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ABSTRACT

FUSING LOCAL APPEARANCE MODELS FOR FACE
RECOGNITION

Face recognition is a popular research area due to its scientific challenges and
potential applications. Therefore, it attracts attention from both diverse research com-
munities and the industry for several years. Various techniques have been intensively
investigated to provide a robust face recognition system. Many of these techniques have
already achieved very high recognition accuracies under controlled conditions. On the
other hand, face recognition under uncontrolled conditions is still a very hard problem.
The difficulty arises from facial appearance variations caused by various factors, such
as expression, illumination and partial occlusion, and the time gap between training
and testing data capture. Face recognition based on local features usually outperforms
holistic approaches because local representation is less sensitive to appearance varia-
tions caused by occlusions and facial expressions. In this thesis, a local appearance
based face recognition algorithm, which works reliably under real-world conditions, is
proposed. The proposed algorithm uses different local appearance models to represent
face images. Fundamentally, it exploits Gabor features that have been extensively used
for facial image analysis due to their powerful representation capabilities. It utilizes
curvature Gabor features in addition to conventional Gabor features. The system fo-
cuses on selecting and combining multiple Gabor classifiers. The final Gabor classifier
is obtained by LLR-based fusion of classifiers that are selected using SFFS-based clas-
sifier selection algorithm. In addition, the system uses DCT features as extra evidence.
Finally, classifiers trained on different local representations are combined at score-level
by PLSR-based fusion. The system is evaluated on FRGC version 2.0 Experiment
4, and achieves 94.16% verification rate @ 0.1% FAR, which is the highest accuracy

reported on this experiment so far in the literature.



OZET

YUZ TANIMA ICIN YEREL GORUNUM MODELLERININ
TUMLESTIRILMESI

Yiiz tanima, bilimsel zorluklar1 ve olasi uygulamalar1 dolayisiyla hem c¢esitli
aragtirma topluluklar: hem de piyasa tarafindan yillardir ilgi goren, popiiler bir aragtirma
alanidir. Giirbiliz bir yiiz tanima sistemi saglamak icin cesitli teknikler yogun olarak
incelenmigtir. Bu tekniklerin bir ¢ogu, kontrollii kogullar altinda hali hazirda c¢ok
yiikksek tanima basarisi elde etmistir. Buna karsilik, kontrolsiiz kogullar altinda yiiz
tanima, hala ¢ok zorlu bir problemdir. Bu zorluk, ifade ve aydinlanma degisimi,
kismi ortiisme, kullanilan egitim ve test verileri arasindaki zaman farki gibi etmenler-
den kaynaklanmaktadir. Yerel oznitelik tabanl yiiz tanima, ortiigmelerden ve ifadel-
erden kaynaklanan gortiniim degigimlerine daha az hassas oldugu icin biitiinsel ta-
banl yaklagimlardan daha iyi sonuclar gostermistir. Bu tezde, gercek-diinya kosullari
altinda giivenli bir gekilde ¢aligan yerel goriiniim tabanli bir yliz tanima algoritmasi
onerilmektedir. Onerilen algoritma, yiiz imgelerini temsil etmek icin farkh yerel goriiniim
modelleri kullanmaktadir. Sistem yiiz imgelerini giiclii bir bigimde temsil etmeleri
dolayisiyla yiizsel imge analizinde yaygin olarak kullanilan Gabor 6zniteliklerinden fay-
dalanmaktadir. Klasik Gabor o6zniteliklerinin yan sira egrisel Gabor ozniteliklerinden
de yararlanilmigtir. Sistem ¢oklu Gabor siniflandiricilarinin segilmesine ve birlegtirilmesine
odaklanmigtir. Son biiylik Gabor simiflandiricisi, SFF'S tabanli siniflandirici segme algo-
ritmasi kullanilarak segilen simiflandiricilarin LLR tabanli tiimlegtirme ile birlegtirilmesiyle
elde edilmigtir. Ek olarak, sistem DCT o6zniteliklerini ekstra bulgu olarak kullanmak-
tadir. Son olarak, farkl yerel temsiller iizerinde egitilen siniflandiricilar, PLSR tabanlh
tiimlesgtirme ile skor seviyesinde birlegtirilmistir. Sistem FRGC veritabani 2.0 stiriimii
Deney 4 iizerinde test edildiginde %0.1 yanhs kabul oranininda %94.16 dogrulama oran

yakalayarak literatiirde simdiye kadar raporlanan en yiiksek bagarimi elde etmistir.
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1. INTRODUCTION

Recognition of a human face has received a great deal of attention from a wide
variety of fields, from psychology and neuroscience to computer science over the last
25 years [4]. Humans often use faces to recognize individuals, and therefore, the main
purpose of face recognition is to identify or to verify humans from their facial data in

the same manner as humans do.

The motivation of the common interest in face recognition for computer sci-
entists arises from both the scientific challenges of the problem and the abundance
of potential applications. With the advent of video surveillance, smart cards, human
computer interfaces and electronic services such as e-banking, e-commerce and e-home,
and an increased emphasis on the privacy and security of information stored in various
databases, automatic personal identification / verification has become a very impor-
tant topic. Accurate automatic personal identification / verification is now needed in

a wide range of civilian applications.

A perfect identity authentication system needs a biometric component. A bio-
metric is a representation of a unique part or characteristic of an individual which
has the potential to distinguish between an authorised person and an impostor. Since
biometric characteristics are distinctive, cannot be forgotten or lost, and the person to
be authenticated needs to be physically present at the point of identification, biomet-
rics are inherently more reliable and more capable than traditional knowledge-based
and token-based techniques. Currently, there are many biometric technologies used
for personal authentication such as face, fingerprint, hand geometry, iris, retina, sig-
nature and voice. Despite the fact that fingerprint or iris scanning methods can be
more accurate, they are not appropriate for natural interactions due to their intrusive
nature. Thus, face recognition presents an attractive alternative because the person to
be identified does not need to cooperate or take any specific action. This makes face
recognition technology a perfect match for natural interaction applications. It can work

unobtrusively in the background without disturbing or interrupting the subjects to be



identified. However, there is a major difficulty in face recognition that the performance
of most systems is easily affected by many factors because the appearance of a human
face has potentially very large variations due to head pose, illumination changes, facial

expression changes, partial occlusions and aging.

The major focus of this thesis is to develop a reliable automatic face recognition
system, which is robust against real-world conditions. For overcoming some of the
mentioned problems caused by uncontrolled conditions, we propose a local appearance
models-based face recognition framework because local representations are less sensitive
to changes in the appearance of the person and partial occlusions. The proposed frame-
work exploits Gabor features that have been recognized as one of the most successful
local feature extraction methods for face representation, which are also interesting due
to their biological relevance. As an important contribution, it utilizes curvature Gabor
features in addition to conventional Gabor features. In other words, it uses various
parameter combinations in order to acquire complementary information from different
curvature and scale spaces. This comprehensive feature extraction process provides
a well established face representation, and improves the robustness of the proposed
approach against the previously mentioned problems. In order to fully take advantage
of this feature extraction framework and the resulting classifiers, SFFS-based classifier
selection algorithm is employed. Then, selected classifiers are combined by LLR-based
fusion to form the final CG classifier. In addition, as extra evidence, the system uses
DCT features that have been extensively used together with Gabor features due to the
complementariness between these two local representations. Finally, classifiers trained
on different local representations are combined at score-level by PLSR-based fusion.
The proposed framework is evaluated on FRGC version 2.0 Experiment 4, which is a
very challenging experiment that requires matching of images collected under controlled

and uncontrolled conditions, and it achieves high verification performance.

1.1. Terminology

This section describes some terminology widely used in the face recognition stud-

ies for clarification. Face recognition systems fall into two categories: “verification” and



“identification”. The term “recognition” is used to denote both categories. Face veri-
fication is a 1 : 1 match that compares a face image against a single face image, whose
identity is being claimed. On the contrary, face identification is a 1 : N problem that
compares a face image against all images in a face database to determine the identity of
the query face. The term “gallery”, or sometimes referred to as “target set”, is used to
denote a set of faces with known identities. The faces that are to be identified against
the gallery are referred to as the “probe”, “query” or “test”. In addition, the terms
“impostor” and “genuine” are used to mean non-matching and matching query-target
image pairs, respectively. There are also terms extensively used in evaluations. For
example, Receiver Operating Characteristics (ROC) curves are commonly mentioned.
A ROC curve is a visual characterization of the percentage of falsely rejected queries
as a function of the falsely accepted queries. False Acceptance Rate (FAR) is the
probability that the system incorrectly matches the query to a non-matching target
in the database. It measures the percent of queries which are incorrectly accepted.
False Rejection Rate (FRR) is the probability that the system fails to detect a match
between the query and a target in the database. It measures the percent of queries

which are incorrectly rejected.

1.2. 2D Face Recognition Literature Review

This chapter gives an overview of the related work that has been conducted on
2D face recognition. Recent surveys on 2D face recognition literature are given in [5]
by Jafri et al., and in [4] by Zhao et al. Following from these surveys, we categorize
previous studies into three main types by considering mainly the face representation
methodology. In Section 1.2.1, global-based face representation approaches that use
holistic characteristics of the face are explained. Then, local-based face representa-
tion methods are described in Section 1.2.2. Finally, hybrid approaches that use and

combine holistic and local features, are explained in Section 1.2.3.



1.2.1. Holistic Methods

There have been many generic face recognition algorithms proposed. Among
these, there are two algorithms that have had a very large impact on the face recognition
research community and they have inspired countless studies. These are eigenfaces [1],

and Fisherfaces [6].

The eigenfaces approach is the most well-known face recognition algorithm [1].
In the algorithm, first a face subspace is constructed from training face images using
the Principal Component Analysis (PCA). The face images are then represented with
the eigen vectors, also called eigenfaces, of the covariance matrix of the images. To
achieve dimensionality reduction, by considering the proportion of the obtained vari-
ance over the total variance, only a subset of the eigenvectors are used to represent
the face images. Therefore, the selected eigenvectors are the ones having the highest
eigenvalues for the variance to be maximum. This way the face images can be recon-
structed with the smallest mean-square error for any given subspace dimensionality.

The classification is done by comparing the face images in this subspace.

Figure 1.1. Input face images (top row) and their calculated eigenfaces (bottom

row) [1].

Later, some other holistic and local methods were proposed extending the eigen-
faces approach. For example, [7] introduces the view-based eigenfaces approach to

handle head pose variations. It constructs an eigenspace for each different view of an



individual. When a test image arrives, at first the eigenspace that can best repre-
sent the view of the face image is determined and then classification is done in that
eigenspace. On the other hand, nonlinear extensions of the eigenfaces algorithm via
kernel methods have been also studied in [8-10]. In these approaches, the input face
space is first mapped into a higher dimensional space by using nonlinear functions such

as a polynomial kernel. The PCA is performed in this higher dimensional new space.

Fisherfaces is another well-known face recognition approach [6]. This is also a
subspace-based algorithm. It uses Linear Discriminant Analysis (LDA) for subspace
projection. The aim of the LDA is to extract the projection directions that are effective
for discrimination. More specifically, it searches for the best subspace by also utilizing
class information. Unlike PCA which maximizes the total scatter across all classes,
LDA maximizes the ratio of between-class scatter over within-class scatter, and is thus

purportedly better for classification.

Figure 1.2. Sample eigenfaces (top row) showing the tendency of the principal
components to capture major variations such as lighting direction and their
corresponding fisherfaces (bottom row) showing the ability to discount those factors

unrelated to classification [2].

The Fisherfaces approach also has extensions. In [11], a LDA mixture model
is used. For each cluster in the face space, a separate LDA is performed. In [10], a

nonlinear extension of fisherfaces via kernel methods have been also studied.



The third subspace-based algorithm is Independent Component Analysis (ICA)-
based face recognition [12]. Similar to eigenfaces and Fisherfaces algorithms, this
algorithm also attempts to represent a face image as a linear combination of the basis
images. But ICA aims to find an independent, rather than an uncorrelated, image
decomposition and representation by maximizing the statistical independence of the

estimated components.

The standard eigenfaces and the Fisherfaces approaches assume the existence
of an optimal projection that projects the face images to distinct non-overlapping
regions in the reduced subspace where each of these regions corresponds to a unique
subject. However, in reality, that assumption may not necessarily be true since images
of different people may frequently map to the same region in the face space and, thus,
the regions corresponding to different individuals may not always be disjoint. Moreover,
many researchers propose alternative approaches that use Bayesian methods or extract
facial features by using spatial frequency techniques such as Fourier transform, discrete

cosine transform (DCT) and wavelet transforms.

Moghaddam et al. [13] proposed a Bayesian face recognition approach. This
approach uses a probabilistic measure of similarity, based primarily on a Bayesian
Maximum A Posteriori (MAP) analysis of image differences for direct visual matching
of images. In other words, the algorithm mainly formulates the multi-class face recog-
nition problem as a two-class classification problem. Intra-personal and extra-personal
differences are used to exploit the knowledge of critical variations for discriminating

the individuals.

Lai et al. [14] combines the wavelet transform and the Fourier transform. Firstly,
they extract facial expression insensitive features using wavelet transform because the
effect of different facial expressions can be attenuated by removing the high-frequency
components and the low-frequency components are only sufficient for recognition.
Thus, they propose to use the wavelet transform for face image decomposition. Sec-
ondly, they utilize holistic Fourier features in order to obtain translation, scale and

on-the-plane rotation invariance with Fourier’s basic properties.



Hwang et al. [15] propose the hybrid Fourier features extracted from different
frequency bands and multiple face models. The hybrid Fourier feature comprises three
different Fourier domains; merged real and imaginary components, Fourier spectrum
and phase angle. They also define three different frequency bandwidths so that addi-
tional complementary features can be obtained. Then, they are individually classified
by LDA. This enables analyzing a face image from the various viewpoints. Moreover,
they propose multiple face models based on different eye positions with a same im-
age size. In this way, the system achieves 74.33% verification rate in Experiment 4 of

FRGC database.

On the other hand, DCT is also a widely used spatial frequency technique that
can be performed globally or locally. [16] and [17] are well-known DCT-based methods
that perform holistic feature extraction. For instance, [17] uses class dependent kernel
DCT features. The system extracts nonlinear kernel features in the discrete transform
domain and uses these features in a class dependent feature analysis framework (CFA)
to reduce the dimensionality of the data coupled with online discriminant learning using
Support Vector Machines. The system obtains 79.33% verification rate in Experiment
4 of FRGC database. Similarly, [18] also presents CFA that reduces the computational
complexity of correlation pattern recognition. This algorithm outperforms [17] and

results in 87.5% verification rate in the same experiment.

There are also some studies which utilizes Gabor wavelet representation. For
example, [19] propose Gabor-Fisher Classifier (GFC). The GFC method applies the
Fisher’s Linear Discriminant (FLD) model to an augmented Gabor feature vector de-

rived from the Gabor wavelet representation of face images.

In [20], Liu et al. presents a pattern recognition framework that capitalizes holistic
Gabor image representation with a multi-class Kernel Fisher Analysis (KFA) method.
Gabor image representation, which increases dimensionality by incorporating Gabor
filters with different scales and orientations, is characterized by spatial frequency, spa-
tial locality, and orientation selectivity for coping with image variabilities such as il-

lumination variations. The KFA method first performs nonlinear mapping from the



input space to a high-dimensional feature space, and then implements the multi-class
Fisher discriminant analysis in the feature space. The proposed algorithm achieves

76% verification rate in Experiment 4 of FRGC database.

In addition to all above methods, curvelet-based methods [21], [22], [23], [3] are
presented to show that curvelets have better directional decomposition capabilities
than wavelets for face images due to the characteristics of facial components. Recently,
Hwang et al. [3] introduced extended curvature Gabor wavelet (ECG)-based face recog-
nition method on low-resolution images. They extend conventional Gabor wavelet by
including smaller frequencies, multiple Gaussian sizes, and different curvature parame-
ters for object representations. They employ AdaBoost for feature selection in order to
reduce the dimensionality of the extended features. Then, they learn ECG classifiers by
applying LDA on each extended filter. Lastly, they merge a bunch of these classifiers
using LLR-based fusion. This approach achieves 90.36% verification rate which is the
highest holistic performance in Experiment 4 of FRGC database.

1.2.2. Local Methods

Face recognition based on local facial regions has attracted a significant amount
of interest because local features are believed to be more robust to the variations of
facial expression, illumination and occlusions. Approaches that utilize local regions
either use salient regions or they just partition the face image into rectangular blocks

(see Figure 1.3).

Following from the idea in [1], [24] and [25] use the mixtures of eigenfaces approach
to represent the variations in the face space more efficiently. Instead of representing
the face images with only one subspace, these mixture methods use more than one
subspace. The motivation behind these methods is the belief that the face space can
possess clusters corresponding to the variations. Therefore, representing each cluster
by a local subspace is a more reasonable approach than representing the whole space

with a single linear subspace.



Figure 1.3. Holistic face representation (left), local face representation with salient

regions (middle) and with partitioning (right).

In addition, Penev and Atick [26] propose Local Feature Analysis (LFA) to encode
the local topological structure of face images. LFA is considered as local method as it
utilizes a set of kernels to implicitly detect the local structure such as eyes, nose, and

mouth.

Timo et al. [27] adopted Local Binary Pattern (LBP), which originated from the
area of texture analysis, for face representation. In their method, LBP operator is first
applied and then the resulting LBP representation is divided into local regions from
which LBP histograms are extracted. The recognition is performed using a nearest
neighbor classifier in the computed feature space with Chi square as a dissimilarity

measure.

Local Gabor features are also used in facial image analysis. In [28], a facial
expression recognition system based on local Gabor filter bank. PCLDA, PCA followed
by LDA, is applied to select and compress the Gabor features. Then, minimum distance
classifier is employed to recognize facial expression. In addition, Sang et al. [29] use
Local Gabor Fisher Classifier (LGFC) for face recognition. In LGFC, LFA is exploited
to select the most informative Gabor features optimally. The selected low-dimensional

local Gabor features are then classified by FLD for final face identification.

Gao et al. [30] introduce multi-resolution local appearance based method. They

model the non-overlapping local face blocks with Gabor features and project them
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into a discriminant identity space. These local classifiers are fused to combine the
image classifier. To acquire complementary information in different scales of face im-
ages, they integrate the local decisions from various image resolutions. In other words,
they combine local Gabor classifiers obtained from high-resolution, low-resolution and
medium-resolution face images. Finally, they combine the multi-resolution Gabor clas-
sifier with a local appearance-based DCT classifier as described in [31]. The proposed
system achieves 92.5% verification rate which is the highest reported performance in

Experiment 4 of FRGC database.

On the other hand, there are many local DCT-based algorithms in face recognition
[32], [33], [34], [31] and [35]. [34] show that PCA and LDA can be directly implemented
in the DCT domain. First, DCT is applied on the 8 x 8 pixels resolution blocks. The
resulting DCT coefficients are quantized and then ordered according to the zig-zag scan
pattern. Only a number of DCT coefficients containing high magnitudes is kept. The
obtained DCT coefficients from each block are concatenated. PCA and LDA is applied

on this combined vector.

Similar to the idea in [34], Ekenel and Stiefelhagen [35] divide a face image into
non-overlapping local blocks of size 8 x 8, and perform DCT on each block. They
perform feature selection by keeping a number of DCT coefficients that provide dis-
criminative information. After applying feature normalization on block features, the
feature vectors of blocks are concatenated to form the overall feature vector. Finally,
the nearest neighborhood classifier is employed with different distance metrics such as

L1 norm, L2 norm, cosine angle, and covariance.

Liu and Liu [36] also have presented a hybrid color space-based face recogni-
tion. They utilize three different types of features such as Gabor, LBP and DCT.
Similar to the idea in [37], the local classifiers are obtained by the patch-based Ga-
bor features using high-resolution images. They also use LBP feature-based classifiers
using multi-resolution and component-based DCT classifiers using low-resolution im-
ages. The proposed system achieves 92.4% verification rate in Experiment 4 of FRGC

database.
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1.2.3. Hybrid Methods

Following from above studies, it has been proven that both holistic representation
and local representation are useful for face recognition. Therefore, researchers have
had a tendency to combine global and local information extracted using one or more

different types of features to improve the recognition performance.

Fang et al. [38] propose to combine global PCA features and component-based
local features extracted by Haar wavelets. Kim et al. [39] propose an effective face de-
scriptor by decomposing a face image into several components, extracting FLD features
from each component, and finally combining these component FLD features together
with the features extracted by using a holistic FLD. Following a similar idea, [40] show
that the combined subspace gives smaller Bayesian error than the subspaces of either
the global or local features. On the other hand, Lee et al. [41] combine local structures
extracted by LFA into composite templates which show compromised aspects between

kernels of LFA and eigenfaces.

Elastic Bunch Graph Matching (EBGM) [42] is known as one of the most success-
ful structural matching systems. Wiskott et al. model global topological information
with graph structure and encode local information as the attribute of the nodes on the
graph. To do this, Gabor wavelet transform is used to create dynamic link architecture
that project the face onto the elastic grid as shown in Figure 1.4. Recognition is based

on the similarity of the Gabor response at each node.

Figure 1.4. Elastic Bunch Map Graphing.

In [43], a normalized face image is divided into four predefined regions such as the
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left eye region, the right eye region, the nose region, and inner face region excluding
the mouth as shown in Figure 1.3. Similar to the approach in [44], the mouth region
is excluded due to its sensitivity to expression variations. DCT and LDA are applied
successively both on the entire face image and on predefined facial components. The
DCT is applied both on the intensity and edge images. Among DCT coefficients,
selected ones are kept and fed into the LDA. The classification is done by finding the

minimum weighted Euclidean distance between the feature vectors.

[45] utilize Gabor and LBP for face representation. Instead of directly using the
intensity to compute the spatial histogram, multi-scale and multi-orientation Gabor
filters are used for the global decomposition of a face image. Then, the resulting Gabor
image is further divided into non-overlapping rectangle regions with specific size. On
each local region, LBP operator is performed and histograms are computed. Finally, all
histograms obtained by local regions are concatenated to form the overall face model.
In this way, the combination of Gabor and LBP further enhances the representation
power of the spatial histogram. In a very similar manner, Tan and Triggs [46] suggests
a heterogeneous method that combine globally extracted Gabor features and locally

extracted LBP features. This system achieves 83.6% verification rate in Experiment 4

of FRGC database.

Moreover, Su et al. [37] propose a hierarchical framework that combines global
and local classifiers. The main difference of this work is that the global classifier
is based on Fourier features originating from low-resolution images while the local
classifiers are organized by the combination of patch-based Gabor features from high-
resolution images. After feature extraction, FLD is separately applied to the global
Fourier features and each local Gabor patch. The proposed framework results in 89%

verification rate in Experiment 4 of FRGC database.

1.3. Outline of the thesis

Chapter 2 describes the theoretical and mathematical details of the local appear-

ance methods used throughout the thesis.
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In Chapter 3, the methodology of the proposed system is explained. The details
of face registration, feature extraction, generation of classifiers and approaches for

selection and fusion of classifiers are given.

In Chapter 4, first, the details of the dataset used in the evaluation of the thesis
are described. Then, the experimental setup for face registration, feature extraction
and classifiers is described. Experimental results are then presented at the end of the
chapter. Finally, the performance comparisons of the proposed system and the previous

works are given.

Chapter 5 concludes the thesis with a summary of the obtained results, followed

by possible future work.
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2. LOCAL APPEARANCE MODELS FOR 2D FACE
RECOGNITION

In this chapter, we describe the details of appearance models used in the proposed
face recognition system, namely, curvature Gabor wavelets transform and discrete co-

sine transform.

2.1. 2D Wavelet Transform

Wavelet transform is a powerful signal analysis tool, widely used for feature ex-
traction, compression, and denoising. It represents the signal with small waves of
limited durations, which are called wavelets. This representation provides examination
of the signal both in frequency and time domains. Wavelets are frequently used in

biometric and other image processing based applications.

The 2D wavelet transform is evaluated by applying the 1D wavelet transform to
the rows and columns of the input image block consecutively. Figure 2.1 shows the
tree representation of one level, 2D wavelet decomposition. In this figure, H represents
high-pass filtering, L represents low-pass filtering, and | 2 represents downsampling by
a factor of 2. The input image block B; of resolution m x m is first filtered along the
rows and downsampled by 2. This produces two m x % resolution images, B; g and
B, 1, that have high and low frequency contents, respectively. After this decomposition,
the wavelet transform is applied to the columns of these m X 7 resolution images. In
the final stage of the decomposition, there are four % x % resolution subband images:
Ay, the scaling component containing low-pass global information obtained by low-
pass filtering the rows and columns, H;, the horizontal details obtained by low-pass
filtering the rows and high-pass filtering the columns, V;, the vertical details obtained
by high-pass filtering the rows and low-pass filtering the columns, D;, the diagonal
details obtained by high-pass filtering the rows and columns. To obtain higher order

wavelet transforms, the scaling component can be further decomposed.
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Figure 2.1. Tree representation of one level, 2D wavelet decomposition.

Among different wavelet transforms, Gabor wavelets are of high interest since
they were inspired by 2D receptive field profiles of the mammalian cortical simple cells.
They form a well established image decomposition because of their spatial locality
and orientation selectivity characteristics. Therefore, Gabor wavelets are optimally
localized in the space and frequency domains, and can be used in facial image processing

for face and facial expression recognition and analysis.
2.1.1. Gabor Function

A signal’s specificity simultaneously in time and frequency, is fundamentally lim-
ited by a lower bound on the product of its bandwidth and duration. Gabor found the
general family of signals that optimize this trade-off and thus achieve the theoretical
lower limit of joint uncertainty in time and frequency. Gabor signals take the general

form:

o(t) = e~ ei2nfot (2.1)

where « is the sharpness of the Gaussian, and fj is the centre frequency of the sinusoidal
signal. Figure 2.2 shows Gabor elementary function with different frequencies. The

function has a Fourier transform:
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To make the time duration of function ¢(t) dependent on the central frequency fy
a constant ratio, vy = %, is defined. Therefore, the function behaves as a scaled version
of each other when applied to different frequencies [47]. Both the time duration and
frequency bandwidth of the Gabor function are now related with the central frequency:

the higher the frequency, the smaller the time duration.

Figure 2.2. Gabor elementary functions with changing frequencies.

The maximum response of the function in the frequency domain can also be
normalized to one by multiplying by its inverse \/"‘?2. Consequently the normalized

Gabor function is now defined as:

(t) = M eétzeﬂﬁfot (2.3)
W™
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2.1.2. Gabor Wavelets

Gabor wavelets have been recognized as one of the most successful local feature
extraction methods for face representation. Daugman [48], following from Equation
(2.3), generalizes the Gabor function to the following 2D form to model the receptive

fields of the orientation-selective simple cells:

2 K2 E2 o2
Y(Ziv,p) = el 20m ) [elhrud) — o= 7)) (2.4)
o
. x xcosf + ysin (2.5)
2= = '
Y —xsinb + ycost

where v controls the scale of the Gabor wavelet, which mainly determines the center
of the Gabor filter in the frequency domain; p controls the orientation of the Gabor
filters, || - || denotes the norm operator, and e(*»+?) is the oscillatory wave function,
whose real part and imaginary parts are the cosine and sine functions, respectively.

The wave vector k,,, is defined as:

by, =k, e/ (2.6)

where 0, = &7, k, = k’;}%, Kmaz 18 the maximum frequency, and f is the spacing factor

between kernels in the frequency domain.

In most cases, Gabor wavelet is used with the following parameters for face recog-
nition: five scales v € {0,1,2,3,4} and eight orientations p € {0, 1, .., 7} with Gaussian
size 0 = 27, ke = 5 and f = V2. Figure 2.3 shows the real parts of the Gabor ker-
nels at five scales and eight orientations; while Figure 2.4 illustrates the magnitude
coefficients of Gabor kernels at five scales. Figure 2.5 shows the results of convolving

a face image with some of the filters in different scales and orientations.
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Figure 2.3. The real part of the Gabor kernels at five scales and eight orientations

when o = 27, kpee = 5 and f= V2.

Figure 2.4. The magnitude of the Gabor kernels at five different scales.

Figure 2.5. Input image, and its Gabor representations at one scale v = 3 and eight

orientations with two different Gaussian sizes; o = 7 (top) and o = 27 (bottom).
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2.1.3. Curvature Gabor Wavelets

A typical face image contains facial components such as eyes, nose, cheeks, lips,
and eyebrows. These components show curved characteristics rather than straight
ones. Therefore, it is natural to represent a face image with curvature kernels as well

as straight ones as described in Section 2.1.2.

Using curvature Gabor wavelets, which are called as banana wavelets, is one
way of modelling curve-like features of a face image. They are obtained by adding a
curvature parameter to the conventional Gabor formulation [49]. The curvature Gabor

wavelets are defined as follows:

. ’ 0'2
W(Zv,p) = el elihvad) — o=%) (2.7)
g

7 (:L‘) _ (a:cos¢ + ysing + c(—zsing + ycos¢)2)> (2.8)
v —x8ing + ycose
where the curvature ratio ¢ € {0,0.05,0.1,0.15,0.2}.
When we insert Equation (2.8) in Equation (2.7), we obtain the following:
D@,y v, 1, ¢) = kj’z” (6_ kj;g( (zosdu+ysindu+c(—zsing,+ycosd,)?)2+(—wsing+ycoss)? ))
(e(z‘kw (zcosdytysingu+c(—sindu-+ycossu)?)) _ 6("22)) (2.9)

Curvature Gabor wavelets do not have the orientation symmetry as in conven-
tional Gabor wavelets as shown in Figure 2.6. Therefore, if the curvature ratio is not
zero, the number of orientations used in curvature Gabor wavelets increases to 16. For

¢ =0, it is simply a conventional Gabor wavelet. Some sample results of convolving a



face image with some of the curvature Gabor filters in different scales and orientations
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Figure 2.6. Orientation asymmetry in curvature Gabor wavelets ¢ = 0.1 (middle and

are presented in Figure 2.7.
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bottom row) unlike conventional Gabor wavelets (top row).

Figure 2.7. Input image, and its curvature Gabor representations at one scale v = 3

and eight orientations (0-180 degrees) with ¢ = 0.05 and two different Gaussian sizes;

o = (top) and o = 27 (bottom).

2.2. 2D Discrete Cosine Transformation

Discrete cosine transform (DCT) [50] is a well-known signal analysis tool, widely
used in feature extraction and compression applications due to its compact representa-
tion power. Although Karhunen-Loeve Transform (KLT) is known to be the optimal
transform in terms of information packing, its data dependent nature makes it infea-
sible for use in most practical tasks [51]. Furthermore, DCT closely approximates the
compact representation ability of the KLT for a class of signals, which makes it a very

useful tool for signal representation both in terms of information packing and in terms
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of computational complexity due to its data independent nature. Like other transforms,
DCT attempts to decorrelate the image data. After the decorrelation each transform
coefficient can be encoded independently without losing compression efficiency. The

2D DCT of an N x N image is defined as:

N—

2

(2z + V)ur 2y + Dom
C(u,v) = f Co8 | | cos| o (2.10)
z=0 y=0
where u € {0,1,...,N —1}, v € {0,1,..., N — 1}.
The inverse transform is defined as:
N—1N-1
(2z + 1)ur (2y + Dom
= C —_— —_— 2.11
UZ:O UZ:O w(u) w() C(u,v) cos 5N cos o (2.11)
where w(u) and w(v) is defined as:
\/% for u =20
w(u) = (2.12)
\/% foru=1,2,....N—1

Obtained basis functions for N = 6 can be seen in Figure 2.8. As can be seen
from the top-left part of the basis functions and also from Equation 2.10, the first
transform coefficient, the (0,0) component, is the average intensity value of the image.
In literature, this value is referred to as the DC Coefficient. All other transform co-
efficients are called the AC Coefficients. The DC Coefficient can be directly affected
by illumination variations, and it is commonly used for normalization. It can be also
noted that the basis functions exhibit a progressive increase in frequency both in the

vertical and horizontal direction as shown in the (0,1) and (1,0) components.
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3. FACE RECOGNITION USING LOCAL APPEARANCE
MODELS

In this chapter we describe the details of all phases of the proposed face recogni-
tion system, namely, face registration, feature extraction, generation of CG and DCT
classifiers, selection of CG classifiers, fusion of selected CG classifiers, and fusion of the

final CG classifier and DCT classifier.

3.1. Outline of the System

Our system uses a local appearance-based face recognition framework which uses
Curvature Gabor (CG) features on spatially partitioned non-overlapping blocks on
high-resolution face images. Then, the resulting Gabor images obtained by low pass
filtering are downscaled through averaging on grids of the non-overlapping blocks. Var-
ious parameter combinations are used in order to acquire complementary information
from different curvature and scale spaces. Then, PCLDA, that is, performing PCA
followed by LDA, is applied independently on each block to obtain CG classifiers be-
sides further dimensionality reduction. A CG classifier for an entire face image is
obtained by combining block decisions with the sum rule. After obtaining CG classi-
fiers, each classifier’s performance is improved using Log-likelihood Ratio (LLR) based
score conversion. The final classifier is obtained by combining selected classifiers using
Sequential Forward Floating Search (SFFS)-based selection mechanism. In addition,
DCT-based classifier is combined at score-level by learning the weights with partial
least square regression (PLSR). Figure 3.1 shows the outline of our face recognition

system.
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3.2. Face Registration

Face registration is the process of defining a face alignment that will closely align
all face images. It is also known as facial feature localization since facial features such
as eyes, nose and mouth are commonly used as facial landmarks for the alignment
procedure. Face registration is a critical first step in many subsequent tasks, such as
non-overlapping block partitioning, feature extraction and classification, and therefore,
it is crucial for accurate face recognition. For the purpose of alignment, there are some
registration parameters which affect both the face region extracted and the proportions
of facial components. These parameters can be adjusted to achieve better performance.
We use eye centers and inter-ocular distance as registration parameters. We consider
the trade-off between information content and noise while determining the alignment
parameters. Since we mainly aim to focus on powerful feature extraction, we avoid
noisy information like background and hair as much as possible. The result of face

registration on a sample input image is shown in Figure 3.2.

Figure 3.2. Face registration: sample input image (left) and extracted face image

from input image (right)

3.3. Local Feature Extraction

In this section, we explain the local feature extraction processes for our face recog-
nition system. The underlying idea why we choose the local feature extraction rather

than holistic feature extraction is that in holistic feature extraction, a change in a local
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region can affect the entire feature representation, whereas in local feature extraction
it affects only the features that are extracted from the corresponding block while the
features that are extracted from the other blocks remain unaffected. In addition, the
local feature extraction can facilitate weighting of local regions. This means that more
weight can be assigned to regions which are found to be more discriminative, or less

weight can be assigned to the regions where an occlusion is detected.

3.3.1. CG Feature Extraction

As stated in Section 2.1.3, a typical face image consists of facial components which
have both linear and curvature characteristics as shown in Figure 3.3. Therefore, it is
more reasonable to represent a face image with both curvature and linear Gabor kernels

rather than only with linear kernels as in conventional Gabor wavelet representations.

Figure 3.3. Filter response visualization obtained using linear and curvature Gabor

wavelets [3].

In this thesis, we use different parameter settings for a comprehensive feature ex-
traction. Unlike conventional Gabor feature extraction, CG feature extraction consists
of several kernels with different Gaussian sizes, o € {0.57, 7, 1.57, 27}, for scale space
utilization and with different curvature coefficients, ¢ € {0, 0.05,0.1,0.15,0.2}, for cur-
vature space utilization. Considering these parameter settings, we have 20 (= 5 x 4)
different CG wavelets (see Figure 3.4) each consisting of 5 x 16 or 5 x 8 discrete filters,
resulting in 1440 filters (=5 x 16 x 4 x 4+ 5 x 8 x 4).

To sum up, in addition to conventional Gabor wavelets which are good at repre-
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Figure 3.4. CG wavelets’ real part representation with changing curvature degrees

and Gaussian sizes.

senting coarse and straight structures, CG wavelets provide a way to model finer fea-
tures with smaller Gaussian sizes: o0 = {0.57, 7, 1.57}, and curvature features with dif-
ferent curvature ratios: ¢ = {0.05,0.1,1.5,2}. CG wavelet modelling has stronger rep-

resentation power of modelling facial structures than the conventional Gabor wavelet.

After determining the proper kernels for filtering, we proceed with the local fea-
ture extraction using these kernels. In this perspective, one of the critical issues in Ga-
bor feature extraction is the selection of image resolution. Many face characteristics are
fine features; and would benefit from high-resolution. However, using high-resolution
images brings two disadvantages: First, dimensionality increase brings computational
load. Secondly, performance of the system becomes very sensitive to landmark localiza-
tion and face registration errors. To prevent these setbacks and still benefit from high-
resolution, we first perform full convolution of a CG wavelet with the high-resolution
face image to obtain the CG magnitude images in different scales and orientations.
Afterwards, we spatially partition each CG magnitude image into a number of non-
overlapping local blocks of size m x m. The spatial partitioning overcomes the problem
of local information loss, makes the system robust to registration errors, and it also
provides a relatively lower dimensionality of the overall feature vector. Figure 3.5 shows

the construction of overall block feature vectors.
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Figure 3.5. Construction of overall CG block feature vectors.

Since we use CG wavelets, the dimensionality of the feature vector of a block is
still very high. To overcome the dimensionality problem, we perform downscaling on
the block features. In each block, we average the magnitude values in an p x p grid
and use the average value as the new feature. In this way, the dimensionality decreases
from D (= m x m x Number of Filters) to 1% (= 2 x 2 x Number of Filters).
Lastly, the resulting CG block features are Z-normalized before the subspace analysis

in order to centralize the data and normalize the variance. Z-normalization, also known

as mean-standard deviation normalization, is defined as follows:

(3.1)

where z is a feature vector, y is the mean vector, and o is the standard deviation vector.

3.3.2. DCT Feature Extraction

As stated in Section 2.2, DCT is a well-known signal analysis tool due to its
compact representation power. In the scope of this thesis, we represent faces using
DCT in a local appearance based manner as shown in Figure 3.7. More specifically,
we first divide an aligned face image into blocks of size k x k. We determine the block
size by considering to have small enough blocks in which stationariness is provided
and transform complexity is kept simple on one hand, and to have big enough blocks

to provide sufficient compression on the other hand. Each block is then represented
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by its DCT coefficients. Among these coefficients, the first three DCT coefficients
contain general information about the global statistics of the processed block of an
image. The first (top left) DCT coefficient only represents the average intensity value
of the block while the second and third coefficients represent the average horizontal and
vertical intensity change in the image block, respectively. Moreover, the coefficients
located on the top left region of the block contain higher representative capability as
explained in Section 2.2. Hence, we discard the first DCT coefficient, and then we
select M coefficients from the remaining ones in zig-zag scanning order (Figure 3.6)
while constructing the block feature vectors. In order to prevent the problems that
may occur due to the imbalance between the blocks’ impact to the classification, each

block feature vector is normalized to unit norm.

Figure 3.6. The order of DCT coeflicients in zig-zag scan pattern.

After obtaining the block features, in feature fusion step as shown in Figure 3.7,
the overall feature vector, which is used by the classifier, is obtained by concatenating
the block feature vectors. Finally, to balance impacts of coefficients to the classification,
the coefficients are divided by their standard deviations that are learned from the

training samples. The standard deviation is calculated over all blocks, that is, there
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Figure 3.7. Construction of overall DCT feature vector.

are no block specific values for the coefficients.

3.4. Generation of Classifiers

For generation of classifiers, the same classification method and the same decision
rule are used for the CG classifiers and the DCT classifier. We use nearest-neighbor
classification which is perhaps the simplest of all classification algorithms. It is an
easy and efficient classification algorithm, where there is no work done in the training
stage, such as density estimation, and all the work is conducted during testing. The
classification is done by comparing a query image with all the target images in the
database and by finding the training sample that has the closest distance. To compute
the score, the similarity or the distance, several metrics can be used for the nearest-
neighbor classification, such as L1, L2 norms, and normalized cross correlation. The
choice of the metric is very important and the classification performance can change
dramatically according to the used metric. In this thesis, we use normalized cross
correlation, d, that is as the decision rule by considering the comparative analysis of
similarity metrics as stated in [52]. Normalized cross correlation, also known as the

cosine similarity, equals to the cosine of the angle between the unit feature vectors.

ftrainin : ftest
nee = g 3.2
e | ‘ftraining“ * ‘ |ftest‘ | ( )
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where firqining and fiess denote the training feature vector and the test feature vector,

respectively.

3.4.1. CG Classifiers

For the generation of CG classifiers, we perform PCLDA on each of the extracted
local block features independently. PCLDA is a widely used method in face recognition
because it provides dimensionality reduction while transforming the features to a more
discriminative feature space. Applying PCLDA results in N local block classifiers based
on nearest neighbor classification with normalized cross correlation as distance metric.
Then, we use the scores of block classifiers to form a single image classifier as shown

in Figure 3.8.

- PCLDA] { block classifier 0

4[ PCLDA] { block classifier 1 ]T

Fusion of
Block
Decisions

X Image
] Classifier

.—{ PCLDA ]—{ block classifier N-1 ]

Figure 3.8. Construction of a single image classifier.

In this thesis, we investigate the two approaches, namely, simple sum fusion and
LLR-based fusion (please see Section 3.6 for the details of the algorithms), for fusion

of block decisions to form a single image classifier.

As stated in Section 3.3.1, there are 20 parameter configurations by using com-
binations of 5 different curvature degrees, ¢ € {0,0.05,0.1,0.15,0.2} and 4 different
Gaussian sizes, o € {0.57, 7, 1.57,27}. For each parameter setup, one of the fusion
methods is applied to generate 20 CG classifiers. Among these, some classifiers have
complementary information when combined with others. In our experiments, we fur-

ther explore this complementariness by employing a classifier selection algorithm as
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described in Section 3.5.

3.4.2. DCT Classifier

For the generation of the DCT classifier, we perform a similar method as in CG
classifiers generation. We perform PCLDA on the overall feature vector obtained by
concatenating the block features. Applying PCLDA results in a DCT-based classifier,
Aper, based on nearest neighbor classification with normalized cross correlation as

distance metric.

3.5. Selection of CG Classifiers

Each of 20 CG wavelets is good at representing some particular features; therefore,
some of them contain complementary information with other classifiers. This means
that fusing some of the CG classifiers can increase classification performance. The
optimal combination can be found by exhaustive search, but this requires examination
of all subsets of the classifier set (2?° trials) which is practically impossible. Another
method is to perform empirical selection which is simply fusing the classifiers with the
highest verification rates. However, it is important to note that the verification rate of a
classifier alone is not the best criterion for determining the classifiers to be fused because
the idea is to find the best combination, providing as much complementary information
as possible. So we adapt a widely used feature selection algorithm, Sequential Forward

Floating Search (SFFS) [53] for selection of classifiers.

Basically, SFFS-based classifier selection algorithm starts from a null classifier set,
and for each step, it adds the classifier ' that maximizes ¥ (Y}, + I'"), the verification
rate on the training set, when combined with the classifiers that have already been
selected. The algorithm also verifies the possibility of VR improvement if a classifier
is excluded. In such a case, the classifier '~ that maximizes W(Y;, — I'7) is eliminated
from the classifier set, that is also known as backtracking. Therefore, the algorithm
proceeds dynamically increasing and decreasing the number of classifiers until there is

no VR improvement by inclusion or exclusion of any classifier.



The details of SFFS-based classifier selection algorithm is as folllows:

(i) Given the CG classifiers, I'; where ¢ = 0,1,2,...,] — 1 and [ = 20.
(ii) Initialize the selected classifiers set with a null set, Yy = {0}
Set the current verification rate to zero, V Reyrent = 0
Set the new verification rate to zero, VR, = 0
Set the iterator to zero, k = 0.
(iii) Apply the below steps until the following two criteria are satisfied:
e The iterator should be less than the number of classifiers,
kE<I=20
e The new verification rate should be greater then or equal to the

current verification rate, V Reyrrent <= V Ryew

(a) Set the current verification rate using the current set of selected

classifiers, V Reyprent = V(Y5)

(b) Check for inclusion of a classifier:
'™ =argmax ¥(Y;, + 1)
T¢Y;
I U(Y,+T7%) > VRerrent
e Update YV, =Y, +T'F
o VRpew = U(Y; +T)

o k=kt+1

(c) Check for exclusion of a classifier (backtrack):
'™ =argmax V(Y — I)
I'eYy
If \I](Yk - F_) > VRcurrent
° Update Y.1=Y, -1~
o VR = V(Y —T7)

o k=FLk—1

33
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3.6. Fusion of CG Classifiers

This section describes the fusion approaches that are used to combine the classi-
fiers at score level, namely, simple sum fusion and LLR-based fusion. We investigate
the effect of these two approaches while forming the final CG classifier. We use one of
these two approaches according to the fusion method used for the combination of block
decisions as stated in Section 3.4.1. In other words, if simple sum is used for the fusion
of block classifiers, then the selected CG classifiers are combined with LLR-based fu-
sion, and vice versa. The block diagram for the construction of the final CG classifier

using LLR-based fusion is shown in Figure 3.9.

CG_0Image
Classifier

CG_1 Image Uss .
Classifier - i

SFFS-based
Classifier
Selection

. N LLR Score
Tss.; ’ Conversion
CG_19 Image
Classifier

Final CG

Classifier

Figure 3.9. Construction of the final CG classifier.

Suppose we have a set of score matrices generated by different classifiers. In these
score matrices, each entry corresponds to the distance between a query-target image
pair. The distance is computed using nearest-neighbor classification with normalized
cross correlation as distance metric as explained in Section 3.4. Then, the details of

the fusion methods are as follows:

(i) Simple sum fusion:
This is perhaps the simplest of all fusion algorithms. The scores of each classifier
to be fused are accumulated in simple sum manner to form the fused classifier.
In this thesis, we use this algorithm in either fusion of block classifiers or fusion

of selected CG classifiers generated by LLR-based fusion of block classifiers. For



(i)

35

example, fusion of block classifiers using simple sum fusion is defined as follows:

QSS’ = ZTn (33)

where 7, is the score matrix of n'” block classifier, and N is the total number of

local blocks.

Similarly, fusion of selected CG classifiers that are obtained by LLR-based fusion

of block classifiers is defined as follows:

J-1

ALLRtss = Z Qrrr,; (3.4)

J=0

where Qrzp; is the score matrix of j selected CG classifier generated by LLR-
based fusion of block classifiers, and J is the total number of selected CG classi-

fiers.

LLR-based fusion:

Considering face verification problem, there are two densities, p({2|same) and
p(Qdif ferent) where €2 is a score matrix generated by a classifier. These densi-
ties correspond to the distributions of the scores when the query and target images
belong to the same person, and different people, respectively. In this perspective,
if these densities are known, then LLR test achieves the highest verification rate

for a given false accept rate following from the Neyman-Pearson Lemma [54].

p(Q2]same)

logp(Q|diffe7’ent)

>< 0 (3.5)

Although the real densities are not known, modelling them as two Gaussian

distributions with fig;fferent, 2dif ferent aNd hsame, Zisame DY Observing the scores
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computed from query-target image pairs has proven to work successfully while
fusing the classifiers in [3]. In this thesis, we employ the same idea for conversion

of scores as follows:

N(Q, Hsame Zsame)

Q =lo 3.6
LR gN(Q;,udifferentaEdz’fferent) (3.6)
N2
where N(Q;p,X) = \/217726_(9250 is the Gaussian density function. The pa-

rameters, flsgme and Xgume are estimated from the scores obtained by the clas-
sifier corresponding to matched target-query pairs generated from the training
set. Similarly, ftgifferent and Xgifferent are computed from the scores obtained by
the classifier corresponding to nonmatched target-query pairs generated from the

training set.

Moreover, in LLR-based fusion of classifiers, the score matrices of classifiers are
first converted using Equation 3.8 and this achieves a higher separability between
matching and non-matching classes in individual classifiers. Then, the converted
score matrices are fused in simple sum manner. In this thesis, we use LLR-based
fusion algorithm for fusion of block classifiers as well as fusion of selected CG
classifiers generated only by simple sum fusion of block classifiers. For example,

fusion of block classifiers using LLR-based fusion is defined as follows:

N(/Yn; Hsame,n; Esobme,n)

3.7
Tns Hdif ferent,n, Zdifferent,n) ( )

N-1
Qrrr = Z log
n=0 N(

where 7, is the score matrix of n'” block classifier, and N is the total number of

local blocks.

Similarly, fusion of selected CG classifiers is defined as follows:
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N(QSS,j; Hsame,j Esame,j)
QSS,]'; Hdif ferent.j, z]differemt,j)

Qssirrrj = lOgN( (3.8)

J—1 J-1
N Q iy Hsame,js Esame j
Assirip = Z Qss+LLr; = Z lo‘q/\/( (Qs5+LLR.j} Msame,; J) (3.9)
j=0

j=0 QSSJrLLR,j; Hdif ferent,js Edifferent,j)

where Qgg; is the score matrix of a j CG classifier generated by simple sum

fusion of block classifiers. J is the total number of selected CG classifiers.

3.7. Fusion of Local Appearance Classifiers

This section describes the fusion approaches that are used to combine the classi-
fiers which are trained on different local representations at score-level. In the scope of
this thesis, we combine the final CG classifier with the DCT classifier. We perform two
different methods for the fusion, namely, simple sum fusion and partial least square
regression (PLSR) fusion. Simple sum fusion of local appearance classifiers is exactly

the same method described in Section 3.4.1 and Section 3.6.

The second method is based on PLSR [55], which is a statistical technique that
generalizes and combines features from the PCA and multiple regression. In PLSR

fusion, different classifiers are combined at score level by learning the weights with

PLSR.

Partial least squares regression (PLS regression) is a statistical method that bears
some relation to principal components regression; instead of finding hyperplanes of
minimum variance between the response and independent variables, it finds a linear
regression model by projecting the predicted variables and the observable variables to a
new space. It is based on PLS which is used to find the fundamental relations between
two matrices (X and P), i.e. a latent variable approach to modelling the covariance

structures in these two spaces. A PLS model tries to find the multidimensional direction
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in the X space that explains the maximum multidimensional variance direction in the
P space. PLS regression is particularly suited when the matrix of predictors has more

variables than observations, and when there is multicollinearity among X values.

Following from the idea of PLSR, in PLSR fusion, the goal is to optimally predict
a set of dependent variables from a set of predictors. In the scope of this thesis, there
is only one dependent variable corresponding to the matching score of a target-query
image pair, and there are two predictors, which correspond to the final CG classifier
and the DCT classifier. PLSR searches for a set of components, called latent vectors,
that performs a simultaneous decomposition of X and P with the constraint that
these components explain as much as possible of the covariance between X and P.
This process is followed by a regression step where the decomposition of X is used to

predict P.

For training of the PLSR, we do not use the entire training set because PLSR
analysis is a complicated task. Instead we select a subset which would best represent
the training set. More specifically, we include some of the “difficult face pairs” from the
training set. Difficult match face pairs (n = 400) are sampled randomly from match
pairs that had distance scores greater than 0.4 standard deviations (0,4t = 0.351)
below the match mean (pmaten = 16.349). Difficult nonmatch face pairs (n = 400) are
sampled randomly from nonmatch pairs that had distance scores less than 3 standard
deviations (Gponmaten = 2.64) above the nonmatch mean (fnonmaten = 19.999). After
difficult face pairs are sampled, corresponding distance scores from different classifiers
are combined in a columnwise matrix to form the observations matrix, X. The depen-
dent variable is P, a 2n-element vector containing the match status (+1 for match and

—1 for nonmatch) for each face pair. PLSR is then trained on these matrices.
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4. EXPERIMENTS AND RESULTS

4.1. Face Recognition Grand Challenge (FRGC) Database

We evaluated our system on the Face Recognition Grand Challenge (FRGC) [56].
The FRGC database was collected at the University of Notre Dame during 2002-
2004 academic years. It is the database that has been used in the face recognition
grand challenge experiments which has been conducted by the National Institute of
Standards and Technology (NIST). The database contains high resolution still images,
multi-images of a person and 3D face scans. The still images are collected both in
a controlled and uncontrolled way. The images collected in a controlled way contain
frontal faces that are captured in a studio setting. These images have two different
lighting conditions caused by the use of two or three studio lights, and two different
facial expressions which are neutral and smiling. The images that are collected in an
uncontrolled way also contain frontal face images, but this time instead of having a
studio setting, the data is captured under changing illumination conditions in hallways,
atria, or outdoors. They also contain facial expression changes, out of focus exposure

and partial occlusions (please see [56] for more detailed information).

The FRGC is divided in two challenges; version 1 and version 2. Version 1 is
designed to introduce the participant to the FRGC challenge problem format and its
supporting infrastructure provided by the Biometric Experimentation Environment
(BEE). This is an XML based framework for describing and documenting computa-
tional experiments. The BEE provides a framework that makes it possible to describe
the experiment, record the raw results and provide the analysis, presentation and doc-

umentation of the experiment in a common format.

Version 2 is designed to challenge researchers to meet the FRGC performance

goal. The FRGC version 2 consists of six experiments:

(i) Experiment 1: Tt is a controlled experiment where the gallery consists of a single
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controlled still image of a person, and each probe consists of a single controlled
still image.

(ii) Ezperiment 2: This experiment studies the effect using multiple still images of a
person has on performance. Each biometric sample consists of the four controlled
images of a person taken in a subject session. For example, the gallery is composed
of four images of each person where all the images are taken in the same subject
session. Likewise, a probe now consists of four images of a person.

(iii) Experiment 3: It measures the performance of 3D face recognition. The gallery
and probe set consist here of 3D images of a person.

(iv) Experiment 4: It measures recognition performance from uncontrolled images.
The gallery consists of a single controlled still image, and the probe consists of a
single uncontrolled still image.

(v) Ezperiment 5: It examines and compares 3D and 2D images. The gallery consists
of 3D images and the probe consists of a single controlled still image.

(vi) Ezperiment 6: This also examines and compares 3D and 2D images. The gallery
consists of 3D images, but in contrast to Experiment 5 the probe here consists of

a single uncontrolled still image.

In this thesis, we aim to develop a robust face recognition system which works
successfully under uncontrolled conditions. Therefore, we use standard Experiment
4 protocol for the system evaluation. For this experiment, the training set consists
of 12776 images from 222 individuals. There are 8014 uncontrolled query images of
size 2272 x 1704 pixels and 16028 controlled target images of size 1704 x 2272 pixels
from 466 subjects. The performance measure is the verification rate at 0.1% false
acceptance rate (FAR). The performances are reported by three Receiving Operator
Characteristic (ROC) curves which correspond to three different time gaps. ROC I
corresponds to a subset that consists of the images collected within a semester, ROC
IT within a year, and ROC III between semesters and years. As ROC III evaluates the
matching with large time gap, we compare the performances mostly in terms of the
obtained verification rates on ROC III subset in our experiments. Figure 4.1 shows

sample images from the dataset.
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Aad

Figure 4.1. Sample images from the FRGC database: images collected under
controlled conditions from Fall 2003 (top) and images collected under uncontrolled

conditions from Spring 2004 (bottom).

4.2. Experimental Setup

This section describes the numerical details of the proposed system such as the

parameters, the dimensionality of the feature vectors and the variable ranges.

4.2.1. Face Registration Setup

The FRGC dataset provides labels of salient facial features such as eye centers
and mouth corners. We use the provided eye labels to align the face images. Since
many face characteristics are fine features and would benefit from high resolution we
align the face images into 128 x 160 pixels. While aligning the face images, we use
72 pixels for the registration parameter, which is the eye distance. Figure 4.2 shows

sample registered images from the dataset.
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Figure 4.2. Sample input images (top) and their corresponding registered images

(bottom) from the FRGC database.

4.2.2. Feature Extraction Setup

We use exactly the same face registration parameters, and therefore, aligned
images for extracting features from different local appearance representations. The

experimental setups for the extraction processes are explained as follows:

(i) Eztraction of CG Features: We first perform 2D CG filtering, full convolution of
a CG wavelet with the aligned face image, to extract the holistic CG features.
Then, the resulting features are spatially partitioned into 20 non-overlapping
patches of 32 x 32 pixels. Since we use 5 scales and 16 orientations, the dimen-
sionality of each local block becomes 32 x 32 x 5 x 16 = 81,920 (if ¢ # 0), which
is very high compared to the number of subjects (222) in the training set. So
each local block is downscaled by averaging the magnitude values in an 8 x 8
grid, and the dimensionality is reduced to 1280 (= 4 x 4 x 5 x 16). Lastly, the
resulting CG block features are Z-normalized before the subspace analysis in or-

der to centralize the data and normalize the variance before the subspace analysis.

(ii) Eztraction of DCT Features: We first perform non-overlapping block partitioning

on the aligned face images and we obtain 16 x 20 = 320 local blocks of size 8 x 8.
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Then, we perform 2D DCT on each of the local blocks. The obtained DCT
coefficients are ordered using zig-zag scanning. From the ordered coefficients, we
discard the first coefficient and we select the following 3 coefficient to form the
local feature vector. Then, the DCT coefficients extracted from each block are
concatenated to construct the overall feature vector of size 320 x 3 = 960. Finally,
in order to balance the contributions of both the blocks and their coefficients to
the classification at the same time, a combined normalization is performed by
dividing the coefficients by their standard deviations and normalizing the local

feature vector to unit norm.

4.2.3. Classifier Setup

We perform PCLDA on the local appearance based features. PCLDA process
provides a more discriminative feature space in a lower dimensional space. Applying
PCLDA results in a classifier based on nearest neighbour classification with normal-
ized cross correlation as distance metric. In other words, the classification is done by
comparing a query image with all the target images in the database in terms of the
distance between their feature vectors. In our system, we have 20 + 1 classifiers: 20 of
them are generated using different CG wavelet parameter setups as shown in Table 4.1,

and the other one is obtained from DCT features.



Table 4.1. The parameter setups of 20 CG classifiers.
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Classifiers | Scales | Orientations | Curvature | Gaussian | Orientation
Ratio Size Range
CGy =T 5 8 0.0 27 T
CGy =14 5 16 0.05 v 27
CGy =T 5 16 0.1 T 2
CGs =T} 5 16 0.2 T 2
CGy=TYy 5 8 0.0 T T
CGs =T 5 8 0.0 0.57 T
CGg =T 5 16 0.05 27 27
CGr; =17 5 16 0.05 0.5 2m
CGs =T 5 16 0.1 2w 21
CGyg =Ty 5 16 0.1 0.57 2
CGho=T10 5 16 0.2 2m 2
CGy =T 5 16 0.2 0.57 27
CGp =T 5 8 0.0 1.57 s
CG13=T3 5 16 0.05 1.57 2
CGy =Ty 5 16 0.1 1.57 27
CGi5 =15 5 16 0.15 1.57 2
CG =T 5 16 0.2 1.57 27
CGy =Ty 5 16 0.15 0.57 27
CGhs =115 5 16 0.15 v 27
CGh9 =T 5 16 0.15 2w 2
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4.3. Results on Individual Block Classifiers

There are 20 local block classifiers that are obtained by applying PCLDA on the
local block features. Each block classifier is the expert of the corresponding local region
and affects the overall verification performance. Figure 4.3 shows the distribution of

the local block classifiers over the face.

Figure 4.3. Indices of the local block classifiers.

Among these block classifiers, some of them shows significantly better perfor-
mances than the others due to the amount of discriminative information extracted.
Figure 4.4 shows the ROC III performances of each local block that belong to a CG
wavelet setup (please see Table 4.4 for more detailed results on local block classifiers).
This figure indicates that the best performances are obtained by the classifiers gener-

ated from the eye-nose region as it is expected.

11.21% | 11.46% | 14.86% | 12.84%

28.48% | 33.21% | 37.69% | 33.89%

27.33% | 34.2% | 34.39% | 29.62%

14.35% | 23.73% | 26.52% | 16.86%

10.38% | 16.07% | 19.34% | 11.48%

Figure 4.4. The ROC III performances of individual block classifiers generated by

CGq parameter setup.



Table 4.2. The performances of individual block classifiers obtained using C'G|

parameter setup.

Block Classifiers | ROC I | ROC IT | ROC II1
Y 11.62% | 11.57% 11.21%
" 12.94% | 12.3% 11.46%
Yo 14.68% | 14.78% 14.86%
s 13.08% | 12.97% | 12.84%
Y4 28.57% | 28.96% 28.48%
Vs 34.26% | 33.82% 33.21%
Yo 37.1% | 37.39% 37.69%
Y7 33.09% | 33.44% 33.89%
8 27.56% | 27.49% 27.33%
Yo 35.72% | 35.04% 34.2%
Y10 36.67% | 35.63% 34.39%
M1 27.76% | 28.65% 29.62%
Y12 16.26% | 15.37% 14.35%
13 26.35% | 25.19% 23.73%
Y14 29.31% | 28.03% 26.52%
Y15 17.04% | 16.95% 16.86%
16 10.38% | 10.21% 10.03%
Y17 16.33% | 16.22% 16.07%
18 20.05% | 19.69% 19.34%
19 11.86% | 11.72% 11.48%
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4.4. Results on Individual CG Classifiers

As stated in Section 3.4.1, there are two different fusion methods for block classi-
fiers that are used to generate CG classifiers, namely, simple sum fusion and LLR-based
fusion. When the block classifiers are combined by performing simple sum fusion, the
best verification rate on ROC III, 91.05%, is achieved by a linear Gabor wavelet, I'gg 4
while the worst verification rate, 81.92%, is achieved by a curvature Gabor wavelet,
I'ss16. On the other hand, LLR-based fusion for combining the block classifiers results
in 90.87% for the best, and 81.36% for the worst by I'rr4 and I'zpg 16, respectively.
Table 4.3 shows the performances of all CG classifiers using these two methods. As it is
seen, only a few of the I';, 1 i classifiers have higher verification rates than I'gg classifiers,
but mostly there occurs a decrease on the verification performance by 0.1% — 0.6%.

The main reason for this decrease is the sampling quality of the training of LLR.

Table 4.3. The performances of CG classifiers generated by simple sum fusion and

LLR-based fusion of block classifiers.

I'ss | ROCI | ROCII | ROCIII | I'ypg | ROCTI| ROCII | ROC III
Isso | 87.57% | 87.61% 87.58% Urrro | 88.08% | 87.9% 87.7%
Fss1 | 89.99% | 90.04% 90.02% Urrra | 90.12% | 90.01% 89.9%
Fss2 | 89.1% | 89.13% 89.11% I'irre2 | 89.21% | 89.06% 88.88%
Isss | 88.25% | 88.34% 88.41% I'irrs | 88.26% | 88.19% 88.11%
Issa | 91.28% | 91.18% 91.05% I'ira | 91.52% | 91.23% 90.87%
Fsss | 87.39% | 86.84% 86.19% U'irrs | 87.37% | 86.61% 85.73%
Fsse | 87.27% | 87.4% 87.49% I'iire | 87.69% | 87.67% 87.57%
Fss7 | 88.42% | 88.1% 87.72% U'ierz | 88.37% | 87.79% 87.13%
Isss | 86.13% | 86.24% 86.35% I'irs | 86.53% | 86.51% 86.46%
Fsso | 88.33% | 88.03% 87.62% I'irro | 88.45% | 87.86% 87.17%
I'ssio | 85.33% | 85.57% 85.71% || 'rrrao | 85.76% | 85.83% 85.85%
Issi1 | 88.21% | 87.97% 87.66% | I'rrra1 | 88.16% | 87.75% 87.25%
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In contrast to LLR-based fusion of block classifiers, LLR-based fusion of image
(CG) classifiers improves the verification performances with respect to simple sum
fusion of image classifiers. The reason is that individual CG classifiers are more reliable
than the individual block classifiers are not reliable. So, there occurs less outliers among
training samples of LLR because genuine and impostor distributions are computed more
accurately. The performances of CG classifiers obtained by simple sum fusion of block
classifiers and the performances of CG classifiers after LLR-based score conversion are
shown in Figure 4.5 and Table 4.4. It can be realized from the figure that LLR-based

score conversion mostly increase the performances of CG classifiers.
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Figure 4.5. The ROC III performance comparison of the individual CG classifiers
obtained by simple sum fusion of block classifiers, I'gs, and the performances of these

classifiers after LLR-based score conversion is performed, I'ss: 1 rr-

The verification rate increase on the individual CG classifiers by LLR~score con-
version directly affects the final CG classifiers obtained by fusion of CG classifiers.
Hence, we use simple sum fusion of block classifiers to generate the individual CG
classifiers and then we use LLR-based fusion of CG classifiers to form the final CG

classifier.
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Table 4.4. The ROC III performances of the individual CG classifiers obtained by

simple sum fusion of block classifiers, I'sg, and the performances of these classifiers

after LLR-based score conversion is performed, I'ssrrr-

Image Classifiers | ROC III | Image Classifiers | ROC III
Isso 87.58% Pss+rrro 87.65%
I'ssa 90.02% LssirLra 90.29%
Lsso 89.11% Pss+rrire 89.5%
Isss 88.41% Usstrrrs 88.7%
I'ss4 91.05% LssirLra 91.18%
Lsss 86.19% Usstrirs 86.55%
Isse 87.49% Ussirrre 87.69%
Lssz 87.72% Psstrrrz 87.8%
Isss 86.35% Issirrrs 86.57%
Isso 87.62% I'sstrrro 87.78%
[ss10 85.71% Iss+rrr o 85.84%
Iss11 87.66% Pss+rori 87.66%
[ss12 90.13% Iss+rrr iz 90.12%
[ss13 89.01% Iss+rrris 89.05%
I'ss14 87.98% Lssirrr14 88.15%
Iss1s 87.53% I'ss+rrris 87.65%
[ss16 81.92% I'ss+rrrie 81.36%
Iss17 87.82% Lss+rrrar 87.9%
[ss1s 88.69% lss+rrras 88.97%
[ss19 86.15% Iss+rrr19 86.19%
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4.5. Results for Selection and Fusion of CG Classifiers

After LLR-based score conversion, which can improve the performances of indi-
vidual CG classifiers up to 0.4%, is applied on each CG classifier, we perform fusion
of classifiers at score level to form the final CG classifier. However, fusion of all CG
classifiers does not result in the best performance because the complementary informa-
tion extracted from some of the classifiers are cancelled out by some others. Figure 4.6
illustrates the effects of classifier selection and fusion methods to show that classifier

selection and fusion play a crucial role for the overall performance.

In our experiments, when there is no selection, that is fusion of all 20 CG clas-
sifiers, we achieved 92.85% with LLR fusion, 92.52% with simple sum fusion. On the
other hand, we perform two classifier selection methods. The first approach, called as
empirical selection, selects the classifiers according to their verification rates, in other
words, K of 20 CG classifiers having higher verification rates than others are selected
to form the final CG classifiers. This approach results in a better performance than
no classifier selection. The best verification rates are 93.15% with LLR fusion of 15

classifiers and 92.87% simple sum fusion of 4 classifiers.

B Empirical selection with LLR fusion
== SFFS-based selection with LLR fusion
) + No classifier selection with LLR fusion

Empirical selection with simple sum fusion

Verification rate @ 0.1% FAR

MNo classifier selection with simple sum fusion

SFFS-based selection with simple sum fusion

9 I I I A I A
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20
Number of classifiers in fusion

Figure 4.6. Comparison of different classifier selection and fusion methods with

changing number of selected classifiers for the fusion.
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Another method is SFFS-based classifier selection. This approach uses greedy hill
climbing, which iteratively evaluates a candidate subset of classifiers, then modifies the
subset and evaluates if the new subset is an improvement over the old. This method
achieves the best fusion performances among all approaches. We achieved 93.48% by
LLR fusion of 8 classifiers and 92.95% by simple sum fusion of 5 classifiers. Table 4.5
shows the selected CG classifiers and obtained verification rates for each selection

approach with LLR fusion of classifiers.

Table 4.5. Comparison of different classifier selection strategies. The best
performance, which is used as the final CG classifier, is obtained by SFFS-based

classifier selection.

Selection Method | No of Class. Fusion (Assirrr) ROC 111
No selection 20 {To,T'q,...;T10} 92.85%
Empirical selection 15 {T4, T, 012,09, T3, T1g, T3, Ty, | 93.15%
L7, 17,9, T, 11, 15, Lo }
SFFS-based selection 8 {T4, 11,00, 111,06, T'5, 10, [y} 93.46%

Figure 4.7 shows the selected classifiers’ corresponding wavelet setups when SFF'S-
based classifier selection and LLR classifier fusion is used. In addition, Table 4.6 shows

the classifiers selected in each iteration, and their effects on the fusion performance.

As seen in Figure 4.6 and Table 4.5, there is no classifier exclusion in SFFS al-
gorithm even though we allow backtracking. The main reason for this is that our
algorithm deals with classifiers rather than features as in the original SFFS algorithm.
In feature selection problem, the number of candidates are much higher compare to
classifier selection. This decreases the possibility of backtracking in classifier selection.
In this thesis, the algorithm never excludes a classifier since removal of any classifier
in any iteration does not improve the verification performance. Therefore, the findings
of SFFS in our experiments are exactly the same with the ones of Sequential Forward

Selection (SFS) which only considers classifier inclusion. Consequently, the best verifi-
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Gaussian
size
(a)

curvature degree (¢ )

Figure 4.7. Selected wavelet setups that correspond to the classifiers selected by

SFFS-based algorithm.

Table 4.6. Selected classifiers and their effects on the fusion performance during the

iterations of SFF'S classifier selection algorithm.

Iterations | Selected Classifier Fusion (Assizrr) ROC III
0 sssrnna ry 91.18%
1 Dssirini (L, ur, 92.55%
2 sssrmo (0, T YU T, 92.94%
3 Tsssrinil (0,11, T} U, 93.26%
4 sssrrme (T4, Ty, T, T} U T 93.33%
5 Dsssrins (04,11, o, Tyy, Tg} U T 93.38%
6 I'ss+rrri2 {T4,T1,T0,T11, 06, I'5} U9 93.44%
7 I'ssirrr2 {T4, 11,10, 111,06, 5, T2} U Ty | 93.46%

cation performance is achieved using SFFS-based selection mechanism by only fusing 8
classifiers out of 20. In order to form the final CG classifier, we combined the selected
classifiers, which are generated using simple sum fusion of block classifiers, by using

LLR-based fusion at score level.
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4.6. Fusion of Local Appearance Models

In addition to the final CG classifier, we performed additional experiments to
see whether a different face representation provides complementary information for
verifying faces. We have used another local face representations based on DCT and
Histogram of Oriented Gradient (HOG) [57] as extra evidences. Table 4.7 shows the

individual performances of different local appearance models.

Table 4.7. Performances of different local appearance models.

Selection Method ROCT | ROCII | ROC III
Final CG Classifier (Asst+rrr) | 94.34% | 93.93% 93.46%
DCT-based Classifier (Apcr) | 67.7% | 67.41% 67.01%
HOG-based Classifier (Agog) | 70.08% | 69.82% 68.9%

We combined these local appearance based classifiers at score-level to form the
final global classifier. Firstly, we used simple sum fusion of the classifiers. Table 4.8
shows the verification rates obtained by different combinations of classifiers. It indi-
cates that DCT-based classifier provides complementary information to the final CG
classifier, on the other hand, HOG-based classifier decreases the performance when it

is fused with the final CG classifier.

Table 4.8. Performances of local appearance fusions by simple sum rule at score level.

Fused Classifiers No of Classifiers | ROC II1

Assyrrr U Aboc 2 93.27%
Ass+rir U Aper 2 94.12%
Awnoc U Aper 2 80.26%
Assirrr U Apor U Agoa 3 93.7%

Another method for the fusion would be the weighted sum of classifiers. In order
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to determine the weights, PLSR analysis is performed on a subset of the training
dataset as explained in Section 3.7. Table 4.9 shows the verification rates obtained by

PLSR fusion.

Table 4.9. Performances of local appearance fusions by PLSR fusion at score level.

Fused Classifiers PLSR Kernel | No of Latent Vectors | ROC III
Assirr U Aper LINEAR 1 93.13%
Assirr U Aper LINEAR 2 94.16%

Assirr U Aper U Apoc LINEAR 1 93.64%
Assirr U Aper U Apoc LINEAR 2 92.91%
Assirir U Aper GAUSSIAN (100) 2 93.91%
Assirir U Aper GAUSSIAN (500) 2 94.13%
Assirir U Aper GAUSSTIAN (1024) 2 94.14%
Assirir U Aper GAUSSTIAN (1500) 2 94.14%

Our system’s performance is further improved using PLSR fusion of different
local appearance models. As the best result, our proposed system is achieved 94.16%

verification rate at 0.1% FAR on ROC III of Experiment 4.
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4.7. Comparison with Previous Work

Table 4.10 summarizes the performances of the previous studies which are also
evaluated on Experiment 4 of the FRGC dataset. Earlier, holistic and homogeneous
approaches were proposed. [20] presents a framework that capitalizes holistic Gabor
image representation with a multi-class Kernel Fisher Analysis (KFA) method. [15]
proposes the hybrid Fourier features extracted from different frequency bands and
multiple face models. [17] extracts class dependent kernel DCT features and uses them
in Class-dependent Feature Analysis (CFA) framework. Similarly, [18] also presents

CFA that reduces the computational complexity of correlation pattern recognition.

Later, researchers have tended to combine hybrid methods which combine differ-
ent types of features in order to improve the results. For example, [46] introduces a
method which utilizes Gabor and LBP features. [37] combines Global Fourier features
and local Gabor features. The best performances in the literature, 92.4%-92.5%, were
achieved by [36] and [30]. [36] combines 17 classifiers whose features were extracted
by DCT, LBP, and Gabor, separately. On the other hand, [30] combines local Gabor

classifiers obtained from different image resolutions with a DCT classifier.

In addition all above methods, Hwang et al. [3] propose to use extended CG
(ECGQG) features similar to our work. However, they extract ECG features globally, and
then, they perform feature selection using Adaboost. They learn ECG classifiers by
applying LDA. Lastly, they merge a bunch of these classifiers using LLR-based fusion.

As it is seen in Table 4.10, our system outperforms all of the previous studies on

the same dataset reported in the literature.
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Table 4.10. Performance comparisons with the published methods on Experiment 4 of

the FRGC version 2 dataset. The evaluation measure is the verification rate at 0.1%

FAR for ROC III.

Methods Description and Feature Type(s) No of Cls. | ROC III
[20] - 2006 Holistic Gabor with KFA 1 76%
[15] - 2006 Holistic Hybrid Fourier 3 74.33%
[17] - 2006 Holistic DCT with CFA 79.33%
[18] - 2006 Correlation filters with CFA 1 87.5%
[46] - 2007 Holistic Gabor and LBP 2 83.6%
[58] - 2008 | Extended Color Image Discriminant Model 3 78.26%
[37] - 2009 Holistic Fourier and Local Gabor 2 89%
[36] - 2009 Local Gabor and LBP and DCT 17 92.4%
[30] - 2010 | Multi-resolution Local Gabor and Local DCT 4 92.5%
[3] - 2011 Holistic ECG with Adaboost 6 90.36%
Proposed Local CG 8 93.46%
Proposed Local CG and Local DCT 9 94.16%
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5. CONCLUSIONS

In this thesis, we present a new local appearance based face recognition system.
The proposed system runs reliably under uncontrolled conditions such as illumination
and facial expression changes, partial occlusions and out of focus exposure. First, it
focuses on robust face representation based on appearances of local facial regions that
are presented with curvature Gabor wavelets and DCT. Secondly, it focuses on selecting

and combining multiple local appearance based classifiers.

The system consists of five main steps, namely, face registration, feature extrac-
tion, generation of classifiers, selection and fusion of CG classifiers, and fusion of local

appearance models.

The proposed system starts with face registration. In this step, face images in the
database are aligned in order to localize facial features such as eyes, nose and mouth.
It is a critical step because the subsequent tasks are directly affected by the alignment
procedure. The main concern in face registration is to determine the registration
parameters by considering the trade-off between discriminative information content
and noise. For this reason, we adjust the registration parameters so that image regions
that contain noisy information such as background and hair are not included in the

aligned face image.

The second step, feature extraction, aims to construct a face representation which
is robust against uncontrolled conditions. For this reason, we use local face represen-
tation rather than holistic approach because local feature extraction is less sensitive
to variations on facial appearance. For local face representations, high-resolution face
images are spatially partitioned into non-overlapping blocks. For the first local repre-
sentation, we utilize curvature Gabor wavelets as well as conventional Gabor wavelets
in order to acquire complementary information in different scales, orientations and cur-
vatures. For the second local face representation, we exploit local blocks-based DCT as

extra evidence because DCT features provide complementary information to curvature
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Gabor features.

In the third step, local appearance classifiers are generated from PCLDA which
is a widely used method in face recognition. PCLDA transforms the features to a more
discriminative feature space besides providing dimensionality reduction. After that,
we simply employ nearest-neighbor classifier for recognition. We use normalized cross
correlation distance as decision rule to compute the classification scores of target-query

pairs.

After obtaining the classifiers, the aim is to determine how to select and fuse the
classifiers in order to achieve the best performance. For this purpose, following from
the idea in SFF'S feature selection, which is known as one of the most powerful feature
selection strategies, we employ SFFS-based classifier selection algorithm to determine
the best combination of classifiers with the highest discrimination power. Then, we
combine the selected CG classifiers to form the final CG classifier by using LLR-based

fusion which results in further increase in the verification performance.

The proposed system lastly fuses different local appearance models generated
by CG and DCT representations. Since these models are not expected to contribute
equally, we perform weighted fusion of these classifiers by learning the weights with

PLSR analysis.

From the experiments conducted on the standard Experiment 4 protocol of FRGC
version 2.0 database, we have the following observations. The proposed system achieves
94.16% verification rate which is the highest verification performance reported so far

in the literature for this experiment.

The experimental results on individual local block classifiers show that high per-
formances of almost all individual classifiers indicate the robustness of the proposed
system. The best individual classifier, I'ss1 LR 4, has 91.18% verification rate, which is
higher than all the holistic methods in the literature. In addition, this classifier shows

a better performance than the “T-shaped ECG Classifier Bunch” (90.36%) [3] which
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also utilizes CG features with holistic representation. Our approach avoids local infor-
mation loss which is the case in holistic representation. Moreover, downscaling process
provides robustness against individual pixel noises. Therefore, local face modelling

that we follow outperforms the holistic one.

The experimental results on individual local block classifiers show that the best
performances are obtained by the ones generated from the eye-nose-mouth region. This
proves that eye-nose-mouth region is the most discriminative part of face images. As
expected, classifiers corresponding to upper and lower parts of the face image show the
worst performance since forehead and chin does not provide discriminative information

and also these regions are exposed to relatively more noise.

The experimental results on individual CG classifiers show that the best perfor-
mance is obtained by a conventional Gabor wavelet, I'ssyrrr4. This indicates that
a typical face image gives better responses to linear (or straight) Gabor filters than
curvature Gabor filters. Even though eyes, nose and mouth as the most discriminative
parts of a face show curvature characteristics, a typical face in overall shows more linear
characteristics. This confirms why most of the previous studies have used the conven-
tional Gabor wavelets. On the other hand, the fusion of linear and curvature Gabor
classifiers improves the results dramatically. This proves that curvature Gabor features

provide significantly complementary information to conventional Gabor features.

The experimental results on selection of CG classifiers show that classifier se-
lection is crucial, because the redundant classifiers decrease the overall performance.
About the classifier selection criterion, the verification rate of a classifier alone is not
the best measure to determine the classifiers to be fused because the idea is to find the
best combination providing as much complementary information as possible. The set

of classifiers having higher verification rates may not satisfy this constraint.

The experimental results on individual CG classifiers and on fusion of selected
CG classifiers indicate that LLR-based fusion is a powerful classifier fusion technique

when it is performed for fusion of image classifiers. This means that if the classifiers
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are not successful enough, then the LLR score conversion does not provide perfor-
mance improvement because LLR uses directly the decisions of classifiers to increase
the separability between different classes. Consequently, since the image classifiers are
much more reliable than the local block classifiers, LLR-based fusion of image classifiers

improves the overall performance.

The experimental results on fusion of local appearance models show that His-
togram of Gradient-based classifier improves the verification performance when it is
fused with DCT-based classifier. On the other hand, when HOG is fused with the
final CG classifier, it decreases the performance, which means it does not provide com-
plementary information. As opposed to HOG, DCT-based classifier provides extra
evidence when it is fused with the final CG classifier. This proves that CG features

and DCT features are complementary.
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6. FUTURE WORK

As future directions, we first plan to run our system on a database different than
FRGC to show the robustness of the proposed approach. More specifically, we plan to
run our system on Labeled Faces in the Wild (LFW) database [59] because there is no
system which achieves high performance on both FRGC and LFW, and if we succeed,

we will prove that the proposed approach is a generic face recognition algorithm.

In addition, we aim to improve our classifier fusion algorithms. An alternative
would be to look for other sampling techniques for the training of LLR and PLSR in
order to avoid possible over fitting, e.g., random forests. Another alternative would be
to use Gaussian mixture modelling instead of using single Gaussian modelling for esti-
mating the likelihood in LLR-based fusion. Lastly, we also think about using advanced
likelihood estimation methods like Kernel Density Estimation (KDE).

In order to make use of CG features more efficiently and effectively, we plan to
conduct a comprehensive analysis on the signal processing properties of CG wavelets.
For example, we could consider using Gabor phases in addition to / instead of Gabor
magnitudes. Besides, we aim to analyze the effects of different block sizes and shapes.
For instance, we could use smaller square blocks on the eyes and a greater rectangular

block on the mouth by considering the shapes of facial components.

Moreover, we intent to make the system more robust by combining holistic clas-
sifiers such as Fourier features-based or DCT features-based holistic classifiers with the
existing local classifiers as in [37]. We could also try including a graph matching-based

classifier similar to the one mentioned in [42].

We also plan to examine our system further on its sensitivity to pose and illu-
mination by running the system on a more specific database like Yale Face Database

B [60].
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