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Sub-pattern Canonical Correlation Analysis with Application in Face Recognition

HONG Quan' CHEN Song-Can* NI Xue-Lei'

Abstract
recognition. But in face recognition and other small sample size (SSS) problem, its typical disadvantages are: 1) CCA

Canonical correlation analysis (CCA) is a classic feature extraction method and is widely applied in pattern

fails, if directly applied, due to the singularity of the covariance matrices of its two groups of features caused by the SSS
problem; 2) it can not describe the nonlinear face recognition problem well, for its globally linear property in nature; 3) it
is short of the robustness to local variants. Enlightened by our previous sub-pattern PCA (SpPCA) we present sub-pattern
canonical correlation analysis (SpCCA) in this paper. By maximizing the correlation between the local and global features
of the original samples, this method can not only fuse local and global features well but also eliminate the redundant
information among the features. By combining with the sub-pattern method, SpCCA avoids the SSS problem, realizes
the formulation for the nonlinear face recognition problem better, and enhances the robustness to the local variants by

voting. Experiments on AR and Yale face databases show that the proposed method is stable, robust, and effective.
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AR73SungS2 37.00 98 30.33 580; 99 2.667 10 37.00 21 77.67 455; 24
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SpCCA to 4 8 12 16 20 24 28 32 36
Avg (65~665) 84.10 95.96 97.12 97.50 97.47 97.37 97.52 97.31 97.14
Std (65~665) 1.66 0.61 0.65 0.59 0.41 0.41 0.23 0.43 0
Chosen (455) 86.14 96.86 98.00 98.14 98.00 97.43 98.14 97.71 97.14
# 4 SpCCA HHIFE (%) — ART3SungS2 i LAFILIK PCA &3
Table 4 Accuracies (%) of SpCCA — on AR73SungS2 and changing PCA parameter
SpCCA to 4 8 12 16 20 24 28 32 36
Avg (65~665) 30.54 58.97 68.17 71.98 74.00 74.10 74.33 74.08 74.33
Std (65~665) 2.30 2.47 2.38 2.57 2.19 2.07 1.84 1.16 0
Chosen (455) 30.67 59.00 69.33 71.67 75.67 77.67 75.00 73.33 74.33
# 5 SpCCA WHIF (%) —Yale HIHA LA PCA 4L
Table 5 Accuracies (%) of SpCCA — on Yale and changing PCA parameter
SpCCA to 2 4 6 8 10 12 14
Avg (20~140) 77.04 85.32 88.96 90.64 93.27 94.55 95.15
Std (20~140) 7.50 2.12 1.04 1.46 1.37 0.74 1.09
Chosen (80) 81.82 85.46 87.88 89.70 92.12 95.76 96.36
#6 D SpCCA HHIHE (%) — ARTT
Table 6 Accuracies (%) of overlapped SpCCA — on ART7 database
SpCCA to
4 8 12 16 20 24 28 32 36
EHZH
00 86.14 96.86 98.00 98.14 98.00 97.43 98.14 97.71 97.14
23 93.86 98.14 99.00 98.71 98.86 98.71 98.43 98.14 98.14
33 94.71 98.29 99.29 99.00 99.14 99.14 98.57 98.29 98.29
44 95.29 98.71 99.14 99.14 99.14 99.14 99.00 98.57 98.57
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® 7 HEZ SpCCA Hil%E (%) — AR73SungS2
Table 7 Accuracies (%) of overlapped SpCCA — on AR73SungS2 database
At
SpCCA to 4 8 12 16 20 24 28 32 36
=224
00 30.67 59.00 69.33 71.67 75.67 77.67 75.00 73.33 74.33
23 44.67 72.00 79.00 79.67 79.00 79.33 80.33 81.67 79.00
33 48.00 74.00 77.33 79.00 80.67 83.00 82.67 81.00 80.33
44 48.67 74.67 82.00 84.00 84.33 84.00 83.33 83.00 81.67
#8 & SpCCA WHIFE (%) — Yale
Table 8 Accuracies (%) of overlapped SpCCA — on Yale database
At
SpCCA to 2 4 6 8 10 12 14
TEBY
00 81.82 85.46 87.88 89.70 92.12 95.76 96.36
33 78.79 86.67 90.30 92.12 95.15 96.97 96.36

%9 SpCCA ZL ) HITASH — ARTT
Table 9 Changing the dividing parameter of SpCCA —
on ART77 database

Row Col Subsize Accuracy>97% All Rate
6 24 17 24 0.71
6 36 24 36 0.67
3 24 16 24 0.67
2 12 24 15 24 0.63
6 2 12 7 12 0.58

#* 10 SpCCA B3PI XNSH — Yale
Table 10 Changing the dividing parameter of SpCCA —

on Yale database

Row Col Subsize Accuracy>95% All Rate
5 5 25 3 14 0.21
10 2 20 3 14 0.21
5 2 10 2 10 0.20
10 1 10 2 10 0.20
2 10 20 2 14 0.14

WEHUZ T, SpCCA & AR 4EE ], RA1HF KT
HAGM S AL, 5 5 Y L2 S
(M4EAL, 25 6 5555 4 FIBRLLEE 5 41, 56 6 ZI1EL
RO, Ui W% P07 b AR A 0 IE i e L2
By, A INZ s P07 U AR E M SRS U .
X ARTT Fidm, PRI 1~ 528, £ 9
LSS 6 BUHERT 5 14y X, HEOKN A
12 ~ 36; X Yale £#i, 73-H /A 1~ 125, & 10
SIHHERT 5 Aoy 7 20 RN 10~ 25, 31X

555 1.1 W oA e il Rk AN Y & SE
Kb AR FM5 K/N K 66 x 48 = 3168, flf i 3 2145
BRANNg 24 (6 x4 5 3x8 BFhENL) 136, KZLN
JEEHE 1 1/100; Yale EEK/NA 50 x 50 = 2500,
BUFIR) 2 A58/ R 25 120, K2k 5 K 45
(1) 1/100. A] W7 He /N G R/NE 1/100 Bt
I, AT DAEA e i R R

53 BRIRT TR DR 501 5 Wi F R A A 3 o wfl DA &
AT, AL FAT R 2 % R ER AT 50 1/10 FA 5
i 1/10 XI5 B FEAE U R EHE U R I,
ART7 16 x 4 A1 6 x 6 70 HHEAES 1. 2 P,
Yale H11) 5 x 5 HAESE 1 47, $AT7401 1/10 F51%L
(1) 1/10 Rl 23 th 1E Gf 2 13 /AN K2 0 I B4 11
1/100. Zif LR AL, ZEEHCT- Bkl 4y 07 U, T
PLERR AT HR) 1/10 FF0ER) 1/10 177 47K
gy, BURNSEER AR Hdl 4k EIRATIEE 6 x 6 733k
77, Yale Hdlidk B 5 x 5 43y .

KU 3. fEffE TREANLK S G, A1
AR I RE BRI, 20 AT BB — AR AE. (R AE )
5 TRRE (A JRREAE) DA K 3 R Al R P 2 R AE.
SEEG AR 4~6 Fros. fF AR77. Yale DL
AR73SungS2 =AML I g5 AR — B R ok
i X 4SAE (R JRSAAE) F IE A R il e dpe i, o0
MATHY Rk (RPBARRRE) 1 R 2 th 2 eIk, 1fo
FINEH X 5Y FRAER, B M2 7e w4 2 a,
EEE 1.3 W NS —BUn. EE 6, sl
A JE3 SRR I S BB A FH A AR IR (1) B i U0 2 AH
757 35 %, JIE) FH W9 245 E ) R0 2R e AR AR 4y
AL P 5 2 T, 30 A TR A 3 R AIE S5 = %) SRy 3R
WP AP o). BARIRIUE 1Y RRER S T
oy s B, AR e AT A DA AR T4k, BRI,
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ART3SungS2 i 41 i) SR B RS AN BB, T
HTHBRWIRAER. X 5Y AT BR TS
HJRERRFAE, EA D R N T ik 1 4 SR R AE A
HAR TR, T X 5Y FE2RSERET, Bred
ATDLE Rt FirE X 5 Y e, dgbr il
Y RRAEAE AT R R R s T R R A FH Y, A A
PLUF B b e U X FRAE (JRERERAE).

TEER o s s, BATIRE 1) LhEE T AU TR
(R )78 B T4k PCA + CCA M1 DCV. £ Tk
E 7N R ER I SpPCA L JE TR VL M R )y
15 Aw-SpPCA DLEASCHEH 1 SpCCA 7£ AR 5
Yale PN LRI

RIS 4. /£ AR77 5 Yale E#E4T. 45 R wnK
7T~ 8 i, B AR A R IE A, BEAARR b BT
Pz, MBSl L, @G T AR RS B
AL 5 S8 T X 5 v A Ry 0 AR XS 4 S 5 M 1)
SpCCA TEPAEds e F#EAS T b Al PYAS J7 ik
EfFZ R, 78 AR B4k I SpCCA i
IEM2 A 98.286 %, LKA 1) Aw-SpPCA #8517
4.7%, 1F Yale £l 4 I SpCCA 15 & IEfi %N
96.364 %, LLHRALH) PCA+CCA #5T 4.2%,
HAE B RAE (B 7 b >4, 8 T > 2) 1
THOL N, SpCCA TEMAN S AL b1 A 2% ih 28 #0570
HARVYFp Ik L.

H T 3 H 58 SpCCA J7 VA8 &l = A2 4k,
R, BRATE AR Bl 4R BBV TR gl
5 — SEE 5.

£ 5. 2 Jl{E AR73Exp, AR73Ilu, ART73-
SungS1, AR73SungS2, AR73ScarfS1 1 AR73-
ScarfS2 FHEAT. 15250 I A 2 B i 1 45 IR
AR, B9 g R R SpCCA 1E AR %idls
2 BN L IR SR, B DA R AR Ak K R AR
BT HA PURR T B vk, R IRAR L 5256 1) 300 5K
K%, SpCCA /34 2 5K, 78 84T, [ b aged4 1)
S, SpCCA s i IEAf R EL L4 5 i — Bt g
BT 30% ~50%. T SpCCA M} & Fft i #5384 1)
PN S L LR DURR 7 VAT IR K3 .

TERR 2, ATAREREE 4, PIMRE %, DCV
SN I IER R 4G PCA+ CCA 501, w1
T PCA MRS, 588 CCA B2 M43
SpPCA 5 Aw-SpPCA MZHCh R THH PCA
P2 4%, SpCCA IS4+, Mg CCAHY
R PCA BERIIYEEL, 55 BT LB AT
o EN T

TEER =Ry siesrh, AT T e oy K
B R E S I P h SN . 78
AR77, AR73SunglaS2 Ll K Yale FibAT5L5.

S AN 1.1 T 2 R, EESWRL R

WK 6~8 RPESSEINE 1 AR 2 17551
TRk PESSEEHESIGELR 00 REAES,
HrB AR ESRZE.

TEF 6 ~ 8 1, IEAfi el it 4 w3 E0 ¥ 39 iy I
T MESSHCh 4 — ES 9 KN, ARTT 11
R IEZR ARSI R TZ 1%, 183 99.14 %;
AR73SungS2 LF 7T 6.66 %; Yale A /b b7t
EESBEN, 490k E i T RE. 78 ARTT LI,
HEESHCN 44, SpCCA FrZ 8 4, 4 HHI A 3
98.71 %, T TA e, MAESKNFTFER] 12 i/
AT RE;, £ AR73SungS2 FHEESSH N 44
I, 12 4ERpfase, AN S IR 23 20 484 F0e;
Yale bAse 4e5th A7 T FRAIK. nl Wor By 5 B 5 iR
2 b SRS AR AT P ot

AR X PP 5 3 o b T AT H A AR A, BA
ARTT A, EESH HIEL 00, 23, 33 Fl 44 I, 7F
Matlab #1341 FE R LE 224 1:2.08:3.33:5.56.
FESE RN H I, w] DUM R 75 ZL R 38 8 S 540, DTl
PO 5 18 5w A

3 BERRETIE

N=RA

AT CCA iUk T SpCCA,
5 DCV., PCA + CCA . SpPCA. Aw-SpPCA f&
NI VUM RO BT T R, SERAEY], SpCCA
A CCA Rl MR IE S JR ERr AL, [ 4K T
PCA J5ikxt 4 Rl B g s 55 05 ik
e A L R R P AAL BAT B O, AR T
CCA ENIRRB AL I /NREAS IR, AEDE IR R
17 A5 Ja P AR AL PR NI B L R B L
WIRE ST, ARSI AR T A A T B S Ei i
T AR DY BT,

AR CCA Rl & 3R Ry EReAL, ASGE P
SR RFAE (PR BE. SCH AT 10 JRy # A B D X Dt 1
B EERIIY R T I TEER, e R B8 PCA $2I)
HYFRPRFAE. 852 E 3K P 4Ry il ] DU A 5 2 44
AT S A A (1) A0 (2) MHRAE. 4R 4 (1
Jai i L e JR AR DA AR ST ) 20 2R PR e, K DLAE
MG AR R 2 AR RGBSt a2 AR
RS B EL SR A SR HE 2 70 RSP [
S A AU FATT A SR TR AT T X R =7 ).
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