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A Dictionary Learning Algorithm for Color Face Recognition
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Abstract; The existing sparse—representation—based face recognition algorithms usually transform the color
face images into gray images. Although this procedure increases the recognition speed, it ignores the infor-
mation of the different color channels and the correlation among them. In order to utilize the correlation a-
mong different channels,based on the label consistent K—Singular Value Decomposition ( LC-KSVD)) algo-
rithm,a new dictionary learning method for color face recognition is proposed. To improve the representing
ability of each atom for color images , this algorithm concatenates R, G and B values into a single vector, and
then introduces a new inner product into orthogonal matching pursuit( OMP) during sparse coding proce-
dure. Experiments on different color face images datasets demonstrate that the proposed algorithm can a-
chieve a higher recognition rate.
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Fig. 1 Part of AR Database
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Tab. 1 Recognition rates and associated dictionary learning times
by different methods on the AR Database ( Experiment 1)

. PR/ % B [E]/s

Sk N,=15 N,=20 N,=15 N,=20
LC-KSVD1 83.1 86.0 226.0  249.5
LC-KSVD2 83.5 86.2 234.4  260.6
CE1-LC-KSVD1 ~ 90.7 91.5 524.5  569.4
CEI-LC-KSVD2  90.9  93.2 533.8  581.4
CE2-LC-KSVD1  92.4  93.7 547.0  598.3
CE2-LC-KSVD2  93.2  96.0 554.3  612.4

SCIG 2 BLE A TR 2, HE 1R,
CE1-LC-KSVD &M CE2-LC-KSVD H: ) ae s
WS b LC-KSVD B33 11 v iy R 38 H 2 R 1%
PRIHREART R 1 WEER, JRIEET AR A
(R 5 N K UG B A S+, T 454 5 AR ik €8 22
FEEOR ik st 5 B AE T e ] h R 1R T B2
YERT. 250 1 AREAS vh 0 35 B 59 19 A 1]
18, MSEE 2 REAS T L BR T 2R U, Rt mT 1)
MO RED, 5o, W2z S it E &, CE2
-LC-KSVD 533k i) 3 FE ] bt T CE1 -LC-KSVD
Bk BRI AHEAR ARR IE LT A SUEIE
(1) OMP AR A F T 7 g2y o b AR g padilie s

T2 AR ARERRE NGRS 85 SR (3256 2)

Tab.2 Recognition rates and associated dictionary learning times
by different methods on the AR Database ( Experiment 2)

P/ % B [A]/s

F N,=7 N,=10 N,=7 N,=10
LC-KSVDI 90.6  91.5 78.6 97.5
LC-KSVD2 90.4  92.2 81.6 101.4
CEI-LC-KSVDl  91.6  92.2 222.7  275.2
CEI-LC-KSVD2 91.7  93.0 226.0  279.9
CE2-LC-KSVDl  91.9  92.7 78.7 106.7
CE2-LC-KSVD2  92.0  93.0 79.9 108.9

4.2 CMU_PIE \REEESRIGHER

CMU_PIE A 408 68 A~ A 24 000K
NG, R R R ST R 140 pixel x200 pixel.,
NA 13 T 43 FORRIR OGRS 4 FhoAS 7]
21 45 “ illumination” Fll“light” P4~ F4E ; “illumi-
nation” F4E 75 50 JC M, (AT AN [R] J7 [ 9 DR DG T 1A
55 AN 21 RIER “light” FAE R 40 5 1 5
FINEAT , R4 22 iR IE %, Horh s —sk R A
ok, “illumination” A4 ARG MR an &l 2 Jor
R, “light” FAEFRI NI EGANE 3 B,

K2 CMU_PIE AJG % “illumination” F2E3 43 A6 EM%
Fig. 2 Part of CMU-PIE Database “illumination” subset

3 CMU_PIE A “light” FHEH 5 A EE
Fig. 3 Part of CMU-PIE Database “light” subset

SEESEPE CMU_PIE A G FE 7 A% “ illumination”
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Tab. 3 Recognition rates and associated dictionary learning

times by different methods on the CMU_PIE Database

. PR/ % A [E] /s
Bk ’ °
N,=6  N,=7 N,=6  N,=7
LC-KSVDI 89.9  94.7 43.8 49.7
LC-KSVD2 93.0  98.2 46.6 53.9

CE1-LC-KSVD1I  94.9 96.3 169.0 174.3
CE1-LC-KSVD2  95.0 98.7 172.3 173.8
CE2-LC-KSVD1  98.1 98.6 172.9 179.5
CE2-LC-KSVD2  98.8 98.8 175.0 187.6
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