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Kernel Discriminant Analysis Based on Support Vectors
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Abstract  Discriminant analysis is one of crucial issues for the statistic-based face recognition meth-
ods. This paper proposes a novel Support Vectors based Kernel Fisher Discriminant analysis method
(SV-KFD) for face recognition, which has combined the idea of the Support Vector Machine(SVM)
and kernel Fiser analysis. The authors first discuss the relationship between SVM and kernel Fisher
analysis. Based on the intrinsic nullspace property of the SVM proven by the authors, which shows
that the normal vector of the SVM decision plane is of the nullspace property in terms of the support
vectors-based within-class scatter matrix, a support vectors-based method is presented to construct
the Kernelized Decision Boundary Feature Matrix ( KDBFM) by using the SVM normal vectors.
Furthermore the difference vector of the mean support vectors is combined to construct the Extended
Kernelized Decision Boundary Feature Matrix (Ex-KDBFM). Finally, the nullspace Kernel Fisher
method is exploited to seek the projection space, which is used to extract the discriminant features
from the original face images. In addition, the proposed discriminant method includes two steps, and
the tedious sigularity problem can be avoided. The proposed method is applied on face recognition,
and the experimental results on the FERET and CAS-PEAL-R1 databases show that it performs

much better than the traditional kernel discriminant analysis methods in terms of the recognition rate.
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Background

This work is conducted in the ICT-ISVISION Joint
R&.D Lab for face recognition, Institute of Computing Tech-
nology Chinese Academy of Sciences, which has been work-
ing on face recognition related researches for more than 9
years as the first specialized lab on face recognition in China.
This paper is partly supported by the National Natural Sci-
ence Foundation of China under project “The Study of Identi-
fication Based on Biometrics” with grant No. 60332010, 100
Talents Program of CAS, Program of New Century Excellent
Talents in University(NCET-04-0320) ,and ISVISION Tech-
nology Co. Ltd. The group has always been aiming at inven-
ting fully innovative kernel technologies and dealing with key
issues in Biometrics, especially in face recognition area,
based on which, multiple disciplines such as pattern recogni-
tion, machine learning, and computer vision, are theoretical-
ly studied. In the last 9 years, plenty of research work has
been done on the basic theories in face recognition, as well as
the practical engineering techniques. About 100 research pa-

pers had been published by the members of the group. Many

papers has been published or accepted by some well-known
journals or proceedings, such as IEEE Transactions on Image
Processing, IEEE international conference on Computer Vi-
sion and Pattern Recognition, IEEE international conference
on Computer Vision, etc.. And many of the research fruits
have been successfully applied to practical applications such
as bank surveillance, access control, and time-card systems.

The discriminant analysis is one of critical issues for the
statistic-based face recognition methods. The work presented
in this paper is just motivated by the research about the rela-
tionship between Support Vector Machine and kernel Fisher
analysis. The property of the SVM has been proven by them
that it is of the nullspace property in terms of the support
vector based within-class scatter matrix. The authors also
find that SVM normal vectors can be used to make discrimi-
nant analysis, therefore, this paper proposes the support
vector based discriminant analysis method for face recogni-

tion.



