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Abstract

In practice, the face image data distribution is very
complex because of pose, illumination and facial
expression variation, so it is inadequate to describe it just
by Fisherface or Fisher linear discriminant analysis
(FLDA). In this paper, a new method is presented for face
recognition using kernel-based optimized feature vectors
selection and discriminant analysis. With the kernel
technique, an optimized data set is selected from the data
and mapped into the feature space based on a geometrical
approach, to form a subspace that can capture the
structure of the entire data into the feature space. Then all
the data are projected into this subspace and FLDA is
performed in this subspace to extract nonlinear
discriminant features of the data for face recognition.
Another similar nonlinear discriminant analysis is
Kernel-based Fisher Discriminant Analysis (KFDA),
which transformed all the data into the feature space and
FLDA was performed in the feature space, but the
computational complexity in the proposed method is
significantly reduced against KFDA. We test our method
on two benchmarks, and experimental results demonstrate
that it outperforms Fisherface and can give the same
recognition accuracy as KFDA.

1. Introduction

In the past 20 years, face recognition has received
extensive attention because of the potential applications in
many fields, such as biometricis, surveillance, access
control and human-computer interface. Numerous
algorithms have been proposed; a detailed review was
given in reference [1].

For face recognition, how to select the discriminating
features, which can make the between-class scatter
maximized and the within-class scatter minimized, is a
key problem. Eigenface!” used linear Principal

Component Analysis (PCA) to extract features. However,
PCA is actually optimal to representation and
reconstruction for all face classes, and unnecessarily
optimal to discrimination for one face class from others.
Fisherfacel” used Fisher Linear Discriminant Analysis
(FLDA) to extract features, which seeks to find a linear
transformation to maximize the between-class scatter and
minimize the within-class scatter, and it was demonstrated
to be better than Eigenfacel®, but it is still a linear
technique in nature, so it is also inadequate to describe the
complexity of face image data distribution in practice
because of illumination . facial expression and pose
variations. Bartlett!® proposed to use Independent
Component Analysis (ICA) for face recognition, which
separates the high-order moments of the input in addition
to second-order moments adopted in linear PCA. But
Moghaddam™ compared it with linear PCA on the Feret
face database and found that it gave the same recognition
accuracy as linear PCA.

Kernel-based technique is an efficient trick to
analysis the complex relations of the data through
mapping the data into a high dimensional implicit feature

space F, @:xCR" —q@x)0F, with a nonlinear dot
product kernel function, k(x,y)=(@x)Ldy)). The

kernel trick was first used in Support Vectors Machine!'”!

(SVM) which looks for an optimal separating hyperplane
in F; and was applied to a wide class of problems such as
face recognition™!, But SVM is based on the margin
maximization and sensitive only to the extreme values.
Kernel-based Principal Component Analysisi*'? (KPCA)
was developed to extract nonlinear principal components
in F. However, as the same as PCA, KPCA captures the
overall variance of all patterns which are inadequate for
discriminating purposes. Kernel-based Fisher
Discriminant Analysis®'*! (KFDA) combines the kernel
trick with FLDA to extract nonlinear discriminant features
of the data. The kernel trick is used to map all the data
into the feature space, and FLDA is performed in the
feature space. It’s efficiency has been demonstrated in



applications!'*"], In KFDA, the dot product matrix K with
all the training samples need to be

computed,K:(ki,_,-)lg,_/Wa kz, :(l(?Ci)El(xj), (M is the
number of training samples), for FLDA which performs in
the implicit space F to extract nonlinear discriminant
features is actually based on the matrix K.

It is known that the transformed data set of all the
training data into F forms a subspace in F with a
dimension up to M. But in practice the dimension of this
subspace is often lower than M and equal to the rank of

the matrix K, rank(K) <M . For this consideration, in

this paper, a new method is presented with kernel-based
optimized feature vectors selection and discriminant
analysis for face recognition. With the kernel technique,
an optimized data set is selected from the data and
mapped into the feature space based on a geometrical
approach?, to form a subspace that can capture the
structure of the entire data into the feature space. We call
it Kernel-based optimized feature vectors selection. Then
all the data are projected into this subspace and FLDA is
performed in this subspace to extract nonlinear
discriminant features of the data for face recognition.
Similar to KFDA, nonlinear discriminant features are
extracted by the kernel trick, but the computational
complexity is reduced against KFDA, because it just
needs to compute and store the sufficient sub-matrix of K
with the selected data. We compare it with Fisherface and
KFDA on two benchmarks, and experimental results
demonstrate that it outperforms Fisherface and almost
gives the same recognition accuracy as KFDA.

The rest of paper is organized as follows: Kernel-
based optimized feature vectors selection is introduced in
Section 2, and nonlinear discriminant analysis in Section
3. Experiments are described in Section 4, and finally
conclusions are given.

2. Kernel-Based Optimized Feature Vectors
Selection

Because the dimensionality of the data subspace into
F is given by the rank of K. In practice, the rank of the

matrix K is often inferior to M,rank(K)<M ,
especially when the training data set is larger,
rank(K) <<M . Recently Baudat®” presented a idea

based on geometrical approach to select a subset of the
data into F to describe the structure of the data into F for
reducing the memory for storage and used it in the kernel
function approximation application. In this paper, we
adopt this idea to select an optimized data set from the
data into F to form a subspace that can capture the
structure of all the data into F, before nonlinear
discriminant analysis is performed.

The idea is to look for the vectors that are sufficient

to express all the data as a linear combination of those
selected vectors in the transformed space F according to a
geometrical consideration.

Define the mapping of x; as @Xx,) = @, and assume
S ={x, X 5y X, } 10 be the set of selected vectors

into F, where L is the number of selected vectors. The
estimation of the mapping of any vectors x;, can be
regarded as a linear combination of S, given by:

@ =0, @, (1)
where CDS :((gl,(@z,...,(@L) is the matrix of the
selected vectors into F and @, =(a,,a.,...a") is the

coefficient vectors that weighted this Matrix.
We want to find the coefficients O, such that the

estimated mapping ¢ is as close as possible to the real
mapping @, so it is equal to minimize the following

expression (2):

e
mino, = 5
e

Rewriting (2) in a matrix form and putting the derivatives

2

to zero according to Q,, expression (2) can be converted
to expression (3):

. K, K 'K
min 51_ - 1 —_ Si SS Si (3)
where K is a square matrix of dot products of the
KSS = (ksp,sq )lSp,qSL’ and

K :(kswi)lspﬂ is the vectors of dot product

selected vectors:

between x;and the selected vector set S.

The goal is to find the set S that minimizes
expression (3) over all the samples x, Removing the
constant, it is converted to maximize the expression (4):

T -1
1 K. K. K.
— Si SS Si
maxJs =3 2
x;,LX

Following above discussions, we can use an iterative
process to select the optimized vector set §* with number
L’, which stops when Kis no longer invertible!?,

) @

i

3. Nonlinear Discriminant Analysis

Once the optimized feature vectors are selected, they
define a subspace P s in F that captures the structure of

the entire data. The transformation of a sample x; is
projected into this subspace given by:



z=0. @ =(,

Spol N<psL’ ®)
By expression (5), transform all the data into the
subspace. If define the matrix Z =(z,),.,,,» then Z is

actually just the sub-matrix of K. Now we perform FLDA
in this subspace, thus nonlinear discriminant features of
input data are extracted.

Assuming input data set X with c classes, and class 7
c
Z m, = M . Define the between-class

i=1

has m; samples:

scatter Sy and within-class scatter S, in this subspace as
the following:

S, =Y m -0 -1’ ©
i=1

c m

Sw :zzi(zj_ui)(zj_ui)T (7)

=T J=1

1 M
where © = — Z 1Zi is the total mean and class means
v L=

 Q—
are given by u; = — Zj—l z;,i=12.
m. -
1

To find the linear discriminant in this subspace, just
need to maximize the expression (8):

w'S,w

J(w) =
(@) w'S, w

®)

It is equal to find the leading eigenvector of SW_IS -
The projection of a new pattern x onto @ is given by:

¥ =w'z(x) ©)
where z(x) = (k(x,x, ),k(x,X_ ),....k(x,x,, N~

4. Experiments

The proposed method is tested by two group
experiments corresponding to two benchmarks, and it is
compared with Fisherface and KFDA. A polynomial

kernel function k(x,y)=(x0J)"is selected with n=2

for our method and KFDA in the experiments. The
selection is empirical. The nearest neighbor classifier is
used for all the three methods.

First Group: The experimental dataset consists of
420 facial images corresponding to 70 persons selected
from the US Army FERET!'" database. Each person has 6
different frontal-view images. There are three different
illuminations and two different facial expressions in each
illumination. The eye locations are fixed by geometric
normalization and the images are resized to 92 X112 .
Figure 1 shows 12 samples of two persons randomly

selected from the dataset.

We use different training samples and testing samples
to test our method and compare with Fisherface and
KFDA. £=2,3,4,5 samples of each person are randomly
selected from the dataset for training and the other 6 — k
samples of each person for testing. For each k, the
algorithms run more than 10 times and the following table
1 is given the average recognition rate.

Table 1. Recognition rate on the FERET dataset

k Our method KFDA Fisherface
2 65.50 65.67 55.82
3 80.96 80.86 76.10
4 88.79 88.93 87.50
5 94.43 94.29 94.57

Table 1 showed that our method was better than
Fisherface. For example, when training samples of each
person k=2, our method gave the accuracy of 65.5%,
while Fisherface just had 55.82%. With k increased to 4,
our method also had a higher recognition rate than
Fisherface (88.79% vs 87.50%). At k=5, the recognition
rate of Fisherface was similar to our method, because
there had enough training samples corresponding to
testing samples (5:1). In addition, our method almost has
the same recognition rate as KFDA at each £.

Second Group: There are 40 persons in the ORL
database and 10 different images with each person,
including variations in pose, facial expression
(open/closed eyes, smiling/non-smiling) and with
glasses/no-glasses, but there is little illumination variation.
The size of images is 92 X112 and no preprocess is
done. Figure 2 shows 20 randomly selected samples of
two persons.

Figure 2. Samples from the ORL database

In this group experiments, we test the methods with
different training samples and testing samples
corresponding the training number £=2,3,4,5,6,7,8 of each
subject. Each time randomly select k£ samples from each
subject to train and the other 10—k to test. The
following table 2 is given an average recognition rate of
more than 10 times for each £.



Table 2: Recognition rate on the ORL database

k Our method KFDA Fisherface
2 81.88 81.88 73.75
3 87.82 87.82 85.14
4 92.59 92.70 89.38
5 95.25 95.35 91.65
6 96.63 96.68 93.88
7 97.50 97.50 94.83
8 99.38 99.38 97.50

In this group experiments, our method gave higher
recognition rates than Fisherface at each k& and almost
gave the same recognition rate as KFDA at each & too.
When the training samples of each person A=2, the
recognition rate of our method is above 7% higher than
Fisherface (81.88% vs 73.75%). At k=8, our method could
achieve the recognition rate of 99.38%, even higher than
the 97.50% of Fisherface. These experimental results are
similar to the experimental results of the first group.

From above two group experimental results, we could
conclude that nonlinear discriminant features achieved by
kernel technique and discriminant analysis were better
than linear discriminant features used in Fisherface to
describe the complex variations of pose, illuminate and
facial expression. Though our method and KFDA all
could extract nonlinear discriminant features and almost
gave the same recognition rate, from analysis in Section 2
and Section 3, we knew that our method just needed to
compute and store the sufficient sub-matrix of K, thus, the
complexity of computation was reduced. It also showed
that feature vectors selection process in our method did
not lost any important information against KFDA.

5. Conclusions

It was inadequate to describe well the complication
of face images in practice just by linear discriminant
features, such as Fisherface. In this paper, a novel method
was presented for face recognition. The kernel trick was
used to extract an optimized feature vectors into the
feature space F and formed a subspace to capture the
structure of the whole data into F, then nonlinear
discriminant features were extracted from this subspace.
Another similar nonlinear discriminant analysis was
KFDA, but our method reduced significantly the
computational complexity without losing any important
information against KFDA. Experimental results
demonstrated that this method outperformed Fisherface
and almost gave the same recognition accuracy as KFDA.
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