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A NOVEL AND EFFICIENT METHOD FOR FACE
RECOGNITION USING ORIGINAL AND SYMMETRICAL
SAMPLES

ABSTRACT

In the practical case of face recognition applications, the human face can have only a
limited number of training images. However, it is known that, in general, increasing
the number of training images also increases the performance of face recognition
systems. In this case, a new set of training samples can be generated from the original
samples, using the symmetry property of the face. Although many face recognition
methods have been proposed in the literature, a robust face recognition system is still
a challenging task. In this thesis, recognition performance is improved by using the
property of face symmetry. Moreover, by this way we observe that the effects of
illumination and pose variations are reduced. The proposed method has three main
stages: preprocessing, feature extraction and classification. A Two-Dimensional
Discrete Wavelet Transform with Single-Level, Gaussian Low-Pass Filter and
Difference of Gaussian are used, separately, for preprocessing. The Local Binary
Pattern, Gray Level Co-Occurrence Matrix, Gabor Filter and Histogram of Oriented
Gradients are used for feature extraction, and finally, the Euclidean distance and cosine
similarity are used for classification. The proposed method is tested and evaluated
using the Olivetti Research Laboratory (ORL), Yale and AR datasets. The proposed
method is a new approach for face recognition using symmetry. Also, a new algorithm
for feature extraction is proposed and the experimental results show that it is faster
than state of the art methods in the literature. The new proposed algorithm can use the
benefit of symmetry property either in the image space or in the feature space. This
thesis also examines the importance of the preprocessing stage in a face recognition
system. The experimental results show that the proposed method has a recognition

accuracy rates higher than the state-of-the art methods in the literature.

Keywords: face recognition; symmetry; wavelet transform; local binary pattern; gray-

level co-occurrence matrix; Gabor; histogram of oriented gradients.



ORIJINAL VE SIMETRIiK ORNEKLERI KULLANARAK YUZ TANIMI
ICIN YENI VE ETKILIi BIR YONTEM

0z
Pratik yiiz tanima uygulamalarinda, insan yiizii yalnizca smirli sayida egitim
goriintiisiine sahip olabilir. Bununla birlikte, genel olarak, egitim gorintiilerinin
sayisinin arttirtlmasinin, yiiz tanima sistemlerinin performansini da arttirdigi
bilinmektedir. Bu durumda, yiiziin simetri 6zelligini kullanarak orijinal drneklerden
yeni bir dizi egitim O6rnedi liretilebilir. Literatlirde birgok yiliz tanima yontemi Onerilmis
olmasma ragmen, giirbiiz yiiz tamima hala zor bir problem olarak karsimiza
cikmaktadir. Bu tezde, yliz simetrisi 0zelligi kullanilarak tanima performansi
arttirtlmistir. Ayrica, bu sekilde aydinlatma ve poz degisikliklerinin etkilerinin azaldigi
gbzlemlenmistir. Onerilen yontemin {ic ana asamasi vardir: 6n isleme, dznitelik
cikarma ve siniflandirma. Tek Seviyeli iki-boyutlu ayrik parcacik doniisiimii, algak
geciren Gauss filtresi ve Gausslarin farki yontemleri ayri ayr1 6n isleme igin
kullanilmistir. Oznitelik ¢ikarimi igin ise yerel ikili driintii, gri seviye eszamanlilik
matrisi, Gabor filtresi ve yonlendirilmis gradyanlarin histogrami kullanilmis ve son
olarak Oklid mesafesi ve kosiniis benzerligi siniflandirma i¢in kullanilmustir. Onerilen
yontem Olivetti Arastirma Laboratuvar1 (ORL), Yale ve AR veri setleri kullanilarak
test edilmis ve degerlendirilmistir. Onerilen ydntem, simetri kullanarak yiiz tanima
i¢cin yeni bir yaklagimdir. Ayrica, 6znitelik ¢ikarimi i¢in yeni bir algoritma onerilmis
olup deneysel sonuglar, yontemin teknigin bilinen durumundan daha hizli oldugunu
gostermektedir. Onerilen yeni yontem, simetri dzelliginin avantajini goriintii uzayinda
veya Oznitelik uzayinda kullanabilir. Bu tez ayni1 zamanda 6n isleme agamasinin bir
yliz tanima sisteminde 6nemini incelemektedir. Deneysel sonuclar, onerilen yontemin
teknigin bilinen durumuna gore daha yliksek bir tanima dogrulugu oranina sahip

oldugunu gostermektedir.

Anahtar Kelimeler: yiiz tanima, simetri, par¢acik doniisiimii, yerel ikili oriintii, gri

seviye eszamanlilik matrisi, Gabor, yonlendirilmis gradyanlarin histogrami
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CHAPTER 1

INTRODUCTION

1.1 Background

With the development of the computers and computer-based systems, their application
areas for computer vision-based systems have been increased based on demand for the
daily life, and hence computers ease our daily life and change it day by day. One of
the important demands for the computer-based systems is face detection and

recognition for security systems.

Humans are identified by their physiological, behavioral and biological properties by
biometrics. Biometrics are divided into two categories: physiological biometrics,
which include the identification of individuals by physiological and biological
characteristics such as face, fingerprint, iris, eye, etc. The second category is the
behavioral biometrics, which include the identification of individuals through human

situations such as handwriting, signature ,walking, etc. [1].

The enrollment to a biometric system is achieved by capturing the biometric data using
a biometric device, then storing the extracted information in an enrollment templates

and finally, the template is stored in the database as shown in Figure 1.1.



Biometric
Biometric

User . Create Template
Device Data

Enrollment
Template

Database

Figure 1.1 Enrollment to a biometric system [2].

On the other hand, the Authentication with a biometric system is achieved by capturing
the biometric data by a biometric device, then storing the extracted information in an
enrollment templates and finally the templated is compared to the one in the database

[2], as shown in Figure 1.2.

Biometric Blometric

User
Device

Create Template

Match
Template

Compare Templates

Enroliment

Template

Figure 1.2 Authentication with a biometric system [2]

A general framework of face recognition is shown in Figure 1.3.
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Figure 1.3 A general framework of face recognition

Robust and accurate face recognition (FR) is one of the most important problems in
computer vision applications. In literature, there are several methods used for FR,
including holistic, local, and hybrid methods [3, 4]. However, recent research has

revealed that a symmetry-based approach for FR is a useful method to increase the



performance of the FR system; thus, it is possible to realize FR using the property of
face symmetry [5, 6].

There are many methods can be used to extract the features from the face images such
as: the Local Binary Pattern (LBP) [7-9], the Gray Level Co-Occurrence Matrix
(GLCM) [10], and the Gabor Filter [11], since these methods performed well for a
texture feature extraction that could be used for the FR [12-14].

Moreover, any two methods from the list could be combined [11, 15], such as for
instance LBP with GLCM, in order to make the feature extraction operation more

robust.

Also, the images of the face can be enhanced, before extracting their features. This
enhancement operation is accomplished by a preprocessing step using well-known
techniques, namely the Gaussian low-pass filter (GLPF) [16], Difference of Gaussian
(DoG) [17], and the Discrete Wavelet Transform (DWT) [18].

There are some benchmark facial datasets that are widely used to test the performance
of the FR methods [5, 19, 20] such as: Olivetti Research Laboratory (ORL) [21],Yale
[22] and AR datasets [6, 23, 24].

1.2 Methods Used for Face Recognition

Although there are many image processing methods, only some of them are able to
solve face recognition problem [25]. These methods are classified, for face
representation, to three main types: the global-based face representation approaches
that use holistic characteristics of the face (Holistic Methods), the local-based face
representation methods (Local Methods) and finally, the hybrid approaches that use
and combine holistic and local methods (Hybrid Methods).[26]

1.2.1 Holistic methods

Holistic (or global) face recognition is based on using the entire region of the face for
recognition [27]. There are many methods proposed, for instance, Principle

Component Analysis (PCA) [28], which is also called as Eigen faces [29], Linear



Discriminant Analysis (LDA) [30]. The two most popular methods are eigenfaces [31],
and Fisherfaces [32].

1.2.1.1 Eigenfaces

The eigenfaces approach is the most well-known face recognition algorithm [31], it is
based on principal components analysis (PCA) [27]. Eigenfaces is a subspace
projection face recognition method, which is based on reduction from high-
dimensional data in the original image to a low-dimensional face space. This technique
returns a set of orthogonal basis vectors. Each training image and testing image is then
projected into the ‘face space’ and the vectors of the test image is classified as the most

likely to the vectors of the training images [27].
1.2.1.2 Fisherfaces

Fisherfaces is another well-known face recognition approach , it is the use of linear
discriminant analysis (LDA) to face recognition [32]. In eigenfaces, the variance
between vectors is used to find a linear subspace for projection, without taking into

consideration the class associations of each training vector [27].
1.2.2 Local methods

Face recognition based on local facial regions has attracted a significant amount of
interest because local features are believed to be more robust to the variations of facial
expression, illumination and occlusions [26]. Local methods provide additional
flexibility to recognize a face based on its parts, thus the common and class-specific
features can be easily identified [4]. The local methods use various descriptions of the
face for recognition, for example, purely geometric approaches that uses the distances
and ratios of distances between landmarks on the face (such as corners of the eyes and
mouth) [27]. There are many method use local facial regions, for instance, Elastic
Bunch Graph Matching (EBGM) [33], Local Binary Patterns [11, 34] and Gray Level

Co-occurrence Matrix [10].

Approaches that utilize local regions either use salient regions or they just partition the

face image into rectangular blocks.



Figure 1.4 shows an example for holistic and local face representations.

(a) (b) (c)

Figure 1.4 (a) Holistic face representation, (b) local face representation with salient
regions and (c) with partitioning (example face images are from the ORL Dataset)
[26].

1.2.3 Hybrid methods

Since singular approaches cannot give a sufficient solution to the face recognition
problem, researchers have had a tendency to combine both holistic and local
techniques to improve the recognition performance. These approaches are called
hybrid approaches. There are many approaches that use both holistic and local features,
for instance, Gabor filters, that are used for extraction of the global and local facial
features. When the global features represented are not clear, the local features are
combined and fused to form a feature vector to be used as a face descriptor for
recognition [35]. The modular eigenface approach is another approach that uses both

global eigenfaces and local eigenfeatures [36] [37].
1.3 Proposal work

The property of face symmetry is useful for solving two main problems in FR that
are still prevalent—the limited number of face training samples and the variations in
poses and facial expressions, in addition to the lighting conditions. The proposed
method uses the property of face symmetry to reduce the effect of these two problems.

In this thesis, we have implemented a face recognition system based on the original
and symmetrical samples of the face images, however, our study is concerned with the
case of aligned faces. We use DWT based on LBP (which is a new approach for

symmetrical face databases), where we use DWT for compression of symmetrical face



training data, and we extract the features from the face images using LBP. The
proposed face recognition system is developed and used for different aims.
Furthermore, we try to improve the accuracy of the results. The proposed FR system
has three main stages: Preprocessing, Feature Extraction, and Classification, as shown
in Figure 1.5.

Test Image

Figure 1.5 Face recognition system (example face images are from the Yale
Dataset).



The preprocessing stage is used to enhance the face images before extracting their
features. Accordingly, the GLPF, DoG and the Two-Dimensional Discrete Wavelet

Transform (2-D DWT), are used, separately, in this stage.

Also, the LBP, GLCM, Gabor Filter and Histogram of oriented gradients (HOG) are
used in the second stage, feature extraction stage, to extract the feature of the face

images.

And finally, we use the Euclidean Distance and the Cosine similarity classifiers in the

final stage, the classification stage.

The proposed method is analyzed and examined using three benchmark facial datasets,
namely the ORL, Yale and AR datasets.

1.4 Contributions

Although there exist many methods using the symmetry property of the face for face
detection, the use of this property for face recognition is limited to one algorithm. In
this thesis, we propose a method to use the benefit of this property for face recognition.
In addition, the idea is generalized using many algorithms, moreover it is examined

using a number of benchmark facial datasets.

This thesis confirms that the use of the symmetry property of the face is very useful in

the case of low-quality face images.

After proving that the use of symmetry property of the face boosts the performance of
the existing feature extraction methods, a new feature extraction algorithm, based on
the symmetry property, is proposed. This algorithm is the first algorithm that can
benefit from the symmetry property of the face in the feature space. As the existing
algorithms can use the symmetry property of the face only in the image space, and this

is the main contribution of this thesis.

The mechanism of the newly proposed algorithm makes it faster than the existing

feature extraction algorithms.



1.5 Outline

In this thesis, we present an overview of the face recognition issue, the associated
problems and the proposed solutions. The methodology can be utilized for recognition
under a limited number of training samples, in addition, the illumination and pose

variations. The organization of this thesis is explained as follows:

Chapter 1 is devoted to explaining a general background and the methods that are used
for face recognition, in addition of proposal work, the contributions and the outline of

this thesis.

Chapter 2 presents the literature review, the difference between the traditional and the
proposed face recognition system and the stages of the face recognition procedure,
also, we address the symmetry property in nature including human faces and the idea
of summery property to overcome the limited training samples and the illumination
and pose variation problems.

Chapter 3 explains a variety of methods and materials that are used for the different
stages of the face recognition system, in addition to a number of datasets that are used

for measuring the performance of the face recognition system.

Chapter 4 includes the carried-out experiments and the obtained results using different

scenarios.

In Chapter 5, we propose a new algorithm for feature extraction for face recognition,

and its advantages over the existing algorithms for symmetry purposes.

Finally, in Chapter 6, we present the conclusions and future work of this thesis.
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CHAPTER 2

LITERATURE REVIEW

2.1 Background

Face recognition (FR) is a biometric technique that belongs to biometrics, which uses
physiological characteristics such as (the face, fingerprint, eye, etc.), and anatomy
characteristics such as (signature, walking, etc.). These characteristics are special for
each person to identify the identity of individuals and available to all people, unique
to each person, and are permanent and difficult to emulate or falsify, unlike other
traditional techniques such as passwords and identity cards that can be stolen or used

fraudulently by others [38].

For the human brain, face recognition is considered as a high-level visual work where
a person can detect and identify faces in a scene in an easy way, on another hand,
developing a computer system that performs these tasks is a major challenge that hides
many complex processes. This challenge becomes even greater because of some
factors that may hinder facial recognition, especially when the conditions for getting a
facial image are inappropriate and uncontrollable. There are two types of facial
differences: one resulting from the physical similarity between individuals and this
type is generally limited. By contrast, the changes in the person itself are much greater
and can be attributed to several factors: facial expressions, lighting conditions, etc.,
which may cause the face recognition system to fail. In general, several scientific
researchers have tried to solve these problems, but they are not perfect yet [39].

The face, certainly, is a biological characteristic used by humans to identify and know
each other. The purpose of designing a face recognition system is to simulate the
human recognition system and has been extensively studied [40, 41]. However, these
studies are not effective in the case of a problem of small sample size, and thus the

results are still modest, this study presents a solution to this problem.
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Some studies have shown that the human visual system is more sensitive to changes
in the low-frequency band. Some research has suggested that the techniques
implemented in the low-frequency have improved the efficiency of facial recognition

[42] which led this study to use some techniques related to low-frequency.

Researchers are also focusing on developing techniques to improve the efficiency of
facial recognition systems or in developing techniques to reduce processing time and
calculations. Thus, the balance between system efficiency and the processing time is

important in this area, this study takes care of this issue.

Robust and accurate FR is among the most important and well-studied problems in
computer vision [43]. However, illumination and pose variations are still some open
problems that need to be solved. Facial images are taken in environments that are
usually not under control, which contain variations in viewpoint and illumination;
therefore, these two factors play a vital role in the efficiency of recognition.
Developing an algorithm that can handle variations in illumination, pose, facial

expression, and occlusion, etc., altogether, still seems to be a very challenging task.

There are many studies related to FR, such as the authors of [44], who have presented
a robust method for FR, using a sparse representation-based classification (SRC).
Although the results are good, the method had a high computational cost. Zhang et al.
in [45] proposed an SRC-based classification algorithm, based on the Gabor feature,
by combining the features from SRC and Gabor. Furthermore, they succeeded in
reducing the complexity of computation and improving the FR rate. Mairal et al. [46]
added a new step to SRC for signals, by successfully using their method to recognize
a handwritten digit and to classify the textures. In [47], the authors mapped the facial
images to the so-called face subspace. Here, Locality Preserving Projections (LPP) are
used to calculate a basis set, called Laplacian Faces. Linear Discriminant Analysis
(LDA) has been used in [32] to construct a subspace on which the inter-person variance
is optimally large, while the intra-person variance is efficiently small. The main
disadvantage of this technique, the same as that of Principal Component Analysis
(PCA) [48], is the data-space Euclidean consideration, since the method fails when
data points lie in a nonlinear subspace, which is usually true with multimodally

distributed facial images.
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Although there exists many studies [17, 49, 50] on invariant representations for
handling certain variations, apparently, a generic approach to model different
variations at once, has not yet come to light. It has been known for a long time that
feature-based methods, such as elastic bunch graph matching, are promisingly
successful against many factors, including variations of illumination and viewpoint
[51]. Nevertheless, their extreme sensitivity to feature extraction and the measurement
of extracted features makes them unreliable [52]. Many authors have studied the effect
of variations in illumination conditions on FR [17, 50, 52-55]. As a result, appearance-

based methods have dominated the literature.

FR with LBP has been proposed by Ahonen et al. [9], in which the algorithm is not
sensitive to light, and accordingly, this point is considered to be the robustness of their
study. The authors of [56] used discriminative dictionary learning and SRC, along with
the Gabor filter bank and the LBP, for feature extraction, and reduced the influences
of illumination changes. One of the milestones for FR under variations, could be stated
as the Fisherfaces and Eigenfaces [32] technique, which is insensitive to illumination
variations. A good improvement has been recommended in [57], in which local linear
transformations are used instead of one global transformation. Although the technique
suggests different mapping functions for different pose classes, it could not treat the
case of critical variations. Facial images with different poses, facial expressions, and
illumination conditions are studied and the performances of the recognition are shown

to be higher, compared to the Fisherfaces or Eigenfaces [58].

Pose variation has also been studied in [59], by using view-based Eigenfaces. For each
view, Eigenfaces are calculated and applied as separate transformations into a standard
lower-dimensional subspace. The authors in [60] introduced Eigen features, in which
a feature-based scheme is incorporated. In fact, their performance highly depended on
discretization, where the Eigen light-field technique is used to define the subspace of
poses. Moreover, uncommon poses could be treated by this technique.

The authors of [61] combined the generalized photometric stereo and Eigen light field
concept to generate a generic method which is also insensitive to illumination changes.
The authors of [62] presented a method to arrange the variation of poses and

illumination, including shadows and reflections; however, the computational cost in
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their method decreased the efficiency of the recognition system, since they generated
3D models from 2D images.

Shashua et al. proposed a method in [53], based on the illumination invariant signature
image, since they showed that it is possible, even in bad conditions, to use a small
dataset to generate more images with varying illumination. However, their method is
not appropriate when the images included some shadows. Then, Zhou et al. in [54]

reduced the effect of the shadow issued, by utilizing extra limitations on the albedo.

Georghiades et al. showed that in [52], when the pose is fixed, all possibilities of
illumination in the image space had a convex cone. In addition, they used their method
to reconstruct the shape and albedo of the face by training the system using only a few
images, with different directions of light. The authors proved in [63] that all possible
illumination variations are accomplished using only a nine-dimensional linear
subspace, by using spherical harmonics. The authors of [64] examined different
illumination conditions and also hypothetically analyzed the subspace for images of a

convex Lambertian object.

The authors of [65] proposed a nonlinear subspace approach using the tensor
representation of faces in different cases, including facial expressions, illuminations,
and poses, since they used the n mode tensor Singular VValue Decomposition (SVD),
to generate an image base. Even though this technique gave good results, it still

requires several images under different variations, for each training identity.

Another nonlinear subspace analysis has been proposed in [66], using the manifold
assumption in which a gallery manifold for each identity is stored in the database. To
define a test identity with several new poses, first its probe manifold is constructed, by
its identity being defined using a manifold-to-manifold distance. The method is fairly
good, but the necessity for various images of the test person, could be considered a

disadvantage.

In [67], the illumination invariance is analyzed, using a ridge regression technique to
overcome the matrix inversion that is required in the symmetric bilinear model. The

authors of [68] introduced a modified asymmetric model to overcome pose variations.



14

However, the performance of their method is affected by the discretization resolution

of the pose space.

Kusuma and Chua proposed an investigation about the use of image recombination for
face recognition. They combined 2D and 3D face recognition methods by using the
maximum amount of variance in images and finding the axis transformation of data of
distinctive facial expressions of 2D and 3D images. The results of using image pixel
recombination or other face recognition systems based on score level fusion showed
good performance [69]. Also, they proposed image at the level of dependency between
modalities in image recombination for face recognition. They again combined 2D and
3D face recognition methods, and results are useful as in their research a year before
[69].

Abeer et al examined multi-linear neighborhood preserving projection for face
recognition. They proposed a novel method of supervised and unsupervised multi-
linear neighborhood preserving projection for face recognition. They determined the
number of subspaces derived by the method using the order of the tensor space. The
performance of the supposed method in the research is analyzed using ORL, AR and
FERET face datasets. The results of the study showed that the MNPP outperforms the
standard approaches in terms of the error rate [70].

Banerjee et al proposed a frequency domain nonlinear correlation technique for face
recognition under varying lighting conditions. Their technique is based on phase
correlation between an optimum projecting image correlation filter and an optimum
reconstructed image correlation filter. The improvement in performance is achieved
by exploiting point wise nonlinearities of image pixels. They also suggested that, by
minimizing the energy at the correlation plane while maximizing the correlation peak
would lead to more optimization. The proposed scheme is analyzed using standard
face data bases, it shows that the performance is improved compared with other
standard unconstrained correlation filters [71].

Givens et al examined biometric performance evaluation for the face recognition using
statistical methods. Statistical reasoning has been applied predominantly in the design

of recognition algorithms. One of the approaches seeks to identity, compares and
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interprets how characteristics of subjects. Another approach is illustrated with
generalized linear mixed model analysis of some challenging face datasets. Although
some of face recognition algorithms suffering from familiar statistical ideas in
multivariate statistics, dimension reduction, classification, etc. the field presents some

unique features and challenges [72].

Li et al developed a method for face recognition using multi-scale Weber Local
Descriptors (WLDs) and multi-level information fusion. In their research, they

introduce a method including four steps as follows [73]:
1. Image partition

2. Feature extraction

3. Features measurement

4. Voting

Their suggested model and its results showed effectiveness upon three popular data

sets.

Luan et al examined face recognition with contiguous occlusion using linear regression
and level set methods. They proposed a novel method for face recognition against
contiguous occlusion without using partition scheme. The idea behind this is to
eliminate the impact of occlusions on the linear regression-based classification (LRC)
method. In their approach, they analyzed that error image derived from the LRC is a
better choice than original image for identifying occluded regions. they presented how
to effectively use the spatial continuity of corrupted pixels to determine the occluded
regions. Their results show the efficacy of the proposed approach against different

types of occlusion [74].
2.2 Face recognition by PCA

Although there are many researches on face recognition and PCA method, there have

been restricted researches on face recognition using PCA method. In this part of the
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study, some of important researches focusing on face recognition using PCA have been

mentioned.

Zhou et al examined the use of PCA and Linear Discriminant Analysis (LDA) for face
recognition. They suggested to use the inner-classes covariance matrix for feature
extraction as generating matrix, and eigenvectors from each person obtained.
Afterwards, they obtained reconstructed images. The suggested method is effective on
ORL face database [75].

Wang et al proposed novel generalized PCA based face recognition algorithm. They
improved symmetrical image correction (SIC) and bit-plane feature fusion (BPFF) in
order to improve the illumination robustness of the algorithm. Afterwards, they applied
Generalized PCA to the virtual faces to achieve face recognition. Results of the
illustration showed that, combined approach to face recognition algorithm is effective

to reduce the differences in sensitivity [76].

Hsieh and Tung developed a new hybrid approach depending on sub-pattern technique
and whitened PCA for face recognition. In their research, they combined sub-pattern
technique with PCA | and PCA Il respectively for the face recognition. The study
showed that sub-pattern technique is useful for PCA I, but not useful for PCA 1l and
PCA. Afterwards, they combined PCA Il and Sp-PCA 1 for face recognition. The
results of the experiments showed that the proposed approach gives more sophisticated

recognition performance than that obtained using other traditional methods [77].

Luh and Lin proposed a face recognition method with help of artificial immune
networks based on PCA. They optimized antibodies of the immune networks using
genetic algorithms. The results of their study showed that proposed method have better

recognition rate in contrast with most of the developed methods [78].

Oh et al proposed one of the functional components of general face recognition system
based polynomial radial basis function neural networks. Their system consisted of
preprocessing and recognition module. They presented efficiency of PCA-LDA
combined algorithm compared with other algorithms such as PCA, LPP, 2D-PCA and
2D-LPP [79].
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Zhang and Zhou proposed an alternative two-dimensional PCA (2DPCA) for efficient
face representation and recognition which is working in the column direction of
images. They developed the two-directional 2DPCA. Experimental results on ORL
and subset of FERET face datasets showed that their method achieves the same or even

higher recognition accuracy than 2DPCA [80].

Tan and Chen examined adaptively weighted sub-pattern PCA for face recognition.
Their method operated directly on sub-pattern of the image that partitioned from the
original whole pattern of the image. Also, their method can adaptively compute the
contributions of each part and then endows them to a classification task in order to
improve the robustness of the system for both expression and illumination variations.
Experiments on three standard face databases show that their method is competitive
[81].

Authors of recent researches use deep learning methods to solve the problem of face
recognition as stated in [82-87], although these methods give good results, they require
a lot of computation and consuming a lot of time, in addition, they need to use a large
amount of data [88], which make them unsuitable for the FR systems that require to

give fast results.

Authors in [89] present a deep learning framework and evaluate residual nets on the
ImageNet dataset, they show that the results won the 1% place on the ILSVRC 2015

classification task.
2.3 The traditional FR system

The traditional FR system is normally consisting of three main stages, these stages are:
The preprocessing stage, the feature extraction stage and the classification stage, as
shown in Figure 2.1. However, the first stage, the preprocessing stage, in some system

is not used.



18

Datbase >
o - Feature

Preprocessing Extraction
Test Image =)
Recognition Classification
Result
| 4

Figure 2.1 The traditional system for face recognition (FR)

2.3.1 Preprocessing

The preprocessing step stabilizes and prepares the input for feature extraction step so

that good features can be extracted from the image [90].

Face image preprocessing includes different processes depending on the application,
like alignment (translation, rotation, scaling), illumination normalization, and
illumination correlation. And accordingly, an ideal preprocessing is supposed to

eliminate the irrelevant information (e.g., illumination, background) [11].

The preprocessing step is used by many authors in their studies [7, 11, 17, 91], since
they use many different techniques such as the authors in [92] present a wavelet-based
illumination invariant algorithm as a preprocessing technique for face recognition. In
their study, they show that wavelet multiresolution analysis is promising for
illumination normalization because the illumination component resides in the wavelet
approximation coefficient; this can be removed easily by setting the approximation
sub band to zero values. Wavelet transform is also presented in [18], where the authors
suggest a new pattern recognition framework for face recognition based on the
combination of Radon and wavelet transforms (WT). They also show that it is invariant

to variations in facial expressions and illumination. More details are in section 3.1.1.
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Also, the Gaussian low-pass filter is used as in [93], where the authors suggest blurring
the face image and the reference face image by a Gaussian filter improves the
recognition rates, as in section 3.1.2. In addition, the authors in [17] use the Difference
of Gaussian (DOG) to enhance the image and to eliminate the shadowing effects hence
reducing the light variations effect. Moreover, the authors also in [17], state that using
gamma correction enhance the local dynamic rang of the image in dark or shadowed
regions while compressing it in bright regions and this solve the problem of lighting
variations of real capture system. The preprocessing methods are explained in section
3.1

2.3.2 Feature Extraction

The feature extraction’s goal is to extract relevant features from a face image.
However, extracting information from the image is easy for a human but it is a very

challenging task for computer vision [94].

There exist many algorithms that are used for feature extraction including Local Binary
Pattern (LBP) as in [7] where the authors stated that the LBP have emerged as one of
the most prominent local texture descriptors. Moreover, the LBP is most widely used

in face recognition because of its unique feature and less computation time [94].

In addition, the authors of [10] propose a use of Gray Level Co-occurrence Matrix
(GLCM) to achieve a high texture classification accuracy. In their method, they
calculate the GLCM of each sub-image and they use the statistical values to construct

the final feature vector.

Moreover, the Gabor filter is used for feature extraction as in [14] where the authors
state that the Gabor filtering, in recent years, has emerged as one of the most popular
among various approaches to texture feature extraction. In their paper, they use the

Gabor filter to improve the performance of texture classification.

The feature extraction methods are explained in more details in section 3.2.
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2.3.3 Classification (Feature Matching)

The classification step is the last and actual recognition process. It is used to match the
feature vector of the test image that is obtained from the feature extraction step with

the feature vectors of the train images which are already stored in a database.

There are many techniques that are used for classification [95] and they vary from the
Euclidean Distance [20], K-Nearest Neighbor [94], Support Vector Machine (SVM)
[30] to advanced algorithms like Neural Networks [96, 97]. More details are in section
3.3.

2.4 The symmetry property in nature

Symmetry is a natural characteristic that can exist in by many objects, including natural
objects such as human, tree leaves insects and crystals, etc., and non-natural objects
such as geometric shapes and mathematical equations, etc., as shown in Figure 2.2.

This has made many authors notice its important role [98, 99].
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Figure 2.2 The symmetry property in nature

In general, the object is considered to be a symmetrical to some operation if this
operation does not have any effect of a change on that object. The operation could be
arotation, or a reflection or some type of a transformation. So, the symmetry is defined

scientifically as "a transformation that leaves an object unchanged" [100, 101].

Some types of symmetry are so familiar, that sometimes cannot be noticed. The mirror
is a famous example of one of the symmetry-creating tools, which turns the sides of
the objects so that the right side is left, and the left side is right.

The process of discrimination becomes easier when the left and right sides of the object
are radically different. But symmetry in biology and especially in humans is so
sophisticated that it is difficult to see such differences, thus this encourages the authors

to study and use it to improve the face recognition techniques.
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2.5 Face Recognition and Symmetry

One of the most important properties in nature, and particularly in human faces, is that
of symmetry. It has been observed that the human face is almost symmetrical, as shown
in Figure 2.3, so the use of this property for face detection (FD) has been previously
studied [102], where the authors have developed a technique to automatically compute

bilateral symmetry axis and use it in their research.

Figure 2.3 The Symmetry in the human face (example face image is from the Yale
Dataset)

Zhao and Chellappa in [103] used the symmetry of the face to reduce the effects of
illumination in FD. It has been shown that symmetry is also useful for extracting the
facial profile in facial recognition techniques [104, 105]. The authors of [106]
successfully applied the symmetry property to FD, and they concluded that the
expressions of the face are also symmetrical.

2.6 The symmetry and the problem of small size training samples

The main idea behind using the symmetry property of the face is to increase the limited
size of the training samples by generating more images from the original images as
shown in Figure 2.4. These generated images are used along with the original images

to train the FR system.
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(b)

Figure 2.4 Genrating two extra face images form one face image; (a) original face

image; (b) first new face image generated from the left side of the face; (c) second

new face image generated from the right side of the face (example face images are
from the Yale Dataset)

2.7 The Symmetry and the problem of illumination variations

The new generated images have a very interesting characteristic property which is a
uniform distribution in lighting in both sides of the face, as shown in Figure 2.5. This
property makes the system work better than if there is a difference in lighting between

the two sides of the face.

(b) ©

Figure 2.5 (a) original face image with different distribution of light between the
left and right sides of the face; (b) & (c) new generated images with a uniform
distribution of light in both sides of the face (example face images are from the Yale
Dataset)

The face recognition algorithms suffer from these two problems, the limited number
of training samples and the variations in poses and expressions as well as illumination
conditions. Although there are several proposed methods trying to overcome these
problems, these problems are still considered as open problems yet. One of the recent
methods has been proposed by Yong et al [107]; in their paper, they used dictionary
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learning algorithms for face recognition, and because the conventional dictionary
learning algorithms suffer from the mentioned problems, they proposed a novel
dictionary learning framework to obtain a robust dictionary for face recognition. In
their algorithm, they first produce virtual face images and then designs an elaborate
objective function. Based on this objective function, they obtained a mathematically
tractable and computationally efficient algorithm to generate a robust dictionary. Also,
a recent method has been proposed by the authors of [5, 6], wherein, they improve the
rate of FR recognition accuracy by using the symmetry property of the face, to using
Symmetry for Collaborative Representation-Based Classification (SCRC). This thesis
presents a solution for these problems by proposing a FR system based on using the

benefits of facial symmetry.
2.8 The proposed FR system

The proposed FR system contains an additional stage compared to the traditional FR
system as shown in Figure 2.6. This stage generates a new set of images, for training,
from the original images, using the face symmetry property, which increases the
limited size of the training samples, also, the new generated images have a very useful
advantage over the original images in case of illumination and pose variations as
explained in the last section. These benefits increase the ability of the FR system to

improve the accuracy of facial recognition.

e

Generating

. Preprocessing
more images
Test Image %9
Recognition Classificat; Feature
assification .
Result Extraction
. 4

Figure 2.6 The proposed system for face recognition (FR)
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CHAPTER 3

METHODS AND MATERIALS

In this thesis, many methods are implemented, these methods including the
preprocessing methods such as GLPF, DoG and DWT. Also, the Feature extraction
methods such as GLCM, LBP, Gabor Filter and HOG and finally, the classification

methods such as euclidean distance and cosine similarity.
3.1 Preprocessing

3.1.1 Wavelet Transforms

Wavelet transforms are selected for preprocessing, since they examine images in a
time—frequency localization, which helps to implement many methods, based on the
wavelet for image processing [108]. The wavelet transform is invariant to variations
in illumination and facial expressions as stated in [18]. The image is dismantled into
two parts, using an LP filter and an HP filter, and each of these parts is down-sampled

by two [109], as illustrated in Figure 3.1.
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Figure 3.1 Two-dimensional Discrete Wavelet Transform (DWT) [110].

where Lo_D is a low-pass filter, Hi_D is a high-pass filter, | 2 denotes a down-

sampling with a factor of two (keeping the even indexed rows or columns).
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3.1.2 Gaussian Low-Pass Filter (GLPF)

The Gaussian Low-Pass filter or Gaussian smoothing is a filter that results in the
smoothing of an image, by using a Gaussian function. It is used to filter images and

reduce image noise [111].

The GLPF is used in many image processing systems that require a pre-preparing for
their inputs, since it reduces the image noise [93] and allows only the lower-frequency
components of the image to pass [16]. Moreover, some research has suggested that the
techniques implemented in the low-frequency have improved the efficiency of facial
recognition [42]. The equation of a Gaussian function in two dimensions is given by
the following formula:

_x2+y?
2ma?’ 2 B.1)

G(x,y) =

where, x and y are, respectively, the distance from the origin, in the horizontal and
vertical axes, o represents the standard deviation of the Gaussian distribution. Figure

3.2 shows the Gaussian Low-Pass Filter for (o = 2).

Figure 3.2 Gaussian Low-Pass Filter for (o = 2)



3.1.3 Difference of Gaussians (DoG)
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If there are two copies of the same image and these two copies are being filtered using

two Gaussian filters with different variances a2 and ¢ (where o, > a;), to produce

two new images, the result of subtracting these two new images is the DoG [112]. Itis

used to reduce the effect of light variations as in [17]. The filtering process is the

convolution of the image with the filter kernel. Filtering the image keeps only the low-

frequency spatial information. Therefore, subtracting one result from the other

becomes a bandpass operation [113]. If 6; = ¢ and o, = Ko, then the DoG of image

I, for the two-dimensional case, is the function:

ra,Ka(xJY) =1I=*

() 1 (e
e 202 —Jx————e 2KZ%g2
2ntK20?

2mo?

where I is the DoG function, I is the original image.

3.2 Feature Extraction Methods

3.2.1 Feature Extraction Using GLCM

(3.2)

The GLCM is one of the methods used for feature extraction. Its concept is introduced
by Harlick et al. [114]. It perform a high texture classification [10]. In GLCM, the

extracted features depend on the direction (angle 6) and the distance (D) from the pixel

of interest [10], as illustrated in Figure 3.3.

135°

135°'[-D — D] 90°[—D 0] 45°[-D D]

90"

N4

Ay

v

0 Pixel of Interest

v

Figure 3.3 The representation of Gray Level Co-Occurrence Matrix (GLCM) with
different angles (6) and different distances (D) from the pixel of interest [115].

0°[0 D]
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In this study, a number of values (D =1, 2, and 3 and 8 = 0°, 45°, 90°, and 135°) are
examined to calculate the best scenario. The used features are the correlations,
contrast, maximum probability, angular second moment, mean, homogeneity, entropy,

and dissimilarity [114]. These features are calculated using the following formula:

1. Correlation:

(i - I‘lx) j —HU p(X,y)
fi= ZZ (axayy) (3.3)
i j
2. Contrast:
fa=) > a- ) (3.4
i j
3. Maximum probability:
_ p(x,y)
f3= max< %] > (3.5)

4. Angular Second Moment:

fa= Z Z p(x,y)* (3.6)
i

5. Mean:

fo = 2P (3.7)

i Xj

6. Homogeneity:

ZZ(ﬁ(i{)ﬂ) 9

7. Entropy:
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p(x,y)
f7= Zz (log p(x, y)> (3.9)

8. Dissimilarity:

fs = ZZIi —jlp(x,y) (3.10)
i j

where p, is the mean of the column values in the image, p,, is the mean of the row
values in the image, p(x,y) denotes the elements of the Gray Level Co-Occurrence

Matrix, i and j are, respectively, the lengths of the row and column of the image [116].
3.2.2 Feature Extraction Using LBP

One of the most widely used methods to analyze and model texture is the LBP method
[12]. It could be basically described as a 3 x 3 square operator. In each square, the
eight-neighborhood pixels are compared with the one in the center. If the pixel values
of the neighbors are greater than or equal to the pixel value at the center, they are
replaced by 1. If not, then their values are replaced by 0. Then, the new binary values
of the neighbors are concatenated to produce one decimal value that is considered to
be a new value for the pixel in the center. The window is passed to the next pixel and
the same operation is repeated. These new decimal values represented the histogram

of the input texture. Equation 11 described the algorithm of the LBP operation:

Np-1
LBPy, r(xy) = EN ,S(gp —g.)2% (3.11)

p=

where s is the sign function, N is the number of neighborhood pixels, gp represents
the gray level value of the neighboring pixels, and gc represents the gray level value of
the central pixels. 2 is required to produce decimal values.
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The traditional LBP [9] analyzes the texture of the image and thresholds a 3 x 3 square
neighborhood as the center pixel value. It only uses the sign information to produce
the LBP, as illustrated in Figure 3.4 [7].

Binary: 11110001 Feature vector
Decimal: 241
61 | 71 0 0 0
77 | 79 Ll 1 1= 2
>
78 | 82 1 1 1
Features

Figure 3.4 The Local Binary Pattern (LBP) architecture.

In a newer implementation, the LBP operation has been upgraded to deal with any
neighborhood size, by replacing the square with a circle [12]. This can be described
by (Np,R), where R is the radius of the circle used. Figure 3.5 illustrates an (8, 2)
neighborhood. Additionally, there are a number of other modifications to the LBP [7].

3
et

Figure 3.5 Circular (8, 2) neighborhood [117]

The term LBP{, is used to describe the LBP operation, where u? denotes the use of a
uniform pattern. The resulting histogram results in the necessary information
distributed in the image, such as edges, corners, uniform areas, etc. The effective
operation must take care of the spatial information in the image, during the
representation. One strategy to accomplish this is to partition the image into a number
of small areas Ry, R4, ..., R,—1 [9], where m is the number of areas. If the size of the
histogram is B, then the length of the feature vector is mB. It is obvious from this
relation that the number of areas m determines the length of the feature vector, which

means selecting small areas results in long feature vectors, leading to extreme use of
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memory and a slow classification processing. Selecting large areas causes a loss of
spatial information. An example of a preprocessed face image partitioned into thirty-

six windows and the resulting face feature histogram are illustrated in Figure 3.6 [96].

v

Figure 3.6 Example of a preprocessed face image partitioned into thirty-six
windows and its feature histogram using the Local Binary Pattern (LBP).

3.2.3 Feature Extraction Using the Gabor Filter

The Gabor filter is a very helpful tool in image processing, especially in FR [118]. In
the spatial domain, the Gabor filter with two dimensions is the modulation of a
Gaussian kernel function, by a complex sinusoidal plane wave with a center frequency

f and orientation ¢ [119], and is defined as:

2 < x’2+y2y’2>
Gxy) =Z—e\ 27 Jeliznsx'+e)
Y wyn

x' = xcos0 + ysin6 (3.12)
y' = —xsin6 + ycos6

where y and # denote the ratio between the envelope of the Gaussian function with

standard deviation ¢ and the center frequency, and ¢ defines the phase offset.
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The frequency (or wavelength) governs the width of the stripes in the function, and by
increasing the frequency, the stripes become thinner. The orientation governs the
rotation of the Gabor envelope and the aspect ratio controls the height of the function.
For a very large aspect ratio, the envelope approaches a height of one pixel, and for a
very small aspect ratio, the height stretches across the image. The bandwidth controls
the overall size of the Gabor envelope, such that for a large bandwidth, the envelope
increases, allowing more stripes [120]. Figure 3.7 up to Figure 3.11 show the effect

of changing some parameters for the function of a Gabor.

(@) (b)

Figure 3.7 Different wavelength values: (a) 25; (b) 50 [121]

-

(@) (b)

Figure 3.8 Different orientation: (a) 0; (b) 45 [121]



(@) (b)

Figure 3.9 Changing the phase shift values: (a) 180; (b) 90 [121]

() (b)

Figure 3.10 Aspect ratio: (a) Very large; (b) Very small [121]

33
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(a) (b)

Figure 3.11 Different bandwidth values: (a) Large; (b) Small [121]

Gabor filters have many advantages, such as invariance to rotation, scale, and
translation. Moreover, they are robust against disturbances in images, such as change
in illumination [122],[30], and they have been found to be particularly appropriate to
extract many features from an image, using different frequencies and orientation for
Gabor filters [120].

They are useful, especially in feature extraction for texture analysis and segmentation.
The varying orientation observes the texture that is oriented in a particular direction,
while the varying Gaussian envelope standard deviation controls the region size of the
image that is being analyzed [123].

3.2.4 Feature extraction using Histograms of Oriented Gradients (HOG)

Another very popular method for feature extrication is the Histograms of Oriented
Gradients (HOG). It is one type of descriptors that is used a lot in the human detection
[124]. The HOG concept is to compute the gradient orientation and the gradient direct
magnitude. To obtain the HOG of an image, first, the changes in X and Y are
computed, then the magnitude and direction are obtained.
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3.2.4.1 Computing Gradients

The main operation of HOG is the derivative, or the center difference, since, there are
two derivatives, the x derivative and the y derivative, once these derivatives are

obtained, the gradient magnitude and the gradient orientation can be computed.

fx+h)—f(x—h)

— (3.13)

f'(x) = lim

The magnitude is given by:

s = fs,% + 53 (3.14)

And the orientation is given by:

Sy
0 = arctan (—) (3.15)

Sx

3.2.4.2 Blocks and Cells

Figure 3.12 shows a face image, it is assumed that this image is a 64x128 image, if
this image is divided to 128 cells, then some blocks are taken, for example the first
block is block 1 with 2x2 cells, then the second block is 50 % overlapped, which block
2, so, each block is consist of 2x2 cells with size 8x8 which means 16x16, with 7x15
=105 blocks in total.
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Block 2

Figure 3.12 The blocks and the cells

3.2.4.3 HOG Feature Extraction Steps

To calculate the HOG for an image with 64 x 128, for example, the image is divided
onto 16x16 blocks with 50% overlap, so therefore there are 7x15 with total of 105 of
blocks, and each block consists of 2x2 cells, and the size is 8x8, then the HOG is
quantized with 9 directions or bins, if the direction is not one of the bins then some
kind of interpolation can be done, also, the Gaussian can be applied to smooth the
histogram, then all the descriptors can be concatenated since there are 105 of these
block and each one is 9 dimensional, this gives a very large described, about 3780
dimension descriptor and this for the whole image of the block in the image, as shown

in Figure 3.13.

120

140 40

160 20

180 0 10 30 50 70 90 110 130 150 170

Figure 3.13 The histogram quantization to 9 bins

The procedure of HOG for feature extraction can be summarized in the following

steps:
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1. Compute the centered horizontal and vertical gradients with no smoothing.
2. Compute gradient orientation and magnitudes.
e For color image, pick the color channel with the highest gradient
magnitude for each pixel.
3. For 64x128 image,
4. Divide the image into 16x16 of 50% overlap.
e 7x15=105 blocks in total
5. Each block should consist of 2x2 size 8x8.
6. Quantize the gradient orientation into 9 bins.
e The vote is the gradient magnitude.
¢ Interpolate votes bi-linearly between neighboring bin center.
e The vote can also be weighted with Gaussian to down-weight the pixel
near the edges of the block.
7. Concatenate histograms (Feature dimension: 105x4x9 = 3780)

3.2.4.4 The Linear Interpolation

The better histograms can be found by doing the interpolation. If there are 9 bins, and
the range of the gradient orientation is between [0° 180°], this range is quantized into
these 9 bins as shown in figure 5.3, if the orientation has 85° , and since, there is no
bin with 85°, in this case, this is split into couple of bins which are closest to that, these
bins are 70° and 90°, since the difference between 70° and 85° is 15° , and the difference
between 90° and 85° is 5°, the values is divided proportionally according to this ratio,
that means (5/20 = 1/4) and (15/20 = 3/4), and the histogram is distributed according
to this concept, as shown in Figure 3.14.
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10 30 50 70 9% 110 130 150 170

Figure 3.14 The HOG interpolation

3.2.4.5 Feature Vector

Each block has its histogram, all the histograms are concatenated to produce the final
feature vector of the all image as shown in Figure 3.15.

Figure 3.15 Concatenating the histograms

3.2.4.6 Visualization

The visualization of the HOG, as in Figure 3.16, with some blocks and each block has
its histogram which corresponds to the face regions, and some blocks give the
dominating direction for some certain region, which give the visualization of the
representation that represents the face and calculates how much the distance from these
different parts of the face.
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Figure 3.16 The HOG visualization

By looking to the presentation (middle figure), it is clear it is representing a face, and
this is used to recognize the face. Once the descriptor exists, for lots of training
examples (faces), then any train techniques such of machine learning can be used for

face recognition by classifying the face according to their features.

The HOG is a very strong and popular descriptor, and it is a kind of global descriptor
which looks at the whole image. Authors of [124] propose this descriptor and they use

it for human detection.
3.3 Classification

Although there are many classifiers used for the classification, such as the Euclidean
Distance, the Cosine Distance, Linear Discriminant Analysis, Quadratic Discriminant
Analysis, Learning Vector Quantization, and Support Vector Machines [95]. The
Minimum Euclidean Distance classifier is considered to be one of the most popular
classifiers that could be easily designed [125] and widely used [97, 126]. In general, it
is used to examine the similarities between objects. For this reason, we use this

classifier in this study.
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3.3.1 Euclidean Distance

The Euclidean distance d between two points i and j, where | = (i, i2,..., in) and j = (j1,
J2,-.., Jn), In Cartesian coordinates, is the length of the straightest line between them.

This distance is given by the formula:

d(i,) =V =02+ (G =17 + -+ (=) = | ) (k= ji)* (316)
k=1

Therefore, if the two points are close to each other, then the value of d is small;
otherwise, it is large. The Euclidean vector is the location of a point in a Euclidean
n-space, where the length of this vector is measured by the formula of the Euclidean

norm, given by:

Il = \/i% + i3+, +i2 (3.17)

This tool is used to test how similar one object (face) is to another, by testing the
similarities between their respective feature vectors.

The Euclidean distance is used to check how similar vectors are, if the distance
between two instances is low enough they are probably describing the same thing we
take two instances form the data set and we calculated the difference between the

corresponding properties, we can use threshold to decide if they are similar enough.
3.3.2 Cosine Similarity

The Cosine Distance is a way to measure the similarity between two vectors by
measuring the angle between them. So, it considers the orientation not the magnitude.
The angle between two vectors with the same orientation is 0°, and for those vectors
diametrically opposed is 90°, independent of their magnitude. Cosine distance is
particularly used in positive space. Cosine distance is applicable for any number of

dimensions and is most commonly used in high-dimensional positive spaces.
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The cosine of the angle between two non-zero vectors can be obtained from the
Euclidean dot product formula

a.b = ||a|l;||b||, cos 6 (3.18)

Given two vectors of A and B, the cosine of the angle between them cos(6), can be

represented using a dot product and as

@) =B (3.19)
CcOoS = — .
[A]l21|Bll2
" AB.
COS(G) _ 21—1 iPi 3 20
\/Zn AZ \/Zn BZ ( ' )
i=14%i i=1*i

where A; and Bj are components of vector A and B respectively.
3.4 Datasets

The datasets in this thesis is taken from the ORL, Yale and AR datasets.
3.4.1 The ORL Dataset

The ORL is a well-known face dataset that is used to test FR algorithms. It has 400
images of 40 distinct persons, 10 images for each person. The dataset is varied in many
aspects. First, the images are taken at different times during the lives of the people.
Second, the images include different variations and different facial expressions, such
as closed or open eyes. Some of the people are smiling, others are not. In addition,
there are a number of people wearing spectacles while others are not wearing
spectacles. Furthermore, a number of the images include up to twenty degrees of tilting

and rotation of the face [5].
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A number of face images from the ORL dataset are illustrated in Figure 3.17.

Figure 3.17 Sample images from the Olivetti Research Laboratory (ORL) dataset

3.4.2 The Yale Dataset

In this dataset, there exists 165 images for 15 unique people, 11 images for each person
with different cases, such as normal, sad, sleepy, etc. The dataset includes many
variations of pose, illumination, and expression [5]. A number of images from the Yale
dataset are illustrated in Figure 3.18.

Figure 3.18 Sample images from the Yale face dataset.
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3.4.3 AR Face Database

The AR dataset is used in many face recognition papers, it contains over 4000 color
face images of 126 people, including 26 frontal views of faces with different facial
expressions, illumination conditions and occlusions, like (smile, anger, scream, left
light on, right light on, all side lights on, wearing sun glasses, wearing sun glasses and
left light on, wearing sun glasses and right light on, wearing scarf, wearing scarf and
left light on, wearing scarf and right light on). The images of 120 individuals are

captured in two sessions and each session contains 26 color images [23].

Figure 3.19 shows some images form AR dataset.

Figure 3.19 AR face database
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CHAPTER 4

EXPERIMENTS AND RESULTS

This section shows some results obtained from simulations using MATLAB 2015b.
The experiments are implemented on images from the ORL, Yale and AR datasets,
using the proposed method. The proposed method is compared with the performance
of PCA [48], Collaborative Representation-Based Classification (CRC) [127], SRC
[44], and SCRC [5, 6].

The FR system consisted of three stages. The first stage is the preprocessing stage, in
which the 2-D DWT, the GLPF, and the DoG are used separately. The second stage is
the feature extraction stage, where the LBP, the GLCM, Gabor Filter and the HOG are
examined; all these algorithms are first tested separately, then, the two methods from
the list are combined in the Feature Extraction Stage. In the final stage (the
Classification Stage), the Euclidean distance and Cosine similarity are examined as
classifiers. The procedure is carried out and tested using the Original Training Samples
(OTS) and the Original with Symmetrical Training Samples (OSTS) from the ORL,
Yale and the AR datasets.

4.1 Generating New Images

In order to increase the size of the training data, new training images are generated
using the property of face symmetry, since those images reflect some part of the face

that is not shown by the original images, as illustrated in Figure 4.1.

FaE 3 OF B
|~/h~ A ~|i\ - d)-
(e) () (2)

(a) (c)

(h)

Figure 4.1 (a) Original image; (b) left side; (c) right side; (d) mirror of left side; (e)
mirror of right side; (f) integrating left side with mirror; (g) integrating right side
with mirror; and (h) Discrete Wavelet Transform (DWT) of the original image in the
first level.
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4.2 Experiments on the original ORL Dataset

In the experiment, one, two, up to nine face images of each person from the ORL
dataset with size 112 x 92 are used, respectively, as the training samples and the rest
of images are used as the testing samples. The features of the training and testing
images are extracted using the LBP, the GLCM, and the Gabor Filter. Each image had

one feature vector, f = [fi, f> -** fml, where m is the number of one-image features.

The similarity between the feature vector of the test image and the feature vectors of
the training images is measured using the Euclidean distance classifier. The person
who had a training image feature vector with a minimum Euclidean distance is
considered to be the result of recognition. The experiments are run ten times, with
random image selection in each experiment. The recognition rate is calculated as the

average of each set of these experiments.



4.3 Experimental result on the symmetrical ORL Dataset

In this experiment, the original and symmetrical images are used for training. The
experiment revealed the use of symmetrical images, along with the original images,
improved the accuracy of FR, as compared to only using the original images as training
samples. Figure 4.2 shows the results of using the LBP for feature extraction with

OTS and OSTS.
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Figure 4.2 Recognition rates using LBP with original training sample (LBP-OTS)
compared with LBP with original and symmetrical training samples (LBP-OSTS).
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4.4 Using a Preprocessing Stage

In this experiment, three different methods for preprocessing are separately examined
with LBP. First, LBP is used without any preprocessing stage, followed by the GLPF
being used for the preprocessing stage, with a standard deviation of o = 1 and a window
size of 5 pixels. Then the DoG with ¢1= 0.1, o2 = 2.0, and a window size of 5 pixels is
used for the preprocessing stage. Finally, the 2-D DWT is also used for the
preprocessing stage.

The results show that the use of GLPF or 2-D DWT as a preprocessing stage improves
the accuracy of FR, as compared to not using any of the preprocessing stages, as in

Figure 4.3. The experiments are implemented using OSTS.

ORL Dataset with Accuracy: 100%
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Figure 4.3 Recognition rates using LBP, LBP with Discrete Wavelet Transform
(DWT-LBP), LBP with Gaussian Low-Pass filter (GLPF-LBP), and LBP with
Difference of Gaussian (DoG-LBP) methods, versus size of the training set of the
ORL dataset (OSTS).



48

45 The GLCM Method

In this experiment, the GLCM method is used to extract the features. The

parameters of the GLCM method are selected to be D =1 and # = 0°.
4.6 Combining Feature Extraction Methods

In this experiment, two methods are used separately for feature extraction, the LBP
and the GLCM. Then, the two feature vectors obtained from these two methods are
normalized and concatenated to produce one longer feature vector, which is used for
training and testing. The results show that the combination of the two methods could
help to improve the accuracy of FR, as compared to using one method for feature

extraction, as shown in Figure 4.4. The experiments are implemented using OSTS.

ORL Dataset with Accuracy: 100%
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Figure 4.4 Recognition rates using the LBP, the Gray Level Co-Occurrence Matrix
(GLCM), and the combination of the LBP with the GLCM (LBP—-GLCM) methods
versus the size of the training set of the ORL dataset (OSTS).
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4.7 The Gabor Filter Method

In this experiment, the Gabor Filter is examined to extract the features. The parameters
of the Gabor filter bank are set as following. The number of scales is set to 5, the
number of orientations is set to 8, and the number of rows and columns in a 2-D Gabor
filter are each set to 39. Additionally, the parameter of the Gabor function is set as
following. The factor of down-sampling along the rows is set to 4 and the factor of
down-sampling along the columns is set to 4. The experiment revealed that the best
results are obtained using the Gabor Filter, as compared to the other methods. Figure
4.5 shows the results of the recognition rates for different methods on the OSTS-ORL
dataset. These methods are: the LBP without any preprocessing stage (LBP), the LBP
with DWT as a preprocessing stage (DWT-LBP), the LBP with GLPF as a
preprocessing stage (GLPF-LBP), the GLCM, the LBP combined with the GLCM and
the Gabor. For the sake of comparison, the performance of the PCA has also been

shown in the figure.

ORL Dataset with Accuracy: 100%
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100 1 ¥
95 B $
90<
< s
2
®
c
g
R=
{=))
8
5 —+—PCA
o / /
// —o—LBP
GLPF LBP
GLCM
65 LBP GLCM
—<t+— Gabor
60 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9

Training sample size

Figure 4.5 Recognition rates using different methods: Principal Component
Analysis (PCA), Local Binary Pattern (LBP), LBP with Discrete Wavelet Transform
(DWT LBP), LBP with Gaussian Low-Pass filter (GLPF-LBP) Gray Level Co-
Occurrence Matrix (GLCM), combination of LBP with GLCM (LBP-GLCM), and
the Gabor versus size of the training set of the ORL dataset (OSTS).
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4.8 Other Experiments

The proposed method is examined in various cases and situations. For this purpose,
different experiments are carried out, using different preprocessing techniques and
different feature extraction methods. These experiments are implemented to compare
the performance of the FR system when the original training samples (OTS) are used
alone and when the original training samples are used, along with the symmetrical

training samples (OSTS).

For the sake of completeness, the results are compared with the methods in the
literature PCA [48], CRC [127], SRC [44], and SCRC [5, 6]. The obtained results are

summarized in Table 4.1.

As we can see from the table, as the number of training samples increase, the accuracy
increases too. Also, in general, the results using original with symmetrical samples are

better than using the original samples alone.

In addition, it is observed that the using of preprocessing stage improves the results of
the LBP form (95%) to (100%) using GLPF and to (97.5%) using DWT. On the
opposite side, using DoG is not recommended with LBP.

Moreover, using LBP combined with GLCM performs better than using one of them
alone, for instance, the best result for LBP is (95%) and the best result for GLCM is
(90%), but for the combined LBP-GLCM the accuracy is (100%).

And lastly, the best results are obtained using Gabor, it reaches (100%).
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Table 4.1 The recognition rates of the different methods on the ORL dataset, using the OTS compared

with the OSTS.
Preprocessing FeatU(e No. of Training Images
Method Extraction 1 ‘ 2 | 3 ‘ 4 ‘ 5 ‘ 6 ‘ 7 ‘ 8 ‘ 9
Method Recognition Rate %
No LBP OTS | 625| 75 [825|825| 90 | 90 | 925|925 | 925
OSTS | 675|775 | 875|875 |925| 95 95 95 95
DWT LBP OTS 70 80 90 | 925 | 95 95 95 | 975|975
OSTS | 725|825 (925 | 95 | 975|975 | 975| 975|975
GLPE LBp OTS | 725 | 80 | 875|925 | 95 95 | 975|975 | 975
OSTS | 75 | 875| 90 | 975 |975|975|97.5| 100 | 100
DOG LBp OTS 50 55 | 625|625 | 65 65 65 | 675 | 70
OSTS | 525 | 60 |625|675|67.5|675|675| 725|725
No GLEM OTS 55 65 | 775 |775| 80 | 875|875 |875| 90
OSTS | 60 | 67.5| 85 85 | 875 | 90 90 90 90
DWT GLCM OTS | 50 | 55 | 60 | 60 | 625|625 |625| 65 |625
OSTS | 575 | 70 70 80 | 775 | 75 80 80 | 825
OTS | 375 | 40 40 40 | 425|425 | 45 45 45
DoG GLCM OSTS | 40 | 425| 50 50 50 50 50 | 525 | 55
GLPE GLCM OTS | 575|675 | 80 80 80 | 825|825 |825 | 825
OSTS | 575 | 75 | 825(825|875| 90 | 90 | 90 | 90
No LBP— OTS 70 | 825 (875(925|925| 95 95 95 95
GLCM | 0oSTS |725| 85 | 90 | 95 | 95 | 975|975 | 100 | 100
No Gabor OTS | 875 | 95 | 100 | 100 | 100 | 100 | 100 | 100 | 100
OSTS | 90 | 97.5| 100 | 100 | 100 | 100 | 100 | 100 | 100
No PCA[48] | OTS | 69 | 79 | 84 | 87 | 89 | 95 | 96 | 96 | 95
No [ch;;:] oTs | 72 | 84 | 86 | 91 | o1 | 94 | 93 | 94 | 93
No SRC [44] | OTS 76 89 90 94 94 94 95 96 95
No SCRGC]: 5, OSTS | 76 90 92 94 94 95 96 96 95

4.9 Experiments on the Yale Dataset

In this experiment, from the Yale dataset, either one, two, or up to ten facial images of

size 154 x 154, are chosen for each person, which are then used as the training samples,

and the rest of images are used as the testing samples. These experiments are similar

in procedure to those in the ORL dataset, where a variety of methods are tested for

preprocessing and feature extraction. These methods are tested and examined using

the OTS and the OSTS. Many results are obtained using the different cases, these
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results are summarized in Table 4.2 and Figure 4.6, along with the performance of
the methods in the literature PCA [48], CRC [127], SRC [44], and SCRC [5, 6].

As we can see from the Table 4.2, as the number of training samples increase, the
accuracy increases too. Also, in general, the results using original with symmetrical
samples are better than using only the original samples. In addition, for Yale dataset,
it is easy to reach accuracy of (100%) using only LBP, either using only original
samples or using original with symmetrical samples. the difference between using only
original samples or using original with symmetrical samples is that, for original with
symmetrical samples we need less images for training. Furthermore, GLCM does not
perform well with DWT, since the DWT s filtering and compressing the images,
which means reducing the quality of the images, we can conclude that the GLCM is
sensitive to low-quality images. And finally, the best results are obtained using Gabor
where we need only two training samples to reach (100%) using original with

symmetrical samples.

Table 4.2 The recognition rates of the different methods on the Yale dataset, using the OTS and the

OSTS.
Preprocessing Featu(e No. of Training Images

N ohad | Extraction 12345567 [8] 9]0
Method Recognition Rate %

OTS |90 93 | 96 | 98 | 100 | 100 | 100 | 100 | 100 | 100

No LBP  'OsTs (95| 98 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100

OTS |70 | 75 | 87 | 87 | 87 | 87 | 87 | 87 | 87 | 87

No GLCM I osTs (75 80 | 93 | 93 | 93 | 93 | 93 | 93 | 93 | 93

OTS [12| 15 | 18 | 20 | 20 | 20 | 20 | 20 | 20 | 20

DWT GLCM I "osTs (20 23 | 27 | 30 | 33 | 33 | 33 | 33 | 33 | 33

OTS [ 60| 60 | 73 | 73 | 73 | 73 | 80 | 80 | 80 | &0

DoG GLCM FosTs (65| 67 | 87 | 87 | 87 | 87 | 87 | 87 | 87 | 87

OTS |80| 85 | 87 | 87 | 87 | 87 | 87 | 87 | 87 | 87

GLPF GLCM FosTs (80| 93 | 93 | 93 | 93 | 93 | 93 | 93 | 93 | 93

OTS | 95| 97 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100

No Gabor  "55Ts 197 [ 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100

No PCA[48] | OTS | 69| 89 | 89 | 93 | 87 | 87 | 98 | 95 | 96 | 100

No [Cf;?c] OTS 1g7| 93 | 94 | 99 | 98 | 96 | 98 | 95 | 96 | 100

No SRC[44] | OTS | 87| 90 | 90 | 98 | 92 | 92 | 98 | 100 | 100 | 100

No SC%? [5 | osts |88 | 95 | 97 | 99 | 100 | 100 | 100 | 100 | 100 | 100
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Figure 4.6 Rates of recognition using different methods: Principal Component
Analysis (PCA), Collaborative Representation-Based Classification (CRC), Sparse
Representation-Based Classification (SRC), Collaborative Representation-Based
Classification Using Symmetry (SCRC), and the Gabor Method Using Original and
Symmetrical Training Samples (Gabor-OSTS), versus the size of the training set on
the Yale dataset.
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4.10 Symmetrical and Low-Quality Face Images

The proposed method of symmetry improves the recognition techniques, especially
when we process low quality face images. In this experiment, the quality of face
images is reduced using different compression levels of Discrete Wavelet Transform
(DWT), the recognition rates are tested using 10-training images from Y ALE database,
one time using original training samples only, and second time using original with
symmetrical training samples. Figure 4.7 shows the accuracy versus compressional
level on YALE dataset.

Face Recognition Accuracy
vs Level of Compression
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Figure 4.7 The accuracy versus compression level on YALE database



55

4.11 Experiments on the AR Dataset

These results are carried out using the images from AR dataset, different feature
extraction methods are used, LBP, GLCM, Extended GLCM, HOG and Gabor. Also,
for each method, different cases have been studied. In additions, the feature fusion is
studied too by combining two or more of feature vectors that are obtained from
different methods. The recognition system is examined one time using original training
samples (OTS) and the second time using original with symmetrical training samples

(OSTS). The following figures show the obtained results.
4.11.1 Experimental Results using all images in AR dataset

In this part, all AR dataset is used to test the recognition system, the system is trained
using 10% of dataset and the rest 90% is used for testing, then 20% for training and

80% for testing, up to 95% for training and 5% for testing.
4.11.1.1 Experiment 1: LBP

In this experiment, the LBP is used for feature extraction without a preprocessing

stage, the Euclidean classifier is used for classification.

4.11.1.2 Experiment 2: GLCM

In this experiment, the traditional GLCM method is used for feature extraction, the
traditional GLCM calculates four different properties or features for each image, these
properties are, the Contrast, the Correlation, the Energy and the Homogeneity, as

explained in as in section 3.2.1.
4.11.1.3 Experiment 3: Extended GLCM

In this experiment, some improvements are added to the traditional GLCM where the
four features that can be obtained from the traditional GLCM is extended to 23 features
for each image, these 23 features such as: Autocorrelation, Contrast, Correlation,

Maximum probability, Angular Second Moment, Mean, Energy, Entropy,
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Homogeneity, Dissimilarity, Sum of squares, Sum of average, Sum of variance, Sum

of entropy as in section 3.2.1.
4.11.1.4 Experiment 4: Normalized Extended GLCM

In this experiment, more improvements are added by normalizing the feature vector,

the normalization indeed improves the recognition accuracy.
4.11.1.5 Experiment 5: Features Fusion

In this experiment, two vectors of features that are obtained using two different
methods, are fused, the features that are obtained from the LBP method are fused with
the features that are obtained from the Normalized Extended GLCM. This experiment
shows that, using the combination of two methods is better than using one method

alone.
4.11.1.6 Experiment 6: LBP with different cell size

The face recognition system is examined using LBP with different cell size, the
choosing of a proper value for cell size for LBP is not an easy task, because the
decreasing of the cell size would produce more features thus more computation
complexity, but at the same time is does improve the recognition accuracy, as shown

in Figure 4.8.
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Figure 4.8 The recognition rate using LBP with different cell size
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4.11.1.7 Experiment 7: LBP with a Small Cell Size

A small cell size for LBP which is 8x8 is selected to perform the recognition, although
it takes time for training, it gives good results, the experiment is carried out using
OSTS, the accuracy reaches 99.23% as shown in Figure 4.9.

AR Dataset with Accuracy: 99.2308%
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Figure 4.9 The recognition rate using LBP with cell size of 8x8
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4.11.1.8 Experiment 8: HOG

In this experiment, the Histograms of Oriented Gradients HOG is used for feature
extraction, this technique extracts a lot of feature from the image and produce a long

feature vector that describe the information in the image. The results are shown in
Figure 4.10.
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Figure 4.10 The recognition rate using HOG for OTS and OSTS
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4.11.1.9 Experiment 9: Gabor

In this experiment, the Gabor Filter is used for feature extraction, the system is
examined using OTS and OSTS, the results are illustrated in Figure 4.11.
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Figure 4.11 The recognition rate using Gabor Filter
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Experiment 10: LBP, HOG and Gabor

The results of LBP with cell size of 8x8, HOG and Gabor using OSTS are compared,
as shown in Figure 4.12.

100

90

o
=
T

(@3]
=
T

50 //

40

Recognition rate (%)
=]
=

AR Dataset with Accuracy: 100%

e -

—#— LBP with CellSize 8x8
= HOG
Gabor

10

20 30 40 50 60 70 80 90 100
Training sample size (%)

Figure 4.12 The recognition rate using LBP with cell size of 8x8, HOG, and Gabor

with OSTS
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411.1.11 Experiment 11: GLPF LBP using OTS

The results of LBP can be improved using a preprocessing stage which is GLPF, where

the recognition rate is increased from about 42% to about 46%. for OTS.
4.11.1.12 Experiment 12: GLPF LBP using OSTS

The results of LBP can be improved using a preprocessing stage which is GLPF, where
the recognition rate is increased from about 45% to about 48%. The experiment is
carried out using OSTS.

411.1.13 Experiment 13: Using flipped images

In this experiment, the flipped face images are used instead of symmetrical images,
where the original face images are used along with the flipped one to train the system.
The experiment is carried out using Gabor filter and HOG as feature extraction
methods. The experimental results show that the use of the original images along with
the flipped images performs better than using only the original images for training, but

not as much as using the original with symmetrical images for training.
The obtained results for the previous experiments are summarized in Table 4.3.

As we can see from the table, as the number of training samples increase, the accuracy
increases too. Also, the results using original with symmetrical samples are in general

better than using the original samples alone.

The use of GLPF improves the accuracy of the LBP by about (3%), also, selecting a
small size for LBP plays a significant role in improving accuracy, for instance, using

a cell size of 8x8 increases the accuracy form (45%) to (99%).

In addition, the accuracy of GLCM is very low, although this can be improved using
extended GLCM and extended normalized GLCM, still performs worse than other
methods, nevertheless, it can be used to support other methods like LBP where the
accuracy increases from (45%) using LBP up to (53%) using LBP with extended
normalized GLCM.



63

Finally, the Gabor and HOG are performing well, where the accuracy is (98%) for
Gabor, and the best result is obtained using HOG with accuracy (100%) using original

with symmetrical images.

Table 4.3 The recognition rates of the different methods on the AR dataset, using the OTS and the

OSTS.
Preprocessin Feature Training set %
NMethod | Extraction 10 |20 |30 [ 40|50 |60 |70 |80 00 95
Method Recognition Rate %
OTS |13 |18 |20 | 24| 28|29 |33|34|38] 42
No LBP
OSTS |14 |20 |23 |28 |31 |32 |33 |36 |38 | 45
OTS |14 (20|23 |27 30|33 |34|35|39| 45
GLPF LBP
OSTS | 14 | 21|24 |29 |32 |34 |36 |38 |45 | 48
OTS |43 (6272|8087 |88 |92|96 |96 | 97
No LBP 8x8
OSTS | 43|62 | 72|80 |88 |89 |92|96 |98 | 99
OTS | 5|5|6 |6 7171819 9
No GLCM
OSTS |6 |7 |8 |8 10 (11 |12 |14 | 15
Extended | OTS |5 |6 |6 |7 | 8| 8 |10]11]12] 13
No
GLCM |oSsTS |5 |7 |8 |9 |10|11|12|13| 16| 17
Extended | OTS | 5 | 6 |6 | 6 | 7 | 8 |10|11 |14 | 15
No Norm.
GLCM |OSTS| 6 |8 10|11 |11 |13 |13 15|19 | 22
LBPwith | OTS |12 |19 |24 |26 |31 |32 |37 |38 |40 | 46
No Extended
norm. | OSTS | 15|21 | 26|30 (33|34 |39 |41 |46 | 53
GLCM
OTS |42 |63 |73|82|89|91|94|96]|97]| 98
No HOG | OSTS |44 |65|75|82|90|93|96 |97 |99 100
Flip |43 |64|73(72(89|92|93|96 |96 | 99
OTS |37 |54 |64|72|81|83|87|91|93]| 94
No Gabor | OSTS |41 |59 |69 |76 (85|86 |90 |94 |95 98
Flip | 38|56 |65|73(81|85|87|92|95| 95

4.11.2 Experimental Results: lllumination and Occlusion

In this part, the AR dataset is divided into three groups, the first group includes the
images that have illumination variation, the second group is for the images with

sunglasses occlusion, and the last group is for the images with scarf occlusion.
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Figure 4.13 lllumination difference. (a) normal illumination. (b) high illumination.
(c) and (d) variations in illumination. (Example images from AR dataset)
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In this experiment, the group of illumination variation is selected to test the system, an

example is shown in Figure 4.13. The experiment is carried out using LBP with cell

size 8x8, Gabor and HOG, the results are shown in Figure 4.14.

100 AR Dataset with Accuracy: 100% o

—a—8
T 4

Recognition rate (%)

—#—— LBP with CellSize 8x8
—=— Gabor

HOG

3D i i | | i | | |

10 20 30 40 50 60 70 80 90
Training sample size (%)

Figure 4.14 The recognition rate using LBP 8x8, Gabor and HOG using images of
illumination form AR dataset
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4.11.2.2 Experiment 15: Occlusion (Sunglasses)

In this experiment, the group of sunglasses occlusion is selected to test the system
against occlusion, the methods LBP 8x8, Gabor and HOG are used for feature
extraction, the results as in Figure 4.15.
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Figure 4.15 The recognition rate using LBP 8x8, Gabor and HOG using images of
occlusion (sunglasses) form AR dataset
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4.11.2.3 Experiment 16: Occlusion (Scarf)

In this experiment, the robustness of the recognition system is also tested against the
occlusion using different extraction methods with images of scarf, the obtained result
as in Figure 4.16.
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Figure 4.16 The recognition rate using LBP 8x8, Gabor and HOG using images of
occlusion (scarf) form AR dataset

In the previous three experiments, we select the best three methods among the methods
that we have studied, these methods are LBP with cell size of 8x8, Gabor and HOG.
These methods are implemented for some part of AR dataset with illumination
variations and occlusions, and from Figure 4.14, Figure 4.15 and Figure 4.16 the

three methods are performing well and we can conclude the following:

For the images with illumination variations: for 95% of the data as training, the three

methods give accuracy of (100%), but for smaller size of training samples, the LBP
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with cell size of 8x8x performs less than the other two methods (Gabor and HOG). the
performance of Gabor and HOG are close to each other.

In addition, the occlusion with sunglasses, the best results are obtained using HOG,
while the occlusions with scarf, the performance of Gabor and HOG are close to each
other and perform better that the LBP with cell size of 8x8 but still HOG performs
better. Therefore, for this reason we recommend using HOG.
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CHAPTER 5

SYMMETRY IN FEATURE DOMAIN

5.1 Feature Extraction using Image Stripes (FEIS)

The aim of using the feature extraction methods is to transfer the image from the image
space to a feature space. For a specific feature extraction method, the extracted features
set for a unique image should be also a unique. The features of the image are another
way to represent the image since they can be used easier in the image processing

systems than using the images.

In this thesis, a new feature extraction method is introduced. The idea of this method
is inspired by the LBP algorithm mechanism, where LBP using a circle to formulate
the features, as explained in section 3.2.2, this method uses lines or (image stripes) as

shown in Figure 5.3, so we call it Feature Extraction using Image Stripes (FEIS).

The FEIS depends, like the most of feature extraction methods, on the relation between
the pixel of interest and its neighbors. This method also transforms the image from the
images space to the feature space but the extracted features using this method have a
very interesting characteristic which is implementing the use of symmetry in the
feature domain, as it is explained in section 5.1.2. This is not exist for the features that

are extracted using the traditional methods.

If an image A with pixels with gray level values g,1, 912 .-- gmn SUCh as:

g1 Y91z - Yin
A, = (9521 g§22 g?n
Im1 Y9mz = YImn

The image A is converted to a vector 4 so that:

A= (11 921 = Gm1 Y12 922 = Gmz = Gin YG2n " Gmn)

The binary result can be obtained by defining a function S which compares each element
g; in A with its neighbor g;_, as:
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_ 1, g:>gi
S@) = 59— gi0 ={y] gz (5.1)

where S is a sign function, then by assigning a binomial factor 2¢ for each S(9,—9,_,)
and introducing a new variable 4, such as 1 is the length of the sub-vector from vector
S(Z) that is being converted to a decimal value, the method of Feature Extraction

using Image Stripes (FEIS) is achieved as:

A-1
FEIS = ) 5(g;- 9:-1) 2! (52)
i=0

If A(5 x 3) is an image with pixel values as shown in Figure 5.1

199 3 135

238 86 42
= 33 41 154
145 203 67

120 79 167

Figure 5.1 An example of an image

Then the vector 4 is given as:

a
=[199 238 33 145 120 3 86 41 203 79 135 42 154 67 167]

And the binary result S (Z) can be obtained as:

5(71’)=[110100101010101]
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ForA =5:
A
s(A)=110100101010101
26 10 21

FEIS (A=5) = [26 10 21]

The extracted features depend on the value of 4, as the value of A is changed, the

number and values of extracted features are changed too.

For A = 3:

s(Z)=[110100101010101
6 4 5 2

FEIS(A=3)=[6 4 5 2 5]

Figure 5.2 shows the extracted features for different values of A

Features Example for A= 5

Features Example for A =3

Features Features

Figure 5.2 An example of extracted features for different values of 4

For a real image from ORL dataset as shown in Figure 5.3 (a) and its stripes Figure

5.3 (b), the features can be extracted using the previous steps, the resulting features are
shown in Figure 5.4.
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Figure 5.3 The original image (a), and its stripes (b), (Example image from ORL
dataset)

Features of an Image Example
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10 1N b\,u -,U | Jlu'l

0 10 20 30 40 50 60 70 80 90 100
Features

Figure 5.4 Features example for an image from ORL dataset

The obtained feature vector of the image also depends on the value of A that is selected

as shown in Figure 5.5.
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Figure 5.5 Different sets of features using different values of 1

5.1.1 The FEIS method and symmetry

The traditional
integrating the

symmetry procedure can be implemented in the image space by

mirrored face halves (left and right) with the corresponding one as

shown in Figure 5.6.

(@)

4

-

(®) (©)

(8

Figure 5.6 Original image, b) left side, c) right side, d) mirror of left side, e) mirror
of right side, f) integrating left side with mirror, g) integrating right side with mirror

The features of the three images (original and two generated ones) can be extracted

using the known feature extraction methods such as LBP, GLCM, Gabor and HOG

and this gives three sets of features. As stated in the previous chapter. Figure 5.7 shows

the symmetry procedure in the image domain.
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Figure 5.7 The symmetry procedure in the image space

The only way that exists to do the symmetry procedure is to be implemented in the
image space, it means, generating new images using the symmetry property of the face

then extracting the features from the original and generated images.
5.1.2 The symmetry procedure in the features space

The proposed method is the first method that can be used to implement the symmetry
procedure in the future space as in Figure 5.8.
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Figure 5.8 The symmetry procedure in the features space

All the known feature extraction methods have no facility to do the symmetry
procedure in the feature space since their transformation from the image space to the
feature space is a nonlinear transformation. Such a procedure can also be implemented
in the features space in an easy way; this can be achieved only by using the proposed

method.

For simplicity, we call the feature vector of the original image as the parent feature
vector as in Figure 5.9, from this feature vector, we generate two feature vectors and

we call them as children vectors as in Figure 5.10.

— 1 >

I - [ :[o[:[:]aJofafa]oJofofx]2]o]aJo]a]a]a]o]a]o]0]1]

Figure 5.9 The features of the original image (parent)
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— A -

1J1JojaJaJaJoft[aJovoJoJ1JaJoJaJoJaJaaJoJaJoJofa] Theoriginal vector (Parent)
[ENGHNGEGN 2 [ [o[:[:[a]ofa]z]0 1|0|1|1|0m The first symmetrical vector (Child1)

N = [ [o[:[:[afofalalotofo t[x]oaJoz[alalo[a]ofo]1] Theoriginal vector (Parent)

o[2jefofafaJofara[aJoJo]11JoJoJoJs[rJoJaJofa[a]2Jo[2Jofo2] Thesecondsymmetrical vector (Child2

Figure 5.10 Generating the symmetrical features (children) from the original
features (parent)

The vectors of parent and children are used to calculate the features of the original and

symmetrical features respectively.
5.1.3 The FEIS method for face recognition

The face recognition system is implemented using the proposed method. First, the
procedure is carried out using only the features of the original face images. Then the
procedure is repeated using the symmetrical features. And finally, the recognition rates
are compared with the results obtained from using the methods in the literature. In

addition, different values of A are tested with different training set sizes.
5.1.4 The effect of 4 on recognition rates

Some experiments are implemented to examine the effect of A on recognition rates.
The experiments are carried out using original features and original with symmetrical
features using images from AR dataset. The results show that the value of 1 has an
impact effect on the recognition rates, since a small chosen value of A leads to a better
recognition rates as shown in Figure 5.11 to Figure 5.14. All the results are

summarized in Table 5.1 and Table 5.2.



Recognition Rates (%)

76

Recognition Rates vs Size of Training Set

For Different Values of (A)
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Figure 5.11 Recognition rates vs size of training set for different values of A using
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Figure 5.12 Recognition rates vs size of training set for different values of A using
original with symmetrical features
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For the second part of the experiments, different values of 1 is examined using training
set sizes 70%, 80% and 90% respectively. The experiments are implemented using
original features and original with symmetrical features, as shown in Figure 5.13 and
Figure 5.14.

Recognition Rates vs ()
For Different Size of Training Set
Using Original Features
100 T T T T T T
Q\ —&— Training Set = 90%
%0 \:&i‘ —o— Tra?n?ng Set=80% |
~— Training Set = 70%

80 - i
70 1

60

Recognition Rates (%)

50

40

30 L L L L L L L L L o
0 50 100 150 200 250 300 350 400 450 500

(M)

Figure 5.13 Recogpnition rates vs A for different sizes of training set using original
features
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Recognition Rates vs (A)
For Different Sizes of Training Set
~_ Using Original With Symmetrical Features
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Figure 5.14 Recognition rates vs A for different sizes of training set using original
with symmetrical features

The obtained results are summarized in Table 5.1 and Table 5.2.

Table 5.1 The results using original features with different values of A and different training sample

sizes

Values of 4
Training| 1 | 3 | 5 | 10 | 25 50 100 150 200
set % Accuracy %

10 51.75 | 51.75 | 49.53 | 49.53 | 47.82 42.27 36.58 27.39 28.25
20 69.62 | 69.62 | 67.69 | 6769 | 64.71 | 58.80 | 50.82 | 37.79 | 37.45
30 78.02 | 78.02 | 76.87 | 76.59 | 73.08 67.47 58.46 45.66 43.35
40 82.56 | 8256 | 82.12 | 8212 | 78.78 74.55 65.51 52.76 49.62
50 90.77 | 90.77 | 89.46 | 89.46 | 86.00 81.77 72.23 58.31 53.92
60 9231 | 9231 | 90.77 | 90.77 | 88.27 83.85 75.48 62.88 56.44
70 93.59 | 9359 | 9244 | 9231 | 90.13 86.15 77.44 64.36 58.72
80 96.35 | 96.35 | 95.38 | 94.81 | 94.42 91.35 83.65 66.35 62.69
90 96.35 | 96.35 | 96.15 | 96.15 | 93.85 89.62 86.54 70.38 65.00
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Table 5.2 The results using original with symmetrical features with different values of A and different

training sample sizes

Values of 4
Training 1 3 5 10 25 50 100 150

set % Accuracy %
10 88.46 88.46 86.62 85.85 83.21 79.57 69.87 59.19
20 96.30 96.30 95.72 95.38 94.47 91.30 84.81 73.85
30 98.35 98.35 97.75 97.69 97.14 95.49 90.99 82.20
40 99.23 99.23 99.23 98.85 98.65 97.24 94.17 87.18
50 99.69 99.62 99.54 99.54 99.23 98.69 96.00 90.62
60 99.71 99.62 99.62 99.52 99.23 98.65 96.35 92.31
70 100.00 | 100.00 | 100.00 | 100.00 | 99.87 99.62 97.56 94.10
80 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 99.23 93.85
90 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 99.62 95.38

5.1.5 Comparing the FR performance using the original features and the FR

performance using the original with symmetrical features

In this experiment, the performance of the FR system using the original features is

compared with the performance of the FR system using the original with symmetrical

features. The experiments are carried out using images from AR dataset and the

comparison is implemented using two values of (1) when A = 25 and when A = 50.

The results as shown in Figure 5.15.
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Figure 5.15 The FR performance using the original features and the FR
performance using the original with symmetrical features for different values of A
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5.1.6 The speed of the proposed method compared with other methods

In this experiment, the speed of extracting the features for one image using the
proposed method is measured and compared with other methods, these methods are
LBP, GLCM, Gabor and HOG. An image with size 112x92 from ORL dataset is used
for this test as shown in Figure 5.16. The experiment is carried out using a laptop
computer equipped with an Intel Core i7-7700HQ CPU @ 2.80 GHz and 16 GB of

memory; GPU acceleration is not used. The test results are shown in Figure 5.17 and

Table 5.3.

Figure 5.16 A 112x92 image from ORL dataset used for speed test

The Speed for One Image Feature Extraction
Using Different Methods

0.1

Speed(s)

0.05

Methods

The Speed for One Image Feature Extraction
%107 Using Different Methods

Speed(s)
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Methods

Figure 5.17 The speed of the proposed method compared with other methods

Table 5.3 The speed of the proposed method compared with other methods

Method

LBP

GLCM

Gabor

HOG

The propose method

Time(s)

2.87 x 1073

7.82 x 1073

141 x 1071

214 x 1073

7.07 x 107*
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5.1.7 The performance of the FR system using the proposed method compared
with the other methods

The performance of the proposed method when A =25 is compared with the
performances of some FR methods. From the experimental results show that the
recognition accuracy of the original proposed method FEIS (without using symmetry)
reaches (93.85%) and this accuracy is higher than Support Vector Machine (SVM)
[30], with accuracy of (55.8%), Sparse representation based classification (SRC) [44]
with (80.8%) and Discriminative Multi Manifold Analysis (DMMA) [128] (92.1%).

Although the original proposed method FEIS method is perform less than collaborative
probabilistic labels (CPL) [129] (94.2%) and local structure based multi-phase
collaborative representation classifier (LSMPCRC) [130] (98.9%), the upgraded FEIS
(using symmetry in feature domain) reaches (100%) which is higher than those
methods. Using AR dataset, the best performance of the proposed method is compared

with the best performance of other methods as shown in Table 5.4.

Table 5.4 The performance of the proposed method compared with other methods

Method Accuracy %
Support Vector Machine (SVM) [30] 55.8
Sparse Representation based Classifier (SRC) [44] 80.8
Discriminative Multi-Manifold Analysis (DMMA) [128] 92.1
Collaborative Probabilistic Labels (CPL) [129] 94.2
Local Structure Based Multi-phase Collaborative Representation Classifier 98.9
(LSMPCRC) [130]

LBP 8x8 (OSTS) 99
HOG (OSTS) 100
Gabor (OSTS) 98
Proposed Method 1: Original Features 93.85

Proposed Method 2: Original with Symmetrical Features 100




82

For the sake of completeness, the performance of FEIS method using the symmetry in
feature space is examined using all datasets, ORL, Yale and AR with different
possibilities of training samples. The results are compared with the best results that we
have obtained using symmetry in image domain, LBP 8x8, LBP-GLCM, Gabor and
HOG. Also, the proposed method is compared with the results of the methods in the
literature CRC [127], SRC [44], and SCRC [5, 6]. Moreover, the results are compared
with the state-of-the-art Deep Metric Learning (DML) using residual network ResNet

34 model [89] based features. The experiments for FEIS are carried out using A = 1.

The obtained results are summarized in Table 5.5, Table 5.6 and Table 5.7.

Table 5.5 The recognition rates of the FEIS method on the ORL dataset compared with the other

methods.
No. of Training Images
Feature Extraction Method 1 ‘ 2 ‘ 3 ‘ 4 ‘ 5 ‘ 6 ‘ 7 ‘ 8 ‘ 9
Recognition Rate %
FEIS 875| 95 | 975 | 95 | 100 | 100 | 100 | 97.5 | 100
DML 98 | 99 | 100 | 100 | 100 | 100 | 100 | 100 | 100
LBP-GLCM 725| 8 | 90 | 95 | 95 | 97.5| 97.5 | 100 | 100
Gabor 90 | 97.5| 100 | 100 | 100 | 100 | 100 | 100 | 100
CRC [127] 72 | 84 | 86 | 91 | 91 | 94 | 93 | 94 | 93
SRC [44] 76 | 89 | 90 | 94 | 94 | 94 | 95 | 96 | 95
SCRC [5, 6] 76 | 90 | 92 | 94 | 94 | 95 | 96 | 96 | 95

Table 5.6 The recognition rates of the FEIS method on the Yale dataset compared with the other

methods.

No. of Training Images

Feature ExtractionMethod | 1 | 2 [ 3| 4 |5 |6 | 7] 8| 910
Recognition Rate %
FEIS 94 | 99 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100
DML 100 | 100 | 100 | 00 | 100 | 100 | 100 | 100 | 100 | 100
LBP 95 | 98 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100
Gabor 97 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100 | 100
CRC [127] 87 | 93 | 94 | 99 | 98 | 96 | 98 | 95 | 96 [ 100
SRC [44] 87 | 90 | 90 | 98 | 92 | 92 | 98 | 100 | 100 | 100
SCRC [5, 6] 88 | 95 | 97 | 99 | 100 | 100 | 100 | 200 | 100 | 100
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Table 5.7 The recognition rates of the FEIS method on the AR dataset compared with the other

methods.

Training set %
Feature Extraction Method | 10 | 20 | 30 [ 40 | 50 | 60 | 70 | 80 | 90

Recognition Rate %
FEIS 88 | 96 | 98 | 99 | 100 | 100 | 100 | 100 | 100
DML 90 | 94 [ 98 | 99 | 100 | 100 | 100 | 100 | 100
LBP 8x8 43|62[72 80| 88 | 89 | 92 | 96 | 98
HOG 44 |65|75[82| 90 | 93 | 96 | 97 | 99
Gabor 41|59 |69 |76 85 | 86 | 90 | 94 | 95
CRC [5, 127] 7677|7878 78 | 718 | 718 [ 78 | 78
SRC [5, 4] 72|74 |74 74| 75 | 74 | 74 | 75 | 75
SCRC[5, 6] 77|80 81|81 80 | 81 | 81| 80| 81

From Table 5.5, Table 5.6 and Table 5.7 the FEIS performs well as a new feature
extraction method. It is fast because it is based on one-pixel comparison, with higher
recognition rates than other methods except DML. Although, the FEIS, in some cases,
performs less than DML, it is very fast compared with the DML, since, for each pixel
it needs to do only one comparison operation to construct the result, not like the DML

which is more complex than the FEIS and takes more time to process the features.



84

CHAPTER 6

CONCLUSION AND FUTURE WORK

In this thesis, a complete system for face recognition based on original and

symmetrical training data is proposed.

Although there are many face recognition systems proposed, these systems are not
robust against the limited number of training sets in addition with the effect of
illumination and pose variations. This thesis presents an effective method to overcome
the restricted number of the face training images using the symmetry property of the
face. Moreover, the use of this property also reduces the effect of illumination and

pose variations.

In order to increase the accuracy of the face recognition rates, and also to eliminate the
above-mentioned drawbacks, first, we generate a new set of face images using the left
and right halves of each face. Second, we use the original and generated face images
to training the face recognition system.

The original and generated face images are preprocessed before extracting their
features. This procedure is achieved using the 2-D DWT, GLPF, and DoG. Then the
features of these samples are extracted using the LBP, the GLCM, the Gabor Filter and
the HOG methods. Finally, the Euclidean Distance and Cosine similarity classifiers
are used to obtain the results of the recognition. The proposed method is examined and
tested using three of benchmarks datasets. The proposed method is tested against a
number of well-known methods in the literature and a superior performance is obtained

against these methods.

On the other hand, the use of the GLCM alone is not recommended, but it could
support the performance of the LBP by using the combined features from both
methods. It could be well-observed that combining features from different methods
provided a better performance, as opposed to using a single method. The Gabor filter
and HOG are indeed very helpful tools in FR. This thesis also showed that the use of
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the preprocessing stage in the recognition system improved the accuracy of the face
recognition, as compared to not using any of the preprocessing stages.

Although the method is especially effective when the set of training samples is small,

it took more time to process the increased number of training samples.

In this thesis, a new method for feature extraction is also proposed, this method uses
the stripes of the image to extract the features, so we call it Feature Extraction using
Image Stripes (FEIS). The FEIS method has the ability to do the symmetry procedure
either in the image space or in the feature space, thence the feature space is another
way to achieve the benefit of using the symmetry property of the face to improve the
recognition rates. Although, there lots of methods for feature extraction are presented,
none of them can utilize the symmetry property in the feature space. The FEIS method
is the first proposed method can do that in both feature and image spaces. The FEIS
method is examined and tested for face recognition using data from ORL and AR
dataset and experimental results shows that it has a performance higher than methods
in the literature. In addition, the speed of the FEIS method is measured and compared
with other methods (LBP, GLCM, Gabor Filter, and HOG) and found that it is faster
than these methods.

6.1 Future Directions

As a future work, we first plan to run our system on more datasets to show the

robustness of the proposed methods.

In order to improve our classifier and also the performance of the system, the
Convolutional Neural Network (CNN) can be used for huge datasets. Since ORL, Yale

and AR are not huge datasets.

In addition, we aim to upgrading the FEIS algorithm to be based on the gradient of the

pixies' values as in HOG.

Also, we need to do more study concerned with the effects of the mutation and
crossover operations for the parent genes of the image that are obtained using FEIS

method.
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Moreover, the idea of using the reflected images along with the original and
symmetrical images to increase the size of the dataset by generating more images and

hence adding more improvement to the system performance.

Lastly, the feature extraction methods like FEIS, LBP and Gabor can be improved by
new optimization methods like Crow search, Cow search, whale search algorithm.
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