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Abstract

Fisher Linear Discriminant Analysis (FLDA) has
been successfully applied to face recognition, which is
based on a linear projection from the image space to a
low dimensional space by maximizing the between-class
scatter and minimizing the within-class scatter. But face
image data distribution in practice is highly complex
because of illumination . facial expression and pose
variations. In this paper, we present to use Kernel based
Fisher Discriminant Analysis for face recognition. The
kernel trick is used firstly to project the input data into an
implicit space called feature space by nonlinear kernel
mapping, then Fisher Linear Discriminant Analysis is
adopted to this feature space, thus a nonlinear
discriminant can be yielded in the input data. Another
similar Kernel-based method is Kernel PCA, in which
PCA is used in the feature space. The experiments in this
paper are performed with the polynomial kernel, and this
method is compared with Kernel PCA and FLDA.
Extensive experimental results show that the correct
recognition rate of this method is higher than that of
Kernel PCA and FLDA.

1. Introduction

Face recognition has received extensive attention
within the past 20 years because of the potential
applications in many fields, such as identity
authentication, surveillance and  human-computer
interface. Numerous algorithms have been proposed and a
detailed survey was given in reference [17].

Linear subspace analysis has been used for face
recognition by many researchers because of its simplicity
and efficiency, such as linear Principal Component
Analysis (PCA) or Fisher Linear Discriminant Analysis
(FLDA). It seeks to project the input data into a low
dimensional space through a linear transformation. Linear
PCA!M" " is optimal for representation and reconstruction.

But it is inadequate for discriminant purpose between
different faces because PCA seeks to maximize the total
scatter across all classes. The idea of FLDAP'') seeks to
find discriminant projectors which can maximize the
between-class scatter and minimize the within-class
scatter. P.Belhumeur!'”? compared the linear PCA and
FLDA methods for face recognition on the Harvard and
Yale face databases, and experimental results showed that
FLDA was better than linear PCA, especially with
illumination variation. However, FLDA is still a linear
techniques in nature, so it is also inadequate to describe
the complex variation of the face images in practice, such
as illumination. facial expression and pose variations.
M.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
B.Moghaddam® compared it with linear PCA on the
FERET face database and found that it gave the same
recognition accuracy as linear PCA.

Recently kernel-based nonlinear analysis has been
given more attention in pattern recognition, because the
kernel trick can efficiently construct nonlinear relations of
the input data in an implicit feature space obtained by
nonlinear kernel mapping, and they only depend on inner
products in the feature space but need not to compute the
feature space explicitly. The kernel trick was first used in
Support Vector Machines (SVM)"), which looks for an
optimal separating hyperplane in the feature space; and
was applied to a wide class of problems including face
recognition®’). SVM is based on the margin maximization
and sensitive only to the extreme values. Kernel PCAM
combines the kernel trick with PCA to find nonlinear
principal components in the feature space. M.Yang!'”
demonstrated that it outperformed PCA in face
recognition. However, as the same as PCA, Kernel PCA
captures the overall variance of all patterns which are
inadequate for discriminating purposes.

In this paper, Kernel-based Fisher Discriminant
Analysist'  (Kernel FDA) is proposed for face
recognition. Similar to kernel PCA, Kernel FDA
combines the kernel trick with FLDA. Firstly, the kernel



trick is used to project the input data into an implicit
feature space through nonlinear kernel mapping, then
FLDA is performed in this feature space, thus a nonlinear
discriminant can be yielded in the input data. Recently a
similar idea has been successfully used in modeling multi-
view face!'”! and gesture recognition®®”. Our experiments
are performed with the polynomial kernel and Kernel
FDA is compared with Kernel PCA and FLDA. Extensive
experimental results show that it can give higher
recognition rate than Kernel PCA and FLDA

The rest part of this paper is arranged as follows:
Kernel FDA is introduced in Section 2, Experiments are
described in Section 3 and discussions in Section 4,
finally, we will give our conclusion.

2. Kernel FDA

The idea of Kernel FDA is to yield a nonlinear
discriminant in the input space through the kernel trick
and FLDA. At first, the input data is projected into an
implicit feature space F by nonlinear mapping,
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transformation in F which can maximize the between-
class scatter and minimize the within-class scatter in F.

Moreover, it is unnecessary to compute Q0 explicitly but

compute the inner product of two vectors in F with an
inner product kernel function:

k(x,y) = (@(x) Lp(y)) M

Let x be a vector of the input set X with n elements.
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To perform FLDA in F, it is equal to maximize
expression (4).
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Because any solution W[ F must lie in the span
of all the samples in F, there exist coefficients O,
i=1,2...n, such that
n
= aQx,) (5)
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By the expression (5), the projection of each class
means U, onto w can be written:
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similar transformation as in (7), it can be found that
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Thus, maximizing expression (4) is converted to
maximize:

It follows that

where and a

a'K,a
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Similar to FLDA, this problem can be solved by

J(a) = ©

finding the leading eigenvectors of KW_IK 5, and the

projection of a point x onto w in F is given by

(W) = Y k() (10)

3. Experiments

In the experiments, we compare Kernel FDA with
Kernel PCA and FLDA. For kernel methods, the

k(x,y)=(x0)", s
selected. The selection of kernel function is lack of
theoretic selection scheme. In fact, how to select kernel
function for special tasks is still an open problem.

The experiments are performed on two benchmarks:

polynomial kernel function,



one is the ORL database and the other is a dataset of the
FERET database!'¥). The Nearest Neighbor (NN) classifier
is used for all the methods. On each benchmark, we
reduce the dimensions to C—1 for Kernel FDA and
FLDA, where C is the number of classes. Because there is
often no enough samples for training to guarantee within-
class scatter nonsingular in the application of face
recognition, there is a numerical problem for Kernel FDA
and FLDA. In order to deal with this numerical problem,

we replace K, with K, + Ul for Kernel FDA, where
U is very small constant and I is the identity matrix!*.

We adopt the method!"” that uses PCA firstly to remove
the null space of the within-class scatter for FLDA. As for
Kernel PCA, we follow the rule!'® that the ratio between
the sum of the first s selected eigenvalues and the sum of
all the eigenvalues is greater than 0.9, that is:

ratio = MZ 0.9, and the number of selected

all

=17
eigenvectors (principal components) are empirically
determined to achieve the highest recognition rate
corresponding to each degree d of the polynomial kernel.

In addition, in the experiments the training set is

obtained randomly each time, so perhaps there exists
some fluctuation among the results. In order to reduce the
fluctuation, we do each experiment more than 10 times
and all the result data given in the paper is an average of
them.

3.1 FERET Dataset

There are 70 persons in this dataset of the FERET
face 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. The
images are resampled to 92 X112 . Figure 1 shows 12
samples of two persons randomly selected from the
dataset.
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Figure 1. Samples from the FERET dataset

4 images per person are used for training and the
other 2 images are used for testing each time. The
following Table 1 is given the experimental results of
Kernel FDA and Kernel PCA at different degrees d=2,3,4,
of the polynomial kernel. From the results, it can be found
that Kernel FDA outperforms Kernel PCA obviously at

each d, and Kernel FDA gives the higher recognition rate
(88.93%) at d=2 than d=3,4.

Table 1. Recognition rate (%) on the FERET database

Degree (d) Kernel FDA Kernel PCA
2 88.93 79.86
3 84.90 78.15
4 80.72 74.79

The following Figure 2 is the comparison results
between Kernel FDA at degree d=2 and FLDA. The
horizontal axis represents that £ images per person are
selected randomly for training and the other

6 — k images for testing.
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Figure 2. Kernel FDA vs FLDA on the FERET dataset

Figure 2 shows that Kernel FDA is better than
FLDA. For example, when training samples of each
person k=2, it gives the accuracy of 65.67%, while FLDA
just has 55.82%. With k increasing to 4, it is still above
2% higher than that of FLDA (88.93% vs 87.5%), but
combining with Table 1, we find that FLDA is better than
Kernel PCA.

3.2 ORL Database

There are 40 persons in the ORL database and 10
different images with each person, including variations in
pose, facial expression (open or closed eyes, smiling or
non-smiling) and with glasses or no-glasses, but there is
little illumination variation. The size of images is
92 x112, and no preprocessing is done. Figure 3 shows
20 randomly selected samples of two persons.

Figure 3. Samples from the ORL database

Each time, 5 images per person are selected
randomly from the database for training and the other 5
images for testing. Kernel FDA is still compared with



Kernel PCA at degree d=2,3,4. Experimental results are
given in the Table 2. It is similar to the experimental
results on the FERET dataset that Kernel FDA is always
better than kernel PCA and the recognition rate of Kernel
FDA at d=2 is a little higher than d=3,4.

Table 2. Recognition rate (%) on the ORL database

Degree (d) Kernel FDA Kernel PCA
2 95.35 93.75
3 94.30 92.75
4 92.25 91.70

In addition, Kernel FDA at degree d=2 is also
compared with FLDA on the ORL database. Each time &

images per person are selected randomly for training and

the other 10 — k images for testing. Experimental results
are given in Figure 4. Similar to the experimental results
of the FERET dataset, Kernel FDA gives higher
recognition rates than FLDA at each k£. When the training
samples of each person k=2, the recognition rate of Kernel
FDA is above 6% higher than FLDA (81.88% vs 75.75%).
At k=8, Kernel FDA can achieve the recognition rate of
99.38%, even higher than the 97.50% of FLDA.
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Figure 4. Kernel FDA vs FLDA on the ORL database
4. Discussions

From above experimental results, we find that
Kernel FDA can obtain a higher recognition rate than
Kernel PCA and FLDA. It shows that nonlinear
discriminant with kernel is more efficient for describing
the practical face images. With the different degree d of
the polynomial kernel, Kernel FDA and Kernel PCA will
give the different performance. In our experiments, degree
d=2 is better than d=3,4, and at degree d=4 Kernel FDA
gives recognition rate lower than FLDA when the training
samples k=4 on the FERET dataset (80.72% vs 87.5%)
and the training samples k=5 on the ORL database
(92.25% vs 93.3%). In addition, It is also found that
Kernel FDA. Kernel PCA and FLDA all perform well on
the ORL database, which has little illumination variation,
but even Kernel PCA is not as good as FLDA on the
FERET dataset. It seems that Fisher Discrimination

Analysis is better than PCA to deal with illumination
variation, which is as same as the experimental result of
P.Belhumeur!?,

5. Conclusion

Kernel FDA is a technique that combines the kernel
trick with FLDA. The kernel trick is used to map the input
data into an implicit feature space by nonlinear kernel
functions, and then FLDA is performed in the feature
space to yield a nonlinear discriminant in the input data.
In this paper, we present to use it for face recognition, and
compare its performance with Kernel PCA and FLDA on
two benchmarks. Extensive experiments show that it can
give the recognition rate higher than Kernel PCA and
FLDA.
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