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ABSTRACT

Principal component analysis (PCA) is one of the successful techniques for applying to Face recognition,
but its challenge still remains for solving inillumination effect condition. This paper proposes an improved
2DPCA (I-2DPCA) for over-whelming the face recognition in illumination effects. The pro-posed method is
based on two assumptions. The First assumption is to create the covariance matrix that can effectively
decompose the components of illumination effects from the eigenfaces. This avoids the illumination
effect problem. The second assumption is to select the suitable eigenvectors that can significantly improve
the recognition rate. Based on the Extended Yale Face Database B+ containing 60 illumination conditions,

the experimental results show that not only does the proposed method decrease the computing time, but

it also improves the recognition rate up to 95.93%.

Index Terms - Face Recognition; Illumination Effects; PCA: 2DPCA

1. INTRODUCTION

Although face recognition, which is one of the
biometric authentications, has been continually
researched and applied in many applications, it still
requires the performance improvement for
applying in uncontrollable environment, especially
in illumination effects.

Principal component analysis (PCA) proposed by
Karl Pearson in 1901 is a well-known technigue for
reducing matrix dimension. In 1987, Sirovich et al.
[2] introduced PCA for face recognition. Since
then, many papers have attempted to improve the
PCA approach for the better result in applying to
face recognition. The main issue of the
conventional PCA method is that 2D images must
be transformed into 1D image vectors, thus
leading to a high dimensional image vector space.
This makes it difficult to evaluate the accurate
covariance matrix due to its large size and the
small number of training images. Therefore, two-
dimensional principal component analysis (2DPCA)
introduced by Jian et al. [3] was pro-posed to
overcome this problem. The 2DPCA method is
based on a 2D image instead of a 1D vector for

constructing the covariance matrix. Consequently,
it can improve the efficiency of the covariance
matrix by reducing the computing time in feature
extraction, and  increasing the accuracy of
recognition rate. In addition, Wang et al. [4]
showed that 2DPCA is equivalent to block-based
PCA and its performance is still higher than typical
rectangle block-based PCA on FERET database.
Daoqgiang et al. [5] realized that 2DPCA requires
more coefficients than PCA to get a higher
accuracy rate. Thus (2D)’PCA was proposed to
solve this problem. The (2D)*PCA method
computes two covariance matrices of row and
column directions, and then uses these matrices to
project images together. This method archives the
higher accuracy rate and consumes computing
time less than 2DPCA. Furthermore, Young et al.
[6] introduced a bidirectional 2DPCA method to
archive the higher accuracy rate. The conventional
2DPCA method was modified by applying a linear
transformation matrix, using two covariance
matrices which are the row and column covariance
matrices. As a result, this method archives the
higher accuracy rate than 2DPCA and (2D)?PCA,
but consumes the higher computing time in the
recognition phase.



As mentioned in previous paragraph, the evolution
of PCA methods focuses on the improvement of
recognition rate and computing time. However, a
Few papers [7] have reported that PCA achieves in
applying to face recognition in illumination effects.
For this reason, based on the successful 2DPCA,
this paper proposes an improved 2DPCA (I-2DPCA)
for eliminating the illumination effects on Fface
recognition. In order to achieve the purpose, the
conventional 2DPCA method is modified in two
Factors. The former factor is reducing the number
of zero mean images of the conventional 2DPCA
by obtaining mean value from the mean image.

NPCA

Meun

Mean [mape

H
2
Mean 2
i =
Subirciion > L
)
; 2
: =
=
Zerg Mo =
s T -
1
* Covarignee
Matrix
Calonlation

A et ofCoveimes
Mamaes

Megn
Covariance
Matriv

Meow Comgnes l X
Mapnx -\
Elgenvector
Figepvalue

wnd Selection

*

| N
Emuge

Projection

¥
Figerdure tieneratinn

Eigenfaces

—

Fmage
Projreton

Fewiowe Katraetion

Featpreventord ¥} Festursvestor (Fp, }

Faselidian
Distapes

'

Recognition
Result

Then the mean image is subtracted by this mean
value to create a single zero mean image. This
technique can reduce the number of zero mean
images from N to 1, thus reducing the time-
consuming in training procedure. The latter factor
is to select the suitable principal components
derived from the covariance matrix of the single
zero mean image. The lower order of the principal
components contains the illumination effects. In
order to eliminate these effects, the higher order
of the principal components is suitably selected to
form the eigenfaces for feature extraction.

1.2DPCA
Training Imapes \‘
=1
i Rler B
' e
Alenn | > 2
=
P
M Vilye 3
%
o
Alean =
Subtraction
" ZeroRiee:
boape
R ¢
3 A
; Covarianer
Matrie
© alemlatinn
Covptiance Matry j
¥ '\
Eigenvecior
Eigenvatue g
anid Selection £
it
£
=
Fest ‘E
2
F
Tmage =
}'w}w'tmn ¢ Eigenface /
. 3
=
Emage 3
Prajection E
3
£
Femwneyeeon iFyd Featureweotor (Fy, 3 B
Enchidiun

Distance

Recognition
Resuk
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experimental results are discussed. Finally, the
conclusion is presented in section V.

2. PROPOSED METHOD

In this section, |-l2DPCA is proposed Ffor
overcoming face recognition in illumination effects.
The overall framework of the proposed method is
schematically depicted in Fig. 1 and the
manipulation details are described as the following
procedures.

A. Eigenface Preparation

All training images, 7, are averaged in order to
generate an averaging image, Amxn» by using (1).

L< (1)
mxn = WZ

i=l
where Nis a number of training images.

The mean value, M, is obtained by averaging the
Am.n image. This mean value is used to calculate a
zero-mean image by subtracting M from the
averaging image as defined by (2).

Lmen =Amxn —M. {2)

Consequently, the zero-mean image, LHyun
contains mere-ly variance of the averaging image.
In this way, only a single zero-mean image derived
from the LHn., image is used to generate the
covariance matrix by using (3). This can greatly
reduce the computing time.

Cov,, = ﬁ i (LH ,.)(LH p )T (3)
i1

On the other hand, the conventional 2DPCA
method requires N-zero-mean  images for
constructing a set of covariance matrices as
illustrated in Fig. 1(a). Then, all covariance matrices
are averaged their coefficients to form a single one
which is applied to an eigenface generation phase.

B. Eigenface Generation

Eigenface, a set of eigenvectors, is a heart of
face recognition. It plays a role in extracting
features from face images in the projection step.
This paper proposes the effective eigenface that
can avoid an illumination problem. It is the fact that
the lowest order eigenvector derived from the
covariance matrix commonly contains illumination
change components. There-fore, the selection of a
suitable range of eigenvectors is essential to
exclude the illuminatioh effects, thus increasing the
re-cognition performance. In other words, the
eigenvectors should not include the illumination

components. The suitable range of the
eigenvectors is in the higher order. This makes |-
2DPCA different from the conventional PCA and
2DPCA methods.

C. Feature Extraction

Feature extraction is a procedure to extract
key characteristics of images. Here, all training
images are projected onto the eigenface so as to
form a set of Feature vectors, F-

At the same way, the testing image is also
projected onto the eigenface

Figure 2. A part of Extended Yale Face DatabaseB+
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Figure 3. Recognition accuracy of the conventional
PCA method when the eigenvectors are selected
from low-order to high-order.
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Figure 4. A comparison of recognition accuracy of
the conventional 2DPCA [3] and proposed methods
when the eigenvectors are selected from low-order
to high-order.

so as to form a Feature vector, Fs In order to
classify the testing image based on the eigenface,
both F; and Fi derived from training and testing



images are classified by using Euclidean distance,
which is a simple classifier.

3.EXPERIMENTAL RESULTS

In this section, the efficiency of the proposed
method,
[-2DPCA, is evaluated in terms of recognition
accuracy and computing time. The following two
subsections describe on data preparation, and
results and discussions, respectively.

D. Dataset Preparation

Extended Yale Face Database B+ [8] is a
standard dataset used to test the performance of |-
2DPCA. This dataset contains

e
-'l I
%A
By}

WAl R R el S e [wem] an T o ,*.1}.&..;(... ST aRt e m et

Newvdrer of Efgenvestoes

Figure 5. Recognition accuracy of the conventional
PCA method when the eigenvectors are selected in

different intervals.
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Fig. 6. A comparison of recognition accuracy of the
conventional 2DPCA [3] and proposed methods
when the eigenvectors are selected in different
intervals.

2,280 images of 38 persons and 60 illumination
conditicns with no facial expression and no facial
rotation. The pixel resolutions of this dataset are
168x192. A part of dataset is shown in Fig. 2.

E. Results and Discussions

In order to avoid the illumination effects, the
suitable order selection of eigenvectors derived
from the covariance matrix of the proposed
method is a key role to accomplish the higher
recognition rate. Therefore, two experiments are
set up. The first experiment aims to investigate the
suitable order selection of eigenvectors of the
conventional PCA [9], 2DPCA [3], and |-2DPCA
methods. Fig. 3 shows that the highest recognition
rate, 52.82%, of the conventional PCA method
occurs when the eigenvectors are selected from

1%-250" vectors. On the other hand, Fig. 4 shows
that the highest recognition rate of the con-
ventional 2DPCA method occurs when the first two
eigenvectors are selected, whereas |-2DPCA gets
the highest recognition rate when the first six
eigenvectors are selected.

The second experiment aims to investigate the
suitable range of eigenvectors of the conventional
PCA, 2DPCA, and I-2DPCA methods. The technique
used to search for the suitable range of
eigenvectors is based on [10]. As shown in Fig. 5,
the recognition accuracy of PCA gets the best
result 82.83%, when the eigenvectors in range
15740" are selected. It is better than the
conventional approach as shown in Fig. 3. This
reveals that the appropriate selection of interval
eigenvectors leads to the better recognition rate. In
the same way, F|g 6 discloses the eigenvectors in
range 24™-30"" " of the conventional 2DPCA
provides the highest recognition rate at 92.28%,
whereas the eigenvectors in range 24™-31% of the
proposed method provides the highest recognition
rate at 93.93%. The

TestImage 2DPCA[3 I-2DPCA
(3
X
: X
1 . x
t . x
| . . :

Figure 7 A part of experimental results of
recognition face in illumine-tion effects.



higher order selection of eigenvectors can improve
the accuracy rate in the set of images with
illumination change, since it can avoid the
illumination components which are located in the
low order of eigenvectors. Fig. 7 shows a part of
experimental results of the illumination effects on
Face recognition that the proposed method can
effectively recognized, whereas the base-line
algorithm [3] fails in this case. This achievement
depends on the following factors; (i) creating the
covariance matrix that can effectively decompose
the components of illumination effects from the
eigenfaces, and (ii) selecting the suitable eigen-
vectors that can significantly improve the
recognition rate.

Furthermore, when it is evaluated the
performance in terms of computing time in three
important phases; eigenface preparation, eigenface
generation, and feature extraction, I-2DPCA totally
consumes computing time less then both the
conventional PCA and 2DPCA methods as
illustrated in Table |. The main reason of this
advantage is that the proposed method reduces
the number of zero-mean images from N to 1 for
obtaining the covariance matrix. Therefore, in
training phase, the proposed method can run faster
than the conventional 2DPCA method [3]. Based on
the experimental results as illustrated in Table I, I-
2DPCA computes faster than the conventional PCA
and 2DPCA methods almost two times, when the
eigenvectors are selected from low-order to high-
order. In the same way, Table I also shows that |-
2DPCA out-performs the conventional PCA and
2DPCA methods.

Table 1. A comparison of time-consuming of the
conventional PCA, 2DPCA, and |-2DPCA methods,
when the eigenvectors are selected from low-order
to high-order.

Procedures PCA[9] | 2DPCA[3] | I-2DPCA
Eigenface Preparation | 0.9583 0.5145 0.6759
Eigenface Generation 0.2159 0.0027 0.0023

Feature Extraction 1.6581 0.2549 0.3196
Total Computing Time | 2.8323 0.7721 0.3978

Table 2. A comparison of time-consuming of the
conventional PCA, 2DPCA, and |-2DPCA, when the
eigenvectors are selected in different intervals.

Procedures PCA[9] | 2DPCA[3] | I1-2DPCA
Eigenface Preparation 1.0402 0.5187 0.0771
Eigenface Generation 0.2293 0.0025 0.0024

Feature Extraction 1.0099 0.3227 0.3127
Total Computing Time | 2.2794 0.8440 0.3922

4. CONCLUSION

This paper proposes an improved 2DPCA for
overcoming face recognition in illumination effects.
The main contributions of the proposed methods
are () speeding up the computing time of the
training step by using a single zero mean image for
creating the “covariance matrix, and (i) increasing
the accuracy of face recognition in illumination
effects by selecting the suitable intervals of
eigenvectors. Based on the Extended Yale Face
Database B, the experimental results show that not
only does the proposed method increase the

computing time, but it also improves the
recognition rate up to 95.93%.
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