 1-20PCA T uulawnunnwefrsudstiosuasiidamuysusiuios flan Uszanm
25.98 1099103815 1-2DPCA Juiinsidensuaulewnunnmesifugag o vildiinasld

v | aa « o sy w A = o Ay
IaLﬂUL'ﬂﬂL@@iu@ﬂﬂ?qjﬁﬂqiau 9 ‘I/lL@EJﬂlEJLﬂUL’JﬂLGlEJiNWJ‘I/I 1 29TUIUNNDINTT
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M1314 3 uARINANTIINARRsYRsIUNlanuUNSTIMUNzaNYaIAasgudaYa

wWisuiigufiuAnugnfAas

Number of eigenvectors (Accuracy rate (%))

Method
ORL Face Yale Face Yale Face B+ Averaget S.D.

2DPCA 5.00 (97.50)  25.00(84.82)  75.00 (84.43)  35.00 (88.92) £ 36.06

2D°PCA 5.00 (97.75)  50.00 (85.44) 100.00 (84.43) 51.67 (89.21) + 47.52

Bi2DPCA 10.00 (97.25)  25.00 (85.44)  75.00 (84.43)  36.67 (89.04) + 34.03

I-2DPCA 5.00 (97.50)  50.00 (84.82)  5.00 (85.35)  20.00 (89.22) + 25.98

M1-2DPCA 1.00 (60.25) 1.00 (50.37)  75.00 (89.03)  25.67 (66.55) + 42.72

M2-2DPCA  105.00 (97.00) 25.00 (86.56)  50.00 (86.62)  60.00 (90.06) £ 40.93

1NA578 4 Msfeuiisusaulemnunnnesilifuustavsnmesnisdiilunii
suiiuinlugudaya ORL Face uazgudaya Yale face 35015 M1-2DPCA Tdlownuianines
s 1 6 Felddwauleinunnnesifosiign uazAanugnaesiiosiagnituiu duguteya
ORL Face B+ 3msildduauleinunininesiiosiian de 35013 1-2DPCA Tdduauloiny
nnwes 5 i Wiraugnaesseua 85.35%

vnfimnsan Tugnudeya ORL Face SBmsfilddwaulainunnnestesfigniaisnis

M1-2DPCA §i9us9135n15 M1-2DPCA aglginuiulanuiinmesiasnaaudiusednsning

Y A

Wosanuiu Turaeisn1s 2PCA 2D’PCA waz I-2DPCA ldiuiulainwanimasuinnid

saa 1

78n15 M1-2DPCA 4 fualanadnsnandi wagdsnsnldduiuleinuinmesiuiniigase

78M15 M2-2DPCA UAA1ANgNABIIAsgennINIGENIS M1-2DPCA Aldiuiuleanuninines

(%) [y v

Wegiign luvuenflrfudugiuteya Yale Face 35015 M1-2DPCA agldd1udulainy

o9 Y
vy A 1 a a v - ) ' o ao Y
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Abstraci—Principal component analysis (PCA) is a classical
technique in pattern recognition and computer vision. It is
one of the most successful techniques for face recognition. The
PCA consists of two main steps including (I) covariance matrix
calculation and (11} eigenvector and eigenvalue extraction. In case
of face recognition, the input image is converted to the vector
form before forwarding to covariance matrix computation. Then,
the matrix is used to extract the eigenvector and eigenvalue.
Two-dimensional PCA (2DPCA) is introduced to reduce high-
dimensional problems. The illumination effect problems in the
face recognition is still needed to be resolved. In order to improve
and solve the problems, this paper proposes an individual local
mean-based 2DPCA (ILM-2DIPCA), which replaces a single local
mean in 2DPCA method. The individual local mean can provide
more appropriate mean to each image, which can reduce the
illumination effect effectively. The experimental study is set up
on dataset Yale face database B+, The results indicate that the
proposed method outperforms, based on the accuracy rate, all
the baseline methods which are 2DPCA, I-2DPCA, Bi2DPCA
and 2D?PCA.

Keywords—Individual local mean; principal componeni analysis
(PCA); Two-dimensional PCA (2DPCA); face recognition; ilfumi-
nafion effects

I. INTRODUCTION

Principal component analysis (PCA) is one of the most
powerful method used in Image processing and pattern recog-
nition applications to perform a specific task such as di-
mensionality reduction, image compression, and especially
face recognition [1], [2]. The PCA method consists of two
main steps—(I) computing covariance matrix and (II) extracting
eigenvector and eigenvalue. In the first step, the covariance
matrix is calculated from the data zero mean which is com-
puted by the subtraction between input data and mean. In the
second step, a set of eigenvectors and eigenvalues are extracted
by using the covariance matrix based on linear transformation.
The eigenvectors are sorted in descending order with respect
to their corresponding eigenvalues. In case of face recognition,
the eigenvectors selected from 1°° to n'™ order are used to
create the eigenface feature using the projection technique.

Afterwards, a two-dimensional principal component analy-
sis (2DPCA) demonstrated in 2004 by Yang et al. [3] was mod-
ified from the original PCA in computing covariance matrix
step by using the input image (matrix) instead of a vector from
to reduce computational cost. In 2015, Woraratpanya et al.
presented the modification of two-dimensional principal com-
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ponent analysis (I-2DPCA) [4] for face recognition under illu-
mination effects which is extended from the 2DPCA method in
two main points including (I) modifying the covariance matrix
computation and (II) selecting the set of the eigenvectors
for eigenface construction. Although these extended 2DPCA
methods are quite successful, they still extract the eigenvector
and eigenvalue in a single direction (either row or column)
from the covariance matrix. In 2005 and 2008, two-directional
two-dimensional PCA (2D?PCA) [5] and bi-directional two-
dimensional PCA (Bi2DCA) [6] were proposed by Zhang et
al. and Kim et al, respectively, to extract a set of eigenvectors
and eigenvalues in both column and row directions from the
covariance matrix as a so-called column and row eigenvectors.
These two methods are different in constructing eigenface step
from the column and row eigenvectors. The Bi2DPCA uses
a linear transformation to construct the eigenface while the
2D?PCA employs the projection technique.

As mentioned above, although these methods are successful
in face recognition, in case of illumination effects, they are
still needed to get improved on the performance of the input
image as explained in [4]. In order to solve this problem, this
paper proposes an individual local mean-based 2DPCA for face
recognition, under illumination conditions. The main contribu-
tion to achieve this problem stems from the modification of
the mean calculation in the covariance matrix computation by
using the individual local mean image.

The rest of this paper includes four main sections. Problem
formulation is described in section Il Proposed method is
explained in section I1I. Experimental result and discussion are
demonstrated in section IV. Finally, conclusion is presented in
section V.

II. PROBLEM FORMULATION

This section aims to explain the illumination condition
problems on the face recognition when 2DPCA method ap-
plying.

In 2004, the 2DPCA was presented by Yang et al. to
extract the eigenface, which is constructed from a set of
eigenvector, for face recognition. The eigenvector and eigen-
value are obtained based on the variance between the pixels
arranged in row or column image that can be extracted from
the covariance matrix. If the variance extracted from the
covariance matrix is inaccurate. the eigenvector and eigenvalue
are also inaccurate. The covariance matrix is computed from
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the subtraction between an input image with a mean image.
In other words, the mean image directly affects the accuracy
of the covariance matrix. As shown in Fig. 1, the zero-
mean image under illumination effects cannot clearly represent
the structure of the image as illustrated in the first three
zero-mean images obtained by using 2DPCA, [-2DPCA and
BiD2DPCA methods as displayed in Fig.1(c). In 2002 and
2004, Wang et al. explained that the mean value of the image
can be represented as an illumination component whereas the
variance value of the image denoted the contrast and structure
components as explained in [7], [8]. Therefore, in case of
the illumination effect on face recognition, this effect is often
located in the mean image. It means that the covariance matrix
is inaccurate, if it is calculated from unactual zero-mean image
since it cannot completely remove the illumination effect from
the input image to obtain the actual variance.

A workflow of the covariance matrix construction step of
the 2DPCA, 1-2DPCA, 2D*PCA and Bi2DPCA methods is
depicted as shown in Fig. 2(a-c). In the 2DPCA method, the
zero-mean image is constructed from subtraction the input
image with a single mean image. This is applied in 2D?PCA
and Bi2ZDPCA methods while the zero-mean image of I-
2DPCA method is defined from the mean image and mean
value. From the study, we found that constructing zero-mean
image using a single mean image cannot effectively remove
the illumination effect for face recognition since one single
mean image is not appropriately applied for all input images.

In order to solve this problem, an individual local mean
image is proposed. It is employed here to generate the appro-
priate mean image for each individual image. Hence. it can
reduce the illumination effect on each input image.

III. PrROPOSED METHOD

The method proposed here can be divided into two stages.
The first stage is involved with applying an individual local
mean instead of a single mean and the second stage explains
how to apply this idea to face recognition.

A. An individual local mean-based 2DPCA method

Individual local mean-based 2DPCA  method (ILM-
2DPCA) is proposed to solve the illumination effects for
face recognition in which its workflow is presented in Fig.
2(d). This proposed method is extended from the 2DPCA by
replacing the single mean image to the individual local mean
image. [LM-2DPCA consists of two main steps as follows.

1) Computing covariance matrix: A training image I; with
resolution M x N is employed to compute an individual local
mean image by using Eq. (1).

1 m+u Tt
I;i(m,n) “@uriZ Z z Ii(u,v) (n
u=m—uw vr=n—w
where T; is an individual local mean image of the training
image [; and w is a window size. There is an individual local
mean image for each training image.

Each individual local mean images is used to calculate the
zero-mean image A; by subtracting I'; from training image I;
as defined in Eq. (2).

Ag‘ = Ig' — I.g (2)
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Fig. 1: The comparison of mean image and zero-mean im-
age computed by using 2DPCA, I-2DPCA, Bi2DPCA, ILM-
2DPCA methods, respectively: (a) an original image, (b) mean
image and (c) zero-mean image.

After that, the zero-mean image is employed to generate its
covariance matrix W; by using Eq. (3).

M

__ 1t AT
V=5 m; AsA] (3)

where T 1s a transpose operator. The equations (1) to (3) are
applied to all training images to obtain the set of the covariance
matrix. The mean of the covariance matrix W is calculated from

Eq. ().

1 bt
U(m,n) = EZ‘Di{m,R) (4)
a=1

where S is a number of the training images.

2) Extracting eigenvector and eigenvalue: The set of eigen-
vector and eigenvalue are extracted from the mean of the
covariance matrix as defined in Eq. (5).

AV =V (5)

where V' is the eigenvector with sizes M x M and A is the
eigenvalue with sizes M = M.

B. ILM-2DPCA for face recognition

ILM-2DPCA method for face recognition includes two
main steps—(1) eigenface construction and (2) face classifica-
tion.
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Fig. 2: The covariance matrix construction step for face recognition based on: (a) 2DPCA, (b) I-2DPCA, (c) 2D?PCA-and-

Bi2DPCA and (d) ILM-2DPCA methods

1) Eigenface Construction: An eigenface T; is computed
from the set of the eigenvector, V = [v1, v2, U3, ..., vag], with
the input image by using the projection technique in Eq. (6).

T, =ILv 6)

where v is the selected first K eigenvectors as shown in Eq.
.

v = [v1,02, 3, ..0K] )

2) Face Classification: An euclidean distance, which is a
simple and useful method, is employed to classify a testing
image into the correct group. The distance between two
eigenfaces is computed by using Eq. (8).

K
D _(Ya(k) = L5 (k))? ®)
k=1
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where T; and T; are the eigenface of the image i and j,
respectively.

IV. EXPERIMENTAL RESULT AND DISCUSSION

This section aims to compare the performance of the
proposed method with the selected baseline methods. The
experimental preparation will be described, then followed by
the results and discussions.

A. Experimental Preparation

In order to evaluate the performance of the proposed
method by comparison with the baseline methods, the baseline
methods selected here are 2DPCA [3], I-2DPCA [4], 2D?PCA
[5] and Bi2DPCA [6] methods. The extended Yale face
database B+ [9], which is a common standard dataset for face
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Fig. 3: A plotted graph of the average accuracy rate and the
number of eigenvector used.

TABLE L The average and standard deviation of the 2DPCA,
I-2DPCA, Bi2DPCA, 2D*PCA and ILM-2DPCA methods.

Methods Mean A
IDFCA B443 1228
I-2DPCA B335 11.92
BiDPCA B443 1228
IDEPCA B443 1228
ILM-2ZDPCA §0.03 9.67

recognition, is used for the experiment. This dataset includes
2,280 images with resolution 168 x 192 which are the image of
38 human faces with 60 different illumination conditions (Le.
38 x 60 = 2,280). Moreover, k-fold cross validation, which
is a technique to separate all images to k groups to avoid an
overfitting problem, is used. In this experiment, k is set to 10.
To evaluate the efficiency in each method, an accuracy rate
{Acc), which is a standard measurement, is defined in Eq. (9).

N, ¢
Ace = —= % 100 Q)]
Nistal
where N et and Ny, are the number of the correct
recognition and total images, respectively. Ace is an accuracy
rate.

B. Results and Discussions

Based on k-fold cross validation, Fig. 3 graphically depicts
the relation between the average accuracy rate and the number
of eigenvectors used of the proposed method and the baseline
methods. It shows that the tendency of the accuracy rate
increases when the number of eigenvectors used increases.
The performance of all methods is nearly stable after the first
twenty-five eigenvectors used. The accuracy rate line of the
ILM-2DPCA method is higher than all baseline methods when
the number of eigenvectors is larger than 10.

Table 1 displays the average and standard deviation of
accuracy rate on the best performance of each method, in
which the best performance is obtained from the different
number of eigenvector used. The number of the eigenvector
used in 2DPCA, I-2DPCA, Bi2DPCA, 2D;PCA and ILM-
2DPCA are 75, 5, 150, 200 and 75 respectively. Based on
the figures in Table I, our proposed method performs best at
the average accuracy rate of 89.03. Moreover. the standard
deviation of the accuracy rate obtained from the proposed
method is lower than that of 2DPCA |, I-2DPCA, Bi2DPCA
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Fig. 4 The result of the face recognition under illumination

effect by using 2DPCA , [-22DPCA, Bi2DPCA, 2D2PCA and
[LM-2DPCA methods, respectively.

and 2D*PCA. It means that the ILM-2DPCA is a robust
and stable method for face recognition under illumination
conditions. In 2DPCA, Bi2DPCA and 2D?PCA methods, they
obtain the identical zero-mean image which is used to calculate
the covariance matrix, thus making its result to be similar
when applying to the eigenface computation as shown in
Table 1. The performance of the proposed method is better
than that of the baseline methods since it can calculate more
accurate covariance matrix than the others by subtracting the
actual mean image from the given image. This can reduce the
illumination effect from the eigenface. The example results of
the proposed and the baseline methods are shown in Fig. 4.

V. CONCLUSION

In this paper, the individual local mean-based 2DPCA
method as a so-called ILM-2DPCA method is proposed to
reduce the effect from the illumination conditions for face
recognition. As a result, when proposed method is evaluated
with the extended Yale face database B+, the experimental
results show that the proposed method outperforms all the
baseline methods including the 2DPCA, 1-2DPCA, Bi2DPCA
and 2D*PCA methods in terms of the accuracy rate. The
achievement of the ILM-2DPCA method comes from replacing
individual local mean image to the single mean image in the
covariance matrix construction step of the 2DPCA method.
This leads to obtain the eigenface are less affected by the
illumination conditions.
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Abstract—Two-dimensional  principal component analysis
(2DPCA) is widely used in many applications, especially, face
recognition. A key factor to improve the performance of the
2DPCA method comes from the efficiency of the covariance
matrix. This paper believes that the effective eigenvector can be
extracted when the effective covariance matrix is given. Therefore,
the computing covariance matrix is a focus point in this paper.
The set of the covariance matrix in the 2DPCA and its extensions
is usually represented with a single directional correlation, which
is then used to obtain a mean covariance matrix by using
the average technigue. This canses in obtaining the ineffective
eigenvector since the covariance matrix is ineffective. In order
to obtain the effective eigenvector, a regional covariance matrix-
based on 2DPCA method (RCM-2DPCA) is proposed here. The
contribution of this paper consists of two main parts including
(i) regional matrix calculation for computing the two directional
correlations and (i) ELSSP conversion for extracting the effective
representation of the covariance matrix. The experimental results
show that the performance of the proposed method is higher than
the haseline methods including 2DPCA, 1-2DPCA. Bi2DPCA,
2DIPCA and ILM-ZDPCA methods on a basis of three well-
known datasets—ORL Face, Yale Face, and Yale Face extended
B+ datasets.

Keywords—regional matrix; ELSSP conversion; principal com-
ponent analysis; Two-dimensional PCA (2DPCA); face recognition

I. INTRODUCTION

Principal component analysis (PCA) is one of the most
popular methods for face recognition. Moreover, PCA has been
applied and widely used in many applications such as data
compression [1], color transform [2] and image recognition
[3]. [4]. This paper focuses on applying and improving the
PCA method on face recognition. The conventional PCA
method for face recognition usually consists of two main steps
(i) extracting eigenvector-and-eigenvalue from a covariance
matrix which represents the correlation between each facial
image as so-called an external correlation and (ii) constructing
eigenface feature from a set of first k eigenvectors. Afterward,
the PCA method is extended to support two dimentional data
such as Yang and his colleague proposed the two-dimensional
principal component analysis (2DPCA) for face recognition
[5]). The 2DPCA method computes the covariance matrix from
a single image by extracting the correlation between row or
between column pixels, only in one direction. We can consider
that the covariance matrix of the 2DPCA method representing
an internal correlation. Then to obtain the correlation for all

978-1-7281-4466-520/53 1.00 (T2020 IEEE

siven images, 2DPCA uses the average method to approximate
the correlation between the given images from all covariance
matrices, thus making some losses on correlation values. This
is also because the correlation in its covariance matrix is a
single direction (row-based or column-based) as reported in
[6]. [7]. In addition, some researches proposed a way to extract
the correlation in both directions (both row and column) as
discussed in the 2D?PCA [6] and Bi2DPCA [7] respectively.
Both methods calculate row and column covariance matrices
from input images in row and column direction, separately,
which is still similar to the 2DPCA idea. Hence, the 2D?PCA
and Bi2DPCA methods can extract the correlation in two
directions, but with two separate covariance matrices for row
and column. They use two covariance matrices, instead of
a single co\'arfanoe matrix. This may cause the performance
ineffective.

In 2015, Woraratpanya et al. [8] presented the improved
2DPCA (I-2DPCA) for face recognition under illumination
effects. This method aims to reduce the computational cost by
using a single mean technique and to construct the eigenface
which is robust to the lighting condition by using their pro-
posed eigenvector selection technique. Recently, in 2019, the
individual local mean-based 2DPCA (ILM-2DPCA) presented
by Hancherngchai and her colleague [9], which replaced a
single mean with the local mean technique for each image.
This improvement could overcome the illumination effects on
the facial image.

Nevertheless, all methods mentioned above are still lacking
two main issues—(i) one covariance matrix can only rep-
resents a single directional correlation and (ii) the mean
of the covariance matrix computed by average technigue
may be ineffective. In this paper, we believe that the effective
eigenface can be obtained from a set of the eigenvectors,
which are calculated from the effective covariance matrix.
To extract the covariance matrix, which overcomes these two
issues, we proposed the regional covariance matrix-based two-
dimensional PCA as so-called RCM-2DPCA. Hence, the main
contribution of this method consists of two main parts—(i)
calculating regional matrix and standardizing input image
before computing covariance matrix, which leads to a single
covariance matrix representing the two directional correlations,
and (ii) extracting the covariance matrix based on ELSSP
conversion proposed by Seo et al. [2], which replaces the
average technique as depicted in Fig. 1(a) and (b) that can
prevent some correlation lost.
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Fig. 1: The covariance matrix construction for face recognition
based on (a) 2DPCA and (b) RCM-2DPCA methods

The rest of this paper consists of four main sections. Firstly,
the problem formulation is defined in section IL Secondly, the
proposed methed is presented in section IIL The experiment
and discussion are shown and explained in section IV. Lastly,
the conclusion is given in section V.

II. PROBLEM FORMULATION

In this section, we will explain why the 2DPCA method
and its extensions are lacking the two issues mentioned previ-
ously in section I as follows:

As described before, we believe that the PCA method
and its extensions will return the effective eigenvector and
eigenvalue, providing that the effective covariance matrix is

60

(a)

Fig. 2: The correlation in the covariance matrix based on
{a) PCA, (b) 2DPCA and (c) RCM-2DPCA methods

given. It means that the covariance matrix is a key factor to
improve performance. The covariance matrix can be defined
by using Eq. (1).
1 =
(By= ——>Y BET i
con(B) = c— ; ()

where T is a transpose operation and S is a total number of
the training image. B is a data-zero matrix computed from a
subtraction between the input data with its mean as written in
Eqg. (2).

B = [bl-.bﬁ-.b&“"sbs] (2)

where bg is the training image in vector form when applied to
the PCA method as shown in Fig. 2(a) whereas it is a set of
pixels aligned in vertical or horizontal directions within a given
image when applied to the 2DPCA method and its extensions
as shown in Fig. 2(b). The covariance matrix computed from
the conventional PCA method can represent the correlation
between the training image while that of the 2DPCA method
can represent the correlation within an image.

In the first issue, the way that ZDPCA computes covari-
ance matrix may be inappropriate since the covariance matrix
represents the correlation one direction, but the image is two
dimensional. It means that we need at least two correlation
matrices as reported in [6], [7]. Secondly, a set of covariance
matrix or many matrices come out from the covariance matrix
calculation as depicted in Fig. 1(a). The ZDPCA method uses
the mean covariance matrix, based on averaging, to represent
these matrices. This technique may not prevent discrimination
among the facial image. In other words, the correlation be-
tween two any images is not equal, similar to the case of the
RGB-to-Gray image. The weight of each color channel is not
identical as explained in [2].

As mentioned above, this paper proposes (i) a regional ma-
trix construction to compute the correlation in two directions
as explained in section III(B) and (ii) ELSSP conversion to
obtain the effective representation of the covariance matrix as
described in section ITI(C).

III. PrROPOSED METHOD

This section will explain and describe the proposed method
named RCM-2DPCA for face recognition. The content of this
section can be divided into three parts including (i) RCM-
2DPCA for face recognition, (ii) Regional Matrix Calculation,
and (iii) ELSSP Conversion as follows:



A RCM-2DPCA for face recognition

Regional covariance matrix-based two-dimensional PCA
method (RCM-2DPCA) is proposed to obtain the covariance
matrix which can represent the two directional correlation
instead of obtaining row and column covariance matrices,
since existing two directional methods such as 2D?PCA and
Bi2DPCA using a single direction that is calculated twice to
obtain row and column covariance matrices but the proposed
regional covariance matrix can present the row and column
relations in a single matrix. Our proposed method, extended
from the 2DPCA method, includes five stages—(1) regional ma-
trix calculation, (2) covariance matrix calculation, (3) ELSSP
Conversion, (4) eigenvector and eigenvalue extraction, and (35)
eigenface generation.

1) Regional Marrix Calcularion: a mean image T, which is
an average of all training images, is compute by Eq. (3).

B
I=3 I @)
i=1

where I; is a training image with sizes M x N.

The mean image is used to calculate zero-mean image (®;)
by subtraction I from training image [; as defined by Eq. (4).

o, =5 -1 @

After that regional matrix (K;) will be computed from the
zero-mean image as described in section III-B.

2) Covariance Mairix Calcularion: the covariance matrix
(¥;) is calculated from the regional matrix (R;) by using Eq.
(1), ¥; = eov(Ry).

3) ELSSP Conversion: a representative of the covariance
matrix ('«1',@1,) is computed by using ELSSP method as de-
scribed in section II-C.

4) Eigenvecror and Eigenvalue Extraction: the set of eigen-
vector (A) and eigenvalue (L7) are extracted from the repre-
sentative of the covariance (¥,.p) as defined in Eq. (5).

UA =AY, (3

3) Eigenface Generarion: eigenface (') is a feature for face
recogniting constructed by selecting first g eigenvectors 4 =
{ay,as,aa,- - -, a5}, and facial image (I;) with the projection
technique as defined in Eq. (6).

Ti=ILA (6)

6) Face Classification: the Euclidean distance is used to
measure a similarity between two eigenfaces as defined in Eq.
).

=
dig = | d_(Ta(k) — Ty(k))2 o)
g=1

where d; ; presents the similarity between eigenfaces of train-
ing (I';) and testing (T';) images.
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B. Regional Matrix Calculation

The regional matrix contains a set of the column vectors
which is a rectangle region on the zero-mean image. Two
directional correlations in the covariance matrix are obtained
from the covariance matrix calculation step as shown in Fig.
2(c). It is the main idea that why our covariance matrix can
represent the correlation in two directions. Regional matrix ()
calculation aims to transform the zero-mean image (&) to the
standard form before computing the covariance matrix. It can
be written in an element form as shown in Eq. (8).

R=[r1:f2=f‘3r"'=f1{] (8)
where K is the number of windows for each image and ry is
regional vectors compute in Eq. (9).

Ty = {“I’i(m:: “y) | My start < My < My atop AN
My start < Ty SMyeeop } (9

where (Mg start, Ty, start) iS a coordinate at top left corner of
the windows and (M stop, Thy,stop) is @ coordinate at bottom
right corner of the windows. They are computed by using Egs.
(107 - (13).

1 ,r=1
Mz atart = {m:—i,smrt +Mepisr 2<zx<p

1

Thy.start = { Ty_1,start + Napift



My stop = Mz start + mshiﬂ (12)
Ny stop = My start + Tshift (13)

where Mgpife and Ngpige are a shift window of Mz seare and
Ny,stares P is a breakpoints of m., and ¢ is a breakpoints of
n, as shown in Fig. 3.

C. ELSSP Conversion

Eigen-weighted linear sum of subspace projections
(ELSSP) has been presented by Seo et al. [2]. It is a novel
RGB-to-gray color transform. The convention of the RGB
color to grayscale is done by applying the average technique
to the red, green, and blue color channels. It is simple and the
contrast-and-texture of image are lost. Therefore, the ELSSP
method is presented to overcome this problem.

Similarly, the representative of the covariance matrix gen-
erated from the average of the set of the covariance matrix as
reported in [5]-[9] has the same problem. In order to reduce
the effect of this problem, the representative of the covariance
matrix construction is proposed based on the ELSSP method
as follows:

Step 1: Convert each covariance matrix to a vector form
as so-called covariance vector (v;). The input data (V) is
constructed from the set of covariance vectors in Eq. (14).

V = [v1, 0,03, - -, vs] (14)
where S is a number of covariance vectors.

Step 2: Calculate a mean vectors (7) in Eq. (15).
1.8
= Z: v (15)
=

Step 3: Compute the zero-mean covariance vectors (;)
by subtraction between covariance vector and mean vector in
Eq. (16)~before forwarding it to construct a set of zero-mean
vectors V' as written in Eq. (17).

Ui =v;—7T (16)
V = [01, 72,73, -, Us] a7
Step 4: Calculate the covariance matrix from v by using

Eq. (1), Ygrssp = aou(?), and then extract eigenvector
AELSSP and eigenvalue UELSSP in Eq. (18);

UsLsspAELssp = AeLssp¥ELssp (18)
Step 5: Create a vectorized image (X) from eigenvector

and eigenvalue by using Eq. (19). Further detail is explained
in [2].

X = Ugrssp x (A%Lssp x VT) (19)
The vectorized image (X) can be written in Eq. (20).
X = [£y, %o, T3, -+, Eg] (20)

Step 6: Calculate the representative of the covariance
matrix(¥,ep) by resizing X with resolution kk x 1 to k x k
as defined in Eq. (21).

‘I'rep — fresi:em (21)
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Fig. 5: The example of resulted images from each method on
(a) ORL Face, (b) Yale Face, and (c) Yale Face B+ databases.

where X is the representative of the covariance in vector form
as computed by Eq. (22).

X=Y % 22)
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Fig. 6: The plotted graph of the number of eigenvector used against the average accuracy rate of (a) ORL Face Database, (b)
Yale Face Database, and (c) Yale Face Database B+

TABLE I The performance of the proposed RCM2DPCA (e accuracy rate (P) as defined in Eq. (23).

method when compared to [-2DPCA, 2D?PCA. Bi2DPCA,

P,
2DPCA, and ILM-2DPCA methods. P = 22 100 (23)
F total
Method Accuracy rate (%) mean +8.1.
ORL Face Yale Face Yale Face B+ Average /|
where F, and P, are the number of the corrected
RCM-IDFCA | 9700+ 230 | B6S610.13 | BRGZLILGE | 006+ 601 ; correct -+ tatal ; L
12DPCA 07.50+ 236 | BA8I+524 | BS3S+1192 | 8022+ 7.7 image and the total image, respectively. 10 fold cross validation
2D°PCA 9775+ 184 | BS444592 | B44341228 | 8921+ T42 is used to avoid an overfitting problem. All images is randomly
5 - n 2 L - i
| e | e | M | B divided into 10 groups—9 groups for training and 1 group for
NM-IDPCA | 6025<1250 | s037+065 | 89.03+ 067 | 66.55+20.08 testing. The number of eigenvectors used in each method and

each dataset to construct eigenface is displayed in Fig. 6.

The design of the covariance matrix to extract the eigen-
vector and eigenvalue, instead of using the mean covariance B. Result and Discussion
matrix, is computed from the ELSSP conversion as shown in
Fig. 4. In this section, the performance of the proposed method is
evaluated with three databases when compared to the baseline
methods including 2DPCA, [-2DPCA, Bi2DPCA. 2D?PCA,

IV. EXPERIMENT AND DISCUSSION and ILM-2DPCA methods.
This section aims to evaluate the performance of the Based on Table I, the performance of the 2D*PCA method
prcl-pose_d method for face recognition. It can be divided into is higher than the RCM-2DPCA method around 0.75% in case
two main parts as follows of ORL Face database, but the efficiency of other methods,

except ILM-2DPCA, is very similar, making the predictions
very close. Whereas, in case of Yale Face B+ database,
the performance of ILM-2DPCA method is higher than the
In order to evaluate the performance of the proposed proposed method around 2.41% because in this case there are
method, the baseline methods including 2DPCA, 1-2DPCA, the illumination effects which makes some images difficult to
Bi2DPCA, 2D?PCA and ILM-2DPCA are selected for a identify. However, ILM-2DPCA is not successful in the ORL
comparison. All methods are tested on three well-known face and Yale Face databases. Although the performance of the pro-
image databases. The first dataset is the ORL Face database posed method is not higher than that of the 2D*PCA and ILM-
[10] which contains 400 images from 40 individuals, each pro- 2DPCA methods, it achieves in case of Yale Face database
viding 10 different variances in the pose i.e. facial expressions at 86.56 %. Moreover, the overall of the proposed method
and with-or-without wearing glasses, with sizes 92112 pixels is 0.84%, 0.85%, 1.02%, 1.14%, and 23.51% higher than
as depicted in Fig. 5(a). Secondly, the Yale Face database that of the baseline methods—I-2DPCA, 2D?PCA, Bi2DPCA,
[11] contains 163 images from 15 individuals, each providing 2DPCA, and ILM-2DPCA methods, respectively. Furthermore,
11 different lighting, facial expressions and with-or-without the overall standard deviation of the RCM-2DPCA method is
wearing glasses, with sizes 1905231 pixels as shown in Fig. 112, 1.16, 1.41 1.43, and 14.07 lower than that of Bi2DPCA,
5(b). Lastly, Yale Face database B+ [12] contains 2,280 images I-2DPCA, 2D?PCA, 2DPCA, and ILM-PCA methods, respec-
from 38 individuals, each providing 60 different illumination tively. This indicates that based on the overall performance the
effects images with resolutions 168192 pixels as displayed proposed RCM-2DPCA method is very effective and stable. It
in Fig. 5(c). The performance of each method is evaluated by is corresponding to the given examples displayed in Fig. 5.

A, Experimental Setup
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V. CONCLUSION

In this paper, the regional covariance matrix-based two-
dimensional PCA for face recognition method as so-called
RCM-2DPCA is proposed. The achievement of the proposed
method comes from (i) regional matrix calculation and (ii)
ELSSP conversion. Firstly, the covariance matrix can repre-
sent the correlation in row and column directions when the
regional matrix is used. It is appropriate to two dimensional
data such as grayscale image. Secondly. using the ELSSP
conversion instead of the average technique can prevent the
discrimination between two any images, thus making our
covariance matrix effective. The experimental results show that
the performance of the proposed method is higher than the
baseline methods—2DPCA, I-2DPCA, Bi2DPCA, 2D*PCA and
ILM-2DPCA methods when tested in ORL Face database, Yale
Face database. and Yale Face database B+.
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