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Abstract. Recently in face recognition, as opposed to our expectation, the
performance of an ICA (Independent Component Analysis) method combined
with LDA (Linear Discriminant Analysis) was reported as lower than an ICA
only based method. This research points out that (ICA+LDA) methods have not
got a fair comparison for evaluating its recognition performance. In order to
incorporate class specific information into ICA, we have employed FLD (Fisher
Linear Discriminant) and have proposed our (ICA+FLD) method. In the
experimental results, we report that our (ICA+FLD) method has better
performance than ICA only based methods as well as other representative
methods such as Eigenface and Fisherface methods.

1. Introduction
Face recognition in real environments is a very difficult problem due to variations of
facial expression, pose and illuminations. For face classification, employing features
that best explain facial data is one of the most important tasks. This paper presents
that (ICA+LDA) methods have better recognition performance than ICA only based
methods as well as other representative face recognition methods such as Eigenfaces
and Fisherfaces.
ICA is a technique that extracts statistically independent signals from mixed signals.
An ICA based face recognition method assumes that a facial image can be represented
by a linear combination of statistically independent sources. It is well known that ICA
better represents a variety of data distributions than PCA [10]. Thus, ICA techniques
have popularly been applied lately to the problem of face recognition [1][3][4][6],
especially for face recognition under variations of illumination, pose and facial
expression. However, ICA based methods do not consider class information. Hence
an ICA only based method is appropriate for data representation, and is not tuned for
classification of data.
Recently, Bartlett et al. who coined the ICA based face recognition method suggested
that an (ICA+LDA) method might have better performance than ICA only based
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methods [2]. However, they did not provide any supporting experimental results.
Among LDA techniques, FLD (Fisher Linear Discriminant) has often been used for
face recognition. FLD is a classical statistical analysis method that finds a linear
transformation matrix, which maximizes the ratio of between class scatter and within
class scatter. Contrary to their expectation, C. Liu et al. reported the experimental
result that their (ICA+FLD) method had lower performance than ICA only based
methods [5]. In their experiment, however, the (ICA+FLD) methods did not get a fair
comparison with ICA only based methods in that they used feature vectors of
dimension less than (C − 1) although the proper use of FLD has to employ (C − 1)
dimensional vectors. C denotes the number of classes.
In this paper, we propose our (ICA+FLD) method and report that the performance of
face recognition for our (ICA+FLD) method is better than that for ICA only based
methods. We present experimental results that compare in a fair manner the
recognition performance of the (ICA+FLD) method with Eigenface, Fisherface and
ICA only based methods. As can be seen in the experimental results, the (ICA+FLD)
method performs better than the other methods.
The rest of this paper is organized as follows. Section 2 briefly reviews the Eigenface,
Fisherface and ICA based methods that are most representative methods for face
recognition. We describe the ICA method combined with FLD in section 3 and
present experimental results in section 4.

2. Related Work
2.1 Eigenfaces and Fisherfaces
The Eigenface method is briefly described as follows. Let a face image be a twodimensional M by N array of intensity values. This image can be represented a
!!"
" "
"
column vector X i of dimension M × N. Let X = [ X 1 , X 2 ,..., X T ] be a sample set of the
face images. T denotes the total number of the face images. After subtracting the total
!!" !!!" !!!"
mean from each face image, we get a new vector set X ′ = [ X 1′, X 2′ ,..., X T′ ] . Then the
covariance matrix is defined as
T !!"!!" T
S = ∑ X i′ X i′
i =1

(1)

= X ′X ′ .
T

The respective eigenvector and eigenvalue matrices, Ψ and Λ , are computed from
Eq. (2).
SΨ = ΨΛ.

(2)
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The size of the matrix, S is MN MN and determining the MN eigenvectors and
eigenvalues is an intractable task for typical image sizes. A computationally feasible
method that employs the eigen-analysis of X ′T X ′ instead of X ′X ′T is used. The size
of X ′T X ′ is T T [9]. Let V and Λ ′ the eigenvector and eigenvalue matrices of
X ′T X ′ , respectively. Then we have the following equation.
( X ′T X ′)V = V Λ ′

(3)

Pre-multiplying X ′ on both sides, we have
X ′( X ′T X ′)V = ( X ′X ′T )( X ′V ) = ( X ′V )Λ ′

" "
"
V = [V1 , V2 ,..., VT ] and

Λ ′ = diag (λ1 , λ2 ,..., λT ) . Assuming

(4)

λi ’s are sorted as

λ1 ≥ λ2 ≥ ... ≥ λT , we obtain eigenvectors of X ′X ′T corresponding to the first m
largest eigenvalues, and the projection matrix WPCA is obtained as follows:

!!"
!!"
!!"
WPCA = [ X ′V1 , X ′V2 ,..., X ′Vm ] .

(5)

!!"
!!"
!!"
!!"
X ′V1 , X ′V2 ,..., X ′Vm represent the first m eigenfaces. A vector X i′ that represents a
!"
face image is projected to a vector Yi using the projection matrix WPCA as in the
following equation.
!"
!!"
T
Yi = WPCA
X i′

(6)

!!"
At online recognition, a new face image X i is subtracted by the mean face and
!"
!"
projected to Yi using Eq. (6). It is recognized by comparison of Yi with the projected
vectors of the training face images that are computed off-line. Since PCA maximizes
for all the scatter, it is more appropriate for signal representation rather than for
recognition purpose.
The idea of the Fisherfaces method is that one can perform dimensionality reduction
using PCA and still preserve class separablility. It applies FLD to the reduced PCA
subspace to achieve more reliability for classification purpose. The Fisherfaces
method is briefly described as follows. Let C and N1 , N 2 ,..., N c denote the number of
!!!" !!!" !!!"
classes and the number of face images in each class, respectively. Let M 1 , M 2 ,..., M c
and

!!"
M be the means of each class and the total mean in the reduced PCA subspace.

!!"
!!!"
!!!" 1
T
Since Yij = WPCA
X ij′ , we can then have M i =

Ni

th

!!"

j =1

ij

T
= WPCA
(

1 N i !!!" !!!"
∑ X ij′ ) . X ij′ denotes the
N j =1

class (or subject). The between-class
!!"
scatter and within-class scatter matrices S′b and S′w of Yij are expressed as follows.
j

face image vector belonging to the i

th

Ni

∑Y
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13

(7)

!!!"
S′b and S′w are the between-class scatter and within-class scatter matrices of X ij′ ’s,
respectively. The projection matrix that maximizes the ratio of the determinant
T
W fld
Sb′W fld
−1
is chosen as the optimal projection, W fld . The rank of ( S w′ ) Sb′ is
T
W fld S w′ W fld
(C − 1) . Thus the columns of W fld are computed as the (C − 1) leading eigenvectors
!!!"
−1
of the matrix ( S w′ ) Sb′ [11]. Therefore, given an input face image X ij′ , it is projected
!!"
!!!"
!!"
T
T
to Ωij′ = W fld
WPCA
X ij′ and classified by comparison with the vectors Ωij′ ’s that were
computed off-line from a set of training face images [13].
2.2 ICA Based Face Recognition
Face recognition using ICA is briefly described as follows. We observe L linear
mixtures x1 , x2 ,..., xL , which are assumed to be linear combinations of N unknown
zero mean mutually statistically independent components s1 , s2 ,..., sN . The above
mixing model is written as:
x = As .

(8)

A is an unknown mixing matrix. The task is to estimate the independent component
s by computing the matrix W as in the following equation that corresponds to the
mixing matrix A .
U = Wx and x = W −1U

(9)

"
On the other hand, a face image X i is represented by a linear combination of the
independent components s1 , s2 ,..., sn as in Eq. (10) whose coefficients ai1 , ai 2 ,..., ain
are the column vectors of the matrix A [7].

"
X i = ai1 s1 + ai 2 s2 + ... + ain sn

(10)

Let X ′ be the set of column vectors where each vector is obtained by subtracting the
"
total mean from X i . The mean value of the column vectors of X ′ becomes 0. The
matrix W is a de-correlating matrix when the covariance matrix of the output vector
U becomes a diagonal matrix [12]. That is, in the case of Eq. (9), when UU T = I ,
then W can be written as:
W T W = ( X ′X ′T ) −1 .

(11)
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Then, the independent components U become uncorrelated by the whitening process.
For each face image in the training set, we can calculate its feature vector U and a
weight matrix W . Using Eq. (11), we get the following equation,
EDE −1 = ( X ′X ′T )

(12)

E and D are the eigenvector and eigenvalue matrices of the covariance matrix
X ′X ′T , respectively. Substituting Eq. (12) into Eq. (11), we get the whitening matrix
W p as follows:
−

1

Wp = D 2 ET .

(13)

We transform X ′ to V using the matrix W p (M × M) as follows.
V = Wp X ′

(14)

Thus, substituting Eq. (14) into Eq. (15) gives V as follows:
−

1

V = D′ 2 E ′T X ′ .

(15)

Therefore, the independent components U is obtained as:
U = W TV .

(16)

Kurtosis could be used to estimate mutually statistically independent components
from observed images. The kurtosis measures non-Gaussianity of data distribution
[7]. The kurtosis of U is classically computed as follows:
kurt (U ) = ∑ E{U i } − 3( E{U i })2 .
4

2

(17)

i

A linear transformation matrix W T could be found by the kurtosis maximization.
This ICA algorithm using the kurtosis method of Eq. (17) estimates the independent
components one at a time [10], while Bell and Sejnowski’s algorithm simultaneously
estimates all the components [8].

3. (ICA+FLD) Method
Our (ICA+LDA) method that is evaluated is shown in Fig. 1. In off line training, the
method is divided into two stages. First, we get statistically independent basis vectors
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images out of ten images were taken first and the rest five images at a different time.
All the images are frontal views of upright faces with changes in illumination, facial
expression (open/closed eyes, smiling/non-smiling/surprised), facial details
(glasses/no glasses) and hair-style. Fig. 2 shows a part of images of a subject in
SKKU facial database. In Yale facial database, each of sixteen different subjects has
ten images, which consist of three images under illumination changes, six with
changes in facial expression and one with glasses worn. The ORL (Olivetti Research
Laboratory) face image database are 10 different images of 40 distinct subjects [17],
All the images were taken against a dark homogeneous background and the subjects
are in up-right, frontal position with tolerance for some side movement. Fig. 3 shows
a set of images of a subject in Yale and ORL facial database.

Fig. 2: Example images from SKKU facial database.

Fig. 3: Left: Example images from Yale facial database. Right: Example images from ORL
facial database.

We have compared the recognition rate of our (ICA+FLD) method with that of
Eigenface [9], Fisherfaces [14] and ICA based face recognition [7] using SKKU, Yale
and ORL facial databases. In order to determine the recognition rates, the half of the
entire database is used for training and the other half for testing. The classification
was performed using the nearest neighbor classifier.
Table 1 shows the relative performance of the algorithms when applied to SKKU,
Yale and ORL facial databases, respectively. As can be seen in Table 1, the
performance of the (ICA+FLD) method is better than that of Eigenfaces [9],
Fisherfaces [14] and ICA based face recognition [7]. Interestingly, however, the
performance of Fisherfaces turns out to be better than ICA only based method. We
think that why the performance of ICA is lower than that of Fisherfaces is that the
Fisherfaces method uses class information while ICA does not. This experimental
results proves our claim that the (ICA+FLD) method is more appropriate for
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classification than the other methods. The application of FLD yields the better
discriminating power for pattern classification, and the recognition accuracy has been
improved.
Table 1: Recognition rates of Eigenfaces, Fisherfaces, ICA and our (ICA+FLD) method for
SKKU, Yale and ORL facial images.

correct
retrieval rate

SKKU
Yale
ORL

Eigenfaces

Fisherfaces

ICA

(ICA+
FLD)

0.86
0.829
0.925

0.94
0.988
0.950

0.90
0.829
0.925

0.94
1.000
0.965

5. Conclusions
In this paper, we have achieved better classification performance by combining ICA
with FLD method. Although the ICA method shows a good performance under
variations of illumination, pose, and facial expression, it is not tuned for classification
of data in that it does not consider class information. In order to incorporate class
specific information into ICA, we have employed FLD after ICA has been applied.
The experimental results using several facial databases have shown that the
(ICA+FLD) method has better performance than Eigenface, Fisherface, and ICA only
based methods.
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