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Abstract

According to the World Health Organization (WHO), nearly 65 million people
worldwide are affected by epilepsy. Epilepsy is a chronic neurological disorder char-
acterized predominantly by recurrent and unpredictable interruptions of normal
brain function, called epileptic seizures. For a third of diagnosed patients seizures
cannot be controlled by pharmacotherapy. For such patients, a treatment would be
to perform surgical resection of the epileptogenic zone. The success of such surgeries
largely depends on the accuracy of the epileptogenic zone localization. Neuroimag-
ing, including magnetic resonance imaging (MRI) and positron emission tomogra-
phy (PET), has been increasingly considered in the pre-surgical examination routine.

This work attempts to enhance a computer-aided diagnosis (CAD) system for
epileptogenic lesion detection, leveraging multimodal neuroimaging data, building
upon the foundation laid in previous work by Alaverdyan et al., 2020. The pro-
posed system employs unsupervised deep siamese networks for learning normal
brain representations from non-pathological scans, followed by a series of one-class
SVM models at the voxel level to generate an anomaly score map. The model,
initially tested on T1-weighted and FLAIR MRI exams, demonstrated a sensitiv-
ity of 61%. The inclusion of PET imaging data is explored to assess its additional
value. However, due to the ethical considerations surrounding radiation exposure
in healthy individuals, the development and integration of synthetic PET data, sim-
ulating healthy brain scans, emerges as a potential solution.

This thesis makes contributions by: (1) developing strategies for generating syn-
thetic PET images from T1 MRI scans, demonstrating their utility in augmenting
original PET data to enhance the detection capabilities of the CAD system; (2) inves-
tigating the use of synthetic PET images as substitutes for real PET data in scenarios
of incomplete training sets, showing that synthetic PET significantly addresses the
missing modality challenge; and (3) identifying the optimal strategy for integrat-
ing multiple imaging modalities within the detection model, with late fusion of T1,
FLAIR, and PET (both real and synthetic) showing to be the most effective in terms
of detection ability of epileptogenic zones.

Structured into two main parts, the thesis first reviews recent deep learning ad-
vancements in medical imaging, particularly in brain image analysis, existing fusion
strategies in medical imaging, methods to tackle missing data challenges including
synthetic image generation, and CAD systems for brain pathology and epilepsy de-
tection. The second part focuses on experiments for PET synthesis from T1 MRI
images, the application of out-of-distribution (OOD) techniques to validate the sim-
ilarity of synthetic to real images, and the detailed experimental results showcasing
the improved performance of the epilepsy CAD model with the integration of syn-
thetic PET data.

This work not only advances the field of medical imaging in epilepsy research
but also offers a roadmap for future studies to further refine and enhance the detec-
tion and localization of epileptogenic lesions, potentially leading to better surgical
outcomes and patient care.
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Résumé étendu

Selon l’Organisation mondiale de la santé (OMS), près de 65 millions de per-
sonnes dans le monde sont touchées par l’épilepsie. L’épilepsie est un trouble neu-
rologique chronique caractérisé principalement par des interruptions récurrentes et
imprévisibles du fonctionnement normal du cerveau, appelées crises d’épilepsie.
Pour un tiers des patients diagnostiqués, les crises ne peuvent être contrôlées par
la pharmacothérapie. Pour ces patients, le traitement consisterait à effectuer une ré-
section chirurgicale de la zone épileptogène. Le succès de ces opérations dépend en
grande partie de la précision de la localisation de la zone épileptogène. La neuro-
imagerie, y compris l’imagerie par résonance magnétique (IRM) et la tomographie
par émission de positons (TEP), est de plus en plus souvent prise en compte dans les
examens préchirurgicaux de routine.

Cette étude a pour but de voir comment améliorer un système d’aide au diagnos-
tic (CAD) pour la détection des lésions épileptogènes, en s’appuyant sur des données
de neuro-imagerie multimodales, ainsi que sur les bases posées dans des travaux an-
térieurs par Alaverdyan et al., 2020. Le système proposé utilise des réseaux siamois
profonds non supervisés pour apprendre les représentations normales du cerveau
à partir de scanners non pathologiques, suivis d’une série de modèles SVM à une
classe au niveau du voxel pour générer une carte de score d’anomalie. Le modèle,
initialement testé sur des examens IRM pondérés en T1 et FLAIR, a démontré une
sensibilité de 61 %. L’inclusion de données d’imagerie TEP est envisagée pour éva-
luer sa valeur supplémentaire. Cependant, en raison des considérations éthiques
entourant l’exposition aux radiations chez les individus sains, le développement et
l’intégration de données PET synthétiques, simulant des scanners cérébraux sains,
apparaît comme une solution potentielle.

Cette thèse apporte des contributions (1) en développant des stratégies pour gé-
nérer des images TEP synthétiques à partir d’IRM T1, en démontrant leur utilité
pour augmenter les données TEP originales, afin d’améliorer les capacités de dé-
tection du système CAD; (2) en étudiant l’utilisation d’images TEP synthétiques
comme substituts aux données TEP réelles dans des scénarios d’ensembles d’en-
traînement incomplets, en montrant que les images TEP synthétiques répondent de
manière significative au défi de la modalité manquante ; et (3) en identifiant la straté-
gie optimale pour l’intégration des données TEP synthétiques dans le système CAD;
et (3) l’identification de la stratégie optimale d’intégration de modalités d’imagerie
multiples dans le modèle de détection, la fusion tardive des images T1, FLAIR et TEP
(réelles et synthétiques) s’avérant la plus efficace en termes de capacité de détection
des zones épileptogènes.

Structurée en deux parties principales, cette thèse passe d’abord en revue les
avancées récentes de l’apprentissage profond en imagerie médicale, en particulier
dans l’analyse d’images cérébrales, les stratégies de fusion existantes en imagerie
médicale, les méthodes pour relever les défis des données manquantes, y compris
la génération d’images synthétiques, et les systèmes de CAD pour la pathologie cé-
rébrale et la détection de l’épilepsie. La deuxième partie se concentre sur des expé-
riences de synthèse de TEP à partir d’images IRM T1, sur l’application de techniques
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hors distribution (OOD) pour valider la similarité des images synthétiques avec les
images réelles, et sur les résultats expérimentaux détaillés montrant l’amélioration
des performances du modèle de CAD pour l’épilepsie avec l’intégration de données
synthétiques de TEP.

Ce travail ne fait pas seulement progresser le domaine de l’imagerie médicale
dans la recherche sur l’épilepsie, mais offre également une feuille de route pour les
études futures afin d’affiner et d’améliorer la détection et la localisation des lésions
épileptogènes, ce qui pourrait conduire à de meilleurs résultats chirurgicaux et à de
meilleurs soins pour les patients.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



vii

Synthèse par chapitre

Chapitre 1 : Apprentissage profond pour l’imagerie médi-
cale

L’apprentissage profond est un ensemble de méthodes d’apprentissage visant
à modéliser les données à l’aide d’architectures complexes combinant différentes
transformations non linéaires. Les réseaux neuronaux d’inspiration biologique per-
mettent aux ordinateurs d’apprendre à partir de données d’observation et sont les
éléments clés de l’apprentissage profond. Ils sont composés de plusieurs couches
pour apprendre des représentations cachées des données avec plusieurs niveaux
d’abstraction. Chacune de ces couches effectue des transformations non linéaires
des données d’entrée avant de les transmettre à une autre couche, et c’est ainsi que
des fonctions très complexes sont apprises. Nous pouvons donc formuler l’objectif
d’un réseau neuronal comme étant l’approximation d’une fonction f pour mettre
en correspondance une entrée x avec une catégorie y : y = f (x; θ), où θ sont les
paramètres pouvant être appris qui résultent en la meilleure approximation de la
fonction. Généralement, le réseau est représenté par la composition de plusieurs
fonctions. L’estimation des paramètres est obtenue en minimisant une fonction de
perte sur certaines données d’apprentissage à l’aide d’un algorithme de descente de
gradient.

Les premières formes de réseaux neuronaux, comme le perceptron, ont évolué
vers des structures plus complexes telles que les perceptrons multicouches (MLP)
et les réseaux neuronaux convolutifs (CNN), ces derniers ont révolutionné le traite-
ment des images en capturant les relations spatiales par le biais de filtres, en rédui-
sant les paramètres grâce à des poids partagés et en regroupant les couches.

Dans le domaine médical, l’apprentissage profond a connu un succès notable, en
particulier dans l’imagerie médicale, en tirant parti des big data et des ressources
informatiques avancées. Il identifie des modèles de manière autonome, ce qui fa-
cilite son utilisation par des non-spécialistes. Les applications d’apprentissage pro-
fond couvrent l’enregistrement, la segmentation, la reconstruction, la classification,
la génération et la détection d’images médicales. Il contribue ainsi de manière signi-
ficative aux processus de diagnostic et de traitement. Par exemple, les algorithmes
d’apprentissage profond ont montré leur potentiel dans la détection des lésions dans
les mammographies, l’aide au diagnostic du cancer de la prostate et l’estimation des
risques de malignité des nodules pulmonaires, avec des performances comparables
à celles des experts humains. Cependant, la dépendance des méthodes d’appren-
tissage profond à l’égard de grands ensembles de données annotées pose des pro-
blèmes, en particulier dans le domaine médical, en raison de la confidentialité, des
préoccupations éthiques et de la variabilité des données. Cette situation a suscité
l’intérêt pour les méthodes d’apprentissage faiblement ou non supervisées et la gé-
nération de données synthétiques pour améliorer la formation avec des ensembles
de données incomplets. L’apprentissage faiblement supervisé utilise des annota-
tions imparfaites, l’apprentissage semi-supervisé exploite les données étiquetées et
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non étiquetées, et l’apprentissage non supervisé découvre des modèles dans des en-
sembles de données non étiquetés. La génération de données synthétiques répond
aux problèmes de rareté et de confidentialité des ensembles de données médicales,
bien que son efficacité et son acceptation restent des domaines de recherche active.
L’intégration de multiples modalités d’imagerie permet d’obtenir des informations
complètes sur les conditions médicales, ce qui est essentiel pour des diagnostics pré-
cis tels que la détection de l’épilepsie. La combinaison de données provenant de
différentes sources, telles que l’IRM et la TEP, nécessite des techniques de fusion so-
phistiquées afin d’exploiter les informations complémentaires et d’améliorer ainsi la
précision du diagnostic imagerie médicale.

Chapitre 2 : Utilisation des images multimodales

La fusion d’images médicales provenant de différentes sources améliore la pré-
cision du diagnostic et est de plus en plus utilisée pour des tâches telles que la
segmentation et le développement de modèles de diagnostic ou de pronostic. Les
différents types d’images fournissent des informations uniques : L’IRM offre des
vues détaillées des organes et des tissus mous sans radiation, la tomodensitomé-
trie excelle dans la représentation des os, tandis que la TEP et la TEMP fournissent
des données métaboliques et fonctionnelles. L’imagerie multimodale améliore l’ap-
prentissage des réseaux neuronaux en combinant des caractéristiques provenant de
différentes sources pour une meilleure représentation des données et une meilleure
performance du modèle. Les stratégies de fusion comprennent la fusion précoce (au
niveau de l’entrée), intermédiaire (au niveau de la couche) et tardive (au niveau de
la décision), chacune avec des mécanismes distincts pour l’intégration des données
d’image.

Fusion précoce

La première stratégie, la fusion précoce, combine les modalités d’imagerie dès
le départ, en utilisant soit des données brutes, soit des caractéristiques spécifiques
à la modalité. Cette méthode est simple et implique généralement la concaténation
d’entrées provenant de différentes sources. Elle fonctionne le mieux avec des don-
nées multimodales homogènes, le terme "homogène" signifiant que les données ont
une résolution spatiale, des contrastes et des informations anatomiques ou patholo-
giques similaires. L’homogénéité au sein d’une modalité est cruciale pour une ana-
lyse fiable, bien que les différences entre les modalités soient attendues et fournissent
des informations complémentaires.

Parmi les premiers avantages de la fusion, citons la réduction de la complexité
informatique grâce à l’apprentissage d’un modèle unique, adapté aux données ho-
mogènes mais potentiellement limité par des entrées hétérogènes. Elle a été appli-
quée à diverses tâches médicales, telles que la segmentation des lésions de la sclé-
rose en plaques et la classification multi-classes des patients atteints de la maladie
d’Alzheimer, démontrant une amélioration des performances et de la précision de la
classification [Brosch et al., 2016, Thung et al., 2017].

Outre les données d’imagerie, la fusion précoce peut également intégrer du texte,
des caractéristiques élaborées à la main ou des signaux 1D [Engemann et al., 2020,
Vaghari et al., 2022]. Les exemples incluent la combinaison de l’IRM avec des infor-
mations sur le patient, des images radiographiques avec des données sur le patient,
et l’utilisation d’approches multimodales pour améliorer la précision de la classifi-
cation dans les diagnostics médicaux, illustrant la polyvalence et le potentiel de la
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fusion précoce dans les applications médicales.

Fusion intermédiaire

La fusion intermédiaire consiste à former des réseaux neuronaux distincts pour
chaque modalité d’imagerie, puis à combiner les caractéristiques de leurs couches in-
termédiaires pour former une nouvelle entrée pour le modèle final. Cette approche
facilite l’intégration d’entrées hétérogènes en tirant parti d’un seul modèle d’ap-
prentissage final. Des études ont montré une amélioration des performances avec
la fusion intermédiaire par rapport à l’utilisation des seules données d’imagerie en
intégrant des caractéristiques d’image et cliniques, comme on le voit dans la clas-
sification de la maladie d’Alzheimer et la prédiction du risque de cancer du sein
[Spasov et al., 2018, Yala et al., 2019]. Par exemple, le diagnostic de la maladie d’Alz-
heimer à l’aide de données IRM, TEP et génétiques utilise un réseau neuronal pro-
fond à trois niveaux pour traiter efficacement les différents types de données. Une
autre application dans la segmentation des disques intervertébraux démontre que
la fusion intermédiaire est plus performante que la fusion précoce. La combinaison
de stratégies de fusion précoce et intermédiaire, comme dans la segmentation des
tumeurs cérébrales [L. Chen et al., 2018], améliore les performances d’extraction des
caractéristiques et de segmentation, certaines méthodes obtenant des scores Dice éle-
vés dans des défis tels que le défi BraTS 2020 [W. Zhang et al., 2021].

Fusion tardive

Dans la fusion tardive, des réseaux distincts traitent chaque modalité d’imagerie
et leurs résultats sont combinés pour prendre la décision finale, souvent à l’aide
d’une moyenne, d’un vote majoritaire ou de méta-classifieur. Cette technique utilise
les informations distinctes de chaque modalité pour une analyse plus complète.

La fusion tardive s’est avérée prometteuse dans diverses applications, comme
l’amélioration de la segmentation des tissus cérébraux des nourrissons en surpassant
les modèles de fusion unimodaux et multimodaux précoces [Nie et al., 2016]. En
outre, pour la segmentation des tumeurs cérébrales, une combinaison de techniques
de fusion précoce et tardive a été employée sur l’ensemble de données BraTS 2017,
ce qui a permis d’améliorer la précision en se concentrant de manière séquentielle
sur différents composants tumoraux [G. Wang et al., 2017].

En outre, Qiu et al., 2018 a appliqué la fusion tardive pour classer les troubles
cognitifs légers par rapport à la cognition normale, démontrant des améliorations
par rapport aux modèles reposant sur une seule modalité. Cela illustre l’efficacité de
la fusion tardive dans l’exploitation d’informations complémentaires provenant de
sources multiples pour améliorer les résultats diagnostiques et analytiques en ima-
gerie médicale.

Fusion basée sur le mécanisme de l’attention

Les progrès récents en matière de fusion de caractéristiques pour l’imagerie mé-
dicale ont mis l’accent sur l’utilité des mécanismes d’attention, qui peuvent être clas-
sés en attention spatiale, en attention de canal et en un hybride des deux. Ces mé-
canismes visent à mettre en évidence les caractéristiques les plus significatives pour
des tâches médicales spécifiques.

[Oktay et al., 2018] a présenté un U-Net d’attention pour la segmentation abdo-
minale par tomodensitométrie, employant des portes d’attention pour améliorer la
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sensibilité aux régions de premier plan, améliorant ainsi la qualité de la segmenta-
tion. Le mécanisme d’attention met sélectivement l’accent sur les régions saillantes
de l’image et supprime les zones moins pertinentes.

Dans une approche innovante de la segmentation des tumeurs cérébrales, [T.
Zhou et al., 2020] a utilisé un réseau à trois niveaux incorporant un mécanisme
d’attention pour la fusion des caractéristiques. Cette méthode commence par des
segmentations grossières à partir d’un réseau 3D, suivies d’un modèle de fusion à
plusieurs encodeurs qui affine ces segmentations. Le mécanisme d’attention permet
d’identifier les caractéristiques les plus informatives pour une segmentation précise.

Un autre travail remarquable de [T. Zhou et al., 2021] a présenté un modèle
d’apprentissage des corrélations latentes multi-sources pour la segmentation des tu-
meurs cérébrales à partir de données d’IRM. Il comprend un nouveau modèle de
corrélation qui combine les représentations modales individuelles en un ensemble
de caractéristiques unifiées et informatives pour améliorer les résultats de la seg-
mentation.

Ces études soulignent l’efficacité des mécanismes d’attention pour améliorer la
fusion des caractéristiques et la précision de la segmentation dans les tâches d’ima-
gerie médicale.

Conclusions

Le choix d’une stratégie de fusion efficace pour l’apprentissage profond reste
une question importante. D’un point de vue méthodologique, chacune d’entre elles
a ses avantages et ses inconvénients, et il est rare que les trois méthodes aient été
étudiées pour la même tâche sur le même ensemble de données. La première stra-
tégie de fusion, qui consiste à concaténer les modalités pour former l’espace d’en-
trée, est la plus répandue, mais elle n’exploite pas les relations entre les différentes
modalités. En revanche, dans le cas de la fusion intermédiaire, la connexion entre
les différentes couches permet de saisir les relations complexes entre les modalités.
La stratégie de fusion tardive permet généralement d’obtenir de meilleures perfor-
mances que la fusion précoce, en particulier pour les tâches de segmentation [T.
Zhou, Ruan et al., 2019], un seul réseau apprenant une représentation indépendante
des caractéristiques des différentes modalités, mais au prix d’une perte de mémoire
et de temps de calcul. Dans la pratique médicale, il n’est pas rare d’être confronté à
des données manquantes ou incomplètes, lorsque certains patients ne disposent que
de données cliniques ou ne disposent pas d’une modalité d’imagerie particulière.
Dans ce cas, la fusion tardive conserve la capacité de faire des prédictions, puisque
les fonctions d’agrégation (vote majoritaire ou calcul de la moyenne) peuvent être
appliquées même en cas de modalité manquante. La fusion tardive est favorable
dans ce scénario, car elle prend en compte chaque modalité séparément. Les méca-
nismes basés sur l’attention améliorent les prédictions du modèle en éliminant les
régions non significatives tout en supprimant les caractéristiques extraites lorsqu’ils
sont utilisés aux niveaux intermédiaires ou aux couches de décodage pour moduler
la focalisation spatiale.

Chapitre 3 : Apprendre avec des données manquantes

Méthodes pour gérer les données manquantes

Dans la pratique médicale, les médecins ont souvent recours à différents types
d’imagerie pour diagnostiquer et traiter les patients. Parfois, certaines modalités
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d’imagerie peuvent être manquantes pour diverses raisons telles que des différences
dans les protocoles cliniques, l’incapacité du patient à passer certains examens ou
l’absence de données fournies par certaines institutions. Le traitement de ces don-
nées manquantes est crucial pour une analyse d’image non biaisée et complète. Si
l’on se contente d’éliminer les sujets dont les données sont manquantes, on perd
beaucoup d’informations précieuses et on réduit le nombre d’échantillons dispo-
nibles pour l’entraînement des modèles d’apprentissage automatique.

Une méthode courante pour traiter les données manquantes est l’imputation ou
l’attribution, où les valeurs manquantes sont complétées sur la base de suppositions
faites à partir du reste des données. Cette méthode s’est avérée plus efficace que
celle qui consiste à ignorer les sujets dont les données sont incomplètes, bien qu’elle
ne soit pas toujours idéale pour les ensembles de données complexes et de grande
taille.

Pour les données d’imagerie manquantes, il existe trois stratégies principales :

1. N’utiliser que les images disponibles.

2. Créer des versions artificielles des images manquantes et les utiliser pour com-
pléter l’ensemble de données.

3. Combiner les images disponibles de manière à capturer leurs caractéristiques
les plus importantes, même sans les images manquantes.

Récemment, de nouvelles méthodes ont été mises au point, notamment en ce
qui concerne la troisième stratégie. Ces méthodes combinent les images disponibles
sous une forme plus simple qui représente les principales caractéristiques de toutes
les images, ce qui peut être particulièrement utile car cela ne dépend pas de la qualité
des images créées artificiellement.

Un exemple notable est l’approche de segmentation d’image hétéro-modale (He-
MIS) pour la segmentation des tumeurs cérébrales. Cette méthode traite chaque type
d’image disponible séparément avant de les combiner à l’aide de méthodes statis-
tiques pour capturer les caractéristiques générales présentes dans toutes les images.
Elle est conçue pour fonctionner même si certains types d’images sont manquants.

Une autre technique, visant la même tâche de segmentation des tumeurs céré-
brales, traite chaque type d’image séparément, mais utilise ensuite un module spé-
cial pour améliorer les caractéristiques des images manquantes avant de tout com-
biner. Cette approche vise également à combler les lacunes laissées par les données
manquantes et s’est avérée efficace et robuste.

Dans l’ensemble, ces stratégies et techniques visent à utiliser au mieux les images
disponibles, tout en essayant de relever le défi des données manquantes.

Synthèse des données manquantes

Lorsque l’acquisition est impossible ou limitée, il peut être utile de générer des
modalités manquantes au lieu d’effectuer une nouvelle acquisition. Différents ré-
seaux et architectures ont été proposés ces dernières années pour cette tâche.

Autoencodeurs variationnels (VAE) : Les VAE sont des réseaux neuronaux qui
projettent la distribution des données dans un espace latent, ce qui permet de géné-
rer de nouveaux points de données par interpolation/extrapolation. Ils comprennent
un encodeur qui fait correspondre les données d’entrée à un espace latent et un dé-
codeur qui reconstruit les données à partir de cet espace. Efficaces en imagerie mé-
dicale, les VAE ont été utilisés pour synthétiser des images d’échographie et d’IRM,
démontrant leur utilité en tant que technique d’augmentation des données [Pesteie
et al., 2019].
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U-net : Conçues initialement pour la segmentation d’images biomédicales, les ar-
chitectures U-net s’appuient sur une structure d’auto-encodeur augmentée de con-
nexions de contournement (skip connections) pour conserver les informations spa-
tiales perdues lors du rééchantillonnage (upsampling). Cette caractéristique facilite
la reconstruction et la segmentation précise des images. Les adaptations des U-
net pour la synthèse d’images médicales, telles que la tomodensitométrie à partir
d’images MR et la TEP à partir de données IRM, ont montré leur capacité à générer
des images synthétiques réalistes pour diverses applications médicales [Ronneber-
ger et al., 2015, X. Han, 2017, Chartsias et al., 2017, Sikka et al., 2018, Kalantar et al.,
2021].

Réseaux adversaires génératifs (GAN) : Dotés d’un générateur et d’un discrimi-
nateur en compétition, les GAN permettent de créer des images photoréalistes. Leur
application à la synthèse d’images médicales couvre la conversion d’images IRM
en images CT et l’inverse, les innovations CycleGAN incorporant la cohérence des
cycles pour assurer la fidélité dans la traduction du domaine. Les GAN ont surpassé
d’autres méthodologies dans la production d’images réalistes, en particulier pour la
segmentation des tumeurs cérébrales et la synthèse PET à partir de l’IRM, en offrant
un niveau de détail et de réalisme supérieur [Goodfellow et al., 2014, J.-Y. Zhu et al.,
2017, H. Yang et al., 2018, Armanious et al., 2019, Wei et al., 2019, Yaakub et al., 2019,
Y. Wang, Zhou et al., 2018, Flaus et al., 2023].

Transformeurs : Inspirés par leur succès dans le traitement du langage naturel,
les transformateurs ont été étudiés pour la synthèse d’images médicales grâce à leur
capacité à modéliser les dépendances à longue portée spatiale via des mécanismes
d’attention. Les propositions comprennent des transformateurs de vision (ViT) et
des modèles hybrides fusionnant des CNN et des transformeurs pour des tâches
telles que la reconstruction PET à partir d’images PET et IRM à faible dose, et la syn-
thèse d’IRM T1 à partir de scans T2. Ces modèles soulignent le potentiel des transfor-
meurs pour discerner des modèles complexes dans les images médicales, améliorant
ainsi la qualité et l’efficacité de la synthèse [Vaswani et al., 2017, Dosovitskiy et al.,
2020, Watanabe et al., 2021, Luo et al., 2021, X. Zhang et al., 2021, Dalmaz et al., 2022,
Shin et al., 2020].

Chaque méthode présente une nouvelle voie pour relever le défi des données
manquantes dans l’imagerie médicale, de l’apprentissage statistique des VAE à l’ap-
prentissage adversaire des GAN et à la compréhension contextuelle des transfor-
meurs. Leur application à la synthèse de l’imagerie médicale a donné des résultats
prometteurs, améliorant la qualité et le réalisme des images synthétiques, ce qui est
essentiel pour faire progresser le diagnostic médical et la planification des traite-
ments.

Chapitre 4 : Systèmes CAD pour la pathologie cérébrale dé-
tections
La technologie de détection assistée par ordinateur (CAD) vise à réduire les erreurs
et les faux positifs dans l’interprétation des images médicales par les médecins.
Les systèmes CAD aident les médecins en fournissant une analyse quantitative des
images, en calculant les probabilités de diagnostic et en identifiant les anomalies. Un
système de CAD typique comprend les étapes suivantes : prétraitement de l’image,
extraction des caractéristiques et conception d’un modèle statistique (à l’aide d’un
algorithme d’apprentissage automatique ou d’apprentissage profond).

1. Prétraitement des images : Cette étape initiale consiste à préparer les images
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avant qu’elles ne soient introduites dans le modèle CAD. Les tâches de prétrai-
tement courantes en imagerie médicale comprennent le débruitage, la correc-
tion du champ de distorsion, l’enregistrement, la normalisation et la standar-
disation. Ces étapes sont cruciales pour améliorer la robustesse des modèles.

2. Extraction des caractéristiques : Ce processus consiste à réduire la dimen-
sionnalité de la région d’intérêt (ROI) dans les images à des fins d’analyse. Il
convertit les données pixellisées de bas niveau en représentations de plus haut
niveau, ce qui permet d’extraire des informations utiles tout en réduisant le
volume de données. Les caractéristiques peuvent être apprises automatique-
ment à l’aide d’architectures d’apprentissage profond adaptées à des tâches
spécifiques.

3. Conception de modèles statistiques : Cette étape consiste à développer des
modèles statistiques axés sur les données et accordés sur un ensemble de don-
nées d’entraînement. Le processus de réglage ajuste les hyperparamètres des
modèles en fonction d’une fonction de perte qui évalue les performances. L’ob-
jectif est de créer une fonction de décision qui traite les vecteurs de caractéris-
tiques d’entrée et produit des variables de décision pour les prédictions. Le
choix du modèle et la conception de la fonction de perte dépendent de la tâche
(par exemple, régression, classification) et de la nature des données (entière-
ment étiquetées, partiellement étiquetées ou entièrement non étiquetées), ce
qui correspond aux paradigmes d’apprentissage supervisé, semi-supervisé ou
non supervisé. Cela permet de s’assurer que le modèle est conçu de manière
optimale pour le problème spécifique, avec des hyperparamètres réglés pour
améliorer les performances et la précision.

Approches supervisées pour la détection des lésions cérébrales

Dans les approches d’apprentissage supervisé pour la détection des lésions cé-
rébrales, les modèles sont formés avec des ensembles de données étiquetées pour
effectuer des tâches telles que la segmentation, la classification et la détection des
pathologies cérébrales. L’accent mis sur la sclérose en plaques (SEP) révèle la com-
plexité de son diagnostic, les examens IRM étant essentiels pour visualiser et détec-
ter les lésions, dont la taille et la visibilité varient en fonction du stade de la mala-
die. Les ensembles de données notables pour la recherche sur la sclérose en plaques
comprennent l’ensemble de données ISBI, l’ensemble de données MSSEG (Multiple
Sclerosis Segmentation) Challenge et MSSEG-2, chacun offrant des données d’IRM
avec des annotations d’experts pour le développement et le test d’algorithmes.

Plusieurs études ont proposé des techniques de segmentation automatique pour
la SEP, les classant en deux catégories : celles qui se concentrent uniquement sur
la segmentation des lésions et celles qui s’intéressent à la fois à la segmentation du
cerveau et à celle des lésions de la SEP. Les techniques impliquent l’utilisation d’en-
sembles de données publics tels que l’ISBI challenge et le MSSEG pour la validation.
Les recherches menées par Wei et al [Wei et al., 2019, Wei et al., 2020] mettent en
évidence le potentiel de la mesure de la teneur en myéline pour la détection précoce
de la SEP à l’aide d’images dérivées de la TEP et de modèles basés sur le GAN.

D’autres pathologies cérébrales telles que la maladie des petits vaisseaux céré-
braux (CSVD) [Hsieh et al., 2019, Duan et al., 2020, Shan et al., 2021], la calcification
de l’artère carotide intracrânienne (ICAC) [Bortsova et al., 2021, Lai et al., 2022], et la
maladie de Parkinson (PD) sont également abordées []. La détection de la MCVS a
utilisé des modèles d’apprentissage profond pour identifier les caractéristiques IRM
indicatives de la maladie. La détection de l’ICAC se concentre sur l’utilisation de
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tomographies assistées par ordinateur et d’images échographiques pour évaluer le
risque d’accident vasculaire cérébral ischémique et de démence. La détection de la
maladie de Parkinson bénéficie des examens IRM et de modèles innovants pour le
diagnostic précoce et le suivi, avec des études employant des réseaux neuronaux
convolutionnels 3D et combinant des évaluations numériques des symptômes pour
les tâches de classification [Chakraborty et al., 2020, Bhan et al., 2021, S. Zhu, 2022].

Approches non supervisées

Les approches d’apprentissage non supervisé, qui ne reposent pas sur des don-
nées étiquetées, offrent une solution en se concentrant sur la déviation des régions
pathologiques par rapport aux tissus sains. Les autoencodeurs, en particulier les
autoencodeurs variationnels (VAE), jouent un rôle crucial dans les méthodes non
supervisées en apprenant à distinguer l’anatomie normale de l’anatomie anormale
par la minimisation des erreurs de reconstruction. Ces modèles, entraînés exclusive-
ment sur des données provenant de sujets sains, génèrent des cartes d’anomalies en
identifiant les divergences entre les images originales du patient et leurs équivalents
reconstruits. Cette approche s’est révélée prometteuse pour la détection des lésions
de la sclérose en plaques [Baur, Denner et al., 2021, Baur et al., 2018, Vogelsanger
et al., 2021], des tumeurs [Chatterjee et al., 2022, Zimmerer et al., 2019], et d’autres
pathologies cérébrales [You et al., 2019] avec des performances comparables aux mo-
dèles supervisés comme U-Net [Baur, Wiestler, Muehlau et al., 2021].

En outre, des modèles non supervisés ont été utilisés pour détecter la pathologie
de la sclérose en plaques dans des tissus cérébraux d’apparence normale grâce à une
représentation unique des caractéristiques [Yoo et al., 2018], et pour détecter la ma-
ladie de Parkinson à l’aide d’une étude comparative entre les autocodeurs spatiaux
et les autocodeurs siamois [Muñoz-Ramırez et al., 2021].

Les réseaux adverbiaux génératifs (GAN) trouvent également une application
dans la détection des anomalies, facilitant l’identification des anomalies cérébrales à
différents stades de la maladie dans les IRM et les tomodensitogrammes [C. Han
et al., 2021, Simarro Viana et al., 2020]. En outre, l’approche ANT-GAN offre un
nouveau moyen de générer des images IRM d’apparence normale à partir de leurs
homologues anormaux, en "supprimant" efficacement les lésions sans nécessiter de
données d’entraînement appariées [Sun et al., 2020].

Systèmes de CAD pour l’épilepsie

L’épilepsie, telle que définie par l’Organisation mondiale de la santé (OMS), est
une maladie neurologique chronique prévalente qui touche environ 65 millions de
personnes dans le monde, ce qui en fait l’une des maladies neurologiques les plus
courantes. Caractérisée par des crises d’épilepsie récurrentes et ses impacts neuro-
biologiques, cognitifs, psychologiques et sociaux, environ 70% des personnes tou-
chées peuvent se libérer des crises grâce à un traitement antiépileptique (AED) ap-
proprié. Cependant, environ 30% des patients présentent une résistance aux médi-
caments, ce qui nécessite des traitements alternatifs tels que des interventions neu-
rochirurgicales, qui ont montré leur efficacité dans les cas d’épilepsie médicalement
intraitable (EMI) [Thurman et al., 2011, Moshé et al., 2015, Ramey et al., 2013].

L’épilepsie du lobe temporal (ELT), la forme la plus répandue d’EIM, représente
environ 80% des chirurgies de l’épilepsie. L’histopathologie la plus courante chez les
patients atteints de TLE est la sclérose hippocampique (HS), la Ligue internationale
contre l’épilepsie (ILAE) classant la HS en trois types distincts en fonction de la perte
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de cellules neuronales et des schémas de gliose [Ramey et al., 2013, Cendes et al.,
2014, Malmgren et al., 2012].

Les malformations du développement cortical (MCD) sont des causes impor-
tantes d’épilepsie, en particulier chez les enfants, dues à des défauts de développe-
ment du cortex cérébral. Les dysplasies corticales focales (DCF) sont les MCD les
plus répandues chez les enfants atteints d’épilepsies focales pharmacorésistantes.
La classification des DCF en trois types par l’ILAE met en évidence la diversité de
ces lésions, qui vont de la dyslamination et de l’architecture tissulaire perturbée à la
présence de neurones et de cellules ballonnets dysmorphiques [Raybaud et al., 2011,
Guerrini et al., 2015, Kim et al., 2019].

Les techniques d’IRM jouent un rôle crucial dans la caractérisation non invasive
des DCF, des caractéristiques IRM spécifiques étant associées aux différents types
de DCF, ce qui facilite l’identification de ces lésions [Urbach et al., 2021, Duncan et
al., 2016]. En outre, les hétérotopies nodulaires périventriculaires (PNH) et la poly-
microgyrie (PMG) représentent d’autres formes de MCD, fréquemment associées à
une épilepsie pharmacorésistante [Mirandola et al., 2017, Shain et al., 2013].

La localisation de la zone épileptogène (ZE) est essentielle pour un traitement
efficace, en utilisant des méthodes d’imagerie telles que l’IRM et la TEP, ainsi que
des techniques d’électroencéphalogramme (EEG). Le rôle de l’IRM est central dans
la localisation de la ZE, avec des protocoles d’imagerie spécifiques recommandés
pour l’évaluation de l’épilepsie [Duncan et al., 2016, Rüber et al., 2018, Bernasconi
et al., 2019, Cendes, 2013, Malmgren et al., 2012].

Les examens TEP, en particulier la TEP au [18F]FDG, sont précieux, en particulier
pour les patients négatifs à l’IRM, car ils permettent d’identifier la zone d’appari-
tion de l’épileptogenèse. L’intégration de la TEP-FDG à l’IRM améliore la précision
diagnostique pour la détection des ZE dans l’épilepsie focale en combinant les in-
formations anatomiques et fonctionnelles [Willmann et al., 2007, Ding et al., 2018,
Wong-Kisiel et al., 2018, Desarnaud et al., 2018, Kikuchi et al., 2021].

Les avancées récentes en matière d’apprentissage automatique et d’apprentis-
sage profond ont considérablement contribué à la recherche sur l’épilepsie, en parti-
culier à la détection automatique des crises, à la planification pré-chirurgicale et à la
prédiction des résultats des interventions médicales et chirurgicales. En utilisant les
données de l’électroencéphalogramme (EEG), plusieurs études ont visé à identifier
les crises d’épilepsie, en obtenant une précision, une sensibilité et une spécificité éle-
vées pour différencier des signaux normaux et épileptiques grâce à l’utilisation de
réseaux neuronaux convolutionnels 2D (CNN) et de réseaux neuronaux récurrents
à mémoire à long terme (LSTM-RNN) Abbasi et al., 2019 ; Akut, 2019 ; Bouallegue
et al., 2020 ; Hussein et al., 2018 ; Najafi et al., 2022 ; San-Segundo et al., 2019 ; Türk
et al., 2019.

Dans la détection de l’épilepsie, les systèmes de diagnostic assisté par ordinateur
(CAD) s’appuient principalement sur des données de neuro-imagerie, avec deux
orientations principales : la discrimination au niveau du patient et la latéralisation
la localisation des foyers épileptogènes. Les études de discrimination au niveau du
patient ont utilisé des machines à vecteurs de support (SVM) et divers modèles de
réseaux neuronaux pour différencier les patients épileptiques des témoins sains, at-
teignant des taux de précision allant jusqu’à 97,6%. Ces études intègrent souvent la
morphométrie basée sur le voxel (VBM) pour analyser les différences anatomiques
cérébrales focales, bien que l’application clinique de la différenciation des sujets
sains des épileptiques à l’aide de ces modèles reste limitée [Bharath et al., 2019, J.
Huang et al., 2020, B. Zhou et al., 2020, S. Chen et al., 2020, Nemoto, 2017, Si et al.,
2020, M.-H. Lee et al., 2020, Nguyen et al., 2021].
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Pour la latéralisation des foyers d’épilepsie du lobe temporal (ELT) et la localisa-
tion des foyers épileptogènes, des techniques d’apprentissage automatique ont été
appliquées aux données d’imagerie structurelle et fonctionnelle, montrant un po-
tentiel dans l’identification des patients atteints d’ELT même lorsque les résultats de
l’IRM sont négatifs. Ces tâches présentent toutefois des défis, notamment l’obtention
d’étiquettes de vérité terrain précises pour les modèles de formation, en particulier
pour les cas négatifs en IRM ou lorsque les lésions ne sont pas visibles sur les scan-
ners [Fang et al., 2017, Mahmoudi et al., 2018, Bennett et al., 2019, Beheshti et al.,
2020a, Beheshti et al., 2020b].

La plupart des études sur la localisation des lésions épileptiques se concentrent
sur les cas positifs à l’IRM en raison de la difficulté d’obtenir des masques de lé-
sion précis pour les patients négatifs à l’IRM. Diverses caractéristiques, y compris
celles dérivées de la morphométrie basée sur la surface (SBM) et de l’épaisseur cor-
ticale, ont été utilisées. Bien que les caractéristiques artisanales restent courantes,
on s’intéresse de plus en plus à l’exploration des caractéristiques pilotées par les
données et des données d’imagerie multimodales afin d’améliorer les performances
des modèles. Malgré les défis, certaines études ont réussi à détecter des lésions chez
des patients négatifs à l’IRM, soulignant le potentiel des approches supervisées et
semi-supervisées dans la détection de l’épilepsie [Gill et al., 2017, Gill et al., 2018,
Alaverdyan et al., 2020, Adler et al., 2017, El Azami et al., 2016, Ahmed et al., 2015,
Ahmed et al., 2016, Jin et al., 2018, Wagstyl et al., 2020].

L’exploration de l’imagerie TEP dans la détection de l’épilepsie, bien que moins
courante, présente un potentiel prometteur. Des études exploitant l’imagerie TEP
parallèlement aux données IRM ont fait état d’une sensibilité et d’une spécificité ac-
crues dans la détection des lésions épileptiques, ce qui indique l’intérêt de combiner
différentes modalités d’imagerie pour une détection plus précise de l’épilepsie [Tan
et al., 2018, X. Zhang et al., 2021].

Les conclusions suivantes peuvent être tirées de cette étude :

— Les recherches menées jusqu’à présent se sont largement concentrées sur des
types spécifiques d’épilepsie, tels que l’épilepsie du lobe temporal (ELT) et la
dysplasie corticale focale (DCF), en adaptant les caractéristiques explorées à
ces pathologies particulières. Il est possible d’améliorer les méthodes de dé-
tection de l’épilepsie en élargissant la gamme des caractéristiques prises en
compte, ce qui pourrait favoriser la généralisation à différents types d’épilep-
sie.

— La tendance est de plus en plus à l’intégration de plusieurs modalités d’ima-
gerie, les études exploitant de plus en plus les forces combinées des images
T1, FLAIR et des scans TEP. Cette approche multimodale gagne en popula-
rité en raison de sa capacité à améliorer les performances des modèles, ce qui
indique un changement par rapport à la dépendance à l’égard de types d’ima-
gerie uniques. L’étude suggère d’explorer davantage la manière dont ces mo-
dalités peuvent être intégrées, que ce soit par des techniques de fusion précoce,
intermédiaire ou tardive, afin de maximiser l’efficacité du diagnostic.

— Une limite importante de la recherche actuelle est l’accent mis sur les cas posi-
tifs à l’IRM, où les lésions épileptogènes sont visibles sur les scanners. Le défi
de détecter et d’évaluer avec précision l’épilepsie chez les patients négatifs à
l’IRM reste un domaine critique pour les progrès futurs.

Chapitre 5 : Vue d’ensemble des données et du modèle
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Dans ce chapitre, nous présentons un modèle CAD de base pour la détection de
l’épilepsie, ainsi qu’une description détaillée de l’ensemble des données disponibles
pour cette étude, contenant à la fois des témoins sains et des patients présentant des
lésions épileptiques confirmées.

FIGURE 1 – Modèle général de détection de l’épilepsie.

Le modèle global de détection de l’épilepsie est présenté dans la figure 1. Il se
compose de deux parties principales :

1. Apprentissage de représentations (cadre pointillé vert)
2. Apprentissage de la détection des valeurs aberrantes (cadre pointillé bleu)

Ces deux composants sont entraînés sur un ensemble de témoins sains. Au dé-
but, un réseau neuronal siamois (SNN) est entraîné sur des patchs extraits d’empla-
cements aléatoires dans le masque cérébral de sujets sains. Une fois l’entraînement
terminé, un oc-SVM est construit et entraîné pour chaque voxel en prenant comme
entrée les représentations dérivées du SNN. La représentation cachée pour l’oc-SVM
correspond aux patchs des sujets sains centrés sur le voxel. Au total, nous avons au-
tant de modèles oc-SVM que le nombre total de voxels dans le masque cérébral.
Ensuite, l’image d’un patient peut être traitée par le système. Le système CAD gé-
nère une sortie sous la forme d’une carte de scores, qui correspond à la taille de
l’image d’entrée. Dans cette carte de scores, chaque voxel est associé à une valeur,
représentant la sortie de son modèle oc-SVM correspondant. À la dernière étape, la
carte de scores de sortie subit un post-traitement pour générer une carte de grappes
mettant en évidence les régions les plus suspectes détectées par le système.

Pour un apprentissage efficace du modèle, les données doivent être prétraitées.
La première étape consiste à aligner toutes les acquisitions d’imagerie disponibles
sur un modèle commun afin de garantir la correspondance voxel à voxel entre tous
les sujets (sains et patients). Pour l’apprentissage la représentations, les images d’en-
trée sont divisées en patchs 15x15 pour le SNN, soit en tant que modalité unique,
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soit dans une architecture multicanal où chaque canal représente une modalité diffé-
rente. L’exploration de l’efficacité des entrées multimodales est un objectif clé, avec
plus d’informations à suivre. Une fois préparées, les données sont transmises au
composant suivant du système CAD.

Dans la partie extraction des caractéristiques, le modèle utilise un réseau sia-
mois régularisé avec des autoencodeurs convolutifs profonds, tirant parti des avan-
tages des autoencodeurs et des réseaux siamois, pour apprendre des représentations
pour les données d’entrée. Cette approche est spécifiquement adaptée à la détection
des valeurs aberrantes et consiste en deux sous-réseaux identiques partageant des
paramètres et reliés par un module de coût.

Le processus commence par un ensemble de données X = {xi}i=1,...,n , xi ∈ Rd,
visant à projeter les points de données dans un nouvel espace Z où les éléments si-
milaires sont étroitement regroupés. Les paires de points normaux en entrée (x1, x2)
sont traitées par des autoencodeurs convolutifs au sein du réseau siamois. Chaque
sous-réseau comprend un encodeur E pour la compression des entrées dans un es-
pace caché Z, suivi d’un décodeur D qui reconstruit l’entrée à partir de Z. La fonc-
tion de perte, conçue pour améliorer la qualité de la reconstruction et renforcer la
similarité des représentations cachées, est définie comme suit :

L(x1, x2; θ) =
2

∑
t=1
|xt − x̂t|22 − α · cos(z1, z2) (1)

Ici, la fonction de perte comprend une erreur de reconstruction et un terme pour
maximiser la similarité cosinus entre les vecteurs de caractéristiques dans Z, avec α
ajustant l’équilibre entre ces composants. La représentation résultante z est ensuite
utilisée pour détecter les valeurs aberrantes.

Détection des valeurs aberrantes. La technique SVM à une classe (oc-SVM),
une forme d’apprentissage non supervisé initialement introduite par Schölkopf et
al. (2001), est examinée pour sa capacité à distinguer les échantillons d’une classe
spécifique des autres. Elle fonctionne en recherchant un hyperplan qui sépare de
l’origine tous les points de données dans un espace de caractéristiques transformé.
Cette transformation utilise une fonction noyau, généralement une RBF (Radial Basis
Function), pour cartographier les données dans un espace de dimension supérieure
où la séparation est possible, comme le montre la figure 2.

FIGURE 2 – Le concept sous-jacent de la méthode oc-SVM. Les points
de l’espace original sont projetés dans un espace de dimension supé-
rieure, où l’on cherche à les séparer du point d’origine en maximisant

la marge. L’illustration est tirée de [Yengi et al., 2020].
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L’oc-SVM vise à maximiser la marge par rapport à l’origine dans le nouvel espace
de caractéristiques en résolvant le problème d’optimisation :

min
ω,ρ,ξi

1
2
∥w∥2 − ρ +

1
νn

n

∑
i=1

ξi

subject to w · ϕ(xi) ≥ ρ− ξi,
ξi ≥ 0

(2)

Cette formulation incorpore des paramètres tels que la variable d’écart ξi, et ν qui
régule la fraction des valeurs aberrantes et des vecteurs de soutien. La classification
d’un échantillon test dépend de sa position par rapport à l’hyperplan, déterminée
par :

f (x) = sgn(w∗ϕ(x)− ρ∗) (3)

Le paramètre ν dicte également l’équilibre entre les erreurs et les vecteurs de
support, garantissant qu’une fraction spécifiée des exemples d’apprentissage peut
être aberrante.

Pour l’application spécifique de ce pipeline, chaque voxel cérébral vi est analysé
à l’aide d’un classifieur oc-SVM avec le noyau RBF. Le noyau du classifieur est défini
par :

|errors|
n

≤ ν ≤ |errors|+ SVs
n

(4)

où γ = 1
σ2 et ν est fixé à 0,03. Le classifieur oc-SVM de chaque voxel produit un

score reflétant sa distance par rapport à l’hyperplan. L’agrégation de ces scores pour
tous les voxels génère une carte de distances spécifique au patient Dp, facilitant la
détection des valeurs aberrantes (anomalies) au sein de l’ensemble de données.

Description des données

L’efficacité du système CAD a été évaluée sur un groupe de patients épileptiques,
en s’appuyant sur un ensemble de données acquises en collaboration avec le Dr
Julien Jung des HCL et approuvées par un comité d’examen institutionnel (IRB). Ce
projet est un sous-ensemble d’un programme de recherche clinique visant à explorer
l’utilité de la neuro-imagerie multimodale dans les évaluations pré-chirurgicales des
cas d’épilepsie difficiles.

Aperçu du groupe d’étude. L’étude comprend un ensemble d’entraînement de per-
sonnes saines et un ensemble de test de patients épileptiques. L’ensemble de don-
nées comprend 75 témoins sains, répartis en deux groupes (DBC1 et DBC2), et 31 pa-
tients DBep souffrant d’une épilepsie médicalement réfractaire. Les caractéristiques
détaillées des données sont présentées dans un tableau récapitulatif.

Contrôles sains. Ce groupe comprend des individus âgés de 20 à 66 ans, tous sou-
mis à des IRM pondérées en T1 et FLAIR. Seuls 35 témoins ont également subi
un examen TEP. Groupe de patients. Composé de 31 patients âgés de 17 à 47 ans,
ce groupe a subi des évaluations préchirurgicales complètes, y compris des IRM
pondérées en T1, FLAIR et TEP, ainsi que des examens EEG intracrâniens pour la
localisation de la zone épileptogène. Les patients ont été sélectionnés sur la base de
critères stricts afin de garantir la cohérence et la pertinence des données au cours des
différentes phases du projet de recherche.

Acquisition de l’IRM et de la TEP. Les témoins et les patients ont été soumis à
des protocoles standardisés d’IRM et de TEP utilisant l’équipement Siemens. Les
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séquences d’IRM ont capturé des données anatomiques détaillées en 3D, tandis que
les scans TEP ont été réalisés pour mesurer le métabolisme cérébral, en utilisant des
algorithmes logiciels spécifiques pour la reconstruction d’images afin de garantir
une résolution et une précision élevées.

Localisation des lésions cérébrales du patient. L’étude documente méticuleusement
l’emplacement des lésions à l’origine de l’épilepsie, sur la base d’évaluations cli-
niques, d’examens EEG et de résultats chirurgicaux. La plupart des patients ont
connu des résultats positifs après l’opération, conformément aux normes de la clas-
sification d’Engel. Pour chaque patient, des radiologues experts ont fourni des anno-
tations manuelles de l’emplacement des lésions, qui ont servi de vérité terrain pour
évaluer les performances du système CAD.

Prétraitement des données. Le prétraitement des images, effectué à l’aide du logiciel
SPM12, a été une étape critique pour améliorer les performances du système CAD.
Ce processus visait à améliorer la qualité de l’image, à réduire le bruit et à assurer
l’uniformité entre toutes les modalités, facilitant ainsi une analyse et des résultats de
détection précis.

Chapitre 6 : Formulation du problème

Ce chapitre présente nos considérations sur le problème de l’amélioration du
modèle CAD existant pour la détection de l’épilepsie et donne une idée des choix
stratégiques que nous avons dû faire et des solutions que nous avons proposées.

Le chapitre 7 présente les travaux sur la génération d’images synthétiques PET
pour l’amélioration des modèles CAD dans la détection de l’épilepsie. En utilisant
des réseaux adversoriels génératifs (GAN), la recherche se penche sur les complexi-
tés architecturales et la dynamique opérationnelle des modèles GAN, y compris les
composants du générateur et du discriminateur, les fonctions de perte et les proces-
sus critiques d’ingestion et de prétraitement des données. L’accent est mis sur l’éva-
luation de la qualité des images synthétiques à l’aide de métriques méticuleusement
sélectionnées, préparant le terrain pour une analyse expérimentale complète de l’en-
traînement des modèles GAN. Ce chapitre présente l’intégration de données synthé-
tiques PET dans des ensembles de données existants, en soulignant les améliorations
tangibles des résultats de l’apprentissage des modèles CAD. En comparant les mo-
dèles formés sur des ensembles de données enrichis d’images PET synthétiques à
ceux utilisant des images PET originales, la recherche révèle une sensibilité accrue
dans la détection de l’épilepsie. Ces résultats soulignent non seulement la faisabi-
lité et la fiabilité de l’utilisation de données synthétiques pour l’entraînement des
modèles de CAD, mais marquent également une avancée significative dans la réso-
lution des problèmes posés par la rareté des images médicales annotées de haute
qualité.

Le chapitre 8 de la thèse aborde le défi complexe de la fusion des données d’ima-
gerie multimodale pour affiner la détection de l’épilepsie par les systèmes de CAD.
Ce chapitre explore rigoureusement l’intégration des modalités d’imagerie T1, FLAIR
et PET en proposant et en comparant trois stratégies de fusion distinctes : la fusion
précoce au niveau du canal, la fusion intermédiaire par concaténation des vecteurs
de caractéristiques et la fusion tardive par fusion des cartes de grappes. Grâce à une
analyse comparative de ces stratégies, la recherche identifie la fusion tardive comme
l’approche la plus efficace pour intégrer les données multimodales, améliorant ainsi
la précision de détection du modèle CAD. La configuration et les résultats expéri-
mentaux détaillés permettent de comprendre comment les différentes techniques de
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fusion influencent les performances du modèle, en mettant particulièrement l’accent
sur la sensibilité et la spécificité supérieures obtenues grâce à la fusion tardive.

Chapitre 7 : Apprendre avec des données synthétiques

Cette section décrit la génération et l’évaluation d’images synthétiques de TEP à
l’aide de modèles GAN. Elle détaille l’entraînement de ces modèles sur un ensemble
de données composé d’images T1 et TEP appariées, afin de produire des images
TEP synthétiques pour des expériences ultérieures. La qualité de ces images synthé-
tiques est évaluée à l’aide de mesures courantes, et une analyse hors distribution
est effectuée pour mesurer leur similarité avec les images TEP réelles. La section ex-
plore également les implications de l’utilisation de données synthétiques dans l’ana-
lyse d’images médicales, en soulignant les avantages pour les modèles de détection
d’anomalies non supervisés, tels que la génération rapide de données et la réduction
des coûts. En outre, elle reconnaît les limites de l’approche actuelle et suggère des
orientations de recherche futures, soulignant le potentiel des données synthétiques
pour améliorer la détection des régions épileptiques dans l’imagerie cérébrale.

Modèles GAN pour la synthèse d’images

Les réseaux adversoriels génératifs (GAN) sont puissants dans la création d’images
médicales, en particulier pour l’imagerie cérébrale, offrant une solution à la rareté
des données TEP en générant des images réalistes. Cette capacité est cruciale pour
l’entraînement et le test de modèles d’apprentissage automatique sans encourir de
coûts élevés ou d’exposition aux radiations. La structure du GAN est présentée dans
la figure 3.

Les GAN se composent d’un générateur (G) qui crée des images ressemblant à
des données réelles, et d’un discriminateur (D) qui fait la distinction entre les images
réelles et les images générées. L’entraînement implique que G produise des images
évaluées par D, le retour d’information étant utilisé pour améliorer le réalisme de
l’image.

GAN simple.
Une configuration GAN de base avec un générateur GB et un discriminateur DB
est utilisée, en se concentrant sur la traduction d’images de la modalité T1 (yA) en
images PET (xb). La formation optimise un problème min-max en utilisant les pertes
du modèle GAN des moindres carrés (LSGAN) pour DB et GB :

LLSGAN(DB, A, B) = Ep(xb)[DB(xb)
2] + Ep(yb)[(DB(yb)− 1)2] (5)

LLSGAN(GB, A, B) = Ep(xb)[(DB(xb)− 1)2] (6)

Une perte supplémentaire d’erreur quadratique moyenne (MSE) (Lmse) évalue la
fidélité des images TEP générées (xb) par rapport à leurs contreparties réelles (yb) :

Lmse(GB) = Ep(xb)[(xb − yb)
2] (7)

Cycle-GAN.
Ce modèle comprend deux générateurs et discriminateurs pour la traduction bidi-
rectionnelle d’images entre les domaines A et B. Il incorpore les pertes LSGAN et
introduit une perte de cohérence de cycle (Lcyc) pour préserver le contenu entre les
images traduites :

Lcyc(GA, GB) = Ep(ya)[|y
′
a − ya|1] + Ep(yb)[|y′b − yb|1] (8)
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FIGURE 3 – Architecture Cycle-GAN basée sur deux GAN de base
traduisant des images du domaine A au domaine B (GAN supérieur)
et vice versa (GAN inférieur). Le GAN de base (Sipmle-GAN) est mis

en évidence dans l’image par une ligne en pointillés.

Cycle-GAN garantit que l’image générée y′a (de ya à GB puis GA) reste fidèle à
l’original, améliorant ainsi la précision de la traduction.

Vue d’ensemble du générateur.
Différentes architectures sont utilisées pour le générateur des GAN :

— U-Net : Apprend efficacement les correspondances d’image à image, en tirant
parti des similitudes structurelles entre les entrées et les sorties. Largement
utilisé pour la synthèse d’images médicales.

— ResNet : Surmonte les gradients qui s’évanouissent, en capturant des modèles
complexes. Préféré pour son cadre d’apprentissage profond et résiduel, qui
permet de générer des images détaillées.

Notre implémentation utilise un générateur basé sur ResNet. Il commence par
un émargement pour préserver les dimensions, suivi d’une convolution, d’une nor-
malisation par lots et d’une Leaky ReLU. Le noyau est constitué de blocs résiduels
avec convolution, rembourrage, normalisation par lots et sauts de connexion pour
faciliter l’apprentissage sans dégradation. En fonction de la taille de l’entrée, 9 blocs
sont utilisés pour les entrées semi-3D et 2 pour les entrées 3D-patch. Le décodeur
reflète le codeur et aboutit à une activation Tanh.

Vue d’ensemble du discriminateur.
Le discriminateur agit comme un classifieur binaire pour distinguer les images réelles
des images générées, en se concentrant sur la qualité de l’échantillon pour l’amélio-
ration du générateur. Contrairement aux GANs traditionnels, notre modèle utilise
un discriminateur PatchGAN qui évalue des patchs d’images de taille fixe. Cette
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approche améliore la fidélité des détails en se concentrant sur les zones locales. La
structure du PatchGAN comprend cinq couches convolutives, une normalisation par
lots et un Leaky ReLU, avec un champ réceptif de 70x70. Cette conception segmente
efficacement l’image en parcelles pour une évaluation granulaire du vrai par rapport
au faux.

Approche du traitement des données
Pour la modélisation des images cérébrales, nous utilisons deux stratégies afin d’équi-
librer le contexte spatial et les exigences informatiques : Les modèles semi-3D uti-
lisent trois coupes adjacentes (chacune étant un canal séparé) pour fournir des in-
formations sur la profondeur. Ils évitent ainsi le chargement complet induit par les
traitements de données 3D. Les modèles 3D-patch extraient de petites parcelles 3D
à partir d’images plus grandes, ce qui permet une analyse locale détaillée avec des
exigences de calcul gérables. Pour la semi-3D, les images sont normalisées et redi-
mensionnées à 128x128x136 à partir de leurs dimensions originales avec des voxels
isotropes. Les modèles de patchs 3D redimensionnent les images à 160x192x160 pour
extraire des patchs de 32x32x32.

Reconstruction d’images
Semi-3D : Reconstruction par empilement de coupes transversales. 3D-patch : Uti-
liser les parties centrales des patchs pour éviter les prédictions de bord de faible
précision, puis empiler pour former le volume. Les deux méthodes utilisent le lis-
sage gaussien pour atténuer les effets de bord et la correspondance d’histogramme
standard pour la normalisation de l’intensité.

Métriques d’évaluation de la qualité visuelle.
Les paramètres suivants ont été utilisés pour évaluer objectivement le score quanti-
tatif des images traduites par rapport à l’image réelle de référence :

Mean squared error (MSE) estime l’erreur moyenne basée sur les pixels entre l’image
générée (x) et l’image de référence (y) comme suit

MSE =
1

mn

m−1

∑
i=0

n−1

∑
j=0
|x(i, j)− y(i, j)|2 (9)

Peak Signal to Noise Ratio (PSNR) calcule le rapport entre la puissance maximale
possible (valeur d’intensité des pixels) de l’image générée y′ et le MSE caractérisant
la puissance du bruit corrupteur qui affecte la fidélité de sa représentation, comme
suit

PSNR = 20log10

(
maxx√

MSE

)
(10)

où maxx est la valeur maximale possible des pixels de l’image x.
La métrique de l’indice de similarité structurelle (SSIM) de Z. Wang et al., 2004 estime

la différence perceptive entre deux images en utilisant la moyenne (µ) et l’écart type
(σ) sur les valeurs de pixel des images générées () et de l’image réelle (σ). Deux
variables, c1(= 0, 01L)2 et c2(= 0, 03L)2 , sont incluses pour stabiliser la division
avec un faible dénominateur, L étant la plage dynamique des valeurs des pixels,
comme suit

SSIM(x, y) =
(2µxµy + c1) · (2σxy + c2)

(µ2
x + µ2

y + c1) · (σ2
x + σ2

y + c2)
(11)
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Learned Perceptual Image Patch Similarity (LPIPS) de R. Zhang et al., 2018 est uti-
lisée pour juger de la similarité perceptuelle entre deux images et il a été démontré
qu’elle correspond à la perception humaine.

Il calcule la distance entre les cartes d’activation des images générées (x0) et le
patch original (x) pour un réseau prédéfini.

d(x, x0) = ∑
l

1
HlWl

∑
hw

∥∥∥wl ⊙ (ŷl
hw − ŷl

0hw))
∥∥∥2

2
(12)

Où ŷl
hw et ŷl

0hw sont les piles de caractéristiques extraites de L couches normali-
sées dans la dimension du canal. Nous avons utilisé AlexNet comme réseau prédé-
fini.

Expériences avec des modèles GAN et résultats.

Dans la configuration expérimentale, nous avons utilisé deux approches :

— Modèles semi-3D : Quatre variantes de GAN (Simple-GAN et Cycle-GAN,
avec et sans terme de perte MSE supplémentaire) ont été testées sur des exemples
appariés afin d’évaluer leur performance dans la génération d’images synthé-
tiques.

— Modèles 3D-patch : Compte tenu de l’impact positif observé lors de l’inclusion
d’une perte MSE dans l’approche semi-3D, les expériences avec Simple-GAN
et Cycle-GAN pour les modèles de patchs 3D ont incorporé la perte MSE dès
le départ.

Ces expériences se sont appuyées sur la base de données DBC1, comprenant 35 té-
moins avec des examens TEP FDG et IRM pondérés T1 appariés, évaluant les perfor-
mances du modèle à l’aide des mesures de qualité visuelle établies précédemment.

Une validation croisée quadruple a été effectuée, divisant l’ensemble de données
en 26 contrôles pour la formation et 9 pour la validation. L’indice de similarité struc-
turelle (SSIM) entre les images réelles et synthétiques a servi de mesure principale
pour optimiser les configurations pendant la phase de formation. Lors de la valida-
tion, les mesures SSIM ont été adaptées aux spécificités de chaque approche : pour
les modèles semi 3D, le SSIM a été calculé après avoir redimensionné les tranches
d’images à leurs dimensions d’origine ; pour les modèles de patchs 3D, il a été éva-
lué au niveau du patch, puis une moyenne a été calculée pour tous les contrôles de
l’ensemble de validation.

À l’issue des expériences de validation croisée, les deux configurations de mo-
dèle les plus efficaces ont été sélectionnées pour la suite de la formation. Ces mo-
dèles finaux ont ensuite été appliqués pour générer des images synthétiques de TEP
pour la base de données DBC2, qui ne contient pas de scans TEP originaux. Cette
étape prépare le terrain pour des expériences ultérieures, impliquant potentielle-
ment des modèles CAD pour l’épilepsie. Une analyse détaillée des procédures expé-
rimentales, des ensembles de données et des résultats est présentée dans l’annexe.

L’étude a permis de générer avec succès des images synthétiques de TEP pour
les configurations semi-3D et 3D à l’aide de modèles Cycle-GAN, démontrant ainsi
l’efficacité des GAN dans la synthèse d’images médicales. L’application d’un lissage
gaussien 3D aux images reconstruites afin d’atténuer les effets de bordure était une
exigence notable, une largeur à mi-maximum de 1,5 mm étant considérée comme
optimale pour améliorer les valeurs de l’indice de similarité structurelle (SSIM).

Les images synthétiques semblaient initialement plus lumineuses que les images
TEP originales, ce qui a incité à utiliser la correspondance des histogrammes pour
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aligner les intensités des pixels plus étroitement sur celles des images originales. Ce
processus a permis d’adapter les images TEP synthétisées pour refléter la distribu-
tion d’intensité d’une image TEP originale sélectionnée au hasard dans l’ensemble
de données, garantissant ainsi une ressemblance réaliste en termes de détails struc-
turels et de valeurs d’intensité.

L’évaluation des performances de diverses configurations de GAN a révélé que
le modèle Cycle-GAN à patchs 3D avec perte MSE donnait les meilleurs résultats en
termes de SSIM, de rapport signal/bruit maximal (PSNR) et de similarité de patchs
d’images perceptives apprises (LPIPS). L’inclusion de la perte MSE a amélioré de
manière significative les trois mesures, démontrant ainsi son importance dans l’amé-
lioration des performances du modèle.

Les expériences suivantes se sont concentrées sur les modèles les plus perfor-
mants pour chaque configuration - modèles Cycle-GAN semi-3D et 3D avec perte
MSE. Ces modèles ont ensuite été appliqués à la génération d’images TEP man-
quantes pour un ensemble de données distinct (DBC2), ce qui a permis d’illustrer da-
vantage leur utilité pratique. Le processus de formation a été soigneusement contrôlé
afin d’éviter tout surajustement, et des ajustements ont été effectués en fonction de
la progression de la perte et des mesures SSIM.

En fin de compte, l’étude souligne le potentiel des GAN, en particulier le Cycle-
GAN avec perte MSE, dans la génération d’images PET synthétiques réalistes à par-
tir de scans MRI, offrant des implications précieuses pour l’imagerie médicale et la
recherche, en particulier dans les scénarios où les scans PET originaux ne sont pas
disponibles.

Détection de rupture de distribution.

L’objectif principal de ces ensembles de données synthétiques est de reproduire
fidèlement les images médicales réelles afin de garantir leur utilité dans la recherche
et les applications cliniques. L’efficacité de ces données synthétiques est souvent éva-
luée à l’aide de mesures de qualité standard telles que le rapport signal-bruit maxi-
mal (PSNR) et la mesure de l’indice de similarité structurelle (SSIM). Bien que ces
mesures permettent de comparer les caractéristiques de bruit et de texture des don-
nées de référence et des données synthétiques, elles ne peuvent pas déterminer si les
images pseudo-vraies fonctionneront de manière similaire pour la tâche considérée.

Une façon d’évaluer si les données synthétiques suivent la même distribution
que les données réelles de référence est de comparer les performances de la tâche
clinique en question avec et sans données synthétiques

Pour évaluer si la distribution des données synthétiques de TEP générées cor-
respond à celle des vraies données de TEP, nous dérivons des mesures de détection
hors distribution (OOD) adaptées à la tâche spécifique de détection d’anomalies non
supervisée en question.

La première mesure est définie comme MSE globale, qui est la moyenne de toutes
les erreurs basées sur les pixels entre une image d’entrée u (qu’elle soit synthétique
ou réelle) et sa reconstruction AE(u).

La deuxième métrique OOD, inspirée de l’idée développée dans González et al.,
2022, est dérivée du calcul de la distance de Mahalanobis dm entre la représentation
latente zu de toute image d’entrée u dans l’autoencodeur AE et la distribution de
cette variable latente dans les données normales de la population d’apprentissage,
comme suit

dM = (zu − µ)TΣ−1(zu − µ) (13)
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où zu est la représentation latente de l’image u, µ et Σ sont respectivement la
moyenne et la covariance empiriques, calculées sur la représentation latente zi des
N éléments de l’ensemble de données d’apprentissage comme suit :

µ =
1
N

N

∑
i=1

zi, Σ =
1
N

N

∑
i=1

(zi − µ)(zi − µ)T (14)

La métrique globale dM quantifie si les fausses données TEP FDG imitent les
vraies données TEP FGD dans la distribution (ID) dans l’espace latent, validant ainsi
l’utilisation de fausses données TEP pour former les modèles UAD effectuant la
tâche de détection dans l’espace de représentation latent.

La comparaison des distributions de MSE et de la distance de Mahalanobis dM
des vraies images y et des fausses images x permettra de détecter tout changement
de domaine dans les espaces image et latent, respectivement.

Des taux d’erreur de reconstruction plus faibles ont été observés dans les groupes
de contrôle avec des images synthétiques de TEP, l’amélioration la plus significative
étant observée dans les images de TEP générées en semi-3D. Cela indique que les
images synthétiques générées de cette manière sont très similaires aux images PET
réelles.

La variabilité des distances de Mahalanobis entre les images TEP réelles et syn-
thétiques était moindre. Le réglage du patch 3D a permis de différencier clairement
les sujets témoins ayant des images TEP synthétiques de ceux ayant des images TEP
réelles. En revanche, la frontière était moins nette dans la configuration sem-i3D, ce
qui suggère que les images TEP générées en semi-3D ressemblent davantage aux
images TEP réelles.

Dans l’ensemble, les images synthétiques de TEP s’avèrent très similaires aux
données réelles de TEP, tant au niveau des représentations visuelles que latentes, ce
qui justifie leur utilisation pour l’apprentissage des modèles UAD.

Un autre aspect de notre travail de recherche consiste à estimer la capacité des
données synthétiques à être utilisées à la place des données réelles en cas de don-
nées manquantes. Dans cette partie, l’entrée de l’encodeur siamois est constituée
d’images T1 et TEP FGD de sujets normaux combinées en tant que canaux. Nous
nous appuyons sur les techniques de détection des OOD pour dériver des métriques
évaluant si les distributions des images T1+vraie TEP et T1+TPE synthétiques géné-
rées se ressemblent à la fois dans le domaine de l’image et dans le domaine de la
représentation latente du modèle UAD considéré.

All groups exhibited similar levels of reconstruction error, indicating that both
in-distribution (ID) samples (test controls) and out-of-distribution (OOD) samples
(real controls and patients) produce reconstructed images of comparable quality. Ba-
sed on the global OOD metrics used, patients cannot be distinguished as outliers
from the control distribution. This highlights the challenge of detecting epilepsy le-
sions, which are subtle enough not to significantly affect the global OOD metrics at
the patient level.

Mesure de la qualité axée sur les tâches.

Notre hypothèse est que l’ajout d’images synthétiques à l’ensemble de forma-
tion peut servir à améliorer les performances des modèles de diagnostic basés sur
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l’apprentissage automatique. Précédemment, nous avons décrit le développement
et l’implémentation du modèle UAD. Ce modèle est entraîné sur trois bases de don-
nées différentes : la série de 35 données TEP de contrôle réelles (DBC1) et deux bases
de données hybrides mélangeant ces 35 données TEP de contrôle réelles avec 40
données TEP FDG de contrôle synthétiques générées par les modèles Cycle-GAN
semi-3D (DBsemi3D

C2 ) et 3D-patch (DB3Dpatch
C2 ) avec une perte MSE à partir des don-

nées T1 d’origine.
L’analyse révisée a révélé que l’ajout de données synthétiques à la formation, qui

revient ici à doubler le nombre d’échantillons de formation, n’a pas permis d’amé-
liorer les performances. La performance la plus élevée n’a montré qu’une sensibilité
de 41,2% (7 détections sur 17) avec le modèle entraîné sur 35 scanners TEP réels.

La série d’expériences suivante a été réalisée sur des modèles UAD constitués
de données T1+PET (originales ou synthétiques) combinées au début au niveau du
canal. Le modèle UAD3Dpatch

mripet entraîné sur DB3Dpatch
C2 a obtenu les meilleures per-

formances de détection, avec une sensibilité de 74% (14 des 19 lésions) et un rang
moyen de 2, 1, ce qui signifie que les lésions épileptiques détectées figuraient en
moyenne parmi les trois groupes les plus suspects signalés par ce modèle. Le modèle
UADsemi3D

mripet entraîné sur DBsemi3D
C2 a obtenu une sensibilité de 58% (11 lésions sur 19)

et un rang moyen de 2.4, surpassant ainsi le modèle entraîné sur l’IRM T1 et la TEP
FDG de DBC1, dont la sensibilité et le rang moyen étaient respectivement de 42% (8
lésions sur 19) et de 3.9. Ces résultats sont comparables à ceux de l’analyse visuelle
quantitative et montrent que les images obtenues à partir du modèle CycleGAN 3D-
patch semblent être visuellement réalistes et adaptées à l’entraînement du modèle
UAD. Les images obtenues à partir du modèle CycleGAN 3D-patch semblent être
visuellement réalistes et adaptées à l’entraînement du modèle UAD.

Chapitre 8 : Fusion multimodale

Dans ce chapitre, nous examinons trois stratégies de fusion, à savoir la fusion
précoce, la fusion intermédiaire et la fusion tardive, afin d’exploiter tout le potentiel
des modalités disponibles pour les patients (T1, FLAIR et PET).

Fusion précoce
Nous utilisons la stratégie de fusion précoce en concaténant différentes moda-

lités d’imagerie au niveau des canaux. Plus précisément, chaque échantillon d’en-
trée dans notre ensemble de données d’apprentissage X = {x1; x2; ...; xN} est un
patch multicanal dérivé des modalités choisies. Pour les combinaisons T1+ FLAIR,
T1+PET et FLAIR+PET, chaque patch est de taille 15x15x2, ce qui représente des di-
mensions spatiales de 15x15 et deux canaux correspondant aux modalités d’image-
rie respectives. Dans le cas de la combinaison des trois modalités (T1+FLAIR+PET),
la taille du patch devient 15x15x3, incorporant un canal supplémentaire pour la
troisième modalité. Il est important de souligner que ces dimensions décrivent un
seul patch. La représentation latente extraite par notre réseau pour chaque patch
conserve une dimensionnalité de 16, quel que soit le nombre de modalités fusion-
nées dans l’entrée.

Fusion intermédiaire
Dans ce contexte, nous fusionnons deux ou trois modalités au niveau de la repré-

sentation cachée extraite. Après avoir obtenu les vecteurs de représentation latente
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des réseaux siamois entraînés séparément, chacun sur une seule modalité, nous cher-
chons à fusionner ces vecteurs pour créer une représentation composite qui englobe
les caractéristiques de chaque modalité. Cette fusion est réalisée par concaténation :
pour les deux modalités, la fusion z = [z1; z2] donne une dimensionnalité de 32 et
z = [z1; z2; z3] pour l’intégration des modalités T1, FLAIR et PET avec une dimen-
sionnalité de 48.

Fusion tardive
L’approche de fusion tardive utilisée dans cette étude est conçue pour amélio-

rer la détection de l’épilepsie en intégrant des cartes de grappes générées par des
modèles de détection d’anomalie non supervisée (UAD), chacun formé sur une mo-
dalité d’imagerie différente (T1, FLAIR et TEP). Ce processus comprend plusieurs
étapes clés afin de créer une carte unifiée des grappes qui représente avec précision
les anomalies significatives dans toutes les modalités :

— Création d’une carte unifiée des grappes : Les grappes provenant des diffé-
rentes modalités sont fusionnées pour former une carte complète, capturant à
la fois les points communs et les anomalies significatives spécifiques à chaque
modalité.

— des grappes et attribution des rangs : Un système de classement évalue l’im-
portance de chaque grappe. Lorsque des grappes de différentes modalités se
chevauchent, le rang de la grappe combinée dans la carte unifiée reflète l’im-
portance la plus élevée (rang numérique le plus bas) parmi ces grappes qui se
chevauchent. Cela permet de s’assurer que les grappes les plus significatives
conservent leur priorité dans la carte finale.

— Hiérarchisation des grappes : Les grappes résultant de la combinaison de dif-
férentes modalités sont plus significatives, ce qui souligne leur importance
multimodale. Néanmoins, les grappes exceptionnellement significatives (avec
des rangs comme 1 ou 2) conservent leur rang élevé, reconnaissant ainsi leurs
contributions individuelles essentielles.

— Limitation du nombre de grappes : Pour que l’analyse reste ciblée, le nombre
total de grappes dans la carte finale est plafonné à 15, ce qui garantit que seules
les grappes les plus pertinentes et les plus significatives sont incluses.

Cette méthodologie de fusion tardive vise à tirer parti des atouts des différentes
modalités d’imagerie tout en minimisant les faux positifs, améliorant ainsi la fiabi-
lité de la détection des anomalies dans le cadre du diagnostic de l’épilepsie.

Résultats des expériences sur les stratégies de fusion.

Dans un premier temps, l’étude des données provenant d’une seule modalité a
servi de référence. La modalité FLAIR s’est distinguée en identifiant le plus grand
nombre de détections, 12 sur 26, bien que seulement 4 de ces détections aient été
classées au plus haut niveau en termes de régions épileptiques probables. Les mo-
dalités T1 et PET ont permis de détecter l’épilepsie chez 8 patients chacune, mais
seules quelques-unes de ces détections étaient de haut niveau. Il est intéressant de
noter que les trois modalités n’ont pu identifier correctement les lésions que chez 4
patients, ce qui souligne la nature complémentaire des données d’imagerie, chaque
modalité fournissant des informations uniques sur le processus de détection.

En ce qui concerne la stratégie de fusion précoce, on a observé que la combi-
naison des modalités TEP et FLAIR permettait d’obtenir le plus grand nombre de
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détections, 4 patients présentant le rang de grappe le plus élevé. En revanche, la
combinaison des modalités T1 et TEP s’est avérée moins efficace. Il est important de
noter que la fusion des trois modalités à ce stade n’a pas amélioré les performances
du modèle, probablement en raison des limites de l’architecture du réseau siamois
dans la gestion de la complexité et de la haute dimensionnalité des modalités com-
binées.

La stratégie de fusion intermédiaire n’a pas répondu aux attentes. Les combinai-
sons T1+TEP et FLAIR+TEP ont permis de détecter respectivement 7 et 6 lésions,
et seule une poignée de ces détections a reçu un rang élevé. Les défis de cette ap-
proche comprennent la capture des interactions non linéaires entre les modalités et
la gestion de la dimensionnalité accrue du vecteur de caractéristiques, qui complique
considérablement le processus de modélisation.

En revanche, la combinaison des modalités à un stade avancé a surpassé l’effica-
cité de la fusion précoce, en améliorant la confiance dans le modèle et la précision
de la prise de décision. Cette stratégie a permis d’obtenir un total de 17 détections
lors de l’intégration des images T1, FLAIR et TEP, avec 11 grappes recevant un clas-
sement élevé. La combinaison des images T1 et FLAIR, ainsi que FLAIR et PET, a
donné lieu à 16 détections réussies, ce qui indique que la fusion tardive exploite
efficacement les points forts de chaque modalité d’imagerie. En fin de compte, l’ap-
proche de fusion tardive, qui combine toutes les modalités disponibles, s’est révélée
être la stratégie la plus efficace, soulignant l’importance de l’intégration stratégique
des modalités pour améliorer la détection de l’épilepsie.

Conclusion et perspectives

Cette thèse a fait progresser les systèmes de CAD pour la détection de l’épilep-
sie à l’aide de données de neuro-imagerie, en s’appuyant sur le cadre établi par la
recherche précédente. Dans un premier temps, nous avons passé en revue les sys-
tèmes de CAD existants, en soulignant leurs forces et leurs limites, et nous avons
mis l’accent sur le potentiel de la génération de données synthétiques et de la fusion
multimodale pour l’amélioration du système.

Notre étude a révélé que les réseaux adversaires génératifs (GAN), en particulier
avec un générateur ResNet et une fonction de perte MSE supplémentaire, pouvaient
produire des images TEP synthétiques de haute fidélité. Malgré leur qualité, l’ap-
plication directe d’images synthétiques dans l’apprentissage du modèle a montré
des améliorations limitées de la sensibilité de détection. Toutefois, des expériences
intégrant des images synthétiques de TEP avec des données réelles d’imagerie par
résonance magnétique (IRM) ont suggéré des améliorations modestes de la perfor-
mance des modèles.

Nous avons ensuite exploré diverses stratégies de fusion pour combiner diffé-
rentes modalités d’imagerie, concluant que les techniques de fusion tardives, qui
capitalisent sur les détections les plus suspectes des modèles formés à une seule mo-
dalité, offraient les meilleures perspectives d’amélioration de la précision du diag-
nostic.

Orientations futures :

— Transformateurs dans les GAN pour la génération d’images : L’intégration de
transformateurs dans le cadre des GAN pourrait améliorer de manière signi-
ficative la génération d’images réalistes, ce qui permettrait de surmonter les
défis posés par les ensembles de données limités.
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— Raffinement des techniques de fusion : L’exploration de méthodes de fusion
avancées, y compris les mécanismes basés sur l’attention, pourrait améliorer
l’extraction des caractéristiques entre les modalités, améliorant ainsi les capa-
cités de diagnostic du système de CAD.

— Disponibilité des données : L’augmentation de la diversité et du volume des
données de neuro-imagerie peut considérablement améliorer la robustesse et
la précision des modèles. Des projets de collaboration tels que MELD pour-
raient atténuer les difficultés liées à l’accessibilité des données.

— Intégration de sources de données multiples : La combinaison des modalités
d’imagerie avec d’autres données diagnostiques, telles que l’électroencéphalo-
graphie (EEG), pourrait permettre une compréhension plus complète de l’épi-
lepsie, ce qui pourrait conduire à des avancées significatives dans les stratégies
de détection et de traitement.

Nos résultats soulignent le potentiel de l’intégration de l’imagerie multimodale
et des techniques sophistiquées de synthèse des données dans l’amélioration des
systèmes de CAD, ouvrant la voie à de futures innovations dans le diagnostic de
l’épilepsie.
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1

Introduction

According to the World Health Organization (WHO), nearly 65 million people
worldwide are affected by epilepsy. Epilepsy is a chronic neurological disorder
characterized predominantly by recurrent and unpredictable interruptions of nor-
mal brain function, called epileptic seizures [Fisher et al., 2005]. Epilepsy varies in
severity, in symptoms depending on the type of seizure and can effect people of all
ages.

Epilepsy treatment involves consistent intake of antiepileptic drugs, and as a
result, patients with epilepsy may lead a normal life. Despite the continuous im-
provement in drugs and research, approximately 35% of epilepsy patients experi-
ence recurrent spontaneous seizures [Duncan et al., 2006]. In such cases of drug
resistant epilepsy the remaining option is to perform a surgery where the area in the
brain that is no longer properly functioning and is generating seizures is removed.
The success of such a surgery heavily depends on how accurate the epileptogenic
zone is localized. Thus, as a pre-surgery step, it is recommended that a patient goes
through a series of clinical assessments potentially including EEG, Magnetic Res-
onance Imaging (MRI), Positron Emission Tomography (PET), single-photon emis-
sion computed tomography (SPECT), and functional MRI (fMRI) [Yoganathan et al.,
2023]. The availability of multimodal imaging techniques allows surgeons to better
identify and characterizing areas of abnormal brain activity and structural anoma-
lies associated with drug-resistant epilepsy. The challenge arises from the fact that
sometimes epileptogenic lesions are too subtle in images, so their scans are con-
sidered normal. As an example, when the lesion is not visible on structural MRI
imaging, we refer to such patient as MRI-negative patient. Specialists would gain
immensely from an automated system designed to detect such small epileptogenic
lesions using multimodal imaging. This system would integrate and analyze data
from available imaging through machine learning models, and would aid in the ac-
curate localization of seizure foci, providing surgeons with invaluable insights for
planning precise resections while minimizing potential postoperative risks.

This work represents an attempt to improve a computer aided diagnosis sys-
tem for epileptogenic lesion detection based on neuroimaging data introduced in
Alaverdyan et al., 2020. The proposed CAD system consists of unsupervised deep
siamese networks to learn normal brain representations using a series of non-patho-
logical brain scans, followed by a set of one-class SVM models at voxel-level that
produce the resulting anomaly score map. The model demonstrated 61% in sen-
sitivity when it was trained on pairs of T1-weighted and FLAIR MRI exams. We
would like to investigate the added value of incorporating PET modality into the
model since it is another useful imaging modality available for patients. However,
for healthy individuals, undergoing PET scans, which involves radiation exposure,
is not advisable. The development of synthetic PET data in this case, mimicking
those of healthy populations, emerges as a promising alternative.

Our first contribution consists in exploring strategies to generate synthetic PET
images from T1 MRI. We showed that artificial PET scans can serve as a valuable
addition to original PET and improve the detection abilities of the unsupervised
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2 Introduction

detection model. We further investigated if synthetic PET can be used as a substi-
tution for real PET images in case of incomplete training set: we simulate in the
experiments a situation where only T1 images for training set are available and we
complement the model with synthetic PET (also referred to as fake PET) images to
train the detection system. Our results demonstrate that generated PET images are
indistinguishable from real ones, and play an essential role in tackling the missing
modality challenge.

The second contribution consists in determining the optimal strategy to combine
multiple imaging modalities in the unsupervised detection model originally pro-
posed in Alaverdyan et al., 2020. We explore if integrating images at different stages
- early, in the middle or late at the output level - significantly impacts the model’s
performance in detecting subtle epileptogenic lesions. Our key finding is that late
fusion showed the highest number of true detections when we combined all avail-
able modalities, namely T1, FLAIR and PET (both real and synthetic images). By
optimizing the fusion strategy, this research contributes to more accurate localiza-
tion of epileptogenic zones, potentially leading to improved patient outcomes and
tailored surgical interventions.

This work is divided into two main parts. Part I provides an examination of the
recent advancements in deep learning applied to medical imaging, with a specific
focus on brain image analysis presented in Chapter 1. The following chapter 2 fo-
cuses on existing fusion strategies in medical imaging, highlighting the strengths
and weaknesses for every level of fusion methodology. Chapter 3 delves into a me-
thodical overview of approaches for addressing missing data challenges, placing a
strong emphasis on the generation of synthetic images. In 4 we describe elements
of CAD systems designed for brain pathology detection, offering an exploration of
epilepsy and the role of different imaging modalities contributing to the detection
and understanding of epilepsy. We also give a review of existing CAD systems for
epilepsy detection. We provide a problem formulation and proposed approaches
in chapter 5. Finally, we present the clinical datasets that were used throughout this
work as well as an overview of the baseline unsupervised detection model in chapter
6.

In Part II, we introduce the main contributions of this work. Chapter 7 describes
the principal and main components of generative adversarial networks (GAN) that
serve as basis for the synthesis of PET from T1 MRI images. It is followed by de-
scription of out-of-distribution (OOD) techniques we applied to ascertain whether
synthetic data closely resemble real images. It also contains the details of the exper-
imental part regarding the training of GAN models for the synthesis of PET images
from T1 MRI, OOD evaluation and use of these generated synthetic PET images in
the epilepsy CAD model. Chapter 8 presents the results obtained with the proposed
CAD system on the combination of T1, FLAIR and PET data with 3 fusion strategies,
discussion regarding the best performing strategy and the best approach to incorpo-
rate information from multiple imaging modalities. The manuscript ends with the
key takeaways and offers directions for the potential future research work.
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Part I

Medical and scientific context
(State-of-the-art)
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Chapter 1

Deep learning for medical imaging

Deep learning (DL) is a set of learning methods attempting to model data with
complex architectures combining different non-linear transformations. Biologically-
inspired neural networks enable computers to learn from observational data and are
the key bricks of deep learning. They are composed of multiple layers to learn hid-
den representations of data with multiple levels of abstraction. Each of these layers
performs non-linear transformations of input data before passing it on to another
layer, and in this way, very complex functions are learned. We can, thus, formulate
the goal of a neural network as to approximate some function f to map an input x to
a category y: y = f (x; θ), where θ are the learnable parameters that result in the best
function approximation (Figure 1.1). Typically, the network is represented by com-
posing together many functions. The estimation of the parameters is obtained by
minimizing a loss function on some training data with a gradient descent algorithm.

The simplest form of a neural network - perceptron - was designed to perform
binary classifications. Its structure comprises a single layer of input nodes directly
connected to an output node, which makes it a type of feedforward network. Fur-
ther evolution of neural network architectures led to the development of the mul-
tilayer perceptron (MLP). The MLP introduces one or more hidden layers of nodes
between the input and output layers, enabling it to learn nonlinear functions. While
MLPs are powerful, they are not well-suited for tasks that require understanding the
spatial relationships between data points, such as image recognition. This is where
convolutional neural networks (CNNs) come into play. Their appearance has rev-
olutionized the domain of computer vision and image processing. CNNs are able
to successfully capture the spatial and temporal dependencies in an image through
the application of relevant filters, they can detect features regardless of their spatial
location, enhancing the robustness of solutions. Through the use of shared weights
and pooling layers, CNNs significantly reduce the number of parameters that need
to be trained lowering the computational cost. Compared to traditional machine
learning algorithms, deep learning autonomously identifies meaningful representa-
tions without requiring the specialized knowledge of domain experts, thus enabling
non-experts to effectively utilize deep learning techniques.

In past years, deep learning has been widely used in the medical domain, achiev-
ing remarkable performance in many medical imaging applications. Its success has
mostly become possible thanks to the availability of big data for a particular task
and the advances in computer hardware and software allowing computers to per-
form an increasing number of tasks that have not been possible before. DL excels at
recognizing complex patterns in images and provides a quantitative assessment in
an automated fashion. It has found its use in such tasks as:

— medical image registration [Fu et al., 2020]

— segmentation [Tajbakhsh et al., 2020]
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6 Chapter 1. Deep learning for medical imaging

FIGURE 1.1 – General representation of a neural network.

— reconstruction [G. Wang et al., 2021]

— classification [C. Wang et al., 2021]

— generation [Islam et al., 2020]

— detection and decision support tools [Chan et al., 2020]

— and others [S. K. Zhou et al., 2021]

Integrating DL-based systems as an assisting tool for physicians into clinical
workflows has started showing more accurate assessments [Alowais et al., 2023]. As
an example, deep learning algorithms were shown to perform comparably with cer-
tified screening radiologists in detecting lesions in mammograms Kooi et al., 2017.
In D. Li et al., 2021 it has been shown that deep learning model trained on multipara-
metric magnetic resonance imaging (mpMRI) and whole-mount histopathology data
improve the diagnosis of prostate cancer in both junior and senior radiologists. A
deep-learning algorithm has been applied in Venkadesh et al., 2021 for malignancy
risk estimation of pulmonary nodules detected at low-dose screening CT. This DL
algorithm demonstrated excellent performance, comparable to thoracic radiologists,
with the potential to provide reliable and reproducible malignancy risk scores for
clinicians.

Regarding brain disorders, the analysis of neuroimaging data has advanced sig-
nificantly in the past years, further enhanced with the development of deep learning
methods [Avberšek et al., 2022]. There has been extensive development of brain im-
age analysis to devise imaging-based diagnostic and classification systems of strokes
[Y. Yu et al., 2020], psychiatric disorders [Quaak et al., 2021], neurodegenerative dis-
orders [Zaharchuk et al., 2018], demyelinating diseases [C. Huang et al., 2022]. Our
work is dedicated to the problem of epilepsy detection, there has been a lot of at-
tempts to apply deep learning techniques to develop a model able to accurately iden-
tify and predict epileptic seizures from various types of medical data [Shoeibi et al.,
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2022]. Many challenges are associated with epileptic seizure detection, such as data
availability, extensiveness and differences of seizure patterns. We mostly attempt to
tackle two main problems in the context of epilepsy detection, but our findings and
contributions may also be applied in other domains of medical imaging.

It is noteworthy that the majority of these solutions have been addressed with
supervised learning approaches, meaning that the models were trained on a labeled
dataset. Gathering annotated datasets, especially in medical domain poses a sig-
nificant challenge due to privacy and ethical concerns, limited time of healthcare
professionals, diverse data across multiple institutions etc. These challenges have
motivated methodological developments:

1. in the domain of weakly or unsupervised deep learning

2. in generation of synthetic data to have better use of incomplete clinical datasets
(i.e. with missing modalities)

3. to benefit from multiple imaging modalities.

Non fully-supervised methods

DL methods rely on good annotations, the systems we mentioned above exploit
supervised approaches to solve particular tasks. Supervised learning, however, is
not always possible to apply not only because of lack of well-annotated data, but
in some cases, the training set is not sufficient to account for the complexity of the
task. For example, this is a case in detecting brain pathologies when the lesions
are subtle and vary largely in their shapes and textures. Thus, weakly supervised,
semi-supervised and unsupervised methods come in handy.

Weakly supervised learning is a subset of machine learning techniques that lies
between supervised and unsupervised learning. It involves training models on a
dataset where the annotations are incomplete, inexact, or uncertain. This approach
is particularly valuable in scenarios where obtaining fully labeled data is too costly,
time-consuming, or challenging. Weakly supervised learning aims to leverage the
available, albeit imperfect, annotations to learn meaningful patterns, structures, or
relationships within the data [M. Liu et al., 2019, Ren et al., 2023].

Semi-supervised machine learning approaches are particularly useful when one
has a large amount of input data but only a small portion of it is labeled. The key
idea behind semi-supervised learning is to leverage the large volume of unlabeled
data, in addition to the labeled data, to improve learning accuracy and model perfor-
mance. This approach is based on the assumption that the distribution of unlabeled
data can provide additional information that is beneficial for learning the structure
of the dataset or for making more accurate predictions [Chebli et al., 2018, Rieu et al.,
2021, Jiao et al., 2023]. In semi-supervised learning, both labeled and unlabeled data
are used during the training process. The labeled data are used to guide the learn-
ing process with explicit instructions, while the unlabeled data are used to extract
hidden structures or patterns that can help in improving learning accuracy. One of
the main challenges in semi-supervised learning is ensuring that the unlabeled data
actually contributes positively to the learning process. There is a risk that incorrect
assumptions about the data distribution or incorrect pseudo-labels generated by the
model could lead to decreased performance.

Unsupervised machine learning is a type of machine learning where algorithms
are trained on datasets without labels [Raza et al., 2021]. Unsupervised learning fo-
cuses on identifying patterns, structures, or features within the data itself. It is often
used for exploratory data analysis to find hidden patterns or grouping in data.
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8 Chapter 1. Deep learning for medical imaging

Synthetic data generation and usage.

Medical imaging has certain traits that influence the way we propose deep learn-
ing solutions. One of the issues is associated with annotations of medical images.
The labels we get from physicians are sparse and noisy due to inconsistency, their
acquisition is a time-consuming and expensive process. Therefore, the establishment
of gold standards for image labeling remains an open question.

Deep learning models thrive on large volumes of data, which they use to learn
the complex patterns and nuances inherent in medical images. Developing robust
models requires a large amount of high-quality and diverse data. However, there
are limited numbers of publicly available datasets, and most neuroimaging datasets
have been limited to small-scale collections. Another limitation comes from the fact
that patient data is highly sensitive and subject to strict privacy laws and regula-
tions. Giving these challenges, the necessity for synthetic data in medical imaging
emerges. Methods to supplement real medical data to overcome the hurdles as-
sociated with privacy, standardization, annotation, and access to data received in-
creased interest and popularity. Adding synthetic data may produce good results
when training neural networks, but a lack of trust towards these methods prevails
in the community. Thus, in our work, we focus not only on generating synthetic im-
ages (namely, PET modality for healthy subjects) but also on methods that explore
the nature of such data. As it has been show in a work of Skandarani et al., 2023,
synthetic data might not always be suitable for training deep models even if they are
nearly indistinguishable from real data.

In chapter 3 we provide an overview of latest advanced algorithms in the field of
medical imaging generation, and show later in 7 how synthetic images can be used
for an epilepsy detection task. We indeed show a case when adding generated im-
ages might not lead to improvements of the model, and in what scenario synthetic
images demonstrate superior performance compared to a model trained solely on
real images.

Usage of multiple imaging modalities.

Different medical imaging modalities have been used in clinical applications
strengthening the the clinical precision, as different modalities bring new insights
and highlight various aspects of pathological conditions. When it comes to epilepsy
detection, combining structural information from MRI with functional insights from
PET or EEG can provide a more accurate picture of the epileptogenic zone. The
challenge lies in effectively processing and merging heterogeneous data, requiring
sophisticated algorithms and models tailored to capture the complementary infor-
mation each modality provides.

To improve the performance of deep models that can also deal with multiple
imaging modalities, it is required to investigate the ways for efficient image fusion.
This often leads to robust information processing that can reveal information that is
otherwise invisible to the human eye [James et al., 2014].

Chapter 2 covers the latest research in multimodal medical image fusion tech-
niques. We demonstrate later in 8 how we integrated MRI and PET images at differ-
ent stages of the model, and discuss the best approach.
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Chapter 2

Usage of multimodal images

2.1 Fusion of multimodality images (State-of-the-art)

Combining medical images from different modalities has been proven very ef-
ficient in improving diagnosis performance of expert clinicians. It has also shown
a growing tendency for many tasks of medical image processing and analysis in-
cluding segmentation, or the development of diagnosis or prognosis models. As
exemplified in Figure 2.1, different modalities offer different information. MR im-
ages (here T1 and FLAIR images) provide detailed images of the organs and soft tis-
sues within the body without radiation, Computed Tomography (CT) shows bony
structures with high resolution, functional images, such as Positron Emission To-
mography (PET) and Single-Photon Emission Computed Tomography (SPECT) can
provide quantitative metabolic and functional information about diseases [T. Zhou,
Ruan, et al., 2019]. Multi-modal images have found their usage in the training of
neural networks. Extracting features from different modalities and bringing com-
plementary information indeed leads to better data representation and thus better
discriminative power of the neural models.

FIGURE 2.1 – Example of several modalities (sagittal plane) for one
subject: coregistered T1 MRI, FLAIR MRI, CT and [18F] FDG PET im-
ages. Illustration from Mérida et al., 2021 licensed under CC BY-NC-

ND 4.0 (https://creativecommons.org/licenses/by-nc-nd/4.0/).

In general, the fusion strategies of different imaging modalities or inputs are
categorized into three groups: Early fusion (input-level fusion), intermediate fusion
(layer-level fusion), and late fusion (decision-level fusion). Figure 2.2 depicts the
mechanism of these different scenarios.

2.1.1 Early fusion

The first strategy consists of merging the modalities at the beginning so that the
input to the model consists of their combined representations. The input can be the
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10 Chapter 2. Usage of multimodal images

FIGURE 2.2 – The generic network architecture for 3 main fusion
strategies. Illustration from T. Zhou, Ruan, et al., 2019 licensed un-

der CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

raw imaging data or features relevant to each modality. The straightforward ap-
proach would be to concatenate the input from different modalities. The input-level
fusion would be beneficial when the multimodal inputs are homogeneous. In this
context, ’homogeneous’ refers to the degree of compatibility and similarity in the
characteristics of imaging data, homogeneity can be assessed in terms of spatial res-
olution, contrast patterns, and the specific anatomical or pathological information
each modality emphasizes. Images are considered homogeneous if they present a
unified representation where the features of interest are consistently enhanced across
modalities. Non-homogeneous images may lead to misalignment of anatomical fea-
tures across modalities, the model may struggle to extract relevant features due to
the conflicting information presented by the heterogeneous inputs, potentially lead-
ing to poorer performance. It’s essential to evaluate how similar the image char-
acteristics are and whether any preprocessing steps are needed to harmonize the
modalities before fusion. When addressing homogeneity, it’s crucial to differentiate
between homogeneity within a single modality and across different modalities: the
lack of homogeneity between different modalities, such as between T1 and FLAIR
images, is inherent and expected due to the different physical principles and acquisi-
tion parameters underlying each modality. This difference is not only acceptable but
also advantageous, as each modality provides complementary information, how-
ever, homogeneity within a modality is essential for reliable analysis.

An additional benefit of early fusion is that only one learning model is trained
as opposed to other approaches, reducing computational complexity and resource
requirements. However, this approach might face limitations in the case of hetero-
geneous data.

Early fusion has been used in various medical applications. T1w, T2w, pro-
ton density-weighted (PDw), and FLAIR MRIs were joint as channels in Brosch
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et al., 2016 for multiple sclerosis lesion segmentation. In a work of Thung et al.,
2017, a challenging problem has been solved, namely, multi-class classification of
Alzheimer’s patients with incomplete data. Here, three prediction tasks associated
with different combinations of imaging modalities were learnt jointly to improve the
performance of each task. MRI and PET data were used from the Alzheimer’s Dis-
ease Neuroimaging Initiative (ADNI) dataset where PET data have far less number
of samples compared with MRI data. There are two sets of neurons in the input
layer, each of which receives data from one modality. The output layer consists of
three sets of neurons, which correspond to three different classification tasks - clas-
sification using only MRI data, classification using only PET data, and classification
using MRI+PET data. The model uses categorical crossentropy as the loss function
for each classification task and trains the network iteratively and subnet-wise, ad-
justing the network weights based on the modality data available for each specific
task. This study demonstrates that the performance of the multi-task deep learning
model is enhanced when combining the tasks over training a single model using lim-
ited T1+PET datasets with the improvement of classification accuracy from 62.4% to
65.8%.

Not only imaging data can be combined at the early stages, but other source data
as text, handcrafted features, or 1D signals. Kiela et al., 2019 presented a supervised
multimodal bitransformer (this type of architecture will be covered in the next sec-
tions) that jointly finetunes unimodally pretrained text and image encoders. MRI
images were combined with patients’ information in Bhagwat et al., 2018, or X-ray
images with patient data in LIU, 2018. In Engemann et al., 2020 MRI and fMRI were
combined with MEG for prediction of age. In Vaghari et al., 2022 MEG proved to
improve the classification of mild cognitive impaired patients from normal controls
when combined with MRI data.

2.1.2 Intermediate fusion

By concatenating image modalities at the input of the network, it is assumed that
the relation between different modalities is simple, which is not always the case. In
the intermediate fusion, we train different neural networks, each trained on one
imaging modality, and join features from intermediate layers to create a new fea-
ture representation that is inputted to the final model at hand. The advantage of
this approach is that only a single learning model is trained while the difficulty of
combining heterogeneous inputs is diminished. Spasov et al., 2018 for the classifica-
tion of Alzheimer’s disease (AD) patients and Yala et al., 2019 for breast cancer risk
prediction implemented convolutional neural networks to learn image features and
fused these feature representations with clinical features before feeding them into a
feed-forward neural network. In both works, simple concatenation was used to fuse
imaging and clinical features. Reported results showed an improvement in perfor-
mance using fusion compared to image-only models. A framework of three-stage
deep neural network was proposed in T. Zhou, Thung, et al., 2019 for AD diagnosis
using MRI, PET, and genetic data. Direct concatenation was not possible here since
PET exam was missing for many patients, and also because images are continuous
and low-dimensional while genetic data are discrete and high dimensional. First,
latent representations (high-level features) for each modality were learnt indepen-
dently in the first stage. Then, in the second stage, latent feature representations for
each pair of modality combination (e.g., MRI and PET, MRI and SNP, PET and SNP,
where SNP stands for single nucleotide polymorphism) were learnt and fed to the
third stage that was trained to predict the diagnostic labels.
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To better account for the complexity of multi-modal data, in Dolz et al., 2018, MRI
data were combined in a middle fusion manner to solve a problem of intervertebral
disc segmentation. Such an intermediate fusion strategy was shown to outperform
the early fusion based on segmentation metric (Dice score).

A combination of early and intermediate fusion is presented in a work of L. Chen
et al., 2018 in the context of brain tumor segmentation. Patches from FLAIR and T2
MRI are concatenated as the first input branch of a network, and T1 with T1-CE are
combined together in a second branch. The first pathway performs a binary classifi-
cation that segments the whole tumor from the background, this segmentation map
is later combined with the second pathway (features extracted from T1 and post con-
trast T1-weighted images) to be fed into a 4-class softmax classifier (background, the
necrotic and non-enhancing tumor (NCR/NET), peritumoral edema (ED) and GD-
enhancing tumor (ET)), the final output from the model, thus, involves the hierarchi-
cal segmentation of different brain tumor regions. It was shown that the improved
information flow extracts better features compared to traditional networks.

An interesting approach was proposed in W. Zhang et al., 2021 for MRI brain
tumor segmentation. They proposed to use an autoencoder with 4 encoders (one
encoder for each of 4 MRI modalities) to perform one-to-one feature extraction, and
later merge the feature maps of the four modalities into one decoder. Their method
demonstrated superior performance in the BraTS 2020 Challenge achieving high
Dice scores comparable with state-of-the-art models.

2.1.3 Late fusion

For the last strategy called late fusion, each modality serves as an individual in-
put for separate networks whose outputs are then merged to get the final results.
Each network thus is designed to learn the complementary information from each
modality independently. Usually, the final output is based on such aggregation func-
tions as averaging, majority voting, weighted voting or a meta-classifier based on
the predictions from each model. The choice usually depends on the nature of the
task and is made empirically. Another option is to train an additional model on the
decisions of the trained models for each modality to output the final decision.

In Nie et al., 2016, late-fusion strategy was applied in the context of tissue seg-
mentation of infant brain. T1, T2, and fractional anisotropy (FA) images were used
for training fully convolutional networks (FCN) individually for each modality and
then features from the last layer were fused. Results were compared with those
gained from a FCN model that combines 3 modalities as input and other commonly
used segmentation methods with a single modality image as an input. The pro-
posed multimodal late fusion FCN model was shown to perform better in terms of
Dice ratio than the other unimodality models or the multimodality one based on
early fusion.

A combination of early and late fusion was done in G. Wang et al., 2017, where
MR T1, T1c, T2 and FLAIR image modalities (from BraTS 2017 dataset) were fused
at the input level for brain tumor segmentation. Three networks (WNet, TNet, and
ENet) were used to hierarchically and sequentially segment substructures of brain
tumor, each network dealt with a binary segmentation problem. WNet was respon-
sible for segmenting the whole tumor from the multi-modal MRI volumes. This
includes the primary tumor mass along with any surrounding edema. TNet took
the output of WNet (the whole tumor region) to focus on the tumor core, which
excludes the edema and segments the more solid parts of the tumor. ENet further
refined the segmentation by focusing on the enhancing tumor core, which is usually
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indicative of the most aggressively growing tumor areas and is delineated using the
output from TNet. Additionally, each of the networks was trained in axial, sagittal
and coronal views to maximize the accuracy of the segmentation. During the testing
time, predictions in these three views were fused to get the final segmentation. It has
been shown that fusion helps to reduce the noise of the segmentation and improve
segmentation accuracy. Kamnitsas et al., 2017 also applied the late fusion strategy
to solve a problem of brain tumor segmentation on BraTS 2017 dataset. Three net-
works were trained separately to average the confidence of the individual networks.
The final segmentation was obtained by assigning each voxel with the highest con-
fidence. For the majority voting strategy, the final label of a voxel depends on the
majority of the labels of the individual networks.

Qiu et al., 2018 trained three independent VGG-like networks that took as an
input a single MRI slice (each from a specific anatomical location). Max, mean and
majority voting were applied to aggregate predictions and perform the binary clas-
sification task between mild cognitive impairment and normal cognition. In the end,
predictions from the three base models were combined by applying another major-
ity voting to generate a final prediction of the multimodal fusion model. The fu-
sion model showed improvements in performance when compared to models that
used only one single modality. In the study by Reda et al., 2018, the methodol-
ogy employed for diagnosing prostate cancer involved the use of prostate-specific
antigen (PSA) screening results, alongside MR-based features, through a two-stage
classification framework. Initially, a K-nearest neighbor classifier was utilized to
convert PSA screening results into diagnostic probabilities. These probabilities were
then combined with probabilities derived from MR-based features, specifically the
cumulative distribution functions of apparent diffusion coefficients from diffusion-
weighted MRI, as inputs. A stacked nonnegativity constraint sparse autoencoder
was trained with these combined probabilities to classify the prostate volume as be-
nign or malignant.

In Z. Guo et al., 2018, all three fusion schemes were investigated with the ob-
jective of enhancing the segmentation accuracy for soft tissue sarcoma. The perfor-
mance of single modality networks based on PET, CT or T1 were way beyond results
from the network that used fusion. Feature-level (input-level) fusion and classifier-
level (layer-level) fusion both showed comparable performance, however, experi-
ments demonstrated that bad training samples could result in unstable performance
and decreased robustness for the early fusion strategy.

2.1.4 Fusion based on Attention Mechanism

Depending on the medical task, not all features extracted from the encoding part
may be useful. In recent years, there has been research in finding effective ways to
fuse features that are most informative. To this end, attention mechanisms have been
introduced. It is mainly divided into three sub-categories: spatial attention model,
channel attention model, spatial and channel hybrid attention model. The goal of
the first type of attention mechanism is to identify the most significant spatial loca-
tions within the data that are crucial for the task at hand. Channel attention models
define the importance of each feature channel and then either enhance or suppress
it depending on the task. The integration of these two attention mechanisms allows
learning the importance of each channel and the importance of each spatial localiza-
tion in the image respectively.
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Oktay et al., 2018 proposed an attention U-net, which uses the channel attention
mechanism to fuse the high-level and low-level features for CT abdominal segmen-
tation. Attention gates (AGs) in the decoding part of the U-Net filter the features
propagated through the skip connections improving the model’s sensitivity to fore-
ground pixels, and the segmentation quality as a result. Mathematically, AG is de-
fined as: for each pixel vector xl

i ∈ RFl (where Fl is the number of feature maps in
layer l), attention coefficients αi ∈ [0, 1] identify salient image regions and the output
from the AG can be seen as the element-wise multiplication of the input feature map
and attention coefficients as x̂l

i = xl
i · αi.

A three-stage segmentation network with an attention mechanism at a fusion
level was proposed by T. Zhou et al., 2020. At first, four MRI imaging modalities
(Flair, T1, T1c, T2) serve as input to a 3D-Unet model to get rough segmentations of
brain tumor. After post-processing, this segmentation map serves as a context con-
straint for the following multi-encoder based fusion model. In this network, each
imaging modality is encoded by a single encoder to obtain the individual latent rep-
resentations, and the context constrain provides boundary information to refine the
segmentation result, then the five encoders (one for the context constraint received
after the first step and four encoders for each of the imaging modalities) are fused
into the shared representation space with the fusion block. With the assistance of
the attention mechanism, the feature representation is separated along channel-wise
and space-wise, so that the most informative feature is obtained as the shared latent
representation. Finally, the fused latent representation is decoded by the decoder to
obtain the final segmentation result.

A correlation model (CM) was introduced in T. Zhou et al., 2021 to learn latent
multi-source correlation representation from multiple MRI sources for brain tumor
segmentation. Each input modality is encoded by an individual encoder to obtain
the individual representation. The proposed correlation model and fusion block
(as described above) project the individual representations into a fused representa-
tion, which is finally decoded to form the reconstructed images and the segmenta-
tion result. The correlation model consists of two parts: Model Parameter Estima-
tion (MPE) and Linear Correlation Expression Module (LCE module). The MPE is
a neural network with two fully connected layers and LeakyReLU that maps the
modality-specific representation fi(Xi|θ), where Xi is input modality and θ denotes
the parameters of an encoder, to a set of independent parameters αi, βi, γi, δi, also
individual for every modality. The correlation representation is then obtained with
the help of the LCE Module as:

Fi(Xi|θi) = αi ⊙ fi(Xi|θi) + βi ⊙ fk(Xk|θk) + γi ⊙ fm(Xm|θm) + δi, (i ̸= j ̸= k ̸= m)
(2.1)

The correlation representations obtained from CM for every modality are then con-
catenated to form an input for a fusion block with an attention mechanism.

Ranjbarzadeh et al., 2021 proposed to use a novel Distance-Wise Attention (DWA)
mechanism used for brain tumor segmentation based on multi-parametric MRI. The
DWA module explores distance-wise dependencies in each slice of the four em-
ployed modalities for the selection of useful features.

J. Yu et al., 2021 proposed a CT and MRI image fusion method for healthy ab-
dominal organ segmentation. Firstly, the network called VoVet effectively extracts
features by utilizing four One-Shot Aggregation (OSA) modules, a residual branch
in OSA and a channel attention module added to backbone to establish the inter-
dependence between channels. VoVNet outputs multi-scale features that go to the
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feature fusion (FF) module to get an aggregation feature (M) that integrates multi-
scale context information. Finally, the mixed domain attention module is used after
the FF module to enhance the interdependence of channels and the interdependence
of location information and to produce the final segmentation.

Jiang et al., 2020 proposed a Max-Fusion U-Net for pathology segmentation given
aligned multi-modal images. Modality-specific features are extracted by dedicated
encoders and the attention mechanism. D. Li et al., 2022 presented multi-modality
MRI fusion U-Net for cardiac pathology segmentation. Three dedicated encoders
were used to extract independent specific modal features, and one fusion encoder
with the channel attention to fuse specific modal information from the three inde-
pendent encoders.

L. Xu et al., 2020 introduced a global spatial attention mechanism in CNNs for
medical image classification. This attention mechanism is designed to differentiate
between important and unimportant pixels across all images in a dataset, based on
their intensities, using a binary classification approach. This enables the network to
focus on areas within the images that are more relevant for making accurate predic-
tions, thereby improving the performance of the CNN by enhancing feature selection
during the learning process.

2.1.5 Conclusion

Choosing an effective fusion strategy for deep learning is still an important issue.
Methodologically, each of them has its advantages and disadvantages, and rarely
all three methods have been investigated for the same task on the same dataset.
The early fusion strategy concatenating modalities to form the input space is pre-
vailing, but it does not exploit the relationships among the different modalities. In
contrast, for intermediate fusion, the connection among different layers can capture
complex relationships between modalities. The late fusion strategy usually achieves
better performance compared to the early fusion, especially for segmentation tasks
[T. Zhou, Ruan, et al., 2019], with one single network learning independent feature
representation from different modalities but at a cost of memory and computational
time. In medical practice, it is not rare to face missing or incomplete data, when some
patients have only clinical data available or lack or particular imaging modality. In
such case, late fusion retains the ability to make predictions, since aggregation func-
tions (majority voting or averaging) can be applied even in case of missing modality.
Late fusion is favorable in this scenario, as it considers each modality separately.
Attention-based mechanisms demonstrate improvements in model’s predictions re-
moving insignificant regions while suppressing extracted features when used at the
intermediate levels or at the decoding layers to modulate the spatial focus.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



17

Chapter 3

Learning with missing data

3.1 Ways of dealing with missing data

In medical practice, physicians usually use the information of different imaging
modalities. However, certain modalities may be missing caused by various reasons
from different protocols used at different time or institutions, patient inability to
perform some exam or to institutions not providing data. The ability to overcome
such issue would lead to more unbiased and statistically valid image analyses. Re-
moving subjects with incomplete data will result in discarding a large amount of the
acquired data and may lead to significant reduction of training samples.

The first strategy to deal with missing data is called imputation. Here missing
values are replaced by some reconstructed values based on a mathematical assump-
tion of the distribution of the original data. Such approach has been used to deal
with missing parametric data. For example, a comparative study of different im-
putation techniques for filling missing records in the ADNI (Alzheimer’s Disease
Neuroimaging Initiative) data set on classification task has been conducted in Cam-
pos et al., 2015. The results showed that training classifiers with imputed data is
better than constructing a predictive model with a reduced number of subjects with
complete records. However, traditional imputation techniques are not suitable for
large-scale high-dimensional datasets.

Dealing with missing imaging modalities can be grouped into three categories:

— Train a model on available modalities only

— Synthesize missing modalities and use a further complete set of modalities for
model training and performing the final task

— Fuse available modalities in a latent space and learn a shared feature represen-
tation

Recently, several approaches have been proposed to synthesize missing modali-
ties that we will consider further in this chapter. We start by reviewing some refer-
ences of the last category of methods that perform fusion of the available modalities
and imputation of the missing ones in a lower dimensional latent representation
space. Exploiting latent feature representation may be beneficial as, in that case, we
do not depend on the quality of synthetic imaging modality.

The state-of-the-art method has been proposed in Havaei et al., 2016 introduced
the seminal Hetero-Modal Image Segmentation (HeMIS) architecture for brain tu-
mor segmentation. In this method, each modality is initially processed by its own
convolutional pipeline, independently of all others. The architecture for processing
each modality is conceptually the same, ensuring that each modality’s information is
captured before fusion. Then, feature maps from all available modalities are merged
by computing mapwise statistics. The mean and variance calculated across modal-
ities provide a statistical summary of the information present across the different
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inputs. This approach allows the network to effectively combine information from
available modalities, compensating for any missing ones by leveraging the statisti-
cal properties (mean and variance) of the modalities that are present. In the end, the
mean and variance feature maps are concatenated and fed into a final set of convo-
lutional stages to obtain a segmentation. Any subset of available modalities can be
provided as input, so that this method is robust to missing modalities.

Another algorithm for the same task of brain tumor segmentation has been pro-
posed by Y. Zhu et al., 2021. They designed a brain tumor segmentation algorithm
that is robust to the absence of any modality. Here each modality is also processed
individually by its own encoder. The Cascade Supplement Module (CSM) is em-
ployed to augment the features of missing modalities by leveraging both simple op-
erations and a cascading technique to generate diverse shared features. This mod-
ule specifically addresses the challenge of missing data modalities in brain tumor
segmentation by filling in these gaps. Following this, the Modality Fusion Module
(MFM) takes over, where the enhanced features from CSM along with the original
modalities are combined. The MFM utilizes a sophisticated selection mechanism
to selectively integrate these features, thereby optimizing the process. Ultimately,
this results in a refined fusion of features, significantly boosting the accuracy and
robustness of the brain tumor segmentation outcome.

As stated above, the strategies to handle missing modalities include synthesizing
the missing one or learning a modality-invariant feature space.

3.2 Synthesis of missing data

When acquisition is infeasible or limited, generating missing modalities instead
of incurring an actual scan, can be beneficial. Various networks and architectures
have been proposed in recent years for this task.

3.2.1 Variational Autoencoders

The first group of networks is based on Variational Autoencoders (VAEs). Origi-
nally proposed by Kingma et al., 2013, Variational Autoencoder (Figure 3.1 consists
of an encoding and a decoding part just like the classical autoencoder, however, the
fundamental difference is that the VAE learns the distributions of latent variables
(variables that are part of the model, but which we don’t observe, and are not part of
the dataset) based on their mean values (µx) and variances (σx), thus providing the
generative capability to the entire space.

Such model was used in a work of Pesteie et al., 2019 as an effective data aug-
mentation technique to synthesize medical data. The effectiveness has been demon-
strated on ultrasound images of the spine and MRI images of the brain.

3.2.2 U-net

U-Net was proposed in Ronneberger et al., 2015 for biomedical image segmenta-
tion. This artificial neural network uses the auto-encoder structure with skip connec-
tions. The advantage of such connections is that the spatial information lost during
maxpooling operations in the encoding branch can be recovered. The encoder is
designed to extract features from the images and the decoder is designed for up-
sampling and constructing the image segmentation by using those extracted spatial
features. The architecture of the network is presented in Fig. 3.2. Most studies em-
ploying U-net follow the above architecture with some variants and improvements.
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FIGURE 3.1 – The Variational Autoencoder architecture. Here, the
approximation function qθ(Z|X) is the probabilistic encoder, and the

conditional probability pϕ(x|Z) is a decoder.

One of the first attempts to apply U-net-like architecture for image synthesis was
by X. Han, 2017. Synthetic CT scans were derived from MR images, and their quality
was evaluated on a set of brain tumor patient images for which real CT scans existed.
U-net has become an inspiration for the encoding part of the deep convolutional
network for synthesis of MR images in a work of Chartsias et al., 2017.

In Sikka et al., 2018, it was shown that 3D convolutional U-Net managed to
produce realistic PET from T1 MRI data, that were used further for multimodal
Alzheimer’s disease classification (using only MRI gave 70.18% of accuracy while
joint classification using synthetic PET and MRI resulted in 74.43%).

In Kalantar et al., 2021, U-net was used as a baseline to synthesize T1-weighted
MRI images from pelvic CT scans. The results showed that despite U-net generated
relatively realistic predictions for pelvic slices consisting of fixed and bony struc-
tures, the synthetic T1 MRI appeared to be blurry and locally unrealistic for de-
formable pelvic structures. The other type of neural networks, namely generative
adversarial networks (GAN) has shown better performance for this task, and we are
going to describe it in the next subsection.

3.2.3 Generative adversarial networks

In recent years, Generative Adversarial Networks (GANs) have become increas-
ingly popular due to their powerful ability to produce photorealistic images. The
GAN architecture was first described in Goodfellow et al., 2014. Its basic structure
3.3 consists of the generator that we train to generate new examples, and the discrim-
inator that tries to distinguish examples being real or fake. Two models are trained
simultaneously and compete against each other.

To train a GAN, the following optimization problem that the discriminator is
trying to maximize and the generator is trying to minimize must be solved:

min
G

max
D

V(D, G) = E
x∼pdata

[log D(x)] + E
z∼pz

[log(1− D(G(z)))] (3.1)

Following the main idea of GAN networks, J.-Y. Zhu et al., 2017 proposed a new
approach to translate images from a source domain to a target domain in the absence
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FIGURE 3.2 – The U-Net architecture

FIGURE 3.3 – The basic GAN scheme: z is a vector samples from a
distribution pz, the generator G takes z as input and transforms this
vector into a sample x, the discriminator D tries to distinguish gener-

ated samples from samples from the real distribution pdata.

of paired examples, and it is called CycleGAN (figure 3.4) which is based on the
combination of adversarial losses 3.1 and cycle-consistency loss 3.2:

Lcyc(GA, GB) = Eya ∼ preal [∥ y′a − ya ∥1] + Eyb ∼ preal [∥ y′b − yb ∥1], (3.2)

where y′a = GA(GB(ya)) and y′b = GB(GA(yb))
The key element of a CycleGAN is a cycle consistency that assumes that an im-

age yA from domain A can be translated to a domain B and back, thus the original
yA image should be similar to a reconstructed image y′A. Two cycles are trained si-
multaneously, one from domain A to domain B and back, and one from domain B to
domain A and back.

In H. Yang et al., 2018, CycleGAN was used for brain MR-to-CT synthesis us-
ing unpaired data. In addition to an adversarial loss and a cycle-consistency loss,
a structure-consistency loss has been proposed. The structure-consistency loss is
designed to ensure structural consistency between synthetic and input images by
mapping these images into a common feature domain using a modality-independent
structural feature, specifically the Modality Independent Neighbourhood Descriptor
(MIND). This loss enforces the extracted MIND features in the synthetic image to be
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FIGURE 3.4 – CycleGAN consists of two generators (Ga, Gb) and two
discriminators (Da, Db). The generators translate images from do-
main A to domain B and vice versa. The discriminators try to dis-
tinguish between real and synthetic samples in each domain. An ad-
ditional L1-losses determine whether samples are consistently recov-

ered after cyclic translation.

voxel-wise close to those extracted in the input image. It is calculated using the L1
norm across all voxels in the non-local region around each voxel, thus measuring the
difference between the MIND features of synthetic and input images and ensuring
that these features are closely aligned. The model generated better synthetic CT im-
ages than the conventional CycleGAN and produced results similar to a CycleGAN
trained with paired data.

CycleGAN has been adapted for medical applications in Armanious et al., 2019
with the inclusion of two new non-adversarial losses: the cycle-perceptual loss aims
to minimize perceptual discrepancies and enhance the global consistency of the out-
put images by calculating the mean absolute error (MAE) between feature maps
extracted from the input and the cycle-reconstructed images using a pre-trained fea-
ture extractor network; the cycle-style loss, on the other hand, focuses on matching
the texture style and fine details between the input and cycle-reconstructed images.
It is computed by calculating the feature map correlations over the depth dimension,
represented by the Gram matrices, and then calculating the weighted average of the
squared Frobenius norm of these matrices (here, The Gram matrix is used to measure
the similarity between all pairs of vectors in a given set of vectors. It represents the
inner products between all pairs, capturing the angles and magnitudes of these vec-
tors in relation to each other. The Frobenius norm is a measure used to quantify the
size of a matrix, calculated as the square root of the sum of the absolute squares of its
elements). Together, these losses guide the generator architectures to produce out-
puts with minimized perceptual and textural discrepancies, leading to more detailed
and higher quality translated images. Cycle-MedGAN framework has been used in
a context of PET-CT translation and MR motion correction. For the quantitative
comparison, metrics such as Peak Signal to Noise Ratio (PSNR), Structural Similar-
ity Index (SSIM), Learned Perceptual Image Patch Similarity (LPIPS) and Visual In-
formation Fidelity (VIF) were used with outperforming results for Cycle-MedGAN
compared to Cycle-GAN (corresponding metrics are 0.9115 vs 0.8963, 24.08 vs 23.35,
0.4275 vs 0.3831, 0.2233 vs 0.2561).
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A Sketcher-Refiner GAN model was proposed in Wei et al., 2019 to get PET-
derived demyelination from multimodal brain MRI. While the sketcher part gener-
ates an image with global anatomical information, the refiner one pays more atten-
tion to lesional areas, thus allowing to better learn complex relationship between
the two domains. This study also demonstrated better performance when including
more MR modalities as inputs.

A 3D approach for PET synthesis from T1 MRI was proposed in Yaakub et al.,
2019 with a GAN model where the generator is based on a residual U-Net and the
discriminator is a convolutional network similar to what has been used in previ-
ous works but in 3D. The model was trained on patches of size 32x32x32. Generated
PET images were compared to those produced by U-Net and high-resolution dilated
CNN. 3D GAN model was shown to outperform the two other models based on
mean absolute error (MAE) and PSNR metrics. The generated PET images served for
the identification of hypometabolism in epilepsy patients. Real PET images from pa-
tients were subtracted from pseudo-normal PET images produced by the proposed
GAN model to detect regions of hypometabolism. This approach was shown to out-
perform standard statistical parametric mapping (SPM) showing high sensitivity in
MRI-positive and MRI-negative patients.

A 3D auto-context-based locality adaptive multi-modality generative adversarial
networks model (LA-GANs) was proposed in Y. Wang, Zhou, et al., 2018 to synthe-
size high-quality FDG PET image from low-dose PET (L-PET) with the accompa-
nying MRI images, namely T1-MRI and diffusion tensor image (DTI), that provide
anatomical information. Instead of treating each image modality as an input channel
and apply the same kernel to convolve the whole image, the authors proposed a new
mechanism to fuse multi-modality information so that the weight of each imaging
modality can vary with image locations for better serving the synthesis of full-dose
PET (F-PET). The whole pipeline looks as following: the locality-adaptive fusion
network takes an L-PET, a T1-MRI, an FA-DTI and an MD-DTI images as inputs,
and generates a fused image by learning different convolutional kernels at different
image locations. Then the generator is trained to produce a synthetic F-PET from the
fused image, while the discriminator subsequently takes a pair of images to distin-
guish between the real and synthetic pairs. In as second phase, the synthetic F-PET
images generated from the LA-GANs for all training samples are used as context
information, together with the original images of each modality to train a new auto-
context LA-GANs model, which further refines the synthesized F-PET image. The
training is done on image patches of size 64x64x64. Compared to a model trained on
L-PET only, the authors show that employing L-PET together with T1 allows achiev-
ing slighlty better performance, with PSNR improved from 24.29 to 24.58 and the
SSIM increased from 0.982 to 0.985, respectively, for normal controls.

In Flaus et al., 2023, the authors trained a U-Net-based adversarial network to
generate synthetic pseudo-normal FDG PET images from MR T1 images of control
subjects. In a second phase, they used this generative model to generate control-
like pseudo-FDG PET images from MR T1 exams of epilepsy patients, which were
then subtracted from the patient’s true FDG PET images to localize hypometabolic
regions. This method was shown to outperform standard statistical parametric map-
ping (SPM) analysis.

As a conclusion, GAN-based architectures have been extensively used for med-
ical image synthesis with good performance. One potential limit is that GANs are
made from CNNs, where convolutions operate in a fixed-sized window with a lo-
cally receptive field and thus cannot capture long-range dependencies and second,
convolutional operation cannot flexibly adopt for different inputs because of fixed
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weights of the convolution filter after training. Transformers have been proposed
as an interesting alternative to CNN to remedy to these limitations. The following
section relates recent state of the art transformer-based model for medical image
synthesis.

3.2.4 Transformers

The models we have seen so far are based on convolutional neural networks that
include an encoding and a decoding parts. Another approach for transformers that
are based solely on attention mechanism is proposed by Vaswani et al., 2017. They
have become dominant in the field of natural language processing (NLP), but their
demonstrated exemplary performance led to a great interest for computer vision
applications [Khan et al., 2021].

Transformers are based on a self-attention mechanism that learns the relation-
ships between elements of a sequence. Dosovitskiy et al., 2020 kept the key elements
and principals of a transformer, but applied it for image classification task. In that
case, an input sequence becomes a set of image patches. The structure of such a
Vision Transformer (ViT) is given in Figure 3.5.

FIGURE 3.5 – Overview of a vision transformer.

The key element of the transformer’s encoder is a multi-head attention that con-
sists of several attention mechanisms (called "Scaled Dot-Product Attention" in the
original paper) running in parallel. The basic scheme of such a concept is repre-
sented in Figure [3.3]. Given a sequence of items (or image patches) self-attention
estimates the relevance of one item to all other items through a set of mathematical
operations. Let’s define the input sequence as X ∈ Rn×d, where n is a total number
of items and d is the embedding dimension that represents each item. The input
sequence X is first projected onto three vectors, namely, Keys (K), Queries (Q) and
Values (V) through corresponding learnable weights matrices WK, WQ, WV . The
matrix of outputs is computed as:

Attention(Q, K, V) = so f tmax(
QKT
√

dk
)V (3.3)

The self-attention computes the dot-product of the query with all keys, followed
by the normalization using softmax operator to get the attention scores.

Multi-head attention allows the model to attend to information from different
representation subspaces at different positions. It is calculated as:
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FIGURE 3.6 – Self-attention mechanism in the ViT. Given the input
sequence, the vectors of Keys, Queries and Values are calculated fol-
lowed by attention calculation and applying it to reweight the values.
A single head is shown here and an output projection (W) is applied

to get output features of the same dimension as the input.

MultiHead(Q, K, V) = Concat(head1, ..., headh)W, (3.4)

where headi = Attention(QWQ
i , KWK

i , VWV
i )

Watanabe et al., 2021 proposed a model called Generative Image Transformer
(GIT), focused on generating and transforming SPECT images characteristic of Parkin-
son’s disease. The input consists of 40 superior slices of 3D volume SPECT images,
and the output consists of the 51 sequentially generated rest of the inferior slices,
including transformed images from healthy to Parkinson’s disease-like characteris-
tics. GIT utilizes a transformer model architecture based on transformer decoder
blocks. It includes pre-layer normalization, multi-head attention, residual connec-
tions, and position-wise feed-forward phases, with a total of 16-layer transformer
decoder blocks. Attention blocks are located within the transformer decoder layers,
where they are used for capturing dependencies without regard to their distance in
the input sequence.

Vision transformers are highly promising for the goal of image synthesis since at-
tention operators learn contextual features that should improve sensitivity for long-
range interactions. Recent studies consider hybrid architectures or computation-
efficient attention operators to adopt transformers in medical imaging tasks. In Luo
et al., 2021, the objective of the research is to reconstruct standard-dose PET (SPET)
image from low dose PET (LPET) thus obtaining clinically acceptable PET images
while reducing the radiation exposure. The proposed solution called MEaTrans-
GAN exploits advantages of both GANs and Transformer networks: CNN-based
GANs can describe the local spatial features, and transformers are good at captur-
ing the long-range semantic information. In this work, the generator is designed as a
CNN-based encoder for the compact feature representation extraction, followed by a
transformer encoder (TransEncoder) to capture the long-range dependencies, and a
CNN-based decoder for restoring the reconstructed SPET image. Quantitative anal-
ysis demonstrates the MEaTransGAN model’s significant advancement over exist-
ing methods, including the Transformer-GAN, in terms of PSNR and NMSE metrics.
This highlights the effectiveness of incorporating anatomical information from T1-
MRI into PET reconstruction, which is reflected in the improved PSNR from 24.818
to 25.426 for NC subjects and from 25.249 to 26.041 for MCI subjects, respectively

In X. Zhang et al., 2021, a novel MRI synthesis framework was proposed, namely,
Pyramid Transformer Net (PTNet) to synthesize T1w scans using good-quality T2w
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scans . PTNet’s architecture consists of transformer layers, skip-connections, and
a multiscale pyramid representation. It mimics the classical U-Net structure and
inherit the skip connection, but CNN-based encoder/decoder is replaced by so-
called performer-based encoder/decoder. Performer is an attention-based architec-
ture similar to transformer but with a simplified self-attention model, thus requiring
less computation than a standard transformer. The proposed model was compared
with pix2pix and pix2pixHD (the conditional GAN for high-resolution image syn-
thesis) for the task of generating T1w scans from T2w scans. SSIM and PSNR were
calculated on test dataset and showed superiority of the PTNet model.

Dalmaz et al., 2022 proposed a generative adversarial approach called ResViT for
multi-modal medical image synthesis. ResViT is an adversarial model with a hybrid
CNN-transformer architecture as generator and a conditional PatchGAN as discrim-
inator. The generator in ResViT is based on an encoder-decoder architecture with a
central information bottleneck in the middle. The encoder and decoder comprise
convolutional layers to maintain local precision and inductive bias in learned struc-
tural representations, while the information bottleneck comprises a stack of novel
aggregated residual transformer (ART) blocks. ART blocks organised as the cas-
cade of a transformer module learn contextual representations, and synergistically
fuse CNN-based local and transformer-based global representations. ResViT was
applied for synthesizing missing sequences in multicontrast MRI, and CT images
from MRI and was shown to outperform several state-of-the-art convolutional and
transformer models in PSNR and SSIM metrics.

Another hybrid architecture is used in Shin et al., 2020. The authors built a gen-
erative adversarial network by utilizing the Bidirectional Encoder Representations
from Transformers (BERT) architecture, namely GANBERT, to generate PET images
from MRI images. A U-Net like architecture first generates PET from T1-MRI input
in 3D (the input image has a size of 256x256x256). Next, BERT acts as the GAN dis-
criminator trying to predict if the next sequence (here, images are “summarized” to
text-like sequences) is “real” or “generated” PET. Quantitative evaluation demon-
strated superiority of a GANBERT model over a pix2pix-GAN [Isola et al., 2017]
showing higher values for PSNR, SSIM and Root-Mean-Square Error (RSME) met-
rics.
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Chapter 4

CAD systems for brain pathology
detection

Computer aided detection (CAD) is a technology designed to decrease observa-
tional oversights, and consequently the false negative rates of physicians interpret-
ing medical images. CAD systems could assist physicians in many ways, from pro-
viding quantified image metrics and calculating probabilities of diagnoses to detect-
ing and segmenting abnormalities. This section delves into the fundamental princi-
ples underlying CAD systems.

Initially, we explore the general principles of CAD systems, key components, and
the role they play in automating the detection and interpretation of brain patholo-
gies. Next, our focus shifts to the heart of CAD system efficacy: the ways of the
models are trained. Supervised models, with their ability to learn and predict based
on labeled datasets, offer a direct route to identifying known patterns of pathology.
Conversely, unsupervised models, which discern structures and relationships in un-
labeled data, present opportunities for uncovering novel insights and unknown pat-
terns within complex imaging datasets. We then dive deeper into the latest CAD
systems for epilepsy starting with the description of epilepsy as a disease and end-
ing with a detailed literature review of the state of the art CAD systems for epilepsy
detection.

4.1 Overview of a CAD system

A typical CAD system includes the following steps: image pre-processing, fea-
ture extraction and statistical model design (using machine learning or a deep learn-
ing algorithm).

Image pre-processing
Before inputting images into a CAD model, they are usually processed first to

make models robust. Common pre-processing steps in medical imaging may in-
clude denoising, bias field correction, registration, normalization and standardiza-
tion, etc. [Masoudi et al., 2021].

Feature extraction
A feature extraction is a process of dimensionality reduction of the region of in-

terest (ROI) for analyzing images. It includes modifying the image from the lower
level of pixel data into higher level representations. From these higher level repre-
sentations, we can gather useful information while effectively reducing the amount
of data. The features may be learned automatically by using deep learning architec-
tures for a specific task.

Statistical model design
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FIGURE 4.1 – Schema of a general CAD-system pipeline.

Statistical model design refers to the development of data-driven models, which
are essentially statistical models tuned on a training dataset. This tuning process
involves adjusting the models’ hyperparameters based on an objective function, a
loss function, that evaluates the model’s performance. The essence of this approach
is to create a decision function that processes an input feature vector and outputs a
decision variable, effectively making predictions based on the provided data.

The selection of a specific class of models is inherently task-dependent (regres-
sion, classification, etc.). The nature of the available data significantly influences this
choice. The data may be fully labeled, partially labeled, or entirely unlabeled, cor-
responding to supervised, semi-supervised, or unsupervised learning paradigms,
respectively. These paradigms dictate the type of loss function to be minimized dur-
ing the hyperparameter tuning process.

By selecting the model and tailoring the loss function to the specific task and data
at hand, it is possible to design a statistical model that optimally addresses the prob-
lem, ensuring that the hyperparameters are tuned to enhance model performance
and decision-making accuracy.

CAD systems for the analysis of brain neuroimaging data are desirable as a “sec-
ond opinion” to assist radiologists in interpreting images. In the next sections, we
will observe the main trends in developing such CAD systems depending on the
type of model training. In neuroimaging, many different medical problems can be
addressed with deep learning methods. One of the most common tasks is segmen-
tation of the brain’s anatomical structures, for analyzing brain changes, measuring
and visualizing, for delineating pathological regions. Brain Tumor Segmentation
(BRATS) challenge [Baid et al., 2021] has become a popular competition, increas-
ing the dataset and expanding the scope of proposed problems every year. Among
the winning solutions, we can find an encoder-decoder architecture with a dynamic
scale attention mechanism [Yuan, 2020], nn-Unet based [Luu et al., 2022], 3D-Unet-
like architectures in Demoustier et al., 2022, and with additional attention mecha-
nism in Akbar et al., 2022.

Segmentation tasks take place when precise discrimination of tissue types is
needed. In this work, we focus on a detection problem where pathological lesions
can be very subtle and may not be easily identified and outlined by experts. In
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the next sections, we go through reviews of important works concerning detection
problems in neuroimaging.

4.2 Supervised approaches for brain lesion detection

In supervised learning, the model is trained using a labeled dataset. We consider
a training set to be composed of pairs (x1, y1), ..., (xn, yn), where xn ∈ Rk = X are
feature vectors and yn ∈ Y the corresponding label classes. Then we can introduce
the function f (x, θ) that maps the input to the output, such as X → Y, with θ being
a set of parameters that best approximates the function’s output. Typical tasks that
are solved with supervised deep learning methods in medical image processing are
segmentation, classification, detection. Below we observe several applications of su-
pervised DL for brain pathology which are commonly used for clinical purposes.

Multiple sclerosis (MS) is a chronic autoimmune, inflammatory neurological dis-
ease. The diagnosis of MS is rather complex, but today’s clinical practice includes
brain MRI scans of different modalities (T1, FLAIR, etc.) to visualize and detect le-
sions. MS lesions can appear with varying characteristics, they vary greatly in size,
ranging from a few millimeters to several centimeters in diameter. Early in the dis-
ease, lesions may be more subtle and harder to detect, while in later stages, they can
be more pronounced and easier to identify. Detection of MS lesions is important for
the optimal treatment, and one of the ways is to segment lesions.

Numerous datasets have been made publicly available for researchers and clin-
icians. The most noticeable ones are: ISBI challenge dataset [Carass et al., 2017]
includes MRI data from multiple time points for each subject, accompanied by ex-
pert annotations of white matter lesions associated with MS, the dataset comprises
training data from five subjects (average of 4.4 time-points per subject) and test data
from fourteen subjects (also averaging 4.4 time-points per subject); the Multiple Scle-
rosis Segmentation (MSSEG) Challenge dataset [Commowick et al., 2018] contains
MRI data from 53 MS cases sourced from four different centers, the dataset is di-
vided into a training set of 15 patients, available for algorithm development, and a
testing set of 38 patients, reserved for evaluation, each case was annotated manually
by seven different experts; MSSEG-2 [Commowick et al., 2021] contains 100 new MS
patients (40 patients for training, 60 patients for testing), lesions are manually anno-
tated by four expert neuroradiologists, followed by a consensus formation through
senior expert review and majority voting.

A number of automatic segmentation techniques have been proposed for tissue
segmentation in MS. The first group of methods focuses only on lesion segmentation
[Roy et al., 2018 where they used the public ISBI challenge dataset as well the private
one, Salem et al., 2021 with experiments conducted on private dataset, Alijamaat et
al., 2021 focused their research on the MSSEG dataset]. However, volumes of gray
and white matter and cerebrospinal fluid are also affected by the MS, robust esti-
mation of tissue volumes is necessarily as well. Thus, the second group of methods
focuses on both tasks - brain and MS lesion segmentation [Gabr et al., 2020 tested
their algorithm on public dataset, McKinley et al., 2021 used MSSEG dataset and the
private one for the experimental part].

Measuring myelin content can potentially allow multiple sclerosis to be detected
earlier. Wei et al., 2019, Wei et al., 2020 tracked the progression of demyelination in
MS patients with the help of [11C]PIB PET-derived images from the Sketcher-Refiner
GAN and Conditional flexible self-attention GAN respectively. Another approach
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has been implemented with GAN-based model and multimodal images for MS seg-
mentation in C. Zhang et al., 2018: the generator consists of two encoding paths for
T1 and FLAIR modalities and one decoding path that led to the MS segmentation
mask, and it tries to produce a mask as close to the ground truth as possible fulling
the discriminator.

The cerebral small vessel disease (CSVD) is another brain pathology associated
with abnormalities related to small blood vessels in the brain. It can cause such
consequences as dementia or stroke. On MRI, it can be seen in a form of lacunes,
white matter hyperintensities (WMH), small subcortical infarcts, prominent perivas-
cular spaces, cerebral microbleeds, and atrophy [Wardlaw et al., 2013]. Several deep
learning models for CSVD detection have been applied [Hsieh et al., 2019, Duan et
al., 2020, Shan et al., 2021]. Hsieh et al., 2019 utilized a dataset from Taipei Medical
University-Shuang Ho Hospital, comprising MRI images of 50 middle-aged stroke
patients, Duan et al., 2020 trained their model on a diverse collection of MRI scans
from 1,500 patients, further tested on 30 patients selected at random, encompass-
ing T1-weighted, T2*, DWI, and FLAIR sequences, meanwhile, Shan et al., 2021 an-
alyzed FLAIR imaging data from 1,156 patients diagnosed with CSVD-associated
WMH, collected from Beijing Tiantan Hospital over a year.

Intracranial carotid artery calcification (ICAC) is one of the atherosclerotic plaque
features, that can be an easily identified on computed tomography scans. ICAC is
associated with ischemic stroke [Bos et al., 2014] and cognitive decline, and linked
to an increased risk of dementia [Bos et al., 2015], therefore, its detection and assess-
ment is important in clinical practice. Bortsova et al., 2021 used ensemble networks
on noncontrast CT scans to produce probability maps representing network confi-
dence in classifying pixels as ICAC. Ultrasound images of the carotid artery were
used to train and test the Capsulenet model in Lai et al., 2022 to classify image as
normal or abnormal.

The last brain pathology we would like to cover in this section is Parkinson’s
disease (PD). Early detection and monitoring of the disease leads to improvement
in the life of the patients. MRI scans of the brain are widely used for this purpose.
Chakraborty et al., 2020 focused on the detection of PD patients as a binary classifi-
cation problem of MRI scans based on a 3D convolutional neural networks. In Bhan
et al., 2021, a 2-class classification task was modeled with the LeNet-5 CNN archi-
tecture to distinguish between healthy controls and PD subjects. A hybrid model
combining numerical symptoms assessments and MRI images was proposed in S.
Zhu, 2022 showing that the model can successfully diagnose and classify Parkin-
son’s disease patients into five categories based on the severity of the disease.

4.3 Unsupervised approaches

The deep architectures described in the previous subsection achieve impressive
the state-of-the art results, however, they require large annotated data sets for train-
ing. The nature of brain pathologies is highly variable, and well-annotated repre-
sentative data sets may not be available. Subtle pathological brain regions can be
heterogeneous and are more easily described as abnormalities, i.e. defined by their
deviation from the characteristics of healthy tissue, than by specific features. To this

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



4.3. Unsupervised approaches 31

end, unsupervised learning approaches come in handy, where input data are not la-
beled, and no known result is given to the model to train. In this part, we will go
through the same brain pathologies and tasks observed in the previous section, but
solved with unsupervised deep learning methods.

A variety of works are based on using variations of autoencoders since they are
not using labeled data, and their goal is usually to minimize reconstruction error
based on a loss function. The key principle is to learn the healthy anatomy through
representation learning. If we have a set of normal subjects X ∈ RD×H×W , then the
autoencoder learns to project it to and recover it from a lower dimensional space
Z ∈ RK. Such models assume that the autoencoder trained on normal data only will
not be able to reconstruct anomalies contained in the patient images. At inference,
the anomaly map is obtained by computing the error between the original data and
the pseudo-normal data reconstructed by the autoencoder.

The state-of-the-art results of such architectures are currently achieved by vari-
ational autoencoders (VAE) [Baur, Denner, et al., 2021]. A comprehensive study by
Hassanaly et al., 2023 evaluates the efficacy of seventeen VAE-based approaches in
identifying anomalies in 3D Brain FDG PET images, specifically targeting abnormal-
ities associated with Alzheimer’s disease and other dementias. VAEs have been used
in Baur et al., 2018, Vogelsanger et al., 2021 for MS lesion detection in brain MRI, in
Chatterjee et al., 2022, Zimmerer et al., 2019 for tumor detection, in You et al., 2019
for brain tumor and stroke detection. In a work of Baur, Wiestler, Muehlau, et al.,
2021 it has been shown that the unsupervised method based on the autoencoder and
trained on normal subjects performed similarly to the supervised U-Net.

Yoo et al., 2018 used an unsupervised model for detecting multiple sclerosis
pathology on normal-appearing brain tissues using a latent hierarchical myelin-T1w
feature representation. It consists of two modality-specific deep belief networks, one
for myelin features and the other for T1 features, which are fed into a joint network
that learns multimodal features. Gained features are later used to train a random
forest that distinguishes each patch being MS patients or a normal subject.

A patch-based unsupervised pipeline was proposed in Muñoz-Ramırez et al.,
2021 to detect Parkinson’s disease. For this purpose, a comparative study has been
conducted to define what works better, a spatial auto-encoder or a patch-fed siamese
auto-encoder (SAE).

GANs also found their use in solving anomaly detection tasks.

C. Han et al., 2021 used a medical anomaly detection GAN to reconstruct multi-
ple adjacent brain MRI slices to detect brain anomalies at different stages on multi-
sequence structural MRI.

Simarro Viana et al., 2020 used a 3D GAN that detects and localizes traumatic
brain injury abnormalities in non-contrast CT images.

An abnormal-to-normal translation generative adversarial network (ANT-GAN)
was proposed by Sun et al., 2020. It generates a normal looking MRI brain images
based on their abnormal-looking counterpart without the need for paired training
data, so in a corresponding image the lesion is “removed”.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



32 Chapter 4. CAD systems for brain pathology detection

4.4 CAD systems for epilepsy

4.4.1 Description of epilepsy

According to the World Health Organization (WHO), epilepsy is a chronic dis-
ease of the brain that affects people of all ages. Around 65 million people are affected
worldwide, which makes epilepsy one of the most common, chronic and serious
neurological diseases [Thurman et al., 2011]. Epilepsy is characterized by enduring
epileptic seizures and by neurobiological, cognitive, psychological and social con-
sequences of the condition. Overall, about 70% of patients achieve seizure freedom
with an appropriate treatment [Moshé et al., 2015], which usually involves taking
antiepileptic drugs on a long-term basis. The remaining part of 30% who do not re-
spond to the initial antiepileptic drug is referred as drug-resistant patients. As many
as one-third of patients will have a refractory form of disease indicating the need
for a neurosurgical evaluation, and resection would be more effective for medically
intractable epilepsy (MIE) than anti-epileptic drugs (AED) treatment alone [Ramey
et al., 2013].

Temporal Lobe Epilepsy
Temporal Lobe Epilepsy (TLE) is the most common form of MIE and comprises

about 80% of epilepsy surgeries [Ramey et al., 2013]. The surgical treatment of TLE
has been the most widely practiced and researched. According to Cendes et al.,
2014, hippocampal sclerosis (HS) is considered the most frequent histopathology
encountered in patients with TLE. The International League Against Epilepsy (ILAE)
subdivides HS into three types. The hippocampus is located in the medial temporal
lobe and is formed by the interlocking neuronal bands of the dentate gyrus and the
hippocampus proper (also known as the "cornu ammonis" = CA)[Malmgren et al.,
2012]. The CA areas are all filled with densely packed pyramidal cells having four
subfields (CA1–4) (Fig. 4.3). Around 20% of TLE cases do not show significant
neuronal cell loss with only reactive gliosis, this group of patients is refereed to as
“gliosis only, no-HS”.

FIGURE 4.2 – Hippocampal subfields. (A) demonstrates a section
of the hippocampus from a neurologically normal patient and (B)
from a patient with a temporal lobe epilepsy. The subregions of the
hippocampus are marked from CA1 to CA4 (CA = cornu ammo-
nis). In the epileptic hippocampus (B), sclerosis is evident - there
is a hardening or scarring of tissue, particularly visible as a sharp
cutoff between the atrophied CA1 sector and the intact subiculum
(SC). Illustration from Malmgren et al., 2012 licensed under CC BY

4.0 (https://creativecommons.org/licenses/by/4.0/).
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Type 1 refers to severe neuronal cell loss and gliosis predominantly in CA1 and
CA4 regions, while it is usually CA1 predominant neuronal cell loss and gliosis for
the type 2, and CA4 predominant neuronal cell loss and gliosis for the type 3.

Malformations of cortical development
The development of the cerebral cortex results from complex and overlapping

processes of cellular proliferation, differentiation, and apoptosis, of migration, and
development of neuronal connections. The term malformation of cortical develop-
ment (MCD) describes the structural abnormality resulting from any defect affecting
any stage of this development [Raybaud et al., 2011]. MCDs are also an important
cause of epilepsy, particularly in children.

Focal cortical dysplasias (FCD) belong to the large spectrum of malformations
of cortical development [Guerrini et al., 2015]. They are the most common structural
brain lesion in children with drug-resistant focal epilepsies. The ILAE classification
system of FCDs has a three-tier system [Kim et al., 2019]. This system is composed
of isolated FCDs (FCD type I and II) and variants associated with other (potentially)
epileptogenic lesions (FCD type III).

For the type I FCD, the lesions are dyslamination and disrupted organization of
tissue architecture, but with morphologically normal neurons and glial cells. Type I
FCD is further divided into subtypes Ia (Cortical dyslamination only, with an abnor-
mal radial organization), subtype Ib (Cortical dyslamination, plus giant or immature
neurons, with abnormal tangential layering). The combination of both conditions
will be classified as FCD type Ic. The FCD type II variants are characterized by the
presence of cortical dyslamination and dysmorphic neurons without (FCD type IIa)
or with balloon cells (FCD type IIb). The definition of FCD type III is cortical dys-
lamination abnormalities associated with a principal lesion, usually adjacent to or
affecting the same cortical area/lobe. It is also divided into several subtypes: FCD
type IIIa (cortical lamination abnormalities in the temporal lobe associated with hip-
pocampal sclerosis), FCD type IIIb (cortical lamination abnormalities adjacent to a
glial or glioneuronal tumor), FCD type IIIc (cortical lamination abnormalities adja-
cent to vascular malformation), and FCD type IIId (cortical lamination abnormali-
ties adjacent to any other lesion acquired during early life, for example, trauma, is-
chemic injury, encephalitis). Magnetic resonance imaging techniques have provided
a non-invasive way for the characterization of some forms of FCDs. According to
the findings in Urbach et al., 2021, only FCD type II have distinctive MRI: it may
demonstrate an increased cortical thickness, blurring of the gray/white matter junc-
tion, abnormal gyral/sulcal pattern. For the FCD type I, the cortex is only little
altered so that these lesions are hardly visible with MRI and thus often considered
as “non-lesional”. Still, they may show blurring of the gray/ white matter junction.
FCD type IIIa may show white matter hypoplasia and white matter blurring, but
nothing has been discovered for the other subtypes.

MRI abnormalities of FCD are often subtle, often overlooked, and their visibility
on MRI depends on the FCD type. Between 15 to 30% of patients with drug-resistant
epilepsy are considered as MRI negative, meaning that no structural lesion is identi-
fied [Duncan et al., 2016]. However, it comprises patients without a MRI lesion and
those, in which a subtle MRI lesion is overlooked.

Periventricular nodular heterotopias (PNHs) are another type of MCD related
to neuronal migration disorders, frequently associated with drug-resistant epilepsy
[Mirandola et al., 2017]. The term “heterotopia” describes apparently normal cells,
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FIGURE 4.3 – FLAIR images of a patient with two FCD type IIa in the
right cingulate gyrus. Illustration from Urbach et al., 2021 licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

but in an abnormal position. In case of PNHs, misplaced neurons are located in the
white matter along the ventricle walls and are organized in a nodular structure. Het-
erotopic nodules may vary in their size, number, and localization along the ventricle
system. They are sometimes associated with other cerebral malformations, such as
FCD.

Polymicrogyria (PMG) is an epileptogenic malformation of cortical develop-
ment. PMG refers to the excessive gyration or microfolding of the cerebral cortex
[Shain et al., 2013]. It may be bilateral or unilateral and may occur in a variety of to-
pographic regions, the most common of which is the perisylvian region. On the MRI,
a proportion of PMG malformations include relative hypoplasia of cortical volume
in the cortex of affected regions, white matter abnormalities.

4.4.2 Epileptogenic zone localization. Clinical protocol

A “seizure” is a paroxysmal alteration of neurologic function caused by the ex-
cessive, hypersynchronous discharge of neurons in the brain [Stafstrom et al., 2015].
The area of cortex that generates seizures is called the epileptogenic zone (EZ). One
of the challenges in epilepsy evaluation is the successful identification of the EZ. Var-
ious tools and techniques can be applied to that purpose, including imaging meth-
ods, mainly MRI and PET, as well as electroencephalogram (EEG), mostly performed
with implanted electrodes in intracranial EEG (iEEG) and sometimes associated with
video recordings of seizures. A patient can be recommended for surgery in case of
a relevant structural lesion detection that is consistent with the results of video EEG
telemetry [Duncan et al., 2016]. If no relevant lesion on MRI is found for a patient,
FDG PET is a useful next imaging technique that can possibly reveal an area of hy-
pometabolism. Subsequent investigations such as SPECT, electrical source imaging
(ESI), magnetic source imaging (MSI), and simultaneous EEG and fMRI (EEG-fMRI)
are recommended in case nothing has been detected with the two previous imaging
methods. Each method could appear useful in localization of the seizure source.

The role of MRI and PET imaging in the lesion localization
Brain imaging has a crucial role in the evaluation of a person with seizures.

Success of a resective surgery depends on the correct localisation of the epilepto-
genic zone, therefore, preoperative investigations are vital. According to Rüber et
al., 2018, MRI constitutes a necessary, albeit not sufficient part of the presurgical
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routine for epilepsy patients. MRI is more sensitive than CT and is therefore pre-
ferred, especially for the detection of cortical malformation, or hippocampal scle-
rosis [Stafstrom et al., 2015]. Standard clinical protocols for epilepsy should in-
clude T1-weighted, T2-weighted, and fluid-attenuated inversion recovery (FLAIR)
images. Three-dimensional (3D) sequences with isotropic voxels (cube-shaped vox-
els of identical length on each side or image plane) of 1 mm or less are recommended
[Bernasconi et al., 2019]. FLAIR images have shown an accuracy of 97% for detecting
abnormalities associated with hippocampal sclerosis (HS)[Cendes, 2013]. The MRI
features of HS include reduced hippocampal volume, increased signal intensity on
T2-weighted imaging, and disturbed internal architecture [Malmgren et al., 2012].

Diffusion-weighted imaging (DWI) is another form of MR imaging that repre-
sents diffusion of water molecules. While it is more sensitive to acute changes in
stroke and encephalopathy, DWI hyperintensity has also been reported after status
epilepticus - a seizure with 5 minutes or more of continuous clinical and/or elec-
trographic seizure activity or recurrent seizure activity without recovery between
seizures [Yokoi et al., 2019]. Diffusion tensor imaging (DTI) - a specific type of mod-
eling of the DWI datasets - is another MRI sequence applied for intractable epilepsy
detection. It reveals subtle alterations in white matter microstructure proximal and
distal to the epileptic focus [Leyden et al., 2015]. In work of Park et al., 2019, grey
matter (GM) anatomical features from structural MRI data, and white matter (WM)
anatomical features from diffusion MRI were used as markers to discriminate TLE
patients from the healthy controls.

The detection of subtle lesions, however, remains challenging, as they can be
missed during standard visual inspections of the images. While up to 87% of FCD
type I is present on images, this figure is only 33% for the FCD type II [So et al.,
2015].

Studies show that PET scans serve as a confirmatory test, especially for MRI-
negative patients [Willmann et al., 2007]. Using FDG-PET and high-resolution MRI
(HR-MRI) co-registration in patients with MRI-negative refractory extra-temporal
lobe epilepsy can improve the identification of the epileptogenic onset zone [Ding
et al., 2018]. FCD include changes in gyral size, abnormal gyral shape, decreased
cortical T1 intensity, increased T2 signal, and poor gray and white matter differen-
tiation [Wong-Kisiel et al., 2018]. Positron emission tomography with fluorine-18
fluorodeoxy-glucose ([18F]FDG) is an important tool to define the onset zone and to
better understand the functional alterations induced by various forms of epilepsy.
The epileptogenic focus in the interictal phase usually appears as a hypometabolic
area on [18F]FDG-PET. A meta-analysis of the studies evaluating the impact of PET
imaging was done in a work of [Willmann et al., 2007]. A sensitivity of 70–85% for
[18F]FDG-PET in patients with TLE have been reported [La Fougère et al., 2009].
[18F]F-FDG PET has proved highly sensitive for the detection of FCD type II. It
demonstrated the localization of FCD type II in 83% of patients in [Desarnaud et
al., 2018] by integration of electroclinical data and coregistered PET and MRI.

Kikuchi et al., 2021 explored the diagnostic accuracy for the epileptogenic zone
detection in focal epilepsy and concluded that FDG-PET/MRI scans (Figure 4.4) pro-
vide higher visual capabilities than standalone MRI or FDG-PET/CT, since it is a
simultaneous acquisition of both anatomical and functional information.
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FIGURE 4.4 – Comparison of different examinations of a patient with
FCD, type Ib: (a) PET from PET/CT, (b) CT, (c) PET/CT, (d) PET
from PET/MRI, (e) FLAIR, (f) PET/MRI. Illustration from Kikuchi
et al., 2021 licensed under CC BY 4.0 (https://creativecommons.org/

licenses/by/4.0/).

4.4.3 State of the art CAD systems for epilepsy detection

Recent ML/DL applications for epilepsy include automatic seizure detection
from clinical data, pre-surgical planning, prediction of medical and surgical out-
comes [Abbasi et al., 2019]. Some of the works are based on EEG data with the goal
to identify epilepsy seizures on the EEG signals and perform a classification between
normal and abnormal signals, linked to epilepsy. The proposed solutions utilize
2D-CNNs [Akut, 2019, San-Segundo et al., 2019, Türk et al., 2019], long short-term
memory recurrent neural networks (LSTM-RNN) [Hussein et al., 2018, Bouallegue
et al., 2020, Najafi et al., 2022]. The latest work achieved a 96.1% accuracy, a 96.8%
sensitivity, and a 97.4% specificity in distinguishing normal subjects from subjects
with epilepsy.

In the works utilizing imaging sources for epilepsy detection different kinds of
features are extracted.

The majority of CAD systems for epilepsy detection are based on neuroimaging
data. The development of these systems can be divided into two main directions:

1. Patient-level discrimination. This task consists of discriminating patients with
epilepsy from healthy controls. A number of studies address this question
with the help of SVMs [Keihaninejad et al., 2012, Bharath et al., 2019, J. Huang
et al., 2020, B. Zhou et al., 2020, S. Chen et al., 2020]. From 84% to 97.6% of
accuracy was possible to achieve. In B. Zhou et al., 2020, the authors utilized a
combination of features derived from structural MRI (sMRI) and resting-state
functional MRI (rs-fMRI) data. From sMRI, three measures were extracted:
gray matter (GM), white matter (WM), and cortical thickness. From rs-fMRI,
two measures were used: amplitude of low-frequency fluctuation (ALFF) and
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regional homogeneity (ReHo). These five measures, encompassing both struc-
tural and functional aspects of the brain, were then combined to provide inte-
grated information for the classification model.
The latter work of S. Chen et al., 2020, in fact, uses the combination of SVM
and voxel-based morphometry (VBM) that is a neuroimaging technique that
investigates focal differences in brain anatomy. The core process of VBM is
segmenting the brain into grey matter, white matter, and cerebrospinal fluid
[Nemoto, 2017]. The features used for the SVM classification were derived
from regions where gray matter volume (GMV) abnormalities were detected
through VBM analysis. The volumes of these abnormal regions were calcu-
lated for each participant and served as the features in the SVM model.
Neural networks have also been exploited for the classification task [Si et al.,
2020, M.-H. Lee et al., 2020, Nguyen et al., 2021]. Though these works show
the potential of machine/deep learning methods, the clinical use of the differ-
entiation between healthy subjects and patients with epilepsy is limited. Thus,
the next two directions appear to be more clinically important.

2. Lateralization of the TLE foci. Establishing the laterality of the epileptogenic
focus with as much certainty as possible is an important task in the preoper-
ative evaluation of patients with TLE. Most of the research works utilize ma-
chine learning methods such as SVM applied on morphometric features (us-
age of the ratio of parahippocampal gyrus volumes to hippocampal volumes,
derived from T1-weighted MRI led to 100% of lateralization accuracy in hip-
pocampal sclerosis and 91% of accuracy in TLE [Keihaninejad et al., 2012]),
structural connectivity from DTI [Fang et al., 2017], morphological features
from T1 [Mahmoudi et al., 2018], morphological features T1, T2 and FLAIR
modalities [Bennett et al., 2019], FLAIR and PET signals respectively [Beheshti
et al., 2020a, Beheshti et al., 2020b]. The later work stated that FDG-PET and
single-photon emission computed tomography can robustly identify TLE pa-
tients when the MRI is negative.

3. Localization of the epilepsy foci. Various applications of machine learning
have been proposed for lesion identification. The task is more challenging and
the majority of works focuses on FCD epilepsy detection. Tables 4.1 - 4.3 sum-
marize the current methods for the identification of epileptogenic foci, with
the majority of works focusing on FCD detection.

One of the biggest challenges when developing data driven models that local-
ize the epileptogenic region is getting a ground truth. While ground truth labels
are easily mined for discrimination (a healthy subject, or an epilepsy patient) and
lateralization tasks, it is time and resource consuming to outline a precise area of
an epileptogenic focus. For radiologically positive MRI seizure-onset zones (SOZs)
can be proved with the help of iEEG, and usually it is possible to obtain voxel-level
annotations. On the contrary, for MRI-negative patients when nothing is visible
on images, manual masks for supposedly epilepsy lesion may be only roughly de-
lineated, and it usually requires that the patient undergoes a resection surgery, so
further post-surgical justification can be proven including histopathological investi-
gations.

Most of the studies aiming at localizing the epilepsy lesion consider T1w MRI
images solely or in combination with FLAIR images [Gill et al., 2017, Gill et al.,
2018, Alaverdyan et al., 2020]. In the work of Jin et al., 2018, FLAIR data were not
used as a multivariate input, because of their unavailability in the control subjects.
Handcrafted features are still widely used. As we can see from tables 4.1 - 4.3, the
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popular choice is morphological features (SBM). SBM stands for surface-based mor-
phometry - a group of brain morphometric techniques used to construct and an-
alyze surfaces that represent structural boundaries within the brain. Boundaries
between the grey matter and white matter are extracted from brain segmentation,
and the corresponding surface is generated by a meshing algorithm that encodes
relationships between voxels on the boundary into relationships between polygo-
nal or polyhedral surface elements. Cortical thickness, grey-white matter intensity
contrast, curvature, sulcal depth and FLAIR intensity at each vertex of the 3D corti-
cal reconstruction were used as features in [Adler et al., 2017] as they are structural
markers of FCD. Grey-white matter junction computed by a convolution of the bi-
narized image of T1-w MRI image quantifies the grey-white matter blurring, and is
used to characterize FCD [El Azami et al., 2016]. The supervised approaches consider
mostly MRI-positive cases due to limitations in obtaining accurate lesion masks for
MRI-negative patients. One of the exceptions from this observation is the work of
Ahmed et al., 2015. They applied logistic regression, using an iterative-reweighted
least squares (IRLS) algorithm on the vertices of the cortical surfaces. The evalu-
ation dataset included 31 patients with confirmed FCD, and the proposed method
managed to detect lesions in 6 out of 7 MRI-positive patients, as well as 14 out of
24 FCD lesions in MRI-negative patients. Authors state that the resection zones of
MRI-negative patients should not be treated as a gold standard for training models
as they include both lesional and nonlesional tissues. Ahmed et al., 2016 extended
the previous study by adding new morphological features. A semi-supervised ap-
proach (hierarchical conditional random field) reached a 75% detection rate for the
MRI-negative patients (compared to a human expert detection rate of 0%). Adler
et al., 2017 proposed to use a simple neural network to classify healthy from patho-
logical vertices based on 28 cortical features. The highest performance was reached
with using FLAIR intensity (AUC = 0.83). Jin et al., 2018 also used cortical features
and a neural network showing sensitivity of 52.9% in the group of patients where
the MRI was negative, and sensitivity of 81.8% for MRI-positive patients. An au-
tomated epilepsy detection model trained on data-driven features was presented
in Gill et al., 2018 with two CNNs trained to classify raw image voxels. The sen-
sitivity and specificity of 91% and 92% respectively have been reached. Here, the
training cohort comprised of 40 patients with the location of the seizure focus es-
tablished using intracranially-implanted electrodes. The testing dataset consisted
of patients with histologically-confirmed FCD, as well as of patients with TLE and
histologically-verified hippocampal sclerosis. Wagstyl et al., 2020 also used corti-
cal features and a neural network for epilepsy detection. Results were concordant
with SEEG seizure onset zone in 62% of focal epilepsies and 86% of histopatholog-
ically confirmed FCDs. Consensus clustering (an unsupervised learning technique
that identifies stable clusters based on bootstrap-aggregation) was implemented in
a work of H. M. Lee et al., 2020 to analyze features of FCD. Alaverdyan et al., 2020
introduced a pipeline that extracts features from a regularised siamese network and
fed extracted features into one-class SVM. The possible epilepsy lesions are present
as clusters of voxels that were classified as outliers. Trained on the combination of
T1 and FLAIR images, the model demonstrated sensitivity of 62% with 21 patients
in total out of which there were 18 MRI-negative patients.

The usage of PET images is less common in epilepsy detection, however, the
potential is promising. Tan et al., 2018 considered morphology and intensity-based
features characterizing FCD lesions from MRI and PET imaging. A 2-step approach
based on SVM was proposed to recognize lesional vertices and minimize the level of

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
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false positive detections. The results reported an increase in sensitivity from 82% to
93%, corresponding to the maximum specificity, from 61% to 64%, when PET imag-
ing is considered alongside MRI data compared to quantitative MRI and multimodal
visual analysis. The accompanying FP rate in FCD patients, however, increases as
well.

Q. Zhang et al., 2021 focused on the detection of epileptic foci in pediatric pa-
tients with temporal lobe epilepsy. They hypothesized that epilepsy is strongly cor-
related to the high-dimensional interhemispheric symmetricity changes in PET im-
ages and exploited radiomic features with symmetric information to diagnose TLE.
The right and left parts of 18F-FDG PET images were partitioned into pairs of cubes
(PoCs), then for each input PET image, a Siamese CNN was applied to all generated
PoCs, producing a probability score for each indicating the likelihood of containing
an epileptic focus. This method significantly outperformed the physicians blinded
or unblinded to clinical information (90% vs. 56% and 68% in detection accuracy)
with AUC = 0.93.

We have presented a detailed description of recent methods for automatic epilepsy
detection in neuroimaging data. The following conclusions can be drawn out of this
review:

— Few works generalize to different types of epilepsy. Most of the proposed
methods are focused on a particular type (TLE, FCD). Considered features are
therefore relevant to the particular pathology. It would thus might be beneficial
to explore a wider range of features.

— Combination of different modalities is becoming more popular. As stated in
the review paper of Sone et al., 2021, multimodal imaging is a recent trend
in epilepsy research. While early works were mostly using T1 images, other
modalities such as FLAIR or PET show added value to the model performance.
Early fusion remains the preferred way of concatenating imaging modalities,
but intermediate and late fusion schemes should be explored.

— Most studies are evaluated on MRI-positive cases where the lesions are visible
on scans. MRI-negative patients remain challenging.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
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Chapter 5

Data and model overview

In chapter 4, we described the key elements of a CAD system for medical image
analysis, and went through the latest applications in the domain of neuroimaging,
followed by a detailed overview with the state-of-the-art methods for epilepsy de-
tection. Within this project, we aim to address questions of generating missing data
and joining multiple modalities to propose a better system that is able to detect sub-
tle anomalous regions in the brain. In this chapter, we present a baseline CAD model
for epilepsy detection, as well as a detailed description of the data set available for
this study containing both healthy controls and patients with confirmed epileptical
lesions.

5.1 CAD model for epilepsy detection

The overall model for the epilepsy detection is shown in Figure 5.1. This model
was developed in the group and showed promising performance for T1+FLAIR
modalities [Alaverdyan et al., 2020]. It has two main parts:

1. Representation learning (green dotted frame)

2. Outlier detection learning (blue dotted frame)

These two components are both trained on a set of healthy controls. In the begin-
ning, a siamese neural network (SNN) is trained on patches extracted from random
locations within the brain mask from healthy subjects. Once the training is finished,
a oc-SVM is built and trained for every voxel taking as an input the representations
derived from the SNN. The hidden representation for the oc-SVM corresponds to
patches of healthy subjects centered at the voxel. In total, we have as many oc-SVMs
models as the total number of voxels within the brain mask. After that, a patient’s
image can be processed by the system. The CAD system generates an output in the
form of a score map, which matches the size of the input image. In this score map,
each voxel is associated with a value, representing the output of its corresponding
oc-SVM model. At the last stage, the output score map undergoes post-processing
to generate a cluster map highlighting the most suspicious regions detected by the
system.

For the effective model training, the data need to be pre-processed. The first
step is to align all available imaging acquisitions to a common template to ensure
voxel-to-voxel correspondence between all the subjects (healthy ones and patients).
Details for the pre-processing steps will be given further.

For the representation learning, the input image is split into a set of patches
of size 15x15 that are fed to the SNN. It can be done in a standalone fashion (one
modality) or as multichannel architecture, where each channel corresponds to one
modality. The effectiveness of using multiple modalities is one of the goals of this
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44 Chapter 5. Data and model overview

FIGURE 5.1 – General model for the epilepsy detection.

work, and more details will be given further. Once the input is defined, the data are
transferred to the next component of the CAD system.

5.1.1 Feature extraction

At this step, the model learns the representation for the provided input. Benefits
from both autoencoders and siamese networks are used in the unified framework
adapted for the outlier detection problem. It is called a regularized siamese network
with deep convolutional autoencoders. A siamese network is composed of two sub-
networks, with identical architecture, a shared parameter set, and a cost module.
Figure 5.2 shows the whole framework.

FIGURE 5.2 – Regularized siamese network.

Given a data set X = {xi}i=1,...,n , xi ∈ Rd composed of n points, we want to find
a mapping Dθ : X → Z to project points from an original space into a representa-
tion space where similar examples form a close neighborhood. That goal is reached
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5.1. CAD model for epilepsy detection 45

with a help of a regularized siamese network. It receives as an input two patches
of different controls located at the same location in the brain (x1, x2) that propagates
further through two subnetworks, namely, convolutional autoencoders. These two
subnetworks have identical components - an encoder E and a decoder D. E encodes
the input to the hidden space Z with a series of convolutional operations, followed
by D performing deconvolutional and upsampling operations. As the output, sub-
networks return the reconstructed image x′i of the given input xi. The loss function
for a single pair is:

L(x1, x2; θ) =
2

∑
t=1
∥xt − x̂t∥2

2 − α · cos(z1, z2) (5.1)

It comprises two parts: the first component minimizes the squared error between
the subnetwork input and corresponding output, thus ensuring a better reconstruc-
tion quality; the second term imposes a similarity in the hidden representation space
by maximizing the cosine similarity of the middle layer feature vectors, where the
coefficient α controls the extent of similarity. Further, the extracted representation z
is used for the outlier detection task.

5.1.2 Outlier detection

The one-Class SVM (oc-SVM) is an unsupervised learning technique that is able
to differentiate the test samples of a particular class from other classes. It is a partic-
ular case of the binary SVM. First introduced in Schölkopf et al., 2001, it remains a
popular method for detecting anomalies. In oc-SVM the examples of the dataset
X = {xi}i=1,...,n, where xi ∈ Rd are normal (or positive), and a desired hyper-
plane is sought to separate all the data points from the origin. Since the data are
usually not linearly separable in the original space, the first step is to map points
into a higher dimensional space through a mapping function ϕ(x) with a kernel
K(xi, xj) =

〈
ϕ(xi), ϕ(xj)

〉
. The kernel function returns the inner product between

two points in a suitable feature space. Different kernels are used by SVMs, but RBF
remains the most used type of kernel function, showing good empirical performance
on various datasets. Figure 5.3 illustrates a mapping of original data samples with
RBF kernel in oc-SVM.

Once the data are projected into a new feature space, they have to be separated
from the origin with maximum margin. The following problem must be solved:

min
ω,ρ,ξi

1
2
∥w∥2 − ρ +

1
νn

n

∑
i=1

ξi

subject to w · ϕ(xi) ≥ ρ− ξi,
ξi ≥ 0

(5.2)

where n is the total number of training examples, xi is the i-th training exam-
ple from data set X, ξi is a slack variable relaxing the inequality constraints, w and
ρ define the separating hyperplane, ν ∈ (0, 1) is a parameter that characterizes the
fractions of support vectors and outliers. When the optimal solution for the hyper-
plane is found, the decision for a particular example x depends on the side of the
hyperplane it falls. This can be expressed as:

f (x) = sgn(w∗ϕ(x)− ρ∗) (5.3)

It will be positive for most examples x contained in the training set with a rea-
sonably small ∥w∥. the ν coefficient in the formulation of oc-SVM is an upper bound
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FIGURE 5.3 – The underlying concept of oc-SVM method. The points
in the original space are projected into a higher dimensional space,
where their separation from the point of origin is sought through
maximizing the margin. Illustration from Yengi et al., 2020 licensed
under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/).

on the fraction of permitted errors and a lower bound on the fraction of support vec-
tors. For example, by setting it to be 0.01, it would allow 1% of the training examples
to be misclassified as outliers.

|errors|
n

≤ ν ≤ |errors|+ SVs
n

(5.4)

oc-SVM design
In this pipeline, each voxel vi is associated with a oc-SVM classifier Ci. The RBF

kernel is chosen for all SVMs as the most common function. Thus, for each classifier
a kernel is defined as:

KRBF(zik, zij) = e−γ∥zik−zij∥2

(5.5)

where zij is the representation vector corresponding to the patch centered at vi of
subject j, and γ = 1

σ2 .
For each voxel vi, the corresponding oc-SVM classifier outputs a score, i.e. the

distance to the found hyperplane:

score(vi=w∗ϕ(zi)− ρ∗) (5.6)

Eventually, all voxel distance scores combined together yield the distance map
Dp for the given patient p.

5.2 Data description

The patient and control database of this project have been collected, curated and
annotated as part of long lasting collaboration with Dr Julien Jung from HCL. The
study was approved by our institutional review board (IRB) with approval numbers
2012-A00516-37 and 2014-019 B and written consent was obtained from all partici-
pants. This research was partly conducted as the part of a research program PHRC
(programme hospitalier de recherche clinique) initiated by Pr. F. Maugière and Dr.
J. Jung.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés

https://creativecommons.org/licenses/by/4.0/


5.2. Data description 47

Number
of subjects

T1
(1.5T Siemens

Sonata)

FLAIR
(1.5T Siemens

Sonata)

PET
(mCT PET-CT

Siemens
tomograph)

DBC1 35 healthy controls
160 x 192 x 192

1.2mm cubic voxels
176 x 196 x 256

1.2mm cubic voxels
109 x 200 x 200

2.036mm cubic voxels

DBC2 40 healthy controls
160 x 192 x 192

1.2mm cubic voxels
176 x 196 x 256

1.2mm cubic voxels
-

DBep 31 patients
160 x 192 x 192

1.2mm cubic voxels
176 x 196 x 256

1.2mm cubic voxels
109 x 200 x 200

2.036mm cubic voxels

TABLE 5.1 – Summary of the data.

5.2.1 Study group

This study uses a training set of healthy individuals and a test set of epilepsy
patients. The data set is described in table 5.1.

Healthy control group: As part of the PHRC research program, two control
databases were acquired consisting of 75 healthy controls (referred to as DBC1 and
DBC2 in Table 5.1) aged between 20 and 66 years. All the subjects have T1-weighted
and FLAIR MRI sequences, but only 35 of them from DBC1 have PET exams as well.

Patient group: The test group DBep consists of 31 patients diagnosed with med-
ically intractable epilepsy. The majority of the patients underwent imaging at the
Neurological Hospital of Lyon. These patients are aged between 17 and 47 years old,
with a median of 29. As a part of pre-surgical evaluation, they all had T1-weighted,
FLAIR and PET examinations. Moreover, the patients had to undergo intracranial
EEG exam in order to get localizations of the epileptogenic zone (EZ). It is important
to note that the availability of patient dataset varied over the course of the study as
we wanted to involve as many relevant participants as possible. The detailed lists of
patients used in three major experimental phases of this PhD project are provided in
Table 5.2 and referred to as DBep1, DBep2 and DBep3. DBep1 is the cohort of patients
participating in the first experimental phase of chapter 7 dedicated to the generation
and usage of synthetic PET images in epilepsy detection. We later included a few
more patients to DBep2 but excluded patients from AA to AE for the second major
experimental phase of chapter 7, where we combined T1 and either real or synthetic
PET images in the training of the detection model, while we only used PET in the
first experimental phase. These patients were excluded because they had their PET
exam acquired in a different hospital and on an a different scanner than those of the
control datasets, thus potentially coming from a different distribution which could
potentially negatively impact the performance of a proposed CAD model. For the
last part of the study in chapter 8 where we explored the use of multiple modalities
for the epilepsy detection, the dataset DBep3 was comprised of patients participating
in the 2 previous major experimental phases, with the addition of new patients H,
L, W, X, Y resulting in 26 patients in total. In Table 5.2, we show the split of all pa-
tients into sub-groups depending on the experiment, we indicate if their PET images
were acquired in the Lyon hospital and if patients had unsuccessful outcome after
the surgery.
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Patient DBep1 DBep2 DBep3 PET Lyon bad outcome
Patient A ✓ ✓ ✓ ✓ mCT
Patient B ✓ ✓ ✓ mCT
Patient C ✓ ✓ ✓ ✓ mCT
Patient D ✓ ✓ no
Patient E ✓ ✓ ✓ ✓ mCT
Patient F ✓ ✓ ✓ mCT
Patient G ✓ ✓ ✓ ✓ mCT
Patient H ✓ no
Patient I ✓ ✓ ✓ mCT
Patient J ✓ ✓ ✓ ✓ mCT
Patient K ✓ ✓ ✓ mCT
Patient L ✓ no
Patient M ✓ ✓ ✓ mCT
Patient N ✓ ✓ ✓ mCT
Patient O ✓ ✓ ✓ ✓ mCT
Patient P ✓ ✓ ✓ mCT
Patient Q ✓ ✓ ✓ ✓ mCT
Patient R ✓ ✓ no
Patient S ✓ ✓ ✓ ✓ mCT
Patient T ✓ ✓ ✓ mCT
Patient U ✓ ✓ ✓ ✓ mCT
Patient V ✓ ✓ no
Patient W ✓ no
Patient X ✓ no
Patient Y ✓ no
Patient Z ✓ ✓ ✓ mCT

Patient AA ✓ no ✓

Patient AB ✓ ✓ mCT ✓

Patient AC ✓ ✓ mCT ✓

Patient AD ✓ no
Patient AE ✓ no ✓

TABLE 5.2 – Patients participation in 3 experimental phases.
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5.2.2 MRI and PET acquisition

All the healthy controls and patients had 3D anatomical T1-weighted brain MRI
sequences (TR/TE 2400/3.55; 160 slices of 192 x 192 1.2mm cubic voxels) and FLAIR
MRI sequences (176 slices of 196 x 256 1.2mm cubic voxels) on a 1.5 T Sonata scanner
(Siemens Healthcare, Erlangen, Germany).

PET scans were performed using a Biograph mCT PET-CT machine (Siemens).
Head movement was minimized using an airbag, and a camera was used to monitor
head position during the scan. Tissue and head support attenuation were measured
using a low-dose CT scan taken before the emission data was collected. The emis-
sion scan was done dynamically and recorded in list mode for 60 minutes following
injection. Static 18F-FDG uptake images were created using a 3D-ordinary Poisson-
ordered subset expectation maximization iterative algorithm, incorporating point
spread function and time of flight (with a Gaussian filter of 4mm), and corrected
for scatter and attenuation. The algorithm was run for 12 iterations with 21 subsets.
The reconstructed volumes consisted of 109 contiguous slices, each 2.03mm thick
and made up of 200x200 voxels (2.036x2.036mm2). The actual resolution of the re-
constructed images was approximately 2.6mm full width at half maximum in the
axial direction and 3.1mm full width at half maximum in the transaxial direction, as
measured for a source located 1cm from the field of view Jakoby et al., 2011.

5.2.3 Location of patient’s brain lesions

Information on the location of the epilepsy-causing brain lesions in the patients
is provided in tables 5.3 and 5.4. These tables include details on the clinical basis
for determining the true location of the lesions. All of the patients in the study had
an intracranial electroencephalogram (EEG) exam, and many of them had surgery
to remove the lesions. Most of these patients had good surgical outcome based on
the Engel Classification (Engel I or II), meaning they became seizure-free within six
months of the surgery. A few patients instead received thermocoagulation treat-
ment, which was successful in stopping their seizures and corroborated the findings
of the EEG exams. A few patients (AA, AB, AC and AE) in table 5.2 from DBep2 were
classified with a mitigate outcome (Engel score GT 2). The brain lesions observed in
most of the patients either did not fit into the histopathological categories of epilepsy
presented in section 4.4.1 or were not analyzed at the time of the study, and therefore
their type is mentioned as Unknown.

For each patient, there is a manual annotation available carefully drawn by an
expert radiologist after reviewing the intracranial EEG results, post-op MR scans
and clinical or thermocoagulation reports. In Figures 5.4 and 5.5, the ground truth
annotations are superimposed on the corresponding T1-w MR transverse slices. The
precise boundary of a true lesion was not obtainable, so that this ground truth repre-
sents a reference zone. If a cluster detected by the model intersects the ground truth
area, it is considered to be a true positive (TP) result and false positive (FP) other-
wise.

5.2.4 Data pre-processing

Pre-processing of images before feeding them into a CAD system is an impor-
tant step. It can help to improve the performance of the CAD system by enhancing
the quality and clarity of the images, making it easier for the system to perform the
task. Additionally, it can help to reduce the amount of noise or other artifacts in
the images, which can improve the accuracy of the CAD system. The T1-weighted
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Patient Lesion location
Lesion location

confirmation
Lesion type Age

Patient A Temporal Lobe L
Intracranial EEG &
successful thermoco-
agluation

Unknown 17

Patient B
Temporal Pole L
Insula L

- - -

Patient C Temporal Lobe R - - -

Patient D
Middle frontal
gyrus L

Intracranial EEG &
successful thermoco-
agluation

FCD type II 43

Patient E
Temporal Pole R
Insula L

- - -

Patient F
Hippocampus L,

parahippocampus L

Intracranial EEG &
surgical success

Unknown 41

Patient G Precentral gyrus R
Intracranial EEG &
surgical success

Unknown 19

Patient H
Superior temporal
gyrus R

Intracranial EEG &
surgical success

Unknown 44

Patient I Insula L - - -
Patient J Temporal Pole R - - -
Patient K Insula - - -

Patient L
Anterior temporal
lobe R

Intracranial EEG &
surgical success

Unknown 26

Patient M Temporal Pole R - - -

Patient N
Middle frontal
gyrus L

Intracranial EEG &
surgical success

Unknown 33

Patient O Insula - - -

TABLE 5.3 – Patient group description. Part 1
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Patient Lesion location
Lesion location

confirmation
Lesion type Age

Patient P Hippocampus R
Intracranial EEG &
surgical success

Histopathology: FCD

type III with HS
41

Patient Q
Lateral
remainder of
occipital lobe L

Intracranial EEG &
surgical success

FCD type II 29

Patient R Orbital gyrus R
Intracranial EEG &
surgical success

Ganglioglioma 47

Patient S Hippocampus R
Intracranial EEG &
surgical success

Histopathology: FCD

type IIIa
31

Patient T Surgical resction R - - -
Patient U Insula - - -

Patient V Insula R
Intracranial EEG &
successful thermoco-
agluation

Unknown 17

Patient W Hippocampus R
Intracranial EEG &
surgical success

Histopathology: FCD

type III with HS
41

Patient X
Superior frontal
gyrus R

Intracranial EEG &
surgical success

FCD type II 21

Patient Y
Inferiolateral
remainder of
parietal lobe R

Intracranial EEG &
surgical success

Unknown 25

Patient Z Temporal Pole R - - -
Patient AA Frontal Lobe R - - -
Patient AB Medial Frontal Lobe R - - -

Patient AC
Temporal Lobe L,
Hippocampus L

- - -

Patient AD
Hippocampus L,
parahippocampus L

Intracranial EEG &
surgical success

Unknown 28

Patient AE
Middle frontal
gyrus R

Intracranial EEG Unknown 25

TABLE 5.4 – Patient group description. Part 2
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FIGURE 5.4 – The manual ground truth annotations (areas in red)
overlaid onto T1-weighted MRI patients’ transverse slices. Part 1

MRI volumes of all databases were first processed with the unified segmentation al-
gorithm implemented in SPM12 (https://www.fil.ion.ucl.ac.uk/spm/doc/manual.
pdf) using the default parameter values. This algorithm performs tissue segmen-
tation (white/grey matter, cerebrospinal fluid), correction for magnetic field inho-
mogeneities, and spatial registration to the standard brain template of the Montreal
Neurological Institute (MNI) with a voxel size of 1×1×1 mm. FLAIR and PET im-
ages were then rigidly aligned to their corresponding individual T1w MR images
in the native space. Then, they were co-registered to the MNI space with SPM12
applying the transformation parameters derived from the registration of the T1 im-
ages. A masking image in the MNI space derived from the Hammersmith maximum
probability atlas described in Hammers et al., 2003 was used at different steps of the
pipeline, to focus or exclude specific brain regions. The resulting images size of all
modalities after the pre-processing steps is 157x189x136.
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FIGURE 5.5 – The manual ground truth annotations (areas in red)
overlaid onto T1-weighted MRI patients’ transverse slices. Part 2
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Chapter 6

Problem formulation

In the previous chapters we covered different aspects of development of CAD
systems for medical imaging. We started by a general introduction into deep learn-
ing in the medical imaging in chapter 1. Chapter 2 focused on the utilization of
multimodal imaging, highlighting the integration of different imaging modalities to
enhance diagnostic accuracy. This chapter delved into three levels of image combi-
nation: early fusion, intermediate fusion, and late fusion. In the following chapter 3,
we discussed the ways of dealing with missing data and modern approaches on syn-
thetic image generation. In chapter 4, we looked at the main elements of a CAD sys-
tem, highlighted the difference between supervised and unsupervised methods and
we introduced the epilepsy detection problem. We described our backbone CAD
model in chapter 5 as well as the available data for model training this model on a
control dataset and making inferences on a cohort of epilepsy patients. This chapter
provides our considerations for the problem of improving the existing CAD model
for epilepsy detection and gives an understanding of the strategic choices we had to
make and our proposed solutions.

6.1 Challenges and objectives

The objective of this study is to propose the improved version of the reference
CAD model proposed in Alaverdyan et al., 2020 and described in the previous chap-
ter. We continue to adhere to an unsupervised learning approach primarily due to
the challenges in acquiring high-quality annotations, particularly those with pre-
cisely delineated borders of epileptic lesions. Annotated data remain scarce and
often lacks the granularity necessary for supervised learning, thus making unsuper-
vised methods more feasible and appropriate for this research.

As we saw in the data description part 5.2, for all the patients we have 3 avail-
able modalities - T1 and FLAIR MRI and PET, while in the healthy controls only
DBC1 subgroup has the same set of modalities. We’d like the CAD system to be able
to process both MRI and PET. Thus, we decided to investigate the possibilities for
missing data generation. As described in chapter 3, early works used U-net model
and its variations to generate a target modality from a source. Though U-net allows
to generate realistically looking images, this network lacks generative capabilities.
It was originally proposed for semantic segmentation tasks successfully extracting
meaningful and class-relevant features, but it does not inherently possess the gen-
erative capabilities required for synthesizing new imaging modalities. The second
limitation comes from the fact that preserving fine details and anatomical accuracy
is crucial in medical imaging. U-Net’s architecture, primarily focused on segmen-
tation, is not optimized to retain the detailed structures in a synthetic image. With
these limitations, and based on promising performance reported in chapter 3, we
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chose a GAN-based approach for missing modality generation task. GAN models
consist of two primary components: the generator and the discriminator. The gen-
erator creates images, while the discriminator evaluates them. As a generator U-net
is often used, however our choice was made in favor of a ResNet model. ResNets
are known for their ability to generalize, the depth and structure of ResNet (espe-
cially the skip connections) make it well-suited for learning a wide variety of features
from the source data. GANs are difficult to train due to their complex relationships
between a generator and a discriminator. Though we can rely on metrics evaluat-
ing image quality, the final feasibility of synthesised data can be measured by their
added value in task-oriented problem solving. In the chapter 4 we also observed
the power of vision transformers (ViT), however, for our specific task of generat-
ing synthetic medical images, we have decided not to utilize transformer networks.
The primary design of transformers, particularly in their role of predicting the next
token, makes them more suitable for such tasks as predicting the missing slices in
a volumetric dataset where the transformer can effectively infer the missing part
based on the contextual information from the existing slices [J. Xu et al., 2022], or
enhancing the image quality [Feng et al., 2021].

The next challenge comes from the need to merge different modalities ensuring
that the integrated dataset reflects accurately the underlying pathology and physio-
logical processes of epilepsy. To address this, we plan to explore fusion techniques
as outlined in 2.1. Here we present the ideas for every fusion level and justify our
choice:

· Early fusion might involve combining data at the input level channel-wise.

· Mid-level fusion could consists of combining features from intermediate lay-
ers of a siamese network either by summing or averaging feature maps from
corresponding layers, thus equalizing each modality’s influence. Alternative
method would be to implement a learnable transformation layer in the net-
work or, inspired by the transformer architecture, incorporate attention mech-
anisms that would allow the network to focus on the most relevant features
from each modality. Another approach might consist of exploring strategies
to combine extracted from the siamese network features of different modali-
ties before feeding them to the oc-SVM. The most straightforward method is
to concatenate the feature vectors end-to-end, but while this method preserves
all information, it can lead to high-dimensional data, which increases the com-
plexity of the model. Averaging or weighing feature vectors would be an-
other choice, though leading to potentially losing some distinct features. The
concatenated vectors could be fed through additional neural network layers
that can learn an optimal combination of features. These methods inherently
demand additional time and effort for experimentation to identify the opti-
mal network structure for our specific use case. Considering these factors, we
have decided to initially implement the simplest method: feature concatena-
tion. This approach will serve as our starting point, providing a baseline. If
time permits, after conducting our main set of experiments, we will explore
the feasibility and potential benefits of implementing more advanced fusion
techniques to enhance our model’s performance further.

· Late fusion focuses on integrating outputs at a stage closer to the final decision-
making. One of the choices would be to compute a weighted average of the
score maps from each modality, though that would require additional post-
processing of score maps since their values are not initially bounded. We
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decided to combine modalities at the cluster maps level. For each voxel, we
can take the maximum score from the cluster maps of all modalities, prior-
itizing the detection of any potential anomalies, or averaging the values for
equal contribution of each modality. We think it is important to preserve those
clusters that were identified as anomalies with higher certainty and give even
higher weight to those clusters that were identified as highly anomalistic in
one modality and somewhat anomalistic in other modalities. We will present
our strategy in the corresponding part of this work.

6.2 Contributions

Part II reports the main contributions of this PhD project. Chapter 7 starts with
the detailed overview of GAN models that we utilised for synthetic PET images
generation. This part encompasses the foundational structure of GAN models, in-
cluding the architecture of individual components, loss functions, data ingestion and
preprocessing steps. We then identify the metrics to assess the quality of the gener-
ated images and move to the experimental part with details for the GAN models
training. In the following chapter we formulate the out-of-distribution problem to
identify if synthetic images coming from the same distribution as original images
and can be reliably used for data augmentation. We describe the concrete imple-
mentation of a CAD model for epilepsy detection first introduced in chapter 5 with
the detailed architectures of individual components. Chapter 7 includes the results
of our experiments where synthetic PET data were added to the original dataset for
the CAD model training. The outcomes from these experiments report quantitative
performance metrics and qualitative assessments of the detections. The next set of
experiments include the setting where generated PET images completely substitute
original PET images coupled with original T1 images. We show an improved sensi-
tivity of the model trained on T1 and fake PET images and discuss our findings.

Chapter 8 addresses the challenge of fusing multiple imaging modalities at dif-
ferent levels. We proposed to compare three strategies: channel-level fusion as an
early fusion, concatenating feature vectors derived from each modality as an inter-
mediate fusion, and, finally, cluster maps merging as a late fusion. We compare all
three levels of available modalities integration (T1, FLAIR, PET) and report the mod-
els performance. For the best approach that turned out to be the late fusion for three
modalities we highlight the detection outcomes for patients, providing a detailed
analysis and interpretation of the results yielded by our study.

Ultimately, the manuscript delivers a conclusive overview and defines our sug-
gestions for future investigation.
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Part II

Contributions
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Chapter 7

Learning with synthetic data

In the previous chapters, we presented the general unsupervised detection anomaly
model that we selected for for epilepsy detection in brain images, motivated the need
to fuse PET and MRI imaging to improve performance and presented state-of-the-
art approaches to improve the current model by integrating synthetic PET normative
data and exploring the ways of efficient multiple modalities merging. We discussed
the difficulties and challenges associated with proposed directions and justified our
choices. In this chapter, we outline our experimental methodology for fake PET im-
ages synthesis, we investigate the characteristics of these generated images through
the out-of-distribution problem definition, and examine the efficacy of utilizing syn-
thetic PET data in identifying epileptogenic zones in brain images.

We start by describing the process of generating synthetic PET images. Deep
generative models are used to get PET images that are similar in appearance to real
PET images. We trained the model on a subset that we referred to as DBC1 in 5.2, the
dataset consists of paired images of T1 and PET modalities and is used to generate
synthetic PET images for our further experiments. We evaluate the quality of PET
images qualitatively using most popular metrics that will be explained later on.

Next, we evaluate the quality of synthetic PET images approaching it as an out-
of-distribution (OOD) problem to determine whether they are similar enough to real
PET images. We discuss the metrics, the experimental pipeline and the results of the
evaluation and their implications for the use of synthetic data in our project.

Finally, we discuss the implications of our findings for the use of synthetic data
in medical image analysis. We highlight the potential benefits of using synthetic
data for the training of our unsupervised anomaly detection model, including the
ability to generate large amounts of data quickly and the potential to reduce costs
associated with collecting and storing real data. We also discuss the limitations of
our experiments and potential future directions for research in this area.

Overall, this chapter provides valuable insights into the use of synthetic data in
medical image analysis and highlights the potential benefits and challenges of using
synthetic PET data to detect epileptic regions in brain images.

7.1 PET image synthesis with GANs

As outlined in chapter 3, we reviewed various architectures, highlighting their
strengths and limitations in the context of generating medical images. Building upon
this foundational review, chapter 6 presented a justification for selecting GAN as our
model of choice for the task of synthesizing missing PET modalities. The decision
was predicated on GANs’ superior generative capabilities and their demonstrated
efficacy in producing highly realistic images.
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GANs have shown great potential in generating medical images, and brain im-
ages of various modalities in particular. One of the main benefits of GANs is that
they can generate realistic images that closely resemble real images, which can be
used for training and testing of machine learning models. Generating large volumes
of high-quality images can help overcome the limited availability of real PET data in
our case, reducing the costs and eliminating the need to expose subjects to radiation.

In next subsections we provide detailed overview of the GAN models that were
used in our experiments, their components and training procedures.

7.1.1 GAN models

The classical GAN model consists of two parts: a generator (G) and a discrim-
inator (D). The generator is responsible for creating synthetic data that resembles
the real data, while the discriminator is trained to distinguish between real and syn-
thetic data. In our case, during training, the generator produces synthetic images,
which is fed into the discriminator along with real images. The discriminator then
evaluates the synthetic input and assigns a probability score indicating whether the
input is real or fake. Based on the discriminator’s evaluation, the generator receives
feedback on how to adjust its output to create more realistic images.

yA xBGenerator GB preal

Generator GA Discriminator DBy'A

MSEB

L1-norm

Generator GA

Generator GB

yB

y'B

xApreal

Discriminator DA

MSEA

L1-norm

Domain A (T1) Domain B (PET)

FIGURE 7.1 – Cycle-GAN architecture based on two baseline GANs
translating images from domain A to domain B (upper GAN) and
vice versa (lower GAN). The baseline GAN (Simple-GAN) is high-

lighted in the image with a dashed line

Simple-GAN. We first propose to use a standard GAN architecture with one gen-
erator GB and one discriminator DB as depicted in the upper part of Figure 7.1. Gen-
erator GB attempts to improve the quality of the translated output xb of domain B
(PET modality) from the original input yA from the original domain A (T1 modality),

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



7.1. PET image synthesis with GANs 63

thus deceiving the discriminator DB. The training procedure is formulated as a min-
max optimization problem of an objective function that the discriminator is trying
to maximise and the generator is trying to minimize. In this study, we implement
the least squares GAN (LSGAN) model Mao et al., 2017 that aims to minimize the
following discriminator LLSGAN(DB, A, B) and generator LLSGAN(GB, A, B) losses :

LLSGAN(DB, A, B) = Ep(xb)[DB(xb)
2] + Ep(yb)[(DB(yb)− 1)2]

LLSGAN(GB, A, B) = Ep(xb)[(DB(xb)− 1)2]
(7.1)

where ya and yb are true images of domain A and B, respectively, and xb = GB(ya)
is the fake image of domain B generated from ya.

In the context of supervised image translation, where the model can be trained
on paired images in both domains at the pixel level (e. g. corresponding images of
the same patient), we propose to add a mean squared error (MSE) loss term Lmse (see
eq. 7.2) between the fake image xb generated from a true image ya of domain A and
its paired true image yb in domain B.

Lmse(GB) = Ep(xb)[(xb − yb)
2] (7.2)

Cycle-GAN. Cycle-GAN consists of two generator networks GA and GB and two
discriminator networks DA and DB. The baseline Cycle-GAN model is shown in
Figure 7.1. The generators translate images from domain A to domain B and vice
versa. Each of the generator networks is trained adversarially using a corresponding
discriminator DA and DB. In addition to the adversarial loss term of the simple
GAN network in eq. 7.1, the key element in training Cycle-GAN network is a cycle-
consistency loss function Lcyc:

Lcyc(GA, GB) = Ep(ya)[∥ y′a − ya ∥1] + Ep(yb)[∥ y′b − yb ∥1] (7.3)

where y′a is the fake image of domain A generated by generator GA from the fake
xb, that is y′a = GA(xb) with xb = GB(ya). As for the simple GAN formulation, in
a paired mode, we add a MSE loss term between real and synthetic images of both
domains A and B.

Additionally, an identity loss can be used to ensure that the generative model
preserves the content between the input and the output images when the input is
already from the target domain, thus ensuring that the translation process does not
introduce unnecessary changes (eq. 7.4):

Lidentity(GA, GB) = Ep(yb)[∥GB(yb)− yb∥1] + Ep(ya)[∥GA(ya)− ya∥1] (7.4)

7.1.2 Design of our GAN model

In 3.2.3, we provided an overview of the fundamental GAN architectures and
their underlying principles. We began by introducing the basic GAN architecture,
consisting of a single generator and discriminator, which forms the foundation of
adversarial training. This architecture establishes a competitive learning process be-
tween the generator and discriminator networks, enabling the generation of syn-
thetic data samples that closely resemble real data. Continuing our exploration, we
delved deeper into the CycleGAN architecture, a significant advancement that in-
troduced the concept of cycle consistency. Now, we describe the details if the archi-
tecture of the GAN models utilized in our experiments. By investigating these archi-
tectures in greater detail, we aim to gain deeper insights into their design choices,
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performance characteristics, and their potential impact on the medical image gener-
ation.

7.1.2.1 Architectures of GAN components

Generator
Various architectures are employed for the generator component. In DCGAN

[Ghassemi et al., 2020, Islam et al., 2020, Fernandez-Quilez et al., 2022] the gener-
ator typically starts with a dense layer that maps the input noise vector to a low-
dimensional feature map, followed by a series of transposed convolutions. Each
transposed convolutional layer increases the spatial resolution of the feature maps
while reducing the number of channels.

U-net that we have described in 3.2.2 is another popular choice as a generator in
GANs. It allows a more efficient and effective learning of the image-to-image map-
ping by exploiting the structural similarities between the input and output images,
and has been used for various medical image synthesis applications [Sohail et al.,
2019, Armanious et al., 2020, Q. Yang et al., 2020, Kalantar et al., 2021].

ResNet is another choice for a generator part. It is known for its ability to han-
dle tasks without suffering from the vanishing gradient problem, and it is suitable
for capturing complex and hierarchical patterns in the generated data. ResNet was
chosen as a generator in [Thirumagal et al., 2020, X. Liu et al., 2021].

FIGURE 7.2 – ResNet architecture for a generator in either semi-3D or
3D-patch setting.

In our work we utilised the generator based on ResNet, its architecture is given
in Figure 7.2. It starts with a set of a padding layer with a padding size of 3 to add
extra pixels around the borders of an image to preserve the spatial dimensions of
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the input and avoid the reduction in size, followed by a convolutional layer with
a 7x7 kernel and a stride of 1, batch normalization and a leaky ReLU; the output
next goes to the similar set of layers without a padding operation and with convo-
lutional layers with smaller kernels and different stride. The output of the third set
of layers enters the key component of the network that is a residual block. A resid-
ual block is composed of a stack of layers, and the output of the previous layer is
added to another deeper layer in the block. This connection known as the shortcut
or the skip-connection allows for information to bypass intermediate layers within
the block. Every residual block encompasses 2 parts: first stack of layers consists of
a padding layer with a padding size of 1, a convolutional layer with a kernel size
3x3 and a stride of 1, followed by a batch normalisation layer and a leaky ReLU, the
second part is identical to the first one except it does not contain a leaky ReLU. The
output of such a block is added to the output of the next block and so on. Depend-
ing on the size of the input image (we explain the details further in this section) we
use 9 residual blocks for the semi-3d input, and only 2 blocks for the 3d-patch input.
The decoding part of the ResNet is identical to the encoding part with a transposed
convolutional layer instead of a convolutional one. In the final layer of the network,
a Tanh activation function is applied to the output.

Discriminator
The discriminator is a neural network that acts as a binary classifier, distinguish-

ing between real and generated data. Its main purpose is to assess the quality of
the generated samples and provide feedback to the generator to improve its perfor-
mance.

In traditional GAN models, the discriminator provides a single scalar output
that represents the likelihood of the entire input being real or fake, however, in the
context of image-to-image translation it is beneficial to generate outputs based on
assessing local details rather than focusing on global image-level.

We followed the idea proposed in Isola et al., 2017 where they introduced a
PatchGAN. The key feature of the PatchGAN is that instead of receiving the en-
tire image as input, it takes as input patches of fixed size. By operating at the patch
level, the PatchGAN discriminator captures local information and assess the realism
of image more effectively.

Figure 7.3 outlines the PatchGAN architecture we used for our task of synthetic
PET generation. It consists of five convolutional layers with a kernel of 4x4 and
stride of 2 (apart from the last two layers), batch normalization layers and a Leaky
ReLU. The receptive field of the discriminator is 70x70 and this is similar to manually
dividing the entire image into overlapping patches of size 70x70. Each element of
the discriminator output signifies whether a corresponding patch is real or fake. For
the 3D-patch approach each feature in the final output feature map includes all of
the input pixels.

Both generator and discriminator models were written by using PyTorch version
1.3.1 and we took python code provided by J.-Y. Zhu et al., 2017 as a baseline.

7.1.2.2 Data ingestion and preprocessing

Two-dimensional slice-based models taking one single slice as input allows cap-
turing the global spatial context but inherently fail to leverage context from adjacent
slices, unlike 3D models which can lead to improved performance but comes with a
heavy computational and data cost.

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



66 Chapter 7. Learning with synthetic data

FIGURE 7.3 – PatchGAN architecture for a discriminator in either
semi-3D or 3D-patch setting.

As a compromise, we consider two configurations depending on the size and
shape of the input data:

— semi-3D models which receive three adjacent transverse slices as input (each
slice corresponding to one channel)

— 3D-patch models where we feed 3D mini patches extracted from the original
3D images into the network

For the semi-3D configuration, the original co-registered 3D images of size 157x189x136
with 1 mm3 isotropic voxels are normalized and cropped into samples of size 128x128x136.
For the 3D-patch configuration, the original 3D images are first resized to 160x192x160
so that we can extract sets of mini-volumes each of size 32x32x32.

Image reconstruction
In the semi-3D configuration, the whole 3D image is reconstructed by stacking

the generated transverse slices. In the 3D-patch setting, we crop the generated 3D
patches so as to consider only their central part as it has been shown in B. Huang et
al., 2018 that predictions for edge pixels have lower accuracy, thus we consider only
areas with higher prediction confidence. All patches are then stacked to reconstruct
the 3D volume. For both semi-3D and 3D-patch configurations, we finally apply
Gaussian smoothing as a post-processing to tackle with "border" effect that may oc-
cur when stacking either slices or mini-volumes. As a lightweight normalisation,
we also perform standard histogram matching by adjusting intensity distribution of
any fake PET to that of a randomly chosen PET image of the database that served to
train the GAN synthesis model and considered as the reference image.

7.1.3 Visual quality metrics

The following metrics were used to objectively assess the quantitative score of
translated images compared with the true image as reference:
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Mean squared error (MSE) estimates the mean pixel-based error between the gen-
erated (x) and ground truth (y) images as

MSE =
1

mn

m−1

∑
i=0

n−1

∑
j=0
|x(i, j)− y(i, j)|2 (7.5)

Peak Signal to Noise Ratio (PSNR) computes the ratio between the maximum pos-
sible power (pixel intensity value) of the generated image y′ and the MSE defined in
7.5 characterizing the power of corrupting noise that affects the fidelity of its repre-
sentation, as

PSNR = 20log10

(
maxx√

MSE

)
(7.6)

where maxx is the maximum possible pixel value of image x.

Structural similarity index metric (SSIM) from Z. Wang et al., 2004 estimates the
perceptual difference between two images using the mean (µ) and standard devi-
ation (σ) over pixel values of the generated (x) and ground truth (y) images. Two
variables, c1(= 0.01L)2 and c2(= 0.03L)2 , are included to stabilize the division with
low denominator, with L being the dynamic range of the pixel values, as

SSIM(x, y) =
(2µxµy + c1) · (2σxy + c2)

(µ2
x + µ2

y + c1) · (σ2
x + σ2

y + c2)
(7.7)

Learned Perceptual Image Patch Similarity (LPIPS) from R. Zhang et al., 2018 is used
to judge the perceptual similarity between two images and has been shown to match
human perception.

It computes the distance between the activation maps of the generated (x0) and
ground truth (x) images for a pre-defined network.

d(x, x0) = ∑
l

1
HlWl

∑
hw

∥∥∥wl ⊙ (ŷl
hw − ŷl

0hw))
∥∥∥2

2
(7.8)

Where ŷl
hw and ŷl

0hw are the extracted feature stacks from L layers normalized in
the channel dimension. As a pre-defined network, we used AlexNet.

7.1.4 Experiments

For the semi-3D approach, we explore in total 4 variants of GANs for paired
examples based on Simple-GAN or Cycle-GAN architectures both with and with-
out the proposed MSE extra loss term. For the 3D-patch approach, we performed
experiments with Simple-GAN and Cycle-GAN with MSE loss included as earlier
experiments for semi-3D approach demonstrated noticeable improvements in mod-
els performance once MSE loss term was added to the total loss.

For the synthetic PET images generation we used the DBC1 database introduced
in section 5.2 with a total amount of 35 controls with paired series of FDG PET and
T1 weighted MRI scans. We compare the performance of each model based on the
visual metrics derived in section 7.1.3.

A 4-fold cross-validation performance study is conducted based on 26 controls in
the train set and 9 controls in the validation set. During the training, Structural Simi-
larity Index (SSIM), as defined in section 7.1.3, between real and synthetic validation
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Experiment 1: GANs comparison for PET synthesis

Steps description Model(s) DBC1 DBC2 Outputs/results
1) Train semi-3D and 3D-patch
GAN models in 4-fold
cross-validation manner

Simple GAN
Cycle-GAN

✓ Table 7.2

2.1) Train the best semi-3D
GAN model

Cycle-GAN
with MSE loss

✓
semi-3D-GAN
model

2.2) Train the best 3D-patch
GAN model

Cycle-GAN
with MSE loss

✓
3Dpatch-GAN
model

3.1) Generate DBFake
C2 = DBsemi3D

C2
fake PET images

semi-3D-GAN ✓ DBsemi3D
C2

3.2) Generate DBFake
C2 = DB3Dpatch

C2
fake PET images

3D-patch-GAN ✓ DB3Dpatch
C2

TABLE 7.1 – Experimental steps and datasets used to generate syn-
thetic PET images from T1 modality

images serves as a quality metric to define the optimal configuration. During vali-
dation phase SSIM is computed on the whole image size for the semi-3D approach
(where we first resize all validation image slices from the shape of 128x128 to the
original shape of 157x189 and then estimate the SSIM metric) and on a patch level
for the 3D-patch, and averaged over all controls in a validation set.

Once the 4-fold cross-validation experiments are complete, we then choose the
two best model configurations and train the final versions of models for the gener-
ation of synthetic PET images for the DBC2 database for which original PET images
are missing. Detailed step-by-step breakdown of the experimental procedures, in-
cluding the specific dataset used at each stage and the corresponding outputs is
provided in Table 7.1.

Implementation details of the GANs training for each type of input data is as
follows:

semi-3D approach

— 46 triplets of adjacent slices per control training samples are extracted thus
resulting in around 1 200 training samples for each model.

— The models are trained for a maximum of 200 epochs with a batch size of 5 and
Adam optimizer.

— learning rate of 0.0002 is kept constant up to 100 epochs and linearly decayed
to zero over the next 100 epochs.

3D-patch approach

— 6 069 mini-patches of size 32x32x32 are extracted for each control training sub-
ject with a stride of 8, thus leading to more than 200 000 training mini-volumes.

— The models are are trained for a maximum of 100 epochs with a batch size of
10 respectively and Adam optimizer.

— The learning rate of 0.0002 is kept constant.
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7.1.5 Results

In this section, we delve into the experimental results obtained from training our
GAN models with several objectives. Firstly, we aim to examine the loss curves of
the GAN models to identify their learning efficacy over the training epochs. Sec-
ondly, we evaluate the SSIM metric as a criterion for terminating the training pro-
cess. By comparing the SSIM scores across different epochs, we seek to establish a
robust way of identifying the optimal stopping point that ensures high-quality im-
age generation. Lastly, leveraging the insights from analyzing the loss curves and
SSIM scores, we proceed to select the best epoch and use the model’s weights of the
best epoch to generate DBFake

C2 .

7.1.5.1 Comparative Analysis of Loss Functions in CycleGAN Experiments

The success of the deep model training relies heavily on the choice and design
of loss functions. In section 7.1.1 we provided mathematical formulation of losses
chosen for classical GAN and Cycle-GAN models. In this part, we present graphical
visualizations and analysis of losses contributions to the training process.

Since there are two networks trained at the same time that are competing against
each other, the problem of convergence in GANs is one of the most challenging prob-
lems. The situation where both the generator and the discriminator are stabilised
and are producing consistent results is hard to achieve. One reason behind this is-
sue is that as the generator improves over epochs, the discriminator’s performance
declines due to its difficulty in distinguishing between real and fake instances.

For this reason not only we experimented with hyperparameters, but also intro-
duced SSIM metric tracking to obtain an objective measure of the quality of the PET
images. Higher SSIM scores indicate better visual similarity to the real data, indi-
cating that the GAN is producing more realistic results. The SSIM metrics takes into
account perceptual factors that might not be explicitly captured by the GAN loss
functions alone.

Simple GAN
Figures 7.4-7.6 show the progression of loss functions over epochs. By exam-

ining the first two images, we can observe the generator and discriminator losses
on both train and validation images, ensuring that the model does not suffer from
overfitting. The third image presents the validation loss of both the generator and
discriminator, along with the SSIM metric calculated on the validation images. We
utilize this metric as a stopping criteria during training - we take the best weights of
the model from the epoch where SSIM reached its maximum.

Both the generator and the discriminator demonstrate expected behavior: the
training and validation adversarial losses have relatively high values at the begin-
ning, but as the training progresses, we can observe fluctuations indicating the learn-
ing process and the model’s attempts to generate more realistic images. The train
losses G(A) and D(A) decrease over time, and the validation losses follow the same
pattern being just slightly higher than the train loss and not overfitting. In Figure 7.6
we show the behaviour of the validation losses for the generator and the discrimina-
tor together with the SSIM metric progress. The red line indicates the point at which
the SSIM reached the highest value, here, both G(A) and D(A) losses have very small
values.
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FIGURE 7.4 – Simple GAN Training Progress: Generator Loss G(A)
train vs Generator Loss G(A) validation, A stands for the source do-

main T1 which is further generated into the target domain PET

FIGURE 7.5 – Simple GAN Training Progress: Discriminator Loss
D(A) train vs Discriminator Loss D(A) validation
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4

FIGURE 7.6 – Simple GAN Training Progress: SSIM, Generator Loss
G(A), Discriminator Loss D(A) over epochs on validation images and

the best epoch

Cycle GAN
In addition to the adversarial losses of the generator and the discriminator, Cy-

cle GAN also use the cycle consistency loss, the identity loss. We optionally offer to
include the MSE loss taking benefits from the fact of having a paired dataset. Fig-
ures 7.7-7.11 depict the changes in all the implemented losses as the model is trained.

The behaviour of loss functions in this case is more chaotic. For training and val-
idation set of images (Figures 7.7 and 7.8), both the generator and the discriminator
that translate images from T1 domain to PET domain struggle at the beginning with
their losses growing, while the opposite operation of generating fake T1 images from
real PET images is more successful as the losses G(B) and D(B) are both decreasing.
After the epoch 130, we observe the abrupt fall of the G(A) loss together with the
decrease of D(A) loss and a slight increase in losses for G(B) and D(B). This may be a
result of the learning rate scheduler, where the learning rate had been decreased by
a predefined step which led to the model’s parameters better optimization. At the
best epoch 189, we observe the highest SSIM value, at this point the generators and
discriminators losses demonstrate a stabilized behavior. It is noteworthy to mention
that D(A) loss at this point is around the 0.5 which means that the discriminator
makes random guesses in defining the real PET images from the fake ones, and that
is what we want. MSE, cycle consistency and identity losses demonstrate classical
behaviour of training and validation losses both gradually go down with the valida-
tion loss reached its plateau after certain amount of epochs.
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FIGURE 7.7 – Cycle GAN training progress: Discriminator Loss D(A),
Generator Loss G(A), Discriminator Loss D(B), Generator Loss G(B)

on train images

FIGURE 7.8 – Cycle GAN training progress: Discriminator Loss D(A),
Generator Loss G(A), Discriminator Loss D(B), Generator Loss G(B),
the SSIM metric on validation images, as well as the best epoch indi-

cator
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FIGURE 7.9 – Cycle GAN training progress: MSE loss between orig-
inal PET images and their synthetic versions generated from T1 de-
noted as MSE(A) and MSE loss between original T1 images and their
synthetic versions generated from fake PET denoted as MSE(B) on

both train and validation images

FIGURE 7.10 – Cycle GAN training progress: Cycle consistency loss
for the generator A and the generator B for train and validation im-

ages
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FIGURE 7.11 – Cycle GAN training progress: Identity loss for the gen-
erator A and the generator B for train and validation images
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7.1.5.2 Evaluation of the visual quality of the synthetic PET images

After the best epochs are defined as described previously we can generate the
synthetic images. We did it for all validation images in all cross-folds. Despite the
high quality of generated slices for the semi-3D mode or patches in 3D-patch mode,
the post-processing is required to soften the transition at the boundaries between
slices/patches during the reconstruction of the entire PET image. For this a 3D Gaus-
sian smoothing is applied on both semi-3D and 3D-patch reconstructed PET images
to reduce border effects. Among a range of values between 0 and 3 mm FHWM, the
value of 1.5 mm is shown to produce the best SSIM values.

We also noticed that after smoothing the resulting images appeared to be slightly
brighter compared to original PET images. Figure 7.12 illustrates a comparison be-
tween histograms of original and synthesized PET images for a single control in the
validation dataset. After the histogram matching the pixel intensities in a synthe-
sized PET image matches closer the target histogram of an original image. In a real
case scenario we would not have the original PET images for every T1 image of a pa-
tient, but we might have examples of PET images from desired PET scanners, that’s
why during the histogram matching processing we choose a random original PET
image as a reference and not the original PET image of a given control. As a result
our final reconstructed PET image exhibits a close resemblance with the original PET
in terms of structural details and intensity values (Figure 7.13.)

FIGURE 7.12 – A histogram of original and reconstructed PET images
for a control in a validation set before and after applying histogram

matching.

Table 7.2 reports the mean SSIM, Peak Signal to Noise Ratio (PSNR) and Learned
Perceptual Image Patch Similarity (LPIPS) with corresponding standard deviation
computed over all validation samples and all 4 folds for each of the six considered
models. 3D-patch Cycle-GAN with MSE loss is shown to perform the best among
the 6 models considered in this study. Two-tailed Wilcoxon signed rank tests yield
no significant differences between the semi-3D and 3D-patch Cycle-GAN models
with MSE loss for the PSNR (p-value = 0.79) metric while p-values of 0.0004 and
8.6x10−8 are achieved for the LPIPS and SSIM metrics, respectively, in favor of the
3D-patch method. Also note that our proposition to add the MSE loss term to the
Cycle-GAN global loss allows a significant improvement of all three metrics.

In the following, we consider the best performing models of each configuration,
namely semi-3D and 3D-patch Cycle-GAN models with MSE loss.
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TABLE 7.2 – Average visual quality metrics computed on the 35 syn-
thetic PET exams generated from T1 MRI of 35 healthy subjects.

Configuration Model SSIM PSNR LPIPS

semi-3D

Simple-GAN 0.825± 0.02 21.489± 0.89 0.033± 0.006
Simple-GAN with MSE loss 0.880± 0.02 23.542± 1.43 0.022± 0.006
Cycle-GAN 0.884± 0.02 23.700± 1.43 0.023± 0.006
Cycle-GAN with MSE loss 0.886± 0.019 23.742± 1.26 0.021± 0.004

3D-patch
Simple-GAN with MSE loss 0.883± 0.02 23.100± 1.38 0.021± 0.004
Cycle-GAN with MSE loss 0.897± 0.019 23.82± 1.72 0.019± 0.005

Further in our work we want to explore the practical aspects of using synthetic
data applied on real case of epilepsy detection. For this application, we use DBC2 as
the test set and generate missing PET images with the two models (semi-3D or 3D-
patch) trained on the DBC1 database. In order to do that, we have to train each of the
two models using as much data as possible. We split our original dataset DBC1 into
train (29 controls), validation (3 controls) and test (3 controls) sets. This partitioning
allows us to have more data for training, and the independent test controls to verify
that the weights found based on SSIM on validation data are optimal for synthetic
PET data generation for a database without original PET scans. The training param-
eters remain the same as for the 4-cross-fold validation experiments.

The loss progressions for the semi-3D and 3D-patch models are shown in Figures
7.14 and 7.15 respectively.

For the semi-3D configuration the loss behaviour is different from what we have
seen with the cross-validation experiments. Both losses for the generator and dis-
criminator B (with PET images as a source domain and T1 as an output domain)
increase after epoch 74, while for the T1 to PET translation, the generator A and dis-
criminator A compete against each other without showing much changes. Thus, we
had to stop before the whole model starts to overfit.

The training of the 3D-patch model is less stable, and losses vary a lot. After the
epoch 30, generator losses start to increase with the discriminator losses go down
and the model produces less realistic patches of PET images. Thus, we stopped at
the epoch 24 with all losses being relatively small and SSIM metric reaching its high-
est value.

FIGURE 7.13 – Transversal slice for a control in a validation set: orig-
inal image, before and after applying histogram matching.
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FIGURE 7.14 – Cycle-GAN semi-3D configuration. Generators and
discriminators loss functions progress.

Synthetic PET data generated by the semi-3D and the 3D-patch configurations
of Cycle-GAN models from the same T1 MRI of a control subject are illustrated in
Figure 7.16 and compared with the reference PET image of this subject. Both models
allow generating visually realistic FDG PET data.
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FIGURE 7.15 – Cycle-GAN 3D-patch configuration. Generators and
discriminators loss functions progress.

FIGURE 7.16 – Synthetic PET generated from T1 MRI of a test control.
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7.2 Evaluation of synthetic PET data based on task-oriented
quality metrics

As described in the previous section, synthetic medical data are aimed at aug-
menting or completing missing multimodality datasets that serve for different tasks
of medical image processing, including the training of deep machine learning mod-
els. It is thus important that these synthetic data mimic as closely as possible true
images. Most of the papers in the domain use standard quality metrics such as PSNR
or SSIM to evaluate the performance of the proposed architectures Abu-Srhan et al.,
2021; Gao et al., 2022; Qin et al., 2022; Sikka et al., 2018. Although these metrics allow
comparing noise and texture characteristics of the reference and synthetic data, they
can not determine if the pseudo-true images will perform similarly for the consid-
ered task at hand.

Only a few studies have gone beyond the quantitative intensity and noise wise
similarity assessment.

Some studies evaluated the added value of synthetic data to perform quantifi-
cation tasks Dewey et al., 2019; Wei et al., 2019. As an example, Dewey et al., 2019
showed that that the generative DeepHarmony model aiming at harmonizing brain
MR T1 data across multiple scanners of different vendors allowed a significant de-
crease in brain volume measurement error in a longitudinal study. Kläser et al.,
2021 showed that pseudo-CT generated from MR image recovered more accurate
quantitative HU than a multi-atlas propagation approach and subsequently led to a
significant improvement in the PET reconstruction error.

Other studies included synthetic data to the training of segmentation J. Liu et
al., 2023; Skandarani et al., 2023 or classification Chadebec et al., 2022; Pan, Chen,
et al., 2021; Pan et al., 2018; Pan, Liu, Xia, et al., 2021 networks. Liu et al J. Liu et al.,
2023, for instance, generated pseudo T1 Gadolinium images from T1, T2 and FLAIR
images of the BraTS dataset and compared tumor segmentation accuracy on true
and synthetic T1 Gd images.

Regarding classification, Chadebec et al., 2022 recently trained a variational au-
toencoder (VAE) to generate T1-weighted (T1w) MR brain images brain that were
then used to augment the training set of a CNN whose task is to differentiate Alzheimer’s
disease (AD) patients from cognitively normal (CN) subjects.

Finally, getting closer to detection tasks targeted in this study, Yaakub et al., 2019
generated synthetic pseudo-normal FDG PET images from MR T1 images of a con-
trol subjects. In a second phase, they used this generative model to generate control-
like pseudo FDG PET images from MR T1 exams of epilepsy patients, which were
then subtracted from the patient true PET images to localize hypometabolic regions.

7.2.1 Out-of-distribution problem formulation

A task-oriented quality evaluation is desirable if the synthetic data are to be used
for training machine learning models. Performance of these models indeed rely on
the strong assumption that data are identically distributed, meaning that they are
sampled from the same distribution. This means that the distributions of test data
should be sampled from the same distribution as the data used to train the model,
but also that data of each group (e.g training or testing) should be sampled from
a unique distribution. A violation of this assumption, referred to as domain shift
problem, may result in a performance decrease of the ML model.
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One way to evaluate that synthetic data follow the same distribution as the ref-
erence true data is to compare performance of the clinical task at hand with and
without synthetic data, as done for example in Chadebec et al., 2022.

Another way is to evaluate if the synthetic data are out-of-the distribution (OOD)
samples. A few OOD detection methods have been proposed over the past few
years, mostly for deep classification networks. Gonzales et al González et al., 2022
proposed a lightweight method to detect when deep segmentation models silently
fail on out-of-distribution (OOD) data, mainly due to domain shift problem. This
method exploits the Mahalanobis distance in the feature space of the deep segmenta-
tion model to derive epistemic uncertainty maps which are shown to correctly signal
when a model prediction should not be trusted. It demonstrated good performance
for different segmentation tasks including the Covid-19 lung CT lesion segmenta-
tion challenge gathering multi-centre scans as well as to MRI segmentation tasks of
the hippocampus and the prostate.

7.2.2 Out-of-distribution metrics definition

As described in Section 4.3, the main principle of UAD models is to learn a
model of normal control population by learning to compress and recover healthy
data based on autoencoder-like networks. Once trained, anomalies present in patho-
logical data can be detected as outliers from the modeled, normative distribution, ei-
ther by computing reconstruction error between the true and reconstructed images
in the image space or by training uniclass discriminant or generative models in the la-
tent representation space. To evaluate if the distribution of the generated synthetic PET
data matches that of true PET data, we derive out-of-distribution (OOD) detection
metrics fitted to the specific unsupervised anomaly detection task at hand.

The first metric is the global MSE (as defined in eq. 7.5) averaged over all pixel-
based error between any input image u (either fake or true) to the autoencoder AE
and its reconstruction AE(u). This metric quantifies if the fake FDG PET data mimic
in-distribution (ID) true FDG PET data in the image space, thus validating the use of
fake PET to train UAD models based on the reconstruction error based UAD models.

The second OOD metric, inspired from the idea developed in González et al.,
2022 is derived from the computation of the Mahalanobis distance dm between the
latent representation zu of any input image u to the autoencoder AE and the distri-
bution of this latent variable in the normal training population data, as

dM = (zu − µ)TΣ−1(zu − µ) (7.9)

where zu is the latent representation for image u, µ and Σ are the empirical mean
and covariance, respectively, computed over the latent representation zi of the N
elements of the training data set as:

µ =
1
N

N

∑
i=1

zi, Σ =
1
N

N

∑
i=1

(zi − µ)(zi − µ)T (7.10)

Dimension of the data inputted to the AE autoencoder (2D or 3D images or
patches) drives the dimension of the dM distance vector. It is indeed one-dimensional
if the UAD model is designed to extract one unique z value per 3D image, while it
equals the dimension of the original image if the UAD model is designed to generate
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one z value per voxel of the inputted 3D image. In the latter case, following González
et al., 2022, we average over all voxels to obtain a global metric, also referred to as
dM to simplify notations, whose value is normalised between the minimum and
doubled maximum values for ID train data.

The global dM metric quantifies if the fake FDG PET data mimic in-distribution
(ID) true FDG PET data in the latent space, thus validating the use of fake PET to train
UAD models performing the detection task in the latent representation space.

Comparing the distributions of MSE and Mahalanobis distance dM of true y and
fake x images will allow detecting any domain shift in the image and latent spaces,
respectively.

de > de
dM < dM

FIGURE 7.17 – Example of the difference between the Euclidean dis-
tance (de) and Mahalanobis distance (dM) in 2D space for two clusters
and a testing point X. is the vector of the average values for all vari-

ables (centroid).

With figure 7.17, we would like to illustrate why the Mahalanobis distance might
be a better choice compared to the Euclidean distance. We first remind that the
Euclidean distance de is defined as

de =
√
(X− X̄)(X− X̄)T (7.11)

In Figure 7.17, de from a testing point X (blue) to the centroid of the elongated
(red) cluster is higher than to the round (green) cluster. On the contrary, the Maha-
lanobis distance dM (7.12, 7.13) that considers the covariance between dimensions
is smaller than the elongated cluster. The Mahalanobis distance is a more robust
distance metric than the Euclidean distance when dealing with data that may have
correlated features.
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dM =
√
(X− X̄)Σ−1(X− X̄)T , (7.12)

Σ =

[
σ2

1 σ12
σ21 σ2

2

]
(7.13)

7.2.3 Experiments

We perform the OOD detection on PET images to explore if synthetic images
look alike to the real ones and to ensure that they are representative of the true dis-
tribution. The primary hypothesis suggests that the inclusion of synthetic images
will serve as an augmentation to the original dataset that, in turn, will lead to the
model’s improvement in detecting epilepsy.

Another aspect of our research work is to estimate the ability of synthetic data to
be used instead of real ones in case of missing data. For this part, the input of the
siamese encoder consists of T1 and PET FDG images of normal subjects combined as
channels. Our hypothesis is that the model trained on T1 and synthetic PET images
can show comparable performance as a model trained on T1 with real PET data.
To confirm this hypothesis, we build on OOD detection techniques to derive metrics
assessing if the distributions of T1+true PET and T1+generated synthetic PET images
look alike both in the image domain and in the latent representation domain of the
UAD model under consideration. Then, we compare the performance of this UAD
model trained either on normative paired MRI and true PET or on normative paired
MRI and synthetic FDG PET for the detection task of subtle epilepsy lesions in T1
MRI and PET patient exams.

To retrieve OOD metrics we designed experiments to detect OOD samples from
PET images solely and from a combination of T1+PET images. Our dataset con-
struction and analysis involved distinct phases for PET and T1+PET experiments,
utilizing a combination of real and synthetic data samples.

7.2.3.1 Dataset construction

PET experiment: We assembled a dataset comprising 35 real PET data samples
from DBC1 and 40 synthetic PET data samples generated from DBC2 MRI images.
These synthetic samples were produced using CycleGAN, augmented with an MSE
loss, in two distinct modes: 3D-patch (DB3Dpatch

C2 ) and semi-3D (DBsemi3D
C2 ). This

dataset was divided into 15 folds, each containing 60 images for training and 15
for testing, ensuring a balanced representation of real and synthetic images in the
test set. We also include 17 patients from DBep1 (see in Table 5.2) in the test set.

T1+PET experiment: For the T1+PET setup, we created a training dataset includ-
ing 35 pairs of synthetic PET images (either from DBsemi3D

C2 or DB3Dpatch
C2 ) alongside

their corresponding T1 MRI images. The test set comprised remaining 5 pairs of T1
and synthetic PET images for evaluating reconstruction error and Mahalanobis dis-
tance, plus 35 pairs of T1+real PET from DBC1. Additionally, the test set included
paired T1+PET scans of 18 patients DBep2 (see in Table 5.2).
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7.2.3.2 Protocol for OOD metrics gathering

1. Siamese Network Training: For both experiments, we utilized a Siamese network
architecture, trained on the respective datasets (technical details further in this
chapter in section 7.3.1.1). For PET experiments, the networks (UADsemi3D

pet

and UAD3Dpatch
pet ) were trained on the combined real and synthetic PET im-

ages. Similarly, for the T1+PET experiment, the networks (UADsemi3D
mripet and

UAD3Dpatch
mripet ) were trained on the paired images of T1 and synthetic PET. This

training facilitated the calculation of reconstruction error (MSE) and Maha-
lanobis distance for OOD detection.

2. Assessment of OOD Metrics: Utilizing the trained networks, we calculated the
MSE between the input and reconstructed images and computed the Maha-
lanobis distance to the train distribution at the voxel level. For the T1+PET
experiment, MSE errors for T1 and PET images were calculated separately and
averaged to derive a single metric per subject. The Mahalanobis distances were
similarly computed, allowing for an aggregate assessment of OOD metrics.
The resulting Mahalanobis distances at voxel level are averaged over all voxel
to obtain a single mean value at the subject level.

3. Visual Representation and Analysis: For both sets of experiments, we generated
single mean MSE errors and mean Mahalanobis distances for each test subject,
including controls and patients from respective datasets. These values are used
to generate 2D graphics, enabling visual representation and analysis of the
experimental results.

Refer to Experiment 2 in Table 7.3 and Experiment 3 in Table 7.4 to track inputs
and outputs for either PET or T1+PET experiments.

Experiment 2: OOD detection in PET

Steps description Model(s) DBC1 DBFake
C2 DBep1 Outputs/results

2) Train UAD model
on real PET images +
fake PET images
(DBsemi3D

C2

and DB3Dpatch
C2 )

UAD model ✓ ✓

UADsemi3D
pet

and
UAD3Dpatch

pet

3) Compare true and
fake PET images,
evaluate the synthesis
with task-oriented
OOD metrics

UADsemi3D
pet

and
UAD3Dpatch

pet

✓ ✓ ✓

Figure 7.18
and
Figure 7.19

TABLE 7.3 – Experimental steps and datasets used to perform OOD
detection in PET

7.2.4 Results

We showcase the results for OOD detection in PET images in Figures 7.18 and
7.19.
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FIGURE 7.18 – OOD estimation for real PET, synthetic PET generated
with a semi-3D configuration and PET patients.

FIGURE 7.19 – OOD estimation for real PET, synthetic PET generated
with a 3D-patch configuration and PET patients.
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Experiment 3: OOD detection in T1+PET
DB f ake

C2
Steps description Model(s) DBC1 35 5

DBep2 Outputs/results

1) Tran UAD model
on real MRI +
real PET images

UAD model ✓ UADoriginal
mripet

2) Train UAD model
on real MRI +
fake PET images
(DBsemi3D

C2

and DB3Dpatch
C2 )

UAD model ✓

UADsemi3D
mripet

and
UAD3Dpatch

mripet

3) Compare true and
fake PET images coupled
with true MRI,
evaluate the synthesis
with task-oriented
OOD metrics

UADsemi3D
mripet

and
UAD3Dpatch

mripet

✓ ✓ ✓

Figure 7.20
and
Figure 7.21

TABLE 7.4 – Experimental steps and datasets used to perform OOD
detection in T1+PET

We see that the reconstruction error rates are lower in the both control groups
with fake PET images with noticeable shift to the left for the DBsemi3D

C2 . Mahalanobis
distance show less variability between groups of real and fake PET images. For
the 3D-patch setting, we can more clearly distinguish two clusters: control subjects
with fake PET images and control subjects and patients with real PETs. In the case of
semi3D-generated PET, this boundary is less noticeable, which allows us to conclude
that the PET images obtained with UADsemi3D

pet are more similar to real PET images.

The Mahalanobis distance is lower between the mixed train set and the test set
with images in DB3Dpatch

C2 . This suggests that the fake PET images are more similar
to the characteristics learned by the siamese network during training, possibly be-
cause the network learned to capture the common features present in the generated
images. The higher distances between the train set and the test set with real PET
images can be explained by greater variability in the features of real PET scans (due
to a range of factors, including patient differences, radiotracers variability, scanner
settings, environmental factors, etc.) compared to the training set. Generated fake
PET images are more consistent in terms of the features, structures, and patterns that
the Siamese network is sensitive to, and this could lead to a more consistent com-
pressed representation and, consequently, more consistent Mahalanobis distances
for the fake PET images as well as more consistent reconstruction errors.

In both cases, one patient turned out to be an outlier - Patient R showed high
values of Mahalanobis distance and a high reconstruction error. It is worth noting
that 11 of the 17 patients underwent PET scanning at the same hospital in Lyon (see
Table 5.2, database DBep1), respectively, their PET images were taken on the same
scanner, which allows us to say that these PET images are homogeneous. Patient
R whose metrics are markedly different from the control subjects underwent PET
scanning at a different hospital, we thus hypothesize that its PET images come from
a different distribution. However, the remaining 5 patients (Patients D, V, AA, AD,
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FIGURE 7.20 – Mahalanobis distance dM and reconstruction error
MSE on test subjects inputted to the UADoriginal

mripet model. Blue points
correspond to the 35 real controls from DBC1, purple squares to the 18
patients of DBep2, red triangles correspond to 5 test control samples

of DBsemi3D
C2 .

AE), whose data came from a different hospital than Lyon, showed no abnormalities
compared to the control subjects. To what extent this affects the ability of the system
to detect epilepsy we will examine further.

Results of the OOD detection in T1+PET images are presented in Figures 7.20
and 7.21. As for the previous experiment with real and synthetic PET images, they
show the relationship between the mean normalized Mahalanobis distance dM and
the mean reconstruction error MSE estimated on test subjects from DBC1, DBsemi3D

C2 ,
DB3Dpatch

C2 , and DBep2. The blue circle symbols and the purple square ones report
metrics computed on the real samples of DBC1 and 18 patients of DBep2, respectively,
while the red and green triangles correspond to 5 remaining test control samples of
DBsemi3D

C2 and DB3Dpatch
C2 , respectively.

For all controls and patients, we observe the same order of reconstruction er-
ror denoting that ID samples (red and green triangles), OOD samples (blue circles for
DBC1 controls and purple squares for DBep2 patients) produce reconstructed images
of similar quality. The difference is more noticeable in the values of the Mahalanobis
distance computed in the latent space with average dM values around 0.4 for real
controls (blue circle) and patients (purple square) and 0.32 for the two series of test
controls (green and red triangles). Also, note the higher variability for both metrics
seen for real controls and patients. These results suggest that the distributions of
DBC1, DBsemi3D

C2 and DB3Dpatch
C2 control samples reasonably overlap in the image and

latent spaces thus meaning that fake paired images of DBsemi3D
C2 and DB3Dpatch

C2 can
be considered as inliers of the distribution of true control samples of DBC1.

Also note that the patient and control scatter plots are well-mixed, thus meaning
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FIGURE 7.21 – Mahalanobis distance dM and reconstruction error
MSE on test subjects inputted to the UADoriginal

mripet model. Blue points
correspond to the 35 real controls from DBC1, purple squares to the 18
patients of DBep2, green triangles correspond to 5 test control samples

of DBsemi3D
C2 .

that the patients can not be considered outliers of the distribution of control samples.
This underlines the difficulty of the detection task considered in this study, where
epilepsy lesions are so subtle that they do not impact the global patient-level OOD
metrics considered in this study.

7.3 Application of synthetic PET data to the training of a brain
anomaly detection model

Now that we have generated PET images using a CycleGAN and explored the
nature of their hidden distribution, we can investigate whether a UAD model trained
on a combination of real and generated PET images can outperform a model trained
solely on the limited set of available real PET images. We also investigate if synthetic
PET data can be used instead of real ones when paired with T1 MRI modality to
achieve a similar model’s performance in epilepsy detection compared to the model
trained on pairs of real T1 and PET images.

7.3.1 Description of the brain UAD model

7.3.1.1 Siamese network for feature extraction

This analysis is based on the UAD model described in section 5.1.
The architecture of the encoder and the decoder used in the regularized Siamese
network that was applied to learn the hidden representation of image patches is
shown in Figure 7.22. In the case of one modality input, the input consists of pairs of
patches of different subjects centered around the same coordinate. Each patch of size
15x15x1 is mapped to a vector z ∈ R64 using the encoder (E), and is subsequently

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



88 Chapter 7. Learning with synthetic data

mapped back to its original space using the decoder (D).

We want to exclude the brain regions (the cerebellum and brain stem) that are
not susceptible to epilepsy using a masking image in the MNI space derived from
the Hammersmith maximum probability atlas described in Hammers et al., 2003. If
a selected patch overlaps with the mask by at least 30% then we keep this patch in a
training set, a smaller overlap would lead to a rejection.

FIGURE 7.22 – Encoder and decoder of the Siamese Network

7.3.1.2 oc-SVM classifier for outlier detection

Every voxel denoted as vi is associated with a oc-SVM classifier Ci uses the RBF
kernel. that is trained on the matrix Mi = [zi1, ..., zin] where every element zi1 is the
hidden representation of a patch centered at vi of a subject j out of total number of
subjects n. Each classifier Ci uses the RBF kernel as explained earlier in 5.1.2. As an
output, for each voxel vi we get a score that is a distance to the found optimal hyper-
plane that separated the inliers from outliers (or anomalies). In the end, all distance
scores combined together yield the distance map Dp for the given control/patient.

7.3.1.3 Post-processing

The distance map derived from the previous stage has to be processed to obtain
the final detections. We follow the next steps:

1. During oc-SVM training a 10-fold evaluation of the controls is performed. For
each fold we get the distance maps based on the oc-SVM models trained on the
remaining subjects (For example, if we have 35 control subjects, we train oc-
SVM on 28 subjects and get the distance maps for the remaining 7 subjects, and
this process repeats 10 times). The distance maps obtained this way allow us to
compute the standard deviation of the normal subjects’ distance distribution at
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voxel-level. We save these values for every voxel in the form of a normalization
map NS computed as:

NS(vi)← std({Ds(vi)}s∈X) (7.14)

X is the total training dataset, and Ds is the distance score map for the healthy
control s,

2. For every patient p we compute a normalised distance map Dpn by dividing
the output distance map Dp over the NS voxel-wise.

3. The final distance map Dpw (we refer to it as a weighted distance map) is com-
puted as:

Dpw =
1
2
(

Dp

max(abs(Dp))
+

Dpn

max(abs(Dpn))
) (7.15)

Some areas of the brain have greater variability and are more likely to be seen
as anomalies, by weighing them by the standard deviation, the score maps
take into account this effect.

4. The next step consists of thresholding the weighted distance map to get a clus-
ter map with areas of the highest probability to be an anomaly.

(a) All scores from Dpw are combined into a histogram. Subsequently, this
histogram is approximated using a non-parametric distribution through
a kernel density estimator.

(b) With a chosen p-value and a 26-connectivity rule the connected compo-
nents or clusters are identified. P-value is a varying parameter and can
be chosen by a clinician to perform the analysis. The minimal size of a
cluster is set to be 82.

5. The clusters received at the previous steps are called detections. In order the
define the cluster of the highest probability to be an anomaly we perform a
ranking as:

rank(ci) = ω ∗ score(ci)

minjscore(cj)
+ (1−ω) ∗ size(ci)

maxjsize(cj)
(7.16)

here, score(ci) is the average of the voxel scores in the cluster ci, size(ci) indi-
cates the cluster’s voxel count, ω is a weight parameter that we set to be 0.5 in
our experiments to equally threat the clusters on both their size and average
score.

7.3.1.4 Evaluation protocol

To evaluate the CAD system performance with different input modalities, we
compare the final cluster maps with the ground truth annotations. A cluster map
is compared to the ground truth image, and the overlap between the found clusters
and the ground truth cluster is calculated. If there is any overlap for one or more de-
tected clusters, they are referred to as true positive detections. The remaining clusters
that fall outside the true lesion zone are counted as false positive detections. We report
the number of correct detections as the total number of patients where there was at
least one true positive detection. We are also interested in evaluating the ranks of
the true detections found among the top n clusters in all patients.
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Additionally, we limit the maximum number of found clusters to 15 thus tolerat-
ing no more than 14 false positives. The greater number of clusters would decrease
the clinicians ability to estimate the CAD system’s results.

FIGURE 7.23 – An example of post-processing steps on one patient:
a) original PET scan transverse slice b) a score map overlayed on top
of the original image with dark areas being very negative values cor-
responding to the probable anomaly zone c) thresholded Dpw at a
p-value with a maximum of 15 clusters, the top left red cluster has

the highest rank and is identified as an anomaly.

7.3.2 Experiments

We conduct two types of experiments: training of UAD models on PET data
(solely on real PET images and on the combination of real and synthetic data), and
training of UAD models on pairs of T1 MRI and PET data where we use either real
PET or synthetic ones thus modeling the situation of missing PET modality in the
training dataset. The details for these two types of experiments are given below.

UAD models trained on PET data

These models are trained on three different databases: the series of 35 real control
PET dataset (DBC1) described in section 5.2 and two hybrid databases mixing these
35 real control PET with 40 synthetic control FDG PET data generated by the semi-3D
(DBsemi3D

C2 ) and 3D-patch (DB3Dpatch
C2 ) Cycle-GAN models with MSE loss from origi-

nal T1 data.
For the siamese network training pairs at the control level were randomly se-

lected, and for each control, a fixed number of patches — specifically, 25 000 — was
extracted, constituting the optimal quantity for efficient and reliable training of the
Siamese network. Thus, with a dataset DBC1 consisting of 35 healthy subjects with
their real PET images we get 875 000 patches, and we extract 1 875 000 patches for
a combined real dataset with synthetic datasets DBsemi3D

C2 and DB3Dpatch
C2 . We trained

the network for 30 epochs, The trade-off coefficient controlling the extent of similar-
ity was set to 0 for the first 10 epochs, then linearly increased to the maximum of
0.5 during the next 15 epochs and remained at a plateau for the last 5 epochs. The
optimization was performed by using Adam and a learning rate=0.001.

During oc-SVM training, a 10-fold evaluation of the controls is performed. For
each fold, we get the distance maps based on the oc-SVM models trained on the
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remaining subjects (If we have 35 control subjects, we train oc-SVM on 28 subjects
and get the distance maps for the remaining 7 subjects, and this process repeats 10
times). The distance maps obtained this way allow us to compute the standard de-
viation of the normal subjects’ distance distribution at voxel level. After processing
distance maps we receive resulting cluster maps with detections as described in sec-
tion 7.3.1.3.

As the result, we obtain three trained models UADoriginal
pet , UADsemi3D

pet and UAD3Dpatch
pet

and compare their detection performance on DBep1.

UAD models trained on pairs of T1 MRI and PET data

As for the PET experiments, we use the same architecture for the siamese net-
work with the only difference being that we combine T1 and PET patches at the
channel level to form the input. Each training dataset consists of 35 controls with
real T1 and either real or synthetic PET data producing 875 000 training patches.
The test set DBep2 consists of paired T1+PET scans of 18 patients. The difference
from the experiment we made for PET data is that we took only patients whose
scans are coming from the Lyon hospital excluding patients AB and AC for which
bad outcomes after the surgery were observed and added new patients (see Table
5.2) for the details.

Training of the oc-SVM model is the same as for PET experiments.
Resulting UADoriginal

mripet , UADsemi3D
mripet and UAD3Dpatch

mripet ) are tested on DBep2 to evalu-
ate the detection performance of each model.

Implementation details

The development and implementation of the UAD model were done in Python,
using Tensorflow and Keras libraries for the deep model training and feature extrac-
tion. The oc-SVM part was accomplished by partitioning all the voxels into indi-
vidual subsets, with each subset being allocated to its own thread, and the oc-SVMs
were then trained sequentially. Testing was done in the same way. The oc-SVM im-
plementation was provided by the Scikit-learn library.

7.3.3 Results

7.3.3.1 Results of the CAD model trained on real PET and the mix of real and
synthetic PET images

Our hypothesis is that adding synthetic images to the train set can serve to im-
prove performance of machine learning based diagnostic models. Previously, we
described the development and implementation of the UAD model.

In our paper [Zotova et al., 2021] we reported that the best detection sensitivity
of 64.7% (11 out of 17 correct detections) was achieved with the model trained on the
hybrid dataset including the 40 PET data generated from the best semi-3D model.
In Table 7.5, we however present the updated results after having made a more rig-
orous and in-depth visual analysis. This review revealed inaccuracies in the initial
automatic detection process leading to adjustments in sensitivity rate. A detailed vi-
sual analysis revealed that several detections previously classified as true positives
did not meet the criteria for TP from a clinical perspective. Our initial approach —
comparing a set of 35 true PET images with an augmented set comprising both true
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Patient UADoriginal
pet UADsemi3D

pet UAD3Dpatch
pet

Patient A x x x
Patient C ✓ (1) ✓ (5) ✓ (1)
Patient D ✓ (1) ✓ (1) ✓ (1)
Patient E ✓ (4) x x
Patient G x x x
Patient J ✓ (6) x x
Patient O ✓ (1) x x
Patient Q x x x
Patient R x x x
Patient S x x x
Patient U x x ✓ (9)
Patient V x ✓ (6) ✓ (4)

Patient AA x x x
Patient AB x ✓ (5) ✓ (4)
Patient AC ✓ (3) x x
Patient AD x x x
Patient AE ✓ (4) x x

Overall # of
lesion detections

7 4 5

Mean rank 3.3 4.25 3.8

TABLE 7.5 – Performance of the brain anomaly detection model
trained on three databases. From left to right: UADoriginal

pet : 35 real

PET images from DBC1, UADsemi3d
pet : 35 real PET images from DBC1

and 40 synthetic PET images DBsemi3D
C2 , UAD3dpatch

pet : 35 real PET im-

ages from DBC1 and 40 synthetic PET images DB3dpatch
C2

and synthetic PET images — was reevaluated. This comparison appears to have not
been the most appropriate task for assessing the model’s performance accurately.
The complexity of the task, coupled with the heterogeneous nature of the PET im-
ages (acquired with different machines and varying in quality), likely skewed the
initial results. Additionally, the inclusion of patients with poor outcomes (patients
AA, AB, AC, AE in Table 5.2 ), who were later excluded in the revised analysis (the
next experiments with T1 and PET data), further necessitated this update.

The revised analysis revealed that adding synthetic data to the training, which
here amounts to doubling the number of training samples, did not lead to a gain
in performance. The highest performance showed only a 41.2% sensitivity (7 out of
17 detections) was achieved with the model trained on 35 real PET scans. Figure
7.24 illustrates anomaly maps derived from the three detection models on three test
epilepsy patients.

Interestingly to admit, even though UADsemi3D
pet and UAD3Dpatch

pet models demon-
strated reduced sensitivity, they were able to detect lesions in patients missed by
UADoriginal

pet . Factors such as the quality of synthetic images, the degree of realism in
replicating clinically relevant features, and the fusion of synthetic with real dataset
are critical considerations that could influence the efficacy of deep learning models
trained on augmented datasets.
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FIGURE 7.24 – Example cluster maps for three patients produced
by the detection models, from left to right: 35 real PET scans
(UADoriginal

pet ), 35 real+40 synthetic PET (UADsemi3D
pet ), 35 real+40 syn-

thetic PET (UAD3Dpatch
pet ). The upper line demonstrates a case for Pa-

tient D where all models detected a correct cluster with a high confi-
dence (rank of 1). The middle line shows a result for Patient O, where
models trained on the mix of real and synthetic PET failed to detect
a cluster, but the correct detection was made by a model trained on
real PET images. The bottom line demonstrates a case for Patient AB
where both models trained with additional synthetic data managed
to detect a lesion with a middle confidence in the right internal frontal
lobe, while it is missed by the model trained on real PET data solely.
Red clusters indicate a very high probability of anomaly, while green
clusters represent the least suspicious areas detected by the model.

7.3.3.2 Results of the CAD model trained on T1+real PET and T1+synthetic PET
images

Detection performance results are reported in Table 7.6. Patient T (see Table 5.4)
was added to evaluate the ability of the UAD models to detect non-subtle anomalies,
here a surgical resection localization in the right temporal pole. Detection perfor-
mance achieved for this patient is not included in the overall metrics reported on
the last two lines of Table 7.6, thus aggregating performance estimated on the 19
small and subtle epileptogenic lesions of 18 patients included into DBep2 (patient B
has two lesions in left temporal pole and insula).
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FIGURE 7.25 – Example cluster maps overlaid on T1 MRI by the
detection models, from top to bottom: UADoriginal

mripet , UADsemi3D
mripet and

UAD3Dpatch
mripet , respectively. Selected transverse or coronal slices of pa-

tients B, I, and G are centered on confirmed EZ localisations in var-
ious areas of the brain, namely the left temporal lobe, left insula,
and right precentral gyrus. Illustration of patient T depicts perfor-
mance for the detection of a large surgical resection area located in
the right temporal lobe.The cursor points to suspicious anatomical
regions. The color bar displays the most suspicious cluster of rank 1
as bright red and the least suspicious detected cluster of rank 10 as

dark green.

The best-reported detection performance was achieved with the UAD3Dpatch
mripet model

trained on DB3Dpatch
C2 , with 74% sensitivity (14 out of the 19 lesions) and a mean re-

ported rank of 2.1, meaning that the detected epilepsy lesions were, on average,
among the top 3 most suspicious clusters reported by this model. The UADsemi3D

mripet

model trained on DBsemi3D
C2 achieved 58% sensitivity (11 out of the 19 lesions) and a

mean reported rank of 2.4, thus outperforming the model trained on the real paired
T1 MRI and FDG PET of DBC1 whose sensitivity and mean rank were of 42% (8 out
of 19 lesions) and 3.9, respectively. These results are on par with those of the quanti-
tative visual analysis and show that images obtained from the 3D-patch CycleGAN
model appeared to be visually realistic as well as adapted to the training of the UAD
model.

Figure 7.25 illustrates anomaly cluster maps derived from the three detection
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Patient
T1+PET real
UADoriginal

mripet

T1+PET semi-3D
UADsemi3D

mripet

T1+PET 3D-patch
UAD3Dpatch

mripet
Patient A ✗ ✗ ✗

Patient B ✓(2) ✓(3) ✓(1) and ✓(5)
Patient C ✓ (3) ✓ (4) ✓ (2)
Patient E ✗ ✓ (4) ✓ (5)
Patient F ✓ (5) ✓ (4) ✓ (1)
Patient G ✓ (4) ✓ (3, 4) ✗

Patient I ✗ ✓(1,4) ✓(1)
Patient J ✓ (8) ✗ ✓ (1)
Patient K ✓(1) ✓(1) ✓(1)
Patient M ✗ ✓(2) ✓(1)
Patient N ✓ (1) ✓ (1) ✓ (3)
Patient O ✗ ✓ (3) ✓ (5)
Patient P ✗ ✗ ✗

Patient Q ✗ ✗ ✗

Patient S ✗ ✗ ✓ (2)
Patient T ✓ (1) ✓ (1) ✓ (1)
Patient U ✓ (7) ✓ (1) ✓ (1)
Patient Z ✗ ✗ ✓(1)
Overall # of
lesion detections

8 11 14

Mean rank 3.9 2.4 2.1

TABLE 7.6 – Performance of the brain anomaly detection model
trained on the three databases: from left to right: UADoriginal

mripet : 35 real

T1 and PET samples of DBC1, UADsemi3D
mripet : 35 paired true T1 MRI and

fake PET of DBsemi3D
C2 , UAD3Dpatch

mripet : 35 paired true T1 MRI and fake

PET of DB3Dpatch
C2 . ✓ denotes a true detection followed by its rank in-

side parentheses. ✗ denotes no true positive detection meaning that
the lesion was not detected among the 10 highest-ranked clusters de-
tected by the model. Bottom lines denote the total number of detected
lesions over all epileptogenic patients as well as the mean rank score

assigned by each model.

models on 4 test epilepsy patients. These visual results confirm the quantitative per-
formance reported in Table 7.6. Lesion of Patient B in the left temporal pole was cor-
rectly detected by all models but with the highest rank obtained by the UAD3Dpatch

mripet
model trained on T1 and synthetic PET data generated by the 3D-patch CycleGAN.
Lesion of Patient I located in the left insula was correctly detected by the UAD3Dpatch

mripet

and UADsemi3D
mripet model with the highest suspicious rank, but it was missed by the

UADoriginal
mripet model trained on real T1 and PET data. Lesion of Patient G located in

the vicinity of the right precentral gyrus and operculum was correctly detected with
UADoriginal

mripet and UADsemi3D
mripet models with ranks of 4 and 3, respectively, but it was

missed by UAD3Dpatch
mripet model. At the most right, the surgical resection zone of Pa-

tient T in the right temporal lobe was correctly detected by all three models with
high confidence.
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7.4 Discussions and conclusions

In this chapter, we demonstrated that realistic FDG PET exams of healthy sub-
jects can be generated from GAN-based architectures with T1 MRI as input. This
is assessed by the quantitative visual metrics, such as PSNR and SSIM reported in
Table 7.2 as well as qualitatively, based on example samples reported in Figure 7.16.
Quantitative results show that our proposal to train the standard CycleGAN archi-
tecture with paired T1 and PET data and additional MSE loss term allowed notable
improvements in comparison to standard CycleGAN. We improved the visual qual-
ity of synthetic PET data by performing histogram matching of the generated syn-
thetic PET, thus producing synthetic PET images that closely match the original ones.

Visual performance reported in this study is in the range of values obtained in
Yaakub et al., 2019 and Flaus et al., 2023 for the same task of generating FDG PET
images of control subjects based on their T1 MRI. Both studies implemented GAN-
based architectures with resulting PSNR values of 23.2 ± 2.3 in Yaakub et al., 2019
and 35± 3.8 in Flaus et al., 2023.

We also introduce diagnostic task-oriented quality metrics of the synthetic imag-
ing data and strengthen the use case application focusing on the detection of epilepsy
lesions in paired FDG PET and T1 MR data. We include an extensive performance
evaluation of the proposed UAD model on a homogeneous and extended series of
clinical epilepsy patients with confirmed lesion localization and surgery outcome as
well as paired T1 MRI and PET exams realized in similar conditions.

We showed that generating realistic PET images can be seen as an augmentation
technique leading to the improved performance of the UAD model when added to
the set of original PET data. The first examination of this was done by measuring the
OOD metrics reported in Figures 7.18 and 7.19. An alignment in the metrics is con-
sistent with the performance of the UAD model trained on the mix of real PET data
from DBC1 and synthetic PET from DBsemi3D

C2 , showing noticeable improvements in
detecting subtle epileptogenic lesions.

We also show that these synthetic PET data could efficiently replace true FDG
PET images into multi-modality normative databases to train unsupervised anomaly
detection models. As for the previous experiment, this was first assessed based on
the OOD metrics reported in figures 7.20 and 7.21 indicating a reasonable overlap
of the metrics computed on the paired T1 and real PET and paired T1 and syn-
thetic PET data. This study provides clues of evidence that a UAD detection model
trained with normative fake PET would not silently fail when tested on true patient
PET data. The detection performance analysis allows confirming conclusions drawn
from the OOD metrics.

The slight improvement of detection performance observed with the models
trained on synthetic paired data might be explained by the lower mean and stan-
dard error values of the Mahalanobis distance Dm estimated on the inliers fake pairs,
respectively the 5 test samples of DBsemi3D

C2 (red triangles) in Fig 7.20 and the 5 test
samples of and DB3Dpatch

C2 (green triangles) in Fig. 7.21. This might indicate that the
latent distribution of the synthetic representation z is denser than that achieved with
the real paired T1 MR and FDG PET samples. The denser the normative distribution
in the latent representation space, the more compact the density support estimated
by the oc-SVM model, and the more sensitive it is to any deviation from normality
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at inference. One possible explanation for the assumed higher density of the syn-
thetic latent distribution is that the synthetic PET data have lower inter-individual
pattern variability than the real population. The UADsemi3D

mripet and UAD3Dpatch
mripet mod-

els trained on paired synthetic data might be more sensitive to any subtle deviation
from the normative pattern, including those originating from subtle epilepsy lesions.
This attempted explanation should be interpreted with caution. Further investiga-
tion including reproducibility analysis based on an extended database, is required
to confirm this trend.

This study builds on the CycleGAN model that demonstrates impressive per-
formance in synthesizing natural and medical images, as reported in section 3.2.3.
We improved the visual quality of the synthetic PET images by training this archi-
tecture with paired FDG and T1 exams and adding the MSE loss term. The recent
study of Pan et al Pan et al., 2022 underlines that CycleGAN architectures are still
competitive models for the task of cross-modality image synthesis. The added value
of transformer models was also recently addressed. In Dalmaz et al., 2022, the au-
thors proposed an architecture based on ResVit, which consists of a generator sub-
network that follows an encoder-decoder pathway with aggregated residual trans-
former (ART) blocks in the bottleneck. This generator is associated with a convo-
lutional discriminator subnetwork. This architecture was designed to enable con-
ditional image synthesis, meaning it can unify various source-target modality con-
figurations into a single model. Performance was evaluated on brain MR images
from the IXI dataset to synthesize one missing modality from triplets of T1, T2, or
FLAIR MR images. Encouraging visual performance based on SSIM and PSNR was
reported, outperforming GAN or U-Net-based architectures for this task. In J. Liu
et al., 2023, an encoder-decoder model based on multiscale Swin Transformer blocks
was proposed for the same task. As in Dalmaz et al., 2022, this architecture was
evaluated on T1, T2, and PD MR images of the IXI database with improved visual
metrics compared to standard GAN architectures. The objective of these two studies
was to design a model that can take any subset of input contrasts and synthesize
those that are missing in a unified and unique framework. This task is thus different
from ours so an extensive comparison is not achievable. One comment, however, is
that both studies did not report the performance of CycleGAN-based architectures,
or diagnostic-based quality metrics. As far as we know, such transformer-based ar-
chitectures have not been evaluated yet for the synthesis of PET data from T1 MRI.

One perspective to this work would be to assess the reproducibility of our results
based on an extended validation study with more control subjects and patients. We
also plan to further assess the added value of attention modules, e.g. based on the
transformer models that are shown to perform well for the imputation of missing
imaging modalities. Finally, as recently investigated in Pan, Chen, et al., 2021 and
Pan et al., 2022, one promising way is to design models that jointly tackle the syn-
thesis of the modality and the diagnostic task at hand, by coupling synthesis and
diagnostic (e.g. classification) networks.
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Chapter 8

Multimodality fusion

8.1 Epilepsy lesion detection on multimodality images

It is common to have multiple sources of information for a given problem, such
as different measurements, experiments, or sensors. In medical imaging, multiple
images of the same subject can be obtained from different modalities (e.g. MRI, CT
and PET) or protocols (e.g. various MRI sequences like FLAIR and DWI). Utilizing
multiple modalities can provide a more comprehensive understanding of a patient’s
condition, as each modality highlights different aspects of the subject. This concept
has led to the development of machine learning algorithms based on multimodality
imaging that aims at extracting the most discriminant and complementary informa-
tion from different imaging sources for more accurate diagnosis and treatment.

In chapter 2, we covered the problem of using multiple sources of information
for building better models and saw the latest works exploring models’ capabilities
depending on the level at which the different sources of information are combined.
We further focused on the problem of epilepsy detection, and in chapter 5 we formu-
lated it as the problem of detecting subtle lesions in brain imaging as a voxel-wise
outlier detection problem. We also presented our strategy where we exploited the
idea of combining the siamese networks for hidden representation learning coupled
with per voxel oc-SVMs for generating the output maps with regions suspicious to
be epileptical. In chapter 7 we demonstrated the power of using two modalities, T1
and PET, and showed that the usage of artificially generated PET images may even
outperform the model trained on real images. The best performance of the proposed
CAD system trained on real T1 and synthetic PET images showed 74% of sensitivity
among the top 3 most suspicious detected clusters.

In this chapter, we examine three fusion strategies, namely, early fusion, inter-
mediate fusion, and late fusion as explained in chapter 2 in order to exploit the full
potential of available modalities for patients (T1, FLAIR and PET). We will then as-
sess the effectiveness of each strategy and make a comparison between them.

8.1.1 Data

The patient data set is the database DBep3 described in Table 5.2 of chapter 5.
It consists of the DBep2 patients as for our previous experiments with T1 and PET
modalities in chapter 7 with some extra patients from DBep1 and some more new
patients that were included later. We recall that PET exams of DBep2 patients were
acquired on the same scanner as that used to acquire the PET exams in the train-
ing dataset DBC1 while PET exams for the other patients were acquired on different
PET machines. The training dataset consisting of healthy controls is the same as in-
troduced in section 5.2 with additional 40 synthetic PET images from DB3Dpatch

C2 . In
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the course of the experiments presented below, we use the T1-weighted, FLAIR MRI
and PET sequences for both the 75 healthy controls (including synthetic data) and 31
patients with confirmed epilepsy lesions. All images were normalized to the MNI
space with FLAIR and PET images being rigidly co-registered with the correspond-
ing T1-w volumes and further normalized to the MNI space as well. Again, we
excluded the brain regions (the cerebellum and brain stem) that are not susceptible
to epilepsy using a masking image in the MNI space derived from the Hammersmith
maximum probability atlas described in Hammers et al., 2003. After the elimination
of the corresponding voxels, the number of remaining voxels adds up to around 1.4
million. In the pre-processing stage, we additionally removed top 1% intensities to
avoid a negative impact on the performance and individually scaled the images be-
tween 0 and 1.

8.1.2 Experimental setting

For the next set of experiments, we adapted the architecture of the siamese net-
work depicted in Figure 8.1):

— We dropped the max pooling operation in an attempt to preserve the posi-
tional information. The dimensionality reduction is now reached by applying
different strides in convolutional layers.

— Every convolutional layer is followed by a batch normalization layer, serving
as regularization to avoid overfitting and stabilizing the whole training pro-
cess.

— Different kernel and stride sizes of the convolutional layers lead to the smaller
size of z-representation (16 vs the previous size of 64). As we tested the detec-
tion model on various combinations of modalities at 3 different levels, we had
to reduce the z-dimension so the joint z-representations at the intermediate
fusion could still fit the oc-SVM classifier.

— The decoding part is mirrored to the encoder consisting of deconvolutional
layers with the same kernel and stride sizes as for the encoder followed by
batch normalization.

For both siamese network and oc-SVM trainings, we form a training dataset con-
sisting of 32 controls from DBC1 and 37 controls from DBC2 and a validation dataset
(the remaining 3 controls from DBC1 and DBC2).

We extract 250 000 patches instead of 25 000 from each control to train the siamese
network. This is motivated by a generalization need and richer feature representa-
tions, especially since we reduce the dimension of z-representation of patches. The
training details for the siamese network remain the same as for experiments in sec-
tion 7.3.

When it comes to the oc-SVM part, we preserve the same classifier, but only
change the computation of the normalized maps described in section 7.3.1.3. We
now compute distance maps of the 6 validation control samples, and since they are
not a part of the siamese network’s training, it should give us the standard devia-
tion of the distance distribution among normal subjects at each voxel comparable
with the previous setting but avoiding the computational costs of performing 10-
fold cross-validation.
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8.1.3 Detection performance evaluation

We implemented changes in the evaluation protocol after revision of the results
obtained in experiments described in sections 7.3.3.1 and 7.3.3.2. In these experi-
ments, a detection was classified as ’true positive’ if there was a minimal overlap, as
small as a single pixel, between the detected anomaly cluster and the ground truth
(GT) annotation. This criterion, however, led to an overestimation of true detections,
complicating the assessment of our anomaly detection model’s performance. For in-
stance, for some patients in evaluation of UADoriginal

pet , UADsemi3D
pet and UAD3Dpatch

pet
models, we noted that, despite the detected cluster had a small overlap with the
ground truth on a specific slice, yet the spatial propagation of the cluster was pre-
dominantly in a direction divergent from the actual epileptogenic zone. The revised
approach below aims to reduce false positives and improve the consistency between
detected clusters and GT annotations, thereby providing a more accurate reflection
of the model’s efficacy in identifying epileptogenic areas in medical imaging.

— Expanded Ground Truth (GT) Annotations: we have broadened the scope of
our GT files to encompass the entire brain region associated with the anomaly,
rather than limiting annotations to localized areas. This will help with the
initial step in our evaluation process which involves verifying that a detected
cluster is situated within the appropriate brain region. Subsequently, we con-
duct a visual inspection to assess the extent of overlap between the detected
cluster and the precise GT annotations.

— Single cluster map implementation: in contrast to our previous approach of
generating multiple cluster maps from an output score map at varying proba-
bility (p-levels), we now employ a single cluster map in our evaluation. This
map contains a maximum of 15 clusters, simplifying the analysis and enhanc-
ing the interpretability of results.

— Intersection threshold: we require that the model’s detected cluster has more
than 30% intersection with the marked region of the brain in the GT file. This
criterion ensures that the detected cluster encompasses a significant portion of
the actual anomaly, thereby enhancing the reliability of the detection.

8.1.4 Early fusion

We employ the early fusion strategy by concatenating different imaging modal-
ities at the channel level. Specifically, each input sample in our training dataset
X = {x1; x2; ...; xN} is a multi-channel patch derived from the chosen modalities.
For the combinations of T1+FLAIR, T1+PET, and FLAIR+PET, each patch is of size
15x15x2, representing spatial dimensions of 15x15 and two channels corresponding
to the respective imaging modalities. In the case of combining all three modali-
ties (T1+FLAIR+PET), the patch size becomes 15x15x3, incorporating an additional
channel for the third modality. It is important to emphasize that these dimensions
describe a single patch. The subsequent latent representation extracted by our net-
work for each patch retains a dimensionality of 16, regardless of the number of
modalities fused in the input.

8.1.5 Intermediate fusion

In this setting, we merge two or all three modalities at the level of extracted
hidden representation. Upon obtaining the latent representation vectors from the
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FIGURE 8.1 – Encoder and decoder of the Siamese Network v2

separately trained siamese networks, each on one single modality, we aim to merge
these vectors to create a composite representation that encapsulates the features from
each modality. This merging is done by concatenation: for the two modalities merg-
ing z = [z1; z2] resulting in the dimensionality of 32 and z = [z1; z2; z3] for T1, FLAIR
and PET modalities integration with the dimensionality of 48.

8.1.6 Late fusion

In the late fusion stage, our methodology centers around the integration of clus-
ter maps, which are derived from individual UAD models. Each of these models is
specifically trained on a single modality. The merging process unfolds as follows:

— Creation of the unified cluster map. The ultimate cluster map is formed by
merging clusters originating from different imaging modalities (T1, FLAIR,
and PET). Our aim is to ensure that the final map includes both clusters that
are common across different modalities and those that are highly significant in
a single modality.

— Determining cluster significance through rank assignment. To evaluate the
importance of each cluster, we adopt a rank-based system. When there is an
overlap of clusters from different modalities, the rank for the combined cluster
in the unified map is assigned based on the most significant (i.e., the lowest)
rank among these intersecting clusters. For instance, if an overlapping occurs
between a cluster ranked 1 in the T1 modality and a cluster ranked 6 in the
PET modality, the combined cluster in the unified map is assigned the higher
significance with a rank of 1.

— Prioritizing clusters. In cases where clusters are formed by the union of differ-
ent modalities, these clusters are assigned a higher rank to highlight their mul-
timodal importance. Despite this, individual clusters that initially have very
high importance, for example, ranks 1 or 2, retain their prominent positions
in the final ranking. This approach acknowledges the significant individual
contributions of these clusters.
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— Limiting the number of clusters. To ensure the analysis remains focused and
manageable, we limit the total number of clusters in the final joint cluster map
to 15, thus concentrating on the most relevant and significant clusters.

This methodology enables the consideration of identified regions of interest across
all modalities while preserving high-ranked clusters from individual modalities.
Consequently, this should enhance the reliability of detections while reducing the
number of false positive detections. Figure 8.2 illustrates the described approach of
new cluster formation and their rank assignment.

FIGURE 8.2 – Late fusion. Creation of the unified cluster map and
rank assignment. Clusters from individual modalities are combined
into a unified map, with ranks assigned based on their original po-
sitions and overlaps. The methodology aims to retain the signifi-
cance of high-ranked clusters while integrating single clusters of a

high rank from all modalities.

8.2 Results

8.2.1 Comparison of fusion levels

Tables 8.1 - 8.4 present the results of comparison for different fusion strategies
including the model performance for single modalities input. As a baseline, we
take results of single modalities in Table 8.1 where the FLAIR modality showed the
highest number of detections (15 out of 26), however only for 4 patients the de-
tected clusters gained the highest rank of 1 that signifies the most probable cluster
to be an epileptic region. T1 and PET modalities managed to detect 11 and 10 pa-
tients respectively with a mean rank of 4.2 and 6.6. It is noteworthy that the three
monomodal models performed differently in identifying epilepsy across patients.
They converged on correctly identifying the true lesions on 4 (patients I, N, R and V)
out of the 26 patients only, with different rankings of the lesions. This may suggest
that different imaging data indeed contain complementary information which, when
combined together, would provide better epilepsy identification in some patients.

For the early fusion strategy in Table 8.2, combinations of the PET and FLAIR
modalities showed the maximum number of detections with 4 patients (C, G, L and
T) showing the highest cluster rank. The least number of detections is observed for
the paired T1 and PET modalities. Combining all three imaging modalities at the
early stage did not seem to improve the model performance. One possible explana-
tion for that could be that the architecture of the siamese network considered in our
study did not allow handling the high dimensionality and complexity of all three
modalities combined as input channels. In addition to that, it is likely that T1 and
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FLAIR modalities share relevant features so that adding both of them as input chan-
nels did not provide significant additional information beyond what one of them
already provided.

The intermediate fusion fell behind the expectations. Combinations of T1+PET and
FLAIR+PET managed to detect 8 and 6 lesions respectively with only 4 and 3 clusters
of a high rank (patients G, H, V and Z for the first pair of modalities and patients
P, R and Z for the latter). Early fusion allows the model to learn non-linear trans-
formations and interactions between the modalities from the beginning, while cap-
turing these intricate interactions can be more challenging at an intermediate stage.
An additional point is that by stacking hidden representations from two modalities,
we effectively double the size of the resulting feature vector – expanding it from
16 to 32 dimensions before it is input into the oc-SVM. This increase in dimension-
ality can be problematic, as SVMs are susceptible to the ’curse of dimensionality’
- the phenomenon where the feature space becomes so high-dimensional that the
model’s performance deteriorates. Performing the experiment for the intermediate
fusion with three modalities was not feasible as the computational complexity of this
method significantly increased the time required for processing that went beyond
the allowed frames of the computational center. Further optimization of the code is
required to perform this last experiment. This experience highlights once again the
practical constraints often encountered in advanced machine learning research.

Combining modalities at the late stage surpassed the efficacy of early fusion,
showing improvements in the model’s confidence and decision-making accuracy.
We observed 17 detections in total when integrating T1, FLAIR and PET images
with 11 clusters of a high rank (1-3) and it is worth remembering that the final clus-
ter rank for the late fusion is a combination of individual modalities results, the
newly assigned rank 3 could mean that in one individual modality the model pre-
dicted a rank of 1, and similarly, detections with a low rank had rather a medium
level of confidence in individual modalities rather than low. The combination of T1
and FLAIR, as well as FLAIR and PET, resulted in 16 successful detections, with the
majority of these clusters receiving high rankings. With the total number of 17 de-
tections, we conclude that the late fusion combining all three available modalities is
the winning approach for merging imaging modalities in our set of experiments.

8.2.2 Qualitative results

In this section, we present a detailed visual analysis of the performance of a CAD
model for the detection of epileptogenic regions utilizing T1, FLAIR and PET images
merged in the late fusion fashion. Visual results are presented in Figures 8.3 and 8.4.
These images are projections of the detected clusters onto a transverse T1-weighted
slice with a corresponding slice with ground truth on the left, for all patients in
which our CAD system detected clusters. For each patient, we show on the left a
transverse T1-weighted slice with the ground truth for epileptic zones delineated in
red, and the image with clusters detected by our CAD model on the right.

Patients G, O, P, V, Y and Z demonstrate a high degree of overlap between the
ground truth and the model’s detections of high ranks, suggesting an effective iden-
tification of the epileptogenic region by the CAD model. The model has identified
multiple clusters with medium rank for Patients C, H, R, some of which overlap
with the extended ground truth region. This may indicate a dispersed epileptogenic
zone, but also points to a need for enhanced precision to reduce false positives. The
model also identified additional anomalies that do not correspond to the epilep-
togenic zones. Detected clusters of Patient I have minimal intersections with the
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Patient T1 FLAIR PET
Patient A ✗ ✓(15) ✓(15)
Patient B ✓(15) ✓(8) ✗

Patient C ✗ ✓(3) ✗

Patient D ✗ ✓(11) ✗

Patient E ✗ ✗ ✗

Patient F ✗ ✗ ✓(15)
Patient G ✓(1) ✗ ✗

Patient H ✓(2) ✗ ✓(1)
Patient I ✓(9) ✓(2) ✓(12)
Patient J ✗ ✗ ✗

Patient K ✗ ✗ ✗

Patient L ✗ ✓(3) ✓(2)
Patient M ✗ ✗ ✗

Patient N ✓(9) ✓(7) ✓(11)
Patient O ✗ ✗ ✓(1)
Patient P ✗ ✓(2) ✗

Patient Q ✗ ✗ ✗

Patient R ✓(2) ✓(4) ✓(7)
Patient S ✗ ✓(1) ✗

Patient T ✓(1) ✓(1) ✗

Patient U ✓(3) ✗ ✗

Patient V ✓(1) ✓(3) ✓(1)
Patient W ✗ ✗ ✓(1)
Patient X ✗ ✓(4) ✗

Patient Y ✓(2) ✓(1) ✗

Patient Z ✓(1) ✓(1) ✗

Overall # of
detections

11 15 10

Mean rank of
true detections

4.2 4.4 6.6

TABLE 8.1 – Comparative results of CAD systems for different modal-
ities using single modality inputs at patient level. If the lesion is de-
tected it is marked with either ✓ and a rank of a detected cluster (the
lower the rank - the more confident the result) or ✗ in case of no de-

tection.
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Patient T1+FLAIR T1+PET FLAIR+PET T1+FLAIR+PET
Patient A ✗ ✗ ✗ ✓(8)
Patient B ✓(10) ✓(11) ✓(11) ✓(11)
Patient C ✗ ✗ ✓(1) ✗

Patient D ✓(12) ✗ ✓(12) ✗

Patient E ✗ ✗ ✗ ✗

Patient F ✗ ✗ ✓(15) ✗

Patient G ✗ ✗ ✓(1) ✗

Patient H ✗ ✓(3) ✓(3) ✓(4)
Patient I ✓(6) ✓(11) ✓(11) ✓(3)
Patient J ✗ ✗ ✗ ✗

Patient K ✗ ✗ ✗ ✗

Patient L ✓(3) ✓(1) ✓(1) ✓(3)
Patient M ✗ ✗ ✗ ✗

Patient N ✓(8) ✓(11) ✓(6) ✓(9)
Patient O ✗ ✗ ✗ ✗

Patient P ✓(1) ✗ ✓(2) ✓(1)
Patient Q ✗ ✗ ✗ ✗

Patient R ✓(3) ✓(5) ✓(5) ✓(4)
Patient S ✓(3) ✗ ✓(3) ✗

Patient T ✓(1) ✓(1) ✓(1) ✓(1)
Patient U ✗ ✓(6) ✗ ✗

Patient V ✓(5) ✓(3) ✓(4) ✗

Patient W ✗ ✗ ✗ ✗

Patient X ✗ ✗ ✗ ✗

Patient Y ✓(1) ✗ ✗ ✓(1)
Patient Z ✓(1) ✓(1) ✓(2) ✓(1)
Overall # of
detections

12 10 15 11

Mean rank of
true detections

4.5 5.3 5.3 4.2

TABLE 8.2 – Comparative results of CAD systems for different modal-
ities using early fusion strategy. If the lesion is detected it is marked
with either ✓ and a rank of a detected cluster (the lower the rank - the

more confident the result) or ✗ in case of no detection.
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Patient T1+FLAIR T1+PET FLAIR+PET
Patient A ✓(14) ✗ ✗

Patient B ✓(7) ✓(15) ✓(7)
Patient C ✗ ✗ ✗

Patient D ✓(10) ✗ ✗

Patient E ✗ ✗ ✗

Patient F ✗ ✗ ✗

Patient G ✗ ✓(1) ✗

Patient H ✗ ✓(2) ✗

Patient I ✓(8) ✓(13) ✓(14)
Patient J ✗ ✗ ✗

Patient K ✗ ✗ ✗

Patient L ✓(3) ✗ ✗

Patient M ✗ ✗ ✗

Patient N ✓(7) ✓(11) ✓(10)
Patient O ✗ ✓(1) ✗

Patient P ✓(1) ✗ ✓(1)
Patient Q ✗ ✗ ✗

Patient R ✓(4) ✗ ✓(1)
Patient S ✓(1) ✗ ✗

Patient T ✓(1) ✗ ✗

Patient U ✗ ✗ ✗

Patient V ✓(2) ✓(1) ✗

Patient W ✗ ✗ ✗

Patient X ✗ ✗ ✗

Patient Y ✓(1) ✗ ✗

Patient Z ✓(1) ✓(1) ✓(1)
Overall # of
detections

13 8 6

Mean rank of
true detections

4.6 5.6 5.7

TABLE 8.3 – Comparative results of CAD systems for different modal-
ities using intermediate fusion strategy at patient level. If the lesion
is detected it is marked with either ✓ and a rank of a detected cluster
(the lower the rank - the more confident the result) or ✗ in case of no

detection.
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Patient T1+FLAIR T1+PET FLAIR+PET T1+FLAIR+PET
Patient A ✗ ✗ ✗ ✗

Patient B ✓(14) ✗ ✓(15) ✗

Patient C ✓(2) ✗ ✓(1) ✓(3)
Patient D ✗ ✗ ✗ ✗

Patient E ✗ ✗ ✗ ✗

Patient F ✗ ✗ ✗ ✗

Patient G ✓(1) ✓(1) ✗ ✓(2)
Patient H ✓(2) ✓(2) ✓(2) ✓(3)
Patient I ✓(2) ✗ ✓(2) ✓(4)
Patient J ✗ ✗ ✗ ✗

Patient K ✗ ✗ ✗ ✗

Patient L ✓(6) ✓(4) ✓(4) ✓(7)
Patient M ✗ ✗ ✗ ✗

Patient N ✓(9) ✗ ✓(13) ✓(15)
Patient O ✗ ✓(1) ✓(2) ✓(2)
Patient P ✓(3) ✗ ✓(4) ✓(3)
Patient Q ✗ ✗ ✗ ✗

Patient R ✓(3) ✓(3) ✓(8) ✓(4)
Patient S ✓(1) ✗ ✓(2) ✓(2)
Patient T ✓(1) ✓(1) ✓(1) ✓(1)
Patient U ✓(6) ✓(5) ✗ ✓(9)
Patient V ✓(2) ✓(2) ✓(2) ✓(2)
Patient W ✗ ✓(2) ✓(1) ✓(2)
Patient X ✓(8) ✗ ✓(7) ✓(10)
Patient Y ✓(1) ✓(3) ✓(1) ✓(1,6)
Patient Z ✓(1) ✓(1) ✓(1) ✓(1)
Overall # of
detections

16 11 16 17

Mean rank of
true detections

3.9 2.3 4.1 4.2

TABLE 8.4 – Comparative results of CAD systems for different modal-
ities using late fusion strategy at patient level. If the lesion is detected
it is marked with either ✓ and a rank of a detected cluster (the lower
the rank - the more confident the result) or ✗ in case of no detections.
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ground truth, however, the model identified a big area that looks abnormal com-
pared to other scans. Patients K and T with surgical resections were also considered
to evaluate the performance of the model in detecting non-epileptogenic regions
and large abnormalities. This finding is considered a success within the realm of
anomaly detection, as it showcases the model’s broader diagnostic capabilities.

A fair comparison with other published works is difficult because of the differ-
ences in the patient groups and the nature of their epilepsy. Our model achieved
65.4% sensitivity, and we remind again that this value has to be compared against
0% of sensitivity rate on MRI negative patients when observations were made by
experts.

Our model system failed to identify the lesions of 9 patients from DBep3. For
some of them, we could observe the highly anomalous regions in the raw output, but
after the post-processing and cluster formation step, those detections did not appear
among the top 15 detections. We assume that it might indicate the presence of other
more ’anomalous’ regions causing greater impact than subtle epileptic zones. For
the patients where the model failed to detect the anomalous region, it would require
a more thorough analysis of the raw images and the reasons why the model failed
in detection.

8.3 Conclusions

In this chapter, we presented the results of experiments for anomaly detection on
brain images. Initially trained on single modalities, we further explored the model
capability of leveraging complementary information from different modalities com-
bined at different stages of the model, namely, at the input level with channel-wise
modalities concatenation (early fusion), at the intermediate level by concatenating
feature representations and at the output level (late fusion) where we merged indi-
vidual cluster maps from monomodal CADs. Our main contributions consist of:

1. Modality fusion for CAD models: enhanced the performance of an existing
CAD model by integrating images from multiple modalities (T1, FLAIR, and
PET).

2. Evaluation of synthetic PET imaging value: nearly half of the PET data incor-
porated into the model consisted of synthetic PET images (DB3Dpatch

C2 ) gener-
ated by the best GAN model, namely, Cycle-GAN with MSE loss.

3. Comprehensive performance analysis: conducted a thorough comparison to
determine the optimal level for combining modalities, offering a valuable ref-
erence for future work in multimodal image processing and its application in
CAD systems, in particular with a focus on brain anomaly detection.

The early fusion strategy in the context of integrating multiple imaging modali-
ties involves combining raw data from T1, FLAIR, and PET images at the input level
(channel-wise) before feeding them into a model, the intermediate fusion consists of
stacking the extracted hidden z-representation into one vector that goes further to
the oc-SVM for training, and for the late fusion we developed a strategy that inte-
grates the most suspicious clusters from individual modalities into one cluster map.
The early fusion leveraged the complementary information available across different
modalities from the outset and demonstrated a high level of performance, however,
it is on par with the results we observed from a model solely trained on FLAIR im-
ages. The model trained on T1 and FLAIR images showed a decline in performance
which can be explained by potential redundancy between these two modalities. The
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FIGURE 8.3 – Visual results of the detections made by CAD model
trained on T1, FLAIR and PET images merged in late fusion fashion.
For each patient, the left column displays the ground truth with the
epileptogenic region highlighted in red, and the right column shows
the model’s detection output. Detected clusters are color-coded to
indicate the likelihood of each cluster being an epileptogenic zone
from bright red (the most suspicious cluster) to bright green (the least

suspicious cluster). Part I

Cette thèse est accessible à l'adresse : https://theses.insa-lyon.fr/publication/2024ISAL0042/these.pdf 
© [D. Zotova], [2024], INSA Lyon, tous droits réservés



8.3. Conclusions 111

FIGURE 8.4 – Visual results of the detections made by CAD model
trained on T1, FLAIR and PET images merged in late fusion fashion.
For each patient, the left column displays the ground truth with the
epileptogenic region highlighted in red, and the right column shows
the model’s detection output. Detected clusters are color-coded to
indicate the likelihood of each cluster being an epileptogenic zone
from bright red (the most suspicious cluster) to bright green (the least

suspicious cluster). Part II
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intermediate fusion turned out to be the least efficient. Concatenating the hidden
representations from images might not effectively capture the complex intermodal
interactions that are necessary for distinguishing epileptic regions, it increases the
dimensionality of the feature space without ensuring that the combined features are
optimally informative for anomaly detection. It is worth exploring post-processing
steps for the intermediate fusion: once we receive a concatenated z-vector, we could
use dimensionality reduction (with PCA or t-SNE), feature normalization, or more
advanced techniques such as attention mechanisms. A solution proposed in W.
Zhang et al., 2021 could also lead to a more integrated and efficient feature repre-
sentation. In our study, late fusion, integrating cluster maps from T1, FLAIR, and
both real and synthetic PET images, enhanced model performance and confidence
in detecting epilepsy. The inclusion of synthetic PET images helped to train the
model with the same number of controls as for T1 and FLAIR models. The results
of detection from monomodal CADs showed a variety in patients for which models
successfully detected a lesion or failed. Our hypothesis that an efficient strategy to
incorporate the best detections from each modality proved to be the best approach
in total number of correct detections. However, this approach introduced a longer
processing time, suggesting a trade-off between improved diagnostic capability and
time efficiency. Future work may focus on optimizing computational strategies to
balance these aspects.
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Conclusion and perspectives

This dissertation represents an attempt to enhance the efficacy of computer-aided
diagnosis system for identifying epileptogenic lesions through neuroimaging data,
further developing the foundational work established in Alaverdyan et al., 2020.

In the beginning, we presented a comprehensive overview of the existing CAD
systems for epilepsy detection with their achievements and limitations. Dealing
with a limited number of data and the lack of accurately annotated lesions we kept
using the unsupervised approach, and identified two major ways for improvements
as: generating synthetic missing modalities and exploring multimodal fusion.

Recognizing the limitations of existing models like the U-net in generating syn-
thetic images with the necessary detail and accuracy, we pivoted towards a GAN-
based methodology. The use of ResNet model as a generator in CycleGAN with
additional MSE loss function allowed us to not only generate missing PET data with
higher fidelity but also to integrate these synthesized images into our CAD system.
The high image quality and close resemblance to the real images does not guarantee
that synthetic images will be successfully applied in model training, thus we pro-
posed to perform experiments for identifying out-of-distribution samples. Indeed,
fake PET images formed distinct clusters with smaller mean squared error and Ma-
halanobis distance from the distribution formed as the mix of real and synthetic
data. Adding generated PET images did not lead to the detection sensitivity of a
CAD model and the best performance was achieved at the level of 41.2% by a model
trained on only real PET images.

We then formulated a new problem to identify if synthetic images can replace
entirely the missing modality and performed a set of experiments with pairs of T1
and PET images fused as channels for the model input. The OOD detection showed
a closer resemblance between real and fake PET images coupled with real T1 modal-
ity. We later showed that the usage of fake PET data generated by the semi3d Cy-
cleGAN model led to some improvements in the CAD model: 77.7% of sensitivity
by UAD3Dpatch

mripet versus 44.4% reached by UAD3Dpatch
pet model. We improved the qual-

ity of the images from DB3Dpatch
C2 by applying the histogram matching and excluded

from the test set those patients whose PET data were coming from other than Lyon
hospital, thus we could guarantee a higher level of data homogeneity.

Our next contribution consisted in applying different fusion strategies, we ex-
plored three levels of merging T1, FLAIR and PET modalities. From the initial com-
bination of merging data as channels at input level to concatenating feature vectors
and cluster maps, each technique was evaluated for its potential to enhance the sys-
tem’s diagnostic capabilities. We concluded that the late fusion approach showed
the highest detection sensitivity and reliability as it takes into account the most sus-
picious detections made by models trained on single modality.

The insights gained from our work suggest a promising horizon for the improve-
ments of CAD systems, where the integration of multimodal imaging and advanced
data synthesis techniques can lead to significant advances in the development of
diagnostic models.
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Future work

We proposed two main ways of improvements for the existing CAD model, and
yet there are several more potential directions for future development.

The first aspect concerns missing data generation. In the overview in section 3.2.3
we mentioned the increasingly popular transformers architecture. Originally pro-
posed to solve natural language processing tasks, it has been widely used in other
domains including computer vision. Their ability to capture long-range dependen-
cies and understand complex patterns in data offers a novel approach to improving
the generative capabilities of GANs. By integrating transformer models into the gen-
erator component of GANs, future research could leverage the self-attention mech-
anism of transformers to enhance the quality and realism of generated images. By
generating high-fidelity synthetic images, transformer-enhanced GANs could pro-
vide a robust method for data augmentation, helping to address the challenge of
limited available datasets. This could improve the performance of CAD systems
across diverse datasets.

The second way for enhancement could be the refinement of intermediate fusion
techniques across multiple modalities. We implemented and tested only the basic
concatenation approach that did not show the high detection ability of the system.
An additional layer for learning the best features and their combination could be
attached to the model. Alternatively, attention-based mechanism looks promising in
extracting features of input images into a single feature map that can be later used
as an input to the oc-SVM part of our CAD model. By selectively focusing on the
most relevant features across different imaging modalities, attention mechanisms
can significantly enhance the interpretability and efficacy of diagnostic models.

The next possible improvement lies in the area of data availability. We worked
with a limited dataset consisting of T1, FLAIR and partially PET images. No mat-
ter how trivial it may sound, deep models tend to improve their performance with
more data in the training set. Access to a rich variety of neuroimaging data enables
the development of models that are robust, accurate, and capable of generalizing
across different patient populations and imaging technologies. However, the collec-
tion and sharing of such data are often hampered by logistical, ethical, and technical
challenges, including patient privacy concerns, data standardization issues, and the
sheer volume of data generated by modern imaging techniques. The MELD project,
with its focus on improving lesion detection in patients with drug-resistant epilepsy,
aligns closely with the objectives of advancing CAD systems for epileptogenic lesion
detection. By pooling resources, expertise, and data from multiple centers around
the world, the MELD project offers a unique opportunity to overcome some of the
challenges associated with data accessibility. Such partnerships not only provide ac-
cess to invaluable datasets but also foster a collaborative ecosystem that can drive
innovation and improve diagnostic outcomes for patients with epilepsy and other
neurological conditions.

Last, but not least, we would like to highlight the need to incorporate not only
imaging modalities but also other sources of data used for epilepsy detection such
as EEG. Medical imaging, MRI or PET scans, provides detailed structural and func-
tional insights into the brain, allowing for the identification of physical and metabolic
changes associated with epileptogenic lesions. EEG, on the other hand, offers real-
time electrical activity mapping, pinpointing the exact moments and locations of
epileptic seizures. The integration of these two data sources leverages their com-
plementary strengths, offering a multifaceted view of epilepsy that could lead to
breakthroughs in detection, characterization, and treatment planning.
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