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Abstract

In a world where security issues have been gaining explosive importaceand earecognition
systemshave attracted increasing attentiam multiple application areas, ranging from forensics
and surveillance to commerce and entertainm@fitile the recognition performance has been
steadily improvingtherearestill challengingrecognition scenarios and conditions, notathen
facing large variations the biometric data characteristi@sdditionally, the widespread use of
face and earrecognitionsolutionsraises new security concerns, making the robustness against
presentation attacks a very active field of resedrehslet light field cameras havecently come
into prominence as they are ablatsocapture the intensity of the light rays coming from multiple
directions thus offering a richer representation of the visual scene, notapéticangular
information. To take benefit of this richeepresentation,jdht field cameras haveecentlybeen
successfully applied, not only tiometricrecognition but also tobiometric PresentatiorAttack
Detection(PAD).

This Thesis focuses on exfilog the advances in light field imaging technolotywads
developng moreadvanced biometric recognition and PAD systems with improved performance.
In this contextnhew taxonories have been developé&l faceandear recognitiorand PAD, to
facilitate the organization and categorization of faaed ear recognitiorand PAD solutions.
Following the proposed taxonomiea, comprehensive review on recent, representative and
relevant face and ear recognition solutibas beemade

In the context oftiis Thesistwo light field face and ear databadese been createdowards
allowing more powerful benchmarking for testing and validating face and ear recognition solutions
while exploiting the full light field dataAdditionally, two light field face and ear artefact databases
have beercreatedconsistingof bona fideimages andartefactimagesusing different types of
presentation attack instrumenssich agprinted papers and digitdisplays.

Concerningrecognitionand PAD solutions, wo handcrafted light field basedface and ear
recognitiondescriptorsand five deep learninkight field basedface recognitiordescriptorshave

been developed evolving through progressive levels of functionality and performance.
ConcerningPAD, this Thesishasdevelopedwo solutions for light field based faesd ealPAD,
exploiting the variations associated to different directions of light captured in the light field images.

A comprehensive evaluation of the proposed and benchmarking face aedoggnition and°PAD
solutionshas been performed he obtainedresultshave showrthe added value of light field
information for face and ear recognition aRAD purposesas the proposed solutionsave
achievel superior recognition andAD performance when compared to the stHtéhe-art
benchmarking solutions

Keywords: Biometric RecognitiorBiometricPresentation Attack DetectioBiometric Database,
Light Field Imaging Deep Learning
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Resumo

Num mundo onde as questdes de seguranca tém ganho uma enorme importancia, os sistemas d
reconhecimento facial auricular atraem cada vez mais atengdo em areas de aplicacdo que vao
desde a andlise forense e a vigilancia até ao comércio e ao entretenimento. Embora o desempenh
dos sistemas de reconhecimento tenha vindo a melhorar de forma sustentada, ainda ka cenario
desafiadores para os sistemas atuais, nomeadamente quando os dados biométricos sao capturad
em condi¢cdes menos controladas e apresentam variacdes significativas. Adicionalmente, o uso
generalizado de solu¢des de reconhecimento automatico levantpren@gacoes de seguranca,
nomeadamente a robustez contra ataques em que se apresenta ao sistema de reconhecimento n
um individuo mas algo que pretende simular a presenca desse individuo. Neste contect, a detegac
de ataques de apresentacdo é uma aréavedstigacdo muito ativa. Recentemente, as camaras
lenticulares que capturam o campo de luz (lenslet light field cameras) tém ganho importancia, pois
capturam a intensidade dos raios de luz vindos de mudltiplas direcdes, oferecendo assim uma
representacéo as rica da cena visual, nomeadamente com variacdes egpgcilares. Este tipo

de camaras tem sido recentemente usado com sucesso no reconhecimento biométrico e também n
detecao de ataques de apresentacao biométrica.

Esta Tese focae na exploracdo dewvancos na tecnologia de imagens lenticulares do campo de
luz para o desenvolvimento de sistemas mais eficientes de reconhecimento biométrico e de detecac
de ataques de apresentacao. Neste contexto, sdo propostas novas taxonomias com o objetivo d
facilitar a organizacdo e categorizacdo das solucdes de reconhecimento facial e auricular, e de
detecdo de atagues de apresentacdo . Seguindo as taxonomias propostas, foi feita uma revisa
abrangente das solu¢cdes mais representativas e relevantes.

No contexto da &se, foram criadas duas novas bases de dados com imagens lenticulares de campo
de luz para reconhecimento facial e auricular, permitindo pela primeira vez comparar diferentes
solucdes de reconhecimento que explorem também informacéo angular do campd-deainz
também criadas duas bases de dados de artefactos faciais e auriculares, contendo além das image
originais (bona fide) também imagens de varios tipos de ataques usando artefactos como
impressdes em papel e displays digitais, de forma a testadeslde detecdo de ataques de
apresentacao explorando mais informacédo do campo de luz.

Nesta Tese, sdo apresentados dois novos descritores para reconhecimento facial e auricular usand
técnicas convencionais (haotafted) e cinco novos descritores pariecimento facial usando

redes neuronais de aprendizagem profunda (deep learning neural networks), todos explorando a
informacédo adicional do campo de luz. Também se apresentam duas novas solucfes para deteca
de ataques de apresentacdo a sistemas deheimento facial e auricular, explorando as
variacdes associadas a diferentes dire¢cdes da luz capturada nas imagens de campo de luz.

Foi realizada uma avaliacdo abrangente das solu¢cdes propostas para reconhecimento facial e
auricular e para detecao da@tes de apresentacdo, em comparacdo com solucdes representativas
do estado da arte. Os resultados obtidos mostram a vantagem significativa em utilizar informacgao
adicional do campo de luz. De facto, o desempenho das solu¢des propostas para reconhecimentc

iX



e detecado de ataques de apresentacdo suplanta o obtido com as solucdes representativas do este
da arte.

Palavraschave Reconhecimento Biométrico, Ataques de Apresentacdo Biomédsas de
DadosBiométrias Imagens do Campo de Luz, ReNesironaisde Aprendizagem Profunda.
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Part I. Objectives andBasics






Chapter 1

| ntroductil on

1.1 Context and Motivation

Nowadays, automatically recognizing the identity of a person is of paramount impoitance
various applicatiordomaing from forensics and surveillance to commerce and entertainment
Biometric recognitiony referring to the automated recognition of individuals based on their
biological and behavioral traits, appears as a viable alternative to more traditional approaches such
as Personalldentification Numbes (PINSs) or passwordg1] [2]. There aremultiple types of
biometric modalities available, such as fingerprint, iris, face, ear, and gait, and they are in use in
multiple types ofpplications. Each biometric modality has its strengths and weaknesses, and the
choicemainly depends on the application scendfih Depending on the application contetkte

generic ternrecognitionmay be&omeeither averificationor anidentification In a verification
system, a person claims a specific identity and the system either confirms or denies than claim.
an identification system, the one considered in ffiesis recogniion of an indvidual happens

by searching the templates of all the users in the database for a match, without that individual first
claiming an identityln the following, identification is simply called recognition.

This Thesis focusson the face and ear biometric adalities. Face recognition is a nonintrusive
method, and facial images are probably the most common biometric characteristic used by humans
to performpersonal recognition. Face recognition systems have been successfully used in various
application areasvith high acceptability, collectability andniversality[1] [3]. After the first
automatic face recognition algorithnesnergedmore thanfour decades ag4], this area has
attracted machresearch and there has beeeredibleprogress in this field. Ear recognition has
alsoevolved as a reliable biometric modality for human identification over recent, yaithists
potential stemrming from the specific ear streture, which significantly varies across different
people, while remaining stable over time for the same pensdwithout significantchanging for
different facial emotions and actiofs] [6]. It has also proved useful for facial profitesed
recognition[7] [8] andin combirationwith other modalities in multimodal biometric systejak

[10].



Despite the significant progress in biometric recognition performance, the widespread use of
biometric recognition applications raises new security concerns, making the robustness against
presentation attacks a very actifield of researct{11] [12] [13]. The securityof a biometric
recognition system can be compromised at different architectural pasniifstrated irFigure

1.1, all the way from the biometric trgiiresentatiorio the final recognition decision. The attacks

to a biometric recognition systecan be broadly divided intmdirect and direct attack{d4].

Indirect attacks are performed inside the recognition system to bypass the feature extractor,
matcher, or tamper the template database. Direct attacks, also referred as spoofing or presentatior
attacks, are performed outsitlee biometric system by presenting falsified data, or artefacts, in
front of the acquisition sensors, for instance using printed photos or electronic devices displaying
a faceor an earWhile the recognition system robustness against indirect attacke ¢acreased

using conventional protection mechanisms, such as data encryption and intrusion prevention and
detection[15], it is also critical to incorporate in the recognition systems effidRrasentation

Attack Detetion (PAD) solutions. According to ISO/IEC JTC1 SC37, a Presentation Attack

l nstrument (PAI) is "an artiycial object 0
characteristics or synthetic biometric pattefdd]. The most common types of attagk®duced

by different PAE involve: i) a printed face on a paper or a wrapped papaulating the human

face curvature; ii) a displayed face image or video on the screen of a portable deviceauch as
laptop, tablet, or wbile phone; and iii) 3D masks of various typ&3].

Override or modify database -# Template
database

Tamper biometric reference

\
|
l |
Feature | Application
Sensor :
| extractor : device
I\ s — y;
Tamper Tamper Tamper
biometric ) probe decision
Artificial sample Override Override
biometric trait feature matcher

extractor

Figure 1.1: Possible attack points in a generic biometric sygteth

The availability of richer imaging sensors is opening a new range of possibilities, not only for
biometric recognition but also for PAD solutioj2} [16]. Besideconventional 2D sensors, depth
sensors, as used by Microsoft Kinect, and NeardR&d (NIR) cameras, have been useddoe
andearbiometric recognition and PA[L7] [18] [19] [20] [21] [22] [23]. Additionally, lightfield
imaging technologieR4] [25] have recently come into prominence with commeieiasletlight

field camerassuch as Lytrd26], availablein the market. These camereapture not only the
intensity of light on a specific 2D plane position but also the intensity of the lightaraymg

from multiple directions in space. Light field cameras are receiving increasing interest from the



biometrics and forensics commuetj for both biometric recognitid@7] [28] [29] [30] [31] and
PAD [32] [33] [34].

The key advantage dfie light field imaging sensors for biometric recognition and PAD comes
from the richer scene representation, allowangosteriorirefocusing, disparity exploitation and
depth magexploitation Preliminary workg27], [28], [29], [30], [31], [32], [33], [34] have shown

the effectiveness of the supplementary information captured by light field cameras for biometric
recognition and PAD applications, even when considering one single shot. Mbhesefworks
haveexplored the possibility of creating multiple fecimages, rendered from the same light field
image acquisition, for instance using supesolution and fusion schemes for the biometric
recognition and PADasks The results demonstrate the added value of light field imaging in terms
of postcapture refcusing capability, and improvdglometric recognition and PARccuracy

when compared with conventior2D images.

While the preliminary works processed multiple 2D images at different focus or depth, biometric
recognition and PAD systems based on lield imaging can be further extended in other
directions. More precisely, by processing the rich information associated to a light field in its native
form there is potential to improve the performance of current biometric recognition and PAD
systemswhich s the directionconsidered in this Thesis.

1.2 Obijectives

This Thesis focusson exploring the advances in light field imaging technology and aguptlye m

to developadvancedace and earecognition and?AD systems withimprovedperformance. The

main research question being addressed in this work is: how to exploit the additional information
availablein a light field image to improve the performancefade and earecognition and PAD
systems?

In the context described above, tHgesis targets four main objectives:

1. Review recent advances in light field basade and earecognition and PAD databases and
solutions.

2. Create and publicly provide to the research communaity light field databases for designing,
testing and validatg light field basedace and earecognition and PADdutions

3. Design new light field basefdce and earecognition and PAD solutiorte exploit the richer
information available in light field images.

4. Performappropriate performance assessment, inclubderchmarkingvith the stateof-the
art inface and earecognition and PAD solutionto assesshe performancef the propose
solutions in terms of accuracy, generalization and complexity, while ensuring the
reproducibility of results.

1.3 Contributions

Following the main objectives definedbove the main contributions of this Thesieillustrated
in Figurel1.2. Thecontributiors areorganizedbased otwo main tasks, i.e., biometric recognition



and PAD for theface and ear biometric modalitieBhese contributionwill be presented iPart
Il (Chapters 3 4,5, and6) andPart 11 (Sections/, 8, 9 and10), respectively.

7

Solutions  Reviewing Database Solutions

N\

-

Face Ear

Figure 1.2: Structured representation of thaimcontributions of tis Thesis.

Part Il T Light Field Based Biometric Recognition (Chapters 3, 4, and 6)

In the context of light field based biometric recognition, this Thesipgseshe following main
contributions: i)a newtaxonony for faceand earecognition systems; ii) light field facnd ear
databasg iii) two handcraftedlight field based descriptors for light field face and ear recognition;
and iv) five deep learningight field based solutionsevolving through progressive levels of
functionalityand performancdor light field face recognition.

A summary of the contributions adescribed in the following.
1. Multi-LevelFaceand Ear Recognition Taxonomes

To better understand the technological landscapleeiarea offaceand earecognition systems,
this work proposesa new more encompassing mulgvel taxonomy dr facdear recognition
solutions thusfacilitating the organization and categorization of face recognition solutions. The
proposed multlevel taxonomyconsidersfour levels including: i) fadear structure; ii) feature
support; ii) feature extractiorapproachandiv) feature extractiorsubapproach Following the
proposed taxonomy, a comprehensive review on recent, representative and fateemd ear
recognition solutionbas been donds aresult of this work, a research paper is under preparation
to be submitted to an international journal.

2. The IST-EURECOM Lenslet Light Field Face Database

A newlensletlight field facedatabasdas been proposgthe secalled ISFEURECOMLenslet
Light Field Face Database (ISHURECOM LLFFD), includng data from 100 subjects, with 20



samples per each person, captured by a Lytro ILLexMdletcameraThis database was captured

in cooperation with EURECOM, with the images of 50 persons being captuesth of the
collaborating institutions, with the IST acquisition setup being replicated in the EURECOM lab.
The images are captured in a controlled acquisition setup with different facial variations, including
emotions, actions, poses, illuminationsdacclusionghus exposinghe nonintrusive nature of

face recognition. The database includes the raw light field images, sample 2D rendered images
and the associated depth maps, along with a rich set of metadata. This research work led to the
following publication[35]:

1 A. SepasMoghaddamy. Chiesa, P. Correia, F. Pereira, and J. Dugelde"ISTEURECOM
light field face database)hternational Workshop on Biometrics and ForensiCeventry,
UK, Apr. 2017.

3. IST-EURECOM Lenslet Light Field Ear Database

To establish the connection between light field cameras and ear recognition research; the IST
EURECOM Lenslet Light Field EdpataBase (LLFEDBjas beemrreate with a Lytro ILLUM

lenslet cameraand publicly madeavailable to be used as a basis for testing and validating light
field based ear recognition systems. The proposed ear database consists of 536 light field ear
images from 67 subjects, with 8 image shots per person, captured with a Lytro ILLUM lenslet
camera, over two separate sessions, with four different poses per session. This research work led
to the following publicatio36]:

1 A. SepasMoghaddam, F. Pereira, and P. Correia, " Ear recognition in a light field imaging
framework: a new perspectivdET Biometrics Vol. 7, No. 3,pp. 224231, May 2018

4. Face and Ear Recognition Based on Light Field Local Binary Patterns Descriptor

Face and eaecognition solutioehave been proposédsed omnovelsimple, yet effectiviband
crafteddescriptor, named Light Field Local Binary Patterns (LFLBP), able to exploit the richer
information available in light field images. LFLBP iscambined descriptor withwto main
components, the spatiabcalBinary Patter{LBP) and the angular LBRbleto capture not only

the usual spatial information but also the light field angular information associated to the set of
subaperture images, casponding to different viewpoints. When compared vailiernative
methods, the proposed descriptor has shown good face and ear recognition performance under
varied and challenging acquisition conditions. This research work led to the following publication
[37]:

1 A. SepasMoghaddam, P. Correia, and F. Pergitaght field local binary patterns description
for face recognition"]EEE International Conference on Image ProcessiBgijing, China,
Sep.2017.

5. Face and Ear Recognition Based ohight Field Histogram of Gradients Descriptor

Anotherlight field based recognition solutidras been proposeable to exploit the spatiangular
information available in light field image$his novel recognitiosolutionis based on a new light
field handcrafteddescriptor, named Light Field Histogram of Gradients (LFH®inga non
light field based descriptpthe secalled Histogram of Oriented Gradients (HO®)ith a light



field based descriptocalledLight FieldHistogram of Disparity Gradient fHDG). The LFHG
descriptorconsiders both the orientation and magnittatethe spatial and angular informatipn
while the solution described in4. only captures the magnitudi®r the spatial and angular
information Thus, it is expected thahis fused descriptor improgeface and ear recognition
performanceThis research work led to the following publicati@6]:

1 A. SepasMoghaddam, F. Pereira, and P. Correia, "Ear recognition in a light field imaging
framework: a new perspectivdET Biometrics Vol. 7, No. 3,pp. 224231, May 2018

6. Face RecognitiorBased on &vGG 2D+Disparity+Depth (VGG-D?) Fused DeefDescriptor

Recognizing the importance of deep learning in biometric recogrétitight field face recognition
solution has been proposediased ona VGG 2D+Disparity+Depth(VGG-D?) fused deep
descriptor The VGGD?3 description is formed bgoncatenatinglescriptionsextracted from 2D
images as well as disparity and depth maps using -¥&c& descriptof38]. This solution is the

first adoping afused deef©NN representation to expldihe complementary information available

in the light fieldfor face descriptiomnd then recognitiomhe VGGFace descriptor, trained over
2.6 million face images, is computed based on a V@@aetwork ignoring the last fully connected
layer in the architecturéo extract a feature vector with 4096 elements. The exploitation of disparity
maps together with 2D images and depth maps, in the context of a fusion scheme, is a novel
approach never tried in the literature, acknowledging that disparity and depth nyapsng@ome
complementary information to the recognition ta$kis research work led to the following
publication[39]:

1 A SepasMoghaddam, P. Correia, K. Nasroll ahi,
based fae recognitionvi a a f used delERE Intemaional $Verkshop bn o n O
Machine Learning for Signal Processimyalborg, DenmarkSep.2018.

7. Face Recognition Based on a VGG + Conventional LSTNdouble-DeepDescriptor

A face recognitiorsolution based on aodbledeepdescriptor, secalled VGG + Conventional
Long Short Term Memory (Con+LSTM), has been proposgéxploiting the multperspective
information available in a light field imag€&€he fused deep representation solutiescribed in 6.
processsonly light field central view data, notably using its rendered texture and corresponding
disparity and depth map&n the contrarythe proposed doubldeep descriptoadoptsa Conw

LSTM recurrent networko extract higher dimensnal angulardependencies frordGG deep
descriptions associated thifferent face viewpoints rendered from a full light field imageus
offering amore powerfuldescription for light field face recognitipa softmax layer is used for
classification.This research work led to the followisgbmissiorj40]:

1 A. SepasMoghaddam, P. Correia, K. Nasrollahi Moeslund, and F. PereitA doubledeep
gpatio-angularlearningframeworkfor light field basedfacerecognitioti, Submitted tdEEE
Transactionson Circuits and Systems for Video Technold@gt. 2018

8. Face Recognition Based on VGG + Light Field LSTMDouble-DeepDescriptors

The solution described in 7proposs to organiz thel i g ht f ispatiadl featuiesswas 6
sequencdo be input to a conventional LSTM netiko thus ignoring the additional angular



information/dependencies, notably in terms of parallax, that could be further exploited during the
learning process to increase recognition accurdtys work proposes three novel light field
LSTM cell architectures able to jointly learn the light field horizontal and vertical parallaxes. The
threeLSTM cell architectureproposedperform i) GatelLevel FusionLSTM (GLF-LSTM), ii)
StateLevelFusionLSTM (SLFLSTM) andiii) SequentiaLearningLSTM (Seql-LSTM); these
architecturegreae richer spatieangular light field descriptions for visual recognition tasks. The
proposed cell architectures have been integratedispatieangular deep learning framework for
doubledeep descriptianwhere a LSTM network adopting the proposed light field LSTM cell
architectures receives its inputs from a \\G&ce deep descriptor applied to a set of horizontal
and vertical 2D face ewpoint images, derived from a light field imadéis research work led to

the followingsubmissiorf41]:

1 A. SepasMoghaddam, F. PereirandP. Correid'Light field longshorttermmemory novel
cell architectureswith application to face recognitiori, Submitted toPattern Recognition
Letters, Oct. 2018

Part I11 7 Light Field BasedPresentation Attack Detection(Chapters7, 8, 9 and 10)

In the context oflight field based biometri®AD, this Thesis pyposesthe following main
contributions: i)a new taxonomy for biometric PAD systems; ii) two light field artefact face and
ear databases; and iii) two solutions for light field based face and ear PAD. A summaeof the
contributionsis presentedn the following.

1. Encompassingl axonomyfor Face PADSolutions

To better understand the technological landscaptherarea of PAD this work proposes a
taxonomy to organize the face PAD solutions according to four main dimensions, notably user
interaction support, imaging sensor, contextual information and feature extr&ctiomwing the
proposed taxonomy, a comprehensive reviéweoent, representative and relevant-fight field

based and light field based face PAD solutions has teeslopedThis research work led to the
following publication[42]:

1 A. SepasMoghaddam, F. Pereira, and P.rf&ia, "Light field based facpresentation attack
detectionreviewing benchmarking and one step furthéEEE Transactions on Information
Forensics and Securityol. 13, No. 7pp. 16961709, Jul. 208.

2. IST Lenslet Light Field Face Artefact Database

In the contexbf light field based face PADhe IST Lenslet Light Field Face Spoofing Database
(IST LLFFSD)has beemproposed, consisting of 1@®na fideimages, from 50 subjects, captured

with a Lytro ILLUM lenslet camera, and a set of 60Cefatefactimages, captured using the same
camera. The IST LLFFSD simulates six different types of presentation attacks, including printed
paper, wrapped printed paper, laptop, tablet and two different mobile phones. This research work
led to the followingpublication[43]:

1 A. SepasMoghaddam, L. Malhadas, P. Correia, and F. Pereira, "Face spoofing detection using
a light field imaging frameworklET Biometrics Vol. 7, No. 1,pp. 3948, Jan. 2018

3.IST Lenslet Light Field Ear Artefact Database
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ThelST Lenslet Light Field Ear Artefact Database (LLFEAD®)s been proposgicluding both

2D and light field ear artefact images. The database contains two sets: The first set, named baseline
LLFEADB, includes 268 bona fide ear samples derived from the publicly available -IST
EURECOM LLFEDB ear database, which includes ears from 67 subjects, with 4 shots per person,
captured with a Lytro ILLUM lenslet camera. The extended LLFEADB includes an additional set

of high resolutionbona fidesamples, captured with the same camera from 15 subjects, with 4
image shots per person. For both sets, four types of PAI were used to create the artefact samples:
a laptop, a tablet and two different mobile phones. This researdh la@rto the following
publication[44]:

1 A. SepasMoghaddam, F. Pereira, and P. Correia, "Ear presentation attack detection:
benchmarkingstudy with first lenslet light field databaseEuropean Signal Processing
ConferenceRome, Italy,Sep.2018.

4. Face and Ear PADBasedon Light Field Angular Local Binary Patterns Descriptor

A novel PAD solutios has been proposédsed on iandcrafteddescriptor exploiting theolor
and texture variations associated to the different directioribeolight captured in light field
images. The proposed PAD solution is basedheriight Field Angular Local Binary Patterns
(LFALBP) descriptor which captursthe disparity information gsent in light field images. The
proposed PAD solution exploits the LFALBP in two different color spaaes,when applied to
face and ear PAEhe resultingperformance compardavorablywith the alternative solutions in
the literature. This research wddd to the following publicationgt3] [44]:

1 A. SepasMoghaddam, L. Malhadas, P. Correia, and F. Pereira, "Face spoofing detection using
a light field imaging framework'1ET Biometrics Vol. 7, No. 1,pp. 3948, Jan. 2018

1 A. SepasMoghaddam, F. Pereira, and P. Correia, "Ear presentation attack detection:
benchmarkingstudy with first lenslet light field databaseEuropean Signal Processing
ConferencgRome, Italy, Sep. 2018.

5. Face ad Ear PAD Basedon Light Field Histogram of Disparity Gradients Descriptor

This work proposesa new light field based PAD solution based ahandcrafted LFHDG
descriptoy computedin the Hue-SaturationValue (HSV) color spaceable toexpress the light
variations associated to the multiple light capturing directions in light field imagelse LFHDG
descriptorconsiders both the orientation and magnitude variations for the angular inforntation,
offers a more comprehensiangulardescriptioncompared tdhe LFALBP solutiondescribed in

4. The performance of the proposed PAD solution compares favorably witho$tikeart
solutions.This research work led to the following publicati¢4g] [44]:

1 A. SepasMoghaddam}. Pereira, and P. Correia, "Light field based famsentation attack
detectionreviewing benchmarking and one step furthéEEE Transactions on Information
Forensics and Securityol. 13, No.7, pp. 16961709, Jul. 208.

1 A. SepasMoghaddam, F. Pereira, and P. Correia, "Ear presentation attack detection:
benchmarkingstudy with first lenslet light field databaseEuropean Signal Processing
ConferenceRome, Italy, Sep. 2018.
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1.4 Thesis Structure

This Thesis proposes novakonomies antight field based databases and solutions for face and
ear biometric recognitioand PAD The organization of the Thesis is illustratedrigure1.3.

Part | (Chapters 1 and 2):
Objectives and Basics

Part Il (Chapters 3, 4, 5 and 6):
Light Field Based Face and Ear
Recognition

Part lll (Chapters 7, 8, 9 and 10):
Light Field Based Face and Ear
Presentation Attack Detection

Part IV (Chapters 11 and 12):
Conclusion

Figure 1.3: Thesis organization (highlighting in gray the Thesis contributions).

The Thesis starts witRart |1 which includes two chapterEirst, this Chapter featuring a brief
introduction of the context, motivation, objectivasid contributiongndafter Chapter 2 which
briefly reviews the mainlight field imaging basic concepts and added value of light field cameras
for biometric recognition and PAD.

Next, Part |1, including Chapters 3, 4, 5, and 6, presens the light field based biomtric
recognition related contributions. Chapter 3 reviews tke stateof-theart on ear and face
recognition databases and solutions, guideddw, more encompassing taxonas. Chapter 4
proposeswo lensletlight field based face and ear databdsedlow more powerful benchmarking
for testing and validating face and eacognitionsolutions exploiting the full light field data.
Chapter 5 proposessevenlight field basedface and earecognition solutions, exploitinthe
additional informatioravailable in a light field imageAn extensiveperformance evaluatiomas
been conductedn Chapter 6 with the proposed light field databasassing a common,
representative evaluation framewdok varied and challenging recognition tasks.

Part I11, including Chapters 7, 8, 9, and 10, presens thelight field based biometri®AD related
contributions First, Chapter 7 propose a taxonomy to organize the face PAD solutions according
to four main dimensionsThen, available face PAD solutions are reviewed according to the
proposed taxonomyAfter, Chapter 8 proposeswo light field faceand ear artefactatabasgfor
testing and validating face and €&akD solutions.Chapter 9 proposeswo light field basedace
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and eaPAD solutions, exploitinghedisparity informatioravailable in a light field imagd-inally,
Chapter 10 assesses thproposed solutions along withiaseof-the-art solutions in terms of
accuracy, generalization and complexity, using a common, represestaivation framework.

Finally, Part IV, featuring Chapters 11 and 12 closes this Thesis with a summary of the
achievements and som&evantfuture work directions.
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Chapter 2

Li ght FiI eBaslhmagiomgept
Tool s

2.1 Introduction

This Thesis is devoted to light field biometricEhe main purpose of thhapter is to reviewhe
light field basicconceptslight field acquisition approacheandhighlight theadded valuef light
field imagingfor visual recognition tasksotablybiometric recognition and PAD

Light field imaging technologyas emerged as one of the most promisuigual representation
formats, enabling a richer and more faithful representation of a visual $dginefield cameras
acquire more information about the light, namely information about its direptiowiding richer
contentto immersively experienceisual senesand toaccuratelyperform visual recognition
tasks

Light yeld acquisition shal/l consider ,as ght
expressediy the plenoptic functionntroduced inSection2.2 There are currently two main
practical ways of capturing light fieldgtroduced in Sectio2.3 using anarray of camera®or

using alenslet light field camer&aSince this Thesis adoptise second approacihe main focus of

this chapteris onlenslet light fieldimaging

2.2 Plenoptic Function

Light field imaging has been considered by researchers for more than one ¢&stuAiready

in 1908, Lippmann discussed how to use small and closely spaced esftalsed lenses to record
many slightly different perspectives of a scene. An observer could then view an image from a
selected perspective through an array of lenses, theistisg small portions of each captured
image to create the smlledintegral image45]. The terml i g h waspsugdested by Gershun

in 1934 refering to the amount of light traveling iall directiors through every point ispace

[46]. In 1991, Adelsorj47] proposed using the smlled plenoptic functionP(xy,z , t )®, d, 0
describe what was called thenminous environmen#s illustratedn Figure2.1, the7D plenoptic
function describes the information carried by the light rays at every point in the 3D spae (
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towards every possible directiod, (i), over any wavelengttey, and atany time f).

P(xp.Y9:25.1.4,6,0)

Figure 2.1: Visualization of the plenoptic function.

The plenoptic function provides a completedelingof the light involved in a visual scene;
however, using it in practi¢és certainly a challenge due to the large amount of data involved, and
the associated complexity.

In 1996,two simplificatiors of the plenoptic function ke been proposedhe saecalledstatic4D
light field L(x,y,u,\), by Levoyet al.[24], andthe sacalledstatic 4DLumigraphby Gortleret al.
[48]. These4D representatiaare more compact and easier to processhay adopt a set of
simplifications resulting from the following observatid@d] [25] [49]:

1. The wavelength dimensioin the plenoptic functiortan be simplified by considering only
three components, the red, green and bhler channels, typically used by existing capture
and display devices; in this case, each channel should integrate the plenoptic function over a
certain wavelength range. This would imply using three independent light field functions, one
for eachcolor channé without the wavelength dimension

2. The radiance along a light ray crossing the empty space remains coingdyitg that it is
not requiedconsidering different positions along its pdtiysreducing one spatial dimension.

3. For a static scene, themporal dimension can be skipped.

4. The angular coordinated,(i) can be replaced with Cartesian coordinateg.(

For astatic4D light field representation,(u, v, X, ¥, thelight rays can be described by their points
of intersection with two parallel planes, tkeY plane, by convention closto the camera, and the
U-V plane, closer to the captured scene, as illustratedrigare 2.2. In this twoplane
parameterizatiorthestatic4D light field, L(u, v, X, ¥, describes all light rays passing through
U-V andX-Y planes. A light ray emanates from a specific poiat ) on theU-V plane to a specific
point (X, y) in theX-Y plane, with each ray keeping its RGB radiapt®. A multi-cameraarray



15

could then be used as a simple way to acquire the light flredtiding a set of camerasvith
appropriately seaperturesplaced inthe X-Y plang depicted inFigure2.2 as greycubes

Given the tweplane parameterizatiothe light informationcan be describeid terms of position
and direction, and sihe termsspatialandangularcan beemployed to describe these dimensions.
Oneinterpretation is thax andy fix the position of a ray, whil& andv fix its direction. In this
interpretation,X and Y are spatial, and) and V are angular dimensioris this conventionis
followed throughouthe Thesis.

Figure 2.2: Parameterization of light rays lensletlight field cameras using two planes.

In summarythe genoptic function is proposed pvovidea comprehensive descriptiontbg light
in any scene. However, sampling the fplenoptic function to obtain a scenerepresentation
requiresconsiderable data and computationainpdexity. The Ight field imagingrepresentation
has been proposegaway to sample the plenoptic functioesaming some simplifications.

2.3 Light Field Acquisition

Light yeld acquisition shal/l consider ,as$ ght
proposed by the plenoptic functiohhere are currently two main practical ways of understanding

and capturing light fields: the first considers an (ideally high density) array of re(aiaven
irregular)cameras, which acquires different perspectives of the same scene; the second considers
a sacalledlenslet light field camerawhichincludes an argaof microlens, each one playing the

role of a small camera and acquiring acsdled micro-image In practice, the twacquisition
approaches are rather equivalent with the me
implications in size andost that derive from that.

2.3.1  Multi -Camera Arrays

The most important parameters f@@ array of cameraae the number of cameras, the resolution
of each camera and their arrangem@nD array of camerasan bearrangeckeitherin a regular
way, e.g.rectangularFigure2.3.9) or circular(Figure2.3.b), or in an irregularway, such aghe
irregulararray cameras de recenhandheld.ight L16 camerd50] (Figure2.3.c). In a 2D array
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of cameraseach cameracquiresa 2 D sl i c e o ffromh ddiéferehtperdpectidoy
arrangingthese slicesa multiview array of2D imagescan beobtained

Figure 2.3: Multi-cameraarrays arrangement&) Regularrectangular arrangement cdmeras
Stanford multicameraarray[51]; (b) Regulaycircular arrangemenjs1]; (c) Irregular
arrangement of cameras on Lid!6 [50].

One of the first multcamera arrays was designed at Stanford UniversiB004 and consisted
on 128(8x16) cameras, each with a spatial resolution of 640x480 pjséls as illustrated in
Figure 2.3.a. Recently, more dense and higher resmiuttameraacquisition systems$ave
emerged, such as the omeed to acquir¢he JPEG Plendligh DensityCameraArray (HDCA)
content[52], whichuseda single camermm a rigwith a 7956x5304 spatial resolutiofmhis spatial
multiposition acquisitionsystemcorsiders101 horizontal step with a gapof 4 mm (distance
between adjacent cameras in the horizontal directionRanartical step with a gapof 6 mm
(distance between adjacent cameras in the vertical direction)

2.3.2  Lenslet Light Field Cameras

A lenslet light field camerancludesa digital sensor, main optics and an apertanatrol similar
to normal camerad he main differenceregarding regular camerasmes from placing a micro
lens array on the focal plane of th®in lens at a given distance from the senasshownin
Figure2.4. The main lens airs to focus the light rays from th&bjectinto the microlens array
Then, he micrelenses split the incoming light cone based on the direction ahtleeningrays
onto thesensor area of the corresponding milenas. A microlens arrays usually compsed by
thousands of tiny lenses that ameanged in a rectangular, hexagonal or custom §hd photo
sensors haveheir sensing positionsasked by a color filter arrawith the most popular lieg
the Bayer pattern filtgf53].
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Micro-lens
array ]

Object Main lens

sensor

Figure 2.4: Lenslet light field imaging based on mielens array.

Concerning the placement of the microlens arthgre are two main types of lenslet light field
camerasso-calledfocusedandunfocused54]. In the secalledplenoptic 1.0 cametalso known
asunfocused light field cameraghe main lens is focused on the microlens plahie the micre

lenses are focused at infinjtgs shown ifrigure2.5.a Differently from a conventional 2D camera
captuing an image by integrating the intensities of all rays (from all directions) impinging each
sensor element, each pixel in this light field camera collects the light of a single ray (or a thin
bundle of rays) from a given angular directi@h,) that converge on a specific microlens at
position(x,y) in the arrayThe research advances made by[2&] have led to the development of

the commercially availablplenoptic 1.0set ofLytro lenslet light field camera®6], seeFigure
2.6.aandFigure2.6.b.

Main lens
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Figure 2.5: Lenslet light fieldcameras(a) unfocused an¢b) focusedarchitecture$54].

On the contrary, in thelenoptic 2.0 cameraalso known asocused light field camerdS5], [56],

the micrelenses are no longer focused at infinity, but they are rather focused on the main lens
image plangas shown irkFigure 2.5.b; this justifies the naméocusedas each microlens is now
focused on the same subject as the main IBagtrix camerag57], which target industrial
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applications, follow the plenoptic 2garadigm seeFigure2.6.c. Adjusting the focal distance by
moving the main lensallows changingthe depth of field, thus capturing multiple pixels per
microlens in different focus plansisingthe possibility taender 2D images with increased spatial
resolution

In practice, the twdensletlight field camera setups, this means plenoptic 1.0 and plenoptic 2.0
camerasallow differenttradeoffs between the spatial almghgularresolutions in the captured light
field image.

() (b) (©

Figure 2.6: Lensletlight field cameras (a) Lytro first generation camefa6]; (b) Lytro ILLUM
lensletcamerd26]; and(c) Raytrix R11 camergb7].

In this Thesis, light field images acquired with the plenoptic 1.0 LjdkdJM lensletcamera,
usng a 40 Megaray sensor and aZ&D mm lens with 8.3x optical zoom and /2.0 aperture, are
processed n the following the plenoptic 1.0ensletlight field camerawill be simply calledlight

field camera

2.4 LensletLight Field Imaging: From Micro -imagesto Sub-Aperture
Images

This sectionreviewsthe lensletight field pre-processingperationsrelevantfor different visual
analysis tasks, includingiometric recognition and PABNd eventually coding, which targets to
transform the acquired lenslet light field represented as a set of-images into a lenslet light
field represented as a set of views/perspective usually called\perture (SA) images The
architecture of théight field pre-processingadopted in the Light Field Toolbaoftware[58] is
representeth Figure2.7.

Demosaiced Color-Gamma
Raw Raw Multi-View Mot View A Corrected
_ Light Field RGB Color Light Field | Multi-View Array |  Array ulti-View Arvay | i view Array
Acquisition > - > . » Color and Gamma [———b
Demosaicing Creation .
Corrections

Figure 2.7: Thelensletlight field pre-processingrchitecture

Themain modulesn the architecture have the followg tasks:

9 Acquisition i This module has the task to acquile light field data from the scene, as
described in Sectio.3.2 After acquisition, a light field image isased in a raw lenslet
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format,corresponding to a set oficro-imagesusinga single precision floating poifdrmat,
anda resolution of 7728x5368 pixals GRGB Bayer formatas illustrated irFigure2.8.

RGB color demosaicingi This module has the task to recover a full RGB lenslet light field
image from the raw lenslet image, which has been obtained with a-Batyern filter.To
achieve his goa) a conventional linear demosaicing technique is applied over the raw image
[59]. A sample demosaiced lenslet light field image is showsigare2.9.

Multi -view array creation - This module rearranges the demosaiced raw light field image
into a multiview arrayof SA imagesA SA imageresults fromputting togethethe pixetin

the sameposition within each micramage to create a rendered image foispecific
viewpoint/perspectivahe full set otheseSA imagesorresponds tthelight field multi-view
array of SA images A Lytro ILLUM multi-view array corresponds to 15xHA images
(Figure2.10-left), each with a resolution of 434x625 pix@sgure2.10-right). TheSAimages

in blackin Figure2.10 do not contain usable image information due to the vignetting effect,
resulting from the circular microlens shapaplying that some sensor positicasostdo not
getanyincident light

Figure 2.8: Raw lensletight field representation, befomlor demosaicingeach position
corresponds to a R, G or B inten3ity

Figure 2.9: Raw lenslet light field representation, after color demosaicing.
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Figure 2.10: Light field multi-view array of SA imageand central rendered 2D image

1 Multi -view array color and gamma correctionsi By exploiting the available light field
metadataassociated with eadlight field image including color balance matrixand white
balance levelthis module ap@s i) histogram equalizatioto adjustthe contrastusing the
image's histogram; iigolor saturation adjustmertb control theintensity of RGB color
channed; i) white balane adjustment to aljust the so-called color temperature
corresponding tahe relative warmth or coolness of lighand iv) gamma correctiona
nonlinear operatioto adjustthe overall brightness dhe image It should be noted that the
color and gamma corrections are appteedach SA imagdo enhance the quality of the mullti
view array of SA imagefb9]. Figure2.11 shows dight field SA image beforéleft side)and
after (right side)color and gamma correctionBhe output of this module is tlmlor-gamma
correctedmulti-view array of SA images whichanthen be used as input to th&eature
extraction stage of hiometiic recognitionor PAD solution

(a) (b)
Figure 2.11: A light field SA image (a) before and (b) afmlor and gamma corrections

It should be noted thather types of rendering solutionsy be usetb extractrender2D images
from a raw light field image, depending on the specific needs, fecgs view rendering
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Neverthelesshe simplerenderingsolutiondescribed abovis moreconvenient for the biometric
recognition and PADsolutions proposed in this Thesis whose aims are expldbiegpatic
angularinformation available inhe multi-view array of SA images

In this Thesis the pre-processingarchitecturellustratedin Figure 2.7 correspondsgo the initial
part ofthe full architecture designed ftre proposed light field biometriecognition and PAD
solutions

2.5 Added Value for Biometric Recognition and PAD

Images aguired with a light field camera includeh spaticangular information about different
viewpoints, thus supportingharacteristiddunctionalities sucla posteriorirefocusing disparity
exploitation, and depth exploitatiomhese light fielddistinctive characteristics can be useful for
addressing many imaging analysis tasks, notablydadesabiometricrecognition and PAD:

1. A posteriorirefocusing A posteriorirefocusing on a given selected plaren beperformed
with a renderingsolutioncontrolled by a single focal shift paramet€his capabilitycan be
very useful to improve the quality of a previously -ofHfocus region of interest for the
subsequent recognition of either a single feaer multiple face&ars positioned at diffexnt
distancesor focus plane$27] [28] [29]. In addition,a presentatiorattack imaganay have
differentsurface geometrthanbona fidesamplesthusexhibiting limited differences for the
attack images rendered at differelepthplaneswhat facilitatesletecing presentation attacks
[33].

2. Disparity exploitation: Disparityrefers to the distance betwetie corresponding points
different viewpoinis. Given a captured light field image, it is possible to render a s8Aof
images, each one corresponding to a specific viewpoehith show somelisparitybetween
the objects, which also depends on thstance to the camer®isparity informationis
instrumental fodifferent analysis taskacludingimage registrationss it represergrelevant
information forbiometricrecognition and PADsuch as the position and shape of shadows,
changes in contrastnd contrast gradient among observation viewpoints, and defocus blur
Disparity informationcanbe exploitedo improve the performance of biometric recognition
solutions[36] [37] [39] [40] [41] and PAD solution$42] [43] [44].

3. Depth exploitation: Depthinformationexpresseshe distancdrom the scene object® the
camera, thus providingeometric information about the position and shapéhefvarious
objects, e.g., faceomponentswhich may not be equally expresseddisparity information.

The depth map of Bght field imagecan provide key information for biometric recognition

[31] [39] and PAD[34]. In addition, depth information can be&ploitedto decide whether an

image is being captured from a flat surface or not. For example, face presentation attacks using
2D supports exhibit limited depth differences for facial landmarks, which can be exploited to
detect face presentation attadi&l].While disparity and depth are, in theory, the same
information and may be mutually converted, the independent extraction of these two types of
information may bring additional information, notably compensating the weaknesses of each
individual extraction process.

The face and ear recognition and PABlutionsproposedn this Thesisare mostly focused on
exploiting disparity information[36] [37] [39] [40] [41] [42] [43] [44], thuscapturingthe richer
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spaticangular information available in a light field imagEhere is onlyone proposedface
recognition solution39] that exploit the disparity together with deptimaps acknowledging that
disparity and deptimformation may bring some complementary information to the recognition
task



Part I 1. Light Field Based
Face and EarRecognition
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Chapter 3

St aotftehfer t on Eace Rarmdgr

3.1 Introduction

Biometric recognitiony referring to the automated recognition of individuals based on their
biological and behavioral traifd], has been successfully used multiple applicationdomains
ranging from forensics and surveillance to commerce and entertaif2hefhere are different
types of biometric modalities available, such as fingerprint, iris, fawear,with each modality
having its strengthsand weaknesses, and the chaitaarly dependihg on thetargetapplication
[1].

This Thesis has been focused on face and ear biometric moddliteesnain objective of this
chapter is to review the stabdé-the-art onface and ear recognition databases and solutians.
better understand the technological landscapermsof recognition systemshis Thesis proposes
a new more encompassing mulgvel taxonomyfor face and earrecognition solutionsto
facilitate theorganization and categorization of feared earecognition solutions. Following the
proposed taxonomy, a comprehensive review on recent, representative and fatevand ear
recognition solutions is presentedddditionally, this chapter reviews fa@nd eardatabases that
are instrumental for designing, testing and validating &nckear recognition solutions

3.2 FacdEar RecognitionTaxonomy

In order to help understanding the structure and abstraction levels that can be considered in the
face and ear mdgnition problems, aumber of face recognitiof®0] [61] [62] [63] [64] and ear
recognition[5] taxonomies have been developed sod#mwing the dissection and comparison of

face and ear recognitiosolutions. These taxonomies may algaide researchers in the
development ofmore efficient face and ear recognitisalutions.This Thesis also attempts

support an informed comparisonfate recognition solutions, as well as ear recognition solutions,

by proposinga comprehensive mullevel face/ear recognition taxonomy foategorizatiorof
suchsolutions
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3.2.1  Reviewing Existing Face Recognition Taxonomies

The existingface recognition taxonomidsave been reviewed to understahdr benefits and
drawbacksIn [60], a taxonomy is proposetividing theface recognitiosolutionsinto appearace
based (holistic) feature based, and hybrid approaches. This taxonomy is widely used in the
literature and has beersedfor categorization oface detectiorand recognition solution1].

The face recognition taxononproposed ir{62] gives an overview of variousace recognition
solutions by classifying themto geometrioss.template based, piecemeal holistic, appearance
basedss. modelbased, and statisticas$. neural network appra@aes. In [63], the facerecognition
solutionsare classifiedased on the sensing modalities., 2D conventionalimage 3D and infra

red dataDependhg on themain purpose the reviewed taxonomies classify the fageognition
solutions based on a specific abstraction level, e.g., feature extraction or sensing modalities, while
ignoring other dimensions.

To structure théace recognition solutionsased on different levetsf abstractiona multi-level
taxonomymay ke adoptedn [64], amulti-level face recognition taxononig proposegdproviding

an overview of face recognition solutions basedhoee differentbstractiorievels notablypose
dependency, face representation, and featusedfor matching as illustrated inFigure 3.1.
However, this taxonomy ignores some relevant abstraction levels, such as face structure and
feature support, which may be considered for a more complete characterization of face recognition
solutions.

Algorithms
Pose-dependency
Pose-dependent Pose-invariant
________ Viewer-centered D Cbject-centered Face
Images Models representation
------------------------------------------------------- Matching features
& ; B -- Gordon et al., 1995
/" Feature- ™\ Appearance ™\ | __ L:rrl onnee :t .
< based (Hybrid)| -based g2d %
\_ (Analytic) /  (Holisticy /| == Atick etal., 1996
>~ | =Yanetal,19%
LFA PCA LDA == Zhao et al., 2000
EGBM == Zhang et al., 2000
== Hsu et al., 2001

Figure 3.1: Multi-level taxonomyfor face recognitiorsolutions[64].

3.2.2  Reviewing Existing Ear Recognition Taxonomy

To help understanding the relations between \hgous ear recognition solutions, an ear
recognition taxonomyas beeproposed iii5] to dividethe earecognitionsolutionsinto holistic,
geometric, local, and hybr@pproaches ablustrated inFigure3.2. However, this taxonomy also
ignores some relevant abstraction levels, such as the ear structure and feature extraction support
which may be considered for a more comptdtaracterization of ear recognition solutions.
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Ear Recognition Techniques

X

Geometric Holistic Local Hybrid

Figure 3.2: Taxonomy of earecognitionsolutions[5].

3.2.3  Proposing a Novel MultiLevel Face/Ear Recognition Taxonomy

This Thesigproposes aew, moreencompasing multilevel taxonomy, which can be applied to
the face recognition and the ear recognition problems, helpindpetter understand the
technological landscape in eéharea of face and ear recognitipnthus facilitating the
characterization andrganization of facand earecognition methodslhe proposed multievel
face/ear recognitiotaxonomy illustrated inFigure 3.3, has four leels including

Feature Extraction
Sub-Approach

Feature Extraction

Approach !
Feature : Linear |
Support A L
—{ APpearance Non-linear
Face/Ear : based |
Structure ! : Multi-linear |
i : ' Graph
- Global — Model rap |
c — feature = based Shape |
o | Global | | support : .
- Representation . i !
% : E :l —| (Deep) Neural networkl
S ! E -: Dictionary learnin
8 Component + : Leamin ry 9
Y [T]_ stucture = | — o {  Decisiontree |
~ Representation : | based
© ; ! : —I Regression |
% : | ' —| Bayesian |
g Component : i
L Representation [ || Local feature| | ' !
support | !
; Shape I
|| Hand-crafted Texture

based

Frequency

Figure 3.3: Proposed multlevel face/ear recognition taxonomy.
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1. Facdear structure iThis level descriles the waya recognition solutiordeat with the
structureof a face or ear image. It includéseeclasses: iglobal representatiguealing with
face/ear as a wholedeFigure3.4.9); i) component + structunepresentatiorrelying on the
characteristics osome face components,such as eyes, nose, mouttc. or some ear
componentssuch agragus, helix, lopgeetc. (as illustratedn Figure 3.5), along withtheir
relations (Figure 3.4.b); and iii) component representatiodealing independently with a
selection of face/earomponats without any consideration abotlte relations between them
(Figure3.4.c).

Figure 3.4: Facéearstructurelevel: (a) global; (b) component + structussd(c) component
representatioface structures

Helix

Foseta

Inferior Curs

Superior Crus
of Antihelix

of Antihelix

Crus of Helix
Antihelix

Concha \

Tragus

Incisura

Figure 3.5: Ear structurg5].

2. Feature support i This level is related to the region of support consideredfdature
extraction which can beeitherglobal or local.Global feature suppoiimplies that theegion
of support is the wholgnage, either #acdear(Figure3.6.a) or a face/eacomponen{Figure
3.6.b), depending on the face/ear structure class considereadll feature support impliethat
theregion of support ialocal region okither afacdear(Figure3.6.c) or a face/eacomponent
(Figure3.6.d). A local region of support can have differehiaracteristicdor instance in what
concerns topologysize, overlappingamong others
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1
jnant
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(b) (c) (d)

Figure 3.6: Feature suppotevel Global feature support with (a) global and (b) compofece
structureslocal feature suppowtith (c) global and ) componentace structures

3. Feature extraction approach i This level is related to thepproachesised for éature
extraction which maybe classifiedas: i) appearance basederiving features by using
statistical transformations from the intensity dadamodel basedderiving features based on
geometrical chracteristics of théace/ear; iii)learning basedleriving features by modelling
and learning relationshiggom the input dateand iv)handcraftedbasedderiving features by
describingpre-selectecelementary characteristicomputed over a local irge area.

4. Feature extraction sub-approachi The last level considered in the proposed taxonomy is a
subcategory of the previous one, identifying the family of techniques used by the selected
feature extractiompproach

Appearance based feature extracttz@m be divided into: i) linear solutionsych as Principle
Component Analysis (PCA) 6 8hd | ndependent Co rhpgerdming An al
an optimal lineamapping to a lower dimensionghace to extract the representative features; ii)
nortlinear solutions such ak e r n e I[ 6,”Rfpliting the noflinear structure of fagear
patterns to compute a ndinear mapping; and iii) muliinear, such ag e n ea ca | HE3JA
extracting information from high dimensional data while retaining its natural structure, providing
more compact representations than linear methods.

Model based feature extraction can be divided into: i) graph based solutions,Bucleas t i ¢  Bu
Gr aMat chi ng[ 6, &Pré&ehjing face/ear features as a graph, where nodes store local
information about face/ear landinks and edges represent relations, such as distances between
nodesand a graph similarity function is used for matching; and ii) sbagedsolutions, such as

the3 D Mo r M a BIDeM(M) 7,@ging landmarks to represent key face/ear components,
controlled by the model, and using shape similarity functions for matching.

The third feature extractioapproach learningbased solutions, can be categorized into five
families oftechniques including: i) deep neural networlsjch as using théGG-Facedescriptor

[38], modelling the input data with high abstraction levels by using a deep graph with multiple
processing layers to automatically learn features ftheninput data; ii) dictionary learning
solutions, suchaser nel Ext ended 7Minding & sparse feature(rapriésentation

of the input data in the form of a linear combination of basic elements; iii) decision tree solutions,
such as Decision Pyramid (DP)7, 2epresenting features as the result of a sefidscisions; iv)
regression solutions, such as Logistic Regression ([ZR), with the relationship between
variables being iteratively refined using a measure of dooithe predictions made by the
considered model; and v) Bayesian solutions, such as Bayesian Patch Representatipn{BPR)

A

applying Bayes6 theorem to extract features
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Finally, thehandcraftedbased feature extractiapproachncludes: i) local shapeasedolutions,
suchad. ochape( Mdp7,5leyning feature vectors usirt
texturebasedsolutions, suchas o ¢ a | Bi nar y[ P&{pldrirgrthe strucfute Bffogal

spatial neighborhoods; and ii) frequeriasedsolutions, suchdsocal PhaselLB®Rant i
[ 7,24ploring the local structure in the frequency domain.

It is notuncommon to find hybrid fadearrecognition solutions, suchasB P [N2&hd Me s h
L B P 7,%dmbiningelements from two or more feature extractors to imprieerecognition
performance.Additionally, for facéear recognition solutions combining multiple features
extractedusingdifferent feature extraction methods, fusion can be dose\aral levelsmong
themthe feature levelndscore levefusionstrategiesre the mosbften employeanes[80].

3.3 Face Recognition

Face recognition systems have been successfully usedliiple application areas with high
acceptability, collectability andniversality[1] [3]. After the first automatic face recognition
algorithmsemergedmore thanfour decades agf], this area has attracteduoh research and

there has beeimcredible progress in this fieldFollowing the multilevel facéear recognition
taxonomyproposedn Section3.2.3 this sectionreviews the statef-the-art on face recognition
solutiors. Since this Thesis focuses on the added value of light field images for biometric
recognition, the reviewed face recognition solutionsaaganized around the exploitation or not

of light field data This section als@rovides aroverviewof the main characteristics of a set of
selected prominent existing face databases and the face variations addressed in these databases

3.3.1 Face DatabasesStatus Quo

Face databases play a very important role for designing, testing and validating face recognition
solutions, while ensuring the reproducibility of performance results and their fair compayison.
setof selectedace biometric databasase briefl reviewed in the following

Currently, there are over 100 publicly available face databasdse 3.1 overviews the main
characteristics of a set of selected pmanit existing face databasaad the facevariations
addressed in these databasesably in terms of acquisition datghting, posesexpressionand
occlusionssorted according to their ezElse datéa more complete list can be found&1]). For
comparison, also the characteristics of lB&-EURECOM LensletLight Field Face Database
(IST-EURECOM LLFFD) [35] proposed in thig hesis are included ifable3.1.

Among the selected databases, several consider the usage of sensors that had not been considere
previously, thus motivating their creation. For instance, the MObile BIOmetry (MOBIO) database
[91] was recorded using two mobilewces, a mobile phone and a laptop computer, to boost the
research on face recognition techniques for mobile devices. The Surveillance Cameras face
(SCface) databa$83] was collected to providéISible (VIS) andNear hfra-Red (NIR) spectrum

images in an uncontrolled indoor environment. The Binghamton University 3D Facial Expression
(BU-3DFE)[19] database was developed for analyzing facial expressions in dynamic 3D spaces.
The Kinect Face databa$e3] provides RGBD face images, captured by a Kinect sensor, to
evaluate how face recogni tspecifitimagmgsensa.l ogy c an
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Table 3.1: Overview ofselectedprominent face databases with differ@diff.) characteristics

Face Variation

Database Year No. of | Image Image Spatial - - - _ .
Name subjecty type modality Resolution | Diff. | Diff. | Diff. | Diff. Diff.
Dateg Lighting |PosedExpres.| occlusion
ORL [84] 1994 40 Gray 2D 92x112 V V U V V
AR [85] 1998| 126 | Color 2D 380x285 V V U V V
Yale B[86] |2001| 28 Gray 2D 640x480 U \% \% U U
FERET[87] |2003| 1199 Gcg?g’r/ 2D 256x384 | V Vv V| Vv Vv
FEI[88] 2006/ 200 | Color 3D 640x480 U \% \% \% U

FRAV3D[89] | 2007| 106 | Color pes N/A ul| u | v | v u
LFW [90] 2007| 5749 | Color 2D 250%x250 V V V V V

Bosphorug91]| 2008| 105 | Color égf 1600x1200 | U | U |V | Vv u

Multi-PIE[92] | 2009| 337 | Color 2D 3072x2048 ) V V V U

MOBIO [82] | 2010] 150 | Color 2D up t02048x153¢
Texas 3D[93] | 2010 118 | Color pe 751x501 | U | U | U | v u
YOUT[‘gge] Face 5011| 1595 | Color | 2Dvideo | Differentsizes| v. | v | v | v v
100x75;
Color/ 144x108;
SCface83] |2011] 130 infrared 2D 224x168. U V V V U
426%320
3D;
BU-3DFE[19] [ 2013| 100 | Color | 3pvideo | 1040x1329 | U u |v | v u
Kinect Face DB 514/ 52 | color | 2D 640x480 |V | VvV |V | vV v
[18] depth map
Face . .

Warehous¢95] 2014/ 150 | Color 2D; 3D; 640x480 ) U V V U
IJB-A [96] |2015| 500 | Color |2D; 2Dvideo| Different sizes| V \% \% \% \%
PIPA[97] |2015| 2000 | Color 2D Differentsizes| V \% \% \% \%
. 2D; 1054x1054;

LIFFID [98] |2016| 112 Gray 2D rendered 120%120 ) V V V U
Prop.IST- 4D light field; | 15x15%434x62!
EURECOM | 2016/ 100 | Color | 2D rendered| 2022x1404 | V \% \% \% \%
LLFFD [35] 2D depth may] 2022x1404
SoF[99] 2017| 112 | Color 2D N/A U V ) V \Y
DFW[100] |2018| 1000 | Color 2D Different sizes| V \% \% \% \Y

As the emergence of novel imaging sensors motivates
associated new and richer imaging formats, gathering a powerful light field face dateabase

the research community to work with

becoming a pressing neddght field imaging is a relatively new topic dnthus only a few
databases have been made availdiie. Light Field Face and IrBatabase (LiIFFID)98] is the

first face database where the importance of light field imaging sensors for facial recognition tasks

has been &mowledged.Ilt includes a set of 2D greyscale images, focusediffgrent depths,
rendered from the light field conteatquired using a first generation Lytlensletcamera, but
does noinclude the raw light field images.
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3.3.2  Non-Light Field Based Face Reognition Solutions

Existing nonlight field based face&ecognitionsolutions are briefly reviewed according to the
proposednulti-level face recognitioraxonomy Table3.2 summarizes the main characteristics of
a selection of recent, representative and relevant soluson®dbased orthe feature extraction
approach feature extractionsubapproachand finally, publication date Apart from the
information abouttaxonomylevels considered in the reviewed solutiofisis table includes
information about théacedatabases consideredtie publications reportinthese solutionsThe
solutions summarized imable 3.2 are briefly reviewed in the following, grouped based on the
feature extractiompproachesonsidered in the taxonomy.

Table 3.2: Classification ofa selection ohonlight field based face recognition solutions based
on theproposedaxonomy

. Feature Featu_re Feature Extraction
Solution Name | Year| Face Structure Extraction Database
Support Sub-Approach
Approach
PCA[65] 1991 Global Global | Appearance Linear Private
ICA [66] 2002 Global Global | Appearance Linear FERET
ASVDF[101] |2016 Global Global | Appearance Linear PIE; FEI,FERET
KPCA MM [67] | 2016 Global Global | Appearance Non-Linear Yale; ORL
AHF[Sl\(/)[z)]' Face 2017 Global Global | Appearance Non-Linear CMU PIELFW
GPCA[68] 2004 Global Global | Appearance Multi-Linear AR; ORL
EBGM [69] 1997| Comp+ Struct | Global Model Graph FERET
HomographyBased Global FERET, CMU
[103] 2017| Comp+ Struct Local Model Graph PIE, Multi-PIE
3DMM [70] 2003| Comp+ Struct | Global Model Shape CMU-PIE; FERET
U-3DMM [104] |2016| Comp+ Struct | Global Model Shape Multi-PIE;AR
Face ?félg]cmatlor 2016| Comp+ Struct | Global Learning | DictionaryLearning Yale B
Orthonormal . - .
Dic. Lear.[106] 2016 Global Global Learning | DictionaryLearning AR
. - . AR; FERET;
LKED [71] 2017 Global Global Learning | DictionaryLearning CASPEAL
DeC|S|c[)7r12F]>y ramid 2017 Global Local Learning DecisionTree AR; Yale B
Loglst|<}7R?,?greSS|o 2014 Global Global Learning Regression ORL; Yale B
BPR[74] 2016 Global Local Learning Bayesian AR
AlexNet[107] |2014 Global Global Learning |DeepNeural Network  LFW; YTF
VGG Face[38] | 2015 Global Global Learning |DeepNeural Network LFW; Youtube
GooglLeNef108] | 2015 Global Global Learning | Deep Neural Networ LFW
DeepRGB-D [109]| 2016 Global Global Learning |Deep Neural Networ| Kinect Face DB
TRIVET [110] |2016 Global Global Learning | Deep Neural Networ CASIA
Deep HFR111] | 2016 Global Global Learning | Deep Neural Networ CASIA
Deep RGRD [112]| 2016 Global Global Learning |Deep Neural Networ| Kinect Face DB
CDL [113] 2017 Global Global Learning | Deep Neural Networ CASIA
DeepNIR-VIS | 5 lobal lobal i |
[114] 17 Globa Globa Learning | Deep Neural Networ CASIA
Deep CSH115] | 2017 Global Global Learning |Deep Neural Networ CASIA
Alexnet[116] |2018 Global Global Learning |Deep Neural Networ| 1JB-A; PIPA
nght[elnle7(]j CNN 2018 Global Global Learning |Deep Neural Networ LFW; YTF
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Feature .
. Feature . Feature Extraction
Solution Name |Year|Face Structure Extraction Database
Support Approach Sub-Approach
SqueezeNdt118] | 2018 Global Global Learning | Deep Neural Networ LFW
LSM [75] 2004 Global Local |HandCrafted Shape Private
LBP [76] 2006 Global Local |HandCrafted Texture FERET
HOG[119] 2011 Global Local |HandCrafted Texture FERET
HandCrafted TEXAS; FRGC
DLBP [120] 2014 Global Local Texture BOSPHORUS
HandCrafted Yale B; FERET,
E-LBP [121] 2016 Global Local Texture CAS.PEAL
MB-LBP [122] |2016 Global Local |HandCrafted Texture Yale B; FERET
MR CSLDP [123] | 2016| Component | Local |HandcCrafted Texture P'\E/;AYL?EG B
ALTP [124] 2016 Global Local |HandCrafted Texture FERET,ORL
LPQ[77] 2008 Global Local |HandCrafted Frequency CMU PIE
Hybrid Solution: Local |HandCrafted Texture MIT CSAIL;
MeshLBP [79] | 2015 Comp*struct | o) ha) | Model based Graph BU-3DFE
Hybrid Solution: HandCrafted Texture .
LBP Net[78] 2016 Global Local Learning | DeepNeural Network LFW; FERET
Hybrid Solution: Appearancg Linear,
PCA Net[125] 2016 Global Global Learning | DeepNeural Network LFW
Hybrid Solution: HandCrafted Texture
Aging FR[126] 2016/ Component | Local Learning Decision tree MORPH
Hybrid Solution:
MSB LBP + WPCA 2016 Global L?Cball Hana Crafted Texture Linear ORL
[127] Global | Appearance
Hybrid Solution: Local [HandCrafted Texture SGIDCDL;
LFD+PCA[128] 2016) Comp+ struct Global | Appearance Linear FERET
Hybrid Solution:
DeepBelieiNet | 2016 Global (IS_IC:)CbillI Hafgelfrz?r:t > Dee l\-lreelj(rtglreNetwork ORL
+CSLBP[129] 9 P
Hybrid Solution:
DiscriminativeDic. | 2016 Global Local Local - Texture . AR; Yale B
Global Global Dictionary Learning
Lear.[130]
Hybrid Solution: Appearancg Non-Linear;
Nonlinear3DMM | 2018| Comp+ struct | Global Model; Shape; FaceWarehouseg
[131] Learning |DeepNeural Network
Fusion Scheme: .
RGB-D-T [132] 2014 Global Local |HandCrafted Texture Private
Fusion Scheme:
BinocularStereo | 2015 Global Local |HandCrafted Texture Private
[133]
Fusion Scheme: AR, Yale B,
RBP[134] 2016 Global Local |HandCrafted Texture UMIST
Fusion Scheme: Frequency;
LCCP[135] 2016 Global Local |HandCrafted Texture FERET
Fusion Scheme:
GaborZernike | 2016 Global Local |HandCrafted Texture ORL; Yale; AR
Descriptor{136]
Fusion Scheme: Local [HandCrafted Texture FRGC;CAS;
MDML -DCP[137] 2016 Comp+ struct Global | Appearance Linear FERET
Fusion Scheme: Local [HandCrafted Texture .
RGB-D-IR [138] 2016 Global Global Learning | DeepNeural Network Private
Fusion Scheme: Thermal/Visible
ThermalFus.[139] 2016 Global Local |HandCrafted Texture Face
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3.3.2.1  AppearanceBased Solutions
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components that are linearly mixed by maximizing the statistical independence of the estimated
componentg 6.4.ihear methods work based on the vectorization of intensity, datarder to

work directly with2D images intheir native state, multi-linear appearance based solutiea

called Generalized A (GPCA) [68], has beemproposed. By projecting the images to a vector
space that is the tensor product of two lowienensional vector spas, GPCA aims to preserve
spatial locality to improve the effectiveness of the feature extraction metiodt e r ec er
appeabasned sionlcdtuodoensnst #ICdve xt Mademle® GM)[ 6,7 ]
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3.3.2.2 Model Based Solutions
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3.3.2.3 Learning Based Solutiongexcluding Deep Learning)
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3.3.2.4  Deep LearningBased Solutions

With the development of deep learniagchitecturesand the increase in computational power,
rapid advances in a variety of visual recognition tasks, including face recognition, have been
observed140]. In recent years, deep learning architectures have been inglgasiopted for face
recognition taskand,not surprisingly, the current statd-the-art on face recognition is dominated

by deep neural networks, notablyConvolutioral Neural Networks (CNNs)Deep CNN
architectures take raw data as their inputandextra f eat ur es using convol
levels of abstractignfollowed by a few fully connected layerslowever, optimizing tens of
millions parameters to learn deep learning weights needs a huge amount of labeled/learning
samples along with peerful computational resourcedence, deep learning architectures have
been trained over millionsf face images with different variations, obtainitige so-called pre-

trained face modeldor face recognition that camhen be after used for deep feature
extraction/descriptionat this stagea conventional classifier such &sipportVector Machine

(SVM) can be employed to classify te&tracted feature§ he adaptationf the pretrained face
modelto a specific face recognition problem can also be dsimga secalledtransfer learning
process meaning that the prgained models fine-tunedusing a part of the ndy available
datasets, notably when the type of face data is diffdrem the images used for training the
model, by changing the lasfclassification layer(s) of the architecturto learn the new classes
[141]. Nowadays, the most efficient andmmonly used CNN architectures for face recognition

are AlexNef{142][ 1 1] 61]0 Lightened CNN143][ 1 1SqlieezeNdtLl44][118], GoogLeNet
[145][108], and VGG16 network[146] [38] and ResNef147][148].
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3.3.25 Hand-Crafted BasedSolutions
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gradient variations for face recognitipnl 1 QG divides a face imag@to small connected
regions, calledells and for each cell a histogram of edge orientations is computed. The histogram
channels are evenly spread otre range i 180°and0i 360°, depending on whether the gradient
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3.3.2.6  Hybrid Solutions
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3.3.2.8  Non-Light Field BasedFace Recognition the Status Quo

Figure3.7 illustratesthe evolution of face recognition solutions over time, grouped based on their
feature extractiorapproachesFigure 3.7 also includesthe typical performance in terms of
Recognition Rate at rank RR.) obtainedor each groupf technique®ntheLFW [88] database.
The appearance based soluticsheminated thdace recognitiodandscapdrom the earlyl990
until around 1997Then, model based solutions appeared and remained thefsthgsart until
approximately 2006H a nacdr a tbasex Golutions werlietroducedatfter, providing a moderate
improvementn the accuracy of face recognition solutioims2014, DeepFade 1 Odiafnatically
improvel the stateof-the-art accuracyfrom around30% to above B.5%. From that datghe face
recognitionresearch focus hashifted to deepearningbasedsolutions andhe current statef-
the-art on face recognition is dominated by dewural networksoffering more than 99%
accuracyfor the LFW databasg52].
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Figure 3.7: Overviewof the evolution of face recognition solutions over tiguped based on
feature extractiompproachegperformance values for théW database
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In [141], a comprehensive evaluatiohdeep learning models for face recogniticeing different
CNN architecturesand different databasesjnder various facial variationsis presented
Additionally, the impact of differentovariates, such as compression artefaxslusions, noise,
and olor information, on thdace recognition performancéor different architectures tmbeen
studied[118]. The results have shown that the V&&ce descriptdB8], computedisingaVGG-

16 network achieves superior recognition performance under various facial variations, and is more
robust to different covariates, when comparedetevantalternativesThe VGG Face descriptor
has been trained over 2.6 million face images, covering rich variatioegpression, pose,
occlusion, and illumination, obtaining a -salled pre-trained VGGFace modelfor face
recognition containing 144 million parametefBhe VGGFace description is obtained by running
the VGG16 network[146] without the last two fully connected layd@3] using thepretrained
VGG-Face model, thus including ®nvolutional layers, followed by one fully connected layer
resulting in a feature vector of size 4096

3.3.3  Light Field Based Face RecognitionSolutions

This section reviews existing face recognition solutions exploiting light field seiSssral face
recognition solutions exploiting the richer light field imaging information have recently been
proposedFollowing the multilevel face recognition taxonomy develop&dble3.3 classifiesthe
available light field based face recognitisolutions along withthe databasessed for reporting
results The characteristics of thight field based face recognition solutidmsing proposed in this
Thesis aralso listedin Table3.3 for comparison purposes

Table 3.3: Classification ofthe prior and propose(Prop.)light field based face recognition
solutions based on the proposed taxonomy

. Face Feature Featur € Feature
Solution Name Y ear Structure | Support Extraction Extraction Database
Approach Sub-Approach

MPCA Tensof153] 2008| Global Global | Appearance| Multi-Linear N/A
LF Face[28] 2013| Global Local |HandCrafted Texture Private
Multi-Face LH29] 2013| Global Local |HandCrafted Texture LiFFID
Super Res. LI30] 2013| Global Local |HandCrafted Texture LiFFID
Facelris MF LF [27] 2016| Global Local |HandCrafted Texture LiFFID
DM LF [31] 2016| Global Local | HandCrafted Texture Private
Prop. LFLBP[37] 2017| Global Local |HandCrafted Texture LLFFD
Prop. LFHG[36] 2018| Global Local |HandCrafted Texture LLFFD
Prop.VGG-D? [39] 2018| Global Local Learning | Deep Neural Net{ LLFFD
Prop.VGG+ ConvLSTM [40] | 2018| Global Global Learning | Deep Neural Net{ LLFFD
Prop. VGG+GLF-LSTM [41] | 2018| Global Global Learning | Deep Neural Net{ LLFFD
Prop. VGG+SLFLSTM [41] | 2018| Global Global Learning | Deep Neural Net{ LLFFD
Prop. VGG+Seql-LSTM [41] | 2018| Global Global Learning | Deep Neural Net{ LLFFD

Additionally, Table3.4 summarizeshe main characteristicgcludingfeature extraction method,
classifier, light field capability exploited, and light field formaf prior and proposetight field

based face mognition solutions. The genesis of these solutions is associated to three distinctive
light field capabilities i.e., a posteriori refocusing, disparity exploitation and depth map
exploitation (see SectioR.5). The solutionssummarized inTable 3.3, excluding the proposed
solutions, are briefly reviewed in the following, groupethased on the feature extraction
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approachesonsidered in the taxonomy

Table 3.4: Overview of priorand the proposel@yht field based face recognition solutions.

Feature Extraction

Solution Name Year Method Classifier|Light Field Capability Format
MPCA Tensof153] 2008 MPCA NNC Disparity exploitation| M-V SA array
. 2D rendered

LF Face[28] 2013 LBP NNC Depthcomputation from LF
Multi-Face LF29] 2013 LBP;LG V| | SRC |A posteriorirefocusing z?rgfn”due:red
Super Res. LI30] 2013 LBP SCR | A posteriorirefocusing Z?rgﬂ‘ielzred
_ HOG; LBP; CSLBP] L . 2D rendered

Facelris MF [27] 2016 BSIE SRC | A posteriorirefocusing from LF
DM LF [31] 2016 LFHOG SVM Depth computation | M-V SA array
Prop. LFLBP[37] 2017 LFLBP SVM Disparity exploitation| M-V SA array
Prop.LFHG [36] 2018 HOG, LFHDG SVM Disparity exploitation| M-V SA array
Prop.VGG-D3[39]  |2018 VGG svm | Disparity exploitation| \, \/ g 5pay

Depth computation
Prop. VGG+ConvLSTM [40]| 2018/VGG; ConvLSTM| Softmax| Disparity exploitation| M-V SA array
Prop. VGGLF-LSTM [41] | 2018] VGG; GLF-LSTM | Softmax | Disparity exploitation| M-V SA array
Prop. VGGSLFLSTM [41] | 2018| VGG; SLFLSTM | Softmax| Disparity exploitation| M-V SA array
Prop. VGGSegl-LSTM [41] | 2018| VGG; Seql-LSTM | Softmax| Disparity exploitation| M-V SA array

3.3.3.1 AppearanceBased Solution

There are a few multilinear appearance based soluiolesto analyséhe high dimensional light
field image information in its nativierm, thus exploiting the disparity information available in a
light field image; it is worth to mention that none of tieltilinear appearance based solutions
were originally designed for face recognitidultilinear Principal Component AnalysisMPCA)
[153]is onesuch solutiomisingtensordor feature extractiorand is able tdecomposthe original
probleminto aseries of multiple projection stfiroblems to capture most tfe tensorial input
variatiors. As a lightfield image represented in the form of a mulgw array of SA images can
be interpreted as a 4D tensbPCA has beemronsideredor light field based face recognition
this Thesidor the first time

3.3.3.2 Hand-Crafted Based Solutions

The first group othand-crafted basedsolutionsrelies on the a posteriorirefocusingcapability

when using light field imaging. This camprove theimagequality of a previously oubf-focus
region of interestor the subsequent recognition of either a single face or multiple faces, positioned
at different distanced.he solutiorpresented ifi28] propose a wavelet energy based approach to
select the best focused face imdgem a set of refocused imagesnderedirom a light field
image. Thenthe LBP descriptor is applied to extract featuaesl a NearestNeighborClassifier
(NNC) is used for classificatiorAnother solution is based @nresolution enhancement scheme
[29], usingthe discrete wavelet transfoyto capture high frequency components from different
focused 2D imaget create an alh-focus face imageo be input to d.BP descriptor.The
identification of multiple faceat different distanceis investigatedn [30] by exploring an ain-
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focus image created from a light field imageLBP descriptor is applied to extract featufresn

the allin-focus imageand a Sparse Reconstruction Classifier (SRC) is ugegerform the
recognition taskin [27], aface recognition solutioms presentedgelying on rendering a light field
image indifferent focus planes in two different wayg:selecting the best focus image; and ii)
combining focus images to create a su@solved imageboth approaches have been considered
in this research. ifferent local descriptors includingOG, LBP, CSLBP, anBinarized Statistical
Image Feature@BSIF) are usedor feature extraction

The second group dfandcraftedbasedsolutionsrelieson exploitingthe depth information that
can be estimated from a light field image, tpusviding geometric information about the position
and shape of faal componentdn [31], a depth mapomputedrom a light field images analyzed
using a HOGdescriptorfor extracting discriminative features, whiahe thenfed into a linear
SVM classifier to perform the recognition task.

3.3.3.3 Light Field BasedFace Recognition the Status Quo

Table3.3 summarizes thsix available light field based face recognition solutions, along with the
databases used for reporting resultsitAsin beobservedthe experiments performed [28] and

[31] were conducted on private databases, so there is no way to compare their performance with
the other light field based face ogmition solutionsMPCA has been considered for light field

based face recognition in this Thesis for the first timneaning that no previougcognition
performanceaesults had been reported in the literat@encerning29] [30] [27], although they

are tested on the same databéase, FF|l Dhere is no comparative s
l evel of performance | actktioemwd dish y nt b deexei esstoiltnig
solmg iand the way they wemreovidet @ad,ecibe i br
perfornrmarexepect from |Iight field based face r
in this Thesis will address this shortcoming

3.4 Ear Recognition

Since face isnot the single relevant biometric, increasing research work has been recently
developed in the area of ear recognitida.thehumanearstructureremairs stable over time for

the same persomand it does not presesignificant changes for different facial emotions and
actions, ar recognition hasvolved as a reliable biometric modality for human identificaton
recent year§6]. Sincethere is no research activity publicly availabledatabassaddressing ear
recogniton using light field sensors, excluding the ear recognition solutions proposed in this
Thesis,this section is dedicated the review of nonlight field based ear recognition databases
and solutionsfollowing the multilevel face/ear recognition taxongrmroposedn Section3.2.3.
Considering thisaxonomy seeFigure3.3, it should be noted that, although the relations between
the ear components contain critical information for ear recognition, no ear recognition solution
adopting the component representag@nadigm, thuslealing independently with a selection of
earcomponentshas been yet proposed in the literature for ear recognition. Additionally, while all
the feature extractiosubapproachesn the taxonomy can potentially be used also for ear
recogrition, some of them, notably mulinear, dictionary learning, decision tree, regression,
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Bayesian and shape descriptor feature extrastitwapproachgshave not yet been considered in
the literature for ear recognition.

34.1 Ear Databases: Status Quo

Ear daabases play a very important role for designing, testing and validating ear recognition
solutions, while ensuring the reproducibility of performance results and their fair compaYison.
setof selectecear biometric databasease briefly reviewed in theoflowing.

Currently, there are several publicly available ear image databases, none of them light field based.
An overview of the publicly available ear databagaesluding their main characteristics and
variations is provided in Table 3.5. For comparison, also the characteristics of t&@&-
EURECOM Lenslet Light Field EdvataBase (LLFEDBJ)36] proposed in thi¥hesisare incuded

in Table3.5. The dathasesconsiderdifferent characteristicandthe correspondingearimages
exhibitdifferent levels of variabilityThevariationé ides idicatesvhetherimageswvere captured

from one or both earsb p o s e s 6 awefdeitcls eartrotatiorg, and 6 ocadusi o
0 @essorie hwheatherears are (partlyyccludedandwhetheraccessorigesuch as earringare

visible in theear images

Table 3.5: Overview ofeardatabases with differefDiff.) characteristics

Ear Variation
Database Name | Year Numper of | Number of i i i i
Subjects Images D_|ff. Diff. lef._ Diff. _
Sides | Poses |Occlusiong Accessories

USTB | [154] 2002 60 185 Right \% U \%
USTB Il [154] 2004 77 308 Right \% U \%
IITD | [155] 2007 125 493 Right \% U \%
AMI [156] 2009 100 700 Both \% \% )
WPUT [157] 2010 501 2071 Both \% \% \%
IITD Il [155] 2014 221 793 Right U U U
AWE [5] 2016 100 1000 Both \% \% \%
Prop.LLFEDB [36] | 2018 67 536 Both \% \% \%

3.4.2  Ear Recognition Solutions

Ear recognitiorhasrecentlyattracteda considerable amount of research intetéstsresulting in

a large number opapers, although none of them exploring ligletd images Following the
proposed taxonomy in Sectidh2.3, the main ear recognition solutions available are briefly
described in this sectionfable 3.6 summarizes the main characteristics of a selection of
representative and relevagdr recognition notight field solutions The solutions listed ifable

3.6 are sortedbased onfeature extractiorapproach feature extractiorsubapproachand,
eventually, publication dat&he characteristics of tHight field based face recognition solutions
being proposed in this Thesis aiso listedin Table3.6 for comparison purpose$he solutions
summarized inTable 3.6 are briefly reviewed in the following, grouped based onfdaure
extractionapproackconsidered in the taxonomy
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Table 3.6: Classification ofa selection oéarrecognition solutions based on the developed

taxonomy
Feature .
Ref. |year Ear Feature Extraction Feature Extraction Feature Extractor | Classifier
Structure | Support A sub-approach
pproach
[7] 2003 Global | Global | Appearance Linear PCA NNC
[158] | 2007, Global | Global | Appearance Linear LDA NNC
[8] (2013 Global | Global | Appearance Linear Sparsdé(;?ilcr)lgError NNC
[159] | 2014 Global | Global | Appearance Linear G-NSRC NNC
[160] | 2015 Global | Local | Appearance Linear PCA NNC
. DictionaryBased
[161] [ 2016 Global | Global | Appearance Linear SparseRepresentatio NNC
[162] |2013| Global | Global | Appearance NL'”e.a” ICA; LDA NNC
on-Linear
[163] {1999 Csct)rrL](E,)t+ Global | Geometric Graph DistanceModel NNC
[164] | 2004 Csct)rrEEtJr Global | Geometric Graph DistanceModel NNC
[165] | 1997 Csct)rrEEtJr Global | Geometric Shape ContourModel NNC
[166] | 2008 Csct)rrEEtJr Global | Geometric Shape DeformableModel NNC
[167] | 2008 Csct)rrL]EtJr Global | Geometric Shape ContourModel NNC
[168] |2016 Cs?rrL]Et+ Global | Geometric Shape ContourModel NNC
[169] | 2017 Cs?rrL]Et+ Global | Geometric Shape Deformable models§ NNC
[170] |2017| Global | Global | Learning |Deep Neural Networ SqueezeNet Softmax
[171] |2017| Global | Global | Learning |DeepNeural Network VGG-16Netwrok | Softmax
. AlexNet; VGG16
[172] |2018 Global | Global | Learning |Deep Neural Networ Network GooglLeNet Softmax
[173] | 2009 Global | Local |Handcrafted Texture LGPDP NNC
[174] |2012 Global | Local Handcrafted Texture Multl—SHchGeDense NNC
[175] | 2013 Global | Local |Handcrafted Texture SIFT NNC
[176] | 2014 Global | Local Handcrafted Texture LBP; LBF;?F HOG; NNC
[177] | 2016 Global | Local |Handcrafted Texture MLBP NNC
obal ocal andcrafte exture
[178] |2016| Global | Local |Handcrafted T TDSIFT NNC
Handcrafted Texture
LPQ; BSIF; SIFT;
[5] [2017| Global | Local Frequency POEM: Gabor: HOG NNC
Prop. Handcrafted
LFLBP | 2018 Global | Local Texture LFLBP SVM
[43]
Prop. Handcrafted
LFHG | 2018 Global | Local Texture LFHG SVM
[42]
. Linear;
[179] | 2005 Global | Global Hybrid DeepNeural Network ICA, RBF Softmax
[180] |2007| Global | Global | Hybrid Linear Wa"e'eFt,TCrz”Sform' NNC




Feature .
Ear Feature . Feature Extraction o
Ref. |year Extraction Feature Extractor | Classifier
Structure | Support Approach sub-approach
. Linear; HaarWavelet
[181] [ 2008 Global | Local Hybrid Texture Transform, LBP NNC
. Linear; Sparse
[182] [2013 Global | Local Hybrid Texture Representation: LR] NNC
Non-linear; LDA: Neural
[183] |2014| Global | Global Hybrid |DeepNeural Network ' Softmax
T Network SURF
exture
[184] |2014] Global | Local | Hybrid Texture GLEM: LBP; Gabor) - e
3.4.2.1 Appearance Based Solutions
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Appearanc®ased ear recognition solutiogeploit the global appearance of thput image, either
the whole ear or its components,compute representations enaaglthe ear structuréd PCA
based solution, callegigenears is proposed, combiningncorrelated linear combinatisof the
basis image$or ear recognitiorj7]. An ear recognition solution is proposed[158], applying
Linear DiscriminantAnalysis(LDA) to determine a set of projection vectors maximizing inter
class and minimizing intralass variabilities. A extensive experimental comparison is conducted
for ear recognition usinthe ICA andLDA feature extraction approacHa$2]. In[8], an adaptive
featureweighting schemebasedon a sparse representation method, cadlpdrse coding error
ratio, is proposedor ear recognitionA new feature extraction approach is investigated for ear
recognition usingthe scale information of Gabor wavelets. Th&abor scale featufgased non
NegativeSparseRepresentatioiClassification(G-NSRC) is proposed for ear recognition under
occlusion[159]. The ear recognition solution proposedi60] divides a earimage into smaller
blocks, b apply after PCA to each block separatelgnd eventually addhe outputs of the
classifiersapplied to each block to perform ear recognitieimally, the ear recognition solution

proposed if161] uses a sparse representation framework without requiring any preprocessing or
normalization of the ear region.

3.4.2.2

Geometric Based Solutions

Geometricsolutionsuse features representing the geometrical characteristics of th&agar.
recognition solubnsfrom this category aren generalcomputationally simple and often rely on
edge detection as a ppeocessing ste he geometric based solutiohs recognize user identity
from ear images focus on analyzieighersimple ear geometrical featuresich as height, width,
size, and distances betwee&ar componentsor more advanced shape modgls.g., graph,
deformable, and contounodels,to provide more comprehensive geometrical descriptidhs
ear recognition solution ifil65] localizes the ear using deformable contours on a Gaussian

pyramid representation of the image gradient. Then, the ear features are computed as a number of

scale, rotation and translation invariant geometrical factdrsear identification solution is
proposed based on the extraction of an ear featmgbinng outer ear points, ear shape and
wrinklesinformation[163]. The ear recognition solution proposedlli4] consists afi) ear edge
detectionusing aSobel operatgrandii) ear feature extractioby forming ashape feature vector
of the outer ear and the structural feature vector of the inndn¢466], an eardeformable model
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is constructe@nd then converted to a geometry image. Afteragelettransformis appliedto the
geometry i mage and fotmethe war Veatlre vectoc Amothgr deateren t s
extraction approacbompute geometrical parameters of ear contours extracted d@ammages

[167]. The feature extraction is based owamcentric circles centeradethod toobtainan ear
centroid pointand contour features, including contour starting points, ending pbifus;ations

and intersections computed with respect to tleentroid point A geometric feature extraction
method is proposed [168], which findsthe contours ofhe earbased on &anny edge detector

and then extractshape features froitine outer ear imagewith respect to theas height line.

Finally, an extensive experimental comparisaf ear recognition using statd-the-art
methodologies for training and fitting statistical deformable modedeeisented ifi169].

3.4.2.3 Learning Based Solutions

Thanksto the popularity of deep learnifigsed solutionandtheirs i g ni y ¢ a ndifferénmp a c t
computer visiontasks three deep CNN solutions have recently been adoptedalso for ear
recognition[170] [171] [172]. In [170], the problem of training CNNs with limited training data
for the ear recognition task is addressed by considering data augmem¢atimiques including

i) geometric and color perturbatiotsthe availabletraining data; and ii) synthetic data samples
generation. Thenthe SqueezeNefl144], AlexNet [142], and VGG-16 network[146] generic
models are fingunedfor deepear description and &oftmax classifielis used to perform ear
recognition. IM171], two fully-connected layerare addedn top of the VGGL6 network seventh
layerandthe pre-trainedVGG-16 model optimized ifil70] is used for model initiation. Therhe
pretrained weights of the early layers are frozen and kept unchanged, while the newlljudigidle
connected layers are trained from scrafthe output of thesecondfully connected layer othe
modified architecture is used as input to a softmax classifier to perform ear recognifiof2],

deep CNNnetworks notably AlexNet [142], VGG-16 network[146], andGoogLeNet{145] are
usedconsidering two different training approachestably full model learningand selective
model leaning. Data augmentation hadsobeen applied to increase the amount of data for deep
CNN model training.

3.4.2.4 Hand-craftedBased Solutions

Severalhandcraftedbased solutionsse local texture descriptofer ear recognitionj5], [176],
[185]. A local handcraftedbasedear recognitiorsolutionis proposedn [173], deriving features
using Local GaborPhase Difference Pattern (LGPDP)to represent images by exploiting
relationships of Gabor phase between pixel and its neighbduabustear recognition solution
using multi-scale dense HOG features as a descriptor of 2Dreayes captuing different and
complicated structures of ear iges is proposed ifil 74]. The ScalelnvariantFeatureTransform
(SIFT) is applied for ear feature description[i¥5]. An ear recognition solution is proposed in
[177], extracting featureBased on Multscale Local Binary Pattern (MLBP) descriptoibe used
as input to aclassifier. A Texture and Depth Scale Invariant Feature Transform (TDSIFT)
descriptoy encodng 2D and 3D local features for ear recognitisnproposedin [178]. A
comparativestudy of earrecognition performance presented il 76], using LBP, LPQ, HOG
and BSIF local descriptors.
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3.4.2.5  Hybrid Solutions

Hybrid solutions combine elementsrom several categories to improve ear recognition
performance. A hybrid system for classifying ear images is propo§eadl combining ICA and
aRadialBasisFunction(RBF) network. The ear image is decomposed into linear combinations of
several basic images and the corresponding coefficients of these combinations are fecgup into
RBF network to perform recognitiofihe ar recognition solution proposed[itB0] decomposes

the ear image into three horizontal, vertical and diagonal images using wavelet transform and then
PCA is applied for feature dimension reduction. The proposed ear recognition solJti8a]in
decanposes ear imagessing theHaar wavelet transform tprovide input to an uniform LBP
descriptor,thus describing the ear sulmages texture features the Haar waveletdomain A
solution based on sparse representation of locatlgres} orientation destbed by d_ocal Radon
Transform (LRT) is proposed for ear recognitioj182]. In [183], SURF features are computed
from the ear images and then the dimensionality is reduced using LDA asuaiofitywo neural
networks. Finally, the extracted featsifieom Grey-Level Cooccurrence Matrices (GLCM).BP

and Gabor filters are combined for ear recognitiofi84].

3.4.2.6  Ear Recognition the Status Quo

Figure3.8 illustratesan overviewof the evolution of ear recognition solutions over time, grouped
based orfeature extractiompproaches~igure3.8 also includeshe range oRR; results obtained

for each group of techniques the AWE datase{5]. The model based solutions were the first
appearing solutions for ear recognitidimen, appearance based &aohdcraftedbased solutions
appearedsuccessivelyproviding a moderate improvemeint the accuracy of ear recognition
solutions The stateof-the-at model based, appearance based, and lbaaticrafted based
solutions providerespectivelya RR: recognition performance of 63.80%, 61.10%, and 65.20%
for the AWE datasetthusshowing the slight superiority of lochhndcraftedbasedsolutionsat

the cost of a lowecomputational complexit In 2017, deep learning based solutions started to be
appeared although thénave not yet led to a considerably superior performance overhand!
craftedbased solutions; this is most probably due tdablk of enouglavailabletrainingsamples,
which has a larger impact on the recognition performantthe deep solution architectures

fact, the amount of samples in the available datasets for ear recoggitadimer limited(seeTable
3.5), thus deep learnindpased ear recognitiosolutions mainly utilize an already trained
cl assiyc atg.oforg envareil c o b | ea for facd racegnitionforariodelo n
initiation. The adaptatiorto the specific ear recognition problasndoneusing transfer learning,

y n-teining the modelsusingapart ofthe availableear datasetvhich typically is not large enough
to result in an appropriattraining Thisrevealsa pressing neetb gather largescale ear databases
in order to obtain better deep classification models for ear recognition.
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Figure 3.8: Overviewof the evolution okarrecognition solutions over timgrouped based on
feature extractiompproachegerformance values for tf@NVE database.
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Chapter 4

Proposing Novel L1 ght
Recognition Databases

4.1 Introduction

As stated in Sectio8.3.], it wasdifficult to fully assess how face recognition technology can
benefit fromlight filed datg as the only available light field face databdsSEFID [98], does not
include the raw light field image#n fact,LIFFID only includes a number of 2D images focused
at different depths for each person, rendered from light field images acquaedldgeneration

of lenslet light fieldcamera; thus,it can be on} useful for testing and validatingpose face
recognition solutions thaxploit thea posteriorirefocusingcapability supported by light field
imaging.Concerning ear recognitionp ear database captured by lenslet light field canveaas
availableat the time of writing this Thesis

To be able to test any light field face recognitmtution, including thosproposed in this Thesis

it is necessary to have access to databases ingllight field face image# the light field raw
format, thus providing the flexibility to exploit different type of light field data for biometric
recognition It should again be noted thtte available database&l ot include the light field
images, but rather onipecificsets of 2D images rendered from the light fields

To overcome tbselimitations, two light field based facand eadatabase have been developed
in the context of this Thesiallowing more powerful benchmarking for testing and validating face
and earecaynition solutions exploiting the full light field datdhese databases have besade
publicly available to the researcommunity This section reviews theroposed light fieldace
and ear databases
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4.2 LensletLight Field Face Recognition Database

A new dhtabase, the scalled ISFEURECOM Lenslet Light Field Face Database (IST
EURECOMLLFFD), is introducedn this sectionThe proposed database includes data from 100
subjects, with 20 samples per each person, captured by a Lytro llénsiétcamera. The images

are captured in a controlled acquisition setup with different facial variations, including emotions,
actions, poses, illuminations, and occlusions in order to benefit from thmtnosive nature of

face recognition.This database referto application scenariowhere the subjects present
themselves to a fixed camera with a controlled background, but significant flexibility is allowed
in terms of pose, expression and occlusions. This is a rather common and realistic scenario in
businessand industrial environments where the facial images to be recognized are captured in, at
least partly, constrained conditiorihe database includes the raw light field images, sample 2D
rendered images and the associated depth maps, along with a a€ims¢hdata.

4.2.1  Acquisition Setup and Statistics

The proposed ISEURECOMLLFFD was acquired in the context of a cooperation between the
Multimedia Signal Processing laboratory at Instituto de Telecomunicacdes, Instituto Superior
Técnicq Lisbon, Portugaknd the Imaging Security Lab at EURECOM, SophiaTeblice,

France Image acquisition was performed in an indoor environment, ubmgytro ILLUM

lenslet camerd26]. The acquisition setup, illustrated Figure 4.1, included a white backdrop
background behind a chair at a fixed distance of 1.25 m to the camera. The scene was illuminated
with a threepoint lighting kit, including a key light, &ll light and a back light, placed to limit
shadows and allow ease segmentation of the subject from the backgrekeith of the database
acquisition setup is included Kigure4.2. The image acquisition process has been repeated in the
two labs with the same predefined setup. Each volunteer participated in two separate acquisition
sessions, with a time interval between 1 and 6 months. The database includets p@rsperson

in each session, with different facial variations including facial emotions, actions, poses,
illuminations and occlusions. Before the acquisition process, volunteers were asked to fill and sign
consent and metadata forms.

(a) (b)
Figure 4.1: Acquisition setup at (a) ISEnd(b) EURECOM.

The ISFEURECOM LLFFD includes data from 100 volunteers, 66 males and 34 females, with a
total number of 4000 light field face images in the database, corresponding to a total disk space of
about 270 GB. The participants were born between 1957 and 1998, and are froneredtdiff
countriesFigure4.3 illustrates the distribution of subjects by age.
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Figure 4.2: A sketch of theeLFFD acquisition setup.
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Figure 4.3: Age distribution for the subjects in ISHURECOM LLFFD.

4.2.2 Database Variations

To fully benefit from the notintrusive nature of face recognition, a face recognition system may
be required to recognize a face in an arbitrary situstimithout the explicit cooperation of the
subject. This flexibility is of great interest in many face recognition applications, notably many
video surveillance environments.

To considetess contolled acquisition conditionshe ISFEURECOMLLFFD includes a total of
20 face variations per person, categorized into 6 dimensions:

1. Neutral image(1 image) image captured with standard illumination, frontal pose, neutral
emotion, no action, and no occlusion;

2. Emotionq3 images)images withithreedifferent emotionsnotablyhappy, angry and surprise;
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3. Actions(2 images)images withtwo differentactions notably closed eyes and open mouth;

4. Poseq6 images)images with different posegotablylooking up, looking downright half-
profile, right profile, left half-profile, left profile;

5. lllumination (2 images)images with different illumination intensitiesotably low and high
illumination levels;

6. Occlusiong6 images)images with occlusionsiotablyeye occluded by hand, mouth occluded
by hand with glasses, with sunglasses, with surgical naask with hat.

Examples of thevariousfacevariations consideremh the IST-EURECOM LLFFD areillustrated
in Figure4.4. All images were taken under controlled conditions, thete wereno restrictions
imposedon clothing, makeip andhair style.

¢ I}

Neutral Emotion Action Pose lllumination Occlusion
Image Dimension Dimension  Dimension Dimension Dimension

Figure 4.4 lllustration of 2D rendered images fire facial variations in the ISEURECOM
LLFFD.

4.2.3 Database Elements

The ISFEURECOM LLFFD is the first biometric database to include raw light field imaging files.
It also includes additional information that can be fuiséor developing and testing face
recognition systems. The database is composed by the following elements:

1. Raw Light Field Images Raw light field images are stored in the Lyttd UM native file
format, secalled Light Field Raw (LFR) files, with a size of about 50 MB/imddeR files
can be used as initial input for both the Lytro camera software i.e., Lytro Desktop Software
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[186], or toany other pocessing library/toolbox, such as the Matlab Light Field ToolboxV0
[58].

. 2D Images Since light field images are not directly viewable in conventional 2D displays, the
proposed database also includes 2D renderedesntag the central view of eadight field

image variation, generated using the Lytro Desktop Softji&@]. It is worth noting that this
software automatically performs a number of processing steps, inclugisgmpling and

color correction, to enhance the quality of the output images. As the raw light field images are
made available, any other rendering solution may also be used. The 2D rendered face images
can be viewed using conventional 2D displays owpnér processed.

. Depth Map: A depth map for eaatentral view2D rendered imags available in the database.
Thedepth map can be used to bridge the gap between 2D and 3D face recognition. Depth maps
(see example iRigure4.5) can provide geometric information about the position and shape of
objects, to be explored by recognition systems. The supplied deptiwer@pgenerated using

the Lytro Desktop Softwari 86].

Figure 4.5: Sample depth map.

. Landmark Information : Facial landmarks are relevant for facial region extraction and
normalization in face recognition systems. In the -BJRECOM LLFFD, the facial
landmarks information includes the location of the face, left eye, right eye, nose and mouth
bounding boxes, adlustrated inFigure 4.6. The landmark information is extracted for the
central view 2D rendered images.

Ty | .‘ 3 \L-.

Figure 4.6: lllustration of facial landmarks.
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5. SubjectsMetadata Information : Metadata information can be used for the evaluaifdace
recognition, facial expression recognition, gender classification, and age estimation automated
results. The ISTEURECOMLLFFD rich metadata includes the image acquisition date, as
well asinformation onthe subject gender, age, facial hair, makeup, haircut and usage of
accessories; the range of valleselsfor each of these metadata fields is liste&igure4.7.

0
eld Ange

Date taken Date

Gender Male, Female

Age Number

Facial Hair 1-Shaved 2-Unshaved 3-Beard 4-Mustache 5-None
Makeup 1-Regular 2-Heavy 3-None

Haircut 1-No hair 2-Short Hair 3-Long Hair 4-Gathered Hair
Earring Yes No

Necklace Yes No

Scarf Yes No

Particular sign | Yes No

Figure 4.7: Metadata associated to each subject.

6. Calibration Information : Calibration data is essential to compensate for the specific
properties of each camerads sensor. For ex
image processing software products, such as the Lytro Desktop Sdft®@fand the Matlab
Light Field Toolbox[58].

4.2.4 Database Structure and Naming Convention

The files composing the database are organized according to a hierarchical structure, as illustrated
in Figure 4.8. The root level of the hierarchy includes the metadata information and facial
landmarks for all the subjects and the camera calibration files. The root level also includes a fol

for each of the N subjects in the databdakelledusing a 3 digit identifier, xxx. Each of these

folders contains3subo |l ders: ALFR fileso, A2D i mageso &
IST-EURECOM
LLFFD
|
: : I : Fatl:inl Calihlration
m]n 002 || 100 Metadata||; -0 ks Data
LFR files 2D images “‘;ﬁ:;‘g’;"’

HLF_001_1_01_NFF||-2D_001_1_01_NFF|H DM _001_1_01_NFF

1

LF_001_1_02 EHF|[2D_001_1_02_EHF| DM_001_1_02_EHF

-Il F_001_1_20 OFH| 2D 001_1_20 OFH|<{ DM 001 1 20 OFH

Figure 4.8. IST-EURECOM LLFFD file structure.
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The naming convention for the database light field imaggg@e&xxx s vv_variation where:
1 fiyped refers to the type of image, norfiBMby
(Depth Map);

T ixxx0 i s a intégereargquetyiidgntifying the subject, starting from 001; the first 50
subjects have been recorded at IST and the second 50 subjects at EURECOM,;

~ X

T "0 is a digit indicating the acquisition sc¢

1 v IS a t wo ndicatigg the variatiore gumler, ranging from 01 to 20,
corresponding to the variations illustrated in Figure 6.

1 fwvariationo i s a three |l etter acronym identifyir
human readingasdefinedin Table4.1.

Table 4.1: List of Acronymsused inST-EURECOM LLFFD along with the their efinition.

Acronym Definition

NFF Neutral FrontaFace

EHF Emotion Happy Face
EAF Emotion Angry Face

ESF Emotion Surprised Face
AEC Action Eyes Closed

AMO Action Mouth Open

PUL Pose Up Looking

PDL Pose Down Looking

PHL Pose HaHprofile Left

PHR Pose Halprofile Right
PPL Pose Profile Left

PPR Pose Profile Right

ILI Illumination High Intensity
IHI Illumination Low Intensity
OMH Occlusion Mouth by Hand
OEH Occlusion Eye by Hand
OFG Occlusion Face by Glasses
OFS Occlusion Face by Sunglasses
OFM Occlusion Face by Mask
OFH Occlusion Facky Hat

4.2.5 DatabaseAccessand Usage Conditions

IST-EURECOMLFFD is freely distributed for standardization and academic research purposes.
The first part of the database, captured at Instituto de Telecomunidagsstuto Superior
Técnico, Lisbon, Portugal can be accessedtigt//www.img.Ix.it.pt/LFFD/ The second part,
captured at EURECOM, SophiaTech Campus, Nice, France can be accessed at
http://Iffd.eurecom.fr/

4.3 LensletLight Field Ear Recognition Database

Since no light field ear database was availaktlee ISFEURECOM Lenslet Light Field Ear
DataBase (LLFEDBhas been createtb makepublicly availablecontent allowingtesting and


http://www.img.lx.it.pt/LFFD/
http://lffd.eurecom.fr/

58

validating light field imaging based ear recognition systems. The proposedtebask consists
of 536 light field ear images from 67 subjects, with 8 image shots per person, captured with a Lytro
ILLUM lenslet camera, over two separate sessions, with four different poses per session.

4.3.1  Acquisition Setup and Statistics

This Thesis proposes the ISEURECOM Lenslet Light Field Ear Database (LLFEDB),
containing only the ear region from a relevant subset ofHSRECOM LLFFD imagesOut of

the 100 ILFFD subjects, only 67 were selected, as for the remaining subjects the ears were
completelyoccluded with hair. The interval between acquisition sessions is in the rang@ of 1
months. The ISTEURECOM LLFEDB includes data from volunteers from both genders, with a
total number of 536 light field ear images in the database, corresponding todistospace of

about 30 GB.

The participants were born between 1957 and 1998, originating from 15 different countries. The
ear portion of the facial imagésis beemanually cropped. Since the facial images were acquired

at slightly different distancesicee r a6 s zoom | evel s, the ear si
varies from 75x35 up to 107x86 pixels, with an average aspect ratio of 1.49. If necessary, some
normalization may have to be applied when using this content.

4.3.2 Database Variations

Among the avdable ISFEURECOM LLFFD facial images corresponding to multiple poses,
there are four of interest for ear recognition, notably the right and left half and full profile images.
LLFEDB consists of 536 light fields image from 67 subjects, considering the foses
mentioned, taken in two sessions, in a total of 8 images per sulgeeFigure4.9.

Session 1

Session 2

Figure 4.9: lllustration of ISFEURECOM LLFEDB 2D rendered ear images for the four
profiles of a specific subject in two separate acquisition sessions
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As an ear recognition system is often required to operate in unconstrained situations, i.e. without
the explictcoper at i on of the subject, i1t is importa
To investigate the effects of occlusions on the ear recognition performance, tB& FEHCOM

LLFEDB includes ear images partly occluded by ear piercing, earing, ichica@mbinations of
theseocclusions seeexamples irFigure4.10.

A 8
(@) (b)
(c) (C))
Figure 4.10: Examples of partially occluded eanages:(a) ear piercing(b) earing;(c) hair; and
(d) combination of occlusions.

4.3.3 Database Elements

The ISFTEURECOM LLFEDB is composed by: i) the raw light field ear images; ii) their
correspondingepresentation as a muitiew SA images array; iiicentral view2D imagedfor

easy accesg)iv) metadata; v) ear landmark information; and vi) camera calibration file, as
described in the following

1. Raw Light Field Images The raw light field ear images are the most important component of
the database; &y are stored in the LytibLUM native format, the secalled Light Field Raw
(LFR) files. As landmark informatiofor the central view rendered imaiganade available in
IST-EURECOM LLFEDB, the ear region can be easily cropped from the original LLFFD
fadal images.

2. Multi -View Array : Ear recognition systems working on light field images may not process
directly the raw light field images and may instead process some conversion of the LFR files,
e.g. 2D rendered images such as SA images. The-vimiktiSA arrays available in the IST
EURECOM LLFEDB database, extracted using the Matlab Light Field To¢8&}xcontain
only the ear region, cropped using the landmark informgtiowided in the LLFFD database

3. 2D Images Since light field images are not directly viewable in conventional 2D displays, the
proposed database also includes 2D rendered ear images for the central view of each light field
image, extracted using the Matlab Light Field Toolfa8] i seeFigure4.9. The available 2D
rendered images contain only the ear region.
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4. Subjects Metadata Information: The ISFEURECOM LLFEDB metadata includes the
Image acquisition date, subject gender, subject age, and information about occlusions by hair,
earings or piercings. The set of labels for each metadata field are liJtablé.2.

5. Ear Landmark Information : In the ISFEURECOM LLFEDB, the landmark information is
defined by the corner coordinates of the ear bounding boxes in the facial image. The landmark
coordinates refer to the centraéwi 2D rendered images.

6. Calibration Information : Calibration data is essential to compensate for the specific
properties of each camerads sensor. For ex
image processing software products, such as the Lytro Desktop Sdft@@jand the Matlab
Light Field Toolbox[58].

Table 4.2: Metadata associated to each subject in each acquisition session.

Field Range

Date taken Date defined a¥YYY/MM/DD
Gender Male, Female

Age Integer number

Hair Occlusion Yes, No

Earing Occlusion Yes, No

Ear Piercing Occlusion Yes, No

4.3.4 Database Structure and Naming Convention

The files composing the database are organized according to the hierarchical structure illustrated
in Figure4.11. The root level includes files containing the metadnformation for all the subjects

and the ear landmark information for all the images. The root level also includes a folder for each
of the 67 subjects in the databalsdyelledusing a 3 digit identifierxxx corresponding to their
identifications inIST-EURECOM LLFFD. Each of these folders contains 2-$ub | der s: f
i mageso anc wibMultaiys o.

IST-EURECOM
LLFEDB

001 099 Metadata| |[Landmarks

[ 1
Multi view
arrays

2D images

2D 001_1_1_PHL | MV 001 1 _1_PHL

2D_001_2 4 PPR| 4MV _001_2 4 PPR

Figure 4.11: IST-EURECOM LLFEDB file structure.
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The naming convention for the database files follows the same protocol as defin&d-
EURECOM LLFFD (Section4.2.4.
4.3.5 DatabaseAccessand Usage Conditions

IST-EURECOMLFFD is freely distributed for standardization and academic research purposes.
The database can be downloaded frottp://www.img.Ix.it.pt/LLFEDB/



http://www.img.lx.it.pt/LLFEDB/
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Chapter 5

Proposing Novel L1 ght
Recognition Solutions

5.1 Introduction

This Thess proposesevenlight field basedace and earecognition solutionsgvolving through
progressive levels of functionalitgnd performancegxploiting the additional information
available in a light field image. The first two solutions preposedbased on light fielcthand
crafteddescriptors, describing the disparity informatiomaigable in light field imagegor both

face and ear recognitiomheotherfive recognitionsolutions are based dumseddeepgdoubledeep
descriptorslearnng convolutional representations and angular dynamics from a light field image
for face recognitio. The proposed recognition solutions are summarized in Figure 1.3.

Recognition J

Solutions

Deep Learning

Hand-Crafted
Based

Based

|
VGG +
SeqL-LSTM

VGG +
SLF-LSTM

VGG +
Conv-LSTM

VGG +
GLF-LSTM

LFHG VGG-D?

Figure 5.1: Summary othe proposed recognition solutions.

5.2 Face and Ear Recognition Based on Light Field Local Binary Pattern
Descriptor
This section propose a face/ear recognition solution based on a handcrafted light field

descriptor, secalled Light Field Local Binary Patterns (LFLBP) descripexploiting thespatial
anddisparity information available in light field images faceand earecognitiontasks.



5.2.1

The generic architecture of the proposed recognisolution based omFLBP handcrafted
descriptorfor both face and ear recognition taskdllustrated inFigure 5.2. By exploiting the
multiple SA images, available frommelight field multi-view representatigrihe proposed LFLBP

Architecture and Walkthrough

descriptor is expected to improve the recognition system performance.

The proposedecognition architecturicludes the following main steps:

1. Pre-processing TheMatlab Light Field Toolbox v0.458] has been used to create the raulti

view array of SA imagegSection2.4) from the input, raw light fieldThen,the face and ear

in all SA imagesare cropped and resized to 128x128 and 192x128 pixels, respectively.
Additionally, for ear imagesthe imagesof left side ears are flipped horizontally, making all
ear images to be further processedhave the same orientatiofhere arghreereasons for
theseimage sizeselections: iA studywith theIST-EURECOMLLFFD andIST-EURECOM
LLFEDB databasghasshown that the average aspect ratios of the cropped faces and ears are
1.08 and 1.5Irespectivelythus justifying the aspect ratio of the resized faces and ea#s; ii)
preliminary study conducted during th&hesis workhas shown that increasing the image
resolution does not significantimpact the recognition performance, while increasig
computational complexityand iii) Although thelST-EURECOMLLFFD databaseonsides

larger image sizes, the face area is only a portion of thati##,28<128 keing a size
appropriate forthe cropped face image for ear images;192x128 is a sizausing the some
horizontal resolutiorand avertical resolution growing tadjust to theearsaspect ratio
measured fronlST-EURECOMLLFEDB.

. LFLBP feature description: The proposed LFLBP descripins are extracted from the
normalized multiview array as detailed isection5.2.2

. Offline training: The LFLBP descripbnsextracted from the training samp|égyhlightedby

redin Figureb5.2, arefed toa linearSVM classifier (implemented using the LIBSVM library
[187]) to define the classification moddlhe training data should be selected based on the test
protocol considered.

. Classification: LFLBP descriptios extracted from testing samples are fed to the previously
trainedSVM classifier, thusleterminng the subject identity

Raw Light
Field Face
Image

LFLBP
Testing
Descriptions

Cropped
Multi-view
Array

LFLBP
Feature
Description

Identity

Pre-
| —

. Classification
Processing

Y

Classification
Mode/

Offline
Training

LFLBP
Training
Descriptions

Figure 5.2: Architectureof the proposed facand earecognitionsolutionbased orLFLBP
handcrafteddescripor.
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5.2.2 Light Field Local Binary Patterns Feature Description

LBP [ 7 &np its variant are among the best perforntiagdcraftedfeature descriptors for face
recognition.The LFLBP combined descriptor is an extension of LBP, which is able to exploit the
richerinformation available in light field image$hus, the recognition solution can exploit both
spatial and angular information that magostthe final recognition performanc&imilarly to the
originalLBP [ 7,8hg novel LFLBRprocesses the gray level intensted the captured light fields.

The input to &.FLBP descriptor is anulti-view array, i.e. Lg,v,x,y), whereu andv identify the
viewpoint,andx andy the pixel position within &A image.In a Cartesiarrepresentatiorfor the
usedLytro lllum lensletcamerdg26], u andv take integer values intherangg{, ¢é, 7}, ar
size of eaclBA is 625«<434 pixels The centraBA image is the reference view position, denoted

as L(0,0x,y), as highlighted in yellow ifrigure5.3. EachSA image can also be identified using

polar coordinates using two parametéyshe radiusR, expressing the Eudkan distance to the
reference viewwith a directrelaton with the observed disparity; anid the angleA, measured
counterclockwise from the positive part of the real axis. A third parambtedtefines the number

of SA images, or views, to consider the descriptarFigure 5.3 shows three examples &

images, highlighted in red, with different parameter values.

57*{' =;y \)--i: = {{:
£k A

R=7, A=0°, N=4 R=7, A=45°, N=4 R=7, A=0°, N=8

S

Figure 5.3: Examples of selecte®lA images (red). Th8A images highlighted in dark grey do
not contain usable image information due to the rAiens shape.

The proposed LFLBP descriptor combines two components: i) the Spatial Lioeay Batterns
(SLBP) descriptor, which corresponds to LBP applied to the central, reference view; and ii) the
novel Light Field Angular Local Binary Patterns (LFALBP) descriptor, which cagthe multt

view information available in the light field image

1) Spatial Local Binary Pattern (SLBP) For a selected set qf samples in the spatial
neighborhood, at distancdrom the reference sampiey, with starting angle, the sample level
S BP pattern valu¢SLBPs)),for positionx,yis defined by Equatioh. 1

3 "ol B O0q; Orer ¢ (B.1)
Where
0 i 0Eh —'0p
a 1ATd® —'ap 52)

S(X) is thesign function defined as:
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ph Q@ m

e i 0 Vi Q
Equation 5.2transforms the centraew i" sample coordinates from polar to Cartesias
Equation 5.1 works witiCartesian coordinaseThe centralview sample intensity at positioqy

is used as threshold value; whenaber selectedamplein the spatiaheighbourhoods below the
threshold, then thegn(x) function takes value O; otherwise, it takatue 1, according to Equation
5.3 The binary thresholding result is multiplied the binomialfactor,¢ , and the resulting
values are summed, to obtain a value in the range¥Q], ¥/hich is theSLBPs_pattern value for
each sample positiany.

[ e (5.3)

Finally, theSLBP descripbr corresponds tthe histogram o8LBPs. pattern values computed for
all aftosamples, according to Equatibe:

3, "o =( EOOIT G OAdi haimhidw N
Lon pB YN Y pB (5.4)
whereX andY indicate the number of samplestire centraliew. The SLBP descriptor expresses
elementary characteristics spatial information in the form ofrmagnitude sigiistogram.

2) Light Field Angular Local Binary Pattern (LFALBP) : The LFALBPhandcrafteddescriptor

is hereproposed to explbtheinformationcorresponding to the variations observed for light rays
travelling in different directions, as captured by light field imades. a selected set & SA
images, at distande from the reference view, with starting anglethe sample level LFALBP
patternvalue(LFALBPsy), for positionx,y, is defined by Equation 5.5

, &!" OYAYoho B i QO%rr O fir C (5.5
where
6 YOEd — ' op
. . 3 (5.6)
U YAI® — " Qp

Equations.6transforms thé" selectedSAimage coordinates from polar to Cartesias Equation

5.5 works withCartesian coordinaseAs defined irSection5.2.2 and illustrated ifrigure5.3, A

indicates the starting angle for the fiS& image to consider, at radil® andS indicates the

number of views to consider ftiie descriptorThe reference view sample intensity at posikgn

is used as threshold value; whenever xymsot hei
below the threshold, then tkegn(x) function takes value 0; otherwise, it takes value 1, according

to Equation5.3. As for the conventional LBP descriptor, the binary thresholding result is
multiplied by the binomiafactor,¢ , and the resulting values are summed, to obtain a value in

the range [0.. 21], which is the LFALBR_pattern value for each sample positigy.

Finally, the LFALBP descripbn is the histogram of LFALB& pattern values computed for all
afwosamples, according to Equatibrv:

, &, YORY=( EOOT C QAT 0'YIhYoho N
Lov pB N o pB (5.7
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where XxY indicate thenumber ofluminancesamples(or pixels)in each view.The LFALBP
descriptor expressébe magnitude sign histograof the disparity information present mlight
field image

The computation of LFALBR for afacesamplexsy,ys, is illustrated irFigure5.4, considering the
parameter valueR=3, A=0° andS=4. The LFALBP pattern value is obtained by taking the gray
values of pixeky,y1 from the reference viem225 in this examplend from the othefour views.

The reference view value is wused for thresh
x1,y1 is below the threshold it takes value O, otherwise it takes value 1. Finally, the thresholded
values are multiplied by theoesponding binomidhctors, as shown ifFigure5.4, and summed

to obtain the LFALBP pattern value for pixaly: 1 value 2 in the example.

Light Field Sub-Aperture Array

Example “ Sign
Intensity Values: | .~ Threshold
L(0,0,x1,¥1)
. =225
i-1 i=2 i=3 i=4

.
£(0,3,x1,y1) L(-3,0,x1,y1) L(0,—3,x1,y1) L(3,0,x1,y1)
2

=224 =224 =227 =226
Sign
Thresholding
224-225>07 224-225>07? 227-225>0°? 226225207
Results of Sign
Thresholding ‘ 0 0 > L L
Binomial 0 _ 1 _ 2 _ 3 _
o [20=1  21=2 22=4 2°=38
LFALBPg; l
(3,0°4,x1,y;) 0 + 0 + 4 + 8 =12

Figure 5.4: LFALBP descriptorextraction example.

3) LFLBP as aLFALBP and SLBP Combination: LFALBP may be combined with not only
SLBP to build LFLBP, but also with any existing lobaindcrafteddescriptor, to derivenhanced
descripions for light field based recognition. In fact, the combination of angular and spatial
descripions 6 f us e s 6 compl ement ary i nformati on, t
performance. This combination flexibility is expressedthy geneic combination framework
presented irFigure 5.5 where any spatial descriptor can be used to replace SLBP while still
benefiting from the complementary angular information captured by the novel LFALBP
descriptor.

This Thesis proposes a specific combination, the LFLBP descriptor, compatedrding to
Equation5.8.

, & " Prrrp G0, &!'" Qp W ¢ 3, " Pr ahw (5.8
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where , &!'" Q5 O frg ¢ means binary left shift by bits. Equation5.8 concatenates
thespatialSLBP withtheangularight field descripibnsto form the combined LFLBP descriph.
The resulting descrifn hasp + N bits for each sample. The findéscriptionis thehistogram of
LFLBP pattern values computed for afkosamplesexpressinghe variations for the spatial and
angularinformationavailable in a light field image

Central view
sub-aperture image
LFLBP

:- e Spagial
descriptor
Description

— Combination ———

’:.IL‘

Multi-view
array

[ 4
= Angular
descriptor
| . (LFALBP)
=y
k. 4

Different
sub-aperture image

Figure 5.5: Proposed spatial and angular descriptors combination framework.

5.3 Face and Ear Recognition Based ohight Field Histogram of Gradients
Descriptor

This novel recognition solutiois based on a netiandcraftedlight field descriptor, named Light
Field Histogram of Gradients (LFHGJusing a nonlight field based descriptpthe secalled
Histogram of Oriented Gradients (HO®ith a light field basedlescriptor,called Light Field
Histogram of Disparity Gradienté FHDG), each having a specific and complementary function
in the resulting fused descrigat The fusechandcrafteddescriptor considers both the orientation
and magnitude variations for tlspatial and angular informatio@ompared tahe LFLBP [37]
descriptor proposed in Sectiér?, that only captures the magnitude sithre descriptor proposed
in this sectionoffers a more comprehensive spatiagular descriptionAs expected, it boostke
final recognition performarg; as described in detail in thssction.

5.3.1  Architecture and Walkthrough

The architecture of the proposed solutibased on the fusion of HOG ahBHDG handcrafted
descriptorsfor face and ear recognitiasr shown inFigure5.6. By exploitingboth the orientation
and magnitude variations for the spatial and angular informatiailable in a light field image,
the proposed solution is expected to improve the retiognperformance over conventional
spatialonly face andear recognition solutions.

The proposedace anckar recognition solution includes the following main steps:

1. Pre-processing Matlab Light Field Toolbox v0.458] has been used to create the mulw
array of SA imageg¢Section2.4). Then,each face and ear all SA imagesare cropped and
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resized to 128x128 and 192x128gis, respectivelyAdditionally for ear imagesmages of
left side ears are flipped horizontally, making all ear images to be further processed have the

same orientation.

2. HOG and LFHDG feature descriptions. The HOG and.FHDG (Section5.3.2 descriptons
arerespectivelyextracted fronthe centralSA imageandthe normalized mukview SA array
to capture the multview information available ithe light field image.

3. Fusion of descriptions The extracted HOG andFHDG descripbrs are concatenated,
resulting in the fusetlFHG descripor.

4. Offline training: ThefusedLFHG descripions obtained in the previous stegxtracted from
the training sampledjighlighted by red in Figure 5.6, are fed to a linear SVM classifier
(implemented using the LIBSVM libraf$87]) to define the classification moddlhe training
data should be selected based on the test protocol considered.

5. Classification: The fusedLFHG descriptios extracted from testing samples are fed to the
previously trained SVM classifier to be compared to the classification modetjetersninng
the subject identity

Cropped LFHDG LFHDG
A Multi-view Array Feature Description
/’__?Izgf__’gg’; Description LFHG Testing User
e i PUsSton-of Deserpions Classification ooty
Processing Descriptions
HOG o
Cropped Feature pescripton S @
Central SA Image Description -% S
= '% - Classification
% § Offline Mode/
N Training

Figure 5.6: Architectureof the proposed face and ear recognisoiutionbased orthe
fused LFHGhandcrafteddescripor.

5.3.2 Light Field Histogram of Disparity Gradients Feature Description

The Histogram of Oriente@radients (HOGhandcrafteddescriptof149] is a widely used, nen

light field based locatexture descriptor, able to represent spatial orientation and gradient
variations. It has been successfully applied in several computer vision problems, such as pedestrian
detection[149], face recognitiof 1 1a®d ear recognitiofs], [176], [174]. The Light Field
Histogram of Disparity GradientsLFHDG) descriptor, an extension of HOG, targets the
description of the light field disparity variations. This Thesis proposes to fuse the HOG and
LFHDG descriptorsformingLight Field Histogram of Gradients (LFHGr exploiting the light

field variations,both in terms of position and direction, thus obtaining an improved face and ear
recognition descriptor.

The HOG descriptor computation follows the implementatiof149] and the tunned parameter
settings for face and earcagnition proposed ih 1 la9n]8]. It is applied tadhecentral SA image
to capture the texture information available in the central SA image



70

The proposedlFHDG descriptor processirgieps are:

1. Gradient computation: Horizontal and vertical disparity gradients,; &,y) and G (x,y), for
a given k,y) samplearecomputed as:
O W, o 006 h
'O ddo 06 Ry 06 hy hidd
where (11, v1), (U2 v2), (u3, v3) and (14, v4) correspond to the specific select®d images.
2. Disparity gradient magnitude and orientation computation The disparity gradient

(5.9

magnitude,l (x,y) | and o0 KY),dondachXy) sample, ack(computed according to
Equatiors 5.10and5.1L

Q) ws O adw O Ww (5.10

[ ofe AOAGAT (5.19)

3. Cell histogram computation The computed disparity gradient magnitude and orientation
maps are dividednto nonoverlapping 8x8 cells. Gradient orientation values dbr(x,y)
samples (in the range-Q80°), in each cellare quantized into 9 bins; instead of storing how
many times a quantized orientation occurs in the cell, the magnitudes for identical orientations
are added into the closest bin to its orientation, forming a local histogram for the cell.

4. Block normalization: To make the descriptor image contrast indepenflielfl], cells are
grouped into blocks of 2x2 cells and the histograms of the 4 cells concatehdjamcknt
blocks are made to overlap, with each cell being shared by focksEeeFigure5.7 for an
ear sample meaning that each local cell histogram contributes more than once to the final
LFHDG descripibn. Finally, each blockistogram is normalized with respect to its Euclidean
norm[149].

5. Block histogram concatenation:All normalized block histograms are concatenated to create
the LFHDG descripion.

Block #1 Block #3
of 2x2 of 2x2
(8%8) cells (8%8) cells

8x8 Cell || 8x8 Cell JliI8*8 Cell |3x8 Cell

el fecalioca

88 Cell [ 8x8 Cell @ 8x8 Cell

Figure 5.7: Division of an ear sample disparitgagnitude map into 8x8 sample cells and
overlapping 2x2 cell blocks.
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In summary, the fused IHG descriptorexpresse$oth the orientation and magnitude variations
for thespatial andangular information

5.4 Face Recognition Based on¥GG 2D+Disparity+Depth (VGG-D3) Fused
DeepDescriptor

As discussed in Section 3.4.2.6, contrary to face recognition, the current CNN networks such as
SqueezeNef144], AlexNet [142], and VGG-16 network [146] may not achievesuperior
performance over conventional solutions for the ear recognition task. This is probably due to the
lack of a sufficient number @vailabletraining samples to let the deep networks learn good ear
representationdjaving a large impact on the recognition performaridence, the deep learning
based solutions proposed in fhieesis, presented in this and the next two sections, are optimized
for the face recognition task, although they might also be applied to the ear recognition task once
largescale ear databases become available, allowing to obtain better deep ear classification
models.

The previous two sections proposeahd craftedlight field description based recognition solutions;
this section proposef®r the first time alight field face recognition solutiobased on aleep
learning namedVGG 2D+Disparity+Depth YGG-D®) fused deepdescripbr. The VGG-D?
description isobtained by thdeature level fusion ofleep descriptionsxtracted from 2D images
as well aghe correspondinglisparity and depth mapssing a VGGFace descriptof38]. The
VGG-Face descriptopretrained over 2.6 millioriace images,sicomputed based on a V&®
network ignoring the last fully connected layer in the architecture to extegtaiptionwith 4096
elements.

The exploitation of disparity maps together with 2D images and depth maps, in the context of a
fusion scheme, is a novel approach never tried in the literature, acknowledging that disparity and
depth maps may bring some complementary information to the recognitioft tiaskel-Fknown

that a depth map may be computed from disparity information and the camera intrinsic parameters,
thus being rather equivalent information, even if they visually express different features.
Moreover, if disparity and depth are extractedhwildependent algorithms and nditectly
computed from each other, it is very likely that they partly compensate for each other algorithmic
weaknesses. The implication is that disparity and depth maps may not necessarily provide exactly
the same visuahformation for face recognition. A disparity map can represent relevant facial
information such as the position and shape of shadows, changes in contrast and contrast gradient
among observation viewpoints, and defocus blur, which may not be equally exbbyss depth

map. On the other hand, geometric information about the position and shape of face components
may be better represented by a depth map. Hence, disparity and depth maps may express visually
complementary information, and jointly exploiting themay contribute to improve face
recognition performance.

5.4.1  Architecture and Walkthrough

The architecture of the proposed face recognition solut@sed on th&/GG-D? fused deep
descripbr, is presented ifrigure5.8. It takes as input a raw light field face image to create a-multi
view SA array. The face region is cropped and then resized to 224x224 pixelSi ialages
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as this is the input size expected byW&G-Face descriptor [38]his work uses th¥ GG-Face
descriptor thatan be diretly used to extradescriptiondrom the 2D central view. However, for
the disparity and depth maps extracted from the light field raigtv SA array, the VGGL6
network [146] needs to be retrained, to fibene the pretrained modeto perform well when
disparity or depth maps are taken as inmgtead of regular 2D images. Once all models are
available, VGGFace descripbins are extraced from the three types of data inputé)en these
descriptionsare concatenatet form theVGG-D? description which is thepassed to a SVM
classifier. By fusingthe descriptiongextracted from the 2D centr&A view as well as the
correspondingdisparity anddepth maps, the proposed solution exploits the complementary
information available in the light field imag&he VGG-D?fused deeplescriptionis expected to
improve the recognition performance over 2D andt2lBpth face recognition solutions.

The proposedace recognition solution includes the following steps:

1. Pre-processing:Matlab Light Field Toolbox v0.458] has been used to create the ruttw
array of SA imageéSection2.4). Then,the face region is cropped in 8lA images, based on
the landmarks provided in the datahemed the croppe®A images are resized to 224x224
pixelsas this is the input size exgtal by the VGGFace descriptdi3g].

2. Disparity map extraction: A disparity map is extracted from the cropped raulew SA
array, capturing the angular information available in the light field image. The light field
disparity mags extracted using the method proposefiLiB8] and[189], which computes the
disparity mapas gradients of epipolar plane images.

3. Depth map extraction: A depth map is extracted from the cropped muikiv SA array,
providing geometric information about the position and shape of the facial components. The
depth map has been extracted using tbghod proposed ii190], which estimates muitriew
stereo correspondences and then optimizes them using graph cuts.

4. VGG-Face feature description. The pretrained VGGFace model, which is originally
trained for 2D face recogiioin, is independently fintunedusingthe trainingdisparity and
depth masamplesThen, the 2xentral view as well as the disparity and depth maps are fed
into three VGGFace descriptor based deep learmetworksto extract texture, disparity and
depthdescriptiong38] i see details irsection5.4.2

5. Description level fusion: Descripton level fusion § adopted, concatenating tthescriptions
extracted for each input into a singl&G-D3fused deeplescription

6. Offline training: The VGG-D?fuseddeepdescripions extracted from the training samples
highlightedby red in Figure5.8, arefed toa linearSVM classifier (implemented using the
LIBSVM library [187]) to define the classification moddlhe training data should be selected
based on the test protocol considered.

7. Classification: The VGG-D?fused deemlescriptionextracted from testing samplissfed to
the previously traine&VM classifier (implemented using the LIBSVM libraf387]), to be
compared to the previously trained classification madtiak returning a subject identification
This work alsatested the performance of a softmax classifier, with SVM performing slightly
better than sofhax (less than 1% improvement) that justifying the choice of SVM as the final
classifier.
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Figure 5.8: Architecture of the proposed face recognition solubased on a
2D+disparity+depthfuseddeepdescripbr.

5.4.2 VGG-Face Feature Description

TheVGG-16 networkis one of the top performing convolutional network architectures for several
visual recognition taskfl46]. The VGGFace descriptof38], running the VGGL6 network
without the last two fully connected layer, has been trained over 2.6 million face images, covering
rich variations in expression, pose, occlusion, and illuminabawbtain a secalled pretrained
VGG-Face mode|38]. The pretrained model can then be used to extract descriptions from 2D
face image$or face recognition. As the VG&acedescriptoiis originally trained with 2D images,

it may not be suitable for describing disparity and depthinébion for face recognitiorkor the
purposes of this Thesithe pretrained VGGFace modeis fine-tunedconsidering disparity and
depth maps at the input and bamopagating the loss function results through the VIBG
network layers. During the finetuning, the prdrained weights of the convolutional layers are
frozen and kept unchanged, while the ftdlynnected layers are-teined Considering some
empirical studies and memory constraints, the-fureng for both disparity and depth maps has
been done using a learning rate of 0.005, a batch size of 32, and a total of 30 epochs:- The pre
trained VGGFace model has been used for the 2D images, and theified models have been
used or the disparity and depth maps, resulting in a so cdlltig connected layer 6 (FC6)
description with a total of 409&lementdor each input.

5.4.3 Fusion StrategiesSComparison

The proposed face recognition solutimased on th¥ GG-D3fused deeplescriptorprocesseshe
2D central viewas well aghe correspondinglisparity and depth mapkn order tostudythe other
possibledescriptorcombinationsand the effectiveness of the proposed fusion strafieale5.1
reports therank 1 recognitionrate performance(RR) when consideringpnly the 2D VGG
descripto andseverahlternativefusion strategiesi) 2D + disparity; ii) 2D + depth; anii) 2D +
disparity + depth. The recognition results are presentech forosssessionface recognition
scenarig this meandraining and testingthe recognitionsystemusing the samples captured in
differentsession.
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Table 5.1: Face rankl recognitionperformancdor the 2Dbaselinedescriptorand three
alternativefusionstrategiegbest results in bold)

Recognition Tasks
Solution l\éeutral& Action Pose |lllumination Occlusion Average
motion
2D 99.5% 100% 94.6% 98.5% 94.6% 96.8%
2D +disparity 99.5% 99.0% 94.8% 99.0% 94.8% 97.0%
2D +depth 99.5% 100% 95.6% 99.5% 95.6% 97.7%
2D +disparity+depth  99.5% 100% 95.8% 100% 95.8% 98.1%

The obtainedrecognitionresults show that the proposed 2D+disparity+ddp#ion strategy
always achieves the best performance among all the consideogghition alternativeasesSince
the solution corresponding to thesfon of the/GG descriporsfor the 2Dimagewith thedisparity
and depth maps allowsestexploring the complementary information available in the light field,
thus increasng the discriminative power of the fusetkscriptor, this is the VGG6 based
recognition solution proposed out of this section

5.5 Face RecognitiorBased ona VGG + Conventional LSTM Double-Deep
Descriptor

The proposed solution described in the previous segtiocesssonly light field central view
data, notably using its rendered textaed correspondingisparity and depth maps, using a CNN
network. This Thesis also proposes a dowlglep spatio-angular learningframeworkdescriptor
adoptinga convention& long shortterm memory (LSTM) recurrent netwotk extract higher
dimensionabngulardependencies from different viewpoints rendered from a full light field image
thus offering a more powerful doublleep spatiangular description for light field face
recognition The doubledeepdescriptorfor light field based face recognition propdse this
Thesisis based on the combination of a V&%@&ce descriptor with @onventionaLSTM (Conw
LSTM) recurrendeepnetwork[191][192]. This novedescriptorrombines the spatial information
learred using a VG@-acedescriptor with theangular dynamicavailable ina light field image
that are learned using@nw+LSTM deep recurrent neural network

While the combination of VGG an@onw+LSTM has recently been used to learn sptimporal
information for visual classification and description tasksjuding action recognitior[193],
facial expression classificatiofi94], or image captioning and video descriptiptO5], this
combination has never been proposeeioloitthe multi-view informationfrom a single temporal
instant, as performed bihe doubledeepspaticangular learningdescriptionproposedin this
Thesis; thimovel approaclf successively processing views within a light field image instead of
a sequence of frames along time has Imeser tried before for face recognition or any other visual
reagnition task.

In the proposed framework \&GG-Face descriptois employed to capture 2D information from
multiple SA imagesthusextracting highlevel spatiakexturaldescriptionsNext, aConv+LSTM
network exploits theangular dynamicdy learning fom the spatial descriptiongpreviously
extracted dr slightly different viewpoints. Hencéhe proposed doublgeep VGG #ConvLSTM
combinationcan be verypowerfulto jointly exploit the spaticangular information available in
light field imagesto boost face recognition performance.
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5.5.1  Architecture and Walkthrough
The proposedoubledeepVGG +ConvLSTM framework architecture is presentedrigures.9.

VGG-Face LSTM Angular
Spatial Extraction Extraction

| | LsTi Testing
’ Descriptions
d Softmax .
—/dentity
@_ Pre- SA Images Classification
—| Selection & > "
processing Scanning x
. | - %
O~ 25
| e [ S
LSTM Training
Descriptions
VGG N
. Offline
Trained Trainin
Model 9

Figure 5.9: Architecture of the proposed face recognition solution based on VGG +IG3FM
doubledeepdescripbr.

The proposedace recognition solution/framewotkased on doubldeep VGG + ComLSTM
descripor includes the following main modules:

1. Pre-processing:Matlab Light Field Toolbox v0.458] has been used to create the raultw
array of SA imagegSection2.4). Then,the face region is cropped in 8lA images, based on
the landmarks provided in tldatabaseand the croppe®A images are resized to 224x224
pixelsas this is the input size exgted by the VG&-ace descriptdi3g].

2. SA images selection and scannin@:his module successively scans a selecteesstibf the
SA images into a SA image pseuddeo sequence, agstribedn Sections.5.2

3. VGG-Face spatialdescription: Each selected SA image is fed into a-fyeened VGGFace
descriptor, trainedvith totally different content from the test material used in this Thasis
extract a spatiadescriptioncontaining 4096 elements, assdribedin Section5.4.2 Since a
pretrained model has been used, no additional leaffimieguning has been performed for
this specific purposes.

4. LSTM angular description: The extracted spatial deegescriptionsare passed to a LSTM
networkcomposed bgonventional LSTM (ComLSTM) cells with peephole connectigrie
learn angular dependencies across the selected SA viewpoints and then exinattideep
descriptiondor classification, as éscribedn Section5.5.3

5. Offline training: The set ofloubledeep descriptionutputs from the LSTM gatesxtracted
from the training samplesighlightedby red in Figure 5.9Figure 5.6, is used as input to a
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softmax classifieto createa classification modelThe set of training description outputse
denoted by aed in Figure5.9 to bedistinguished from the testindescription outputsThe
training data should be selected based on the test protocol considered.

6. Classification: The set ofloubledeep descriir outputs from the LSTNjatesextracted from
testing sampleis used as input tthe previously trainedoftmax classifieto be compared to
the classification modelThen, the average of the classification probabilities across the
rendered SA images, selected from the lighidfimage, is used to predict the most probable
label andthus the final output, asekcribedn Section5.5.4

5.5.2  SA Images Selectionand Scanning

The preprocessednulti-view SA arraycontains 15x15 rendered 2D SA images. A representative
subset of SA images is selected for proceskintheVGG-Facedescriptoy andthen scanneds
apseudevideosequenceso that their angular dynamics can be ledmgheconventionaLSTM
network. Different methods can be considered to seledtscan the sequencerepresentative

SA images notably varying in their number, position and scanning orteis again worth
mentioning thatsince the LytrolLLUM lenskt cameramicrolens shape is hexagontie SA
imagepositiors highlighted in dark grey ifigure5.10 do not contain usable informatiotus
beingignoredin theselectionprocessTo consider different solutions in terms of number of views,
thus impacting complexity, and positioning, thogacting the amount of disparity, the following
SA images selection topologies have been defined:

1. High-density SA images selectianThis SA topology considers a rather large number of SA
images from the multview array, as illustrated iRigure5.10.a, where the selected SA images

are highlighted in red. To arrange the selected SA images into a sequence, two different

scanning orders are proposedoiv-major scanningwhich concatenates SA images one row
after another, from left to right, as illustratedRigure 5.10.b; and ii) snakelike scanning
which also progresses rewise, but the rows are alternatively scanned from left to right and
right to left, as illustrated ifigure5.10.c.

2. Max-disparity SA images selection This selection topology considers those SA images
corresponding to the multiiew array's borders, thus considering the SA images for which the
viewpoint changes the most and, thus, have the maximum disparity, as illustr&igdria
5.10.d. Some of the selected SA images may not be of the highest quality,taevignetting
effect.

3. Mid-density SA images selectianin this case, the selected SA images capture horizontal,
vertical, and both horizontal and vertical parallaxes. The SA images considered are: i) middle
row i seeFigure5.10.e; ii) middle columri seeFigure5.10.f; and iii) combination of middle
row and middle columii seeFigure 5.10.g. There are two possibleays to combine the
horizontal and vertical angular information for the topology in Figuge B scanning the
horizontal SA images followed by the vertical ones; or ii) processing each direction separately
and then applying scoflevel fusion, by addinghe LSTM softmax classifier outputs obtained
for the horizontal and vertical SA images, as illustratdeigure5.11. As it will be seen later,
the performances fohése two approaches may be rather different.
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4. Low-density SA images selectionExploiting spatieangular dynamics for a considerable
number of SA imagesnay not always be the best option, as this requires considerable
computational power and memory resourcédsisl a lowdensity sampling of the SA images
is also considered. Sineesults in[36] and[37] show a clear performance improvement for
l ight field based face recognition and pre:
increases, the central view SA image along with two SA images at maximum horizontal and
vertical disparities from theentral view are selected, as illustrate&igure5.10.h andFigure
5.10.i. Figure5.10.j shows the selection of both these horizontal and vertical SA images, for
which thetwo combination approa@sdescribed above may be applied.

5.5.3 LSTM Angular Description

The VGGFace descrigr only dea$ with spatial informatiorwithin a 2D imageHowever for a
multi-view array of rendered 2D SA images, it is possible to additionally exploiangalar
informationavailablein the light field irageto improvethe face recognition performance.

Recurrent neural networks (RNNan be used textract higher dimensional dependencies from
sequential datalhe RNN units calledcells hawe connectionsiot only between the subsequent
layers butalso ino themselvego keep information from previous input ffain a RNN theso-
calledbackpropagation through timalgorithmcan be usefiLl96]. Traditional RNNs can easily
learn shodterm dependencies; however, they have difficulties to learntlermy dynamics due to
the vanishing and exploding gradient problgy].

The Long ShorTerm Memory (LSTM) is a type NN addressing the vanishing and exploding
gradient problems by learning both lerend shorterm dependencigd91] [192]. LSTM has
recently achieved impressive results on many taagde learning tasks, such as speech recognition
[198], language translatida99], activity recognitiorj193], facial expression classificati¢h94],

and image captioning and video descriptift®5]. Therefore, LSTM based networks aneow
widely used in many cuttingdge applications, notably Google Translate, Facebook06iri
Amazon's Alexa.

A LSTM network is composed aklls whoseoutputs evole through the network based on past
memory contentSince the introduction of LSTM in 89 [191], the conventional LSTM (Corv
LSTM) with peephole connections has been the most commonly used cell architecture for visual
analysis taskfl95]. Figure5.12 illustrates the architecture of a Ceh8TM cell with peephole
connectionswhich are connections from the previous cell state to the gates, denoted by a dash
line inFigure5.12. Thecellshave a commoaoell state, which keeps lorigrm dependencies along

the entire LSTM cells chain, controlled by two gates, thealedinput andforget gates, thus
allowing the network to decide when to forget the previous state or update the current state given
new information. Theutput of each celhiddenstate, iscontrolled by aroutputgate, allowing

the cell to compute its output given the updated cell state.
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Figure 5.12: Architecture of a Cor.STM cell with peephole connectiof®dicated by a
dashed line)

A Conv+LSTM cellcan be mathematically formulated as follows:

For adescriptorsampleS, belonging to a@escriptorsequence, derived from an image of the multi
view sequence, the output of the input gdteis computed as in Equatidnl2 based on the
sample value, the previous hidden stateand the previous cell sta@e: (for thepeephole LSTM
cell architecture):

0 , Y Q 0 @ (5.12

wherew is the input gate weight atis the input gate biagach gate is controlled by a sigmoid
activation functiongdefining the output of the gatasformulatedby Equation5.13 bounding its
output to a [0,1] range:
. O p Q (5.13)
Equation 6.14) creates a vector of new cell state candidate vatugeshat may be added to the
cell state later:
6 0@l Y Q 6 @ (5.14

where® is the vector of new candidate values weights @nis the vector of new candidate
values biasesThe hyperbolic tangent activation functioin,d3@is usedto creae the vector of

candidate value®, , and is defined as:
0Wlw ¢, Cw p (5.19

The output of the forget gat&;, is defined as in Equatidh16 and defines what information
should be removed from the cell state:
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O , o Y 1Q 0 A (5.16)

wherew is the forget gate weight amd is the forget gate bias.

Then, based oh, Fi, and0 , the previous cell stat€;.1, is updated to obtai@; as follows:
6 06 0 6 (5.17)

where denotes the vector elementse productAs the output values fdr andF; lie in the range
[0,1], the LSTM selectively learns to consider or forget the current input and the previous state.

The current cell stateli, can then be used for predicting tbeur r e n't cel Ilhds hi
according to Equations.18and5.19 thus allowing the LSTM to learn how much from the cell
memory should be included into the hidden state.

0 , o Y Q 6§ @ (5.189

Q 0 OAISE (5.19
wherew is the output gate weight abg is the output gate bias. The hidden sthtds the cell
output for thedescriptorsampleS which is passed as input to the next LSTM cell in the LSTM
network architecture, which is composed of LSTM cells sequentially connected togasher.
shown inFigure5.9, theadopted LSTM network includes o@®nw+LSTM cell per each selected
SA image in thepseudevideo sequenceBased on the selected scanning ortlex,deepspatial
descriptionextracedfromthe SA images arepassed tohe correspondingSTM cell. The output

of each LSTM cell, corresponding to its hidddats, describeshe shorterm and longerm
angular dependenciespturedso far.

The LSTMnetworkhas been trained withe MSE loss functiorand batch normalizatidi200] is
used tocontrol the distributions of feedforwargtworkactivations The model obtained from the
LSTM learning process can then be useddescriptorextraction during testingApplying the
above structure ta SA imaggyseudevideo sequencéand not a sequence of images along time)
enablegshe LSTM to learn longshortterm angular dynamice&hen usinglight field images for
face recognion; it offersa novel approagmever tried beforéor any visual recognition task.

LSTM has a number of hypgrarameterdor network trainingwhose optimization is omajor
importance for the final recognition performanoetably

1 LSTM hidden layer size: This hyperparameter controls the size of the hidden layer in the
LSTM units, which is also the size of eac
requires seimg fewer parameters, but it may lead to underfitting. A larger hidden layer size
gives the network more capacity for convergence, while increasing the required training time.
However, a too large hidden layer size may result in overfitting, thus hightighite
importance of appropriately adjusting the hidden layer size.

1 Batch size The input data can be divided into a number of batches, each used for one round
of network weights update. There are twainadvantages of training a deep learning network
usng batches instead of the whole input data at once: i) decreasing the computational
complexity, increasing the parallelization ability and needing less memory; and ii) performing
a better training with stronger generalization ability as the network capedrom local
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minima[201] [202]. Nevertheless, it should be noted thdtigh number of batches, i.e., small
batchesmay lead tdess accurate gradieestimaton during thetraininglearningprocess.

1 Number of training epochs One epoch is a fuliorward-backward pass dll training
sampleshrough the network. Each epoch may consider a number of iterations, in case the
whole data is divided into batchd$he number of epochs should be seddah such a way that
it guarantees network convergence within a reasonable training time.

The impact of the hypgrarameter settings on face recognition performance will be evaluated in
the experiments reported $ection6.5.

554 Softmax Classification

The output (hidden state) of eaClon+LSTM cell is used as input to a softmax classifier and
includes: i) the shoriterm dependencies, corresponding to the recesiblserved viewpoint
changes; and ii) lonterm dependencies corresponding to the all viewpoint changes observed so
far, is used as input to a softmax classifier. Then, the average of the classification probabilities
across the rendered SA images, seleateah the light field image under consideration, predicts

the most probable label antdhus the final output. The averaging mechanism, which has been
widely used in the literature in the context of spatimporal frameworks for visual recognition
tasks[195], considers all LSTM hidden states, thus exploiting both the full $bort and long

term angular dependencies; this approach offers a comprehensive angular description for visual
recognition. The alternative mechanism olyaumsing the output of the last LSTM c§ll94], thus
considering longerm dependencies and shtetm dependency corresponding to only the last
LSTM cell, ignoring the other hidden states, may not exploit the full angulandepeies, thus
offering a slightly lower performance than the former mechanism.

5.6 Face Recognition Based on VGG + Light Field LSTMDouble-Deep
Descriptors

As discussed above, a conventioh&TM network can be used to learn the available angular
information from the multiple viewpoints included in a light field image to provide richer
descriptions for visual analysis tasks. In order to capture both the horizontal and vertical angular
information, one possibility is to scan the horizontal SA insdgkowed bythe vertical ones, thus
creating a singlaedescriptorssequence to be used as LSTM input, as this can represent the
viewpoint changes along different directions. However, this sequelaalriptorconcatenation
implies a viewpointdescriptordiscontinuitywhen moving from the last horizontal SA image
position to the first vertical one, which may lead to a degraded learning performance. Additionally,
dealing with angular information as a single pseuidi@o sequence ignores the additional angular
information/dependencies, such as parallax, that could be further exploited during the
traininglearning process to increase recognition accuracy.

This Thesis also proposéisree light field LSTM cell architectureshich have been integrated
(naturally, one at a tig) in adoubledeeplearning framework for face recognition, whose inputs
come from a VGG&-ace descriptor applied to the set of horizontal and verticaRla@A images
sequences derived from a light field image.
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5.6.1  Architecture and Walkthrough

This Thesis proposes three novel light field LSTM cell architectures able to jatiylight field
horizontal and vertical dynamics anthus providing highly discriminative doubledeep
descriptions fospaticangular based faagecognition tasksThedifferences between VGG +
light field LSTM frameworkrepresented ifFigure 5.13 and the VGG+ conventional LSTM
framework presented in SectioB.5.1 (seeFigure 5.9), are twofold: i) the ComL.STM cel
architecture in the basic framework is replaced by the new light field LSTM cell architectures
proposechere andii) in the VGG + conventional LSTM learning framewaqr#ifferent methods
to select the sequence of representative SA images were consietady varying in their
number, position and scanning ordehereas in the presestlutiononly the middle row and the
middle column SA images are considered, astheyepresent the essential light field information
coming from multiple directionsThe proposed/GG + light field LSTM learning framework
architecture adopting theproposed light field LSTMcell architecturess represented ifrigure
5.13.
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Figure 5.13: Architecture of the proposed face recognition solution based on VGG + Light Field

LSTM doubledeepdescripbrs.
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The proposedhce recognition solution/framewobased on doubldeep VGG +ight field LSTM
descriporsincludes the following main modules:

1.

Pre-processing Matlab Light Field Toolbox v0.458] has been used to create the rulew
array of SA imageéSection2.4). Then,the face region is cropped in 8lA images, based on
the landmarks provided in the dataheamed the croppe®A images are resized to 224x224
pixelsas this is the input size exgted by the VGG-ace descriptdi3g].

Horizontal and vertical SA image selection This module independently scans the middle
row and the middle column SA images into two SA inggeeudevideo sequences, each
including fifteen SA imagegfor the used Lytro ILLUMIenslet camera) These images
represent viewpoint changes along the hotiaband vertical directions, thus expecting to
capture light field information coming from multiple directions.

VGG-Face spatialdescription: Each selected SA image is fed to a \\G&ce descriptoto
extract descriptions with a fixed length of 4081l8mentgseeSection5.4.2. This work uses

the availableVGG-Face model, with no additional training performed at this stage. It should
be noted that the trairgnof the VGGFace modehasbeendone with totally different content
from the test material used in tfibesis

Light Field LSTM angular description: The extracted spatial descriptions are providea to
LSTM network includingone of thenewly proposed LSW™ cell architecturegsee Section
5.6.2, which jointly learn horizontal and vertical angular dependencies across the selected SA
viewpoints, extractingloubledeep spati@ngulardescriptionsfor classification. Naturally,

the number of LSTM cells in a LSTM network equals the number of samples in the input
sequence. It should be noted that the Se§IM cell architecture has been usedrigure
5.13for illustration purposes.

Offline training: The set ofloubledeep descriptionutputs from thdight filed LSTM gates,
extracted from training sampldsghlightedby redin Figure5.13Figure5.6, areused as input
to a softmax classifieto createa classification modelThe training data should be selected
based on the test protocol considered.

Softmax classification The set ofloubledeep descriptionutputs from thdight field LSTM
gates,extracted from testing sampleis, used as input tthe previously trainedsoftmax
classifierto be compared to the classification modgien, the average of the classification
probabilities across the rendered SA images, selected from the light field image, is used to
predict the most probable label anitius the final outputi more detailsabout softmax
classification stagevereprovidedin Section5.5.4

In summary, the adoption of the proposed light field LSTNM aehitectures in the context of a
doubledeepspaticangular based recognition framework can offer very powedobgnition
solutions, by exploiting both the spatial and combined horizontal and vertical angular information
available in light field imags, leading to a boost in face recognition performance.
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5.6.2 Light Field LSTM AngularDescriptors

This Thesisproposes three novel light field LSTM cell architectures able to joraknlight field
horizontal and vertical dynamics agnthus providing highly discriminativedoubledeep
descriptions for spatiangular based visual recognition tasks. The propasgttectures express
gatelevel fusion statelevel fusion and sequential learningschemes, aslescribed in the
following.

5.6.2.1 GateLevel Fusion LSTM Cell Architecture

The first proposed light field LSTM cedirchitecturecalledGateLevel Fusion LSTM (GLF

LSTM), adopts gjatelevel fusiorschemeseparately learningorizontal and vertical forget, input

and output gates and thenergingthdhor i zont al and vertical gate
gat esd out put FigurAsi4, thd Honezentalraadt vertical tges are respectively
computed based on tldescriptionsampledH; andVi, respectively extracted from the horizontal

and vertical multview descriptionsequences, the previous hidden statg and the previous cell

state Ci.1. Then, the fused gatase computed by adding the horizontal and vertical gates together.
The cell and hidden state outputs are controlled by the fused gates, thus providing a richer joint
information to learn light field angular dynamics.
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Figure 5.14: Architecture of a GLH.STM cell.

Given inputsHi, Vi, hi.;, andCi.1, the GLFLSTM cell architecture for view numbercan be
formulated as:

"0 , o O QO b A (5.20
©®0, 0 ® QO 6 &) (5.22)
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Where i) 'O'00"Q"06handOU are, respectively, theorizontal input gate, forget gate, candidate
values and output gate; i) "Ow "Ow dhandw U are, respectively, the vertical input gate, forget
gate, candidate values and output gate:dii), & , @ hand® are, respectivg, the
horizontal input, forget, candidate values and output weightshiv) @ ,® hando are,
respectlvely, the vertical input, forget, candidate values and output Welgbls ¥ ,o hand
w are, respectively, theohizontal input, forget, candidate values and output bias; and vi)
® ,® hand® are, respectively, the vertical input, forget, candidate values and output bias.

The GLF-LSTM cell architecturgointly learrs light field horizontal and vertical dynamics the

form of fused gatesomposed by independent horizontal and vertical gates. The computation of
the horizontal and vertical input, forget, and output gates can be done in parallel, as the learning
ofo ,® ,® handw horizontal weights is independent from thatof , & ,® hand

w vertical weights. Although this independency incregseallelismand thus, mayreducethe
computational time, it implies that the verticaldahorizontal gates cannestablish a learning
interaction betweethemselvesvhen optimizing learning weighfer updating the cell sate

5.6.2.2 StateLevel Fusion LSTM Cell Architecture

The second proposed light field LSTM catfkchitecture calledStateLevel Fusion LSTM (SLF

LSTM), provides astatelevel fusionschemeseparately learning the horizontal and vertical cell

and hidden stateand then merging the horizontal and vertical states outputs to compute the fused
cell and hidden state outputs. As illegad inFigure5.15, the horizontal and vertical gates ,are
respectivelycomputed based on tlokescriptorsampledHi and Vi, the previous hidden stakes,

and the previous cell sta€ 1. Then, the horizontand vertical cell and hidden state outputs are
independently computed. The final cell and hidden state outputs are computed by adding the
horizontal and vertical state outputs together.
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Figure 5.15: Architecture of a SLEESTM cell.

Given inputsHi, Vi, hi.;, andCi.1, the SLFLSTM cell architecture for view numbercan be
formulated as:

"0, O 0 6 &) (5.34
06 0B@® O Q6 &) (5.39
"0 , » O QO 6 o (5.36
06 00D "0"0"08 (5.3
6,0 0O Q6 &) (5.39
0Q o0 OAT@A (5.39
W0, ® Q & &) (5.40
wd 0GR w Q b &) (5.47)
©Wo ,»m ® 0O b AN (5.42
w6 ©"0wd 0 "0wo (5.43
wl , 0 w Q 6 ) (5.44
WwQ wi OATwk (5.45

0 00 wo (5.49
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Q 00 WwQ (5.47

where06 andw 0 are, respectively, the horizontal and vertical cell statesS@Rdnd WQ are,
respectively, the horizontal and vertical hidden states (other variables were defined in Section
5.6.2.).

The S F-LSTM cell architecturejointly learrs light field horizontal and vertical dynamicis the

form of fused stategomposed by independent horizontal and vertical states. The parallelism
capability of $F-LSTM is the same a&6LF-LSTM, as all the horizontal and vertical learning
weights are indegndently computed. TheL6-LSTM architecture implies not only that vertical
and horizontal gates cannestablish a learning interaction betwedemselvesbut the fused
horizontal and verticagatescannot do sevhen optimizing learning weights for upaheg the cell

and hidderstaes either, which may decrease the learning efficiency.

5.6.2.3  Sequential Learning LSTMCell Architecture

Thelast proposed light field cedirchitecture performsequential learningSeqL)by modeling in
sequence the angular dynamassilable in the horizontal and vertical parallaxes. As illustrated in
Figure5.16, the propose®eql-LSTM cell architecture updates first the cell state ubmgzontal
information, thus creating an updated cell state expressing all previous horizontal and vertical
viewpoint changes observed so far, as well as the horizontal changes observed in the current
viewpoint. Then the cell state is again updated usamgical information. Unlike the previous
proposals, n this approach, the cell statenot updated based anfusion scheme. In this cell
architecture, the horizontal and vertical hidden states are independently computed based on the
sequentially learnedell states and only then combined to compute the final cell output, i.e. the
hidden state.
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Figure 5.16: Architecture of a SeqlLSTM cell.
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Given inputsHi, Vi, hi.1, andCi.1, the SeqkLSTM cell architecture for view numbercan be
formulated as:

"0, 0O O b A (5.48
M0 , o O QO &b @ (5.49
06 0@@L O Q 6 ) (5.50
‘06 006 "0"0 "06 (5.51)
W0, 0 ® Q & A (5.52
0,0 ® Q 6 A (5.53
wd 0BR® w Q 6 A (5.54
6 w006 WOwd (5.59
6,0 0O Q6 A (5.56
wl , 0 o Q 6 @ (5.57)
wQ 00 OAI6E (5.59
0Q ol OAISE (5.59
N 00 W (5.60

Thevariables above have been defined in Sestio®.2.1and5.6.2.2

The Seql-LSTM cell architecture establishes a learning interaction between horizontal and
vertical input, forget and candidate value weights when updating theatellvéhich isexpected

to provide a better learning andhus a better angular description than SLETM and GLF-

LSTM cell architectures. Indeed, the vertical weights are optimized considering the fabethat
horizontal information for the current inpbasalreadybeenobserved, and thuge horizontal
weights fo updating the celltate are already optimized, which is not the caseherther two
proposed light field LSTM celarchitecturesHowever,the expected superior performance of
Seql-LSTM cell architectur&eomeswith the cost of reducingarallelism abity, as updating the
Seql-LSTM cell state must be done in sequence

5.7 Summary of the Proposed Face/Ear Recognition Solutions

Table5.2 summarizeghe main charactetics ofthe face/ear recognitiosolutions proposed in
this chaptersorted (from low to high) based on tlewel of performancerovided, as it will be
shown in Chapter 6This table includes information about themmetric modalities considered,
the levels of the taxonomy proposed in Section 3.2.3clssifies used and théght field
capabiliiesexploted.
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Table 5.2: Overview oftherecognition solutionpropo®d in this Thesis

Proposed |Biometric| Face |Feature Feature Feature o Light Field
Solution | Modality |Structure | Support Extraction Extraction Classifier Capability
Approach | Sub-Approach
LFLBP Face/Ea Global | Local |HandCrafted Texture SVM | Disparityexploitation
LFHG Face/Ea Global | Local |HandCrafted Texture SVM | Disparity exploitation
VGG-D? Face Global | Global | Learning |Deep Neural Nef SVM Disparity explqlta_tlon
Depth exploitation
VGG + . . . o
ConvLSTM Face Global | Global | Learning |Deep Neural Nef Softmax | Disparity exploitation
VGG + . . . o
GLELSTM Face Global | Global | Learning |Deep Neural Nef Softmax | Disparity exploitation
VGG + . . . o
SLELSTM Face Global | Global | Learning |Deep Neural Nef Softmax | Disparity exploitation
VGG * Face Global | Global | Learning |Deep Neural Nef Softmax | Disparity exploitation

Seql-LSTM
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Chapter 6

Light Field Face and E
Perf or mance

6.1 Introduction

In this chapter, a extensive performance evaluatisreportedor the proposedight field face
and ear recognition solutions, as well as $ewveral benchmarkingolutions using common,
representativeperformanceevaluation framework for varied and challengindace an ear
recognition tasks

This Thesis proposetivo recognitionsolutions based ohandcrafted light field descriptors
LFLBP (Sectiorb.2) andLFHG (Sectiorb.3), which can be applied to the face and ear recognition
problems,descriing the disparity information available in light field imagasdthus exploiting

the angular variationsogether with the availablspatial information. Additionally, five deep
learning basedused deep/doubldeep descriptorbave been proposeidr face recognition
learring convolutional representations and angular dynamics from a liglt fmage To
successfully apply the proposed deep learning solutions for ear recognition a larger light field
dataset would be necessary for fin@ing the considered neural networks.

In order to analyzehe sensitivity of the proposedce recognitiorsolutions to the available
training datadifferent evaluation protocolwith practical meaningfulnedsave been proposed
offering different tradeoffs in terms of initial setting complexity and later recognition
performance.Concerning ear recognition, the performancehefproposedolutionsis evaluated

based ora crosssessiorscenario ST-EURECOM LLFEDBhas been captured iwo separate
acquisition sessiohgrainingthe classifier using the ear images captured initsiesessiorwhile

testing with the secondcquisitionsessiob s | ma g e . |t s theopuopadeccre n o
recognition databas#oes noincludemany variationgit only includesfour images cropped from

right and left half and full profildaceimage$, thus more complex evaluation protocate not
consideredor ear recognition



92

6.2 Performance AssessmerfErameworks

This section presentbe frameworks considered for evaluating the performance of the proposed
face(Section6.2.1) and ealSection6.2.2 recognitionsolutions

6.2.1  Face RecognitionPerformance Assessmerferamework

Thetest materiglevaluation protocols and metritsassess the performance of the proposed face
recognition solubnsand other relevant recognitisolutionsused for benchmarkirgye described
in the following

6.2.1.1 Face Recognition Tedtaterial

A comprehensive set of experiments using a common, representative evaluation framework has
been conducted with th&T-EURECOMLLFFD face databaséresented irbection4.2), for

varied and challenging recognition tasks.the experimentsall the images from the IST
EURECOMLLFFD are used to assess the performance of the proposed face recognitionssolution
and other relevant recognition methods used for benchmarking.

6.2.1.2 Face RecognitiorEvaluation Protocols

To analyse the sensitivity of the propos$ack recognition solutior® the available training data,
both in terms of number of training samples and facial variatibnse¢valuation protocols with
practical meaningfulness are proposed. The protocoldediredas follows:

1 Protocol 1 The training set contains onlyehneutral light field images from the first
acquisition session (1 image per subject), while the validation set includes left and right half
profile images from the same acquisition session (2 images per subject), thus corresponding to
a low-complexity enmlment andiraining scenario; the testing set includes all the light field
images from the second acquisition sessi@nllustrated ifrigure6.1-a. This'single taining
image per persdrprotocol is the simplest protocol considered, but it is the most challenging
in terms of recognition performance.

1 Protocol 2: The training set contains the neutpals theleft and rightfull-profile light field
images from thdirst acquisition sessiorB(images per subject), whilehe testing set includes
all the light field images from the second acquisition sess®illustrated ifrigure6.1-b. The
validation study igs omittedfor this protocol, as the training setnist very differentfrom
protocol 1. This protocol assumes rather simple and quick enrolment phabes
corresponding to a lowomplexity enrolment andtraining scenarioand is slightly less
challenging than the firgirotocolin terms of recognition performance.

1 Protocol 3: The training set contains all twenty database face variations captured during the
first acquisition session, while the validation and tgssiats each consider half of the second
session imagesas illustrated inFigure 6.1-c, thus corresponding to a highesmplexity
enrolment andraining scenario. This scenario is less challenging in terms of recognition
performance as the system learns more in the traiiagep

The firstand secongrotocos (Protocol 1 and Protocol 2) correspond to @plication scenario
where each person registerzollsinto the system by quickly takirgst one othreephotos in a
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controlled setup, similar to the famous police station paradigm. Testing is done by considering all
facial variations captured in the second acquisition session, assuming that the recognition should
be robust to redlfe conditions where the facenages & be used for recognitiomay have
captured in less constrained conditions, notably including fagm@kssionsr be partly occluded,

for instanceWith these protocojghe recognition system has not been exposed/traiitbanany

of the facial variatias with which it will be tested.

The third protocol Protocol 3) assumes a more complex acquisition phase, considering more
training images, under the assumption that the increased complexity will result in a better trained
and thus more knowledgeable nebdwhich should offer a better recognition performance. This
protocoldivides the available database material into disjoint training (50%), validation (25%), and
testing (25%) sets where the first session images are all used for tramitigs case, th
recognition system has been initially exposed/trained to more facial variations, increasing the
initial complexity to get a betteteep modeland thusachieve a betterecognition performance.
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Figure 6.1. IST-EURECOM LFFD (norcropped) database division into training, validation and
testing sets fofa) Protocoll; (b) Protocol2; and(c) Protocol3.
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Thethreeprotocols correspond tmoperative user scenariosffering different tradeffs in terms

of theinitial enrolmentand trainingcomplexityversus the expectedcognition performance. The

first and secongbrotocos have multiple practical applications, such as in access control systems,
where the users can be registéeadolledinto the system by quickly taking a mugshot, including

a frontalview and sideview photos in a controlled setup. Then, the goal is to recognize a person
from image captured at a different timend possiblyin nonideal conditions, e.g. exhibiting
unpredctable facial variations. Third protocol corresponds to a very cooperative user scenario
for usage inapplicationswith increased security requirements, where the users are willing to
cooperate during the registration phase, simulating differenalfaariations, over a range of
expressions, actions, poses, illuminations, and occlusions, to capture as much variations as possible
during the enrollment phase so tha¢ proposed systesan moreeffectively recognizeusers
during the daily operation dhe system.

For all protocols, the training set is used to obtaindlassificationmodel weights, the validation

set is used to tune the training model hyparametersn case of deep learning based solutions,

and the testing set is used for the sysfgerformance assessment. By considering a ol
classification task (face recognition), at least one image from each subject (classes) with whom the
system will be validated/tested must be available during the training stage. If a new subject is to
be recognized, the database has to be extended with corresponding images and the classificatior
model has to be f#ained (finetuned), as the new subject istarseerabel in the previous model.

As the performance of tlassificatiormodel beingrained depends on a set of hyjparameters,

a disjoint set of validation samples are used to select the-pgpameter valuefeor deep learning

based solutioneading to the best performance.

6.2.1.3  Face RecognitiorPerformance Assessment Metrics

After perfaming classificationsimilarity scores between thestand all theenrolment samples
are sorted, thusverytest samplénas abestmatchwith one of theenrolmentsamples. Atest
samplehas rank if the correct matchas thek™ largest similarity scorevherek can vary between
1 and thenumberof samplesenroled in the databas&o evaluate the identification performance
of thefacerecognition solutions, theecognition Rate at rank(RR,) andCumulative Recognition
Rate at rank fCRR,) metricsare usedRR, can be calculated accordingEguation 6.1

Y'Y e (6.2
whereNn is the number ofamples that have ramk and|T| is the total number of test images
consideredCRR, canthenbe computed usingquation 6.2

5YY B Y'Y (6.2

6.2.1.4  Face recognitionBenchmarkingSolutions

The competing recognition solutions considered for benchmarking purposes are groupeal into t
categories:

1. Conventional 2D solutions naably PCA[ 6,3.BP[ 7,6HDPG[ 1 1la@dVGG-Face[38],
which areapplied to the central view 2D rendered SA images;
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2. Light field solutions, which fully use the light field data, notaliy}y BP [120], fusing features
extracted from the central view 2D rendered SA imagh a disparity map computed from
the light field, andIPCA[153], adopted for the first time for light field based face recognition
in this Thesis.

A summaryof the characteristics of each considered benchmarking soldtdowing the
taxonomy illustrated ifrigure3.3, is available inTable6.1 for ease of referenc&he central view

2D rendered SA images and thd fight field images are used to test treight field based 2D

and the light field based solutions, respectively. All tested face recognition solutions are re
implemented by the author of this Thesis and performance results were obtained considering th
best parameter settings reported in the relevant original papers.

Table 6.1: Overview of the face recognition benchmarking solutions.

Feature

. Feature : Feature Extraction
Solution Name | Type |Face Structure Support ixtractlon Sub-Approach
pproach
PCA[65] 2D Global Global | Appearance Linear
VGG Face[38] 2D Global Global Learning | DeepNeural Network
LBP [76] 2D Global Local |HandCrafted Texture
HOG[119] 2D Global Local |HandCrafted Texture
MPCA [153] LF Global Global | Appearance Multi-Linear
DLBP [120] LF Global Local |HandCrafted Texture

6.2.2  Ear RecognitionPerformance Assessmerferamework

To be able to test the proposed light field ear recognition solution only the proj®ked
EURECOM LLFEDBdatabasésee Sectiod.3) is available. Th database has beproposedn
this Thesis and madgublicly available to facilitate testing, validating ancbomparson oflight
field ear recognitionsolutions This sedbn presents the&xperimentalassessmensetup the
benchmarkingear recognition solutions, amke obtaineaar recognitiorperformanceesults and
analysisof thetwo proposed ear recognition and the benchmarkaigtions

6.2.2.1 Ear Recognition TesMaterial

A comprehensive set of experiments using a common, representative evaluation framework has
been conducted with theovel IST-EURECOM LLFEDBface databasén the experimentsall

the images from thiST-EURECOM LLFEDBare used to assess the performance of the proposed
earrecognition and other relevant recognitemiutionsused for benchmarking.

6.2.2.2  Ear RecognitionEvaluation Protocoland Metrics

This Thesis proposes an ear recognition evaluation protocol basentasssessiorscenarioThe
trainingphaseuses thdour earimagesper useof the IST-EURECOM LLFEDBfirst acquisition

session applying the proposetight field descriptors, whose outpugse then used totrain a
classifierand createa classification modelThe testing phaseses the foulST-EURECOM

LLFEDB imagesfrom thesecondacquisitionsessionThetrainingand testing steps are repeated

using the second session images as enrolment data and the first session images as test data; tt
average results alhese two runs are reported.
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Similaly to face recognitionto evaluate the identification performance of tlested ear
recognition solutionghe RR, (Equation 6.1 andCRR, (Equation 6.2 metricsare used.

6.2.2.3  Ear RecognitionBenchmarkingSolutions

A set ofrepresentative and promising ear recognition solutions available in the literature were
selected for benchmarking purposdde selection includefandcrafted based solutions,
including Local Gabor(LG) descriptor{5], [203], [173], LBP [176], [177], [204], [205], [181],
LPQ and rotation invariant LP{®], [176], [206], HOG [5], [176], [174], POEM (Patterns of
OrientedEdgeMagnitude}[5], and BSIH5], [176]. The performance of the tested 2D recognition
solutions was evaluated considering the best parametegsetijported if5]. It should be noted
that apart from the solutionproposedin this Thesis, there is npublishedresearch activity
addressing earecognition using light field sensoas the time of the writing of the Thesihus

the benchmarking solutions do not contain any light field based ear recognition sodution.
summaryof the characteristics of each consideest benchmarking solutionfollowing the
taxonomy illustrated ifrigure3.3, is available inTable6.2 for ease of reference.

Table 6.2: Overview of the ear recognition benchmarking solutions.

Ear Feature Feature Feature Extraction
Ref. Extraction Feature Extractor
Structure | Support A Sub-Approach
pproach
[173] | Global | Local |HandCrafteg Texture LG
[176] | Global | Local |HandCrafteq Texture LBP; LBF;?F HOG;
Texture LPQ; BSIF; SIFT;
[5] Global | Local |HandCrafteg Frequency POEM: Gabor: HOG
[184] | Global | Local |HandCrafteq Texture GLCM;ﬁ:;SrZ; Gabor

The central view 2D rendered images and the midiv SA images arrayef thelST-EURECOM
LLFEDB are the input to theD benchmarking solutiorendthe proposedight field basedear
recognitionsolutions respectively.

6.3 LFLBP Descriptor Parameter Setting

The proposediight Field Local Binary Pattern (LFLBR)escriptothandcrafted descriptohasa
number of parameterathose optimization is of major importander the final recognition
performanceln this context parametesettingexperimens are performed to studye influence
of thekey parameteson thelight field based face recognitiqgperformance.

As discussed in Sectidn2.2 LFLBP has three parameters, includiiigthe radiusR, expressing
the Euclidean distance to the reference vigith a directrelaion with the observed disparityi)

the angleA, identifying the starting angle; and i), definng the number oA images to consider

in the descriptarThe experimental work starby analyzing the influence of the radius parameter,
R. Once the optimal value & is fixed, the impact of considering a different numbers of angular
views (N) and of he starting angleX) parameterss investigated.
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6.3.1  LFLBP Descriptor Parameter Setting: View radius

As mentioned before, light field images allow the recognition technique to benefit from the
captured disparity, therefore the amount of disparity to consdée first aspect to Bnalysed

For this purpose, the value Ris increased from 3 up to 7, wi¥45° and\=4. TheCRR values

for the emotion, action and occlusio@cognition tasks corresponding to #&T-EURECOM

LFFD database dimensioree illustratedn Figuree2. Theresults show a clear increase on the
recognition rate as the disparity increases. By considering a larger radnesglistinctive angular
information is captured by the proposed LFALBP descriptor, and therefore the matching accuracy
between the test amhrolment samples considerably improved.
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Figure 6.2: CRR versusk for LFALBPRras 4.

6.3.2  LFLBP Descriptor Parameter Setting: Number of Viewsand Starting Angle

After finding the optimal value dR, the second set of experiments aims to select the ideal starting
angle A) and number of angular viewll)(to use Table6.3 showsRR andCRR; (in percentage)

for the proposedecognition system based asing theLFLBP descriptowith three different
parameter settings féxand N. Table6.3 shows results foN values of 4 and 8. Results show that
considering 4 views allows to capture the essential angular variations, leading to the best
recognition performance. Concerning parametethere is no significant difference between the
results obtained when using 0° or 45hus,0° and 4 are selected as final valuestf@A andN
parameters.

Table 6.3: RR. andCRR for LFLBP for different values oA andN (best results in bold)

Recognition Tasks

Method Emotion Action Occlusion Average
RR |[CRR| RR [CRR| RR |[CRR| RR | CRR
v & " Ra hhd 97 98 | 935 | 97 86 | 96.5 | 92.1 | 97.1
, &" P& i m | 966 | 97.3 | 93 97 | 865 | 965 | 92 | 96.9
» & PE Rk 86.3 | 94.3 | 845 95 80.5 91 83.7 | 93.4
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6.4 Light Field Histogram of Disparity Gradients Descriptor Parameters

The proposed.FHG descriptor presentedn Section5.3.2 targets toexploit the light field
variations, both irterms of position and direction. Uises the central SA image to compute the
HOG descriptor, and foulBA images, referred to by their position in the SA multw array by

(ul, v1), (U2, v2), (U3, v3) and (14, v4), to compute th€ FHDG descriptorResults irSection6.3.1
showa clear performance improvement for light field based face recognition &\thema g e s 0
disparity increasesThus, it is proposed here that tB& imagesselected for computing the
disparity gradients arat maximum distance from the central viewe., u1=15, vi=8, ux=1, v»=8,

us=8, v3=15, us=8, vs=1, be selected for computing thEHDG descriptor

6.5 LSTM Hyper -Parameter Setting

The proposed recogniticsolutions using deep learning models combine the usage ot RE6&
descriptorand LSTM.The LSTM network haga number of parametevehose optimization is of
major importancefor the final recognition performance; this is not the case for \FaGe
descripto asthe pretrained VGGFace model can be directly use to extract descriptions from 2D
face imagegor face recognitionThis sectiorevaluaesthe impact otheLSTM hyperparametes
setting, notably analyzinthe influence of the.STM hidden layer sizethe batchsize andthe
number of epochs toconsider fometwork convergencd hen theimpactof the various proposed
SA image selectiotopologies and scannimgethod is evaluated in terms oécognitionaccuracy.
The optimakecognition frameworkonfigurationwill be used tdest the proposed solutiohased
on combination of VGG-ace descriptor witthe conventional anthe proposedight field LSTM
architecturesin the following subsectionsSTM hyperparametersare evaluated considering
protocols 1 and 3given the similarities betwegarotocos 1 and 2

6.5.1 Hyper-Parameter Evaluation: Hidden Layer Size

Thestudy of recognition performance sensitivity to the siizine LSTMhidden layers iseported

first. Figure6.3 illustratestherecognitionperformance atank 1, RR,, for hidden layesizesof 32,

64, 128, 256, and 51far Protocol 1 Figure6.3-a) and Protocad (Figure 6.3-b) validation set,

after training withall the considered SA image se&ltion methods. Tlse results are reported
considering a batch size of 34 and 667 (1/3 of the input data), respectively for protocol3, 1 and
and50 epochsThese values were selected after some initial experimentation, which showed the
suitability of these values for networikitialization.

The results show a clear improvement on the recognition performance as the hidden layer size is
increased up to 256. The recognition accuracy is not further increased by considering larger LSTM
hidden layer sizes, even gradually decreasing for a size2ofThils may be due to overfitting and
shows that LSTM tends to converge to a complex model that is not well captured using a too small
hidden layer size.
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Hyper-Parameter Evaluation: Batch Size

In theory, the batch size should be adjusted to haee@rrate gradier@stimaion while avoiding
overfitting. Figures. illustratesthe recognition performance for protocols 1 &nalidation sets,

when considering between 2 and 6 batches, resulting in batch sizes of 50, 34, 25, 20 and 17 for
Protocol 1, and 1000, 667, 500, 400 and 333 for Prot&cBesults are reported for 50 epochs,

after setting the hidden layer size to 25@, blest size obtained in Sectiob.1
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Figure 6.4: Rank-1 recognition resultsersusthe batchsize considering all proposed SA image
selection methods fo(a) Protocol 1and (b) Protoca.

The results presented kigureess show that using three batches, i.e., batch sizes of 34 and 667,
respectively for protocols 1 an8, allows a good gradient estimation, leading to the best
recognition performance for almodt eases. It should be noted that since the LSTM inputs are
VGG face descriptions, the input dimension is very small, i.e., 4096, thus justifying the better
performance obtained by the large batch size selected for Pr8tdtd also possible to observ

that middensity SA image selection methods are more robust to changes in the number of batches,
when compared to the other SA image selection methods.
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6.5.3  Hyper-Parameter Evaluation: Number of Training Epochs

The number of training epochwhich directy impactsthe required training timeshould be
minimized while guaranteeinghetwork convergenceFigure 6.5 shows the recognition
performancefor Protocol 1 Figure 6.5-a) and ProtocoB (Figure 6.5-b) validation set when
varying thenumber of training epochsafter training withall the considered SA image selection
methodsResults are reportday setting thénidden layesizeto 256andthe number obatcles to
3, based on the conclusions from the previous sections

The experimental results show that considedfigand 130training epochsrespectively for
protocols 1 and3, leads to a stable performance foalmost all the caseslhe recognition
performance remains almost const@mthigher number of epoch$he network converges much
faster in Protocol 1 as the validation data is smaller. Hdonckeep a good tradeff between
accuracy and training timendalso to keep the same framewadnfigurationfor both evaluation
protocols the number of training epockslecteds 130.
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Figure 6.5: Rank-1 recognition resultsersus number of training epochs considering all
proposed SA image selection methods fa) Protocol 1 and (b) Protocol 3.

6.5.4  SA Images Selection Evaluation

As discussed in Sectidn5.2 there are different options for selectingsA imagesubset to be
processdby theVGG-Facedescriptorandthen scanneds apseudevideo sequencaso that their
angular dynamics can be leathbythe LSTM network.

The results for the differel8A image selection methogsesentedh Figure6.5 show thatfor the
high density SA imageselectionstrategy the snakelike scaming offers superior performance
overtherow-major scaning, as it avoidghe significant viewpoint featumiscontinuiiesresulting
from moving from the rightmostSA image ina row to the lefmostSA image inthe next row.

It is also clear frontigure 6.5 thatthe mid-density SA image selecticsolutiors, capturing full
angular informationalong the horizontal and vertical directions, achie\wetter average
performancavhencompared to the higland lowdensity selection methoddmong the proposed
mid-density seletion alternatives, thescorelevel fusion of horizontal andvertical angular














































































































































































