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[Abstract]

It is well-known that the face recognition method via sparse representation has been proved very robust and showed good
performance. Its weakness is, however, that its time complexity is very high because it should solve L;-minimization problem to
find the sparse solution. In this paper, we propose to use the ROMP(Regularized Orthogonal Matching Pursuit) method for the
sparse solution, which solves the Lr-minimization problem with regularization condition using the greed strategy. In experiments,
we shows that the proposed method is comparable to the existing best L;-minimization solver, Homotopy, but is 60 times faster
than Homotopy. Also, we proposed C-SCI method for classification. The C-SCI method is very effective since it considers the
sparse solution only without reconstructing the test data. It is shown that the C-SCI method is comparable to, but is 5 times faster

than the existing best classification method.

Aelo] : oxel4 84 %d, ROMP, C-SCI, LBP
Key word : Face recognition, Sparse representation, ROMP, C-SCl, LBP

http://dx.doi.org/10.9728/dcs.2017.18.2.347 Received 13 March 2017; Revised 20 April 2017
This is an Open Access article distributed under Accepted 25 April 2017
the terms of the Creative Commons Attribution . i .
LA Non-CommercialLicense(http://creativecommons *Corresponding Author; KwonTaeg Choi
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the Tel: +82-031-280-3660

original work is properly cited. E-mail: kwontaeg.choi@kangnam.ac.kr

Copyright (©) 2017 The Digital Contents Society 347 http://www.dcs.or.kr  pISSN: 1598-2009 elSSN: 2287-738X



C| x| = 28l X 5}5| &= 2X|(J. DCS) Vol. 18, No. 2, pp. 347-356, Apr. 2017

. ME
QAP A ] A 7105l ot e Q)
R 7] Rolth, v Q7RI A% Aol

A7E A7k d=E QA8 A 7]io] & 3t

= AFE 1A, QEQ, 71AEs 5 3

A= o2 HAHE D=2 (face recognition)ol] tst A7}
58] o] Fol AT

B AETFE] 9 ~nfEEA dERlA V|eo] 7|2

712 A e Aloleke ol dkaL Sl ol& Tk

EA1E AR} LGRIAFe] AnfEFEo|A D=1 S

)
[
<
ol
89
D
VR

1k
o] =212 7% B ~EFERIC] #]d Ho]2(RealFace)E <!

2
>

N
12
o,

1 £2
rir
(ot
ro oM

i

A thoksl F=9} 2z o

1, Al kel Bl A G ah= #2112

3} -2 A 914 (biometrics) 7)ol W3] =

2 "ol SR gk e 7| /LR 8-l

t}.

D& d(deep learning)oll 7]HHS & W EE]
) ¥ <

il

v[‘E,
N
A
o
LN
S o

oX o
olr

=

o Ok
fi
:>LJ—_"4

(

o)
ol
ol
=
20

m
rH
S,

>

i
¢

(recognition) H=3= -(classification

ek A Q14 Holol M= Hejdol] 7

& A3 Byl s |

(complexity) = {13l k== A1 HE©] 2L
ER =7} m) - 327] wjol vilg- @2 sk
t}. olo]] shEAIZIE a1l GIpH 07 84
g3 7)eo] QE) B HAE A
7] wiio] S0 A el g ek AAIRE

=
b
i ]
2
mﬁi
r N
i
ﬂill) JE
z

T
ol
td

i)
lo

it
g ol — d

|

=

o

RIS}
T T

>

_>“1|_'4 &’5 l T
o g ol

N
ol % o BToaN BRI

body ol

>,
5,
fo

oo
2

et
Q‘L
X
o
o

El2=E d|o]E7} o1 W o] HlolH &

14
o
u
=5
[:9{_1’
oot
i
=
J
o
ol
rlr
ok
i
o

H

o). of 7|4 A Ez3te] Ald(coefficient)= 3] A*J(sparsity; Tl
Itk ShgtlelHEe] Ees AR
(dictionary)o]2} F-Et} 5]4 B3 242 02 Holy 59
= S P EolA Y oW Zefj9] Hlo|HEe] Hlo) 7
A 71T E WAoo 2] BRE AT S ok o)
gk o= 3|4 ol 7IRkS i B HEES U 24
}4~(decision function)E- 7F1TH4].

34 FE o] 83 A WHES = A9 e A

Rl gloiA] ulg- e1g AL ZhIT el Egolnt 4

-z
Me
=
2
12
o
NI
4
™

i

http://dx.doi.org/10.9728/dcs.2017.18.2.347

(minimization problem)2 7] A% =], A8 Z3te] A4
#23}t £A19 s7F Ak -2 o]2fdt ol R S BRE
A3l A8 23] AlGE 3] A3l(sparse solution) e} F-ETF,

3|4 F 7 P20 W 84S o] o] HThE
Aoltk At slas| & Fel7]E of7] wiel L B L,
719 HE S R 3| 43l E B (recovery) ). o]d] H¢l
2 A Happroximation) 2} fAFSE 21| o] Th4], [5].

the AellA] 3l aal o] Ad ) Bl =olE 2pAS] 2vlgh
th -2l 3-0lA L, =578 WE<Q] ROMP(Regularized
Orthogonal Matching Pursuit)[13], [14]E 47118132, C-SCI &5+
S ARFeT) 49 A= AEE F3 ROMP 7|47} 3] 4:3)
ol 71&9] L, slAas| R} -4Ehs Ho|a, AFek C-SCI
F o] 7158 FH A At ol B E o] &gk - W E -

38 Wtk 1) 1 5ol H Aeg Witk

de fT

3]4 FEFSRYZIRE =122 ok A1) 2ol HAE o
oJe] y& ghrHlolE 3E A9 AP zgoz TH 4= 3]
714 Slol] Esii4].

Tz

y=Ax M

37|14 z = 8|43l (sparse solution)Z. 0°] oFd 2 A (entry)
7} 2pdol] vlal] Aojok sli= Al|¢ko] dtt. o] gk Q14 Z# Y]
oAl X = o] 8|43l 2 & 3= Flo] T3k A7) Hr

Aol 7EE FAE v 29 22 10 A3} EA=
A3} s Qo

x, =argmin llz ||, subjectto Az=y )

SHAIRE o] Al SE AR ek A vl ok ol
NP SH= iAot 4 (2)3= 348 o 7} 538 ] asithe 7}
4 atell vk A3) 22 1 HH s} A9 Bl = 59 7Fst
tt.

x, =argmin llz |, subjectto Az=y 3)

A @)= Sadl z, 7t S8 Sasiths 71 sl v A
@) &2 1 A3 FA ] & oy 02 59 ks sk shAt

QuAOR e H@sh B I AL EAS o 2, A0



38 27) o128 Aol 843 7, B B3] of2l - Hlow
deA] Stk -2li= v AellA] ool tigk A3 AaE AlAl
Bissy

x, =argmin | z Il , subjectto Az=y “

21(2), 3)9] AFET Az =y E Az —yl, < T 2L EFY
o7 tjAete] AL ElE g At 2 Ak 7t gltk o] 714
zko] 7} QITkehe -9l o] o A 2ol 7} §l 32 o W] gt

3|4 BHE o] 88 g A daE|Fel diE B A
7} ol AN, FEH o R | A3} HAE sdshs T
S5 g ATEAN, o5 Sol, Thg A)5)%t 2ol AiT3t
(regularization term)S- 5715+ 2 A8} LA 9] F|E F-5]= Al
I

=
L

-

b oot o

) 1 5
x, =argmin,| || Wz H1+§ Il Az —y 3

FAE o 2= olH o R Al &3
Elol]l thal At 0 o] opd @42 zhar, thE
Eloll tisiAE 0 ol ZPhe ghs: Zhett o)

8478k 2, 3 o © 0 o] okl

A
% ok Wl gl HlaE
a4 ol
e 512 18 ko) 9 Q14 dnelEL P AE
o erare| e e AR B g 7] v thaket
S8 ol Fa5)7] AN o) Had) 24 Al

o] A stel.

. A2

Aokshe A 914 SaelEe 2 A HROE olF
Atk $4 S lolEjh B2 dlele] )
U5 AHES A4S FAU D0 E ROMP STEE
AFG8) 84 A BN ke Ao R 8k

AR}, B 5 S gy AL8EE
Lol A= ROMPE ©] &3 34 %3y}
Q12 Wbl tjsiA] Adrg stz gl

214

=

E

ne
W ol

349

3-1L,7|8 ROMPE 0|23} 5|4 ®3!

ArH o7 2 (4)9] L, sl 8|S 27 o9 Ly di7h
I& S48 4 g7 whioll, -2l 252 (greedy) &L
S ROMP el 93] s]4ellE Fao2ZH L alE 5
FRTE 28 1. ()= 15023004 107] 2Fdell sl e ahs
Y= gasf e dofth Ly7wk dae]El H AR H(least
square method) S ©] &3] 3] 4812 B-shd 19 1. (b))} 2t
o]} o], kA 0 2 1, 3= 5] A o] §lrk whd, Li7|vke
2 AEE Bk I8 1.(oA ™ 348 ztetk

ARk o 1, Hrhk= Ly A3k A s7) 8] ad 9 e
K7 rsteh sk Ly H A 8E Al s Ak
- =2 o] Q) gAY AEEE Fo|HA
w371 9gk diaEAQl e E OMP
(Orthogonal Matching Pursuit) ¢-32]5] AtH12]. °]= ALt
BT SR L S o] 884 AT S s 5o
7] 918l 8241 MRS ARS-SF G E 5 el th

OMP &85 WHE(iteration) 3 o vt} A3 E(support;
WE] 9] 0ol 8 )5S sh F7eHH A X Kresidual error)
Ax— y=E HL3el= ko 2 A5 S B3t ¥ 12 OMP
o PRI #lE 7371 913l it 3K Regularization) 785
718 ROMP W 9] QAL =5 HofETi13], [14].

thA] @3fl, ROMPE= WHE At 378 & A 8E A3 E Tl
T HAARE BE Tl A 0R RS vk Ao
2 MIE NFE v B, A B0, kA 5
7he ol o] F A EE A k& 34 gbolet F-ET

of g‘
[ %2 *N ok

>{M

T

—

3-2 3|AGHE 0|28t C-SCI 7|t L2 214

2 TN AR g 14 WRES ESVRE
LBP(Local Binary Pattern) [15] 3| ~E 1318 o]-&3lo] 54&
FZ3lal, o] EHWMEE ROMPE o]-&3+ 1, 7|4t 84 74
WHo R sAaslE 7ol M2 AANTE B8l U8
FA gt}

E 1. ROMP 2JA} ZE[14]
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REGULARIZED ORTHOGONAL MaTcHING PUrsuiT (ROMP)
INPUT: Measurement vector x € BY and sparsity level n
OutpuT: Index set [ © {1,.... d}
Initialize: Let the index set I =) and the residual r = 2.
Repeat the following steps until r = 0:

Identify: Choose a set J of the n biggest coordinates in magnitude of the
observation vector « = 9*r, or all of its nonzero coordinates, whichever
set is smaller.

Regularize: Among all subsets J; © J with comparable coordinates:

lu(i)| < 2Ju(j)| foralli,j< Jy.
choose .Jy with the maximal energy |luly,[a-

Update: Add the set J; to the index set: [ — [
residual:

Jo, and update the

r=x—dy

¥ = argmin || — $z||a;
seR!

http://www.dcs.or.kr



CIX|™ 28 = 5+5| =& X|(J. DCS) Vol. 18, No. 2, pp. 347-356, Apr. 2017

L L
[1} &0 100 150

(a) 3 323

a0 100 150

1 1
0 50 100 150

(c)Ly 7|4k 5] 43
38 1. Ly, L2278k slasl S d|w
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based algorithms
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Table 2. Accuracy of sparse solution recovery by ROMP
and Homotopy algorithms

Error Standard deviation
ROMP 0.0089 0.2806
Homotopy 0.0122 0.3871
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Table 3. Comparison of processing time of ROMP and
Homotopy algorithms

Speed Standard deviation
ROMP 1.4 0.0431
Homotopy 93.1 2.9438

http://dx.doi.org/10.9728/dcs.2017.18.2.347

352

=&X|(J. DCS) Vol. 18, No. 2, pp. 347-356, Apr. 2017

0.04 T Fin

0035 1

003 1

0025 - 1

o
fm]
[
T
1

Cornputation Time

o
o
m

oot s+t _

0.00s - 1

0 5 10 15 20 25
Experiment Variation

% 4. ROMP A&t SHE
=AY, STARAHS] TRIM(A): 5| LeH )

Fig. 4. Time complexity analysis of ROMP algorithm
(Red(+) : change on the number of samples,
Green(-) : change on the feature dimension, Blue(2)
: change on the sparse level)

SA(WH(+): S5 0|l

ROMP &118]52 1°1E191 2k, SEdlolE T, 3la
gl whet ALt 537 A Eih o 714 34 HES A
w3l nROMPE Ml st} 9-2]%= ROMPL| ALt
3 5438 48] 918l SksulolHE 1000014 3000,
EAAE 100014 1000, 84 HH-S- 109141 10022 Thgs}
Al WA 7 = AR SAg8Glk 1/l 4= o]l AF A
A5 T =R epd Blolth. 71&7] ¥t 7Y A5 v
P o= Hole Tk (A)o] 3]4 o] wislel| wE ALt
Alzbelan, 71&7) WSk} 71 bnbksk w7kl o) S5t o] E
= Wstol] W2 ALk AI7HS YERATE

1% 45 53l ROMP 2ale]5- 8] 4 gillo] 7t w
2} A BT 7Y TA SRS & 0 Qv WA, Sk
OlEi ¢} 54 9] STl Wk ROMP ¢aLE]&e] 3¢

= UhAa ekl A S7FsHs & ¢ qith whebs] ROMP &L
?ﬂ—z—«l T S5 Fo)7] e S5dlolE st 53
WE 9] 29S8 Fol7|Hl= 459 S50l 2 H|E T

ol o] B¥E F UE 5AFE WS o] &Y S5

= T M-
©]E1¢] F-5d(redundancy) & ZEoli= Zlo] B34 et
4-2 3|2 EHS 0[R3 L2 14| AlF

o=
3 217 E}E W%ﬂ*i % 3%l 8719 A= dle]Eful|o]2~DB)

ol gate] WL AHE o] Aol A -2]= Al
2 el 01“24%%81 A= i?ﬁ*«%}ﬂ el A
1ol AL&-% DBell thal vllolejaret Sl gl e Ane=
% 49k 2t

A

B oot rz m1m



E 4. 92 0INg 93 4% DB 29

Table 4. Summary of face databases for face recognition
performance evaluation

2FAL DB clole s ECEay
CT CalTec99 440 26
Yale Extended Yale B 9332 28

CF Color FERET 1535 264
GF1 Gary FERET1 2164 489
GF2 Gary FERET2 3961 506

IF Indian Face 546 61
JFF JAFFE 213 10
ORL ORL 382 40
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Table 5. Face recognition results (two training data for

each class)

DB Min_Res C-SCI Peak
CT 94.91+1.57 95.27£1.53 91.86+1.91

Yale 57.07+£2.37 57.66+2.25 50.48+2.17
CF 69.37+1.07 67.95+1.20 61.89+1.64

GF1 71.08+1.05 68.95+0.85 64.06+1.22

GF2 65.33+0.67 63.04+0.55 56.86+0.58
IF 77.42+1.60 75.92+4.94 72.21+4.74
JFF 92.15+2.44 92.99+2.33 87.08+3.27

ORL 92.54+1.49 91.87£1.51 81.88+1.79
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Table 6. Face recognition results(five training data for

each class)

DB Min_Res C-SCI Peak
CT 97.97+0.96 98.51+0.76 90.32+1.40

Yale 72.94+1.59 75.59+1.55 61.86+1.32
CF 84.61+1.14 84.46+1.03 70.08+1.84

GF1 76.37+1.84 75.35+1.03 57.54+2.11

GF2 80.11+0.80 80.21+1.04 67.60+0.91
IF 86.17+1.28 82.20+4.10 75.94+3.81
JFF 97.24+1.76 98.65+1.25 88.88+2.43

ORL 98.69+0.83 98.51+0.81 94.34+1.40
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7. 92 oA AgAKetE HlolH 5 50%)
Table 7. Face recognition results (the half of training data
for each class)

DB Min_Res C-SCI Peak
CT 96.89+0.58 | 97.81+0.78 85.68+2.10
Yale 99.06+0.18 | 99.36+0.12 94.42+0.29
JFF 99.48+0.79 | 99.94+0.23 93.43+2.73
ORL 98.63+0.63 | 98.04+1.00 92.80+1.34

F 8. Min_Res, C-SCI, Peak ¥12|52| Ald £& W
Table 8. Processing time of Min_Res, C-SCI and Peak

algorithms
Min_Res C-SCI Peak
2 4.59ms 1.01ms 0.2ms
5 14.16ms 2.47ms 0.5ms
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