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Abstract: By using the direct relationship between the Principle Component Analysis (PCA) and Singular Value
Decomposition (SVD), it can draw the important landmarks that represent the basic components of the data,
tried to create preference in terms of rates of discrimination within the SVD decomposition matrices themselves.
Experimentally, it have been found out that high percentage of similarity between SVD and PCA when applied
on the same dataset of images in terms of results. As result, the advantage of the direct relationship between
PCA and SVD has been exploited and using SVD’s principle components as features for recognition stage.

Least Square Support Vector Machine( LSSVM) has been applied to recognize faces.
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INTRODUCTION

During recent decades, faces recognition has become
a vast area to research. However and through the
experiments, there are some disadvantages of this
application of which 1s not accurate just like any other
biometrics , needs to the large amount of the storage also
good quality images are required (i terms of lighting and
position, etc.).

Most of the researches on the issue of faces
recognition are concerned which means of discrimination
or classification methods and how to find the best values
for the tuning parameters with less interesting to the main
factor for the success which is how draw the best
features that describe the sample correctly, for examples,
The research (Faruge and Hasan, 2009) addressed the
issue of face recognition which used PCA as an analytic
tool to extract attributes and used SVM as a means of
classification show that Polynomial and Radial Basis
Function (RBF) SVMs achieves supernior than Linear SVM
and the later superior the Multi-Layer Perceptron (MLP)
Classification criterion.

The researcher (Bellakhdhar et ., 2013) tried the
improvements in both sides, they used Gabor filter, the
characteristics included the presence of both magnitude
and the phase of Gabor in a single vector while using
SVM for recognition. Despite good performance of the
Gabor in providing us with geometric properties, the
complexity of calculations cost is large especially in some
applications when there 1s huge amount of samples in the
dataset.

The researcher Zhao et al. (2012) use both analysis
tool SVD and FFT then compare thewr decomposition
matrix. The researcher checks the quality and relevance of
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the information carried by the S matrix results from SVD
decomposition and verified by calculating the cosine
criteria to obtain the angle between the matrix 5 and the
amplitude spectrum and phase matrixes results when
applying Fast Fourier Transform (FFT) on the image to
see how they close each other. However, the author did
not clarify the importance of this information or
experiences evidenced by means of classification or
distinction available.

The research Xu and Lee (2014) suppose an
integrated algorithm for recognition depending on the
specific characteristics of each of the WT, 2D PCA and
SVM. In the first WT transform used for decomposing the
original images into high and low frequencies, retaining
the low frequency which preserve the primary information
while high frequency were neglected. PCA used for
feature extraction. SVM used for classification stage.
However, By the author the 2D PCA accuracy rate 1s
limited.

From the first indications of the relationship between
PCA and SVD was by the reseacher Huang (2013), who
pointed that the PCA and SVD are very siumilar.

Definitiens of the three known transforms SVD,
Karhunen-T.oeve Transform (KL.T) and PCA were given
by author in (Gerbrands, 1981) and verify their
relationships. He state through multivariate analysis that
these three transforms are very similar when a specific
estimate of the column matrix covariance is used.

There are not a lot of practical applications that
exploit the relationship between PCA and SVD. The
researcher in (Dash ef al., 2014) noted that using PCA's
singular value decomposition method made a significant
reduction m the ratio of compression aganst increasing
1n the number of principle components.
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For exploitation of this useful property in another
significant application which is face recognition, so that,
the objective of this research is to find the best features
though apply SVD and used their decomposition matrixes
as principle components (singular vectors) by taking the
advantage of the direct relationship between the two
analysis tools PCA and SVD specially where the principle
components are result from covariance matrix.

MATERIALS AND METHODS

Singular value decomposition: It 1s can be view the
Singular Value Decomposition (SYD) through the three
points (Baker, 2005): the first, it's a way to convert the
correlated variables into a set of uncorrelated elements
that present a better relationship between the original data
elements, on the other hand 1t 13 a way to identify and
ordering the dimensions along the data points that reveal
most discrepancy, of a third party it is the best way to iron
approximation of data points using fewer dimensions.
This can have a look on it's as a method for data
reduction. The R(1¢]) matrix, with 1<j can be written as
(Hogben, 2006):

R=UZV" (1)
Where:
U = Orthogonal (ix T) matrix
% o= Diagonal matrix (ix j) of singular values
VT o= Orthogonal (jxj) matricx
UU=vv=1I (2)

SVD property is to provide the approximation matrix
to the original matrix by retaining only the best vectors
after setting small singular values to zero and this 1s
useful in image processing for reducing the noise and
compression (Richards, 1999).

The Background theory of LSSVM: The researchers
(Gestel et al., 2004) (Suykens and Vandewalle, 1999)
reformulate the standard SVM of Vapmk to dispose the
problem of quadratic programming by the adding a new
factor that is least squares in cost function. This addition
is never costly only solving a set of linear equations, this
will provide a very important preserve in two terms of
complexity and computation. The decision function for a
two class problem 1s:

d(x,)=w'@(x)+b fori=1.m.. ... (3)

where, w 1s the l-dimensional vector, o(x) 1s the mapping
function that maps m- dimensional feature vector x into
the feature space, b is the bias term.

o Ifd(x) >0, X 1s classified into class]
Tf d(x)<0,x is classified into class2
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The L.SSVM objective function is formulated as:

1 T
min j{w,e) = EWTW + YZef (4
t=1
Subject to the constraint:
yiw Ty =@x =, i) +by=1-ei=1_ M, (5)

where, (X1, y1) (=1, m), are training input-output
pair. °k is a variable that allows some of a tolerance error
of misclassification when the distributions of the data set
is overlapped. Tis a regularization parameter trade off
between minimization the errors of training and minimizes
the complexity of the model. v, 1s the output of the
classifier. So, if d(x)>0, the input pattemn belongs to Class
1 and the output y;=+1. If d(x)<0 the input pattern belongs
to Class 2 and the output y;i= -1 (Hameed, 2014).

Face recognition using the most principle components:
The proposed system to recognize faces depends on the
best principle components features obtained from
calculating SVD on the face image. This study describes
the two experiments:

Experiment (1) Principle components without simulate
the PCA method:

»  Normalization (each umage has been subtracted from
the mean image)

Apply SVD directly for each image, decomposing it
into three matrixes

Convert The Diagonal matrix (singular values ) into
vector

Store the ID singular values vector in 2D matrix
HM>N) (M, represent the mumber of images, N is the
singular values vector for each image)

k-cross validation to prepare the traiming and testing
sets

Attach label for each traimng sample

LSSVM for Matching process

Experiment (2) Principle components of SYD method:
»  Normalization (each umage has been subtracted from
the mean image)

Convert each face image mto ID vector, store in 2D
matrix “(M>*N). Each column represent one image .
Calculates Covariance matrix W{M>M) = *(M=N)
AT(NXM)

Apply SVD technique to decompose the matrix W
into singular values “M>xM) and Y(MxM). and
singular vectors "(M>M) and Y(M>M)

Construct a sub-vector space using singular vectors
as inputs features to the recognition tool
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Fig. 1: The proposed face recogmtion system

Final
decision

Fig. 2: Some typical original face images. (a) test image and (b-¢) train 1mages

*  k-cross validation to prepare the traimng and testing

sets
Attach label for each training sample
LSSVM (Fig. 1)

RESULTS AND DISCUSION

In order to evaluate the performance of the proposed
system, Using IMM Database faces of individuals has
been implemented. Tt is divided into training data and the
test data using k-cross validation, where every time the
share randomly of training a total of 70% ol f the images
while 30% have been used for the testing process. It was
used 20 class. 120 mmages, six for each person with a
different positions and lighting conditions. The success
rate ( in percentage ) for recognition is summarized using
different principle components.

Tt is known that SVD decompose the image into three
2D matrix V,S and Uthe first test implemented without
using covariance matrix, singular values S 1s preserved as
features used for matching after converting the 2D matrix
into one dimensional vector thus we get the 2D matrix,
the number of columns represents singular values of the
images, the number of rows represents the number of
unages.
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The second test, SVD i1s implemented on the
covariance matrix and using singular vectors Uand V as
features. The results of test 1s compared with already
known PCA technique when eigenvectors used as a
features. In both cases the vectors i1s arranged according
to singular values which ordered from large to small and
the that the
corresponding number of eigenvectors and singular

vectors respectively.

neglect smallest values, decrease

For recognition, LSSVM. Multi-classification 1ssues
formulated as a binary classification using One verses
One technique been used . Tt is Known that LSSVM is a
supervised learning, label term is attached correspond to
each sample 1n the input matrix.

To avoid over fitting, cross validation 13 used to
evaluate fitting. k-cross validation achieves a compromise
between computational requirements and reliability in
evaluation of the error.

Record information of traming process was kept
including the most important fields containing bias b
values and a set of support vectors which will be used
later in the classification equation for classifying test x,
images 1n the testing process (11).
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Table 1: Face recognition rates using different principle components

Singular Vectors T (§VD's)
principle components

Singular vahies
(8) from SVD

Ringular Vectors V (8VD's)
principle components

Figen vectors
(E) from PCA

L3SVM for recognition (%) 89

83

89 89

Fig. 3: Distances indicate the amount of closeness from test image using V singulars vectors

i
Y, = Ealle(Xl.x])-#— b (6)

where, (x, x) 1s kernel function (RBF). It was observed
from the experimental term that we can use alternatively
any of the PCA or SVD to extract the most principle
components and obtain the same effect as when using
column matrix covariance.

This 15 clear mn the (Table 1) and clear through
the (Fig. 2) which shows the system's ability to
discriminate  people faces. For example the test
image discriminated properly when the training
images that the person belonged to achieved less
distances (Shaded in black) using singulars vectors
shown n (Fig. 3).

CONCLUSION

In this research we tried to focus on the task to
distinguish the faces of people tlwough the process of
analyzing the SVD tool And note the importance of
the relationship with PCA and the resulting
characteristics for face recognition application using
LSSVM evident by encouraging our results. In one
experiments many singular vectors that correspond to
rest of the vectors corresponding to zero values. Other
experiment singular values vector has been used as a
features.

The outcomes of this research firstly reduce the size
of the decomposing matrixes from different size to the
equal size. The second reduction represented by discard
the small values of singular values that lead to discard the
corresponding  singulars vectors.
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