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Chapter X

CompleteKernel Fisher
Discriminant Analysis

ABSTRACT

This chapter introduces a complete kernel Fisher discriminant analysis (KFD) that is
a useful statistical technique applied to biometric application. We first describe
theoretical perspective of KPCA. Then, a new KFD algorithm framework, KPCA plus
LDA, is given. Afterwards, we discuss the complete KFD algorithm. Finally, the
experimental results and chapter summary are given.

INTRODUCTION

Over thelast few years, kernel-based | earning machines— that is, SVMs, KPCA,
and kernel Fisher discriminant analysis (KFD) — have aroused considerableinterestin
thefields of pattern recognition and machinelearning (Miller, Mika, Rétsch, Tsuda, &
Schdlkopf, 2001). KPCA wasoriginally devel oped by Schélkopf (Schélkopf, Smola, &
Mdiller, 1998) while KFD wasfirst proposed by Mika(Mika, Rétsch, Weston, Schol kopf,
& Mller, 1999). Subsequent research saw the devel opment of aseriesof KFD algorithms
(Baudat & Anouar, 2000; Roth & Steinhage, 2000; Mika, Ratsch, & Weston, 2003; Y ang,
2002; Lu, Plataniotis, & Venetsanopoulos, 2003; Xu, Zhang, & Li, 2001; Billings& Lee,
2002; Cawley & Talbot, 2003). The KFD algorithms developed by Mika, Billings, and
Cawley (Mika, Rétsch, & Weston, 2003; Billings& L ee, 2002; Cawley & Talbot, 2003) are
formulated for two classes, while those of Baudat, Roth, and Y ang (Baudat & Anouar,
2000; Roth & Steinhage, 2000; Y ang, 2002) areformulated for multipleclasses. Because
of itsability to extract the most discriminatory non-linear features, KFD hasbeen found
to bevery effectivein many real-world applications.
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KFD, however, always encounterstheill-posed probleminitsreal-world applica-
tions (Mika, Ratsch, & Weston, 2003; Tikhonov & Arsenin, 1991). A number of
regularization techniques that might alleviate this problem have been suggested. Mika
(Mika, Rétsch, & Weston, 2003; Mika, Ratsch, & Weston, 1999) used the technique of
making theinner product matrix non-singular by adding ascalar matrix. Baudat (Baudat
& Anouar, 2000) employed the QR decomposition techniqueto avoid the singularity by
removing the zero eigenvalues. Y ang (2002) exploited the PCA plus LDA technique
adoptedinfisherface(Belhumeur, Hespanha, & Kriegman, 1997) to deal with theproblem.
Unfortunately, all of these methodsdiscard thediscriminant information containedinthe
null spaceof thewithin-classcovariance matrix, yet thisdiscriminantinformationisvery
effectiveforthe SSSproblem (Liu& Y ang, 1992; Chen, Liao, & Ko, 2000; Yu& Y ang, 2001,
Yang& Yang, 2001; Yang & Y ang, 2003). Lu(Lu, Plataniotis, & Venetsanopoul os, 2003)
has taken this issue into account and presented kernel direct discriminant analysis
(KDDA) by generalization of DLDA (Yu& Y ang, 2001).

Inreal-world applications, particularly inimagerecognition, therearealot of SSS
problems where the number of training samples is less than the dimension of feature
vectors. For kernel-based methods, due to the implicit high-dimensional nonlinear
mapping determined by kernel, almost all problems are turned into SSS problems in
featurespace (actually, all problemswill become SSS problemsaslong asthedimension
of nonlinear mapping islarge enough). Actually, KPCA and KFD areinherently intune
withthelinear feature extraction techniqueslike PCA and Fisher LDA for SSSproblems.
Eigenface (Turk & Pentland, 1991) and fisherface (Belhumeur, Hespanha, & Kriegman,
1997) typically are PCA and LDA techniques for SSS problems. They are essentially
carried outinthe space spanned by all M training samplesby virtueof the SV D technique.
Likeeigenfaceandfisherface, KPCA and KFD arealso performedinall training samples’
spanned space. Thisinherent similarity makesit possibletoimprove KFD using the state-
of-the-art LDA techniques.

LDA has been well studied and widely applied to SSS problems in recent years.
Many LDA algorithms have been proposed. The most famous method is fisherface,
which is based on atwo-phase framework of PCA plus LDA. The effectiveness of this
framework inimagerecognition hasbeen broadly demonstrated. Recently, thetheoretical
foundation for this framework has been laid (Yang & Yang, 2003). Besides, many
researchers have dedicated to search for more effective discriminant subspaces. A
significant result isthefinding that there existscrucial discriminativeinformationinthe
null space of thewithin-classscatter matrix (Liu& Yang, 1992; Chen, Liao, & Ko, 2000;
Yu & Yang, 2001; Yang & Yang, 2001, 2003). In this chapter, we call this kind of
discriminativeinformationirregular discriminantinformation, in contrast withregular
discriminant information outside of the null space.

KFD would be likely to benefit in two ways from the state-of-the-art LDA tech-
niques. Oneistheadoption of amore concise algorithm framework, and the other isthat
it would allow the use of irregular discriminant information. This chapter seeks to
improve KFD intheseways: first of all, by developinganew KFD framework, KPCA plus
LDA, based onarigoroustheoretical derivationin Hilbert space. Then, acomplete KFD
algorithm (CKFD) isproposed based ontheframework. Unlikecurrent KL D algorithms,
CKFD can take advantage of two kinds of discriminant information: regular and
irregular. Finally, CKFD was used in face recognition and handwritten numeral recog-
nition. The experimental results are encouraging.

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



21 more pages are available in the full version of this
document, which may be purchased using the "Add to Cart"
button on the publisher's webpage: www.igi-
global.com/chapter/complete-kernal-fisher-discrimination-

analysis/5926

Related Content

Manifold Transfer Subspace Learning (MTSL) for Applications in Aided
Target Recognition

Olga Mendoza-Schrock, Mateen M. Rizkiand Vincent J. Velten (2017). International
Journal of Monitoring and Surveillance Technologies Research (pp. 15-32).
www.irma-international.org/article/manifold-transfer-subspace-learning-mtsl-for-applications-in-

aided-target-recognition/205542

Intelligent Bidding in Smart Electricity Markets

Magda Fotiand Manolis VVavalis (2015). International Journal of Monitoring and
Surveillance Technologies Research (pp. 68-90).
www.irma-international.org/article/intelligent-bidding-in-smart-electricity-markets/146155

Abortion: he Legal Voyage of the Unwanted Child

Fereniki Panagopoulou-Koutnatzi (2015). Protecting the Genetic Self from Biometric
Threats: Autonomy, Identity, and Genetic Privacy (pp. 114-130).
www.irma-international.org/chapter/abortion/125243

Gaze Estimation

Arantxa Villanueva, Rafael Cabezaand Javier San Agustin (2012). Gaze Interaction
and Applications of Eye Tracking: Advances in Assistive Technologies (pp. 310-325).
www.irma-international.org/chapter/gaze-estimation/60048

An Enhanced Computational Fusion Technique for Security of Authentication
of Electronic Voting System

Adewale Olumide Sunday, Boyinbode Olutayoand Salako E. Adekunle (2020).
International Journal of Smart Security Technologies (pp. 22-37).
www.irma-international.org/article/an-enhanced-computational-fusion-technigque-for-security-of-

authentication-of-electronic-voting-system/259322



http://www.igi-global.com/chapter/complete-kernal-fisher-discrimination-analysis/5926
http://www.igi-global.com/chapter/complete-kernal-fisher-discrimination-analysis/5926
http://www.igi-global.com/chapter/complete-kernal-fisher-discrimination-analysis/5926
http://www.irma-international.org/article/manifold-transfer-subspace-learning-mtsl-for-applications-in-aided-target-recognition/205542
http://www.irma-international.org/article/manifold-transfer-subspace-learning-mtsl-for-applications-in-aided-target-recognition/205542
http://www.irma-international.org/article/intelligent-bidding-in-smart-electricity-markets/146155
http://www.irma-international.org/chapter/abortion/125243
http://www.irma-international.org/chapter/gaze-estimation/60048
http://www.irma-international.org/article/an-enhanced-computational-fusion-technique-for-security-of-authentication-of-electronic-voting-system/259322
http://www.irma-international.org/article/an-enhanced-computational-fusion-technique-for-security-of-authentication-of-electronic-voting-system/259322

