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Abstract

Computer vision is a research axis that allows rm&shto recognize visual inputs to exploit them in
recognition tasks. In recent years, the quantitynedges and videos has increased enormously. The
exploitation of computer vision systems for anatgzihis amount of information becomes important to
extract relevant information. Computer vision systeare based primarily on machine learning (ML) and
deep learning (DL) approaches. With the increaghénamount of data and the availability of powkrfu
computing infrastructure, DL methods have seentgnéerest due to their superior performance ogdar
data volumes and their feature extraction capgliilithe context of unstructured data. These methate
used in different sub domains of computer visiorpéosform several tasks: classification, localizatio
detection, and segmentation.

In the context of this thesis, we are interestetthéndetection of two types of images, falsifieGges,
and computed tomography images by DL methods, g#lcby convolutional neural networks (CNN). In
this context, we have proposed several approaolakiress the various problems related to thecatjan
of DL techniques in the segmentation of these typesmages. The proposed approaches are based
primarily on encoder-decoder architectures, regedéion techniques, an adaptive loss function, and
transferred learning strategies. It is interestingt image-to-image methods are used to solve wario
problems related to high variance, over-fittingd asensitivity of DL networks to database change. In
addition, they make it possible to combine the ewial information obtained by the encoder and the
spatial information obtained by the decoder by aterating (adding) two inputs (one from the presiou
layer of the decoder and the other from the sympadtlayer of the encoder) this generates more sobu
and stable decisions to changing data. On the bidned, transferred learning and adaptive loss imct
techniques are used to solve the problem of oanieg on limited volumes of data.
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Résumé

La vision par ordinateur est un axe de recherchigogumet aux machines a reconnaitre les entrées
visuelles pour les exploiter dans des taches dmreissance. Dans ces derniéres années, la quidetité
images et des vidéos a énormément augmenté. Litagdo des systemes de vision par ordinateur pour
'analyse de cette quantité d’informations devienportante afin d’extraire de I'information pertimte.

Les systemes de vision par ordinateur sont basésigmalement sur les approches d’apprentissage
automatique (ML) et d'apprentissage profond (DLye& 'augmentation de la quantité de données et la
disponibilité de l'infrastructure de calcule puissdes méthodes DL ont connu un grand intéréaéon

de leur bonne performance sur les grands volumedatamées et leur capacité d’extraction de
caractéristique dans le cadre des données nonustres. Ces méthodes étaient exploitées dansetifér
sous domaines en vision par ordinateur pour eféecplusieurs taches : classification, localisation,
détection, et segmentation.

Dans le contexte de la présente thése, nous ntgweseons a la détection de deux types d'images, le
images falsifiées et les images tomographie panithodes DL, précisément par les réseaux de nesiron
convolutifs (CNN). Dans ce cadre, nous avons prédssieurs approches pour répondre aux différents
problemes liés a I'application des techniques DLsegmentation de ces types d’'images. Les approches
proposées sont basées essentiellement sur deseetatds d'encodeur décodeur, les techniques de
régularisation, une fonction de perte adaptatit/esestratégies d’apprentissage transféré. Ihéstessant
de noter que les méthodes image-to-image sordédsi afin de résoudre les différents problemeslias
variance éleveée, le sur-apprentissage, et la skdgsdes réseaux DL au changement de base de dsnné
En plus, elles permettent de combiner les inforomsti contextuelles obtenues par I'encodeur et
I'information spatiale obtenue par le décodeur ercencaténant (additionnant) deux entrées (uneade |
couche précédente du décodeur et I'autre de ldhemyamétrique du codeur) cela génére des décigioss
robustes et stables au changement de donnéesrdfmut, les technigues d’'apprentissage transtdeé e
fonction de perte adaptatives sont utilisés afirfdeudre le probléme de sur-apprentissage swlieses
limités de données.
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Résumé détaillé

Ce mémoire de thése s'intéresse aux visions perabedr. La vision par ordinateur est une branéhe d
l'intelligence artificielle. Il permet a un ordirair d'analyser, de traiter et de comprendre degaemd.es
systemes de vision sont exploités pour extraireimf@smations pertinentes a partir d'entrées vissel
(image ou vidéo) pour une utilisation dans d'aufieses de recommandation. La reconnaissancaettéée
visuelle par les humains nécessite moins d'effpets rapport aux systemes automatiques. Avec le
développement d'internet et des réseaux sociauguémtité d'images a rapidement augmenté. Par
conséguent, le traitement de cette quantité dhimditions par les étres humains devient impossihleils
ne peuvent pas traiter efficacement autant de dmni@es informations sont donc traitées automatiqné
a l'aide de systemes de vision par ordinateur.j&dbib de la vision par ordinateur est de dévelopmbes
méthodes de reproduction de systémes ayant uneigapguivalente a la vision humaine. Malgré les
efforts déployés, le domaine de la vision par atlior présente plusieurs défis liés a la comprébrens
limitée des systemes de vision biologique et asl@amplexités trés élevées par rapport aux machines
actuelles. Les systemes de prédiction de la visiont basés sur des algorithmes d'apprentissage
automatique (ML) et d'apprentissage profond (Dls)permettent d'analyser les entrées visuellesppar
un systeme d'acquisition. Ces algorithmes sontdsrsar des données pour produire des modélestae sor
Les modeles générés sont ensuite utilisés dammkeple prédiction. L'apprentissage profond (DLies
branche de l'apprentissage automatique baséesstédeaux de neurones artificiels (ANN). Ces réseau
ont été opérés en apprentissage supervisé et pervigé afin d'optimiser les codts de stockage etadcul
des réseaux DL classiques, plusieurs types d'aothies ont été proposées pour l'apprentissagevisdpe
(réseaux de neurones convolutifs (CNN), réseaumedeones récurrents (RNN), long- mémoire a court
terme (LSTM)) et non supervisés (auto-encodeurslém(SAE), réseaux de croyances profondes (DBN),
réseaux antagonistes génératifs GAN). Dans cettefmous nous intéressons aux CNN. Contrairement
aux méthodes ML classiques, les méthodes DL eteictplier les CNN sont plus adaptées aux données
complexes car elles integrent la phase d'extract®oaractéristiques dans le processus d'appiaygiss
Ces réseaux sont caractérisés par des couchesnd#ution et mise en commun par rapport aux réseaux
DL conventionnels. Ces couches introduisent dess lartiels pour réduire le nombre de paramétres et
renforcer le partage de caractéristiques communes.

Récemment, les réseaux de neurones convolutifétériargement exploités en vision par ordinateur
grace a leur stratégie de réduction des paranmgtteeka disponibilité de gros volumes de donnéeslDs,
I'évolution de la capacité de stockage et de cal@ricouragé la communauté de la vision par oelinat
proposer d'autres architectures plus profondegme@NN. En classification, les architectures pesEs
optimisent les couches de convolution classiquejéctif principal de cette variation est de rédue
nombre de parametres et d'ajouter des couchessupplaires qui améliorent la non-linéarité. Enciéia
et segmentation, I'objectif principal était d'adapes architectures proposées aux applicationpseéel.

En raison des progrés significatifs des architestu€NN, elles ont été exploitées dans plusieurs
applications du monde réel, telles que la clasgifio d'images, la détection et la localisatiohjdts, la
détection de falsification d'images, la reconnaisedaciale et le traitement d'images médicalessDa
détection de falsification d'image, nous I'avonni comme |'opération d'ajout, de suppressioouetie
modification de certaines régions ou caractéristgsignificatives d'une image sans traces disckrnab
Différentes méthodes ont été utilisées pour alténerimage : copie-déplacement, épissage, incoteren
d'éclairage, interpolation et transformations géoimées. Les CNN sont formés sur ces images pour
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résoudre différentes taches de détection d'imagle#fides : Classification, localisation, détectien
segmentation. En imagerie médicale, les images nisées ont plusieurs types tels que I'échograd, (

les rayons X, la tomodensitométrie (CT) et l'imageuar résonance (IRM), la tomographie par émission
de positrons (TEP) et les lames histologiques. CBEN sont formés sur ces images pour résoudre
différentes taches en imagerie médicale : clasgifin, localisation, détection et segmentation.

Les méthodes proposées dans cette thése s'intdr@s$e résolution de deux problemes par des
méthodes d'apprentissage profond. Le premier prablest lié a la détection des images médicales et e
particulier des images CT par les réseaux CNN. IDs, e deuxiéme probléme est lié a la détection de
falsification d'images par les réseaux CNN. Le drad introduit les notions théoriques liées alepe
Learning (DL). Il détaille I'origine et I'histoirdes réseaux de neurones ainsi que leur évolutimuite, il
présente l'architecture générale d'un réseau deomesi profonds et les techniques utilisées dans
l'apprentissage. Enfin, il illustre la configuratimle quelques architectures connues en apprergissag
supervisé et non supervisé. Le chapitre 2 se ctrecsur les réseaux de neurones convolutifs (CREhs
un premier temps, il présente les origines etVeld@pement de ce réseau. Ensuite, il présentbitacture
générale ainsi que les différentes techniqueséé$ dans l'apprentissage de ces réseaux. Emfiplidue
et compare les différentes architectures connudgpdeCNN en classification, détection et segméntat
Le chapitre 3 présente I'état de l'art lié a I'mpilon des CNN en vision par ordinateur, tels tpe
classification d'images, la détection et la lo@dlen d'objets, la segmentation sémantique, lactiéte
d'images falsifiées, la segmentation d'images rnaéliet la reconnaissance faciale. Le chapitré<iepte
les travaux liés a l'application des réseaux DLsdarmdomaine de l'imagerie médicale. Dans un premie
temps, il introduit un état de l'art sur les métmmgroposées dans ce contexte. Ensuite, ce chdisidie
la méthode de détection proposée. Enfin, une émqgrimentale est présentée avec les résultats
expérimentaux. Les chapitres 5 et 6 de cette thésgentent la deuxieéme et la troisiéme contribugjoin
visent & segmenter les images falsifiées, ce aegmiésente I'architecture proposée qui vise a setgn
les images manipulées en se basant sur un réseadeen-décodeur, et la deuxieme contribution vise a
résoudre le probleme lié au sur-ajustement. Notrednisons dans les deux chapitres des résultats
expérimentaux et des études comparatives ave@gesches de I'état de I'art. Chapitre 7 ; dandapitre
nous traitons en détail la troisiéme contributi@ncette thése qui consiste en la détection destiofs
pulmonaires dans les images médicales, et nougomaries résultats expérimentaux détaillés quiyeou
l'efficacité de notre méthode. A la fin de ce ch@pnous analysons les conclusions générales tie cet
contribution. Chapitre 8 Conclusion et perspecth@slernier chapitre conclut les travaux dévelofjss
cette thése et propose des orientations futuresl@eecherche en apprentissage profond.
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General Introduction

In this introduction we will present the contextafr study, namely deep learning methods. We will
focus on the domain of computer vision, which cibuigts the core of several automatic systems. We wi
be particularly interested in the segmentatioratsfified images and CT images by different deemiag
techniques. We will mainly expose our motivatiomeerning the optimization of convolutional neural
networks to solve the various problems relatedh¢osegmentation of these images. We will then noove
to a needs analysis justifying our contributiorotigh this thesis work.

Context

Computer vision is a branch of artificial intelligee. It allows a computer to analyze, process, and
understand images. Vision systems are exploitedtract relevant information from visual inputs ége
or video) for use in other recommendation tasksoBeition of visual input by humans requires Ieésre
compared to automatic systems. With the developwiettite internet and social networks, the quartity
images has rapidly increased. Therefore, the psowg®f this amount of information by human beings
becomes impossible, as they cannot efficiently ggecso much data. This information is therefore
processed automatically using computer vision systd he goal of computer vision is to develop mésho
for reproducing systems that have a capability \edent to human vision. Despite the efforts male, t
field of computer vision has several challengeategl to the limited understanding of biologicaliofis
systems and their very high complexities compacedurrent machines. Computer vision prediction
systems are based on machine learning (ML) and ldeeping (DL) algorithms. They make it possible to
analyze the visual inputs taken by an acquisitimiesn. These algorithms are trained on data toyzend
output models. The generated models are then ndéd prediction phase. Deep learning (DL) is abina
of machine learning based on artificial neural rets (ANN). These networks were operated in supetVi
and unsupervised learning in order to optimizedteeage and computational costs of conventional DL
networks, several types of architectures have pegposed for learning supervised (convolutionalraku
networks (CNN), recurrent neural networks (RNNhdeshort term memory (LSTM)) and unsupervised
(stacked auto encoders (SAE), deep belief netw@BHN), generative adversarial networks GAN). Irsthi
thesis, we are interested in CNNs. Unlike clasdidalmethods, DL methods and particularly CNNs are
more suitable for complex data because they integna feature extraction phase into the learninggss.
These networks are characterized by layers of datisn and pooling compared to conventional DL
networks. These layers introduce partial linkssiduce the number of parameters and reinforce tringh
of common characteristics.

Recently, convolutional neural networks have bedteky exploited in computer vision thanks to their
parameter reduction strategy and the availabilitiame volumes of data. In addition, the evolutmn
storage and computational capacity has encouragarbtmputer vision community to propose other deepe
CNN-like architectures. In classification, the ppspd architectures optimize classical convolutiyets.
The main purpose of this variation is to reducerntbmber of parameters and add additional layeits tha
improve nonlinearity. In detection and segmentatibe main goal was to adapt the proposed architest

to real-time applications. Due to the significardagress of CNN architectures, they have been expl@n



several real-world applications, such as imagesilaation, object detection and localization, iraag
forgery detection, facial recognition, and medio@hge processing.

In image forgery detection, we have defined it s aperation of adding, removing, and/or modifying
certain significant regions or features of an imag@out discernible traces. Different methods hbgen
used to tamper with an image: Copy-move, Splicinghting inconsistency, Interpolation, and geoneetri
transformations. CNNs are trained on these imageslve different tasks in detecting tampered irsage
classification, localization, detection, and segtagon.

In medical imaging, digitized images have seveypes$ such as ultrasound (US), X-ray, computed
tomography (CT) and resonance imaging (MRI), positemission tomography (PET), and histological
slides. CNNs are trained on these images to salffereht tasks in medical imaging: classification,

localization, detection, and segmentation.

The proposed methods in this thesis are interéstealving two problems by deep learning methodse T
first problem is related to the detection of mebligeages and in particular, CT images by CNN neksor
Moreover, the second problem is related to imaggeity detection by CNN networks.

Visual Perception

~

—_—>  CAT

Class CAT

_—
[o] 2] o] o] o]

Fig. 1. Image Recognition unlike human visual percepti@amguter vision.
Problem and Motivation:

Although great progress has been made in imagegsow, the problem of understanding images is
much more complex. Our goal is not just too sinpipwing what objects are in the picture; we want to
know more about the characteristics of the imageekample, image forgery detection, we aim to know
where the manipulated regions are and what is dnenmanipulated regions. In other words, we want to
partition the image into meaningful regions (mafaped, non-manipulated): pixels in the same region
share certain characteristics while adjacent regieme significantly different with respect to there
characteristics. This task is known as image setatien, one of the great challenges in the longphys
of computer vision. According to the separatiotecia, there are different types of segmentatiablems.
The most classic is semantic segmentation whersdparation criterion is the semantic meaning. Each
pixel is classified into a unigue class from acfgiredefined semantic classes as shown in Figurae®a
connected region with the same label representsaaipulated region" in the semantic segmentatisk ta
In this way, we know exactly where the manipulategions and the non-manipulated regions are in the



image as well as their explicit semantic contoArsmther type of image segmentation can also beddrm
accordingly. For example, foreground-backgroundnsagation aims to segment the most prominent
object in the image while instance segmentationesothe problem of segmenting multiple instancebef
same object in a scene. Segmentation in time-3pats an important area. For example, in objacking
and motion segmentation problems, pixels need wdssified not only based on spatial informatiout,
also over time.

Input Black{Claszel): Non-manipulated Cutput
White{Classe ) Manipulated

Fig. 2. Semantic Segmentation An illustration of the iméwgery detection task. The whole image is partiid into segments
based on semantic meaning. Each pixel in the insadassified into of the two semantic classesacdnnected region with the
same label represents a ‘manipulated-region’.

Despite the advantages of DL methods over ML mettaodi the success of CNNs in different fields, the
latter have several challenges related to ovengjtissues on limited data volumes, their requirdmén
terms of storage and computational capacity, amd dbnsiderable inference time in detection and
segmentation. It is interesting to note that desthie availability of WSDs and their advantage atad
collection, the number of available images remdiimited for DL type applications. In addition, the
annotation of these data and especially in segrientequires a considerable effort by the expérsce
the need for automatic methods to solve these @nubl Several efforts have been made in the stake of
art to adapt DL methods, CNNSs, to learning on kaivolumes of data:

» Transfer learning from pre-trained models to the ImageNet learning base:this
technique reduces the various problems relateddolearning, because only a subset of
layers is trained on the new task. In additions fimocess reduces the considerable time
required to learn DL methods.

» Data augmentation methodsthis technique makes it possible to generaterakireages
from a single original image, which makes it poksiio generate a considerable amount
of data and therefore reduces over-fitting problems

* Regularization methods Regularization methods such as L1 and L2 regdtdn,
dropout regularization, data augmentation, and ptera termination have been widely
exploited in DL applications. These techniques makpossible to reduce the large
variance between the performance on the trainimgvatidation data and therefore they
present a good tool for improving the generalizatibthe trained models.



Despite the efforts made, several issues remaarimantic segmentation, such as the choice of timalp
architecture for solving the task in question, theice of suitable hyper-parameters, the choicthef
appropriate model among several models recordddglthre iterative learning process, the reductibn o
intra-variability and inter-variability between tlecisions of different CNN-like architectures ahd link
between the ImageNet learning base and the othetihg bases either in the field of medical imageis
the field of detection of manipulated images.

Contributions and Outline

To answer the problem exposed above, we proposeghrthis thesis three contributions for the
semantic segmentation of images.

The first and the second contribution are inteckstehe problem of the detection of falsified irragin
these contributions we have exposed two works, fitee contribution; &ncoder-decoder based
convolutional neural networks for image forgery dattion » provides a novel method based on
convolutional neural networks for localization oanipulated regions; we also used the concept nfftea
learning to improve the learning performance ofroethod. The second contributienEfficient balanced
focal loss function for manipulated images detecti® addresses the problem of overfitting in the cdse
unbalanced classes; To solve this problem, we adeds function based on adaptive penalty factors t
overcome this problem. For each of the contribwiame presented an experimental study to evaluaie th
performance, show their robustness and their effixy.

The third contributioni« CovSeg-Unet: End-to-End method-based computetedidiecision support
system in lung covid-19 detection on CT imaggis to detect lung infections in medical imagespecially

in CT images. We have proposed a framework basedder-decoder convolutional neural networks. We
also introduced a new loss function to reduce tbk tariance problem of CNNs, which helps reduee th
learning problem on limited volumes of medical data

Organization of the thesis

The content of the thesis is organized into chagpsrfollows:

The first two chapters present the backgroundedltd DL methods, to the techniques used in tlgsish
The third chapter details the state of the arhinfields of application of DL methods, especiatijthe
processing of medical images and falsified imagée. fifth chapter presents the theoretical contidou
as well as the state of the art of the work reldatedur contributions. Finally, the last chapterieth
designates the body of this thesis presents abbxperimental contributions.

» Chapter 1 introduces the theoretical notions related to deaming (DL). It details the
origin and history of neural networks as well asitkvolution. Then, it presents the general
architecture of a deep neural network and the fgdes used in learning. Finally, it
illustrates the configuration of some known ardattitees in supervised and unsupervised
learning.

» Chapter 2 focuses on convolutional neural networks (CNNjstit presents the origins
and development of this network. Then, it introdutte general architecture as well as the



different techniques used in learning these netsudflnally, it explains and compares the
different known CNN-type architectures in classifion, detection, and segmentation.
Chapter 3 presents the state of the art related to the @djin of CNNs in computer
vision, such as image classification, object d#tactand localization, semantic
segmentation, detection of falsified images, segat&m of medical images, and facial
recognition.

Chapter 4 presents the work related to the application of mdtworks in the field of
medical imaging. First, it introduces a state of #rt on the methods proposed in this
context. Then, this chapter details the proposedhode of detection. Finally, an
experimental study is presented with the experialeasults

Chapter 5 and 60f this thesis presents the second and the thintfibation which aim to
segment the falsified images, this chapter presbatproposed architecture which aims to
segment the manipulated images based on an endededer network, and the second
contribution aims to solve the problem relatedveréitting. We introduce in both chapters
experimental results and comparative studies wétef-the-art approaches.

Chapter 7; in this chapter we treat in detail the third gdmttion of this thesis which
consists in the detection of pulmonary infectiongmedical images, and we show the
detailed experimental results which prove the ¢iffeness of our contribution. At the end
of this chapter, we analyze the general conclusibtisis contribution.

Chapter 8 Conclusion and Perspectives the last chapter edeslthe work developed in
this thesis and proposes future directions forakesein deep learning.



Chapter I: Introduction to artificial intelligence

Artificial intelligence (Al) is a discipline of coputer science that aims to create intelligent and
autonomous machines capable of making decisiorfsoutithuman intervention. The term Al was first
coined by John McCarthy at the Dartmouth Summee&e$ Project on Artificial Intelligence conference
a summer workshop held in 1956. The term "artifizigelligence" refers to machines and algorithons,
programs that allow a machine to simulate and gaid human cognitive abilities such as thinking,
planning, learning, and understanding to make aswsand solve problems. The Al concept is not riew;
dates to 1950 when Alan Turing invented the Turiest. Then the first Chatbot computer program
"ELIZA" was invented in the 1960s. Then the IBM quuiter "Deep Blue" was invented in 1977 that beat
the world champion in chess etc. In short, we @dimd classical Al as a hon-biological system thditibits
human-like forms of intelligence.

Al research has progressed faster in recent tinaass to the exponential evolution in the microetedcs
field; this evolution has given rise to severalkgbnes belonging to the Al field such as deeprie®
(DL). Deep learning is much more powerful than sleal algorithms; it is part of the statistical imeds
family based on deep neural networks and belongisetdarge Machine Learning (ML) methods family.
Thanks to the superior abilities of artificial naunetworks to learn complex behaviours from massiv
amounts of data, they are at the heart of the ng@an@ation wave.

In this chapter, a general machine learning ovenige presented. This includes the different types o
machine learning, deep learning, and different comepts of the neural network, the most well-known
architectures by detailing the problems that edd¢hem suffers with the proposed solutions.

Contents

1.1 Machine learning
1.1.1 Supervised Learning
1.1.2 Un-Supervised Learning
1.1.3 Reinforcement Learning

1.2 Introduction to Deep learning:
1.2.1 History and inspiration:
1.2.2 Perceptron
1.2.3 Learning based on Gradient descent
1.2.4 Improving-optimization method
1.2.5 Regularization techniques
1.2.6 Activation functions

1.3 Deep learning architectures

1.4 Conclusion

1.1 Machine Learning:

Machine learning is a branch of artificial intetligce that allows a machine to learn from a lardggme
of data. This very powerful technology is widelyedsin several fields requiring the extraction of



information from data such as search engines,fitdsimages detection, facial recognition, medical
assistance applications, self-driving cars, etavéleer, the main purpose of machine learning istwegate

a model to automate classification, regressiomaation, or clustering tasks. These learning sses are
categorized into supervised learning (classificatemd regression), unsupervised (associations and
clustering), and reinforcement learning.

Supervised learning is characterized by usingraileg database to train models that can prediaiéis@ed
output. This training dataset D = {x, y} is compds# inputs X and true outputs Y (In regressiortpati
values are continuous (see Figure 3A). In clasgifo, output values are discrete and called cks$bere
are several types of supervised learning algoritsoeh as Support Vector Machines (SVM), Nearest
Neighbors (KNN), Decision Trees (DT), Linear Regien (LR), etc. Unlike supervised learning which
aims to find an estimation function f: % Y that describes the relationship between thetinpace X and
the space of possible outputs Y. Unsupervised ileguonly takes input data X without possible outgata

Y (no variable to predict) d = {X} This learning process seeks to find a type otcttire based only on the
input data X, such as data points clustering. Harereinforcement learning is the fact that the etod
learns behavior from a series of observationsl#aat to a specific outcome.
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Fig. 3.lllustration of the two main categories of supegdisearning, regression (A) and classification (B)

1.1.1 Supervised learning:

Supervised learning focuses on predictive tasks dira to build a mapping function to acquire
information, have predictions, make decisions dldbmodels from related data. For example, a papula
application of supervised learning is image clasation, a dog or a cat. Here, an image (the dataant)
should be classified as a cat or a dog. Followegdiassic computer science approach, one coutd ari
designed algorithm that follows certain rules teide whether an image is a cat or a dog. Althougth s
an algorithm might logically work well for a whil@,has significant drawbacks. As when the charésttes
of the image change, it must be rewritten. Progransmmay attempt to reverse engineer the algoritioh a
design algorithms that work around it. And eveiit ucceeds, it cannot be easily applied to differe
images.

Supervised learning uses a different approachsmde model that can predict the outputs of rdldeda.
The model is learned by itself from the data indtefthe programming rules. The learning processksvo
if we have input data for which we know exactly witee exact associated prediction would have. ker t



same example, the expert as a cat or a dog ansdt@&énput image. A machine learning model can use
this data to train a model, a classifier, to prettie correct label for each piece of annotated.dat

We now propose a more formal definition, taken fi@®4]. We consider that X is the set of inputs ahd
the set of outputs or true labels, there is an anknprobability distribution on the sEtx Y, which we
will denote [ x;,y ;) with (x;,yi) € X X Y.

The supervised learning process aims to find tis¢ dngess function, or mapping functibn X — Y that
describes the relationship between an input spagedXan output space Y. i.e., from known valueX,of
we come to give a prediction of the values of Yegi a training set of input-output pairs (x,&/X x Y,
there is an unknown probability distribution on #et X x Y, which we will denotB(x,y) with (x,y) €
X x Y. However, we will denotg = f (x) predicted label, and we aim to estimate f suchitipovides
output predictions only on the input data of adaiiion set following the same distribution P. Wéd uée
aloss functio.(9,y): Y x Y — R+ which measures the variance between a predidbetldad g; truth
label as shown in the equation (1)

R(f) = [, L(Z, 2)p(x, 2)dxdz (1)

The objective of the learning process is to finel diptimal functiorf* of a class of functions F to minimize
the riskR(f*) (Equation 1). In practice, it is then necessargéfine a subspace &f x Y, which we will

call training set T, composed of N elements fiB{g, y). Thus, in this set, each xi is associated with an
outputy; forming N pairs. This set T makes it possible taimize the empirical riskR,,(f), which is
defined as follows:

[E(x,y)~Dl(f(x)' Y) (2)
Rn(f) = =TI L(F G, v2) (3)
f* = argminser{Rn ()} (4)

The minimization ofR,(f) is not sufficient to find an optimal value 6f, it will be necessary to add a
penalty factor(f) to reduce the variance without significantly iresiag its bias, this regularization factor
makes it possible to reduce the complexity of tloelah

fr=argmingep{Ry(f + ()} 5)
By formulatingr(f) as a prior orfi*, Bayesian learning gives a statistical explanabibthe regularization.
Several other practical methods and theories haga Hevoted to this problem (Bishop 2006).

1.1.2 Unsupervised Learning:
The previous section defined supervised learnirgchvis the most important subclass of machine
learning. In the latter, we have the elements ef dhtput space Y, making it possible to model the
supervision that we considered that we had anoosbor ground truth mask.

This section introduces the second category of madkarning which is unsupervised learning. Inahhi
no labelling information is given. Therefore, thedrl must discover the hidden structure in the datias
own rather than predicting continuous or discrabels. Tasks of this type of learning are oftetedallata
partitioning (clustering). K-means is an exampleaofunsupervised algorithm, where the output of the
algorithm is a group of labels. He attributes toheaf the labels a reference point xi as beingdrgcenter

of the groufy;. Each group of data is thus defined by creatirzpgycenter for each of these groups.
Centroids are like the kernel of the cluster, wistlaps the points closest to them and adds theéheto



cluster. The centroids are updated relative toddtaset and the chosen distance measure relatthatto
data. There are many other unsupervised learngugittims such as those oriented towards data diowens
reduction such as PCA Principal Component Anal@&isgular Value Decomposition (SVD) but also those
looking for an estimate of the data distributiomsigy, such as kernel estimation (KDE)
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Fig. 4. lllustration of clustering. (A) A two-dimensionalnlabeled dataset. (B) Clusters inferred by a ehirgg algorithm that
groups similar points into the same cluster.
1.1.3 Reinforcement Learning:

The third and most complicated subclass of macldaming is reinforcement learning (Figure 5).
Unlike supervised learning, which focuses on ptiatlica specific outcome, reinforcement learning
involves learning a series of actions that leaa $pecific outcome. To illustrate reinforcementtéay in
the context of Figure 5, (1) given a chessboarte staand a reward valuB; at iteration t, (2) the
reinforcement learning agent selects araétion that moves one of the pawns two fields.N8xt, the
environment considers producing the next sfate, and the corresponding reward for performing the
action, R.1. This cycle repeats until the end of the episode.
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Fig. 5. lllustration of renforcement Learning

In this section, we started with a general intraiduncto machine learning, and then we briefly pnted its
different categories such as supervised, unsupetvand reinforcement learning. In the followingtgm,

we deal exclusively with models of neural netwattkat are the subject of our thesis. We provide more
technical operating details of neural networks.nmve present different existing methods in theditigre

to improve the performance of such models.
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1.2 Introduction to Deep learning:

In this section, we process the basic notions epdearning that we will use in the next chaptdrs o
this doctoral thesis. As mentioned in the introdwct neural network approaches belong to Machine
Learning (ML) methods family. These approaches Hasen exploited in supervised and unsupervised
learning contexts [1], [2]. Several of these methhdve been designed, developed, and implemented to
allow machines to evolve through a learning procasd thus perform tasks that are difficult to agki
with classical methods.

The theory behind deep learning is therefore nat, its foundations date back to the 1940s withvibek

of (McCulloch and Pitts, 1943; Hebb, 1949; Roseitplh958), which consists of several approaches
inspired by the brain functioning of neurons aratktmultiple layers of neural networks to transfoaw
data from one representation space to anothermdtfe discriminating features. Although the evolntio
and massive increase in data and compute infragtaschave revealed the full power of deep leatritng
still suffered from several difficult issues suchaver-fitting, under-fitting, gradient degradatiand the
high time complexity [3], [4] and [5], several dfet models proposed in the supervised and unsupdrvis
learning literature aim to solve these problems.

Through this section, we detail the different notigelated to the deep learning model from the Isstal
element (neuron or perceptron) to the overall fioming of a multilayer network.

1.2.1 History and inspiration:

Artificial neural networks are inspired by the ftioaing of biological neural networks in the brain.
The human brain contains a considerable numbegres$ively connected biological neurons. These nesuron
exchange messages by signals transmitted acroaps®s) These biological systems are characterized b
their great complexity compared to artificial syste because of the high number of massively
interconnected neurons that cannot be processadrachine.

Figure 6 illustrates the difference between a lgjimal neuron and an artificial neuron. A biologioauron

is composed of several structures like dendritaslewis, cell body, and axon. These neurons exchange
messages through the signals that are transmitieeebn the different components. First, the deeslrit
receive signals from the synapses of neighboringares. Then these signhals are grouped together and
processed by the cell body. The latter generatémpnlse that is transmitted to the axon if theereed
signal exceeds a certain threshold. Finally, theeggted signal is transmitted to the other neighibhgu
neurons through synapses. This signal is modifembraing to the nature of the synapses. Excitatory
synapses increase this signal, while inhibitorysmeeluce its value. An artificial neuron mimicsadygical
neuron in some functions. These neural systenm@asented using mathematical notions. The inpubig

are formulated by the valuggs i € [1,N],i € N, the dendrites are the weights the cell body is the
combination function, and the axon is the valugoutAn artificial neuron can be composed of adfet
nodes or neurons which are associated with a valaed a weightv;. These values are combined by a
combination function and the result is processedrbgctivation function f.
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Fig. 6. The difference between (A) a biological neuron é@B)dan artificial neuron

ANN research began in the 1940s when developmemiestirobiology encouraged researchers to formulate
the behavior of biological neurons. In 1943, netygologist Warren McCulloch and mathematician
Walter Pitts developed a mathematical model [6]bodin neurons based on Boolean functions and
demonstrated that, when combined, they can cakulaightswy;. They modelled a simple neural network
through an electrical circuit. The independencéhisf approach from learning and its manual proogssi
for the calculation of weights i\lmave limited its use in other fields of applicatidro solve learning
problems in ANN, psychologist Donald Olding Hubloposed seminal work on the learning process [7].
His main idea is that learning in the brain ocqurignarily through the formation and signal changés
synapses between neurons, known as synaptic [ihaskic1957, psychologist Rosenblatt introducee th
notion of perceptron for binary classification bdism the works of Warren Mcculloch, Walter Pitt$, [6
and Donald O. Hubb [1]. Unlike the Boolean approaaiposed above, this model is based on learning fo
the adjustment of the weights.\in 1968, work on neural networks stagnated dfterwork of Marvin
Minsky and Seymour Papert [8] who showed the limitthe perceptron in solving a simple Boolean XOR
function because of its adaptation to linear sdjmars. All these factors have discouraged the Al
community from pursuing research in this area. Tihigation has been solved by the introductiontf
notion of the multilayer perceptron (MLP) which @&f§ more nonlinearity through the additional hidden
layers. Then, MLPs were developed into deep legrnetworks (DNN) which are characterized by more
than two hidden layers. Despite the power of DNINsanlinear separations, machine-learning algosthm
like SVM have seen more success thanks to theimigad time complexity compared to DNNs. Until
2012 when the Alex Net deep learning architectw@esl an impressive error rate on the Image Net
learning base [9]. The proposed architecture araphdcs-processing unit (GPU) technology has
encouraged researchers to exploit deep learningadstin other application areas. In the following,
present a formal perceptron description.

1.2.2 Perceptron:
The first formulation dating from 1958 is that bktperceptron [10], initially proposed in the cate
linear classification. It makes it possible to peethe values of the weightg; of an artificial neuron. The
goal of perception is to solve linearly separaie-tlass problems. For a learning baBe= {X,Y}y n =

1,yn € {0,1} whereX,, = {x4,X,. ..X;,} are the instances agg are the classes; there is a hyper-plane
which makes it possible to separate the diffenastainces into two classes (figure 7).
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Fig. 7. The hyperplane AB separating two classes

The perceptron is characterized by n inputs andgéesoutput (figure 6: B). The neuron receivesitiput
values which are associated with weighis Then the inputs are linearly combined with thdghts
through a combination function and the output-wegghsum is provided to the activation function F
(equation 6). Equation 7 illustrates the processatifulating the classes.

Y =f(x)= ®(x.w+b) =D, x;w; +b) (6)
57]- =F(b + XL, wijx;) (7)
1 siz>0

Where F(Z) = { 0 i non

Whereg; is the predicted class at iteration j, and besliias it has an approximate distance from therorig

The perceptron training consists of finding a hypene(W;X + b) = 0 separator (Figure 7) that allows
to correctly classify the different instances init@native process, its objective is to find thet&eights
and biases that makeclose to the true label. The learning algorithmsists of updating the weights by
increasing or decreasing w if the outgus lower or higher than the true label y as ingidain Alog-1:

Algorithm1: Perceptron
Randomly initialize weights vand the bias b;

While i < iterationsdo
Predict the yclasses according to equation 7;
Calculate the new weights W(t) accordimgquation 8;

WO =wED 4oy, —9)x, (8)

end

This algorithm continues to learn until the modak tbheen able to classify the instances; the stgppin
criterion depends on the convergence of the pedoo®s or on a defined number of iterations. Ithesn
shown in [11] that in the case of two linearly seiide classes, this algorithm converges in a fimibeber

of iterations. However, in the case where the tlasses are not linearly separable, the algorithweme
converges, consequently, it will loop endlessly.

The perceptron can only work with two classes;desl not solve certain types of problems, proving
inefficient for example in the case of non-linelassification. Figure 9 illustrates a dataset wibhnlinearly
separable classes, which therefore needs to exiuibiinear boundaries. One way to solve this prokke
to nonlinearly project the data into a space witesdl be linearly separable, exhibiting for exalapnore
dimensions than in the previous space (kernel)tritkis approach type is widely used in other stiatil
learning approaches such as Support SVM [12]. @ka bf MLP [13] is then, as the name suggests, to
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bring together several layers of perceptron, sépdfay non-linearity’s, to create a space of repmgion
of the input data, which is linearly separable. &ample, for an MLP with one hidden layer, theuiryp
is processed by a first perceptron and gives anrimgdiate output, called hidden, h. This is injédtéo a
second perception, which makes it possible to olatdinal output y.

Fig. 8. Multiclass perceptron (Notation is the i"component of )(.37j is the j™ component of y

Fig. 9. Example of a nonlinearly separable problem. Cirodggesent data X, corresponding to their annatatio
In an MLP (figure 8) each node is characterize@d maluex; and contains connections to adjacent layers,
which are presented by weights. Eachx; value in the current layer presents an entryxéortext layer.
The number of nodes in the input layer dependsiemumber of attributes in the learning base. @n th
other hand, the topology appropriate to the hiddgers is chosen randomly or according to an ogation
procedure to maximize the performance of the addbproblem. The; values of the hidden layers are
calculated according to equation 9, whnq@ is the value of node i of layer k, F is the adiima function,
w; are the weights associated withand m is the number of nodes in the next layer.

x;(k) = FO T, Wijxj(k_l) + b; 9
Training in an MLP consists of adjusting the wegght;. Equally by applying for each perceptron the
perceptron learning rule described previously toimize the error between the predicted classeshand

true classes.
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In the next section, we present the descent gradiethod functioning, which is based on error aciiom
between the predicted output and the true outpwaio a perceptron.

1.2.3Learning based on Gradient descent

In 1960, Professor Bernard Widrow and his studesd Hoff proposed a linear model (Adaptive
Switching Circuits) at Stanford [14]. The modelais electrical circuit based on a new circuit caked
memistor, which is a resistor with memory. It igwsimilar to a perceptron model with a differerice
how it learns w-weights and b-bias from the dateeylnamed their model ADALINE for Adaptive Linear
Elements. The main difference between the percepral the ADALINE is that the latter works by
minimizing the root mean square error of the prialis of a linear function. This means that thereay
procedure is based on the result of a linear fanatather than the result of a threshold functistinathe
perceptron. The squared error is as follows: (10)

(), y) = 3T, — £(0))? (10)
Consequently, the minimization of the mean squareat over all N training bases is expressed as:
LW) = -3, 1(f(x @),y D) (11)

ADALINE solved the optimization problem using ttealled gradient descent algorithm as mentioned in
function. However, gradient descent is a well-kn@md easy-to-use iterative algorithm that minimies
functionL(w), parameterized by the weights W of a neural netwdiikimizing the function (i.e., finding
the W parameters that minimize the empirical efisodone by calculating the gradient and updatiegW/
parameters in the opposite direction to it. Intaily, the gradient gives the direction of the slgbpehe
function L at point W, so going in the oppositeediion of the gradient is equivalent to descendiig
slope. This direction is found by calculating trexidative of the total train lodg'W) with respect to the
weight vector using the chain rule. Using the Initgaof the derivatives of Equation.11, we calcel#te
derivatives of an instancg in Equation 10 and then average over all the sesnjgl obtairdL. dW, the
derivatives of the total loss in Eq.11. For a tiragnsample, deriving the loss in Equation.10 wibkpect to
a parameter weight gives:

AL(W)
ow
A hyper-parametei, called learning step, determines the length efstiep to take in the direction of the
gradient. Once the parameters have been updatedeth gradient is calculated, and we start agaihen

opposite direction. This minimizes the function wistepping in the direction of the slope.

WeW-—-a

(12)

I A

awi a5/ awl

Vi=1 . D+1,Yj=1,...,.M (13)

al a%(?i_yi)z ,-A-\_] ] dl -
p R e e A (14)

The notatiorx! is theit component of, and wil is the component at thi€" row andj™ the column of

W. In the case where there is no activation fumgtio
0y _ agxtwhhy _
awu — ewid T 77

This gives the delta approach learning algorithm,

Vi=1,...,D+1,Vj=1,....M (15)
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oL(W)
ow

The delta rule (Eqg.16) is like the perceptron leagmule (Eq.12) except for the learning rate

WeW-—a =W-—ax".(Y-y) (16)

o5 oy on

oWl an owd (17)
_0o(h)) ax xkwki
T o owii (18)
_ al;b(h]) i (19)

onJ
Therefore, the delta rule in this case is,

WeW—ax".v,@h). (¥ —y) (20)

In the case of the perceptron, which uses the ldekevstep functiorV,, @ (h) is not defined at zero and it
is equal to zero everywhere else which makes ibssjble to apply the delta rule on the perceptitis
led to the use of differentiable functions suclsigsnoid functions. The next section gives more itketan
the other activation functions.

1.2.4 Improving-optimization method
Hyper parameter tuning is one of the important négplres that improve the performance of an MLP.
The optimizer is a hyper parameter that has a gndaence on the performance and convergence of an
MLP.

In the previous section, we detailed the optim@atprocess in an MLP which is mainly based on the
gradient descent method. To improve and accela&iténg, different variants of GD have been pragubs

in the literature such as stochastic gradient ades@&GD) and mini-batch gradient descent (BGD). In
addition, several methods have been developed timiagp GD such as inertial descent; Nesterov
accelerated gradient descent (NAG), Adagrad, AdaDAdam, and RmsProp.

e Stochastic Gradient Descent (SGD)

In the GD method, the gradients are calculateddbasehe all-training database; this limits its ose
large volumes of data because of the limited merapace and the very high training time. To solesé¢h
problems, the stochastic gradient descent (SGDRadés exploited. In SGD, the calculation of graiée
and the updating of weights are applied to eadarite in the learning base. These instances alemdn
chosen during the optimization process. Randontseiteand exploitation of a single instance caredpe
up training time and improve generalization. Deaspihese advantages, frequent updates of the
weightsw! at each iteration can cause large variance andhlastonvergence. To minimize the number
of updates, the mini-batch stochastic gradient elgsmethod is proposed. The optimization process of
SGD is givenin Alg. 1.
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Algorithm 1 Stochastic gradient descent (SGD)
Input: Learning rate 1.
Input: Initial parameter 6.
1: while Stopping criterion is not met do
2 Sample a mini-batch of m examples from all training samples {x'V,...,x("},
3  Compute gradient estimate: g = %Ve FL(f( 2(i):9), 1)
& Apply update: 8 =60 - g
5
b

: end while
: return Updated parameter 6.

» Mini-batch gradient descent (BGD)

In mini-batch gradient descent method, parametdatgpdepends on one batch of data. This batch is
composed of a defined number of instances choselonaly at each iteration. Then, the parameter @dat
process is executed based on the selected dadiselots reduce the gap between old and new wsigh
when updating. This implies a more stable convargetompared to SGD. Currently, this method is
frequently used in deep learning works and refexdrny SGD instead of BGD. The optimization process
in the SGD method presents several challenge&dstat

» The choice of the optimal value of the learninge ratand its fixed value during learning. Large
values ofy can cause rapid convergence to a local minimunth®mwther hand, small values lead
to slow convergence. In addition, the valueg ofiust vary and depend on the frequency of the input
instances.

» The risk of being trapped in a local minimum duéht® non-convex nature of the cost function. A
function is non-convex (figure 10) if it admits bolgal minimum as well as other local minima.
This problem can trap gradient descent to variooalIminima.
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Fig. 10. Non-convex function

« SGD with Momentum

Descent with inertia [15] is an optimized versidiie SGD method. This techniqgue makes it possible
to accelerate convergence and reduce the varialdepns related to the non-convex nature of the cost
function. This method introduces the notion of spéat depends on the inertia parameterhis makes
it possible to reduce parameter updates when eyt changes sign and to speed them up if thibegra
is in the same direction of v. Equation 21 illustsathe process of calculating parameters whesethe
inertia parameter angis the learning rate. The optimization processiomentum is given in Alg. 2.



17

{v(”l) = qv® —yvC(O®

gt+l) — g(O) 4 Y(t+1) (21)

Algorithm 2 Stochastic gradient descent (SGD) with momentum

Input: Learning rate 7, momentum hyper-parameter a.
Input: Initial parameter 6, initial velocity v.
1: while Stopping criterion is not met do
2 Sample a mini-batch of m examples from all training samples {x(!, ..., x(")}.
3 Compute gradient estimate: g = i}—rVg Y, L(f(m(i};ﬂ),y(f])
4 Compute velocity update: v =av — g
5  Apply update: 6 =60 +v
6: end while
7. return Updated parameter 6.

* Nesterov's Accelerated Gradient Descent

Nesterov's Accelerated Gradient Descent [16] isfimized version of the inertial descent method.
The inertia technique has limitations that areteeldo large updates of the weights w (Figure &).: #his
can prevent the optimization process from detedtiegylobal minimum. To avoid these large jumpsNA
proposes to calculate the speed according to theéiemt of the next step instead of the current.step
According to equation 22, NAG starts with a partiptlate (4a) to calculate the intermediate paramete
0(t+ 1/2) then, the final parame®* V. is adjusted according to the gradient of the mestiate parameter
(4b). Changing the sign of the gradient of the ¢osttions between the parametéfs /2 andet* 1,
ensures steps backward by reducing the magnitutte afpdates.

80 = 9O 4 g9®
9D = q9® _ pyc (D (22)
9(t+1) = e(t) + aﬁ(t‘l'l)

A

o) Qi)

Fig. 11. Nesterov's accelerated gradient descent

e Adagrad

In SGD, the learning rate is fixed and applied equally to all weights. Tliecause less frequent
features require larger updates. To answer thibl@mg the Adagrad method [17] proposes to adapt the
learning raten to each parameter. This makes this approach midebke for sparse learning bases in DL.
Equation 23 illustrates the procedure for calcotathe parameterg(t+1).
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« AdaDelta

In Adagrad's method, the learning raié}(‘g decreases continuously because of the cumulative s

/ f egt)z + e of the previous iterations. This leads to verywstmnvergence due to low values of the

learning rate. The AdaDelta method [18] is an ozid version of Adagrad that solves the learning ra
degradation problem by considering the exponent@ling average of the squared gradients. Equatdon 2
illustrates the procedure for calculating the pagtarsd(t+1), wherey is the exponential decay constant,

the learning rate argf].t) is the mean square root of the gradients.

95 =vg§ Y+ 1 —n(Cc(6©))?
pt-1 = g — _1_yce®) (24)

t
g;; ¢

e Adam

Adam [19] belongs to the category of methods thet wariable learning rate like Adagrad and
AdabDelta. In updating the learning rate, this mdthses the exponential moving average of the pastre
gradients vand the past gradients.nfihe variablesvand nm present the first and the second moment of
the gradient (equation 25) whgyeandp2 are the rates of decay. To avoid the convergehitee moments

vt and nitowards 0, the bias-corrected momeﬁ]f)andvi(jt) are used (equation 26). Finally, the weights

(t+1)
Wij

networks with difficult-to-train networks (e.g., mgrative adversarial networks [20]) or complex
architectures (e.g., U-Net [21]). Adam's optimiaatprocess is given in Alg. 3.

are updated according to equation 27. The Adanmier is particularly suitable for training

® (t-1) ac®

m;; = Bymy; +(1_.81)m
¥ © 1 AN (25)
Vij :,Bzvij +(1-p7) (6sz)
(D _ ™)
g T (1-8Y)
—~— (t)1 (26)
@ = Y
Yo (1-83)
1
wy = wip) == 27)
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Algorithm 3 Adam

Input: Learning rate y, first-order momentum hyper-parameter p;, second-order mo-
mentum hyper-parameter p,, constant 4, iteration time f.

Input: Initial parameter @, initial first-order momentum s, initial second-order momen-

tum r.
1: while Stopping criterion is not met do
22 Sample a mini-batch of m examples from all training samples {x(1), ... x(m)}.
3: Compute gradient estimate: g = 1V Y L(f(z(");0),3")
4: Estimate first-order momentum: s = p1s + (1 — p1)g
5; Estimate second-order momentum: r = por + (1 —p2)g © g
6: Calibrate first-order momentum: § = ﬁ
7: Calibrate second-order momentum: # = —

1—pt
8 Apply update: 6 =8 —y 5
9: t=t+1
10: end while

11: return Updated parameter 8.

WS

*  RmsProp

RmsProp [22] is a variant of the Rprop optimizergPthat is suitable for mini-batch learning. This
method is considered a combination of the Rprop2®@B® methods and is known for its similarity to the
AdaDelta optimizer. The main goal of this stratégyo solve the degradation problem of learning.rat
RmsProp divides the learning rate by the exponamii&ing average of the squared gradients andisets
decay constant of AdaDelta to 0.9. Equation 28 illustrates thegasss of updating the weighigt+1),

wheren is the learning rate argﬁjt)is the mean square root of the gradients.

gg) — 09 gi(;_l)
t+1) — g __n__+vCc(e® (28)
0 7]

gg)+e

1.2.5Regularization techniques

A Deep Learning model must both optimize its tnagnand generalize its prediction on training and
test data. Although designing a generalized madehe of the great challenges in deep learninguseca
of under-fitting and over-fitting issues. Undettifig presents a model that has memorized its trgidata,
so it performs well on the training set but noidation. It then makes bad predictions on new doesause
they are not the same as the training data. Thidsldo a large variance between the two and poor
generalization. On the other hand, overfitting esents a model that fails to infer information frime
dataset. He, therefore, does not learn enough akdsiad predictions in the training game. Itisrefore,
necessary to complicate the network because it doesize well compared to the types of input data.
Indeed, it fails to capture the relationship betwde input data and their label.

In deep learning, networks are characterized by Wigriance and low bias. Figure 12 illustrates the
overfitting problem, which is mainly related to ned@omplexity, where complex models like DLs have
more risk of overfitting. To remedy this, it is mssary to improve the model flexibility; we genbral
distinguish two notions: structural stabilizatiardaegularization [24]. Structural stabilizatiomtmls the
complexity of the network according to the variatim the number of parameters. The regularization
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method consists of adding a term that penalizesadisé function. This term is used to penalize thst c
function in the case of large amplitude paramefEngre are several regularization methods: L1 ahd L
regularization, drop regularization, data augmésnaand early stopping.

High biais Low biais
Low variance High variance
d-=—=—===  edeae- >
Test Data
Error
Low Model complexity High

Fig. 12. Modeling the overfitting problem.
e L;and L regularizations

L; and L. regularizations are among the known techniquesgularization. These methods update the
cost function by adding a regularization term. Thrirpose is to decrease the values of the welghts
adding the regularization term to generate simpbelats and avoid over-fitting problems. Equations 29
and 30 present the regularization termsuhd L, respectively, wherg is the regularization parameted||||
and [§|f are the norms land } of the vector of parameteisThe L regularization technique is also known
as the weight decay method.

Ly =xXllell (29)
L, =x X017 (30)
» Dropout regularization

Dropout regularization [25] is a regularization hed that involves ignoring or “dropping out” of a
subset of neurons during training. These neuramsaardomly selected based on a dropout rate anddpel
to the input or hidden layers. This technique regumany links between neurons and the specializafio
some at the expense of others, which will improaeegalization and avoid over-fitting. The abortqass
generates different architectures at each iteragind then the total performance is defined byatlerage
performance of these architectures. This reducesvtriance between these models and improves
generalizability.

» Data-Augmentation

Unlike classical machine learning methods, deemieg methods require a large volume of data to
avoid the over-fitting problem. Collecting a largmount of data and annotating it presents a clugdlém
certain fields such as the medical field. To sthese limitations, data augmentation methods amegsed.
This increase can be made either before the tiastage (offline) or during the training on the irbatches
(online). There are several methods of data augatient Among the most used techniques, we have
rotation, translation, scaling, gaussian noise;tpdivision (figure 13), color normalization, enlkbament,
and the generation of new instances by generativersarial networks (GANS).
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Noise Division into patch

Fig. 13. Data augmentation methods.
» Early stopping

Early stopping is an implicit regularization methf@b]. In this method, the dataset is divided into
training and validation base. Then, the performari¢be model is evaluated during learning on lixztbes
based on an indicator (the error). Generally, iearis stopped when the error value on the valifaltiasis
starts to increase (Figure 13) due to the overlagrproblem. Finally, the model that minimizes #reor
rate is stored for the prediction phase.

1.2.6 Activation functions

An activation function is a mathematical functised to convert a signal at the input of a nodeanto
output signal; it will allow the passage of infortioa or not if the stimulation threshold is reach&tie
term activation function comes from the biologinaliron “activation potential”, the stimulation thheld
that once reached; the function decides whethactivate a neuronal response. There are genevally t
types of activation functions: linear functionsg(idity) and nonlinear functions (logistic sigmad@hftMax,
hyperbolic tangent and rectified linear unit). Thenlinear function helps introduce nonlinear preipsr
into the MLP so that it can solve nonlinear proldeand process complex data. Among the functiong/kno
to solve nonlinear problems, we have the logisgmsid, the hyperbolic tangent, the rectified lineait
and the SoftMax.

Typically, the hidden layers use the same actimafimction (hyperbolic tangent, sigmoid, or reetifi
linear unit) and the output layer is based on tbMax function or the sigmoid function, dependioig
the type of classification.

* ldentity:
This function is characterized by its linearity getjon 31).

F(z) =z (31)
* The logistic sigmoid:
The logistic sigmoid is an activation function udgdthe hidden or output layers (equation 32). It

makes it possible to introduce more nonlinearitthehidden layers and to predict the probabilitiethe
classes at the output. This function is generaldun binary classification tasks.
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1

) = —,

F(z)e,zR (32)

» The hyperbolic tangent (tanh)

This function introduces nonlinearity in the hiddayers (equation 33). It is characterized by ded
accuracy in recognition compared to the logistigrgiid function.

eZ—eg~Z

F(z) =

F(z)e[-1,1], z€eR (33)

e?+e~z’
* The rectified linear unit (ReLu)
The rectified linear unit is a nonlinear activatiimction used by the hidden layers. According to
equation 34, this function neutralizes negativeigalto 0. ReLu has proven its efficiency over tgmeid

and tanh functions thanks to its simplicity. In #idt, it accelerates the learning time of conviooél
neural networks (CNN) [27]. All these criteria hawade this function the most used in deep learf28p

F(z) = max(0,z),F(z) = 0,zeR (34)
+ SoftMax

The SoftMax function is a nonlinear function usedtle output layer. It is used to calculate all the
probabilities associated with each class. Thistiands a generalization of the sigmoid functiordas
suitable for classification problems with K classgbhere K>2.
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Fig. 14. Activation function graphs examples: (a)- the sigihfanction. (b)-the tanh function. (c)- the reid Linear Unit
(ReLu) function. (d)-the Leaky Relu

1.3 Deep learning architectures:

As we have seen previously, Deep learning is adbrafi machine learning which is mainly based on
neural networks. An MLP consisting of more than tvidden layers is considered a type of DL network.
These layers are used for feature extraction ardfiormation. Higher-level features are construtigd
combining lower-level features involving multi-regentation learning. For example, in computer wisio
neurons in the first layer represent simple featlike terminals. Then, these features become rode
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more complex in the deeper layers. This processsdive advantage of deeper networks to solve cample
problems. According to Figure 15, the layers inassical DL network are strongly connected by links
(weight wg). On the other hand, the high number of paramegmsjuickly lead to over-learning problems
and very high time complexity. To reduce these<asid to adapt DL networks to specific application
domains, several types of optimized architectur@gehbeen proposed in supervised learning (CNN,
recurrent neural networks (RNN), and long-term memdhort-term (LSTM) and unsupervised (stacked
auto-encoders (SAE), deep belief networks (DBN)NEAT he following chapter presents the structure of
the CNN network in detail.
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Fig. 15. The architecture of a Fully connected
1.3.1 Supervised learning networks
» Recurrent Neural Networks (RNN)

Recursive neural networks [29] are deep learnitgarks designed for learning from sequential data.
In other words, this deep learning algorithm u&esdutput of one layer as a new input for anothgen.
The connection between network layers in the RNih$odirected sequential cycles over time. In gdnera
recurrent neural networks are used to interpreptead or sequential information.

Unlike MLP, in an RNN the activations in the hiddiyers depend on current and past inputs. Any
connection makes it possible to consider at theeatistep one or more pieces of information prediah

a previous step, where the same elements are peatdgferently depending on the situation. In thkasy,

the results of step t—1 affect the decisions ofridve step t. These characteristics have made RNN®d
architecture in text processing tasks because d g&r have several meanings depending on its qaisitj

in a sentence.

Figure 16 illustrates the basic structure of an R network is characterized by cycles betwdmn t
different connections to process the sequencear@hle sizes. The number of layers presents thau

of input words x These neurons share the same weighttoweduce the total number of parameters.
Equation 35 illustrates the process of calculatirggoutputs o where his the memory, yis the weights,
and R is the bias.
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he = Whphe—1 + Wypxe
{Ot = wpoht + by (35)

Fig. 16. The structure of a recurrent neural network.

The recursive neural network and its variants hasen widely exploited in various word processing

applications [30] and in computer vision: actioragnition [31], legend generation [32], and image

segmentation [33]. Despite the advantages of RKMNsdcessing temporal sequences, these netwokks ris
the problem of gradient degradation because datige number of hidden layers. This number is lihtae

the number of input sequences that varies accotditige task processing. Over the iterations, tadignts

of the distant sequences tend to converge towax wéhich prevents the model from recognizing the

associations between these sequences. To sol lthetions, the long-short-term memory network

(LSTM) [34] was developed.

* Long-Short Term Memory (LSTM)

The long-short-term memory network [35] is an o version of RNNs. This network makes it
possible to memorize the relationships betweeraistequences. An LSTM is made up of a set of
interconnected LSTM-type units. Figure 17 illustsathe structure of an LSTM unit, whergi<the cell
state. Three gates control this state: entry gatergetting gate:fand exit gate 0

M >
Cei Cy
tanh

¢ o;

( ¢ ) o ) tanh ) | & ) h,
Input Output
£ i, door door

Fig. 17. The structure of a long-short term memory unit.

First, the forgetting gate (equation 36) contraks information to be forgotten from the previoul seate
Cq-1), Where the value 0 indicates forgetting of theéestavhile the value 1 keeps its historical. Sintylar
according to Equation 37, the front gate decideagpibate the states of previous cells. Then the memo
state G and the output gate are updated according to ieqsaB8 and 39 respectively, and finally, the
hidden state:hs calculated based on the gate and the outpet(&@quation 40)% is the sigmoid activation
function. Forget and exit gates have two imporgaatameters that allow you to keep only relevant
information.
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fe = o(Wrx; + Urh(—q)) (36)

iy = J(I/fot + Uifh(t—l)) (37)

{Et = tanh(W,x; i‘ Uch(t-1)) (38)
Ct = ftCr—1 + i Cy

o = a(Wox; + Ugh(—1)) (39)

h; = 0; X tanh(C;) (40)

LSTM has been used in several fields of applicatipeech enhancement [36] voice activity detedtion
real life [37], and automatic subtitling of imad&s].

1.3.2Unsupervised learning networks
» stacked auto-encoders (SAE)

A stacked auto-encoder is a neural network compokaduccession of auto-encoders (figure 18). An
auto-encoder consists of two parts: encoder anodéecThe encoder is used to transform the inptat xia
into a compressed representation. Then the decméearthis representation to reconstruct the inata. d
The auto-encoder stacking process allows SAE tmlsauctures that are more complex. Learning is
divided into two parts: unsupervised learning amgkesvised learning based on transferred learningké
an MLP, in each iteration, learning in an SAE isf@ened only at an auto-encoder unit, where eadéh un
takes as input the outputs of the previous uniis @Hows each auto-encoder to minimize the erfdhe
previous layer. Finally, this procedure is followmgtransferred learning in the hidden layers.

Encoder 1 Decoder 1

Encoder 2 Decoder 2

O
O

Hidden
layer

Input layer Output layer

Fig. 18. The structure of a stacked autoencoder.

SAEs have been used in different applications sgdatata compression [39], dimensionality redudd®h
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* Generative adversarial networks (GANSs)

GAN [20] is a generative model based on neural adtsv Generative modelling is an unsupervised
learning task in machine learning. This task getesramew instances from existing instances. GAN is
composed of two models: generator G and discriminBt The generator model makes it possible to
generate new instances. Then, these instance$aas#ied into two classes: real or faked. The gatoe
and discriminator models are DL-type neural netwdHat vary according to the field of applicatiar,
example, convolutional neural networks (CNN) aredugn image processing. Generative adversarial
networks can be used in different fields and apfibms such as data augmentation [41], semantic
segmentation [42], image-to-image translation [4B}] the music generation [44].

1.4 Conclusion

In this chapter, we have presented the differeimcypies related to deep learning. Deep learning
networks are machine-learning algorithms basedeonat networks. The perceptron was the first allori
proposed for learning an artificial neuron. Thigaalthm quickly showed its limits in solving nondiar
problems. To solve this limitation, the multilaymrceptron has been proposed. The latter makesstlpe
to introduce nonlinearity through nonlinear activatfunctions in the hidden layers. Learning inNAnP
is performed using the back probation method basetthe SGD optimization technique or its optimized
variants. The neurons in a deep MLP are strongiyeoted, which can lead to an over-fitting probtem
the limited data volumes. To address this problettmer variants of DL networks have been proposed in
supervised (RNN, LSTM, CNN) and unsupervised (SEBN, GAN) learning, where each network is
specialized in specific applications domains anédtnthe limitations of other networks.

The following chapter presents the principles eglab CNN, which is the subject of interest in thissis.
In this context, we will start with the presentatiaf the general architecture of CNN. Then, we détail
the different common CNN-like architectures in swsed learning.
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Chapter II: Convolutional Neural Networks

A convolutional neural network (CNN) is a deep héag algorithm. This network has been widely
exploited in computer vision for the classificatiand detection of objects thanks to its functidresi
inspired by the biological processes of the conaestbetween the neurons of the brain. Unlike DL
networks, CNNSs are characterized by layers of clutiom and pooling. These layers introduce palitidis
to reduce the number of parameters and reinforeestiaring of common characteristics. Despite these
advantages, they have several challenges relataabtdfitting issues on the limited data volumed high
computational complexity. To solve these problekmywn architectures of the CNN type have been
proposed. These architectures are based on optimizesolutional blocks, which generate structubhed t
are deeper and less demanding in terms of compatidgstorage capacity. The purpose of this chagpter
to detail the general structure of a CNN and tomam common CNN-like architectures in classificatio
object detection, and segmentation.

Contents

2.1 Introduction

2.2 History

2.3 Architecture of a convolutional neural network
2.3.1 Convolutional layer
2.3.2 Pooling layer
2.3.3 Flattening
2.3.4 Fully connected

2.4 Training in CNN
2.4.1 Learning types
2.4.2 Feature extraction
2.4.3 Fine Tuning

2.5 Classification

2.6 Object detection

2.7 Semantic segmentation

2.8 Conclusion

2.1 Introduction

Convolutional neural networks are deep learningvasts inspired by the visual cortex [45]. These
networks have been used in recommender systema@iéfal language processing [47], and in computer
vision [48]. Their use in computer vision has b&ery successful thanks to their characteristicpires
by natural visual systems.

In computer vision, the classification process lassical learning methods is based on two mainsstep
feature extraction and learning. These features@msidered handcrafted features because of thaahan
effort required in the study of discriminating dittes. The methods used to extract these feaituras
unsupervised way. This separation between the atixiraand classification modules can harm the
classification task if certain discriminating aites have been neglected in the extraction phasike



28

classical learning methods, CNNs implicitly realihe feature extraction process through the conioolu
layers, where the first layers represent the sifegtures. Then these features are combined todthers
that are more complex in deeper layers. This sipégithas made CNNs a good tool for classifying
unstructured data like images and text. Despiteetlaglvantages, deep CNNs risk the over-fitting lprob
on limited volumes of data, as they are more sldgtédy large volumes because of the over-fittinglgem
[49].

CNNs have proven their efficiency compared to dtassleep neural networks in terms of temporal and
spatial complexity. These networks are charactdrigetheir parameter sharing strategy. Unlike a DNN
where the adjacent layers are strongly conneatesi GNN, each neuron of the current layer is coi@ukec
only to a subset of neurons of the previous laffguie 19). CNNs are considered structural stadilon
methods that reduce over-fitting problems by opting the number of parameters.

Fig. 19. The difference between the number of connectiosssimongly connected layer and a convolution layer

In the next section, we explain the general archite of a CNN and compare CNN-type architectusesiu
in classification, object detection, and segmeaoiati

2.2 History and inspiration:

Convolutional neural networks are inspired by timual cortex. The visual cortex is the part of the
brain responsible for processing information frova ¢ye. In 1962, researchers [45] inserted eleesrodo
specific parts of a cat's visual cortex to measutivation when the cat observed a few basic shajey
noticed that single cells respond only to horizbbéas at the bottom of an image. Where complels eeé
characterized by spatial invariance, where theyreapond to these bars at the different image itotat
This invariance is ensured by the combination a&f tutputs of the simple cells. Based on these
assumptions, [50] developed a model (Figure 20)pmm@d of two types of neuronal cells: simple () an
complex (C) cells. S cells are activated at basittepn detection, while C cells combine with S cell
activations. The idea is to transform previouslydduced biological concepts into mathematical dones
model the task of visual pattern recognition. Tiisdel has been exploited for pattern recognitioarin
unsupervised approach.
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Fig. 20. The structure of the model proposed by Fukushingd19

In 1998, [51] introduced the convolutional neuratwork that is based on the architecture proposed b
Fukushima, where they exploited the back-propagatiethod to accomplish a supervised classification
task. Their model was tested on the MNIST learnitagabase specialized in the classification of
handwritten characters. In the early 2000s, rekearc CNN networks stagnated due to insufficient
processor power and limited internal memory cagdoitthe needs of such algorithms. During thisqakr
classical machine learning algorithms have beemhyiexploited thanks to their reasonable requirdmen
in terms of computational complexity and storagacep

In 2012, the CNN-like AlexNet architecture achievwbd best state-of-the-art error rate based onémag
Net learning [9]. This good performance and thditghdof GPUs in optimizing time complexity have
encouraged the Al community to come up with ottginoized variants of the CNN architecture.

2.3 Architecture of a convolutional neural network

A convolutional neural network is composed of fowin layers (as shown in Figure 21), a convolutiona
layer, a pooling layer, a flattening layer, andullyfconnected layer. There may be a few repettioh
these layers before the final output. Increasimgrihmber of layers makes the network deeper, wddoh
help to acquire other complex features from theiinmage [52].

Images

Y1
Y2
Convoluti

— Pooling Fl i Fully Connexion — | Y3
Layer Y4

Y5

Fig. 21. CNN architecture

Input Image - S Max pooling Fully Connected Layer
Convolution + ReLU : .

Fig. 22. The general architecture of a convolutional nenetvork
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2.3.1 Convolution layer
The convolution layer is considered the main baidblock of a CNN. The purpose of this layer is to

implicitly extract relevant features from input iges during training. This layer performs a convolut
operation between two matrices, the first represansub-part of the input data (receiver field) #mel
second represents a filter that contains the legrparameters. A convolution operation generatbgé
matrix referenced by the feature map. Figure 2@&tithtes a convolution operation that is perforimge
dot product between the filter and a receivingifidlhen the product results are added togetheroupe
a single result presented as a box in the featage Finally, the weighting filter is slipped byt@s S over
the rest of the receiving fields of the input matend this operation is repeated for all the ofiedas.

In a convolution, the size of the new feature mNdp+?) is calculated according to four hyper-parameters:
the size of the old feature map or the input maNri®, the size of the filter F, the step value S arel th
margin value P (equation 40). The margin represarityalues that surround the input matrix. Thirgin
prevents the filter from going beyond the scopthisf matrix. ApplyingN¢ filters to the input data results
in a feature map of si2é (+) x N (D x NC¢ whereNC is its depth. The concatenation of feature maps
forms a convolution layer.

©_
NED = % -1 (40)

The process of a convolution illustrates the dinmradity reduction strategy of a CNN, where eaah bi
(neuron) of the current feature map is connectéyltora subset of the input neurons (receptival§iglin
addition, applying the same filter over the enfeature map allows it to discover previously degdct
attributes in different areas of the image. Aténe of each convolution operation, the activatiamction
RelLu is applied to the resulting convolution lageimprove the generalization.

Receptor Fields
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Fig. 23. A convolution operation.

2.3.2 Pooling layer

The pooling layer's role is to reduce the dimeraion of the resulting convolution layers. This
reduction aims to improve accuracy by selectingdbtwinant attributes. In addition, the optimizatin
parameters number reduces the size of the moda@tirdizes the time complexity. The resulting matri
size of the pooling operation is calculated by Equa2.1 with P = 0. There are two types of pooling
operations: Max-pooling and Avg-pooling. The Maxefing operation returns the maximum value of the
receptive field while the Avg-pooling operationuets the average of the values. Max-pooling istbst
used operation in most CNN-type architectures.
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2.3.3 Flattening
It is the operation of converting all the resultimgp-dimensional arrays into a single continuousylo
linear vector, as shown in Figure 24

Flattening

(=]
(]
(=]

=]
S
w
(=3

Fig. 24. Flattening operation

The Flattening output will then serve as inputnaaificial neural network, most often the fullgrmected
layer, which will do the high-level reasoning.

2.3.4 Fully connected layer
In a CNN, the fully connected (FC) layers have shme structure as an MLP. The purpose of these
layers is to learn the nonlinear combinations betwtihe features extracted by the convolution laykhe
features, after going through several convolutamd pooling, are stacked together in the FC layeese
characteristics present the input layer to theoséilly connected layers. In supervised classtfaa the
last layer is used for prediction based on therSaftactivation function.

2.4 Training in CNN

We have previously seen the different construatiements of convolutional neural networks, as well
as the gradient descent algorithm that allows ttreining. In this section, we will present the egpof
learning in a convolutional neural network. We wiilen review the different most popular network
architectures, which have allowed significant adeenin terms of image recognition. These architestu
owe their popularity to the ImageNet databaseiffield to the ILSVRC competition ("ImageNet Large
Scale Visual Recognition Challenge").

2.4.1 Learning types:
Learning in a convolutional neural network can baalin two ways: learning from randomly initialized
parameters (training from scratch) or learningrapsfer.

e Learning from random initializations

In the previous chapter, we discussed the leamriogess in an MLP through the back-propagation ateth
Convolutional neural networks are based on the saathod. The main purpose of CNNs is to reduce the
error of the cost function by adjusting the filteFhiese filters represent the learning parametersswve
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mentioned earlier, CNNs are characterized by paemsharing. This specificity makes it possible to
reduce the number of parameters in a convolutigerland to optimize the temporal and spatial coriple
This sharing and the representation of the parasétiehe filters require adapting the back-propiaga
function on the convolution and pooling layers. iréag in a CNN starts with forwarding propagation t
calculate the value of the cost function basedhmnibputs. Then, the randomly initialized filtene a
adjusted by a back-propagation process. This psasaspeated for several iterations until the itagp
criterion is reached. The criterion can depend @ireal number of iterations, on a premature stomro
convergence.

e Transfer learning and fine-tuning

Transfer learning is a machine learning method @Hatvs reusing a previously developed model for
learning a task A in another task B. These tasksbeasimilar or different depending on the naturthe
process of the transferred learning.

The research in transferred learning started froenyears 1995 [54] when they were inspired by the
behavior of humans in their method of learning dasa the knowledge acquired previously. These
methods are categorized into inductive, transdactand unsupervised transfer learning [53]. In the
inductive transfer method, the source and targddstare different and belong to the same domainleWh
in translational learning, tasks are similar anfiedent in probability distribution in attribute ape. In
unsupervised learning, learning data is not categginto source and target domains.

Transfer learning methods belong to the categoindictive learning. They are used in differentdie
such as natural language processing [55] and canpision [56].

In classical machine learning, learning algorithane characterized by their dependence on the input
attribute distribution, where the source and tadgda must have the same data representation. fbgang
the distribution of attributes requires startingri@ng from the beginning. Unlike these algorithingjeep
learning, it is possible to transfer knowledge frpmeviously trained models, where the distributain
parameters (weights) of DL networks provides tlusgibility.

In computer vision, transfer learning from CNNs bagsn very successful due to their hierarchicalneat
The first layers represent general features likbdBdilters. They can detect basic shapes (curves a
borders). On the other hand, the deep layers mgkssible to model more complex characteristilzged

to the field of application of the learning baséeTcommon characteristics of the first layers offer
possibility to perform transfer learning betweeffedent tasks.

We have previously seen the various problems of-fitteng related to the lack of data. Transferrtdag

is one of the methods proposed in the state o&thto solve this limitation. This technique is geally
used when the data volume of the target task igdimIt makes it possible to reuse the first layef
models generated from large volumes of data. Teahsarning from models trained on the Image-Ngt [9
learning base has been widely used in differetddithanks to its large volume of data (15 milliamd its
large number of categories (22,000).

Transfer learning in CNN can be used in three wég)sexploit the source model as a feature extracti
module, (b) transfer a subset of layers and reatjegest, and (c) transfer and readjust all layer
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2.4.2 Feature extraction:

This strategy is seen as a hybridization betweerhma learning algorithms and DL networks, where
CNN-like networks are exploited for feature extractand ML algorithms for classification. Figure 25
illustrates this process; typically, all layersrfréhe source model are transferred to the targeemdhen
the last layer is removed. The data from the taepaning base is then passed to the model. Thkesnia
possible to generate a learning base structuritbiform of attributes and instances. Finally, tasabase
is classified by an ML-type algorithm.

FC2 ML Classifier
FC1 FC1
Convn Convn
Conv2 Conv2
Conv2 Conv2
| Soures larsing dataset | ! Parge loarning dafsset

Fig. 25. The use of convolutional neural networks for featextraction.
2.4.3 Fine Tuning
As we discussed before, the first layers are usedpresent general characteristics, while the eteep
layers are related to the source application domiaradapt these layers to the target applicatmnadn,
a subset of deep layers (convolutions and fullyneated) is readjusted by a learning process (fig6je

N
FC2 FC2’
I \
FC1 AL Transfer & \\ FCI’
( Readjust //
Convn Convn’
»
=4
Conv2 ’ Conv2
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Fig. 26. The fine-tuning process in a convolutional neustivork.
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The evolution of storage and computing capacityencouraged the computer vision community to
propose other deeper CNN-like architectures. Thashitectures optimize conventional convolution
layers. The main purpose of this variation is wu@ the number of parameters and add additioyaitda
that improve nonlinearity. This non-linearity issemed by the activation functions that developctyeacity

of the network in solving complex problems

In 2012, the AlexNet network [27] was proposed bgx2Krizhevsky et al. Figure 28 shows the diagram
of the AlexNet network. The latter is composed ig€ fconvolution layers all followed by maximum-
pooling type sub-sampling operators and RelLU tyge&/aion functions. The convolutional part of the
network is followed by two fully connected layerau(tilayer perceptron). To limit overfitting, theyse

the dropout technique in fully connected layerdwits0% probability of cancellation (see part 2.2T8is
network enabled them to win the ILSVRC 2012 contjoeti(seen in part 2.3.1) with an accuracy of 84.6%
(i.e., an error of 15.4%) while the closest conipedi obtained an accuracy of around 73.8% (seeeTabl
2.8). This result has encouraged the computerrvisitonmunity to come up with other CNN-like optindze
versions by structure analysis. In 2013, the ZRitivork was developed [18]. This network mimics the
structure of AlexNet with a slight reduction in thize of the first filter. The purpose of this miazhtion

is to keep more information in the first convolutiayer. Increasing the depth of a neural netwairoves

its non-linearity and therefore its ability to rgoize complex objects. On the other hand, thiseiase
increases the number of parameters, and this sesdhe risk of over-fitting and storage requiretsicho
avoid these problems, other dimensionality reducttrategies have been developed in the convolution
layers. In 2014, The VGGNet network [57] offers figarations whose depth varies from 11 to 19 layers
This network suggests reducing the size of ther§lto F=3 to avoid the exponential increase of the
parameters by adding additional layers. In 2016 Itlception network [58] was developed. This nekwor
proposes a parameter reduction strategy througdptimn modules. The effectiveness of Inception kdoc

in reducing dimensionality has encouraged compus@n researchers to propose other optimized @essi

of Inception modules [59] [61]. Inception-ResNeD]G&mbeds residual links in inception blocks and
Xception [61] uses extreme inception blocks, whielve architecture like depth-separable convolutions
These two versions have proven their efficiency garad to the initial Inception architecture [59kdp
CNNs are characterized by their efficiency in dlggsy complex objects. Despite this specificityery
deep networks risk gradient degradation. To sohie problem, the ResNet network [62] proposes
structures based on residual blocks in configunatmomposed of 18 to 152 layers. In 2017, the Ddeise
network [63] was developed to provide deeper caméiions compared to ResNet by reducing the number
of parameters. The experimental study on the Imagédarning base showed that a DenseNet network
composed of 201 layers and 20 million parametesstha same performance as a ResNet type network
composed of more than 40 million parameters.

Object detection is a technique in computer vidioat makes it possible to classify and detect stver
objects in an image. This task is characterizedsligh complexity compared to classification nuath
because it requires an additional localization.dtepalization proposes candidate regions of irste@nd
then these regions are classified. Several objteiction methods have been proposed in the stadte of
art. The R-CNN network [64] combines the selecsiarch method for region detection and CNN networks
for classification. Despite its efficiency, it istrsuitable for real-time applications becausdshigh time
complexity. To reduce this complexity, other stuwmes have been proposed: Fast R-CNN [65], Faster R-
CNN [66], and YOLO [67].
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Semantic segmentation is a technique that classdech pixel in the input image. This method is
characterized by its high complexity with respecbbject classification and detection. To optimize
complexity, several CNN-based architectures haes Ipeoposed: FCN [68], DeepLab [69], SegNet [70],
U-Net [21], and Mask R-CNN [71].

In what follows, we will detail the structure of ésvn CNN-type architectures in classification, objec
detection, and segmentation.

2.5 Classification

2.5.1 LeNet

LeNet is the first CNN-type supervised classificatarchitecture proposed by LeCun in 1990 [72§ thi
architecture is the best known to the community iarebmetimes considered (wrongly) as the firstaleu
network. Figure 2.8 illustrates the structure & tleNet network. This network is composed of 7 taye
total: 3 convolution layers (Cx), 2 Avg-pooling &g (Sx), and 2 fully connected layers (Fx).

The Cx and Sx layers are composed of a few featapes of a defined size (number@width x height)sThi
figure shows that the size of the inner layereduced compared to the first layers, while theydaeper
compared to the input layers. In this architecttive,size of the filters in the convolution layéies been
fixed at 5x5 and the inputs are images of size 32.x

Back-propagation-based learning on the MNIST legyrbasis showed the efficiency of the LeNet deep
learning algorithm compared to the classical maetéarning algorithms SVM and KNN. The MNIST
learning base was designed for the classificatfomaadwritten digits and contains 60,000 instarfoes
learning and 10,000 instances for testing. Thes&@amees are normalized and centered in black aitd wh
images.
C3: f. maps 16@10x10
INPUT gé gggure maps S4: f. maps 16@5x5

32x32 S2: f. maps C5: layer "
6@14x14 20 L %TPUT

I
|- : .
\ Full connection Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Fig. 27. LeNet network structure

2.5.2 AlexNet
In 2012, the AlexNet network [9] was proposed ie fimageNet Large-Scale Visual Recognition
Competition (ILSVRC). This competition uses a suilisfethe ImageNet training database consisting of
1000 categories, 1.2 million training instancesPBO validation instances, and 150,000 test ins&ria
this competition, the AlexNet network enabled therwin the ILSVRC 2012 [Rus+15] competition (seen
in part 2.3.1) with an accuracy of 84.6% (i.e.eamr of 15.4%) when the closest competitors olethian
accuracy of around 73.8%.
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The AlexNet network has a similar and deeper agchite compared to LeNet (Figure 28). This network
is composed of five convolution layers and thrdly fconnected layers. According to Figure 28, tinst f
convolution layer uses 96 filters of size 11 x Whjle the other convolution layers are based darslof
size 5 x 5 and 3 x 3. The first, the second, arditth layer of convolution are followed by maxgqdmg
layers and the first two layers are followed byanmalization operation (local response normalizatio
(LRN)). The LRN method improves the generalizatima the nonlinearity of the network. This operation
is applied to the results of the RelLu activatiomchion. As opposed to LeNet, AlexNet offers the
exploitation of the ReLu activation function, besalit allows speeding up the learning comparedheo t
tanh function. This leads to a remarkable redudticime complexity in the case of large modeld tra
trained on data of considerable size.

Despite the considerable size of the training hessl, the AlexNet network risks the problem of ever
training because of the high number of parame&bdaillion). To avoid this problem, the techniques
data augmentation and regularization by dropoubbut) have been exploited. The data augmentation
method used extracts random patches of size 224 xThen these patches are augmented by horizontal
reflections. In the test phase, the decision ptesiie average of the predictions of all the paichitie
Dropout method was used in the first two fully ceated layers with a dropout rate of r = 0.5. Innéay,

the descent with inertia method was used with a get of size 128 and a learning rate initialized.@l1.

This rate is manually reduced 6 times during leggni

The learning process took five to six days to finisnning in 90 epochs on two NVIDIA GTX 580 3GB
GPUs. The use of parallel GPUs makes it possitdpeéed up the execution time and to offer the poitgi
of loading the entire model in memory, due to theted memory of the GPUs (3 GB).
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Fig. 28. AlexNet network structure [9].
The good functioning of this network (and therefibsesuccess) can be explained by three factors:
» The use of efficient operators such as RelLU funstiand the dropout operator.

» The technical skills of Alex Krizhevsky made it gidde to implement the network on a graphics
card, making it possible to speed up the trainimg of the network and therefore to train it longer
and more efficiently.

» A large amount of data is used to train the netwdtiese three factors together have enabled an
important advance in image recognition and havetritnited to the current popularity of
convolutional neural networks.
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2.5.3 ZFNet
Despite the performance of AlexNet in ILSVRC, [9% chot justify the choice of hyper-parameters
(size of filters, number of layers) and how to atljlnem to improve CNN performance. In additiorg th
behavior of the network and its internal functianmemain ambiguous from a scientific point of view.

To understand the behavior of CNNs and improver theiformance, [73] proposed a new visualization
method that allows deciphering the content of thiermediate layers. The purpose of this visualrais

to study the behavior of AlexNet and to proposeoptimized version called ZFNet. The visualization
technique is based on the multilayer deconvolutioe&wvork (Deconvnet) [74]. This network makes it
possible to project the maps of the internal chargstics at the entrances to visualize their aante

The Deconvnet network is based on three operatiwonmoling, rectification, and filtering. The unpiog
method is the reverse of the pooling operation©RN&. It allows restoring the content of the chéesistic
cards before the pooling operation. The rectifarats based on the ReLu activation function. inhalates
the negative values of the characteristic cardierkig is the inverse operation of convolutionislbased

on the transposed version of the filters used & d¢bnvolution operation. This operation applies the
transposed filters on the feature maps to obtarpthvious convolution layer. These three operatame
successively repeated on the internal feature mafisreaching the input pixel space. To visualize
content of the feature maps, the Deconvnet netigdikked to each layer of the CNN network. Fig@ge
illustrates the result obtained by Deconvnet omihe best activations of layers 2 and 5. Thislteiows
the hierarchical nature of the CNN network, whéee2nd layer represents simple features like ceraied
edges. Then these features become more compldve ideteper layers until the last convolutional layer
(layer 5), where the objects are fully visible.

This visualization technique made it possible ttediesome problems. The first filters present atonexof
information of varying frequency. In addition, tBed layer illustrates the presence of a noise tiagul
from the large value of the step S = 4 in the cduian operation. To solve these problems, the sfzbe

first filter was reduced from 11 x 11 to 7 x 7 ahd value of the step S from 4 to 2. Figure 3Gsthates

the new architecture of the proposed ZFNET netwbhle proposed changes improved the performance of
the AlexNet network by 1.7%. This result illustsitbe use of visualization techniques in hyperpatar
tuning.

@4 -
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AN

i

Fig. 29. Result of applying the Deconvnet network on layzend 5 [74].
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Fig. 30. ZFNet network structure

2.5.4 VGGNet:

VGGNet [75] is a convolutional neural network thatbased on the same concept as the AlexNet
network [9]. The objective of this version is tdesfdeep configurations (16 to 19 layers) basedhen
technique of structural stabilization. This techignakes it possible to control the number of petars
in deep networks to optimize and reduce the riskvei-learning in the AlexNet network. To optimine
number of parameters, the VGGNet network propasesduce the size of the filters from 7 x 7 and% x
to 3 x 3. This change makes it possible to add rmismediate layers without risking an exponential
increase in the number of parameters.

The comparative study between the number of pammeéeh three stacked convolution layers
associated with filters of size 3 x 3 and a singlavolution layer associated with a filter of sizex 7
showed that small filters reduce the number of petars. If each convolution layer has a depth €, th
number of parameters in 3 stacked convolution Bg@r 3) is 3 (32C2). While the number of paramgete
in a single layer associated with filters of sizex 7 is 72C2. Finally, we summarize the stacking of
convolution layers associated with small recepfietels allows to reduce the number of parametedscan
Improves network non-linearity through additionetization functions (ReLu).

Figure 31 illustrates the VGGNet network configioas. These configurations vary in the number of
convolution layers and the size of the filters. TdenvF-P annotation expresses a convolution layer
associated with filters of size F x F and depth P.

Configuration A is composed of 11 layers (8 contiolu layers and 3 fully connected layers). The
second configuration A-LRN integrates into A norinaion operation (LRN) after the first convolution
layer. Configuration B adds two convolution laygrg\. Configuration C integrates into B three aidaill
convolution layers associated with filters of size 1. These filters make it possible to improve tion-
linearity of the network through the RelLu functidmecause they represent a projection in a spattesof
same dimensionality, where the input layers hagestime dimensionality as the output layers.

The experimental study on the ImageNet learning smwed the positive effect of depth on the
performance, where the deepest networks perforrbeébe The comparative study between the A and A-
LRN configurations indicates that the normalizatigreration (LRN) does not improve the performarfce o
model A. In addition, unlike convolution layers assited with 3 x 3 size filters, convolution layers
associated with 1 x 1 size filters have a negagftect on network performance.
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ConvNet Configuration

A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers

mput (224 x 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
FC-3096
FC-4096
FC-1000
soft-max

Fig. 31. The VGGNET network configurations [75]

2.5.5 Inception:
The easiest way to improve the performance of warktis to increase its size in terms of width
(number of parameters in each layer) and depth ifeuof layers). Despite the efficiency of deep roeks,
they have several drawbacks related to the riskef-fitting on limited volumes of data. In additiadeep
networks are more demanding in terms of storagecantputing capacity. To solve these problems and
adapt the use of deep networks to real-time agpmits®, research has focused on partially connected
architectures more than fully connected architestur

The Inception network [58] is a convolutional nduretwork that offers the exploitation of Inception
modules. These modules feature optimized variahtleoclassic convolution layers. Inception modules
introduce partial connections inside a convolutayer to reduce its dimensionality.

Figure 32 shows the structure of an Inception medThis module uses filters of variable size (1, x 1
3 x 3, and 5 x 5) which are applied on the samealation layer. Then, the resulting feature maps ar
stacked to form the next convolution layer. Varythg size of the filters helps to avoid patch atigmt
issues. Despite these partial connections, thepsantation of feature maps rapidly increases thehdep
the convolution layers. To solve this problem, 1 size filters were introduced before 3 x 3 and%size
filters. These filters reduce the depth of the abation layer before the other filters are appbed improve
the nonlinearity by the ReLu activation functiomssummary, Inception modules increase the deptheof
network by controlling the computational complexiity parallel through dimensionality reduction
techniques. Moreover, the variation in the sizethdf filters makes it possible to process the input
information on different scales.
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Fig. 32. Structure of an Inception model

Figure 33 illustrates the structure of the Incapti®twork, which is composed of 22 layers in total.
This network is formed by a concatenation of clzdstonvolution layers, Inception modules, and Avg-
pooling layers. Unlike the architectures proposewipusly, Inception proposes the integration ofilaary
classifiers, which are connected to the intermediayers. This technique introduces the discrimieat
strength of shallower networks through the inteniakedayers, where the error rate is calculateédas
a weighted average of the results of the threeigifed layers. In summary, the Inception networls ha
shown its effectiveness in dimensionality reductibrough Inception modules. These modules offer a
deeper and more efficient network by reducing t@lmer of parameters of AlexNet by 12 times [9].

Fig. 33. Structure of Inception model [58].

2.5.6 InceptionV2 and InceptionV3

InceptionV2 and InceptionV3 [59] are optimized vens of the Inception network [58]. These
architectures offer variants of Inception blocksdduce the number of multiplications in convolatand
therefore optimize the computational complexitye3é variants are based on two factorization teciesiq
factorization of convolutions associated with larfikers and spatial factorization in asymmetric
convolutions. The first technique proposes to redte size of filters from 5 x 5 to 3 x 3 becauters of
size 5 x 5 are 2.78 times more expensive compartiters of size 3 x 3. Despite the effectivenekthis
reduction in the number of parameters, it can garea loss of information. To avoid this problehe t
factorization technique proposes to replace a dativo layer associated with a filter of size 5 xvih
two convolution layers associated with filters afes3 x 3. This leads to a reduction in the nundfer
parameters by 25%. Figures 34 and 35 show the bételcture of Inception in InceptionV2 and
InceptionV3.
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Filter Concat

Filter Concat

Fig. 35. Structure of Inception blocs in InceptionV2 anddptonV3

The second technique proposes to replace the adhssbnvolutions (n x n) with asymmetric
convolutions (n x 1 and 1 x n). This method redibesomputational complexity by 33% for n = 3 (g
2.15 (right block)). In addition to the techniqueentioned above and exploited in InceptionV2,
inceptionV3 proposes the use of (a) the metho@gdilarization by smoothing (label smoothing), ¢® t
auxiliary classifiers where the entire connectegbtds normalized by the method of normalization pe
batch, and (c) factoring filters of size 7 x 7 gymmetric filters (1 x 7 and 7 x 1). Figure 2.1dstrates
the structure of the InceptionV3 network that imposed of 42 layers in total.

The comparative study between the results of tleegtion, InceptionV3, and VGGNet networks
demonstrated the effectiveness of InceptionV3 enageNet learning base.

2.5.7 ResNet
ResNet [62] is a convolutional neural network basadresidual blocks. The main purpose of this
architecture is to solve the gradient degradatimblpm of vanishing gradient. This problem appéars
very deep networks, where the precision starte tedturated and then degrades rapidly due to tireake
in the values of the gradients. To solve this mrohlresidual blocks were introduced.

The residual blocks (Figure 36) represent residoahections between the output of the previous lagd
the output of the current layer. These connectimagormulated by equation 2.2. To perform the tiofdi
a linear projection Ws is performed to obtain eglént dimensions (x and F(x)).
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To demonstrate the effectiveness of residual blaeksolving the gradient degradation problem, [62]
performed a comparison between the performanceNdfCwith and without residual blocks (Figure 37).
They used two networks inspired by VGGNet and carpmf 18 and 34 layers in total. The comparative
study shows that in the classic version of the Givorks, the shallower networks (18 layers) aee th
most efficient. While in ResNet networks the deapaiwvorks are the most efficient. These resultsquto
the effectiveness of residual blocks in solving gihadient degradation problem. To analyse the etfec
depth on ResNet networks, a comparative study wased out between ResNet-50, ResNet-101, and
ResNet-152 networks. These networks contain rekiclmanections between three convolution layers
(Figure 36) instead of two layers to speed uprdiaing time. The results obtained illustrate theamtages

of depth on the performance and efficiency of neaidblocks in solving gradient degradation probléms
very deep networks.

Fig. 36. Structure of residual blocs
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Fig. 37. Comparison between the performance of CNNs withwaitttbut residual blocks
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Fig. 38. Structure of ResNet Network [62].

To optimize the structure of ResNet networks, saverariants have recently been proposed:
ResNet-CutMix [76], ResNet+SWA [77], AA—ResNet [78hd ResNeXt [79].

2.5.8 Inception-v4 and Inception-ResNet
Szegedy and al. [60] proposed two variants of theeptionV3 network [59]: inceptionvV4 and
Inception-ResNet. The InceptionV4 network is a @eepniform and simplified version of the Inceptitth
network. Figures 39, 40, and 41 illustrate thecitmes of the Inception modules used (Inception-A,
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Inception-B, and Inception-C), respectively, andure 39 presents the architecture of the InceptionV
network
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Fig. 39. The structure of the Inception modules (B) of theelptionV4 network

The Inception-ResNet network proposes hybridizatlmetween the modules introduced into the
InceptionV3 network [59] and ResNet [62]. The pupof this combination is to speed up the training
time of the Inception network and avoid the gratlidegradation problem of very deep networks. In
inception layers, filters of size 1 x 1 are usefbteethe residual link to obtain the same dimenalion of

the input data and perform the addition.
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Fig. 40. The structure of the Inception modules (B) of theeption V4 network
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Fig. 41. The structure of the Inception (C) modules of theeption V4 network

The experimental study on the ImageNet learning Baswed that the residual blocks are not necessary
some cases. For example, the InceptionV4 networfoqmes better compared to Inception-ResNetV1.
Where the Inception-ResNetV2 network was the mdéitient compared to all the other networks
(InceptionV3, InceptionV4, and Inception-ResNetV1).
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Fig. 42. The structure of the Inception V4 network

2.5.9 DenseNet

DenseNet [80] is a convolutional neural networkdohen dense connections between convolution
layers. According to Figure 43, this network is garsed of a set of dense blocks, which are linked by
transition layers. Each block contains a set ofvohrtion layers, where each layer is connectedllto a
subsequent layers belonging to the same block.ifitneduces L (L+1) 2 connections in a block comitag
L layers in total. Unlike classical CNNs, each laggceives L inputs which represent the featuresdp
the previous L — 1 layer. These connections estallirect links between the gradient of the costfion
and the original inputs. In addition, they imprdbe regularization and therefore reduce the proldém
over-fitting and gradient degradation.

The number of layers in a dense block dependsegribwth rate k. This rate specifies the numbenuit
feature maps and regulates the amount of informatiilwled to each layer in the network. To minimiee t
total number of parameters, DenseNet uses layedswih-sampling and rate compression. These layers
are presented by transition layers and composedbatch normalization layer, a convolution assedat
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with a 1 x 1 size filter, and an Avg-pooling lay&he transition raté € {0, 1} allows reducing the number
of resulting feature maps of a dense block. FigiBellustrates the structure of the different Déhsie
network configurations. These configurations varynetwork depth (from 121 to 201). Each block is
composed of a set of convolution layers, where eéaalsociated with filters of sizes 1 x 1 and3 x

Layers Output Size DenseNet-121 | DenseNet-169 | DenseNet-201 | DenseNet-264
Convolution 112 x 112 7 = 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block [ 1x1conv ] [ 1x1conv ] [ 1x1conv | [ 1x1cony ]
56 x 56 6 6 6 6
(1) 8 _3><3<:(:mv_>< _3x3c0nv_x _3x3c0n\'_x _3)(3(:(.1[1\.'_><
Transition Layer 56 x 56 1 x 1 conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block [ 1x1conv ] [ 1x1conv ] [ 1x1conv | [ 1x1cony ]
(2) 28 %28 _3><3c0nv_xu _3><3c01w_><12 _3><3c0n\.'_><12 _3x3cunv_><12
Transition Layer 28 x 28 1 x 1 conv
2) 14 x 14 2 x 2 average pool, stride 2
Dense Block [ 1% 1conv ] [ 1x1conv ] [ 1x1conv | [ 1x1conv |
14 x 14 24 32 48 64
(3) 8 _3><3conv_x _3><3L‘0nv_x _3x3conv_x _3><3cun\'_><
Transition Layer 14 x 14 1 x 1 conv
3) Tx17 2 x 2 average pool, stride 2
Dense Block [ 1% 1conv | [ 1x1conv | [ 1x1conv | [ 1x1conv |
Tx17 16 32 32 48
(4) X _3><3conv_x _3><3L‘0nv_x _3x3conv_x _3><3cun\'_><
Classification Ix1 7 » 7 global average pool
Layer 1000D fully-connected, softmax

Fig. 43. Configurations of DenseNet network [80].

The comparative study between the results of thesEdet and ResNet networks showed their equivalence
This indicates the efficiency of DenseNet due $adduced number of parameters compared to ResNet.
summary, the DenseNet network has several advantadgted to its efficiency in feature extraction,
reduction in the number of parameters, and reduatigradient degradation problems.

2.5.10 Discussion and comparison

The purpose of this section is to compare the t&sfithe deep networks detailed previously. Mdst o
the architectures were submitted to the ImageNetpetition to validate the results obtained. Alexidet
the first DL-type network that achieved an inteiregerror rate (15.3%) compared to the resultdaxfsical
ML methods. In 2013, the ZFNet variant [73] of tlexNet network achieved an error of 14.8%. In 2014
this error rate decreased to 6.8% based on thptinoearchitecture [58]. This network proposesraditire
which reduces the number of parameters by 12 ttivesof the AlexNet network. In the same year, the
VGGNET network achieved an error rate of 7.3%. 012 the deep network ResNet [62] composed of
152 layers reduced the error rate to 3.57%. In 2016 Inception-ResNetV2 network, which offers
hybridization between Inception blocks and residinéks, reached a rate of 3.7%.

Table | compares these architectures in terms pthda@umber of parameters, and accuracy.

The purpose of these architectures is to provigh-performance networks by reducing storage capacit
and computation time. Optimizing the structure t#ssical convolution layers was one of the main
strategies to achieve this treatment. For exantpke,Inception deep network reduces the number of
AlexNet parameters from 60 to 6.8 million and impe performance from 63.3% to 69.8%. This reduction
is achieved by Inception blocks through dimensityatduction techniques.

TABLE I. ComPARISON BETWEENCNN ARCHITECTURES IN TERMS OF DEPTHNUMBER OF PARAMETERSAND ACCURACY.
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: Depth Parameters Top 1 Top 5
Architecture (Million) (Accuracy) (Accuracy)
AlexNet [1] 8 60 63.3% 84.6%
ZFNet [73] 8 - 64% 85.3%
Inception [58] 22 6.8 69.8% 89.9%
VGG-19 [57] 19 144 74.5% 92.0%

InceptionV2 [59] - 11.2 74.8% 92.2%
ResNet-152 [62] 152 21.8t0 60.2 78.57% 94.29%
Incep-ResNetV[70] - 55.8 80.1% 95.1%

The results obtained also indicate the efficientinoep-ResNetV, where it reached a rate of 80% wit
55.8 million parameters. As we mentioned beforeepdaetworks improve nonlinearity through the
additional activation (ReLu) functions. This impesvperformance in most cases on large volumesaf da
This strategy has been exploited by the ResNetg&b&ork, where it increases the depth of AlexNetrfr

8 to 152 while maintaining the same number of patans (60 million). The techniques used in ResNet-
152 improved performance to 78.57%, which reinferassumptions about the power of deep networks.
Finally, the performance of the other variants p€eption (InceptionV3, Xception, and Inception-
ResNetV2) varies by 78.8% and 80.1% with a reducedber of parameters compared to ResNet-152.

Figure 44 presents a more informative view of panance compared to the previous table. It indicthiats

the VGGNet network is the most demanding in terirss@rage and computing capacity. The ResNet and
Inception architectures form a straight line anel @amganized according to their depth. Generallyhiwi

the same category, the deepest networks perfortn bes
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Fig. 44. Representation of architectures in terms of Topeueacy, depth, number of operations, and numbpadmeters
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2.6 Object detection

2.6.1 Regions with convolutional neural networks (R-CNN)
Regions with convolutional neural networks (Regiaith CNN features (R—CNN)) [64] is a deep
learning architecture designed for object detecftidris architecture combines regions proposal nustho
and CNNs.

Figure 45 illustrates its structure which is conggbsf 3 modules: ROI extraction, feature extractamd
classification. The first module is based on tHed#e search method [1] which offers 2000 indejet
input regions. Then, these regions are adjustadhiieve CNN-compliant dimensionality.

R-CNN exploits the AlexNet model [9] pre- trainedthe ImageNet database and followed by fine-tuning
on the PASCAL target learning base. The purpogbkistransfer is to avoid the problem of overfigtithe
limited data volumes of the PASCAL database. Ttap extracts 4096 attributes from each region.Iina
these vectors are provided to the SVM algorithm tfar classification task and to the bounding-box
regressors algorithm to adjust the bounding bakefproposed region.

The experimental study on the PASCAL VOC learniagedbshowed that R-CNN improved the average
error (MAP) by 30% compared to the results obtaipesliously. Despite these performances, RCNN
cannot be exploited in real-time applications beeanf the high processing time for 2000 regioriatefest

(47 slimage).
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Fig. 45. The Structure of Regions with Convolutional Neuxatworks (R-CNN) [64].

2.6.2 FastR-CNN
Fast R-CNN [65] is an optimized version of the RXChrchitecture [64]. Its main purpose is to speed
up the learning and testing time of R-CNN. As wtaied earlier, R-CNN performs the feature exti@tti
task for each proposed region. This requires maRd@p passes in the CNN network, which slows down
the test time. To solve this problem, Fast R-CNikésaas input the entire image and the coordindtéeseo
regions of interest, so only one pass is perforfoedach image instead of 2000.

Figure 46 illustrates the Fast R-CNN network sttt This network passes the input image to the CNN
network to generate output feature maps. Themrihi@osed regions are identified in these mapsesidad

by the Rol-pooling layer. The output vectors arentipassed to the fully connected layers. Finatig, t
outputs are used to predict the class by the Saftassifier and to readjust the bounding box by th
bounding-box regressor.



48

Dnstpts: bbax
; softmax regressor

Ral EC
pooling

layer T FCs

| Rol feature
feature map vector

For each Rol

Fig. 46.The structure of the Fast R-CNN network [65].

Like R-CNN, Fast R-CNN uses pre-trained models thaselmageNet learning and fine-tuning technique.
To adapt these models on the Fast R-CNN archieectioe last max-pooling layer is replaced by a Rol-
pooling layer and the last fully connected and Raft layer are replaced by two other FC type layens
structure shows that learning in a Fast R-CNN ifopmed in a single step instead of three sepatates
(SVM, Softmax and the regression algorithm). Akkgh factors have helped to speed up the learnthg an
testing time of RCNN and improve its performance.

The experimental study based on the VGG16 modéi@RPASCAL VOC 2012 learning database showed
that Fast R-CNN is 9 times faster than R-CNN imresy and 213 times in test.

2.6.3 Faster R-CNN

Faster R-CNN [66] is an optimized version of thetF&-CNN network. Unlike the methods explained
previously, this algorithm eliminates the selectearch and integrates the process of selectingnegf
interest inside the network. This strategy autosi#ite task of selecting regions of interest aneédpep
processing time. First, Faster R-CNN passes thé infage to convolution layers to generate outpatire
maps. Then, Region proposal network (RPN) genethteselection frames of regions of interest from
these feature maps (Figure 47). The regions prapbgeRPN are then resized by the Rolpooling layer.
Finally, the output vectors are passed to fullyrmmared layers to classify the object and optimeniling
boxes.

| Qkscores | | 4k coordinates | <4mm fanchor box

els ia}fe:r\ ’ reg layer z |

256-d i
' intermediate laver

shiding window
conv featre map

Fig. 47. The process of a Region Proposal Network (RPN)
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2.6.4 YOLO
You Only Look Once (YOLO) [67] is a convolutionatural network designed for object detection.

Unlike the methods explained previously, this amstture treats the object detection problem as a
regression problem to predict object classes amahding boxes in parallel. The learning and predicti
process from the whole image allows the networ&ricode the contextual information, and thus reduce
the rate of false positives. In addition, the uka single network for detection has acceleratedgssing
1000 times compared to R-CNN and 100 times comparéast R-CNN, where it can process 25 frames
per second.

Figure 48 illustrates the detection process peréarisy YOLO. First, this grating divides the inpotage
into S x S grids. Each grid predicts B selectianfes and the probabilities of belonging of the chie
the different classes C. A selection frame is atterized by 5 parameters: 4 coordinates (x, y,)ramnd a
confidence score P. This score represents the Ipititypaof an object belonging to this frame and its
accuracy. To summarize, each input image is agedoieith a prediction encoded as a 3D tensor ef Siz
x S x (5B + C).

Final detections

Class probability map

Fig. 48. YOLO's object detection process [67].

YOLO's architecture is inspired by the Inceptiontwark [60]. This architecture is composed of 24
convolution layers and 2 fully connected layersldarning, the first 20 layers are initialized bsep
processing on the ImageNet learning base, whileaimaining layers are initialized randomly. Deslie
efficiency of YOLO and its faster processing congghto previously introduced systems, this netwark h
some disadvantages related to spatial constraints &s: the number of selection frames in a grids T
limits YOLO's ability to detect small objects orgmad in groups. In addition, this network has ahhig
localization error compared to other systems basaggions of interest.

2.6.5 Comparison and discussion
The structures detailed above were evaluated aecbtgtection benchmarks: PASCAL VOC 2007 and
PASCAL VOC 2012. The PASCAL Visual Object Classifion (PASCAL VOC) learning base is
composed of 20 classes, including humans, animalicles and interior objects. This training datsba
contains about 10,000 images for training and adilidh, and it was used in 8 challenges in the pe2@5-
2012, where each challenge had its own specificitie
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2.7 Semantic segmentation

2.7.1 Convolutional Neural Networks

Semantic segmentation consists of assigning a tasach pixel belonging to the input image. Infsuc
applications, CNNs are used as pixel classifiere fetwork takes as input segments of the image and
classifies its center. This operation is repeatealf the pixels of the image, where each pixebissidered
as a center of the proposed segment. The main dchwdf this method is its very high processing time
due to the dense classifications of all the infxe:ls. This limits their exploitation in real-tinggplications.
In addition, the input patches of neighboring pixelerlap, and therefore the same convolutions are
calculated several times.

2.7.2  Fully convolutional networks

Unlike CNN, the FCN network [68] performs the segmagion phase in a single pass (Figure 49). This
network is composed of two main parts: down-sangpdind resampling. Down-sampling captures semantic
and contextual information. Then resampling resttine spatial information. The FCN network can thand
variable size entries. This is achieved by elimigafully connected layers, as they are bound édfitked
input size. This network replaces fully connectegels with convolutional layers to produce spatiaps.
Then, these maps are passed to the deconvolugiersIfy4] to restore the input size and produceppesl
classified outputs. FCN is characterized by its-endnd learning process compared to region-based
semantic segmentation methods. This network has\adhgood performance in segmentation compared
to other classical methods on the PASCAL VOC leaytiase. Despite its efficiency, FCN is characbetiz
by some limitations related to spatial invariancel dack of contextual information. In addition, the
resolution of the input image decreases becau#ts phssage through a succession of convolution and
pooling layers.

Fig. 49. The structure of the fully convolutional networl8]6
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2.8 Conclusion

In this chapter, we have detailed the general stramf a CNN network and analysed some known
architectures in classification, object detectiand segmentation. In classification, the architestu
submitted to the ImageNet competition have beeagraxt interest thanks to their remarkable perfogaan
The main goal of these architectures was to propesg variants while reducing in parallel the total
number of parameters. These variants are charzadiebly new basic blocks like the Inception bloaks i
the Inception network, and the DSCs in the MobilemNgwork. In addition, other variants offer to ngize
between different blocks, such as the InceptiorNResetwork which combines between Inception blocks
and residual links. In detection and segmentatiom,objective was to propose structures which niiake
possible to detect and segment objects in real ek as YOLO and FCN networks. YOLO speeds up
detection time by integrating the Rol generatioagghinto the network, and FCN performs segmentation
in the prediction phase in a single pass.

The following chapter presents the fields of agilmn of the architectures defined in this chapter
classification, detection, and segmentation. Ia tointext, we will start with a general descriptidra few
fields of application. Then, we will detail the lfieof medical imaging and the field of detectiorfaisified
images which have the area of interest of thisithes
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Chapter lll: Convolutional neural networks in vision by computer, image
forgery detection, and medical imaging

In recent years, deep learning has been explaiteehieral areas. In computer vision, CNNs are known
for their good accuracy in solving real-world pretols. The objective of this chapter is to present an
overview of some application domains of CNNs in paier vision, such as image classification, object
detection and localization, semantic segmentatidigct recognition, image tampering detection, and
facial recognition. We also presented some appicatreas of CNNs in medical image processing based
on classification, detection, and segmentationrtiegles.

Keywords. Computer Vision, Deep Learning, Convolutional NeuNetwork, Fields of Application,
Medical Imaging, image tampering detection.
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3.1 Introduction

Computer vision is a branch of artificial intelligee. It allows a computer to analyze, process, and
understand images. Vision systems are exploitedtract relevant information from visual inputs ége
or video) for use in other recommendation tasksn@uater vision prediction systems are based on machi
learning algorithms. They make it possible to amalthe visual inputs taken by an acquisition system
These algorithms are trained on data to produgaububodels. The generated models are then usée in t
prediction phase. Traditional machine learning réthrequire a formal representation of complex data
(images, video, or text). This representation mdpced in the feature extraction phase (the hafiddra
features). The main drawback of these approachhbsirsnegative influence on the results. Unlikessical
ML methods, DL methods and especially CNNs areablét for complex data, because they merge the
feature extraction phase into the learning procgssgeral factors have contributed to the succe€Ndis
in computer vision, such as the first GPU impleragah [81], the first application of Max poolingZB
and Massive Amounts of Data. CNNs are composedset af convolution and pooling layers, which are
grouped into blocks, and one or more fully conngtdsg/ers. These blocks are stacked to form a deep
learning network. In recent years, several optichizechitectures have been proposed to improve
classification accuracy and reduce the computdtioost of CNNs. Therefore, in the category of DL
networks, CNNs have become the core algorithm®inpeiter vision. Due to their efficiency in handling
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large volumes of data, deep learning techniqueseptepowerful tools for processing and analyzirg bi
data. Given the significant progress in computsioni methods, these techniques have been explaited
several real-world applications such as the deteati falsified images [217], R [83], the mediceld
[84], robotics [85], and autonomous cars [86].

The main objective of this chapter is to detail sdmown applications of convolutional neural netkgor
in computer vision such as image classificatiofecttdetection, and localization, semantic segntema
object recognition, image tampering detection, iewedical image processing (Figure 50).

Classification Object Detection Instance Segmentation

CAT, DOG, DUCK CAT, DOG, DUCK
Fig. 50. Applications of convolutional neural networks imgouter vision

The proposed methods in this thesis are interéstedlving the problems related to falsified imagesl
medical images and exactly CT images. For thishaxe presented a section that explains the differen
types of medical images and some methods propos#tkistate of the art for the processing of these
images.

3.2 Fields of application

3.2.1 Classification of images

Image classification consists of classifying angmanto one or more classes. This problem is also
defined by object classification or image recogmitilt is considered a basic problem in computsioni.
It forms the basis for other computer vision tasksh as localization, detection, or segmentationet¢ent
years, deep learning techniques have advanceddeoably in computer vision, especially in the field
object recognition. Deep learning methods are knfawtheir good performance on large volumes ohdat
and their over-fitting problem on limited data. Téfere, the ImageNet Database composed of 15 millio
annotated images has attracted a lot of atten®3h [As we mentioned in the previous chapter, the
performance of CNNs can be controlled by adjustiegdepth and width, and by sharing the weights. It
involves a short learning process. The CNNs testedhe ImageNet basis have achieved satisfactory
performance; this has encouraged the computemvisimmunity to use them in other fields (Table. 11)

TABLE Il. CLASSIFICATION METHODS

Methods Task
Karpathy and al.g8] Large Scale Video Classification
Lawrence and al8P] Facial recognition
Ciresan and al90] Classification of handwritten characters

Tajbakhsh and al9f] Analysis of medical images
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Hu and al. §2] Classification of hyper-spectral images
Spanhol and al 93] Classification of breast cancer images
Lakhani and Sundaraf4] Classification from radiological images

3.2.2 Object detection and localization

Image classification consists of assigning a cl@ssan image while object detection involves
surrounding one or more objects in an image witlniding boxes. Object detection is a more diffitask
compared to classification because it combinesntit®ons of classification and localization. It ali®
precisely locating and classifying target objectsan image. For example, it is possible to useabbje
detection methods to identify cells or tissues adinal images [95]. Object detection is among thewn
areas in computer vision, which have received aflotterest [96], [97]. Standard object detectiosthods
were based on handcrafted features. These methm#a@wvn for their lack of generalization becatuse t
attributes extracted depend on the domain of gieliaing processed. In addition, their evolutios wery
slow between 2010 and 2012 in the PASCAL VOC chgle Recently, several efforts have been made to
solve these problems based on CNNs. The convohltimural network as a DL model has achieved great
success in several fields in computer vision. 1b2(9] exploited this network for image classifica and
they succeeded in reducing the error rate of dabsiethods from 26.2% to 15.3%.

This progress encouraged the computer vision coritgntoiuse CNNSs in object detection. In 2014, [64]
proposed R-CNN, which is based on selective seardtCNN and SVM algorithms. This method achieved
good performance and reduced the detection timepamed to methods based on sliding windows for
proposing regions of interest. Despite the efficieaf this method in object detection, its proceggime

is not suitable for real-time applications. To spieip, several CNN-based structures have begropsa
(Fast R-CNN [6] and Faster-RCNN [66]). [66] havereleped an RPN that can almost detect objects in
real-time. This network makes it possible to simdtously predict the bounding boxes and their actes

in each position. The Faster R-CNN structure [@8hbines CNN and RPN networks to perform end-to-
end detection. However, Faster R-CNN does not adwaget the requirements of real-time object detpcti
The YOLO method [67] is one of the strategies peggbto adapt the detection time to the requirenaints
real-time applications. This approach turns thedtjetection problem into a regression problem.

In the works proposed in object detection, a varéiCNN-type architectures have been proposedklyea
supervised cascaded CNN [98], subcategory-aware {98N Alexnet [64], and an architecture inspired
by the Inception network [67]. CNN methods foreitijdetection have been used in several fieldsotem
sensing [100], medical diagnosis [101], and videwsillance [102].

3.2.3 Semantic segmentation

Over the past decades, semantic segmentation éssnped one of the great challenges in computer
vision. It consists of segmenting an image intéedént parts and objects. Its purpose is to assiglass to
each pixel of the input image. For a set of k @ads = {k, I>... k} and N variables X = {x, xa, ..., %},
each entry xis associated with a clags The class space is composed of k possible statésh are
generally extended to k + 1 to deal with the bagkgd class of the image. In general, X is a 2-Dgenaf
W x H = N pixels. In segmentation, the processingnore complicated compared to object recognitiwh a
detection. Classification assigns a class to eagé and detection classifies objects and defimeis t
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bounding boxes, while a segmentation algorithm edso segment new objects. Classical image
segmentation algorithms are usually based on clogtenethods and additional information on contours
and edges [103], [104]. Several approaches hava pegposed to improve clustering performance.
Modelling based on the Markov process [105] anddbmbinations of edge detection in a hierarchical
approach [106] are among the known methods. Degteopularity of classical methods, the new ssgce
of deep learning techniques in various tasks hagentdese methods very popular in computer vision
including segmentation. The DL methods presenatteznative, which makes it possible to automaijcal
learn the characteristics of the problem treatetkad of extracting them by the extraction methbesause
this process requires expertise in the domainytsffand often too much adjustment to adapt thethdo
problem being addressed. In deep learning, themaance of CNNs in classification [9] [58] and inject
detection [64], [65], [66] encouraged researchergxploit them in pixel classification problemsdik
semantic segmentation. These networks have beeh asecomponents in several architectures of
segmentation.

Image segmentation methods in DL are classified itree types: object segmentation, semantic
segmentation based on FCNs, and weakly superveggdentation [107].

The object segmentation methods by region stahttivé extraction of regions of interest, then thegions

are classified by classification techniques. R-C]8M]] is one of the DL-type architectures exploiiad
object detection and semantic segmentation. Iivgllthe segmentation phase according to the results
the detection. Despite the effectiveness of thithow it can cause a loss of information relatethédfield,

as the attributes used to come from fully connetagdrs, while the intermediate layers contain more
specific information. In addition, the generatiohape of the proposed segments has a high temporal
complexity, which can affect the final performance.

The main idea of semantic segmentation methodsllmasECN is to carry out a pixel classificationthvaiut

the need to go through the proposal stage of thedst regions. FCN [68] is among the most usedaris

in semantic segmentation. It is considered an sidanof CNN networks, where known architectures
(Alexnet [9] VggNet [75], Inception [23], and Res$ng2] are transformed into FCN. Despite its
effectiveness, FCN is characterized by certaintéitiins related to spatial invariance, lack of eahial
information, and poor resolution of output imadgdd\et [21] has demonstrated an abolishing restitién
segmentation of biomedical images. It is a fullynaalutive network (FCN) from start to finish that i
contains only convolutive layers and contains nasddayer thanks to which it can accept an image of
'No matter size. Deeplab [69], [108] presents ohthe solutions that improve output resolution. ST hi
method uses a fully Connected Pairwise CRF [109] ssparate module to perform post-processing and
refine the result of the segmentation. Other waniapose to improve segmentation by exploitation of
contextual information. For example, [110] used twverall AVG-Pooling layer to obtain the overall
context. Other research has solved the problenuttf-seller by the proposal of a network composgN o
FCN which uses different scales [111].

Segmentation in weakly supervised learning is aradhea of interest in semantic segmentation [1T0t#].
purpose of this method is to speed up the annatafiimages in the learning base because the gemera
of segmentation masks for learning is a difficulidatime-consuming task. Segmentation in weakly
supervised learning proposes the use of boundirgdhiiaostead of segmentation masks to reduce owiérhea
For example, [113] used a bounding box-based atiootéor learning, and they iteratively obtainee th
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segmentation masks. The PASCAL VOC learning ba%d][is among the known bases in segmentation
and has been widely used for the validation oftle¢hods proposed in semantic segmentation. To wapro
this base, several extensions have been devel&f&8CAL Context [115] and PASCAL Part [116].
Microsoft COCO [117] is another segmentation dagalmmposed of more than 80 classes.

DL methods in semantic segmentation have been insgelveral fields of application: autonomous cars
[118], medical imaging [21], and urban remote sem$i19].

3.2.4 Human Pose Estimation:

The estimation of the human pose is a known probtewomputer vision. It makes it possible to
determine the position of the human joints from des or image sequences. The estimate of human
installation is a very difficult task because of reat dimensionality of input data and the highation
of human poses. Recognition of action and the astirof human installation are two related problénrs
are generally treated differently in literature2(] were the first to offer a multitasking CNN neiik that
allows you to manage the two problems at the same The estimate of the human pose presented an
important role in different applications of the lrearld motivated by current technological advaneets.
Among the known applications are surveillance vidd@®1]: Surveillance makes it possible to follonda
monitor movements in particular circumstances,example in airports or supermarkets. Men machine
interaction [122], in systems; computers can belkbe for example by human gestures or sign language
The human-robot interaction [123] in certain assistiving situations, robots must estimate human
positions to ensure good interaction, and medioalgiery [124]: The estimate of the human pose can be
used to assist doctors in remotely checking patietivities.

Previously, the human pose estimation problem veaslled using pictorial structures [125]. In recent
years, deep learning has proven its effectivenedhis area, where different architectures havenbee
exploited. These methods are classified into holashd part-based methods [126]. Holistic proce&gsin
methods accomplish the task holistically withowt tieed to explicitly define a model for each pad és
spatial relationships. In contrast, part-based putstart by detecting individual parts of the harbhady
and then a graphical model is used to integratsphéal information.

DeepPose [127] is the first DL model proposed famhn pose detection. This model belongs to thes clas
of holistic methods. Several works have used CNNgctomplish this task. For example, [128] proposed
the exploitation of local and background patcheghe training of a CNN to predict the probabikitief

the presence of the parts and their spatial relstips. In another contribution, [129] used mudti@NNs

to independently classify multiple body parts. [[Lfbposed hybridization between a CNN and a Markov
random field. To improve CNN learning, [131] com&thCNN with a deformable mixture of parts model
to perform end-to-end learning.

3.2.5 Convolutional neural networks for image forgery deéction:

Tampered image detection is considered an impaafapiication area given the number of huge images
around us. Several research studies have beenateddar this purpose. Generally, one will find ttypes
of methods, classical methods, and deep learnirigads. The classical method is based on the chdssic
process of classification; it starts with the eati@n of the descriptors and then classifies tHEne authors
of [49] presented an image splicing technique usisgal artifacts. In [51], the authors used Idualary
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pattern (LBP) and pyramidal transformation (SPT)d&iect counterfeit images. In [32], the authors
highlight the

Recent advances in image manipulation and distiesprbcess of restoring damaged or missing areas of
an image. The authors of [4] presented a reviethefifferent counterfeit detection techniquesdéep
learning methods as we have already presentedhiéinetwork that takes care of the descriptaaetibn

and classification phase.

3.2.6 Convolutional neural networks for analysis medicaimages

Diagnostic assistance systems (CAD) are used o rheldical specialists in their decisions. These
systems make it possible to reduce inter-varietyvéen decisions of different experts and to avoid
subjectivity. In recent decades, the evolutionhaf Deep Learning fields on the one hand and ther oth
hand the development of the equipment and the gaadlty of the scanned images have encouraged the
computer vision community to improve the efficierafythe CADs. Despite the efforts made, CADs have
several limitations related to the collection and@tation of the data necessary for their desigitie€tion
requires many patients and tests to ensure thesseyeamount of data. In addition, annotationgestly
task in terms of time and effort, especially segtagon which requires annotating each pixel ingh&y
image. Generally, the annotation is ensured byapof experts to guarantee the validity of thedes.

At the end of the 1990s, classic learning techrigiML) experienced great interest from the medical
imaging community [132], [133]. The critical stepthese methods is the extraction phase of discaitimg
characteristics from the image. This process requin in-depth study by experts in medicine ancphcoen
vision. In addition, the characteristics extraageeatly depend on the medical task treated. Timgdithe
application of the methods offered to other typksmedical images. To solve this problem, the logica
solution is to automate the characteristics extadask to adapt it to any type of applicationisipprocess

is carried out by several types of deep learniggrithms.

Convolutional neural networks are among the mosidusetworks in image processing [134]. The
development in the structure of CNNs in computsiovi has encouraged the medical imaging community
to exploit these architectures to design powerifdD€. In medical imaging, scanned images have skvera
types like ultrasound (US), x-ray, computed tompbsa(CT) and resonance imaging (MRI), positron
emission tomography (PET), and slides histopathol&igure 3.2). DL algorithms use these images to
solve different tasks in medical imaging: classifion, localization, detection, and segmentation.
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Fig. 51. Scanned images types

From a medical point of view, a classification detsfor example of checking whether disease epists
not or of distinguishing between different typescahcer. Localization makes it possible to locatd a
identify regions of interest. For example, locateor areas on an image to classify them. Deteatiakes
it possible to detect several similar regions ¢liest on the same image. For example, it is plestib
detect tumors in CT images. Finally, segmentatitowa precise identification of regions of interefstr
example, the segmentation of brain tumors on MRiges.

We will detail what follows some methods (Table)ai proposed in the state of the art for thegssing
of different types of medical images. For more infation [84] and [134] detailed syntheses on the
application of DL networks in medical imaging.

+ Classification

The classification of objects in medical imagessists in classifying parts previously extractetinn
or more classes. To carry out this task, the lopatif the lesion is an important pre-treatmentrisuee
good precision. Several works have been propos#tkistate of the art to automate the classifinamio
different medical image modularity: radius-X [13§136], CT [137], MRI and PET [138], histological
blades [139], [140], and US [141], where the explion of CNNs has experienced great success. [135]
used a modified version of the GoogleNet pre-emétyvork for the classification of pulmonary radiaghy
images (X-ray). In another contribution, [136] pospd a modified version of DenseNet made up of 121
layers of convolution (Chexnet). The purpose of tiétwork is to automate the classification of iséases
from pulmonary radiography images (X-ray). The g system has achieved the same performance as
radiologists. In the MRI and PET scans categor§8Jlised a 3-D CNN to rebuild missing PET images.
The proposed system allows you to assist radid®gisthe diagnosis of Alzheimer's disease (SedeTab

1.

TABLE Ill. SUMMARY OF SOME WORKS PROPOSED FOR THE PROCESSINGMMEDICAL IMAGES BY CONVOLUTIONAL NEURAL

NETWORKS
Tasks Author Modularity network Application
Classification Rajkomar and al. [135] X-ray GoogletN Classification of chest X-ray

images
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Rajpurkar and al. [136]  X-ray ChexNet Disease classification from
chest x-rays

Li and al. [137] MRI and PET 3DCNN  ASSist in the  diagnosi
of Alzheimer's

Spanhol and al. [138] Histological slides  AlexNet Breas_t' | cancer tissue
Classification
CNN Classification of

Xu and al. [140] Histological slides CNN epithelial (EP) and
stromal (ST) Tissue

Inception— . .
Byra et al. [141] Ultrasound ResNet-v2 Assess fat in the liver

+ Location and detection

The detection of objects of interest in an imagansmportant step in diagnosis that requires aflot
effort by clinicians. For example, a CT image maytain hundreds to thousands of cancer cells to be
detected [142]. Several works in the state of thbave automated the task of detection in mediicages.

The main purpose of the proposed systems is toovepaccuracy and reduce manual processing time.
Localization of organs or landmarks has receivegiginterest, as it presents an important pre-gsicg
step in several segmentation tasks.

The first CNN-based detection system was propasetbtect nodules in X-ray images [143]. In another
study, [144] exploited the R-CNN network for thetet#ion and classification of malignant or benign
lesions on a mammogram. In the category of CT imgdé5] proposed an optimized version of the Faste
R-CNN network for the detection of lung nodulesdm images. In another contribution, [146] identifie
landmarks on the surface of the distal femur on figes based on three CNN arrays. In another study
[147] exploited a 3-D CNN network to detect micrdads in brain MRI scans.

In this thesis, we have dedicated a section thaild¢he recent works proposed for the detectidomors
due to the complexity of this task and the chakenit presents.

e Segmentation:

Segmentation makes it possible to identify theof@bxels or pixels that constitute the outlinetos
interior of the objects of interest. This task isimportant step in CAD, as it allows precise id@gtion
of regions of interest in medical images. The awatthom of tumor segmentation in the brain has bden o
great interest [148], as it reduces the manuakteffmde by specialists on MRI and CT volumes. This
treatment is necessary to precisely direct theicairgesection. For example, [149] used a CNN casrpo
of 11 convolutional layers for the segmentatiogliadma in the brain from MRI scans.

In the category of electron microscopy images, f@bposed a new U-net architecture based on the CNN
network for the segmentation of neural structuféss architecture is composed of the same numbp-of
sampling and down-sampling layers. It allows upédform the segmentation task in a single pas¢@nd
consider the contextual information. In anothertdbation, [150] applied pixel-based segmentatising

the sliding window strategy and the CNN network.

In the category of CT images, [151] exploited a DCbbmposed of encoding-decoding structures for
kernel segmentation. To speed up the processirgdif@ T images, [152] used the FCN network for eanc
cell segmentation.
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3.3 Conclusion

Computer vision systems are based on machine hgpatjorithms. These systems are used to analyze
visual inputs like images and videos. In recentgethe exploitation of DL networks in computeriois
and especially CNNs has been of great interesteireral real-world applications, such as image
classification, object detection and localizatimgmantic segmentation, segmentation of biomedical
images, falsified images detection, and facial ged@on.

CNNs are characterized by their efficiency in featextraction, and they are also stable to transitions.
These characteristics have made CNNs a good usdrcasveral fields of computer vision applications
Several CNN-like variants have been proposed iriteature. The main goal was to adapt the classic
architecture to the nature of the application.ddition, the nature and complexity of the architeetvary
according to the complexity of the problem treafied,example, object segmentation is a more difficu
task compared to detection and classification.

The processing of medical images and falsified esagre among the known problems in computer vision.
Several CNN-type architectures previously propdsaee been exploited and adapted for the processing
of different modularity of this type of image.

In conclusion, despite the promising results ofdahghitecture proposed in the state of the arhifognt
challenges remain. These challenges are relatibe tthoice of the optimal architecture to solveefingd
task. In addition, some architecture is charaaerizy their high complexity, and this limits thesal-time
executions in real-world applications.

The following chapters present the state-of-thesantributions of this thesis. In this context, wi start
with a comprehensive overview of the DL methodgpeed for the detection of biomedical images. At
the beginning of this chapter, we detail the wadated to segmentation methods. Then, we will éxpla
the techniques for pre-processing these imagethargtructure of some public CT learning basesalRin
we present the proposed contribution with the erpental results. The second chapter details thps ik
the segmentation of the falsified images and tipegmental results which also present the fieldatefrest

in this thesis.
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Chapter VI: Encoder-decoder based convolutional newal networks for
image forgery detection

The semantic manipulation of images has becomerethginks to the enormous evolution of image
editing software and increasingly efficient computdrastructures. As result, the identificationtbése
modifications becomes a very difficult task sinbe tnodified regions are not visually apparent.hiis t
chapter, a novel encoder/decoder-based convollitie@mal network method called Fals-Unet is progdose
to localize manipulated regions. The encoder ofnoeithod uses architecture topologically identioahiat
of the Resnet50 method; its main objective is #agtation of spatial maps to analyze the discniating
characteristics between manipulated and non-maatigdil regions. The decoding network learns the
mapping from low-resolution feature maps to pixaidl predictions to locate tampered regions. Amnall
the predicted binary mask (0: tamper, 1: do noptnnis generated by the final layer (Softmax).

This chapter is organized as follows: Section #tfotduces image manipulation. Then we presenttan ar
study in section 4.2. Then, the method proposedtiigncontext is contributed to section 4.3. Finallie
end with the results obtained and the qualitativet guantitative studies in section 4.4.

Contents

4.1 Introduction

4.2 Related work

4.3 Method
4.3.1 Problem statement
4.3.2 Architecture

4.4 Experiments
4.4.1 Implementation Details
4.4.2 Experimental Setup
4.4.3 Loss Parameterization
4.4.4 Quantitative Validation
4.4.5 Comparison with State-of-the-art Approaches
4.4.6 Qualitative Assessment

4.5 Conclusion

4.1 Introduction

Nowadays, we live in a world where we are exposed huge digital image flow. Therefore, the
manipulation of these images has become easi@kgha the fast evolution of image editing softwadne
addition, it becomes very difficult to differenttiabetween a manipulated and original image becaluse
such software, which leaves no visible trace to libhenan eye. Falsified images are used in several
application fields such as police investigationgaaensic evidence, journalism, etc. Falsified iesdor
malicious purposes will have dangerous consequences society.

Copy-move and image splicing are considered theé owamon methods for image manipulation. These
methods involve replacing one or more fragmentthefimage with one or more fragments of the same
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image or from other different images to createifiats images (some examples of this manipulatian ar
shown in Fig. 52). Therefore, falsified image détetis the path that we have chosen to provideiefit
solutions using deep learning approaches. In tileza generally, we have two detection categoroes f
digital image falsification, in the first categome find the classical methods, Fridrich et al. [lgi®posed

a method based on a discrete cosine transforneduperimposed blocks (DCT). Popescu and Farid [211
used a method based on the analysis of principapooents (PCA) to represent the image segments. Luo
et al. [200] proposed an algorithm that dividesithage into small, overlapped blocks, then, thg@athm
applies the comparison of the similarity betweessthblocks. Finally, it uses intensity charactiessto
identify double regions. The method based on béspkanalysis was proposed by Farid [182] to detec
unnatural higher-order correlations introduced ith® signal by the falsification process. Thus.efFal.
[182] used the Hilbert-Huang transform (HHT) to gmte classification characteristics and a stedikti
natural image model, this method is based on maneitcharacteristic functions with wavelet
decomposition (DWT). Shi et al. [220] utilized thatural image model multi-size blocks (MBDCT) to
detect splicing images. Johnson and Farid [19G3emrted a method for detecting the composition of tw
or more people in a single image as a functiorhefimtrinsic estimation parameters of the camenak D
and Memon [174] calculated the estimate of CFA nengatterns and analyzed noise based on CFA, and
then used a simple threshold classifier. The secatatjory includes deep learning methods; theskaust
have shown better results in the classification detgction of manipulated images. The authors b7][2
proposed a fully convolutional network (FCN) to elgtmanipulated regions. FCN is based on replacing
fully connected layers with convolutional layersvimg a 1 x 1 kernel, which allows each image pixel

be classified as falsified or non-falsified. In gl5the authors exploited the spatial and frequetmyains
using an LSTM network and an encoder to detechthnipulated regions. Finally, they used a decoder
network that learns mapping from low-resolutiontéea maps for pixel-wise classification to generate
binary masks. The authors of [76] have proposedwse to refined convolutional neural network
(C2RNet) method for locating the tampered regidiés approach uses C-CNN to predict suspect coarse
tampering regions and R-CNN to refine C-CNN detactiesults. In [79] the authors use the SRM (Spatia
Rich Model) filters to exploit the residual chamexistics of the manipulated and non-manipulate@lpix
They use a U-Net encode based on DenseNet archgeotintegrate the spatial characteristics talipte
the binary mask of the falsified Regions. In ountcibution, we propose a new method that aims gonest

the forgeries images based on U-Net [187] EncodemdDer network, followed by a pixel-wise
classification layer. The encoder network consatsconvolutional layers, which correspond to the
ResNet50 network [64] designed to classify objedis. start by initializing the training process witie
weights that are already training on the gigamtiadeNet dataset [65]. Then, we consider that eectidbr
layer has its own symmetrical layer in the enco#amally, we use the two-class SoftMax classifier t
generate binary masks and classify the decodeubutp
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(c)

Fig. 52. Images manipulation examples. a, b, and ¢ resgdgiilustrate splicing, copy-move, and object remiadechniques on
a tempered image. The first column correspondalsified images while the second column represteis ground-truth masks

4.2 Related work

In recent years, several research studies have pegosed to detect different types of image
manipulation such as JPEG artifacts, resampling,cantent modification. In this section, we wilvgia
brief overview of some of the existing solutiong fitetecting image forgeries. In literature, several
approaches aim to detect the resampling of digitatjes [179, 202,207, 2012, 220]. Most of thesdnpuit
use cubic or linear interpolation. The authors2ifg] used the periodic properties of interpolatiyrthe
second derivative of the transformed image to det@mipulation in an image. The authors of [207]
proposed an approach based on adding noise tafidesgampling on compressed JPEG images, where
we add noise before the image passes throughgshmpding detector; this method has proved thatreddi
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noise makes it easier to detect resampling. In,[178], the authors generated a feature from thmalized
energy density, and then they used an SVM class$fieobustly detect resampled images. The authiors
[184, 193] have proposed approaches to optimizdBies artifacts produced by compression techniques.
Feature-based methods have been presented byttioesaof [154, 226] for detecting image manipulatio

Several approaches have been proposed to detecaitviag of the seams [181, 199, and 222] and the
removal of paint-based objects [169, 196, and 248hy methods use the JPEG blocking artifacts teatle
changed regions [163, 164, 177, 198, and 201]alitieors of [153, 189, 191, and 194] focused tHé&irts

to identify and localize copy-move manipulation.eThuthors of [194] used an approach based on
segmentation to detect copy-movement manipulatibhis approach consists of dividing an image into
semantically independent patches and then perfgrrirtorrespondence of key points between these
patches. In [173], the authors used an algorithrpadéh matching to calculate the approximate neares
neighbour block on an image. They also used cirdidamonic transforms as an invariant characteristi
that showed efficiency on duplicated blocks thaterawent geometric transformations. The author2@3]
presented an image splicing technique using viatt#hcts. In [205], the authors used the LBP (lloca
Binary Pattern) and the SPT (Steerable Pyramidsfoam) to detect the forgeries images. In [185% th
authors highlight the recent advances in image pudaiion and discuss the restoring process of dathag
or missing areas in an image. The authors of [fpEEgented a review of the different techniquesgdries
image detection.

Recently, many types of research have been dowketext image manipulation by applying different
machine learning and computer vision algorithms 9. Several learning architectures [156, 69 e
been proposed in the semantic segmentation fighichvoutperform previous classical state-of-the-art
methods in terms of accuracy. The deep network odstf4, 69] are based mainly on CNN (Convolutional
Neural Networks), where different layers explograirchical characteristics to learn the spatial ofape
semantic region. The authors of [219] transforme@NN classification into a fully convolutional
classification by replacing fully connected layaeos produce spatial heat maps. Finally, they used a
deconvolution layer to up-sample the heat mapgémerating dense per-pixel labelling. SegNet [156]
exploits a decoder to effectively learn low-resintheat maps for pixel-wise predictions for segtagon.

The authors of [78] proposed a bidirectional veattmwing the full exploitation of the contextuamantic
relationships between pixels and the constructibra GCN under the attention mechanism, whose
characteristics that have high probability weights linked to each other. In [223], the authors aise
sequential joint deep learning algorithm for impngvsmall sample classification. This algorithmauBe-
LSTM and AML to integrate the multi-scale convotutifeatures under an attention mechanism. The
authors of [19, 40] used the fully connected paenvCRF as a step of post-processing to refine the
segmentation result. In [210], the authors usep sihnection to perform a late fusion of featurgato
make independent predictions for each layer andene results. Recent studies such as [7, 8,215l

63] use deep learning-based models for manipuldibection. These works include generic manipubatio
detection [7, 8], bootleg [166], splicing [215], danip-sampling [161]. The authors of [213] proposed
GNCNN (Gaussian-Neuron CNN) for steg-analysis.l62] the authors proposed an approach of deep
learning to identify facial manipulation. The auth@f [80] proposed an image region forgery debecti
using a model of stacked auto-encoder. In [159,ahthors proposed a new form of the convolutional
layer to learn the manipulated features from amgen®eep learning has improved performance inrdiffe
visual recognition tasks such as semantic segniemtf219], image identification [168], and image
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classification [82]. Deep learning is based ondkiaction of hierarchical characteristics to repré the
visual concept, which is useful in the segmentatibabjects. Most architecture depends on CNN, thic
provides spatial maps relevant to the manipulaggibns. In [197], the authors propose a CNN-based
forensic analysis framework for the detection chga operator’s chains. They used the architecfureos
stream CNN; the first stream is used for extractowal residual features, while the second is Used
detecting tampering artifacts. The authors of [¥88)pose a theoretical framework of informatioulévect
tampering operations, such as median filteringzirgg, and contrast enhancement in multiple chdihss
method uses conditional probability criteria to jify specific operation identification.

4.3 Proposed algorithm

The main objective of our work is to locate thesiidd regions in the images. To achieve this dbjec
we used a CNN architecture composed of an encaerdeér called Fals-Unet as shown in Fig. 2. The
main role of the encoder is to extract high-lewedtlire vectors by performing a series of convafytio
activation, and normalization functions to obtaontext information. However, the decoder is used to
locate the spatial information location (up-samgliby concatenating (addition) two inputs (one fribim
previous layer of the decoder and the other froerstrmmetrical layer of the encoder). Typically, Hads-
Unet network consists of several layers, where eath layer is considered a three-dimensional afay
size h x w x p, where h and w represent respeytibhel height and width of the data, and p indicétes
depth size. Each convolutional layer involves vagysize filters. These filters generate spatial snafp
entities connected to the local region of the mrasilayer; thus the weights of these filters aitiized
with weights already performed on a large dataseth as ImageNet) which gives better results. The
architecture of Fals-Unet is illustrated in Fig. 38ie framework of this architecture is dividedoitivo
parts (1) encoder and (2) decoder.
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Fig. 53. Overview of the proposed framework for localizatafrmanipulated images regions. a is the main techire of Fals-
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4.3.1 Encoder:

In this article, we used the ResNet [64] encoderaasasic method; this method showed high
performance in the image classification processniin advantages are easy optimization of reswhuek,
the optimal formation of several layers, and theuaacy improvement by the network depth increabés T
encoder consists of convolutional blocks, and ésusn identity shortcut connection that can igroom or
more convolutional layers. This optimizes perforeein the simple convolutional block. Among several
ResNet variants, we have chosen ResNet50 with smtaptation changes. Consider x as an input to
ResNet, thus the mapping from input to output eftthit is M (.). Therefore, the residual unit outpould
be M(x) + x in the front pass.

Fals-Unet approach takes as input an image of268ex 256 x 3; the encoder initial block makes the
convolution with 7 x 7 kernel size and a strideada two. This block is followed by Max-Poolingtia
stride size of two for reducing the input size. Saduently, we apply four residual stages Resl,,FRes3,
and Res4 in the cascade; each residual stage aethwrk consists of the conv and identity blockee(
Fig. 2). We use at each step three successive kioroproducts whose filter sizes are respectivdeky1,

3 x 3,and 1 x 1. The stage convolution operatiResl, Res2, Res3, and Res4 respectively use thel ker
size (64, 64, and 256), (128, 128, and 512), (256, and 1024), and (512, 512, and 2048). In each
conventional layer, we use batch normalization J18ich is characterized by its robustness to the
covariance shift. In addition, we use an activafiorction ReLU [206] represented by max (zeroldging
zero-padding preserves information at the edgditerf when its size greater than 1 x 1. Generdltg,
input size will be reduced to half in terms of viidtnd height, but the depth size will be doubles we
progress from one stage to another, the depthissteubled, and the input size is halved. Therefeaeh
residual unit in the encoder yields a set of spégature maps.

4.3.2 Decoder

The Fals-Unet network decoder is composed of skdecader blocks, these blocks are concatenated
with corresponding coder blocks. Each decoder bp@ckorms an up-sampling of the feature cards vedei
from the previous layer, and it includes a conwerdl operation whose kernel size is 3 x 3 follovegd
Batch Normalization and RelLu. This up-sampling pre is repeated four times, as mentioned inZ-ig.

In the decoder part, four Up-sample bloc blocksraspectively mapping with Res4, Res3, Res2, asd Re
of the encoder, where each UpSample blocks arectgply composed of (16 x 16 x 256), (32 x 32 x
128), (64 x 64 x 64), and (128 x 128 x 32) featusps. At the end of the decoder network, we use the
Softmax pixel-wise classification function to predihe manipulated regions. We pose (s the
probability distribution on the two classes (0Osffiéd, 1: non-falsified) which is calculated byt8oftmax
function, the prediction of labels is obtained bgximizing P(X) by reporting to k, with Y= argmaxP(X.
Finally, we will produce binary masks that indicttie regions manipulated in the image.

4.3.3 Unbalanced classes issue

One of the most encountered problems in the fatsifinage segmentation field is the unbalance of the
classes; this problem presents a very active dxissearch [18, 34]. It occurs when the pixelshef hon-
falsified regions greatly exceed the pixels offiisified regions, which leads to poor pixel cléissition.

To solve this problem, we will calculate the weggbf the spliced (\W) and non-spliced (W regions based
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on the percentage of statistics on the truth méasheotraining set. The weights are inversely prapoal

to the frequency of appearance of each class hier atords, the higher appearance frequencies peoduc
lower weights. During the learning, we use Weigh@edss-Entropy to learn the parameters, so thehweig
loss function (40) is:

L(p,q) = Zizo Wo (1 — q;) log(1 — p;) + Wiq;log(p) (41)
Where W and W respectively represent the weights of the traiieignon-manipulated and manipulated
regions. Weighting the weights makes our networkensensitive to the falsified region, n is the nemb
of pixels in each image; tepresents the ground-truth mask ani@ the predicted mask.

4.4 Experiments

44.1 Datasets preparation

To evaluate our model, we use four datasets (skle Td). NIST'16 [209] (a dataset that contains the
three main manipulation types - (a) copy-clone, réapove, and (c) spliced), CoMod [221], CoVerage
[222], and CASIA [175]. NIST, CoMod, and Coveragstabets contain truth masks. Unlike the CASIA
v1.0 and CASIA v2 datasets, in which we generatihtmasks based on the information provided by the
authentic images. We divide each dataset into ttaeéomly chosen subsets: training (70%), validgatio
(10%), and tests (20%).

4.4.2 Performance metrics evaluation

In this section, we define the different performameetrics (ROC, AUC, Fl-score, MCC, and loU)
used to evaluate and verify the efficiency andsifgimg correctness of our method.

* Receiver Operator Characteristic(ROC) curve represents the trade-off between Bpiggi(1 —
False Positive Rate) and sensitivity (or True PasRate). A curve close to the 45 degrees diagonal
of the ROC space indicates less accurate testser@bn the closer the curve is to the top-left
corner, the more accurate the test is.

e Area Under the ROC Curve (AUC) measures the entire two-dimensional aresutite ROC
curve (by integral computation) from (0,0) to (1,Ihis metric provides an aggregate measure of
performance for all possible classification thrddko

» F1-scoremetric represents the weighted average of recall@ecision. Therefore, this metric
takes both false negatives and false positivesdotount. F1-score is usually more significant and
more useful than accuracy, especially, in the warzadd classes’ case.

F1— score = ———+ (42)
2TP+FN+FP

TABLE IV. TAMPERED IMAGES DATASETS

Datasets Images number Ground-Truth Image size
NIST’6 [209] 564 YES -
CoMoD[221] 260 YES 512 x 512
COVERAGE [22] 100 YES 400 x 486
CASIA v1.0 [175] 921 No 384 x 256

CASIA v2.0 [175] 5123 No 384 x 256
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* Matthews Correlation Coefficient (MCC) [165] (43) metric is also used because wédl suited
to the classification of unbalanced class problens to its integration of true negatives. This
metric only produces a high score if the predicpenformed good results in all four categories of
the confusion matrix (true negatives, true pos#jvialse positives, and false negatives). MCC
returns a value between -1 and +1, where O is doranprediction, +1 indicates a perfect
prediction, and —1 represents a total disagreetrmmieen observation and prediction.

TP+*TN—FP*FP (43)
\/(TP+FP)(TP+FN) (TN+FP)(TN+FN)

MCC =

Finally, Jaccard Similarity Index or Intersectioreo Union (loU) (4) metric is measured to repredant
similarity between two classes of data A and Bs Mithin the range from 0 to 100%, a high percgeta
indicates more similarity between the two classes.

loU = |ANB| (44)

|AUB|

Where normalization condition takes place<@ (A, B) < 1. Every image is consisting of pixels, for
adapting it to discrete objects, we can write #st éxpression in the following way:
_l n ?iYi
] N nzl:O J’i+5’_‘i_.')’i5;i (45)
Where y represents a binary value (label) of the corregmonpixel i and'j?iis estimated probability for
the pixel i.

45 Results

In this section, we carry out several simulatiomsl¢monstrate our proposed method. We prove the
robustness and effectiveness of our method by atrall) on the first hand, the performance metrits o
several datasets, on the other hand, by comparanglitained results by our method with those obthin
by the state-of-the-art methods and recent methods.

451 Fals-Unet results on different datasets

Table V shows Jaccard Index and Fl-score resuli@ngnl by the proposed method on different
datasets. We can see that Fals-Unet has corrdafigified the falsified pixels. The receiver opirgat
characteristic curves (ROC curves) are illustratefigs. 54 and 55. Our proposed method preserms go
performances on both CASIA v2.0 and NIST’16 datsdetom this figure, we calculate the AUC of ROC
and show this measure in Table V. We clearly saedtr method shows advantages and better abilities
locate splicing forgery. We give some examplesuipot from the Fals-Unet on the CASIA v1.0 [175],
CASIA v2.0 [175], NIST’'16 [209], and CoMoD [221] tisets. In Figs. 5, 6, 7, and 8, the first coludin (
shows the manipulated images (input images), tbanskcolumn (2) represents the ground-truth mask, a
the last column (3) corresponds to the binary npaislicted by Fals-Unet method (output images).
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TABLE V. PERFORMANCE EVALUATION OFFALS-UNET ONNIST'16, CoMoD, COVERAGE, AND CASIA DATASETS

Datasets Jaccard Index Fy-score
NIST 16 [57] 62,565 63.89%
CoMoD [71] 97 46% 81.56%
COVERAGE [74] B8.64% 79.52%
CASIAvI.0[273] 92.76% 73.62%
CASIA v2.0[23) 91.33% 69.53%

Fig. 56 represents the localization results onGASIA v1.0 dataset. Thus, the localization resatighe
CASIA v2.0 dataset are illustrated in Fig. 57. Véa clearly see in Figs. 56 and 57 that the predliciteary
mask locates the manipulated regions from an imaatiea high probability.
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Fig. 55. ROC curve on NIST'16 dataset

TABLE VI. AUC COMPARISON AGAINST BASELINE ARCHITECTURES OKCASIA [175] AND NIST'16 [209] DATASETS

Methods CASIA v2.0 NIST'16
UNet 0.5936 0.4321
SegNet 0.3286 0.4121
Fals-Unet 0.8460 0.8307

Fig. 58 shows that the Fals-Unet method locatesnidngipulated regions with great precision, esphgial
if it was the copy-move manipulation. From Fig. 8@ notice that the manipulated objects’ boundaaies
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not well predicted in the segmentation resultgdtbhblumn), this is justified by the fact that theundary
of images is smooth (blurred) for the dataset NISTHowever, the Fals-Unet method always locates th
manipulated regions but overlaps with respect éatiith mask.

45.2 Comparison with baseline methods

Since our proposed method, Fals-Unet, combinesttte-of-the-art U-Net and ResNet architectures,
we compare its performance to U-Net and SegNeitantbres as the baseline.

(3)

Fig. 57. Results examples obtained by False-Unet on CASIA [£75] dataset
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Table VI summarizes the results obtained by théedift methods on the CASIA v2.0 and NIST'16
datasets. From Table VI, we notice that the reslitained by our proposed method slightly outpenfor
the obtained results of the other methods. Falg-phesents high rates of AUC equal to 84% on th&BA
dataset and 83% on the NIST’16 dataset.

45.3 Comparison with existing methods

To prove the robustness and the efficiency of oethad, we compare the results obtained by Fals-
Unet with those of the state-of-the-art classicathnds such as ADQ1 [198], BLK [195], CFA1 [180],
DCT [77]. These methods are provided in an acckeskihtlab toolbox written by Zamboglou et al. [165]

In addition to these methods, we compare FalsUitbtdeep learning methods such as Jawadul H. Bappy
[157], Bappy et al. [158], Zhang et al. [79], Xiabal. [76], and MFCN [217]. The comparative study
this contribution is carried out with the resultsained by the different approaches mentioned above
the datasets summarized in their articles. Thetijatine results of the comparison are presentéihivies

VIl and VIII.

)

Fig. 58. Results examples obtained by False-Unet on CoM@D][@ataset

We demonstrate that the Fals-Unet method outpesfdremchmarking approach. The advantage of our
model compared to MFCN BAYAR is that Fals-Unet tearn a larger context thanks to the initialization
of the filter weights with weights already trained the ImageNet dataset [65]. Further, the explotteof
spatial functionalities using the ResNet encodiydt® better learn the manipulations. In additiwa,note
that the Fals-Unet method gives better results emetbto the other approaches (the results areigigad

in bold in Table VII).

Table VIII summarizes the obtained results by oethud on the different datasets. From this tabke, w
notice that Fals-Unet presents high rates of ACQuUiakto 84% on the CASIA dataset and 83% on the
NIST’'16 dataset. Further, through our obtained &dre, we are sure that both the recall and pratisio
the classifier indicate good results. There ardaéxed by the efficiency of the ResNet architectilnat
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well locates spatial information from the falsifisghjion, another important reason why our methedgi
better results is the use of the class balancingeglure, which allowed high precision classificataf

pixels.

(2) 3)

Fig. 59. Results examples obtained by False-Unet on NIS[208] dataset

TABLE VII. MCC AND F1-SCORE COMPARISON AGAINST EXISTING APPROACHES ABASIA [175] AND NIST'16 [209] DATASETS

CASIA V1.0 CASIA V2.0 NIST'16
Approaches
AUC F1-score F1-score AUC F1-score
ADQ 0.1262 0.2053 0.1752 0.1880 0.4220
DCT 0.2516 0.3005 0.1752 0.2600 0.5199
CFAl1 0.1521 0.2073 0.2581 0.1408 0.4667
BLK 0.1769 0.2312 0.1852 0.2657 0.5234
MFCN 0.5201 0.5410 0.2316 0.5703 0.6117
FCN NF 0.6236 0.6675 NF NF
Bappy et al. NF NF NF 0.6257 0.6242
Fals-Unet 0.6238 0.7362 0.6953 0.6365 0.6389
TABLE VIIl.  AUC AND F1-SCORE COMPARISON AGAINST RECENT APPROACHES @ASIA [175] AND NIST'16 [209] DATASETS
CASIA V1.0 NIST'16
Approaches
AUC F1-score AUC F1-score

Zhang et al. [79] 0.5722 0.5140

Xiao et al. [76] 0.6758

Bappy et al. [158] 0.7936

Fals-Unet 0.8325 0.7362 0.8463 0.6389
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4.6 Conclusion

In this chapter, we present an approach calledBia¢t based on deep learning for the manipulated
regions' localization in a falsified image. Moreegisely, we use a network of the U-Net family as
encoder/decoder, the encoder used is identichbtof the ResNet method, and its aim is to prowd@s
of spatial characteristics of manipulated obje@ts.the other hand, the decoder's objective isamléhe
mapping of spatial maps to generate the binary nfaskn the obtained simulations results, we proeg t
Fals-Unet presents a real solution of the manipdleggions localization in terms of F1-score, MBOC,
and Jaccard index thanks to the initializationhaf éncoder weights by weight values already tragmed
large dataset, which optimizes the network trairimge and increases the detecting precision. Extens
experiments on NIST’16, CASIA, COVERAGE, and COM@atasets have demonstrated the superiority
of our Fals-Unet has exceeded other methods brgea taargin on the manipulated regions localizadion
has obtained very competitive results on the timages manipulation types (copy-move, objects réngpv
and splicing). Although our proposed method hasatestmated excellent performance, it still has some
shortcomings. For example, our approach can ordggas images of fixed size. It also presents a high
computational complexity. Additionally, there arill 2 few poorly detected images, especially oa th
NIST'16 dataset. Future work will consider improgithe Fals-Unet method to process different size
images, thereby reducing its computational comple€iINN networks have seen great interest in dieigct
falsified images due to their efficiency in imagegessing. Despite their advantages, these netwisks
the problem of overfitting on limited volumes oftdaue to their high number of parameters. On thero
hand, the manipulated regions can be small regiadsthe difficulty of their localization has limiehe
exploitation of these techniques for the analy$ithese images. Several works have suggested ¢hefus
the transferred learning technique on the one hamatlows transferring knowledge from a model hied
on the large ImageNet learning base to a new mddwn, the new model is readjusted for the new
detection task. The high amounts of data belongindpe ImageNet database and many categories have
made this database a good tool for transferredilegarOn the other hand, the hierarchical natufi@NiNs
favors the exploitation of the transferred learrtiechnique over other classical machine learnintpauks.
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Chapter IV: Efficient balanced focal loss function br manipulated images
detection

We mentioned earlier that loss functions play apdrtant role in the learning process of deep neural
networks, especially the problem that suffers febstrong bias in the data, while the inappropichigice
of a loss function can cause an over-fitting probl&/hile designing an appropriate loss function ban
beneficial in learning. In the last years, BCEhis inost used loss function for semantic segmenttdiks.
However, it suffers from several drawbacks. In tthapter, we focus on the loss function for sensanti
segmentation. After carefully analyzing the disadages of BCE for segmentation, we propose a loss
function that solves these problems. Inspired leyftital loss, we propose the balance factor basea o
focal loss function to tackle this data imbalancebfem. Through extensive experimental validation o
CASIA1 and CASIA2 datasets, we show that the mettmbsistently improves segmentation accuracy
with negligible additional computational overhead @an be added to all popular segmentation nesvork
in a training framework end to end. The work oftbhapter is accepted in the conference
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5.1 Introduction

In this chapter, we address the problem of fadiffreage segmentation from a DL perspective and
mainly address the problem of imbalanced classabaldnced classes usually refer to a classification
problem where the ratio of observations in a ctassll observations is very low. This class imbakan
clearly increases learning difficulty and introdsictrongly biased predictions in favor of high jsEn
but low recall. Most research has focused on theidgbalance problem, mainly by modifying the natikvo
structure and introducing different modules to maledter use of spatial and contextual information.
Instead, we believe that the network can also legpatial and contextual information through an
appropriate loss function. Current state-of-theraethods mainly rely on end-to-end architecturesng_
et al. 2015) that are trained by optimizing a Ipss pixel between predictions and ground truth lbe
Neural networks in end-to-end networks intelliggmtiherit the idea of classification from convoturial
neural networks (CNNs) and classify each pixelnfrthese methods, popular classification networks ca
be adapted into a convolutional network and tlegirded representations can be transferred to ségtioen



76

tasks by training them with loss of cross-entropy pixel (BCE). This loss is a natural fit as atila
extension of the cross-entropy loss, which is tlassification standard. However, BCE loss has some
drawbacks when applied to semantic segmentatiahidrcontribution, we propose a new function afslo
expected from the focal loss to put an end topghiblem.

The chapter is organized as follows. We start wighesentation of the work in the state of thénasection

5.1. Then, in the section, we address the fungroblem in a specific learning framework of thesitad
image segmentation problem that uses only image-labelled images to train the model segmentation.
Thereafter, the experimental results are presantsekction 5.3. And we end with a conclusion

5.2 Related work:

Deep convolutional neural networks have shown sopeerformance in tampered image detection
compared to classical methods. In the literatureeal methods have been proposed in this contekt s
as [159, 160, 167,204, 161], these studies uselmbdsed on deep learning for tampered image degect
These works include the detection of generic mdatmns [159, 160], oversampling [215], splicing[1,
and bootleg [166]. In [213], the authors proposedi€sian-Neuron CNN (GNCNN) for the steg-analysis.
Deep learning has a great effect in terms of imjpigpyperformance in different visual recognitionkisis
such as identification [168], semantic segmentaf@B3], and classification [232] of images. Deep
Learning consists of extracting hierarchical chemastics to represent the visual concept. Mosthef
architectures are based on CNN for generating aakespatial maps to the manipulated regions. A CNN-
based forensic analysis framework is proposed byaththors of [197] for detecting image operator's
chains. They used the two-stream CNN architectbes;, apply the first stream to extract the localdeal
features, while the second stream is used to détedampered artifacts. In [183] the authors psegoa
theoretical framework of information for detectittigg tampering operations, such as contrast enhamtem
resizing, and median filtering in multiple chaif$iese approaches quantify the operation identifinat
using the conditional probability criteria. Usualtige class imbalance problem means the differente
data amount between different classes. This probbakes the model trained with an unbalanced dataset
biased in favor of the majority classes. To deahwhis problem, it is always necessary to usergection
mechanism capable of balancing the different ckadsegeneral, there are two types of solutiorsvimid
the bias effect: Algorithm-level and data level423
The most efficient solution at the data level isdzhon the resampling of training data either dy su
sampling the majority classes or over-samplingntin@ority classes or a combination of both [235B6PR
[237]. This type of solution changes the underlyilaga distributions, leads to increased computatiod
can present the risk of overfitting. Another sauatfor resampling training data is the classifet; svhere
each classifier is induced by different samplemftbe original dataset [238], [239]. To increasedhtaset
for model training [240, 241]. This type of solutizses the Generative Adversarial Network or other
techniques such as iterative sampling [242] ancemental rectification of mini-batches [234] toreghe
distribution of the dataset and better train thelehoUnlike data-based solutions, algorithm-basdat®ns
introduce a weight for each class or each samples type of solution puts more emphasis on migorit
classes. Moreover, it consists in defining theglveparameter as a class hyper parameter [247hIysu
hyper parameters are defined as cost-sensitiveicestbased on training parameters [245], [246], or
statistics [243], [244]. However, the model becomese complex and the cost of training increases
considerably [234].
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5.3 Focal Loss method

531 Problem statement

The classes unbalance is considered the majorgamotl the falsified image segmentation because the
distribution of the manipulated/non-manipulatedioag is strongly asymmetric (the manipulated regjion
vary between [0.001%, 35%)] of the manipulated imaigels, the non-manipulated regions vary between
[0%, 100%]). This problem leads the network to @ge towards local minima, also it generates
probability maps strongly biasing in favor of nommipulated regions, which negatively influences the
network learning. To deal with this problem, we asel BF balancing loss function inspired by thealoc
loss function [247] with two penalty factossando to control the FP and FN. Generally, the focaklos
function is used for segmenting widely unbalancathgits efficiency focuses on the down-weightifig o
the well-classified example and thus enabling learof harder examples.

LF = a(1 —plog(pe) (46)
Wherep; is the prediction probability obtained by applygftmax function (Eq)y; is defined as bellow:
_(p y=1
pf_{ 1-p, y=0 il

vy is the degree of down-weighting of easy samplés the control parameter of the class weights,yaisd
the ground truth mask. The main idea of our methdd establish a relation between class imbalance
hard samples; we define this relation as follows:

Lgr(p) = —a,(1 — p)*/?log(p,) (48)
a, = { Wm/Wn’ y=1 (49)
1, otherwise

Wherev,, andw,, are respectively the pixel weights of the manifgdaand non-manipulated regions,
which means that the loss of the small-manipuletgibn will be amplified, and the loss will focus this
class.a, is calculated from the datasetis the restricted amplification factor, it is grerathan 1, its goal
is likey in FL. Generally, we can say that the more diffitive classification is, the more thas greater.
As opposed to FL [247], which has two parametgrandy in the loss function, to adjudtzr has only
one parametel. gy allows precise amplification of small class lossl @multaneously considers class
unbalance and hard sample, which avoids over-aigutiin of small class loss.

5.3.2 Architecture

To test and evaluate the performance of our lasstion we use the U-Net [21] architecture which is
characterized by a fully convolutional image-to-geanetwork. The U-Net architecture is composeavof t
paths, a contraction path, and an expansion paghfigure 60). The strong point of this architeetigrthe
concatenation of the high-resolution features wita overall low-resolution features. Thanks to this
concatenation, the network will be ready to leard ase the local information.

The U-Net contraction path consists of four residilacks already performed on the Image-Net dataset
[215]. Each residual block is formed by two blo¢kenv block and identity block) and expressed bl N(

+ 1, where | is the input vector, and N(.) reprdsehe input mapping | at the residual unit oufldtese
residual blocks allow us to improve the precisigniricreasing the depth of the network, preserving t
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local information, avoiding the disappearance/esiplo gradient, and optimizing the formation of the
layers. In the expanding path of U-Net we apply ttamsposed convolution operation to generate the
resulting feature map, which will then be concatedato the corresponding feature map from the
contraction path. In the final layer, we use coatioh with the function of Softmax to generate fisature
map having a depth equal to the number of classes.

Frcoeder
|:';:. Tevodor iU omvodetion = Batch Somsalirsison + #eLni

s Ceavelohion ¢ Scfiilax
L -

S—— Tl e
Fig. 60. The overview of the used framework

5.4 Experiments

In this section, we provide a detailed experimeatallysis, thus the qualitative and quantitatiaeiite
of the proposed method.

54.1 Implementation details:

The proposed solution is implemented in the Keiasilgtion environment with the TensorFlow
backend and is executed on an infrastructure eqdipgth an NVIDIA Tesla P100 GPU card and 16 GB
of RAM memory. Dataset is augmented with scalirapdom flips, and crops during the fine-tuning
process. We trained our network using the Adannapér [248], with a learning rate of 0.00001, and a
mini-batch size of 32. Concerning the loss functisme empirically define its hyper parameters, after
several experiments, we fixed the values of theehyarameters of the balanced focal loss functien=a
0.25 ands = 4.5.

542 Datasets

To evaluate our method, we use the CASIA data§&][ICASIA v1.0 and CASIA v2.0). We generate
the ground-truth mask based on the information igiexl by the authentic images. We divide the dataset
into two sets: training (80%), and testing (20%).86sess the degree of imbalance classes, weatabtul
the percentage of pixels of the manipulated regimhthe non-manipulated regions for datasets sele.Ta
IX.

TABLE IX. PERCENTAGE OF PIXELS OF THE MANIPULATEINON-MANIPULATED ON CASIA DATASETS

Datasets Total of images Manipulated Non-Manipulate
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CASIA v1.0 921 2.3% 97.7%
CASIA v2.0 5123 3.5% 96.5%
54.3 Comparison with baseline methods

In the first part of this section, we vary thgparameter to find an optimal value that allowscjze
detection of the manipulated regions, Table. X shtwat the optimal value efis 4.5.

TABLE X. DIFFERENT VALUES OF THEE PARAMETER

U-Net Accuracy
Lerc=1.5 69.74%
LBF c=20 58.71%
Lero=4.5 84.54%
Lero = 5.0 64.63%

Then, we compare the performances obtained byrtimoped loss function with those of some reference
methods such as CE [250], BCE [251], and FL [2Bvm Table. XI, we prove that the proposed method
surpasses the other methods in terms of F-Measure.

TABLE XI. COMPARISON OF LOSS FUNCTIONF-MEASURE

Methods F-Measure
CE [250] 0.6902
BCE [251] 0.6856
LF [247] 0.7194
Ler 0.7397

Fig. 61. Result examples obtained on CASIA datasets

Figure 61 shows the qualitative results of our mdtbn the CASIA dataset, the first column (1)
represents the image manipulated, the second cqRpnshows the ground-truth mask, and the lastroolu
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(3) corresponds to the predicted mask. These gtiaéitresults prove the efficiency and the robussrad
our loss function. Our proposed method allows adgoadistinguish the pixels of the manipulated oegi
from the pixels of the non-manipulated region abthim from a clear segmentation the small regions
manipulated.

5.4.4 Comparison with existing methods

Several solutions have been proposed in the copfextanipulated image detection. To prove the
robustness of our method we carried out a comparatudy with some methods such as Xiao B et al.
[226], Salloum et al. [217], and Zhang et al. [25]}e results presented in Table.Xll show thatroathod
is more efficient in terms of F-Measure and Mce, pnoposed method provides a clear segmentatithe of
manipulated regions, its F-Measure is 73.94% grelasga Xiao B of 6.36%, MFCN of 19.53%, and Zhang
of 16.72%.

TABLE Xll. COMPARISON OF OUR METHOD WITH EXISTING METHODS

Methods F-Measure Mcc
MFCN [217] 0.5410 0.5201
Zhang [252] 0.5722
Xia B [226] 0.6758
OURS (LsF) 0.7397 0.6421

5.5 Conclusion

The most notable problem for the segmentation ef tfanipulated images is the problem of the
imbalanced pixels classification. To solve thishipeon, we propose a function of focal loss basethen
weight factor wand w, to amplify the small-manipulated regions, we idtroed thes restriction factor to
control the amplification of these regions. The exxpental results on the CASIA dataset show the
robustness of our method for the segmentationeofitAnipulated regions, especially the localizadibiie
small, manipulated regions. Our future work is xtead the idea of this article to process differsine
images, thereby reducing its computational compteXihrough this work, we believe that our proposed
method is a good solution that improves the deiaati manipulated images and can be used in differe
contexts such as classification, segmentation, etc.
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Chapter VII: CovSeg-Unet: End-to-End method-based cmputer-aided
decision support system in lung covid-19 detectioon CT images

In this chapter, we address the problem of bionaditage segmentation, in which we need to ensure
a robust system that can help specialists in thgrdisis of COVID-19 infections. To face this chadle,
we propose a method based on a deep neural netmoréicess and analyze chest X-ray or CT scan isnage
for the diagnosis of COVID-19. This approach ismhato identify the regions of interest in thesaes,
such as affected areas or lesions by infectiotisdrbronchi-pulmonary parts, lungs, and lobes dather
guantification and evaluation.
The chapter is organized as follows: After havimgaduced the segmentation of the biomedical intpge
deep learning. The proposed method is presentesbdtion 6.2. Section 6.3 presents the simulation
environment, the evaluation metrics, and the da@b&/hile Section 6.4 shows the experimental result
Finally, we end this chapter with a conclusionectson 6.5.

Contents
6.1 Introduction
6.1.1 Problem statement
6.1.2 Motivation
6.2 State of the art of methods proposed
6.3 The proposed method
6.4 Experimental study
6.5 Conclusion

6.1 Introduction:

Deep learning methods are characterized by theiityatp extract features compared to classical
machine learning algorithms. This encourages thensfic community to propose various segmentation
methods based on deep learning networks to preseksanalyze chest X-ray or CT scan images for the
diagnosis of COVID-19 [261]. These methods mairdngist of identifying regions of interest in these
images, such as lobes, bronchi-pulmonary partsgsluraffected areas, or lesions for subsequent
quantification and evaluation. However, these méshwave a problem of over-fitting on limited volwne
of medical data. In addition, they are characterizg their high variance and low bias. The maireotiye
of this contribution is to reduce these problemsjtymizing the trained models in terms of geneedlon.

In this context, we have proposed a framework basedifferent regularization techniques: image pre-
processing, CovSeg-UNet learning models, seledfdie appropriate optimization method in learning
(Adam, SGD), and the proposal of the loss funcéippropriate. As part of the pre-processing phase, w
have proposed a signal normalization method thatgeses the intensity of each CT scan voxel. B thi
step, we use the lung window to separate the Itmgs other organs. Since each CT scanner has its ow
Hounsfield Unit (HU), therefore data collected fralifferent hospitals will have different HUs. Fdrig
reason, we use a multi-valued window (WL is thedtedsalue of the window and WW is the width of the
window). Then we exploited a static selection sggt(best and last models) to select the modete to
combined from several learning points. Next, we oim®&d the models selected by the voting and un-



82

weighted average techniques. To evaluate the pedpframework, we tested it on the CT COVID-19
Learning Base. The results obtained confirm thigieficy of the CovSeg-UNet model based on the Res-
Net architecture and the proposed loss functioe. Gdst results were obtained by combining the test b
models U-Net and ResNet. In summary, these regudige the efficiency of the technique of combining
models generated from several learning pointsydalize regions infected by covid-9 in CT images.

The experiments were performed on an infrastruataqrépped with a Tesla P-100 GPU card and 16 GB
RAM and the Keras deep learning library.

6.1.1 Problem statement:

In December 2019, a viral pneumonia epidemic ofnomkn etiology emerged in Wuhan city, Hubei
province, China [1]. On January 9, 2020, the Waikhlth Organization (WHO) and Chinese Health
Authorities officially announced the discovery ofnaw coronavirus. This pneumonia is an infectious
disease caused by a virus identified under the reARRS-CoV-2 (Severe Acute Respiratory Syndrome
CoronaVirus-2) by the ICTV (International Committee Taxonomy of Viruses) [254], and causing a
disease called COVID-19 (Corona Virus Disease 2088RS-CoV-2 belongs to the coronavirus family.
The reservoir of this virus is animals. AlthoughFS2:CoV-2 closely resembles a virus detected inta ba
the animal that transmits it to humans has yeétaéntified with certainty. Several research stadiuggest
that the pangolin, a small mammal eaten in sout#mima, could be involved as an intermediate host
between bats and humans. The new coronavirus leasdmnfirmed to be transmitted between humans
[255], and this is done by air or by close contaith a contagious subject. Smaller particles cao ke
emitted in the form of aerosols during speech oingucoughing efforts, which would explain that thieus
could persist suspended in the air in an unveatlabom. Finally, the virus can retain infectivity a few
hours on inert surfaces from where it can be traregd by the hands. According to data from the Worl
Health Organization, updated up to 24 hours on 1&)021, COVID-19 has affected 220 countries and
territories, causing 178,584,744 people to be tefitand 3,866,607 deaths worldwide. The overallbam
of people recovered is 163,102,134. Currently aitteve cases are 11,616,003 of which 99.3% arelth m
condition and 0.7% are in serious or critical ctiodi which poses a great threat to internationah#n
health. Due to the vaccination process's slownksdjigh rate of virus contamination, and the apgeze
of new dangerous COVID-19 mutations, it is essétdidetect and identify the disease at an eaalgesto
that suspected patients do not infect the heabblipylation. As a result, new requirements for threvpntion
and control strategy must be put in place. Rev&raascription Polymerase Chain Reaction (RT-PCR),
gene sequencing for respiratory, or blood sampafircn the diagnosis of COVID-19. However, the &als
negatives of the RT-PCR [256], the delay in obtajrtihe results, and the tests carried out on peugle
strongly suspected of being infected with COVIDidfply that numerous COVID-19 patients would not
be identified quickly to isolate them from othdrsaddition, given the rapid and contagious sprafatie
virus, they present a real threat of infectingrgda population, especially in areas with high epigts. On
the other hand, chest examinations quickly estadtighemselves as an interesting diagnostic togng
the characteristic presentation of COVID-19 lesifi?ts7]. These tests can identify lesions, undedyin
conditions, and complications associated with aait@ay conditions. Consequently, the use of CT in
particular high resolution computed tomography (HRREould provide enormous help to radiologists [259
for the diagnosis, follow-up, or investigation afimonary complications in patients suspected oficord
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of COVID-19. Thus, the development of artificiatetligence (Al) method based on deep learning could
help them enormously to assess the degree of lamgge caused by COVID-19.

According to [258], the authors indicated that @Tages can be used to detect COVID-19 even before
certain clinical symptoms are observed. Typicahsigf COVID-19 appear in CT images as unilateral,
multifocal, and terminal Ground Glass Opacity (GG@Mich is a hazy cloud above the lungs that indica

a variety of problems, and may mean that the lamgartially filled with inflamed material, andetie is
thickening in lung tissue or partial breakdownla# ailveoli and tiny air sacs of the lungs? Pleeffaision,
lymphadenopathy, and condensation [255], whiclaargpaces in the lungs filled with a substanceallg
pus, blood, or water, surrounded by an opaque efdigested glass, and although this is a commotufea

of lung disease, it may be more characteristic@¥{D-19. To detect COVID-19 disease at an earlgata

it is necessary to detect and locate these patisaloghanges in a short time. The growing number of
patients and the limited number of well-trainedexxpadiologists in most hospitals prevent and slown

the process of early detection. Indeed, the uske@p learning methods for the automatic segmentafio
the COVID-19 CT model has become paramount andafifay an effective solution to identify and locate
signs of COVID-19 in CT images [260].

6.1.2 Motivation:

Our main objective through this contribution igdtiagnose COVID-19 lung infection in chest CT scan
images. In this report, we propose architecture fat of the U-Net approach [275] called the CgvSe
Unet method; U-Net has known a great success forsdgmentation of medical images. U-Net is a
symmetric encoder/decoder architecture composedwaral stages. Each stage of the encoder performs
set of operations such as convolution, normalipatisaximum pooling, activation, concatenation, &ic.
parallel, each stage of the decoder performs deetotion operations. The U-Net method uses jump
connections allowing the exploitation of local agidbal information. These connections concateriae t
under-sampling characteristics of the contractiath vith those of the oversampling of the expanpth.

6.2 State-of-the-art of proposed methods

In the literature, numerous methods of segmentdtém®d on deep learning networks have been used
to process and analyze chest X-ray or CT imagah&COVID-19 diagnosis [261]. These methods mainly
consist of delineating the regions of interesthiese images, such as lobes, broncho-pulmonary s¢gme
lung, and infected regions or lesions for furtheauwtification and evaluation. CT provides detaiexd
high-definition three-dimensional images to de@®VID-19. Among the segmentation methods used for
the diagnosis of COVID-19 we cite, U-Net [275], UNe [262], V-Net [263]. The authors of [261] have
proposed a 3-D architecture of U-Net using intaresinformation; this method consists in replacihg
conventional layers of U-Net with a 3-D version[263], the authors proposed the VNet architecture,
which they used the residual blocks as the basigaiational block and optimized the network by ado
of dice. In [264], the authors proposed the Atamti-Net method, which captures fine structurdsdtate
lesions and pulmonary nodules in medical imagese@ly, the large number of well-labelled images i
the key to forming an efficient and robust segmigmmanetwork. In the case of COVID-19 image
segmentation, the data used during the traininggtsdimited and often unavailable because mdasiain
delineation is a difficult operation and requiredot of time. Several other research works obtgjnin
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reasonable segmentation results have been propostis context. The lung segmentation field is
experiencing a lack of labelled medical images essult, semi-supervised and unsupervised metreds
very favorable and recommended in studies on CO}ADas in [275], the authors used an unsupervised
method to generate pseudo- segmentation mask&dainages. In [265], the authors proposed a new
COVID-19 lung infection segmentation network calleftNet to detect infected regions from chest CT
images. This method uses a parallel decoder fareggting high-level features and generating a dloba
map. Then, it uses a semi-supervised segmentatiorefvork based on a propagation strategy chosen at
random to overcome the lack of labelled data. 66]2the authors proposed a computer-assisted alségn
(CAD) system based on the YOLO predictor to detext diagnose COVID-19. The CAD method calls
the data balancing regularizations, augmentatiod,teansfer learning to improve the overall diagitos
performance for COVID-19. The authors of [267] pyeed a synergistic approach based on deep meta-
learning to accelerate the detection of COVID-1€esa This approach uses contrastive learning witie-a
trained ConvNet encoder for the classification @\ID-19 cases. In [268], the authors proposed a
computer-aided detection (CAD) method to assidbtagists in automatically detecting COVID-19 oreth
chest X-ray images. The proposed method uses tise the Discrimination-DL to extract lung features
from chest X-ray images, and the Localization-Dloialize and assign the infected lung region2B9],

the authors-built prognosis models to predict tggnts’ severity outcomes. The proposed methbdssd

on deep learning in the CT image segmentation pofm COVID-19 pneumonia, and it uses datasets
from multiple institutions worldwide to validateehproposed models. In [270], the authors propose a
CovFrameNet framework to detect COVID-19 casesgu€ii images, which incorporates an image pre-
processing mechanism and a deep learning modefefature extraction, classification, denoising,
smoothing, and performance measurement.

6.3 The proposed method:

The general idea of the CovSeg-Unet approach iwithesl as follows. Let S be a learning space that
contains a set of n images X 3,X.., X, and n corresponding ground truth masks Yi7.Y,, Yn. From
the Y ground truth masks, the network learns timg limfection distribution of the X training imagas
establish an image-to-image mapping relationshiyéden X and Y, this map is defined as:

D = faecO fene (50)
Where fnc denotes the function encoder which learns chaiatitevectors of infected lung regions to

establish a functional spacescfdenote the decoder function, which learns theiadatation of features
to better locate the infected/uninfected regiord @nis the set of probabilities extracted from an inpu
biomedical image and is representedibff) = P, P, . . ., R, where P= {0, 1} are the probabilities given
to the last convolutional layer of classificationthe nonlinear function SoftMax.

The main idea here concerns the spatio-temporalehiogl of characteristic points that can represent
pulmonary infections. The architecture of the Car8&et approach is shown in Figure 62. Generailg, t
architecture of the CovSeg-UNet approach is conposdwo blocks; the first is to pre-process the CT
images. While the second performs all encoder/deramgerations to learn high-level features frorimtray
sets and localize spatial information. Detailshaf CovSeg-UNet network are shown below.
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Fig. 62. Overview of the proposed framework for diagnosir@wID-19 from CT images.
6.3.1 Pre-processing:

The major challenge of biomedical image segmemtatith DL is the processing of biomedical images
coming from several machines with different acdigri parameters. To face this challenge, we apply a
pre-processing step to these images to improvérdivéng of the COVID-19 suspect recognition model
despite the heterogeneity of the data. This stggrexprocessing consists of two steps; the firatems
the normalization of the signal, which processesitibensity of each CT scanner voxel. In this step
use the lung window to separate the lungs fromraitgans. Since each CT scanner has its own Halidhsfi
Unit (HU), therefore data collected from differdmaspitals will have different HUs. For this reasome,
use a multi-valued window (WL is the middle valddte window and WW is the width of the window),
the WL value is randomly assigned from -600 to ;580ile the WW value is set to 1200. In the second
pre-processing step, we normalize the CT images twithin [0.255]. Through this process, we norasli
multiple images from different CT scans to the satandard, separating the lungs from other organs,
removing unnecessary information (CT features) et¢and noise, enhancing the images and enhancing
the precision.

TABLE XIll. DIFFERENTSHOUNSFIELD VALUES OF DIFFERENT SUBSTANCE

Substance Hounsfield Unit (HU)
Air -1000
Bone +700 to +3000
Lungs -500
Water 0
Kidney 30
Blood +30 to +45
Grey matter +37 to +45

liver +40 to +60
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White matter +20 to +30
Muscle +10 to +40

Soft Tissue +100 to +300
Fat -100 to -50

Cerebrospinal fluid(csf) 15

6.3.2 CovSeg-UNet architecture:

The main objective of our contribution is to det€@QVID-19 lung infections using CT images, to this
end we propose the CovSeg-UNet approach, whidheigacterized by an end-to-end architecture based on
one of the most robust approaches in biomedicafj@rsgegmentation that is U-Net. The network of the
CovSeg-UNet approach is supplied as input by poegesed CT images and their ground-truth masks. Our
proposed method relies on an encoder to extradextual feature maps from pre-processed images to
reduce the dimensions of CT images, and a decodecate feature map information in the image. &abl
X1V shows the detailed architecture of our encatksrbdder.

Generally, the encoder is made up of four resitlaaks (ResBlock), already pre-formed on the ImagieN
database, the use of these blocks allows us td #veidisappearance/explosion gradient, preseevedtal
information, to improve precision by increasing tepth of the network, and to optimize the formaid
layers. Each residual block is made up of two dogkonv block and identity block) and is expressed

R (1) + I, where | is the input vector and R (.presents the mapping from input | to the outputhef
residual unit. However, the decoder has two inpute, input from the parallel layer of the encodedt a
second from the previous layer of the decoder.Ilinthe decoder output is sent to the SoftMaxwadion
function (see equation. (51)) for predicting thgioa infected with COVID-19. Algorithm. 1 describe
training steps of the proposed model.

eZi

0(2); = S

(51)

WhereZ is the input vector of the Softmax function, (z, %), all z values can take any real value. EsZ
applied to have a positive value for each elemétiieinput vector. The term at the bottom of therfula
is the normalization term. This makes it possiblédve a sum = 1 of all the output values (are @atte
range (0, 1)) of the function, thus constitutingadid probability distribution, k represents themmer of
classes in the multiclass classifier.

TABLE XIV. DETAILLED ARCHITECTURE OF THE PROPOSED METHQIWHERE THE ENCODER IS THIRESIDUELLE BLOCK SIMILAIRE
TO RESNET50[27 1] ARCHITECTURE, AND THE DECODER BLOCK IS A SUCCESSION JBATCHNORMALISATION, RELU, CONV2-D,
BATCHNORMALISATION, AND RELU OPERATIONS

Stages Layers Output size

Conv2-D (7 x 7), stride = 2
Initial BatchNormalisation (64 x 64 x 64)
RelLu
MaxPoling
Stage 1: x2 ResBlock(64 x 64 x 256) (64 x 64 x 256)
Stage 2: x3 ResBlock(128 x 128 x 512) (32 x 32 x 512)
Stage 3: x5 ResBlock(256 x 256 x 1024) (16 x16 x 1024)

Stage 4: x2 ResBlock(512 x 512 x 2048) (8 x 8 x 2048)

Encoder




87

Stage 1: UpSampling(16 x 16 x 256) (32 x 32 x128)

Decoder ~ Stage 2: UpSampling(32 x 32 x 128) (64 x 64 x 64)

Stage 3: UpSampling(64 x 64 x 64) (128 x 128 x 32)

Stage 4: UpSampling(128 x 128 x 32) (256 x 256 x16)
Final Conv2-D (256 x 256 x 16) (256 x 256 x 1)

Softmax Activation (256 x 256 x 1) (256 x 256 x 1)

Algorithm 1: Training procedure for CovSeg-UNet method

input : X: Image CTY: Label;N: Batch-size;; 1,;
Lr: Learning-rate|/,: Initial weights;

output: P;: Predicted mask;
begin
Q(traina Ytraina)(Xvalidv Yvalid) — Sp"t((X, Y), Sp”t'SizeZO-Z)
while epoch< 200do
for mini batch sample{ x¢rqin, Xpaiia}oes dO

21 = fencoder (Xi)

Zy = faecoder(Z1)
predictf) with SoftMax equation

Computg, the stochastic gradient by minimizing the loscfion eq. 2
Update weights
0 w < w + a.AdamOptimiser(w,A,,)

P OO~NO O, WN P

6.3.3 Loss

The imbalanced class problem is considered the rnedjallenge in the detection process of lung
infections because the distribution of infectedAfieited regions is highly skewed (the infected argi
vary between 0% and 20% of the pixels of the lungge). Therefore, if the loss function does nositar
this problem, the model will classify most pixetsiainfected regions, and become over-fit. Forrdason,
we have proposed in our contribution a class-b&@iscoss-loss function with the penalty faétoo avoid
over-fitting problems on unbalanced volumes of roaddata.

The loss function is defined as a weighted sumvoflpss functions; the balanced cross loss:land the
inverse cross lossik:

Lg= A1 - Lgcg + A2+ Licg (52)

Respecting the cross-loss, we use the balances-enpy to overcome noise in biomedical images; w
also use the balance parameter W to balance teédistribution of infected/uninfected regions igck

Lpce = —We Yiey, q(vi = 1|s)log(p(yi =
1]s) —WenXiey, a0i= 0]s)log(p(y;= 0]5s) (53)
Whereq(y; = i|s) the ground-truth mask of the sampl&.ist; = 0,1, p(y | s) is the probability map
produced by the function softmax, w representb#iancing parametev(k) = S/KS(k). S is the sample
number in the training set. Ari{K) represents the number of samples in dlassowever, cross-entropy
relies heavily on the accuracy of the annotatiohewthe data is mislabeleglk | s) will not be able to
represent the true class distribution, which weélhd the cross-entropgy(k | x) to learn this incorrect
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distribution type. To deal with this problem, wesusverse learning to know which classes the inpiaes
not belong to. Inverse cross-entropy is definefbb@ws:

Licg = Zqp(i = 1]s)logqly; = 1]5) (54)
The weighted combination of entropiescgland Lsce) in the loss function allowed a good convergerfce o
the gradient and relevant learning. Thedterm efficiency exhibits in the distribution batznof infected
and uninfected classes, while thegterm strength appears in the resistance agaiis& oaused by scanner
settings. As a result, the balanced symmetric pytfonction obtained high performance in the COVID-
19 lung infections localization on the test datia se

6.4 Experimental study

We explain in this part, the different experimentsried out to evaluate the performance of the
proposed contribution in different simulation saéos We start by describing the dataset used hed t
experimental environment of the simulation. Subsatjy, we perform a quantitative study of the hyper
parameters to show their effects on model learriimgally, we present the different performance mees
used to evaluate the efficiency and robustnessioapproach.

6.4.1 Datasets:

In this contribution, we have applied our methodwa Datasets:
Dataset-1: this dataset contains two versions [272]. Thet fuersion is published on April 2, 2020,
comprising 100 CT images (of 40 covid-19 patiemSpize 512 x 512 labelled by radiologists, these
radiologists have defined three tags: pleural @fui frosted glass (= 3), consolidation (= 2)danask
value (= 1). The second version is released onl Agti2020, comprising 829 CT images (of 9 covid-19
patients) sized 630 x 630. Radiologists have ta@y&dimages with covid-19 pulmonary symptoms and
the rest of the images as normal cases.
Dataset-2: this dataset is publicly available and containsCX0 volumes with more than 1800 slices
collected from 40 different COVID patients [273Rhd&h CT slice is of size 512 x 512 and labelledxpeet
radiologists to mark regions for infections.
Figure 63. The first column images represent tigral images, while the second column images ssre
their corresponding ground-truth masks. Two exampfémages of normal people are shown in the third
and fourth rows. The first and second rows inclivae COVID-19 images, where the COVID-19 regions
are the white and gray regions of the ground-tra#tsks, while the healthy regions are the blacklpixe
(note that if a person is in good health his gretrnth mask will be completely black).In our simitidens,
we merged the two versions of dataset-1 to forrava dataset, while keeping 60% of these imagestor t
training, 20% for the validation, and 20% for testt
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Fig. 63. Example of images belong to Dataset-1 and Dataset-2

6.4.2 Performance metrics evaluation:

To assess the efficiency and robustness of ourogembapproach, we use the following performance
metrics: Accuracy [273], Sensitivity [273], Mattheworrelation Coefficient [273], and Dice [274] gHer
values of these metrics imply a better segmentajia@lity. The mathematical formulas of these metric

are respectively expressed below:

Accuracy = TPHTN (55)
TP+TN+FN+FP
e .. TP
Sensitivity = TP TEN (56)
_ TP *TN-FP*FN
Mee= (TP +F P )(T P +F N)(TN+F P )(T N+F N) (57)
Dice = 2: 1P (58)

2+(TP+FN+FP)

6.4.3 Hyper-parameters setting

In deep learning, hyper-parameters of the deepaheatwork crucially influence the performance of
the network. In this part, we carried out severgegiments to choose the best values of the Hyper-
parameters allowing improving the performance aof method. In this regard, we fixed the number of
epochs and the batch size respectively at 100 4anwé simulated and compared the different pregisio
obtained values with different optimizers, differégarning rates, and different valuesipfA, of theLg

loss function.

TABLE XV. THE CHOICE OF THE BEST COMBINATION FOR INPUT HYPERRAMETERS BESTACCURACY SHOWN INBOLD FONT

Optimizer Learning- rate Loss (LB) Accuracy
ADAM 0.9445
SGD Lr=0.0001 M=05x=05 0.8921
Adadelta 0.9032
Lr=0.001 0.944
ADAM Lr =0.00001 M =0.5x=05 0.924
=0.000001 0.964
M =0.421,=0.2 0.957
ADAM Lr=0.000001 M=05x=05 0.964
M =0.3,=05 0.991
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From Table. XVI we observe that the values of thedn-parametersl = 0.3,A2 = 0.5, and the use of
the ADAM [23] optimizer with a learning rate equal 0.000001 show the best performance in term of
accuracy.

6.4.4 Ablation study:

To show the importance of each component of outridrtion, we did an ablation study on dataset 1
by evaluating the following performance metricsci@cy, Dice, Sensitivity, and Precision. The statly
ablations was subdivided into three possible cdsethe first case, we added the pre-processingkblo
without using the loss function (LB) during thereiag phase. Whereas in the second case, we used th
loss function without the pre-processing blocktHa latter case, we used the pre-processing bludtkiee
loss function (LB). From these simulation cases, matice that the data pre-processing step has a
remarkable effect on the model performance. Th& fiase shows the over-fitting phenomenon that
occurred when it exceeded epoch 40, which led goadiation in the performance of the model. Theltesu
of this study are illustrated in Table XVII.

TABLE XVI. ABLATION STUDY ON THE DATASET1

Cases Accuracy Dice MCC  Sensitivity
Preprocessing, BinaryCrossEntroy  0.890 0.514 0.432741
Lg, without Preprocessing, 0.934 0.632 0.590 0.842
Preprocessingls 0.991 0.833 0.851 0.982

CovSeg-Unet Accuracy

109 — train

test

08

o
o

accuracy

04

0.2

0 50 100 150 200 250 300
epoch

Fig. 64. Accuracy of simulation without data preprocessing.
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Fig. 65. Accuracy of simulation without data preprocessitgps

On the other hand, the result of the third casevshbat the use of the loss function with the pr@epssing
block helps to avoid the over-fitting problem, asehsequently, improves the performance of the model
and has good results. Figure 66 and Figure 67 shewualitative results of our method on differest
samples, the first column (1) represents the lumagies, the second column (2) shows the ground-truth
mask, and the last column (3) corresponds to tleeligied lung infection mask of covid-19. These
gualitative results prove the robustness and thgefcy of our diagnostic method for the regiofeirted

a0
* S

Fig. 66. Results examples obtained by CovSeg-Unet on dataset
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Fig. 67. Results examples obtained by CovSeg-Unet on da2aset

6.4.5 Comparison with baseline methods:

In this part, we compare our method of segmentaifo@T images with the reference segmentation
methods such as U-NET basic [275], DenseUNet [Eerion U-Net [264], and UNet++ [262]. Table.
XVIII represents obtained results by the differemtthods on dataset-1 and dataset-2. As result, the
proposed method outperforms other methods in tefmgerformance measures. Dice, Sensitivity, and
Accuracy metrics reach 83.3%, 98.2% and 99.1% otispdy on dataset-1, and 83.4% 89.1% 98.3% on
dataset-2.

TABLE XVII. PERFORMANCES COMPARISON AGAINST BASELINE ARCHITECTURS ON DATASEF1 AND DATASET-2.

Methods Dice Sensitivity Accuracy

—  U-Net[275] 0.708 0.678 0.865
% DenseUNet [2] 0.660 0.607 0.651
@  Attention U-Net[264]  0.560 0.623 0.632
S UNet++[262] 0.815 0.857 0.903

CovSeg-Unet 0.833 0.982 0.991
~  UNet [275] 0.712 0.665 0.747
%  DenseUNet [2] 0.610 0.607 0.715
@  Attention U-Net [264]  0.631 0.723 0.890
S UNet++[262] 0.815 0.887 0.968

CovSeg-Unet 0.834 0.891 0.983

6.4.6 Comparison with other methods

Many studies have been done to diagnose COVID-b9prove the robustness of our method, we
carried out a comparative study with different agmhes such as InfNet [265] and Automatic [268]. We
simulated these approaches using their open-simpiementation. The quantitative results obtaingd b
the different methods are shown in Table. VI. DBensitivity, and Accuracy are the performance icetr
to be evaluated in this benchmarking study. Fromld.aXIX we notice that the CovSeg-Unet method
reaches an Accuracy = 0.991 on Datasets-1, anccanrdcy = 0.983 on Datasets-2. The obtained values
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in these simulations prove that the CovSeg-Unehatebutperforms other approaches in terms of Dice,
Sensitivity, and Accuracy.

TABLE XVIIl. PERFORMANCES COMPARISON AGAINST EXISTING APPROACHESN DATASETS2.

Methods Dice Sensitivity Accuracy
Inf-Net [265] 0.579 0.877 —
Automatic [268] 0.714 0.733 0.739
CovSeg-Unet 0.834 0.891 0.983

6.5 Conclusion

In this contribution, we address the most diffictdisk of segmenting limited and unbalanced
biomedical images. To cope with this task, we psggioan end-to-end architecture like U-Net, the agtw
learns the discriminating characteristics of lumig¢tions from CT images to establish an imagevtage
mapping relationship; We used the architecture R&sINto preserve local information and avoid the
problem of fading gradients. To improve the leagni discriminating network characteristics we have
introduced a pre-processing block to remove nois# @nnecessary information that affects network
performance. To strengthen the model to be leafmed the non-equilibrium data, we proposed a loss
function LB. The experimental results on two datsséow the effectiveness of the CovSeg-Unet method
in locating the infected regions with COVID-19. Tpeomising results obtained by our method can
effectively help radiologists to diagnose and leaagions infected with covid-19.
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General conclusion

This thesis deals with image processing by deemilega methods. The choice of deep learning (DL)
methods was motivated by their advantages in psougainstructured objects, such as images. In this
context, we are interested in convolutional neanetlvorks (CNN) because of their adaptation to image
classification and segmentation. These are chaizaddy built-in feature extraction modules (colwion
layers) compared to traditional machine learninghmés that require handcrafted feature extractien p
processing.

The first CNN-type architecture in supervised dfasation finds its roots in the years 1998. Thaited
capacity of computers at that time and the redmeedber of available images limited the exploitatign
these architectures. At the same time, ML methaalse hattracted great interest due to their reduced
requirements in terms of processing capacity ata daumes. Until 2012, when the better error Gfte
the AlexNet architecture based on ImageNet learrgngd the ability of GPUs to reduce computatioretim
encouraged the image processing community to randeoptimize these networks to exploit them in
computer vision applications.

In the state of the art, several works have beepgsed for the classification and segmentatiomaigies
by DL methods, and CNNs.

The main objective of this research was to propateorks based on deep learning methods for differe
tasks. In this context, although our training isfsed on deep learning methods, we have chosqplp a
these methods in two areas. In the field of medicgge segmentation, more specifically, we were
interested in the location of pulmonary infectidaysthe Covid-19 virus in CT images; we are intezdsh
optimizing the performance of CNN networks for gegmentation of these images. The analysis of CT
images is a significant task in the diagnosis oksa types of todometric images. A manual revidw o
these images presents several problems relatedetsubjectivity of radiologists' decisions and the
intervariability of images collected from differesganner machines. In the field of the detectidialsffied
images, we are concerned with the localizatiomefregions manipulated by CNN networks. The amalysi
of these images is a very difficult task becauseameconfronted with a great variety of digital gea. In
addition, the manipulation of these images hasinedacreasingly simple and very easy, on the ond ha
thanks to the technological evolution of GPU carddich has allowed us to use very efficient
infrastructures to process these images. On ther ¢tand, thanks to the rapid development of image
processing software.

This thesis work is part of proposing models baseBL methods for two major issues in the fieldsatly
mentioned.

The first problem concerns diagnostic aid systérhg. objective of these systems is to assist ragiist®

in their decisions and therefore to avoid subjectiecisions in the case of pulmonary infection® iain
objective of the proposed approaches was to sblwdlifferent problems related to the localizatidn o
regions infected by the COVID-19 virus from CT ireagoy DL methods. In our work, the medical field
has been a new experience since this thesis iethaathe intersection of computer science anddaical
field. The 2019 coronavirus pandemic prompted esearch work to propose solutions to help radistsgi
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speed up the process of diagnosing COVID-19. Taerstdnd the structure and processing techniques of
todometric images, we have done an in-depth stadii@manual procedure performed by radiologists an
the whole process performed in, the acquisitioa;ocessing, and localization of CT images.

In this context, we propose a contribution based daep neural network to process and analyze @gém
for the diagnosis of COVID-19 [EL BIACH)]. This apmch mainly involves identifying regions of interes
in these images, such as areas affected by the BQ@Q¥Nirus. This method consists of a first stepiie-
processing the CT images to eliminate the noiserander all the images to the same standard. Tlkeen w
use an end-to-end architecture to train the netwirkce CT images are not balanced, we proposssa lo
function to balance the pixel distribution of infed/uninfected regions. Our approach has achieigid h
performance in localizing COVID-19 lung infectioosmpared to other methods.

The second problem concerns the detection of fedsimages because it is very difficult to diffetiate a
manipulated image from an original image becausmafe editing software, which leaves no traceblasi
to the human eye. Whereas these images are usedvaral fields of application such as police
investigations as forensic evidence, journalisim, ledages tampered with for malicious purposeshiite
dangerous consequences in our society. The matatolsg of the proposed approaches is to locatiéals
regions in an image using deep learning methoadlshi$ context, we have proposed two approaches.

In the first contribution, we proposed a new comtiohal neural network method based on an
encoder/decoder called Fals-Unet is proposed talitecthe manipulated regions. The encoder of our
method uses architecture topologically identicalhtat of the Resnet50 method; its main objectivihés
exploitation of spatial maps to analyze the disgrating characteristics between manipulated and non
manipulated regions. The decoding network learesrtapping from low-resolution feature maps to pixel
level predictions to locate tampered regions. lntie predicted binary mask (0: tamper, 1: dotantper)

is generated by the final layer (Softmax)

In the second contribution [EL BIACH], we focused the problem of overfitting because falsified imag
segmentation methods based on convolutional nengorks are confronted with the problem of
imbalanced classes; unbalanced classes usually teefa classification problem where the ratio of
observations in a class to all observations is Vewy This class imbalance clearly increases learni
difficulty and introduces strongly biased prediosoin favor of high precision but low recall. Inigh
contribution, we propose the balance factor based @ocal loss function to solve this data imbagéanc
problem.
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Future Work

Based on the results obtained in the different @gghies, we can conclude that the use of methodsl bas
on the "encoder-decoder" architecture allows combithe spatial information and the local inforroati

and reduces the high variance in the problems af@segmentation, and therefore improves the meteva

of the results. In addition, the learning transdrbetween large databases like ImagNET improwes th
performance of the segmentation, reduces the ergeints of the models used in terms of computation
time, and reduces the various problems relatedvésfitiing. Besides, the loss function plays a very
important role in the learning process, so theaisepenalty factor in the case of strongly biackadses

can improve the result. Despite the efficiencyhsf tethods based on the encoder-decoder archiéectur
we found that there is a considerable drop in parémce in the case of the detection of smallerctefi
regions with blurred noisy boundaries. Becausée‘¢heoder-decoder” network increases as one deepens
into the network. This increase in the size ofréweptive field influences the learning of the eluteristics

that correspond to small fine regions such as tlge® and their texture. This prevents any netwath w
the standard sub-complete architecture from produsharp predictions around edges in tasks such as
segmentation. As a result, in future contributioms,are interested in overcoming this problem.

» The implementation of a per-pixel consistency ragaation technique based on the augmentation
of CutMix data to encourage the Fals-UNet netwarkfdcus more on small regions and to
disentangle between non-manipulated and manipuiatades. This can improve the training of
the U-Net discriminator, further improving the guabf the generated samples.

» We propose hybrid architecture between the U-NHivoik and another network like Transformer
to capture spatial information from small structurédybridization keeps spatial and local
information to train the network on the differentdrmation. We are designing an over-complete
architecture of U-NET which consists in projectingprmation on higher dimensions to improve
learning in the case of small regions.

* It would be interesting to exploit the U-NET modsdined on medical databases as a feature
extraction module on medical databases insteadinfjuhe classic models trained on ImageNet.
Recall that this model has proven its effectivermsapared to models trained on the ImageNet
database in transferred learning.
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Résumé
Avec I’augmentation de la quantité de données et la disponibilit¢ de ’infrastructure de calcule puissant, les
méthodes Deep Learning (DL) ont connu un grand intérét en raison de leur bonne performance sur les grands
volumes de données et leur capacité d’extraction de caractéristique dans le cadre des données non structurées.
Ces méthodes étaient exploitées dans différents sous domaines en vision par ordinateur pour effectuer plusieurs
taches : classification, localisation, détection, et segmentation.

Dans le contexte de la présente thése, nous nous intéressons a la détection de deux types d'images, les images
falsifiées et les images Computed Tomographie (CT) par les méthodes DL, précisément par les réseaux de
neurones convolutifs (CNN). Dans ce cadre, nous avons proposé plusieurs approches pour répondre aux
différents problémes liés a D’application des techniques DL en segmentation de ces types d’images. Les
approches proposées sont basées essentiellement sur des architectures d'encodeur décodeur, les techniques de
régularisation, une fonction de perte adaptative, et les stratégies d’apprentissage transféré. Il est intéressant de
noter que les méthodes image-to-image sont utilisées afin de résoudre les différents problemes liés a la variance
élevée, le sur-apprentissage, et la sensibilité des réseaux DL au changement de base de données. En plus, elles
permettent de combiner les informations contextuelles obtenues par 1'encodeur et I’information spatiale obtenue
par le decodeur en en concaténant (additionnant) deux entrées (une de la couche précédente du décodeur et
I’autre de la couche symétrique du codeur) cela génére des décisions plus robustes et stables au changement de
données. D’autre part, les techniques d’apprentissage transféré et la fonction de perte adaptatives sont utilisées
afin de résoudre le probléme de sur-apprentissage sur les volumes limités de données.

Mots-clefs : Deep Learning, Réseaux de Neurones Convolutifs, Computed Tomographie, Images falsifiées.

Abstract

With the increase in the amount of data and the availability of powerful computing infrastructure, DL methods
have seen great interest due to their good performance on large data volumes and their feature extraction
capability in the context of unstructured data. These methods were used in different sub domains of computer
vision to perform several tasks: classification, localization, detection, and segmentation.

In the context of this thesis, we are interested in the detection of two types of images, falsified images and
computed tomography images by DL methods, precisely by convolutional neural networks (CNN). In this
context, we have proposed several approaches to address the various problems related to the application of DL
techniques in the segmentation of these types of images. The proposed approaches are based primarily on
encoder-decoder architectures, regularization techniques, an adaptive loss function, and transferred learning
strategies. It is interesting to note that image-to-image methods are used in order to solve the various problems
related to high variance, over-fitting, and sensitivity of DL networks to database change. In addition, they make
it possible to combine the contextual information obtained by the encoder and the spatial information obtained
by the decoder by concatenating (adding) two inputs (one from the previous layer of the decoder and the other
from the symmetrical layer of the encoder) this generates more robust and stable decisions to changing data. On
the other hand, transferred learning and adaptive loss function techniques are used to solve the problem of over-
learning on limited volumes of data.

Key Words: Deep Learning, Convolutional Neural Network, Computed Tomography images, Falsified images.

>< Faculté des Sciences, avenue Ibn Battouta, BP. 1014 RP, Rabat —Maroc
2 00212 (05) 37 77 18 76 = 00212(05) 37 77 42 61; http://www. fsr.um5.ac.ma






