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Feature Generation Method for Low-Resolution Face Recognition

Sang-ll Choi’

ABSTRACT

We propose a feature generation method for low-resolution face recognition. For this, we first generate

new features from the input features (pixels) of a low-resolution face image by adding the higher-order
terms. Then, we evaluate the separability of both of the original input features and new features by
computing the discriminant distance of each feature. Finally, new data sample used for recognition consists
of the features with high separability. The experimental results for the FERET, CMU-PIE and Yale
B databases show that the proposed method gives good recognition performance for low-resolution face

images compared with other method.

Key words: Feature Generation, Feature Selection, Discriminant Distance, Low-resolution Face

Recognition

o L SN
o i
o 2

I
2

S e}
AN
AL
ool ML r
2 1
o o
>

e Og:j 2

-0,
>
N

o M o
1>
ﬁ; .
Wy

&

o & mt ne ;;9 24 ok o

> 4o
N
= ™ o
tlo
el N
lo v T
I of
>
2
X
fo

-+
_?L
Ir

ST 3l 53, QEUAL Hol el A5
FAvier olo] BWE NS VA 57 7] wo]
Aol 2rlE £3 28 wuld F7lel M0 S8

]o
do
%

FH2ET AL Hu Yot
a5t 422 W Ee] AE

Y
'Y (appearance based
FS B‘:_—E W2 Td3ta

#HE BAAA HARE o] 83t d=F
% QA= WHOZA, Elgenface[4] Fisherface

(5], DCV(Dlscrlmmant Common Vector)[6]S Y] &

3t o] &S & (extended), M F (variant) gt TFYF
i3 “J“‘u‘%"] ARk o] SkTH7-12]. o] HHES E=
< AAEkE o /83 EAES FE35H7] sl
axe] d= 94 HolHE A

vector)E& T3t Eigenface ‘ﬂo“?.j% FAE B4
(Principal Component Analysis, 9
2 g4 S B

-
O
>
E
]
tlo
N
(i
o

Bae =) wes %xol FRrA

% Corresponding Author : Sang-Il Choi, Address: (448-
701) Dankook University, 152, Jukjeon-ro, Suji-gu, Yongin—
si, Gyeonggi—do, Republic of Korea, TEL : +82-31-8005—
3657, FAX 1 +82-31-8021-7221, E-mail : choisi@dankook.
ac.kr

Receipt date : May. 20, 2015, Revision date : Jul. 20, 2015
Approval date: Aug. 12, 2015

" Dept. of Computer Science and Engineering, Graduate
School, Dankook University

3 This research was supported by the MSIP(Ministry
of Science, ICT and Future Planning), Korea, under the
ITRC(Information Technology Research Center) support
program (II'TP-2015-R0992-15-1012) supervised by the
ITP(Institute for Information & communications
Technology Promotion)



1040 ZEDICINES ==X X18A X9=(2015.9)

Y4E EF3). Fisherface Wi Ay 3d £4
(Linear Discriminant Analysis, LDA)[14]& |=<1
2o 283 uf LAY = SSS(Small Sample Size)
A4 93817 918 PCAE WA 3% § LDA
£ A&3te WHolth DCV W2 LDAS Hy o
2A d2 G Aol MEY NFET B
4 3 ZHnull space) ol A A4 & 433}
Wolth d= IS dFE 149 ool 2
& 2 dEZAA A

ox
[0
i)
FIF

o R )
of

o] ngol Firgol
g} Lk ARlo] iR G4k HolEe] fRE AR
o] gake taEol o

9o gEo= W28 & 22 5AY blol
EEEEE e —2—%6}% EE we& Azt Fe
279 ol mutY 7)7]9h o] HmA HFH
9l &

)

m\z
r%

L 7F 22 23 77 A = dolE ¢ S‘?‘LE-]?_]
27 AYE s nHFE GGl g Ay
(thumbnail) FEje] A Y= o
o =14 7les 2utd 71719k 22 4F 77
oA theFdt == &&3lr] YsliAE
A= FdA=E & F7T 4 3lojo

T,d
r9~'
e
ox |4
i)

U A g3 712 dF A4 HHES I4E
T8 e gAY Y ARERYH EAS F&
st7] W&ol 4= B el wet Hs] I
< At 53 g 1 @24 dlolEldl sl A
5ol £ DCV ¥R 9 A, tlolE 9 2do] &0
W I Aol EAEAY AR E AE97t
A £ = QUoh

E =FdAe Az 42 949 12E A
E4 A4 B & Asth Covere] AE[15]9] o
29, dlolg AEEe] 48 £l ¥ (linearly separa-
ble)o. 2 Rx3lA] oF X

Az el Hole AT nANo R WH] e
AYlerme) B4 ASHE BAE A6
18], AA A F4E 2

rlu
re
2
oS
o
m&i
fo
ol
(o
HU
o
E oo
%
il
rlo
Ay
%
L
4
i

qag 4 g2 Aol B 1A HoIEe
2

S WeE Fol BRd Ane

EAEO thg Eg] A (separability) S A3l &
H ARV g EREN Ao AU 3A
of A&t AFF WHY EaAE gl

aff, =24 AT EokollA g AHE-E+= FERET

database[20], CMU-PIE database[21], Yale B da—

tabase[22]°]l Thall <12 B AN £ A, A3

AT PFe e AAE

o ox

2 %

o
4 J‘m
2
£

r
i

e rlo
Y
o
>
ok
e
::1,
:°|:l'a
ox
\-n
Aa
i
e
4
-0,
>

o

x N
£ oW ok
ﬂ
yor
o
w J
o}
=2
>

o2
%
tlo

o

oX o

o

oo Jmoox oft
o
o
)
o
[
=2

&
L o
i=)
N
=
o

fr

a1

o)
2
R
M ©
rh
o

Xﬂ

rlr
v

2. 4= QA9 off M=ot H=QIA Hs
2.1 g4 7|8 H=ZOIAl (Appearance Based Face
Recognition)

*J 71 dFR1A] WHEL Fxw A7]|e &

( =1,.,0" N7b"9] Z NAZ] Gl AS o
C
N=3N), Fel2 U A3 (within class scat-
i=1

ter matrix) S, ¢F SN2 b 2FE8) H(between class

scatter matrix) S,< T3 Zo] Hg& 5 U}

(ka ,ui)(xkf /in)T (1)

A7NA pE W2 ol £ AEFE] Hola
pe AA N AZe] HHold) Fisherface W&
22 o ke Hasisla FY s ko) e



(a)

HAdiststy] fa theo AT E AT F
@ ¥ ] (projection vector) w(i=1,.,C—1)Z T4
%3 E (projection matrix) W, =W, Wo_ | &
T
WS, Wi
argmaz WS, 71
B3l HA #(n)7t B AF(VET B2
5, o] wf AY3H= SSS FAE A3 Hsl PCA
of o FIBE W, o O183A Wopyyipa =
Whe Wi, & AEHIE 2T
Fisherface ol 5,9 243 IH(range space)
< o] &3t= A 2, DCV Wi B w2 i
ARE 233t e 5,9 s ol &8 S
WS, Wl =00lAX WS, Wl =09l F1tolA th&

o) BAYLE VEANNEED Y W, F T

WF’L‘xher = (2)

Wy = argmaz wrs, wi (3)

WSy 11\*0‘
el HA 57h wob 5,0 deWol E A%
=0

DCV HH4 ¢ /\“l‘—ol Fisherface Ho}-tl':]-] i‘:} i

+ + +.
95 T =
90L& T
“——— - _
851 T = T . o
R T ~o- -
£ 8op L e 1
3 75 — x
& \
§ 701 i i \\
=)
Q
g L A%
2 60 \\
= © — CMU-PIE \
sof I || === valeB \
N s FERET \
AY
\
40 | | | 4
12000 3000 750 480 180

Number of Pixels
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Fig. 1. Examples from (a) FERET database, (b) CMU—PIE database, (c) Yale B database.
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Fig. 4. Overall procedure of the proposed method.

Table 1. Characteristics of each database used for the experiments

— Database FERET CMU-PIE Yale B
Characteristics
No. of subjects 992 65 10
No. of images per subject 2 21 45
Training / Test images 400 / 1584 195 / 1170 70 / 380
.. small expression 21 kinds of 45 kinds of
Variations . . L. .. . L. ..
variation illumination variations illumination variations
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