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Chapitre 1 : Introduction

La visualisation est encore un champ de recherelativement actif. Ceci vient
du fait que la vision est le sens le plus dévelopipéz 'homme. La vision et les
capacités psychovisuelles et cognitives du cergeaen découlent, représentent pour
'hnomme l'outil d’analyse privilégié de son envimement. L'idée de base des
techniques de visualisation consiste a exploiterpipriétés inhérentes du systeme
visuel humain pour explorer, comprendre et analysmrt type de données,
d’'information ou de savoir produit par le mondeestifique Le domaine de recherche
de la visualisation peut étre défini par I'ensendds techniques qui permettent de
transcoder ou modéliser des phénoménes ou stractaneplexes, a grand nombre de
variables (numériques a symboliques) et de dimess@&evées afin de pouvoir les
manipuler et les analyser sous une forme visudllest-a-dire permettre a
I'observateur de construire un modele mental desggsus d'une scéne complexe.

Une étude précédente a permis de définir les axagsuns permettant d’élaborer
un outil de visualisation répondant a un besoimriprémis par un utilisateur [1]. Cette
réflexion a essayé de faire ressortir les pointscgraux qui sont a prendre en compte
lors de la conception d'un outil de visualisatiomsa que les domaines de
compétences nécessaires aux développeurs.

Données
de départ
Construction d'ur Trgr]scription en Reprégentation
modéle général entités graphlques » gra}ph|qqe et
ou indices visuel manipulation du
modele
ijectlfs dd Conceptualisation de la scéne
l'observateu|

Ainsi, trois points principaux sont a prendre empte :

- La connaissance de la nature des données (dimemsitute et topologie spatiale
des données) et surtout des objectifs de I'utdigafintérét de certaines variables,
corrélation entre données).

- La transposition ou conceptualisation sous une dosghématique et visuelle de
'information contenue dans les données et devaet réprésentée. Cette étape
peut étre divisée en deux sous-parties : 1) lataai®on d’'un modele général a
partir des données et pouvant servir de représemtdes phénomenes et 2) la
transcription de ce modéle en entités graphiqueasdices visuels.

- Lareprésentation graphique et la manipulationéi&sents graphiques.

Du fait de sa complexité, le domaine médical, tatgrand usage d’outils de
représentation. Toutefois, du fait de I'évoluti@pide des techniques d’'imagerie et de
la miniaturisation des outils d’intervention, deumeaux besoins se sont crées en
terme de visualisation. Ces besoins recouvrent lmardomaine de l'imagerie de
diagnostic (imagerie 3D +t) que l'imagerie intertiennelle avec des notions de
planning opératoire, de guidage du geste et derudiinformation dans le champ
opératoire.



L’objectif de cette These est de se focaliser suains des problémes non résolus
de la chaine de visualisation en essayant d'y a@pquelques solutions. Toutefois, et
cela est particulierement vrai dans le domaine eltharche de la visualisation,
I'élaboration de nouvelles solutions est largemerd au contexte de I'application
finale et des données qui y sont traitées. Nouss smmmes intéressés a une
application médicale bien précise qui est la chimirconservatrice des tumeurs
rénales. Plus particulierement, nos travaux de &lugg concerné I'élaboration des
différents éléments d’'un outil de visualisation ptiplanning préopératoire de cette
chirurgie rénale.

Pour cela, nous sommes partis du cadre générat géecédemment permettant
d’élaborer un outil de visualisation et I'avons pi#aa la problématique médicale.
Nous y avons identifié plusieurs points durs auigjneus avons essaye d’y apporter
des éléments de réponses. Ainsi :

- La connaissance de la nature des données et sdasuibjectifs de I'utilisateur.
L'examen préopératoire a la chirurgie des tumeudnsales est l'uroscan. Il
consiste a acquérir, par scanner X, 3 ou 4 voludee$abdomen a différents
stades de diffusion de produit de contraste. Uremjare acquisition avant
injection permet d’'imager le volume du patient. eeonde acquisition est prise
juste apres injection, ce qui révele la vascultidearénale artérielle et permet de
discriminer la tumeur. Une troisieme acquisitionn effectuée juste apres, elle
présente un rehaussement du parenchyme rénal etetpeggalement de
discriminer la tumeur. Une derniére acquisitiorieetuée 10 a 20 minutes apres
l'injection de produit de contraste, permet de &lmer le systeme collecteur
urinaire. L'objectif est de confronter ces acquasis afin de fournir au chirurgien
le cadre anatomique spécifique du patient.

- La transposition ou conceptualisation sous une dosghématique et visuelle de
l'information contenue dans les données et devahie éeprésentée.
Plusieurs étapes sont nécessaires pour la construftt modele général pouvant
servir de support de représentation de I'infornratio

o L'uroscan est composée d’acquisitions présentané umformation
complémentaire. La premiere étape consiste & mettreorrespondance
ces difféerentes acquisitions par des techniques mealage.
Malheureusement, le volume abdominal se déforméraailement dans
le temps. Cette mise en correspondance a été edtepar une technique
derecalage local centrée sur le volume rénal et bagéda maximisation
de I'Information Mutuelle

o Aprés le recalage, nous sommes en présence mantédinn volume ou
chaque voxel porte un vecteur Nevaleurs correspondant respectivement
aux intensités dehll acquisitions de l'uroscarN(vaut 3 ou 4 dans notre
cas). L'étape suivante consiste a différencier dé&rentes structures
anatomiques a partir de ces données. Pour cela,avams choisi d'utiliser
une technique delassification statistique du volume vectoriesée sur
une modélisation de la distribution des valeurs parmélange de
Gaussiennesa laquelle a été ajoutée uimd@ormation spatialelors du
processus de modélisation.



Au final, le modele général se présente sous lammdod’'un volume ou les
différents tissus rénaux sont décrits, en chaqueelyocsous la forme d’'une
probabilité de présence.

Concernant la transcription en entités graphiqiesst classique de représenter
les différentes structures rénales par leurs sesfdtutilisateur choisissant a priori
la couleur de la structure et son degré de trapspar

La représentation graphique et la manipulation @é&sments graphiques.
Dans cette derniere étape de [|'élaboration d'unl ail¢ visualisation, deux
problématiques ont été abordées : d’'une part ddmigues de visualisation de
volumes vectoriels et d’autre part la simplificatiou maillage d’'une surface
décrite par des facettes.

o

Techniques de visualisation d’'un volume vector&lles techniques de
représentation de données scalaires ont fait Kolbje nombreuses
recherches dans les années 80-90, la représendatigolumes vectoriels
(ou de volumes multiples) a été peu abordée dardtéaature. Notre
contribution dans ce domaine a porté sur le dépelo@nt de 3 outils de
visualisation 3D de l'information contenu dans ledale général défini
précédemment : 1) une technique mmdu de surfacebasée sur une
extraction des surfaces contenues dans le volumilarehing Cubes [2] ;
une technique deendu de volumear lancer de rayons ou la couleur et le
degré de transparence en chaque voxel sont issues drocédure de
décision de classeet 3) une technique dendu de volumear lancer de
rayons ou la couleur et le degré de transparencehague voxel sont
issues d’'une procédure dsomposition en fonction des probabilités
d’appartenance

Simplification du maillage d’'une surface décriter mhes facettes. Les
procédures de visualisation par rendu de surfaceéhsent les surfaces
par un grand nombre de polygones (facettes triaimgsl généralement).
Ce grand nombre peut étre supérieur a la capagitéadement en temps
réels des processeurs graphiques actuels. Pour icedat courant de
diminuer ce nombre a l'aide de procédures de sfiogiions de maillages.
Une des techniques de simplification souvent eng#eyconsiste a retirer
successivement des éléments de la surface (faece@its ou point) en
fonction d’un critere de colt de préservation deudace, et ceci jusqu’a
atteindre le degré de simplification désiré. Un geints clés de toute
méthode de simplification est la métrique utilip@air estimer le degré de
ressemblance entre la surface de départ et lacsudanplifiée. Deux
meétriques décrivant la géométrie globale de laasearfont été proposeées,
I'une basée sur lamoments géométriques de la surfaeel’objet, I'autre
sur lesmoments géomeétriques du volude I'objet. Ces deux métriques
peuvent étre intégrées dans le processus itéeasifmdplification.

La suite du mémoire détaille ces points dans lespittes : chapitre 2, une

technique de recalage local par maximisation adofimation mutuelle ; chapitre 3,

une meéthode de classification statistique d’'un muvectoriel basée sur une
modélisation par un mélange de Gaussiennes avemiommation spatiale ; chapitre
4, trois techniques de visualisation d’'un volumetogel ; et chapitre 5, les deux
meétriques basée sur les moments géométriques reeftant une simplification d’un

modele de surface.



Chapitre 2: Recalage local par maximisation de Ihformation
mutuelle

La mise en correspondance de linformation compldaiee dans un méme
volume spatiale de l'uroscan assurerait une ddsmmigbeaucoup plus précise de
I'anatomie spécifique du patient. Cette mise emespondance nécessite une étape de
recalage des différentes acquisitions.

Le choix d'une méthode de recalage dépend génésatete la nature des
données a traiter [3]. Notre objectif et la natdes acquisitions scanner X imposent
d’utiliser une technique descalage 3D/3D, monomodale, intra-sujBtans le cas de
séquences de volumes abdominaux, les tissus seacdépl et se déforment
continuellement du fait de la respiration, ce quiraine de grandes difficultés si nous
souhaitons recaler les différents volumes abdominanire eux. Mais notre cas
clinique ne s’intéresse qu’a I'anatomie rénaldeSiolume abdominal n’est pas rigide
en soit, I'hnypothese que le rein reste rigide danemps peut étre posée, parce que,
d’'une part les tissus rénaux fortement vascularseés denses, et, d’autre part, les
acquisitions sont effectuées dans un laps de tasgez court (20 a 30 minutes). Les
mouvements respiratoires ou abdominaux ne déformdent pas le rein mais le
déplacent uniguement entre les acquisitions. Duwfacette hypothése, une technique
de recalagegide centrée sur le volume rénpéut étre choisie.

Notre probleme se décompose donc en deux sousepieb| une premiéere étape
d’extraction d’'une région d’intérét centrée sur fein et une seconde étape de
recalage rigide proprement dit. Concernant cetiriéiee étape, différentes techniques
sont proposées dans la littérature. Pour des guestie précision, Nous avons choisi
d’utiliser une technique deecalage basée sur les intensités des voxels atmsaxt
I'information mutuelleentre les différentes acquisitions.

Extraction d’'une région d’intérét centrée sur lerre
L'objectif n’est pas ici de segmenter précisémenmtréin mais simplement

d’extraire un volume qui contient le rein. Une siepoite englobante ne parait pas
satisfaisante car incluant trop d’information exttaale ; en contre partie, une
détection automatique du rein est relativementailéf Entre ces deux extrémes, une
méthode de segmentation semi-automatique parawmaable. Une telle méthode,
basée sur des contours actifs, a été étudiée 'afitraire globalement le volume rénal
dans un temps raisonnable. Les différentes étapesette segmentation sont les
suivantes :

1) Sur une premiére coupe, le contour du rein esialisié en sélectionnant
manuellement quelques points. Ce contour s’ajusts automatiquement par
la méthode des contours actifs. Ce contour estitengtopagé vers la coupe
suivante pour servir d'initialisation au nouveauntowr actif. Cette procédure
de propagation/ajustement se poursuit jusqu’a faiéle coupe. Pendant cette
procédure automatique, des ajustements manuedhtgstssibles.

2) Les contours externes du rein ainsi extraits sdiisés pour former une
surface 3D fermée. Cette surface est remplie moandr un volume binaire.



3) Le volume est dilaté afin d’étre sdr que touteféiimation du rein soit incluse
dans ce volume.
4) Ce volume sert alors de masque pour extraire @welrénal en niveau de gris.
Le temps mis pour I'extraction d’un volume rénal @s I'ordre de 3 minutes pour
un utilisateur non entrainé.

Recalage basé sur les intensités des voxels etmsaxit I'information mutuelle.

Une méthode de recalage est généralement caraetépar trois aspects
importants : le modéle de transformation, la mesieesimilarité et la méthode
d’optimisation.

- Modele de transformation. La premiere étape caasist extraire les deux
régions d’intérét incluant le rein et I'échelle dejuisitions est connue. Nous
avons donc a recaler les deux régions d’intéréesnis la méme échelle en
millimétre. Ayant posé I'hypothése que la formerdin est invariante dans le
temps, le recalage recherché est de type rigide &wés parameétres de
translation et trois parametres de rotations anesti

— Mesure de similarité. Elle décrit numériguementdkgré de ressemblance
'information mutuelle, 2) le coefficient de corafion d’entropie, 3)
I'information mutuelle normalisée, 4) le rapport ca@rélation et 5) I'entropie
de Tsallys. Ces mesures sont appliquées sur ledsyeg superposant entre le
volume cible apres transformation et le volumeéférence et sont formulées
a partir de la densité de probabilité conjointetifese a partir de
I’histogramme 2D conjoint).

Nous avons voulu évaluer ces cinqg mesures de sit@ildans le cadre
spécifiqgue de notre application. Pour cela, noussmeommes basés sur un
protocole proposé par Skerl qui évalue la perfogeades mesures de
similarité [4]. Connaissant les paramétres de &mdfiormation exacte, le
protocole choisit, selon des critéres de réguladiferents jeux de parametres
dans le voisinage des parameétres idéaux. Des nsesigresimilarité sont
effectuées sur ces jeux de parametres. Des sjasstsont réalisées a partir de
ces mesures. Elles permettent d’évaluer : la pofgide gradient moyen de
variation des mesures, le nombre de minima locdexrisque de non-
convergence,.... Ce protocole est appliqué, d'un¢ par des données de
synthése (un volume rénal de référence et un votibte fabriqué a partir du
volume de référence auquel une transformation corest appliquée) et,
d’autre part, sur des données réelles. Dans caedaras, la transformation
estimée par maximisation de I'information mutuedkt considérée comme le
jeu idéal de paramétres et seules les statistigoeant sur le gradient moyen
de variation des mesures, le nombre de minima loeade risque de non-
convergence seront examinées. Dans les deux casge® de synthése et
données reelles, I'information mutuelle et I'infation mutuelle normalisée
donnent les meilleurs résultats. L’information nelke sera donc retenue
comme méthode de mesure de similarité.

- Méthode d’optimisation. Plusieurs méthodes d’opgation existent dans la
littérature : recuit simulé, Powell, downhill sinegl... Nous avons choisie
cette derniere méthode car réputée rapide et assagte aux minima locaux.
Par contre, nous nous sommes intéressés a l'irftudn choix des parametres
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initiaux. Sur des données de synthése dont laftianation est connue, nous
avons traceé I'évolution de la mesure de similattdés I'espace des parametres.
Nous constatons que des minima locaux apparaissefiinction de certaines
configurations des parametres initiaux et des toamstions a estimer. La
conclusion de cette analyse est que les parameitiasix doivent étre proches
des parametres a estimer. De ce fait, nous utflisme premiére méthode de
recalage utilisant les moments géométriques afimit@liser la méthode de
maximisation de I'information mutuelle.

Deux autres points ont été pris en compte et ésgha@ir I'implémentation de
notre technique de recalage : la construction Histbgramme 2D conjoint (nous
avons choisi de construire I'histogramme en disaiit les volumes partiels) et la
résolution de cet histogramme (différents testdestnacé de I'évolution de la mesure
de similarité dans I'espace des parametres noufarthoisir une résolution de 64
bins par axe ; cette résolution donne le meillemgromis entre temps de calcul et
précision).

Résultats

Cette technique a été évaluée sur des donnéesitteesy et des données réelles.
Les données de synthése ont été crées de la fap@mte : un volume rénal (dont la
résolution est de 0,65 mm) est choisi comme rééé&ren un volume cible est fabriqué
par I'application d’'une transformation connue aluwee de référence. Différents jeux
de couple de données ont été réalisés a partiacemgtres de transformation tirés
aléatoirement. Les parametres estimés par notréoaetde recalage sont alors
compares aux parametres réels. L'erreur maximatea@slation entre les parametres
estimés et les parametres réels est inférieur@&rm, I'erreur angulaire maximale
en rotation est inférieure a 0,1°.

La technique de recalage appliguée sur différeatsuisitions d’'un uroscan
montre visuellement un bon alignement des diffé&rardlumes rénaux. Ainsi les
différents volumes rénaux peuvent étre fusionnés daéme référentiel spécifique au
patient.

Chapitre 3 : Classification statistique d’un volumevectoriel

Les volumes recalés par la techniqgue décrite danshlpitre 2, présente
I'information complémentaire alignée dans un mégaférentiel spatial. Nous sommes
en présence maintenant d'un volume ou chaque ¢ un vecteur dbl valeurs
correspondant respectivement aux intensités\Ndesquisitions de I'uroscam(vaut 3
ou 4 dans notre cas). L'étape suivante de la aeeigin d’'un modele général des
donnéesa visualiser, consiste a différencier les difféesnstructures anatomiques a
partir de ces données. Cette étape, que nous dfimiteyr dans ce chapitre, est une
étape de segmentation ou de classification et ptasisément d’une technique de
classification multidimensionnelle

Une des patrticularités des volumes acquis en inegedicale est que les objets

ne sont pas décrits de maniere explicite. Les demmécueillies sont issues de
mesures physiques échantillonnées spatialementatéera réguliere a une certaine
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résolution. La valeur en chaque voxel est donc dsultat d’'une combinaison
complexe de mesures avec des effets de volumeslpartde bruit de mesure. Cette
complexité nous conduit a choisir une technigueldssification ou en chaque voxel
nous allons définir une probabilité de présence dertain tissu plutdt que décider de
maniere définitive qu’'un certain tissu est localss&e voxel. Ces probabilités de
présence de tissus seront alors estimées a l'aige dlassification statistiquede
données.

Parmi les différentes méthodes de classificatiatissitque de données scalaires,
le modele basé sur un mélange de Gaussiennes (@awmsxture model) est déja
utilisé en segmentation d'images médicales (d’'IRMparticulier). Nous avons utilisé
cette méthode delassification statistigue par mélange de Gausssret I'avons
étendu au cas de données décrites par des vedeeuvateurs.

L’inconvénient principal de cette méthode résidasdi fait qu’elle n'est basée
que sur la distribution des valeurs et qu’elle imattcompte d’aucune information
spatiale. Or, linformation spatiale (et particuéienent pour un voxel donné,
linformation issue de son voisinage immeédiat) este source d’information
essentielle en traitement d'images ou de volumeicags. Nous avons donc modifié
la méthode de classification précédente en propogammodele de mélange de
Gaussiennes pondérées par le voisinage

Classification statistique par mélange de Gaussésnn

Ce modele est basé sur I'hypothése que la disimitbudes valeurs observées,
représentatives d’'un certain tissu, suit une loinhaefi(x) dont les parametres sont
la moyenne et la variance de la distribution. Leewaobservée en chaque voxel est
une combinaison linéaire des valeurs issues déetbdisons de chaque classe de tissu.
Ainsi, si nous avon& classes de tissus et dokadistributions Normale$(x) avec
1<k<K, la valeur en chaque voxel est donnée par la flermsuivante :

f(x)=>"_a,f(x) avec ac qui est le coefficient de mélange de la clagse

L’objectif de la classification statistique est stiener, a partir des données, un jeu de
parametres® composé des parametres de chaque distribdtieih (moyenne et
variance de la loi Normale) et des coefficientsradangeay.

La technigue de la maximisation de I'espérance €€tgiion Maximisation) est
une méthode générale pour estimer les parameétsedistebutions sous-jacentes a un
jeu de données incomplets au sens du maximum derrblance. Appliquée a notre
cas de mixture de Gaussiennes, cette méthode pdiidettifier de maniére itérative,
a partir des données, les parametres de chaquéutisin et les coefficients de
mélange. Cette technique itérative se décomposieex étapes : 1) en chaque voxel
X, la probabilité conditionnelle de chaque claksst estimée en utilisant la regle de

Bayes :p(k|xi ,@t)=g"f—"(x") : 2) le jeu de paramétrés*™ a l'itération suivante
> i (x)

est estime a partir dqs(k|x o).

VI



Cette méthode est généralement utilisée sur dasedsrscalaires, mais elle peut
étre étendue a notre cas de description de dorpa#esn vecteur de valeurx:est
maintenant un vecteur dd composantes di(x) est une distribution normale de
dimensionN (la moyenne devient un vecteur Necomposantes et la variance de la
Gaussienne devient une matrice de covariance).

Modele de mélange de Gaussiennes pondérées paisirage.

Le probleme inhérent a toute méthode de clasdiicainiquement basée sur la
distribution de valeurs est que l'information spktin’est pas prise en compte. Or,
cette information est généralement essentielle peutraitement d’'image. Nous
proposons une méthode qui permet de prendre entediimformation de voisinage
lors du calcul des probabilités de classes en @aquel. Pour cela, nous sommes
partis de I'hypothese que les tissus sont contatugue la probabilité d’'une claske
en un voxel est influencée par les probabilité$addassek des voxels du voisinage.
Nous avons donc introduit, a la probabilité d'uni@sse k en un voxel, une
pondération qui est fonction des probabilités deld@sek des voxels du voisinage :

a, W fk (Xi ) Z‘n,\i p(k|Xn 1o} )

z:zlakvvik fk(xi) |Ni|

choisi. L'estimation du poidsWMy est intégrée dans la procédure itérative de
maximisation de I'espérance.

p(k|xi ,@‘)= avecw, = calculé sur un voisinagh

Résultat

Cette méthode a été évaluée dans un premier tampsis image 2D de synthese
ou chaque pixel est un vecteur de 3 éléments. @hélguent est représentatif d'une
image composée de 2 régions homogenes auxquelles awxmns ajouté du bruit
Gaussien.

La combinaison de ces trois éléments forme une éntagnposée de 6 régions.
Les résultats de la classification sont présenitéessous avec en (a) la méthode
estimant le mélange de Gaussiennes basée surules sealeurs et en (b) lorsque la
méthode est pondérée par le voisinage.
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(@) (b)

Sur ces images, la couleur attribuée aux différpmtsls est représentative de la
classification  statistique et est obtenue par larmide suivante:

C(xi)zz::zlck p(kx,®) avecCy, la couleur attribuée a priori & la classe k. Nous

pouvons noter que les régions sont plus homogerexsla méthode pondérée par le
voisinage.

Nous avons ensuite appliqué les deux méthodes esirddnnées réelles : un
volume rénal dont chaque voxel est un vecteur délédnents correspondants
respectivement a (a) l'acquisition avant injectiq) a I'acquisition du stade
parenchymateux et (c) a I'acquisition prise 10 rtésuwapres l'injection du produit de
contraste. Les trois composantes d’'une coupe d®laene sont représentées dans la
figure suivante.

(@) (b) (€)

Nous voulons classer ce volume en 4 tissus : grajgsuge), cortex (vert),
medulla (bleu) et voie urinaires (blanc). Les r&ssl de la classification sont
présentés ci-dessous avec en (a) la méthode estamaglange de Gaussiennes basée
sur les seules valeurs et en (b) lorsque la métbstdpondérée par le voisinage.

(@) (b)



Nous retrouvons les mémes caracteéristiques defadatisn que pour les données
de synthese.

Nous constatons au final que I'introduction defbimnation de voisinage dans les
étapes de la classification rend cette dernierexsneénsible au bruit et aux effets du
volume partiel.

Chapitre 4 : Techniques de visualisation d’un volura vectoriel

Si les techniques de représentation de donnéesirssalont fait I'objet de
nombreuses recherches dans les années 80-90rdaeefation d’un volume vectoriel
(ou de volumes multiples) a été peu abordée datitdeature. Or, les traitements
d'images médicales proposent de plus en plus dmitpees de fusion d’'information
multiple dans un méme cadre anatomique, tant polul de diagnostic que d’aide
au geste chirurgical, d'ou un besoin croissant til'ode visualisation de cette
information multiple. Les techniques proposeées yisgnaintenant sont basées sur
des techniques de représentation de données ssathise caractérisent par le choix
de I'étape du processus de formation de l'imagelesi données multiples sont
fusionnées [5]. Mais dans tous ces cas, ces domméiiples sont considérées comme
indépendantes avant la fusion. Dans notre casliffésentes données sont fusionnées
avant le processus de visualisation. Nous alloms étudier différentes techniques de
représentation qui integrent cette notion de dosivéetorielles dans le processus de
visualisation.

Traditionnellement, dans le domaine médical, lebri@ues de représentation 3D
ont été classées en deux catégories: les techrdgas de "surface rendering”
caractériseées par le fait que les surfaces qunseeprésentées sont dans un premier
temps extraites (ou segmentées) du volume et dédgipiquement sous la forme de
facettes ; et les technique dites de "volume reéngéiou I'image finale est formée
directement a partir de I'information du volume saegmentation préalable. Nous
nous sommes intéressé a ces deux classes de texhatides avons adaptées a la
visualisation de données vectorielles.

Méthode de "surface rendering”

Dans le cadre de la visualisation de volumes deées scalaire, les techniques
dites de "surface rendering" sont basées sur umactrn et une approximation des
surfaces a représenter. Dans le domaine médicé&chmique classique consiste, a
I'aide de l'algorithme du Marching Cube [2], a eite une surface d’isovaleur et a la
décrire par des facettes. Ces facettes sont ensuitiées par les processeurs
graphiques des ordinateurs. Cette technique d@&iira de surfaces n'est pas
transposable directement au cas des données edlemiGar la notion d’isovaleur y
est difficilement définissable. Toutefois, la teiue de classification décrite dans le
chapitre 3 donne des résultats homogéenes avecatsitibns nettes entre tissus. Il est
donc possible d'utiliser la technique du Marchingb€ pour chacun des tissus,
d’attribuer couleur et transparence a chaque seiréagsi extraite et d’associer ces
différentes surfaces pour la représentation finale.
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Représentation des surfaces (cortex en vert, n@dnlbleu et voies urinaires en
blanc)

Méthode de "volume rendering”

Dans cette classe de méthode, I'image finale estée directement a partir de
'information du volume sans segmentation préalableus avons choisi de nous
intéresser a des techniques de type lancer de sg@jnDans cette technique, la
procédure de calcul d’'une image a partir d’'un vaude données scalaires est la
suivante : 1) desayonssont lancés de I'écran a travers le volume ; 2gae rayon
est échantillonnéspatialement ; 3) la valeur recueillie a la positicourante d’un
échantillon sert a : 3a) déterminer wpacité,3b) déterminer une certaigeuleuren
fonction du tissu et d’'unmbrageestimé a I'aide d’un calcul dgadient 3Dlocal ; 4)
la couleur finale d'un rayon est obtenue parctampositiondes opacités et des
couleurs le long de ce rayon.

L’'opacité et la couleur en un voxel sont détermsn&eartir de sa valeur par des
fonctions de transfert, ce qui permet plusieurgsyge représentation de I'information.

Cette procédure de lancer de rayons peut étre eglapinotre cas de données
vectorielles apres la résolution de certains poas qui ont fait I'objet de nos
travaux de recherche :

- le calcul de gradient 3D. La notion de gradient&HD difficilement transposable
dans le cas de données vectorielles, il nous fant gpasser par une variable
intermédiaire qui reflete '’homogénéité des tissaws au contraire la présence
d’une surface entre deux tissus. En nous inspifanie idée émise par Drebin [7],
nous avons créé une nouvelle caractéristique dunalla densité, déterminée par

. K .
la formule suivante :D:Zk=1 p.a, , avec K, le nombre de tissusx, la

probabilité de la présence du tissu kagt le degré de transparence du tissu k
choisi a priori par I'utilisateur. Dans le volurmes voxels d’'une région homogéne
auront des densités proches. Ainsi, une surfac@g$sage d’'une région a une
autre) sera caractérisée par un saut de densitérientation de cette surface
pourra étre estimée par un opérateur de gradiemtpplqué sur ces densités.

- L'estimation de l'opacité et de la couleur en utatillon. Dans la technique
classique de volume rendering, 'opacité et la eoukont déterminées localement
a partir de la valeur par des fonctions de tranhsfées fonctions de transfert
peuvent avoir deux roles [6] : a) d'une part, httar a un voxel I'opacité et la
couleur qui dépendent des tissus ; b) d’autre palngusser les surfaces contenues
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dans le volume en augmentant I'opacité des zomegidres et en la diminuant
dans les zones homogenes. Dans notre cas, noussdemastruire des fonctions
de transfert qui déterminent l'opacité et la coulayartir des probabilitgs de
présence des tissus. Deux méthodes ont été intesduCes deux méthodes
essayent de résoudre a la fois le probleme d’attdb d’'une opacité en fonction
du tissu et celui du rehaussement des surfaces.

o La méthode de décision de class@dée est, pour un voxel donné, de
décider quel est le tissu le plus probable et deattribuer les
propriétés de ce tissu. Pour cela, les dérivésipremdes probabilités
sont analysées lors de la progression le long gontaPour un voxel
donné on lui attribue le tisduqui présente la dérivée de la probabilité
f(k) la plus grande. Apres cette décision, la coul@uet I'opacitéas
sont attribuées au voxel courant par :

Cs=Ck et as=ak.f(k)

En analysant cette formule, nous constatons que vi@smes
homogéenes seront transparerfték proche de 0) et que seules les
surfaces présenteront une certaine opacité.

o La composition des couleurs et opacitédsidée est d’obtenir
directement la couleur et I'opacité a partir desbabilités de présence
de tissus. Pour cela, en un voxel donné, la coudédiopacité qui
dépendent des tissus seront données par la compadds couleurs et
opacités de chaque tissu selon les formules s@gant

K K
Cs = Zk=1 pCy etag = vz POk
Le rehaussement des surfaces se fait par une @bimédes opacités
en fonction du module du gradieNt. Pour cela, nous utiliserons le

principe décrit précédemment du calcul de gradd&nsur les densités
D. Pour un voxel donné€, le module normalisé du gradBD Ng sera

utilisé pour pondérer I'opacitéa, = (ZII(:l pkak)[]]\ls|

Ces deux méthodes d’estimation de l'opacité et decobuleur ont été
implémentées dans le cadre du lancer de rayons.

(@) (b)

Méthode de "volume rendering" en utilisant (a)déision de classe; (b): la
composition des couleurs et opacités
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Chapitre 5 : Simplification d’'un modeéle de surface.

Les techniques de rendus de surface sont classaqidrasées sur une description
des surfaces par des polygones (facettes triamgsllde plus souvent). Or les
techniques qui permettent d’extraire ou de défes surfaces (Marching Cubes par
exemple) produisent généralement une descriptiéseptant un tres grand nombre de
facettes. Ce grand nombre de facettes est souvpétisur a la capacité de traitement
en temps réel des processeurs graphiques actuaks. sblution naturelle a ce
probleme consiste a essayer de réduire le nomtakde facettes tout en préservant
I'aspect global de la surface.

Une des techniques de simplification souvent eng#agst la technique de fusion
d’éléments qui consiste a agréger successivemesréldments de la surface (facettes,
arétes ou points) en fonction d’un critére de a#ipréservation de la surface, et ceci
jusqu’a atteindre le degré de simplification désitth des points clés de toute
méthode de simplification est la métrique utilispeur estimer le degré de
ressemblance entre la surface de départ et lacsusianplifiece. En effet, c’est sur
cette métrique que repose le choix des élémentsudace a fusionner et donc la
qualité finale de la simplification de la surfat& plupart des métriques proposées
dans la littérature repose sur des critéres loguxpréservent les caractéristiques
locales de la surface. Toutefois certains autentpmposé des critéres globaux afin
de préserver plutdt la forme globale de la surfacgmplifier : Park et al utilisent
comme métrique de préservation, la différence digine de la surface simplifiée et
I'aire de la surface de départ ; selon la méme, iddez et al utilisent la différence
entre le volume de la surface simplifiée et cekiiasurface de départ. L'information
spatiale ou géométrique portée par l'aire ou leina est toutefois assez restreinte et
de bas niveau. D’autres mesures géométriques gkbdklles les moments
géomeétriques, portent plus d’'information spatiale Ia forme de la surface. En se
basant sur cette idée, nous proposons deux nosivekriques : I'une utilisant les
moments géométriques de la surfade I'objet, l'autre utilisant lesmoments
géomeétriques du volunue |'objet.

Moments géométriques de la surface.
Les moments géométriques d’orckerk,+ks; de la surface d’'un obje® sont

définis par :mk1k2k3S(P):L(P)xklyKZZ"3dS ol lintégrale est effectuée sur la surface

de P. Si nous désirons mesurer la similarité entreulfase de dépars deP et une
surface simplifitce S de P, nous pouvons définir comme métrique:

M
SMD= zzp:i(mp_q’q_,vrS(P)—mp_q,q_r',S’(P) ol M est l'ordre maximal des

p=09=0r=0
moments que nous voulons utiliser.

Il est a noter queny o oS(P) est l'aire de la surface d@ et donc, si nous nous
restreignons &=0, nous retrouvons la métrique proposée par Rak e

PourM>0, notre métrique apporte donc plus d’'informatipre la métrique basée
sur la seule différence entre surfaces. Toutefmisdnvénient de la métrique basée
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sur les moments est qu’elle est assez longue alealdoutefois, ce probleme est
contourné en utilisant l'algorithme simple et rapid’estimation des moments de
surfaces proposé par Tuzikov et al [8]. De plussnaémontrons que lors de
I'opération de simplification, nous pouvons estintiérolution des moments de la
surface de la forme simplifiée en ne regardant lgqugact de la modification sans
avoir a recalculer les moments sur la surface entié

Moments géométriques du volume.
Les moments géométriques d’ordisek,+ks du volume d’un objeP sont définis

par:m,, V(P)= J'P x4 y*2 Z“dxdydzu l'intégrale est effectuée sur le volumeRIESi

nous désirons mesurer la similarité entre le volum&épary deP et le volumeV’
de la surface simplifié&s de P, nous pouvons alors définir comme métrique :

M
VMD:zzp:Zq:(mp_q’q_,',V(P)—mp_qvq_,V,V'(P) ol M est lordre maximal des

p=09=0r=0
moments que nous voulons utiliser.

Comme précédemment il est a noter que oV(P) est le volume de la surface de
P et donc, si nous nous restreignord=0, nous retrouvons la métrique proposée par
Alliez et al.

Comme pour les moments géométriques de surfaces, pouvons utiliser une
méthode de calcul rapide des moments géométrigaesotlimes et nous avons
démontré que lors de I'opération de simplificationus pouvons estimer I'évolution
des moments de volume de la forme simplifiée emegardant que I'impact de la
modification sans avoir a recalculer les momentdesuolume de la surface entiére.

Evaluation des métriques
Nous nous sommes inspiré du schéma d’évaluatigoopsopar [4] afin d’estimer
la performance des deux métriques proposées.

Ce schéma consiste dans un premier temps, a chomr méthode de
simplification utilisant une métrique (méthode mamppression d’arétes dans notre
cas). Pour chaque métrique a évaluer, cette mésiddors appliquée sur une méme
surface de départ pour atteindre un méme degréindglification. Le degré de
ressemblance entre la surface simplifiée et laasartle départ est alors estimé en
mesurant I'écart type des distances entre cescasrfin de comparer la performance
des differentes métriques entre-elles.

Ce protocole d’évaluation est appliqué sur difféeensurfaces 3D de référence
trouvées dans la littérature. Les deux métriguemnents des surfaces et moments
des volumes, sont comparées entre-elles pour @iff@¢rordres de moments. De cette
évaluation, plusieurs observations peuvent étres&sni
a) Pour les deux types de moments (surface ou voluee)nétriques utilisant des

moments d’ordre 0 donnent les résultats les plidefa Notre hypothése de

départ que les moments d'ordre >0 portaient pldgrimation spatiale sur les
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formes que la seule aire ou le volume d’'une surtstevérifiée et utilisée pour
améliorer la qualité de la simplification.

b) Pour un méme ordre de moment, les moments du voliomeent des résultats un
peu meilleurs que les moments de la surface.

c) La métrique utilisant les moments peut égalemenvirsge méthode d’estimation
de degré de ressemblance entre deux surfaces @t ae®valuer d'autres
métriques (locales ou globales)

(a) Modéle original (180140 triangles)  (b) 3(B4042 triangles)
Résultats de la simplification du maillage de |€ate de la medulla rénale en
utilisant la métrique basée sur les moments d'otlérex du volume de I'objet :
(a) maillage original, (b) maillage apres simplition et ne possédant plus que

30% du nombre de facettes de départ.

Chapitre 6 : Conclusions.

Dans cette Thése, nous avons abordé plusieurstagheprocessus de création
d’'un outil de visualisation appliqué au domainenhéaical. Nous sommes partis
d’'une problématique médicale bien précise qui @didsoin de la représentation des
structures anatomiques rénale dans le cadre daiptapréopératoire d’un traitement
de tumeurs rénales. Le processus de création deutiétde visualisation a été
décomposé en différents sous-problémes relealage local par maximisation de
'information mutuelle du volume rénal afin de mettre en correspondance
I'information complémentaire issue de l'uroscarestimation de la probabilité de
présence de tissus en chaque voxel du volume paméthode delassification
statistigue basée sur un modéle de mélange de (@anss pondérées par le
voisinage; la représentation des structures anatomiquee drasant sutechnique de
visualisation a partir deces probabilités de présence de tsswet la simplification
des maillages a I'aide d’'umeétrique utilisant les moments géométriques

Les différentes solutions proposées lors de nataeai de Thése ont été
développées dans le cadre bien spécifigue de reppdication médicale : la

XV



représentation des structures anatomiques rénads agquisition par uroscan. Par
contre, elles sont suffisamment génériques poer \@ilisées ou adaptées a d’autres
organes ou a d’autres applications médicales,esptiant que solution complete de
visualisation, soit de maniére indépendante afimrémndre a des problématiques
particulieres.

Toutefois, ces travaux n’offrent que quelques élémde réponses a I'élaboration
de la chaine de traitement. Plusieurs des poidseptés dans ce mémoire restent a
étre améliorés, essentiellement dans l'automatisaties taches (extraction d’une
région dintérét centrée sur le rein par exempldgns le degré de précision
(classification des réseaux vasculaires ; une isolutle classification par étapes
successives est envisagée) et dans I'optimisatiori’aecélération de certains
traitements (calcul de I'image finale en volumedering).
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Chapter 1: Introduction

Scientific visualization is currently a very actiand vital area of research,
teaching and development. Since vision dominatessensory input, strong efforts
have been made to bring the power of mathemathsttaction and modeling to our
psycho-visual system through the media of compgtaphics. This dissertation
makes focuses on some of these problems in vistializ and finally explores a
specific application of the visualization technigue a preoperative planning system
for kidney surgery.

This introductory chapter introduces a brief dgdin of scientific visualization
especially in medical area. The visualization aggtlon background for kidney
preoperative planning is also introduced. Thenrtia@n research contributions are
presented and finally the outline of the dissestats given.

1.1. Scientific visualization

Scientific visualization contains a wide range epects and algorithms. For an
extensive overview and classification of scientifisualization techniques, the reader
could refer to Brodlie et al. [1] or Domik [2]. his section, we aim only to provide
some basic concepts in order to better understamddientific visualization and to
express our work within this visualization framewor

1.1.1. Scientific visualization definitions

The human’s vision, by its psycho-visual and cageitfaculties, represents a
natural way for observing and understanding phemanseirrounding the individual.
The basic idea of the scientific visualizationaseiploit the inherent properties of the
human vision for the analysis of different kindsdzfta, information or knowledge
produced by scientific or other communities.

Scientists define their needs to explore scientifita and thus drive the quest for
some visual exploration tools. Scientific visualiaa provides concepts, methods and
tools from existing disciplines to best use humiaititees and computer algorithms for
the display of scientific data. It applies the es@ntation of graphical data for gaining
understanding and insight of the data. Sometimissréferred as visual data analysis.
This enables the researcher to gain insight in® gisstem in ways which were
previously impossible.

The research field of scientific visualization cée defined by all of the
techniques which are used to explore, extract amstode the data, phenomena or
complex structures with many variables and highettigions together into a graphical
form understandable by the human’s psycho-visudl @rebral system in order to
enable the observer to construct a mental modileofinderlying processes which are
contained in the complex scene.

From the previous definition, it seems that theemsific visualization only
concerns the information transcription techniquBst in fact, the visualization
process is more than information transcription.\Mitt any observer’s cognitive and
psycho-visual aspects, this transcription canndenaamy sense. The mechanisms how
the observer will understand the final visual foshould also be taken into account
during the information transcription procedure. sTkeads to the integration of the



observer into the visualization process. The glofslalization process is described
in Fig. 1.1.

Scientific visualization Observers

_ V|sua||z_at|on Vision and analysis by th{ Understan-
Start Information media psycho-visual system|  ding the
information o (screen, cognitive processing of thg phenomena
transcription paper, ...) visualized information

Figure 1.1: The global procedure of informationgassing by scientific
visualization

1.1.2. Scientific visualization goals

Scientific data can be provided by various sourtediding measurements or the
results of scientific computations or simulationsrfprmed on supercomputers.
However, data do not become useful until some I(po&athe information they carry
is extracted. The goal of scientific visualizatisnto provide concepts, methods and
tools to create expressive and effective visuatesgntations from scientific data.
Such visual representations improve the understgndf physical processes,
mathematical concepts and other quantifiable phenanexpressed in the data [2]. So
that scientific visualization is expected to enfeand increase scientific productivity.

It is important to differentiate scientific visuadition and computer graphics.
Computer graphics only concerns the techniqueshwten transfer graphic elements
to an understandable way on the screen. In saewnigualization, we seek also to
understand the data and convert it to graphic aisné\ scientific visualization tool
is often more than the visual representations tleéras. Quantitative analysis of data,
such as statistical analysis, image and signal gsgicg techniques are often
associated in order to explore more informatioremeht in scientific data. So that
scientific visualization involves research in humgerception, computer graphics,
image processing, high performance computing, diner @areas.

1.1.3. Visualization of medical data

Three dimensional (3D) volumetric data obtainednfrmedical scanning is in
abundance today. These data are usually obtairied ssanning modalities such as
computed tomography (CT), magnetic resonance ingaffRI), positron emission
tomography (PET), ultrasound, etc. The acquisitioastain information about the
internal anatomical structures or the physiologyth@ patient. With the increasing
acquisitions in medical area, more and more energee put into medical
visualization research. It becomes a successfullicapipn area of scientific
visualization, from the computer-assisted diagntsecomputer-assisted therapy.
Analyzing and illustrating the information by sdiic visualization techniques
makes much sense for both diagnostic and theragmyeus

The visualization of medical data can be classified three levelsillustrative
visualization investigative visualizatioandimitative visualizatior3]:



- lllustrative visualization mainly concerns the extion of information and its
presentation. According to the image spatial dinwerss the visualization can
be divided into three cases: 1D displays (real-tohsplays, e.g. cardiogram
display), 2D displays (slices, contours etc.), 3Bplkhys (surface rendering,
volume rendering etc.). Except the 1D displays y{veimple), this kind of
visualization focuses more on the accuracy andityuapeed is less important
so that low interactivity is also acceptable.

- Investigative visualization focuses on exploratigepects and attempts to
provide more information than the apparently resedly the data. This class of
visualization techniques is put into forward witetdevelopment of various
medical imaging techniques (MRI, PET etc.). Seviahniques are included in
the investigative visualization: multimodality fosi, stereoscopic visualization,
navigational visualization (e.g. virtual endoscopgjc. The speed and
interactivity are vital aspects for this kind ofualization.

- Imitative visualization attempts to imitate visymrception (virtual reality) or
function (simulate and modeling). In addition, taegmented reality (e.qg.
intraoperative image fusion with real world objéctso belongs to this kind of
visualization. Comparing to the two former visuation classes, this
visualization level is higher because the user inse® in the visualization
process.

Among these three levels of medical visualizatitlostrative visualization has
been investigated thoroughly for a long time [5-Tjvestigative visualization
involves more medical image analysis techniques hedause of its various
applications, it becomes one of the hottest rebedopic in recent medical
visualization research area [8-10]. Imitative vigaion is the highest level, besides
image analysis and visualization techniques, @ alsquires the modeling techniques
for the simulation of visual perception or even @y perception [11]. The two
former visualization levels can be the foundationh tioe research of imitative
visualization.

1.2. A general medical data visualization framework

Scientific visualization is widely used in the mealifield. The variety of medical
data encourages the rapid development of visuedizatechniques application in
medical area. Many medical data visualization tdaige been developed for specific
applications. Thinking about the generality of ttesign process of a medical
visualization tool, in our opinion, it must folloeome specific rules in order to be
more efficient. Here we will present the key poimthich have to be taken into
account during this design [12].

Overall, there are two strategies that can be vighb for the design. On the one
hand, the observer can use a general visualizatfiwvare (e.g. AVS [13]). Such
packages are either developed by researchers majoreisualization, or extended
from an application of a particular area. They ofée variety of processing and
representation models. The role of the users ia tbechoose by themselves and
combine the different tools which seem the mosvaht to their specific application.
The other possibility is to develop a tool direallgdicated to the user’s specific area.
This solution requires a close cooperation betwberend user and the visualization
researcher in order to better define the needsretdods of representation.
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Figure 1.2: The design aspects of a visualizatoh t

In both cases, no matter it is done in an intuitoremore formal way, the
development of a tool for medical visualizationnmich more than the graphical
representation. There are three major points thatild be taken into account (Fig.
1.2):

—  The cognition about the input medical data (dimemsinature and spatial
topology of the data, etc.) and the user’s objestifinterest on certain variables,
correlation between data, etc.).

- The conceptualization of the scene or transcriptibtine information contained
in the data into a graphical form [1, 14]. Thispstan be divided into two parts
[1]: 1) the construction of a general model fromundata for the representation
of the phenomena; 2) the transcription of the maaie graphical entities or
visual signs.

- The graphical representation and the manipulatibrihe graphic elements
according to the user’s objectives. This last pooricerns mainly the computer
graphics aspects. It is only one of the main st#phe visualization pipeline
even if some authors reduce the scientific visa#ibn into this unique aspect.

These three steps define the basic structure ehsic visualization and should
be taken into account during each design of a \r=aten tool.

1.2.1. The user’s objective and the input data

These two aspects, although they are outside ofiéisggn of the visualization
tool, are the key points that will play an impottaole for the conception of the
visualization strategy and its design.

The user’s objectiveThe first step of the development of a visual@atool should

be to interview the prospective users on diffelsgects, such as the data they want
to analyze and how they operate or wish to exphaitdata. This step is already a real
analysis of the information to be transcribed by ¥isualization process. It integrates
the scientific knowledge (medical in our case), #pecific user’s requests (his
motivations, his expected objectives, and evenhidslen objectives), the habitual
practice in the area (the accustomed proceduregaventions of the field, etc.).

The input datalf the goal of visualization research is to tfans data into a

perceptually efficient visual format, and if we areaking statements about some
visualization generality, we must be able to sayething about the types of data that
can exist for us to visualize [15]. The analysistlid data forms the basis of any
information transcription stages. The input data ba totally different depending on
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the field and even the scientific application inieththey originated. But all this
information shares common properties which canlégsdied and then transcribed in
a visual form. The properties can be classified ifdur constituents [16]: the
differentiation between invariants and variabldse humber and nature of the data
components; the organization level of the data aompts (qualitative vs.
quantitative information, spatial dimension anddiogy, temporal organization); and
finally the resolution of the components. For acdipe data, the analysis of these
constituents is essential because it enables ehdose some appropriate graphical
encoding which express the same properties.

1.2.2. Conceptualization of the scene

The conceptualization of the scene is the centdl gf the visualization process.
This step consists in the transcription of the limfation contained in the input data to
a schematic and graphical form.

Construction conceptual Transcription to .
mathematic ; . Graphic
Input || of a general Model o graphical entities g :
datz model organizationa visual signs Image
i _
Observer
.

Figure 1.3: The conceptualization of the scene

Brodlie [1] separated the process of conceptuaife scene into two stages (Fig.
1.3): one is the construction of a general model e other is the transcription of
this model to graphic entities or visual signs.

1.2.2.1. Construction of a general model

The information to be visualized can be composedatf that have relatively
varied natures, locations and temporal behaviorsalse they are measured by
different sources. The fusion of these data wifuiee first a spatial and temporal
alignment (orregistration). The distribution of the information all over tlspace or
time requires sommterpolationor extrapolation techniques. Useful informatiom ca
be indistinct or hidden so thaegmentationechniques are often necessary to extract
it. Another stage concerns the modeling or appration of the information by a
continuous function (for a number of techniques, rtodeling or approximation step
is a part of the segmentation process, but theéureas different).

Recall that the ultimate goal of these operatisgoi create a model of the
information entities from the data. This model dsn quite varied: a mathematical
model, an organization model of the data, etc. Timglel will be used as a general
support at the stage of graphic transcription. \Me see that this stage of the general
model construction makes extensive use of classwadje analysis techniques. The
following references can give a starting point tbe appropriate choice of these
techniques: registration [8, 10, 17], interpolatipb8], segmentation [19, 20],
modeling [21].



1.2.2.2. Transcription of the information to graphical cues

The models help to describe the information comigiim the input data in general
terms. The next logical step is to transcribe themmlels to graphical entities as
relevant as possible. The description and classifin of graphical entities have been
referenced [14, 16, 22, 23].

The choice of the best suited visual variable resiailelicate. The generic
visualization software generally offers the usegraphic coding palette. Therefore,
the user chooses a coding based on his intuitffinjties, etc. In contrast, dedicated
software offer a coding which supposedly is taidbte the problem. In all cases,
certain cautions must be taken when allocating aplgc code to the information
components [16].

1.2.3. Graphical representation techniques

In the last stage, the visual variables are reptedeon the screen by computer
graphics techniques [24]. In this section, we areraninterested in the 3D
representation forms. The objective of the 3D Jigation is to represent the
information which initially is three-dimensional @picture plane (the screen). This
process is the reverse of the human perceptionepsoevhich makes a mental
reconstruction of 3D volumes from 2D projectionfiexied by the eyes.

In medical area, the information to be visualizedoiften described by 3D
volumetric data. Sakas [25] analyzed that the sendnedical imaging is going from
2D to 3D in recent years because the imaging proesdare being used not only by
diagnosticians (usually radiologists) but also @asingly by surgeons during
interventional procedures (e.g. navigation, guidimgrvention, controlling therapy,
etc.). This doesn’'t mean that slices (2D) will b&ally replaced. However, the focus
of future applications will be shifted from 2D t®3

Here we focus on the 3D rendering techniques whrehused to visualize 3D
reconstructions of organs. These techniques carldssified into two categories [4,
7]: surface renderin@nddirect volume renderingDVR). Surface rendering involves
the extraction of surface primitives from the inplata, followed by projection of the
extracted surface onto a 2D image. The final inggaity depends on the extraction
and information reduces to only surfaces. Diredune rendering generates the 2D
projections directly from the dataset. It does thysprojecting the entire dataset onto
the 2D image. One disadvantage of using DVR metiotsat the entire dataset must
be traversed each time an image is rendered. Thedwhniques can be combined
together bya hybrid rendering techniguehen it is desirable to add geometric objects
to a volumetric scene [26].

1.3. An application example: visualization for kidrey surgery
preoperative planning

For a dedicated application, the general visuatindramework can be specified.
Fig. 1.2 illustrates the general design aspects wiualization tool. For the special
kidney surgery preoperative planning visualizateystem, the design aspects are
specified in Fig. 1.4. The detail explanation afdb aspects will be introduced in this
section.
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Figure 1.4: General framework of a visualizatioal tor the kidney surgery
preoperative planning

1.3.1. Renal acquisitions and user’s objective

Renal cancer represents 2~3% of whole cancerssatine ithird most frequent in
urologic cancer. If renal tumors are detected piewsly, they are usually less than 4
cm so that a nephron sparring surgery can be cemesldhrough several methods like
open or celioscopic surgery, even also radiofrequéreatments. In all of these cases
the surgeon needs to establish his treatment plgrso that it is necessary to know
the patient specific anatomy and more particul#énly relations between the tumor,
the vascular trees and urinary tract.

Before injection After injection Ten minutes later

Kidney Kidney MOcS

/o

_,~:}

umnor

Figure 1.5: One slice of the acquisitions. Fromtefight: (a) slice without
injection; (b) slice with vascular system and palgma enhanced; (c) slice with
collecting system enhanced.

The CT uroscan is the classical clinical preopeea@éxamination. It consists of
three to four time spaced 3D acquisitions (Fig.),1\Bhich give complementary
information about the kidney anatomy. The first @siion is realized without
injection of contrast agent and informs the surgabaut intern morphology of the
patient. Just after a contrast medium injectiore on two acquisitionsare taken,
which reveal the renal vascular systems and thal rparenchyma and also give
information about the nature and the location @& tknal carcinoma. About ten
minutes later on the last acquisition the collegsgstem is enhanced.

The first step of the kidney preoperative planniegto be aware about the
anatomical structure of the patient’s kidneys. &kquisitions mentioned above give
relatively complementary information about the lgginso that it is possible to

L1f two acquisitions are performed, the first onetained just after the contrast medium injection
reveals the renal arterial system; the second diteireed just a time later presents the venous
vascularization and the renal parenchyma.
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represent the patient’'s specific kidney anatomistlicture to the surgeon by
visualization techniques.

1.3.2. Conceptualization of the scene

As introduced in the general medical visualizatidnamework, the
conceptualization of the scene is separated tostages: the construction of a general
model and the transcription of this model to graphcues.

For the specific application (kidney preoperativanping), the construction of a
general model can consist of two special techniqueggstrationandsegmentation

— The three to four renal acquisitions at differemitcast medium time give the
complementary information about the patient’s kida@atomical structure.
In order to integrate this information within a qué spatial volume, it is
necessary to bring the different acquisitions ispatial alignment, which is
calledregistration

— After the registration, complementary informatian aligned on the same
spatial reference. We will use this complementafprimation to delineate
the several renal structures. The anatomical stredhformation is implied
in the spatial aligned acquisitions. In order tmstouct a model to describe
this anatomical information, we should identify ttigsues contained in the
acquisitions by applying a suitaldegmentatiomethod. If this segmentation
process is realized by a classifier, it is alséecatlassification

The segmentation (classification) method will givaut the distribution
information of the tissues in the acquisitions. Tenscription of this model to
graphical cues is to allocate a graphic code tortfeemation components. Before the
allocating step, we must be aware of the intereissees in the model. In our case, for
illustrating the anatomical structures, the tissudacesare more important than their
inside information so that we try to show the scefain the final image. In order to
separate different tissues in the final image, gsgm acolor to each tissue. If we see
from one direction, the front tissue will cover thack tissue because they are not at
the same depth level. So that semi-transparerstrdtion is acquired to show all the
tissues together. To achieve this goal, we asstggmaparencyalue to each tissue.

1.3.3. Rendering techniques

The graphical representation techniques in the rgénesualization framework
are specified to 3D rendering techniques in oue decause we seek to visualize the
3D constructions of the patient’s kidney.

There are two kinds of rendering techniques for 3k visualization:direct
volume rendering DVR) and surface renderingDirect volume rendering directly
compute the final image from the original acquisis and their properties.
Depending on some algorithmic characteristics, D}R either represent transparent
surfaces or some other volume properties (X-raysilasi composition). It can
generate high quality images but the entire datasedt be traversed each time an
image is rendered, which will cause low interactdmility. Surface rendering requires
the extraction of surface primitives from the inplatta. The final image quality and
the rendering speed mainly depend on the resulthef surface construction.
Sometimes the constructed surface model can cotdairmany surface primitives
(e.g. triangles) to real-time rendering, so thahesh simplificatiormethod can be
applied before the projection of the extractedatefonto screen.
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1.4. Contributions of our work

The research contribution of this dissertation s@suon the essential elements of
a scientific visualization tool. In particular, thesearch area falls into the application
of the kidney preoperative information review. Tdssential elements for the review
of anatomical structure are achieved and also sad#ional visualization techniques
are finally discussed. The individual contributioase introduced in the following
chapters and they are summarized as follows:

1) A kidney-centered registration method is prgabsnd realized by local
mutual information (MI) maximization. Kidney volumere extracted and the
registration is performed between the extracteddyd instead of the whole
volumes. The corresponding paper has been publishethe international
conferencdEEE EMBC '07 [27] and theJournal of applied sciencd€hinese)
[28].

2) A neighborhood weighted Gaussian mixture madeproposed. For the
classification of the vectorial volume, we choobke statistical classification
method based on Gaussian mixture model in ordeacuire the material

probabilities on each voxel. But this method rel@sly on the intensity

distributions without any spatial information, whiwill lead to misclassification

on boundaries with partial volume effects (PVE) andomogeneous regions
with noise. In order to solve this problem we prep@ neighborhood weighted
solution. The proposed model is that the voxel¢énsity vectors follow the

Gaussian mixture distribution and that the clast&sibutions on each voxel are
affected by its neighbors’ class probability disttions. The corresponding
paper has been published in the international cenéelEEE EMBC’08 [29].

3) A new visualization method for visualizing theatial aligned volume data is
proposed. This method first intermix the severdun®es at the earliest stage
(acquisition level intermixing). This intermixings irealized through the

neighborhood weighted Gaussian mixture model bakessification method we

proposed. After this data intermixing, several guesrendering techniques that
can be adapted to this situation are presenteccamgbared in this dissertation.
The corresponding paper is in preparation.

4) Two new mesh simplification metrics based oriami®# moments and volume
moments are proposed, which take the differencedst the moments defined
by the original mesh and those of the simplifiedsmas the objective function.
Comparing to most of the other mesh simplificatinetrics, these two proposed
metrics are based on the object’s global featurstead of local properties. The
corresponding paper has been published in thenatienal journalComputers &
Graphics[30].
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1.5. Dissertation organization

This dissertation focuses on some issues abousdieatific visualization and
especially in the application of preoperative kigimformation review. The summary
of the chapters are listed as follows:

Chapter 1 first introduces the concept of scientific visuatibn and then
summarizes the stages and elements for the dedigm general scientific
visualization tool. The kidney preoperative plamnirisualization is considered
as the particular application for the scientifisualization techniques. Finally,
the contributions and organization of this diss@teare given.

Chapter 2 proposed a kidney-centered registration methodthé range of
organ-centered registration method, Dalen et 4al. pfBoposed a liver registration
method. We implemented the similar idea but thelieggoon organ turns to
kidney. The registration metrics are evaluated byoptimization independent
protocol proposed by Skerl et al. [32] and MI basegtrics are chosen according
to the evaluation results. The experimental resrksgiven and demonstrate the
effectiveness of the proposed method.

Chapter 3 introduces the statistical classification method fbe vectorial
volume which is gotten after the registration. Gaaus mixture model is one of
the most often used method for statistical classifon and it has the ability to
deal with vectorial volume. But it relies only ohet intensity distributions
without any spatial information, which will lead &isclassification on
inhomogeneous regions with noise or on partial m@woundaries. In order to
solve this problem, we propose a neighborhood wettGaussian mixture
model in this chapter and give out the experimemgsililts on both synthetic and
real data.

Chapter 4 describes the methods for visualizing the clagsiiectorial volume.
Both surface rendering and volume rendering tealesgare described and
implemented. For volume rendering based methodstrtansfer function design
methods are proposed and implemented for distihgthie classified materials.
Finally, the experimental results are given for tt@mparison of different
rendering methods.

Chapter 5 introduces the mesh simplification algorithms, whis one solution
to speedup the surface rendering. The simplificatietric is a key issue for the
simplification algorithm. Two new simplification rre&es based on surface
moments and volume moments are proposed. The exgaal results are given
and the comparison with some known algorithmsse given out.

Chapter 6 summarizes the conclusions of this dissertationauilines the ideas
for the future work.
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Chapter 2: Registration using local mutual informaion
maximization

As introduced in chapter 1, the three to four tepaced 3D acquisitions of the
uroscan give complementary information about thin&y anatomy. It is useful for
the surgeon to integrate this information withiaraque spatial volume. The first step
in this integration process is to bring the diffgracquisitions into spatial alignment,
which is referred as registration.

Because of the respiration, the tissues shift nantisly so that it is difficult to do
registration between the whole abdomen acquisitibstunately, we only need to
focus on the kidneys. Although the abdomen is definnot rigid, the kidney can be
considered rigid because its tissues are densahentime distance between these
acquisitions is very short. The nature of the C@uasitions leads us to decide for a
3D/3D, mono-modal, intra subject registration taghe [1]. We suppose that the
kidney shape is not deformed during the acquisiteven during the respiratory
movements. This hypothesis leads us to chooseic Kidney-centered registration
technique.

In order to realize this technique, a local mutn&rmation (MI) maximization
registration method is proposed in this chaptee Kidneys are first extracted from
the abdomen volumes. Then we evaluate several tn&gs metrics by an
optimization independent protocol proposed by Skedl. [2] and MI based metrics
are chosen according to the evaluation resultalliyinthe registration between the
kidneys is implemented by maximizing the Ml betwettiem. The experimental
results demonstrate that this method is effective.

2.1. Introduction

Since information from the three to four uroscarag®s acquired in the renal
examination process is of a complementary natuaggp integration of useful data
obtained from the separate images is often deskefirst step in this integration
process is to bring the images into spatial aligmmehich is calledegistration The
registration is to find transformations that relapatial information conveyed in one
image to that in another. Two analysis stagesakentinto account in order to find an
appropriate registration method: analyzittte nature of the acquisitiont be
registered and finding oat suitable registration method

The nature of the acquisitions

Maintz and Viergever [1] presented a survey of roa@dimage registration
techniques and classified them from several aspbcthis section we will only talk
about the method classification areas which amed|to our situation. According to
this survey, the analysis of the acquisitions reattan be done from the three points of
view: spatial dimensionsinvolved modalitiesand subject According to the image
spatial dimensions, the registration can be dividédlthree cases: 2D/2D, 2D/3D and
3D/3D, in which 3D/3D registration normally applieés the registration of two
tomographic datasets, which is suitable for ouecase four uroscan images are all
CT acquisitions so that our case belongs tontlb@omodalapplications. Recall that
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our goal is to bring the kidney images acquirednfrine four scan stages into spatial
alignment. The images to be registered are from ghme patient so that the
registration isintrasubjectregistration from the subject aspect. In conclusithe
nature of these CT acquisitions leads us to deémtea 3D/3D, monomodal
intrasubjectregistration technique.

Reqgistration methods

The registration methods can be classified int@ehcategoriespoint-based
methods surface based methodand intensity-based methodg3]. Point-based
methodsfirst identify some fiducial points (features) ifinothe pair of images. The
transformation that aligns the corresponding fidugpoints will then interpolate the
mapping from one image to another. The locatiothes$e fiducial points can be based
on interactive visual identification of anatomidahdmarks, such as the junction of
two linear structures (e.g. the central sulcus wité midline of the brain) or the
intersection of a linear structure with a surfaeey(the junction of septa in an air
sinus) etc. Alternatively, the feature can be akeaattached to the anatomy and
designed to be accurately localized by means aaatic algorithmsSurface-based
methods involve determining corresponding surfaces in déf¢ images and
computing the transformation that best aligns thesdaces. For image-to-image
registration, the skin boundary surface and thesroatanial surface are frequently
used. The surface representation can be simplyra. get (i.e., a collection of points
on the surface), a faceted surface (e.g., triarsg®, an implicit surface, or a
parametric surface (e.g., B-spline surfacéhtensity-based methodsnvolve
calculating a transformation between two imagesguge pixel or voxel values only.
The registration transformation is determined bgratively optimizing some
similarity measure calculated from all pixel or ebxalues or a subset of voxels.

Comparing the three kinds of registration methadtensity-based algorithms
require much less amount of preprocessing andins&action than point-based and
surface-based methods so that they have becomeadbe widely used registration
methods. Because of the need of feature locati@mtibased) or pre-extraction
(surface-based), the point-based and surface-bas#tbds require a great degree of
user interaction and have typically exhibited lowaecuracy than the intensity-based
methods. So that intensity based registration nteihapplied for our situation.

Intensity-based registration method

An intensity-based registration algorithm can beegally characterized by three
main componentsithe transformation modelthe similarity measureand the
optimization methadThe optimization method finds the parameters Wwitan get a
transformation that maximize the similarity measure

The transformation mode$pecifies the mapping from one volume space to
another volume space. The transformations are @fetitioned into rigid and non-
rigid ones with the latter transformations furtlderided into many subsets. The non-
rigid transformations are far more complex andeditian rigid ones. Although the
abdomen is definitely not rigid, the kidney candoasidered rigid because its tissues
are dense and the time distance between thesestioms is very short. We supposed
that the kidney shape is not deformed during thquiadion, even during the
respiratory movements. If the kidneys are extradtech the input acquisitions, the
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transformation for the registration between thenkigs can be considered rigid, so
that the kidneys in these acquisitions should bstlyi extracted. Lin et al. [4]
indicated that the segmentation methods are relstiless focused on kidney
segmentation and they divided the existing kidregnsentation and analysis methods
into three categories: 1) threshold and region-daggroaches [5, 6]; 2) knowledge-
based models [7]; and 3) deformable methods [8AB]the segmentation methods
are focused on the automatic kidney segmentatiecigion. Recall that our goal is to
extract the outline of kidneys in these acquisgidar registration. Because of no
identified limits, similar gray levels and simil@aehavior after injection of contrast
agent, the kidney is difficult to demarcate frone tliver or the spleen [10]. The
importance for this segmentation is completenesteau of precision, that is to say,
all the kidney component should be extracted irsehglices. In order to meet this
request, a semi-automatic kidney segmentation fnaorie is proposed. We first
segment the kidney from each slice semi-autométiGhd then reconstruct the
kidney volume from the segmented kidney slices. Tiged registration will be
performed on these reconstructed volumes.

The similarity measureumerically describes the connection between W t
images. Both Collignon et al. [11] and Studholmealef12] suggested to use entropy
as similarity measure of registration. Once thisasuee from information theory
(entropy) had been introduced for the registrabbmmedical images, another such
measure quickly appeared: mutual information (Mlyvas first brought forward both
by Collignon et al. [13] and by Viola and Wells [1Applied to rigid registration, it
showed great accuracy and within a few years itaimec the most investigated
measure for medical registration [15]. The methqelias the concept of MI to
measure the statistical dependence between theeimmégnsities of corresponding
voxels in both images, which is assumed to be malxith the images are
geometrically aligned. Other similarity measureschsuas entropy correlation
coefficient [16], correlation ratio [17], Tsallisweopy [18] etc. are also widely used.
The choice and the validation of the similarity sw@@s are critical points. Usually
the similarity measure is evaluated with the regtgin result, which involves many
other aspects in the registration algorithms (pa&tion, optimization method etc.).
Skerl et al. [2] proposed an optimization indepemndprotocol to evaluate the
similarity measures for rigid registration. Thiofwcol is implemented to choose the
most appropriate similarity measure. The similantgasures evaluation for our
practical situation will be described in detailsection 2.4.

Besides of the similarity measutég optimization methods also a critical point
in the registration method. In our case, theresatgparameters: three for translation
(tx, ty, tzy and three for rotationrX, ry, rz) to find. There are many existing
optimization methods which can do the multidimenaicoptimization [19]. There is
no “perfect” algorithm for the particular applicai. We find that the efficient initial
parameters set can facilitate the choice of tharopation method. Considering the
speed and efficiency, a moment based parametdialization method is proposed
and the downhill simplex method is implementedrastimization method.
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Outline of our work

According to the analysis above, we construct andyecentered registration
framework: the kidneys are first extracted from #ielominal acquisitions and then
the registration is performed between the kidneyseiad of the abdomens. The
intensity based registration method is chosen. I8iityi measure is a critical aspect
for the intensity based registration algorithms. \Weplement an optimization
independent protocol proposed by Skerl et al. {2choose the suitable similarity
measure for our situation. The MI based similantgasure is chosen and some
aspects which affect the calculation of MI suchhesjoint histogram resolution or the
interpolation method are discussed. Besides thdasity measure, the optimization
method in the registration procedure is also ingattd. We propose to use geometric
moments to calculate the initial parameters for tpmimization method. This
initialization makes the choice of the optimizatimethod more unrestricted. Finally,
the results on both synthetic data and real datgisen.

2.2. Intra subject kidney registration framework

2.2.1. Registration transformations and framework

The transformation for rigid registration only ilves translation and rotation so
that it is enough to express this kind of transfion by a matrix. The matrix
expressed transformation between volumes is ifltestirin Fig. 2.1. According to the
relationship of transform matrix, the registratiommework is described as follows:

Rough semi-automatic extraction of the kidney fréime abdominal volume.
During extraction, we keep a matrix (denoted reSpely T1 andT2 for the two sub-
volumes) to express the spatial relationship betwi#e kidney volume and the
corresponding abdominal volume.

Registration of the two extracted kidneys by mazing the MI. This registration
gives the transform matrikk.

Abdomenl Kidney1

Abdomen2 Kidney2

Figure 2.1: Transformation between volumes

In fact, the registration is done between the twb-wlumes (extracted kidney
volumes). By keeping the relationship between ttieaeted volumes and the original
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volumes T1 andT2), we can illustrate the aligned kidney in one lué abdominal
volumes (the original acquisitions) by calculatifg
Tv=Tk T1™*
So this registration process is called a kidneytareql registration.

2.2.2. Coordinate systems definition

Each volume that is involved in a registration Wik referred to a coordinate
system, which defines a space for that volume. Wilvenget the transformation
between two kidney volumes, we expect to have bwedd expression (millimeter
for translation and degree for rotation). If thensformation unit is defined according
to the real world coordinate, the result will bermoelated to the reality. But usually
the volumes are described by voxels, which arenddfiin the image coordinate
system. So when we do registration, we cannot Ekthe transformation between
the kidney volumes directly. In order to do regttn between different volumes in
the real world space, we define the following caoate systems.

The first isvolume coordinate systenvhich is calledJK coordinate systenThis
coordinate system is used as the original volumscrg@ion. The directions are
defined as follows: I, slice left to right; J, ®icop to down; K, slice’s orthogonal
direction.

The second isluman coordinate systemwhich is calledRAS coordinate system
As shown in Fig. 2.2, the directions are definedodlsws: R, human left to right; A,
human front to back; S, human bottom to top. Thasueements are in millimeter in
this coordinate system.

In order to unify all volumes after registrationg wlefined a coordinate system
calledREF coordinate systenThe REF coordinate system still belongs to theyea
of RAS coordinate system. The difference is thas the RAS coordinate system of
the reference volume. After registration, all voksnare transformed into this
coordinate system so that they can be merged.

Finally, the window coordinate systems the coordinate system of the screen
window.

Figure 2.2: RAS coordinate directions definition

Transformation between different coordinate systembustrated in Fig. 2.3T7
is used to get one cut plane data of the mergedmmlin order to show it in the
screen window. During registrationl, T2, T3 andT4 will keep changeless because
they describe the natural relationships betweenctiwdinates. If one volume, for
example volume 1, is consideredths reference voluméhe transfornT5 will be an
identity matrix and the transformation tife floating volumeré will be calculated
according to the registration result of the twonkdg volumes. That is to say, if we
fixed the volume 1 as the reference volumé,will be equal to theTk mentioned
before.
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Tl
Abdomen Kidney T3 Kidney ]
volume | — ney  He—uur volume 1 LeliTopPos RightTapPos
(LK) volume 1 (RAS)
L\I.f)rlif'rzd CSectionWnd
T (REF) T7 (Display
Abdomen Ki - T4 Kidney w5
colume 2 i, volume 2
ve volume 2
(1JK) (RAS)
LefiBottomPos RighiBottomPos

T1, T2: original volume 1JK coordinate <-> sub volume (segmented kidney) 1JK coordinate
T3, T4: RAS ccordinate <-= LK coordinate

T5, T6: REF coordinate <-= RAS coordinate

T7: Window coordinate <->REF coordinate

Figure 2.3: Transformation between coordinate syste

This kind of coordinate system definition has thdity to involve more volumes
into the registration. If there are more than tvidnky volumes to be registered, we
can fix one volume as the reference volume andidenghe others as floating
volumes. The REF coordinate is equal to the RASdinate of the reference volume.
All the float volumes will be transformed to the REoordinate after registration so
that we can get the transformation between theekisinthrough the unified REF
coordinate.

2.3. Volume extraction

2.3.1. Extraction method

Automatically extracting the kidney volume from thiedomen volume is difficult
and time-consuming. We develop a semi-automatikesbased segmentation method
to broadly extract the kidney volume in a reasoadinohe. As the input data is a series
of CT slices, we first segment the kidney sliceshge and then reconstruct the kidney
volume from the segmented kidney slice.

The extraction steps are as follows:

1) Roughly initialize the kidney contour manually fuicking some points to form
a bounding contour, then use the discrete dynaomtoar model [20-22] to segment
the external kidney contour in one slice (as showlig. 2.4). The result on one slice
Is then propagated to the neighboring slice as@ialization. This propagated snake
will be automatically adjusted to the new data lppitegt and Viergever's model.
This propagation procedure continues until it reschhe last slice. During this
automatic process, sometimes manual correctiond teebe performed. In this way,
the kidney external contour is extracted on eaick sl

2) Connect these extracted kidney contours byiagstnatching based contour
tiling method to form a kidney surface [23].

3) Fill this surface to get a binary volume.

4) Do 3D dilatation to the binary kidney volume riake sure that the kidney
information is inside.

5) Intersect the binary volume with the originaégrolume.
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(@) (b)

Figure 2.4: 2D snake segmentation. (a): Manuabhirgation; (b): Contour
adjustment after applying the discrete dynamic @anmodel.

After these five steps, the kidney volume is acbtewVe can make sure that the
kidneys are inside and so that the registratiorwden kidney volumes can be
performed. The total amount of time of this senteauatic extraction for one volume
IS about three minutes for a non-trained user.

2.3.2. Extraction results and synthetic experimentiadata

Extraction results

Several experiments have been done for the exiraofithe kidney volumes. Fig.
2.5 illustrates one of them. We display three slioé the volume from three axis
direction of the RAS coordinate system: axial, camy and sagittal. Fig. 2.5(a) and (b)
show the volume without and with dilatation (stepirdthe extraction process)
respectively. We can see that the dilatation operatan make sure that all the kidney
information including the kidney boundary is contd within the volume.

Svynthetic experimental dataset for the validatibregistration methods

In order to validate the registration methods far special case, we create a
synthetic experimental dataset composed by twometu Denote one extracted
kidney volume asA, the second volume is created by applying a toansdtion
matrix to A and then get the corresponding kidney voluBie Therefore, the
transformation between volunfe andB is already known, which can be considered
as the registrationgblden standard As our real registration is between monomodal
images, the synthetic data is similar to the raakc For the following sections, we do
the method validation on these kidney volume pahisre the transformation between
them is already known.
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(b)

Figure 2.5: Kidney volume without and with dilatati The slices from left to
right are axial, coronary and sagittal images.ghout dilatation; (b): with
dilatation.

2.4. Evaluation of the registration metrics

2.4.1. Similarity measures

We have implemented and evaluated five similaritgasures: 1) mutual
information [16, 24]; 2) entropy correlation coefént [16]; 3) normalized mutual
information [12]; 4) correlation ratio [17]; 5) TiHa entropy [18]. All similarity
measures were applied to overlapping voxels otifiga(transformed) and reference
(target) volumes and formulated on the 2D jointtdgsam or joint probability
distribution of the intensities of the two volumes.

Consider two digital imagesX and Y, with Lx and Ly possible gray levels,
respectively. We may assume that both images Napiels over a common spatial
domain Q=Q, nQ,, where Q, and Q, are the spatial domain ok and Y,

respectively. Treating each pixel intensity valseassymbol of an underlying discrete
random value, and an image as a long sequencentifadybservations of the discrete
random value, we have the following probability ctgstions:

i, 1)
3, M (i)

Where h,,(i,]) is the number of pixel pairs inX( Y) having intensity

Py (i21) = (2.1)

combination , j). Note thath,. (i, j) is their joint histogram, evaluated ovar. Eq.

(2.1) indicates that dividing the entries by thiakmumber of entries in the histogram
yields a probability distribution.
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The marginal probability distributions can be foumyl summing over the rows
and columns, respectively, of the joint probability

Py (1) =22, Po(iv 1) (2.2)
B (5) =D Pyy(is ]) (2.3)

Let H(X) andH(Y) be the Shannon entropies of imadesndY, respectively, and
let H(X, Y) be the joint entropy of the two images, in which:

H (=~ p(Ylog(p(@) (2.4)

The mathematical definitions of the five implemehgmilarity measures are the
following:

1) mutual information [16, 24]
MI(X,Y)=H(X)+ HY)- H( X V) (2.5)

2) entropy correlation coefficient [16]

2MI1 (X,Y)

ECCX Y= H(X)+ H(Y)

(2.6)

3) normalized mutual information [12]

H(X)+ H(Y)

NMI(X,Y) = OV

2.7)

4) correlation ratio [17]

Var E(Y| X)]

Var(X) (28)

Correlation(Y| X)=

where EJ[.] andvar].] denote the expectation and the variance resfsbgt

5) Tsallis mutual information [18]
MI,(X,Y)=H, (X)+ H,(N-A-a)H, (X H (V- H(X Y (2.9)
whereH ,(x) = (1- cr)‘l(zX p(x)* —1) is the Tsallis entropy.

2.4.2. Evaluation protocol

The rigid registration similarity measures can lalgated by an optimization
independent protocol proposed by Skerl et al. T2jis protocol requires that the
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“golden standard” registration transform betweea ithages is available. The main
idea of this protocol is to first sample some posd centered by the “golden
standard” position in the normalized parameter sp#iten calculate the similarity
measures on these positions; finally define soratistital estimates of a similarity
measure. Therefore, the evaluation protocol is aseg by the following three steps:

1. A normalized parameter space is defined so thatna change in any
transformation parameter causes the same mearnrshokels. It is then sampled
over a hyper-sphere with radiRBscentered on the gold standard parametersNinto
rays, each of them composedMdt1 equally spaced pose parameters. If there are
no gold standard parameters in our testing datsteanl we will use the
approximate parameters which are gotten by oustiegion method.

2. The similarity measure is computed fordM+1 samples.

3. Five distinct statistical estimates are computedn@aracterize similarity measures
in the neighborhood of the expected maximum: aayyrameasure of
distinctiveness, capture range, risk of non-consecg, number of local minima.
The definitions of these measures are as following:

« Accuracy ACQ) is the root mean-square distances between therspipere
origin and the global maxima over each line.

« Measure of distinctivenesDQ(r)) is the average change of similarity
measures near the global maximum and is defineal fasction of distance
r =k [d from the maximum, wherd =2R/M is the distance between two
consecutive points along a line ans the number of steps from the origin.

. Capture rangeGR) is the smallest of thdl distances between positions of
global maxima and closest minima along each line.

« Number of local maximaNOM(r)) is the total maxima number of distarrce
from each of thé&\ global maxima.

« Risk of non-convergenceRON(r)) describes the behavior of a similarity
measure around the global maxima. It is defined as the average oftpes
gradients within distancefrom each of thé\ global maxima.

2.4.3. Evaluation results and discussions

2.4.3.1. Results on synthetic data

In order to evaluate the metrics, we formed a stithkidney volume by
translating and rotating a real volume by knowrapeeters tir, tyr, tzr, rxr, ryr, rzy).
This synthetic volume is considered as a floatimjume during the registration
metric evaluation. The information of the kidneyuwme is listed in Table 2.1 and the
parameters we randomly choose are listed in Tal@eThese known parameters are
considered as the gold standard parameters of vileiagion method proposed by
Skerl et al. [2].
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Table 2.1: Testing image sizes, voxel sizes, tediogl and rotation units of normalized parametrical
space, radiu®R, number of linesN, number of points along a lind, and distance between two
consecutive points along a line for the image set.

Image size Voxel size (mm) | Unit | Unit R N M 0
voxels) (mm) | (°) (mm) (mm)
X Y Z X Y Z
124 | 114 | 178| 0.65 0.6% 0.65 7.41 5.3282 50 | 200| 0.22

Table 2.2; Parameters used for constructing thehetin kidney volume, being used as the golden

standard
rzr (°)

tyr (mm) tzr (mm) Xt (°) ryr (°)

txr (mm)
-3.01 2.71

-9.73 -3.23 5.97 -4.63

Table 2.3: AccuracyACQO), distinctiveness of optimunDQ), capture rangeQR), number of local
maxima NOM), and risk of nonconvergencB®ON of five similarity measures applied to the image
mentioned above. The numbers printed in bold remtethe best and the ones in italic the worst \walue
in a column.

ACC DAR) CR NOMR) | RONR)
Ml 0 0.006160 | 26.083166 0 364.58
ECC 0 0.005761 | 26.083166 O 452.85
NMI 0 0.005306 | 26.083166 O 113.23
Correlation 0 0.005774 | 27.713364 0 663.23
Tsallist 0 0.004444 | 21.192572 O 274.19

The evaluation results are listed in Table 2.3.nFtthe result, we can see that
there is no significant difference between theggsteation metrics according to these
evaluation measures, but the MI based metrics (Ml &MI) express a small
advantage.

2.4.3.2. Resultson real data

In the real situation, we have no gold standarcaipaters because the real
transformation between the two kidney volumes iknarvn. Approximately, we use
the parameters we get through MI based registratiethod as the gold standard
parameters, as shown in Table 2.4. Perhaps theodapmted parameters are not
exactly at the correct position, but at least tbay be close to the global maxima and
the evaluation of the measure of distinctivend3®)( the number of local maxima
(NOM) and the risk of nonconvergend®(N is less affected by the position of the
global maxima. So for the real situation, we caoavaluate the registration metric
by calculating these measures while assuming th@oamnated gold standard
parameters.

Table 2.4: Parameters after registration to be asdtie golden standard

X (mm) Y (mm) Z (mm) rx (°) rz (°)

2.79 -4.105 -1.403 1.364 -1.446

The evaluation results are listed in Table 2.5. &kgerimental results on the real
data accord with the experiments on synthetic det@. M| based metrics (Ml and
NMI) appear a small advantage comparing to thersthe
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Table 2.5: Distinctiveness of optimud@), capture rangedR), humber of local maximaNOM), and
risk of nonconvergencRON of five similarity measures applied to the imagentioned above. The
numbers printed in bold represent the best andities in italic the worst values in a column.

DO(R) CR NOMR) | RONR)
Ml 0.006139 | 26.083168 O 509.01
ECC 0.006133 | 26.083168 0 588.60
NMI 0.005268 | 26.083168 0 137.99
Correlation 0.005014 | 26.083168 0 558.48
Tsallist 0.004358 | 21.192574 O 303.29

2.4.3.3. Discussions and conclusions

The experiments compare different registration ioefior our practical situation.
From the results, we cannot definitely say thatolwlone is the best because of their
close evaluation properties. But the MI based rogttMI and NMI) still show the
advantages during the experiment. So we can rdéechdnclusion that the M| based
metrics are suitable in our situation.

2.5. Optimization method

As MI is used as the matching metric, registraticen be performed by
optimizing this similarity criterion. There are maexisting optimization methods
which can do the multidimensional optimization [1@lownhill simplex methqd
Powell’'s methodone of thedirection-set methodsindsimulated annealing methods
etc. Downhill simplex method and Powell’'s method eelatively fast, but they have
the problem to drop into local extrema; simulatadesaling methods address directly
the problem of finding global extrema in the presenf large numbers of undesired
local extrema, but the computation is time-consgmirhere is no “perfect” algorithm
for the particular application. They are two cadigpoints in all the optimization
methods: the choice of the initial parameters bt {yo, tZ, X0, ryo, rzg) and the
choice of the optimization method itself. We wilbke our choice by analyzing the
two issues in this section.

2.5.1. Initial parameters

In order to analyze the effect of the initial paeders settko, tyo, tzo, rXo, Yo, IZo),
we displayed the MI variation within the parametsearching space in order to
estimate the presence or not of local extrema.

For this, we formed a synthetic kidney volume kgnsiating and rotating a real
volume by known parametersd, tyr, tzr, rxr, ryr, rzr). From the initial parameters
set €xo, tyo, t2o, I'Xo, I'Yo, IZo), we sampled the parametric search space and neghsu
MI for each ¢x, ty, tz, rx, ry, rz).

In order to present some graspable results, wel fcamstant the value oy=tyy,
tz=tzy, ry=ryo, rz=rzo. Only tx andrx are varying and the Ml variation can be seen as a
surface as shown in Fig 2.6.

Fig 2.6(a) illustrates the MI surface in the sitoatthat the parameters set is
initialized by the real valueyg=tyr, tzo=tzr, ryo=ryr, rzo=rzr. We can see that in this
situation, the MI surface is smooth and the globatremum is obvious. The
extremum can be achieved by any optimization metaxily. Fig 2.6(b) setyy=0,
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tzo=0, ryo=0, rz,=0 and it can be seen that many local extrema apehthe global
extremum is inconspicuous. Fig 2.6(c) is the situatthat tyo=tyr=0, tz;=tzr=0,
ryo=ryt=0, rzo=rz;=0. We can see that although there are still maogllextrema, the
global extremum is obvious and easy to achieve.

From the analysis above we can get the conclusi@t the more initial
parameters close to their real values the smodihsurface will be. According to the
experiment result, we utilize the characteristitthe image geometric moments [25]
to initialize the parameters instead of initialinatby zero or random values.

(©)

Figure 2.61x-rx searching space MI surface for different parameter
initializations. (a)ty, ry, tz, rzare initialized on the real values when the real
values are not zero; (ty, ry, tz, rzare initialized to zero when the real values
are not zero; (cYy, ry, tz, rzare all initialized to zero when the real values a
zero;

For a three dimensional discrete imdg(g,k), its geometric moments of order
u+v+w are defined as:

My, =22, 2 F(i KMk (2.10)

The first order geometric moments denotes the veluwanter of gravity. The
translation between the centers of gravity canhleartitial value of o, tyo, tZp). The
second order moments can determine the 2 volumes diraction axes. A rotation
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matrix can be estimated from these main axes. Ttmerhree initial parametersxg,
I'Yo, FZg) can be achieved from the matrix.

2.5.2. Optimization method

The registration process is a multi-variable opttion problem. As mentioned
before, there exist many optimization methods. Aghtdrese methods, the downbhill
simplex method is one the most used. Although ceetpto the simulated annealing
methods it has more probability to meet local extee simplex method is accurate
enough after parameters initialization and it &éathan the other methods.

2.6. Implementation details

2.6.1. Interpolation and outside point processing

Denote the floating volume by and the reference volume Wy, when
transforming a poins from F to R by the transformatioffk, usually the resulting
position Ts is not exactly on the grid oR (as illustrated in Fig. 2.7), so that
interpolation is required to estimate the grey gati the resulting point from the
neighborhood.

Tk

Figure 2.7: The illustration of the mapping froradting volumeF to reference
volumeR. With the transformatiofik, the grid positiors in F is transformed to
TsinR.

For calculating the mutual information between tim® volumes, the joint
histogramh(F,R) is necessary. In order to calculate the jointdgsam with the
transformatiorirk, an interpolation method is required. We studiedd interpolation
methods to calculate the joint histogram; thesehou are illustrated (in 2D) in Fig.
2.8:

— Nearest neighbor (NN) interpolation Bf get the nearest grid point value for the
positionTs For example, ihz is the closest grid point, the calculation formida
the corresponding intensity pair related to theentrsample positiors)is:

arg min,d s,n )= n

f.(T9) = f(n) (2.11)
h(f(s), f(T9)+=1
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wheref(s) denote the image intensity in the floating im&gat positions, (TS
denote the intensity at the transformed positibs) (in the reference image and
h(f(s), f,(Ts)) denotes the joint histogram bin for the intengiir f(s), f(Ts)). We
can see that NN interpolation is generally insidfit to guarantee subvoxel
accuracy, as it is insensitive to translationsaiprte voxel.

Trilinear (TRI) interpolation is more reasonabldtwtihe calculating formula:

f.(T9 =2 wOf(n)
h(f(s), £(T9)+=1

(2.12)

With the constraint thatZiV\/i(TS) =1. But we can see that this method will

introduce new intensity values which are originailgt present in the reference
image.

In order to avoid this problem, Maes et al. [1L6gosed trilinear partial volume
distribution (PV) interpolation to update the joimstogram for each voxel pair.
The joint corresponding joint histogram calculatfognula is:

0i:h(f(9), £(n)+=w (2.13)
Hy H= H4‘ H= Hﬁk .H3
/ Wy Wy W Wy
T3 Ts Ts
Wy Wy W Wy
» - L . » -
i oy My 3
NN: TRI: PV:

Figure 2.8: Graphical illustration of NN, TRI an¥ khterpolation in 2-D

NN and TRI interpolation find the reference imageensity value at positiols
and update the corresponding joint histogram emthyle PV interpolation distributes
the contribution of this sample over multiple hggtam entries defined by its NN
intensities, using the same weights as for TRirpakation.

If the resulting positionTs is outside the spatial range Bf we use an image
background expansion method, which is to look e mearest position iR and use
the corresponding intensity as the current poitensity.

2.6.2. Histogram resolution

The intensity values of the original medical imapase a very large range up to
4096. This huge range induces a very large jostogram. The computation time of
Ml is directly related to the size of the joint tagram. This computation can be
speeded up if we define larger bins to the histograhich can be obtained by
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rescaling the image intensity values before regfigin. Linear mapping is a practical
method. The formula to rescale an intensity valfrem image ranger{, r;] to [s1, S

by linear mapping is as follows:

ﬁ(r -r)+s,, [rsr=sr,

r,=h
S=48%, r<rt (2.14)
S r=r

Lin et al. [26] discussed the affection of humbétevels on mutual information
based medical image registration. The authors atelit that the value of mutual
information is reduced when the number of leveldath images is compressed. We
proposed an experiment which highlighted this lhesie shown in Fig. 2.9.

(c) (d)

Figure 2.9: Ml surfaces calculated from the redlpwe and the synthetic
volume with different number of levels. The paragngto get float volume are:
tx=1.46,ty=-1.01,tz=1.9,rx= -3.835,ry= -3.295,rz=2.95. The surface was

gotten whernty, ry, tz, rz all equal to the original parametesandrx ranged
from -5 to 5. (a) number of levels = 16; (b) numbglevels = 64; (¢) number of
levels = 128; (d) number of levels = 256.
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It can be seen that with the growth of number otle the MI values become
higher and the MI surface becomes sharper. Buhidfie number of levels will cause
a great calculation burden during the iterativeistegtion process because the joint
histogram will be recalculated on each iteratioapstLin et al. [26] reached the
conclusion that rescaling the intensity values if@ip 63] is an excellent tradeoff
between the accuracy and the computation time ¥déstimplemented this result in
our registration process.

2.7. Experimenal results

The results on synthetic and real data are pres@mthis section.

2.7.1. Experimental data

Figure 2.10: Some of the slices. From up to dowahsl(ices without injection; (b)
slices with arterial system enhanced; (c) slicah weénous system enhanced.

We take a series of acquisitions taken by the Gilymt CTA1.0CO for the real
testing. Some of the slices are illustrated in FgL0. The pixel resolution is
0.65039mm. The slice thickness and interslice sigaare 5mm. The first acquisition
is realized without injection of contrast agent anfbrms the surgeon about intern
morphology of the patient. The second one, takest after a contrast medium
injection, reveals the renal arterial system. Ofgdi just a time later, the third
acquisition enhances the venous and renal parerechwascularization. These two
acquisitions give also information about the natarel the location of the renal
carcinoma (marked by the red square in the firse sif Fig. 2.10 (b) and (c)).
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After extracting the kidney volume form the abdonaaquisitions, we form the
synthetic data by transforming the extracted kidmelume with the randomly set
transform parameters, as introduced in sectior22.3.

2.7.2. Experimental results on synthetic data

To evaluate the registration process, an experingetibne on synthetic data. As
introduced before, a synthetic volume is build bgnslating and rotating the real
kidney volume. On each experiment, we set a groupramslation and rotation
parameters to build up a synthetic volume and tHenregistration between the
original volume and the synthetic one. More thattyhexperiments have been
performed with randomly chosen parameters and tre@sebetween the estimated
parameters and the real ones are estimated, sothe msults are listed in Table 2.6.
From all the results, the maximal translation ensoress than 0.08 mm and the
maximum rotation angle error is less than 0.1°.

Table 2.6: Registration result between the reatdydvolume and the synthetic kidney volume: In each
group, the first line is the transformation paragnetused to build the synthetic volume and thersgco
line is the registration result.

Group ID Xmn) y(mm) rz(mm) x(°) ry(°) rz(°)
1 -6.75 5.18 -5.11 -2.26 -5.99 -5.29
-6.7418420 5.2116291 -5.1120056 -2.2842028 -5.98838 -5.3083628
2 -4.74 -6.08 -7.58 7.55 1.02 -1.83
-4.7602659 -6.0350842 -7.4883824 7.5110615 1.044716-1.8512405
3 -1.36 2.14 -2.73 6.01 -3.07 -4.67
-1.3221311 2.1003808 -2.8529953 6.0986129 -3.05B530-4.6607840
4 6.95 -9.32 4.75 -3.15 -2.68 7.44
6.9570326 -9.2632615 4.8530425 -3.2897572 -2.6222277.4076053
5 13 -3.22 2.0 -4.46 8.9 -0.60
1.3553261 -3.2410673 1.9061267 -4.4989978 8.9839812.5952921
6 1.53 3.19 4.07 3.09 -2.34 -0.04
1.5547357 3.2102461 4.0694638 3.0934631 -2.3287156.0547939
7 9.06 0.43 7.09 -9.36 -9.10 -2.76
9.0848879 0.4531154 7.1147671 -9.4261618 -9.0525262.7799144
8 8.01 4.76 9.41 4.98 7.49 7.05
8.0674316 4.7399294 9.2888299 5.0535454 7.5581793.0771735
9 -3.94 8.08 -7.55 -4.45 6.41 -8.55
-3.9445847 8.1179366 -7.5172744 -4.4732718 6.429491-8.5622459
10 1.26 -1.75 -9.60 -2.0 -6.79 -5.78
1.3334176 -1.8234414 -9.8614753 -1.9451294 -6.80620 -5.7731429

2.7.3. Experimental results on real data

The experimental results are illustrated in botinkiy-only form and the whole
abdomen form.

Reqistration result between extracted kidney vofime

The registration result on the extracted kidneyuwads is illustrated in Fig. 2.11.
Here we take the registration of the arterial amel Yenous phase acquisition for
example. The extracted kidney volume from the mtt@rcquisition is considered as
the reference volume and the other from the veragslisition is considered as the
floating volume. The first column shows two cutsma from the reference volume.
The second column is the cut-plane taken from #Hreesposition of the floating
volume before registration. We can see that becatisike transformation, the cut-
plane images are not fitted to the reference images third column is the cut-plane
from the floating volume after registration. Thay anore fitted to the reference cut-
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planes now. After the kidney volumes are extradtecth the abdomen acquisitions,
they are expressed by a 3D volume with similar.sizes extraction step implies a
rough center alignment so that from the registratiesult, we can only sense the
rotation phenomena without the translation infoiorat When we illustrate the

registration result in the abdomen volume, thedliation effect is clearer.

(c) two slices from floating volume after regisioat

Figure 2.11: Two cut-planes from the registratiesult of kidney volumes.
From top to down: two slices from reference kidmejume, floating kidney
volume before registration, floating kidney voluafeer registration.

Kidney-centered registration result

Two axial slices taken from the same position ef thvo volumes are merged in
Fig 2.12. The bounding lines are the mapping bodesleof the extracted kidney
volume. We can see that after registration, althotng two volumes are not fitted
exactly, the kidneys seem to be well register toget
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(a) before registration (Eearegistration

Figure 2.12: Kidney-centered registration result.

Using the same registration framework, the kidngngsent on all the 3 or 4 CT
uroscans can be merged within one same patienifispederential coordinate.

2.8. Conclusions

In this chapter we present a kidney-centered magish method by local M
maximization. Kidney volumes are extracted and thgistration is performed
between the extracted kidneys instead of the whollegmes. The registration metrics
are evaluated by an optimization independent pobfooposed by Skerl et al. [2] and
according to the evaluation result, we choose thebdsed metric for our practical
situation. As to the optimization method, we foarsthe initial parameters setting
problem. The importance of the parameters inition is analyzed and the
parameters are initialized by a geometric momentet registration scheme. Some
implemental details, such as the choice of numbésvels and interpolation method
are also discussed.

Experiments are performed on both synthetic andl data. The experimental
results demonstrate the effectiveness of the ragjish method.
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Chapter 3: Vectorial volume statistical classificabn

The registered datasets contain full anatomicalrmétion about the same patient.
To visualize the vectorial datasets, one of thetrmoportant parts is to differentiate
the objects in the vectorial datasets, which iedatlassification or segmentation.

In the practical situation, the datasets, espgcidibse generated by scanning
modalities, contain a complex combination of valU@se of the main reasons for this
complexity is the partial volume effect (PVE). # the effect wherein insufficient
image resolution leads to a mixing of differenstie types (materials) within a voxel.
So that, during classification, a more reasonaldg 8 to give out the probability
distributions of different material types for eaobixel instead of a definite material
label.

Gaussian mixture model is often used in probabibGtgssification problem,
because of its ability to classify both scalar sadtorial datasets. But it relies only on
the intensity distributions, which will lead a miessification on the inhomogeneous
regions with noise and the partial volume boundar®. Kindlmann noted this
problem in his tutorial [1] that “histograms/scatptots entirely loose spatial
information” and he asked if there would be “anywa keep some of it?”. In order
to integrate the spatial information into classifion procedure, a neighborhood
weighted Gaussian mixture model is proposed in théxtion. Expectation-
maximization (EM) algorithm is used as optimizatiomethod. The experiments
demonstrate that the proposed method can get er lotssification result and is less
affected by the noise.

3.1. Introduction

After this registration process discussed in chrapteve will get a multi-volume
dataset which can form a vectorial volume. A comMdirpresentation of registered
volume datasets will give a better illustrationtbé anatomical structures. Suitable
methods should be found to show the anatomicaltstress inside the vectorial
volume.

For the visualization of the spatial aligned mutiume, most of the existing
methods [2-5] differentiate the objects from thdividual volumes and then combine
them together during the visualization procedureetRjer et al. [4] proposed to add
spatial information to multi-dimensional transfem€tions in order to separate as
many features as possible in the scalar volumethedauthors also mentioned its
ability to deal with multi-volume dataset. FirlecaKeil [3] did further research on
this spatial transfer function based method ang flieeused on the multi-volume
situation. Wilson et al. [5] applied different remihg styles for different volumes in
order to visualize the multi-volume. But actuallihese volumes are different
acquisitions taken from the same patient so thay tare not independent. While
analyzing the registered volume dataset, each sapght should contain several
elements which are sampled from the correspondihgnwes. So that we can form a
vectorial volumedataset, in which each voxel contains a vectomoélements
corresponding to the information of the CT uroseaquisitions f is equal to the
number of acquisitions, three to four in our preadticase). In order to get the material
(tissue) distribution information of this vectorialolume, a multi-dimensional
classification(segmentationmethod should be performed.
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Due topartial volume effect§PVE), the object boundaries are usually combined
by several materials. Getting the material proliadsl instead of assigning a definite
material to the voxels (especially the boundaryelexwill be more conformable to
the reality. Opposite to assign definite labels vimxels which is calledhard
segmentationsegmentations that allow regions or classes &lay are calledoft
segmentatioli6]. Because of partial volume effects, soft segragons are important
in medical image segmentation. Based on the asatyshe data to be segmented, we
are looking for a soft segmentation method for @gat volume.

In the range of segmentation methodsustering algorithms are termed
unsupervisedclassification methods which organize unlabeleakuiee vectors into
clusters or “natural groups” such that samples iwith cluster are more similar to
each other than samples belonging to differenttetas The three most commonly
used clustering methods are taneans [7], the fuzzy c-means algorithm (FCM) [8,
9] and the Gaussian mixture model (GMM) solved Bpéttation-maximization (EM)
algorithm [10]. TheK-means algorithm clusters data by iteratively cotimgua mean
intensity for each class and segmenting the imageldssifying each pixel in the
class with the closest mean. This algorithm belotogshe hard segmentation and
cannot meet our requirement.

The fuzzy c-means algorithm generalizes the K-medgasrithm [11], allowing
for soft segmentations based on fuzzy set theawy.aHoint-volume withN voxels,
the voxel intensity vectors are denoted ¢ =12,---,N . If)K is the number of

tissues (or materials), the fuzzy c-means is amtitee optimization that minimizes
the cost function defined as follows:

N K
3= 2wl % -ul

i=1 k=1

whereu, represents the membership of voxein thekth cluster,z, is thekth

cluster center.

The Gaussian mixture model assumes that each vex@&omposed byK
component densities mixed together wikhmixing coefficients. Each component
density follows a Gaussian distribution. Based tatitical theory, the parameters are
estimated by maximum likelihood (ML) and EM algbrnit is used as an optimization
method.

Both the fuzzy c-means algorithm and the Gaussiatune model based method
algorithm belong to the soft segmentation methdte fuzzy c-means estimates the
parameters which minimize the distance from eactelito the class centers. It uses
only the distance objective function without anfietinformation about the intensity
distributions. In contrast, the method based onsGan mixture model uses the
statistical theory to model each voxel’s intensithich is more reasonable to the real
situation. In this chapter, we choose the Gaugsiature model and estimate the ML
parameters by EM algorithm.

All the clustering algorithms mentioned above do dicectly incorporate spatial
modeling. So when dealing with the data containpagtial volume effect, these
methods can lead to misclassification at the oljjecindaries because they rely only
on the intensity distributions during the classifion process. To understand
misclassification, let us consider a situation vehemataset has three tissues A, B and
C, with scalar values f(a), f(b) and f(c), respesity, such that f(a)< f(b)< f(c). Let us
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assume that the tissues A and C touch each othances are very high that the
boundary between A and C is classified to B. Initwmd the lack of spatial
information during classification will lead to neissensitivity in inhomogeneous
regions. Lakare [12] treated the sample locationthé partial volume area specially
to solve this misclassification problem. When deteca partial volume boundary,
the author chose the closer material value (betweeriwo component materials of
the boundary) instead of the sampled value in otdeavoid the misclassification.
This method takes the partial volume effect intasslfication process, but the
classification result is definite decisions at gagtial volume boundary instead of the
material probabilities and it only focused on théERproblem without considering the
noise sensitivity problem.

G. Kindlmann noted for intensity-only classificatiproblems in his tutorial [1]
that “histograms/scatter-plots entirely loose spatiformation” and he asked if there
would be “any way to keep some of it?”. As desalilby Roettger et al. [4], spatial
information is important, because a feature by rigdin is a spatially connected
region in the volume domain with a unique positaond certain statistical properties.
They indicated that only using the statistical miation of the scatter-plot will
effectively ignore the most important part of atéeas definition.

Many researchers have realized the importance afaspnformation for image
segmentation (classification). Zhang et al. [13ppmsed a novel hidden Markov
random field (HMRF) model to integrate spatial mf@ation to Gaussian model based
segmentation methods. Instead of using Markov nanéited (MRF) as a general
prior in Gaussian model based approach as otheanmdsers did [14], the author
proposed a Gaussian hidden Markov random field imadd used an MRF-MAP
approach to estimate class labels, while MAP waslus estimate the bias field
which is only exist in MR images. The bias fieldedn’t exist in CT images and in
addition this model estimates a definite class lldioe each pixel without the
consideration of PVE, so that it doesn’t meet #gguirement of our situation. Tang et
al. [15] proposed to use a multi-resolution Gaussmxture model method for image
segmentation in order to solve the noise sengitipibblem of Gaussian mixture
model based method. The spatial information is icitpl contained in the higher
level image. Chuang et al. [8] integrated the sgpatiformation to fuzzy c-means
algorithm by incorporating it into the membershiption.

We also agree that the spatial information is vergortant for classification. In
order to integrate spatial information to the Garssnixture model based vectorial
image segmentation method, we proposed to involmeighborhood weight to the
classification process. To reach this goal, we naedeighborhood information
descriptor. Lunstrom et al [16] proposed the PaRenge Histogram (PRH) concept,
which is a way to describe the amount of a tissiikinva local region. This gives us
the hint to use this concept as a neighborhood riggsc Inspired by this
neighborhood description form, we propose a neighmd weighted Gaussian
mixture classification method with the purpose oéttpg a more accurate
classification result.

43



3.2. Gaussian mixture model

For a joint-volume witiN voxels, each voxel ismdimensional vector. The voxel
intensity vectors are denoted by(i =12,---,N . If K is the number of tissues (or

materials), we assumed that each voxel interféiyis composed byK component
densities mixed together wimixing coefficients:

f00 =20 (¥ (3.1)

where f, (X) denotes thekth component density and, denotes the mixing
coefficient of thekth material. If f (x) follows Gaussian distribution, the model of

Eq. (3.1) becomes a Gaussian mixture model (GMMg Gaussian mixture model
has been widely applied on MR image segmentati@rlH].
The Gaussian distribution of tikh tissue class is denoted Ipy(x|©,), which

is governed by a set of paramet&s. Given the parameters of all the classes, the
probability distribution of each voxel can be désed as follows:

p(X |@)=Zak n(%19,) (3.2)

where the parameters a@=(a,,---,a,,0,,--,0,) with the constraint that

Uk
Z:ﬂak =1.

Maximum likelihood (ML) estimation is a common usetkethod to find the
probability distribution parameters. The log-likelod expression for this density
from the dat&Xis given by:

0g(L(© X )= log[ ] p(x ©)=. Ioa{iak p (x B, )j (3.3)

Typically, p, is modeled by a Gaussian distribution with mean and
covariance matrix, . That is:

e—(x—ukf S (4412

1
P(X 19,) = R(Xlﬂk’zk)zm (3.4)
k

Finding the ML solution directly from Eqg. (3.3) dfficult because it contains the
log of the sum. The EM algorithm [20] is a good waysolve this problem. In the
next section, we describe how to maximize theilicgd by EM algorithm.

3.3. EM algorithm

3.3.1. EM algorithm principle [20]

The EM algorithm is a general method of finding thH estimate of an
underlying distribution parameters form a givenadat when the data is incomplete
or has missing values. The EM algorithm is veryfulse this situation: if we assume
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the existence of the missing (or hidden) valueg, likelihood function can be
simplified.

This algorithm is based on the idea that the oleskdataX is incomplete. We
assume that a complete dataset exfsts( X, Y) andY is the missing data. So that a

joint density function is:
f(Z;0)=f(X,Y;0)=f(Y|X;0)[f(X;0) (3.5)
So
log f(X;0)=log f(X,Y;0)—-log f (Y| X;0) (3.6)

The ML estimation can be equal to the maximizatibthe right side of Eq. (3.6).
X is the observed data, so it can be considered amstant. Take the conditional
expectation of Eg. (3.6), we get:

Ellog f (X;©)| X] = E[log f (X,Y;©)| X]-E[log f (Y | X;©)| X] (3.7)

If X is given, logf(X|®) is a certain function. So that
E[log f (X;©)| X] =log f (X;®). The right side of Eq. (3.7) is equal to the araji
function.

We assume that there is another param@tethat isn’t equal td . According to
Eq. (3.7), we can get this equation:

L(®") - L(®) = Ellog f (X,Y;0")| X] - E[log f (X,Y;0)| X]
—(E[log f (Y | X;0)| X] - Eflog f (Y | X;©)| X])

As Y is a random variable, we can define:

Q(©,0)% Ellog f(X,Y:@)| X]=] f(YO| Ylog { X YO') d  (3.9)

(3.8)

K(©',0)=EJlog f(Y]| X;0")| X]:J' f(Y] X@)log f(Y] X@)d (3.10)
Using Egs. (3.9) and (3.10), Eq. (3.8) becomes:
L(©)-L(©) =Q(&",0)-Q(6,0)-(K(©',0)-K(©,0)) (3.11)

According to the non-negative property of relatiestropy, we can get this
decision:

T X0) jyve g (3.12)
f(Y| X;0)
Considering Egs. (3.11) and (3.12), we can find ith®(®',0) - Q(©,0) = 0, we
can getL(@')-L(©)=0. That is to say, if we want to find the ML estioat © , we
can construct a seriéé‘} to satisfy that:

K(@',@)—K(@,e)=j f(Y | X9)log

L(O©") > L(0"),0t=0,1,2;-- (3.13)
According to Egs. (3.11) and (3.12), this seriely oreed to satisfy the condition:
Q(O™,0)= Q(6e',0'),0t=0,1,2;-- (3.14)

The EM algorithm process can be summarized aswsllo
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1) Initialize the parameters, gélo.
2) E-step: Under the condition that the observed Xand the current parameters

©' are known, compute the conditional expectation:

Q(0,0!) = j f(Y©'| X)log f(Y, X:©) d\ (3.15)

3) M-step: Compute the optimization solution Q‘(G),C:)t) to update the
parameters:

0" =arg maxQ @ i (3.16)

4) Lett=t+1 and repeat 2) and 3) until the end of the iteratio
3.3.2. Finding ML estimation via EM algorithm [10]

The main part of EM algorithm is the two steps:té&psand M-step. The first step
(E-step) is to find the appropriate functid@. This function is a conditional
expectation to the unobserved random ve¥tor

Q(0,0")=E,[log P(X, Y|®)| X©'] (3.17)

We assume that is the probability that thigh voxel is generated by thkéh class.
That is to say, when théh voxel is generated by tlikh class,y, = k. In this case, Eq.

(3.17) takes the form:
E,[log P(X,Y|0)| X,©']

=2logl[]a, p, (101 ] Ay 1 %.0)

yay 1=
N N
=22 logla, p, (410, )] p(y 15 ©)
yay i=1 j=
SRR i N t (3.18)
=>>>. > logl@, p, (%10, ))E|'| p(y; 1% .©")
vi=ly,=1  y=1i=1 j=
K K N K N
=D ZZZ@ Iog(akpk(xl@k))q'l p(y | %.0")
yi=1  yy=li=1 k=1 E
N K K K N
=2 2. 10g(@, P (¥ 190+ 2. 8, ] P(y, 1%.0")
i=1 k=1 w=loowEl =
This form looks very daunting, but it can be sirfipd:
K K N
PIEDICH | LCALTED
=l  w=1 i=
K K K K N
DI p(in&,@t)]Dp(kI x.0") (3.19)
Y=l ¥a=lyag=l W =1j=E0)A

=T (2 p(y,-|x],et)]mp(k| x0")

=1,|# Yi =1
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K
Sincez PCy; [ % ,0')=1, using Egs. (3.18) and (3.19), Eq. (3.17) can htem

yj=1
as:

Q(e,0')

Og(ak P(% 1©,))p(k| x.©") (3.20)

M= 1=
M~ 1M

log(a, )p(k|%,0")+> > log(p (X 19, ) p(k| x©"

i=1 k=1

1
iy
=

1l
=

The next step is to maximize the functi@Qy which is called M-step. From Eq.
(3.20) we can see that the term containingand the term containin®, can be
maximized independently because they are not tklate

As Zkak=1, we introduce the Lagrange multiplier and then solve the
following equation:

{iilog(ak)p(kl x.0)+A(Y, a _])} =0

i=1 k=1

(3.21)
=L p(kix,8)+2=0
i=1 Uy
Summing both sizes ovkrwe get thatd =—N resulting in:
a " = Z p(k| %,0%) (3.22)
Using Eq. (3.4), th®, part of Eq. (3.20) becomes:
N K .
2.2 1og(p, (% 1©,)) p(k| x.0")
e (3.23)

1 k=1

>3- ioazry - loa(detE, )5 -4, J2,” & o Ix ©

If Ais a symmetric matrixX, a, b are vectors, the following results from matrix
algebra is useful to compute the derivatives of(B®3).

0

&(x AX) =2 AX (3.24)
ddet(A) _ .

A = GetA)AT) (3.25)
0 (1 a1 _ T T
ﬁ(a A'b)=-ATal A (3.26)
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Using Eq. (3.24), take the derivative of Eq. (3.28%h respect toy, and set it
equal to zero, we get:

2 Z 4~ 4Pk %,09)=0 (3.27)

Solve this equation, we obtain the estimatgpf

N

> x Co(k| x.©")
rev = =L (3.28)
> p(k| %,0)

Similarly, using Egs. (3.25) and (3.26) we cantpetestimate ok, :

D p(k] %, )X = 4" ) (X = 4™ T

Znew — =1
k

(3.29)

N

2. p(k|%,0")
i=1

Using Bayes’ rule, we can compute:

_ap(x19\) _  ap(x19)) (3.30)
t K t t '
P(x1O) > aip(x16))

Egs. (3.22), (3.28) and (3.29) are the update ftarduring iteration. Based on
these equations, the estimation process can be atipah as in Fig. 3.1.

(k| %,0")

(Input: The vectorial volume (i =1,2,--- ,N ), the number of class&s)

Step 1: Initialization of®° anda®. Any classification method could be used, in
our case we choose K-means

Step 2:  Calculate the prior probability by Eq. (8.3

Step 3:  Compute the new parameter data accordifgs$o (3.22), (3.28) an
(3.29).

Step 4: Lett =t+1 and repeat steps 2-3 until reaching the end dondit

[oN

Figure 3.1: Vectorial volume classification algbrit by Gaussian mixture model

2 K-means decomposes the volume iKt@lusters withn, voxels in each clusteWE is initialized by
the center of gravity of clustér z‘; is initialized by the variance of clustker alf is initialized by the
ratio ofn, to the total voxel number of the volume.
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3.4. Proposed neighborhood weighted classification

3.4.1. Modified model with neighborhood information

The iteration formula described in section 3.3 didmvolve any spatial
information about current voxel. As discussed irctise 3.1, neighborhood
information is one of the most important spatidérmation. If the iteration procedure
takes the neighborhood effect into account, thesdigation result can be more
reasonable.

The original model calculates the class probabditaccording to Bayes’ rule,
which is described by Eq. (3.30). This calculatisrbased on intensity distributions
without any neighborhood information. Usually thatserial is continuous, so that it is
natural to have the idea that for each voxel, ttodability of thekth class should be
affected by the neighbor&th class probabilities. According to this beliefe wan
integrate the neighborhood effect on the clasgiligtons of the current voxel by
modifying Eq. (3.30).

Due to the deducing process of EM algorithm and mia¢ural continuous
properties of the classes (materials), the clasisalility should obey the two rules:

1) Y p(k| x,0)=1

2) Current voxel'skth class probability magnifies if the neighboldh class
probabilities tend to 1; current voxekth class probability decreases if the neighbors’
kth class probabilities tend to O.

According to the second rule, the neighborhoodscthstribution can be designed
as a weight on the current class distribution,hsd e designed the neighborhood
weighted probability for the current voxel:

p(K| %.0')= i X0 (3:31)
249V B (x16))

Where

W, == (3.32)

N, is a set of neighborhood of tith voxel. |N,| denotes the number of voxels in

a setN,. x, denotes theth neighbor’s intensity of thigh voxel.

Now we briefly prove that the designed formula E31) can satisfy the two
rules. When taking Eq. (3.31) into the left sidetlod first rule, it equals to 1 so that
Eqg. (3.31) can rule 1) naturally.

In order to prove rule 2), we assume that forktineclass of theth voxel, there
exist two neighborhood weightds and W, with: W, >W, >0, the corresponding
probabilities calculated by Eq. (3.31) are dendigg; andp, respectively. If we can
prove thatp, > p,, the second rule can be satisfied. We demsté a; p (x |©}),
N2 > aW p(x|©). When the variable is the neighborhood weihgndN

j=1K
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are constant andM >0, N=>0. We can rewrite Eq. (3.31) fotv; and W,
respectively:

_ MW _ MW,
ph=— b=
MW, + N MW, + N
so that
MN -
0. - p, = (W -W)

~ (MW, + N)(MW + N

WhenM andN are constant and positive, we can deduce that ¥ W, >0, then
p, > p,. When the condition 8V, =0, the probabilityp(k| x,0')=0. That is to

say, the weighted probability according to Eqg. {3.B a monotonously increasing
function to the neighborhood weighx. With this property, the rule 2) can also be
satisfied.

The new class distribution formula is conformalaelte two rules and integrates
the neighborhood information to the current voxelass distribution during iteration.
For each iteration step, the class distributionl aél amended by the neighbors’ class
distribution information. So that through this wieigd formula, the neighborhood
information is taken into account to the classtfiwa process.

3.4.2. Description of the algorithm

The EM solution formula for the proposed neighbadhoveighted Gaussian
mixture model is summarized as follows:

E-step:
p(K| %.0')= i RXIOL) (3:33)
2. R (x19)
M-step
t+1 1 > t
at =52 Pkl %,0) (3.34)
i=1
N
in Cp(k] x,0")
L =42 (3.35)
> p(k|%,0")
i=1
N
Z p(k | %,0) 0 — ™) (x— )
pRERE . (3.36)
> p(k]%,0")
i=1
N .
z p(k| %O )
W = o=t (3.37)

N
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Based on these equations, the estimation processiplemented is described in
Fig. 3.2.

For each element vector of the input series, theigaito find its class distributions.
From the iteration process, we can see that thgrigéhm is not limited in applying on
vectorial volume. According to the spatial dimemsi@enoted byD) of the input
seriesx (i=1,2,-- ,N) with N elements, the shape of the vectorial image to be
classified can be a lind€1), an image=2) or a volume P=3). The difference is
that the shape oN, in Eqg. (3.37) should match the dimension of thguinseries.

Here we only take the nearest neighbors into adowith: D=1, |N,|=2; D=2, |N,|=8;
D=3, |Ni|:26. The neighborhood shape and topology could déifread according to
the real practical situation.

(Input: The vectorial volume (i =1,2,-- ,N'), the number of classé&s)

Step 1: Initialization 0f®°, @° andWP. Any classification method could be used,
in our case we choose K-means. Using Eg. (3.32)itialize the neighborhood
weight for each voxel.

Step 2: Calculate the prior probability by Eq. &.3
Step 3: Compute the new parameter data accordiig$o (3.34), (3.35), (3.36)
and (3.37).

Step 4: Lett =t +1 and repeat steps 2-3 until reaching the end dondit

Figure 3.2: Vectorial volume classification algbrit by proposed neighborhood
weighted Gaussian mixture model

3.5. Experiments and discussions

In order to illustrate the classification resuli&e use vectorial images to test our
algorithm instead of volumes. Comparing to imagike only difference for the
vectorial volumes is that the shape of neighborhsleduld change accordingly, as
mentioned in section 3.4.2. In order to avoid tbeal maxima, the algorithm is
initialized as follows: for the synthetic data, wetialize the center points with a
random data near the global maximum; for the pratsituation, this initialization
can be implemented by picking a point in each nrtezgion manually.

We evaluate our algorithm on both synthetic and weta. The effect of
neighborhood range choice is also discussed.

3.5.1. Evaluation on synthetic data

3.5.1.1. Evaluation on two-dimensional vectorial image

We start the experiments with a simplest case ¢hah pixel in the vectorial
image contains only two elements. That is to saghepixel is a vector with two
elements. The test vectorial image (Fig. 3.3) isstacted as following:

The first channel image (Fig. 3.3 left) is composgdwo homogeneous regions
in which we add Gaussian noisei €5,0 =1.2) and (#=10,0 = 1) respectively.
The second channel image (Fig. 3.3 right) followse tsame scheme with:
(#=15,0 = 2) and (u =5,0 = 0.9) respectively.
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Figure 3.3: Synthetic data. Each image is one akasfrthe vectorial image.

The combination of these two channels leads to @ovial image with three
classes. According to the proposed algorithm desedriin Section 3.4, the input
number of classes 6=3.

The classification on synthetic data is performad the result is shown in Fig.
3.4. Each pixel of the result image is formed g thrmula:

C(x) =Y G KK x0) (3.38)

WhereC(x) is the color assigned to tité pixel andC, is the color we assigned
to thekth class.

(@) (b) (©)

Figure 3.4: Classification result of the synthelata. (a): the Gaussian mixture
method; (b): directly smooth the class decisiortt weighborhood after
classification with the Gaussian mixture methogt; ¢ar method.

Fig. 3.4(a) is the classification result with thegoal Gaussian mixture model.
We can notice that the final regions are not homegeas as expected because of the
noise. The reason is that the method relies onlytlmn intensity distribution
(histogram). The classification progress is a direapping from intensity to classes
so that the noise areas are assigned an incortas$ distribution. In order to
demonstrate that our method is not a simple classidns smoothness. We use the
neighborhood described in section 3.4.2 to smodtd tlass decisions after
classification with the Gaussian mixture model @he result is illustrated in Fig.
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3.4(b). We can see that although the noises amdfatie edges are blurred at the
same time, which is not corresponding to the régab8on. When we integrate the

neighborhood information into the iteration procexjwe get the result in Fig. 3.4(c).

It is obvious that the regions are more homogenaodsthe classification process is
less affected by the noise.

In the practical situation, histograms are congdess an approximation of the
class distribution. Fig. 3.5 illustrates the histog of the synthetic vectorial image
and the corresponding classified class distribstidine original image’s histogram is
shown in Fig. 3.5(a) and the Gaussian mixture iflaggon result is illustrated in Fig.
3.5(b). Our neighborhood weighted classificatiosuitis shown in Fig. 3.5(c). From
these figures, we can see that the classificattsrtife original histogram very well.
We cannot see and even measure significant diffesebetween Fig. 3.5 (b) and (c).
That is to say, the neighborhood weighted methodsdd change the intensity
distributions. The effect of our proposed methotbiamend the class decision by its
neighborhood on each pixel during the iterationcpdure, while keeping the global
intensity distribution nature.

Qriginal histogram

1000

(a) Original histogram

Fitted histogram

(b) Classification without neighborhood

Fitted histogram

(c) Classification with neighborhood

Figure 3.5: Histogram of the vectorial image. @diginal histogram; (b): The
result distribution after classification by the Gaian mixture model; (c): The
result distribution after classification with ouethod.
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From the analysis before, we can see that takiaghiighborhood into account
doesn’t change the class distribution parametetgewve go back to Fig. 3.4, we can
see that the difference between these results ctyoraghe calculation ofp(k| x,0).

Fig. 3.4(a) is calculated according to Eqg. (3.38at is, without any neighborhood
weight. Fig. 3.4(b) and (c) are both calculatedoading to Eqg. (3.33) with the

neighborhood weight\i,, but the apparent results are quite different. Wiseght Wi

in Fig. 3.4(b) is calculated according to the fimabult of the class parameters
estimation process, in contra®¥ in Fig. 3.4(c) is iteratively estimated during the
EM algorithm, as presented in section 3.4.2. CompgaFig. 3.4(b) and (c), we can

easily reach the conclusion that when taking thienesion of neighborhood weight

into the EM algorithm, the classification resultigre conformable to the reality.

3.5.1.2. Experiments on three-dimensional vectorial image

In the real situation, there are usually more ttvam elements contained in each
pixel of the vectorial image. We also did some expents on a three-elements
vectorial image. The test vectorial image (Fig) 3s6constructed as following:
The first channel image (Fig. 3.6 left) is composgdiwo homogeneous regions in
which we add Gaussian noisgz € 3,0 =1.5) and (¢ =10,0 = 1.5) respectively. The
second channel image (Fig. 3.6 middle) follows teame scheme with:
(u=15,0=1.5) and (u=5,0 =1.5) respectively. The third channel image (Fig. 3.6
right) follows also the same scheme withu€2,0=1.5) and (#=8,0=1.5)

respectively.

The three images (Fig. 3.6) form a three-elemeatsovial image, in which each
channel of the vector forms an independent image dombination of these three
channels leads to a vectorial image with six cksgecording to the proposed
algorithm described in Section 3.4, the input nundfelasses i&K=6.

Figure 3.6: Synthetic data. Each image is one datlasfrthe vectorial image.

Similar to the classification of two-elements vetbimage discussed in section
3.5.1.1, the corresponding results formed by E@8)3are illustrated in Fig. 3.7. The
results demonstrate that our proposed algorithm waisrks well for three-elements
vectorial image.

It is difficult to illustrate the histogram and thesult intensity distribution
directly for three-elements vectorial image becatheehistogram has four axes. We
solve this problem by calculating the intensitytdlition summation along one axis
to reduce the total number of axis. The results <rewn in Fig. 3.8. Fig. 3.8(a)
illustrates the intensity distribution summatioorag three axes of the original image.
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(@) (b) (€)

Figure 3.7: Classification result of the synthelata. (a): the Gaussian mixture
method; (b): directly smooth the class decisiortt weighborhood after
classification with the Gaussian mixture methodt; ¢ar method.

Fig. 3.8(b) is the classification result of Gaussmixture classification and Fig. 3.8(c)
illustrates the neighborhood weighted classificgatresults. These histograms also
demonstrate that the neighborhood weighted metraesrdt change the intensity
distribution of the final result.

Original histogram {sum along x 2xis) Original histogram (surrl along vy axdis) Original histogram (.surn along z axis)

(a) Original histogram

Fitted histogram (sum along z axis)
Fitted histogram (sum along y axis) J—

(b) Classification without neighborhood

Fitted histogram (sum along v axis) Fitted histogram {sum along z axis)

(c) Classification with neighborhood

Figure 3.8: Intensity distribution along one ax&: Original image; (b): The
results after classification by the Gaussian mixtmodel; (c): The results after
classification with our method.

We also did some experiments while changing the eizthe neighborhood in
order to see its effect on the classification rssdlhe results are illustrated in Fig. 3.9.
We cannot see significant differences between thesalts so that the shape of the
neighborhood plays a tiny part in the classificatpyocedure for this synthetic data.
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In our case, we choose the standard 8-connectieiyhborhood. For the other spatial
dimensions (line, volume, etc.), the neighborhobdutd change accordingly as
described in section 3.4.2.

(a) 8-connectivity (b) 24-connectivity
0j0f1]0]0
Oj1(2]1]0
Lj2]0(2]1
- Oj1(2]1|0
' ' 0j0[1]0]0

(c) 4-connectivity (d) special shape
Figure 3.9: Classification results with differemighborhood shapes.

3.5.2. Application on real data

After the evaluation on synthetic data, we perfairttee methods on the real data
obtained after the registration of three CT acgoiss. Fig. 3.10 shows one slice of
the registered vectorial volume, which is compadsgdhree channels: (a), acquisition
before contrast medium injection; (b), immediatafyer injection; (c), ten minutes
after injection.

(@) (b)

(©)

Figure 3.10: One slice of the kidney volume aftagistration.

We expect to classify our volume into four clas$at:renal cortex, renal medulla
and collecting system. WitK=4, the classification result formed by Eq. (3.38)
shown in Fig. 3.11. It effectively demonstrates @aonjecture. While taking the
neighborhood information into classification progesl (Fig. 3.11(c)), the anatomical
structures are better delineated into homogeneeg®ns: fat (red), renal cortex
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(green), renal medulla (blue) and collecting systémhite). The simple class
decisions smoothness (Fig. 3.11(b)) blurs the imagd cannot get an accurate
classification result especially on the tissue bord

(@) (b) (©)

Figure 3.11: Classification result of the real: (g Gaussian mixture method;
(b): directly smooth the class decisions with nbmnood after classification
with the Gaussian mixture method; (c): our method.

Similar to the experiments on synthetic data, ve® dlustrate the histograms by
integrating the intensity distributions along onesgFig. 3.12). We can see that the
fitted histogram agree with the original histograery well. The difference between
the classified intensity distribution with and wotlit neighborhood is tiny. The results
confirm that the proposed neighborhood weightedsii@ation method gives the
pixels’ class probabilities concerning the neiglitmad information while maintaining
the global intensity distribution.

3.5.3. Discussions

From the above results, we can reach the conclubi@inthe Gaussian mixture
model based method has the ability to classify orgadt image with the aim of
illustrating the anatomical structures. Because tloé inhomogeneity of the
acquisitions and the partial volume effects, trmuilteof the intensity-only method has
some misclassification area, especially the readkg and the renal medulla because
of their close intensity range, which is shown ig.B.11(a). In order to illustrate this
phenomenon more clearly, the corresponding firsteorderivate of the result
probabilities along one cut line (represented inteyhis shown in Fig. 3.13. Because
of the white background color, the collecting syst@epresented in white originally)
Is represented in black line in the probabilitiesivhte figure (Fig. 3.13), the other
materials are represented according to the coligsally assigned to them.

In fig. 3.13(a), according to the probabilitiessfiorder derivate, we can clearly
see that the regions are not separated becauseatteesome inhomogeneous regions,
e.g. in the renal medulla (between index [30, 40}lwe line) or partial volume effect
on tiny object, e.g. the collecting system (betwewtex [70, 80] on the line). While
taking the neighborhood information into the itemat process, the results are
improved significantly, as shown in Fig. 3.13(b)eWan see that inside one material
region, the proposed method gives a more homogsndeaision. The proposed
method considers the intensity and the positionre pixel simultaneously so that it
can give a more reasonable classification resuhilé\tomparing Fig. 3.13 (a) and
(b), we can see that the proposed method has tleet edf less sensitive to
inhomogeneous region, while giving a better classidution.
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Qriginal histogram (sum along x axis) Criginal histogram {sum along y axis) Criginal histogram (sum along z axis)

(a) Original histogram

Fitted histogram (sum along y axis) Fitted histagram {sum alang z axis)

(b) Classification without neighborhood

Fitted histogram {sum along x axis) Fitted histogram (sum along y &xs) Fitted histogram (sum along z axis)

it
R

s
e

(c) Classification with neighborhood
Figure 3.12: Intensity distribution along one ax#&: Original image; (b): The

results after classification by the Gaussian mixtmodel; (¢): The results after
classification with our method.
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Probabilities derivate along one line

20 40 B0 g0 00 120

(@)

Frobabilities derivate along one line
20 40 B0 20 1m0 120

(b)

Figure 3.13: Probability first order derivate alame cut line. (a): the Gaussian
mixture method; (b): our method

3.6. Conclusions

In this chapter, Gaussian kernel functions are usedstatistical classifier to have
the ability of classifying vectorial images or volas. A neighborhood weighted
method is proposed. The model is that the voxeitenisity vectors follow the
Gaussian mixture distribution and the classesidigions on each voxel are affected
by its neighbors’ class probability distributiors that a neighborhood weight is used
to describe this property. The neighborhood infdroma is integrated to the
classification process by amending the voxel'sctistributions at each iteration step.

Experiments on both synthetic and real data arfoqmeed. The results show that
this improvement on Gaussian mixture model is &fected by noise and gives better
classification results. Usually, a nearest neighbod is enough in practical use. The
experiments also demonstrate that the expansiadheoheighborhood range makes
tiny effect in the final classification results. &lexperimental results demonstrate that
the proposed method gives more reasonable clasgdions for each pixel while
keeping the global intensity distribution.
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Chapter 4: Vectorial volume visualization techniqus

For scalar volume rendering, there exist many velwmsualization methods [1].
There are relatively less researches focused orrethe@ering of vectorial volume
composed by multi-volumes, that is, volumes acquitg scanning an object with
multiple modalities or the same modality at sevpmiod of time. But because of the
development of scan techniques and registratiorhoaet [2], this vectorial volume
data becomes arisen in medical visualization.

Most of the existing methods [3-5] for this vectbrivolume visualization are
based on the intermixing of the component volumeore certain step in the
rendering pipeline, these spatial-aligned volunresséll considered individually. But
all the volumes are from the same patient, theyulshbe combined together as a
vectorial volume. We have presented a neighborhwetjhted Gaussian mixture
classification method to get the class distribwgiah the vectorial volume. With the
help of that vectorial volume statistical classfion method, we can consider this
vectorial volume as an integrative volume and renitlewith several rendering
techniques.

The rendering techniques are divided into two aateg: surface rendering and
volume rendering. Surface rendering techniquesaagively easier to implement in
our situation. But its disadvantage is that a gedoa presentation should be
obtained first and the final image relies mostlytio@ generation quality of the surface
models. Direct volume rendering methods can geffitte¢ image directly from the
volumes, but in our situation, the difficulties @ap in gradient calculation, transfer
function design etc. We focus on the solvent ofé¢heifficulties and propose several
rendering techniques for classified vectorial voésnn this chapter.

4.1. Introduction

In this section, we first outline our research eantof this chapter. The
representation of the results from the previouskvgives us a classified volume. The
specificity of this volume is that each voxel izector and the tissues memberships
are assigned to each voxel by a classification awetfio display this volume, we
need a suitable vectorial volume visualization atga. Vectorial volume
visualization techniques are expanded from scabduwe visualization techniques.
For the investigation of vectorial volume visuatina algorithms, we first briefly
review the scalar volume visualization algorithmsert the existing vectorial
visualization algorithms are analyzed in comparigpour proposed method. Finally,
the outline of our work in this chapter is given.

In chapter 1 we have shown that the general viza@bn framework can be
adapted to our situation (Fig. 4.1).

The next step is now the graphical encoding ofgbeeral model. In order to
distinguish all the tissues in the final image, weed to assign a color and a
transparency value for each material. Forkihematerial, the user will assign a color
Ck and an opacity value, (denotes the transparency of the material). Thaciop

has such propertiesr, =1 implies that thekth material is completely opaque, and
a, =0 implies that it is completely transparent.
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Figure 4.1: General framework of a visualizatioal tor the kidney surgery
preoperative planning

As referred in Fig. 4.1, these steps conclude tbegss of the conceptualization
of the scene and now the next step is to find gppate rendering techniques for the
final visualization.

Scalar volume visualization

In this chapter, we focus on the rendering techesqtor vectorial volumes. But
because the vectorial volume visualization techesgare expanded from scalar
volume visualization techniques we first introddice scalar volume visualization.

For the visualization of scalar volumes, most & #igorithms can be classified
into two categories: surface rendering algorithnrmsl alirect volume rendering
algorithms [6]. Surface rendering algorithms fiestiract the surface representations
from the volume data and then graphic techniquesuaed to render the extracted
geometric primitives. Volume rendering algorithmeedtly get the final image from
the volume data without going though an intermedsatrface extraction step.

For surface rendering algorithms, a surface skedixtracted from the data. The
surface is typically approximated as triangular Imefich can be passed as geometry
to a rendering process. The classical approachirface extraction is thislarching
Cubesalgorithm, proposed by Lorensen and Cline [7].sTalgorithm assumes that
the data is on a structured grid and then extriesso-value surface within a unit
cube and processes the cubes independently on¢heftether.

Unlike the surface approximation method, directunoé rendering convey an
entire 3D dataset in a 2D image directly. Thereraemy research concerned about
volume rendering [1, 8, 9]. The process of consiingcan image from a volumetric
dataset using direct volume rendering can be suimethby the following steps [10]:

1) Data traversal: The positions where samples will be taken from the

volume are determined.

2) Sampling: The dataset is sampled at the chosen positiors.s&ampling
points typically do not coincide with the grid pténand so interpolation is
needed to reconstruct the sample value.

3) Gradient computation: The gradient of the data is often needed, in
particular as input to the shading component. @radicomputation
requires additional sampling.

4) Transfer function: The sampled values are mapped to optical progertie
typically color and opacity value. The transferdtion is used to visually
distinguish materials in the volume.
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5) Shading and illumination: Shading and illumination effects can be used
to modulate the appearance of the samples. Thee-thneensional
impression is often enhanced by gradient-basedrsipad

6) Compositing: The pixels of the rendered image are computed by
compositing the optical properties, and the colorsCs of the sample
points according to the volume rendering integral.

Vectorial volume visualization

For the vectorial volume visualization methods,skell first distinguish between
vectors of physical quantities (such as flow amdis} and vectors that store a list of
voxel attributes. There is a large body of literatto visualize the former, but it is out
of our discussion range. We focus on the lattet i volumes which are composed
by voxels of attribute vectors. Here, in particlyjarare the volumes acquired by
scanning an object at different periods, whichngslar to multi-modal volumes. Each
voxel of the vectorial volume contains a vectomied by the patient’'s acquisitions
from different scan times.

Based on the fundamental algorithms used for sealaime visualization, a few
literatures did some research about the vectoisalalization techniques [3-5]. These
authors consider the vectorial volume as a cotlacof separate volumes and they
mix the vector's components at one certain stephef scalar volume rendering
pipeline.

Cai and Sakas [5] classified the methods accorthntpe levels where the data
intermixing occurs. Three levels were definedage level intermixingcomposition
level intermixingandillumination model level intermixing~ig. 4.2).

— The simplest mixing technique is image level inteing. It consists to
render each volume separately as a scalar datasgehen to blend the result
images according to some weighting function thatsgay includes the z-
buffer of opacity channel. This method doesn’t regj@a modification of the
volume renderer but it loses the depth orderingrim&tion.

— The composition level intermixing method solvedstiproblem. For each
voxel of each volume, the opacity and color aréeneded according to the
voxel value and the illumination model. These opasiand colors are then
intermixed at each compositing step, thus presgrttie depth information.

— A third method is illumination model level internmyg. The volume samples
are combined before colors and opacities are caedput

Although these intermixing methods can render thetorial volume, they all
consider the space aligned volumes individuallyadidition, these methods mix the
data at different steps of the volume renderingelpie so that the surface rendering
techniques cannot be applied at all.

In our case, the volumes are taken from the sartienpaat different contrast
periods so that they can be considered together.irftermixing level can then occur
before the rendering pipeline. We will call thisééacquisition level intermixingFig.
4.2). The acquisition intermixing step is realizbyg the neighborhood weighted
mixture Gaussian classification method we proposedChapter 3. After this
classification, we get the material probabilitytdsutions on each grid of the volume.
As introduced later, both surface rendering anduw@ rendering techniques for
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scalar volume visualization can be adapted to #wtovial volume visualization with
this acquisition level intermixing method.

Traversing
voll Vol2 Vvoll Vol2 Voll Vol2 Voll Vol2

Y Y ¥ Y Y Y ¥
Sampling and Interpolation ‘
L Y Yy Y Y ¥y
Illumination
L L J Y Y y
Composition
Y L J
image level illumination level
intermixing ¥ intermixing v

composition level  ycquisition level intermixing
intermixing (our method)

Figure 4.2: Rendering pipeline for different inté&img levels

Outline of our work

Both surface rendering and volume rendering teclesgcan be expanded to the
vectorial volume visualization in the acquisitiogvél intermixing method. Surface
rendering method applied in our situation is a $&mpulti-object expansion, which
will be introduced in detail in section 4.2.

Volume rendering is relatively complex because sarhets steps cannot be
simply expanded for the intermixed vectorial volunfccording to the volume
rendering procedure, the difficulty of the expansfoom scalar volume to vectorial
exists in the gradient computation and the trarfsfiection design because the sample
values are intensity vectors and material probisdsliinstead of scalar values. We
focus on solving these problems in the direct vauendering section of this chapter
(section 4.3). Finally, our discussions and corolhusare given.

66



4.2. Surface rendering method

For scalar volume, surface rendering techniquesoappate a surface by some
geometrical primitives, most commonly triangles,iahhcan then be rendered using
conventional graphics accelerator hardware. A serfzan be defined by applying a
binary decision functio(v) to the volumetric data, wheiVv) evaluates to 1 if the
valuev is considered part of the object, and evaluatésitahe valuev is part of the
background. The surface is then contained in tg@mnewhereB(v) changes from 0 to
1. WhenB(v) is a step functionB ( 3 Dv=\,,, wherev is called thaso-value
the resulting surface is called tls®-surface[1]. The Marching Cubesalgorithm [7]
was developed to approximate an iso-valued susgitea triangle mesh.

This surface extraction cannot be applied on tletoval volume directly because
the vectorialiso-valueis difficult to define. But the class distribut®nve get after
applying the vectorial classification method aratieely separated, as shown in Fig.
4.3. Each material distribution can be treatednasmdependent volume. Each material
distribution volume is closed to a binary volumethwithe value range [0, 1]
(especially at the border) instead of always 1 ihireary volume. We can get the
surfaces of each class and then render them isaime scene as multiple objects so
that the materials can be merged in the final image

Figure 4.3: One slice of the material distributiginem left to right: fat, renal cortex, renal
medulla and collecting system.

The value range of the material distribution is IQ, From Fig. 4.3 we can see
that this data range only happens at the borderimgide the object the material
probabilities tend to 1, so that we choose 0.Jhagb-valueto extract the surfaces of
the objects. The algorithm is summarized as follows

1) Set theiso-valueto 0.5 and extract surfaces from each materidfilligion

volume.

2) Assign material color and transparency to the espwading surface.

3) Render the surfaces in the same scene by the gedpéindering techniques.

The results get from step 1) and 2) are illustranelig. 4.4. In this figure, we do
not consider fat because it's not useful for iltat# the anatomical structure of the
kidney. We can see that the three materials aaéively independent from each other.
At the border of two materials, the algorithm détethe surface for each of them
respectively. That is to say, the algorithm canseparate the surface inside and
outside of the object and all of the borders ateated as surfaces. The three surfaces
are rendered as three different objects with traresy properties and the final
merged image is illustrated in Fig. 4.5. From thsuits, we can see that the multi-
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object solution is practical for this situation.eradvantage of this method is that the
final image can be rendered very fast after théasarextraction. The disadvantage is
that the surfaces should be extracted first and vilemes are reduced to the
boundaries of materials and all the other infororats lost.

Figure 4.4: Surface extraction result of the matgriobability volumes, from
left to right: renal cortex, renal medulla and eoting system.

Figure 4.5: Merged scene rendered by semi-transpaugface rendering
technique.

4.3. Direct volume rendering method

4.3.1. Introduction

Direct volume rendering is a visualization tech@giw convey an entire 3D
dataset in a 2D image directly. The direct voluraedering process expressed by
Hadwiger et al. [10] has been reviewed in sectidn #h which transfer function is an
important step to visually distinguish materialgebin et al. [11] proposed a direct
volume rendering technique to visualize a scalalume composed by several
materials, which is similar to our situation, bl tauthors didn’t pay much attention
on the boundaries of materials. Kindlmann and Dufk®R] indicated the importance
of transfer functions and analyzed the boundaryp@moes. According to their
analysis, the authors proposed to assign the gplagit function of both data value
and gradient magnitude. But the analysis has afisignt assumption: the features of
interest in the scalar volume are the boundaryoregjibetween areas of relatively
homogeneous material. Considering these volumeerargl methods for multi-
materials, we proposed two volume rendering methxsdsed on ray casting which
enhance the boundaries by the design of transhetitun.
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4.3.2. Volume rendering framework

The framework of the ray casting rendering proassshown in Fig. 4.6. The
sample positions depend on the direction of théedasys. As introduced before, the
input of this rendering pipeline is the materiablpabilities on each voxel and the
material properties (color and opacity value) assijby the user. Recall that the
material probabilities on grids are gotten by teehborhood weighted classification
method presented in chapter 3.

Screen

Cast rays
Y

Sample positions

Y Y
Material probabilitics = Density volume
. : ;
Sample color Sample opacity Gradient
»| Shading |« Gradient orientation
Y
L Gradient
Transfer function fe—————
magnitude
L ¥
Shaded color Composed opacity ‘

Y

Composition

ki

Final image

Figure 4.6: Volume rendering framework

The material probabilities on the sample points athieved by interpolation
method. For gradient calculation, Drebin et al.][ptoposed to form a density
volume by assigning a density value to each matena then composing the
densities weighted by the materials’ probabilitd&e apply a similar idea but use the
opacity value instead of an extra density assigrywvamch will be expressed in detalil
in section 4.3.3.

From the sampled material probabilities and thégassl material properties, we
get the sample colo€, and sample opacity, for the composition step of the

rendering pipeline. The sample color and opacigy given by a transfer function.
Concerning the opacity, the transfer function camehtwo roles [8]: (a) assign to a
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specific voxel the tissue transparency and (b) eoddhe surfaces by increasing the
opacities in the boundary areas and decreasing timerhomogeneous regions.
Different transfer functions will lead us to diféet direct volume rendering methods,
which will be described in detail in section 4.3kindlmann [13] summarized the
transfer functions and indicated that gradient ntage is a useful second dimension
for transfer function design to enhance surfaces.téte this idea and adapt it to our
practical situation.

Besides the transfer function, shading is anotimgortant issue in the rendering
pipeline. Shading effects can be used to moduleeappearance of the samples. We
apply the widely used Phong shading model [14alowdate the shaded color.

The final step in the volume rendering processhés domposition. It constitutes the
optical foundation of the method. We will expresmidetail in section 4.3.5. Finally,
in section 4.3.6 we illustrate some experimentsilits and do some comparison.

4.3.3. Gradient calculation

Drebin et al. [11] proposed to form a density votuand calculate the gradient.
The density volume is formed by the material prapsr A density characteristio,

is assigned for thé&th material and then the density is formed by tbikoWwing
formula for each grid:

K
D= z Pw Ok (4.1)
k=1
We can see that the greajey is, the more important theh material is. Ifp,

equals to zero, thedh material will disappear in the final image.

As referred in section 4.1, the material opaaityhas such propertiesr =1
implies that the material is completely opaque, arel0 implies that it is completely
transparent. The material opacity has the simiffaceas the density characterisjc
so that we can use the opacityto replacep to form the density volume. This
replacement can reduce the input parameters ofetigering pipeline so that it can
simplify the user input because the two propertigscity a and the densityp can
be confused. The formula is as follows:

K
D= z P, 4.2)
k=1
-1 10 1
210 2
-1 10 1

Figure 4.7: 2D Sobel operator

Our experimental dataset in this chapter is almmagse free because of the
efficient classification method proposed in Chaf@ekWe choose the Sobel operator
for the gradient calculation because it provideshibst edge quality for noise absence

70



edges comparing to other operators [15]. For faigin, Fig. 4.7 shows the mask of
2D Sobel operator in one direction. The 3D Soberator is a special expansion of
the 2D case. Denote the gradient vectoiGyandG =(G,,G,,G,). G,, G, andG,

are the directional gradient xpy andz axis direction respectively. The corresponding
formula to calculate the gradient is as follows:

Gx:(ZHDxﬂ,y,z_D +(D D—xl,wyl,)
+ (Dx+1,y—1,z_ D)&l,y—l,z) +(D *1yz1l D x1, y,+22+(D w1 yz1 D -x1, y,—z)])llz
Gy:(ZHDX,yﬂ,z_D z)+(Dxl,yl,z_D-xl,-yl,)
+ (Dx—l,y+1,z_ D)&l,y—l,) +(D xy1lz1 D X 1,+z)+(D Xy lz1 D x—yl,—z)])/lz
Gz = (2|]DX, vzl Dx ¥ z-1)+ (D x1, yel D 1, y—z])
+(Dx—l,y,z+1_ Dx—l,y,z]) + (D Xyl l_ D X ¥ l,—z)+(D Xy 1,+zl_ D x—yl,—z)J)/lz
The normal direction is the gradient vector noraedi by its magnitude:

N =(G,/|G|,G, /|G|, G,/|G]) (4.6)

x—]_’y,z) *x1, y1, z

(4.3)

X ¥ 1,

(4.4)

(4.5)

where|G| denotes the magnitude 6f, with |G| =,/G + GZ + GZ .
4.3.4. Transfer function

Transfer function is applied to assign one colod ane opacity value to each
sample point comprising the volume dataset in otderisually discern the several
materials in the final image. For our situation, w&oduce two methods to assign the
colors and opacities to the sample points.

4.3.4.1. Class decision method

The input is the classified probabilities, it idunal to consider making a material
decision for each sample and then to assign thesmonding material properties to
the sample point, which is callethss decision method

Frobabilities derivate along one line
1 : :

22 R

1

] 20 40 50 80 100 120

Figure 4.8: Probability first order derivate alome cut line. The circled region
means the line goes from mateiafred part) to materiah (green part).

Recalling the first derivate analysis of the clasdi probabilities (Fig. 4.8), we
can see the border of two materials very clearlyth& boundary region, the positive
derivate indicates that the line is going inside thaterial and the negative derivate
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indicates going out of the material. The first date tends to zero when the line
passes inside of the materials. When we cast antaythe volume, we calculate the
first derivate along the ray. With the analysisdvef we can easily distinguish the
inside of the one material and the borders of neger We can also get the
information that we are going from materato materialA if the first derivate oA\ is

positive and the first derivate & is negative, as illustrated in Fig. 4.8. Denote th
directional first derivate ofth material asf'(k), and the color and opacity of tkin

material asC, and a, respectively, The sample col@; and the sample opacity,
are given by:

C,=C,, a,=a,[¥'(p), wherep=argmaxf’k; 4.7)
k

With this formula, the inside of the materials bk discarded because the first
derivate tends to zero. From Fig. 4.8 we can sakthie highest first derivate appears
at the border of two materials which will give alhiopacity according to Eq. 4.7.
This formula defines a class decision for the bampdf two materials, so that it is
called class decision method.

4.3.4.2. Composed color and opacity

Unlike the class decision method, the color andcibpdor the sample position
can be gotten from the material probabilities dlgeby multiplying the color and
opacity assigned to that material by the probahdfteach material. The sample color
C. and sample opacity, are given by:

K K
C = z PG, a.= z P (4.8)
k=1 k=1

where p, denotes the probability of theh material and the number of materials
isK.

As mentioned before, during the rendering procdss,regions of interest are
boundaries between materials and the transferiimd an efficient tool to express
the boundaries. Eq. (4.8) has given out the cabor @acity of the sample position,
but it doesn’t have the ability to highlight anyumalaries. The composed opacity has
the same formula as the density volume (Eq. (4R29).4.9 illustrates the relationship
between the sample location and the first derieatif the density volume. The first
derivate is actually just the gradient magnitudg] [¢he gradient computed on the
densitiesD). We can see that the gradient magnitude magndteshe material
boundaries and equals to zero at the interior ef material, which is corresponding
to the separated materials’ first derivative (Bg).
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The first derivative along one line
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Figure 4.9: The first derivative of the density wole

Usually the gradient magnitude is very sensitivetite noise, but due to the
efficiency of neighborhood weighted classificatimethod, the result of the classified
material is almost homogeneous. As the densityraelis constructed according to
the material opacities, the gradient magnitudeegvath the material opacity values.
If two materials have similar opacities, the boundaetween them will have small
gradient magnitude; contrarily, if the two matesiare quite different, the boundary
between them will have a big gradient magnitudee g§hadient magnitude can be
considered as the “importance” of a boundary serfd€ we use the gradient
magnitude as an opacity mask, all the boundaridks appear in the final image
according to their “importance”.

The weighted opacity is described by the followiognula:

a, = [Z_ pkakjtll\lsl' (4.9)

where|NS|' is the normalized gradient magnitude of the sanmasition, it is
given by:

IN|

! = |NS|_|N|min (410)

| |max | |min

where|N| _ and|N| _ denote respectively the global maximum and minimum
gradient magnitude of the whole volume.

4.3.5. Composition

The final step of volume rendering is compositiovhich has two kinds of
direction: front-to-back and back-to-front. The adtage of the front-to-back
composition order is that it can terminate the asysoon as the accumulated ray
opacity reaches a threshold close to full opadibe reported benefit for this early ray
termination is about 50% [9].

The fundamental process for creating a volume mémglamage is based on
simplified models of the real physical realism [1&hese optical models describe
how a ray of light is affected when traveling thgbuthe volume. To compute an
image, the effects of the optical properties mesinbegrated continuously along each
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viewing ray. Among all the optical models, thlesorption plus emission modslthe
most common one in direct volume rendering.

Let a andb denote the entry and exit points of the rlybe the light entering
from the backgroundi(u, v) be an aggregate of the transparency betwesardv, g(u)
specifies the emission at a poinalong the ray. The optical model can be described
as follows:

1b)=1.T(a b)+j: 9(UT(y B d (4.11)

The first term accounts for the absorption of ligistthe ray passes through the
volume and the second term captures the emissmn the inside of the volume,
which is also affected by the volume.

This description assumes both the volume and thgpmg to optical properties
to be continuous. In practice, of course, the etan of the volume rendering
integral is wusually calculated numerically, togetheith several additional
approximations. Max [16] also gave out the numérgzdculation method after the
description of the optical models. According to tihéegration sequence, both the
back-to-front and front-to-back compositing algonit can be deduced from the
optical model (Eqg. 4.11).

The ray is divided inton small segments. For théh segment the emission
contribution becomes a single colGx. the transparency; is usually denoted by the
opposite propertgpacity a; =1-T. . Assume that the enter color of e segment is

C,, and the enter opacity 8,. After the integration of théh segment, the result

color is C,,, and the result opacity is,,, .
The back-to-front compositing formula is as follows

Cout = C:in(:l'_a'i ) + qai i= 11 21' - ,N (412)
The front-to-back compositing formula is:
Coullon = Cia,+ Ca,(1-a;,)

out™ out N~ n

i=n,n-1.--,1 (4.13)
aout = ain +ai (1_ain)

Comparing Egs. (4.12) and (4.13), we can see thanhgl the front-to-back
compositing process, the cumulative opaatymagnified continuously. Wheor
tends to 1, it means that this ray tends to bdlyotgpaque and the following ray
segments will have no more effect on the final pwaue, so that we can stop the
integration process. Due to its ability of earlirmination, the front-to-back
compositing algorithm gets a widely application.

4.3.6. Experimental results

According to the framework described in Fig. 4.@, avd some experiment on the
classified volume. The input is the material pralitds on each grid and the
materials’ colors and opacities. The “fat” matenmluseless for the observer, so a
totally transparency property (opacity equals t@yes assigned to it.

Fig 4.10 shows the difference between the two tearfanction design methods:
Fig. 4.10(a) class decision method and Fig. 4.1@thposed color and opacity.
Comparing these two methods we can state the folgpwemarks. On Fig. 4.10(a),
we can see that the class decision method carr dettegiminate the different material;
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there is less color confusion in the rendering Itesthis is the result that the
boundaries between the materials lie on the posuibo gives the max first derivate
of the material probabilities and that we use thi®rmation to make a material
decision on each sample point and the correspordiaigrial color and opacity is
taken as the sampled color and opacity. But thesec making process is a 0-1
procedure. In contrast, on Fig. 4.10(b), the freslult appears more continual because
of the composed color and opacity but the boundanie composed by two materials.

(@) (b)

Figure 4.10: Different transfer functions. (a): dering result with class decision;
(b): rendering result with composed color and dpaci

4.4. Discussions and conclusions

Two categories of rendering techniques: surfaceleeng and direct volume
rendering are introduced for the vectorial volum&ualization in this chapter. The
final experimental results are illustrated togetingfig. 4.11.

Surface rendering technique is relatively easiemdply in our situation, but the
result (Fig. 4.11(a)) illustrates surfaces only dhd geometry primitives should be
extracted first. Direct volume rendering technicuaan get the final image directly
from the classified material probabilities, but ttemdering results rely much on the
transfer function design. Different transfer funas will give different results. Two
transfer functions are proposed: class decisiorhode{Fig. 4.11(b)) and composed
color and opacity method (Fig. 4.11(c)). Accordinghe analysis of the first derivate,
we propose to the gradient (first derivate) weidhapacity design method for both of
the two transfer functions. The rendering resulthaf composed color and opacity is
smoother than the class decision method. The ewpatal results demonstrate that
both of the two direct volume rendering methods baghlight the boundaries with
only a little user interaction (assignment of thatenial properties).
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(@) (b) (©)

Figure 4.11: Comparison of different rendering tegbes: (a), surface rendering;
(b), volume rendering with class decision; (c),wok rendering with composed
color and opacity.

In this chapter, several rendering techniques aeal o visualize the classified
result gotten by the classification method in cka@ Considering the classification
and visualization process, we use the classifinati@thod to mix the component
volumes of the vectorial volume. Then several reindetechniques are applied on the
intermixed result. Comparing to other vectorial urak visualization methods, our
method mixes the volumes at the acquisition inteimgi level, which combines the
acquisitions into a vector volume instead of selveeparated scalar volumes. The
first step of this acquisition intermixing levelsuvalization method has been discussed
in chapter 3 and this chapter focuses on seveltalMiog rendering techniques. Both
of the surface rendering and direct volume rendetacthniques are adapted to our
situation. Two kinds of transfer design methods dinect volume rendering are
implemented and compared. The comparison of thesthads are given and
discussed.
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Chapter 5: Mesh simplification

For surface-based volume visualization methodangle meshes are often used
to represent the object surfaces. But the totalbminof triangles used to represent
object often largely exceeds the capacity of reaétrendering of graphics hardware.
One natural way to solve it is to simplify the measlodels, replacing the original
object with respectively fewer faces while tryirgkieep its main characteristics.

The simplification metric is a key issue of a siifiphtion algorithm. In this
chapter, two new simplification metrics based omfagme moments and volume
moments are proposed, which take the differencevdmet the moments defined by
the original mesh and those of the simplified mashthe objective function. Edge
collapse scheme is implemented as mesh simplicaprocedure. For a given
maximum moment order and a required number ofdtes) the optimal mesh with a
minimum moment difference from the original mesh cae determined. The
procedures are applied to some models and be#eltseare obtained in comparison
with some known algorithms.

5.1. Introduction

The volume visualization methods are divided into tategories: direct volume
rendering and surface rendering methods [1]. Feddter, the surface based volume
visualization methods, a surface shell is extrafteoh the volume data. The classical
approach to surface extraction is the Marching Gub&yorithm, proposed by
Lorensen and Cline [2]. But one problem of this moet is that it produces large
number of triangles in the resulting mesh modelclwhimay largely exceeds the
capacity of the graphics hardware real-time remge[8]. One natural way to solve
this problem consists of simplifying the mesh modbgl eliminating elements of
polygons (vertices, edges, faces) for topologiesitgple surface or by reducing the
geometric and topological complexity for topolodigaich model [4], replacing the
original object with fewer triangles while trying keep its main characteristics.

The mesh simplification methods can be classifi#gd four groups: sampling,
adaptive subdivision, decimation and vertex merging

» Sampling algorithms sample the geometry of thaainiodels, either with
points upon the model’s surface or voxels supersedmn the model in a 3D
grid. They may have trouble achieving high fidelgyce high frequency
features are inherently difficult to sample acocelsat

» Adaptive subdivision algorithms find a simple basesh that can be
recursively subdivided to more and more closelyrapmate the initial
model.

» Decimation techniques iteratively remove verticedazes from the mesh,
re-triangulating the resulting hole after each stépese algorithms are
relatively simple to code and very fast.

» Vertex merging schemes operate by collapsing twenore vertices of a
triangulated model into a single vertex, which @arturn be merged with
other vertices. Vertex merging is a fairly simpfelaasy-to-code mechanism,
but algorithms use techniques of varying sophisboato determine which
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vertices to merge in what order. Most view-dependdgorithms are based
on vertex merging.

Among these methods, the vertex merging schemeshwdrincipally consist in
iteratively removing edges or triangles from thesmere very fast and relatively
simple to program. According to the merged elementh as edges or triangles, the
simplification method is called edge collapse @rigle removal, respectively.

Most of the vertex merging approaches is based hen following iterative
framework:

» Assigning a cost to each valid operation which eéspnts the amount of
change introduced in the model.

» Applying the operation with minimum cost.

» Recalculating the costs of the operation belongmghe modified mesh
portion. This iteration continues until the desiredolution is reached.

Mesh simplification based on vertex merging schenmgsoduces a metric
between the original mesh and the approximated ¢mehe design of a mesh
simplification algorithm, an important issue is teelection of an element to be
deleted. Choosing optimal elements guarantees rzaiion of the metric between
the original mesh and the final approximation. @tivet al. [5] compared several
metrics for mesh simplification and indicated tmeportance of the metric to the
quality of approximations. These simplification met can be classified into two
categories according to the geometry features tityetp preserve: local features and
global features. Most of the proposed metrics agetl on local properties which
guaranty preservation of local features [6-8]. S@uthors started to imply the global
features based metrics such as the area-based [®tand the volume-based metric
[10]. The two metrics are both based on the olgeglobal features, but their
preserved characteristics are single and lack ofigiminformation.

Moments and moment invariants contain more infolonaabout the object and
they are widely used in object representation asdgnition [11]. Since the moments
of lower order (up to two) can be used to desctiteshape of boundary segment,
they have been successfully used to detect theabagndary [12, 13]. Shu et al. [14]
proposed moment-based methods for polygonal appeation of digitized curves.
Inspired by these research works, a surface monrbasesd metric and a volume
moments-based metric are proposed with the purmdsgenerating low error
approximations and being simple to implement. Afarm framework is applied for
the simplification of all models, and only the istigated metrics are different. This
framework is designed based on edge collapse #iggrwith the aim of comparing
the different metrics independently of other aspeetiated to the simplification
method.

5.2. Related previous works

As mentioned before, vertex merging based simpliiin process often takes an
iterative method. The metric according to which wecide the simplification
sequence is crucial during the iterative processnésexisting metrics are presented
in this section.
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Simplification metrics can be divided into two das: local features-based
metrics and global features-based metrics.

Within the class of local feature based metricsho@s$, one of the first vertex
removal based simplification methods was proposgdsbhroeder et al. [6]. The
implemented simplification metric is the distandetlte vertex to the average plane
formed by its adjacent triangles. This metric isywv&mple to compute, but generates
low-quality approximated models. Kim et al. [15]oppsed a discrete curvature
metric for simplification which has been demon&tdaas not satisfactory because it
always generates low-quality simplifications [SjolWner et al. [7] used the standard
deviation of a vertex set as a simplification metit has the effect of smoothing a
triangle mesh during its simplification. Graland at [8] proposed a quadric error
metrics (QEM) based algorithm. This algorithm made of the quadric error metric
to choose the edge to be simplified and the newexeaafter contraction. It estimates
the error introduced by a pair collapse operatisrihe distance from a vertex to a
quadratic surface, represented as a symmetricxndtne algorithm provides high-
guality results because the quadric matrices arenaglated during the simplification
process. Lindstrom et al. [16] added volume prestésa and boundary preservation
constrains to the quadratic objective functions mvkelecting the position of the new
vertex. Hoppe [17] introduced an energy functiondescribe the complexity and
fidelity of mesh and tracked simplification qualitginimizing it. Hoppe’s energy
function requires many vertex distance evaluatise that it reduces the
computational speed. Klein et al. [18] evaluatesl iHausdorff distance between the
original and simplified models, allowing preciseoercontrol. Hussain et al. [19]
proposed a metric which is the summation of geamelrange combined with vertex
visual importance.

The above presented metrics are all designed aogotd the local feature
preservation, but ignore the global geometry festurwhich can influence the
approximation of simplified mesh. Wu et al. [20]troduced a global geometry
features preservation method in the QEM based rdetho this case, the global
feature preservation is used as constraint withen gimplification process and the
metric itself is still according to the local feeds.

Methods directly based on global geometry featyresservation are another
efficient way to determine the approximated meskesong this kind of methods,
Park et al. [9] proposed an area-based metric wtachpares the area difference of
the original mesi$ and its approximatiof' . The cost function is defined as:

AD =|AREAS) - AREAS))| (5.1)

Alliez et al. [10] proposed a volume-based metnhbijch is used to minimize the
volume difference between the simplified mesh anel original mesh. The cost
function is as follows:

VD = VOLUME(S) ~VOLUME(S)) (5.2)

Inspired by these two metrics, we propose two mdsbkased simplification
metrics with the purpose of improving the approxadaresults, which is described in
detail in the following section.
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5.3. Proposed moments-based metrics

In this section, the two moments-based metricpeesented. They are based on
surface moments and volume moments respectively.fast computation methods
proposed by Tuzikov et al. [21] are applied to the computational burden.

5.3.1. Surface moments-based metric
The surface moment of ordier+k,+k3 of a 3D compact body is defined as:

My ks S(P) = L(P) x4y zdS (5.3)

where the integral is taken on the surfac®.of

Notice thatmyeeS(P) is the area of the model’s surface which is use®ark et al.
[9] as a simplification metric (Eq. (5.1)) in themethod. Since the higher order
moments contain more information about the objestsface, we will use the
moments difference to measure the similarity bebwbe original model surfacg
and the simplified model surfag&. Let mk1k2k3S(P) and mk1k2k3S’(P) be the surface

moments defined byS andS , respectively. Then we define the following
simplification cost function:

MD = iiz‘,( P=0.q-1.1 ( )_mp—q,q—r,rS'(P) (5.4)

q
p=09=0r=0

whereM is the maximum order of moments that we will use.

Comparing Eq. (5.4) with Eq. (5.1), it can be s#dwt Eq. (5.1) corresponds to a
special case of Eg. (5.4) (witki = 0). Therefore, we can expect to obtain better
results using Eq. (5.4) withl > 0 contrasting with Eq. (5.1). However, the altori
directly based on Eq. (5.4) could be time-consuntiegause the moment calculation
by a straightforward method is very expensive. Trigblem can be solved using a
simple and fast surface moment computing algorittvimch was proposed by
Tuzikov et al. [21]. A brief description of thisgarithm is given below.

Z
A
Vin

v

fir

Figure 5.1: TetrahedroR
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Assume that the object is represented by a medd wfangles, each triangle
defined by its vertice%ia, Vi, Vie, I = 1, 2, ..., N. For each triangle we form a
tetrahedron denoted Ay defined by the three vertices and the coordinetgno(Fig.
5.1). LetSy(T;) be the tetrahedron facet that is opposite tactwedinates origin, then
Eq. (5.3) can be rewritten as:

My ik, S(P) = L(P) x4y zedS= Z mk1k2k3SO(Ti ) (5.9)

Eqg. (5.5) shows that we need only to calculatesthéace momenmlk2k380('l'i) of

orderki+kotks. To do this, lefl; = Ti(Via, Vin, Vic) be the tetrahedron formed by the
coordinate origin and the three vertisgs= (ay, ay, ag), Vip = (b1, b, bg), vic = (1, C;,
c3) and the vertices;,, Vip, Vic are arranged in counter-clockwise order with respe
the outward normal of the surfa8&Ti(Via, Vib, Vic)).

Let us introduce some notations. DenoteAsyA;) the following matrix:

a b ¢

A=la, b ¢

a b, ¢
Given integers, ko, ks denote by¢ a set of sucl8x 8natrices k;) with integer
valueskj, 0<k; <k such thatZ‘?:lkij =k ,i =1, 2, 3. The following formula is

derived for computing the surface momeny, , SO(T) of orderk=ky+ka+ks:

2Ar(S, K, ! I_I,_l ")) ”
k+2)' b M (k! .l,__llA' 59

whereAr(S) denotes the area of the f&&€T).

The fast surface moment computing algorithm allavgsto develop a mesh
simplification method based on higher order moments
Using Eq. (5.5), Eq. (5.4) becomes:

iii@mp_q,q_r,rso(ﬂ)—izmp_q,q_r,rsa(ﬂ )]‘ (5.7)

09g=0r=0

My ik, S (T) =

SMD=

Eq. (5.7) can be used to determine a sequence prbdmation meshes with
different number of triangles. Ldéty be the original mesh witN trianglesFor a
specified numben, the objective may be to find an approximated nigséo that the
moment differences df, from the initial mesh~y is minimal. The candidatg, is
uncountable because the three-dimensional modeinmplicated. In order to simplify
the optimization procedure, we take the iterativastax merging methods (face
removal or edge collapse) to determine a sequehepmoximated meshes of the
initial model. During the iterative vertex mergingocedure, only the moments
related to the modified triangles are changed fachestep. So Eqg. (5.7) can be
simplified to a more efficient form. Here we takege collapse procedure for
illustration.
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Figure 5.2: Process of edge collapse fgrto vertexk

As illustrated in Fig. 5.2, each operation will reve two triangles adjacent to the
deleted edge;. That is, we start with the initial mes$h to get the first simplified
meshFy.,, then the simplified meshy4 from Fy., and so on until findindr,. The
greedy strategy we use in the approximation protefisatFy. is derived fromFy
such that the surface moment difference betwiegpn and Fy is minimal (global
minimum).To obtain the approximated meSk, from Fy, the kernel operation of the
approximation process is to collapse an edgé¢o a pointk. Since all the other
triangles have no change except the triangles adjdao the two pointsandj, which
are the two vertices of the deleted edge. We caluae from Eq. (5.7) that the
moment difference of order up kb betweerFy., andFy is as follows:

£SMD= zzz{ 51 S)- v;kmpq,qr,rso(mj 59)

p=09=0r=0 wDﬂ+ﬂ T%

where T, denotes the triangles adjacent to a veseand Te,j denotes the two

triangles adjacent to the edge Eq. (5.8) shows that the computation of adjacent
triangle moments is taken instead of the wholealijeangle moments.

This principle can be extended to vertex or faceaeal methods by only taking
their respective triangle changes caused by eagtatpn into account.

5.3.2. Volume moments-based metric
The volume moment of ord&rk;+k,+ks of a 3D compact body is defined as:

M,V (P) = [ X y* 2dxdydz (5.9)

where the integral is taken on the voluméof

Notice thatmyoV(P) is the volume of the modé& which is used by Alliez et al.
[10] as a simplification metric (Eq. (5.2)) in thenethod. The simplification cost
function by using the volume moments is similathat of the surface moments. It is
defined by

VMD = zzp:i( e V(P)-m . V'(P) (5.10)

p=09g=0r=0

where m,, V(P) and m, , V'(P) denote the k+ko+ka)th-order of volume
moments defined on the volunReand simplified meshP’, respectively. Comparing
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Eq. (5.10) with Eqg. (5.2), it can be seen that (&) corresponds to a special case of
Eq. (5.10) (withM = 0).

Tuzikov et al. [21] also proposed a fast algoritfon computing the volume
moments. The computation method of volume momentsniilar to that of surface

moments. Let/(Ti) be the volume of the tetrahedrdn(Fig. 5.1), similar to Egs.
(5.5), (5.6), the corresponding formulas for volumements-based simplification are
as follows:

My V (P)= IP x4 y*e 2 dxdydz= z My V (T) (5.11)

My, V(T)= Ni'fg'),k' % HI_I | “') )I|]'|1A,‘ (5.12)

whereH is the determinant d&.
Using Eq. (5.11), Eq. (5.10) becomes:

P 9

)N IOIMIRTLIS L NNRY L))

p:() q:O =0

VMD = (5.13)

For iterative mesh simplification methods, only soloncal modification presents
to each iteration. Similar to that of surface motadrased metric, we take edge
collapse operation to illustrate the simplifiedrfoof Eq. (5.13) for a series of vertex
merging methods. We can deduce from Eq. (5.13)thieatnoment difference of order
up toM betweerFy andFy.; is as follows:

iii(v zmqu(l rr (TV)_V;mpqvqf,fV(TV)}

whereEVMD denotes the global volume moment difference oédge collapse
operation, which is called the cost function. Asnti@ned previously, this metric can
be easily extended to vertex or face removal ofmerat

(5.14)

5.4. A framework for mesh simplification metrics ealuation

In order to evaluate the proposed metrics, we Woltbe well-established mesh
simplification framework described in [22]. Thisamework was implemented by
Oliver et al. [5] to compare different simplificati metrics, in which the authors
suggest to employ the edge collapse operation (5i8) for the simplification
procedure because it preserves topology and &sg ® implement. In our opinion, it
is a good choice because the approximation resdisly rely on the metrics, without
the involvement of any other factors (like re-tgatation method choice).

The simplification procedure can be described Hovis:

» Firstly, the costs of all candidate operationsthis case edge collapses that
do not introduce degeneracy into the mesh, arellcadd.

» The valid operations are inserted into a priorifgge indexed by their costs.
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» Thereatfter, the iterative simplification procedstarts. The operation on the
top of the queue is applied, and the costs of @dirations dependent on the
modified mesh portion are updated, possibly caushmg candidates to
change positions in the priority queue.

» This procedure continues until a desired numbemes$h faces is removed
from the model.

The metrics used to assign a cost to the possy@eations are discussed in the
following section. Instead of half-edge collapseplemented in [5], we performed a
simple edge collapses procedure by adding a tthioice for the position df, which
is the middle point of the collapsed edge.

5.5. Metrics evaluation method

The two moments-based metrics were evaluated qaawiy and estimated by
measuring the global simplification error assesdm8mce the root mean square
(RMS error measures the global average error betwéen model and its
approximation, it is commonly used as the effickermeasurement in the mesh
simplification algorithms. We used the error datattool Metro [23] to calculate the
RMSerror between one model and its approximation. RNtSerror fromS' to Sis
defined as:

1 — 1 12
drms(s,s)_\/mjsd(p,s) ds (5.15)

Besides the error detection method, the momentagélres can also be used as
evaluation tools. The moments difference betweerfproximation and the original
model is an efficient measure tool to evaluatenttoenents-preservation ability of the
simplification methods. We have done some experismdn demonstrate this
evaluation method in section 5.6.

5.6. Experiments and discussions

The experiments were performed on a PC Pentiune@GHZ CPU with 512MB
RAM, running on Windows XP operating system. Vis@at+ and OpenGL were
taken as development tools.

5.6.1. Experimental models

Four models are used to demonstrate the perfornatbe algorithm. They are:
the Cow model, the North America model, the Vessetel and the Renal medulla
model. Table 5.1 illustrates the detail informatioh these models. The original
models are shown in Fig. 5.3.

Table 5.1: Information about the models in experitae

Models Original Original
vertices triangles
Cow model 2904 5804
North America model 2025 3872
Vessel model 45029 90050
Renal medulla model 90438 180140

86



(c) Vessel model (d) Renal medulla gdod

Figure 5.3: Models for experiment

5.6.2. Implemental details

Based on the edge collapse method, the greedyegyrdor determining the
approximated meshes can be summarized as follows.edch step of the
approximation process, i.e., when we pagandFy., the certain edge among all the
edges ofFy is removed if it gives the minimum moment diffecenvalue. The
corresponding algorithm is as follows:

Input: The original mesky containingN triangles, the maximum order of moments
M and the number of trianglesequired.

Step 1: Compute every triangle’s moments using (Bd) or Eqg. (5.12) and then
compute the moment difference (ESMD or EVMD) forcleaedge collapse
operation using Eq. (5.8) or Eq. (5.14). The montfiérences are stored as a
contraction cost for every edge.

Step 2: Sort the costs in an increasing order.

Step 3: Select the top edge in the queue, and dheckan be contracted. If not,
remove it from the queue and return to the begmwihstep 3. If yes, contract
this edge and recalculate the information of tliecid triangles and edges.

Step 4: Update the position of the affected edgelse cost queue.

Step 5. Repeat step 3 and step 4 until the requiriehgle number of the
approximation is reached.

Each time when one edge is collapsed, two triaraelsone edge will be deleted.

In order to perform the operation, we must choogpesition fork. A simple scheme
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is implemented, which is to choogey, or (vi+ v;)/2 depending on the lowest value of
simplification cost that produced by the new positiln order to preserve the vision

characteristic, if the largest normal direction ripa of one edge’s adjacent triangles
is greater than a certain threshold (here we chao<l after edge contraction, we

keep the edge.

5.6.3. Experimental results

For the performance testing, we use the cow mautklze North America model
because they contain relatively fewer triangles arah better illustrate the
performance of the simplification procedure. But #ilgorithm is also implemented
on the vessel and the renal medulla models ancethdts are illustrated at the end of
the section.

(a) Original Model (b) M=0

(e)M =3 (HM =4

Figure 5.4: 70% simplification (possessing 30%hef original faces) for cow
model using surface moments-based metric up teréift maximum ordevl.
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Fig 5.4 and 5.5 present the qualitative resulta @0% model simplification rate
of the cow model (from 5804 triangles to 1704 tgi@s) using respectively surface
and volume moments-based metrics for different marn moment order valued.

In all the cases we can see that they still corttanmajor topological characteristic
of the initial model. From Fig. 5.4, we can seettti®e choice ofM > 0 gets
qualitatively better results than that f = 0. WhenM = 0, the surface moments-
based metric becomes the area-based metric of &b). (Fig 5.5 shows that the
increase of the moment order for volume-based ndetblightly improves the
approximated results, but it performs better th&e turface moments-based
simplification.

(c)M=1 (dM =2

(e)M =3 (HM =4

Figure 5.5: 70% simplification (possessing 30%hef original faces) for cow
model using volume moments-based metric up torgiffemaximum ordei.

Fig. 5.6 and Fig. 5.7 show the simplification esraf the two moments-based
metrics for different values oM in terms of the simplification rate. The results
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presented in Fig 5.6 (a) and (b) confirm quantredsi the visual effect of Fig. 5.4 and
Fig. 5.5, respectively. For the two moments-basedrios, M = O represents area-
based metric and volume-based metric respectiVElyen the required facet rate in
the approximation is low, it seems that> 0 can get a lower simplification error than
M = 0. That is to say, the moments-based metricsgeina better result in the
simplification error sense.

In order to compare the two moments-based metrecsgraph of their
simplification errors is drawn in Fig. 5.8. For bametric, we choose the lowest
simplification error forM varying from 0 to 3. It seems that the volume moise
based metric provides lower simplification error.

w107 Surface morments based simplification for cow model
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(a) Surface moments
w107 Yolume morments based simplification for cow model
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(b) Volume moments
Figure 5.6: Influence of the moment order onRdSerror between the cow

model and its approximation for different simpl#ton rate: (a) Surface
moments $M)-based method. (b) Volume momen¥d)-based method.
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Surface moments based simplification for the Morth America model
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(a) Surface moments

“olume moments based simplification for the MNorth Ametrica model
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(b) Volume moments
Figure 5.7: Influence of the moment order onRMSerror between the North

America model and its approximation for differembglification rate: (a)
Surface momentsS{V)-based method. (b) Volume momen\)-based method.
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« 107 Comparison between two moments based metrics on the cow model
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(a) the cow model
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(b) the North America model

Figure 5.8: Comparison MM-based method ar8iM-based method: (a) the cow
model. (b) the North America model
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Surface moment (M=2) diference between the original model and the approximation
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Figure 5.9: Comparison of SM differences betweentsiged method and QEM

The aim of the proposed metrics is to preservertbment features of the original
models. So in order to demonstrate the preservatinlity of the two metrics, we
compute the moment difference between the origimadlel and the approximation,
using our metrics and the quadric error metric (QE®Spectively. The results are
illustrated in Fig. 5.9 and Fig. 5.10, for SM-baseetric and VM-based metric
respectively. Here we choobk= 2 for illustration. The results show that ourthuels
have a better ability to preserve the moment featufrhese results also demonstrate
that our global moments-based metrics can alscsbd to evaluate the several mesh
simplification methods.
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¥ 1U'4V0\ume rmoment (M=2) difference between the original model and the approximation
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Figure 5.10: Comparison of VM differences betweén-Wased method and
QEM

From the above discussion, we can see that VM-basetlic can get a better
performance in both appearance and simplificatroor senses. We implemented it to
the extracted vessel model and the renal medulldemdiere we chooskl=2 for
illustration. The experimental results are illustth in Fig. 5.11 and Fig. 5.12
respectively. It can be seen that the appearantahenstructures are kept very well
while the number of triangles is largely deducedil/lastrated in Table 5.2.

Table 5.2: Number variation of vertex and triangl¢he process of simplification of vessel
model and renal medulla model

Vessel model Original 70% 50% 20%
Vertices 45209 31521 22516 9009
Triangles 90050 63034 45024 18010

Renal medulla model Original 70% 50% 30%
Vertices 90438 63416 45403 25389
Triangles 180140 126096 90070 54042
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(a) Original model (90050 triangles) (b) 70% (63034 triangles)

(c) 50% (45204 triangles) (d) 20% (18010 triangles)

Figure 5.11: Mesh simplification results on thesatsnodel using VM-based
metric (M=2). (a) The original model, (b) posseasi®% of the original model,
(c) possession 50%, (d) possession 20%.
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(a) Original model (180140 triangles) (b) 70226096 triangles)

(c) 50% (90070 triangles) (d) 30%052 triangles)

Figure 5.12: Mesh simplification results on thealemedulla model using VM-
based metricNl=2). (a) The original model, (b) possession 70%heforiginal
model, (c) possession 50%, (d) possession 30%.

5.7. Conclusions

In this chapter, we proposed two new metrics fosimgimplification, with the
aim of preserving the original model’s global featiin the approximation. They are
designed based on the surface moments and volumeents by extending the two
global metrics, which are area based and volumeebasetrics, respectively. The
experimental results demonstrated that the extenddcs can get better result since
they contain more information about the model. Fitben experimental analysis, we
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can get the conclusion that volume-based metriosachieve a better performance
than the surface one. We also demonstrate thamdmeents based metrics can also be
used as an evaluation metric for the comparisome$h simplification algorithms.
Finally, we implemented the proposed algorithm iar anedical visualization
framework.
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Chapter 6: Conclusions and future works

This chapter summarizes the conclusions of ourarekeand outlines several
ideas for the future work based on our currentltesu

6.1. Conclusions

Scientific visualization is currently a very actiand vital area of research
especially in medical area. Many researchers famusthe medical visualization
problems. This dissertation takes the preoperakidmey planning system as a
specific case to do some research about medicainelisualization techniques. The
input data of the system are three to four timesega3D acquisitions, which give
relatively complementary information about the lagranatomy. Our work followed
the essential stages of the design of a generalahzstion tool: registration
segmentatioifclassificatior), visualization(graphical representation

We did some research aiming at solving some ofpitedlems that appeared
during the visualization progress. Our work carsbmmarized as follows:

1) The classical urinary imaging system is the Sgi¥alUrography, which gives
three to four time-spaced acquisitions at differietction diffusion phases
respectively. These acquisitions give relativelynptementary information
about the kidney anatomy. It is useful for the sorg to integrate this
information within a unique spatial volume. Thesfistep in this integration
process is to bring the different acquisitions igpatial alignment, which is
called registration. To achieve this goal, a Iddalmaximization registration
method is proposed. The kidneys are first extradtedn the abdomen
volumes and then the registration is performed betwthe extracted kidneys
instead of the whole abdomen volumes. For the ehofaegistration metric,
we implement an optimization independent protoaml evaluate several
registration metrics and finally choose MI basedtrioefor our practical
situation. Optimization method is another importasgue for registration
methods. We find out that if the initial parametenr®e well chosen, the
importance of optimization method can be reduce@. &jply a geometric
moments based registration technique to initialiee parameters and choose
the relatively fast optimization method: downhilimplex method. Some
implemental details, such as the choice of histogreesolution and
interpolation method are also discussed. Experimarg performed on both
synthetic and real data. The experimental reseltisahstrate the effectiveness
of the kidney-centered registration method.

2) After registration of these acquisitions, we haveeatorial volume, which
contains complete anatomical information. In ortdeputline the anatomical
structures, multi-dimensional classification is e&sary for analyzing this
vectorial volume. Because of the partial volumeeetff(PVE), one voxel
contains more than one material so that probaldigyributions are assigned
to the different material types within this vectdvolume instead of a definite
material label. Gaussian mixture model is often duse probability
classification problems to model such distributiobst it relies only on the
intensity distributions, which will lead a misclégsation on the PVE
boundaries and inhomogeneous regions with noise@rder to solve this
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problem, a neighborhood weighted Gaussian mixturdehis proposed. The
model is that the voxels’ intensity vectors follothe Gaussian mixture
distribution and the classes distributions on ewckel are affected by its
neighbors’ class probability distributions so tleteighborhood weight is
used to describe this property. Expectation Maxatidn algorithm is used as
an optimization method to get the maximum likelidastimation parameters
of the neighborhood weighted Gaussian mixture modéke experiments
demonstrate that the proposed method can getex lo&ssification result and
is less affected by the noise.

3) For the visualization of vectorial volume, mostlo¢ existing methods mix the
component volumes at one certain step of the gesea#ar volume rendering
pipeline. The problem of these methods is that tmysider the component
volumes individually instead of an integrated veieiovolume. We propose to
analyze the vectorial volume directly instead oé tihdividual component
volumes. The first intermixing step can be achielgdhe vectorial volume
classification method we discussed before. Afteassification, several
rendering techniques for scalar volume visualizattan be adapted to our
situation. Both of the surface rendering and volusrdering techniques are
adapted to our practical situation. The comparisiotihese methods are given
and discussed. Comparing to other methods, ouradeghan acquisition level
intermixing method, which is the earliest intermigi stage during the
rendering pipeline.

4) For surface-based volume visualization methodangie meshes are often
used to represent the object surfaces. But thérnataber of triangles used to
represent the object often largely exceeds theotigpaf real-time rendering
of graphics hardware. One nature way to solve itoisimplify the mesh
models, replacing the original object with respesyt fewer faces while
trying to keep its main characteristics. The sifigation metric is a key issue
of a simplification algorithm. Two new simplificath metrics based on surface
moments and volume moments are proposed, which tladedifference
between the moments defined by the original meshtlamse of the simplified
mesh as the objective function. Edge collapse sehsnimplemented to the
mesh simplification procedure. For a given maximenoment order and the
number of triangles required, the optimal mesh vathminimum moment
difference from the original mesh can be determinEde procedures are
applied to some models and better results are r@duatain comparison with
some known algorithms.

The research in this thesis is about a visualiratiol for the preoperative kidney
planning system with CT uroscans. But the propadgdrithms and techniques are
not limited to this special application case. Tleap be adapted to other organs, even
other non-medical application areas.

6.2. Future work

Medical volume visualization is a vital researcipitofor the development of
medical applications. It involves research in cotepwgraphics, image processing,
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high performance computing and other areas. Thisediation only concerns a tiny
part of the area. The future work can be done albadollowing paths:

1) For the conceptualization of the scene, automatct raore precise volume
classification (segmentation) can be a researchectitin. Current
classification method only gives the rough matedstribution about the
regions, with the loss of the volume detail infotima. A coarse-to-fine
classification method would probably solve thislpem.

2) For the rendering techniques, the future work @aug on containing more
information in the final image with a better imaggality. Achieving a faster
rendering speed without any image quality lossaésrdinuous research topic,
which can still be a research direction in the feitu

3) For our specific application case: kidney preopeegplanning system, there
are still many tasks to be done: automaticallyraigting the renal carcinoma,
specifying the renal arterial, venous and collectgsystem anatomies (by
using for example a coarse-to-fine classificatidayt rendering techniques
for visualization etc.
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Résumé

Ce mémoire de Thése se focalise sur certains delslépnes non résolus en visualisation
scientifique. Plus particulierement nous avons png problématique médicale bien spécifique, la
chirurgie conservatrice des tumeurs rénales, comemdee applicatif pour I'élaboration de nouvelles
solutions incluant des techniques de recalage deéds, de segmentation et de visualisation 3D.

L'uroscan fournit 3 & 4 volumes présentant unermtttion complémentaire sur I'anatomie rénale.
La premiére étape consiste a mettre en correspoadaes différents volumes par une technique de
recalage rigide du volume rénal basée sur la masxitioin locale de I'information mutuelle.

L’idée principale de ce mémoire de These est dpgser une visualisation de I'anatomie rénale
directement a partir de ces données fusionnées.detay une technique de classification statistidges
données basée sur une modélisation de la distibutes valeurs par un mélande Gaussiennes
incluant une information spatiale a été dévelop#iéférentes techniques de visualisation 3D ont
ensuite été adaptées a la représentation de wcfeieation et comparées entre-elles.

Les techniques de représentation de surfaces pew@en accélérées par des procédures de
simplifications de maillages. Dans ce cadre, noaugns proposé deux métriqgues de description de la
surface basées sur les moments géométriques edmicdtve incluses dans une telle procédure.

Ces différentes solutions, méme si elles ont ét€ldppées dans le cadre de la représentation des
structures anatomiques rénale, sont suffisammerérggies pour étre utilisées ou adaptées a d’'autres
organes ou a d'autres applications médicales.

Abstract

This dissertation focuses on the main elementssoientific visualization tool and takes a kidney
preoperative information review system as a speapplication example to introduce the
corresponding algorithms. Our research work folldwilge essential stages of the design of the kidney
visualization system: registration, segmentatioth @sualization.

The CT uroscan consists of three to four time sp@i2 acquisitions, which give complementary
information about the kidney anatomy. In order tindp these acquisitions into spatial alignment, a
kidney centered registration method which is realiby local mutual information maximization is
proposed. In order to illustrate the informatiomtzined in the spatial aligned volume, an acquisiti
level intermixing method is proposed, which intexrthie several component volumes at the earliest
stage. The first step for the acquisition levekinixing is a vectorial volume classification. We
proposed a neighborhood weighted Gaussian mixturdem which involves the spatial information
into the classification process. Then, several ipesssendering techniques that can be adaptediso th
situation are presented and compared. For surfasedb volume visualization methods, mesh
simplification is a usual way to improve rendersmeed. The simplification metric is a key issue of
simplification algorithm. Two new mesh simplificati metrics are proposed. They are based on
surface moments and volume moments respectively.

Although these algorithms are introduced in thenfeavork of the kidney visualization system,
they are not limited to this system and can alsadapted to other applications.



