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Abstract. Kernel discriminant analysis (KDA) method is a promising
approach for non-linear feature extraction in face identification tasks.
However, as a linear algorithm to address nonlinear problem, Fisher
discriminant analysis (FDA) approach will not give a satisfactory per-
formance. Moreover, FDA usually suffers from small sample size (S3)
problem. To overcome these two shortcomings in FDA method, Shan-
non wavelet kernel based subspace FDA (SKDA) algorithm is devel-
oped in this paper. Two public databases such as FERET and CMU
PIE databases are selected for evaluation. Comparing with the existing
kernel based FDA-based methods, the proposed method gives superior
results.

Keywords: Face identification, Kernel discriminant analysis, Shannon
wavelet.

1 Introduction

Over the past decade, Fisher discriminant analysis [I] method has been shown to
be an effective approach in face identification tasks and its superior performance
has been reported in many literatures [I]-[IT] . FDA is theoretically sound and
its objective is to find the most discriminant feature for pattern classification.
However, there are two major limitations upon FDA approach. First, it is a
linear method and is hard to solve nonlinear problem, while the second is the
small sample size (S3) problem, which always occurs when the sample size is
smaller than the dimensionality of feature vector.

KDA is a useful approach to deal with nonlinear problem. The basic idea of
KDA is to apply a nonlinear mapping @ : * € R? — &(z) € F to the input
data vector x in input space R? and then to perform the FDA on the mapped
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higher dimension feature space F'. The feature space F' could be considered as
a linearization space. By utilizing kernel trick, the inner products (@(x;), &(z;))
in F' can be replaced with a Mercer kernel function K(z;,z;), i.e. K(x;, ;) =
(B(x;),D(z5)) = P(z;)T - D(x;), where x;, x; are input pattern column vectors
in input space R?. So the nonlinear mapping ¢ can be performed implicitly
in input space RY. This paper exploits Shannon wavelet kernel method [9] to
address the nonlinear problems such as pose and illumination variations in face
identification, while subspace FDA (SFDA) algorithm [6] will be used to solve
S3 problem.

Therefore, combining Shannon wavelet kernel with subspace FDA method, we
design and develop a novel Shannon wavelet kernel-based subspace FDA algo-
rithm (SKDA) in this paper. Two public databases such as FERET and CMU
PIE databases are selected for evaluation. Comparing with the existing kernel
based FDA-based methods, the proposed method gives the best performance.

The rest of this paper is organized as follows. Section 2 briefly describes the
Shannon wavelet based Mercer kernel function. The proposed SKDA algorithm is
developed and evaluated in section 3 and section 4 respectively. Finally, Section
5 draws the conclusions.

2 Mercer Kernel Function Based on Shannon Wavelet

This section briefly reviews on Shannon wavelet based Mercer kernel function.
Details can be found in paper [9].
Assume
- CVayocVicVocWhcVoC---

is the multiresolution analysis (MRA) [12/13] generated by the Shannon sampling

function ¢(z) = sinc(x) := 2™ . Thus the scaling subspaces

V; ={f € L*(R)[suppf C [-2'7, 27}

and the corresponding wavelet subspaces {W,}jcz , where W; L V; and W; &
V; = Vj41, can be generated by the Shannon wavelet:

Y (x) := 2sinc(2x) — sinc(x), (1)

whose Fourier transform is given by 1/3(5) = X[-2r,—]u[r,2x)(§) , where x(z) is an
indicator function. Let H(§) and G(&) be the 2m-periodic functions respectively
as:
1, £el[-5,3)
H(¢) = ’ 2720 - and G(&) = H(¢ + ).
© = {5 EEl2 2L g e 0@ = HlE+7)
Then, we have

o(&) = H(§/2)9(£/2), (&) = G(§/2)9(£/2).

It is easy to see that ¢(x) is an orthonormal scaling function and ¥(z) is an
orthonormal wavelet.
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The necessary and sufficient condition for a translation invariant function
k(x,y) = k(z — y) to be a Mercer kernel is that its Fourier transform is non-
negative. Under this consideration, the Shannon wavelet Mercer kernel k(z,y)
defined on R x R? can be constructed as follows:

- Z —50)/00)) 2)

where 1 (x) is Shannon wavelet function defined in ), x = (z1,---,zq4)7,y =
(y1,--ya)T € R*, pe Z+t and 0; > 0(i =1,---,d) are kernel parameters.

3 Proposed SKDA Algorithm

This section reports Shannon wavelet kernel based subspace FDA method for
face identification. Details are discussed as follows.

3.1 Some Notations

Let d and C be the dimensionality of original sample feature space and the num-
ber of sample classes respectively. The total original samples X = {X;, X5, ---,
Xc}, the jth class X; contains N; samples, namely X, = {a], 3, -,vaj},
j=1,2,--- C.Let N be the total number of original training samples, then N =
Zle N;. If &(z):x € RY — &(x) € F is the kernel nonlinear mapping, where F
is the mapped feature space, denote df = dim F', the total mapped sample set
and the jth mapped class are given by #(X) = {®¢(X1),P(X3), -, P(X¢)} and
B(X;) = {D(x]), D(x), - @(mNj)} respectively. Also, the mean of the mapped
sample class ¢(X;) and the global mean of the total mapped sample $(X) are
given by m; = Al,j Zzexj ®(z) and m = 3 Zle Zmer @(x) respectively. In
feature space F, the within-class scatter matrix S2, between-class scatter matrix
SE and total scatter matrix S are defined respectively as:

C
= ]1/' SN (@) — my)(@(x) —my)" =Dy DY,

j=1z€X;

S NZN m; —m)T = oo,

_ Jif Z S (@) - m)(@(x) - m)" = &,07,

j=1z€X;
where @, &, € RN and &, € R4*C.
The Fisher index Jg(W) in mapped feature space F' is defined by
Jo(W) = det(WTSEW) [det(WT STW)] 71, (3)

where W € F¥>™_ The objective of FDA is used to find a optimal projection in
mapped feature space F' that minimizes within-class distance and simultaneously
maximizes between-class distance.
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3.2 SKDA Strategy

Let S¢, = &¢I, ¢ RN*N. By performing singular value decomposition, there
exist two orthonormal matrices U,V € RM*N and a diagonal matrix A =
diag{oy,--+,0,,0,---,0} € RN*N with gy > 09 > -+ > 0, > 0, such that S, =
UAVT. Since S2 = &,,0L, we have (#,V)1'S,(®,V) = diag{o?,---,02,0,---,0}
€ RN*N_ Rewrite the term &,V as &,V = [y1,Y2, -, Urs Yrt1,** *» UN|df x N
where y; is the ith column of (@,V)4rxn. Denote Y = [yr41,Yrq2, -, yn]. It
can be seen that Y is a df x (N —r) matrix and satisfies Y7 S2Y = O(N—r)x(N—r)-

Having determined the null subspace of S, the projection is then determined
in the subspace N(S?), the complementary subspace of Sf. Thus, the second
step is to discard the null space of Sg’ to ensure that the numerator of the Fisher
index will not be zero.

To this end, we define S, = YT SV, and then S, = (Y70 (YT®,)T, YT,
is a (N — r) x C matrix. By singular value decomposition, there exist two or-
thonormal matrices (Ub)(N—r)x(N—r) and (V,)oxco, such that YTP, = UbAb‘/E)T,

where A, = {gjb} e RIN-7xC and 3y, = diag{71, -+, 7m,0,---,0} € RE*C
with 71 > 79 > -+ > 7, > 0. Rewrite U, = [ul,---,um,um+1,---,uN_r] €
RW=rX(N=7) and denote A = [u1, ", U] (N—r)xm and Dy, = diag{r1, -, 7in},

we have AT S, A = D2, namely, (Y A)TS,(Y A) = D2,. Let W = (Y A) 4 cm, then
WLSEW = 0, WESTW = D2

Thereby, W is the optimal SKDA projection matrix, by which the Fisher index
J(W) @) reaches maximum.

3.3 SKDA Algorithm Design

Based on above analysis, the proposed SKDA algorithm is designed as follows.

Step 1: Compute the N x N matrix S, = @1 &, via the following formula:

Td, =[N K-K-1yy—N-Ay-K+ Ay -K-1yy]/N?,

. . i=1,--,C3l=1,---,C
where the kernel matrix K = (k(x% mk));zll ' 1,,, denotes a

7 o Nisk=1,.- N’
m X n matrix with all terms equal to 1, Ay = diag[An,, -+, An.] is a N by
N block diagonal matrix, and Ay, is a IV; x N; matrix with all terms equal
to1/N;,i=1,---,C.

Step 2: Perform singular value decomposition Sy oud UAVT, where U,V €
RN*N are two orthonormal matrices, A = diag[oy,--+,0.,0,--+,0] € RNXN
with o1 > --- > 0, > 0.

Step 3: Rewrite V = [v1,- -+, v, 0p11, -, vn] and denote V= [VUry Upi1, -+ UN]

c RNX(N=7) and YV = (PLV ) apx (N—r)-
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Step 4: Compute Z = (YT®y)(y_ryxc = VIO Py, it yields that
1
dI'dp, = [N K-Do—K-1yo-D—1yn-K- DC+N-1NN~K-1NC~D]/N2,

where K is the kernel matrix, D¢ = diag[Dy,, -+, Dn.] and Dy, isa N; x 1
matrix with all terms equal to 1//N; (i = 1,---,C), D = diag[v/Ny,---,
VNel.

Step 5: If the norm of one row in the matrix Z is too small (say less than 1le—6),
then discard this row in matrix Z. Accordingly, discard the corresponding
column in matrix V. Denote the modified matrices Z,Vand Y as Z’ V’ and

Y respectively, then do singular value decomposition Z’ oz UpAp VL' where
Uy and V; all are orthonormal matrices, A, = (32,,0)7 € RN-")xC
> =diag[ri, -+, 75,0, ,0]cxc. Usually, s = C — 1.

Step 6: Rewrite U, = [u1, -+, Us,Usq1," -, UN_y], Where u; is the ith col-
umn of orthonormal matrix Uy. Denote A = (u1,- -+, us)(n—r)xs and W =
(Y'A)gfxs, then W is the SKDA optimal projection matrix.

Step 7: For any testing sample @(z), we get its enhanced feature vector as

and

WEB(2)) g1 = (Y A)TD(z) = ATV'TD, - &(x)

1 ~ i <i<C;1<j<N;
= ATV @) b () —m " p(a) T

VN

where &(21)T - &(z) = k(z},2) and mT - &(z) = Y7, SV k(2 ).

4 Experimental Results

In this section, two popular and available human face databases, namely FERET
and CMU PIE databases, are selected to evaluate the performance of our pro-
posed SKDA algorithm. In the following experiments, Shannon wavelet kernel
is with parameters (p,0) = (1,3.5).

4.1 Face Image Databases

For FERET database, we select 120 people, 6 images for each individual. Face
image variations in FERET database include pose, illumination, facial expression
and aging. Images from one individual are shown in Figure [Tl

CMU PIE face database includes totally 68 people. There are 13 pose varia-
tions ranged from full right profile image to full left profile image and 43 different
lighting conditions, 21 flashes with ambient light on or off. In our experiment,
for each people, we select 56 images including 13 poses with neutral expression
and 43 different lighting conditions in frontal view. Several images of one people
are shown in Figure

For all images in above two face databases, the following preprocessing steps
are performed.
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Fig. 2. Images of one person from CMU PIE face database

— All images are aligned with the centers of eyes and mouth. The orientation of
face is adjusted (on-the-plane rotation) such that the line joining the centers
of eyes is parallel with x-axis.

— All the original images with resolution 112x92 are reduced to wavelet feature
faces with resolution 30x25 after two-level D4 wavelet decomposition [14].

— All training and testing samples in above two face databases are further

normalized as follows:
. x—mean(x)
xt = ,
std(x)
where x is a sample vector for training or testing, mean(x) is the expectation
of x and std(x) is the standard deviation of x.

4.2 Results on FERET Database

This subsection reports the results of proposed SKDA method on FERET face
database. We randomly select n (n=2 to 5) images from each people for training,
while the rest (6 —n) images of each individual are selected for testing. The exper-
iments are repeated 10 times and the average accuracies are recorded in table[I]
and shown in the Figure[3l The identification rate of SKDA method increases from
75.90% with training number 2 to 93.92% with training number 5. While for RBF
kernel based SFDA (RKDA), the corresponding identification accuracies increase
from 71.35% with training number 2 to 92.08% with training number 5 respec-
tively. Comparing with other kernel-based FDA methods, namely, GDA [2] with
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Table 1. Comparison on different algorithms on FERET database

TN 2 3 4 5
GDA m 71.27% 82.31% 87.71% 92.58%
KDDA [4] 69.45% 82.69% 88.04% 93.25%
RKDA 71.35% 81.06% 87.00% 92.08%
SKDA 75.90% 84.75% 90.29% 93.92%
FERET database
95 T T

© ©
a o
T T

Accuracy (%)
[}
(=}

—— KDDA
—— RKDA
70, —o— SKDA R
65
2 5

4
Trainning Number

Fig. 3. Performance on FERET face database

RBF kernel and KDDA [4] with RBF kernel, the identification accuracies of GDA
and KDDA methods increase from 69.45% and 71.27% with training number 2 to
93.25% and 92.58% with training number 5 respectively.

The results show our proposed SKDA methods gives the best performance for
all cases on FERET database.

4.3 Results on CMU PIE Face Database

The subsection reports the results of the proposed SKDA method on CMU
PIE database. We randomly select 14 images from each people for training
(14x68=952 images for training), while the rest of images of each individual
are selected for testing (42x68=2856 images for testing). The experiments are
repeated 10 times and the average accuracies of rank 1 to rank 4 are recorded
and shown in table[2l and plotted in Figure[dl The identification rate of proposed
SKDA method increases from 78.31% with rank 1 to 83.31% with rank 4, while
the identification accuracies of RKDA algorithm increase from 77.79% with rank
1 to 82.63% with rank 4. Comparing with other kernel-based methods, namely,
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GDA [2] with RBF kernel and KDDA [] with RBF kernel, the identification
rates of GDA and KDDA methods increase from 77.86% and 77.64% with rank
1 to 83.22% and 83.07% with rank 4 respectively. The results demonstrate that
our proposed SKDA method gives better performance on CMU PIE database.

Table 2. Comparison on different algorithms on CMU PIE database

Rank 1 2 3 4

GDA [2] 77.86% 80.49 % 82.10 % 83.22%
KDDA [4] 77.64% 80.39% 81.95% 83.07%
RKDA 77.79% 80.26% 81.67% 82.63%
SKDA 78.31% 80.57% 82.11% 83.31%

CMU PIE database

84
83F 4
'\
821
S
= 81f 1
(&)
o
3 80F :
[&]
<
—=— GDA |
79 —— KDDA
—— RKDA
7 —o— SKDA 7
77 L L
1 4

Rank

Fig. 4. Performance on CMU PIE face database

5 Conclusions

Based on Shannon wavelet kernel, this paper proposes and develops a novel sub-
space KDA algorithm for nonlinear feature extraction for face identification. Two
human face databases, namely FERET database and CMU PIE database, are
selected for evaluation. The results are encouraging on FERET and CMU PIE
face databases. Experimental results show that the proposed SKDA algorithm
gives better performance than existing state-of-the-art RBF kernel based FDA
algorithms.
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