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RESUME

Contexte et Problématique L’imagerie de la microvascularisation cérébrale est fonda-
mentale pour le diagnostic précoce et la compréhension de nombreuses pathologies, notam-
ment les maladies neurodégénératives comme Alzheimer, ou les atteintes capillaires précedent
souvent les dommages tissulaires. Les modalités cliniques actuelles (IRM, CT, échographie
classique) échouent a résoudre ces échelles microscopiques en profondeur. Gréace a la localisa-
tion de microbulles injectées dans le sang, la Microscopie de Localisation Ultrasonore (ULM)
permet l'observation du réseau vasculaire profond a des échelles de 'ordre de la dizaine de
microns in vivo. Néanmoins, I'adoption généralisée de I'ULM reste entravée par des limites
majeures : des temps d’acquisition prohibitifs nécessaires pour capturer les microbulles di-
luées, un volume de données massif difficile & gérer, et une sensibilité critique a certains

parametres expérimentaux.

Hypothese et Méthodologie Cette these repose sur I’hypothese que l'apprentissage
profond (Deep Learning) peut surmonter ces compromis physiques en modélisant les si-
gnaux complexes de microbulles a haute concentration, la ou les méthodes conventionnelles
échouent. Cependant, elle identifie un obstacle central : I’écart de distribution (domain shift)
entre les simulations utilisées pour 'entrainement et la réalité expérimentale in vivo, qui li-

mite la généralisation des modeles. Cette these se découpe en quatre contributions majeures.

Structuration du domaine Une analyse critique de la littérature a permis de cibler les
applications de 'apprentissage profond ayant le plus fort impact potentiel, et d’identifier for-
mellement la rupture de 'hypothese i.i.d. (indépendante et identiquement distribuée) comme
un frein majeur a I'application in vivo des modeles existants. Cette analyse a également sou-
ligné I'absence de solutions pour 'ULM 3D ainsi que le manque de méthodes d’évaluation

standardisées pour les approches d’apprentissage.

Passage a I’échelle 3D par parcimonie Pour rendre 'ULM 3D accessible, cette these
introduit 'utilisation de réseaux de neurones sur tenseurs parcimonieux (Sparse Tensor Neu-
ral Networks). Cette architecture exploite la parcimonie spatio-temporelle des microbulles
pour réduire la consommation mémoire de deux ordres de grandeur en 3D par rapport aux
méthodes d’apprentissage profond denses conventionnelles. Elle permet non seulement I'ap-
prentissage profond sur des données volumiques, mais étend également a la 3D la capacité

de résoudre implicitement le chevauchement des microbulles & haute concentration, ouvrant
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ainsi la voie a des acquisitions volumiques rapides.

Apprentissage In Vivo robuste (Teacher-Student) Pour combler I’écart entre don-
nées d’entrainement simulées et application in wvivo, une approche Teacher-Student a été
développée pour entrainer les modeles directement sur des données expérimentales, sans re-
cours aux simulations. Cette méthode a démontré une robustesse accrue au bruit et permet de
maintenir une qualité d’image élevée tout en réduisant la complexité des sondes ultrasonores

par un facteur 4, allégeant considérablement les contraintes matérielles.

Partage des données (ULMShare) Afin de permettre 'extension des méthodes précé-
demment proposées et de surmonter les limitations d’évaluation identifiées, la these présente
ULMShare, la plus grande base de données publique d’ULM in vivo (99 acquisitions sur
61 souris pour 30 To). Ce jeu de données offre enfin & la communauté le socle nécessaire
pour développer et comparer objectivement de nouveaux algorithmes, qu’ils soient basés sur

I’apprentissage ou conventionnels.

Conclusion et Perspectives De la simulation vers la donnée réelle et de I'image au
volume, ces travaux posent les fondations méthodologiques pour que I'apprentissage profond
contribue a rendre I’'ULM plus rapide, plus robuste et plus accessible. En proposant des
solutions a des limites inhérentes a ’'ULM, ils ouvrent des perspectives concrétes pour une

adoption préclinique plus large et, a terme, vers un transfert clinique.
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ABSTRACT

Context and Motivation Imaging cerebral microvasculature is fundamental for the early
diagnosis and understanding of numerous pathologies, particularly neurodegenerative dis-
eases such as Alzheimer’s, where capillary damage often precedes tissue damage. Current
clinical modalities (MRI, CT, conventional ultrasound) fail to resolve these microscopic scales
at depth. Relying on the localization of microbubbles injected into the bloodstream, Ultra-
sound Localization Microscopy (ULM) enables the deep observation of the vascular network
at scales of tens of microns in vivo. However, the widespread adoption of ULM remains
hindered by major bottlenecks: prohibitive acquisition times required to capture dilute mi-
crobubbles, massive data volumes that are difficult to manage, and critical sensitivity to

experimental parameters.

Hypothesis and Methodology This thesis relies on the hypothesis that Deep Learning
can overcome these physical trade-offs by modeling complex signals of high-concentration
microbubbles, where conventional methods fail. However, it identifies a central obstacle: the
distribution shift (domain shift) between the simulations used for training and the experi-
mental reality in vivo, which limits model generalization. This thesis is composed of four

major contributions.

Structuring the Field A critical analysis of the literature identified Deep Learning ap-
plications with the highest potential impact and formally pinpointed the violation of the
i.i.d. (independent and identically distributed) assumption as a major barrier to the in wvivo
application of existing models. This analysis also highlighted the lack of solutions for 3D

ULM and the absence of standardized evaluation methods for learning-based approaches.

Scaling to 3D via Sparsity To make 3D ULM accessible, this thesis introduces the use
of Sparse Tensor Neural Networks. This architecture exploits the spatiotemporal sparsity of
microbubbles to reduce memory consumption by two orders of magnitude in 3D compared
to standard dense deep learning methods. It not only enables deep learning on volumetric
data but also extends to 3D the ability to implicitly resolve overlapping microbubbles at high

concentrations, thereby paving the way for rapid volumetric acquisitions.

Robust In Vivo Learning (Teacher-Student) To bridge the gap between simulated

training data and in vivo application, a Teacher-Student approach was developed to train
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models directly on experimental data, without reliance on simulations. This method demon-
strated increased robustness to noise and maintains high image quality while reducing ultra-

sound probe complexity by a factor of 4, significantly alleviating hardware constraints.

Open access dataset (ULMShare) To enable the extension of the previously proposed
paradigm and address the identified evaluation limitations, this thesis presents ULMShare,
the largest public in vivo ULM database to date (99 acquisitions on 61 mice, totaling 30 TB).
This dataset finally offers the community the necessary foundation to objectively develop and

compare new algorithms, whether learning-based or conventional.

Conclusion and Perspectives From simulation to real data and from image to volume,
this work lays the methodological foundations for Deep Learning to contribute to making
ULM faster, more robust, and more accessible. By proposing solutions to inherent limitations
of ULM, it opens concrete perspectives for broader preclinical adoption and, ultimately,

towards clinical translation.
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CHAPITRE 1 INTRODUCTION

1.1 Contexte

1.1.1 Importance et limites de I’imagerie vasculaire cérébrale

L’imagerie vasculaire est un outil essentiel pour comprendre la physiologie des organes et dé-
tecter leurs dysfonctionnements. De nombreuses techniques sont aujourd’hui disponibles en
clinique pour imager 'anatomie vasculaire et caractériser les parametres hémodynamiques,
afin d’appuyer le diagnostic ou de suivre I’évolution des patients. Toutefois, ces techniques
se limitent généralement aux vaisseaux dont le diametre dépasse une centaine de microns.
Pourtant, la microcirculation joue un réle central dans de nombreux processus biologiques,
et ses altérations surviennent souvent avant celles affectant les vaisseaux de plus grand ca-
libre [3]. C’est notamment le cas dans I'angiogenese tumorale [4] ou dans certaines maladies
neurodégénératives, telles que la maladie d’Alzheimer ou diverses formes de démence [5].
Dans le cerveau, cet enjeu est encore plus critique : I'activité neuronale dépend étroitement
de I'apport en oxygene et en nutriments fourni par le réseau capillaire [6], rendant le tissu

nerveux particulierement sensible aux perturbations microvasculaires [7].

Les techniques optiques, bien qu’offrant une résolution submicronique, sont limitées en péné-
tration par I'absorption tissulaire et I'opacité du crane. A U'inverse, 'IRM, la CT ou 'imagerie
nucléaire permettent d’explorer I’ensemble du cerveau, mais leur résolution reste typiquement
millimétrique [8]. Certaines approches, comme 'imagerie optique avec craniotomie [9] ou les
dispositifs endovasculaires [10], permettent d’accéder a des échelles plus fines, mais leur ca-
ractere invasif les rend inadaptées a un usage clinique de routine. Enfin, en alliant faible cofit,
portabilité et stireté d’'utilisation, 1’échographie conventionnelle présente plusieurs avantages,
mais elle reste contrainte par la diffraction : augmenter la fréquence améliore la résolution

au prix d’une réduction de la profondeur de pénétration [11].

A ce jour, aucune modalité clinique ne permet donc d’imager in vivo la microcirculation céré-
brale en profondeur de maniére non invasive [8]. Méme en préclinique, les techniques établies
imposent un compromis insatisfaisant et n’offrent pas d’acces direct a la microvascularisation

capillaire in vivo sans recours a des approches invasives.



1.1.2 Microscopie de localisation ultrasonore (ULM)

Facilitée par le développement de I'imagerie ultrarapide [12], 'ULM a été congue pour dé-
passer la limite de diffraction en échographie en exploitant de faibles concentrations de mi-
crobulles, déja utilisées en clinique comme agents de contraste [13,14]. A ces concentrations,
les microbulles apparaissent comme des sources ponctuelles isolées dont la position peut
étre localisée avec une précision largement supérieure a la résolution acoustique convention-
nelle [15,16]. En accumulant des milliers de ces localisations, il devient possible de recons-
truire une cartographie microvasculaire a 1’échelle micrométrique. Cette approche atteint
ainsi une résolution d’un ordre de grandeur supérieure a celle de I’échographie classique,
tout en conservant la profondeur de pénétration et les autres avantages propres a l'imagerie

ultrasonore [11,17].

En préclinique, 'ULM a déja démontré sa pertinence pour I’étude de pathologies majeures,
permettant par exemple de discriminer les types d’accidents vasculaires cérébraux (isché-
mique vs hémorragique) [18], de quantifier les déficits de perfusion dans les modeles de la
maladie d’Alzheimer [19,20] ou encore de caractériser I'angiogenése tumorale [21] et la filtra-
tion glomérulaire [22,23]. Par ailleurs, en synchronisant les trajectoires de bulles avec un si-
gnal externe (comme le cycle cardiaque ou une stimulation fonctionnelle), 'ULM dynamique
donne acces a des parametres physiologiques critiques tels que la vitesse du flux sanguin,
la pulsatilité vasculaire [24,25] ou lactivité cérébrale via le couplage neurovasculaire [26].
Le potentiel translationnel de 'ULM est d’ailleurs confirmé par des premieres applications
cliniques prometteuses, notamment pour la caractérisation de lésions mammaires [27] ou hé-
patiques [28], I’évaluation de greffons rénaux [29], 'imagerie myocardique [30] et I'imagerie
cérébrale chez 'adulte [31], positionnant 'ULM comme une future modalité de référence pour

le diagnostic microvasculaire [8].

1.1.3 Limitations actuelles et perspectives

Malgré son potentiel, 'ULM conventionnelle est intrinsequement limitée a 1'utilisation de
faibles concentrations de microbulles pour s’affranchir de la limite de diffraction. En effet, les
méthodes de localisation reposent sur 'hypothese de microbulles isolées afin d’estimer leur
position avec précision. Lorsque les signaux de plusieurs microbulles se superposent spatiale-
ment, la modélisation de leurs positions respectives devient extrémement complexe a résoudre
avec les algorithmes classiques [11]. D’une part, la réduction de la concentration ne résout que
partiellement ce probleme : la présence simultanée de plusieurs microbulles reste inévitable
dans les zones hautement vascularisées, ce qui altere la précision de localisation et toutes les

mesures subséquentes. D’autre part, cette dilution impose 'accumulation d’images sur des



durées prolongées, parfois jusqu’a plusieurs minutes, pour couvrir I'intégralité du réseau vas-
culaire [32]. Ce temps d’acquisition long expose 'ULM aux artefacts de mouvement [33,34] et
génere des volumes de données considérables, un probleme qui s’aggrave exponentiellement

avec le passage a l'imagerie 3D, dont la complexité limite encore 1'usage généralisé [35-37].

1.1.4 Role et limitations de 'apprentissage profond en ULM

Face a cette complexité de modélisation et a ’abondance de données, I’apprentissage profond
(Deep Learning) s'impose comme une approche méthodologique particulierement adaptée.
En effet, ces algorithmes ont démontré leur capacité a modéliser des distributions complexes
avec une grande précision en tirant parti de vastes ensembles de données [38]. Portée par
I’augmentation conjointe de la puissance de calcul, cette approche a révolutionné ’analyse
d’images [38], des premiers succes en classification [39, 40] jusqu’aux récents modeles de
fondation capables de généraliser a des nouvelles données médicales [41]. En échographie,
elle a déja permis des avancées notables en formation d’image ou en suppression du signal
tissulaire [42,43].

Dans le contexte spécifique de I’'ULM, les réseaux de neurones tirent parti de leur aptitude a
modéliser des signaux non-linéaires complexes pour résoudre les superpositions de microbulles
a forte concentration, surpassant ainsi les méthodes analytiques conventionnelles [2, 44-46].
Cette capacité ouvre la voie a une réduction significative des temps d’acquisition [45] et & une

meilleure robustesse des reconstructions face aux conditions expérimentales difficiles [47,48].

Toutefois, ces méthodes se heurtent a I’absence de vérité terrain in vivo pour I’entrainement
supervisé. Si les approches existantes contournent ce probleme via des jeux de données simu-
lés, cela engendre un écart de distribution (domain shift) vis-a-vis de la réalité expérimentale
qui limite souvent la généralisation des modeles in vivo [2,49]. Par ailleurs, I'extension de ces
architectures a I'imagerie 3D demeure contrainte par la lourde complexité algorithmique de

la super-résolution volumique nécessaire en ULM [1].

Objectifs de la these

L’objectif général de cette these est d’explorer et de démontrer le potentiel de 'apprentissage
profond pour surmonter les limitations actuelles de la microscopie de localisation ultrasonore
(ULM), en particulier pour réduire le temps d’acquisition et améliorer la reproductibilité

ainsi que la robustesse expérimentale.

Les objectifs spécifiques de ce travail sont de :

1. Analyser de maniere critique et structurée les approches existantes d’appren-



tissage profond appliquées a ’'ULM, afin d’en dégager les fondements, les divergences
et les limites, et d’identifier les perspectives d’amélioration de 'ULM.

2. Proposer une approche d’apprentissage profond pour ’'ULM 3D, permettant
d’exploiter des concentrations élevées de microbulles tout en maintenant la précision
de localisation et une complexité mémoire maitrisée, rendant possible I'ajout d’une
dimension spatiale.

3. Développer une méthode de localisation robuste in vivo, capable d’apprendre
directement a partir de données expérimentales et de généraliser a des conditions
d’acquisition variées.

4. Constituer une base de données publique d’acquisitions in wvivo couvrant
différentes configurations expérimentales et niveaux de qualité, afin de promouvoir la
reproductibilité, la comparaison objective des méthodes et le développement commu-

nautaire de nouveaux modeles d’apprentissage [50].

1.2 Contributions et impact

Cette these apporte quatre contributions majeures qui levent plusieurs limitations de ’ap-
prentissage profond appliqué a I’'ULM : I'absence de cadre comparant les approches existantes,
la portée encore limitée des modeles in vivo ou en 3D, ainsi que le manque de données pu-
bliques in vivo. Elle pose également les fondations conceptuelles et pratiques nécessaires au dé-
veloppement de méthodes d’apprentissage profond capables d’étendre les capacités de 'ULM
au-dela de ses limites traditionnelles, qu’il s’agisse de la durée d’acquisition, des contraintes

matérielles ou de la sensibilité aux conditions d’imagerie.

1. Une analyse critique des applications existantes et de leurs limitations
structurant 'apprentissage profond en ULM. Le chapitre 3 offre la premiere
revue exhaustive des approches d’apprentissage profond pour ’'ULM, en structurant
leurs principes communs, leurs limites, leurs divergences et le potentiel qu’elles dé-
montrent. Il clarifie les défis encore ouverts et établit le cadre méthodologique qui

orientera les développements introduits dans cette these.

2. La premiére démonstration d’ULM 3D basée sur ’apprentissage profond
Le chapitre 4 démontre qu’exploiter la parcimonie spatio-temporelle des trajectoires
de microbulles permet d’alléger le colit computationnel de ’apprentissage profond en
ULM et permet son application en 3D. Il propose la premiere méthode d’apprentissage
profond pour 'ULM volumique et montre que les réductions de temps d’acquisition

obtenues en 2D sont transposables en 3D [1].



3. Une méthode de localisation in vivo robuste et généralisable Le chapitre 5
introduit une approche de localisation directement entrainée sur des données in vivo.
En s’affranchissant des simulations pour la génération des données d’apprentissage,
cette méthode établit un cadre d’entrainement dans lequel les modeles généralisent de
maniere robuste in vivo, y compris en cas de dégradation des conditions d’imagerie.
Par ailleurs, cette approche est également étendue afin de réduire les besoins matériels
de 'ULM 2D, ouvrant la voie a des améliorations similaires en 3D susceptibles de

diminuer drastiquement le cotit de I’'ULM volumique.

4. Une base de données in vivo publique de grande ampleur Le chapitre 6 pré-
sente ULMShare, une collection d’acquisitions transcraniennes in vivo de cerveaux de
souris. Cette ressource, constituée de 99 acquisitions provenant de 61 animaux, est la
premiere et la seule de cette ampleur, dépassant d'un a deux ordres de grandeur les en-
sembles de données existants. En mettant a disposition une quantité de données in vivo
sans précédent, elle ouvre la voie au développement futur de méthodes d’apprentissage
profond, notamment celles inspirées du chapitre précédent. Au-dela de 'apprentissage
automatique, cette base de données constitue également un support unique pour le
développement et 1’évaluation quantitative de méthodes conventionnelles, grace a la

diversité et au volume des acquisitions proposées.

Impact global

En réunissant un cadre structurant, de nouvelles méthodes d’apprentissage pour ’'ULM in
vivo et en 3D, ainsi qu'une base de données in vivo de référence, cette these démontre que
I’apprentissage profond peut dépasser plusieurs limitations fondamentales de 'ULM conven-
tionnel et pose les fondations nécessaires au transfert des avancées récentes de I’apprentissage
profond vers 'ULM. Les contributions proposées renforcent la robustesse, la rapidité et la
reproductibilité de ’'ULM, tout en ouvrant la voie a des applications volumétriques plus
accessibles et a une meilleure standardisation du domaine. Ensemble, elles établissent les
conditions nécessaires au développement d’'une ULM plus viable et plus fiable menant a une

utilisation préclinique plus large et, a terme, clinique.



CHAPITRE 2 MICROSCOPIE PAR LOCALISATION ULTRASONORE :
PRINCIPES, APPLICATIONS ET POSITIONNEMENT DANS L’IMAGERIE
BIOMEDICALE

2.1 L’imagerie microvasculaire : cruciale mais hors de portée

Pour assurer I'apport en oxygene et en nutriments aux tissus biologiques, le sang transite
depuis les arteres et artérioles vers le lit capillaire, ot a lieu la plupart des échanges méta-
boliques, avant de repartir vers le cceur par les veinules et les veines [51]. Si l'imagerie des
vaisseaux macroscopiques (diametre > 100 um) est aujourd’hui routiniere, I’observation non-
invasive de cette microcirculation (vaisseaux < 100 pm) reste un défi technologique majeur
(Voir Figure 2.1). Pourtant, 'imagerie de cette microcirculation est cruciale, tant pour le
diagnostic précoce et le suivi thérapeutique en clinique que pour la compréhension des mé-
canismes fondamentaux en recherche préclinique. Cette limitation actuelle freine notamment
I’étude de nombreuses pathologies ou les altérations microvasculaires précedent souvent les
dommages tissulaires macroscopiques, telles que les cancers [4], les maladies neurodégénéra-
tives associées aux micro-infarctus cérébraux [5,52,53] ou certaines maladies cardiaques liées

a la dysfonction microvasculaire coronaire [54].

2.1.1 Limites des modalités cliniques actuelles

En clinique, les modalités d’imagerie de référence, telles que I'Ilmagerie par Résonance Magné-
tique (IRM), la Tomodensitométrie (CT) ou ’échographie Doppler, offrent une couverture
anatomique complete et une profondeur de pénétration suffisante pour imager I'organe entier.
Cependant, elles restent intrinsequement limitées a des résolutions bien supérieures a la taille

des vaisseaux impliqués dans la microcirculation.

En IRM, la résolution spatiale est intrinsequement liée au rapport signal-sur-bruit (SNR) [55].
Pour améliorer ce compromis, deux leviers principaux existent. L’augmentation du temps
d’acquisition permet théoriquement d’échantillonner de plus hautes fréquences spatiales tout
en maintenant un SNR exploitable. Cependant, cette approche est rapidement limitée par des
contraintes pratiques ainsi que par la détérioration de I'image due aux mouvements physio-
logiques (respiration, pulsatilité). Alternativement, 'augmentation de l'intensité du champ
magnétique, et notamment le passage a 'ultra-haut champ (7 Tesla), permet théoriquement
d’atteindre des résolutions de 'ordre de la centaine de microns. Toutefois, cette technologie

se heurte a des obstacles majeurs : cott élevé, disponibilité restreinte et artefacts d’inhomo-



FiGURE 2.1 Comparaison de la résolution spatiale et de la profondeur de pénétra-
tion des différentes modalités d’imagerie biomédicale. Ce diagramme illustre le role
a jouer pour I'ULM en offrant une résolution microscopique a des profondeurs cliniques, la
ou les autres modalités sont soit limitées en résolution (IRM, CT, US), soit en profondeur
(Optique). Adapté de Song et al. [8].



généité qui freinent encore son adoption en routine clinique [56]

De méme, la résolution du scanner a rayons X (CT) est régie par un compromis strict entre
la résolution spatiale et la dose délivrée [57]. L’amélioration de la géométrie d’acquisition
(finesse des collimateurs, réduction de la taille du foyer) entraine mécaniquement une aug-
mentation du bruit quantique (bruit de Poisson) en réduisant le flux de photons par voxel.
Pour compenser cette perte de signal et maintenir une image exploitable, il est nécessaire
d’agir sur le second levier : I'intensité du rayonnement. Cette augmentation de la dose devient
rapidement inacceptable pour la sécurité du patient, limitant drastiquement le suivi longitu-

dinal ou l'acquisition continue nécessaire a 1’étude dynamique de la microcirculation [58].

Enfin, I’échographie conventionnelle est fondamentalement régie par la limite de diffraction
acoustique et le compromis inhérent entre résolution spatiale et pénétration. En effet, si 'aug-
mentation de la fréquence centrale permet d’améliorer la résolution, elle se fait au colit d’une
atténuation tissulaire accrue et donc d'une profondeur d’exploration réduite. Pour atteindre
une résolution microscopique, l'utilisation de fréquences extrémement élevées (> 50 MHz)
serait requise. L’atténuation des ondes ultrasonores dans les tissus biologiques augmentant
quasi-linéairement avec la fréquence, la profondeur de pénétration se trouverait alors limitée
a quelques millimetres superficiels. Cette barriere physique rend 'imagerie microscopique non
invasive impossible pour les organes profonds chez 'homme avec les méthodes convention-
nelles [11].

En conséquence, il n’existe a ce jour aucun outil clinique capable d’observer la microcircula-

tion en profondeur.

2.1.2 Limitations des approches précliniques

Pour contourner les limites de résolution clinique, la recherche fondamentale s’appuie large-
ment sur des techniques de microscopie optique avancées, telles que la microscopie biphoto-
nique [59] ou la microscopie a feuillets de lumiere (light-sheet) [60]. Ces méthodes atteignent
une résolution submicronique et permettent de visualiser I'architecture cellulaire et le réseau
vasculaire a 1’échelle capillaire. Toutefois, la diffusion des photons dans les tissus biologiques
restreint la profondeur d’imagerie effective a quelques centaines de microns, confinant ’obser-
vation aux tissus superficiels [61]. L’acces aux organes profonds impose alors des procédures
chirurgicales lourdes. Cette contrainte est particulierement critique pour le cerveau, ou I'im-
plantation de fenétres optiques, de prismes, ou le sacrifice pour clarification tissulaire (clea-
ring) sont nécessaires pour accéder aux structures sous-corticales [9]. Ces méthodes invasives
ou terminales compromettent I'intégrité physiologique et interdisent 1’étude non invasive de

la microcirculation dans I’ensemble du volume d’un organe intact.



Par ailleurs, le micro-scanner a rayons X (micro-CT) offre une résolution spatiale isotrope
élevée a I’échelle de ’animal entier. Cependant, cette modalité souffre d’un faible contraste
intrinseque des tissus mous, nécessitant 'injection de forts volumes d’agents de contraste
denses. De plus, le rapport signal-sur-bruit étant lié a la dose, atteindre une résolution mi-
crométrique impose d’augmenter considérablement le flux de rayons X. Cela expose I'animal
a des doses cumulées souvent létales ou incompatibles avec le maintien de 1’homéostasie lors
d’études longitudinales [62]. Ainsi, bien que le micro-CT soit I'outil anatomique de référence
er vivo, il ne permet pas le suivi dynamique et fonctionnel de la microcirculation fine in

vivo [8].

En résumé, il n’existe a ce jour aucune modalité d’imagerie capable de concilier simultanément
une résolution microscopique, une profondeur de pénétration a 1’échelle de l'organe et un

caractere non invasif adapté au suivi longitudinal.

2.1.3 Dépasser la diffraction : de la microscopie par localisation optique a I’'ULM

Des avancées importantes en microscopie optique, récompensées par un prix Nobel de Chi-
mie en 2014, permettent de s’affranchir de la limite de diffraction a condition d’imager des
diffuseurs isolés (voir Figure 2.2). Pour ce faire, les méthodes comme le PALM [63] ou le
STORM [64] exploitent I'activation stochastique des sources lumineuses pour garantir ’iso-
lement spatial des signaux regus. Grace a un clignotement aléatoire des émetteurs, seule une
infime fraction d’entre eux est active simultanément et chaque point lumineux apparait seul
dans son voisinage, sans chevauchement avec ses voisins. L’image finale super-résolue est
alors reconstruite point par point, en accumulant ces localisations sur une longue séquence

d’images.

La Microscopie de Localisation Ultrasonore (ULM) constitue la transposition acoustique di-
recte de ce concept [13,14]. Par analogie, les agents de contraste ultrasonores (microbulles)
jouent ici le role des sources lumineuses. Ces microbulles, déja utilisées couramment en cli-
nique [65,66], ont une taille comparable a celle d’'un globule rouge (1-3 pm) et peuvent donc

circuler librement dans le réseau vasculaire.

Cependant, a la différence des méthodes optiques, 'ULM exploite le flux sanguin et 'imagerie
ultrarapide pour séparer les sources acoustiques : la haute cadence d’acquisition permet de
figer le mouvement des microbulles et de les distinguer temporellement, a condition qu’elles
aient été injectées en concentration suffisamment faible. Dans ce cas, chaque microbulle peut
étre localisée avec une précision de 'ordre du micron, soit plus de dix fois inférieure a la
résolution native du systéme [13, 14, 16] (selon le méme principe que dans la Figure 2.2).

Grace a la cohérence temporelle du signal des microbulles, elles peuvent étre suivies sur
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plusieurs images successives. L’accumulation de ces trajectoires au cours du temps permet
i icrov: isati u i insi is histori
de cartographier la microvascularisation en profondeur, brisant ainsi le compromis historique

entre résolution et pénétration [17].

FiGURrE 2.2 Illustration du dépassement de la limite de diffraction par la localisa-
tion. (Gauche) Limite de diffraction classique (Critere de Rayleigh) : lorsque deux sources
ponctuelles sont séparées par une distance comparable a la largeur de la réponse impulsion-
nelle (PSF), leurs signaux se chevauchent, rendant les sources indiscernables. Le signal mesuré
(points gris) ne permet pas de séparer les contributions individuelles. (Droite) Principe de
la localisation (ULM) : lorsqu’une source est isolée spatialement, il est possible d’ajuster un
modele mathématique (courbe rouge) sur le signal bruité pour estimer la position de son
centre avec une précision (erreur de localisation) tres inférieure a la largeur de la tache de
diffraction.

2.2 Principes physiques et implémentation pratique de ’'ULM

La mise en ceuvre de 'ULM repose sur un traitement complexe, composé de plusieurs étapes
et nécessitant ’acquisition de milliers d’images sur des durées pouvant atteindre plusieurs
minutes [32]. Ce processus peut étre divisé en quatre étapes principales : 'acquisition et la
formation de I'image, le filtrage du signal, la localisation des microbulles et leur suivi. Cepen-
dant, cet ordre n’est pas strict et certaines étapes peuvent étre inversées (comme le filtrage
et la formation d’image) ou réalisées conjointement (localisation et suivi des microbulles).
Cette section décrit les principes fondamentaux régissant ces différents blocs dans ce que 1’'on

peut considérer comme 'approche standard en ULM [49,67].
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2.2.1 Acquisition et formation d’image

Rendue possible par le développement des échographes programmables, I'imagerie ultrarapide
par ondes planes (Plane Wave Imaging) permet d’insonifier ’ensemble du milieu en une seule
transmission, par opposition au balayage focalisé ligne par ligne. Ce changement de paradigme
permet de faire passer la cadence d’acquisition de 50 Hz a plus de 20 000 Hz [12], ouvrant la

voie a une imagerie Doppler haute sensibilité [68].

Le signal radio-fréquence (RF) enregistré par chaque élément de la sonde est de nature
temporelle. L’opération de formation de voies, ou beamforming, vise donc a convertir cette
information temporelle en une cartographie spatiale. Bien que des approches adaptatives plus
complexes existent, 'algorithme Delay-and-Sum (DAS) demeure la référence en ULM pour
sa robustesse, sa simplicité et sa linéarité. Pour chaque pixel de I'image finale, cet algorithme
somme les contributions des signaux bruts aprés avoir compensé le délai correspondant au
temps de vol aller-retour théorique. C’est cette opération géométrique qui assure la focalisa-

tion dynamique du signal en réception en tout point de I'image (voir Figure 2.3).

Le contenu fréquentiel du signal brut RF est confiné dans la bande passante du transducteur,
autour d’une fréquence porteuse fy. En exploitant cette propriété, il est possible de réduire
I’échantillonnage sans perte d’information. En effet, le signal est classiquement démodulé
en composantes En-Phase et Quadrature (IQ), une opération qui recentre le spectre autour
de 0 Hz, ce qui permet d’appliquer un filtrage passe-bas. La fréquence d’échantillonnage
minimale pour respecter le critere de Nyquist-Shannon ne dépend alors plus de la porteuse,
mais uniquement de la largeur de bande du signal. En pratique, cela permet souvent de diviser
le volume de données par un facteur 2 a 4, un gain critique pour la gestion des séquences

longues en ULM.

Cette décimation est souvent opérée directement par le systeme d’imagerie, qui délivre des
données sous forme complexe (IQ). Le DAS peut alors s’appliquer sur ces signaux de maniére
analogue aux données RF. S’il est courant de se contenter de 'amplitude du signal résultant,
qui correspond a I'image échographique standard (mode B), pour simplifier 'analyse struc-
turelle, I'information de phase demeure indispensable aux méthodes avancées. Elle permet en
effet I'estimation de la vitesse du flux sanguin (Doppler) [68] ou la correction des aberrations

induites par le milieu [69].

Toutefois, une onde plane unique souffre d’un contraste et d’une résolution dégradés. Pour
pallier ce défaut, la stratégie standard consiste a utiliser le Coherent Plane- Wave Compoun-
ding (CPWC) : plusieurs ondes planes inclinées sont transmises successivement (typiquement

de -5 & +5 degrés) et leurs signaux rétro-diffusés sont sommés de maniere cohérente [70]. Pour
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F1cURE 2.3 Illustration du principe de Beamforming Delay-and-Sum (DAS). (1)
Espace Temporel (Données Brutes) : La sonde enregistre les échos regus par chaque
élément en fonction du temps. Une cible ponctuelle unique génere un front d’onde qui arrive a
des instants différents sur chaque élément, tracant une signature hyperbolique caractéristique
(pointillés rouges). (2) Espace Spatial (Image Beamformée) : L’algorithme DAS est
appliqué sur une grille 2D de pixels. Pour chaque point, il compense les retards géométriques
et somme les contributions. Cette opération focalise I’énergie de I'’hyperbole en un point
unique a la position réelle de la cible (20 mm).

augmenter davantage la spécificité de détection, il est également possible d’exploiter la ré-
ponse non-linéaire des microbulles afin de mieux séparer leur signal des tissus avoisinants.
Bien que tres efficaces pour rejeter le tissu, ces méthodes requierent plusieurs transmissions
par image, accentuant le compromis sur la résolution temporelle [71]. En conséquence, leur
usage reste souvent limité a des cas particuliers d’imagerie ULM ou la sensibilité prime sur

la cadence.

2.2.2 Filtrage du signal (Clutter filtering)

A ce stade, le signal ultrasonore contient la superposition de la réponse des tissus (clutter) et
celle, beaucoup plus faible, des microbulles. La technique la plus courante pour les séparer est
la Décomposition en Valeurs Singulieres (SVD) spatio-temporelle [72]. Pour cela, la séquence
d’images est réorganisée en une matrice spatio-temporelle (matrice de Casorati) ou chaque
ligne représente une image vectorisée et chaque colonne la variation temporelle de la valeur
d’un pixel. Ensuite, la SVD permet d’obtenir une décomposition en somme pondérée de
matrices séparables en un vecteur temporel et un vecteur spatial. Les valeurs singulieres sont

ordonnées par cohérence spatio-temporelle et il est alors possible de rejeter les premieres
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composantes, correspondant aux tissus énergétiques et cohérents, pour ne conserver que le

signal dynamique des agents de contraste.

Cependant, cette approche a aussi tendance a supprimer le signal des microbulles les plus
lentes, seul indicateur de la présence des vaisseaux les plus fins. Pour observer ce signal,
d’autres stratégies ont été développées, en parallele des méthodes d’imagerie non-linéaire
déja mentionnées. Le Sensing ULM emploie une stratégie de filtrage multi-étape adaptative
pour isoler spécifiquement les populations de microbulles lentes, indispensable a I'imagerie des
glomérules [22] mais reste limité. Plus récemment, I’approche SCaRe introduit 'utilisation de
Long Ensemble SVD : en augmentant considérablement la fenétre temporelle d’analyse, cette
méthode améliore la séparation entre les tissus et les microbulles les plus lentes, permettant

la détection des capillaires [73].

Enfin, lefficacité de ce filtrage est conditionnée par la sélection critique du seuil de rejet
des premiere valeurs. Si des méthodes automatiques ont été proposées pour déterminer ce
rang optimal, ce parametre reste en pratique le plus souvent ajusté de maniere empirique,
introduisant une variabilité inter-opérateur ainsi qu’un risque de biais dans la quantification

vasculaire.

2.2.3 Localisation et Suivi des microbulles

Apres filtrage du tissu, les microbulles sont détectées en tant que maxima locaux puis leur
position exacte est estimée a ’aide d’algorithmes de localisation. Les méthodes les plus pré-
cises et les plus couramment utilisées sont 'estimation gaussienne (Gaussian Fitting) ou la

symétrie radiale (Radial Symmetry).

Les positions obtenues sont ensuite temporellement associées pour reconstruire des trajec-
toires (tracking). La confiance dans les détections successives d'une méme microbulle permet
alors de ne conserver que les trajectoires les plus longues. L’algorithme hongrois est com-
munément utilisé pour résoudre le probleme d’appariement. En minimisant la somme des
distances d’association, cette méthode favorise par construction les solutions de moindre dé-
placement, ce qui peut induire des erreurs d’appariement dans les zones de flux rapides ou

complexes.

Pour contourner ce probleme, certaines approches visent a isoler les trajectoires avant I'étape
de localisation [74]. Des méthodes d’apprentissage profond ont aussi visé a s’affranchir d’une
étape de localisation explicite et a estimer directement la densité ou la vitesse a partir des
données spatio-temporelles [45, 75]. Toutefois, les méthodes basées sur la localisation indivi-

duelle restent limitées par la densité de microbulles : a forte concentration, la superposition
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des signaux altere inévitablement la précision de la localisation et rend 'appariement plus

difficile.

2.2.4 Mesure de la qualité de reconstruction

Pour obtenir une image vasculaire, il reste a projeter ’ensemble des trajectoires accumulées
sur une grille de reconstruction fine. Pour garantir la continuité visuelle des vaisseaux, les
trajectoires sont interpolées, spatialement ou temporellement, avant d’étre accumulées. En
plus de la densité de microbulles, il est alors possible de générer des cartes de vitesse en
moyennant la vélocité des trajectoires traversant chaque pixel. Qualitativement, la recons-
truction et la confiance de la mesure réside alors dans le grand nombre d’accumulation et
leur cohérence spatiale, la longueur des trajectoires obtenus ainsi que I'uniformité spatiale

des détections.

Toutefois, I'évaluation quantitative de ces reconstructions est intrinsequement limitée par
I’absence de vérité terrain in vivo. En effet, les modalités d’imagerie alternatives manquent
de résolution ou de profondeur pour servir de référence fiable. Quant a la validation croisée
avec des techniques ez vivo, elle est complexifiée par les difficultés de recalage tridimensionnel
et les déformations tissulaires inhérentes a la fixation ou aux manipulations post-mortem.
Par ailleurs, si les simulations offrent un cadre contrélé pour comparer théoriquement les
algorithmes, elles ne reproduisent que partiellement la complexité acoustique et physiologique

réelle, limitant de fait la portée de leurs conclusions.

En I'absence de référence absolue, la qualité des images in vivo est estimée principalement a
I’aide de trois métriques complémentaires. La cohérence spatiale est mesurée par la Fourier
Ring Correlation (FRC), qui estime la plus haute fréquence spatiale pour laquelle deux sous-
images indépendantes conservent une corrélation supérieure au bruit [76]. L’uniformité et la
complétude sont évaluées par la courbe de saturation, qui quantifie le ratio de pixels détectés
sur le nombre total de pixels en fonction du temps d’accumulation [32]. Enfin, la durée
moyenne des trajectoires est fréquemment rapportée pour quantifier la robustesse du suivi et

la capacité a maintenir I'identité des microbulles sur de longues durées.

Toutefois, il est important de noter que ces métriques peuvent étre artificiellement optimisées
par des reconstructions dégénérées, telles que des artefacts de grille ou un fond constant. Par
conséquent, elles ne sauraient se substituer a un examen visuel critique de la fidélité de I'image

reconstruite.
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2.3 Applications et extensions

L’ULM s’est établie comme un outil d’'investigation biomédicale, au-dela de la preuve de
concept. Son développement s’articule autour de deux axes : la translation clinique vers
I’exploration physiopathologique et 'innovation méthodologique pour 'imagerie volumique
et dynamique. Cette section synthétise I'état de I'art de ces applications et les avancées

technologiques étendant les capacités de I'ULM.

2.3.1 Applications précliniques et translation clinique

Dans le cerveau, la difficulté majeure réside dans les aberrations induites par la différence
de vitesse de propagation du son dans le crane et celle dans les tissus mous. Au stade pré-
clinique, 'ULM a démontré un fort potentiel d’application. Dans les modeles d’Alzheimer
chez la souris, des altérations de la tortuosité et un découplage hémodynamique ont été ob-
servés avant l'apparition des plaques amyloides [19]. De méme, I'imagerie post-AVC chez
le rat a démontré sa capacité a discriminer l'ischémie de 'hémorragie et a cartographier la
réorganisation vasculaire lors de la récupération [18|. Les applications cliniques de I'ULM
chez 'humain ont pu avoir lieu soit en évitant les aberrations soit en les corrigeant. Chez les
nouveau-nés, I'imagerie au travers de la fontanelle permet de limiter les aberrations et 'ULM
permet alors de visualiser la microvascularisation humaine lors du traitement de malforma-
tions vitales [77]. Chez l'adulte, en combinant une imagerie par la fenétre temporal et des
méthodes de correction d’aberrations, il est possible de caractériser la dynamique des flux a

une résolution de 25um [31].

Au-dela de I'imagerie cérébrale, 'ULM a été étendu a d’autres organes en surmontant les défis
liés aux mouvements physiologiques (battements du coeur, respiration etc.). Des stratégies
de correction robustes ont permis son application dans le myocarde, d’abord chez le rat [7§]
puis chez 'humain [30]. Des avancées méthodologiques ont également ouvert l’acces a des
structures complexes comme la moelle épiniere [79]. Enfin, le potentiel clinique de 'ULM a
été démontré pour 'évaluation de la fonction rénale [22] et tumorale [21], ainsi que pour le

diagnostic différentiel des lésions hépatiques [80] et mammaires [81].

2.3.2 ULM dynamique, fonctionnelle et 3D

Initialement développée en 2D avec un temps d’acquisition de I'ordre de la minute, ’'ULM a
rapidement été étendue afin d’imager des phénomeénes rapides avec une résolution effective
de T'ordre de la milliseconde [25,82,83]. En faisant I'hypotheése de la périodicité d’un signal

temporel, comme le cycle cardiaque ou un stimulus fonctionnel répété, I'accumulation des
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positions des microbulles peut étre synchronisée a posteriori avec le signal. D’abord introduite
avec une synchronisation sur le cycle cardiaque en 2D [24,84], cette approche a permis
I'imagerie de la pulsatilité cérébrale a une échelle microscopique. Elle a ensuite été appliquée
a I'imagerie fonctionnelle (fULM) [2,26] afin d’observer la réponse hémodynamique du cerveau

a des stimuli.

Parallelement a ces avancées temporelles, ’extension vers ’'ULM 3D a permis de s’affranchir
des limitations intrinseques a 'imagerie en coupe. En effet, 'acquisition 2D souffre d’une
forte dépendance a l'opérateur pour la sélection du plan d’imagerie, que ce soit pour le
positionnement ou l'orientation. En pratique, cela nuit a la répétabilité des mesures ainsi
qu’au recalage précis des volumes pour le suivi longitudinal ou a la validation par d’autres
modalités. L’'ULM 2D est intrinsequement limitée dans la fidélité des mesures qu’elle peut
extraire en projetant une structure tridimensionnelle sur un plan [85]. Cette projection peut
notamment fausser les mesures de tortuosité, de vitesse et de connectivité vasculaire [85] et

limiter lefficacité des méthodes de correction de mouvement hors-plan [78§].

L’ULM 3D se base principalement sur des sondes matricielles adressées individuellement
("fully-addressed") [35,37,85], multiplexées [23,25,36,86], ou des sondes lignes-colonnes (Row-
Column (RCA)) [82,87,88]. Les sondes matricielles "fully-addressed” offrent un contrdle op-
timal de 'onde transmise et une cadence d’imagerie élevée, mais nécessitent de piloter indi-
viduellement des milliers d’éléments piézoélectriques, entrainant une complexité matérielle,
des cotits élevés et de grands volumes de données. Le multiplexage permet de réduire cette
complexité électronique, mais au prix d’une réduction drastique de la cadence d’imagerie
volumique, ce qui peut limiter 'observation de phénomenes rapides tels que les flux des plus
gros vaisseaux [25] ou dégrader la qualité de I'image. L utilisation de sondes RCA permet de
réduire massivement le cablage via des éléments allongés disposés en lignes et en colonnes.
La focalisation repose sur ’émission de multiples angles et une réception orthogonale, ce qui
induit une perte de qualité d’image comparée aux matrices pleines. Cependant, 1'optimisa-
tion des parametres d’acquisition offre un équilibre suffisant entre cadence et qualité pour
capturer la pulsatilité hémodynamique du cerveau de souris [82]. Récemment, 'utilisation
d’une sonde multi-lentilles (Multi-lens) a permis d’étendre considérablement le champ de vue

pour caractériser des organes entiers chez le porc (foie et rein)
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2.4 Limites inhérentes et directions d’optimisation

2.4.1 Compromis entre résolution temporelle, volume de données et concentra-

tion

L’obtention d’une reconstruction vasculaire complete repose sur la détection d’un nombre
suffisant de microbulles pour échantillonner I'intégralité du réseau vasculaire. Pour saturer la
reconstruction capillaire avec des méthodes de localisation conventionnelles, qui requierent
des bulles spatialement isolées, il est nécessaire d’accumuler les images sur des temps longs,
de l'ordre de plusieurs minutes [32]. Cette contrainte est exacerbée en dynamique (DULM)
ou en imagerie fonctionnelle (fULM), ou la répétition de cycles de stimulation s’étend sur

une dizaine de minutes pour obtenir une robustesse statistique suffisante.

Cette durée d’acquisition génere des volumes de données massifs, imposant des contraintes
matérielles séveres pour le stockage et le traitement. A titre d’exemple, une acquisition vo-
lumique haute fréquence peut générer plusieurs centaines de gigaoctets, voire depasser le

téraoctet pour des séquence d’imagerie les plus longues.

L’augmentation de la concentration en microbulles permet théoriquement de réduire la du-
rée d’acquisition et le volume de données. Toutefois, cette densification entraine un che-
vauchement des signaux (overlapping) qui sature I'image et invalide ’hypotheése de sparsité
requise par les algorithmes conventionnels. Ce compromis impose une limite stricte : une
faible concentration préserve la précision au prix du temps, tandis qu’'une forte concentration
accélere 'examen mais dégrade la résolution. Au-dela d’un seuil critique, I'incapacité des mé-
thodes standards a discriminer les sources chevauchantes provoque un échec de la détection

et une chute drastique du nombre de microbulles localisées

2.4.2 Limites de la localisation conventionnelle : formalisme et intractabilité

Afin d’expliciter les limites de I’hypothese de bulles isolé, le signal ultrasonore peut se for-
maliser comme une somme I(r) & la position r € R3. En ULM, ce signal est la superposition
linéaire des réponses impulsionnelles de N microbulles d’amplitudes o; et de positions r;,

additionnée d’un bruit n(r) :

I(r) =) o0;-PSF(r,r;) +n(r) (2.1)

i=1

Cas 1 : Régime parcimonieux (Bulles isolées) L’hypothese de sparsité suppose une

distance inter-bulles supérieure a la résolution du systeme A, Si Vi # 7, |[|r; — rj|| > Aes,
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les supports des PSFs sont disjoints (i.e. PSF(r,r;) = 0). Au voisinage de la k-eme bulle,

I'équation (2.1) se simplifie :

I(r = 1) = oy - PSF(r,r;) + n(r) (2.2)

Le probléeme inverse se réduit a une estimation locale de parameétres (centroide ou ajustement

Gaussien), robuste au bruit comme illustrée en Figure 2.4, (A).

Cas 2 : Régime dense (Interférences) A haute concentration, la condition de séparation
n’est plus respectée. Le signal au voisinage d’une bulle £ s’ajoute a celui des bulles dans son

voisinage Vy :

I(r) =0y -PSF(r,r;)+ > o;-PSF(r,r;)+n(r) (2.3)
T T jEVkg#k

Interférences

Signal d’intérét

Ce terme d’interférence agit comme un bruit structuré dépendant de la configuration inconnue
des voisins. Les interférences créent des maxima artificiels ou déplacés, comme illustré en
Figure 2.4.(B). Les algorithmes conventionnels basés sur la détection de maxima locaux
échouent a séparer les sources, conduisant a une sous-estimation du nombre de microbulles

et a une augmentation de l'incertitude de localisation.

Conclusion du chapitre

L’ULM comble un manque crucial de solutions d’imagerie microscopique en profondeur in
vivo. Son potentiel translationnel et son intérét préclinique ont été démontrés par les premieres

applications chez I'humain et de multiples études sur modeéles animaux.

Cependant, son adoption a grande échelle reste aujourd’hui contrainte par des limites in-
hérentes, dictées par les compromis stricts entre temps d’acquisition, volume de données et
concentration de microbulles. Pour s’affranchir de ces limitations physiques, 'apprentissage
profond (Deep Learning) apparait comme un outil intéressant pour utiliser au mieux les
larges quantités de données générées afin de mieux pouvoir modéliser de manieére implicite
les signaux dans les zones a haute concentration. Par sa capacité a modéliser des interférences
complexes 1a ou les méthodes classiques échouent, il offre la perspective d’une imagerie super-

résolue rapide et robuste.
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FIGURE 2.4 Impact de la densité de sources sur I'imagerie ULM 2D. (A) Régime Parcimo-
nieux : Trois microbulles séparées par une distance supérieure a la résolution (A,.s). Les
taches de diffraction sont distinctes, permettant une localisation précise (croix cyans). (B)
Régime Dense :Trois microbulles regroupées dans un volume inférieur a la résolution. Les
interférences forment une unique tache large. Un algorithme conventionnel détecte a tort une
seule source centrale (croix verte), induisant une erreur de comptage et de positionnement.
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CHAPITRE 3 ARTICLE 1 : DEEP LEARNING IN ULTRASOUND
LOCALIZATION MICROSCOPY : APPLICATIONS AND PERSPECTIVES

Le chapitre précédent présentait un panorama général de la microscopie de localisation ul-
trasonore (ULM), en retragant ses principes physiques, ses principales applications ainsi que
les limitations expérimentales et méthodologiques qui limitent aujourd’hui son déploiement
a grande échelle. Cette mise en contexte permet d’identifier clairement les étapes du pipeline
ULM qui demeurent sensibles aux conditions d’acquisition, aux parametres expérimentaux

ou aux choix de traitement, et pour lesquelles des améliorations restent nécessaires.

Dans la continuité de cette revue générale, le présent chapitre se concentre sur un axe par-
ticulier qui a suscité un intérét croissant au cours des dernieres années : l'utilisation de
I’apprentissage profond pour améliorer les différentes étapes de I'ULM. L’objectif est d’offrir
une lecture structurée des contributions récentes, de souligner leurs atouts, leurs limites et
leurs divergences méthodologiques, et de mettre en lumiere les défis encore ouverts pour une
utilisation robuste et reproductible de 'ULM, en particulier dans des conditions in vivo ou

a fortes concentrations de microbulles.

Ce chapitre correspond au premier article de cette these, publié en ligne en septembre 2024
dans IEEE Transactions on Ultrasonics, Ferroelectrics, and Frequency Control, dans le nu-
méro spécial Breaking the Resolution Barrier in Ultrasound (Volume 71, Issue 12, Decem-
ber 2024). Il présente une revue de littérature exhaustive sur les méthodes d’apprentissage
profond appliquées a 'ULM et constitue 1’état de I’art thématique qui servira de fondement

aux développements méthodologiques proposés dans les chapitres suivants.
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3.1 Abstract

Ultrasound Localization Microscopy (ULM) is a novel super-resolution imaging technique
that can image the vasculature in vivo at depth with resolution far beyond the conventional
limit of diffraction. By relying on the localization and tracking of clinically approved mi-
crobubbles injected in the blood stream, ULM can provide not only anatomical visualization
but also hemodynamic quantification of the microvasculature of different tissues. Various
deep-learning approaches have been proposed to address challenges in ULM including de-
noising, improving microbubble localization, estimating blood flow velocity or performing
aberration correction. Proposed deep learning methods often outperform their conventional
counterparts by improving image quality and reducing processing time. In addition, their
robustness to high concentrations of microbubbles can lead to reduced acquisition times in
ULM, addressing a major hindrance to ULM clinical application. Herein, we propose a
comprehensive review of the diversity of deep learning applications in ULM focusing on ap-
proaches assuming a sparse microbubbles distribution. We first provide an overview of how
existing studies vary in the constitution of their datasets or in the tasks targeted by deep
learning model. We also take a deeper look into the numerous approaches that have been
proposed to improve the localization of microbubbles since they differ highly in their formula-
tion of the optimization problem, their evaluation, or their network architectures. We finally
discuss the current limitations and challenges of these methods, as well as the promises and

potential of deep learning for ULM in the future.
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3.2 Introduction

Inspired from development of super resolution imaging techniques in optical microscopy [63,
64], Ultrasound Localization Microscopy (ULM) leverages the detection and localization of
individual microbubbles injected into the bloodstream to overcome the diffraction limit in
ultrasound imaging [13,14]. ULM can reconstruct portions of the vascular tree at depth,
in vivo, and with a resolution on the order of a tenth of the imaging wavelength, thus
partially alleviating the trade-off between penetration depth and resolution [11]. ULM has
also been extended to 3D imaging either using fully-addressed matrix arrays [35, 37, 85],
multiplexed matrix arrays [36] or row-column arrays [82,87,88]. ULM proof-of-concepts
in pathological animal models have shown, e.g., the characterization of vascular function
impairments in Alzheimer’s Disease (AD) mice models [19] and between early phases of
ischemic and hemorrhagic strokes in mice models [18]. Novel sequences also enable the
extraction of dynamic quantities in ULM such as pulsatility imaging in the brain [24, 25],
cardiac imaging [30, 78] or functional imaging [2,26]| by using high microbubble detection
rates and retrospective gating. Singular microbubble behaviors have also been leveraged to
highlight specific structures, such as glomeruli [22,23]. Applications in humans have also
been proposed for aneurysm imaging in the brain [31], breast [21,27] or pancreas cancer
imaging [28], lymph node metastatic cancer [89], kidney [22,28,29], prostate [90], lower
limb muscle [33], liver imaging [28], vasa vasorum of the carotid wall [91], and testicular

microcirculation [81].

However, ULM also faces several inherent challenges. First, imaging the entire vascular tree
with current methods requires impractically long acquisition times, since tens of minutes
would be needed to have a single microbubble flow in each capillary at typical concentra-
tions [32]. Second, ULM is degraded by skull aberration in brain imaging, clutter and cardiac
motion in cardiac imaging, and tissue motion in general [8]. Finally, clinical translation of
ULM can be challenging due to the large amount of data to acquire and process, often in
the range of hundreds of gigabytes, and the processing time that can take several hours for

a single acquisition [8].

Deep learning algorithms excel at signal processing tasks, driven by the increasing availabil-
ity of computational power and large-scale datasets [92]. Since AlexNet [39] reduced the
top-5 error rate on the ImageNet Large Scale Visual Recognition Challenge from 26.1% to
15.3% in 2012 [93], subsequent deep learning models have further decreased this error to only
3.6% within three years [94], increasing the popularity of deep learning for computer vision.
Larger datasets and advances in model architectures and training procedures have since en-

abled deep learning methods to address more challenging tasks such as object detection [95],
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multi-instance segmentation [96] or image generation [97,98]. Advances in one specific do-
main often translate into other domains as well, with several key components often reusable
across different tasks, like optimization algorithms [99, 100], normalization layers [101, 102],
activation functions [103,104] or backbone building blocks [105,106]. For example, trans-
formers originally developed for Natural Language Processing (NLP) [106] have later been
applied to image processing tasks with great success [107]. Foundation models, which are
also originating from the field of NLP, [108], are very large deep learning models that are pre-
trained on vast amounts of data, which can be re-used either as-is or with little fine-tuning
to address new tasks in related or even different domains. Such foundation models are now
widespread in computer vision [109], and can be applied to segment new images even from
unrelated distributions [110]. In medical image analysis, foundation models trained on a
sufficiently large dataset combining different modalities can segment regions of interest with
better generalization and accuracy than specialized, domain-specific models [41]. The cur-
rent performance of deep learning models makes them attractive for processing and analyzing
medical images, and the application of future methods from other domains further enhances

their potential.

In recent years, several works have investigated deep learning methods as a way to improve
ultrasound imaging, with notable successes in beamforming [111-115], and clutter suppression
in Contrast-Enhanced Ultrasound (CEUS) [43]. For recent reviews of deep learning methods
in a general ultrasound settings, see [42,116]. In ULM, deep learning methods have served
several purposes such as reducing processing [46,117,118] or acquisition times [45,46,117],
enhancing image quality [2,46,118,119], improving blood velocity estimation [2,47], and
increasing robustness to challenging experimental settings such as increased microbubble
concentrations [2,45,120] or phase aberrations [69]. In this review, we focus on deep learning
methods specific to ULM, which leverage the presence and the sparsity of microbubble echoes
in the ultrasound signal. Our objective is to cover and put into perspective three essential
aspects of deep learning algorithms in ULM: dataset constitution, the range of targeted tasks,
and, using the example of microbubble localization, the variations in formalism for a single
task.
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Deep learning methods can be integrated at various stages of the ULM processing pipeline.
To provide an overview of such deep learning applications, we consider the following pipeline
for ULM (also depicted in Fig 3.2):

— Channel data sampling,

— Beamforming,

— Tissue clutter filtering,

— Microbubble detection,

— Localization,

— Tracking,

— Accumulation of trajectory statistics to form vascular maps
Additional steps such as aberration correction, motion correction, additional filtering, de-
noising, or post-processing of the trajectories are also discussed in this review when deep

learning approaches specific to ULM have been proposed.

In 3.3, we discuss the different existing approaches related to generating labeled datasets
used either in training or evaluation of deep learning-based ULM methods. In 3.4, we review
the different application stages of deep learning in the ULM pipeline. In 3.5, we focus
on the localization stage of the ULM pipeline, where most deep learning approaches have
been applied. Finally, in 3.6, we summarize this review with an overview of the successes,

limitations, and open challenges for deep learning-based ULM methods.

3.3 Generation of labeled datasets

Dataset constitution is a critical step that impacts both model parameter optimization and
performance evaluation. Existing acoustic field simulators enable the creation of realistic
ultrasound echoes from microbubble positions, thereby facilitating the creation of in silico
datasets, which partially mitigate the limited availability and the lack of ground truth of
in vivo datasets. Literature on domain adaptation suggests that more realistic simulations,
leading to reduced domain shift, may facilitate in vivo applications [121]. Driven by these
theoretical insights, the ULM community has strived to produce highly realistic simulations
allowing for in vivo applications of models trained in silico. Simulations can also be used for
the evaluation of ULM methods, as done in recent benchmarking efforts such as the Ultra-
SR challenge [50], and PALA [67], described hereafter. Compared to other computer vision
domains, where dataset collection require costly manual annotations and often results in the
creation of large-scale publicly available datasets [93,122,123], ULM training datasets tend
to be smaller in scale and designed to match the imaging parameters of one or a few studies.

Diversity in simulation models and their underlying hypotheses leads to discrepancies between
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datasets used in different studies, making model comparisons challenging. Larger-scale ULM
datasets that target more diverse applications and a broader scope, could reduce redundant
efforts in dataset generation while enhancing in vivo model performance and facilitating
inter-study comparisons. The datasets used for deep learning in ULM present comparable
challenges and characteristics regardless of the task addressed by the proposed model. In
this section, we review and compare existing approaches for dataset generation based on
simulations. We also review methods that directly learn from in vivo data, which address

the domain shift that can exist between training simulations and in vivo applications.

3.3.1 Formalism

ULM processing can be formulated as recovering multiple microbubble positions, y, from
an ultrasound signal, x. In a supervised learning context, x represents the input data used
by the model, while y denotes the target labels that we aim to estimate. Hence, ULM
can be defined as the estimation of the probability of microbubble positions from the given
ultrasound data, which corresponds to modeling the posterior distribution p(y|xz). With the
same notation, the constitution of a dataset can be formulated as sampling a collection of
ultrasound signals with corresponding microbubble positions D = {(z;,y;)} from the joint
distribution, (z;,v;) ~ p(x,y). Prior knowledge regarding microbubble positions can be
expressed by formulating assumptions on the marginal distribution p(y), referred as prior
distribution. Ultrasound physics and simulation models describe the conditional probability
p(z|y), which represents the likelihood of an ultrasound signal, x, given microbubble positions,
y. Using the Bayes rule, the joint probability p(x,y) can be decomposed to highlight the
roles of the prior and the conditional probability:

p(x,y) = plxly)p(y).

An essential assumption of supervised learning is that the training set, Diain = {(Ztrain,is
Ytrain,i) }» Which is sampled from the distribution pyain(z, y), and the test set, Diest = {(Ztest,is
Ytest.i) }, which is sampled from piest(, y), are independent and identically distributed (i.i.d.).
Thus, the i.i.d. hypothesis implies that piain ~ Prest- In practice, training on simulation and
testing on in vivo data causes Piain and piest to differ, which limits the validity of the i.i.d.
hypothesis. Some level of realism in the generation of pi..i, is crucial and depends on both
the assumptions regarding the prior distribution pgain(y), and the validity of the underlying
simulation model of pyaim(|y). It is also important to evaluate deep learning models not only
in vivo but also on i.i.d. simulated test data to disentangle the impact of realistic datasets

from model expressive power. Since in vivo evaluation measures both the dataset quality
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and its expressive power, i.i.d. evaluation is critical to assess the model’s capacity to learn

and address the targeted task independently of the simulation quality.

3.3.2 Prior probability p(y): label generation

A Uniformly sampled B Structure prior Sampled microbubble
positions positions
Sampling
)
(o] Anatomical Sampled trajectory with
Acquisition Flow Model velocities
Flow

Figure 3.1 Representation of the different types of label generation strategies illustrating
sampling from different prior distribution. A: Uniform sampling of independent frames. B:
Structure based sampling of independent frames. C: Trajectory sampling based on anatomical
acquisition and simulated flow from [124]

In this section, we examine existing methodologies for modeling microbubble distributions,
the assumptions regarding the simulation prior peain(y) and the implications regarding the
evaluation on i.i.d. datasets and in wvivo. Existing studies are listed in Table 3.1 with
the corresponding prior distribution and temporal context, and different categories of prior
distribution are illustrated in Fig. 3.1. Depending on the deep learning model task (e.g.,
single-frame localization, tracking, velocity estimation), and the use of temporal context,
y can either represent positions in single, independent frames [44,46] or trajectories across
multiple frames [45,75,134].

Single-frame simulations

In single-frame simulations, some approaches have used spatially uniform sampling [46, 47,
119,126, 130, 133, 135], while others have employed a spatial distribution of scatterers con-
ditioned by a given structure, often mimicking vasculature [44,46,118,126]. The structure
used to condition the prior have been handcrafted [67,118], simulated [44], based on ULM
acquisitions [46, 126], or derived from acquisitions from other modalities [45,126,134]. Us-
ing a uniform spatial prior benefits from being high-entropy, which may reduce biases when
working with unseen vascular distributions. It also allows for greater diversity and larger
dataset sizes. However, a uniform distribution does not accurately model microbubble posi-

tions constrained to blood vessels, potentially reducing the validity of the i.i.d. hypothesis
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Table 3.1 Comparison of simulated dataset properties for deep learning approaches in ULM

Deep learning method Temporal Training MB Testing MB Structural Ultrasound
context prior prior Prior Simulation
Blanken et al. [125] Independent Uniform Uniform N.A. Non-linear
frames propagation and
response
Chen et al. [126] Independent Uniform and Structure CAM Field II [127]
frames Structure
Chen et al. [75] Simulated flow Structure Structure CAM Field II [127] and
convolution with
Gaussian PSF
Gu et al. [128] Independent Structure Structure Artificial Convolution with
frames Vasculature Gaussian PSF
Hahne et al. [118§] Independent PALA [35] PALA [35] Artificial Verasonics
frames from structure Research
simulated flow Ultrasound
Simulator
Liu et al. [129] Independent Uniform Structure Artificial Convolution with
frames vasculature Gaussian PSF
Liu et al. [46] Independent Uniform Structure Vasculature from Convolution with
frame in vivo Gaussian PSF
acquisition
Luan et al. [130] Independent Uniform Structure Artificial High-resolution
Frames Vasculature convolution with
Gaussian PSF
Milecki et al. [45] Simulated flow Structure Structure Vasculature from SIMUS [131]
ex vivo
acquisition
Pustovalov et al. [132] Displacement Structure Structure CAM and Convolution with
map Artificial experimental
Structure PSF
Shin et al. [2] Simulated flow Uniform Uniform N.A. Convolution with
learned
distribution of
PSF
van Sloun et al. [42] Independent Uniform Structure Artificial Convolution with
frames Vasculature Gaussian PSF
Youn et al. [47] Independent Uniform Uniform N.A. Field II [127]
frames
Yu et al. [133] Independent Uniform Uniform N.A. Convolution with
frames Gaussian PSF
Zhang et al. [119] Independent Uniform Uniform N.A. Convolution with
frames Gaussian PSF
Zhang et al. [120] Independent Uniform Structure Artificial Convolution with
frames Vasculature Gaussian PSF
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when testing in vivo. Datasets based on a given structure allow evaluation using standard
ULM metrics typically used for in vivo evaluation, such as separation power or full width half
maximum, often reported in literature [67,76]. To combine the advantages of reduced bias in
training while allowing the use of standard ULM metrics in evaluation, some approaches have
used uniform sampling for the generation of the training set and vasculature-based sampling

for in silico testing and evaluation.

Multi-frame simulations

To generate realistic microbubble trajectories, multi-frame simulations often use frameworks
composed of several stages. This typically involves a defined structure and a flow model
conditioned by the structure properties to generate realistic trajectories and velocities. Mi-
crobubbles are randomly seeded within the structure, and their trajectories are computed
using the physical flow model. The underlying structures and flow models can vary de-
pending on the approach. For example, Belgharbi et al. proposed a simulation framework
based on mouse brain vascular structures acquired by 2-photon microscopy (2PM) [124]. The
2PM-acquired vascular structure was segmented and converted into a graph model using an
existing framework [136]. Vessel radii from the segmentation were stored as features of the
graph nodes, and a Poiseuille flow model was used to determine the velocity of randomly
generated microbubbles. Chen et al. [75] used a binarized chorioallantoic membrane (CAM)
dataset of chicken embryos obtained through optical microscopy, and mouse and rat brains
obtained through ULM, to generate graphs and simulate flowing microbubbles. Using the
same CAM dataset, Pustovalov et al. [132] proposed to use displacement maps to generate
microbubble motions. To address the dataset size limitations inherent in methods relying
on in wvivo acquisitions of vasculature, Lerendegui et al. proposed a framework to gener-
ate vascular structure [137] using a recursively-generated simulation framework. Flow and
pressure were then simulated based on Navier-stokes equations for an incompressible New-
tonian fluid and Hagen-Poiseuille flow model. Microbubble positions and trajectories were
then randomly generated with probabilities proportional to the vascular flow. This trajectory

simulation process has notably been used to generate the Ultra-SR challenge dataset [50].

Alternatively to the low-entropy prior based on anatomical structures, Shin et al. proposed
a multi-frame simulation approach with a high-entropy prior [2]. This approach was based
on a uniform distribution of initial positions and speed. Microbubble motion was simulated

using stochastic perturbations of their directions added at each time step.
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Considerations on choosing a prior

Using a low-entropy prior based on realistic anatomical structures can improve the over-
all performance of the trained model on similar data distributions [126]. However, exact
modeling of in vivo microbubble positions and trajectories is challenging due to anatomical
differences between animal models, organs, and the scale of observed blood vessels. The
exact position and velocity of microbubbles cannot be easily measured in vivo, and poten-
tially biased velocity measurements used in the flow model may propagate to the training
set. Underrepresented trajectory patterns, such as spinning microbubbles in glomeruli [22],
might be undetected by a model trained with existing low models. Similar to domain ran-
domization in reinforcement learning, which has been proven efficient for transferring from
simulation to real-world applications [138,139], using high-entropy priors could improve the
generalization capability of deep learning methods in ULM. Regardless of the choice of prior
used for the training set, evaluation on unseen tests data is crucial to distinguish between
models underfitting, overfitting, and out-of-distribution generalization. Evaluation datasets
that allow computation of widely adopted imaging metrics are also critical for comparison

with conventional ULM and other modalities.

3.3.3 Conditional probability p(z|y): ultrasound simulation

In this section, we focus on the simulation of ultrasound signals based on microbubble posi-
tions. This simulation process can involve deterministic steps, such as acoustic wave propaga-
tion computation, and stochastic steps, such as speckle noise addition. The entire simulation
process can be formulated as sampling from the conditional distribution p(x|y). We review
various simulation methods employed to model microbubble echoes and techniques for noise

addition, with the aim of generating realistic ultrasound samples.

Several studies worked under the assumption of translational invariance and linearity of the
imaging system, allowing for simulations based on the convolution of the scatterer distribution
with an estimated PSF of the system [46, 128,130, 133,135]. To enrich datasets, the PSF
parameters were randomized to account for variations in size, intensity, and shape. The
parameter variation ranges were estimated based on in vivo data. Alternatively, Shin et al.
employed generative modeling to sample a wide range of different PSFs based on in wvivo

acquisitions [2].

Several ultrasound simulators have been proposed in the literature to model acoustic wave
propagation. Some are mesh-based, like k-wave [140], which allows for simulation of non-

linear acoustics with multiple scattering and heterogeneous media. To allow for fine po-
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sitioning of scatterers and short computation time, most of the surveyed studies have used
particle-based simulators such as Field II [127] and SIMUS [131], which are based on stronger

prior assumptions of linearity, weak scattering and the homogeneity of the medium.

Adding non-linear effect to capture the full response of microbubbles [141] would allow the
application of deep learning methods to process ULM data relying on the non-linear response
of microbubbles [142] and increase the realism of simulation of transducers with lower central
frequencies. Transducers with central frequencies of 10 MHz and above often have a band-
width that captures only the fundamental response of microbubbles, which can be modeled
with linear simulators. In contrast, lower frequency transducers, such as those used in clinical
settings, often capture the non-linear response of microbubbles, allowing for sub-harmonic or
harmonic imaging applications but requiring more sophisticated models [141]. Inspired by
the combination of k-wave and the Marmottant model of microbubble response by Brown
et al. [71], Lerendegui et al. [137] proposed integrating the non-linear microbubble response
into a linear simulator, Field II, using a two-step process. First, BuFF [137] uses Field II to
estimate the pressure at the microbubble position. The microbubble response is then derived
using the Rayleigh—Plesset equation from the Marmottant model [141]. Finally, this response
is used to compute the signal received by the transducer using Field II. This approach allows
for fast computation using a widely available simulator while modeling the full response of
the microbubble. In addition to modelling the full response of microbubbles [141], Blanken et
al. [125] proposed to also account for the non-linear propagation of ultrasound [143]. Blanken
et al. also showed that localization performance degraded when using a polydisperse distri-
bution of microbubbles, suggesting a more challenging learning problem. Additionally, the
non-linear response of microbubbles varies with their parameters (size, coating, manufac-
turers) [144, 145], making it difficult to accurately model the large diversity of microbubble
responses. Accurately modeling p(z|y) for non-linear imaging remains a significant challenge

for the application of deep learning approaches in non-linear ULM.

Adding to the diversity of simulators, different noise distributions have been used. For
example, some approaches have employed white noise on B-mode or radiofrequency (RF)
data with varying SNR [46, 126, 130, 135], or Rice distribution on B-mode, which is more
specific to ultrasound data [2]. Aiming to produce realistic noise, Xing et al. [69] used the
SIMUS simulator to generate speckle noise from a dense distribution of scatterers. This

approach is computationally intensive but provides convincing results in vivo (see fig. 3.3).

Despite the availability of many simulators, determining which one is best suited for specific
needs remains unclear. Empirical comparison between simulators and noise distributions is

a challenging task. Their effects are intertwined and entangled with other factors such as
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model performance and the choice of prior, and require comprehensive evaluation of their
impact on the in vivo performance of the models. This is essential before creating large-scale
datasets that meet most of the needs of existing studies, thereby enabling better reusability

and a wider scope of applications.

3.3.4 Learning using in vivo data

In this section, we review how existing approaches have been able to learn directly from in
vivo data, even in the absence of ground truth for microbubble positions [2,119,133]. This

ensures that the training and test sets are i.i.d., leading to improved in vivo performance [2].

PSF deconvolution is an image processing technique, which, when applied to conventional
ULM, jointly estimates the PSF and the position of isolated scatterers [146]. PSF deconvo-
lution algorithm estimates the scatterer distribution that produces the original signal when
convolved with the estimated PSF. This distribution is constrained with a sparse prior and
is estimated alternately with the PSF. In practice, blind deconvolution can distinguish scat-
terers only if they are separated by more than one FWHM of the local PSF [146]. Improving
on this method, Zhang et al. proposed training two networks concurrently to estimate the
PSF and the scatterer distribution [119]. When including regularization and constraints, this
approach can be trained directly on in vivo data and account for PSF variability through the
trained model. Li et al. [147] proposed a similar approach, leveraging self-supervised learning
on ex vivo CAM dataset. Shin et al. [2] proposed LOcalization with Context Awareness ULM
(LOCA-ULM) that uses Generative Adversarial Networks (GANs) to learn the distribution
of in vivo PSFs. PSFs can be extracted from in vivo datasets using conventional ULM, and a
generative model is trained to mimic these extracted PSFs while another model discriminates
the generated PSFs from the real ones, providing a loss to train the generative model. By
modeling p(z|y) in the neighborhood of microbubbles from in vivo data, LOCA-ULM reduces
the domain shift between the training distribution and the target distribution. A potential
caveat identified by the authors is that, when extracting the PSF from in vivo data with
conventional ULM, the localization errors on microbubble positions may propagate into the
training dataset, which might inherently limit the localization accuracy of LOCA-ULM [2].
Lok et al. [134] have also used labels from conventional ULM to generate realistic datasets,

which were acquired in vitro in water tank or in vivo in CAM datasets or from patient liver.

Leveraging both the precision of physics-based simulators (i.e., exact match between the
microbubble position and the simulated echo) and the availability of in vivo data has been
explored by Yu et al. [133]. They proposed a method aiming to accelerate an existing block
matching algorithm for denoising of ULM data before localization [148]. With a few in vivo
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samples labeled with the block matching algorithm and many labeled in silico samples, Yu
et al. proposed using Domain Specific Projection (DSP) to enable supervised learning while
accounting for domain variation, and self-supervised learning to leverage the numerous unla-
beled in vivo samples. The requirement for labeled in vivo data limits the direct transfer of
this method from denoising to localization, but it paves the way for other domain adaptation

or domain generalization approaches in ULM.

3.4 Deep learning in ULM processing stages

Deep learning has been utilized at various stages of the processing pipeline that forms ULM
images from ultrasound signals. This section is motivated by the diverse applications of
these approaches, and illustrates the range of opportunities and formulations that can be
employed. We examine each approach in relation to the corresponding steps in the ULM
pipeline presented in Section 3.2, identifying which conventional limitations are addressed.
This provides a framework for evaluating proposed deep learning methods independently of
their application stage. We classify existing applications into one or several processing steps
of the ULM pipeline and summarized this view in Fig 3.2. Additionally, we discuss steps such
as aberration correction and denoising, which may enhance image quality when incorporated
into the ULM pipeline.

3.4.1 Aberration correction

Ultrasound applications in brain imaging are hindered by the presence of the skull, which
creates aberrations of the ultrasound wavefront. ULM is similarly affected by aberrations
that may, e.g., impede microbubble detection, degrade the PSF, or even cause vessel duplica-
tions. Aberration correction has been extensively studied in the ultrasound literature [150].
Existing approaches often utilize speckle brightness [151], measurements cross-correlation
from neighboring transducer elements [152], or iterative time reversal [153,154] to estimate
phase differences. Specific methods for plane wave imaging have also been proposed and
leveraging the possibility of correcting transmission aberration in postprocessing by, e.g., co-
herently compounding a large number of angled plane waves [155-157]. Deep learning-based
approaches have also been developed [158-161], though they are not exclusively limited to
ULM.

For pre-clinical studies using ULM, the skull is often thinned or removed to create an imaging
window for ultrasound imaging [13,34]. In small animals, such as young rodents, direct imag-

ing through the skull is possible because its impact on imaging quality is minimal [31,36,162].
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Figure 3.2 Overview of ULM processing and simulation pipeline, and the existing deep learn-
ing approaches. Dashed lines represent imperfect correspondence with pipeline steps, full
lines represent perfect replacement of one or more steps. We note that some pipeline stages
can be performed in different orders: such as the beamforming and the clutter filtering [118]
or the tracking and localization [74]. A: Blanken et al. localize directly the microbub-
ble in on RF data in channel/fast-time space (i.e., the space where the data lies before
beamforming with dimension for the elements of the transducer, the transmits, and the
fast-time), beamforming is needed after localization [125]. B: Xing et al. correct for aber-
ration based on In-Phase/Quadrature (IQ) data [69]. C: Youn et al., and Hahne et al. use
Singular Value Decomposition (SVD) clutter filter and localize the microbubble on 1Q in
channel/fast-time space [47,118]. D: Yu et al. enhance the Signal-to-Noise Ratio (SNR)
denoising post SVD filtering [133]. E: The localization step has been investigated by several
studies [2,44,46,119,120,126,129,130,132]. F: Milecki et al. [45] and Lok et al. [134] proposed
approaches that temporally project the localization and detect trajectory in spatio-temporal
domain, which merges localization and tracking step. G: Chen et al. proposed Deep-SMV
that directly estimate the velocity map skipping localization, tracking, and accumulation
steps [75]. H: Zhang et al. [149] introduced a Gated Recurrent Unit based Multitasking Tem-
poral Neural Network (GRU-MT) to solve the assignment problem to form microbubbles
trajectories from detected positions.

To simplify the experimental set-ups of pre-clinical studies and allow for clinical applications,
recent works have focused on correcting aberrations specifically for ULM [86, 163,164]. By
leveraging the theoretical RF echoes of isolated microbubbles, these methods estimate a phase
aberration function using either iterative estimation and virtual focusing [163] or by solving

the inverse problem of the imaging process [164].
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Similarly, leveraging individual microbubble echoes, the use of complex-valued neural net-
works (CVNN) has been proposed to estimate the phase aberration function based on mi-
crobubble 1Q signals [69]. After detecting microbubbles using a standard ULM pipeline, the
IQ signal near the microbubbles is isolated and realigned to serve as input to a CVNN, which
predicts the aberration function for this region. As shown in Fig. 3.3, this approach demon-
strates convincing in vivo results in older mice (6 months), outperforming coherence-based
correction approaches, especially in the presence of a larger number of microbubbles. These
results suggest that utilizing CVNN alongside complex-valued 1Q) data, are relevant for ac-
curately modeling phase relations, and also contributes to the increased robustness to high

microbubbles concentrations, exhibited by deep learning localization approaches [45,126].

3.4.2 Beamforming

While initial ULM proof-of-concepts detected microbubble echoes in channel/fast-time space
prior to beamforming [15, 16, 166], more recent ULM studies performed beamforming, typ-
ically using the delay-and-sum (DAS) algorithm [70], before microbubble localization [67].
Recent efforts in developing deep learning approaches for microbubble localization have fo-
cused on utilizing the full information from either uncompressed RF data or complex-valued
IQ data [45,47,118,125,126]. To do so, some studies used the signal in channel/fast-time
space and performed localization either in this space [125] or directly in the image space
with specific projection layers [47,118]. Since only the signal corresponding to microbub-
ble positions needs to be projected into spatial coordinates, the beamforming operation can
be simplified [118], which can save processing time and limit beamforming issues like grid

artifacts.

Youn et al. [47] argued that overlapping PSFs caused by high scatterer density induce a loss
of information. To alleviate this issue, they used a Convolutional Neural Network (CNN)
that directly processes RF data from every channel and every transmit to predict scatterer
positions in the beamformed space. To stabilize training by reducing output map sparsity,
they introduced a confidence map prediction, from which the exact positions of scatterers
can be extracted in a second step. This CNN integrates both localization and beamforming
operations and includes absolute positional embedding layers, specifically CoordConv [167],
which add channels encoding the pixel absolute positions in the image. This model ap-
proach was validated in silico and in vitro, and could resolve overlapping PSFs with better

performance than conventional ULM.

Driven by a similar motivation to utilize the entire RF information, Blanken et al. proposed

using a 1D CNN to recover the time of arrival of microbubble echoes in RF data from a
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Figure 3.3 A: In silico results from [47] ©2020, IEEE. B-mode image and local maxima detec-
tion compared with the confidence map from the deep learning model [47]. B : Illustration of
results obtained with deep learning based aberration correction from [69]. In vivo imaging on
6 months old mouse through intact skull and skin showing improved vascular reconstruction
with the deep learning based approach using a CVNN in comparison without aberration cor-
rection or with coherence based correction adapted from [152]. White arrows are pointing
to disconnected or duplicated vessels that are corrected using the CVNN correction. ©2024,
IEEE C: Example of clutter filtering using deep learning of a CEUS acquisition of a rat brain
vasculature from [43]. The Deep unfolded model-based method, CORONA (c) from [43] is
compared with SVD clutter filter [72] (a), the model based approach, FISTA [165], (b),6th
order Butterworth filter (d and e), and a ResNet [40] trained to perform clutter removal.
Color bar is in dB. Reused with the authorization of the authors ©2020, IEEE
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single channel [125]. Microbubble responses and acoustic wave propagation are not assumed
to be linear. The network was trained on the full response of monodisperse microbubbles,
making it suitable for lower frequency setups. This approach performs the deconvolution of
the RF signal, which yields a super-resolved image after DAS beamforming. Evaluating the
importance of modeling the nonlinear response of microbubbles is crucial for clinical applica-
tions, which typically use lower frequencies than small animal studies. As highlighted by the
authors [125], applying a 2D end-to-end approach (i.e., using all RF channels and producing
an output in beamformed space) is both promising and essential for further applications but

poses complexity issues during training.

Building on these approaches, Hahne et al. [118] recently proposed a method performed in
channel/fast-time space and successfully applied it in vivo, surpassing conventional ULM and
B-mode-based deep learning ULM. Their model utilized complex-valued 1(Q) data, with the
real and imaginary parts represented in the channel dimension, whereas previous approaches
used uncompressed real-valued RF data. To perform localization in channel/fast-time space
on in vivo data, Hahne et al. applied clutter filtering on RF data and used an affine projection
model to map ground truth from image space to channel/fast-time space for network training
and invert this projection to recover predictions in image space. This affine transformation
replaces the beamforming operation while fully leveraging the sparsity of the localization
prediction. Finally, this approach demonstrates increased robustness to the domain shift

between training simulations and in vivo predictions [118].

3.4.3 Clutter filtering and denoising

To detect microbubbles, various strategies have been explored to remove tissue clutter, in-
cluding non-linear imaging [30,142,168,169] and post-processing filtering [72]. In ULM, SVD
clutter filtering [72] is widely used to remove tissue clutter due to its simplicity and efficiency.
Alternative filtering methods such as high-pass filtering [22,76] and mean removal [170] have
also been applied, either complementing or replacing the SVD filter. Several approaches have
been proposed to enhance the SVD clutter filtering step using deep learning, primarily to
address computation time issues [43,48,171]. Among these, Solomon et al. [43] proposed
using Robust Principal Component Analysis (RPCA) instead of SVD to leverage the spatial
sparsity of microbubbles alongside spatio-temporal information. To mitigate computation
time issues, they employed deep learning to enhance the convergence rate of the iterative

algorithm used for RPCA decomposition.

In practice, clutter filtering algorithms can be sufficient to perform ULM in murine brain

imaging. However, in less ideal conditions (e.g., deeper field of view, thicker skull), the
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lower SNR of microbubble echoes hinders both the localization and tracking processes. To
facilitate application on larger animal models or clinical translation, studies have investigated
the impact of adding a denoising step after clutter removal. Model-based approaches have
used non-local means filtering [172] or block matching [148] to improve SNR after clutter
removal. Being based on the assumptions of microbubble sparsity, these approaches are
specific to CEUS and ULM. Yu et al. [133] proposed a data-driven approach to learn the
denoising step performed by block matching [148] from in silico and in vivo data. This
approach uses a domain adaptation method, namely Domain Specific Projection from [173],
to adapt the representation learned by the network to the training domain in silico and the
testing domain in vivo. The training set comprises in silico labeled data, and a large amount
of in vivo data, with only a limited number labeled with only a limited number labeled
with the predictions of the block matching denoising algorithm. Semi-supervised learning
leverages the unlabeled in vivo data to enhance the model’s performance. This approach
improves the processing time for the denoising step, making it more usable and enhancing

the downstream ULM image quality.

3.4.4 Localization

After beamforming and filtering, conventional ULM often performs a simple detection step
based on local maxima of intensity [35], SNR [36], or local correlation with the PSF [24,
45,172]. After detecting local maxima, sub-resolution localization aims to determine the
precise position of microbubbles within small regions of interest centered on the local maxima.
This process relies on the assumption of having a single, isolated scatterer in the region
of interest and can be performed with radial symmetry or Gaussian fitting, among other
methods [67]. When microbubble trajectories get closer or cross, causing their PSFs to
overlap, this assumption no longer holds, leading to missed detections or increased localization
errors. This effect can be mitigated by injecting a lower concentration of microbubbles, but
this increases the acquisition time, limiting the application and translation of ULM to clinical
settings [32]. Deep learning approaches have been proposed to address the issue of overlapping
PSFs and to allow for higher microbubble concentrations and reduced acquisition times. By
learning more complex patterns in simulations or by adding temporal context to localization,
deep learning methods have enabled increased microbubble concentrations both in silico and
in vivo [2,45]. Numerous approaches have been proposed, and a more focused and exhaustive

review is provided in 3.5.
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3.4.5 Tracking

Tracking algorithms are commonly used to remove microbubble detections that cannot be
tracked across several frames. Additionally, they can identify microbubbles over multiple
frames and allow for track interpolation to compensate for high velocity or missed detections.
The tracking step is often performed using the Hungarian or nearest neighbor algorithms
and may incorporate Kalman filtering to refine the assignment solution [25,28, 174, 175].
Deep learning improved Kalman filter [176] has been applied jointly with the Hungarian
algorithm [50,177], but designing deep learning alternatives to conventional assignment algo-
rithm remains challenging. Tracking can be computationally intensive, and commonly used
algorithms struggle with high concentration areas and microbubbles of variable velocities.
The combined use of temporal context, uncertainty in localization, and trajectory dynamics
is difficult to model, making it an attractive application case for data-driven approaches.
Recently, Zhang et al. [149] have proposed an approach that solves the assignment prob-
lem and improves the position estimation based on a Gated Recurrent Unit [178] and using
the positions predicted in the 4 preceding frames. The position estimations and predicted
trajectories are merged in post-processing, allowing to recover full length trajectories. Sui
et al. [179] proposed to use GANs to perform the tracking step from localization maps.
Some approaches have merged localization and tracking to directly predict more downstream
results. Milecki et al. [45] proposed Deep-stULM, an architecture incorporating temporal
context through 3D convolution. This method outputs the projection of all microbubble
positions for a short period, allowing the CNN to learn temporal information and distin-
guish neighboring microbubbles based on their trajectories. Similar output formulation has
been used while encoding temporal information within channel dimensions [134]. These ap-
proaches were able to reconstruct high quality density maps in vivo using high microbubble
concentration [45,134]. To extend these applications to velocity estimation, Chen et al. [75]
proposed Deep-SMV, a Long Short-Term Memory (LSTM) based approach that directly
outputs velocity maps. Incorporating the tracking step in Deep-SMV is particularly relevant

when estimating velocity maps, as errors in tracking can significantly impact velocity values.

3.5 A focus on microbubble localization

Given the large diversity of methods tackling the localization stage in the ULM pipeline,
this section provides a more thorough focus on deep learning methods for localization. Some
examples of in vivo application on various animal models and organs are displayed in Fig.
3.4. With an increasing number of studies targeting performance improvements rather than

new applications, evaluating and comparing these approaches is becoming more critical. We
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aim to provide insights on this topic and review how current approaches differ in terms of

evaluation, formalism, and architectures.

3.5.1 Evaluation

Performance evaluation of localization algorithms, whether deep learning-based or not, is
crucial for comparison and further improvements in ULM. The ULTRA-SR challenge [50]
received 38 submissions and enabled fair comparisons of several state-of-the-art approaches.
Submitted approaches were evaluated on both in silico test sets and in vivo data, with the
latter assessed by an expert panel. The datasets used for evaluation were simulated using
BUFF [137]. Heiles et al. also proposed a benchmark to evaluate localization methods [67]
both in vivo and in silico. In wvivo evaluation is performed with objective metrics such
as gridding or saturation, which can be measured when evaluating new methods in future
studies. RF data were also made available [183], allowing the comparisons of methods that
utilize the full RF information in channel /fast-time space [47,118,125] or in image space [45,
126]. This benchmark has been used in recent studies [74,118,184].

When evaluating deep learning methods, the choice of training simulation parameters, such
as dataset size, prior distribution, and simulation model, can greatly influence a model’s
performance. Thus, proposing fair evaluations for deep learning methods also requires a
companion training set. Using a test set sampled from the same distribution as the training
set allows for i.i.d. evaluation, providing a fair quantification of the model’s expressive
power. The generalization ability of deep learning methods also needs to be evaluated on
out-of-distribution examples, such as in vivo datasets and in silico data sampled from a
different prior distribution or using a different simulation model. Since replicating deep
learning baselines requires the original training dataset, method implementation, and careful
hyperparameter tuning, benchmarks are important to avoid costly baseline comparisons. In
this section, we review how existing deep learning localization methods have been evaluated

in the absence of such deep learning-specific benchmarks.

In silico evaluation

Many studies have performed evaluations on in silico datasets, as such test datasets are
easily obtained when the simulation process is already implemented for the training set
generation. Since the simulation process is based on known microbubble positions, it allows
for an evaluation that penalizes false positives and precisely measures localization error.
In practice, in silico evaluation can focus on two aspects: ii.d. evaluation and out-of-

distribution evaluation.
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Figure 3.4 Tlustration of in vivo results in 2D from different deep learning localization ap-
proach in various organ and animal models (A, B, C, and D) and in silico results in 3D
from [1] (E). A: Rat spinal cord processed with Deep ULM [44] compared to Maximum In-
tensity Persitence (MIP) image from [44] ©2020, IEEE. Acquisition performed with a frame
rate of 400Hz and a transmit frequency of 15MHz. The black horizontal lines on the intensity
profile indicate full width half maximum and measure respectively 21x m, 194 m, and 20 m
for profiles 1, 2, and 3. B: Rat Kidney from [46] ©2020, IEEE. Acquisition with a frame rate
of 400Hz and a transmit frequency of 15.625MHz processed mSPCN-ULM [46], mUnet-ULM
adapted from [42], mDensenet-ULM adapted from [180], and CS-ULM [181]. C: Chicken em-
bryo CAM image from [126]. Acquisition made with a frame rate of 1000Hz and a transmit
frequency of 20MHz and processed with DL-ENV, DL-Rf and optical reference from [126]
compared with Fourier based microbubble separation from [182] and conventional ULM. D:
Rat brain image from [118] ©2024, IEEE. Data from PALA [67] processed with SG-SPCN
with and without Non-Maximum Suppression (NMS) on B-mode or IQ in channel/fast-time
space [118] and compared with U-Net from [44] and Radial Symmetry [67] on B-mode. E:
In silico comparison in 3D for conventional ULM (center) and sparse tensor neural network
(right) with ground truth (left) from [1].
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Model evaluation on i.i.d. datasets is particularly relevant for studies proposing new architec-
tures, as it allows for comparing the representational power against pre-existing deep learning
methods. For example, this approach has been used to show that transformer blocks could

improve the model expressive power [129] or to quantify the impact of using Sparse Tensor

Neural Networks in ULM [1].

By changing the simulation parameters, several studies have explored the robustness of their
proposed models on specific out-of-domain generalizations, such as increased noise [119,125],
aberrations [2], and high microbubble concentration [45,119,185]. A key benefit of using deep
learning models for localization is their robustness in high-concentration scenarios. Conse-
quently, several studies have evaluated the robustness of their methods under increasing

concentrations and compared them to conventional localization techniques [45,119,185].

In silico evaluations often employ pre-existing metrics to measure the precision and recall
of the models [46]. To measure localization precision, distance-based metrics such as Root
Mean Squared Error (RMSE) can be used for detected localizations [46]. These are standard
evaluation metrics also found in PALA and ULTRA-SR benchmarks [50,67]. More aggregated
metrics, such as the Jaccard index or the Dice coefficient, have also been proposed to evaluate

the overlap between a ground truth angiogram and its estimation from the model [45].

In vivo evaluation

Even though deep learning approaches for ULM can be trained and evaluated on in silico
datasets, their targeted application is to perform well on in vivo datasets, which, in that
case, corresponds to out-of-domain generalization. Microbubble ground truth positions are
not available for in vivo datasets, making the evaluation of in vivo performance challenging.
This inherent limitation in ULM evaluation can be mitigated by using anatomic validation
with other modalities [2,75,126], qualitative image assessments [45], or evaluation metrics
that do not require ground truth, such as Fourier Ring Correlation (FRC) [76] or full-width

half maximum on arbitrarily selected regions.

The first deep learning approaches for microbubble localization were evaluated in vivo and
compared against conventional ULM using full-width-half maxima [44-46, 75, 130]. These
comparisons provide convincing proof of feasibility and out-of-domain generalization of the

proposed methods.

To improve robustness and replicability, more recent approaches have used FRC [76] to
evaluate the resolution of deep learning methods in vivo [2]. FRC measures spatial resolution

without depending on selecting specific blood vessels, which improves reproducibility and
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robustness. Additionally, Shin et al. correlated the number of detections with Power Doppler

intensity to evaluate microbubble detection power [2].

To provide evaluations against anatomical ground truth, Song and collaborators have used ex-
ovo Chicken Embryo CAM and optical imaging to obtain a ground truth of the vasculature [2,
75,126]. Measuring the overlap between the vascular network estimated by the model and
that imaged by optical microscopy provides an evaluation method that is robust to false
detections or vessel duplicates due to aberrations. Validation using Magnetic Resonance
Imaging (MRI) or computed Tomography (CT) in sheep brain, human brain, and heart has
been performed by conventional ULM studies [30,31,170]. Such validation could be of interest
for deep learning as a more challenging evaluation in presence of aberration, reverberation
and strong attenuation. It has been reported that registration can be challenging for such
validation [23].

Future directions

Due to their relatively recent introduction, existing deep learning-based approaches have
focused on identifying the potential benefits of using deep learning for localization or on
demonstrating feasibility in vivo. These kinds of contribution are extremely valuable as ULM
is gradually applied to more complex imaging challenges, and the ability of deep learning
approaches to enhance ULM localization in such setups remains an open question. Improving
existing ULM applications is equally important and requires fair and repeatable evaluation
procedures. Evaluation on publicly available datasets [67], with reproducible metrics [76],
facilitates the comparison with conventional ULM, existing deep learning methods, and fu-
ture approaches. Since such comparisons also depend on the training dataset used, it is
important to distinguish the impact of a new simulation framework from using a new model
architecture. Models can be evaluated with a given training set and evaluation set, as is done
in other fields, but this requires publicly accessible benchmarks with a companion training
set. Such benchmarks should compare models in the case of i.i.d distribution as well as in
silico and in vivo out-of-domain generalization to independently evaluate expressive power
and generalization ability. In silico comparison with conventional techniques, which do not
benefit from small distances between the training and test distributions, requires realistic
noise levels and precautions to avoid test set contamination, ensuring unbiased evaluation in
favor of data-driven approaches. The evaluation of the intrinsic quality of training datasets

in ULM remains an open question and could be an impactful research direction.



43

3.5.2 Training formulation

In the literature, the localization task in ULM has been formulated as an optimization prob-
lem in various forms to train models. The choice of input and output representations directly
influences the design of loss functions, which are crucial for model performance and robust-
ness. This section details existing formulations, focusing on how they differ in terms of
ultrasound representation, temporal context size, and output formats, along with the impli-

cations for the loss function.

Ultrasound representation

Many approaches directly use B-mode images [42,46, 75,126,129, 186]. RF data can also
be used either before [125] or after beamforming [126] as they allow leveraging the full RF
information, which contains both the B-mode and the phase information. Chen et al. demon-
strated that using the full RF data rather than B-mode images, with adequate spatial sam-
pling, is beneficial [126].

To benefit from lossless 1Q compression and reduce computation cost, some approaches [45,
118] use the complex valued I1Q data, with the real and imaginary parts integrated as channel
data within real valued neural networks both prior to and post beamforming. Complex
Valued Neural Networks (CVNN) [187], leveraging complex arithmetic and complex model
parameters, can also be used to process the complex-valued IQ data in ultrasound image

reconstruction [188] or for aberration correction in ULM data [69].

Temporal context

In addition to ultrasound data representation format, localization deep learning methods also
differ in the input temporal context size. Most localization deep learning approaches in ULM
process frames independently and output a map of pixels containing microbubbles [44, 46].
Relying on temporal context to enhance detection, some methods consider multiple frames si-
multaneously, raising challenges in input handling and output formulation. Deep-stULM [45],
for instance, used a 3D spatio-temporal CNN to process 512 frames, outputting a tempo-
ral projection of microbubble positions. Lok et al. [134] encoded temporal information in
the channel dimension with a smaller context size, reducing memory constraints. Gu et
al. proposed predicting accumulated ULM images directly from averages of 20 B-mode im-
ages, bypassing localization maps [128]. To provide further information, Deep-SMV [75] used
16-frame temporal context and sequence modelling, specifically Long Short Term Memory

(LSTM) [189] to predict velocity maps. Lee et al. proposed to use optical flow estimation
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to represent temporal context [190]. Shin et al. proposed LOCA-ULM inspired by Single
Molecule Localization Microscopy (SMLM) architecture [191] to incorporate temporal con-
text from adjacent frames for improved localization in single frame [2]. Using a U-net to
process three frames independently, and then aggregating features in another U-net, their
approach predicts microbubble positions in the center frame. Obtaining microbubble po-
sitions for each frame can facilitate integration into ULM pipeline and future applications.
LOCA-ULM effectively incorporates adjacent frame information, replacing the conventional
localization step, though it has been applied to only small context sizes (3 frames). Recently,
Pustovalov et al. [132] also proposed an architecture inspired by DECODE [191], which uses

3D convolutions to incorporate the temporal context.

Loss formulation and output format

Intrinsically linked to the output format, the loss function formulation, or training objective,
is key to the performance and robustness of deep learning approaches. Most localization
methods encode the microbubble presence probability for each pixel of a grid that typically
matches the desired ULM image resolution. Consequently, microbubble positions in these
high-resolution localization maps are very sparse, and training with naive loss functions often

leads to predicting zeroed outputs [44,45].

To improve training stability, van Sloun et al. proposed convolving the output maps with
a Gaussian kernel to obtain soft labels, while constraining the solution with a L; sparse
prior [44]. Similarly, Liu et al. applied the convolution kernel to both the network output
and the labels [46]. Reducing the Gaussian kernel’s standard deviation during training can
also promote sparser predictions [118], allowing for the use of simple Ly-based loss functions,
such as Mean Squared Error. Incorporating more complex loss functions based on SSIM [126]
or focal loss [130] can smooth the loss function and improve training stability. Inspired by
medical image segmentation [192], some works have used the dice coefficient either alone [45]
or in combination with L; applied to soft labels [125]. While the dice coefficient automatically
accounts for class imbalance, it is not continuous with respect to spatial translation, which
can reduce training stability. Zhao et al. [193] leveraged Wasserstein GANs [194] to improve
their loss formulation and enhance localization performance. Shin et al. [195] recently used
a loss function based on the total count of microbubbles and the prediction likelihood under
a probability density derived from the labels through a Gaussian Mixture Model. Originally
developed for SMLM [191], this loss function is also adapted for sub-pixel localization, re-
ducing the impact of the output grid resolution and making it highly relevant for localization

tasks. It requires changing the output format from a probability localization grid to a multi-
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channel output that encodes not only the probability of the presence of a microbubble, but
also its relative position with respect to the center of the pixel. Changing the output to a
denser format, such as velocity maps [75] or non-overlapping Gaussian confidence maps [47],
also reduces training instability and permits the use of simpler loss functions. Alternative

approaches using object detection formulations have also been proposed [196,197].

3.5.3 Architectures

Due to the significant diversity in problem formulations for localization tasks, deep learning
approaches tackling this challenge often have distinct architectures. Some components or
properties are shared among these architectures, and in certain cases, their specificity is
limited to a few layers. Many localization methods use CNNs with an encoder-decoder
structure [44-46,126,134], but typically differ in their modeling of the upsampling techniques
used to achieve super resolution or the building blocks used for feature encoding. In this
section, we review the different building blocks employed in these architectures. We also
explore the architectural specificities of approaches operating in the channel/fast-time space.
Given that most of these architectures are limited to 2D imaging, we review the few studies

that focus on scalability to 3D imaging.

Upsampling, super-resolution and grid artifact

Since most existing architectures use encoder-decoder architectures, upsampling is required
to project low-resolution encoded representation back to the original input resolution. Fur-
thermore, in sub-resolution localization, the output is often projected at a finer resolution
than the input, necessitating additional upsampling. Upsampling operations are also com-
mon in natural image super-resolution architectures and have been known for leading to
checkerboard artifacts [198], resulting in gridding in the ULM image. Upsampling has been
done using methods such as nearest neighbor upsampling [45] or transposed convolution [42].
A more efficient approach is to use sub-pixel convolution [199], which has been applied for
localization in ULM [46]. Sub-pixel convolution is empirically more robust to checkerboard

artifacts and is computationally more efficient.

It is also possible to reduce the number of upsampling layers required with an improved
output format, as done in the DECODE architecture [2,191], which allows for sub-pixel
resolution with limited dependence on the grid. However, grid artifacts can still occur in
high-concentration areas [191] but can be mitigated by interpolating the model’s input [2].
Performing the localization in channel/fast-time space can also be key in eliminating grid
artifacts [118].
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Architecture in channel/fast-time space

Performing localization prior to beamforming presents additional technical challenges in
terms of architectures. Unlike post beamforming localization, where the microbubble echo is
spatially limited, the echo originating from a single microbubble in channel/fast-time space
reaches many or all of the elements of the transducer at different times. Depending on the
temporal sampling and the use of RF data rather than IQ, the receptive field required to
encode a microbubble echo with a single element can already span up to 125 grid points [125].
When information from several elements is considered, the receptive field needs to be further

increased to account for the time differences depending on the field of view.

To increase the receptive field of their networks, Youn et al. used an encoder-decoder struc-
ture with additional downsampling blocks [47]. Alternatively, Blanken et al. utilized dilated
convolutions [125]. Hahne et al. proposed adding a semi-global bottleneck block to ensure
a sufficiently large receptive field [118]. These methods can also handle the beamforming
operation, which can be done implicitly through position embedding [47] or with a learned

projection of the detection [118].

Attention-based architecture

Inspired by recent advances in NLP and vision from attention-based architectures and trans-
formers, transformer-based models have been applied to the ULM localization task [117,120,
129, 135, 197, 200, 200-203]. For example, Liu et al. proposed SR-MT (Super-Resolution
Modified Transformer) [135], based on the Swin transformer block [204], which employs
shifted windows to improve the efficiency of attention computation and allows for modeling
at various scales through its hierarchical architecture. Similarly, Luan et al. [130] leveraged
attention mechanisms to enhance the representational power of localization models, address-
ing concerns about the efficiency and scaling complexity of self-attention. They proposed
a cascade-axial-attention (CAA) block to capture global context with reduced complexity.
Gharamaleki et al. [197] modified the problem formulation to an end-to-end object detec-
tion framework and applied DEtection TRansformers (DETR) [205]. To address inherent
limitations of DETR in small object detection, Gharamaleki et al. [201] also proposed using
Deformable DETR [206] within a similar framework. Transformer-based architectures have
also been used to improve ULM reconstruction from averaged B-mode images [117], show-
ing improvements both in silico and in vivo compared to previously introduced GAN-based
methods [128]. Zhang et al. [120] have also incorporated Transformer Self Attention into a
modified U-net architecture, called ULM-TransUNet. ULM-TransUNet outperformed con-

ventional ULM and other deep learning ULM approaches based on U-net or transformers in



47
several settings, including at high concentration in vivo.

Scaling to 3D imaging

ULM and Dynamic ULM (DULM) have been extended to 3D imaging [25,35,36,207] to offer a
better understanding of vascular anatomy and function, as well as to reduce user-dependence
on measurements due to the choice of the imaging plane. 3D imaging is particularly chal-
lenging due to the associated computational cost of an additional dimension, which is even
more problematic for DULM as the temporal dimension needs to be preserved. This com-
putational cost has significantly hindered the application of deep learning approaches to 3D
ULM, as both training and inference can become problematic. Some solutions have been
proposed [1,208]. Piepenbrock et al. proposed using a 3D CNN to perform localization and
process each volume independently [208]. Rauby et al. [1] used Sparse Tensor Neural Net-
works [209] and tensor pruning based on intermediate predictions to improve the scalability
of CNN-based architectures for ULM by leveraging temporal context and high-resolution

projection grids. In silico results are displayed in Figure 3.4.

A Conventional Localization LOCA-ULM
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Figure 3.5 Functional ULM (fULM) comparison between conventional localization and
LOCA-ULM from [2] showing the improved microbubble detection ability of LOCA-ULM,
allowing to reduce the required number of stimulation cycles. Reused with the authorization
of the authors

3.6 Perspectives

In this section, we detail current limitations either partly or not addressed by existing ap-
proaches and that we find to be critical for future improvements of deep learning in ULM.

Improvements in deep learning in ULM also requires better evaluation and comparison to
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established baseline on widely accepted dataset. We explore the prerequisite for such evalu-

ations.

3.6.1 Limitations and future challenges
Improving deep learning approaches

After forming tracks by pairing localizations across frames, conventional ULM approaches
further leverage microbubble trajectory information. These trajectories can be used to com-
pute clinically relevant statistics at trajectory level. For example, the Sum Of Angles Metric
(SOAM) is computed directly on each trajectory and has been used to estimate vascular tor-
tuosity in the mouse brain, showing significant differences between young and aged mice [20].
Sensing ULM (sULM) utilized trajectories metrics such as normalized distance, remanence
and dispersity [22,23] to identify microbubbles travelling in glomeruli. Trajectories can also
be used to estimate blood flow pulsatility [210] which has been link to AD and cognitive de-
cline [211-214]. In addition to its clinical relevance, using prior assumptions on microbubble
trajectories can improve position estimates and filter out detections based on track length
or global displacement. Inverting the tracking and localization steps, to better leverage the
temporal context and continuity prior of trajectory, has also been shown to improve local-
ization performance [74]. Despite the importance of microbubble trajectories in conventional
ULM, current deep learning approaches do not fully utilize such prior information. They
either perform single-frame localization with tracking as a post-processing step or estimate
temporal projections of tracks [45,134], which prevents downstream utilization of the tracks.
Formulating tracks as deep learning model outputs and developing a differentiable loss to
enable end-to-end learning of trajectory-level predictions is currently an open problem in
ULM. Such formulations would allow for the joint estimation of sub-pixel localizations and
tracking across several frames, using temporal context to disambiguate spatial measurement

uncertainty and vice versa.

Current deep learning approaches have mostly focused on 2D imaging, which heavily depends
on the selection of the imaging plane for reproducibility. 2D imaging is inherently limited for
velocity measurements due to planar projection of trajectories and is sensitive to tissue motion
caused by out-of-plane displacements. Extending existing architectures to 3D imaging poses
challenges in terms of memory usage and computational cost required for model training
and inference. Dataset construction is also more challenging in 3D due to the increased
computational and storage demands. Some solutions have been proposed to reduce these
computations by leveraging the sparsity of microbubble trajectories [1], but they have not

yet been applied in vivo.
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Evaluation and Benchmarking

With the growing number of deep learning methods for the processing of ULM, standard
methods to fairly compare deep learning approach become more and more critical for the
community. Akin to previous comparison efforts between ULM methods [50,67], a widely
adopted benchmark would benefit the community given that it addresses the limitations of
existing works. More explicitly, we believe that such a benchmark have to fulfill several
desiderata:

— Determined training set, in order to disentangle improvements in model archi-
tecture or problem formulation from improvement in simulation procedure or im-
pact of dataset size. This training set can contain equivalent signal in various forms
(IQ/RF/B-mode) to allow for flexibility in input representation as well as improve-
ment in several steps of the ULM pipeline. It also needs to be large enough to allow
for discrimination of representation power with limited risk overfitting. Finally, the
simulation process needs to be realistic enough to limit domain shift when transferring
to in vivo application.

— Diverse evaluation datasets on several in vivo applications (organs, experimental
set-up, animal model) but also in silico to evaluate localization error on several var-
ious microbubbles velocities, unseen trajectory pattern. PALA benchmark [67] and
ULTRA-SR challenge [50] datasets are relevant and could be included in such a set of
evaluations datasets. However, careful considerations have to be taken to propose eval-
uation datasets with both similar and different simulation parameters to the training
set in order to evaluate generalization and robustness of deep learning model.

— Collection of robust metrics with known value for conventional approaches as well
as existing deep learning approaches. ULM performance metrics such as Jaccard index,
lateral and axial error, gridding, FRC, and saturation have already been proposed and
used in the literature [67,76]. Works in biomedical image analysis [215] have provided
valuable recommendations on the pitfalls to consider when designing and selecting
these metrics.

If the constitution of such benchmark would benefit the community in terms of results repro-
ducibility and comparison between method, quality control and best practice guideline from
other fields [215,216] should be adapted and implemented to ensure that progress enabled
could translate to robust improvements. In addition to the datasets and metrics, other factors
might prevent comparison between deep learning approaches, such as limited availability of
the code and dataset to reproduce results, varying computation times, or outputs format too
different from microbubble trajectories. When comparing deep learning models, especially

with larger datasets available, model complexity and computational costs can become the



20

limiting factor of performance, which makes their comparison and reporting critical. Sev-
eral studies have reported computation times and comparison with existing approaches [46]
to highlight reduced computational costs. As noted by the authors, these reports provide
insights on computational efficiency rather than offering an absolute comparison, which pre-
vents comparison across different studies. Moreover, computational efficiency can vary greatly
depending on the hardware used and the level of implementation optimization. For example,
deep learning library leverage highly optimized convolution algorithm and parallel comput-
ing on GPU, which can bias time-based comparisons of complexity. Analysis of computa-
tional complexity, reporting the relation between the output image size and the number of
operations required to process it, is crucial for further understanding and improvement of
processing time. Conventional ULM currently relies on representing microbubble trajectories
as tracks, and in a near future downstream application and biomarkers are likely to rely on
such structure. A unified output format is essential for fair comparison between approaches.
Thus, when trying to improve on existing applications and changing output format, one
needs to be cautious as it might hinder comparisons with existing and future approach or
limit the application to future ULM development. However, these considerations should not
discourage proof of concept or feasibility study such as velocity prediction [75] or ULM at
high concentration [45,134].

3.6.2 Successes and promises

The development of the aforementioned deep learning approaches in ULM in recent years
has shown repeated successes, proving their relevance in certain applications. Multiple ap-
proaches have demonstrated good performance in vivo while being trained in silico. This
provides reasonable evidence that current acoustic simulators are realistic enough to enable

deep learning models to generalize to real in vivo data.

Several studies [2,44,46,47,120,126, 130,200] have provided consistent results showing that
deep learning approaches are better suited for modeling ULM signals in high concentrations
of microbubbles. In silico comparisons have been conducted under varying concentrations,
showing better localization performance for deep learning-based methods at high concentra-
tion in 2D [2,44,46,47,126,130,200] and in 3D [1]. In vitro studies have also shown similar
results [47]. In vivo comparison studies with conventional ULM have also reported improve-
ments when using deep learning methods for ULM at high concentrations [2,45, 120, 126].
The improvements were measured either in FRC, FWHM, or number of detections/vessel
saturations. Such findings pave the way for faster ULM acquisition with higher microbubble
concentrations, which has already been applied to facilitate functional ULM (see Fig. 3.5).
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Recent developments in model architectures have been demonstrated that performance in

high concentration of microbubbles could be further improved [120].

Deep learning has also been very successful in accelerating ULM processing. For certain
processing steps, such as clutter filtering or denoising, conventional algorithms with high
performance exist but are limited in application due to long computation times [43, 148].
Using these algorithms to generate labeled datasets in vivo and training deep learning models
allows for either direct approximation of the operation [133] with faster computation times
or acceleration of the convergence of an iterative process [43]. Efforts to accelerate the
processing of ULM have also taken the form of directly forming the ULM image with averaged
B-mode images [117,128,186]. In addition to drastically reducing acquisition and processing
time [117,186], such approaches could also be facilitates ULM application in clinical setting
where available echographs are limited to frame rates much lower than typical ULM settings.
You et al. [217] have also leveraged ULM data and adversarial learning in vivo to enhance
the resolution of Contrast Free Power Doppler, suggesting that the range of deep learning in

ULM application could be broader than expected.

Along with the successes demonstrating the potential of deep learning in ULM, further de-
velopments are anticipated to further enhance ULM’s capabilities and applicability. As the
number of publicly available datasets and the interest of the research community increase,
the performance of deep learning approaches is expected to improve accordingly. Leverag-
ing larger datasets from multiple sources could enable the training of ULM deep learning
models that are robust to varying experimental setups and consistently outperform conven-
tional ULM without intensive parameter tuning. The creation of larger training sets and
improved deep learning formulations could also allow ULM to perform effectively on noisy
or aberrated acquisition, enhancing the reproducibility of ULM imaging and its impact on
pre-clinical and clinical studies. Applying deep learning to steps of the ULM pipeline that are
currently handled by conventional methods could further enhance image quality, practical-
ity, or robustness. For instance, deep learning techniques for motion correction, extensively
studied in elastography [218] using supervised [219-222], semi-supervised [223,224], or un-
supervised learning [225,226], could inspire the development of motion correction methods
tailored specifically for ULM.

Deep learning in ULM may also have an impact on the adaptability of ULM to new ex-
perimental settings or transmission sequences. Application to in vivo data requires data-
dependent tuning of conventional ULM, whereas some deep learning approaches required
limited parameter tuning. Indeed, Liu et al. [46] have noted that their proposed mSPCN-

ULM was robust to training parameters and provided better flexibility in implementation
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of ULM in comparison to conventional ULM. The authors mentioned that mSPCN-ULM
still required preprocessed inputs, depending on some external parameters. Shin et al. [2]
reported that their proposed LOCA-ULM needed to be retrained when ultrasound imaging
settings were altered. Exploring ULM deep learning approaches robustness across differ-
ent acquisitions, imaging settings, or organs could improve the adaptability of ULM to new
experimental set-up and reduce the user input needed to form an ULM image. With the
development of new transmission sequences [170,227], deep learning approaches may bet-
ter detect PSF with varying shape or microbubbles with “silenced” signal, given that the
training set incorporated such patterns. Such benefits are more hypothetical, as constitution
of training sets can be costly and including enough variability to reach a sufficient level of

robustness might be unrealistic.

The current robustness of deep learning in ULM at high concentrations, combined with
efforts in task compression within the ULM pipeline—such as training models to perform
multiple stages simultaneously and advancements in embedded deep learning, could enable

near real-time and online ULM in the near future, greatly improving the practicality of ULM.
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CHAPITRE 4 ARTICLE 2 : PRUNING SPARSE TENSOR NEURAL
NETWORKS ENABLES DEEP LEARNING FOR 3D ULTRASOUND
LOCALIZATION MICROSCOPY

Le chapitre précédent présentait une revue thématique des méthodes d’apprentissage profond
appliquées a la microscopie de localisation ultrasonore (ULM), en mettant en évidence les
défis méthodologiques actuels ainsi que les pistes ouvertes par les approches récentes. Cette
synthese a notamment souligné la difficulté d’étendre I’'ULM au volume complet, en raison des
contraintes computationnelles liées au traitement tridimensionnel et de la forte augmentation

des besoins en mémoire.

Dans la continuité de cette revue et des limitations identifiées, le présent chapitre se concentre
sur le développement d'une approche d’apprentissage profond spécifiquement congue pour
I"'ULM 3D. Nous proposons une architecture basée sur des tenseurs parcimonieux (« sparse
tensor neural networks ») permettant de réduire drastiquement la complexité mémoire tout
en préservant la précision de localisation, rendant ainsi possible 'apprentissage direct a partir

de volumes tridimensionnels & forte densité de microbulles.

Ce chapitre correspond au deuxiéme article de cette these, publié en ligne en mars 2025
dans IEEE Transactions on Image Processing (DOI 10.1109/TIP.2025.3552198). Il constitue
la premiere contribution méthodologique du manuscrit, marquant la transition entre l’ana-
lyse critique de I’état de l'art et les développements techniques proposés dans les chapitres

suivants.
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4.1 Abstract

Ultrasound Localization Microscopy (ULM) is a non-invasive technique that allows for the
imaging of micro-vessels in vivo, at depth and with a resolution on the order of ten microns.
ULM is based on the sub-resolution localization of individual microbubbles injected in the
bloodstream. Mapping the whole angioarchitecture requires the accumulation of microbub-
bles trajectories from thousands of frames, typically acquired over a few minutes. ULM
acquisition times can be reduced by increasing the microbubble concentration, but requires
more advanced algorithms to detect them individually. Several deep learning approaches
have been proposed for this task, but they remain limited to 2D imaging, in part due to the
associated large memory requirements. Herein, we propose the use of sparse tensor neural
networks to enable deep learning-based 3D ULM by improving memory scalability with in-
creased dimensionality. We study several approaches to efficiently convert ultrasound data
into a sparse format and study the impact of the associated loss of information. When ap-
plied in 2D, the sparse formulation reduces the memory requirements by a factor 2 at the
cost of a small reduction of performance when compared against dense networks. In 3D, the
proposed approach reduces memory requirements by two order of magnitude while largely
outperforming conventional ULM in high concentration settings. We show that Sparse Ten-
sor Neural Networks in 3D ULM allow for the same benefits as dense deep learning based
method in 2D ULM i.e. the use of higher concentration in silico and reduced acquisition

time.
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4.2 Introduction

Ultrasound Localization Microscopy (ULM) is an imaging method that non-invasively maps
the vascular tree and blood velocities at depth in vivo. By localizing and tracking individual
microbubbles injected into the blood flow [13,14], ULM achieves an imaging resolution ap-
proximately equal to one tenth of the diffraction-limited resolution. More recently, Dynamic
Ultrasound Localization Microscopy (DULM) [24, 78] has extended the capabilities of ULM
by enabling the generation of retrospectively-gated, super-resolved movies of the blood flow
dynamics, with applications in pulsatility mapping [24], functional imaging of the brain [26],
and cardiac imaging [78]. ULM has been applied in pathological mouse models, such as
to classify ischemic and hemorrhagic stroke [18] and to observe vascular impairments in
Alzheimer’s Disease [19]. Studies on patients have demonstrated the feasibility of ULM in
various human organs, including the brain [31], breast [21,27], kidney [22,28,29], prostate
[90], lower limb muscle [33], liver [28], pancreas [28], vasa vasorum of the carotid wall [91],
testicular micro-circulation [81], and lymph node metastatic cancer [89]. Existing works
have used fully addressed [35,37,85], multiplexed array [25,36,207], and row-column array
probes [82,87,88] to extend ULM and DULM to 3D imaging. In addition to the inherent
advantages from 3D imaging, such as reduced user dependence in imaging plane selection
and robustness to out-of-plane motion, 3D ULM is less sensitive to detection errors caused
by out-of-plane trajectories and velocity estimation bias from elevation direction projection,
which likely enhances clinical relevance and reliability. Both localization and velocity estima-
tion can be improved by rejecting microbubbles that do not appear across several frames [13].
Such tracking can be performed, e.g., using the Nearest Neighbor algorithm [13,24] or the
Hungarian method [67,228]. Some approaches have also incorporated Kalman filtering to
refine the position estimations of a track [25,174,175,207]. The acquisition time necessary
to construct a complete vascular map is mainly dependent on the required time to perfuse
all vessels and, thus, on microbubble concentration [32]. However, a trade-off exists between
the microbubble concentration and the localization precision and accuracy [124], which can
be partially lifted using, e.g., methods based on the compressed sensing theory [229], on the
division of the k-space in several subregions [182], or tracking the microbubble signals prior
to sub-pixel localization [74]. Deep learning-based methods have also investigated frame-by-
frame, spatial-only approaches [44,46,126], and, more recently, the spatio-temporal context

through convolution [45,195] or sequential modeling [75].

Despite promising results with increased microbubble concentrations both in silico [45] and
in vivo [45,195], deep-learning based approaches have been limited to 2D imaging. Indeed,

the addition of a third spatial dimension considerably increases the size of intermediate
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Figure 4.1 The left column represents the filtered microbubble signal (i.e, the input of the
network), the center column represents the corresponding microbubble tracks (i.e., the desired
output of the network) and the right column represent the final result after summation of all
the predictions from a dataset (i.e., the vascular structure imaged)

feature maps and highly-resolved outputs. For example, a straightforward implementation of
Deep-stULM [45] in 3D would require at least two orders of magnitude more memory than
its 2D counterpart. Thus, the development of deep learning based models for 3D ULM is

conditioned on successfully addressing their memory complexity.

To improve the scaling of memory complexity of deep learning approaches in ULM and en-
able deep learning application for 3D ULM, we propose to leverage the recently introduced
Sparse Tensor Neural Networks [209]. Sparse Tensor Neural Networks store only non-zero
pixels (referred to as active sites), along with their spatial coordinates and corresponding
pixel values (often described as COO format in the literature). This enables the handling
of arbitrarily shaped tensors. During training and inference, convolutions and subsequent
operations are only applied to these active sites. While ultrasound images are typically
dense data that cannot be stored directly as sparse tensors efficiently, filtered microbubbles
responses are sparsely distributed in space and time as seen in Figure 4.1. To leverage the
sparsity of microbubbles response, one must thus design a filter that extracts microbubble
responses from ultrasound images and is sufficiently restrictive that it minimizes memory
requirements without discarding information enables the neural network to outperform con-
ventional approaches. Hereafter, filtering out most of the input signal from dense tensors
before conversion to sparse format while keeping the signal of interest is designated as the

dense-to-sparse operation (represented in dashed green in Figure 4.2).

Our contributions can be summarized as follows:

— A sparse formulation of Deep-stULM enabling deep learning-based 3D ULM.
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— A comparative study in silico between ULM and the proposed approach under varying
concentrations in 3D.
— A 2-D in silico comparison of performance and memory usage with deep learning
baselines and conventional ULM
We show that Sparse Tensor Neural Networks reduce memory cost and scale better with added
input dimensions, which allows for the first deep learning application to 3D ULM and out-
performs existing 3D ULM in high concentration. We also provide the code and the dataset
needed to reproduce the results at https://github.com/provostultrasoundlab/SparseTensorULM.

4.3 Theory

After image formation, ULM data is typically filtered to remove the signal from the tissue
while retaining microbubble responses. In this study, we focus on the subsequent step,
which is to find the sub-resolution positions of the microbubbles based on their response.
As illustrated in Figure 4.1, this detection step is performed on a group of frames and
is followed by an accumulation across several sets of frames, where the detected positions
are later added to form the image or the volume of the vascular network. Several deep
learning approaches [44,46] use convolutional architectures where the microbubble position
is projected onto a grid with a finer resolution than the input signal. The upscaling factor
r between the input dimension and the output dimension typically ranges from 4 to 8.
Therefore, cgense, the memory complexity for storing the output grid of such architectures in
dense format scales with:

Caense(r, d, D) = (r x D)? (4.1)

where d represents the dimensionality of the output grid (d = 2 for 2D ULM, and d = 3
for 3D ULM), and D is a typical dimension of the input in pixels. ULM assumes a sparse
distribution of microbubbles, thus an upper bound on the number of microbubbles that can

be detected in a certain volume is given by:
N < (%=)? (4.2)

where N is the number of microbubbles, p is the size of a pixel in wavelength, and « ap-
proximately describes the size of the point spread function in wavelengths. In sparse format,
Csparse; the memory complexity of storing the microbubble positions scales with d x N and
can be written as:

Csparse(IV, d) >~ n X d X Ny (4.3)


https://github.com/provostultrasoundlab/SparseTensorULM
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Figure 4.2 The top row shows a dense representation of a trajectory in Deep-stULM as well as
the intermediate map dimension. The bottom row illustrates how sparse formulations could
reduce the memory cost: the green pixels represent the pixels of interest at each resolution,
and the gray pixels represent the pixels removed through pruning based on intermediate
prediction

with ) being a constant depending on the implementation of the sparse tensors. Consequently,
~4, the ratio between the sparse and the dense representation of the outputs of the networks

in dimension d scales with:
n X d x Ny

XDy

When extending from 2D to 3D, the ratio between the sparse and the dense representation

(4.4)

of an ideal outputs from such network is expected to be multiplied by a factor d:

§ =10 (4.5)
V2D

Using eq. 4.4, we obtain
Nsp 3

= N < 20 x D)

(4.6)

This scaling law makes the sparse representation very attractive for the extension in 3D.
Indeed, assuming that N reaches its upper bound from eq. 4.2, the ratio between sparse and

dense representation becomes:

3p
0= —— 4.7
2ar ( )
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Using typical values, a = 3, p = %, and r = 8, we obtain:

1
0= (4.8)
This numerical application illustrates the fact that in 3D the use of sparse formulation is
from one to two orders of magnitude more efficient than in 2D when compared to the dense
representation of ULM output images. However, practical factors such as the variability of
the upscaling factor r within the network architecture, the reduced sparsity of intermediate
representations, the non-uniform distribution of microbubbles in space, or temporal context

considerations, can alter this scaling law.

Time complexity follows a similar scaling law to memory complexity, as convolutions are only
applied to active sites (i.e., non-zero pixels) in sparse representation. In contrast, convolutions
are applied to every site in dense representation. In practice, convolution implementations on
dense tensors are heavily optimized in deep learning libraries and efficiently leverage GPUs
and parallel computations [230]. Sparse convolutions require storing active sites, which can be
sped up using unordered maps and caching [209]. Different optimization levels of convolution
implementations may outweigh the theoretical gains in computational costs of the proposed
architectures. For these reasons, we proposed inference time comparisons reported in Table
4.1.

4.4 Method

First, we detail the approach used to simulate the 2D and 3D datasets used for training
and evaluation of the different methods. Then we describe the model architecture, training
parameters, and evaluation metrics. Additional studies on the impact of the dense-to-sparse
operations and on further architecture modifications such as pruning [231] (represented in

gold dotted line and scissors in Figure 4.2) and deep-supervision [232] are presented.

4.4.1 Simulations
2D dataset

To compare Sparse Tensor Neural Networks with their dense counterpart, we based our
study on a previously introduced dense method [45] and used the same 2D dataset based
on the previously published simulation pipeline. Microbubble flow was simulated using a
realistic model [124] based on ez vivo mice brains obtained with two-photon imaging. Four

portions of different mice brains were used to generate the training set, one other portion
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was used for model selection and validation and the last one was kept as a test set to assess
the performance. This approach ensures that the test set comprises microbubble trajectories
from a completely unseen mouse brain, allowing us to evaluate the model inter-individual
generalization. Since each region covers a volume of only 500 x 500 x 500um?, we dilated the
vascular network by a factor of 2 to fill a 1000 x 1000 x 1000um? area, as done previously [45].
The ultrasound signal corresponding to the microbubble position was simulated using an in-
house GPU implementation of SIMUS [131] with parameters corresponding to an [22-14
probe (Vermon, Tours). Three 15.625-MHz, tilted plane waves with angles of —1°, 0°, and
1° were simulated with a frame rate of 1 kHz. The simulated signal was subsampled to
match the 100% bandwidth IQ) signal, mimicking the Verasonics Vantage system. Finally,
the IQ data were beamformed with a GPU implementation of the delay and sum algorithm
on a grid of 32 x 32 pixels with a resolution of % (i.e.,25um), in groups of 512 frames.
The point spread function (PSF) of the system was simulated at the center of the grid and
used to compute the local correlation between the beamformed 1Q data with the PSF. The
obtained correlation maps were used as the input for the different deep-learning models.
In total, 2250 movies were generated for training, 250 for validation, and 500 for testing.
The concentration of microbubbles simulated for the training and validation sets was set
to 5 microbubbles per field of view (FOV), as done previously [45]. Several test sets were
simulated based on the trajectories from the test angiogram with varying concentrations (1,
5, 10, and 20 microbubbles per FOV) also matching the test set from the previous study [45].

3D Dataset

The 3D dataset was obtained similarly but since 3D convolution filters have more than
their 2D counterpart, additional microbubble trajectories were included to prevent 3D mod-
els overfitting. We divided the generated spatio-temporal samples in three groups: 3500
samples for training, 500 for the validation, and 2000 for testing. We dilated the vascular
network by a factor of 8 to account for the larger wavelength and the coarser beamforming
grid (%) We simulated a 750-fps imaging sequence containing 5 angles ({—2°,0°}, {2°,0°},
{—1°,0°},{1°,0°}, {0°,0°}) emitted with a 7.8125-MHz center frequency using a matrix ar-
ray with parameters matching a commercially available 8-MHz 2D matrix probe (Verasonics,
WA, USA). The concentration of microbubbles simulated for the training, validation, and
test sets was increased to 30 microbubbles (compared to 5 for the 2D-case) per field of view
(FOV) given the additional dimension.
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Additional test sets

To complement the evaluation on anatomically realistic dataset, we generated random tra-
jectory datasets and simulated corresponding ultrasound signal based on similar imaging
sequences. 500 movies were generated for each of the following concentrations 1, 5, 10, and
20 microbubbles per FOV in 2D. As there is no vascular network to reconstruct, the Dice was
computed for each frame and averaged across the whole dataset. Since this metric measures
the overlap between few microbubble trajectories, it is hereafter referred to as trajectory Dice

and is expected to yield lower value than typical Dice between vascular networks.

We assessed the out-of-distribution generalization and robustness of the proposed method
and baselines to additive Gaussian noise. At test time, random noise was added to the real
and imaginary parts of the correlation map of the angiogram-based test set at 5 MB/FOV.
The noise had a mean of 0, and the standard deviation was increased from 0.1 to 0.25 in
steps of 0.05.

4.4.2 Model training and evaluation
Sparse Tensor Neural Network and 4D convolutions

After the dense-to-sparse operation, the sparse tensor containing the low-resolution signal
was given as input to a Sparse Tensor Neural Network implemented using the Python library
MinkowskiEngine [209]. For each intermediate layer, Sparse Tensor Neural Networks only
apply their convolutions and activations on non-zero values, yielding another sparse tensor.
Conventional operations used in CNNs are implemented in MinkowskiEngine, leading to a
relatively straightforward translation of the model from dense to sparse format. To assess the
benefits of sparse formulation, we converted the dense Deep-stULM architecture to a sparse
formulation without additional change, this approach is designated as Sparse Deep-stULM
hereafter. However, such dense architecture might not take most of the sparse tensor imple-
mentation. Pruning or cascaded learning could further improve the memory efficiency of the
sparse formulation. Both of these additional modifications require intermediate supervision
and are detailed in the following sections. The resulting models are also extended directly
to 3D imaging with 4D convolutions to handle 3D+T tensors. 4D convolutions are directly

implemented in the Python library MinkowskiEngine [209].
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Training procedure

For the 2D models based on Deep-stULM, the hyperparameters were set to the same value
as in the original study [45]: the optimizer used was Adam [233] and the training was divided
into two parts. During the first 150 epochs, the ground truth microbubble trajectories were
dilated with a radius of 2 to stabilize the training. The initial learning rate was set to 0.1
and then decayed by a factor of 10 at the epochs 15, 45, 75, and 100. During the last 150,
the ground truths were no longer dilated, and the learning rate was set to 0.001 at epoch
150 and then decayed by a factor of 10 at epochs 160, 200 and 250. We did not optimize
the hyperparameters for the sparse formulation of Deep-stULM and used the same as the
original study. The batch size was set to 8 for all the runs in 2D. For the 3D models, we also
used the Adam optimizer with an initial learning set of 0.1. We trained the 3D networks for
20 epochs in total, and the learning rate was decayed by a factor of 10 at epochs 15 and 17.
For the first epoch, the batch size was set to 2 to allow every configuration to fit in memory,
then for the remaining epochs, the batch size was increased to 4. Deep-stULM was trained

using Dice loss in both is sparse and dense formulation.

Performance comparison with ULM and Deep-stULM

Evaluation metric To compare our results with the previously established method [45]
and conventional ULM, we measure the overlap between the network prediction and ground

truth using the Dice coefficient :

2 % |GT U Pred|
|GT| + |Pred|

Dice = (4.9)
with G'T being the projection of all the trajectories from the ground truth to the super-
resolved grid and Pred the prediction of the network. Similarly to the previous study [45], the
Dice values displayed use a Dice computed between the binarized angiograms (i.e., between

the logical summation of all the microfilms from the test set).

Conventional ULM We also provide the results of a standard, non-deep-learning ULM
method, described in [24]. Briefly, Gaussian fitting was used to localize microbubbles and the
Hungarian method [234] was used for the tracking step. The number of detections in each
frame was set to the optimal value based on the number of microbubbles simulated in the
FOV (i.e., for the 5SMB/FOV concentration, the number of detection would be set to 5). Note
that this setting is ideal and may favor the conventional ULM. Indeed, in real applications,

the exact number of microbubbles in the FOV is unknown.
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Deep learning baseline, mSPCN-ULM We retrained the mSPCN-ULM architecture
[46] on our datasets using original training parameters. We ensured that the loss had con-
verged at the end of the training (60 epochs), and the learning rate was decayed by ten after
30 epochs. The output of the mSCPN-ULM was interpolated to match Deep-stULM output
resolution. Since training with a Dice loss was unstable, mSCPN-ULM was trained using the
original training loss [46] based on L1 distance between the target and the prediction, both

convolved with a Gaussian kernel.

Memory monitoring We monitored the memory usage of the training using CometML
and took the maximum value reached during the training of each method. As there is some
stochasticity involved both in training and in the measurement of the memory, we used the
average across 3 different runs and provided the standard deviations between each run for
deep learning approaches. For the 3D dense formulation of Deep-stULM, it was not possible
to train the model due to practical memory limitation. Therefore, we provide only an estimate
of the memory usage. This estimate was based on scaling the 2D memory usage based on
the increase of memory for the intermediate maps due to the addition of a spatial dimension.
For mSPCN-ULM, the 3D memory usage was linearly extrapolated from memory usage with

smaller batch size.

Computation time measurements Processing times for one group of 512 frames were
measured on NVIDIA V100 Volta (32G HBM2 memory) GPUs. To account for I/O latency
on computation servers, processing times were measured and averaged across 5 redundant
forward paths. Measured times for multiple samples were averaged to provide robust esti-
mates. For 3D inference times, mSPCN-ULM could be implemented by simply translating
PyTorch 2D operations to 3D operations. However, the whole group of 512 could not fit in
memory. We measured and linearly extrapolated the processing times for smaller subsets of
16, 32, and 64 frames to estimate the processing times of 512 frames. 3D Dense formula-
tion of DeepST-ULM was not implemented as it would have required 4D convolutions not

supported in PyTorch.

4.4.3 Additional studies
Dense-to-sparse strategies

To assess the loss of information and its impact on the performance caused by the dense-
to-sparse filtering, we compared the performance of the sparse model for two simple dense-

to-sparse strategy referred as Top-k and thresholding strategy with varying value for their
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respective parameters. To provide better intuition on the performance that one can expect
with more sophisticated filtering, we developed a deep learning based solution. To compare
between each method, we computed the average number of non-zero pixels in the test set
movies to compare across methods and plotted it in Figure 4.6. In addition, to differentiate
between the performance loss induced by the dense-to-sparse strategy from the effect of the
sparse implementation, we also evaluated a dense model with inputs filtered according to the

dense-to-sparse strategy (each model was retrained on the filtered data).

Top-k strategy Typical ULM approaches use regional maxima for microbubble detection
before localizing them with high precision [67]. Based on the same underlying assumption
that the microbubble signals are located near local maxima, it is reasonable to consider only
the k-largest pixel of each input tensor. This operation is designated as top-k operation later
on. In practice, due to the smoothness of the input, this approach is very similar to the use of
local maxima value while providing better control of the memory usage of the input tensor.

The explored values used for the top-k approaches range between 5000 to 50000 pixels.

Thresholding strategy Previously published deep-learning methods [45] used a threshold
based on the value of the local correlation between the signal and the point spread function
of the imaging system to remove residual after clutter filtering in vivo. We applied this same
approach directly on our simulated datasets. For the thresholding approaches, the threshold
values were set to {0.01,0.05,0.10,0.25}. As the thresholding strategy with a threshold set
at 0.10 in 2D offered a good trade-off between performance and sparsity, we used it for all
the experiments where the dense-to-sparse strategy was not specified. The threshold was

heuristically set to 0.25 for the 3D experiments.

Deep learning based strategy We trained a dense CNN to localize microbubbles at low
resolution. To do so, it is trained to predict the presence of microbubbles in every pixel of the
beamforming grid (low resolution). The dense network used to localize microbubbles at low
resolution is fully convolutional both in space and time direction and takes as input a tensor
of shape 2 x H x W x T in 2D. The inputs channels encode the real and imaginary parts
of the input signal. The input signal is composed of the local correlation of the beamformed
IQ data with the simulated PSF of the imaging system. The spatial resolution was kept
unchanged throughout the whole network. However, the temporal dimension was reduced by
a factor of 2. The output of this network was then interpolated to match the correlation map
dimension. The resulting mask is used to convert the correlation map to a sparse format,

where only the pixel values with microbubbles are stored along with their coordinates. This
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filtering network was trained using the Dice loss between its predictions and the ideal mask

at low resolution obtained from the simulated microbubble position.

Architecture modifications

Herein, we describe further experiments to refine the sparsity using pruning on the interme-

diate representation of the network along with deep-supervision and cascaded learning.

Deep Supervision and pruning Similarly to other architectures [44, 46, 126], Deep-
stULM [45] uses upsampling layers that preserve the sparsity of the upsampled tensor. This is
sub-optimal as at finer resolution the sparsity of the trajectory is increased as depicted in Fig-
ure 4.2. To mitigate these issues, we used the previously introduced pruning operations [231],
that aim to gradually remove the pixels where no microbubbles are detected (green pixels
versus gray pixels in Figure 4.2). The feature maps are masked based on the output of an
intermediate classifier. Consequently, the removed pixels are no longer considered in the fol-
lowing operation and their coordinates are not stored in memory. As depicted in Figure 4.2,
we implemented pruning at every resolution level based on intermediate prediction. Since
pruning requires the training of intermediate classifiers at each level, we trained them in a
supervised fashion. These intermediate classifiers are trained using the same loss as the final
loss and consist of pointwise convolution directly applied to the intermediate representation
of the network. This form of supervision is similar to deep supervision [232] and can also
serve as regularization and improve the performance of the network. These intermediate
classifiers are required to perform pruning, as they provide the mask used to remove the less

relevant pixels from the following operations.

Cascaded learning In the case of super-resolution, deep supervision also makes possible a
certain form of cascaded learning inspired by [235]. Indeed, the intermediate classifiers can be
trained sequentially: during the first phase of the training, only the first classifier is trained
to predict the presence of microbubbles on a grid at the input resolution. Then, during
the following phase, the intermediate classifiers corresponding to higher resolution levels are
sequentially added to the global loss. When applied, the cascaded learning strategy used one
epoch for each intermediate level, and the number of epochs for the last resolution level was

the same as in standard training.
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Table 4.1 Comparison of the memory usage, inference time and angiogram reconstruction
performance. * Value estimated.

2D (5MB/FOV) 3D (30MB/FOV)
GPU Memory GPU Memory
Inference  requirements Dice (%) Inference requirements Dice (%)
time (ms) (GB) time (ms) (GB)
Sparse Deep-stULM 19 £+ 1.3 6.8 + 0.2 73.93 £1.96 70 +13.8 9.9+0.1 49.97 +1.79
Deep-stULM 34408 12.6 80.01 + 1.76 N.A 694* N.A
mSPCN-ULM 77T£0.9 22.7 62.54 £+ 0.30 8016 + 533.2* 366* N.A
ULM N.A N.A 60.80 N.A N.A 12.34

4.5 Results

4.5.1 Processing time, memory reduction and performance comparison in 2D

The memory usage results and performance at 5 MB/FOV are reported in Table 4.1 for
Conventional ULM, Deep-stULM, mSPCN-ULM and Sparse Deep-stULM. The threshold
strategy was used for the sparse method to convert the input to sparse formulation. Sparse
formulation reduced the memory usage of Deep-stULM from 12.6 GB to 6.8 GB during
training, the processing time from 34 ms to 19 ms, while the Dice decreased from 80.1% to
73.9%. In comparison, mSPCN-ULM, with 4 times more processing time and with nearly
four-fold higher memory usage in training, obtained a lower Dice of 62.54%, yet slightly out-
performing conventional ULM (Dice of 60.8%). The results of the different methods in 2D
under varying concentrations are shown in Figure 4.3, and the evolution of the Dice value
computed is reported in Figure 4.4a along with the results on random trajectory datasets
with varying concentrations in Figure 4.4b. Qualitatively, the standard ULM performances
degraded as the concentration increased with degradation in resolution starting from 5 mi-
crobubbles per field of view (MB/FOV). Quantitatively, this diminution of performance was
highlighted by a drop in Dice coefficient from 71.4% with 1 MB/FOV to 60.8% for 5 MB/FOV
on angiogram reconstruction. The performance continued to decrease with the concentra-
tion until it reached a Dice of 55.9% at 20 MB/FOV, with only the biggest vessels being
visible. In contrast, the dense Deep-stULM approach exhibited a smaller performance degra-
dation from 83.9% for 1 MB/FOV to 73.7% for 20 MB/FOV. The sparse formulation of
Deep-stULM showed robustness to increased concentration and reached performance levels
at high concentration (with a Dice coefficient of 70.6% (resp. 68.0%) for 10 (resp. 20) MB
per FOV that were very close to its performance level at low concentration (74.4% for 1MB
per FOV). However, the performances at low concentration (1MB per FOV) were lower than
Deep-stULM (83.9%) but were comparable to conventional ULM (71.4%). In opposition,
mSPCN-ULM performance increased with the concentration from 54.9 at IMB/FOV to 67.4
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Figure 4.3 Comparison of performance under increasing concentration for conventional ULM
(center left column), Deep-stULM dense formulation (center right column) and its sparse
formulation (right column). Ground truth is given for comparison (left column). The scale
bar is 9811 and corresponds to the wavelength of the simulated pulse. Concentration increases
from 1 (top row), 5, 10, and 20 (bottom row) microbubbles per field of view.
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at 20MB/FOV, reaching a level of performance similar to sparse and dense Deep-stULM and
outperforming conventional ULM. Evaluation on random trajectory datasets in Figure. 4.4b
showed a similar trend for Conventional ULM and sparse and dense Deep-stULM. However,
for mSPCN-ULM the trajectory Dice slightly decreased from 35.5% at 1IMB/FOV to 27.7%
at 20MB/FOV outperforming the other methods.

As seen in Figure 4.4c, evaluation under additive noise at test time showed a decrease in
performance for all the methods but the sparse formulation of Deep-stULM, which performed

similarly at all noise levels (from 73.9 for ¢ = 0.1 to 73.1 for o = 0.25).

4.5.2 3D feasibility study

In Table 4.1, we display the results and the memory usage for Sparse Deep-stULM and con-
ventional ULM as well as estimated memory usage in 3D for Deep-stULM, mSPCN-ULM.
We also provided inference times for Sparse Deep-stULM and mSPCN-ULM, showing that
Sparse Deep-stULM was more than two orders of magnitude faster than mSPCN-ULM. The
reported Dice are computed in 3D, which means that the angiograms are sparser than in
2D and leads to values for the Dice in 3D that are typically lower. To provide comparative
insights on the 3D Dice values, we projected to 2D the ground truth and reconstructed 3D
angiograms and measured their Dice in 2D. The 2D projected Dice values were typically
higher and comparable to the 2D results. Indeed, conventional ULM reached a projected
Dice of 67.56% for IMB/FOV (close to the 71.4% obtained in 2D with the same concentra-
tion) and 54.58 for 30MB/FOV (close to the 55.9 for 20MB/FOV in 2D). Projected Dice
values for Sparse Deep-stULM were 77.71% for IMB/FOV and 77.81% for 30MB/FOV. In
addition, since the simulation parameters between the 2D and 3D datasets are different to
match realistic imaging sequences, the 3D PSF is larger and has important side lobes, which
makes the localization process more challenging. It is important to note that just using
the sparse formulation allowed us to train the network with less than 11GB of GPU mem-
ory while outperforming conventional ULM (50.0% versus 12.3%). For qualitative analysis,
the reconstructed angiograms from the test set are displayed in Figure 4.5 with concentra-
tion increasing from 1 MB/FOV to 30 MB/FOV. At high concentration (10 MB/FOV and
30 MB/FOV), the sparse model accurately reconstructed the angiogram when conventional
ULM failed to do so. Indeed, the conventional ULM produced many false detections that
were not present in the sparse model reconstruction. At low concentration (1 MB/FOV),

both conventional ULM and sparse model reconstructed the angiogram with fidelity.
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(a) Angiogram reconstruction Dice across increasing concentrations.

(b) Trajectory detection Dice across increasing concentrations.

(c) Performance as a function of additive noise standard deviation.

Figure 4.4 Performance study under varying conditions for the Sparse Deep-stULM model.
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Figure 4.5 3D Comparison of performance under increasing concentration for conventional
ULM (center column) and Deep-stULM sparse formulation (right column). Ground truth is
given for comparison (left column). Scale bar is 200 ym and corresponds to the wavelength
of the simulated pulse. Concentration increases from 1 (top row), 10 and 30 (bottom row)
microbubbles per field of view.



71

4.5.3 Additional studies
Evaluation of strategies to convert to sparse formulation

In figure 4.6, it is observed that the thresholding and top-k dense-to-sparse approaches
reached a very similar trade-off between the sparsity obtained and the level of performance
independently of the formulation of the model (dense or sparse). Indeed, for the sparse model
with the thresholding dense-to-sparse strategy the Dice varies from 67.5% with around 21000
pixels to 75.3% with 90000 pixels while it varies from 65.4% with around 5000 pixels to 73.9%
with 100000 pixels for the top-k strategy. Similarly, for the dense model with the thresholding
dense-to-sparse strategy the Dice varies from 72.3% with around 11000 pixels to 79.9% with
64000 pixels while it varies from 69.6% with around 5000 pixels to 79.5% with 100000 pixels
for the top-k strategy. Finally, the CNN dense-to-sparse operation yielded a better trade-off
than all the other approaches. Indeed, the CNN dense-to-sparse operation reached a Dice of
67.8% with only 1400 pixels.

Dense-to-sparse strategy failure cases are displayed in Figure 4.7. These failure cases were
selected when the threshold strategy, with the threshold set to 0.1, removed at least one
pixel containing a microbubble and accounted for between 5% and 10% of the total test
set frames. For the threshold and top-k strategies, some low-intensity microbubbles in the
vicinity of other microbubbles were filtered out, especially when the peak of the correlation
map did not match the microbubble’s position. These microbubbles were not detected by the

CNN masking strategies, which also made localization errors, even for clearer microbubbles.

Impact of architecture modifications

In table 4.2, we observed that using pruning jointly with sparse formulation led to a decrease
in memory requirements in 2D (6.9 GB to 5.6 GB) but also led to an important degradation of
the performance (9.6% of Dice). It appeared that combining pruning and cascaded learning
has a small impact on the memory (5.6 GB versus 5.7 GB) while degrading the performance
(more than 3% of Dice). The addition of intermediate loss for deep supervision did not
benefit the training performance and had a small memory cost. In 3D, every variation of
the model trained significantly outperformed the conventional ULM (between 38% and 50%
for the sparse models and 12.3% for the conventional ULM). In contrast to 2D, the use of
pruning reduced memory usage by a factor of approximately 4. However, similarly to the 2D

case, pruning also degraded the performance (50% to 38.6.%).
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Figure 4.6 Evolution of performance as a function of the sparsity achieved for different dense-
to-sparse operations and comparison with dense network with masked input as well as CNN-
based dense to sparse operations.

4.6 Discussion

In this work, we studied the impact of using a sparse formulation on the memory usage
and performance of Deep-stULM. We also investigated more multiple methods to further
increase sparsity and reduce the memory usage. Our results suggest that solely using the
sparse formulation allows for the extension of existing deep learning architectures to 3D ULM,
while preserving the performance robustness at high concentration. However, more complex
modifications to the architecture had a less important impact on the memory usage while

degrading the performance.

4.6.1 Reducing memory usage of existing methods in 2D

The sparse formulation offers a relatively simple approach to divide by nearly two-fold the
memory requirement of an existing architecture in 2D, while outperforming conventional
ULM. Indeed, the sparse formulation reconstructed quantitatively more precise angiograms
for high concentration (5MB/FOV and 10 MB/FOV). Dense deep learning approaches con-
sistently outperformed the sparse formulation. Leveraging larger and more complex datasets
could help mitigate the performance degradation, while still benefiting from the computa-

tion time and memory improvements. Combining the shorter acquisition time with reduced



73

Dense Sparse Threshold Sparse top-k Sparse CNN

Figure 4.7 Failure cases of the dense-to-sparse thresholding strategy with a 0.1 threshold
(center left column) along with the dense correlation map (left column), the results of the
top-k with 50000 values (center right column), the results of the CNN based strategy (right
column)
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Table 4.2 Comparison of the memory usage and performance of the different additions to
Sparse DeepST-ULM architecture.

Ablation settings 2D (5 MB/FOV) 3D (30 MB/FOV)
. . . Memory . Memory .
Sparse input Intermediate  Pruning Cascaded Dice (%) Dice (%)
. (GB) (GB)

loss learning
v v v v 5.6 £ 0.2 59.22 +0.49 3.7+04 38.53 +0.27
v v v 5.7+0.1 62.36 4+ 1.57 3.6 + 0.2 38.65 4+ 0.58
v v 6.9+0.1 71.98 +0.16 10.6 0.3 43.51 +0.99
v 6.8 +£0.2 73.93 + 1.96 9.9+0.1 49.97 +1.79

constraints on computation, the proposed sparse formulation could be relevant in near real-
time processing of ULM acquisition. The robustness of the sparse formulation to additive
noise suggests that the information loss introduced by the dense-to-sparse operation and the

resulting drop in performance are primarily due to features that are sensitive to noise.

4.6.2 Scaling to 3D imaging

In 3D, the sparse formulation allowed for training, with less than 11 GB of memory, an
architecture that would require close to 700GB of memory in dense formulation. As expected,
the sparse formulation impact on memory was greater in 3D than 2D. Experimentally, the
ratio between the sparse and the dense formulation was multiplied by e, = 2.6 x 1072 when
extending from 2D to 3D whereas the theoretical value from Eq. 4.8 was § = 3.1 x 1072, The
smaller ratio could be explained by the aforementioned experimental factors such as temporal
context considerations, as well as the higher threshold for the dense-to-sparse strategy in 3D.
The performance gap between the sparse formulation of Deep-stULM and the conventional
ULM was larger in 3D, suggesting an even higher potential for deep learning based approach
in 3D ULM. On the one hand, the drop of performance of conventional ULM might be
caused by the important side lobes of the simulated PSF in 3D. Indeed, these sidelobes
create false detection which are supposed to be filtered during the tracking step based on
the track length. However, in high concentration, candidate detections in successive frame
are multiple causing the filtering on track length to be less effective and contribute to 3D
conventional ULM map with a high number of false positives. On the other hand, it is
also possible that the additional dimension increases the capability of the deep learning
approach to distinguish crossing trajectories, leading to better performance relatively to
conventional ULM. The results in 3D show that akin to the dense approach in 2D, sparse
models can accurately reconstruct angiograms at concentration where conventional ULM is

failing. When translated in vivo, such performance in high concentration would allow for
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reduced acquisition time. In 3D, where dataset tends to be larger, reducing acquisition time

is even more crucial as it also reduces the storage needed and the associated transfer time.

4.6.3 Further reductions of memory and performance trade-off
Dense-to-sparse strategies

The parameter studies showed that top-k and thresholding dense-to-sparse strategies per-
formed similarly, and a better trade-off could be achieved with deep-learning based dense-to-
sparse operations. However, this approach lacked flexibility in the trade-off between sparsity
achieved and performance, which translated to very restrictive filtering and poor overall per-
formance. Top-k and threshold dense-to-sparse strategies still filtered out some microbub-
bles signal, presumably altering the localization performance. Local misalignment between
the correlation map peak intensity and the localization of the microbubble caused all the
proposed dense-to-sparse strategies to fail. Such mismatches are expected to occur when mi-
crobubbles are closer than the size of the PSF used for correlation. Removing the correlation
step and directly using beamformed IQ could improve the performance of dense-to-sparse
strategies. Additionally, increasing the number of pixels considered in the sparse formulation
reduced the performance gap between sparse and dense formulation of Deep-stULM, which
also suggested suboptimal dense-to-sparse operations. The sparse formulation might benefit
from more sophisticated dense-to-sparse strategies to further improve the proposed trade-off

between performance and memory requirements in training.

Architecture modifications

It appears that architecture modifications such as deep-supervision, cascaded learning and
pruning had an important impact on the performance with smaller gain in memory than that
then sole sparse formulation. Cascaded learning and deep-supervision negative impact on the
performance could be explained by the fact that microbubble detection at coarse resolution
is different from localization at super-resolution and therefore intermediate losses enforce
the learning of less relevant latent representations. Considering the additional complexity in
training and architecture constraint going with this modifications, it is less clear that they

present an interesting trade-off between memory usage and performance.

4.6.4 Limitations and perspectives

The proposed method demonstrates that sparse tensor neural networks can extend the bene-

fits of deep learning based approach in ULM from 2D to 3D imaging by improving the scaling
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law of memory costs with dimensionality and resolution. However, some limitations should

be mentioned and could be addressed by future studies.

Problem formulation

This study is mostly focused on measuring the impact of using a sparse formulation in deep
learning for ULM. For this reason, it does not tackle some key challenges in framing the
learning problem. On the one hand, it is important to mention that even though the Dice
loss has been proposed and successfully applied in the previous study [45], it is unstable and
lacks smoothness when working with temporal projection of trajectories. In addition, the final
representation of the prediction, being a projection of the microbubble trajectories on a grid,
does not offer the same liberty for downstream analysis as the individual detections provided
by conventional ULM. A formulation tackling these issues has been recently proposed [195]
based on the DECODE method [191] and could be worth investigating. On the other hand,
the encoding of the real and imaginary parts of the input signal as channels lacks the proper
arithmetic of complex numbers. Using a complex value neural network [187] could allow a
better representation of the signal with less overfitting and better overall performance. Such

networks have shown interesting potential when dealing with ultrasound data [69,188].

Validity of the in silico model

The proposed approach reaches the level of performance of the state-of-the-art dense model
in silico under varying concentrations of microbubbles. It would be interesting to evaluate
the validity of the conclusions on real data as it has not been tested in vivo. As current
training datasets for ULM are limited in their diversity and realism, they did not allow for
direct domain transfer to in wvivo of both dense and proposed methods. Consequently, in
vivo applications required carefully tuned pre-processing steps, which were not consistently
successful. Due to the preprocessing inconsistency between training and testing, it is not clear
that better learning ability on the simulated dataset would lead to improved performance in
vivo. Furthermore, as the main benefit of the proposed method is an improvement of the

scaling law of the memory complexity, it is reasonable to assume that it is still valid in vivo.

4.7 Conclusion

In this study, we studied the potential of sparse formulation when applying deep learning in
3D ULM. We also proposed further optimization of memory efficiency through pruning of
the 3D ULM deep learning model. The proposed Sparse Deep-stULM method successfully
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improve the scaling of memory requirements of deep learning based approaches, addressing
the challenge of their extension in 3D. While it comes at a small cost of performance in 2D,
the use of deep-learning in 3D ULM seems to be even more beneficial than in 2D. To the
best of our knowledge, it is the first application of deep learning for 3D ULM, and it could
pave the way for further approaches both in silico and in vivo. Further applications of such
models could allow for improved architectures capable of fitting to more diverse datasets,
yielding better results both in 2D and 3D ULM or DynULM.
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CHAPITRE 5 ARTICLE 3 : TEACHER-STUDENT MODELS FOR
ROBUST IN VIVO DEEP-LEARNING IN ULTRASOUND LOCALIZATION
MICROSCOPY

Le chapitre précédent a permis de lever une limitation technologique majeure concernant le
passage a l’échelle de I'apprentissage profond pour 'ULM 3D. En exploitant la parcimonie
des données, nous avons démontré qu’il est possible de traiter des volumes importants de

données avec une complexité mémoire maitrisée.

Cependant, au-dela de I'architecture des réseaux, une limitation fondamentale persiste dans la
littérature actuelle : la dépendance aux simulations pour I’entrainement des modeles. Comme
souligné dans l'introduction générale de cette these, I'écart de distribution (domain shift)
entre les données synthétiques et la réalité expérimentale — marquée par le bruit, les aberra-
tions et la complexité des tissus — contraint souvent la généralisation des modeles lorsqu’ils

sont appliqués in vivo.

Dans ce troisieme chapitre, nous abordons directement cette problématique en proposant un
changement de paradigme dans la stratégie d’apprentissage. Nous présentons une méthode
fondée sur une architecture Teacher-Student, capable d’apprendre exclusivement a partir de
données in vivo, sans aucun recours a la simulation. En utilisant des pseudo-labels générés par
des méthodes conventionnelles et en combinant des stratégies de distillation et de perturba-
tions du signal d’entrée, cette approche vise a surpasser les méthodes classiques, notamment

en conditions d’imagerie dégradées.

Ce chapitre correspond au troisieme article de cette these, soumis le 13 décembre 2025 a
IEEFE Transactions on Medical Imaging. 11 établit le cadre méthodologique nécessaire pour
rendre 'apprentissage profond robuste et applicable aux conditions cliniques et précliniques

réelles.
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5.1 Abstract

Ultrasound Localization Microscopy (ULM) enables microvascular imaging beyond the acous-
tic diffraction limit by localizing and tracking clinically-approved individual microbubbles
injected in the bloodstream. However, conventional ULM remains constrained by long acqui-
sition times, sensitivity to aberrations, and high hardware and computational costs. Deep-
learning approaches have shown promise for faster and more robust reconstruction, but most
rely on simulated data for training, introducing domain gaps that hinder in vivo performance.
In this work, we present a framework for training and adapting deep-learning models directly
from in vivo data using pseudo-labels obtained from conventional ULM. We construct and
release a large-scale dataset of labeled training patches from transcranial mouse acquisitions
(39 mice, 68 acquisitions) and introduce an input-perturbation and self-distillation strategy
to adapt our proposed approach Teacher-Student-ULM (TS-ULM) to challenging conditions.
In ideal condition, TS-ULM performs similarly to conventional ULM baseline with more
complete reconstruction than gaussian fitting (saturation 424 10% v.s. 38+ 10%) and better
spatial coherence than Tracking-and-Localization (FRC 26.5 4+ 6um vs 28 + 7um) In strong
noise conditions, TS-ULM shows improved robustness and markedly outperforms conven-
tional ULM (FRC 29 4+ 6um vs 32 4+ 9um, saturation 30 £ 10% vs 33 + 8%). When the
number of receive channels is reduced from 128 to 32, preserving similar resolution and im-

proving saturation. These results demonstrate the feasibility of fully in vivo learning and that
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TS-ULM enables robust imaging with reduced hardware requirements. Future extensions of
this work could help overcome current hardware constraints in 3D ULM, where the number

of active channels remains a major limitation.

5.2 Introduction

Ultrasound Localization Microscopy (ULM) enables in vivo microvascular imaging at depth
with a spatial resolution well below the acoustic diffraction limit [13,14]. By localizing in-
dividual microbubbles injected into the bloodstream, ULM provides super-resolved maps of
the vascular network that remains otherwise inaccessible with other non-invasive imaging
modalities [11]. Novel acquisition sequences and retrospective gating strategies have fur-
ther extended ULM to the mapping of dynamic quantities, enabling applications such as
pulsatility imaging in the brain [24, 25, 84], cardiac imaging [30, 78|, and functional imag-
ing [2,26]. Despite these advances, conventional ULM remains hindered by its sensitivity to
tissue motion, the presence of aberrations in challenging imaging conditions [8], and the long
acquisition times required to observe microbubbles throughout the vascular network [32]. In
addition, the complexity of the experimental protocol and the computational burden of pro-
cessing large data volumes limit robustness, reproducibility, and broader translation [8,49].
Deep learning approaches have been proposed to mitigate several of these challenges [49].
Data-driven denoising and clutter filtering have been introduced to improve the signal-to-
noise ratio [133,148], while complex-valued neural networks have been explored for aberration
correction, particularly in brain imaging [69]. Simplified learning pipelines have also been

applied to reduce the computational burden and simplify the reconstruction process [46].

Deep learning strategies for ULM have mainly focused on improving localization perfor-
mance at high microbubble concentrations [1,44-46,49, 125, 126]. These approaches gen-
erally rely on supervised learning using the known ground-truth positions of microbubbles
provided by simulated datasets. However, training exclusively on simulations introduces a
domain shift that can degrade performance in vivo [1,49]. Early works relied on uniformly
distributed scatterers [44,46], whereas more recent studies introduced structured vascular
priors [126] and realistic flow simulations to better mimic in vivo conditions [45,49, 137].
While these models improve realism, they do not eliminate the domain gap with experi-
mental data. Increasing simulation specificity can even reduce generalization, as networks
trained on particular vascular geometries or flow regimes may not transfer to acquisitions
with different anatomy or hemodynamics [49]. Simulation frameworks such as Field II [127]
and SIMUS [131] assume linear propagation, offering computational efficiency but neglecting

nonlinear effects. Extensions combining nonlinear microbubble dynamics [141] or full-wave
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Figure 5.1 Representation of the Teacher-Student-ULM (TS-ULM) framework. a) First, a
dataset is generated from 6.8 million patches that were extracted based on detections from
the previously published TAL method [74]. b) The TS-ULM model is then trained based on
the patches and their label. ¢) The TS-ULM model can be further enhanced by finetuning
with knowledge distillation under input perturbation.

solvers like k-Wave [140] improve physical fidelity at higher computational cost [125,236].
Additional noise models—Gaussian, Rician, or speckle-based—are often applied to bridge

the gap with experimental data [2,69,126].

Despite these refinements, domain gaps between synthetic and experimental data remain
a key challenge, and deep learning methods in ULM have shown limited applications in
vivo despite their strong performance in simulation. Recent efforts have sought to bridge
this gap, either through generative or self-supervised learning strategies that exploit in vivo
signals [2,119], or by combining simulated microbubble echoes with experimentally acquired
data in vitro [134]. However, the scarcity of accessible in vivo data and the need for extensive
parameter tuning in conventional ULM pipelines have long hindered the creation of large,
well-labeled datasets. As a result, no approach to date has relied exclusively on in wvivo
data for supervised training. Recently, robust ULM processing methods—most notably the
Tracking-and-Localization (TAL) framework [74], combined with large-scale data collection
initiatives [237], have begun to close this gap, enabling the acquisition and processing of

extensive in vivo datasets suitable for deep learning.

In parallel, advances in knowledge distillation and teacher—student learning have offered new
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ways to enhance model robustness. Knowledge distillation is a learning paradigm where a
"student" model is trained to reproduce the behavior, outputs, or internal representations
of a "teacher" model, effectively transferring knowledge from one network to another [238].
While often used for model compression, recent studies have shown that student models
trained under input [239] or label perturbations [240] can generalize better than the teach-
ers that generated their supervision. Inspired by these findings, we investigate whether a
similar teacher—student framework can be leveraged to train deep learning models for ULM
directly in vivo. In our formulation, the initial teacher corresponds to the conventional TAL
method, while the student learns from pseudo-labels on localized spatiotemporal patches
with an implicit perturbation arising from the training formulation and its limited spatial
and temporal context. We then extend this concept through a self-distillation stage, where
the pretrained model serves as an additional teacher: the student learns simultaneously from
TAL pseudo-labels and from the teacher’s internal feature maps, hereafter referred to as

latent representations, while being exposed to perturbed inputs.

Our method combines a large-scale in vivo dataset with pseudo-labels obtained from robust
ULM processing [74] and incorporates input perturbation and self-distillation to improve
robustness under challenging imaging conditions. To the best of our knowledge, this work
introduces both the largest publicly available training dataset for deep learning in ULM and
the first deep learning approach trained exclusively on in vivo data. Our codes and training
dataset are made available through TS-ULM Github repository

5.3 Methods

In this section, we describe our complete framework developed to train and adapt deep
learning models for ULM using exclusively in vivo data. As illustrated in Fig. 5.1, our ap-
proach proceeds in three stages: we first detail the acquisition and processing steps required
to construct a large-scale dataset of labeled spatiotemporal patches. Next, we describe the
neural network architecture and the supervised training formulation used to learn the local-
ization task. Finally, we present the evaluation protocols and the input-perturbation and
self-distillation strategies designed to enhance model robustness and generalization across

different experimental conditions.

5.3.1 Dataset constitution

To generate our labeled training dataset, we processed in vivo acquisitions acquired as part

of different projects in our group. We repeated the following patch extraction process for
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each ULM dataset. First, we processed the raw data with our standard ULM pipeline
(see 5.3.1 for details) to identify microbubbles tracks. We also stored the beamformed In-
phase/Quadrature (IQ) data during processing. We then sequentially sampled tracks with
their corresponding frame of interest and their relative position inside a patch, with a patch
size of 32 x 32 pixels corresponding to 8A. The sampling process also guaranteed that the
relative position of the microbubble in the patch did not lie within 1\ of the patch borders
and that each sampled patch contained at least one MB position. We also ensured to store all
additional microbubbles position present in the patch. Overall, we extracted approximately
6.8 million patches from 68 different acquisitions on 39 different mice. The dataset was then
randomly split between training (80%), validation (10%), and test (10%) sets, ensuring that
patches from the same mouse were not shared between different sets. Finally, we saved the

dataset in HDF5 format for efficient loading during training.

Data acquisition

The ULM acquisitions were performed transcranially on young wild type mice (aged 8 +
bweeks). The mice were anesthetized with isoflurane before injection of Definity microbub-
bles. The training set only included acquisitions made with a 128-element linear array trans-
ducer (L22-14v, Vermon, France), transmitting 3 cycles at its center frequency of 15.625
MHz. Plane wave acquisition was made with Vantage-256 imaging system (Verasonics, WA,
USA). 11 tilted plane waves (from —5° to 5°, centered at 0°) were compounded yielding a
frame rate of 1000Hz. A more detailed description of the experimental procedure can be
found in a previous study [84]. We also evaluated the proposed approach on ULM performed
with a 128-element linear array transducer (L8-18iD, GE, IL, USA) transmitting at a center
frequency of 10.4667 MHz, more details about the procedure have been published in another
study [73].

ULM processing

Tracks used for patches generation and ULM vascular maps were computed with the same
pipeline and parameters. 1Q signal was filtered using a Singular Value Decomposition (SVD)
clutter filter to recover MB signals before image formation (i.e., beamforming) by removing
the 20 eigenvectors with the highest energy. Similarly to previous study [86], we used spa-
tially dependent time-gain compensation (TGC) and lag-1 autocorrelation. MB tracks were
extracted using Tracking and Localization (TAL) approach (with parameters 7 = 0.6, and
o = 4) and kept only the track longer than 20 frames, as it provided a robust approach to

obtain high quality angiograms. Processing parameters were equally set for all the acquisi-
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tions. For better comparison, we also computed ULM map using Gaussian fitting on local
maxima of the correlation with the imaging system Point-Spread-Function (PSF) (with a
maximum of 256 microbubbles per frame) before tracking microbubbles with the Hungarian
Algorithm (with max linking distance of 5 and allowing a gap of 2 frames), and keeping only

the microbubbles tracked for longer than 15 frames.

5.3.2 Deep Learning training
Model Architecture

We adopted the DECODE architecture introduced for Single Molecule Localization Mi-
croscopy [191] and later adapted to ULM [2]. DECODE consists of two cascaded U-Net
modules [241]. The first stage independently encodes the frame of interest and its adjacent
frames to capture short temporal context. Their encoded representations are concatenated
and processed by a second U-Net that predicts the final localization map. The network
outputs five channels of the same spatial dimensions as the input: one channel encodes the
probability that a pixel contains a microbubble, while the remaining four channels represent
sub-pixel offsets parameterized as the mean and variance of a 2D Gaussian relative to the
pixel center. This probabilistic encoding enables sub-wavelength localization accuracy. Un-
like previous implementations that interpolated the input grid to avoid grid artifacts [2], we
preserved the native beamforming grid for both input and output, thus reducing computation
cost. During inference, localizations with confidence above 0.5 were retained, and detected
MBs were temporally linked using the Hungarian algorithm with identical parameters as the

Gaussian-fitting baseline.

Training parameters

We trained the model during 50 epochs, with a batch size of 2048 samples, with Adam
optimizer. We used the same objective loss as previous applications of DECODE in ULM [2].
Patches of beamformed 1Q were used with a dimension of 32 x 32 and the real and imaginary
part were stored as channels. The training was monitored using CometML, implemented
using Pytorch Lightning library in Python, and performed on compute nodes with GPUs
(NVidia H100 SXM5) The training was performed in 16bit-mixed precision.

5.3.3 Evaluation

In this section, we describe the different experiments implemented to evaluate the perfor-

mance and the limitations of the proposed approaches. For each experiment, we measured
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the Fourier Ring Correlation (FRC) [76] and saturation [67] as complementary metrics for
the quantitative analysis, and also visually inspected the reconstructed angiograms for qual-
itative reporting. First, we focused on evaluating the model performance under independent
and identically distributed (i.i.d.) condition, which is when the training and testing distri-
bution are the same. We also studied the generalization of the model on out-of-distribution
(OOD) settings, using synthetic noise addition, sparse sampling of the receive channels, and
a different probe, imaging sequence and parameters. Finally, we evaluated the impact of
finetuning with input perturbation and distillation for transferring the proposed approach to

a specific setting.

Evaluation under i.i.d. condition

As mentioned in subsection 5.3.1, all the acquisitions from 6 mice (12 acquisitions) were
left out during training and model selection to perform evaluation on unseen data. These
acquisitions were obtained in similar experimental conditions as the ones used in training and
therefore provided a reasonable i.i.d evaluation. We also used this configuration to evaluate
the limitations of our approach with respect to the impact of the detection errors of the
method used for labeling and the impact of the dataset size. To do so, we conducted three
independent noise sensitivity analyses, each exploring a specific type of label corruption.
Each noise type was evaluated independently, with all other noise sources set to zero. All
experiments used identical training configurations and were evaluated on clean, noise-free
left-out test data.

Localization Error Analysis: We introduced Gaussian noise to microbubble position labels
with standard deviations of 0.0, 0.25, 0.5, 0.75 and 1.0 pixels to simulate annotation inaccu-

racies in ground truth positions.

False Positive Detection Analysis: We added microbubble detections at rates of 0.0, 0.1, 0.5,
1.0, and 2.0 false detections per frame, with the number of positions following a Poisson

distribution, and their position being uniformly distributed.

False Negative Detection Analysis: We removed true microbubble detections with probabili-

ties of 0.0, 0.1, 0.2, 0.3, and 0.5 to simulate missed detections in the ground truth annotations.

To provide insights into optimal data requirements and model data efficiency, we character-
ized the relationship between training dataset size and model performance. We conducted a
systematic ablation study using subsets of the full training dataset at fractions of 1%, 2%,

5%, 10%, 20%, 30%, 50%, 70%, 90%, and 100% of the original size. To ensure fair comparison

across different dataset sizes, All models were trained for the same number of optimization
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steps (100,000), with the number of epochs automatically adjusted based on dataset size
to maintain consistent gradient update counts. Model performance was evaluated on the

complete test set, regardless of training subset size.

Out-Of-Distribution Generalization

To evaluate the model sensitivity to domain shifts, we tested its performance without retrain-
ing under three OOD settings: noise perturbation, sparse sampling of the receive channels,

and cross-probe evaluation.

Noise perturbation To simulate different acquisition quality, we added spatially cor-
related noise to the IQ data after beamforming and clutter filtering. Let s € CH*XWxT
beamformed IQ signal. White complex noise n = (n, + jn;)/v/2, with n.,n; ~ N(0,1), was
convolved with a Gaussian PSF kernel h to obtain noise n. = n * h. The noisy signal was
computed as

s’ =s+an,,

where the scaling factor a was adjusted to achieve a target signal-to-noise ratio (SNR) of
either 0.5 or 20dB. The PSF kernel h was Gaussian with a standard deviation of 1\ along
the lateral and axial directions. All processing parameters were kept identical to those used

in the baseline (noiseless) evaluation.

Sparse sampling of receive channels To emulate a probe with a reduced number of
active elements, a binary mask was applied to the channel dimension of the raw RF data.
Only 32 channels were preserved out of the 128 available, selected at random using a fixed
random seed. The same mask was applied consistently to all frames within each acquisi-
tion to reproduce a hardware configuration with only 32 addressed receive elements. All
beamforming, clutter filtering, and localization—tracking parameters were kept identical to

the baseline configuration.

Cross-probe evaluation To assess generalization across hardware and acquisition proto-
cols, the models were evaluated on a dataset acquired with a different 128-element linear array
transducer (L8-18iD, GE, IL, USA) using a distinct imaging sequence acquired by different
operators from our group. For this dataset, the clutter filter and beamforming parameters
were adapted to account for the acquisition differences. All other parameters were identical

to those of the baseline configuration for all the methods to ensure fair comparison.
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5.3.4 Finetuning with input perturbation and self-distillation

Herein, we first describe a novel and general finetuning strategy, which we applied in two
specific settings, but that is not limited to these applications. More precisely we explored
how this approach could improve the performance of the model under the noise addition
model used for the OOD evaluation (see sec. 5.3.3). We also studied its potential to mitigate

image degradations when using only a fraction of the receive elements.

Formalism

To improve robustness to acquisition variability without requiring additional manual anno-
tations, we designed a finetuning strategy based on input perturbation and self-distillation.
Given an input patch x and its pseudo-label y obtained from the original ULM processing
pipeline, we applied a perturbation operator v(+) to the input, such as additive noise or chan-
nel masking, while keeping the label y unchanged. It is important that the perturbed input
v(x) remains associated with the same target y. This enables the model to learn invariance

to small acquisition perturbations without requiring reprocessing or manual relabeling.

Finetuning was then performed using both the fixed pseudo-label y and the pretrained model
as a teacher. Specifically, the teacher network processed the clean input z, producing latent
feature representations f(x), while the student network processed the perturbed input v(z)
to produce fy(v(z)). The student was trained to minimize a composite objective combining
(i) the original localization loss using y, and (ii) a latent-consistency loss encouraging the
representation of v(z) to align with that of the clean input z. This formulation effectively
learns a mapping from v(x) to the same point in the latent space as x, enforcing stability of

the learned representation under perturbations.

Finetuning with noise perturbation

To improve robustness against spatially correlated acquisition noise, we applied the proposed
input-perturbation finetuning strategy using a realistic noise model. At each optimization
step, a complex circular Gaussian noise field was generated with the same dimensions as
the beamformed I(Q) data. This white noise was convolved with a two-dimensional Gaussian
point-spread function (PSF) kernel (¢ = 1\ & 4 pixels, kernel size 7 x 7) to introduce
spatial correlation, producing a noise component n.. The perturbed input was obtained as
v(r) = x + an,, where the scaling factor o was randomly adjusted per sample to achieve a
target signal-to-noise ratio (SNR) uniformly sampled between 5 dB and 15 dB. This range

was selected to produce noticeable image degradation while maintaining training stability.
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The teacher network processed the clean signal x to produce a latent representation f(x),
while the student network was applied to the perturbed input v(x) and produced both a latent
representation fy(v(z)) and a localization prediction gy(v(x)). The student was trained to
minimize

L = Eloc + )\22 ££2 + )\cos Ecos' (5]-)

Here, Lioc = Lioe (gg(y(x)), y) is the loss function, originally used in training, between the
student output ge(v(x)) and the fixed pseudo-label y; Ly, = || fo(v(z)) — f(z)|% is an £y
penalty enforcing agreement between the student and teacher latent representations; and

Leos = 1 — cos ( fo(v(x)), f (x)) encourages alignment in feature direction, with cos(a,b) =

a-b
llall21lb]l2

that increased weighted of the cosine loss improved all training losses. Optimization was

. The weights were set to A\p, = 0.1, Acos = 100, and A = 1.0, based on observations

performed using the Adam optimizer, for 50 epochs with a batch size of 512. Noise was

regenerated at each iteration.

Finetuning with channel masking perturbation

To evaluate robustness to channel undersampling, we applied the same self-distillation frame-
work using a perturbation operator v(-) that simulates missing receive elements. In this
configuration, the teacher network processed beamformed IQ data reconstructed from all 128
receive channels (zg,), while the student network received a perturbed version reconstructed
from only 32 channels (¥pert = v(2a)). The perturbed inputs were generated offline follow-
ing the same masking procedure used in the out-of-distribution evaluation (see sec. 5.3.3),
and both inputs shared the same pseudo-label y. As in the noise experiment, the teacher
model remained frozen and the student network, initialized from the teacher weights, was
optimized using the same loss in (5.1), with = corresponding to the full-channel input and
v(x) corresponding to the masked 32-channel input. All training parameters, including opti-
mizer, learning rate schedule, batch size, and number of epochs, were identical to those used

in the noise finetuning.

5.4 Results

In this section we first present the result obtained on i.i.d. acquisitions, then we evaluate the
impact of different shifts in distribution and their impact on the performance. Finally, we
display the results obtained by finetuning strategy to mitigate such domain shift for specific

use.
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Table 5.1 FRC and saturation comparison across methods and datasets.

Method yielding insufficient saturation (< 15%) are strikethrough as FRC showed to be unreliable
in these conditions (see Fig. 5.7 for representative examples of low saturation and low FRC recon-
struction)

Method 128 Channels 32 Channels 0.5dB Noise 20dB Noise
FRC (pm) Sat. (%) FRC (um) Sat. (%) FRC (um) Sat. (%) FRC (um) Sat. (%)
TAL 28.0+6.6 44.0+84 30.6+80 40.7+£79 31.9+9.0 33.0+7.6 28.1+t7.2 41.5+8.6
Gaussian Fitting 24.0+5.5 38.2+£10.3 25.5+5.8 30.5+£9.0 262+68 134+56 23.4+5.7 26.0+L8.5
TS-ULM 26.5£57 41.6+£95 279+6.1 38.6+£9.7 25:6+64 83+4+ 2062+58 38.8+99
TS-ULM (Noise) N.A. N.A. N.A. N.A. 29.0+6.4 30.1£10.3 26.7+58 42.8+9.2
TS-ULM (32 Channels) N.A. N.A. 276 +£59 428+9.1 N.A. N.A. N.A. N.A.

5.4.1 Performance in i.i.d. setting

Comparison on similar setting

Figure 5.2 Transcranial ULM of a mouse brain processed using Gaussian Fitting and Hun-
garian tracking (left), Tracking-and-Localize (center), and our proposed approach Teacher-
Student ULM (TS-ULM) (right), the scale bar represents 5 wavelengths ( 0.5mm).

When evaluated on mouse datasets acquired under conditions similar to the training set,
the proposed TS-ULM method demonstrated qualitative improvements in image quality,
showing higher vascular saturation and finer spatial resolution (Fig. 5.2). As illustrated in
the left insets of Fig. 5.2, TS-ULM reconstructed vessels in low-signal areas better than TAL
(where Gaussian fitting failed to detect vessels). As shown in the center-right inset, TS-ULM
displayed higher detection intensity than both TAL and Gaussian fitting in specific regions.
These observations were consistent across other visually inspected ULM acquisitions from
the test set.

Quantitatively, TS-ULM achieved spatial coherence superior to the TAL method and better
saturation than Gaussian fitting; however, it yielded overall performance (FRC : 27+6um,Sat:
424 10%) very similar to the two baseline methods in terms of saturation vs. FRC trade-offs
(28 + Tum, 44 + 8% for TAL and 24 + 6um, 38 + 10% for the Gaussian fitting).
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Figure 5.3 Evolution of the loss function value on the test set under varying training pertur-
bation. Top left: localization errors are added to the detection (in pixels ~ A/4). Top right:
Detections are removed from the labels during training. Bottom Left: Uniformly sampled
detection are randomly added to the labels. Bottom right: The dataset size is increased until
the whole training set is used.

Impact of localization errors

When trained on the same input data but with labels intentionally degraded to mimic reduced
localization accuracy, the model performance failed to stabilize even at the smallest levels
of noise (Fig. 5.3). Introducing positional noise to the localization labels strongly impaired
training, with the test loss exceeding 5, corresponding to an almost complete training collapse,
even for a standard deviation as small as A\/16. In contrast, experiments simulating false-
positive or false-negative detections produced a more linear increase in test loss and limited
training degradation (loss values remained above —0.5 in all runs). False detections, however,
were found to be more detrimental than missed detections: removing 50% of the true positions

resulted in a lower loss than doubling the detections by adding spurious ones.

Importance of the dataset size

In contrast, model performance appeared to reach a plateau with increasing dataset size, with

most of the improvement achieved using only the first half of the training data. With just
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20% of the training dataset, the test loss was already below —2, and it gradually decreased
to —2.5 when using 50% of the data and to —2.6 with the full dataset. It is worth noting
that experiments conducted with smaller dataset fractions exhibited strong overfitting, with

training losses dropping to —14 while test losses exceeded 5.

5.4.2 Out-Of-Distribution (OOD) generalization

To further evaluate the generalization capability of the proposed model, we tested its perfor-
mance under several OOD conditions that differ from the training setup. These experiments
included the addition of correlated acquisition noise, a reduction in the number of active
receive channels, and an evaluation on data acquired with a different ultrasound probe. The

following subsections detail the results obtained for each of these scenarios.

Noise perturbation

Figure 5.4 illustrates the qualitative impact of two levels of noise (20 dB SNR and 0.5 dB
SNR). At 20 dB SNR, TS-ULM visually outperformed both Gaussian fitting, which missed
many vessels, and TAL, which introduced background noise from false detections. This trend
can be observed globally and in the selected insets of Fig. 5.2, and it was consistent across
other acquisitions in the test set. At high noise levels (0.5 dB SNR), neither Gaussian fitting
nor TS-ULM reconstructed the complete vasculature, while TAL processing showed even

greater background noise than at moderate noise levels.

As summarized in Table 5.1, quantitative analysis showed that Gaussian fitting saturation
(26 + 9%) dropped significantly under moderate noise (20 dB SNR), in contrast to TAL
(42 +£9%) and TS-ULM (39 £ 10%), while the FRC remained similar to the IID setting. At
0.5 dB SNR, the FRC increased for TAL, whereas both Gaussian fitting and TS-ULM did

not achieve sufficient saturation for the FRC to be meaningful.

Sparse sampling of receive channels

Figure 5.5 illustrates the impact of synthetic channel reduction on transcranial ULM re-
constructions. When only 32 out of 128 receive elements were used, all methods exhibited
visible degradation compared with the full-aperture reconstructions with some shadowing
artifact on the left and center of the brain. Nevertheless, the proposed TS-ULM approach
maintained superior vessel continuity and overall image coherence compared with the TAL

baseline. Background noise similar to the noise experiments appeared for the TAL method.

Quantitatively, all methods had their average FRC increased (between 1.4 for TS-ULM and
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Figure 5.4 Transcranial ULM acquisition with synthetic noise addition (top row: 20db, bot-
tom row:0.5db). From left to right: Gaussian fitting, TAL, and TS-ULM. TS-ULM showed
better robustness at moderate level of noise, but its performance drastically worsened under
severe noise. Gaussian fitting displayed the best FRC across (23um at 20dB SNR and 26m
at 0.5dB SNR) despite incomplete vascular reconstruction. The scale bar represents 5 wave-
lengths (~ 0.5mm)

Figure 5.5 Transcranial ULM acquisition of a mouse brain with synthetic reduction of the
number of channels in receive (32 out of 128). From left to right: Gaussian fitting, TAL, and
TS-ULM. the scale bar represents 5 wavelengths (~ 0.5mm)
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2.6 um for TAL) and a vascular saturation dropped twice more abruptly for Gaussian Fit-
ting(Table 5.1) than for TAL and TS-ULM. By contrast, attempts to reconstruct images

using only 16 channels failed for all methods, with strong grating lobes.

Cross-probe evaluation

Figure 5.6 Transcranial ULM acquisition with a probe (GE L8-18iD) not used in the training
set. The scale bar represents 5mm wavelengths.

To evaluate cross-probe generalization, the models were tested on a dataset acquired with a

different linear probe (GE L8-18iD) that was not used during training.

As shown in Figure 5.6, Gaussian Fitting, TAL and TS-ULM successfully reconstructed
the main vascular architecture, with more refined vasculature for Gaussian Fitting and TS-
ULM and more complete imaging for TAL and TS-ULM. This trend was consistent with the
quantitative results, where Gaussian-Fitting (FRC: 35um, Sat: 16%) and TS-ULM (FRC:
36um, Sat: 19%) achieved a higher spatial coherence and TAL (FRC: 43um, Sat: 22%)

higher saturation.

5.4.3 Impact of input perturbation and distillation

Figure 5.7 illustrates the effect of applying task-specific finetuning under two challenging
acquisition perturbations: strong additive noise (top row) and channel decimation (bottom

row).

Noise robustness

Under stronger noise addition (5 dB SNR), the baseline TS-ULM model and Gaussian Fit-
ting were not able to reach sufficient vascular saturation, whereas the TAL method added
background noise due to false detections. In opposition, the fine-tuned TS-ULM successfully

mapped the complete vasculature without additional background noise (see Fig. 5.7).
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Figure 5.7 Transcranial ULM acquisition with synthetic perturbations. Top row : strong
noise addition (0.5 dB SNR). Bottom row : reduction of the number of channels in receive
(32 out of 128). TS-ULM :left, TS-ULM with specific finetuning: right. The scale bar
represents 5 wavelengths ( 5mm).



95

Quantitatively, fine-tuned TS-ULM demonstrated better spatial coherence than TAL (29 +
6 um for TS-ULM vs. 32+9 pm for TAL). While vascular saturation was slightly higher for

TAL, this metric is likely overestimated due to the background noise.

Channel decimation

The bottom row of Fig. 5.7 illustrates the impact of finetuning under a reduction of the
number of receive channels from 128 to 32. Visually, the finetuning offered higher intensity
level (particularly visible in the insets) with little change to the resolution. Quantitatively,
this improvement translated to an increase in vascular saturation from 39 4+ 10% to 43 + 9%,
while maintaining a comparable spatial resolution (28 + 6 pm versus 28 + 6 pum). Overall,
the finetuned TS-ULM offered the best compromise between resolution and saturation across
all the methods. When the number of receive elements was further reduced to 16, finetuning
no longer improved reconstruction quality, as the strong grating-lobe artifacts and limited

spatial sampling prevented stable localization.

5.5 Discussion

5.5.1 Improved image quality in i.i.d. settings

In the i.7i.d. evaluation setting, where training and test acquisitions were obtained under
similar experimental conditions, the proposed TS-ULM approach consistently matched or
slightly outperformed the two baseline pipelines (Gaussian fitting with Hungarian tracking
and TAL). These results suggest that a deep learning model trained directly on in wivo
pseudo-labels can recover vascular architecture at the same or higher level of performance

than the conventional method used to generate the pseudo labels.

This seemingly surprising outcome can be explained by the training formulation. By re-
peatedly observing microbubbles at different relative positions and local backgrounds, the
network learns to localize them independently of their absolute location within the field of
view. As a result, TS-ULM appears to capture spatial features that are less sensitive to
local amplitude variations caused by attenuation or skull-induced shadowing, potentially ex-
plaining its improved recovery of vessels in shadowed regions where TAL and Gaussian fitting
often lose signal. In addition, the aggregation effect of training over large numbers of pseudo-
labels may help the model mitigate isolated annotation errors, a phenomenon consistent with

observations in large-scale pseudo-label and noisy-label learning frameworks [239].

The dataset size ablation experiment (Fig. 5.3) indicates that the proposed dataset is suffi-
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ciently large and diverse to train compact convolutional models such as DECODE. Perfor-
mance saturated after using roughly half of the available data, suggesting that it already
contains enough variability for stable learning. Such an 7.i.d. evaluation setting based on in
vivo data is crucial for assessing the representational power of different architectures, offering

a more realistic alternative to existing simulation-based dataset.

Finally, the label corruption experiments reveal that training stability depends critically on
the spatial accuracy of the pseudo-labels. While learning remained effective under mod-
erate levels of missed or spurious detections, even small subpixel localization errors led to
a marked degradation in performance. This sensitivity suggests that improving label re-
liability—through consensus aggregation of conventional ULM methods or teacher—student
refinement—could further enhance robustness and generalization. Such strategies would help
fully exploit the scale of the proposed dataset and learning framework while maintaining the

spatial precision required for reliable in vivo supervision.

5.5.2 Robustness to limited change in distribution

Across moderate distribution shifts, TS-ULM remained robust and generally outperformed
conventional baselines. These observations indicate a limited performance drop under real-
istic shifts: in practice, TS-ULM can be applied under various conditions without retraining

or parameter tuning.

With spatially correlated noise at 20 dB SNR (Fig. 5.4), TS-ULM preserved finer vessels than
TAL and more continuous vasculature than Gaussian Fitting. Similarly, under channel sub-
sampling to 32/128 receive elements (Fig. 5.5), TS-ULM maintained clearer vessel continuity

and higher apparent coverage.

In the cross-probe evaluation (Fig. 5.6), TS-ULM offered a better trade-off between spatial
coherence and saturation than TAL and Gaussian Fitting. A minor fine-tuning on similar
datasets would likely allow TS-ULM to outperform TAL.

By contrast, extreme shifts led to failure modes for all approaches. At very low SNR (0.5 dB),
reconstructions degraded substantially; while TAL retained more structure than TS-ULM,
the overall quality remained poor. The next section describes how our proposed perturbation-

specific fine-tuning strategy mitigates these effects.

5.5.3 Finetuning for enhanced robustness under severe perturbations

Perturbation-specific fine-tuning substantially improved model stability under strong per-

turbations. By combining input perturbation with self-distillation, this approach can, in
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principle, accommodate a wide range of experimental variations, such as noise, channel
configuration, sequence differences, or suboptimal parameters in the processing pipeline.
While we explored only two representative perturbations—additive noise and channel sub-
sampling—this strategy establishes a foundation for extending model robustness to other

domains of variability.

Under strong noise (0.5 dB SNR), the fine-tuned TS-ULM model successfully mapped the
entire vascular network, whereas no other approach achieved this. At moderate noise levels
(20 dB SNR), the pre-trained and fine-tuned models performed similarly, as the baseline
model was already robust to moderate degradation; fine-tuning primarily proved beneficial

in more severe noise regimes.

A similar trend was observed under channel subsampling. With only 32 of 128 receive el-
ements, fine-tuning improved vascular completeness and image coherence beyond both the
baselines and the base TS-ULM, indicating successful adaptation to limited-aperture ac-
quisition. However, when the number of channels was reduced to 16, all methods failed
due to strong grating-lobe artifacts and significant signal loss. This highlights the robust-
ness limits of our current approach. Future improvements might be achievable with larger
input patches—allowing the model to account for grating lobes—or more expressive models
(e.g., deeper backbones or Transformer-based architectures) to compensate for extreme signal

degradation.

A similar fine-tuning strategy could also be extended to volumetric ULM, enabling recon-
struction from matrix arrays with reduced channel counts (e.g., 256 instead of 1024), thereby

lowering hardware and data throughput requirements for 3D imaging.

5.6 Conclusion

In summary, this work demonstrates that deep learning models can be trained directly from
in vivo ULM data using pseudo-labels, achieving performance comparable or superior to con-
ventional pipelines while remaining robust across acquisition conditions. The combination
of input perturbation and self-distillation provides a general framework for improving adapt-
ability without additional annotation. Together with the proposed dataset, these findings
lay the groundwork for reproducible benchmarking and future extensions toward 3D imaging

and broader applications.
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CHAPITRE 6 ARTICLE 4 : ULMSHARE : A LARGE-SCALE IN VIVO
ULTRASOUND LOCALIZATION MICROSCOPY DATASET FOR
MICROVASCULAR IMAGING

Les chapitres précédents ont illustré le potentiel de 'apprentissage profond pour repousser
les limites de la microscopie de localisation ultrasonore (ULM), que ce soit pour accélérer
I'imagerie 3D ou pour améliorer la robustesse des reconstructions face aux aléas expérimen-
taux. En particulier, le chapitre 5 a démontré que l’entrainement sur des données in vivo
permettait de franchir un cap en termes de performance et de généralisation par rapport aux

modeles entrainés sur simulation.

Cependant, la démocratisation de telles approches se heurte a un obstacle pratique majeur :
la rareté des données expérimentales accessibles. La grande majorité des jeux de données
publics actuels sont soit simulés, soit limités a un tres faible nombre d’acquisitions in vivo,
ce qui restreint considérablement la capacité de la communauté a entrainer des modeles

performants et a comparer objectivement les algorithmes de reconstruction.

Dans ce dernier chapitre de contributions, nous présentons ULMShare, la plus grande base
de données publique d’"ULM in vivo a ce jour. Constituée de 99 acquisitions transcraniennes
provenant de 61 souris et totalisant plus de 30 TB de données brutes, cette ressource couvre

une grande diversité de protocoles expérimentaux, de sondes et de conditions d’imagerie.

Ce chapitre correspond au quatrieme article de cette these, soumis a Scientific Data le 12
décembre 2025. Il constitue une contribution fondamentale pour la reproductibilité de la
recherche mais aussi fournit la fondation essentielle pour permettre & communauté d’étendre

les méthodes proposées précédemment.
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6.1 Abstract

Ultrasound Localization Microscopy (ULM) enables microscopic imaging of the cerebral mi-
crovasculature in wvivo, but relies on a multi-stage processing pipeline in which acquisition
settings and reconstruction processes strongly influence the final output. Existing public
datasets remain sparse, restricting rigorous evaluation and slowing progress in algorithm de-
velopment, including emerging machine-learning approaches, which by design require large
quantities of data to be robust and reliable. We introduce ULMShare, an open-access
dataset of 99 whole-brain transcranial ULM acquisitions from 61 healthy mice (36 females,
22 males, 3 unknown; mean age: 8.2 £ 5.5 weeks; mean weight: 17.7 £+ 4.2 g), for a total

of 30TB of raw data. The dataset spans three experimental procedures, multiple injection



100

and anesthesia protocols, two ultrasound probes, and different imaging planes and orien-
tations. Each acquisition includes raw ultrasonic data, detailed metadata, an illustrative
reconstruction and the corresponding microbubble trajectories. Alongside the data, we re-
port vascular saturation, Fourier Ring Correlation, and track-length statistics, plus expert
visual gradings. ULMShare provides a broad, standardized and publicly available resource
for method development, validation, and benchmarking. The full dataset is available on the
Federated Research Data Repository and additional resources are hosted on the ULMShare
Github repository.

6.2 Background & Summary

Ultrasound Localization Microscopy (ULM) is a super-resolution ultrasound technique that
images microvasculature in vivo, at depth, and at resolutions breaching the diffraction limit
[11,13,17]. By localizing and tracking clinically approved microbubbles (MB) injected into
the bloodstream, ULM reconstructs detailed maps of the microvascular network and provides

quantitative measurements of blood flow dynamics.

In the brain, ULM studies on animal models have been critical to develop new sequences and
methodologies [24] enabling extraction of complex hemodynamic markers such as pulsatil-
ity imaging [24,25,84], or functional imaging [2,26], as well as for resolving capillary-level
vasculature [73,242].

Despite these promising advances, ULM remains a modality that relies on experimental pro-
tocols requiring costly equipment and skilled technicians, which may induce high variability
in acquisition quality even within the same protocol. Consequently, new methodological
developments are often evaluated on a reduced number of in vivo acquisitions, which limits
their generalization and overall impact. Additionally, some groups lack access to the required

equipment and are therefore unable to validate their methods on in vivo data.

ULM relies on a complex reconstruction pipeline: beamforming, clutter filtering, MB localiza-
tion and tracking—where each step can significantly impact the output quality. Open-access
datasets are critical as they facilitate fair comparison between methodologies and improve re-
producibility. Recent efforts were made within the community to release open-access datasets
such as PALA [67] or companion datasets to animal studies [2,22,23,26,243]. The PALA
benchmark has gained substantial traction [117,118,129,149,179,184,202,244-266] demon-
strating the strong demand for publicly available data to support the development and vali-
dation of ULM processing algorithms. However, existing public datasets remain scarce and

are mostly limited to simulated data or a small number of in vivo acquisitions [67].


https://www.frdr-dfdr.ca/repo/collection/tulmshare
https://github.com/provostultrasoundlab/ulmshare
https://github.com/provostultrasoundlab/ulmshare
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Large and diverse in vivo ULM datasets are essential for statistically rigorous method evalu-
ation under varied protocols, reproducibility, fair benchmarking, and the development of ro-
bust machine-learning models [49]. By lowering the barrier to entry and enabling researchers
without access to costly equipment to work directly with in vivo data, such resources can

accelerate innovation and broaden the impact of ULM across the scientific community.

In this paper, we present ULMShare, an open-access dataset of ultrasound acquisitions,
unique by its scale, two orders of magnitude larger than existing public ULM dataset. 99
acquisitions, each lasting several minutes, were acquired in 61 anesthetized wild-type mice
(aged 3 to 16 weeks) through intact skin and skull, totaling over 30 TB. The full dataset is
made available publicly as collection on the Federated Research Data Repository and ULM

reconstructions and helper scripts are provided on a companion Github repository.

ULMShare comprises both previously unpublished data and data that have been used in
prior publications. Continuous transcranial ULM acquisitions were first presented in Lee et
al. [73], where they were used to demonstrate temporally continuous imaging for functional
brain mapping. Data from Xing et al. [69, 164] were employed to investigate aberration
correction techniques, highlighting methods to improve image quality and localization accu-
racy in transcranial ULM. Acquisitions reported in Ghigo et al. [84] were used for pulsatility
evaluation, demonstrating the potential of ULM to capture dynamic vascular signals. Fi-
nally, datasets included in Leconte et al. [74] supported the development and validation of a

spatiotemporal tracking algorithm for MB trajectories.

6.3 Methods

6.3.1 ULM acquisition

ULMShare consists of 99 transcranial brain ULM acquisitions obtained from 61 healthy mice
(36 females, 22 males, 3 unknown; mean age: 8.2+ 5.5 weeks; mean weight: 17.7+4.2 g; see
Fig. 6.1). Experimental procedures were approved by the Animal Care Ethics Committees of
the University of Montreal (22-013), McGill University (AUP-4532), and the Montreal Heart
Institute (2023-32-02 TAC-ultrasons).

Data Acquisition Protocols

The dataset aggregates acquisitions collected over three years using three distinct experimen-
tal protocols, previously described in published articles [69,73,74,84,267].

Common to all procedures, animals were secured in a stereotaxic frame to minimize motion.


https://www.frdr-dfdr.ca/repo/collection/tulmshare
https://github.com/provostultrasoundlab/ulmshare
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For the majority of acquisitions (n = 97), the scalp was shaved and degassed ultrasound gel
was applied. For 2 acquisitions (Protocol 3), the scalp was surgically removed to minimize
attenuation. All data were acquired using a Vantage-256 system (Verasonics, WA, USA)
emitting tilted plane waves (—5° to 5°, centered at 0°). The specific acquisition parameters

differentiating the three protocols are detailed in Table 6.1.

Table 6.1 Comparison of Acquisition Protocols used in ULMShare.

Parameter Protocol 1 Protocol 2 Protocol 3
Reference (74, 84] [73] [164,267]
Acquisitions (n) 71 15 13
Anesthesia Isoflurane (1-2%)  Isoflurane (1-2%) Ketamine/Medetomidine
MB Injection Tail vein injection Tail vein catheter *  Retro-orbital injection
Transducer L22-14v L8-18iD L22-14v
Center Freq. 15.625 MHz 10.4667 MHz 15.625 MHz
Plane Waves 11 9 11

Frame Rate 1000 Hz 1000 Hz 1000 or 1600 Hz
Duration 160 s 300 s 300 s
Sampling 100% Bandwidth 50% Bandwidth 100% Bandwidth

& Note: 3 acquisitions followed Protocol 2 but used tail vein injection.

Dataset Composition and Variations

The 99 total acquisitions include specific subsets designed for sensitivity analysis and anatom-
ical mapping, which are included within the protocol counts listed in Table 6.1. All the

following details are systematically provided in the metadata.

Regarding Protocol 1, while the previously published configuration used a 1:10 saline dilu-
tion (n = 6), the majority of acquisitions employed a 1:50 dilution (n = 64); one acquisition
used a 1:20 dilution. Additionally, sequential acquisitions were performed in 3 mice to image
different anatomical planes, yielding 17 acquisitions (5—6 per mouse) taken at 0.5 mm inter-
vals. Protocol 2 includes 3 acquisitions that combined the animal preparation of Protocol 1
(tail vein injection, 1:20 dilution, 4 uL/g) with the imaging sequence of Protocol 2 (L8-18iD
probe, 300 s duration). In Protocol 3, a subset of acquisitions was collected during stimula-
tion for functional imaging (treated here as resting-state due to lack of response), and for 2

acquisitions (1 mouse), the scalp was surgically removed to minimize attenuation.
Finally, for 23 acquisitions across the dataset, an expert manually identified the anatomical
slice position, including striatum (n = 11), pons (n = 2), midbrain (n = 4), hippocampus

(n = 3), and cerebellum (n = 3). Detailed metadata for every acquisition is provided in the
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Figure 6.1 Overview of animal-specific information in ULMShare.

Table 6.2 Detailed composition of the ULMShare dataset grouped by experimental protocol

Mice Acq. Injection Route Dilution Volume Probe Anatomical Coverage (Acquisitions)
Protocol 1 [74,8/]
36 64  Tail vein 1:50 4 uL/g L22-14v  Striatum (n = 11), Midbrain (n = 4), Hippo. (n = 3),
Cerebellum (n = 3), Pons (n = 2), Unreg. (n = 41)
3 6 Tail vein 1:10 4 uL/g L122-14v  Unregistered
1 1 Tail vein 1:20 4 uL/g L122-14v  Unregistered
Protocol 2 [73]
12 12 Tail vein catheter 1:10 4 pL/g L8 18iD Unregistered
3 3 Tail vein 1:20 4 uL/g L8-18iD Bregma —3 mm (n = 3)
Protocol 3 [69,267]
5 11 Retro-orbital Pure 10 pL.  L22-14v  Functional / Deep Brain targets
1 2 Retro-orbital Pure 10 L. L22-14v  Functional (Scalp Removed)

Total: 61 Mice, 99 Acquisitions.

6.3.2 ULM Processing

In addition to the raw data, ULMShare provides for each acquisition an illustrative signed
ULM density map and the corresponding detected microbubble (MB) tracks. These ULM

maps were generated using fixed, non-optimized processing parameters. Their purpose is to

provide an example of the vascular information that can be obtained from each acquisition;
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they should not be used as benchmarks for quantitative comparison. In phase-quadrature
data were beamformed onto an isometric grid with a spacing of A/4 using standard GPU-
based delay-and-sum beamforming. An f-number of 1.4 was used for data acquired with
the L22-14v probe, and 1.0 for acquisitions using the L8-18iD probe. Tissue signals were
removed from the raw data using Singular Value Decomposition (SVD) clutter filtering [72].
The first 20 singular values were removed for 1.22-14v acquisitions and the first 30 for L8-18iD

acquisitions.

Two signal-enhancement processes were then applied to the clutter-free data [268]: spatially
dependent time-gain compensation (TGC) and lag-1 autocorrelation. The spatially depen-
dent TGC aims to improve signal quality in shadowed regions. A 2D Gaussian filter with a
standard deviation of 2.25\ (corresponding to 9 pixels of the beamforming grid) was applied
to the Power Doppler (time average of the power across a set of hundred of frames) to compute
a spatially dependent TGC map. This map represents an estimate of the spatial intensity
distribution and is used to equalize intensity and reduce shadowing artifacts. Temporal lag-1

autocorrelation was then applied, reducing noise while enhancing MB signals.

On the resulting MB-enhanced data, a spatiotemporal tracking algorithm was employed to
track MB trajectories in space and time [74]. Briefly, MBs moving through space and time
resemble tubular structures with radii comparable to the point spread function (PSF), which
can be enhanced using a spatiotemporal filter. The tubular radius was set to A\ across the
image. A thinning algorithm was then applied to segment the centerlines of these tubular
structures at pixel resolution [269]. Finally, subwavelength MB positions were estimated
using a radial symmetry algorithm on regions of interest (ROI) of 15 pixels [67]. Tracks
shorter than 20 frames were considered noise and discarded. Following [74], € was fixed at
1.4 to reject tubular structures orthogonal to the temporal dimension, and 7 was fixed at
0.6 to adapt the sensitivity of the function to the non-homogeneous intensity of MB PSF

trajectories. All ULM processing parameters are summarized in Table 6.3.

6.4 Data Records

The ULMSHARE dataset is publicly available through the Federated Research Data Repos-
itory (FRDR). The collection includes 99 transcranial ultrasound acquisitions from 61 mice
recorded between March 2022 and March 2025. Each record corresponds to a single acquisi-
tion and contains raw ultrasonic channel data and structured metadata. In total, the dataset
represents approximately 30 TB of raw data. Some acquisitions correspond to datasets pre-
viously used in published studies; their associated DOIs are included in the acquisition-level

metadata files and in the global metadata.csv file.


https://www.frdr-dfdr.ca/repo/collection/tulmshare
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Table 6.3 Summary of fixed parameters used in ULM processing for each probe type.

Parameter L22-14v L8-18iD

Beamforming Grid spacing \/4 Grid spacing \/4
f-number = 1.4 f-number = 1.0

Clutter filtering | First 20 singular values re- | First 30 singular values re-

(SVD) moved moved

TGC filter size 2D Gaussian with o = 9\ 2D Gaussian with ¢ = 9\

Tracking parameters | Tubular radius = A Tubular radius = A
e=14,7=0.56 e=14,17=0.56

ROI for radial symme- | 15 pixels 15 pixels

try localization

Minimum number of | 20 20

frames per track

To support transparent processing and reproducibility, we provide example ULM maps, de-
tected microbubble trajectories, and postprocessing metrics for each dataset. These examples
are hosted in a dedicated GitHub repository to enable accessibility, version control, and con-

tinuous updates, together with a dataset summary and MATLAB helper scripts.

6.4.1 Data directory

All raw acquisitions are stored under the Data/ directory and organized by mouse index,
as shown in Fig. 6.2. Each mouse folder contains a mouse. json file describing strain, sex,
age, body weight, protocol number, and facility location. Each acquisition directory includes
a sequence.json file specifying the imaging parameters (e.g., transducer type, number of
plane-wave angles), an acquisition.json file containing acquisition-specific information
such as injection parameters or procedure details, and a raw/ folder that stores the Verasonics
channel data files (dataXXXX.bin).

6.4.2 Code directory

All example outputs and supporting resources are hosted in a dedicated GitHub reposi-
tory to enable accessibility, version control, and future updates. The repository mirrors the

mouse/acquisition hierarchy of the FRDR archive.

The examples_ulm/ directory replicates the FRDR mouse/acquisition structure. FEach ac-
quisition folder includes:
— an illustrative ULM density map (density_map.png),

— detected microbubble trajectories (tracks. json.xz),


https://github.com/provostultrasoundlab/ulmshare
https://github.com/provostultrasoundlab/ulmshare
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Data/
|  Mouse_XX/
| mouse. json
| _acquisition_01/
sequence. json
acquisition. json
raw/
data0001.bin
data0002.bin

| _acquisition_02/

Lo

. README. txt

Figure 6.2 Directory structure of the raw data stored in the FRDR repository.

— metrics (metrics.json) computed for technical validation as described in 6.5.
The file tracks. json contains localized microbubble trajectories without interpolation. It
includes a metadata section (pixel size, frame rate, units, acquisition identifier) and an
all_tracks list, where each element corresponds to a processed buffer with its buffer_index

and associated tracks.

The code/ directory provides lightweight MATLAB scripts demonstrating the typical work-
flow from raw Verasonics buffers to a simple ULM reconstruction as explained in section
6.7. These examples rely on open-source libraries such as the MATLAB UltraSound Toolbox
(MUST) [131,270,271] and the Tracking and Localization toolbox [74].

The summary/ directory contains high-level overview material to facilitate navigation:

— an aggregated metadata.csv listing all mice and acquisitions,

— an illustrative density map in images/ for rapid browsing,

— a human-readable report.md documenting data organization and provenance.
This structure allows users to explore example outputs, inspect metadata without download-
ing the raw FRDR archive.
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ulmshare/
| examples_ulm/
LA,Mouse_XX/
| acquisition_01/
density_map.png
tracks. json.xz
metrics. json

| _acquisition_02/

| _code/

| matlab/
load_raw_data.m
example_processing_script.m

utils/

. README.md

| summary/
images/
metadata.csv

report.md

Figure 6.3 Directory structure of ULM examples, summary, and helper codes hosted in the
GitHub repository.

6.5 Technical Validation

To assess the technical quality and reproducibility of ULMShare, we performed quantitative
and qualitative evaluations across all acquisitions. These analyses help readers evaluate the
suitability of each acquisition for their intended applications. In addition to many high-
quality examples, the dataset intentionally includes acquisitions of varying quality, reflecting
the realistic and heterogeneous conditions of transcranial imaging. This diversity ensures
that ULMShare offers both high-quality examples for benchmarking and more challenging

cases for the development of robust reconstruction methods.

We evaluated vascular saturation as an indicator of the proportion of perfused vasculature,
estimated spatial coherence using Fourier Ring Correlation (FRC) [272], reported average

length of detected tracks, and carried out visual inspection of all super-resolution maps.
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Together, these metrics provide a comprehensive assessment of acquisition quality and con-
sistency across the dataset. FRC, vascular and mean track length distributions across the

dataset are represented in Figure 6.4.
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Figure 6.4 Distribution of ULM validation quantitative metrics across probe types. (A) FRC,
(B) vascular saturation, and (C) mean track length. Data shown for L22-14 (n=84) and L8-
18iD (n=15) probes.The white dot indicating the median, the thick black bar representing
the interquartile range, and the thin black line extending to the data extremes.

6.5.1 Vascular saturation

Vascular saturation quantifies the fraction of the field of view visited by localized MBs
throughout an acquisition. It provides a global measure of microvascular sampling den-
sity and reflects MB injection efficiency, perfusion, imaging depth, and potential shadowing
from the skull.

Across the dataset, saturation values reflected expected differences between probe types. For
the L22-14 probe (n=84), vascular saturation ranged from 20.9% to 61.5% (median 43.9%).
For the L8-18iD probe (n=15), saturation values were lower, ranging from 0.5% to 33.2%
(median 24.2%).

6.5.2 FRC - Spatial coherence

Spatial coherence was evaluated using FRC, which measures the frequency-dependent agree-
ment between two statistically independent reconstructions. For each acquisition, the local-

ized MBs were randomly split into two halves, reconstructed independently, and the FRC
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curve computed following Hingot et al. [76]. We report the spatial frequency at which the
FRC curve crosses the half-bit threshold, which provides a data-driven estimate of the highest

spatial frequency that is coherently sampled.

Across the dataset, FRC half-bit spatial coherence scales differed markedly between probes.
For the 1.22-14 probe, values ranged from 14.21 to 41.70 pm (median 23.71pym ~ \/4). For
the L8-18iD probe, coherence scales were broader, ranging from 40.16 to 66.60 ym (median
54.74 pm ~ A/3). This change reflects the larger wavelength associated with the lower center

frequency.

6.5.3 Track length - Temporal coherence

Across acquisitions, track-length statistics exhibited moderate variability. For the L22-14v
probe, mean track lengths ranged from 29.40 to 44.10 frames (median 36.30), whereas for
the L8-18iD probe they ranged from 26.80 to 31.50 frames (median 29.20). Longer and
more continuous trajectories generally indicate higher confidence in MB localization, as they
require consistent detection across consecutive frames and are less likely to arise from noise,

clutter, or spurious localizations [73].

6.5.4 Qualitative inspection

Grade A Grade B Grade C

Figure 6.5 Representative examples of ULM reconstructions (red: flowing downward; blue:
flowing upward) illustrating the range of acquisition quality in the ULMShare dataset.

All acquisitions were visually inspected by two experienced researchers and assigned to a
three-level quality scale based on the visibility of fine vascular structures—defined here as
vessels with diameters below a fraction of the imaging wavelength (typically < 0.1-0.3)).
Grade A (high quality) corresponded to images in which these fine vessels were clearly visible
and consistently delineated across most of the field of view, forming continuous microvascu-

lar patterns. Grade B (medium quality) was assigned when fine vessels were visible only in
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certain regions, resulting in heterogeneous small-scale vascular detail. Grade C (low qual-
ity) was used when fine vessels were largely absent or indistinguishable, and the image was

dominated by larger vascular structures.

After consensus between graders, 57 acquisitions were classified as A, 24 as B, and 18 as
C. Representative examples of these three quality levels are shown in Fig. 6.5. Although
lower-quality acquisitions exhibit reduced sampling or less favorable imaging conditions, they
remain valuable for developing and benchmarking methods intended to operate robustly

under realistic constraints.

6.6 Data Availability

The raw dataset, comprising approximately 30 TB of radio-frequency data and metadata
from 99 acquisitions, is available via the Federated Research Data Repository (FRDR). De-
rived ULM maps, microbubble trajectories, and MATLAB helper scripts are hosted on the

companion GitHub repository.

6.7 Code Availability

To support the use of ULMShare, we provide a set of lightweight MATLAB functions for
loading raw data together with the associated sequence. json files. An example script il-
lustrating the workflow from raw data to a simple super-resolution map is included. This
example relies on existing open-source toolboxes and is intended solely as a demonstration
of how to interact with the dataset, not as a reproduction of the ULM maps distributed in

the repository.

Full reconstruction of the example ULM maps is not provided, as the internal processing
pipeline is hardware-specific, under active development, and not currently suitable for full
open-source release. Instead, users are encouraged to rely on established community tools.
The MATLAB UltraSound Toolbox (MUST) [131,270,271] is used for beamforming, and the

Tracking and Localization toolbox [74] is used for MB localization and tracking.

In the provided example, clutter is removed using SVD applied to beamformed data to reduce
memory usage and computation time. All processing parameters in the example scripts match

those summarized in Table 6.3.
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CHAPITRE 7 CONCLUSION

L’objectif général de cette these était d’explorer et de démontrer le potentiel de I'appren-
tissage profond pour surmonter les limitations intrinseques de la microscopie de localisation
ultrasonore (ULM), notamment, pour réduire le temps d’acquisition et améliorer la repro-

ductibilité ainsi que la robustesse expérimentale.

7.1 Synthese des travaux

Ces travaux s’articulent en quatre contributions majeures, allant de I’analyse théorique a la

mise en ceuvre pratique et au partage de ressources.

7.1.1 Analyse critique et structuration du domaine

Le premier apport de cette these (Chapitre 3) a été d’établir une analyse critique et struc-
turée de 'état de I'art. Cette revue de la littérature a permis de cartographier les approches
existantes et de souligner la prédominance des entrainements sur données simulées. En forma-
lisant la difficulté a respecter la condition i.i.d. (indépendante et identiquement distribuée)
entre les distributions d’entrainement synthétiques et les données expérimentales, elle a iden-
tifié le domain shift comme un frein majeur a la généralisation in vivo. De plus, cette analyse
a mis en exergue 'absence d’approches d’apprentissage profond pour 'imagerie 3D ainsi que
le manque de socle commun d’évaluation. Ce dernier complique notamment la comparaison

objective des méthodes existantes.

7.1.2 Passage a I’échelle pour ’ULM 3D par parcimonie

Cette these a introduit I'utilisation de réseaux de neurones a tenseur parcimonieux (Sparse
Tensor Neural Networks) en ULM 3D (Chapitre 4). En exploitant la parcimonie des signaux
de microbulles pour réduire la complexité en mémoire de deux ordres de grandeur, cette ap-
proche a permis 'application de 'apprentissage profond en ULM volumique. L’évaluation in
silico a démontré que 'ajout d’une dimension spatiale, combiné a la capacité de modélisation
de 'apprentissage profond, permet de mieux séparer les signaux de bulles se chevauchant
a haute concentration. Ces résultats ouvrent la voie a une application viable de ’'ULM en
3D, promettant une réduction significative du temps d’acquisition et du volume de données
générées. Toutefois, bien que la modélisation améliorée des signaux de bulles et les gains

en efficacité mémoire soient théoriquement transposables in vivo, I'application directe de ce
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modele s’est heurtée a un écart trop important entre les simulations d’entrainement et les

données réelles, motivant ainsi 'approche développée dans 1I'étude suivante.

7.1.3 Apprentissage in vivo et robustesse par distillation

Afin de combler I’écart entre simulation et réalité, cette these développe une méthode per-
mettant ’entrainement directement in vivo via une approche Teacher-Student (Chapitre 5),
tirant ainsi parti de la grande quantité de données expérimentales disponibles au laboratoire.
L’utilisation de ce cadre, couplée a des mécanismes de perturbation, a rendu les modeles
robustes aux dégradations du signal d’entrée. D’une part, cette stabilité accrue face a la va-
riabilité expérimentale offre des perspectives prometteuses pour améliorer la reproductibilité
des acquisitions ULM. D’autre part, la possibilité de réduire le nombre de canaux de récep-
tion (de 128 & 32) sans perte majeure de qualité constitue une piste sérieuse pour alléger les
contraintes matérielles de 'ULM 3D. En s’affranchissant totalement des simulations, cette
méthode établit un cadre d’entrainement respectant la condition i.i.d., identifiée comme cri-
tique dans notre revue de la littérature (Chapitre 3). Ce cadre permet enfin de distinguer les
gains de performance liés a ’architecture du réseau de ceux liés a la qualité des simulations,

offrant ainsi un standard rigoureux pour I’évaluation de futurs modeles d’apprentissage.

7.1.4 Base de donnée massive : ULMShare

Afin de rendre possible I'entrainement et ’évaluation des méthodes d’apprentissage dans des
conditions i.i.d., cette these présente ULMShare (Chapitre 6), la plus grande base de données
d’ULM in vivo publiée a ce jour. ULMShare constitue un jalon essentiel vers 1’établissement
de protocoles d’évaluation plus fiables pour I’ensemble des méthodes d’'ULM, qu’elles soient
basées sur I'apprentissage profond ou non. La diversité des acquisitions fournies permettra de
caractériser plus finement les limites des mesures de performance actuelles et d’en développer
de plus robustes. Enfin, ULMShare représente une ressource précieuse pour le développement
de nouvelles approches, inspirées des travaux du Chapitre 5, visant a pallier plusieurs des

limitations que nous explorerons dans la section suivante.

7.2 Limitations et recherches futures

Si les travaux présentés dans cette these marquent une avancée significative pour I’'ULM, ils
soulevent également de nouvelles questions. Cette section discute les limites intrinseques des
solutions proposées et esquisse les pistes de recherche les plus prometteuses pour 'avenir de

la modalité.
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7.2.1 Limitations principales

Nous identifions ici quatre obstacles majeurs qui restreignent la portée actuelle de nos solu-

tions.

Représentation des trajectoires de microbulles

Cette these s’est focalisée sur 'amélioration ou ’extension de formulations d’entrainements et
d’architectures existantes. Cependant, elle n’a pas approfondi I'une des limitations majeures
mentionnées au chapitre 3 : I'incorporation du contexte temporel et la représentation des
trajectoires de bulles dans 'apprentissage. Actuellement, la majorité des approches, y compris
celles présentées ici, séparent la localisation et le suivi (tracking) ou écrasent la temporalité
des trajectoires. Des architectures capables de traiter la séquence temporelle complete et de
représenter les trajectoires sans perte d’information seraient probablement plus performantes.
Elles pourraient aussi faciliter la représentation du réseau vasculaire sous la forme d'un
graphe. Il serait alors possible d’extraire directement des biomarqueurs complexes comme
la vitesse, la tortuosité ou la pulsatilité, sans dépendre de la projection sur une grille et de la
segmentation des vaisseaux. Une telle représentation permettrait une analyse approfondie et
fiable des réorganisations du réseau vasculaire lors de maladies ou en réponse a des traitements

thérapeutiques.

Propagation de biais de détection

L’approche TS-ULM propose une solution au défi majeur du transfert des modeles "sparse"
3D vers le in vivo. Cependant, I'approche Teacher-Student présentée au chapitre 5 repose
sur des pseudo-labels générés par une méthode conventionnelle (TAL). Bien que 'approche
proposée semble permettre une meilleure reconstruction que 'approche TAL en limitant la
variance de l'erreur, il est fortement possible qu’elle en reproduise les biais. L’utilisation
de simulation pourrait étre un outil essentiel pour identifier la nature et le degré de ces
biais. Finalement, ’exploitation d’un consensus entre différentes approches conventionnelles

pourrait mitiger ce probleme.

Défi d’évaluation in vivo

Une autre limitation majeure réside dans l’absence de vérité terrain absolue pour les données
expérimentales, un défi identifié des notre revue de littérature (Chapitre 3). Si la base de
données ULMShare (Chapitre 6) fournit un référentiel de données brutes indispensable pour

la communauté, elle ne pallie pas le manque de métriques de référence fiables pour juger de
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la qualité d’une reconstruction. Nos travaux sur 'approche Teacher-Student (Chapitre 5) ont
d’ailleurs mis en lumiere les incohérences des métriques actuelles dans des régimes dégradés :
nous avons notamment observé des cas paradoxaux présentant une résolution apparente élevée
(bon FRC) alors méme que la densité vasculaire était manifestement insuffisante (faible
saturation). Cette décorrélation confirme que les indicateurs standards actuels ne suffisent
pas a garantir la qualité de reconstruction, soulignant le besoin critique de développer de
nouvelles métriques d’évaluation plus robustes. Par ailleurs, il semble peu probable de pouvoir
quantifier la fidélité de la reconstruction anatomique sans validation croisée avec d’autres

modalités.

Généralisation inter-organes et inter-espéces

Les développements méthodologiques et la base de données ULMShare se sont concentrés
principalement sur I'imagerie cérébrale chez la souris. Bien que les principes méthodologiques
soient transposables, la généralisation directe des modeles entrainés vers d’autres organes
(ceeur, rein, foie) ou vers I'application clinique chez ’homme reste a démontrer. Les mouve-
ments physiologiques complexes (respiration, battements cardiaques) présents dans d’autres
organes posent des défis supplémentaires de recalage que nos modeles actuels, entrainés sur

des acquisitions stéréotaxiques stabilisées, ne gerent pas explicitement.

7.2.2 Perspectives de recherche

Les outils méthodologiques et les ressources développés dans ce manuscrit posent les fon-
dations nécessaires pour étendre les capacités de 'ULM. Nous proposons ici trois axes de

recherche prioritaires visant a converger vers une imagerie volumique robuste et accessible.

Vers un modéle unifié 3D robuste in vivo

La suite logique de ces travaux consiste a fusionner les approches des chapitres 4 et 5. En
appliquant le cadre d’entrainement Teacher-Student a des modeles utilisant la parcimonie
des trajectoires de bulles, il devient envisageable de créer un modele unifié capable de traiter
des données volumiques in vivo. Un tel développement permettrait de gérer les tres grands
volumes de données générés et d’exploiter des concentrations de microbulles élevées. L’ex-
tension vers la 3D de la réduction du nombre d’éléments auraient un impact important sur
les couts d’un systeme permettant ’'ULM 3D. Une telle avancée, combinant réduction du
temps d’acquisition, allegement du matériel et relaxation des contraintes de transfert et de

stockage, rendrait I’'ULM microscopique 3D nettement plus accessible.



115

Extension du cadre Teacher-Student

Le paradigme Teacher-Student développé pour la localisation offre un cadre flexible qui pour-
rait étre étendu bien au-dela des perturbations étudiées dans cette thése. Une perspective
majeure serait d’entrainer un modele étudiant directement sur des données brutes (avant fil-
trage du signal tissulaire), en utilisant les prédictions d’un enseignant sur des données filtrées
comme référence. Cette approche permettrait potentiellement de s’affranchir de 1’étape de
filtrage SVD, souvent nécessitant le réglage de parametre dépendant de l'acquisition et délé-
tere pour la détection des microbulles les plus lentes. De plus, ce cadre pourrait étre adapté
pour gérer des concentrations de microbulles encore plus élevées, en apprenant a séparer des
sources superposées que les méthodes conventionnelles échouent a distinguer. Enfin, la syner-
gie de multiples perturbations (bruit, décimation, superposition) combinée a I'utilisation de
modeles a plus grande capacité pourrait mener a des réseaux extrémement robustes, capables

de reconstruire des images de haute qualité dans des conditions d’acquisition dégradées.

Réduction des contraintes matérielles pour la clinique et le préclinique

Au-dela de 'amélioration de la qualité d’image, I'apprentissage profond offre une opportunité
de démocratiser 'acces a ’'ULM. Les résultats du chapitre 5 ont montré qu’un modele bien
entralné peut maintenir une haute qualité d’image méme avec un nombre réduit de canaux
de réception. Une perspective majeure est d’exploiter cette propriété pour faciliter le trans-
fert clinique de ’'ULM 3D. En couplant I'apprentissage profond avec des sondes matricielles
a adressage clairsemé (sparse arrays), il deviendrait envisageable de réaliser de l'imagerie
microvasculaire volumique avec des échographes avec moins de voies d’acquisition, réduisant
ainsi drastiquement le cotit et la complexité technique du systéme. Parallelement, ces travaux
ouvrent la voie a une démocratisation de ’'ULM 2D dans les études précliniques. En rendant
possible I'imagerie avec seulement 32 canaux, cette méthode positionne ’'ULM comme une
modalité d’imagerie transcranienne haute résolution accessible a des laboratoires ne disposant

pas d’échographes de recherche haut de gamme.

7.3 Conclusion générale

Cette thése démontre que le potentiel de I'apprentissage profond en ULM est important pour
en dépasser les limites intrinséques en temps d’acquisition et en améliorer la robustesse et la
reproductabilité. En passant de la simulation a la réalité des données in vivo et du plan au
volume, nous avons posé les fondations pour que 'apprentissage profond joue un role crucial

dans le développement de I"'ULM.
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