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Robust canonical correlation analysis based on
low rank decomposition

NI Huaifa, SHEN Xiaobo, SUN Quansen
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract : Canonical correlation analysis (CCA) is a popular multi-feature extraction method, which can effectively
explore the correlations between two sets of features. Up to now, CCA has been widely used in pattern recognition,
however it has limited feature extraction power for large noisy data. For CCA to deal better with noisy data, a new
method, robust canonical correlation analysis (RbCCA ), based on low rank decomposition, is proposed. RbCCA
first decomposes features using low rank decomposition to get the low rank and noisy components, then it constructs
new covariance matrices based on these two components. A discriminative criteria function is further established to
obtain discriminative projections by maximizing the correlations of the low rank component and minimizing the
correlations of the noisy component. Experimental results on a MFEAT handwritten dataset, and ORL and Yale face
datasets show that RbCCA can achieve higher recognition rates than existing CCA methods, especially in noisy
settings.

Keywords: Pattern recognition; feature extraction; data dimensionality reduction; canonical correlation analysis;

low rank representation; low rank decomposition; low rank component; noise component
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FRBENHA IR, FEidw BB R ) o 2T 55,
B SEEME B FIRARBESRE AR 4
MR X E—E R B LR T CCA B HIVE

AR, VEZ 2 Y B T AR BL R R (low-
rank representation, LRR) PHit, Wright A BT
R I3l B8 8 1 B 0T M8 7 B i 1 B 2 00 0
(robust principal component analysis, RPCA) . i 1
X i M P S AT IRR AL B RPCA 7] LAAG A5 b
I v A 5 I s T 254

J T EEFE CCA T M S A 0T il B 1 A G
MIREST, SZARBRBRIE 1Y 05 K, $2 11 1 6 s ML AU AH 5C
37 (robust canonical correlation analysis, RbCCA ) ,
RbCCA & 5EXH il B i ¢ AE 4R 32 ) RPCA #EAT IR
B0, BRI B A R B4 EG Rk 32 40 dak T 7 s
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P £ 0 — P B A OC 3 B (CCA) el it 3k,
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2.1 RbCCA thAEsEKERME
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FE LAy TN S, Horb A % HR(E 75 AR 4l e
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3.1 MFEAT FE{EEERE

MFEAT 5 R 045 i — 341 &% fac  fou , kar,
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B BT RBIE A 200 MREAS, 6 4ARE,
PRALEF AT 4 A 35 15 Rl &, BEHLPE 2 Hodh i1
10 FRZH A48 10 R BENLSE 5, B 0 52 50 N AEFP 2
FHBEALIERE 100 A Ul RREA , 100 4 g il iz
FEAS  YIZRAEAS BRI A A S804 1000,
SCISFFUATIT , 7EJ5 4 MFEAT 048 22 |, 43 9I7E 6 41
AR T 10% 18 B3R 5 75 e A5 400 55 B 1z FH o i)
Mg

F 1 BEHLHE MFEAT 5085 )% 10 FhRAE 21
&, 535K CCA PLS .LPCCA .RCCA DL K RbCCA %
SRR T F SR, SRR R B RbCCA 7EX 10
FREEAE 2 A 1 R0 RS- 2 E CCA 1y R 51 2 &
10% , #£ fac_fou fou_zer LA S mor_pix 3 FiZH & H,
RbCCA AT B J2& & i CCA U345 R/ 15% LU
b F 1 IESE T RbCCA X M A B3 45 i H2 B
FIA S

B 10 T MRS 5 A MFEAT £508 s 9 fac
_fou ¥#fE4 4 I CCA.PLS, LPCCA,RCCA UL
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Table 1 Different characteristics of the combination identify
the algorithm recognition rate in MFEAT

FHIE CCA  PLS ILPCCA RCCA  RbCCA
pix_zer  0.833 0.851 0813 0.847  0.916
fac_fou 0.724 0735 0.735 0.742  0.908
fac_mor  0.689  0.671 0.682 0.705  0.780
fac_pix 0.931 0919 0.929 0.934  0.960
fac_zer 0.744 0742 0.766 0.772  0.887
fou_pix  0.854 0.859 0.86 0.859  0.961
fou_zer ~ 0.541 0.524 0.519 0526  0.738
kar_zer  0.568 0.554 0.569 0.574  0.665
mor_pix 0718 0.719 0.720 0.694  0.875
fou_kar  0.566 0.569 0.555 0.502  0.675
1.0
0.9 /_e/e_e/e—e\e_e_,e—o
0.8
§ S
= 06 T
e T
o !
03 ——RbCCA
10 20 30 40 50 60
B
B 1 R EIR B S R M S FHE 4 BRI N D15 Bl i 2%

Fig.1 The recognition curve of the recognition method

with the increase of the feature dimension

3.2 ORL ANRa#i#EEE

ORL NJHcHa E Hh SIBF K2 AT&T 25628 A
AL 40 A 400 ke 1 B EIE , B S R /N 92x
V2 183 0 EURALSE T A, A MR 1 42
fk, B2 45T ORL AR R A 10 REE,

2 ORL ARE¥#EEHE AR 10 KER
Fig.2 10 images of a person in the ORL face database
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I RIAZ A A [R) AR 24 B I, 6 40 b 33002 A U3 3L
R BET RPCA+CCA J2& HAE M KRR 4 ok
S STAR S T B R B B TR

2 SRR R, B I G AR H 4
T, JURR SR AR B AR AN R AR AP T, R HE
RPCA+CCA HI CCA AYiRHIH, ol LI ) RPCA +
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Table 2 ORL face database under different training samples
identify the recognition rate of the algorithm

PRI L 2 3 4 5 6
CCA 0.516 0.661 0.767 0.793  0.816
PLS 0.581 0.721 0.800 0.810  0.870

LPCCA 0.391 0.593 0.787 0.830  0.900
RCCA 0.453 0.614 0.725 0.800  0.883
RPCA+CCA  0.568 0.707 0.804 0.830 0.915
RbCCA 0.716 0.807 0.821 0.850  0.956

it 3 T LAE H B R 4R 3G 0, B
RPCA+CCA Fl RbCCA ZAM¥H4x 4 FpE LR 5
R TR X i T & FR AR 4 B i 34 T,
FHEAREAE T2 5 0 e At ZE 3G T, X U
RO A T BRI, BE & FRAE 4 B 0 5
RPCA+CCA F1 RbPCCA MR G IE# %3 2 LT
# It HLi T RbCCA BARLUF| FH 2] T M 1 i 15
BT LLE PRSI RCR G 20 F R A ARk 43 2 19
RPCA+CCA MBERY ISR

£ 0759 ' ? S
=070 4 _cca
= ——PLS

——LPCCA
—+—RCCA
——RbCCA
—o—RbCA+CCA

10 20 30 40 50 60
REAE L FE
3 RRNTTEIRAN G R BB IELE 1B e T 4L g £ B

Fig.3 The recognition curve of the recognition method

with the increase of the feature dimension
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SIERFEAS . NI 4 Hrl DL Y Bl M 7S 5
B, 6 Ak BRI IE B R A R [ AR B T R
B HIXF T HABS I RbCCA PR T a3
25 | I HWE R 3 FETE 29% ~20% B, B A )R
WRZAARFFTE T 92% L) I, #E— 2 ESE T RbCCA X
M LA AR A 6 e | BB A AR A 4 R 7 A
A RURHIE

0.50L—=—RbCA+CCA
' 0.05 0.10 0.15 0.20
g P AR B

B4 R RIRR S RMEE RIS T i 2
Fig.4 The result of the recognition method with the

increase of the noise intensity
3.3 Yale #{#EFEXI
Yale AJECRIE 68 15 S A0 165 IR
BEPRIG BN 11 WR GLE IR D7 ) (72 A FIIE ) |
MR ML (IER Atk B0 N Z B iz
R) . KEIVN A 100 53E %100 5K, K5 2 Yale
IR R NE 11 B 1R

Err o

Y Eop ey

Bl 5 Yale #iBEHE AR 11 18E %

Fig.5 11 images of one person in Yale database
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BEALZE £ 6 IRAVE NI ZRAEAS, Ay 5 8 AR il ik
A,

72 3 B 6 43l o T AEBEBEAS R I ZRAE AR 5
H VA S [R] RR AR 2 FE I, 6 45 o B3k A TR 1 5%
R, K3 ML EAEE— PR U] RbCCA Xf T M
RS U A R

F3 Yale NBEERRBIIZGFEALT, CCAPLS,LPCCA

RCCA .RPCA+CCA .RbCCA EERYIRFI=

Table 3 Recognition rates for CCA, PLS, LPCCA, RCCA,

RPCA + CCA, RbCCA algorithms for different

training samples in the Yale face database

FAEHIK=RR 3 4 5 6 7
CCA 0.635 0.675 0.745 0.760  0.833
PLS 0.720  0.771  0.789  0.799  0.883

LPCCA 0.540  0.685 0.722  0.757 0.861
RCCCA 0.675 0.695 0.767 0.793  0.889
RPCA+CCA 0.684  0.740  0.761 0.775  0.865
RbCCA 0.733 0.789 0.795 0.827  0.967

0.90
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0.70

0.60

—4—CCA

0.50t —s—PLS

—— LPCCA
0.40} —— RCCA

—o— RbCCA
030L—— RbCA+CCA

PRIER %
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FERRYERE
6 R RIRA S REEEFHELE BB T {L i ¢
Fig.6 The recognition curve of the recognition method

with the increase of the feature dimension
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AFRREER R, NEI AT LUE Y Bl W o B
FYBE TN, CCA U 2R BE 15 s, M L 3Ok R,
RPCA+CCA LUK RbCCA B F [N 22, B
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Fig.7 The result of the recognition method with the

increase of the noise intensity
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