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ABSTRACT

In this thesis, we address the problem of face modelling by using dedicated statistical generative models,
with an application to the face authentication task. Face authentication consists in either accepting
or rejecting a user’s claim supported by its face image. Classical generative models, such as Gaussian
Mixture Models (GMM), Hidden Markov Models (HMM) and their variants have been proved to be
successful to tackle this problem. However, these models are not appropriate to the structure of the
observed data. In particular, these models implicitly assume independence between features extracted
from the image, which is obviously not true in the case of a face.

We thus propose new generative models, based on Bayesian Networks, and especially tailored to
deal with the object we have to handle: the face. Actually, we would like to exploit as much as a
priori knowledge as possible. For this purpose, Bayesian Networks provide an intuitive framework: they
allow to encode causal relationships between different kind of random variables, thus enabling to express
correlations between different source of information. As a first step, we thus propose a model acting
on local observations extracted around salient facial features, which is designed to capture relationships
among these pieces of information. The proposed model is shown to be competitive with state-of-the-art
approaches based on generative models when applied to the authentication task. At the same level of
performance, it is also less complex and thus less time consuming than previous approaches. Besides,
and as opposed to classical models, meaningful information could be retrieved from the proposed model.

We then extend this model using other sources of information as complementary clues to local features
extracted from grayscale face images. Indeed, cognitive studies in face recognition showed that human
beings are using various information such as shape, low-resolution representation of the face and also skin
color to recognize an individual. We thus proposed new models taking these information into account,

and apply them to our authentication problem.

Key Words: Face Recognition, Statistical Models, Bayesian Networks.
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VERSION ABREGEE

Dans cette these, nous étudions le probleme de I'authentification biométrique basée sur le visage a 'aide
de modeles génératifs dédiés. L’authentification de visages consiste a accepter ou rejeter le postulat
d’identité d’un utilisateur en se basant sur 'image de son visage. Bien que les modeles classiques, tels
que les Mixtures de Gaussiennes (GMM) ou les modeles de Markov Cachés (HMM) résolvent cette téche
avec succes, ils ne sont pas appropriés a la nature des données observées. En particulier, ces modeles
posent de maniere implicite une hypothese d’indépendence entre les différentes caractéristiques extraites
de I'image, ce qui ne se vérifie pas forcément dans le cas d’un visage.

Nous proposons donc de nouveaux modeles, basés sur les Réseaux Bayésiens, et spécialement congus
pour traiter 'objet en question: le visage. Nous désirons exploiter le plus de connaissances possibles a
priori. Dans cette optique, les Réseaux Bayésiens fournissent une approche intuitive: en effet, ils permet-
tent d’encoder des relations causales dans un ensemble de variables aléatoires, pouvant ainsi exprimer des
corrélations entre différentes informations. Dans un premier temps, nous proposons une approche traitant
les différentes parties d’un visage et modélisant leurs correlations. Le modele proposé est compétitif en
comparaison des modeles génératifs existants appliqués a 'authentification de visage. Au méme niveau
de performance, il est également moins complexe et de ce fait plus rapide que les approches précédentes.
De plus, et au contraire des modeles classiques, le modele proposé peut aussi étre utilisé pour visualiser
différentes informations sur les visages.

Par la suite, ce modele est augmenté en utilisant d’autres informations en complément des parties
du visage extraites d’une image en niveau de gris. En effet, des recherches cognitives ont montré que
les étres humains utilisent par exemple la forme globale du visage, ses caracteristiques géométriques ou
encore la couleur pour reconnaitre un individu. Nous proposons donc de nouveaux modeles intégrant ces

informations et les appliquons a I’authentification de visage.

Mots Clés: Reconnaissance de visages, Modeles statistiques, Réseaux Bayésiens.
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Chapter

OVERVIEW

1.1 Aims & Motivation

In this thesis, the problem of face authentication is addressed. Face authentication consists in either ac-
cepting or rejecting the identity claim of an individual supported by its face image, hence it falls into the
more generic problem of Face Recognition. Although current algorithms are quite successful on controlled
conditions, performance decreases rapidly in case of unconstrained viewing conditions, such as head pose
and illumination for instance [Zhao 03]. Authentication systems based on local features and statistical
models were shown to perform well for this task [Sanderson 03] [Lucey 04] [Cardinaux 05]. However,
currently used models, including Gaussian Mixture Models (GMM), Hidden Markov Models (HMM) or
their variants, such as embedded HMM [Nefian 00] or coupled HMM [Nefian 02] are not appropriate to
the structure of the observed data. Furthermore, these models implicitly assume independence between

the observed local features, which is obviously not true in the case of the face image.

Several computer vision tasks could be solved using the more generic framework of probabilistic
graphical models. Graphical models comes in two flavors: directed (Bayesian Networks) and undirected
(Markov Random Fields). Such models have already been used for various face processing related task.
An example of Markov Random Field applied to face recognition can be found in [Huang 04]. Regarding
Bayesian Networks, they have been applied in the context of face detection [Yow 97] or facial expression

recognition [Cohen 02], but were never applied to face recognition.
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In this thesis, we thus intend to investigate the usage of the generic Bayesian Network framework
[Pearl 88] as statistical generative models for face authentication. Indeed, Bayesian Networks (also known
as Belief Networks or Probabilistic Experts Systems) provide an intuitive way to represent the joint prob-
ability distribution over a set of variables: random variables are represented as nodes in a directed acyclic
graph, and links express causality relationships between these variables. In this framework, it is then
possible to model correlations between the different observations derived from a face image, and hence to
relax the independence assumptions when modelling a face with GMMs or HMMs. Besides, and within
this framework, it is particularly easy to introduce prior knowledge on the problem at hand: one can
freely choose which variables to consider, and how to relate them to each other through the specified
graph. In our case, we will consider that certain observations are generated by the same underlying
process. Imagine for instance that several local features are extracted from the same face image: these
features should be somehow related to each other, because they have been generated by the same identity.
Such a property cannot be expressed using classical statistical models, but Bayesian Networks are able to
model such relationships through the network structure. However, finding a set of pertinent observations

together with an appropriate corresponding network structure is an open research issue.

Another property of Bayesian Networks is their ability to handle different kinds of random variables.
Hence, we intend to add auxiliary information to grayscale image patches in the generative model. It
is done to improve its modelling power in face description. As evidenced by psychological and cognitive
studies, where key results can be found in [Sinha 06], human beings use several and different visual clues
to recognize a face. Examples of such information include the global face shape and the skin color for
instance. Although it may seem obvious that adding such information may help the recognition process,
most of the current algorithms usually act on part of such information, or treat them independently.
Moreover, they usually do not exploit the prior knowledge we may have on the object to recognize,
but rather apply standard pattern recognition algorithms. We believe that Bayesian Networks is a well
suited tool to design generative models mainly for two reasons. First, explicit relationships between
facial features can be encoded through the network structure, hence relaxing independence assumptions.
Second, we believe that incorporating auxiliary information in a principled way could be beneficial to

describe faces more accurately.
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1.2 Contributions

The aim of this thesis is thus to design, implement and apply new statistical models, based on Bayesian
Networks, to tackle the face authentication task. Actually, we would like to design models that are able
to meaningfully describe the object to process, unlike classical statistical models used so far.

The main contribution of this thesis is hence the design and the development of novel generative
models dedicated to the face. Inspired by previous work on face recognition based on salient facial
features, by the usage of statistical models in the context of face authentication and by results obtained
in cognitive research on human face recognition, we propose new models aiming at encoding as much of

prior knowledge as possible on the object to process. More precisely:

e The first proposed generative model explicitly correlates observations extracted around salient facial

features, as opposed to traditionally used statistical models, such as GMMs and HMMs.

e This model is then extended by incorporating various other, auxiliary information in a principled
way. In particular, the usage of holistic representations of the face, geometrical measurements and
also color information are investigated. Several network architectures are proposed to incorporate

these pieces of information.

e For this purpose, the development of an efficient implementation of the inference (Junction Tree)
and learning (Expectation Maximization) algorithms was performed. These algorithms may be
applied in directed Bayesian Networks with both discrete and continuous hidden variables. This

development has been made within a well-known machine learning library!.

Moreover, a systematic and unbiased experimental comparison with existing generative models (GMM,
HMM and Pseudo 2D-HMM), but also with popular appearance-based face authentication systems is
provided. This is done using well-defined protocols on databases comprising several and challenging au-
thentication scenarios. Experiments are conducted using both manual and automatic face detection, since
robustness to imperfectly located faces is a desirable property in real world applications. The proposed
models are shown to achieve comparable results to state-of-the-art generative approaches, while being

less complex, less computationally demanding, and exhibiting meaningful properties of the different faces.

Lwww.torch.ch
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1.3 Organisation of the Thesis
The following document is organized as follows:

e Chapter 1 introduces the problem and briefly presents the limitations of current systems based on

local features and generative models. It then states the motivation and contribution of this work.

e Chapter 2 provides a brief review of the state-of-the-art in face recognition. The face authentica-
tion problem is presented, together with corresponding databases and performance measures. An
emphasis is put on face authentication using generative models: a discussion on the advantages and
drawbacks of existing approaches is made, and the motivation for new models is then explained in

more details.

e Chapter 3 gives the necessary theoretical background to effectively design new generative model
introducing prior knowledge through correlations between observations. Bayesian Networks and
their key properties are introduced, before detailing two algorithms related to our problem and

used in our work: inference and parameters learning.

e Chapter 4 presents a simple yet efficient generative model for the face. It empirically shows that
the model is actually able to learn different facial feature types and their relationships. Experiments
are provided on the face authentication task and a systematic comparison with different approaches

is made, using both manual and automatic registration of the face.

e Chapter 5 extends the first approach and presents new models incorporating auxiliary information.
In particular, models embedding information used by human beings are investigated. We developed
new models using holistic representation of the face, configural information and color, and applied

them to the face authentication task.

e Chapter 6 finally concludes this thesis by providing a summary of the performed work and obtained

results. Possible directions for future research are also suggested.



Chapter

FACE RECOGNITION

Face recognition falls into the more generic topic of biometric recognition, which consists in recovering the
identity of people based on their intrinsic physical properties. Biometrics have a certain advantage over
classical identification methods, since they do not require any information that people usually detain,
such as passports, driver’s licence or PIN codes for instance. Indeed, such means of identification could
be easily forgotten, stolen or even forged. Rather, biometric recognition is based on the individual’s own

characteristics, such as the fingerprint, the iris, the gait and, of course, the face.

As compared to other biometric modalities, the face has the main advantage of being non-invasive
for the user, and it could also work at a distance and without explicit user cooperation (i.e. there is no
need to swipe your finger on a specific device for instance). On the other hand, biometric recognition
based on faces remains a challenging problem since it has to deal with a wide range of challenges, such
as pose and illumination [Zhao 03]. Furthermore, long-term instability of such a biometric sample is also
an issue. Face appearance may greatly vary over time due to external artifacts (glasses, beard) and aging
for example. Nevertheless and in comparison to other modalities, the face as a biometric trait seems to
be a good tradeoff between its ease of use, the little need for user cooperation and the required accuracy.
Face recognition technology could be applied in an enormous range of applications : The first example
which comes to mind is certainly security: border control, law enforcement, building access are example
where face recognition is already deployed. But it is also worth mentioning other applications who could
benefit from this technology, such as human-computer interaction, automatic photo/video indexing or

image retrieval to name a few.
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Basically, any face recognition system consists in comparing previously known face images (often re-
ferred to as the gallery) to other provided face images (termed as probes). But prior to the recognition
task itself, there are necessary steps that need to be addressed: the first one is face detection, whose
goal is to detect if a face is present or not in the image given as input to the system. Once the face
has been detected, it has to be registered (i.e. salient facial features have to be located) and is usually
geometrically normalized. The recognition task could then take place, and may also be broken down into
three distinct tasks: the optional preprocessing of the registered face image, the feature extraction step,

and the final classification, which depends on the extracted features.

Face recognition could be operated in three different modes : identification, authentication and watch-
list. Although the same algorithms could be applied to all of these modes, they all have specific properties,
and special care on the application should be made when designing a particular system. The main

difference between these applications is whether they operate on so-called closed-set or open-set scenarios.

Identification The task of identification consists in retrieving, based on a face image, the identity of
an individual out of a pool of people previously enrolled into the system. Since in this case all identities
are known a priori, and that every people to be identified are present in the database, this problem is

termed as closed-set.

Authentication Face authentication (also known as face verification) is addressing the following sce-
nario: an individual claims an identity and support his/her claim by providing its face image. In that
case, the system has to decide on whether the claim should be accepted or rejected. Authentication has
hence to deal with impostors, who are individuals trying to fool the system. Since impostors are not

present in the database, authentication is therefore referred to as an open-set scenario.

Watch-list The watch-list problem consists in performing identification on an open-set scenario: the
individual to be identified may or may not be previously known to the system. In this case, special care
has to be made on the decision: the best match between the gallery and the probe does not necessarily

correspond to the right identity.
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Face recognition is inherently a three-dimensional pattern recognition problem, due to the nature of
the observations. The main advantage for 3D recognition is its ability to cope with variations in lighting
conditions and pose. However, deploying a 3D-based system is quite complicated and special capturing
devices (i.e. laser-scan) are needed. 3D face recognition is usually used when the security level is of great
concern. On the other hand, acquiring two-dimensional face images is a rather straightforward task.
Indeed, there is a huge amount of digital cameras, webcams and mobile phones available and widely used
nowadays. Although 2D face images are more convenient to capture in everyday life, retrieving identities
from such input is much more difficult. Nevertheless, picture-based face recognition remains the primary
choice for many applications, mainly because the tradeoff between its simplicity (as compared to 3D-
based systems) and its accuracy is good enough in most cases. Hence, in this thesis, the focus is made on
the face authentication task based on two-dimensional face images. In the next section, we thus present

a brief review of some of the most popular algorithms developed so far to address this task.

2.1 State-of-the-art

For more than 30 years, face recognition has been an active research area and different systems are now
capable of correctly recognizing people’s faces under controlled environment (i.e. when the probe and
the gallery images are acquired under the same global viewing conditions) [Zhao 03]. There is a huge
amount of face recognition algorithms, and developed approaches can be subdivided into appearance-
based methods (also called holistic) and feature-based methods (also called local). The major difference
between these methods is that holistic approaches use the whole face region as a raw input to a classifier,
whereas in local feature-based methods the face is considered as a set of observations, which will be used
for subsequent analysis. The next subsections are devoted to present these approaches and their usage

as face recognition algorithms, before discussing their respective advantages and drawbacks.

2.1.1 Appearance-based algorithms

In this section, we will briefly list some of the appearance-based algorithms developed for 2D face recog-
nition. An emphasis will be made on two particular algorithms: Principal Component Analysis (PCA)

and Linear Discriminant Analysis (LDA), since they are used in this thesis for comparison purposes.
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Principal Component Analysis One of the first face recognition systems is the Eigenface method
developed by Turk & Pentland [Turk 91]. Principal Component Analysis (PCA) is applied to the face
images in the database, and each face image is then projected onto a lower-dimensional subspace. A face
image is thus described by a vector of weights, which represents the linear combination of the so-called
eigenfaces (face images composing the orthonormal basis of the subspace). Considering the holistic face

representation as a vector denoted by x, it is linearly projected to obtain the feature vector y:

T

where WpTca is a matrix containing the first m eigenvectors (corresponding to the m largest eigenvalues)
of the training data covariance matrix. Classification is then performed directly in this subspace, using
either a simple metric, such as the Euclidean distance [Turk 91], or more sophisticated techniques like

Multi-Layer Perceptron (MLP) [Marcel 02] or Support Vector Machines (SVM) [Jonsson 00] for instance.

Linear Discriminant Analysis Whereas PCA projects face images into the maximum variance sub-
space, Linear Discriminant Analysis (LDA) seeks to find the projection that optimally separates the
different classes. Unlike PCA, LDA is a supervised system and was first applied in face recognition in
[Belhumeur 97]. Tt has also been successfully applied to the problem of face authentication [Kittler 00]
[Marcel 04]. The LDA algorithm is based on Fisher’s linear discriminant formula to find the optimal
discriminative subspace where data will be projected. Let us consider a training set composed of N
examples x; where each example is labeled and belongs to one of C' classes. The training data are used

to derive the between-class scatter matrix S, and the within-class scatter matrix S,,:

C

Sy = ZNi(Ni_N)(Ni_M)T (2.2)
C

So = Y Y (on - m)lan— ) 2:3)
] rrEeX;

=1

where N, are the number of examples in class ¢, u; is the mean of the examples in class ¢ and p is

the mean of all training data. Finally, the optimal projection W4, is the orthogonal matrix satisfying
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Equation (2.4):

WTS,W
Wige = argmax | oW

—_— 2.4
w |(WTS,W| (24)

In practice, Principal Component Analysis (PCA) is first applied on the data so as to achieve decor-
relation and dimensionality reduction. The projected face representations into the coordinate system of
eigenvectors are then used as training examples to derive the optimal projection Wi4,. The face vector x

is then projected to get the final feature vector y according to Equation 2.5:

T 11T
Y= WldaWpcaz (25)
Like in the PCA case, classification is then performed on the feature vector y using either a metric,

or more sophisticated approaches.

Other Popular Algorithms In this paragraph, we simply lists some of the existing algorithms based
on the idea of subspace projection. For instance, another successful approach is to use the Independent
Component Analysis (ICA) [Bartlett 02], which is nothing else but a generalization of PCA, which decor-
relates the high-order moments in addition to the second order moment. It is also worth to mention
the kernelised version of PCA and LDA [Yang 00] [Kim 02] [Yang 02] [Shen 07], which first project face
data into a higher-dimensional space before computing projection matrices. There also exists non-linear
projections, such as the so-called Laplacianfaces [He 05], where faces are projected onto a manifold which
preserves the local structure of the data by using Locality Preserving Projections. Another non-linear
projection-based approach is the Non-negative Matrix Factorization (NMF), which has also been applied

to face recognition [Rajapakse 04] [Zhang D. 05].

It is also worth to mention some other holistic approaches, that are not based on a subspace projec-
tion paradigm. Such algorithms include Neural Networks [Lawrence 06] [Cardinaux 03], Support Vector

Machines [Phillips 99] [Jonsson 00] [Gates 05] but also Active Appearance Models [Edwards 98].
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2.1.2 Feature-based algorithms

Feature-based algorithms, as opposed to appearance-based approaches, are usually considering local
features instead of the whole face image. In this section, we list some of the most prominent approaches
belonging to this family. In this case, some prior knowledge is generally introduced in the system. Indeed,
these algorithms are usually dedicated to handle faces. Actually, early face recognition algorithms were
purely feature-based, since they tried to recognize people based on geometrical properties of the face

[Kanade 73] [Nixon 85].

Local PCA and LDA In this case, the face is divided into rectangular regions located around salient
facial features. The algorithm then acts directly in each region. The projection subspace is built for each
region using either PCA [Pentland 94] or LDA [Short 06]. Recognition is first performed independently
on each component, and results are combined to reach a final decision. Usually, recognition results are

better using local information than the ones obtained by their holistic counterpart.

Elastic Bunch Graph Matching The Elastic Bunch Graph Matching (EBGM) [Wiskott 99] is cer-
tainly the most renowned local feature-based face recognition algorithm. In this algorithm, a face image
is represented by a set of wavelets coefficients, called jets, arranged in a graph, whose nodes corresponds
to fiducial points (eyes, tip of the nose, corner of the mouth, etc.). During the recognition process, the
lattice is allowed to be deformable so as to maximize the correlation between corresponding wavelet co-
efficients of the gallery and of the probe image. The final decision is made based on a distance between

jets extracted from both the gallery and the probe images.

Local Binary Patterns Recently, Ahonen et al. [Ahonen 04] proposed to apply to face images a
simple operator, called Local Binary Patterns (LBP) and originally meant for texture analysis. Here the
face is represented by a set of concatenated LBP histograms, each one being computed in a different block
of pixels along the image. Recognition is made by comparing x? distances between histograms. This
approach yield good results when applied to face recognition, and a lot of extension have been proposed

since then: see [Huang 05], [Rodriguez 06b], [Liao 07] or [Ahonen 09] for examples.

Statistical Models Another popular approach to local feature-based face recognition are the us-

age of statistical generative models [Samaria 94b] [Nefian 98] [Eickeler 00] [Sanderson 03] [Lucey 04]
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[Cardinaux 05]. The aim of such systems is to model the distribution of a feature set extracted from the
face image. Since the work presented in this thesis is based on this framework, it will be explained in

more details in the next section.

2.2 Face Authentication using Generative Models

In the framework of face authentication, a user claims its identity and supports the claim by providing an
image of its face to the system. There are then two different possibilities: either the client is claiming its
real identity, in which case it is referred to as a true client, either the client is trying to fool the system,
and is referred to as an impostor. In this open-set scenario, subjects to be authenticated may or may
not be present in the database. Therefore, the authentication system is required to give an opinion on
whether the claimant is the true client or an impostor. Since modelling all possible impostors is obviously
not feasible, a so-called world-model is used to simulate impostors. It is trained using data coming from

different identities and thus represents the model for an ”average”, or general individual [Reynolds 00].

More formally, consider a generative model and let us denote 6,014 as the parameter set defining the
world-model whereas 6.j;.,+ represents the client-specific parameters. Given a client claim and its face

representation x, an opinion on the claim is given by the following log-likelihood ratio:

A(X) = logp(x|eclient) - logp(x|9world) (26)

where p(x|0ciient) is the likelihood of the claim coming from the true client and p(x|0.yoriq) is an approx-
imation of the likelihood of the claim coming from an impostor. Based on a threshold 7, the claim is

accepted if A(x) > 7 and rejected otherwise.

The probability p(x|#) can be computed using various statistical models. The first work using local fea-
tures together with a generative model for face representation is due to Samaria & Young [Samaria 94b].
In their work, the authors are considering blocks of pixels as Gaussian observations, and a sequence of
such observations is obtained by scanning line strips from the top to the bottom of the face image. An
HMM then allows to compute the likelihood of a sequence, which consists in the probability that the

HMM has generated the observed sequence. Hence, one HMM is built for each identity and the likelihood
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of the probe image is computed for every stored model. The recognized individual is then the one whose
model gives the highest data likelihood. Later, Nefian [Nefian 98] improves upon Samaria’s work by using
Gaussian Mixtures as a distribution for the observations, but also by reducing the dimensionality of the
observation vector by applying a two-dimensional Discrete Cosine Transform (2D-DCT) on the pixels
intensity values. The same approach was used in [Martinez 99] and showed good robustness against
variations present in face images, such as expressions or occlusions. However, a major drawback of these
HMM approaches is that the observations are related to each other in only one dimension (as opposed
to the 2D nature of the images). Kohir et al. also applied an HMM-based system for face recognition
[Kohir 98], but in this case, the sequence is obtained by scanning the face image in a zig-zag fashion, and

the HMM is ergodic.

To be in accordance with the 2D nature of face images, an embedded HMM architecture was first
proposed in [Nefian 00]: here, the emission probability of a main, vertical HMM is itself modelled by
an horizontal HMM. An image is hence analyzed on a block-by-block basis rather than line-by-line.
This system was shown to outperform not only PCA, but also neural networks based algorithms on
a rather easy database. Other experiments using the pseudo-2D-HMM were reported in [Eickeler 00]:
here the model of each client takes a so-called common initial model as starting point for the training
procedure, and learning is thus more efficient even with few training samples. Recently, Maximum A
Posteriori (MAP) adaptation of statistical models [Gauvain 94] has been applied with success to face
authentication [Cardinaux 03] [Lucey 04] [Cardinaux 05]. In this case, each client model is adapted from
the world model during training, using available client data. Note also that a true low complexity 2D-
HMM has been proposed in [Othman 03], but this model needs a large amount of training data for its

parameters to be properly estimated.

2.3 Discussion

Holistic approaches are today’s best performers for the face authentication task: they have some advan-
tages, such as being able to handle low-resolution face images, but they also have some drawbacks: a
large amount of data is needed to compute the projection matrix for instance. Another limitation of such

methods is their poor generalization ability: variations such as pose or illumination could be accounted
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for only if present in the training set [Martinez 02] (i.e the one used to build the projection matrix),
but usually, a specific subspace is built for each possible condition: Georghiades et al. [Georghiades 01]
construct low-dimensional face models taking illumination variations into account for each possible pose
for instance. Furthermore, holistic-based systems do not exploit any prior knowledge on the object to
recognize, since image data is usually represented as a single feature vector, and no specific hypothesis
are assumed regarding the content of the image: face recognition is thus treated as a standard pattern

recognition problem.

On the other hand, feature-based methods seem to better handle little variations in appearance. Using
local information helps when the face is not frontal [Heisele 03] [Lucey 06], but also if an occlusion or a
change in expression occurs [Martinez 02]. Moreover, it has been shown [Cardinaux 05] [Rodriguez 06a]
that systems based on local features are more robust to imperfect face localization. Such approaches are
also able to encode more prior knowledge as compared to holistic approaches: one can freely choose which
features to use and how to relate them to each other. However, local feature methods also have some
drawbacks: they usually need higher resolution images than holistic approaches, and in case of statistical

models, learning parameters form data with few samples per class is an important issue.

2.4 Databases, Protocols and Performance Measures

Performance evaluation of face recognition algorithms is an important step and should be carried with
well-defined protocols on the database of choice. There exists a wide variety of face databases, which
usually have different purposes. Indeed, a face database is generally designed and built to test face
recognition systems in particular, and sometimes difficult, conditions. For instance, the AR database
[Martinez 98] is especially meant to evaluate the robustness of algorithms against variations in illumina-
tion conditions, facial expressions and occlusions. Other well-known examples are the CMU-PIE database
[Sim 01], where pose variation is also present or the Yale B Face Database [Georghiades 01], which con-
tains extreme illumination conditions. However in these cases, there are no strict protocols associated to

the databases, preventing from a fair comparison between face recognition systems.
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To reach the goal of a standardized assessment procedure, two databases and their associated de-
tailed protocols, are provided by the National Institute of Standard in Technology (NIST) : the FERET
[Phillips 00] and the FRGC [Phillips 05] databases. These two databases are meant to be used in a
closed-set face identification setting with different scenarios. For example, some of the protocols propose
to evaluate the behavior of face identification systems in challenging conditions: the performance over
time (i.e. when the probe and gallery image are taken one year apart) and in strongly mismatched con-
ditions: in this case, the gallery image is usually taken in indoor controlled conditions whereas the probe

image is acquired outdoor under arbitrary pose and illumination.

In our case however, we focus on the authentication scenario and thus present in more details two
databases especially meant to address this particular problem. Evaluation procedures and performance

measures are also introduced.

2.4.1 The XM2VTS Database

The XM2VTS database [Messer 99] was especially meant for multimodal (voice and face) identity veri-
fication, where the user (i.e. the client) is assumed to be cooperative with the system. The data corpus
consists in synchronized video and speech data from 295 subjects, acquired in 4 sessions of 2 shots, and
over a 5 month period. All shots were captured under controlled conditions: the camera settings, the
illumination and the background remained the same across all the sessions. Figure 2.1 shows some ex-

amples of face images in this database.

There are two well-defined experimental protocols provided with the database. First, the database
was randomly divided into 3 disjoints set : the client set, which contains 200 subjects, and two other
impostors set, which contains 25 and 70 subjects for evaluation and test respectively. The Lausanne
Protocol (LP) then define which images should be used for the client models, and is used in two different
configurations. Figure 2.2 shows the partioning in both cases. Note that the difference between the two
protocols resides only in the client training and evaluation sets: in the first configuration, only 3 images

per subject are available, whereas the second configuration allows 4 images to be used.



2.4. DATABASES, PROTOCOLS AND PERFORMANCE MEASURES 15

Fig. 2.1: Some examples of subjects present in the XM2VTS database. Images in each column are taken from a
different session.

ion Shot Clients Impostors
1 1 1 Training Data
2 2 Evaluation Data - Clients
5 1 Training Data Evaluation
Configuration | 2 Evaluation Data - Clients Data - Test Data -
3 1 Training Deta Impostors|  Impostors
2 Evaluation Data - Clients po po
4 2 4  TestData- Clients 3 .
session Shot Clients Impostors
1 1
2 Training Data
2 1 Evaluation
Configuration |1 2 1 Data- Test Data-
3 ; 2 Evaluation Data - Clients Impostors|  Impostors
4 1 i
> 4 Test Data - Clients 3 5

Fig. 2.2: The different protocols associated to the XM2VTS database



16 CHAPTER 2. FACE RECOGNITION

2.4.2 The BANCA Database

The BANCA database [Bailly-Bailliere 03] was also designed to perform multimodal identity verification.
There exists two main differences with the XM2VTS database though. First, the corpus is smaller and
contains only 52 clients and second, the acquisition conditions are not the same across the twelve different
sessions. Sessions 1 to 4 were acquired in controlled conditions (uniform background and illumination,
high-quality camera), sessions 5 to 8 are referred to as degraded (captured by a webcam in an office en-
vironment) and finally, sessions 9 to 12 are obtained in so-called adverse conditions (public environment
with arbitrary conditions, but with the same high-quality device than sessions 1-4). Figure 2.3 shows
examples of these different scenarios. The 52 subjects are divided into two disjoints sets gl and g2 used
for evaluation and test respectively. Unlike the XM2VTS database, the evaluation and test sets do not
contain the same subjects, hence avoiding any face recognition system to be tuned to specific identities.
Note also that the BANCA database contains an additional set of 30 people, acquired in the same con-

ditions and referred to as the world data.

There are seven distinct protocols defined with this database. Basically, they consists in specifying
which conditions (hence sessions) should be used for training and testing, and are summarized in Table
2.1. In this thesis, we will only focus on 5 out of the 7 protocols: Match controlled (Mc), Unmatched
adverse (Ua), Unmatched degraded (Ud), Pooled test (P) and Grand test (G).

Protocol | Training Testing
Mc controlled | controlled
Ma adverse adverse
Md degraded | degraded
Ua controlled adverse
Ud controlled | degraded

P controlled all
G all all

Tab. 2.1: Conditions used in the training and testing phases of the BANCA database.

2.4.3 Performance Measures

In a face authentication scenario, two errors can occur: the false acceptance, when an impostor is recog-
nized as a true client to the system, and the false rejection, when a legitimate user is wrongly rejected.

The performance of a face authentication system is thus usually characterized by the false acceptance
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Fig. 2.3: Some examples of subjects present in the BANCA database. Images in each column are taken from a
different acquisition scenario: the first column corresponds to controlled conditions, the second column
depicts the degraded conditions and the third one shows the adverse conditions.
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rate (FAR) and the false rejection rate (FRR):

# of FA
FA D) = 2.
R(r.D) # of impostor accesses %] 2.7)

# of FR

FRR(7,D) =
(. D) # of client accesses

(%] (2.8)

where D denotes the used dataset and 7 is the decision threshold. Another widely used measure to
summarize the performance of a system is the Half Total Error Rate (HTER), which summarizes the

FAR and the FRR in the following way:

FAR(7, D) + FRR(7, D)

HTER(r,D) = 5

(%] (2.9)

Note that the FAR and the FRR are highly related, since they depend on the threshold 7: increasing
the FAR will reduce the FRR and vice-versa. For this reason, authentication results are often pre-
sented using either Receiver Operating Characteristic (ROC) or Detection-Error Tradeoff (DET) curves
[Martin 97]. The ROC curve plots the True Positive Rate (i.e. when a client is legitimately accepted,
this is the complement of the FAR) versus the False Positive Rate (when a client is wrongly recognized,
which corresponds exactly to the FAR) for different values of the threshold. Note that the DET curve
directly plots the FAR versus the FRR. Examples of ROC and DET curves can be found in Figure 2.4 and
2.5 respectively. Another widely used quantity to summarize the performance of a system is the Equal

Error Rate (EER), defined as the point along the ROC or the DET curve where the FAR equals the FRR.

However, it was noted in [Bengio 05] that ROC and DET curves may be misleading when comparing
models. Hence, the so-called Expected Performance Curve (EPC) was proposed, and consists in an
unbiased estimate of the reachable performance of a model at various operating points [Bengio 05].
Indeed, in a real-world scenario, the threshold 7 has to be set a priori: this is typically done using an

evaluation set. Nevertheless, the optimal threshold can be different depending on the relative importance
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Examples of ROC curves Examples of DET curves
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Fig. 2.4: Example of ROC curves Fig. 2.5: Example of DET curves

given to the FAR and the FRR. Hence, in the EPC framework, § € [0; 1] is defined as the tradeoff between
FAR and FRR. The optimal threshold 7* is then computed using different values of 3, corresponding to

different operating points:
7" =argmin G- FAR(7,D.) + (1 — 5) - FRR(7, D) (2.10)

where D, denotes the evaluation set. Performance for different values of § is then computed on the test
set D, using the previously found threshold. Note that setting § to 0.5 yields the Half Total Error Rate

(HTER) as defined in Equation (2.9). An example of EPC can be found in Figure 2.6.

Examples of EPC curves

0.40

e
w

\
WH

3 FAR + (1-3) FRR

)
L

0'16 0 0.2 0.4 0.6 0.8 1.0

Fig. 2.6: Example of Expected Performance Curves.
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2.5 Summary

In this chapter, we first defined the Face Recognition task and stressed its usefulness with respect to
other biometric modalities: ease-of-use and non-invasive. The different scenario in which a face recogni-
tion system could be deployed were introduced, with an emphasis made on the authentication task, which
is the focus of this thesis. For this purpose, two dedicated databases, XM2VTS and BANCA, along with

their experimental protocols have been presented.

The current state-of-the art in Face Recognition was briefly reviewed, defining and presenting examples
of algorithms for two main families: appearance-based and feature-based. The advantages and drawbacks
of the different approaches were discussed, and a deeper overview of face authentication using local

features and statistical models was made, since this framework will serve as a basis for this thesis.
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BAYESIAN NETWORKS

3.1 Definition and Properties

Bayesian Networks (also known as Belief Networks or Probabilistic Expert Systems) where first intro-
duced by Pearl [Pearl 88] and could be seen as a marriage between graph theory and probability theory
[Jordan 99a]. Bayesian Networks provide an intuitive way to represent the joint probability distribu-
tion over a set of variables: random variables are represented as nodes in a directed acyclic graph, and
links express causality relationships between these variables. This is thus a representation particularly
well-suited to look for correlations among random variables [Heckerman 99]. Conversely, the absence of
link between two variables represents a conditional independence assumption. More precisely, a node
representing a variable X and directly linked to a node representing a variable Y (i.e. X is the parent of
Y') defines a relation having the form of a conditional probability P(Y|X). Usually, X is said to causes
Y, since fixing the value of X provides information on the value of Y. Note that knowing the value of Y

also provides information on X (through the Bayes rule), in this case Y is said to ezplain away X.

More generally, let us define Pa(X;) as the set of parents of the variable X; in the directed acyclic
graph. The joint probability encoded by a Bayesian Network over the set of variables X = (X7, ..., X},)

is then given by the following chain rule:
P(X) = [[ P(XilPa(X3)) (3.1)
i=1

Hence, a Bayesian Network is fully defined by the structure of the graph and by its parameters, which

21
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consists in the conditional probability distributions of each variable given its parents. Note however that
a variable X; may have no parents, in which case its probability distribution is simply given by its prior

P(X),).

In order to better understand the notion of causal relationships and conditional independence as-
sumptions, an example of a Bayesian Network is provided on Figure 3.1. This simple example is referred

to as the Asia network [Lauritzen 88] and is interpreted as follow:

Fig. 3.1: The Asia network.

Shortness-of-breath (dyspnoea, node D) may be due to tuberculosis (node T ), lung-cancer
(node L) or bronchitis (node B), or none of them, or more than one of them. A recent visit
to Asia (node A) increases the chance of tuberculosis, while smoking (node S) is known to be
a risk factor for both lung cancer and bronchitis. The result of a single chest X-ray (node X )
do not discriminate between lung cancer and tuberculosis (either lung cancer or tuberculosis,

node E), as neither does the presence or absence of dyspnoea.

We can see that this network encodes dependencies between these different variables. For instance,
dyspnoea is clearly correlated to both tuberculosis and smoking activity. On the other hand, one can
also figure out conditional independence assumptions: the smoking activity is not related to a visit to
Asia for instance. The parameters of the network are the conditional probability distributions associated

to each link, and are usually set according to expert knowledge, and so is the network designed. As an
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example, it is well-known that smoking increases the chance of developing lung cancer. Hence, we would

certainly have P(L =1|S =1) > P(L=1|S =0).

Using this kind of networks, beliefs on the variables could then be updated once some of the other
variables have been observed. For instance, if we know that a person with dyspnoea has indeed been
visiting Asia recently, the probability of having tuberculosis will augment. The task of computing such

probabilities in a Bayesian Network is referred to as inference and will be discussed in the next section.

3.2 Inference

3.2.1 Introduction

Inference is an important task in Bayesian Networks. It consists in computing probabilities of interest,
once evidence has been entered into the network (i.e. when one or more variables have been observed).
Entering evidence consists either in fixing the state of a discrete variable to one of its possible value or
to assign a value in the case of a continuous variable. Inference algorithms are then interested in finding

the effect this evidence has on the distribution of the other unobserved (or hidden) variables.

Consider the Asia Network depicted in Figure 3.1, and assume that we want to compute the probability
of dyspnoea P(D). The joint probability over all the variables in the network X = (A, S, B, L,T,E, D, X)

is given by the chain rule (Equation 3.1). In our case, we have:

P(X) = P(S)P(A)P(B|S)P(L|S)P(T|A)P(E|L, T)P(D|B, E)P(X |E) (3.2)

A straightforward (and naive) approach consists in integrating (summing, in the discrete case) over

the irrelevant variable:

P(D) = Z P(S)P(A)P(B|S)P(L|S)P(T|A)P(E|L,T)P(D|B,E)P(X|E) (3.3)

s,a,b,l,t,eb,x
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This summation will hence take exponential time in the number of nodes. Indeed, this procedure
does not take advantage of the conditional independence assumptions encoded in the network structure.
A more clever way hence consists in distributing the summation among the variables, and to start by
summing over variables that corresponds to end nodes. Doing this way is like eliminating end nodes
from the graph, and this procedure can be repeated until every node is eliminated, except the one that
we are interested in. This procedure is called bucket elimination and is due to Dechter [Dechter 96]: it
has the advantage to scale linearly with the number of nodes. However, one must run the algorithm for
every marginal calculation. There are actually many different algorithms allowing to perform inference.
The most renowned one is certainly belief propagation, originally due to Pearl [Pear] 88]. Here, messages
are passed between all the nodes until convergence, and thus multiple queries are answered in a more
efficient way. However, this algorithm only works on singly connected graphs, although "loopy” belief
propagation could be used as an approximation scheme [Murphy 99b]. Another more generic method to
perform exact inference, and which is both able to deal with multiple queries and multiply-connected
networks is the Junction Tree algorithm [Lauritzen 88] [Huang 96] [Cowell 99], and will be used in our

case. It is presented in more details in the next subsection.

3.2.2 Junction Tree Algorithm

The Junction Tree algorithm is a general method to perform exact inference in both directed and undi-
rected graphical models. Actually, doing inference in directed acyclic graphs could be problematic in the
presence of undirected cycles (i.e. if there are cycles when arrow’s direction are ignored): belief prop-
agation is not guaranteed to converge anymore in this case. Hence, the Junction Tree algorithm first
transform the original graph into another representation, called the junction tree (or equivalently, the
cluster graph), in which messages are propagated to calculate or update the different probabilities. This
algorithm consists in five steps that will be presented in the next paragraphs. Note that this algorithm is
introduced with the discrete variable case using the Asia network as example, but it could also be applied

to Bayesian Networks containing continuous gaussians distributions, or both [Murphy 99b].

Step 1: Moralization This operation is required only for directed distributions and consists basically
in "marrying parents” and removing directions. This is done by adding a link between any pair of

variables with a common child and then by replacing directed links with undirected ones. As an example,
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Fig. 3.2: Moral graph. Fig. 3.3: Triangulated graph.

the moral graph of the Asia network is depicted in figure 3.2.

Step 2: Triangulation A graph is said to be triangulated if every undirected loop of length 4 or more
has a chord, where a chord is defined as an undirected link between two non-consecutive nodes in a loop.
Note that this operation is not unique, and that finding the best triangulation in an arbitrary graph (i.e.
the one which adds the less possible links) is NP-hard. The algorithm we used to perform triangulation
on any undirected graph is not presented here, but the interested reader could refer to [Cowell 99] or
[Stephenson 00] for triangulation algorithm examples. A possible triangulated graph of the Asia network

is depicted in Figure 3.3.

Step 3: Junction Tree construction In order to build the junction tree, cliques in the triangulated
graph have first to be identified. A clique is defined as a complete subgraph where all the nodes are
connected [Cowell 99]. Variables in each clique are then grouped into clusters to form the nodes of the
cluster graph. Note that variables may be present in several cliques: in this case, clusters sharing the same
variables must be linked through a separator containing these variables to ensure the running intersection
property. If such a property is satisfied, the cluster graph is said to be globally consistent, which is a
necessary condition to pass messages between nodes. Finally, the junction tree is found by removing any
link in the cluster graph that causes a loop. Note finally that transforming any Bayesian Network into a
Junction Tree can lead to different solutions, which yield different complexities during the propagation of
the messages. Building optimal junction trees depends on both the triangulation and the final junction
tree construction, and these issues are discussed in [Jensen 94]. Figure 3.4 depicts a possible junction

tree obtained from the Asia network.
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[LE]

Fig. 3.4: The Junction Tree derived from the Asia network.

Step 4: Potential Assignment A potential ¢(.) is a real-valued function on the configuration of
the variables in a cluster. The potential assignment consists in matching the original joint probability
distribution defined by the Bayesian Network into its cluster graph representation. In a cluster graph
(such as the junction tree), the joint probability distribution is given by the product of the cliques
potentials divided by the product of the separators potentials. The probability distribution encoded by

the junction tree depicted Figure 3.4 is thus expressed as:

(A T)o(T, L, E)p(B, L, E)$(S, L, B)¢(D, B, E)p(X, E)

o(T)o(L, ) (L, B)¢(B, E)p(E) (3.4)

P(X) =

The initial potential assignment consists in matching cliques potentials to the factors in the original
distribution (i.e. the one encoded in the corresponding Bayesian Network), and to set the separators

potentials to one. In our examples, a possible assignment for the cliques potentials could be:

¢(A,T) = P(APAT)
#(T,L,E) = P(E|T,L)
¢(B,L,E) = 1
¢(S,L,B) = P(S)P(L|S)P(B|S)
¢(D,B,E) = P(D|B,E)
¢(X,E) = P(X|E)

and separator potentials are simply given by:

¢(T) = (L, E) = ¢(L, B) = ¢(B, E) = ¢(E) = 1. (3.5)
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Fig. 3.5: Message passing between two nodes in the Junction Tree.

Step 5: Message Passing In order to derive the message passing scheme in the junction tree, we
first need to define the so-called absorption procedure. Consider two neighboring nodes a = (EX) and
b= (TLE) in a junction tree, with separator ¢ = (E). As can be seen on Figure 3.5, the separator ¢
contains the variables that are present in both cliques a and b. Absorption consists in two operations

that update the potentials ¢(c) and ¢(b):

50 = 60 Lola) (36)
o) = o0 (5 5.)

where | denotes the marginalization operator over the variables present in a but not in ¢. Hence absorption
”passes a message” between two clusters. The exact formulas for the absorption procedure are given in
Appendix A. A key property of the junction tree is that the product of all cluster potentials divided
by the product of all separators potentials remains invariant under absorption. The message-passing
scheme hence perform a serie of absorptions so that, at the end of the procedure, clusters and separators
potentials contain the exact joint probability of the variables in the corresponding node. The convergence
is achieved by performing absorption in both direction along every link in the cluster graph. Figure 3.6

illustrates the complete message passing scheme in the case of the Asia network.

g
!
g-

[+ 1 [ ]
EO—e—@e>—1—@D
Fig. 3.6: Full message-passing scheme in the Junction Tree. The red node LBE is defined as the root, blue

arrows denotes the collect-evidence procedure, whereas green arrows represents the distribute-evidence
procedure.
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Entering Evidence The Junction Tree algorithm, as previously presented, is meant to compute prob-
abilities without having observed any of the variables. It is thus only able to describe the prior knowledge
we have on a given problem, since the distribution P(X) of any variable X can be computed.

Entering evidence consists in making a statement on some of the variables v. Now we would like to
compute the effect this observation has on the distribution P(h|v) of the other, unobserved variables h.
To do so, we only have to modify the potential initialization procedure. Consider for instance the SLB
cluster (see Figure 3.4) and suppose that the variable S is now fixed to 1. Then, the potential of the
cluster should be modified: ¢(S =1,L,B) = P(S=1)P(L|S =1)P(B|S =1).

3.3 Learning: EM Algorithm

Learning in Bayesian Networks refers either to structure learning, parameters learning or both [Heckerman 99].
In our case, we are considering networks of fixed structure, so the task of learning reduces to learning pa-
rameters from data. This is done by maximizing the data likelihood. However, and since hidden variables
are present in the proposed models, the log-likelihood of the data cannot be decomposed according to
the network topology (note that it would have been possible if every variable would have been observed).

In this case, the log-likelihood is given by:
£(0,v) =1og ¥ p(v, 1) (3.8)
h

where 6 denotes the parameters of the model (i.e. the conditional probability distributions), v rep-
resents the set of variables corresponding to visible observations and h is the set of hidden variables.
Since maximizing directly Equation (3.8) may be difficult, we simplify the problem using the variational

approximation to the Expectation-Maximization (EM) algorithm [Jordan 99b]:
£O¥) = log)_plv.hlf)

— 1ng Vihw

( ,hlé’)
zh: Q(h)log W

> " q(h)logp(v, hlf) — > g(h)logg(h (3.9)
h

h

Y
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where ¢g(h) is the variational parameter and is a distribution over the hidden variables. Furthermore,
it can be shown [Jordan 99b] that the optimal setting (i.e. when the bound corresponds to equality) for
the variational distribution g(h) is nothing else but p(h|v, ). Moreover, the second term in Equation
(3.9) can be neglected (since it does not depend on #). This formulation thus becomes equivalent to the
classical formulation of the EM algorithm [Dempster 77]. Note that now, the first term in Equation (3.9)
can be decomposed according to the network topology. The maximization can thus be done independently
for each local conditional distribution.

Hence, starting with initial parameters 6y, the iteration ¢ of the EM algorithm is performed by
first inferring the distribution of the hidden variables h given the data v and the current settings of
the parameter 6; using the Junction Tree algorithm (E-step), and then by finding the parameters that

maximize the log-likelihood as defined by the first term in Equation (3.9) (M-step).

E-step: compute  p(h|v,6;) (3.10)

M-step: Oy argmgmep(hW,Ht)logp(v,h|9) (3.11)
h

Maximum A Posteriori (M AP) learning The Maximum A Posteriori (MAP) parameters estima-
tion framework provides a way of incorporating prior information on the training process [Gauvain 94].
It is particularly useful when the number of training examples per class is relatively small with respect
to the number of parameters to learn. In this case, the Maximum Likelihood (ML) criterion could even
give inaccurate estimates. The idea of MAP learning was first used in speaker verification [Gauvain 94]
[Reynolds 00] and was also successfully applied in face authentication [Cardinaux 03] [Lucey 04].

In the case of MAP learning, a prior distribution g() is set on the parameters, hence the MAP

estimation of the model’s parameters is given by [Gauvain 94]:

Owp = argméxxg(9|v,h) (3.12)

= argmguxp(v, h|0)g(6) (3.13)

Assuming parameters independence, and thanks to Equation 3.9, we can specify a prior distribution
on each local conditional probability distribution in the Bayesian Network, and thus optimize them
independently. The update formula for the parameters in both ML and MAP settings for the proposed

models can be found in Appendix B.
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3.4 Summary

In this chapter, the necessary theoretical background for designing, computing probabilities and learning
the proposed models was presented. We formally defined Bayesian Networks and their properties, es-
pecially concerning the correlations and independence assumptions between different random variables,

through a simple example.

The problem of computing probabilities in such models, inference, was discussed, and the Junction
Tree algorithm was presented in details. We also presented the Expectation-Maximization algorithm,
which will be used to learn models parameters with hidden variables. In particular, both the Maximum
Likelihood (ML) and Maximum A Posteriori (MAP) criterion were presented, since they will be used to

build different models using the available amount of training data, which may be limited.



Chapter

MODELLING THE FACE WITH

BAYESIAN NETWORKS

4.1 Proposed Model

The proposed model relies on two main assumptions. First, we believe that salient facial features such
as the eyebrows, the eyes, the nose and the mouth provide enough discriminative information between
individuals. This is evidenced by the numerous works performing face recognition based on salient fa-
cial features only. Such algorithms include for instance the Elastic Bunch Graph Matching algorithm
[Wiskott 99], the Modular Eigenfaces [Pentland 94] or an approach based on Support Vectors Machine
[Heisele 03]. In the case of statistical models, the work of Lucey et al. [Lucey 04] showed that modelling
features extracted from salient regions of the face using different Gaussian Mixture Models (GMM) and

then combining the results is actually more efficient than modelling the whole face using a single GMM.

Secondly, it is assumed that facial features are correlated and thus should not be considered indepen-
dently. Actually, classical generative models make strong independence assumptions on the way that face
image data are generated. Indeed, in the GMM framework as applied in [Sanderson 03], [Cardinaux 03]
and [Lucey 04], overlapping blocks extracted from the face image are considered to be independent. The

likelihood of the set of features vectors v = {v1, va, ..., vr} derived from the blocks is given by:

31
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T

£(v10) = [ P(wil6) (4.1)

t=1
As can be seen on Equation 4.1, feature vectors are considered to be independent (through the prod-
uct). This is obviously not the case in a face image. Consider the two eyes for instance: the block

containing the right eye is certainly related to the block containing the left one.

The one-dimensional HMM usually decomposes the face image vertically as a sequence of horizontal
strips, and model the features extracted from each strips by a Gaussian Mixture [Samaria 94b] [Nefian 98]
[Cardinaux 04]. This model is hence more powerful than a GMM, since different parts of the face are
modelled by a different Gaussian Mixture. However, the independence assumption within the sequence of
observations v = {vy,v2, ..., v} remains. Consider the state sequence q = {¢1, g2, ..., gr }, the likelihood

of the 1ID-HMM is then given by:

T

L(v]0) = T] P(vila:, 0) (4.2)
t=1

Approaches based on the embedded HMM [Nefian 00], also called pseudo-2D HMM [Eickeler 00]
[Cardinaux 04] add another level of precision, since in this case, strips are not considered directly, but
decomposed into blocks, and then modelled by an embedded HMM, which will give the emission prob-
abilities of the main, vertical HMM. Nevertheless, all these HMM-based approaches, as well as models
based on dynamic Bayesian Networks, such as coupled HMM [Nefian 02] introduce structure into the
observations, but are not able to capture correlations between observations. Actually, all these statistical
models (excepting GMMSs) only constrain the ordering of the observations through state sequences (i.e.
the nose has to be above the mouth for instance) but are not capable of modelling relationships of the

form " this nose is correlated with this mouth” due to the output independence assumption (Equation 4.2).

The Bayesian Networks framework allows to design generative models capable of encoding correlations

between different features extracted from a face image. The proposed model depicted in Figure 4.1 is hence
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trying to capture relationships between facial features. Actually, we would like to consider that certain
features (i.e. observations) are generated by the same causes. Consider the feature vectors corresponding
to the eyes for instance. It is very likely that these two observations were generated by the same hidden
cause. At least, considering that these features are completely independent is, in our opinion, not true.
Following the same idea, we consider, at a more global level, that all the observations extracted from the
same face image are generated by the same identity. In our model, shaded nodes are representing visible
observations, whereas white nodes are representing the hidden causes that generated these observations.
The model can be explained as follow: the root node on the top represent a face (node F'), which is
composed of relationships between eyebrows (node B), eyes (node E), the nose (node N) and the mouth
(node M). Hence, this variable is used to model the correlations between the different face regions.
The variable F' then generates certain types of facial features (such as a small nose, or broad lips for
instance), represented by the nodes at the second level. And finally, these types of facial features generate
the corresponding observations. Note that our model does introduce relationships between observations:
if the node O is observed, information about the node O,. can be inferred through the node E for
instance. Conversely, one can explicitly notice that such a model generates related observations by the

same hidden causes, and hence overcoming the limitation that can be found in GMM for instance.

e
—

I O

———

L B

Fig. 4.1: The proposed model: observed salient facial features are generated by a tree-structured Bayesian
Network. Shaded nodes represent visible observations whereas white nodes denote hidden causes.

In the proposed model, hidden nodes are discrete-valued and observed nodes are multivariate gaus-
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sians. Hence, the probability distributions of the nodes on the first and second level are given by (condi-
tional) probability tables, whereas the distributions of the nodes corresponding to observations are given

by conditional gaussian distributions, defined as:

P(O = o|Pa(o) =1i) = m exp( - %(0 —u)'2 o - ui)) (4.3)

where O = o stands for a realization of one of the observations and Pa(o) = 4 for a possible configuration
of its parent. n is the dimension of the feature vector representing a particular observation. The mean p;
and the covariance matrix 3; are the parameters of the conditional gaussian distribution and depend on
the value of the parent node. Note also that in our model, diagonal covariance matrices are used. The
parameters of the Bayesian Network to be learned are denoted by 6 and consists in the entries of the
(conditional) probability tables as well as the means p; and the covariance matrices ¥; of the conditional

gaussian distributions.

Ultimately, we are interested in finding how well a model 6 fits an observed face representation v.
This is achieved by computing the probability of the observations given the model, i.e. the likelihood.
Defining the set of visible observations v = (O, Orp, Ojey Ore, Ony O ), the likelihood L(v|6) of a face
representation is computed by first inferring the distribution of the hidden variables using the Junction
Tree algorithm (Section 3.2.2), and then by summing out over the states of the hidden variables. More
precisely, consider the Junction Tree corresponding to our face model and depicted in Figure 4.2. After
having entered evidence v and run the message-passing algorithm, the joint probability distribution over

all the variables X encoded by the tree is given by:

P(F,B,v)P(F,E,v)P(F,N,v)P(F,M,v)P(B,v)?P(E,v)?P(N,v)P(M,v)
P(F,v)3P(B,v)2P(E,v)?P(N,v)P(M,v)

P(F, B,v)P(F, E,v)P(F,N,v)P(F, M,v
P(F,v)3

~—

And the likelihood L(v|f) is thus simply given by:
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Fig. 4.2: Junction Tree corresponding to the proposed model.

vy = Y P(F, B,v)P(F,E,v)P(F,N,v)P(F,M,v)

P(F,v)3
F,B,E,N,M

4.2 Feature Extraction

In this section, we present the different steps performed to obtain the features we used together with
the proposed generative model, from fiducial points localization to feature vectors construction. Feature
extraction is a very important step in face processing, and recognition results may heavily depend on the

representation of the observations.

There is a huge amount of different features used with different algorithms, including simple raw pixel
intensities [Samaria 94a], Gabor Wavelets [Wiskott 99] [Shen 07] , SIFT features [Bicego 06], Histogram
of Oriented Gradients [Prince 06] or Local Binary Patterns (LBP) [Ahonen 04] [Rodriguez 06b] to name
a few. A popular feature used together with statistical models is the two-dimensional Cosine Transform
(2D-DCT) [Nefian 98] [Sanderson 03] [Cardinaux 05]. Since it will be also used in this work, it is pre-

sented in more details later on.

As can be seen in Figure 4.1 our model performs classification using features extracted around salient
face regions. So, these face components have first to be located in the input image. Again, there exists
several approaches to facial features localization, and the interested reader may refer to [Cristinacce 04] or

[Felzenszwalb 05] for examples. In this work, the well-known Active Shape Model algorithm [Cootes 95]
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is used to solve this task and thus described in the next section.

4.2.1 Facial Feature Localisation

Active Shape Models (ASM) were first introduced by Cootes et al. in [Cootes 95] and consists in fitting
the shape of an object, using a previously learned global shape model, and represented as a set of landmark
points (see Figure 4.3). A key point of this algorithm is that it is able to address the typical variability

(present in the training set) encountered in the object of interest.

Fig. 4.3: Landmark points of the Active Shape Model.

Model Building To build a deformable model of the shape, one requires a training set where examples

of the object are labelled with landmark points. The model is then built by following these steps:
1. Align the shapes in the training set through Procrustes Analysis
2. Compute the mean shape Z, using z; (1D vectors containing the landmarks coordinates)
3. Find the difference of each shape in the training set with the mean shape dz; == — x;
4. Get the eigenvectors of the covariance matrix of the dx;, this will give the modes of variations

Finally, any shape (i.e. set of landmarks) can be represented by the following approximation:

x =T+ db (4.6)

where ® is the matrix containing the leading eigenvectors of the distance covariance matrix, and b
is a vector of weights. The parameters b are constrained such that the generated shapes remains in the

allowed deformable domain.
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Image Search Once the model for the shape of interest is generated, it could be used in image search

to find occurrences of the modeled object. To do so, an iterative procedure is applied:

1. Start with a rough approximation on the location of the object

[\

. For each point, examine a region of the image around the point

3. Determine the best displacement to a better match, using a model of local observations
4. Check that newly computed points remains in the allowed deformable shape

5. Iterate from point 2 until convergence

In our work, Local Binary Patterns (LBP) are used to model the local observations, as described in
[Keomany 06]. Note also that, as in the original ASM, constraints are added to the displacement of each

point, such that the shape of the object does not diverge.

4.2.2 Preprocessing

Once the facial features have been localized by the Active Shape Model, a square block is extracted
around selected salient regions of the face (see Figure 4.1). An important step then consists in applying
an image preprocessing algorithm, which usually aims at minimizing the difference in image appearance.
Actually, most of the variation within the appearance of the image corresponding to the same identity is
introduced by the difference in illumination. Indeed, it was shown in [Adini 97] that such variation may

be larger than variation due to the difference in identity.

There exists different preprocessing algorithm to cope with the difference in lighting conditions. The
simplest one is certainly histogram equalization [Acharya 05], and is widely applied in the context of
face recognition. There exist more sophisticated algorithms trying to explicitly remove the illumina-
tion component of an image. Examples include the Center-Surround Retinex and Multiscale Retinex
[Jobson 97a] [Jobson 97b], the Gross & Brajovic’s algorithm [Gross 03] or the method proposed by Tan
et al. [Tan 07]. Figure 4.4 shows examples of a face preprocessed by these algorithms. In this work how-
ever, the simple histogram equalization is used, since it has been shown to perform well when considering

local observations [Short 06].
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LEE R

Fig. 4.4: Examples of image preprocessing algorithms: original image, histogram equalization [Acharya 05],
multiscale retinex [Jobson 97a], Gross & Brajovic [Gross 03] and Tan [Tan 07].

4.2.3 Two dimensional Discrete Cosine Transform

The two-dimensional Discrete Cosine Transform (2D-DCT) is a compression technique well-suited to
image data. It has a strong energy compaction property, since image data can be approximated with rel-
atively few coefficients. Actually, it is the de-facto standard for many compression algorithms, including
MPEG and JPEG for instance. In our framework, 2D-DCT is used to perform dimensionality reduction,
but has also the advantage of minimizing the amount of noise in the feature vectors [Sanderson 05]. Such
features has been already used in the context of face recognition: either with a simple nearest neighbor

classifier [Ekenel 05] or together with statistical models [Nefian 98] [Sanderson 03] [Cardinaux 05].

In our case, squared blocks of size NxN are extracted around salient facial features, based on the
landmarks position given by the ASM. They are then decomposed in terms of orthogonal 2D DCT basis

functions. The result is a squared matrix with coefficients given by:

N 1N-1
C(v,u) = b(y,z)B(y, x,v,u) for v,u=0,1,2,...,N—1 (4.7)
y:O =0
where
\/+& forv=0
a(v) = N (4.8)
\/% forv=1,2,...N—1
and
B 2y + Dom (22 4 1)ur
By, z,v,u) = cos [ N cos N (4.9)
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The coeflicients are then ordered according to a zig-zag pattern, reflecting the amount of information
stored. The final observation vector for each block is then built by retaining the M most significant

coefficients.

4.3 Experiments

In this section, experiments are presented to assess the validity of the assumptions made to design the
proposed generative model for the face. First, we empirically show that the proposed model indeed learns
to cluster different types of facial features. Secondly, our model is compared to another generative model
where different salient regions of the face are considered independently. Experiments show that adding
explicit correlations between information extracted from face data helps at modelling identity, since face
authentication results are improved. Finally, we compare the proposed system with other statistical
generative models widely used in face recognition (GMM, 1D-HMM and Pseudo-2D HMM), but also

with two popular appearance-based approaches: PCA and LDA (see Section 2.1).

4.3.1 Learning Facial Features Types

The purpose of this experiment is to verify if the proposed model actually learns the different types of
facial features. We believe that an identity may be explained by a combination of facial features and that
a person is recognized thanks to say, his/her round eyes that comes together with a thin nose and broad
lips for instance. To do so, we first would like to see if our model is capable of learning typical difference

in the appearance of salient facial features among individuals.

Let us define a dataset containing n faces coming from different identities: D = {x1, z3, ..., x,} , where
x; represent data extracted from a face image: z; = {Op, Orp, Ote, Ore, Op, Oy} (i€, a set of feature
vectors). A model 6 is learned with D using the EM algorithm and the Maximum Likelihood criterion, as
described in Section 3.3. Recall that hidden nodes of the proposed model are meant to represent different

types of facial features.

Let us define B(x;), E(x;), N(x;) and M(z;) as functions taking values in {0,1,...,J} and repre-

senting the type of the corresponding facial feature for the face representation given by ;. Actually
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the value of such a function is given by the most probable value of the hidden node corresponding to
the facial feature. For instance, the type of eyebrows for the face represented by z; will be given by:
B(x;) = argmax  P(B = jlz;,0).
J

Once the model has been learned, each example z; is again given to the model. The probability dis-
tributions of the hidden nodes are inferred using the Junction Tree algorithm. We then record, for each
x;, the value of B(z;), E(x;), N(z;) and M (z;). We are now able to cluster the different z; according to
their facial feature type. Consider the set E7 for instance, which represent the eyes type j. Formally E7

is defined as: E/ = {z € D such that E(x) = j}.

In order to get a visual representation of the different facial features types, the mean image of the
extracted blocks (see Figure 4.1) is computed for each type of each facial feature. Figure 4.5 shows some

examples of the different types of facial features obtained this way.

It can thus be seen that our model indeed learns different types of facial features, and that an identity
could be represented as a combination of the different facial features. Figure 4.6 shows two synthesized
faces using mean images as defined above. Note that a difference in identity could be clearly seen between
these two different faces. Indeed, the face on the left is looking like a male whereas the face on the right

resembles more to a woman.

4.3.2 Face Authentication: Introducing Correlations

The main assumption that drove us towards the proposed model is that relationships may exist between
salient facial features, and as such, information extracted from face images should not be treated inde-
pendently. To verify this hypothesis, we compare the performance on the face authentication task of
our model to another generative model based on Gaussian Mixtures Model, but where features extracted

from face parts are assumed to be independent.

The model used for comparison purpose is a variation of the so-called Partial Shape Collapse GMM
(PSC-GMM) [Lucey 04]. Actually, this model is quite close to ours. Indeed, our proposed model could

be seen as a collection of GMMs related to each other, since observations are assumed to be Gaussians,
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(a) eyebrows for j =1 (b) eyebrows for j =7
(c) eyes for j =5 (d) eyes for j =6

(e) nose for j =1  (f) nose for j =7

(g) mouth for j = (h) mouth for j =

Fig. 4.5: Examples of mean images obtained for different facial features types.

Fig. 4.6: Synthetic faces generated with the mean image of different facial features types.
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and the causes (i.e. nodes representing the types of facial features) are discrete. Figure 4.7 shows the
difference between the two models. Note that in the case of the PSC-GMM, a classifier is built for each
facial feature, and results are then combined using the sum-rule [Kittler 98]. In the proposed model,
termed as BNFace, two extra layers of relationships are introduced between the observations. Firstly,
the symmetric facial features, eyebrows and eyes, are assumed to be generated by the same underlying

process. Secondly, all facial features are related to each other thanks to the node at the top.

) The proposed model: BNFace

) The PSC-GMM [Lucey 04]

Fig. 4.7: Difference between the proposed model BNFace and the PSC-GMM: a generative model where facial
features are treated independently.

Experimental Setup Presented results were obtained using extracted blocks of 24x24 pixels. So, for
each facial feature, blocks centered on the corresponding landmark point given by the ASM are cropped
from the original image. Besides, and for each facial feature, additional blocks with shifts of 2, 4 and
6 pixels in each direction are also extracted. This is done in order to increase the number of training
data, but also to be robust to small localization errors. Note that this technique has already been used in
[Martinez 02]. Hence, for a single observation corresponding to a particular facial feature, 25 such blocks
are obtained. Then, histogram equalization is applied to each block to enhance its contrast. Finally, the

first 64 coefficients were retained from the 2D-DCT on the blocks.
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Regarding the model parameters itself, the cardinality of the hidden nodes were set to 3 at the top
level, and to 8 at the second level, and the adaptation parameter « for the MAP training was set to
0.4 (see Appendix B). The parameters for the feature extraction and the model, as well as the decision
threshold 7 were selected by minimizing the Equal Error Rate (EER) on the evaluation set. For the
PSC-GMM, we used 512 gaussians as suggested in [Lucey 04] for each of the six GMMs corresponding to
the six extracted facial features. Note also that, unlike Lucey’s original work, the regions corresponding
to the cheeks, the nose bridge and the forehead are not considered here. Actually, we give the PSC-GMM
the exact same features as the one used in the BNFace model. This is done to clearly have an idea of the

modelling power of each of the two models.

Results & Discussion Results are presented using the Half Total Error Rate (HTER) computed on
clients and impostor accesses. We also present Expected Performance Curves (EPCs) to compare the
two models, since they provide a more complete description of the behavior of the systems in different
settings (i.e. relative importance given to the False Acceptance Rate with respect to the False Rejection
Rate). Moreover, a modified version of the standard proportion test, as described in [Bengio 04] is used

in order to compute 95% confidence intervals around EPCs.

System LP1 | LP2
BNFace 2.65 | 2.26
PSC-GMM || 2.25 | 1.76

Tab. 4.1: HTER performance on the test set of XM2VTS: BNFace and PSC-GMM

EPC curves - XM2VTS protocol LP1 EPC curves - XM2VTS protocol LP2
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Fig. 4.8: EPC curves on the test set of XM2VTS : BNFace and PSC-GMM.
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Results obtained on the XM2VTS database can be seen in Table 4.1 and Figure 4.8. They show that
there is basically no difference in authentication performances between the two systems. Actually, it can
be seen on Figure 4.8 that the confidence intervals are largely overlapping along the curves. This could be
explained by the closely controlled acquisition conditions of this database. Indeed, such conditions may
prevent the two systems to reveal their respective modelling power. However, one can still see that the
PSC-GMM is performing a bit better than the proposed model, which suggest that adding relationships

between observations is not really useful in such a case.

System Mc Ua Ud P G |
BNFace 2.21 | 20.93 | 19.42 | 15.76 | 7.19
PSC-GMM || 1.83 | 24.62 | 23.21 | 21.87 | 5.59

Tab. 4.2: HTER performance on the test set g2 of BANCA: BNFace and PSC-GMM.
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Fig. 4.9: EPC curves on the test set g2 of BANCA: BNFace and PSC-GMM.
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On the other hand, results on the more challenging BANCA database are more interesting, since in
this case, there is a clear difference between the two investigated models. Note that we did not show the
EPCs for the Mc protocol, since the conditions, as well as the obtained results, are very similar to the
ones with the XM2VTS database, and thus similar conclusions can be drawn. Results show that when
the training and testing data sets are acquired in good conditions (protocol Mc), the simpler PSC-GMM
is performing better than the proposed model (by a relatively small margin though). On the other hand,
one can see that in the case of mismatch in training and testing conditions (i.e. when the acquisition
conditions of the gallery and the probe images are different), such as the Ua, Ud and P protocols, the
proposed model is consistently performing better than the PSC-GMM. This is especially true on the
P protocol, where the difference in performance is statistically significant for a wide range of operating
points (see Figure 4.9(c)). This result is interesting, since the protocol P can be viewed as a summary
of the overall performance of a face authentication system across different conditions. It could also be
seen as the most challenging setting, since training uses images acquired under controlled conditions and

testing is done across all the conditions (see Table 2.1 and Figure 2.3).

Two main observations can be stated based on these results. First, when the training and testing
conditions are different, modelling the relationships between facial features clearly helps at recognizing
identities. Second, it also suggests that the BNFace model has a better generalization ability to unknown

conditions than the competing model.

4.3.3 Face Authentication: Comparison to Other Systems

In this section, we compare the proposed generative model, BNFace, to classical statistical models such
as GMM, 1D-HMM and Pseudo 2D-HMM as applied in [Cardinaux 05]. We also provide results with

two popular appearance-based algorithms: PCA [Turk 91] and LDA [Belhumeur 97].

Note also that presented results were obtained following the strict usage of the protocols defined with
each database. Hence, for the XM2VTS database, we use 600 images corresponding to all client training
data to train the world models, but also to build PCA and LDA projection matrices. For the BANCA
database, the additional set containing 10 images of 30 individuals (acquired under all conditions) was

used for the same purposes. In particular, we do not use any other corpus or database, nor mirroring the
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available images to build either world models or subspace representations, as it was sometimes done in
other studies [Cardinaux 05] [Messer 04]. Doing this way enables a fair comparison among the different
approaches, since exactly the same data and experimental protocols were used for each tested system.

Note also that it may explain the difference with results previously published in the literature.

Experimental Setup Parameters for the proposed model are the same as described in the previous
section. Regarding the other approaches, faces were first cropped from the original images, resized to
64x80 pixels, converted to grayscale and preprocessed with histogram equalization. Features for the
GMM, HMM and Pseudo-2DHMM were extracted using the feature extraction scheme described in
[Cardinaux 05]. For the PCA and LDA approaches, 90% of the variance was retained for the PCA
projection, resulting in a feature vector of dimension 238 on the XM2VTS database, and 73 on the
BANCA database. The nearest neighbor classifier is used with a normalized standard correlation as the

metric to perform classification.

Results & Discussion Again, obtained results are presented using both HTER and EPCs. Note that
since some of the results are clear enough, not all the EPCs will be presented here. Indeed, we will
concentrate on the proposed model and the models obtaining the closest performances. For the sake of

clarity, we also omit the 95% confidence intervals.

| System || LP1 | LP2 |
BNFace 2.65 | 2.26
GMM 2.89 | 1.69

1D-HMM 2.49 | 1.49
P2D-HMM || 1.31 | 0.45
PCA 6.83 | 4.29
LDA 5.83 | 3.64

Tab. 4.3: HTER performance on the test set of XM2VTS: BNFace and Generative models.

Results obtained on the XM2VTS database show that local feature based statistical models are far
better than the two holistic approaches (Table 4.3). It thus suggest that, in the exact same training
conditions, generative models are particularly well-suited to tackle the face authentication task. Note
that this results could be surprising compared to what can be found in the literature, but we would like
to insist on the fact that the exact same data and training procedure where applied to all the systems,

thus allowing a fair comparison.
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Fig. 4.10: EPC curves on the test set of the XM2VTS database: BNFace and Generative models.

Regarding the comparison between the generative models themselves, one can see that the best per-

formance is obtained using the Pseudo 2D-HMM (P2D-HMM). This can be explained by the fact that

this model is able to add structure to the observations in the form of two-dimensional spatial relationships

along the whole face image. Note also that this model is the most complex with respect to the other gen-

erative models, and thus may be able to model faces in a more precise way. Conducted experiments also

show that the other generative models, GMM, HMM and BNFace yield almost the same performances.

Again, we believe that this database may be too easy to fully reveal the difference between the different

models.

| System || Mc | Ua | Ud | P G |
BNFace 2.21 | 20.93 | 19.42 | 15.76 | 7.19
GMM 1.67 | 36.79 | 43.49 | 33.64 | 7.87
1D-HMM 2.72 28.08 26.86 24.73 9.04
P2D-HMM || 0.99 | 22.76 | 36.79 | 27.63 | 5.34
PCA 21.89 | 41.76 39.33 32.49 | 26.21
LDA 23.69 | 41.54 | 43.69 | 36.23 | 28.55

Tab. 4.4: HTER performance on the test set g2 of BANCA: BNFace and Generative models.

Once again, results on the BANCA database are more interesting: the different approaches exhibit

different behaviors (Table 4.4 and Figure 4.11). As before, one can see that generative models usually

perform better than the holistic based systems. This could be explained by the fact that there is only
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Fig. 4.11: EPC curves on the test set g2 of BANCA: BNFace and Generative models.

a few data to build the projection matrices, and this is known to affect the performance. So, generative
models are generally more suitable to handle scenarios where only few training data are available, which
is a desirable property in real-life scenario. A comparison of the proposed model with GMM, HMM and
Pseudo-2DHMM may reveal the advantages and the drawbacks at the models level, when applied to face

authentication.

It must be noted that BNFace performs way better than the simple GMM-based system on uncon-
trolled conditions. This result is particularly interesting since it tends to support two stated hypothesis.
First, only a subset of the face image, corresponding to salient facial features, is sufficient to perform
authentication. Indeed, in the GMM framework, blocks of pixels are extracted from the whole face
image. It thus confirms the results noted in other studies [Martinez 02] [Heisele 03]: systems based on

local features are less affected by variations in acquisition conditions. Second, it also suggests that blocks
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extracted from the face image are correlated and hence should not be treated as if they were independent,

as already noticed in the previous experiment (Section 4.3.2).

HMM-based systems are also worth to compare to, since on the contrary to GMM, they actually
introduce structure on the features extracted from the face image. However, they act on the structure of
the observations, since they constrain their ordering only. Even if these models are performing generally
better than the simple GMM approach in unmatched conditions, obtained results are worse than with
the BNFace model. It thus suggests that adding explicit correlations between the different facial features

is indeed valuable, especially in case of mismatched conditions.

Nevertheless, the P2D-HMM achieves better results that the proposed system in some of the protocols.
Results obtained with this approach hence suggest that the two-dimensional spatial ordering along the
entire face image are important. Note also that this model is the most complex across all generative
models. Indeed, it uses much more client-specific parameters to describe a face and is also much more
computationally demanding than the proposed system. In Table 4.5, we report the computational time
to perform the three tasks involved in face authentication: world-model training, client-model adaptation
for one individual (computed on average over the clients), and authentication time for one individual
(also computed on average). These quantities were obtained using the BANCA database on a computer
with an AMD Athlon 2,6 GHz. We also report the number of client-specific parameters for the proposed
system and P2D-HMM. As can be seen on the Table, BNFace’s authentication time is for instance more

than ten times smaller. Besides, the number of client-specific parameters is also greatly reduced.

System world model client model individual number of

training time | adaptation time | authentication time parameters
P2D-HMM 3520 sec ~ 220.2 sec ~ 9.8 sec 73’726 [Cardinaux 05]
BNFace 86.9 sec ~ 3.1 sec ~ 0.6 sec 867

Tab. 4.5: Computational time on BANCA.

4.3.4 Face Authentication: Automatic Face Detection

In this section, results are presented using automatic detection of the face. Actually, the vast majority

of face recognition algorithm’s performances are provided using manually registered faces. Since face
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detection (or localization) is the necessary first step to any other face analysis task in a realistic scenario,
we believe that robustness to imperfectly located faces is worth investigating. Besides, it has been shown
[Rodriguez 06a] that performance of some systems may dramatically drop if the face is automatically

(and hence not perfectly) detected.

Face Detection In order to detect the face in the input image, a variant of the face detector proposed
by Froba and Ernst [Fréba 04] is used. The detector employs local features based on the Modified Census
Transform (MCT), which represent each location of the image by a binary pattern computed from a 3x3
pixel neighborhood. Each input image is scanned and all possible windows in a given scale range are
analyzed. Each window is then classified as containing a face or not. The classification is carried out
using a cascade classifier in a similar way than in [Viola 01]. Overlapping windows labelled as faces are
then merged together so as to provide a unique bounding box containing the detected face. Eyes position
are then inferred from the position and the scale of the bounding box. Note that if a face is missed by the
detector, eyes position are estimated from other images of the same individual within the same recording

session, but where the face was effectively detected.

Experimental Setup First, faces are automatically located using the face detector described above.
The face detector has been trained using face images coming from the following databases: CMU, Biold,
AR and Purdue. Hence, no prior knowledge on the face images used in the authentication experiments
were introduced in the detection process. Then, the same experimental setup as before is used here. Note
however that in this case, the cropping of the faces is done using automatically detected eyes position,
hence introducing differences in scale and translation, as can be seen in Figure 4.12. Regarding the
proposed the model, and since there is no direct face cropping, facial features are still localized by the
ASM, which is now initialized with the eyes location inferred from face detection. The parameters for

both feature extraction and the different models remain the same.

Results & Discussion Note that here we present results on the BANCA database only, since it is the
more interesting due to its challenging conditions. Table 4.6 provide HT'ER performance for the different

investigated protocols.
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Fig. 4.12: Illustration of cropped faces using manually located eyes (first row) and automatically located eyes
(second row). Note the variations in scale between column 2 and 4 for instance.

| System [ Mc | Ua | Ud | P | G |
BNFace 6.96 | 21.73 | 27.69 | 20.98 | 8.15
GMM 4.26 34.17 | 37.76 | 31.23 9.63

1D-HMM 10.16 | 29.01 | 34.10 | 29.13 | 11.91
P2D-HMM | 1.67 | 21.41 | 34.81 | 26.15 | 5.63
PCA 24.46 | 40.61 | 39.68 | 36.00 | 25.41
LDA 28.88 | 44.46 | 43.33 | 39.86 | 34.98

Tab. 4.6: HTER performance on the test set g2 of BANCA with automatic registration

It can be seen from these results that some of the systems are not much affected when the face is
registered automatically. It is especially true with appearance-based algorithms, PCA and LDA. This
result is surprising, but could be explained by noting that these algorithms already yield to quite high
error rates when manual face registration was used. Actually, errors may be due to the intrinsic poor
modelling ability of the algorithms themselves rather than to automatic registration. The same remark
could also be applied to the GMM and 1D-HMM systems. Note also that the larger degradation is
attained in controlled conditions (Protocol Mc), this suggest that in this case, most of the errors are
effectively introduced by the non-perfect detection of the face. Actually, localization error is certainly the
most prominent factor affecting performance, whereas in the mismatched cases (Protocol Ua, Ud and P),
the contribution of approximation on localization on the overall face verification error may be balanced

with the other sources of variations, such as image quality and illumination.

Again, the best performances are obtained using both BNFace and the P2D-HMM approach. In order
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System Mc | Ua | Ud P G | average
BNFace 3.14 | 1.03 | 1.42 | 1.33 | 1.13 1.61
P2D-HMM || 1.68 | 0.94 | 0.94 | 0.94 | 1.05 1.11

Tab. 4.7: Degradation ratio in face verification performance between automatic and manual localization of the
face for the two best models.

to have a deeper understanding on how these two systems are affected by non-perfect face detection, Ta-
ble 4.7 presents the degradation factor between results obtained with manual and automatic registration.
The degradation factor is obtained by taking the ratio between the HTER obtained with automatic face

detection and the HTER obtained with manual annotations.

As can be seen on this table, the BNFace approach is more affected by errors introduced by automatic
face detection, whereas the P2D-HMM is more tolerant to such approximations (it even performs better
in some cases). As a matter of fact, errors in eyes localization are certainly propagated to other facial
features during the ASM search procedure. Hence, our model may be more affected than the P2D-HMM:
the latter considers only the eyes position to crop the entire face image. However, absolute performance
between the two systems remains comparable. A deeper comparison is provided with EPC curves and
their 95% confidence intervals (Figure 4.13). Note that we did not present the results for the Mc protocol,
since in this case the P2D-HMM outperforms the proposed system by a large margin (see Table 4.6).
The curves show that our model is particularly well-suited to unmatched conditions: this is particularly
evidenced by the results obtained on the Ud and P protocols, where BNFace achieves a significant lower
error rate than P2D-HMM. In the Ua protocol, performance of both system are almost identical, whereas

in the protocol G, the P2D-HMM performs a little bit better than BNFace.

4.4 Summary

In this chapter, we introduced a new statistical generative model dedicated to the face object. Our model
considers observations extracted around salient facial features, and attempts to relate them to each other.
In comparison to classical generative models, the proposed model is able to add explicit correlations to
the observed variables, and should thus be theoretically better suited to model an identity. Actually,

the model allows to encode properties on the way observations extracted from a face image could be
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Fig. 4.13: EPC curves on the test set g2 of BANCA with automatic registration.

generated. In particular, similar features are considered to be generated by the same underlying cause, a

property that classical generative models could not take into account.

Conducted experiments showed that the proposed model is able to cluster faces according to facial
feature types, such as a big nose or thin lips for instance, thus supporting our idea that an identity
could be retrieved based on a particular combination of different facial features. In an authentication
scenario, this new model was shown to perform better than a corresponding model where facial features
are treated independently, again supporting the main hypothesis that features extracted from a face
image are related, and should not be considered to be independent. Our model was also compared to
currently used statistical models and yield better or equivalent results. This is particularly true in case
of mismatched conditions between gallery and probe images, which is a desirable property in a real-world

scenario. Moreover, and at the same level of performance, our model is much less complex and thus more
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computationally efficient than existing approaches.



Chapter

USING AUXILIARY |INFORMATION

5.1 Motivation

In this chapter, we show how to use the developed Bayesian Networks framework for face authentication
using complementary information. Actually, the proposed model in Chapter 4 only acts on facial features
extracted form grayscale images. For instance, all kind of geometrical or configural information is lost
in our model. Different studies on face recognition (both in automatic, computer-based systems and in
cognitive research) advocate for the use of other source of information to properly recognize faces. As
seen before, the Bayesian Networks framework allows to easily design models based on prior domain
knowledge. In this chapter, several extended generative models are hence proposed to incorporate dif-
ferent observations as complementary clues to the information extracted around salient facial features.
Adding such information is motivated by recent studies in human face processing, such as [Sinha 06],

which tries to understand what information people actually use to recognize other individuals.

For instance, it has been empirically shown that a low resolution of a familiar face could be easily
recognized by humans. Hence, recognition does not rely on facial features only. Another existing debate is
whether the human visual system relies on a piecewise processing or if it is considering the face as a whole
[Schwaninger 02]. Actually, conducted experiments showed that recognition relies on both featural and
configural information. Regarding facial features configuration, early automatic face recognition systems
were relying on such geometrical information [Kanade 73] [Nixon 85]. Cognitive studies also show that

this kind of information is used by human beings. Actually, it is shown that distance ratio between face

95
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parts may be more important that distance themselves. Other evidences used in the human visual system
are including face shape and color for instance [Yip 02]. In this chapter, we would like to see if adding such

information as complementary clues to the appearance of facial features helps at discriminating identities.

In the Bayesian Networks framework, it is straightforward to embed other source of information into
the generative model. This is usually done by adding nodes into the network, and by arranging them
thanks to the prior knowledge we may have on the correlations between the different represented random
variables. Here, the focus will be made on adding holistic representation of the face, but also geometrical

and color information.

5.2 Low-Resolution & Holistic Representation

It has been empirically shown [Sinha 02] that humans are partially relying on an holistic, low resolution
representation of the face to perform face recognition. Actually, this capability is emphasized in the case
of familiar faces, as can be seen in Figure 5.1. Moreover, conducted experiments in [Yip 02] show that
subjects can achieve a 50% recognition rate at a resolution of only 7x10 pixels, and that the minimum
resolution to reach good recognition is no more than 19x27 pixels. Such a result thus demonstrates that
fine featural details are not necessary for human beings. In the case of computer-based systems, some
algorithms are especially dedicated to face recognition at a low resolution (usually made to work at a
distance, or from video sequences). Examples can be found in [Lee 06] and [Shakhnarovich 02], where
faces of size 16x16 and 22x22 pixels are considered respectively. These studies suggest that holistic,
low-resolution representation is valuable in the context of automatic recognition. Hence in this section

we present a mean to incorporate such information into the first proposed model.

‘R34 14

Fig. 5.1: Examples of familiar faces at low resolution [Sinha 06].
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Adding an holistic representation is done by simply adding nodes in the network. In this particular
case, the previous model is augmented with two nodes: one for the observation (node Oy), and another
hidden one corresponding to the cause of this observation (node H, which represents the "holistic type”).

Figure 5.2 depicts the model incorporating the low resolution holistic representation.

Fig. 5.2: Generative model where holistic information has been added.

5.2.1 Representing Holistic Information

To derive a feature vector containing the holistic representation, we first extract a subwindow containing
the face. It is then subsampled to discard the featural details. Finally, the feature vector containing
global appearance information is obtained by projecting the subsampled face window onto the Principal
Component subspace. Note also that since external features have been shown to play a role in both
human [Jarudi 03] and automatic [Lapedriza 06] face recognition, two different ways of extracting holistic
information were investigated: we either extract only the inner face part containing mainly the facial
features, or we extract the face in a way to include external features such as the ears and the chin for

instance. Examples of these two face extractions can be seen in Figure 5.3.
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(a) internal face (b) external face

Fig. 5.3: Example of the two different face extraction approaches.

5.2.2 Results & Discussion

The experimental framework is basically the same as in the previous cases, the only difference being
on the feature vector representing low resolution information. In this case, the projection on the PCA
subspace is made by retaining 90% of the variance (the resulting dimension is given in the tables). The
HTER performance is presented on the different protocols of the BANCA database, and for different
resolutions of the cropped face window. Table 5.1 show results for the holistic representation using the

internal face and in Table 5.2 for the one with the external face.

| System || Mec | Ua | Ud | P | G || dim |
BNFace 2.21 | 20.93 | 19.42 | 15.76 | 7.19 || NA
BNFace-LR-16x16 || 3.88 | 22.85 | 25.13 | 21.47 | 7.39 33
BNFace-LR-32x32 || 2.31 | 20.77 | 21.99 | 19.74 | 7.25 38
BNFace-LR-64x64 || 2.28 | 21.70 | 22.02 | 20.82 | 7.90 39

Tab. 5.1: HTER Performance on the test set g2 of BANCA with internal holistic information.

| System | Mc | Ua [ Ud | P | G [ dim]
[ BNFace [ 2.21 | 20.93 | 19.42 | 15.76 | 7.19 || NA |

BNFace-LR-16x16 || 2.18 | 22.92 | 24.90 | 20.98 | 6.65 || 40
BNFace-LR-32x32 || 4.33 | 21.25 | 25.19 | 20.57 | 8.02 49
BNFace-LR-64x64 || 3.46 | 22.88 | 26.89 | 21.34 | 7.25 50

Tab. 5.2: HTER Performance on the test set g2 of BANCA with external holistic information.

Results suggests that the holistic low resolution representation of the face as a complementary clue is
not particularly useful for the face authentication task in our settings. In fact, the best performance with

such information is really close to the baseline system. Moreover, this happens when there is a match
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between the training and testing conditions (protocol Mc and G). An interesting results though is that
the best performance with holistic representation is attained when the lowest image resolution is used,
supporting the results found in cognitive studies [Yip 02]. Regarding the difference between the usage
of internal or external face representation, it is hard to clearly state which is the most suitable, since
performances are more or less the same. It thus suggests that the two representations may carry useful

information.

5.3 Geometrical Information

In the first proposed model, all geometric information is discarded, since the BNFace generative model
only acts on the appearance of salient facial features. Unlike HMM-based approaches for instance, no
constraints on the ordering of the observations are present. In human face recognition however, several
studies suggest that facial features are processed in their context. Moreover, it was also shown that
the global face shape plays an important role [Yip 02], and especially when the color information is not
present, as it is the case in our first model. Besides, early automatic face recognition systems [Kanade 73]
[Nixon 85] relied on measurements between facial features, hence such information also provide valuable

information on the identity.

In our case, facial features have to be located by the ASM anyway. It could thus be interesting to
exploit this result to add geometrical information into the generative process to model a face. Such
observations could be incorporated either at the global face level or at the local facial features level.
Global information includes face shape, face size or distance between facial features for instance, whereas
local features measurements could be the eyes size or the mouth width. In this section, we thus propose
new models incorporating structural information by using geometrical measurements as complementary

clues to facial features appearance.

5.3.1 Encoding Structural Information

Both global and local information is considered here. These measurements are derived from the landmarks
obtained thanks to the ASM. In order to be consistent across the different face images, landmarks are

first rotated such that the eyes lies at the same height, then translated to a new origin given by the eyes
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Fig. 5.4: The model to incorporate global geometric information.

center, and finally scaled so that the distance between the eyes remains constant.

Global Measurements In this case, we are interested to encode geometrical information at the global
face level. An extra observation is thus incorporated in the network with two additional nodes: one for
the observation (node Og), and another hidden one corresponding to the cause of this observation (node
S). The model with global geometric information is depicted in Figure 5.4. Five different measures are

considered to be used as global geometrical and shape/spatial context information:

e All landmarks Here we consider the (z,y) position for each landmark given by the ASM (see
Figure 4.3). Note that in this case, PCA has been applied on the landmarks in order to decorrelate

the data and reducing the dimensionality. The final feature vector is hence of dimension 25.

e Contour landmarks In this case, only the landmarks that correspond to the global contour of
the face are considered and concatenated. It is meant to provide a representation of the face shape

and consists in 15 points (Figure 5.5(a)).
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(a) contour (b) positions

(c) distances (d) face size

Fig. 5.5: Different geometrical information at the global level.
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e Facial features positions The landmarks corresponding to the extracted facial features are here
considered. Hence, the position of the eyebrows, eyes, nose and mouth are concatenated to form

the feature vector for geometrical observations (Figure 5.5(b)).

e Distances between facial features Configural information has been shown to be appropriate to
various face analysis task, such as gender and race classification [Sun 06]. More precisely, it consists

in the following measurements:

distances between eyebrows and eyes
— distances between eyes and nose tip
— distances between eyes and mouth corners

— distances between eyebrows

The resulting feature vector is obtained by concatenating these 7 measurements (Figure 5.5(c)).

e Face size The measurements describing the face size are obtained by recording the height of the
face (from the tip of the chin to the beginning of the hairs) and also the width at different height
levels: above and below the ears, at the mouth and below the mouth. The final feature vector then

contains these 5 distances (Figure 5.5(c)).



5.3. GEOMETRICAL INFORMATION 63

Local Measurements We also considered geometric information at the local feature level. Our goal
here is to explain a type of facial feature not only by its appearance but also by its position, its size or
its shape. To do so, several nodes are added to embed this information, and now several observations are
associated to each salient facial features. The corresponding model can be seen in Figure 5.6. Note that
two additional layers of hidden nodes were introduced in this model. The first one aims at separating
the left and right part of ’symmetric’ observations (such as eyebrows and eyes, the separation is made
through nodes Br, Bl, Er and El). This is done to incorporate geometrical information directly at the
facial feature level: we choose to correlate the grayscale appearance of a particular facial feature with its
geometrical information instead of correlating geometrical information of symmetric features together.
The purpose of the second additional layer is to separate the appearance of the facial feature from its
geometrical information. Note that now, the facial feature type does not depend on its appearance only,
but on both its appearance and a geometrical information, such as its size for instance. In the local case,

we considered 3 different measurements:

e Local features position The (z,y) position of each facial feature (see Figure 5.5(b)). The differ-
ence here is that the position information is not concatenated, but associated to the corresponding

facial feature, as depicted in Figure 5.6.

e Local features shape Here, the landmark describing the contour of the facial feature are consid-

ered for each salient region (Figure 5.7(a)).

e Local features size The vertical and horizontal size of the feature, as depicted on Figure 5.7(b).
Note that we do not consider the vertical size of the mouth, since it heavily depends on the expres-

sion.

5.3.2 Results & Discussion

In Table 5.3 and Table 5.4, HTER results for the different models and the different geometrical mea-
surements are presented. As a first observation, one can see that embedding such information does not
improve the performance much: in some cases, it even degrades it. However, it seems that some of
the measurements carry valuable information. Actually, the best results on average are obtained when

using sizes. At the global level, the model incorporating face size reaches almost identical performance
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(a) local shape

(b) local size

Fig. 5.7: Different geometrical information at the local feature level.

| System || Mec | Ua | Ud | P | G |
BNFace 2.21 | 20.93 | 1942 | 15.76 | 7.19
BNFace-Global-All 9.49 | 27.34 | 28.62 | 23.21 | 6.60
BNFace-Global-Contour 4.04 | 22.79 | 18.85 | 17.93 | 9.93
BNFace-Global-Positions || 2.82 | 22.21 | 19.36 | 16.06 | 7.20
BNFace-Global-Distance 3.11 | 20.35 | 19.04 | 15.93 | 6.76
BNFace-Global-Size 2.37 | 20.42 | 19.68 | 15.45 | 7.01

Tab. 5.3: HTER Performance on the test set g2 of BANCA for global geometrical information.

as the baseline model. However, it is quite difficult to state which global information is the most valu-

able, since results vary across the different protocols. At the local level, the model taking feature sizes

into account performs better than the model using appearances of facial features only, but not signif-

icantly (Figure 5.8). It thus suggest that adding such information may be useful for recognizing identities.

It must be noted that information based on geometrical measurements may be unstable, since it heavily

depends on the results obtained by the ASM, which in turn depends on the pose and the expression.

Moreover, information such as distances between facial features or facial features position may be severely

affected when the pose of the face in the input image is not frontal.
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Tab. 5.4: HTER Performance on the test set g2 of BANCA for local geometrical information.
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Fig. 5.8: EPC curves for the test set g2 of BANCA: BNFace and BNFace-Local-Sizes.

| System || Mc | Ua | Ud | P | G |
BNFace 2.21 20.93 19.42 | 15.76 | 7.19
BNFace-Local-Shape 6.99 | 25.16 | 20.29 | 1891 | 9.21
BNFace-Local-Position || 4.46 | 22.50 | 20.16 | 17.61 | 6.96
BNFace-Local-Size 1.92 | 18.69 | 19.01 | 15.79 | 5.84
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Fig. 5.9: The model to incorporate global color information.

5.4 Color Information

Color was also shown to play an important role in human face recognition [Russell 06] [Sinha 06]. It is
thus likely that it may also carry useful information for computer-based systems. Surprisingly, only a
few studies are using color in automatic face recognition systems. Torres et al. [Torres 99] developed a
color Eigenfaces system, where Principal Component Analysis (PCA) is independently applied on each
color channels and results are then combined for final classification. They showed that an improvement is
obtained over traditional Eigenfaces acting on grayscale images [Turk 91]. This result was later confirmed
in a study by Gutta et al. on the larger FERET database [Gutta 01]. Another interesting study is due to
Sadeghi et al. [Sadeghi 07]: different channels from numerous colorspaces are first classified independently
thanks to Linear Discriminant Analysis (LDA). An optimal subset of such classifiers is then found, and
selected classification scores are combined using Support Vector Machines. Another approach proposed
in [Jones 06] consists in extracting color features, and to use them as input to an Elastic Graph Matching

algorithm. Color features were generally shown to perform better than grayscale-based ones.

Color at the Global Level The first proposed model is again a simple extension of the generative
model proposed in Chapter 4 (Figure 5.9). In addition to the appearance of facial features, a "type’ of color
is also modelled through node C. This hidden node causes observations derived in each color channel:
it is hence assumed that information coming from different color channels are explicitly correlated. This

color type then generates the corresponding observations extracted from the face image.
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Fig. 5.10: The model to incorporate local color information.

Color at the Local Level To model the face more accurately, we also propose to incorporate color
information at the local facial feature level. For this purpose, every type of facial feature is not only
explained using grayscale appearance, but also with color information, as depicted in Figure 5.10. Again,
two additional layers of hidden nodes were introduced in this model, as it was already the case with
geometrical information. This is done for the same purposes: introducing color directly at the facial

features level.

Color at Both Levels Color information at the global level is used to represent the global skin color
of the face. On the other hand, color information at the local level aims at modelling the color of the
associated facial feature. Hence, these two different observations may provide complementary information.
As a consequence, we also propose a model combining both global and local information. This model
consists in the local model depicted in Figure 5.10, where the branch of the global model (Figure 5.9)

corresponding to global color information is added.

5.4.1 Encoding Color Features

Global Color Observations In this framework, our aim is to extract skin color information. Hence,
a bounding box containing only the inner part of the face is cropped from the color image, based on eyes

position. After being preprocessed by histogram equalization, it is subsampled to yield a low-resolution
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representation of the face, which discards details and thus mainly contains skin-colored pixels. Finally,

feature vectors representing color are obtained by decomposing each color channel in terms of 2D-DCT.

Local Color Observations Regarding the color observations at the local feature level, the same win-
dows as for the grayscale observations are cropped (using shifts as well), but from the original color
image. Then, each extracted window is preprocessed by histogram equalization. Finally, feature vectors

are obtained by decomposing each color channel in each window in terms of 2D-DCT.

Color information is encoded in the Hue-Saturation-Value (HSV) colorspace. Defining max (respec-
tively min) as the maximum (resp. minimum) among the R, G and B values at a given pixel position,

corresponding HSV values are obtained through a non-linear transformation of the RGB values:

undefined if  max = min

60 —G=B if mar=Rand G> B

max—min

H = 60- —S=£_ 1360 if mazr=Rand G< B

max—min

60 —S=£_ 1120 if mazx=G

max—min

60- —S=B_ 19240 if max =B

max—main

0 ifmax =0
S = _
1 — % otherwise
max
V = max

(5.1)

Note that the HSV colorspace was already considered for various face-related task, such as face
detection [Ikeda 03] and face recognition [Torres 99]. Moreover, this colorspace was shown to reach

better performance than the RGB colorspace.

5.4.2 Results & Discussion

Results are reported using the three proposed models (referred to as BNFace-Global-Color, BNFace-

Local-Color and BNFace-Both-Color), but also with two baseline algorithms. The first one is the first
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| System || Mc | Ua | Ud | P | G |
BNFace 2.21 | 20.93 | 19.42 | 15.76 | 7.19
PCA-HSV 14.71 | 34.07 | 32.34 | 29.78 | 18.48

BNFace-Global-HSV || 5.19 | 28.11 | 32.08 | 24.22 | 11.50
BNFace-Local-HSV 1.89 | 17.24 | 20.77 | 18.80 | 5.58
BNFace-Both-HSV 3.21 21.79 | 22.02 | 19.94 | 6.31

Tab. 5.5: HTER Performance on the test set g2 of BANCA for color information.

proposed model in Chapter 4. The second one is the color-based Eigenfaces (PCA-HSV) proposed in
[Torres 99], and where color information from different channels is processed independently. Note that for
the systems based on Bayesian Networks, the same experimental setup and the same learning parameters

are again used here.

In Table 5.5, HTER performance for the different protocols is reported on the test set of the BANCA
database. Obtained results show that when the acquisition conditions are not well-controlled, global skin
color is not a reliable clue anymore. This is evidenced by the performance obtained with the Eigenfaces-
based system, but also with generative models taking this information into account (i.e. BNFace-Global-
Color and BNFace-Both-Color). Nevertheless, our results suggest that information derived from different
color channels should not be treated independently, but correlated to each other, as evidenced by the
performance of BNFace-Global-Color versus PCA-HSV. The baseline generative model based on grayscale
features still performs better when there is a strong mismatch between training and testing conditions
(protocols Ud and P). However, modelling the color at the local facial feature level achieves good results:
when the training and testing conditions are the same (protocols Mc and G), local color information
improves the performance, and outperforms both BNFace and the Eigenfaces-based systems. In Figure
5.11, we also present EPCs for the baseline system and the system using local color information. Although
results are not clearly better than the baseline (as evidenced by the overlap between the confidence
intervals), obtained performances with local color suggest that this information is indeed valuable. One
can also see that local information is less affected by variations in acquisition conditions, as compared to
global color information. Another interesting result is obtained with protocol Ua: in this case, even if the
training /testing conditions are different, the model integrating color performs better than the baseline
system. This can be explained by the fact that the same acquisition device was used in both scenarios,

and thus color seems to remain consistent across controlled and adverse conditions (see Figure 2.3).
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5.5 Summary

In this chapter we presented extensions of the first proposed model defined in Chapter 4. These new
generative models were designed using results obtained from cognitive studies in human face recognition.
They incorporate auxiliary information that are complementary to grayscale image patches, and that
may help to describe the identity of an individual. Additional clues introduced into the model are an

holistic representation of the face, geometrical information and color information.

Experiments conducted show that under some circumstances, adding auxiliary information may indeed
help at recognizing identities. However and in our settings, holistic information showed no significant
improvements over the baseline system. On the other hand, the use of geometrical information was shown
to be helpful, provided that the face is more or less frontal. Embedding size information at the global
face level and at the local features level yields better authentication performance. Color information was
also shown to be helpful, but only at the local level and provided that the training and testing conditions

match.
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Chapter

CONCLUSION

6.1 Summary

This thesis dealt with the broad topic of Face Recognition, and more particularly aimed to tackle the
face authentication problem. First, current existing approaches were briefly reviewed, and an emphasis
was made on generative statistical models, since they have been proven to be successful to solve this task.
However, currently used statistical models are not dedicated to handle information extracted from face
data. Furthermore, such models have strong independence assumptions that are not in accordance with
the way face data are generated. Indeed, generative models used so far are unable to capture correlations
between information extracted from face images and does not model the fact that certain observations

may be generated by the same cause.

We thus proposed new generative models, based on the Bayesian Networks framework, and especially
dedicated to handle the face. The first proposed model relies on two main assumptions: first, salient facial
features are supposed to be sufficient to discriminate individuals and second, such features should not
be considered to be independent. Indeed, we stated that an identity is best described by a combination
of different facial features, and as such, observations corresponding to salient facial features should be
related. Moreover, we made the hypothesis that particular observations should be generated by the
same underlying process, and going one step further, all observations extracted from a face image are
generated by the same cause, which is the identity. Hence, we conducted experiments to verify that

the proposed model indeed learns facial feature types, and their relationships, and we also compared
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our model to existing approaches in the context of face authentication. These experiments revealed the

following results:

e The model is able to learn types of facial features, and the existing relationships between them.
Actually, the model can be used to retrieve meaningful information about the face, since it is able

to cluster people according to their facial feature types, such as a big nose for instance.

e The model is capable to perform recognition based on these pieces of information. This is evidenced
by face authentication experiments where our model is shown to perform better than a generative
model where facial features are treated independently. This is particularly true when the training

and testing sets are acquired in different conditions.

e Our approach is competitive with respect to the state-of-the-art generative models previously used

in face authentication, and far better than popular and widely-used appearance-based systems.

e In general, our model has a better generalization ability (as evidenced by mismatched conditions).
This result could be explained by the fact that acting on certain features only, and not considering
the whole face, is in fact more robust to little variations in acquisition conditions. Moreover, mod-
elling relationships between observations seems to add valuable information in the authentication

process, and especially when the the training and testing conditions do not match.

e The proposed models are by far less complex, in terms of the number of parameters, than the
pseudo 2D-HMM. Therefore, our models is much more computationnaly efficient than the pseudo

2D-HMM, which is the current generative models obtaining the best performances.

We then extend the first approach with auxiliary information derived from the face image. This was
motivated by recent results in cognitive research on human face recognition. As suggested by recent
findings in this field, we augmented the first proposed model with various other information. This was
done by incorporating additional clues at either the global face level or at the local facial feature level.
In particular, we investigated the use of (1) low-resolution representation of the face, (2) geometrical
measurements and (3) color information. Results obtained with these models showed that, under some
circumstances, considering additional clues is useful at recognizing individuals. Experiments conducted
show that under some circumstances, adding auxiliary information may indeed help at recognizing iden-

tities. However results obtained with these approaches should be carefully interpreted. Indeed, such
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pieces of information could be unstable, mainly depending on the image acquisition. Actually, the imag-
ing device and the illumination conditions play a crucial role when using holistic and color information,
whereas the face pose strongly affects geometrical measurements. Nevertheless, under relatively closely

controlled conditions, adding additional sources of information is actually helpful.

Most importantly and what could be considered as the key result of this thesis work, is the introduction
of a novel framework for the design of generative models dedicated to the face. It is actually now
straightforward to design new models that are able to handle and relate different kind of observations

extracted from face images.

6.2 Suggestions for Future Research

Since this work was the first, to the best of our knowledge, to propose the usage of Bayesian Networks as
generative model for recognizing faces, future research directions are manifold. In the following, we thus

list some suggestions for further investigations.

Observations & Network Structure In this work, we decided to use blocks around salient facial
features as the primary source of observations to describe a face. Other auxiliary information were also
embedded into network architecture and inspired by cognitive research. However, it is not known, as of
today, which information is the most useful for face recognition (for both humans and automatic systems),

and how to relate different pieces of information to each other.

Indeed, proposed models were designed according to our prior intuition. Actually, we do not know if
relationships between the different processed sources of information truly exists, and how they should be
encoded. There exists a large amount of research in structure learning (see for instance [De Campos 09]
and references therein), and also some work towards an automatic discovery of causal relationships
between random variables [Freedman 99] as well as hidden variables discovery [Elidan 00] [Elidan 04].
This field is however still an active research area, and current algorithms are not able to handle high-

dimensional real-world data such as images.
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Fig. 6.1: Example of a model taking the illumination conditions into account. In this example, the node rep-
resenting the illumination acts on the observations: their appearance is conditioned by the lighting
conditions.

Continuous Hidden Variables The different proposed models in this thesis were all designed using

discrete hidden variables. This is somewhat a limitation, since it is difficult to a priori decide on the

number of different color types for instance. Hence, a natural extent would be to consider such hidden
causes as continuous variables. However, doing so brings new challenges, and especially regarding nu-
merical computations with high-dimensional data. Actually, experiments using such models (termed as

Linear Gaussian Models) have been performed, but the numerous approximations made due to numerical

issues are not well understood yet, and yield to poor face authentication results.

External Variations Another possible research direction is to embed external source of variations
directly in the different models. For instance, pose and illuminations are known to influence the ap-
pearance of a particular feature. Hence, it is possible to add variables corresponding to such sources of
variations. Figure 6.1 shows a possible example of a model taking illumination conditions into account.
Actually, there already exists some studies taking quality measures into account, but they usually act on
classification scores [Poh 09] and not on data directly. Hence, an interesting research direction would be

the embedding of such measures directly in the learning and recognition process.

Multi-modal Biometric Verification Since in the Bayesian Networks framework, it is pretty easy
to incorporate different sources of information in a principled way, such generative models should also

be well-suited to handle multi-modal biometric measurements. Actually, an identity could be modelled
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using the correlations between different modalities, such as 3D face data, or iris images for instance. An
example of a system that continuously asses the identity of a user using multiple biometrics can be found

in [Muncaster 06].
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Appendix

M ESSAGE PASSING

Section 3.2.2 defines the absorption procedure to pass a message between two nodes in a Junction Tree.
Absorption induces several mathematical operations applied on potentials: marginalization, multiplica-
tion and division. Of course, the potentials and the associated operations are not the same depending on
the distribution of the variables in the clusters. In this work, we thus present the absorption procedure
for two types of distributions of the clusters potentials: discrete and linear gaussian. For this purpose,

we will use the simple example depicted in Figure A.1.

YOG

Fig. A.1: Absorption procedure between two clusters.

A.1 Discrete Case

In this case, potentials ¢ are simply represented as tables. The dimension of a potential is then given by
the product of the cardinalities of the variables present in the cluster. Entries of the table are given by

the result of a real-valued function on the configuration of the variables.

Consider for instance a cluster a with variable X and Y with cardinality I and J respectively. The

dimension of the cluster potential ¢(a) is thus given by K = I - J, and the potential entry k is given by:

$a). = P(X =i,Y = j) (A1)
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Now consider the separator b containing the variable Y only, and a cluster ¢ with variables Y and Z

(as depicted in Figure A.1). The absorption procedure is in this case:

<
*
—
S
=
I

> ¢la) (A.2)

o0 = o0 (53) (A3)

Equation A.2 consists simply in performing the marginalization over the nodes that are not present

in b. Note also that the multiplication and the division in the Equation A.3 is done term-by-term.

A.2 Linear Gaussian Case

To derive the absorption procedure in this case we first have to define the conditional linear gaussian
distribution, and the corresponding potentials obtained with this distribution. Consider a variable X

with parent Y, the conditional linear gaussian distribution of X is given by:

PX=z|Y =y) =Ntz + W -y, X;) (A.4)

where N is the normal (gaussian) distribution. In its moment form, the multivariate normal distri-

bution is given by:

N (e, %) = det(%)~ expl— (r — )57z ) (A5)

(2m)~2

where n is the dimension of the variable z, and the parameters of the distribution are (p, X). This

expression could be transformed to obtain the following canonical form:

N(g,h,K) =exp(g + h'z — %:L‘tK:L') (A.6)

where the parameters (g, h, K) are given by:
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g = —% log(27) — llog(det(E)) — —u'Kpu. (A7)
ho= Yl (A.8)
K = %71 (A.9)

Conditional Gaussian Potential Recall that a potential is a function on the variables in the cluster
and that one has to multiply factors from the original distribution to form the potential (Section 3.2.2).
Hence we have to define the multiplication between conditional gaussian distribution. Note that before
multiplying two distributions, we have to be sure that the dimension of each vector and matrix are
the same. If not, the process of extension is applied by inserting Os wherever its necessary. Now, the

multiplication and the division operations are performed in the following way [Murphy 99a]:

1. Convert the distributions to canonical form

2. Extend them to the same domain

3. Multiplication and division are then defined by:

(91, h1, K1) x (g2, h2, K2) = (91 + g2, h1 + ha, K1 + K3) (A.10)

(91,h1, K1) + (g2, ho, K2) = (91 — g2,h1 — ha, K1 — K3) (A.11)

In order to be able to perform the absorption procedure and hence to update the cluster potentials,
we also need to define the marginalization operation. Consider the example depicted in Figure A.1, to

perform absorption, we first have to compute:

o) = [ oxy) (A12)
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To do so, we first have to partition the h and K parameters into the components that will be kept

and the one being marginalized over:

hx Kxx Kxvy
h = and K =

hy Kyx Kyy

The new canonical parameters for the conditional gaussian potential ¢(Y") are then given by:

1 -
gv = g+ 5(dilog2m) — log(|Kxx|) + Wy Kxkhx) (A.13)

hy = hy — KyxKxyxhx (A.14)

Ky Kyy — Kyx K\ Kxy. (A.15)



Appendix

PARAMETERS UPDATE RULES

This appendix derives the parameters update rules in the EM algorithm used to train the different models.
In the face authentication framework, we first learn the parameters for the world model (see Section 2.2)
using the EM algorithm with the Maximum Likelihood (ML) criterion, and then each client is adapted
using Maximum A Posterior (MAP) training in the setting of model adaptation ' [Gauvain 94]. The
parameters are learned thanks to a training set D = {vy,...,vp}. Note that each example v, of the

training set actually represents a set of observations Oy, (see Figure 4.1).

B.1 Maximum Likelihood Criterion - Discrete Case

In this section, we derive the update formula for the (conditional) probability distributions of the node in
the Bayesian Networks representing the proposed models. Thanks to the approximation of Equation 3.9,
each local distribution can be maximized independently. There are however three different cases in the

proposed models, corresponding to three different probability distributions:

The Root In our case, the root node is a discrete random variable with cardinality J. Hence the

update rule for the EM algorithm in Maximum Likelihood settings is given by [Bauer 97]:

P po .
Zp:l PUYX =ilvy)
P T 1o .
Zp:l Zj:lp (X = jlvp)

INote that in the linear conditional gaussian case with continuous hidden variables, we did not derive the formulas for
the MAP criterion.

Prev(X =) = (B.1)
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Hidden Variables Again, hidden variables in the proposed models are discrete, the only difference
being the presence of a parent Y. Hence, the update rule is quite similar to the previous case and given

by [Bauer 97]:

P o .
Sy PUUX =0, Y = klvy)
211)3:1 Zj:l POld(X = j’ Y = k|vp)

P (X =iy = k) = (B.2)

Observed Variables In this case, the probability of the observation is given by a conditional gaussian
(Equation 4.3), and is thus similar than the probability of a particular gaussian in a GMM, considering
the parent node to be the mixture weight. Hence, the maximum likelihood parameter estimation for the

mean and the variance are given by:

new 2521 POld(X = ’L|OE = Og) : Ozm) (B 3)
Ky = 25:1 Pold(X = i|O, = ob) .

>y PMX =00y = ob) - (o — pup) (0 — pp)"
S Pold(X =0, = of)

new __
e =

B.2 Model Adaptation - Discrete Case

In the case of model adaptation [Gauvain 94], a prior is set on the parameters. In our case, this prior
information will come from the world model trained using the ML criterion (since there is usually enough
data to reach good ML estimates). Client models are then learned by an adaptation of the world
model and using the few available client-specific training data. In practice, it was shown [Reynolds 00]
[Cardinaux 05] that adapting only the means of the gaussian observations was sufficient to properly model
client data. Hence, this strategy is also used here. Defining u*°"'¢ as the means of the world model, the
MAP update rule for the means of the conditional gaussian variables for the client models is given by

[Gauvain 94]:
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TP Y, PUYX =000 = o) - o B5)
i+ Yy PO(X =i]O, = of)

new
K2

where 7; is a parameter of the prior Normal-Wishart density. Following the constraints made on the
prior distribution ([Gauvain 94], Egs. (47) and (48)) and the observations made in [Reynolds 00] that
parameter-dependant adaptation coefficients only show a minor improvement, we can reduce Equation B.5

to:

S PO(X = i[Oy = ob) - o
Yooy Pol(X =0, = of)

new world

pi " = ap + (1 - a)

(B.6)

Hence, we only use one extra hyperparameter o when training client models. « is referred to as the
adaptation coefficient and reflects the importance made on the prior. Actually, « is used as a weighting
factor between the prior distribution and the new obtained statistics, which may be unreliable due to the

lack of training data.

B.3 Maximum Likelihood Criterion - Continuous Case

In linear gaussian models, all the variables in the network follow the same distribution, hence there are
no distinct formulas for the parameters update rule, on the contrary to the previous model with discrete
hidden variables and gaussian observations. Recall also that, thanks to Equation 3.9, the maximization

can be done independently on the parameters for each variables.

To derive the update formulas for the variables in linear gaussian models, we will consider a node X

having a single parent Y of dimension dy. The conditional gaussian distribution is given by:

p(X =alY =) = @)~ F det(D)Fexp (— 5 (2~ (ut Wy))'S7 (z — (u+ W) (B.7)

Since there are hidden variables in our model, we will use the expected value E of the unobserved
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variables to get the log-likelihood of each distribution given the observations:

L(0,v) = =5 > B[ log(det() + (v, = Wyp = 1) S @, = Wyp = 1) | v, (B3)

p=1

N~

The parameters of this distribution are the mean p, the covariance matrix 3 and the regression matrix

W. To simplify further notations, we define the following statistics:

P
Sxxt = Y E(XX'lv,) (B.9)
Sxix = Y E(X'X|v,) (B.10)
Sx = Y E(X|v) (B.11)
b
Syye = Y EYY'|v,) (B.12)
b
Sy = Y E(Y|v) (B.13)
Syx: = Y E(YX'v) (B.14)
Sxy: = Y E(XY'lv,) (B.15)

In order to find the update formulas, we simply derive the likelihood with respect to each of the

parameters W, u and 3, and then set the derivative to zero.

Regression Matrix W

Using the following identity:

I((Xa+b)'C(Xa+1b))
0X

= (C+C"(Xa+b)a" (B.16)
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and setting X = -W,a=y,,b=2, —u,C = Y1 we have:

P p P
= (X BEY )~ W BYY vy) — Y B(Y'vy))

Setting this expression equal to zero and using notations introduced earlier, we finally reach

W = (Sxyt —p-S%) - Sy (B.17)

Mean p

Using the same identity (Equation B.16) and setting X = p,a = —1,b =z, — Wy, et C = £71, we have:

B " )
ol = % z:: ST B (w, — Wy — )]
= S E(XIv,) - WY BE(YIvi) - )

which yields to:

/LZZSX—W-S)/. (B18)

Note that if the regression matrix is null, or does not exist, we have the classical formulation for the

mean estimator.
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Covariance Matrix X

To derive the update formula for the covariance matrix, we first need the following identities:

Oln | X|
0X

d(a'Xb)
0X

(B.19)

(B.20)

‘We then have:

2
P 1w
= 52 -3 Z [pa), — 2pys W' — xpp® + Wypyy W+ Wyl + Wypu' — pay, + py, W+ vy
which yields to:

- 1
b)) F (Sxxt 7Sth 'Wt*SX',LLtﬁ’WSytht‘l’W'Syxt + WSYMt*/LSE(+MS§/Wt) +/L,LL (B21)



Appendix

A SIMPLE YET EFFICIENT

PREPROCESSINGALGORITHM

C.1 Introduction

One of the major problem in face authentication systems is to deal with variations in illumination. In
a realistic scenario, it is very likely that the lighting conditions of the probe image does not correspond
to those of the gallery image, hence there is a need to handle such variations. Existing algorithms to
cope with changes in lighting conditions can be divided into two main categories: model-based and pre-
processing. In this appendix, we will focus on the preprocessing approach. For model-based approaches,

interested readers may refer to [Georghiades 01] or [Basri 03].

The aim of such preprocessing algorithms is to minimize the effect of illumination variations prior
to classification. Preprocessing has two main advantages: it is completely stand-alone and thus can be
used with any classifier. Moreover, no training images are required to model illumination variations,
since such algorithms turn the original image into another representation, which is supposed to be less
sensitive to illumination variations. A study of preprocessing algorithms applied to face authentication
[Short 04] showed the superiority of the model proposed by Gross & Brajovic [Gross 03]. However, this
approach involves the resolution of a partial differential equation, which is either computationally expen-
sive (brute force resolution) or approximate (iterative methods). Moreover, the algorithm depends on

a normalization parameter A, and hence face authentication cannot be performed in a fully automated
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way, since this parameter has to be manually set a priori. Another recent and simple algorithm was
proposed in [Tan 07]: in this case, several operations are applied to the face image in order to yield an
illumination-free representation. These operations are gamma correction, filtering with a difference of
gaussians (DoG) filter and contrast equalization. Again, several parameters for the different steps have

to be properly set.

Here, we propose to use Local Binary Patterns (LBP) [Ojala 02] as a preprocessing step prior to
the face authentication task. The LBP is a nonparametric and computationnaly simple descriptor of
local texture patterns. Moreover, it is invariant to monotonic grayscale transformation, hence the LBP

representation may be less sensitive to changes in illumination.

C.2 Proposed Approach

The local binary pattern (LBP) is a non-parametric operator which describes the local spatial structure of
an image. Ojala et al. [Ojala 02] first introduced this operator and showed its high discriminative power
for texture classification. At a given pixel position (z.,y.), LBP is defined as an ordered set of binary
comparisons of pixel intensities between the center pixel and its eight surrounding pixels (Figure C.1).

The decimal form of the resulting 8-bit word (LBP code) can be expressed as follows:

7
LBP(x.,y.) = Z $(ip —ic)2" (C.1)

n=0
where i. corresponds to the grey value of the center pixel (z¢,y.), in to the grey values of the 8

surrounding pixels, and function s(x) is defined as:

1 if z>0
s(x) = (C.2)
0 if 2<0.

By definition, the LBP operator is unaffected by any monotonic gray-scale transformation which pre-

serves the pixel intensity order in a local neighborhood. Note that each bit of the LBP code has the same
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binary

83 | 75 |126 . N 0 0 1
intensity )
99 | 95 141 _ 1 1 blnE_\ry. 00111001
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comparison
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o1 [ o1 100 with the center

Fig. C.1: The LBP operator.

significance level and that two successive bit values may have a totally different meaning. Actually, The

LBP code may be interpreted as a kernel structure index.

Later, Ojala et al. [Ojala 96] extended their original LBP operator to a circular neighborhood of dif-
ferent radius size. Their LBPp r notation refers to P equally spaced pixels on a circle of radius R. In

this work, we use the LB PFg 5 operator which is illustrated in Figure C.2.

e
ol (e

KSR

Fig. C.2: The extended LBP operator with (8,2) neighborhood.

Due to its texture discriminative property and its very low computational cost, LBP is becoming
very popular in pattern recognition. Recently, LBP has been applied for instance to motion detec-
tion [Heikkild 04], visual inspection [Turtinen 05], image retrieval [Takala 05], face detection [Jin 04] and
face recognition [Zhang 05, Zhang 04, Ahonen 04]. In these previous works a face image was usually
divided in small regions. For each region, a cumulative histogram of LBP codes, computed at each pixel
location within the region, was used as a feature vector. However, in the present work, we do not use
LBP to perform feature extraction, but to preprocess the input image: the face is represented with its

texture patterns given by the LBP operator at each pixel location (Figure C.3).

C.3 Experiments and Results

In our case, the LBP operator will be used as a preprocessing step. The experimental framework is
exactly the same as the one described in chapter 4. However, here we compare the different preprocessing

algorithms. Indeed, each extracted block is preprocessed using an algorithm to cope with variations in
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Fig. C.3: Original image (left) processed by the LBP operator (right).

illumination conditions. In particular, we investigate the use of:
e Gross & Brajovic Algorithm [Gross 03]
e Tan Algorithm [Tan 07]
e Our approach based on the LBP [Heusch 06]

Experiments are conducted on the BANCA database. Results for the Gross & Brajovic algorithm
have been obtained using a value of A = 0.5, whereas parameters for the Tan approach are v = 0.2 for
the gamma correction, o1 = 1 and o2 = 2 for the two gaussians of the DoG filter, @ = 0.1 and 7 = 10 in

the contrast equalization operation (as suggested in [Tan 07]).

Table C.1 presents the HTER performance obtained on the test set g2 for different protocols of the
BANCA database. It can be seen that the preprocessing applied to the blocks extracted from the face
image has a huge impact on the face authentication performance. Results obtained with the two state-
of-that-art results [Gross 03] [Tan 07] are somewhat astonishing, since they are degrading the result with
respect to the simpler histogram equalization. However, these results could be explained because these
normalization algorithms were applied on local image patches, and they were meant to process entire face

images. Indeed, a similar behavior was observed in [Short 06].

Note that the proposed approach clearly outperforms the baseline histogram equalization in 3 out of
5 protocols. Actually, interesting results are obtained in the case of degraded conditions (protocol Ud):
in this case, the LBP preprocessing significantly reduces the error rate as compared to histogram equal-
ization. It thus suggest that this representation is particularly suitable when the acquisition conditions
between the gallery and the probe sets are different. This is again evidenced by the results obtained on

the protocol P. However, when the acquisition conditions are clean and the same for the training and
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testing sets (protocol Mc), results are comparable to that of histogram equalization. Note also that if
these conditions match, but are not clean, the proposed preprocessing step is also valuable (protocol G)

and is significantly better than all other preprocessing algorithms.

The proposed approach is thus a simple, computationnaly efficient and non-parametric preprocessing
step that is able to cope with variation in acquisition conditions. It was shown to help at reducing
the face authentication error rate by a significant amount, and performs better than more sophisticated
illumination normalization algorithm. Note also that this preprocessing algorithm is usually computation-
naly more efficient that other approaches, and also yield good performances with other face recognition

systems, as shown in [Heusch 06].

| System || Mec | Ua | Ud | P | G |
BNFace 2.21 | 20.93 | 19.42 | 15.76 | 7.19
BNFace-Gross 7.47 | 28.88 | 39.55 | 26.03 | 12.48
BNFace-Tan 12.37 | 28.43 31.19 25.90 | 12.64
BNFace-LBP 2.21 | 20.13 | 14.07 | 13.14 | 4.10

Tab. C.1: HTER performance on the test set g2 of BANCA with different preprocessing.
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