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Resumo

A detecdo e o reconhecimento facial tém sido objetos de estudo ativo nos dltimos anos, devido
as suas diversas aplicacdes, como biométrica, controlo de acesso, vigildncia por video e muitos
outros sistemas interativos humano-maquina. Ambas sdo tarefas desafiadoras, especialmente em
cendrios sem constrangimentos, onde € mais propicia a ocorréncia de oclusdes e duma maior
variabilidade das condi¢des de iluminacdo, poses de cabeca e expressdes faciais.

Até a0 momento, as propostas para detecio e reconhecimento facial com melhor desempenho
foram desenvolvidas recorrendo a técnicas de deep learning baseadas em redes neuronais convolu-
cionais (CNN). No entanto, para treinar uma rede neuronal capaz detetar e reconhecer adequada-
mente uma face é necessario um grande nimero de imagens faciais, o que implica um alto custo
computacional. Além disso, estas imagens requerem uma anotacdo correspondente, geralmente
feita a mao, aumentando assim o esforco humano envolvido na preparacio do conjunto de dados.
Deste modo, hd uma necessidade evidente de encontrar uma solucdo que permita a redugdo de
dados e, ainda assim, realize de forma adequada a detecd@o e o reconhecimento facial.

Esta dissertagdo procura propor uma solucio para o problema acima referido. Para tal, foram
analisadas estratégias de reconhecimento facial. Estas sdo tipicamente divididas em dois tipos
principais: verificacdo - “Estas sdo a mesma pessoa?” - e classificagdo - “Quem é esta pessoa?”.
As duas abordagens foram implementadas, a primeira utilizando o detetor facial da biblioteca
Dlib, seguido pela rede neuronal FaceNet, e a dltima aplicando transfer learning num modelo pré-
treinado para detecdo de objetos baseado numa CNN. Antes da implementagdo, foi necessdrio re-
unir e anotar manualmente um conjunto de imagens apropriado para os propdsitos desta pesquisa.

A andlise dos resultados dos dois métodos desenvolvidos revelou que um melhor desempenho
poderia ser alcancado através do método baseado na classificacio. No entanto, impulsionado
pela necessidade de reducdo do conjunto de dados de treino, foi proposto um método de fusao,
derivado da combinagao entre os outputs da classificagdo e da verificacdo. Com este novo método,
a quantidade de imagens anotadas diminuiu ~93%, e o desempenho do reconhecimento facial
sofreu apenas um pequeno impacto, diminuindo de 96,35% para 93,96%.
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Abstract

Face detection and recognition have been active objects of study for the past several years, due
to their wide range of applications, such as biometrics, access control, video surveillance and
many other interactive human-machine systems. These are challenging tasks, especially in un-
constrained scenarios, which are more propitious to the occurrence of occlusions and of a wider
variety of illumination conditions, head poses, and facial expressions.

So far, the outperforming proposals for either face detection and recognition were achieved
through deep learning techniques based on convolutional neural networks (CNN). However, in or-
der to train a neural network to detect and recognize a face properly, a vast number of face images
is required, implying a high computational cost. Additionally, these data need their correspon-
dent annotations, commonly hand-crafted, increasing the human effort in the dataset preparation.
Therefore, there is an evident need to find a solution that allows the reduction of data samples and
yet perform proper face detection and recognition.

This dissertation attempts to propose a solution to the problem described above. For this
purpose, face recognition strategies were analyzed. These are typically divided into two main
types: verification - “Are these the same person?” - and classification - “Who is this person?”. The
two approaches were implemented, the first using the state-of-the-art Dlib’s CNN face detector
followed by the FaceNet network, and the latter applying transfer learning in an object detection
pre-trained model based on a CNN. Prior to the implementation, it was necessary to collect and
manually annotate an adequate dataset for these research purposes.

The analysis of both developed methods’ results revealed that higher performance could be
accomplished with the classification based method. Nevertheless, moved by the need for reduction
of the training set, it was proposed a fusion method, derived from the combination of classification
and verification outputs. With this novel method, the amount of annotated images decreased ~
93%, and the facial recognition performance suffered only a small negative impact, decreasing
from 96.35% to 93.96%.
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“Look wide, and even when you think you are looking wide,
look wider still.”

Robert Baden-Powell
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Chapter 1

Introduction

1.1 Context and Motivation

In recent years, we have been observing a notable increase in the available multimedia content
and in the number of platforms through which it can be accessed. This has risen the urgency of
finding improved ways to associate annotations to the available content, in order to increase its
value, allow a better exploitation and, eventually, permit its reuse. However, this is a complex
and lengthy process. Apart from the considerable amount of time it requires and the human cost
associated with it, the annotations are susceptible to errors caused by human hand and, possibly,
its fatigue. In this light, alternative annotation approaches were sought, leading to the development
of various automatic methods and, ultimately, to the evolution of deep learning based techniques,
often employed in cloud environments.

Within the field of content annotation and visual analysis, one should highlight the importance
and multi-functionality of visual resources as face detection and recognition. Their practical appli-
cation ranges from scenarios such as surveillance, biometrics and clinical monitoring to criminal
identification and interactive games, among many other human-computer systems. Therefore, and
since facial recognition relies on face detection, both topics have been the object of several re-
search proposals and projects. Due to the technological advances of the past several years, namely
in the scope of facial detection using intelligent networks, significant improvements have been
achieved in the recognition of human faces.

However, despite all these advances in both face detection and recognition, flaws can still
be found, especially in their application in unconstrained scenarios. Within these, the processes
of face detection and recognition can be seriously compromised by occlusions, happening due
to the presence of sunglasses, by the various head poses depicted, by the low quality of some
images or by less favorable illumination conditions - common characteristics of real-life scenarios.
For this reason, even using advanced techniques, like machine learning (ML), these require a
large amount of training data for proper detection and recognition. The training set is commonly
composed of images and their correspondent annotations, which contain the face bounding box

and the respective label, indicative of the person’s identity. The collection and annotation of several
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data samples represent an additional human effort; besides, these hand-crafted annotations may
also be compromised by its inherent human subjectivity, which here may affect the consideration
of the head/face region for each image.

Facial recognition derives from object detection and classification approaches, and this can be
performed through two different processes - face verification/ authentication and face classifica-
tion/ identification. On the one hand, face verification is concerned with the validation of identity,
based on an image of an individual’s face; its function is to authenticate or to reject the claimed
identity. On the other hand, face identification attempts to identify a particular subject, based on
the image of its face. This classification relies on a set of pre-identified people pictures, usually
a labeled dataset. Being two different strategies with the same purpose, these types of recogni-
tion methods are deserving of investigation and comparison, especially when addressing facial
analysis.

In this context, this dissertation proposes to study existing verification and classification ap-
proaches. It is further analyzed in this work how the combination of the two distinct strategies
can be valuable to the field, particularly by reducing the quantity of the annotated data required
to achieve satisfactory results. By doing so, it is expected that this study will contribute to the
improvement of the already existing algorithms, by training intelligent networks and bringing to-

gether different solutions for face detection and recognition to obtain more efficient results.

1.2 Objectives

In this investigation, it was intended to perform facial analysis on images, to then proceed to their
automatic annotation, in terms of both face detection and recognition. This content annotation
becomes even more interesting within the context in which this dissertation is proposed, that pays
particular attention to photojournalism images, and, in specific, to local and national audiovisual

broadcast content. To conduct the investigation, the following objectives were defined:

e To analyze strategies for face detection and recognition, namely the classification and the

verification;

o To analyze the impact of the possible introduced noise by the face detection on the verifica-

tion based methods results;

e To analyze the performance of a classification based method for face recognition with re-

duced training data;

e To compare the strategies of verification and classification and define a combination ap-

proach to overcome their individual limitations and/or enable smaller training datasets.
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1.3 Contributions

The main contributions of the work are:

e Preparation of a dataset of images and corresponding annotations containing four distinct

personalities, from which additional variations were generated;
e Comparative analysis between verification and classification face recognition strategies;

e Proposal for an approach based on the fusion of two strategies that enables a significant

reduction in the training data.

1.4 Document Structure

The dissertation will be further divided into six sections. In Chapter Two, a literature review will
be presented, to expose the existing algorithms and datasets. Chapter Three will be devoted to the
problem characterization and to the used methodology explanation. Thereafter, Chapter Four will
focus on the datasets preparation and Chapter Five on the assessment strategy for the proposed
methodologies. At last, the results of the suggested methods are exposed in Chapter Six, followed

by the conclusions of the study, displayed in Chapter Seven.
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Chapter 2
Literature review

This chapter encompasses an analysis of existing relevant algorithms for both face detection and
recognition, as well as the extension to facial expression. The algorithms are described and con-
textualized on relevant trends in recent years. Given their growing relevance, specifically in the

context of deep learning techniques, existing relevant datasets are characterized.

2.1 Face Detection

2.1.1 Datasets

There is a vast number of state-of-the-art datasets for face detection available; these were collected
under both controlled and uncontrolled environments and each one labeled according to a different
number of facial landmark points, as shown in Figure 2.1.
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Figure 2.1: Facial landmark annotations with different number of points, 17 points, 29 points, 51
points and 68 points. (Extracted from [1].)

Controlled conditions datasets

Controlled datasets generally cover subject images taken under lab predefined conditions, such
as a certain degree of illumination and occlusion.

Extended M2VTS Database (XM2VTS) [2] was built through video recording of 295 subjects,
including four recordings of each subject. each one of these recordings included a speaking head-
shot and a rotating headshot. Also available, are synchronized video and speech data, a 3D face
model of each subject and 2360 color face images labeled with 68 points. This database is only

available at some cost.
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AR database [3] is a publicly available database consisting of over 4000 frontal color images
of 126 subjects, 70 male and 56 female, captured in different illumination conditions. Moreover,
some of them display facial expressions — neutral, smile, anger or a scream — and others contain
facial occlusions, provoked, for example, by sunglasses or a scarf. In [4], each image of this
dataset was manually annotated with 22 facial features points.

The IMM database [5] contains 240 color images of 40 subjects, 33 male and 7 female, man-
ually labeled with 58 points, discerning the eyebrows, eyes, nose, mouth, and jaw.

MUCT database [6] collected 3755 color images of 276 different subjects’ faces,with each
image labeled with 76 landmark points. This database has the particularity of presenting examples
of diverse age and ethnicity groups, acquired under different lighting conditions.

PUT database [7] consists of 9971 high resolution color images of 100 subjects captured in
partially controlled conditions. Each image was annotated with 30 landmark points and, addition-
ally, a subset of 2193 near-frontal images was labeled with 194 points.

Facial Recognition Technology (FERET) [8] database contains 14126 images of 1199 different
subjects, including about 20 head poses differing on yaw angles. The frontal images also differ in
illumination and facial expression.

BiolD database [9] collected 1521 gray level frontal face images of 23 subjects. The images
were taken under a variety of illumination conditions and backgrounds, being each one manually
labeled with 20 points. Despite being captured in a lab environment, this is a dataset that aims to
simulate "real world" conditions.

Some examples of the aforementioned controlled conditions datasets are presented in Figure
2.2.

Figure 2.2: Controlled conditions datasets examples. (Extracted, from left to right, from IMM,
FERET, MUCT and AR datasets.)

Unconstrained conditions datasets

Uncontrolled conditions datasets are intended to capture unconstrained real-world scenarios
and are usually obtained through websites like Facebook or Flickr.

Face Detection Data Set and Benchmark (FDDB) [10] is a gray scale and color dataset of
28451 images with a total of 5171 faces. In these images were included occlusions, difficult head

poses, low-resolution, and blurred faces. Face regions were annotated as elliptical regions.



2.1 Face Detection 7

Labeled Faces in the Wild (LFW) database [11] consists of 13233 face images of 5749 different
subjects collected from the web. These faces were detected by Viola-Jones face detector and it can
be noted that 1680 of these appear in two or more images, and the remaining only appear in a
single image. Each image is labeled with the name of the person in the center of the image, not

having any manually landmarks points annotated.

Annotated Facial Landmarks in the Wild (AFLW) database [12] is a large-scale database built
using Flickr images that includes a wide variety of head poses, expressions, and individuals from
different ethnic, age and gender groups. This database contains 21997 images with a total of 25993

faces, having each image an annotation of 21 landmarks points.

Labeled Face Parts in the Wild (LFPW) database [13] contains 1432 facial images downloaded
from internet search sites, such as Google.com, Flickr.com, and Yahoo.com, using simple text
queries. It provides a list of image URLSs, some of which are no longer available. Each face was
labeled with 35 points by workers on Amazon Mechanical Turk (MTurk), with only 29 of these

being used in this database proposal.

Annotated Faces in the Wild (AFW) database [14] was organized through Flickr images and
contains 205 images with a wide range of face pose and scale variations in cluttered backgrounds.

Each face annotations include the correspondent rectangular bounding box and 6 landmark points.

Helen database [15] is a high-resolution database which contains 2330 face images obtained

from Flickr, where each face is labeled with 194 points.

Caltech Occluded Faces in the Wild (COFW) database [16] consists of 1007 face images; these
display a significantly large variety of occlusions due to different poses, the use of accessories (e.g.
sunglasses and hats) and the interactions with objects, such as hands and microphones. All images
were hand-annotated with 29 landmark points and each point is labeled whether it is occluded or

not.

300 Faces in-the-Wild Challenge (300-W) [17] database is a combination of face images from
different databases (LFPW, Helen, AFW, and XM2VTS). It comprises another 135 images in

difficult poses and expressions. All these datasets’ images were re-labeled with 68 points.

Figure 2.3 shows four examples of the referred unconstrained conditions datasets.

Figure 2.3: Unconstrained conditions datasets examples. (Extracted, from left to right, from
LFPW, 300-W, AFLW and Helen datasets.)



8 Literature review

2.1.2 Algorithms

Face detection algorithms can be divided into two main categories, Traditional Methods and Deep
Learning Methods [18].

Traditional methods are understood as procedures in which feature extraction is hand-crafted.
Therefore, the widely known Viola-Jones [19] face detector can be classified as a traditional face
detection algorithm. Viola-Jones face detector represents a mark in terms of face detection algo-
rithms on account of its outperforming results, having had an enormous impact. It is based on
the construction of an integral image with an AdaBoost learning cascade structure using Harr-like
features, considered in the literature as a referenced effective method and still used since it allows
a real-time face detection with considerable accuracy. A great amount of work on the potential of
Viola-Jones face detector was carried out, having been investigated features like SURF (Speeded
Up Robust Features) [20], HOG (Histogram of Oriented Gradients) [21], SIFT (Scale-invariant
Feature Transform) [22] and LBP (Local Binary Patterns) [23] on an identical structure of this

face detector.

Also included in the traditional methods are algorithms based on structured models, which
consider faces as objects constituted by several parts. Algorithms proposed in [24], [25], [26]
and [27] learn and apply deformable parts model (DPM) [28] to deal with potential variances and
deformations between facial parts, generally requiring less training data.

More recent approaches combine various features in channels with the idea of integral images,
achieving a higher accuracy [29]. The Integral Channel Features (ICF) proposed in [29] was used
in representative works, as presented in [26] and [30].

Despite their good results, hand-crafted features are less meticulous in matters of detecting
faces with significant changes in poses, expressions, occlusion, and illumination [18].

Recently, a greater amount of research focused on deep learning approaches was conducted, in
order to cope with computer vision problems and to allow it to be used as a basis for face detection
algorithms. In deep learning based methods features are not defined by the investigator, but rather
learned by the network. Thus, deep learning approaches can be more accurate than the traditional
methods once trained with a large amount of data and consequently, they represent significant

progress for face detection and exhibit outperforming results compared to the traditional ones.

Face detection deep learning based algorithms can be subdivided into three distinct classes:
cascade convolutional neural network (CNN), region-based convolutional neural network (R-
CNN) and Single Shot Detector (SSD) based algorithms.

Sun et al. [31] early proposed a three-level cascade CNN which predicted five facial landmark
points achieving a favorable accuracy. Nevertheless, the necessity to model each point by a con-
volutional network enhance the complexity of the proposal. Departing from the theory of Sun et
al. [31], several other models, such as [32] and [33] were advanced. Zhang et al. [32] took advan-
tage of the multi-task learning idea with the intent of increasing the performance of the existing
models. Multiple tasks, predictions of the head’s position, the identification of facial landmark

points and facial attributes are considered together; they share and learn common deep layers,
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which results in a shared representation. Whereas Zhang et al. [33] proposed an auto-encoder
network to perform the cascade facial landmark search.

In Cascade CNN [34] it is proposed a cascaded scheme to CNNs with a strong detection
capability and high performance. More recently, several cascade CNN based algorithms were
suggested, as [35], [36] and [37]. The cascade structure proposal is to reject simple negative
samples at the first levels and refine the results at the last layers [18]. These methods achieve a
high computational speed, though they are not able to improve the detection of crowed, tiny and
blurry faces.

Almost in parallel with the development of CNN, R-CNN based algorithms were also being
researched. R-CNN algorithms as [38] make use of a region proposal method to identify potential
face regions of interest (ROIs) and to further refine these regions for face detection. These methods
are slower in training since the feature extractions are repeated for each different ROI identified.
To address this problem Fast R-CNN [39] and Faster R-CNN [40] were proposed, increasing
significantly the computational speed of the model. Faster R-CNN based models as [41] and [42]
use a detector capable of covering objects at different scales. The major drawback to the adoption
of these methods is their limitations on detecting tiny faces. To overcome this difficulty, [43]
and [44] models are trained including lower-level convolutional layers features, i.e. integrating the
features from the face surrounding to train the model.

The development of SSD [45] was intended to perform detection at multiple scales using multi-
scale feature maps to increase accuracy. Despite the improvements, SSD is not appropriated to de-
tect small faces. To address this problem, more recent approaches like S3FD [46], FaceBoxes [47],
Scaleface [48] and HR-ER [49] use similar techniques but either improving the matching strategy
or assigning layers with specific scale ranges, improving the detection performance on tiny faces.

More technical and deepened description of the overall methods can be found in [18], [50]
and [51].

2.2 Facial Recognition

Face recognition (FR) as a machine identification of a person by his facial image represents a
challenging task in the field of image analysis and computer vision, which continues to draw
researchers in diverse areas due to its various applications. The FR intends to verify/identify an
individual’s identity by comparing an input image data against stored images data. Therefore,
there are two main categories in face recognition: verification/authentication - 1:1 match -, and

identification/recognition - 1:N matching.

2.2.1 Datasets

With the rise of machine learning techniques, an important aspect when implementing a face
recognition system is the training data required to learn different face representations. These
datasets are commonly characterized by the presence of labels indicative of the individuals’ iden-

tities. As suggested by Zhough et al. [52], improvements in performance in an FR system are
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achieved when a vast amount of data is combining with deep learning. Early methods for deep FR
were trained with private datasets, derived by companies’ internally label face sets, such as Face-
book [53], with 4M images of 4K people, and Google [54], composed by 200M of 3M individuals.
Although the promising results obtained through this, the following researchers could not develop
and compare their methods without public available training sets. Therefore, some other datasets

have been provided over time. Of these, the most widely used ones are described below.

CASIA WebFace [55] provided the first widely used public training set. Composed of S00K
samples collected by the web. This contains crop face images of 10K different celebrities. Some
individuals, usually the more famous ones, comprise the majority of the dataset, while others are

only represented by a few images.

VGGFace [56] is proposed as a dataset to train deep models and is composed of about 2.6
million images of 2622 subjects. Therefore, and contrarily to what is presented in the CASIA
dataset, in this, each individual is represented in about 1000 samples. Most of these are high-
quality frontal faces. Moreover, the VGGFace2 [57] dataset was proposed as an improved version
of the latter, to overcome some limitations of its first version. VGGFace2 comprises 3M images
of 9131 persons, in which are covered a wide range of head poses, age, and ethnicity, hence

addressing a large range of intra-class variations.

Proposed by Basal et al. [58], UMDFaces is a face dataset which in the annotations were
performed by both humans and deep-based face analysis tools. There are provided annotations for
key points, face poses angles and gender. It contains both images and video frames to represent a
total of 8227 subjects.

MS-Celeb-1M [59] and Megaface [60] are two large-scale training datasets, which have sev-
eral individuals, but a limited number of samples per subject. The breadth of this, allows the model
to train with a sufficiently variable representation of the different subjects. The MS-Celeb-1m con-
sists of 10M images of 100k personalities. Megaface has about 1M images of 690K persons, which
might appear in two samples as in 2469, having a marked uneven distribution of the set images.

More recently, the IMDb-Face [61] dataset was announced as a set derived by the MS-Celeb-
1M and MegaFace. This novel dataset claims to be the largest noise-controlled face set, with 59K

data samples for 1.7 million subjects.

Alongside these, another common dataset used for face recognition systems is the aforemen-
tioned LFW dataset. Some representative examples were extracted from some of the commonly

used datasets of the FR process and present in Figure 2.4.
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Figure 2.4: Face recognition datasets examples. (Extracted, from left to right, from CASIA Web-
Face, UMD, MegaFace and VGGFacen datasets.)

2.2.2 Algorithms

Traditional face recognition algorithms are commonly classified into holistic and feature-based

methods.

Holistic methods use the whole face image as input to face recognition system, using a global
representation of the entire face region, frequently by projecting it into a lower dimensional space,
while retaining the most relevant information. Among this category, the most popular approach is
EigenFaces [62], in which principal component analysis (PCA) is applied to a set of training face
images, projecting the original data into a lower dimensional subspace, finding the eigenvectors
of the set of the faces - eigenfaces - that account for the most variance in the data distribution, i.e.
that maximize the total scatter across all classes. To identify faces, the set of training face images
are saved as collections of weights, defining the contribution each eigenface has to that image.
Also, the new face - the one intended to be identified - is projected into the subspace spanned by
the eigenfaces. Face recognition can be performed comparing these weights with all weights of

the training set, to find the closest match.

Based on this, more linear projection approaches were proposed in the literature, such as
independent component analysis (ICA) [63] and linear regression classifier (LRC) [64]. Linear
projection approaches project the face onto a linear subspace spanned by the eigenface images.
These may fail to represent adequately faces, once face patters, in the higher dimensional space,
lie on a complex non-linear and non-convex manifold. So, one issue with PCA-based approaches
is that these use a projection that maximizes the variance across all the images in the training set.
This implies that the top eigenvectors might have a negative impact on the recognition accuracy
since they might correspond to intra-personal variations that are not relevant for the recognition
task (e.g. illumination conditions, pose variation or expression changes). Other methods, such as
Linear Discriminant Analysis (LDA) [65][66], also known as FisherFaces, were proposed aiming
to overcome these shortcomings.

With this in mind, the non-linear strategies were introduced, such as kernel PCA [67], ker-
nel ICA [68], locality preserving projection (LPP) [69] or locally linear embedding (LLE) [70].
Non-linear strategies explore the non-linear structure of face patterns and typically use kernel

techniques. These strategies consist of mapping the input face sample into a higher dimensional
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space in which the variety of the faces is linear and simplified, to further application of the linear
approaches techniques.

As for the feature-based methods, these process an image to identify and extract some individ-
ual features of the face, such as eyes, nose, mouth, etc., to a further calculation of their geometric
relationships. The classification of a face is through the comparison and combination of the cor-
responding local features statistics. In this category, local appearance features relieved certain
advantages over holistic feature, since these are more robust to local changes, as, for example,

occlusions, facial expression, or even misalignment of the face.

Within these, Local Binary Pattern (LBP)[71] is commonly used as a representative method.
This describes the changes in the neighborhood around the central pixel. Consequently, it is in-
variant to monotonic intensity of the pixels and slight illumination modifications. Some variants
from the original LBP were developed, like Histogram of Gabor Phase Patterns (HGPP) [72] and
Local Gabor Binary Patterns (LGBP) [73]. More feature-based algorithms were presented over the
years, such as Elastic Bunch Graph Matching (EBGM) [74] and Local Directional Pattern (LDP)
[75]. EBGM represents face features as a graph, where nodes store local information about the
face landmarks and edges represent their relations, for example, the distance between the nodes.
The face recognition is through a graph similarity function, that is used for matching. As for LDP,

this encodes directional (eight directions) pattern features to extract high-order local information.

Moreover, due to technological advances, artificial intelligent strategies were proposed, seek-
ing to resolve the shortcomings of the aforementioned algorithms and approaches. Deep learning
approach Deepface [53] was successfully applied for the face recognition process. Deepface is
a Facebook’s developed algorithm, which trains a deep CNN, using their private aforementioned
training set, to classify faces. Additionally, it is used a siamese network architecture, where pairs
of face samples are applied to the same CNN, in order to obtain representations than are then
compare using the Euclidean distance. Within this context, the main goal of the training is to min-
imize the distance between pairs of faces representing the same identity and maximize the distance
between distinct individuals’ faces pairs.

Through siamese networks, satisfactory outcomes were achieved, and thus more algorithms
base on this architecture were proposed in the literature, such as Google’s FaceNet [54] and Open-
Face [76]. Although the three present similar results, in several researches, such as [56], the

FaceNet network is pointed out as the outperforming one.

2.3 Towards Expression Recognition

A possible extension of face detection and recognition is expression recognition. To perform this
task it is first necessary to detect faces in the image. While the detection can be for expression
recognition, the identification of a specif person can add value. By preceding expression recogni-
tion in a processing pipeline, the noise of face detection and face recognition can propagate and

affect the subsequent modules.
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2.3.1 Datasets

There are some publicly available datasets for facial expression recognition, as presented in [77],
being the following described ones noted as the most commonly adopted to test facial expression
recognition (FER) algorithms.

The Multi-PIE [78] database is composed of more than 750000 images of 337 subjects, cap-
tured from 15 viewpoints and with 19 different illumination conditions. A subset was annotated
with either 68 or 39 facial features points, depending on the head pose. Six facial expressions were
also labeled: neutral, smile, surprise, squint, disgust and scream.

The Extended Cohn-Kanade (CK+) dataset [79] consists of 593 video sequences of frontal
faces from 123 subjects. These videos show the change from a neutral expression to any other
expression in a lab controlled scenario. Labeled with seven basic expressions, anger, contempt,
disgust, fear, happy, sadness and surprise, the captured emotions are either posed or spontaneous

expressions. Examples of these seven basic expressions are shown in Figure 2.5.

Figure 2.5: Basic Facial Expressions, Anger, Disgust, Fear, Happy, Contempt, Sadness and Sur-
prise, respectively. (Extracted from the CK+ dataset.)

The Japanese Female Facial Expression (JAFFE) [80] is a lab controlled database containing
ten Japanese female’s expressions. There are represented seven basic expressions, anger, disgust,
fear, happiness, sadness, surprise and neutral in a total of 213 gray scale images.

Inspired on the FLW dataset, the Acted Facial Expressions in the Wild (AFEW) dataset [81],

first proposed in [82], was built collecting video clips from different scenes in movies available on
the web. Composed by images of individuals coming from diverse races, gender and age groups,
these videos contain various facial expressions, head movements, exhibit different occlusions;
some of them even present more than one subject. This dataset is labeled with seven expressions
classes: anger, disgust, fear, happiness, sadness, surprise and neutral. In [83] AFEW dataset is
dived in three data sets mutually exclusive: Train (773 samples), Val (383 samples) and Test (653
samples).
The Static Facial Expressions in the Wild (SFEW) dataset [84] consists of static frames from
AFEW dataset, being each image annotated with one of the seven expression classes. The most
commonly used version is SFEW 2.0, also divided into three sets in [85]: Train (880 samples), Val
(383 samples) and Test (372 samples).
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The Facial Expression Recognition 2013 (FER-2013) dataset [86] was introduced in the con-
test Challenges in Representation Learning, as a large-scale database whose images were extracted
from Google image search API. Incorrectly labeled images were then rejected and the remaining
were resized to 48x48 pixels and converted to gray scale. It contains a total of 35887 images
labeled with seven different expressions: anger, disgust, fear, happiness, sadness, surprise and

neutral.

The lab controlled MMI database [87, 88] consists of static images and videos of frontal or
profile faces. The image sequences were annotated with six basic emotions and facial muscle
actions through Facial Action Coding System (FACS) [89] Action Units, starting each one with a
neutral expression, reaching an expression nearly the middle, returning to the neutral expression
at the end.

The Radboud Faces Database (RaFD) [90] annotated with eight expressions: anger, contempt,
disgust, fear, happiness, sadness, surprise and neutral, is a controlled condition dataset. It is

composed of images from 67 subjects in three distinct directions, front, left and right.

In the majority of the publicly available datasets, face expressions are labeled with happi-
ness, sadness, anger, surprise, disgust, and fear, being these defined by Ekman and Friesen [91]
in 1971 as the six basic cross-cultural emotions. Normally, alongside these six basic emotions,
neutral and/or contempt emotions are also annotated [77]. Recent researches defend that these pre-
established emotions cannot be considered universal [92], this being probably one of the strongest

reasons why emotions recognition still faces significant challenges.

2.3.2 Algorithms

Facial expression recognition systems are generally composed of three main steps, Face Detection
and Face Alignment, Feature Extraction, and Facial Expression Classification [93], [94]. A facial

expression recognition systems model is represented in Figure 2.6.

Input Face Face Feature Facial Expression
Image Detection — Alignment Extraction Classification

Pre-processing

Figure 2.6: Usual Facial Expression Recognition System Diagram of Blocks.

Feature extraction aims to create and identify the most effective basic representations from
each facial expression to be identified; hence, there is a large variance between distinct categories
and a low intra-categories difference [94]. Subsequently, the facial expression classifier associates
the extracted features into the respective emotion category through the corresponding classification

mechanism.
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Traditional facial expression features extraction techniques, which usually operated with hand-
crafted features, can be classified into two distinct categories: geometric-based methods, appearance-
based methods, and multi-feature fusion methods [94].

Geometric features aim to characterize the face shape by measuring geometric properties,
like distances or deformations. As so, geometric-based methods are based on facial landmarks
and/or components location followed by the extraction of geometric features through them. Early
proposed Facial Action Coding System (FACS) [89] code Action Units (AU), which are used to
define the contraction of one or more facial muscles, representing a specific facial movement,
such as an eyebrow lift or a nose wrinkle. Facial Action Units (FAUs) methods are one of the
most common geometric-based systems, either using the preliminary FACS approach, which only
defines 26 AUs or a large set of AUs. Another typically geometric-based methods are the Active
Shape Model (ASM) [95] approaches. ASM extracts geometric features through facial feature
points. As an extension of ASM, Active Appearance Model (AAM) [96] combines both geometric
and texture information to model a global geometrical face representation, to analyze and identify
the emotion.

Appearance-based methods assume that a facial expression requires a local change in texture,
using textural information by analyzing the intensity values of the pixels. Example of these ap-
proaches is the employment of filters, such as LBP [97], LBP on three orthogonal planes (LBP
- TOP) [98], Gabor filters [99], [100], Local Phase Quantization [101], in the whole face or in
particular face regions to encode the texture.

Multi-feature fusion methods combine various features to more effectively recognize facial
expressions. For example, in [102] Gabor and LBP are combined, where the error rate was mini-
mized. Also, in [103], SIFT and PHOG are used to determine local texture and shape information.

Aiming to avoid the hand-crafted features extraction needed by traditional methods, which
can be considered an exhaustive task, and driven by the tremendous advances in GPU technology
allied with the appearance of large enough training data, deep learning approaches began to appear,
reaching outstanding performances.

Deep learning is based on a hierarchical architecture, through which the input data is subjected
to various nonlinear transformations. As so, the feature representation in each layer becomes
more abstract, attempting to obtain high-level representations to properly train the network with
essential characteristics extracted from the data. Deep learning approaches for facial expression
recognition can be characterized into two different based methods: Deep Belief Network (DBN)
and CNN [94].

DBN is a graphical model composed of multiple layers, being the input data received in the
lowest layer [104, 105, 106]. The top two layers have indirect connections and the remaining units
in the higher layers, hidden units, are trained to learn the dependencies between the units in the
adjacent lower layers. As so, DBN is pre-trained aiming to reconstruct the input data and further
fine-tuned, improving the accuracy of the model. An example is Liu et al. [107] proposal, a boosted
DBN (BDBN) consisting of an iterative process of feature representation, feature selection, and

classifier training, in a unified loopy framework.
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From the deep learning methods, CNN is the most commonly used approach, having had sig-
nificant improvements for facial expression recognition. Over the years, several CNN models
were presented. Ng et al. [94] proposed a two-stage supervised fine-tuning process, being first
performed on relevant FER datasets, followed by a fine-tuning based on the target dataset, to im-
prove models adaptation to a specific dataset. A combination of multiple deep CNNss is proposed
by Yu and Zhang [108], in which each CNN is pre-trained in a larger dataset and subsequently
fine-tuned on the target dataset, SFEW 2.0.

A more recent approach by Arriaga et al. [109] presents a general building framework to
design real-time CNNs to identify the gender and the emotion simultaneously in real-time. The
proposed models aimed to reduce the number of parameters learned in the CNN, in order to make
the implementation possible in a real-time system. Alizadeh and Fazel [110] proposed a CNN
for FER, by training it from scratch with different depths using raw pixel data and Histogram of
Oriented Gradients (HOG) features. The results showed that the combination of both features did
not improve the model accuracy, concluding that CNNs are capable of intrinsically learn the key
facial features using only raw pixel data. In [93], a loss function is defined in order to model
informative local facial regions and expression recognition creating a model able to learn facial
relevance maps and expression-specific features with the purpose of obtaining a more precise
recognition.

More complete reviews in facial expression recognition can be in [77], [94] and [111].

The CNN became the most popular approach for facial expression recognition [109, 110, 93],
due to their successes and to the fact that they represent a significant advantage: CNNs can intrin-
sically learn features, avoiding the hand-crafted extraction. The main weakness in their study is
the reduced number of significantly large publicly available FER datasets, as an extensive amount
of data is essential to properly train the CNNs to avoid overfitting. Additionally, it is worthy to
note the extreme subjectivity implicit to this area, once both face detection and facial expression
recognition rely on aspects such as age, gender, ethnic and level of expressiveness [77]. For the
aforementioned reasons and regardless of all advances, the recognition of emotions remains a

challenge.

2.4 Discussion

Over the years, several algorithms were proposed in the literature to performed both face detection
and recognition, and additionally to the recognition of facial expressions. From this, it is concluded
that innovative machine learning approaches achieved outperforming results in the resolution of
the three tasks. These techniques, more explicitly when concerning deep network models, require
a large amount of face data samples. On top of these datasets, there is a need to annotate some
facial features, such as with key points or face bounding boxes. For both face recognition and fa-
cial expression recognition, an additional effort is needed, labeling the individuals’ identity or the
represented facial expression. Typically performed manually, both collection and annotation pro-

cesses are lengthy and labor-intensive tasks. In terms of performance of face recognition systems,
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and focusing on the scenario in which this dissertation emerges, the necessity of a vast number
of face images increases, normally being above the thousands. Also, since it is intended for the
recognition of specific personalities, none of the aforementioned public datasets could have been

used, thus being demanded the construction of a proper dataset.
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Chapter 3

Problem Characterization and
Methodology

3.1 Problem Definition

The development of effective and successful face detection and recognition approaches has been
a recurrent research topic in the scientific community. As stated in the Introduction, both the
technological advances and contemporary concerns have raised the demand for face detection and
recognition technologies to be used. Several proposals have been put forward, and being the face
detection an inherent step in a face recognition system, from the latter it can be distinguished two
major categories: i) one that uses a classifier, (e.g. through convolutional neural networks) to de-
tect and classify the ROI in the image which contains a specific person’s face (classification); and
ii) other that requires that face detection is firstly performed and then confronts the resulting ROI
with a labeled face image and decides if they belong to the same person (verification). From the
research on these two types of strategies, it becomes evident that the first requires a large number
of input images for each individual intended to be recognized and that the second presupposes an

initial step of face detection that might influence the final identification result.

Despite the very significant advances conquered in the fields of face detection and recognition,
questions about the most efficient method to perform these processes are not yet fully resolved, due
to several factors which hinder the processes, such as the admissible distribution range of facial
parts (eyes, nose, mouth, chin, etc.) and the wide diversity of human faces (related to age, gender
or race). Face detection and recognition become increasingly difficult in uncontrolled scenarios,
where other restrictions may arise with more frequency, namely the presence of occlusions (e.g.,

due to sunglasses or hands), the diversity of head poses and the low-quality of some images.

Machine learning methods and, more specifically, deep learning techniques, have been pro-
viding very promising outcomes, but at the expense of heavy requirements in terms of training
data. This is exacerbated when the goal is to identify subjects in unconstrained scenarios, such

as in broadcasting or journalism content, since several constraints (e.g., budget or limited human
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resources) may make it unfeasible to allocate all the desired means for image collection and face
annotation.

This project aims to address the immediately above-mentioned problem, by defining and im-
plementing a method that enables the reduction of the required data samples, and consequently

minimizes the associated effort, making only a slight trade-off with the performance.

3.2 Proposed Solution

This dissertation studies state-of-the-art methods for the two mentioned strategies of face recogni-
tion, to understand their advantages and shortcomings, but especially to evaluate how the reduction
of the dataset and the previous face detection needed phase can affect the results. The ultimate
goal of the investigation is to propose a solution for face detection and recognition with an ade-
quate trade-off between accurate recognition rates and the required number of data. The resulting
solution is intended to be used in a content annotation system to automatically associate metadata
with multimedia content. To achieve the proposed goals, a phased approach was followed.

First, as an essential step, an appropriate dataset was prepared. It was composed of images
captured in real scenarios and of the corresponding manual annotations. Different levels and types
of noise were added to each annotated bounding box (ROI of the image containing only the face),
creating distinct versions of the dataset. Concurrently, the Dlib’s CNN Face Detector was applied
to the originally collected data, in order to obtain another dataset version. All these versions were
generated with the intent of analyzing the effect of different factors on a verification based strategy.

Secondly, the implications of a classification strategy, using a convolutional neural network,
were analyzed varying the number of training samples. The use of this type of technique implied a
large number of images for each known individual’s identity (i.e., for each class), typically several
hundred or thousands of images. Given that this type of requirement is incompatible with the
target scenarios, transfer learning was used as a first step to reduce the number of required images.
Following, the effect of reducing the training set was studied, even when increasing the number of
training iterations. This was intended to help understand the tendency and impact of using limited
available data.

Lastly, the final step consisted of evaluating the possible combination of both strategies aiming
to overcome individual weaknesses while, if possible, reducing even further the data needed. It
was studied the impact of the training dataset, in terms of its dimension, to identify a low amount
of training data and yet a good face detection and recognition.

The envisioned application scenario was derived from the INESC TEC project CHIC, where
this dissertation was inserted. It consists of the application of face recognition algorithms to au-
diovisual broadcasting content, whose outcomes are to be used in content annotation, promoting
content reuse, management, and personalization. CHIC has a special focus on regional and local
news, implying the need to recognize famous as well as less known individuals, the latter meaning
that it may be more difficult to collect adequate training data. To further clarify this problem, a

use case example follows.
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Joaquim is a Portuguese reporter covering regional news. Preparing for the upcoming elec-
tions for regional bodies, Joaquim is required to prepare for the analysis of audiovisual content
from multiple sources, past, present, and future. To achieve this goal, he needs to configure an
automatic annotation system to recognize some of the candidates for Vila Real Mayor; including
the front runner: Rui Santos. Joaquim starts by searching the web for photos of the candidates,
collecting a number of them. In addition, he must also annotate them by marking the appropriate
regions in the image and labeling them. A reporter’s time is very short and costly, hence he needs
to be as efficient as possible. Fortunately, Joaquim has at his disposal a tool powered by machine
(deep) learning algorithms that can process images and videos to detect and recognize faces, and
that minimizes the number of training samples, i.e., the number of images to be collected and

annotated.

3.3 Methodology

In this section, a high-level description of the methodology used in the development of each pro-
posed method is presented. Furthermore, a more detailed explanation of the state-of-the-art used
architectures is provided. In addition to these architectures, the OpenCV libraries were also used
for the dataset preparation. All the algorithms were implemented in the programming language
Python and tested on desktops with GPU.

3.3.1 Verification Based Method

The face recognition process in the Verification Based Method was performed by the comparison
of an input face image and a set of face samples of known individuals to the system. Consequently,
the system required a pre-processing phase in which the face displayed in the input image was
detected through the DIlib’s CNN Face Detector. The posterior comparison was made by the
FaceNet siamese network, resulting in a distance that directly represented the similarity between
two faces. Thereby, the output of this system is an ordered vector of Euclidean distances, in
which the first position represents the smaller distance obtained between the input face and the
most similar one from the known subjects. The input face image is then classified with the label
which corresponds to this first position, labely, being the correspondent Euclidean distance the

associated distance score. Verification Based Method system has the following Figure 3.1 model

structure.
Set of known
individuals
l 1. label, distance
. 2. label, distance
Input Dlib's CNN FaceNet o 1 .
Image|  Face Detector | System | 3. label, distance labely, distance score

n. label, distance

Figure 3.1: Verification Based Method system model structure.
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Dlib’s CNN Face Detector

Dlib is a C++ cross-platform software library that provides machine learning algorithms and
tools to create real-world applicable complex software. Initial released in 2002 and originally
written in C++, DIib has valid and easy to implement Python bindings.

The used Dlib’s Python example CNN Face Detector ' uses a Max-Margin Object Detection
(MMOD) model with CNN based features. Having a simple training process, this implements a
model that was pre-trained with a manually labeled dataset, composed of images from ImageNet,
AFLW, Pascal VOC, VGGFace, WIDER, and Face Scrub datasets.

This face detector is capable of detecting faces in almost every angle and is robust in detecting
faces with occlusions. Meant to be executed on GPU, its performance depends on the available
memory, which often requiring the resizing of the images when these are too heavy. In terms of
resolution, for example, an 8MPx image takes about 10GB of RAM. As the experiments were
performed in a computer with significantly less RAM, it was required to resize the input images,
concerning their aspect ratio and resolution (width x height). This might have had a negative
impact, once the non-detection of faces in some images could have been due to their resizing.

Additionally, Dlib CNN Face Detector is not able to detect small faces, once the MMOD
model was pre-trained for a minimum face size of 80x 80 pixels. From a posterior analysis of its
performance, it was observed that it produced small bounding boxes and regularly clip parts of
the forehead and chin. An example of the Dlib’s CNN Face Detector resulting bounding boxes is

shown in Figure 3.2.

Figure 3.2: Dlib’s CNN Face Detector performance example.

! Available in http://dlib.net/cnn_face_detector.py.html
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FaceNet System

FaceNet [54] system was proposed in 2015 by Google. This system transforms the input face
images into a compact Euclidean space, where the distances between them directly correspond to
a measure of their face similarity. To do so, the FaceNet makes use of a siamese network that is
composed of two identical fully connected CNNs. For the face recognition process, it is given
to each one of the networks a face image as input, which is subsequently encoding into a 128-
dimensional space representation followed by an L2 normalization resulting in a face embedding.
Therefore, FaceNet trains its output to be a compact 128-dimension embedding, i.e., each face
is encoded in 128-bytes, using a triplet-based loss function based on LMNN [112]. The system
output is the Euclidean distance between the two faces embeddings, as shown in Figure 3.3, having

the network been pre-trained so that the more similar the faces, smaller is the distance.

FACE
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Share EUCLIDEAN Euclidean distance
weights DISTANCE between the two
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EMBEDDING

FaceNet ——>

Figure 3.3: FaceNet face recognition process.

The train of the model was conducted giving to the network a three data samples - an anchor
image, a positive and a negative. Representing the anchor a given individual’s face, the positive
sample was another image of that individual and the negative the face image of another subject.
Triplet-based loss function during the training minimizes the distance between the anchor and the
positive and maximizes the distance between the anchor and the negative, as illustrated in Figure
3.4. Consequently, the facial recognition verification through FaceNet is performed according to a
certain threshold value: below that value, the two input face images are considered from the same

person, and above as belonging to different people.

anchor positive negative

negative negative

anchor /O\> anchor T

positive positive

Figure 3.4: Triplet loss-based training process.
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3.3.2 Classification Method

The Classification Method system was implemented using the Tensorflow Object Detection API.
The TensorFlow Object Detection API ? is an open source framework that simplifies the construc-
tion and the training of object detection models. As the name suggests, this is implemented on top
of Tensorflow, which is an open source library to develop and train machine learning models. Due
to its ease of use, this API was chosen for the employment of the transfer learning technique in a
pre-trained object detection model 3. This is a Faster-RCNN ResNet 101 model trained with the
COCO dataset [113], able to detect and classify 90 classes. Transfer learning was used since the
available amount of data was not enough to properly train the neural network from scratch. The
pre-trained model was then trained with a training set of the individuals to be recognized, resulting
in a fine-tuned model able to detect and classify them. Therefore, this model first detects the ROI,
which probably contains a face. The outputs are the ROI, the classified identity label for that ROI,

labelr, and a confidence score of that classification, as demonstrated in Figure 3.5.

Input Fine-tuned

Image Model —> ROl —> label g, confidence score

Figure 3.5: Classification Method system model structure.

3.3.3 Fusion Method

The Fusion Method combines the outputs of both the above methods. An input image is fed
into the Classification Method, resulting in an ROI with the correspondent attributed /abel- and
confidence score. The ROl is then introduced directly into the FaceNet network, skipping the face
detection phase of the Verification Based Method, from which is obtained the identified labely
and the correspondent distance score. Further, in the Fusion model, both methods outputs are
combined according to different parameters, resulting in a final classification, labelr. This process
is demonstrated in Figure 3.6. The Fusion Method implementation will be discussed in Section
6.4 of Chapter 6 (Results), since some of the fusion parameters emerged from the analysis of the

verification and classification methods results.

Verification
Based Method labely, distance score

Classification

Method Fusion —> labelr

J

o £ labelc, confidence score
Input Image

Figure 3.6: Proposed Fusion Method model structure.

2 Available in https://github.com/tensorflow/models/tree/master/research/object_
detection

3 Available in https://github.com/tensorflow/models/blob/master/research/object_
detection/g3doc/detection_model_zoo.md as faster_rcnn_resnet101_coco.
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Chapter 4

Datasets Preparation

An essential component in the development of a face recognition system is the dataset. Commonly,
this contains the face images of different people along with the respective annotations, which
include the label - the person’s identity - and the person’s face bounding box. The datasets can
be composed of images containing the individuals in a scene, possibly with other people, but may
also just be cropped images with only the subject’s face, excluding the need for bounding box

annotations. In the particular case of face/identity verification, two datasets come into play:

e Gallery Set (¢) - Set of images whose identity is known to the system, having one or more

images for the same subject.

e Probe Set (&7) - Set of images presented to the system for recognition, which may contain
images of the individuals of the Gallery Set or not.

For the overall goal of this dissertation, it was necessary to prepare different adequate datasets

for the assessment of the distinct strategies and of the proposed fusion approach.

4.1 Base Dataset

The Base Dataset is composed of diverse images of four distinct personalities, Donald Trump,
Marcelo Rebelo de Sousa, Ricardo Rio, and Rui Moreira captured in real scenarios. The justifi-
cation for the choice of these personalities derives from the integration of this dissertation on the
CHIC project that is being developed by INESC TEC, which is, as introduced in Chapter 3, fo-
cused on analyzing strategies for the recognition of local, national and international individuals for
automatic annotation of journalistic audiovisual content. As so, the dataset includes well known
national and international personalities, but also more local ones, like Rui Moreira and, especially,
Ricardo Rio. This is intended to align with the greater difficulty in collecting adequate images for
less known people.

For each personality, the dataset has images with different resolutions and these can show
the subject by himself or accompanied by one or more people. It also includes images where

the individual was posing for the photograph and others where it was captured in unconstrained
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circumstances. Therefore, the dataset exhibits several head poses and different illumination condi-
tions, all aspects that might compromise facial recognition. The images were collected from either

Google Images, the personality’s Facebook or even from video frames.

More details on the Base Dataset of each personality will be given below, regarding aspects

like the number of images, the number of persons per image, particular features, etc.

Donald Trump
Donald Trump’s - the 45th President of the United States - dataset consists of 549 images, most
of which have a resolution equal or superior to 1280 x 720 (~ 0.9 MPx) or above. It features a
high diversity of facial expressions and in 36% of the images, the personality is accompanied by
people, although in the majority, the remaining subjects appear as background and blurred. Figure

4.1 presents four examples of Donald Trump’s dataset.

Figure 4.1: Donald Trump’s dataset images examples.

Marcelo Rebelo de Sousa
The majority of the images in Marcelo Rebelo de Sousa’s - President of Portugal at the time of
this dissertation - dataset, which comprises a total of 520 images, show him accompanied. This
is the set of images where the personality appears with the greatest age range and in which only
about 22% of the images show the individual in a frontal pose. Some examples of this dataset are

shown in Figure 4.2.

Figure 4.2: Marcelo Rebelo de Sousa’s dataset images examples.

Ricardo Rio
Ricardo Rio’s - at the time of this dissertation, Mayor of Braga - dataset contains 507 images,
being some of these sampled from videos of interviews or election campaigns. Similar to what
occurred in Marcelo Rebelo de Sousa’s dataset, in about 70% of the images he is accompanied by

one or more people. In Figure 4.3 are presented some examples for his dataset.
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Figure 4.3: Ricardo Rio’s dataset images examples.

Rui Moreira
Composed of 515 images, this dataset has the particularity of having some images where the
personality is wearing glasses. As it happened with Donald Trump’s dataset, in about 37% of the
images, Rui Moreira - current Mayor of Porto - is accompanied by one or more people. A few

examples of his dataset are displayed in Figure 4.4.

Figure 4.4: Rui Moreira’s dataset images examples.

For a more detailed characterization of the Base Dataset, several important aspects were ana-
lyzed. Firstly, the number of existing images for each head pose (Frontal, Left, Right, Down, Up)
was registered. This is relevant because the comparison can be between faces with different head
positions, which will probably influence the final classification. Since this accounting was man-
ual, thus one can argue that the classification for each position may contain a subjective influence.
Furthermore, the file size of the images was analyzed, which may have more impact at the com-
putational level and is related to the images’ resolutions. This last characteristic was estimated by
computing the number of megapixels (MPx), due to a wide range of dimensions (width x length)
of the images. The image resolution is related to its quality, where smaller dimensions can imply
a lower resolution of details, which, in turn, might detriment both face detection and recognition
[114]. Additionally, the number of images in which the personality is alone was counted, as well
as the number of images in which the personality is with one or more people. Figures 4.5, 4.6, 4.7
and 4.8 convey a summary of this analysis for each personality dataset.

It can be observed in Figure 4.5 that, in the majority of the images, the personalities exhibit a
side head pose, to the left or the right. In about 22% of the pictures, the individual is in a frontal
pose and only in a small percentage of images appear with an up or down head pose.

In Figure 4.6 it is shown that, for Marcelo and Ricardo datasets, most of the images file sizes,
around 67%, are considered "Small", while in Trump’s Dataset, 76% of images have a file size
larger than 100KB. It is also shown that a substantial proportion of Rui’s dataset has a file size
between 10 KB and 1 MB, of which 41% are considered "Small" and 39% "Medium", being
notable that Rui’s is, from all the four, the only dataset that has images with a size lower than
10KB.
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Figure 4.5: Distribution of the different head poses among the Base Dataset.
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Figure 4.6: Distribution of the different image file sizes among the Base Dataset.

From Figure 4.7, it can be concluded that most of Marcelo’s dataset has an image resolution
between 0.3 and 0.5 MPx, typically corresponding to images with dimensions between 640 x 480
and 768 x 576. Most of Ricardo’s dataset has an image resolution between 0.5 and 0.8 MPx, the
last referring to images with dimensions of about 1080 x 720. Additionally, it can be estimated
that 90% of the Rui’s dataset has an image resolution bellow 1.3 MPx, usually with dimensions
lower than 1280 x 1024. It is also evident that Trump’s dataset is by far the one with higher image
resolutions, once more than half of his dataset has a resolution superior to 2 MPx, matching to

images with dimensions above 1920 x 1080.

At last, in Figure 4.8, it can be noticed that both Trump and Rui appear in the majority of
its datasets alone, contrary to what happens with Ricardo, who in 50 % of his dataset appears
accompanied by more than one person. It should also be noted that Marcelo appears alone almost

with the same frequency as he appears accompanied by a person, or by 2 or more.



4.2 Ground Truth Dataset 29

60 % _

40% | i

20% | i
Lk L

0% = ‘ m : H‘ ’_L

<0.1 0.1-0303-0505-080.8-13 13-2 2- 3-5 5-8 >8

Image dimension (MPx)

liDonald Trump [0 Marcelo Rebelo de Sousa [ IRicardo Rio Rui Moreira

Figure 4.7: Distribution of the different images dimensions among the Base Dataset.
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Figure 4.8: Distribution of amount of people per image among the Base Dataset.

4.2 Ground Truth Dataset

Alongside with aforementioned dataset, it was necessary to generate the corresponding annotation
of the personality’s face. For each image, it was performed a handcrafted annotation in an XML
file, taking into consideration the bounding box that included the whole head of the individual,

excluding any other person present in the image.

Based on these annotations, an additional Ground Truth Dataset (GT) for each personality was
created, where the base images were cropped according to the corresponding annotated bounding
box, similar to what it is illustrated in Figure 4.9. This is inline with commonly used datasets for
facial recognition, such as LFW [11] or CASIA-WebFace [55], which contains images including

larger or narrower head regions, with only the annotation of the person’s identity label.
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PRESIDENT ELECT
New York, New York

Figure 4.9: Donald Trump’s Base Dataset image with the ground truth annotated bounding box,
represented in green and its cropped version.

4.3 Noisy Dataset

In order to analyze the impact of possible noise emanating from facial detection into the face recog-
nition pipeline, random modifications were artificially added to the annotated bounding boxes be-
fore the generation of the cropped versions. Those modifications concerned two main types of
noise: expansion and shift of the bounding box. The expansion noise could be applied in all direc-
tions or just one (left, right, top or bottom) and shift noise could be introduced in any direction.
Having as base the Base Dataset annotations, the different noises were randomly added in
diverse percentages (1%, 5%, 10%, 15%, and 20%) to every image bounding box of the person-
alities’ subsets. The quantity, in pixels, of the introduced noise was computed as the applied per-
centage multiplied by the annotated face bounding box diagonal length, as represented in Figure

4.10. This procedure is presented in Algorithm 1.

Figure 4.10: Ground truth annotated bounding box diagonal, represented in blue.

As a result of applying Algorithm 1, the Noisy Dataset is composed of the crops of the Base
Dataset images by the distorted bounding boxes. Five Noisy Datasets were created for each one of
the four personalities, one per percentage of noise introduced. Figure 4.11 shows a few examples

of the resulting noisy bounding boxes compared with the ground truth ones.
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Algorithm 1 Add noise to Ground Truth Dataset

1: for image in Ground Truth Dataset do

2 (Xmins Ymins Xmaxs Ymax) <— annotated bounding box

3 bb_heigth < Xyax — Xmin

4 bb_width < Ymax — Ymin

5 bb_diagonal < +/bb_height? + bb_widht?

6: margin <— percentage X bb_diagonal > percentage € {1%,5%,10%,15%,20%}
7

8

9:

noise < random type of noise
noisy_image < ApplyNoise(image, Xyin, Vimin, Xmaxs Ymax, R0ise )
end for

(d) Expand left 20%.  (e) Shift bottom 10%. (f) Shift right 15%.

Figure 4.11: Noisy Dataset modified bounding box examples, represented in red. Ground truth
bounding boxes represented in green.

4.4 Face Detection Dataset

To evaluate the entire Verification Based System, the face detection phase was implemented using
the Dlib’s CNN Face Detector 'on the Base Dataset, in order to analyze how the system would
perform with a state-of-the-art face detector and the impact that this could bring. As a result, the
Face Detection Dataset was created, compiling the crops of every detected face in each image. An
example of the bounding box resulting from face detection is shown in Figure 4.12. Consequently,
this set of data includes not only the faces of the personalities but also those of the other people in

the images.

! Available in http://dlib.net/cnn_face_detector.py.html


http://dlib.net/cnn_face_detector.py.html
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Figure 4.12: Bounding box resulting of the Dlib’s CNN Face Detector represented in red. Ground
truth annotated bounding box represented in green.

At this point, a quick inspection of Dlib’s CNN Face Detector results showed that it produces
a significant small crop of the detected faces when compared to the head annotated bounding
boxes, as demonstrated in Figure 4.12. Hence, an alternative version of this dataset was generated
through the expansion of the detected faces bounding boxes. This expansion was performed in
all directions, with a margin of 25% of the diagonal length of the bounding box, thus generating
a second dataset based on Dlib’s face detection. Designated as Extended Face Detection Dataset,
this second dataset presents results more similar to the ground truth annotations (Figure 4.13) and

was defined to analyze the impact of DIlib’s more reduced detected face regions.

Figure 4.13: Bounding box resulting of the Dlib’s CNN Face Detector expanded by 25% repre-
sented in red. Ground truth annotated bounding box represented in green.

4.5 Gallery Set

With the evaluation process came the need to collect a dataset with the individuals known to
the system, with which the identity verification would be processed. This dataset is composed
of five images of twelve distinct personalities, including the four belonging to the Base Dataset.
These five images include a front view photo and two images per side view of the person’s head.
All images have been cropped in such a way that only the personality head appears. Some of
the images belonging to this dataset are presented in the following Figure 4.14, depicting the
represented personalities.
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-
Figure 4.14: Gallery Set examples.

For evaluation purposes, the results were generated for the following three variants of the
Gallery Set:

¢ Frontal Gallery Set (FGS) - containing only the front view images of the twelve personal-

ities;

o 3 Images Gallery Set (3GS) - containing three images for each personality, the one of the

front view and one per side view (left and right);

o 5 Images Gallery Set (5GS) - containing all five images per personality.
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Chapter 5

Assessment Strategy

Two essential elements must be considered to achieve an adequate evaluation of the results: the
datasets - images with which the results were produced, described in Chapter 4 - and the metrics,
which evaluate the performance of the proposed models.

As stated in Chapter 3, the goal of this dissertation is to study face recognition techniques
and research a strategy aiming at a proper trade-off between performance and required training
data. From this main goal, more explicit evaluation objectives have emerged and, hence, the need
to collect the various Gallery and Probe Sets described in Chapter 4. The performance of the
proposed face recognition strategies was evaluated through different metrics.

This chapter begins by explaining the assessment strategy, basing the purpose of constructed

datasets and relating them to metrics, that are further described.

5.1 Opverall Assessment Strategy

The first required step was the collection of a Base Dataset with subsets for each one of the four
personalities, having each subset a reduced number of images (about 500) that attempt to represent
the individuals in real-life scenarios, as described in Chapter 4. This dataset has images with dif-
ferent aspects that might hinder face detection and/or recognition, such as illumination conditions,
head pose variation, image resolution and even the presence of more than one person, as shown in
Figure 5.1. This last one is especially important for the proposed face recognition methods, once
it turns the identification task harder and computationally more costly than it would be if only one

face/person was exhibited in the image.

Figure 5.1: Examples of personalities’ images under different conditions.
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To complement these images, the personality identity (label) and the bounding box annotations
of the personality’s face were hand-crafted in XML files. These annotations allow the knowledge
of the true personality identity and also its face location in the image, and are therefore used as
a basis for establishing a comparison with the results of the other datasets. It is important to em-
phasize that the annotation and labeling of the bounding boxes was a hard and time-consuming
manual task. Although these were outlined to consider the whole head region, the inherent sub-
jectivity of a manual task and the fatigue during its execution may have led to few less consistent
annotations, where the bounding box considers less or more of the head region.

As refered in the Chapter 3, two strategies for facial recognition were assessed: verification/
authentication and identification/recognition. These distinct recognition approaches have an
impact on the type of assessment, there being different evaluation metrics for each one. These will

be discussed in Section 5.2 and 5.3.

5.2 Verification Based Method

In a typical verification method, a probe - face image whose identity is to be verified - is presented
to the system claiming to be a certain person. The system then computes the similarity between
the probe and that person’s image stored in the Gallery Set, to determine whether the two images
correspond to the same person or not. Therefore, verification systems are generally characterized
as a 1:1 matching system. Conversely, the proposed method computes the similarity between the
probe and all images of the Gallery Set, i.e., the probe verification is performed with the entire
Gallery Set, thus being a 1:N matching. This is consistent with the proposed application scenario,
where a given stream is to be processed with knowledge if one or more of the personalities are
present.

The proposed method is based on a siamese network, more specifically, on FaceNet [54]
siamese network. In this method, the similarity between a probe and an image from the gallery
is computed by the Euclidean distance between the two encoding representations (embedding) of
the two faces. For that, and assuming that the Gallery Set already contains cropped images of the
known individuals’ faces, it is essential to detect the faces in the input image before feeding it to
the siamese network. This is because it is considered that the input image does not contain the face
cropped and can contain more than one face. As expected, the smaller this Euclidean distance, the
more similar are the faces, and so the verification decision is made by taking into account a cer-
tain threshold value, above which the system classifies the faces as belonging to different persons.
Since the comparison is executed between the probe and the whole Gallery Set, the output of the
proposed system is a vector of Euclidean distances. The resulting vector is subsequently sorted in
ascending order, meaning that the first position of the vector corresponds to the distance between
the face of the input image and the most similar face of the gallery, according to the network.

The proposed verification based approach follows the pipeline depicted in Figure 5.2: face
detection is performed on an input image; each detected face is provided, one at a time, as an input

to the siamese network, being the other input each image from the Gallery Set; the result is, then,
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the vector of the Euclidean distances. For this strategy’s assessment, the Rank-1 recognition rate

[115] is used.
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Figure 5.2: Proposed face recognition verification strategy pipeline.

Having this system assembled , it was necessary to collect the Gallery Set. This is composed
of several images for each known individual and contains also other personalities beyond the four

intended to be recognized. See Figure 4.14.

It was also required to collect the Probe Set. For a more accurate analysis of the results, three

Probe Sets were collected, aiming to cover three different evaluation purposes:

e Ground Truth Dataset - to evaluate the verification/authentication of the system itself, and
for such purpose, the face detection phase is not considered. It derives from the Base Dataset
and its bounding box annotations, resulting in a set of cropped images of the personalities’
face. These resulting images represent what would be a nearly perfect face detection result

and for that reason will be used as the basis of comparison for the other Probe Sets results;

e Noisy Dataset - To assess the impact of the face detection phase, which represents a crucial
step in the pipeline, since the comparison is made between the Gallery Set and the detected
face bounding box. An invalid or misplaced detection or even a non-detection of a face can
imply an incorrect and unfairly verification. Therefore, it is also important to analyze how
these possible levels of noises associated with the face detection influence the result of the

verification;

e Face Detection Dataset - To evaluate the overall system performance, the face detection

phase was implemented using the Dlib’s Face Detector on the Base Dataset.

To sum up, for the assessment of the verification strategy, each image of the three generated
datasets - Ground Truth Dataset, Noisy Dataset, and Face Detection Dataset - were compared with
the Gallery Set, which resulted in vectors of Euclidean distances for each one of those. Figure 5.3

illustrates the organization of the different datasets for both Probe and Gallery Sets.


sec:gallery_set
sec:groundtruth
sec:noisy
sec:facedetection
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Probe Sets Gallery Sets
Ground Truth Dataset Facgali’::;eetztion Frontal

Noisy Dataset Face Detection

1 % Noise : : 5% Noise 3 Images
10 % Noise : : 15 % Noise Extended Face
20 % Noise Detection 5 Images

Figure 5.3: Probe and Galley Sets.

5.3 Classification Method

For the identification/recognition strategy, a pre-trained object detection model was used as a
starting model for the recognition of the intended four individuals. This machine learning method
is known as transfer learning [116]. For this process, 500 images of each individual were selected
from the Base Dataset, to compose a more balanced train set, to achieve a fair classification model
for the recognition of the four personalities. To this strategy assessment, Cross Validation was
applied, which is a model validation technique to evaluate the generalization capacity of a model
in an independent dataset. More specifically, it was used the K-Fold Cross Validation, commonly
used to evaluate machine learning methods with limited data.

5.4 Metrics

To evaluate the face recognition verification method of the Ground Truth, Noisy and Face Detec-
tion Datasets on the three Gallery Sets, the resulting Euclidean distances vectors were sorted in
ascending order, in other words, ordered from the personality of gallery more similar to the probe

to the most distinct.

Adopting similar designations used by Phillips et. al [115] , this comparison between a probe
pj and each gallery image g; produces the Euclidean distance d;;, which will referred as distance
score and whose negation could be used as similarity score. Assuming that the identity of a probe,
id(pj), is present in the Gallery Set with one or more images, a correct match is the one where
id(p;) = id(g.), being g, one of the gallery images correspondent to that identity. If d,; is the nth
smallest one, the probe p; rank is n, given by rank(p;). A practical example of these designations

is demonstrated in Figure 5.4.
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Figure 5.4: Pratical example of the used designations.

The Rank-1 recognition rate is based on the percentage of probe searches returning d,; in
the first rank-ordered result, i.e the rank(p;) = 1. This first rank-ordered result is also referred
as the top match. A probe is correctly verified if rank(p;) = 1 and its distance score is below a
operational threshold value 7. For evaluation purposes, two Rank-1 recognition rates were com-
puted, considering or not the operational threshold. These are given by the Equations 5.1 and 5.2,
respectively.

_ |{pj:rank(p;) = 1 and d,; < T}|

Rank-1R(t) = 7 .1)

[{p) : rank(p,) = 1}
Ed

Additionally, the False Acceptance Rate (FAR) was computed using Equation 5.3 as the frac-

Rank-1R = 5.2)

tion of wrong matches, whose distance d;j is inferior to the threshold value with regards of the
total number of wrong attempts:
_ Hdij:id(p;j) # id(g;) and d;; < 7}|

FAR(T) = P 1] (5.3)

For the classification strategy, the assessment was performed using 5-Folds Cross-Validation.
For this task, from the entire Classification Dataset - with 500 Base Dataset images per individual -
50 images of each were randomly selected for the test set, totaling 200 images. The remaining 450
images per personality were randomly split into five folds. Each of the folds containing 90 images.
Then, the transfer learning process was conducted using four folds - 360 images per personality
- to fine-tune the pre-trained model, and the fifth was used to validate the model. This iterative
process was repeated until each folder had been used as validation set. The performance metrics
mean average precision (mAP) and mean average recall (mAR) were computed for the five
iterations with the validation set during the training and subsequently with the test set, and used

to evaluate the fine-tuned model. The average precision (AP) is the average value of the precision
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across eleven recall values, from O to 1. Consequently, the mAP was calculated by the mean AP
over the four classes and overall IoU threshold values, from 0.5 to 0.95 with a step of 0.05. As
for the average recall (AR), this is maximum recall given a fixed number of detections per image
averaged over all IoU threshold values.

For a more correct comparison of the performance of the Verification Based and Classifica-
tion Methods, and for further analysis of the proposed Fusion Method - which combines the two
previous approaches - it was used the metric F-measure, also known as F-Score or FI-Score.
This metric, given by the Equation 5.6, considers both Precision and Recall of the classification
process to compute a single performance score, representing the harmonic mean between both.
The precision metric, defined by the equation 5.4, represents the percentage of positive detections/
identifications that were actually correct, according to an IoU (Intersection over Union) overlap
threshold operational threshold, i.e., the percentage of total relevant results correctly detected and
classified. The recall metric, defined by the equation 5.5, represents the percentage of face images
in the Gallery Set that were correctly detected and classified, also according to an IoU overlap
threshold; in other words, the percentage of positive detections/identifications that were consid-

ered as relevant results.

Y TruePositives
Y TruePositives + Y. FalsePositives

Precision = 5.4

Y TruePositives

Recall = — :
Y TruePositives + Y FalseNegatives

(5.5)

The Intersection over Union between the ground truth bounding box and the bounding box
obtained from the face detection or from the Classification Method is computed as expressed in

the following Figure 5.5.

JoU — Over'lap Area
Union Area _r—

Figure 5.5: Intersection over Union computation.

Precision x Recall
F — measure =2 recz's1.0n ccd (5.6)
Precision + Recall




Chapter 6

Results

This chapter presents and analyses all the results obtained by the Assessment Strategy, aforemen-
tioned in Chapter 5. Once the evaluation was carried out for the Verification Based Method and
the Classification Method, the results of these are listed in two separate sections, being the third
section dedicated to their comparative analysis. These two methods experiments attempted to
detect and classify faces of the four intended personalities. Therefore, the results are displayed
individually, and their average was computed to assess both methods as an all. The performance

of the Fusion Method is analyzed in the last section of this chapter.

6.1 Verification Based Method

6.1.1 Experimentation strategy

To evaluate the Verification Based Method, whose assessment strategy is reported in Section 5.2,
several experiments were performed. The aim was to obtain an adequate set of results for the
evaluation of different aspects that might influence the efficiency of this face recognition method.
The only difference between the executed tests was the dataset chosen as Probe Set. For each
Probe Set, the performance metrics were computed using the three variations of the Gallery Set:
FGS, 3GS, and 5GS.

In the initial stage of the evaluation process, the definition of a baseline for these experimental
results was required. This was obtained from the application of this method to the recognition of
the four specific individuals and the most accurate approximation to the ideal results was obtained
using the Ground Truth Dataset as Probe Set. As a result, the obtained performance refers only
to this face recognition system, not taking into account the impact of a previous facial detection
phase. Therefore, the obtained results with the GT are used as a baseline throughout the analysis

of this verification based method.
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Two experiments were conducted using the following datasets as Probe Set:

e Noisy Dataset - composed of five subsets - 1%, 5%, 10%, 15% and 20% - and used to

analyze how different levels of noise can influence the face recognition;

e Face Detection Dataset - composed of two subsets, one resulting from the application of a
face detector on the Base Dataset and the other from a 25% expansion of the latter subset
bounding boxes, and used to evaluate the entire system implementing the face detection

phase.

The next section examines the question of the operation threshold value, through which the
identity of an individual is verified, and asserts its most adequate value. The results of the experi-

ments conducted are further analyzed for the two Probe Sets.

6.1.2 Threshold Value

The operation threshold (7) corresponds to the value upon which a decision about an identity is
undertaken. As stated in Chapter 5, for each given probe to the verification system, the output is a
vector of Euclidean distances, which corresponds to distance scores between the probe and each
image of the Gallery Set. The probe p; is recognized as a gallery individual g; if the distance score
d;j is below the operation threshold.

Hence, before proceeding to the assessment of the results, it was necessary to study and define
the operational threshold value. This analysis was based on the False Acceptance Rate (FAR),
with the aim to maximize Rank-1 R(7) and minimize FAR(7) and but yet considering that the
maximization of the first implies the maximization of latter. Different tests were performed using
several threshold values, ranging from O to 4, with a step of 0.1, having the a priori knowledge
that the distance score d € [0.0, 4.0] [54]. Through the obtained results, the receiver operating
characteristic (ROC) curve, presented in Figure 6.1, was constructed, by plotting the Rank-1 R(7)
against the FAR(7) at the various threshold values.
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Figure 6.1: ROC curve between Rank-1 R(7) and FAR(7).
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The optimal maximization of Rank-1 R(7) — FAR(T) was obtained for T = 1.1 (%). However,
aspiring for a more reliable recognition and an even lower FAR, the chosen threshold value was
1 (®). In Table 6.1 are displayed the False Acceptance Rates for the Ground Truth Dataset. The
presented results for T = 1 are consistent with reports in the state-of-the-art [117, 118], where
FAR values equal to 1% are considered low and reasonable. Hence, in the following sections the

value of 7 will be set to 1.

FAR (t=1)
Ground Truth Dataset FGS 3GS 5GS
Donald Trump 0.75% 0.53% 0.46%
Marcelo Rebelo de Sousa  0.65% 2.61% 2.36%
Ricardo Rio 0.00% 0.03% 0.19%
Rui Moreira 0.02% 0.02% 0.18%
Average 0.35% 0.80% 0.80%

Table 6.1: False Acceptance Rates for the threshold 7 = 1.

6.1.3 Results Analysis
6.1.3.1 Frontal Gallery Set

This section presents the results using the Frontal Gallery Set. Hence, each probe will be compared
with twelve images, from the twelve known personalities. Figures 6.2 and 6.3 show the results for
the two Probe Sets, Noisy and Face Detection Datasets, respectively, using as baseline the results
for the Ground Truth Dataset.

By analyzing Figure 6.2, it can be asserted that, when going through this face recognition
process, the four personalities exhibit similar behavior. As expected, all Rank-1 R outperform the
Rank-1 R(7 = 1). This happens due to the fact that the Rank-1 R metric only takes into account
the correct top matches, not verifying if the corresponding distance score is below the threshold
value. Thus, a probe p; is always identified as the person in the gallery g;, with which it has a
lower distance score d;;. Therefore, this classification is not considered highly reliable, once it
does not take into account a threshold value, implying a FAR of 100%.

It can also be noted that, as the artificially added noise increases, the recognition rate decreases.
This performance decrease was expected, since the comparison is made with incrementally mod-
ified bounding boxes that may leave out face components, such as the chin, the forehead or even
the nose in non-frontal pictures. The decline in performance is even more noticeable when ap-
plying the threshold value. Once even when the top match is correct, the corresponding distance
score could be higher than the threshold value, and consequently the probe not classified with any

identity.
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Figure 6.2: Frontal Gallery Set results with Noisy Dataset as Probe Set.

By making a comparative analysis between the four personalities’ results, it can be concluded
that the recognition rates for Donald Trump, both Rank-1 R and Rank-1 R(7 = 1), are the ones that
decrease the most as the percentage of applied noise increases from 1% to 20%. This behavior
can be explained by the fact that his dataset has a lower percentage of frontal pictures and it is
characterized by a wide range of facial expressions. The comparison with a frontal neutral - with
no facial expression - image, characteristic of this Gallery Set, might be unfair relative to the
comparison executed with the other three personalities, where the diversity of facial expressions
is significantly lower.

Marcelo Rebelo de Sousa’s dataset displays the lowest Rank-1 R performance, with 90.38%;
however, it also exhibits the lowest discrepancy of both Rank-1 R and Rank-1 R(T = 1) between
the results for 1% and 20% Noisy Datasets.

Both Ricardo Rio and Rui Moreira present the highest performances for Rank-1 R, having
a similar decreasing behavior of about 10%. Nonetheless, Rui exhibits the highest gap between
the Rank-1 R and the Rank-1 R(T = 1). After a quick inspection, it was concluded that this was
because the Rui Moreira’s frontal gallery photo was taken under more contrasting illumination
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conditions when compared with his entire dataset, leading to higher distance scores and, conse-

quently, to a lower Rank-1 R(7 = 1).
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Figure 6.3: Frontal Gallery Set results with Face Detection Dataset as Probe Set.

As presented in Figure 6.3, the recognition rates for the Face Detection Datasets are consid-
erable distinct within the four classes. However, it is evident the overall improvement of perfor-
mance when using the Expanded Face Detection Dataset. Also, closer results of R and R(T = 1)
are obtain with this Probe Set, since the expansion resulted in bounding boxes more identical to
the ground truth annotations, as proven in Figure 4.13 in Chapter 4. This leads, in turn, to lower
distances scores, reflected in the better results of this dataset, relatively to the ones with the Face

Detection Dataset.
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Once again, the processes of face recognition only taking into account the correct top matches,
Rank-1 R, for both Ricardo Rio and Rui Moreira have higher performances. Figure 6.3 b) shows
that Marcelo Rebelo de Sousa had significantly low recognition rates. In the search for the reason
behind these results, it was observed that the detection of Marcelo Rebelo de Sousa’s face is
very defective. This could be justified by the reduced dimension of his images, as demonstrated
in Figure 4.7 in Chapter 4, and by the small proportion of his head in relation to the respective
images; both factors hinder the detection. Consequently, and regarding all the four personalities,
the given recognition rates also reflect the non-detection of faces in some images. Considering
that fewer faces from Marcelo were detected, it is also reasonable that his results show a lower

overall performance.

The presented results indicate that the use of a real detector in this verification system had
a significant impact since it could add noise to the bounding box’s results (shift or changes in
dimension), but it could also fail to detect the face, which was never, in this context, compared.

This is important information considering that face detection is a necessary step in a real pipeline.

6.1.3.2 3 Images Gallery Set

This section presents face verification results using three images in the Gallery Set - one of a
frontal pose, one left and one right side view, bringing a total of 36 images with which the Probe

Sets were compared. The results are depicted in Figures 6.5 and 6.6.

Analyzing 3GS results for the Noisy Dataset (Figure 6.5) it becomes evident the overall ap-
proximation between the two computed recognition rates, Rank-1 R and Rank-1 R(t = 1). This
occurs once, in contrast to what happened in the previous experiment (Section 6.1.3.1), the Probe
Sets comparison was carried out with both frontal and side faces. Taking into account that the
majority of the datasets show the personalities in a left or right view position (Figure 4.5), it was
reasonable to expect that the distance scores would be, in general, lower. This was corroborated
by the fact that most of the correct fop matches were obtained with one of the two images added

per individual, which, in turn, led to a notable better performance, relative to the FGS.

Despite the closer recognition rates for the Marcelo Rebelo de Sousa’s dataset, this was the
only one in which the performance decreased from the Frontal and to 3 Images Gallery Set results.
A posterior analysis demonstrated that incorrect top matches predominantly recognized Marcelo
Rebelo de Sousa as another personality from the gallery, recurring to the side view added images of
the latter. Two images of an example of incorrect recognition are shown in Figure 6.4. Therefore,
some of the previous correct fop matches obtained with frontal images were replaced by incorrect

ones with a non-frontal face of the impostor.
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(a) Marcelo. (b) Impostor.

Figure 6.4: Example of a Marcelo Rebelo de Sousa’s incorrect top match.
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Figure 6.5: 3 Images Gallery Set results with Noisy Dataset as Probe Set.

As for the Face Detection results shown in Figure 6.6, it is relevant to highlight the better
performance of the system in recognizing Donald Trump, when compared with the previous test.
From this can be implied that face detection in his dataset is adequate, unlike in Marcelo’s, but the
recognition in the FGS experiment was due to the aforementioned reasons, mainly because of the

diversity of the facial expressions. These justified its performance for the Noisy Dataset. Ricardo
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and Rui also presented an improvement for the Rank-1 R(7 = 1). For all these three personalities,
the outcomes with the Expanded Face Detection Dataset conducted to a recognition rate that is
nearer to the baseline scenario. Once more, Marcelo’s results for both Face Detection Datasets
remained substantially below to the GT baseline.

One can conclude that the overall performance of the proposed face recognition model based
on the verification was improved by the addition of one left and one right side view pictures to the
Gallery Set. This addition of images allowed the system to know more than one head pose for each
individual and, therefore, made the face recognition more reliable for unconstrained scenarios,

under which photographs or videos more hardly capture a face in a perfect frontal position.
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Figure 6.6: 3 Images Gallery Set results with Face Detection Dataset as Probe Set.
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6.1.3.3 5 Images Gallery Set

In this section, the behavior of the face recognition verification based method is analyzed, using
the entire Gallery Set, with 5 images - one frontal, two left and two right - for each one of the

twelve known subjects. As a consequence, every probe will be compared with 60 face images.
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Figure 6.7: 5 Images Gallery Set results with Noisy Dataset as Probe Set.

For the 5 Images Gallery Set, Figure 6.7 shows a slight improvement of the face recognition
performance. When the threshold was considered, higher reliable results were reached, with a
Rank-1 R(7) almost identical to the one of Rank-1 R, which in turn is practically the same as the
GT performance for the 1%, 5% and 10% Noisy Datasets. This means that having more than one
image per known individual, especially with a variety of non-frontal head poses, leads to a system
capable of adequate face recognition, even if the face detection phase introduces a noise up to

about 10% of the size of the face exhibited in the image.
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Figure 6.8: 5 Images Gallery Set results with Face Detection Dataset as Probe Set.

The results depicted in Figure 6.8 are very similar to Figure 6.6, unlike what happened with the
Noisy Dataset. These are indicative of the impact of the face detector. Dlib’s Face Detector usually
detects a face with a tight bounding box, not considering the whole head region as the images in the
Gallery Set, which often crop important facial features. When compared with images that take into
account a different face region, lower distance scores were obtained, although the percentage of
correct top matches was high. Hence, the comparison with the expanded bounding boxes resulted
in better and more similar performances to the Ground Truth outcomes, once the applied expansion

discarded part of the noise introduced by the face detector.
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6.1.3.4 Conclusions

To understand the overall performance of the proposed face recognition method, the recognition
rates for the four individuals were aggregated for each Probe Set. These results are presented in
Table 6.2, and visually shown in Figure 6.9. It is also shown in Figure 6.10 the results of each
Probe Set per personality dataset.
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Figure 6.9: Average results of each Gallery Set.

In Figure 6.9, it is easily noted that the recognition performance of the system without con-
sidering the threshold value, given by the metric Rank-1 R, did not suffer a significant effect
throughout the three Gallery Sets. This means that there was not a notable improvement in the
performance when this facial recognition method was applied relying exclusively on the top match
and the identification of a person resorting to one or two pictures per side view of its face, rather
than to just one frontal image. Since this metric did not use a confidence value (threshold) to
accept the top match as correct or not, it can be stated that its outcomes are not highly reliable and
that it would be difficult to apply this method in a real system.

On the other hand, it is evident the ~ 11% increase of the recognition rate when the introducing
the threshold, Rank-1 R(7), from the Frontal to the 3 Images Gallery Set. Thus, such results
support that by adding images, which show both left and right sides of the individual’s face, to the
Gallery Set, more reliable identifications can be achieved. The improvement accomplished with 5
images in the Gallery Set is not so pronounced when compared to the latter outcomes. Once the
two additional images continue to present the subject in a side view, and also by the fact that they

only show a little yaw variation in the head pose.
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Figure 6.10: Average results of each personality dataset.
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It is, then, possible to state that for the implementation of this method in a real-life scenario,
the addition of these last two images would not be reasonable, since it would not significantly
improve the recognition task and would impose a higher computational cost to the system. So,
it is argued that a consistent facial recognition can be achieved recurring to three images per
personality known to the system - one frontal, one left and one right. Therefore, in the following
sections, when referring to the verification based method, the performance results presented are
the ones obtained with the 3 Images Gallery Set.

Another interesting outcome was the recognition performance considering a confidence value
T, for the Face Detection Dataset, which resulted from the application of the DIlib’s CNN Face
Detector on the Base Dataset, as described in Section 4.4. These results proved that the use of a real
face detector in a recognition system introduces noise that will harm the posterior identification.
In this particular case, considering the similar results between the Face Detection Dataset and
the 20% Noisy Dataset, it can be assumed that DIlib’s CNN Face Detector might have added
modifications of about 20% in his detection. The Expanded Face Detection Dataset, even though

reduces part of the Dlib introduced noise, presented similar results to those of 10% Noise Dataset.

Gallery Sets FGS 3GS 5GS
Probe Sets Rank-1 Rank-1 Rank-1 Rank-1 Rank-1 Rank-1
R R(7) R R(7) R R(7)

Ground Truth 94,32% 77,39% 95,42% 90,22% 94,15% 91,65%
1% Noise 94,60% 79,45% 95,04% 89,52% 94,02% 91,60%
5% Noise 93,05% 75,13% 93,90% 88,18% 93,59% 90,49%
10% Noise 90,95% 74,62% 92,13% 84,71% 91,61% 87,55%
15% Noise 88,38% 66,68% 90,11% 78,70% 89,13% 83,52%
20% Noise 82,71% 65,00% 84,30% 72,17% 82,65% 75,27%
Face Detection 82,33% 64,28% 83,36% 74,26% 82,99% 75,19%

Expanded Face Detection  88,42% 77,90% 89,20% 86,11% 89,10% 86,56%
Table 6.2: Average Results.

6.2 Classification Method

6.2.1 Model Parameters

As stated in the previous chapter, Tensorflow Object Detection API was used for the classification
method, alongside with a pre-trained model with the state-of-the-art COCO dataset. This model
is a Faster RCNN, trained to detect and classify 90 classes of objects, such as people, dogs, cars,
etc. This classification method aimed to perform transfer learning, which a Machine Learning
technique, on the pre-trained model, to obtain a fine-tuned model able to detect and classify the
four selected personalities. The goal was, then, to start from a pre-trained model and adapt it

without the need for several thousand of images for each intended label.
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Several tests were conducted, changing several parameters on the model configuration, in
order to achieve the best model for the recognition of the four intended classes. Most of the
experiments were performed by modifying the number of steps, the batch size, the optimizer, the
initial learning rate, and the image resizer, varying from one that maintained the aspect ratio of the

image to another that applied a fixed resize.

Although it was initial defined, through the 5-Fold Cross Validation technique explained in
Section 5.4, that the transfer learning would be performed with 360 images per class, other tests
were conducted, decreasing the amount of images in the training set and increasing the number of
steps. These experiments resulted in less robust outcomes, even with a higher number of steps. It
was not considered reasonable to present the different results for the various configuration settings
experienced, and so the elected fine-tuned model and one used in further presented results was

accomplished with the following parameters:

e model: Faster RCNN

e image resizer: keep_aspect_ratio_resizer

— min_dimension: 600

— max_dimension: 1024

e score converter: SOFTMAX

e optimizer: Adam

e initial learning rate: 0.00001

e batch size: 1

o steps: 14400

6.2.2 Results Analysis

The obtained results for the validation and test sets are presented in the tables 6.3 and 6.4, respec-
tively. These show the average of the computed performance metrics, mAP and AR, regarding
the five combinations for the train and validation sets. With the validation set, the evaluation was
performed during the training, while the metrics for the test set were conducted when the train was
already concluded and with 50 images per class that were never presented to the system before.

For both tests, the performance had similar behavior.
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Class mAP AR@100
Donald Trump 78.19%  82.42%
Marcelo Rebelo de Sousa 69.38%  77.62%
Ricardo Rio 70.04%  78.18%
Rui Moreira 74.47%  79.36%
Average 72.98%  79.36%

Table 6.3: 5-Folds Cross Validation average mAP and AR for validation set.

Class mAP AR@100
Donald Trump 76.91%  81.64%
Marcelo Rebelo de Sousa  73.03%  78.88%
Ricardo Rio 65.05% 75.76%
Rui Moreira 76.54%  80.72%
Average 73.20%  79.22%

Table 6.4: 5-Folds Cross Validation average mAP and AR for test set.

6.3 Comparative Analysis

To perform a proper comparison between the two proposed face recognition methods, the F-
measure metric was computed. This metric was calculated for the Verification Based Method
having as Probe Set the Ground Truth Dataset and the Face Detection Dataset, both confronted
with the 3 Images Gallery Set. Additionally, the F-measure metric was determined for the Classifi-
cation Method, using the aforementioned configuration settings and a training set with 360 images

for each class. These results are expressed in Table 6.5.

F-measure
Verification Based Method Classification Method
Ground Truth (3GS) Face Detection (3GS) 360 images Training Set
Donald Trump 96,32% 93,60% 97,96%
Marcelo Rebelo de Sousa 91,78% 77, 72% 94,74%
Ricardo Rio 95,79% 86,28% 93,48%
Rui Moreira 95,43% 87,05% 98,99%
Overall System 94,87 % 86,73% 96,35%

Table 6.5: F-measure for the Classification and the Fusion Method.

The results point to a better overall performance of the Classification Method. Although simi-
lar results were achieved for the Verification Based Method with the Ground Truth Dataset, these
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do not reflect the influence of the face detection phase. So, even though the same metric was used
to evaluate the performance, it would be more accurate to compare the classification results to the
verification ones for the Face Detection Dataset. With this in mind, from Table 6.5 is inferred that

the classification method outperforms the verification based one by ~ 11%.

6.4 Fusion Method

Driven by the results achieved for the Verification Based and the Classification Methods, a Fusion
Method was proposed, as stated in Chapter 3. This aimed to combine the outputs of both methods
to achieve an even better performance attending this dissertation’s task of face recognition. Taking
this under consideration, the higher goal was to analyze how, with this Fusion Method, it would
be possible to achieve similar or even outperforming results to the Classification Method, which
presented the best individual performance, as concluded in the previous section.

Within the framework of these criteria, the Fusion Method was implemented through the fol-

lowing steps:

1. For each trained model, which differ in the number of images for the training set, its output
was extracted. This output was composed by the detected bounding box by the neural
network, the attributed label - which can be one of the established classes or a “N/A” one -

and the confidence score for this classification;

2. The obtained ROIs, agnostic of label and confidence score, were given as input to the Veri-

fication Based Method system;

3. These inputs were compared with the 3 Images Gallery Set, and the identification was
through the correct top matches whose the distance scores were below the threshold value.

From this, the outputs were the classified label and the correspondent distance score;

4. Since the confidence score of the Classification Method was also within a range of [0, 1], the
distance score from the Verification Based Method was normalized. Traducing this distance
score in a confidence score, and with the knowledge that lower scores probably represent a

more accurate classification, it was used 1 — the normalized distance score.

5. Finally, the combination of both outputs was performed using both labels and confidence
scores. For the Classification Method, the label was referred to as labelc and the confidence
score as scorec. As for the posterior application of the Verification Based Method, the output
label was referred to as labely and the confidence score, derived from the distance score,
as scorey. The labels of the correspondent scores were only accepted through a threshold
value, which for scorec was 0.5 and for scorey was 0.75. The first represents that were only
considered the classifications obtained with a confidence above 50% and the latter, referent

to the already set threshold value, being 0.75 = 1— the normalization of the 7 value 1;
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6. The fusion was conducted giving both classifications, labelc and labely, different weights,
o and 3, respectively. These weights were applied to the correspondents confidence scores,

scorec and scorey, and considering that oo+ = 1.

Consequently, the recognition of a person’s identity by the Fusion Method was performed

following the Algorithm 2, represented by labelf.

Algorithm 2 Fusion Method

1: labelc,scorec < classification outputs

2: labely ,scorey < verification outputs

3: o < weight of the classification

4: B <« weight of the verification

5: if scorec > 0.5 and scorey < 0.75 then

6: labelr < labelc

7: else

8: if scorec < 0.5 and scorey > 0.75 then

o: labelr < labely

10: else

11: if scorec < 0.5 and scorey < 0.75 then
12: labelp < “N/A”

13: else

14: if labels = labely then

15: labelp < labelc

16: else

17: if labelc # labely and ascorec > Bscorey then
18: labelp < labelc

19: else
20: if labelc # labely and ascorec < Bscorey then
21: labelr + labely
22: end if
23: end if

Several tests were executed differing the @ and B weights. The best performance for the
recognition task was obtained having o = 0.3 and 8 = 0.7. In Table 6.6, the results for the
Fusion Method are compared with the ones of the Classification Method, using the same number
of images for the training set. It is important to clarify that the presented numbers of images for
the training set represent the amount of pictures per personality presented to the neural network,

having the training set a total of images four times these numbers.

F-measure
# Training Set 360 200 100 48 32 24
Classification Method 96,35% 96,30% 95,47% 91,26% 86,40% 81,62%
Fusion Method 9821% 97,92% 97,65% 94,43% 94,44% 93,96%

Table 6.6: F-measure for Classification and Fusion Methods.
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As expected, from Table 6.6, it is evident that with the combination of the verification and the
classification methods outperforming results were achieved. Through Figure 6.11, where these
outcomes are visually shown, the improvement obtained with the latter proposed method is even
more highlighted. It can be asserted that even when reducing the training set from 360 to 48 data
samples, the Fusion Method always outperforms the Classification Method. This enhancement
in performance is more pronounced when the training set is reduced to only 24 images, with a
discrepancy of performance of ~ 12%. It can also be observed that the Fusion Method had better
outcomes for the six training sets, that the ones obtained with the verification method for the Face
Detection Dataset, implying that these reduced the negative impact imposed by the required face
detection phase in a face recognition system. Even when smaller training sets were used, the per-
formance of the proposed approach was similar to the one reached with the original Classification
Method.

100 % | 7

95% - i
N
2
§ 90 % |- -
k -

85% - -

80 % | | | | | |

360 200 100 48 32 24
NP° of images in training set
Classification Method

—— Fusion Method
- - = Verification Method with GT (3GS)
- - - - Verification Method with FDD (3GS)

Figure 6.11: F-measure of Fusion Method.

With this in mind, it is concluded that by reducing the required amount of data for this lat-
ter face recognition method in ~ 93% and combining its results with a verification approach, it
was possible to achieve a proper face recognition, with a small disadvantageous impact of 2%,

relatively to the original classification system.



Chapter 7

Conclusion

The main goal of this work was to analyze different approaches for the face recognition problem
in unconstrained scenarios. With that aim in view, a research of the algorithms proposed in the
literature was conducted. It was also attended the fact that in facial recognition systems, a face
detection phase is essential when addressing images from uncontrolled environments. Face recog-
nition revealed several applications in the computer vision field, having been an active object of
study from the past years, and despite all the positive outcomes achieved, this remains a challeng-
ing and unsolved problem. Additionally, the evidence from this study suggests two principal types
of techniques for face recognition: verification and classification. In this context, two methodolo-
gies, one for each type of recognition, were implemented based on analyzed algorithms from the

state-of-the-art.

The use case of this dissertation is the face recognition and its automatic annotation of local
and national audiovisual contents. These contents represent unrestrained scenarios, which impose
an increased difficulty on the verification/classification of a person’s identity. To this end, it was
defined as the primary task the recognition of four specific personalities, representative entities of
the groups of people more probable to appear these audiovisual environments. To such purpose, it
was required a dataset preparation. The collection of a significant number of images per individual
has proven to be a difficult task, particularly when it came to local personalities. This provided
further evidence that there was a need to minimize the data preparation effort.

In order to accomplish the principal objective, the face recognition developed methods, Ver-
ification Based Method and Classification Method, were applied making use of the collected
data. Both approaches rely on machine learning state-of-the-art models. In the Verification Based
Method, it was first used the Dlib’s CNN Face Detector, being then the extracted ROIs fed into
a FaceNet network, which compared them with a set of labeled faces. The face in the input ROI
would be identified as belonging to the person whom the system pointed out as the most similar one
within its known identities, and according to a threshold value. As for the Classification Method,
an object detection pre-trained model was adopted, on which was performed transfer learning for

the attainment of a neural network able to detect and classify the four intended personalities.

The experiments for the Verification Method corroborate the previous suspicions that the
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needed preliminary face detection might detriment the final identity classification since the lat-
ter was performed on top of the obtained bounding boxes. Once the face detector can end up not
detecting or leading to a resultant ROI that does not represent a face or that has a poor representa-
tion of one, the recognition system has a negative influence, resulting thus in a less robust method.
With this method was obtained a performance of ~ 87%, computed by the F-measure metric.
However, it is aware that this methodology may have a limitation that could have influenced the
results obtained, once this evaluation is regarding the exclusive use of one face detector. Further
experiments with other face detectors would be needed to determine exactly how face detection
affects face recognition.

With the experiments for the Classification Method, outperforming results, of ~ 96,35%, were
achieved. Even so, to perform accurate recognition, this method requires a vast quantity of an-
notated data, which in turn increases, even more, the computational cost of the training task.
Nonetheless, a significant decrease in training data had a notable negative impact on performance.
Taking into account the considerable effort in that data gathering, an alternative methodology was
planned. Therefore, a Fusion Method was proposed. This combines the aforementioned methods,
by introducing the Classification Method outputs - classification label and confidence score - in
the Verification Based Method system. The findings of this novel approach indicates that it pos-
sible to reduce, by ~ 93%, the amount of annotated images necessary, from 360 to 24 pictures
per individual to recognize, to fine-tuning an object detection model, and still be able achieve a
system for face recognition with a high performance of ~ 93,96%. This latter presented strategy
revealed interesting results, indicating that both human and machine efforts, commonly implied in
a face recognition system, can be significantly diminished and yet secure an adequate classifica-
tion, combining distinct techniques for the same aim.

Revisiting the point at which this dissertation was left, the following steps are suggested as
future lines of work: expand the experiments to other representative entities, including the female
gender and other human races; introduction of others face detectors from the literature, and analyze
their different impacts; analyze other approaches for the implementation of the proposed Fusion
Method; use a face detector on the Fusion Method instead of the ROIs from the Classification
Method; analyze the impact of increasing the number of faces to recognize; test transfer learning

in a pre-trained model to detect faces.
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