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1. INTRODUCTION GENERALE

Ce document présente mes activités de recherche dans le domaine de I’analyse d’images
médicales débutées au cours de ma these effectuée au Laboratoire de Biophysique du CHU de
Lille et au Centre d’automatique de I’Université des Sciences et Technologies de Lille (1988-
1992) et poursuivies en temps que Chargé de Recherche au CNRS, au laboratoire CREATIS a
Lyon depuis Octobre 1992. Ces deux périodes m’ont conduit & approfondir plusieurs
domaines du traitement d’images, a savoir la segmentation, I’estimation de mouvement et la
mise en correspondance d’images, pour deux applications médicales principales que sont
I’imagerie cérébrale et I’imagerie cardiaque. Mes travaux de thése ont porté sur le
développement d’un systeme de repérage tridimensionnel et multi-modalités en stéréotaxie
cérébrale. Ce systeme a été opérationnel au bloc opératoire du service de neurochirurgie du
CHR de Lille et utilisé pendant plusieurs années pour la préparation et I’accomplissement des
procédures stéréotaxiques du cerveau. L’imagerie cardiaque constitue mon second et actuel
domaine d’application. Certains diront que de I’une a I’autre les techniques de référence sont
les mémes. Ceci est vrai en partie seulement, car si les fondements des techniques d’analyse
d’images subsistent, les spécialités médicales sont quant a elles divisées en organes. Une des
raisons en est sans doute que le fonctionnement, la physiologie, sont trés spécifiques de
chaque organe. Les déterminants d’un diagnostic ou d’un traitement peuvent étre également
tres différents selon I’organe et la pathologie auxquels on s’intéresse méme s’il existe certains
fondements communs. On trouve ainsi des processus physiopathologiques similaires
impliqués dans I’ischémie cérébrale et cardiaque. Sans prolonger ce débat, qui a été souvent
abordé a CREATIS, on peut dire que quelle que soit I’application médicale visée une
approche pluridisciplinaire s’impose. C’est ce que nous avons tenté d’adopter durant ces
années de recherche. D’une formation initiale universitaire d’automaticien, je me suis efforcé
d’élargir mon champ de connaissances dans plusieurs directions : en imagerie médicale, en
médecine (bases) en particulier du systéme cardio-vasculaire; en modélisation mathématique
au sens large, en mécanique des milieux continus, biomécanique et statistiques; et en
informatique qui reste I’outil de base. Ceci a bien entendu été possible grdce a un
environnement local trés favorable, lié a la composante médicale de I’Unité et a d’autres
compétences scientifiques externes.

Aujourd’hui, je percois mon role a I’interface entre des communautés de spécialités; la
communauté médicale (radiologie, cardiologie, physiologie) et la communauté des sciences
«dures » (traitement du signal et des images, informatique, mathématiques appliquées,
mécanique, optimisation...). C’est en tout cas ce que j’essaye d’appliquer au quotidien en
particulier au sein du théme STIC « Imagerie dynamique » et du theme médical « Ischémie
myocardique » a CREATIS. La principale difficulté étant de conserver un équilibre entre des
activités de recherche totalement orientées vers les applications et, a I’inverse, des recherches
exclusivement fondamentales.

Ce document est constitué de deux parties. La premiere partie présente mes
contributions de recherche en analyse d’images cardiaques. J’ai cherché a mettre en évidence
les verrous scientifiques et les solutions innovantes que j’ai apporté. Ces travaux ont été
menés pour leur plus grande part en collaboration étroite avec des doctorants. La seconde
partie résume I’ensemble de mes activités de recherche, d’enseignement et d’animation de la
recherche ainsi que mes responsabilités collectives a I’intérieur et I’extérieur de CREATIS.
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PARTIE A :
ACTIVITES DE RECHERCHE
PERIODE 1992-2005
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1. INTRODUCTION

L’imagerie médicale a vécu un essor considérable ces trente derniéres années.
L’Imagerie par Résonance Magnétique (IRM) en est peut-étre un des exemples les plus
marquant. De la découverte de la Résonance Magnétique Nucléaire par Bloch et Purcell en
1946 (prix Nobel de physique en 1952), il a fallu attendre le début des années soixante dix
pour qu’apparaissent les premieres applications en imagerie médicale sous I’impulsion de
Paul C. Lauterbur, Sir Peter Mansfield et Raymond Damadian. Depuis les années quatre
vingt, cette modalité n’a cessé de se diversifier et a diffusé tres largement dans le milieu
médical et clinique. Le prix Nobel 2003 de Médecine a été attribué conjointement a Paul C.
Lauterbur et Sir Peter Mansfield, reconnaissant ainsi I’impact majeur de leur découverte dans
la pratique médicale [1]. L’imagerie des organes en mouvement introduit un nouveau
‘challenge’ car en dépit de développements technologiques sans précédent, peu de modalités
sont aujourd’hui capables d’acquisition en (quasi-) temps réel. L’imagerie ultrasonore
(échographie) permet de réaliser des acquisitions a trés hautes cadences (25 images/seconde
de facon courante et jusqu’a 300 images/secondes et plus). Elle présente de plus I’avantage
d’un codt nettement moins élevé que des tomographes a rayons X ou IRM mais la qualité de
I’information image reste encore nettement en deca et limitée en pratique clinique au 2D". La
tomographie a rayons X opére un retour sur le devant de la scene de I’imagerie cardiaque avec
les scanneurs multi-barrettes. Cependant, comme en IRM, des techniques de synchronisation
avec I’Electrocardiogramme (ECG) et la respiration sont requises pour reconstruire une
information dans le temps. L’acquisition rapide d’images constitue actuellement un enjeu
majeur comme le montre par exemple les sessions du prochain congres de la Société
Internationale de Résonance Magnétique en Médecine en Mai 2005 (ISMRM, Tutoriel de
Jirgen Hennig « Fast imaging horizons in rapid MR Imaging »).

Cette évolution remarquable s’accompagne d’un accroissement massif des données
acquises dans les centres hospitaliers. Ainsi, la production annuelle d’un département de
radiologie, toutes spécialités confondues, dépasse les 10 TéraOctets (10%) et I’on parle
maintenant de PetaOctets (10™°) au niveau des pays. Ceci implique une premiére difficulté qui
est de pouvoir gérer, stocker et accéder a cette masse de données. C’est I’objet des systémes
d’archivage et de communication d’images (PACS, ‘Picture Archiving and Communication
Systems”) de plus en plus présents dans les centres hospitaliers. La seconde difficulté concerne
I’exploitation intelligente des images. Par intelligente, on entend qu’il s’agit d’extraire de
maniere efficace une information pertinente destinée a aider le praticien a établir un
diagnostic ou a réaliser un geste chirurgical. Les travaux rapportés dans ce document sont une
contribution au développement de systemes d’analyse d’images médicales. Ils proposent des
solutions pour I’extraction d’information et de parametres quantitatifs en imagerie cardiaque.
Ce contexte est trés exceptionnel du fait de la complexité du systeme physiologique cardio-
vasculaire et de la grande diversité des processus fonctionnels impliqués. On rappelle
également I’enjeu de santé publique des maladies cardio-vasculaires qui représentent la
premiere cause de déces dans les pays dits industrialisés. L’appréhension, la compréhension et
la modélisation du systéme cardiaque nécessitent une approche pluridisciplinaire intégrant des
connaissances de la physique et des spécificités des systémes d’acquisition de données, de la
physiologie et de la physio-pathologie du cceur et du systeme cardio-vasculaire, des
techniques de traitement de signal et de I’image. Le dénominateur commun des méthodes
développées est précisément constitué par la démarche pluri-disciplinaire et le recours
systématique a des techniques de modélisation que se soit de formes ou de fonctions. Dans le
cadre de I’action spécifique (AS) du CNRS intitulée « Intégration de connaissances et

! Des sondes ultrasonores multiplans 3D existent depuis bientdt 10 ans.
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modélisation en imagerie médicale » (ICoMIM), qui a réunit de nombreux acteurs frangais
impliqués dans I’analyse d’images en Génie Biologique et Médical, nous avons tenté de
formaliser la démarche de conception des systemes de production et d’analyse d’images
médicales, de I’idée originale du systeme a son utilisation dans un contexte médical en
passant par son élaboration et son implantation. Les développements décrits dans ce mémoire
suivent cette démarche et la particularisent a I’analyse d’images fonctionnelles du ceeur.



2. CONTEXTE MEDICAL

Les maladies cardiovasculaires représentent une pathologie majeure dans les pays
industrialisés. On peut prendre la mesure d'un tel état de fait en notant qu’aux Etats-Unis une
personne sur cing souffre d’une forme de maladies cardiovasculaires et 2600 personnes en
déceédent chaque jour®. Enfin, le codt direct et indirect de ces pathologies est estimé & prés de
400 milliards de dollars par an. En Europe, 40% des décés avant l'age de 74 ans sont dus a
une maladie cardiovasculaire, méme si on observe des disparités selon les pays®.

Depuis sa creation, le Laboratoire de Traitement du Signal et Ultrasons devenu
CREATIS, né de la réunion de chercheurs en Sciences et Technologies de I’Information et de
chercheurs en médecine, a fait des maladies cardiovasculaires un de ses domaines médicaux
d’investigation privilégié. La pathologie a laquelle nous nous intéressons plus
particulierement est I’ischémie myocardique qui provient d’un déficit de I’irrigation du
muscle cardiaque (myocarde) du a I’obstruction plus ou moins prononcée d’un ou plusieurs
vaisseaux (les artéres coronaires). La forme critique de la maladie engendre I’infarctus du
myocarde. L’altération des tissus myocardiques qui en résulte est un phénomeéne évolutif
complexe. La séquence des evenements consécutifs a un épisode ischémique est connue sous
le nom de cascade ischémique (Figure 1).

— Déséquilibre entre consommation/apport O
5 Déficit de perfusion
——— > Affaiblissement diastolique

»

» Déficit de contraction

»  Signes électriques (ECG)

> Signes cliniques (angine de poitrine)

Figure 1. La cascade ischémique illustre les conséquences de I’obstruction d’une artére
coronaire

Le clinicien doit tout d’abord identifier la ou les artéres obstruées et les territoires du
cceur menaces. Puis il lui faut déterminer la procédure thérapeutique la mieux adaptée :
traitement  médicamenteux, angioplastie ou  revascularisation chirurgicale. La
revascularisation est cependant un geste invasif et risqué dont il est important de déterminer
les bénéfices a priori. On congoit intuitivement que le déficit d’apport en nutriments aux
cellules myocardiques engendre un déreglement de leur fonction qui peut aboutir a la mort
cellulaire. Le concept de viabilité tissulaire a été introduit afin de traduire I’état fonctionnel
des tissus et leur potentiel a recouvrer une fonction normale. En clinique, I’analyse in vivo a
I’échelle cellulaire n’étant pas possible, on doit se contenter d’observations a I’échelle
macroscopique grace aux techniques d’imagerie medicale. Les études de la physiopathologie
cardiaque d’origine ischémique ont porté sur la perfusion, le métabolisme, la contractilité
cardiaque et leurs interrelations. De maniére schématique, un équilibre existe entre perfusion,
métabolisme et fonction contractile dans le myocarde normal. L équilibre est rompu lors d’un
épisode ischémique. Selon sa durée et ses caracteristiques, I’évolution peut-étre trés diverse et
de nombreux mécanismes et phénomeénes ont été identifiés, comme la sidération,

2 Source: American Heart Association, 2005, http://www.americanheart.org/
% Source: Eurostat, 2002
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I’hibernation, etc. Ainsi, des régions ou la captation relative du glucose est supérieure a la
perfusion relative (régions dites de « mismatch ») sont considérées comme indicatrice de
I’hibernation myocardique. Elles sont censées étre dysfonctionnelles au repos et améliorer
leur fonction contractile aprés revascularisation. Alejandro Mazzadi montre dans sa these sur
I’étude des couplages entre perfusion, métabolisme glucidique et fonction contractile en
imagerie fonctionnelle cardiaque chez I’hnomme [2], que la réalité semble plus complexe. Il a
ainsi mis en évidence des discordances entre viabilité fonctionnelle (fonction contractile) et
viabilité métabolique et conclut a une faible valeur prédictive des parameétres issus des
imageries pour I’estimation de la récupération fonctionnelle a I’issu d’une revascularisation.
Cependant, I’étude des couplages semble intéressante pour I’évaluation de nouvelles
molécules pharmacologiques ou les nouvelles thérapies géniques.

Ce trés court résumé des enjeux actuels en cardiologie montre les besoins en termes de
mesure de paramétres caractéristiques des différentes fonctions considérées que sont la
perfusion, le métabolisme et la fonction contractile myocardique. La perfusion peut étre
évaluée en tomographie d’émission monophotonique (TEMP) grace a I’utilisation d’un
radiotraceur émetteur de photons vy, en échocardiographie de contraste, en IRM et en
Tomographie par Emission de Positons (TEP) qui est considérée comme la technique de
référence. La TEP et la spectrométrie RMN permettent une mesure du métabolisme. Seule la
TEP, en particulier avec injection de déoxyglucose marqué au fluor (18F-FDG) est utilisée en
clinique. Enfin, la fonction contractile peut étre évaluée de maniére trés partielle en
angiocardiographie a rayons X. En médecine nucléaire, la fonction contractile est
habituellement évaluée de maniére globale par gamma-angiographie a I’aide d’un traceur
radioactif. L’échocardiographie permet également d’apprécier la fonction de maniere plus
locale et bénéficie d’une tres bonne résolution temporelle. Les scanners a rayons X récents a
acquisition hélicoidale ou multi-barettes permettent I’étude de la fonction avec une tres bonne
résolution spatiale et une résolution temporelle en augmentation. L’IRM avec en particulier
I’IRM de marquage tissulaire apparait comme la modalité non invasive de référence pour
I’estimation globale et locale de la fonction contractile. Les séquences de réhaussement tardif
donnent, par ailleurs, une information assez précise sur I’étendue des zones de nécrose.
Notons que les techniques tomographiques qui permettent une étude en 3D requiérent une
synchronisation a I’ECG et a la respiration pour I’acquisition des informations au cours du
cycle cardiaque. D’autres fonctions cardiaques, comme I’activité électrique et magnétique,
peuvent étre étudiees grace a I’électrocardiographie (ECG) et la magnétocardiographie
(MCGQG). Les arythmies sont des anomalies du rythme cardiaque qui peuvent étre détectées par
de telles techniques. Certaines études ont montré que des cartographies de champ magnétique
issues de la MCG lors d’épreuves d’effort pouvaient permettre la détection d’une ischémie [3,
4]. Le Tableau 1 synthétise les différentes modalités utilisées pour les études fonctionnelles
du cceur avec leurs principales caractéristiques.

La plupart de ces techniques ne délivre pas une information directement utilisable et
quantitative. Un post-traitement des données s’avere généralement nécessaire pour extraire les
parameétres structurels et fonctionnels pertinents. Nous présentons dans la section suivante les
principaux verrous que I’on peut identifier dans le domaine de I’analyse d’images cardiaques.



Modalités Fonction Traceurs / Agent | Résolution spatiale Résolution Invasivité | Limitations Disponibilité Codt
mesurable de contraste temporelle
TEP Meétabolisme 3D, ~isotrope, + e Equipement conséquent, - +++
- glucidique BE-FDG _ Nécessité d’un cyclotron
- oxydatif 1C-Acétate pﬁgsne]z) (20 Résoluton spatal
—_ H ] [ ]
Récepteurs UC.MHED S 4 mm o typique, | oon e ECG
. . 2.1mm pour les
innervation 1C-MQNB meilleures caméra
cardiaque
"C-CGP
Perfusion 1G-NH3,
150-H20 ~mm pour la uTEP
TEMP Perfusion Thallium 201, | ~ 8 mm, courant Synchro ECG +++ e Résolution spatiale, ++ +
99Tc-Sestamibi, . , .
99Tc-tétrofosmine e Injection d’un produit contraste
Fonction G
~<mm pour la pyTEMP
Angiocardiographie | Fonction G Agent de contraste | 2D, multi-plans, 20ms +++ e Injection d’un produit contraste + +
iodé L
Projections, ¢ Imagerie en projection
<lmm
Tomodensitométrie Agent de contraste + e Résolution temporelle encore ++ ++
a Rayons X Anatomie iodé 3D, 600um limitee,
(cceur-vaisseaux) e Injection d’un produit contraste
Spiralée | Fonction ~100ms,
Perfusion Synchro ECG
IRM ~15ms, - Contre-indications : + +++
Anatomique | Formes, volumes 3D, ~1mm Synchro ECG pacemakers...
Ciné, tagging | Fonction G/L 2D+, ~1/7mm Apnée ou
Seq. Perfusion | Perfusion Gadolinium,... 2D+, 2-3 mm respiration libre

500 pum pour la pIRM
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Echocardiographie e Qualité image, - +
Perfusion (animal) | pParticules 2D ++ e Reproductibilité,
gazeuses ) .
e Images en éventail
Mode B | Anatomie 2D --
3D, 0.3mm en
profondeur, <5ms
Doppler | Flux 1D+ --
Doppler tissulaire | Fonction G/L 1D+, ~1um/2mm --
ECG
Standard | Activité élect. G - -- Information globale ++ --
Mapping de | Activité élect. L +++ Peu pratiqué ++
potentiels de surface
MCG Activité magn. L ~6mm® 1ms - « Résolution spatiale, I

e Probléme inverse

Tableau 1. Les différentes modalités et leurs principales caractéristiques (G=globale, L= Locale)
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3. HISTORIQUE ET VERROUS

L’exposé du contexte montre que I’étude des pathologies cardiaques repose sur une
imagerie fonctionnelle multi-modalités. A partir de cette imagerie, les besoins du médecin
sont de:

bénéficier d’une information pertinente et utile

disposer de parameétres quantitatifs précis et discriminants

corroborer des informations d’origines diverses (multi-modalités)

Il s’agit donc de développer de nouvelles méthodes de traitement numérique d’images
afin de:

- Améliorer la qualité des images (bruit, contraste...)

- Extraire des structures et des parametres anatomiques et fonctionnels
- Mettre en correspondance des données multi-modalités

- Analyser les données d’un méme patient ou de patients différents.

Dans I’objectif de [I’évaluation des fonctions cardiaques principales (perfusion,
contraction, métabolisme, activité électro-magnétique) et pour chaque modalité (voir Tableau
1), on peut identifier des difficultés associées a chacune de ces opeérations de traitement
d’images. Nous nous limiterons ici a I’analyse des problémes posés en termes de traitement
d’images par I’évaluation de la perfusion et, surtout, de la fonction contractile et d’aide a la
guantification et a I’interprétation. Nous parlerons peu du développement d’agents de
contraste ou de nouvelles techniques d’acquisition qui sont pourtant a la base de nos travaux
mais qui ne sont pas notre spécialité. L’efficacité des méthodes d’analyse d’images est en
effet directement conditionnée par la qualité des données a traiter. Nous avons pu constater au
cours de ces années de recherche combien les difficultés rencontrées a I’origine d’un
développement se sont trouvées grandement diminuées ou, au contraire, compliquées avec
I’évolution des techniques d’acquisition. Il existe de fait une dépendance directe naturelle
entre la qualité des données acquises, les résultats escomptés et les résultats obtenus.

3.1. EVALUATION DE LA PERFUSION

La perfusion myocardique est étudiée de longue date au laboratoire. 1l s’agit d’études
qualitatives et quantitatives qui ont debouchées sur une meilleure connaissance des agents de
contraste en IRM, sur la mise au point de méthodes de correction d’artefacts et sur le
développement de méthodes d’analyse quantitative de la perfusion conduisant a la génération
de cartes paramétriques régularisées de la perfusion [5]. Les séquences IRM disponibles sur
les imageurs récents fournissent aujourd’hui des images de trés bonne qualité qui permettent
une analyse correcte de la perfusion myocardique [6]. De nombreuses études cliniques ont
démontré que I’IRM est une technique opérationnelle d’estimation de la perfusion
myocardique au repos et sous stimulation [7]. Les évolutions futures envisageables de
I’imagerie de premier passage en IRM concernent le développement d’agents intravasculaires
plus performants, I’optimisation des séquences d’excitation RF et I’imagerie & plus au champ
(3T) pour augmenter le rapport signal sur bruit (RSB) [8]. Jerosh-Herold remarque cependant
que la qualité des résultats dépend beaucoup des approches choisies pour I’analyse de la
perfusion [9]. La diffusion des logiciels et des méthodes d’analyse d’une part et des études
cliniques d’autre part devrait déboucher sur une standardisation des procédures. Le calcul des
cartes de perfusion repose aussi sur le développement de techniques de compensation du
mouvement cardiaque, indispensables pour la reconstruction locale correcte des courbes de
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premier passage a partir des séries dynamiques d’images acquises. Les artefacts engendrés par
les inhomogénéites de champ ne semblent en revanche pas avoir d’impact direct sur
I’estimation des parameétres quantitatifs de la perfusion comme le debit et le volume régional
sanguins [6].

3.2. EVALUATION DE LA FONCTION CONTRACTILE

L’effet des occlusions coronaires sur la contraction myocardique a été mis en évidence
par Tennant et Wiggers dans les années trente [10]. La dynamique cardiaque est aussi une des
premiéres fonctions a avoir pu étre observée d’abord de maniére directe et expérimentale chez
I’animal puis grace aux techniques d’imagerie chez I’homme. Comme le souligne D.
Friboulet [11], I'estimation du mouvement cardiaque en terme d'analyse d'images est un
probléme difficile au moins pour deux raisons principales :

e le mouvement cardiaque est un phenomene 4D (3D + temps) de nature complexe
[12] piloté par la propagation d’une onde de dépolarisation a la surface du cceur et les
régimes de pression dans les différentes structures cardiaques et vasculaires. La
phase d’éjection du sang, par exemple, débute lorsque, la pression intraventriculaire
dépassant la pression aortique, la valve aortique s’ouvre. Le ventricule gauche se
contracte ce qui se traduit par un raccourcissement circonférentiel et un
épaississement radiaire des fibres musculaires du myocarde (fibres myocardiques).

e la"vision" de ce phénoméne que nous donnent actuellement les modalités d'imagerie
disponibles est encore parcellaire. Tout d’abord, on mesure essentiellement les effets
c'est-a-dire les formes et leur évolution au cours du cycle cardiaque. D’un point de
vue mécaniste, seules les deformations sont accessibles, pas les contraintes. Du point
de vue de la mesure des déformations, les données “idéales” devraient non seulement
présenter une trés bonne résolution dans les 3 dimensions spatiales et dans la
dimension temporelle (on notera que la vitesse de la paroi cardiaque peut atteindre
des valeurs de I'ordre de 15 cm/s) mais de plus fournir des informations sur la vitesse
ou le déplacement des structures cardiaques. Malgré les évolutions récentes sur ce
dernier aspect (IRM de marquage tissulaire et de contraste de phase, imagerie
Doppler myocardique en échographie ultrasonore), aucune des modalités concernées
n'est a I'neure actuelle capable de fournir de telles données. Elles obligent donc a un
compromis entre résolution temporelle, résolution spatiale et obtention des
informations de déplacement.

Une somme considérable de travaux en imagerie et en traitement d'images a été
consacrée a l'estimation et a la caractérisation du mouvement tridimensionnel du cceur a partir
de séquences d'images [13]. Dans la mesure ou il représente la cavité principale du cceur, la
plupart de ces études se sont particulierement intéressées au ventricule gauche (VG).

3.2.1. Approches initiales

La quantification du mouvement cardiaque a d’abord reposé sur I’analyse de la
balistique de marqueurs radio-opaques implantés chirurgicalement sur des animaux et
observés en angiocardiographie. Une telle approche est manifestement traumatisante et ne
permet I’étude que d’un nombre restreint de sites. Des approches moins invasives se sont
intéressées a I’analyse de la cinétique de la paroi cardiaque et I’identification de cas de figure
particuliers (Figure 2). Pour I’aide au diagnostic, les centres cliniques se sont mis a
développer chacun leur propre technique de quantification de la cinétique pariétale (méthodes
de la ligne centrale, des rectangles, radiale, surface, etc.). En 1982, a I’occasion du
symposium international “Ventricular wall motion’, les organisateurs U. Sigwart et P. H.
Heintzen concluent a la grande variabilité individuelle et inter-individuelle des paramétres de



mouvement [14]. lls déplorent le manque de mise en commun et de standardisation des
procédures et incitent a la réunion de cardiologues et d’ingénieurs pour faire émerger de
nouvelles solutions.

Figure 2. La dynamique pariétale. 1- Normal. 2- Akinésie.  3- Hypokinésie. 4-
Dyskinésie (extension systolique paradoxale). Ventriculographie a droite.

Mancini est un des premiers a proposer la courbure pour caractériser localement les
variations de forme du VG entre la télédiastole et la télésystole et également comme une
alternative de mesure de la cinétique pariétale [15]. Duncan et al. ont proposé peu apres de
caractériser la forme locale du contour télé-diastolique par une énergie de flexion nécessaire a
la déformation de ce contour vers un contour moyen représentant la normalité [16]. Ces
travaux ont constitué le point départ d’une série de développements sur la segmentation et la
mise en correspondance de surfaces cardiaques (voir par exemple [17-19]) grace aux données
délivrées par le prototype de reconstructeur spatial et temporel a rayons X, DSR (Dynamic
spatial Reconstructor), développé a la Mayo Clinic, Rochester, USA [20]. Equipé de 14
sources, ce systéme pouvait acquérir 120 coupes adjacentes d’épaisseur 0.9mm en 1/60°™ de
seconde [21]. De nombreuses études expérimentales et methodologiques ont ainsi pu étre
réalisées grace a ce systeme.

3.2.2. IRM

Les séquences anatomiques en IRM (ciné IRM) ont suscité des développements en
termes d’analyse d’images en particulier pour I’estimation de paramétres globaux du ceceur
comme les volumes cavitaires, la fraction d’éjection et des parameétres régionaux comme
I’épaississement segmentaire pariétal. De plus, I’IRM est reconnue comme étant reproductible
et non-invasive [22]. Des logiciels, destines a faciliter I’analyse, ont été développés dont le
plus connu est sans doute MRI-MASS*. Bien que de plus en plus de fonctionnalités (semi-)
automatiques soient intégrées dans ces logiciels, I’analyse de la fonction cardiaque en
3D+temps reste une opération qui demande un contrdle continu de la part de I’utilisateur et
beaucoup de temps. En effet, un protocole d’acquisition standard comporte plusieurs niveaux
de coupes (5 a 10, typiquement) et de 10 a trente phases. Il s’agit d’extraire les contours
endocardiques et épicardiques de I’ensemble de ces images avant d’accéder a une
reconstruction surfacique 3D des parois. Les outils destinés a faciliter ce type d’opération sont
toujours au stade d’étude. Les approches 3D+temps que I’on voit apparaitre actuellement
reposent généralement sur des modeles anatomiques a priori.

Pour une estimation locale du mouvement, des méthodes d’estimation de champs
denses de mouvement ont été proposées [23] (voir [24, 25] pour des applications en
tomodensitométrie X). Mais I’'IRM standard, comme les autres imageries tomographiques
anatomiques, se heurte au mangue de correspondances explicites entre les images des
séquences dynamiques. La technique de marquage tissulaire en IRM [26, 27] tente de pallier

* http://ww.medis.nl/MainFrameProducts/Products/MriMass/
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ce probleme. Initialement réservée a quelques centres specialisés dans le développement de
séquences IRM, cette technique est aujourd’hui disponible dans certains sites de recherche
mais rarement en routine clinique. De nombreuses études méthodologiques ont été menées par
les groupes disposant non seulement des séquences IRM adéquates mais aussi des
programmes de post-traitement indispensables pour I’exploitation quantitative des images. Il
s’agit essentiellement de groupes nord-américains (Johns Hopkins Hospital and University -
E. Zherouni, E. MCVeigh, J. Prince, University of Pennsylvania - L. Axel, D. Metaxas,
University of Auckland - A. A. Young) et du groupe de Zurich (University and ETH-Zurich -
P. Boesiger). A Lyon, ce type de séquence est arriveé vers 1993-1994. C’est a cette époque que
nous avons débuté nos travaux de recherche sur ce type d’images, travaux qui ont été
renforcés a I’issu du sejour de Pierre Croisille au Johns Hopkins Hospital. Une dizaine
d’années de développement dans ce domaine est consignée dans I’ouvrage collectif récents
« Measurement of cardiac deformations from MRI : physical and mathematical models » [28].
Les évolutions actuelles tendent par la combinaison de différentes techniques a augmenter la
résolution temporelle, la densité spatiale et la persistance du marquage. Ainsi dans [29], la
combinaison d’une séquence de marquage tissulaire de type CSPAMM (Complementary
SPAMM) et d’une séquence d’imagerie spiralée a permis d’acquérir des séquences d’images
avec un espacement de marquage de 4 mm en une apnée (16 phases de résolution temporelle
35 ms). Alternativement, une séquence avec une résolution temporelle de 13 ms a été acquise
avec un espacement de marquage de 8 mm. On observe une excellente persistance du
marquage et une stabilité du contraste dans les images sur tout le cycle cardiaque.
L’utilisation en clinique de I’IRM de marquage tissulaire est toujours limitée du fait de
I’absence d’outils de traitement d’images adaptés pour accéder aux propriétés contractiles
locales intra pariétales. Les premieres méthodes de traitement développées essentiellement
dans le cadre de I’évaluation de la technique d’imagerie elle-méme étaient majoritairement
basées sur I’extraction du motif de marquage et I’analyse de sa déformation. Ce type
d’approche est difficilement envisageable en cliniqgue méme si des techniques de traitement
d’images peuvent y aider. L’utilisateur doit en effet contrdler chaque ligne de marquage
extraite et vérifier sa cohérence spatiale et temporelle. La technique d’images par RM
harmoniques de phase (IRM-HARP, Harmonic Phase MRI (HARP-MRI) en anglais) est la
premiere a pouvoir revendiquer un temps de traitement compatible avec la pratique clinique
méme si elle est 2D jusqu’a présent. Introduite par Osman et Prince [30-32], elle a été validée
chez I’homme et I’animal [33]. Un de ses avantages principal est la limitation de
I’intervention de I’utilisateur et sa rapidité. Les inventeurs, conscients de I’intérét stratégique
de la quantification en IRM de marquage tissulaire, ont créé la Société Diagnosoft’.
L’avancée majeure a venir concerne I’extension en 3D+temps de cette technique (ou d’une
technique équivalente) pour une utilisation en routine clinique.

La technique d’IRM de contraste de phase repose sur la mesure de décalages de phase
induits par le mouvement [34]. Cette technique souffre cependant d’une grande sensibilité au
bruit et d’un temps d’acquisition long en 3D (d’ou des artefacts dus a la respiration, entre
autres). L’équipe de Stanford a récemment proposé une approche 4D, validée par rapport a
I’approche 2D classique, qui semble prometteuse [35] mais pas encore utilisable en clinique.

3.2.3. Tomodensitométrie a rayons X

Outre le cas assez exceptionnel du Dynamic Spatial Reconstructor, I’utilisation de la
tomodensitométrie pour I’imagerie cardiaque a pendant longtemps été limitée par la nécessité
de disposer d’un équipement particulier : I’Electron Beam CT (EBCT) dont la résolution

> http://www.diagnosoft.com/



temporelle est de 33ms. L’arrivée de la technologie multi-barettes change cet état de fait et
I’imagerie 3D rapide synchronisée sur I’ECG du cceur devient accessible [36]. Il est ainsi
possible de reconstruire rétrospectivement une serie de phases du cycle cardiaque (8 phases et
plus) en une apnée comme en Ciné-IRM [37]. Cette technique peut étre utilisée dans des cas
contre indiqués en IRM pour les patients possedant un pacemaker implanté ou une prothese
en matériau magnétique. Par contre, le patient est soumis a des radiations ionisantes avec
injection d’un produit de contraste iodé. Les performances sont comparables voire supérieures
a I'IRM en particulier pour la détection d’anomalies des coronaires [36]. La
tomodensitometrie multi-détecteurs avec injection de produit de contraste peut également
fournir des indications sur la perfusion myocardique [38].

3.2.4. Echocardiographie

Les évolutions en échocardiographie sont surtout marquées par |’augmentation
significative des cadences d’acquisition ce qui a pour principal effet de diminuer la
décorrélation entre les images successives de la séquence. L’imagerie doppler des tissus est
une technique récente permettant la mesure des vitesses intra-myocardiques avec une bonne
résolution temporelle [39],[40]. Mais I’exploration spatiale reste limitée au 1D ou 2D pour
I’instant. L’extension en 3D des techniques ultrasonores (modeB, doppler de flux et tissulaire)
est sans doute un enjeu majeur. On peut distinguer 3 catégories de systemes tridimensionnels
ultrasonores [41]. Avec les systemes mains libres, des plans images sont acquis a des
positions et dans des orientations arbitraires. Un dispositif de localisation 3D enregistre la
position du transducteur 2D dans I’espace et au cours du temps. La reconstruction d’un
volume repose sur I’intégration en 3D des plans acquis. Les principales limitations de cette
méthode reposent sur la précision du systeme de localisation et sur I’habileté du clinicien a
positionner la sonde pour acquérir suffisamment de données afin de réaliser une
reconstruction 3D correcte. Il existe par ailleurs des systémes a balayage mécanique linéaires,
coniques ou en rotation [42] qui conduisent généralement a des reconstruction 3D de
I’anatomie plus précise que les systémes mains libres au prix d’une cadence d’acquisition plus
lente et d’un champ de vue plus réduit. Une synchronisation a ’ECG est requise pour le tri
des données. Les systéemes électroniques a matrices 2D de transducteurs sont les seuls
dispositifs conduisant a une réelle imagerie 3D ultrasonore en temps réel. Cette technologie a
été explorée par Olaf von Ram et Stephen Smith a la Duke University [43]. Elle souffre
cependant d’une résolution spatiale limitée et d’un fort niveau de bruit. La géométrie
d’acquisition est pyramidale couvrant un espace de 63° x 63° en azimut et en élévation. Un
transducteur matriciel standard peut acquérir une matrice 64x64x512 tous les 1/22eéme de
seconde sans nécessiter de synchronisation a I’lECG ou la respiration, permettant ainsi I’étude
de la dynamique cardiaque [41]. C6té constructeurs, le systéme Live 3D Echo de Philips® est
annoncé comme devant révolutionner la pratique de I’échocardiographie. Equipé d’un
transducteur matriciel de 3000 péléments, il est capable de produire des séquences de
volumes du cceur battant, et de permettre une évaluation et une quantification directement en
3D. Nous n’avons pas vu fonctionner ce systeme mais il est certain qu’il ouvre de grandes
perspectives pour de nombreuses applications cliniques. Selon [44] et [41], le déploiement des
systemes d’échographie 3D temps réel en routine clinique repose sur I’amélioration de la
qualité des transducteurs matriciels (résolutions spatiales, speckle, artefacts d’atténuation), le
développement d’outils interactifs et simples de manipulation des images 3D acquises selon
des plans de coupes quelconques, la mise au point de nouvelles méthodes, adaptées a la
modalité, de débruitage, de segmentation et de quantification (formes, mouvement) spatio-
temporelles. Nous partageons ces conclusions.

® http://www.medical.philips.com/main/products/ultrasound/cardiology/
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L’analyse du mouvement en échocardiographie est une tache difficile. Les techniques
de flux optique, bien que peu adaptées en principe compte tenu de la décorrélation du speckle
dans la sequence ont eté utilisées pour extraire le mouvement en échocardiographie 2D [45,
46]. Plus récemment, des méthodes basées sur les modéles déformables avec intégration de
connaissances de la forme (active shape models) et de la dynamique cardiaque (filtrage de
Kalman) ont été introduites [47-49] et donnent des résultats prometteurs. L’analyse factorielle
est une alternative originale a la quantification de la cinétique pariétale [50]. Elle est en court
d’évaluation dans le cadre d’un projet national. Des techniques plus spécifiques a la modalité
reposant sur I’analyse du signal RF sont prometteuses pour I’estimation des vitesses, avec une
bonne précision dans la direction axiale [40]. En échocardiographie 3D+temps, une analyse
spatio-temporelle 4D des données constituée d’un filtre de débruitage espace-fréquence suivi
d’une segmentation par modele déformable conduit a des résultats intéressants [51].

3.3. COMBINAISON D’ INFORMATIONS MULTI-MODALITES

Dans la section précédente, nous avons mis en évidence I’intérét d’étudier
conjointement différents aspects de la fonction cardiaque dans le cadre de I’évaluation de la
viabilité myocardique. La perfusion, le métabolisme et la fonction contractile peuvent étre
estimées par différentes modalités d’imagerie en vue de I’étude de la viabilité myocardique
(Figure 3). La viabilité myocardique pourrait, selon certains auteurs, étre estimée uniquement
en IRM en combinant IRM dynamique, de test d’effort et de rehaussement tardif, cette
derniere donnant I’étendue transpariétale des zones infarcies [52].

Informations structurelles Métabolisme (TEP)
{(IRM, US, TDM)

3

Perfusion

(TEP, IRM, US, TEMP) Viabilité myocardique

Propriétés électriques
Imagnétiques
{MCG, ECG)

Fonction contractile
(IRM, US)

Figure 3: Recalage et fusion de données cardiaques pour I’étude de viabilité myocardique

L’ analyse conjointe requiert la mise en correspondance d’images aux caractéristiques
tres différentes que se soit en termes de géométrie d’acquisition, de résolutions spatiale et
temporelle et de niveaux de gris. Le recalage d’images a fait I’objet de trés nombreux travaux,
particulierement en imagerie cérébrale. Le recalage en imagerie cardiaque est plus ardu
compte tenu des mouvements permanents respiratoire et cardiaque. Le cceur présente
également peu de repéres anatomiques sur lesquels appuyer la mise en correspondance. Enfin,
les images cardiaques sont acquises avec des résolutions spatiales plus faibles
comparativement a I’imagerie cérébrale. Nous avons réalisé un état de I’art des méthodes de
recalage en imagerie thoracique et cardiaque [53] qui ont été divisées en 2 catégories
principales: les méthodes basées sur des structures géométriques préalablement extraites des
images et les méthodes basées sur les mesures de similarité de niveaux de gris (méthodes
aussi appelées iconiques). Il ressort de cette étude que la grande majorité des méthodes (tout
au moins jusqu’a fin 2002) implique des transformations rigides. Comte tenu des
mouvements, des transformations non-rigides ou progressivement non-rigides semblent plus



appropriées. Les méthodes sont trés spécialisées a des modalités et un contexte clinique
donnés. Il est encore difficile d’envisager une approche générique capable de traiter tous les
cas de figure. Dans un contexte particulier, il est aussi difficile de faire un choix du fait du
manque d’éléments objectifs permettant de comparer les méthodes. Des bases de données de
référence pourraient contribuer a I’évaluation objective des méethodes en termes de précision
de recalage, de robustesse a I’initialisation et au bruit, et de temps de calcul.

3.4. MODELISATION FONCTIONNELLE DU CEUR

Parallelement, des progres considerables ont été réalisés en ingénierie biomédicale pour
la description et la modélisation des grandes fonctions du vivant de la molécule a I’organe
[54], [55]. Selon Bassingthwaighte, I’ampleur et la variété des avancées des connaissances
dans ce domaine sont dissimulées par leur dispersion [56]. Des informations élémentaires
comme la composition des tissus, les propriétés matérielles et le comportement mécanique des
cellules et des tissus ne sont pas largement accessibles. C’est ce qui a motivé le projet
multicentriques Physiome aux Etats-Unis (http://www.physiome.org/), le Physiome étant
défini comme la description quantitative et intégrative de la physiologie des organismes en
fonctionnement normal et pathologique. L’objectif premier était de centraliser et mettre a
disposition a travers les réseaux informatiques I’ensemble des données expérimentales des
différents systemes décomposés en modules. A la suite de nombreux travaux antérieurs [57,
58], le systéme cardio-vasculaire est une cible de choix pour expérimenter I’intégration des
résultats expérimentaux et des modeles. Dans le projet Cardiome, les différentes taches ont été
ainsi déefinies [56]:

1. Electrophysiologie
Mécanique
Couplage excitation-contraction

2

3

4. Flux, transport et échanges

5. Métabolisme des substrats énergétiques
6

Régulation du métabolisme, de la force contractile, réponse a des anomalies
7. Régulation de I’expression des genes en réponse a I’activité global et locale

Ceci montre la complexité du projet de cette étude a travers les échelles, reposant au
niveau le plus bas sur la chimie des ions Calcium dans la myosite. La performance mécanique
du cceur gauche résulte de I’action contractile de I’ensemble des cellules myocardique
constituant la paroi du ventricule gauche [59]. Sa description repose généralement sur les
contraintes et déformations pariétales locales qui déterminent la consommation d’oxygéne
dans les tissus myocardiques, elle-méme dépendante de la perfusion tissulaire. L efficacité de
la perfusion est fonction de I’état fonctionnel, en particulier mécanique, du tissu myocardique.
Nous avons tenté de résumer en Figure 4 les relations entre les déterminants anatomiques et
fonctionnels de la performance mécanique cardiaque. Chaque élément fait I’objet de
recherches fondamentales qui se concrétisent par des modéles en perpétuelle évolution, de
I’échelle moléculaire a celle des tissus et de I’organe. L’électrophysiologie de la cellule
cardiaque et du couplage excitation/contraction est un exemple particulierement éloquent.
Sachse répertorie ainsi prés d’une trentaine de modéles depuis 1962 d’une sophistication
croissante [60]. Dans une approche ascendante de la complexité, les éléments doivent étre
assemblés pour donner une interprétation des fonctions physiologiques normales et
pathologiques du coeur. Cette intégration de la cellule a I’organe pose précisément des
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problémes relatifs aux choix des modeles simplifies (ensemble d’équations) et au calcul
numérique de la solution. Des modeéles intégrant la géométrie 3D des structures cardiaques,
I’architecture des fibres myocardiques ainsi que des éléments de fonction cellulaire ont été
développés pour décrire le comportement électrique et mécanique du cceur entier. Ces
modeles reposent généralement sur la méthode des éléments finis [61-63]. Une approche
basée sur un automate cellulaire a également été proposée récemment et semble étre une
alternative intéressante [60].

Electrophysiologie

Potentiel d’action

électrique

Anatomie
Régime de Contraction < cardiaque
pression, pré- et > myocardique (géometrie des
post-charge »| structures et
Contraintes Déformation, architecture
Performance cardiaque globale fibreuses)
v
Consommation des substrats Métabolisme
énergétiques et d’'oxygéne €] tissulaire

T

Débit sanguin tissulaire «—| Perfusion tissulaire |¢

Anatomie
vasculaire du
coeur

A

Figure 4. Diagramme des relations entre anatomie et les différentes fonctions cardio-
vasculaires, et parametres mesurables associés.

Les avancés en simulation peuvent étre exploitées dans les problemes inverses
rencontrés en analyse d’images cardiaques comme I’estimation de mouvement. Ainsi, certains
auteurs proposent d’exploiter ces modeéles, en introduisant des simplifications, pour
simultanément extraire les structures anatomiques et des parameétres fonctionnels relatifs au
mouvement ou I’activité électrique [64-69]. L’objectif est d’obtenir par instanciation du
modele aux données des cartographies paramétriques directement exploitables par les
médecins. C’est un projet ambitieux mais aussi extrémement motivant.



En résumé, nous pouvons résumer les principaux enjeux actuels en imagerie cardiaque :

Du point de vue médical :

1.

Imagerie haute résolution spatiale et temporelle, et estimation quantitative des
principales fonctions du cceur, en particulier de la perfusion myocardique et de
la fonction contractile segmentaire et locale en 3D et au cours du cycle
cardiaque. Analyse de I’évolution de ces parametres en espace (détermination de
régions anormales) et en temps (étude des anomalies de synchronisme de la
contraction, par exemple)

Confrontation des données issues de plusieurs modalités pour une analyse
individualisée du patient. Etude de la viabilité myocardique a partir d’une
imagerie multimodalités. Comparaison de cas.

Du point de vue du traitement et de I’analyse d’images :

1. Développement de méthodes de quantification des diverses fonctions cardiaques

(mouvement, perfusion, métabolisme, activité électrique) précises, les plus
automatiques possible, spatio-temporelles et utilisables en clinique

Développement de techniques de recalage d’images non rigides en 3D+temps.
Construction de cartographies anatomo-fonctionnelles paramétriques spécifiques
au patient destinées a faciliter I’interprétation par le médecin.

Les méthodes développées répondent a des problemes inverses. Elles bénéficient de
I’intégration d’informations a priori et des connaissances de la physiologie cardiaque et de ses

modeles.
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4. CONTRIBUTIONS

Nos contributions concernent de nouvelles méthodes d’analyse d’images cardiaques

pour I’aide a I’interprétation et au diagnostic. Elles portent plus précisément sur les 3

thémes suivants:

1. Extraction de I’anatomie cardiaque 3D en imagerie dynamique IRM du cceur

2. Estimation et analyse du mouvement du cceur

3. Mise en correspondance de données cardiagues multi-modalités

L’ensemble de nos contributions dans ce domaine est résumé dans la Figure 5. Un

premier groupe concerne des développements en monomodalité (IRM) qui intégrent

I’extraction de I’anatomie du cceur et I’analyse de son mouvement. Les travaux en multi-

modalités concernent essentiellement le recalage d’images et la construction de cartographies

multiparamétriques.

Anatomie

IRM, Ciné-IRM

Fonction contractile

Ciné-IRM, IRM
de marquage

=

J

Extraction (semi-)
automatique de l'anatomie
3D (section 4.1)

Estimation du
mouvement du coeur en
2D, 3D (section 4.2)

4

!

Analyse du mouvement
du ceeur (section 4.2.2)

Métabolisme

Aide al'évaluation de la
fonction contractile

Activité électro-
magnétique

[

Estimation densités
de courant
(Helsinki)

Mise en correspondance (section 4.3)

|

Modéles patient
spécifiques (section 4.3)

Aide a l'analyse conjointe

formes / fonctions

Figure 5. Vue génerale des travaux en analyse d’images cardiaques

Il nous semble utile a ce niveau de resituer nos travaux dans un cadre général
d’intégration de connaissances dans la conception des systemes de production et
d’analyse d’images médicales qui a fait I’objet de réflexions dans le cadre de I’Action




Spécifique ICoMIM du CNRS que nous avons pilotée en collaboration avec Frédérique
Frouin (INSERM U494, Paris) [70]. En effet, la caractéristique commune des méthodes
développées est qu’elles intégrent des connaissances a divers niveaux. Le terme de
connaissance est ici tres général et recouvre des faits avérés, des connaissances de
spécialités, des compétences d’experts (Figure 6). L’intégration de connaissances est
quasi-implicite lorsqu’on traite des images médicales ; le simple seuillage d’une image
requiert de définir les structures que I’on cherche a mettre en évidence, leurs propriétés
de luminance dans la modalité considérée (ex: les unités Hounsfield en
tomodensitométrie a rayons X). La connaissance peut étre aussi beaucoup plus élaborée.

Production et analyse Sources de
d'images médicales connaissances
Acquisition Connaissances
médicales :
Traitements : - forme, texture, matiére
segmentation, foncti I
quantification, mise en - fonctionnelles
correspondance, - physio|ogique5
mouvement... o
- épidémiologiques
- expertes
- encyclopédiques, atlas
Décision Connaissances
techniques :
Actions Processus physiques de
mesure
Validation Patient

Figure 6. Relation entre la chaine de production et d'analyse d'images et les sources de
connaissances (issu de [70])

Dans cette étude, nous avons identifié 3 étapes clés pour lesquelles de nombreuses
contributions nous semblent devoir étre apportées :

1. Acquisition et extraction des connaissances. C’est le domaine de I’ingénierie des
connaissances médicales. Certaines connaissances, comme celles relatives aux
metiers, & des aptitudes, sont difficiles a extraire et formaliser. Des méthodes
peuvent aider a cela.

2. Intégration de connaissances. Ceci concerne I’ensemble des techniques
permettant d’intégrer dans les systeme de production et d’analyse d’images des
connaissances généralement hétérogenes, c'est-a-dire dont le support de
description peut étre extrémement divers (numérique, statistiques, textuel,
graphique, sous forme de lois, de régles, etc.). Dans [70], nous avons distingué
les approches basées sur un formalisme mathématique, les approches statistiques
et les techniques d’aide a la décision introduites en Intelligence Artificielle.

3. Evaluation des systemes développés et de I’apport des connaissances. Il s’agit
d’un point souvent négligé dans les publications mais il est fondamental. Il
permet de répondre aux questions: Qu’apporte ma méthode par rapport a
I’existant ? Quel est son point de fonctionnement optimal ? Est-elle précise,
robuste aux bruits et aux conditions initiales, sensible, spécifique... ? Mais aussi,
dans le contexte médical, est-elle utilisable dans un contexte clinique ? Apporte
t-elle un gain dans la prise en charge des patients, une réduction des co(ts ?
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Nos contributions portent principalement sur les points 2 et 3.

4.1. EXTRACTION DE L'ANATOMIE CARDIAQUE
Mots clés: segmentation spatio-temporelle, gabarit déformable élastique, éléments finis

L'extraction des structures cardiaques dans les images est une étape indispensable pour
I'estimation de parameétres globaux standards en cardiologie comme la masse myocardique,
les volumes ventriculaires ou la fraction d'éjection. La Figure 7 illustre une série dynamique
de 9 images (9 phases) d’un méme niveau de coupe en petit axe acquise en IRM en apnée en
synchronisation avec I’ECG. On réalise couramment des séries dynamiques a plusieurs
niveaux (5 a 10) du cceur de la base a I’apex. En routine clinique, le contourage des structures
est encore réalise manuellement sans doute du fait de l'inefficacité des logiciels disponibles
sur les imageurs et de la durée de la procédure. En outre, la mesure des parametres est plus
précise si elle peut s'effectuer en 3D. La segmentation manuelle devient dans ce cas
rédhibitoire et source d'erreurs. Le développement d'outils de segmentation (semi-)
automatiques permet de gagner en robustesse vis-a-vis du bruit dans les images et des
parametres de I’algorithme, en répétabilité ainsi qu'en temps de traitement.

Figure 7. Séquence dynamique en IRM : 9 phases du cceur au cours du cycle cardiaque pour
un méme niveau de coupe en petit axe (de gauche a droite et de haut en bas). Les cavités
ventriculaires gauche (VG) et droite (VD) sont indiquées.

L approche que nous proposons repose sur I’exploitation de connaissances a priori sur
la forme et la déformation du cceur. On fait de plus I’hypothése raisonnable qu’en pratique



I’utilisateur médecin peut fournir au logiciel un nombre limité d’informations afin de faciliter
la segmentation. Le concept général est celui des modéles déformables. Le cceur est considéré
comme un objet déformable de géométrie plus ou moins complexe comportant plusieurs
interfaces. Ce concept général, dénommé « Gabarit Déformable Elastique », a été initialement
développé en 2D dans le cadre de la thése de Fabrice Vincent puis étendu en 3D monocavité
et 3D bicavités (thése de Quoc Cuong Pham). Nous en rappelons ici le principe.

Un gabarit déformable élastigue (GDE) est I’association d’une représentation
géométrique réaliste et d’une loi de comportement. Il est soumis a des contraintes issues des
images. On peut établir une analogie directe avec la mécanique des solides déformables [71] a
la difféerence que les contraintes appliquées au gabarit pour le déformer proviennent de
I’image. Dans le cas du cceur, par exemple, le muscle cardiaque du ventricule gauche est
représenté en 2D par un anneau (Figure 8(a)) et par une coque ellipsoidique en 3D (Figure
8(b)). Ce type de représentation permet d’intégrer dans une méme représentation le myocarde
comparativement aux modeles plus classiques de surfaces déformables qui se limitent aux
interfaces [72].
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(a) (b)
Figure 8. Représentation du myocarde ventriculaire gauche. (a) en 2D. (b) en 3D
Le gabarit est doté des propriétés d’un matériau élastique linéaire isotrope. Le modéle
est ensuite plongé dans les données d’imagerie qui vont agir sur lui par I’intermédiaire d’un

champ de forces. Ce champ de force peut dériver d’un potentiel (Figure 9). Le comportement
élastique du matériau régularise de maniere naturelle et physique la déformation du modeéle.
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Figure 9. (a) Image du cceur en petit axe (b). Champ de forces correspondant

La déformation du modele sous I’action d’un champ de force est régie par les équations
de I’élasticité tridimensionnelle [73]. Un milieu élastique occupe un domaine Q, de frontiere
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0Q, au repos. Soumis a des forces superficielles t, les points matériels x subissent un

déplacement u a valeurs dans R et la configuration a I’équilibre devient Q de frontiére oQ
(Figure 10). Le déplacement est lié & la déformation par la relation p(x) = x + u(x).

t(x)

forces superficielles

Domaine déformé
Figure 10. Configurations de repos et déformée d’un milieu soumis a des forces superficielles

Gradient de déformation et de déplacement sont liés par I’équation :
Vo=1+Vu 1)
Ou | est la matrice identité. On définit le tenseur des déformations de Cauchy par
C=Vop'Vp 2)

et le tenseur des déformations de Green-St Venant :
E=%(C—|)=%(VUT+VU+VUTVU) 3)

qui est une mesure de I’écart entre une deformation donnée et une transformation rigide.
La théorie implique des forces de volume et des forces de surfaces. Les forces de surface t
définissent un champ de vecteurs sur la frontiere du domaine. En chaque point de la frontiére,
il existe un tenseur symétrique o, appelé tenseur des contraintes défini a partir de t. En
ignorant les forces de volume, les équations d’équilibre conduisent a :

—divo =0dans Q,
o.n=o, =tsuroQ,

(4)

Ou n désigne la normale extérieure unitaire. Les tenseurs sont des matrices 3x3. On
définit la divergence d’un champ de tenseurs T (div T) comme le vecteur dont les
composantes sont les divergences des vecteurs lignes de T.

Les équations d’équilibre sont indépendantes du matériau considéré. La spécialisation a un
matériau est fournie par la loi de comportement qui s’écrit dans le cas d’un matériau élastique
isotrope :

o = A(traceE )l +24E (5)

Ou A et u sont les constantes de Lamé du matériau, reliées au module de Young Y et au
coefficient de Poisson vpar :
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Le probleme aux limites (4) est équivalent a la formulation variationnelle :

%IgT (w)e(w)dx = It.wds vweW (7)

aQ,
en introduisant les vecteurs des contraintes et des déformations, respectivement:
¢ = (0-11’022'0-33’0-12’0-2370_31) &= (En’ E,. E33'2E12’2E2372E31) (8)

Le probleme de segmentation revient a minimiser la fonctionnelle :

J (u):% IgT (u)e(u)dx — It.u ds (9)

aQ,

F. Vincent [74, 75] a d’abord proposé d’amener progressivement (2 vers (2 par une
technique de charge incrémentale. La minimisation de la fonctionnelle J est réalisée par la
méthode des éléments finis (MEF). Le domaine est décomposé en éléments tétraédriques
auxquels on associe des fonctions de base linéaires. La minimisation de (9) conduit a
I’équation matricielle

KU =F(U) (10)

Ou K est la matrice de raideur du milieu Qg (issue d’un assemblage sur I’ensemble des
éléments) et F le vecteur de force qui dépend du déplacement. L’estimation du déplacement
repose sur I’équation d’évolution :

+KU)=FU) (11)

Qui se discrétise en :
(I+AtK)US =U* + AtF(UY) (12)

Ce schéma (identifié M1) implique d’étre déja tres proche de la solution. Q. C. Pham a
proposé dans le cadre de sa these [66, 67] 2 autres schémas de résolution plus efficaces, en
collaboration avec le Laboratoire de Mathématiques Appliquées de Lyon (Professeur J.
Pousin, MAPLY, CNRS UMR 5585) et grace au soutien d’un projet MATH-STIC du CNRS.
Plus précisément, I’une des propositions concerne la mise a jour réguliére du domaine du
GDE (Algorithme M2). Ce qui revient a relacher périodiquement I’énergie de déformation
élastique. L’autre proposition ajoute la condition de contrainte nulle sur les bords, condition
naturelle mais pas imposée dans les précédents schémas (Algorithme M3). L’algorithme M4
est une combinaison des deux précédents. Les différents schémas sont résumés en page
suivante. Pour chaque algorithme, on donne la formulation algorithmique issue des équations
différentielles et le schéma numérique de discrétisation du probléeme d’éléments finis (k est
I’indice d’itération). La Figure 11 donne I’organigramme de I’algorithme M2 avec mise a jour
de la géométrie qui inclut egalement un contréle de la qualité du maillage au cours de la
déformation. L’ algorithme M4 suit la méme séquence avec la mise a jour du déplacement de
I’algorithme M3.
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e Algorithme M1 de charge incrémentale :

ubtl — At div o (uft!) = u* dans Qo

M1
o, (uF ) = t(1I + u*) sur 99

(I+ At K)U*! = U* 4 At F(U%)
e Algorithme M2 de mise a jour de la géométrie :
w1 — At dive(uF*tt) = u*  dans
M2 o (uFH) = (I + uk) sur O,
Qpy1 = (T4 u)Q,
(I 4+ At K*)U! = U* + At F(U%)
e Algorithme M3 de contrainte nulle a convergence :

BuFtl — div g (ubTl) = pu* dans Qg

M3
o (W) = (I + u*) + o, (u*) surdQ
U’ =0
Ul=0

(I+ At K)Uk2 = UL 4 At F(U*) + At KUR 4 (UF — UR,

e Algorithme M4 : Association de M2 et M3

Les algorithmes M1 a M4 ont été évalués sur des objets tests (sphére vers cube, sphere
vers ellipsoide). Les résultats ont montré que la solution M4 était la plus satisfaisante en
termes de rapidité de convergence et de sensibilité réduite a I’initialisation. D’un point de vue
théorique cependant, la convergence et I’unicite de ces divers schémas n’ont pu étre
completement démontrées. Dans le cadre de sa thése au MAPLY, Youssef Rouchdy
s’intéresse a un schéma d’élasticité non linéaire pour lequel ces propriétés ont pu étre
démontrees [76, 77].

Des résultats de segmentation sont donnés en Figure 12 a Figure 14. Le positionnement
initial du modéle s’effectue par un recalage affine du modele avec une région d’intérét 3D
interpolée. De plus, la configuration des fibres myocardiques a été prise en compte de maniére
simplifiée par passage a la limite en faisant tendre 1’épaisseur des couches périphériques vers
zéro ce qui permet de s’affranchir de la connaissance de leur orientation précise. La
segmentation des différents instants d’une séquence dynamique s’effectue par report du
modeéle obtenu a I’instant précédent puis segmentation. Le GDE est actuellement en cours
d’évaluation sur des séries d’images par RM acquises sur divers imageurs.
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Figure 11. Algorithme M2 avec mise a jour de la géométrie 7 et test de sa qualité.

Notons également que le concept de GDE étant général, il peut s’appliquer pour la
segmentation d’autres structures pour lesquelles il est possible de disposer d’un modele

géomeétrique a priori. Il a en particulier été utilisé pour la segmentation d’images ultrasonores
3D d’embryons de souris [78, 79].

Figure 12. L’algorithme M4 est utilise pour la segmentation 3D du cceur (Ventricules gauche
et droit) en IRM a partir d’un modele & 2 cavités (a) Positionnement initial du modéle bi-
cavités du cceur. (b) Résultat de la segmentation
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(a) (b)
Figure 13. Segmentation 3D des ventricules du cceur. (a) Superposition du modéle a I’image.
(b) Segmentations obtenues en télé-diastole pour 10 patients.

Figure 14. Segmentation de 4 phases au cours du cycle cardiaque.

Ce travail a fait I’objet de 2 théses (F. Vincent et Q. C. Pham) et des articles dont la liste
est donnee ci-dessous. Actuellement, une thése STIC et une these de Mathématiques
Appliquées sont en cours sur la suite du sujet a savoir I’extension au 3D+temps du GDE et la
recherche de solutions mathématiquement bien posées pour le GDE non linéaire.
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4.2. ESTIMATION ET ANALYSE DU MOUVEMENT DU COEUR

Mots clés: estimation de mouvement, analyse de mouvement, données fonctionnelles,
fonction contractile, IRM de marquage tissulaire, aide a la décision

4.2.1. Estimation de mouvement

Nous présenterons les approches initiales de I’estimation du mouvement du cceur basée
sur les surfaces puis les approches denses qui reposent sur I’IRM de marquage tissulaire.

4.2.1.1. Dynamique des surfaces

L’arrivée des techniques d’imagerie 3D, comme le DSR ou les systemes
tomographiques a permis d’envisager la reconstruction des surfaces cardiaques au cours du
cycle. De nombreuses recherches ont été menées pour exploiter les formes anatomiques et
leur évolution en vue de caractériser le mouvement du cceur. Dans la recherche de
descripteurs capables de caractériser les formes et leur évolution, les caractéristiques
différentielles de surface, comme la courbure et ses variantes, ont suscité beaucoup d’intérét.
Parmi les différentes mesures de courbure, le couple (courbure Gaussienne K, courbure
moyenne H) a été introduit pour la reconnaissance d’objet 3D en analyse d’images de
profondeur [80]. La courbure Gaussienne est une propriété intrinseque d’une surface
(indépendante de I’immersion de la surface dans I’espace 3D, invariant par isométrie), tandis
gue la courbure moyenne est une propriété extrinséque. Ces deux mesures sont invariantes par
transformation rigide et permettent de classer les points d’une surface en 8 catégories, ce qui
les rend trés attractives pour la reconnaissance de formes. Friboulet et al. ont réalisé des
cartographies de courbure de Gauss des surfaces cardiaques issues d’une séquence de
volumes 3D de données du DSR acquises sur un cceur de chien [81]. L’estimation de la
courbure repose sur I’algorithme proposé par Sander et Zucker [82], qui integre un
raffinement itératif des estimées. Elle conduit a des représentations de K cohérentes et stables
au cours du temps et montre ainsi que son utilisation dans des procédures de mise en
correspondance a un sens surtout pour la paroi libre, riche structurellement (ceci est moins
vrai pour la paroi septale).

A la suite de ces travaux, nous avons proposé une représentation globale de la forme et
de son évolution au travers du spectre dynamique de forme [19]. Une technique de suivi de
région a également été présentée et expérimentée sur des surfaces simulées (Cas normal et
pathologique) et réelles (DSR). Ces deux aspects reposent sur un nouveau couple de mesure
de courbure introduit par Koenderink et van Doorn [83] : I’index de forme s et I’intensité de
courbure c, respectivement définis par :
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Ou k; et ko sont les courbures principales. L’index de formes e [—1,+1], invariant par

homothétie, détermine une distribution continue de forme (Figure 15). L’intensité de courbure
c est inversement proportionnelle a la taille (analogue au rayon de courbure).
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Figure 15. Représentation des types de surface par I’index de forme s sur I’axe [-1, +1]
(extrait de [19]).

L’approche globale de caractérisation de forme en évolution repose sur le spectre
dynamique de forme défini par :

nt) = 5 Jf.a(s(p) - h)ds (14)

Ou A:“Sds est I”aire de la surface S, dS est un élément de surface autour d’un point p; de

la surface, &, est la fonction Delta de Dirac 1D. L’argument h appartient & [-1,+1] et t est la
variable de temps discret a valeur dans [0,1....T]. Cette équation réalise le cumul des aires de

la surface pour chaque valeur de I’index de forme au temps t. La version discréte fait
intervenir I’histogramme des index de forme. Une équation similaire donne le spectre
dynamique d’intensité de courbure. La Figure 16 illustre ce mode de représentation pour des
objets de synthése simulant la déformation d’un VG au cours du cycle cardiaque. On observe
que la forme évolue peu au cours du mouvement pour les deux premiéres séquences de
synthese, les points composants la surface restant majoritairement elliptiques. L’apparition de
points concaves est en revanche clairement visible sur la 3™ séquence. L’évolution de
I’intensité de courbure au cours du mouvement est également bien restituée par le spectre
dynamique d’intensité de courbure. On observe le décalage vers le haut du spectre lors de la
phase de contraction et le comportement inverse lors de la phase d’expansion. Une technique
similaire est employée en version statique (pas de variable de temps) dans le systéme
COSMOS de reconnaissance de formes en imagerie de profondeur [84, 85].
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Figure 16. lllustration de I’évolution des spectres dynamiques de forme et d’intensité de
courbure pour un demi ellipsoide de synthése en déformation homothétique (a gauche), avec
une déformation incluant des variations plus complexes des rayons avec une phase iso-
volumique (au milieu), déformation avec apparition de concavités en télé-systole (a droite)
(extrait de [19]).

Le suivi de régions de la surface du VG s’appuie sur les mémes indices de courbure et
la capture de zones de forme similaire définies par un index de forme s(p,t) au point p a
I’instant t, une variation de la forme As autour d’un point p et un nombre de points maximum.
Sont également associés les valeurs moyennes et déviations standards de I’index de forme, de
I’intensité de courbure, I’aire et le centre géodésique de la zone. La mise en correspondance
de zone s’effectue d’abord par la compensation de la translation globale (moments d’inertie
globaux) puis I’estimation d’un point de correspondance initial sur la surface suivante a t+1
selon la normale a la surface en p. Le centre géodésique de la zone de forme similaire définit
le point de correspondance corrigé qui est le point départ d’un nouveau pas du suivi. Cette
approche naive fonctionne correctement sur des surfaces segmentées précisement. Elle a éeté
illustrée sur des séquences de synthese d’un VG en déformation au cours du cycle cardiaque
obtenues par identification d’un modele d’harmoniques sphériques [86] a partir de données
réelles issues du DSR. Le suivi est illustré en Figure 17 pour 3 zones sur des séquences
synthétiques d’un cceur normal et d’un cceur présentant une zone avec mouvement reduit
(zone akinétique). Le suivi des parametres d’index de forme et d’intensité de courbure dans
ces régions met en évidence des différences d’évolution entre les cas normal et akinétique
(voir publication jointe [19]).
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(b)

Figure 17. Suivi de 3 zones de forme similaire pour deux séquences simulées d’un ceeur
normal en (a) et d’un ceeur présentant une zone akinétique (ischemic zone) en (b). Extrait de
[19]

Cette approche a donné lieu a une publication dans une revue internationale a comité de
lecture et de nombreuses communications (liste ci-dessous). Elle n’a pas été poursuivie pour
les raisons suivantes :

Elle repose sur une segmentation trés rigoureuse des contours des structures
cardiaques au cours du cycle. Une telle segmentation est tres délicate et souvent
variable d’un expert & I’autre. La validation aurait nécessit¢é au moins une
dizaine de cas représentant des sujets sains et des patients dont la pathologie
aurait été tres précisément documentée en termes de localisation et de
caractéristiques. Les données du DSR étaient a ce titre remarquables (pour une
partie des données) du fait du fort contraste entre la cavité et le muscle. A
I’époque, nous ne disposions que de 3 séquences de 16 volumes obtenues sur un
coeur de chien anesthésié (courtoisie Dr. Erik. L. Ritman, Mayo Clinic, USA):
une série contréle, une série apres occlusion, une série apres revascularisation.
Les deux derniéres séries souffraient d’artefacts de reconstruction qui rendaient
la segmentation beaucoup plus délicate. Des données équivalentes en IRM
étaient encore rares.

Une telle approche est réductrice puisque limitée a la zone sous-endocardique. I
subsiste aussi une indétermination au niveau des muscles papillaires. Le
clinicien est davantage intéressé par ce qui se passe dans le myocarde.

Progressivement, les séquences IRM ont évoluées pour permettre la réalisation
d’acquisitions anatomiques et dynamiques non invasives chez I’homme. L’étude des
formes peut s’étendre a I’épicarde est donner accés a des parametres plus robustes que
la cinétique pariétale, comme I’épaississement pariétal. L’IRM de marquage tissulaire
est également apparue comme I’outil le plus prometteur pour I’analyse de la dynamique
cardiaque.
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4.2.1.2. Estimation de mouvement en IRM de marquage tissulaire

L’IRM de marquage tissulaire est une technique d’imagerie spécialement développée
pour I’analyse du mouvement du cceur. Son principe, trés judicieux, exploite les concepts de
I’IRM et des proprietés magnétiques des tissus pour créer un marquage Virtuel dans les
images qui se déforme suivant la déformation des tissus au cours du cycle cardiaque (Figure
18).

Myocarde

420

igure 18. Images r RM de marquagetissulaire avec marquage en grille. Le marquage
régulier au départ se déforme en suivant la deformation du muscle cardiaque au cours de la
systole (temps indiqué en millisecondes).

Diverses géométries de marquage ont été proposées : marquage en bande selon 2 ou 3
directions orthogonales, marquage en grille, marquage radiaire. L’intérét du marquage en
grille est qu’il marque simultanément selon 2 directions au cours de la méme acquisition,
évitant ainsi les problémes potentiels de recalage des images des séries. Une des difficultés est
la persistance limitée du marquage au cours du cycle (tag fading), qui a pendant longtemps
restreint I’analyse a une partie du cycle cardiaque (la systole).

Les principales étapes de I’analyse quantitative d’images par RM de marquage tissulaire
sont indiquées en Figure 19. La seconde étape est encadrée en traits interrompus, signifiant
que, selon les approches, la segmentation du motif de marquage est nécessaire.
Historiquement, ce sont les premieres a avoir été développées. Actuellement, des méthodes
comme IRM-HARP ou celles basées sur des techniques de recalage non linéaires ne
requiérent pas la segmentation du motif. Nos contributions a I’analyse d’images par RM de
marquage tissulaire concernent I’estimation et la modélisation spatio-temporelle du champ de
déplacement (étape 3) et le développement d’outils de segmentation du motif de marquage
tissulaire et du cceur (étape 2). Chronologiquement, nous avons en realité débuté nos travaux
par I’analyse statistique des paramétres caractéristiques de déformation calculés en IRM de
marquage tissulaire (étape 4, en section 4.2.2).

1- Images par RM marquées
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Figure 19. Les étapes d’analyse d’images par RM de marquage tissulaire




L’estimation du mouvement a partir des images par RM de marquage tissulaire
n’échappe pas au probléme d’ouverture, bien connu en vision par ordinateur. Cependant, la
géométrie particuliere du motif de marquage permet de considerer la déformation subit par
rapport a la situation de référence au repos ou le marquage est régulier et non déformé
(comme en mécanique des milieux continus). La détermination des coordonnées du
déplacement est ainsi découplée en fonction des orientations de marquage (Figure 20).
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Figure 20. (a) Dans le cas de I’estimation directe, I’ambiguité de la détermination de I’image
de P n’est pas résolue. (b) Dans le cas inverse, I’image de P’, situé dans le plan image permet
la détermination univoque de la coordonnées x du déplacement par rapport a la position de
repos (extrait de [87]).

L’inconvénient principal des méthodes proposées initialement était d’estimer la
déformation instant par instant sans intégrer de continuité temporelle. Dans [87], nous avons
présenté un nouveau modele d’interpolation de champ spatio-temporel en 2D du mouvement
ventriculaire gauche. Les déplacements sont représentés par une série harmonique. En 2D, les
coordonnées du déplacement inverse s’expriment par:

K-1L-1M-1
d,(x,y,t)= > A cos(%)cos[%}cos(ﬂfp—tj

. e 7KX zly mt
d,(x,y,t)= A, y1.m COS (Tj cos (Y—jcos [T—j

Ou K, L sont les ordres spatiaux et M I’ordre temporel. Les parametres A’ du modele
sont estimés aux moindres carrés. Le déplacement direct est calculé a partir du déplacement
inverse selon le méme principe. Les ordres optimaux qui dépendent de la densité du marquage
et du nombre de phases cardiaques sont estimés a partir d’une simulation réaliste d’une coupe
de cceur en mouvement. Ce type de représentation permet de calculer directement les
parametres mécaniques associés a la déformation du myocarde comme la vitesse,
I’accelération, les déformations principales ou les déformations selon les directions
anatomiques. La Figure 21 illustre le champ de déplacement calculé avec cette méthode avec
une représentation en texture de fourrure développée au laboratoire [88]. L’homogénéité de la
contraction sur le pourtour myocardique est bien visible pour le sujet sain ainsi qu’un gradient
transpariétal ou le déplacement est plus élevé a I’endocarde qu’a I’épicarde. Chez un patient
présentant une nécrose dans le territoire postéro-latéral, on observe une récupération
fonctionnelle dans le territoire antérieur mais pas dans la zone nécrosée.

(15)
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Figure 21. Repreésentation du déplacement dans le myocarde ventriculaire gauche en coupe
petit axe en fin de systole pour un sujet sain (a), un cas pathologique au repos (b) et sous
stimulation pharmacologique (c).

Il est également possible de suivre des points particuliers (trajectoires) et I’évolution des
paramétres en ces points comme le montre la Figure 22. Ce qui permet une analyse fine
spatio-temporelle des parametres mécaniques de déformation. On observe une évolution
similaire des déformations en un point matériel du myocarde sain et de la région ‘normale’ du
cas pathologique. Ces évolutions sont treés perturbées pour un point sélectionné dans le
territoire nécrosé du cas pathologique.

Cette méthode est au cceur du logiciel TagAnalyze que nous avons développé pour
I’aide a I’analyse d’images par RM de marquage tissulaire en 2D+temps [89]. Ce logiciel
integre également des fonctionnalités de segmentation assistée du motif de marquage basée
sur une grille déformable (Figure 23). Les points des lignes de marquage extraites constituent
les données d’entrée de I’algorithme d’estimation de mouvement précédemment décrit.
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Figure 22. Déformations principales pour des points myocardiques sélectionnés chez un sujet
sain (a gauche) et un patient ischémique (a droite). Extrait de [87].
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Figure 23. Motif de marquage extrait dans les 3 premiéres images d’une séquence

L’approche d’estimation et de modélisation du mouvement que nous avons proposée a
été généralisée en 3D mais pas exploitée sur des données réelles principalement pour deux
raisons :

e L’acquisition de séquences d’images par RM avec un motif de marquage 3D
n’est en général pas réalisée en clinique pour des raisons de durée d’examen

e Le traitement des données 3D est particulierement long et délicat. La cohérence
spatiale et temporelle de chaque ligne de marquage extraite doit étre controlée et
éventuellement corrigée en 3D.

Le logiciel TagAnalyze constitue un prototype d’application d’analyse d’IRM de
marquage tissulaire utilisé dans un cadre de recherche mais peu adapté & une exploitation
clinique. En effet, I’extraction préalable du motif de marquage dans les images constitue un
handicap du fait des corrections nécessaires de I’utilisateur. C’est pourquoi, nous nous
intéressons maintenant a des techniques ne neécessitant pas cette étape rédhibitoire. Une
alternative a été proposée dans la thése de Fabrice Vincent pour le suivi du motif par mise en
correspondance régularisée sur le concept de gabarit déformable élastique présenté en section
4.1 [75, 90]. La technique d’images par RM harmoniques de phase (IRM-HARP) est
également une solution intéressante a ce probléme.
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Ce travail a éte decrit dans deux publications dans des revues internationales a comité
de lecture, dans la thése de Fabrice Vincent et plusieurs communications (liste ci-dessous).
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4.2.2. Analyse de parameétres de déformation

La possibilité de modéliser et de quantifier la déformation du muscle cardiaque ouvre la
voie a des études de la fonction contractile normale et pathologique dans des populations.
L’IRM de marquage tissulaire a révélé un mouvement du cceur normal plus complexe que ce
qui avait été qualitativement décrit jusqu’alors. De maniere encore un peu schématique et si
I’on se place dans le repére anatomique circonférentiel-radial-longitudinal du VG, on observe
un mouvement radiaire qui induit I’épaississement de la paroi myocardique au cours de la
systole, un mouvement de torsion selon I’axe longitudinal du cceur qui implique que base et
apex du ceceur tournent en sens inverse dans un plan petit axe, un mouvement longitudinal qui
fait que la base se rapproche significativement de I’apex (typiquement d’une dizaine de
millimetres) qui, quant a lui, reste quasiment fixe. Le mouvement est d’amplitude plus
importante dans la paroi libre que dans la région septale. On observe également un gradient
du mouvement des couches endocardiques vers les couches épicardiques (voir Figure 21a).
L’IRM de marquage tissulaire permet également de mieux décrire les implications sur le
mouvement de certaines pathologies cardiaques comme les cardiomyopathies hypertrophiques
et ischémiques en particulier. Mais d’autres indications sont envisageables [28, 91].

D’un point de vue plus quantitatif, une variabilité significative est observée dans les
parametres pour des sujets normaux ce qui pose le probléeme de I’estimation de cette
variabilité. C’est dans ce but que nous avons développé dans le cadre de la these de Meimei
Han une technique d’analyse des paramétres en espace et dans le temps [92]. Les motivations
initiales de ces recherches sont des études menées sur des chiens et chez I’hnomme a la Johns
Hopkins University a I’aide des logiciels TagStrainAnalysis (TEA) [93] et FindTags [94]



conduisant a une estimation de parametres de déformation en 3D et au cours du cycle
cardiaque (appelés dans la suite Parametres Spatio-Temporels de Déformation ou PSTD). La
Figure 24 illustre le modeéle géométrique du VG considére et les différents mode de
représentation des PSTD. L’idée directrice était de proposer une méthode de caractérisation
de I’évolution moyenne des parametres et de leurs principales variations. On peut trés
directement faire I’analogie avec I’Analyse en Composantes Principales (ACP), classique en
analyse exploratoire de données. La technique proposée s’appuie sur I’extension de I’ACP
aux données évolutives introduite par Ramsay et Silverman [95] que nous appelons Analyse
en Composantes Principales Fonctionnelles (ACPF). L’ analyse de données fonctionnelles est
un concept générique encore peu diffusé dont le champ d’applications potentielles est trés
étendu [96]. Pour en expliquer le principe, nous nous limiterons a I’analyse d’un parametre
évolutif p(t) dans une population de N individus. Pour chaque individu, nous disposons de la
valeur du parameétre p en une succession d’instants, régulierement espacés sur un intervalle de
temps fixé [a,b]. Ces données peuvent étre résumeées dans un tableau ou la variable x(t) est la
version centrée par rapport a la moyenne des évolutions de p(t) sur les N individus:

x(t)

X(@t)=| .. |telab] (16)
Xy (t)

La variable x est a valeur dans un espace (hilbertien, rigoureusement).
Mathématiquement, il s’agit de déterminer un sous-espace H de dimension d permettant
d’obtenir une projection du nuage de fonctions x; dont I’inertie est maximale :

max ZN:
H i=1

Le probleme est alors décomposé en sous problemes successifs :
1- Recherche d’une fonction fy(t) telle que :

N 2
N

ou

di = (x(t). f.(t)) = J.Xi (t)f,(t)dt

a

2

? ,x_H désignant la projection orthogonale de x sur H

b
soit maximale sous la contrainte | f, |’ :J' f2(t)dt =1

a

2- Recherche d’une fonction fa(t)

d- Recherche d’une fonction fy(t) telle que :
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2 b
y |diq]| soit maximale, avecd,, = [, (t)f, (t)dt

i=1
sous les contraintes:

||fd||:1eth<d,<fj,fd>: f (t)f, (t)dt =0

]

D ey T

Ou || est la norme L, et <.> représente le produit scalaire.
Les d fonctions orthogonales {f,(t)a=1..d} sont les composantes principales
fonctionnelles.

On montre que ce probléme est équivalent & un probléme de fonctions propres [95 , 97].
Le calcul pratique des fonctions propres repose sur une decomposition des x; et f, dans une
base de fonctions, splines par exemple.
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Figure 24. (a) Le VG est décomposé en éléments de volume selon les directions anatomiques
circonférentielle, radiale et longitudinale. Les paramétres spatio-temporels de déformation
sont calculés en chaque élément. (b) la représentation polaire en il de bceuf est couramment
utilisée en cardiologie. Elle n’intégre pas le temps. (c) La représentation en tableau de
courbes permet d’avoir une vision d’ensemble de I’évolution d’un parameétre sur I’ensemble
du cceur, de la base a I’apex, a un niveau radiaire fixé comme pour la représentation polaire
(Extrait de [97]).

L’ACPF a été appliquée a I’exploration d’un ensemble de 9 examens sur sujets sains
(acquisitions 3D+temps, Johns Hopkins Hospital, Baltimore, USA) et de 6 examens sur des
patients (acquisitions 2D+temps, Hopital Cardiologique de Lyon). L’analyse a porté sur le
parameétre de déformation circonférentielle (E.c ) qui nous semblait le plus documenté dans la
littérature et dont I’estimation est plus précise. La Figure 25 illustre les deux premiéres
composantes principales fonctionnelles pour 8 des cas sains. On observe une remarquable
homogénéité de comportement de cette population, les variations entre individus étant assez
réduites. Cette décomposition constitue une modélisation du comportement du parameétre Ec..
Les cas pathologiques ont été comparés a cette référence selon la stratégie exposée en Figure
26. Celle-ci consiste a exprimer I’évolution de Ec. pour le cas considéré a partir du modele de
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référence ‘sain’ et de calculer une distance sur les paramétres estimés. Si on se limite aux 2
premieres composantes (ce qui est le cas en pratique), cette distance s’écrit :

2 2%
DistF = (fl. cl ]+(f2. c2 j (17)
C1+C2 C1+C2

Ou fy, f, sont les 2 premiéres composantes scalaires (appelées scores) qui représentent la
position de la courbe candidate dans le systeme des composantes principales fonctionnelles et
C1, C2 les contributions relatives respectives des 2 premieres composantes exprimées en
pourcents.

Il est ainsi possible de mettre en évidence les différences locales du cas pathologique
considéré avec le modéle de référence d’un cceur normal. Ceci est illustré sur la Figure 27.
D’apres le nombre limité de cas étudiés, il semble que la comparaison des états au repos et
sous stimulation pharmacologique soit davantage significative pour I’identification des
anomalies de contraction.
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Figure 25. Premiere et deuxieme composantes principales fonctionnelles du paramétre E.
issues de I’analyse 3D des données de marquage de 8 sujets sains (mi-paroi). La moyenne du
parametre est en rouge, les composantes fonctionnelles en bleu et vert.
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Tagged MR Image Acquisitions

Tagged MR Image Processing
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Figure 26. Stratégie de comparaison d’un cas pathologique avec la référence issue de
I’ACPF de I’ensemble des cas sains (Extrait de [97]).
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Figure 27. Cartographies polaires au repos (en haut) et sous stimulation (en bas) illustrant la
‘distance’ du cas pathologique P3 au modéle de référence ‘sain’ pour le paramétre E.. La
région de nécrose a eté estimée en TEP-FDG dans les régions s’étendant de 7 a 12h. Les
cartographies de droite sont une version seuillée en 3 classes des cartographies de gauche
(Extrait de [97]).



Ces travaux ont fait I’objet de 3 publications dont 2 dans des revues internationales a comité
de lecture, de la thése de Meimei HAN et de 3 communications (liste ci-dessous). Dans le
cadre d’une collaboration avec le Laboratoire D’Analyse des Systemes de Santé (LASS) a
Lyon et d’un projet soutenu par la région Rhéne-Alpes, nous avons contribué a la
genéralisation de I’approche d’analyse de données fonctionnelles au cas multi-variables. Ce
travail a fait I’objet de la thése de Mathématiques Appliquées de Denis Clot (UCB Lyon 1,
Décembre 2002) [98]. Un article est en cours de rédaction sur le sujet. L objectif est triple :
1. Proposer au clinicien des cartographies du cceur qui résument les tendances
principales de I’évolution des divers PSTD calculés au cours du cycle cardiaque
2. Synthétiser la variabilité de I'évolution des PSTD sur une population de sujets sains.
Extraire de la connaissance sur le mouvement d'un cceur normal
3. Utiliser la connaissance préalablement acquise pour aider a la détection et a la
localisation d'anomalies de la fonction contractile.
L’ACPF a été plus récemment utilisée dans un sens trés proche par C. Tilmant pour la
comparaison d’indices de la fonction myocardique, en particulier les déplacements centripétes
et I’asynchronisme de contraction ventriculaire en échocardiographie [99].
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4.3. INTEGRATION DE DONNEES CARDIAQUES MULTI-MODALITES

Mots clés : imagerie anatomique, imagerie fonctionnelle, mise en correspondance d'images,
fusion d’information

Comme le montrent plusieurs études récentes, une meilleure définition de la viabilité
myocardique requiert I'étude conjointe des informations de métabolisme, de perfusion et de la
fonction myocardique issues des modalités d’imagerie spécifiques. Ceci nécessite d’étre en
mesure de mettre en correspondance des données de nature diverse, acquises dans des
géomeétries éventuellement tres différentes et dont les caractéristiques en termes de résolutions
spatiales et temporelles, notamment, peuvent étre notablement différentes. Il existe des
difficultés supplémentaires liées aux caractéristiques propres du cceur en particulier le nombre
limité de marqueurs anatomiques visibles et utilisables, et le mouvement permanent du cceur
enchassé dans la cage thoracique elle-méme animée par le mouvement respiratoire. Le
recalage des données images doit donc idéalement étre a la fois spatial et tenir compte de la
dynamique des structures. Nous avons développé des méthodes de recalage de données
cardiaques TEP et IRM, rigides dans un premier temps, et une technique de génération de
cartographies fonctionnelles individualisées du coeur. Nous avons également travaille a
I’évaluation de telles méthodes. Ces travaux sont menés en étroite collaboration avec le
Laboratory of Biomedical Engineering, Helsinki University of Technology, Finlande. Ils ont
été soutenus par une convention de coopération du CNRS avec la Finlande (1998-2001) et
sont actuellement soutenus par un Programme International de Coopération Scientifique du
CNRS (PICS n°1932).

Une des méthodes de recalage rigide proposée est basée sur la mise en correspondance
des images de thorax transverses IRM et de transmission en TEP (voir images natives en
Figure 28) [100]. Les surfaces des structures thoraciques et pulmonaires sont dans un premier
temps extraites des images TEP de transmission et transverses IRM avec I’algorithme des
pyramides déformables de L&tjonen et al. [101]. Cette segmentation repose sur un modéle
général topologique et géométrique du thorax, incluant le torse, les poumons et I’enveloppe
péricardique du ceeur, qui est adapté aux données du patient a partir de déformations de forme
libre. Une transformation rigide est alors estimée entre les 2 jeux de surfaces issues de la
segmentation par la minimisation d’une distance entre les points du modéle de thorax extraits
de la TEP et le modéle issu de I’IRM. Cette transformation est combinée a celle réalisant la
réorientation des coupes IRM en petit axe par rapport aux coupes transverses. Le principe de
la méthode de recalage est schématisé en Figure 29. La Figure 30 illustre un exemple de
résultat de recalage. Des méthodes de recalage rigide de type iconique (basées sur les niveaux
de gris des images), ne nécessitant pas de segmentation préalable, ont été également
développées a titre de comparaison. Leur principe est assez classique. La similarité entre les
deux images, basee sur les criteres d’information mutuelle, de corrélation ou de rapport de
corrélation, est maximisée dans un processus itératif et multi-résolutions [102, 103]. Nous
discuterons ultérieurement des résultats respectifs de chaque type de méthode. Le recalage,
associé a la segmentation des cavités ventriculaires cardiaques avec le GDE (voir section 4.1),
permet de générer un modéle anatomique portant des informations fonctionnelles
métaboliques (TEP 18F-FDG, fluorodésoxyglucose marqué au fluorl8). Par ailleurs, le
recalage de données IRM et magnétocardiographiques (MCG) a été réalisé par nos collégues
finlandais & partir d’amers externes. Les densités de courant obtenues par la résolution du
probléme inverse en MCG ont ainsi été adjointes a notre modele [104], [100] (Figure 31). A
notre connaissance, c’est la premiere fois que I’appréciation simultanée de données
métaboliques et électro-magnétiques du cceur in vivo a été réalisée en 3D. Une dizaine de cas
ont été traités. Les résultats ont été jugés encourageants mais ont aussi montré les limites de



I’étude en particulier les nombreuses sources d’erreurs. Ce travail constitue une premiére
étape vers la construction automatique de modeles anatomo-fonctionnels individualisés du
cceur qui est le theme du programme PICS. Ces travaux ont fait I'objet de la thése de Timo
Mékel& soutenue en Finlande en Mai 2003 [105] et en France en Juillet 2004 [102].

Figure 28 : Images IRM transverses (a) et en petit axe (b). Images TEP de transmission (a) et
d’émission 18F-FDG (b)
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Figure 29. Principales étapes de la méthode rigide de recalage d'images RM et TEP
thoraciques et cardiaques basée sur les surfaces des structures anatomiques
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La problématique de traitement individualise de données dans le domaine cardio-
vasculaire est également le theme d’un réseau d’Excellence Européen (REX), dénommé e-
Heart, qu’lsabelle Magnin a proposé a la communauté Européenne en 2003. Bien que bien
noté, le réseau n’a pas été financé mais la démarche appuyée par un large consortium a
néanmoins montré I’importance stratégique de cette problématique. Les équipes du
consortium continuent d’échanger sur le site internet du projet: http://www.creatis.insa-
lyon.fr/e-heart/.
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Figure 30. Coupes IRM du cceur en petit axe (en haut) recalées avec les coupes TEP
d'émission (en bas) pour un méme cas.
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Figure 31: Haut. Cartographies 3-D de la captation du fluorodésoxyglucose (gauche) sur le
modéle de cceur biventriculaire du patient E2. La représentation polaire réalisée
manuellement de I'image TEP-FDG correspondante est présentée a droite. Bas:

Cartographies 3-D des valeurs de densité de courant plaquées sur le modele de cceur
biventriculaire du patient E2. A droite : représentation polaire 2D réalisée de fagon
interactive a partir de la surface interne en 3-D. Les fleches indiquent des zones qui se
correspondent.



Dans I’objectif d’évaluer le recalage en termes de précision, de robustesse et de temps
de calcul, Nicoleta Pauna a développé une stratégie d'évaluation de techniques de recalage en
imagerie cardiaque a partir de la simulation d'images TEP (these soutenue en Juin 2004)
[103]. Cette évaluation repose sur la création d’un jeu de données d’images de référence
TEP-IRM en quasi-parfaite correspondance. Pour cela, une acquisition 3D thoracique a éeté
réalisée sur un sujet sain en IRM. Ces données sont segmentées manuellement et étiquetées en
9 classes (muscle, poumons, foie, graisse, rachis (0s), myocarde du VG, cavité du VG,
myocarde du VD et la cavité du VD). Le modele numérique résultant est introduit dans un
simulateur d’images TEP (SORTEO, simulation Of Realistic Transmission and Emission
Object, CERMEP, Lyon) qui calcule les images TEP de transmission et d’émission de
référence [106]. Un jeu de transformations rigides (tirage aléatoire) est appliqué aux données
TEP simulées. Les couples constitués des données IRM originales et TEP
simulées/transformées sont présentés a I’entrée de I’algorithme de recalage a évaluer. Les
résultats de recalage sont ensuite quantitativement évalués a I’aide de métriques adaptées
(erreur quadratiqgue moyenne dans un volume d’intérét) compte tenu de la connaissance des
transformations entre les couples d’images. La stratégie d’évaluation est résumée Figure 32.
Pour évaluer la robustesse des algorithmes vis-a-vis des caractéristiques des images (coeur
normal ou pathologique), un jeu de données de référence supplémentaire pour un cceur
pathologique a également été généré.
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Figure 32. Stratégie d’évaluation des méthodes de recalage d’images: vue générale
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(d) (e) (f)

Figure 33. Etapes de construction de la référence.(a) Image par RM réelle. (b) Image par RM
sans les bras. (c) Image segmentée et etiquetée. (d) Image simulée du modéle (c) en TEP de
transmission. (e) Image simulée en TEP d’émission. (f) Image simulée centrée sur le cceur en
TEP d’émission

Cette stratégie a été appliquée a I’évaluation de 3 méthodes de recalage rigide d’images 3D du
thorax et du cceur. Ce sont :

e Une méthode de recalage iconique (identifiée par HMR, home made registration)
développée dans le cadre de la these de N. Pauna dont les caractéristiques sont :
transformation rigide a 6 parameétres (3 translations, 3 rotations), 3 mesures de
similarité au choix (coefficient de corrélation (CC), information mutuelle (IM),
rapport de corrélation (RC)), Interpolation par B-splines (linéaires a cubiques,
principalement), optimisation par la méthode de Powel, stratégie multi-résolution

e Une méthode construite sur la librairie ITK (identifiée par IMP, Information Mutuelle
Parzen) ou la transformation est exprimée avec les quaternions, la métrique de
similarité est I’information mutuelle estimée dans une fenétre de Parzen;
I’interpolation est tri-linéaire et I’optimisation est une descente de gradient.

e La méthode de recalage de surface présentée précédemment (identifiée par SBR,
surface based registration). Celle-ci ne sera évaluée que pour le recalage thoracique.

Des tests d’hypothése ont été définis pour répondre statistiquement a la question : La méthode
X permet-elle de recaler des images IRM et TEP du thorax/cceur avec une précision inférieure
ou égale a la taille du voxel TEP ?

Pour le recalage d’images de thorax, les méthodes IMP, HMR+IM, HMR+RC sont les plus
précises. Le test d’hypothése rejette la méthode SBR (Précision de recalage attendue de 3.52
mm). Le temps de calcul est plus faible avec IMP compte tenu de I’utilisation des fenétres de
Parzen.



En ce qui concerne le recalage d’images de cceur normal et pathologique, on obtient les
mémes résultats (précision attendue de 2.43 mm) avec cependant la nécessité de définir un
volume d’intérét afin de réduire le domaine du recalage et de réorienter préalablement les
images TEP compte tenu de I’orientation des images IRM en petit axe pour parvenir a des
résultats (Figure 34). La méthode HMR+CC ne satisfait pas les tests statistiques.

HMR + HMR + HMR + IMP
RC cc IM

Figure 34. Résultat de I’évaluation de la précision de la méthode de recalage HMR pour 3
mesures de similarité et de la méthode IMP pour la mise en correspondance d’images par
RM et TEP de coeur. L’erreur RMS exprimée en mm est portée en ordonnée. La taille du
voxel et la résolution physique de la caméra TEP sont respectivement égales a 2.43mm et
4.1mm.

Plus largement, la problématique d’évaluation de méthodes est au cceur des recherches que
j’anime au sein de I’Action Spécifique du CNRS ‘ICoMIM’ (Intégration de Connaissances et
Modélisation en Imagerie Médicale) [70].
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5. PROJET DE RECHERCHE

5.1. COMMENTAIRES PRELIMINAIRES

L’imagerie rapide pour I’étude de la dynamique des organes est en plein essor
actuellement. En IRM, la qualité et la rapidité d’obtention des images par les séquences
dynamiques les plus récentes ont ainsi considérablement augmenté en une dizaine d’années et
2 générations successives d’imageurs. Les dernieres séquences IRM de marquage tissulaire
présentent ainsi un marquage persistant et fin tout en permettant d’acquérir davantage de
phases du cycle cardiaque dans un temps d’examen plus reduit (Figure 35). Des évolutions
sont encore a attendre méme si des compromis restent nécessaires entre la vitesse
d’acquisition et le rapport signal a bruit ou le risque d’artefacts [91]. La versatilité de I’IRM
permet d’étudier de multiples aspects de I’anatomie et de la fonction cardiaque et vasculaire:
anatomie du cceur et des vaisseaux (angiographie par RM 3D), fonction contractile (séquence
ciné TrueFISP en apnée ou en respiration libre avec post-synchronisation respiratoire et
cardiaque), perfusion, viabilité avec les séquences de rehaussement tardif pour la détection
des régions nécrosées. Les récents tomodensitomeétres & rayons X multi-détecteurs permettent
également I’analyse précise de I’anatomie cardiaque et de la fonction contractile myocardique
et méme, cela reste encore a démontrer, de la perfusion [38]. L’imagerie isotopique et
I’imagerie ultrasonore offrent aussi des alternatives intéressantes. Les outils de post-traitement
sont cependant un élément déterminant pour I’exploitation quantitative des images.

Néanmoins, le transfert dans un contexte de recherche médicale et/ou clinique des outils
de post-traitement développés est un processus long et difficile principalement pour les
raisons suivantes :

1. L’intérét et les apports de I’outil doivent étre demontrés a la fois au niveau
scientifique et médical (recherche médicale et/ou clinique)

2. L’utilisation effective repose sur la confiance attribuée par le clinicien dans
I’outil. Cette confiance repose généralement sur une validation menée
conjointement par le bindbme (médecin-ingénieur) a partir de données issues
d’un protocole de recherche clinique

3. L’outil doit pouvoir étre utilisé par le partenaire médical sans connaissances
approfondies des méethodes, de I’informatique...

Une plus large diffusion dans un cadre industriel, par exemple, requiert une certification
par un organisme (Normes ISO).

Les contributions apportées jusqu’a présent sont d’ordre méthodologique mais elles sont
motivées par les problémes pratiques posés par I’exploitation raisonnée des informations
portées par les images. Jusqu’a présent, nous pensons avoir démontre la pertinence et I’interét
des méthodes développées, comme la méthode GDE de segmentation par modele a priori,
I’ACPF pour I’analyse de paramétres cardiaques et les techniques de recalage multi-
modalités. Chacune constitue un élément qui participe a I’édification d’un modele intégratif
anatomique et fonctionnel du cceur auquel nous aspirons. Il est desormais possible d’obtenir
une quantification de la déformation segmentaire en 3D et au cours du cycle cardiaque grace a
la technique d’IRM de marquage tissulaire, en particulier, a la condition de disposer des
programmes de post-traitement ad-hoc.
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Figure 35. Ligne du haut : Série de 5 images par RM obtenues sur un imageur Siemens 1.5T
de la précédente génération avec des séquences en écho de gradient et un motif de marquage
SPAMM en grille. Ligne du bas : Série d’images acquise avec une nouvelle séquence

CSPAMM spiral [29] .

5.2. PROJET DE RECHERCHE : ANALYSE INDIVIDUALISEE EN IMAGERIE ANATOMIQUE

ET FONCTIONNELLE CARDIOVASCULAIRE ASSISTEE PAR LES MODELES

Notre objectif est de développer les méthodes conduisant a I’analyse individualisée des
données anatomiques et fonctionnelles du systéme cardiovasculaire a partir d’une imagerie
multi-modalités (Figure 36). Ces méthodes reposent sur un modéle générique du thorax et de
ses principales structures intégrant des données a priori anatomiques et fonctionnelles du
ceeur et des vaisseaux (Figure 37). On considére ainsi une hiérarchie de modéles anatomo-
fonctionnels. Nos travaux les plus récents en recalage d’images multi-modalités ont montré,
en statique, ce a quoi un tel modéle pouvait ressembler (voir section 4.3). Les modalités
considerées en premier lieu sont I’IRM, la TEP et la MCG mais d’autres modalités plus
répandues comme I’échocardiographie et la TESP ne sont pas exclues.

L’enjeu majeur concerne :

1.

la construction d’un modéle anatomique du systeme cardiovasculaire plus
complet, intégrant les 4 cavités cardiaques, les principaux gros vaisseaux et les
coronaires, la prise en compte des caractéristiques structurelles des tissus
myocardiques comme I’architecture fibreuse du myocarde. L’environnement du
ceeur peut également étre considéré par la connexion avec un modele
anatomique du thorax et de ses structures.

I’intégration dans ces modéles d’informations fonctionnelles, relatives a la
physiologie du cceur : mécanique de déformation du myocarde, perfusion
myocardique et propagation du potentiel électrique d’activation de la
contraction. Les modeles considérent un niveau de description que I’on peut
qualifier de tissulaire sur une échelle allant de la molécule a I’organe.

Les méthodes d’individualisation du modéele anatomo-fonctionnel ainsi constitué
aux données multi-modalités acquises. Cette étape conduit au calcul de
parameétres quantitatifs spatio-temporels des fonctions cardiaques étudiées pour
le patient considéré. Il s’agit d’un probléme inverse.



Un tel outil permettra dans un contexte cliniqgue de mieux appréhender et synthétiser
I’état fonctionnel du cceur de chaque patient a partir de la somme considérable de données
multi-modalites enregistrées que I’on souhaite pleinement exploiter. La fonction mécanique
sera considérée en premier lieu.

1. Dynamique cardiaque

Compte tenu de nos précédents développements, le modele GDE constitue une base
intéressante sur laquelle construire notre modéle genérique. Du point de vue de I’anatomie
cardiaque, le modele bi-ventriculaire a été étendu a 4 cavités et inclus I’abouchement des
principaux vaisseaux et les branches principales des coronaires (Figure 37(b) et Figure 38).
Nous cherchons également a lui associer I’information sur la structure fibreuse du myocarde.
Nous proposons ensuite d’étendre le modele GDE par la prise en compte explicite de la
dimension temporelle (3D+temps). Les données d’entrée sont des séquences anatomiques
3D+temps et/ou des séquences IRM de marquage tissulaire. Ceci peut s’envisager en
considérant le flux de la fonction intensité des images au cours de la séquence toujours dans
un cadre de deformation élastique linéaire ou non-linéaire (travaux en collaboration avec le
laboratoire de Mathématiques Appliquées de Lyon, MAPLY). Ce travail est le theme de
recherche de la thése de J. Shaerer (1°° année). Le modéle GDE peut s’appliquer a la
segmentation d’autres structures dans d’autres modalités. Nous explorons ses potentialités
dans le cadre de la segmentation de données ultrasonores 3D (collaboration avec Didier Vray,
Creatis) et sur des données TEP cardiaques.

Modele + TEP
4F Modele + MCG
=t - = \ .‘

Modéle + IRM
anatomique et
fonctionnelle

Modele individualisé et intégratif

Figure 36. Modele individualisé intégrant les informations anatomiques et fonctionnelles en
provenance des différentes modalités d’imagerie
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(a) (b)
Figure 37. Modeéles de thorax (Collaboration Lab. Biomedical Engineering, HUT, Finland)
(a) et de cceur, vaisseaux et coronaires (b) issus de données de référence acquises en IRM
(Creatis, Lyon)

Parallélement, des travaux menés dans le cadre du stage post-doctoral de Julien Milles
(Bourse Internationale de Recherche de la Région Rhéne-Alpes, 2003-2004) s’appuient sur le
méme modele pour la segmentation du cceur dans des séquences d’IRM de marquage
tissulaire et sur une technique d’estimation de mouvement de type fréquentiel ne nécessitant
pas I’extraction du motif de marquage. Cette derniere, assez proche de la méthode IRM-
HARP, a été développée par le Professeur Theo Arts (CARIM, Maastricht University) avec
qui nous avons collaboré dans le cadre du post-Doctorat. Les premiers résultats tres
intéressants ont été présentés a ISBI’04 [107]. Ceci permet d’envisager une analyse de la
déformation myocardique avec trés peu d’intervention humaine et en un temps réduit. Le
calcul des paramétres quantitatifs de mouvement et la construction des cartographies
associées sont en cours dans le cadre d’un stage de Master.

L’estimation conjointe formes/mouvement dans des séquences d’images est étudiée
également par B. Delhay (2"°™ année de thése) par des techniques de mise en correspondance
d’images non-rigide 3D+temps. Dans ce cadre, la dimension temporelle est considérée
différemment des dimensions spatiales par I’introduction de contraintes spécifiques traduisant
la continuité et la périodicité et certaines informations a priori disponibles. Des résultats trés
préliminaires ont été présentés a ICIP’2004 [108]. Un contexte différent de ces
développements concerne la reconstruction d’images avec compensation de mouvement en
tomographie dynamique du thorax et du cceur [109, 110] (Collaboration initiée avec le CEA-
LETI). En effet, la technique pourrait étre utilisée pour fournir les estimées de mouvement
nécessaires a l’algorithme de reconstruction d’images en vue d’améliorer la qualité des
images en limitant I’effet des artefacts cinétiques. Un autre domaine d’application est la
radiothérapie des structures thoraciques qui devrait bénéficier des techniques de compensation
de mouvement pour améliorer le traitement des zones tumorales en épargnant le plus possible
les structures saines environnantes. Cet aspect sera considéré dans le groupe de recherche en
Image et Modélisation pour la radiothérapie et I’hadronthérapie (RIME, David Sarrut, CLB,
LIRIS, IPNL, Creatis) en cours de constitution.

2. Intégration d’information multi-modalités

Plus largement, les méthodes développées visent a intégrer dans un méme modele de
référence les informations issues d’une imagerie multi-modalités. Ainsi, d’autres informations
fonctionnelles pourraient faire I’objet d’une intégration dans le modele comme des données



d’IRM de rehaussement tardif, des données métaboliques issues d’acquisitions en TEP
dynamiques, des données de I’activité éelectro-magnétique de la MCG, au travers de notre
collaboration avec la finlande. Cette intégration doit s’appuyer sur le modele générique de
GDE dynamique associé a des techniques de mise en correspondance spécifiques a chaque
modalité.

3. Evaluation des méthodes

R. Haddad (thése, 3™ année) construit actuellement un modéle anthropomorphique de
cceur battant destiné a constituer une référence pour évaluer les méthodes de segmentation, de
recalage et d’estimation de mouvement développées. Ce modele est constitué d’une
représentation géométrique des principales structures cardiaques (Ventricules gauche et droit,
oreillettes gauche et droite, péricarde) et vasculaires (abouchement des principales veines et
arteres, réseau des coronaires) (Figure 38), des images natives ayant servis a la définition de
ces structures et d’un modele de mouvement identifié a partir des images. Il est construit a
partir d’acquisitions en IRM 3D et ciné sur un méme volontaire sain. Un modele multimodal
via des simulations de différentes modalités d’imagerie est aussi envisageable et constituerait
la version dynamique du modéle précédemment présenté pour I’évaluation de méthodes de
recalage TEP-IRM (section 4.3). Dans ce but, les structures thoraciques (cage thoracique,
poumons, diaphragme) doivent étre également prises en compte dans le modeéle.

(a) (b)

Figure 38. Modéle anatomique de cceur. (a) correspondance du modele avec un atlas
anatomique. (b) Le modele plongé dans les images par RM natives.

5.3. LESATOUTS ET LES MOYENS
b. Plateau d’imagerie Lyonnais

Nous disposons a Lyon d’un plateau d’imagerie trés riche composé entre autres de 2
IRM cliniques et d’une IRM destinée a la recherche. Ces imageurs sont récents et dotés des
séquences IRM les plus performantes pour I’étude de la fonction et de la perfusion
myocardiques, notamment. On dispose également d’une caméra TEP (CERMEP) et
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d’échographes de derniere genération. La plateforme Animage permet d’envisager de réaliser
le méme type de traitements sur le petit animal.

c. Partenariat et collaborations

L’ampleur de ce projet requiert I"implication d’une équipe pluri-displinaire de
chercheurs et de doctorants, la continuité des partenariats en cours et I’établissement de
nouvelles collaborations.

Au niveau local

Le projet concerne directement le theme SDV ‘Athérosclérose et conséquences:
Ischémie Myocardique’ a Creatis. La problématique d’estimation de mouvement dans des
séquences d’images est aussi un sujet central dans le theme STIC « Imagerie dynamique » a
Creatis. Des travaux sont menés sous la direction de Denis Friboulet pour I’estimation du
mouvement du cceur dans des séquences ultrasonores. Du fait des spécificités de cette
modalité, les techniques employées sont différentes mais ils existent des points communs qui
justifient une interaction. Au sein de I’équipe, de nombreux développements ont portés sur
I’extraction d’arborescences vasculaires (Maciej Orkisz) et sur le calcul de cartographies de
perfusion (Bruno Neyran) qui seront exploités dans le cadre du projet. Nous collaborons avec
le Laboratoire de Mathématiques Appliquées de Lyon (MAPLY, CNRS UMR 5585) en
mécanique des milieux continus. Au niveau Lyonnais, des collaborations sont envisagées avec
I’Institut de Médecine Théorique (IMTH, HCL Lyon).

Au niveau national et international

Au niveau national et international, nous pouvons compter sur les relations établies dans
le cadre des différents projets auxquels nous avons pris part : Action incitative inter GDR-
PRC « Ceeur battant » du CNRS (1998-2001), préparation du Réseau d’Excellence Européen
‘e-heart’ soumis en 2003 dans le cadre du 6°™ PCRD. Pour les partenariats actuels, un
Programme International de Coopération Scientifigue du CNRS (PICS n°1932, 2002-2005)
est en cours avec nos partenaires finlandais sur le theme ‘Modélisation individualisée 4D de
I'anatomie et de la fonction cardiaque a partir d'une imagerie multi-modalités’. 1l nous a
permis d’aboutir a la version ‘statique’ du modele d’intégration. Nous collaborons également
avec I’équipe de Théo Arts a I’Université de Maastricht sur I’analyse de la mécanique
cardiaque en IRM de marquage tissulaire. Par ailleurs, nous sommes partenaires du projet
CardioSense3D : Patient-specific Cardiac Simulation (suite du projet ICEMA, Images of
Cardiac Electro-Mechanical Activity) de I'INRIA.

d. Mise a disposition des méthodes
Plateforme logicielle

Un logiciel d’analyse d’images cardiaques est en cours de développement (B. Regrain,
IE CNRS) a partir de la plate-forme logicielle commune du laboratoire (CreaTools). Basé sur
un navigateur de fichiers DICOM, Il est destiné a recevoir les développements relatifs a
I’estimation de la perfusion et de la fonction contractile en premier lieu. Un tel logiciel doit
permettre une homogénéisation et la pérennisation des codes, une mise a disposition plus
rapide des nouveaux développements et leur demonstration. Mais cet outil devrait également
faciliter I’interaction avec les partenaires médicaux et les évaluations de méthodes.



Grilles de calcul

Par ailleurs, la lourdeur de certains calculs rend impossible la restitution de résultats
dans des temps compatibles avec la routine clinique. C’est pourquoi nous réalisons le portage
de certaines applications sur des architectures de ferme de PC et de grille de calcul. C’est le
cas notamment pour le modéle GDE pour lequel la segmentation d’une phase demande
environ 3 minutes sur un PENTIUM M a 1.7GHz et le traitement de dix phases demande pres
d’une demi-heure. Le recours a des fermes de PC ou aux grilles de calcul devrait réduire
significativement le temps de calcul. Cela permettra également une mise a disposition des
méthodes plus large et permettra leur évaluation a plus grande échelle. L’implantation de la
segmentation d’images cardiaques sur grilles de calcul est réalisée dans le cadre de I’ACI
« Analyse Globalisée des données d’imagerie radiologique » (AGIR, http://www.aci-
agir.org/) du ministére. La segmentation est également une des applications portée sur la grille
de calcul du projet Européen EGEE (Enabling Grids for E-sciencE, http://public.eu-

egee.org/).

Bibliographie en cours:

e Revues avec comité de lecture

Pham, Q.-C., Vincent, F., Clarysse, P., Pousin, J., Croisille, P., Katila, T. and Magnin, I.E.
Segmentation and tracking of the heart ventricles from MRI using a 3D elastic active region
model, en révision pour IEEE Trans. Med. Imaging.

Pauna N., Croisille P., Costes N., Reilhac A., Mékela T., Janier M., Clarysse P., A rigorous strategy to
quantitatively evaluate MR/PET thorax/cardiac rigid registration methods using a Monte Carlo
simulator, en révision pour IEEE Trans. Med. Imaging

Clot D., Craoisille P., Clarysse P., Functional data analysis of spatio-temporal deformation parameters
derived from tagged MRI, en préparation pour IEEE Trans. Biomed. Eng.

Milles J., Clarysse P., Arts T., van Susteren A., Croisille P., Stuber M., Magnin |.E., Automated 2D
segmentation of the left ventricle in cardiac tagged MRI using image and displacement
information, en preparation pour MEDIA.

e Articles longs de congres

Germain C., Breton V., Clarysse P., Gaudeau Y., Glatard T., Jeannot E., Legré Y., Loomis C.,
Montagnat J., Moureaux J-M., Osorio A., Pennec X., Texier R., Grid-enabling medical image
analysis, accepté a BIOGRID’05.

Rana Haddad, Patrick Clarysse, Maciej Orkisz, Pierre Croisille, Didier Revel, Isabelle E. Magnin, A
realistic anthropomorphic numerical model of the beating heart, accepté a FIMH'05.

Bertrand Delhay, Patrick Clarysse, Jyrki L6tjénen, Toivo Katila and Isabelle E. Magnin, Evaluation of
two free form deformation based motion estimators in cardiac and chest imaging, accepté a
FIMH'05.

e Théses en cours
R. Haddad, "Modéle Dynamique Anthropomorphique de Cceur Battant”, 3" année
B. Delhay, "Segmentation et suivi de mouvement dans des séquences temporelles d'images
année
J. Schaerer, "Segmentation spatio-temporelle par modéle déformable 3D+temps"”, 1

eme

..’ 2éme

ere

année

67



68

6. CONCLUSION

Aprés avoir introduit le contexte de nos recherches et mis en évidence les difficultés,
nous avons présenté une sélection de nos contributions dans le domaine de I’analyse d’images
cardiaques. Les publications associées sont disponibles en fin de ce mémoire. Ces travaux
sont pour la plupart le fruit d’une recherche commune dans le cadre de co-encadrements de
theses (au nombre de cing soutenues, et trois en cours). Nous pensons avoir acquis au cours
de ces années une expérience et des connaissances pluridisciplinaires dans ce contexte. Notre
objectif est de parvenir a une meilleure diffusion de ces développements et de systématiser
leur évaluation par une approche rigoureuse. L’imagerie cardiaque est un domaine
extrémement riche en problématiques cliniques et fondamentales. D’un point de vue
technologique, I’évolution importante, ces derniéres années, des systemes d’acquisition
permet d’envisager des progres considérables dans la compréhension des phénomeénes physio-
pathologiques et une meilleure prise en charge des pathologies cardiaques. L’analyse
quantitative des informations complémentaires obtenues requiert cependant le développement
parallele de méthodes de post-traitement. Le champ reste encore trés ouvert pour parvenir a
une exploitation exhaustive et utile, aussi bien en recherche médicale qu’en clinique, de toute
I’information disponible. Mais le succes d’une telle entreprise requiert nécessairement une
collaboration étroite entre les diverses spécialites impliquees : physiciens de I’imagerie,
cardiologues, radiologues et physiologistes, spécialistes du traitement du signal et des images,
mathématiciens de la modélisation, principalement.
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PARTIE B :
SYNTHESE DES ACTIVITES







1. RESUME DES ACTIVITES DE RECHERCHE

1.1. PERIODE 1988-1992 (THESE)

Notre travail de these a porté sur le développement d’un systeme d’aide au repérage en
imagerie stéreotaxique cérébrale. Sa principale fonctionnalité était de permettre la mise en
correspondance d’une imagerie pre-opératoire en IRM ou en Tomodensitométrie avec des
images per-opératoires acquises en radiographie standard en condition stéréotaxique par
I’intermédiaire de marqueurs externes positionnées dans les fixations d’un cadre stéréotaxique
de Talairach. Ce travail a été réalisé au Laboratoire de Biophysique de la Faculté de Médecine
de Lille et au Centre d’Automatique de Lille (actuellement LAGIS). Le systeme a été validé
et installé en salle d’opération du service de neurochirurgie du CHU de Lille. Depuis son
installation, il permis de réaliser plus de 1000 interventions. Son extension a la radiochirurgie
multifaisceaux, développée par David Gibon dans le cadre de sa these, a permis la réalisation
du traitement de plus de 2500 patients. Ma these a été soutenue en décembre 1991. J’ai
poursuivi mon activité de recherche dans ce domaine quelques mois en tant qu’ATER a
I’Universite de Sciences et Technologies de Lille.

1.2. PERIODE 1992 A AUJOURD’HUI

A I’issu du concours CNRS 1992, j’ai été recruté en tant Chargé de Recherche et affecté
au Laboratoire de Traitement de Signal et Ultrasons qui deviendra Creatis. J’appartiens a la
section 30 (Thérapeutique, médicaments et bioingénierie : concepts et moyens, ex section 22)
du département des Sciences de la Vie du CNRS. De formation STIC, mon activité de
recherche est toutefois orientée vers une thématique médicale.

Mes travaux de recherche ont pour objectif le développement de nouvelles méthodes
d'analyse d'images médicales multi-modalités, anatomiques et fonctionnelles, dans les buts
d'améliorer la connaissance du fonctionnement du muscle cardiaque, et d’aider le praticien
hospitalier dans la détection et I’évaluation de pathologies cardiaques en particulier les
pathologies ischémiques.

Les travaux de cette période sont présentés dans la premiére partie de ce document.

2. SITUATION DES ACTIVITES DANS L'UNITE

Depuis mon arrivée au Laboratoire CREATIS (Centre de REcherche et d'Applications
en Traitement de I'lmage et du Signal), jai été intégré au théme scientifique « Imagerie
Dynamique » sous la responsabilité d’lsabelle Magnin. Ce theme a pour objectif le
développement de nouveaux modeles pour la segmentation, I'estimation de mouvement, et la
caractérisation de phénomenes évolutifs complexes a partir d'images médicales. De part ma
position de chercheur SDV-STIC, jai été impliqué dans les développements liés a des
problématiques SDV, en particulier en imagerie cardiaque. J'ai été ainsi amené a prendre la
co-responsabilité avec Marc Janier du projet médical « Imagerie Fonctionnelle de
I”Ischémie et de ses Conséquences ». Ce projet avait pour objectif la caractérisation des
différents états des tissus ischémiés a partir d’une exploration en imagerie multi-modalités
(Tomographie par Emission de Positons, Imagerie par Résonance Magnétique,
échocardiographie) du métabolisme, de la perfusion et de la fonction contractile. Mon activité
de recherche a donc été entiérement orientée par les recherches menées dans ce projet. Dans
la nouvelle structure validée par le CNRS en 2002 (voir organigramme en page suivante), je
suis co-responsable avec Pierre Croisille du sous-theme SDV « Ischémie myocardique » et
responsable du théme STIC «Imagerie dynamique » (avec Maciej Orkisz, responsable
adjoint) en remplacement d’Isabelle Magnin, devenue Directeur de I'Unité.
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3. AUTRES ACTIVITES
3.1. ACTIVITES D'ENSEIGNEMENT ET DE DIFFUSION

3.1.1. Encadrements
Les différentes responsabilités d’encadrement que j’ai exercées sont listées ci-apres :

e Theéses soutenues :

PAUNA Nicoletta, ‘Evaluation des méthodes de mise en correspondance en
imagerie multimodale IRM/TEP thoracique et cardiaque’. Numéro d'Ordre :
UCBL66-2004, Université Claude Bernard LYON 1 en co-tutelle avec
'Université de Cluj, Roumanie, 2004. Jury : I. Magnin (Pdt), B. Gibaud (R),
R. Ciupa (R), M. Janier (Dir.), O. Cozar (Dir.), P. Clarysse (Co-Dir), A.
Georgescu. Co-encadrement a 40% avec M. Janier et O. Cozar.

Actuellement en Post-Doc a I'lPNL, Lyon.
MAKELA Timo, double Thése et co-tutelle

» ‘Data registration and fusion for cardiac applications’, Helsinki University of
Technology, Mai 2003. Oponent : N. Ayache (INRIA).

= ‘Mise en correspondance en imagerie cardiaque multimodale : vers un
modele anatomo-fonctionnel individualisé du cceur’. Numéro d'Ordre :
ISAL106, INSA LYON, 2004. Jury : P. Cinquin (R, Pdt), N. Ayache (R), T.
Katila (Dir.), I. E. Magnin (Dir.), P. Clarysse (Co-Dir.), U. Ruotsalainen. Co-
encadrement a 50% en collaboration avec les partenaires Finlandais.

Actuellement hospitalo-universitaire a I’h6pital de Oulu, Finlande.

PHAM Quoc-Cuong, Segmentation en imagerie cardiaque multimodale conduite par
un modéle réaliste du cceur, INPG, 2002. Jury : J-M. Chassery (Pdt), F.
Heitz (R), H. Delingette (R), I. E. Magnin (Dir.), P. Clarysse (Co-Dir.), J.
Pousin, P. Croisille, T. Katila. INPG, 2002. Co-encadrement & 80% avec |.
Magnin.

Actuellement chercheur au CEA, Saclay.

VINCENT Fabrice, Gabarits déformables élastiques pour la segmentation et le suivi
de mouvement du cceur en Imagerie par Résonance Magnétique. Numéro
d'ordre : 01ISALOOQ79, INSA LYON, 2001. Jury : J. Pousin (Pdt), N. Ayache
(R), Ph. Cinquin (R), I. Magnin (Dir), P. Clarysse (Co-Dir), P. Croisille. Co-
encadrement a 80% avec |. Magnin.

Actuellement ingénieur société Théralys.

HAN Meimei, Analyse exploratoire de la déformation spatio-temporelle du myocarde
a partir de I'I'magerie par Résonance Magnétique de Marquage tissulaire.
Numéro d'Ordre : ISALY004, INSA LYON, 1999. Jury : I. Magnin (Pdt), M.
Lamure (R), J-G. Postaire (R), P. Clarysse (Dir.), P. Croisille, D. Revel, J.
Rousseau. Co-encadrement a 80% avec |. Magnin.

Actuellement ingénieur entreprise Bombardier, Montréal, Canada
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e Theses en cours :

HADDAD Rana, 3eme année thése Images & Systemes, Modéle anthropomorphique
de coeur battant. Co-encadrement avec |. Magnin.

DELHAY Bertrand, 2°™ année thése Images & Systémes, Estimation conjointe
forme et mouvement en 3D — Application au mouvement du thorax et du
coeur. Co-encadrement avec |. Magnin.

SCHAERER Joél, 1ére année thése Instrumentation, Systéme, Signal & Image,
Modele spatio-temporel pour la segmentation de structures en mouvement
— application a I'imagerie du coeur. Co-encadrement avec I. Magnin.

e Post-Doctorats :

MILLES Julien, nationalité Francaise, Univ. Maastricht, Pays-Bas. ‘Segmentation
automatique du ventricule gauche dans des images par résonance
magnétique de marquage tissulaire’. Co-encadrement a 50% avec T. Arts,
2003-2004 .

QIU Bo, nationalité Chinoise, Creatis, ‘Segmentation 3D en imagerie ultrasonore’. Co-
encadrement a 50% avec D. Vray, 2003-2004.

 DEA (2002-2004)

2004 : Josiane YANKAM NJIWA (1&S): "Recalage non rigide en imagerie du thorax et du
ceceur"

2004 : Sonia CHOUBRAC (1&S): "Estimation de mouvement en IRM de marquage tissulaire"

2003 : Li ZHOU (1&S), 50%, : "Estimation du mouvement cardiaque a partir de séquences
rapides d'images échographiques”

2003 : Bertrand DELHAY (1&S) : "Estimation de champs de déplacement 3D en tomographie
dynamique du thorax. Développement d’'une méthode intégrant la notion d'objet"

2002 : Rana HADDAD (1&S) : "Extraction des contours ventriculaires dans des images par
Résonance Magnétique de Marquage tissulaire"

2002 : Evguénia REVOUNKOVA (1&S) : "Développement d'une méthode d'estimation d'un
champ dense de mouvement - application a la tomographie dynamique”, en
collaboration avec le LETI-CEA Grenoble

Soit plus de 10 encadrements depuis 1994 et 3 actuellement en cours.

e Stages de fin d’études (2002-2004):

2004 : Dan ONICA, étudiant de I'Université d'Oradea, Roumanie. Logiciel d’estimation de
mouvement.

2003 : Ovidiu PANTEA, étudiant de I'Université d'Oradea, Roumanie. Visualisation de
champs de mouvements 3D.

2002 : Sébastien BAIMONT CPE-Lyon. Développement de l'interface du logiciel de boite a
outils mouvement. En collaboration avec M. Orkisz.

2002 : Andrea VLADU, Ovidiu PANTEA, étudiants de I|'Université d'Oradea, Roumanie.
Extension de la boite a outils mouvement.

Soit une dizaine de stagiaires depuis 1993.



3.1.2. Enseignement
Mes différentes interventions en enseignement ont été les suivantes:

Etablissement :

1. Centre d'Actualisation Scientifique et Technique (CAST), Villeurbanne

2. INSA de Lyon, Département Génie Electrique et Télecommunications

3.INSA de Lyon, Master Instrumentation, Systéeme, Signal & Image (ISSI), Master
Recherche en Informatique (MRI)

Discipline :

1. Traitement d'images
2. Traitement du signal, processeurs DSP
3. Estimation de mouvement, modéles déformables, recalage d’images

Niveau:

1. Formation Continue
2.2éme cycle, 1ére année cycle Ingénieur
3. 3éme cycle

Nature (CM, TD, TP) et volume (hombre annuel moyen d'heures effectuées) :

1.CM(4), TP(6)
2.TD(13), TP(24)
3.CM(19)

Commentaires : depuis 2003, mes interventions ne concernent plus que les DEA/Master
pour environ 23h de cours par an. Le cours d’estimation de mouvement (7h en Master
Instrumentation, Systeme, Signal & Image) débute par les notions de base en estimation de
mouvement dans des séquences d’images puis comporte principalement 3 volets : détection
de mouvement, méthodes d’estimation quantitative du flux optique, prise en compte des
discontinuités de mouvement. Le cours de recalage (6h en Master Recherche en Informatique)
concerne les méthodes non rigides de recalage d’images et I’évaluation de méthodes de
traitement d’images, en particulier des méthodes de recalage.

3.1.3. Organisation de séminaires ou congres

Nous avons co-organise avec Isabelle Magnin, Johan Montagnat et nos collegues Finlandais,
Jukka Nenonen et Toivo Katila, les premiére (Helsinki, Novembre 2001) et seconde (Lyon,
Juin 2003) éditions du workshop international "Functional Imaging and Modeling of the
Heart" (FIMH). Les actes du workshop ont été publiés chez Springer dans la série Lecture
Notes in Computer Science, vol 2230, ISBN 3-540-42861-5, Novembre 2001 et vol. 2674,
ISBN 3-540-40262-4, Juin 2003

3.1.4. Diffusion de connaissances

e J’ai été invité a présenter les applications en imagerie cardio-vasculaire de la
fusion d’images aux Journées de Recherche en Imagerie Médicale a Nantes les
21-23 Mai 2003.
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e Nous avons développé en collaboration avec des chercheurs étrangers le serveur WWW
« Special Interest Group on Cardiac Motion Analysis », basé a CREATIS, dont I’objectif était
de faciliter les relations entre les chercheurs de diverses disciplines dans le domaine de
Iestimation et I'analyse du mouvement du cceur. Ce serveur, créé en 1997 & I’issu de la 2™
IEEE EMBS International Summer School on Biomedical Imaging (lle de Berder, 1996),
repose sur une base de données pluridisciplinaire de réferences bibliographiques que chacun
pouvait consulter et faire évoluer (http://creatis.insa-lyon.fr/sigcma).

e Dr’autres interventions sont indiquées dans la liste des travaux.

3.2. PARTENARIAT ET VALORISATION

= LETI-CEA, Grenoble, contrat n® 7D20-1B000330, Etude prospective en imagerie pour la
tomographie dynamique, 11.4KEuros, 2001.

3.3. ENCADREMENT, ANIMATION ET ADMINISTRATION DE LA RECHERCHE

3.3.1. Animation de projets

e Responsable Francais d’un PICS du CNRS (PICS n°1932) avec le Laboratory of
Biomedical Engineering, Helsinki University of Technology, Finlande, 2003-2005

e Co-responsable avec Frédérique Frouin (INSERM-U494) de I’Action Spécifique du CNRS
ICoMIM (Intégration de Connaissances et Modélisation en Imagerie Médicale), 2002-2003

e Co-responsable avec Laurent Desbat (UJF, Grenoble) du projet "ADéMo : Modélisation et
suivi spatio-temporel pour le diagnostic et le traitement” dans le cadre des thématiques de
Recherche de la Région RA, 2000-2003.

e Coordinateur adjoint de Isabelle Magnin pour le projet: "Vision guantitative et imagerie
médicale™ dans le cadre d'un programme de recherche de la Région Rhéne-Alpes intitulé
"Sante et HPC", 1997-2000.

e Animation en collaboration avec Isabelle Magnin et Nicolas Rougon (INT-Evry) du Groupe
de Travail #4 (Modéles déformables dynamiques) du GDR-PRC ISIS du CNRS jusqu'en
2001. Jai été, dans ce cadre, impliqué dans deux des opérations du GT4, et responsable de
I’'une d’elles. Responsable du pbéle 3 "Estimation et modélisation du comportement
dynamique du cceur” de l'action incitative inter GDR-PRC ISIS/ALP-AMI/MSPC "Cceur
Battant" coordonnée par Isabelle Magnin.

3.3.2. Responsabilité dans la direction d*équipe

e Co-responsable avec Pierre Croisille du sous-theme SDV « Imagerie fonctionnelle de
I’ischémie myocardique et de ses conséquences » a CREATIS depuis 1998. L'équipe
comprend 5 permanents du laboratoire, 3 doctorants.

e Responsable du theme STIC "Imagerie dynamique”, depuis 2002 (Resp. adjoint Maciej
Orkisz). L'équipe comprend 7 permanents, 8 doctorants et 3 post-doctorants.

3.3.3. Divers

a) Au niveau International
e Référe de Journaux: IEEE Trans. Med. Imaging, IEEE Trans. Image Processing, IEEE
Trans. Biomed. Eng, IEEE Trans. ITB, MEDIA, J. of Mathematical Imaging and Vision,



Pattern Recognition Letter, Investigative Radiology, Journal of Electronic Imaging, J.
Computing and Information Technology (CIT), Innov. Techn. Biol. Med.

e Référé de Conferences: ICPR'02, ISBI, ICIP, FIMH, IISPA, ISPA, RFIA, GRETSI, Forum
des Jeunes Chercheurs en GBM.

e Comites de programme : Participation a la création de la conférence internationale FIMH
(3ieme édition en 2005), Membre du comité scientifique de FIMH, ISPA, SURGETICA.

b) Au niveau national
e Membre de la commission d’Emergence N°5, «Chirurgie micro-invasive et robotisée » de
I’INSERM
e Membre de la Société Francaise de Génie Biologique et Médical (SFGBM)
e Membre des commissions de spécialistes (6lieme section) de Lyon 2 (jusqu’a 2004),
UCB-Lyonl, de I'UST de Lille (1998-2001) et de I'NSA de Lyon (jusqu'en 1997)
Jurys de thése externes: 2

= Allouche Cyril, ‘Reconstruction, recalage et modélisation 4D du mouvement du
ventricule gauche du cceur humain pour le traitement d’images médicales, Thése
de I’Université de Paris XI, Janvier 2002

» Hila Benhajel Kaouthar, ‘Etude et modélisation de la fonction cardiaque par
analyse numérique d’images’, Thése de I’Université Paris XIlI Val de Marne,
Décembre 2003.

c) Au niveau du laboratoire
e Membre du Conseil de Direction a CREATIS
e Correspondant Formation de I'Unité jusqu'en 2001

3.4. ACTIVITES INTERNATIONALES

Jai été amené a visiter plusieurs laboratoires Européens (Univ. Saragosse, Univ.
Karlsruhe, Univ. Leuven) dans le cadre de la préparation de la proposition du réseau
d’excellence e-Heart présenté par Isabelle Magnin a la Communauté Européenne en Awvril
2003 (priorité IST, e-health) et qui n’a malheureusement pas été sélectionné. Ce réseau reste
virtuellement actif via sa liste de diffusion et le site web associé (http://www.creatis.insa-
Iyon.fr/eheart). La conférence biannuelle FIMH (Functional Imaging and Modeling of the
Heart), que nous avons initiée, est la manifestation associée a ce réseau. La troisieme édition
(FIMH 2005) aura lieu a Barcelone du 2 au 4 Juin 2005 (http://www.cilab.upf.edu/fimh/).

Jai effectué plusieurs séjours au Biomedical Engineering Laboratory, Université
Techonologique d'Helsinki, Finlande. Nous avons une collaboration qui fonctionne depuis
plusieurs années qui a été soutenue de 1999 a 2001 dans le cadre d'une convention de
coopération scientifique entre le CNRS et I'Académie des Sciences de Finlande et qui est
soutenue depuis par un Programme International de Coopération Scientifique (PICS n°1932)
du CNRS. Le Biomedical Engineering Laboratory a une structure similaire a celle de
CREATIS : il comprend des médecins et des ingénieurs. De plus, le groupe Finlandais
travaille egalement sur l'imagerie du cceur mais a partir de modalités différentes et
complémentaires des notres (Magnétocardiographie, Electrocardiographie). Des échanges de
doctorants ont pu avoir lieu dans ce cadre et plusieurs publications communes ont été
produites.

Enfin, dans le cadre d’un post-doctorat, nous avons initié une collaboration avec Théo
Arts de I’université de Maastricht au Pays-Bas autour de I’analyse du mouvement du cceur.
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4. PUBLICATIONS PERSONNELLES
e Publications en révision

Pauna N., Croisille P., Costes N., Reilhac A., Mékeld T., Janier M., Clarysse P., A strategy to
guantitatively evaluate MR/PET thorax/cardiac rigid registration methods using a Monte Carlo
simulator, en révision pour IEEE Trans. Med. Imaging

¢ Publications avec comité de lecture

[J-17] Germain C., Breton V., Clarysse P., Gaudeau Y., Glatard T., Jeannot E., Legré Y., Loomis C.,
Montagnat J., Moureaux J-M., Osorio A., Pennec X., Texier R., Grid-enabling medical image
analysis, Journal of Clinical Monitoring and Computing, Special Issue, A paraitre.

[J-16] J. Luo, Y. M. Zhu, P. Clarysse, and |. Magnin, "Correction of Bias Field in MR Images Using
Singularity Function Analysis," IEEE Transactions on Medical Imaging, vol. 24, N° 8, pp. 1067-
1085, 2005.

[J-15] P. Clarysse, F. Frouin, M. Garreau, A. Lalande, J. Rousseau, D. Sarrut, and C. Vasseur,
"Intégration de Connaissances et Modélisation en Imagerie Médicale," Innovations et
Technologies en Biologie et Médecine - RBM, 25(3), pp. 139-149, 2004

[J-14] Mékela T., Pham Q-C, Clarysse P., Nenonen J., L6tjonen J., Sipild O., Hanninen H., Lauerma
K., Knutti J., Katila T., Magnin I.LE. A 3D model-based registration approach for the PET, MR
and MCG cardiac data fusion, Medical Image Analysis, Vol. 7, N° 3 , pp. 377-389, September
2003.

[J-13] Clarysse P., Han M., Croisille P., Magnin I. E., Exploratory analysis of the spatio-temporal
deformation of the myocardium during systole from tagged MRI, IEEE Trans. Biomed. Eng.,
Vol.49, N°. 11, 2002, 1328-1339

[J-12] Maékela, T., Sipila, O, Clarysse, P., Pauna, N., Pham, Q-C., Katila, T., Magnin, |.E. A review of
cardiac registration methods, IEEE Trans. Med. Imaging., Vol. 21, N° 9, September 2002

[J-11] Clarysse P., Basset C., Khouas L., Croisille P., Friboulet D., Odet C. and Magnin I.E. (2000)
2D spatial and temporal displacement and deformation field fitting from cardiac MR tagging.
Medical Image Analysis, 4, pp. 253-268, 2000.

[J-10] Verhnet, H., Revel D., Arteaga C., Clarysse P., Sattilini F., Roux J.P., Canet E., Predictive
value of regional left ventricular circumferential shortening in jeopardized myocardium : a 2D
SPAMM Cine-MR imaging study in a canine model, Invest Radiol, Vol. 34, N° 10, pp. 621-628,
1999.

[J-9] Khouas, L., Clarysse, P., Friboulet, D. and Odet, C. (1998) Fast 2D vector field visualization
using a 2D texture synthesis based on an autoregressive filter. Application to cardiac imaging.
Machine GRAPHICS & VISION, 7, 4, 751-764.

[J-8] Han, M., Clarysse, P., Croisille, P., Magnin, L.LE., Revel, D. (1998) Aide a l'analyse de
I'évolution spatio-temporelle de la déformation du myocarde. ITBM, 19, 5, 379-388.

[J-7]1 Clarysse P., Friboulet D., Magnin |. E., "New shape descriptors for 3D deformable object
tracking. Application to the left-ventricular surface of the heart", IEEE T. Med. Imaging, Vol. 16,
N°4, pp. 392-404, 1997.

[J-6] Reissman P-J., Clarysse P., Magnin |.E., "Modélisation et mise en correspondance avec la
pyramide neuractive", Traitement du Signal, Vol. 14, N°4, pp. 395-403, 1997.

[J-5] Orkisz M., Clarysse P., "Estimation du flot optique en présence de discontinuités: une revue",
Traitement du Signal, Vol. 13, N°5, pp. 489-513, 1996.

[J-4] Rousseau J., Clarysse P., Blond S., Gibon D., Vasseur C., Marchandise X., "Validation of a
new method for stereotactic localization using MR Imaging", Journal of Computer Assisted
Tomography, Vol. 15, N°2, pp. 291-296, March/April 1991

[J-3] Clarysse P., Gibon D., Rousseau J., Blond S., Vasseur C., Marchandise X., "A computer
assisted system for 3D frameless localization in stereotaxic MRI", IEEE Trans. Medical
Imaging, Vol. 10, N°4, pp. 523-529, December 1991

[J-2] Rousseau J., Gibon D., Clarysse P., Pruvo J.P., Blond S., Marchandise X., "Une méthode de
repérage stéréotaxique par IRM", J. Med. Nucl. Biophy., Vol. 16, N°4, pp. 374-379, 1992

[J-1] Rousseau J., Clarysse P., Gibon D., Blond S., Bradai N., Marchandise X., "A frameless
method for 3D MRI- and CT- guided stereotaxic localization", Neuroradiology, Vol. 2, pp. 35-
41, 1992
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¢ Actes de Workshops organises

[FIMH-01] Proceedings of the First international Workshop on Functional Imaging and Modeling
of the Heart (FIMH), T. KATILA, I.LE. MAGNIN, P. CLARYSSE, J. MONTAGNAT, et J.
NENONEN editors, Springer, Lecture Notes in Computer Science, vol. 2230, ISBN 3-540-
42861-5, nov 2001.

[FIMH-03] Proceedings of the Second international Workshop on Functional Imaging and
Modeling of the Heart (FIMH'03), I.LE. MAGNIN, J. MONTAGNAT, P. CLARYSSE, J.
NENONEN et T. KATILA, editors, Springer, Lecture Notes in Computer Science, vol. 2674,
ISBN 3-540-40262-4, 2003.

e Communications invitées dans des congres

Clarysse P. « Fusion d’'images : applications en imagerie cardio-vasculaire », Journées de Recherche
en Imagerie Médicale, 12°™ Forum des Jeunes Chercheurs en GBM, Nantes, 21-23 Mai
2003.

Clarysse P. "Overview of Medical Image Processing" dans le cadre de la 8th Summer School on
Image Processing, Zagreb, Croatia, July 7-16, 2000.

Clarysse P. Revel D., Magnin |.E., "Segmentation d'images par résonance magnétique multi-phases
et multi-coupes du caeur par une approche de régions déformables”, Rencontre Annuelle du
Futuroscope "Les techniques d'imagerie cardiovasculaire du futur", Poitiers, 1997

Clarysse P., "Recent and future trends in cardiac image processing", 2" |IEEE EMBS International
Summer School on Biomedical Imaging, lle de Berder, 1996

e Communications dans des conférences internationales avec actes

[C-34] Elisabeth Brusseau, Ghada Said, Patrick Clarysse, Modele numérique d’estimation 2D de la
déformation des tissus mous biologiques a partir d'images échographiques radiofréquence:
Résultats sur simulations numériques et données expérimentales, accepté a GRETSI 2005

[C-33] Rana Haddad, Patrick Clarysse, Maciej Orkisz, Pierre Croisille, Didier Revel, Isabelle E.
Magnin, A realistic anthropomorphic numerical model of the beating heart, accepté a FIMH'05.

[C-32] Bertrand Delhay, Patrick Clarysse, Jyrki Lotjénen, Toivo Katila and Isabelle E. Magnin,
Evaluation of two free form deformation based motion estimators in cardiac and chest
imaging, accepté a FIMH’05.

[C-31] Germain C., Breton V., Clarysse P., Gaudeau Y., Glatard T., Jeannot E., Legré Y., Loomis C.,
Montagnat J., Moureaux J-M., Osorio A., Pennec X., Texier R., Grid-enabling medical image
analysis, accepté a BIOGRID’05.

[C-30] B. Delhay, P. Clarysse, S. Bonnet, P. Grangeat, and |. E. Magnin, "Combined 3D object
motion estimation in medical sequences,” International Conference on Image Processing
(ICIP), Singapore, 2004

[C-29] Qiu B., Clarysse P., Montagnat J., Janier M., Vray D., Comparison of 3D Deformable Models
For in vivo Measurements of Mouse Embryo from 3D Ultrasound Images, IEEE International
Ultrasonics Symposium, Montréal (Canada), August 24-27, 2004

[C-28] J. Milles, P. Clarysse, A. van Susteren, P. Croisille, I. E. Magnin, and T. Arts, "Automatic 2D
segmentation of the left ventricle in tagged cardiac MRI using motion information,” IEEE
International Symposium on Biomedical Imaging (ISBI), Arlington, VA, USA, pp. 153-156,
2004

[C-27] M. Pollari, J. L6tjonen, T. Makeld, N. Pauna, A. Reilhac, and P. Clarysse, "Evaluation of
cardiac PET-MRI registration methods using a numerical breathing phantom," IEEE
International Symposium on Biomedical Imaging (ISBI), Arlington, VA, USA, pp. 1447-1450,
2004

[C-26] N. Pauna, P. Croisille, N. Costes, A. Reilhac, T. Makela, O. Cozar, M. Janier, P. Clarysse, « A
Strategy to quantitatively evaluate MRI/PET cardiac rigid registration methods using a Monte
Carlo simulator », Springer LNCS 2674, Proceedings of FIMH'03, Lyon, France, pp. 194-204,
Juin 2003

[C-25] T. Méakela, M. Pollari, J. L6tjiénen, N. Pauna, A. Reilhac, P. Clarysse, I. Magnin, T. Katila, ,
« Evaluation and comparison of surface and intensity based rigid registration methods for
thorax and cardiac MR and PET images », Springer LNCS 2674, Proceedings of FIMH'03,
Lyon, France, pp. 224-233, Juin 2003

[C-24] I. Dydenko, S. Chehbi, D. Friboulet, P. Clarysse, |I. E. Magnin, "Using an elastic deformable
template for the segmentation of ultrasound cardiac radio frequency images based on the




[C-23]

[C-22]

[C-21]

[C-20]

[C-19]

[C-18]

[C-17]

[C-16]

[C-15]

[C-14]

[C-13]

[C-12]

[C-11]

[C-10]

[C-9]

[C-8]

velocity information”, IEEE International Ultrasonics Symposium, Miinchen, Germany, pp.
1749-1752, october 2002.

D. Vray, A. Discher, J. Lefloc’h, W. Mai, P. Clarysse, Q.C. Pham, J. Montagnat, M. Janier, "3D
Quantification of Ultrasound Images : Application to Mouse Embryo Imaging In Vivo", IEEE
International Ultrasonics Symposium, Munich, Germany, pp. 1557-1560, October 2002.

P. Clarysse, P. Croisille, L. Bracoud and I. Magnin, "Integrated Quantitative Analysis of
Tagged Magnetic Resonance Images", Springer LNCS 2230, FIMH'01, November 15-16,
2001, pp. 69-75, 2001

T. Makela, Q. C. Pham, P. Clarysse, J. L6tjonen, K. Laeuerma, H. Hanninen, J. Knuuti, T.
Katila, I. Magnin, "A 3D model-based approach for the PET-functional and MR-anatomical
cardiac imaging data fusion”, Springer LNCS 2230, FIMH'01, November 15-16, 2001, pp. 83-
90, 2001

T. Makela, P. Clarysse, J. Létjonen, O. Sipila, K. Lauerma, H. Hanninen, J. Nenonen, J.
Knuuti, T. Katila, and I. E. Magnin, “A new method for the registration of cardiac PET and MR
images using deformable model based segmentation of the main thorax structures,” Medical
Image Computing and Computer Assisted Intervention (MICCAI 2001), Utrecht, The
Netherlands, pp. 557-564, 2001

P. Clarysse, C. Lavorel, A. Gliere, P. Grangeat, I. E. Magnin, "Un modéle de thorax respirant
pour I'évaluation d'algorithmes de reconstruction d'organes en mouvement par tomographie
virtuelle", GRETSI'01, Toulouse, France, 10-13 Septembre 2001

Q.C. Pham, F. Vincent, P. Clarysse, P. Croisille, I.E. Magnin, "A FEM-Based Deformable
Model for the 3D Segmentation and Tracking of the Heart in Cardiac MRI", ISPA-2001, Pula,
Croatia, Junel9-21, pp. 250-254, 2001

QC. Pham, F. Vincent, P. Clarysse, P. Croisille, I.E. Magnin, "Heart segmentation in MRI using
A 3D prior biventricular deformable model", Forum des Jeunes Chercheurs en GBM 2001,
Compiégne, France, 5-6 Juin 2001, pp.70-71, 2001.

T. Makela, P. Clarysse, J. L6tjonen, O. Sipila, H. Hanninen, J. Nenonen, K. Lauerma, J.
Knuuti, T. Katila, and 1. E. Magnin, “A method for registration of cardiac Magnetic Resonance
and Positron Emission Tomography images for assessing myocardial viability,” in
Understanding Cardiac Imaging Techniques from Basic Pathology to Image Fusion, vol. 332,
NATO Science Series - Life and Behavourial Sciences, P. Marzullo, Ed., Proceedings of the
NATO Advanced Research Workshop on Understanding Cardiac Imaging Techniques : From
Basic Pathology to Image Fusion ed. Pisa, Italy: 10S Press, 2001, pp. 155-165.

Vincent F., Clarysse P., Croisille P. and Magnin I.E. (2000) An elasticity-based region model
and its application to the estimation of the heart deformation in tagged MRI. accepté a ICIP-
2000, Vancouver, BC, Canada, September 10 - 13, 2000.

Vincent F., Clarysse P., Croisille P. and Magnin I.LE. (1999) Segmentation et suivi de
mouvement d'objets déformables par région active. GRETSI'99, Vannes, France, 13-17
Septembre 1999.

Benoit-Cattin H., Planat A., Joachimsmann P., Baskurt A., Clarysse P., Magnin |. E. "On the
coding of active quadtree mesh", IEEE International Conference on Image Processing,
Washington, lllinois, USA, October 4-7, 1998.

Han M., Clarysse P., Croisille P., Behloul F., Magnin I. E., Revel D. "Computer aided diagnosis
of the myocardial ischemia based on a spatio-temporal deformation features analysis",
Computers In Cardiology, Cleveland, Ohio, USA, September 13-16, pp.749-752, 1998.

Han M., Clarysse P., Croisille P., Magnin I. E., Revel D. "Aide a I'analyse de I'évolution spatio-
temporelle de la déformation du myocarde”, 9°™ Forum Jeunes Chercheurs GBM, Brest,
France, May 14-15, 1998

Clarysse P., Reismann P-J., Lefebvre S., Baudin O., Revel D. "Region-based segmentation of
multi-slice and multi-phase cardiac Magnetic Resonance Images", World Congress On
Medical Physics and Biomedical Engineering, Vol. 35, N°2, p. 684, Nice, France, September
14-19, 1997

Boudraa A., Clarysse P. "Fast fuzzy gray level image segmentation method", World Congress
On Medical Physics and Biomedical Engineering, Vol. 35, N°2, p. 686, Nice, France,
September 14-19, 1997

Sottilini F., Clarysse P., Revel D., Magnin I. E., "LV myocardial wall motion estimation with
tagged cine MRI (SPAMM)", Computers In Cardiology, Vienna, Austria, pp. 529-532,
September 10-13, 1995

87



88

[C-7] Clarysse P., Poupon F., Barbier B., Magnin |.E, "3D boundary extraction of the left ventricle by
a deformable model with a priori information”, IEEE International Conference on Image
Processing, Washington, D. C., USA, pp. 492-495, October 22-25, 1995

[C-6] Clarysse P., Jaouen O., Magnin |. E., Morvan J-M., "Interpolation 3D des parois cardiaques a
partir de données discretes”, Journées Thématiques GDR 134-GRAISYHM Région Nord-Pas
de Calais. Theme: Mouvement 3D d'objets non rigides, Lille, France, 4-5 Mai 1995

[C-5] Clarysse P., Friboulet D., Magnin I. E., "Time-evolution analysis of differential features on 3D
surfaces of the heart walls", IEEE Medical Imaging Conference, Norfolk, Virginia (USA), pp.
1807-1811, November 3-5 1994

[C-4] Gorce J. M., Friboulet D., Clarysse P., Magnin |. E., "Three-dimensional velocity field
estimation of moving cardiac walls", Proc. Computers In Cardiology, Bethesda,
Maryland(USA), pp. 489-492, September 25-28 1994

[C-3] Clarysse P., Jaouen O., Magnin I. E., Morvan J. M., "3D representation and deformation
analysis of the heart walls from X-rays and MR Images", Proc. Computers In Cardiology,
Bethesda, Maryland(USA), pp. 657-660, September 25-28 1994

[C-2] Clarysse P., Friboulet D., Magnin I. E., "Curvature assessment of the heart walls in 3D
dynamic imaging", Proc. Computers In Cardiology, London (UK), pp. 607-610, September 5-8,
1993

[C-1] Magnin I. E., Mathieu C., Friboulet D., Clarysse P., "Intérét de l'imagerie cardiaque 3D.
Acquisition, segmentation, quantification”, Proc. Symposium Echocardiographie et analyse
d'images ventriculaires, Dijon, France, pp. 119-132, 25-26 Mars 1993

e Communications sans actes

David Sarrut, Serge Miguet, Fabrice Vincent, Patrick Clarysse, Matthieu Exbrayat, Lionel Brunie,
Markus Fleute, Laurent Desbat, Isabelle Magnin, "Requétes complexes et hybrides dans des
bases d'images médicales distantes. Une illustration en imagerie cardiaque”, ASTI'2001,
Paris, France, 24-27 Mai 2001

F. Vincent, P. Clarysse, P. Croisille, and I. E. Magnin, “Segmentation of the heart from MR image
sequences using a 3D active model,” Biomedical Engineering Society Annual Meeting,
Seattle, Washington, USA, 2000.

P. Clarysse, M. Han, P. Croisille, and I. E. Magnin, “Exploratory analysis of the spatio-temporal
deformation of the myocardium during systole from tagged MRI,” Biomedical Engineering
Society Annual Meeting, Seattle, Washington, USA, 2000.

Clarysse, P., Canet E., Croisille P., Janier M., Neyran B. "Imagerie fonctionnelle multi-modalités de
l'ischémie myocardique et de ses conséquences”, Vlléme colloque de la section 22 du CNRS,
Paris, Avril 2000.

Clarysse P., Friboulet D., Magnin I.E., Revel D., "Suivi temporel de surfaces déformables - Application
a la surface endocardique du VG", Vleme Collogue "Thérapeutique et médicaments, de la
recherche a la découverte", section 22 du CNRS, Reims, France, Mars 1997

Clarysse P., "Applications de la géométrie en traitement d'images"”, Journées de Géométrie Sous-
Variétés et Applications, UCB Lyon |, 17-18 Mai 1995

Clarysse P., "Evolution temporelle de la courbure 3D des surfaces des parois cardiaques”, Véme
Collogue "Thérapeutique et médicaments, de la recherche a la découverte"”, section 22 du
CNRS, Montpellier, France, pp. 13, 5-6 Décembre 1994

Clarysse P., Friboulet D., Magnin I. E., "Calcul de la courbure 3D des parois cardiagues en imagerie
dynamique"”, IVéme Colloque "Thérapeutique et médicaments, de la recherche a la
découverte", section 22 du CNRS, Strasbourg, France, 1-2 Décembre 1993

Clarysse P., Rousseau J., Blond S., Gibon D., Dubois P., "Méthode de repérage par IRM", lléme
Congrés sur la Recherche en Imagerie Médicale, Bordeaux, France, 10-12 Octobre 1990

e Séminaires
"Traitement d’'images et infographie en imagerie du coeur", Séminaire du LIGIM, Lyon, 1997.
"Imagerie Médicale : Principes et Aide a l'interprétation des Images", Ecole Centrale de Lyon, Janvier
2000.



5. SELECTION DE PUBLICATIONS

Les publications [1] et [2] sont relatives aux travaux en recalage d’images cardiaques et de nos efforts
en faveur de la construction d’'un modéle anatomique et fonctionnel individualisé du cceur. Les
publications [3] a [5] sont des contributions a I'estimation (approche surfacique [4], IRM de marquage
tissulaire [5]) et I'analyse du mouvement du cceur ([3]).

[1] Makela T., Pham Q-C, Clarysse P., Nenonen J., Létjonen J., Sipila O., Hanninen H., Lauerma
K., Knutti J., Katila T., Magnin I.LE. A 3D model-based registration approach for the PET, MR
and MCG cardiac data fusion, Medical Image Analysis, Vol. 7, N° 3 , pp. 377-389, September
2003.

[2] Makeld, T., Sipila, O, Clarysse, P., Pauna, N., Pham, Q-C., Katila, T., Magnin, I.E. A review of
cardiac registration methods, IEEE Trans. Med. Imaging., Vol. 21, N° 9, September 2002

[3] Clarysse P., Han M., Croisille P., Magnin |. E., Exploratory analysis of the spatio-temporal
deformation of the myocardium during systole from tagged MRI, IEEE Trans. Biomed. Eng.,
Vol.49, N°. 11, 2002, 1328-1339

[4] Clarysse P., Basset C., Khouas L., Croisille P., Friboulet D., Odet C. and Magnin |.E. (2000)
2D spatial and temporal displacement and deformation field fitting from cardiac MR tagging.
Medical Image Analysis, 4, pp. 253-268, 2000.

[5] Clarysse P., Friboulet D., Magnin I. E., "New shape descriptors for 3D deformable object
tracking. Application to the left-ventricular surface of the heart”, IEEE T. Med. Imaging, Vol. 16,
N°4, pp. 392-404, 1997.

89






Available at
www.ComputerScienceWeb.com MEDICAL
POWERED BY SCIENCE @DIRECT' IMAGE

ANALYSIS

www.elsevier.com/locate/media

5
ELSEVIE Medical Image Analysis 7 (2003) 377-389

A 3-D model-based registration approach for the PET, MR and MCG
cardiac data fusion

Timo Makel£*°* , Quoc Cuong Phafn , Patrick Clary8se , Jukka Nendhen
Jyrki Lotjpnerf', Outi Sipil§ , Helena Hanninén , Kirsi Lauerina , Juhani Krfuuti ,
Toivo Katila™®, Isabelle E. Magnih

“Laboratory of Biomedical Engineering, Helsinki University of Technology, P.O.B. 2200, FIN-02015HUT Helsinki, Finland
PCREATIS, INSA, Batiment Blaise Pascal, 69621 Villeurbanne Cedex, France
‘BioMag Laboratory, Helsinki University Central Hospital, P.O.B. 503, FIN-00029HUS Helsinki, Finland
YTT Information Technology, P.O.B. 1206, FIN-33101 Tampere, Finland
“Department of Radiology, Helsinki University Central Hospital, P.O.B. 340, FIN-00029HUS Helsinki, Finland
'Division of Cardiology, Helsinki University Central Hospital, P.O.B. 340, FIN-00029HUS Helsinki, Finland
9Turku PET Centre, c/o Turku University Central Hospital, Box 52, FIN-20521 Turku, Finland

Abstract

In this paper, a new approach is presented for the assessment of a 3-D anatomical and functional model of the heart including structural
information from magnetic resonance imaging (MRI) and functional information from positron emission tomography (PET) and
magnetocardiography (MCG). The method uses model-based co-registration of MR and PET images and marker-based registration for
MRI and MCG. Model-based segmentation of MR anatomical images results in an individualized 3-D biventricular model of the heart
including functional parameters from PET and MCG in an easily interpretable 3-D form.

O 2003 Elsevier B.V. All rights reserved.

1. Introduction usually provided by magnetic resonance imaging (MRI)
and ultrasound (US). Metabolism can be analyzed with
Ischemic diseases and their dramatic consequence, the positron emission tomography (PET), perfusion with thal-
myocardial infarct, are the leading cause of mortality in lium single photon emission computed tomography
industrial countries. From the physio-pathological point of (SPECT), MRI, or PET, and contractile function by using
view, ischemia results from a disequilibrium between MRI and US. Fluorodeoxyglucose (FDG) PET imaging is

myocardial perfusion, metabolism and contractile function.
Following an ischemic event, the question of myocardial

viability arises. Both ischemia diagnosis and viability Structural information
estimation rely on the joint analysis of the perfusion, ue l(JI\ER; UOS) atio Metabolism (PET)

metabolism and contractile function, each of which being
quantified with specific imaging modalitiei. 1). Con-
sequences onto the electric and magnetic activity of the
heart have also been observed. Therefore, computer-based
methods are required to automatically perform multi-modal
cardiac image registration in 3-D. This is the purpose of
this work. Electric/Magnetic

Anatomical (structural) information of the heart is Properties
(MCG. ECG, BSPM)

Perfusion
(PET, MRL US,
SPECT)

A,

Myocardial Viability

A

Contractile function
(MRLUS)

*Corresponding author. Tel.:-358-9-451-3174; fax:+358-9-451-
3182. Fig. 1. Variety of imaging modalities required for the cardiac viability
E-mail address: timo.makela@hut.f{T. Makela). assessment.
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considered as the gold standard to determine viable areas
of the heart Hartiala and Knuuti, 1996 The electrical
activity of the heart creates both an electric and a magnetic
field and can be measured by using electrocardiography
(ECG) and magnetocardiography (MCG), respectively
(Siltanen, 1988 In MCG and ECGinverse problems, a usually acquired with lower resolution. A review of cardiac
current distribution inside of the heart is estimated from image registration approaches can be fadd#earla (et
noninvasively measured signals by solving a regularized al., 2002 These methods are usually based on manual
inverse problem lamalainen and Nenonen, 1999; Mac- intervention Behloul et al.,, 2001; Waiter et al., 2000
Leod and Brooks, 1998 Thus, multichannel MCG and automatic registration of thorax surfaPedlofta et al.,
ECG studies can be applied in locating abnormal electrical 1995; Gilardi et al., 1998; Yu et al., 1995; Tai et al., 1997,
activity in the heart lenonen et al.,, 2001 The MCG Cai et al., 1999; Makéla et al., 20Qlar heart surfaces
signals are generated by the same bioelectric currents asFabe( et al., 1991; Sinha et al., 1995; Andersson et al.,
the ECG, but the MCG may show ischemia-induced 1995; Declerck et al., 1997; Thirion, 1995, 2001; Nekolla
deviations from the normal direction of depolarization and et al., 2000. Another category of methods relies on the
repolarization in a different way than ECGlgnninen et matching of image intensitiedHph et al., 1993; Bettinardi
al., 200). In the literature, electrical activity and metabo- et al., 1993; Slomka et al., 1995; Eberl et al., 1996; Dey et

cardiac images is a more complex problem than brair
image registration because of the mixed motions of the

heart and the thorax structures. Moreover, as compared tc

the registration of brain images, the heart exhibits much

fewer accurate anatomical landmarks and the images are

lism have usually been studied separately, principally al., 1999; Carrillo et al., 2001; Lotjonen and "Makela,
because the acquisition system are quite different and2001). In (Behloul et al., 200}, maximal myocardial

involve different specialists. From the physiopathological
point of view, it is clear that all the activities are related
one to each other. Therefore, our objective here was to
allow for the study of the correlation between the electrical
(MCG data) and metabolic (PET imaging) activities which
may reveal new aspects of hearts complex pathological

processes. To our knowledge, this kind of comparison has
not been done before. The presented 3-D method gives

good possibilities especially for visual comparison of data

deformation from tagged MRI and FDG-PET metabolism

were combined using neuro-fuzzy rules to generate polar

maps representing the viability. The registration was
performed manually with the help of the long axis angles

defined in the MRI protocol. In the ‘MunichHeart’ soft-

ware, endocardial and epicardial contours were manually
delineated in short axis (SA) MR images and registered
with the same contours extracted from PET or SPECT
using the maximum count detection algdiékatig et

from different imaging modalities. Whereas PET imaging al., 1998, 200Q

is used to study the cardiac metabolism, the multichannel
ECG and MCG mappings allow a comprehensive study of
the electromagnetic fields of the heart. These mapping
techniques give unique additional information on the
electromagnetic manifestations of myocardial ischemia and
viability. At present, the nuclear imaging modalities are
mainly used in elective manner, applied only rarely in
clinical decisions concerning cardiac care unit patients,
whereas ECG monitoring is widely used in emergency care
units. In the future, technical development will hopefully
allow the MCG mapping function as clinical tool without
need for shielding. Multichannel ECG and MCG studies,
used with standard torso models (to obtain individual torso
model one needs usually MR images), could then give
estimation of ischemia (and viability). The 3-D model

based approaches could be first used with functional data

In this work, we propose a method for extracting an
individualized 3-D anatomical heart model which com-
bines myocardial metabolic data from PET and electrical
measurements from MCG. A first approach of the method
was presenteaikeld et al., 2001b)Here, it is
improved by adding functional MCG results to the model.

The method provides a 3-D geometric representation of the

heart onto which functional information can be displayed.
The data are presented in Section 2. An overview of the

approach is given in Section 3, and the different steps are
described in Section 4. The extraction of an individualized

heart model is explained in Section 5. The construction of
functional cartographies are described in Section 6. Results
are presented in Section 7 and discussed in Section 8.

from ECG and/or MCG, and then be extended during the 2. Cardiac imaging protocol

clinical studies with other modalities, such as MR and
nuclear medicine studies. In this paper, we will use MRI
for obtaining the heart's anatomy. Myocardial functional
data are issued from FDG-PET for the metabolism and
MCG data for the heart’s electrical activity.

In viability studies, mental registration of the infor-
mation from different imaging modalities is routinely
performed by clinicians. Automatic registration, based on
computer programs, is however expected to offer better
accuracy, repeatability, and to save time. Registration of

diagnosed with coronary angiography and
dyskinesia in cineangiogrdraggrma et al., 2000 The
mean age was 69 (8 men, 2 women). All patients under-

The cardiac data were composed of MR and PET

images and MCG data of 10 patients (identified by P1 to

P10) suffering from 3 vessels coronary artery disease,
regional

went MR and fluorine-18-deoxyglucose (FDG) PET imag-
ing within 10 days. MCG measurements were also ac-
quired.
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e MRimages. The MR data were acquired with a 1.5 T stress and rest recordings were used in computing
Siemens Magnetom Vision imager (Siemens, Erlangen, current density estimates (Gb&hén et al., 2001
Germany) at the Department of Radiology in Helsinki In this work, the depolarization (QRS complex) data at
University Central Hospital (HUCH). A series of 39 rest was utilized. Patient-specific boundary-element
ECG-gated contiguous transaxial images was acquired torso models were acquired from magnetic resonance
during free respiration using a TurboFLASH sequence images, including the triangulated thorax and LV sur-
(Fig. 2@)). The pixel size and the slice thickness were fadastjgnen et al., 1999, Pham et al., 200The
1.95X1.95 mm and 10 mm, respectively. Five ECG- torso was assigned a constant electrical conductivity of
gated breath-hold cine SA sections were also acquired 0.2 S/m. Discrete CDE values were computed on the
(Fig. 2(b)). The pixel size for SA slices was 1.29..25 LV at midwall locations. The ill-posed inverse problem
mm and the slice thickness 7 mm with a gap of 15 mm was regularized with three different methods (Tikhonov
between slices. About 15 time points were taken for regularization with an identity or a surface Laplacian
each section with a repetition time of 40 ms. operator, and a maximum a posteriori estimator, MAP;

e PET images. The static cardiac PET data were ac- for details, $éenbnen et al., 20QL In the present
quired with a Siemens ECAT 931/08-12 (Siemens/ study, we selected MCG results obtained with the MAP
CTI, Knoxville, TN, USA) PET scanner at the Turku estimator.

PET Centre (Turku, Finland). A series of 15 contiguous

transmission and emission images were acquifég. (

2(c) and (d)). Transmission images were used for 3. Method overview
attenuation correction of emission images and also

provided structural information that was utilized for The aim of the overall approach is to extract a 3-D
registration purposes. The emission image, which can anatomical model of the heart from patient MR images and
be assumed to be in good registration with the transmis- to incorporate functional data, such as FDG uptake,
sion image Kim et al., 199), gives absolute quantifica- information of the magneto-electric properties of the heart
tion of glucosis uptake. For both transmission and and other clinically relevant parameters to the model. The
emission images, the pixel size and the slice thickness process is summarkzigd &
were 2.41X2.41 mm and 6.75 mm, respectively. First, MR transaxial images were co-registered (rigid
e MCG data. The MCG measurements were performed transformation) with the PET transmission Mg
at rest and after stress with the 67-channel cardiomag-et al.,, 2001p The obtained registration parameters were
netometer (4-D Neurolmaging, Helsinki, Finland) at the used to register transaxial MR images and the PET
BioMag Laboratory ontonen et al., 2000at HUCH. emission image. PET slices that correspond to SA MR
Acute ischemia was induced by exercise testing with a images were calculated by using MR header information.
non-magnetic stress ergometétahninen et al., 2001 Then, a 3-D biventricular deformable model was initialized
pedaled in supine position. in the SA MR images to segment the myocardium. The
The ST-segment difference signals of averaged post- deformed model was transformed into the registered SA

PET image to obtain FDG uptake values. The model was
also transformed to the transaxial MR image and MCG
values were calculated for the LV midwall locations. The
main steps of the method are described in the following
sections.

4. Registration
4.1. PET-MRI registration

The rigid registration method for cardiac PET and MR
images was fully described ifM@akela et al., 200)a The
registration method is based on the matching of the thorax
and lungs surfaces which are visible in both PET transmis-
sion and MR transaxial images. The registration protocol
first matches PET transmission and transaxial MR images
by using a surface-based registration algorithm and then

(c) (d) computes the SA PET slices corresponding to the SA MR
Fig. 2. (a) Transaxial and (b) SA MR images, (c) transmission and (d) Slices. The emission and transmission PET and transaxial
emission PET images. MR images were first interpolated to the same isotropic
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3-D PET cartography 3-D MCG cartography ﬁ

Fig. 3. Extraction of the 3-D anatomical and functional model of the heart including PET-FDG uptake and MCG values: main steps of the process.

cated (#b)). The initialization of the models can be
made in three ways in our software: (1) manually, (2)
matching bounding boxes set around the model and
binarized (thresholded) volume, or (3) making rigid regis-
tration with the model and binarized volume. In this work,
the initialization was done manually. However, we have
also used successfully the second approach in more than
50 cases as the thorax is segmented from MR images.
Although the bounding boxes do not allow any rotation
correction, it has performed well because subjects are
always lying on the bed in an approximately same orienta-
tion. The segmentation algorithm can cope initialization
errors up to a few degrees and several centimeters as
demonstrated also in the original articleé{jonen et al.,
1999.
The free-form based deformation algorithm adapts the
prior model to locally fit the salient edges in the image
within a minimization process. The energy to be mini-

voxel dimensions using tri-linear interpolation. Then, the

PET transmission and emission images, which had smaller
physical dimensions than MR image, was set to the
geometric center of the MR image space. The thorax and
lung surfaces were segmented from PET transmission
image using the deformable model based segmentation
method proposed inL{tjénen et al., 1999)Segmentation

of the thorax structures (thorax and lungs surfaces) was
based on the elastic deformation of a topologic and
geometric prior model using a multiresolution approach. A

thorax model including a full triangulated thorax and the

lungs surfaces was used with MR imagé&sg( 4@)) while

with the PET transmission images, the model was trun-

mized is
Etotal = Eimage+ yE model (1)
where E; ... represents the matching error between the

prior model and the partial edges in the data volume.
E,.qc t€Nds to preserve the model's shape by restricting
the deformation of the prior model. It describes the

(a)

Fig. 4. Geometric and topologic prior model of the thorax for the () MR déviation of the model's surface normals from their

and (b) PET transmission image segmentation. original orientation. The image energy results from a
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Fig. 5. MR distance maps. The registration algorithm minimizes the
distance of the thorax surface points in PET relatively to this distance
map.

distance mapBRorgefors, 1988built upon edges extracted
either by a Canny-Deriche methodCdnny, 198% or
image thresholding Kig. 5). In order to select edges

corresponding to the model, oriented distance maps

(Lotjonen et al., 199pwere computed. The parameter

sets the contribution of the two energy components. A
multiresolution process speeds up the minimization process

and improves the convergencEigs. 6@) and (b) show

381

upon the segmented transaxial MR surfadeg.(5). The
uniformly distributed nodes of the deformable model were
used as point set from PET transmission image surface.
PET transmission and MR transaxial images are acquired
in a similar geometry; the model is therefore initialized in
a position close to the registration solution. The minimiza-
tion algorithm is more detailed inMakela et al., 200Ja
PET emission image was registered with transaxial MR
image using the computed registration parameters. The
PET transmission image was thus used as a linking
mediator to register PET emission image to MR image
coordinates.
After registration of the PET emission image with the
transaxial MR image, the SA PET slices that corresponded
to the SA MR images were computed using MR header
information of transaxial and SA MR imag#ég. (7).

Note that, as PET acquisition was not gated in this study,

the PET images were registered with the SA MR data at

end-diastole. This cardiac instant best corresponds to the

average PET image.

segmentation results for the thorax structures in MR and 4.2. MCG-MRI registration

PET transmission images.

The parameters of the rigid transformation parameters
(three translations, three rotations) between the two image

sets are derived from the minimization of the distance

between the point set from segmented PET transmission

image surfaces and a distance maprgefors, 1988 built

(a) (b)

Fig. 6. Segmented (@) MR and (b) PET transmission images.

MCG measurements were registered with MRI data by
using external markers. The position of the MCG record-
ing system with respect to the patient is determined by
attaching three marker coils (magnetic dipoles) to the skin.

The magnetic fields produced by the coils are then used to
compute the sensor locations relatively to the marker coils
(Montonen et al., 2000 The three marker coils were also
used to define the MCG sensor coordinates with respect to
the MCG markers, a set of nine external marker positions
which were selected for registering the MCG sensor
system to MR images (Fi@).

The locations of the MCG markers were defined by
attaching a cross-shaped object consisting of two silicone
strips of rubber on the skin of the thorax. The separation
between neighboring MCG markers was 5 cm in the
head-feet direction and 10 cm in the left-right direction.
The locations of the MCG markers and the small marker

Fig. 7. A stack of registered end-diastolic SA MR (top) and PET emission (bottom) image slices for the P1 case. In the middle row, the images were

overlaid in block format to visualize registration results.
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previous work Pham et al., 2001 Several groups have
proposed superficial deformable models to segment the
cardiac chambers in three dimensiond¥c(nerney and
Terzopoulos, 1996 More recentlyMontagnat and Deling-
ette (2000)introduced simplex meshes for segmenting the
LV surfaces from 4-D cardiac sequences in MR, SPECT
and ultrasound imaging. The reader can find Fnafgi et

al., 2009 a good review of 3-D heart modeling approaches
used for the purpose of segmentation. Contrary to superfi-
cial models, the ARM relies on a volumetric deformation

Fig. 8. Placements of the nine MCG markers and three marker coils on ¢ 5 gaometric heart model. It allows to simultaneously
the chest in a typical patient study. The round pieces of plastic in two

silicone strips of rubber denote the MCG marker locations. Their extract the LV and RV endocardial surfaces, as well as the
centerpoints are digitized, and the pieces are removed from the stripsepicardium, while enforcing regularity between these
before stamping the locations with ink visible in UV light. The three surfaces. In addition, it is formulated in the mechanical
marker coils are used to define the MCG sensor coordinates in respect tofrgmework of elastic bodies that is often used in the
the MCG markers. context of motion estimationRapademetris et al., 2001
The ARM is also closely related to the work 8Ermesant
coils were defined with a 3-D digitization system (3SPACE et al. (2001)who introduced an electro-mechanical model

ISOTRAK II; Polhemus, Colchester, VT, USA). The
digitized MCG marker positions were stamped with non-
toxic ink, visible only in ultraviolet light. Prior to MR
imaging, the nine MRI markers were placed on the
stamped positions on the skin. The MRI markers were
constructed from two perpendicular tubes filled with
1 mmol/l MnCl, fluid, inserted inside a piece of plastic of
4.0X4.0X 0.7 cm. The cross-shaped figure of a marker
was well visible in the MR images. The MRI markers were
located manually from MR images, using a dedicated
software. The nine marker coordinate setsy( 2) in the
MCG and MRI coordinate systems, respectively, were
registered using a non-iterative least-squares metAngh(

et al., 1987. Only rigid transformations including global
rotations and translations were considered. MCG-MRI
registration protocol has been applied to more than 50
patient studies Fesola et al., 2000 With our patient
studies we have obtained the root mean square (RMS)
error of the nine registered markers to be about 6 mm. The
registration error includes various error sources such as the
effect of breathing, reattachment of the markers between
MCG and MR measurements, localization of the markers
from MR images and shape changes in thorax between the
measurements because of the flexibility of the shoulders
and the skin Makela et al., 2002b One of the reasons
why the RMS error values are relatively low in our
measurements is that the markers in our protocol were
attached in positions which were not very sensitive to
different alignment errors.

of the heart. In this model, the contraction is controlled by
simulating the propagation of electrical waves and taking

into account the interaction with ultrasound images. Never-

theless, in this work, the objective is not to provide a
complete biomechanical model of the heart, but to accu-
rately segment MR cardiac images by means of a simple
but natural description of the heart. The segmentation
process can be divided in two main steps. First, the
template is spatially positioned by registering it with the
image to be segmented. Then, starting from this initial

configuration, it is elastically deformed to fit the cardiac

structures. Each step will be described in the following.

5.1. The 3-D biventricular template

A priori information on the shape of the object of

interest strongly constrains the segmentation. We thus

developed a 3-D geometric accurate representation of the
heart ventricles. This volumetric template was created
from a MR reference dataset. The heart of a healthy
volunteer was imaged using a cine-MR protocol and the
end-diastolic time frame was selected, as we only focus on
the images corresponding to the end-diastole. A medica
expert interactively delineated the epi- and endocardial

contours of the two ventricles on each of the 2-D short axis

slices. The corresponding surfaces were then reconstructed
and the interior meshed with tetrahedra using the GHS3D
software (INRIA, Gamma Project, France). The 3-D

biventricular template is showrFig. 9.

5.2. Interpolating 3-D MR volumes

5. Capturing the heart anatomy

In order to take advantage of a fully three-dimensional

MR images provide relevant information on the cardiac
anatomy. In this section, we present a method for ex-
tracting a 3-D individualized anatomical model of the heart
from MR short axis images, based on an Elastic Active
Region Model (ARM) which is an extension of our

interaction between the model and the short axis images of
the heart, 3-D isotropic volumes were interpolated from
stacks of 2-D short axis slices. SA images present a good
spatial resolution in the acquisition plane, but a poor one in

the transversal direction. For the studied cases, the inter-
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tions, 3 rotations) applied to the model, that minimizes the
following energy:

Eini(T) = Ejo(T) En(T). (2)

Like in (Pluim et al., 200] the energy to be minimized is
a product of an energy based on an intensity criterion and
an energy deriving from the image gradient. Hete, (T),
computed on the boundary of the template, represents a
distance from the model to detected contours in the image.
In practice, we take the mean square Euclidean distance
from the boundary nodes to the image edges. The region
energyE,(T) is a similarity measure between the image
intensities. It is estimated in a floating meshed domafin
surrounding the template(}(C W) and can either be the
sum of the square intensity differences (SSD) sampled on
(b) the nodes oW, or the mutual information (MI) between
the two gray level distributions. In most of the cases, good
Fig. 9. (a) 3-D prior biventricular model (19 524 nodes, 94 402 tetra- results are obtained with the SSD criterion which is known
hedral elements), (b) model immersed in the MR data. to be efficient in the monomodal cas€itgpatrick and
Maurer, 2000. The total initialization energy is minimized
slice distance was 15 mm, whereas the pixel size was lessusing the Powell’s optimization metho®1ess et al., 1998
than 1.5 mm. In such conditions, we experimentally which does not require the computation of the function’s
observed that the shape based interpolation techniquegradient. Fig. 10 shows initialization results for two
(Grevera and Udupa, 1996gave better results than patients.
polynomial interpolations on our data.

5.3. The modd initialization as a registration step 5.4. The deformation model

The model is rigidly positioned with respect to the The second step of the segmentation process is seen as
image to be as close as possible to the cardiac structures to the deformation of an elastic body submitted to an externa
be segmented. This is done by searching for the 6 force field. The myocardium is modeled as a linear elastic
parameters of the rigid spatial transformatibi§3 transla- continuous medium. Under the small deformation assump-

(b)

Fig. 10. Initialization step. (a) Patient P1, before registration, (b) patient P1, after registration, (c) patient P2, before registratiaant(d)2patfter
registration. First row: basal cross-section; second row: mid-ventricular level.
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tion, the linearized form of the Green—Lagrange strain
tensor is used:

1 T
[e] = 5(Vu+Vu’), (3)
where u denotes the displacement vector. The stress is

related to the strain by the constitutive law of the material.
For a homogeneous isotropic material, it takes the form

(4)

where 0 =(071,0,20330 120 530 3)}" and £=
(811:622E39€ 12€ 23€ 3} are, respectively, the stress and
the strain vectorsR the elasticity matrix depending on two
mechanical parameters (either the Lame coefficiarand

M, or the Young modulug& and the Poisson ratig), andS

a differential operator. If we not«) the considered
domain, 9} its boundary, and the superficial external
forces applied on the boundary, the equilibrium state
corresponds to the minimum of the following potential
energy:

o =Re =RSu,

ft(l +u)-uds.

Q)

1
Egion(U) =5 ftre dxX — «a (5)

Eelas{u) E datéu)

The first termE,,.(u) is an elastic energy which regular-
izes the deformations imposed by the external energy
E,.(U), evaluated in the deformed configuration (if we

T. Makela et al. / Medical Image Analysis 7 (2003) 377-389

(a)

(b)

Fig. 11. Segmentation results. (a) Patient P1, (b) patient P2. First row:
basal slice; second row: mid-ventricular level.

As F is a function of the displacement, Eq. (7) is solved
iteratively using a semi-implicit Euler scheme. Final
segmentation results after the model deformation are
shown inFig. 11 for the two same cases.

assume that the displacements are small). In the case of

large displacements, the geometric non-linearity should be
taken into account by updating the elastic energy during
the deformation process. The external force field deriving
from the image is chosen such that it tends to attract the
model’s boundary towards salient features existing in the
image. One way to compute a 3-D force field is to
calculate the gradient of a potential imaf{g) = — VP(X)

6. Functional model of the heart

6.1. FDG-PET cartography
After the registration and segmentation steps, functional

data was attributed to the elements and nodes of the 3-D
biventricular model. Also some parameters with clinical

which can be, for example, either the norm of the image interest was derived from MR imaging. First, the model
gradient, an edge map extracted with a Canny—Deriche V@S labeled so that it was possible to separate the right and
operator and smoothed with a gaussian filter, or a distanceleft ventricles and obtain internal and external surfaces.
map (chamfer or Euclidean distance). The Gradient Vector Moreover, cavity volumes, myocardial mass and local wall
Flow (GVF), proposed byu and Prince (1998)directly thickness were computed. In order to enrich the model

provides a force field which allows a better convergence, With metabolic information, the model was transformed
especially in the case of concavities. In our experiments, INt0 the registered PET-FDG emission image. A LV medial

the GVF computed from the norm of the image gradient surface. was automatica}lly calculated between LV endo-
was used in most of the cases. and epicardial surfaces-ig. 12).

Eqg. (5) is discretized using the Finite Element Method
(FEM) with linear basis functions Zfenkiewicz and
Taylor, 1987. The energy to be minimized thus becomes

Epicardial surface

1
Eg,ob(U)=§UTKU+aF-U, (6)

with U being the global displacement vectét the global
force vector andK the stiffness matrix. A minimum is
reached for

KU=F.

Medial surface

Endocardial surface

Fig. 12. Calculation of the medial surface using the segmented epicardial
and endocardial surfaces.

(7)
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6.2. Magneto-electric cartography

MCG inverse current—density estimates were calculated
for the nodepoints of the medial surface. To this aim, the
medial surface was transformed from MR SA plane to
transaxial MR coordinate system by using MR header
information. The MCG measurements were regularized
Fig. 13. (a) Intersection of endocardial (inner contour), epicardial (out- with a MAP estimator.
ermost contour) and calculated medial (middle contour) surfaces with a
MR SA slice, (b) the same contours are shown in the corresponding
registered PET SA image (medial contour in the middle) and (c) the mean
value of the FDG-uptake was computed at the medial surface nodes in al- Results
small neighborhood.

7.1. FDG-PET cartography
The medial surface nodes were calculated by, first
computing the 3-D normal to each node of the endocardial Fig. 14(eft) and Fig. 15(eft) illustrate the FDG meta-

surface and, secondly, calculating the middle point of the bolic activity over the LV medial surface for 2 cases. Right
segment normal to the endocardial surface and its intersec- ventricular and epicardial surfaces are shown in trans-
tion with the epicardial surfacd={g. 13@)). Surfaces were parency. Fig. 14fight) and Fig. 15¢ight), the corre-
transformed to registered PET emission image and a FDG sponding PET bull's eye (polarmap) presentations are
uptake mean value was computed at each node of the shown for a qualitative evaluation of the 3-D displays
medial surface Kig. 13(), middle contour) in a 85X5 (Siemens software, Turku PET Centre). Bull's eye images
neighborhood, which corresponds to 6:26.25X6.25 mm are commonly used method for displaying functional
physical dimensionsHig. 13¢)). information of the heart. The center corresponds to the

Fig. 14. 3-D representation of the FDG PET uptake values on the biventricular heart model (left) for patient P1. Interactively made bull's eye
representation (Siemens software) of the corresponding PET image is presented on the right. The polarmap shows PET values at mid-wall location. Sca
area can be seen in dark green at the basal level of the 3-D display (arrows).

Fig. 15. Left: 3-D representation of the FDG PET uptake values on the biventricular heart model for patient P2. Right: corresponding bull's eye
representation (Siemens software) with values estimated at mid-wall location. The low LV FDG uptake areas (arrows A, B) can be seen clearly in darker
colors in the figures.
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Sep
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Fig. 16. Left: 3-D representation of the MCG values on the biventricular heart model for patient P1. Right: interactively made correspondigg bull's e
representation calculated from the 3-D medial surface. Highest current magnitudes can be seen in red at the basal level of the presentatamd (arrows)
lowest current magnitudes in dark green.
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Fig. 17. Left: 3-D representation of the MCG values on the biventricular heart model for patient P2. Right: interactively made correspondigg bull's e
representation calculated from the 3-D medial surface.

apex and the outermost ring represents the basal slice. In8. Discussion and conclusion
such polarmaps, metabolic activity is estimated at left-

ventricular mid-wall. In this paper, we presented a new approach for the
The corresponding low LV FDG uptake areas can combination of anatomical and functional data from vari-
clearly be seen in both the bull's eye images (dark green in ous cardiac imaging modalities. It relies on the registration
Figs. 14 and 15{ght)) and in the 3-D model displays of thorax structures (thorax surfaces) which are extracted
(arrows inFigs. 14 and 13¢€ft)). Visualizations of the 3-D from MR anatomical and PET transmission images. In
model were performed using the VTK software library. order to provide 3-D displays of the heart that are easily

interpretable by the physician, an individualized 3-D
biventricular heart model is extracted from the SA MR

7.2. Magneto-€electric cartography images. The various geometrical and functional parameters
can therefore be represented onto this model through the
MCG results are presented on the medial surface for P1 LV medial surfags. (14—17. Following our previous
in Fig. 16 and P2 inFig. 17. For both cases, the 3-D efforts, we show in this paper the ability of the method to
visualization is presented on the left and the corresponding integrate information about the magneto-electric activity of
bull's eye representation computed from the extracted 3-D the heart from MCG. The fusion of metabolic data from
medial surface on the right. The MCG results were PET and magneto-electrical potential onto the same in-
computed from the resting state data at a single time dividualized 3-D heart model from MRI has been illus-
instant in the middle of the QRS complex. The results have trated on two pathological cases. With such an approach,
to be regarded illustrative in that sense that the electrical the localization of metabolic and conduction defects is
activity in the right ventricle was neglected in the inverse straightforward since the biventricular model allows for the
calculations. unambiguous identification of myocardial territories. With-

in the same framework, it is natural to envisage the
“The visualization Toolkit (VTK),http://www.kitware.com. inclusion of other complementary functional data such as


http://www.kitware.com.
http://www.kitware.com.
http://www.kitware.com.
http://www.kitware.com.
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information related to the myocardial deformation or
perfusion Behloul et al., 2001

The reliability of the method mainly depends on the
accuracy of the rigid PET-MRI registration. The registra-
tion results of 10 cases were visually inspected by a

rest). This difference was associated with exercise-induced
ischemia which was known to arise in the left ventricle on

the basis of PET and M&lefma et al., 2000 While

the whole MCG (and ECG) source imaging methodology

is still under rapid developntéd@tiaainen and

medical expert. Nine over the 10 available cases were Nenonen, 199p the results show that MCG, due to a

considered to provide satisfactory correspondence results.
In the remaining bad case, unexpected artifacts were
observed in FDG-PET data. In a previous papéakela et

al., 20013, we proposed a quantification of the registration
accuracy based on the calculation of a distance between
segmented surfaces in PET and MRI. The mean distance
was 3 mm with a maximum of 4 mm. This is only an
indication of the performance of the registration algorithm
since it highly depends upon the segmentation of the
thorax structures. It also provides a simple mean to detect
possible registration failure. A more systematic and accur-
ate validation of the registration method is currently
conducted through image simulations. Also intensity based
methods, like mutual information, are potential alternative
to determine registration parameters in this kind of regis-
tration methods where the PET transmission image is used
as a linking mediator to register PET emission image to
MR image coordinates. In some cases, intensity based
methods can even allow to register the emission image
directly with the anatomical image.

PET imaging devices have typically 4—10 mm spatial
resolution Hartiala and Knuuti, 1996 In general, the
ability of our 3-D model based method to detect functional
abnormalities is limited by the spatial resolution of the
PET imaging device. In MCG, accuracies of 5 to 25 mm
have been reported by comparing the MCG localization
results to: (i) cardiac surgery, (ii) catheter ablation, (iii)
the results of invasive electrophysiological studies, (iv)
ECG localization results, and (v) physiological knowledge
(X-ray or MRI). Besides patient studies, the ability of the
MCG to locate artificial current dipoles has been tested
with physical thorax phantoms. A non-magnetic pacing
catheter in a realistically shaped thorax phantom resulted
in equal accuracies of 5—10 mm between MCG and ECG
mapping dataKenici et al., 1998 On the other hand, the
same catheter in 15 patients showed significantly better
localization accuracy with MCG data (7 mm) than with
simultaneously recorded ECG mapping data (25 mm)
(Pesola et al., 1999

The MCG results in this work were evaluated on the
median LV surface during the cardiac depolarization. The
resting-state MCG data in the peak of the QRS contains
contributions from both ventricles, while the LV contribu-
tion dominates. In this study the RV was not included in
the inverse MCG computations. The main motivation to
use only the LV surface came from our previous study
where we investigated the MCG data after physical
exercise test in the same patient populatidlerfonen et
al., 200). In that study the ST segment was analyzed and
difference signals were computed (post-exercise minus

millisecond time resolution, may be able to provide new
valuable information on cardiac function, especially when

constrained with accurate anatomy from MRI and com-

bined with other medical imaging data.
The temporal correspondence of the PET and MR
images has been overcome by assuming the corre

spondence between the MR transaxial, end-diastolic SA

images, and the PET acquisitions, as it is usually admitted
in clinical practice. In fact, transaxial MR images were
obtained with a snapshot technique during free respiration
while PET measurements were accumulated during a

relatively long period of time (about 10 min). This might

generate differences in the thorax and lungs shape and
consequently, cause registration errors. ECG-gated PET
with non-rigid registration could certainly help to better
handle the temporal correspondence problem.
The results of the automatic extraction of the biventricu-
lar model using the ARM were quite satisfactory for the
two processed cases as showhlinThig. step, which

is independent of the others, is important since (i) it

extracts an individualized anatomical model from which

volumes, masses, wall thickness can be derived, (ii) it

provides the region of interest where the functional param-

eters from PET and MCG are estimated. We are currently

quantifying the performance of the ARM in terms of
accuracy (as compared to manual tracing) and robustness,

especially as a function of model initialization. In addition,

acquisition sequences such as stimulated echo sequences
(e.g. TrueFISP, bFFE, Fiesta) provide better resolution and

contrast and may improve the reliability and the accuracy

of the segmentation results.

The medial surface seems to us the most straightforward
way to obtain functional cartographies preventing from
border effects that could occur from slight mis-registration.

In this work, we implemented a simple geometrical

approach to compute this surface. Other methods such a:

the centersurfd@elson et al.,, 199b could also be

applied. In order to keep the volumetric property of the

model, the next step will consist in the anatomical re-

parameterization of the heart's geometry so that the
functional parameters can be easily depicted on the
myocardial borders as well as inside the wall by interac-

tively peeling the model, for instance.

In conclusion, we have presented a model-based ap-
proach for the combination onto patient-specific heart
model of both anatomical and diverse functional data from
multimodality cardiac imaging. In this work, one of the

main purposes was to automatically register metabolic PET

and electromagnetic measurements from MCG. Similar
approach could also be used to combine other modalities
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such as SPECT and multichannel ECG studies. We believeDey, D., Slomka, P., Hahn, L., Kloiber, R., 1999. Automatic three-

that the presented approach can help the radiologist or
cardiologist to rapidly apprehend the functional state of the
myocardium through 3-D intuitive cartographies. It is
therefore possible to accurately compare the different
imaged functions (metabolism, magneto-electric activity)
in the context of physio-pathological studies on the

ischemic diseases, for instance, which consequences on the

cardiac muscle are complex and not yet fully understood.
In order to enrich the model, other parameters related to
the heart motion and perfusion will be integrated in the
near future.
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Abstract—In this paper, the current status of cardiac image SVD Singular value decomposition.
registration methods is reviewed. The combination of informa- ys Ultrasound.
tion from multiple cardiac image modalities, such as magnetic VIR Variance of intensity ratio.

resonance imaging, computed tomography, positron emission
tomography, single-photon emission computed tomography, and
ultrasound, is of increasing interest in the medical community for

physiologic understanding and diagnostic purposes. Registration |. INTRODUCTION

of cardiac images is a more complex problem than brain image

registration because the heart is a nonrigid moving organ inside IFFERENT imaging modalities bring complementary in-

a moving body. Moreover, as compared to the registration of formation that can be advantageously used to establish a

brain images, the heart exhibits much fewer accurate anatom- gjagnosis or assist the clinician for a therapeutic gesture. To lo-

ical landmarks. In a clinical context, physicians often mentally .
integrate image information from different modalities. Automatic cally compare two or more measurements of different nature, a

registration, based on computer programs, might, however, offer number of registration algorithms have been developed, espe-
better accuracy and repeatability and save time. cially in brain imaging.

Index Terms—Cardiac image registration, computed tomo- In the widespread ischemic heart diseases, the consequence
graphy (CT), magnetic resonance imaging (MRI), positron of reduced blood flow to the heart muscle can be studied using
emission tomography (PET), single-photon emission computed several medical imaging modalities, each of which gives a spe-

tomography (SPECT), ultrasound (US). cific view of this complex phenomenon. The first consequence
is a deterioration of the myocardial perfusion, which can be
NOMENCLATURE analyzed with nuclear medicine imaging techniques (SPECT
: - and PET) or with MRI [1], [2]. The deficit of perfusion induces
CC Correlation coefficient. metabolic changes in myocardial tissues highlighted using
cT X-ray compgted tomography. FDG PET studies [1]. A further consequence of a myocardial
ECG EIectrpcardmgraphy. ischemia is the reduced capacity of the heart to eject blood into
ED End—d|asto!|c. the body. This can be evaluated by analyzing the myocardial
ES End-systolic. contractile function using MRI or US. Recent studies have
FDG FIuor_odeoxyqucos_e. demonstrated the interest of concurrently analyzing those dif-
ICP Iterat|ve_ closest point. ferent aspects in order to assess the myocardial viability, which
LA Long axis. will determine the proper therapeutic action [3], [4]. Therefore,
LV Left ven}ncle. . . there is a growing interest in the development of cardiac image
MRI Magpetm resonance imaging. registration methods that could bring into the same anatomical
PET Positron emission tomography. reference all the available functional measurements.
ms Root mean square. Cardiac image registration is a more complex problem than
SA Short ads. . brain image registration, in particular because of the nonrigid
SAD Su_m of absolute d!ffe_rences. and mixed motions of the heart and the thorax structures. More-
SPECT Slngle-photqn emission computed tomography. over, as compared to the brain, the heart exhibits fewer accurate
SSC Stochastic sign ghangg. . anatomicallandmarks. Also, cardiac images are usually acquired
SSD Sum of squared intensity differences.

with a lower resolution than brain images. Fig. 1 illustrates a
typical acquisition protocol with ECG-gated cardiac MRI. This
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end-diastole X \E”'SySté’g cult to process automatically. Moreover, despite the existence of
e o e E5) three-dimensional (3-D) echocardiographic systems [24], two-
dimensional (2-D) image acquisitions are routinely performed.
At most, a collection of radial planes is acquired, resulting in
a quite different geometry as compared to the other imaging

short axis (SA) LV long modalities.
slice planes A axis(LA) A A
I 1 1 R
1 1
! ! ! II. CARDIAC IMAGE REGISTRATION: PRINCIPLES
! ! o AND APPLICATIONS
1 1 /’N p Q A i A
! ¢ ; A. Registration Methods Based on Geometric Image Features
diastole 1, systole 1, diastole . . ..
- . 1 T Registration methods based on geometric image features can

>
T T T T T T T T T T T T T ™

t  be divided into registration & set of pointand registration of
edges or surfaces
F'ig. 1. lllustration of a classical'acquisitior'l of SA images_with' a ECG-gated 1) Point-Based RegistrationPoint-based registration
cine MR sequence. The same slice is acquired at successive time points of the .
cardiac cycle. However, due to the motion of the heart, we do not observe {Fﬁl@thOdS often uses external markers or anatomical landmarks.
same anatomical region within the same slice. Moreover, several cardiac cyéB@rresponding point sets are usually manually defined in the
are required to reconstruct inces._W_hen possible, patients are asked to ret@fdrence and floating images. The advantages of the point-
their breath (15—-20 s) during acquisition. . . .
based registration methods are that they can be applied to any
imaging modalities where markers or landmarks are visible and
and books closely related to medical image registration and that the calculation of the registration parameters between two
sion can be mentioned, such as [11]-[17]. Very few review ppeint sets is usually fast. A noniterative least squares method
pers focusing on cardiac image registration have been publisivash be used to register corresponding point sets [12], [25].
[18], [19]. Gilardiet al.[18] reviewed the techniques and clin-The method uses an SVD of a 3 by 3 covariance matrix to
ical applications for the integration of multimodal biomedicafind a unique solution for the registration parameters between
images of the heart. Habbooshal. [19] briefly discussed the two point sets. In cardiac image registration, the method has
aspects of cardiac PET and MRI correlation. In the review aseen used, e.g., in phantom experiments for validating rigid
ticle of Maintzet al.[8], registration methods for cardiac imagesegistration error [26].
were also referenced in a separate section. Registration methods based erternal skin markergfidu-

This paper aims to provide a survey concerning cardiac imagal markers) are widely applied in medical image registration
registration, including the most recent articles and discussibgcause they allow matching of any imaging modalities in
also implementation and validation issues. For the four-dimewhich the positions of markers can be accurately defined.
sional (4-D) registration of intramodality cardiac images, thRegistration based on skin markers is independent of the
problem is often addressed in a cardiac motion tracking framedteration in the image patterns, induced by the pathologies
work. In this survey, the 4-D motion tracking problem is not cor]18]. Skin markers must be easy to use and accurate to reattach,
sidered at the methodological level. Instead, we refer to sofmgt they should not interfere with the diagnostic content of
recent papers in this field [14], [20]-[23]. the images. Since the flexibility of the body can cause errors

In this paper, cardiac image registration methods are dividadregistration, it is important to choose relatively stable parts
into two main categories: 1) those based on geometric imagfethe body for markers placement [27]. Ideally, markers
features (Section II-A) and 2) those based on voxel similarigshould not be removed between imaging sessions to ensure
measures (Section 11-B). The geometric image feature-badhd same placements in different modalities [28]. Registration
methods are divided into registration afset of pointsand of external skin markers does not guarantee registration of
edges or surfacedRegistration methods based on voxel simithe heart within the body, since heart position changes with
larity measures includmoments and principal-axes methodshody position, respiration, and cardiac contraction [29]. The
intensity difference and correlation methodsnd methods disadvantage of the skin markers is also that they cannot be
based on mutual informationAfter presenting the current utilized retrospectively. External markers have been applied
status of cardiac image registration methods, we discusspecially as a gold standard method in phantom measurements
implementation issues, such as interpolation and optimiza-validate the accuracy of rigid cardiac and thorax registration
tion (Section 1I-C). Validation of the registration methods isnethods [26], [30]-[33] and in clinical images, e.g., to validate
presented in Section Ill. The overview of cardiac and thorake accuracy of rigid registration of head images [34]. For rigid
registration methods and their main parameters are summaritgatax CT and SPECT image registration, the combination of
in Table I. Some of the brain, thorax, and abdominal imadmth external markers and landmarks has also been utilized
registration articles are referenced when methods have beer{35i, [36].
can easily be, applied to heart image registration. In landmark-based registrationgorresponding anatomical

In the reviewed papers, mainly MR, CT, PET, and SPECJoints have to be visible in both registered images. For heart
imaging modalities have been considered. There are very famages, there are usually only few spatially accurate anatomical
references related to registration with cardiac US images. Thisgaadmarks. In pathological conditions, such as ischemia, the
due to the characteristics of the US images that make them diffinctional alterations can also hide anatomical landmarks [18].

o+
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TABLE |
OVERVIEW OF EVALUATED CARDIAC AND THORAX IMAGE REGISTRATION METHODS
Reference Modalities Object Trans. Struc. Method Valid. Error Error type
Registration methods based on geometric image features
Point-based registration
Wirth et al. [42] CT-MR Thorax Elastic Landmarks  Interpolation & - - -
Elastic funct.
Thorax surface based registration
Yu et al. [33] CT-PET Thorax Rigid T&L “head-and-hat” P (x,y) 23 mm, (y) mean (rms)
3.0 mm
Cai et al. [46] CT-PET Lungs Rigid T&L Chamfer P& (x,y) 2-3 mm, (y) mean
Pa& S 3-4 mm, (rot.)1.5°
Pallotta et al. [26] PET-PET Heart Rigid T&L Chamfer P&S 3 mm, (rot.) 1 ° mean (rms)
2.19 + 0.52 mm mean (rms)=s.d.
Gilardi et al. [31] SPECT-PET Heart Rigid T&L Chamfer P & Pa. (x,y) 3 mm, 5 mm (z) (x,y) mean (rms),
(z) mean
Mikeld et al. [47] MR-PET Heart Rigid T&L Chamfer Surfaces  (x,y,2) 2.8 & 0.5 mm mean
Heart surface based registration
Faber et al. [29] MR-SPECT Heart Rigid HS “head-and-hat” P 2.7 mm mean (Tms)
Sinha et al. [40] MR-PET Heart Rigid HS “head-and-hat” L 1.95 mm + 1.6 mm mean (rms)
Nekolla et al. [57] PET-SPECT Heart Rigid HS - Surfaces 2.5 mm mean
Declerck et al. [50] SPECT-SPECT Heart Elastic HS ICP Pa. - -
Registration methods based on voxel similarity measures
Intensity difference and correlation methods
Gallippi et al. [75] MR-MR Heart Rigid & - C M 1.23 £+ 0.06 mm left-right (mean)
(time series) Elastic 3.25 + 1.04 mm anterior-poster.
(mean)
Bidaut et al. [37] MR-MR Heart Rigid - SSD L 3.0 mm (x), mean (rms)
(perfusion) 1.6 mm (y),2.2mm(z) (maximum)
Bacharach et al. [76] PET-PET Heart Rigid - cc M (x,y,oz) 1 mm, (rot.) mean
1.5
Turkingston et al. [71] PET-PET Heart Rigid - C P (x, y) 1.7 mm, (z) 42 mean
mm
Klein et al. [23] PET-PET Heart Elastic - LS P (x) 1.9 mm, (y) 2.4 mean (max.)
(4-D) mm, (z) 6.8 mm
Hoh ez al. [67] MR-SPECT Heart Rigid - SAD, SSC M (x,y)0.5+0.5mm,(z) mean =% s.d.
1.1 & 1.1 mm, (rot) 0.9
+1.1°
Dey et al. [32] CT-SPECT Heart & Rigid - SAD P 25+ 1.2mm mean (rms)
Thorax VIR P 33+ 1.3mm mean (rms)
Eberl et al. [30] SPECT-SPECT Heart Rigid - SAD P 3.1 ‘:’i: 1.7 mm mean = s.d.
1.3 ° (rot)
Slomka et al. [66] SPECT-SPECT Heart Affine - SAD P 1.5 mm(x,y,z) mean (max.)
2.0° (rot), 5.3 % (size)
Mutual information
Carrillo et al. [38] MR-MR Abdom. Rigid - MI L (x,y,2) 3.05 mm mean

Object= Main object to be registered.

Trans.= Transformation method.

Struc.= Structures used in registration & Thorax, L= Lungs, HS= heart surfaces).

Method= Method used in registration (€ cross-correlation, LS= least squares voxel difference, M mutual information).
Valid. = Validation method (P= Phantom, Pa= Patient, S= Simulated images, M= Misaligned images, |= Landmarks).
Error: rot. = Rotational error.

Error type: s.d= Standard deviation.

Landmarks have been exploited to estimate rigid registratianatomical landmarks can be difficult. Sometimes automati-
error in [30], [31], [35], [37], and [38]. Sawt al.[39] rigidly cally detected points and lines can be used as landmarks [41].
registered cardiac PET and US images by using homologdtirth et al. [42] utilized landmark-based elastic registration to
anatomical landmarks (the two papillary muscles and the infeegister a thorax MR image to the coordinates of a CT image of
rior junction of the right ventricle) of the heart. Rigid US-PETthe same subject. In this method, 36 corresponding landmarks
image registration was first performed in a plane identifieth thorax and lung surfaces were elastically matched, and the
by three landmarks. The obtained registration parameteest of the points were mapped using interpolation or elastic
were then applied to the whole PET volume. Sighhal. [40] mapping functions. The method registered corresponding
validated the rigid heart surface-based cardiac MR and PR®ints well, but general validation of the method accuracy was
image registration method by analyzing registration error usimgt performed.

cardiac landmarks (papillary muscles, the insertion point of 2) Edge- and Surface-Based Registratiofhie chamfer

the right ventricle into the septum, the most inferior aspect afatching method [43], [44] is often used to register surfaces
the septum, and the most inferior aspect of the lateral wal§nd point sets. In this method, the sum of the distances between
Identification of landmarks was prone to errors because of théile transformed points and a distance map built upon the
finite width and complex shapes. Especially in multimodaegmented surface using the chamfer distance transformation
cardiac image registration, the accurate localization of the sammeminimized [45]. For cardiac image registration, chamfer
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matching methods have mainly been utilized for rigid regnent, and the “head-and-hat” algorithm [51], [52] was used to
istration methods based on the thorax structures [26], [3fihd more accurate registration parameters. After registration,
[46], [47]. Also the ICP algorithm of Besdt al. [48] has been quadrilinear interpolation was applied to the SPECT image to
used to elastically register surfaces and lines [49], [50]. In tlodtain a temporal correlation with time frames of an MR image.
ICP method, the distances between structures are expliclinhaet al. [40] presented a method to register gated cardiac
computed at every iteration of the registration algorithm arf€DG PET images to the coordinates of gated MR images. In
the sum of distances minimized. The “head-and-hat” algoriththis method, contours of the left ventricular wall were defined
[51], [52] has also been commonly proposed to register medi¢adm both imaging modalities by using an interactive algorithm
images and was first presented to register brain images. Twish morphologic operators. Registration parameters were de-
algorithm models the contours from one of the images (usuaflped by using the “head-and-hat” surface matching approach
higher resolution) as a surface (the “head”) and the contoy#d]. In the MunichHeart software [57], endocardial and epicar-
of the other image set as a series of points (the “hat”). Tli#al contours were manually delineated from SA MR images
algorithm then determines the optimum rigid transformatiomand registered with the same contours extracted from PET or
which minimizes the mean squared deviation between tB&ECT images using the maximum count detection algorithm
points of the hat and the surfaces of the head by using §&8]. Declercket al. [49], [50] presented an automated elastic
Powell minimization algorithm [53], [54]. The “head-and-hat'tegistration method to align images from rest and stress my-
method has been applied for registering surfaces from card@mrdial perfusion SPECT studies. In this method, feature points
MR and PET images [40] and thorax CT and PET images [33]f the cardiac SPECT image surfaces were extracted using a
a) Registration methods based on thorax surfac€sr- Canny—Deriche edge detector [59], [60]. The features were then
diac image registration methods based on the registration of thgistered using the ICP method [48]. Images were also elas-
thorax surfaces have been proposed because it is often diffiidally registered with a template image by using local spline
to extract structural information from the heart surfaces directlyansformations. The method was also applied to cardiac SPECT
Thorax and lung surfaces are, in general, well visible in MR anmerfusion followup studies [61]. Thirioet al. [62], [63] pre-
CT images and in PET and SPECT transmission images. In gented a deformable model-based elastic registration method for
registration methods based on the thorax surfaces, every satramodality registration of diastolic and systolic CT or SPECT
face point that is involved in registration should have a uniqumages. Anderssogt al.[64] utilized heart edge information for
corresponding point in the other image. In practice, this usuallye cardiac PET emission images to rigidly reduce movement
means that the axial extension in the reference study mustdséifacts. The method was also applied to rigidly realign cardiac
greater than in the study to be matched [18]. Sometimes, aRET emission and transmission images [65].
ficial edges of the images have to be excluded from the regis- ) . o
tration parameters’ calculation. Surfaces from the transmissign Registration Methods Based on Voxel Similarity Measures
images have been utilized for intramodality registration of car- Registration methods based on voxel similarity measures can
diac PET images [26] and for intermodality registration of cabe divided into methods based oroments and principal axes,
diac PET and SPECT images [31], MR and PET images [4 Tihtensity difference and correlation methoded methods based
and thorax CT and PET images [33], [46], [55]. Thorax and lungn mutual information
surfaces have often been obtained using the simple thresholding) Methods Based on Moments and Principal Axésage
method of Yuet al. [33], where a threshold value of 50% ofregistration methods based on moments and principal axes
the maximum soft-tissue value was selected to segment the RISE statistical factors derived from image data [7]. Moments
and SPECT transmission images [31], [46] and thorax CT irdescribe the spatial distribution of the mass (intensity) of the
ages [33], [46]. Also, deformable models have been applieditnage. Methods based on the principal axes register images
segment thorax structures from PET transmission and MR iy bringing the principal axes of the inertia tensors of cor-
ages [47]. In this rigid registration method, chamfer matchingsponding objects in the images into coincidence. Accurate
was used to register segmented surfaces from PET transmégpistration based on principal axes requires that the entire
sion image with the MR transaxial image. Also, SA PET imebject be present in both imaging sets. Therefore, applications
ages were calculated from registered transaxial images by usiighese methods are limited. The principal-axes approach has
header information between MR transaxial and SA images. been used to initially register myocardial SPECT stress and
b) Registration methods based on heart surfacBggis- rest scans to templates [66], using SAD and SSC methods (see
tration of the heart surfaces may result in better registration éction 11-B2) to obtain more accurate registration. For the
the area of interest [31]. The choice of the surfaces to be regisgistration of thorax images, the principal-axes approach was
tered (e.g., epicardial and/or endocardial) is important. Febemproposed as an initial registration between CT and transmission
al. [29] presented a method for the intersubject rigid registrati@PECT images [32], while SAD and VIR measures (see
of 4-D gated cardiac SPECT perfusionimages to the coordinagesction 11-B2) were applied to obtain the final registration.
of the gated MR image. Left ventricular ED and ES endocardial 2) Intensity Difference and Correlation Methodémage in-
surfaces were automatically detected from both image moda#nsity difference and correlation methods attempt to determine
ties using a model-based surface detector [56]. The best sinijle best registration by maximizing the similarity between im-
transformation was searched to register SPECT ED and ES sages that differ primarily because of different image-acquisition
faces with corresponding surfaces in an MR image. Registratioonditions, like noise [7]. The assumption of these methods is
of the center of mass of the surfaces was used as an initial aligsually that pixel values in the registered images are strongly
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correlated. Therefore, these methods are particularly powerfidnsmission images, taken before and after emission imaging
for intramodality registration methods. [74]. Gallippi et al. [75] utilized modified correlation measure
a) Intramodality registration: Hoh et al. [67] compared to match local brightness statistics of the registered images. The

the SAD and SSD similarity measures for the rigid registratiamethod was applied to rigidly register intramodality cardiac MR
of cardiac PET emission images. In the SAD method, registeredUsS time series images. Bacharathl.[76] utilized CC mea-
images are subtracted pixel-by-pixel, and the mean value of thee to rigidly register two cardiac PET emission scans of the
sum of the absolute intensity difference of all the pixels in theame subject acquired at different times. The method was based
subtracted image is computed. The SSD is similar to the SAID the registration of corresponding transmission data sets. The
measure, but the squared intensity difference is calculated aptimum alignment was defined as the one that produced the
stead of the absolute difference. The SSD is the optimum measaximum value of the CC between the two data sets. CC is
sure when registered images differ only by Gaussian noise [12h optimal measure for registration in the case of a linear re-
[68]. In the paper by Hotet al. [67], the effect of various de- lationship between the intensity values in the images to be reg-
fects and misalignments was simulated. No significant diffeistered [11], [12], [68], [77]. This is seldom the case between
ences inthe translation or rotation errors of the SAD and SSD different image modalities, and the CC is thus mainly used for
gorithms were found. Slomket al.[66] compared the SAD and intramodality registration.
SSC methods for affine registration of SPECT emission images b) Intermodality registration: In the paper by Det al.
totemplates. Aninitial registration was obtained using alignmef&2], SAD and VIR methods were compared for the rigid reg-
of the principal axes. Registered images were first subtractéstration of thorax CT and SPECT images. In the VIR method,
and the SSC was determined by counting along each pixel rtdve sum of the normalized standard deviations is calculated to
the number of times the pixel gray level in the subtracted imageésfine registration parameters. The method was first proposed
went from negative to positive or from positive to negative [67by Woodset al. [78], [79] for registering intramodality brain
At the optimum registration, there is a maximum of total SigRET images [78] and intermodality brain PET and MR images
changes. Slomket al.[66] argued that the SAD provided bette79]. In the latter, the VIR algorithm minimizes the normalized
results than the SSC. This method was later enhanced and ptandard deviation of PET voxel values for each MR intensity
posed for voxel-by-voxel quantification of SPECT images asvalue, but the method could also be used for these images vice
clinical tool [69]. In the enhanced method, not only did the regrersa [12]. Deyet al. [32] utilized SPECT transmission image
istration algorithm compensate for shape differences by affias a linking mediator to register thorax CT and SPECT emis-
registration, but also a template erosion technique was used (igtn images. In this VIR method, the Simplex algorithm was
similar to warping adjustments) for fine tuning of the registraapplied for the minimization of the cost function, while in the
tion. The SSD-based similarity measure has also been appleijinal VIR method [79], the Newton—Rhapson method [54]
in rigid motion correction (caused mainly by breathing) of gatedgas used. An approximate image alignment was made using a
heart perfusion MR images [37]. Perfusion MR imaging oftetechnique based on the principal-axes transformation [80]. VIR
takes more than 3 min. Breath holding is not possible during tpeovided better convergence than SAD and may perform better
imaging protocol, nor can respiratory gating be used since a hiigh CT and SPECT image registration, but the method was only
temporal resolution is needed. Therefore, dynamic gated heagted on phantom images. In the paper by Ebedl. [30],
images and temporal resolution are degraded by respiratorydime SAD, SSC, VIR, andum of pixel-by-pixel produshea-
duced movements during the whole sequence [37]. In the receates were compared for rigid registration of intramodality car-
paper by Kleinet al.[23], [70], a novel affine 4-D registration diac SPECT emission images or intermodality cardiac PET and
algorithm was proposed for motion compensation of gated c&PECT emission images. SAD was recognized to be the most
diac PET emission images to give better estimation of perfusiancurate and reliable method. The use of SAD and VIR thus de-
and metabolic parameters. The method registers different gaends on the type of images to be registered.
diac PET emissionimage time frames with the end- diastolictimeln [81], the cross-correlation measure was utilized to rigidly
frame. It uses nonuniform elastic material model (12-parametegister cardiac MR and PET emission images by using PET
global affine motion model) and iteratively calculates registraransmission image as a linking mediator for registration. Edge
tion parameters of the model using a cost function that combiragormation and a region growing algorithm were combined to
a least squares voxel difference measure with penalty terms ssgment lung cavities from both MR and PET transmission im-
suming constant velocity and an affine model. The method daages. The segmented cavities were then utilized as landmarks
not require the precise a priori segmentation of the object.  for registration. Matching of the center of mass of segmented

Turkingstonet al.[71] utilized cross-correlation measure forcavities was exploited as an initial registration, and the cross-
the rigid alignment of dynamic cardiac PET images to cardiaorrelation function was employed for maximizing overlapping
templates. The method used only translations, assuming thegas of the lung cavities for accurate registration. The method
the orientation of the heart remains the same during the studsas validated only qualitatively, using visual inspection.
The cross-correlation technique has also been proposed for rigi@) Mutual Information: Mutual information is an informa-
motion correction of cardiac SPECT images [72], [73]. Betttion theory measure of the statistical dependence between two
nardiet al.[74] utilized the cross-correlation measure to rigidlyandom variables or the amount of information that one variable
register two PET transmission images for patient repositioningpntains about the other [11], [12], [82]—[84]. Mutual informa-
Cross-correlation measure was also used for the correctiortioh can be qualitatively considered as a measure of how well
the patient motion in the PET heart studies with the help of PEhe image explains the other. The mutual information is maxi-
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mized at the optimal alignment [77]. No assumptions are madi degrees of freedom (three translations and three rotations),
regarding the nature of the relation between the image intensitiggging a six-dimensional parameter space. Elastic registration
in the registered images [82]. Therefore, the mutual informatiagorithms have more degrees of freedom, in which case
method is promising in particular for intermodality registratiorthe parameter space has correspondingly more dimensions
Intermodality registration differs from intramodality registraf10]-[12]. Because the heart is a nonrigid moving object,
tion because different medical imaging modalities usually haetastic registration is ideally needed. An exhaustive search to
different intensity characteristics and different resolutions, noifiad the global minimum of the cost function is usually com-
characteristics, and fields of view. Several normalized versiopstationally too extensive and time consuming. Nonoptimal
of the mutual information has been proposed because changgsmization methods, like Powell [53], [54] and Simplex [54],
in overlap of very low-intensity regions of the image can dig90] methods, are applied to find an optimum faster than with
proportionately contribute to the mutual information measuthe exhaustive search. The Powell method has been selected for
[10]-[12]. the minimization of cardiac image registration methods in [29],
Registration based on mutual information has been pri®3], [38], and [46] and for thorax image registration methods
posed to register thorax CT and PET images, rigidly [85] and [32], [85], and [86]. The Simplex method has been used for
elastically [86]. In the latter, the rigid registration methoaardiac image registration in [30], [66], [67], and [69].
[85] was first applied as an initialization prior to the elastic Multiresolution methods can be implemented to increase the
registration. A nonlinear thin-plate-spline warping was dongrobability of finding the global optimum in the parameter space
using lung contours detected on PET transmission scans amd to make the registration procedure faster. In the multiresolu-
CT volumes. Nonlinear deformation significantly improved théon approach, the images are first registered at a low resolution,
alignment of PET with breath-hold CT. Carriléd al. [38] used and the transformation solution is applied to the next resolution
mutual information,VIR, and the CC methods for registeringvel. The process is repeated until the highest resolution level
abdominal thorax MR images. Results were compared withreached. For cardiac image registration, the multiresolution
the manual registration method. The best registration resudigproach has been applied in [26], [37], [47], and [86]. To our
were obtained using the mutual information with the Powelkinowledge, no comparative studies on the performance of mini-
minimization algorithm. In [87], a method that associatesization methods for cardiac image registration have been pub-
mutual information, gradient information, and the smoothnelished to date.
of the registration transformation was presented to elastically
register intrapatient cardiac MR and PET images. A rigid
thorax surface-based cardiac registration method [47] was used

for the initial registration of the images. A method can not be accepted as a clinical tool without
careful validation. Validation of registration accuracy is a
difficult task because the ground truth (i.e., gold standard) is
In a registration process, the image interpolation and mirgenerally not available [11], [12], [91]. Registration methods
mization algorithm are key points. We give hereafter some core often validated using external markers, anatomical land-
ments on these important topics. marks, or external fiducial frames as the gold standards [91].
1) Interpolation: Interpolation is required when an imageéVisual inspection is the most obvious method for evaluation of
needs to be translated, rotated, scaled, warped, or otherwisette-registration accuracy but can be considered as an informal
formed before it can match a reference image or an atlas [88hd insufficient approach.
In volumetric imaging, interpolation is often used to compen- A direct comparison of the measurements reported in the lit-
sate for nonisotropic data sampling. This is typically the casgature is not straightforward because of the nonunique defini-
with cardiac and thorax images where the in-slice resolutidion of accuracy and of the different methods adopted to mea-
can be much higher (e.g., 1 mm) than the interslice resolsure it [31]. In cardiac image registration, the main interestis the
tion (e.g., 8 mm). In intermodality registration, one image magistration accuracy in the heart area (target registration error)
be of substantially lower resolution than the other, and in cd#2]. The mean and rms errors are commonly used measures
diac image registration, lower resolution images (e.g., SPE@ registration errors [11], [12], [91]. In rigid-body registra-
or PET) are often transformed to the sample space of the higkien, error in the parameters of the spatial transformation model,
resolution modality (e.g., CT or MR) [29], [40]. To obtain thesuch as errors im-axis translation, are also commonly reported.
same isotropic voxel dimension in cardiac and thorax image rddgewever, the decomposition of a rigid-body movement into el-
istration, trilinear interpolation is often used [47], [88]. Nekoll&amentary rotations and translations is not unique, i.e., the result
et al.[57] created a scaled isotropic set from individual SA MRlepends on the order of the elementary operations [92].
and PET images using a cubic interpolation. In [37], bicubic in- To reduce registration errors caused by cardiac movementand
terpolation was used for interpolation of SA MR perfusion imrespiration, ECG gating and breath holding (or breath gating)
ages. Fabest al.[29] used quadrilinear interpolation to interpo-are sometimes used. The problem for cardiac image registration
late a 4-D SPECT image to the coordinates of a correspondinfg=CG-gated cine MR images is often that the same anatomical
MR image. For cardiac nuclear medicine images, cubic convolegion is not observed within the same slice of the cine images.
tion interpolation method has been recognized as efficient [8®ecent MRI “slice following” techniques should make temporal
2) Optimization: For rigid 3-D image registration, theregistration easier, showing the same anatomical locations of
optimal transformation usually minimizes a cost function witthe heart through cine image sequence. In thorax surface-based

Ill. V ALIDATION OF REGISTRATION METHODS

C. Implementation: Interpolation and Optimization
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cardiac registration methods, movement of the thoracic waiyerage values for the mean residual marker displacement over

and diaphragm is quite different in magnitude in all directionsen experiments were 3.411.41 mm, 2.2 0.76 mm, and

Movements can lead to distortions and asymmetrical positi@il9+ 0.52 mm for E, I, and El surfaces, respectively. The ro-

changes that can cause errors while determining the registratiational error was smaller than ®.5 each case. The result in-

parameters [93]. The movements near the diaphragm are largeisiated that the more the surfaces were integrated in the regis-

reaching several centimeters [94]. Cardiac PET and SPECT itration, the more accurate the result.

ages are often integral images through time (static images). This

causes extra difficulties for registering, e.g., with gated MR inB. Registration Accuracy

ages. In the case where both registered images are integral imr) |ntramodality Registration:

ages through time, the errors caused by breathing and cardiac 5y MRI: Bidautet al.[37] rigidly registered intramodality

motion can be considered to be similar in both images [31]. gated heart perfusion MR images by using SSD measure and
In reg|s_trat|0n meth(_)ds_ in Whlch atransml_ssmn image (PE_ btained 3.0-mm accuracy i, 1.6-mm accuracy iry, and

SPECT) is used as a linking mediator to register correspondidg_mm accuracy in directions. Gallippet al. [75] utilized cor-

emission image, the assumption s that the patient does not My ion measure and warping to register cardiac MR time-series

during and between image acquisition. Because the image- ages. Mean left—right registration error of 1:28.06 mm

quisition times in cardiac PET and SPECT transmission and " - anterior—posterior error of 3:28.04 mm were re-

emission images are often seyeral_mmutes, moveme_nt_artlf 6?ted. With intramodality mutual information-based registra-
often occur. In modern PET imaging scanners, emission i

N . . X . gn of abdominal MR images, Carrilket al.[38] reported 3-mm
transmission images are acquired without taking the patient qut . )
, accuracy by using anatomical landmarks.
of the scanner between acquisitions. &ual. [95] argue that : ) . .
I~ . . b) PET: Hohet al.[67] registered cardiac PET emission
careful application of laser alignment is an adequate method

of registration in the PET imaging systems where the patie'mages using SAD and SSC measures. For both methods,

is taken out of the scanner between transmission and emiss?gﬁuricly was W'?]'C"’?”V O‘J‘rla 0.5(;1_1m n the |r:jpga:gelg|frectlﬁn,
acquisitions during the uptake period. Methods have also been= 1-1 MM In the interplane direction, an - fora
presented for the rigid registration of PET emission and trafQtational directions. Turkingstoat al. [71] used cross-cor-

mission images [74], [96]. If the movement between SPEd?'atiO” measure for the alignment of dynamic cardiac PET

transmission and the emission image is more than 2—3 cmEfission scans to templates and showed that the rigid reg-

can also seriously affect the attenuation correction of the emfglration technique was reliable within one voxel (1<71.7

sion image and, thus, its quality [97]. x 4.2 mn?). Pallottaet al. [26] obtained with synthetic thorax
phantom 2.19-0.52 mm rms error for rigid registration
A. Phantom Studies of cardiac PET emission images with 4.Botational error,

Phantom studies are important for the estimation of the regléhile using both thorax and lung surfaces from corresponding
tration accuracy because a phantom can remain perfectly ffinSmission images for registration. Kleat al. [23], [70]
and can be displaced and sometimes even rotated with cBfRorted a 1.9-, 2.4-, and 6.8-mm maximum registration error
siderable accuracy. Phantom-based validation is utilized esg)?!-thex' y, andz directions, respectively, after the use of a 4-D
cially for estimating the accuracy of intramodality registratio ET motion compensation algorithm. For theCC-based PET
methods. For registration methods based on thorax surfaces [fBSmission image registration of corresponding cardiac PET
registration accuracy has been usually validated using thofXission images, Bacharaetal.[76] reported 1-mm accuracy
phantoms [26], [30]-[33], [35], [46], [74]. For example, thdn z, y, andz directions and 1.5in the three angles of rotation.
Alderson thorax phantom [31], [98], a physical torso phantom ¢) SPECT: Eberl et al. [30] rigidly registered in-
with lungs, cardiac, and spine inserts (Data Spectrum) [32] aigmodality SPECT emission images by using SAD measure
Jaszczak thorax phantom (Data Spectrum) [35] have been apd obtained 2.&1.2 mm accuracy by using a phantom
plied. In [71], a heart phantom was used. Simulations of ingxperiment.
ages and different error sources can be used to estimate cardiad) Intermodality Registration:
registration accuracy [26], [55]. Kleiet al.[23], [70] utilized a) MR-PET: Sinhaet al.[40] reported a 1.95 1.6 mn¥
a mathematical cardiac phantom [99] to validate a 4-D moti@ecuracy for a rigid heart surface-based registration method of
correction algorithm of cardiac PET images. Integrated imagifgCG-gated cardiac MR and FDG PET images. This error was
devices such as combined PET/CT scanners [100], [101] coefetimated only in thex, ) plane using 80 internal landmarks
also provide gold standards for registration [94]. from six volunteer scans. In [47], a 2880.5 mm error was re-
The accuracy of thorax surface-based registration methqusted for the rigid registration of cardiac MR and PET images.
depends on the modalities and structures to be registered. FPhle reported error was a surface distance registration error be-
lottaet al.[26] compared the registration accuracy of the methddieen thorax and lung surfaces. The measure depended also
where segmented PET transmission images were linking media-deformable model-based segmentation results, but provided
tors to register corresponding PET emission images. A synthetlso a reasonable measure of the registration accuracy of the MR
thorax phantom was used to validate the registration accuraeyd PET cardiac (thorax) images.
by using only external thorax surfaces (E), internal lung sur- b) MR-SPECT:For rigid heart surface-based registration
faces (1), or both thorax and lungs (El). Seven markers were pi-MR and SPECT images, Fabaral. [29] reported a 2.7-mm
sitioned to the external surfaces of the synthetic thorax phantamgistration accuracy.
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c) CT-PET: In the rigid thorax and lung CT and PET marks in cardiac images. Landmarks can also be less vis-
image registrations, where a PET transmission image was used ible with certain modalities and in some pathological con-
as a linking mediator to register PET emission image to CT  ditions, such as ischemia.
image coordinates, accuracy of 1-3 mm in the transaxial plane3) Thorax surface-based methods can be used if itis not pos-

and 2—4 mm in the longitudinal direction was reported in [33], sible to obtain structural information from the heart sur-
[46], and [55], with about 1. 5rotational error [46]. faces directly. In thorax surface,based cardiac image reg-
d) CT-SPECT:Forthe rigid registration of thorax CT and istration methods, it is recommended to use both thorax

SPECT emission images with the help of SPECT transmission and lung surfaces, which are well visible in thorax MR
images, the VIR and SAD methods were found to have aboutthe and CT images and in PET and SPECT transmission im-
same accuracy (about 3.5 mm), but VIR provided better conver-  ages [26]. Still, these methods are prone to errors induced
gence [32]. by respiration and different movement artifacts [94].

e) PET-SPECT:Forrigid cardiac PET and SPECT image 4) Registration of the heart surfaces directly will result in the
registration based on the segmentation of thorax and lung sur-  better registration of the area of interest. The choice of
faces from transmission images, the accuracy was reported to the surfaces to be registered (e.g., epicardial and/or endo-
be on the order of 3 mm in longitudinal direction and 5 mm cardial) is important and depends on the application and
in the transaxial plane [31]. For rigid cardiac PET and SPECT  modalities to be used. Gated acquisitions combined with
emission image registration based on SAD measure, Ebafl breath-hold (or breath-gated) image acquisition [94] give
[30] reported 3.1 1.7 mm accuracy. Nekollet al.[57] rigidly in many cases acceptable results even with rigid cardiac
registered heart surfaces from PET and SPECT images, and a registration methods.
mean distance between the two registered heart surfaces wasS) The voxel similarity measures, compared to geometric
less than 2.5 mm. The surface distance error measure depended image feature-based registration methods, have the im-
on segmentation results but provided a reasonable measure of portant advantage that they do not require a priori extrac-

the registration accuracy. tion of the registered features (e.g., segmentation). The
use of image intensity difference and correlation methods
IV. CONCLUSION relies on the assumption that pixel values in the regis-

tered images are strongly correlated. This is usually not
Registration of different cardiac imaging modalities is the  the case with intermodality registration. In modern in-
preliminary and mandatory step to combining anatomical and  formation-theoretic voxel similarity methods, like mutual
functional cardiac information. The integration of multiple com- information, no assumptions are made regarding the na-
plementary data into a common reference allows a more com- e of the relation between the image intensities in the
prehensive analysis of the cardiac functions and pathologies. registered images [82]. These methods are particularly
The accurate spatial coregistration of different imaging modal-  promising for the intermodality cardiac image registra-

ities also provides additional useful clinically relevant informa- tion. Because of the recent development of the mutual in-
tion, or information I’e|evant to Cal’diaC research, Wh|Ch iS not formation-based methodsl app“cations to cardiac image
available while looking at images from a single modality. registration are still rare. One of the aims of recent re-

We have presented a survey of various cardiac image regis-  gearch in the voxel similarity measure-based registration
tration methods, which were coarsely divided into registration  zrea has been to devise general algorithms that will work
methods based ayeometric image featuresmdvoxel similarity on awide variety of image types, without application-spe-
measuresin the first category, registration relies on the extrac- cific preprocessing [12].
tion of geometric features; in the latter, preliminary extraction Rigid cardiac image registration generally does not describe
of the features is not needed. the spatial relationship between images adequately. Elastic

The choice of a cardiac I’egistl’ation method is difficult SinC?nonrigid) cardiac image registration is needed especia”y
at the present time, no general fully automatic method exi§{§cause of cardiac motion; between end-diastole and end-sys-
that could handle the wide variety of encountered clinical Sijp|e (during cardiac cycle), the heart valvular plane moves 9—
uations (modalities, acquisition protocols, etc.). Moreover, jt4 mm toward the apex and the myocardial walls thicken from
should also be driven by the evaluation of the methods’ peeripproximater 10 to over 15 mm [23], [102], [103]. Also, the
mances with the same common databases for which the groypghlems due to imaging conditions, different movement arti-
truth is available. Such a reference does not exist either. We gf4gts, and elasticity of the body, lungs, and heart cause different
hereafter some critical comments about the main categoriesi@§ue deformations that are not possible to compensate for
cardiac image registration methods. using rigid registration methods. There is considerable research

1) External skin marker-based registration of cardiac ingoing on in extending the use of intensity-based registration

ages does not guarantee registration of the heart wittdlyorithms to nonrigid transformations [12].

the body, since heart position changes with body position Deformable model-based approaches (deformable registra-
(e.g., prone or supine), respiration, and cardiac contraimn algorithms) for cardiac image registration are particularly
tion [29]. Also, skin markers cannot be utilized retrospegromising for elastic 4-D registration of the cardiac images (e.g.,
tively. to compensate for movement artifacts) [23], [70]. Model-based

2) Landmark-based registration of the heart is also difficudtpproaches can also lead to the integration of information from

because there are few spatially accurate anatomical laifferent imaging modalities into an individualized heart model,
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including anatomical and functional information [69], [104]. [13]
This kind of model can be applied in computer-assisted diag-
nosis, treatment planning, and surgery. Data fusion technique%,‘”
based, i.e., on neural networks and fuzzy logic, can be used to
interpret and summarize the large amount of information fromi1s]
registered images and to help establish a diagnostic or select a
therapy [4], [105]. Methods combining similarity measures with[16]
a priori knowledge from geometric models can also provide nevym
possibilities, especially for elastic registration [87], [106].

The validation of the registration accuracy is particularly im-[18]
portant. Virtual and physical phantoms may provide the gold
standard for validation. Also, image databases may in the futurﬁgl
provide a source for the objective comparison of different car-
diac registration methods. [20]

Cardiac image registration remains a challenge because of the
numerous specific problems mainly related to the different mo-
tion sources (patient, respiration, heart) and to the specificity df1l
each imaging modality. Up to now, no general method is able
to automatically register any modality with any other modality.[22]
Cardiac image registration methods also always require a com-
promise among accuracy, precision, reliability, robustness, al 3]
issues such as automation, interactivity, speed, patient-friendli-
ness, etc. Itis also important to keep in mind that the registratiof#4!
techniques and results should be useful and usable in clinical
practice. [25]
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Exploratory Analysis of the Spatio—Temporal
Deformation of the Myocardium During Systole
From Tagged MRI

Patrick Clarysse*, Meimei Han, Pierre Croisille, and Isabelle E. Magviember, IEEE

Abstract—Myocardial contractile function is, with perfusion, |. INTRODUCTION

one of the main affected factors in ischemic heart diseases. In this . .
paper, we propose an original framework based on functional data !N_CE the early works _Of Tennant and Wiggers in 1935 [1],
t is well known that ischemic heart diseases induce ab-

analysis for the quantitative study of spatio—temporal parameters
related to the myocardial contraction mechanics. The mechanical normal myocardial contractile function. Much of progress in
;strainzinthe Ieftt_-ventricular (Lv) myocardizm are computed f'&‘)”t‘ +the physiopathology of the heart has been made since then. In
agged magnetic resonance imaging cardiac sequences. A statisz ;
tic%flJ functiognal model of the nor?nalgcontractile ?unction of the the 1.9803’ ”e‘{V cqncepts have 'emerge.d from the observation
LV is build from the study of eight examinations on healthy sub- that, in some situations, contractile function can recover from a
jects. We show that it is possible to detect abnormal strain pat- revascularization procedure [2]. Ischemia can be seen as a con-
terns comparatively to this model, by generating distance maps at sequence of a disequilibrium between myocardial metabolism,
restand under pharmacological stress. We demonstrate the consis- perfusion, and contractile function due to a blood flow deficit
genn%;’l‘;;gearnejngsthfgﬁgﬁ:;;rg;gfgggt'al deformation parameter i, gome myocardial territory. Better understanding of the com-
plex pathological mechanism can be achieved thanks to the in-
spatio-temporal data analysis. MRI [3] is a very useful and non invasive technique to quanti-
tatively explore the local contractile function. The analysis of
NOMENCLATURE parameters extracted from MR tagging data has already been
conducted by several groups [4]-[7]. However, most of these

EV Elementary volume. . . o )
LV Left ventricle st.udlles usually conglder parameter §tat|sF|cs at few Iocathns
MR(l) Magnetic resonance (imaging) within the myogardlum at the end-diastolic and'e.nd-systollc
NCR Normal  contraction referencep.hases' According to most recent works [8]-[11], it is now pos-
(model) sible to extract contraction parameters all over t.he myocardlum
PCOM Principal component and for several successive phases of the cardiac cycle. _In this
PET Positron emission tomography paper, we propose an orlgnjal framework for the systemaﬂc and
SPAMM Spatial modulation of the magnetiza-eXhausuve analysis of spatlo—temporal deformation p.arameters
tion (STDP) of the_myocardlum, extracted from MR tagging data.
STDP Spatio—temporal deformation pa—The acqwred images are processed to extract. spatio—temporal
rameter dgform:?mon parameters over a set of LV contiguous myocar-
(t) One STDP which is a Continuousdlal regions throughout the systolic phase of .the cardiac cycle:
p functi fthe ti iabl These STDPs are then analyzed using functional data analysis
wit),i=1---N SQ;;:;:;S tﬁé:fmne'lgzgll?reaents of methods [12]. Functional data analysis of individual data sets is

first considered. Then, several healthy data sets are simultane-
ously analyzed to providerarmal contraction reference model
Pathological cases can be compared with this model in order
to highlight abnormal strain patterns. The framework and the
methods are described in Section Il. The results are presented
in Section Il and discussed in the last section of the paper.

p(t) from which the mean curve
T = (1/N)N, z:(t) has been
subtracted.
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time between two consecutive frames ranges from 35 to 40 ms.
Note that as the tagging pattern persists for times on the order
of theT'1 relaxation time, only the systolic part (400 ms) of the
cardiac cycle can be reasonably analyzed. The characteristics
of the MR acquisitions are summed up in Table I. Tagged
images can be seen in Fig. 1. Also, fluorodesoxyglucose PET
(FDG-PET) images have been acquired for each patient with
an Ecat Exact HR PET camera (Siemens-CTI, Erlangen,
Germany). They highlight the location of reduced metabolic
activity and necrosed regions where the contractile function
should be affected.

B. Spatio—Temporal Deformation Parameters (STDP)

This large image data set is processed to extract the tag lines
and compute the displacement field within the myocardium
using the FINDTAGS software [14], [13].The displacement
field is estimated through the least-square fit of the tag displace-
ments by a harmonic series in a prolate spheroidal coordinate
system [8]. Several other methods have been proposed to esti-
mate the displacement field from tag points [9], [10], [16]-[18]
and could provide similar input parameters to the analyzing
procedure presented in this paper. The strain parameters are
derived frame by frame in a radial-circumferential coordinate
system from the displacement field. Those parameters are the
circumferential £.. and radialE,.,. deformation components,
the lowest eigen value of the deformation tendar which
corresponds to the maximum shortening at midwall, and the
angle between the principal direction associated to the eigen
value and the local circumferential direction. The functigt)
will refer to any of those parameters. To simplify further anal-
ysis, the LV myocardial wall is subdivided into EVs according
to the circumferential, radial and longitudinal directions. The
partitioning relies on the definition of the LV long axis, as a ro-
tation axis, and an anatomical landmark, located at the junction
between the right ventricles and LVs at the basal level, which
determines the origin of the circumferential partition (Fig. 2).
gig- 1 d(a)—(d)|A$equ§2nge of ffour shPAlrvth img_ges fromferllzd-giz_stolelﬂtim'ﬁhis partition allows a one-to one correspondence between
e?]gj(isi/gtoﬁgsi:ﬂaegglsn}grapz;EZ)ntoart?es?é(tg){(shL; é?\(g;éﬁa)st(o%ic gnd (Ieilsé?sl)(/:st ice _E,VS.Of _tWO dlﬁer?m LVs. In this study, th? myoca@al
images for the same patient under Dobutamine induced stress. partition is fixed over time and the LV geometry is normalized

relatively to the LV size to allow STDP comparisons between
. o LVs. The mean value of STDR(t), is computed over each
poral resolution of 32.5 ms. Tags were applied in three orthogy and at each frame. The temporal evolution of a parameter’s
onal directions (six short-axis slices, six radial long-axis sliceg}jue over the whole myocardium can be visualized using a
to allow three—dimensional deformation estimation according #Panar representation of the myocardium as displayed in Fig. 2.
the imaging protocol described in [8]. The polar representation (bull’s eye), which is a very popular

Six patients (P1 to P6) were studied at the Cardiologigpresentation mode in cardiology, will be used to display
Hospital in Lyon, France. The acquisitions were performed Qfagnostic results (Figs. 2, 9, and 10).

a 1.5-T MR scanner (Siemens, Erlangen, Germany) using a fast

E_CG—gated (end-diastc_JIe) _segmented grac_iient echo sequegCer nctional Analysis of STDPs

Five to seven short-axis slices were acquired to cover up the , ,

LV at rest and under pharmacological stress (Dobutamine) withOU concern being to analyze STDPs through populations of
a two—dimensional (2-D) SPAMM grid tagging pattern [13 atients taking into account their temporal behavior, we inves-
(Fig. 1). Seven to nine cardiac phases have been acquired'{pt€ @ possible methodology among available methods. The

the examination at rest while only six to seven phases could BEOM analysis is a very common approach for multidimen-

acquired under stress because of the increased heart rate S99l exploratory data analysis. PCOM analysis geometrically

tients were required to hold their breath (from 15-22 s) durifg@"Sists in searching the optimal coordinate system (the

!mage acquisition. TaQS have g°4iﬁclinat_ion. The tag spacing Analysis software was used courtesy of Dr. E. Zerhouni of the Johns Hopkins
is 6—7 mm, the tag thickness is approximately 1.5 mm and theiversity School of Medicine.
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TABLE |
DESCRIPTION OF THEMR ACQUISITIONS PERFORMED ONHEALTHY SUBJECTS ANDPATIENTS DURING A BREATH-HOLD. FOV MEANS FIELD OF VIEW; TR, TE,
NEX, SAAND LA STANDS FORREPETITION TIME, ECHO TIME, NUMBER OF EXCITATION, SHORT AXIS AND LONG AXIS, RESPECTIVELY

MRI FOV matrix slice SA LA phases Temporal Tagging
Sequence (mm) size thickness slices slices res.
Parameters (mm) (ms)
Healthy TR=6.5 ms 360 256x110 8 5-6 6 10-12 32.5 3D
subjects TE=2.3 ms stripes
(8) flip angle=15°
NEX=1
Patients TR=70 ms 280 256x154 8 5-6 - 7-9 35-40 2D
(6) with echo sharing (rest) grid
TE=4 ms 6-7
flip angle=15° (stress)
NEX=1

Circumferential direction

functional data analysis methods to analyze the myocardial
deformation through a population of subjects.
1) Functional Data Analysis:

Principle: The problem can be stated as follows. In a
given EV, we observe a parameter (STDP) which is supposed to
be a continuous functiop of a variablet (time) varying in the
[a, b] interval of R. Letthez;, i = 1--- N be theN repetitions
of the measurement @f¢) through a population oV subjects
from which the mean curve has been subtracted zf laee also
functions of time. In order to explain the variation of parameter
functionp(t) from the{z;, : = 1--- N} data set, we seek for
a set ofg orthogonal functionge, (¢), « = 1--- ¢} such that

Midwall

Apex

LV long axis|

b
(Cs € = / ca(t)en(t) dt = 0,
Va,ﬁ:l~-~q./oz7$ﬂ (1)

N B

: Bt M B and
1 2 3 4 5 6 7 8 9 10 11 12
b
Fig. 2. (a) Partition of the LV myocardial wall into EVs. (b) Polar map lleall? = / e2dt =1, Va=1---q
representation of one myocardial layer (midwall here) used for diagnostic Ja

purposes of the contractile function. (c) Planar representation of one myocardial
layer (midwall here). In each EV, mean value of the deformation parametexgherel|.|| is the £2 norm and(.) stands for the inner product

is computed for several successive timepoints. (d) Linear interpolation of t[fZ] This problem turns out to be equivalent to the eigen func-
discrete samples of parameij€¥) (arbitrary unit) in the EV. o . ) .
tion problem (see the Appendix-A for the intermediate steps)

PCOMSs) that best represents the extent of a cloud of points. V(=X (2)
Representing the data points in this system highlights the

proximity between individuals. Usually, the first (first—third)The functiong,(t), a = 1---¢, ||¢.|| = 1 are the firsy eigen
PCOMs are sufficient to sum up information and produdenctions associated with theeigen values\,, « = 1---q.
meaningful 2-D graphical representations of the clouds of indi-he eigen functions are tifignctional principal componentnd
viduals and parameters. If the data set is representative, grotifgs approach is calledfinctional principal component anal-
of individuals and correlated variables emerge. In this studysis' [12].

the configuration of the data is different since each parameterThe computation of the functional PCOMs relies on a basis
(STDP) varies in space and time (Fig. 2). The measure of oeepansion of both the input curves and the functional PCOMs
deformation parameter in a specific myocardial EV over thgee Appendix-B) which leads to the eigen analysis (9). The
cardiac systole and through a population of subjects providesaefficients of the basis expansion are deduced from the eigen
set of time series. In their bodkunctional data Analysifl2], vectors of the) matrix.

Ramsay and Silverman define functional data as the repeatedhe contribution of each functional PCOM,,(¢), is
measure of a continuously evolving quantity. This definitioevaluated from the eigen values of th@ matrix by:
exactly fits our input data sets at each EV. We propose to adapt = 100\,/ ), A;%. In the system of the functional
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PCOMs, each curve:;; has coordinates represented by its Tagged MR Image Acquisitions
scores
Tagged MR Image Processing
fi=(fafiz- - fim) = C;WB, 3) Healthy Subject Deformation ~ Unknown Case
Data Sets Data Set
whereB,,, = [b; - - - b,,] is the K x m coefficient matrix of the ARAAARAAR’
m first functional PCOMs and’; is the K -vector of coefficients Functional PCOM-based construction
of z,. The software we developed in this paper for the analysis of of the local NCR model
the myocardial contractile function is based on MATLAB (The
MathWorks, Inc., Natick, MA) functions written by Ramsay and 1
Silverman [12] for the analysis of functional data. Curve decomposition
2) Setting up the Reference ModelMle propose to build a Mean reference curves | |within the Functional
functional PCOM-based model of the normal contraction from and 1;““°"0}‘1’*‘SIT1)§19M5 "l PCOM basis
the available healthy data sets. In fact, two models are set up: a T of the NCR Model
global one that does not make any explicit difference between \ /
myocardial EV locations and a local one that considers each EV |Distance Computationl
independently.
a) Mean Global NCR Model. In each myocardial EV, de- Distance map for the detection
formation parameters are averaged through the eight normal of contraction abnormalities

cases. A Functional PCOM analysis is performed on this av- . . , . . .
. . . g.3. Steps in determining contraction abnormalities using the local “normal
erage case for each deformation parameteithout accounting contraction” reference (NCR) model.
for the location of EVs. A mean curve and the resulting func-
tional PCOMSs constitutes tlgdobal “normal contraction” ref-
erence (NCR) model
b) Local NCR Model. The deformation evolution can be
quite different from one myocardial EV to another. A Functional
PCOM analysis is performed for each myocardial EV and for
each deformation parametgrthrough the eight normal data Input data are preprocessed as described in the next sub-
sets. The set of all the mean curves and functional PCOMssattion to prepare for functional analysis. Application of
each myocardial EV constitutes tloeal “normal contraction”  functional PCOM analysis to cardiac data is illustrated for a
reference (NCR) model normal (S3) and a pathological (P3) cases. Then, global and
3) Detection of Abnormal Strain Pattern$Given an un- local NCR models are built from the healthy data sets for the
known new case, being potentially pathological, the aim is torcumferential strain E..). The detection of abnormat..
compare its STDPs with the global or local NCR models. Ea@volution patterns is illustrated on two pathological cases using
parameter curve of the myocardial EV of interest is expandéik previously build global and local NCR models. The distance
within the basis of the global/local NCR model using (3). Themaps obtained at rest and under pharmacological stress show
a distance between the new case and the global/local N@fe effect of the stimulation onto thE.. component of the
model is computed using the scores. If we restrict the comeformation.
putations to the first two PCOMs related to one deformation

way to highlight local myocardial contraction dysfunctions. The
approach is summed up in Fig. 3.

Ill. RESULTS

/2 As mentioned before, only a little bit more than the systolic

parameter, the distandg, for a particular EVewv, is given by  A. Preprocessing of Data
) phase is acquired. The values of the deformation parameters are
computed frame by frame over the systolic phase to provide the

A\ A\
dev = ev,1 % . A + ev,2 v . A
(f ’1A1+A2> (f ’2A1+A2>
discrete time samples of the time series. Each time series is con-

where f., 1 and f., o are the scores related to the first anderted into a continuous functiaty(¢) using a cubic B-spline
the second functional PCOMs, respectively. Additional termmodel. Fig. 4(a) shows the approximated curves obtained for
can be added if other parameters are considered or if additiotied E,.,. parameter of a normal subject at rest and under stress.
functional PCOMs are taken into account. The computation ®he acquisitions are ECG-gated and titgeorresponds to the
such a distance for each myocardial EV results in a distanfirest frame acquisition time following tag creation. The temporal
map giving the deviation of this new case from the global/locéngth of the curves naturally differs between rest and stress
NCR model. Note that with the global NCR model, the digFig. 4(a)] so they have to be registered in time before com-
tance is computed between each parameter curve of the parison. The significant portions of the curves to be matched
known case and the coup{enean curve, Functional PCOMs concern the systolic phase from end-diastole to end-systole.
representing the global NCR model, while with the local NCR Two methods were tested to automatically detect end-systolic
model, the distance computation is performed between the fiase instantt.,. The first one is based on the current clinical
rameter curve and the corresponding model (mean curve ptiefinition stating that., corresponds to the time when the LV
functional PCOMSs) for each EV. The experimental results givaravity volume is the smallest. So, we estimate the LV volume
in the next section demonstrate that this method is an effectivem its contours throughout the cardiac cycle and select the




1332 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 49, NO. 11, NOVEMBER 2002

08 .. Septal Anterior Lateral Posterior
* Original samples 5
os &1 0 Samples after resampling :
o \,
] * e
04 lﬁo \
g X
E ? 3\
03 8 \ O
" I} .“‘e 00 ad
oAy
0z P o ¥

FELES

Septal Anterior Lateral Posterior

oumgm
o

oM

006}.-

004}--

. - oM
0.02 - N ] Nk
D o
0.02 s n
(b) te.v - SRR BTSRRI B R = e S R ] 82
N .
? N
Fig. 4. STDP representation and end-systole detection. (a) Cubic B-gpl & wssmasrmpamspis a0 < i
representation of the evolution of the radial deformation. in a given EV.~ ™ Ty 3 4 5 6 7 8 9 0 11 12
of the LV of a normal subject at rest (gray curve) and under pharmacologic..
stress (black curve). In order to match the temporal evolutions at rest and under (b)

stress, curves are resampled betwgiend-diastole) antl’ , ¢, respectively ) _ _ _

(end-systole). (b) The end systolic timepoint is defined as the time where Fig. 5. Temporal evolution of the circumferential deformatibp. over 72

the first derivative (dotted line) of th& A/ (#) curve (solid line) cancels. EVs of the LV midwall at rest. (a) Healthy subject S3 (extreme minimum
value: —0.24). Detected end systolic time points are represented by vertical

bars. The six longitudinal levels are referenced by the small letters: a (apical);

; ; ; ubapical); n and m (medium); sb (subbasal); b (basal). (b) Ischemic patient
time associated to the lowest value. The second method is b with a septal and anterior necrosis. The abnormal regions, automatically

on electro-physiological considerations. According to cardi@gtected by the program (see Section I11-D), are circumscribed with the dashed
physiology, itis clear that the mechanical contraction of the mijwes.
ocardium results from a propagating electrical activation wave.

So, the maximum contraction time (defined as end-systole) rﬁﬁanar representation in Fig. 5 well demonstrates the differ-
a myocardial region depends on 't$ gpatomlcal_ Iocat'lon. TiRces between a healthy subject and a patient. The evolution
Iea(_js us to Propose a new chal definition Whﬁr?e's defined, of E.. is remarkably homogeneous all over the LV for the
region by region, as the maximum of the following curve:  poithy subject at rest [Fig. 5(a)]. As this parameter is somehow
B related to the maximum shortening, it monotonously decreases
CM(t) = [Ece(t)] + | Err (1)]- ®) during contraction. On the contrary, this evolution is greatly
. . . . varying from one region to the other with the ischemic patient
Within healthy regions, the typical eyolunon GfM(t) resem- Fig. 5(b)]. The expected monotonic decreasing evolution of
bles the one n F'g', 4@' Th? maximum of t_h's curve IS ca—cc is observed in part of the lateral region and in the posterior
culated from its derivative. It is obvious that in some C|rcun}—egion especially from the basal to the medium level, but we
stances, in particular within pathological regions, this detecti%rpearly’ see the abnormal evolution &E, in the anterior’ and
2?[/ fa'l.' 'Il'here:]ore, if thfe valrlljehbasec(Jj_on thelmaX|mum of ngeptal territories. The physicians estimated that the ischemic
(.t) IS less than one ourth the cardiac cycle or greater t _?@gion for patient P3 lies in the septal and antero-septal regions
two fifths of the cardiac cycle then the value based on the m'&'ectors 12-3)
|mch)m of thhe caV|Ity vqumde IS chps%nf. both h 1) Functional PCOM Analysis of Normal Case SBig. 6
nce thec, vgrl:_es ar(re eterm|sne or Ot_ stlates,t erest SQHOWS the functional PCOM Analysis of the curves displayed in
stress curvesi_wn q itto, t2,), (to >Dtes)’ respectively, are mappedr;y g 4) regardless the anatomical position. The group of four
into a normalized time interveD, 1). plots represents thB.. mean curve to which the first four func-
o . ) ) tional PCOMs are added-+ + curve) and subtracted-(— —
B. Application of Functional PCOM Analysis to Cardiac Dat,,re). The cumulative contribution of the first four components
In this section, we illustrate the application of functionatises to about 92%, thus representing the most part of the varia-
PCOM Analysis to the circumferential parametér,. of the tion. The graph below, named score plane, shows the 2-D distri-
healthy case S3 and the pathological case P3 at midwall. Theion of the EVs in the plane related to the first two functional
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Fig. 7. Functional PCOM analysis of ttfe.. parameter for pathological case
P3 at midwall and at rest. (top) Mean curve ad@i¢d—+) and subtracte——)

to the first four functional PCOMs. (bottom) Score plane related to first two
Fig. 6. Functional PCOM analysis of th#e.. parameter for healthy case S3PCOMs.

at midwall and at rest. (top) Mean curve addeet-+) and subtractet———)
to the first four functional PCOMs. (bottom) Score plane related to the first two

PCOMs. Each dot represents one particular myocardial EV (see legend of Fi@a%s a maximum at timepoint 6, cancels and inverts at time-
for EVs labels). point 11. Curves that mostly follow this evolution exhibit a high
f2 score. For instance, curve “m5” evolves slower compared
PCOMs. The meafr... curve shows a global decreasing evoluwith the mean curve at the beginning but, in the second part
tion. The first functional PCOM is a globally increasing funcef the curve, it compensates for its delay by a sharp increase.
tion. This means that, during the cardiac cycle, the variation bEhird and fourth components represent lower contributions to
tween individuals (myocardial EVs) becomes larger. Curves ththe evolution with respectively 3.87% and 3.34%. Component
mostly follow the first functional PCOM resemble tli¢ ++) FPCOM3 exhibits three zero-crossings that represent a more
curve. For instance, the curve in EV “sal” (subapical and septaimplex variation around the mean.
EV) has smaller magnitude and, therefore, presents a high con2) Functional PCOM Analysis of Pathological Case
tribution of FPCOML1. This can also be seen in the score plaR8: Fig. 7 shows the results obtained with the pathological
where “sal” is located at an extreme right position on the hazase P3. The first four functional PCOMSs represent 99.62% of
izontal axis. On the contrary, curves with a more accentuatttk total variation. Obviously, the dispersion between curves is
negative variation than the mean curve are rejected to the leftich more important in this case. The first component added
part of the score plane (see for instance “all”). Those curweih the meank.. curve illustrates this well, the curves being
with the most negative variation are closer to the-—) curve. located between a positive increasing functigni{+ curve)
The second functional component has a smaller contributiand a negative decreasing function £ — curve). The other
(9.93%) and presents two phases in its evolution with opposiéemponents represent more or less complex variations around
signs. The first phase represents a growing dispersion whichtiie mean. The score space experiences a higher dispersion of

Scores 1
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G 5 N NN S A S i SN i v S not participated to the construction of the global NCR model

N \ AN NS [Fig. 9(a)] and two pathological cases P1 [Fig. 9(c)] and P3

~ \ TENAYA N AN N [Fig. 9(b)] to the global NCR model. The score planes on the
N ‘

. . “ sb

N e B B left part of the figure show the position of the patients’ EVs
\\\ AN \\ I R S N v m (in red) relatively to those of the global NCR model (in blue).
\\\

Note that due to the averaging through the healthy data sets,

AN LN NN . . the EV cloud of the global NCR model is compact. For S9, the

: : ‘ ] EV distribution is very close to the reference. On the contrary,

‘ “ N N \ S N \ sa the distributions are more spread with P1 and especially P3. On
\

U - the right part of Fig. 9, distance maps show the proximity to
NS 2  the global NCR model using a polar representation. Color map
‘ ranges from blue to red where red represents the greatest dis-
(@) tance (i.e., a more acute abnormal strain pattern) to the NCR
septal__ Aaterior Lotera Posterior model according to the definition given in (4). For the P3 case
\ S \K\ S - S N [Fig. 9(b)], the greatest distances are observed in the antero-lat-
, : L ‘ eral regions and in the medium-septal area (yellow). This can
o N N S N RN \_ \\\\ AN - sbbe directly evaluated by the visual inspection of the original
! E.. parameter curves in Fig. 5(b) where red to yellow regions
are traced out with dashed lines. We can easily see that, indeed,
those regions are the farthest from the normal case S3 [Fig. 5(a)]
< o and the reference model.
2) Detection Using the Local NCR ModeThe distance
» map computed for the P3 case at rest is given in Fig. 10(a).
S e e el e, Ttis very similar to the one obtained with the global NCR
) N ‘ model [Fig. 9(b)]. In fact, the great coherency in STDP data
12 3 4 5 6 7 8 9 10 11 12 observed through the available healthy cases does not imply
(b) great differences between the local and global NCR models.
Fig. 8. Local NCR (NCR) model for theE,. parameter at rest. (a) First The consistency among in(_jividuals of the normal strain patterns
functional PCOM of the local NCR model at midwall. (b) Second functiondnas also been observed in a study on more than 30 healthy
PCOM. Mean curves are in black. volunteers [11]. In order to test the consistency of the model,
we built eight models taking seven data sets out of the eight
the E... curves as compared with the score space for the healtijailable. For each of these models, we computed the distance
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subject S3 (Fig. 6). maps for the excluded case. If the model is consistent then the
o results among the eight tests should be similar. Table Il gives
C. Building the NCR Models the mean and standard deviation of the distance to the origin of

The first four functional PCOMs obtained for the averagethe score plane over all the EVs, for each test case. The same
normal heart are very similar to the ones of the S3 case (Fig.iBjormation is given for the pathological cases P3 and P4 in
(this is the reason why they are not represented here). But, Tfable 111
averaging implies even less variations. The contribution of thelt is interesting to see how this distance map evolves under
first four functional PCOMs is 80.2%, 10.5%, 4.2%, 1.6%, rggharmacological stress. Stress activates the contractile function
spectively. The mean curve and the four functional PCOMSs d&s that regions that are less contractile at rest may recover an
fine the global NCR model. improved function under stress if viable. Fig. 10(b) illustrates

With the local NCR model, the functional PCOM analysis ithe distance map under pharmacological stress for the P3 case.
independently performed in each myocardial EV on the curv€seatest distances are observed at basal and subbasal level in
of the eight healthy subject data sets. Fig. 8 illustrates thee septum. Also, one abnormal region is detected in the pos-
first two functional PCOMs obtained by such an analysis ovégro-septal region at the subbasal level. The abnormal strain
the myocardium at midwall and at rest. These two functionphtterns observed in the antero-lateral territory at rest are no
PCOMs represent the major part of the variation in each EMnger highlighted under stress. Also, contraction defects are
Almost the same variations as those reported in Section lll¥Buch less pronounced under stress with the P1 case [Fig. 10(c)].
for the healthy case S3 can be observed here. It can be notiégaroblem subsists at the apex in the anterior region and in the
that higher discrepancies exist at the apical level with FPCOMbedium-septal region.

D. Abnormal Contractile Evolution Pattern Detection

. . . IV. DISCUSSION ANDCONCLUSION
The interest of the proposed functional approach is demon-

strated through the detection of abnormal evolution patterns ofWe investigated the contribution of functional data analysis

the circumferential deformation paramefer.,. methods for the interpretation and comparison of evolution pat-
1) Detection Using the Global NCR ModeFig. 9 gives the terns of myocardial strain parameters obtained through tagged

results obtained by comparing a new healthy case S9, which MRI. The results illustrate the potentialities of the functional
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Fig. 9. AbnormalE.. pattern detection on three cases using the global NCR model at rest. The relative position of the myocardial EVs for the global NCR model
and the three cases is given in the score planes on the left. Reference is in blue and the three cases are in red. The distance maps are displayRedisthe righ
for the greatest distances to the NCR model. (a) Results for a new healthy case S9, which was not included into the construction of the global N@Bmodel. M
distance is 0.081 with a standard deviation of 0.06 (b) Results for the pathological case P3. (c) Results for the pathological case P1. For PleamehPd, the

the nonviable region, estimated by the physician, is indicated with black arrows.
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Ecc-hased Distance Vap Partition in 3 classes

3 4

Fig. 10. Diagnostic mapgE.. ) using the local NCR model at rest and under stress. (a) Distance map for the pathological case P3 at midwall, at rest. (b) Distance
map for the pathological case P3 at midwall under stress (5 levels). (c) Distance map for the pathological case P1 at midwall under stress. Qhnethe right,
continuous distance map is partitioned into three classes according to the distance of the EVs to the local NCR model. Highest distances arestimeted he

extent of the necrosed region is indicated with black arrows.
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TABLE I
MEAN AND STANDARD DEVIATION OF THE DISTANCE OF THEEVS TO THEORIGIN OF THE SCORE PLANE FOR THE EIGHT TESTMODELS

S1 S2 S3 54 S5 56 S7 S8

Mean 0.073 |1 0.072|0.066 | 0.096 | 0.078 | 0.108 | 0.071 | 0.116
Std. Dev. |0.066 | 0.06 | 0.049 | 0.083 | 0.054 | 0.085 | 0.059 | 0.102

TABLE Il
MEAN AND STANDARD DEVIATION OF THE DISTANCE OF THEEVS TO THE ORIGIN OF THE SCORE PLANE FOR PATHOLOGICAL CASESP3AND P4FOREACH TEST
MODEL. “TM X” REFERS TOTEST MODEL EXCLUDING NORMAL DATA SET SX. “ALL” REFERS TO THEMODEL THAT INCLUDES THEEIGHT DATA SETS

™1 TM2 TM3 T™M4 TM5 TM6 ™7 TM8 All

P3 Mean 0.375|0.3830.384 | 0.377 | 0.388 | 0.369 | 0.383 | 0.379 | 0.383
Std. Dev. | 0.251 | 0.256 | 0.258 | 0.257 | 0.263 | 0.246 | 0.253 | 0.254 | 0.255

P4 Mean 0.4010.411|0.412|{0.403 | 0.414 | 0.398 | 0.409 | 0.404 | 0.410

Std. Dev. | 0.097 | 0.105|0.104 | 0.098 | 0.101 | 0.113 | 0.101 | 0.0994 | 0.1

PCOM analysis technique for synthesizing the evolution in@ase to case (Table Il, standard deviation less than 2% on the
set of curves. In particular, the combination of the mean curmeean values). With the pathological cases P3 and P4, we found
and the functional components, and the score plane represetitat the results obtained with each test model were very similar
tion are efficient ways to depict the main characteristics of tled a significant difference in value is obtained as compared
evolution of the deformation parameters over the myocardiwvith the healthy cases (Table lll, standard deviation 0.6% on
(Figs. 6 and 7). In practice, we consider the first two fundhe mean values for both cases).
tional PCOMs. Interpreting the contribution of the higher com- According to the physicians, a necrosed region was identified
ponents (third and fourth) is more difficult as all these compdsy visual inspection of the PET data in sectors 1, 2, 3, and 12
nents are added. Within the context of computer aided diagnosighe septum for all levels of the P3 case. This is not in total
of the myocardial contractile function, we proposed to build agreement with our findings although we observe that the largest
model of the normal contraction pattern (NCR model) througlistances are located in a portion of the septum under stress. In
the functional analysis of healthy subject data sets. The cdhe same way, a necrosis has been detected at the apex in the
traction patterns for a new case can be compared with thosgosterior region for the P1 case which corresponds to the highest
the model. As an illustration of this idea, a global and a locdetected contractile defect under stress [Fig. 10(c)].
reference models of the normal evolution pattern of the circum-The work presented in this paper is a first step toward a
ferential parameteE .. have been built based upon the anabetter understanding of the complex normal and pathological
ysis of eight normal data sets. The differences of an unknowmyocardial motion. Far from drawing definite conclusions
case with the model are highlighted using specific distance magisout the ability of the proposed approach for automatically
which are established at rest and under stress. For the P3 cdsetgrmining contraction abnormalities, we have however
the polar maps in Figs. 9(b) and Fig. 10(a) are in agreemeat@gmonstrate that it provides coherent results and that the func-
with the parameter evolution depicted in Fig. 5(b). This meatisnal framework is a reliable candidate for the analysis of the
that the model was able to correctly and automatically estimateatio—temporal deformation parameters provided by Tagged
the EVs where the parameter evolution diverges from the ref&RI. The approach relies on the assumptions that, first, MR
ence. This is also true for the P1 case. Fig. 10(b) and (c) illusgging provides meaningful comparable strain patterns—this
trates the modifications induced under pharmacological streas been previously shown by several studies [7], [19], [20],
In a first step toward a more immediate overview of the majdl]—and, second, common strain patterns exist for the normal
differences, distance maps can be crudely segmented into thraman LV. A recent study has characterized the normal systolic
regions using simple thresholding: regions close to the NGRBnges of strain evolution [11] through a database of healthy
model, at medium distance and far from the NCR model. Volunteers. This tends to support the pertinence of a model
may happen that pharmacological stress implies a significantbesed approach to the detection of LV dysfunctions. Due to
crease of the contractile function in some EVs. This may restdichnical constraints, this study focused on the systolic phase of
in great distances if using (4) straightforwardly. Therefore, if thiae cardiac cycle. Cascaded acquisition of tagged MR images
stress value is far from the reference but located in the “normaién be performed in order to reconstruct the LV motion over
(negative) half FPCOML1 plane then it is considered as normtie whole heart cycle [21]. Also, the CSPAMM technique
The thresholded maps are shown on the right part of Fig. 10]22] improves the grid contrast making the motion assessment
The complementary experiments involving a truncated refver the entire cardiac cycle possible. In this case, the same
erence database showed that the results are consistent. In éauttional approach can be applied to the parameters over the
healthy test case, the distance remains small and similar frarhole cardiac cycle. The extracted functional components of
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the NCR model would, therefore, include information about. Similarly, the eigen functiong are linear combinations of
parameter evolution through both systole and diastole. Aldbg ¢, functions

the practical part of this paper has only concerned the circum-
ferential straink.... In a diagnostic system of the LV function,
radial and longitudinal deformations should be included [23].
This can be envisaged for instance by the parallel functional
analysis of these three parameters the results of which canvwbth b, the coefficients. Therefore, (7) becomes
finally fused into a single diagnostic map.

K
)= Z bedr(t) = ¢'(t)b
k=1

1
N C'CWb= \b (8)
APPENDIX
with
A. Derivation of the Functional PCOMs
All the measurements; () of 2 maximize the criteria W= /¢(t)¢'(t) dt.
N ...
1 o The condition
Jo = N Z fia
=1 /Cz(t) dt =1
where
b impliesb’Wb = 1. Let us introduce the normalized vector
fia =(zi(t), ea(t)) = x;i(t)ea(t) dt, such that = W*/2p with ||lu|| = 1. Consequently, (8) reduces
i=1--N,a=1---q. © ©
It can be shown that this maximization problem is equivalent to Qu = \u ©)
the problem of the eigen analysis of a covariance opefator with
n;gx(em Vea), lleall =1 0 = N 'WY2c'cw/?,

where If the basis is orthogonal theW = I andQ = N~'C’C.

b Therefore, to derive the firsg eigen functions(,(t), « =

Veq = / v(t, s)ea(s)ds = (v(t, .), €a) 1---gq, theq eigen vectors,, a = 1-- - ¢ of the matrixQ are

computed. The coefficients, of the eigen functions are then
andu(t, s) = (1/N) Y.~ ai(t)z(s) is the covariance func- deduced.
tion. This problem turns out to be equivalent to the eigen func-
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Abstract

Tagged magnetic resonance imaging is a specially developed technique to noninvasively assess contractile function of the heart. Several
methods have been developed to estimate myocardia deformation from tagged image data. Most of these methods do not explicitly
impose a continuity constraint through time although myocardial motion is a continuous physical phenomenon. In this paper, we propose
to model the spatio-temporal myocardial displacement field by a cosine series model fitted to the entire tagged dataset. The method has
been implemented in two dimensions (2D)+time. Its accuracy was successively evaluated on actual tagged data and on a simulated
two-dimensional (2D) moving heart model. The simulations show that an overall theoretical mean accuracy of 0.1 mm can be attained
with adequate model orders. The influence of the tagging pattern was evaluated and computing time is provided as a function of the model
complexity and data size. This method provides an analytical and hierarchical model of the 2D +time deformation inside the myocardium.
It was applied to actual tagged data from a healthy subject and from a patient with ischemia. The results demonstrate the adequacy of the

proposed model for this evaluation. O 2000 Elsevier Science BV. All rights reserved.

Keywords: Two-dimensional spatial and temporal displacement; Displacement and deformation field fitting; Cardiac magnetic resonance tagging

1. Introduction

Myocardial ischemia is a frequently encountered
pathological entity, which is caused by localy reduced
blood flow due to the obstruction of arteries. The elastic
mechanical properties of ischemic myocardium are altered
and, thus, the injured territory is less contractile. Therefore,
noninvasive estimation of myocardial contractility is of
interest in order to detect regions with abnormal contrac-
tion and suspected failing arteries. The degree of abnor-
mality is also of importance to determine the ability of the
injured region to recover satisfactory contractile function
after reperfusion.

In current clinical practice, physicians can obtain a crude
estimate of the contractile function from cine magnetic

“Electronic Annexes available. See www.elsevier.com/locate/ media.
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8526.
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resonance imaging (MRI), echographic ultrasound or
SPECT images. In MRI, the contour of the endocardium
and epicardium of the left ventricle (LV) are manualy
traced on the images and the wall thickness change
between end-diastole and end-systole in the cardiac cycle
can be estimated over the LV on a dice by dice basis.
More advanced approaches to the determination of con-
tractile function are based on specific MR imaging tech-
niques. Phase contrast MRI (Pelc et a., 1991; Wedeen,
1992, Meyer et a., 1996; Zhu et a., 1997) exploits the
phase shift of moving spins to compute the velocity at a
specific point in three-dimensiona (3D) space. This tech-
nique is theoretically able to provide a dense velocity field.
However, measured velocity fields are often very noisy and
need to be regularized. Also, in the existing methods,
usualy only 2D velocity fields are considered. Magnetic
resonance (MR) tagging (Zerhouni et al., 1988; Axel and
Dougherty, 1989) consists of positioning a regular satura-
tion pattern onto the myocardial tissue by selective atera
tion of the tissue magnetic characteristics. This pattern is

1361-8415/00/$ — see front matter [ 2000 Elsevier Science BV. All rights reserved.
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generated at the very beginning of an ECG-gated imaging
sequence (Fig. 1(a). Changes in shape of the saturated
stripes in the image sequence reflect changes in shape of
the underlying myocardial tissue (Fig. 1(b—f)). In order to

image 3D motion, stripes are imposed in three orthogonal
directions in space. With this imaging method, the accura-
cy of the estimated motion depends on the spatial res-
olution of the tagging pattern. The signal-to-noise ratio

Fig. 1. MRI SPAMM sequence of the heart (short axis views) from end-diastole (8) to end-systole (f). Theinitia tagging pattern (a) deforms to conform the
myocardial motion. The tagging pattern is extracted and processed to compute the displacement field inside the myocardium.
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(SNR) limits the contrast of the tag lines. Atalar and
McVeigh (1994) derived optimal values for the tag width
and spacing. Due to T1 relaxation time, only a part of the
cardiac cycle can be imaged.

Several methods have been proposed to estimate the
motion of the myocardium from tagged MR images (see
Section 2). Most of them compute the motion field (or
displacement field) between one specific timepoint in the
cardiac cycle and the initial timepoint for which the tag
pattern is undeformed. It is necessary to repeat this task for
each image of the sequence to track the motion over time.
Other methods provide a discrete estimate of the displace-
ment field between two timepoints. To compute deforma-
tion parameters such as strains, the derivatives of the
displacement are, in such a case, numerically approxi-
mated.

Myocardial contraction can be considered a continuous
process through time and space. It is essentia to integrate a
spatio-temporal  continuity assumption into the motion
reconstruction algorithm. A continuous model can, more-
over, provide easy access to various kinematic parameters
such as velocity and acceleration among others. In this
paper, we propose a new model-based approach for the
spatio-temporal displacement field fitting from cardiac MR
tagged sequences. The model provides a hierarchical
description of the motion and the accuracy of the recon-
structed motion increases with the model order. The
forward motion of the LV myocardium is modeled using a
cosine series. From this model, it is possible to compute
myocardial point trgjectories and severa parameters of
interest, such as the Lagrangian deformation tensors,
velocities, and accelerations. Section 2 presents a short
review of the topic. The proposed method is detailed in
Section 3. The ability of the 2D+time implementation of
the method to accurately predict myocardia motion is
evauated both on actual cardiac data at the tag points and
on a computer-generated model (Section 4). We deduce
optimal time and space model orders as a function of tag
spacing. The approach is applied to the MR tagged data of
a healthy subject and of one patient with severe ischemia.
Section 5 discusses the results and the properties of the
method.

2. Related works based on MR tagging

The noninvasive estimation of heart motion using
standard imaging techniques is a difficult problem due to
the lack of point correspondence between image in a
sequence and to the complex through-plane motion. The
idea of MR tagging, originally introduced by Zerhouni et
al. (1988) was to provide explicit point correspondences
through the tags. A modification of the technique of the tag
pattern generation was then proposed by Axel and
Dougherty (1989) known as spatial modulation of the
magnetization (SPAMM). Since then, MR tagging has

been used to estimate the torsion and the circumferential-
longitudina shear (Buchalter et al., 1990), circumferential
shortening (Clark et al., 1991), and radia displacements
(Maier et a., 1992). However, these indices are generally
computed in the dlice plane and do not take into account
the through-plane motion. In addition, only the deforma-
tion of the myocardium between end-diastole and end-
systole is considered. Later studies have tried to estimate
deformation in 3D and compute more reliable deformation
descriptors. Moore et a. (1992) applied one set of radia
tag planes parallel to the LV long axis, while five short axis
image planes, orthogonal to the tag plane, are acquired. A
second set of long axis image planes is acquired radially in
accord with the previous tag planes and with tags parallel
to the short axis image planes. Tag points are defined as
the intersections of tags in the image and the epicardial /
endocardial contours. The set of tag points defines a
decomposition of the LV myocardium into volume ele-
ments. Mechanical strains are computed at the node of
each volume element. However, this approach is unable to
highlight transmural changes of the deformation. Young
and co-workers (Young and Axel, 1992; Young et a.,
1995) have developed a finite element model for the 3D
reconstruction of the heart wall motion. Their method
includes a geometric fit of the inner and outer surfaces to
the endocardia contours within a prolate spheroidal
coordinate system. This allows registration of one heart to
another. Then, tag grid intersections (SPAMM) are used to
reconstruct the displacements of the nodes (typically 16) of
a 3D geometric model from the deformed state to the
initial undeformed state. Each coordinate of the displace-
ment is fitted using the adequate tag point set. In the last
step, deformation of the model from the initial configura-
tion a time t is estimated in order to reconstruct the
deformation from end-diastole to end-systole. Deformation
inside the heart wall is linearly related to the one estimated
at the nodes of the model. The method proposed by O’ Dell
and co-workers (O’ Dell, 1995; O'Dell et a., 1995) follows
a similar idea to fit a 3D displacement field. This fit is
performed independently for the three coordinates of the
displacement backward in time and once for each time
frame. Three-dimensional displacements and deformations
are estimated at a set of material points (LV mesh) defined
within the heart wall in the first time frame. The method
proposed by Park et a. (1996) is based on a deformable
model in which parameters are piece-wise linear functions.
These parameter functions have an intuitive meaning, such
as radia contraction or twisting about the long axis. The
forces needed for the dynamics of the deformable model
are computed from both LV boundary points (which are
not always reliable) and 2D intersections of tag lines. They
are computed on the vertices of prismatic volume elements
located on the inner and outer LV walls. The model
parameters inside the LV wall are thus linear approxi-
mations of the ones on the LV boundaries. The deforma
tion of the model is repeated once for each cardiac instant.
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Denney and Prince's (1995) approach is based on a
multidimensiona stochastic model for the estimation of a
dense displacement field. The displacement field is esti-
mated at points of a 3D grid enclosing the LV. The discrete
displacement field is estimated within the Fisher estimation
framework under smoothness and incompressibility as-
sumptions. The variance of the various stochastic pro-
cesses is chosen empirically. There is no underlying
parametric model of the obtained displacement field. Thus,
the computation of strains involves discrete numerical
differentiation (Denney and McVeigh, 1997).

Declerck et a. (1998a,b) modeled the motion of the LV
using continuous spatio-temporal mapping. First, the LV
myocardium is represented using a specialy designed
planispheric coordinate system. Within this coordinate
system, the motion is modeled by affine functions whose
parameter functions (dependent on space and time) are
determined using a least mean square criterion and
smoothing splines. The affine motion model is expected to
capture localy the main components of the heart motion.
This results in three intuitive parameters, the radial con-
traction, the rotation about the long axis, and the longi-
tudina contraction.

Radeva et al. (1997) proposed a 3D approach for the
localization and tracking of SPAMM data. It is based on a
deformable B-solid whose isoparametric curves are im-
plicit snakes tracking the tag lines in the images. Amini et
a. (1998) represent and track the tag pattern by coupled
B-snake grids. Spline warps interpolate a dense vector field
using displacement information at the intersections. Young
(1998) aso proposes a solution for the reconstruction of
the 3D heart wall motion directly from tagged MR images.

3. Materials and method

Our approach was to reconstruct the spatio-temporal
displacement field as a vector function of the spatial and
temporal coordinates. Each tag set is able to assess the
motion along a direction perpendicular to the tag lines.
Therefore, we chose to reconstruct an accurate displace
ment field within a coordinate system relative to the tag
orientation. Note that it is always possible to adapt thisto a
more specific anatomical system if needed. The mathe-
matical expression of the reconstructed displacement field
alows for the direct analytical derivation and leads to the
computation of the spatio-temporal deformation tensors
and other kinematic parameters such as velocities and
accelerations. The displacement field can theoretically be
reconstructed with increasing accuracy since the model is
based on cosine series.

In this paper, we have considered the displacement field
fitting problem in two space dimensions and in time.

3.1. Imaging protocol

Images were acquired on a 1.5T MR scanner (Siemens,

Erlangen, Germany) using a fast ECG-gated segmented
gradient echo sequence (TR=70 ms with echo sharing,
TE=4ms, Flip angle=15°, matrix=256x154, dlice
thickness=8 mm, FOV=280 mm, Acg=1, oversampling=
27%). The tagging pattern is generated by a Dante pulse
sequence (Mosher and Smith, 1994) with two series of
tags oriented at +45° and a tag spacing fixed to 8 mm
(Fig. 1). The images were then processed using FindTags
software (Guttman et a., 1994, 1997) to semi-automatical-
ly extract the tag lines in both orientations within the
myocardium. The points of the tag lines are the input data
of the algorithm described hereafter. Endocardial and
epicardia contours were also extracted to circumscribe the
myocardium for the computation of the displacement and
for display purposes. Note that due to T1 relaxation and
the technical limitations of the MR scanner, only a portion
of the cardiac cycle (systole, ~400 ms) can be acquired
since the tagging tends to disappear. Two examinations
have been considered in this study: one healthy case (9
cardiac phases in a breath-hold) and one pathological case
with a severe postero-lateral ischemia (EF=45%) at rest (9
cardiac phases in a breath-hold) and under pharmaco-
logical stress (using dobutamine, 6 cardiac phases in a
breath-hold).

3.2, Mathematical formulation and notations

Let us consider the 2D spatial and temporal displace-
ment field, D, formally defined by

D:OXRONCR* o Q' CFR
(Pt) = D(x,y.t) = D, (xY,t),D,(x,y,1))

As aready pointed out, the problem of the estimation of
the tag point P’ at time t, corresponding to the tag point, P,
in the initial undeformed state at time t, (referred hereafter
as the forward displacement field fitting) is ill-posed and
can be related to the well-known aperture problem for
optical flow estimation in computer vision (Fig. 2(8)). To
aleviate this problem, one can consider only tag intersec-
tions. Displacement estimation using such a sparse in-
formation is less accurate and, moreover, this approach is
not valid in 3D since intersections are out of the image
plane during motion. Therefore, an inverse approach is
used asin (Young and Axel, 1992; O'Dell, 1995; Declerck
et a., 1998ab), where an inverse displacement field is
estimated. Considering a tag from a deformed state at time
t back to the initial undeformed tag at timet,, it is possible
to exactly determine the displacement component ortho-
gona to the axis of the initial tag (Fig. 2(b)). Thus, each
tag set is used to estimate one component of the motion.
Our approach consists of estimating the inverse displace-
ment field D' =(D,(x,y.t),D(x,y.t)) and using the so-ob-
tained point correspondences to compute the direct dis-
placement field, D. In the sequel, al ‘'’ notations will refer
to variables relative to the so-called backward displace-
ment field fit.
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Fig. 2. Principle of the direct and inverse displacement estimations using MR tagging. (&) The forward approach consists in looking for the corresponding
point P" at timet of each tag point P of theinitial frame at time t,. (b)) The backward approach estimates the projection of the displacement in the direction

orthogonal to the tags from time t to t,.

3.3, Description of the model

3.3.1. Reference coordinate system

Most of the approaches mentioned in Section 2, except
the ones in (Denney and McVeigh, 1997) and (Radeva et
a., 1997), use a reference coordinate system more or less
adapted to the LV anatomy, such as the prolate-spheroidal
or the planispheric coordinate system. The use of such a
reference system allows the acquisition of motion parame-
ters related to the anatomy of the LV at classical circum-
ferential, radial and longitudinal coordinates. This general-
ly requires the definition of anatomical landmarks such as
the LV long axis, the LV cavity center, and other specific
reference points. Thisis not an easy or error-free task. One
advantage to use a coordinate system relative to the tag
pattern is to uncouple the estimation of the three com-
ponents of the motion. In this way, the accuracy is not
dependent upon a specific anatomical system (see aso the
Discussion section in (Denney and Prince, 1995)). It can
be used to estimate motion over the entire region of
interest in the LV and aso in the RV myocardium (Fayad et
a., 1998). It is, however, possible to change the coordinate
system afterward.

3.3.2. Satio-temporal displacement field modeling
The inverse spatio-temporal displacement field, D', is

modeled using cosine series. The component D, of D' has
the following mathematical expression:

o o O kx
D(xytzz E Xk,mcos<7TX )
k=0 1=0 m=

HES)

The expression is similar for D, with parameters

=]

X COS<

Al

yklm

X cos<$) cos<g>. 2)

The coefficients K and L are, respectively, the x and y
spatia orders, and M is the temporal order. The X and Y
parameters are the maximum sizes of the LV inthe x and y
directions, and T is the amount of time between t,, the
creation time of the tagging pattern, and the acquisition
time of the last image frame of the sequence. The
coefficients A}, | , and A, | . are the model’s parameters
to be estimated. Such a model is convenient for even
functions and requires that the system origin be outside the
myocardium region. In our case, this origin is located at
one corner of the bounding box including the myocardium.

The direct spatio-tempora displacement field, D, is
modeled using exactly the same mathematical expressi ons
It is characterized by the parameters A and A
be determined.

Theoretically, the accuracy of the reconstructed dis-
placement field depends on the spatial and temporal orders
of the model. This alows control of the accuracy of the
reconstruction as well as further analysis of the distribution
of the parameters for different cases.

X, K,l,m v, k,I,m?

3.3.3 Estimation of the model 's parameters

In an (O,x,y) reference system, such that tag lines are
either paralel or orthogona to the system axes, the
parameters of the inverse transform, D'(P’), with P’
belonging to the deformed (time t) tag lines, are estimated
through the minimization of the Euclidean distance be-
tween the projection onto the coordinate axes of D'(P’)
and the abscissa of the undeformed initia tag lines (Fig.
2(b)). The minimization of the two following error terms
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leads to the separate computation of the estimated com-
ponents, D and D , of the inverse displacement field:

=—EE >

Ny = t, XTags P'€XTags

IX(Pto) —(x(P") + D, (P))I,

©)

2 > 2 vty —(yP) + D P,

t t, YTags P'€YTags
(4)

where N, (respectively N,) is the total number of points for
the set of tags orthogonal to the x (respectively )
direction, and t, is the timepoint of the last image
acquisition. Index XTags (respectively YTags) represents
the sat of the tags orthogonal to the x (respectively )
direction. Replacing D and D by their expressions (1)
and (2) in (3) and (4), we obtaln the following system of
two equations:;

max,(t) O(n)

-2, 5558

t=t, n=min,(t) o=1

—Axklmcos< X )

os(%) cos ?mt>—x’(-)+x(n,to)]2, (5)
tp maxy(t) o(n)

c,=> X 2[2 Z_::E::

t=t; n=miny(t) 0=1

—AykImCOS<7Tk>)((’('))

o( my ( )) cos(—mt> y'( )+y(n,t0)]2, (6)

where P’ has (x’,y’) coordinates and (-) stands for (o,n,t).
The indices min(t) and max(t) are, respectively, the
minimum and the maximum indices of the tags at
timepoint t. O(n) defines the number of points for tags with
the index, n.

To obtain the coefficients A’ of the model, we solve
dC, /oA, =0 and aC, /9A,; =0, Vi. The details of the
computations are given in Appendix A. Finaly, the result
isasystem of | linear equations for each component, X and
y, of the form (see Appendix A)

|
> A/B;—C =0,
j=0

with | = KLM. The solution of (7) is obtained using the

singular value decomposition (Press et al., 1988), which is

a robust method for the estimation of least mean square

problems with potentially singular matrices. The coeffi-

cients A, |, and Al of the backward model are now
available.

i=1..., I, (7)

v, k,I,m

The parameters of the direct displacement field D(P) are
computed according to the same scheme using the point
correspondences given by D'(P’).

3.4. Estimation of the initial location of the tagging
pattern

Usually, the first image of the temporal sequence is
acquired at t,, a short time period after the creation of the
tagging pattern (t,~10 ms). Therefore, the tags have
aready moved. The distance terms in the minimization of
(3) and (4) require the initial tag abscissas at t, which are
not known a priori. The user could be asked for the tag
spacing and initial abscissas but this is not very accurate.
We computed the optimal estimates of these parameters
through the minimization of the following quadratic term
(given for tags orthogonal to the x direction) which is the
sum of the differences between the estimated coordinates
of the tag points and the actual onesin the first frame at t,:

2 E[X +(IXTangSx) ( )]2 (8)
XTags P
where X0 is the estimated abscissa of the first left tag
(index 0) at ty, ixrqqs IS the index of the current tag and S,
is the estimated tag spacing along x. This leads to a linear
system solved for X and § S,,- A similar approach is used to
estimate Y and sy for tags orthogonal to the y direction.

3.5. Deformation parameters

The mathematical expression of the direct displacement
field alows the computation of spatio-temporal parameters
that characterize the motion and deformation of the LV
myocardium. One can easily derive the velocity field given

by

oD,
V (XY, at o Y == (9)
and the acceleration field
v ’D, aV,
Ry =70 = R =5 (10)

The deformation field requires the computation of the
deformation tensor, &, which is given by

_LpT r
X, y,t) = 2(VD + VD + VD 'VD), (11)
where
aD, 4D,
X ay
Y= 4p, 4D,
ax oy

is the gradient of the displacement.
The principal deformations are obtained by the
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diagonalization of the & tensor. All these parameters are
very useful for analyzing the contractile function of the
myocardium.

4. Simulation experiments

The performance of the method were evaluated both on
the tag points extracted from clinical data and on a
computer-generated model of the moving LV myocardium.

4.1. Error of fit on tag points

We quantitatively evaluated the ability of the model to
fit the tag points extracted from one clinical data set. For
the inverse displacement field, D’, and for each point, P’,
belonging to tags in the successive frames, the Euclidean
distance between the actual corresponding point P of P’
and the predicted corresponding point obtained by P’ +
D'(P’) was computed. The mean magnitude, the maxi-
mum, and the standard deviation of the error were esti-
mated for the healthy case. Fig. 3 pictures the mean error
magnitude as a decreasing function of the spatial and
temporal orders. The other statistical parameters varied in a
similar fashion. The same computations were performed
for the direct displacement field, D. Then, the mean
magnitude error was generally less than 0.2 mm. With a
spatial order equal to 5 and atemporal order greater than 5,
the error of fit is about 0.1 mm. This is comparable to
errors reported in previous studies (Denney and Prince,
1995; O'Ddll, 1995). The statistics of this error term are

systematically computed to give an indication of the
quality of the fit.

4.2. Model of the moving LV

Young and Axel (1992) and O'Dell et a. (1995) have
designed a 3D computer-generated model to check the
accuracy of their method. We restricted this model to 2D
but add a temporal variation of the model coefficients. The
initial geometric model is a ring with two series of
orthogonal tags described within a polar coordinate sys-
tem. Let (R, #) be the coordinates of points before maotion
and (R, 6'), (X', y') be the polar and Cartesian coordi-
nates, respectively, during motion. The motion model is
defined by the following equations:

, \/R2 B Ri2nt ' >
R=V"3p 90)+Ru(6D% (12)
0' =0+ ¢(t)- R+ ct),

X\ _ (T ge® 0 R cosf’ 13
y' ) \Tr 0o et \rRsng ) 13

with
ft = 2(1—cosf — ™
0=5(1- (7 w))
and
2
oty = —0.278><%><f(t). (14)

The coefficients N, and At are the number of frames in

Mean error of the inverse displacement field at the tag points (mm)

Spatial orders

Fig. 3. Mean error (in millimeters) of the estimated inverse displacement field fitting, measured at the tag points. The spatial orders for the x and y
directions are equal and range from 2 to 7. The temporal order varies from 1 to 7.
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the temporal sequence and the time between two frames,
respectively. The term ¢(t) - R represents a time varying
rotation which is also a function of radius, R. The rigid
rotation is set by the time varying function c(t) = 7.167 X
(27r/360) X f(t). The shortening of the interior contour is
described by the bivariate function

Ri/nt(alt) = Rint - (R| nt 15)9(0) f(t)v

with g(6)=1— 0.15(003(6 + 37jT> + 1). (15)

The wall thickening variation is defined by A(t)=1-—
0.2f(t). The new Cartesian coordinates take into account
the rigid translation through the time varying functions
Tr(t) = 0.5f(t) and Tr(t) = f(t). An elliptization term is also
added through the k., term (k,,(t) = 0.03f(t)). The con-
stants of the model are defined as follows:

* theinterior initial contour (endocardium), R;,, =20 mm;
* the exterior initial contour (epicardium), R,,,=30 mm;
* the acquisition time of the first frame, t; =10 ms;

* the frame time spacing, At=35 ms.

To be close to the current acquisition conditions, we
fixed the number of frames in the sequence to 7, the tag
spacing to 8 mm and the tag points spacing to 2 mm. This
model is able to simulate the major known components of
normal LV myocardial motion.

4.3 Accuracy estimation based on the moving LV

A test set of 1000 material points distributed over the
simulated LV myocardium, not only located on tags, was
selected to evaluate the performance of the method.

0,25

Global mean quadratic error (mm)

3 4 5 6 7 8 9 10 11
Tag spacing (mm)

= ®©= Kal=5 M=7
e K=l =5, M=5

el (=] =7, M=7

Fig. 5. Globa mean quadratic error of fit as a function of the tag spacing
(3-10 mm) for three combinations of spatia (K,L) and temporal (M)
orders.

4.3.1. Accuracy

The same experiment as the one conducted on tag points
(see Section 4.1) was performed on the test set. Fig. 4
depicts the mean error as a function of the spatial and
temporal orders of the model. The maximum error exhibits
the same variations.

4.3.2. Sensitivity to the tag spacing

The mean quadratic error as a function of the tag
spacing (limited to 10 mm) is shown in Fig. 5 for three
combinations of spatia and temporal orders.

First, it is of no use to indiscriminately increase the
order of the model. Indeed, there is a relationship between

Mean error of the displacement field fit (mm)
obtained using the model of the moving LV

00,19-0,2

H0,18-0,19
m0,17-0,18
00,16-0,17
H0,15-0,16
00,14-0,15
H0,13-0,14
00,12-0,13
0o0,11-0,12
mO0,1-0,11

H0,09-0,1

Spatial orders

Fig. 4. Mean error of the estimated displacement field fitting measured at the test points using the LV moving model. The spatial orders are equal and range
from 2 to 7. For better visualization, errors above 0.2 mm are set to this value.
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the model order and both the tag spacing and the temporal
resolution. For a conventional tag spacing value (8 mm),
one can deduce the optimal spatial (5) and temporal (7)
orders (Fig. 4). The latter is directly related to the number
of image frames in the sequence (7 frames). The spatial
orders are related to the tag spacing. Increasing the spatial
order may affect the accuracy of the estimation by
introducing spurious high order terms. An optimal cou-
pling between tag spacing and spatial orders provides good
accuracy within a reasonable computing time. Fig. 5 shows
only little improvement between spatial orders 5 and 7 for
a tag spacing within 3 and 6 mm, but a spatia order 5
model is faster to compute (see Section 4.4). The effect of
the tag points spacing within a tag line has also been
investigated. This spacing is usually 1 mm; however, our
analysis using the moving heart model shows that between
1 and 3 mm the accuracy of the reconstructed field is
nearly constant for a tag spacing of 8 mm when the
optimal spatial and temporal orders are used.

4,33 Sensitivity to the accuracy of the tag location

The tags were extracted from the images by a previous
semi-automatic segmentation process. We observed the
dependency of the displacement estimation upon the
accuracy of the tag location. A small perturbation was
applied to each tag point location generated by the model.
The magnitudes of the perturbations follow a Gaussian law
(zero mean with a varying standard deviation) while the

direction is randomly set. Fig. 6 shows the evolution of the
mean quadratic error measured on four test point sets as a
function of the standard deviation of the perturbation. This
is computed with spatial orders set to 5 and a temporal
order set to 7. The graph demonstrates the linear relation-
ship between the quadratic error of the fit and the accuracy
of the tag locations. Therefore, the accuracy of the
displacement field estimation is directly related to the
accuracy of the tag detection. This accuracy has not been
truly investigated. Typicaly, the first automatic extraction
step is followed by user interventions to manually correct
tag locations. Atalar and McVeigh (1994) have shown that
an accuracy on the order of 0.1 mm can theoretically be
expected.

4.4. Computation time

Fig. 7 illustrates the computing times obtained on a
Silicon Graphics Indigo 2 (MIPS R4400 CPU processor)
with no special optimization of the code. The computing
time is approximately a quadratic function of the parameter
number of the model (Space order’x Temporal order)
(Fig. 7(8). It is also linearly dependent on the number of
tag points as shown in Fig. 7(b). In current practice and
with the optimal orders, it takes less than 4 minutes to
compute the direct spatio-tempora displacement field.
Other parameters (deformation, velocities) are computed
immediately.
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Fig. 6. Globa mean quadratic error of fit as a function of the standard deviation of the noise perturbing the tag points locations. Four different sets of

points have been tested.
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Fig. 7. Computing times. (&) As a function of the spatial and temporal orders; (b) as a function of the tag points number.

5. Results on clinical cases

Displacement and deformation fields are computed and
analyzed on two clinical data sets. Fully informative
visualization of vector fields is not an easy task. We used a
specific visualization method developed by our group
(Khouas et al., 1998). Such a method represents, in a
synthetic view, the direction, orientation and magnitude of
avector field using a 2D texture model. The comparison of
the results between cases was made at the maximum of the

cardiac contraction, i.e., at end-systole for mid-ventricular
slices. Nine images were acquired for the healthy subject
and the patient at rest. Under pharmacological stress, only
six images were acquired for the patient.

5.1. Visualization of the displacement field
Fig. 8(8) shows the displacement field for the healthy

case at end-systole. One can easily see that the displace-
ment in the inferior, lateral and anterior regions is higher
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Fig. 8. Displacement field obtained at end-systole for the healthy subject. The direction of the displacement is given by the fibers while the magnitude is
color-coded. The size of the region of interest which includes the myocardium is about 74X 74 mm. (g) Displacement field. (b) Displacement field without
the global rigid trandation. Myocardia contours are displayed in white. (c) Definition of the myocardial regions.

than in the septal region, which is constrained by the right
heart. The motion is mainly oriented toward the cavity’s
center. For the purpose of contraction analysis, it is
preferable to eliminate the rigid trandation that tends to
complicate the interpretation. Globa trandation compo-
nents are provided by the spatial order O terms of our
model. This does not correspond to the true rigid transla-
tion from a continuum mechanics point of view but rather
gives a mean value of the global displacement. Fig. 8(b)
illustrates the displacement field once this global tranda
tion is removed. The motion is more homogeneous around
the myocardium. Differences between the regions is no
more significant, although the magnitude of the displace-
ment is till dlightly smaller in the septum. Note the
existence of a gradient of the displacement magnitude
inside the myocardia wall. The magnitude is greater when
close to the endocardium.

Smm

Fig. 9 illustrates the displacement field at end-systole for
the pathological case (severe postero-lateral ischemia) at
rest and under pharmacological stress using the same color
map as for the healthy subject. Compared to the healthy
case, the magnitude of the displacement at rest is globally
smaler and the orientation localy disorganized. This
orientation, which is globally centripetal with the healthy
subject, is clearly circumferentia in the postero-latera
region (Fig. 9(a). The pharmacological stress increases the
magnitude of the displacement and re-orientates the motion
toward the cavity’s center except for the postero-lateral
region (Fig. 9(b)). This suggests a contractile defect in this
region, which was confirmed by an angiographic study. We
also observe reduced wall thickness in this region. Quick-
time movies were aso generated and are available as
Electronic Annexes (see www.elsevier.com/locate/ media).
They depict the evolution of the displacement field through

Fig. 9. Displacement field obtained at end-systole for the ischemic patient. (8) At rest; (b) under pharmacological stress (dobutamine). Myocardial contours

are displayed in white.
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the cardiac systole for the healthy subject and the ischemic
patient. One can visualize the progressive orientation of
the displacement towards the center and also the transmur-
a gradient of the displacement magnitude for the healthy
subject (End-systole corresponds to frame 6). The
pathological case exhibits quite a different behavior at rest
and under pharmacological stress. In that case, the end-
systole is at timepoint 6 and 5, respectively.

5.2, Visualization of the deformation field

The deformation field is computed as a function of the
coordinates after deformation using the equations below:

F=(+W'P) " &= %(FTF ~1), (16)

where F is the deformation gradient tensor. The principal
deformations are obtained by diagonalizing the & matrix.
Fig. 10(a) represents the principal deformation field associ-
ated with the smallest eigen values for the healthy case.
The principal deformation is related to the circumferential
shortening of the myocardia fibers located at the middle of
the LV wall which are circumferentially oriented. The
orientation of the vectors is uniformly oriented along the
circumferential direction and the magnitude significantly
increases from the epicardium to the endocardium.

The deformation field for the pathological case at rest
(Fig. 10(b)) is amost circumferentially oriented in the
anteroseptal territories but the orientation is clearly toward
the interior of the cavity in the posterolateral region.
Moreover, the magnitude is globally smaller compared to
that for the healthy subject. The result under stress (Fig.
10(c)) demonstrates an increase in magnitude over the
anteroseptal region but, again, no recovery is observed in
the posterolateral region.

5.3, Pointwise tracking

The identified model of the spatio-temporal displace-
ment field provides a Lagrangian description of motion
and, therefore, direct access to kinematic and deformation
parameters of material points inside the LV myocardium.
The computation of velocities, accelerations and deforma-
tions is analytical and benefits from the underlying smooth
mathematical model to provide smooth temporal curves.
Fig. 11(a) illustrates the variation of the two eigen values
for three points belonging, respectively, to the anterior
region of the healthy case and to the ‘normal’ anterior
region of the pathological case at rest and under pharmaco-
logical stress. The two eigenvalues have amost the same
evolution for the three regions athough the magnitude is
greater with the healthy case. Fig. 11(b) clearly shows,
compared to the normal case, the perturbed behavior of
these parameters in an ischemic territory. The value
obtained for the abnormal region at timet = 0 is quite low.
We dtill do not have a satisfactory explanation of this

phenomenon. But the model, as stated, does not constrain
the initial strain values.

6. Discussion and conclusion

The ability of the proposed spatio-tempora model to
reconstruct a 2D time varying displacement field has been
demonstrated. Experiments using the moving LV model
have shown that a mean accuracy of 0.1 mm can be
expected. With actual experiments, the accuracy primarily
depends on tag location accuracy. Only the orders of the
model are defined by the user. The analysis in Section 4.3
provides material to choose the optimal values for a given
tagging pattern configuration (tag spacing and number of
frames). The SVD decomposition algorithm introduces
another parameter (Press et al., 1988) that sets the maxi-
mum rate above which a singular value is zeroed. As a
consequence, equations which are corrupted by roundoff
errors are ignored. For small orders, this parameter has no
influence. As the orders increase, a too small or a too high
value of this parameter may degrade the accuracy. After
several experiments, we set this value to 10°4, which
seems a good tradeoff. Another approach in order to
reduce the effect of high order models is to use a
regularized approach for the displacement field estimation
(Bogen and Rahdert, 1996).

It is theoretically possible to consider only one point
over two aong each tag line to obtain the same accuracy
with half the computing time. Indeed, tag tracking algo-
rithms may incorporate some implicit smoothing so that
reducing the density of points along the tags may not affect
the accuracy of the motion estimation. Note that the user
can control the overall accuracy of the computed displace-
ment field by observing the statistics of the error computed
on the tags.

The main characteristic of the method, as opposed to
most of the previous studies (Denney and Prince, 1995;
O'Déll et a., 1995; Park et al., 1996), is that it integrates
the tempora behavior of the displacement field. It is, in
this sense, close to the method proposed by Declerck et al.
(1998a,b) in 3D, although their respective formulations are
different. The principle of our method is directly applic-
able to 3D analysis. Considering a set of great axis images
with tags parallel to the small axis image plane, one can
introduce similar equations to (1)—(4) for the estimation of
the displacement field along the z direction. The evaluation
of the accuracy with a possible different distribution of tag
points should necessitate a careful evaluation. Another
difference is that Declerck et al. (1998a,b) used a specific
LV anatomical coordinate system and computed three
intuitive deformation parameters within that system. In our
system, we chose to reconstruct the displacement field
based on the geometry of the tag pattern. It is aways
possible to express the displacement and the numerous
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Fig. 10. Deformation field obtained at end-systole. The vectors are related to the smallest eigen value of the deformation tensor. It corresponds to the
circumferential shortening for the fibers located in the middle of the myocardial wall. (a) Healthy subject. (b) Ischemic patient at rest. (¢) Ischemic patient

under pharmacological stress.

parameters related to deformation within a coordinate
system adapted to the LV anatomy. Such a coordinate
system is indeed useful since it provides a common
reference system to analyze, describe and compare contrac-
tile functions. However, the definition of a system adapted
to great inter-individual variations of the LV anatomy is
till an open question.

Our model provides a hierarchical (coarse to fine)
decomposition of the displacement field using cosine
orthogona functions. It is similar to a discrete cosine
transform (DCT) on airregular spatial domain and regular

tempora domain. DCT is a very widespread tool in signal
and image processing since it has very interesting prop-
erties. A satistical analysis of the model’s parameters in
the feature space could be performed to characterize a
normal contractile function. The same approach can be
used to reconstruct the displacement field inside the RV
myocardium although some technical difficulties exist. The
RV free wall is thin and its intersections with tag lines are
quite small. It requires the adaptation of the acquisition
technique (Fayad et al., 1998). Diastolic phase analysis
could also be considered by triggering the image acquisi-
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Fig. 11. Tracking the eigenvalues of myocardial points over time. (8) Within normal regions; (b) within ischemic regions as compared with the healthy

subject.

tion on the end-systole. The proposed approach does not
make a priori assumptions such as incompressibility. The
displacement field estimation is based on the entire set of
tag points and not only on the tag line intersections as with
some other methods.

The proposed method, combined with a specific visuali-
zation tool, provides an innovative way to noninvasively
analyze contractile function. Various spatio-temporal pa-
rameters can be accurately computed. These parameters
provide a set of motion features not available before in the
same context: the 2D trajectories of material /myocardial

points, and the velocities or deformations over time. They
are computed in 2D and time in the current implementation
of the software. The accurate estimation of the true
trajectories requires the extension of the method in 3D+
time. We are currently working on the generalization of the
approach using long axis images. The large set of spatio-
temporal data must be carefully analyzed for populations
of norma subjects and ischemic patients. Therefore, we
are developing specific tools to aid in the exploration of
myocardial contractile function and to extract knowledge
from the proposed method.



P. Clarysse et al. / Medical Image Analysis 4 (2000) 253—268 267

(b) 04 :
= Healthy subject

03 - Abnormal region for the
1 ischemic patient at rest
<> Abnormal region for the

0,2 { ischemic patient under stress

0,1

-0,1 1

Eigen values of the deformation tensor.

-0,2 -

0 0,1 0,2 0,3 0,4

Normalized time

0,5 0,6 0,7 0,8 0,9 1

Fig. 11. (continued)

Acknowledgements

The FINDTAGS analysis software was used courtesy of
Dr. Elias A. Zerhouni of the Johns Hopkins University
School of Medicine. This work is in the scope of the
scientific topics of the GDR-PRC ISIS research group of
the French Nationa Center for Scientific Research
(CNRS). It was performed in the framework of the joint
Research Action ‘Beating Heart’ of the CNRS. This work
is supported by the Région Rhone-Alpes under the grant
‘Santé et HPC'. The authors are grateful to the anonymous
reviewers for their careful review of the manuscript and
the pertinence of their comments.

Appendix A

We provide the mathematical details of the computation
of the model’s parameters for the x coordinate of the
inverse displacement field. Computing aC,/0A;;, Vi (see
Egs. (5) and (6)), the indices t, n, 0 are grouped under the
index o, and the indices k, I, m under the index k. Let c, be
the abscissa difference, we get

aZ; [Z(2 - Ab+e) |
s S(-Anee S A

k=i

aC
aA/

=0=

leading to
aC ' 2 !
W:():Z'A‘izbio_zzbio(co_E Akbko)
i o o ' k=i '
=2> bi,c,( —c 4> A;bk‘o).
o k

Expanding the terms again, we obtain for each combina-
tion of k, I, m

K—1L-1M-1 tr max(t) O(n)

0:2 i , A;,k’,l’,m’z 2 ECOS<7T|O)((,(')>

t=t, n=min(t) o=1

-cos( m 4( ')) -cos<g> -cos(—Wk,;,( ')>
(21) o )

max(t) O(n)

—i > X COS(MO;('))

t=ty, n=min(t) o=1

() o ) -

where () stands for (o,n,t). The matrix form is given by
Eq. (7) with matrices B and C given by
( alOVA '))
Y

% max(t) O(n)
=t

Bi'j =t2 E E cos(%) - COS!

o N=min(t) o=1

o). Q)
WD) P EL0)
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% max(t) O(n)

C=2 X Ecos(%)-cos<77|(i¥/(')>

t=t, n=min(t) o=1

cos( TR ) (utnte) (),

where k(i) = int(i/LK), 1(i)=int(i — k(iML)/M), m(i)=
i — k(ML — 1()M.
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Tracking Geometrical Descriptors on 3-D
Deformable Surfaces: Application to the
Left-Ventricular Surface of the Heart

Patrick Clarysse,* Denis Friboulet, and Isabelle E. MagMember, IEEE

Abstract—Motion and deformation analysis of the myocardium as echography or X-ray computed tomography (CT). More
are of utmost interest in cardiac imaging. Part of the research recently, electrocardiogram (ECG) gated fast gradient-echo
is devoted to the estimation of the heart function by anal- goq,6nces allow the acquisition of temporal series of heart

ysis of the shape changes of the left-ventricular endocardial i ithi b h-hold i . . .
surface. However, most clinically used shape-based approaches!C€S Within one breath-hold in magnetic resonance imaging

are often two-dimensional (2-D) and based on the analysis of (MRI). Up to now, only the unique multisources X-ray scanner
the shape at only two cardiac instants. Three-dimensional (3- prototype dynamic spatial reconstructor (DSR) can reconstruct

D) approaches generally make restrictive hypothesis about the tre three-dimensional (3-D) cardiac data volume series with a

actual endocardium motion to be able to recover a point-to- ; . : : : . .
boint correspondence between two surfaces. The present work spatially isotropic resolution [57]. Future imaging systems will

is a first step toward the automatic spatio-temporal analysis and €nd to provid.e spatiql find tempqral lreconstructlions with even
recognition of deformable surfaces. A curvature-based and easily better resolutions. Clinical examination results in a very rich
interpretable description of the surfaces is derived. Based on this and large amount of data that is often not easily interpretable

dhescription* IShﬁpe dynamics Sis ﬁrsfj globally esltimated th“t’)ugh 4and almost unexploited. Therefore, the development of 3-D
the temporal shape spectra. Second, a regional curvature-based. . . .
tracking approach is proposed assuming a smooth deformation. image analysis techniques for the extraction of relevant and

It combines geometrical and spatial information in order to duantitative information about the cardiac function is of a great
analyze a specific endocardial region. These methods are appliedimportance for the diagnosis and treatment of heart diseases.
both on true 3-D X-ray data and on simulated normal and In this paper, we focus on the analysis of the shape deforma-
abnormal left ventricles. The results are coherent and easily tjong of the heart wall surfaces throughout a sequence of 3-D
interpretable. Shape dynamics estimations and comparisons be- images samoling the deformation cvcle. We are more specifi-
tween deformable object sequences are now possible through g_ P _g . y . } p
these techniques. This promising framework is a suitable tool Cally interested in the tracking and analysis of the motion of the
for a complete regional description of deformable surfaces. inner left-ventricular (LV) surface nameghdocardium It is
Index Terms—Curvature-based shape description, differential el known, since the original work of Tenant and Wigers [68],
geometry, shape deformation analysis, 3-D cardiac image anal- that myocardial ischemic diseases modify the kinetic of the
ysis. inner part of the myocardium. Therefore, researchers proposed
p Y/ prop
many different methods for noninvasively characterizing the
LV wall motion from medical images [4], [34], [55], [63].
) ] ] _ These methods generally start from two-dimensional (2-D)
CERTAIN_pathologles, such _asche@atend to mo_d|fy contours of the endocardium extracted from end-diastolic
the kinetics of the heart motion [68]: necrosed regions dgy§ end-systolic ventriculograms, partition the contours in
not deform anymore while contractility decreases in ischemiggments and compute wall motion indexes in these segments.
less-drained regions; compensation phenomena often apRg@hout being exhaustive, let us mention the long-axis method
thaF ten.d to roughly preserve the global funcnqn. The rghabf§5]’ the radial methods [30], the rectangular methods [66],
estimation of the heart motion through cardiac imaging {fe area-based methods [19], and the centerline method [10].
a particularly hard problem due to the difficult accessibilityney are hased on different reference systems. These methods
of the heart inside the chest and to its complex nonrigith, e several drawbacks. They made assumptions about the
behavior. Tracking the motion of the heart is possible of ealized” geometry of the LV and strongly depend on

a slice-by-slice basis using quasi real-time techniques SUternal or internal references and coordinate systems. As a

matter of fact, they are extremely sensitive to translational and

Manuscript received December 14, 1994; revised January 12, 1997. TE(B . P
work was supported in part by the French Ministry of Education an: %atlonal motion. None of them have made the consensus [34]-

Research (MESR/DRED) under a grant. The Associate Editor responsifiBere is also a major approximation in these approaches: They
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was J. DuncanAsterisk indicates corresponding author. . .
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determine the exact mechanical deformation function thewmputed. Then, the trajectories of some surface points can be
maps surface at cardiac instarinto surface at cardiac instantcompared with the tracking of surgically implanted markers
t + 1: this is a very underconstrained problem. Therefore, [4]. The INRIA’s group [17]-[18] uses a similar approach
is inconceivable to be able to find the true spatio-temporbésed on changes in the surface curvature, formulating an
trajectory of any point of the surface given only this litexplicit mapping between two surfaces and using a finite-
tle information. Solutions have then been proposed whiglement resolution scheme. Mishra, Kambhamettu, and Gold-
consist either in forcing a point-to-point correspondence tgof introduce an explicit hypothesis of conformal motion
using geometrical and smoothing constraints [24], [31], eith&r find an optimal matching [45], [31]. The physics-based
in introducing additional information from tagged imagingramework developed by Metaxas and Terzopoulos [43] are
[51]-[52] in order to restrict the solution space. used by Park jointly with tagging information to recover a
Our approach does not aim at reconstructing a point-to-posurface model relying on parameter functions describing the
correspondence and does not require additional informatigadial and longitudinal contractions, the twisting and the long-
We propose totrack the evolution of geometrical surfaceaxis deformation [52]. Using deformable models, it is also
parametersthroughout the cardiac cycle. Moreover, a globgiossible to perform a modal analysis to get the significant
description of the geometrical evolution of the endocardiatodes of deformation [49], [54].
surface is provided while a regional analysis of the evolution
of geometrical parameters provides a more local descriptign Starting Hypothesis

of the surface deformation. . o .
A deformable object (LV) at sample tinteis considered as

a subset ofR?® and represented by its surface, i.e., a 2-D C2-

A. Related Works differen_tial_ manifold 0f§R3 that defines the shape. The s_ubset

R " h K aimi t th iaid " of admissible deformations of the surface are Cl-continuous

i ec?n Y fl’T(]jU(; w%rl ag.n'ntg r? be nonrigi n;o gr}nappings on the admissible shape space that prevent tears and
efs wEa |onho eborma de 0 leg Sf as g/en proplgs,(;e ' 0@] cks and conserve the topological properties of the surface.
0 tt' em t.avet. eer; thesgnet. OL ant %r applied to th addition, these deformation mappings aerigid, that is
motion estimation ot ne ‘beating heart. né can coarsg ey belong to the class of complex deformations that generally
dlst|_ngwsr_1 yolumlc-based methOdS that fry to estimate t%% not preserve distances between points or angles between
motion within the myocardium and shape-based metho Grves onto the surfaces. The terdeformation cyclerefers

.[15]' In the volumic-based methc_)dsa dense veloc_:|ty field tg a complete periodic cycle of deformation of an object. In
is computed from the observation of the spatlo—temporgﬁe context of this paper, the surfaces are given as a 3-D

variation of the Intensity fur_wtlon with optical flow metho_dsconnected component of voxels issued from a segmentation
[65], [38] or directly obtained from phase contrast cin

. ; . . Srocess, for instance. The methods presented hereafter assumes
MR imaging [53], [44]. MR tagging [3], [72] was SpeCIaIIythat normal and abnormal global and regional function of

designed for cardiac motion estimation. It relies on t:?e LV induce differentshapes dynamicghus, they are less

generation and the tracking' of virtual st'ripes defqrming Wi nstraining than methods based on static shapes only [4].
'the myo?"”d'“m- M,R f[agg!ng processing techniques reij) reover, surface deformations are supposed to be smooth.
in a continuous strain field interpolated from true 3-D sparse

physical correspondences [50], [71] or in parameter functions .
describing some intuitive global deformations [51]-[52]. - Generic Approach

Shape-based approachassume that the shape deformation Our shape-based approach aims at quantitatively character-
of the myocardial surfaces is characteristic of the pathizing the deformation of the LV inner surface by the evolution
logical state of the heart. This hypothesis originates fronf a geometrical description of the surface. Global and regional
numerous studies [4], [39]-[41], [68], [63]. The key problenturvature-based descriptions of the surface, suitable for the
with such approaches is the search for a reliable point-tanalysis of deformable surfaces, are proposed. Fribetlat
point correspondence (matching) between the surfaces. Ttave demonstrated the stability of computed curvatures on a
difference between the methods relies on the way this probleeguence of 3-D CT volumic sequence of a dog’s LV [28].
is addressed, but, as said before, additional constraints ar@o compute the curvature on voxel-based surfaces, we
necessary to find a solution to the correspondence problémplement a method originally proposed by Sander and Zucker
Several researchers uses curvature cues of the surfaces[@bl and we first evaluate its accuracy both from a qualitative
smoothing processes to guide the matching algorithm. Cunamd quantitative point of view. We use the curvature indexes
ture was used by a number of authors to represent the shpp@posed by Koenderinck and Van Doorn [33] to locally char-
of the ventricles or to derive wall stress approximations viacterize the surface since it allows the decoupling of the shape
the thickness [29], and also to define indexes related to thttribute of a surface from its scale. Therefore, it takes into
wall motion [39]-[41]. account one of the problems of the shape-based approaches

Yales’ group uses a two-stage process [1], [24]. First, basealying on the wide variation of the people LV size. According
on reliable shape cues (curvature extrema), major correspotalseveral studies [4], [39]-[41], abnormal regional function
ing points between two surfaces are estimated through tten be correlated to abnormal shape patterns at end systole.
minimization of a combined bending and conformal stretchirldowever, it is likely that shape evolution can more precisely
energy term. Second, a dense smooth displacement fieldeafiect regional function than the shape at only one instant.
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In order to characterize the evolution of the surface durirdiscrete points in space, a discrete estimation of the curvature
a deformation cycle, we first consider the temporal evolutiartan be computed. Flynn and Jain decompose the approaches in
of a global curvature-based shape descriptor of a deformablealytic estimates and numerical estimates [26]. \&italytic
object. To provide a more local analysis of the behavior of trestimation a continuous surface(w,v) is locally fitted.
surface and, since it is very unlikely to find the true point-tovarious kinds of fit are possible: orthogonal polynomials [6],
point correspondence, we then propose to track the evolutiorear regression with a local geometric model [59], spline-
of curvature indexes in selected regions or patches. The regiased methods [69]. Note that in some studies [60], the surface
matching problem consists in looking for the closest shapeodel is a graph functiox(w,v) = (u,v, h(w,v)) (Monge
patch within a spatial neighborhood from one frame to theatch) and the surface support is the tangent plane, while in one
next. Geometrical parameters of corresponding patches adithe methods presented in [67] the surface support is directly
then be computed, analyzed and compared. These global antb the surface itself, leading to a uniqgue mapping of surface
regional approaches can be seen as two complementary sfgpsts in the parameter space,v). Numerical estimation
of a deformable surface recognition process. The first stepaigproximates the surface derivatives and the curvatures in
designed to recognize some global LV behaviors while theefew directions. Another technique consists in obtaining a
second one is to give a more local (segmental) descriptiontdangularized version of the surfac&he Gaussian curvature
the surface evolution. is then concentrated at the vertices of the flat triangles and
We test the methods both on simulated sequences of @deealculated considering the angles between the edges of the
formable objects and on a actual LV surface of a healthy dégangles at each vertex [9], [13], [67]. Measures of the mean
heart. We first illustrate the basic properties of the proposedrvatureH can be defined on the edges of the triangles [9].
approach on a sequence of deforming ellipsoids. We th&n interesting approach estimates the curvature directly from
consider some more reliable approximations of the beatitfte intensity function and its partial derivatives [48], [20].
LV. We simulate a dilated myocardiopathy which has a globahe curvature extrema and ridge lines can then be detected.
effect on the diastolic and systolic cardiac function as well &towever, this method needs to estimate third-order derivatives
ischemic hypokinetic and akinetic regions where the functiaf the intensity function and is therefore sensitive to noise.
is only locally altered. Starting with a discrete surface in a voxel form, we choose to
It should be noted that the methodology we use is geneimmplement a robust algorithm proposed by Sander and Zucker
and could be applied to any deformable object accesdéd]. It starts with a local analytic approximation of a 3-D
through its continuous or discrete surface as far as a local pliscrete surface and, in a second step, performs an iterative
rameterization (normal to the surface and principal directiongfinement of the local model to increase the consistency of the
at each surface point is available. curvature values in a given neighborhood. We briefly review
Section Il describes the methods used for the surface diee main steps of this method.
scription, the accuracy estimation and the global and regionall) Initial Curvature Estimation: At each pointp € S, the
deformation analysis. Experiments are presented in Sectiondiirface is approximated by an analytical quadric surface (graph
both on simulated and actual X-ray data of a LV. In Section N\4f a differentiable function) given by
we discuss the results and present some possible incoming

extensions of this work. O (u,v) = <u,v,n(u7 v) = %(mf + 2buy + cv2)>' 1)

. METHODS The coefficientsz, b, and ¢ of the local model at a point

First, the main steps of the discrete curvature estimati?ﬁe computed taking into account the positions of the points

algorithm are outlined. Section 1I-B indicates which surfacd'"d " & neighborhoods(p) of p and an estimation of the
descriptors we use, and the reasons for this choice. Section"pymal .V to the surfa_ce eyb._The model results from _the least
C shows how the accuracy of the discrete curvature values 1gan square resolution, singular value decomposition (SVD)
evaluated. At last, we propose global and local techniques_rﬂ?thc’d [56], of a linear system where both position and normal

analyze the temporal evolution of the curvatures in order fgformation is used
assess the geometrical deformation of an object. Notations and 5 (au? + 2buiv; + cv?) = n;
differential features are defined in Appendix A. au; + bv; = —N,, i=1---1 (2
bu; + cv; = =Ny,
A. Discrete Curvature Computation .
. N . with (N,,, Ny, , 1) the coordinates aV at pointi (¢ = 1---1,1

In computer vision, curvature was first introduced in range ‘ : L . .
: : . . .13 the number of surface points in the neighborh6gg). It is
image analysis [6]. Its property of invariance under rigi

mappings makes it attractive for pattern recognition [6]_[8Easy to deduce the initial estimates of the principal curvatures
[22]-123], [32], [37], [69] and for matching [1], [31], [45]. nd directions from the Hessian matrix of the parameterization

Other interesting features are curvature extrema [46] or ur%t-)OUtp - The principal curvatures; andk; are given by

bilics [62]. For ananalytic surface representatiom(w, v), 1 3 5
assuming the parametric equations are not too complex, one ky = 2 (a+ c+v(a—c)*+4b ) 3)
can calculate the analytic formulae of the various differential 1

. o ko= = - —c)? +4b?2). 4
features (Appendix A). When the surface is given as a set of 270 (a te (@ =) + ) @)
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In the principal direction systemj]\7[,m,]\7), the local symmetrical
surface model simply becomes saddle
1 ) ) valley ridge
i) = = . 5
(U/7 U) <U/7 v, 2 (klu + kQU )) ( ) CuI.). ¢ Saddle l saddle ¢ peak
2) Local Model RefinementAs the first step often pro- (um}’lhc) V valley W ridge (umbilic)
duces outlying values, it is necessary to improve the initial |1 _0'5 6 +0-5 ll’s

estimates. We consider A-contextual neighborhood, of
p i.e., the set of all pointsy, € 6(p) such thatp is close
enough to the local model . The distance of a point to
a local surface model is approximated by theoordinate of
p relative to the local tangent plane systentit. The points Fig. 1. Continuous distribution of the surface types according to the value
()., located at a distance less than a maximum threshbld of the shape index belonging to the interval—1, 41].
from the surface model, belong to the contextual neighborhood
#,. Then, for eachQ, € ¥,, we calculate what the local C- Accuracy of the Computed Curvature
information inp ought to be according to the local information As previously mentioned, many methods have been pro-
in Q. Given ky_, ky,, and M,,_, N, for a = 1---L, posed to estimate the curvature. However, the accuracy of
a better estimate of the local information jnis calculated the computed curvature is generally not directly available.
in a least mean square sense (see [61 p. 844] for details).order to evaluate the reliability of the estimation, we
To evaluate the quality of the fit, three residual error termsstimate the accuracy on selected objects whose shape is
measure the quadratic shift between the valugsatd at the similar to that encountered on the LV surface (elliptical and
neighboring points for the curvature valugs; ), the normal saddle like shapes). The principle of our accuracy estimation
vector (EJQ\,P), and the maximum principal direction vectorscheme consists in directly comparing the curvature values of a
(E?wp). The global residual error at iteratioiis then defined as discrete voxel object with its continuous analytical model. We
choose superquadric models [5] as prototype shapes. One of
e => (B +EX, +Ei,). (6) their advantages is that they can be mathematically expressed
peS both by a parametric and an implicit form providing us both
The process iterates untd’ becomes sufficiently small the continuous and discrete descriptions of object we need

and does not vary anymore. It was argued with empiriciftPPendix B). The superellipsoid, for instance, can model a
considerations that the algorithm converges. wide variety of regular shapes ranging from elliptical shapes
(e1 = g2 = 1) to star-like shapege;,e2 > 2) through
cylindrical shapes(e; < 1,eo = 1), flat beveled shapes
(e; or e = 2) and pinched shape&; or e, > 2). For
Many curvature measures can be computed. Gau$sgn he estimation of the accuracy, we use both ellipsoid and
and mean(H) curvatures are the most widely used '”d'catorﬁyperboloid superquadric models.
for surface labeling. The signs of the coudll, ) allow  “The comparison strategy is as follows. Given the param-
the distinction between eight elementary surface types [@kers of a superquadriay , az, as, 1, €2), We generate the

However, this representation is not as easily interpretable afidcrete objecs,, using the inside—outside function following:
as rich as we would expect. Koenderinck and Van Door. 2) € Oy it Faow(x,y,2) = (F(z,y,2))" < 1 [64].

concavities . saddle-like shapes . convexities

B. Surface Descriptors

recently introduced two new shape descriptors based on discrete surfacé, is the set of the border points of
principal curvature system, which are the shape ind@ad ¢ \which are connected to the background. The discrete
the curvedness [33] curvatures at each point éf; are computed with the discrete
_ gA ko + k1 EA —-H curvature estimation algorithm described in Section II-A. To
- retan ks —ki 7w retan (H2 - K)3’ compare the curvature results of the discrete surface with
ky > ko the curvature values of the corresponding continuous surface,
12 g2y E we first look for the corresponding point on the equivalent
c= < it 2) = (2H? - K)%. (7) continuous surfacé. for each discrete point dy. This cor-
2 responding point is the nearest one in the Euclidean distance

The shape index gives a continuous distribution of surfacesense. The algorithm is as follows.
types between-1 and +1 (Fig. 1). The curvednessis in-  For each discrete poin®y(z4, ya, z4) € 04
versely proportional to the size of the object. Note i the 1) Calculate the initial 2-D paramete(s._,w.,) of the
potential energy of an ideal-thin-flexible plate of elastic mate-  continuous model fronFy,(x g, yq, z4)-
rial which is a measure of the strain energy of the deformation2) Calculate(n.,w.) such thatP.(x4(1.,we), ya(7e, we),
[1]. The couple(s,c) permits an easy distinction between 2 24N, we)) € 6. is the closest one tdP;, that is
similar points on spheres with different radii: they have the  ||P; — P.||* is minimal. The minimization process is
same shape index, but their curvedness is different. In other realized by the simplex method [56].
words, the shape index is invariant by homothety while the 3) Calculate the true analytical differential characteristics
curvedness is not. Planar points have an undefined shape index. at P.. The parametric formulation allows us to compute
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Fig. 2. Wall motion. (a) Normal behavior from the end-diastolic to the end-systolic contours in a short-axis view. The global shape of the contour is
almost preserved during the motion. In case of dilated myocardiopathy, the magnitude of the wall motion is globally decreased (dashed lirerentb) Diff
stages of ischemia: hypokinesia corresponds to a reduction of the wall motion magnitude along a segment (thick dashed line); akinesia is aeotal absen
of motion in a segment (dense dashed line); a paradoxical expansion (dyskinesia) is observed when the muscle is unable to resist to the systolic stress
(point line). (c) Right anterior oblique projection.

differential features of the surface. Principal curvatureshere A = [[.dS is the total area of the surfacg, dsS
are given byk; » = H+vH? — K, with k&1 > k.. A is a small region aroung,, and é; is the 1-D Dirac delta
summary of the calculations is given in Appendix B. function. The argument ranges over the shape index domain
4) Compare the discrete and continuous values of tfiel, +1] andt is the discrete time variable taking its value in
curvatures. {0,1,---,T}. In fact, (8) summarizes the area §fat each

Once the correspondences are found, absolute and rela@pe index value at time . o
errors are easy to calculate between the points on the continuThe discrete version of (8) is derived by dividing the shape

ous surface and the corresponding ones on the discrete surfi¥#€X range intoB bins and counting the number of points
falling in each bink and normalizing it by the total number

D. Smoothly Deformable Surfaces and N of discrete points of the surface at each time instant
Their Curvature Description

N
We aim at characterizing the temporal evolution of a sur- 1“<h _k t) _ 1 ZXk(S(pit)) ke {1,2,---B}
face over the deformation cycle through the corresponding B’ N~ Y
evolution of curvature-based descriptors of the surface. We

investigated two complementary approaches to do this. Théh

global approach depicts the evolution of the distribution of

the curvature indexes (7) onto the surface. The local curvature xr(z) = {
approach uses the refined local surface model to generate a

region-based correspondence from which curvature descriptorg get similar equations for the curvedness. This results in

are tracked throughout the deformation cycle. _ two 2-D global temporal distributions of the curvature features
1) Global Approach: Looking at 2-D medial short-axis or of the surface that can be analyzed and compared.
long-axis views of a normal left ventricle, we observe that, 2) Curvature-Based Region TrackingJp to now, much

during the contraction, the global shape of the endocardial CQsrk in the shape-based approaches to the LV motion
tour remains almost the same in spite of the complex eXiStiQﬂalysis has concerned the search for a point-to-point

circumferential, longitudinal, and torsion motion [Fig. Z(a)]correspondence [1]-[2], [24], [31]. The principle of these

On the contrary, in case of ischemia, the motion is Signifieiqs hasically consists in using curvature cues to constrain
c(_';mtly modlfled_ in _and ground the'lnfgrcted zone res.ultllng e correspondence [1]-[2], [24] and/or trying to fulfill a
either a hypokinetic, either an akinetic or even a d'5k'”etlfsually conformal motion constraint [1]-[2], [24], [31], [45].

myocardial segment [68], [63]. Moreover, the global shapg,e method presented in [12] decomposes the rigid and
of the endocardium exhibits a large abnormal evolution of iﬁbnrigid part of the motion. The nonrigid part assumes

shape [Fig. 2(b)]. _ , _ some known correspondences. The rigid part is described
From these empirical considerations, we define a global 3 a moving object-centered coordinate system translating

D shape index which is tracked over time. The global shapQ otating around the LV long axis. On the contrary, our
index orshape spectrumrepresents the normalized dIStrIbUtlona proach does not try to recover a surface mapping and

of shape categories all over the surface. Starting from t kes little assumption about the actual motion of the LV.

index formalized by Dorai and Jain for static free form objeq;\,e propose a curvature-based region tracking scheme to

recognition [22]-{23], we define our temporal shape index g\ shape changes in a specific region of the endocardium.

1 The main hypothesis in the sequel is that the shape of the
h,t) == ) — h)dS 8
v(h:?) A//S 1(s(pe) ) ® LV evolves rather smoothly over time in order to be able

£ k—1 k
0, otherwise.

(9)
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to associate regions between successive surfaces. Therefore, lll. EXPERIMENTS

the algorithm combines geometrical information through the Experiments are conducted both on synthesized deformable

concept of similar-shape patch (SSP) defined below, agfiacts and on left ventricular surfaces segmented from a 3-D
spatial information that will allow to associate regions. Le}(—ray CT image sequence.

us define asimilar-shape patctas a connected surface patch
whose points have similar shape index. In our context, similar
means that the shape index of the SSP points is within a gi\/%n
interval s+ As. An SSP is characterized by a parameter vector The sizes, r of the spherical initial and refinement neigh-
whose components are mean values and standard deviatiomioodsé(p) and 9, are related to the actual size of the
of the shape index and the curvedness over the patch, its avbpect and to the size of the minimum surface details we want
and its geodesic center. The goal is to track a SSP over thepreserve. A too wide size will eliminate surface details
deformation cycle and to visualize and analyze the tempogaid increase the computational cost, while a too small size
evolution of the SSP parameters. would give very rough initial estimates. The choicergfis of
In order to automatically associate SSP’s between succasportance since it defines the initial curvature values which
sive surfaces, a simple region matching process has beéh be homogenized in the refinement stage. We found that
designed. First, a reference poipt is designated onto the these sizes should ideally be set according to the underlying
initial surface St. According to its curvatures, the poipt surface, which is a kind of “chicken and egg” problem. A
defines a reference SSRithin a limited neighborhood size high neighborhood size is more convenient to less curved
maxd The geodesic patch center of SSF, as well as the regions (high curvature radius). On the contrary, a smaller
vector components of SSRre computed. Them. is mapped neighborhood size is more suitable for high curved region
onto the surfac&®*! through a simple two-step point-to-point(small curvature radius). For the accuracy estimation, we take
algorithm giving pt**. initial radius valuero = 3 and ro = 6 depending on the
The first step compensates for a rigid part of the motiosynthetic object (see below). For the experiments on the true
The rigid part of the motion (translation and rotation), althougand simulated LV (Sections 11I-B and IlI-C), the valug = 5
proved to exist, is difficult to estimate [55], [70]. Friboulket is a good compromise. The radius valiés set tor = 3 <
al. have demonstrated that, based on a shape principal axgsn all the experiments. Three refinement iterations were
study [25], the great axis of the LV is well defined and caperformed for all the objects. Refinement iterations improve
undergo a rotation up to 2027]. However, the orthogonal the consistency of the curvatures and smooth their magnitude
axes lying in the small-axis plane were found not significarat the same time. The threshold valilg which determines
We effectively observed, on our LV dog sequence, that tiilee distance of a point to a local surface model (see Section
change of the LV shape between end-systole and the beginniihg), is fixed to 1.0. This is not a critical parameter with
of the filling of the cavity results in a dramatic rotation ofegular smooth surfaces.
the principal axes in the small axis plane. Therefore, the Major shape categories encountered onto the LV surface
rigid motion compensation procedure simply eliminates tlae concave and convex ellipsoidal and hyperbolic surfaces.
translation of the LV center of gravity. A superellipsoid and a superhyperboloid of one piece are
The second step estimates a nonrigid part of the motisimulated with the algorithms described in Section II-C such
making a locally homothetic motion assumption. The principiéaat the curvature magnitudes are similar to those of the LV.
of the correspondence search is as follow. At instamgfiven The minimum and maximum values of the Gaussian curvature
the local refined surface model at a pojitof the surfaceSt  (given by the algorithm) onto the LV surfaces at all cardiac
(after rigid motion compensation), a ray is traced normally t@stants are-0.014 mnt2 and 0.02 mm?, respectively. The
St toward the surfaces*t! (instantt + 1). The intersection synthesized objects are superquadrics for which the discrete
ptt1 of the ray with the surfacé?+! gives the corresponding representation is generated with the inside-outside function and
point of pt. the continuous representation is obtained with the algorithm
It is important to notice that this process, which is a point-tglescribed in Section [I-C. There are a sphere (radius 40
point correspondence problem, is not the most crucial part\sixels) and two superellipsoidg, = ¢, = 1): E1, with
the method. It is a way to initialize the region correspondenc@dii 7, 10, and 35, respectively, aloagy, and z directions
Other existing sophisticated point matching algorithms camth a Gaussian curvature in the range [0.0004, 0.25] and E2
perform well in this task (we have also implemented theith radii 30, 20, and 40 with a Gaussian curvature in the
algorithm described in [31]). range [0.0002, 0.0044]. To check the accuracy of hyperbolic
Taking into account the mean shape parametep’pfthe regions, two superhyperboloids of one piece are generated:
SSP relative tg!*! is then computed as well as its associatedl (1 = €2 = 1) with radii 20, 20, and 35 has a Gaussian
parameter vector. The geodesic patch cepiet is projected curvature in the range{0.001, 0] and H2 which has the same
onto surfaceS'+2. The process is repeated on the successitadii, but with exponents; = 1.2, & = 1.
surfaces of the cardiac cycle. True and measured global mean curvatures can be com-
Tracking the SSP’s over time gives information on thguted and compared. Local absolute curvature error (AE) is
evolution of the geometrical parameters measured in tifiglculated at each point of the surface as
region. This evolution can be depicted by temporal graphs
to allow analysis and comparisons (Figs. 7 and 8). AE = |kihe — Emes| (20)

Discrete Curvature Computation and Accuracy Estimation
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MEAN CURVATURE VALUES AND AE’S ON THED|FFERENTSJPERQUADRlcOBJ;:ATE(LIFl,Ik2: PRINCIPAL CURVATURES, s: SHAPE INDEX, —1 < s < 41, ¢: CURVEDNESY
Object Expected Measured Absolute Expected Measured Absolute Correct
(Mean neighborhood Mean Mean Mean Error Mean Mean Mean Error Classification
size in number of voxels) k1 mm™! (radius) k; mm~! (radius) k1 S s s Rate
Radii x, y, z ko mm—! (radius) ko mm~! (radius) ko cmm~! cmm~! c %
Sphere (100) 0.0333 (30) 0.0296 (33.8)  0.0037 1 0.9268 0.0732 100
30, 30, 30 0.0333 (30) 0.0370 (27) 0.0039 0.0333 0.03365 0.0012
E1 (30) 0.1412 (7.1) 0.1118 (8.5) 0.0284 0.5630 0.5606 0.0245 97
7, 10, 35 0.0158 (63.3) 0.0135 (74) 0.0048 0.1009 0.0850 0.0202
E2 (100) 0.0469 (21.3) 0.0473 (21.1)  0.0032 0.784 0.7636 0.0263 100
30, 20, 40 0.0208 (48.1) 0.0200 (50) 0.0012 0.0365 0.0366 0.0022
H1 (30) 0.0205 0.013 0.0090 0.2122 0.3286 0.13 100
20, 20, 35 —0.043 —0.0468 0.0044 0.0339 0.0346 0.0033
H2 (30) 0.0385 0.0133 0.0255 0.1128 0.3218 0.21 96
20, 20, 35 —0.0406 —0.0447 0.0050 0.0422 0.0334 0.0198

where k1. is the theoretical curvature value arg,, is geometrical discontinuities exist on the surface, the algorithm
the measured value. The analysis was performed both loas to be adapted.
the principal curvatures and the proposed shape index and
curvedness. An elementary classification of the surface poigs Synthetic Sequences
is performed based on the signs of the Gaussian and mea
curvatures. It relies on an arbitrarily chosen null valué —6)
and distributes the surface points in eight elementary surf
classes. d
Mean values of the principal curvatures, shape index, a(%%
curvedness are calculated over the points of the differe
objects. Table | summarizes the results. Results are q
satisfactory for all the shapes. Looking at the equivalent
curvature radii, the value fok, with E1 should be better
with a larger neighborhood size, but this should also decrease
the performance fok;. We globally observe that, due to dis-
cretization effects, AE’s on the maximum principal curvature
and the curvednegs are h|gherW|th hlgh!y cgrved regions. ngh (21, 27, 61) at time 1 to (15, 20, 47) at time 9.
AE on the shape index is located both in high curved regions : . L -
. . : : b) A second deformation, given by a variation of the radii
and flat regions (shape index is undefined on a plane). Surface f . Cat " ;
ollowing the 1 —e~** (« real positive) form, from time

classification is better defined with highly curved regions since . ; . .
. ; . 10 to time 13 prolonged by an isovolumic phase (instants
there is less uncertainty on the underlying surface type. Correct

classification rate is almost perfect in all the cases. The reduced 14__18)' . . .
correct classification rate of 96% of H2 as compared to HlThe third sequence is a deforming half-ellipsoidal sequence

is attributable to the poor local approximation of the centrgYhere_ concavities er’greSSi"e'y_ appear fr(_)m time 1 to time 9
part of the hyperboloid. Indeed, the increase sgf tends and disappear from time 10 to time 18. This model, presented

to transform the thin central part of the hyperboloid into ]L;V [52] as a model parameter function, is generated with the
cylinder-like shape, saddle valley points being considered

[l]) Basic Examplesin order to illustrate the method, three
basic example sequences are generated. The first one is a
a&@forming half ellipsoid whose radii (21, 27, 61) gradually
crease in the same proportion during nine instants. It will
referred as the homothetic ellipsoidal sequence. The second
e is a complex ellipsoidal sequence which is composed of
0 steps.

a) A first deformation step from instant 1 to instant 9,
generated by a decreasing exponential taw! (« real
positive) applied to the radii (each radius has a specific
exponential coefficient so that the global deformation is
not homothetic). The radii of the ellipsoid varies from

%Iowing parametric equations:
saddle cup ones by the algorithm.

In conclusion, the curvature estimation algorithm provides
good and consistent estimates of the curvatures on regular

r1(1 — 1 cos(n18) cos b cos )
r2(1 — 2 cos(nz20) cos f sin @)
r3(1 — 3 cos(nzf) sin 8)

s(0,

p) = (11)

and smoothed surfaces. Moreover, the algorithm does not

depend on the discrete connectivity of the surface. The methgHerer;, = 7, = 30, 73 = 70, v; = 72 = 0.3, 73 = 0,
is robust to noise. A dramatic improvement of the shapg =n, =3, 0<6< 5, -7 <o <.

classification is obtained on a noisy ellipsoid (zero-mean 2) Simulated Harmonic LV:

Gaussian noise, standard deviation 0.5 applied to the surface a) Normal LV: A synthetic normal LV sequence is ob-
point positions) in three refinement iterations only. On thgined by fitting a spherical harmonic surface to the four-
contrary, triangulation-based methods, which give only tt#mensional (4-D) data set presented in the following Section
Gaussian curvature, are very noise sensitive as well as,lliRC. The fit is expressed by the linear least square minimiza-
a reduced proportion, other methods like the cross patch amh of an error term based on the square difference of the
orthogonal walking methods presented in [67]. When shapplar radii of a spherical harmonic model given by (12) and
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in a reduced diastolic and systolic function. We simulate it by
taking a reduced temporal ordéf = 1.

An ischemic LV is also simulated. To do this, we locally
create an ischemic zone at a given location onto the surfaces
of the normal LV. The ischemic zone is composed of a patch
(small portion of a surface) of the reference diastolic surface
which is copied and pasted onto the other surfaces. Two new
data sets are generated, one with the patch kept fixed to
simulate an akinetic ischemic behavior and the other where the
patch is authorized to move in order to simulate a hypokinetic
ischemic LV. The same fit as before is performed on these new
pathological data sets. Fig. 6(b) shows the resultant surface
with the akinetic ischemic zone located in the anterior region
related to the left anterior coronary territory.

C. Actual Data of the LV

The real data is a sequence of 18 3-D X-ray CT images
of a dog’s heart (from the dynamic spatial reconstructor [57])
segmented to extract the opacified LV (excluding the pilars).
Each data volume is a 3-D array with dimensionsx9B00
x 110 voxels. Each voxel has an isotropic resolution of 0.9
mm. The segmentation is a semi-interactive process which
consists of the following:

1) estimating the gradient in the image with a 3-D Canny-

Deriche operator [11];

2) calculating the local extrema of the gradient with a
hysteresis technique [47];
extending the connected component from a user supplied
point belonging to the surface;
applying 3-D morphological filters to close and smooth
the surface, leading to a 26-connected discrete trace. The
three components of the gradient at the detected surface

3)

4)

Fig. 3. Global shape descriptors on the ellipsoidal sequences. Top: shape
spectrum. Bottom: curvedness spectrum. (a) Homothetic ellipsoidal sequence
on nine instants. (b) Complex ellipsoidal sequence on 18 instants. (¢) Complex
sequence with concavities on 18 instants. For the sake of comparison,
maximum frequency is fixed to 5% of the total number of surface points
for the shape images and 2% for the curvedness images. Color scale ranges

points provide the initial estimate of the normal to the
surface needed in the curvature computation algorithm.

IV. RESULTS AND DISCUSSION

from blue (0%) to red (5 and 2%, respectively).

the 4-D surface data, as proposed in [42]

(6, ¢, t)= EL: zl: i {A}}j ™ (cos ) cos(mp)cos <@t>

1=0m=0k=0
2
+Bj P (cos 8) sin(mep)cos <th>
T
“rCl"k’ lm (COS 9) COS(TTl(p)sin <ﬂt>
T
+Dp P (cos 8) sin(me)sin <@t>:|
T

(12)

where L is the degreeK the wave number and the period
of the nonrigid motion. We také = 5 and K = 2 to obtain

A. Global Descriptors

Global shape descriptors of the ellipsoidal sequences are
depicted in Fig. 3. The first part of each image corresponds
to the homothetic ellipsoidal sequence. Horizontal dimension
relates to the nine time instants of the sequence, vertical
dimension relates to the shape index scald,(+1) and to
the curvedness scale (0, 0.15) with, respectively, 200 and
400 equidistant classes (see Section II-D). As expected, the
shape index distributions of the homothetic sequence is quasi-
constant over the deformation [Fig. 3(a) top]. Changes in the
shape of the complex ellipsoidal sequence are not significantly
visible on the global shape images because of the relatively
narrow shape interval of variation. It is possible to reduce the
shape interval, as far as the number of points is significant,
in order to more accurately describe the shape content. As
expected, curvedness distribution of the homothetic ellipsoidal

a reasonably good approximation of the true temporal Lsequence is linearly increasing over time [Fig. 3(a) bottom].

surface with 252 harmonic components [Fig. 6(a)].

On the contrary, the evolution of the curvedness distribution

b) Pathological LV: A dilated myocardiopathy is simu- for the complex ellipsoidal sequence [Fig. 3(b) bottom] is
lated with the same model. In practice, this pathology resultet linear during the contraction (times 1-9) and expansion
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phases (times 10-18). The sharp well-visible rupture in tk
shape profiles (times 9-10) corresponds to the rapid change Temporal Shape Specirum
the curvedness magnitudes at the beginning of the expansi
There is no more variation during the isovolumic phas
(times 14-18). Fig. 3(c) shows the continuous behavior ¢
the global descriptors when concavities progressively aris
Shape content becomes richer, part of the initial ellipsoid
shape spreading into saddle-like and concave shapes, wi
the curvedness globally increases. These selected exam|
show that the proposed global descriptors provide a realis
interpretation of the overall shape dynamics.
Fig. 4 depicts the global descriptors corresponding to tk
actqal and the s.imulated heart sequences. Thgz five ime I 2o 18 [Cardine Instanty
portions are relative to the actual LV surface, Fig. 4(a); th
simulated normal LV surface, Fig. 4(b); the simulated di
lated LV, Fig. 4(c); the hypokinetic, Fig. 4(d); akinetic LV, Temporal Curvedness Spectrum
Fig. 4(e). The LV shape is mostly elliptical as the distributiol
concentrates in the upper quarter of the shape index scale. °
shape distribution shift of the simulated LV is attributable t
the more ellipsoid-like rounded approximation of the harmon|
surfaces as we can clearly see on the 3-D views Fig.
Although one observes the more blurred shape distribution
the dilated LV and also some slight evolutions in the ischem
cases, the global shape distributions are not clearly distin
In effect, it was directly observed on the cine-renderings ¢
the 3-D views of the shape index distribution onto the L\
normal surface [see four samples Fig. 5(a)] that the sha T T JH (Cardine Insisnt)
indexes (or the LV shape) do not vary significantly during th
cardiac cycle. Therefore, shape regions are mostly preserved
X S D @ (b) (c) (d) (e)
during the deformation in the normal LV. Clear variations are _ _
h bserved with the curvedness distributions. The ig. 4. _Global descriptors on the actual LV data and on the simulated
owever o : ) : pq% onic surfaces. Top: shape spectra. Bottom: curvedness spectra. (a) Ac-
of the normal harmonic LV, Fig. 4(b, bottom), correspondingal LV data. (b) Spherical harmonic surface fitted to the actual LV data
to the end-systole (tim&9), is reduced with the ischemic LV, (L =5,K = 2). (c) Spherical harmonic surface fitted to the actual LV data
Fia. 4(d d cut with the dilated LV. Fig. 4 with L = 5, K = 1 which simulates a global decreasing of the contractile
19. ( )’ (e) an (_:U wi € dilate & '_g' (C) function (dilated myocardiopathy). (d) Spherical harmonic surface fitted to the
Global changes in the shape deformation imply global shapedified LV data(Z. = 5, K = 2). An antero-septal hypokinetic segment
changes observable by this curvature-based technique. Curv@gimulated by keeping a patch nearly constant but still moving along with
distributi ianifi tlv altered b tholoai the surface. (e) Akinetic simulated sequence where the ischemic patch nearly
_ness Istnbuuons are 3'9”' Icantly altered by F_)a O_Og|es e‘_’@&:s not move anymore. For the sake of comparison, maximum frequency is
if they are local. Reduction of the global function with the difixed to 3% of the total number of surface points for the shape images and
lated myocardium do not modify the shape index distributionk2% for the curvedness images. Color scale ranges from blue (0%) to red

This suggests that this kind of pathology essentially affects tf13ealnd 1.2%, respectively).

magnitude of the motion. Although some clear differences argdius maxd defines the maximum dimension of the surface
observable with ischemic LV, a more local analysis is requiregatch where the SSP is looked for. The curvature intefval
controls the spread of the SSP. They are set to 10 and 0.2,
respectively for the three tracked regions.

As said before, the LV shape is quasi-stable over theThe tracking of the apex region (P1) is very good. There
cardiac cycle [Fig. 5(a)]. On the opposite, the curvedneisno significant differences between the temporal curves of
varies largely as seen on the four free wall views in Fig. 5(bhe normal and abnormal LV at the apex [Fig. 7(a) and (b),
Working on the simulated normal and ischemic LV's, threand Fig. 8(a)]. Temporal mean shape index is nearly constant
points are designated onto the surfaces as reference poiintsicating the stability of the ellipsoidal shape of the apex over
Point P1 is placed at the apex, point P2 in the anterior watime [Fig. 7(a) and (b)]. For the curvedness, the well-defined
and point P3 in the cup at the pilar anchor. These poirggstolic peak (time 8) is followed by a smaller one (time 16)
define reference regions that are temporally tracked over #t@responding to a second contraction of the apex during the
cardiac cycle. Mean curvature parameters associated to théisstole that is effectively observed [Fig. 8(a)].
regions are graphically represented as functions of time. InThe anterior zone P2 is initially saddle-like shaped. The
the ischemic case, the zone defined by P2 belongs to 8fepe relative to P2 with the normal LV is constant during
ischemic region as shown in Fig. 6(a) and (b). The parametéhe cardiac cycle [Fig. 7(a)]. With the akinetic LV, how-
of the SSP tracking algorithm areaxd the maximum radius ever, P2 becomes slightly ellipsoidal during systole as it
of the SSP, and\s the shape index interval. The maximuntorresponds to the ischemic less-contractile region [Fig. 7(b)].

B. Curvature-Based Region Tracking
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(b) (b)

Fig. 5. (a) 3-D free wall views of the distribution of the shape index ovefig. 6. (a) Anterior views of the normal harmonic LV at four cardiac instants.
the LV surfaces (3-D X-ray data) at four cardiac instants. It reveals the malihree SSP’s are tracked over the cardiac cycle and are identified by different
shape attributes present on the LV: convex and concave elliptical shapes emldrs: dark blue for the apex zone (P1), cyan for the anterior zone (P2), and
saddle-like shapes. The shape is quasistable over the cardiac cycle (tinredLfor the pit zone (P3). Time 1 corresponds to end-diastole, time 8 to the
corresponds to end-diastole, time 8 to the end-systole). (b) Distribution of teed-systole. (b) Anterior views of the akinetic harmonic LV with the tracking
curvedness at the same four instants. of the corresponding SSP’s at four cardiac instants.

Mean curvedness is not significantly different between normafl the SSP. Therefore, we intend to partition the entire LV
and abnormal LV'’s [Fig. 8(b)]. surface in SSP’s and track this representation as a whole.
Results on the mean curvedness of the pit zone P3 shows
a clear difference between the normal and abnormal cases
[Fig. 8(c)]. The ischemic region tends to push away the This paper presents a shape-based approach to the motion
neighboring regions such as P3. analysis of the LV endocardial surface. Since no information
We observed that the open trajectories of the geodescavailable about the true physical deformation of the surface
centers of the SSP’s are close to a loop both with the nornzald since there is no explicit point-to-point correspondence,
and abnormal left ventricles, although it is not ensured by tlee propose to track geometrical descriptors of the surface
algorithm. over time. First, a curvature description of the surface is
The tracking of the SSP over the cardiac cycle is satisfactatgrived which basically relies on two curvature indexes that
with the presented harmonic LV sequences as demonstratedibgouples the shape attribute (shape index) and the magnitude
the smooth continuous graphical evolution of the mean curvathe curvature (curvedness). Second, the shape dynamics is
ture parameters of the SSP. These evolution can be intuitivalyalyzed through a global and a regional curvature tracking
interpreted in terms of deformation. If the deformations ampproaches. The global approach shows the overall changes
larger however, the trace can be lost. The basic tracking algd-the shape through the temporal shape spectra. This new
rithm can be sophisticated by taking into account other paramepresentation is proved to give significant differences between
eters of the SSP such as the area, the normals to the surfacentreal and abnormal simulated left ventricles, especially when
shape and curvedness spectra over the SSP or higher-ordertme-pathology globally affects the function. In order to more
ments of the curvatures. The tracking should be undoubtedibgally analyze the LV deformation, a regional curvature track-
more robust if it could include a neighborhood informatioimg approach is proposed. The difficulty consists in following

V. CONCLUSION



402

IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 16, NO. 4, AUGUST 1997

[T s SPR S i o S B icer ] a};-‘-.
i S o e —es
3 o F oot —+— hacnmal
—pl -y g EoR » - E
s B R 5 oo | —— Anedic
Tl L) o T o T e = PR Wi 52 = L
% o2 ] n + = - T = = - i oo +
03 F 2 L FOOR|—ilE
§ s !
Eonp L s e A i = | W e T
K - - -
D Ciandlide: If aivl
’ (@)
Cias livslai
@) . "
ooy -+ oy w = o
1 % s w2l el tagrad
* ~ 5 .
08 {* % "‘q,___.__pt--l—.‘,_a—'l'-"" g E 008 . —4— el
_ DA g 0nd 4 —8— Aareetic
1 o el i B B S = L =
'E pad o | P E 00z +
= il | b=k +—t - I+F-" il
- SRR SRR R AT AT RFAF- AT AT
2 A& Cardise nwtand
= R B o o
il it z (b)
na
-1 o L
Cardian Inatarst E & !_‘-_..,_r"' "l-.‘
= 3 Ay e
(b) E s B-e-ta W = e i e Paleilal
Fig. 7. Graphs of the evolution of the mean shape index over time for the 3 .. LS 8- Akinelic
three SSP’s. (a) Normal simulated LV. (b) Akinetic simulated LV. g
i i =
the anatomical identical regions. Therefore, the algorithm e gL

= it i -
- = - ] —

combines both geometrical information (the curvatures) and
spatial information (data proximity). It relies on the definition
of a SSP. The algorithms are applied to simulated normal and
ischemic left ventricles. The results of the temporal tracking
the SSP are coherent and very promising since it is possible to
intuitively and accurately interpret the deformation. This work

is a first step toward the automatic spatio-temporal analysis of(k;, k2)
deformable surfaces and more specifically of the myocardial
surfaces. Based on this framework, the next step will concern

the development of a complete dynamic surface description in

order to analyze the entire deformable surface at once and to

be able to compare them. Adaptation and application of the
methods to clinical data sets is also our primary concern.

APPENDIX A A
NOTATIONS 0

Let x(u,v) be a regular parameterization of a surfate

il brisid s

©

9. 8. Graphs of the evolution of the mean curvedness over time for the
three SSP’s. (a) Apex zone (P1). (b) Anterior zone (P2). (c) Pit zone (P3).

Principal curvaturesat p (k; > k»)

o e f\(E F\
—klkg——det <f g)(F G)
Gaussian curvature. (13)
_ k1 + ko . 16G—2fF+gE
B - EG-F?
mean curvature. (14)

Cross product.
Scalar product.

The following notations are used.

N(p) = sy
T,(S)

Lyy Lo

Ly sy Luvy Lvv

Unit normal vector at poinp € S.
Tangent plane ap € S.

First partial derivatives of(u, v).
Second partial derivatives af(u, v).

Coefficients of the first
fundamental form ofS at p.

Coefficients of the second
fundamental form.

(See [21] for an extended treatise on differential geometry and
[2] for a summary of the main definitions.)

APPENDIX B
DIFFERENTIAL CHARACTERISTICS OF THESUPERQUADRICS

The implicit equation of the superellipsoid is [5]

2 2\ 2 2
€2 €9 z €1

(15)
whereay, az, az, €1, ande, take real values.
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The corresponding parametric equation is

ay si.gn (C)|Cy 1| Cu 2
a2 S'Qn.(Sw)|Cn|€l|Sw|€2
as S|gn( )|S |t
~Tap<I

5 = n= bR
whereC; = cos(l), S; = sin(l). Then, we havén,w € [0, 5])

—alslSan;l_le?

[1]
z(n,w) =

—nm<L<w<lTw [2]

(16)

(3]
(4]

.’L’n = —CLQ{:‘lSnC;l_lSZZ
aglenSf;l_l
—alsng;l SwCZZ_l (5]
T, = agsngleSZZ_l [6]
0
r 1 02—c102—c2

[7]

N(n,w) = 1 02_°152_°2 = zyAz,,.
LSQ—cl [8]

- az "M

The coefficients of the first fundamental form are then ]
E=(ru,zu), F=(Tuz), G=(2s,20) [10]

—alelCCZ( ; 61 - 1)520”_ )
Ty = —a2515°2( ; 61 - 1)SQC°1_ ) [11]
—Qas€l (Sf] ( €1 — 1)025”_ ) [12]

—alegC”( i £9 — 1)SQC°2_ )

Lww — —CLQEQCCI( i 62 - 1)035&2_ )
0 [13]
GIEIEQSUC?—IS“C?—I [14]

Ty = —a2€1525770;1_10w522_1
0

The coefficients of the second fundamental form are [15]
€= <N7 xuu>7 f= <N7 xu'v>7 g= <N7 x'v'v>' [16]

The coefficientga;;) of the differential of the Gauss map
dN, are

1 [17]
aiy = 5(Ff G@) a2 = 5(F9— Gf)
18
a21—5(FG—Ef) a22—5(Ff EQ) 1l
with [19]
D =EG - F>.
[20]

The determinant of V,, is the Gaussian curvatufe, the mean
curvatureH is the negative of half of the trace dfV,.
Similar calculations can be done for the superhyperbolojgh;
of one piece with the corresponding implicit and parametric
equations given in [5]. (22
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