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ABSTRACT

Fukunaga-Koontz Transform (FKT) is a famous feature extraction method in statistical pattern
recognition, which aims to find a set of vectors that have the best representative power for one class
while the poorest representative power for the other class. Li and Savvides [1] propose a one-against-all
strategy to deal with multi-class problems, in which the two-class FKT method can be directly applied
to find the presentative vectors of each class. Motivated by the FKT method, in this paper we propose a
new discriminant subspace analysis (DSA) method for the multi-class feature extraction problems. To
solve DSA, we propose an iterative algorithm for the joint diagonalization (JD) problem. Finally, we
generalize the linear DSA method to handle nonlinear feature extraction problems via the kernel trick.
To demonstrate the effectiveness of the proposed method for pattern recognition problems, we conduct
extensive experiments on real data sets and show that the proposed method outperforms most

commonly used feature extraction methods.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Fukunaga-Koontz Transform (FKT) is a famous feature extrac-
tion method in statistical pattern recognition [2,3]. It was origin-
ally proposed by Fukunaga and Koontz for two-class feature
extraction problems. The basic idea of FKT is to find a set of
representative vectors that simultaneously represent two classes,
in which the vectors that best represent one class will be the least
representative ones for the other class. FKT has been widely used
in many applications during the past thirty years, including image
classification [4], face detection [5] and face recognition [6,7]. To
handle the multi-class feature extraction problem, Li and Savvides
[1] propose to use a one-against-all strategy such that the two-
class FKT method can be directly applied to find the presentative
vectors of each class. More specifically, they choose one class as
an independent class and use all the remaining classes as a new
class, and then apply the FKT method to find the most represen-
tative vectors for the chosen class. This procedure is repeated
until each class has its own representative vectors. However, it
should be noted that this approach works in a relative manner
rather than an absolute manner, i.e., the eigenvectors represent-
ing each class are solved independently rather than in a unified
manner [1]. Hence, the best representative vectors for one class
may not be the poor ones for other classes.

* Corresponding author. Tel.: +86 25 83795664 1019.
E-mail addresses: wenming_zheng@seu.edu.cn (W. Zheng),
zhoulin@microsoft.com (Z. Lin).

0031-3203/$ - see front matter © 2011 Elsevier Ltd. All rights reserved.
doi:10.1016/j.patcog.2011.10.021

Motivated by the FKT method, in this paper we propose a new
discriminant subspace analysis (DSA) to deal with the multi-class
feature extraction problems. In this method, we firstly borrow the
FKT idea of whitening the summation of all the class covariance
matrices, and then find an orthogonal matrix that best simulta-
neously diagonalize all the transformed class covariance matrices
in the whitening space. Considering that there may not exist an
orthogonal matrix that can exactly and simultaneously diagona-
lize more than two-class covariance matrices [2], we can only
resort to the joint diagonalization (JD) technique of multiple
matrices [8,9] to achieve this goal. To this end, in this paper we
propose an iterative algorithm to solve the JD problem using the
conjugate gradient method on the Stiefel manifold (the set of all
orthogonal matrices) [10]. Compared with the original JD algo-
rithm proposed by Flury [8] that uses the maximal likelihood
method, the major advantage of our algorithm is that it can
remove the non-singularity constraint on the class covariance
matrices and therefore can still be applicable when the number of
samples of each class is relatively small. Moreover, to obtain a
discriminant subspace for each class, we adopt a method similar
to the FKT of choosing the vectors from the columns of the
transformation matrix that best represent one class while have
less representation power for other classes to span the discrimi-
nant subspace for that class.

Our DSA can be viewed as an extension of the common
principal component analysis (CPCA) method [8] for discrimina-
tion problems. The CPCA method, originally proposed by Flury [8],
aims to find a common orthogonal matrix for multiple class
covariance matrices. However, since the data samples may not
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share the same metric, we cannot guarantee that the columns
of the orthogonal matrix of CPCA with the best representation
power for one class will be the poor representation vectors of
other classes. In contrast to CPCA, our DSA can overcome these
drawbacks of CPCA, by whitening the data samples such that they
share the same metric. Moreover, to make the DSA method able to
capture the nonlinear structure of the data samples, we also
generalize the linear DSA method by utilizing the kernel trick,
which has been successfully used in the nonlinear extensions of
PCA [11] and linear discriminant analysis (LDA) [12]. We call
the nonlinear DSA method as the kernel DSA or simply the KDSA
method for short.

This paper is organized as follows. In Section 2, we briefly
review the FKT method and the CPCA method. In Section 3, we
present our DSA method. The KDSA method is introduced in
Section 4. Then the experiments are presented in Section 5.
Finally, we conclude our paper in Section 6.

2. Brief review of FKT and CPCA
2.1. Fukunaga-Koontz Transform (FKT)

Let X; and X, be two data matrices, where each column is a
d-dimensional vector. Then the autocorrelation matrices of X
and X; can be expressed as R; = (1/N)X;X] and R, = (1/N»)XoXJ,
respectively, where N; and N, represent the number of the
columns of X; and X;, respectively. Let R =R +R;. Performing
the singular value decomposition (SVD) of R, we obtain

B NZ. S AVA 4
R_(VV)<0 0)(VJ>, (1)

where A is a diagonal matrix whose diagonal entries are positive
and 0 denotes zero matrices. Let P=VA~'/2. Then we obtain

P'RP=P'(R; +R,)P=R; +R; =1,

where R; =P'R;P, R, = P'R,P and I is the identity matrix. Let
RiX=/1X 2)
be the eigen-analysis of R;. Then we have

Rox = I-R1)X = (1—41)X. 3)

Egs. (2) and (3) show that R; and R, share the same eigenvector
X, but the corresponding eigenvalues are different (the eigenva-
lues of R, is J, = 1—/;) and they are bounded between 0 and 1.
Therefore, the eigenvectors which best represent class 1 (i.e.,
Z1~1) are the poorest ones for representing class 2 (i.e.,
Ja =1—/1 ~0). Suppose the SVD of R; is R; =Q;A;Q] and let
P= PQ;, then we have that f’TRf’ =1, I3TR113 =A; and f’Tsz’ =
I-A;. So P simultaneously diagonalizes R; and R..

It is notable that the above two-class FKT solution method
cannot be simply extended to the general multi-class problem.
This is because there may not exists a matrix that can exactly
diagonalize more than two autocorrelation matrices simulta-
neously. For multi-class problems, Li and Savvides [1] use a
one-against-all strategy to construct a sequence of two-class FKT.

2.2. Common principal component analysis (CPCA)

Suppose that we have ¢ data matrices X; (i=1,2,...,c) from
d-dimensional data space. Let u; denote the mean of the i-th data
matrix X; and N; denote the number of the columns of X; (i.e., the
number of samples in the i-th class). Then the covariance matrix

E & ]
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.

Fig. 1. An example of D of the class covariance matrices. The first row shows the
three 4 x4 class covariance matrices. The second row shows the results of
simultaneous diagonalization after performing the JD procedure. The grayscale
corresponds to the magnitude of the matrix entries, where the darker pixels
indicate larger values.

of the i-th data matrix can be expressed as

L= Nlix,-xf_uiuf, i=1,2,...,c 4)
The goal of CPCA is to find an orthogonal matrix Q e R¥*? that
simultaneously diagonalizes the c class covariance matrices X;,
ie,

Q'ZQ=A

st. Q'Q=1, (5)

where ideally A; should be diagonal.

The optimal solution to (5) can be found by performing the JD
of all the class covariance matrices X;. The concept of ]JD is
illustrated in Fig. 1, where usually A; cannot be exactly diagonal
when ¢ > 2. One of the most well-known JD algorithms to solve
the optimization problem in (5) was proposed by Flury [8], which
is based on maximum likelihood estimation. However, this algo-
rithm may not be applicable when the class covariance matrices
Y,; are singular because the inverses of class covariance matrices
are involved. Moreover, it should be noted that the principal
components associated with different class covariance matrices
do not share the same metric and hence cannot guarantee that
the columns of Q that best represent one class will be the poor
ones for other classes.

3. Discriminant subspace analysis (DSA)

Suppose that P is the whitening matrix of the summation of X;
(i=1,2,...,0), i.e,

C C
SPIp=Y %=l (6)
i=1 i=1
where £; =P'L,P (i=1,2,...,c).
Similar to the CPCA method, we perform JD on the ¢ whitening
class covariance matrices ¥; (i=1,2, ...,c), i.e., seeking an ortho-
gonal matrix Q satisfying the following constraints:

Q'XQ=A

st. Q'Q=1, @)

where ideally A; should be diagonal. Compare (7) with (5), we can
see that Q is actually the orthogonal transform matrix of CPCA
defined on ﬁ),-, while CPCA performs on the original covariance
matrix X; (i=1,2,...,c). Consequently, our DSA can be seen as a
generalization of CPCA.
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To solve the optimal solution Q, we formulate the optimization
problem (7) into the following form:

Q*=arg min gQ), ®)
Q'Q=1I
where the objective function g(Q) is defined as

2Q)= Z IQ"E,Q-diagQ"E,Q)11Z, 9
1 =1

in which each term in the right-hand side of (9) measures how

close Q"%,Q is to be diagonal and diag(A) represents a diagonal

matrix whose diagonal entries are the same as those of A.

To solve the optimization problem in Eq. (8), we use the
conjugate gradient method on the Stiefel manifold [10]. The
pseudo-code is presented in Algorithm 1. To run Algorithm 1,
we have to solve two subproblems: first, to compute the deriva-
tive of g(Q) with respect to Q; second, to minimize g(Q(t))
therein over t, where Q,(t) has the form of Q,(t) = Q,e!* and A
is a skew-symmetric matrix.

Algorithm 1. The conjugate gradient method for minimizing g(Q)
on the Stiefel manifold (adapted from [10]).

Input:
o Covariance matrices £1,%,, ...,
Initialization:
1. Choose an orthogonal matrix Q;
2. Compute Go =Zo—QZjQo, where Zo = §& loy?
3. Set Hy = —Gg, Ao =QJHy and k0;
Do while 1A llF > ¢
1. Minimize g(Q,(t)) over t, where Q,(t) = Q,M(t) and
M(t) = etfx;
2. Set ty «tyin and Qg1 < Q,(ty), where
tmin = arg mingg(Q(t));
3. Compute Gy, 1 = ZI<+1_Qk+1Z7k-+1Qk+1- where
Lya= 5% |Qk+1 ;
4. Parallel transport tangent vector Hy to the point Q,_ ¢:
T(Hy) < HM(tp);
5. Compute the new search direction:
Hi 1 =—Gpy 1 +y, T(Hy), where p, = % and
(AB> =Tr(A"B);
6. if k+1=0 mod d(d—1)/2, then reset Hy {
7. Set Ari 1< Qiy 1 Hiy 1
8. Set k—k+1;
Output:
e Set Q < Q, and output Q.

¥ and the threshold ¢ > 0.

:—Gk+1~

For the first subproblem, the derivative of g(Q) can be found
to be!

dgQ)
dQ

For the second subproblem, we notice that g(Q(t)) is a smooth
function of t, hence its minimal point can be found by Newton'’s
iteration method [13] as it must be a zero of f(t) = dg(Q,(t))/dt.
To find the zeros of fi(t) by Newton’s iteration method,> we
have to know the derivative of fi(t). fi(t) and df,(t)/dt can be

_1<ZE>Q 3" £Q diag@Q'EQ). (10)

i=1

1 The details of deducing Eqgs. (10)-(12) are given in Appendix.

2 Some trivial tricks, e.g., by checking whether g(Q,(t)) decreases, should be
adopted in order not to find the maximal points of g(Q,(t)) as they are also the
zeros of fi(t).

found to be

fe@®=Tr <Ak Z S; k()diag(S; k(f))> an
i=1

and

VO g (Ak 3 (SuOAYT +Si (DA diag(Siu(t)

i=1

+sf,k<t>diag«s,-,k(t)Ak>T+sf,k<t>Ak>]), (12)

respectively, where S;(t) = Q{(t)ﬁiQk(t).

Now denote the optimal solution to (7) by Q =[q;.4>, - --.q,],
where r is the dimensionality of ¥,. Then, by the philosophy of
CPCA, the columns of Q are the common eigenvectors of all ;. So,
to find the most representative vectors for each class, we compute
dij= qu)i,-qj (j=1,2,...,r) to measure the representative power of
vector q; for class i. In this case, the vectors q;,.q;,, .. ..q;, that
correspond to the top k largest values of d;; (j=1,2,...,r) are the
most representative vectors for class i. Let Q;=[q;.q;,, ---.q;]
(i=1,2,...,c) and x be a test sample. Then, if X is from the i-th class
data set, then the reconstruction error of PT(x—u;) by Q; should be
the least among those by Q; (j # i). Consequently, we can assign the
class label, denoted by c*, of x according to the following criterion:

c*(x) = arg min{liz;!}, (13)

where z; is given by

z; = (1-Q;Q)P"(x—u)). (14)
We summarize our DSA algorithm in Algorithm 2.

Algorithm 2. Discriminant subspace analysis.

Input: Data matrices X =[X1,Xs, ...,X] and a test sample x.
1. Compute the covariance matrix of X;: ¥; = NliXiXiT—uiuiT
(i=1,2,...,c), where N; is the number of columns of X;;
. Compute X = >¥_; X;;
. Perform the SVD of X: £ =VAV’, and let P=VA~"/?;
. Set £;=P"L;P;
. Solve the orthogonal matrix Q that best simultaneously
diagonalizes 1, ..., using Algorithm 1;
6. Find the most discriminant vectors Q; for each class;
7. Find the class identifier c¢*(x) for x by Eq. (13).
Output:
o C*(X).

uahbh W N

4. Kernel discriminant subspace analysis (KDSA)

We now generalize the linear DSA to the nonlinear case. Let ¢
be a nonlinear mapping that maps the columns of the data
matrices X; (i=1,2,...,c) from the d-dimensional data space R?
to a high-dimensional feature space F, i.e.,

@ :RISF. (15)
Let X? denote the corresponding data matrices X; in the feature

space F, then the covariance matrix of the i-th class data set in F
can be expressed as

1 d .
rf = fx?(x?)T—uiP(u?)T i=1,2,...,0), (16)

where uf = (1 /N)Z X‘b denotes the mean vector of the i-th
data set and b &4 denotes the] th column of X?. Let

ZZ¢ ZC:{ XP X)) —uP )’ 17)

i=1 i=1
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and let P? be the whitening matrix of £%, such that

C
PYTEIP? —p? (X 4Bl 4 EP? = Y E =1, (18)
i=1
where
=P ZPP? (i=1,2,....0). 19)

In this case, solving the KDSA problem boils down to solving the
same optimization problem as (7).

To find the transformation matrix P?, we perform the singular
value decomposition (SVD) [2] on £?. More specifically, let a);f
(p=1,2,...,m) denote the eigenvectors of £ corresponding to
the nonzero eigenvalue 4, > 0, then we have
Zq’w;f = Jpwy. (20)
From the literature [11], we know that cog’ can be expressed as a
linear combination of the columns of X,fp (i=1,2,...,c). Let
X? =[X{ X7 - X?]. Then, for each w?, there exists o, such that

f =X"0,. 21)

Combining (17), (20) and (21), we obtain that «, are the
eigenvectors of the following eigensystem:

N

2 Nil(,-l(i op = ApKotp, (22)
iz
where K= (Kj).,. is a ¢xc block matrix, Kj = (X?)'X{" whose
entries can be computed via the kernel trick (i.e., the product of
two vectors, X? and y? can be computed via the kernel function
(yq))TX(p = l<ernel(x,y)), Kl‘ =Ki—-KN;, Ki=[Kj; K --- l(iC]T, N; is
an N; x N; matrix with all entries being 1/Nj;, and o, is divided by
/%p such that lopIl=1.

Let V? =[w? w? ... wf]=X?Uand A=[A; Ay --- Am], where
U=[oq oy --- &y]. Then from (20) we obtain the following SVD
expression of X3:

P —vPAV?, 23)
From (23), we obtain that
P? =VPA12 =XPUA T2, 24)
According to (16), (19) and (24), we have
=Pz’

= AT2UT (X! (%X?’(X?’)T—u?(u;”)T>X‘I’UA‘UZ

1
- %A’l/ZUTK,KTUA"/Z. (25)
i

Hence, the projection of the test sample x?—u? onto the matrix
P? can be expressed as

P x?—u?) = APUT XY (x?—u?) = A V2UT(k—Kin),  (26)

where n; is an N; x 1 vector with all element being 1/N; and
k= (X?)"x? can be computed via the kernel trick.

Let Q be the optimal solution to (19) and let Q; be the matrices
whose columns are those of Q with the best representation power
for class i. Then the class label of x? can expressed as
c*(x) = arg min;{llz;ll}, where

z; = (1-Q,Q)H(P" x?—u)
= (1-Q,QD)A *UT (k—Kny). 27)

We summarize our kernel discriminant subspace analysis (KDSA)
based algorithm in Algorithm 3.

3 Here we utilize the orthogonality among the eigenvectors w,-‘".

Algorithm 3. Kernel discriminant subspace analysis.

Input: Data matrices X =[X1,Xy, ..
kernel(-,-), and a test sample x.
1. Compute K; = (X")'X?, N;, K; = K;—K;N;, and the
coefficient vector n;;
2. Solve the eigenvectors o; of K= (Kj)., corresponding to

.,X¢], kernel function

the nonzero eigenvalues 2;, and set o; —o;//4;
(i=1,2,...,m);

3.SetU=[o; o dmland A=[A4y 2 -+ Inml;

4. Compute ¥; = NliA’]/zUTK-K-TUA’I/Z;

5. Solve the orthogonal matrix Q that best simultaneously
diagonalizes £, ..., using Algorithm 1;

6. Find the most discriminant vectors Q; for each class;

7. Find the class identifier c*(x) for x by Eq. (13), where z; is
computed according to (27).

Output:
o C*(X).

5. Experiments

In this section, we test the effectiveness of the proposed JD
algorithm as well as the recognition performance of the proposed
DSA and KDSA methods on four real data sets, i.e., the IRIS data set
[14], Ekman’s POFA (Picture of Facial Affect) database [15], the
ORL face database [16], and the texture database [17]. The brief
description of these data sets are given as follows:

1. The IRIS data set was originally used by Fisher [14] for the
study of taxonomic problems. It consists of 150 samples from
three classes, where each class contains 50 samples and each
sample is a four-dimensional feature vector.

2. The POFA database consists of 110 facial images covering six
basic emotions (i.e., happy, angry, sad, surprise, disgust, and
fear) plus the neutral emotion. There are 14 subjects in total
(six males and eight females).

3. The ORL face database consists of 40 subjects, and each one
contains 10 different images taken at different time and with
slightly varying lighting. The size of each original face image is
112 x 92 pixels, with a 256-level grayscale.

4. The texture image database used in this experiment comprises
the 13 textures from the Brodatz album [17]. Each texture has
the size of 512 x 512 pixels, digitized at six different rotation
angles (0°, 30°, 60°, 90°, 120° and 150°). Similar to the method
in [18], all the images are divided into 16 disjoint 128 x 128
subimages. Hence, we obtain a texture image data set of 1248
samples in total, each of the 13 classes having 96 samples.

To evaluate the recognition performance of the proposed DSA
and KDSA methods, we also use the PCA method, the LDA method
[19], the LDA/GSVD method [20], the LDA/FKT method [7], the
KPCA method [11], the KLDA method [21] and the KFKT method
[1], respectively, to conduct the same experiments for compar-
ison. When using the methods of PCA, LDA, LDA/GSVD, LDA/FKT,
KPCA, and KLDA in the experiments, we choose the nearest
neighbor (NN) rule with the Euclidean distance as the classifier.
Moreover, throughout the experiments, we use the monomial
kernel function and the Gaussian kernel function, defined as

kernel(x,y) = (x"y) " (28)
and

g2
kernel(x,y) = exp{ _Ix Gy\l } (29)
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non-diag/diag = 0.39266

non-diag/diag = 0.11587

“n

] ]

non-diag/diag = 0.083583

p

non-diag/diag = 0.029154 non-diag/diag = 0.015768 non-diag/diag = 0.0023457

non-diag/diag = 0.02632

.

non-diag/diag = 0.018888 non-diag/diag = 0.0017331

Fig. 2. Comparison of the effectiveness of simultaneously diagonalizing the class covariance matrices of two JD algorithms: the first row shows the three class covariance
matrices of the IRIS data samples, the second row shows the corresponding class covariance matrices after performing Ziehe et al.’s JD algorithm, and the third row shows
the corresponding class covariance matrices after performing our JD algorithm. Below each covariance matrix is the ratio of the sum of squared non-diagonal entries to that

of the diagonal ones.

respectively, to calculate the inner product of any two vectors
in the feature space F, where ker and ¢ denote the degree
of monomial kernel and the Gaussian kernel parameter,
respectively.

5.1. Experiments on the IRIS data set

In this experiment, we aim to use the IRIS data set to demonstrate
the effectiveness of our JD algorithm. We also compare with the JD
algorithm proposed by Ziehe et al. [9]. We design our experiment
according to the following procedures:

1. Calculate the class covariance matrices of the data samples x;.

2. Solve the transform matrix P that whitens the summation of
the three class covariance matrices.

3. Transform the data samples with the matrix P : y; = P'x;.

4. Calculate the new class covariance matrices using the trans-
formed data samples, and then perform the JD algorithms on
the new class covariance matrices.

Fig. 2 depicts the class covariance matrices and the results
after performing Ziehe et al.’s JD algorithm and ours, where the
grayscale corresponds to the magnitude of the matrix entries and
the darker pixels indicate larger values. The first row of Fig. 2 lists
the three class covariance matrices of the data samples y;, the
second one lists the results after performing Ziehe et al’s JD
algorithm, whereas the third one lists the results after performing
our JD algorithm. Below each covariance matrix, we present the
ratio of the sum of squared non-diagonal entries to that of the
diagonal ones, indicating the performance of the JD algorithms.
The smaller the ratio value, the better the |D algorithm. Moreover,
we also show the numerical results of the class covariance
matrices in Tables 1 and 2, where Table 1 shows the numerical
results of three class covariance matrices to be used for simulta-
neous diagonalization, and Table 2 shows the numerical results

Table 1
Class covariance matrices to be used for simultaneous diagonalization.

Class no. 4 x 4 Class covariance matrices

1 0.1570 —0.0356 0.1808 0.0490
—0.0356 0.1176 —0.1084 —0.0210
0.1808 —0.1084 0.3981 0.0411
0.0490 -0.0210 0.0411 0.2425

2 0.3820 —0.0026 —0.0618 —0.0852
—0.0026 0.1818 0.0235 —0.1029
—0.0618 0.0235 0.2504 —0.0079
—0.0852 —0.1029 —0.0079 0.3783

3 0.4611 0.0381 —0.1189 0.0362
0.0381 0.7006 0.0849 0.1239
—0.1189 0.0849 0.3515 —0.0332
0.0362 0.1239 —0.0332 0.3792

after performing the JD algorithms of the Ziehe et al. and ours,
respectively.

From Fig. 2 and Tables 1 and 2, we can see that after
performing the JD operation, each class covariance matrix
becomes close to be diagonal. Moreover, we can see that our JD
algorithm achieves some improvement over Ziehe et al.’s JD
algorithm in diagonalizing the covariance matrices of classes
1 and 3.

5.2. Experiments on Ekman’s facial expression database

In this experiment, we use Ekman’s POFA database to evaluate
the recognition performance of the proposed DSA method and the
KDSA method. To evaluate the performance of Ziehe’s JD algo-
rithm with ours, we use both JD algorithms to realize the DSA and
the KDSA algorithms, respectively. Before the experiment, we
preprocess the facial images by manually cropping each facial
image such that the non-facial regions of each image are
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removed. Then we scale the cropped images to a size of 120 x 120
pixels. Fig. 3 shows examples of some cropped images. Finally, we
concatenate each cropped image into a 14400 x 1 vector and
normalize it into a unit vector.

We adopt the leave-one-subject-out strategy to conduct the
experiment. That is, to select the facial images of one subject as
the testing data and use the rest as the training data. We repeat
this procedure until all the facial images have been used once as
the testing data. Table 3 shows the average test error rates of the
various linear feature extraction methods as well as the various
kernel based nonlinear feature extraction methods with different
choices of monomial kernel degrees and Gaussian kernel para-
meters, where the monomial kernel degrees are set from 1 to
5 and the Gaussian kernel parameters are empirically fixed at 0.5,
5, 50, and 500. It can be clearly seen from Table 3 that the
proposed KDSA method achieves a lowest error rate (=21.82%)
among the various methods when Gaussian kernel is used. In this
example, we see that the KDSA methods implemented by Ziehe’s
JD algorithms and by our ]JD algorithm achieve the similar better
recognition results.

Table 2
Results of performing the Ziehe et al’s JD algorithm and our JD algorithm,
respectively, on the three class covariance matrices in Table 1.

Class no. Covariance matrices calculated by Ziehe’s algorithm

1 0.0689 0.0322 —0.0018 0.0469
0.0322 0.1109 —0.0062 0.0420
—0.0018 —0.0062 0.5389 0.0033
0.0469 0.0420 0.0033 0.1965

2 0.3788 —0.0064 0.0106 —0.0488
—0.0064 0.1355 0.0109 —0.0243
0.0106 0.0109 0.2149 0.0092
—0.0488 —0.0243 0.0092 0.4633

3 0.5523 —0.0257 —0.0087 0.0019
—0.0257 0.7537 —0.0048 —0.0176
—0.0087 —0.0048 0.2462 —0.0125
0.0019 —0.0176 —0.0125 0.3402

Class no. Covariance matrices calculated by our algorithm

1 0.0671 0.0311 —0.0022 0.0434
0.0311 0.1081 —0.0064 0.0408
—0.0022 —0.0064 0.5389 0.0030
0.0434 0.0408 0.0030 0.2010

2 0.3822 —0.0112 0.0105 —0.0527
—0.0112 0.1366 0.0105 —0.0276
0.0105 0.0105 0.2149 0.0098
—0.0527 —0.0276 0.0098 0.4588

3 0.5507 —0.0199 —0.0083 0.0094
—0.0199 0.7553 —0.0041 —0.0133
—0.0083 —0.0041 0.2462 —0.0128
0.0094 —0.0133 —0.0128 0.3402

5.3. Experiments on the ORL face database

In this experiment, we aim to evaluate the representation
ability and the recognition performance of the DSA method and
the KDSA method. In the experiment, each face image is also
cropped such that the non-facial regions of image are removed,
and scale the cropped images to a size of 64 x 64 pixels. Then, we
concatenate each face image into a 4096 x 1 vector and normalize
it into a unit vector.

To show the performance on image representation, we ran-
domly choose 70 images of seven subjects from the database and
compute the representative vectors using the PCA method, the
FKT method (a special case of the KFKT method when the
monomial kernel with degree 1 is used) [1] and the DSA method,
respectively. Fig. 4 shows the principal eigenvectors correspond-
ing to the first seven largest eigenvalues of PCA (the first row) as
well as the most representative vector of FKT (the second row)
and DSA (the third row) corresponding to each subject, respec-
tively. The images shown in the last row of Fig. 4 are the average
image of each class. Moreover, to quantitatively evaluate the
representative ability of the eigenvectors of PCA, FKT and DSA, we
define the following average reconstruction error of the face
images:

1 N
e=— ) lx;—x;ll, 30
‘Z‘ Z 1 1 ( )
ieT

where

X = 0o’ (X-X)+X

Table 3

Average test error rates of various methods (%) on Ekman’s POFA data set.
Methods Average test error rates
PCA 55.45
LDA 25.45
LDA/FKT 33.64
LDA/GSVD 23.64
DSA by Ziehe’s JD 29.09
DSA by proposed JD 28.18
Monomial kernel ker=2 ker=3 ker=4 ker=5
KPCA 55.45 55.45 55.45 55.45
KLDA 28.12 26.36 23.64 25.45
KFKT 32.73 34.55 32.73 32.73
KDSA by Ziehe’s JD 28.18 30.91 28.18 26.36
KDSA by proposed JD 30.91 30.00 28.18 27.27
Gaussian kernel =05 c=5 o =50 o =500
KPCA 53.64 52.73 51.82 51.82
KLDA 26.36 27.27 26.36 25.45
KFKT 34.55 32.73 31.82 30.91
KDSA by Ziehe’s JD 33.64 30.91 23.64 21.82
KDSA by proposed JD 31.82 31.82 21.82 21.82

Fig. 3. Examples of cropped images of Ekman’s POFA database.
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Fig. 4. Plot of the representative vectors obtained by PCA, FKT and DSA. The images in the first, second, and third rows denote the representative vectors of PCA, FKT [1],

and DSA, respectively. The fourth row shows the average image of each class.

is the reconstruction of x;, Z = {X;} denotes the whole face image
set, |Z| denotes the number of images in Z, X =(1/|Z)> ;. X
and w denotes a representative vector which can be computed by
PCA, FKT, or DSA.

According to Eq. (30), we obtain that the average reconstruc-
tion errors of PCA, FKT and DSA are &pcy =0.1781, &rr =0.1480
and epsy = 0.1477, respectively, where all 70 face images are used
in the evaluation. For PCA, the first principal eigenvector is chosen
as the representative vector, whereas, for both FKT and DSA, the
principal eigenvector specific to each class is used as the repre-
sentative error for calculating the average reconstruction error of
the face images belonging to that class. From the average
reconstruction error results and Fig. 4, we can see that, compared
with the average images, both FKT and DSA achieve lower average
reconstruction error than PCA and hence are more powerful than
PCA in representing the subjects.

To evaluate the recognition performance of both DSA and
KDSA, we randomly select five face images per subject as the
training data and use the other five images as the testing data.
Then, we use the training data set to train the various feature
extraction algorithms and use the test data set to evaluate the
recognition performance of the various methods. We totally
conduct 10 trials of the experiments. The final test error rate is
obtained by averaging the test error rates of all the trials. In the
experiments, all the face images are concatenated into a vector
and normalized into unit vectors. Table 4 shows the average test
error rates and the standard deviations of the various methods,
including the DSA method and the KDSA method implemented by
Ziehe’s JD algorithm. From Table 4, we see that the lower error
rates are achieved when our DSA and KDSA methods are used.
Especially, the lowest error rate ( =4.35%) is achieved when the
DSA method via the proposed JD algorithm is used. In addition,
the experimental results in this example show that the proposed
JD algorithm achieves a slight better performance than Ziehe’s JD
algorithm when they are used in the DSA and the KDSA methods.

5.4. Experiments on texture classification

In this experiment, we aim to evaluate the classification
performance of the KDSA method on texture database under
different kernel functions and different sizes of the training data
set. The uniform local binary pattern, denoted by LBP;Z2 [18], is
used to describe each texture image in the experiment. In this
case, we totally obtain a 59-dimensional LBP vector to describe a

Table 4
Average test error rates (%) and standard deviations (shown in the brackets) of
various methods on the ORL data set.

Methods Average test error rates

PCA 18.85 (2.86)

LDA 6.10 (1.81)

LDA/FKT 6.55 (1.88)

LDA/GSVD 6.50 (1.83)

DSA by Ziehe’s JD 5.35 (2.19)

DSA by proposed JD 4.35 (1.78)

Monomial kernel ker=2 ker=3 ker=4
KPCA 13.95 (2.91) 14.00 (2.73) 14.30 (2.46)
KLDA 5.55 (2.20) 5.55 (2.25) 5.95 (2.24)
KFKT 6.75 (2.44) 6.65 (2.80) 7.20 (2.94)
KDSA by Ziehe's JD 5.30 (2.61) 5.95 (2.47) 6.40 (2.66)
KDSA by proposed JD 4.55 (2.30) 5.25 (2.29) 5.15(2.11)
Gaussian kernel =05 =5 o=50
KPCA 14.25 (2.53) 13.95 (2.71) 13.85 (2.86)
KLDA 6.10 (2.54) 5.90 (1.76) 6.05 (1.80)
KFKT 7.75 (3.29) 6.45 (2.63) 6.25 (2.81)
KDSA by Ziehe's JD 7.35 (2.65) 5.95 (2.27) 545 (1.79)
KDSA by proposed JD 6.45 (2.33) 4.95 (1.66) 5.05 (1.71)

texture image, resulting in a set of 59-dimensional feature vectors
with 1248 samples.

To evaluate the recognition performance of various kernel
based methods, we randomly select | (=16, 24, 32, 40) LBP
vectors from each class as the training data and use the rest as
the test data. We totally conduct 10 trials of the experiments and
average the results as the final results. Figs. 5 and 6 show the
average test error rates (%) of these methods with different
choices of the monomial kernel degrees and the Gaussian kernel
parameters, respectively. From both Figs. 5 and 6, we can see that
our DSA/KDSA method achieves better results than the other
methods.

6. Conclusions and discussions

In this paper, we have proposed a new DSA approach for
multi-class feature extraction and classification problems. By
adopting the kernel trick, we also extend the DSA method to deal
with the nonlinear feature extraction problems. Moreover, to
solve the related JD problem, we also propose a new algorithm
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Fig. 6. Plots of the average test error rates of four methods with different choices of the Gaussian kernel parameters.

by using the conjugate gradient method on the Stiefel manifold.
To evaluate the effectiveness of the new ]D algorithm as well as
the performance of the DSA method and the KDSA method, we
conducted experiments on four real data sets, and the experi-
mental results confirm the better performance of our methods.
Additionally, in the experiments of facial expression recognition
and face recognition, we see that the KDSA method may not
achieve higher recognition rates than the linear DSA method.
This problem may be due to the inappropriate choices of the
kernel mappings or the kernel function parameters. To achieve a

better performance of the KDSA method, we may use the kernel
optimization approach [22], and that will be our further work.
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Appendix A. Proof of Eq. (10)

8@ =43 IQ'E Qi@ S Q]
-3 KQB‘:,-Q_ (Jz(equﬁ,.er)eje}) )
x (QTiiQ— (JZ(EJTQTﬁerj)eje]T) ﬂ
= %ZTr {QTﬁfQ—zQTﬁ,—Q (Z(e}QTﬁ,—er)eje} )
i i

+ (Z(efQTﬁ‘.ier)zejef) } , €3))
]

where e; is the j-th column of the identity matrix and we have
used the following identity:

diagQ'LiQ) = (¢/Q'LiQeese]. (32)
J

So the total differentiation of g is
dg= S [((dQ)TﬁmeTﬁfdQ)

-2(dQ)'LiQ+Q'LidQ) (Z(efQTﬁiQe,-)ejef )

J
-2Q'EiQ (Z(e}«dqfﬁiw QTﬁidQ)ej)ejejT>
J
+22(efQTﬁer,-)(e,-T«dQ)TﬁfQ+QTifdQ)ej>eje}}. (33)
J

The entry-wise differentiation of g w.r.t. the (p,q)-th entry Q,, of
Qis

dg _ 1ZTr ((epeg)T)f.iZQ+QT)ii2epeg)
dQy,, 44

—2((epe))'L:Q +Q Liepe]) (Z(efQTﬁier)efef )
j
-2Q'£Q (Z(e}((epegﬁ,—wQTﬁfepeS)ej)e;e])
J
+2Z(e}QTiiQeﬂ(ef«epeg)TiiQ+QTﬁfepebej)ejef}
J

1 ~2 . . N
=2 > Tr [2QT2,. e,el —2eel¥,Q diagQ'L,Q)
i

-2 diag(Q'LiQ)Q L epe!

J

-2Q7%.Q (Z(ef(eqeg)ﬁerj)ejef>

-2Q'LQ (Z(e}Qij(epeg )e)eje] )
i

+2) (e/Q"L,Qe))(e] ((ese))EQe))eje!
j

+2 (e/Q"EiQe)(e/ Q Li(e €] )e)eje]
J

= %ZTF{ZQTﬁfepefgieqegﬁiQ diagQ'L,Q)

-2 diag(Q"Qe))Q X;e el
—2Q"LiQ((ey Qe )eqe;)—2Q EQ((e;Q L ep)eqe])
+2(eTQ"LQe )(e Qe e e]
+2(efQ"LQe,)(€lQ L ey )e €]

= % Z[egQT)i,-zep—e;)iiQ diag(Q"E,Q)e,
—ediag(Q'L,Q)Q Tie,—e;Q " LiQ (e, X:Qe eg
-e]Q'LQ(e]Q Tiey)e, +ef(e;Q E,Qe, )€/ XQe, ey
+ej(e]Q'XiQe )(e]Q Xey)eq]

- % Z[egQTﬁfep—e;ﬁ,Q diag(Q"E;Q)e,
—eldiag(Q'X;Q)Q L e, —(e]Q"X;Qe,) (€] X;Qe,)
—(€lQ"ZiQe ) (elQ X e,)+(eQ Qe ) (el X,Qe,)
+(eJQ"EiQe,)(e]Q L e,)]

1 A . . .
= e’ <sz> e,—el (Zdlag(QTZiQ)QTZi> e (34

So rearranging the above entry-wise differentiation in a matrix
form, we have

T

T
{008 (pmwzon)

-3 (Z_i-z) Q- XQ diagQ'LiQ). (35)

Appendix B. Proof of Eq. (11)

Denote g, (t) = g(Q,(t)), then f,(t) = dg,(t)/dt. Note that

dgi(6) <dg (kom) T> (dg (d%e"‘k) T)
Tr =Tr| =2
o\ dt dQlg, \ dt

de ~ \dQ
d d
=Tr (dé (le“‘kAk)T> —Tr (d(gz

dg
=Tr (E

Consider that A, is a skew-symmetric matrix, i.e., Aﬁ =—A;, we
obtain that Eq. (36) can be rewritten as

fr® =

(Qk<t)Ak>T>

Qi(t) Qu(t)

AM(O) : (36)
Qi (6

dQ

Let S;(5) = QI(DE:Q4(t) and S = Q1 (t)(3,£7)Qx(t). Substituting
Eq. (10) into (37), we have

Fult) = —Tr (dg

AkQ£<t>>. 37)
Qy(b)

1 & - . -
fuy= —Tr( {5 (ZE?) ka—ZZ,-Qk(t)dlag&l(t)z,-Qk(r»} AkQ,C(t))

1 - .
=_Tr <Ak [j QL (D) <ZZ?> Q.k(t)_Zsi,k(t)dlag(si,k(t))} )

1 .
=_ iTr(Aka)(t))+Tr (Ak {Zf:si,k(t)dlag(s,;k(r))} ) . (38)
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From the fact that A] = —A, and S{” is a symmetric matrix, we
have

fu="Tr (Ak {Zsf,k(r)diag<si,,<(r))} ) : (39)

Appendix C. Proof of Eq. (12)

First we write

1

d dSi(D) . d(diag(s;
—fé‘it) =Tr <Ak [Z <—( d’;(t)) diag(S; x(t))+S; k(0 d(diagSi(©) 1agc(1 F ’k(t)))ﬂ ) )

(40)
On the other hand, we have that

dSie(®)  dQg(0) ¢ T e dQy(D)
df = dt Zle(t)+Qk(t)ElT

= QDAY ZiQu () +QL(DEQ (DA

=A[QL(O(DEQ(D)+ QLI QDAL
= Sir(OAY +Si k(DA (41)

and

ATRERLO) _ diag (U — diag(S,.0M" +S,u(00.

(42)

Thus, we obtain that

dfcllft) =Tr <Akzi:[((si,k(t)Ak)T +S; (DA)diag(S; (1))

+S;(D)diag((S; (DA +sl-,k(t>Ak)]> . (43)
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