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( Face Recognition Using Histograms of Multi-resolution Segments
Based on Discriminant Face Descriptor )
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Abstract

We propose a face recognition method using the histograms of multi-resolution segments in order to effectively utilize
the local information of faces. Since the variations in faces can occur in various sizes, the DFD method, which uses the
histograms from the sub-regions of the same size, is not effective for obtaining local information of faces. In this paper,
we first divide an image into several sub-regions and extract the DFD(Discriminant Face Descriptor) from each
sub-region. By dividing each sub-region into several segments with multi-resolution and extracting histograms for each
segment, we reduce the loss of local information in the process of recognition. The experimental results for the Yale B,
AR, CAS-PEAL-R1 databases show that the proposed method improves the recognition performance compared to the
existing DFD based method.
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[
=3
(m
ror
=2
fd
oXx,
olr
N
=
Ach
3
N
i
i
rg
X

“%?l
o

Al
.
QT A4e SuF ool Asle] @ 27 glo] ok oldld Yo Qs ]
Agre Adekn Ausks 71e2A, 29 FAG 4 3 2 QA s g
Bu7] 1% A2 B9 nek o, WA 14, ue AF A4L 98 AT JPonvH 5L FE
ujo) Al 5 voke Alzglol A4E 4 QT A & R 7% Hdescriptor)Eel ARk Ho] gk 1%

7|(gradient) 7]WFe] WHE  7}ed],  SIFT(Scale

Invariant Feature Transform)” 7]&x}= E4 40 7

etalg, a9, sty e sk

(Department of Computer Science and Engineering,

: . = EXx H U ;\1 o:]o:] o oF = =
Dankook University) ZHd 544 B # k28l Bl 3 AE
© Corresponding Author(E-mail: choisi@dankook.ac.kr) a9 7leAtE A SIFTx A7), B, 8ld o
Received ; August 20, 2015 Revised ; January 16, 2016 oﬂ 7yol &k J_E_'XC]% _ir%é}x] o} Uk oAb %ko] U}o].x]

Ry

Accepted ; January 21, 2016

(255)



e d= Jlex J1He OE deE &

th= ddo] gtk SIFTe] W3 o2+ GLOH(Gradient
Location and Orientation Histogram)m, SURF(Speeded
Up Robust Feature)® 5 thokal W So] subs] ok,
GLOH 7|2k SIFT 7|=#ke] 4y} W s &
A7 feke] axa A7]e] BHE
log—polar location gridel|A] & 2722199 7]&
Agith, SURF W2 A& °J Hintegral image)S
43k SIFTHT At &= A

gl 2~ A (texture) 7| ¥Fe] A9 s (local pattern)<
HHEL A otE =], Ramin®t  Woodfillo]
% CT(Census Transform)= 3x3 27]9] 9%
T A o] S H-9 8

AR AR 49 24
Aol we}

Ik

48 4

o]

O
39

g PPA7

o]

Holt} Froba@r

B>

= Sa % A o
(texture) AHE FZ3t} LBPE
ol kA o] A7) #A7F A
& Hve FAe] AN aFw
gAnit}y sk4 ke A7) £A47F v
ol WAstE A= QA E
QI oH 1 1 Bpe 8 (variant) & 24, uniform
LBP'= E44 Awel fiifo] YR LBP =0
Z5o] Q= A3 7:]_‘,]_.% Az 4 Paz 7z

o= pe FH JASE ngste] W& AL A=
A s} CS-LBP(Center-Symmetric Local Binary

T
=

ool oof o

N 9 ox

o &
o2

=

Pattern)” W& $4 RS Foz fAHE I
Avks waste] LBP =% A4 @t CS-LBP 2=
= 8xde] AE=E A LqHOH 7]1¥ LBP ZE=

o AL uhA gk Gk oA TFPAIRE o] =
FAoksiths BHs Hh ol oo = wme] AR
w3y &re] g flste]l T oAl vy g Ao =

f=13
=

08

0
Y

o7 BEAE
elementary features

A48 Brief(Binary robust independent
W 7)1 2217h Aok 2ok,

24, A 4ng gaa A9 FAo 9 32
sz 7120 PHED Pel A9 ARERRY Y
2 2 1EAE Aust wEEel ALsdd

DLBP(Discriminative Local Binary Pattern)’= LBP

2 7o w A Y BE 5x5 A7)0 9= U F4
e s g7he] MEZHE  Fisher
criteron™'el] whe} 74 e o] e gx]e] TAE
S At #d
Descriptor, DFD)%1=
= A Gl A
2 Algte] A}

S

=y
2E

H) 1
P
A= 7]%AH(Discriminant  Face
1529] LBP WS 7jAste] 2
HEo AolE Haslet
K= 54 e Afol& FHu
714 AH(descriptor)©]t}. DFD
ool sl v F4 dE I

N

L
=

1=

=

A

ol
¢
o

[e)

=

[ B o
S )

%

o RSO ) T o <
Hmﬂ':ﬁm

Ao
(intersection)"!
o] N A=Al

ol lojA=

7

Jfot
rlo

N
-

A 4o o
ro g M

X
o
rlr
o
B st

M ne
ol
o

=,

1>

ol
—_

g
rlo
o2
12
o,
lo
N N
qn 18 T o of

=2

N
e
Y
F1oox o ot L

N Y
12 flo o
ol

ol

=
&oof
EL

fo do Ho & f o

s

ox

ol
VY
oy X
o
I
%i’ o

:(I)L_A‘
oX

i
v

-

.

M
2

>

o2} DFDe| w4 & weksh
olg] QAR tro], A
= e Aokait. Aoke

ofg] @AY =R tF

Mool
12
tlo

o2

Q{_',
=
>
=
ofo
ol

}
2,

g

S AEINS
@ %

= YaleB 4] 1E1 Hﬂ 15“”,

o
e
ja

o)

HAas AT

o) Al
ol
AR

_Q_
=

2ol Aol
sk, Agke o e

kel Mol A

=
)BLE =3

L
L

dz G4 ol o]

Brbsta, oA oE WA ARG B

212 RN 1w .



20164 28 MXtEe
Journal of The Institute of Electronics and

3
st
In

F 1. DFDO| A== B ok
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