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Abstract LDA (Linear Discriminant Analysis) provides the projection that discriminates the data
well, and shows a very good performance for face recognition. However, since LDA provides only one
transformation matrix over whole data, it is not sufficient to discriminate the complex data consisting
of many classes like human faces. To overcome this weakness, we propose a new face recognition
method, called LDA mixture model, that the set of all classes are partitioned into several clusters and
we get a transformation matrix for each cluster. This detailed representation will improve the

classification performance greatly.

In the simulation of face recognition, LDA mixture model

outperforms PCA, LDA, and PCA mixture model in terms of classification performance.
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1. Introduction

Face recognition is an active research area

spanning several research fields such as image
processing, pattern recognition, computer vision, and
neural networks [1,2]. Face recognition has many
the

surveillance system, and the content-based video

applications, such as the biometrics system,
processing system. However, there are still many
open problems, such as the recognition under
illumination variations.

There

recognition {1-3]. The first approach is the feature-

are three main approaches for face
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based matching approach using the relationship bet-
ween facial features such as eyes, mouth and nose.
The second approach is the template matching
approach using the holistic features of face image.
The third approach is the hybrid approach combining
the first and second approaches.

The eigneface method is a well-known template
matching method [4]. Face recognition using the
eigenface method is performed using feature values
transformed by PCA. LDA has also been applied to
face recognition. ,
LDA is called the fisherface method [5],

provides much better classification performance

Face recognition method using
and

than the eigenface method due to its use of class
information [56]. LDA is known as one of the best
ICA has been also
proposed for template matching face recognition
method [7],
light-invariant recognition [8].

face recognition techniques.

and it could be used as filters for
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Although LDA usually gives a very good
discrimination performance, LDA has a drawback in
that LDA has only one transformation matrix for
any data. For many-class complex data like face
image data, only one transformation matrix is not
be enough to provide a good discrimination perfor—
mance. In such a case, more than one transfor-
mation matrixes are required.

To overcome this drawback of LDA, we propose
LDA mixture model,
transformation matrices. We partition the set of all
apply LDA

technique for each cluster. In this way, we obtain

which is wusing several

classes into several clusters, and

several transformation matrixes. These transfor-
mation matrixes can be used cluster-wisely for
recognition. For face image data, each cluster may
correspond to a race or a group of similar faces. By
using more than one transformation matrixes, we can
get a better discrimination performance.

This paper is organized as follows. Section 2
the LDA. Section 3 describes PCA

mixture model and LDA mixture model. Section 4

describes

shows and discusses the simulation results for face

recognition. Finally, we present our conclusions.

2. LDA

The goal of LDA is to find an orientation for
which the projected samples are well separated [9].
Specifically, LDA seeks a transformation matrix W
that in some sense maximizes the ratio of the
between-class scatter to the within—class scatter.
Initially, we consider a within-class scatter matrix
for the within-class scatter. A within-class scatter
matrix Sy is defined as

Sy = XCJ Y (a—m)(z—m,)', 6]
i=1z€C;

where ¢ is the number of classes, C is a set of
data belonging to the ith class, and m; is the mean
of the ith class. The within-class scatter matrix
represents the degree of scatter within classes as a
summation of covariance matrices of all classes.
Next, we consider a between-class scatter matrix
for between-class scatter. A between-class scatter

matrix Sg is defined as

. SB = i 1 (m.'—_ m)(m'.— m)‘ (@))]

i=1

The between-class scatter matrix represents the
degree of scatter between classes as a covariance
matrix of means of all classes.

We seek a transformation matrix W that in some
sense maximizes the ratio of the between-class
scatter and the within-class scatter. The criterion
function J(W)can be defined as

WS, W]
W)= s, i

We can obtain the transformation matrix W as

(3)

one that maximizes the criterion function J(W).

The columns of optimal W are the generalized

eigenvectors w; that correspond- to the largest
eigenvalues in
Spw; = A Sy, ()
3. LDA Mixture Model
As mentioned before, LDA mixture model

partition the set of all classes to several clusters.
Clustering can be performed by PCA mixture
model, and the formulation of LDA mixture model
becomes simpler if we use PCA mixture model.
Therefore, we use PCA mixture model for dividing
the samples into several clusters for LDA mixture
model. Here, we explain PCA mixture model.

3.1 PCA Mixture Model

We consider a PCA mixture model of the data =
by combining PCA and a mixture model in a way
that the component density of the mixture model
can be estimated onto the PCA transformed space

as
Pa)= 3] Plale,0,) Pl 5)
£

Pzl 6,) = Playc, 6, ) (6)

where 8,.7;"(z—p,). The PCA feature vectors
8, are decorrelated due to the orthogonality of the
transform matrix I, Thus, its covariance matrix
i Fs.s/] is a diagonal matrix whose diagonal
elements are corresponding to the principal eigen-—

values. Next, the conditional density function
Pls,lk,6,) of the PCA feature vectors in the kth

cluster can be simplified as
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where 8= (s,--,8,), and (A ;")) are the m

dominant eigenvalues of the feature covariance

matrix X% in the kh cluster. The proposed
model,which has no Gaussian error term, can be
considered as a simplified form of Tipping and
Bishop’s model [10].

The parameters of a mixture model can be
estimated by an EM algorithm, which maximiies
the likelihood as follows [11].

(1) E-step

Given the feature data set X and the parameters
0" of the mixture model at the tth iteration, we
estimate the posterior distribution P{2l2,6%) using

(t)
Plig, ) = 22O )P
3 Plalk,61) P(k)
k=1
where P(#l2,0%) is calculated by Eq. 6 and 7.
(2) M-step
(1

Next, The new means p;

8

) and the new cova-

R . 4(‘““ .
riance matrixes X of the kth mixture compo-

nent are obtained by the following update formula.

i P(]dzp_em):!p
w50 ©
p;P(ldzp‘em)
N
3 Plkz, 69)(z, —p!)) (2, — )
Z’SH-I)X: p=1 o (10)
p2=31 Pz oY)

The new eigenvalue parameters /\2;1) and the
new eigenvetor (PCA basis) parameters ¢,; are
obtained by selecting the largest m eigenvalues in
the eigenvector computation (PCA computation) as

ZEEOX =g, 1n

PCA transformation matrixes 7T is obtained as

[te1 tea ... tum)- The mixing parameters Pz,) can be

estimated as follows.

N
PR = 3. Plbiz, 6. (12)
2

KN
=

“th largest eigenvalue of the covariance matrix .

o] &% 4= <4 791

The above two steps will be repeated until a
stopping condition is satisfied, where the three
parameters will not be changed any further.

3.2 LDA Mixture Model

LDA gets one transformation matrix over all
classes. This property degrades the performance of
LDA because only one transformation matrix is not
enough for the classification of complex data wifh
many classes. To overcome this limitation, we
propose to use LDA mixture model that uses
several transformation matrices over all classes.
LDA mixture model partitions the set of all classes
into an appropriate number of clusters and applies
LDA to each cluster, independently.

Specifically, we apply PCA mixture model to the

set of means m; of each class with K mixture
components. Then, for the kth mixture component,

G
a diagonal

a transformation
LA

we obtain a cluster mean
Vi3

eigenvalues, where V; is a diagonal matrix whose

matrix and matrix with

diagonal element is eigenvalues A’w‘ which is the j
In
this case, the probabilistic covariance matrix for the
kth mixture component is TV, T§. Using this result,

we get the between-class scatter matrix and the

within-class scatter matrix for the & mixture

component (which is corresponding to the kth
cluster) as
8p.= LW (13)
1
Sp= 3, — Y (z—m)(z—m)', (14)
€L zEC

where k=12, ,Kl=12..,¢1 is a set of class
labels belonging to the kth mixture component that is
determined by L= jlj= argmin, (m;— )55 (m;— ¢,)".

Based on Sy and Sp the transformation matrix
W, for the kth mixture component is determined so
as to maximize the criterion function
LA
WSy W

The columns of optimal W are the generalized

J(W) (15)

eigenvectors W, that correspond to the largest

eigenvalues in

Sptwi= XSyt (16)
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4. Simulation Results and Discussion

We took a partial set of PSL database obtained
from the MPEG7 community [12). PSL database
consists of normalized images of 271 people, where
images of some people have lighting variations and
images of the other people have pose variations.

Among all images, We selected images of 133
people with lighting variations. In this partial set,
there are five images for each person, having
normal, smiling, angry expression and imageé of
left lighting and right lighting. Since the number of
images for each class i1s too small, we used 5-fold
cross-validation to test the classification perfor-
mances. Figure 1 shows some images used in the

simulation.

Figure 1 Some face images used in the simulation

We applied PCA, PCA mixture model, LDA, LDA
mixture model and ICA to a training set. We used
the Fast ICA algorithm for ICA [13]. We used the
following recognition method for each method. For
PCA, LDA and ICA, we transform the training
data z, and the test data z by a transformation
matrix (T for PCA. W for LDA, Z for ICA), and
assign the test data  to the class Cpqy(pyy of the
transformed training data that is nearest to the

transformed test data as

Cp('A = L(‘(\Igminzj(z—z,)TD, (17)

Cypa= Llargmin_|(z—z,) W1), (18)

and
Crou= L(argminz'\(z— z,)Z\), (19)
where %, is a sample in the training set and L(z,)
indicates the class label of a sample z,. For PCA

mixture model and LDA mixture model, we

transform the test data £ and the training data z, by

a transformation matrix of a corresponding mixture

component (T, for PCA mixture model, Wy, for

LDA mixture model), and assign the data to the

class Cpyppan of corresponding transformed training

data that is nearest to the transformed test data as
Cpyy= Uargmin, |(z—2,) Ty, ) ) 19)

and
Gri= Uargmin, (z—z,) Wy, ), (20)

where x, is a sample in the training set, L(zr)
indicates the class label of a simple z,, and K=,)

indicates the mixture corﬁponent label, to which the

training sample &, belongs, determined by

Kz,) = argmin, (m;,— c_k))SEjl(m,.— c).

Even though more than 2 mixture components
have been taken, it does not show any significant
improvement in classification performance. So, we
used only two mixture components for learning the
PCA mixture model for each class in PCA mixture
model and LDA mixture model. Figure 2 plots the
classification error rates according to a different
number of features for the test data when each
method is applied. The number of features and
classification error rates in the best case are shown
in Table 1. ICA does not have any order of its
components and so its result is shown only in
Table 1. The classification error rates in Figure 2
and Table 1 are averages of error rates in 5-fold
cases. From Figure 2, we note that the LDA
the best
performance. For a small number of features, PCA

mixture model provides classification
mixture model outperforms LDA mixture model, but

LDA mixture model outperforms PCA mixture
model for more than 35 features. We also note that
the classification performance of LDA is better than
that of PCA., and both PCA mixture model and

LDA mixture model outperform PCA and LDA.
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From Table 1, ICA is quite good as it is known to
be good filters for light-invariant face recognition,
but it is outperformed by LDA mixture model.
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Figure 2 Classification error rates vs. the number

of features

Table 1 The best performance and the corresponding
number of features

Methods Number of features test error
PCA 92 22.41%
PCA mixture 36 18.656%
LDA 84 21.50%
LDA mixture 54 12.78%
ICA 100 17.44%

5. Conclusion

We proposed LDA mixture model to overcome a
LDA, which
transformation matrices by taking one transfor-

limitation  of provided several

mation matrix for each cluster. This modification
tries to cluster whole data by PCA mixture model
and to make the data discrimination better by the
use of several cluster-wise transformation matrixes.
The simulation results showed that LDA mixture
model outperformed PCA, LDA, ICA, PCA mixture
model in terms of classification errors. For the
complex data consisting of many classes in the
problem of face recognition, LDA mixture model

can be used for an alternative of LDA.
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