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iPCA

Let X=[x, x, x].xER", Y — Z X,

k=1

[
. . Y — —\T
Define scatter matrix S, = » (x, —X)(x, —X)

S-is an 11 by n matrix =

Compute eigenvectors @ =(¢,,¢,,....0,)
@ is an n by d matrix

The projections Y. =®'x, k=1,2,...,]
Y, isa dby 1 vector



Pattern Representation-
* Vecterized images

Original
images
64x64

faces(1:4096,1:400) faces(1:400,1:400) faces(1:10:4096,1:400)



i Existing 2D methods

= P

CA

Multilinear SVD (L.Lathauwer et al. SIAM J. MAA,2000)
2DPCA (J.Yang, et al. TPAMI, 2004)
GLRAM (GPCA) (J.Ye, ICML'04; 1.Ye, et al. KDD'04)

MatPCA (MatKLT) (S.Chen, et al. PRL, 2005; D.Zhang, et al.
Neurocomputing, 2005)

(2D)2PCA (Eigenimage) (D.Zhang, Z.H.Zhou. Neurocomputing,
2005; D.Zhang, et al. ISNN'0O5)

Diagonal PCA (D.Zhang, Z.H.Zhou, S.Chen. PR, 2006)

2DSVD (C.Ding, J.Ye. SDM'05)

G2DPCA (H.Kong, et al. IJCNN'05)

Rank-R tensor approximation (H.Wang, N.Ahuja. CVPR'05)
Concurrent subspace analysis (PIMC)(D.Xu, et al. CYPR'05;MMM'05)



i J)DPCA 3 vang, D. zhang, PAMI 2004

'

Let X=[4, A, A, A,ER™>c A=Y 4,

I

k=1.
I —_— —_—

Define scatter matrix G, = » (4, — A)" (4, — 4)

G,is an cby ¢ matrix =

Compute eigenvectors @ = (4. 4,,....¢,)

@ is an ¢ by d matrix

The projections Y, =4D,k=12,.,]

Y, is a by d matrix



i 2DPCA (cont’'d)

= The bases of 2DPCA is in fact eigenvectors corresponding to
rows, which are also called row eigenvectors

Let X =[(4 —A)" (4, -A) . .(4-DT

bj. is the row of X

[ . . Ir
So G, =) (4, —A) (4, —A)=> bb,
k=1 i=1

Thus, we can see 2DPCA as PCA performed on 1-D rows



i 2DPCA (cont’d)

= Why 2DPCA works?

« “2DPCA is more suitable for small sample size problems (like
face recognition) since its image covariance matrix is quite
small.... The obvious advantage of 2DPCA over PCA is that
the former evaluates the covariance matrix more

accurately.” (Jian Yang et a/. TPAMI, 2004)

= 2DPCA uses more coefficients for image representation than
PCA.

= To reduce the coefficients, a 2DPCA+PCA method is
proposed in (Jian Yang et a/. TPAMI, 2004)



i (2D)2PCA

= Motivation

= Although 2DPCA obtains higher recognition accuracy than
PCA, a vital unresolved problem of 2DPCA is that it needs
much more coefficients for image representation than PCA.

= 2DPCA is essentially working in the row direction of images,
thus it cannot reflect the information between lines of
images

« By simultaneously considering the row and column directions,
we develop the 2-Directional 2DPCA, i.e. (2D)?PCA



i (2D)2PCA (cont’d)

. 1 M o .
Form matrix G =—2 (A, - A) (A -A)
M o

Compute eigenvectors of G: X =(7.73,...,7;)

1 M

Form matrix G’ :EZ (A, —A)A, -A)
M gl

Compute eigenvectors of G’

/.is also called the column eigenvectors

The projections
C,is a p by q matrix

C.=Z"AX

Z=(,1,..

[

P

)



i (2D)2PCA (cont’d)

sResults on ORL database under different dimensions
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Reprinted from (D.Zhang, Z.H. Zhou. Neurocomputing, 2005)



ORL database:
40 people

10 images each



Experiments

 Yale face database

« PCA, 2DPCA, BDPCA

— What do row eigenvectors look like?
— How much better can they do in FR?



Row eigenvectors



Column eigenvectors



Column vec X row vec



Recognition result



Recognition result (histogram equalization)



Robustness

M. Visani, ICIAR 2004 (FERET database)






Reconstruction

 W. Zuo, 2006
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Thank you!



