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In recent year, Face recognition system has taken much attention and

used for different types of purposes for instance web application
authentication, online investment and banking, mobile authentication,
smart home security, virtual reality, database management and retrival
etc.. In this paper, we are going to proposed a Face Recognition System

Kernel principle component by using Kernel Pri_ncipal Compo_nen_t Analysis method an_d_Fuzzy
analysis,  Support  vector Support Vector_Machln_es. Kernel Principal Component Analysis is used

. . L to play the main role in features extractor and Fuzzy Support Vector
machine, linear discriminated Machines are used to treat the face classification problem. Many studies
Analysis,  Artificial ~ Neural were done on the Cambridge ORL Face database to assess the
Networks" achievements and performance of the Face Recognition System. As
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well as comparisons between Kernel Principal Component Analysis and
other component abstraction methods such as Principle Component
Analysis and Linear discriminated Analysis and also compressions
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harith abd1981@yahoo.com between Fuzzy Suppo_rt Vector Machines and other cla53|f|cat|on

Tel: methods such as Artificial Neural Networks are done. The experimental

Afle' " results show that the proposed methods give better results than other
iliation:

methods.

1. Introduction

The technology of Face Recognition System (FRS)
includes computer recognition of individual identity
based on the genmetric or statistical features retrevied
from face images[1]. This innovation can be applied
in various applications, for example, individuality
validation and reconnaissance. FRS must have the
ability to manage the diverse changes in face
featchers. Anyhow, "the variations between the
images of the same face due to illumination and the
viewing pose are near always larger than the image
variations due to change in face identity" [2].

A traditional Principal Component Analysis (PCA) is
a awesom technique for retriveing structure from
possibly  high-dimensional data sets, which
corresponds to extracting the eigenvectors that are
associated with the largest eigenvalues from the input
distribution.This eigenvector examination has just
been generally utilized as a part of face handling
[3,4]. A kernel PCA, as of late proposed as a
nonlinear augmentation of a PCA [5,6] registers the
main segments in a high-dimensional component
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space, which is nonlinearly identified with the
information space in [7].

Statistical Learning Theory (SLT) was presented by
Vapnik in 1995 which concentrated on machine
learning advancement in small data set [8,9,10] and
Fuzzy Support Vector Machines (FSVMs). Support
Vector Machines (SVM) was a new classification and
regression tool based on this theory, "SVM has been
very successful in pattern recognition, function
estimation problems, and modeling of nonlinear
dynamic systems "[9].

In building up a SVM classifier, "the main imperative
advance is feature choice and extraction. In the
demonstrating, every single accessible component
can be utilized as the contributions of SVM, yet
superfluous features or corresponded features could
break down the speculation execution of SVM" [11].

Fuzzy SVM (FSVM) is a variation of the SVM
calculation that has been projected to deal with the
issue of anomalies and clamor [12,13]. In FSVM,
training illustrations are relegated diverse fuzzy
membership esteems in light of their significance, and
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these participation values are consolidated into the
SVM learning calculation to make it less delicate to
exceptions and commotion.

The purpose of this paper is to introduce the face
recognition system based on KPCA, FSVMs. Firstly,
the features are extracted using KPCA and then these
features are used as the inputs of Fuzzy-FSVMs to
select imported features from them and solve
classification problem.

This paper is organized as the following sections. In
Section 2, we introduce the proposed system structure
with some basic theories are introduce briefly. In
Section 3, gives the experimental results. Section 4
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gives the results of experiment one and experiment
two, and followed by the conclusions in the last
section, section 5.

2. The Proposed System Structure

The structure of this system is described as shown in
the next Figure (1);the system is divided into three
main stages: preprocessing, feature extraction and
classification. The preprocessing stage is used to
reduce the effect of the light condition as well as
normaliz the face image in respect to size and rotation
and ultimately performs a photometric normalization
procedure on the facial region.

Face Image

—>

Preprocessing

—>

Features
Extraction

Classification
Using

Recognition
Result

—> —»

Figurel: shows the basic system structure of a propose system

The second stage is the features extraction .In this
stage, The KPCA method is used to extracted features
for both training data and testing data. The result of
this stage is a set of representative features that
extract from the normalized facial region.
The final stage in this system is classification stage
which classifies the features set that extracted from
the given face image according to the information
that system obtained from training stage. The stages
of the system are elaborated as follow:
2.1 Preprocessing:
The aim of this stage is to minimized the effect of
lighting on the image and also normalizes the size of
the image in respect to size, before features extraction
it is essential and necessary to accomplish some pre-
processing. In this paper, a two by two median filter
is used to remove noises in the image. The following
processing is conducted:

IHlumination gradient correction:
This process is to utilized to figure the best-fit
estimation of shine and subtracts this incentive from
all pixels in the sub-picture. It is known that" for face
patterns, illumination correction can be used to
minimize the heavy shadows caused by extreme
lighting angles” [13].

Histogram equalization:
The face featchers may be not that clear because of
changes in illumination brightness and differences in
camera response curves. Histogram equalization, "is
consider as type of image transformation that can be
use to flatten the histogram of the image, and
compensate the above mentioned changes and
differences" [13]
2.2 Features Extraction:
The conventional PCA permits only straight
dimensionality. If the information has more difficult
structures, conventional PCA won't be extremely
useful to tackle this issue. Fortunately, kernel PCA
enables us to sum up customary PCA to nonlinear
dimensionality and it has been first presented by
(Schéolkopfet al., 1999).The kernel principal
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component analysis (KPCA) is a non-linear extension
of the conventional PCA calculation.

Kernel Principle Component Analysis
First, Assume that we have a nonlinear
transformation @(x)from the original D-dimensional
feature space to an M-dimensional feature space,
where usually M > D.Then each data point X; is
projected to a point @(x) .Now, traditional PCA
method can be performed and kernel methods can be
used to simplify this computation.
First, let assume that the projected new features have
zero mean [14]:

N
1
ﬁz 00x) = 0

The matrix of features M x M, calculated by [14]

6]

N
€= %Z O(x) . D(x)" &)

C Vy = Akvkm_@)

where k=1, 2......., M. From Eq. (2) and Eq. (3),we have [13]

N
1
€= § 2,060 (80" = M
=t .4
The Eqg. (4) can be rewritten to obtain the Eq. (5)
[14]:
Ve = TiLq @ B(x) ... (5)
After substituting v, Eq. (4) with Eg. (5), we can
obtain the following [14]:
N N

Zak;‘ Qﬁ(xj) = ;{kzﬂki B(x;)

= =1

N
%Z B0 O(x)"

= ...(6)
If the kernel function can be defined as the following
[14]:

k(xi,x;) = 0(x;) 0(x)" ... (7)

And after multiply both sides of Eq. (6) by @(x;)T,
the following was obtained [14]:
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N N N
1
Ezk(xhxj) Zak}‘ k(xi, %) = }’kzﬂks ke (x1 %3)
i=1 j=1 i=1
...(8)
K?a, = A,N ay ... ... 9
and
Kij=k0ax) 0
And a; is the N-dimensional column vector
Ofaki [14]

_ T
g = [ @y, Az, Az e ooy Q]

(1)
aican be solved by the following [14]:

Kae = AeNgg ... (12)

And the resulting KPCA can be calculated using [14]:

Le(x) = 8(0) v, = XL, ay k(x,x;)
The Gram matrix is given by [14]

K=K—1ly—Kly+IyKly...(14)
In kernel methods, no need compute @(x;) absolutely.
The kernel matrix can be directly constructed from
the training data set {xi}. The Gaussian kernel that
describes in the Eq. (15) is used in this experiments:
k(x,y) =exp(— I lx —y 1 12/25? ...(15)

2.3 Classification:
Classification is the final stage in the system. It is
aimed to classify the features that related to each class
according to its class. In this paper, FSVMs classifier
is applied to classify the data. FSVM is one of
successfully classifier method that widely used for
object detection, human face detection and recognition
in particular.FSVM can be used for both linear and
non-linear classifier. In this section, the two types of
classification will be explained.

ii. Fuzzy Support Vector Machine:

FSVM is created by presenting the idea of fuzzy
association capacity to FSVM. In established FSVM,
each example point is dealt with similarly i.e. each
info is completely relegated to 1 of the 2 classes. Be
that as it may, in numerous applications some
information focuses are distinguished as exceptions
and may not be precisely relegated to one of the two
classes.To take care of this issue, fuzzy membership
to each information purpose of FSVM is presented to
such an extent that diverse information focuses can
influence one of a kind addition to the development
of choice to the surface .FSVM additionally regards
each contribution as a contribution of inverse class
with higher participation. Suppose the training sample
pointsare considered as [12-13]:

SP={(A,.z.1)1=12......
...(16)

Here, each 4; € R"is a training sample and z; E {-I,
+1} represents its class label;,u;; is fuzzy membership.
Selecting the right fuzzy memberships for a given
problem is very important for FFSVM [12,13].

3. Experiments and Results:

Two types of experiments are implemented using two
types of databases are used to evaluate the
performance of the proposed method. The first
experiments focus on compare the performance of
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KPCA with other methods such as traditional PCA
and LDA wusing FSVM as classifier in this
experiments, while the second experiment The Yale
[17] and ORL [18] database are used in both
experiments. Yale database includes 15 particular
subjects with 11 unique pictures for each subject while
ORL database consists of 40 particular subjects with
10 unique pictures for each subject. For a few
subjects, the pictures were caught in different
circumstances, under various lighting conditions,
facial points of interest and outward appearances.
Every one of the pictures was brought with a white
homogeneous foundation. The Yale database had
images that had resolution of (243 x 320) pixels
having per pixel of 265 gray levels while ORL
database Had images that had resolustion of (92x112)
pixels and with 256 gray levels per pixel. The
comparison is leading to the conclusion that the best
results is obtained based on KPCA+FSVM comparing
to (PCA-LDA)+FSVM. The second experiment is
between two types of classifiers (SVMs and feed
forward neural network) to show who of them is better
for classification and the results prove that SVMs is
gaiven results better than feed forward neural network
. Finally, K-nearest neighborhood is used to identify
the person. Eleven sample images of one person from
the Yale database are shown in Figure 2 and number
of sample of orl database are shown in figure 3.

ost- .
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e S ar
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Figure 2: Some samples chosen from Yale datasets

iR 4 s ol A
Figure 3 samples chosen from the ORL
datasets
4. the results of Experiment one and

Experiment two

Experiment One:
In this experiment, the performance of KPCA based
FSVM classifieragainst combination of PCA and
LDA (Fisher face) basedFSVM classifier are
calculated. The experimental results show that the
proposed method gives better accuracy rate compare
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than the combination of PCA and LDA. Table 1
describes the result of this experiment on Yale
database and Table 2 describes the result of this
experiment on ORL database.

Table 1: ACCURACY RATE OF COMBINATION OF
(PCA+LDA) AND PROPOSED METHOD based Yale

databse
Number of Number of Accuracy
Method training sample | testing sample | Rate (%)
KPCA+FSVM 60 105 97.14
(PCA-LDA)+FSVM 60 105 96.190

Table 2: ACCURACY RATE OF COMBINATION OF
(PCA+LDA) AND PROPOSED METHOD baased ORL

databse
Number of Number of Accuracy
Method training sample | testing sample Rat (%)
KPCA+FSVM 200 200 95
(PCA-LDA)+FSVM 200 200 93.5

Experiment two:

The second experiment is implemented to evaluated
the KPCA based FSVM classifier against KPCA
based ANNSs classifier. The experimental results
provide that KPCA based FSVM give high accuracy
rate against KPCA based ANNSs and, Table 2 gives the
result of the classification rate corresponding to
KPCA based FSVM classifier and KPCA based
ANNS classifier.
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