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Abstract

We present a new method that we call Generalized Discriminant Analysis (GDA) to deal with
nonlinear discriminant analysis using kernel function operator. The underhgogytis close to

the Support Vector Machines (SVM) insofar as the GDA method provides a mapping of the input
vectors into high dimensional feature space. In the transformed space, linear properties make it
easy to extend and generalize the classical Linear Discriminant Analysis (LDA) to non linear
discriminant analysis. The formulation is expressed as an eigenvalue problem resolution. Using a
different kernel, one can cover a wide class of nonlinearities. For both simulated data and alternate
kernels, we give classification results as well as the shape of the separating function. The results
are confirmed using a real data to perform seed classification.

1. Introduction

Linear discriminant analysis (LDA) is a traditional statistical method which has proven sucaessful
classification problems [Fukunaga, 1990]. The procedure is based on an eigenvalue resolutiogsand giv
an exact solution of the maximum of the inertia. But this method fails for a nonlinear problem. In this
paper, we generalize LDA to nonlinear problems and develop a GeneralizednDisnt Analysis

(GDA) by mapping the input space into a high dimensional feature space with linear properties. In the
new space, one can solve the problem in a classical way such as the LDA method. The main idea is to
map the input space into a convenient feature space in which variables are nonlinearly related to the input
space. This fact has been used in some algorithms such as unsupervised learning algorithms [Kohonen,
1994] [Anouar, Badran, Thiria, 1998] and in support vector machine (SVM) [Vapnik, 1995] [Schélkopf,
1997]. In our approach, the mapping is close to the mapping used for support vector method which is a
universal tool to solve pattern recognition problems. In the feature space, the SVM method selects a
subset of the training data and defines a decision function that is a linear expansion on a basis whose
elements are nonlinear functions parameterized by the support vectors. SVM was extendedetu diff
domains such as regression and estimation [Vapnik, Golowich, Smola,1997]. The basic ideds behi
SVM have been explored by Scholkopf et al. to extend principal component analysis (PCA) to nonlinear
kernel PCA for extracting structure from high dimensional data set [ScholkopfaSMaller, 1996]
[Scholkopf, Smola, Miiller, 1998]. The authors also propose nonlinear variant of other algorithms such
that Independent Component Analysis (ICA) or kernel-k-means. They ménéibit would be desirable

to develop nonlinear form of discriminant analysis based on kernel method. édrafgiroach using an
explicit map into a higher dimensional space instead of kernel method was proposed by [Hastie,
Tibshirani, Buja, 1994]. The foundations for the kernel developments described here can be connected to
kernel PCA. Drawn from these works, we show how to express the GDA method as a linear algebraic
formula in the transformed space using kernel operators.

In the next section we introduce the notations used for this purpose. Then we review the standard LDA
method. The formulation of the GDA using dot product and matrix form is explained inriheebtion.
Afterwards, we develop the eigenvalue resolution. The last section is devoted to the expeoime
simulated and real data.



2. Notations

N
Let x be a vector of the input s¢twith M elementsX, designs subsets of Xjus: X = U X, . Nis the
1=1
number of the classes! represents the transpose of the vector x. The cardinality of the sMpiets
N
denoted by, thus an =M . Cis the covariance matrix:
=1

C -1 S X X (1)
M JZ 177
Suppose that the spa¥es mapped into a Hilbert space F through a nonlinear mapping fungtion
¢ X > F
(2
X - ¢(X)
The covariance matrix in the feature spkdse:
1 X
V= )P (x) ©)

&
We assume that the observations are center&d 8cholkopf, Smola, Muller, 1998]. Nevertheless, the
way to center data in the feature space is given in appendix C.

By B we denote the covariance matrix of the class cererspresents the inter-classes inertia in the
spaceF:

R
v 2nae (4)
Where g, is the mean value of the cldss
— 10
=— X 5
%= ;(0( ) ®)

Wherex,, is the elemernit of the clas$.
In the same manner the covariance matrix (3) efements can be rewritten using the classe indexes :

1 N n| )
V= V Z (p(x|k )(0 (Xlk) (6)
V represents the total inertia of the data mto

In order to simplify, when there is no ambiguity in indexgf, the class indekis omitted.

In order to be able to generalize LDA to nonlinear case we formulate it in a way which uses exclusively
dot product. Therefore, we consider an expression of dot product on the HilbertFsjpaizerman,
Braverman, Rozonoér, 1964] [Boser, Guyon, Vapnik, 1992] given by the following kernel functio

k(X %) =k; =¢ (x)@Ax;)
For a given classes p and g, we express this kernel function by:

(Ky) = @ (X)X;) @)

Let K be a(MxM) matrix defined on the class elements @¥ ),
q

, Where (K ) is a matrix

1., N
1...N

composed of dot product in the feature sgace
K =(K,) where K, =(k), .. (8)

p=1...N
g=1...N j=1...nq

. . . . . to_
Ky is @ (n,xn,) matrix andK is a (MxM) symmetric matrix such that ,,° = K

We also introduce the matrix:

pq *

W =Wz, ©)

WhereW, is a (n,xn,;) matrix with terms all equal tc~:i . Wis a(MxM) block diagonal matrix.
n,



In the next section, we will formulate the generalized discriminant analysis method in the featufe space
using the definition of the covariance matuiX6), the classes covariance matix4), the matrice& (8)
andW (9).

3. GDA Formulation in feature space

LDA is a standard tool for classification. It is based on a transformation of the input space into a new one.
The data are described as a linear combination of the new coordinate values which are called principal
components and represent the discriminant axis. For the common LDA [Fukunaga,1990], the classical
criteria for class separability is defined by the quotient between the inter-classes inertia and the intra-
classes inertia. This criteria should be larger when the inter-classes inertia is larger and the intra-classes
inertia is smaller. It was shown that this maximization is equivalent to eigenvalue resolution
[Fukunaga,1990] (see appendix A). Assuming that the classes have a multivariate Gausbiatiodist

each observation can be assigned to the class having the maximum posteribilityralsang the
Mahalanobis distance.

Using kernel functions, we generalize LDA to the case where in the transformed space the principal
component are nonlineraly related to the input variables. The kernel og€mtows the construction of
nonlinear separating function in the input space that is equivalent to linear separating function in the
feature spac€. As such for the LDA, the purpose of the GDA method is to maximize the inter-classes
inertia and minimize the intra-classes inertia. This maximization is equivalent to the following eigenvalue
resolution : we have to find eigenvalutand eigenvectors, solutions of the equation:

AVu =Bu (10)
The largest eigenvalue of (10) gives the maximum of the following quotient of the inertia (Appendix A) :
U'Bu
= 11
u'Vu (D

As the eigenvectors are linear combinations &f elements, there exist coefficients
a,(p=1--,N;q=1---,n)) such that:

U= i iapqﬂxm) (12)

All solutions v lie in the span ofy(x; ) .
Let us consider the coefficient VECIDF () p-1...n g-1..n, + It CBN be written in a condensed way as

a=(a,)pm.n o Wherea, = (apq)qzl_‘_'np , a, is the coefficient of the vectarin the clas®.

We show in the appendix B, that (11) is equivalent to the following quotient:
t

_a It<VVKa (13)

a KKa

This equation developed in appendix B is obtained by multiplying (1@®' b¥;) which makes it easy to
rewrite in a matrix form. (10) has the same eigenvectobesdjlkopf, Smola, Muller, 1998] :
/‘Cat(xij Vo = ¢t(xij )Bu (14)

We then express (14) by using the powerful idea of dot product [Aizerman, Braverman, Rozonoér, 1964]
[Boser, Guyon, Vapnik, 1992] between the mapped pattern defined by the mititicesvithout having

to carry out the mag We rewrite the two terms of the equality (14) in a matrix form using the matrices

K andW which gives (13) (see appendix B).

The purpose of the next section is to resolve the eigenvector system (13), which requires an algebraic
decomposition of the matrix.



4. Eigenvalue resolution

Let us use the eigenvectors decomposition of the nigtrix

K = Prp!
Here, we considef the diagonal matrix of non-zero eigenvalues and P the matrix of normalized
eigenvectors associateditoThus I exists.P is an orthonormal matrix that is:

P'P =1, wherel is the identity matrix.

Substitutingk in (13), we get:
1= (TP'a)' P'WP(T'P'a)
(TP'a)'P'P(rP'a)

Let us proceed to variable modification usjiguch that:
B=TP'a (15)

Substituting in the latter formula we get (16):
_ ['PWPS (16)
B'P'PS
Therefore we obtain:
AP'PB = P'WPS
As P is orthonormal, the latter equation can be simplified and gives (17), for which solutions are to be
found by maximizingi:
AB = P'WPS a7)

For a giverp there exists at least onesatisfying (15) in the forn = Pl 3. & is not unique.

Thus the first step of the system resolution consists in fin@iagcording to the equation (17), which
corresponds to a classical eigenvector system resolution.Laneecalculated, we compute

Note that one can achieve this resolution by using other decompositiéroofther diagonalization
method. We refer to the QR decompositiorKdWilkinson, Reinsch, 1971] which allows working in a
subspace which simplifies the resolution.

The coefficientst are normalized by requiring that the corresponding vecttses normalized ik
v'v=1
Using (11):

N Mp N n

v'v= Zzggamamﬁ(xm)ﬂxm) =1
v'o= iiapthal =1

vv=a'Ka=1 (18)
The coefficientsr are divided byya'Ka in order to get normalized vectass
Knowing the normalized vectots we then compute projections of a test point z by:

ve(z) = i iamk(xm,z) (19)



GDA procedure is summarized in the following steps:

Compute the matrices (7) (8) andw (9),

Decomposé using eigenvectors decomposition,

Compute eigenvectog@and eigenvalues of the system (17),
Compute eigenvectorsusinga (12) and normalize them (18),
Compute projections of test points onto the eigenvect¢i®).

A S

5. Experiments

In this section, two sets of simulated data are first studied, then the results are confirmed on Fisher’s iris
data [Fisher,1936] and on the seed classification. The type of simulated data is chosen in order to
emphasize the influence of the kernel function. We have used a polynomial kernel of dlegta
gaussian kernel to solve the corresponding classification problem. Other kernel forms can be used,
provided that they fulfil the Mercer's theorem [Vapnik,1995], [Schdlkopf, Smola, Mduller, 1998].
Polynomial and gaussian kernels are among the classical kernels used in the literature.
Polynomial kernel using a dot produgttx, y) = (x.y)®, where d is the polynomial degree.

%=

o

Gaussian kernel(x, y) = exp(_ ), where the parameter has to be chosen.

These kernel functions are used to compubeatrix elementsk; =Kk(x;,X;) .

i

5.1. Simulated Data
Example 1: separable data

Without loss of generality, two 2-d classes are generated and studied in the feature space obtained with
different type of kernel function. This example aims to illustrate the behavior of the akjorithm
according to the choice of the kernel function.

For the first class (classl), a set of 200 poiitsy) is generated as in the following:

X is a normal variable with a mean equal to 0 and a standard variation equ@ to
X ~N(©0+2),
Y is generated according to the following variablfe= X, * X, + N (0,0.1) .
The second class (class2) corresponds to 200 pping3 , where
X'is a variable such thatX ~ N (0,0.009) ,
Y is a variable such tha¥ ~ N (2,0.00]) .

Note that the variables X and Y are independent here. 20 examples by class are randomly chosen to
compute the separating function. Both data and the separating function are visualized on the figure 1.

We construct a decision function corresponding to a polynomial of degree two. Suppose that the input
vector X = (X,,X,,--+,X,) hast components, whereis termed the dimensionality of the input space. The

t(t+1)
2

feature spac€ has coordinates of the formp(x) = (xlz,...,xtz,xlxz,...,xixj ,...) [Poggio, 1975]

[Vapnik, 1995]. The separating hyperpland-ispace is a second degree polynomial in the input space.
The separating function is computed on the training set by finding a threshold such tatjebgon

curves (figure 1.b) are well separated. Here, the chosen threshold corresponds to the value 0.7. The
polynomial separation is represented for the whole data on the figure 1.a):



Figure 1: a) Represents the separating function for the two classes using the first discriminant axis.
In the input space the separating function is computed using a polynomial kernel type with d=2.

b) Projections of all examples on the first axis with an eigenvakgual to 0.765.

Dotted line separates the training examples from the others.

Notice that the nonlinear GDA produces a separating function which reflects the structure of the data. As
for the LDA method, the maximal number of principal components with non-zero eigenwakegsl to

the number of classes minus one [Fukunaga, 1990]. For this example, the first axis isnstfficie
separate the two classes of the learning set.

It can be seen from the figure 1.b) that the two classes can clearly be separated using one axis except for
two examples where the curves overlap. The two misclassified examples do not belong to the training set.

The vertical dotted line indicates the 20 examples of the training set of each class. We can observe that
the examples of the class 2 are almost all projected on one point.

In the following, we give the results using a gaussian kernel. As previously, duatggp function is
computed on the training set and represented for the whole data on the figure 2.a).

e 1

10 : 0s M’VMW“W\MWWWW\W

a) b)

Figure 2: a) Represents the separating function on the whole data using a gaussian keraellyith
b) Represents the projection of all examples on the first discriminant axis with an eiganeqlisd
to 0.999.

In this case, all examples are well separated. When projecting the examples on the first axis, we obtain the
curves given on the figure 2.b), which are well-separated lines. The positive line corresponds to the class

2 and the negative one corresponds to the class 1. The line of the threshold zero separates all the training
examples as well as all the testing examples. The corresponding separation in the input space is an
ellipsoid (figure 2.a).

Example 2: non-separable data
We consider two overlapped clusters in two dimensions. Each cluster contains 200 samples. For the first

cluster, samples are uniformly located upon a circle of radius of 3. A normal noise with a variance of 0.05
is added to the X and Y coordinates. For the second cluster, the X and Y coordinates follow a normal



. , . 15049 , -
distribution with a mean vect Eand a covariance mam%4950% This example will illustrate the

behavior of the algorithm on non-separated data and the classification results will be compared to SVM
results. Therefore, 200 samples of each cluster are used for the learning step and 200 for the testing step.
The GDA is performed using a Gaussian kernel operator with a sigma equal to 0.5. The separating
function and the whole data are represented on the figure 3.

8 04

0.2

-0.2

a b)

Figure 3: a) 200 samples of the first cluster are represented by cross and 200 samples of the
second cluster by circles. The separating function is computed on the learning set using a Gaussian
kernel with sigma = 0.5.

b) Projections of all samples on the first axis with an eigenvalue equal to 0.875. The dotted vertical
line separates the learning sample from the testing samples.

To evaluate the classification performance we use the Mahalanobis distance to assign samples to the
classes. The percentage of correct classification for the learning set is 98% and for the testing set it is
equal to 93.5%. The SVM classifier of a free Matlab software [Gunn, 1997] has been used to classify
these data with the same kernel operator and the same value of sigma (sigma = 0.5)anth€=
percentage of correct classification for the learning set is 99% and for testing set it is equal to 83%. By
performing the parameter C of the SVM classifier with a Gaussian kernel, the best resultsl ¢ii#tine

sigma = 1 and C=1) are 99% on the learning set and 88% on the testing set.

5.2. Fisher’s Iris data

The iris flower data were originally published by Fisher [Fisher, 1936], for examples nmilisat

analysis and cluster analysis. Four parameters, including sepal length, sepal width, petal length, and petal
width, were measured in millimeters on fifty iris specimens from each of three specisstosas Iris

versicolor and Irisvirginica. So the set of data contains 150 examples with 4 dimensions and 3 classes.
One class is linearly separable from the two other; the latter are not linearly separable from each other.
For the following tests all iris examples are centered. Figure 4 shows the projection of the examples on
the first two discriminant axes using LDA method, which is a particular case of GDA when thkigern
polynomial with degree one.

X
@®©
+ X
0.5 x)e(xaix){ XX 0
H X W% °% 8 ° of +lrissetosa
O . .

0 ;’*F O S T T x Iris versicolor
i . . . .
A X 8% % ° Iris virginica
+1 X 00 0

+ jr'+++ X X 0
-05 + + oooq?
+ o+ o
(oXs) )
[0}
S1bo+ 68
-2 -1 0 1 2

Figure 4: Represents the projection of Iris data on the first two axes using a linear discrimination
LDA method. LDA is derived from GDA associated to a polynomial kernel with degree one (d=1).



Relation to kernel PCA

Kernel PCA proposed bgchélkopf [Schélkopf, Smola, Miller, 1998] is designed to capture the
structure of the data. The method reduces the sample dimension in a nonlinear way for the best
representation in lower dimensions keeping the maximum of inertia. However, the best axis for the
representation is not necessarily the best axis for the discrimination. After Kernel PCA, the number of
features is selected according to the percentage of initial inertia to keep for the classification process. The
authors propose different classification methods to achieve this task. Kernel PCA is aaddefiod t
unsupervised and nonlinear problem for feature extraction. In the same manner GDA can be used for
supervised and nonlinear problem for feature extraction and for classification. Using GDA, one can find a
reduced number of discriminant coordinate that are optimal for separating the groups. With two such
coordinates one can visualise a classification map that partitions the reduced space into regions.

Kernel PCA and GDA can produce a very different representation which highly dependent on the
structure of the data. Figure 5 shows the results of applying both kernel PCA and GDA to the iris
classification problem using the same gaussian kernel awi€h7. The projection on the first two axes
seems to be insufficient for kernel PCA to separate the classes, more than two axes will certainly improve
the separation. With two axes, GDA algorithm produces better separation of this data because of the use
of the inter-classes inertia.

0 0.1
2 ﬁj 0
o ®
1 B 2 o 0.05}
X X %P
0 u R Mo 0 -
e Q( 0 g0 s
1 X % X
Xy X 2 %] 008
X %
2 %
XX 01
2 -15 -05 0.5 1 o1 01 0.2 03
a) b)

Figure 5: a) Gives the projection of the whole examples on the first two axes using nonlinear
kernel PCA with a gaussian kernel agw.7 .
b) Gives the projection of the examples on the first two axes using the GDA method
with a gaussian kernet=0.7.

As can be seen from the figure 5.b) the three classes are well separated: each class is nearly projected on
one point, which is the center of gravity. Note that the first two eigenvalues are equal to 0.999 and 0.985.

In addition, we assigned the test examples to the nearest class according to the Mahalanobis distance and
using the prior probability of each class. We apply the assignment procedure withatteedthe out “ test

method. We measured the percentage of correct classification. For GDA the result is equal to 95.33% of
correct classification. This percentage can be compared to those of Radial Basis Function network (RBF
network) 96.7% and MultiLayer Perceptron network (MLP) 96.7% [Gabrijel, Dobnikar, 1997].

5.3. Seed classification

Seed samples were supplied by the National Seed Testing Station of France. The aim is to perform seed
classification methods in order to help analysts for the successful operation of national seed certification.
Seed characteristics are extracted using a vision system and image analysis software. Three seed species
are studiedMedicago sativa L. (lucerne),Mdlilotus sp andMedicago lupulina L.. These species present

the same appearance and are difficult for analysts to identify (figure 6).
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a) Medicago sativa L. b) Medicago lupulina L.

e®
oe @
O 2
ee®
® o

XTI
%9

Figure 6: Examples of images seeds\gdicago sativa L. (lucerne) bMedicago lupulina L.

224 training seeds and 150 testing seeds were placed in random positions and orientations in the field of
the camera. Each seed was represented by five variables extracted from image seeds and describing the
morphology and the texture of seeds. Different classification methods were compared in term of
percentage of correct classification. The results are summarized on the table 1.

Percentage of correct classification
Method Training Test
k-nearest neighbors 81.7 81.1
Linear dicriminant analysis (LDA) 72.8 67.3
Probabilistic neural network (PNN) 100 85.6
Generalized dicriminant analysis (GDA)0O 85.1
Gaussian kernel (sigma = 0.5)
Nonlinear Support vectors machines | 99 82.5
Gaussian kernel (sigma = 0.5, €F

Table 1. Comparison of GDA and other classification methods for the discrimination of three seed
speciesMedicago sativa L. (lucerne) Mélilotus sp andMedicago lupulina L.

k-nearest neighbors classification was performed with 15 neighbors and gives betterthasuliBA

method. SVM classifier was tested with different kernel and for several values of the upper bound
parameter C to relax the constraints. In this case the best results are 99% on the |le@nth8=2% on

the testing set for C=1000. The classification results obtained by GDA method with sia@dwesnel,
probabilistic neural network (PNN) [Specht, Kalantri, Ahmed, Chan, 1990] [Musavi, 1993] and SVM
classifier are nearly the same. However, the advantage of GDA method is that it based on a formula
calculation and not on an optimization approximation such as for PNN classifier or SVM for which the
user have to chose and adjust some parameters. Moreover, the SVM classifier is initially developed for
two classes problems and its adaptation to multi-classes problems is time costing.

6. Discussion and future work

The dimensionality of the feature space is huge and depends on the size of the input space. A function
which successfully separates the training data may not generalize well. One has to find a compromise
between the training and the generalization performances. It was shown for SVM that, the test error
depends only on the expectation of the number of support vectors and the number of training examples
[Vapnik,1995], and not on the dimensionality of the feature space. Our current investigation is to
establish the relationship between GDA resolution and SVM resolution. Therefore, we can improve,
performance of generalization, accuracy and speed using the wide studies of SVM technique [Burges,
Schoélkopf, 1997] [Schdlkopf, Smola, Muller, 1998]. Nevertheless, the fascinating idea of using a kernel
approach is that we can construct an optimal separating hyperplane in the feature space without
considering this space in an explicit form. We only have to calculate the dot product. But the choice of the
kernel type remains an open problem. However, the possibility to use any desired kernels allows
generalizing classical algorithms. For instance, there are similarities between GDA with a gaussian kernel



and probabilistic neural networks (PNN). Like the GDA method, PNN can be viewed as a mapping
operator built on a set of input-output observations, but the procedure to define decision boundaries is
different for the two algorithms. In GDA the eigenvalue resolution is used to find a set of vectors which
define an hyperplane separation and give a global minimum according to the inertia criterion. In PNN the
separation is found by trial-and-error measurement on the training set. The PNN and more general neural
networks always find a local minimum.

7. Conclusion

We have developed a generalization of discriminant analysis as nonlinganidiston. We described

the algebra formulation and the eigenvalue resolution. The motivation for exploring the algebraic
approach is to develop an exact solution and not an approximate optimization. The GDA megh@oh gi

exact solution even if some points require further investigation, such as the choice of the kernel function.
In terms of classification performance, for the small databases studied here, the GDA method competes
with support vector machines and probabilistic neural network classifier.

Appendix A

Given two symmetric matrices A and B with the same size. B is supposed inversible. It shown that
[Saporta, 1990] :

. V'Av. . .
The quonentF is maximal forv eigenvector of
v'Bv

B™A associated to the large eigenvalue

Maximizing the quotient requires that the derivative with respecvémish :
(V'Bv)(2Av) — (V' Av)(2Bv) _ 0
(v'Bv)?

Which implies :

t
B™"Av= (V!—AV)V
V' Bv

: . . . v' Av . :
v is then an eigenvector ™A associated to the elgenvalugB—. The maximum is reached for the
v'Bv

largest eigenvalue.

Appendix B
In this appendix we rewrite formula (14) in a matrix form in order to obtain the far(h8):
. i _a'KWKa
A (x;)Vu =@ (%;)Bu (14) Ty (13)
a KKa

We develop each term of the equality (14) according to the maktieesl\W., using (6) and (11), the left
term of (14) gives:

N n|

Vu :ﬁ Z Z A%, )@ (M)i ?Zpapq(p(qu)
:Vlz iapq Z nz_qo(xk)[cv‘ (4 )@(x,,)]

10



A (, Vo ——i ia,,qco‘ (x, )i Z Al (x)0(x,)
3 Y any Yo oa e e, )

Using this formula for all class i and for all its element j we obtain:
A
A (Xa)s o @ (Kany s @ (5 )y @ (Xin )y, @ (X VU = VKKU (20)

According to (4), (5) and (12), the right term of (14) gives:

B0 :ﬁz :iamaqu>i n Eﬁiaxm% Z ax.k)a
:ﬁz Za Z § ax)é-"é}@ w'(x.k)co(xm)é

1 N "p N n DDlD n |:|
' (x By = — ' (X '
#(x, 80 =1 ZZamzica(x.,)co(x.k)%%ica(x.k)co(qu)g

For all class i and for all its elements j we obtain:

(0 (%), O, ) (%) ()18 (X, B = KWK (21)

Combining (20) and (21) we obtain:

AKKa = KWKa , which is multiplied bya' to obtain (13).

Appendix C

In this appendix, we show how to center the elemeKtiofthe feature spade
For a givenx; , the imageg(x;) is centered according to:

~ 1 M
X)=@(x)—— X
¢( |) ¢( |) M ;ﬂ k)
Thus we define the centered kernel function :
k(xi’xj) :kU =@ (Xi)(dxj)
If we introduce the class index, for a given observatign element i of the class p, the imagéx ;) is

centered according to:
N n

¢(Xp|) (dxm)_ M qudxlk) (22)
We have then to define the covariance marixith centered points:

(I;”)pq :(b (x .)&J(X.) for a given class p and g.

(Ki) Ew(xp.)— ZZ(D(XW)DBW(X)—MZZCU(XM)D

(k) = (K)o - MzZ(l.k)pl(kkj).q —hzlzm(k.m)ph(l DR P BN

N

K g = lel KIq Z Kph 1p| thlhq

=1 h=1
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1 1 1

K = K _ﬁlN K _VK].N +W1N KlN

Where we had introduced the following matrix:
1, = (]'ik)izl,“,np;k:l-mm » (n,xn;) matrix which all elements are equal to 1.

1, = (1p,)p:1,_”N i=1...n » (MXM) matrix.

We thus replac& byK , then solve the eigenvalue problem and normalize the corresponding vectors.

Afterwards the test patterns z are projected onto the eigenvectors (19) expresged with

v (h(z) = i iam I;(qu,z)
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