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Abstract: Face recognition has been a very valuable research to pattern recognition and face recognition
systems. These years, two-dimensional principal component analysis and kernel principal component analysis
have been successfully applied in face recognition systems. However, there is still some space for us to make
it better. This study has proposed a novel approach based on Two-dimensional Principal Component Analysis
(2DPCA) and Kernel Principal Component Analysis (KPCA) for face recognition. The proposed approach first
performs two-dimensional principal component analysis process to project the faces onto the feature pace and
then performs kernel principal component analysis on the projected data. And finally, one nearest neighbor
classifier based on Euclidean distance is used for recognizing faces. The experiments on ORL face database,
Yale face database and FERET face database show that the proposed approach gives a lugh recogmition rate
of 100% and outperforms state-of-the-art approaches and demonstrates promising applications.
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INTRODUCTION

In recent years, face recognition has got a great deal
of attention from the fields of computer view, face
recognition systems, pattern recogmtion and computer
vision communities (Zhao et al., 2003; Jain et al., 2004).
And many approaches have been used for face
processing and recognizing faces, such as Principal
Component Analysis (PCA) (Huo and Song, 2010; Zhang,
2011), Kernel Principal Component Analysis (KPCA)
(Xie and Lam, 2006, Wang and Zhang, 2010b) and
Two-dimension Principal Component Analysis (2DPCA)
(Sun et al., 2010, Ying and Liang, 2011).

PCA is widely used in the area of pattern recognition
and face processing (Zhao and Yang, 1999, Yang et al.,
2007, Wang and Li, 2010; Sun ef al, 2011). It was
proposed by Turk and Pentland {1991). However, PCA
only use the second order statistical information in data.
Thus, it can’t perform well in nonlinear cases. So,
Smola and Scholkopf (2002) proposed the KPCA
algorithm. KPCA 1s a technique for non-linear feature
extraction. Tt describes the nonlinear correlations among
the pixels, so the KPCA is able to capture this important
mformation and obtamn better results. Huang and Shao
(2004) and Wang and Zhang (201 Oa) applied the KPCA in
face recognition. Tu et al. (2005) proposed an efficient

kernel discriminant analysis method The 2DPCA

algorithm was proposed by Yang ef al. (2004). 2DPCA
algorithm directly works on two-dimensional matrix which
does not need to be transformed mto vector and can
easily find the feature vector and the feature matrix. Tt not
only can greatly reduce the dimensions of the image but
also improve the computational efficiency. These vears,
many 2DPCA-based algorithms are applied mn pattern
recogmition and face recogmition systems  and
achieved some satisfying effects (Niu ef al., 2009,
Ying and Liang, 2011).

However, the recognition rates of these approaches
above-mentioned were not enough for us to make further
applications. So, in this study, a novel approach based on
2DPCA-KPCA (TKPCA) was proposed for face
recogmtion. TKPCA approach combines the advantages
of 2DPCA and KPCA. Tt is demonstrated by experiments
that the proposed approach has a satisfactory face
recognition rate performance and outperforms other
approaches.

KERNEL PRINCIPAL COMPONENT ANALYSIS
AND TWO-DIMENSTIONAL PRINCIPAL
COMPONENT ANALYSIS

KPCA: The main idea of KPCA 15 to map input data mto
a high-dimensional feature space F and then perform PCA
in F. For a given nonlinear mapping, the mput data x, can
be mapped to ¢(x,). This can be expressed as follows:
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¢: R%-F x~dlx), k=12, N

In the feature space F, we assume:
N
Y Hx) =0 1

The covariance matrix 1s:

C = L3000 @
N5 j i
Denote ecigenvalues and eigenvectors of the
covariance matrix C by A and V, then:
w o= Cv 3)

The eigenvectors V can be expressed by a linear
combination of {(x,)..¢(x,). For some &, R, there exists:

Vo= Sodix) (4)
Define a matrix K{MxM):
k; = §(x;) ' Pix;) (%)

K is a kernel matrix. Then:
Ko =Nhiag (6)

Thus, the problem of solving the eigenvector V is
transformed to scolving the eigenvector ¢. From Eq. 6, we
can obtain a group of nonzero eigenvalues and the
corresponding meet the normalization condition:

(@, c)=1 (j=1,...N", N"<N) (7)

According to the Eq. 4, we can get the principal
components V; = (j = 1,.., N) of the feature space. We

assume X 1s the test samples, then the projection of X in
Vig=1,..N)is

(VIOX) = $ o) = § oKX ®

Some kernel functions such as the linear kernel,
polynomial kemel and Gaussian kernel have been
commonly used in many practical applications of kemnel
methods.

s Linear kernel:
Kixi, x) = <x, xi> (9
*  Polynomial kernel:
K(x, x) = (<x, x>+ch), d=12..... (10)
»  Gaussian kernel:

K(x, %) = exp(-q]x, x| (11)
2DPCA: TLet X denotes an n-dimensional column vector
and A denotes an m»*n image matrix. A is projected onto
X by the following linear transformation:

Y =AX (12)

Thus, we obtain an m-dimension column vector Y
which 1s called the feature vector of the matrix A.

Suppose that there are M traiming 1mage samples, so

the ith sample image can be expressed as matrix A,(mx>mn),

1=1, 2,..., M. Then the average image of all the traming
samples is denoted by A :

A = —YA, (13)

Introducing the covariance matrix G;:

T Mo A T 14
thﬁg(f—\l AV(A, -A) (14)

The cptimal value for the projection matrix X, is
composed by the d largest eigenvalues, i.e.:

Ko = CLL XL L XD (15
Let:

Y. =Ax,k=1,2,.,d (1e)

Then we obtain the feature matrix:
B=(Y,Y,..,Yy a7

FACE RECOGNITION USING TKPCA

Suppose that there are N training image samples
and N testing image samples, each mmage can be

expressed as a_,, matrix. Though ow proposed
approach is the combination of TPCA and KPCA, it
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is not to add the two approaches together simply.
The specific steps are as follows:

* Training phase: Different with the traditional
2DPCA, we first define two matrixes to store the
traiming samples, one 15 a two-dimensional matrix
(N, mxn) and another 1s a three-dimensional matrix
(m, n, N). By performing the 2DPCA approach on the
two-dimensional matrix, we can calculate the
covariance matrix (n, n) of all the training samples.
Then to calculate the eigenvalues and eigenvectors,
select the I largest eigenvalues and eigenvectors,
respectively. And then, we  project the
three-dimensional 2DPCA
feature space (n, L). Thus, we can obtain a new

matrix onto the

three-dimensional matrix (m, L, N)

In the second stage, we reshape the three-
dimensional matrix (m, L, N) and make it a two-dimensional
matrix (m*L., N). Then, we consider the transpose of the
new two-dimensional matrix as the traimng data of KPCA.
Meanwhile, a polynomial kernel function is selected to be
KPCA. Then, we perform the KPCA process to project the
training data onto the KPCA feature space.

¢  Testing phase: In this stage, the testing samples are
stored in a two-dimensional matrix (N, mxn). We
standardize each image of the testing samples and
reshape them, then project the reshaped data onto
the 2DPCA feature space and reshape them again,
respectively. Thus, we get a new two-dimensional
matrix (N, m~=n) and let the matrix to be the new test
data, i.e., the testing samples of KPCA

Unlike the traditional KPCA, in testing phase, we
calculate the kernel matrix the same as in the training
phase, i.e.

Ky = $(t)¢(t) (18)

not:

Ky = () d(xt) (19)

Also, a polynomial kernel s used as the kernel
function.

The next stage, by performing the KPCA approach,
we project the kernel matrix onto the KPCA feature space.
And finally, the one nearest neighbor classifier based on
Euclidean distance is used for recogmzing faces.

EXPERTMENTAL RESULTS

All the experiments were operated on a workstation
with Intel(R) Core(TM) 2 Duo CPU (293 GHz) in
MATLAB (7.10.0) environment. Experiments were
performed using TKPCA approach on the ORL database,
Yale databases and FERET database. Tn order to prove the
effectiveness of the TKPCA, we also applied the PCA,
KPCA and 2DPCA on the three databases to make
comparisons with the TKPCA.

Experiments on the ORL face database: Experiments were
performed using the first five images of each individual for
training and the rest images for testing. Thus, the total
number of the training samples and testing samples were
both 200. The comparison of CPU time and top
recognition rate on ORI database are shown in Table 1.

From Table 1, we can observe that the total CPU time
of the PCA, KPCA, 2DPCA and TKPCA is 5.1269, 19.3896,
3.702 and 19.485 sec, respectively. Although, the TKPCA
is the combine of 2DPCA and KPCA, its CP1J time is just
nearly to the CPU time of KPCA. In Table 1, the
recognition rate of PCA, KPCA, 2DPCA and TKPCA is
87.5, 89, 90.5 and 100%, respectively. The TKPCA
algorithm outperforms the PCA, KPCA and 2DPCA by
12.5,11 and 9.5%, respectively.

Experiments on the Yale face database: According to the
TKPCA algorithm, the experiments were carried out using
the first five images of each individual for traiming and the
next five images for testing. Thus, the total number of the
traiming samples and testing samples were both 75. The
comparison of CPU time and top recognition rate on Yale
database are shown in Table 2.

As can be seen from Table 2, though the total CPU
time of TKPCA 1s 2.7737 sec and higher than the other
approaches, it is still less than the sum of the KPCA and
2DPCA. We also can observe that the recognition rate of
PCA, KPCA and 2DPCA shows a 4.83, 5 and 2.5%
decrease, respectively, when compared to applying on the
ORL database. Whereas, the TKPCA still gives the
recognition rate of 100%. It outperforms the PCA, KPCA
and 2DPCA by 17.33, 16 and 12%, respectively.

Table 1: Comparison of CPU time and top recognition rate of different
algorithm on ORL face database

Algorithm PCA KPCA 2DPCA TKPCA
Training time(sec) 4.3238 12.7118 0.6388 10,4528
Testing time(sec) 0.8031 6.6778 3.0632 9.0322
Total time(sec) 5.1269 19.3896 3.702 19.485
Recognition rate (%) 87.5 89 90.5 100.

PCA: Principal component analysis, KPCA: Kemel principal component
analysis, 2DPCA: Two-dimensional principal component analysis,
TKPCA: Two-dimensional principal component analysis and kernel
principal component analysis
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Table 2: Comparison of CPU time and top recognition rate of different
algorithm on Yale tace database

Algorithm PCA KPCA 2DPCA TKPCA
Training time(sec) 0.7631 1.3111 0.5598 1.1759
Testing time(sec) 0.2195 0.5985 0.9881 1.0158
Total time (sec) 0.9826 1.9096 1.5479 2.7737

Recognition rate (%) 82.67 84 88 100
PCA: Principal component analysis, KPCA: Kernel principal component
analysis, 2DPCA: Two-dimensional principal component analysis,
TKPCA: Two-dimensional principal component analysis and kernel
principal component analysis

Table 3: Comparison of CPU time and top recognition rate of different
algorithm on FERET face database

Algorithm PCA KPCA 2DPCA TKPCA
Training time 2.1656 2.6431 1.2358 3.6432
Testing time 1.1818 1.3628 1.1654 2.8214
Total time 3.3475 4.0059 2.4489 6.4616
Recognition rate (%) 2.67 2.667 86.7 100

PCA: Principal component analysis, KPCA: Kernel principal component
analysis, 2DPCA: Two-dimensional principal component analysis,
TKPCA: Two-dimensional principal component analysis and kernel
principal component analysis

Experiments on the FERET face database: The last
experiment was performed using the FERET database.
There were 50 individuals each containing 6 images
FERET database.
Experiments were performed using the first three

which were chosen from
immages of each mdividual for traimng and the rest
images for testing. The total number of the tramung
samples and testing samples were both 150. The
comparison of CPU time and top recogmition rate on
FERET database are shown in Table 3.

From Table 3, we can observe that the total CPU time
of KPCA and 2DPCA 1s 4.0059 and 2.4489 sec,
respectively. The TKPCA is 6.4646 sec and nearly to the
sum of the KPCA and 2DPCA. As can be seen in Table 3,
the PCA and KPCA approaches nearly do not work when
performing on the FERET database. And the recognition
rate of TPCA shows a decrease agam. It shows a
recognition rate of 86.7%. Whereas, the TKPCA still
keeps a recogmtion rate of 100% and much better than the
other three approaches.

The experimental results all above have proved the
effectiveness of our proposed approach. And this
approach is very easy to implement. Face recognition can
not only be used to determine the identity of a person but
also can be used to identify criminals. So, this paper
promotes the development of information security and
provides a better approach for face recognition.
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CONCLUSION

In this study, an approach based on 2DPCA and
KPCA has been proposed for face recognition. TKPCA
approach combined the advantages of 2DPCA and KPCA,
1.e., with not too much CPU time to achieve higher face
recognition rate. A polynomial kernel function and the
one nearest neighbor classifier based on FEuclidean
distance have been used for TKPCA face recognition.
The experiments on ORL database, Yale database and
FERET database have shown that the TKPCA approach
gives a high recognition rate of 100% and outperforms the
other  approaches and promising
applications in pattern recognition and face recogmtion
systems.

demonstrates

REFERENCES

Huang, G.H. and HH. Shao, 2004. Kemel principal
component analysis and application in face
recognition. Comput. Eng., 30: 13-14.

Huo, HJ. and E. Song, 2010. Face recognition using
curvelet and selective PCA. Proceedings of the
International Conference on Intelligent Control and
Information Processing, August 13-15, 2010, Dalian,
China, pp: 348-351.

Jain, AK., A Ross and S. Prabhakar, 2004. An
introduction to biometric recognition. TEEE Trans.
Circuits Syst. Video Technol., 14: 4-20.

Lu, I, K.N. Plataniotis, AN. Venetsanopoulos and
I, Wang, 2005, An efficient kernel discrimmant
analysis method. Pattern Recognit., 38: 1788-1790.

Ni, LP, Y.B. Zheng, X.Y. Liand Y. Dou, 2009. Bayesian
face recognition using 2ZDPCA. Int. Forum Info.
Technol. Applic., 2: 567-570.

Smola, A.J. and B. Scholkopf, 2002. Learning with
Kermels-Support Vector Machines, Regularization,
Optimization and Beyond. 1st Edn, MIT Press,
Cambridge.

Sun Z.X., W.K. Yang, C.Y. Sun and I.F. Shen, 2010. Face
recognition using DT-CWT feature-based 2ZDPCA.
Proceedings of the Chmese Conference on Pattern
Recognition, October 21-23, 2010, Chongging, China,
pp: 692-696.

Sun, G.X, LL. Zhang and H.Q. Sun, 2011. Face
recogmtion based on symmetrical weighted PCA.
Proceedings of the International Conference on
Computer Science and Service System, JTune 27-29,
2011, China, pp: 2249-2252,

Twk, M. and A. Pentland, 1991. Eigenfaces for
recogmition. J. Cognitive Neurosci., 3: 71-86.

1784



Inform. Technol. J., 11 (12): 1781-1785, 2012

Wang, Y M. and Y.7Z. Zhang, 2010a. Facial recognition

PCA. Proceedings of the
International Conference on Intelligent Networks and
Intelligent Systems, November 1-3, 2010, Shenyang,
pp: 88-91.

Wang, Y M. and Y.Z. Zhang, 201 0b. The facial expression
recognition based on KPCA. Proceedings of the
International Conference on Intelligent Control
and Information Processing, August 12-15, 2010,
China, pp: 365-368.

Wang, Z.H. and X.D. L1, 2010c. Face recogmtion based on
mnproved PCA reconstruction. Proceedings of the
8th World Congress on Intelligent Control and
Automation, July 7-9, 2010, China, pp: 6272-6276.

Xie, X.D. and K. M. Lam, 2006. Gabor-based kernel PCA
with doubly nonlinear mapping for face recognition
with a single face image. TEEE Trans. Image Process.,
15: 2481-2492.

Yang, I, D. Zhang, AF. Frangi and J. Yang, 2004. Two-
dimensional PCA: A new approach to appearance-
based face representation and recognition. TEEE
Trans. Pattern Anal. Mach. Intell., 26: 131-137.

based on kernel

Yang, I, D. Zhang and I.Y. Yang, 2007. Constructing PCA
baseline algorithms to reevaluate TCA-based face-
recogmition performance. IEEE Trans. Syst. Man
Cybern. Part B: Cybern., 37: 1015-1021.

Ying, L. and Y. Liang, 2011. A human face recognition
method by improved Modular 2DPCA. Proceedings
of the Intemational Symposium on IT m Medicine
and Education, Vol. 2, December 9-11, 2011,
Cuangzhou, China, pp: 7-11.

Zhang H.Y., 2011. Tmage preprocessing methods in face
recognition. Proceedings of the Symposium on
Photonics and Optoelectromics, May 16-18, 2011,
China, pp: 1-4.

Zhao W., R. Chellappa, P.J. Phillips and A. Rosenfeld,
2003. Face recognition: A literature survey. ACM
Comput. Surveys, 35: 399-438.

Zhao, L. and Y.H. Yang, 1999. Theoretical analysis of
illumination in PCA based vision systems. Pattern
Recogmit., 32: 547-564.

1785



	1781-1785_Page_1
	1781-1785_Page_2
	1781-1785_Page_3
	1781-1785_Page_4
	1781-1785_Page_5
	ITJ.pdf
	Page 1


