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Chapter V

Statistical Uncorreation
Analysis

ABSTRACT

This chapter shows a special LDA approach called optimal discrimination vectors
(ODV), which requires that every discrimination vector satisfy the Fisher criterion.
After introduction, we first give some basic definitions. Then, uncorrelated optimal
discrimination vectors (UODV) are proposed. Next, we introduce an improved UODV
approach, and offer some experimentsand analysis. Finally, we summarize some useful
conclusions.

INTRODUCTION

ODV is a special LDA approach that requires that every discrimination vector
satisfy the Fisher criterion. Variousliterature discuss ODV . Foley and Sammon present
a set of optimal discrimination vectors for two-class problems, which requires the
discrimination vectorsto satisfy the orthogonality constraint (Foley & Sammon, 1975).
Foley’ sapproachiscalled theFoley-Sammon ODV (FSODV). Okadaand Tomitapropose
an optimal orthonormal system for discrimination analysis (Okada & Tomita, 1985).
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Duchene et al. propose orthogonal discrimination analysis in a transformed space
(Duchene & Leclercq, 1988). Liu, Cheng and Y ang propose more comprehensive sol u-
tionsfor the ODV set (Liu, Cheng, & Y ang, 1993).

Whileall of the above ODV approaches employ the orthogonality constraint, Jin,
Yang, Hu, Tang and Lou recently proposed an UODV (Jin, Yang, Hu, & Lou, 1993)
approach andarelated theorem (Jin, Y ang, Tang, & Hu, 2001). UODV usestheconstraint
of statistical uncorrelation. The experimental results show that UODV produces better
outcomesthan FSODV on the same hand-written data, wheretheonly differenceliesin
their respective constraints. Ontheother hand, Y ang, Y ang, and Zhang (2002) provethat
the uncorrelation constraint is theoretically superior to the orthogonality constraint.
However, some disadvantages still exist in Jin’s approach. First, in order to guarantee

Cc
. . . . . - T
that S, isnonsingular, it usesthebetween-classcorrelation matrix, zb— mm, asthe
1=

production matrix of the KL transform, where m is the average value of the ith class
samples. It is not a TPCA method that uses S as the production matrix. Therefore, it
cannot reflect the total scatter of the whole sample set. Second, its theorem is merely
suitable for a specific situation, where the non-zero discrimination val ues of the Fisher
criterion are unequal mutually, implying that it cannot be applicableto other situations.

BASIC DEFINITION

Suppose that X is an N-dimensional sample set, and w,, w,, . . . w_ are C known
patternclassesof X.Letmand P(i=1,2,...,C) bethemean vector andapriori probability
of classw,. Let mbethemeanvector of X. Thebetween-classscatter matrix, S, thewithin-
classscatter matrix, S andthetotal scatter matrix, S, aredefined asEquations3.43, 3.37
and 3.41.

The Fisher criterion is expressed by the maximum value of the following function
asEquation 3.31. And here, wechangethesymbol wto ¢ to explainthefollowing problems
simply.

Thefirst stepisto perform TPCA; that is, totake S asthe production matrix of the
K-L transform. Suppose that the rank of S isr.We get r eigenvectors corresponding
tothenon-zero eigenvaluesof S, whichformthetransformmatrix W, . Thus, any N-
dimensional samplefrom X canbetransformedintoan r -dimensional vector. Thereason
we choose TPCA transform is TPCA has a favorable property; namely, the statistical
uncorrelation. Suppose that there are two different discrimination vectors ¢, and
¢, (¢, = ¢,) Thestatistical uncorrelationin Jin, Yang, Hu and Lou (2001) is defined as:

¢S4, =0 (5.1)

Let W_ _ =[w

oea= itisobviousthat:

w, ...w ]. Accordingtothedefinition of W,

1 PCA’

wSw =0, j#i, 1<(,j)<n (5.2)

Obviously, TPCA can satisfy the statistical uncorrelation.
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