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Bilateral 2D-PCA



Recap of 2D-PCA

In 2D-PCA we multiply all images Ai by X resulting in the projected
image

Yi = AiX. (1)

We choose X that maximizes the scatter of the projected images. The
columns of X are the eigenvectors corresponding to the top d
eigenvalues of the image covariance matrix

Gt =
1
M

M∑
j=1

(Aj − Ā)T(Aj − Ā). (2)
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Disadvantages of 2D-PCA

By only multiplying an image Ai on the right, 2D-PCA operates solely
on its rows. This means that some information in the columns is
likely lost. Additionally, 2D-PCA requires more coefficients for image
representation than PCA. An (m× n) image can only be reduced to
(m× d).

Bilateral 2D-PCA addresses these problems.
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Disadvantages of 2D-PCA

Row-based 2D-PCA Column-based 2D-PCA

Y = AX Y = XA
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Bilateral 2D-PCA

Bilateral 2D-PCA (B2DPCA) includes information from the rows and
the columns by multiplying an image Ai on both the right and the
left.

Yi = UTAiV. (3)

Here U has dimension (m× d1). It’s columns are the eigenvectors
corresponding to the d1 largest eigenvalues of

G1 =
1
M

M∑
j=1

(Aj − Ā)(Aj − Ā)T. (4)

V has dimension (n× d2), and it’s columns are the eigenvectors
corresponding to the d2 largest eigenvalues of

G2 =
1
M

M∑
j=1

(Aj − Ā)T(Aj − Ā). (5)
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Advantages of Bilateral 2D-PCA

Since B2DPCA* operates on the rows and columns of an image, it
better exploits the inherent structure of the image matrix than
2D-PCA or PCA can.

Additionally, B2DPCA requires less coefficients to represent an
image; an (m× n) image can be reduced to (d1 × d2). B2DPCA is
highly effective at dimension reduction.

*Other authors have also called it Complete 2D-PCA and (2D)2PCA 6



Experiments



Intro to the Data

The ORL Database is a collection of 400 images taken between 1992
and 1994. It features 40 distinct individuals, with 10 pictures per
person. Lighting conditions, facial expression, and glasses/no
glasses vary among images. All images are grayscale and 92 × 112 in
size.

I selected the ORL database because:

1. The researchers who introduced B2DPCA used it. I wanted to
replicate their results to ensure my code was working properly.

2. It has 10 images per person, making it ideally suited for image
recognition.

3. ORL is small. This allows me to focus on tweaking the algorithm
before I apply it to more complicated datasets like MORPH-II.

Available at http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html 7

 http://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html


Snapshot of ORL

Modified from http://www.cl.cam.ac.uk/research/dtg/attarchive/facesataglance.html 8

 http://www.cl.cam.ac.uk/research/dtg/attarchive/facesataglance.html


Procedure

I processed all images using B2DPCA. Then, I applied leave-one-out
cross validation as well as a more difficult train on 2, test on 8
approach. I used a nearest neighbor (1NN) classifier to assign each
testing image to one of the 40 people. I varied the selection of d1
and d2 to see how this affects accuracy.
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Results for LOO

It appears that our accuracy increases more when we raise d1 than
when we raise d2, suggesting perhaps that it is more difficult to
capture the variability of facial features in the vertical direction.
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Results for train on 2, test on 8

For this test I trained on the first two images for each person, and
tested on the last eight images of each person. We see lower overall
accuracy rates, but the same trend from the LOO results persists.
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Kernel 2D-PCA



???

GΦ
t =

N∑
i=1

Ψ(Xi)TΨ(Xi)

=
N∑
i=1

Φ((X
1∗
i )T)T

...
Φ((Xk∗i )T)T


T Φ((X

1∗
i )T)T

...
Φ((Xk∗i )T)T



=
N∑
i=1

[
Φ((X1∗i )T) · · · Φ((Xk∗i )T)

]Φ((X
1∗
i )T)T

...
Φ((Xk∗i )T)T


=

N∑
i=1

k∑
j=1

Φ((Xj∗i )
T)Φ((Xj∗i )

T)T
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Kernel 2D-PCA

All of the papers I have found so far on Kernel 2D-PCA are lacking in
theoretical foundation. They are all slightly different from each
other, none are well-cited, and the majority of them fail to address
computational costs.

Most papers on Kernel 2D-PCA treat each row of an image as a
computational unit (so a matrix is like a vector of rows). Much like in
2D-PCA, this results in information loss from the columns. So far I
have been unable to find any papers that successfully use both row
and column information with kernels.
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Conclusion



Conclusion

Bilateral 2D-PCA is easy to implement, simple to understand, and is
highly effective at dimension reduction and face recognition.

Developing a Kernel version of Bilateral 2D-PCA remains an open
problem, though possibly one that is outside of the scope of our
research.
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