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Resumo

O reconhecimento facial é uma das principais formas de identificação humana. Apesar
das pesquisas em reconhecimento facial automático terem crescido substancialmente
ao longo dos últimos 35 anos, identificar pessoas a partir da face continua sendo
um desafio para as áreas de Visão Computacional e Reconhecimento de Padrões.
Em função dos cenários variarem desde a identificação a partir de fotografias até o
reconhecimento baseado em vídeos sem nenhum tipo de controle ao serem gravados,
os maiores desafios estão relacionados à independência contra diferentes tipos de
iluminação, pose e expressão. O objetivo desta dissertação é propor técnicas que
possam contribuir para a melhoria dos sistemas de reconhecimento facial. A primeira
técnica endereça o problema da iluminação através da fusão dos espectros visível
e infravermelho da face. Através desta abordagem, as taxas de reconhecimento
foram melhoradas em 2.07% enquanto a taxa de erro igual (EER) foi reduzida em
45.47%. A segunda técnica trata do caso da extração e classificação de características
faciais. Ela propõe um novo modelo para reconhecimento facial através do uso de
características extraídas por Histogramas Census e de uma técnica de reconhecimento
de padrões baseada em Máquinas de Vetores de Suporte (SVMs). Este outro grupo
de experimentos nos possibilitou aumentar a precisão do reconhecimento no teste
FERET fa/fb em 0.5%. Além destes resultados, algumas contribuições adicionais
deste trabalho que merecem ser destacadas são a análise da dependência estatística
entre classificadores de espectros diferentes e considerações sobre o comportamento
de uma única C-SVC SVM para identificação de pessoas de forma eficaz.

Palavras-chave: Reconhecimento Facial, Imagens Infravermelho, Multibiometria,
Máquinas de Vetores de Suporte, Transformação Census.
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Abstract

Face recognition is one of the primary ways of human identification. Although re-
searches on automated face recognition have broadly increased along the last 35 years,
it remains a challenging task in the fields of Computer Vision and Pattern Recogni-
tion. As the scenarios varies from static and constrained photographs to uncontrolled
video images, the challenging issues on automatic face recognition are usually related
with variations in illumination, pose and expressions. The goal of this master thesis
is to propose techniques for the improvement of face recognition systems. The first
technique addresses the problem of illumination by fusing the visible and the infrared
spectra of the face. With this approach the recognition rates were improved in 2.07%
while the Equal Error Rate (EER) were reduced in 45.47%. The second technique
addresses the issue of face features extraction and classification. It proposes a new
framework for face recognition by using features extracted by Census Histograms
and a pattern recognition technique based on Support Vector Machines (SVMs).
This other group of experiments enabled us to increase the recognition accuracy
in the FERET fa/fb test in 0.5%. Beyond these results, additional contributions
of this work that deserve to be highlighted are the statistical dependency analysis
between face recognition systems based on different spectra and a better compre-
hension about the behavior of a single C-SVC SVM to reliably predict faces identities.

Keywords: Face Recognition, Infrared Images, Multibiometrics, Support Vector
Machines, Census Transform.
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Chapter 1

Introduction

The earliest work on face recognition can be traced back at least to the 1950s in
psychology and to the 1960s in the engineering literature. However, research on
automatic machine recognition of faces really started in the 1970s [1]. Even with a
significant increase on researches over the last 35 years, automatic face recognition
remains a challenge for the areas of Computer Vision and Pattern Recognition [2].
Such an effort may be explained based on the fact that face recognition offers a
non-intrusive, and perhaps the most natural, way of identification. Although several
biometric methods based on other characteristics (e.g. fingerprints, retina, and
iris patterns) can be used, they mostly rely on the cooperation of the participants.
On the other hand, human recognition using faces is intuitive and can be done
without the participants’ cooperation or knowledge. The wide range of commercial
possibilities, which raised in the early 1990s with real-time hardwares, has also played
an important role on this research trend [1].

Application areas for face recognition technology are broad, including human-
computer interaction, identification for law enforcement, border control, access
control to secure places and financial transactions, and video surveillance. Despite
many face recognition techniques have been proposed with significant promise, robust
face recognition is still difficult. The major shortcomings on computer-based face
recognition are variations in illumination, pose and facial expressions [1].

1.1 Challenges

Besides the visual information, the Human Visual System (HVS) carries out face
recognition by using high-level knowledge like age, gender, race, identity and emo-

1



1.2. SCOPE AND CONTRIBUTIONS 2

tional state [2]. The HVS is also able to track facial motions that alter configuration
of features, making it difficult to encode the face structure. Face movements include
gestures while speaking, changes in the gaze or in the head pose, and expressions,
such as smile or anger. These movements play an important role in human social
interactions and can be employed to call the attention to an object or event of
importance in the environment. Humans are capable of these impressive feats of
visual information processing even after several years of separation and when viewing
conditions are variable or less than optimal, for example, when the face is poorly
illuminated, viewed from an unusual perspective or at a distance so the resolution
of the image is limited. Therefore, face recognition in adverse situations is part of
human lives and such a complexity is difficult to be mathematically modeled.

Applications of face recognition varies from static and constrained photographs to
uncontrolled video images, posing a wide range of technical challenges and requiring
an equally wide range of image processing and pattern recognition techniques [1].

By definition, a face is a Three-Dimensional (3-D) object illuminated from different
light sources and surrounded by arbitrary background. Hence, the appearance of a
face varies significantly when projected onto a 2-D image [2]. Different viewpoints
also cause important changes in its appearance. Therefore, robust face recognition
systems must embed the ability to recognize faces despite such variations. At the
same time, they must be strong to typical image acquisition problems such as noise,
distortion, and poor image resolution. Many methods have been proposed to handle
these issues [3]. Earlier approaches treated face recognition as a typical pattern
recognition problem. However, with the research advances, such methods also started
to consider issues related to the representation aspects of faces [1]. The domain
knowledge obtained by considering the facial components and its dynamics enables a
better comprehension about the inherently uniqueness that faces represents.

1.2 Scope and Contributions

With the given scenario, the purpose of this master thesis is to address some of these
deficiencies by taking as advantage methods for face recognition improvement based
on three different aspects: new sensor modalities, multibiometrics, and machine
learning techniques.

Regarding the new sensors issue, the thermal Infrared (IR) imaging is taken as a
confident measurement of the heat pattern of faces. The IR images can be acquired
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by means of special cameras at the same time that visible recordings are taken [4].
This thesis presents some comparative evaluations of each face recognition modality
(IR and visible).

In addition, the fusion of such multispectral classifiers is evaluated. A key
contribution of this work is the estimation of different spectra classifiers’ dependency
and the relationship between this dependency and the recognition/error rates obtained
through the score level fusion. The employment of IR images combined with visual
images refers to techniques related to multibiometrics, an important tendency in
automated human identification. In this work, normalization and fusion techniques
were also addressed in the experiments.

With respect to the machine learning technique, the face recognition by Support
Vector Machines (SVM) is assessed in this thesis. The approach firstly proposed
by Phillips [5] based in a Difference Space is replicated. However, instead of using
Principal Component Analysis (PCA) to extract representative face features, the
trained SVMs have features based on local pixels structures as inputs. These
features extracted by the Census Transform [6] are combined by a scanning window
technique called Census Histograms. The fundamental contribution highlighted by
Phillips [5] in the adoption of SVMs for face recognition purposes is also reproduced.
This contribution is related to employing the distance that a test pattern has to the
separating hyperplane as a similarity measurement, instead of using the default binary
decision provided by C-SVC SVM. Additionally, the popular FERET fa/fb evaluation
protocol was employed. The framework assessment regarding this protocol leads
to a better comprehension by means of comparing SVMs to other face recognition
techniques. Moreover, investigations linking data linearity, number of Support Vectors,
and training expenditure are presented.

1.3 Organization of the Thesis

In short, this thesis is organized with the next three Chapters covering the necessary
backgrounds. After, Chapters 5 and 6 present the material and the methodology
used to assess the proposed improvements. Together with the methodology, Chapter
6 also presents the equivalent experimental results.

Regarding the backgrounds, to place face recognition as a Biometric modality,
Chapter 2 covers face recognition in a broader sense by considering its characteristics
and standards of evaluation. Section 2.1 is related to concepts of Biometrics common
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to different Biometric traits, including faces. In section 2.2, a summary of the main
face recognition comparative evaluations is provided, while Section 2.3 presents the
architecture of a typical operational scenario of face recognition systems.

Chapter 3 depicts the three already mentioned ways to overcome major challenges
on face recognition. In Section 3.1, two sensing modalities are discussed. Special
emphasis is given to Long-Wave Infrared (LWIR) images, which is part of the further
experiments. Yet, in Section 3.2 multibiometrics is introduced with its peculiarities
regarding modes of operation, levels of fusion, and score normalization. Closing this
Chapter, Section 3.3 presents a brief review about learning approaches that have
been successfully applied to recognize faces.

Aimed at deeper explaining the techniques used in the experiments, Chapter 4
covers PCA, Census Histograms, and SVMs in a detailed manner. Its content ranges
from fundamental concepts to the application of such techniques to handle with face
images. Section 4.1 accounts for the PCA used within the multispectral fusion. As
the highlighted learning approach, Support Vector Machines is even more detailed.
The Census Histograms feature extraction technique used to construct the SVM
input space is presented in Section 4.2. At last, Section 4.3 deals with the SVM
theory and its application to face images.

In this thesis, all investigations were done considering the face databases covered
in Chapter 5. As already stated, the methodology and results of the experiments are
presented in Chapter 6.

Finally, Chapter 7 discusses and presents some conclusions about the results
obtained and provides a few remaining considerations about the topics covered by
the thesis.



Chapter 2

Face Recognition

A general statement regarding the problem of machine recognition of faces can be
formulated as follows: given still or video images of a scene, identify or verify one or
more persons in the scene using a stored database of faces [1].

To address this given problem, a general procedure can be established by face
detection, feature extraction, and recognition. Face detection is used to separate
face-like objects from cluttered scenes. To be recognized, faces are usually represented
in terms of vectors in a lower dimensional feature space extracted from the images [2].
Once the face features are available, the recognition step is based on the establishment
of a similarity between feature vectors. Such a relation between two vectors of a
known and an unknown identity is normally carried out by means of a similarity
score.

In this chapter the main topics of Biometrics are presented in Section 2.1, giving a
clear overview about how face recognition systems are situated on this field. Further,
the protocols for evaluation are discussed in Section 2.2. These standards are quite
important to analyze different face recognition systems, since there are many details
to be considered when comparing performance ratings. As briefly mentioned above,
such a recognition system has steps to be considered which are sharply distinct.
Thus, the outline architecture of such systems is covered in Sections 2.3.

2.1 Within Biometrics

Humans use body characteristics such as face, voice, gait, etc, to recognize each
other. In the mid 19th century, the chief of the criminal identification division of the
police department in Paris, Alphonse Bertillon, was the first to propose the idea of

5



2.1. WITHIN BIOMETRICS 6

using some body measurements to identify criminals. Just as his idea was gaining
popularity, it was obscured by a far more significant and practical discovery of the
distinctiveness of the human fingerprints in the late of the same century [7].

In its beginning, biometrics efforts was focused on identifying criminals, but
nowadays it is also being increasingly used to establish person recognition in a large
number of civilian applications. When investigating biometrics, the main question
that arises is what biological measurements qualify to be a biometric trait. In general,
any human physiological and/or behavioral characteristic can be used as a biometric
characteristic as long as it satisfies the following requirements [7]:

Universality: each person should have the characteristic;

Distinctiveness: any two persons should be sufficiently different in terms of the
characteristic;

Permanence: the characteristic should be sufficiently invariant (with respect to
the matching criterion) over a period of time;

Collectability: the characteristic can be measured quantitatively.

Nevertheless, in a practical biometric system there are some other issues that
should be considered [7], including:

Performance: refers to the achievable recognition accuracy and speed, the resources
required to achieve the desired recognition accuracy and speed, as well as the
operational and environmental factors that affect the accuracy and speed;

Acceptability: indicates the extent to which people are willing to accept the use
of a particular biometric identifier (characteristic) in their daily lives;

Circumvention: reflects how easily the system can be fooled using fraudulent
methods.

On Table 2.1 a brief comparison carried out by Jain et al. [7] of 15 biometric
modalities based on the seven factors mentioned above is provided. The applicability
of a specific biometric technique depends heavily on the requirements of the environ-
ment. No single technique can outperform the others in all operational environments.
In this way, each biometric technique is acceptable and there is no optimal biometric
characteristic [7].
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Table 2.1: Comparison of different biometric modalities provided by Jain et al. [7].
High, Medium, and Low are denoted by H, M, and L, respectively.

Biometric modalities U
ni
ve
rs
al
ity

D
ist
in
ct
iv
en
es
s

Pe
rm

an
en
ce

C
ol
le
ct
ab
ili
ty

Pe
rfo

rm
an
ce

A
cc
ep
ta
bi
lit
y

C
irc
um

ve
nt
io
n

DNA H H H L H L L
Ear M M H M M H M
Face H L M H L H H
Facial thermogram H H L H M H L
Fingerprint M H H M H M M
Gait M L L H L H M
Hand geometry M M M H M M M
Hand vein M M M M M M L
Iris H H H M H L L
Keystroke L L L M L M M
Odor H H H L L M L
Palmprint M H H M H M M
Retina H H M L H L L
Signature L L L H L H H
Voice M L L M L H H

Still on Table 2.1, one can observe that both face recognition modalities have
the strongness of the high collectabilitty and acceptabillity and the weakness of
permanence and performance. Once again, this is mainly due to changes in illumina-
tion, pose, facial expressions, aging, and physiological state (in thermograms). In a
roundabout manner, these are the problems that this thesis addresses.

One peculiarity that must be noticed is that, beside the face itself, additional
information extracted from it, such as race, age, gender, and facial expression can be
used to enhance the recognition accuracy [2]. Recently, significant research efforts
have been focused on video-based face modeling/tracking, recognition, and system
integration. New datasets have been created and evaluations of recognition techniques
using these databases have been carried out [8, 9]. Therefore, face recognition has
been considered one of the most active applications of pattern recognition and image
understanding [1].
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2.1.1 Modes of Operation

Biometric systems can work both on verification and identification modes. In the
verification mode, the system validates the identity of a person by comparing the
captured biometric data with her own biometric template(s) stored in the system’s
database. In such a system, an individual who desires to be recognized claims an
identity and the system conducts a one-to-one comparison to determine whether the
person really is who he/she claim to be. Identity verification is typically used for
positive recognition, where the purpose is to prevent multiple people from using the
same identity [7].

In the identification mode, the system recognizes an individual by searching
the templates of all the users in the database for a match. Hence, a one-to-many
comparison is conducted by the system trying to determine an individual’s identity
without the subject having to claim for it. The ability to identify an individual is
the key for negative recognition applications, where the system establishes whether
the person is who he/she denies to be. The purpose of negative recognition is to
prevent a single person from using multiple identities [7]. While traditional methods
of personal recognition may work for positive recognition, negative recognition can
only be established through biometrics.

The identification task can be further split in two categories. The closed-set
identification is the classic performance measure used in the automatic face recognition
community. With closed-set identification, the basic question asked is: Whose face is
this? In such a closed-set scenario, this question is meaningful because a biometric
sample to be identified is always that of someone in the gallery. The general case of
closed-set identification is the open-set identification. With open-set identification,
the person in the probe does not have to be somebody in the gallery and here the
basic question asked is: Do we know this face? Thus, in this case, a system has
first to decide if the probe contains an image of a person in the gallery. As can be
noted, open-set identification is the general case task, with verification and closed-set
identification being its special cases [3].

2.1.2 Evaluation Standards

The response of a biometric matching system is the matching score, S(XQ, XI)
(typically a single number), that quantifies the similarity between the input and the
database template representations (XQ and XI , respectively). The higher the score,
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the more confident is the system that the two biometric measurements come from
the same person.

Computing performance of a biometric system requires three sets of images. The
first is the gallery G, which contains biometric samples of the people known to a
system. The other two are the probe sets. A probe is a biometric sample that is
presented to the system for recognition. The first probe set is PG, which contains
different biometric samples of people present in the gallery. The second probe set is
PN , which contains biometric samples of people who are not in the gallery [3].

Let us assume {g1, ..., g|G|} as the gallery set G consisting of one or more biometric
samples per person, and g∗ being the unique match from all comparisons between a
probe pj and G. In this case, pj has rank n if S(pj, g∗) is the nth largest similarity
score. This is denoted by rank(pj) = n.

In the closed-set identification evaluation, where PN is empty, the first step consists
in sorting the similarity scores between a probe pj and a gallery set G, and computing
the rank(pj) . The identification rate for rank n, PI(n), is the fraction of probes at
rank n or lower. For rank n, let

C(n) = |{pj : rank(pj) ≤ n}| (2.1)

be the cumulative count of the number of probes of rank n or less. The identification
rate at rank n is

PI(n) =
|C(n)|
|PG| (2.2)

where |PG| is the number of samples in the probe set.
The functions C(n) and PI(n) are nondecreasing in n. The identification rate

at rank 1, PI(1), is also called the correct identification rate, the top match rate,
or just TOP1 [3], whereas the notion of full retrieval can be interpreted as n when
PI(n) = 1, in other words, the minimum C(n) which comprises all probes.

Closed-set identification performance is normally reported on a Cumulative Match
Characteristic (CMC) [3]. A CMC plots PI(n) as a function of rank n. Figure 2.1
shows an example of CMC, where the horizontal axis is the rank on a logarithmic
scale. Closed-set identification performance is most often summarized with rank 1
performance, the other points such as rank 5, 10, or 20 are also commonly used. The
strength and weakness of the CMC is its dependence on the gallery size |G|.
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Figure 2.1: FRVT 2002 (Section 2.2) identification performance reported on a CMC
[3].

2.1.3 Error Rates

Two samples of the same biometric characteristic from the same person (e.g., two
face images) are not exactly the same due to imaging conditions, changes in the
user’s physiological or behavioral characteristics and environment conditions (e.g.,
temperature). Hence, there is often an overlap between the distribution of scores
generated from pairs of samples from the same person and the distribution of scores
from pairs of different persons. These distributions are called, respectively, genuine
distribution and impostor distribution as showed in Figure 2.2 (a). To deal with
this overlapping, the system decision has to be regulated by a threshold t: pairs of
biometric samples generating scores higher than or equal to t are classified as mate
pairs (i.e., belonging to the same person); pairs of biometric samples generating scores
lower than t are classified as non-mate pairs (i.e., belonging to different persons).

A biometric system can make two types of errors: (i) the false match, when
biometric measurements from two different persons are mistaken as belonging to the
same person, and (ii) the false non-match, when two biometric measurements from
the same person are mistaken as belonging to different persons. These two types of
errors are often termed as false acceptance and false rejection, respectively [7].

There is a trade-off between False Acceptance Rate (FAR) and False Rejection
Rate (FAR) in every biometric system. In fact, both FAR and FAR are functions of
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the system threshold t; if t is decreased to make the system more tolerant to input
variations and noise, then FAR increases. On the other hand, if t is raised to make
the system more secure, then FAR increases accordingly. The system performance
at all the operating points t can be depicted in the form of a Receiver Operating
Characteristics (ROC) curve [7], (see Figure 2.2 (b).

Figure 2.2: Biometric system error rates. (a) FAR and FAR for a given threshold t
are displayed over the genuine and impostor score distributions; FAR is the percentage
of non-mate pairs whose matching scores are greater than or equal to t, and FAR is
the percentage of mate pairs whose matching scores are less than t. (b) Choosing
different threshold values results in different FAR and FAR. The curve relating FAR to
FAR at different thresholds is referred to as ROC. Typical operating points of different
biometric applications are displayed on an ROC curve.

Let us assume gi as the stored biometric template of the person i and pj as the
input template to be recognized. Let us also consider H0 as the hypothesis that pj
does not come from the same person as the template gi and H1 as the hypothesis
that pj represents the same person as in gi. Thus, the mathematical definitions of
FAR and FAR are [7]:

FAR = P (D1|H0); (2.3)

FRR = P (D0|H1) (2.4)

where D1 is the decision that the person is who he/she claims to be and D0 the
decision that the person is not who she claims to be. Both D1 or D0 are determined
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by comparing S(gi, pj) with the threshold t. If less than t, then decide D0, else decide
D1.

Finally, a one-number representation of the FAR and FAR can be obtained by
the Equal Error Rate (EER), which is the negation of the system errors provided
they are equalized by the threshold t. That is,

EER = 1− FARt with {t|FARt = FRRt} (2.5)

2.2 Protocols

Automatic face recognition has a long history of independent evaluations with the
three Facial Recognition Technology (FERET) evaluations (1994, 1995, and 1996),
the International Conference on Pattern Recognition (ICPR) Face Recognition
Contest 2000, the three Face Recognition Vendor Tests (FRVT) evaluations (2000,
2002, and 2006) and the Face Recognition Grand Challenge (FRGC) (2006) [1, 3, 10].
These evaluations have provided a basis for measuring progress in face recognition,
determining the most promising approaches and identifying future research directions,
with the FERET and FRVT being the "de facto" standards.

The general purpose to design and to conduct evaluations is to assess the state
of the art, to advance the state of the art, and to point future research directions.
The key of such evaluations is the experimental protocol. The protocol defines a set
of data, how it should be used by a system to perform experiments and how the
performance should be computed (format of the results). Its design might cope with
the following precepts [3]:

1. Evaluations are designed and administered by groups that are independent
from the algorithm developers and vendors being tested.

2. Test data are separated and not seen by the participants prior to an evaluation.

3. The evaluation test design, protocol, and methodology are published.

4. Performance results are spread in a manner that allows for meaningful differ-
ences among the participants.

Precepts 1 and 2 ensure fairness of an evaluation. Precept 1 provides assurance
that the test is not designed to favor one participant over another. Independent



2.2. PROTOCOLS 13

evaluations enforces precepts 2 and 4. In addition, precept 2 ensures that systems
are evaluated for their ability to generalize performance to new data sets, not the
ability of the system to be tuned to a particular set of biometric samples. Publishing
the evaluation protocol, as recommended in precept 3, lets the readers of published
results understand how the results were computed.

The former approaches for face recognition evaluations were based on similarity
matrix. In this approach, the input to an algorithm or system being evaluated is two
sets of biometrics samples: a target set T and a query set Q. Galleries and probe
sets were constructed from the target and query sets, respectively. The output from
an algorithm was the similarity measure S(ti, qj) between all pairs of images ti from
the target set and qj from the query set, the referred similarity matrix. Performance
statistics were then computed from this matrix. However, the most recent FRVT
protocol (2006) was structured substantially different from its previous editions. On
FRVT 2006, the format for submissions was binary executables that could be run
independently on the test server. All submitted executables had to run using a
specified set of command line arguments, including an experiment parameter file,
files that contained the sets of biometric samples to be matched, and name of the
output similarity file.

The main attributes and achievements of the mentioned FRVT and FERET
evaluations were [1, 3, 10]:

FERET 1994: Until 1994, there did not exist a common evaluation protocol that
included a large data set and a standard evaluation method. This evaluation
established a baseline for face recognition algorithms and was designed to mea-
sure the performance of algorithms that could automatically locate, normalize,
and identify faces.

FERET 1995: It consisted of a single test that measured the identification perfor-
mance from a gallery of 817 individuals and included 463 duplicates1 in the
probe set (there were only 60 duplicates in the previous evaluation).

FERET 1996: The FERET protocol available nowadays comes from this edition.
A number of lessons were learned from the FERET evaluations. The first was
that performance depends on the probe category. A clear difference between
the best and the average algorithms performance could also be noted. Another
lesson was that the operational scenario considerably impacts the performance.

1A duplicate is a probe for which the corresponding gallery image was taken on a different day.
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In 2000 the entire FERET database (Section 5) was released along with the
FERET 1996 evaluation protocols, evaluation scoring code, and baseline algorithm,
which provided a good benchmark for performance of new algorithms and had a
significant impact on progress in the development of face recognition algorithms. In
general, the FERET results revealed three major problem areas: recognizing people
over time, under illumination variations, and under pose variations.

The FERET 1996 evaluation measured performance on prototype laboratory sys-
tems. After March 1997 there was rapid advances in the development of commercial
face recognition systems. These advances represented both a maturing of face recog-
nition technology and the development of the supporting system and infrastructure
necessary to create Commercial Off-The-Shelf (COTS) systems.

By the beginning of 2000, COTS face recognition systems were readily available.
To assess them, the FRVT 2000 was organized:

FRVT 2000: The protocol was the same used on FERET 1996, but the evaluation
was significantly more demanding. Participation in FRVT 2000 was restricted
to COTS systems. A greater variety of imagery was used in FRVT 2000 than
in the FERET evaluations. FRVT 2000 showed that two common concerns, the
effects of compression and recording media, do not affect performance. It also
showed that future areas of interest continue to be duplicates, pose variations,
and illumination variations generated when comparing indoor images with
outdoor images.

FRVT 2002: It was a large-scale evaluation of automatic face recognition technology.
The objective was to provide performance measures for assessing the ability of
automatic face recognition systems to meet real-world requirements. It was also
the first edition which made use of videos sequences. FRVT 2002 results showed
that normal changes in indoor lighting do not significantly affect performance
of the top systems. However, face recognition from outdoor imagery remained
a challenging area of research. It also established that the use of morphable
models can significantly improve nonfrontal face recognition. Another assertion
was that identification performance decreases linearly in the logarithm of the
size of the gallery and, in face recognition applications, accommodations should
be made for demographic information, as characteristics such as age and sex
can significantly affect performance.
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Figure 2.3: The reductions in error rate for state-of-the-art face recognition algorithms
as documented through the FERET, the FRVT 2002, and FRVT 2006 evaluations.
More details about the algorithms as well as about the protocols are available in [11].

FRVT 2006: It was the first technology evaluation that employed very-high resolu-
tion and 3-D range datasets. The human ability to recognize faces was also one
of the targets. They concluded that the ability of algorithms to recognize faces
across illumination changes has made significant progress. Another statement
was that the human visual system contains a very robust face recognition
capability that is excellent at recognizing familiar faces, but for unfamiliar faces
this capability falls dramatically. It was found that algorithms are capable
of human performance levels, and that at a FAR ranging 0.05, machines can
out-perform humans.

When research in automatic face recognition began, the primary goal was to
develop recognition algorithms. With progress in face recognition, the goal of
developing algorithms was extended to the goal of understanding the properties of such
algorithms by means of computational experiments. Such a comprehension together
with new algorithms proposals have enabled a great performance improvement on
recent face recognition technologies.

To close this Section, Figure 2.3 illustrates the mentioned performance achieve-
ments through the years. For each milestone, the FAR at a FAR of 0.001 (1 in 1000)
is given for the most state-of-the-art representative algorithms.



2.3. SYSTEM ARCHITECTURE 16

2.3 System Architecture

Over the last two decades, research has focused on how to make face recognition
systems fully automatic by dealing with problems such as localization of a face in a
given image or video sequence and extraction of features such as eyes, mouth, etc.
Meanwhile, significant advances have been made in the design of classifiers [1].

According to Li and Jain [3], a face recognition system generally consists of four
modules as depicted in Figure 2.4: detection, alignment, feature extraction, and
matching, where localization and normalization (face detection and alignment) are
processing steps before face recognition (facial feature extraction and matching) is
performed.

Figure 2.4: A typical face recognition system architecture [3].

Face detection segments the face areas from the background by coarse estimating
its location and scale in a given scene. In the case of video, the detected faces may
also need to be tracked using a face tracking component [2].

The purpose of the face alignment is to refine the location and to normalize the
faces provided by the face detection. Facial components, such as eyes, nose, mouth
and facial outline, are prior located. Based on their positions, the input face image
is normalized with respect to geometrical properties, such as size and pose, using
geometrical transforms or morphing. The face is usually further normalized with
respect to photometrical properties such as illumination and gray scale [3].

Subsequent to the alignment step, the feature extraction is performed on this
stable representation to provide effective information that is useful for distinguishing
among faces of different persons [3].

Afterwards, on the face matching stage, the extracted feature vector of the input
face is matched (similarity measurement) against those of enrolled faces in the
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database to determine the identity of the face when a match has sufficient confidence
or to indicate that the face is unknown otherwise [3].

Face localization and normalization are the basis for extracting effective features to
represent the face pattern. They play a crucial role in how efficient the classification
methods will distinguish between faces.

Some other attributes that may classify face recognition systems consider its
operational scenario. Within the possibilities significant differences exist. They are in
terms of static images or video-based, image quality, amount of background clutter,
variability of the images of a particular individual that must be recognized, matching
criterion, and the nature, type, and amount of input from a user [1].



Chapter 3

Overcoming Challenges

Although automatic face recognition techniques have been successful in many prac-
tical applications, recognition based only on the visual spectrum has difficulties
when applied in uncontrolled operating environments. Performance of visual face
recognition is quite sensitive to changes in illumination. Moreover, variations between
images of the same face due to changes in illumination and viewing directions are
typically larger than image variations raised from changes in face identity. Other
factors such as facial expressions and pose variations further complicate the face
recognition task [2]. Visual face recognition techniques have difficulty in identifying
individuals wearing makeup or disguises such as a fake nose or beard, which substan-
tially change a person’s visual appearance. In the same way, visual identification of
identical twins or faces in which the appearance has been altered through plastic
surgery is almost impossible.

To overcome such a challenges, three highlighted areas of research in face recog-
nition are: (I) the application of new sensor modalities for face imaging, (II) the
investigation of new learning techniques, and (III) the fusion of different kinds of
machine knowledge to produce better results than its individual components, ex-
tracting and combining the powerfulness of each one. The next three sections detail
some of these issues.

3.1 Sensor Modalities

Recognition of faces using different imaging modalities, such as IR and 3-D imaging
sensors has become an area of growing interest [12, 13, 14].

18



3.1. SENSOR MODALITIES 19

Due to the focus of this work in the further implemented techniques and its
experimental results on IR imagery, 3-D face range scanning is be briefly described
in next section regarding its great potential on the improvement of unconstrained
face recognition. Afterwards, in Section 3.1.2, the IR imagery issue is discussed in
details, regarding its advantages, shortcomings, and why apply it for face recognition
purposes.

3.1.1 Three-Dimensional

Because the human face is a 3-D object whose 2-D projection is sensitive to the
already mentioned changes in pose and illumination, utilizing 3-D facial information
is promising in the improvement of face recognition performance [15].

Over the past few years, a number of 3-D scanner and measurement techniques
have been developed, with laser scanners being the first commercial product for 3-D
face imaging. Thus, many researches were conducted based on this technology [13, 15].
These scanners use structured laser light to record the face image (e. g. Minolta
VIVID 910 1), where each point in a scan has a texture color (r, b, g) as well as a
location in 3-D space (x, y, z). Thus, the range images captured by the sensor contain
both surface shape and texture information (Figure 3.1(a)). The 3-D shape of facial
surface represents the facial structure, which is related to the internal anatomical
structure instead of external appearance and environment. Compared with 2-D
images, it is also more difficult to fake a 3-D image to fool the face recognition system.
In real world scenarios, similar to the current 2-D camera capture systems, 3-D
sensors provide only partial views of the face. However, during the training stage,
3-D face model can be constructed by taking several scans from different viewpoints
(Figure 3.1(b)).

Although range scanners remain expensive, as it becomes popular, it is expected
that its financial cost falls. Additionally, the probed performance and the potential
of this sensing approach increasingly stimulates research efforts in this area.

On [16], several approaches for 3-D capture are listed. Another two common
sensing techniques for 3-D face recognition that might be mentioned in time are: (i)
triangulation for depth estimation based on structured light, where a single image of
the scene illuminated by a known pattern allows 3-D and texture capture and (ii),

1Manufacturer names in this thesis are given only to specify details, and not to imply any
endorsement of a particular equipment.
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Figure 3.1: Partial scan and 3-D face model. (a) Partial face from a single capture;
(b) Full constructed 3-D model [15].

triangulation applied by a stereo pair of images. However, the last one is much more
an interesting measurement algorithmic technique rather than an alternative sensing
modality.

A drawback of 3-D sensing technology is that all the elements of the system need
to be well calibrated and synchronized to acquire accurate 3-D data. Moreover, most
of the systems require the cooperation or collaboration of the subject, which restricts
them to controlled scenarios. However, as the 3-D imaging technology is progressing
quickly, non-intrusive 3-D data capture along with texture information will become
readily available.

3.1.2 Infrared

As electromagnetic waves with length below the visible spectrum are harmful to the
human body (e.g. X-rays and ultraviolet radiation), they cannot be employed for
face recognition applications [2]. On the other side, thermal IR imagery has been
suggested as an alternative source of information for detection and recognition of
faces [2].

While visual cameras measures the electromagnetic energy in the visible spectrum
range (0.4 − 0.7μm), sensors in IR cameras respond to thermal radiation in the
infrared spectrum range at 0.7 − 14.0μm. The infrared spectrum comprises the
reflected IR and the thermal IR wavebands. The reflected IR band (0.7 − 2.4μm)
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is associated with reflected solar radiation that contains no information about the
thermal properties of materials. The Near-Infrared (NIR) (0.7 − 0.9μm) and the
Short-Wave Infrared (SWIR) (0.9 − 2.4μm) spectra are reflective and differences
in appearance between the visible and the reflective IR are due to the reflective
properties of the materials. This radiation is for the most part invisible to the human
eye [2].

The thermal IR band is associated with thermal radiation emitted by the objects.
The amount of emitted radiation depends upon both the temperature and the
emissivity of the material. The thermal IR spectrum is divided into two primary
bands: the Mid-Wave Infrared (MWIR) of the spectral range 3.0− 5.0μm and the
already mentioned long-wave infrared LWIR, which ranges from 8.0− 14.0μm [2].

Strong atmospheric absorption exists at 2.4 − 3.0μm between the SWIR and
MWIR range and at 5.0 − 8.0μm between the MWIR and LWIR band, where
imaging becomes extremely difficult. The human face and body emit thermal
radiation in both bands of the thermal IR spectrum and thermal IR cameras can
sense temperature variations in the face at a distance to produce thermograms in the
form of 2-D images. Normally, LWIR is preferred for face recognition in the thermal
IR due to much higher emissions in this band than in the MWIR [2].

One advantage of using thermal IR imaging over visible spectrum sensors arises
from the fact that the light in the thermal IR range is emitted rather than reflected.
Thermal emissions from skin are an inherent property, independent of illumination.
Therefore, the face images captured using thermal IR sensors will be nearly invariant
to changes in lighting. Such an energy can be measured in any light condition
and is less subject to scattering and absorption by smoke or dust than visible light.
The within-class variability is also significantly lower than that observed in visible
imagery.

Therefore, the infrared spectrum has been found to have some advantages over the
visible spectrum for face detection, detection of disguised faces, and face recognition
under poor lighting conditions [2].

Facial expression recognition based on thermal imaging has also been investigated.
An interesting and novel framework for face recognition is based on physiological
information. The motivation behind this effort is to capitalize on the permanency of
innate characteristics that are under the skin, using thermal IR band not only as a
way to see in the dark or reduce the deleterious effect of light variability [17].
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Thermal IR has also been used in some other applications such as the study of
skin temperature distribution for breast cancer detection, heat source recognition
for electronic parts inspection, and target detection in military applications. The
detection of suspects engaged in illegal and potentially harmful activities using
thermal images is another possibility, where symptoms of alertness and anxiety
causes abrupt changes in local skin temperature [2].

Compared to visual face recognition, efforts in face recognition using infrared
sensors have been relatively limited for a variety of reasons. Among those is the
availability and low cost of ordinary cameras and the undeniable fact that visual
face recognition is one of the primary activities of the human visual system. A
comparative performance study of multiple face recognition methodologies using
visual and thermal IR imagery was conducted in [18].

As already mentioned, visual cameras represent the reflectance information of a
face object, while thermal IR sensors measure the subsurface anatomical information.
Figure 3.2 shows visual and thermal image characteristics of faces with abrupt
variation in illumination. A face image taken under very little ambient light is
unrecognizable in Figure 3.2(c), while its counterpart thermal IR image in Figure
3.2(d) taken in the same environment reveals robust characteristics of the face
regardless the illumination. In thermal IR images, background clutter is not registered
and the task of face detection and segmentation are relatively easier and more reliable
than in visual images [2].

(a) (b) (c) (d)

Figure 3.2: Comparison of visual and thermal IR images under abrupt changes in
illumination. Visual (a) and thermal IR (b) images from the same person and their
counterparts (c) and (d) taken under very low lighting. Extracted from [2].

The human face and body temperature is quite uniform, varying from 35.5 to
37.5oC and providing a consistent thermal pattern. Skin temperature in a 21oC
ambient room has also a small range of variance between 26 and 28oC. The thermal
signature of the faces are derived primarily from the pattern of superficial blood
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vessels under the skin, whose diameter is on the order of 0.1”. The vessels transport
warm blood throughout the body and heat the skin directly above them on average
0.1oC more than the adjacent skin.

The complexity and vastness of about 5 kilometers of blood vessels in the head and
face (Figure 3.3) assures that each person’s vascular arrangement is irreproducible
and hence unique. It is also known that even identical twins have different thermal
patterns [17].

Figure 3.3: Generic map of superficial blood vessels on the face [17]. (a) Overview of
an arterial network. (b) Overview of a venous network. (c) Arteries and veins together
underneath the surface of the facial skin.

Roughly, the eyeglass region (if the person is wearing glasses) is usually associated
with the lowest temperature of the face, followed by the nose. The eyes are relatively
warmer areas, while the eyebrows, the mouth, and the cheeks often have similar
temperature ranges [19]. Figure 3.4 shows the histograms of some of these facial
components.

Fortunately, all anatomical and physiological characteristics presented are ac-
complished by the current thermal IR imaging technology. The sensitivity in such
cameras are measured by the Noise Equivalent Temperature Difference (NETD)
and cameras with NETDs about 0.01oC are broadly available (e. g. Flir Phoenix).
The passive nature of such systems decreases their complexity and increases their
reliability [2]. However, their prices are still an obstacle for commercial applications.
Different technologies can be employed to sense temperature regarding its waveband
and chemical principle. Jarvis et al. [4] provide a detailed report about them.



3.2. MULTIBIOMETRICS 24

Figure 3.4: Histograms of facial components in terms of relative intensity. The sizes
of components used in the histogram are 35x25 pixels for the eye and glasses, 24x35
pixels for the nose, and 150x120 for the face in images of size 240x320 [19].

Despite the benefits, thermal imaging has limitations in situations such as recog-
nition of a person wearing glasses or seated in a moving vehicle. Glass blocks a large
portion of thermal energy resulting in a loss of information near the eyes. Variations
in ambient or body temperature also significantly change the thermal characteristics
of the face, while the visual image features do not show a significant difference. To
accomplish with such deficiencies, studies has been conducted on the fusion of both
modalities [12, 13, 14], and the way we address thermal IR images in this thesis is
also through multispesctral fusion.

In Section 5, a more detailed explanation is given about the collection of thermal
IR images employed on this thesis experiments.

3.2 Multibiometrics

The success of face recognition systems on some civilian applications does not imply
that the problem is already solved. A brief check in Section 2.2 allows the reader
to conclude that there exists a plenty of scope for improvement in this biometric
modality. Researchers are not only looking for issues related to reducing error rates,
but they are also addressing ways to enhance the usability of such systems. A face
recognition system that operate using characteristics from a single image may have
the following limitations [7]:

Noise in sensed image: the sensed data might be noisy or distorted. A person
wearing glasses or the presence of beard are examples of noisy data. Noisy data
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could also be the result of defective or improperly maintained sensors (e.g.,
dirty camera’s lens) or unfavorable ambient conditions (e.g., poor illumination
of a user’s face). Noisy data may be incorrectly matched with templates in the
database resulting in a user being incorrectly rejected;

Intra-class variations: the face image acquired from an individual during authen-
tication may be very different from the one that was used to generate the
template during enrollment, thereby affecting the matching process (e. g. pose
changes). The varying psychological state of an individual also might result in
variations (e. g. thermal IR images of a fevered person);

Distinctiveness: while a biometric trait is expected to vary significantly across in-
dividuals, there may be large inter-class similarities on images used to represent
these traits.

Some of the limitations imposed by unimodal face recognition systems can be
overcome by using multiple biometrics modalities (such as face and fingerprint of a
person). Such systems, known as multimodal biometric systems, are expected to be
more reliable due to the presence of multiple and independent evidences [7, 20].

3.2.1 Modes of Operation

A multimodal biometric system can operate in one of three different modes: serial
mode, parallel mode, or hierarchical mode [7].

The difference between the serial and the parallel mode is crucial. In the serial
mode of operation, the output of one biometric trait is typically used to reduce
the number of possible identities before the next trait is tested. This serves as an
indexing scheme in an identification system.

The operation in the parallel mode, on the other hand, uses information from
multiple traits simultaneously to perform recognition.

In the cascade operational scheme, the various biometric characteristics do not
have to be acquired simultaneously. Thus, a decision can be established without
the acquirement of all traits, which reduces the overall recognition time. In the
hierarchical mode, individual classifiers are combined in a tree-like structure.
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3.2.2 Levels of Fusion

As presented by Figure 2.4, a face recognition system can be divided in some modules.
The flow of information through these modules decreases as it is processed and/or
fused along the steps.

In the literature, several different designations can be used to classify the same
levels of fusion. Detailed explanation about them can be found in [7, 21, 22]. Figure
3.5 shows the information fusion taxonomy proposed by Jain et al. [21].

The main distinction regarding the levels of fusion takes into account if they are
carried out prior or post the classification. The pre-classification fusion refers to
combining information before the application of any classifier or matching algorithm,
while in post-classification fusion the information is combined only after the decisions
of the classifiers are obtained.

Figure 3.5: Taxonomy of information fusion [21].
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According to a somewhat consensus, the levels of fusion can be depict in 4
categories [21]:

Sensor level: the raw data from sensors is combined. Depending on the application,
there are two main methods to accomplish this: weighted summation and
mosaic construction. In Figure 3.6, for example, the weighted summation can
be employed to combine visual (3.6a) and infrared (3.6b) images into a single
image (3.6c);

Feature level: the data obtained from each biometric modality is used to compute a
single feature vector. If the features extracted from one biometric indicator are
independent of those extracted from the other, it is reasonable to concatenate
the two vectors into a single new vector, provided that the features from
different biometric indicators are in the same measurement scale;

Score level: fusion at the matching score (measurement or rank) level consider the
similarity score provided by each biometric matcher. These scores are then
combined to assert a final confidence measurement;

Decision level: at this level, also known as abstract level, each biometric system
makes its recognition decision based on its own input feature vector. Then,
several techniques can be employed to fuse the individual decisions into a final
unique decision.

(a) V (x, y) (b) T (x, y) (c) F (x, y)

Figure 3.6: Data fusion of visual and thermal images. (a) Visual image, (b) Thermal
image, and (c) Average intensity image of (a) and (b) [19].
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The integration prior the classification assumes a strong interaction among the
input measurements and such schemes are referred to as tightly coupled integrations.
The loosely coupled integration, on the other hand, assumes very little or no interaction
among the inputs and integration occurs at the output of the classifiers, each
independently estimating the inputs from its manner [7].

Despite the faith that a combination scheme applied as early as possible in the
recognition system can be more effective, performing a combination at the data
or feature level is more difficult because the relationship between the domains of
different biometric systems may not be known and the representations may not be
compatible. Additionally, a multimodal system may not have access to the input
data of individual classifiers because of their proprietary nature. In such cases,
fusions at the matching score or decision levels are the only options. Because of
these difficulties, a few papers have been published reporting results on the fusion at
the sensor or the feature level [21].

3.2.3 Score Normalization

Fusion at the matching score level can be approached in two distinct ways. In the
first approach the fusion is viewed as a classification problem, while in the second
approach it is viewed as a combination problem [21]. In the classification approach,
a feature vector is constructed using the matching scores output from the individual
matchers; this feature vector is then classified into one of two classes: Accepted
(genuine user) or Rejected (impostor). In the combination approach, the individual
matching scores are combined to generate a single scalar score which is then used to
make the final decision. Despite the benefits of the combination approach showed in
some studies [23], no single fusion scheme is good under all circumstances [21].

To combine scores from different matchers into a single one, it is necessary
to consider some issues. The matching scores at the output of the individual
classifiers may not be homogeneous. For example, one classifier may output a
distance (dissimilarity) measure while another may output a proximity (similarity)
measure. The outputs of the individual classifiers may also not be on the same
numerical scale (range). Furthermore, the matching scores of the classifiers may
follow different statistical distributions. Concerning these issues, score normalization
is necessary to transform the scores of the individual classifiers into a common domain
before combining them.
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A good normalization scheme must be robust and efficient with respect to the
location and the scale of the matching score distribution. Robustness refers to
insensitivity to the presence of outliers, while efficiency refers to the proximity the
normalized scores present with respect to the optimal estimate derived from the data
distribution [21].

The simplest normalization technique is the Min-Max. It is best fitted in cases
where the bounds of the scores are known. However, it can be employed in new and
not bounded cases based on a prior matching distribution. Given a set of matching
scores sk, k = 1, 2, ..., n, the normalized scores are given by

s′k =
sk −min
max−min (3.1)

Min-max normalization preserves the original distribution of scores except for a
scaling factor and transforms all the scores into a common range [0, 1]. Therefore,
it is not considered a robust technique due to its sensitiveness to the presence of
outliers.

Among a number of normalization techniques, two approaches that are considered
robust and efficient are: double sigmoid function and tanh-estimators [21]. With
double sigmoid function the score is normalized by

s′k =

⎧⎪⎨
⎪⎩

1
1+exp(−2((sk−t)/r1)) if sk < t

1
1+exp(−2((sk−t)/r2)) otherwise

(3.2)

where t is the reference operating point and r1 and r2 denote the left and right edges
of the region in which the normalization is linear. It also transforms the scores into
the [0, 1] interval, but it requires careful tuning of the parameters to obtain good
efficiency. Normally, t is chosen to be some value in the region of overlap between
the genuine and impostor score distributions, and r1 and r2 are made equal to the
extent of overlap between the two distributions.

By means of the tanh-estimators the score is normalized with

s′k =
1
2

{
tanh

(
0.01

(
sk − μGH
σGH

))
+ 1
}

(3.3)

where μGH and σGH are the mean and standard deviation estimates, respectively,
of the genuine score distribution as given by the Hampel estimators [21]. These
estimators are based on the influence function
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ψ(u) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

u 0 ≤ |u| < a,
a sgn(u) a ≤ |u| < b,
a sgn(u)

(
c−|u|
c−b
)
b ≤ |u| < c,

0 |u| ≥ c.

(3.4)

This function reduces the influence of the points at the tails of the distribution
which are identified by the variables a, b, and c. Hence, this method is not sensitive
to outliers. If the influence of a large number of tail-points (outliers) is reduced, the
estimate is more robust, but not efficient. On the other hand, if many tail-points
influence the estimate, it becomes less robust, but the efficiency increases. Therefore,
the parameters a, b, and c must be carefully chosen as a trade-off between these
two characteristics. The nature of this normalization is such that the genuine score
distribution in the transformed domain has a mean of 0.5 and a standard deviation
of approximately 0.01. The constant 0.01 in the expression determines the spread of
the normalized genuine scores [21].

3.3 Machine Learning Techniques

There are two main topics to concern when dealing with face recognition algorithms.
The first one is to construct a "good" face representation space in which the descriptive
data become as linearly separable and convex as possible. This includes two levels of
processing: (i) normalize face images geometrically and photometrically, for instance,
using morphing and histogram equalization; and (ii) extract features from these
images which are stable with respect to the natural variations of faces [3].

The second topic is to come up with classifiers that are able to solve difficult
nonlinear classification and regression problems in the feature space with good
generalization. Although a good normalization and feature extraction reduces the
nonlinearity and nonconvexity, they do not solve the problems completely. Hence,
classification engines that are able to deal with such difficulties are still necessary to
achieve high performance. A successful framework usually combines both strategies
[3].
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3.3.1 Face Representation

The former techniques to represent faces, which use geometric attributes of face
features (e.g., the distances between important points such as eyes, nose, mouth),
have the advantage of economy and efficiency when achieving data reduction and
insensitivity to variations in illumination and viewpoint. Nevertheless, facial feature
detection and geometric measurement techniques developed to date can not cope
with reliable geometric feature-based recognition. The reason why early techniques
are not effective is that rich information contained in the facial texture or appearance
is discarded when only geometric attributes are considered [3].

Appearance-based approaches, such as Principal Component Analysis and Linear
Discriminant Analysis (LDA) [24, 25], had significantly advanced face recognition
techniques. Such approaches generally operates directly on an image-based repre-
sentation (i.e., array of pixels intensities) from where they extract features to a new
derived subspace.

Despite the fact that these linear and holistic appearance-based methods avoid
the instability of the early geometric feature-based methods, they are not accurate
enough to describe subtleties of original manifolds2 in the original image space.
This is due to their difficulty in handling with all nonlinearity and nonconvexity
represented by unrestricted faces instances. Such linear methods can be extended by
using nonlinear kernel techniques, such as kernel PCA and kernel LDA, to deal with
nonlinearity in face recognition [3, 26]. In these techniques, a nonlinear projection
(dimension expansion) from the image space to a feature space is performed. The
manifolds in the resulting feature space becomes more simple, yet with its details
preserved. Although kernel methods may achieve good performance on the training
data, it may not be so for unknown data due to the flexibility and the overfitting
that would be achieved thereof [3]. This kernel issue is briefly described in Section
4.3.4.

Another approach to handle with nonlinearities is to construct a local appearance-
based feature space using appropriate image filters so the distributions of faces
are less affected by changes. Local Features Analysis (LFA), Elastic Bunch Graph
Matching (EBGM), and Local Binary Pattern (LBP) are some of the approaches that
have been used to address this assumption [1, 2, 3, 27]. These algorithms usually
combine geometric feature detection with local appearance feature extraction with

2A manifold is a mathematical space in which every point has a neighborhood which resembles
Euclidean space, but in which the global structure may be more complicated.
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the intention to increase stability of recognition performance under adverse scenarios.
Due to they rely both on feature- and appearance-based characteristics, they are are
called hybrids.

Figure 3.7 shows a taxonomy presented by Li and Jain [3] for face recognition
algorithms with respect to pose dependency and the features being used to represent
the faces.

Figure 3.7: Taxonomy of face recognition algorithms based on pose-dependency, face
representation, and features used in matching [3].

3.3.2 The Face Recognition Problem

The relationship between face representation and classification methods could lead to
a somehow misunderstanding. When a discriminative feature space (representation) is
reached, the classification engine can be as simples as the Euclidian or the L1 distances.
However, as the nonlinearity on the feature space grows, more sophisticated classifiers
are demanded. Examples of approaches to deal with more intricate problems are the
Bayesian, the Dynamic Link Architecture (DLA) used in the EBGMs, the HMMs,
the Neural Networks, and the SVMs. Usually, such sophisticated techniques are
based on training samples from where the knowledge to distinguish between faces is
taken from.

While classical pattern recognition problems, such as character recognition, have
a limited number of classes, typically less than 50, with a large number of training
samples available for each category, the face recognition problem have a relatively
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small number of face images for training and a large number of possible classes
of faces. Therefore, the lack of training samples representing the huge amount of
possible faces and scenarios setups is the main reason why face recognition training-
based algorithms still can not achieve such a good generalization under unconstrained
environments.

However, despite training-based classifiers can not take into account training sets
which provides all possible face variations, the prior knowledge learned from available
face databases has been enabling many successful algorithms for face detection and
matching [3].

3.3.3 Well-Known Techniques

The actual number of face recognition approaches is so huge that it would be
impossible to enumerate them all. However, the emerging amount of possibilities is
more related with different features being extracted than with the feature extraction
or the classification procedures. In this Section, a description about few commonly
used learning techniques is provided. The purpose is not to cover them in details,
but to give conceptual ideas about renowned approaches being used to recognize
faces. As the specificities of PCA and SVM are reviewed on Chapter 4, they are not
listed below.

Linear Discriminant Analysis: Using PCA, a face subspace is constructed to
represent optimally the face, while using LDA, a discriminant subspace is
constructed to distinguish optimally faces of different persons. Although one
might think that LDA should always outperform PCA, since it deals directly
with classes discrimination, empirical evidence suggests that when the number
of samples per class is small or when the training data nonuniformly samples
the test data distribution, PCA might outperforms LDA [25].

Independent Component Analysis: While PCA finds a set of orthogonal basis
for face images of which the transformed features are uncorrelated, ICA seeks
non-orthogonal basis that are statistically independent or as independent
as possible, generalizing the concept of PCA to higher order image statistics
relationships. ICA basis vectors are more spatially local than PCA basis vectors,
and local features give better face representations. This local representation
reduces the sensitivity of face variations such as small occlusions or pose changes
[2].
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Hidden Markov Models: Also known just as HMMs, this technique has been
successful in modeling temporal information in many speech, image, and video
applications. An HMM models a sequence of observations by assuming that
there is an underlying sequence of states drawn from a finite state set. When
applied for face recognition, it belongs to the class of the hybrids methods.
Without finding the exact locations of facial features, HMM based methods
use stripes of pixels that cover the forehead, eye, nose, mouth, and chin to
formulate the states. These stripes can supply observations from its raw pixels
data or from coefficients derived through transformation such as PCA [1, 2].

AdaBoosting: A finding to tackle the feature selection for nonlinear problems is
the AdaBoost methods. The boosting approach has been used successfully in
many applications and leads to a framework for learning both effective features
and effective classifiers. In boosting, a number of weak classifiers are combined
to form a final strong classifier in an iterative procedure [3, 27, 28].

Neural Networks: Neural Network (NN) approaches have been widely explored
for face recognition. One of the formers techniques used a single-layer adaptive
network containing a separate network for each stored individual. Hybrid
NNs have also been proposed as a combination of local image sampling, a
Self-Organizing Map (SOM) NN, and a convolutional NN. The probabilistic
decision-based NN has also effectively been applied with this purpose [1]. More
recent researches suggest the use of a non-convergent chaotic NN to recognize
human faces [29]. The fusion of NNs whose outputs are combined to make a
final decision on classifying a face, or the integration of NNs with statistical
approaches (e.g. PCA space, non-negative matrix factorization) are two other
suggested possibilities [29]. As with the other learning approaches, there are a
profusion of NNs methods which learns from faces. Once again, they are much
more related with different features representations than with the learning
theory behind them. One shortcoming of NNs is related with the increasing of
the number of people to be recognized. In general, NNs encounter problems
when the number of classes increases. Despite the promising performance, the
training difficulty has to be further investigated.

Elastic Bunch Graph Matching: Aimed at solving the conceptual problems of
conventional NNs, the EBGM approach is based on the neural information
processing concept, the DLA. In EBGM, comparing two faces corresponds
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to matching and adapting grids taken from two distinct images. In such a
procedure, rotation in depth is compensated by elastic deformation of the
graphs [2, 30].

3-D Approaches: The main advantage of using 3-D data is that depth information
does not depend on pose and illumination and therefore the representation of
the object does not change with these parameters. The first contributions to
the field were mainly based on the extraction of a curvature representation of
the face. Another family of approaches rely on a transformation which maps
the geodesic distances between a certain numbers of sample points on the facial
surface to less complex distances, such as Euclidean. In the 3-D model-based
approaches the main idea is to fit distinct models, or a synthesized image to
a model. This fitting leads to a measurement which is used to recognize the
person. In this way, recognition can be based on the model’s coefficients or some
other feature- or appearance-based approach. A famous technique for surface
matching is called Iterative Closest Point (ICP), which aims at finding the best
correspondence between points from two surfaces. Despite their advantages, a
drawback of 3-D model-based approaches is the high computational burden on
the synthesizing and fitting procedures [13, 15, 30, 31].

As previously mentioned, there are many studies emerging every year propos-
ing different methods for face recognition. Chapter 6 presents details about the
two new methods covered in the experiments. Actually, Multispectral fusion has
been investigated before, but not with focus on providing results about classifiers
dependency and score normalization techniques. The SVM approach, however, is
believed to be new due to its feature extraction and face representation procedures.
The explored training setups and additional observations about dealing with SVMs
have also the intention to provide new information about issues related to the SVMs
experimentation.



Chapter 4

Adopted Recognition Techniques

Faces are usually represented by digital images whose dimension mn related to the
number of pixels is a high number even for small images. Methods which operate in
this pure representation has a number of potential shortcomings, most of them related
to the well-known curse of dimensionality. However, much of the surface of a face is
smooth and has regular texture, which means that the value of a pixel is typically
highly correlated with the values of its neighbors. Moreover, faces constraints such as
symmetry can be also considered somehow a kind of redundancy in its representation
[3].

The sensing of faces represented as high-dimensional arrays of pixels often belong
to a manifold of lower dimension. As a consequence, face recognition and computer
vision research in general has shown increasingly interest in techniques that take
advantage of this observation and apply algebraic and statistical tools to extract and
analyze such manifolds. The features in these manifolds (i.e., subspaces) provide
more prominent and richer information for recognition than the raw image. The
use of subspace modeling techniques has significantly advanced face recognition
technology [3].

To deal with the dimensionality problem, two different approaches are presented:
PCA and Census Histograms (CH). To classify the features determined by the PCA,
distance measurements are employed. On the other hand, to establish similarities
from the CH feature space, SVMs are used.

36
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4.1 Principal Component Analysis

One of the most versatile approaches for face recognition is derived from the statistical
technique called Principal Component Analysis [32]. Popularized by Turk and
Pentland [24], the use of PCA to represent faces is based on the idea that face
recognition can be accomplished with a small set of features that best approximates
the set of known facial images. Application of PCA for face recognition proceeds by
first performing PCA on a set of training images of known human faces. From this
analysis, a set of principal components is obtained, and the projection of the test
faces on these components is used in order to compare them with each previously
projected faces (i.e., the database). This leads not only to computational efficiency,
but also makes the recognition more general and robust.

PCA is a dimensionality reduction technique based on extracting the desired
number of principal components of the multidimensional data. The first principal
component is the linear combination of the original dimensions that has the maximum
variance. Hence, the nth principal component is the linear combination with the
highest variance subjected to being orthogonal to the n−1 first principal components.

These principal components, or basis vectors in the transformed space, can be
calculated in the following way [32]. Let X be the N×M data matrix whose columns
x1, ..., xM are observations of a signal embedded in R

N . The PCA basis Φ is obtained
by solving the eigenvalue problem

Λ = ΦTΣΦ (4.1)

where Σ is the covariance matrix of the data,

Σ = 1
M

M∑
i=1
xix
T
i (4.2)

Φ = [φ1..., φm]T is the eigenvector matrix of Σ, and Λ is the diagonal matrix with
eigenvalues λ1 ≥ ... ≥ λN of Σ on its main diagonal. In this manner, φj is the
eigenvector corresponding to the jth largest eigenvalue, being λj also the variance of
the data projected on it.

Hence, to extract k principal components of the data, one must project the data
onto Φk - the first k columns of the PCA basis Φ which correspond to the k highest
eigenvalues of Σ. This can be seen as a linear projection R

N → R
k, which retains

the maximum energy (i.e., variance) of the signal. Another important property of
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PCA, is that it decorrelates the data, with the covariance matrix of ΦTkX always
being diagonal. This comes from the orthogonality of the principal components Φ
previously mentioned [32].

The idea of PCA is shown in Figure 4.1(a), where the axis labeled φ1 corresponds
to the direction of maximum variance and is chosen as the first principal component
thereof. In a two-dimensional case, the second principal component is the remaining
perpendicular axis φ2. However, in a higher-dimensional space, the selection process
would continue dictated by the variances of the projections. Figure 4.1(b) show
how the original data is expressed only with the first principal component. Even
being the most discriminant way for a one-dimensional projection of the dataset, it
is possible to note some loss of information.

(a) PCA Basis (b) PCA reduction to 1D

Figure 4.1: The outline of PCA. (a) The solid axis represent the original basis, while
the dashed axis represents the PCA basis. (b) The projection of the data using only
the first principal component [32].

When the matrixX is small, PCA is rather non expensive to calculate. However, as
X grows, the computation of Σ (eq.4.2) becomes quite expensive. Fortunately, PCA
may be implemented via an iterative method called Singular Value Decomposition
(SVD) [32]. The SVD of an N ×M matrix X(N ≥M) is given by

X = UDV T (4.3)

where the N ×M matrix U and the M ×M matrix V have orthonormal columns,
and the M ×M matrix D has the square root of the eigenvalues of XXT on its
diagonal entries, the singular values of X.
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It can be shown that U = Φ, so SVD allows efficient and robust computation of
PCA without the need to estimate the data covariance matrix. When the number of
examples M is much smaller than the dimension N , this is a definitive advantage.

4.1.1 From Faces to Feature Space

In the context of face recognition, the variables from the previous section M and
N = mn are the number of available training images of faces and the number of
pixels of these images, respectively.

It is important to observe that each face has to be normalized in terms of rotation
and scaling. This is normally carried out based on the location of the eyes. Despite
the evidences about the principal components, it is recommended that the images
be also illumination normalized due to the holistic property of such method. The
following steps illustrates the outline of PCA for face recognition [24]:

1. Express each of the M training faces as one-dimensional vectors Γ of length N
such that the rows of pixels in the image are concatenated one after the other;

2. Subtract the average face Ψ = 1
M

∑M
n=1 Γn of each Γ such that Xi = Γi − Ψ.

This leads the mean on X to become zero;

3. Calculate the data covariance matrix Σ from X (equation 4.2);

4. Determine the eigenvalues Λ and eigenvectors Φ according to equation (4.1);

5. Select the Φk principal components concerning the highest k eigenvalues of Σ
or adopting other empirical-based approach [25, 33].

Because the vectors Φk are the eigenvectors of the covariance matrix corresponding
to the original face images, and because they are face-like in appearance, they are
called “eigenfaces”. Figure 4.2 shows an example of the average face and seven top
eigenfaces.

Figure 4.2: Eigenfaces: the average face on the left, followed by seven top eigenfaces.
Extracted from [32].
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Once the eigenfaces are created, the identification becomes a pattern recognition
task. A new face image Γ is transformed into its eigenface (projected into the face
space) by the operation Ω = Φk(Γ − Ψ), which is a set of point-by-point image
multiplications and summations, with the elements of Ω describing the contribution
of each eigenface in representing the input face image.

To reach the dimensionality reduction, the basis vectors can be truncated not
only from the front, but also from the back or any other position of the eigenvector
matrix. Former researches suggests that front eigenvectors corresponds to not useful
information, such as lighting variations, and the back eigenvectors corresponds to
noise in the images [25, 33]. Thus, not only highly correlated face data (e.g., texture
and symmetry), but also undesirable information can be eliminated.

4.1.2 Similarity Measurement

Due to the fact that PCA eliminates all of the statistical covariance in the transformed
feature space, distance measures can be exploited as a confident way to predict
similarity.

The simplest method for determining which face class provides the best description
of an input face image p is to find the face class g that minimizes the distance
D = ||Ωg − Ωp||, where Ωg and Ωp are arbitrary eigenfaces from the galery and the
probe sets respectively. A face is classified as belonging to class g when the minimum
D is bellow some chosen threshold t. Otherwise, the face is classified as “unknown”.

As already mentioned, the Euclidean distance, also known as 2-Norm or L2
Distance, is the most common similarity measurement employed on PCA. It derives
from the family of the LP distances with P particularly set to 2. Given a probe Ωp
and a gallery Ωg, the LP distance can be define as

LP(p, g) = P

√√√√ N∑
i=1
|Ωpi − Ωgi|P (4.4)

Among other metrics, the L1 distance (where P = 1) has also been proposed to
assess the similarity of faces. Such a distance is also called 1-Norm, City Block, or
Manhattan distance.

Another well-known and effective group of distances is related to measurements
taken from the Mahalanobis space [34], which is a space where the variance along each
dimension is one. Therefore, to transform an eigenface into the Mahalanobis feature
space it is necessary to divide each coefficient in the vector by its standard deviation,
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which is the square root of the corresponding eigenvector. This transformation yields
a feature space with unit variance in each dimension.

A probe and a gallery eigenvector can be compared with the distances mentioned
above, which leads to the Mahalanobis L1 and the Mahalanobis L2 distances.
Nevertheless, a very common approach in the Mahalanobis space is carried out by
computing the Cosine or the angle between the already transformed Ωp and Ωg.
These operation is made based on the dot product properties (Section 4.3.1), and
can be defined as

MC(p, g) =
Ωp.Ωg
|Ωp|.|Ωg| (4.5)

and
MA(p, g) = arccos

(
Ωp.Ωg
|Ωp|.|Ωg|

)
(4.6)

which leads to the called Mahalanobis Cosine and Mahalanobis Angle distances.
To close this section, the concept of k-Nearest Neighbor (kNN) [35] is briefly

described. In a scenario where the gallery G is formed by more than one sample per
subject, it may be interesting to turn on a majority voting scheme considering the
kNN from the probe Ωp. Thus, the identity of p can be assigned to the most common
subjects in G amongst its k nearest neighbors. This technique is well used in many
applications and can be employed with any of the reviewed distance metrics.

4.2 Census Histograms as Face Features

The representation of faces for the SVM learning process in the literature varies from
using the raw image data [36, 37] to combining extracted facial components into a
single vector [38]. Another approach, which seems to be more popular, is to apply
PCA in the training set before submitting the data to the SVM [5, 39]. ICA in the
place of PCA has also been assessed [40].

In this thesis, the Census Histograms (CH) is applied as the proposed model to
describe faces to the SVM. The CH is a technique based on the Census Transform
that leads to a structural description of the images and has been successfully used in
many practical applications [8, 41].

The features used as the basis of the SVMs inputs can be defined as structure
kernels of size 3×3 which summarize the local spatial image structure. Therefore, they
are called Local Structure Features. Within such kernels, the structure is expressed
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as binary information {0, 1} and the resulting binary patterns can represent oriented
edges, line segments, junctions, ridges, saddle points, etc [8]. On the referred 3× 3
lattice, there exist 29 = 512 possible kernels1, and the matching kernel can thus be
used to describe each position of a given image. Figure 4.3 shows some examples of
structure kernels.

Figure 4.3: A randomly chosen subset of 25 out of 29 − 1 possible Local Structure
Kernels in a 3× 3 neighborhood [8].

The Census Transform (CT) is a non-parametric local transform which was first
proposed in [6] and follows the principle of structure kernels. It can be thought
as an ordered set of intensities comparisons between a center pixel and its local
neighborhood. Despite the size of the local neighborhood is not restricted, it is
usually assumed as a 3× 3 region. Let N (x) denote a local spatial neighborhood of
the pixel x so that x �∈ N (x). The goal of CT is to generate a bit string representing
which pixels in N (x) have an intensity lower than I(x). Concerning that pixel
intensities are always zero or positive, the formal definition can be stated as follows:
Let a comparison function ζ(I(x), I(x′)) be 1 if I(x) < I(x′) and let ⊗ denote the
concatenation operation, the Census Transform at x is defined as

C(x) = ⊗y∈N ζ(I(x), I(y)) (4.7)

1Actually, there are only 29 − 1 reasonable kernels out of the 29 possible ones. This is because
the kernel with all elements 0 and that with all 1 convey the same information (all pixels are equal)
and so one is excluded.
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Figure 4.4: Example of the illumination invariance of the Census Transform. Despite
the illumination in the second synthetically changed image varies considerably, the
transformation results almost the same. Here the CT image is visualized taking kernel
indexes as gray values [8].

It is important to observe that all bits of C(x) have the same significance level.
Furthermore, different from linear transforms, the CT is not related to intensity or
similarity. In fact, C(x) may be interpreted as the index of a structure kernel defined
on N (x) with the center set to zero and the other kernel components (i.e., pixels)
representing the outcome of the census comparisons ζ(.). This is the way Census
Transform is connected to local structure kernels.

An image transformation which preserves the order of its arguments is stable with
respect to the application of a linear and monotonic changing on the reflectance
R(x) due to illumination. This means that the Census Transform, which relies on
the local intensity order, is unaffected by linear lighting variance [8]. In Figure 4.4
an illustrative example is provided, where the Census Transform is visualized as an
index image with the kernel index determining the pixel intensity.

A Census Histogram is simply a histogram built from Census Features and
expresses the structure kernels distribution in a given image region. Based on [27],
the proposed method leads to the Difference Space (Section 4.3.5) by computing and
summing the L1 distance (as in Section 4.4 with P = 1) between each bin of two
Census Histograms from the same region of different face images.
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The procedure is based on a scanning window which shifts and changes its
scale over pairs of images, extracts the local Census Histograms and compute the
dissimilarity between two corresponding local histograms. If both images are from
the same identity, the dissimilarity measurements are labelled as positive features,
otherwise as negative features. This scanning window leads to a sequence of regions
R0, R1, ..., Rm. Assuming cl(x, y) as a census labelled image, a histogram of a region
m can be defined as

Hm,i =
∑
x,y

I{cl(x, y) = i} subject to (x, y) ∈ Rm (4.8)

where i represents the bins of the histogram, i.e., the kernel indexes.
After all, the resulting L1 dissimilarity between pairs of Census Histograms from

corresponding regions of two different images comprises a SVM input vector.

4.3 Support Vector Machines

Commonly considered as the first practical derivation of statistical learning theory,
Support Vector Machines (SVM) represents at the present time a field of research
that has a large choice of topics to work on, and many of the issues are conceptual
rather than merely technical [26, 42]. Over the last years, its scope has widened
significantly, both in terms of new algorithms, such as kernel methods, and in
terms of a deeper theoretical understanding [26]. It has become clear that kernel
methods provide a framework to deal with profound issues in machine learning
theory. Meanwhile, successful applications have demonstrated that SVMs not only
have a better foundation than artificial neural networks, but are able to serve as a
replacement for neural networks that perform as well or better in a number of fields
[26].

In this thesis, the covered theory is introductory and the discussed concepts is
narrowly related to SVMs for pattern recognition problems. A considerable part of
this Section was condensed from the extensive study of SVMs provided by Schölkopf
and Smola [26].
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4.3.1 Basic Concepts

One of the fundamental problems of learning theory is stated as: given two classes
of known objects, assign one of them to a new unknown object. Considering a given
empirical data set, this problem can be formalized as follows [26]:

(x1, y1), ..., (xm, ym) ∈ X × {±1} (4.9)

Here X is some nonempty set usually referred to as the domain from where the
patterns xi (also known as cases, inputs, or instances) are taken, and yi are called
labels, targets, or outputs. In such a problem, there are only two classes of patterns,
which for mathematical convenience are labelled by +1 and −1. This is a particularly
simple situation, referred to as (binary) pattern recognition or (binary) classification.

In learning, the purpose is to be able to generalize the categorization of patterns
to unknown data points. In the case of pattern recognition, this means that given
some new pattern x ∈ X , the corresponding y ∈ {±1} has to be predicted. In other
words, it indicates that a y has to be chosen such that (x, y) is in some sense similar
to the training examples, which leads to the notions of similarity in X and in {±1}.
The choice of this similarity measure for the inputs lies at the foundations of the
machine learning area.

A simple type of similarity measure that is of particular mathematical appeal is
the dot product. Given two vectors x, x′ ∈ R

N , the canonical dot product is

〈x,x′〉 =
N∑
i=1

[x]i[x′]i (4.10)

where [x]i denotes the ith element of x.
Also referred to as inner product or scalar product, the geometric interpretation

of the canonical dot product is that it computes the cosine of the angle between the
vectors x and x′, provided they are normalized to length 1. In addition, it allows
computation of the length (or norm) of a vector x as

||x|| =
√
〈x,x〉 (4.11)

Similarly, the distance between two vectors is computed as the length of the
difference vector. Therefore, being able to compute dot products amounts to being
able to carry out all geometric constructions that can be formulated in terms of
angles, lengths and distances.
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In order to be able to use a dot product as a similarity measure, the patterns need
to be represented as vectors in some dot product space H. To this end, the map

Φ :X → H
x→ x = Φ(x) (4.12)

is used [26]. Even if the original patterns exist in a dot product space, it may still be
desirable to considered more general similarity measures by applying a nonlinear Φ,
which can lead to a more suitable representation of the given problem. Henceforth,
the space H is called feature space. To summarize, embedding the data into H via Φ
has three benefits [26]:

1. It lets define a similarity measure from the dot product in H,

k(x, x′) = 〈x, x′〉 = 〈Φ(x),Φ(x′)〉 (4.13)

2. It allows to deal with the patterns geometrically, and thus lets study learning
algorithms using linear algebra and analytic geometry.

3. The independent choice of the mapping Φ enables the design of a large variety
of similarity measures and learning algorithms.

With the representation and similarities above in mind, a simple pattern recog-
nition learning algorithm can be described. Assuming that the data are embedded
into a dot product space H, the basic idea of the algorithm is to assign a previously
unseen pattern to the class with closer mean. In this way, it starts by computing the
means of the two classes in feature space

c+ = 1
m+

∑
{i|yi=+1}

xi (4.14)

c− =
1
m−

∑
{i|yi=−1}

xi (4.15)

where m+ and m− are the number of existent positive and negative labelled examples,
respectively. Half way between c+ and c− lies the point c = (c+ + c−)/2, and thus,
the class of x is computed by checking whether the vector x− c connecting c to x
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encloses an angle smaller than π/2 with the vector w = c+− c− connecting the class
means. This lead to

y = sgn〈(x− c),w〉
= sgn〈(x− (c+ + c−)/2), (c+ − c−)〉
= sgn(〈x, c+〉 − 〈x, c−〉+ b) (4.16)

where b is an offset defined by

b = 1
2(||c−||

2 − ||c+||2) (4.17)

with the norm ||x|| =
√
〈x,x〉. If the class means have the same distance to the

origin, then b = 0.
It is important to note that (4.16) produces a decision boundary which has the

form of a hyperplane (Figure 4.5). That is, a set of points that satisfy a constraint
expressible as a linear equation.

Figure 4.5: A simple geometric classification algorithm: given two classes of points
(depicted by ’o’ and ’+’), compute their means c1, c2 and assign a test pattern x to
the one whose mean is closer. This can be done by looking at the dot product between
x − c (where c = (c1 + c2)/2) and w = c1 − c2, which changes sign as the enclosed
angle passes through π/2. The corresponding decision boundary is a hyperplane (the
dotted line) orthogonal to w. From [26].
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It is worth to rewrite (4.16) in terms of the input patterns xi, using the kernel k to
compute the dot products. As (4.13) only computes dot products between vectorial
representations xi of inputs xi, it is necessary to express the vectors ci and w in
terms of x1, ...,xm. To this purpose, the substitution of (4.14) and (4.15) into (4.16)
leads to the decision function [26]

y = sgn
⎛
⎝ 1
m+

∑
{i|yi=+1}

〈x,xi〉 − 1
m−

∑
{i|yi=−1}

〈x,xi〉+ b
⎞
⎠

= sgn
⎛
⎝ 1
m+

∑
{i|yi=+1}

k(x, xi)− 1
m−

∑
{i|yi=−1}

k(x, xi) + b
⎞
⎠ (4.18)

and likewise, the offset becomes

b = 1
2

⎛
⎝ 1
m2−

∑
{(i,j)|yi=yj=−1}

k(xi, xj)− 1
m2

+

∑
{(i,j)|yi=yj=+1}

k(xi, xj)
⎞
⎠ (4.19)

The classifier given by equation (4.18) is quite close to a SVM classifier. Both
take the form of kernel expansions on the input domain,

y = sgn
(
m∑
i=1
αik(x, xi) + b

)
(4.20)

In both cases, the expansions correspond to a separating hyperplane in a feature
space. In this manner, αi can be considered a dual representation of the hyperplane’s
normal vector. Both classifiers are example-based in the sense that the kernels are
centered on the training patterns, which means that one of the two arguments of the
kernel is always a training pattern. A test point is then classified by comparing it to
all the training points that appear in (4.20) with a nonzero weight [26].

The SVM algorithm differs from (4.16) mainly in the selection of the patterns on
which the kernels are centered and in the choice of weights αi that are placed on the
individual kernels in the decision function. However, not all training patterns will
appear in the kernel expansion in SVMs (there will be αi = 0), and the weights of
the kernels in the expansion will no longer be uniform within the classes – concerning
that according to 4.16 and 4.20, αi has a dual and uniform representation being
either αi = (1/m+) or αi = (1/m−) depending on the class to which the pattern
belongs [26].
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In the feature space representation, this statement corresponds to saying that the
normal vector w of the decision hyperplanes can be represented as general linear
combinations (i.e., with non-uniform coefficients) of the training patterns. With
this assumption, it is possible to remove the influence of patterns that are very far
away from the decision boundary since it is expected that they will not improve
the generalization error of the decision function, or since is desirable to reduce the
computational cost of evaluating the decision function (4.20). The hyperplane will
then only depend on a subset of training patterns called Support Vectorss (SVs) [26].

4.3.2 Excerpts from Statistical Learning Theory

As previously stated, the objective in a two-class pattern recognition is to infer a
function

f : X → {±1} (4.21)

based on the input-output training data.
Figure 4.6 shows a simple example of different models applied to classify the

same problem. The task is to separate the solid dots from the circles by finding a
function which takes the value 1 on the dots and −1 on the circles. In the rightmost
plot, the classification function correctly separates all training points. However,
it is unclear if the same would happen for test points which stem from the same
underlying regularity. For example, new test points lying close to one of the two
outliers located in the middle of the opposite class. Perhaps it is better not to allow
the decision function to come up with own custom-made regions for them, which
leads to a simpler model. The leftmost picture shows an almost linear separation of
the classes. This separation, however, not only misclassifies the above two outliers,
but also a number of easy points which are so close to the decision boundary that the
classifier should be able to get them right. At last, the central picture represents a
trade-off by using a model with an intermediate complexity, which gets most points
right, without trusting too much in any individual point [26].

Statistical learning theory is aimed at placing these intuitive arguments in a
mathematical framework. To this end, it studies the mathematical properties of the
function class that a learning machine can implement.

Assuming that the data are generated independently from some unknown (but
fixed) probability distribution P (x, y) (Independent and Identically Distributed), the
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Figure 4.6: A simple example of different models. The models vary in complexity,
ranging from a simple one (left), which misclassifies a large number of points, to a
complex one (right), which believes in each point and comes up with solution that is
consistent with all training points, but may not work well on new points [26].

goal is to find a function f that will correctly classify unseen examples (x, y) also
generated from P (x, y), such that f(x) = y. The accuracy of the classification can
be measured by the zero-one loss function c(x, y, f(x)) = 1

2 |f(x)− y|, which is 0 if
f(x, y) is correctly classified, and 1 otherwise.

Figure 4.7: Set of functions applied to the same 1D problem, with a training set
of three points (circles) and three test inputs (marked on x-axis). Classification is
performed by thresholding the values of the functions. Both functions (dotted line,
and solid line) perfectly explain the training data, but they give opposite predictions
on the test inputs. With no additional information, it is not possible to decide which
of the two functions is to be desirable [26].

If no restriction is made on the set of functions from which the chosen f arises,
then even a function that does very well on the training data may not generalize well
to test examples. Figure 4.7 illustrates an example of how two different functions
can diverge on the test data despite they had perfectly agreed about the training
data. As only the training data is available, there is no means to select which of the
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two functions is preferable. Through this statement, it is possible to conclude that
only minimizing the empirical risk (or average training error),

Remp[f ] =
1
m

m∑
i=1

1
2 |f(xi)− yi| (4.22)

does not lead to the smallest test error (called risk),

R[f ] =
∫ 1
2 |f(x)− y|dP (x, y) (4.23)

averaged over test examples drawn from the same distribution P (x, y) [26].
Statistical learning theory, or Vapnik-Chervonenkis (VC) theory [26, 42], shows

that it is obligatory to restrict the set of functions from which f is chosen to one
that has an appropriate capacity for the amount of available training data, providing
bounds for the test error. The minimization of these bounds, which depend on both
the empirical risk and the capacity of the function class, leads to the principle of
structural risk minimization [42].

The capacity concept known as VC dimension is defined as follows: each function
of the class separates the patterns in a certain way and thus induces a certain
labelling of the patterns. Assuming the labels are in {±1}, there are at most 2m
different labellings for m patterns. A very rich function class might be able to realize
all 2m separations, in which case it is said to shatter the m points. Nevertheless, a
given class of functions might not be sufficiently rich to shatter the m points. The
VC dimension is thus defined as the largest m such that there exists a set of m
points which the class can shatter, or ∞ if no m exists. It can be thought of as a
one-number indicator of a learning machine’s capacity [26].

Assuming that h < m is the VC dimension of the class of functions that the
learning machine cope with, then for all functions of that class with a probability of
at least 1− δ over the drawing of the training sample, the bound

R[f ] ≤ Remp[f ] + φ(h,m, δ) (4.24)

holds, where the confidence term (or capacity term) φ is defined as

φ(h,m, δ) =
√
1
m

(
h
(
ln
2m
h

+ 1
)
+ ln4
δ

)
(4.25)

with δ specifying the probability with which the bound is held [26].
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Given a training set of finite size, and provided that there are no examples
contradicting each other, it is always possible to come up with a learning machine
which achieves zero training error. However, to correctly separate all training
examples, this machine will necessarily require a large VC dimension h. This imply
that the confidence term (4.25), which increases monotonically with h, will be large,
and the bound (4.24) will show that the small training error does not guarantee
a small test error. In order to get significant predictions from (4.24), the function
class must be restricted such that its VC dimension is small enough, while it must
be enlarged in order to provide functions that are able to model the dependencies
hidden in P (x, y) [26]. The choice of this set of functions is the core of learning from
data.

4.3.3 Hyperplane Classifiers

According to the highlighted components for controlling the statistical effectiveness
in the design of learning algorithms, it is mandatory that the capacity of the class of
functions can be computed. In his former time, Vapnik [42] considered the class of
hyperplanes in some dot product space H,

〈w,x〉+ b = 0 (4.26)

where w,x ∈ H, b ∈ R, corresponding to decision functions

f(x) = sgn(〈w,x〉+ b) (4.27)

and, based on two arguments, he proposed the Generalized Portrait learning algorithm
for problems which are separable by hyperplanes:

1. Among all hyperplanes separating the data, there exists a unique optimal
hyperplane, distinguished by the maximum margin of separation between any
training point and the hyperplane. This is the solution of

maximize
w∈H,b∈R

min{||x− xi|||x ∈ H, 〈w,x〉+ b = 0, i = 1, ...,m} (4.28)

2. The capacity of the class of separating hyperplanes decreases with increasing
margin.
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Despite the similarity of the decision function (4.27) with the earlier example
(4.16), the way in which they are established is quite different. Instead of computing
the normal vector w from the mean of the classes, the present case will need some
additional work to find the normal vector that leads to the largest margin. To
construct the optimal hyperplane, it is necessary to solve

minimize
w∈H,b∈R

τ(w) = 1
2 ||w||

2 (4.29)

subject to
yi(〈w,xi〉+ b) ≥ 1 for all i = 1, ...,m (4.30)

with the constraint (4.30) ensuring that f(xi) will be +1 for yi = +1 and −1 for
yi = −1, and also fixing the scale of w.

The reason behind the minimization of w (4.29) can be stated as follows: if ||w||
were 1, then the left hand side of (4.30) would equal the distance from xi to the
hyperplane. In general, it is necessary to divide yi(〈w,xi〉+b) by ||w|| to transform it
into this distance. Hence, if (4.30) is satisfied for all i = 1, ...,m with a w of minimal
length, the overall margin will be maximized. A summary of these arguments is
given in Figure 4.8.

The function τ in (4.29) is called the objective function, while (4.30) are the
inequality constraints. Together, they form a so-called constrained optimization
problem, which is treated by the introduction of the Lagrangian

L(w, b, α) = 1
2 ||w||

2 −
m∑
i=1
αi(yi(〈xi,w〉+ b)− 1) (4.31)

where αi ≥ 0 are the Lagrange multipliers and L has to be minimized with respect
to the primal variables w and b and maximized with respect to the dual variables αi.
In other words, a saddle point has to be found. As one might note, the constraints
were incorporated into the second term of the Lagrangian.

Looking better to what the constrained optimization problems just stated, it is
possible to verify that if the constraint (4.30) on the second term of the Lagrangian
is violated with ∑mi=1 αi(yi(〈xi,w〉+ b)− 1 < 0, L can be increased by increasing the
corresponding αi. Meanwhile, w and b will have to change (reducing the margin)
such that L decreases. Provided that the problem is separable, at a given step,
the constraint will be finally satisfied. Likewise, one can understand that for all
constraints which are not precisely met as equalities, the corresponding αi must
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Figure 4.8: A binary classification problem whose purpose is to separate balls from
diamonds. The optimal hyperplane (4.29) is shown as a solid line. The problem being
separable: there exists a weight vector w and a threshold b such that yi(〈w,xi〉+b) > 0
(i = 1, ...,m). Rescaling w and b in order that the point(s) closest to the hyperplane
satisfy |〈w,xi〉+ b| = 1, it is obtained the canonical form (w, b) of the hyperplane [26].

be 0: this is the value of αi that maximizes L. The latter is the statement of the
Karush-Kuhn-Tucker (KKT) complementarity conditions of optimization theory [26].

Considering that at the saddle point, the derivatives of L with respect to the
primal variables must disappear,

∂

∂b
L(w, b, α) = 0 and ∂

∂w
L(w, b, α) = 0 (4.32)

leads to
m∑
i=1
αiyi = 0 (4.33)

and
w =

m∑
i=1
αiyixi (4.34)

So, the solution vector has an expansion (4.34) in terms of a subset of the training
patterns, namely those with non-zero αi, which, in analogy with the idea in Section
4.3.1, are the Support Vectors.
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By substituting (4.33) and (4.34) into the Lagrangian (4.31), one eliminates the
primal variables w and b, arriving at the so-called dual optimization problem, which
is the problem that SVMs usually solves in practice:

maximize
α∈Rm

W (α) =
m∑
i=1
αi − 1

2

m∑
i,j=1
αiαjyiyj〈xi,xj〉 (4.35)

subject to αi ≥ 0 for all i = 1, ...,m and
m∑
i=1
αiyi = 0 (4.36)

and with the same (4.34), the hyperplane decision function (4.27) can be written as

f(x) = sgn
(
m∑
i=1
yiαi〈x,xi〉+ b

)
(4.37)

To complete this section, it is necessary to state how the remaining b can be
calculated. According to the KKT conditions, all points with

αi[yi(〈xi,w〉+ b)− 1] = 0 for all i = 1, ...,m (4.38)

are SVs which lies on the margin and, therefore, αi > 0. In such cases, it can be
shown that

〈xi,w〉+ b = yi (4.39)

Thus, the threshold can for instance be obtained by averaging

b = yi − 〈xi,w〉 (4.40)

Alternatively, b can also be computed from the values of the corresponding dual
variables αi and αj.

4.3.4 Support Vector Classification

Everything in the last section was formulated in a dot product space, as the feature
space H stated in Section 4.3.1. To express the equations in terms of the input
patterns in X , it is necessary to employ (4.12), which denotes the dot product of the
vectors x,x′ in terms of the kernel k evaluated on the inputs elements x, x′,

k(x, x′) = 〈x,x′〉 (4.41)
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Figure 4.9: The idea of applying the kernel trick into SVMs: map the training data
into a higher-dimensional feature space via Φ, and construct a separating hyperplane
with maximum margin there. Despite the decision boundary being linear in the feature
space, it is nonlinear in the original input space.

This replacement, also referred to as the kernel trick [26], is used to extend the
concept of hyperplane classifiers to nonlinear support vector machines. It can be
applied since all feature vectors only occurred in dot products, which can be noted in
the equations (4.35) and (4.37). The weight vector (4.34) then becomes an expansion
in feature space, and therefore will typically no more correspond to a vector of the
input space. From (4.37), the decision function will then become

f(x) = sgn
(
m∑
i=1
yiαi〈Φ(x),Φ(xi)〉+ b

)
= sgn

(
m∑
i=1
yiαik(x, xi) + b

)
(4.42)

and the optimization problem (4.35) will take the form

maximize
α∈Rm

W (α) =
m∑
i=1
αi − 1

2

m∑
i,j=1
αiαjyiyjk(xi, xj) (4.43)

subject to αi ≥ 0 for all i = 1, ...,m, and ∑mi=1 αiyi = 0. Figure 4.9 captures the idea
of mapping data from the input space to the feature space.

Even with the advantage of “kernelizing” the problem, in practice, the separating
hyperplane may still not exist, for example, if a high noise level causes a large overlap
of the classes. To allow that some examples may violate equation 4.30, the slack
variables are introduced [26, 43]

ξ ≥ 0 for all i = 1, ...,m (4.44)
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leading the constraints to

yi(〈w,xi〉+ b) ≥ 1− ξi for all i = 1, ...,m (4.45)

A classifier that generalizes well is then found by controlling both the capacity
(through ||w||) and the sum of the slacks variables ∑i ξi. It can be shown that this
summation provides an upper bound on the number of training errors.

In this context, a possible accomplishment of such a soft margin classifier is
obtained by minimizing the objective function

τ(w, ξ) = 1
2 ||w||

2 + C
m∑
i=1
ξi (4.46)

subject to the constraints (4.44) and (4.45), where the constant C > 0 determines
the balance between margin maximization and training error minimization. The
greater the C, the shorter the margin, and thus, smaller the training error and the
capacity of the machine to generalize well.

Incorporating the kernel, and rewriting the problem in terms of the Lagrange
multipliers, again leads to maximizing (4.43) subjected to the constraints

0 ≤ αi ≤ C for all i = 1, ...,m and
m∑
i=1
αiyi = 0 (4.47)

The only difference from the separable case is the upper bound C on the Lagrange
multipliers αi. Hence, the influence of the single patterns (which could be outliers)
gets limited. The solution in (4.42) does not change and the threshold b can be
computed by exploiting the fact that for all SVs xi with αi < C, the slack variable ξ
is zero. So,

m∑
j=1
αjyjk(xi, xj) + b = yi (4.48)

From the geometrical point of view, choosing b amounts to shifting the hyperplane.
Concerning (4.48), such a shift is mandatory so that the SVs with zero slack variables
lie on the ±1 lines as shown in Figure 4.8.

The referred dot product kernel (4.41) is commonly called Linear Kernel and,
given certain constraints [26], can be replaced by other functions.

Another well-known mapping kernel is the so-called Gaussian Radial Basis Func-
tion (RBF), which takes the form
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k(x, x′) = exp
(
−||x− x

′||2
2σ2

)
(4.49)

where σ > 0 is the kernel parameter. Such a class of functions were also employed in
the experiments.

At this point, all concepts about the type of SVMs employed to recognize faces in
this thesis are covered. Due to the tunning variable C, this kind of SVM is normally
referred to as C-SVC and represents SVM classification on its original form [44].

4.3.5 SVMs Applied to Face Recognition

Many researches with SVMs being used in some step of the face recognition problem
were conducted in the last few years. Li and Jain [3] and Delac et al. [29] present a
plenty of applications in face detection, pose estimation, expression recognition, and
face identification. Two former studies that can be highlighted by applying SVMs
for face recognition are provided by Phillips [5] and Guo et al. [39]. Since then, and
following the remark about the growing importance of the area, many related works
have been published [36, 37, 38, 40].

A fundamental point to be considered when formulating the framework of faces
being recognized by SVMs is how to deal with the natural multi-class property of
faces (where each individual represents a class) with a essentially binary classifier.
To this problem, there also exists a range of possibilities [5, 26, 39, 36], which are
presented below.

Identification as a Two Classes Problem

A typical face recognition algorithm treat each individual as a distinct class and,
therefore, the distribution of its face is estimated or approximated. In such methods,
for a gallery of k individuals, the identification problem is a k class problem.

Considering the traditional view-based approaches, two strategies for solving a k
class problem with SVMs have been proposed [39, 36, 38]:

One Versus the Rest: In the one-versus-the-rest approach, k SVMs are trained.
Each of the them separates a single class from all remaining classes.

Pairwise Classification: In the pairwise approach, k(k−1)/2 machines are trained.
Each SVM separates a pair of classes. The pairwise classifiers are arranged in
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trees, where each tree node represents an SVM. Both top-down and bottom-up
searching can be explored, with the later being similar to the elimination tree
used in sports tournaments.

Regarding the training effort, the one-versus-the-rest has as a benefit the fact
that only k SVMs have to be trained compared to k(k − 1)/2 SVMs in the pairwise
approach. The prediction complexity is similar: The one-versus-the-rest requires the
evaluation of k SVMs, while the pairwise requires k − 1. Since the number of SVMs
to be trained is related with the number of classes to be recognized, both approaches
would not cope with real scenario applications, where it is not desirable to train a
SVM every time a new person is enrolled in the system.

To reduce face recognition to a single instance of a two class problem, Phillips [5]
proposed a new face representation space, called Difference Space. By modeling the
dissimilarities between faces, a k class problem can be transformed into a within-class
differences set and a between-class differences set problem. This is a departure from
traditional face space or view-based approaches, which encodes each facial image as
a separate view of a face. Formally, let T = t1, ..., tm be a training set of faces of
k individuals, with multiple images of each of the k individuals. The within-class
differences set C1, which are the dissimilarities in facial images of the same person is

C1 = {ti − tj|ti ∼ tj} (4.50)

and contains within-class differences for all k individuals in T . The between-class
differences set C2, which contains the dissimilarities among images of different
individuals in the training set, is defined as

C2 = {ti − tj|ti �∼ tj} (4.51)

and classes C1 and C2 are then used as input to the SVM algorithm.
As showed in Section 4.3.4, in its pure paradigm SVM classifiers returns one

of the two possible classes of an unknown test object. Thus, given the difference
between facial images p1 and p2, the classifier estimates if they belong to the same
person or not. This binary decision would considerably penalize the accuracy of the
recognition, once the distance from a test sample to the separating hyperplane is
reduced to a binary value.

In order to get a more sensitive similarity measurement, it is necessary to take of
the signal function from (4.42), leading to
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Figure 4.10: The notion of Support Vector Classification in a Face Differences Space.
The similarity is reached through the distance a test pattern has to the separating
hyperplane. The more inside a test pattern is with respect to the within-class set, the
more reliable is the difference between such two faces (gallery and probe) from being
of the same person.

f(x) =
m∑
i=1
yiαik(x, xi) + b (4.52)

This is a fundamental contribution introduced by Phillips in the adoption of SVMs
for face recognition purposes. It gives the intuition of similarity as the distance a
test pattern has to the separating hyperplane, leading to more reliable predictions.
The higher the distance a test pattern belonging to the within-class set has to the
hyperplane, the better. Figure 4.10 shows the idea of such face representation in a
separating hyperplane problem.

In the adopted approach, just one SVM is necessary to handle the face recognition
problem. From the moment a new person is enrolled in the system, its face-like
gallery sample(s) will be used in pair with a probe to create difference samples, which
in turn, will be used for the similarity assessment by the SVM.



Chapter 5

Face Databases

A face database plays a crucial role in the effective evaluation of a recognition
algorithm. It must reflects the purpose from which the suggested technique arose from.
In its previous time, when automatic face recognition had just become a reality, these
databases expressed their challenges, with mostly collections representing constrained
scenarios. However, as robustness against pose, illumination, age, occlusion, or
expression started to be considered, new and carefully controlled variations were
embedded to them [45].

The collection of a high quality database is a resource-intensive task. Furthermore,
the size of the database has to be sufficiently large to cope with real scenario
applications. However, despite the amount of work, the availability of public face
databases is essential for the advancement of the field. Not only the specific needs of
the algorithm under development, but also the increasingly interest in this area of
research accounted for the large number of face databases available nowadays [45].

In this section four face databases are described. The first of them is the Notre
Dame HumanID database [14]. It supplied the algorithms not only with good testings
samples, but also with coherent images for their trainings. The other three databases
are used in the experiments with SVMs. For the sake of comparisons and due to its
broadly established protocol, the FERET database [46], with its respective gallery
and probes sets, is presented. Additionally, the BANCA [47] and the VALID [9] are
also introduced.
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5.1 Notre Dame HumanID

The University of Notre Dame [14] has an important position in the field of infrared
face recognition, providing collections of their biometrics databases to the research
community. These collections are broken into components discriminated by the
period and the sensing modality they were recorded.

Most of the data from the provided X1 collection was acquired at University of
Notre Dame during 2002, with images from 241 distinct subjects. Each acquisition
session consists of four views with different lighting and facial expressions in each
sensor modality. For 82 subjects, image acquisitions were held weekly and most of
them participated multiple times. The time-lapse records is a key feature of this
database.

According to [14], the infrared images were acquired with a Merlin Uncooled
long-wavelength IR camera, which provides a real-time, 60Hz, 12 bit digital data
stream, has a resolution of 320 × 240 pixels, and is sensitive in the 7.0 − 14.0μm.
Visible-light images were taken by a Canon Powershot G2 digital camera with a
resolution of 1200× 1600 and 8 bit output.

Three Smith-Victor A120 lights with Sylvania Photo-ECA bulbs provided studio
lighting. The lights were located approximately eight feet in front of the subject.
One was approximately four feet to the left, one was centrally located, and one was
located four feet to the right. All three lights were trained on the subject’s face.
The side lights and central light are about 6 feet and 7 feet high, respectively. One
lighting configuration had the central light turned off and the others on. This is
referred to as “FERET style lighting” or “LF”. The other configuration has all three
lights on, and is called “mugshot lighting” or “LM”.

For each subject and illumination condition, two images were taken: one with
neutral expression, which is called “FA”, and the other image with a smiling expres-
sion, which is called “FB”. For all of these images the subject was surrounded by a
standard gray background. Since glass and plastic lenses are opaque in IR, subjects
were asked to remove eyeglasses.

According to the lighting and expression, the collection provides four categories:
(a) FA expression under LM lighting (FA|LM), (b) FB expression under LM lighting
(FB|LM), (c) FA expression under LF lighting (FA|LF), and (d) FB expression under
LF lighting (FB|LF). Figure 5.1 shows one subject in one session under these four
conditions.
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In order to create a larger training set for the experiments, 81 infrared and visible-
light images of 81 distinct subjects acquired by Equinox Corporation [48] were also
incorporated to the collection.

(a) FA|LF (b) FB|LF

(c) FA|LM (d) FB|LM

Figure 5.1: Visible and infrared images from the UND face database under the four
different lighting and facial expression conditions. In the IR images, the gray level
ranges from black (cold) to white (warm).

5.2 FERET

The Facial Recognition Technology (FERET) database [46] was collected at George
Mason University and the US Army Research Laboratory facilities as part of the
FERET program. The FERET, the Face Recognition Vendor Tests (FRVT) 2000, and
independent evaluations used the database extensively [45], so detailed performance
evaluations are available for many research algorithms as well as commercial face
recognition systems. The lists of images used in training, gallery, and probe sets are
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distributed along with the database, so direct comparisons of recognizer performance
with previously published results are possible.

The images were recorded in 15 sessions between August 1993 and July 1996.
Each session lasted 1 or 2 days, and the location and setup did not change during
the session. Because the recording equipment had to be reassembled for each session,
slight variations between recording sessions are present. Images were recorded with a
35 mm camera, subsequently digitized, and then converted to 8-bit gray-scale images.
The resulting images are 256× 384 pixels in size.

Figure 5.2 shows frontal images from the five different sets of the database. The
fa and fb image sets were obtained in close succession. The subjects were asked to
display a different facial expression for the fb image. The resulting changes in facial
expression are typically subtle, often switching between “neutral” and “smiling”. The
images in the fc category were recorded with a different camera and under different
lighting. A number of subjects returned at a later date to be imaged again. For
the images in the duplicate I set, 0 to 1031 days passed between recording sessions
(median 72 days, mean 251 days). A subset of these images forms the duplicate II
set, where at least 18 months separated the sessions (median 569 days, mean 627
days) [45].

(a) fa (b) fb (c) fc (d) DupI (e) DupII

Figure 5.2: The fa and fb were taken with the same lighting condition with different
expressions, the fc image has a different lighting condition, and the DupI, DupII images
were recorded in later sessions.

The database consists a total of 14,126 images and in late 2000 was entirely
released to the research community. In its protocol, the gallery consists of one frontal
image (fa) per person for 1196 individuals and the probe sets consists of (i) fb probes,
(ii) fc probes, (iii) DupI probes, and (iv) DupII probes from 1195, 194, 722, and 234
individuals, correspondingly.
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Ground-truth information, including the date of the recording and if the subject is
wearing glasses, is provided for each image in the data set. In addition, the manually
determined locations of left and right eye and the mouth center is available for a
plenty of images.

5.3 VALID

With the goal to facilitate the development of robust audio, face, and multi-modal
person recognition systems, the large and realistic multi-modal (audio-visual) VALID
database [9] was acquired in a noisy “real world” office scenario with no control on
illumination or acoustic noise.

The database consists of five video recording sessions of 106 subjects over a
period of one month. One session is recorded in a studio with controlled lighting
and no background noise, the other 4 sessions are recorded in office type scenarios.
The images have a resolution of 576× 720 pixels and were extracted from the 1th,
10th, and the 50th frames of each of the 5 sessions. Thus, the face database has
106× 5× 3 = 1590 images. Figure 5.3 gives an example from each of the 5 sessions.

(a) 1 (b) 2 (c) 3 (d) 4 (e) 5

Figure 5.3: A VALID subject with still images taken from each of the five sessions.

5.4 BANCA

The BANCA multi-modal database [47] was collected as part of the European
BANCA project, which aimed at developing and implementing a secure system with
enhanced identification, authentication, and access control schemes for applications
over the Internet.

The database was designed to test multimodal identity verification with various
acquisition devices (high and low quality cameras and microphones) and under
several scenarios (controlled, degraded, and adverse). Data were collected in four
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languages (English, French, Italian, Spanish) for 52 subjects each (26 men and 26
women).

Each subject was recorded during 12 different sessions over a period of 3 months.
Recordings for a true client access (Matched) and an informed impostor attack
(Unmatched) were taken during each session. For each recording the subject was
instructed to speak a random 12-digit number along with name, address, and date
of birth (client or impostor data). Recordings took an average of 20 seconds.

Figure 5.4 shows example images for all three recording conditions. The BANCA
evaluation protocol specifies training and testing sets for a number of experimental
configurations, thus, accurate comparisons between algorithms are possible.

(a) Controlled (b) Degraded (c) Adverse

Figure 5.4: Examples of the BANCA database images.



Chapter 6

Experiments and Results

Along Chapter 4, techniques for the multispectral fusion (PCA, Section 4.1) and
techniques applied to the SVM experiments (CH in Section 4.2 and SVM in 4.3)
were covered. This Chapter presents the results obtained with experiments carried
out on the datasets described in Chapter 5 in order to assess the improvement that
the proposed techniques can provide to the face recognition problem.

Regarding the typical system architecture presented in Section 2.3, the experiments
are focused on extracting and matching face features, i.e., the third and the fourth
modules of Figure 2.4, respectively.

6.1 Multispectral Fusion

The goal of the multispectral experiments was to overcome the recognition rates
reached by the individual classifiers. To this end, the parallel fusion was adopted
(Section 3.2.1) so that the visible and the thermal face images were concurrently
used to converge onto a single classification response.

A total of 2.023 images in each spectrum from the UND face database were
considered, with 187 subjects employed in the training phase and other 54 subjects
selected for the gallery and the probe sets. This 54 subjects were the ones whose
sessions attendance was bigger, with at least 7 and at most 10 weekly acquisitions.
The first session of each subject was used in the gallery set, and the remaining
6 to 9 sessions constitutes the probe set. Hence, this experiment has two main
characteristics to be highlighted:
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1. The multisample gallery, composed of four images per subject in each spectrum.
In both visible and infrared images, there were two samples with neutral and
other two samples with smiling expressions;

2. The recognition over time, with probe images taken from 1 to 9 weeks after
the gallery images. This addresses the major problem of duplicate recognition
pointed out by the FERET and FRVT evaluations (Section 2.2).

Two different variations of the PCA face recognition method were assessed, namely:
PCA with Euclidean distance and PCA with Mahalanobis Angle (Section 4.1), whose
implementations are described in [33]. Each method was then applied individually
in both spectra: Visible and IR.

The images were first converted to gray scale, followed by a geometrical normal-
ization and an elliptical masking using the eyes as landmarks. The elliptical masking
is aimed at cropping images such that information only from the forehead to the
chin and from one cheek to the other remains. Figure 6.1 shows an example of (a)
visible and (b) infrared images after the preprocessing.

(a) (b)

Figure 6.1: Visible and infrared preprocessed images from the UND face database.

Table 6.1 shows the obtained results of the individual modalities by means of
TOP1 (Section 2.1.2) and EER (Section 2.1.3).

Despite the illumination invariance of the IR sensing approach, it is possible to
observe that the method based on visible images has better performance in this
controlled face database. However, this may not be the case in scenarios with adverse
imaging conditions.
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Table 6.1: The two face recognition methods and their respective individual perfor-
mances on the visible and IR spectrum.

Method Description Spectrum TOP1 EER
1 PCA Euclidian IR 46.06 24.55
2 PCA Euclidian Visible 87.92 14.11
3 PCA Mahalanobis IR 87.74 8.87
4 PCA Mahalanobis Visible 96.84 6.01

In order to predict the performance of the fusions, it was obtained the Q-statistic
measure of dependency between the classifiers [49]. Given two classifiers i and k, the
Q-statistic is

Qi,k =
N11N00 −N01N10

N11N00 +N01N10 (6.1)

where {Nab|a = b} denotes the number of cases which both classifiers agreed in their
decisions and {Nab|a �= b} denotes number of cases where the decision differs. The
term N10 stands for the number of occurrences where a correctly matched a probe
while b misclassified it. On the other hand, the term N01 represents the number
of occurrences where a misclassified a probe while b correctly matched it. The
Q-statistic (Qi,k) measurement ranges from -1 to 1. For statistically independent
methods, Qi,k is 0. For statistically correlated methods, Qi,k tends to 1, and for
inversely correlated methods, Qi,k tends to -1.

Considering the difficulties of performing information fusion in early steps (sensor
or feature level), and also taking into account the biometric systems’ proprietary
nature issue mentioned in Section 3.2.2, the proposed fusions were carried out in
the score level. Based on the remarks of Jain et al. [21], instead of converting
the matching score into probabilities, the experiments are done straightly with the
similarity scores.

Three score normalization approaches were assessed (Section 3.2.3). Because of
its simplicity, Min-Max normalization do not need additional explanations.

With respect to the double sigmoid normalization technique, the parameters were
chosen following the outlines of [21]: t was the center of the overlapping region
between the genuine and impostor score distribution, and r1 and r2 were made equal
to the extent of the overlap toward the left and right of the center, respectively. In
other words, a matching score that is equally likely to be from a genuine user and an
impostor is chosen as the center (t) of the region of overlap. Then r1 is the difference
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between t and the minimum of genuine scores, while r2 is the difference between
the maximum of impostor scores and t. In order to make this normalization robust,
approximately 2% of the scores at the extreme tails of the distributions were omitted
when calculating r1 and r2. Although this normalization scheme transforms all the
scores to a common numerical range [0, 1], it does not retain the shape of the original
distributions.

Regarding the tanh-estimators normalization technique, the parameters were set
up in such a way that the values of a, b and c represented 70%, 85%, and 95% of the
scores in the intervals (m− a,m+ a),(m− b,m+ b), and (m− c,m+ c) respectively,
with m being the median score.

With the scores from all classifiers in the same domain, the fusion of the face
recognition methods were carried out by simple binary operations between their
scores, namely: (i) sum , (ii) product, (iii) maximum, and (iv) minimum.

During the experiments, the double sigmoid score normalization approach and
the product fusion technique showed to be more regular (better mean improvement)
than the others. Therefore, they were chosen to denote the overall performance of
the 6 possible fusions on Table 6.2.

Table 6.2: Overall performance from the fusions of methods X and Y as identified in
Table 6.1. The results were obtained through the double sigmoid score normalization
and the product fusion technique - better mean improvement. The best and worst
results are highlighted.

X Y Q Statistic TOP1 XY %Improv. EER XY %Improv.
1 2 0.29 86.47 -1.66 11.78 16.51
1 3 0.85 84.41 -3.80 10.32 -16.26
1 4 0.24 97.21 0.38 5.17 13.87
2 3 0.22 95.63 8.76 4.84 45.41
2 4 0.95 96.54 -0.31 5.92 1.48
3 4 0.14 98.85 2.07 3.28 45.47

As expected, it can be observed that the correlation between methods applied
on different spectra is much smaller than the correlation of methods applied on the
same spectrum, which indicates that they hit and fail in different situations for many
probes. For instance, the Q-statistic measurement for methods 3 and 4 was 0.14, the
lowest for different spectra methods, while for methods 1 and 3 was 0.85, the lowest
(but much higher) between the fusions on the same spectrum.
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It can also be observed in Tables 6.1 and 6.2 that there is a relationship among
the Q-Statistic, the TOP1 individual rates, and the performance of the fusion. When
the Q-Statistic is low (lower than 0.5) and the TOP1 individual rates are high
(greater than 50%), the performance of the fusion compared with the best individual
rates always increases. Hence, the overall best performance (98.85% for TOP1, and
EER=3.28) was obtained with the fusion of two good individual methods, 3 and 4,
that present the lowest correlation rate (0.14).

6.2 Support Vector Machines

The face recognition experiments using Support Vector Machines were aimed at
improving recognition rates achieved by classifiers which take the CH features as
inputs. Moreover, by estimating performance according to the FERET fa/fb protocol,
the intention was to compare the proposed method with results available in the
literature.

The investigation was conducted in collaboration with the Cognitive System
department at the Fraunhofer Institute 1, which provided the Census Histograms
algorithm applied in the experiments as well as the image normalization techniques.
To the best of our knowledge, there exist no published study regarding face recognition
with Census Histograms features. Therefore, the performance target to be improved
by the SVM was also provided by the Institute. The method which achieved the best
recognition performance (target) consists on the summation of the CH features as
an assembled L1 distance. Hence, the L1 benchmark is provided in all comparative
tables as our baseline. Because it does not take into account a previous learning
process, its training time is 0.

The basis SVM implementation was provided by Chang and Lin [50]. The
algorithm used in the experiments takes equation (4.46) as its objective function, and
equation (4.45) as constraints. The decision fusion, however, refers to the modified
equation (4.52), a key issue of the experiments.

In order to summarize, from the face images to the trained SVMs the steps can
be enumerated as follows:

1. Geometrical normalization and cutting based on previously annotated positions
of the eyes;

1http://www.iis.fraunhofer.de/EN/bf/bv/kognitiv/index.jsp
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2. Selection of matching pairs to build up the positive dataset - the referred
within-class differences set (Section 4.3.5);

3. Random selection of unmatching pairs to build up the negative dataset - the
referred between-class differences set (Section 4.3.5);

4. Census transformation of all selected images together with the Census His-
togram computation (Section 4.2);

5. Support Vector Machine and kernel function parameters grid searching as
described by Chang and Lin [50];

6. Support Vector Machine classifier training.

To evaluate the trained classifiers, the just mentioned steps 1, 2, 3, and 4 are
carried out in the FERET database. Afterwards, the resulting pool of within- and
between-class samples is submitted to the SVMs predictions. For each FERET
probe sample, one-to-many predictions are performed according to the closed-set
benchmark (Section 2.1.1).

Regarding the photometrical normalization, the images were just converted to gray
scale, but no illumination processing was considered due to the lightning independence
of the Census Transform.

The VALID database, as well as the BANCA database, were employed especially
for the SVMs learning process. To avoid very large training sets, which would lead
to slow and less effective training stages, just part of these databases were used in
the experiments. The results are then expressed by means of the training sets:

VALID: From the VALID database, 4 images per subject were chosen. It was
spontaneously decided to take the 1th frame from session 1, the 10th frame
from session 2, the 50th frame from session 3, and the 1th frame from session 4.
The 4 images from each of the 106 subject combined 2 by 2 leads to a training
set with 636 positive samples;

BANCA: With respect to the BANCA database, the experiments took into account
the English part of the database from where 5 images per subject in the
Matched and Controlled (MC) scenario were selected. To establish the size of
this training set, again it is necessary a 2 by 2 combination of the 5 images
per each of the 52 subject. Therefore, each individual provides (5× 4)/2 = 10
positive samples, which leads to a training set of 520 positive samples;
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BANCA20 : Like BANCA, but considering only the first 20 individuals, i.e., 200
positive samples.

These groups of images formulate the within-class differences sets C1 defined in
Section 4.3.5. Furthermore, the negative samples sets C2 (between-class differences)
were generated, in each case, from its respective database. In this case, the difference
space refers to the Census Histograms features from pairs of randomly chosen images.
The random selection insures that each pair of faces belongs to distinct persons,
and the number of negative samples (which would be very large) is restricted to the
number of positive samples.

Most of the investigation was conducted by submitting all Census Histograms
features to the SVM optimization problem. However, in some experiments, the Ad-
aBoost learning algorithm [8, 27, 28] was applied to retain only the most discriminant
features. Thereof, optimal position/size of scanning windows were chosen by the
boosting approach. For the sake of our scope, the AdaBoost approach adopted in
this thesis is briefly mentioned in Section 3.3.3 due to it does not belong to the core
of the experiments.

With the training sets in mind, the next description refers to the types of SVM.
Two attributes have to be considered to distinguish between the possible SVM setups:
(i) the kernel functions employed, and (ii) whether the boosting approach was utilized
for feature selection. A Plain SVM performs no feature selection, while a Boosted
SVM selects optimal features prior the SVM training. A Linear Kernel SVM uses
equation (4.41) as its kernel function, whereas a Radial Basis Function SVM uses
(4.49). The variations between these attributes leads to the following combinations:

PSLK: Plain SVM with Linear Kernel;

PSRK: Plain SVM with RBF Kernel;

BSLK: Boosted SVM with Linear Kernel;

BSRK: Boosted SVM with RBF Kernel.

The FERET database (Section 5.2) was adopted in the evaluations, having the fa
(frontal) images as gallery and the fb (different expression) images as probes. This is
commonly called a FERET fa/fb test.

The performance was measured in terms of TOP1 and full retrieval (Section 2.1.2).
In addition, time in seconds for the training and testing processes was assessed.
Tables 6.3, 6.4, and 6.5 show the results.
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Table 6.3: Evaluation performances for the VALID training set. The performance
was measured in terms of TOP1 and full retrieval (Section 2.1.2).

Rates Time Consuming (seconds)
Method TOP1 Full Retrieval Training Evaluating
Baseline L1 97.2 197 0 299
PSLK 95.8 407 2465 1407
PSRK 44.3 321 578 1292
BSLK 87.4 1025 1653 382
BSRK 30.6 391 286 602

With respect to the following two evaluations, the parameters of the CH scanning
window were changed and many rounds of benchmarking were performed in order
to better explore CH’s potential. Thus, each method is represented by its best
performance along the different CH setups. As the scanning window changed, the
number of CH features also changed. In order to provide additional information
about the training/evaluation time consuming, the column “number of features” was
added to the tables. Note that Table 6.3 do not presents the number of features
because for the experiments with the VALID database, all evaluations were done
with the same CH scanning window setup.

Table 6.4: Evaluation performances for the BANCA20 training set. The performance
was measured in terms of TOP1 and full retrieval (Section 2.1.2).

Rates Time Consuming (seconds)
Method TOP1 Full Retrieval Training Evaluating # Features
Baseline L1 97.2 197 0 299 154
PSLK 97.7 195 15 9138 2268
PSRK 95.2 456 30 331 154
BSLK 97.2 132 54 233 54
BSRK 97.4 240 65 330 60

The first observation that can be done about these results is that the recognition
based on RBF kernels is not superior to that based on linear kernel. In the best
situation, it equals. Regarding the baseline L1 performance with a TOP1 of 97.2%,
it is also possible to state that, thanks to the descriptiveness of CH features, the
data in its input feature space is almost linearly separable and this could be the
reason of the linear kernel superiority.
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Table 6.5: Evaluation performances for the BANCA training set. The performance
was measured in terms of TOP1 and full retrieval (Section 2.1.2).

Rates Time Consuming (seconds)
Method TOP1 Full Retrieval Training Evaluating # Features
Baseline L1 97.2 197 0 299 154
PSLK 97.6 503 37 10018 2016
PSRK 97.2 791 13432 38327 6930
BSLK 97.7 273 109 318 72
BSRK 97.7 218 164 425 72

With respect to the training databases, one can observe a significant improvement
on the BANCA-trained performance compared to the VALID-trained SVM. Taking
into account the fact that the VALID training set was built up from images of
uncontrolled office type scenarios and the BANCA training set was based in a subset
of constrained images, it is reasonable to remark in our experiments one of the
“learning from data” fundamentals, which states that the closer the training data
to the real testing data, the better. This is exactly what happened considering the
similarity between the BANCA images and the FERET fa/fb datasets, and it also
explains the poor performance of the VALID-trained RBF methods showed in Table
6.3.

Another clear attribute of the assessed SVM is the link between the number of
features and the evaluation time consuming. As the predictions are based on linear
combinations of support vectors, the input space dimensionality is strictly related
to the testing time performance, which in some cases becomes prohibitive. Such
an observation is better illustrated in Figure 6.2, where the number of features in
the input space is plotted against the benchmark time in seconds. The difference in
the charts is related to the training set complexity. In (a), it is possible to note a
straight link between the input space dimension and the evaluation time consuming.
In addition, chart (b) shows that not only the input space dimensionality, but also
the training set size and complexity (nonlinearity) considerably affects the evaluation.
The BANCA+VALID is merely the concatenation of the BANCA and the VALID
sets, which leads to a more intricate training problem with 1156 positive and 1156
negative samples. Therefore, the optimization of such a training set requires much
more support vectors to discriminate the separating hyperplane.
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(a)

(b)

Figure 6.2: Comparison between the amount of features and the SVM evaluation time
consuming. A straight relation between the input space dimension and the evaluation
time consuming can be noted in (a), while (b) shows that not only the input space
dimensionality but also the training set size and complexity (nonlinearity) considerably
affects the evaluation.

Along Chapter 2, one of the highlighted robustness that a face recognition algo-
rithm must have was pose invariance. Such an independence is not only related to
the viewpoint, but also to the face scale due to different image capture distances.
Therefore, another group of SVM experiments is based on rescaling the training and
testing sets in three different setups to assess recognition accuracy with image size
increasing. In this analysis, not only the FERET fa/fb protocol was evaluated, but
also the FERET fa/fc (Section 5). Figure 6.3 (a) shows the expected correlation
between size and recognition performance increasing, where the SVM algorithm
just surpassed the baseline L1 with resolutions bigger then 48×60. Once again, the
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linearity on the Census Histograms FERET fa/fb representation is believed to be in
favor of L1. On the other hand, the FERET fc dataset was recorded with different
cameras and under different light conditions, leading to a more complex recognition
problem. The L1 and SVM performances were also compared in such a case, and are
illustrated in Figure 6.3 (b). As one might note in this case, SVM overcame L1 in
all three different image size setups, which attests its advantage dealing with less
linear and nonconvex data.

(a)

(b)

Figure 6.3: Correlation between face image sizes and recognition performance. As
expected, as the image size increases, recognition accuracy also increases. (a) Due to
linearity in FERET fa/fb, the SVM algorithm just surpassed the baseline L1 with
resolutions bigger then 48×60. (b) However, in the more complex FERET fa/fc
problem, SVM overcame L1 in all different image size setups.

As presented, the results are in terms of two distinct kernel functions. Both linear
and RBF functions reached similar results in most cases. Hence, it was not possible
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to conclude about which type of function is preferred for face recognition purposes.
Such an assertion is also in concordance with the previous narrowly related work
[40], whose conclusion stated this issue as open problem up to now.

At last, it can not be discarded the intuition that if the problem was more intricate,
then SVM could lead to even better results. Moreover, the yielded performance of
97.7% in FERET fa/fb (Tables 6.4 and 6.5) can be considered competitive compared
to results available in the literature [27].



Chapter 7

Conclusion

As emphasized in the beginning, this master thesis was aimed at improving current
face recognition performance rates by investigating the potential advantages of three
different subjects related to this research field.

The multispectral fusion enabled us to experiment the first two of these aspects:
new sensor modalities and multibiometrics. The results obtained with the multispec-
tral fusion experiments suggest that combining two good and not correlated classifiers
leads to significant improvement, both on performance (TOP1) and on system errors
(EER). This was the case of all multispectral fusions described in Section 6.1. In
the best case, this approach enabled an improvement of 2.07% in the recognition
rate while reduced the EER in 45.47%. On the other hand, if the fusion is carried
out with highly correlated methods, even both presenting good individual rates, the
performance may decrease. Another observation that can be done is that, if one
of the classifiers present a prior low performance, the performance might decrease
regardless the correlation.

The fusion of IR and visible images for face recognition has been studied in the past
years, as described along this thesis. Nevertheless, to the best of our knowledge, such
comparisons about the recognition results and the levels of independence between the
methods were not carried out up to now. Therefore, this is one of the contributions
of this thesis.

The third highlighted aspect to overcome face recognition deficiencies consists
on the application of promising machine learning techniques to judge the similarity
between faces. To this end, the framework which combines Census Histograms
features with Support Vector Machines was proposed.
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Concerning the results obtained with this technique, it can be concluded that the
approach was effective in recognizing faces, with 97.7% of the FERET fa/fb face
images correctly identified. In addition, this study enabled a deeper understanding
about the SVM behavior when dealing with problems of different size, convexity, and
dimensionality. The fundamental contribution introduced by Phillips [5] regarding
the intuition of similarity as the distance between the test patterns and the separating
hyperplane was successfully replicated in this thesis. The results attested the viability
of a single C-SVC SVM in charge of a inherently multi-class problem. However, no
conclusion could be done about which type of kernel function is better for the face
recognition problem.

Still on SVM, a topic which deserves further clarification is its computation burden.
To tune the optimization and the kernel function parameters, a number of trainings
in accordance to the tuning setup will have to be conducted. If the problem being
optimized already demands substantial time, the optimal parameters’ searching may
become prohibitive. Once trained, however, the prediction cost is related with the
number and the dimensionality of the Support Vectors, and in most cases did not
use to be a shortcoming. What really takes time in some situations is the training,
which can be discarded in the classification operational scenario.

A broad, but not new, conclusion of this master thesis is that most of automatic
face recognition techniques works well enough for cooperative frontal views without
large expressions changes and with controlled illumination. Nevertheless, for an
unconstrained daily life application, without cooperation from the users, such as to
recognize someone in the street at a distance, face recognition is still a challenging
task.



Chapter 8

Future Work

An interesting future work with respect to the IR face imaging technology is the
extraction of thermal minutia points from the branches of the face vascular network
under the skin. The sensitiveness of current IR sensors together with recently
proposed image processing techniques enable the extraction of these minutiae [17].
This physiological information capitalizes on the permanency of innate characteristics
that are under the skin and can be used as features to reliable predict face identities.
Considering the effectiveness of minutia-based biometrics, e.g. fingerprints, this is a
quite promising subject to be investigated.

With respect to the SVM experiments, an interesting future investigation would
be the employment of more complex face databases both for training and evaluating.
As the Census Histograms showed to be a good face representation technique, the
hope is that, in such scenario, the kernelized SVMs will present an even higher
superiority compared to linear classification methods.

The employment of CH features in the multispectral fusion experiments is also
an additional planned work, as well as the possibility to compare SVMs to other
promising recognition approaches like Optimum-Path Forest [51].
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