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ABSTRACT

Primarily due to increasing security demands and potential commercial and law
enforcement applications, automatic face recognition has been a subject of extensive
study in the past several decades, and remains an active field of research as of today. As a
result, numerous techniques and algorithms for face recognition have been developed,
many of them proving effective in one way or another. Nevertheless, it has been realized
that constructing good solutions for automatic face recognition remains to be a challenge.

The last two decades have witnessed significant progress in the development of new
methods for automatic face recognition, some being effective and robust against pose,
illumination and facial expression variations, while others being able to deal with large-
scale data sets. On all accounts, the development of state-of-the-art face recognition
systems has been recognized as one of the most successful applications of image analysis
and understanding. Among others, the principal component analysis (PCA) developed in
the early 1990s has been a popular unsupervised statistical method for data analysis,
compression and visualization, and its application to face recognition problems has

proven particularly successful. The importance of PCA consists in providing an efficient



v

data compression with reduced information loss, and efficient implementation using
singular value decomposition (SVD) of the data matrix. Since its original proposal, many
variations of the standard PCA algorithm have emerged.

This thesis is about enhancement and extensions of the standard PCA for face
recognition. Our contributions are twofold. First, we develop a set of effective pre-
processing techniques that can be employed prior to PCA in order to obtain improved
recognition rate. Among these, a technique known as perfect histogram matching (PHM)
is shown to perform very well. Other pre-processing methods we present in this thesis
include an extended sparse PCA algorithm for dimensionality reduction, a wavelet-
transform and total variation minimization technique for dealing with noisy test images,
and an occlusion-resolving algorithm. Second, we propose an extended two-dimensional
PCA method for face recognition. This method, especially when combined with a PHM
pre-processing module, is found to provide superior performance in terms of both

recognition rate and computational complexity.
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Chapter 1

Introduction

In this thesis we consider the problem of face recognition, and present enhanced and
extended approaches in a principal component analysis framework. The purpose of this
chapter is to introduce the problem addressed in the thesis, motivate the necessity for

improved approaches, and describe the main contributions and organization of the thesis.

1.1 The Face Recognition Problem

The face 1s a primary focus of attention in social activities and plays a critical role in
conveying identity and emotions [96]. Although the ability to speculate on character or
intelligence from facial expressions remains suspicious, the human ability to recognize
faces is astonishing. In fact, one can recognize a great number of faces throughout his/her
lifetime and, even after years of separation, just at a glance one can identify almost
instantly familiar faces that have undergone considerable changes due to aging and
distractions like glasses and changes in hairstyle and facial hair, demonstrating the
amazing robustness of the human visual system (HVS) [96]. It is therefore natural and
desirable to develop computer-aided systems that mimics the HVS and can be used to
automate the process of face recognition with satisfactory accuracy and improved speed.
As a matter of fact, such development had started four decades ago, although the success
of the system reported there was rather limited from today’s standard. Extensive research

has been conducted by psychophysicists, neuroscientists, and engineers on various
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aspects of human and machine face recognition, such as whether face perception is a
dedicated process [37], and whether it is done by global or local feature analysis [13].
Studies have shown that distinctive faces are better retained in memory and faster
recognized than typical faces [11], [12]. The role of spatial frequency analysis was also
examined. In [83] it has been observed that gender classification can be successfully
accomplished using low-frequency components only, while identification requires the use
of high frequency components. Some experiments suggest that memory for faces is
highly viewpoint-dependent [45], and various lighting conditions make harder to identity
even familiar faces [49]. In addition, based on neurophysiological studies [11], it seems
that analysis of facial expressions is not directly related to face recognition. On the other
hand, from a machine recognition point of view, dramatic changes in facial expressions
may affect face recognition performance.

Speaking automatic identification systems, we remark that although several other
reliable methods of biometric personal identification exist, for example methods based on
fingerprint analysis and retinal or iris scans, the success of these methods depends
critically on cooperation of the participant. On the other hand, automatic face recognition
is often effective independent of the participant’s cooperation [17], [103].

Primarily due to increasing security demands and potential commercial and law
enforcement applications, automatic face recognition has been a subject of extensive
study in the past several decades [17], [103], and remains to be an active filed of research
as of today. As a result, numerous techniques and algorithms for face recognition have
been developed, many of them proving effective in one way or another. Nevertheless, it
has been realized that constructing good solutions to automatic face recognition remains
to be a challenge. One of the main sources of difficulty has to do with variations in pose,
illumination and expression that may occur across the images involved in a face
recognition system. Another source of difficulty is related to possible large data scale,
especially when one seeks a sparse representation of a facial image of interest in an
overcomplete dictionary for robust face recognition in presence of measurement noise
and face occlusion [97]. The last two decades have witnessed significant progress in
developing new methodologies [3], [33], [52], [96], [100], some being effective and

robust against pose, illumination and facial expression variations [36], [38], [42], [97],



Chapter 1 — Introduction 3

while others being able to deal with large-scale data sets due to their superior ability to
reduce data dimensionality [50].

On all accounts, the development of state-of-the-art face recognition systems has
been recognized as one of the most successful applications of image analysis and
understanding [103]. Among other things, the principal component analysis (PCA)
developed in early 1990s [52], [96] has been a popular unsupervised (based on software
analysis of images without human-interaction) statistical method for data analysis,
compression and visualization, and its application to face recognition problems has
proven particularly successful. Essentially, PCA finds the directions of maximized
variance of a given set of data (e.g. a training set containing facial images), also known as
principal components or eigenfaces in the context of a face recognition problem, and use
them to represent an input signal (e.g. a test facial image) in reduced dimensionality. The
importance of PCA lies in the fact that it provides a way to compress the data with
reduced information loss and it can be carried out efficiently using singular value
decomposition (SVD) of the data matrix. Since its original proposal, many variations of
PCA that enhance or extend the standard PCA have emerged. Noticeable development in
this regard includes the 2-D PCA [100] and sparse PCA [50].

Based on literature review of the field of face recognition and preliminary studies of
several papers that have pioneered the field, the author was highly motivated and decided
to concentrate her research on the methods of PCA with application to the face
recognition problems. In short, this thesis is about enhancement and extensions of PCA
for face recognition. Our contributions are twofold. First, we develop several pre-
processing techniques that can be employed prior to the application of PCA in order to
obtain improved recognition rate. Of these new techniques, we mention a technique
known as perfect histogram matching (PHM) that is shown to perform very well. Other
proposed pre-processing methods include an extended sparse PCA for dimensionality
reduction, a wavelet-transform and total variation minimization technique for dealing
with noisy test images, and an efficient occlusion-resolving algorithm. Second, we
propose an extended 2-D PCA method for face recognition. This method, especially
when combined with a PHM pre-processing module, is found to provide superior

performance in terms of both recognition rate and computational complexity.
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We now conclude this section with a note on defining the face recognition problem.
A general face recognition problem can be formulated as follows. Given still or video
images of a scene, identify or verify one or more individuals in the scene using a stored
database of faces [103]. The solution to the problem involves face detection from
cluttered scenes, feature extraction of the facial region, and recognition or verification. A
simplified and more focused version of the face recognition problem starts with an input
(or test) picture (image) and attempts to determine whether or not the picture is a record
of a human face and, if it is, whether or not it matches to one of the individuals that have
been included in a certain database. It is this version of the problem on that this thesis

will be concentrated.

1.2 Contributions and Organization of the Thesis

1.2.1 Contributions of the Thesis

In this thesis, we investigate the problem of face recognition subject to varying
illumination conditions and facial expression, and possible face occlusions and noise
contamination. Our aim is at developing algorithms for face recognition with improved
performance in terms of both recognition rate and computational complexity. The
research mission is carried out through enhancement and extensions of the standard
principal component analysis.

In summary, the main contributions of the thesis include:
= A general pre-processing technique based on histogram equalization that alters the

spatial information of an image by perfectly matching its histogram to a desired

histogram;

= A new image de-noising strategy that makes use of wavelet transform for a noise
variance estimation and total variation minimization for noise reduction;

= A new face occlusion-resolving algorithm to deal with facial images that are partially
occluded;

= An extended 2-D PCA algorithm with both row and column processing and a new
classification criterion that demonstrates superior performance;

= An extended sparse PCA algorithm for improved dimensionality reduction;
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= Proposal of a face recognition system that integrates the best techniques developed

for superior system performance.
1.2.2 Organization of the Thesis

The rest of the thesis is divided into several chapters and an appendix. The main

content of each chapter is outlined below.

Chapter 2 — Preliminaries

This chapter introduces some background material related to the basic concepts of
face recognition problem in general, and methods, techniques and algorithms that are of
direct relevance to the methods to be developed in the subsequent chapters of this thesis.
These include discrete cosine and wavelet transforms, histogram of images, total-
variation based methods for noise removal, principal component analysis, sparse

representation of signals, and performance measures for face recognition.

Chapter 3 — Pre-Processing Methods

This chapter presents three pre-processing methods, namely the histogram-enhancing
method, the de-noising technique and the occlusion-resolving algorithm, which are
referred to as PHM, WT — TV and OCCL, respectively. We start with a brief overview of
several pre-processing techniques that are usually encountered in face recognition
methods and are most relevant to the proposed algorithms. These include whitenedfaces
[61], discrete cosine transform [79], wavelet transform [38] and histogram equalization.
Then, the three pre-processing methods for performance enhancement are described in
detail. The performance of the proposed algorithms is evaluated and compared with the
previously mentioned existing methods. The chapter concludes by addressing several

implementation issues.

Chapter 4 — An Extended Two-Dimensional Principle Component Analysis
Technique

This chapter presents an extended 2-D PCA algorithm. We first introduce some
background information related to the 2DPCA algorithm in [100], then describe in detail
the proposed technique, referred as E-2DPCA. The performance of the proposed
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algorithm is evaluated and compared with the standard PCA and 2DPCA methods.

Several implementation issues arising in the simulations are also addressed.

Chapter 5 — Face Recognition Using Sparse Representation

Here we present a preliminary dimensionality reduction technique based on the
algorithm in [50]. The technique is an integral part of an extended sparse PCA algorithm,
but it also can be regarded as a stand-alone pre-processing step. We start by providing
some background material related to the concept of sparse representation of facial images
[97] and sparse PCA for preliminary dimensionality reduction of large-scale data sets
[50]. An extended sparse PCA (E-sparse PCA) algorithm is then developed and an E-
sparse SRC algorithm that combines two of the studied algorithms is proposed for
enhanced performance and efficient processing. Experimental results are presented to

support the proposed techniques. Several implementation issues are also addressed.

Chapter 6 — Face Recognition Systems - Integrating the Proposed Techniques

In this chapter we compared two most promising face recognition techniques based
on the PHM E-2DPCA and PHM E-sparse SRC algorithms. Simulation results are
presented in search of the technique which provides the best performance in terms of
recognition rate and elapsed computational time. Finally, a face recognition system
integrating WT — TV, OCCL, PHM and E-2DPCA modules is proposed, and the chapter

concludes by several general implementation issues.

Chapter 7 — Conclusions and Future Research
This chapter summarizes the main ideas and contributions of the thesis and suggests

several directions for future research.



Chapter 2

Preliminaries

2.1 Introduction

The objective of this chapter is to provide background information about computer-
aided face recognition in general and several specific techniques that are of particular
relevance to the methods to be developed in the subsequent chapters of this thesis. These
include discrete cosine and wavelet transforms, histogram of images, total-variation
based methods for noise removal, principal component analysis, and sparse
representation of signals. We also include a concise review of several performance

measures that are applicable to face recognition problems.

2.2 Face Recognition

2.2.1 Introduction and Motivation

Although the digital image processing as an engineering field is built on a quite
analytical foundation, the human intuition and analysis play a central role in choosing the
adequate techniques that fit in different situations, and this choice is often made based on
subjective and visual judgments [61]. Taking into account the similarities and differences

between human visual system and electronic devices in terms of resolution and ability to
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adapt to changes in illumination, many digital image applications have been developed
since early 1920s.

Recognizing faces is one of the recent digital image processing and computer vision
applications, and also one of the fundamental tasks of the human visual system (HVS).
The astonishing and deceptively simple face recognition skill of humans is robust, despite
large changes in the visual stimulus caused by viewing conditions, expressions, aging,
and distractions, such as glasses or changes in hair style or facial hair. As a consequence,
the mechanism of feature extraction and coding for recognition of faces by the HVS has
fascinated scientists from various disciplines including psychophysics, psychology,
computer vision and pattern recognition [79].

One imagines that a computer can be taught to recognize faces by using facial
images as inputs. It turns out that this task is extraordinarily complicated [17]. In fact, the
development of a general computational model for face recognition is quite difficult,
because faces are complex visual stimuli and are quite distinct from sine-wave gratings,
or other artificial stimuli used in human and computer vision research.

Any description of faces in terms of features is not simple. For instance, a face can
have lighter or darker skin; larger or smaller eyes or mouth; and black, brown, or blonde
hair. Other attributes refer to image formation, like illumination or viewpoint from which
the face is seen. Therefore, face recognition is a high-level task, and there seem to be no
perfect computational schemes.

Driven by growing application demands like authentication for banking and security
system access, research in automatic face recognition has increased significantly over the
past several decades. Fast, automatic, non-intrusive and non-intimidating, face
recognition modules can be combined with other biometric options such as fingerprints
and eye-iris recognition systems to improve the accuracy of recognition process. Unlike
the other two biometrics that require the subject’s action such as putting one’s hand on a
device, face recognition has the advantage of recognizing the subjects in a passive
manner. However, a weak side of this technology is that to date it has not yet achieved
the high accuracy rate that the other two can offer.

In 1966, the first attempt to construct a semi-automated face recognition human-

computer system was made [9], [10]. The system was based on the extraction of the
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coordinates of a set of features from the photographs, which were then used by the
computer for recognition. Later, feature extraction and pattern classification techniques
[39] were employed for face recognition purposes. In [35] and [101], a template matching
approach was developed and improved, using automatic feature measurements and
deformable templates which are parameterized models of face.

Early 1990s have witnessed the beginning of a new wave of developments for face
recognition, with considerable research endeavors made for enhancing recognition
performance. These include principal component analysis (PCA) [96], independent
component analysis (ICA) [3], linear discriminant analysis (LDA) [33], and non-linear
dimensionality reduction methods such as Laplacianfaces [44], isomaps [95], and several
more recent approaches [46], [54], [56], [61], [72], [75], [78], [97] that strive to improve
the recognition process by combining known basic techniques, employing new pre-

processing modules and modifying existing steps.

2.2.2 Pre-Processing for Face Recognition

In what follows we present a brief overview of several mathematical concepts and
algorithms which are encountered in pre-processing steps for face recognition.
Throughout, an image may be regarded either as a 2-D discrete signal denoted by x(m,n)
form,n=0,1, ..., N—1, or as a continuous signal u(x,y) in the spatial domain with
u:Qc R* >R, for (x,y)inQ.

A. Discrete Fourier Transform (DFT) and Filtering

The discrete Fourier transform (DFT) offers considerable flexibility in the design and
implementation of filtering solutions for enhancement, restoration, compression, de-
noising of digital images, and other applications of practical interest [40].

Let {x(m, n) form,n =0, 1, ..., N— 1} be a digital image of size NxN , where m
and n are spatial variables. The two-dimensional DFT (2-D DFT) of x, denoted by
X(u,v), is given by

N-1 N1

X(M,V) — sz(m,n)e—jZﬂ(um/NJrvn/N) (21)

m=0 n=0
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for u,v=0,1,...., N -1, which is a frequency domain description of signal x with # and v

as frequency variables.

The 2-D inverse DFT (2-D IDFT) is defined by

1N1N

x(m,n) = e DD X(u,v)el ) (2.2)
u=0

—1
v=0
for m,n=0,1,..,N—-1. The 2-D DFT and its inverse establish a one-to-one

correspondence between a frequency-domain representation and a spatial domain
representation of a 2-D signal [40].

The value of the transform at the origin of frequency domain (i.e. X(0,0)) is called

the DC coefficient of the DFT and is equal with N° times the average value of the image
x(m, n).
Even if x(m, n) is real, its DFT is in general complex. It is straightforward to verify
that DFT of a real signal is conjugate symmetric about the origin, and is periodic.
The foundation of filtering in both spatial and frequency domains resides in the
convolution theorem which may be written as [40]
x(m,n)*h(m,n) < X(u,v)Hu,v) (2.3)

and, conversely,
x(m,n)h(m,n) & X (u,v)*Hu,v), (2.4)

where the symbol “:*” indicates convolution of the two functions. Expression (2.3)
indicates that the DFT of the convolution of two spatial functions can be obtained by
multiplying the DFT of the functions. Conversely, (2.4) states that the DFT of the product
of two spatial functions gives the convolution of the DFT of the functions.

Filtering a digital image in the spatial domain consists of convolving the image
x(m,n) with a filter mask with finite impulse response s(m, n). According to (2.3), one
can obtain the same result in the frequency domain by multiplying the DFT of image x(m,
n), namely X(u,v), by the DFT of the spatial filter 4#(m, n), namely H(u,v), also
referred as the filter’s transfer function.

B. Discrete Cosine Transform (DCT)

The discrete cosine transform (DCT) is widely used in many signal processing

applications. It is a Fourier-related transform similar to the DFT, which converts the

signal from spatial domain to frequency domain [40], [48]. One of the features, that
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distinguishes DCT from DFT, is that it transforms real-valued signals to real-valued DCT
coefficients, which give DCT the advantage of convenience in applications. However, it
is the energy compaction capability that makes DCT a popular and useful transform.

For a two-dimensional signal such as a digital image of size NXN , {x(m, n) for m, n
=0,1,..., N—1}, the two-dimensional DCT (2-D DCT) of {x(m,n)} is defined by [84]

C(i,k) = —2"’(";“(" ) S ix(m, n) cos((zm;]_vl)m Jcos((zn;]\l])kﬂ) (2.5)

m=0 n=0

where i, k=0,1, ..., N—1, and «a(-) takes two possible values:

1/\2  for k=0
a(k)=
1 for 1<k<N-1

Perfect reconstruction of the original data can be obtained by using the 2-D inverse

DCT (2-D IDCT) of {C(i,k)} which is given by
lfa(i)a(k)C(i, k)cos (%j cos (Mj (2.6)

N—-

2
N 4

i=!

x(m,n) =
(m,n) N

where m,n=0,1, ..., N— 1.

Among the DCT coefficients defined by (2.5), the one with (i, k) = (0, 0) is called the
DC coefficient of the DCT and is equal to the mean value of the image. The remaining
C(i, k) with (i, k) # (0, 0) are called AC coefficients.

It can be verified that the 2-D DCT is an orthogonal, real, separable transform, and it
possesses an energy compaction property [48], [79], which means that the most of the
energy of the DCT coefficients is concentrated in a small number of coefficients typically
corresponding to low frequencies. For reduced computational complexity, 2-D DCT is
usually applied to 8x8 image blocks (this implies that the image must be divided into
8x8 blocks and 2-D DCT is computed with N =8); however, there are algorithms
which apply 2-D DCT to entire image (the reader is referred to Section 3.2.2 for details).
C. Discrete Wavelet Transform (DWT)

As applied to digital images, the discrete wavelet transform (DWT) is a powerful
mathematical tool that leads to multiresolution analysis and synthesis of images. In
addition to being an efficient framework for representation and storage of multiresolution

images, the spatial-frequency analysis provided by DWT exploits an image‘s spatial and
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frequency characteristics [40]. On comparison, the DFT reveals only the image’s
frequency attributes.

A DWT can be implemented efficiently through digital filter banks. As an example,
a filter bank with one level of decomposition and reconstruction for 2-D discrete signals
is illustrated in Figures 2.1 and 2.2.

In Figure 2.1, suppose the input signal x(m,n) is an image of size NXN, the one
level 2-D DWT subband decomposition produces four subimages, LL, LH, HL and HH,
each of size N/2xXN /2, where LL is a low-resolution approximation of the input, while
LH, HL and HH represent information about the image details along its horizontal,
vertical and diagonal directions, respectively.

The building block of the analysis filter bank shown in Figure 2.1 can be used to
construct an analysis filter bank with a tree structure up to K levels of decomposition with
K =log, N.

In the corresponding one-level subband reconstruction illustrated in Figure 2.2, the
subband signals LL, LH, HL and HH produced by the analysis filter bank, or a processed
version of these signals, are taken as input signals and used to reconstruct the image
x(m,n). The one-level synthesis filter bank in Figure 2.2 can be used as a building block
to construct a synthesis filter bank with a mirror-image symmetric tree structure (with

regard to that in the analysis filter bank) up to K =log, N levels to match a K-level

analysis filter bank for image reconstruction.

HO 12 » LL
-0 @c
H1 2 »
x(m.n) ! LH
—>
Ho —»@ » HL
0O
H1 4@ » HH
Input Vertical Horizontal Outputs

Figure 2.1. One-level 2-D wavelet decomposition.
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LL 12 FO

FO

LH 12 F1

(+)—> Xq(m,n)

F1

HL 12 FO E

HH 12 F1

222¢

Inputs Horizontal Vertical Output
Figure 2.2. One-level 2-D wavelet reconstruction.

Perfect reconstruction of the original input signal is obtained if the low-pass and
high-pass analysis filter Hy and H; and corresponding synthesis filters Fy and F; are
orthogonal filters satisfying the perfect reconstruction conditions [40]
Fy(2)H,(2)+ F()H () =2z 0
Fy(2)H,(~2)+ F,(2)H,(~2) =0

with / being the number of samples of delay.

D. Histogram

One effective method to deal with varying light conditions in images of a dataset is
to apply a histogram-based pre-processing. The histogram of a digital image of size
NxN with G gray levels is a discrete function that maps each k™ gray level to the
number of pixels in the image characterized by that gray level. Analytically, the

expression of the histogram is given by A(r,)=mn, with k=0,1,..,G—1, where 7,
denotes the &A™ gray level and n, is the number of pixels in the image having gray level
7, . For an 8-bit digital image, for example, G =2° =256 and each 7, assumes one of the
discrete values {0, 1, ..., 255}. The relative frequency of a pixel having gray level 7, in
the image is equal to p,(r,)=n, /n, where n= N’ represents the total number of pixels
in the image. It follows that p (7,) is merely a normalized version of the histogram,

satisfying
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0<p.(r)<l and Gz_ipr(rk)=l. (2.8)

k=0
For this reason p, (7,) is often referred to as the probability of occurrence of gray
level r, [40].

E. Total Variation (TV) Minimization Methods

Signal deterioration often occurs during signal acquisition, formation, transformation
and recording. For images, the most frequently encountered forms of signal deterioration
include noise contamination, defocusing and motion blur. Considering an image as a 2-D

continuous function u(x,y), a common image restoration model used as a general
framework when dealing with the above degradation aspects [65] is given by
uy(x,y)=(Hu)(x,y)+w(x,y) for (x,y) in Q, (2.9)
where u:Qc R* — R is the original image, u, is the observed image, which is a
degraded version of u, w denotes white additive Gaussian noise with zero mean and

variance o, and H is typically a convolution type integral operator for modeling several
common blurring processes such as averaging, Gaussian low-pass, Laplacian of Gaussian
and motion blur.

Given an observed data u,, the problem at hand is to find an estimate of the original

image u based on model (2.9). An approximation of u can be identified by solving the

least-squares problem [65]

inf [[ (Hu—u,) dxdy, (2.10)

where the minimum must satisfy H Hu—H u, =0, in which H denotes the adjoint of

the operator H. To address this ill-posed problem, it is necessary to first regularize the

functional in (2.10). One way to do this is to minimize the modified functional
A 2
F(u):HQ|Vu|dxdy+5UQ(Hu—uo) dxdy, (2.11)

where the first term is a regularization term (called total variation of image u and defined

as the magnitude of the gradient of image u, namely J (u):HQ,/ui +ui dxdy , with

u, =0du/dx and u, =du/dy) that helps to reduce the noise, the second term is a fidelity
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term to ensure that the solution u obtained by minimizing the functional in (2.11) is a

close resemblance of u,, and A is a positive weight which balances the two terms.

In a variational optimization framework, Rudin, Osher and Fatemi (ROF) [81]
investigated and formulated the de-noising problem where the model given by (2.9)

becomes
uO(xay):u(x>y)+W(x>y) for (xay) inQa (212)

and the problem is formulated as

minimize J, (u)= J.J-Q, [u; +u;, dxdy (2.13)

subject to: ﬂg u dxdy = ”Q u, dxdy

2
ﬂg(u —u,) dxdy=0".
It can be shown [65] that the Euler-Lagrange equation for problem (2.13), which is

the first order necessary condition for u to be a solution of (2.13), is given by

0 u 0 u,

—| —=— |+ —| —— |- A(u—u,)=0
ox| Ju+u? | W\ ful+u (=) 14
du(xy)
N |,

In [81], problem (2.14) is solved by embedding it into a nonlinear parabolic

equation with time # as an evolution parameter, namely,

ou 0 u 0 u
— = === |+ —| —=— |- A(t) - (u—u,) fort>0,(x,y)e Q
e N e R A
du(x,y) 0
oN |,

where the Lagrange multiplier A(¢) is updated using

l(t) :_%”Q \/”f +u§ _ (“oz)x U, 4 (4o )y U, ddy . (2.16)

2 2 2
\/ux +u, \/ux +u,
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The peak signal-to-noise ratio (PSNR) is typically used to evaluate the de-noising

performance of ROF algorithm applied to an N XN size noise-contaminated image u,,.

A commonly employed definition of PSNR for gray-scale images is

255°
PSNR =10log, | —— 2.17
g0 [MSEJ ( )

where the term MSE in (2.17) stands for mean squared error and is obtained as

N-1 N-1

%Z Z[uo (i, j)—u(i, )T’ , with u being the de-noised image.
i=0 j=0

J

MSE =

2.2.3 Methods for Face Recognition

Face recognition has been an active area of research in image processing and
computer vision for more than two decades and is certainly one of the most successful
applications of contemporary image analysis and understanding. The past two decades
have witnessed sustained research endeavors that have led to methods and algorithms
with improved face recognition capability. These include principal component analysis
(PCA) [96], [100], independent component analysis (ICA) [3], linear discriminant
analysis (LDA) [33], isomaps [95], locally linear embedding (LLE) [80], [82],
Laplacianfaces [44], [72] based on Laplacian eigenmaps [4], [5], and whitenedfaces [61].

Despite of the emerging nonlinear mapping techniques which preserve the local
structure of face images and provide dimensionality reduction [4], [5], [72], [78], [80],
[82], research interest in PCA-based algorithms for face recognition remains strong. In
[79], a method that combines the discrete cosine transform (DCT), PCA, and the
characteristics of the human visual system (HVS) is proposed. In [100], face images are
treated as matrices instead of vectors as in the original PCA algorithm and a
corresponding image projection technique is used for face recognition. These methods are
shown to offer better recognition rates with improved computational efficiency. In [61],
the authors propose a whitening filter as a pre-processing step, while in [20] a down-
sampling step is considered as pre-processing and, in PCA, the eigenfaces are computed
directly as the eigenvectors of the covariance matrix. In [46], an image partition

technique is combined with vertically centered PCA and whitened horizontally centered
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PCA to obtain a novel hybrid approach with better recognition performance relative to
the traditional PCA.

Sparse representations of signals have received a great deal of attentions in recent
years. Typically the technique searches for the sparsest representation of a signal in terms
of linear combination of atoms in an overcomplete dictionary [47]. Research has focused
on three aspects: (1) methods for obtaining sparse representations. These include
matching pursuit [67], orthogonal matching pursuit [76], and basis pursuit [18]; (2)
methods for dictionary design. These include the K-SVD method [2]; (3) applications of
sparse representation in various fields. These include signal separation, denoising, coding
[31], [32], [59], [74], [91]. In [91], sparse representation is used for image separation,
where an overcomplete dictionary is generated by combining multiple standard
transforms, including curvelet transform, ridgelet transform and discrete cosine
transform. In [59], application of the sparse representation to blind source separation is
discussed and experimental results on EEG data analysis are demonstrated. In [74], a
sparse image coding method with the wavelet transform is presented. In [31], sparse
representation with an adaptive dictionary is shown to have state-of-the-art performance
for image denoising. The widely used shrinkage method for image denoising is shown to
be equivalent to the first iteration of basis pursuit that solves the sparse representation
problem [32].

In the following sections, we outline two of the techniques employed for face
recognition, namely the conventional PCA and the signal sparse representation, as they
are the ones that are most closely related to the work reported in this thesis.

A. Principal Component Analysis (PCA)

The PCA [96] is an eigenface-based approach for face recognition that seeks to
capture the variation in a collection of face images and uses this information to encode
and compare images of individual faces. Over the years, the conventional PCA initiated
in [96] has inspired a great deal of research interest in the field that in turn has led to a
number of new PCA-based methods and algorithms with improved performance.

The eigenfaces are defined as the eigenvectors of the covariance matrix of the set
containing all face images, where each image is treated as a point in a high dimensional

space. Eigenfaces extract relevant facial information, which may or may not match
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human perception of face features such as eyes, nose, and lips, by capturing statistical
variation between face images. Therefore, eigenfaces may be regarded as a set of features
which offers a characterization of the global variation among the analyzed face images.
Other advantages of using eigenfaces are efficient image representation using a small
number of parameters and reduced computational and dimensional complexity [96],
[103].

Given a data set 9P, also called training set, consisting of M face images of K
individuals, the PCA algorithm proposed by Turk and Pentland in 1991 [96] starts by

transforming each NXN image in 9D into a column vector T, of dimension N’, by

concatenating the image rows. The K individuals involved are called classes, each one

. . . . 1 &
having L=M /K images in P. Next, an average face ¥ is computed as ¥=—> T,
M i=1

and subtracted from each vector I', to construct vector @, as ®,=1I",—¥. The data

matrix is then formed as A=[®, .. ®,]/VM and the covariance matrix is

1 & . . .
constructed as C =—ZCI)i(I>I.T = AA" . Note that C is a matrix of large size N°xXN>.
i=1
Instead of directly computing the eigenvectors u, and eigenvalues 4 of matrix C, which

usually is an intractable task for typical image sizes, the eigenvectors v, and eigenvalues

A of a much reduced size M XM matrix L= A"A are computed, and the eigenvectors

of matrix C are then found to be
u, :/L‘I/ZAV[ for i=1,...M . (2.18)

These eigenvectors u, , called eigenfaces, are used to represent the face images from

P, so as to examine an input image I" (in the form of a column vector) as whether or not
it is a face image and, if it is, whether or not it is a member of a class or a stranger (non-
member).

A p-dimensional face space is generated by the span of the p most significant
eigenvectors (i.e. eigenfaces) that are associated with the p largest eigenvalues of C, and
the matrix composed of these p eigenfaces is denoted by U . The value of p can be

determined based on the distribution of eigenvalues A , or as a certain percentage of the
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available number of eigenvectors u,. Matrix U is used to yield a p-dimensional pattern

vector Q=U"® where ® =T, and is also used to project the input image onto the

face space as @, = UU'® =UQ. The Euclidean distance d, between the input image

I' and the face space is computed as

d,=|o-,| (2.19)

)
If distance d, is found to be below a chosen threshold &,, the input image I" is
classified as a face image, otherwise it is considered a non-face image.

Furthermore, if T" turns out to be a face image, it can be classified as a class member

or non-member face. And if it is a member then the class it belongs is identified. These
are achieved by (1) evaluating d, :||Q—Qk||2 for k=1,..,K where the class pattern

. 1 & A . D () 1
vector €, is calculated as Q, = ZZQEJ) with Q =U®!" being the pattern vector of

i=1

the i"™ image of the &™ class; and (ii) comparing

d,, =mind, (2.20)

with a prescribed threshold o,. If d_ :HQ—QI{*HZ and d_, <0,, then the input image

I"is identified as a member of class &, else T is considered a non-member.
B. Sparse Representation

Sparse representation of digital signals has been a subject of intensive study in the
past several years, and it has recently found applications for face recognition [47].

The problem of finding a sparse representation of a signal in an overcomplete
dictionary can be formulated as follows. Given an mXn matrix 4 with n>m (usually

n > m) which contains the elements of an overcomplete dictionary in its columns, and a

signal ye R™, one seeks to find an nx1 coefficient vector x, such that y = 4x and ||x||0
is minimized [47], [97], i.e., a vector that solves

minimize |x], subject to Ax = y (2.21)
where ||x|| , denotes the /,-norm which counts the number of nonzero entries in vector x.

Finding the solution to (2.21) is NP-hard [47] due to its combinational nature; that is, in
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general no known procedure for finding the sparsest solution is significantly more
efficient than exhaustively searching all subsets of the entries for x [97]. Suboptimal
(sometimes optimal) solutions to problem in (2.21) can be found by an alternative

problem where the objective function is replaced by the / -norm of x while the constraint
Ax = y remains unaltered [23], namely,

minimize ||x||] subjectto Ax =y (2.22)
where ||x|| . denotes the /, -norm which sums up the absolute values of the entries in vector

x. Problem in (2.22) can be solved in polynomial time by standard linear programming

methods [47].

2.3 Performance Measures for Face Recognition

In this section we familiarize the reader with the terminology employed to express

and measure the performance of a face recognition algorithm.
2.3.1 True Positive Rate and False Positive Rate

The concept of true positive (TP) is equivalent with a correct recognition of the test
face image as being a certain member from the testing set, while true negative (TN)
corresponds to a correct rejection. False positive (FP), also known as type I error or error
of the first kind or & error, means an incorrect recognition of the test face image as
being a certain member from the testing set, while it is not. Finally, false negative (FN),

also known as type II error or error of the second kind or S error, corresponds to the

error of failing to recognize the test face image as being a certain member from the
testing set while it truly is.
Using the above terminology, the true positive rate (TPR) is defined as the ratio

between the number of TP and the total number of TP and FN

TPR= —F (2.23)
TP + FN

while the false positive rate (FPR) is obtained in a similar way as
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FP

FPR= ———.
FP + TN

(2.24)

These two measures are employed for class discrimination to be studied in Sections
3.7.1, which includes face/non-face and member/non-member classification. Figure 2.3
illustrates the four possible situations that may be encountered in a class discrimination
procedure, where the generic Class I and Class 2 represent either the face and non-face
classes, or the member and non-member classes, respectively. Typically, Class [ is

constructed using the available images from training set, while Class 2 may not be

assumed to be in Class 2.

Test images

explicitly given, in which case any image not recognized as belonging to Class 1 is
T Class 1
Q fo,ffffff— (face / member)
FP
O @ Y o
- Class 2
" \(non-face / non-member)

Figure 2.3. Example of TP, TN, FP,FN for class discrimination.

@

Test images

@ FP
Class 2

@ @ N Class 3

c

Figure 2.4. Example of TP, FP for face (member) identification.

Class 1

Class 4

Class 5




Chapter 2 — Preliminaries 22

2.3.2 Recognition Rate and Misdetection Rate

As illustrated in Figure 2.4, when dealing with face (member) identification, only the
notions of TP and FP are utilized for evaluating algorithms’ performance for face
recognition. In this figure, Classes 1, 2, ..., 5 represent the classes containing images of
individual 1, 2, ..., 5, respectively, while m;, m,, ..., ms denote the members of Class 1,
2, ..., 5, respectively. Corresponding to the measure TPR in (2.23), the recognition rate

can be defined as

recognition rate = 1P - 100 (%) . (2.25)
total number of test images

Similar to the measure FPR in (2.24), the misdetection rate can be calculated as

misdetection rate = il 100 (%) . (2.26)

total number of test images

One may note that the two measures defined in (2.25) and (2.26) are complementary
to each other in the sense that recognition rate + misdetection rate = 100 (%). As a result,
for evaluating the performance of an algorithm, computing only one of them (e.g., the

recognition rate) suffices.

2.4 Databases for Performance Evaluation of Face Recognition

Two databases have been employed to evaluate the performance of the face
recognition algorithms. These are the Yale Face Database [112] and extended Yale Face
Database B [106], [107]. These bases were chosen as they include face images under
various illumination conditions and slightly different poses. In addition, they contain
more frontal images per class (subject) than several other test data sets (such as FERET)

and their images do not need to be rescaled.
2.4.1 Yale Face Database

The Yale Face Database contains a set of 165 grayscale images of 15 subjects
(Figure 2.5), with 11 poses per subject (Figure 2.6), namely center-light, with glasses,
happy, left-light, without glasses, normal, right-light, sad, sleepy, surprised, and wink,

denoted as pose ‘a’, ‘b’,...,and ‘k’, respectively. The Yale Face Database images
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Figure 2.5. The 15 individuals from the Yale Face Database.

pose b pose ¢ pose d pose €
' = Y oy

jghw ke ,,’ .'
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Figure 2.6. The 11 poses of one individual from the Yale Face Database.

employed in our simulations were cropped to 128x 128 pixel size to minimize non-face
areas such as hair and neck, with the image center approximately placed between the 2

nostrils of subject’s nose, as illustrated in Figures 2.5 and 2.6.

2.4.2 Extended Yale Face Database B

The extended Yale Face Database B contains a total of 16128 images of 28 human
subjects under 9 poses and 64 illumination conditions. In our experiments, we used the

cropped version of this database which contains images of individuals taken under 64
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Figure 2.7. The 20 individuals selected from the extended Yale Face Database B.

different illumination conditions, with no pose variation, and each facial image was
further manually aligned and cropped to size 168x168 pixels. To avoid working with
some corrupted images in the cropped database, we selected only 20 individuals, with 64
images each, which are illustrated in Figures 2.7 and 2.8.

Simulations were performed using several datasets obtained from the above two face
databases. Ten datasets (cases) covering a variety of facial expressions for testing images
and various number of training images were created using Yale Face Database. Most of
algorithms were tested on these ten cases, with an exception on sparse representation-
based algorithms which require a very large number of training images. From the
extended Yale Face Database B, six and eight cases were constructed, having various
illumination conditions, ranging from “easy” light conditions which produce small
shadows on individuals’ faces, to “hard” light conditions which generate large shadowed
regions. For the fourteen cases from the extended Yale Face Database B, the same
training set was considered. These fourteen cases were utilized in the same context as the
ten cases from Yale Face Database, as they do not include a very large number of training

images.
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Figure 2.8. The 64 images of one individual from the extended Yale Face Database B.
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Especially for the sparse representation framework, four data sets containing
numerous training and testing images were created based on images from the extended
Yale Face Database B. These four data sets were also employed for the performance
evaluation of 2-D PCA-based algorithms, as it will be seen in Chapter 6 of thesis.

For more details about the images included in the training and testing sets of the
datasets utilized for algorithms’ performance evaluation, the reader is referred to
Appendix.

Throughout the thesis, the experimental results were presented in two forms: using
charts or tables. Charts are an illustrative way of showing the results, easy to read and
compare, and they have been employed for the large majority of simulation results. The
only exceptions are found in Chapters 5 and 6 where the four data sets from the extended
Yale Face Database B were utilized, or more information was necessary to be included
for the completeness of the results. In these situations, we have decided to use tables as

they appear to be a better choice for illustrating the experimental results.

2.5 Summary

In this chapter, we have provided background information about computer-aided face
recognition and several specific techniques that are most relevant to the methods to be
examined and developed in the thesis. Measures for evaluating performance of face
recognition methods have been reviewed, and two databases of face images to be

employed in our simulation studies have been described.
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Chapter 3

Pre-Processing Methods

3.1 Introduction

Various face recognition techniques have been proposed in the past decades with a
great deal of success. On the other hand, these methods often encounter difficulties when
dealing with images captured under drastically different illumination conditions.
Numerous tests have demonstrated that lighting variation is one of the bottlenecks in face
recognition [38], [42]. Thus, there has been much work dealing with illumination
variation for improved recognition rate. Generally, the algorithms in the literature can be
classified into two categories: model-based and pre-processing-based. While the model-
based approaches are theoretically ideal, when applied to real situations they require
additional constraints and assumptions, and their computational cost increases
accordingly, making them not very practical for real time systems. On the other hand,
pre-processing-based techniques transform images directly without any assumptions or
prior knowledge, being more commonly used in practical systems due to their simplicity
and efficiency [27].

Section 2 of this chapter introduces background material related to the concept of
pre-processing. We provide an overview of several techniques that are most relevant to
this thesis. These include whitenedfaces, discrete cosine transform, wavelet transform

and histogram equalization. In Section 3 we propose a method that modifies a given
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image such that the histogram of the modified image perfectly matches a desired
histogram. Section 4 illustrates how the proposed histogram-based method can be
combined with a wavelet-based illumination invariant pre-processing for enhanced face
recognition. A de-noising algorithm that employs wavelets and total variation
minimization and takes into account the noise that contaminates a test face image is
presented in Section 5. The performance of the pre-processing algorithms is evaluated,
discussed and compared in Section 6, where several implementation issues are also
addressed. The chapter concludes with Section 7, which summarizes the improvements
offered by the proposed techniques over the existing methods.

The main contribution of this chapter is the proposal of a new pre-processing
strategy based on perfect histogram matching (PHM) which can be incorporated into the
standard PCA for face recognition. As will be demonstrated, this method yields a
considerably more homogeneous tonal distribution in the face images involved in a PCA-
based face recognition process. As a result, the recognition rate is improved while the
required computational complexity is maintained at a low level. The possibility of
combining PHM method with other pre-processing steps to achieve higher recognition
rates is illustrated. Furthermore, a simple de-noising algorithm effective on additive white

Gaussian noise-contaminated images is presented.

3.2 An Overview of Pre-Processing Methods

Human-face recognition is known to be a challenging task, especially because it has
to deal with images of a subject that most of the times contain variations in illumination,
pose, and expression. Several approaches to tackle the illumination issue in face
recognition have been proposed. These include a low-dimensional representation of
human faces for arbitrary lighting conditions [43], a post-processing method to
accommodate lighting changes [6], a generalized k-linear reflection model to deal with
illumination changes [88], and theoretical analysis of illumination in vision systems [7]
and [102]. Considerable progress in face recognition under pose variations has also been
made in the recent years. In [60] and [63], the authors propose to learn face dynamics

from images with continuous pose variation. Recognition-by-synthesis approaches are
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proposed in [57] where a test image with an arbitrary pose is transformed into frontal
view and in [73] where each of the training images is transformed into the same pose as
the test image. A probabilistic approach to face recognition is proposed in [51]. In [8] and
[64], geometric information of human head is taken into account for enhanced
recognition.

In what follows we briefly present several pre-processing methods which take
variations in illumination into consideration and may be combined with a PCA-based

face recognition process in order to improve the recognition rate.

3.2.1 Pre-Processing Using Whitenedfaces

As demonstrated by Liao et al. in [61], a pre-processing step of whitening and low-
pass filtering that flattens the power spectrum of face images and controls the noise at
high frequencies, can improve the recognition rate. A PCA method preceded by this type
of processing is referred to as whitenedfaces recognition.

The motivation behind the whitening technique resides in the spectral behavior of

natural scenes and facial images: their power spectra roughly fall with the increasing
spatial frequency according to a power law 1/ f“. This unbalanced power spectra may

result in potential problems when used in searching for structural information in an image
space, as the information at low frequencies may swamp the equally useful information at
high frequencies [61]. The solution in [61] is given basically by a combination of two
filters: a whitening filter that attenuates low frequencies and boosts high frequencies
yielding a roughly flat power spectrum across all spatial frequencies, and a low-pass filter
that controls the noise at high frequencies. This combined filtering component may be
integrated as a pre-processing step into a conventional PCA/ICA system.

In whitenedfaces recognition employing PCA (WPCA), a low-pass filter with

frequency response

L(f)=exp(=(f/1)") 3.1
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Figure 3.1. The effect of whitenedfaces pre-processing: original image (left hand side) and its processed
counterpart (right hand side).

is applied in order to avoid increasing the noise amplitude in image. The parameters are

set to f.=0.6f,

f=\/uz+v2 .

Subsequently, the whitening filter is applied to balance the power spectrum. Its

and n=5, and the absolute spatial frequency is computed as

ax

frequency response assumes the following expression
w(f)=rf"" (3.2)
where the optimal value of whitening parameter ¢, is found to be 2.5. From (3.1) and

(3.2), the whitening pre-processing is achieved by applying the combined filter as
W, () =W(LS). (3.3)
Multiplying the Fourier coefficients F(u,v) of the face image I(x,y) with the

combined filter W, (f), the result in frequency domain is obtained as

E,(u,v) =W ()L )F(u,v). (3.4)
As a final step of the pre-processing module, the whitenedface image 7, (x,y) is

computed by taking the inverse Fourier transform of (3.4). As an example, Figure 3.1
shows the result of applying the whitenedface algorithm to one of the face images from

extended Yale Face Database B.

3.2.2 Pre-Processing Using Discrete Cosine Transform (DCT)

In Ramasubramanian and Venkatesh [79], a method that combines the discrete
cosine transform (DCT) and standard PCA while at the same time takes into

consideration the characteristics of the human visual system (HVS) is proposed.
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Figure 3.2. Applying 2-D DCT: original image (left hand side) and a 3-D representation of 2-D DCT
coefficients (right hand side).

Two dimensional (2-D) DCT of the /™ face image in data set D (as denoted in
Section 2.2.3) is performed. Mimicking the HVS that is known to be more sensitive to the
low-frequency components of an image, the algorithm keeps only a certain number of
low-frequency DCT coefficients (see Figure 3.2) arranged as a column vector F;. In this
way, a corresponding data set D in the frequency domain is obtained as
D= {F,F,,...,F,}. By treating D as the training set just like in the standard PCA, a
PCA-based algorithm can be applied for face recognition purpose. The orthonormal
eigenvectors of the corresponding covariance matrix are called cosine-faces [79].
Because insignificant spectral components (i.e. the high-frequency DCT coefficients)
have been discarded, DCT-PCA based algorithms can perform faster recognition with
improved accuracy. In [79], it is observed that the recognition rate improves when 30%

of DCT coefficients in the low frequency range are kept.

3.2.3 Pre-Processing Using A Wavelet Illumination Invariant (WII)
Approach

In Goh et al. [38], a wavelet-based illumination invariant (WII) algorithm employing

the illumination-reflectance model is proposed. An image /(x,y) is regarded as the

product of a reflection function R(x, y) and a luminance function L(x, »), i.e.,

1(x,y) = R(x, y)L(x,y), 3.5)
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Ny

0

Figure 3.3. The effect of WII pre-processing: original image (left hand side), its processed counterpart
(middle) and the power spectrum of the processed counterpart (right hand side).

where the reflectance component contains information about the object of the scene and
the luminance component contains only geometric properties of the scene. The
illumination component L is basically a low-pass component, as the illumination does not
present high spatial changes, while the reflectance component R represents the structure
or edges of the image. Therefore, the assumption that function L varies slowly while
function R can change abruptly is employed and used to extract function R by applying
high-pass filtering to the logarithm of image. Taking logarithm of (3.5) transforms the
product of illumination-reflection model into a sum with two components that are low-
pass and high-pass respectively, and (3.5) becomes
log I(x,y)=log R(x,y)+log L(x,y). (3.6)
Next, a multi-level discrete wavelet transform (DWT) is performed to separate these
components. The more levels of decomposition are applied, the more the reduced-size
approximation image concentrates on the low frequencies. To eliminate the illumination
effects that may degrade the recognition rate, the wavelet coefficients of the reduced-size
approximation in low-low subband are set to zero, yielding a decomposed and modified
image function S(x,y). Subsequently, the image recovery process is performed in two
stages by taking the inverse DWT (IDWT) of S(x,y) followed by computing e’
where 7'(x,y) is the IDWT of S(x,y). As an example, this technique is illustrated in

Figure 3.3. The resulting image is used as an input in standard PCA process.

3.2.4 Pre-Processing Using Histogram Equalization (HE)

Histogram equalization (HE) (see Section 2.2.2 for the definition of histogram) is a

pre-processing approach which exploits a simple, yet efficient image processing
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Figure 3.4. The effect of HE pre-processing: original image and its processed counterpart (top row), and
their corresponding histograms (bottom row).

technique for contrast adjustment by using the histogram of the image. Ideally, it attempts
to create an image with pixel intensities uniformly distributed over the entire intensity
scale. In practice, HE effectively spreads out the most frequent intensity values,
enhancing the contrast of the image. Figure 3.4 illustrates the effect of HE pre-processing
when the MATLAB function “histeq” is employed.

The HE in conjunction with PCA-based algorithms has been employed in recent
work [70], [89] and [98] with improved performance for face recognition. The authors in
[98] propose a novel illumination compensation algorithm which uses block-based HE to
compensate for illumination degrees that may be encountered in human face images. In
[70], HE is applied as a photometric normalization technique, while in [89] it is utilized
as an initial step for a novel biometric authentication approach using PCA, regularized-

LDA and supervised neural networks.

3.3 A Pre-Processing Technique Based on Perfect Histogram

Matching

In this section, we propose a new pre-processing method based on histogram

matching that can be incorporated into the standard PCA for improved face recognition.
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The objective of the histogram matching is to obtain a homogeneous tonal distribution for
the face images in the data set D as well as for the input image I" (see Section 2.2.3 for
notation) by modifying the histogram of each image involved to match a desired
histogram. In this way, the lighting conditions and light intensities across the entire image
set tend to be equalized that in turn reduces the lighting-condition related discrepancy

between D and I', leading to an improved recognition rate.

3.3.1 Desired Histogram

Histograms have been employed for numerous spatial-domain processing techniques
for image enhancement, compression and segmentation, as they are straightforward to
compute and allow efficient hardware implementations for real-time image processing
applications [40]. It is well-known that images with either fairly dark characteristics or
predominantly light tones can be enhanced by histogram equalization (HE). HE produces
an image with nearly uniform distribution over the whole intensity scale, i.e. an image
with a flat histogram. More generally, image histogram may be modified to match a
particular histogram so as to highlight certain gray-level regions of the image [40]. On
the other hand, however, current methods for histogram matching achieve its goal only
approximately, see for example Section 4.2 of [40] and Section 7.3 of [48].

For a natural, well-balanced and homogeneous appearance across the face images in

data set 9, the Gaussian function

_(r=b)

hd(r):ae 2 , TE[r,r,] (3.7)

is chosen to be the desired reference histogram [84], [85]. Parameter b represents the
position of the center of the peak, ¢ controls the width of the bell shape, a is the height of

the curve’s peak, and [7,,7;_,] defines the interval where the Gaussian function specifies

the desired histogram.
Because the gray levels of a digital image always assume integer values and the
number of image pixels possessing a given gray level is also an integer, a discrete version

of the Gaussian histogram assumes the form
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Figure 3.5. Gaussian shape of the imposed histogram.

(—b)’

h,(r,)=round[ae ** ], fork=0,1, .., G-1

(3.8)

and, for images of size NXN , h,(r,) must satisfy the constraint

) (1 -b)
round[ae 2 ]=N’ (3.9)

0

Q

=~
I

which means that the total number of pixels in an image with the desired histogram
remains to be N”. For example, for an 8-bit image of size 128x128, we have N =128,
G =256, r,=0, and r,; =255. For a smooth tonal distribution of gray levels, one needs
to set the values of parameters b and ¢ to provide midtones [14], [55] and a high image
contrast [14], respectively. Under these circumstances, the left hand side term of (3.9)
becomes a function of one single variable a which can be readily tuned to satisfy (3.9).
For example, for 6=127.5, ¢=100 and N =128 (see Figure 3.5), the value of a
satisfying (3.9) is found to be a =99.4568.

3.3.2 Perfect Histogram Matching (PHM)

In what follows, we describe a technique that modifies the histogram of an image to
precisely match a desired histogram [85].

Let the histogram of a digital image I' of size NXN be given by
{h(,)=n,,k=0,1,..,G-1} and a desired histogram be given by

{h,(r,)=n",k=0, 1, .., G=1} having the same total number of pixels n=N" as the
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original histogram {A(r,)}. Viewing the image as a matrix I'={g,, i,/ =1, 2, ..., N},
we define index set
L ={G)):g; =n} (3.10)
Note that (1) the index set /, contains the pixel locations in the image having gray
level 7, ; (ii) its length, |/, |, is equal to n, ; and (iii) ZkG;;| I, |=N? =n. With these I,
defined, an ordered index-set sequence / can be constructed as

I={,1,..,1.}. (3.11)

We remark that I/,n[, =& for /#k and U]: I, covers the entire index set
{G,)), i,j=12,..,N}.

Now if we write index set I explicitly as I ={(i, j,), (i, },), ... (i,,j,)} and the
desired histogram in terms of a sequence as n'” ={n\",n'", .., !} which is
associated with the gray-level sequence r ={r;, r,, ..., ¥}, then a natural way to modify

the gray levels (hence histogram) of the given image to match n'® is to assign the first

gray level 7, to the first n\"’ pixels whose locations are specified by the first n\" indices
in sequence /. Next, one assigns the second gray level 7 to the next n pixels whose
locations are specified by the next n'*’ indices in Z, and so on. The process continues
until the last gray level r,_, is assigned to the n\”, pixels whose locations are specified

by the last n.”, indices in 1. From the way the index sequence [ is constructed and the

histogram of the given image is modified, it follows that (i) the histogram of the given
image so modified matches perfectly the desired histogram (see Figure 3.6); and (ii)
subject to perfect histogram matching, the changes made in the histogram of the given
image are minimized in the sense that the average difference between the original and

modified gray levels at any given pixel location remains the smallest.
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Figure 3.6. The effect of PHM pre-processing: original image and its processed counterparts using b =
127.5 and ¢ = 2000 (for flat histogram) and 100, respectively, (top row) and their corresponding
histograms (bottom row).

Figure 3.7. The effect of PHM and whitening pre-processing: three original images (top row) and their
PHM-enhanced counterparts (second row); one original face image, its whitened version and its
PHM-enhanced version (third row) and their corresponding power spectra (bottom row).
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Figure 3.8. A block diagram of the proposed method incorporating PHM as a pre-processing module.

3.3.3 An Algorithm for PHM

The implementation of the proposed perfect histogram matching (PHM) pre-
processing follows the outline [85]:
Begin: set index_length = 0;
Fork=0:1:G-1, do:
e construct the working index set /, of length n,({d) as the subset of set /, which consists of

the (index_length + 1) element through the (index_length + n,(cd) )" element in /;

e assign each of the pixels whose locations are specified by 7 to gray level r;;

o setindex_length := index_length + n,id) and k = k+1;
End

As an example, the PHM algorithm was applied to three facial images of size
128128 shown in the first row of Figure 3.7 with parameters set to b=127.5 and
¢ =100 . The pre-processing results are illustated in the second row of Figure 3.7.

For comparison purposes, the effect in spatial and frequency domains of the
whitening filter using (3.3) and the histogram-based processing using (3.8) is shown in
the third and forth rows of Figure 3.7 using one of the face images (for display purposes,
the whitened face image was re-scaled into range [0, 255]).

The proposed method can be summarized by the block diagram in Figure 3.8.
Central in the system, the PHM module is applied to the training set as well as the test
image to obtain a homogeneous tonal distribution. This is followed by a processing step
that yields feature descriptors which are subsequently used to represent and classify the

face image. The classification consists of two phases: one in which the discrimination
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between face/non-face and member/non-member images is attempted and another in

which face identification for member images is performed.

3.4 A Combined PHM — WII Pre-Processing Technique for PCA

The two techniques described above, namely the PHM [85] and WII [38], can be
combined into a pre-processing module for PCA. A block diagram of the combined pre-
processing algorithm used in conjunction with standard PCA method for face recognition
is shown in Figure 3.9.

As a first step, the PHM is applied to the training and testing sets to provide image
sets with more homogenous illumination conditions. This is followed by a WII pre-
processing module, described in Section 3.2.3, which mainly consists in decomposing the
image into its frequency components and discarding the low frequency subband from the
decomposed image. Subsequently, the output images are fed into a PCA algorithm to
generate classification results. Figure 3.10 illustrates the result of applying this combined

pre-processing module to a face image from the extended Yale Face Database B.

Test image
PHM Wil Classificat
| | PCA _ Classification
Desired LL coeff. results
Training set histogram setto 0

Figure 3.9. A block diagram of PHM — WII PCA algorithm.

Figure 3.10. The effect of PHM - WII pre-processing: original image and its processed counterparts after
applying PHM and subsequently WII, respectively.
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Figure 3.11. Image decomposition after one level of DWT.

3.5 De-Noising of Face Images by DWT and TV Minimization

Image de-noising has been a subject of extensive research in the past two decades.
Although very promising de-noising results have been reported using methods such as
wavelets, custom filtering, or anisotropic diffusion [77], the noise level in these
algorithms is often assumed to be known and constant for varying brightness values.

In image de-noising literature, noise is often assumed to be additive white Gaussian.
A commonly used noise estimation method is based on Donoho’s wavelet shrinkage
technique, the mean absolute deviation (MAD) of wavelet coefficients at the highest
resolution [21], [24], [25]. In [92], the authors propose three methods to estimate the
degree of noise corruption based on training samples and statistics of natural images,
starting from MAD. In [62], the authors introduce a technique for estimating the value of
an upper bound of the noise level in a single image based on a piecewise smooth model
image.

Our approach to the de-noising problem consists of two steps, namely wavelet based
noise estimation using MAD technique and total variation (TV) minimization for noise

reduction.

3.5.1 Noise Variance Estimation Using Wavelets

A noise-variance estimation technique was introduced by Donoho [21] as an
intermediate step from his de-noising algorithm. The estimation is evaluated from the
information located in the subimage that keeps the image details, i.e. the diagonal
component HH obtained in one-level of wavelet decomposition, see Figure 3.11. As

illustrated in Section 2.2.2, the subimage HH is obtained after high-pass filtering and
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down-sampling in both the vertical and horizontal directions. As a result, it contains high
frequency components of the image and a substantial portion of the noise.

Based on [21] and [25] an estimate of the noise variance is given by:

. 4 N2N2 N
=5 ZZ[HH(:’,]')—HH] (3.12)
i=1 j=1

- N/2 N/2
with HH = éZZHH (i, j) being the mean value of the diagonal component HH, and

i=l j=1
N XN being the size of the original image. This estimation is of importance in adjusting

the weighting parameter A for the de-noising algorithm based on TV minimization.

3.5.2 De-Noising Using TV Minimization

In this section, we consider the optimization problem (2.13) described in Section
2.2.2, with solution given in (2.15) and (2.16).

To speed up the algorithm we consider 4 >0 in (2.16) as a time invariant weighting
parameter and tune its value depending on the noise variance estimation (3.12). In this

perspective, (2.15) becomes:

ou 0 u 0 u
—=—| == |+—| —=—|-A-(u—u,) fort >0, (x,y)e Q
Jt  ox ,/ui+ui dy ,/ui+ui ( 2 (x.7) (3.13)
du(x,y) o
ON '

20
An explicit difference scheme for solving (3.13) is given in [65]. With weighting
parameter A, time step-size Az and number of iterations N as input parameters, one starts

with notation

u™ "
a—uz—l’] L ut =l +At-a—u
ot At i "/ ot
x, =ih, Y, = jh, fori, j=0,1,...,K, with K being the number of grid points

t, =nAt, forn=0,1,...

n

u; :u(xi,yj,tn)
0
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n+l

and computes solution u; ;" iteratively as follows

Fori,j=0,1,..,K -1, do

n+l _ _n
U j =U,;
ou"
+At| 8 S —
+ n 2 + n — n 2
[(5x”i,j) +(m(5y“i,j’5y“f,j))
ou
+At| &, L b —
+ 2 + - 2
(&) + ({320,800,

—At _ﬂ(ul"j —u, (ih,jh))

with

n

n ___.n n _..h n ___.n n o __
uO,j - ul,j’uK,j - uk—laui,o - ui,l’ and ui,K - ui,K—l

olu, :¢(“i¢1,j_“i,j)/h
Ou, ;= 1(”i,m _”i,j)/ h
m(a,b) =min mod(a,b)E(MJminﬂa , b|) .

3.5.3 Tuning the De-Noising Parameters

There are several input parameters which need to be properly adjusted in order to
achieve a satisfactory de-noising performance.

. The parameter of critical importance is 4. As we can see from (2.11), a small value
of A should be used to emphasize the regularization term when we deal with a
severely contaminated image, where the value of the noise variance estimation &~
computed via (3.12) is large. Similarly, for an image with less noise contamination, the
value 67 is small and a relatively large A should be chosen to emphasize the fidelity
term. Experimentally, it was found that A should be chosen within the range of

[0.005, 0.5], depending on the statistical features of the white additive Gaussian noise
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w. However, selecting a value too low for parameter A4 is not recommended, since this
may yield image blurring due to an intensive smoothing action.
. A reasonable choice for the time step size Ar appears to be in the range of

[0.1, 0.3]. The value of Az =0.25 was chosen in all our simulations.

(b)

Figure 3.12. TV de-noising with Af = 0.25 for an original image (a), noise-contaminated with noise
amount of 6% (b), using 4 =0.005 and N =10 (¢), 4=0.005and N =50 (d),
A=05and N =10 (e),and A =0.5and N =50 ().
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=  The algorithm runs a given number of iterations, N. An N too large leads to a very
smooth image of low quality. An optimal choice for the number of iterations is a
number less than 100.
Figure 3.12 illustrates the effect of varying parameters A and N when the TV-based
de-noising algorithm with parameter Az set to 0.25 was applied to a noise contaminated
image, where the maximum amount of noise added to the original image was set to 6% of

the maximum image light intensity.

Table 3.1. PSNR results for three sets of input parameters in TV de-noising step

. v
Noisy image WT 12205 N=10 | A0, N(o®) | A=0.005, N=50
Noise
amount | PSNRoere | 6> | PSNRyper PSNRuer PSNRuer
(%)
0.4 48.11 | 0.0000 |  44.03 44.03 33.73
0.8 42.07_0.0000 |  42.57 42.57 3371
1.2 38.53 | 0.0001 | 40.84 40.84 33.73
1.6 36.09 | 0.0001 |  39.10 39.10 33.69
2 34.15 00002 | 37.37 37.37 33.63
24 32.60 [ 0.0002|  35.83 35.83 33.67
2.8 3123 [0.0003 | 3435 35.76 33.65
3.2 30.07 [ 0.0004|  32.99 35.28 33.66
3.6 29.10 | 0.0005|  31.82 34.57 33.56
4 28.08 | 0.0007 |  30.60 3431 33.55
44 2733 [ 0.0008|  29.70 34.16 33.42
4.8 26.57 | 0.0009|  28.78 33.84 33.33
5.2 2586 [0.0011| 27.92 33.46 33.17
5.6 2523 [0.0013|  27.17 33.25 33.12
6 24.60 26.43
6.4 24.00 2571
6.8 23.49 25.12
7.2 23.01 24.56
7.6 22.52 23.98
8 22.10 23.50
8.4 21.68 23.01
8.8 21.33 22.62
9.2 20.90 22.13
9.6 20.51 21.68
10 20.22 21.36
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In our simulations, a set of 20 images from extended Yale face database B were
chosen for determining appropriate values for parameters 4 and N, with one pose per
each individual. The step performing noise variance estimation using WT with
Daubechies filters of length 6 as described in Section 3.5.1 and the step performing TV
de-noising as described in Section 3.5.2 were carried out using the same set of images.
Three sets of parameters shown in Table 3.1 were chosen for the TV de-noising. Zero-
mean additive white Gaussian noise with various variance values was independently

generated from image to image (see Section 3.7.5 for more details). The noise variance

estimation 6° was calculated using the normalized image pixel intensities (with values
between 0 and 1), and the PSNR values before (PSNRper) and after (PSNR.r) applying
the TV de-noising algorithm with three different sets of parameters were recorded. The
PSNR values averaged over the 20 images are shown in Table 3.1.

Assuming that a higher PSNRs., value leads to higher recognition rates, one may

adjust the parameters 4 and N based on estimated noise variance 6~, as indicated in the

following decision block:

if 67 <0.0003, then 4 =0.5 and N =10

if 0.0003 <67 <0.0006, then 4 =025 and N =30
if  0.0006 <67 <0.0009, then 2=0.1 and N =40
if 0.0009 <67 <0.0012, then 4 =0.05 and N =45
if 0.0012 <67 <0.0015, then 4=0.02 and N =48
if 6°>0.0015, then 4=0.005 and N =50

(3.14)

Parameters A and N were chosen as piecewise constant functions approximating the
behavior of an exponential decay and recovery, respectively, as illustrated in Figure 3.13.

This choice provided satisfactory results for 6> in range [0, 0.0041] as shown in Table

3.1.
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20+ B

Figure 3.13. Piecewise constant functions A(6”) - top, and N(6™) - bottom.

WT TV
Test image 9 a - : : ~ Processing | Classification
Noise variation Noise reduction method results
estimation from preserving facial y
HH coeff. features
A
y Training set
Tuning the parameters

N(6), A6")

Figure 3.14. A block diagram of WT — TV pre-processing module.
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To summarize the proposed de-noising procedure, Figure 3.14 illustrates a block
diagram of WT — TV de-noising algorithm presented above. As a first step, WT is
applied to the testing set to estimate the noise variance of each test image. Based on this,
the input parameters for TV algorithm are adjusted and the de-noising process is
accomplished. Subsequently, a face recognition technique is applied to the training set

and de-noised test image, and the classification results are acquired.

3.6 Dealing with Face Occlusions

Partial face occlusion introduces a challenging problem in face recognition. Face
recognition systems often confront occluded faces in real world applications, as the
systems need to deal with people wearing common accessories, such as scarves or
sunglasses, covering their face with their hands, or carrying different objects which may
obstruct their face. Face occlusion may also occur when external objects partially occlude
the camera view [29]. Therefore, a face recognition system has to be robust to occlusion
in order to guarantee reliable results.

Several studies have been conducted in order to address this problem. In [68], face
images are analyzed locally in order to handle partial face occlusion, where the face
image is divided into local regions and for each region an eigenspace is constructed. In
this way, if a region is occluded, it will automatically be detected. Moreover, weighting
of local regions are also proposed in order to provide robustness against expression
variations. A similar approach is presented in [94], where a self-organizing map is used to
model the subspace instead of Gaussians or mixtures of Gaussians as in [68]. In [34],
robustness against occlusion is provided by combining subspace methods that aim at best
reconstruction (such as principal component analysis), with subspace methods that aim at
discrimination (such as linear discriminant analysis). In [36] a generative model based
approach is proposed, where the model assumes that image pixels are generated by an
inlier process which is responsible for producing the majority of the data, or an outlier
process which generates pixels not adhering to the inlier model. Partitioning into inlier
and outlier regions is made by employing a hidden binary map which is modeled as a

Markov random field, and inference is made tractable by a mean field EM-algorithm. A
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very recent approach, different from those mentioned above, consists of utilizing sparse
signal representation to analyze partially occluded face images [97].

Below we present a simple yet effective approach to deal with two types of facial

occlusions which may be encountered in a face recognition process, namely the eyes
occlusions and chin occlusions.
Given a test image, the potential occlusion problem is handled in the pre-processing step.
First the test image is examined to see if occlusion of eyes or chin (i.e. if the person wears
sunglasses or has beard/scarf, respectively) exists. This is done by applying a binary
mask to the original test image to select the regions of interest ; and r», as illustrated in
Figure 3.13. Subsequently, a decision is made based on the mean values of regions of
interest. Let thr; be the threshold light-intensity value below which the regions of interest
are considered occluded. In addition, let thr, be the maximum allowed mean difference
between the two regions of interest. As the two mean values mean(r;) and mean(r>)
should be similar when occlusion is present, occlusion is claimed only when mean(r;)
< thr;  mean(r;) < thr; and |mean(r;) - mean(r,)| < thr,. If there is an eye or chin
occlusion, then a binary occlusion mask is artificially created and applied to the test
image and entire training set. In this way, negative effect of occlusion on recognition
performance is largely eliminated, and equal conditions are created among the training
set and test image which are subsequently fed into processing face recognition module
and classification results are attained. For eye occlusion, an occlusion mask covers
approximately one quarter of original image, while for chin occlusion it covers roughly
one third of it.

A block diagram of this occlusion-resolving algorithm, shortly referred as OCCL, is

given in Figure 3.15.
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Test image Training set

Extract regions of interest

if
mean(r;) < thr; and

mean(r;) < thr; and NO OCCLUSION

|mean(r;) - mean(r,)| < thr,

OCCLUSION

Apply occlusion mask to test image and training set

Y

Processing <

method

v

Classification
results

Figure 3.15. A block diagram of OCCL algorithm.
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3.7 Experimental Results

As a general pre-processing algorithm, PHM may be incorporated into practically
any face identification method to enhance its robustness to various facial expressions and
illumination-related discrepancies. In this section, this point is illustrated by considering a
case study where the PHM algorithm is applied to both the input image I" and data set D
prior the application of the conventional PCA algorithm. Throughout, the proposed
method will be referred to as the perfect histogram matching PCA (PHM-PCA). Our
study aims to evaluate the performance of PHM-PCA and compare it with WPCA [61],
DCT-PCA [79], WII-PCA [38] and PCA [96] algorithms. The proposed algorithm is also
compared with a PCA-based algorithm which incorporates a HE pre-processing step. The
Yale Face Database and extended Yale Face Database B have been chosen as image
databases as they include more frontal images per class (subject) than several other test

data sets (such as FERET) and the images do not need to be rescaled.

3.7.1 Results for the Yale Face Database

A. Choosing Parameters for Gaussian Histogram
In all simulations, the Gausssian histogram in (3.8) was utilized as the reference

histogram where the parameters were set to be G=256, r, =0, and r,, =255. For a

balanced histogram with midtones, b was set to 127.5. In order to determine the value of

Table 3.2. Ten cases from Yale Face Database

Case Poses for training set Poses for testing set
(for all 15 members) (for all 15 members)

1 ‘a’, ‘c’, ‘d’, ‘e’, ‘g’ ‘h’, v ‘> — normal pose
2 ‘a’, ‘d’, ‘e’, ‘g’ ‘f” — normal pose
3 ‘a’, ‘e’ ‘f” — normal pose
4 ‘a’ ‘f — normal pose
5 ‘a’, ‘d’, ‘e’, ‘g ‘c’ — happy pose
6 ‘a’, ‘d’, ‘e’, ‘g’ ‘h’ — sad pose
7 ‘a’, ‘d’, ‘e’, ‘g’ ‘1’ — sleepy pose
8 ‘a’, ‘d’, ‘e, ‘g’ ‘j” — surprised pose
9 ‘a’, ‘d’, ‘e, ‘g ‘k’ — wink pose
10 ‘a’, ‘d’, ‘e’, ‘g’ ‘b’ — with glasses pose
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¢, an exhaustive search was conducted in that the PHM-PCA was applied to a total of ten
cases, each with specific training set and testing set. As shown in Table 3.2, these ten
cases considered various facial expressions (Cases 1 - 9) and face obstruction (Case 10).
For additional details on these ten cases the reader is referred to Appendix 1. In each
case, the training set P consisted of several selected poses of all 15 members while the
testing set consisted of all 15 members with one selected pose. For example, in Case 2, D
contained a total of M =60 face images involving K =15 members, each with L =4
poses ‘a’, ‘d’, ‘e’, and ‘g’; and the testing set contained 15 images from 15 members,
each with a normal pose ‘f”. In the search, the PHM-PCA was applied to all ten cases
with ¢ varying in the range of [1, 1100] and face-space dimension p (see Section 2.2.3)
varying in the range of [4, 15]. The value of ¢ that achieved the best overall recognition
rate was found to be ¢ =100. The above parameter values were employed throughout our
simulations with the Yale Face Database and extended Yale Face Database B.
B. Choosing Parameters for Other Test Algorithms

For all PCA-based algorithms evaluated in this section, the number of eigenfaces (p)
was consistently chosen to be in range of [4, 15], which represents 5% up to 50% of the

available number of eigenfaces. For WPCA, the parameters of interest were chosen as in

[61], ie. f.=0.6f ., n=5 and o,=2.5. While HE-PCA does not require any input

parameter, in DCT-PCA algorithm 30% of DCT coefficients were employed for further
processing with PCA [79].
C. Face/Non-Face and Member/Non-Member Discrimination

The training set P used in this case consisted of a total of M =48 images from Yale
Face Database with K = 12 individuals out of the 15 available subjects from the database,
each with L = 4 poses, ‘a’, ‘d’, ‘e’ and ‘g’. As a result, there were available M =48

eigenfaces from which a subset of p =12 was chosen to represent the face images.

The testing set used to evaluate the discrimination performance of PCA, WPCA, HE-
PCA, DCT-PCA and PHM-PCA between face/non-face and member/non-member
images consisted of pose ‘f” of the 12 individuals from the training set, who represented
the member images, same pose ‘t” of the remaining three individuals from the database,

who represented the non-member images, labeled as img 8f, img 11fand img 15f, plus
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Figure 3.16. The three non-face images airplane 1, boats 1 and goldhill 1, obtained from cropping the
original images.

three non-face images, labeled as airplane I, boats 1 and goldhill 1, obtained by
cropping images airplane, boats and goldhill to size 128 x128, see Figure 3.16.

In what follows, we use C”” to denote the set of face/member images, and "’ and
c"™ to denote the sets of non-face images and non-member images, respectively.

To evaluate the discrimination performance of the five methods, we introduce a
measure called gap(f), which quantifies the distance between the class of non-face images

" and the class of face images C™ with respect to face space U (see Section 2.2.3).

This measure is defined by

o) _ min(d\"") —max(d"")

100 (% 3.15
min(d\") C4) (3-15)

gap

where min(d{"’) is the smallest d, defined by (2.19) among all non-face images in

", and max(d\”) denotes the largest d, among all face images in C'/.

In addition, a similar measure gap(m) is defined for quantifying the distance
between the class of non-member images C"” and the class of member images C'™
with respect to face space U as

- (nm)y _ (m)
)y _ mm(dmm‘ )—max(d ;') 100 (%) (3.16)
min(d\""™)

min

gap

where min(d\""”

1n

) is the smallest d_, defined by (2.20) among all non-member images

in ¢, and max(d”)) denotes the largest d_.among all member images in C/™.

n
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Table 3.3. Face/non-face and member/non-member gaps [85]

PCA WPCA HE-PCA DCT-PCA | PHM-PCA
gap?” | gap™ | gap” | gap™ | gap” | gap™ | gap” | gap™ | gap” | gap™”
43.09 | - | 2142 | - | 4796 | 464 | 4323 | - | 5093 | 691

From the definition in (3.15), it follows that a bigger positive gap(f) indicates easier
face/non-face discrimination, while a negative value of gap?” indicates that no
discrimination can be made, as the classes C"’and C“ overlap with each other. A
similar claim can be made for member/non-member discrimination based on definition
(3.16). The evaluation results are summarized in Table 3.3 from which it is observed that
PCA and DCT-PCA produced a high gap for face/non-face discrimination, but failed to
discriminate members from non-members; WPCA provided only a small gap for
face/non-face discrimination and failed in member/non-member discrimination; HE-PCA
succeeded in discriminating both cases; and the highest gaps for face/non-face
discrimination and member/non-member discrimination was offered by PHM-PCA.

Finding the gaps can be considered as a training phase for face/non-face and
member/non-member discrimination. Using the information involved in calculating the
gap measures in (3.15) and (3.16), the face/non-face discrimination threshold can be

localized in the middle of the distance between the class of non-face images C/ and the

class of face images C'™ (i.e. in the middle of gap"’), and obtained as

min(dé"f )) - max(déf ))
2

thr") = max(d{")+ (3.17)

while for member/non-member discrimination the threshold can be localized in the
middle of the distance between the class of non-member images C"” and the class of

member images C” (i.e. in the middle of gap™), and obtained as

(g (m)
thr™ = max(d™) + min(d,;,") —max(d,;, )
min 2

In the light of definitions in (3.17) and (3.18), given a test image I', first the

(3.18)

Euclidean distance d, between the input image I' and the face space (see (2.19)) is
compared with the threshold A7 in (3.17). If distance d, is found to be below the

value of thr'", the input image T is classified as a face image, otherwise it is considered
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a non-face image. Next, if I" turns out to be a face image, it can be classified as a class

member or non-member face, by comparing the distance d . (see (2.20)) with the

threshold tAr™ in (3.18). If d__ <thr™, then the input image T' is identified as a

member of a class, else it is considered a non-member.

To illustrate the discrimination process, we examined the same training set with a
total of M =48 images from Yale Face Database and p = 12 eigenvectors, and a new set
of test images consisted of pose ‘c’ of the 12 individuals from the training set, who
represented the member images, same pose ‘c’ of the remaining three individuals from
the database, who represented the non-member images, labeled as img 8c, img 11c and
img 15¢, plus three non-face images, labeled as airplane 2, boats 2 and goldhill 2,
obtained by cropping images airplane, boats and goldhill to size 128x128, see Figure
3.17.

We hierarchically performed face/non-face and member/non-member discrimination
where the threshold values were set in accordance with (3.17) and (3.18). The face
classification results for the five algorithms under testing are given in Table 3.4 in terms
of TP, TN, FP, FN and TPR (see Sections 2.3.1 and 2.3.2). We remark that a (member or
non-member) face image correctly identified as belonging to face class contributes one
unit to TP, while a non-face image correctly identified as belonging to non-face class
contributes one unit to TN. The performance measure FPR was not included in Table 3.4,
as the total number of testing images that were not faces or not members was rather
small, hence the ratio based on them was not representative in a statistical sense. At a
glance, one may see that, in fact, a zero value of FPR was attended by all PCA-based

algorithms, with only one exception for WPCA.

I

Figure 3.17. Another three non-face images, airplane 2, boats 2 and goldhill 2, obtained from cropping
the original images.
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Table 3.4. Face classification results for the five PCA-based algorithms

PCA WPCA HE-PCA | DCT-PCA | PHM-PCA
TP 13 10 14 13 14
TN 3 2 3 3 3
FP 0 1 0 0 0
FN 2 5 1 2 1
TPR 0.87 0.67 0.93 0.87 0.93

Table 3.5. Member classification results for HE-PCA and PHM-PCA algorithms

HE-PCA | PHM-PCA
TP 10 11
TN 1 1
FP 1 1
FN 2 1
TPR 0.83 0.92

Next, for the HE-PCA and PHM-PCA algorithms who provided a positive value for
gap™ (see Table 3.3), the TP face-identified instances from Table 3.4 were further
analyzed for member/non-member discrimination. Table 3.5 illustrates the performance
of the five algorithms in classification of member images by means of TP, TN, FP, FN
and TPR.

Finally, on comparing the results in Table 3.3 with those in Tables 3.4 and 3.5, we
note a positive correlation between the gaps and TPR, which justifies the definition of the
gaps in (3.15) and (3.16). In addition, although this section is not concerned with the face
identification task, we note that the PHM-PCA algorithm provided a face recognition rate
of 81.8% as opposed to 70.0% of the HE-PCA algorithm, when the TP instances for
member discrimination process were considered (see Table 3.5).

D. Face Identification

As a first step of our simulations for face identification, all ten cases in Table 3.2
were examined. Figure 3.18 illustrates the comparison results of the five methods in
terms of recognition rate versus number (p) of eigenfaces employed. The plots in Figure
3.18 show how the recognition rate was improved by utilizing the PHM-PCA algorithm
as long as more than 3 eigenvectors were employed for image representation. It is also
observed that the performance of PHM-PCA algorithm was quite robust versus the

number of images used in the training set. As a matter of fact, even with a reduced



56

Chapter 3 — Pre-Processing Methods

Case 2

Case 1

LLLLLL L
DD

o O O O o o

(%) 9re1 uontugooal

range of p

range of p

Case 4

Case 3

Q 9 9O O 9O O
m © © ¥ N
(%) 91exr uonIugo29I

RV

Qo 9O 9 O 9o o
o W © ¥ «

(9%) 2181 UOIITUT0IT

range of p

range of p

Case 6

Case 5

[T ITITITITIT]
RN

-

(%) 9re1 uonugooal

o 9O 9O O 9O o
© ®© © T N

(%) 9181 UONTUT0I3I

range of p

range of p

Case 8

Case 7

o O O O O o
Q 0 © < N

(=]

(%) arex uonrugooar

1%

13

o O O O o o
Q © © ¥ N

=}

(%) 9re1 uonIu3ooa1

range of p

range of p

Case 10

Case 9

o
Q o © <

(%) e uonIUZ0021

range of p

range of p
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Yale Face Database.
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training set such as in Cases 3 and 4, the PHM-PCA method outperformed the other four
algorithms.

In terms of identification robustness to changes in facial expression (Cases 1 — 9),
Figure 3.18 shows that PHM-PCA demonstrated satisfactory performance, with one
exception when the training set was very small (Case 4). For slightly obstructed facial
images (Case 10), PHM-PCA also offered the best performance among the five

algorithms tested.
3.7.2 Results for the Extended Yale Face Database B

Face identification under various lighting conditions was also examined in our
simulations. For this we employed the extended Yale Face Database B with a selection of
560 images representing 20 individuals with 28 poses per person. Each image was further
manually cropped to a size of 168x168. The training set contained a total of 400 images
representing 20 individuals with 20 poses per individual (see Figure 3.19). For each
individual, eight new poses with various illumination conditions were considered for
testing. This yielded eight testing sets, each containing 20 facial images. Figure 3.20
illustrates as an example eight poses of an individual, each of which belongs to a testing
set.

The effect of adopting various number (p) of eigenvalues and lighting conditions on
face recognition rate by the five algorithms is illustrated in Figure 3.21. It is observed that
as long as the lighting condition was such that did not generate large shadowed areas on
the face (Cases 1 — 4), PHM-PCA, HE-PCA, and WPCA exhibited comparable and
satisfactory performance. Under more extreme lighting conditions (Cases 5 — 8), PHM-
PCA was found to outperform the other four algorithms with one exception in Case 8
with p = 20.

Finally, the complexity of the algorithms was examined in terms of normalized
elapsed time. Elapsed time rather than the amount of arithmetic computations was chosen
as a complexity measure because some of the algorithms under comparison, including
HE-PCA and PHM-PCA, involve considerable non-arithmetic operations. Here the
elapsed time was normalized so that the elapsed time taken by the conventional PCA to

perform a face identification task was set to unity.
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Figure 3.19. Training set containing 20 individuals (top four rows) with 20 poses per individual (bottom
four rows, exemplification for first individual) from the extended Yale Face Database B.
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Figure 3.20. Eight illumination conditions considered for eight testing sets.

Table 3.6. Normalized elapsed time for the five algorithms

PCA WPCA HE-PCA DCT-PCA PHM-PCA
1 1.32 1.10 0.54 1.24

Table 3.6 summarizes the average normalized elapsed time over 100 trials of the five
algorithms. As expected, DCT-PCA was found to have least complexity. The elapsed
time required by PHM-PCA was found slightly higher but comparable with those of HE-
PCA and PCA, and less than that of WPCA.

3.7.3 Results Employing PHM — WII PCA Algorithm

The PHM — WII pre-processing module in conjunction with standard PCA was
tested on both the Yale and extended Yale face databases.

Figure 3.22 presents the recognition rates achieved by WII PCA versus those
obtained by PHM — WII PCA, when the ten cases from Yale Face Database were
considered. In most cases, the performance of the PHM — WII PCA method in terms of
recognition rate was found to be superior to that of WII PCA. Noticeable exceptions were

encountered in Cases 3 and 4 as a result of employing a reduced number of eigenfaces.
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Figure 3.23. Comparison results for WII PCA (solid grey bar) and PHM-WII PCA (solid black bar) using

the extended Yale Face Database B.

For the eight cases using the extended Yale Face Database B, Figure 3.23 illustrates
the results attained by PHM — WII PCA compared with those obtained by WII PCA.

We can see that for facial images with no pose variations, when more that 20

eigenfaces were used (representing a total of 5% of the available number of eigenfaces),
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the combined PHM — WII PCA algorithm achieved 100% recognition rate for all eight
cases. Surprisingly, for Cases 7 and 8 with more drastic illumination conditions, both
algorithms under comparison obtained 100% recognition rates even when 10 eigenfaces
were employed.

We also note that for images with illumination variations (i.e. images from extended
Yale face database B) the performance of both algorithms was substantially better than
for images with slight pose variations (i.e. images from Yale face database), which was
expected as the WII module is an illumination invariant pre-processing step specifically
designed to deal with various lighting conditions. The PHM module was found to bring
further improvement when applied as a pre-processing step prior to the application of the

WII PCA algorithm.

3.7.4 Robustness to Noise and Face Occlusions

In order to evaluate the performance of WT — TV and OCCL pre-processing modules
in conjunction with PHM PCA algorithm, we chose the extended Yale Face Database B
as the dataset, as its images present a large variety of illumination conditions that
imposed additional challenges for the de-noising and face occlusion-resolving algorithms
compared to the moderate pose variations for the images from Yale Face Database.

A. Results for Noise-Contaminated Images

In order to evaluate the de-noising capability of WT — TV algorithm we considered
the eight cases from the extended Yale Face Database B. The PHM PCA method was
chosen as a point of reference and it was tested using noise-contaminated test images.
The test images were obtained by adding white Gaussian noise with various variance
values (see Section 3.7.5 for further details on noise amount).

Figure 3.24 illustrates the performance of PHM PCA under three scenarios: (a) no
noise was applied to the test images; (b) noise was applied to test images, but no de-
noising was performed; and (c) noise was applied to test images followed by WT — TV

de-noising.
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Figure 3.24. Comparison results for PHM PCA (solid grey bar), PHM PCA with noisy test images and no

de-noising (diagonal stripped bar), and PHM PCA with noisy test images and WT — TV de-

noising (solid black bar) using the extended Yale Face Database B.
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As expected, when noise was added to the test images and no de-noising was
performed, the recognition rates were reduced, especially for more challenging Cases 5 to
8, with a drastic decrease of recognition rate in Case 8. The WT — TV de-noising
algorithm yields good results in the last four cases depicted in Figure 3.24, increasing the
recognition rate up to 40% (see Case 8).

B. Results for Images with Face Occlusion

The ability of the algorithms to deal with facial occlusion was examined for the eight
cases of extended Yale face database B. The PHM PCA algorithm was used as a point of
reference. The assumption that all testing images have occlusions was made. Results of
combining the OCCL pre-processing module with PHM PCA algorithm are presented in
Figure 3.25. We remark that eyes occlusion is found to have a greater impact than chin
occlusion on recognition capability of OCCL PHM PCA algorithm for more challenging
Cases 5 — 8.

3.7.5 Implementation Issues

The implementation of proposed and tested algorithms presented in this thesis was
carried out using MATLAB. Below we discuss some of the issues encountered during the
implementation of the above pre-processing algorithms.

A. WII Algorithm

» As a first step of the algorithm, the logarithm function was applied to original gray
scale image which has pixel intensity values between 0 and 255. However, for zero
intensity values, the logarithm function is not well defined. The solution was to add a
small positive constant £ to each image pixel intensity value before taking the
logarithm of image, and to subtract the same amount & after the exponential function

was performed. A proper value of £ with satisfactory performance was found to be 1.
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Figure 3.25. Comparison results for PHM PCA (solid grey bar), OCCL PHM PCA with eyes occlusion
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extended Yale Face Database B.
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= Wavelet transform was applied to an image employing the MATLAB functions
“wavedec2” for the wavelet decomposition (analysis) step and “waverec2” for the
wavelet reconstruction (synthesis) step [110]. These functions are available in the
Wavelet Toolbox. Alternatively, wavelet transform for images was carried out with
identical results using commands “wt2d” and “iwt2d” available through the freeware
Uni_Wave Toolbox [111].

B. HE Algorithm

= Histogram equalization function was implemented using the MATLAB function
“histeq”. The MATLAB command maps roughly equal number of pixels to each gray
level producing a new histogram, which is approximately flat [110].

C. WT - TV De-Noising Algorithm

* Throughout the entire set of simulations related to the WT — TV de-noising
procedure, the noise contaminated test images were constructed as follows. For each
individual image, a specific seed was assign to generate the random noise. The
maximum noise amount was varied, from image to image up to a value of 10% of the
maximum pixel light intensity. As a result, various variance values were obtained for
each image, up to a maximum value of 0.0041, when a normalized range of pixel
light intensities (i.e. [0, 1]) was considered.

* To implementing the TV minimization procedure in Section 3.5.2, uniform grid

points were used, with grid spacing Ax=Ay=h=1 [65].

3.8 Summary

The PHM method proposed in this chapter is conceptually simple, easy to apply and
computationally efficient, and it can be used as a pre-processing module in combination
with face recognition processing techniques, for instance with conventional PCA. Our
experimental results have shown its efficiency in improving face recognition rates in
comparison with several existing pre-processing techniques, e.g. WPCA [61], DCT-PCA
[79] and HE-PCA. In addition, it may be used in combination with other pre-processing
steps, such as WII technique [38], WT-TV de-noising or OCCL occlusion-resolving

algorithm.
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Chapter 4

An Extended Two-Dimensional Principal

Component Analysis Technique

4.1 Introduction

Numerous PCA-based methods have been developed to improve PCA performance
since the original work on PCA [96]. As argued in [3], a considerable amount of
information that is useful for face recognition tasks may be contained in the higher-order
relations among pixels. On the other hand, the PCA considers only second-order
statistical information, taking into account the global structure of the image. In [19], [41],
[46] and [93] the original PCA is enhanced by taking into account local features by sub-
pattern techniques, partitioning the original face images into several smaller sub-patterns.
Moreover, the method in [46] combines an image partition technique with vertically
centered PCA and whitened horizontally centered PCA to obtain a novel hybrid approach
with recognition performance superior to the traditional methods.

A two-dimensional (2-D) approach was proposed by Yang et al. in [100]. It consists
of an image projection technique in which images are treated as matrices instead of
vectors as in the original PCA [96]. This method leads not only to better recognition
rates, but also to improved computationally efficiency.

In this chapter, we take a close look at the 2-D PCA algorithm in [100] and propose
an extended 2-D PCA (E-2DPCA) algorithm that utilizes a pair of covariance matrices to
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extract both row-related and column-related features of facial images. In conjunction with
our extension is a new criterion for face classification. Finally, we examine the
performance of the proposed algorithm and its robustness to noise and face occlusion.
This chapter is organized as follows. Section 2 introduces some background material
related to the 2-D PCA technique. In Section 3, an extended 2-D PCA is proposed along
with a new classification criterion. Performance evaluations of the proposed technique
and comparisons with standard PCA and 2-D PCA methods are presented in Section 4,
where experimental results illustrating the robustness of E-2DPCA to noise and face
occlusion are also included. In addition, Section 4 addresses several implementation

issues encountered during the evaluation tests.

4.2 An Overview of 2-D PCA Method

Herein we present an overview of the 2-D PCA method recently proposed by Yang
et al. [100].

Unlike the conventional PCA algorithm (see Section 2.2.3), the 2-D PCA (2DPCA)
algorithm developed in [100] treats an image of size N X N as an N X N matrix rather
that a vector of length N’. This is obviously a more natural way to deal with digital
images, and it leads to a covariance matrix of much reduced size compared to its 1-D
PCA counterpart. Given a set of M training face images {4;,i =1, 2, ..., M}, a covariance
matrix is constructed as

M

>(4-4) (4,-4) 4.1)

G:L i i
M5

- - : : - 1 &
where A denotes the mean of the M training face images, i.e., A:ﬁ E A4, . Let
k=1

{x, x,,---,x,} be the orthonormal eigenvectors of G associated with the first largest p
eigenvalues. Each image A4; in the training set corresponds to a feature matrix

B = [ yy yj(;)] with columns given by the linear transformation

yW=4x, fork =12, ..,p. (4.2)
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Similarly, a test image A is associated with a feature matrix B = [y y» --- »,] where
vi = Axy. In this way, a distance between a test image 4 and a training image A4; is induced

in terms of the Euclidean distance between their feature matrices as
N (0
d(B,B)=|v. -], (4.3)
k=1

Based on the evaluation of these distances d(B,B,) fori=1,2,...,M , a test image

can be identified as whether or not it is a face image and, if it is, to which class it belongs,

in a way similar to the 1-D PCA method of Turk and Pentland [96].

4.3 An Extended 2-D PCA Technique

In what follows we propose an extension of the existing 2DPCA algorithm, referred
as E-2DPCA [86]. First, observations that motivate our study are made. This is followed

by technical details of the algorithm and experimental results.

4.3.1 Motivation

Egs. (4.1) and (4.2) describe two key components of the 2-D PCA algorithm [100]:
(4.1) constructs a covariance matrix G of the training facial images and (4.2) builds a
feature matrix of a facial image by orthogonal projection of the image onto the p most
significant eigenvectors {x;, k=1, ..., p} of G.

We note that the projections performed in (4.2) are for the rows of 4;. Consequently,
matrices B and B; defined in [100] (see Sec. 4.2) are row-related feature matrices. A
question that naturally arises is why not to use also the column-related features of an
image? And, subsequently, what should one do to generate a column-related feature
matrix for a given image? Since the covariance matrix G in (4.1) is designed exclusively
for row-related features, one needs a different covariance matrix for extracting column-
related features. Presented below is an extended 2-D PCA technique in which we work
with a pair of covariance matrices, associate them to respective feature matrices, and

develop a new criterion for face classification.
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4.3.2 The E-2DPCA Method

Given a set of M training face images A; of size m X n, which contains K classes

(individuals) {€,, 7 =1, ..., K} of data, with each class having L = M/K images denoted

by {A,g”,k =1,2,---,L}. We define a pair of covariance matrices {G, H} of respective

sizes n X nand m X m as

G:ﬁi(Ai—Z)T(Ai—Z) (4.4.2)

i1

1 & - —\T
H—MZ(A.—A)(AI,—A) , (4.4.b)

i1

B

where A4 =—ZAZ.. Note that Ge R™ in (4.4.a) is the same covariance matrix as
P

defined in (4.1) which is employed in [100], while He R™™ in (4.4.b) is a new

covariance matrix designed for extracting column-related features (see below).

Let {xi, k=1, ....,p} and {zx, k=1, ..., p} be the p orthonormal eigenvectors of G
and H that are associated with the first largest p eigenvalues, respectively. Given a test
(facial) image 4, we construct two feature matrices, denoted by R and C, by orthogonal
projection of the rows of 4 onto {x;, k=1, ..., p} and columns of 4 onto {z;, k=1, ...,

p}, respectively. Namely,

R=A-X=[r, 1, - 7] (4.5.)
CZZT'AZ[CI c, CP}T, (4.5.b)
where X =[x1 X, - xp} and Z =[zl Z, e zp} are the optimal projection

matrices of size nx p and mXp, respectively. Note that Re R™"is the same feature

matrix as that used in [100], while C e R”" gathers column-related features of the image.

In the same way, for each class €, in the training set, a pair of class-average feature

matrices {R j,E ;1 are defined as the arithmetic means over the row-related and column-

related feature matrices of the images in that class respectively, i.e.,
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- 1& 1 <& —

R, =ZZR,§” = [ZZA;”]X =4,-X (4.6.2)
k=1 k=1

__lL () — 7T 1< N |\ =77 .4

cj_zkz;ck =z". Z;Ak =Z"-4, (4.6.b)

where 4 ;= (22:1 AV / L is the arithmetic mean of the images in class Q Jr
In this way, any test image and any class from training set has similar representations
consisting in a pair of row-related and column-related feature matrices.

4.3.3 Classification Employing Nearest Neighbor Classifier

With the definitions and notation in (4.5) and (4.6), the Euclidean distances between

a test facial image 4 and class Q are defined as

R , 4.7)

where 7/ and ¢{”’ are the K" column and row of R, and C,, respectively. Based on
these, a new criterion for facial image classification can be formulated as follows:

(1) Letd, = min(d;"”) thatis reached atj =, .

1< /<K

(i) Let d; = min(d;”) that is reached atj = j..

1<j<K

(i1i1)) The facial image A is classified to belong to class Qj* where

. o itd<a
j :{J (4.8)

j. if d’>d..
We remark that by regarding the pair of Euclidean distances [d}’) d.f.")] as a two-
dimensional measure between a test image 4 and class €, the criterion proposed above

is merely one of the many possibilities, which is found to offer satisfactory performance

(see Section 4.4). Another possibility is to use a weighted / -norm to combine the two

distances d;") and d;").
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E-2DPCA
Row-related processing Column-related processing

- covariance matrix G - covariance matrix H
- optimal projection matrix X - optimal projection matrix Z
- feature matrix R - feature matrix C
- distance d. - distance d.

Y

Classification criterion

distance d = min( d,, d..)

/

Classification
results

Figure 4.1. A block diagram of the E-2DPCA algorithm.

To summarize the proposed 2-D extension of existing 2DPCA method, the block

diagram in Figure 4.1 illustrates the proposed E-2DPCA algorithm. It is expected that the

dual processing (on rows and on columns) of a test face image will increase the

likelihood of correct face identification.

4.4 Experimental Results

The performance of the E-2DPCA algorithm [86] was evaluated and compared with
PCA [96] and 2DPCA [100]. The Yale Face Database and extended Yale Face Database

B were used as image databases for performance evaluation as they include slight frontal

pose variations and various illumination conditions, respectively.
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Figure 4.2. Comparison results for PCA (solid grey bar), 2DPCA (solid white bar) and E

bar), for all ten cases from the Yale Face Database.
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Figure 4.3. Six illumination conditions from the extended Yale Face Database B considered for six testing sets.

4.4.1 Performance Comparison

To investigate the algorithms’ performance for facial images with various
expressions and face obstruction, we examined the ten cases shown in Table 3.2 (see
Appendix 1 for more details). Figure 4.2 illustrates the results of applying PCA, 2DPCA
and E-2DPCA to these ten cases, in terms of recognition rate versus number of
eigenfaces (p) employed. One can notice that the recognition rate was improved for Cases
2,4,5,7,9 and 10 when E-2DPCA was utilized. For Cases 1 and 3, the E-2DPCA has
identical performance as the 2DPCA algorithm. The only two exceptions when the
proposed extended algorithm has slightly worse performance that 2DPCA are
encountered in Cases 6 and 8, for p =11 and 13.

A separate set of experiments was conducted to examine the robustness of the
proposed algorithm under illumination variations. The database employed was the
extended Yale Face Database B with a selection of 520 images representing 20 persons
with 26 poses per person. Each image was cropped to a size of 168x168. The training set
contained 400 images representing 20 individuals, each with 20 poses (see Figure 3.19).
The testing set was divided into two groups, named as group A and group B. Group A
contained 60 images representing 20 individuals, each having 3 images with mild
illumination variations, as shown in the first row in Figure 4.3. Group B also contained

60 images representing the same 20 individuals, each having 3 images with severe
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illumination variations, see the second row in Figure 4.3. The images in both groups were

different from those in the training set.

The results of applying the same three algorithms to the above testing set are

depicted in Figure 4.4. The E-2DPCA algorithm was found to perform at least as good as

the 2DPCA,

with higher recognition rate for Cases 5 and 6.
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Figure 4.4. Comparison results for PCA (solid grey bar), 2DPCA (solid white bar) and E-2DPCA (diagonal stripped

bar), for the six cases from the extended Yale Face Database B.
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Figure 4.5. Averaged experimental results for the extended Yale Face Database B.

We note that the three algorithms evaluated did not work well for Case 6 because the
test image in this case contained very large shadowed regions.

In Figure 4.5, the plot on the left shows the recognition rate averaged over group A,
while the plot on the right shows the recognition rate averaged over group B. It is
observed that the performance of E-2DPCA is more robust than that of conventional PCA
and 2DPCA against large illumination variations.

Concerning the complexity of the PCA, 2DPCA and E-2DPCA algorithms, we note
that, generally, a face recognition process may include two types of operations: offline
operations and real time operations. If the training set is promptly updated with the newly
identified test images, then all operations must be done in real time. The face
identification task by itself consists of finding the image representation (which is given
by the pattern vector for PCA, by the feature matrix for 2DPCA, and by the pair of
feature matrices for E-2DPCA) and classifying it based on evaluation of the minimum
distance between the test image representation and the K classes representations.
Typically, the identification task does not include offline operations, such as computing
the covariance matrix/matrices, finding the eigenvectors, and obtaining the class pattern
vectors (for PCA)/class average feature matrices (for 2DPCA)/pair of class average
feature matrices (for E-2DPCA).

The second column of Table 4.1 shows the number of multiplications required for
computing all eigenvectors for a training set of M images of size NXN for the three
algorithms being evaluated, while the third column of the table shows the number of
multiplications required for finding the pattern vector (in the case of PCA), the feature

matrix (in the case of 2DPCA) and the pair of feature matrices (in the case of E-2DPCA)
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Table 4.1. Computational complexity in terms of the number of multiplications for the three algorithms

Algorithm Evaluation of eigenvectors Image representatlon using p
eigenvectors
PCA —MU\Z“) N>+ M*+N’M + N Np
2
2DPCA NNHD by N’ N’p
N?(N+1
E-2DPCA 2(%M + N3] 2N’p

Table 4.2. Normalized elapsed time for the three algorithms

Entire face Face
Algorithm | recognition | identification
process only
PCA 1 1
2DPCA 0.46 0.93
E-2DPCA 0.97 1.79

for a test image using p eigenvectors. We note that if the number M of images from
training set is much larger than size N, and if all the operations are done in real time, then
the 2DPCA and E-2DPCA algorithms are more efficient than the standard PCA.

An alternative and perhaps more realistic complexity measure is the normalized
elapsed time. The elapsed time requires by a given algorithm was normalized to the
elapsed time taken by the conventional PCA to perform the entire face recognition
process and also for only face identification task. Table 4.2 summarizes the average
normalized elapsed time over 100 trials of the three algorithms, where the six cases from
the extended Yale Face Database B were tested, meaning that M =400 and N =168.
The original 2DPCA algorithm was found to be the fastest when entire process of face
recognition was evaluated, followed by the E-2DPCA and PCA - both required
comparable execution times.

We remark that with M =400, N =168 and p =20 which represents 5% of the

available number of eigenvectors, the numerical values obtained using the formulas in

Table 4.1 (after normalization) were found to be [I 0.41 0.82]' for the evaluation of
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eigenvectors and [1 1 2]' for image representation. On comparing these values with

those shown in Table 4.2, we see that the theoretical prediction of the computational

complexity has a good match with the recorded time for the three algorithms.

4.4.2 Robustness to Noise and Face Occlusions

The extended Yale Face Database B was utilized as the data set for evaluating the
robustness of E-2DPCA algorithm to noise and face occlusions.

A. Results for Noise-Contaminated Images

In order to evaluate the de-noising capabilities of the WT — TV pre-processing
technique used in conjunction with E-2DPCA algorithm and the robustness of the E-
2DPCA algorithm against noise, the test images from the six cases of the extended Yale
Face Database B were modified by adding zero-mean Gaussian white noise with various
amount of variance.

Figure 4.6 shows the performance of E-2DPCA in three scenarios: (a) no noise was
applied to the test images; (b) noise was applied to test images, but no de-noising was
performed; and (c) noise was applied to test images followed by WT — TV de-noising. As
can be seen from the figure, to a large extent, the E-2DPCA algorithm was able to
tolerate the noise. In effect, for the first three cases with mild light variations, the
algorithm’s performance remains unchanged in the presence of noise. For more difficult
Cases 4, 5 and 6, there is 5% drop in recognition rates for a total of four instances.

The WT — TV de-noising pre-processing was found not as effective for the E-
2DPCA algorithm, producing results that are practically the same as those obtained by
the E-2DPCA algorithm without de-noising pre-processing.
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Figure 4.6. Comparison results for E-2DPCA (solid grey bar), E-2DPCA with noisy test images and no de-

noising (solid white bar), and E-2DPCA with noisy test images and WT — TV de-noising

(diagonal stripped bar) using the extended Yale Face Database B.
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The ability of the E-2DPCA algorithm to deal with facial occlusion was examined

for the same six cases of extended Yale face database B. The assumption that all testing

of combining the OCCL pre-processing

images have occlusions was made. Results

module with E-2DPCA algorithm for eyes occlusion (solid white bar) and chin occlusion
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(diagonal stripped bar) are presented in Figure 4.7. For more challenging Cases 4 — 6, we

note that face occlusions have a great impact on recognition capability of OCCL E-

2DPCA algorithm, drastically deteriorating its performance.
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4.4.3 Implementation Issues

In E-2DPCA, the column-related and row-related processing may be sequentially
performed. To reduce the computational time, a hardware optimization can be
employed by using separate specialized processors to run the two operations in
parallel.

Contrary to the 1-D PCA algorithm whose implementation may encounter memory
limitations if the dataset contains many large images, the 2DPCA and E-2DPCA
algorithms can handle considerably larger images. The 32-bit version of MATLAB,
for example, can process matrices in double precision with about 155-10° elements
[109]. If the data set contains 1000 images of size 400x400, the data matrix 4 (see
Section 2.2.3) in the 1-D PCA algorithm is of size 1600001000 that exceeds the
size limit and the software will fail to work yielding the error “out of memory”. On
the other hand, the covariance matrices encountered in the 2DPCA as well as E-
2DPCA algorithms remain to be of size 400x400 (see (4.1) and (4.4)), a size far

smaller than the limit.

4.5 Summary

Based on an analysis of the 2DPCA algorithm in [100], an extended 2DPCA

technique has been proposed. Experimental results have been presented to demonstrate

that the proposed algorithm can be used to improve face recognition rate with enhanced

robustness against noise and illumination variations across testing images.
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Chapter 5

Face Recognition Using Sparse

Representation

5.1 Introduction

Sparse representations are representations that account for most or all information of
a signal with a linear combination of a small number of elementary signals called atoms.
These atoms are chosen from an over-complete dictionary which is a collection of atoms
with the number of atoms exceeding the dimension of the signal space. As a result, any
signal can be represented by more than one combination of different atoms [47].

Sparsity is one of the characteristics of popular transforms such as the DFT, DCT,
DWT and the singular value decomposition (SVD) [47]. The aim of these transforms in
this regard is to reveal certain structures of a signal and to represent these structures in a
compact and sparse representation. In the past several years, sparse representations of
signals have become increasingly popular as it is found useful in a wide variety of
applications such as noise reduction, compression, feature extraction, pattern
classification and blind source separation (see [31], [32], [59], [74] and [91]). Recent
studies have shown that sparsity is also encountered at the level of human vision system
(HVS). It was revealed that, in both low-level and mid-level human vision, many neurons

in the visual pathway are selective for a variety of specific stimuli, such as color, texture,



Chapter 5 — Face Recognition Using Sparse Representation 84

orientation, scale, and even view-tuned object images. Considering these neurons as
atoms that form an overcomplete dictionary at each visual stage, the response of the
neurons with respect to a given input image is typically highly sparse [97].

In the statistical signal processing community, the problem of computing sparse
linear representations with respect to an overcomplete dictionary of signal atoms has seen
a recent surge of interest [97]. Much of this excitement centers on the discovery that
whenever the optimal representation is sufficiently sparse, it can be efficiently computed
by convex optimization [23].

This chapter is organized as follows. Section 2 gives an overview of two methods for
sparse representations that are closely related to the development presented in subsequent
sections. These two methods are the sparse representation technique proposed by Wright
et al. in [97] and the sparse PCA algorithm proposed by Johnstone and Lu in [50]. In
Section 3, we propose an enhanced sparse PCA (E-sparse PCA) and apply it to face
recognition problems, and in Section 4 we present a combined E-sparse SRC technique.
Performance evaluations of the proposed techniques, comparison results and several
implementation issues are presented in Section 5. Section 6 summarizes the

improvements of proposed algorithms over the existing methods.

5.2 An Overview of Sparse Representation Algorithms

In this section, we give an overview of two recent works on sparse representation of
signals. The first one is a method by Wright et al. proposed in [97]. Their method is
specifically designed to deal with robust face recognition, based on recently developed
theory on sparse signal representation. The second one is a method called sparse PCA
which is proposed in [50] being evaluated for feature extraction and representation of

ECG data.
5.2.1 Face Recognition via Sparse Representation

The work in [97] addresses the problem of face recognition based on the sparse
signal representation theory [22], [23]. The innovation of the approach in [97] lies in
constructing the overcomplete dictionary especially for face recognition purpose. Unlike

in a typical signal processing scenario where a generic dictionary composed of bases such
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as DFT, DCT, or DWT is used [15], the dictionary employed in [97] uses the facial
images of the training set as its atoms. Moreover, instead of using sparsity to identify a
relevant model or relevant features to be used for classifying test samples, the method
uses the sparse representation of each individual test sample directly for classification,
adaptively selecting the training samples that give the most compact representation.

A basic problem in object recognition is to use labeled training samples from k&
distinct object classes to correctly determine the class to which a new test sample
belongs. In the context of face recognition, in [97], a grayscale image of size wx#h is
transformed into a vector v of length m = wh by stacking its columns. Similarly, the n
training face images from the i class (subject) are transformed and arranged as columns

of matrix 4, =[v,,,v, v, ] of size mxn,.

i1 70,290 Vi
For the entire training set, a matrix 4 of size mxn with n= ZH n, is defined as the

concatenation of the # training images of all & classes, namely
A=[4 4, .. 4]1=[v, vy - v, ] (5.1)

The matrix 4 so constructed is called a dictionary because its atoms (columns) are used
as basic “vocabulary” to express the “content” of a facial image.
Given a new test signal y, its linear representation within dictionary 4 can be written
in terms of all training samples as
y=Ax (5.2)
where x is a vector representing signal y. In the case of n>m, (5.2) is a linear system
with the number of unknowns greater than the number of equations. Consequently, there
are infinitely many solutions to (5.2) (here we have assumed rank(4) = m). Among these
solutions, we are interested in a solution with fewest non-zero components. An n-
dimensional vector x is said to be sparse if it has s non-zero components with s < n. To
see the relevance of a sparse solution to the face recognition problem, let us consider the

following scenarios. First, if image y happens to be one of the training images, say v, ; in
the i class, then it is obvious that

x=[0 ..010..0]
T

the (n, +n, +...+n_, + j)" entry
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with only one non-zero component in the (1, +n, +...+n_, + j)" position is the sparsest

solution of (5.2). Second, if image y is not found in the training set but it is an image of

the i subject (class) who has a total of n, images in the training set, then y is expected to

be expressed as a linear combination of atoms {v;;, v;2, ..., vin}, Which corresponds to a

solution x of the form

x=[0 .0, o, .. , 0. 0]

in;

where «; ; (for j=12,..,n)is the (n+n,+..+n_ + /)" entry of x. Again, this is a
sparse solution as it only has », non-zero components.

Following the theory of compressive sensing [16], [22], [23], the sparse

representation of test image y, denoted by x, can be obtained as the solution of the / -
minimization problem

minimize ||x||1 subjectto Ax=y (5.3)

where ||, = > 7,

Ideally, the nonzero entries in the estimate x will all be associated with the columns

xi| denotes the / -norm of vector x.

of 4 from a single class i, so that the test image y can be assigned to that class. However,
noise and modeling error may lead to small nonzero entries associated with multiple
classes.

To classify facial images, a characteristic function J, :R" — R" is defined to select

h

the coefficients associated with the i"" class as follows. For a vector x of length n,

0,(x)e R" is a vector whose only nonzero entries are the entries of x that are associated

with class i. Using only the coefficients associated with the i"™ class, one can approximate

a given test image y as y, = AJ,(x). The classification of a test image y can be carried out
based on this approximation as follows: image y is classified to belong to class i if

, j=12,...k }, namely,

|| y— Ao, (fc)” reaches the minimum among { H y—A46,(X)

(0 = |y 45,(®)] = min

1<j<k

y=A45,3)). (5:4)

The method described above is called the sparse representation-based classification

(SRC) algorithm which can be summarized as follows.
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Input: A matrix of training images A=[4, 4, ... 4,] of size mxn for k classes, and a
test image y of size mX1.

Step 1:Normalize each column of 4 to have an unit /,-norm.

Step 2:Solve the /, -minimization problem in (5.3) and denote its solution by X.
Step 3: Compute the residuals 7, = Hy — 46, (fc)”2 for j=1,2,...,k.

Step 4:Output the class that y belongs to, which is identified as arg ¥n1r]£ r(y).
<j<

For raw face images, m is very large, hence typically 4 is a tall matrix. For instance,
if the face images have a resolution of 640x480 pixels, the dimension m is in the order
of 10°. Although SRC algorithm relies on scalable computational methods such as linear
programming, directly applying it to such images is still beyond the capability of regular
computers. To reduce the dimensionality of problem (5.3), the authors of [97] have
proposed two alternative pre-processing steps before applying the SRC algorithm. The
first one consists of downsampling the original images such that the data matrix 4 and the
test image y become of sizes dxn and dx1, respectively, with d <xm and d<n
(typically d < n as well). The second one employs a random projection matrix R of size
d xm that applies to both sides of (5.2) to yield

Ry = RAx (5.5)
where the projection matrix R is obtained as a randomly generated matrix whose entries
are independently sampled from a zero-mean normal distribution with each row

normalized to unit length. Under these circumstances, the reduced / -minimization
problem becomes

minimize ||x||] subjectto RAx=y (5.6)
where y = Ry. We remark that the rows of R can be viewed as d random faces [97] in

R", consequently, the random features of the transformed matrix R4 can be viewed as a
less-structured counterpart to classical face features such as eigenfaces in the standard

PCA.
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5.2.2 Sparse PCA

As we have seen in Section 2.2.3, the PCA is a classical method for dimensionality
reduction of data in the form of n observations of a vector with m variables. A typical
data set has a structure with m much greater than ». In [50], Johnstone and Lu propose a
method for a preliminary reduction in dimensionality before the PCA algorithm is applied
to the data, called sparse PCA. It is shown that this preliminary reduction in
dimensionality can be achieved by working with a basis in which signals have sparse
representations.

It has been known that there exist orthonormal bases under which general signals are
represented with sparse or near sparse coefficients. Well-known orthonormal bases of this
nature include Daubechies’ orthogonal wavelet transforms and discrete cosine transform
(DCT). In what follows we call such a transform a sparsifying transform.

Let A=1[a; a, ... a,] be a data matrix of size mXxn, where a; denotes the i
observation of a vector with m variables. The first step of the sparse PCA algorithm is to
convert the data set 4 into an equivalent but sparse (or near sparse) data set
A=[a, &, .. a,] where
djszaj forj=1,2,...,n (5.7)

ie, A=9A4 with J a sparsifying transform. The second step of the sparse PCA
algorithm computes the variances of each row of data set A, namely
o’ = variance of A(i,1:n) fori=1,2,...m (5.8)
and select those rows of A4 with d largest variance to construct a reduced data set 4, of
size d Xn
A, = A(ind(1: d),1:n) (5.9)
where ‘ind’ are the indices of the rows of 4 whose variances are arranged in descending
order.
Finally, the standard PCA is applied to the reduced data set gld .

In [50], wavelet transforms are used as sparsifying transforms and the algorithm is

applied to ECG data to extract features of interest.
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5.3 An Extended Sparse PCA for Face Recognition

The dimensionality reduction in the sparse PCA algorithm [50] is performed based
on the variance of each variable over its n observations which is related to the second-
order moment of the variable. A question arising naturally is whether or not the other
moments of the variables can also play a role here. In what follows we describe a sparse
PCA algorithm which takes both the first-order and second-order moments of the
variables into account. Let 4 and y be the set of training facial images and test image,
respectively, where each image is represented by a column vector, hence A€ R™" and
ye R™ . As in [50], the evaluation of the moments is applied to data set A=94 and test
image y =9y, where J 1is a sparsifying transform of choice. The basic idea of the
proposed method is that for a target dimension d, we would first pick more than d (say,

d) rows of A with greatest variances and then choose among them d rows with greatest

mean values. In doing so, each of the d rows of A so chosen has both significant
variance (hence capturing important changes across the observations) and significant
mean values (hence it is a major component across the observations). The proposed

method can be summarized as the steps given below.

Input: A set of training images A=[A4, A, ... A,] of size mXxn for k classes with
n=kL; a test image y of size mx1; a target dimension d; a positive scalar
typically in the range of [0, 3].

Step 1: Apply a sparsifying transform J to 4 and y (as shown in (5.7)) to get
A=54 and 7=9y. (5.10)

Step 2:Select d =round((1+ y)d) rows of A with greatest variances. Let ‘ind,” be the

set of indices of such rows in A . Construct

A.=A(ind,,1:n) and 7. =j(ind,). (5.11)

Step 3:Select d rows of ;IJ with greatest mean values. Let ‘ind,’ be the set of indices of

such rows in ;1[7. Construct
A,=A.(ind,,1:n) and P, =7 (ind,). (5.12)

Step 4: Apply the standard PCA to data set {/Ald V.t
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Test image E-sparse SRC
Select the most > Find the sparse » Classification
significant features representation and
Training set from data set perfom classification

Figure 5.1. A block diagram of E-sparse SRC algorithm.

We remark that with parameter ¥y set to zero, the proposed algorithm becomes

identical to the sparse PCA algorithm in [50]. In other words, the sparse PCA algorithm
may be considered as a special case of the above method and, in this regard, we call the

above an extended sparse (E-sparse) PCA algorithm.

5.4 E-Sparse SRC — a Combined Technique for Performance

Enhancement

The sparse representation-based classification (SRC) algorithm reviewed in Section
5.2.1 was found to offer good performance [97]. However, the method encounters large-
scale data even for facial images of moderate size. On the other hand, the E-sparse PCA
(and consequently the sparse PCA) provides a preliminary dimensionality reduction as it
reduces the data size from mxn to dxn with d < m while retaining most significant
features of the original data set. It is therefore natural to develop a face recognition
system that combines the E-sparse pre-processing module for preliminary dimensionality
reduction (see Steps 1 to 3 from algorithm illustrated in Section 5.3) with the SRC
algorithm (see Section 5.2.1) for performance enhancement of face classification. The
combined algorithm will be referred to as the E-sparse SRC algorithm and is illustrated

by a block diagram in Figure 5.1.

5.5 Experimental Results

Several data sets have been utilized in the simulations described below. For PCA-

based algorithms, such as sparse and E-sparse PCA, the ten cases from the Yale Face
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Database sufficed (see Table 3.2 and Appendix 1). For simulations in a sparse
representation framework, data sets of much larger scales are needed. To cope with
different experimental scenarios, four new data sets have been constructed based on the

extended Yale Face Database B (see Table 5.4 and Appendix 2).

5.5.1 Performance Comparisons

A. E-Sparse PCA

Employing the data for the ten cases from the Yale Face Database (see Table 3.2),

the performance of E-sparse PCA algorithm with various choices of parameters d and ¥

and basis for sparse representation was examined. The standard PCA algorithm without a
E-sparse preliminary dimensionality reduction module was used as a reference point.
As mentioned earlier, the sparse PCA applied to a face data set for face recognition

purpose can be considered as a particular case of E-sparse PCA (with y set to zero). The

other parameters were set as follows:
= parameter d, which defined the dimensionality of the reduced data set, was set to
d = 50, 100, 150 and 200, respectively;
» the number of eigenfaces to be used was set to p =5, 7, 9, 11, 13 and 15,
respectively;
= for the E-sparse pre-processing, the 1-D DCT, 2-D DCT, 1-D DWT and 2-D DWT
were employed. For the DWT cases, up to L =4 levels of decomposition were
simulated.
Table 5.1 illustrates the comparison results obtained for Case 1 using the standard
PCA with and without preliminary sparse pre-processing.
The results included in Table 5.2 were obtained by selecting only the best results
using E-sparse PCA and comparing them with the results obtained by the standardPCA,
for all ten cases. It was observed that when 1-D DWT was employed for E-sparse PCA

with an ye€ (0,3], performance improvement over the original sparse PCA (i.e., with
¥=0) was achieved. Nevertheless, as illustrated in Table 5.2, the best performances

were attained by using 2-D transforms, such as 2-D DWT and 2-D DCT.



Chapter 5 — Face Recognition Using Sparse Representation

92

Table 5.1. Comparison results for PCA and sparse PCA for Case 1 from the Yale Face Database

d |Sparse D CE‘genfaceS 5 7 9 11 13 15
Standard PCA 80.0 93.3 93.3 93.3 93.3 100.0
1-D DCT 60.0 86.7 93.3 93.3 93.3 100.0
2-D DCT 73.3 80.0 93.3 93.3 100.0 100.0
I-DDWT (L= 1) 26.7 33.3 33.3 33.3 33.3 33.3
1-D DWT (L =2) 40.0 40.0 40.0 40.0 40.0 40.0
50 [DDWT(L=3) 53.3 53.3 53.3 53.3 53.3 53.3
1-D DWT (L = 4) 66.7 66.7 66.7 66.7 66.7 66.7
2-DDWT (L= 1) 53.3 53.3 53.3 53.3 53.3 53.3
2-D DWT (L=2) 66.7 66.7 66.7 73.3 73.3 73.3
2-D DWT (L=3) 86.7 86.7 86.7 93.3 86.7 93.3
2-D DWT (L =4) 73.3 73.3 86.7 86.7 86.7 86.7
1-D DCT 60.0 86.7 93.3 93.3 93.3 100.0
2-D DCT 80.0 93.3 93.3 93.3 93.3 100.0
I-DDWT (L= 1) 53.3 53.3 53.3 53.3 53.3 53.3
1-D DWT (L =2) 40.0 46.7 46.7 46.7 46.7 46.7
100 [-DDWT (L=3) 66.7 73.3 73.3 73.3 73.3 73.3
1-D DWT (L = 4) 66.7 66.7 66.7 66.7 66.7 66.7
2-DDWT (L= 1) 53.3 53.3 60.0 53.3 60.0 60.0
2-D DWT (L=2) 66.7 73.3 73.3 73.3 73.3 80.0
2-DDWT (L =3) 86.7 100.0 100.0 100.0 100.0 100.0
2-D DWT (L =4) 80.0 93.3 93.3 93.3 93.3 100.0
1-D DCT 66.7 93.3 93.3 93.3 93.3 100.0
2-D DCT 80.0 93.3 93.3 93.3 100.0 100.0
1-DDWT (L= 1) 53.3 53.3 53.3 53.3 53.3 53.3
1-D DWT (L =2) 60.0 66.7 66.7 66.7 66.7 66.7
150 [I-DDWT (L =3) 66.7 73.3 73.3 73.3 73.3 73.3
1-D DWT (L = 4) 73.3 73.3 73.3 80.0 80.0 80.0
2-DDWT (L= 1) 60.0 66.7 66.7 60.0 66.7 60.0
2-DDWT (L =2) 73.3 80.0 86.7 93.3 86.7 93.3
2-D DWT (L=3) 86.7 93.3 100.0 100.0 100.0 100.0
2-DDWT (L =4) 80.0 93.3 93.3 93.3 93.3 100.0
1-D DCT 73.3 93.3 93.3 93.3 93.3 100.0
2-D DCT 80.0 93.3 93.3 93.3 93.3 100.0
1-DDWT (L= 1) 53.3 53.3 60.0 53.3 53.3 53.3
1-D DWT (L =2) 66.7 66.7 73.3 73.3 73.3 73.3
200 [I-DDWT (L=3) 66.7 73.3 73.3 73.3 73.3 73.3
1-D DWT (L = 4) 73.3 80.0 86.7 86.7 86.7 86.7
2-DDWT (L= 1) 66.7 66.7 66.7 66.7 73.3 73.3
2-DDWT (L=2) 80.0 86.7 86.7 93.3 93.3 93.3
2-DDWT (L=3) 86.7 93.3 93.3 93.3 100.0 100.0
2-DDWT (L=4) 80.0 93.3 93.3 100.0 93.3 100.0




Chapter 5 — Face Recognition Using Sparse Representation 93

Table 5.2. Results for E-sparse PCA using the ten cases from the Yale Face Database

Case | | orameters igenfaces| 5 7 9 11 13 15
d 7) E-sparse PC
. Standard PCA 80.0 | 933 | 933 | 933 | 933 | 100.0
(100,0) [2-DDWT(=3) | 86.7 | 100.0 | 100.0 | 100.0 | 100.0 | 100.0
) Standard PCA 467 | 533 | 733 | 733 | 80.0 | 80.0
(150,00 P-DDWT(L=2) | 60.0 | 533 | 80.0 | 80.0 | 80.0 | 80.0
; Standard PCA 533 | 80.0 | 80.0 | 86.7 | 867 | 86.7
(150,00 2-DDWT(Z=2) | 733 | 867 | 86.7 | 867 | 933 | 93.3
A Standard PCA 333 | 40.0 | 400 | 533 | 60.0 | 60.0
(100,0.5) |[I-DDWT(Z=3) | 333 | 40.0 | 533 | 533 | 60.0 | 60.0
5 Standard PCA 200 | 46.7 | 60.0 | 80.0 | 73.3 | 80.0
(200,0.3) 2-DDWT(L=4) | 267 | 46.7 | 66.7 | 80.0 | 80.0 | 80.0
6 Standard PCA 133 | 333 | 533 | 60.0 | 66.7 | 73.3
(150,00 [-DDWT(L=4) | 133 | 333 | 533 | 60.0 | 66.7 | 667
. Standard PCA 333 | 60.0 | 733 | 733 | 933 | 86.7
(200,0) [2-D DCT 333 | 60.0 | 667 | 733 | 80.0 | 80.0
) Standard PCA 267 | 333 | 667 | 66.7 | 667 | 66.7
(100,0) [2-DDCT 267 | 333 | 667 | 66.7 | 667 | 66.7
9 Standard PCA 200 | 333 | 400 | 533 | 60.0 | 60.0
(100,0) [2-DDCT 200 | 333 | 467 | 467 | 533 | 533
10 Standard PCA 333 | 46.7 | 533 | 733 | 80.0 | 80.0
(100,00 P2-DDWT(=4) | 333 | 400 | 60.0 | 733 | 80.0 | 80.0

The results included in Table 5.3, compare the standard PCA’s performance with
that of E-sparse PCA where 2-D DCT was used as the sparsifying transform and the
target dimension was fixed to d = 100, which represents a dimensionality reduction ratio
of 163.84 of the original size of face images from the ten cases of Yale Face Database.
We remark that only the first two best sets of results for E-sparse PCA were included.
Inspecting the results for all ten cases, it was noticed that E-sparse PCA with 2-D DCT, d
=100, » = 0, provides practically the same results as the standard PCA algorithm applied
to the original data set. This demonstrates that the sparse and E-sparse module can be
used as a preliminary dimensionality reduction step prior to the use of standard PCA
without substantial performance degradation.

Finally, the complexity of E-sparse PCA algorithm was examined in terms of elapsed

time. The results were averaged over the ten cases from Yale Face Database and six
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values of eigenfaces considered for each case. It was found that, the time required by E-
sparse PCA to produce the eigenfaces was 5.37 times less than that required by the
standard PCA, while as the time required by the E-sparse PCA to classify the input image
was a small fraction (1/107.86) of that required by the standard PCA.

Table 5.3. Comparison results for PCA and E-sparse PCA (with 2-D DCT and d = 100) for the ten cases
from the Yale Face Database

Eigenfaces
Case 5 7 9 11 13 15
E-sparse PCA
Standard PCA 80.0 93.3 93.3 93.3 93.3 100.0
1 |y=0 80.0 93.3 93.3 93.3 93.3 100.0
7=023 73.3 73.3 80.0 80.0 100.0 | 100.0
Standard PCA 46.7 53.3 73.3 73.3 80.0 80.0
2 |r=0 46.7 60.0 73.3 73.3 73.3 73.3
7=023 33.3 53.3 60.0 66.7 66.7 66.7
Standard PCA 53.3 80.0 80.0 86.7 86.7 86.7
3 |r=0 60.0 66.7 80.0 86.7 86.7 86.7
y=05 66.7 66.7 80.0 80.0 80.0 86.7
Standard PCA 33.3 40.0 40.0 53.3 60.0 60.0
4 |r=0 40.0 40.0 40.0 53.3 53.3 60.0
7y=0.1 33.3 33.3 40.0 53.3 60.0 53.3
Standard PCA 20.0 46.7 60.0 80.0 73.3 80.0
5 |r=0 26.7 46.7 60.0 73.3 73.3 73.3
7=023 33.3 46.7 60.0 60.0 60.0 60.0
Standard PCA 13.3 33.3 53.3 60.0 66.7 73.3
6 |r=05 33.3 533 60.0 60.0 60.0 60.0
r=3.0 40.0 53.3 60.0 53.3 60.0 60.0
Standard PCA 33.3 60.0 73.3 73.3 93.3 86.7
7 |r=0 33.3 60.0 73.3 73.3 73.3 73.3
7=0 33.3 53.3 60.0 60.0 60.0 60.0
Standard PCA 26.7 33.3 66.7 66.7 66.7 66.7
8 |r=0 26.7 33.3 66.7 66.7 66.7 66.7
y=15 46.7 46.7 53.3 53.3 53.3 53.3
Standard PCA 20.0 33.3 40.0 53.3 60.0 60.0
9 |r=0 20.0 33.3 46.7 46.7 53.3 53.3
y=05 20.0 40.0 46.7 46.7 46.7 53.3
Standard PCA 33.3 46.7 53.3 73.3 80.0 80.0
10 |y=0 33.3 40.0 53.3 73.3 80.0 80.0
y=023 26.7 53.3 60.0 66.7 66.7 66.7
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B. E-sparse SRC

For this part of experimental studies, four new data sets were constructed using 1280
facial images of size 168x168, representing 20 individuals, each with 64 images in
various light conditions, from the extended Yale Face Database B. A description of these

data sets is given in Table 5.4. For more details about the images contained in the data

sets, the reader is referred to Appendix 2.

The experimental results are given in terms of recognition rate for each class (i.e.,

individual).
Table 5.4. Four sets from the extended Yale Face Database B
Set Training set Testing set Remark
All 20 individuals | All 20 individuals | A data set considered as
with 54 poses with remaining 10 | easy to deal with as its
poses testing set consists of
1 images with small
shadowed areas, while the
training set contains most
of poses.
All 20 individuals | All 20 individuals | A data set with medium
with 54 poses with remaining 10 | level of difficulty. The
) poses testing set contains images
with  large  shadowed
regions, while training set
contains most of poses.
All 20 individuals | All 20 individuals | A data set with medium
with 32 poses with remaining 32 | level of difficulty as its
3 poses training set  contains
relatively less number of
poses.
All 20 individuals | All 20 individuals | A data set considered as
with 44 poses with the remaining | hard to deal with as its
20 poses training set contains only
4 images with small or
medium shadowed regions,
while the testing set
contains images with large
shadowed regions.
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Table 5.5. Results for D-SRC for the four data sets of the extended Yale Face Database B

D-SRC (d =100)
Individual Set 1 Set 2 Set 3 Set 4
1 100.0 50.0 78.1 50.0
2 90.0 60.0 75.0 35.0
3 100.0 50.0 75.0 75.0
4 100.0 100.0 65.6 60.0
5 100.0 60.0 62.5 55.0
6 100.0 50.0 59.4 60.0
7 100.0 60.0 46.9 80.0
8 90.0 80.0 68.8 80.0
9 100.0 70.0 87.5 80.0
10 100.0 80.0 84.4 65.0
11 100.0 90.0 68.8 60.0
12 100.0 90.0 68.8 50.0
13 100.0 70.0 56.3 55.0
14 100.0 60.0 43.8 55.0
15 100.0 70.0 75.0 50.0
16 100.0 80.0 56.3 85.0
17 100.0 80.0 78.1 80.0
18 100.0 80.0 59.4 80.0
19 100.0 60.0 65.6 55.0
20 100.0 80.0 78.1 85.0
Average 99.0 71.0 67.7 64.8
Overall 75.6

First, the performance of the SRC algorithm using downsampled images (referred as
D-SRC) was evaluated. Face images were downsampled by 17 to size 10x10 so that the
reduced dimension d was equal to 100. The results are given in Table 5.5. From the table,
we notice that the average recognition rate per set decreases as the level of difficulty of
data increases. An overall recognition rate of 75.6% was obtained for the four data sets
considered.

Next, the SRC algorithm with a random projection pre-processing step (referred as
R-SRC) was evaluated, and the effect of using different random matrices R (generated by
different seeds) on its performance was examined. Table 5.6 presents the results obtained
when d was set to 100 and different random matrices (generated by initial states 17 and
78, respectively) were employed. We note that the use of a different random projection
matrix led to only 1.6% of variation in the overall performance, but larger variations

occurred in the average recognition rates, up to 5.5% for Set 2.
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Table 5.6. Results for R-SRC (with different random matrices R) for the four data sets of the extended Yale

Face Database B
R-SRC (d =100, seed = 17) R-SRC (d =100, seed = 78)

Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 100.0 80.0 75.0 75.0 100.0 60.0 65.6 70.0

2 100.0 90.0 59.4 75.0 100.0 70.0 75.0 65.0

3 100.0 70.0 59.4 65.0 100.0 80.0 62.5 65.0

4 100.0 90.0 75.0 80.0 100.0 90.0 71.9 65.0

5 100.0 60.0 68.8 50.0 100.0 40.0 62.5 40.0

6 100.0 70.0 53.1 65.0 100.0 70.0 56.3 65.0

7 100.0 90.0 59.4 80.0 100.0 60.0 71.9 70.0

8 100.0 80.0 46.9 70.0 100.0 70.0 56.3 80.0

9 100.0 80.0 78.1 80.0 100.0 90.0 81.3 80.0

10 100.0 90.0 71.9 60.0 90.0 90.0 90.6 50.0

11 100.0 90.0 90.6 80.0 100.0 90.0 81.3 65.0

12 100.0 80.0 75.0 65.0 100.0 80.0 71.9 60.0

13 100.0 70.0 62.5 70.0 100.0 40.0 62.5 65.0

14 100.0 60.0 46.9 60.0 100.0 50.0 53.1 50.0

15 100.0 70.0 56.3 60.0 100.0 60.0 53.1 50.0

16 100.0 60.0 68.8 60.0 100.0 70.0 78.1 75.0

17 90.0 60.0 56.3 65.0 100.0 70.0 50.0 70.0

18 100.0 100.0 75.0 90.0 100.0 100.0 78.1 85.0

19 100.0 100.0 93.8 70.0 100.0 80.0 78.1 70.0
20 100.0 70.0 75.0 60.0 100.0 90.0 87.5 85.0
Average 99.5 78.0 67.3 69.0 99.5 72.5 69.4 66.3

Overall 78.5 76.9

Compared with the D-SRC, the R-SRC was found to provide higher recognition rates

for all data sets with an exception for Set 3, where D-SRC was 0.4% better than R-SRC

when the random seed was set to 17.

Finally, the E-sparse SRC algorithm proposed in Section 5.4 was evaluated, where 2-

D DCT was employed as the sparsifying transform and parameters d and ¥ were set to

d =100 and y=0, respectively, as this set-up was found appropriate for most cases

from Yale Face Database (see Section 5.5.1 A). The recognition results are given in

Table 5.7. It is observed that the average recognition rates were improved over the D-

SRC and R-SRC algorithms for all sets, with an overall recognition rate of 81.8%.
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Table 5.7. Results for E-sparse SRC (with 2-D DCT, d = 100, y= 0) for the four data sets of the extended

Yale Face Database B
E-sparse SRC (2-D DCT, d =100, y=10)
Individual Set 1 Set 2 Set 3 Set 4
1 100.0 90.0 68.8 90.0
2 100.0 100.0 84.4 70.0
3 100.0 50.0 81.3 65.0
4 100.0 90.0 68.8 75.0
5 100.0 60.0 75.0 65.0
6 100.0 90.0 65.6 70.0
7 100.0 90.0 71.9 85.0
8 100.0 100.0 65.6 80.0
9 100.0 100.0 81.3 85.0
10 100.0 90.0 78.1 70.0
11 100.0 80.0 75.0 90.0
12 100.0 70.0 78.1 60.0
13 100.0 70.0 62.5 70.0
14 100.0 60.0 37.5 55.0
15 100.0 80.0 65.6 65.0
16 100.0 50.0 56.3 65.0
17 100.0 70.0 71.9 90.0
18 100.0 90.0 62.5 85.0
19 100.0 90.0 96.9 85.0
20 100.0 90.0 90.6 75.0
Average 100.0 80.5 71.9 74.8
Overall 81.8

For comparison purposes, Tables 5.8, 5.9 and 5.10 present the recognition rates

obtained when E-sparse SRC algorithm was employed with d = 100 and =0, and the

sparsifying transform used was 1-D DCT, 1-D and 2-D DWT with 3 levels of

decomposition, respectively. It was found that the best performance was achieved by E-

sparse pre-processing employed with 2-D DCT.
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Table 5.8. Results for E-sparse SRC (with 1-D DCT, d = 100, = 0) for the four data sets of the extended

Yale Face Database B
E-sparse SRC (1-D DCT, d =100, y=0)
Individual Set 1 Set 2 Set 3 Set 4
1 100.0 70.0 68.8 75.0
2 100.0 100.0 87.5 70.0
3 100.0 60.0 84.4 60.0
4 100.0 90.0 75.0 75.0
5 100.0 60.0 65.6 55.0
6 100.0 70.0 65.6 60.0
7 100.0 100.0 68.8 90.0
8 100.0 100.0 62.5 90.0
9 100.0 90.0 93.8 85.0
10 100.0 80.0 84.4 80.0
11 100.0 90.0 84.4 80.0
12 100.0 50.0 75.0 55.0
13 100.0 50.0 65.6 60.0
14 100.0 60.0 43.8 55.0
15 100.0 70.0 68.8 55.0
16 100.0 50.0 50.0 50.0
17 100.0 70.0 62.5 75.0
18 100.0 100.0 71.9 65.0
19 100.0 90.0 90.6 85.0
20 100.0 90.0 84.4 65.0
Average 100.0 77.0 72.7 69.3
Overall 79.7
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Table 5.9. Results for E-sparse SRC (with 1-D DWT, L =3, d =100, y=0) for the four data sets of the

extended Yale Face Database B

E-sparse SRC (1-D DWT, L =3, d =100, y=0)
Individual Set 1 Set 2 Set 3 Set 4
1 100.0 50.0 40.6 40.0
2 100.0 40.0 34.4 5.0
3 100.0 70.0 43.8 70.0
4 100.0 70.0 34.4 60.0
5 100.0 50.0 344 10.0
6 100.0 70.0 34.4 30.0
7 100.0 60.0 40.6 35.0
8 100.0 40.0 46.9 50.0
9 100.0 40.0 40.6 50.0
10 100.0 50.0 31.3 15.0
11 100.0 40.0 40.6 55.0
12 100.0 50.0 78.1 15.0
13 100.0 50.0 53.1 35.0
14 100.0 30.0 31.3 10.0
15 100.0 80.0 50.0 50.0
16 100.0 60.0 46.9 20.0
17 100.0 30.0 37.5 65.0
18 100.0 80.0 37.5 20.0
19 100.0 50.0 56.3 20.0
20 100.0 10.0 34.4 25.0
Average 100.0 51.0 42.3 34.0
Overall 56.8
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Table 5.10. Results for E-sparse SRC (with 2-D DWT, L =3, d =100, y = 0) for the four data sets of the
extended Yale Face Database B

E-sparse SRC (2-D DWT, L=3,d =100, y=0)

Individual Set 1 Set 2 Set 3 Set 4
1 90.0 60.0 43.8 65.0

2 100.0 60.0 59.4 50.0

3 100.0 70.0 56.3 60.0

4 90.0 70.0 56.3 75.0

5 90.0 80.0 40.6 40.0

6 70.0 60.0 46.9 50.0

7 100.0 50.0 40.6 65.0

8 100.0 50.0 59.4 45.0

9 100.0 50.0 65.6 30.0

10 90.0 40.0 71.9 25.0

11 90.0 80.0 50.0 65.0

12 70.0 40.0 43.8 30.0

13 70.0 50.0 43.8 45.0

14 100.0 40.0 31.3 30.0

15 90.0 40.0 50.0 35.0

16 100.0 50.0 56.3 70.0

17 90.0 70.0 43.8 55.0

18 90.0 50.0 46.9 50.0

19 100.0 60.0 75.0 50.0
20 100.0 50.0 68.8 45.0
Average 91.5 56.0 52.5 49.0

Overall 62.3
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5.5.2 Robustness to Noise and Face Occlusion

In order to evaluate the robustness of E-sparse SRC algorithm against noise, the test
images of the four data sets of the extended Yale Face Database B were modified by
adding zero-mean Gaussian white noise with various amounts of variance.

Table 5.11 shows the performance of the E-sparse SRC algorithm when noise was
applied to test images and no de-noising was performed. On comparing the results with
those given in Table 5.7, the algorithm’s performance is found robust to noise for all four
data sets as its overall recognition rate of 81.3% is only 0.5% lower than achieved by a

clean set of test images. As a result, no de-noising was necessary for the E-sparse SRC.

Table 5.11. Results for E-sparse SRC (with 2-D DCT, d =100, ¥=0) applied to noise-contaminated data
for the four data sets of the extended Yale Face Database B

E-sparse SRC : Noisy, no de-noising
Individual Set 1 Set 2 Set 3 Set 4
1 100.0 90.0 68.8 90.0
2 100.0 100.0 87.5 60.0
3 100.0 50.0 78.1 60.0
4 100.0 80.0 68.8 70.0
5 100.0 60.0 75.0 60.0
6 100.0 70.0 65.6 65.0
7 100.0 90.0 71.9 80.0
8 100.0 100.0 65.6 90.0
9 100.0 100.0 87.5 85.0
10 100.0 90.0 78.1 65.0
11 100.0 80.0 81.3 80.0
12 100.0 70.0 78.1 70.0
13 100.0 70.0 62.5 70.0
14 100.0 70.0 37.5 55.0
15 100.0 80.0 62.5 70.0
16 100.0 60.0 59.4 70.0
17 100.0 70.0 71.9 90.0
18 100.0 90.0 62.5 85.0
19 100.0 90.0 96.9 80.0
20 100.0 80.0 87.5 75.0
Average 100.0 79.5 72.3 73.5
Overall 81.3
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In addition, the ability of the E-sparse SRC algorithm to deal with facial occlusion
was examined using the same four data sets. It was assumed that all testing images have
occlusions. Results obtained by combining an OCCL module (see Section 3.6) with E-
sparse SRC for eyes occlusion (left hand-side) and chin occlusion (right hand-side) are
presented in Table 5.12. From Table 5.12 it is observed that the algorithm was able to
produce satisfactory results in terms of robustness to eyes and chin occlusion for Sets 1
and 3, but suffered 8.5% and 8.3% average recognition rate drop for eyes occlusion, and
30% and 19.3% drop for chin occlusion, for Sets 2 and 4, respectively (see Table 5.7 for
comparison). It is also noted that E-sparse SRC was more sensitive to chin occlusion

relative to eyes occlusion.

Table 5.12. Results for OCCL E-sparse SRC (with 2-D DCT, d = 100, ¥ = 0) for occluded facial images
for the four data sets of the extended Yale Face Database B

OCCL E-sparse SRC : Eyes occlusion OCCL E-sparse SRC : Chin occlusion
Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 100.0] 80.0 65.6 70.0 100.0 70.0 62.5 75.0
2 100.0] 90.0 90.6 65.0 100.0 50.0 68.8 50.0
3 100.0] 60.0 68.8 60.0 90.0 50.0 68.8 60.0
4 100.0 80.0 78.1 85.0 100.0 40.0 62.5 40.0
5 100.0] 70.0 62.5 75.0 100.0 30.0 59.4 15.0
6 100.0] 50.0 68.8 50.0 100.0 30.0 53.1 30.0
7 100.0] 80.0 56.3 75.0 100.0 60.0 59.4 75.0
8 100.0 80.0 65.6 65.0 100.0 70.0 71.9 70.0
9 100.0] 70.0 90.6 90.0 100.0 40.0 84.4 60.0
10 100.0] 70.0 87.5 70.0 90.0 70.0 62.5 55.0
11 100.0] 100.0 87.5 85.0 100.0 90.0 96.9 90.0
12 100.0 70.0 78.1 75.0 100.0 60.0 75.0 75.0
13 100.0] 50.0 65.6 60.0 90.0 30.0 50.0 50.0
14 100.0 40.0 46.9 40.0 100.0 10.0 37.5 25.0
15 100.0] 70.0 56.3 55.0 100.0 30.0 56.3 35.0
16 100.0 70.0 78.1 65.0 100.0 20.0 53.1 50.0
17 100.0] 50.0 56.3 55.0 100.0 20.0 56.3 65.0
18 100.0] 70.0 78.1 50.0 100.0 50.0 59.4 35.0
19 100.0] 100.0 100.0 70.0 100.0 100.0 84.4 90.0
20 100.0 90.0 96.9 70.0 100.0 90.0 93.8 65.0
Average 100.0 72.0 73.9 66.5 98.5 50.5 65.8 55.5
Overall 78.1 67.6
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5.5.3 Implementation Issues

Several issues encountered during the implementation of the above algorithms are

discussed below.

A. E-Sparse Pre-Processing

» The orthonormal sparsifying transform J involved in the E-sparse pre-processing
algorithm (see Section 5.3) was chosen as one of the following: 1-D DCT, 2-D DCT,
1-D DWT or 2-D DWT. These transforms can be implemented in MATLAB by using
functions “dct”, “dct2”, “wt” and “wt2d”, respectively, where the last two functions
are available as long as the wavelet toolbox Uni_Wave [111] is installed.

B. SRC Algorithm

=  SRC-related algorithms can be readily implemented as long as MATLAB toolbox
CVX [105] is installed. An alternative MATLAB toolbox for implementing SRC
algorithm is /,-MAGIC [108]. It was found that the performance of these two
toolboxes for face recognition purposes was quite similar to each other, while the

elapsed computational time of solving a / -minimization problem using /;-MAGIC

was in average about 42% less that that required by CVX. The results concerning
SRC-related algorithms reported in Chapters 5 and 6 were obtained using /+-MAGIC.
= Using 4-MAGIC to solve the optimization problem in (5.3) requires an initial point. In

our simulations, the unitary vector was taken to be the required initial point.

5.6 Summary

Based on the work in [97] on sparse representation of facial images and [50] on
sparse PCA for preliminary dimensionality reduction of large-scale data sets, an extended
sparse PCA (E-sparse PCA) algorithm has been developed and an E-sparse SRC
algorithm that combines two of the discussed algorithms for enhanced performance and
efficient processing has been proposed. Experimental results were presented to support

the proposed techniques.
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Chapter 6

Face Recognition Systems —

Integrating the Proposed Techniques

6.1 Introduction

Several methods for extension and performance enhancement of the standard PCA
have been proposed in the preceding chapters. Some of these methods are for pre-
processing the data involved, while other methods act as primary processing modules. It
is therefore natural to construct face recognition systems that integrate the best modules
in order to boost system performance in terms of recognition rate as well as robustness
against variations in lighting conditions, measurement noise and facial occlusion. Based
on our comprehensive experimental results, two face recognition systems are identified as
the best among those studied in this thesis. These systems are described in Section 6.2.

Performance evaluation of these systems is presented in Section 6.3.

6.2 Integration of the Best Modules

6.2.1 PHM E-2DPCA

The first system integration combines a PHM pre-processing module with an E-
2DPCA processing module. In this system, a test image, as well as a training set, are first

processed by modifying each of their image histograms to perfectly match a desired
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histogram which is specified in the PHM module (see Section 3.3). The test image and
training set so modified are then served as input data to which the E-2DPCA algorithm
(see Section 4.3) is applied for face recognition. As long as the training set is not
constantly updated with newly identified images, the calculations involved in pre-
processing the training set and finding the required eigenvectors can be carried out
offline, which greatly reduces the elapsed time in recognition process.

A block diagram is given in Figure 6.1 to illustrate the proposed PHM E-2DPCA

based face recognition system.

Test image PHM E-2DPCA
Match image o Row-related and Classification
. column-related ’ results
histogram perfectly to .
. a desired histogram processing and
Training set classification

Figure 6.1. A block diagram of the PHM E-2DPCA based face recognition system.

6.2.2 PHM E-Sparse SRC

The second system integration combines a PHM module with an E-Sparse dimension
reduction module and a processing module based on the SRC algorithm (see Section 5.4).

We remark that if the training set is not promptly updated with the newly identified
test images, the pre-processing steps (i.e. perfectly matching the image histogram to the
desired one and reducing the number of rows of data matrix 4) can be carried out offline.
However, all the processing operations necessary for face identification, such as finding
the sparse representation of the test image in terms of the overcomplete dictionary
constructed from the training set (see (5.3)), and using this sparse representation to

classify the test image, must be done online. Solving the / -minimization problem in (5.3)

is a time consuming process especially if large-scale data sets are involved, and this fact
should not be neglected for real-time system implementation.
A block diagram is given in Figure 6.2 to illustrate the proposed PHM E-sparse SRD

based face recognition system.
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Test image PHM E-sparse SRC
Match image . ificati
. g . Select the most L Find the sparse | . Classification
histogram perfectly L - results
. significant features representation and
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Figure 6.2. A block diagram of the PHM E-sparse SRC based face recognition system.

6.3 Experimental Results

The ten cases constructed from Yale Face Database (see Table 3.2 and Appendix 1)
were used to examine the performance improvement brought by the PHM pre-processing
module to the E-2DPCA algorithm. In addition, the six cases constructed from the
extended Yale Face Database B (see Section 4.4.1) were re-examined in view of PHM E-
2DPCA. The four data sets of the extended Yale Face Database B used earlier (see Table
5.4 and Appendix 2) were employed to evaluate and compare the PHM E-2DPCA with
the PHM E-sparse SRC algorithms, as these data sets contain large training sets necessary

in sparse representation framework.

6.3.1 Results for PHM E-2DPCA

In view of the fact that the PHM E-2DPCA algorithm can be applied to training sets
of a variety of sizes, we first investigated its behavior when applied to the ten cases from
Yale Face Database. As illustrated in Figure 6.3, for Cases 1, 2, 3 and 7, PHM E-2DPCA
provided 100% recognition rates for all instances of p (the number of eigenvectors
employed). For Cases 4, 5 and 6, a recognition rate of 93.3% was achieved. There were
two instances in Cases 8 and 9 that had a lower recognition rate of 86.7%, while for the
remaining instances of Cases 8 and 9, and for Case 10, recognition rates of 93.3% and
100% were attained. In comparison with PCA, 2DPCA and E-2DPCA methods, out of
ten cases examined, there were seven cases (namely Cases 3, 4, 5, 6, 8, 9 and 10) where
PHM E-2DPCA yielded improved performance with significant increase in recognition

rate.
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Figure 6.3. Comparison results for PCA (solid grey bar), 2DPCA (solid white bar), E-2DPCA (diagonal
Database.
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When applied to the six cases form extended Yale Face Database B (see Section
4.4.1), the PHM E-2DPCA algorithm increased the recognition rates to 100% for Cases
1-5, for all instances of p with one exception (Case 4 with p = 10) where the rate was
improved only to 85%. For Case 6 where other algorithms failed to perform face
recognition adequately, the PHM E-2DPCA algorithm provided substantial improvement

in recognition rate, as it can be seen from Figure 6.4.

Case 6
100
80 -
60
40 -
20 -

recognition rate (%)

10 20 30 40 50 60

range of p

Figure 6.4. Comparison results for PCA (solid grey bar), 2DPCA (solid white bar), E-2DPCA (diagonal
stripped bar), and PHM E-2DPCA (solid black bar), for Case 6 from the extended Yale Face
Database B.

Next, the four data sets of the extended Yale Face Database B were utilized to
evaluate the performance of the PHM E-2DPCA algorithm. As a first step in our
evaluation process, the question of what number of eigenvectors, p, which should be
employed in our simulations, was addressed. Table 6.1 shows the results obtained on Set
4, when 2.5%, 5%, 7.5% and 10% of the available eigenvectors were utilized. We see an
increase of average recognition rate by 2.5% when the number of eigenvectors was
increased from 2.5% to 5%. The use of 7.5% of the eigenvectors brings only a minor
0.5% improvement, while further increase of number of eigenvectors utilized does not
lead to further performance improvement. As a result, in our subsequent simulations we
have used 5% of the eigenvectors for the E-2DPCA algorithm, as it offered satisfactory

performance with moderate computational complexity.
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Table 6.1. Choosing the appropriate number of eigenvectors for PHM E-2DPCA — results for Set 4 from
the extended Yale Face Database B

PHM E-2DPCA
Individual |p=22 (2.5%) |p=44 (5%)|p=066 (7.5%) |p=88 (10%)
1 95.0 100.0 100.0 100.0
2 85.0 90.0 90.0 90.0
3 100.0 100.0 100.0 100.0
4 100.0 100.0 100.0 100.0
5 90.0 95.0 100.0 100.0
6 80.0 95.0 100.0 100.0
7 90.0 90.0 90.0 90.0
8 100.0 100.0 100.0 100.0
9 100.0 100.0 100.0 100.0
10 100.0 100.0 100.0 100.0
11 95.0 95.0 95.0 95.0
12 95.0 100.0 100.0 100.0
13 100.0 100.0 100.0 100.0
14 90.0 95.0 95.0 95.0
15 95.0 100.0 100.0 100.0
16 100.0 100.0 100.0 100.0
17 100.0 100.0 100.0 100.0
18 100.0 100.0 100.0 100.0
19 90.0 95.0 95.0 95.0
20 100.0 100.0 100.0 100.0
Average 95.3 97.8 98.3 98.3

Depending on the number of images from the training set involved, the number of
eigenvectors used in E-2DPCA was set to 54, 54, 32 and 44 for Set 1, 2, 3 and 4,
respectively, representing 5% of the total number of available eigenvectors. Utilizing the
four data sets described earlier, the performance of E-2DPCA was examined with and
without PHM pre-processing. As illustrated in Table 6.2, when the PHM module was
integrated into the system, significant performance improvement was obtained, especially
for the more challenging Sets 2, 3, and 4, for which the E-2DPCA alone failed to work
properly. An overall average recognition rate of 99.1% was attained by the PHM E-
2DPCA based face recognition system.
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Table 6.2. Comparison of E-2DPCA (left-hand side) with PHM E-2DPCA (right-hand side), for four data
sets from the extended Yale Face Database B

E-2DPCA PHM E-2DPCA

Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 90.0 0.0 43.8 0.0 100.0 100.0 93.8 100.0

2 80.0 30.0 53.1 10.0 100.0 100.0 100.0 90.0

3 80.0 0.0 40.6 0.0 100.0 100.0 100.0 100.0

4 90.0 40.0 50.0 20.0 100.0 100.0 100.0 100.0

5 90.0 0.0 31.3 0.0 100.0 100.0 100.0 95.0

6 90.0 10.0 34.4 5.0 100.0 100.0 96.9 95.0

7 80.0 100.0 100.0 100.0 100.0 100.0 96.9 90.0

8 80.0 30.0 40.6 5.0 100.0 100.0 100.0 100.0

9 90.0 30.0 40.6 20.0 100.0 100.0 96.9 100.0

10 90.0 20.0 34.4 0.0 100.0 100.0 100.0 100.0

11 90.0 20.0 50.0 0.0 100.0 100.0 100.0 95.0

12 90.0 20.0 43.8 5.0 100.0 100.0 100.0 100.0

13 90.0 0.0 40.6 0.0 100.0 100.0 100.0 100.0

14 90.0 0.0 34.4 0.0 100.0 100.0 100.0 95.0

15 90.0 30.0 43.8 5.0 100.0 100.0 100.0 100.0

16 80.0 10.0 28.1 10.0 100.0 100.0 93.8 100.0

17 90.0 10.0 28.1 5.0 100.0 100.0 96.9 100.0

18 90.0 0.0 31.3 0.0 100.0 100.0 100.0 100.0

19 90.0 0.0 40.6 0.0 100.0 100.0 100.0 95.0
20 90.0 0.0 31.3 0.0 100.0 100.0 100.0 100.0
Average 87.5 17.5 42.0 9.3 100.0 100.0 98.8 97.8

Overall 39.1 99.1

Similar to previous simulations, the test face images were corrupted by additive zero-

mean Gaussian white noise with various amounts of variance. Table 5.10 shows the

performance of the PHM E-2DPCA algorithm in two scenarios: (a) noise was applied to

test images and no de-noising was performed, and (b) noise was applied to test images

followed by WT — TV de-noising. As can be observed, for Set 1, which includes test

images with “easy” illumination conditions, the algorithm itself was found to be robust

against noise. Nevertheless, the algorithm did not handle well the other three noise-

corrupted data sets that contain test images with widely varying illumination conditions.

The WT — TV de-noising algorithm applied as a pre-processing step to PHM E-2DPCA

was able to offer a 19% overall performance improvement, with up to 33% recognition

rate increase in average for Set 4.
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Table 6.3. Results for PHM E-2DPCA with noisy test images and no de-noising (left-hand side) and noisy
test images and WT — TV de-noising (right-hand side) for four data sets from the extended
Yale Face Database B
PHM E-2DPCA : Noisy, no de-noising PHM E-2DPCA : Noisy, WT-TV de-noising

Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 90.0 20.0 65.6 20.0 90.0 50.0 84.4 65.0

2 100.0 70.0 84.4 15.0 100.0 100.0 93.8 60.0

3 90.0 100.0 68.8 95.0 100.0 100.0 100.0 100.0

4 90.0 60.0 81.3 70.0 100.0 100.0 96.9 95.0

5 100.0 90.0 87.5 35.0 100.0 100.0 100.0 80.0

6 90.0 20.0 50.0 10.0 100.0 50.0 50.0 40.0

7 90.0 30.0 75.0 50.0 100.0 70.0 78.1 65.0

8 100.0 50.0 81.3 45.0 100.0 70.0 93.8 95.0

9 100.0 40.0 65.6 55.0 100.0 70.0 84.4 80.0

10 100.0 90.0 100.0 85.0 100.0 100.0 100.0 90.0

11 100.0 60.0 90.6 45.0 100.0 100.0 100.0 95.0

12 100.0 50.0 84.4 35.0 100.0 80.0 93.8 75.0

13 100.0 30.0 65.6 25.0 100.0 60.0 81.3 85.0

14 100.0 30.0 75.0 5.0 100.0 90.0 90.6 70.0

15 90.0 50.0 78.1 35.0 100.0 80.0 96.9 55.0

16 90.0 50.0 65.6 55.0 100.0 70.0 75.0 85.0

17 90.0 90.0 84.4 75.0 100.0 100.0 90.6 95.0

18 90.0 100.0 90.6 85.0 100.0 100.0 100.0 100.0

19 100.0 80.0 78.1 40.0 100.0 100.0 93.8 85.0

20 100.0 50.0 78.1 75.0 100.0 100.0 100.0 100.0
Average 95.5 58.0 77.5 47.8 99.5 84.5 90.2 80.8

Overall 69.7 88.7

The robustness of the PHM E-2DPCA algorithm against facial occlusions was also

examined for the same four data sets of the extended Yale face database B. The OCCL

module (see Section 3.6) was employed as an initial pre-processing step in resolving the

occlusion problem. Subsequently, the PHM algorithm was applied as a second pre-

processing step. Table 6.4 shows the results obtained when eyes and chin occlusions

occurred across the entire training sets. Similar results were obtained when the order of

the two pre-processing modules was reversed.

We remark that the OCCL PHM E-2DPCA algorithm was found to be quite efficient

in dealing with eyes and chin occlusions, achieving overall recognition rates of 96.2%

and 98.8%, respectively.
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Table 6.4. Results for OCCL PHM E-2DPCA applied to eyes-occluded (left-hand side) and chin-occluded

(right-hand side) images for four data sets from the extended Yale Face Database B

OCCL PHM E-2DPCA : Eyes occlusion OCCL PHM E-2DPCA : Chin occlusion

Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4

1 90.0 100.0 87.5 95.0 100.0 100.0 90.6 100.0

2 100.0 100.0 96.9 80.0 100.0 100.0 100.0 80.0

3 100.0 100.0 100.0 100.0 100.0 100.0 96.9 100.0

4 90.0 100.0 93.8 100.0 100.0 100.0 96.9 100.0

5 90.0 100.0 96.9 95.0 100.0 100.0 100.0 90.0

6 90.0 100.0 71.9 80.0 100.0 100.0 87.5 95.0

7 100.0 100.0 87.5 95.0 100.0 100.0 100.0 95.0

8 100.0 100.0 90.6 95.0 100.0 100.0 100.0 100.0

9 100.0 90.0 93.8 90.0 100.0 100.0 100.0 100.0

10 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

11 100.0 100.0 100.0 95.0 100.0 100.0 100.0 95.0

12 100.0 100.0 100.0 100.0 100.0 100.0 100.0 95.0

13 100.0 100.0 90.6 95.0 100.0 100.0 100.0 100.0

14 100.0 90.0 84.4 80.0 100.0 100.0 96.9 95.0

15 100.0 100.0 96.9 100.0 100.0 100.0 96.9 100.0

16 100.0 100.0 100.0 95.0 100.0 100.0 96.9 100.0

17 100.0 100.0 93.8 100.0 100.0 100.0 100.0 100.0

18 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

19 100.0 100.0 96.9 80.0 100.0 100.0 100.0 100.0

20 100.0 100.0 96.9 100.0 100.0 100.0 100.0 100.0

Average 98.0 99.0 93.9 93.8 100.0 100.0 98.1 97.3
Overall 96.2 98.8

6.3.2 Results for PHM E-Sparse SRC

The same four data sets of the extended Yale Face Database B have been also

employed to evaluate the performance of PHM E-sparse SRC algorithm. Similar to the

set-up in Chapter 5, the E-sparse module was implemented using 2-D DCT with d = 100

andy=0

First, the performance of the E-sparse SRC algorithm was evaluated with and

without the PHM pre-processing. As it can be seen from Table 6.5, a 6.5% increase in

overall recognition rate was gained when PHM module was integrated into the E-sparse

SRC algorithm.
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Table 6.5. Comparison of E-sparse SRC (left-hand side) with PHM E-sparse SRC (right-hand side), for
four data sets from the extended Yale Face Database B

E-sparse SRC PHM E-sparse SRC

Individual Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 100.0 90.0 68.8 90.0 100.0 100.0 53.1 95.0

2 100.0 100.0 84.4 70.0 100.0 100.0 68.8 85.0

3 100.0 50.0 81.3 65.0 100.0 100.0 71.9 85.0

4 100.0 90.0 68.8 75.0 100.0 100.0 59.4 100.0

5 100.0 60.0 75.0 65.0 100.0 60.0 68.8 60.0

6 100.0 90.0 65.6 70.0 100.0 60.0 46.9 80.0

7 100.0 90.0 71.9 85.0 100.0 100.0 65.6 90.0

8 100.0 100.0 65.6 80.0 100.0 100.0 87.5 100.0

9 100.0 100.0 81.3 85.0 100.0 90.0 68.8 100.0

10 100.0 90.0 78.1 70.0 100.0 100.0 93.8 85.0

11 100.0 80.0 75.0 90.0 100.0 100.0 100.0 85.0

12 100.0 70.0 78.1 60.0 100.0 90.0 75.0 80.0

13 100.0 70.0 62.5 70.0 100.0 100.0 53.1 90.0

14 100.0 60.0 37.5 55.0 100.0 100.0 90.6 90.0

15 100.0 80.0 65.6 65.0 100.0 100.0 59.4 80.0

16 100.0 50.0 56.3 65.0 100.0 80.0 53.1 70.0

17 100.0 70.0 71.9 90.0 100.0 100.0 84.4 100.0

18 100.0 90.0 62.5 85.0 100.0 100.0 59.4 95.0

19 100.0 90.0 96.9 85.0 100.0 100.0 96.9 100.0
20 100.0 90.0 90.6 75.0 100.0 90.0 68.8 95.0
Average 100.0 80.5 71.9 74.8 100.0 93.5 71.3 88.3

Overall 81.8 88.3

Next, the PHM E-sparse SRC algorithm was applied to noise-contaminated test

images with and without a de-noising step. The results obtained are shown in Table 6.6. It

is observed that except for Set 1, the algorithm does not perform very well even with a

WT — TV de-noising step. In addition, the WT — TV de-noising was not as efficient as for

the PHM E-2DPCA based system, see Table 6.3.

On the other hand, the robustness of PHM E-sparse SRC algorithm in conjunction

with OCCL pre-processing against facial occlusions was found to be quite impressive.

From Table 6.7 we see that when eyes and chin occlusions occurred across all images of

the training sets, high (94.3% and 95.4%, respectively) overall recognition rates were

achieved.
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Table 6.6. Results for PHM E-sparse SRC with noisy test images and no de-noising (left-hand side) and
noisy test images and WT — TV de-noising (right-hand side) for four data sets from the extended

Yale Face Database B
PHM E-sparse SRC : Noisy, no de-noising |[[PHM E-sparse SRC : Noisy, WT-TV de-noising

Individual| Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 100.0 60.0 50.0 70.0 100.0 90.0 53.1 55.0

2 100.0 90.0 81.3 80.0 100.0 90.0 78.1 75.0

3 90.0 70.0 43.8 40.0 100.0 90.0 56.3 65.0

4 100.0 80.0 56.3 80.0 100.0 90.0 53.1 75.0

5 100.0 50.0 62.5 40.0 100.0 30.0 56.3 50.0

6 100.0 30.0 43.8 35.0 100.0 20.0 40.6 55.0

7 100.0 90.0 78.1 85.0 100.0 70.0 62.5 75.0

8 100.0 80.0 71.9 100.0 100.0 90.0 81.3 95.0

9 100.0 90.0 68.8 100.0 100.0 80.0 68.8 95.0

10 100.0 70.0 75.0 70.0 90.0 90.0 78.1 75.0

11 100.0 80.0 100.0 60.0 100.0 90.0 100.0 80.0

12 100.0 50.0 71.9 45.0 100.0 50.0 81.3 50.0

13 100.0 80.0 46.9 80.0 100.0 90.0 43.8 90.0

14 100.0 70.0 68.8 45.0 100.0 80.0 75.0 85.0

15 100.0 80.0 46.9 60.0 100.0 80.0 46.9 70.0

16 100.0 40.0 50.0 60.0 100.0 60.0 50.0 65.0

17 100.0 40.0 59.4 70.0 90.0 50.0 65.6 90.0

18 100.0 90.0 46.9 75.0 100.0 80.0 50.0 85.0

19 100.0 90.0 90.6 80.0 100.0 100.0 96.9 95.0
20 100.0 80.0 68.8 85.0 100.0 80.0 68.8 90.0
Average 99.5 70.5 64.1 68.0 99.0 75.0 65.3 75.8

Overall 75.5 78.8

6.3.3 Performance Comparison

On comparing the results from Sections 6.3.1 and 6.3.2, it is observed that PHM pre-
processing in combination with E-2DPCA proved extremely efficient for face recognition
when test images were noise free. Moreover, test images with eyes/chin occlusion were
effectively handled when an OCCL module was incorporated into the PHM E-2DPCA
algorithm. Robustness against noise was significantly enhanced when a WT- TV de-
noising step was applied to noisy data before PHM E-2DPCA processing. The low point
of WT — TV PHM combined pre-processing was that it did not help the E-sparse SRC

algorithm in dealing with noise-contaminated test images.
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Table 6.7. Results for OCCL PHM E-sparse SRC applied to eyes-occluded (left-hand side) and chin-
occluded (right-hand side) images for four data sets from the extended Yale Face Database B

OCCL PHM E-sparse SRC : Eyes occlusion | OCCL PHM E-sparse SRC : Chin occlusion
Individual| Set 1 Set 2 Set 3 Set 4 Set 1 Set 2 Set 3 Set 4
1 100.0 100.0 78.1 95.0 100.0 100.0 96.9 100.0
2 100.0 90.0 93.8 80.0 100.0 100.0 90.6 95.0
3 100.0 100.0 100.0 100.0 100.0 100.0 100.0 95.0
4 100.0 100.0 84.4 95.0 100.0 100.0 78.1 100.0
5 100.0 80.0 68.8 85.0 100.0 100.0 78.1 80.0
6 100.0 80.0 50.0 100.0 100.0 90.0 50.0 75.0
7 100.0 100.0 75.0 95.0 100.0 100.0 71.9 95.0
8 100.0 100.0 96.9 95.0 100.0 100.0 100.0 100.0
9 100.0 100.0 90.6 95.0 100.0 100.0 93.8 100.0
10 100.0 90.0 78.1 90.0 100.0 90.0 87.5 90.0
11 100.0 100.0 100.0 95.0 100.0 100.0 100.0 95.0
12 100.0 100.0 100.0 100.0 100.0 100.0 100.0 95.0
13 100.0 90.0 68.8 95.0 100.0 100.0 100.0 100.0
14 100.0 100.0 100.0 95.0 100.0 100.0 90.6 90.0
15 100.0 90.0 84.4 85.0 100.0 100.0 100.0 80.0
16 100.0 100.0 78.1 90.0 100.0 90.0 56.3 90.0
17 100.0 100.0 100.0 95.0 100.0 100.0 100.0 100.0
18 100.0 100.0 100.0 95.0 100.0 100.0 100.0 95.0
19 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
20 100.0 100.0 96.9 100.0 100.0 100.0 96.9 95.0
Average 100.0 96.0 87.2 94.0 100.0 98.5 89.5 93.5
Overall 94.3 95.4

Comparing the two systems, namely the PHM E-2DPCA and PHM E-sparse SRC,

PHM E-2DPCA appears to perform better especially for more challenging data sets such

as Set 3 and 4. Concerning the elapsed time for a typical face identification task, in

average over the four data sets, the PHM E-2DPCA algorithm was found to be 7.64 times

faster than PHM E-sparse SRC. This significant difference is mainly due to the fact that

the SRC processing module has to solve an / -minimization problem given in (5.3) for

each test

image.

Based on the above observations, we propose a face recognition system that is aimed

at achieving the best performance in terms of face recognition rate and computational

complexity. A block diagram of the system is given in Figure 6.5.
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Figure 6.5. A block diagram of the proposed face recognition system.
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6.3.4 Implementation Issues

Below are highlighted several general implementation issues encountered in the
simulation study.

» The simulations using the four data sets from the extended Yale Face Database B
were performed on a 64-bit PC system architecture with 4 GB of memory, using a 64-
bit version of MATLAB.

* The AT&T Face Database, which is one of the most utilized face databases for testing
algorithms for face occlusion, was unfortunately not available to the author. As a
result, face occlusions in our simulations were created using images from the
extended Yale Face Database B.

= Two face databases, namely the Yale Face Database [112] and the extended Yale
Face Database B [106], [107], were used to construct several data sets with various
facial expressions and/or illumination conditions. These data sets were utilized to

evaluate and compare the algorithms’ performance throughout the thesis.

6.4 Summary

We have described and compared two most promising face recognition systems
based on the PHM E-2DPCA and PHM E-sparse SRC algorithms. Simulation results
have demonstrated that the PHM E-2DPCA technique, in conjunction with WT — TV de-
noising and OCCL occlusion-resolving modules, provides the highest performance in
terms of recognition rate and elapsed computational time. Finally, a face recognition

system integrating WT — TV, OCCL, PHM and E-2DPCA modules has been proposed.
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Chapter 7

Conclusions and Future Research

In this chapter, we summarize the contributions made in the thesis and suggest

several directions for future research in the field of face recognition.

7.1 Conclusions

In this thesis, we have investigated face recognition problems under variable lighting
conditions and facial expressions, as well as possible face occlusions and noise
contamination, and proposed several methods for pre-processing and processing for
improved solutions. Although some techniques proposed in thesis are of general nature
and may be incorporated into a variety of face recognition systems, the methods and
algorithms developed in the thesis are primarily enhancement and extensions of the well-
known principal component analysis (PCA).

In more specific terms, we have developed two sets of methods and algorithms — one
for pre-processing and one for PCA-based processing.

The pre-processing methods proposed in the thesis include the PHM, WT — TV de-
noising, an OCCL algorithm, and an E-sparse module for preliminary dimensionality
reduction. The PHM can be used to obtain homogeneous tonal distribution for both
training data set and test image. Through numerous experimental studies with convincing
evidence, the PHM was found to be computationally inexpensive and outperforming

many existing pre-processing techniques. We stress that the PHM as a generic pre-
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processing tool has great potential to be integrated into other face recognition systems
such as those based on independent component analysis (ICA) [3] for performance
enhancement. Furthermore, the PHM module can be regarded as a simple yet effective
radiometric calibration technique [69].

The WT — TV de-noising is a pre-processing module that can be used to help deal
with test images that are contaminated with noise. A wavelet decomposition is employed
for estimating noise variance and, based on this estimation, a TV minimization is carried
out for noise reduction.

In the OCCL pre-processing module, eyes and chin occlusions have been considered
and a simple yet effective algorithm to deal with these occlusions is proposed.

The E-sparse PCA is developed as an extension of the sparse PCA proposed by
Johnstone and Lu [50]. It can be viewed as a pre-processing module because the
algorithm can be used to reduce the data size from mxn to dxn with d < m without
sacrificing substantial performance degradation, and it is typically utilized before a
standard PCA is applied. In particular, the E-sparse module for preliminary reduction is
found effective when used in conjunction with the SRC algorithm, where the E-sparse
helps reduce large-scale data that would be otherwise encountered in the SRC algorithm.

While the PHM is a major development for pre-processing the data, the proposal of
the extended 2-D PCA (E-2DPCA) is a major development for performing a face
recognition task. In effect, the E-2DPCA is a core module of the proposed face
recognition system that replaces the standard PCA or the 2-D PCA proposed earlier in
[100]. Considerable effort has been made to explain the difference between the 2-D PCA
and E-2DPCA: the E-2DPCA handles facial images more naturally than what 2-D PCA
does as it is able to extract features that are inherently associated with the rows as well as
the columns of a facial image. The superior performance of the E-2DPCA is
demonstrated by the experimental results. Especially when it is used in conjunction with
PHM, the system excels among the face recognition systems constructed with other

combinations of processing modules.
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7.2 Suggestions for Future Research

There are several problems that are closely related to the work presented in this

thesis and appear to be worthwhile for further investigation.

1.

As a pre-processing approach for PCA-based algorithms, one may carry out an
initial image partitioning step to identify the local features in facial images with
improved accuracy, where a face image is first partitioned into several sub-images,
each containing some facial features. As a result, the face identification problem in
this case becomes a set of lower-dimensional feature identification problems.
Accordingly, face classification is performed by weighting the contributions of
different facial features.
Concerning the extended two-dimensional processing approach (E-2DPCA)
proposed in Chapter 4, it appears to be beneficial to develop an algorithm with an
improved classification method. For example, one can obtain an image
representation by applying the optimal projection matrices X and Z from (4.5a) and
(4.5b) simultaneously to image 4, resulting a single feature matrix U of size pXp:
U=Z"-4-X,
and develop an appropriate classification measure based on the above image
representation.
Concerning the sparse representation approaches, for the E-sparse dimensionality
reduction module, there are several issues associated with sparsifying transform J

and its parameters that appear worthwhile to investigate. These include the interplay
between parameters L, d and ¥ when a 2-D DWT is employed.

Performance improvement over the standard SRC algorithm [97] may be achieved
by optimizing the random projection matrix R in the SRC algorithm. Several
methods for optimization of random projection matrix in compressed sensing
framework are available. In [30], for example, an optimization method is developed
where an average measure of the mutual coherence of the effective dictionary is
used; reference [28] makes use of singular value decomposition-based techniques to
perform the optimization of the sensing matrix for a given dictionary. These

methods are found to be useful in improving reconstruction accuracy in a
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compressed sensing framework. This certainly motivates to develop algorithms to
optimize a random projection matrix that is tailored to a face recognition scenario.
5. Finally, we would like to point out an issue pertaining to the construction of a
training set that is best suited for the purpose of face recognition in terms of both
performance and efficiency. Especially with regard to the matter of computational
complexity, we suggest to develop an extension of the E-sparse dimensionality
reduction technique that will hopefully be able to reduce a data matrix of size mXxn

to dxn' with d < m and n'< n before applying the standard PCA.
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Appendix
Training and Testing Sets

A.1 The Yale Face Database [112]

Case 1

Figure A.1. The Yale Face Database — Case 1: seven poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).

Case 2

Figure A.2. The Yale Face Database — Case 2: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).
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Case 3

0S€ a posc €

Figure A.3. The Yale Face Database — Case 3: two poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).

Case 4

Figure A.4. The Yale Face Database — Case 4: one pose of one individual from training set (top row), one
pose of the same individual from testing set (bottom row).
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Case 5

Figure A.5. The Yale Face Database — Case 5: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).

Case 6

Figure A.6. The Yale Face Database — Case 6: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).
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Case 7

Figure A.7. The Yale Face Database — Case 7: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).

Case 8

Figure A.8. The Yale Face Database — Case 8: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).
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Case 9

Figure A.9. The Yale Face Database — Case 9: four poses of one individual from training set (top row), one
pose of the same individual from testing set (bottom row).

Case 10

Figure A.10. The Yale Face Database — Case 10: four poses of one individual from training set (top row),
one pose of the same individual from testing set (bottom row).



Appendix: Training and Testing Sets 138

A.2 The Extended Yale Face Database B [106], [107]

— T g : - :

Figure A.11. The extended Yale Face Database B — Set 1: the poses included in training (top eight rows)
and testing (bottom two rows) data sets.
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Figure A.12. The extended Yale Face Database B — Set 2: the poses included in training (top eight rows)

and testing (bottom two rows) data sets.
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Figure A.13. The extended Yale Face Database B — Set 3: the poses included in training (top five rows) and
testing (bottom five rows) data sets.
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Figure A.14. The extended Yale Face Database B — Set 4: the poses included in training (top seven rows)
and testing (bottom three rows) data sets.
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