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Abstract: In this paper, the semi-orthogonal multi-linear principal component analysis (MPCA) method has
been proposed for color face recognition. Recently, MPCA seems to be an appropriate scheme for
dimensionality reduction and feature extraction from color images, handling the color channels in a natural,
“holistic" manner. However, it is difficult to develop an effective MPCA method with the orthogonality
constraint. Then, the semi-orthogonal MPCA results in more captured variance and more learned features
than full orthogonality. In addition, this method can obtain correlation information among different color
channels. In these experiments, the facial images in FERET database are used to test for a proposed method.
The experimental results also indicate that the proposed method achieve better recognition rates than the
well-known methods and it can be suitable for other color models such as HSV, YCbCr and CIELAB. Finally,
the proposed recognition method can reduce the computational complexity in the color face recognition
process.
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1. Introduction

Face recognition is a biometric method for identifying individuals using the features of their faces. It has
been applied to a variety of areas, including image processing, computer vision, and pattern recognition. A
survey on face recognition can be found in [1], [2]. Face recognition is a typical classification problem. As
such, an abstract representation of the face is required that assists a classifier to execute partial matching of
the faces. This representation usually deal with a set of distinctive features that are extracted from the facial
images.

Presently, Principal Component Analysis (PCA), which is a statistical approach where faces are expressed
as a subset of the eigenvectors and the objective of PCA is to reduce the large dimensionality of the data
space into the smaller intrinsic dimensionality of feature space. In addition, the PCA method is one of the
methods that yield the best results on frontal face recognition. While PCA is the most simple and fast
algorithm for machine learning and computer vision [3], [4]. MPCA and LDA which have been applied
together as a single algorithm named MPCALDA provide better results under complex circumstances like
luminance variation and face position [5].

The color space uniquely specifying a color is defined by a combination of three color components
because digital color cameras sample the continuous color spectrum using three or more filters, each pixel
represents a sample of only one of the color band. Then, there has been a consideration of color face
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recognition in these problems in the RGB color space [6]. A disadvantage of the color clue is its sensitivity to
change in the illumination of color and, especially in the case of RGB, sensitivity to illumination intensity.
One way to increase tolerance toward intensity changes in images is to transform the RGB image into a
color model whose chromaticity and intensity are separate and use only chromaticity part for detection.
Different color spaces possess significantly different characteristics and effectiveness in terms of
discriminating power for visual classification tasks [7].

The semi-orthogonal multi-linear principal component analysis (SO-MPCA) method can learn
low-dimensional vectors from high dimensional tensors in a successive way and minimize reconstruction
error via successive residue calculation [8]. However, orthogonality constraint in MPCA is popular in feature
extraction, tensor decomposition and low-rank tensor approximation [9]-[12]. The SO-MPCA results in
more captured variance and more learned features than full-orthogonality. This method constrains the
hypothesis space to a smaller set, leading to increased bias and reduced variance of the learning model [13].

We focus on color face hallucination in a SO-MPCA method. Motivated by the problem in the studies
involving the hallucination method in the HSV color space [14] and we use color face images from the
FERET database [15]. We proposes a novel hallucination technique in color face images of HSV color space
with a linear regression model in SO-MPCA formulation for tensor object. In this paper, a novel technique
can capture more variance and learn more features than full orthogonality. Then, the bias can be increased
and the variance of learning model be reduced.

The rest of this paper is organized as follows. In Section 2, I explain the basic notation and introduce the
basic idea of the MPCA in Section 3. In Section 4, I propose a novel color face recognition with SO-MPCA.

Some experimental results are shown in Section 5. Finally, conclusions are summarized in Section 6.

2. Basic Notation

In this paper, scalars are denoted by lower case letters (a, b, ...), vectors by italic upper-case case letters
(4,B,...), matrices by bold upper-case letters (A,B,...), and higher-order tensors by calligraphic upper-case
letters (A, B). (.)Tdenotes the transpose of a matrix. t)*denotes the pseudo-inverse.

3. Basicldea in Multi-linear Principal Component Analysis

The basic idea in MPCA algorithm which solved the problem of dimensionality reduction for higher-order
tensor objects is introduced [11]. I show the basic idea in MPCA and an n-mode unfolding of a tensor is

1 xlyx.xly

illustrated. We symbolized an Nth-order tensor as A <R’ for | =1..,N.The n-mode vectors of A

are defined as the |_-dimensional vectors obtained from A by varying the index i while keeping all the
other indices fixed. Then, the unfolded matrix of tensor A along the n-mode is constituted as matrix

A(n) e R™(l2xw) 16t the set of tensors be {Amm=1,..,M}, and a 3-order tensor A eR¥* s

illustrated in Fig. 1. The total scatter of these tensors can be defined as
M . 2
ve = D2IA Al (1)
m=1

where A isthe mean tensor calculated as

A=(1/M) Z Am. )
m=1
In addition, the total scatter matrix of these samples C, can be written as

& = 3 (A Al A A 3)
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where An(n) in (3) is the n-mode unfolded of matrix Am and 1-mode of a third-order tensor is shown in Fig.
2.
The main purpose of MPCA is to define a multi-linear transformation U® which denoted I, xP matrix

containing the orthonormal n-mode basis vectors and the matrix O® is nth projection matrix, n = 1,..,N.
The MPCA method can map the original tensor space R"®R"..®R'v into a tensor subspace R” ®R"...®R"

with (Pn < In, for n = 1,.., N). We can define the projection of n-mode vector of X,,, as

VYm=Xom xlo(n)T X, l~J(")T...><N on", (4)

3x4x3

Fig. 1. [llustration of the n-mode vectors: (a) a tensor <R**?, (b) the 1-mode vectors, (c) the 2-mode

vectors, (d) the 3-mode vectors.

And the n-mode product of a tensor A by a matrix U eR™", denoted by A x U [16].

1P} I P P I>

Fig. 2. 1-mode unfolding of a third-order tensor.

1-Mode
9Ix6x4 Vectors

|-Mode
Projection

Fig. 3. Example of the n-mode (1-mode) multiplication.

B Rows
4x9
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In Fig. 3, a third-order tensor A <R*®* is projected in the 1-mode vector space by a projection matrix
BeR*?, resulting in the projected tensor A x,B e R*®4,

One of the most commonly used tensor decompositions is Tucker, which can be regarded as higher-order
generalization of the matrix singular value decomposition (SVD). Then, the Tucker decomposition is shown

in Fig. 4, and all {U(n)}N are orthornormal and core tensor is all orthogonal [13].
n=1

= P3
P1
Iy A Core

Fig. 4. Visualization of the decomposition of Higher-order tensor into 3 subspace matrices and a core tensor.

4. Proposed Method: A Novel Color Face Recognition with SO-MPCA

In this section, the objective is to find the Tensor-to-vector projection (TVP) which maximizes the
variance of the projected samples in each projection direction, subject to the orthogonality constraint in

only one mode, denoted as the @ -mode and the variance is measured by the total scatter Sp defined as

Sy =Y, ~¥s) (5)

M
m=1
where ymp = mXL{U(p")}' and §p = ﬁzm Yo, - That is to say that the objective of SO-MPCA is to achieve

the P of Elementary multilinear projections (EMPs). In addition, the pth EMP which maximized the

variance in (5) can be determined as

2

For orthogonality constraint in only one mode, each the pth EMP can be described as:

u;")Tuén) =1forn=1,.. N (7)
and
ug“) =0 forp>1 andgq=1,..,P—1. (8)

In [14], it can express that the number of features P that can be extracted by SO-MPCA is upper-bounded
by the «-mode dimension |,: P <1 .Although we are free to choose any mode n as a to impose the

orthogonality constraint (8), it is often good to have more features in practice. Thus, in this paper, we
choose the mode with the highest dimension as a:

a = argmax [, 9

Such that = max,I,, = I. In this paper, I only keep on SO-MPCA with « determined by (9). Following
standard multi-linear algebra, any tensor can be explained as the products

ylt = x x, ub@" 5, gh@" x, yh®", (10)
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and

yh = xb %, ul®’ Xy ul@”’ X ul®’, (11)
As y! is in the index of high-resolution (HR) training set and y} is the low-resolution (LR) training set

respectively. In addition, the sets of u® ,u® ,u® are followed in (7) - (8) and the correlation between
the decomposition coefficients can be suppressed. This conditional sub-problem then becomes to

n)

determine u,

that projects the vector samples {y(m":,m=L2,...,M} onto a line to maximize the variance

(m)

Yo M=12,.. M } becomes:

captured. Then the total scatter matrix é(p”) corresponding to {

) M Y Y
S(p)=2(yfnp—ymp Y, =Y, | (12)

m=1

To solve the SO-MPCA problem, for p =1 (step 1), the solution for u® | where n = 1,2,.., N is

~(n
obtained as the unit eigenvector of Sg ) associated with the largest eigenvalue. Next, for p> 2, I investigate
(n)

the o -mode and other modes differently. For modes other than ¢, the solution for U", where n =

. . L a(n) . . .
1,2,..,N, N# «, is obtained as the unit eigenvector of Sp° associated with the largest eigenvalue. Then,

(@)

for o -mode and p>2, this method needs to determine U,

by solving the following constrained
optimization problem:
a o) & (a
ul =argmaxu'?) S;"u, (13)

where u(:’)T u(p”‘) =land u(pa)T uff) =0, q=1..,p-1.

To solve this problem in (13), the solution is the eigenvector corresponding to the largest eigenvalue of
the following eigenvalue problem:
F(pa)é(pa)u(pa) = /Iu(: ), (14)

p-1 .
where 1"(;‘) :{Iln —Zu(;‘)u(q"’) }, and |, is an identity matrix of size I x 1.
gq=1

Then, A is exactly the criterion to be maximized, with the orthogonality constraint.

p-1 e
A = {u," ~S U }si, e, (15)
q=1
From using (14), Aul”) can be expressed as
F(r)“)é(pa)u(;‘) = e, (16)

(@)

because A is the criterion to be maximized, it is achieved by setting u,

to the (unit) eigenvector of

F(pa)é(pa ) associated with its corresponding largest eigenvalue.
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In this paper, my proposed method concentrate in some color spaces such as RGB, YCbCr, HSV and CIELaB.
[ suppose a simple relaxed start (RS) strategy to get SO-MPCA-RS by fixing the first EMP without variance

maximization and set starting EMP u®+to the normalized uniform vector. I focus the first EMP as simple
vectors in a color tensor product, the following EMPs have less freedom due to the imposed
semi-orthogonality, which increases the bias and reduces the variance of the learning model. Therefore, the
SO-MPCA-RS model has a smaller hypothesis set than the SO-MPCA model. The difference between two
algorithms is how to determine the first (starting) EMP though the following EMPs will all be different due

to their dependency on the first EMP of some color spaces.

5. Experimental Results

In this section evaluates the proposed methods on third-order tensor data (color face images) in terms of
recognition rate, the number of extracted features, captured variance, and complexity. For third order
tensors, we use a subset from a subset of FERET databases [15] to form two data sets for training and
testing facial images in four color models: RGB, YCbCr, HSV and CIELaB. In Fig. 5, I randomly selected 300
normal expression images of different people under the same light conditions and another 50 images were
used for testing. Each sample sizes is 30x30x3and randomly selects L =1,2,...,5samples from each
subject as the training data and use the rest for testing. The mean of recognition rates are calculated
repetitions in ten times. For compare other methods, SO-MPCA and SO-MPCA -RS are selected mode o =1

for maximum number of features.
For face recognition results, the experimental results were shown in Table 1-2 for each color model. The

Nearest Neighbor Classifier with the Euclidean distance measure to classify the top P features and my

experimental results were tested up to P =50features in face recognition. The face recognition rates were
compared between the PCA, MPCA, SO-MPCA and SO-MPCA-RS methods and the results shown that
SO-MPCA-RS outperforms the other three methods. In addition, the recognition results from SO-MPCA-RS
has the highest performance especially in HSV color model.

“ |

Fig. 5. Some original high-resolution color face images from FERET (30x30x3) for testing.

Table 1. Color Face Recognition Rates in Percentage (Mean * std) on the FERET Subset of RGB and YCbCr

Color Model
RGB YCbCr
L] P PCA MPCA SO-MPCA SO-MPCA-RS L] P PCA MPCA SO-MPCA SO-MPCA-RS
1 | 245+ | 241+ 2.59+0.42 6.15 +1.52 1 | 224+ 2.39+0.28 2.50+0.33 6.02 +1.47
0.33 0.35 0.41
5 | 1312 | 1524 | 16.07+161 | 2833 +2.13 5 | 1257 | 15.08+1.51 | 15.81+1.52 | 28.19 +2.05
+1.48 | +1.56 +1.32
1] 10 | 19.43 | 2013 | 21.88+223 | 3764 +338 | 1 | 10 | 1865 | 20.11+2.03 | 21.67+2.25 | 37.48 +3.55
+2.06 | +1.98 +1.81
20 | 2685 | 2817 | 30.72+251 | 41.06 +3.79 20 | 2573 | 28.17+239 | 30.56+2.48 | 40.87 +3.71
+2.31 | 4239 4245
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50 | 3178 | 31.85 | 34.67+2.65 | 45.82 +3.82 50 | 30.89 | 31.65+2.52 | 34.59+2.67 | 4536 +3.74
4242 | +247 +2.67

1 | 248t | 251 | 2.69+1.43 7.82 £ 1.15 1 | 233+ | 2464047 | 263129 7.77 +1.08
062 | 048 0.56

5 | 1894 | 2003 | 23.65+1.89 | 33.69 +1.48 5 | 1818 | 19.85+1.22 | 2351+172 | 3356 +1.32
£1.55 | +1.27 +1.43

2[ 10 | 3088 | 31.61 | 37.36+2.64 | 4672 +193 | 2 | 10 | 3025 | 3131+170 | 37.09+2.56 | 46.03 +1.85
4243 | +171 +2.49

20 | 4171 | 4071 | 4528+271 | 53.23 +2.13 20 | 4124 | 40.63+2.09 | 45.12+2.64 | 52.87 +2.05
+2.52 | +2.07 +2.36

50 | 47.02 | 4885 | 49.73+2.82 | 55.71 +2.26 50 | 4658 | 4879+271 | 49.71+2.89 | 55.82 +2.34
$£2.61 | +2.69 +2.77

1 | 259+ | 243% | 2514022 793 +1.21 1 | 241+ | 2364021 | 248+0.17 7.87 +1.09
0.14 | 026 0.18

5 | 2407 | 2563 | 2892+185 | 3645 +1.72 5 | 2388 | 2556+1.54 | 2871+1.74 | 36.16 + 1.65
+1.62 | +1.57 +1.53

3[ 10 | 3847 | 3694 | 44.76+2.64 | 5368 +291 | 3 | 10 | 3809 | 36924233 | 44.58+2.61 | 53.19 +2.83
42,55 | +231 +2.52

20 | 4963 | 4728 | 5289253 | 62.75 +2.85 20 | 4954 | 47314258 | 52944255 | 62.38 +291
+2.67 | +2.55 +2.71

50 | 5244 | 53.08 | 57.33+2.78 | 63.14 277 50 | 53.95 | 53.1142.76 | 57.51+2.86 | 63.05 +2.88
+2.64 | +2.79 +2.76

1 | 261+ | 254+ | 2.85+0.61 8.06 + 145 1 | 258+ | 2474028 | 2.84+0.62 8.13 +1.49
027 | 036 0.32

5 | 2687 | 2795 | 2893+156 | 39.89 + 165 5 | 2692 | 2738172 | 2891+162 | 39.65 + 1.61
+1.79 | +1.81 +1.88

4[ 10 | 4259 | 4382 | 46.68+2.86 | 5581 £1.97 | 4 | 10 | 4243 | 43.01+256 | 46.51+2.84 | 5437 + 186
$2.61 | 277 +2.59

20 | 5497 | 57.23 | 58074291 | 66.08 +3.16 20 | 54.11 | 57.14+2.77 | 5821+295 | 66.14 +3.05
4281 | +2.81 +2.89

50 | 57.01 | 5816 | 59.77+2.84 | 67.23 +2.83 50 | 57.36 | 5809+2.93 | 59.72+2.88 | 67.36 +2.97
+2.76 | +2.95 +2.97

1 | 265+ | 251+ | 2.81+0.63 827 + 158 1 | 266% | 2504064 | 2.80+0.67 8.11 +1.36
087 | 073 0.93

5 | 2893 | 3067 | 31.65+234 | 4171 +183 5 | 2878 | 30.66+1.83 | 31.53+228 | 4093 +1.74
+191 | +1.81 +1.82

5[ 10 | 47.26 | 4659 | 52784276 | 60.52 £3.46 | 5 | 10 | 4791 | 46.61+2.93 | 52.66+2.75 | 60.35 +3.33
4279 | +2.85 +2.84

20 | 5772 | 6093 | 61474295 | 69.84 +3.29 20 | 57.08 | 60.84+3.18 | 61.04+2.98 | 70.16 +3.27
+2.96 | +3.08 +3.16

50 | 6365 | 6472 | 6341%£3.06 | 70.27 +3.25 50 | 6429 | 64.53+3.19 | 62.75+3.02 | 7038 +3.32
+2.84 | 4321 +3.34

Table 2. Color Face Recognition Rates in Percentage (Mean = std) on the FERET Subset of HSV and CIELaB Color

Model

HSV CIELaB

L | P |Pca MPCA SO-MPCA SO-MPCA-RS L [P |pPca MPCA | SO-MPCA SO-MPCA-RS

1 1.87+ | 2.25+0.29 2.50+0.33 561 +1.24 1 | 248+ | 253+ | 2.714+0.56 6.72 +1.85

0.25 0.41 0.27

5 | 933+ | 1244+136 | 1581+1.52 | 20.76 +1.48 5 13.56 | 15.84 | 16.93+1.72 | 2897 +2.26
1.18 +1.52 | +1.61

1 10 | 14.82 | 18.72+1.75 | 21.67+2.25 | 31.17 +2.89 1 10 | 19.69 | 21.77 | 23.54+2.59 | 38.07 +3.45
+1.39 +2.24 | +1.89

20 | 23.61 | 27.65+2.27 | 30.56+2.48 | 38.72 +3.15 20 | 27.11 | 2882 | 34.06+2.78 | 42.36 +3.61
+2.06 +2.59 | +2.52

50 | 27.95 | 30.12+2.48 | 34.59+2.67 | 43.11 +3.26 50 | 32.66 | 32.04 | 36.36+2.88 | 46.78 +3.98
+2.34 4278 | £2.65

1 2.07+ 2.31+0.42 2.63+1.29 6.63 +1.15 1 2.65+ 2.65+ 2.89+1.57 7.93 +1.38

0.28 0.69 0.56

5 12.76 | 19.13+1.18 | 23.51+1.72 | 3047 +1.26 5 19.13 | 22.88 | 24.92+1.85 | 34.05 + 1.52
+1.25 +1.66 | +1.42

2 10 | 23.63 | 30.67+1.84 | 37.09+2.56 | 44.96 +2.07 2 10 | 31.54 | 3471 | 39.05+2.76 | 47.66 +2.09
+2.18 +2.72 | +1.83

20 | 36.91 | 40.32+2.56 | 45.12+2.64 | 49.31 +2.43 20 | 41.93 | 4732 | 47.0842.81 | 54.19 +2.25
+2.24 +2.88 | +2.25

50 | 40.11 | 48.51+2.88 | 49.71+2.89 | 53.27 +2.69 50 | 4853 | 49.33 | 49.63+2.99 | 5598 +2.61
+2.79 +2.97 +2.76
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1 2.28%+ 2.27+0.35 2.48+0.17 732 +£1.18 1 2.71% 2.56+ 2.66+0.35 8.22 +£1.45
0.36 0.56 0.31
5 17.69 22.49+1.38 28.71+1.74 35.83 £1.55 5 25.63 26.42 28.75+1.71 37.38 £1.86
+1.44 +1.95 +1.77
3 10 | 30.31 35.63+2.29 44.58+2.61 53.06 *+2.77 10 | 39.51 37.81 45.83+£2.98 54.17 +2.87
+2.37 +2.89 +2.69
20 | 42.51 47.05+2.47 52.94+2.55 62.19 +2.94 20 | 50.74 49.94 55.06+2.72 63.43 +2.92
+2.63 +2.81 +2.86
50 | 48.84 53.214+2.83 57.51+2.86 62.78 +291 50 | 53.62 54.22 58.9712.84 65.76 +2.98
+2.82 +2.94 +2.94
1 2.35%+ 2.41+0.37 2.84+0.62 8.08 +1.43 1 2.84+ 2.78%+ 2.97+0.51 8.63 +1.64
0.41 0.35 0.27
5 20.58 26.54+1.63 28.91+1.62 38.97 +1.52 5 27.66 28.31 29.14+1.38 40.26 +1.79
+1.62 +1.84 +1.62
4 10 | 39.93 41.85+£2.49 46.51+2.84 54.25 +1.77 10 | 43.67 45.75 48.77+2.85 56.31 +1.92
+2.46 +2.73 +2.83
20 | 47.07 57.0212.66 58.21+2.95 66.06 +3.12 20 | 55.13 58.06 59.56+3.31 68.92 +2.77
+2.76 +2.89 +2.96
50 | 51.13 57.93+2.81 59.7212.88 67.24 +3.06 50 | 59.45 59.23 62.8843.26 69.55 +2.95
+2.71 +2.91 +2.74
1 2.28+ 2.4610.78 2.80+0.67 8.16 +1.32 1 297+ 2.86+ 2.9410.71 9.03 £1.66
0.52 0.94 0.95
5 2491 30.52+1.81 31.53+2.28 40.78 £ 1.76 5 29.56 31.31 32.08+2.25 42.87 £1.95
+1.68 +1.87 +1.66
5 10 | 43.64 46.47+2.85 52.66%2.75 60.19 £ 3.25 10 | 48.14 47.04 52.96+2.88 66.81 +3.24
+2.81 +2.82 +2.57
20 | 52.76 60.66+3.19 61.04+2.98 70.23 +£3.34 20 | 59.63 61.05 62.53+2.91 69.72 +3.17
+3.05 +2.95 +2.92
50 | 60.69 64.411+3.23 62.75+3.02 70.55 +3.48 50 | 66.85 64.89 63.57+3.14 70.89 +3.59
+3.16 +2.88 +3.03

In case of the smaller L=123 MPCA and SO-MPCA methods are similar results but SO-MPCA-RS can

make a good improvement over existing methods, then SO-MPCA-RS can solve the small sample size
(overfitting) problem. In Table 1-2, for large L =4,5, SO-MPCA-RS method is suitable for all color spaces

especially in CIELaB color space.

For time performance results, | compared the execution time between our proposed method and other

methods, such as PCA and MPCA in all color spaces. These experiments are performed by using a
desktop-computer equipped with Microsoft Windows10 (64 bits) and an Intel(R) Core(TM) i5-7200U CPU
with 2.50GHz and 4GB of RAM. In Table 3-6, the MPCA method was 0.125 - 1.349 seconds, 0.155 - 1.426
seconds, 0.179 - 1.663 seconds and 0.136 - 1.366 seconds which they were depended on no. of images and

color model. However, I find that the SO-MPCA-RS required the shortest execution time of all recognition

methods. The execution time from all methods in RGB color model were less than the other models and also

similar to CIELaB color model. However, in HSV color model, it required the longest time of all color spaces.

Table 3. Execution Time (Second) for Different Versions of the Recognition Methods in RGB Color Model

Table 4. Execution Time (Second) for Different Versions of the Reco

No. of images PCA MPCA | SO-MPCA | SO-MPCA-RS
5 0.208 | 0.125 0.113 0.106
10 0.376 | 0.227 0.207 0.192
15 0.691 | 0.386 0.363 0.348
30 1.103 | 0.674 0.618 0.605
50 2177 | 1.349 1.302 1.287

No. of images PCA MPCA | SO-MPCA | SO-MPCA-RS
5 0.238 | 0.155 0.118 0.112
10 0.395 | 0.281 0.234 0.203
15 0.702 | 0.464 0.380 0.355
30 1.156 | 0.773 0.679 0.617
50 2.263 | 1.462 1.344 1.296
80

nition Methods in YCbCr Color Model

Volume 8, Number 2, April 2019




Table 5. Execution Time (Second) for Different Versions of the Recognition Methods in HSV Color Model

No. of images PCA MPCA | SO-MPCA | SO-MPCA-RS
5 0.257 | 0.179 0.166 0.137
10 0.402 | 0.342 0.283 0.246
15 0.778 | 0.681 0.402 0.372
30 1.396 | 0.815 0.719 0.705
50 2481 | 1.663 1.405 1.314

Table 6. Execution Time (Second) for Different Versions of the Recognition Methods in CIELaB Color Model

No. of images PCA MPCA | SO-MPCA | SO-MPCA-RS

5 0.211 | 0.136 0.125 0.109
10 0.388 | 0.247 0.229 0.207
15 0.703 | 0.408 0.370 0.352
30 1.126 | 0.775 0.634 0.613
50 2.180 | 1.366 1.337 1.291

6. Conclusions

This paper proposes a novel color face recognition with Semi-Orthogonal MPCA Method. This method can

capture more variance and learn more features than full orthogonality. To test our proposed method, we

used color facial images from the FERET database to validate the algorithm. The experiments clearly

demonstrated that SO-MPCA-RS achieves the best overall performance compared with competing methods.

The complexity of proposed method which presented by execution time was shown to be less than that of
the MPCA method. Then, it can be suitable for all color models. This is the next step to using the SO- MPCA
for apply to each mode across different views and under changing illumination conditions.
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