N

HAL

open science

Learning-based image synthesis for dynamic MRI

Claire Scavinner-Dorval

» To cite this version:

Claire Scavinner-Dorval. Learning-based image synthesis for dynamic MRI Signal and Image Processing.
Ecole nationale supérieure Mines-Télécom Atlantique, 2024. English. (NNT : 2024IMTA0437). <tel-05380241)

HAL Id: tel-05380241
https://theses.hal.science/tel-05380241v1

Submitted on 24 Nov 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Auto':izition
HAL Authorization


https://theses.hal.science/tel-05380241v1
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

COLLEGES | SCIENCES m
BRETAGNE | POUR L'INGENIEUR T Atlantque.
LOIRE | ET LE NUMERIQUE Bretagne-Paye do la Loie

E DOCTORAT DE

Rapporteurs avant soutenance :

Vincent NOBLET  Ingénieur de recherche, CNRS
Ahror BELAID Professeur, Université de Bajaia

Composition du Jury :

Président : Nicolas PASSAT Professeur, Université de Reims Champagne-Ardenne
Examinateurs : Christelle PONS BECMEUR  Maitre de conférence, HDR, UBO
Ahror BELAID Professeur, Université de Bajaia
Vincent NOBLET Ingénieur de recherche, CNRS
Dir. de thése : Frangois ROUSSEAU Professeur, IMT Atlantique
Co-dir. de thése :  Douraied BEN SALEM Professeur, UBO - CHRU de Brest

Invité(s) :

Rodolphe BAILLY  Kinésithérapeuthe, PhD, Fondation lldys






ACKNOWLEDGEMENT

Les recherches qui ont mené a ces résultats ont bénéficié de financements de 'ANR
(AT4CHILD ANR-19-CHIA-0015-01), la Région Bretagne (projet DynMRI), Philips, la
Fondation de 1’Avenir, Paris, France, et de la Fondation Motrice, Paris, France. Ce
travail a bénéficié de I'acces aux ressources HPC de I'IDRIS dans le cadre de I’allocation

2023-AD010314332 faite par GENCI.

Je voudrais sinceérement remercier mes directeurs de these: Francois Rousseau et
Douraied Ben Salem. Leur bienveillance, leurs conseils et leur écoute durant ces an-

nées m’ont permis d’avancer dans ces recherches et d’apprendre a leurs cotés.

Je souhaite remercier ’ensemble du jury pour avoir accepté de participer a I’évaluation
de ces travaux. Merci a Nicolas Passat pour avoir accepté de présider ce jury et pour ses
retours constructifs sur le manuscrit. Merci également aux deux rapporteurs: Vincent
Noblet et Ahror Belaid, pour leurs retours sur ce travail et ce manuscrit, et a Christelle

Pons Becmeur et Rodolphe Bailly pour avoir fait partie de ce jury.

Merci a toute I’équipe du BEaCHILD pour 'ambiance chaleureuse et bienveillante de
cette équipe, et pour avoir partagé leur recherches avec toujours beaucoup d’enthousiasme
et de pédagogie. Je tiens particuliecrement a remercier les personnes avec qui j’ai eu la
chance de partager un bureau: Anne, Chloé, Nathan, Benjamin, Guillaume, Yue, Emma,
Zakaria, Florian, Triet et Zhengyang. Merci pour ces moments partagés ensemble autour
d’une tasse de café, pour votre gentillesse, vos conseils et pour 'atmosphere amicale
et chaleureuse de nos locaux. Et un immense merci a Sarah, pour son soutien et son
enthousiasme infatigables, pour ses (nombreuses) relectures, tous les fous rires et le café

partagés pendant ces années face a face, et pour avoir été ma créanciere attitrée au RAK.

Un grand merci aux membre de ma famille et & mes amis qui m’ont accompagnée tout
au long de cette these, pour leur confiance et leur gentillesse. Merci en particulier a Clara,
Juliette, Gaél, Coraline et Gauthier. Merci également a Lili et Polo pour leur présence

affectueuse et pour leur participation tres active a 1’écriture de ce manuscrit.

Enfin, je tiens tout particulierement remercier ma mere, dont les encouragements, les

rires et la présence m’ont soutenue tout au long de cette these.






TABLE OF CONTENTS

Acknowledgement 3
List of Figures 11
List of Tables 12
List of Acronyms 13
Résumé étendu 15
Introduction 35
Motivation . . . . . . . . . 35
Thesis overview . . . . . . . . . 37
Thesis organization . . . . . . . . .. L Lo 37

1 Context 39
1.1 Introduction . . . . . . . . . .. 39
1.2 Clinical Context . . . . . . . . . . . . . . 40
1.21 Cerebral palsy . . . . . . . . . . 40

1.2.2 Equinus . . . . . . . . 40

1.2.3  Ankle joint anatomy . . . .. . ..o 41

1.3 Magnetic Resonance Imaging for motion analysis . . . . .. .. ... ... 45
1.3.1 Magnetic Resonance Imaging . . . . . . ... ... ... .. .... 45

1.3.2 MRIsequences . . . . . . . . . . . ... 47

1.3.3 Dynamic MRI . . . . . . .. ... .o 50

1.3.4 Artifactsin MRI . . . ... ... ... ... ... ... 51

1.4 Equinus dataset . . . . . . ... 52
1.4.1 Equinus project . . . . . . . ..o 52

1.4.2  Acquisition protocol . . . . . ... ... 52

1.4.3 Cohort . . . . . . . 54

1.4.4 Sourcedata . . . . . . ... 54



TABLE OF CONTENTS

1.4.5 Variability in source data . . . . . . .. .. ... ... 56

1.4.6 Segmentation . . . . . .. ..o 58
1.4.7 Previous works . . . . .. ..o 58

1.5 Conclusions . . . . . . . . 59
2 Deep learning for image synthesis 61
2.1 Imtroduction . . . . . . . L 61
2.1.1 Artificial Neural Networks . . . . . . .. ... ... ... .. .... 62
2.1.2 Al Machine Learning & Deep Learning . . . . . . . ... ... ... 63
2.1.3  Generative Modeling . . . . . . ... ... 64
2.1.4  Common Deep Neural Networks architectures . . . . . .. .. ... 65

2.2 Data for learning . . . . . . ..o 68
2.2.1 Preprocessing . . . . . . .. ..o 69
2.2.2 Data augmentation . . . . . . ... o0 69
2.2.3 Paired/unpaired data . . . . .. ... 70
224 Databiases . . . . . .. 71

2.3 Image synthesis . . . . . . . . .. 71
2.3.1 Unconditional image synthesis . . . . . . . ... .. ... ... ... 73
2.3.2  Multimodal conditional image synthesis. . . . . . . .. .. ... .. 73
2.3.3 Image-to-image translation . . . . . . .. .. ... L. 76
2.3.4 Applications in medical imaging . . . . . . ... ... 83

2.4 Image quality assessment . . . . . . .. ..o 85
2.4.1 Full-reference image quality assessment . . . . . . . . . . . ... .. 85
2.4.2 No-reference image quality assessment . . . . . .. ... ... ... 87
2.4.3 Image quality assessment in medical imaging . . . . . . . .. .. .. 88

2.5 Conclusions . . . . . .. . 89
3 Paired synthesis of high-resolution dynamic MRI 91
3.1 Imtroduction . . . . . . . .. L 91
3.1.1 Inverse problem . . . . . . . . . ... 92
3.1.2 Registration . . . . .. ..o o 94

3.1.3 Data simulation . . . . . ... ... oo 97

3.2 Datapairing . . . . . . . .. 98
3.2.1 Registration . . . . . . ... 99

3.2.2  Learning-based dynamic MRI simulation . . . . ... ... ... .. 100

6



TABLE OF CONTENTS

3.2.3 Handcrafted dynamic MRI simulation. . . . . . ... ... .. ... 102
3.2.4 Experimental setup . . . . .. ..o 103
325 Results. . . . . . 106
3.2.6 Discussion . . . . . ... 111
3.3 Paired high-resolution dynamic MRI synthesis . . . . . ... ... ... .. 112
3.3.1 Methods . . . . . . . 112
3.3.2 Experimental setup . . . . . ... 113
333 Results. . . . . . 115
3.3.4 Discussion . . . . ... 119
3.4 Conclusions . . . . . . . .. 121
Unpaired synthesis of high-resolution dynamic MRI 125
4.1 Introduction . . . . . . . ... 126
4.1.1 Learning unpaired image-to-image translation . . . . .. ... . .. 126
4.1.2 Disentangled representation learning . . . . . . ... .. ... ... 128

4.2

4.3

4.4

4.5

4.1.3 Application of Unpaired Image Synthesis to high-resolution dy-

namic MRI synthesis . . . . . . ... ... oo 134
Methods . . . . . . . . . 135
4.2.1 Unpaired Image Synthesis . . . . .. .. ... ... ... ... ... 135
4.2.2 Latent space constraints . . . . . . . . ... oL 139
4.2.3 Entanglement module . . . . .. .. ... .. o000 140
4.2.4  Supervised Segmentation . . . . . .. ..o 141
Experimental setup . . . . . .. .. Lo oo 143
4.3.1 Dataset . . . . . . L 143
4.3.2 Implementation details . . . . . . .. . ..o 143
4.3.3 Metrics . . . . L 145
Results . . . . . . . o 146
4.4.1 DRITH+ architecture . . . . . . .. ... .. ... ... .. ... 146
4.4.2 Latent space constraints . . . . . .. . ... 148
4.4.3 Entanglement module . . .. .. .. ... o000 148
4.4.4 Segmentation . . . .. ... L 157
4.4.5 Uncertainty . . . . . . . . o 160
4.4.6 Evaluation of the disentanglement . . . . . . . ... ... ... ... 161
Discussion . . . . . . . . 170



TABLE OF CONTENTS

4.6 Conclusion . . . . . . . s, 172
Conclusion 175
ConcluSion . . . . . . . 175
Perspectives . . . . . . .. 176
Method . . . . . . . 177
Applications . . . . . . . . 179
Communications 181
Bibliography 183



LIST OF FIGURES

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8
1.9
1.10

2.1
2.2
2.3
2.4
2.5
2.6

2.7
2.8

3.1
3.2
3.3
3.4
3.5
3.6
3.7

Types of cerebral palsy . . . . . . . . .. ... 41
Patient with equinus foot . . . . . . . . . ... ... 42
Anatomy of theankle . . . . . . . . .. ... 43
Motions of the ankle . . . . . . .. ... ... . 44
Muscles of the ankle . . . . .. .. ... oo 46
Orthotic fixture designed for passive dynamic MRI acquisition . . . . . . . 53
Age distribution in typical and equinus subjects . . . . . . ... ... .. 54
Source data . . . . .. %)
Variability in source data . . . . . . . .. ... L oL D7
Segmentation of the bones of the ankle joint . . . . .. ... ... ... .. 59
Structure of a neural network . . . . . .. ..o 66
Processof a CNNin2D . . .. .. .. .. .. ... ... . 66
Different categories of image synthesis . . . . ... .. .. ... ... ... 72
Demonstration of three unconditional medical image synthesis algorithms . 74

Examples of image-to-image synthesis tasks . . . . . . ... ... ... .. 7

Difference between the training an I2] model in a paired or an unpaired

setting . . . . . .o 79
Conditional I2I translation . . . . . . . ... . ... ... ... .. .. ... 82
Examples of image synthesis in medical imaging . . . . . . . ... ... .. 84
Inverse problem in the Equinus dataset . . . . . . . ... ... .. ..... 94
Bones segmentation processing for registration . . . . . . .. ... ... .. 100
Handcrafted dynamic MRI simulation process . . . . . . .. .. ... ... 104
Result of the bone-to-bone registration . . . . . .. ... ... ... ... .. 107
Dynamic MR images simulation using partially paired data . . . . . . . .. 109
Dynamic MR images simulation using unpaired data . . . . . .. .. ... 110
Dynamic MR images simulation using a handcrafted model . . . . . . . .. 111

9



LIST OF FIGURES

3.8

3.9

3.10

3.11

3.12

4.1
4.2
4.3
4.4
4.5
4.6

4.7

4.8

4.9

4.10

4.11

4.12

4.13

4.14

4.15
4.16

Estimation of high-resolution MRI synthesis on real data using partially
paired data . . . .. .. Lo 116
Estimation of high-resolution MRI synthesis on simulated data using a
paired loss . . . . . . L 118
Generalization of the high-resolution dynamic MR images synthesis model
learned on simulated data toreal data . . . . . . .. ... ... ... ... 120

Estimation of high-resolution MRI synthesis on real data using transfer

learning . . . . .. 121
Estimation of T2 MRI from T1 MRI on the HCP dataset . . . . . . .. .. 122
CycleGAN overview . . . . . . . . . . . . 127
Examples of factors of variation in four different applications . . . . . . . . 129
Main frameworks in Disentangled Representations Learning . . . . . . . . . 130
Overview of the unpaired 121 synthesis process . . . . . . . . ... .. ... 136
Overview of the segmentation process . . . . . . . . . . ... .. .. .... 142

High resolution dynamic MRI synthesis with different variants of the DRIT++
framework . . . .. .. 147
High-resolution dynamic sequence synthesis results using CycleGAN and
rDRITH+ . . o 149
High-resolution dynamic sequence synthesis results for different entangle-

ment modules, with or without a segmentation auxiliary task . . . . . . . . 151
Low-resolution static image synthesis results for different entanglement
modules, with or without a segmentation auxiliary task . . . . . . . . . .. 152
High-resolution dynamic sequence synthesis for each entanglement module

with segmentation as an auxiliary task . . . . .. .. .. ... 00 154
High-resolution dynamic sequence synthesis for each entanglement module
without segmentation as an auxiliary task . . . . . . ... ... ... 155

High-resolution dynamic sequence synthesis for CycleGAN and the most

successful DRL approach . . . . . . . . . ... .. ... . 156
Anatomy preservation in the DRL framework in an unpaired setting . . . . 158
Segmentation results on real data using mDRIT++ . . . . . . . .. .. .. 159
Results of the test-time augmentation . . . . . . . ... .. ... ... ... 161

Two-dimensional UMAP visualization of the anatomy latent codes for each
DRL method . . . . . . . . . . . 166



List of Figures

4.17 Two-dimensional UMAP visualization of the modality latent codes for each

DRL method . . . . . . . . . .. . 168
4.18 Anatomy latent representation versus corresponding image patch . . . . . 170
4.19 Modality latent representation versus corresponding image patch . . . . . . 171

11



LIST OF TABLES

3.1

3.2

3.3

3.4

3.5

3.6

4.1

4.2

4.3

4.4

4.5
4.6
4.7

Evaluation of the quality of the synthesis of simulated dynamic MR images
for different neural networks using partially paired data. . . .. .. . ... 108
Evaluation of the quality of the synthesis of simulated dynamic MR images
for different GAN generators in an unpaired setting . . . . . .. ... ... 111
Evaluation of the synthesis quality of high-resolution dynamic MR images
onreal data . . . . . .. L 115
Evaluation of the quality of synthesis of high-resolution dynamic MR im-
ages in comparison to low-resolution static MR images on real data . . . . 117

Evaluation of the synthesis quality of high-resolution dynamic MR images

for different neural networks using simulated paired data . . . . . . . . .. 117
Evaluation of the synthesis quality of T2 MRI from T1 MRI on the HCP
dataset . . . . . .. 121

Evaluation of the synthesis quality between different network architectures
of the DRIT++ framework . . . . . . . . .. . .. .. ... ... ...... 148
Quantitative evaluation of latent space constraints . . . . . . . ... . ... 149
Evaluation of the synthesis quality of high-resolution dynamic images for
different entanglement modules, with and without segmentation, compared
to CycleGAN . . . . . . 153
Evaluation of the synthesis quality of low-resolution static images differ-

ent entanglement modules, with and without segmentation, compared to

CycleGAN . . . . 153
Evaluation of the disentanglement on a dynamic image . . . .. ... ... 162
Evaluation of the disentanglement on a static image . . . . . . . . . .. .. 162

Quantification of the similarity between corresponding latent representations169

12



LIST OF ACRONYMS

AdalN Adaptative Instance Normalization
AT Artificial Intelligence

ANN Artificial Neural Network

CNN Convolutional Neural Networks

CP Cerebral Palsy

CT Computed Tomography

DL Deep Learning

DNN Deep Neural Networks

DRL Disentangled Representation Learning
FID Fréchet Inception Distance

FiLM Feature-wise Linear Modulation
FR-IQA Full-Reference Image Quality Assessment
GAN Generative Adversarial Networks

GE Gradient Echo

GPU Graphic Processing Unit

I21 Image-to-Image

IQA Image Quality Assessment

KID Kernel Inception Distance

MAE Mean Absolute Error

ML Machine Learning

MLP Multi Layer Perceptron

MRI Magnetic Resonance Imaging

MSE Mean Squared Error

NMR Nuclear Magnetic Resonance
NR-IQA No-Reference Image Quality Assessment

13



List of Acronyms

PET Positron Emission Tomography
RF Radiofrequency
SE Spin Echo

14



RESUME ETENDU

Chapitre 1: Contexte

Dans un premier chapitre, le contexte clinique associé a la paralysie cérébrale et a
I’équin de cheville est présenté, ainsi que les motivations du projet Equinus. Apres une
présentation des principes fondamentaux de 'IRM et de son application a 1’étude du
mouvement, nous décrivons en détail le jeu de données acquis dans le cadre du projet

Equinus.

Contexte Clinique La paralysie cérébrale (PC) est la déficience motrice la plus courante
chez lenfant, avec une prévalence de 1.5 a 3 pour 1000 naissances vivantes [1]. Elle résulte
de lésions cérébrales irréversibles survenues pendant la période périnatale, avant la fin du
développement cérébral. L’équin de la cheville est la déformation la plus courante chez les
enfants atteints de paralysie cérébrale. Il se définit comme une incapacité a effectuer une
dorsiflexion du pied au-dessus du niveau plantigrade, avec ’arriere-pied en position neutre
et le genou en extension. L’équin spastique se caractérise par une faiblesse des muscles
du pied et de la cheville et un faible contrdle musculaire, aboutissant avec la croissance a
des déformations osseuses et une démarche déséquilibrée [2].

D’apres la littérature, une intervention chirurgicale apres huit ans est 'option la plus
viable pour stabiliser le membre inférieur et permettre au patient de marcher de maniere
aussi indépendante que possible. Cependant, des études de suivi a long terme font état
d’un taux de récidive post-opératoire pouvant atteindre 48% [3], [4], [5], [6], et les données
probantes sont insuffisantes pour déterminer la meilleure pratique clinique. Bien que des
études antérieures aient examiné 'impact des facteurs extrinseques sur les taux de récidive
(age, le type de membre affecté, type de CP, ou parametres de marche), les études portant
sur 'impact des facteur intrinseques (biomécanique interne de 1'articulation de la cheville
ou mécanique musculaire in vivo) restent encore insuffisantes. Pour pouvoir améliorer la
prise en charge de I’équin, la compréhension de la pathologie et permettre la formulation
de recommandations cliniques, il est essentiel d’examiner in vivo la mécanique articulaire

et les déformations osseuses résultant de la faiblesse de la musculature de ’articulation
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Résumé étendu

de la cheville.

Données Equinus Le projet Equinus a pour objectif de comprendre les effets in vivo
de la faiblesse musculaire de 'articulation de la cheville et les déformations osseuses qui en
résultent. La stratégie retenue consiste a comparer la mécanique musculaire et articulaire
de la cheville entre des enfants présentant une déformation en équin et des enfants au
développement typique appariés selon I'dge [7].

Les techniques d’imagerie modernes, en particulier I'imagerie par résonance magné-
tique (IRM) dynamique, offrent la possibilité d’étudier la mécanique musculaire et ar-
ticulaire in vivo. Non-invasive et non-ionisante, cette modalité d’imagerie permet aux
chercheurs d’observer les mouvements du squelette et des muscles. Pour permettre a la
fois la visualisation des mécaniques articulaire au cours du mouvement et bénéficier d’une
prise de vue avec une précision anatomique importante, deux types de séquences sont
acquises dans le cadre du protocole: une IRM 3D statique a haute résolution et plusieurs
séquences dynamiques a basse résolution de 'articulation de la cheville.

L’équin affectant la capacité de dorsiflexion, 'TRM dynamique est utilisée pour enreg-
istrer un cycle de dorsiflexion-flexion plantaire afin d’étudier la biomécanique de 'articulation.
L’étude, approuvée par le comité d’éthique régional, inclut onze enfants au développement
normal et neuf enfants souffrant d’équin, agés de 6 a 14 ans. Les données d’'IRM 3D ont
été recueillies au cours d’une seule visite, apres que les parents aient signé des formulaires
de consentement. Les données ont été acquises a I'aide d'un scanner MR 3T (Achieva
dStream, Philips Medical Systems, Best, Pays-Bas). Le protocole d’acquisition com-
prend, pour chaque enfant, une IRM 3D statique a haute résolution de 'articulation de la
cheville avec une résolution de 0.26 x 0.26 x 0.8mm et trois séquences dynamiques basse
résolution de 'articulation de la cheville pendant un unique cycle de dorsiflexion-flexion
plantaire. L’acquisition de séquences dynamiques a haute résolution nécessite un temps
d’acquisition long et des mouvements répétés a une vitesse constante, ce qui les rend dif-
ficiles a réaliser pour les patients souffrant de troubles musculo-squelettiques. Le type de
séquence choisi est un compromis entre un temps d’acquisition réduit et une résolution et
un contraste suffisants entre les structures anatomiques. Chaque séquence comprend 15
images temporelles 3D avec une résolution spatiale de 0.57 x 0.57 x 8mm. Pour chaque
IRM statique, les trois os d’intérét de 'articulation de la cheville ont été segmentés: le
talus, le tibia et le calcaneus. Ces données sont présentées sur la Figure 1 pour deux

sujets (un avec équin et un au développement typique). La premiére image correspond a
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I'image RM statique, tandis que les 15 suivantes correspondent aux images successives de

la séquence IRM dynamique, montrant un cycle de dorsiflexion-flexion plantaire.

(b) Sujet au développement typique.

Figure 1 — Exemples de données sources pour deux sujets : I'un avec un équin et I'autre avec un
développement typique. Pour chacun des sujets, la premieére image (en haut a gauche) est une coupe
issue d’une image RM statique, et les 15 suivantes sont les images successives qui composent la séquence
dynamique.

Les données recueillies présentent des variations anatomiques significatives principale-
ment dues a la présence (ou non) de pathologie et a la tranche d’age des patients inclus
dans I’étude. Ces variations anatomiques incluent des variations dans la forme des os entre
les enfants typiques et les enfants équins, ainsi que des différences au niveau des cartilages
de croissance en fonction de I’dge. En outre, la résolution de I'image, ’anisotropie et la
présence d’artefacts contribuent a la variabilité au sein des données collectées.

Les données dynamiques du projet Equinus disposent d’une haute résolution tem-
porelle, mais souffrent d’une faible résolution spatiale de par leur courte durée d’acquisition.
A Tinverse, les images statiques bénéficient d’une meilleure résolution spatiale, mais ne
permettent pas de visualiser la biomécanique de la cheville. Afin d’améliorer la com-

préhension de la biomécanique de la cheville en cas de ’équin de la cheville, 1'objectif
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est de synthétiser une séquence IRM dynamique haute résolution a partir d’une séquence

IRM dynamique basse résolution.

Chapitre 2: Synthese d’image

La méthodologie utilisée dans cette these est fondée sur I'application de techniques
de synthese d’images pour la génération de séquences IRM haute résolution. Ce chapitre
aborde tout d’abord les problématiques liées aux données, inhérentes a ’apprentissage
profond, avant d’introduire différents concepts de la syntheése d’images. Ce chapitre
présente également une revue des dernieres métriques d’évaluation des méthodes de syn-
these d’images, avec et sans vérité terrain. En outre, les limites des modeles actuels de
synthese d’IRM dynamiques sont discutées, motivant le travail proposé dans les chapitres
suivants.

Ces derniéres années, des progres significatifs ont été réalisés dans le domaine de
I’apprentissage profond, et ont fait de cette technologie un outil indispensable pour le
traitement des images. Leur capacité a modéliser des fonctions non linéaires complexes et
leur niveau de complexité adaptable les rendent adaptés a diverses applications. L’état de
I’art actuel dans le traitement des images médicales est dominé par ce nouveau paradigme.
Les méthodes de synthese d’images représentent une part importante de ces applications.
Les principaux domaines d’application sont le recalage, la segmentation, la synthese inter-
modalité, la reconstruction et la super-résolution [8]. Ces nouveaux développements per-
mettent désormais de générer des images d'une modalité spécifique a partir d’images d'une
autre modalité, offrant de nouvelles possibilités pour la réduction de I'exposition des pa-
tients aux modalités ionisantes, ou la réduction des temps d’acquisition en reconstruisant
des images de haute qualité a partir d’images de moindre qualité acquises dans un laps

de temps plus court.

Synthése d’image Le terme « synthese d’image » désigne le processus de génération
d’une image selon un contenu souhaité. Cette synthese peut étre conditionnelle ou incon-
ditionnelle. En syntheése d’image conditionnelle, une image est générée en fonction d’une
donnée d’entrée. Cette donnée est utilisée pour décrire le contenu de I'image a générer et
conditionne le résultat du processus de génération de I'image. Cette donnée peut prendre
des formes diverses : texte, son, signaux cérébraux et indices visuels tels qu'une autre

image, une segmentation sémantique ou des cartes de profondeur [9]. Au contraire, la
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synthese d’image inconditionnelle est caractérisée par I’absence de donnée d’entrée pour
guider le processus de génération. Cette approche est fréquemment employée pour la
génération de grandes quantités de données partageant un méme contenu sémantique.
A titre d’illustration, considérons un processus de génération de visages. En synthése
d’image conditionnelle, un visage peut étre généré a partir d’'un texte fournissant une
description. Cette approche, bien que permettant la génération d'une image aux carac-
téristiques spécifiques, n’est pas adaptée a la génération de grands ensembles de données
en raison de son caractere chronophage. La synthése d’image inconditionnelle permet de
générer une grande quantité de visages aux caractéristiques aléatoires, sans requérir de
description. Cette caractéristique en fait une méthode de choix pour la génération de

larges ensembles de données.

La synthese d’image a image est un sous champ de la synthese d’image conditionnelle,
ou la donnée d’entrée conditionnant le processus de génération est une image. Ses champs
application sont variés: de la vision par ordinateur, au traitement d’image en passant par
I'imagerie médicale. Les applications les plus courantes incluent la colorisation [10][11], la
super-résolution [12][13], le transfert de style [14][15], la segmentation [16][17], I'estimation
de pose en 3D [18], la synthese d’image sémantique [19][20], le débruitage [21], la retouche

d’images [22][23] ou la génération de dessins animés [24][25].

Synthése d’image a4 image appariée / non appariée Les données d’entrainement
représentent un aspect crucial pour les applications de I'apprentissage profond. Les pre-
miers modeles de syntheése d’image a image utilisaient pour leur entrainement des images
appariées entre les domaines source et cible. En traitement d’image, on parle de don-
nées appariées lorsque, pour chaque image et pour une tache donnée, il existe une vérité
terrain correspondante. Ce type de méthode exploite généralement la correspondance
entre I'image d’entrée et la vérité terrain correspondante dans le domaine cible pour cal-
culer 'erreur entre 'estimation produite par le modele et la vérité terrain. Cette erreur
va guider I'apprentissage du modele, et est calculée en utilisant des fonctions de cofit
comme 'erreur quadratique moyenne (EQM) ou la norme L1 qui comparent la prédiction
et la vérité terrain pixel par pixel. Cependant, 'apprentissage avec des données appar-
iées s’avere difficile pour de nombreuses applications en raison de la difficulté ou du cofit
d’obtention de telles données. En effet, la création de tels ensembles de données requiert
une annotation manuelle ou un accés aux vérités terrain correspondantes (masques de

segmentation, acquisitions multimodales correspondantes, étiquettes de classe...), limi-
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tant ainsi le nombre d’ensembles de données disponibles. Ces défis sont accentués dans
le domaine de I'imagerie médicale, ou la construction d’un tel ensemble de données peut
étre fastidieuse (par exemple, segmentation manuelle par un expert), cotiteuse (nécessi-
tant plusieurs acquisitions a partir d'un ou plusieurs systemes d’imagerie) ou imprécise
(en raison d’un recalage imparfait entre les images provenant de différentes modalités
d’imagerie).

De nouvelles méthodes ont vu le jour pour pallier cette difficulté, comme 1'utilisation
d’ensembles de données avec peu ou pas de données appariées. L’apprentissage a partir de
données non appariées autorise I'utilisation de grands ensembles de données sans nécessiter
de vérité terrain [26], [27]. Ces nouvelles méthodes pour l'entrainement des modeles
offrent des perspectives plus larges en termes d’applications que celles basées uniquement
sur des données appariées. Plusieurs stratégies ont été congues pour entrainer le modele
en l'absence de données appariées. Parmi les plus utilisées, la contrainte de cohérence
cyclique [28] s’affranchit de I'utilisation de données appariées en proposant l'introduction
d’une contrainte sur un cycle de synthese.

Dans la pratique, les données d’entrainement et la tache visée régissent le plus souvent
le modele d’entrainement et I'architecture choisie. Les méthodes de syntheése d’images
appariées s’appuient le plus souvent sur des architectures bien connues, telles que les
réseaux résiduels ou UNet, entrainés avec une fonction de cotit appariée telle que L1 ou
EQM. En synthese d’images non appariées, deux approches principales dominent I’état de
lart : les réseaux antagonistes génératifs (GAN) a cohérence cyclique et 'apprentissage

de représentation factorisées. Ces deux approches sont abordées dans le Chapitre 4.

Application aux données du projet Equinus L’amélioration de la qualité de 'TRM
dynamique grace a la super-résolution ou a la reconstruction est un domaine de recherche
spécifique dans la synthese d’images médicales. La contribution de ’apprentissage pro-
fond dans les méthodes proposées est relativement faible par rapport a son importance
dans d’autres applications de synthese d’images médicales. Cela pourrait s’expliquer par
le manque de données accessibles au public dans cette modalité particuliere. Si certaines
techniques ont récemment vu le jour pour compenser le manque de données en acces li-
bre en simulant des processus dynamiques, les méthodes développées s’appuient le plus
souvent sur des données appariées. De plus, a notre connaissance, il existe un manque de
méthodes qui modélisent explicitement le processus dynamique pour améliorer la résolu-

tion.
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Les données collectées dans le cadre du projet Equinus sont intrinsequement non ap-
pariées. Cependant, grace a un processus de recalage, les images IRM statiques et dy-
namiques peuvent étre partiellement alignées. Ce travail se concentre sur deux approches
différentes pour la résolution du probléme posé. La premiere exploite le recalage et la sim-
ulation pour générer des données partiellement ou totalement appariées. Ces images sont
ensuite utilisées dans des méthodes de synthese d’images appariées. La seconde approche
repose sur des méthodes de synthese d’image a image non appariées qui ne nécessitent
donc pas de vérité terrain exacte. Le chapitre 3 porte sur 'utilisation des méthodes de
synthese appariées pour la synthese de séquences IRM dynamiques haute-résolution, ainsi

que le processus de simulation d’images RM dynamiques a partir d’images RM statiques.

Chapitre 3: Synthese appariée d’IRM dynamique haute

résolution

Le troisieme chapitre examine l'utilisation de méthodes d’apprentissage profond util-
isant des données appariées pour la synthese d’images IRM dynamiques haute résolution.
Nous présentons d’abord deux approches distinctes pour ’appariement des données Equi-
nus : P'une basée sur le recalage et Pautre utilisant la simulation de données. A partir
des données issues de ce processus d’appariement, nous explorons 1'utilisation de plusieurs
architectures pour la synthese appariée d’'images RM dynamiques haute résolution, pour
lesquelles les images RM statiques sont utilisées comme vérité terrain pour ’entrainement

des modeéles.

Appariement des données Dans cette section, nous détaillons le processus d’appariement
entre les données IRM statiques et dynamiques. L’objectif est de permettre 'utilisation
de méthodes de synthese d’image a image appariées. Deux approches pour I'appariement
des données sont explorées: une approche basée sur le recalage pour aligner les images RM
statiques et dynamiques les unes par rapport aux autres, et une approche de simulation
de données IRM dynamiques a partir d’'TRM statiques.

Le processus de recalage est divisé en deux phases: un premier recalage rigide global
suivi d'une deuxieme recalage rigide de précision. La premiere phase de recalage a pour
but de déplacer I'image RM statique dans le systéeme de coordonnées de I'image RM
dynamique. A lissue de cette premitre phase, un premier filtrage est intégré de facon

a éliminer les images pour lesquelles la transformation estimée n’est pas réaliste. Dans
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un second temps, la deuxieme phase de recalage consiste a estimer un recalage plus fin,
pour chacun des os de l'articulation de la cheville, entre les données IRM statiques et
dynamiques. Cette approche offre un temps de calcul réduit par rapport a une approche
non-rigide, et garantit la préservation des caractéristiques anatomiques en éliminant le
risque de déformations au sein des tissus. Cependant, ce recalage ne produit qu’un ap-
pariement partiel des images RM statiques et dynamiques, limité a une région osseuse.
Le but de la simulation de données dynamiques est de générer des données IRM
statiques et dynamiques appariées, c¢’est-a-dire des données parfaitement alignées entre les
deux types de séquences IRM. L’objectif est d’estimer la transformation d’une image RM
statique en une image RM dynamique. Deux approches sont utilisées pour la simulation de
données: une approche basée sur 'apprentissage profond et une sur la simulation manuelle.
Aucune des approches par apprentissage profond ne donne lieu a une synthese réaliste
de données IRM dynamiques simulées, quantitativement ou qualitativement. L’approche

manuelle produit les résultats de simulation les plus réalistes parmi les méthodes explorées.

Syntheése appariée d’IRM dynamique haute résolution Cette section décrit les
méthodes d’apprentissage profond utilisées pour ’estimation de séquences IRM dynamiques
haute résolution en utilisant des données appariées et partiellement appariées. Ces travaux
sont menés en utilisant trois jeux de données: les données réelles issu du projet Equinus,
un jeu de données simulées construit a partir des données du projet Equinus et le jeu
de données HCP. Les données réelles sont composées de paires d’images RM statiques et
dynamiques recalées os par os. Les données simulées sont constituées de paires d’images
RM statiques et d’images RM dynamiques simulées de fagon manuelle. La construction
de chacun de ces jeux de données est détaillée dans la section ci-dessus. Enfin, afin de
valider la synthese d’image appariée, les expérimentations sont également menées sur le
jeu de données HCP, congu pour la cartographie du connectome cérébral humain. Au sein
de ce jeu de données, chaque sujet dispose de deux IRM appariées: une T1 et une T2.
Les expérimentations sont menées sur des données appariées et partiellement appar-
iées. La fonction de cofiit est adapté selon le type de données utilisé pour 'entrainement.
Dans le cas de données parfaitement appariées, comme dans I’ensemble de données simulées,
chaque pixel de I'image prédite peut étre comparé a ceux de la vérité terrain. Dans le
cas des données partiellement appariées, des segmentations osseuses sont utilisées pour
pondérer 'erreur quadratique moyenne classique a zéro en dehors de la région osseuse ou

les images sont recalées.
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Bien que les expériences menées sur l'ensemble de données HCP aient donné des
résultats réalistes, ni I'estimation du modele inverse ni 1'utilisation d’une estimation du
modele direct n’ont permis d’obtenir une synthese réaliste d’'IRM dynamique a haute
résolution. Cela peut étre attribué a la qualité du processus de recalage. En effet, la
différence d’aspect importante entre les images IRM statiques et dynamiques peut rendre
le processus de recalage complexe et ardu, pouvant entrainer des erreurs et compromettant
I’apprentissage via des données appariées. Ces erreurs peuvent avoir un impact significatif
sur I'apprentissage par paires. En outre, aucune des méthodes basées sur I'apprentissage
pour simuler des données IRM dynamiques n’a donné de résultats de synthese réalistes.
L’approche manuelle, quant a elle, semble produire des donnes insuffisamment réalistes
pour permettre la généralisation de I'estimation du modele inverse a des données réelles.

Les méthodes appariées pour estimer 'TRM dynamique haute résolution a partir de
I'IRM dynamique basse résolution n’ayant pas permis une synthese réaliste de séquences
IRM dynamiques haute résolution, le chapitre suivant explorera 1'utilisation de méthodes

de synthese d’image a image non appariées pour la résolution du probleme.

Chapitre 4: Synthése non appariée d’IRM dynamique

haute résolution

Ce chapitre propose une étude du potentiel des méthodes de syntheése d'image a im-
age non appariées pour la synthese de séquences d’'IRM dynamiques a haute résolution.
Une part importante de ces méthodes est basée sur I'apprentissage de représentations fac-
torisées. Les représentations factorisées sont une classe de méthodes basées sur I’hypothese
qu’une distribution de données peut étre décrite par un ensemble de facteurs indépendants
et sémantiquement significatifs. L’objectif de ces méthodes est d’identifier ces facteurs et
de les encoder dans des dimensions distinctes.

En s’appuyant sur la factorisation d’une image en facteurs de variation indépendants,
cette approche offre un meilleur contréle sur le résultat de la synthese que les méthodes
basées sur les GAN. Cependant, la factorisation des représentations latentes n’est pas une
tache triviale et peut étre influencé par des biais inductifs particuliers. Dans ce chapitre,
nous évaluons d’abord l'impact de plusieurs hyperparametres et 1’ajout de contraintes
d’espace latent, puis nous étudions l'impact du module de fusion et de I'ajout d’une
tache auxiliaire de segmentation sur le résultat de la synthese et la factorisation des

représentations.
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Ce travail apporte deux contributions principales. Premierement, nous proposons
I’ajout de contraintes sur les espaces latents afin d’améliorer la qualité de la synthese.
Deuxiémement, nous proposons d’étudier I'influence du module de fusion sur les perfor-
mances de la synthese. A notre connaissance, aucune étude n’a étudié son influence sur
les représentations factorisées. Nous étudions également I'impact de I'ajout d’un mod-
ule de segmentation a partir de la représentation latente d’anatomie sur les résultats de
la synthese. Dans cette seconde étude, nous proposons également une évaluation de la
factorisation des représentations latentes et une analyse des espaces latents. Nos résul-
tats démontrent que le module de fusion a un impact significatif sur les performances
d’une méthode basée sur des représentations factorisées, et notamment sur le taux de

factorisation de la méthode.

Méthodes La méthode utilisée s’inspire de DRIT++, un modele de synthese d’images
non appariées basé sur I'apprentissage de représentations factorisées, proposé par [29].
L’objectif de ce travail est de parvenir a dissocier le contenu, appelé par la suite "anatomie"
dans la terminologie de 'imagerie médicale, de sa représentation. Cette représentation,
appelée "modalité’, fait référence aux parametres d’acquisition de 'IRM propres a chaque
image et englobe les attributs spécifiques a la modalité. Généralement représentée sous la
forme d’un vecteur, elle n’encode pas d’informations spatiales mais le rendu des structures
anatomiques. Inversement, ’anatomie représente 'information spatiale, invariante selon
la modalité, au sein de I'image. Encodée sous forme de tenseur, cette représentation
préserve les corrélations spatiales des images originales, ce qui la rend adaptée aux taches
nécessitant une équivariance. La synthese d’une modalité source a une modalité cible est
réalisée en fournissant a un générateur le code latent d’anatomie de I'image source et le

code latent de modalité de I'image de la modalité cible.

En nous appuyant sur cette approche, nous étudions I'impact de plusieurs parametres
sur I'apprentissage des représentations factorisées et sur la qualité de la syntheése. En
particulier, nous examinons l'influence du module de fusion et I'intégration d'une tache
auxiliaire de segmentation a partir d’une représentation anatomique. Le module de fusion
est un élément critique dans 'apprentissage des représentations factorisées, permettant la
fusion de différentes représentations au sein du modele. Notre analyse s’appuie sur une

évaluation de la factorisation des représentations pour toutes ces méthodes.
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Lsey Entanglement | FID | KID | DSC 1
Conv 164.13 0.12 /
DRL X AdalN 1955  0.17 /
FiLM 367.5 044 /
Conv 162.54  0.12  0.959 £+ 0.003
DRL v AdaIN 134.8 0.076 0.959 + 0.004
FiLM 201.4  0.15 0.963 £+ 0.004
CycleGAN 154.81  0.10 /

Table 1 — Evaluation de la qualité de la synthése d’une image RM dynamique haute résolution, pour
différents modules de fusion, avec et sans tache de segmentation, et comparée aux résultats obtenus par le
CycleGAN. Pour I’évaluation, deux métriques pour la synthése d’image non appariée sont utilisées, KID
et FID, et complétées par un DSC calculé sur les segmentations générées. Les meilleurs performances
sont indiquées en gras.

Résultats La Figure 2 présente une partie des résultats obtenus pour la synthese
d’image IRM dynamiques haute résolution. Ces résultats ont été obtenus dans le cadre de
I’étude sur le module d’intégration et 'apport de la segmentation comme tache auxiliaire.

Les expériences démontrent que I'ajout d’une tache de segmentation auxiliaire améliore
considérablement la qualité de synthese des images dynamiques haute résolution, renforce
la robustesse du modele face aux transformations spatiales et permet une meilleure fac-
torisation entre les représentations latentes. Si les modeles basés sur les modules de
fusion Conv et AdalN produisent tous deux des images visuellement réalistes, le modele
utilisant le module AdalIN semble moins sujet aux artefacts et produit des contours plus
réguliers. Si les modeles utilisant le module AdalN présentent une amélioration systéma-
tique de la corrélation entre la représentation latente de I’anatomie et 'image source, les
modeles basé sur Conv démontrent systématiquement une meilleure factorisation entre
les deux représentations latentes. Le modele CycleGAN synthétise une texture visuelle-
ment réaliste pour les structures osseuses, mais semble étre plus sensible aux structures
anatomiques irrégulieres et aux artefacts. De plus, il est montré que sa robustesse au
regard des transformations spatiales affines est inférieure a celle des méthodes basées sur
les représentations factorisées. Les approches proposées dans ce chapitres permettent
la génération de séquences dynamiques 3D+t haute résolution. Les résultats optimaux
sont obtenus lorsque le module de fusion AdalN est associé a une tache de segmentation
auxiliaire.

Cette étude démontre la pertinence de 1'utilisation des représentations factorisées pour
la synthese de 121 non appariée appliquée a 'TRM dynamique. En appliquant la méthode

proposée a une séquence dynamique, nous réussissons a générer une séquence dynamique
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Figure 2 — Résultats de la synthése de séquences dynamiques & haute résolution pour différents modules
de fusion, avec et sans la tdche de segmentation auxiliaire. (a) Image dynamique. (b) Image statique.
(c) Estimation obtenue avec CycleGAN. (d) Estimation obtenue avec mDRIT++ - Conv. (e) Estimation
obtenue avec mDRIT++ - AdaIN. (f) Estimation obtenue avec mDRIT++ - FiLM. (g) Estimation
obtenue avec mDRIT++ - Conv avec la tache de segmentation. (h) Estimation obtenue avec mDRIT++
- AdalN avec la tche de segmentation. (i) Estimation obtenue avec mDRIT++ - FiLM avec la tache de
segmentation.
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3D+t haute résolution. De plus, cette méthode offre des performances comparables, voire
supérieures, a celles du CycleGAN, qui constitue une part importante de 1’état de 'art des
méthodes en synthese d’image a image non appariée. Elle offre également une stabilité

supérieure vis-a-vis des transformations affines.

Conclusion

L’imagerie RM dynamique est une modalité d’imagerie médicale utilisée pour observer
la dynamique physiologique in vivo. Cette modalité d’imagerie, largement utilisée pour
étudier le muscle cardiaque ou la biomécanique des articulations, est non ionisante et non
invasive et permet une excellente visualisation des structures anatomiques. Cependant,
I’acquisition de séquences d’IRM dynamique a haute résolution est un processus qui prend
du temps et qui nécessite des mouvements répétés a une vitesse constante. Afin de réduire
la pression exercée sur les patients souffrant de troubles musculo-squelettiques, le temps
d’acquisition des séquences peut étre réduit au détriment de la résolution spatiale. Cette
these examine le potentiel des méthodes d’apprentissage profond pour la synthese de
séquences IRM dynamiques a haute résolution.

L’un des défis les plus importants de ce travail réside dans I'appariement des données.
En effet, les données acquises dans le cadre du projet Equinus sont sujettes a des défor-
mations non rigides entre les différentes images d’un méme sujet, résultant en des images
IRM statiques et dynamiques non alignées. Ces déformations sont une conséquence de la
nature dynamique de I'étude et des mouvements demandés aux sujets. Ces données ont
guidé le choix des approches étudiées pour la synthese de séquences IRM dynamiques a
haute résolution.

Une premiere approche de la synthese de séquences dynamiques a haute résolution a
été menée pour étudier le potentiel des méthodes de synthese d’image a image utilisant
des données appariées. Deux approches distinctes ont été traitées pour 'appariement
des données : la premiere est basée sur un processus de recalage et la seconde sur la
simulation des données. En utilisant ces données, nous explorons plusieurs architectures
pour la synthese de séquences IRM dynamiques a haute résolution. Apres avoir validé
les approches proposées sur un ensemble de données d’imagerie médicale apparié, nous
démontrons l'incapacité de ces mémes méthodes a synthétiser des images dynamiques
haute résolution visuellement réalistes.

La deuxieme approche étudiée s’est concentrée sur les méthodes de syntheése d’image
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a image utilisant des données non appariées pour la synthese d’'IRM dynamique haute
résolution. En particulier, les travaux se sont concentrés sur les méthodes basées sur
des représentations factorisées. Les résultats ont démontré que cette approche permet
une synthese réaliste d’'une image RM dynamique haute résolution. La méthode a été
appliquée a une séquence complete d’IRM dynamique, ce qui a permis de synthétiser avec
succes une séquence IRM dynamique 3D+t haute résolution.

En nous appuyant sur cette approche, nous étudions I'impact de divers parametres
sur 'apprentissage des représentations factorisées et sur la qualité de la synthese. En
particulier, nous examinons l'influence du module de fusion et de I'intégration d’une tache
auxiliaire de segmentation a partir d’une représentation anatomique. Le module de fusion
est un élément critique dans 'apprentissage des représentations factorisées, permettant la
fusion de différentes représentations au sein du modele. Notre analyse s’appuie sur une
évaluation du taux de factorisation pour toutes ces méthodes. Nos résultats montrent que
ces deux parametres ont un impact significatif a la fois sur la qualité de la synthese et sur
le taux de factorisation de la méthode. De plus, nous démontrons que l'introduction de
contraintes sur les espaces latents peut influencer le processus de synthese et la qualité
des images générées.

La méthode employée dans cette étude présente des performances comparables, voire
supérieures, a celles de CycleGAN, ainsi qu'une stabilité accrue au regard de transfor-
mations affines. En outre, la méthode permet de préserver le contenu anatomique entre
I'image dynamique source et 'image synthétisée, ce qui représente un élément crucial dans

I'imagerie médicale.
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INTRODUCTION

Motivation

Cerebral palsy (CP) is the most prevalent motor impairment among children. It re-
sults from irreversible brain injuries that occur during the prenatal period, before the end
of cerebral development. Equinus is the most prevalent deformity in children with CP [1].
It is defined as the inability to dorsiflex the foot above the level of plantigrade, with the
hindfoot in a neutral position and the knee in an extended position, leading to gait and
bone deformities with growth. Based on the literature, surgical intervention after eight
years is the most viable option to stabilize the lower extremity and allow the patient to
walk as independently as possible. However, long-term follow-up studies report a recur-
rence rate of up to 48% after surgery [2], [3], [4], [5], and there is insufficient evidence to
determine the best clinical practice. Although previous studies have investigated the im-
pact of extrinsic factors on recurrence rates, there is still a lack of morphological analysis
of the ankle joint and muscle biomechanics and tendon strains. To improve understand-
ing of the pathology and enable more informed clinical recommendations, it is crucial to
examine joint mechanics and bone deformities caused by weak ankle joint musculature
in vivo. State-of-the-art imaging techniques, particularly dynamic Magnetic Resonance
Imaging (MRI), provide innovative ways to investigate in vivo muscle and joint mechan-
ics. This imaging modality is non-invasive and non-ionizing, and has proven accuracy and
precision, enabling researchers to monitor skeletal and muscle motion. Nevertheless, cap-
turing high-resolution dynamic sequences requires a long acquisition time and repetitive
motion patterns at a constant speed. To reduce the strain on patients with musculoskele-
tal disorders, the acquisition time of the sequences can be reduced at the cost of spatial
resolution. In order to improve the understanding of the ankle biomechanics in equinus
pathology, the objective is to synthesize a high-resolution dynamic MRI sequence derived
from a low-resolution dynamic MRI sequence.

Medical imaging is employed in standard clinical practice to confirm or pose a diagno-
sis, to analyze body functions such as the brain, heart, or body kinematics, for therapeutic

follow-up, or for interventional radiology. In recent years, significant progress has been
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made in the field of deep learning, which has made this technology an indispensable tool for
image processing. The current state-of-the-art in medical image processing is dominated
by this novel paradigm, which is used for diverse purposes, including diagnosis support,
medical event prediction, and decision making or classification. Image synthesis methods
represent a significant part of these applications. The main fields of application include
registration, segmentation, inter-modality synthesis, reconstruction, and super-resolution
[6]. These novel developments now permit the generation of images of a specific modality
from images of another modality, offering novel possibilities for the reduction of patient
exposure to ionizing modalities, or the reduction of acquisition times by reconstructing
high-quality images from lower-quality images acquired in a shorter period. While con-
siderable attention is being devoted to enhancing the quality of static magnetic resonance
(MR) images, there has been a paucity of deep learning methods developed to improve

the quality of 3D+t sequence images.

This thesis examines the potential of deep learning methods for the synthesis of high-
resolution dynamic MRI sequences from low-resolution dynamic MRI sequences and high-
resolution static MR images. One of the most significant challenges in this work lies in the
pairing of data. Indeed, the data collected as part of the Equinus project is subject to non-
rigid deformations between different images of the same subject, resulting in unaligned
static and dynamic MR images. These deformations are a consequence of the dynamic
nature of the study and the movements required of the subjects. These data directed the
selection of methodologies to be investigated for the synthesis of high-resolution dynamic

MRI sequences.

As a consequence, the initial scientific question that has guided this work is whether
paired image-to-image (I12]) synthesis methods can be employed to synthesize high-resolution
dynamic MRI sequences. To this end, we conducted an investigation into the potential
of paired image synthesis methods using both simulated and registered data. However,
none of the studied approaches yielded realistic synthesis of high-resolution dynamic MR
images. As a consequence, we then considered whether unpaired 121 methods might of-
fer superior performance for high-resolution dynamic MRI sequence synthesis. We thus
investigated unpaired image synthesis models and focused on a class of methods called
disentangled representation learning. Building upon this approach, we investigated the
impact of several architecture hyperparameters on the synthesis quality. This study has
led to two additional questions that have guided our work: What is the impact of the

entanglement module and the incorporation of an auxiliary segmentation task on the
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learning of disentangled representations and the quality of synthesis? Does the introduc-
tion of constraints in the latent space of a disentangled representation model affect the

reconstruction quality?

Thesis overview

The objective of this thesis is to propose a method for synthesizing high-resolution
dynamic MRI sequences from low-resolution dynamic MRI sequences and high-resolution
static MR images. This method may contribute to a greater understanding of the in vivo
biomechanics of the ankle joint in children with cerebral palsy through the use of dynamic
MRI sequences with a short acquisition time. The principal contributions of this thesis
are listed bellow:

— Synthesis of high-resolution 3D+t dynamic MR sequences from low-resolution dy-

namic MR sequences and a high-resolution static MR image.

— Evaluation of the impact of the entanglement module on the learning of disentan-

gled representations.

— Demonstration of the impact of incorporating an auxiliary segmentation task on

the synthesis result.

— Quantitative evaluation of the disentanglement, and subsequent analysis of the

latent space.

— Evaluation of the impact of latent space constraints on the synthesis result.

— Evaluation of paired image-to-image translation frameworks for the synthesis of

high-resolution dynamic MR images.

Thesis organization

This thesis is organized into four chapters, followed by a conclusion and an extended
abstract in French.

In the initial chapter, the clinical context associated with cerebral palsy and ankle
equinus is presented, along with the motivations behind the Equinus project. Following
a presentation of the fundamental principles of MRI and its application to the study of
movement, we then provide a detailed description of the data set acquired as part of the
Equinus project.

Following a brief introduction to the fundamental concepts of artificial intelligence
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(AI) and deep learning (DL), the second chapter addresses the data-related challenges
associated with DL. A presentation and state-of-the-art of image synthesis using deep
learning is provided, followed by a review of metrics for evaluating image synthesis meth-
ods, with and without reference. Finally, we present examples of DL methods for dynamic
MRI image synthesis.

The third chapter examines the use of deep learning methods using paired data for
high-resolution dynamic MRI images synthesis. We first present two distinct approaches
for the pairing of Equinus data: one registration-based and the other using data simula-
tion. We then proceed to explore several architectures for high-resolution dynamic MRI
image synthesis based on these data.

Finally, the fourth chapter explores the use of unpaired image synthesis methods for
the synthesis of high-resolution dynamic MRI sequences. The employed approach is based
on disentangled representations, a class of methods formulated on the assumption that a
data distribution can be described by a set of independent and semantically meaningful
factors of variation. Learning disentangled representations aims to discover and encode
these factors into separate dimensions. The learning of such representations is not trivial,
and it is influenced by several inductive biases. This chapter presents an evaluation
of the impact of several hyperparameters, as well as the incorporation of latent space
constraints, on the synthesis quality. Furthermore, it investigates the impact of both the
entanglement module and the introduction of a segmentation auxiliary task on the quality

of the synthesis and the disentanglement of the representations.
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CHAPTER 1

CONTEXT

This chapter introduces the clinical context of spastic equinus,
which motivated the research carried out during this thesis. The
motivations behind the Equinus project are presented, followed by
an explanation of the principle of Magnetic Resonance Imaging
(MRI), the different types of sequences, and the use of MRI to
study movement. The chapter concludes with a description of the
Equinus dataset, including the acquisition protocol, data, sources

of variability, and derivative data.

1.1 Introduction

Cerebral palsy (CP) is the most common motor impairment in children, with a preva-
lence ranging from 1.5 to 3 per 1000 live births [7]. CP affects 17 million people worldwide,
and 125,000 in France. Its manifestations include a range of motor disorders (ranging from
limping to quadriplegia), which may be accompanied by cognitive impairment. Among
the deformities associated with CP, equinus is one of the most prevalent, impacting both
the growth of affected limbs and gait patterns. This pathology remains incompletely un-
derstood. However, morphological analysis of the ankle joint and muscle biomechanics
may prove beneficial in advancing understanding of the mechanisms involved in equinus
in children with CP and in improving medical management strategies.

This chapter is divided in three sections. Section 1.2 oversees the clinial context of
the cerebral palsy and the equinus foot. Section 1.3 describes the Magnetic Resonance
Imaging principle and its application to motion analysis. Finally, Section 1.4 describes

the data obtained in the context of Equinus Project.
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Chapter 1 — Context

1.2 Clinical Context

1.2.1 Cerebral palsy

Cerebral palsy results from irreversible brain injuries during the perinatal period,
before the end of cerebral development. The most common causes include: infection
or illness during pregnancy or during the first few months, complications resulting from
difficult birth, prematurity (about half the cases, particularly high-risk if the child is born
before the 37th week of pregnancy), severe convulsions, neonatal stoke or abuse-related
traumas. These lesions lead to permanent motor, sensitive or cognitive disorders, the
nature and severity of which vary from patient to patient depending on the cerebral areas
affected, the moment when the injuries occur and their size [8], [9], [10]. While cerebral
lesions are stable or only slightly evolving, orthopedic sequelae tend to worsen with growth.
These aggravations are induced, for example, by muscular imbalances or progressive bone
or joint deformations. These disorders therefore require long-term therapeutic follow-up.

Most common symptoms includes: weak limbs, uncontrolled or chaotic movements,
muscular spasms or tiptoe walking. Other symptoms can occur including vision disorders,
epilepsy, speaking and writing difficulties or altered intellectual capacity. The diagnosis is
done according to clinical symptoms following by brain scans (magnetic resonance imaging
(MRI) or transfontanellar ultrasound) or electroencephalogram (EEG), but cannot be
posed until the first 3 to 6 months. Early diagnosis and prompt medical action are
decisive in minimizing long-term consequences. There are four main types of cerebral
palsy, depending on the area affected (see Figure 1.1). Spastic CP (the most prevalent)
is caused by damage located in the motor cortex. It is characterized by stiff and tight
muscles, which can impair movement and lead to bone and joint deformities. Dyskinetic
CP is caused by damage to the basal ganglia, resulting in involuntary movements or
spasms. Ataxic CP results from damage to the cerebellum, affecting balance and spatial

perception. It is characterized by impaired balance and coordination.

1.2.2 Equinus

Around 90% of the most common deformities in CP occurs in the ankle and foot
region. Equinus is the most common deformity in children with spastic CP (incidence
around 75%) [1]. It is defined as the inability to dorsiflex the foot above plantigrade,

with the hindfoot in neutral position and the knee in extended position, (see Figure 1.2),
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Spastic (70-80%)

Motor cortex damage

Mixed

Combination damage

Dyskinetic (6%)
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Figure 1.1 — Types of cerebral palsy. The type of CP is contingent upon the regions of the brain that
have sustained damage.

preventing contact of the heel with the supporting surface. Spastic equinus is characterised
by foot and ankle muscle weakness, and low muscle control, resulting in bone deformities
and unbalanced gait during growth [11].

Based on prior literature, surgical intervention after eight years is the most viable
option to stabilize the lower extremity and allow the patient to walk as independently as
possible, while avoiding overcorrection by avoiding the high-growth phase of the child’s
development [12]. Nevertheless, long-term follow-up studies report a recurrence rate of
up to 48% after surgery [2], [3], [4], [5], and there is insufficient evidence to determine
best clinical practice. This recurrence rate reveals a misunderstanding of spastic equinus
deformity in children. Although previous studies have investigated the impact of extrinsic
factors, such as age and limb type, on the recurrence rate, there is still a lack of morpho-
logical analysis on the ankle joint, muscle biomechanics, and tendon strains. To improve
understanding of the pathology, it is crucial to examine joint mechanics and bone defor-
mities caused by weak ankle joint musculature in vivo. This may enable more informed

clinical recommendations.

1.2.3 Ankle joint anatomy

Ankle is the part which links the foot and the leg. The ankle joint is composed
of three parts: the talocrural joint, the inferior tibiofibular joint and the subtalar joint.
The talocrural joint connects talus, fibula and tibia, the inferior tibiofibular joint links the

lower extremities of the tibia and the fibula and the subtalar joint refers to the articulation
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Figure 1.2 — Patient with an equinus deformity. The ankle cannot be dorsiflex in order to allow contact
between the heel an the supporting surface. Image reproduced from Equinus project [13].

between the talus and the calcaneus. Each of these bones is shown in Figure 1.3a.

The joint bones are connected through ligaments and tendons. Ligaments connect
adjacent bones and ensure passive joint stability (see Figure 1.3b), while tendons are the
link between bones and muscles and contribute to movement. The ankle joint enables the
foot to move in three dimensions (refer to Figure 1.4). The primary motion of the joint is
dorsi/plantar flexion, which occurs in the sagittal plane and mainly involves the talocru-
ral joint. Inversion/eversion (movement in the coronal plane) and abduction/adduction
(movement in the axial plane) are secondary movements of the ankle joint. The combi-
nation of these movements results in pronation/supination [16]. All of these movements
are performed by muscles, connected to the bones by tendons. The main muscles of
the calf and ankle are shown in Figure 1.5. Dorsiflexion primarily involves the tibialis
anterior, and secondarily the extensor digitorum longus, extensor hallucis longus, and
fibularis tertius. The tibialis anterior begins on the lateral surface of the tibia and inserts
into the medial cuneiform bone (between the talus and phalanges) and at the base of the
first metatarsal. The primary plantarflexion muscles are the gastrocnemius and soleus
(secondary: fibularis longus, fibularis brevis, plantaris, tibialis posterior, flexor digitorum
longus, and flexor hallucis longus). Both insert through the Achilles tendon onto the pos-
terior surface of the calcaneus. Eversion involves the fibularis longus and fibularis brevis
(secondary: fibularis tertius) and the inversion involves the tibialis anterior, tibialis pos-

terior (secondary: extensor hallucis longus, flexor digitorum longus, and flexor hallucis
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Figure 1.3 — Anatomy of the ankle joint: bones and ligaments. Images reproduced from [14] and [15]
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Figure 1.4 — Motions of the ankle. The ankle joint enables the foot to rotate about the three axes of
space. The fundamental functional motion is dorsi/plantar flexion. Image reproduced from [16].
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longus).

The spastic equinus is caused by a muscle imbalance between opposing muscle groups
(agonists and antagonists). On one side, the plantarflexors muscles and on the other side,
the dorsiflexors muscles (both muscle groups are described above). The three foremost
mechanisms of spastic equinus include: spastic plantarflexors muscles with weaker spastic
dorsiflexors; spastic plantarflexors versus normal dorsiflexors; or spastic plantarflexors
versus flaccid dorsiflexors. This muscle imbalance frequently leads to bony deformities
with growth and postural deformities [17].

As equinus is a dynamic pathology, understanding the influence of muscular imbalance
on joint dynamics and resulting bone deformities requires in vivo analysis of ankle biome-
chanics. In vivo dynamic imaging provides the opportunity to observe the physiological
dynamics of the human body, such as the heart and joints. In vivo dynamic imaging is
usually performed using ultrasonography (for echocardiographic [18] and joint motion [19]
analysis), Computed Tomography (CT) (respiratory, joints or organ studies [20] [21]) or
MRI (joint biomechanics [22] [23] or functional cardiac analysis [24]).

Ultrasonography is non-ionizing and limited to analyzing the soft tissues surrounding
the joint. On the other hand, CT scans can image bone kinematics but involve ionizing
radiation. MRI provides anatomical detail of the musculoskeletal system without exposing
the patient to ionizing radiation, making it a valuable tool for studying the musculoskeletal

system.

1.3 Magnetic Resonance Imaging for motion analysis

1.3.1 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is a non-invasive medical imaging technique pro-
viding views of specific anatomy or sequences to monitor physiological processes. It is
widely used in medical imaging because unlike other common modalities such as CT
(Computed Tomography) or PET (Positron Emission Tomography) scans, it does not use
ionizing radiations. Applications range from pathology diagnosis or detection to thera-

peutic follow-up.

Nuclear Magnetic Resonance (NMR) MRI is based on the NMR principle, de-

scribing the behavior of atoms inside an intense magnetic field exposed to electromag-
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Figure 1.5 — Muscles of the calf and the ankle. The calf and ankle muscles are responsible for ankle
joint motion. In treating spastic equinus deformity, surgical procedures often involve lengthening the
gastrocnemius, triceps surae, and Achilles tendon to enable dorsiflexion of the foot. Image reproduced
from [25] ©Mary Ann Clark/CC-BY-4.0.

netic radio-frequency. A static magnetic field, referred as B0, is generated through a
supra-conducting coil.

As a variety of nuclei (13C, 23Na), hydrogen nuclei have magnetic properties. The
magnetic moment of an atom is function of the nuclear spin. The magnetic moment is
decomposed into two components: a longitudinal component and a transversal compo-
nent. When nuclei are immersed in a static magnetic field, magnetic moments switch
from a random orientation (null macroscopic magnetization) to an orientation that is ei-
ther parallel or anti-parallel with the B0 direction (i.e. aligned with or against the field).
The longitudinal component becomes aligned with B0 while the transversal one (lying
on the orthogonal plane to B0) reflects the precession of the atom (rotation movement
around B0 axis). The resulting macroscopic magnetization is the sum of each microscopic
magnetic moment for both components. The longitudinal component is proportional to
the intensity of B0 and the transversal one is equal to zero (since atoms are not rotating
in phase).

The excitation phase corresponds to a resonance phenomenon between a pulsed elec-
tromagnetic radiofrequency (RF) field and the atoms, at the same resonance frequency

(i.e., precession frequency, depending on the B0 intensity and atom itself). The RF field
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(called B1) is applied perpendicular to B0, and the resonance leads to a transfer of energy
from B1 to the atoms, resulting in a macroscopic magnetization lying in the transversal
plane.

During the relaxation phase, the system dissipates the accumulated energy as RF
radiation to return to its equilibrium state. These radiations form the NMR signal.
Relaxation is divided into longitudinal relaxation and transversal relaxation. The longi-
tudinal relaxation corresponds to a restoration of equilibrium where the spins are in a low
energy state, i.e. magnetic moments parallel to B0. The evolution of the longitudinal
magnetization during the relaxation phase follows an exponential curve, characterized by
T,. T, is the time required for the longitudinal magnetization to recover 36% of its final
value. T} depends on the tissue properties. Transversal relaxation is the consequence of
magnetic moment dephasing. Interaction between atoms generates field heterogeneities
and modifies the precession frequency. The resulting macroscopic transversal magneti-
zation follows an exponential decay curve defined by 7. T5 is the time needed for the
longitudinal magnetization to return to 37% of its original value. Ty is systematically

inferior to 13.

Magnetic Resonance Imaging The MR image is formed via the RF radiations emit-
ted during the relaxation phase. These radiations depend on the physical properties of
the tissue in which the proton is located, and allow differentiation between organs. The
electromagnetic field thus generated produces an induced current into a coil and forms
the measured signal.

A secondary variable magnetic field (magnetic field gradient) aims to encode voxels
positions in a spatial frequency domain called k-space. The application of these gradients
conditions the section of the k-space that is filled: low spatial frequency information in

the center of the k-space and high spatial frequency information at the periphery.

1.3.2 MRI sequences

MRI sequences fall into two main categories: spin echo sequences and gradient echo
sequences. Each category is subdivided into variations (mostly to reduce acquisition time,
allowing breath-holding and thus limit movement artifacts), and some sequences are a
hybrid between spin echo and gradient echo. Both are built on Hahn Echoes, discovered
by Erwin Hahn in 1950 [26].
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Spin Echo Spin Echo (SE) sequence is composed of two RF pulses: a first one at
90° and a second one at 180°. The first is the source of the excitation phase, moving the
macroscopic magnetization on the orthogonal plane to B0 and generating a Free Induction
Decay (FID). The second, called rephasing pulse, is emitted at Tr/2 (where time T is
the time step between the 90° RF pulse and the signal measurement from transversal
magnetization) to overcome the local inhomogeneities in the magnetic field that lead to
local deceleration of the spins. This operation is repeated for each repetition time Tx (a
repetition time corresponds to a line fill in k-space and is the time step between two 90°

RF pulses). The spin echo sequence is characterized by Tx and Tg.

The different spin echo sequences are defined by a particular optimized combination
of Tr and Tg. Tk determines the value of the longitudinal relaxation of the tissues (de-
pending on 77): a longer T means a more complete longitudinal magnetization recovery.
Then, a short Tk enhances the influence of the relaxation time 77. On the other hand,
the transversal magnetization decrease depends on tissue’s Ty (not T due to rephasing

pulse), and so: a larger T increases the T, influence on the resulting signal.

As a result, T1l-weighted sequences are obtained with short T and T while T2-
weighted sequence are produced by long Tr and Tg (very long acquisition times). Proton
density weighted, designed to minimize the influence of T} and T, is then characterized
by a long Tk (to inhibit 7}) and a short Tx (to inhibit T5).

Fast and ultrafast spin echo sequences In fast SE sequences, the acquisition of a
single signal at Ty < T is replaced by the acquisition of a train of echoes, obtained by
applying additional 180° RF pulses at each repetition time. The number of echoes for a
Tg is called Echo Train Length (ETL). The phase encoding is changed between each 180°
RF pulse to fill multiple lines in k-space in the same slice. As the fast SE signal is acquired
at a different time from the standard SE, the image contrast is not the same between the
two sequences. Multi-echo SE sequences follow the same principle, except that the phase
encoding is not modified within one repetition time. Instead of filling several lines of k-
space in one repetition time, several images of the same slice are acquired (with different

contrasts, since the acquisition occurs at different Tg).

Ultra-fast SE sequences extend the principle of fast SE sequences by acquiring the
entire k-space in a single repetition time. The process can be further accelerated by

acquiring only part of the k-space. The missing parts are then reconstructed by symmetry.
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Gradient Echo A gradient echo (GE) sequence, unlike a spin echo sequence, relies on
a single RF pulse at an angle a of less than 90°. An angle « inferior to 90° reduces the
displacement of macroscopic magnetization towards the orthogonal plane, resulting in a
remanent magnetization along the longitudinal axis. Thus, « influences the transfer ratio
of macroscopic magnetization on the orthogonal plane and the time T to recover the
longitudinal magnetization (smaller a means shorter T and higher o means approaching
a spin echo sequence). This set-up allows the use of reduced Tx and Tg, reducing the
global acquisition time. The gradient echo sequence, unlike the spin echo sequence, does
not apply a rephasing pulse. In spin echo sequences, this pulse corrects magnetic field
inhomogeneities, and results in a transversal magnetic decay along T,. In the absence of
this pulse, transversal magnetization decays along 7%. A decay in 75 makes sequences
more sensitive to artifacts linked to the magnetic susceptibilities of adjacent tissues.

In the case of very low Ty, permanent remanent transversal magnetization subsists
between repetition times (if the Ty is too short for full recovery of longitudinal magneti-
zation). The processing of this transversal magnetization defines the principal categories
of gradient echo sequences.

One approach involves destroying the transversal magnetization (spoiled gradient echo
sequences). This is achieved by dephasizing with an RF pulse or gradient. Dephasizing
is achieved by randomly varying the phase at each Tg. The sequences are defined by the
combination of T, Tr and a. The « angle is used to adjust the influence of 77 on the
signal. For instance, a high o boosts the relaxation of the longitudinal magnetization and
intensifies the impact of 7T7. In contrast to spin echo sequences, Tg weights the importance
of T

The second method preserves the remanent transversal magnetization and uses it as a
part of the signal (steady-state gradient echo sequences). This magnetization is a source
of new echoes, added to the Free Induction Decay. Hahn echo sequences exploit the
eponymous echo resulting from two RF pulses with the same angle of incidence. This
echo amplitude is directly related to 7. Stimulated echo sequences use at least 3 RF
pulses with the same angle of incidence. The amplitude of the resulting echo is linked to
both 717 and 7T5.

Ultrafast gradient echo sequences Ultrafast spoiled GE sequences combine a small
«a with a short Tk and optimize the filling of the k-space. To compensate for the poor

contrast induced by the short Tx and Tg, RF pulses are applied before the o RF pulse
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series of the classical GE sequence to adjust the ponderation in T or T5. The T} contrast
is enhanced by applying a 180° RF pulse and the 75 contrast by using 90° and 180° RF

pulses.

Hybrid sequences This particular type of sequence combines both fast SE and GE
sequence techniques. The advantage in terms of imaging lies in the higher sensitivity to
calcifications and hemorrhages (less visible in SE sequences), with a lower level of RF
pulses than comparable SE and GE sequences. T, and 7 ponderations are obtained by

adapting of the relative number of GE and SE.

1.3.3 Dynamic MRI

MRI sequences described above provide only anatomical details and cannot capture
mechanical or functional information. Observation of physiological dynamics is used in
particular to monitor cardiac cycles, blood flow or to study joint biomechanics. Dynamic
MRI provides both anatomical detail of the musculoskeletal system and no exposure to
ionizing radiation [27], making it a valuable tool in the study of the musculoskeletal
system.

Dynamic MRI, developed in the 80s initially for cardiac cycles imaging, is also used in
the analysis of joint kinematics [27], [28], [29]. It provides a four-dimensional (3D+t) view
of a region of interest, allowing the characterization of joint biomecanics. The literature
has described at least eight types of dynamic MRI sequences [30]. Two of them appear to

be suitable for joints kinematics study: cine phase-contrast (PC) and real-time sequences.

Cine phase-contrast This sequence is part of the motion-triggered imaging class,
which relies on identifying the phase of motion with a trigger. In cardiac MRI imag-
ing, it is based on an electrocardiogram (ECG) in order to identify each phase of the
cardiac cycle. This type of technique requires repeated motion at a constant speed to
preserve quality. Cine PC combines two different techniques: cine MRI and phase con-
trast sequences. Phase contrast techniques, first used to quantify and describe blood flow,
rely on the displacement of spins relative to fixed spins and provide measurements of ve-
locity fields. Cine MRI techniques rely on Gradient Echo sequences where the temporal
resolution depends on Tx (see section 1.3.2). In each motion cycle, one line of k-space
is acquired for each defined phase of the cycle. Phases are defined and the acquisition

is taken according to external triggers, such as an ECG in cardiac imaging. Cine PC
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provides a velocity field with pixel resolution, making it very useful for quantifying soft
tissue deformation during motion. However, this sequence suffers from significant acqui-
sition time (acquisition in the 3 spatial directions and another acquisition without motion

sensitivity), aliasing and ghosting.

Real-time sequences Such type of sequence is the result of a strong acceleration of the
imaging process, using parallel imaging and a low resolution matrix. It allows to greatly
reduce the acquisition time of a single image and to acquire a motion in real time without
the need of repetition or a regular motion pattern. However, it suffers from low spatial

and temporal resolution but can benefit from advances in parallel imaging.

1.3.4 Artifacts in MRI

A plurality of artifacts can affect the interpretation of MRI images, thereby disrupting
their reading. An artefact is defined as an inappropriate signal in an image with a precise
spatial location that is not present on the original object. MRI artifacts can be divided
into three main categories: motion-related, hardware and signal-related.

Motion artifacts are the most common. They are caused by the movement of the
patient during the scan. These movements are usually caused by breath, heartbeat, blood
flow, or any other involuntary or intentional movements. They can cause blur, noise or a
particular structured noise called ghosting. Ghosting corresponds to a blurred and shift
version of the object. It usually occurs with periodic motion.

Hardware artifacts are those induced by the acquisition system, especially by the
magnetic field. For example, BO inhomogeneity can lead to anatomical distorsions, signal
saturation or a reduction in signal-to-noise ratio (SNR). Different magnetic susceptibility
(internal magnetization of a tissue) for two adjacent tissues can result in local distorsions
in the magnetic field.

Signal-related artifacts refers to those caused by the signal processing, which occurs
between the signal acquisition and the image formation. The most commonly observed
are aliasing effects and Gibb’s artifacts. These typically manifest when the dimensions
of an object exceed the field-of-view boundaries. This is due to a spatial frequency error
resulting from a low sampling ratio (see de Nyquist—-Shannon sampling theorem). Gibbs
artifacts emerge adjacent to high-contrast interfaces. They are a direct consequence of
employing the Fourier transform to shift from the NMR signal to an image with a finite

number of frequencies considered.
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1.4 Equinus dataset

1.4.1 Equinus project

A lack of understanding of the pathology and impact of muscle imbalance on ankle
biomechanics may contribute to the high postoperative recurrence rate in the treatment of
fixed equinus. As explained in Section 1.2.2, surgery for correcting fixed equinus focuses on
releasing or lengthening the muscles and does not involve any bone corrections. Previous
studies have investigated the impact of CP type, clinical gait parameters, and demographic
factors on the recurrence rate after surgery. However, no research has been conducted
to analyze the effect of ankle joint biomechanics or muscle mechanics. Understanding
the in vivo effect of ankle muscle weakness on joint mechanics and bone deformities may
lead to a better comprehension of the post-surgery recurrence rate and improve medical

management of equinus deformity.

The Equinus Project aims to compare ankle joint and muscle mechanics between
children with equinus deformity and typically developing age-matched children [13]. The
objective is to provide insights into the relationship between equinus and bone deformities.
State-of-the-art imaging techniques, particularly dynamic MRI, provide innovative ways
to investigate in vivo muscle and joint mechanics. This modality is non-invasive and non-
ionizing, and has proven accuracy and precision, enabling researchers to monitor skeletal
and muscle motion. It has already been used to study joint motion in vivo [24][22] and
thus can be successfully applied in equinus studies to evaluate ankle joint and muscle

mechanics in vivo.

1.4.2 Acquisition protocol

The acquisition protocol includes two different MRI sequences: a high-resolution static
3D MRI scan and three low-resolution dynamic sequences of the ankle joint. Since the
equinus foot affects the ability to dorsiflex, dynamic MRI is used to record a dorsiplantar
flexion cycle to study the injured biomechanics of the joint. These sequences can provide
a better understanding of the mechanisms involved in the pathology, contribute to the
quantification and the adaptation of the therapeutic follow-up, and ease the diagnosis.
All these data were acquired using a 3T MRI scanner (Achieva dStream, Philips Medical
Systems, Best, Netherlands) [31].
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Static MRI Static MRI images have a resolution of 0.26 x 0.26 x 0.5mm (T1-weighted
gradient-echo, flip angle 10°, matrix 576576, FOV 150mmx 150mm, Tx/Tg 7.81/2.75ms,
mean acquisition duration: 424.32 s). These images provide a detailed view of the ankle

joint and the surrounding tissues.

Dynamic MRI Capturing high-resolution dynamic sequences requires a long acquisi-
tion time and repeated motion patterns at a constant speed, making them difficult to
handle for patients with musculoskeletal disorders. To limit the patient discomfort, the
choice of sequence type is a trade-off between reduced acquisition time and a sufficient
resolution and contrast between anatomical structures. The selected one is Real-time T1
Fast Field Echo, allowing a 18s acquisition where the child performs (actively or passively)
a single cycle of dorsi-plantar flexion with a rotation speed between 4°/s and 5°/s. Each
sequence consists of 15 3D time frames with a spatial resolution of 0.57 x 0.57 x 8mm
(flip angle 15°, matrix 352352, FOV 200mmx200mm, Txr/TE 20.61/1.8ms, acquisition
duration: 18.98 s). Passive acquisition is obtained through the use of a fixture, moved by
a technician, while the children are asked to relax the lower limb muscle. In the active

sequences, the children perform the cycle of dorsiplantar flexion alone and voluntarily.

Guide wires

™ Ankle rest A Knee joint position
. ‘} Thigh rest

(a) (b)

Figure 1.6 — Orthotic fixture designed for passive dynamic MRI acquisition. Guide wires are used by
the technician to control the dorsiplantar flexion cycle. Foot and lower limb are secured with straps.
Image reproduced from [31].
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1.4.3 Cohort

Initially, the study included data from 24 children: 13 with a typical developement
and 11 with an equinus. Each patient have at least one complete static T1 MRI image, as
well as at least one dynamic MRI sequence to be included in the dataset. Four subjects
were initially excluded for the following reasons: no static T1 MRI, no static image (T1
or T2), missing part of the foot on an image or blurred image. After completing the
initial filtering process, 20 subjects were deemed eligible for the study: 11 typical and 9
with equinus between the ages of 6 and 13. The age distribution within this population

is shown in Figure 1.7.

Age distribution in equinus and typical children
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Figure 1.7 — Age distribution of equinus and typical populations.

1.4.4 Source data

The final dataset includes 20 subjects: 11 typical and 9 equinus. For each subject,
there is one static image of the ankle joint with a spatial resolution of 0.26 x 0.26 x 0.5mm.
The number of dynamic sequences depends on the subject and ranges from 2 to 5. As
mentioned above, each sequence contains 15 time frames with a temporal resolution of
1.2s. Each frame has a spatial resolution of 0.57 x 0.57 x 8mm. There are 62 dynamic
sequences in total: 32 from typical developing subjects and 30 from equinus subjects.
Figure 1.8 shows these data for two subjects (equinus and typical). The first image
corresponds to the static MR image while the next 15 correspond to the successive frames

of the dynamic MR sequence, showing a cycle of dorsiplantar flexion.
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(b) Subject with typical development.

Figure 1.8 — Examples of source data for two subjects: one with equinus and one with typical develop-
ment. For each, the first image (top left) is a static MRI slice, and the following 15 are extracted from
the successive frames of the dynamic sequence.
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1.4.5 Variability in source data

The dataset is made up of images of different subjects, from both static and dynamic
MRI. Figure 1.9 shows some of the sources of variability observed within the data. High
data variability offers a more complete insight of the situation under study and favors a
more general analysis. Low variability makes the analysis more specific, but less robust
to new data.

The cohort includes patients with equinus and typical development, from 6 to 13 years
old. Children with equinus are subjected to bones deformations and foot abnormalities
compared to typical children. Figures 1.9a and 1.9b illustrate examples of morphological
differences between equinus and typical subjects on both static and dynamic images. In
addition, despite the fact that all the children selected are within a six-year age range,
this window corresponds to a period of major development in the musculoskeletal system.
In particular, the growth plates (the cartilage on the child’s bones) shrink and turn into
bone in order to achieve a mature skeletal structure. Figures 1.9c and 1.9d show the
evolution of child’s bones with age on dynamic and static images.

The dataset contains two types of MRI sequences, each providing images with different
properties. The first difference is the resolution gap between static and dynamic images.
While static images have a spatial resolution of 0.26 x 0.26 x 0.5mm, dynamic images
have a spatial resolution of 0.57 x 0.57 x 8mm for each frame, i.e. a factor of 2 in the
sagittal plane and 16 in the orthogonal axis. In addition, since both modalities suffer
from anisotropy, it is stronger in dynamic data. Dynamic and static slices are shown
in Figure 1.9. In addition to their lower spatial resolution, dynamic images are more
prone to noise and various artifacts. Figure 1.9e shows some examples of artifacts present
in these sequences. The four images are taken from the same sequence. The first two
images (corresponding to two consecutive frames) show variations in saturation between
particular frames. These variations are due to inhomogeneities in the magnetic field,
which has to be calibrated for a given ankle position. During movement, the position of
the ankle varies and can cause this type of artefact. The third image shows both ghosting
and aliasing (see section 1.3.4 on the ball of the foot and heel. Finally, the last image
shows band artifacts, caused by non-uniformity of B0. The use of the orthotic fixture
during the passive sequences results in non-rigid soft tissue deformations concentrated in
the heel area (see Figure 1.9f). These deformations are not present in the active sequences
or in the static images. Finally, there may be variations in the field of view between images

of the same modality (see Figure 1.9¢g for a variation between two static images).
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(c) 6.7 y/o equinus versus 10 on static MRIL

'Y S Boged
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(e) artifacts in dynamic sequences. From left to right: field heterogeneity between the first two images,
causing brightness variation within a sequence, the third image exhibits ghosting and aliasing, and the
last image shows band artifacts along the heel.

~

(f) Active versus passive sequence. (g) Field of view in static image.

Figure 1.9 — Variability in the source data. In the first two rows, the typical and equinus subjects are
the same in both static and dynamic images. (a)-(b) Foot deformations between children with equinus
and those with typical development on static and dghamic images. (c¢)-(d) Effects of aging on bone and
growth plate in static and dynamic images. Images come from two equinus subjects aged 6.7 and 9.95
years. (e) A series of examples of artifacts found in a dynamic sequence. (f) Non rigid deformation on
the heel, due to the fixture uses for passive motion. (g) Different fields of view between two static MRI
scans.
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1.4.6 Segmentation

On each static MRI, three bones of interest are segmented: the calcaneus, the talus and
the tibia. These bones were chosen because of their major participation in the dorsiplantar
flexion movement, which is impaired in subjects with equinus. Dorsiplantar flexion is
predominantly active at the talocrural joint (connecting the talus, tibia, and fibula), and
the primary plantarflexion muscles are connected on the posterior surface of the calcaneus.
Because the influence of the fibula in the talocrural joint is less important than the talus
and tibia in this particular motion, it was not considered.

The segmentation is performed using a semi-automatic approach. Given the age vari-
ability among subjects, which results in growth plate variations between subjects, the
bone segmentation is defined to include growth plates. The segmentation does not in-
clude articular cartilage. In the initial stage, three subjects of different ages (7, 10, and 12
years old) are manually segmented by human experts using ITK-Snap [32]. The remaining
subjects are then segmented using a registration-based label propagation method, followed
by manual correction if necessary. In the final stage, a patch-based UNet trained on the
expert-based segmentations is employed to refine the generated segmentations, followed
by manual correction if necessary. Figure 1.10 shows the resulting segmentation of the

three bones for an equinus subject.

1.4.7 Previous works

To evaluate the in vivo biomechanics of the ankle joint and associated muscles, several
studies have been conducted on these data. These studies focus on two main areas:
analyzing the biomechanical parameters of the ankle and enhancing the resolution of
dynamic sequences.

In 2022, Cheng et al. demonstrated the difference in talus and calcaneus volumes
between typically developing children and those affected by ankle equinus. They also
illustrated the bone deformities between the two groups. Furthermore, they highlighted
the absence of a common deformation pattern for all subjects in the equinus group [33].
In 2019, Makki et al. proposed a method for quantifying biomechanical parameters,
including ankle joint space width during movement [34] and in vivo kinematics such as
the temporal non-rigid deformation of the joint [35].

The second part of the method focuses on improving the resolution of the dynamic

sequences acquired in the Equinus project, which suffer from low temporal and spatial
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(a) Original static image (b) Segmentation of three bones of the ankle
joint

Figure 1.10 — Segmentation of the talus (green), calcaneus (red) and tibia (blue).

resolution. In order to ease the study of the ankle biomechanics by clinicians, several
studies have been made to improve both temporal and spatial resolution. Makki et al.
proposed a method to reconstruct missing frames in dynamic sequences using a spatio-
temporal Log-euclidean polyrigid registration framework [36]. This approach exploits
the individual rigid registration of bones to generate a nonlinear joint deformation field
between successive time frames. In 2018, Makki et al. proposed a method for synthesizing

high-resolution dynamic MRI by fusing locally rigid registration fields [37].

1.5 Conclusions

This chapter provides the clinical context of ankle equinus and cerebral palsy in chil-
dren. The Equinus project aims to study joint biomechanics in patients with ankle
equinus. Compared to ultrasonography and CT scans, dynamic MRI provides accurate
anatomical visualization of both in vivo joint and muscular biomechanics without any
ionizing radiation.

The Equinus dataset comprises 20 subjects suitable for inclusion in this work (13 with

typical development and 11 with equinus) for whom a static T1-weighted gradient-echo
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MRI scan with a resolution of 0.26 x 0.26 x 0.5mm, and between two and five real-time dy-
namic T1 fast field echo sequences of 15 time frames with a resolution of 0.57 x 0.57 x 8mm
were acquired. For each static image, the three bones involved in the dorsiplantar flexion
movement are segmented using a semi-automatic approach. The dataset exhibits signifi-
cant anatomical variation due to differences in pathology and patient age. This includes
variations in bone shape between typical and equinus children, as well as differences in the
importance of growth plates depending on age. Additionally, image resolution, anisotropy,
and the presence of artifacts contribute to variability within the data. These data have
already been used as the basis for studies by Cheng et al. and Makki et al. to investigate
ankle biomechanics in children with CP and enhance the spatial resolution of the dynamic
sequence through a registration-based method.

The Equinus project’s dynamic data suffer from low spatial resolution owing to the
short acquisition time. Conversely, the static images benefit from a higher spatial resolu-
tion, but do not display the ankle’s biomechanics. To ease diagnostics and therapeutical
follow-up, and improve pathology comprehension, we aim to synthesize a high-resolution
dynamic MRI sequence from a low-resolution dynamic MRI sequence and a high-resolution
static MR image. Methods for image synthesis using deep learning offer the best per-
formance in the literature for multi-modal synthesis tasks, with highly realistic results.
In this application, we focus on a subdomain of image synthesis called 'image-to-image
translation’. The next chapter introduces the domain of image synthesis with a focus on

image-to-image translation, which represents the technical application field of this thesis.
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CHAPTER 2

DEEP LEARNING FOR IMAGE SYNTHESIS

The methodology used in this thesis is based on the application
of deep image synthesis techniques for the generation of high-
resolution MRI sequences. This chapter first addresses the data-
related issues inherent to deep learning, before introducing the con-
cepts of image synthesis. This research focuses on two major frame-
works for image-to-image translation with unpaired data: Gener-
ative Adversarial Networks (GANs) and disentangled representa-
tions. This chapter also presents a review of the latest metrics
for evaluating image synthesis methods, both with and without
reference. Additionally, the limitations of dynamic MRI synthesis
models are discussed, which have motivated the work proposed in

the following chapters.

2.1 Introduction

Over the past decade, Artificial Intelligence (Al) has gained significant popularity and
has been increasingly integrated into a wide range of systems used in daily life. Specifically,
Al has exhibited its efficiency in state-of-the-art domains, and ongoing advancements
contribute to its continual progression. This section briefly introduces the main deep
learning concepts and architectures for image synthesis. We first provide reminders on Al
and neural networks, and then define the concept of generative modeling and the associate

common architectures.
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2.1.1 Artificial Neural Networks

The first artificial neuron model is proposed by Warren McCulloch and Walter Pitts
in 1943. This mathematical model is a simplified version of the biological neuron and has
been a foundation in the development of modern neural networks. When multiple artificial
neurons are connected together, it is called an artificial neural network (ANN). ANN
neurons are typically arranged in layers. The neurons in each layer get input from the
neurons in the previous layer. The initial layer of the network is known as the input
layer. In contrast to the additional layers of the ANN, it takes as input the data to
which the ANN is being applied, rather than processing the outputs of a previous layer.
The last layer of the ANN is called the output layer. The hidden layers refer to the
layers between the input and output layers. The number of layers within a neural network
varies depending on the application and the desired level of complexity. As each neuron
models a non-linear mathematical operator due to the non-linear activation function,
a neural network is capable of modeling a non-linear function. The complexity of the

function is determined by the number of neurons within the network.

The learning of an ANN consists of minimizing, through an iterative process, the
difference between the desired response to a problem and the prediction of the network.
In practice, this difference is represented by a loss function. When the desired response
is known, it is referred to as ground truth. During training, the network’s output
predictions are adapted to the specific problem by iteratively adjusting the weights of
each neuron. Weight adjustment is calculated based on the value of the loss function and
the importance of its contribution to the prediction. Learning is an optimization problem,

which objective is to minimize the loss function score by adjusting the network weights.

There are two main types of learning: supervised learning and unsupervised
learning. Unsupervised learning is applied when a neural network is used to identify
underlying patterns in the data on its own, without external guidance. Supervised learning
is employed when a specific answer to a particular problem is desired. Teaching a neural
network to classify images is an example of a supervised learning problem, since the
correct labels are provided during training. In contrast, identifying risk factors for a
disease using a network involves unsupervised learning, as the relevant factors are not

known beforehand.
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2.1.2 AIl, Machine Learning & Deep Learning

Artificial Intelligence (AI) is an almost recent field of research, began for about
sixty years. Since Alan Turing is the first to discuss the potential intelligence of a machine
[38], the term Al is attributed to John McCarthy from the Massachusetts Institute of
Technology. Since its inception, the field has periodically alternated between periods of
infatuation and decline (related to the limitations imposed by material constraints in the
1960s, then to the difficulty of formalizing complex decision rules in the early 1990s), but
the 2000s mark a new upswing for the discipline. The combination of access to large
amounts of data and the development of graphics processing units (GPUs) capable of
significantly accelerating computations has led to massive growth in this discipline [39].

The term Al encompasses all the techniques that make it possible for computers to
emulate human behavior in order to solve a given problem with minimal human interven-
tion. While early Al techniques focused on handcrafted extraction of relevant features
and programming of explicit decision rules, often challenging due to the difficulty of for-
malizing all the steps in a decision process, machine learning (ML) algorithms aim to

learn from task-specific training data the way to achieve the considered task.

"It is considered easier to explain to a child the nature of what constitutes a

sports car as opposed to a normal car by showing him or her examples, rather

than trying to formulate explicit rules that define a sports car." [40]
ML algorithms are able to capture the underlying patterns and information in the data,
and these characteristics make them more suitable for real-world applications. As early
AT algorithms, they take as input handcrafted features extracted from the training data.
However, they differ in that they automatically learn the model-building required to solve
the problem. Notable algorithms include random forest, k-nearest neighbors, and ANNs.
A significant number of these algorithms are regarded as "white box," indicating that they
can be interpreted by humans.

Deep Neural Networks (DNNs) constitute a subcategory of ANNs that are char-
acterized by a larger number of layers. Although there is no clear distinction between
ANN and DNN, DNN are often described as ANN with more than one hidden layer.
They are also characterized by more complex operations and multiple activations. Pure
ML algorithms and shallow ANN are grouped under the term "shallow ML", while deeper
ANN and DNN fall under the term "deep learning" (DL). While the performance of ML
algorithms is highly dependent on the selected features, DL algorithms overcome this issue

by taking raw data as input. This construction makes it possible for DL algorithms not
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only to learn and adapt the model building, but also to automatically select the relevant

feature for a given problem.

2.1.3 Generative Modeling

Deep learning algorithms can be divided into two prominent categories: generative
models and discriminative models. Discriminative models aim to model the posterior
probability describing the conditional probability distribution of labels given input data,
i.e. the decision boundaries that separate different classes describing the input data.
Main applications include image classification and segmentation where the classes are
respectively assigned at the image level and at the pixel level. Generative models, on the
other hand, model the input distribution as well as the output distribution from a set
of input training data. Once training is complete, this allows for the generation of new
data points similar to the training data by sampling from the estimated distributions [41].

Generative models are the foundation of methods for image synthesis (see Section 2.3).

The objective of a generative model is to approximate an intractable probability dis-
tribution X defined on R", where n is typically large. The training data is considered
as independent and identically distributed samples from X'. The accuracy of X represen-
tation increases with the number of samples. In practice, generative models aim to find
the mapping function from samples of a tractable distribution Z, defined on R? (where
q is typically smaller than n), to a data point from R", similar to the training data. Z
is known and is typically assumed to be a univariate Gaussian distribution in R?. Given
z ~ Z, the objective is to estimate the mapping function g : R? — R™ (also known as
the generator) such that g(z) ~ X, and more generally g(Z) ~ X. As a result, once
the generator is estimated, it becomes possible to generate samples from the complex
distribution X by sampling from the distribution Z and applying the function g [42]. In
practice, estimating real-world data distributions, such as those used for image generation,
can be challenging due to their complex and high-dimensional nature. Given their ability
to model complex functions, deep learning-based approaches have become a powerful tool

in g function modelling, significantly improving the performance of generative models.

The applications of generative models in image synthesis are further discussed in
Section 2.3. The subsequent section describes the main deep learning architectures found

in most generative model approaches.
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2.1.4 Common Deep Neural Networks architectures

Advancements in Big Data have enabled the widespread use of deep learning in various
applications. DL is gaining traction in numerous fields, such as autonomous driving, in-
dustrial compliance assessments, retail dynamic pricing or personalized email generation,
energy supply optimization, risk analysis and reduction in finance, or in voice assistants.
In healthcare, it is used for various purposes such as medical imaging, risk reduction,
diagnosis using clinical measurements, cancer classification using gene expression profiles,
and gait analysis or EEG signals.

DL is a major breakthrough in AI. DL algorithms have replaced the classic, shallow
ML models as reference methods, exhibiting remarkable performance in various fields,
ranging from image recognition to language processing. They are particularly effective in
analyzing high-dimensional data.

Since 2010, major advances have been successfully developed, such as Generative
Adversarial Networks (GANSs), transformers and, more recently, diffusion models.
This section provides an overview of the three most prevalent types of neural networks:
Multi-Layer Perceptrons (MLPs), Convolutional Neural Networks (CNNs),
and GANs. Although CNNs and MLPs are not exclusive to generative models and can
be found in discriminative model architectures, GANs have been specifically designed for

data generation.

Multi-layer perceptron A multilayer perceptron is a fully connected neural network,
wherein each neuron in a given layer is connected to every neuron in the preceding layer
(see Figure 2.1). Originally introduced by Frank Rosenblatt in 1957, it contains at least
one hidden layer. A disadvantage of fully connected networks is the rapid increase in
parameter numbers as the number of neurons per layer or the number of layers increases,

resulting in higher computational expenses.

Convolutional neural network Convolutional neural networks (CNNs) have been en-
gineered to process data in matrix form, making them particularly suitable for handling
2D or 3D images and 1D signals. In practice, they are commonly utilized in imaging
applications as they effectively decrease the dimensions of images while preserving infor-
mation. They can be applied to diverse applications, such as segmentation, classification
or detection.

CNNs use convolutional filters, also known as convolution kernels, which are matrices
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Input layer Hidden layer Output layer

Figure 2.1 — Structure of a multi-layer perceptron.

of variable size (e.g. 3 x 3) that iterate over the image to extract local features. The
convolution operation involves iterating the convolution kernel over the entire image, and
is implemented by taking the scalar product between the kernel and the corresponding
image portion. This process is repeated as the filter moves through the image (see Figure
2.2). The outcome of performing a convolution of an image and a convolution kernel is
known as a feature map. A convolution typically employs multiple convolution kernels.
Consequently, performing convolution using n kernels on an image leads to n feature
maps. While a convolution operation can be applied to an image, it is also applicable
to feature maps. CNNs often comprise a series of consecutive convolutional operations.
The convolution operation capitalizes on both the signal structure, which often exhibits
adjacent values that are correlated to create a unique pattern, and the position invariance

of said patterns [43].
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Figure 2.2 — Process of a CNN in 2D. Reproduced from [44]. ©2021 IEEE.
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The structure of a CNN typically consists of a sequence of convolutional operations,
followed by an activation function, mostly RelLU, and possibly a pooling operation. The
purpose of the pooling operation is to reduce the dimensionality by preserving only the
most relevant information within a given receptive field. Max pooling (preserving the
highest value) or average pooling (averaging values over the receptive field) are the most
common operators.

In practice, learning a CNN consists in adjusting the values of the convolution filters.
The stacked convolutional layers allow the CNN to learn features in a hierarchical way.
For instance, in a classification task, the initial convolution layers extract simple image
features like edges. With each subsequent convolutional layer, the extracted features

become more complex, such as shapes or objects.

Generative Adversarial Networks GANs belong to the category of deep learning
algorithms and are a part of the generative models field. It is assumed that the data set
D can be described by a specific distribution. Generative networks aim to reproduce the
distribution of dataset D in order to generate new, realistic images that are comparable
to other images in D.

GANSs were first introduced in 2014 by Goodfellow et al. [45]. They became the state-
of-the-art methods for unpaired image synthesis and provided the basis for a significant
number of such methods [46], [47], [48]. Since their beginning, they have been widely de-
veloped and adapted to multiple applications. Initially used for image generation drawing
from noise, they have been extended to conditional data synthesis. GAN relies on two
separate networks which learn in parallel and competitively. A generator draws images
from its inputs (noise vector or images), and a discriminator classifies images into "real"
ones (original images from the target domain) and 'fake' (synthetized images from the
generator). The generator’s objective is to fool the discriminator by generating such real-
ist images that the discriminator cannot identify which are real from which are fake. The
discriminator’s goal is to classify the real and fake images.

Given z the input of the generator, and = the images from the training set and those
synthesized by the generator G. The discriminator D is trained to maximize the proba-
bility of assigning the correct label to both real images (with the distribution pge,: label
= 1) and synthesized images (with the distribution p,, label = 0). The generator G is
trained to minimize the log(1 — D(G(z))) term, i.e., to reach a state in which the dis-

criminator classifies its outputs as real images. The corresponding objective function is
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expressed by the following equation:

minmax B, (0108 D(z)] + Earp log(1 — D(G(2))] (2.1)

Conditional GANs differ from traditional GANs in the sense that they enable the
manipulation of synthesized data through a condition, which takes the form of supple-
mentary input data, such as a class label. Denoting the condition as y, equation 2.1 is

modified as follows:
min max E,y -y, (0108 D(aly)] + Eev o log(1 — D(Gely))) 2:2)

Conditional GANSs are used in image editing and generation (to manipulate specific image

attributes) [49][50], time series generation [51], or image captioning [52].

2.2 Data for learning

Data is critical to the deep learning process. Unlike machine learning algorithms, which
require a manual feature selection stage, deep learning algorithms learn directly from
the raw data and identify the relevant features for solving a problem. The distribution,
quantity, representativeness, and quality of the training data significantly impact the final

model generated during the training process and its ability to generalize.

Following data collection, the data processing pipeline typically begins with a cleaning
and preprocessing phase. The cleaning phase consists of the selection of data that will be
used to train the model. As an example, in the case of MRI, some images may be subject
to high noise levels, the presence of artifacts, or a field of view defect in comparison
to others. In the previous chapter, Figure 1.9 illustrates some of these anomalies. An
unbalanced data set can also cause the model to learn bias (see Section 2.2.4). The
preprocessing phase includes the processing done on the data prior to training, including
flipping, cropping, and normalization (see Section 2.2.1). In practice, data processing may
depend on the specific application. Once the data has been preprocessed, it can be fed to
the model for training. If the amount of training data is too small, a data augmentation

phase can be performed during training (see Section 2.2.2).
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2.2.1 Preprocessing

Preprocessing is a crucial component of deep learning pipelines, designed to clean and
standardize the data. Data standardization process is highly dependent on several factors,
including the data itself, the neural network being utilized, and the specific applications
involved. For instance, MLP requires all input data to be of the same size, while a CNN
takes inputs of different sizes. However, in practice, standardization always includes a
data normalization step. Data normalization is the process of adjusting data to the same
scale. This is a significant aspect of deep learning that enhances convergence, minimizes
the influence of outliers and ignores the magnitude impact in data, and promotes gen-
eralization, among other benefits. In image processing, the most typical normalization
techniques are feature scaling and z-score normalization. Singh et al. list the various data
standardization techniques in more exhaustive detail [53].

Feature scaling normalizes pixel values for each image to fit within a given range,
typically between 0 and 1 or 0 and 255. If the original image is denoted as z and the goal
is to normalize it between two values a and b, the resulting normalized image x’ can be
calculated using:

¥=a+ (& = Zmin) (b = a) (2.3)

Tmaz — Tmin

where ,,;, and ., represent the minimum and maximum values of the original image
x, respectively.

Z-score normalization constrains the mean and standard deviation of a population of
values (such as the pixels of an image) to 0 and 1. This is achieved by subtracting the
mean from each value and dividing the result by the standard deviation of the image or
dataset.

The Z-score normalization method usually shows the best results [53] and is more
appropriate than feature scaling in medical image classification [54]. Moreover, Z-score
normalization is best suited to images with wide dynamics, such as medical images, as it
acts on the shape of the distribution rather than constraining image dynamics like feature

scaling.

2.2.2 Data augmentation

The size of the dataset used for training has a significant impact on the performance
of deep learning models. If the dataset is too small, the model may overfit and result in

inaccurate generalization. Overfitting occurs when the model excessively specializes in the
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training data, resulting in an error while generalizing to new data. Unfortunately, many
applications lack large datasets for model training. Data augmentation is a technique
used to expand the size of a dataset by enriching or balancing existing data. This can
be achieved through methods such as geometric transformations (e.g. flipping, rotation,
translation, cropping, and non-rigid deformation), noise addition, filtering, or data gener-
ation using generative models (see section 2.1.4) [55]. The selection of data augmentation
techniques should be made with careful consideration to ensure consistency with the in-
tended analysis and to enhance the training process. The application of a large number
of transformations does not necessarily guarantee improved performance if the selection

is not informed by a robust foundation.

In the context of medical imaging, large datasets are often scarce due to privacy con-
cerns and the high costs associated with imaging time. Consequently, data augmentation
may be a suitable approach to address this limitation. This type of data requires dedicated
data augmentation engineering compared to natural imaging. Generally speaking, data
augmentation relies on simulating variations in the imaging device properties to increase
the amount of available data. In natural imaging, modifications may include zooming,
color changes, blurring, or changes in the field of view. However, due to the specificity
of the imaging devices, data types, and particular artifacts, medical imaging data aug-
mentation should be considered separately. Typical artifacts include ghosting effects in
MRI and streak artifacts in CT. Elastic deformations allow for simulating variations in

anatomical structures, effectively increasing the number of anatomically diverse subjects.

2.2.3 Paired/unpaired data

In image processing, the term paired refers to datasets in which each data point has
an exact corresponding ground truth for a given task [46], [56]. Creating such datasets in-
volves manual annotation or accessing to the corresponding ground truths (segmentation
masks, corresponding multi-modal acquisitions, class labels...), resulting in a limited num-
ber of available datasets. These challenges are compounded in medical imaging, where
constructing such a dataset can be tedious (e.g., manual segmentation by an expert), ex-
pensive (requiring multiple acquisitions from one or more imaging systems), or inaccurate

(due to imperfect registration between images from different imaging modalities).
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2.2.4 Data biases

Training data determines the functionality of deep learning algorithms. Biased data
can result in propagation and perpetuation of such biases by these algorithms [57] [58].
Recently, studies have demonstrated how biases in data affect ML systems [59]. In the
United States, the COMPAS software is used in the judicial system to decide whether
to release or remand individuals. This software has exhibited racial bias against African
Americans, as documented in [60]. Such biases may result in under-representation of eth-
nicities in generated faces and failures of facial recognition software, as well as gender bias
during recruitment processes. Data biases manifest in various ways and affect numerous
applications [59] [61].

In the field of medical imaging, the presence of biased data may contribute to the inci-
dence of diagnostic errors in clinical practice. As demonstrated in [62], the models trained
on three public chest X-ray datasets have demonstrated a systematic underdiagnosis bias
against several underrepresented subpopulations, including female patients, Black and
Hispanic patients, and patients of lower socioeconomic status. The most prevalent biases
in medical imaging are threefold: a training data distribution that does not reflect the
data distribution in real clinical practice (in terms of gender or ethnicity prevalence), vari-
ations in the acquisition protocols, or those introduced by expert labeling. Such biases can
be corrected by balancing the dataset, employing data augmentation, or post-processing
of the model outcome [63], [64].

2.3 Image synthesis

Image synthesis refers to the process of generating an image that contains the desired
content. Image synthesis can be either conditional or unconditional. In conditional image
synthesis, an image is generated in accordance with the input data. This input serves
as a description of the desired image content and conditions the generation of the final
image. This input can assume a variety of forms, including text, audio, brain signals,
and visual cues such as another image, semantic segmentation, or depth maps [65]. Some
of these cases are shown in Figure 2.3. In unconditional image synthesis, no specific
guidance is provided as input to constrain particular aspects of the image. This approach
is frequently employed for the generation of large amounts of diverse new data sharing the
same semantic content. As an illustration, let us consider the process of generating faces.

In conditional image synthesis, a face can be created from text by providing a description,
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such as "a woman with blue eyes, dark hair, and freckles." However, this approach can be
time-consuming when generating large amounts of data. In contrast, unconditional image
synthesis allows for the generation of a random face without any specification, making it

a more efficient method for large-scale data generation.
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Figure 2.3 — Different categories of image synthesis according to the guidance types. The most common
types of guidance are visual information, text, audio, scene graph, brain signal and mouse track. Image
reproduced from [65]. ©2023 IEEE.

Today, image synthesis is involved in a wide variety of practical applications in domain
crossing for healthcare to security. The most common applications include: animation,
super-resolution, computer-aided design or photo editing. It is particularly active in
medical imaging where each imaging procedure is not only expensive, but also time-

consuming, potentially ionizing and not comfortable for the patient.

This section presents a review of the current state of the art of the literature on
image synthesis using deep learning. Section 2.3.1 describes unconditional image synthesis
while sections 2.3.2 and 2.3.3 details conditional image synthesis. Section 2.3.2 focus on
multimodal image synthesis, i.e. image synthesis from inputs which not lie in the imaging
domain while section 2.3.3 details monomodal image synthesis, also referred as image-to-

image translation.
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2.3.1 Unconditional image synthesis

As previously stated, unconditional image synthesis is defined as a process of image
generation devoid of any contextual or descriptive elements. The trained model is expected
to generate images whose distribution is similar to that of the training data. The main
challenges are twofold: firstly, the newly created images are meant to be different from
the ones used for training the model; secondly, they must show a sufficient amount of
variability and realism.

Unconditional image synthesis has demonstrated a wide variety of applications, par-
ticularly in art generation (in order to create new artworks from a specific artist), supple-
menting databases (to improve performances of other algorithms by artificially augmented
the data amount for training) and even in industrial design (to create new product de-
signs that do not yet exist). Unconditional generative models, including VAEs, GANs,
and diffusion models, play a central role in these approaches. Figure 2.4 shows exam-
ples of unconditional medical image synthesis on the IXI dataset [66] with three different
methods: Diff-Med-Synth [67], DDPM [68] and StyleGAN [69].

2.3.2 Multimodal conditional image synthesis

Excluding the practical applications mentioned above, image synthesis is usually used
in a conditional setting where the content of the synthesized image is guided through
an input data. Multimodal image synthesis term gathers all the applications where an
image is synthesized from any other information modality such as text, audio and sketches
inputs. If multimodal image synthesis is almost trivial for the human brain, thanks to
the imagination, it is far more complex for a machine. The following paragraphs briefly
detailed principles, challenges and popular methods for image synthesis from the above-

mention input modalities.

Text-to-image synthesis Text-to-image synthesis is inspired by the way humans men-
tally visualize scenes when they hear or read a story. The conversion from language to
a mental image performed by the human brain inspired researchers to conceive a system
able to make the link between the language domain and the visual domain [70]. Text-
to-image synthesis allows the representation of sentences written by humans as an image
where the semantically meaningful concepts are preserved and represented (layouts, class

labels and keywords). The main challenges in this task are the interpretations that text
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IXI dataset

DDPM Diff-Med-Synth

StyleGAN

Figure 2.4 — Demonstration of three unconditional medical image synthesis algorithms trained on the
IXT dataset for T} synthesis. All the image are randomly generated from random noise. Image reproduced
from [67]. ©2023 IEEE.
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is open to and the possible ambiguity, which can lead to a wide range of possible images
for a unique text, making more difficult the output prediction.

The early research focuses on supervised methods to optimize the image content and
the textual information, and so face performance gap when the text description was not
seen in the training phase. However, since the advance of deep learning methods, and
particularly GANs, the developed methods experiences a significant improvement and
became more robust to text description unseen in the training phase (StackGAN [71],
GigaGAN [72]) [73]. Recently, new methods have emerged such as diffusion-based models
(Imagen [74], DALL-E 2 [75]), autoregressive model (Muse [76], DALL-E [77]) and Neural
Radiance Fields (DreamFusion [78], Magic3D [79]).

In these families of methods, the condition is typically incorporated after an initial
processing stage that is unique to each of the modalities. In this process, the condition
is projected into embedding vectors that can be processed by the model. This condition-
specific encoder can be either learned with the whole model or be a pretrained model.
Learning a representation from a text is not trivial since the encoder should take into
account the global structure of the text and the relations between each word. Encoders

often rely on traditional text representations such as Word2Vec [80], and deep learning
models handling sequences of data as RNN [81] or LSTM [82].

Audio-to-image synthesis If text-driven image synthesis relies on an explicit descrip-
tion of the scene, audio-to-image image synthesis typically relies on more abstract in-
formation, such as environmental context and voice tones. Two distinct categories of
audio-to-image synthesis can be identified: speech-to-image synthesis, which aims to gen-
erate an image that is semantically consistent with the speech, and image synthesis from
audio, which does not involve speech. Both types of inputs involve a temporal component,
which differentiates them from the other input modality discussed in this section. This
temporal component can be used for image sequence generation. However, if an audio
input is used to generate an image based on the sounds (for example: musician playing
the corresponding instrument [83]), speech-to-image synthesis entails generating an image
or an image sequence according to a given speech. This process requires language under-
standing, analogous to text-to-image synthesis. The speech may be either a description of
the image itself [84] or a talk with which the image should be synchronized (for example:
lip synchronization [85], [86]).

The audio signal can be represented by features extracted from spectrograms, Mel-
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Frequency Cepstral Coefficients or hidden layers of a pre-trained SoundNet model. For
the specific case of face generation according to a given speech (also called talking face
generation), Action Units are largely used to generate a consistent image according to the
audio [65].

Sketch-to-image synthesis Sketch-to-image synthesis is at the cutting edge of image-
to-image translation and multimodal image synthesis. Sketch corresponds to an intuitive,
fast and simple way to represent an image, and does not require a huge accuracy in the
drawing. It is qualified as visual content, yet it is categorized as a distinct modality
because the corresponding generating image is not confined by the drawing lines, but
rather by the concepts represented. Sketch-to-image synthesis is divided into two main
categories: the first consists in querying large image datasets with the input sketch in
order to return the closer images and fuse all information into a single image [87], while
the second generates images according to the sketch [88][89].

This task is particularly challenging because of the multiplicity of representations for
each object, depending of each user and its own mental representation and portraying ca-
pacity. Moreover, it may be different level of details across a single sketch (more attention

paid to the main subject and less to the background).

2.3.3 Image-to-image translation

Image-to-image (I21) synthesis is a field of conditional image synthesis where the input
data lies in the imaging domain. Since the deep learning methods constitutes the state-
of-the-art in the domain, this section will only focus on deep learning methods for image-

to-image translation.

"Just as a concept may be expressed in either English or French, a scene may
be rendered as an RGB image, a gradient field, an edge map, a semantic label
map, etc. In analogy to automatic language translation, we define automatic
image-to-image translation as the problem of translating one possible repre-
sentation of a scene into another, given sufficient training data." [56] ©2017

IEEE

Many problems in computer vision, image processing or medical imaging aim at trans-
lating images. The most common includes colorization [90][91], super-resolution [92][93],
style transfer [94][95], segmentation [96][97], 3D pose estimation [98], inpainting [99], se-
mantic image synthesis [100][101], denoising [102], image editing [103][104] or cartoon
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generation [105][106]. Some of them are illustrated on Figure 2.5.

Inpainting Multi-spectral synthesis Super-resolution

Style transfer

*
Monet Van Gogh

Object transfiguration

T

zebra — horée

horse —» zebra

Figure 2.5 — Examples of image-to-image synthesis tasks. Inpainting is the process of filling in missing
or degraded parts of an image. Multi-spectral synthesis refers to synthesizing an image in another
spectral domain, here visible to near-infrared. Super-resolution encompasses methods for increasing the
resolution of an image. Style transfer is the process of transferring the content of a visual source domain
to a target visual domain, such as the landscape on a photo rendered in different painting styles [46].
Semantic segmentation groups techniques that apply a label to each pixel of an input image. Object
transfiguration consists of translating an object to another of a similar category [46]. Images reproduced
from RGB-NIR dataset [107], ImageNet dataset [108], Cityscapes dataset [109] and Zhu et al. [46] OIEEE
2017.

As described above, image-to-image translation often refers to the process of mapping
an input image from a source domain to an output image in a target domain. I2I trans-
lation implicitly assumes that an image can be divided into two categories of features:
domain-specific features and domain-independent features. Usually, domain-specific fea-
tures are referred as style, while domain-independent ones are referred as content. The
goal is to preserve the main content of the input image while transferring the style char-
acterizing the target domain. This task relies on the assumption that content can have
multiple representations depending on the information to emphasize. In this point of
view, a given landscape can be represented by a photo, a infrared map, a depth map
or a semantic map. Despite a same content, there are a multiplicity of representations.
This formulation assumes that the two imaging domains share some visual or conceptual
properties to achieve the desired results. For example, translating human keypoints to

realistic rainbows may be difficult to compute in an accurate way. Compared to the other
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modalities (especially text or audio), image-to-image translation is less subject to inter-
pretation and nuance. While a text or a talk can capture loads of different concepts and

are subject to interpretation, image constitutes a representation of a reality.

More formally, given X a source imaging domain and Y a target imaging domain.
Assuming x € X, the objective of image-to-image translation is to generate an image
from a source image = while preserving its content and transferring the style of the target
domain. The objective is that the translated image zxy seems to have been drawn from

the target domain distribution.

Paired versus unpaired image-to-image translation Training data is a crucial
aspect of deep learning applications. In the initial image-to-image translation models,
training relied on paired images between the source and target domains. Methods typ-
ically exploit the correspondence between the input image and a corresponding ground
truth in the target domain to compute the error between the estimation and the ground
truth through pixel-to-pixel objective functions such as MSE or L1, guiding the training.
Figure 2.5 provides an illustration of paired image synthesis for inpainting, multi-spectral
synthesis, super-resolution and semantic segmentation. In 2017 and 2018, Pix2Pix [56]
and Pix2PixHD [110] models were presented. Both learn image-to-image translation tasks
from paired data. However, training with paired data proves challenging in many appli-
cations due to the high difficulty or cost of obtaining such datasets. The acquisition of
massive amounts of paired data can be extremely difficult or even impossible to achieve.
Using horse-to-zebra translation as an example, which is a common example in image-
to-image translation, acquiring a dataset wherein a zebra image accurately corresponds
to a horse image is unfeasible. Figure 2.6 illustrates the differences between paired and
unpaired data for image-to-image translation.

New methods have emerged to address this problem, such as using datasets with
limited or no paired information. By learning from unpaired data, it is possible to use large
datasets for image-to-image translation without needing ground truth [111], [112]. This
setting offers larger applications perspectives, in a broader range of scenarios compared
to a paired setting (see style transfer and object transfiguration on Figure 2.5). Multiple
strategies have been employed to estimate transformations in the absence of paired data.
The cycle consistency constraint offers a way to compensate for the absence of pairing
constraint. Using the notations mentioned above, x € X denotes the source image,

Txy € Y denotes the source image projected into the target domain, and € X refers
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Paired
RGB — Near-infrared pixel-to-pixel
comparison
=
Synthesis
—_—
Input Estimation
Unpaired
Horse — Zebra
Synthesis
Input Estimation
Ground truth ?

Figure 2.6 — In the paired setting, the estimated image can be compared to a provided ground truth.
However, in unpaired 121, this exact correspondence does not exist. Although some methods have been
proposed to address this problem, overcoming this issue is still challenging. Images reproduced from Zhu
et al. [46] ©IEEE 2017, ImageNet dataset [108] and RGB-NIR dataset [107].
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to xxy projected back into the source domain. The expression of the cycle consistency
constraint is as follows:

Leyeie = L(x, T) (2.4)

where £ can be any supervised loss, usually L1 norm or Mean Squared Error. Since this
technique has demonstrated its effectiveness in unpaired data settings, it also tends to
enforce the preservation of source information in the generated image, which becomes a
challenge when extensive transformations are required between the source and target do-
mains. Furthermore, the assumption of a bijective relationship between two domains may
be overly restrictive in some applications. Consequently, techniques have been devised
to eliminate cyclic constraints and to conduct solely a unilateral translation [47], [94].
Despite their overall good performance, these models may be challenging to train due to
the significant constraints introduced in their loss functions.

As a result, techniques have been developed to remove cyclic constraints and to perform
unilateral translations [47], [94]. Despite their overall good performance, these models may
be challenging to train because of the large constraints introduced in their loss functions.

In 2014, Kingma et al. [113] presented a method for image-to-image synthesis from a
partially annotated dataset. Such datasets enable cost reduction for data pairing while
providing a portion of ground truth. The piece of paired data among the unpaired ones
can significantly improve the result of the synthesis. The proportion of paired data can
be less than 1% and still enable successful image-to-image translation tasks [114]. All of
these techniques require large data sets to accurately estimate the transformation between
domains. Few-shot learning techniques refer to all methods that use a minimal amount of
training data, even a single training data. In image-to-image translation, methods often
leverage knowledge transfer between tasks (also referred to as transfer learning) to adapt
121 algorithms trained on large-scale datasets to small-scale datasets [115][116].

In practice, specific frameworks are favored depending on the training data. Paired
image synthesis methods often rely on well-known computer vision architectures such
as Residual Networks or UNet, which are trained in a classical way with a paired loss
function such as L1 or MSE. In unpaired image synthesis, two main frameworks dominate
the state-of-the-art: cycle-consistent Generative Adversarial Networks and Disentangled

Representation Learning. Both are discussed in detail in the following paragraph.

Conditional versus unconditional image-to-image translation Image-to-image

translation methods typically fall into two categories: non-conditional and conditional.
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The former generates an image in the target domain based on an image in the source
domain, while the latter requires an image from the target domain or a guidance in
addition to the source domain. Providing the model with an image from the target
domain gives more control over the synthesized result by specifying features from the
target domain (see Figure 2.7) while other types of guidance can edit some particular

aspects of the input image.

Unconditional methods are mainly used in cross-domain synthesis, such as CycleGAN
from Zhu et al. [46] or Art2Real [117]. Their primary aim is to estimate the transforma-
tion that connects one domain to another and frequently depend on a cycle consistency
constraint when the data are unpaired. Nonetheless, despite their strong abilities in
image-to-image translations, the lack of conditioning in these approaches results in lim-
ited control over the synthesis outcome which can lead to realistic images with structural
inconsistencies, hinders the manipulation of image features, and are not human inter-

pretable.

On the other hand, conditional methods are mostly utilized for the purpose of altering
distinct characteristics present within an image, such as pose morphing [112] or within the
domain of arbitrary style transfer [95], [118], [119], [120]. Style transfer encompasses a sig-
nificant portion of image-to-image translation applications and aims to represent a source
image with the stylistic features of the target image. Arbitrary style transfer enables the
transfer of any new style, rather than only a predetermined set of styles. Consequently,
templates are designed to not only take the image to be modified as input, but also the
desired style to be applied. Other methods, such as disentangled representations, are

inherently conditional.

Disentangled representations are formulated on the assumption that the data distri-
bution can be described by a set of independent and semantically meaningful factors of
variation. Learning a disentangled representation aims at discovering these underlying
factors and encoding them into separate dimensions [121], [122], [123]. A representation
is considered "disentangled" if an alteration of a single factor results in a specific change
only along the corresponding mode of variation within the data [124]. Disentangled rep-
resentations learning frameworks are promising in terms of explainability, generalizability
and controllability properties [125]. Assuming a representation to be disentangled, each
factor of variation modeled by a corresponding latent code retrieves a particular semantic
aspect of a set of images. Thus, the generation of a new image becomes controllable and

interpretable. Moreover, assuming the learned representation to be disentangled, then
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each factor of the representation is decorrelated from the other, offering better generaliza-
tion capabilities and transferability than the classical algorithms. These techniques have

already been applied to perform segmentation [97] or inter-domain synthesis [126], [127].

é* wlj

(b)

Figure 2.7 — Conditional 121 translation. (a) Conditional women-to-men translation (b) Conditional
edges-to-handbags translation. The purple arrow represent the translation flow and the green arrow
represent the conditional flow. It demonstrates that conditional 121 translation allow a greater control on
the features of the synthesized image in the target domain. Image reproduced from [128]. ©2018 IEEE.

Two-domain I2I versus multi-domain I2I Two-domain image-to-image translation
encompasses many problems and constitutes the majority of applications. However, some
problems involve more than two domains and are referred as multi-domain image-to-
image translation. Algorithms for image-to-image translation between two domains train
a model for each translation between a pair of domains. To apply this approach to a
multi-domain setting, the system’s complexity increases significantly as a model is needed
for each translation between all domain pairs. A key challenge in synthesizing images
between multiple domains is thus to reduce the complexity of the model.

Among the proposed approaches, two primary categories emerge. The first category
views translation between various domains as a combination of translations between two
domains. This approach requires the training of multiple domain-specific generation units.
To reduce model size and computational cost, most of these approaches rely on a single
training to achieve synthesis across all domains. In addition, shared representation spaces
can be constructed to reduce the number of generation units required within the model
[129]. In the second category, a single generator is used for translations in all the domains.

The generator is conditioned by both the source image and a target domain label [130].
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2.3.4 Applications in medical imaging

Medical imaging is used in standard clinic practice to confirm or pose a diagnosis (for
diseases or injuries), to analyze the body functions such as brain, heart, or body kinemat-
ics, for the therapeutical follow up or for interventional radiology. Today, deep learning
methods are commonly utilized for medical image processing, serving various purposes
such as diagnosis support, medical event prediction, and decision-making or classifica-
tion. Image synthesis methods serve as the foundation for many of these applications.
Their main fields of application are registration, segmentation, inter-modality synthesis,
reconstruction and super-resolution.

Image registration is the process of aligning multiple images by analysis of their visual
features [131]. In medical imaging, the objective is to align images of one or more modali-
ties and/or one or more patients by matching anatomical structures. This technique finds
applications in clinical practice (inter-patient registration for atlas creation, therapeutic
follow-up) as well as in other algorithms applied to medical imaging (image segmentation
or reconstruction).

Medical image segmentation is the process of extracting specific anatomical structures
or structures of interest from a medical image. Manual segmentation by a specialist is
a time-consuming and laborious process, whereas deep learning methods offer automatic
segmentation alternatives. Segmentations are used for diagnostic purposes, therapeutic
monitoring or quantitative analysis: segmentation of brain tumors [132], muscles [133] or
vessels [134] or cardiac structures [97].

To obtain complementary information between modalities, many clinical practices re-
quire multimodal acquisition protocols. Inter-modality synthesis can limit patients’ expo-
sure to ionizing radiation, decrease the cost of multiple acquisitions, and shorten imaging
time. For example, CT images can be synthesized from MRI images [135][136][137], or
T1 MRI images can be synthesized from T2 [97].

Image reconstruction and super-resolution are motivated by the goal of obtaining high-
quality images while minimizing costs and risks to the patient (use of low doses of ionizing
radiation, shorter imaging times, etc.) [138] [139]. Super-resolution refers to the process
of generating high-resolution images from low-resolution images [140][141]. It differs from
interpolation in that it learns the relationship between low-resolution and high-resolution
data from the training set, whereas interpolation fills in missing data, often resulting in
blurry images. Image reconstruction refers to the field of image restoration in computer

vision. Image reconstruction can be utilized for raw data within the realm of compressed
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sensing in MRI [142] [143] as well as at image level [144].

Segmentation Multi-modal synthesis

Figure 2.8 — Examples of image synthesis in medical imaging. Each application is detailed in Section
2.3.4. Segmentation consists of the identification of specific anatomical structures, illustrated using data
from the Equinus dataset. Multi-modal synthesis is the process of synthesizing an image in a target
modality from an image of a source modality, such as T1 and T2 MRI scans [145]. Registration stands
for the process of aligning different images in a common coordinate system (Figure reproduced from
[121]). Super-resolution methods aim to increase the spatial resolution of given images [146] OIEEE
2015.

When images are synthesized, evaluating the quality of the synthesis becomes a chal-
lenge in itself. While humans excel at judging image quality, designing an image quality
metric that captures the perceived quality and aligns with human judgement remains
tedious. Furthermore, while well-known and extensively validated metrics exist for paired
data, image quality assessment for unpaired data is much more difficult. This section
presents an overview of image quality assessment metrics in both paired and unpaired

data settings.
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2.4 Image quality assessment

Image quality assessment (IQA) gathered the methods used to evaluate the quality of
images. These measures are usually designed to express a perceptual quality, according to
human perception. IQA methods fall into two categories: objective and subjective [147].
Subjective methods laid on the judgment of humans usually through user studies, while
objective ones are built under computational algorithms. Objective IQA can be either di-
vided into three categories, depending on the level of reference information available. Full
reference IQA (FR-IQA), also reffered as fidelity/similarity measurement, is used when
a reference (ground truth) image, perfectly matched with the test one, is available to do
the comparison (examples: colorization, edges to photo, aerial to map...) [148]. Reduced
reference IQA (RR-IQA) provides measures when only partial information from the refer-
ence image is available (examples: telecommunications) [149]. Finally, no-reference IQA
(NR-IQA) is used when there is no sort of information about a reference image, aiming to
evaluate the image quality in a blind set up (examples: faces synthesis, summer to winter
synthesis, data simulation...) [150], [151].

In practice, FR-IQA methods were developed in a first place, and benefits for a wide
variety of methods and often solid physical background. However, in real world applica-
tions, NR-IQA or RR-IQA are more applicable, since the ground truth is barely available
in applications such as real-time, medical imaging or image synthesis. In particular, NR-
IQA is a growing field of interest since the last decade. The increasing demand of image
and video services and the frequent lack of ground truth leads to an increased research
around this field.

The following sections will describe metrics for each type of IQA and metrics in the

specific case of medical imaging.

2.4.1 Full-reference image quality assessment

A great part of the literature is using FR-IQA metrics. Most of them rely on a
strong physical background and have proved their efficiency and relevance. They are
often computationally low cost and simple for setting and application. The most common
include Peak Signal-to-Noise Ratio (PSNR) or Mean Squared Error (MSE).

Some of the most common metrics are derived from norm functions such as MSE and
Mean Absolute Error (MAE). MSE is one of the most common metrics in FR-IQA and
corresponds to a squared L2 norm while MAE corresponds to a L1 norm. Both MAE
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and MSE quantify the prediction error between a simulated image and its ground truth.
Given [ a simulated image and R its corresponding ground truth, MSE and MAE can be

written as follow:

MSE(I, R) = bej(hy —I)? (2.5)
MAE(I,R) = le fj |R; — I (2.6)

For both, a lower score suggests better results.

PSNR is a widely adopted metric for image quality quantification. Initially developed
to assess the quality of a compression algorithm, it expresses the ratio between the max-
imum possible value of a signal and the power of the error (computed between ground
truth and simulated image). The PSNR is usually rescaled into a logarithm decibel scale
to deal with wide dynamic range of signals. The formula is detailed in equation 2.7.

PSNR is expressed in decibels (dB) and a higher score means a better synthesized image.

(2.7)

PSNR([,R):20.10g10< maxy )

MSE(I, R)

However, both PSNR, MAE or MSE do not reflect the human perception of image
quality. The Structural Similarity (SSIM)[152] index was introduced to handle this issue.
SSIM index focuses on the structural similarities between two images. It is developed
under the assumption that the luminance of an image does not affect the perception of
the structures and of the image quality. The SSIM index itself is computed under a three
step comparison of luminance, contrast and structure. A luminance comparison function
[ compares mean intensites of both images. After a luminance subtraction step from both
images, the function ¢ computes and compares the contrast from both images through
standard deviation. Finally, after a luminance subtraction and a contrast normalization, a
structure comparison function s is computed on the resulting images, invariant in contrast
and luminance. The structure comparison is computed through correlation coefficient.
The SSIM index is obtained by combining all of these functions (see equation 2.8), each

one independent of the others:
SSIM(I, R) = [I(Z, R)|".[e(L, R))".[s(I, R)]" (2.8)

The parameters «, 3, and 7 are introduced to weight the relative importance of each term

in the resulting measure.
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2.4.2 No-reference image quality assessment

Despite the considerable promise of NR-IQA techniques, it remains challenging to
quantify the quality of generated images in the absence of ground truth. Currently, there
is a scarcity of established reference metrics for evaluating these techniques. Typically,
these metrics aim to emulate the human visual system, which does not necessitate the
use of external references for assessing image quality. The most popular includes Fréchet
Inception Distance [153] (FID), Kernel Inception Distance [154] (KID), or Learned Per-
ceptual Image Patch Similarity [155] (LPIPS).

A great part of these metrics are built on the activations of secondary neural networks.
Since the last decade, new methods have emerged to evaluate those methods. The Incep-
tion Score [156] (IS) is one of the first appeared to quantify synthesized image quality. Tt
both evaluates the diversity of the generated images and their realism and is known to be
well-correlated with the human judgment. It exploits the intermediate activation of an
Inception network pretrained on ImageNet [157] for classification task. The closer to 1 it
is, the better quality the generated images are.

Following this idea, the FID score was designed as an improvement of the IS, and
became the widely used metric for NR-IQA. In contrast to the IS, the FID score compares
the features of both real and synthetic images extracted from an Inception v3 model

trained on the ImageNet dataset:
FID = & ((1,C), (s C) ) = 1 = puull3 + T (C + Cu = 2(CC)2) - (29

where d(.,.) is the Wasserstein-2 distance [158], (i, C') the multivariate Gaussian obtained
from the intermediate activation of the Inception network fed by generated data and
(fw, Cypy) the Gaussian obtained intermediate activation of the Inception network fed by
real data. p stands for the mean and C for the covariance matrix. Although FID was
initially developed for natural image analysis, there is evidence that it can also be relevant
in medical imaging [159]. A lower FID means a better quality of synthesis.

KID is constructed as a variation of FID. Instead of FID, it computes the squared
maximum mean discrepancy between Inception v3’s intermediate activations from real
images and generated ones, and relaxes the Gaussian assumption by using a polynomial

kernel:
KID = MMD(frealaffake>2 (210)

where f,.qu define the intermediate features from real images and ffqe those from gen-
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erated images. The kernel for MMD computation is defined as k(z,y) = (1/dx"y + 1)3.
Moreover, it does not assume an activation distribution’s parametric form. KID score
reflects the shared visual similarities between [ and R. A lower KID means higher quality
of synthesis.

Finally, the LPIPS is designed as a perceptual metric. As the previous metrics, it uses
the intermediate activations of a secondary network, usually pretrained on a classification
task (AlexNet, VGG or SqueezeNet). It exploits the deep activations of the secondary
network, normalizes along the channel dimension, and then computes a perceptual dis-
tance. However, LPIPS evaluates diversity, as well as perceptual quality, which makes it

unsuitable for the application case of this thesis.

2.4.3 Image quality assessment in medical imaging

Medical imaging takes a great part in the field of medical diagnosis. A large part of the
research aims at improving image quality to reduce the acquisition time, for ionizing radi-
ation reduction purposes or reduction of long-time acquisition. This quality improvement
is done either by optimizing the acquisition part on a hardware point of view, or by design-
ing reconstruction methods to recover a similar quality as an original image with a lower
acquisition time. However, standard practice rarely includes reference images to perform
a comparison, restricting the use of FR-IQA metrics. Moreover, medical imaging brings
its own specificity compared to natural image quality assessment. The most noticeable
are the importance of anatomical features conservation, the specific kind of artifacts of
medical imaging (such as ghosting, movement artifacts, or some modality-specific artifacts
described in the MRI case in section 1.3.4).

The quality of synthesized images is a critical aspect in medical image synthesis, as it
may lead to misinterpretations and diagnostic errors. While image quality and diagnostic
quality are not necessarily correlated, it is generally accepted that higher quality imagery
is preferable.

Subjective IQA is a classic and relevant tool for medical image quality assessment.
It includes diverse methods such as Double-Stimulus Continuous-Quality Scale or Differ-
ence Mean Opinion Score (DMOS) [150]. However, these evaluation methods are time-
consuming, biased and possibly dependent on the viewing context of the evaluator. On
the other side of objective IQA, FR-IQA and RR-IQA metrics are most of the time unus-
able in real-world applications because of the absence of ground truth image. In practice,

these methods are used to assess the quality of artificially distorted images, while NR-IQA
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metrics appear to be ideal for medical image quality assessment in daily practice.

Some new NR-IQA metrics have been introduced especially for medical imaging. Ac-
cording to the literature, these metrics aim at producing results that are closest to subjec-
tive IQA conclusions [160]. A great part of them are learning-based and/or specific to a
given medical imaging modality. Since this work is focused on MR imaging, we shall only
consider those MRI-compatible. If some of them have been developed to catch a specific
type of artifacts [161], [162], some others are designed to assess the overall image quality.
Those have been listed in medical image quality assessment reviews [150], [160] and pro-
vide the validation methods used to assess the quality of the listed metrics [163]. Some of
these metrics are straightly adapted from existing ones designed for natural images [164],
[165], while others are designed specifically for MR imaging like [166], [167], [168], [169].

In medical imaging, image quality evaluation typically relies on classical FR-IQA met-
rics such as MAE, MSE, PSNR, or SSIM, which are widely used in image synthesis lit-
erature. Objective IQA metrics are more commonly used than subjective IQA methods

due to the time-consuming nature of the latter.

2.5 Conclusions

Deep learning models are a major component of state-of-the-art methods in image
synthesis for computer vision and medical imaging. Their ability to model complex non-
linear functions and their adaptable level of complexity make them suitable for various
applications. The choice of a framework is highly influenced by the data characteristics
such as the size and the pairing of the dataset. In order to synthesize high-resolution
dynamic MRI sequences, we focus on image synthesis methods, in particular image-to-
image translation methods.

Improving dynamic MRI quality through super-resolution or reconstruction is a spe-
cific area of research in medical image-to-image translation. The contribution of deep
learning in the proposed methods is relatively lower compared to its significance in other
medical image-to-image translation applications. This could be attributed to the lack
of publicly available datasets in this particular modality. However, some deep learning
methods emerge by using techniques to compensate for the lack of dynamic datasets.
For instance, some methods simulate dynamic processes on publicly available datasets,
such as the CHAOS dataset [170], by implementing non-rigid deformations to simulate
specific physiological biomechanisms, such as breathing [171]. The methods proposed
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for improving dynamic MRI quality can be divided into two categories: those that use
registration-based frameworks to register a higher-quality MRI on the dynamic one [37],
and those that aim to estimate the transformation from a dynamic image to a higher
quality one. However, the last type of methods often relies on the use of paired datasets
[171], [172], [173], [174]. Additionally, to the best of our knowledge, there is a lack of
methods that explicitly model the dynamic process to enforce the resolution.

The dataset collected within the Equinus project is intrinsically unpaired. However,
through a registration process, the static and dynamic MRI images can be partially
aligned. This work focuses on two different approaches. The first approach leverages
registration and simulation to generate partially paired and paired data for use in paired
image synthesis methods. The second approach is based on unpaired image-to-image
synthesis methods that do not require exact ground truth. The next chapter explores
the paired frameworks for high-resolution dynamic MRI sequence and the dynamic MRI

image simulation process from static MR image.
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CHAPTER 3

PAIRED SYNTHESIS OF
HIGH-RESOLUTION DYNAMIC MRI

The objective of this work is to estimate a high-resolution dynamic
MRI sequence from a low-resolution dynamic MRI sequence. This
chapter presents an investigation into the potential of deep learning
methods for paired image synthesis. The chapter begins by describ-
ing two different data pairing processes that were investigated: one
based on registration and the other on data simulation. Based on
these datasets, we investigate several architectures for the paired
synthesis of dynamic MRI sequences using the static MR images as

ground truth to train the models.

3.1 Introduction

Paired image-to-image translation is an image synthesis technique that relies on the
use of aligned image pairs from the source and target domains to address the translation
between these two domains. This data pairing can be provided by the acquisition protocol,
for instance, a single camera acquiring an image of a given scene with two different
acquisition systems. Alternatively, it can be set with post-processing. The data used in
this study make it impossible to have initially paired data.

The objective of this work is to estimate the transformation for synthesizing high-
resolution dynamic MRI data from low-resolution dynamic MRI data and a high-resolution
static MR. This chapter examines the potential of paired 121 translation methods for es-

timating this transformation. The main contributions are listed below:
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— We propose a simulation process of dynamic MR data from static MR data.

— We demonstrate the inefficiency of paired image synthesis methods for high-resolution
dynamic MRI synthesis.

This first section provides an overview of inverse problems, image registration and

data simulation.

3.1.1 Inverse problem

The objective of solving an inverse problem is to identify the causes of observed effects.
This is in contrast to a forward problem, which seeks to infer effects from causes. Forward
models are generally much more investigated than inverse problems, because they explore
the fundamental aspects of a system, such as defining the laws and properties of a system.
Inverse problem solving is common in imaging (from astronomy to biomedical) and signal
processing (seismic, electroencephalographic (EEG), geophysical signals). For instance,
the localization of active neuronal sources in EEG from signals collected by scalp electrodes
is an inverse problem [175]. Conversely, the prediction of the future state of a physical

system from its current state is a direct problem.

Definition The mathematical formulation of the problem is expressed by the following
equation:

y = H(x) (3.1)

where y represents the observations, x the state to be estimated, and H the forward
model. A problem can be described as either well-posed or ill-posed. The concept was
introduced by Jacques Hadamard in 1923. A problem is considered well-posed if it satisfies
the following three conditions:

— Existence: There exists at least one solution x to the problem y = H(x).

— Uniqueness: There is exactly one solution z to the problem y = H(z).

— Stability: The solution is continuously dependent on the observations y.
If at least one of the aforementioned conditions is not met, the problem is deemed ill-posed.

In practice, however, H is only a theoretical model and does not take into account
noise and measurement errors due to instrumental constraints. The inverse problem can
then be expressed as y = H(z) + ¢, where € represents an additive noise that models the

measurement bias.
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Resolution Inverse problems can be broadly classified into two main categories: linear
and nonlinear [176]. In the case of a linear problem, assuming a discrete configuration,
the aforementioned relationship can be written as y = Hx + ¢, where H is a possibly
non-square matrix. Theoretically, solving the inverse problem necessitates inverting the
matrix H. If the matrix H is square and regular, then the solution exists and is unique.
Otherwise, the problem is ill-posed, as there is either no solution or an infinite number of
solutions. However, these systems can be solved by matrix factorization, the introduction
of a regularization term (by restricting the space of possible solutions, the addition of a
regularization term transforms an ill-posed problem into a solvable one), or the use of
probabilistic methods.

If the problem is nonlinear, the inverse problem can be written as y = H(x) + e.
The solution to the problem is then determined by solving an optimization problem
argmin, U(z,y), where U corresponds to a data fidelity term. U quantifies the differ-
ence between the unknown state and the observations, which are assumed to be known.
For instance, U can be defined as either a mean squared error or a Euclidean norm.
However, in the case of an infinite number of solutions, this formulation is insufficient for
solving the problem due to the frequent multiplicity of local minima. In most cases, a
regularization term R is incorporated into the formulation. This term typically assumes

the form of an a priori, providing a comprehensive framework for the solution.

Inverse problem in imaging Let X be the set of images and Y the set of mea-
surements. Y depends on the application, and its structure may vary depending on the
measurement device. H can be linear or nonlinear and known, partially known, or un-
known. The most common applications in computer vision include inpainting, image
interpolation, reconstruction, deblurring, and super-resolution. In medical imaging, it
covers reconstruction of CT image from sinogram, reconstruction from partial measure-
ments in CT and MRI, and denoising. The inverse problem in imaging can be solved
by finding the transformation H~! that connects an element of Y to an element of X.
The solution can be elaborated from an analytical model, as in compressed sensing [177],
but although these solutions have a stronger mathematical and physical background, they
require a complete understanding of the underlying physics (which is not systematically
possible), and are usually very specific.

In recent years, numerous studies have demonstrated the effectiveness of deep neural

networks for inferring the underlying physical model from large imaging datasets [178]. In
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applications where both X and Y are image spaces, such as denoising or super-resolution,
these approaches often rely on paired (z,y) images. However, should the images be
unpaired, post-processing techniques may be employed to achieve data pairing. The most

prevalent methodologies employed in imaging are registration and data simulation.

Forward model
H

Figure 3.1 — Inverse problem in the Equinus dataset. Considering the formulation y = H(x) + ¢ where
H is the forward model, z corresponds to the static MR image, i.e. the real state and y corresponds to
the dynamic MR images, i.e. the observations.

3.1.2 Registration

The objective of registration is to determine the geometric transformation that will
align the structures between the images to be registered. The primary applications of
registration in medical imaging include multi-modal fusion (intra-patient registration) and
atlas construction (inter-patient registration). The registration process is constrained by
at least three parameters that condition the final result

— Similarity criterion: it may be regarded as the cost function in the optimization

problem. The objective is to identify the global maximum of this function, which
represents the optimal alignment between images. The similarity criterion is se-
lected according to the data, i.e., the correlation ratio or mutual information, as
examples.

— Optimization strategy: it defines the method used to identify the optimal trans-

formation, given a specified cost function.
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— Transformation model: the transformation model delineates the range of permissi-
ble transformations, i.e., the degrees of freedom (dof). In three-dimensional space,
a rigid transformation is defined by six dof. Three translations and three rotations
were considered. A non-rigid transformation may have up to 12 degrees of freedom
(dof), including three for shears and three for scale factors.
The output of the registration process is a deformation field that represents the estimated
geometrical transformation between the images.

However, the accuracy of the registration process can be influenced by multiple factors,
some of which may be related to the data or parameters chosen for the registration process.
Among the primary sources of error in medical imaging applications are: image noise,
repeated patterns, large transformations between the two images, and contrast or modality
differences. The similarity criterion of the registration process is of critical importance,
particularly in the case of different imaging contrasts or modalities. Furthermore, a large
number of dof may result in slower and more difficult convergence.

In some cases, the outcome of the registration process does not result in correctly
paired images. The objective of data simulation is to identify and reproduce the data

generation process in order to artificially generate paired data.

Registration validation The quality of the registration process can be evaluated in
either a qualitative or quantitative manner. Qualitative assessment is inherently subjec-
tive and time-consuming, rendering it unsuitable for the evaluation of large amounts of
data. Quantitative methods can be applied automatically and offer an objective evalua-
tion of registration. The following paragraphs describe both quantitative and qualitative
validation in medical imaging.

Qualitative validation is a subjective evaluation of the registration result conducted
by a human observer, who is referred to as an expert. It is a common practice in medical
imaging to assess the clinical quality of images using this method. In most cases, the
evaluation is based on a visual assessment of the expert, who determines whether the
registration result is accurate and rejects those that are not. The accuracy of the regis-
tration is typically evaluated using images and structures overlays, which highlight any
misregistrations.

Although this process may include a clinical expertise, it is subject to a high degree of
subjectivity and is highly time-consuming, making quantitative approaches preferable for

validating registration results.
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Quantitative evaluation can rely on ground truth or a gold standard. A ground truth
provides the exact result of registration, while a gold standard offers an approximation of
the correct result.

In practice, there are seldom applications where ground truth is available for registration
validation. Synthetic data obtained by applying artificial transformations or simulated
motions to images constitute the majority of these applications. The known perfectly
registered target image allows for the computation of exact registration errors at each
image position. The most common metrics include SSIM, MSE, and PSNR (see Section
2.4). However, these approaches are often a simplified version of the registration problem
and suffer from a lack of realism.

In real-world applications, since a ground truth is (most of the time) unavailable for
validating registration results, validation methods rely on a gold standard. A signifi-
cant proportion of these applications involves multimodal registration (i.e., registration
between images from different modalities, such as MRI and CT) or monomodal multi-
contrast registration (i.e., registration between images from the same modality but with
different contrasts, such as T1 and T2 MRI). Consequently, in contrast to ground truth
approaches, the target image does not correspond to the desired result of the registration
process; rather, it serves as a guide with which the anatomical features of the source
image should be matched. Consequently, the validation of the registration process should
be conducted using metrics that can accommodate different contrasts or modalities.
Some metrics have been developed to compute the similarity between two images in a
multimodal or multicontrast setup. The most common metrics include the sum-of-square
distance (SSD), the mean square distance (MSD), and the (normalized) cross-correlation
(NCC). These metrics are effective in measuring the accuracy of image registration when
both images exhibit a similar intensity distribution, such as in the case of magnetic res-
onance imaging (MRI) and computed tomography (CT). In the case of disparate image
intensity distributions, the mutual information (MI) metric, its variants, and learning-
based metrics are more suitable for use. Nevertheless, these metrics consider the overall
similarity of an image, yet fail to accurately capture registration error in specific struc-
tures.

The alignment between the anatomical structures of registered and target images offers an
accurate measure of the registration error on these particular structures. This method is
the most commonly used gold standard approach. The structures of interest are typically

delineated by segmentation, and the alignment can be quantified by the degree of overlap
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between the registered and target structures. This is commonly expressed by the Dice
Similarity Coefficient (DSC) and the Tanimoto coefficient. Given two finite sets, A and
B, the DSC and the Tanimoto coefficient can be expressed by the following equations
[179]:

2 Card(AN B)
DSC = 2
SC Card(A) 4+ Card(B) (3:2)
_ Card(AN B)
T = ——= :
animoto Card(AUB) (3.3)

where the C'ard operator denotes the cardinality of a set. In the computation of segmen-
tations overlap, the sets of pixels or voxels of an anatomical structure on the registered
and the target images are denoted by A and B, respectively. This method requires corre-
sponding structures to be segmented on both the source and target images. A particular
focus should be placed on the quality of the segmentation, as any errors in the segmen-
tation can propagate to errors in the registration. This method is particularly accurate
for the quantification of registration quality with respect to small and local structures, as
opposed to large ones.

A more precise alternative employs corresponding anatomical keypoints in place of struc-
ture segmentations. This method circumvents the "coarse" estimation of the overlap
and the propagation of potential segmentation errors by computing the distance between
registered and target corresponding anatomical keypoints. Despite the more precise com-
putation of the registration error, this method suffers from significant drawbacks. The
method is highly dependent on the accuracy of the keypoints. While segmentations allow
for some small errors regarding the size of the structure, keypoints must be positioned
with high precision to compute accurate registration errors. Additionally, the method
is time-consuming, depending on the registration type. It requires a greater number of

keypoints to assess the quality of a non-rigid registration process than a rigid one.

3.1.3 Data simulation

The field of data simulation represents a hot area of research in the domain of medical
imaging. Its initial purpose is to serve as a substitute for imaging modalities when they
are unavailable or difficult to obtain due to constraints on time, personnel, or the high
costs associated with multiple imaging modalities. Furthermore, they can reduce patient
exposure to ionizing radiation, which, at high doses, can cause cancer, lesions, and organ

and tissue dysfunction (synthesis of CT scan images from MRI images). Finally, they
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provide an alternative when images from different modalities are not precisely registered.
The primary applications of data simulation encompass inter-modality synthesis (between
CT, MR, or PET) and intra-modality synthesis (differences in resolution or protocols).

In accordance with the inverse problem formulation introduced in Section 3.1.1: y € Y
represents the dynamic MR images, x € X represents the real state symbolized by the
static MR images, and H represents the degradation model between x and y. It is also
assumed that the data are acquired in such a way that a dynamic MR image y has no
corresponding static MR image x and vice versa. Finally, it is assumed that the data are
affected by additive noise, represented by the variable €. The primary objective is to solve
the inverse problem, which entails obtaining a static MR image, x, from a dynamic MR
image, y. In practice, the forward model, H, is unknown, and there is no pair of images
(z,y) that satisfies the equation y = H(x)+e. While the inverse problem is often ill-posed
(i.e., multiple y values can result in the same x value), the direct problem is assumed to
be well-posed (i.e., the transformation of y by H~! will always yield the same x value).

The purpose of the simulation process is to estimate the forward model for generating
observations 3’ from the different z values. Consequently, the inverse problem is to be
solved by estimating the inverse model H~! that satisfies the equation H~'(y') = z.
The use of data simulation for inverse problem solving is found in a wide variety of
applications. This simulation is most often based on manual model design or learning.
Regression networks are already employed for the purpose of learning forward models
[180].

In the application case, paired data can be obtained via two distinct methods: physical
implementation (new acquisition to generate paired data) or estimation of the forward
model [178]. By excluding the acquisition of new data, data simulation offers an oppor-
tunity to generate paired data for inverse model learning. The quality of inverse model

estimation is contingent upon the accurate design of the forward model.

3.2 Data pairing

This section details the pairing process between the static and dynamic MR data from
the Equinus project. The objective is to create a set of paired data for high-resolution
dynamic MRI synthesis learning. Three approaches are explored: a registration-based
process, a learning-based approach to simulate dynamic MR data from static MR data,

and a manual simulation process of dynamic MR data from static MR data.
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3.2.1 Registration

Global registration The aim is to register each static MR image on each dynamic
volume. The initial step is a global rigid registration with six degrees of freedom. This
process aims to move the static MR image into the dynamic coordinate system and
provide a preliminary estimation of the transformation. The registration is performed
using FLIRT, a tool for linear affine registration that is intermodality compatible. The
optimization process is described in detail in the source papers [181] [182]. The correlation
ratio is employed as a similarity criterion.

Following this initial step, a preliminary filtering stage is introduced to exclude images
for which the estimated transformation is unrealistic. To this end, the cross-correlation is
computed between each pair of images: the reference dynamic volume and the registered
static volume. A threshold, which indicates whether a registration is accepted or not, is
defined by exploiting the relationship between the DSC and the cross-correlation. This re-
lationship is demonstrated by using the few bone segmentations available for the dynamic
MR images, allowing the DSC computation between the static and dynamic segmenta-
tions. The threshold is first arbitrarily defined to 0.85 for the DSC, and then adapted
to the cross-correlation, and set to 0.64. After this initial filtering stage, 55 of the 573
registered images were rejected, which represents approximately 9.6% of the registered

images.

Registration bone to bone Following the initial registration step, each static MR
image is roughly registered to each dynamic volume of the same subject. During the dor-
siplantar flexion movement performed on the dynamic sequences, non-rigid deformations
are introduced between the bones and in the surrounding tissues. The different positions
taken by the foot during movement make it impossible to achieve data pairing by rigidly
registering the static MR image on each dynamic data. The use of non-rigid registration
to achieve a complete alignment between static and dynamic data requires long computa-
tion times and is prone to significant errors. These errors are favored by the noise between
the two images, the complexity of the computation, and the fineness of the anatomical
structures to be registered. To avoid the anatomical errors introduced by non-rigid regis-
tration, the registration problem is simplified by considering a rigid registration per bone,
and therefore only partial pairing of the data.

The subsequent stage is thus to estimate a finest bone-to-bone rigid registration. This

approach provides a more accurate registration in the bone region and allows for the use of
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(a) (b) () (d)

Figure 3.2 — Bones segmentation processing for registration. (a) Original static MR
image. (b) Segmentation of the calcaneus. (c) Segmentation of the calcaneus after a
morphological dilation. (d) Segmentation of the calcaneus after a morphological dilation
and a blurring by a Gaussian filter.

rigid transformation in the three-dimensional space, since the bones are not deformable.
This rigid configuration offers a reduced computational cost and execution time in com-
parison to a non-rigid one. Moreover, a rigid transformation ensures that the anatomical
features remain unaltered, thereby eliminating any suspicion of unwanted distortions.

The previously registered static MR image is taken as input for this second regis-
tration step and successively registered on the three bones of interest, resulting in three
additional registrations. The cost function (similarity criterion) is weighted using the
static segmentation of the three bones of interest to force the registration to be consistent
in the bone region. Given this setting, the segmentations are morphologically dilated by a
spherical structuring element with a radius depending on the bone. The radius is empiri-
cally determined under the criterion of registration quality. It is set to 1 for the calcaneus
and to 2 for the talus and the tibia. The dilated segmentations are then blurred by a
Gaussian filter with a standard deviation of 2. This manipulation adapts the weighting
map (i.e., the segmentation) to include the edges in the voxels used for the cost function
computation (dilation) and to weight the cost function decreasingly for pixels outside of
the bone.

3.2.2 Learning-based dynamic MRI simulation

The goal of dynamic data simulation is to generate paired static and dynamic MRI

data, i.e. data that are perfectly aligned with each other. The learning-based approach
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employs artificial neural networks to learn the transformation for estimating a dynamic
MR image from a static MR image. These approaches demonstrate excellent performance
in the learning of non-linear functions [183]. However, they frequently encounter limita-
tions in terms of physical explicability and reproducibility, as well as inductive bias.

The objective is to estimate the transformation from a static MR image to a dynamic
one. In the context of our application, the data available for training the model consists of
unpaired static and dynamic MR images. In other words, there is no dynamic MR image
that corresponds to the application of H on any static MR image. Under this limitation,
two distinct methodological approaches are investigated. The first method exploits the
registered Equinus data, forming a partially paired dataset, allowing the use of standard
methods for paired 121 translation. The second method is designed to handle unpaired
data and approximate the transformation from static MR images to dynamic MR images

by approximating the data distributions of the target set.

Partially paired data We first address the problem of simulating dynamic MRI data
using registered images to construct a paired dataset.

However, these data are only partially registered since the registration process has
been chosen to be rigid and bone specific. Consequently, the resulting data comprises a
set of dynamic MR images and the corresponding static MR images registered on each
ankle joint bone. As a result, we dispose of pairs (x,y) verifying the Equation 3.1 only in
the registered bone section of the image. To address this partial pairing constraint, bone
segmentations are used to weight the classical MSE to zero outside the bone region where

the images are registered (see Equation 3.4).

N

1

i

The hypothesis is that the transformation learned between static and dynamic MR
images solely on the paired bones can be extrapolated to the entire image at the test
time, thereby enabling the generation of complete translated images while learning only

on parts.

Unpaired data We then propose to address the problem of simulating dynamic MRI
data by overcoming the need to use partially paired data. To this end, we propose to
use a GAN architecture [45]. The principle of this model is described in detail in Section
2.1.4.
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In this model, the generator is fed with static MR images. Subsequently, the outputs of
the generator are compared to the original dynamic MR images through the discriminator,

which is trained to distinguish between the original and simulated dynamic MR images.

3.2.3 Handcrafted dynamic MRI simulation

In addition to learning-based methods for dynamic MR image simulation, we propose
the manual design of a dynamic MR image simulation model using mathematical and
imaging functions. The manual design of a data simulation model typically necessitates
an understanding of the underlying physical processes. In the absence of precise knowl-
edge of the data construction process, the selection of the various model components is
made in order to approximate the real data as closely as possible, although it may not
faithfully reproduce the underlying physical process. This approach provides a prelimi-
nary simulation model and offers greater transparency over the simulation process than
learning approaches.

The manual design of a data simulation model employs mathematical functions to
mimic the transition from a static to a dynamic MR image. The designed simulation
process of a dynamic MR image from a static one is illustrated in Figure 3.3.

The simulation model is divided into two main stages: a data augmentation phase,
followed by the degradation model itself.

The purpose of the data augmentation phase is to virtually increase the amount of
data available for each subject. As a reminder, the Equinus dataset includes a single
static MR image for each subject. We propose to increase this number by applying
random transformations to the source image. The transformations are chosen to reflect
what is observable in the data. To mimic variations in foot position and size, we propose
the application of random affine transformations. The permitted transformations include
rotations (in the sagittal plane with a range of £30°) and scaling effects (according to
a ratio of £0.1). To simulate anatomical differences between patients, we propose to
introduce random elastic deformation.

Secondly, the degradation model used to simulate dynamic MR images from a static
MR image is applied to augmented images. This model is comprised of a succession of
filters associated with additive Gaussian noise. With this degradation module, the aim
is to simulate the texture of dynamic MR images, as well as the loss of detail compared
to static images. The degradation operator consists of the successive application of gray-

scale erosion by a structuring element of size 1x1, followed by a median filter (disk
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structuring element of radius r = 2), the addition of Gaussian noise, an undersampling
with a sampling factor of 2, a Gaussian filter and an oversampling by a factor of 2 to
return to the initial resolution. In order to limit the complexity of the interpolation
algorithm as much as possible and thus increase the possibility of introducing artifacts,
over- and under-sampling interpolations are set to "nearest neighbor"'. The additive noise
is generated from a Gaussian distribution with a standard deviation of ¢ = 0.4. This
noise is then processed in parallel on two different pipelines. The first method employs a
series of grayscale erosion operations with structuring elements of increasing size, while the
second method employs a series of grayscale dilation operations with the same structuring
elements. Finally, for each pipeline, a Gaussian filter with a standard deviation for the
gaussian kernel of 0.8 is applied. This noise is carefully constructed in order to replicate
the texture observed on dynamic MR images. Finally, ghosting artifacts are added, as

observed in the dynamic data.

3.2.4 Experimental setup

Dataset The experimentation was conducted on images from the Equinus dataset. The
learning-based methods for dynamic MRI simulation using partially paired data leverage

the data resulting from the registration process described in Section 3.2.1.

Implementation details The training set for learning-based methods consists of 11
subjects, five with equinus and six typically developing. The validation and test sets
each include one subject, respectively typically developing and with equinus. For a fair
comparison, images from both simulated and real datasets are sampled to a resolution of
0.41 x 0.41 x 8mm. The resolution in the sagittal plane was set to be halfway between the
static and dynamic resolutions in order to limit information loss in static MR images and
interpolation artifacts in dynamic MR images. Finally, in order to limit the proportion of
interpolated images in the training set and given the significant differences in resolution
between static and dynamic MR images, the resolution along the orthogonal axis to the
sagittal plane was kept consistent with that of the dynamic MR images.

As previously described in Section 3.2, the real dataset includes static and dynamic
MR images registered bone-to-bone. For the simulated dataset, we set the number of
augmented static images to 20 per subject. We set the probability of random affine
transformation to 0.8 and the probability for an elastic deformation to 0.2.

Throughout this work, we used 2D patches from MRI sequences for training. The
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Figure 3.3 — Handcrafted dynamic MRI simulation process. Each successive step is illustrated. (a)
Original static MR image (b) First grayscale erosion (¢) Median filtering (d) Additive Gaussian noise
(e) Addition o the Gaussian noise (f) Undersampling with a sampling factor of 2 (g) Gaussian filter (h)
Oversampling by a factor of 2.
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use of 3D patches increases computation times, thereby impeding the training process.
Furthermore, the strong anisotropy in dynamic MRI images between the resolution in the
sagittal plane and along the frontal axis limits the accuracy and robustness of volumetric
image processing. For all experiments, the patch size is set to 64x64. The number of
training patches is augmented to 98,000 through data augmentation using TorchlO [184],
an open-source library designed for medical imaging. TorchIO enables the generation of
MRI-specific artifacts, such as magnetic field inhomogeneity and motion artifacts, as well
as typical computer vision augmentations. The random transformations applied include
flips along the lateral axis, bias field with a maximal magnitude of polynomial coefficient
equal to 0.5, Gaussian noise with a standard deviation of 0.1, and affine transformations
including scaling (with an amplitude of 0.2) and rotations (along the sagittal plane, with
a 40° amplitude).

All the models have been implemented using PyTorch. Two classical architectures
in paired image synthesis are used for dynamic MRI simulation: UNet [185] and ResNet
[186], both fully-convolutional. To assess the influence of architectural hyperparameters on
synthesis quality, three network sizes are considered for each architecture. The network
sizes are obtained by adjusting the number of layers in each network. The unpaired
method employs a fully convolutional classifier architecture as a discriminator. In this
study, the same discriminator architecture is used throughout the experiments. The
generator architecture is identical to that employed in the partially-paired methods.

For training, we use Adam optimizer, with a learning rate of 107°. The batch size is
set to 32, exponential decay rates to (1, 52) = (0.5,0.999) and weight decay to 0.0001.

Registration validation A paired framework is dependent upon an accurate corre-
spondence between two data. In this case study, the quality of the registration process is
a crucial factor in ensuring the performance of image-to-image translation for the synthesis
of high-resolution dynamic MRI.

The Equinus dataset provides tibia, talus, and calcaneus segmentations on the static
MR images. In the dynamic MR images, however, only a few dynamic sequences have
been given the same bone segmentations. Indeed, the manual segmentation of the bones
in dynamic sequences is a time-consuming task and is prone to segmentation bias due to
image noise or motion artifacts. Consequently, the quality of the registration cannot be
assessed using overlap coefficient computation. Similarly, no anatomical keypoints have

been set on either the static or dynamic MR images. As previously stated, the accuracy

105



Chapter 3 — Paired synthesis of high-resolution dynamic MRI

of the keypoints placement is of critical importance in keypoints-based registration. How-
ever, the resolution of the dynamic 3D volumes is not sufficient to allow precise keypoints
placement by experts.

In consideration of the available data, the registration validation process is divided
into three distinct stages, progressing from a more general to a more specific analysis.
The initial two stages of the process rely on quantitative metrics, while the final stage is

a qualitative evaluation conducted by an expert.

Simulation validation The quality of the synthesis is evaluated through two classical
metrics in no-reference image quality assessment: KID and FID. Both are detailed in
Section 2.4.2. The KID reflects the shared visual similarities between two sets of data,

whereas the FID is more oriented towards textures and edges.

3.2.5 Results

This section presents the results of the registration and simulation methods used to

generate paired and partially paired data.

Registration The initial validation stage employs foot masks derived from both static
and dynamic MR images. These masks are generated using the Otsu thresholding func-
tion [187], followed by a morphological closing. A global alignment of the feet is eval-
uated through a DSC computation between dynamic and registered static foot masks.
This initial estimation of the registration accuracy allows for the elimination of aberrant
registrations.

Without the application of bone segmentation, it is not possible to perform a fine
evaluation of the overlap between structures. The second stage of the validation pro-
cess employs the cross-correlation coefficient between the target and registered images.
The cross-correlation coefficient is an effective similarity metric, even in a multimodal or
multicontrast setup.

The final stage of the validation process is a qualitative evaluation conducted by an
expert. Given the deformation field resulting in the alignment of the bones in the static
MR image with those in the dynamic target image, the bone segmentations from static
MR images can be registered accordingly. The registered segmentation are superposed

to the dynamic MR image and submitted to the expert for evaluation. This allows the
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expert to assess the quality of the registration and the degree of overlap between the
structures.

The validation process yielded the following results: of the 1,554 pairs of static and
dynamic MR images registered bone-to-bone, 582 were rejected and 960 were deemed

satisfactory.

Figure 3.4 — Result of the bone-to-bone registration of a static MR image on a dynamic MR image. The
registered static MR images are displayed along with the associated registered segmentations, displayed
as an overlay on the dynamic MR image. (a) Original static MR image. (b) static MR image registered
on the calcaneus. (c) static MR image registered on the talus. (d) static MR image registered on the
tibia. (e) dynamic MR image. (f) Registered calcaneus segmentation. (g) Registered talus segmentation.
(h) Registered tibia segmentation.

Learning-based simulation Figure 3.5 provides a visual assessment of the perfor-
mance of the methods using partially paired data. It was observed that the method using
the ResNet architecture did not generate images that exhibited realistic dynamic-like

characteristics. Despite undergoing training until convergence, the ResNet architecture
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Parameters | KID | FID |
8M 0.3 283.9
UNet 1M 0.44  351.2
400K 0.52  376.7
SM 0.16 175.6
ResNet 3M 0.17 182.9
1M 0.15  174.0

Table 3.1 — Evaluation of the quality of the synthesis of simulated dynamic MR images for different
neural networks using partially paired data. The evaluation is performed using two unpaired image
metrics, KID and FID.

failed to achieve a realistic level of degradation. Conversely, the UNet architecture results
in a significant degradation of static images. However, the forward model thus constructed
does not appear to be consistent with real data, nor does it approach the texture of real
dynamic MR images. Table 3.1 provides a quantitative evaluation of each method. The
results suggest that ResNet methods exhibit better performance, in contradiction to what
is observed in Figure 3.5. This discrepancy may be attributed to the texture of the image,
which is overly blurred in the UNet methods. Background artifacts may also degrade the
quality score. In practice, none of the proposed methods for simulating dynamic MR data
using partially paired data can provide a realistic estimate of degradation.

Figure 3.6 illustrates the outcomes of unpaired dynamic MRI simulation methods.
As with partially paired methods, the use of a ResNet as a generator does not yield
realistic results when compared with dynamic MR images. However, employing a UNet
architecture as a generator allows for the modeling of a degradation that is more consistent
with the data. Nevertheless, this approach does not lead to visually realistic data. Table
3.2 provides a quantitative evaluation of the methods. As previously observed, the metrics
appear to be inconsistent with the perceived quality of the images in comparison to the
original dynamic MR images. The models using a ResNet as a generator demonstrate
superior results in this regard. These discrepancies between perceived quality and metric
values can be attributed to the properties of the metrics employed. While FID is sensitive
to textures and contours, it has been demonstrated to be robust to variations in brightness,
contrast, and saturation [188]. The images generated by UNet, despite their visual realism,
are affected by a range of artifacts, which significantly impact the contours and textures
of structures. It can be postulated that the more favorable scores associated with results
produced by models using a ResNet are a consequence of the absence of artifacts on the

images generated, thus preserving anatomical structure and contours within the images.
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(h)

Figure 3.5 — Dynamic MR images simulation using a partially paired data. Two distinct neural network
architectures are used: ResNet [186] and UNet [185]. For each network, three different sizes are studied.
(a) Original static MR image (b) Corresponding registered dynamic MR image registered on the tibia
(c) ResNet - 1M parameters (d) ResNet - 3M parameters (e) ResNet - 8M parameters (f) UNet - 400K
parameters (g) UNet - 1M parameters (h) UNet - 8M parameters.
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Figure 3.6 — Dynamic MR images simulation using unpaired data. Two distinct neural network archi-
tectures are used as GAN generator: ResNet [186] and UNet [185]. For each network, three different sizes
are studied. (a) Original static MR image. (b) Corresponding registered dynamic MR image registered
on the tibia. (c) ResNet - 1M parameters. (d) ResNet - 3M parameters. (e) ResNet - 8M parameters.
(f) UNet - 400K parameters. (g) UNet - 1M parameters. (h) UNet - 8M parameters.
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GAN Generator Parameters | KID |  FID |
8M 0.55  392.1
UNet 1M 0.18 192.52
400K 0.22  223.75
8M 0.19  194.04
ResNet 3M 0.19  193.7
1M 0.18 186.6

Table 3.2 — Evaluation of the quality of the synthesis of simulated dynamic MR images for different
GAN generators using unpaired data. The evaluation is performed using two unpaired image metrics,
KID and FID.

Handcrafted simulation Figure 3.7 shows an example of a dynamic MR image sim-
ulated from a static MR image. The results appear to be more visually similar to real

dynamic data than those produced by learning-based approaches.

(a) Original static MR image (b) Simulated dynamic MR im- (¢) dynamic MR image
age

Figure 3.7 — Dynamic MR images simulation using a handcrafted model.

3.2.6 Discussion

This section describes the process of pairing the static MR images with the dynamic
MR images of the Equinus dataset. Two distinct approaches are presented in this section:
a registration-based pairing and another based on a simulation process. The registration-
based process resulted in a partial pairing of the static and dynamic MR images, limited

to the bone region. The simulation process involves two learning-based approaches and
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a handcrafted approach for estimating the forward model for simulating a dynamic MR
image from a static MR image. The handcrafted approach is based on classical math-
ematical and imaging functions that have been selected to provide the most accurate
approximation of dynamic MR images. Two learning-based approaches have been inves-
tigated: one using partially paired data and one using unpaired data. Neither approach
successfully synthesized realistic simulated dynamic MR images, either qualitatively or
quantitatively. The number of parameters in each neural network does not appear to have
a significant influence on the quality of the synthesized images. The manual approach

yielded the most realistic results of all the methods explored.

3.3 Paired high-resolution dynamic MRI synthesis

This section describes the methodologies used for the estimation of high-resolution
dynamic MRI data using paired and partially paired data. This study is focused on
learning-based methodologies and employs two datasets: the real dataset from the Equinus
project and a simulated dataset described in Section 3.2.2. In order to assess the paired 121
task, the proposed methodologies are also evaluated on a classical paired medical imaging
dataset: the HCP dataset.

3.3.1 Methods

Let Y be a set of low-resolution dynamic MRI data and let X be a set of high-resolution
static MRI data. The objective is to estimate the inverse model that maps an element
y € Y into an element of X. In this section, we propose to investigate the use of paired 121
translation methods to estimate this transformation. In the following section, we consider
pairs of data (z,y), where y corresponds to the real or simulated input dynamic MR image
and x to the static ground truth MR image.

The experiments are conducted on two distinct datasets: a real dataset with partially
paired data and a simulated dataset with perfectly paired data. The experiments are

conducted on a few common network architectures in 121 translation.

Paired data In the case of perfectly aligned data, as in the simulated dataset, each

pixel of the predicted image can be compared to those of a target image, i.e., the ground
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truth. The MSE standard loss can therefore be used as an objective function:

1 N

MSE = — Ei:(yz‘ — ;) (3.5)

where 7; denotes the predicted images and y; the ground truth images.

Partially paired data As previously stated in Section 3.2.2, the use of partially reg-
istered images to construct a paired dataset necessitates the adaptation of the MSE to
exclude all image regions that are not part of the registered bone:

N

1
MSE = NZ(yi * My — 0 * my)? (3.6)

i

where m; denotes the binary mask corresponding to the registered bone.

3.3.2 Experimental setup

Real dataset The real dataset is composed of pairs of static and dynamic MR images

registered bone-to-bone, which process is described in Section 3.2.1.

Simulated Dataset A second set of experiments is conducted on a simulated dataset,
composed of perfectly aligned image pairs. The conception of this dataset is described in
detail in Section 3.2.2. Among the various methods investigated for simulating dynamic
MR images, the handcrafted model was selected to generate the simulated dataset because
of its greater degree of realism. The dataset comprises 18 subjects, 9 of whom with equinus
and 9 with a typical development. Each subject has 20 pairs of dynamic and static MR

images.

HCP dataset In order to assess the paired 121 task, a series of experiments are con-
ducted on the HCP dataset. The HCP results from an effort to map the healthy human
connectome using neuroimaging and behavioral data. The collected data are freely dis-
tributed. Each subject is provided with two paired MRI scans: one T1 and one T2. We

use 400 subjects for training purposes, 4 for validation, and 45 for testing.

Implementation details For real data, the training set comprises eleven subjects, five

of whom exhibit equinus and six of whom are typically developing. The validation and test
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sets each include one subject, typically developing and with equinus, respectively. In the
case of simulated data, 16 subjects are used for training purposes, with an equal number
of subjects with equinus and those with typical development. One subject with typical
development is used for validation, and one subject with equinus is used for the test. In
the case of HCP data, the training set comprises 400 subjects, 4 additional subjects are

used for validation, and 45 subjects are used for testing.

As previously described in Section 3.2, the real dataset includes static and dynamic
MR images registered bone-to-bone, while the simulated dataset contains perfectly aligned
static and simulated dynamic MR images. As in the dynamic MRI simulation model
learning, and throughout all the experiments, we use 2D patches extracted from the MR
data. The patch size is set to 64x64. For both the real and simulated datasets, the
number of training patches is augmented to 98,000 and 96,000, respectively, through
data augmentation using TorchlIO [184]. Random transformations were applied to both
the real and simulated data, including flips along the lateral axis, a bias field with a
maximal magnitude of polynomial coefficient equal to 0.5, Gaussian noise with a standard
deviation of 0.1, and affine transformations including scaling (with an amplitude of 0.2)

and rotations (along the sagittal plane, with a 40° amplitude).

All models were implemented using PyTorch. Two classical architectures in paired
image synthesis are employed for high-resolution dynamic MRI synthesis: UNet [185] and
ResNet [186]. Three network sizes were evaluated for each architecture by adjusting the

layers of each network.

For training, we used the Adam optimizer with a learning rate of 1075, The batch size
is set to 32, the exponential decay rates are set to (1, 52) = (0.5,0.999), and the weight
decay is set to 0.0001.

Metrics Two distinct types of metrics are computed, contingent upon the dataset under
consideration. In the case of the real dataset, classic no-reference image quality assessment
metrics are employed, specifically, KID and FID (described in Section 2.4). For the
simulated and HCP datasets, considering that the data are perfectly aligned, we rely on
classical full-reference IQA metrics for the complete images: PSNR and SSIM. To provide
a comparison with no-reference image quality metrics, we also compute KID and FID

metrics on simulated data.
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Parameters | KID | FID |
8M 0.41  343.5
UNet 1M 0.37 3144
400K 0.45 362.4
SM 0.16  185.1
ResNet 3M 0.17 192.1
1M 0.15  177.6

Table 3.3 — Evaluation of the synthesis quality of high-resolution dynamic MR images on real data.
The evaluation is performed using two unpaired image metrics, KID and FID.

3.3.3 Results

Real data Figure 3.8 presents the qualitative results of the synthesis of high-resolution
dynamic MR images using partially paired data. It was observed that the ResNet ar-
chitecture did not result in any improvement in the quality of the simulated dynamic
MR image and produced results that were very similar to those of the source image. In
contrast, the UNet architecture yielded results that were highly blurred and unrealistic.
These results demonstrate that training on the paired portion of the image does not either
permit the synthesis of a realistic texture on the bone or the generalization to the foot.
Both methods were unable to synthesize realistic static-like MR images from a source
dynamic one. Furthermore, the size of the network does not appear to have a significant
impact on the results of the synthesis. Table 3.3 provides a quantitative evaluation of the
methods. As previously observed in Section 3.2.5, the metrics appear to be inconsistent
with the perceived quality of the images.

Let Y be the set of dynamic MRI data and X the set of static MRI data. The
synthesis of low-resolution static MRI is equivalent to a transformation from X to Y, and
the synthesis of high-resolution dynamic MRI is equivalent to a transformation from Y
to X. Table 3.4 provides a comparison of the quantitative evaluations of both syntheses
(X - Y and Y — X). The results demonstrate that both transformations exhibit
comparable performance in terms of their respective quantitative metrics, regardless of

the method employed.

Simulated data Figure 3.9 presents the results of the synthesis of high-resolution dy-
namic MR images using the simulated dataset. As observed in the above paragraph, the
ResNet architecture does not improve the quality of the input source image. In contrast,

the UNet architecture demonstrated a significant improvement in the overall aspect of the
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Figure 3.8 — Estimation of high-resolution MRI synthesis on real data using partially paired data. Two
distinct neural network architectures are used: ResNet [186] and UNet [185]. For each network, three
different sizes are studied. (a) Original dynamic MR image. (b) Corresponding registered static MR
image registered on the tibia. (c) ResNet - 1M parameters. (d) ResNet - 3M parameters. (e) ResNet -
8M parameters. (f) UNet - 400K parameters. (g) UNet - 1M parameters. (h) UNet - 8M parameters.
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X—=Y Y- X
Parameters | KID | FID | | KID | FID |
8M 0.3 283.9 | 0.41  343.5
UNet 1M 0.44 351.2 | 0.37 3144
400K 0.52 376.7 | 0.45 362.4
8M 0.16 175.6 | 0.16  185.1
ResNet 3M 0.17 1829 | 0.17 192.1
1M 0.15 174.0 | 0.15 177.6

Table 3.4 — Evaluation of the quality of synthesis of high-resolution dynamic MR images in comparison
to low-resolution static MR images on real data. "X — Y" and 'Y — X' refer to the synthesis of
low-resolution static MRI and high-resolution dynamic MRI, respectively. The evaluation is conducted
using two unpaired image metrics: KID and FID.

Architecture Parameters | PSNR T SSIM 1+ KID | FID |
8M 23.7 0.73 0.036  124.05
UNet 1M 25.16 0.77 0.05  145.68
400K 26.38 0.77 0.056  141.97
8M 25.2 0.74 0.07  160.1
ResNet 3M 25.3 0.73 0.058  148.7
1M 27.02 0.75 0.06 150.94

Table 3.5 — Evaluation of the synthesis quality of high-resolution dynamic MR images for different neural
networks using simulated paired data. The evaluation is performed using two paired image metrics, PSNR
and SSIM, and two unpaired image metrics, KID and FID.

source image. The synthesized texture appeared to be more realistic, and this method
effectively removed the noisy aspect of the source data. However, the resulting image, de-
spite the fully paired framework, did not achieve an anatomically accurate reconstruction
compared to the ground truth image. It also demonstrated major inconsistencies in the
fine structures, such as the bones and surrounding tissues textures. Table 3.5 presents
the quantitative evaluations for each method. Despite the differing characteristics of the
synthesized images, all the methods achieved comparable results for each metric, with the
exception of KID, where UNet architectures exhibited superior performance. Given that
KID is designed to reflect the shared visual similarities between images, we supposed that

this KID improvement reflects the texture improvement produced by the network.

As better results are obtained on the simulated dataset, we seek to determine whether
training in a fully-paired setup on simulated data can be generalized to real data. Figure
3.10 presents the results obtained by applying the network trained on the simulated data

to the real data. It can be observed that if the ResNet does not provide any improve-
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Figure 3.9 — Estimation of high-resolution MRI synthesis on simulated data using paired loss. Two
distinct neural network architectures are used: ResNet [186] and UNet [185]. For each network, three
different sizes are studied. (a) Simulated dynamic MR image. (b) Corresponding static MR image. (c)
ResNet - 1M parameters. (d) ResNet - 3M parameters. (e) ResNet - 8M parameters. (f) UNet - 400K
parameters. (g) UNet - 1M parameters. (h) UNet - 8M parameters.
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ment in the quality of the source image, the UNet architecture may partially reduce the
noise on the source image. However, the result remains substantially different from the
intended static MR image. Furthermore, the direct application of the network trained
on the simulated data on the real data does not yield comparable results between the
two datasets, suggesting that the simulation model does not faithfully represent the real
forward model.

As the handcrafted simulation model is not sufficiently realistic to permit a model
trained on this data to generalize to real data during the test phase, we intend to evaluate
the impact of transferring knowledge from a model trained on simulated data to a model
adapted to real data. The model that provides the most accurate estimation of the inverse
model on simulated data is then re-trained for an additional 50 epochs on real data. The
results are presented in Figure 3.11. Transfer learning from the model trained on simulated
data does not produce significantly more realistic results than when the model is trained

from scratch on real data.

HCP data Figure 3.12 depicts the qualitative results of cross-contrast synthesis of HCP
MR data. It can be observed that the performance of the architectures differs, with the
UNet architecture demonstrating the most accurate estimation of the transformation.
In contrast, the ResNet architecture yielded inaccurate synthesis of T2 MRI, leading
to inconsistencies in contrast. Table 3.6 corroborates the aforementioned observations.
These results demonstrate that in a paired setup, both architectures are able to estimate
a consistent transformation from T1 MR image to T2 MR image. This evidence suggests
that the inability of the networks to synthesize convincing high-resolution dynamic MR
data is not intrinsic to the network itself, but rather a consequence of the data. This
observation leads to the conclusion that the use of a paired setting for high-resolution

dynamic MRI synthesis may not be suitable for the data in question.

3.3.4 Discussion

Two distinct neural network architectures were employed in order to estimate the
inverse model and synthesize high-resolution dynamic MR images. The experiment was
conducted on three datasets: a real dataset with partially paired data, a simulated dataset
with fully paired data, and the HCP dataset.

Despite the promising results observed on the HCP dataset, neither the use of real data

nor simulated data allows for the realistic synthesis of high-resolution dynamic MRI. The
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Figure 3.10 — Generalization of the high-resolution dynamic MR images synthesis model learned on
simulated data to real data. Models trained on simulated data are directly applied to real data. (a)
Original dynamic MR image. (b) Corresponding registered static MR image registered on the tibia. (c)
ResNet - 1M parameters. (d) ResNet - 3M parameters. (e) ResNet - 8M parameters. (f) UNet - 400K
parameters. (g) UNet - 1M parameters. (h) UNet - 8M parameters.
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Figure 3.11 — Estimation of high-resolution MRI synthesis on real data using transfer learning. (a)
Original dynamic MR image. (b) Corresponding registered static MR image registered on the tibia. (c)
Model trained from scratch. (d) Model trained for 150 epoch on simulated data followed by 50 epochs
on real data.

Parameters | PSNR T SSIM 71
8M 19.65 0.23
UNet 1M 21.58 0.26
400K 21.51 0.26
8M 8.81 0.03
ResNet 3M 11.46 -0.008
1M 12.21 0.0004

Table 3.6 — Evaluation of the synthesis quality of T2 MRI from T1 MRI on the HCP dataset. The
evaluation is performed using two paired image metrics, PSNR and SSIM.

method employing the UNet architecture on the simulated dataset yielded more realistic
results; however, these results have been demonstrated to be non-transferable to the real

data. The size of the network did not significantly influence the synthesis performance.

3.4 Conclusions

This chapter explores the use of paired image synthesis methods for high-resolution
dynamic MR synthesis. The Equinus dataset is processed in order to register the static
and dynamic MR images of a subject in the bone region. The outcome of the bone-to-bone
rigid registration is a partially paired dataset of static and dynamic MR images.

In order to estimate the inverse model for high-resolution dynamic MRI synthesis, two

main approaches are explored. The first consists in attempting to estimate the inverse

121



Chapter 3 — Paired synthesis of high-resolution dynamic MRI

Figure 3.12 — Estimation of T2 MRI from T1 MRI on the HCP dataset. (a) Original T1 MR image.
(b) Corresponding T2 MR image. (c) ResNet - 1M parameters. (d) ResNet - 3M parameters. (e) ResNet
- 8M parameters. (f) UNet - 400K parameters. (g) UNet - 1M parameters. (h) UNet - 8M parameters.
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model directly from the partially registered data. The second aims at solving the inverse
problem by estimating the forward model to simulate dynamic data, which is theoretically
easier to estimate, in order to generate new fully-paired data and ease the estimation of
the inverse model.

Although the experiments conducted on the HCP dataset yielded realistic results,
neither the direct estimation of the inverse model nor the use of an estimation of the
forward model has produced a realistic synthesis of high-resolution dynamic MRI. This
may be attributed to the quality of the registration process. Indeed, due to the large
aspect difference between static and dynamic MR images, the registration process may
be complex and arduous, potentially leading to small registration errors. Such errors
may have a significant impact on the paired training. Furthermore, none of the learning-
based methods for simulating dynamic MR data have yielded realistic synthesis results.
Moreover, the handcrafted model appears to be insufficiently realistic to generalize the
estimation of the inverse model to real data.

Given that paired methods for estimating high-resolution dynamic MRI from low-
resolution dynamic MRI have been unsuccessful, the following chapter will explore the

use of unpaired I2I methods.
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CHAPTER 4

UNPAIRED SYNTHESIS OF
HIGH-RESOLUTION DYNAMIC MRI

This chapter proposes an investigation into the potential of un-
paired image-to-image translation methods for the synthesis of
high-resolution dynamic MRI sequences. A significant proportion
of these methods are based on disentangled representation learn-
ing. By relying on the factorization of an image into independent
variation factors, this approach offers greater control over the re-
sult of the synthesis than GAN-based ones. However, disentangling
latent representations is not a trivial task and may be influenced
by particular inductive biases. In this chapter, we first evaluate the
impact of several hyperparameters and the addition of latent space
constraints, and then study the impact of both the entanglement
module and the addition of a segmentation auxiliary task on the
result of the synthesis and the disentanglement of the representa-
tions. Our results demonstrate that the choice of the entanglement
module greatly influences the learning of a good representation, and
that the addition of a segmentation auxiliary task leads to better
synthesis performances. Additionally, this method yields realistic

synthesis of 4D+t dynamic MRI sequences. This
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4.1 Introduction

Unpaired image synthesis aims to link two distinct visual domains that do not have
corresponding images. As a reminder, an unpaired image-to-image translation task is
defined as an image-to-image translation task where there is no exact reference image
to which the translated image can be compared (see Figure 2.6). While paired image-
to-image translation tasks can rely on classical losses such as MSE or MAE, unpaired
settings take advantage of specific techniques such as cyclic consistency [46]. This section

provides an overview of two key frameworks in unpaired image-to-image synthesis.

4.1.1 Learning unpaired image-to-image translation

Image-to-image translation is generally defined as the process of mapping an image
from an original source image domain to another particular target image domain. Image
domains do not necessarily refer to visual domains in human perception. Instead, they can
refer to larger image-related domains. For instance, in medical imaging, the translation
between the k-space and an MR image can be considered an I2I task, since k-space data
corresponds to the MR images in the frequency domain.

Two major frameworks are used for unpaired I2I translation in medical imaging: cy-
cle GANs, and Disentangled Representation Learning (DRL) frameworks. More
recently, diffusion models have gained significant interest from the research community
due to their ability to generate highly realistic images. Diffusion models represent a class
of generative models wherein images are progressively corrupted with an increasing level
of noise, which the models then learn to reverse. This generative process is defined as the
reverse of a Markovian process, whereby white noise is progressively denoised to produce
an image. These models have already been applied in unpaired image synthesis in com-
puter vision [189], [190] and medical imaging [191], [192], [193]. Diffusion-based methods
are capable of achieving diverse and highly realistic image synthesis, and have been shown
to outperform GAN-based methods for certain tasks. However, the sampling process is
performed in a non-disentangled data domain, such as the image domain. These methods
are computationally expensive during training and inference steps. Cycle GANs refer to
GANSs that use cycle-consistency loss to achieve 121 translation, as previously described
in Section 2.3.3. The original CycleGAN paper was released in 2017 by Zhu et al. [46]
for unpaired image-to-image translation. Figure 4.1 provides an overview of the model.

Considering two domains X and Y, the authors propose to use two GANs to form a cycle:

126



4.1. Introduction

the generator of the first GAN aims at mapping images from X to Y, while the corre-
sponding discriminator aims at distinguishing the original image from domain Y from
those generated by the generator. The second GAN operates on the same principle for

the translation from domain Y to X.

Domain Y

Figure 4.1 — CycleGAN [46] overview. The CycleGAN framework employs two GANs working in a cycle
to achieve image-to-image translation between domains X and Y. The model consists of two mapping
functions Gx : Y — X and Gy : X — Y and the corresponding adversarial discriminators Dx and Dy .
Dx encourages Gx to map the elements of Y to elements that are indistinguishable from those of X and
vice versa for Dy. A cycle-consistency loss computes the difference between x and # (and respectively y
and §), expressing the intuitive property that the translation from one domain to another followed by the
inverse transformation should output the original input image. Images extracted from [46] and ImageNet
dataset [108].

127



Chapter 4 — Unpaired synthesis of high-resolution dynamic MRI

Cycle GANs are known for their ability to generate realistic and high-quality images
for various tasks. However, they are also known for producing structural inconsistencies
between the original image and the synthesized image [194]. Additionally, the structure of
Cycle GANs provides limited control over the synthesis results, which may lead to inaccu-
rate synthesis results. In medical image synthesis, it is critical to develop Al models that
are trustworthy and accurate in their predictions for diagnosis and follow-up processes.
The models should aim for anatomically accurate predictions and a more explainable

synthesis process.

4.1.2 Disentangled representation learning

Although deep learning models provide state-of-the-art performance in many image
synthesis tasks, their exact decision process is often intractable. Therefore, trustworthy
Al is gaining popularity, especially in the medical imaging synthesis community, where
transparency in the decision-making process is crucial. Disentangled representation learn-
ing is a step towards this objective by constructing a latent space representation that is
both human-interpretable and manageable.

In deep learning, representation learning is the process of learning a data represen-
tation to ease information extraction for downstream tasks [195]. As a result, finding a
'good" representation for a particular task is a critical issue in deep learning. Disentan-
gled representation learning aims to find the representation that captures the underlying
factors of variation in the data distribution. Ideally, each of these factors represents an
independent, semantically meaningful aspect of the data that is humanly understandable.
Such a representation then allows to generate an image with a control over each seman-
tic aspect. As an example, consider a set of images of human faces. Each face can be
described by a set of features such as eye color, face shape, eyeglasses, hair color, and
freckles. A disentangled representation that is aligned with these factors of variation may
provide a way to generate an entirely new face by adjusting each corresponding factor in
a generation process. Figure 4.2 provides some examples of disentangled factors.

Thanks to their flexible structure, disentangled representations are applicable across
various modalities and tasks [125]. In image processing, they are commonly used for
image generation [196] (registration [197][198], cross-modality synthesis [199][200], causal
synthesis [201], face generation [202], [203], colorization [204] or domain adaptation [205]),
image segmentation (single-modal [97], [206], [207] or multi-modal [208], [209]), image
classification [210], [211], [212], [213] or anomaly detection [214], [215], [216].

128



4.1. Introduction

Original Style Scale Rotation

Figure 4.2 — Examples of factors of variation in four different applications: cardiac and brain scans, cars
and 3D shapes. For each application, style, scale and rotation factors are considered. Image reproduced
from [121].

Definition A representation is typically considered 'disentangled’ if an alteration of a
single factor results in a specific change only along the corresponding mode of variation
within the data, without affecting the other characteristics [124]. However, this definition
is subjective and has been criticized for being ineffective in dealing with the large num-
ber of possibilities. As there is no clear consensus on the definition of disentanglement,
several approaches have been proposed in the last decade to formalize the concept [123],
[195], [217], [218], [219]. For instance, Do and Tran [217] proposed a definition based on

information theory that identifies three key properties of disentangled representations:

— Informativeness: The mutual information between a datum x and its corresponding
latent code z¢ should be large, since 2% is supposed to carry information about x

— Separability and independence: Given two latent codes 2 and 2/ extracted from z,
the multivariate mutual information between z, 2*, and 27 should ideally be zero,
meaning that 2* and 27 contain no redundant information about z.

— Interpretability: Given a ground truth ¢° corresponding to each 2*, the entropy
of 2, the entropy of ¢¢, and the mutual information between z* and ¢* should be

equal.
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This definition characterizes a perfect disentangled representation when ground truth
factors of variations of the data are known. However, in most practical applications,
these ground truth factors are not available to guide the disentanglement. Therefore,
achieving interpretability without explicit guidance for the latent codes encoding the
factors of variation is a major challenge.

Four main frameworks are used to learn disentangled representations: Variational
Autoencoders (VAE) [220], Normalizing Flows (NFs) [221], GANs, and more recently,
Content-Style disentanglement frameworks [95]. All of them are illustrated in Figure 4.3.
The review by Liu et al. [121] provide additional information on each framework for
disentangled representation learning. While VAE, NFs, and GANs encode the disentan-
gled factors in the different dimensions of their latent vector representation, content-style
disentanglement frameworks encode their disentangled factors in distinct latent variables.

This approach is further explained in the following paragraph.
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Figure 4.3 — Main frameworks in Disentangled Representations Learning. (a) VAE (b) GAN (c)
Normalizing Flows (d) Content-style disentanglement. X and X’ are respectively input and reconstructed
images. z and C are the latent representations while C' represent spatial tensor variable (e.g. image
content) and z represents a vector latent variable. The dashed line in (d) denotes the use of C for learning
a representation Y’ for a parallel equivariant task (e.g. semantic segmentation). Finally, A denotes the
normal distribution with zero mean and unit variance, whilst ¢(z) can be any prior distribution. Image
reproduced from [121].

Content-style disentanglement A well-known framework for learning disentangled
representations is content-style disentanglement. It has been widely used in medical imag-
ing and computer vision for domain adaptation [127], style transfer [95] and segmentation

[97]. This type of disentanglement encodes the factors of variation into distinct latent
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variables. In typical content-style disentanglement frameworks, the image is decomposed
into a domain-specific ’style’ and a domain-invariant ’content’. This framework is mostly
applied in image processing, where content and style are quite intuitive, but it has also
been applied in other modalities such as speech synthesis [222]. In I2I translation, the
content latent code is usually encoded into a tensor variable that can preserve the spa-
tial correlations within the data. Such decomposition allows for the reuse of the latent
variable in equivariant tasks.

Disentangling style and content is a non-trivial process without any ground truth for
the latent variable to be extracted, and especially in unpaired I2I. To ensure the correct
information is extracted, a set of constraints can be applied. A good disentanglement may
be favored by specific inductive biases, such as architectures, latent space manipulations,
or learning schemes. In practice, various aspects of the framework can be exploited to
improve disentanglement, such as the choice of entanglement module, the addition of
latent space constraints, specific learning schemes, and, in the case of unpaired image-
to-image translation, the use of an equivariant task as regularization. The following

paragraphs provide a detailed explanation of these methods.

Entanglement module The entanglement module serves the purpose of merging var-
ious latent representations within a generator to produce a new image. The effectiveness
of this merging, or entanglement, is critical in disentangled representations. The following
paragraphs use the terminology of style transfer. The term ’'content’ refers to domain-
invariant spatial information, while ’style’ refers to domain-specific information.

Many popular techniques for merging information in recent literature are based on
Conditional Normalization (CN). CN is a concept derived from normalization layers,
such as Batch Normalization [223|, where the affine parameters of the transformation
are learned from conditioning information. These methods are designed to modulate the
intermediate activations of the network in a domain-specific manner. The most popular
CN methods include Conditional Instance Normalization (CIN) [224], Feature-wise Linear
Modulation [225], and Adaptative Instance Normalization (AdaIN) [118]. Initially, the
FiLM layer is introduced as a conditioning layer for visual reasoning tasks and is proposed
as a generalization of CIN. The FiLM module applies a channel-wise affine transformation
to the intermediate activations of a neural network. Two multi-layer perceptrons (MLPs)
learn the parameters of this transformation from an arbitrary input condition. The appli-

cations of this technique range from medical image segmentation [97], soundscape editing
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[226], to vision language control for robotics [227]. The AdaIN module was originally de-
signed for arbitrary style transfer but has since been widely used in literature for various
conditional generation tasks, including text-to-image generation [228], motion synthesis
[229], colorization from audio [230], text-to-speech synthesis [231] and face generation
[202]. Similar to the FiLM layer, AdaIN acts as an affine transformation in the feature
spaces. However, unlike FiLM, the affine transformation parameters are not learned but
extracted from the input condition through the first and second-order statistics. The
transformation is achieved by adjusting the channel-wise mean and standard deviation of
the network’s intermediate activations based on those from the condition across spatial lo-
cations. Originally designed for arbitrary style transfer in real-time, this technique breaks
with the previously introduced approaches by using a non-learnable transformation that
dispenses with the iterative optimization process of the other modules.

Both FiLM and AdalN are commonly used in content-style disentanglement frame-
works. In these applications, the content is taken as input by the generator and the style
is used as conditional input. Although [232] used a concatenation between style and con-
tent, this technique may hinder the correct disentanglement between content and style
[121]. Besides these well-known entanglement modules, some methods have designed their
own module to fuse style and content such as [126]. To the best of our knowledge, no
studies have been conducted to measure the impact of the entanglement module on the

synthesized images in content-style disentanglement.

Promote and measure disentanglement Learning disentangled representations is
still a challenging task, especially in unpaired frameworks. A successful framework for
disentangled representation learning relies on the independence between the latent repre-
sentations. However, most common applications of such frameworks do not provide any
ground truth for the latent codes. One of the major challenges in these methods is to
promote the disentanglement, and thus the independence, between the latent represen-
tations of the variation factors without knowing the exact realizations of these factors.
Therefore, additional strategies are introduced to enforce the disentanglement of the latent
representations without explicit supervision of the latent variables.

Most of the time, unpaired 121 translation methods based on disentangled represen-
tation rely on a cycle consistency loss to guide the translation process. This objective,
introduced by Zhu et al. [46] constitutes the state-of-the-art in unpaired 121 translation.

This objective has proven to be efficient in guiding inter-domain translation, providing
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strong regularization, and stabilizing training [233]. However, cycle-consistency by itself
cannot guarantee correct disentanglement of latent representations. Recently, some ap-
proaches have introduced constraints in the latent spaces to further control the latent
representations themselves and their disentanglement, rather than working solely in the

image spaces.

These techniques fall into two main categories: those that manipulate the structure of
the latent space, and those that manipulate its content. Those working on the structure
of the latent representation typically aim to condition the distribution of data points in
the latent space. The most popular approach was initially introduced in the VAE archi-
tecture [220], where the latent space is constrained to fit a normal distribution with a
zero mean and unit variance. In generative models such as VAE, where new data samples
can be generated from a sample latent code, a structured latent space has a significant
advantage. Indeed, sampling a latent code of a VAE capable of generating realistic data
is much easier if the latent space follows a normal distribution, which is well known in
mathematics. Additionally, this type of modeling has been shown to encourage the unsu-
pervised disentanglement of the factors of variation. Recently, many works have proposed
the use of contrastive learning [199], [234], [235], [236]. Contrastive learning is a partic-
ular technique working on the latent representation of the data. The underlying idea is
to favor the proximity between similar data in latent spaces and to push away the data
which are different. This technique, particularly applied in self-supervised representa-
tion learning, is described in more detail further on in this chapter. These methods can
encourage disentanglement by promoting a human-interpretable structure and favoring
certain properties of the latent representations. The second category of methods focuses
on constraining the content of the latent representations. The challenge is how to fa-
vor certain semantic properties in the latent representations without knowledge of any
realization of the latent codes. As previously mentioned, the content representation in
content-style disentanglement is particularly suitable for equivariant tasks. In imaging
tasks, it mostly concerns semantic segmentation. Requiring the content to convey the
necessary anatomical properties for segmenting anatomical structures has been shown to
improve the learned representation, as demonstrated by Chartsias et al. [97]. On the
other hand, Lee et al. [126] introduce a content discriminator to encourage the content
representations to be indistinguishable between the two modalities. This type of prior

enforces domain-invariance, allowing the style to convey domain-specific information.

Although there is a growing number of approaches that focus on learning disentangled
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representations, the metrics for quantifying this disentanglement are still relatively scarce.
Most of the existing metrics are applicable either when the ground truths corresponding to
the variation factors are known, or when the disentanglement of the factors occurs within
a single latent vector variable (e.g., GAN or VAE) [203], [237], [238], [239], [240]. Content-
style disentanglement often presumes that the ground truths for the variation factors are
inaccessible. Additionally, the different representations are encoded as multiple latent
variables of various dimensionalities (style is often represented as a vector, while content
is often represented as a spatial tensor). In practice, only a few disentanglement metrics

are designed to overcome the need for ground truth.

4.1.3 Application of Unpaired Image Synthesis to high-resolution
dynamic MRI synthesis

This work aims to estimate the transformation for synthesizing a high-resolution dy-
namic MRI data from a low-resolution dynamic MRI data and a high-resolution static
MRI in an unpaired setting. The approach is based on DRIT++, an unpaired image
synthesis framework exploiting disentangled representation learning proposed by [126].
This chapter proposes an evaluation of this framework for high-resolution dynamic MRI
synthesis in an unpaired setting. The main contributions are divided into two categories.
The first focuses on the model structure and hyperparameters, while the second examines
ways to improve the disentanglement of latent representations. These contributions are
listed below:

— We conduct an evaluation of the influence of some architectural hyperparameters
on the synthesis result. Specifically, we examine the impact of model size and
discriminator architecture.

— We demonstrate the influence of the patch size on the synthesis accuracy.

— We evaluate the impact of the entanglement module on the learning of disentan-
gled representations. We investigate several popular modules in the literature and
examine their effects on the application case of unpaired image synthesis.

— We demonstrate the impact of incorporating an auxiliary segmentation task on the
synthesis result.

— A quantitative evaluation of the disentanglement is conducted, and a subsequent
analysis of the latent space is provided.

— We evaluate the impact of latent space constraints on the synthesis result.

134



4.2. Methods

— We apply the framework to dynamic MRI sequences, resulting in the synthesis of
high-resolution dynamic MRI 4D+t sequences.

This chapter describes the synthesis method and methodological contributions. Details

on the experimental context, including datasets used, metrics, and implementation details,

are then provided. The results are presented, followed by a discussion.

4.2 Methods

Given a set of dynamic low-resolution MRI data Y and a set of static high-resolution
MRI data X. The goal is to estimate the transformation that synthesizes a high-resolution
dynamic MRI data from a low-resolution dynamic MRI data, meaning to estimate the
transformation mapping an element y € Y into an element of X. We inspired from
DRIT++, an unpaired image synthesis framework based on disentangled representation
learning, proposed by [126].

Starting from this framework, we conduct an experiment to study the impact of several
hyperparameters on the synthesis result. We experimented with different architectural
hyperparameters, such as the size and architecture of the network. Then, we conduct a
series of experiments to study the impact of DRL framework components on the synthesis
accuracy. The study examines three main ideas: the impact of the entanglement module,
the contribution of segmentation as a task prior, and the impact of latent space constraints
on the synthesis result. The next section is organized as follows: first, we introduce the
disentanglement learning framework used in this work. Second, we describe the techniques

implemented to promote disentanglement.

4.2.1 Unpaired Image Synthesis

Consider a pair of MR images acquired from the same subject, denoted as x € X
and y € Y. This work aims to disentangle the content, referred to as "anatomy" in
medical imaging terminology, from its representation, which aligns with the concept of
"style" in broader literature. This representation, denoted as "modality," refers to the
MRI acquisition parameters specific to each image and embodies modality-specific at-
tributes. Typically represented as a vector, it does not encode spatial information but
rather the rendering of the anatomical structures. Conversely, the anatomy represents

the modality-invariant, spatial information within the image. Encoded as a tensor, this
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representation preserves the spatial correlations of the original images, making it suitable

for tasks requiring equivariance.

Domain X /(_
Domain Y

Figure 4.4 — Overview of the unpaired 121 synthesis process. Each image x € X and y € Y is factorized
into anatomy and modality latent codes by E* and E™. Generators G recombine the latent codes and
generate a new image according to the input latent codes. Once the cross-modality synthesis is complete,
the inverse operation is performed to recover the original images and ensure the cycle consistency.

For each image, dedicated modality-specific, fully-convolutional encoders extract two

latent codes representing the disentangled factors. We denote by E% and EY. the anatomy
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encoders and E and EY* the modality encoders. The anatomy encoders aims at mapping
images into a modality-invariant, shared latent space while the modality encoders aims
at mapping the images into modality specific, independent latent spaces. The extracted
latent codes are denoted 2™ for the modality latent code and z* for the anatomy latent

code. The disentanglement process is described as follows:

{ x = (22,2") = (BE%(z), ER(x)) (4.1)

y = (7, 7)) = (B9 (y), £ (y))

Since each pair (x,y) consists of images acquired from the same subject, they are
expected to share the same anatomical properties despite differing modalities. Disentan-
glement is enforced through a discriminator work in the anatomy latent space and shared
weights in the networks. This discriminator is denoted by D and aims to identify the
source modality of a given anatomy latent code. This setup encourages the anatomy
representation to be modality invariant. The corresponding adversarial loss is expressed

as follows:

adv

4 (B By D) = B[ logD(E4 () + los(1 — DB ()] +

E, [LlogD(E} (s)) + Slos(l ~ D (y)))] (4.2

Two generators, one for each modality, are conditioned on both anatomy and modality
latent codes to generate a new image. Gx stands for the generator in the X domain while
Gy stands for those in the Y domain. A cross-modality synthesis from a source modality
to a target modality is achieved by providing to a generator the anatomy latent code of
the source image and the modality latent code of the image from the target modality.
We denote zy and yx the synthesized cross-modality images. The generation process is

described by the following equation:

{ zy = Gy (2%, 2" (4.3)

Yx = GX(ZSJZZL)
To address the unpaired setting, the model is conditioned on both image and latent
spaces. Similar to the CycleGAN framework, we first introduce an adversarial loss to con-
strain the generated images’ data distribution to approximate that of the target modality’s

real images. Two discriminators, one for each modality and denoted by Dy and Dy are
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introduced to this end. The corresponding adversarial loss, including both discriminators

is expressed by Equation 4.4. Given 2’ and 3/, two "real" data from X and Y, respectively:

nav(Gx, Dx,Gy,Dy) = Epex[logDx(2')] + Epexyey[log(l — Dx(Gx (2 Zys Ry z))]
+Ey ey [logDy (y')] + Esexyey[log(l — Dy (Gy (27, Zy zy"))]

= Eyex[logDx(2")] + Epex yev[log(l — Dx(yx)]

+EyeylogDy (y')] + Evex yey [log(l — Dy (zy)]
(4.4)

Secondary, the framework leverages a cycle-consistency loss to stabilize the training, in-
troduce a regularization, and enforce content preservation through the domain translation.

Z and g (expressed by Equation 4.5) denote the images obtained after two inter-modality

translations:
Fo — G a m
f X(Z:Y,ZgLX) (45)
y - GY('ZyX?Z[L'y)
The cycle-consistency loss is then expressed by the following equation:
Leyae = ||z = 2|l + [ly — 91k (4.6)

In addition to the previously introduced objective functions, several others are used
in order to ease the training. A self-reconstruction loss compares the original image with

its reconstruction obtained by using latent codes from the original image:

Lot = ||z — Gx (25, 22| + |ly — Gy (2, 2,") | (4.7)

A latent regression loss enforces an invertible mapping between image and modality latent
spaces, forcing images to contain the information encoded in the modality representa-
tion [127]. Given 27§

regression loss is expressed by Equation 4.8:

a random modality latent code sampled from N(0, 1), the latent

n

n n

Liatent = iz rdn EX (GX(Z gn))‘ + :LZ

i=1 i=1

= B (Gy(28am))| (48)
The global cost function is written:

E )\adv adv + /\adv adv + )\latentﬁlatent + Aselfﬁself + )\cycleﬁcycle (49)
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a

where A\, .

Alivs Alatents Aself, ald Acyele are the dedicated weighting for each particular

objective function. An overview of the method is proposed on Figure 4.4.

4.2.2 Latent space constraints

When using disentangled representations in an unpaired framework, there is a need
to impose constraints on latent spaces without direct ground truth for the extracted
latent codes. In the original DRIT++ framework [126], a constraint on the content
space is introduced by the discriminator D. The discriminator encourages the projection
of content latent codes from both MRI sequences into a common space, making them
indistinguishable according to the discriminator. Both discriminators Dx and Dy, on the
other hand, operate in image space. The style space is only constrained by the function
Liatent, which enforces an invertible transformation between image and style space.

This study investigates the integration of two additional constraints on the latent
codes. The first constraint involves a contrastive cost function applied in the modality
space. The purpose of contrastive loss is to increase the similarity between an anchor (the
current sample) and similar samples (i.e., those from the same class, referred "positive"
examples) within a latent space, while simultaneously enforcing distance between the
anchor and samples from different classes (referred to as "'negative" samples). The purpose
of using a contrastive cost function in the modality space is to encourage the model to
learn representations in which similar modalities are clustered together while dissimilar
modalities are pushed apart. Since the modalities of each image are known, a supervised
function can be employed, as proposed by Khosla et al. [241]. By defining positive and
negative examples based on the classes of the modalities, the model learns to map each
modality to a distinct region in the latent space, thereby facilitating better control over

the generation process. The supervised contrastive loss is defined as follows:

1 exp(z - 2/ T)
Econtrast = 51 log L (410)
nE%N]] | n’ pEZPn ag;ln eXp(Zg”” . Zgn/’i')

Considering a set of N samples, let y, denote the associated class (dynamic or static)
with a given modality latent code 2", A, = {a € [1,N] | a # n} represent the set of
indices distinct from n, P, = {p € A, | y, = yn} the set of positive examples associated
with the anchor 2], and 7 € R a scalar temperature parameter. The (.) symbol denotes

the inner dot product.
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The second constraint involves a cyclic cost function applied in the latent space of
anatomy and modality. This cost encourages a one-to-one transformation between the

different modalities, similar to a cyclic cost in image space.

eyete = 1122 = 25, [+ {12y = 25, [h (4.11)
eyete = 122" = 2 M+ M1z = 270 L (4.12)

By incorporating these additional constraints on the latent vectors, we aim to enhance
the disentanglement of representations in the model. This will lead to more robust and

interpretable image generation and manipulation capabilities in unpaired settings.

4.2.3 Entanglement module

RNVXOXHXW and the modality latent code

Let consider the anatomy latent code 2 €
2™ € RV*" where N stands for the batch size, (C, H, W) refers to the spatial dimensions

of the anatomy latent code and h to the last dimension of the modality latent code.

FiLM The FiLM module [225] learns the mapping function from z™ to the affine pa-
rameters v and 5. Both mapping functions are modeled by a MLP. v and 3 are computed
channel-wise and across spatial locations and aim at modulating intermediate activations
of a neural network. The FiLM operator can be expressed by Equation 4.13 where (.)

stands for the element-wise multiplication and (+) for the element-wise addition:

FiLM(z;, ., 20%) = Vne(2™) -2 o+ Brc(2™) (4.13)

where n € [1, N], ¢ € [1,C] and v, 8 € RV:C,

AdaIN AdalN [118] was initially designed for arbitrary style transfer and also acts as
an affine transformation in the feature space. Unlike FiLM, the AdaIN module has no
learnable parameters and the parameters of the affine transformation are obtained from
2™ statistics. While both FiLM and AdaIN modules are used for information merging,
their approaches differ. The FiLM module directly applies an affine transformation to
the intermediate activations derived from z®. In contrast, the AdaIN module focuses on

aligning the channel-wise mean and standard deviation of each intermediate activation

140



4.2. Methods

sample with the corresponding values from z™:

Zﬁhc - ﬂn,C(za)

On.c(2?)

AdaIN(z¢, 2™) = Jw(zm)( ) (™) (4.14)

Conv The method used in the DRIT++ framework [126] relies on successive concate-
nations between z® and z™, followed by convolution operations to merge both data. K;
denotes the i x i convolution kernel and (&) the concatenation operator:

Conv(sz7 ZZZC) = F(IN(F (2 %) * K3), Z,TC) (4.15)
where F(f,z) = (a((f & 2) x K1) * K1), a is an activation function (e.g. ReLU) and IN is

the Instance Normalization function.

4.2.4 Supervised Segmentation

This section details the introduction of a segmentation module into the framework
described in Section 4.2.1. An overview of the proposed method is illustrated in Figure
4.5. As discussed in Section 4.1.2, auxiliary task such as segmentation provides a way to
enforce disentanglement of the latent representations by encouraging particular properties
in the content representation. The content representation in I2I translation is particularly
suitable for equivariant tasks such as segmentation [97]. To this end, we leverage the ankle
joint bones segmentation on the static MR images to introduce a supervised segmentation

task from the anatomy representation.

This segmentation net takes as input the anatomy representation of the static MR
image and outputs the corresponding segmentation of the ankle joint bones. Given seg-
mentation maps of static data, this task is performed in a supervised manner. The goal is
to constrain the anatomical information to be encoded into the anatomy representation
in order to perform the segmentation while the modality-specific information remains in
charge of the modality representation. As an objective function, we use a cross-entropy
loss between the estimation provided by the segmentation net and the ground truth. This
paired setting for the segmentation offers an additional constraint to guide the extraction

of the latent representation.
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Figure 4.5 — Overview of the segmentation process. Each image, x € X and y € Y, is factorized into
anatomy and modality latent codes by E* and E™. As the static MRI is the only modality for which
ground truth segmentation is provided, the segmentation training is conducted on this single modality.
The anatomy latent code, denoted by 2%, is fed to the UNet model, which outputs the corresponding
segmentation. The estimated segmentation is then compared to the ground truth through a cross-entropy

loss function.
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4.3 Experimental setup

This section provides a description of the experimental setup, including a reminder of
the data used in the experiments in Section 4.3.1, the metrics considered for the evaluation

the models (see Section 4.3.3), and the implementation details in Section 4.3.2.

4.3.1 Dataset

All the experiments are conducted on images from the Equinus dataset, described in
Section 1.4.

4.3.2 Implementation details

The training set includes eleven subjects, five with equinus and six typically developing.
The validation and test sets each include one subject, respectively typically developing
and with equinus. All MR images were resampled to an intermediate resolution of 0.41 x
0.41 x 8 mm. The resolution in the sagittal plane was chosen to be halfway between the
static and dynamic resolutions to limit information loss in static images and interpolation
artifacts in dynamic images. Finally, to limit the proportion of interpolated images in the
training set and given the significant differences in resolution between static and dynamic
images, the resolution in the frontal axis is kept the same as that of the dynamic images.
The static MR images are preprocessed to be roughly registered to the dynamic images.
This registration enables the use of image patches in the disentangled representation
learning framework in an unpaired setting without using too dissimilar image patches for
each modality. For example, a patch sampled from the foot in the dynamic image and a
patch sampled from the background in the static image should not be used in parallel. As
explained in Chapter 3, we employed 2D patches derived from MRI sequences for training.
The use of 3D patches entails a significant increase in computational times and a slowing
down of the training process. Moreover, the strong anisotropy observed in dynamic MR
images between the resolution in the sagittal plane and along the frontal axis represents
a significant limiting factor in terms of accuracy and robustness in volumetric image
processing. To increase the quantity of training data, data augmentation was performed
using the TorchlO library [184]. TorchlO is an open-source library designed for medical
imaging. It provides tools for loading, preprocessing, and augmenting data. It enables

the generation of MRI-specific artifacts, such as magnetic field inhomogeneity and motion
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artifacts, as well as typical computer vision augmentations. All selected transformations
can be applied with a specific probability and can be composed with others. Random
transformations were applied to the data, including flips along the lateral axis, a bias field
with a maximal magnitude of polynomial coefficient equal to 0.5, Gaussian noise with a
standard deviation of 0.1, and affine transformations including scaling (with an amplitude
of 0.2) and rotations (along the sagittal plane, with a 40° amplitude). The number of
extracted patches was set to 95,400.

The model has been implemented using PyTorch. The framework is inspired by that
of [126] but using lighter network architectures. Each encoder is fully-convolutional.
The anatomy encoders, denoted E?, consist of three convolutional layers followed by two
residual blocks. The modality encoders, denoted E™, consist of five convolutional layers
followed by an average pooling layer and a final convolutional layer. We set z™ € R® and
20 € R?0x32x32 - GQimilar to [202], each generator shares a common structure of a fully-
connected mapping network that takes modality latent code 2™ as input, followed by two
residual blocks and three fractionally-strided convolutions. Each residual block shares
the same fully-convolutional structure, except for the entanglement module. The content
discriminator D is fully-convolutional and comprises three convolutional layers. Both
modality-specific discriminators, Dy and Dy, are PatchGAN discriminators introduced in
CycleGAN [46], each set with three layers and Instance normalization. The segmentation
network is a UNet [185], followed by fractionally-strided convolutions, with approximately
26K parameters. This model is referred as mDRIT++ hereafter.

In Section 4.4.2 the patch size is set to 64 x 64, and a reduced DRIT++ architecture
is employed (referred as rDRIT++ hereafter). The model contains approximately 24
millions of trainable parameters. From Section 4.4.3 until the end of the chapter, the
patch size is set to 128 x 128, and the mDRIT++ model is used, comprising approximately

26 millions of trainable parameters, in comparison to the original model’s 87 millions.

For training, we use Adam optimizer, with a learning rate of 107°. The batch size is
set to 32, exponential decay rates to (51, 82) = (0.5,0.999) and weight decay to 0.0001.
For all experiments, we set Acyele = 10, Aatent = 10, Areg = 0.01, Aser = 10. For the
segmentation task, we set A\ = 10. If not specified, all remaining weights are set to
0. The source code for this project is available at https://github.com/cScavinner/

Unpaired_image_synthesis. As a baseline, we use the CycleGAN model [46].
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4.3.3 Metrics

A great part of the literature on image synthesis makes use of full-reference image
quality assessment metrics such as PSNR, MSE or SSIM. These metrics rely on a strong
physical foundation and have proven their efficiency and relevance. They are often low
in term of computational cost and easy to set up and use. However, these metrics are
not suitable for unpaired datasets since they compare a synthesized image with its corre-
sponding ground truth. To evaluate the synthesis accuracy, we use two classical metrics
in NR-IQA: FID and KID. Both are detailed in Section 2.4.2. We do not consider LPIPS
metric as it takes into account the diversity of the generated images [242]. We compute
the KID and the FID between the dynamic sequences of the test subject and the corre-
sponding roughly registered static images. Each 3D image is split into a set of 2D images
in the sagittal plane.

Despite the interest demonstrated in content-style disentanglement frameworks, very
few metrics are designed to evaluate such disentanglement. Liu et al. [243] focus on
quantifying the disentanglement in the case of style-content disentanglement. They pro-
pose using distance correlation [244] and a metric called "Information over Bias’ to mea-
sure correlation and informativeness. Distance correlation (DC) measures the degree of
dependence between two random variables of arbitrary dimensions, and unlike Pearson
correlation, DC is bounded in the interval [0,1]. A DC=0 indicates that the two random
variables are independent. In the case of disentangling style and content, let X and Y
be two matrices with N rows corresponding to N examples and an arbitrary number of
columns. X and Y can refer to style, content, or linked images. As variables correspond-
ing to content or images are spatial tensors, they are reformatted as vectors, resulting in

a 2D matrix. The distance correlation is written as follows:

dCov(X,Y)
dVar(X)dVar(Y)

DC(X,Y) = (4.16)

with dCov(X,Y) \/ >N ZN A”B” the distance covariance between X and Y and
dVar(X) = dCov(X, X) the dlstance variance. A and B are the respective distance
matrix of X and Y. The DC can be computed between the anatomy and the modality
latent codes. DC values closer to 0 indicate a higher disentanglement. The DC can
also be computed between those latent codes and the resulting image, indicating the
level of dependence between the image and its generating factor. However, such metric

alone cannot retrieve the disentanglement ability of a system. As indicated in [243],
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DC(X,Y) = 0 may indicate either X and Y encode unrelated information, or one of those
encodes all the information and the other encodes noise, indicating full entanglement and
posterior collapse. To this end, the authors introduced the Information over Bias (IoB)
metric, which aims to measure the informativeness of generating factors relative to the
corresponding image. IoB aims at comparing a reconstruction accuracy of particular
images from uninformative representation and the estimated representation done by the
disentangle representation learning model. Given z an estimated representation, 1 an
uniformative constant tensor, and Gy, a neural network defined by its parameters 6,
aiming to reconstruct images I given a representation, IoB is defined as the expectation
over the test images of the ratio between MSE obtained after the training of Gy, on the

uninformative representation and the informative one:

[oB(7, z) = E;

MSE(T;, Gy, (1)) } (4.17)

MSE(1;, G, (=)

When learning from the uninformative representation 1, Gy, only learns the dataset bias
which can be modeled by 6,,, so, higher values of IoB can be associated with a higher
amount of information encoded into the representation z. An IoB value of 1 means that

no information about images I are encoded into the representation z.

4.4 Results

4.4.1 DRIT++ architecture

This section presents a comparative analysis of the various architectural modifications
proposed for the original DRIT++ architecture, proposed in [126]. The objective is to
both reduce the model size in order to save computational time on training and improve
the synthesis performance through architectural adaptations. The original model is in-
crementally modified. Initially, the overall size of the model is reduced by decreasing the
number of layers in each network. This model is designated as rDRIT++4-. Subsequently,
the PatchGAN discriminator [56], also used in the CycleGAN model [46], [92], is incorpo-
rated instead of each modality encoder. This architecture is the one previously introduced
as mDRIT++. Finally, the effect of patch size on the synthesis result is evaluated. Qual-
itative results are shown in Table 4.1. The efficacy of the methods is evaluated using

the KID and FID metrics. Figure 4.6 provides a visual evaluation of the results of the
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different methods, compared to the original static and dynamic images.

The quantitative evaluation shows that the model configuration with the PatchGAN
discriminator and the larger patch size demonstrates the best performance according
to both FID and KID. These results are corroborated by Figure 4.6. Each successive
modification resulted in an improvement in the quality of the original synthesis, while
maintaining a much smaller number of parameters. Both quantitative and qualitative
analysis demonstrated a significant improvement in the quality of the synthesis with the
introduction of the PatchGAN discriminator and the larger patch size. The quantitative
evaluation indicated a greater improvement in the quality of the synthesis from the original

model to the reduced one.

Figure 4.6 — High resolution dynamic MRI synthesis with different variants of the DRIT++ framework.
(a) Original dynamic MR image. (b) Static MR image from the same subject. (c) Synthesis using
the original DRIT++ architecture. (d) Reduced architecture (rfDRIT++). (e) Reduced architecture
combined with a PatchGAN discriminator [56] (mDRIT++). (f) Reduced architecture with PatchGAN
discriminator (mDRIT++) and a patch size of 128x128 instead of 64x64. The best results are obtained
using the latter configuration.
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Architecture Number of parameters Discriminator Patch size | FID | KID |
Original 90M original 64 380.99  0.54
Reduced 24M original 64 275.56  0.33
Reduced 26M PatchGAN 64 220.05  0.22
Reduced 26M PatchGAN 128 164.13 0.12

Table 4.1 — Evaluation of the synthesis quality between different network architectures of the DRIT++
framework. Four settings were compared: the original network architecture presented in [126], a
lightweight version of the same architecture, the lightweight version using a PatchGAN discriminator
architecture proposed by [56] for Dx and Dy, and a larger patch size.

4.4.2 Latent space constraints

Each method is trained on the unpaired Equinus dataset. The disentangled represen-
tation learning framework is compared with CycleGAN [46] whose network architecture
includes around 28 million parameters. For a fair comparison, and in particular to avoid
a bias in the results related to the number of network parameters, we compared it to the
reduced version of the DRIT++ framework (rDRIT++), with a similar number of pa-
rameters to CycleGAN (about 24 million parameters instead of 87 million for the original
DRIT++ code). In this implementation, the AdaIN module [118], is employed as the
entanglement module within the generator architecture.

Quantitative results are shown in Table 4.2. According to the two quantitative met-
rics KID and FID, CycleGAN provides the best results, followed by the rDRIT++ with
the cyclic constraint on the anatomy latent code. The other two constraints (contrastive
loss and cyclic constraint on the modality latent code) do not provide any improvements.
Visual evaluation is provided by Figure 4.7 showing the result of the cross-modality syn-
thesis for CycleGAN and rDRIT++. Overall, as shown also in [189], we can see that
rDRIT++ is not able to reproduce a realistic image (i.e. with a texture similar to the
high-resolution data) compared to CycleGAN. However, the images produced by Cycle-
GAN can demonstrate some structural inconsistencies, such as modifications to the bone

structure, which may result in anatomically incorrect images.

4.4.3 Entanglement module

The disentangled representation learning framework and its variations are compared
to CycleGAN. Figure 4.8 shows the results of using the three entanglement modules
with and without the segmentation module for high-resolution dynamic MRI synthesis.

Table 4.3 provides a quantitative evaluation of the synthesis in terms of KID and FID.
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’CZL/cle 'ngcle 'Ccontrast KID \l/ FID \L

X X X 0.1818  209.64

4 X X 0.2317  234.48

rDRIT++ X v X 0.1667 198.35
4 v X 0.2042  219.00

4 4 v 0.4248  309.46

CycleGAN 0.1035 154.81

Table 4.2 — Quantitative evaluation using KID and FID. Best performance is indicated in bold, and
second best performance in italic.

(a) (d)

Figure 4.7 — High-resolution dynamic sequence synthesis results using CycleGAN and rDRIT++. For
each sub-figure, the second row shows a zoom of the highlighted part of the image above. (a) Dynamic
image. (b) Static image. (c¢) Estimation with CycleGAN. (d) Estimation with rDRIT++.
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The Dice Similarity Coefficient (DSC) is included for the methods that incorporate the
segmentation module.

DRL methods that use segmentation as a task prior demonstrate better performance
than those without segmentation in terms of both KID and FID. The use of segmentation
as a task prior globally improved the synthesis performance for each entanglement module.
The best results were obtained using the AdalN entanglement module in combination
with the segmentation task. The FiLM entanglement module demonstrated the poorer
synthesis performance. Figure 4.8 provides a visual assessment of the synthesis quality.
The source dynamic and static images are provided as a reference. It can be observed
that the combination of the AdaIN module with the segmentation network provides the
best trade-off between image quality and anatomical accuracy. Although the DRIT++
entanglement module seems to provide clean images with and without segmentation, it
appears to be more prone to artifacts and produces less regular edges. The AdaIN module
without segmentation produces a realistic synthesis of textures but generates inconsistent
edges and lacks realistic bone and cartilage shapes.

Figure 4.9 shows the results obtained for low-resolution static image synthesis. The
majority of the methods employed in this study were found to generate images that were
visually realistic. The only method that fails to generate a realistic texture is the one that
employs the Conv module and the segmentation task. Table 4.4 provides a quantitative
assessment of each methodology. As illustrated in Figure 4.9, the method combining the
Conv module and the segmentation task exhibits the poorest performance in terms of
KID and FID. In contrast to high-resolution dynamic image synthesis, the addition of the
segmentation module has a detrimental effect on the performance of low-resolution static
image synthesis on average. The best performance is obtained using the AdaIN module
without the segmentation task, followed by the method combining the FiLM module and

the segmentation task.

Sequence reconstruction Figures 4.10, 4.11, and 4.12 show the synthesis results for
the DRL method for each entanglement module, respectively with and without segmen-
tation as an auxiliary task, and the synthesis results for CycleGAN, compared to the
method offering the best synthesis performance among the disentangled representation
methods. As illustrated in Figure 4.8, the methods incorporating the AdaIN module
appear to provide the best performance on temporal sequence. In contrast, the FiLM

entanglement module shows the worst performance, with images exhibiting both artifacts
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Figure 4.8 — High-resolution dynamic sequence synthesis results using CycleGAN and mDRIT++. (a)
Dynamic image (b) Static image (c¢) Estimation with CycleGAN (d) Estimation with mDRIT++ - Conv
(e) Estimation with mDRIT++ - AdalIN (f) Estimation with mDRIT++ - FiLM (g) Estimation with
mDRIT++ - Conv with segmentation as an auxiliary task (h) Estimation with mDRIT++ - AdaIN with
segmentation (i) Estimation with mDRIT++ - FiLM with segmentation.
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Figure 4.9 — Low-resolution static image synthesis results using CycleGAN and mDRIT++. (a) Dy-
namic image (b) Static image (c) Estimation with CycleGAN (d) Estimation with mDRIT++ - Conv
(e) Estimation with mDRIT++ - AdalN (f) Estimation with mDRIT++ - FiLM (g) Estimation with
mDRITH+ - Conv with segmentation as an auxiliary task (h) Estimation with mDRIT++ - AdaIN with
segmentation (i) Estimation with mDRIT++ - FiLM with segmentation.
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Lsey Entanglement | FID | KID | DSC 1
Conv 164.13 0.12 /
DRL X AdalN 1955  0.17 /
FiLM 367.5 044 /
Conv 162.54  0.12  0.959 £+ 0.003
v AdaIN 134.8 0.076 0.959 + 0.004
FiLM 201.4  0.15 0.963 £+ 0.004
CycleGAN 154.81  0.10 /

Table 4.3 — Evaluation of the synthesis quality of high-resolution dynamic images for different entan-
glement modules, with and without segmentation, compared to CycleGAN. The evaluation is performed
using two unpaired image metrics, KID and FID, and a DSC computed on synthesized image segmenta-
tions. The best performance is indicated in bold.

Lsey Entanglement | FID | KID |

Conv 105.43  0.05

DRL X AdalIN 93.28 0.04
FiLM 101.67  0.05

Conv 289.59  0.29

DRL v AdalN 119.06  0.07
FiLM 94.88  0.044

CycleGAN 107.47  0.063

Table 4.4 — Evaluation of the synthesis quality of low-resolution static images different entanglement
modules, with and without segmentation, compared to CycleGAN. The evaluation is performed using
two unpaired image metrics, KID and FID. The best performance is indicated in bold.

and poor reconstruction of details. The Conv module still demonstrates its ability to
synthesize textures realistically, but seems prone to artifacts. Figure 4.10 illustrates the
presence of variable artifacts along the temporal sequence in the sequence reconstructed
using the Conv module. In contrast, the method using the AdaIN module produces the
most regular and realistic results throughout the sequence. Furthermore, unlike Conv,
AdalN does not amplify artifacts naturally found in the source images (see the fifth image
in the sequence). CycleGAN provides a realistic texture synthesis but amplifies existing

artifacts.
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Anatomy conservation To demonstrate the framework’s stability with respect to
anatomy preservation, we synthesize three high-resolution dynamic images from a single
dynamic source image and three different static images. The images are generated us-
ing the DRL method, which provides the optimal synthesis results, combining the AdalN
module and the segmentation task. Each synthesized image is generated from the anatomy
representation of the dynamic image and the modality representation of the corresponding
static image. Figure 4.13 illustrates the results obtained for each combination. Despite
the differences between each of the static images, due to in-plane and out-of-plane rota-
tions and translations, each of the synthesized images preserves the anatomical structure
of the dynamic image and achieves similar textures. We observe that the mean image,
derived from the three synthesized images, exhibits no blurring, indicating a high degree
of similarity between each synthesized image. Using the first synthesized image as a ref-
erence, it is possible to evaluate the differences between the different images generated.
Therefore, the average PSNR between each image is 32, and the average SSIM is 0.99.
These observations indicate that the level of disentanglement between the representations
learned by the model is sufficient for a perturbation in the anatomical representation of

the static image to have no perceptible repercussions on the synthesized image.

4.4.4 Segmentation

This section presents the segmentation results obtained with each entanglement mod-
ule. The segmentation accuracy is evaluated using the DSC. The quantitative results for
the segmentation task are presented in Table 4.3. Despite the disparity in terms of syn-
thesis quality, all the methods demonstrate similar segmentation performances, as shown
by the DSC. The segmentation results are presented in Figure 4.14. The estimated seg-
mentations are displayed as overlays on the source static MRI in the first row. The ground
truth is indicated as a reference on the left. The second row shows the absolute difference
between the ground truth and the estimated segmentations. It could be observed that the
segmentation is globally similar across the different entanglement modules. The absolute
error was found to be evenly distributed along bone contours, regardless of whether the

bone edges were smooth or sharp.
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Figure 4.13 — Anatomy preservation in the DRL framework in an unpaired setting. A comparison is
made between high-resolution dynamic images synthesized from one dynamic image and three different
static images. All source images are from the same subject, and all the static images are identical,
except for an affine transformation. (a) Dynamic source image, (b) Synthesized image from the dynamic
and static S1 source images, (c) Synthesized image from the dynamic and static S2 source images, (d)
Synthesized image from the dynamic and static S3 source images, (e) Mean image between the three
synthesized dynamic images (f) Static source image S1, (g) Static source image S2, (h) Static source
image S3.
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Figure 4.14 — Segmentation results on real data using mDRIT++. Each segmentation is displayed
as overlay on the corresponding static image. (a) Ground truth segmentation (b) Estimation with
mDRIT++ - Conv (c) Estimation with mDRIT++ - AdaIN (d) Estimation with mDRIT++ - FiLM
(e) (f) and (g) correspond to the difference between the ground truth and the above result.
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4.4.5 Uncertainty

Data augmentation is commonly used during the training process, though it can also be
used during the test time. The purpose is to generate multiple variations of a single image
and then combine the predictions made by the model after reversing the transformation.
Typically used as a way to improve the prediction of neural networks during training,
especially in segmentation tasks, it also provides a measure of the uncertainty of the
model with respect to particular transformations. In this case, we use it to evaluate the
uncertainty of the high-resolution dynamic image synthesis process.

The transformations are randomly sampled from a set of rotations and scaling trans-
formations. The amplitude of scaling is set to 0.2, and the rotation amplitude is set to
40° on the sagittal plane. A total of ten images are used, including the original images
and nine randomly transformed images. High-resolution synthesis is performed for all ten
images, and the inverse transformation is then applied to restore the original configura-
tion. Statistics are then computed based on the ten resulting images, with a focus on the
mean and standard deviation images.

Figure 4.15 illustrates the results for each method. The first and second rows of this
figure correspond to the mean image and standard deviation image, respectively. Each
mean image and standard deviation image shares the same contrast dynamic. A blurred
mean image indicates greater variability in the image synthesis, whereas a sharper one
indicates greater stability of the reconstructions. The standard deviation image reflects
the amount of variability present in a given pixel. First, we observe that all the mean
images from the mDRIT+4 methods seem to exhibit greater blurring than the CycleGAN
one. However, while the mean image from the CycleGAN appears sharper than the
others, the texture of the bones is quite homogeneous, and the standard deviation within
that area is considerably greater than in the other methods. The standard deviation
image of the CycleGAN methods demonstrates a global variability in the image, while the
other methods show high standard deviation values concentrated around the bones’ edges.
Secondly, it can be observed that the texture of the bone is rendered more accurately by
the mean images generated by the AdaIN methods (with and whithout segmentation) than
by those produced by the other methods. This is particularly visible on the calcaneus. The
enhanced detail observed in the mean images produced by the AdaIN methods suggests
that these methods yield more robust results than the other methods. Additionally, we
observe that the mean image of each method using the segmentation as an auxiliary task

demonstrates significantly richer textures in terms of details, and a reduced variability,
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according to the standard deviation images. These observations suggest that the addition
of the segmentation reduces the variability among the synthesized images, producing a
more robust model. The standard deviation images demonstrate the presence of artifacts,
which are predominantly observed in the images generated by the methods that employ
the Conv and FiLM modules.

Figure 4.15 — Results of the test-time augmentation for n=10. The first row corre-
sponds to the mean images and the second corresponds to the standard deviation im-
age. (a)(h) mDRIT++ - Conv. (b)(i) mDRIT++ - AdaIN. (c¢)(j) mDRIT++ - FiLM.
(d)(k) mDRIT++ - Conv with segmentation. (e)(l) mDRIT++ - AdaIN with seg. (f)(m)
mDRIT++ - FiLM with seg. (g)(n) CycleGAN.

4.4.6 Evaluation of the disentanglement

Measuring the disentanglement This part provides an approach to evaluate the
disentanglement of the anatomy and modality latent representations for each of the dis-
entangled representation learning scenarios previously introduced. The evaluation uses
the DC and IoB metrics introduced in Section 4.3.3 and the quantitative results are pro-
vided in tables 4.5 and 4.6. The disentanglement of the latent representations and their
correlation with the source images were evaluated using both DC. DC was calculated
between the two latent representations and between each representation and the corre-
sponding source image. IoB was computed between each representation and the source
image to evaluate their level of informativeness regarding the source image. The results
for a dynamic image are presented in Table 4.5, and for a static image in Table 4.6.

The method using the AdalN entanglement module consistently exhibits a higher

correlation between the source image and the extracted anatomy representation for both
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static and dynamic images. The DC between the image and the modality representation is
globally even across all variations of the DRL framework and for both dynamic and static
images. The segmentation module enhances the decorrelation between the representations
of anatomy and modality for both static and dynamic images, suggesting a better dis-
entanglement. The DC between the two representations is lower in static images, while
both representations are more informative, indicating a greater amount of information

carried by the latent representations of the static images and a better disentanglement.

without segmentation segmentation
Conv AdaIN FiLM Conv AdaIN FiLM
DC(z%,2™) | | 0.56 + 0.03 0.57 £ 0.03 0.56 + 0.02 | 0.52 + 0.03 0.56 £ 0.03  0.57 £ 0.02
DC(z2,x) 1 0.77 £0.02 0.85 +£0.03 0.81+£0.03 | 0.76 = 0.02 0.83 £0.02 0.8 £ 0.03
DC(z z)1 | 0.90 +£ 0.01 089 +£0.01 0.89+0.01 | 0.890+0.01 0.89+0.01 0.89 + 0.02
ToB(z%,x) 1 1.33 £0.03 133 £0.02 1.33 £ 0.02 1.32 £0.03 1.33+£0.03 1.34 £ 0.03
IoB(z™,2) 1 | 1.08 £ 0.06 1.06 +0.02 1.03£0.05 | 1.05 £0.02 1.06 + 0.03 1.1 +0.02

Table 4.5 — Evaluation of the disentanglement on a dynamic image. We use Distance Correlation (DC)
and Information over Bias introduced in [243]. The best performance is indicated in bold.

wo segmentation segmentation
Conv AdalIN FiLM Conv AdaIN FiLM
DC(z;, z;") J 1048 £0.03 0.584+0.04 0.54+0.01 | 0.47 &+ 0.03 0.54 +0.04 0.56 + 0.04
DC(z;,y T 0.71 +£0.04 0.83 £0.05 0.78+£0.04 | 0.71 £0.04 0.8 £ 0.05 0.78 £0.05
DC(z;”,y) 7 1091 +£0.03 0.9 %+ 0.03 0.77 £ 0.06 | 0.89 £0.03 09 %+ 0.03 0.92 £+ 0.03
IoB(z;7y) T 1.36 £ 0.04 1.37 £0.07 1.35+0.05 | 1.35 +0.04 1.34 +£0.06 1.35 £ 0.05
IoB(z;”,y) T ] 1.124+0.05 1.13 £0.05 1.13 £0.04 | 1.12 + 0.04 1.08 £ 0.03 1.09 £ 0.04

Table 4.6 — Evaluation of the disentanglement on a static image. We use Distance Correlation (DC)
and Information over Bias introduced in [243]. The best performance is indicated in bold.

Latent space interpretation In order to gain a deeper understanding of the impact of
architectural features on the latent representations, it would be beneficial to observe the
latent representations themselves. The latent spaces are of high dimensions, with 8 and
262144, respectively, and thus cannot be visualized in their original form. The Uniform
Manifold Approximation and Projection (UMAP) library [245] is a dimension reduction
technique (linear and non-linear) based on Riemannian geometry and algebraic topology.
The UMAP algorithm is based on the manipulation of weighted graphs, placing it within
the class of k-neighbor based graph learning algorithms. The UMAP algorithm initially
generates a high-dimensional graph representation of the data, and then optimizes a low-

dimensional graph to maximize its structural similarity with the high-dimensional graph.
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This algorithm is applied to both modality and anatomy representations, resulting in a
mapping of both in a two-dimensional space. Each data point corresponds to a particular
patch of the source image.

Figures 4.16 and 4.17 provide visualizations of the latent representations generated by
UMAP. The latent representations for both real and fake images for each MR sequence
are displayed for each DRL method. The color map is adapted according to the latent
representation under consideration, with the objective of highlighting representations that
are presumed to be similar. For the anatomy representation, the data points corresponding
to the dynamic MR images y are represented in blue, and similarly for those corresponding
to the fake static MR image yx. It is assumed that both images share a common anatomy
representation. Similarly, the static and fake dynamic images x and xy are displayed in red
and pink, respectively. Equations 4.18 and 4.19 serve as a reminder of the disentanglement
and generation processes. Equation 4.18 describes the disentanglement of the source
image, while Equation 4.19 describes te generation process of the fake images, translated

in the other modality.

{ v = (=2 (4.18)

y=(z,2,")
y =Gy (s, 2) (4.19)
Yx = GX(ZZ’ZZL)

In order to quantitatively characterize the differences and similarities between the
anatomy and modality representations, and in complement to Figures 4.16 and 4.17, we
compute the MSE between corresponding latent representations. This study is conducted
for both anatomy and modality latent representations. Table 4.7 displays the results ob-
tained for each latent representation. For each representation, three different parameters
are compared. First, for each patch, the distance between the representation (anatomy
or modality) of the patch in the static image and the same patch in the dynamic image
is evaluated. It should be noted that since the images from a single subject are partially
registered, a similar anatomical content may be found on corresponding latent patches at
the same location on the static and dynamic MR images. However, since the registration
is relatively coarse, it is not possible to assume that the anatomical content between cor-
responding static and dynamic images patches is identical for all images. Consequently,
the comparison between static and dynamic patches is inherently unfair. The other two

comparisons are made between the representation of source image patches and the corre-
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sponding representation in fake images, which are assumed to be similar. The objective is
to assess how well the fake images preserve the representations they are constructed from.
In the case of anatomy representation, we compare the anatomy representation between
x and xy, and between y and yx. It is assumed that these two sets of images share a
common anatomy representation (see Equations 4.18 and 4.19). In the case of modality
representation, the comparison is conducted between the modality representation of z
and yx, and between y and zy. All the MSE calculations are performed on the low-
dimensional latent space in order to preserve maximal coherence between the measures

and the corresponding figures.

Figure 4.16 illustrates the anatomy representations for each DRL method. For each
method, the low-dimensional graph is constructed based on anatomical representations of

a ZCL

both real and fake images for each modality: 27, zy, 25

and zy . Optimizing the low-
dimensional graph using all these data enables the comparison of all these representations
according to a common reference frame. In accordance with the model definition, the two
anatomy representations derived from the source image x (resp. y) and the corresponding
image translated in the other modality zy (resp. yx) are expected to be similar, since
both images share a common anatomical content. Moreover, the source images x and y
are expected to share similar anatomy representations, given that both images belong to

the same subject.

The method using the FiLM module without the segmentation task demonstrates a
significant discrepancy between the anatomy representations of dynamic and fake static
images, in contrast with the other methods. As illustrated in Figure 4.8, the fake static
image corresponding to this method exhibits the worst results among all the methods, and
fails to achieve a realistic synthesis of textures. In a reduced way, the difference between
zy and 23 can also be observed for the method that includes both the FiLM module and
the segmentation task. This method also demonstrates lower synthesis performance com-
pared to the other methods (see Table 4.3 for the quantitative evaluation of each method).
The other methods, however, exhibiting higher synthesis performances, all demonstrate
a visually higher proximity between the anatomy representations of the source images
and the corresponding synthesized images. These observations are corroborated by Table
4.7. These results suggest that a higher similarity between latent anatomy representa-
tions of real images and corresponding fake images leads to better synthesis performance.
These results are consistent with those presented in Section 4.4.2, where the addition of

a cycle-consistency constraint on the anatomy latent space was shown to improve the
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synthesis performance of the model. We observe that the anatomy representations of
the methods using the segmentation module are characterized by a higher overlap than
those which are not using the segmentation module. This observation suggests that the
segmentation module promotes a common representation of the anatomy between the
dynamic and static MRI sequences. A quantitative evaluation of the similarity between
corresponding anatomy representations is provided by Table 4.7. Although the full point
cloud analysis is more relevant for the comparison between the anatomy representations
of static and dynamic images due to the coarse registration between image pairs, we also
observe in Table 4.7 that the average error is relatively low in comparison to the extent
of the point cloud. This tendency is further accentuated when the segmentation task is
added. These results demonstrate that static and dynamic images from the same subject
share similar anatomical representations. The AdalN module, when combined with the
segmentation module, exhibits the lowest error between the anatomical representations
of the source images and those of the corresponding synthesized images, for both types
of MRI sequences. As previously stated, the FiLM module, in the absence of the seg-
mentation module (and to a lesser extent, with the segmentation module), exhibits the
greatest discrepancy between the anatomical representation of the source image and that
of the corresponding synthesized image, particularly between dynamic and fake static
images. These observations demonstrate a failure to preserve, in the synthesized image,
the anatomy representation from which it was constructed. These errors are also present,
to a lesser extent, for the Conv module with segmentation and AdaIN module without
segmentation task, between the anatomical representations of static images and those of
fake dynamic images. The larger distance between the anatomy representations of the
static and dynamic images compared to the other measurements is due to the unpaired

patches.

Figure 4.17 illustrates the modality representations for each DRL method. As for the
anatomy representation, the low-dimensional graph is optimized from modality represen-

tations of both real and fake images of both types of MR sequences: z7", 27", 2,7

and 2, .
According to the model definition, it is expected that the modality representations of x
and y (resp. xy and yx) will be separable from each other. Moreover, it is expected that
zy and 2} (resp. z," and 27" ) will be similar, as each pair is supposed to share a common
modality representation. The color map of the figure has been adapted to reflect these
similarities. Consequently, the modality representations of  and yx are represented in

red and pink, while those of y and zy are displayed in blue.
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Figure 4.16 — Two-dimensional UMAP visualization of the anatomy latent codes for each DRL method.
For each method, the latent representations for both real and fake images are examined. (a) Conv module
without segmentation, (b) Conv module with segmentation task, (¢) AdaIN module without segmentation,
(d) AdaIN module with segmentation task, (e) FiLM module without segmentation, and (f) FiLM module
with segmentation task.
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4.4. Results

As anticipated, the modality representations corresponding to the two types of MRI se-
quences constitute two distinct and linearly separable clusters for all methods. As with the
anatomy representation, the method combining the FiLM module with the segmentation
task, which produced the poorest synthesis performance compared with the other methods
studied, fails to reconstruct the modality representation of the source image in the fake
images. This reconstruction error can be observed for both types of MRI sequences, in
contrast to its anatomical representations, where the phenomenon was circumscribed to a
single source modality. In general, and for all methods, the reconstruction of modality rep-
resentation in fake images compared to real images is less efficient than that observed for
anatomical representation. These observations are corroborated by Table 4.7. For meth-
ods employing the Conv and AdalIN modules, this trend is further accentuated with the
incorporation of the segmentation module, which yields a higher modality representation
reconstruction error than methods devoid of a segmentation module. However, Table 4.7
shows that the segmentation module significantly increases, for methods using the FiLM
and AdaIN modules, and moderately, for the method using the Conv module, the dis-
crepancy between modality representations of images from static and dynamic sequences.
Finally, Figure 4.17 shows that modality representations are inhomogeneous clusters for
all methods. Consequently, it can be assumed that the modality representation is not
homogeneous within the image. In order to improve understanding of latent representa-
tions, the following paragraph proposes to relate the data points of latent representations

to the corresponding patches on source images.

In order to enhance the comprehension of the latent representation spaces, we provide a
correspondence between the anatomy representations and the corresponding image patch.
This correspondence enables the visualization of the construction of the latent space as a
function of the input image. We use the latent representations of the method that employs
the AdaIN module in conjunction with the segmentation task, which provides the optimal
synthesis results among the methods that were evaluated. Figure 4.18 shows the image
patches corresponding to the anatomical representations. We have chosen to show the
corresponding patches only on dynamic images, as the distribution of static patches is
very similar. A continuous distribution of representations can be seen on the right-hand
side of the latent space representation. As we progress along this structure, a continuous
progression is observed along the foot. Images with a higher proportion of background
are predominantly grouped in the upper part of the structure, while those with a high

proportion of tissue are grouped towards the lower part. The transition between the two
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Figure 4.17 — Two-dimensional UMAP visualization of the modality latent codes for each DRL method.
For each method, the latent representations for both real and fake images are examined. (a) Conv module
without segmentation, (b) Conv module with segmentation task, (¢) AdaIN module without segmentation,
(d) AdaIN module with segmentation task, (e) FiLM module without segmentation, and (f) FiLM module
with segmentation task.
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4.4. Results

wo segmentation segmentation

Conv  AdaIN FiLM | Conv AdaIN FiLM
MSE(z2, zZ) i 0.51 0.32 1.05 0.26 0.46 0.38
MSE(zg,2¢.) 1 | 0.011  0.015 1249 | 0.041 0.0039  0.05
MSE(ZZ, zZX) $ | 0.032 0.14 0.046 0.78 0.01 0.31
MSE(z2", z;”) T | 159.57 160.05 122.02 | 161.45 221.96 160.28
MSE(z2", zg() 4| 1.58 0.72 2448 | 43.91 2.64 3.70
MSE(z;", Zn) 4| 1.81 1.84 28.94 2.15 4.77 5.21

Table 4.7 — Quantification of the similarity between corresponding latent representations. To this end,
we employ the MSE distance on the UMAP projections to compare the latent representations. For the
anatomy latent representation, we compare representations from static and dynamic images, as well as
those from dynamic and fake static images and static and fake dynamic images. The first pair of images
is presumed to demonstrate similar representations in the latent space, given that each pair of static and
dynamic images is from the same subject. In addition, the two latter representations are presumed to be
nearly identical, given that the dynamic image (resp. static) is assumed to share the same anatomy as
the fake static images (resp. fake dynamic). The second section of the table is dedicated to the modality
latent representation. We compare the latent representations from static and dynamic MR images, which
are presumed to be disparate, and those from static and fake static MR images and dynamic and fake
dynamic images, which are presumed to be nearly identical.

extremes is continuous along the structure. Similar or closely related areas of the foot are
grouped together in the same portion of the structure. The latent space representation
also shows two clusters of data points. The two clusters exhibit a less clear interpretation
than the first structure and do not appear to be characteristic of any particular anatomical
structure or image.

Figure 4.19 shows the patches from the source images corresponding to the different
modality representations. It can be observed that the representations for each type of
MRI sequence appear to be partly dependent on the position of the patch in the image.
Indeed, patches centered on the foot are typically grouped together in one part of the
cluster, while those centered on the junction between the foot and the background are
grouped together at another end of the cluster. The sets of data points corresponding
to the junction between the foot and the background also correspond to the location
where the two clusters of each modality are closest. This proximity between the two
clusters is consistent with the significant presence of the background, which is the same
for both modalities, without the characteristic texture of dynamic images. As with the
anatomy representations, the data points are grouped by anatomical proximity, but in a
less structured pattern. This similar grouping may be due to incomplete disentanglement,
which allows anatomy to infuse into the modality representation. Alternatively, it may

be a logical consequence of the modality representation being similar for close anatomical
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areas. However, if anatomy infused information into modality, the synthesis of two images
from the same content of a dynamic image and the modality of two different static images
would produce different results. Nevertheless, as shown in section 4.4.3, the synthesis of
images from the same anatomy and different modality representations corresponding to

two static images in different spatial positions produces highly similar results.

e Static

Figure 4.18 — Anatomy latent representation versus corresponding image patch.

4.5 Discussion

Three types of constraints on latent spaces are studied. Experiments show that the

addition of a cyclic constraint on the anatomy representation improves synthesis quality.
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4.5. Discussion

Static
e Dynamic

Figure 4.19 — Modality latent representation versus corresponding image patch.
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Three entanglement modules are compared, and the impact of an auxiliary segmen-
tation module is investigated. The experiments demonstrate that the addition of an
auxiliary segmentation task significantly improves synthesis quality of high-resolution dy-
namic images, improves the robustness of the model to spatial transformations, and leads
to a better disentanglement between the latent representations. While both the Conv
and the AdaIN-based DRL framework produce visually realistic images, the method us-
ing the AdaIN module appears to be less prone to artifacts and produces more regular
edges. If the methods using the AdalN module exhibit a systematic improvement in the
correlation between the anatomy latent representation and the source image, the Conv-
based methods consistently demonstrate higher disentanglement between the two latent
representations. However, we show the stability of the model regarding spatial affine per-
turbation in the image from the target modality. The CycleGAN framework generates
a visually realistic texture of the bones, but appears to be more susceptible to irregular
anatomical structures and artifacts. Furthermore, it has been demonstrated to be less
robust than the DRL approaches. The proposed DRL approaches are capable of generat-
ing high-resolution 3D+t dynamic sequences. The optimal results are achieved when the

AdaIN module is coupled with the segmentation task.

4.6 Conclusion

This chapter explores the use of disentangled representations for the unpaired synthe-
sis of high-resolution dynamic MRI. Disentangled representations are a class of methods
based on the assumption that a data distribution can be described by a set of indepen-
dent, semantically meaningful factors. The objective of disentangled representations is to
identify these factors and encode them in distinct dimensions.

This work makes two main contributions. First, we propose the addition of constraints
on latent spaces to improve the quality of synthesis. Secondly, we propose to study the in-
fluence of the entanglement module on synthesis performance. To our knowledge, no study
has investigated its influence on disentangled representations. We are also investigating
the impact of adding a segmentation module from the latent anatomy representation on
synthesis results. In this second study, we also propose an evaluation of disentanglement
and an analysis of latent spaces. Our results demonstrate that the entanglement modu-
lus has a significant impact on the performance of a DRL method, and notably on the

disentanglement rate of the method.
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4.6. Conclusion

This study demonstrates the relevance of using DRL methods for unpaired 121 synthe-
sis applied to dynamic MRI. By applying the proposed method to a dynamic sequence,
we succeeded in generating a high-resolution 3D+t dynamic sequence. Furthermore, this
method offers comparable or even superior performance to CycleGAN, the state-of-the-
art in unpaired 12 synthesis methods, as well as superior stability with respect to affine
transformations. Furthermore, this study illustrates the potential of using DRL meth-
ods for unpaired image-to-image synthesis tasks, even in scenarios where the dataset is
limited.

The contributions presented in this chapter have resulted in two publications: a journal

article [246] and a conference proceeding [247].
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CONCLUSION

Conclusion

Dynamic MR imaging is a medical imaging modality used to observe physiological
dynamics in vivo. This imaging modality, which is widely employed to investigate car-
diac muscle or joint biomechanics, is non-ionizing and non-invasive, providing excellent
visualization of anatomical structures. However, the acquisition of high-resolution dy-
namic MRI sequences is a time-consuming process that requires repeated movements at
a constant speed. To reduce the strain on patients with musculoskeletal disorders, the
acquisition time of the sequences can be reduced at the cost of spatial resolution. This
thesis examines the potential of deep learning methods for the synthesis of high-resolution
dynamic MRI sequences.

One of the most significant challenges in this work lies in the pairing of data. Indeed,
the data acquired as part of the Equinus project are subject to non-rigid deformations
between different images of the same subject, resulting in unaligned static and dynamic
MR images. These deformations are a consequence of the dynamic nature of the study
and the movements required of the subjects. These data guided the choice of approaches
studied for the synthesis of high-resolution dynamic MRI sequences.

The scientific questions that arise from this study are as follows: 1) Can paired 121
synthesis methods be used to synthesize high-resolution dynamic MRI sequences? 2) Do
unpaired 121 methods offer superior performance? 3) What is the impact of the entan-
glement module and the incorporation of an auxiliary segmentation task on the learning
of disentangled representations and the quality of synthesis? 4) Does the introduction of
constraints in the latent space of a disentangled representation model affect the recon-
struction quality?

A first approach to high-resolution dynamic sequence synthesis was conducted to inves-
tigate the potential of 121 methods employing paired data. We first describe two distinct
approaches for data pairing: the first based on a registration process and the second based
on data simulation. Using these data, we explore several architectures for the synthesis

of high-resolution dynamic MRI sequences. After validating the proposed approaches on
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a paired medical imaging dataset, we demonstrate the inability of these same methods to

synthesize visually realistic high-resolution dynamic images.

The second approach investigated focused on I2I synthesis methods using unpaired
data for high-resolution dynamic MRI synthesis. In particular, the research concentrated
on methods based on disentangled representations, which offer greater control over the
synthesis result than approaches based on GANs, such as CycleGAN. The results demon-
strated that this approach provides a realistic synthesis of a high-resolution dynamic MR
image. The method was applied to a dynamic MRI sequence, resulting in the successful
synthesis of a high-resolution 3D+t dynamic MRI sequence. Furthermore, the approach

allows for the simulation of images from dynamic sequences from static images.

Building upon this approach, we investigate the impact of various parameters on the
learning of disentangled representations and synthesis quality. In particular, we examine
the influence of the entanglement module and the integration of an auxiliary segmentation
task from an anatomy representation. The entanglement module is a critical element in
the learning of disentangled representations, enabling the merging of different represen-
tations within the model. Our analysis is informed by an evaluation of disentanglement
for all these methods. Our results show that these two parameters have a significant
impact on both the quality of the synthesis and the disentanglement rate of the method.
Furthermore, we demonstrate that the introduction of constraints on latent spaces can

influence the synthesis process and the quality of the images generated.

The method employed in this study demonstrates comparable or even superior perfor-
mance to CycleGAN, a state-of-the-art method, as well as enhanced stability with respect
to affine transformations. Furthermore, the method is shown to preserve anatomical con-

tent within the framework, a crucial element in medical imaging.

Perspectives

The presented works have demonstrated the relevance of using disentangled represen-
tations learning for the synthesis of high-resolution 3D+t dynamic MRI sequences. We

propose a few potential avenues for improvement, and new applications.
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Method

Super-resolution out of the sagittal plane

The approaches presented in this manuscript focus on super-resolution within the
sagittal plane. The strong anisotropy within dynamic images limits both the accuracy
and robustness of volumetric image processing, and offers only a very limited number of
sagittal slices for joint motion analysis.

A possible avenue of development would be to integrate super-resolution for the third
spatial axis. While the resolution within the sagittal plane is initially 0.57 mm for each
axis, it is 8 mm for the orthogonal axis (in comparison, the resolution in the sagittal
plane is 0.26 mm in each direction and 0.5 mm out of plane for static images). This
strong anisotropy within dynamic images significantly increases the complexity of the
task, due to the large number of slices that need to be estimated.

The implementation of super-resolution in the orthogonal axis would facilitate the de-
velopment of 3D-based approaches, thereby promoting homogeneity between the different

slices.

Pose integration

Previous studies did not consider the dynamic aspect of MRI data in the synthesis
model. Instead, the different temporal frames are processed independently, which may re-
sult in visual inconsistencies between successive frames. This section presents an approach
to leverage the dynamic information of MRI sequences within the context of disentangled
representation learning.

This concept is inspired by the work of Denton and Birodkar on the learning of disen-
tangled representations from videos [248]. In order to capture the dynamic aspect of the
data, an additional latent representation is introduced, denoted 2?.

This approach is first presented in a monomodal setup, i.e., without including the two
modalities and thus the modality representation. Two representations are considered: the
anatomy 2 and the pose zP. In a subsequent stage, this framework may be extended
to encompass three representations, with the addition of the modality representation z™.
Following the work from Denton and Birodkar, three objective functions are employed
to guide the pose extraction. First, a temporal reconstruction loss enforces the correct
extraction of the temporal-invariant anatomy representation and the temporal-dependent

pose representation. Given {z° ...,27} an MRI sequence of T + 1 times frames, the
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disentanglement process is described by the equation 4.20.
o' = (2], 2f) = (B°(2), E”(2)) (4.20)

where 2z} describes the pose representation from the ¢ time frame and z{ the anatomy
representation. EP and E° stand for the pose and anatomy encoders. The temporal
reconstruction loss between two time frames ¢ and ¢’ is expressed by the following equation:

‘Cfeconstruction = th - G(z7?7 zf’)”% (421)
where G is the generator that takes as input the pose and the anatomy representations
and outputs the corresponding image. This temporal reconstruction loss assumes that the
image at a time ¢’ could be described by the anatomy at a time ¢ and the pose representa-
tion of the time ¢’, enforcing the anatomy representation to convey only the pose-invariant

information. The second objective function penalizes errors between anatomy represen-

tations from different time frames, to enforce its temporal invariance:
Liim = |12 — 20113 (4.22)

Assuming that the pose representation should be invariant between two different se-
quences, unlike the anatomy, a discriminator D, is introduced in the framework. This
discriminator attempts to identify pose latent representations from being from the same

dynamic sequence or not. This adversarial constraint £,

on the pose enforces the dis-
entanglement of the pose and anatomy by penalizing the pose representations carrying

anatomy-specific information.

Limitations The temporal reconstruction loss assumption may be overly strong for
dynamic data, given the presence of noise between successive frames. To demonstrate
the efficacy of the concept, it is possible to conduct experiments on two datasets: a real
one and a simulated one. A simulated one can be generated from a set of static MR
images for which transformations can be applied to simulate a dynamic movement. In
order to simulate the most complete transformation possible, random rotation and elastic

deformation can be employed (see Figure 4.20).
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Figure 4.20 — Simulation of the dynamic movement of the ankle joint. The movement was simulated
using a random rotation in the sagittal plane, with a range of —30° to 30°.

Applications

The method developed in this thesis aimed to enable the synthesis of high-resolution
dynamic MRI sequences to improve the management of equinus in pediatric patients.
The models developed in this thesis demonstrated their capacity to generate realistic
high-resolution dynamic MRI sequences. One potential avenue for future research would
be to apply this method and study biomechanical parameters that affect equinus, such as
tendons or contact surfaces between the bones of the ankle joint.

Finally, the method developed in this thesis has demonstrated its ability to generate
realistic results from reduced, unpaired datasets. These properties are particularly advan-
tageous for applications in medical imaging, where datasets are frequently characterized
by limited size and unpaired data. Consequently, this methodology may be applicable to

other medical imaging datasets in different applications.
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Résumé : La paralysie cérébrale (PC) est
la déficience motrice la plus fréquente chez
les enfants. Elle résulte de lésions cérébrales
irréversibles survenues au cours de la pé-
riode périnatale. Léquin est la déformation la
plus fréquente chez les enfants atteints de
PC. Il se définit comme une incapacité de
flexion dorsale du pied au-dessus du planti-
grade, entrainant des déformations de la dé-
marche et des os au cours de la croissance.
Pour approfondir la compréhension de cette
pathologie, le fonctionnement de I'articulation
de la cheville et des muscles peut étre ob-
servé via IRM dynamique. Cependant, l'ac-
quisition d’'une IRM dynamique a haute réso-
lution requiert de longs temps d’imagerie et
des mouvements répétés a vitesse constante,
ce qui la rend difficile pour les patients souf-

frant de troubles musculo-squelettiques. Les
temps d’acquisition peuvent étre réduits en
dégradant la qualité de I'image, réduisant ainsi
linterprétabilité. Aujourd’hui, les méthodes de
syntheése d’'image basées sur I'apprentissage
profond constituent I'état de I'art en matiére
de super-résolution et d’amélioration de la
qualité de l'imagerie médicale. Cette these
explore le potentiel des méthodes d’appren-
tissage pour la synthése de séquences RM
dynamiques a haute résolution a partir de
séquences a basse résolution. Nous propo-
sons un modeéle qui s’appuie sur des don-
nées d’'IRM statiques pour améliorer la qualité
des séquences d’'IRM dynamiques a faible re-
solution dans un contexte non apparié. Cette
approche permet une meilleure interprétation
des séquences IRM dynamiques.

Title: Learning-based Image Synthesis for Dynamic MRI

Keywords: Image Synthesis, Dynamic MRI, Cerebral Palsy, Equinus, Deep Learning

Abstract: Cerebral palsy (CP) is the most
prevalent motor impairment in children, result-
ing from irreversible brain injuries during the
perinatal period. Equinus is the most common
deformity among children with CP. It is de-
fined as the inability to dorsiflex the foot above
plantigrade, leading to gait and bone deformi-
ties with growth. To enhance understanding of
the equinus pathology, ankle joint and muscle
mechanics can be observed through dynamic
MRI. However, acquiring high-resolution dy-
namic MRI requires long imaging times and
repeated motions at constant speed, making
it challenging for patients with musculoskeletal

disorders. Acquisitions times can be reduced
by lowering image quality, thereby reducing
interpretability. Today, deep learning-based
image synthesis methods have become the
state-of-the-art in super-resolution and quality
enhancement in medical imaging. This the-
sis examines the potential of learning-based
methods for synthesizing high-resolution dy-
namic MR sequences from low-resolution se-
quences. We propose a model leveraging
static MRI data to enhance the quality of low-
resolution dynamic MR sequences in an un-
paired setting. This method will offer a greater
interpretability of the dynamic MR sequences.



	Acknowledgement
	List of Figures
	List of Tables
	List of Acronyms
	Résumé étendu
	Introduction
	Motivation
	Thesis overview
	Thesis organization

	Context
	Introduction
	Clinical Context
	Cerebral palsy
	Equinus
	Ankle joint anatomy

	Magnetic Resonance Imaging for motion analysis
	Magnetic Resonance Imaging
	MRI sequences
	Dynamic MRI
	Artifacts in MRI

	Equinus dataset
	Equinus project
	Acquisition protocol
	Cohort
	Source data
	Variability in source data
	Segmentation
	Previous works

	Conclusions

	Deep learning for image synthesis
	Introduction
	Artificial Neural Networks
	AI, Machine Learning & Deep Learning
	Generative Modeling
	Common Deep Neural Networks architectures

	Data for learning
	Preprocessing
	Data augmentation
	Paired/unpaired data
	Data biases

	Image synthesis
	Unconditional image synthesis
	Multimodal conditional image synthesis
	Image-to-image translation
	Applications in medical imaging

	Image quality assessment
	Full-reference image quality assessment
	No-reference image quality assessment
	Image quality assessment in medical imaging

	Conclusions

	Paired synthesis of high-resolution dynamic MRI
	Introduction
	Inverse problem
	Registration
	Data simulation

	Data pairing
	Registration
	Learning-based dynamic MRI simulation
	Handcrafted dynamic MRI simulation
	Experimental setup
	Results
	Discussion

	Paired high-resolution dynamic MRI synthesis
	Methods
	Experimental setup
	Results
	Discussion

	Conclusions

	Unpaired synthesis of high-resolution dynamic MRI
	Introduction
	Learning unpaired image-to-image translation
	Disentangled representation learning
	Application of Unpaired Image Synthesis to high-resolution dynamic MRI synthesis

	Methods
	Unpaired Image Synthesis
	Latent space constraints
	Entanglement module
	Supervised Segmentation

	Experimental setup
	Dataset
	Implementation details
	Metrics

	Results
	DRIT++ architecture
	Latent space constraints
	Entanglement module
	Segmentation
	Uncertainty
	Evaluation of the disentanglement

	Discussion
	Conclusion

	Conclusion
	Conclusion
	Perspectives
	Method
	Applications


	Communications
	Bibliography

