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ABSTRACT

The field of digital image processing is continually evolving. Nowadays, there is a
significant increase in the level of interest in image morphology, neural networks, full-
color image processing, image data compression and image recognition. This work deals
with image recognition with the application of face recognition.

Some people think that face recognition is an easy task for computer system as for
humans, but in reality most of the face recognition systems can’t achieve a complete
reliable performance because there are many factors affect on the process of recognition
like: large variations in facial approach, head size and orientation, and change in
environmental conditions, all these factors makes face recognition one of the fundamental
problems in pattern analysis, other factors that impact the performance are the accuracy
of face location stage and the number of actual face recognition techniques used in each
system. So face recognition from still and video images is emerging as an active research
area with numerous commercial and law enforcement application.

This research identifies two techniques for face features extraction based on two
different multiresolution analysis tools; the first called Curvelet transform while the
second is waveatom transform. The resultant features are inputted to train via two famous
classifiers; one of them is the artificial neural network (ANN) and the other is hidden
Markov model (HMM).

Experiments are carried out on two well-known datasets; AT&T dataset consists of
400 images corresponding to 40 people, and Essex Grimace dataset consists of 360
images corresponding to 18 people. Experimental results show the strength of both
curvelets and waveatom features. On one hand, waveatom features obtained the highest
accuracy rate of 99% and 100% with HMM classifier, and 98% and 100% with ANN
classifier, for AT&T and Essex Grimace datasets, respectively. On the other hand, two
levels Curvelet features achieved accuracy rate of 98% and 100% with HMM classifier,
and 97% and 100% with ANN classifier, for AT&T and Essex Grimace datasets,
respectively.

A comparative study for waveatom with wavelet-based, curvelet-based, and
traditional Principal Component Analysis (PCA) techniques is also presented. The
proposed techniques supersede all of them. And shows the robustness of feature
extraction methods used against included and occluded effects. Also, indicates the
potential of HMM over ANN, as they are classifiers.
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CHAPTER 1
INTRODUCTION

There are many ways that humans can identify each other, and so is for machines.
There are many different identification technologies available, many of which have been
in commercial use for years. The most common verification and identification methods
nowadays are Password/PIN (Known as Personal Identification Number) systems. The
problem with that or other similar techniques is that they are not unique and is possible
for someone to forget, loose or even have it stolen. In order to overcome these problems
they have developed considerable interest in “biometrics’ identification systems, which
use pattern recognition techniques to identify people using their characteristics. Some of

these methods are fingerprints and face recognition.

A face recognition system can be used in buildings or specific area security, a face
recognizer could be used at the frontal entrance for automatic access control, and they
could be used to enhance the security of user authentication in ATMs by recognizing
faces as well as requiring passwords. Also, these systems can be used in the human or
computer interface arena workstations with cameras would be able to recognize users,
perhaps automatically loading the user environment when he/she sits in the front of the

machine.

A face recognition system must operate under avariety of conditions, such as varying
illuminations and facial expressions; it must be able to handle non-frontal facial images

of both males and females of different ages and races.

Before face recognition is performed, face detection must take place, so the system
should determine whether or not there is a face in a given image, once complete this
process, face region should be isolated from the scene for the face recognition. The face
detection and face extraction are often performed simultaneously. Findly, the

classification of the face will take place.

Face recognition can be done in both a still images and video images. Different
approaches of face recognition for still images can be categorized into two main groups

such as Geometrical approach and Pictorial approach.
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In recent years, multiresolution analysis tools, especially wavelets, had been found
useful for analyzing the content of images; this leads to use these tools in areas like image
processing, pattern recognition and computer vision. Following wavelets, other
multiresolution tools were developed like contourlets, ridgelets etc. Curvelet transform is
arecent addition to this list of multiscale transforms while the most modern one is called
Waveatom Transform. Waveatom transform used in image processing in the field of
image denoising, and the results obtained are the best one when compared to the state of
art [1].

The whole system of face recognition consist of three main phases, these are:
preprocessing, feature extraction, and the classification phases.
1.1 The Problem Statement

The goal of this work is to find the best feature extraction, which performs the
smallest feature vector length and gives the highest performance. The features set is
obtained using Curvelet transform and Waveatom transform. Artificial Neural Network
(ANN) and Hidden Markov Model (HMM) are trained using these features. AT& T as an
example of still images, and Essex Grimace as video images are used for training and
testing. The aim isto answer the following questions:

1. Can Curvelet transform stand alone as feature extraction or not?

How long feature vector length obtained using Curvelet transform?
Can Waveatom transform used in face recognition?
How long feature vector length obtained using Waveatom transform?

o b~ w0 DN

Which is the most suitable method to extract feature from a face image; Curvelet
or Waveatom?
6. Does ANN give good accuracy with feature vectors obtained using Curvelet and
Waveatom Transforms?
Does HMM give good accuracy with feature vectors?
8. Which work better as classifier ANN or HMM?



1.2 Literature Review

The subject of face recognition is as old as computer vision, both because of its
practical importance and the theoretical interest from scientists, in spite of the fact that
other methods of identification (such as fingerprints, or iris scans) can be more accurate.

Face recognition always remains a major focus of research because of its non-
invasive nature and because people’s primary method of person identification. Since the
start of that field of technology there were two main approaches:

e Geometrical approach.

e Pictoria approach.

The geometrical approach uses the spatial configuration of facial features. That means
that the main geometrical features of the face such as the eyes, nose, and mouth are first
located and then faces are classified on the basis of various geometrical distances and
angles between features. On the other hand, the pictoria approach is using the templates
of the magjor facia features and entire face to perform recognition on frontal views of
faces.

Perhaps eigenfaces is the most famous early technique used in face recognition
systems. Any human face can be presented by linear combination of eigenface images.
Eigenfaces is asset of eigenvectors derived from the covariance matrix of a high
dimensional vector that represent possible faces of humans. Eigenfaces have advantages
over other techniques available, such as the system's speed. The eigenfaces method
presented by Turk and Pentland (1991) [2] have found the principal components of aface
image.

Unfortunately, these eigenfaces are sensitive to variety in position and scale. For the
system to work well, the faces need to be seen from a frontal view under similar lighting.
To overcome this problem they suggest using a multi-resolution method in which faces
are compared to eigenfaces of varying sizes to compute the best match. Turk and
Pentland's paper was very seminal in the field of face recognition and their
method is till quite popular due to its ease of implementation [3].

Researchers have starting using Wavelet coefficients as features for face recognition
in the last years [4, 5, 6, 7, 8]. The ssimplest application of using Wavelet in face
recognition can be found in [4]. The face image undergoes 2 levels Wavelet transform,
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the approximate Wavelet coefficients are used in HMM classifier for recognition. In [5]
solved the complexity of PCA training time by using Wavelet packet decomposition, and
then used approximated and details coefficients to calculate PCA. Researchersin [6] the
face image was inputted into 2 levels Discrete Wavelet Transform (DWT) system. The
approximated coefficients projected using PCA into eigenface space; Support Vector
Machines (SVM) classifier trained using these PCA for recognition. In [7] Wavelet
frequency subbands were searched to found that is insensitive to expression differences
and illumination variants ones on faces. The horizontal Wavelet components were found
to be a very good feature in face recognition and yielding the highest performance rates.
Researchers in [8] tried to measure the discriminability of Wavelet package
decomposition with depth 2. They modified a Local Discriminant Coordinates (LDC) by
using dilation invariant entropy and Maximum Postiriori (MAP) logistic model.

Beyond Wavelet, Gabor transform were used to extract features [9, 10, 11, 12, 13,
14]. The face image decomposed using Gabor transform in [9, 10, 11]. In [9] the
dimensionality of Gabor feature vectors was reduced using Enhanced Fisher linear
discriminant model (EFM). Nearest neighbor classifier were used for recognition. Where
in [10] the dimensionalities of Gabor feature vectors was reduced using PCA followed by
ICA. Researchersin [11] applied AdaBoosted algorithm to Gabor features and solved the
imbalance between the amount of the positive samples and that of negative samples by
re-sampling scheme. In [12] facial feature points were localized by Active Appearance
Mode (AAM) and refined the localization by Gabor jet similarity, next Gabor feature
vectors extracted at all facia points. In [13] researchers not only applied Gabor transform
but also Discrete Cosine Transform (DCT) to face images. A Radial Basis Function
(RBF) based neura network was trained using Gabor coefficients and DCT coefficients.
As next step to improve the processing speed they enhanced the edge and used non-
uniform down sampling to reduce the dimensionality of Gabor coefficients. In [14] multi-
scale Harris-Laplace detector was used to evaluate the interest points. Gabor transform
was used to extract feature vectors at interest points.

Curvelet transform becomes a very popular multi-resolution transform after
implementing its second generation. In face recognition, Curvelet transform seems to be
promising [15, 16, 17, 18, 19, 20, 21]. The beginning was in [15]. The face images were



guantized from 256 to 16 and 4 gray scale resolutions, the quantized images were
decomposed using Curvelet transform. Three SVMs were trained using Curvelet
coefficients and the decision was made by simple majority voting. In [16] the face image
undergoes Curvelet transform. PCA was performed on the approximated coefficients. K-
Nearest Neighbor classifier was employed to perform the classification task. In [17] as
preprocessing step researchers converted face images from 8 bit into 4 bit and 2 bit
representations. Curvelet transform was performed to extract feature vectors from these
representations, and then the approximated components were used to train different
SVMs. Researchers in [18] addressed the problem of identifying faces when the training
face database contains one face image of each person. The Curvelet approximated
coefficients was framed as a minimization problem. The origina image and the
reconstructed images of the non-linear approximations were used to generate the training
set. A comparative study amongst Wavelet and Curvelet was found in [19]. In [20] the
Curvelet sub-bands were divided into small sub-blocks. Means, variance and entropy
were calculated from these sub-blocks as statistical measures. Feature vector was
constructed by concatenated each block measure. Local discriminant analyses (LDA) was
carried out on feature vectors and the city-block distance was used for classification.
Researcher in [21] decomposed a face image using Curvelet transform at scale 4. Next
Least Square Support Vector Machine (LS-SVM) was trained using Curvelet features.

The results in [17, 18, 19, 20, 21] have showed Curvelet based schemes were better
than wavelet based recognition schemes. The results also showed improvement over the
previous approach [15].

1.3 Objective and outlines of the Thesis

This thesis introduces new proposed method to extract effective features for face
recognition, and it implements many feature extraction techniques to feed several types
of classifiers, these procedures will be produced many combined systems for face
recognition; therefore, the comparative study is necessary to determine the best one.

The present work was organized as following:

Chapter 2 introduces the proposed Feature Extraction methods based on Curvelet and

Waveatom representation of face images. Curvelet theory was presented. Properties of

Waveatom as a multiresolution transform were discussed beside its theory.
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Chapter 3 overviews the Classification technique used. Hidden Markov model
principles were introduced. This chapter gives short summary for the algorithms which
HMM depends on such as Expectation Maximization algorithm and Vetribi algorithm.

Chapter 4 talks about the proposed system and its architecture. It explains the how the
feature is obtained and used to train both of ANN and HMM. The topology of ANN and
HMM was discussed.

Performance of this method is examined on two different standard face databases
with different characteristics. Simulation results and their comparisons to well-known
face recognition methods are presented in chapter 5.

In chapter 6, concluding remarks are stated. Future works, which may follow this
study, are also presented.



CHAPTER 2
FEATURE EXTRACTION TECHNIQUES.

Feature extraction is the most important step for any face recognition system. In
reality, using local features is a mature approach to face recognition problem. Feature
based methods are based on finding local areas on a face and representing corresponding
information in an efficient way. So, choosing feature locations and the corresponding
values are extremely critica for the performance of a recognition system. Due to
this fact, scientists look for another answer to face recognition problem. The idea of this
answer comes from how human vision system perceives both local feature and whole
face. Physiological found simple cells, in human visual cortex, that are selectively tuned
to orientation as well as to spatial frequency. It appears that Multiresolution transforms
could be the response of these cells.

The word ‘transform’ means ‘change’. An ‘image transform’ refers to an alternate
way of representing an image. Generally an image is represented in the spatial domain by
pixels, but there are alternate representations, the most popular being the frequency
domain representation obtained by the Fourier transform. Particularly, the Fourier
transform of an image is not very suitable to the field of object recognition. Other
transforms like Wavelets, Curvelets and Waveatom provide alternative image
representations (other than pixels or frequency). These transforms represent images in
such away that recognition is facilitated.

2.1 Digital Curvelet Transform

Curvelets was proposed by E. Candes and D. Donoho (2000) [22]. The idea of
Curvelets is to represent a curve as a superposition of functions of various lengths and
widths obeying the scaling parabolic law: width = (length) 2. Figure 2.1 shows the
Curvelet frequency tilling which called Second Dyadic Decomposition (SDD). The
length of the localizing windows (colored blue) is doubled at every other dyadic subband.
Curvelet Transform in continues domain was defined by using coronae and rotations, see
Figure 2.1 (a). The discrete input data was defined on a Cartesian grid, so to able to

define Curvelet transform in the discrete domain, concentric squares and shears should be
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used instead of concentric circles and rotations see Figure 2.1 (b).The frequency plain is
partitioned into radial (circles and squares) and angular ( rotations and shears) divisions.
Different scales are obtained by radial division; the smallest scale defines the finest
resolution while the largest scale defines the coarsest resolution. Angular division divides
each scale into different orientation; the maximum number of orientations was found at
the finest resolution and the lesser number of orientations was found at coarsest
resolution.

Curvelets are designed to represent edges and other singularities along curves much
more efficiently than the traditional Wavelet transform which good at representing point
singularities. Figure 2.2 shows edge representation by both Wavelets and Curvelet
Transforms. It can be noticed, it would take many Wavelet coefficients to accurately
represent such a curve while Curvelet needs small number of coefficients; wavelet needs
three, six, and twelve coefficients, while Curvelet needs one, two, and four coefficients,
in the largest, middle, and smallest scale respectively.

To explain how the Curvelet basis elements align with edges in an image and how
this alignment affects the coefficients of the corresponding transform. Figure 2.2
pictorially depicts the alignment. The first box shows the original image. In the second
box, the band-passed image (image at a certain resolution) is shown. Finally in the third
box the alignment of the Curvelet basis elements with a small section of the edge is

shown and will now be briefly explained.

2 b

Figure 2.1: Curvelet Frequency Tiling (a): Continuous Domain.
(b): Discrete Domain



Wavelet Curvelet

Figure 2.2: Edge Representations

The transform coefficients are inner products of the origina image and basis
elements. Figure 2.3 show that when a basis element ‘c’ is aligned with an edge, the
corresponding coefficient in the transform domain has a high value (c). Whereas if the
basis element such as‘a or ‘b’ is misaligned, the corresponding transform coefficient is
nearly zero. Thus, the values of the transform coefficients provide an estimate of the

‘edginess’ of the image at a particular scale and orientation.

Practically, Curvelet Transform is multi-scale geometrical transform in which units
are indexed by their position, scale and orientation. To define it in continues domain,
suppose we work in the space R? with special variable x, frequency variable w and polar
coordinates r, 6 in the frequency domain. Define two smooth, non-negative and real
valued window functions:. the first oneis W (r) called radia window, and the second
oneisV (t) caled angular window. The function W (r) takes positive real arguments and
is supported on r € [1/2,2]. The function V (t) takes real arguments and is supported
ont € [—1,1]. These windows should obey the admissibility conditions:

Z W?2@2n=1, r>0 (2.1)
j=—oo
ZVz(t—l)zl,tER 2.1)
j=—

For each j, introduce the frequency window U; defined in the Fourier domain by:



2li/2lg

Ui(r,0) = 2-3j/4 W(Z—fr)V( >, |j/2] is the integer part of é (2.3)

Thus the support of U; is a polar "wedge® defined by the support of W and V at given
scale.

Original image band-passed image

/

Edge Fragment

large coefficient

\C
[ misaligned bases

Curvelets

Figure 2.3: Curvelet Alignments
A waveform ¢;(x) can defined by letting @;(w) = U;(w). The Curvelet

transform can be defined as afunction of x = (x4, x,) at scale 2™/ , orientation 8, where
6, =2m.2V/2.1,1=01,.., 0< 6, < 2, and position 0" = Ry, (kl.z—i,kz.z-’z>
wherek = (kq,k;,) isthe shift parameter by:

@ik (x) = @ (Ret (x — x,gj‘l))) (2.4)

So the coefficients of the continous Curvelet are given by:

Gu = Food = | f @ oG dx 25)
R
Based on Plancherel’s Theory,
1 A -
Guk = g | S (@ @) do (2.6)
. 1 £ R J (xU'l),a)) d 27
Gk =5 sz (@) U; (Ro, w)e ¥ w (2.7)
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If theinput f [xq,x,] (0 < x; , x, <n) inthe spatial Cartesian is an image, then the
discrete form of the continuous Curvelet transform can be expressed as the following:

GLk "= Z f [x1,%,] <p£l,k [x1, x,] (2.8)

0<xq,x2<n

There is two generations of Curvelet transform. The first generation defines Curvelet
between Wavelet and multiscale Ridgelet. The digital Curvelet transform is obtained by
the implementation of three steps[22]:

1. Sub-band decomposition: The object f[t;,t,], and t; >0,t, <n, is
decomposed into sub-bands with wavelet transform to obtain f[n; ,n,] .

2. Smooth partitioning: each sub-band is smoothly windowed in to “squares’ of an
appropriate scale of side-length 27. The side-length of these windows is doubled
at every other dyadic sub-band.

3. Renormalization: each resulting square is renormalized to unit length and of width
27,

4. Ridgelet analysis: Each square is decomposed by Ridgelet transform.

In the second generation, two different implementations of Curvelet were founded:
The first digital transformation is based on Unequally Spaced Fast Fourier Transform
(USFFT), while the second is based on the wrapping of specially selected Fourier
samples. The two implementations essentialy differ by the choice of spatial grid used to
trandate Curvelets at each scale and angle. Where, a tilted grid mostly aligned with the
axes of the window which leads to the USFFT. On the other hand, a grid aligned with the
input Cartesian grid which leads to the wrapping-based. Both digital transformations
having the same output, but the Wrapping Algorithm gives a more intuitive algorithm and
faster computation time [23]. Because of this, Curvelet viawrapping will be used for this
work.

If we have the object g[ts,t2], t1> 0, ,< n as Cartesian array and g /n1,n;] to denote its
2D Discrete Fourier Transform, then the architecture of Curvelets via wrapping is as
follows:

1. 2D Fast Fourier Transform (FFT) is applied to g[t,t;] to obtain Fourier samples
g[n1,nz].
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2. For each scale j and angle |, the product Uj; [n1,n;] g/n1,n7] is formed, where U,
[n1,n2] isthe discrete localizing window (Figure 2.4 (a)).

3. This product is wrapped around the origin to obtain g;i[n1,n2] = W(U;j1 $) [n1,n,];
where the range for ny,n, is now 0< n;<L;; and 0< np<Lyj; L1=2' and Ly; = 2
are constants (Figure 2.4 (b)).

4. Inverse 2D FFT is applied to each g, hence creating the discrete Curvelet

coefficients.

Y

a b

Figure 2.4: Discrete Localizing Window (a): before Wrapping
(b): after Wrapping

In spite of good capturing edges and curves, the Curvelet problem is that it is over
complete and its redundancy still high (7.2in 2D and 24 in 3D).

2.2 Waveatom Transform

Waveatom was presented by Demanety and Ying [24], it is a new member in the
family of oriented, multiscale transforms for image processing and numerical analysis.
Waveatoms come either as an orthonormal basis or a tight frame of directiona wave
packets, and are particularly well suited for representing oscillatory patterns in images.
They also provide a sparse representation of wave equations, hence the name wave

atoms.
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2.2.1 Waveatom Transform Properties

To be a Multiresolution image transforms, five properties should be satisfied:

1. Multiresolution: The transform should alow images to be successively
approximated, from coarse to fine resol utions.

2. Localization: The basis elements of the transforms should be localized in both the
gpatial and the frequency domains.

3. Critical sampling: For some applications (e.g., compression), the transforms
should form abasis, or aframe with small redundancy.

4. Directionality: The transform should contain basis el ements oriented at a variety
of direction.

5. Anisotropy: When a physical property changes with direction, that property is
said anisotropy. For image transforms, anisotropicity means that the basis
elements of the transforms should not be circular (similar in all directions) but
may be elliptical (more along the major axis and less aong the minor axis); the
circular basis repeats itself many times and this does not the case of elliptical one.

The core of the Waveatom transform [24] is displayed in Figure 2.5. On the right of

Figure 2.5, the frequency plane is divided into wedges. The wedge is formed by
partitioning the frequency plane into radial and angular divisions. The radial divisions
(concentric circles) are for band-passing the image at different resolution/scales. The
angular divisions divide each band-passed image into different angles. To consider each

wedge, the band-passed image should be analyzed at scale j and angle 6.

The second property of the wish-list requires the transform to be localized both in the
frequency and the spatial domain. However, a signal that is perfectly localized in one
domain is spread out in the other. So, one can only expect the transform to be
approximately localized in both domains. The image on the right of Figure 2.5 shows
how the frequency plane is divided into wedges. If awedge has an abrupt boundary in the
frequency domain, it will be spread in the spatia domain. To avoid that, the boundary of
the wedge is tapered as shown in Figure 2.6. The dotted line shows an abrupt wedge
boundary, the continuous lines show the actual wedge boundary which is tapered off.

This smooth tapering allows for localization in both the frequency and spatial domains.
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From Figure 2.5, once the scale and the angle are defined, the wedge is identified.
The wedge is inverted to the spatial domain (left side of Figure 2.5) by Inverse Fourier
transform. The inverse Fourier transform of the wedge are the Waveatoms corresponding
to the wedge at particular scale and angle. The Waveatoms are periodic and repeated
infinitely. In Figure 2.5 they are shown as ellipses, the centers of the ellipses are shown
as dots.

Figure 2.8 shows a wedge (in the frequency domain) on the right, and a Waveatom
(in spatial domain) corresponding to the wedge on the left. As we can see, the Waveatom
is not exactly an ellipse as depicted in Figure 2.5. It is elongated in one direction and
wave-like in the other but its effective support is elliptical as shown in the left of Figure
2.5 and 2.7. The relationship between the length of major and minor axes of the ellipse
follows a parabolic scaling law, i.e. major axis length= (minor axis length) *. However,
the values of the Waveatom coefficients are determined by how much the Waveatom and
the actual image are aligned.

What sets them apart from other transform architectures like Wavelets or Curvelets,
Waveatoms have a sharp frequency localization that cannot be achieved using wavelet
packets and offer a significantly sparser expansion for oscillatory functions than wavel ets
and Curvelets. Waveatoms capture the coherence of patterns across and along oscillations
whereas Curvelets capture coherence along oscillations only. Waveatoms precisely
interpolate between Gaboratoms and wavelets means that the period of oscillations of
each wave packet is related to the size of essential support by parabolic scaling i.e.

wavelength ~ (diameter)?, which is known as the scaling law [25].
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Figure 2.5: Waveatom Transform in Spatial Space (left) and in Frequency (right)

‘|f— Wedge ﬂ

Figure 2.6: Boundary of Wedge

Figure 2.7: Waveatom at Increasing Finer Scale. Waveatom in Spatial Domain (left) and it’s
Frequency Domain (right)
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2.2.2 Waveatom Theory

Supposej, [, k are integer valued where j is the cutoff in scale, k is the cutoff in space
and [ labels the different wedges within each scale. Now consider a one-dimensional
family of wave packets<p{,k (x),j 20,1l =0,k €K, centered in frequency around
tw;, = +n2/l with ¢2/ <1<c¢;2/ where ¢; <c, ae positive constants, and
centered in space around x; , = 277k . One-dimensional version of the parabolic scaling
states that the support of each bump of ¢{k (w) isof length 0(2/) while w;; = 0(2%).

Starting with Villemoes wavelets @) (w) in frequency plane,
P (w) = e T2 [ej“l g (el ((u -n(l+ 1/2))) +e g (elH(w + n(l+ 1/2))) ] (2.9

Wherea; = /2 (1+1/2), ¢ = (—=1)' and{ ¢,(t — k)} form an orthonormal basis of
L*(R).

Dyadic dilates and translates of @ on the frequency axes are combined and basis

functions, written as:
(p{,k (x) = ¢ (x =27 k) = 2290 (2 x — k) (2.10)

The transform WA : L?(R) — 1?(Z) maps a function u onto a sequence of waveatom

coefficients, and by Plancherel’ s theorem:

0 [o9]

, 1 = A
Gk = fu(x) @) (x) dx = 7 fe‘lz ko ol (w) 2(w) dw (2.11)

—0o0 —0o0

If the function u is discretized at xn = nh, h=1/K, n =1....K , then with a small truncation

error (2.9) ismodified as:

G = Z el ol (k) (k) (2.12)
n=2m(-K/2+1:1:K/2)

A simple wrapping trick is used for the implementation of discrete wavelet packets

and the steps involved are:
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1. Perform an FFT of size K on the samplesof (n) .
2. For each pair (j,1) wrap the product qﬁ{ 1 by periodically inside the interval
[-2)m, 2 n] then perform inverse FFT of size 2/ of the result to obtain ¢ .

3. Repeat step 2 for al pairs( j, 1) .

The positive and negative frequency components represented by:

Pli (@) = 0l () + @iy () (2.13)
Hilbert transform H(ﬁ{ . (w) of eq. (2.11) represents an orthonormal basis L*(R) and is
obtained through a linear combination of positive and negative frequency bumps
weighted by i and —i respectively.

HP), () = i@ (@) + ¢y (@) (2.14)

To extend Waveatom to be 2D, let u = (j,1,K), wherel = (1, ;) and k = (ky, k3),

so from equation 2.8.

o (x1, %) = <P{1 (x1 - 2_fk1)<p{2(x2 —27k;) (2.15)

Hilbert transform was used to define the dual orthonormal basis,

op (x1,x) = H go{l (x1 —27ky) H(p{2 (x; —27ky) (2.16)

Now the bases function problem is that they oscillate in two directions instead of onein x

gpace. To solve this problem we combine the primal and dual (Hilbert-transformed) basis.

@ _ P+ o @ _ i~ Pu
U 2 rTH 2
By now, basis functions have two bumps in the frequency plane and they are

symmetric with respect to the origin, so we get purely directional wave atom. <P,51)

(2.17)

and

(plsz)form the wave atom frame.

The discretization of wave atoms closely follows the strategy of frequency sampling

and wrapping used for curvelets [26].
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CHAPTER 3
HIDDEN MARKOV MODEL

Although there has been several modeling techniques for face identification, this
section focus only on one approach that view a human face as a time series sequence
represented by a Markovian process.

3.1 Hidden Markov Model Principles

In spite of studied in the late 1960s, statistical methods of Markov source or hidden
Markov modeling have become increasingly popular in the last decade.

Hidden Markov Models (HMM) are a set of statistical models used to characterize the
statistical properties of asignal. HMM consist of two interrelated processes.

a. An unobservable Markov chain with limited number of status in the model, the
observation symbol probability matrix B, a state transition probability matrix A,
and initial state distribution I1.

b. A set of Probability Density Functions (PDF) associated with each state.

Using these notations, a HMM is defined as the triplet A = (A, B, II). The states in

HMM are hidden and only emitting symbols are observed.

Let N is the number of states, and the state at time t isgivenby q,,1 < t < T,
where T is the length of the observation sequence. Then the initial state distribution IT
= {m;},wherem; = p{q; = i},1 < i < N. Now the state transition probability
matrix becomes A ={a;}, where a; = p{q41 = jlq =i}, 1< i,j < N,0 <

al’]’

<1, and ¥}_,a; = 1. finally the observation symbol probability matrix B =

{b; (0.)} is approximated by the weighted sum of M Gaussian distributions where

bi(0)) = Ym=1Gm NWjm, 0 m 0,) where N(i; m, 0 m,0,) is a Gaussian pdf mean

vector u; ,, and covariance matrix g; ,,, ¢, is weighted coefficients for the m™" mixture

in state j with constraints¢;,, = 0, 1 < j <N, 1< m < Mand Yi_i¢, =1,

HMMs are typically used to address three unique problems [27]:

1. Evauation: Given a model A and a sequence of observations O, how one could
efficiently compute P (O] A).

2. Decoding: Given amodel A and a sequence of observations O, what is the hidden
state sequence g most likely to have produced O, i.e., q" = arg max, [P (g A, O)].
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3. Parameter estimation: Given an observation sequence O, what model A is most
likely to have produced O.

The first problem is typically used for pattern recognition tasks, a number of distinct
HMMs used to generate the probability of an observation sequence, each of which
corresponds to a class of pattern. The pattern is classified as belonging to the same class
as the HMM which produces the highest probability. The second problem can be used to
find the optimal state sequence in the application or to learn about the structure of a
model. The last problem is referred to as training, because the model’s parameters are
adjusted until some convergence criterion is reached. Typically, a number of observation
sequences are used to train a model.

In deeply manner, in the first process, each state j has an associated observation
probability distribution bj(o;) which determines the probability of generating observation
o at time t and each pair of states i and j has an associated transition probability a;; .
Figure 3.3 shows an example of this process where the six state model moves through the

state sequence X = 1; 2; 2; 3; 4; 4; 5; 6 in order to generate the sequence 01 to 0¢ [28].

Markov ap d33 dyy dss
Model M

! .'. 324:' :335 ' v
00,03 by ,';u(oa‘a;q{oj) “gstoa
B0 0 0 0 0
0 0, 05 04 05 0

Observation Frame

Figure3.1: A SmpleHMM
The observation probability is represented by a mixture Gaussian density. The
mathematical form of an m component Gaussian mixture for D dimensional input vectors

is,
_\" 1 - T S - )
poM) =D, (on g oL ) GD
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Where p(x|M) is the likelihood of x given the mixture model, M. The mixture model
consists of a weighted sum over m unimodal Gaussian densities each parameterized by
the mean vectors, u,, and covariance matrices, a,. The coefficients, a,, are the mixture
weights, which are constrained to be positive and must sum to one. The parameters of a
Gaussian mixture model, a,, un and o, for n=1...m may be estimated using maximum
likelihood criterion via the iterative Expectation-Maximizations (EM) algorithm. In
genera, fewer than ten iterations of the EM algorithm will provide sufficient parameter

convergence [29].

In the second process, each state acts as PDF with its own parameters. The Gaussian
mixture (GM) modeling is commonly used for each state, where each state has its own
GM. When a feature vector enters a state, the PDF of that vector is performed according
to the GM model of that state.

3.2 Parameters Estimation

HMM initializes mean and variance of each GM by using Baum-Welch formulae,
then used EM algorithm to re-estimate more accurate parameters.

To go deep, the training observation vectorso, were assigned to all states. Using
Baum-Welch formulae, calculate mean i, and variance o, of state n (equations 3.2 and
3.3).

~_ Zie1 La(®)o;

ﬂn B ZZ=1 Lp (t) (32)
o _ Ziz L© — )0 = i) (3.3)
" {=1 Ln(t)

Where (o, — ﬁj)' is the transpose of (o, — £;), and L, (t) isthe probability of being in
state n at time t. forward-backward algorithm was used to calculate L, (t). Suppose a,, (t)
is the joint probability of observing the first t vectors and being in state n at timet, for
such amodel M and N state,

a,(t) = P(oq, ... ... ,0.,x(t) = n|M) (3.4)

By induction, we have,
T

POIM) = ) 4, (® (3.5)

t=1
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The backward probability g, (t) ,

Brn(t) = P(0p 41, e - ,or,x(t) =n, M) (3.4)
Once again inductively we have,

Br(t) = XN ayy by (0048 (E + 1) (3.5)
By now,

Ly(®) = 1/p ay(® B, @) where P = P(0O|M) (3.6)

After parameters initialization, HMM uses viterbi algorithm to find the best path
given such a sequence. To do so, the EM algorithm was used to re-estimate mean and
variance. The EM algorithm is an iterative procedure to compute the Maximum
Likelihood (ML) estimate in the presence of missing or hidden data. Each iteration of the
EM agorithm alternates between performing two processes:

1. The expectation step (E-step).

2. The maximization step (M-step).

In E-step, the missing data are estimated given the observed data and current estimate
of the model parameters. This is achieved using the conditional expectation, explaining
the choice of terminology. In the M-step, the likelihood function is maximized under the
assumption that the missing data are known. The estimates of the missing data from the
E-step are used in instead of the actual missing data. Convergence is assured since the
algorithm is guaranteed to increase the likelihood during the iterations. However, the
great advantage of the algorithm is that its convergence is smooth.

The Maximum likelihood Gaussian mixture model, to estimate probability density
function p(x|M). It was estimated by the mean log likelihood over the sequence,
X:{Xl...XN},

1 m
S(X) = log P(X|M) = NX log P(X, M) (3.7)
n=1

Suggest that the states are already trained. In Figure 3.3 the observation sequence had
6 frames, states and frames were represented by vertical and horizontal dimensions,
respectively. Dots and arcs represent the log observation probability and log transition
probability, respectively. The log probability of any path is the summation of all log
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probabilities (observation and transitions) were contained on that path, the best time-
alignment of the framesis obtained, and thisis so-called Viterbi algorithm.

In recognition stage, preferably, the decision depend on the maximum score path in
the model, which is obtained by the viterbi algorithm. At each node in the viterbi trellis,
only the best path leading to this node is kept and the rest are dropped. This continues
until al frames are done. Thus at each node to select one path and one score is recorded.
3.3HMM Applications

Neither the theory of HMM nor its application in the field of recognition is new.
Hidden Markov Models have been successfully used for speech recognition where datais
essentially one dimensional. Extension to a fully connected two dimensiona HMM has
been shown to be computationally very complex.

HMM seems to be a promising method that works well for images with variation in
different lighting, facial expression, and orientation. The system being modeled is
assumed to be a Markov process with unknown parameters, and the goal is to find hidden
parameters from the observable parameters. Each state in HMM has a probability
distribution over the possible output whereas each state in a regular Markov model is

observable.
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CHAPTER 4
SYSTEM DESIGN

The project contains three main stages. preprocessing stage followed by feature
extraction stage and the classification stage. MatlabR2008a were used to implement this
project. Three datasets used for testing; AT&T and Essex Grimace datasets.
Preprocessing was applied to the datasets. In Feature Extraction stage, the images are
decomposed by two levels Curvelet and Waveatom Transform.

4.1 Preprocessing Stage

As preprocessing, first Color images of Essex Grimace database are converted to gray

scaleimages using equation 4.1. Let R, G, B be red, green, blue value of colored image,
9TV pame = 0.2989 X R + 0.587 x G + 0.114 x B (4.1)

For each dataset, all face images are quantized into 8 gray levels. The intensity image
was scaled and rounds produce an equivalent indexed image. Then cropped face region
and resized it into 120x120.

4.2 Feature Extraction Stage

The most important property of multiscale transforms, in the recognition task, is the
sparsity. Features choice will be no longer critica task, if we use the sparsity of the
transform in correct way. The important here is answering two questions. the first
guestion is if the number of features is large or not. The second one is if the sparse
representation was calculated in correct manner or not.

Sparsest representation has discriminant nature, from all subsets of features; it selects
the most representative subset and most compactly expressed the input image and rejects
all other less compact representations.

The underlying texture structure was zoomed on and out by the analysis of
multiresolution transforms, therefore, the extracted texture does not affected by the size
of neighboring pixels.

The multiscale transforms theory yields to two important points; the role of feature
extraction and the difficulty due to occlusion. Feature extraction role of Curvelet and
Waveatom transforms was covered on chapter two. The occlusion difficulty will be
covered in the next section, when talking about the classifier.
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The feature extraction stage was implemented using two modern multiresolution
transform; the first is the Curvelet transform and the second is the Waveatom transform.
Curvelab-2.1.2 Matlab package [30] was used to yield Curvelet feature vectors.
Waveatom feature vectors were outperformed using WaveAtom-1.1.1 matlab package
[31].

4.2.1 Curvelet based Feature Extraction

In order to extract feature vectors, the images are decomposed into its approximate
and detailed components using two levels of Curvelet transform. These sub-images thus
obtained are called curvefaces. These curvefaces greatly reduces the dimensionality of
the original image. Thereafter only the approximate components are selected to perform
further computations, as they account for maximum variance. Thus, a representative and
efficient feature set is produced. Figure 4.1 shows the Curvelet coefficients of aface from
ORL dataset decomposed at scale = 2 and angle = 8. The image in the first row is the
original image. The coarse scale (low frequency) is first image in the second row, which
so-called approximate coefficients. The other images are finest scale which so-called
detail coefficients.

The face images, belongs to ORL and Essex Grimace dataset, are decomposed using
Curvelet transform at scale = 3 and angle = 8. Thus 25 components are produced,
including 1 approximate and 24 detailed sub-band. The resolution of the approximate
subband is reduced to 42 x 37 and 42 x 42 for images of ORL and Essex Grimace
respectively. To further reduce the dimensionality, Curvelet transform, at scale = 3 and
angle = 8, was applied once again on these approximate components only. The resolution
of the approximated subband became 13x15 and 15x15 for images of ORL and Essex
Grimace respectively as shown in Figure 4.2. A total of 195 features of Curvelet sub-
images are produced.

4.2.2 Waveatom based Feature Extraction

Waveatom decomposition is used for sparse representation of face images since they
belong to a category of images that oscillate smoothly in varying directions. Firstly,
discrete 2D Waveatom decomposition is applied to the original face image; to efficiently
capture coherence patterns along and across the oscillations. Figure 4.3 shows the
Waveatom coefficients of a face from ORL dataset decomposed at different scales. The
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highest coefficients value is inserted first in the coefficients array within each scale; the
array sorted descending. The upside right block shows the coefficients at scale three,
actually the number of feature vector is 8 x 8 features. The down side left block shows
scale four coefficients, coefficients array length 50 x 50 coefficients. The block in the
downside right shows scale five coefficients which is 120 x 120 coefficients.

r
le

eeco

(a) One level Curvelet (b) Two level Curvelet
Figure 4.2: Sample Images of Curvelet Transform
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10 20 30 40 20 40 60 80 100
Figure 4.3: Coefficients of Waveatom Transform at Different Scales

To study the margina statistics of the Waveatom coefficients of images, looking to
Figure 4.4 to note that, the histograms of two orientations at two successive scales of a
face image (two following scale). The distributions are characterized by a very sharp
peak at zero amplitude and extended tails to both sides of the peak (leptokurtic). This
leptokurtic behavior is observed on all histograms of all orientations and scales of all
images in our test set. This implies that the Waveatom transform is very sparse, as the
majority of coefficients have amplitudes close to zero. The kurtoses of these distributions
are higher than the Gaussian value of 3. Where the Kurtoses are defined as the fourth
central moment divided by the square of the variance as follows:

E[(x — %)*]

Kurtosis = )

. (2.18)

Thus, the marginal distributions of images in Waveatom domain are highly non-
Gaussian.

From all discussions and characteristics that viewed in this chapter, the Curvelet
transform and Waveatom transform are used in this thesis as novel techniques for

features extraction, as will be discussed later.
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Figure4.4: Marginal Distributions
4.3 Classification Stage

Before going in to the identification task, In order to be able to compare the feature
vectors obtained from Curvelet and Waveatom transforms, they were needed to put into
the same scale. Therefore, a normalization of these values using the Gaussian model
based Z-score normalization method was performed. The following formula was used for

normalization:

, TOWscore — U
normalized,_;.pre = ————— (4.2)
o

Where 4 and o are the mean and standard deviation for such a row. This normalization
maps the score onto a common scale and removes the dependencies of the scores too.

The classification is performed by HMM. Many efforts spend to utilize the HMM
technique to the classification task. In particular, a new application of the well-known
HMM, which isimplemented in HMMall matlab toolbox [32].
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4.3.1 Artificial Neural Network
Neural networks are composed of simple elements operating in parallel. The neuron
model shown in Figure 4.5 isthe one that widely used in artificial neural networks.

Wy
X1
W,
X2 N
™, output = vy
) a=®+ wj X5 | y=f@
X
Wy
iN

Figure4.5:; Artificial Neurons
The neuron given in this figure has N input, denoted as xi, X2...Xn. Each line
connecting these inputs to the neuron is assigned a weight, which is denoted as wy, ws....
wy respectively. The threshold in artificial neuron is usually represented by @ and the

activation is given by the formula:

n
j=1

Both of the inputs and weights are real values. If @ is positive, it is usually referred as
bias. Due to its mathematical convenience (+) sign is used in the activation formula.
Sometimes, the threshold is combined into the summation part by assuming an imaginary
input Xo = +1 and a connection weight wo = ®. Equation 4.4, which is vector notation,
used to update the neuron.

A=wT + @ (4.4)

Function implementations can be done by adjusting the weights and the threshold of
the neuron. Furthermore, by connecting the outputs of some neurons as inputs to the
others, neural network will be established, and any function can be implemented by these
networks. The last layer of neuronsis called the output layer and the layers between the
input and output layer are called the hidden layers. The input layer is made up of special

input neurons, transmitting only the applied external input to their outputs.
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The architecture of artificial neural network used in this thesis is a multi layer
perceptron with steepest descent back-propagation training algorithm with adaptive
learning rate. Figure 4.6 shows the architecture of a typical Back-propagation neural
network. It contains from three layers; input layer, one hidden layer, and output layer.
Tansigmoid transfer function was used in the hidden layer. Linear transfer function was

used in the output layer.

X1

X2

AN

Figure 4.6: Back-propagation Neural Network
Back-propagation algorithm is used as the training method of the designed artificial
neural network. The back-propagation algorithm includes the following steps:
1. Initialize weights and biases to small random numbers.
2. Present atraining data to neural network and calculate the output by propagating
the input forward through the network used.
3. Propagate the sensitivities backward through the network:

SM = 2 FM(nM)(t — a) (4.5)
S™ = Fm(mm)(Wm™)Tsm*+t form = M—1,...,2,1 (4.6)
Where
™M) 0 0
a=| O fm(n3') 0 (4.7)
0 0 B AICS
fr ) = 48)
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4. Calculate weight and bias updates

AW™ (k) = —a s™(a™ )T (4.9)

Ab™ (k) = —a s™ (4.10)
5. Update the weights and biases

wm™ (k+1) =w™ (k) + AW™ (k) (4.11)

b™ (k+1) =b™ (k) + Ab™ (k) (4.12)

6. Repeat steps 2-5 until convergence.
4.3.2HMM for Face Recognition

In this section, the goa is to build HMM model assigned to the different faces
contained in the training sets. One HMM s built for each subject; the training process is
performed using the Baum-Welch algorithm. Each feature vector is modeled by
continuous left-to-right HMMs. Each HMM state generates a mixture of Gaussian
densities. The number of states and the number of densities per state that are appropriate

to model each class depend on the amount of training data available for that class.

In the feature extraction phase of HMM model, each individual in the dataset is
represented by a HMM face model. First, the HMM is initialized. The image is
segmented from top to bottom. Each segment is fixed-size 2D window that belongs to
some predefined facial regions as shown in Figure 4.7. In other words, extract the
observation vector sequences from the entire face image. Each observation sequences a
multidimensional vector. Each state is assigned one and only one facial region. Actually,
facia regions are al clusters of vectors that are formed using k-means algorithm. Then
the image data within aregion is modeled by a multivariate Gaussian distribution. Next,
model parameters are re-estimated by a process called E-M procedure to maximize the
model probability until convergence. In other words, one state is responsible for
characterizing the observation vectors of human foreheads, and another state is

responsible for characterizing the observation vectors of human eyes.

In the training phase, HMM builds a model for each person in the database. Each
HMM is trained with different face images of the same person. Each parameter of this
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model will be trained through two levels Curvelet feature vectors and Waveatom feature

Vectors.

The HMM testing phase consists of partitioning each test image into blocks and
assigning a facial region to each of them. K-means clustering algorithm has the
responsibility to perform this phase; k is the number of selected facial region. This
sequence of blocks with their facial regions was used to express a face image. Now, the
recognition phase will be performed by founding the model within the training sets that

maximizes the likelihood of atested face image.

— .
JEEEE—————

observation vector

0] G: Oj u-l rEEEE

Figure4.7: HMM observation vector
HMM chooses the Maximum Likelihood model (ML) using the Maximum Likelihood

criterion as follows:

1
ML = N logp(X|6,,;) (4.13)

Where X is the dataset and 6,,; is maximum likelihood estimate parameters. HMM
likelihood increases with the number of parameters in the model. The shortcoming of ML
criterion is that there is no penalty to prevent the number of model parameters from
increasing. On the other side, maximum likelihood estimation methods two attractive
points; the first point is that they have good convergence properties as the number of
training samples increases. The second point is that maximum likelihood estimation often

can be found simply.
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HMM is good to deal with noisy or distorted data but it tends towered outputting high
probability not for the proper class data, but for out-class data too. So HMM discriminant
is reduced.

To overcome this problem, it’s needed to build enclosed models (out-class) for each
class using included and occluded data. The procedure as follows:. first of al, HMM
standard model was trained using in-class data. Second, standard models recognition
results are used to defined the confusion sets data. Again, HMM standard model was
trained using out-class data. Findly, for each class, the fina model (MLsy, ) was
calculated using the following equation:

MLgy =+ 10gp(X16,) — - 1ogp(X 10 ) = MLy = MLy, (4.14)

Where 6,,; and 6’ ,,;, X and X' and N and N, are the maximum likelihood estimate
of parameters for in-class and out-class, in-class and out-class training data sets, and

number for in-class and out-class training data sets respectively. ML, and ML,,, arein-

class model and out-class model respectively.

4.4 Summary
The procedure can be summarized as follows:
1. Preprocessing Stage
I.  Convert colored images into gray scale, each face image, crop the face
region, quantize into 8 gray levels, and resize it.

[1.  Origina dataset will be in-class data sets.
1. Addinclusions and occlusions to original data sets to define out-class sets.
2. Feature Extraction Stage

I. Two levels Curvelet decomposition applied to al face images,
approximated coefficients will be the feature vector.

1. Decompose all face images using Waveatom transform, coefficients at
scale three will be the feature vector.

3. Classification Stage

. PatA
Train ANN using both ORL and Essex Grimace data sets.

. PatB
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Train HMM using both ORL and Essex Grimace data sets.
. PatC

Using in-classes data sets, train HMM

Using out-classes data sets, train HMM

Compute MLg;, using equation 4.14
End.
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CHAPTER S
SIMULATION RESULTS

This chapter talks about the Experimental results obtained and how it obtained,
discussesit in deep, and compares it to show the benefit to use the proposed method.
5.1 Data Collection

Experiments were carried out using three datasets from different sources. ORL
(AT&T) database, Essex Grimace database and Yae database, both sets are used to
implement different Algorithms to recognize the human face.

ORL (AT&T) database [33] contains distinct face images sets for 40 persons with
dimension of 92x112, and each set consists of 10 different images for the same person.
For some persons, images were taken at different times varying the lighting, facia
expression (open / closed eyes, smiling / not smiling) and facial details (glasses / no
glasses). All the images were taken against a dark homogeneous background with the
faces in an upright, frontal position (with tolerance for some side movement). Sample
images of this dataset are shown in Figure 5.1.

m

Essex Grimace database [34] contains sequence face images for 18 persons each one
has 20 images (180x200), all images taken with a fixed camera for male and female.
During the sequence, the subject moves hisher head and makes grimaces which get more
extreme towards the end of the sequence. Images are taken against a plain background,
with very little variation in illumination. Sample images of this database are shown in
Figure 5.2. For the purposes of the experiments carried out, the Essex faces were
converted to grayscale prior to training.

Experiments were carried out using Matlab R2008a on 2 Due CPU, 2.27 GHz laptop
processor, and 2 GB RAM.

First of al, the preprocessing is performed on all face images and for all datasets.
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Figure5.2; Sample Images from Essex Grimace Database

First of all, the preprocessing is performed on all face images and for all datasets. In
order to build a confusion datasets; inclusion data sets were built by add gray level to face
image in different parts of faces while occlusion data sets were built by cropping different
parts of faces. Bellow, Figure 5.3 shows samples of out-class image from ORL and Yale
datasets. Indeed, for each dataset, each person has two enclosed data classes; the first
classisincluded data class which contains four included face images and six normal face
images, the second class is occluded data class which contains four occluded face images

and six normal face images.

(a) Occluded data set (b) Included data set

Figure 5.3: Out-class I mage Samples

In order to assess the efficiency of the proposed technique described in the previous
chapter, a series of experiments were carried out using all databases separately.
Therefore, with AT& T database, six images were used for training and four images for
testing during each run. When using the Essex 95 database, nine images were used for
training and eleven images for testing during each run. One HMM model was trained for
each individual in the database.
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After feature extraction take place, it's time to perform the identification task. The
classification is performed by two different techniques; the first is gradient descent back-
propagation neural network with adaptive learning rate, while the second is HMM.

5.2 Neural Network for Face Recognition

Neural networks have been widely used in many pattern recognition problems, such
as optical character recognition, and object recognition. Since face detection can be
treated as a two class pattern recognition problem, various neural network architectures
have been proposed. The advantage of using neura networks for face detection is the
feasibility of training a system. This feasibility used to capture the complex class
conditional density of face patterns. However, one drawback is that the network
architecture has to be extensively tuned (number of layers, number of nodes, learning
rates, etc.) to get exceptional performance.

The aim of initial experiments was to investigate the efficiency of using both of two
levels Curvelet transform and Waveatom transform for extract features with gradient
descent backpropagation ANN based face recognition task.

The gradient descent with momentum training function was used to update weight
and bias values. Tan sigmoid transfer function and linear transfer function were used in
hidden layers and output layer respectively. The number of hidden layer and the number
of nodes in each layer are varied to obtain the optimal back-propagation neural network
topology for highest performance with both 2-level Curvelet Transform and Waveatom
Transform. As shown in Figures 5.4 and 5.5, the number of hidden layer and the number
of nodes in each one are important parameter to improve the recognition rate (success
rate).

From Figure 5.4 (@) for both ORL and Essex Grimace data sets, when the ANN
topology has one hidden layer; starting with 20 nodes in the first hidden layer and
increased them to be 80 nodes. It can be seen that the curves in Figure 5.4 (a) is alinear
piecewise curves. The success rate obtained was 87% and 88% for ORL and Essex
Grimace databases respectively using 20 nodes in the first hidden layer. With 30 nodes,
the success rate increased to become 89% for ORL database and 90% for Essex Grimace
database. With 40 nodes, the success rate increased to become 91% for ORL database
and 95% for Essex Grimace database. Once again it increased to be 97% and 100% for
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ORL and Essex Grimace databases respectively. The success rate decreased to 93% and
97% for ORL and Essex Grimace databases respectively using 60 nodes in the first
hidden layer. With 70 nodes the success rate was 90% for ORL database and 96% for
Essex Grimace database. With 80 nodes it decreased to 89% and 94% for ORL and Essex
Grimace databases.

From Figure 5.4 (b) for both ORL and Essex Grimace data sets, when the ANN
topology has two hidden layers; the number of nodes is 50 nodes in the first hidden layer.
The number of nodes will be varied to found the optimum number of nodes for the
second hidden layer. Beginning with 20 nodes in the second hidden layer and increased
them to be 80 nodes. It can be seen that the curvesin Figure 5.3 (b) is alinear piecewise
curves. The success rate obtained was 85% for ORL and Essex Grimace databases. using
20 nodes in the first hidden layer. With 30 nodes, the success rate increased to become
87% for ORL database and 88% for Essex Grimace database. With 40 nodes, the success
rate increased to become 90% for ORL database and 92% for Essex Grimace database.
Once again it increased to be 95% and 98% for ORL and Essex Grimace databases
respectively. The success rate decreased to 92% and 95% for ORL and Essex Grimace
databases respectively using 60 nodes in the first hidden layer. With 70 nodes the success
rate was 90% for ORL database and 93% for Essex Grimace database. With 80 nodes it
decreased to 88% and 91% for ORL and Essex Grimace databases.

The success classification rate increased with increasing nodes till 50 nodes then
decrement again. The best recognition rate with 2-level Curvelet Transform achieved
97% at 50 nodes in the first hidden layer.

On Waveatom side, number of nodes and numbers of hidden layer were varied to
obtain the best neural network topology. Beginning with one hidden layer contained 10
nodes; the success rate was 90% and 98% for AT&T and Essex Grimace database.
Piecewise linear incremental success rate function was shown in Figure 5.5 (a) till
reaches 20 nodes in the first hidden layer. With 15 nodes, the success rate increased to
become 94% for ORL database and 99% for Essex Grimace database. Once again it
increased with 20 nodes to 98% and 100% for ORL and Essex Grimace databases
respectively. The success rate decreased to 98% and still 100% for ORL and Essex
Grimace databases respectively using 30 nodes in the first hidden layer. With 40 nodes
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the success rate was 94% for ORL database and 98% for Essex Grimace database. With
50 nodes it decreased to 88% and 98% for ORL and Essex Grimace databases.

100%
08% \
- 96% A
E / \ \ —#— ATET dataset
94% 4
@ / \ \ —— Fssex dataset
E o2%
P \
90% // \
88% \
BE% T 1 1 1 1 1 1
a0 70 60 50 40 30 20
Mo. of node in the first layer
(@
100%
Q8% A
06%
i 94% /., A \ —— ATET dataset
B 92% ,/ \\ —B Essex dataset
E Q0%
(7]
B8%
86%
B'q'% T T T T T T 1
a0 70 &0 50 40 30 20
Mo. of nodes in the second layer

(b)
Figure 5.4: Results obtained from Optimizing ANN for 2-Level Curvelet Transform, (a):
optimizing 1% layer, (b): optimizing 2™ layer
Now the topology would be consisted from 20 nodes in the first hidden layer and
numbers of nodes in the second layer will be varied starting with 10 nodes till 50 nodes.

As can be seen from Figure 5.5 (b), with 10 nodes the success rate was 87% and 96% for
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AT&T and Essex Grimace database respectively. The success rate was 93% for ORL
database and 98% for Essex Grimace database with 15 nodes. Once again it increased
with 20 nodes to 91% and 100% for ORL and Essex Grimace databases respectively. The
success rate decreased to 87% and 98% for ORL and Essex Grimace databases
respectively using 30 nodes in the first hidden layer. With 40 nodes the success rate was
90% for ORL database and 97% for Essex Grimace database. With 50 nodes it decreased
to 85% and 94% for ORL and Essex Grimace databases.

The best recognition rate with Waveatom Transform achieved 98% at 20 nodes in the
first layer while the success rate was 93% at 15 nodes in the second layer for ORL
database.

Clearly, the ANN topology should contain one hidden layer with 50 and 20 nodes to
get the highest performance by using 2-level Curvelet and Waveatom Transforms
respectively for ORL dataset. The same results are obtained for Essex Grimace dataset.
The comparison between the two databases that used is not fair for many reasons. each
database has different size, ORL database are gray images while Essex Grimace data are
colored images, and ORL data was captured by photographic camera while Essex
Grimace was obtained using video camera.

In order to show the robustness of the system, the system was tested using face
images from outside training data sets. The reject rate was 1.5% with Waveatom based
ANN and 2.75% with two levels Curvelet based ANN.

5.3 Hidden Markov Mode

The next set of experiments was designed to investigate the efficiency of using both
of two levels Curvelet transform and Waveatom transform for extract features with HMM
based face recognition task. The approximated Curvelet coefficients which of size equal
to 15 x 15, were used as feature vector. Scale three Waveatom coefficients which of size
equal to 8 x 8, were used as feature vector. A model which contains five states as

discussed in the previous chapter.
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Figure 5.5: Results obtained from Optimizing ANN for Waveatom Transform, (a):

A varied window Waveatom feature vector is used by using five states and
optimizing both of feature vector length and the number of Gaussians densities per state.
Figure 5.6 shows the classification success rate for varying Gaussian densities per state
and several vector lengths for ORL (AT&T) and Essex Grimace databases, respectively.

In the case of using HMM with 2 levels Curvelet Transform, one would resize feature

(b)

optimizing 1% layer, (b): optimizing 2™ layer
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vector to be 12 x 12 and 24 x 24 for AT&T and Essex Grimace respectively; to could
divide the observation vector to different lengths. Figure 5.7 shows the classification
error rate for varying Gaussian densities per state and several vector lengths for ORL
(AT&T) and Essex Grimace databases, respectively.

The curves in Figure 5.6 and Figure 5.7 consist of piecewise continuous lines
increasing inside the interval [1,3[ of Gaussian densities per state for ORL (AT&T) and
Essex Grimace databases of faces, respectively. Whereas it becomes decreasing inside
the interval [3,4] of Gaussian densities per state for ORL database. In the other side, it
seems constants for Essex Grimace dataset in the last interval. The curves becomes
increasing again in the interval [4,5] of Gaussian densities per state for both ORL and
Essex Grimace dataset, respectively. Again, the curves become decreasing inside the
interval [6,8] of Gaussian densities per state for both datasets.

Empirically, Figure 5.6 yields that the best result for success rate by using Waveatom
features were obtained using a certain values of severa parameters, such as: 5 states in
each HMMs, 6 Gaussian densities per each state, and a length of 8 x 2 window size as an
observation vectors. These HMM parameters was produced a classification rate of 99%
and 100% for ORL (AT&T) and Essex Grimace databases of faces, respectively.

In fact, Figure 5.7 summarizes the following: using 5 states in HMM, the best result
for success rate when using 2 levels Curvelet features was 98% with AT& T faces and
100% with Essex faces. These results were obtained with a length of 24 x 3 and 12 x 3
window size for feature vectors, for both Essex Grimace and AT& T respectively, (and 6
Gaussian densities per each state).

In order to show the robustness of the system, the system was tested using face
images from outside training data sets. The regject rate was 1% with Waveatom based
HMM and 2% with two levels Curvelet based HMM.

41



100%

QB%
i / Observ. Vector

F

s 06% -8l
: 4./{ ——g*2
-
wo 04% - “/\// \ ——1 7

079 - x'/,\ ———g*8

gﬂ% T T T T T T T 1

1 2 3 4 5 o] 7 a8
no. of Gaussian per state
(@

100%

Qg%
w 96% . wector
&8 *
m  94% - 871
E —m—g*2
w02 / Fa /\( g4

a0% )/ ———RFE

BB% T T T T T T T 1

no. of Gaussian per state

(b)

Figure5.6: The Classification Success Rate Obtained when using Waveatom Features for
Varying Gaussian Densities per State and Several Vector Lengths: (a) For Essex Grimace
database of faces (b) For ORL (from AT& T) databases of faces
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5.4 Compar ative Study

In the previous two sections, different results have been presented. In order to show
the capability of the proposed method one has compared it against the most popular
existing techniques. A 3-level wavelet decomposition using ‘Haar’ wavelet was
performed for wavelet based PCA technique. The best highest 50 eigenvectors were
selected for both Curvelet and wavelet based PCA.
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Figure 5.8 summarizes the results of the comparative study. It shows the recognition
success rate of three different methods, and compares the results with the ANN results
obtained in this thesis. These methods are two levels Curvelet Transform and Waveatom
Transform. Both of them used as feature extraction techniques. The classification
technique was the gradient descent backpropagation ANN. The results show that the
proposal methods have the highest Recognition Rate. For two levels Curvelet features,
the success rate was 97% and 100% for ORL (AT&T) and Essex Grimace databases of
faces, respectively. In the other side, Waveatom features have the highest success rate.
The success rate was 98% and 100% for ORL (AT&T) and Essex Grimace databases of
faces, respectively. These results was against 93%, 94%, 96% when using eigenfaces
features, Wavelet+PCA features and Curvelet+PCA features, respectively, for ORL
(AT&T) database of faces. And it was 70%, 98%, 100% when using eigenfaces features,
Wavelet+PCA features and Curvelet+PCA features, respectively, for Essex Grimace
database of faces.

Figure 5.9 compares the recognition rate obtained of three different methods against
the rate obtained when use HMM classifier. Feature extraction obtained by both tow level
Curvelet Transform and Waveatom Transform. The classification technique was HMM.
The results show that Waveatom features have the highest recognition rate once again.
For two levels Curvelet features, the success rate was 98% and 100% for ORL (AT&T)
and Essex Grimace databases of faces, respectively. In the other side, Waveatom features
have the highest success rate. The success rate was 99% and 100% for ORL (AT&T) and
Essex Grimace databases of faces, respectively. These results was against 93%, 95%,
96% when using eigenfaces features, Wavelet+PCA features and Curvelet+PCA features,
respectively, for ORL (AT&T) database of faces. And it was 75%, 98%, 100% when
using eigenfaces features, Wavelet+PCA features and Curvelet+PCA features,
respectively, for Essex Grimace database of faces.

Backing to Figure 5.8 and 5.9, one note that both of the proposal methods for feature
Extraction supersede the state of art in this era, and viewed as promised way for more
studying. Actually either use the HMM classifier or the ANN classifier, Waveatom
features achieve the highest success rate, behind it the features obtained from two levels
Curvelet Transform.
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5.5 Time Requirements

In addition to identi
istime requirements for
For Feature Extraction
image. Wavelet face +

seconds for AT&T database and Essex Grimace database respectively. This time is
increased when using the first generation Curvelet + PCA to become 0.194903 seconds
for AT&T database and 0.311185 seconds for Essex Grimace data base, since the high

fication accuracy, an important factor in face recognition system

whole system stages.

process, Figure 5.10 shows the time requirements per one face
PCA feature extraction time was 0.2698 seconds and 0.177401
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redundancy which suffers from. The time application was 0.1887 seconds for AT& T data
base and 0.2388 seconds for Essex Grimace with two levels second generation Curvelet
transform. Waveatom feature Extraction time was 0.12623 seconds for AT& T database
and 0.168477 seconds for Essex Grimace data base.

In particular, two levels Curvelet seems to be faster than all of Wavelet + PCA and
Curvelet + PCA. Actually, Waveatom transform is the fastest one of all multiresolution
transforms.

For Classification task, two times should be measured; the first is training phase time
and the later is testing phase time. In training both ANN and HMM classifier, the time
application is measured and summarized in Figure 5.11 and 5.12, respectively.

As can be seen from Figure 5.11, Wavelet face + PCA ANN training time was 221
minutes and 71 minutes for AT& T database and Essex Grimace database respectively.
The training time is increased when using the first generation Curvelet + PCA to become
194 minutes for AT& T database and 67 minutes for Essex Grimace data base. The time
application was 123 minutes for AT& T data base and 39 minutes for Essex Grimace with
two levels second generation Curvelet transform. Waveatom feature Extraction time was

55 minutesfor AT& T database and 26 minutes for Essex Grimace data base.

Training Time

M Essex Grimace

HATET

Requirements time in min.

Wavelet Curvelet 2 level Wave atom
face + PCA +PCA Curvelet

feature extraction method

Figure5.10: Feature Extraction’s Time Requirements
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Figure5.11: Time Requirementsin Training ANN

As can be noted from Figure 5.12, Wavelet face + PCA HMM training time was 30
minutes and 17 minutes for AT& T database and Essex Grimace database respectively.
The training time is increased when using the first generation Curvelet + PCA to become
28 minutes for AT& T database and 13 minutes for Essex Grimace data base. The time
application was 23 minutes for AT& T data base and 10 minutes for Essex Grimace with
two levels second generation Curvelet transform. Waveatom feature Extraction time was
16 minutesfor AT& T database and 7 minutes for Essex Grimace data base.

In reality, the time needed to train HMM s less that needed to Train ANN. Notably;
Waveatom based HMM is the fastest in training stage.
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Figure5.12: Time Requirementsin TrainingHMM
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Figure 5.13 and 5.14 summarizes the testing phase required time using ANN and
HMM respectively.

As can be seen from Figure 5.13, Wavelet face + PCA ANN testing time was 0.06
seconds and 0.08 seconds for AT& T database and Essex Grimace database respectively.
The testing time is increased when using the first generation Curvelet + PCA to become
0.06 seconds for AT& T database and 0.085 seconds for Essex Grimace data base. The
time application was 0.054 seconds for AT& T data base and 0.164 seconds for Essex
Grimace with two levels second generation Curvelet transform. Waveatom feature
Extraction time was 0.053 seconds for AT&T database and 0.06 seconds for Essex
Grimace data base.

As can be seen from Figure 5.14, Wavelet face + PCA HMM testing time was
0.018218 seconds and 0.126939 seconds for AT&T database and Essex Grimace
database respectively. The testing time is increased when using the first generation
Curvelet + PCA to become 0.020292 seconds for AT& T database and 0.028779 seconds
for Essex Grimace data base. The time needed was 0.032938 seconds for AT&T data
base and 0.02953 seconds for Essex Grimace with two levels second generation Curvel et
transform. Waveatom feature Extraction time was 0.019093 seconds for AT& T database
and 0.018434 seconds for Essex Grimace data base.

Again, HMM look like to be faster than ANN. For another time, Waveatom based
HMM isthe fastest in testing stage.
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Figure5.13: Time Requirementsin Testing ANN
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5.6 Enclosed M odel Selection Criteria

The purpose of the next set of experiments was to show the effect of enclosed data
sets on the accuracy recognition rate. The recognition accuracy of Curvelet and
Waveatom features was presented in Figure 5.15. Figure 5.15 (a) listed the results
obtained for Curvelet features based HMM. It can be seen the very substantial dropping
in performance due to included and occluded data sets. In reality, with AT& T dataset the
accuracy decreased of 13% and 19% for included and occluded data sets respectively.
Also, for Essex Grimace, the accuracy decreased of 23% and 29% for included and
occluded data sets respectively.

Figure 5.15 (b) viewed the results obtained for Waveatom features based standard
SHMM. It can notice that exist of huge decreasing in accurate rate due to inclusion and
occlusion data sets. In redlity, with AT& T dataset the accuracy rate decreased from 98%
to 88% and 83% for included and occluded data sets respectively. Also, for Essex
Grimace, the accuracy rate decreased from 100% to 81% and 77% for included and
occluded data sets respectively.

The following set of experiments was performed to show the benefit of using
enclosed model selection criterion (EMC) HMM for face recognition. Where appropriate,
the parameters were still the same as for HMM (such as block size). The experiments
were carried out in both the Curvelet domain and Waveatom domain. The recognition
accuracy is presented in Figure 5.16 for included data sets. On the side of occluded data

sets, the recognition accuracy is presented in Figure 5.17. As can be seen from the tables,
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the use of enclosed model selection criterion HMM the increases recognition accuracy in
all casestested.
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Figure 5.15: Comparison of HMM identification accuracy (%) using both normal and
enclosed datasets (a): Curvelet features (b): Waveatom features

Figure 5.16 (a) reported the accuracy rate when tested using AT& T database. For
Curvelet features, the accuracy rate increased from 78% for HMM to 86% for EMC-
HMM. The incorrect match rate for EMC is near 13% lower than HMM model. On the

50



Waveatom side, the performance increased to from 87% for HMM versus 89% for EMC-
HMM. Thereis an evident decreasing of about 12% in the rate of false classification.

Figure 5.16 (b) illustrated the accuracy rate for Essex Grimace database when used
for testing. On the Curvelet side, the accuracy rate increased from 76% when HMM was
used up to 79% when EMC-HMM used. On Waveatom side, the accuracy rate increased
from 81% when using HMM up to 83% when using EMC-HMM moddl.
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Figure5.16: Comparison of inclusion identification accuracy (%) using HMM and EM C-
HMM (a): On AT& T database (b): On Essex Grimace



Figure 5.17 (a) reported the accuracy rate when tested using AT& T database. For
Curvelet features, the accuracy rate increased from 78% for HMM to 81% for EMC-
HMM. The incorrect match rate for EMC is near 10% lower than HMM model. On the
Waveatom side, the performance increased to from 83% for HMM versus 85% for EMC-
HMM. Thereis an evident decreasing of about 10% in the rate of false classification.

Figure 5.17 (b) illustrated the accuracy rate for Essex Grimace database when used
for testing. On the Curvelet side, the accuracy rate increased from 71% when HMM was
used up to 74% when EMC-HMM used. On Waveatom side, the accuracy rate increased
from 77% when using HMM up to 79% when using EMC-HMM model.
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Figure 5.17: Comparison of occlusion identification accuracy (%) usngHMM and EMC-
HMM (a): On AT& T database (b): On Essex Grimace
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CHAPTER G
CONCLUSION

The problem intended here is to solve face recognition. During the past few years,
face recognition has received significant attentions. The most cleared two reasons are the
wide range of commercial and law enforcement applications, and the availability of
feasible technologies after more than three decades of research.

Face recognition systems are affected by many factors like: face position and
orientation, lighting conditions, and illumination variations. Face recognition can be
applied for both a still images and video images. Many approaches of face recognition
can be listed, starting with PCA, Fisherface, and continuing to reach Multiresolution
transforms. These transforms found to be useful for analyzing the content of images and
extracting feature from it. The most famous one is the Wavelet Transform. Many
multiresolution transforms like Contourlets, Ridgelets follow. But actually the most
modern one is named Waveatom Transform.

The aim behind this thesis was to find the best feature extraction method, that work
well with the best classification technique, to recognize faces and to classify them in
correct manner. Feature Extraction obtained by using two different novel techniques; the
first using two levels Curvelet Transform, and the second one using Waveatom
Transform. Also, two classification techniques used to obtain the performance rate. These
are ANN and HMM.

Two well-known databases indicate the potential of these proposed methods;, AT& T
dataset and Essex Grimace dataset. Both of feature extraction techniques have been found
to be robust against extreme expression variation as it works efficiently on Essex
database. The subjects in this dataset make grimaces, which form edges in the facial
images and both transforms (Curvelet and Waveatom) captures this crucia edge
information. The proposed methods aso seem to work well for ORL database, which
show significant variety in illumination and facial details. These feature extraction
techniques were coupled with two different classification techniques. The classification
techniques were the gradient descent backpropagation ANN and HMM.

From the comparative study, it was evident that both feature extraction techniques
(two levels Curvelet features and Waveatom features) completely outperformed standard
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eigenface technique; it also superseded both Wavelet based PCA scheme and Curvelet
based PCA scheme. The results indicated that Curvelet transform stood alone as an
effective solution to face recognition problem in future. It promises that Waveatom
Transform could be new platform in the face recognition field. On the other side,
comparative study shows the strongest of HMM over ANN; as they were classifiers.
Thus, Waveatom based HMM showed the highest performance rate against other
methods when compared to the state of art. Also the enclosed model selection criterion
gives acceptable accuracy improvement with included and occluded data sets.

As future work, | propose using another classification technique like SVM with
suitable voter. In the side of HMM study the using of Confusion Model Selection
Criterion (CMC) instead of using the Maximum Likelihood Criterion (ML). In the side of
Waveatom and Curvelet, one could study using them in other field of image processing

such as compression, encryption, denoising, and segmentation.

54



Bibliography

[1] Laurent Demanet and L. Ying, “Waveatom”, available on: (www.wafeatom.org), last
modification: May, 2008.

[2] M. Turk, A. Pentland, Eigenfaces for Recognition, Journal of Cognitive Neurosicence, Vol. 3,
No. 1, 1991, pp. 71-86.

[3] llker Atalay, face recognition using eigenfaces, MS. thesis, Istanbul technical university,
January, 1996.

[4] Li Ba and Linlin Shen, Combining Wavelets with HMM for Face Recognition, 23rd
International Conference on Innovative Techniques and Applications of Artificial Intelligence
(SGALI '03), Cambridge, UK, 13-15 December 2003, pp. 227-234.

[5] Vytautas PERLIBAKAS, Face Recognition Using Principal Component Analysis and Wavelet
Packet Decomposition, informatica, vol. 15, no. 2, 2004, pp. 243 — 250.

[6] Majid Safari, Mehrtash T. Harandi, Babak N. Araabi, A SVM-based method for face recognition
using a wavelet pca representation of faces, Image Processing, ICIP apos; 04. International
Conference, vol.2, 24-27 October. 2004, pp. 853 — 856.

[7] Hazim Kemal Ekenel, Bulent Sankur, Multiresolution face recognition, Image and Vision
Computing, vol. 23, 2005, pp. 469-477.

[8] Chao-Chun Liu, Dao-Qing Dai, Hong Yan, Local Discriminant Wavelet Packet Coordinates for
Face Recognition, Journal of Machine Learning Research, 2007, pp. 1165-1195.

[9] Chengjun Liu, Harry Wechsler, Gabor Feature Based Classification Using the Enhanced Fisher
Linear Discriminant Modd for Face Recognition, |EEE transactions on image processing, vol.
11, no. 4, April, 2002, pp. 467 — 477.

[10] Chengjun Liu and Harry Wechdler, Independent Component Analysis of Gabor Features for
Face Recognition , |EEE transactions on neural networks, vol. 14, no. 4, July 2003, pp. 919 —
929.

[11] Peng Yang, Shiguang Shan, and others, Face Recognition Using Ada-Boosted Gabor features,
proce. Of the 6th IEEE inter. Conference on Automatic face and gesture recognition, Korea,
May, 2004, pp. 356 —361.

[12] Sanghoon Kim, Sun-Tae Chung, Souhwan Jung, Seoungseon Jeon, Jaemin Kim, and Seongwon
Cho, Robust Face Recognition using AAM and Gabor Features, PWASET, vol. 21, January,
2007, pp. 493-497.

[13] Praseeda Lekshmi.V, M.Sasikumar, A Neural Network Based Facial Expression Analysis using
Gabor Wavelets, PWASET, val. 32, August, 2008, pp. 539-597.

[14] Sanjay A. Pardeshi, S.N.Talbar, Automatic Face Recognition Using Local Invariant Features— A
Scale Space Approach, Journal of Wavelet theory and applications, vol. 2, no. 1, 2008, pp. 31—
39.

[15] T. Mandal, A. Majumdar, Q.M. J. Wu, Face Recognition by Curvelet Based Feature Extraction,
Proc of ICIAR, Montreal, Canada, vol. 4633, 22-24 August 2007, pp 806-817.

[16] Tanaya Mandal, Q. M. Jonathan Wu, Face Recognition using Curvelet Based PCA, Pattern
Recognition, ICPR, 19th international conference, Tampa, Florida, USA, 8-11 December 2008,
pp. 1- 4.

[17] A. Mgjumdar and A. Bhattacharya, Face Recognition by Multiresolution Curvelet Transform on
Bit Quantized Facial Images, International Conference on Computational Intelligence and
Multimedia Applications, vol. 2, 13-15 December, 2008, pp. 209-213.

[18] A. Majumdar and R. K. Ward, Single image per person face recognition with images synthesized
by non-linear approximation, ICIP, 15" |EEE intrnational conference on digital object identifier,
12-15 October, 2008, pp. 2740-2743.

55


http://www.wafeatom.org/�

[19] Angshul Majumdar and Rabab K. Ward, Multiresolution Methods in Face Recognition, Recent
Advances in Face Recognition, Book edited by: Kresimir Delac, Mislav Grgic and Marian
Stewart Bartlett, ISBN 978-953-7619-34-3, I-Tech, Vienna, Austria, 2008, pp. 79-96.

[20] Mohammed Rziza, Mohamed EI Aroussi and other, Local Curvelet Based Classification Using
Linear Discriminant Analysis for Face Recognition, International Journal of Computer Science,
Volum 4, Number 1, 2009, pp. 72-77.

[21] Jianhong Xie, Face Recognition Based on Curvelet Transform and LS-SVM, Proceedings of the
International Symposium on Information Processing (ISIP'09), Huangshan, P. R. China, 21-23
August 2009, pp. 140-143.

[22] E. J. Candes and D. L. Donoho. Curvelets: A surprisingly effective nonadaptive representation
for objects with edges, [Online]. Available on http://www.Curvelet.org/papers/Curve99.pdf,
2000, last visit: Nov. 13, 2009.

[23] Emmanuel Candes, Laurent Demanet, and others, Fast Discrete Curvelet Transforms, Technical
Report, Cal Tech, March, 2006.

[24] L. Demanety, L. Ying, Wave atoms and sparsely of oscillatory patterns, appear in Appl. Comput.
Harm. And. , February, 2007.

[25] Laurent Demanety, Lexing Ying, Curvelets and Wave Atoms for Mirror-Extended
Images,[Online] available on: www.waveatom.org, july, 2007, last visit: Nov. 13, 2009.

[26] Laurent Demane, Curvelets, Wave Atoms, and Wave Equations, D.hP. thesis, California Institute
of Technology, Pasadena, California, May, 2006.

[27] L.R. Rabiner, A tutoriad on hidden markov models and selected applications in speech
recognition, |[EEE Proc., vol. 77, no. 2, 1989, pp. 257—-286.

[28] HTK book for HTK version 3.4, Cambridge University Engineering Department, 2009.

[29] Mohammed A. Alhanjouri, Feature Analysis and Classification of Human Chromosome I mages,
PhD. Thesis, Mansoura University, 2006.

[30] Curvel ab, software package, available on: (http:// www.curvetet.org), last visit: Dec. 12, 2009.

[31] Wavel ab, software package, available on :( http:// www.waveatom.org), last visit: Dec. 12,
20009.

[32] HMMal, software package, available on
http://en.pudn.com/downl cads162/sourcecode/others/detail 739897 _en.html
[33] An archive of AT&T Laboratories Cambridge,

(http://wvww.cl.cam.ac.uk/Research/D T G/attarchive), last visit: Dec. 12, 2009.
[34] Libor Spacek [Jun-2008], “Description of the Collection of Facia Images’, available at
(http://cswww.essex.ac.uk/mv/allfaces/grimace.zip), last visit: Dec. 12, 2009.

56


http://www.curvetet.org/�
http://www.waveatom.org/�
http://www.cl.cam.ac.uk/Research/DTG/attarchive�
http://cswww.essex.ac.uk/mv/allfaces/grimace.zip�

dae |
oA Ol slia

i
¢ 5iall e dans tae la i

A i) and Llad) il 5l B0S 8 iealal Aa o i cilillaia (e o 3o adie Allu

G gulall 4uaiy anads

[M 3 =
(1431, 2010)

Ueilal)

336 — Aadla) daalal)
L) ety 408

Ruigl) and

G gulall Audiay (awads



S sina (B B8 B Gogh Cua B jaiie B sear ) shily ad ) pall dadae Jiae ¢

OV ALS Hsa o sala )l sl 3 seall oda CilS el gus ¢y gaall ST 5 Aallaay plaia!

Gyl Jlae G5 Lgel sl i ) guall cilily Jaia ¢ guall Aallaay 3 il alaiay) 13a JUa LS
Aall s e ol Gudal ae s geall ud Jlae Jsbiny Jeall 138 8 GllY 5 ) guall e

Tled (€15 ¢ pll LS i guaal) aldail Ao Faga s 4an sl o yaill ) ¢ salfing Gl mny

i L8 Jal e Aia (Y 4 Bsige JalS el 383 O (S Y An sl B sea o iyl olai alaas

(o <l yanil) SIS g canlas) g (ul Ml ana g o g sl JISET 85 €l ClBUAY) 1 Jie il dlee e

Jalas Jlae 8 Al JSLE) e 3aa) 5 4l e Capaill Jaa Jol sadl 028 IS i) Cag )

ax sl o Gl s aae g aa gl a8 peS Al oY) e g a8 s Al Jalse @llia g LY

e e iy sl ol AUED Tol g dnsl) Jpem o capadll of alai S 8 Rexiiivall dladl)
Ll T las A se aall cliadadl e LESH ae Adadiil) Canl

Vsl e e b A Tl 4 sl) il ae AT L (e cpfaa G Cand) 138 Gy

Aase disad e Sy (Curvelet) isidl- jae digad oy IV g sl il aaie Jilal

aal cclivadll glsil e cail 3y e Aanlill Gl el Ll g s ah s .(Waveatom) 3l

ol e Teliy (HMM) dsall oS e 3 sas 8 JAY15 ((ANN) fuelilaa¥) dpsaall 2050 5a

ey L Jlia s )0 A ge Jagad aladia VoY) i ghadll (e and) 138 yiny oilaad (e 0 0
Al ) sa o Capaill Jlae b lasead 5 calad¥) e Ca el Jlae 3 inil)- jraas

(Jaaall 138 8 Laalle 35 jaall bl (e opic sana o andl 138 8 olaill cy ol
Ladd 40 e dejsednsiysa 400 (e de senall odd osSE5 (AT&T) 4S8 (e iy
(Essex Grimace)  4agaiall o sa sl cilily Legle (3l cililull (e 4l e sanall Lal o5 sbusilly
By Ladd 18 Jidis jsa 360 (e 0sSis ol o Cipaill alai Clag (e ISH 8 aaiia
Silaadl Of Jan o) 38y 8 )M-Aa ga Jysaiy niall jreas Jisad o IS paibiad 55 8 giliil) & jelal
Thsel iae e 7100 5 7 99 il s e cubae 5 )31-4a 50 Jysad e Lgle Jsuanl) 23 A
e dSTelly g e lilaial) dpuanll SN Coiiias pe 7 100 5 7 98 Cojad i g ¢ A3all o S jla
el s ATl Gag ¢ Il e dagaiall o ga sl il de sana s AT&T by de sane
T Auas xa /100 574 98 48y Jaee GisS (Wavelet) Ao sall disnd e G siuse plasi
Ao sana o S el 5 e Ul sl G Chias e 7 100 57 97 5 ¢ Axall Sl
sl e degatiall o pa sl il de senn s AT&T iy

il jran it G (e IS e B)MAS 50yt aladiiad Al jy gl ) B LS

Gl A da il i) o aag By (PCA) Al A 1 il Sl Jalaig ¢ dag sall gt

SR el dsas pt ) el gl A5 LN e S s e G Juadl @l ke

Fasanl) IS Ciiae e asall CosS le Ciicas Aullad ) i) )il Lad da )l Jacalis
Aelilay)



	title
	thesis
	العربية

