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Abstract

It is well-known that the applicability of both linear discriminant analysis (LDA) and quadratic discriminant

analysis (QDA) to high-dimensional pattern classification tasks such as face recognition (FR) often suffers from the so-

called ‘‘small sample size’’ (SSS) problem arising from the small number of available training samples compared to the

dimensionality of the sample space. In this paper, we propose a new QDA like method that effectively addresses the SSS

problem using a regularization technique. Extensive experimentation performed on the FERET database indicates that

the proposed methodology outperforms traditional methods such as Eigenfaces, direct QDA and direct LDA in a

number of SSS setting scenarios.

� 2003 Elsevier B.V. All rights reserved.
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1. Introduction

Face recognition (FR) has a wide range of ap-

plications, such as face-based video indexing and

browsing engines, biometric identity authenti-

cation, human–computer interaction, and multi-

media monitoring/surveillance. Within the past

two decades, numerous FR algorithms have been

proposed, and detailed surveys of the development
in this area can be found in (Samal and A.Iyengar,

1992; Valentin et al., 1994; Chellappa et al., 1995;
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Gong et al., 2000; Zhao et al., 2000; Turk, 2001).
Among the various FR methodologies used, those

based on linear discriminant analysis (LDA), es-

pecially Fisher�s LDA (FLDA) technique (Fisher,

1936) have been shown to be very successful (e.g.

Belhumeur et al., 1997; Chen et al., 2000; Yu and

Yang, 2001; Liu and Wechsler, 2002; Lu et al.,

2003).

In the particular tasks of face recognition, data
are highly dimensional, while the number of

available training samples per subject is usually

much smaller than the dimensionality of the sam-

ple space. Consequently, the biggest challenge that

all LDA-based approaches have to face is the re-

sulting so-called ‘‘small sample size’’ (SSS) prob-

lem, which is known to have significant influences
ed.
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on the design and performance of a statistical

pattern recognition (SPR) system. During the last

three decades significant research efforts have been

made to deal with the SSS problem related to

various SPR issues such as feature extraction,

feature selection and pattern classification (see e.g.
Kanal and Chandrasekaran, 1971; Wald and

Kronmal, 1977; Tian et al., 1986; Raudys and Jain,

1991; Hong and Yang, 1991; McLachlan, 1992;

Shahshahani and Landgrebe, 1994; Mkhadri,

1995; Hastie et al., 1995; Belhumeur et al., 1997;

Chen et al., 2000; Yu and Yang, 2001; Lu et al.,

2003). In the application of LDA into FR tasks,

the SSS problem often gives rise to high variance
in the so-called ‘‘plug-in’’ estimates for sample scat-

ter matrices, which are often either ill- or poorly-

posed. Briefly, there are two ways to address the

problem. One option is to apply linear algebra

techniques to solve the numerical problem of in-

verting the singular within-class scatter (WCS)

matrix. For example, Tian et al. (1986) utilize the

pseudo inverse to complete the task. Also, some
researchers (e.g. Hong and Yang, 1991; Zhao et al.,

1999) add some small perturbation to the WCS

matrix so that it becomes nonsingular. The second

option is a subspace approach, such as the well-

known Fisherfaces method (Belhumeur et al.,

1997), where principal component analysis (PCA)

is firstly used as a pre-processing step to remove

the null space of the WCS matrix, and then LDA is
performed in the lower dimensional PCA sub-

space. However, it should be noted at this point

that the discarded null space may contain signifi-

cant discriminatory information. To prevent this

from happening, solutions without a separate PCA

step, called direct LDA (D-LDA) methods have

been presented recently (Chen et al., 2000; Yu and

Yang, 2001; Lu et al., 2003).
Although successful in many circumstances,

linear methods including the LDA-based ones

often fail to deliver good performance when face

patterns are subject to large variations in view-

points, illumination or facial expression, which

result in a highly nonlinear and complex distri-

bution of face images. The limited success of these

methods should be attributed to their linear nature
(Bichsel and Pentland, 1994). LDA can be viewed

as a special case of the optimal Bayes classifier
when each class is subjected to a Gaussian distri-

bution with identical covariance structure. Obvi-

ously, the assumption behind LDA is highly

restrictive so that LDA often underfits the data in

practical FR tasks. As a result, intuitively it is

reasonable to assume that a better solution to this
inherent nonlinear problem could be achieved

using quadratic methods, such as the quadratic

discriminant analysis (QDA), which relaxes the

identical covariance assumption and allows for

complex discriminant boundaries to be formed.

However, QDA solutions are more susceptible to

the SSS problem compared to LDA solutions,

since the QDA solutions require much more
training samples than LDA due to the increased

number of parameters needed to be estimated

(Wald and Kronmal, 1977). To deal with such a

situation, Friedman (1989) proposed a regulari-

zation technique of discriminant analysis (RDA)

within the Gaussian framework. The purpose of

the regularization is to reduce the variance related

to the sample-based estimates at the expense of
potentially increased bias. Although RDA relieves

to a great extent the SSS problem and performs

well even when the number of training samples per

subject (L) is comparable to the dimensionality of

the sample space (D), it still fails when L � D,
which is the case in most practical FR applica-

tions. For example, the RDA cannot be success-

fully implemented in our experiments where only
L 2 ½2; 7� training samples per subject are available

while the dimensionality of the space is up to

D ¼ 17154. RDA�s failure in this case should be

attributed to two reasons: (1) RDA requires the

sample covariance matrices of any single class and

their ensemble to be estimated. The estimation

results are highly inaccurate when the number of

the available samples is far less than their dimen-
sionality. (2) The sizes of these sample covariance

matrices are up to 17 154� 17 154. It leads to a

challenging computational problem to invert these

huge size matrices. It should be added at this point

that, it is even difficult to store a 17 154� 17 154

matrix, which requires a memory space of 2245 M

bytes.

In the paper, we propose a new regularized
discriminant analysis method called regularized

direct QDA (RD-QDA) by incorporating the
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D-LDA technique into the RDA framework. The

RD-QDA provides a comprehensive solution to

the SSS problem hampering both LDA and QDA.

It will be seen that, by adjusting the parameters of

the RD-QDA, we can obtain a number of new and

traditional discriminant analysis methods such as
D-LDA of Yu and Yang (2001) (hereafter YD-

LDA), D-LDA of Lu et al. (2003) (hereafter LD-

LDA), direct QDA (hereafter D-QDA), nearest

center (hereafter NC) and weighted nearest center

(hereafter WNC) classifiers. Also, there exists

an optimal RD-QDA solution, which greatly

outperforms many successful FR approaches in-

cluding Eigenfaces of Turk and Pentland (1991),
YD-LDA and LD-LDA, as will be shown in the

experiments reported here.

The rest of the paper is organized as follows.

Since RD-QDA is built on D-LDA and RDA, in

Section 2, we start the analysis by briefly reviewing

the two latter methods. Following that, RD-QDA

is introduced and analyzed. The relationship of

RD-QDA to YD-LDA, LD-LDA and other dis-
criminant analysis methods is also discussed. In

Section 3, a set of experiments conducted in the

FERET database are presented to demonstrate the

effectiveness of the proposed methods. Conclu-

sions are drawn in Section 4.
2. Methods

2.1. Determination of the optimal discriminant

features

Given a training set containing C classes

fZ igCi¼1, with each class consisting of a number of

face images: Z i ¼ fzijgCi
j¼1, a total of N ¼

PC
i¼1 Ci

face images are available in the set. Each image is
represented as a column vector of length Dð¼ Iw �
IhÞ, i.e. zij 2 RD, where Iw � Ih is the image size, and

RD denotes the D-dimensional real space.

Let SBTW and SWTH denote the between- and

within-class scatter matrices of the training image

set, respectively. LDA determines a set of optimal

discriminant basis vectors, denoted by fwkg
M
k¼1, so

that the ratio of the between- and within-class

scatters is maximized (Fisher, 1936). Assuming

W ¼ ½w1; . . . ;wM �, the maximization can be
achieved by solving the following eigenvalue

problem,

W ¼ argmax
W

jðWTSBTWWÞj
jðWTSWTHWÞj

ð1Þ

Assuming that SWTH is nonsingular, the basis
vectors W correspond to the first M eigenvectors

with the largest eigenvalues of (S�1
WTHSBTW). Due

to the SSS problem, often a degenerated SWTH is

generated in FR tasks. Traditional methods, for

example Fisherfaces (Belhumeur et al., 1997), at-

tempt to solve the SSS problem by utilizing a PCA

step to remove the null space of SWTH. However, it

has been shown that the null space may contain
the most significant discriminant information

(Chen et al., 2000; Yu and Yang, 2001).

Recently, the so-called direct LDA (D-LDA)

approach has been introduced to avoid the short-

comings existing in traditional solutions to the SSS

problem (Chen et al., 2000; Yu and Yang, 2001;

Lu et al., 2003). The basic premise behind the ap-

proach is that the null space of SWTH may contain
significant discriminant information if the projec-

tion of SBTW is not zero in that direction, while no

significant information will be lost if the null space

of SBTW is discarded. Based on the theory, it can be

concluded that the optimal discriminant features

exist in the complement space of the null space of

SBTW, which has M ¼ C � 1 nonzero eigenvalues

denoted as X ¼ ½x1; . . . ;xM �. Let U ¼ ½u1; . . . ; uM �
be theM eigenvectors of SBTW corresponding to the

M eigenvalues X. Then the complement space is

spanned by U, which is furthermore scaled by

H ¼ UK�1=2 so as to have HTSBTWH ¼ I , where
K ¼ diagð½x1; . . . ;xM �Þ, and I is the (M �M)

identity matrix (Yu and Yang, 2001; Lu et al.,

2003). The projection of SWTH in the subspace

spanned by H, HTSWTHH , is then estimated using
sample analogs. However, when the number of

training samples per class is very small, even the

projection HTSWTHH is ill- or poorly-posed. To

this end, the modified optimization criterion rep-

resented as W ¼ argmaxW
jWTSBTWWj

jWTðSBTWþSWTHÞWj, was in-

troduced in LD-LDA (Lu et al., 2003) instead of
Eq. (1) used in YD-LDA (Yu and Yang, 2001). The

modified criterion introduced a considerable de-

gree of regularization to reduce the variance of the
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plug-in estimate in ill- or poorly-posed situations.

It will be shown later that such a regularization can

be viewed as a special case of the RD-QDAmethod

proposed here.

2.2. Regularized direct QDA

In most FR tasks, the number of face classes

C is usually a small value comparable to the num-

ber of training samples N , e.g. C ¼ 49 and N 2
½98; 343� in the experiments reported here. Thus, it

is reasonable to perform a RDA (Friedman, 1989)

in the low-dimensional subspace spanned by H,

where the most significant discriminant informa-
tion are remained.

To this end, we firstly project the original face

images into the subspace spanned by H, obtaining

a representation yij ¼ HTzij where i ¼ 1; . . . ;C,
j ¼ 1; . . . ;Ci. The regularized sample covariance

matrix estimate of class i in the subspace spanned

by H, hereafter denoted by bRRiðk; cÞ, can be ex-

pressed as

bRRiðk; cÞ ¼ ð1� cÞbRRiðkÞ þ
c
M

tr½bRRiðkÞ�I ð2Þ

where

bRRiðkÞ ¼
1

CiðkÞ
½ð1� kÞS i þ kS� ð3Þ

CiðkÞ ¼ ð1� kÞCi þ kN ð4Þ

Si ¼
XCi

j¼1

ðyij � �yyiÞðyij � �yyiÞ
T ð5Þ

S ¼
XC
i¼1

Si ¼ N �HTSWTHH ð6Þ

ðk; cÞ is a pair of regularization parameters, and �yyi
is the projection of the mean of class i in the

subspace spanned by H.
Table 1

A series of discriminant analysis algorithms derived from RD-QDA

Algorithms D-NC D-WNC D

k 1 0 0

c 1 1 0

bRRiðk; cÞ
1

M
tr

S

N

� �
I

1

M
tr

Si

Ci

� �
I

S

C

In the FR procedure, any input query image z is
firstly projected into the subspace spanned by

H : y ¼ HTz. Its class label i� then can be inferred

through i� ¼ argmini diðyÞ based on QDA, where

diðyÞ is the well-known Mahalanobis (quadratic)

distance between the query y and the ith class
center �yyi, and has the following expression,

diðyÞ ¼ ðy� �yyiÞ
TbRR�1

i ðk; cÞðy� �yyiÞ

þ ln jbRRiðk; cÞj � 2 ln pi ð7Þ

where pi ¼ Ci=N is the estimate of the prior

probability of class i.
The regularization parameter k (06 k6 1)

controls the amount that the Si are shrunk toward

S. The other parameter c (06 c6 1) controls

shrinkage of the class covariance matrix estimates

toward a multiple of the identity matrix. Under the

regularization scheme, a QDA can be performed
without experiencing high variance of the plug-in

estimates even when the dimensionality of the

subspace spanned by H is comparable to the

number of available training samples. We refer to

the approach as regularized direct QDA, abbrevi-

ated as RD-QDA.

Since the RD-QDA is derived from the D-LDA

and the RDA, it has close relationship with a series
of traditional discriminant analysis methods.

Firstly, the four corners defining the extremes of

the ðk; cÞ plane represent four well-known classi-

fication algorithms, as summarized in Table 1,

where the prefix �D-� means that all these methods

are developed in the subspace spanned by H de-

rived from the D-LDA technique. Based on the

criterion of Eq. (1) used in YD-LDA, it is obvious
that YD-LDA is actually a standard LDA im-

plemented in the subspace H. Also, in order to

introduce certain regularization, LD-LDA as

mentioned earlier utilizes a modified optimization
-QDA YD-LDA LD-LDA

1 1

0 g

i

i

S

N
a

S

N
þ I

� �
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criterion seeking to maximize the ratio:

jWTSBTWWj
jWTðSBTWþSWTHÞWj, whose kernel SBTW

SBTWþSWTH
has the

form: I
IþHTSWTHH

after projection in the subspace

spanned by H. Meanwhile, we have

bRRiðk; cÞ ¼ a I

�
þ S

N

�
¼ aðI þHTSWTHHÞ

when (k ¼ 1; c ¼ g), where

a ¼ tr½S=N �
tr½S=N � þM

� �
and g ¼ M

tr½S=N � þM

both are constant for a given training sample set.

In this situation, it is not difficult to see that RD-

QDA is equivalent to LD-LDA. In addition, a set

of intermediate discriminant classifiers between the

five traditional ones can be obtained when we

smoothly slip the two regularization parameters in
their domains. The purpose of RD-QDA is to find

the optimal ðk�; c�Þ that give the best correct recog-
nition rate for a particular FR task.
3. Experimental results

3.1. The FR evaluation design

A set of experiments is included in the paper to

assess the performance of the proposed RD-QDA

method. To illustrate the high complexity of the

face pattern distribution, a middle-size subset of

the FERET database (Phillips et al., 2000) is used

in the experiments. The subset consists of 606

gray-scale images of 49 subjects, each one having
more than 10 samples. These images cover a wide

range of variations in illumination, facial expres-

sion/details, acquisition time, races and others. We
Fig. 1. Some samples of six people from
follow the pre-processing sequence recommended

by Phillips et al. (2000), which includes four steps:

(1) images are translated, rotated and scaled so

that the centers of the eyes are placed on specific

pixels, (2) a standard mask is applied to remove

the nonface portions, (3) histogram equalization is
performed in the nonmasked facial pixels, (4) face

data are further normalized to have zero mean and

unit standard deviation. Fig. 1 depicts some sam-

ple images after the pre-processing sequence is

applied. For computational purposes, each image

is finally represented as a column vector of length

D ¼ 17154 prior to the recognition stage.

The number of available training samples per
subject, L, has a significant influence on the plug-in

covariance matrix estimates used in all discrimi-

nant analysis methods. To study the sensitivity of

the correct recognition rate (CRR) measure to L, 6
tests were performed with various values of L
ranging from L ¼ 2–7. For a particular L, the

FERET subset is randomly partitioned into two

datasets: a training set and a test set. The training
set is composed of (L� 49) samples: L images per

subject were randomly chosen. The remaining (606�
L� 49) images are used to form the test set. There

is no overlapping between the two. To enhance the

accuracy of the assessment, five runs of such a

partition were executed, and all of the CRRs re-

ported later have been averaged over the five runs.
3.2. The FR performance comparison

In addition to RD-QDA and its special cases

listed in Table 1, the most well-known FR algo-

rithm, the so-called Eigenfaces method (Turk and

Pentland, 1991), was also implemented to provide
the normalized FERET subset.



Fig. 2. CRRs obtained by RD-QDA as functions of (k; c). Top: L ¼ 2, 3, 4; Bottom: L ¼ 5, 6, 7.
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a performance baseline. The testing grid of (k; c)
values was defined by the outer product of

k ¼ ½10�4:0.0099:1� and c ¼ ½10�4:0.0099:1�, where
[10�4:0.0099:1] denotes a spaced vector consist-

ing of 102 elements from 10�4 to 1 with step

0.0099:½10�4; 10�4 þ 0:0099; 10�4 þ 2� 0:0099; . . . ;
10�4 þ 101� 0:0099�, and both of k and c started

from 10�4 instead of 0 in case S i is singular. The
CRRs obtained by RD-QDA in the grid are de-

picted in Fig. 2. Since most peaks or valleys occur

around the four corners, four 2D side faces of Fig.

2 (only four representative cases L ¼ 2, 3, 4, 6 are

selected) are shown in Figs. 3 and 4 for a clearer

view. Also, a quantitative comparison of the best

found CRRs and their corresponding standard
Fig. 3. CRRs as a functio
deviations (STDs) (arising from the average of the

five runs) obtained by Eigenfaces, those depicted

in Table 1, and RD-QDA with corresponding

parameters, is summarized in Table 2. It should be

noted at this point that the ‘‘best’’ CRRs are only

applicable for RD-QDA and PCA (or Eigenfaces).

Since all other methods can be considered special

cases of the RD-QDA method, no optimal regu-
larization parameters can be determined for them.

Their CRRs reported are the results of RD-QDA

obtained using the regularization parameters

shown in Table 1. Since the CRR of PCA is a

function of the number of the Eigenfaces, the ‘‘best

CRR’’ reported for PCA is the one with the best

found Eigenfaces number, denoted as m�.
n of c with fixed k.



Fig. 4. CRRs as a function of k with fixed c.

Table 2

Comparison of best found CRRs/STDs (%)

L 2 3 4 5 6 7

PCA 59.8/0.93 67.8/2.50 73.0/2.62 75.8/3.27 81.3/1.35 83.7/1.77

(m�) 67 103 131 151 183 227

D-NC 67.8/0.62 72.3/1.76 75.3/1.65 77.3/2.57 80.2/1.35 80.5/1.12

D-WNC 46.9/3.38 61.7/4.42 68.7/2.54 72.1/2.59 73.9/2.47 75.6/0.62

D-QDA 57.0/2.91 79.3/2.41 87.2/2.70 89.2/1.73 92.4/1.35 93.8/1.51

YD-LDA 37.8/7.03 79.5/3.24 87.8/2.70 89.5/1.71 92.4/1.23 93.5/1.24

LD-LDA 70.7/0.51 77.4/1.57 82.8/1.85 85.7/2.09 88.1/1.71 89.4/1.04

(c ¼ g) 0.84 0.75 0.69 0.65 0.61 0.59

RD-QDA 73.2/1.05 81.6/1.85 88.5/2.22 90.4/1.38 93.2/1.35 94.4/0.87

(k�) 0.93 0.93 0.35 0.11 0.26 0.07

(c�) 0.47 0.10 0.07 0.01 1e)4 1e)4
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The parameter k controls the degree of shrink-
age of the individual class covariance matrix esti-

mates Si toward the within-class scatter matrix of

the whole training set (HTSWTHH). Varying the

values of k within ½0; 1� leads to a set of interme-

diate classifiers between D-QDA and YD-LDA. In

theory, D-QDA should be the best performer

among the methods evaluated here if sufficient

training samples are available. It can be observed
at this point from Fig. 2 and Table 2 that the CRR

peaks gradually moved from the central area to-

ward the corner ð0; 0Þ that is the case of D-QDA as

L increases. Small values of k have been good en-

ough for the regularization requirement in many

cases (LP 3) as shown in Fig. 4(Left).

However, it is also can be seen from Fig.

3(Right) and Table 2 that both of D-QDA and D-
LDA performed poorly when L ¼ 2. This should

be attributed to the high variance in estimates of

Si and S due to insufficient training samples. In

these cases, S i and even S are singular or close to
singular, and the resulting effect is to dramatically
exaggerate the importance associated with the

eigenvectors corresponding to the smallest eigen-

values. Against the effect, the introduction of

another parameter c helps to decrease the larger

eigenvalues and increase the smaller ones, thereby

counteracting for some extent the bias. This is also

why LD-LDA outperforms YD-LDA when L is

small. Although LD-LDA seems to be a little over-
regularized compared to the optimal ðk�; c�Þ, the
method almost guarantees a stable sub-optimal

solution. A CRR difference of 4.5% on average

over the range L 2 ½2; 7� has been observed be-

tween the top performer RD-QDA ðk�; c�Þ and

LD-LDA. It can be concluded therefore that LD-

LDA should be the first choice when insufficient

prior information about the training samples is
available and a cost effective processing method is

sought. In addition to the CRRs, it can be seen

from the STDs depicted in Table 2 that due to the

introduction of regularization both LD-LDA and



Table 3

Comparison of computational times, Ttrn þ Ttst (s)

L 2 3 4 5 6 7

PCA 1.1+ 2.5 2.1 + 3.1 3.5+ 3.6 5.0+ 3.9 7.2 + 4.2 9.9 + 6.1

D-NC 0.7+ 1.3 0.9 + 1.2 1.0+ 1.1 1.2+ 0.9 1.4 + 0.8 1.5 + 0.7

D-WNC 0.7+ 1.4 0.9 + 1.2 1.1+ 1.1 1.2+ 1.0 1.4 + 0.9 1.5 + 0.7

D-QDA 0.8+ 1.6 0.9 + 1.4 1.1+ 1.3 1.3+ 1.1 1.4 + 1.0 1.6 + 0.8

YD-LDA 0.8+ 1.6 0.9 + 1.4 1.1+ 1.3 1.3+ 1.1 1.4 + 1.0 1.6 + 0.8

LD-LDA 0.8+ 1.6 0.9 + 1.4 1.1+ 1.3 1.3+ 1.1 1.4 + 1.0 1.6 + 0.8

RD-QDA 0.8+ 1.6 0.9 + 1.4 1.1+ 1.3 1.3+ 1.1 1.4 + 1.0 1.6 + 0.8
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RD-QDA are quite stable compared to other
methods across various SSS setting scenarios.

For each of the methods evaluated here, the FR

simulation process consists of (1) a training stage

that includes all operations performed in the

training set, e.g. the computations of H, bRRiðk; cÞ
and �yyi; (2) a test stage for the CRRs determination.

The computational times consumed by these

methods in the two stages are reported in Table 3.
Ttrn and Ttst are the amounts of time spent on

training and test, respectively, and the times of

RD-LDA are the average ones consumed in a

single point of the ðk; cÞ grid. The simulation

studies reported in this work were implemented on

a personal computer system equipped with a 2.0

GHz Intel Pentium 4 processor and 1.0 GB RAM.

All programs are written in Matlab v6.5 and exe-
cuted in MSWindows 2000. Since the discriminant

analysis methods listed in Table 1 are some special

cases of the RD-QDA method, it can been seen

from Table 3 that all these methods have similar

computational requirements. D-NC and D-WNC

are slightly faster than the other methods since

each class covariance matrix bRRiðk; cÞ in the two

methods is shrunk towards an identity matrix
multiplied by a scalar. As a result, the computa-

tions of bRRiðk; cÞ and diðyÞ are simplified. It can be

also observed from Table 3 that the PCA method

is much slower compared to those discriminant

analysis methods, especially as L increases. This is

due to the fact that the computational complexity

of all these methods is to a great extent determined

by the dimensionality of the feature space, where
most computations are conducted. The feature

space for all the discriminant analysis methods

is the subspace spanned by H, which has a di-

mensionality of M ¼ 48, much smaller than the
dimensionality of the best found Eigenfaces space,
m�, which is between 67 and 227 as shown in Table

2. Although RD-LDA is quite effective when it

is performed in a single point of the (k; c) grid, the
determination of its optimal parameter values

is computationally demanding as it is based on

exhaustive searches in the entire grid. A fast and

cost effective RD-QDA parameter optimization

method will be the focus of future research.
4. Conclusion

A new method for face recognition has been

introduced in this paper. The proposed method

takes advantages of the D-LDA and regularized

QDA techniques to effectively address the SSS and
nonlinear problem commonly encountered in FR

tasks. The D-LDA technique is utilized to map the

original face patterns to a low-dimensional discri-

minant feature space, where a regularized QDA

then readily applied.

The regularization strategy used provides a

balance between the variance and the bias in sam-

ple-based estimates, and this significantly relieves
the SSS problem. It was also shown that a series of

traditional discriminant analysis methods includ-

ing the recently introduced YD-LDA and LD-

LDA can be derived from the proposed RD-QDA

framework simply by adjusting the regularization

parameters. Experimental results indicate that the

best found RD-QDA solution outperforms the

commonly used Eigenfaces method as well as other
traditional or derived here discriminant analysis

approaches across various SSS settings.

In summary, RD-QDA can be seen as a general

pattern recognition method capable of addressing
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both the nonlinear and SSS problems. We expect

that in addition to FR, RD-QDA will provide

excellent performance in applications, such as

image/video indexing, retrieval, and classification.
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