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This paper presents a novel color face recognition method called two-dimensional color uncorrelated
discriminant analysis (2DCUDA), which can extract two-dimensional color uncorrelated features and
simultaneously retain the face spatial structure information. The 2DCUDA method seeks to explore
color uncorrelated discriminant properties of the color face images and eliminate the correlations
between color-based features. The novelties of this paper are twofold. First, this paper develops a new
color-based feature for face recognition, which can provide substantial mutual complementation
information and improve the recognition performance. Second, theoretical analysis guarantees the
uncorrelated property of the obtained color-based features. Comparative experiments on AR and FRGC-
2 color face databases have been conducted to investigate the effectiveness of the proposed algorithm.
Experimental results show that the proposed algorithm performs better than other color face
recognition methods and the two-dimensional color uncorrelated discriminant features are more
effective for low-resolution image compared with conventional gray-based features. Finally, we explain
why the proposed algorithm can improve the recognition performance compared with other color face

recognition methods.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Face recognition has become a very active research in the field
of pattern recognition and computer vision due to the wide range
of applications including biometric identification, public securi-
ties and face indexing in multimedia contents, etc. [1]. In the last
few decades, large amounts of methods for face recognition were
brought forward [2-13]. Principal component analysis (PCA) [2]
was a classical data representation technique widely used in the
areas of pattern recognition and computer vision. Linear discri-
minant analysis (LDA) [3] could find the Fisher optimal discrimi-
nant vector. Furthermore, two-dimensional principal component
analysis (2DPCA) [4] was proposed for face recognition, which
could extract the spatial structure information of a gray image. Li
and Yuan extended this idea using discriminant information and
proposed the two-dimensional linear discriminant analysis
(2DLDA) [5] for feature extraction. From the view of local feature
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extraction, Lei et al. [6] proposed a discriminant analysis method
based on Gabor tensor representation. Derived from a nonpara-
metric estimate of Renyi’s quadratic entropy, He et al. [7]
proposed a robust discriminant analysis method based on max-
imum entropy criterion. Moreover, Chai et al. [8] put forward a
novel texture descriptor, called Gabor Ordinal Measures (GOM),
for face representation and recognition. However, all these
methods are used to deal with gray face images rather than color
face images.

Some past researches suggested that the color information
appeared to confer no significant advantage beyond the gray
information for face recognition [11]. Recent research efforts,
however, revealed that the color could provide useful and impo-
rtant information for face recognition [14-37,44,47].

The previous works in color-based face recognition have
successfully demonstrated the importance of color information
to improve face recognition performance, but these color-based
features are still correlated, which leads to redundancy informa-
tion between color-based features. The key problem of color
image recognition is to effectively utilize the complementary
information and eliminate redundancy information between the
color components [35-37]. Therefore, reducing the correlation
should contribute to enhance the complementation and further
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improve the recognition performance. The experimental results in
[26] showed that the proposed Color Space Normalization (CSN)
technique could greatly reduce the correlation between the three
color components. They concluded that the reduced correlation
made the discriminant information contained in the three color
component images as mutually complementary as possible. The
aforementioned studies [22-27] also reduced the correlation
between three color components of the original images to some
extent. However, these methods were not directly focused on
feature extraction and the correlation between features was not
completely eliminated. Jin et al. [38] and Jing [45] proposed an
uncorrelated linear discriminant method (ULDA) to remove the
statistical correlation between extracted features by making the
acquired projective vectors mutually uncorrelated in statistics.
2DLDA [5] could directly extract 2D features from gray image
matrices. However, both of them [5,38] cannot be directly used
for color image matrices that are usually represented by three
data sets. Man et al. [46] proposed a statistically orthogonal
analysis method (SOA) to obtain statistically orthogonal color-
based features, but SOA lost color face spatial structure informa-
tion. Therefore, color uncorrelated discriminant properties of the
original images have not been systematically explored in the
current color face recognition investigations.

The aim of this paper is to fill this blank by presenting the
effective color face recognition framework based on extracting
two-dimensional color uncorrelated discriminant features. The
main contribution of our paper is fourfold.

(1) This paper proposes a novel two-dimensional color uncorre-
lated discriminant analysis algorithm. The proposed algo-
rithm calculates the projection matrix of three color
components based on Fisher criterion [39], which can
enhance the complementation and remove the correlation
between 2D discriminant features extracted from three color
image matrices.

(2) This paper provides the theoretical foundations of the pro-
posed method and proves the uncorrelated property between
color-based discriminant features in theory. This makes it
sure that the discriminant features from three color image
matrices will be uncorrelated.

(3) Comparative experimental results on the AR color face data-
base [40] and color face recognition grand challenge database
(FRGC 2.0) show that the proposed method achieves better
face recognition performance and less training time than
other color face recognition approaches.

(4) Moreover, the experimental results also demonstrate that
two-dimensional color uncorrelated discriminant features
are robust against variation of facial expression, time etc.
and highly effective for low-resolution images, as compared
with gray-based features. Furthermore, we clearly explain
why the proposed algorithm can improve the recognition
performance compared with other color face recognition
methods from the property of the color component
correlation.

The rest of this paper is organized as follows. In Section 2, we
review the related work. In Section 3, we describe the proposed
color face recognition method using two-dimensional color
uncorrelated discriminant analysis, and provide the realization
algorithm of the proposed method. In Section 4, we present
comparative experiments on the AR and FRGC-2 public color
image databases to evaluate the effectiveness of the proposed
algorithm and explain why the proposed algorithm can improve
color face recognition performance. Finally, conclusions are
offered in Section 5.

2. Related work

Our starting point aims to seek an effective method for color
face recognition from the view of uncorrelated features and
discriminant analysis. First of all, we present an overview of the
relevant work, i.e., two-dimensional linear discriminant analysis
(2DLDA) [5], uncorrelated linear discriminant method (ULDA)
[38] and color face recognition methods [14-32].

2.1. Two-dimensional linear discriminant analysis (2DLDA)

The aim of 2DLDA [5] is to seek 2D features from image
matrices based on Fisher’s linear discriminant analysis [3]. Let A;
denote a gray image of size m x n, and x denote an n-dimensional
column vector. A; is projected onto x by the following linear
transformation:

yi=Ax, j=12,...M [@))

Thus, an m-dimensional projected vector y;, i.e., the feature
vector of image, is obtained.

Suppose there are C pattern classes in the training set, and M
denotes the size of the training set. The jth training image is
denoted by an m x n matrix A;(j =1,2,..,M), and the mean image
of all training samples is denoted by A and A; (i=1,2,..,0)
denoted the mean image of class C; and N; is the number of
samples in class C;.

The projection of 2DLDA is obtained from solving the following
optimization problem:

xTSpx
Xopt = arginaxXTs‘f/x 2)
Sp— L i N;(A;—A) (A;-A) 3)
B — M,-:1 i i
1& — —
Sw=1:> > (A—A) (A—A)) (4
M i AxeG

where Sg denotes between-class image scatter matrix and Sw
denotes within-class image scatter matrix. In real world applica-
tions, Sy is always nonsingular [5], and the solutions of the above
optimization problem are to solve the generalized eigenvalue
problem [2]. The optimal projection vectors are exactly the
generalized eigenvectors corresponding to the first d larger
generalized eigenvalues of the generalized eigenequation [42,43]:

SXopt = 7~waopr 5)

2.2. Uncorrelated linear discriminant method (ULDA)

ULDA [38] aims to compute a group of optimal discriminant
vectors which can satisfy both the Fisher criterion and the
following statistical uncorrelated constraints:

xISexj=0,Vi#j, ij=1,..d (6)

where x, and x; are the optimal discriminant vectors, d is the
number of discriminant vectors, and S; is the total scatter matrix.
According to the ULDA algorithm, the first optimal x; is obtained
by maximizing the Fisher criterion function [3]. Then, the ith
optimal discriminant vector x,(i>2) is the eigenvector corre-
sponding to the maximal eigenvalue of the equation

PSpx; = ;LStXi @)
where P =I-S:DT"(DS:D")"'D, D =[x;,...x;_1]".] denotes the iden-

tity matrix, and S, and S; are the between-class scatter matrix
and total scatter matrix, respectively.
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2.3. Color face recognition methods

Prior research on color face recognition in [14] shows that
color does play an important role in face recognition especially
when shape cues were degraded. The work in [15] further
demonstrates that color cues can significantly improve recogni-
tion performance and are less susceptible to resolution changes
for recognition compared with gray-based features. Other
research findings also show the usefulness of color for face
recognition [16-21].

With the increasing demands of real-world face recognition,
color images have been paid more and more attention because
they can provide much more important or useful information for
improving recognition accuracy compared with gray images
[22-37]. In [22], the authors analyze the canonical correlations
for color image and extract effective features for recognition. By
fusing color, local spatial and global frequency features, the work
in [23] provides a effective method to extract the complementary
facial information for face recognition. Recently, Liu [24] pre-
sented a discriminant color feature method for face recognition.
In [25], the authors developed a basic Color Image Discriminant
(CID) model and its general version for color image recognition.
The work in [26] shows that there is a common characteristic of a
powerful color space for face recognition. In addition, based on
the characteristics of powerful color space, this paper presents
two color space normalization techniques (CSN). The work of Liu
[27] proposes three new color representations, i.e., the so-called
uncorrelated color space, the independent color space, and the
discriminating color space. Recently, Wang et al. [28] proposed to
represent a color image as a third-order tensor and presented the
tensor discriminant color space model. And Choi et al. [29]
present the color local texture features and develop two effective
color local texture features. More recently, Wang et al. [31]
further put forward a sparse tensor discriminant color space
model which represents a color image as a third-order tensor.
The work of Xu [32] presents a quaternion-based discriminant
analysis method for color face recognition.

Though the previous works in color-based face recognition
have successfully demonstrated the importance of color informa-
tion to improve face recognition performance, these color-based
features are still correlated, which leads to redundancy informa-
tion between color-based features. Therefore, in this paper, we
propose a two-dimensional color uncorrelated discriminant ana-
lysis (2DCUDA) for color face recognition, which can eliminate the
correlations between the color-based features and simultaneously
retain the face spatial structure information. The details are
shown in the next section.

3. Two-dimensional color uncorrelated discriminant analysis
(2DCUDA)

3.1. The idea of two-dimensional color uncorrelated discriminant
analysis (2DCUDA)

2DLDA [5] can extract the 2D spatial features of gray images
but it cannot reduce the correlation on raw data. ULDA [38] can
eliminate the statistical correlation between the extracted fea-
tures but lose the feature spatial in formations. Meanwhile, the
computing cost of ULDA is expensive. Moreover, both 2DLDA and
ULDA are not directly used to color face images.

If 2DLDA or ULDA is directly applied to three color component
image sets, the discriminant features will be highly correlated and
thus their performances will be degraded. Research results
[14-29] suggest that the color can provide important information
for face recognition. However, the data size of color images is

three times that of gray images. Therefore, how to effectively
exploit color information to enhance recognition performance
while reducing correlation and redundancy becomes an impor-
tant task in color image recognition.

Based on the aforementioned analysis and borrowing the idea
of 2DLDA [5] and ULDA [38], we propose the 2DCUDA to obtain
three mutually statistically uncorrelated two-dimensional discri-
minant features from the three color component image matrices
in a serial manner, which can ensure complete uncorrelation
between color-based discriminant features in theory. More details
can be seen in Subsection 3.2. The framework of the proposed
2DCUDA is shown in Fig. 1

3.2. Theoretical foundation of the proposed algorithm (2DCUDA)

In this section, we describe the theoretical foundation of the
proposed 2DCUDA algorithm and present the analytical solution.

Supposed there are M labeled color image samples AjC in the
training set of each class, where j=1,2,.,M,c=1,2,..,C and C
denotes the number of classes, and M denotes the size of the
training set.

Let Ag,Ag,Ag be R,G,B color component image sets of the color
image samples and Stgr,S1¢,Sts be the corresponding total image
scatter matrices respectively, then the following formulates hold:

Str = Spr +Swr ®)
Stc = Sec +Swe 9
St =SB +Sws (10)

where Sggr,Sgc,Sps denote between-class image scatter matrices of
Agr,Ag,Ag and Swr,Swe,Swe denote within-class image scatter
matrices of Ag,Ag,Ap respectively. Let Xg,Xc,Xp represent the
projection matrix consisting of projective vectors for Ag,Ac,As
respectively. Based on the 2D Fisher criterion, the discriminant
projection matrix Xg for Ag can be calculated by

T
Xg = arg max XgSerXr

ITe v 1t
Xgr X-II;SWRXR

As is proved by 2DLDA [5], we can know that Xg is a matrix
consisting of the eigenvectors corresponding to the nonzero
eigenvalues of SiyzSer.

Following the discriminant projection matrix Xg, we attempt
to find the discriminant projection matrix Xg for Ag in the
principle of assuring complete uncorrelation between the dis-
criminant features of Xg and Xg. Guided by this principle, we
design the algorithm to calculate Xg as follows.

Suppose two color component images Aj- € Ag and Ajg € Ag,
and let Y =A;Xg and Yjz =AjgX¢ separately denote the pro-
jected features of A;; and Ajg. The covariance between Y, and Yjg
is

Cov(Yjr, Yig) = E[Yjr—E(Yj)[Yig—E(Yjg)I"

= X¢E[Ajg—E(Aig)"[Aje—E(Ajr)1Xr

=X¢(V/S10)"V/SrXr (12)
where M denotes the size of the training set, Ag denotes the mean
image of R color component image sets, A¢ denotes the mean
image of G color component image sets, \/Str = E[Aj;—E(A;;)] and

V/Stc = E[Ajg—E(Ajg)]. The auto variances of Yj. and Yjg are defined
as

Var(Y;,Y;r) = E[Y;—E(Yjo)llY;—ECYjlT = XESteXe (13)
and
Var(Yig,Yjg) = E[Yjg—E(Yje)[Yis—E(Yjg)lT = XgStcXc (14)
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Fig. 1. The framework of the proposed 2DCUDA for color face.

The correlation between Yj, and Yj; can be defined as
COU(er,ng)
\/Var(ng,ng) \/Var(er,Yj,.)
__Xg(+/S10)"VSrXr (15)
\/XESteXr y/ XEST6Xo
The correlation of variables contains the statistical information
of original samples, which is provided by Sgg and Stg. To remove

the statistical correlation, we set Corr(Yj.,Yjg) =0, which is
equivalent to XL(1/Stc)T+/StrXr =0. Note that Xg and Xg are

statistically orthogonal if Corr(Yj,,Yjg) = 0.
Then, we can obtain X¢ by solving the following problem:
XZSpcXc
XZSweXc
s.t. XL(+/Ste)"v/StrXgr =0 (16)

For solving Formula (16), we present a theorem as follows:

Corr(Yjr, Yjg) =

X = argmax
Xg

Theorem 1. The optimal solution X¢ in model (16) can be
achieved by solving the eigenequation

SwcI-WWTS W) TWTS 1 )Spe X = X 7)
where W = (1/Sr¢)"/StrXr, and I is an identity matrix.

Proof. Given W = (,/S1¢)"+/StrXg, the constraint can be rewrit-
ten as XLW = 0. We construct the Lagrange function

L(Xc) = XgSpcXc—~AXcSweXe-C1)— H(XcW-C2) (18)

where /1 and p are the Lagrange multipliers, and C; and C, are two
constant matrices. We set the derivative of L(Xg) on Xg to be zero:

oLXg)
Xe

Left multiply WTS;\, then, we have
2WTS i SecXe— 2 AWTS - SweXe— UWTS{ W = 0
= 2WTS 4 SpcXe—2 AW X — uWTS /W = 0

= ZSBGXG_Z/ALSWGXG_,UW =0 (1 9)

= 2WTSSpcXg—2/:50— uWTS LW = 0
= 2W'S;/cSpcXe— WIS W =0 (20)
Thus u could be expressed as

u=2(WTSu W) TWTS, . Spc X 21

Due to Eqgs. (19)-(21), we have

SecXc—ASweXec—WWTS /W) " WIS /. SpcXe = 0 (22)
ie.
SwcI-WWTS, - W)~ TWTS, ) )SpwXe = 21X (23)

where I is an identity matrix; Eq. (23) is equivalent to Formula
(17). Proof is over.

Furthermore, similar to Xg, we can calculate the projection
matrix Xg. The projection matrix Xg is required to be statistically
orthogonal to both Xg and Xg. So, we calculate Xg by

T
Xg = argmaxm
Xp XBSWGXB

s.t. XE(v/Ste)TV/StrXg =0
X5(v/St8)"\/S16Xe =0 24

For solving Formula (24), we present a theorem as follows:

Theorem 2. Xg in Formula (24) can be achieved by solving the
eigenequation

S I—WWTS LwW) TWTS L)SppXp = /X, (25)

where W = [(\/S18)Tv/StrXr.(v/St8)T v/S16X¢], and I is an identity
matrix. Xg is a matrix that consists of eigenvectors associated
with nonzero eigenvalues of Sy (I—W(WTSy W) WS, 11)Sgg.

The proof of Theorem 2 is similar to the one in Theorem 1. So,
it is omitted for saving space.
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3.3. (lassification method

After the transformation by 2DCUDA, three feature matrices of
color components are obtained for each image. Moreover, a new
overall dataset Z=1/3(ArXg+AcXc+AsXg) is drawn by three
color components feature matrices. Then, a nearest neighbor
classifier is used for classification. Here, the distance between
two arbitrary feature matrices Z; and Z; is defined by
d(Z;,Z;) =11Z;—Z;ll;, where |IZ;—Z;ll; denotes the Euclidean
distance.

Suppose that the training samples after the transformation are
Z,,2;,....Zy, where M denotes the total number of training
samples, and each of these samples is assigned a given class C;.
Given a test sample Z, if d(Z,Z)) = mind(Z,Z;) and Z, € C; then the
resulting decision is Z e C;. J

3.4. Image reconstruction

In 2DLDA, a face image can be reconstructed by using dis-
criminant feature matrices or projection matrices. Similarly,
2DCUDA can be used to reconstruct a color face image in the
following way.

Xgr,Xg,Xp represent the projection matrixes for Ag,Ac,As
respectively. After three color component image sets Ag,Ag,Ap
are projected on this subspace, we can get the color 2D uncorre-
lated discriminant features Yg,Y¢,Yp respectively.

Ygr = ArXg (26)
Yc =AcXc 27)
Yp =ApXp (28)

Since Xg,X¢,Xp are orthogonal matrices, from (24)-(26), it is
easy to obtain the reconstructed color component images of
Ag,Ac,Ag.

Yr = YrXg (29)
Yc = YeX¢ (30
Y = YeX§ (31)

Let A =[Yg,Yc,Yg], then A is the reconstructed color face image
of sample A. In Fig. 2, some reconstructed images and the original
image of one person were given. In Fig. 2, the variable d denotes the
number of dimensions used to map and reconstruct the face image.
It can be found that the reconstructed images are similar to the ones
obtained by sample of the original image on the spacing horizontal
scanning line. The reconstructed image A is more and more like the
original image A as the value of d increases. Compared with the

d=1 d=2 d=5

2DLDA method, the reconstructed image can provide more useful
information, which is beneficial for face recognition.

3.5. Realization algorithm of 2DCUDA

As mentioned in the previous subsection, the proposed
2DCUDA in this paper aims to eliminate the correlations between
color-based features and simultaneously retain the face spatial
structure information. So, we extend color face recognition
method from gray space to color space in the form of two-
dimensional matrix, which helps obtain the face spatial structure
information. Moreover, we proposed two theorems to ensure that
the discriminant features are mutually statistically orthogonal. In
summary, the proposed 2DCUDA can be realized as follows.

Algorithm of 2DCUDA

INPUT: a set of Mlabeled color image samples Ajc in the
training set, j=1,2,...,M,c=1,2,..,,C. Agr,Ac,Ap respectively
denote R,G,B color component image sets of the color image
samples.

OUTPUT: a set of mutually orthogonal projection transforms
Xgr.Xc, Xg for Ag,Ag,As

Algorithm:

Step 1: Compute between-class image scatter matrix, within-
class image scatter matrix and total image scatter matrix for
Ar,Ag,Ag, i.€., Sgr.Sgc,SBB.SWR.SwG.SwB.STR.S16,ST8B-

Step 2: Compute 2D projection matrix Xg for Ag by Formula
(11).

Step3: Compute transitional matrix W by equation:

W = (/S16)" /StrXr

Step4: Compute 2D projection matrix Xg for Ag by Formula
(17).

Step5: Compute transitional matrix Wby equation:

W =[(/St8)"/SteXr.(/S18)"/S16Xc]

Step6: Compute 2D projection matrix Xg for Ag by Formula
(25).

4. Experimental evaluation and analysis

In this section, we compare the classification performance of
the proposed 2DCUDA with some representative color face
recognition methods using AR and FRGC-2 color face image
databases. In the experiments, we apply LDA [3] and fuzzy local
maximal marginal embedding method (FLMME) [12] to color
images, which are called color LDA (CLDA) and color FLMME

d=1 d=2 d=5 d=10 d=20 d=30

d=10 d=20

Fig. 2. Some reconstructed images of one person. The reconstructed images on the first row are extracted by the 2DLDA method. The reconstructed images on the second

row are extracted by the proposed 2DCUDA.
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(CFLMME), respectively. For each color image sample, we con-
catenate the R, G and B components into a vector. Then, we
extract features from the obtained vectors corresponding to color
image samples. The AR color face database is used to explore the
robustness of 2DCUDA with the variation over time and in
expressions. The FRGC-2 color face image database is used to test
the performance of 2DCUDA in the real-world environments and
assess the impact of the color for degraded face images. The
nearest neighborhood classifier with Euclidean distance is used in
all experiments. We also provide the explanation on why the
2DCUDA method can improve the performance using the AR color
face database as an example.

4.1. The AR and FRGC color face databases

The AR color face database [40] contains over 4000 color face
images of 126 people (70 men and 56 women). In the experiments,
we selected 120 people. Images are frontal view faces with different
facial expressions and illumination conditions. The pictures were

n 9]

eeeeenn
aanNNn

taken under strictly controlled conditions. No restrictions on wear
(clothes, glasses, etc.), make-up, hair style, etc. were imposed to
participants. Each individual participated in two sessions, separated
by two weeks (14 days). The same pictures were taken in both
sessions. The 14 images of each individual are selected and the
occluded face images are excluded in our experiment. All images are
down-sampled to 50 x 40 pixels. The sample images for one indivi-
dual of the AR database are shown in Fig. 3. The images of Fig. 3(a)-
(g) from the first session are used as the training set, and Fig. 3(n)-
(t) from the second session as the testing set.

The FRGC-2 color face database [41] contains 12,776 training
images, 16,028 controlled target images, and 8014 uncontrolled
query images for the FRGC Experiment 4. The controlled images
have good image quality, while the uncontrolled images display
poor image quality, such as large illumination variations, low
resolution of the face region, and possible blurring. It is these
uncontrolled factors that pose the grand challenge to face recog-
nition performance. In the experiments, we selected 100 people,
each with 24 images. We cropped every image to the size of
60 x 60, and show images of one person from FRGC-2 in Fig. 4.

Fig. 3. Sample images for one person of the AR database.

Fig. 4. Sample images for one person of the FRGC-2 database.
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4.2. Experiments on the AR database

In this subsection, we first assess the performance of the
proposed 2DCUDA under the variations over time. Then we
design the experiment to evaluate the recognition performance
of the proposed 2DCUDA under the variations in the facial
expressions. Furthermore, we evaluate the computing efficiency
of the proposed 2DCUDA in these experiments.

4.2.1. Comparative experiments under variations over time

In this experiment, the images from the first session (i.e.,
Fig. 3(a)-(g)) were used for training, and the images from the
second session (i.e., Fig. 3(n)-(t)) were used for testing. Thus, the
total number of training samples was 840. Since the two sessions
were separated by an interval of two weeks, the aim of this
experiment was to compare the performance of 2DCUDA and
other methods under the conditions that the images change
over time.

Fig. 5 shows the recognition rates vs. the variations of the
dimensions (in Fig. 5, for one-dimensional methods, the dimen-
sion is equal to five times the numbers marked on the axes). The
maximal recognition rates of each method are listed in Table 1. As
can be seen from Table 1 and Fig. 5, 2DCUDA obtains the best
recognition rates in the experiment under variations over time,
which shows the effectiveness and robustness of the proposed
2DCUDA when there are variations over time. Why does 2DCUDA
perform better than other methods in this experiment? From the
view of feature correlations, the features extracted by CLDA and
CFLMME are highly correlated. The CSN [26] and CICCA [22]
methods can reduce the correlation between color-based features,
but they cannot eliminate the correlation completely. The SOA
[46] method obtains statistically orthogonal color-based features

80 T T T

—#— LDA on Gray
—&— CLDA
—&— FLMME on Gray
——— CFLMME 5
—#— 2DLDA
CSN |
—*—CSN II 1
—+—CICCA
—%— SOA
—#— 2DCUDA 1

Recogniton Rate (%)
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Fig. 5. The recognition rates (%) versus the dimension on the AR face database.

Table 1
The maximal recognition rates (%) and the corresponding dimensions on the AR
database.

Method LDA on gray CLDA FLMME on gray CFLMME 2DLDA
Recognition rate 59.89 65.12 55.71 59.88 62.74
Dimension 117 115 134 120 50 x 16
Method CSN-I CSN-II  CICCA SOA 2DCUDA
Recognition rate 73.33 70.83 6345 66.90 77.26
Dimension 120 100 119 119 50 x 24

but loses color face spatial structure information (the problem of
correlation between color features will be further analyzed in
Section 4.4). However, the proposed 2DCUDA not only eliminates
the correlations between color-based features but also simulta-
neously retains the face spatial structure information, which
helps improve the color face recognition. In addition, the uncor-
relation of the obtained color components can provide substantial
mutual complementation features for face recognition. So, the
performance of 2DCUDA is better than that of other methods in
the experiment under variations over time.

4.2.2. Comparative experiments under variations in facial
expressions

In this experiment, the objective was to compare 2DCUDA and
other methods under different facial expressions. We selected
images (Fig. 3(a)-(d) and (n)-(q)), which involve variations in
facial expressions. Fig. 3(a) and (n) was used for training and the
others (i.e., Fig. 3(b)-(d) and (0)-(q)) were used for testing. Thus,
the total number of training samples is 240. Table 2 lists the
maximal recognition rates of each method and Fig. 6 shows the
recognition rates vs. the variations of the dimensions (in Fig. 6, for
one-dimensional methods, the dimensions are equal to five times
the number of dimensions axes). Again, 2DCUDA performs better
than the other methods, which demonstrates the robustness of
the proposed 2DCUDA when there are variations in facial expres-
sions. This is because of the fact that the proposed 2DCUDA can
efficiently retain the face spatial structure and discriminant
information during the procedure of eliminating the correlations
between color-based features. Therefore, the proposed 2DCUDA
can improve the performance in the experiment under variations
in facial expressions compared with other methods.

Table 2
The maximal recognition rates (%) and the corresponding dimensions on the AR
database.

Method LDA on gray CLDA FLMME on gray CFLMME 2DLDA
Recognition rate 92.92 9430 91.53 91.11 92.92
Dimension 119 119 80 100 50x 10
Method CSN-I CSN-II CICCA SOA 2DCUDA
Recognition rate 93.19 95.14 70.97 93.19 98.20
Dimension 108 100 84 92 50 x 14
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Fig. 6. The recognition rates (%) versus the dimension on the AR face database.
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Training times for color face recognition methods are sum-
marized in Table 3. The training time of 2DCUDA is more faster
than SOA [46], CSN [26] and CICCA [22], mainly because the latter
involves calculating the eigenvectors of an 840 x 840 matrix,
whereas 2DCUDA calculates the eigenvectors of a 50 x 50 matrix.

Table 3
Comparison of training times on the AR color face database under the condition of
variations over time, in facial expression.

Experiments Recognition rate Training time Size of the

(%) (s) matrix

Variations over  CICCA 63.45 29.29 840 x 840
time SOA 66.90 27.49 840 x 840
CSN 73.33 35.79 840 x 840

2DCUDA 77.26 149 50 x 50

Facial expression CICCA 70.97 25.17 240 x 240
SOA 93.19 23.62 240 x 240

CSN 93.19 14.02 240 x 240

2DCUDA 98.20 121 50 x 50

Table 4
The maximal recognition rates (%) and the corresponding dimensions on the
FRGC-2 database.

Method LDA on gray CLDA FLMME on gray CFLMME 2DLDA
Recognition rate 45 55.75 73.17 77.25 81.58
Dimension 99 97 156 140 60 x5
Method CSN-I CSN-1I CICCA SOA 2DCUDA
Recognition rate 84.67 85 79.25 69.58 91.67
Dimension 134 124 97 99 60 x 6
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Fig. 7. The recognition rates (%) versus the dimension on the FRGC-2 face
database.
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4.3. Experiments on the FRGC-2 database

In this subsection, we first evaluate the performance of
2DCUDA compared with that of other methods on the FRGC-2
database. To assess the impact of color for degraded face images,
we also show the comparisons on recognition rates between gray-
based and color-based features with respect to six different face
resolutions, i.e., 60 x 60, 50 x 50, 40 x 40, 30 x 30, 20 x 20 and
10 x 10 (pixels).

4.3.1. Comparative experiments

In this experiment, 12 images of each individual were selected
and used for training, and the rest of the images were used for
test. Table 4 lists the maximal recognition rates of each method
and Fig. 7 shows the recognition rates vs. the variations of the
dimensions (in Fig. 7, for one-dimensional methods, the dimen-
sions are equal to five times the number of dimensions axes).
Once more, the experimental results show that 2DCUDA performs
better than the other methods. From Figs. 5-7, we can further
observe that 2DCUDA performs better on FRGC-2 color face
database than on AR color face database compared with the other
gray-based methods. It is because of the fact that color cues play a
more important role in uncontrolled image recognition than in
controlled image recognition.

4.3.2. To assess the impact of color for degraded face images

The aim of this experiment is to assess the impact of the color
for degraded face images. We design the comparative experiment
on six different face resolutions. To acquire facial images with
varying face resolutions, we carried out resizing over the original
FRGC-2 dataset. Fig. 8 shows the examples of facial images with
face resolution variations used in our experiment. As in the
previous experiments, 12 images of each individual were selected
and used for training, and the rest images are used for testing in
our experiment on six different face resolutions.

Fig. 9 shows the recognition rates of different methods
between the gray-based and color-based features with respect
to six different face resolutions. As can be seen from Fig. 9, the
differences in recognition performance from the gray-based
feature (in the left side of Fig. 9) between face resolutions of
60 x 60, 50 x 50, 40 x 40, 30 x 30, 20 x 20 and 10 x 10 are rela-
tively marginal compared to that of the color-based features (in
the right side of Fig. 9). From the performance of color-based
features, we can observe that color information improves the
recognition rate compared with gray-based features over all face
resolutions. In particular, the proposed 2DCULDA (color-based
features) can significantly improve the performance in recogni-
tion accuracies from 81.58%, 76.75%, 78.08%, 78%, 74.08% and
67.5% for 60 x 60, 50 x 50, 40 x 40, 30 x 30, 20 x 20, 10 x 10 Gy
face images (2DLDA) to 91.67%, 91.08%, 89.75%, 90.75%, 88.33%
and 84.17%, respectively. So, we can conclude that color informa-
tion can provide substantial mutual complementation features for
face recognition especially in low resolutions. This conclusion is
consistent with the ones in [14,15], i.e., the contribution of color
cues becomes evident when shape cues are degraded.

30x30

20x20 10x10

Fig. 8. Example of facial images from FRGC-2 according to six different face resolutions. A low-resolution observation below the original 60 x 60 pixels is interpolated

using nearest-neighbor interpolation.
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Table 5
Average absolute correlation coefficient comparison.

Different features
Correlation coefficient

Raw data
0.9019

CLDA
0.7503

CFLMME
0.6230

CSN-I
0.5478

CSN-II
0.5678

CICCA 2DCUDA
0.2165 0

4.4. Why can the 2DCUDA perform better for color face recognition?

In this subsection, we try to interpret why the proposed
2DCUDA can improve the face recognition performance. We will
show that the proposed 2DCUDA can completely reduce the
correlation of the color-based discriminant feature for three color
component images in the feature level. Here, we only show the
analysis results on the AR database for conciseness, although
similar results are achieved on the FRGC database.

Let A=(A1,A2,A3) be the color component vector in the
original RGB color space and Y =(Y1,Y2,Y3) be the color-based
features. The transformation from A to Y is given by X, where
X = (X1,X2,X3) denotes the projection matrix for A = (A;,A2,A3).

In color-based feature space, the correlation between the two
color-based features Y; = AjX; and Yj = AjX; is

Cov(Y;,Yj) = E(Y;—EY)(Y;—EYj) = XjT{E[Aj—E(Aj)]T[Ai—E(Ai)]}Xi
(32)

Then, the correlation coefficient between Y; and Y; is
X/ (E[A;—E(A)]" [Ai—E(A)]IXi
¢X,-T{E[ArE<Aj)]T[A,-fl:‘(Aj)]}xj ¢XZ{E[AifE(Ai>JT[AifE<A,~)1}x,~
(33)

Since the color space is usually three-dimensional, there are
totally three correlation coefficients: p(Y1,Y2),0(Y1,Y3),0(Y2,Y3).
The average absolute correlation coefficient is defined as follows:

p=[p(Y1,Y2)+p(Y1,Y3)+p(Y2,¥3)]/3

We use the above equation to measure the correlation of the
three color-based discriminant features on RGB color spaces. The
obtained average absolute correlation coefficients corresponding
to different color-based features are presented in Table 5.

From Table 5, we can see that the average absolute correlation
coefficient of raw data is 0.9019. After color-based feature extrac-
tion, the average absolute correlation coefficients are decreased from
0.7503 to 0. These results indicate that color-based features extraction

p(Yi,Y) =

(34
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methods can reduce the correlation between the three color
components. In particular, the average absolute correlation coef-
ficient of the proposed 2DCUDA is zero, which denotes the
proposed 2DCUDA can completely eliminate the correlation on
the original data. The reduced correlation makes color-based
features contained in the three color component images as
mutually complementary as possible. This offers an intrinsic
reason for why the proposed 2DCUDA can improve the perfor-
mance on color face recognition.

5. Conclusions

In this paper, we proposed a two-dimensional color uncorre-
lated discriminant analysis for face recognition. Experimental
results on the AR and FRGC-2 color face databases show that
2DCUDA achieves better recognition performance (at least
improve 3.07% and 6.67% in recognition rates on AR and FRGC
face database, respectively) than other color face recognition
methods. Experimental results also show that two-dimensional
color uncorrelated discriminant features are robust against varia-
tion of facial expression, time compared with gray-based features.
Moreover, training time of 2DCUDA is much less than those of
other color face recognition methods, which indicates that
2DCUDA is more suitable for real-world color face recognition.
Furthermore, experimental results explore that color information
can provide useful complementation information for face recog-
nition especially in low resolutions.

To address the problem of why the proposed 2DCUDA can
improve the performance of color face recognition, we compute
the correlation properties and show that color-based features can
reduce the correlation between color component images. In
particular, 2DCUDA can completely eliminate correlation between
different color component images. The reduced correlation makes
color-based features contained in the three color component
images as mutually complementary as possible. This is a main
reason why the proposed 2DCUDA can improve the performance
of color face recognition.

Finally, it is should be pointed out that the focus of this paper
is on improving the color face recognition from statistically
uncorrelated view. Recently, some work [48,49] attempted to
solve the problem of color face recognition from the view of
human visual and obtained good experimental results. In the
future, we plan to extract and combine more visual features to
improve the color face recognition.
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