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Résumé

Dans cette thèse, nous présentons une méthode de segmentation d’images radiographiques
des membres inférieurs en régions d’intérêt (ROIs), une méthode de recalage rigide tridimen-
sionnel (3D) / bidimensionnel (2D) des prothèses du genou sur les deux images biplanaires
radiographiques calibrées et une méthode de reconstruction 3D des membres inférieurs à
partir de deux images biplanaires radiographiques calibrées.

Le premier article présente une méthode de segmentation de rotule, astragale et bassin des
images radiographiques en régions d’intérêt basée sur la fusion de multi-atlas et superpixels.
Cette méthode utilise l’apprentissage d’une base de données d’images radiographiques de ces
os segmentées manuellement et recalées entre elles pour estimer un ensemble de superpixels
permettant de tenir compte de toute la variabilité locale et non linéaire existante dans la
base, puis la propagation d’étiquettes basée sur le concept d’entropie pour raffiner la carte
de segmentations en régions internes afin d’obtenir le résultat final.

Le deuxième article présente une méthode de recalage rigide 3D / 2D des composants
tibiaux et fémoraux de prothèse du genou sur deux images biplanaires radiographiques ca-
librées. Cette méthode utilise une mesure de similarité hybride basée sur les notions de
contours et régions puis un algorithme d’optimisation stochastique pour estimer la position
des composants. La similarité basée sur les régions est stable et robuste contre les bruits.
Cependant, cette mesure n’est pas précise car le nombre de pixels aux contours est inférieur
au celui à l’intérieur de la région. Au contraire, la similarité basée sur les contours est précise
mais plus sensible au bruit ou à d’autres artefacts existant dans les images. C’est pourquoi
la combinaison de ces deux similarités fournit une méthode de recalage robuste et précise.

Le troisième article représente une méthode statistique biplanaire de reconstruction 3D de
rotule, astragale et bassin. Cette méthode utilise un algorithme de réduction de dimension-
nalité pour définir un modèle déformable paramétrique qui contient toutes les déformations
statistiques admissibles apprises à partir d’une base de données des structures osseuses. Puis
un algorithme d’optimisation stochastique est utilisé pour minimiser la différence entre la
projection des contours / régions des modèles surfaciques osseux avec ceux segmentés sur les
deux images radiographiques.
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Mots clés : Structures osseuses du membre inférieur, segmentation osseuse, segmen-
tation consensus, segmentation multi-atlas, carte superpixel, étape de fusion basée sur la
variation d’information, recalage 3D/2D, images radiographiques, composants d’implants de
genou, implants orthopédiques, reconstruction 3D, radiographies biplanaires, modèles sta-
tistiques non linéaires, imagerie médicale.
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Abstract

In this thesis, we present a segmentation method of lower limbs of X-ray images into regions of
interest (ROIs), a three-dimensional (3D) / two-dimensional (2D) rigid registration method
of knee implant components to biplanar X-ray images, and a 3D reconstruction method of
the lower limbs using biplanar X-ray images.

The first paper presents a superpixel and multi-atlas-based segmentation method of the
patella, talus, and pelvis into regions of interest. This method uses a training dataset of
pre-segmented and co-registered X-ray images of these bones to estimate a collection of
superpixels allowing to take into account all the nonlinear and local variability existing
in the dataset, then a propagation of label based on the entropy concept for refining the
segmentation map into internal regions to the final result.

The second paper presents a 3D / 2D rigid registration method of tibial and femoral
components of knee implants to calibrated biplanar X-ray images. This method uses a
hybrid edge- and region-based similarity measure then a stochastic optimization algorithm
to estimate the component position. The region-based similarity is stable and robust to
noise. However, this measure is not precise because the number of pixels in the border is
fewer than the number of pixels inside the region. On the contrary, the edge-based similarity
is accurate but more sensitive to noise or other artifacts existing in the images. That’s why
the combination of these two similarity types provides a robust and accurate registration
method.

The third paper presents a statistical biplanar 3D reconstruction method of the patella,
talus, and pelvis. This method uses a dimensionality reduction algorithm to define a de-
formable parametric model which contains all admissible statistical deformations learned
from the bone structure dataset. Then a stochastic optimization algorithm is used to mini-
mize the difference between the contour / region projection of bone models and the contours
/ regions in two segmented X-ray images.

Keywords : Bone structures of the lower limb, bone segmentation, consensus segmen-
tation, multi-atlas segmentation, superpixel map, variation of information based fusion step,
X-ray images, 3D/2D registration, knee implant components, orthopaedic implants, 3D re-
construction, biplanar radiographies, nonlinear statistical models, medical imaging.
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Introduction

Contexte
La rotule, l’astragale et le bassin jouent un rôle crucial dans la physiologie et le fonction-

nement des articulations du membre inférieur. La rotule est un petit os plat, triangulaire
situé à la partie antérieure du genou. Elle fait partie de l’articulation et du mécanisme ex-
tenseur du genou. Elle protège l’avant de l’articulation du genou et permet de stabiliser le
genou lors des différents mouvements de flexion et d’extension. L’astragale est un os court
du pied en forme de poulie situé au-dessous du tibia. Il est le centre de l’articulation de la
cheville et la liaison entre celles de la cheville et du pied. Il est important pour le squelette
parce qu’il sert à soutenir le poids du corps humain, notamment durant la marche. Il est
aussi important dans les mouvements latéraux et de flexion-extension du pied. Le bassin est
une ceinture osseuse située sous l’abdomen qui soutient la colonne vertébrale. Il supporte
le poids du haut du corps et protège les organes génitaux internes, la vessie, etc. Les os du
bassin s’articulent avec ceux de la cuisse pour permettre la marche.

Fig. 1. Le membre inférieur.



Ces os entrent dans les activités quotidiennes de l’être humain durant toute sa vie. C’est
pourquoi ils risquent de subir des pathologies (fractures, arthroses ...) plus fréquentes. Le
diagnostic de ces pathologies nécessite le plus souvent de l’imagerie médicale. L’imagerie
médicale se réfère à différentes technologies de création des représentations visuelles du corps
humain. Chaque type de technologie fournit des informations différentes sur la partie du
corps étudiée ou traitée. Elle est très utile pour les études cliniques et biomécaniques, les
diagnostics et les plans de traitement. La reconstruction 3D de l’anatomie osseuse à l’aide
d’images médicales, une application complexe de l’imagerie médicale, est utilisée depuis très
longtemps et de plus en plus requise dans l’analyse clinique ainsi que dans le diagnostic et
les traitements pré et postopératoires. Ainsi, une forme osseuse 3D précise peut améliorer la
planification préopératoire dans les systèmes de navigation chirurgicale [87], ou augmenter
la précision et la fiabilité en chirurgie orthopédique [149].

Problématique
Nombreuses méthodes de reconstruction 3D ont été proposées au cours des deux dernières

décennies. La tomodensitométrie (CT-Scan) [151, 86, 144] et l’imagerie par résonance
magnétique (MRI) [94, 92] permettent aux méthodes de reconstruction 3D de fournir un
modèle 3D personnalisé précis. Les modèles générés à partir le CT-Scan sont généralement
considérés comme un modèle de vérité terrain.

Cependant, le CT-Scan implique une exposition significative de radiation aux patients.
La MRI n’est pas irradiante car elle n’utilise pas de rayons X ni de rayonnement ionisant.
La MRI utilise des champs magnétiques puissants, des gradients de champs magnétiques et
des ondes radio pour créer des images, alors les patients portant des implants médicaux ou
de métal non amovibles peuvent ne pas subir un examen MRI en toute sécurité. De plus,
les deux technologies (CT-Scan et MRI) sont coûteuses, produisent un volume important
d’information à traiter et nécessitent des patients en position allongée, ce qui est incompatible
avec certains protocoles de diagnostic. Si une série de suivis sont nécessaires, le coût et le
problème d’irradiation dans le cas du CT-Scan augmenteront considérablement après une
séquence d’examen. C’est pourquoi ils ne sont pas très pratiques. Une autre technique
d’imagerie, complètement inoffensive pour le patient, est l’imagerie par ultrasons [157].
Cette dernière technique, non-invasive, n’a cependant pas été adaptée à l’analyse de la forme
géométrique 3D des os car celles-ci génèrent trop d’écho et beaucoup de bruit de mesures
(échos parasites à la forme géométrique des surfaces des structures denses).

Au contraire, la radiographie, dite «conventionnelle» utilisant les rayons X, est un choix
intéressant car elle est la plus faible en termes de coût, de complexité et de risque d’irradiation
par rapport à la MRI ou au CT-Scan (voir Tableau 1 [53]). Cependant, en raison de la
variété du bruit d’imagerie provenant de plusieurs composants du système (source de rayons
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X, caméra CCD, etc.) et du chevauchement entre les os et les tissus mous denses (cartilage,
ménisque et fascia) du patient, les méthodes de reconstruction 3D multiplanaires restent un
problème difficile.

MRI CT-Scan Radiographie (rayon X)
Dimensionnalité 3D 3D 2D
Nombre d’images ≥ 400 ≥ 700 ≥ 2

Cartilage oui non non
Rayonnement ionisant non 3-8 mSv 0.04 mSv

Coût (moyenne nationale des États-Unis) $ 2500 $ 1100 $ 300

Tableau 1. Comparaison de la reconstruction du genou utilisant différentes modalités
d’imagerie.

Le problème de reconstruction 3D multiplanaire, qui consiste à reconstruire en 3D un
objet anatomique à partir de plusieurs vues radiographiques, appartient à la classe des pro-
blèmes mal posés au sens de Hadamard. Par exemple, l’acquisition de deux images ra-
diographiques biplanaires ne fournit qu’un ensemble de données incomplètes qui ne permet
pas d’assurer l’unicité de la solution. Pour pallier cette limitation, il est nécessaire de ré-
gulariser la procédure de reconstruction 3D en introduisant une connaissance a priori de
l’objet à reconstruire. Des modèles géométriques ont été proposés mais leur grande rigidité
ne permet pas de prendre en compte leur variabilité anatomique intrinsèque et celle liée à
leurs pathologies [44] [10]. Au contraire, les méthodes de reconstruction 3D multiplanaires
par modélisation statistique, telles que celle proposées par Benameur et al. dans [17] [18],
offrent une plus grande souplesse de modélisation et permettent de prendre en compte les
variabilités anatomiques et celles liées aux pathologies des structures osseuses à reconstruire.

La méthode développée par Benameur et al. dans [17] utilisait des contours détectés
sur les deux images radiographiques biplanaires et une connaissance géométrique a priori de
nature statistique de l’objet à reconstruire obtenue par une analyse en composantes princi-
pales (PCA) et/ou un mélange d’analyse en composantes principales probabiliste (PPCA)
appliquée à une base d’apprentissage. Cette dernière consistait à ajuster les projections
(postéro-antérieure et latérale) de ce modèle 3D de l’objet à reconstruire avec les contours
préalablement segmentés de l’objet correspondante sur les deux images radiographiques. Le
problème de reconstruction 3D était considéré comme un problème de minimisation d’une
fonction de coût optimisée par l’algorithme Exploration Sélection (ES).

Les méthodes linéaires ne sont pas efficaces lorsque les données ne sont pas distribuées
dans un sous-espace linéaire de l’espace original. Pour pallier ce problème, de nombreux
algorithmes de réduction de dimensionnalité non linéaires ont été développées [69] [168]
[155]. Ces algorithmes sont généralement basés sur l’idée qu’il existe un sous-espace non
linéaire, qui contient la distribution des données. Parmi les algorithmes proposés dans la
littérature, les plus populaires sont l’Isomap [155], le positionnement multidimensionnel
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(MDS) [26], Locally Linear Embedding (LLE) [137], Semidefinite Embedding (SDE) [95]
et t-Distributed Stochastic Neighbor Embedding (t-SNE) [169]. Dans ce projet, nous nous
intéresserons à la méthode FastMap qui est une variante de MDS. Il existe des variantes non
métriques de la MDS, qui conservent les relations ordinales dans les données, au lieu des
paires de distances [41]. Parmi les avantages de la méthode MDS par rapport aux autres
méthodes de réduction de dimensionnalité non linéaires est sa capacité d’être très flexible
dans le choix de la mesure de distance.

Dans les images radiographiques, l’extraction des contours des structures osseuses (rotule,
astragale, et bassin) n’est pas une tâche facile à cause du bruit élevé, du faible contraste et de
la superposition de structures. Les algorithmes de détection de contours sont très sensibles
au bruit et il en résulte souvent des contours bruités, difficilement exploitables dans le cas
des images issues du système de radiographie biplane basse-dose qui seront utilisées dans
notre projet.

Une approche plus robuste consistera en une méthode de segmentation qui permet de
prendre en compte à la fois la notion de contour et de région (détection de zones homo-
gènes). La coopération entre les segmentations par régions et par contours contribue à une
meilleure prise en compte des caractéristiques des os dans les images radiographiques et, par
conséquent, à une meilleure segmentation [23] grâce à la nature complémentaire de ces deux
types d’information [177]. Ainsi, une segmentation par coopération régions-contours peut
être exprimée comme une entraide entre ces deux concepts afin d’améliorer le résultat final
de segmentation [42] [120].

À cette fin, nous proposerons une méthode de segmentation d’images basse-dose, basée
sur la fusion entropique en utilisant les superpixels et multi-atlas.

Objectifs
Pour pallier ces limitations, les objectifs de cette thèse sont de développer une méthode de

segmentation des membres inférieurs des images radiographiques, une méthode de recalage
rigide 3D / 2D des prothèses du genou sur les deux images biplanaires, ainsi une méthode de
reconstruction 3D des membres inférieurs à partir de deux images biplanaires. Les images
utilisées dans ces méthodes sont les images radiographiques à rayon X calibrées. Les membres
inférieurs considérés dans cette thèse sont la rotule, l’astragale et le bassin. Ces os ont un
rôle important, mais il y a peu d’études dans la littérature sur eux comparativement aux os
longs (fémur, tibia et péroné).

À cette fin, nous avons développé une méthode de segmentation des os (rotule, astragale
et bassin) des images radiographiques en régions basées sur la fusion de multi-atlas et super-
pixels, une méthode de recalage rigide 3D / 2D des composants tibiaux et fémoraux de la
prothèse du genou sur les deux images biplanaires radiographiques calibrées et une méthode
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de reconstruction 3D des rotules, astragales et bassins à partir de deux images biplanaires
radiographiques calibrées. La reconstruction 3D utilise la première méthode pour segmenter
les images en entrées afin d’extraire les régions osseuses des images, et la deuxième méthode
pour positionner au préalable le modèle paramétrique dans l’environnement radiographique.
Ensuite, un algorithme d’optimisation est appliqué pour minimiser une fonction d’énergie
afin d’estimer des paramètres de déformation du modèle (voir Fig. 2).

Fig. 2. Le schéma de la thèse.

Le premier article présente une méthode de segmentation de rotule, astragale et bassin des
images radiographiques en régions d’intérêt basée sur la fusion de multi-atlas et superpixels.
Cette méthode utilise l’apprentissage d’une base de données des images radiographiques de
ces os segmentées manuellement et recalées entre elles pour estimer un ensemble de su-
perpixels permettant de tenir compte de toute la variabilité locale et non linéaire existant
dans la base. Un processus d’élagage est ensuite appliqué sur cet ensemble afin de définir
les contours externes et une propagation d’étiquettes basée sur le concept d’entropie pour
raffiner la carte de segmentations en régions internes afin d’obtenir le résultat final.

Le deuxième article présente une méthode de recalage rigide 3D / 2D des composants
tibiaux et fémoraux de la prothèse du genou sur les deux images biplanaires radiographiques
calibrées. Cette méthode utilise une mesure de similarité hybride basée sur les notions de
contours et régions puis un algorithme d’optimisation stochastique pour estimer la position
des composants. La similarité basée sur les régions est stable et robuste contre les bruits.
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Cependant, cette mesure n’est pas précise car le nombre de pixels aux contours est inférieur
à celui à l’intérieur de la région. Au contraire, la similarité basée sur les contours est précise
mais plus sensible au bruit ou à d’autres artefacts existant dans les images. C’est pourquoi
la combinaison de ces deux similarités fournit une méthode de recalage robuste et précise.

Le troisième article représente une méthode statistique biplanaire de reconstruction 3D de
rotule, astragale et bassin. Cette méthode utilise un algorithme de réduction de dimension-
nalité pour définir un modèle déformable paramétrique qui contient toutes les déformations
statistiques admissibles apprises à partir d’une base de données des structures osseuses. Puis
un algorithme d’optimisation stochastique est utilisé pour minimiser la différence entre la
projection des contours / régions des modèles surfaciques osseuses avec ceux segmentés sur
les deux images radiographiques.

Plan de la thèse
Le chapitre "Revue de littérature" décrit une recherche de littérature pour illustrer la

contribution des travaux précédents à notre thèse.
Les trois chapitres suivants correspondent aux trois articles développés dans cette thèse:
"Superpixel and multi-atlas based fusion entropic model for the segmentation of X-ray

images", publié dans le journal Medical Image Analysis (MEDIA), Elsevier, vol. 48 : 58-74,
August 2018

"Unsupervised Registration of 3D Knee Implant Components to Biplanar X-ray Images",
soumis au journal BMC Medical Imaging, 2021

"3D Biplanar Reconstruction Of Lower Limb Using Nonlinear Statistical Models", soumis
au journal Elsevier Medical Image Analysis, 2022

Nous discutons dans le chapitre "Discussion générale" et concluons dans le chapitre
"Conclusion générale"
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Revue de littérature

Comme il a été mentionné dans le chapitre précédent, notre thèse est constituée de trois
parties: La segmentation des images radiographiques en ROIs, le recalage 3D/2D et la
reconstruction 3D biplanaire des os des membres inférieurs par modélisation statistique non-
linéaire. Dans ce chapitre, nous présentons une revue de littérature pour chacun de ces
thèmes: segmentation, recalage et reconstruction 3D.

Segmentation
L’extraction des contours des structures osseuses n’est pas une tâche facile à cause du

bruit élevé, du faible contraste et de la superposition de structures. De nombreuses tech-
niques de segmentation des images radiographiques à rayon X ont été proposées dans la
littérature. Parmi ces techniques, on peut citer la technique des contours actifs [80], Level
Set [145], technique utilisant un modèle 3D générique [61], technique basée sur une com-
binaison de Level Set et Live-Wire [14, 154], technique combinant les contours actifs avec
Level Set pour introduire de l’information a priori et des contraintes de forme pour déformer
le contour initial [54], technique basée sur modèle statistique [15]. Chen et al [37] ont eu
recours à un modèle a priori 2D pour extraire le contour du fémur proximal. Smith et al
[150] ont proposé un modèle statistique 2D pour segmenter le bassin et le fémur proximal.
Ding et al [48] ont proposé une méthode de segmentation du bassin et du fémur proximal en
utilisant une approche basée sur un atlas combiné par une déformation par Level Set. Hill
et al [68] ont proposé une méthode pour construire un gradient de texture à partir d’une
transformation par ondelettes. Vanhamel et al ont introduit dans [162] une approche mar-
ginale pour appliquer des filtres de Gabor à chaque composante d’une image couleur et ainsi
construire un espace de caractéristiques couleurs/textures utilisées dans la segmentation. De
manière analogue, Hoang et al utilisent des filtres de Gabor pour mesurer la texture-couleur
et la segmentation est obtenue avec une classification par k-moyens [70]. Les travaux de
l’équipe Malik et al s’appuient aussi sur une base de filtres gaussiens pour calculer un gra-
dient de texture qui est ensuite combiné avec des gradients de brillance et de couleur dans
un schéma d’apprentissage supervisé [98].



Ces algorithmes de segmentation (détection de contours) sont très sensibles au bruit et
il en résulte souvent des contours bruités, difficilement exploitables dans le cas des images
issues du système de radiographie biplane basse-dose qui seront utilisées dans notre projet.

Une approche plus robuste consistera en une méthode de segmentation qui permet de
prendre en compte à la fois la notion de contour et de région (zones homogènes). La com-
binaison des deux segmentations par régions et par contours nous permet une meilleure
prise en compte des caractéristiques des os dans les images radiographiques et une meilleure
segmentation [23] grâce à la nature complémentaire de ces deux types d’information [177].
Ainsi, une segmentation par coopération régions-contours peut être exprimée comme une
entraide entre ces deux concepts afin d’améliorer le résultat final de segmentation [42, 120].

Recalage 3D/2D
Les méthodes de recalage 3D / 2D des implants sont classées suivant le nombre d’images

utilisé. Le premier groupe utilise une seule image à rayon X et des images à rayon X
biplanaires sont utilisées dans le second groupe.

Dans le premier groupe, Mahfouz et al [96] a utilisé une mesure de similarité d’image
à image et un algorithme d’optimisation robuste pour éviter les minima locaux et trouver
une bonne solution. Yamazaki et al [173] a utilisé un recalage 3D/2D basé sur les contours
pour estimer la pose de l’implant du genou. Un recalage 3D/2D statistique basé sur un algo-
rithme Maximum de vraisemblance (ML) - Espérance-maximisation (EM) a été proposé par
Hermans et al [67]. Il aligne le contour du composant avec les contours extraits d’une image.
De telles techniques ne peuvent fournir une précision clinique suffisante que pour cinq degrés
de liberté (DOF) (trois rotations et deux translations parallèles à l’image), car le DOF lié
à la translation perpendiculaire à l’image (profondeur) est assez difficile à estimer. Yama-
zaki et al [173] a amélioré l’estimation de la profondeur en l’optimisant indépendamment
des cinq autres DOFs, en utilisant une courbe d’évaluation approximative de la profondeur
préparée après le recalage initial. Bien que la profondeur ait été améliorée, elle n’a pas été
suffisamment précise. Une autre approche pour augmenter la précision de l’estimation de la
profondeur était basée sur la propriété d’imagerie fluoroscopique selon laquelle plus l’objet
est proche de la source, plus l’image à l’intensificateur d’image est grande. Hossain et al [71]
a déterminé le changement d’échelle dû à la translation de profondeur en utilisant une boîte
de calibration pour estimer la profondeur. Cette approche a donné des résultats précis mais
a nécessité une étape supplémentaire pour calculer le changement d’échelle dans la transla-
tion en profondeur de la fluoroscopie. La deuxième limitation est due à la symétrie de la
forme des composants, en particulier le composant tibial. Une position symétrique peut être
obtenue au lieu de la vraie car la projection des deux solutions sur l’image est très similaire.
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Dans [67], les auteurs ont tenté de résoudre ce problème en estimant simultanément deux
poses symétriques, mais l’algorithme peut toujours ne pas converger vers la vraie solution.

En utilisant des images biplanaires, ces méthodes peuvent mesurer les six DOFs avec
une précision suffisante et éviter le problème de symétrie. Kim et al [83] a optimisé le
coefficient de corrélation normalisé (NCC) entre les images à rayon X et deux images de
projection des composantes correspondantes pour obtenir six DOFs. George et al ont montré
que l’utilisation d’images biplanaires fournit une estimation très précise de six DOFs [64].
Cependant, les images fluoroscopiques biplanaires à la même position ne sont pas faciles à
obtenir en raison du mouvement des images et de la complexité du système. De plus, la
fluoroscopie implique un risque potentiel de radiation pour le patient.

Contrairement aux autres méthodes, notre méthode utilise des images radiographiques
biplanaires qui sont avantageuses en termes de coût, de complexité et de risque de rayon-
nement et ne nécessitent pas de marqueur fiduciaire. Notre méthode est également robuste
au bruit d’image et aux occlusions grâce à une mesure de similarité hybride basée sur les
contours et les régions. Cette mesure permet d’améliorer la stabilisation et la précision des
approches grâce à la robustesse contre les bruits et la stabilisation de la similarité basée sur
les régions et la précision de la similarité basée sur les contours.

Reconstruction 3D
La reconstruction 3D commence par le groupe utilisant la notion de correspondance

stéréo/non stéréo et la transformation linéaire directe (DLT), proposée par Abdel-Aziz et
Karara [1] (voir détails dans [99]). La technique DLT utilise les coordonnées bidimension-
nelles (2D) des points correspondants d’au moins deux images radiographiques différentes
pour estimer leur position 3D. Dans [126, 44, 6], les auteurs ont identifié quelques points
de repère anatomiques stéréo-correspondants, puis ont utilisé l’algorithme DLT pour générer
des points 3D de la colonne vertébrale humaine et de la cage thoracique, respectivement. Ces
méthodes ne fournissent pas un modèle 3D fiable et précis car le nombre de points de repère
utilisés était trop faible et seules les informations locales ont été prises en compte. Notez
qu’il n’est pas simple d’ajouter plus de points de repère en raison des difficultés à identifier
les points de repère correspondants dans deux images.

Pour augmenter la précision, le deuxième groupe a introduit l’utilisation d’un objet gé-
nérique déformé par un algorithme de krigeage pour obtenir la reconstruction 3D. Mitton et
al [116] ont utilisé des points correspondants non stéréo et un objet générique déformable
pour ajouter plus de points et considérer l’information globale de la forme des vertèbres
cervicales. Cette méthode reconstruisait les points correspondants stéréo et non stéréo, puis
les utilisait comme points de contrôle pour le krigeage de l’objet générique. L’approche a
produit une reconstruction 3D plus précise que les méthodes susmentionnées. Cependant,
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le nombre limite de points correspondants ne peut pas représenter correctement une forme
continue. Pour cette raison, Laporte et al [89] ont proposé une approche de contour corres-
pondant non stéréo au lieu de points de repère. Le principe de la méthode est le processus
d’association des points de contrôle de la projection des contours des régions anatomiques
de l’objet générique à des points de contrôle de contours 2D identifiés dans deux images,
et la minimisation de la distance entre deux ensembles de points de contrôle. Les régions
anatomiques ont été définies manuellement sur l’objet générique. Les contours 2D ont été
identifiés manuellement/semi-manuellement sur deux radiographies. Ensuite, un algorithme
de krigeage a été appliqué en considérant les points de contrôle pour obtenir le résultat
final. Le résultat obtenu a montré que la méthode fournit une reconstruction 3D considé-
rablement plus précise dans le cas du fémur distal [89], du fémur proximal [91], du bassin
[117] et de la cage thoracique [24]. Pour améliorer la reconstruction, notamment l’initia-
lisation, Chaibi et al [35] et Quijano et al [129] ont introduit un modèle morpho-réaliste
paramétrique personnalisé en régionalisant et en paramétrant les principales caractéristiques
de l’objet générique par des primitives géométriques telles que des points 3D, des sphères,
des cylindres, des segments 3D, etc. Les limites de ce groupe sont la dépendance des compé-
tences de l’expert pour identifier exactement des points de repère/contours, la sensibilité à
la distinction des caractéristiques géométriques dans les radiographies, le nombre limite de
points de correspondants/contrôle ne peut pas représenter correctement une forme continue,
et l’objet générique a moins de détails que l’objet réel.

Ces limitations conduisent au troisième groupe qui utilise le modèle statistique de formes
(SSM). Les méthodes basées sur SSM réduisent l’intervention de l’utilisateur et augmentent
la précision en prenant en compte la structure géométrique globale des objets. Les connais-
sances géométriques a priori proviennent d’une large base de données d’apprentissage d’ob-
jets incluant des sujets normaux et pathologiques, et représentent toutes les déformations de
formes possibles. Ces informations sont utilisées comme contraintes géométriques de la forme
de l’objet. Le SSM a été utilisé avec succès en imagerie médicale [38, 57, 93, 7, 43, 143, 79].
Ainsi, Fleute et Lavallée [58] ont présenté un algorithme de reconstruction 3D du fémur dis-
tal utilisant une généralisation de l’algorithme Iterative Closest Point (ICP) pour recaler
le modèle aux contours segmentés dans quelques radiographies. Benameur et al [19] ont
proposé une méthode de reconstruction 3D des vertèbres du rachis scoliotique utilisant deux
images radiographiques conventionnelles (postéro-antérieur et latéral). Cette méthode a uti-
lisé une technique de descente de gradient pour minimiser une fonction de coût basée sur
les contours potentiels pour chaque vertèbre individuelle. Et la reconstruction de la colonne
vertébrale s’est faite vertèbre par vertèbre. La méthode de Baka et al [12] était basée sur [19]
pour reconstruire le fémur distal. Cette approche diffère en ce que leur algorithme incluait
une pondération d’orientation et optimisait l’erreur 3D du SSM au lieu d’une erreur 2D des
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contours projetés. Benameur et al [18] ont amélioré leur méthode en utilisant hiérarchique-
ment deux SSM de la structure géométrique de l’ensemble du rachis et de chaque vertèbre. Le
premier modèle a donné une reconstruction grossière de l’ensemble de la colonne vertébrale,
et le second a fourni une reconstruction précise de chaque vertèbre. De nombreuses méthodes
basées sur la SSM ont été proposées pour les reconstructions du bassin [178], de la cage tho-
racique [51], de la colonne vertébrale [119], etc. Le point commun de ces méthodes est la
nécessité d’une initialisation manuelle/semi-manuelle dans une étape préliminaire. Aubert
et al [9] ont utilisé de différents réseaux de neurones convolutifs (CNN) pour l’initialisation
automatique, puis des points de repère prédits par CNN ont été utilisés pour effectuer une
déformation locale comme étape de raffinement. À notre connaissance, toutes les méthodes
basées sur la SSM utilisaient l’algorithme d’analyse en composantes principales / mélanges
d’analyses en composantes principales probabilistes [17].

Le quatrième groupe est que le problème de reconstruction 3D se présente comme un
recalage 3D/2D non rigide entre les contours/régions projetés de l’objet générique avec les
contours/régions extraits des images d’entrée. Gamage et al [62] ont utilisé une nouvelle
mesure de similarité, qui est une combinaison pondérée d’informations de topologie, d’orien-
tation des contours, de courbure et de distance euclidienne. Cette mesure est robuste contre
le bruit, la déformation, les valeurs aberrantes et les occlusions dans les images radiogra-
phiques. Le recalage a été amélioré en impliquant non seulement les contours externes,
mais aussi quelques bords internes clés du fémur et peut être adapté à d’autres anatomies
osseuses. Sun et al [153] ont adapté l’algorithme Coherent Point Drift (CPD) [121] pour
effectuer le recalage 3D/2D non rigide du fémur. L’algorithme CPD était basé sur la pro-
babilité d’ensembles de points. À noter que dans les deux études, les auteurs n’ont pas
mentionné comment l’initialisation de la reconstruction a été effectuée. L’avantage des tech-
niques basées sur le recalage est de fournir un meilleur contrôle sur la déformation locale de
la forme de l’objet. Cependant, ce groupe est très sensible à l’initialisation et la segmentation
/ détection des contours / régions des images radiographiques qui restent une tâche difficile.

Le dernier groupe utilise l’apprentissage profond, plus précisément les réseaux de neu-
rones convolutifs, pour créer un modèle 3D. Récemment, CNN est utilisé pour estimer /
reconstruire en 3D les objets [63, 160] ou les os d’animaux [66, 33] à partir des images 2D.
Mais peu d’études ont été faites pour reconstruire en 3D les os humains. Shiode et al [147]
utilise le réseau intégré TL sur une base d’apprentissage synthétique de nombreux modèles
3D avec des radiographies reconstruites numériquement (DRR) correspondantes. Le T et L
se réfèrent respectivement à la phase d’apprentissage et celle de test. Le réseau T est un
auto-encodeur avec des couches de convolution et de déconvolution qui permet de générer les
modèles 3D et le réseau L est celui de T sans l’encodeur qui permet de prédire le modèle 3D
à partir d’une image. La méthode commence par appliquer le réseau antagoniste génératif
(GAN) sur la segmentation de l’os de l’image radiographique réelle en entrée afin de déduire
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la DRR. Ensuite, cette DRR est fournie au réseau TL pour produire le modèle 3D de l’os.
Néanmoins, cette méthode ne s’applique qu’aux os de l’avant-bras distal et surtout présup-
pose que ceux-ci soient sains. Kasten et al [81] introduisent une approche d’agrandissement
dimensionnel qui est la rétroprojection de chaque paire de lignes épipolaires correspondantes
des deux images radiographiques biplanaires en entrée sur un plan épipolaire. Il en résulte un
volume 3D qui contient toutes les informations à partir des deux images, tout en préservant
les contraintes géométriques de deux vues. Cette représentation est combinée ensuite avec
CNNs qui produit des modèles 3D des différents os. Cependant, cette approche reste une
tâche difficile, en raison de la difficulté de représenter un agrandissement dimensionnel dans
des paramètres multi-vues avec des couches différentiables standards. De plus, en raison de
la nature des images radiographiques (bruits d’imagerie, artefacts, chevauchement entre les
os et les tissus mous denses), la correspondance des points de surface entre plusieurs vues
est extrêmement difficile. L’accès difficile aux données médicales constitue une limitation
importante de cette catégorie de méthode de reconstruction 3D basée sur les CNNs. En
effet, la base d’apprentissage synthétique utilisée par ces méthodes et construite à partir
de ces données réelles souvent limités, s’avère généralement trop petite et ainsi trop peu
représentative pour aboutir à de bons résultats.

Pour limiter les inconvénients, notre approche utilise deux images radiographiques bipla-
naires obliques et la méthode statistique non linéaire FastMap pour créer un SDM pour la
reconstruction 3D. Le FastMap permet de fournir une bonne représentation des déformations
statistiques admissibles dans la base de données osseuses. Et les images obliques permettent
à notre robuste fonction de vraisemblance d’exploiter toutes les informations des deux images
(contours et ROIs).
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Résumé. La segmentation des images radiographiques est une étape importante et cru-
ciale pour la reconstruction 3D osseuse dont l’objectif final reste d’augmenter l’efficacité du
diagnostic, de la chirurgie et des plans de traitement assistés par ordinateur. Cependant,
cette tâche de segmentation est plutôt difficile, en particulier lorsqu’il s’agit des structures
humaines complexes du membre inférieur telles que la rotule, le talus et le bassin. Dans ce
travail, nous présentons une méthode basée sur la fusion multi-atlas pour la segmentation
automatique de ces régions osseuses complexes à partir d’une seule vue radiographique. La
première originalité de l’approche proposée réside dans l’utilisation d’une base de données
d’images radiographiques co-recalées/pré-segmentées des régions osseuses (ou multi-atlas)
pour estimer une collection de superpixels permettant de prendre en compte toute la va-
riabilité non linéaire et locale des régions osseuses existant dans la base de données et
également pour simplifier le processus d’élagage de la carte superpixel lié à notre stratégie.
La deuxième originalité est d’introduire une nouvelle étape de propagation d’étiquettes ba-
sée sur le concept d’entropie pour raffiner la carte de segmentation résultante en les régions
internes les plus probables jusqu’à la segmentation finale. Dans le cadre de ce travail, une
validation croisée leave-one-out a été effectué sur un ensemble de données de 31 images
radiographiques segmentées manuellement pour chaque structure osseuse afin d’évaluer ri-
goureusement l’efficacité de la méthode proposée. La méthode proposée a abouti à des
segmentations plus précises par rapport au probabilistic patch-based label fusion model (PB)
et au classical patch-based majority voting fusion scheme (MV) utilisant différentes straté-
gies de recalage. La comparaison avec les segmentations manuelles (étalon-or) a révélé que
la précision de classification de notre approche de segmentation non supervisée est, respec-
tivement, de 93,79 % pour la rotule, de 88,30 % pour le talus et de 85,02 % pour le bassin ;
un score qui se situe dans l’intervalle des niveaux de précision des segmentations manuelles
(du fait de la variabilité intra inter/observateur).
Mots clés : Structures osseuses du membre inférieur, segmentation osseuse, segmentation
consensus, segmentation multi-atlas, carte superpixel, étape de fusion basée sur la variation
d’information, images radiographiques.
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Abstract. X-ray image segmentation is an important and crucial step for three-
dimensional (3D) bone reconstruction whose final goal remains to increase effectiveness of
computer-aided diagnosis, surgery and treatment plannings. However, this segmentation
task is rather challenging, particularly when dealing with complicated human structures in
the lower limb such as the patella, talus and pelvis. In this work, we present a multi-atlas
fusion framework for the automatic segmentation of these complex bone regions from
a single X-ray view. The first originality of the proposed approach lies in the use of a
(training) dataset of co-registered/pre-segmented X-ray images of these aforementioned
bone regions (or multi-atlas) to estimate a collection of superpixels allowing us to take into
account all the nonlinear and local variability of bone regions existing in the training dataset
and also to simplify the superpixel map pruning process related to our strategy. The second
originality is to introduce a novel label propagation step based on the entropy concept for
refining the resulting segmentation map into the most likely internal regions to the final
consensus segmentation. In this framework, a leave-one-out cross-validation process was
performed on 31 manually segmented radiographic image dataset for each bone structure in
order to rigorously evaluate the efficiency of the proposed method. The proposed method
resulted in more accurate segmentations compared to the probabilistic patch-based label
fusion model (PB) and the classical patch-based majority voting fusion scheme (MV) using
different registration strategies. Comparison with manual (gold standard) segmentations
revealed that the good classification accuracy of our unsupervised segmentation scheme is,
respectively, 93.79% for the patella, 88.30% for the talus and 85.02% for the pelvis; a score
that falls within the range of accuracy levels of manual segmentations (due to the intra
inter/observer variability).
Keywords: Bone structures of the lower limb, bone segmentation, consensus segmentation,
multi-atlas segmentation, superpixel map, variation of information based fusion step, X-ray
images.

1. Introduction
X-ray images are used by physicians all over the world for the preliminary diagnosis of se-

veral bone diseases, to plan surgical intervention, and for pre and post-operative treatments.
In this context, accurate extraction of bone contours or regions from these 2D X-ray images,
is often the preliminary, and also crucial, step for three-dimensional (3D) bone reconstruc-
tion which can then be a great help in determining the extent of a fracture or for improving
the diagnosis, follow-up, and treatment of major bone diseases, such as osteoporosis and
osteoarthritis.

X-ray segmentation of bone structures of the lower limb, especially of the pelvic region,
remains a challenging problem due both to intrinsic and extrinsic difficulties. Intrinsic diffi-
culties refer to the intrinsic properties of the X-ray imaging systems that result in imaging
noise. The major source of noise that degrades image quality is from the X-ray source and is
caused by radiation scattering and source leakage (quantum noise). Extrinsic difficulties are
closely related to the patients. Indeed, bone structures in radiographic images often overlap
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with other bones or dense soft tissues, making it difficult to accurately delimit the boundaries
of different bone regions. This is particularly true when neighboring structures have similar
absorption rates. Also, we must include the effects of the density variation of the bone struc-
ture being imaged, the inter-subject variability in bone morphology, the variability in the
3D imaging poses, and the motion unsharpness (caused by movement of the patient). These
problems are all the more difficult when dealing with large and complex bone shapes such
as the human pelvis or small bone structures such as the talus or patella. In these cases, the
segmentation of complex bones is usually still done manually or semi-automatically, which
is time consuming and tedious.

In order to propose a fully automatic segmentation method of bone structures in X-ray
images, some a priori anatomical knowledge of the region to be extracted is necessary and
must be integrated in the segmentation model. This can be done in different ways, for
example by modelling the grey level distributions associated with each tissue or region class
to be segmented [111], in the form of deformable shape templates constrained by a family
of parametric or non-parametric curves [114, 112], or by one or several prototype templates
together with the set of admissible deformations [45].

Recently, an efficient example-based segmentation strategy has been proposed, which
turns out to be an interesting alternative in order to incorporate prior information into the
segmentation model. This alternative uses a training dataset of X-ray images with the corres-
ponding pre-segmentations called a multi-atlas [8, 5, 49]. In this strategy, the unsupervised
segmentation process is divided into two stages; a first registration procedure is conduc-
ted between the target image to be segmented and each image and/or segmentation of the
multi-atlas. Next, from the set of co-registered segmentations (and possibly its correspon-
ding X-ray image), a second fusion or label propagation step is finally achieved to estimate
both the segmentation into regions and also to infer the most likely internal region labels to
the final consensus segmentation result. Regarding the second stage of any multi-atlas based
segmentation scheme, also called label propagation or decision fusion step, the commonly
used techniques, already proposed in this context, are generally based on different types
of voting rules, such as the majority voting [133], (possibly locally) weighted voting [8] in
which weights can be possibly estimated by the Expectation-Maximization (EM) algorithm
[135], or shape-based methods [134] to name a few.

The limits of these techniques are mainly due to the registration errors. Regions from
atlases may be associated to the wrong regions in the target image. To address this limita-
tion, a first strategy consists in using a combination of a linear rigid registration, followed by
a nonlinear or local registration. The first step provides an initial rigid alignment, while the
second step rather considers the specific non-rigid and/or nonlinear deformations of the tar-
get (for example, to take into account the inter-individual variability of the imaging pose and
bone morphology). In this context, the nonlinear registration can be achieved in many ways.
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For example, by considering small perturbations (as parameters of the nonlinear transform)
on landmark points of a preliminary rigid registration, or by considering nonlinear deforma-
tions of a grid of Bezier or BSpline points, using deformation field (optical flows), demons,
finite element models, to name a few. [118]. In addition to the fact that this nonlinear
registration is often slow and suboptimal due to non-convexity of the energy function that
is optimized, let us recall, above all, that the nonlinear deformation required for this regis-
tration is generally not learned from the multi-atlas dataset. A second strategy focuses on
patch-based label fusion methods to compensate registration error by searching for corres-
pondences between the target image and atlases. In this spirit, [39] use expert segmentation
priors to achieve the nonlocal patch-based label fusion. [136] propose a patch-based image
labeling method, relying on image intensity similarities between the input image and an
anatomy textbook. [166] propose a regression-based approach for label fusion. Patch-based
approach in [170] uses l2,1-norm regularization to enforce joint sparsity during the label
fusion. [165] combine (possibly weighted) majority voting and a patch-based approach to
achieve unsupervised segmentation. [11] formulate patch-based label fusion in a probabi-
listic Bayesian framework. [146] combine spectral matching with multi-atlas Patch-Match
(MAPM) to introduce multi-atlas spectral Patch-Match (MASP) segmentation. Finally,
[171] propose a hierarchical multi-atlas label fusion with multi-scale feature representation
and label-specific patch partition. Multi-scale feature representation increases the accuracy
of the patch-based similarity measurement and label-specific atlas patches makes the label
fusion process more specific and flexible. The interest of these methods is that they don’t
need explicit registration between the individual putative segmentations of the atlas and
the subject image to be segmented. In fact, the main assumption of all these patch-based
approaches is that, if patches of the input subject image are locally similar to the patches of
atlases, they should have a similar label. In terms of voting rule, the atlases whose reference
images are more similar to the target image should contribute more to the segmentation.
This strategy borrows the main idea of the non-local means denoising algorithm [27] which
assumes that image information is redundant.

In our approach, we prefer not to rely too much on patch-based similarity between two
X-ray images mainly because grey level information of these patches are not always as in-
formative as might be desired. Indeed, quantum noise can be different for different X-ray
imaging systems and numerous artifacts exist, such as bone and soft-tissue artifacts and
inter-individual variability of bone densities and structures. In fact, the most informative
and reliable visual cues in an X-ray image of the pelvic region remain the boundary contours
between the different pelvic bone structures, and particularly the external bone contour of
the pelvis; our proposed method will fully rely on this information.

In our model, this boundary information between bone regions existing in the pre-
segmented images of the multi-atlas dataset allows us to estimate a collection of superpixels
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which has the interesting property to capture, easily and non-parametrically, all the nonli-
near and local variability of Regions Of Interest (ROIs) present in the multi-atlas dataset.
The interest is then twofold; this allows to efficiently estimate the target-specific nonlinear
deformations required by the registration process while simplifying the optimization problem
involved in the pruning process (via a superpixel map based refining process aiming at redu-
cing the remaining registration errors). Then, the label propagation step is formulated into
an optimization problem, also called the median partition problem, aiming to find the best
segmentation which maximizes an entropy-based similarity criterion between the compromise
solution and the set of co-registered segmentations, over the space of possible segmentations.
This fusion procedure has already turned out to be very efficient for combining a set of weak
segmentation results to get a final improved segmentation result [109].

Let us mention that the concept of superpixels was initially proposed in multi-atlas seg-
mentation by [167] and [175] but with a very different approach compared to us, both in
terms of data and algorithm used to generate the superpixel map but also in terms of their
utility in the underlying registration/segmentation model. Indeed, in the above mentioned
works, the superpixel representation is generated, in a classical way, through low-level unsu-
pervised image segmentation of an input Magnetic Resonance (MR) image (from the Simple
Linear Iterative Clustering proposed in [3] or the Graph-Based Image Segmentation tech-
nique described in [56]). Nevertheless, unlike MR images, which have a better quality, X-Ray
images contain quantum noise, numerous artifacts (overlap and blurring) that can degrade
any over-segmentation or superpixel map estimation procedure. In addition, the input image
is over-segmented into small homogeneous regions or superpixels (sharing similar features)
but which are not necessarily of interest in terms of bone or anatomical structures. Unlike
this, our application generates the superpixel map by taking the intersection operation on
the warped training label images which were manually segmented into different ROIs by
experts. That is why our superpixel map takes into account the local and nonlinear defor-
mations of ROIs (i.e., bone regions), existing in the training atlases, without too much error.
Besides, our superpixel map is not used as an additional matching constraint for establishing
the voxel-wise label transfer and fusion (as proposed in the two above mentioned references)
but in order to refine the segmentation process.

As mentioned in our preliminary work [122] and to our knowledge, there is no reported
work that proposes and uses, for the label propagation step, the result of a median partition-
based optimization problem or that exploits a superpixel strategy for taking into account the
nonlinear variability of the ROIs in label multi-atlas population. The remainder of this paper
is divided into the following sections. In Section 2, we introduce details about the dataset
that will be used in our model. Section 3 describes the DCT-based pre-processing step
made on each X-ray image to be segmented in order to enhance the contour of the different
anatomical structures to be segmented. The proposed model with its five steps, namely (1)
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Fig. 3. The pipeline of the proposed approach.

shape-based linear registration and multi-atlas selection, (2) superpixel map creation, (3)
superpixel map pruning, (4) final selection and filtering of the multi-atlas dataset, and (5)
entropy-based fusion procedure are presented in Section 4. Finally, we show experimental
results in Section 6.2 and conclude in Section 7. The pipeline of superpixel and multi-atlas
segmentation of bone structures for the pelvic structure is given in Fig. 3.

2. Dataset And Multi-Atlas Creation
For our experiments (approved by the local ethics board of our University), we used

31 anonymized 45-degree oblique X-ray images of the pelvis, talus, and patella that were
manually segmented into different ROIs by experts well trained in lower extremity and
medical image segmentation. Images of the pelvis were partitioned into 14 different ROIs
including the whole pelvis with sacrum, and both hemipelvis. Images of the talus were
manually segmented into 4 different ROIs, including the body, dome and head of talus. of
the patella had ROIs. (see Fig. 4)

3. X-ray Image Pre-processing
In our application, a pre-processing step is required in order to enhance the visibility

of the bone contours which, in fact, constitute the most important and reliable low-level
visual cue in each radiographic image. To this end, a histogram equalization technique and
a DCT-based denoising step [113, 174] was used.
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(a) (b) (c)

Fig. 4. Six examples of 45-degree oblique manual segmentations of the human pelvis (a),
talus (b), and patella (c) used in our multi-atlas.

The DCT-based denoising procedure used in this application is an iterative strategy of
denoising. Each iteration progressively denoises the image and consists in repeating a trans-
lation invariant DCT-based frequential filtering using a simple adaptive hard thresholding
rule within a sliding subimage. Algorithmically and, more precisely, the iterative denoising
scheme thus simply consists of alternating, until a maximal number of iterations is reached,
two steps (which are also summarized in pseudo-code in Algorithm 1):

(1) The first step is a frequential filtering using the DCT transform of each 8 × 8 su-
bimage extracted from the current denoised version of the degraded image (initially, this
current image estimate is y, the degraded image itself). It is well known by the compression
community that a DCT filtering (i.e., a threshold on these DCT coefficients) on each 8× 8
blocks extracted from a (noisy or not) image can denoise, but also can cause blocky artifacts
on the processed image after reconstruction (i.e., inverse DCT). In order to reduce these
artifacts, a standard way is to use the DCT of all circularly translated version of the image,
herein assumed to be toroidal. This thus implies to compute a set of NS = 8 × 8 = 64 (8
horizontal shifts and 8 vertical shifts) transformed images (which are then averaged in the
second step). For the filtering operation in the DCT domain, we used the simple hard thre-
sholding rule classically used in the wavelet-based denoising approaches. After an inverse
DCT transform, we have to un-shift the filtered image and store the result for the second
step.
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Algorithm 1 DCT-Based Denoising Algorithm
y Input image to be denoised (Input)
x̂ Denoised estimated image (Output)
T Threshold

1. Initialization
x̂[1] ← y

2.
for iteration n = 1 to 5 do
I. Frequential Filtering
for All (8 horizontal and 8 vertical) possible shifts of x̂[n] do
for All [8×8] blocks extracted from x̂[n] do
• DCT Transform
• Threshold the obtained DCT coefficients w with the hard thresholding rule

λhardT =
{

0 if |w| ≤ T
w otherwise

• Inverse DCT Transform of these thresholded coefficients
end for
Unshift the filtered image and store it

end for
II. Averaging
x̂[n+1]←Averaging of these 64 denoised images

end for
x̂← x̂[n+1]

(2) The second operation consists in doing an averaging of these 64 denoised image esti-
mates in order to compute the current denoised estimate and to make translation-invariant
the proposed denoising procedure.

We returned to the first step for another denoising operation by considering that y = x̂

and so on, until the stability of the solution, typically at the end of 5 full iterations of our
application. For the implementation, we have used the fast 8 × 8, 16 × 16 fft2d DCT
package implemented in C code by T. Ooura (functions ddct8x8s and ddct16x16s tested
in program shrtdct.c) and available on-line at http address given in [125].

4. Proposed Multi-Atlas Segmentation Model
The proposed multi-atlas segmentation process is mainly divided into two stages. The

first part allows us to estimate the external contour of the bone structure to be segmented
(steps 4.1, 4.2 and 4.3) and the second part (steps 4.4 and 4.5) is dedicated to the refinement
of the external contour of the bone structure and, above all, to estimate the region labels
within the bone structure to be semantically segmented.
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Algorithm 2 Iterative Pruning Algorithm
SSupPix Superpixel map (Input)
IGrad Gradient potential field of the pre-processed X-ray

image to be segmented (Input)
ŜExtCont External contour of the bone (Output)
Nmax Maximal number of iterations
ci Thresholds (i ∈ {1,2,3})
EExtCont Energy of the external contour

1. Initialization
Ŝ

[0]
SPixPruned ← SSupPix & n← 0 & E

[0]
ExtCont ← 0

• Estimation of the biggest (usually central) superpixel bsp (which should never be pruned)
2. Iterative Pruning
repeat
for each superpixel sp (sp 6= bsp) of Ŝ[n]

SPixPruned, both in the lexicographic order and
belonging to the external contour do
• Compute energy Esp of sp (using IGrad)
if (Esp < c2) then
Delete sp from Ŝ

[n]
SPixPruned

else
• Compute E1, E2: the energy of the external contour of Ŝ[n]

SPixPruned with & without
sp (using IGrad)
• Compute E3, E4: the energy of the external contour of sp and the energy of the
superpixel which replaces sp (in the external contour of Ŝ[n]

SPixPruned) (using IGrad)
if (E2 ≥ c3 ·E1) and (E4 ≥ c3 ·E3) then
Delete sp from Ŝ

[n]
SPixPruned

end if
end if

end for
• Compute energy E[n]

ExtCont (using IGrad)
n← n+ 1

until
(
Ŝ

[n]
SPixPruned 6= Ŝ

[n−1]
SPixPruned

)
and

(
n < Nmax

)
and

(
E

[n]
ExtCont ≥ c1 ·E[n−1]

ExtCont

)
ŜExtCont ← External contour of Ŝ[n]

SPixPruned

4.1. Shape-Based Linear Registration and Multi-Atlas Selection
Step

Since the most significant and informative visual information of a bone structure in an
X-ray image (especially in the lower limbs) remains its external bone contour, each seg-
mented image of the multi-atlas was first independently and rigid-registered, through affine
transformations, to the target image using a contour-based registration technique. This rigid
registration was done to produce an initial alignment for each multi-atlas segmented image
that maximized a similarity measure between an edge potential field estimated from the
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Fig. 5. From left to right; superpixel map obtained for a given X-ray 45 degree image for
respectively the pelvis, talus, and patella to be segmented.

pre-processed target X-ray image and the external contour of the corresponding bone region
in the segmented image. The edge potential was simply generated by the calculation of
the gradient magnitude convolved with a Gaussian kernel (Gaussian blur) with a variance
controlling the degree of smoothness of this contour field [20] and making nearly convex the
energy function used in the optimization-based registration technique (see Fig. 9). The rigid
registration that maximized the summation of this potential map over all the pixels located
on the boundary of the external contour of the bone structure to be segmented (given by
the manual segmentation) thus allowed us to get a rough alignment of each atlas segmented
image to the target image.

Furthermore, our contour-based similarity registration score was also used to rank the set
of rigid-registered manual segmentations of our multi-atlas by decreasing order of similarity.
The first half of this rigid-registered segmentations was then used for estimating the adaptive
superpixel representation associated to each input image to be segmented.

4.2. Superpixel Map Creation

A set of superpixels is thus estimated from the first half of the optimally rigidly registered
segmented images belonging to the multi-atlas by simply taking the intersection of all the
segments (or regions) existing in this pre-selected (rigid-registered) manual segmentations
(see Fig. 5). Conceptually, each generated superpixel corresponds to a group of connected
pixels belonging to the same region label and the set of superpixels provides a (superpixel)
map which is assumed to divide the input image to be segmented into atomic regions sharing
the same label (thus reducing the number of entities to be labeled or/and to guide and
adding constraints to the segmentation process). Fig. 6 illustrates different superpixel maps
of patella with different number of input atlases. Each superpixel (i.e., each color) represents
a local and nonlinear deformations of ROIs of the patella.
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(a) (b) (c) (d)

Fig. 6. Examples of superpixel maps of the patella created from (a) 2 atlases, (b) 3 atlases,
(c) 5 atlases and (d) 10 atlases. Each superpixel (i.e. each color) represents a nonlinear
deformation between each bone regions.

Ren and Malik first used the superpixels [130], as a pre-processing step, for the segmen-
tation of natural images in order to simplify and better spatially constrain the segmentation
task. This concept has also been proposed in [77] however, with the different purpose of
combining a segmentation map (into spatial regions) and a coarsely estimated and to-be-
refined higher level vision application (e.g., occlusion map, motion segmentation/estimation
field, etc.). In multi-atlas segmentation, the concept of superpixels have also been used,
but especially for MR images in [167, 175] and in order to oversegment the target images
and all atlases into small regions, sharing similar features but which are not necessarily of
interest in terms of bone structures. In our application, the superpixel maps were generated
directly from the well segmented training atlases and were thus adaptive for each radiogra-
phic image to be segmented. They will allow us both to carry out an adaptive local non-rigid
registration taking into account the local and nonlinear deformations of ROIs specific to the
target but also to guide and to simplify the superpixel map pruning step by better spatially
constraining it.

4.3. Superpixel Map Pruning

At this stage, an adaptive superpixel map, which non-parametrically incorporated all
the nonlinear variability existing in a selected subset of the multi-atlas dataset (inter-patient
variability of the imaging pose and bone morphology), was generated using each radiographic
target image to be segmented. Since the superpixel map was already linearly registered to the
target image (because this intersection map was built from a subset of selected and linearly
rigidly registered segmentations), a pruning step, using an iterative pruning algorithm, was
easily achieved by simply finding the set of connected superpixels which maximized the
contour-based similarity between the outer contour of this superpixel map and the edge
map of the radiographic image1. More precisely, this iterative pruning procedure can be

1Experiments have shown that slightly better results are given if the superpixel map is scaled by a factor
slightly greater than one in order to ensure that the external bone contour of the X-ray target image is fully
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described in the following manner; Each superpixel connected with the background label
(i.e., which is contiguous with the outer bone region to be segmented), in a lexicographic
order, was classified as belonging to the considered bone region if the outer contour-based
similarity metric increased and until convergence or a maximum number of iterations was
reached. At convergence, this iterative procedure (See Algorithm 2) allowed us to estimate
a precise closed (and continuous) outer contour of the bone structure.

4.4. Final Selection/Filtering of the Multi-atlas Dataset

At this stage, we had to refine the previously closed external contour of the bone structure
and also to infer both the internal regions (within the bone structure) along with their most
likely semantic labels.

To this end, since the previously estimated external contour was closed, a final linear
registration, between it and each manual segmentation of the multi-atlas, was achieved with
a region-based similarity metric (namely the F-measure2) and also allowed us to identify and
select the first half of the manual segmentations of our multi-atlas dataset, which were best
registered.

Finally, these above-mentioned pre-selected rigid-registered manual segmentations were
combined in the variation of information (VoI) sense [109], to yield the final semantic seg-
mentation.

4.5. VoI-based Fusion Procedure

The fusion procedure, used in our application, is based on the variation of information
(VoI) distance [103, 104] which has the crucial advantage of being a true metric on the space
of segmentations, i.e., a metric which is positive, symmetric and obeying the triangle inequa-
lity [104]. This metric is commonly used for comparing the similarity of two segmentation
results (or clusterings) or also as an efficient quality score that measures the agreement of the
segmentation result with a given ground truth. To this end, it was used in image segmen-
tation [105, 106, 110] in order to objectively benchmark the efficiency of an unsupervised
segmentation algorithm giving an automatic machine segmentation of an image to a ground
truth segmentation (e.g., a manually hand-segmented image given by an expert).

contained in the superpixel map. To this end, after trial and error, a scale factor of 1.02 allows us to give
the best segmentation results.

2In this binary region-based classification step, the F-measure (also called F-score) is a region-based
measure of accuracy. The accuracy of this classification is expressed by means of recall (R), precision (P) and
their harmonic mean, the F-score: F = 2P R/(P +R) with P = TP/(TP +FP ) and R = TP/(TP +FN),
where TP , FP and FN indicate, respectively, the number of correct detections, false alarms and missed
detections at pixel-level. The F-score can be also interpreted as a weighted average of the precision and
recall, where an F-score reaches its best value at 1 and worst at 0.
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Let SA = {CA
1 ,C

A
2 , . . . ,C

A
RA} and SB = {CB

1 ,C
B
2 , . . . ,C

B
RB} be respectively the first and

second segmentation (or the machine segmentation result to be evaluated and the ground
truth segmentation of the same size) between which the VoI distance has to be estimated.
SA is composed of n pixels and RA regions Ci (also called cluster, segments or superpixels
in the following). Let nAi be the number of pixels in the i-th region (Ci) of the segmentation
SA, nBj the number of pixels in the j-th region (Cj) of the segmentation SB and finally nij
the number of pixels which are together in the i-th region of the segmentation SA and in
the j-th region of the segmentation SB. P (i) = nAi /n represents the probability that a pixel
belongs to the i-th region of SA (respectively P (j) = nj/n being the probability that a pixel
belongs to the j-th region of SB). Let finally P (i,j) = nij/n represents the joint probability
that a pixel belongs to CA

i and to CB
j . The VoI between SA and SB is always in the range

[0,...1] and defined as:
VoI(SA,SB) =H(SA) +H(SB)− 2 · I(SA,SB)

with: H(SA) =−
RA∑
i=1

P (i) logP (i) = −
RA∑
i=1

nAi
n

log n
A
i

n

H(SB) =−
RB∑
i=1

P (j) logP (j) = −
RB∑
i=1

nBj
n

log
nBj
n

I(SA,SB) =
RA∑
i

RB∑
j

P (i,j) log P (i,j)
P (i)P (j) (4.1)

where H(SA) and H(SB) denote respectively the classical entropy associated with the seg-
mentation SA and SB and I(SA,SB) the mutual information between these two segmenta-
tions.

Let {Sk}k≤L be a finite ensemble of L segmentations {Sk}k≤L = {S1,S2, . . . , SL} to be
fused or combined in the VoI metric sense in order to obtain ŜVoI, i.e., (equivalently) the
average (mean) segmentation in the VoI distance sense also called the best compromise
segmentation solution (resulting in a consensus in terms of contour accuracy, detail level,
clutters, etc. exhibited by each segmentations (∈ {Sk}k≤L)). ŜVoI can be regarded as the
average pairwise agreement between putative individual segmentations (∈ {Sk}k≤L) or the
solution of the following optimization (or so-called median partition [163]) problem:

ŜVoI = arg min
S∈Sn

1
L

L∑
k=1

VoI (S,Sk)︸ ︷︷ ︸
VoI (S,{Sk}k≤L)

(4.2)

with Sn is the set of all possible segmentations using n pixels. This consensus segmentation
solution can be expressed as the result of a minimization problem on the consensus function
VoI and can be efficiently solved with a iterative local gradient descent algorithm [109] in
which a new label x is assigned to pixel s (initially with label ls), if this pixel is connected
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to the x-th region and if there is a local decrease in the energy VoI(.)s:ls→x with:
∆VoI
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Ŝ
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where Lls denotes the label at site s of the l-th segmentations (l ≤ L) of the segmentation
ensemble {Sk}k≤L and we recall that nmLl

s
designates the number of pixels which are together

in the m-th region of the segmentation S and in the Lls-th region of the segmentation Sl ∈
{Sk}k≤L (see Algorithm 1). As initialization of this steepest gradient descent, we can start
from the segmentation result (among the L segmentation results to be averaged), ensuring
the minimal consensus energy in the VoI sense [109].

In the label propagation step, the VoI-based fusion procedure allowed us both to refine
the external contour of the bone structure to be segmented, but also, and especially, to infer
the internal region labels from the selected atlases (previously estimated in Section 4.4) to
the final segmentation map. Fig. 7 shows two examples of the evolution of the consensus
energy function of the VoI-based fusion procedure along the number of iterations for two
different bone structures.

5. Time Complexity
The purpose of this section is to compute an estimate for the time complexity required

to segment an X-ray image by our strategy. We performed a complexity analysis on each
step of our approach.

First, the time complexity of our X-ray image pre-processing step is linear with respect
to the number of pixels with O(p(ndctb + g)) where p is the number of pixels in the image,
ndct is the number of DCT iterations, b is the extracted block size and g is the Gaussian
kernel size.
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Algorithm 3 VoI-Based Segmentation Fusion Algorithm
{Sk}k≤L Set of L segmentations to be fused (Input)
ŜVoI Estimated fused result (Output)
Tmax Maximal number of iterations
VoI Mean VoI (See Eq. (2))

1. Initialization

Ŝ
[0]
VoI = argmin

S∈{Sk}k≤L

VoI (S,{Sk}k≤L) & n← 0

2. Steepest Local Energy Descent
while n < Tmax do
for each pixel of Ŝ[n]

VoI with label ls at site s do
• Let E the set of labels 6= ls contained in the local (squared) fixed-size (Nw = 7)
neighborhood of s
• Draw a new label x according to the uniform distribution in the set E
if x = ∅ then
continue;

end if
if pixel s with label x is not 4-connected with the x-th region in Ŝ[n]

VoI then
continue;

end if
• Compute ∆VoI

(
Ŝ

[n]
VoI, {Sk}k≤L

)
s:ls→x

(See Equation (3))
if ∆VoI

(
Ŝ

[n]
VoI, {Sk}k≤L

)
s:ls→x

> 0 then
replace label ls by label x at site s

end if
end for
n←n+ 1

end while
ŜVoI←Ŝ

[n+1]
VoI

Second, the time complexity of bone structure external contour estimation step is
O(p(Ndatasetts+npruningP )). More precisely, the time complexity of shape-based registration
is O(Ndatasettsp), where Ndataset is the number of images in training dataset, t is the number
of translations, and s is the number of scaling factors. This complexity grows linearly with
Ndataset and p, while t and s can be fixed. The time complexity of superpixel map crea-
tion is O(Nmapp), where Nmap (Nmap < Ndataset) is the number of images used for creating
the superpixel map. Also, the time complexity of the superpixel map pruning algorithm is
O(npruningPp), where npruning is the number of iterations required and P is the number of
superpixels.

Third, the time complexity of external contour refinement and internal segmentation
estimation step is O(p(Ndatasetts + nvoiNfusion)). More precisely, the time complexity of
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Algorithm 4 The proposed X-ray segmentation algorithm.
I X-ray image to be segmented (Input)
{Sk}k≤N DataSet (multi-atlas) of N (a priori) segmentations of the bone structure

(Input)
ISeg Segmented X-ray image (Output)
TDCT Threshold of the denoising filter
σb Std of the contour-based potential field blur
ρ Selection % of the best registrations
{ci}i=1,2,3 Thresholds of the pruning algorithm

Initialization: X-Ray Image Pre-processing
• From I do

Histogram equalization
−− DCT-based denoising algorithm (TDCT)
− Gradient potential field (gradient magnitude + Gaussian blur with standard de-

viation σb)
• Result: IGrad

1. Bone Structure External Contour Estimation
• A. Shape-based Linear Registration and Multi-Atlas Selection
{S•k} ← Rigid registration of each segmentation of {Sk}k≤N and selection of the ρ% best
registrations (in term of our contour-based potential using IGrad)
• B. Superpixel Map Creation
SSupPix← intersection of all the regions existing in {S•k}
• C. Superpixel Map Pruning
ŜExtCont←Pruning Algorithm

(
SSupPix,IGrad,{ci}i=1,2,3

)
2. External Contour Refinement and Internal Segmentation Estimation
• D. Final Selection of the Multi-Atlas
{S◦k} ← Rigid registration of each segmentation of {Sk}k≤N in the (region-based) F-score
sense between ŜExtCont and Sk & selection of the ρ% best registrations
• E. VoI-Based Mean Segmentation Estimation
ISeg←Voi-Based Mean Seg. Algorithm

(
{S◦k}

)

final selection of the multi-atlas (i.e. rigid registration) step, which is similar to the shape-
based registration, is O(Ndatasettsp). Also the time complexity of the VOI based fusion
algorithm is O(nvoiNfusionp), where nvoi is the number of iterations required, and Nfusion

(Nfusion < Ndataset) is the number of images used for fusion step.
Finally, the overall complexity of our approach remains linear with respect to the number

p of pixels in the image with O(p(ndctb+ g +Ndatasetts+ npruningP + nvoiNfusion)).
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Fig. 7. Evolution of the consensus energy function of the VoI-based fusion procedure along
the number of iterations for two different bone structures.

6. Experiments
6.1. Data

For the experiments, we validated our multi-atlas based segmentation approach on 31
45-degree oblique X-ray radiographic images and on three different human bone structures
(pelvis, talus, and patella) acquired using a X-ray imaging system. Every pelvis, talus and
patella image was cropped for the best view, resulting in image sizes of 1500×1350, 400×300
and 350× 350 pixels respectively.

6.2. Experimental Results

The overall algorithm is summarized in pseudo-code in Algorithm 4. The internal para-
meters of the proposed method are respectively the threshold TDCT of the DCT-denoising
filter for the pre-processing step, the standard deviation σb of the potential field used in the
shape-based linear registration, and local non rigid contour based reconstruction (step 1.A
and 1.C). The selection parameter ρ of the multi-atlas selection (step 1.A and 2.A), and
finally the three thresholds of the pruning algorithm c1, c2, c3. We have set these parameters,
chosen after some trial and error experiments, to the following respective values TDCT = 40,
σb = 2, ρ = 50% and c1 = 0.95,c2 = 3.5,c3 = 0.99.

The performance of segmentation algorithms is usually evaluated based both on the qua-
lity or accuracy of the segmentation result and computational requirement. The quality or
accuracy of the segmentation algorithm is evaluated by comparing the output of the method
with a ground truth, usually obtained from manual segmentation done by experienced radio-
logists. However, the ground truth always suffers from inter and intra-observer variations.
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Fig. 8. Original oblique X-ray radiographic images of respectively the pelvis, the talus and
the patella before and after the denoising step (see Section 3).

To solve this problem, we have performed a leave-one-out procedure, i.e., we removed each
existing manual segmentation from the multi-atlas data set while other manual segmenta-
tions remained. Each X-ray image associated to the previously removed segmentation map
was then segmented by our strategy and compared, in terms of classification error rate (i.e.,
similarity index), with its manual segmentation.

Step Time (sec.) and %
Pre-processing 1 (0.5%)

Shape-based linear registration 4 (2.5%)
Superpixel map estimation 2 (1%)
Iterative pruning algorithm 15 (9%)

External contour-based registration 44 (27%)
VoI-based mean segmentation 95 (60%)
Total computational time 161 (100%)

Tableau 2. Computational time of different steps of the algorithm for the pelvis.

Fig. 8 shows the original oblique X-ray radiographic image of pelvis, talus and patella
respectively before and after the pre-processing denoising step (without the computation of
the magnitude gradient) (see Section 3). Fig. 9 shows an example of gradient magnitude
and potential field with Gaussian filter with an increasing standard deviation σb of three
original oblique pre-processing X-ray radiographic images of respectively the pelvis, talus,
and patella. Fig. 10 shows of the external pelvic, talar, and patellar contours respectively on
the corresponding 45-degree oblique X-ray radiographic (original and gradient) images and
Fig. 11 shows the resulting segmentations estimated after the VoI-based label propagation
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Fig. 9. From left to right; gradient magnitude of three original oblique pre-processing X-ray
radiographic images of the pelvis, talus, and the patella, respectively. From top to bottom;
potential field with Gaussian filter with an increasing standard deviation σb.

step, with the estimated internal region labels of the pelvic, talar and patellar structures.
Figures 12, 13, and 14 show respectively some segmentation results from our automatic
segmentation approach compared to a manual gold standard segmentation.

The accuracy of our automatic segmentation approach was, with our leave-one-out pro-
cedure, respectively 85.02% for the pelvis (e.g. in Fig. 12), 88.3% for the talus (e.g. in
Fig. 13), and 93.79% for the patella (e.g. in Fig. 14). These scores take into account the
accuracy of the labeling of the different regions within the bone structure to be segmented.
The complete segmentation of one image took, on average, approximately 161 seconds for
the pelvis, 62 seconders for the talus, and 80 seconds for the patella on a 64-bit desktop
PC (2,50GHz Core i5-3210M CPU and a graphic card with Intel, 8GB RAM). Multi-core
parallel computing with Open MP was used during the rigid registration step for each indi-
vidual registration to speed up the overall procedure, Table 2 shows the running time of the
different steps of our segmentation approach.
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Fig. 10. Respectively the pelvic, talar and patellar external contours on the 45 degree
oblique X-ray radiographic images (gradient and original).

Fig. 11. Resulting fusion image estimated after the VoI-based label propagation step, with
the estimated internal region labels of the pelvis, talus, and patella.

In spite of the numerous artifacts existing in X-ray images, such as the overlapping edges
and concealed boundaries, the proposed segmentation method can cope with these artifacts
and achieve good segmentation performance in an unsupervised way.
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(a) (d) (g) (j)

(b) (e) (h) (k)

(c) (f) (i) (l)

Fig. 12. Comparison of segmentation results from our approach and a manual segmentation
of the pelvis. (a), (b), and (c) original oblique X-ray radiographic images; (d), (e), and (f)
external pelvic contours on the corresponding X-ray images; (g), (h), and (i) resulting images;
(j), (k), and (l) manual segmentations.

6.3. Comparison with other methods

We compared our method to the probabilistic patch-based label fusion model and the
classical patch-based majority voting fusion scheme3 using different registration strategies.
Briefly, as in [11], atlases and corresponding label maps were first warped to the target image
using image registration. Then, in order to determine the label at a given voxel, each atlas
patch in the target image was compared to a number of patches (in a local search region)
in a possibly warped atlases and was then weighted according to its similarity and distance
to the target patch. Finally, labels from all the atlas patches were combined by a weighted
majority voting based strategy, to give the label estimate in the target image. The resulting

3Patch-based majority voting is a powerful tool and also the simplest label fusion method exploited in
multi-atlas based segmentation. It is based on the assumption that, if patches of the input subject image
are locally similar to the patches of atlases, they should have a similar label. To this end, the more similar
patches are selected and the label in the target image can then be determined by choosing the majority vote,
i.e., the label which is the most frequent at this voxel [73].
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(a) (d) (g) (j)

(b) (e) (h) (k)

(c) (f) (i) (l)

Fig. 13. Comparison of segmentation results from our approach and a manual segmentation
of the talus. (a), (b), and (c) original oblique X-ray radiographic images; (d), (e), and (f)
external talar contours on the corresponding X-ray images; (g), (h), and (i) resulting images;
(j), (k), and (l) manual segmentations.

segmentation was then incorporated back into the image registration process to refine the
registration results. We also compared our VoI based fusion step to Shape-based averaging
(SBA)4 fusion step presented in [134]. These two fusions of segmentations are based on a
different similarity metric between two segmentation maps (i.e., the entropy concept for the
VoI and a distance, related to the Chamfer distance for the SBA).

This comparison was evaluated on 31 radiographic image datasets for each bone struc-
ture and performed on above-mentioned desktop PC. In this comparison, we used an affine
registration (AR) and our shape-based registration (SBR) to align the atlas with the target,
then the label fusion process (MV, PB, SBA and our method VoI) was applied to obtain
the final result. The segmentation quality was estimated with the similarity index by com-
paring the manual segmentations (considered as a gold standard) with the combinations of
different registration and label fusion strategies (MV-AR, MV-SBR, PB-AR, PB-SBR, our
method with VoI, and our method with SBA). For two binary segmentations A and B, the
similarity index is computed as the ratio between 2|A⋂B| et |A|+ |B|. Figures 15, 16, and
17 show respectively some segmentation results from these 6 abovementioned segmentation

4SBA is based on the distances from each pixel to the contours of each label, and thus, it implicitly
includes the neighborhood information of pixels [134].

59



(a) (d) (g) (j)

(b) (e) (h) (k)

(c) (f) (i) (l)

Fig. 14. Comparison of segmentation results from our approach and a manual segmentation
of the patella. (a), (b), and (c) original oblique X-ray radiographic images; (d), (e), and (f)
external patellar contours on the corresponding X-ray images; (g), (h), and (i) resulting
images; (j), (k), and (l) manual segmentations.

approaches compared to a manual gold standard segmentation. The Table 3 and 4 show the
comparison of the similarity index (i.e., accuracy) and the computational time of these three
segmentation methods respectively. Fig. 18 shows the accuracy of each atlas in dataset for
leave-one-out validation.

Patella Talus Pelvis

Our method VoI based fusion 93.79%* 88.3% 85.02%
SBA fusion 88.38% 85.01%

Majority voting affine registration 89.99% 85.36% 67.77%
shape-based registration 90.26% 85.26% 76.91%

Probabilistic patch-based affine registration 90.01% 85.41% 68.03%
shape-based registration 90.27% 85.44% 77.59%

Tableau 3. Accuracy of our method versus the MV and the PB fusion model with different
registration and fusion methods for multi-atlas segmentation (*:Patella bone has only 1 ROI).
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(a) Original

(b) Manual

Our method MV method PB method

(c) SBR (d) AR (e) SBR (f) AR (g) SBR

Fig. 15. Comparison of segmentation results of the patella. (a) original oblique X-ray
radiographic image, (b) manual segmentation, third row: external patellar contours on the
corresponding X-ray image, fourth row: resulting images.

Patella Talus Pelvis

Our method VoI based fusion 80* 62 161
SBA fusion 52 129

Majority voting affine registration 176 165 212
shape-based registration 56 6 9

Probabilistic patch-based affine registration 181 170 235
shape-based registration 58 12 18

Tableau 4. Computational time (sec.) of our method versus the MV and the PB fusion
model with different registration and fusion methods for multi-atlas segmentation (*:Patella
bone has only 1 ROI).

7. Discussion and Conclusion
In our experiments, we observed that the VoI based fusion and SBA fusion have almost

the same accuracy, probably due to the small number of ROIs. The experiments also sho-
wed that our shape-based registration gave a better result than image registration in the
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(a) Original

(b) Manual

Our method MV method PB method

(c) VoI fusion (d) SBA fusion (e) AR (f) SBR (g) AR (h) SBR

Fig. 16. Comparison of segmentation results of the talus. (a) original oblique X-ray radio-
graphic image, (b) manual segmentation, third row: external talar contours on the corres-
ponding X-ray image, fourth row: resulting images.

probabilistic patch-based label fusion model and the classical majority voting fusion scheme.
Our method is slightly better than the other methods (MV and PB) with two different re-
gistration strategies in case of simple bones (patella, talus), and much better in the case
of a complex structure (pelvis). Note that probabilistic patch-based label fusion methods
are used for MRI, and our method is proposed for X-ray radiographic imaging. As already
mentioned in the introduction, image registration and patch-based methods probably turn
out not to be well suited for X-ray images since quantum noise can be different for different
X-ray imaging systems and also because numerous artifacts exist in these images, mainly
due to the fact that neighboring tissues inside human body may have similar X-ray absorp-
tion rates and this phenomenon can considerably bias the estimations of the state-of-the-art
patch-based methods.

The strength of our approach lies in the combination of multiple weak, but complementary
visual cues, such as contour-based and region-based similarity measures all along the different
steps of our registration/segmentation process. In addition, our superpixel-based framework
that takes into account all the nonlinear and local variability of bone regions existing in the
training dataset along with our label propagation fusion step, in the variation of information
sense, combined with our outlier removal step, allows us to efficiently constrain the space of
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(a) Original

(b) Manual

Our method MV method PB method

(c) VoI fusion (d) SBA fusion (e) AR (f) SBR (g) AR (h) SBR

Fig. 17. Comparison of segmentation results of the pelvis. (a) original oblique X-ray
radiographic image, (b) manual segmentation, third row: external pelvic contours on the
corresponding X-ray image, fourth row: and resulting images.

candidate segmentations, to finally propose a reliable segmentation map even in presence of
low quality input X-ray images. This also makes our method original, robust and particularly
appropriate for the segmentation of complex structures in X-ray imaging. To the best of
our knowledge, no study has been done on the X-ray oblique image segmentation of the
pelvis, talus, and patella. Unlike most existing multi-atlas-based segmentation approaches,
the proposed method makes the following main contributions. First, the multi-atlas-based
training dataset allows us to estimate, non-parametrically, a collection of superpixels which
capture all the nonlinear and local variability of ROIs present in the multi-atlas dataset. This
allows us both to increase the accuracy of the superpixel map pruning step while simplifying
the optimization problem involved in this crucial step. Second, the contour-based similarity
measure used in our first registration step and combined with the region-based similarity
measure exploited in the final selection/filtering of the multi-atlas dataset allowed us to
efficiently and adaptively single out the outlier segmentations, existing in the multi-atlas
dataset, for each specific segmentation case. Third, the label propagation fusion step was
herein performed in the variation of information sense and allowed us to refine the external
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(a) Patella

(b) Talus

(c) Pelvis

Fig. 18. Accuracy of each subject in dataset. Each bin represents the similarity index of
the resulting image comparing to the corresponding manual segmentation.

contour of the bone structure to be segmented, but also, and especially, to infer the internal
region labels from the pre-selected segmentations of the atlas to the final segmentation result.
In addition, the proposed approach is robust since it mainly relies on the external bone
contour of the bone structure to be segmented, which is the most informative and reliable
visual cues in an X-ray image, especially in the case of the lower limb bone structures (such
as the pelvis, talus, and patella). Also, the average classification rate of our method was
within the range of accuracy typically obtained in case of manual segmentations (w.r.t.
intra inter/observer variability). The proposed segmentation approach has potential clinical
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applications, one of them being three-dimensional reconstruction from biplanar images to
assess skeletal morphology in the context of various pathological processes like osteoarthritis.
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Résumé. Le recalage des composants d’implants tridimensionnels (3D) du genou sur des
images radiographiques fournit la position 3D des implants, ce qui aide à analyser l’ali-
gnement des composants après une arthroplastie totale du genou. Dans cet article, nous
présentons un recalage automatique 3D à bidimensionnel (2D) utilisant des images radiogra-
phiques biplanaires basé sur une mesure de similarité hybride intégrant des informations sur
la région et les contours. Plus précisément, cette mesure est définie comme une combinaison
pondérée d’une similarité basée sur le champ de potentiel des contours, qui représente la
relation entre les contours externes des projections des composantes et un champ de poten-
tiel de contours estimé sur les deux images radiographiques, et une propriété de spécificité
d’objet, qui est basé sur la distinction des régions à l’intérieur et à l’extérieur de l’objet.
La précision de notre algorithme de recalage 3D/2D a été évaluée sur un échantillon de
64 composants (32 composants fémoraux et 32 composants tibiaux). Dans nos tests, nous
avons obtenu une moyenne de l’erreur quadratique moyenne (RMSE) de 0,18 mm, ce qui
est significativement inférieur à celui des deux méthodes de similarité simple, ce qui appuie
notre hypothèse d’une meilleure stabilité et précision avec l’approche proposée. Notre mé-
thode, qui fournit six paramètres de recalage (trois rotations et trois translations) précis
sans nécessiter de marqueurs fiduciaux, permet d’effectuer les analyses importantes sur l’ali-
gnement en rotation des composants fémoraux et tibiaux sur un grand nombre de cas. De
plus, cette méthode peut être étendue pour recaler d’autres implants ou os.
Mots clés : Recalage 3D/2D, images radiographiques, composants d’implants de genou,
implants orthopédiques.

Abstract. Registration of three-dimensional (3D) knee implant components to radio-
graphic images provides the 3D position of the implants which aids to analyze the compo-
nent alignment after total knee arthroplasty. In this paper, we present an automatic 3D
to two-dimensional (2D) registration using biplanar radiographic images based on a hybrid
similarity measure integrating region and edge-based information. More precisely, this mea-
sure is herein defined as a weighted combination of an edge potential field-based similarity,
which represents the relation between the external contours of the component projections
and an edge potential field estimated on the two radiographic images, and an object speci-
ficity property, which is based on the distinction of the region-label inside and outside of the
object. The accuracy of our 3D/2D registration algorithm was assessed on a sample of 64
components (32 femoral components and 32 tibial components). In our tests, we obtained
an average of the root mean square error (RMSE) of 0.18 mm, which is significantly lower
than that of both single similarity methods, supporting our hypothesis of better stability
and accuracy with the proposed approach. Our method, which provides six accurate reg-
istration parameters (three rotations and three translations) without requiring any fiducial
markers, makes it possible to perform the important analyses on the rotational alignment
of the femoral and tibial components on a large number of cases. In addition, this method
can be extended to register other implants or bones.
Keywords: 3D/2D registration, x-ray images, knee implant components, orthopaedic im-
plants.
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1. Background
Total knee arthroplasty (TKA) is an orthopaedic surgical procedure where the damaged

articular surfaces of the knee joint are replaced with artificial implants. The implant consists
of two metallic components that replace the bearing surfaces on the tibial plateau and fe-
moral condyles, separated by a high molecular weight polyethylene insert. The component
alignment after TKA has been proved as a significant factor in determining knee kinematics
[148, 164], patellar tracking, and long-term clinical outcome [101, 141]. This alignment is
currently evaluated in 2D X-ray images [140, 139]. However, position of the X-ray source,
orientation of the subject’s pelvis and lower extremity may have an effect on measurements
obtained from 2D radiographs. A 3D analyses of component positions after TKA will pos-
sibly not only to increase the accuracy of measurements, but also to lead to new works on
TKA, or to improve implant designs which increase their life span because abnormal knee
kinematics might cause premature failure of the implant [88, 29].

A 3D lower extremity alignment assessment system has been created to evaluate 3D ali-
gnment by manually matching 3D bone and component projections with frontal and oblique
X-ray images of the entire lower extremity [141, 142]. But this system is time-consuming
and has low accuracy of position estimation [85]. 3D alignment information after TKA can
also be obtained from magnetic resonance imaging (MRI) and computed tomography (CT)
scan [100, 102] but is costly and involves significant radiation exposure in the case of CT
scans. If serial follow-up evaluations are needed, the cost and the issue of radiation will
greatly increase after sequential MRI or CT scans. Another approach based on Roentgen
stereophotogrammetry has been developed [161]. Roentgen stereophotogrammetric analysis
(RSA) is a highly accurate technique for 3D micromotion evaluation of orthopaedic implants
but it is limited by the need to surgically insert numerous tantalum beads into the bones
with a special instrument.

In our case, a 3D/2D registration based method seems to be an adequate and suitable
solution. 3D/2D registration methods have been used in many medical fields, mostly in
image-guided therapy, such as cancer diagnosis and therapy [172, 31], radiosurgery [47],
interventional radiology [97], and a variety of therapies in surgery [128, 65, 152]. In this
context, these techniques align 3D implant components to 2D X-ray images to determine their
3D information (positions and orientations). These registration approaches can be classified
into two groups based on the number of images used. Most of them use fluoroscopic images
for 2D X-ray image.

The first group uses a single X-ray image and biplanar X-ray images are used in the
second group. Previous approaches used a direct image to image similarity measure [96]
or contour-based 3D/2D registration [173, 67] to estimate the pose of knee implant. Such
technique can provide clinically sufficient accuracy only for five degrees of freedom (DOF)
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(three rotations and two translations parallel to image), as the DOF related to the translation
perpendicular to image (depth position) is quite challenging. Yamazaki et al. [173] improved
the depth position estimation by optimizing it independently of the five other DOFs, using an
approximate evaluation curve of depth position prepared after initial registration. Although
depth position was improved, it wasn’t judged to be sufficiently accurate. The RMSE,
average errors and standard deviation of depth position in this technique were ten times
higher than those of two other translations. Another approach to increase the accuracy of
depth position estimation was based on the fluoroscopic imaging property that the closer the
object is to the source, the larger the image at the image intensifier is produced. Hossain et
al. [71] determined the scale change due to the depth translation by using a calibration box
to estimate the depth position. This approach gave accurate results but required an extra
step to compute the scale change in the depth translation of the fluoroscopy unit. The second
limitation is due to the high degree of shape symmetry of the components, particularly the
tibial component. A symmetrical pose might be obtained instead of the true one because the
representation of both solutions on the X-ray image is very similar (see Fig. 19). In [67], the

(a) (b) (c)

Fig. 19. Example of tibial component projection on two X-ray images. From top to bottom
: symmetrical and true pose. (a), (b) component external contours projected on 135-degree
image and 45-degree image, and (c) 3D view of component projections.

authors try to solve this problem by simultaneously estimating two symmetrical poses, but
the algorithm still might not converge toward the true pose. By using biplanar 2D images,
these methods can measure all six DOFs with a sufficient accuracy (see Fig. 19) and avoid the
symmetrical issue. Kim et al. [83] optimized the normalized correlation coefficient (NCC)
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between the dual X-ray images and two corresponding virtually projected component images
to obtain six DOFs. George et al. have shown that using biplanar images provides a highly
accurate estimation of six DOFs [64]. However, biplanar fluoroscopic images at the same
exact position are not easy to obtain due to the moving pictures and the complexity of the
system. In addition, they involve a potential risk of radiation to the patient. Radiography
is an adequate choice as it is the lowest in term of cost, complexity, and risk of radiation
compared to fluoroscopy, MRI, or CT scan.

In this paper, we propose a simple method to align the components of a 3D knee implant
to biplanar oblique X-ray images. This method does not require fiducial markers and/or
intraoperative X-ray image segmentation. It uses a hybrid (relying on both region and edge-
based information) similarity measure both combining the contour similarity between the
external contours of the component projections and an edge potential field estimated on the
two radiographic images [75] and a region label similarity measure term (which is based on
the distinction of the region label inside and outside of the object [46]). Then a stochastic
Exploration Selection (ES) algorithm is used to estimate the six DOFs of implant position.

2. Proposed Approach
2.1. Image Pre-processing

Contour detection. Due to the metallic material, the implant components appear much whi-
ter than the neighboring bones and soft tissues. A pre-processing process is performed on
each image to enhance the visibility of the component contours which, in fact, constitute
the most important and reliable low-level visual cue in each radiographic image. First, a
histogram equalization technique increases the global contrast. Second, a median filter and
non-local means denoising [28] algorithm are used to remove the noise from the images. The
non-local means denoising method replaces a pixel with a weighted average of pixels having a
similar neighborhood. More precisely, for each pixel, it first searches in a large search window
(centered on the pixel to be denoised) for all the neighborhoods of pixels that most closely
resemble (with a least squares (LSQ) similarity measure) the neighborhood of the pixel to
be filtered. Then, a weighted average (based on the previous LSQ similarity measure) of all
these central pixels (of all these neighborhoods) allows to estimate the denoised greyscale
value of the pixel. Finally, the edges are detected by using a Canny edge filter [30] (see Fig.
20).
Label detection. The next part of the pre-processing step is the region-label extraction. By
using the Simple Linear Iterative Clustering (SLIC) algorithm [2], the input images are
segmented into K labels (i.e. superpixels). This algorithm is actually simple and has a low
computational cost. SLIC performs a clustering of pixels in a five-dimensional (5D) space
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Fig. 20. Example of contour-based pre-processing step. From left to right : input X-ray
image, histogram equalization image enhancement, denoised image, pre-processed image.

based on their color similarity and proximity in the image. The 5D space is defined by
the L, a, b values of the CIELAB color space and x, y coordinates of the pixels. Due to the
fact that the distance between two colors in the CIELAB space is different from the spatial
distance in the xy plane, it is not possible to simply use the Euclidean distance. In order to
cluster pixels in this 5D space, a new distance measure based on Euclidean distance, with
normalization of the spatial distances, was introduced:

dLab =
√

(Lu − Lv)2 + (au − av)2 + (bu − bv)2 (2.1)

dxy =
√

(xu − xv)2 + (yu − yv)2 (2.2)

D = dLab + m
S
dxy (2.3)

where D is the sum of the Lab distance and the xy plane distance normalized by the grid
interval S =

√
N
K
, N is the number of pixels in image and m is a variable to controlling the

compactness of a superpixel.
The algorithm begins by initializing K cluster centers. Each pixel in the image is asso-

ciated with the nearest cluster center whose search area overlaps this pixel. After all the
pixels are associated, new centers are computed as the average 5D vector of all the pixels
belonging to the cluster. The assignment of each pixel to the nearest cluster center and the
re-computation of the new cluster center process are iteratively repeated until convergence.
At the end of this process, a few remaining pixels are enforced to connect to the largest
neighboring cluster (see Fig. 21).

2.2. 3D/2D Registration Procedure

Once the edges and the region-based labels are extracted from the image by our pre-
processing step (see "Image Pre-processing" section), a rigid registration is performed to
align the component to biplanar images. To this end, we combine the object specificity
property [46] and the similarity between the external contours of the component projections
and an edge potential field estimated on the two radiographic images.

72



Fig. 21. Example of label-based pre-processing step : input X-ray image (left) and pre-
processed image (right).

2.2.1. Similarity measurement.
Edge potential field-based similarity. An edge potential field-based similarity measure is
defined in order to evaluate the concordance or the similarity degree between the external
contours of the component projections on biplanar X-ray images and an edge potential
field, estimated from the previously detected edges of the two views. Concretely, this edge
potential field attracts the component and aligns it to the edge from the input image by
giving a similarity measure all the greater as the edges of the projected contours of the
component coincide well with the edges existing in the two views. The edge potential field
Φ of each view is computed on the pre-processed image and is defined (as in [75]) as:

Φ(x,y) = exp(−ρ
√
δ2
x + δ2

y) (2.4)

where (δx,δy) is the displacement to the nearest edge point in the image, and ρ is a smoothing
factor which controls the degree of smoothness of the potential field. Finally, a directional
component is added to produce a cost function measuring the correspondence between the
projected contours of the component and the edges in the two views:

E = − 1
n1

∑
n1

(Φ1(x,y)| cos(α1(x,y))|)

− 1
n2

∑
n2

(Φ2(x,y)| cos(α2(x,y))|)
(2.5)

where α(x,y) is the angle between the tangent direction of the external contours at (x,y) and
the tangent of the nearest edge, and n1,n2 are the number of pixels on external contours of
the component of each view (see Fig. 22).
Object specificity property. Object specificity property is based on the following hypothesis :
the labels inside and outside the object are distinct. This property is fulfilled (thus involving
a minimal cost or error function) whenever the labels inside an object are specific to that
object, i.e. the labels inside an object do not occur outside that object and vice versa. It is
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Fig. 22. Directional component used in equation (2.5).

defined by:

ϑ =
K∑
h=1

ph|{s : zs = lh,s /∈ cint}| (2.6)

where Λ = {l1,...,lK} is the set of K labels in image, zs ∈ Λ, ph is the proportion of the
pixels with label lh in the interior cint of component, and the last factor is the number of
pixels belonging to label lh in the exterior of component. To reduce execution time, the last
factor can be written as |{s : zs = lh}| − |{s : zs = lh,s ∈ cint}|, so |{s : zs = lh}| can be
precomputed, only ph is computed dynamically. By normalizing this property, we obtain a
cost (or error) function (to be minimized):

V = ϑ1

N1
+ ϑ2

N2
(2.7)

where N1,N2 are the number of pixels of component related to each view.

2.2.2. Six registration parameters optimization. Finally, our registration approach is for-
mulated as the minimization of the following cost function:

C(θ) = E(θ) + βV (θ) (2.8)

where θ is a set of six registration parameters and β is a weighting factor between respectively
the edge-based and region-based energy terms of our energy-based registration model. In
order to minimize this complex non-convex cost function, we resort to ES algorithm, a
stochastic and efficient optimization algorithm, already proposed in [60] and especially well-
suited for this type of function to be optimized.

In fact, the ES algorithm belongs to the class of evolutionary algorithms. This class of
algorithm inspires the natural evolution to solve hard problems. Suppose that a problem
is a natural environment which encompasses a population of individuals. Each individual
represents a possible solution to the problem. A fitness function is used to measure the
degree of adaptation of each individual (i.e. potential solution) to its environment (i.e.
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problem). Like evolution in nature, these algorithms produce progressively better solution
to the problem. This class of algorithm has been successfully used in medical imaging
[127, 115, 18] or for detection and accurate localization of shapes in traditional images [46].
More formally, the ES algorithm can be described in two steps: exploration and selection
steps (more details are given in [60]). The first step implicates a probabilistic operator to
attempt a random search on a graph of each individual which is considered as a potential
solution. And the second step creates interaction and selection between individuals. This
process is run until a stopping criterion has been met (cf. Algorithm 5).

Algorithm 5 ES Algorithm
C(.) A k-variable function to be minimized
N (a) The neighborhood of an element a
k A number of intervals
D (= k/r) The diameter of the exploration graph
θ A set of registration parameters
θ̂ The optimal element θi of θ
p The probability of exploration
t The iteration step
n The size of the population (greater than D)
r A real number ∈ [0,1] called the radius of exploration

1. Initialization
Random initialization of 6 registration parameters
t←2
2. Exploration/Selection
while a stopping criterion is not met do

(1) Compute θ̂; θ̂←arg minθi∈θ C(θi)
(2) Draw f according to the binomial law b(n,p)

• For i≤ f , replace θi by γi ∈ N (θi)\{θ̂} according to the uniform distri-
bution (Exploration step)

• For i>f , replace θi by θ̂ (Selection step)
(3) t← t+ 1 and p← t−1/D

end while

3. Experimental Results
To evaluate the accuracy of our 3D/2D registration algorithm, ground truth models were

created. A ground truth model is the rendering of the 3D implant components on a real
X-ray image (see Fig. 23). The ground truth image retains the properties of the X-ray
imaging such as variety of imaging noise originated from several components of the system
(X-ray source, CCD camera, controller circuits, etc.), and the patient bone structures overlap
with other bones or dense soft tissues (cartilage, meniscus, and fascia). A random transfor-
mation (rotation and translation) was applied to the ground truth 3D components. Then
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Fig. 23. Example of biplanar ground truth images (left) and biplanar real radiographic
images (right).

we compared the registered transformed components with the ground truth components.
This comparison was evaluated on 64 randomly transformed components (32 femoral and 32
tibial components). In this comparison, we also performed the registrations with different
similarity measurements. Afterward, these results were analyzed by using a statistical Z-test
1 between hybrid similarity and single similarity approaches where the null hypothesis was
that there is no difference between two approaches, and a statistical significance threshold
set at p ≤ 0.001. Then the p-value was calculated.

Table 5 shows the average RMSE 2 for the random transformed components before re-
gistration. Table 6 shows the average RMSE for each component and for all components by
using potential field similarity, object specificity similarity and our hybrid similarity in our
accuracy test, as well as the comparison between the different approaches. Table 7 shows
the average errors (AE) and the standard deviations (SD) by using single similarities and
hybrid similarity, and the comparison between each DOF. Fig. 24 shows the RMSE of each
transformed components. Finally Fig. 25 and 26 show an example of 3D/2D registration on
ground truth images and real radiographic images, respectively.

Initial RMSE
Femoral components 12.055
Tibial components 11.481
All components 11.768

Tableau 5. Average of RMSE (mm) for the random transformed components before regis-
tration.

In our experiments, we set the size of the population to 20 and the number of iterations
to 800. For the tibial components, the average RMSE were 2.66 mm, 0.28 mm and 0.18
1Z-score= µ2−µ1√

σ2
1/n

, where µ2 is the average error of the single similarity approach, µ1 and σ2
1 are the average

error and the variance of the hybrid similarity approach, and n is the number of components.
2RMSE =

√∑n

i=1
dist2

i

n , where disti is the distance between a vertex of the transformed component and its
correspondence in the ground truth component, and n is the number of vertices.
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Hybrid Potential Object
field specificity

Femoral 0.177 0.525 0.269components
Tibial 0.183 2.658 0.28components

All components 0.18 1.592 0.275
p-valueHybrid/... < 0.0001 < 0.0001

Tableau 6. Accuracy test (average of RMSE (mm) and p-value).

Rotation Translation
(degrees) (mm)

X Y Z X Y Z

Hybrid 1.047 0.767 1.062 0.046 0.047 0.086
± 0.771 ± 0.591 ± 0.672 ± 0.03 ± 0.031 ± 0.043

Femoral Potential field 1.065 0.822 0.879 0.187 0.161 0.142
components ± 0.87 ± 0.68 ± 0.771 ± 0.146 ± 0.115 ± 0.127

Object specificity 1.02 0.869 0.977 0.075 0.065 0.101
± 0.767 ± 0.674 ± 0.722 ± 0.049 ± 0.052 ± 0.07

Hybrid 0.727 0.713 0.878 0.085 0.075 0.046
± 0.567 ± 0.473 ± 0.578 ± 0.046 ± 0.039 ± 0.035

Tibial Potential field 2.635 4.854 3.241 0.829 0.777 0.561
components ± 1.9 ± 3.492 ± 1.765 ± 0.368 ± 0.67 ± 0.554

Object specificity 0.641 0.776 0.869 0.073 0.109 0.067
± 0.523 ± 0.595 ± 0.61 ± 0.062 ± 0.068 ± 0.05

Hybrid 0.887 0.74 0.97 0.065 0.061 0.066
± 0.695 ± 0.536 ± 0.634 ± 0.044 ± 0.038 ± 0.044

Potential field 1.85 2.838 2.06 0.508 0.469 0.351
All ± 1.673 ± 3.224 ± 1.803 ± 0.426 ± 0.571 ± 0.453

components p-valueHybrid/P otentialF ield < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001

Object specificity 0.83 0.822 0.923 0.074 0.087 0.084
± 0.684 ± 0.637 ± 0.67 ± 0.056 ± 0.064 ± 0.063

p-valueHybrid/ObjectSpecificity 0.5093 0.2225 0.5552 0.0989 < 0.0001 0.0012

Tableau 7. Average errors ± standard deviations and p-values of six DOFs.

mm by using the edge potential field-based similarity measure, the object specificity simi-
larity measure and our hybrid similarity measure, respectively. The average RMSE of the
femoral components in these three similarity measures were 0.53 mm, 0.27 mm and 0.18
mm, respectively. Finally, for all components, the average RMSE were 1.59 mm, 0.28 mm
and 0.18 mm, respectively, and the p-values between hybrid similarity and single similarity
approaches were inferior than 0.0001. A complete evaluation took, on average, approxima-
tely 245 seconds on a 64-bit desktop PC (Ubuntu 16.04 LTS, 1.30GHz Core i7 CPU and a
graphic card with Intel, 16GB RAM). Note that we didn’t use any libraries in programming
in C++.
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Fig. 24. RMSE of each transformed components.

(a) (b) (c)

Fig. 25. Example of 3D/2D registration result on ground truth images: (a) hybrid similarity,
(b) potential field similarity, and (c) object specificity similarity, first row : 45-degree image
and second row : 135-degree image.

4. Discussion
Our tests showed that the potential field similarity is sensitive. Its average RMSE of the

tibial components was a lot higher than those of the femoral components because there are
more artifacts around the tibial component than the femoral component. Tibial component
contours are attracted by the potential field of the tibial and fibular contours. The object
specificity similarity was more stable and accurate than the potential field similarity. But
the combination of both edge and region-based similarity measures gave the best result in
terms of stability and accuracy, as shown by the statistically significant difference that was
found between hybrid similarity and single similarity approaches. The difference of their
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(a) (b) (c)

Fig. 26. Example of 3D/2D registration result on real radiographic images. (a), (c) com-
ponent external contours projected on 45-degree image and 135-degree image, and (b) 3D
view.

average RMSE of each component was less than 0.006 mm. The advantage of label-based
similarity is its stability. In addition, this term, based on the region process and a numerical
integration is inherently robust to noise. However, this measure alone is not precise because
the number of pixels in the border labels is fewer than the number of pixels inside the
label. On the contrary, the edge-based similarity measure is accurate while also being more
sensitive to noise or other artifacts existing in the images. That’s why the combination of
the stability and the robustness to noise of the label-based similarity term with the accuracy
of the edge-based similarity measure, provides a robust unsupervised registration method.

Compared to the NCC-based method in [83], the experiments showed that their results
are very slightly better than that of our method (see Table 8). The differences were less
than 0.04 mm. Note that the tests of the NCC-based method used fluoroscopic images of
sawbones and didn’t involve the rotations.

Our method NCC-based
method

Femoral 0.177 0.141components
Tibial 0.183 0.15components

All components 0.18 0.146

Tableau 8. Results (average of RMSE (mm)) of our method versus the NCC-based method
in [83].

Unlike other works that use fluoroscopic images, our method uses biplanar radiographic
images which are the advantageous in terms of cost, complexity, and risk of radiation and
provide six registration parameters with a sufficient accuracy without the need for additional
fiducial markers. Our method is also robust to image noise and occlusions, as demonstrated
by the AE and the SD of each parameter in our tests. The AE of translation parameters
were around 0.06 mm and their SD were less than 0.05 mm. For the rotation parameters, the
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AE were less than 1 degree, and the SD were around 0.6 degree. In addition, this method
can be extended to register other implants or bones to biplanar oblique or frontal/lateral
X-ray images (see Fig. 27, 28).

Fig. 27. Example of our registration for femoral and tibial components on real radiographic
images : lateral image (left) and frontal image (right).

Fig. 28. Example of our registration for the distal femur on real radiographic images: 45-
degree image (left) and 135-degree image (right).

The proposed method, based on the ES optimizer, is slightly time-consuming but it is
easily parallelizable and thus remains especially well-suited for the next-generation GPU or
massively parallel computers and multi-core processors.

Based on the result of our TKA component registration, the rotational alignment of the
femoral and tibial components can be studied by measuring and analyzing both component
position and orientation. For example, the external rotation angles of the implants can be
measured. These rotations are important in patello-femoral tracking because inappropriate
rotation of the femoral component may cause flexion imbalance and patellofemoral problems
[83]. The combined rotational alignment change after TKA can also be measured and the
different influence of symmetric and asymmetric tibial component designs on the combined
rotational alignment can be compared [132]. Our accurate registration method makes it
possible to perform these important analyses on a large number of cases.
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5. Conclusion
We have presented an unsupervised registration of 3D knee implant components to bi-

planar X-ray images. This method uses a hybrid similarity measure by combining the object
specificity property and the similarity between the external contours of the component pro-
jections and an edge potential field (related to the edges) estimated on the two radiographic
images. A stochastic optimizer (ES) algorithm is then used to efficiently estimate the six
DOFs of implant position. Our method can avoid symmetrical solution and provides six
registration parameters with a good accuracy. Moreover, it does not require any fiducial
markers. The proposed 3D/2D registration approach has the potential to increase the effec-
tiveness of computer-aided clinical analysis, namely relative angle analysis which is important
to predict not only the function but also the stability and survival of TKA implants [21].
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Résumé. La reconstruction tridimensionnelle (3D) des membres inférieurs joue un rôle
important dans la planification chirurgicale, la chirurgie assistée par ordinateur et les appli-
cations biomécaniques. L’utilisation de modalités d’imagerie 3D telles que la tomodensito-
métrie (CT-Scan) et l’imagerie par résonance magnétique (MRI) présente des limites telles
que les coûts et la dose de rayonnement élevée. Par conséquent, les méthodes de reconstruc-
tion 3D à partir d’images radiographiques biplanaires sont des méthodes alternatives afin
d’obtenir des modèles 3D précis avec un coût et une dose de rayonnement moins élevés. Dans
cet article, nous présentons une nouvelle approche de reconstruction 3D non supervisée pour
la rotule, l’astragale et le bassin. Notre approche utilise des images radiographiques conven-
tionnelles biplanaires calibrées (obliques à 45 et 135 degrés) et une information a priori sur
la structure géométrique de ces os complexes. Un algorithme de réduction de dimension-
nalité non linéaire basé sur un positionnement multidimensionnel (MDS) est appliqué pour
exploiter ces informations géométriques a priori. Il représente les déformations pertinentes
existant dans la base d’apprentissage. La méthode proposée repose sur une vraisemblance
hybride utilisant des régions et des contours. La notion basée sur les contours représente
la relation entre les contours externes des projections des os et un champ de potentiel de
contours estimés sur les images radiographiques. La notion basée sur les régions est le taux
de non recouvrement entre les régions d’intérêt (ROIs) des os segmentées et celles projetées.
Ensuite, notre modèle de reconstruction 3D automatique aboutit finalement à minimiser
stochastiquement une fonction d’énergie permettant d’estimer les paramètres de déforma-
tion de la forme osseuse. Cette méthode de reconstruction 3D a été testée avec succès sur
13 couples d’images radiographiques biplanaires, donnant des résultats très prometteurs.
Mots clés : Reconstruction 3D, images radiographiques, radiographies biplanaires, modèles
statistiques non linéaires, imagerie médicale.

84



Abstract. Three-dimensional (3D) reconstruction of lower limbs is of great interest in
surgical planning, computer assisted surgery, and biomechanical applications. The use of
3D imaging modalities such as computed tomography (CT) scan and magnetic resonance
imaging (MRI) have limitations such as costs and high radiation dose. Therefore, 3D recon-
struction methods from biplanar X-ray images represent an alternative to achieve accurate
3D models with lower cost and radiation dose. In this paper, we present a new unsupervised
3D reconstruction approach for the patella, talus, and pelvis. Our approach uses calibrated
biplanar (45- and 135-degree oblique) radiographic images, and a prior information on the
geometrical structure of these complex bones. A multidimensional scaling (MDS) based
nonlinear dimensionality reduction algorithm is applied to exploit this prior geometrical in-
formation. It represents relevant deformations existing in the training set. The proposed
method reposes upon a hybrid likelihood using regions and contours. The edge-based no-
tion represents the relation between the external contours of the bone projections and an
edge potential field estimated on the radiographic images. Region-based notion is the non-
overlapping ratio between segmented and projected bone regions of interest (ROIs). Then,
our automatic 3D reconstruction model finally results in stochastically minimizing an en-
ergy function allowing to estimate the deformation parameters of the bone shape. This 3D
reconstruction method has been successfully tested on 13 biplanar radiographic image pairs,
yielding very promising results.
Keywords: 3D reconstruction, X-ray images, biplanar radiographies, nonlinear statistical
models, medical imaging.

1. Introduction
Three-dimensional (3D) reconstruction of bones is an important step for various clinical

applications. It may be used in clinical studies for diagnosis and treatment of pathologies,
especially related to the bony structure of the human body and precise implant selection,
among others. 3D models are used more extensively for operation planning and morpho-
metric studies. Applying personalized 3D precise models by surgeons has great potential
impact on the accuracy and reliability in orthopaedics. X-ray images are often used due to
their wide availability, lower price, and levels of ionizing radiation compared to computed
tomography (CT) scan and magnetic resonance imaging (MRI). However, since X-ray images
provide only 2D information, some prior knowledge must be incorporated in order to extract
the missing dimension.

Previous approaches [13, 156, 22, 124, 84] use a prior knowledge on the geometrical
structure of the object to be reconstructed. Nevertheless, in these methods, the geometric
a priori constraint does not model the set of admissible deformations of the anatomical
structure to be reconstructed. Consequently, the 3D shape estimation does not necessarily
correspond to the reality.

Methods using statistical a priori knowledge of the geometric shapes of the objects of
interest lead to better constrain the reconstruction problem [178, 176, 12, 34, 52, 59].
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These methods use statistical shape models or statistical shape and intensity models for
reconstructing bones from X-ray images. However, the optimization of the deformable model
parameters might be slow and needs a good initialization point to avoid local maxima [131,
82]. In [18, 17], Benameur et al. used the contours of anatomical shapes detected in the two
radiographic images for the 3D reconstruction of the anatomical object considered. However,
segmentation or edge detection algorithms are very sensitive to noise and this often results
in noisy contours, which are difficult to use in the case of these images.

In [81], Kasten et al. used deep learning for 3D reconstruction of bones from two bi-planar
X-ray images. However, implementing 3D reconstruction from two or more 2D images using
a deep learning approach remains a challenging task, due to the difficulty of representing a
dimensional enlargement in multi-view settings with standard differentiable layers. Moreover,
due to the transparent nature of X-ray images, matching surface points between multi-
views for dense reconstruction is extremely challenging compared to the standard multi-view
setting. A survey on deep learning in medical image reconstruction is given in [4]. In
addition, deep learning methods require a lot of computing power, are expensive to set up,
make decisions that are difficult or not at all understandable, and require a large database.
[78] gives a comparative survey on 3D reconstruction of medical modalities based on various
approaches.

The 3D reconstruction approach of bones that we propose will be obtained thanks to the
calibrated 45- and 135-degree oblique radiographic images3 and a general a priori knowledge
of the geometric structure of each bone. This knowledge comes from a considerable lear-
ning base of surface models. This a priori knowledge is obtained by applying the variant of
Multidimensional Scaling (MDS) algorithm presented in [32, 25] by choosing as the metric
the most adequate distance to our learning base. MDS allows to find a small-dimensional
subspace which preserves the chosen metric in the original space. This step of nonlinear
dimensionality reduction will allow us to define a mesh of deformation in a reduced dimen-
sional space in which each point of this mesh will, in fact, correspond to a surface model
of our learning base. As for the Principal component analysis (PCA) in [18], it will allow
us to define a concise 3D parametric reconstruction model in which the set of statistically
admissible (in our case, possibly non-linear) deformations and learned on our learning base,
will be summarized by the values of a reduced vector of parameters.

From this mesh of non-linear deformations which summarizes all the statistically admis-
sible surface structures, the proposed reconstruction method will then consist in adjusting
the projections (45-degree and 135-degree oblique) of a surface model of bone (contained in
this deformation mesh and by interpolation) with the contours and the regions of segmented
images, containing the corresponding bone. This approach is based on a likelihood using

3Due to the physical link between the detector source assemblies, the position in space of the sensors and
X-ray sources are well known: the radiographic environment is therefore pre-calibrated.
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a prior detection of the contours (oblique projections of the 3D model) as in [18] but also
on a global constraint using the notion of specificity. This property is based on the fact
that labels (of classes), given by a prior textural over-segmentation of the image, inside and
outside the shape, are distinct (or specific in a neighborhood of the object). Thanks to this
likelihood, using both edge and region information, our Bayesian reconstruction model has
the property of being particularly robust to noise. Finally, the 3D reconstruction problem is
then seen as a simple problem of estimating the deformation parameters of this 3D surface
model or, equivalently, as a problem of minimizing a cost function. This minimization will
be efficiently carried out by a stochastic algorithm.

The remainder of this paper is divided into the following sections : Section 2 describes our
approach with the pre-processing step made on each X-ray image to enhance the contours and
extract the regions, the statistical deformable model, energy function, and the optimization
algorithm. We show experimental results in Section 3, discuss and conclude in Section 4.

2. Proposed Model
Our 3D reconstruction approach uses two calibrated biplanar oblique 45-degree and 135-

degree radiographic images and a prior global knowledge of the geometric structure of each
bone. We assume the oblique orthogonal radiologic projections will allow a better identifi-
cation of the various components of the bone.

Fig. 29. The pipeline of the proposed method.
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Note that most of biplanar 3D reconstruction methods use postero-anterior (PA) and
lateral (LAT) images. The human bone structures in the PA image appear distinguished
with other bones or dense soft tissue (cartilage, meniscus, and fascia). But in the LAT image,
due to the overlap of the bone with the bone itself, other bones or dense soft tissue, very
few information about bone structure can be extracted. In contrast, the bone structures in
both oblique images appear less clear than in a PA image, but much clearer than in a LAT
image. Bone structure information can be equally extracted from two oblique images (see
Fig. 30).

45-degree view 135-degree view PA view Lateral view

Fig. 30. Example of biplanar images.

A robust approach will consist of a segmentation method which makes it possible to take
into account both the notions of contour and region (detection of homogeneous zones). The
cooperation between segmentation by region and contour contributes to a better conside-
ration of the characteristic bones in the radiographic images and, consequently, to a better
segmentation [123] thanks to the complementary nature of these two types of information
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[177]. Thereby, segmentation by region-contour cooperation can be expressed as mutual aid
between these two concepts in order to improve the end result of segmentation [42, 120].

Patella

Talus

Pelvis

Fig. 31. Example of bone images after initialization (see Section 2.5.1) step. The 45-degree
view is on the left and 135-degree view is on the right of each bone.

The prior information is obtained by applying FastMap [55], a variant of the MultiDimen-
sional Scaling (MDS) algorithm, on the training set (in which each 3D shape is represented
by a fixed-length vector, representing the coordinates of its different points). This algorithm
uses an adequate distance metric to find a low enough dimensional space that preserves the
chosen metric in the original space. This nonlinear dimensionality reduction step allows
us to define a mesh of deformations in a reduced dimensionality space in which each point
corresponds to an element of our training set. In our application, this mesh also defines a
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concise nonparametric model of the possible 3D deformations in which the admissible sta-
tistical deformations, extracted from the training set, are given by the set of values of the
different reduced parameter vectors.

From this triangular mesh of nonlinear deformations which summarizes all the a
priori admissible statistical structures, the objective of the proposed approach is to
(non-parametrically) sample a population of possible (i.e., statistically admissible) deformed
3D shapes to be reconstructed. To this end, a sampling strategy is performed from this
density mesh by using the interpolation of the nearest (and not dimensionaly reduced) k
closest elements of this mesh. An individual fitness value for each candidate shape, sampled
from this population, is calculated from the projected contours and Regions of interest
(ROIs) on the biplanar oblique radiographic images with the corresponding bone in the
preprocessed images (and once after the deformation shape is adjusted by a deterministic
optimization algorithm). Finally, the set of fitness values for this population is then used
to effectively and iteratively guide a stochastic optimization process to promising solutions
until the optimal reconstructed shape is found.

2.1. Training set

We have 3D databases of size 654 for the patella, size 380 for the talus and size 39
for the pelvis. These databases were obtained from the semi-automated segmentation of CT
images [72]. This semi-automated segmentation method was based on the propagation of the
contours in adjacent slices. An initial contour was outlined by manually selecting few high
curvature points and using the Fourier interpolation method to complete the contour. Then,
a deformable image registration method was applied to map the contour to adjacent slices.
Next, for each bone, the surface models were registered by a rigid registration approach
called Iterative Closest Point (ICP) [138] that iteratively minimizes the distance metric in
the least squares error. Finally, we calculated the corresponding points between the models
of a bone using descriptors, namely, a set of features, assigned to a point and describing the
local geometry around it [90]. For each bone, all the models had the same N number of 3D
points. These points were indexed in such a way that the detection of ROIs was easy for all
bones.

Fig. 32 represents the regions involved in the segmentation process of the patella, the
talus and the pelvis respectively. These ROIs were defined by an orthopedic surgeon.

2.2. Image Preprocessing

Contour detection. The first part of the preprocessing process is performed on each image
to enhance the visibility of the component contours which, in fact, constitutes the most
important and reliable low-level visual cue in each radiographic image. First, a histogram

90



Patella

Talus

Pelvis

Fig. 32. Example of 3D bone regions. 45-degree view is on the left and 135-degree view is
on the right of each bone.

equalization technique increases the global contrast. Second, a median filter and non-local
means denoising algorithm [28] is used to remove the noise from the images. The non-local
means denoising method replaces a pixel with a weighted average of pixels having a similar
neighborhood. More precisely, for each pixel, it first searches in a large search window
(centered on the pixel to be denoised) for all the neighborhoods of pixels that most closely
resemble (with a least squares (LSQ) similarity measure) the neighborhood of the pixel to
be filtered. Then, a weighted average (based on the previous LSQ similarity measure) of all
these central pixels (of all these neighborhoods) allows to estimate the denoised greyscale
value of the pixel. Finally, the edges are detected by using a Canny edge filter [30] (see Fig.
33).
Region detection. The next part of the preprocessing step is the region extraction. By using
the superpixel and multi-atlas based algorithm [123], the input images are segmented into
m ROIs. This algorithm registers each image in the training set to the input image using
a contour-based registration technique. A superpixel map is estimated from the first half of
the optimally registered images in the training set by simply taking the intersection of all the
regions existing in this selected subset. Each superpixel represents the (local) variability of
bone regions. This map is adaptive to the input image and takes into account all the nonlinear
and local variability of bone regions existing in the selected subset. Then a pruning step
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Patella

Talus

Pelvis

Fig. 33. Example of bone contour detection. 45-degree view is on the left and 135-degree
view is on the right of each bone.

is achieved by finding the set of connected superpixels which maximize the contour-based
similarity between the outer contour of this superpixel map and the edge map of the input
image. Finally, a label propagation step based on the entropy concept is used for refining
the resulting segmentation map into the most likely internal regions to the final consensus
segmentation (see Fig. 34).

2.3. Statistical Deformable Model

This MDS based algorithm has been successfully used in many imaging applications,
such as 3D object recognition [36], human action recognition [158, 16], image segmentation
[107, 108], and image change detection [159]. In our study, each object in the training set
is considered to be a point in N -dimensional space. These points are then projected onM
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Patella

Talus

Pelvis

Fig. 34. Example of bone region detection. The 45-degree view is on the left and 135-degree
view is on the right of each bone.

mutually orthogonal axes. The goal is to calculate the training set in an M-dimensional
space from the distance matrix previously computed in the original space (M << N ).
FastMap algorithm. is based on the projections of the objects on a selected line. This line
is created by connecting two furthest pivot objects Oa and Ob in the training set. Then the
projections of the objects Oi are computed by applying the cosine law defined as:

D2(Ob,Oi) = D2(Oa,Oi) +D2(Oa,Ob)− 2xiD(Oa,Ob) (2.1)

where D(Oi,Oj) (for i,j = 1,...,N ) is the distance between Oi et Oj. From the Pythagorean
theorem, Eq. 2.1 can be solved for xi, the first coordinate of object Oi:

xi = D
2(Oa,Oi) +D2(Oa,Ob)−D2(Ob,Oi)

2D(Oa,Ob)
(2.2)
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For M > 1, the objects are projected on a hyper-plane H which is perpendicular to the
line OaOb. A new distance D′ between two projections O′j et O′j on H is deduced from the
original distance D as follows:

D′2(O′iO
′

j) = D2(OiOj)− (xi − xj)2 (2.3)

Then Eq. 2.2 (with new distance function D′, and new pivot objects) is applied to obtain
the next coordinate of objects (i.e. dimensionM > 1).

Algorithm 6 Heuristic to choosing two distant objects
begin

• Chose arbitrarily an object, and declare it to be the second pivot object Ob

• Oa ← the farthest object from Ob according to the distance function D
• Ob ← the farthest object from Oa according to the distance function D
• return Oa and Ob as the desired pair of object

end

The efficiency of FastMap, in terms of preserving information in reduced dimensionality,
can be evaluated by calculating a correlation metric [74]. This metric is the correlation of
Euclidean distance of each object pair in the original space and their corresponding pair in
reduced dimensionality space:

correlation(X,Y ) = covariance(X,Y )
σXσY

=
XtY
|X| −XY
σXσY

(2.4)

where X, Y are respectively the vector of distance in the original space and in the reduced
dimensionality space. X t, |X|, X and σX are the transpose, the cardinal, the mean, and the
standard deviation of X, respectively.

This correlation specifically quantifies the degree of dependence between X and Y and
show how FastMap is able to give a cartography in the reduced dimensionality space in which
each point is placed such as the inter-point distances (in the original space) are preserved as
well as possible [40]. A perfect correlation of 1 gives a perfect (positive) linear correlation
or relation between the high dimensional data and the low dimensional data (i.e. no loss of
information) and a correlation of 0 means a total loss of information (e.g. a correlation of
0.80 means that the FastMap technique succeeds in keeping 80% identical in term of distance
of the object pairs between the two [original and reduced] spaces).

Fig. 35, 36, and 37 show the cartographies or density mappings of patella, talus and
pelvis shapes at dimensionM = 1 and atM = 2, respectively, and showing for a complex
shape like the pelvis, several modes of deformation.

Table 9 shows the correlation metric of patella, talus, and pelvis at different reduced
dimensions.

For each possible (or statistically admissible) candidate 3D deformed shape, which will
be sampled from the preliminary estimated shape mappings (in reduced dimensionality), the
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Algorithm 7 FastMap
O set of objects in original dimensional space
M reduced dimensionality
Y set of objects in reduced dimensional space

1. Initialization
t← 0
2. Algorithm Fastmap(M, D(), O)
if M≤ 0 then
return

end if
t← t+ 1
Choose pivots 0a, 0b by Algorithm 6
if D(0a,0b) == 0 then
Y [i,t] = 0 for every i
return

end if
for each Oi ∈ O do
Compute xi using Eq. 2.2
Y [i,t] = xi

end for
Call Fastmap(M− 1, D′(), O)

(a) M = 2, profile view (b) M = 2, top view

(c) M = 1

Fig. 35. Distribution of patella in low dimensionality space
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(a) M = 2, profile view (b) M = 2, top view

(c) M = 1

Fig. 36. Distribution of talus in low dimensionality space

(a) M = 2, profile view (b) M = 2, top view

(c) M = 1

Fig. 37. Distribution of pelvis in low dimensionality space
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M = 1 M = 2 M = 3
Patella 0.753 0.84 0.896
Talus 0.847 0.92 0.94
Pelvis 0.682 0.734 0.819

Tableau 9. Correlations of patella, talus and pelvis at different reduced dimensions.

proposed model will find the k nearest neighbors of this sample in the low-dimensional data,
and then will use these k corresponding objects in the high-dimensional space to generate, by
interpolation (by applying the inverse distance weighting (IDW) function), a new instance
of the S bone shape. The weight w is an inverse distance of a point to its nearest neighbors
and is computed in the reduced dimensionality space. The new bone shape is calculated in
the original space.

S(z) =
∑k
i wi ∗ Zi∑k

i wi
(2.5)

wi = 1
dist(z,zi)%

(2.6)

where z is a point in the reduced dimensionality space, dist is the distance between 2 points,
% ≥ 0 is the power parameter, and Z is an object in the (original) high dimensional space.

2.4. Energy Function Term

2.4.1. Likelihood Energy Term.
Edge potential field-based similarity.

An edge potential field-based similarity measure evaluates the concordance or the simi-
larity between the external contours of the bone silhouette projections on the two biplanar
X-ray images and an edge potential field, calculated from the previously detected contours.
This edge potential field attracts the bone contours and aligns them on the edge of the input
image, by giving (concretely) a similarity measure all the greater as the projected contours
coincide well with the edges existing in the images. In addition, a directional component is
added to complete the measurement of the correspondence between the projected contours
of the human bone and the edges in the two views. This measure is computed on the
preprocessed image and is defined as [75]:

ξ(S) = 1
n

∑
n

(Φ(x,y)| cos(α(x,y))|) (2.7)

Φ(x,y) = exp(−ρ
√
δ2
x + δ2

y) (2.8)

where (δx,δy) is the displacement to the nearest edge point in the image, ρ is a smoothing
factor which controls the degree of smoothness of the potential field Φ, α(x,y) is the angle
between the tangent direction of the projected external contours at (x,y) and the tangent of
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the nearest edge, and n is the number of pixels on projected external contours of the human
bone S (see Fig. 38).

Fig. 38. Directional component used in equation (2.7).

Non-overlapping ratio-based similarity.
The non-overlapping ratio evaluates the matching between regions of the segmented image

and the bone silhouette projection on biplanar X-ray images. This ratio is simply the number
of pixels of segmented and projected regions that are missing from their intersection on the
number of pixels of their union. A ratio of 0 means a perfect overlap of two regions and 1
means completely dissimilarity. This ratio for m ROIs is defined as [76]:

ϑ(S) =
m∏
i=1

(
|Ri ∪Ri(S)| − |Ri ∩Ri(S)|

|Ri ∪Ri(S)|

) 1
m

(2.9)

where S is the 3D bone model, Ri is the set of pixels in ith ROI in segmented image, Ri(S)
is the set of pixels of the projection of ith ROI in 3D model S and |R| indicates the number
of pixels in region R (see Fig. 39).

Fig. 39. Overlap of segmented and projected regions
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The likelihood energy term is defined as:

El(S) = (1− ξ(S)) + ϑ(S) (2.10)

2.4.2. Prior Energy Term. In order to favour statistically admissible surface structures
that often appear in our training base, our prior energy term will favour a candidate shape in
a high density area of our shape density mapping and will be simply defined as the average
distance between it and its k nearest neighbors:

Ep(s) = 1
k

k∑
i

(s− si)2 (2.11)

where si is a point in the k nearest neighbourhood of s in the reduced dimensionality space.

2.5. 3D Reconstruction

2.5.1. Initialization. From biplanar oblique (45 and 135 degree) X-ray images (I45 and
I135), we construct a box which contains the bones to be reconstructed. The dimensions of
the box are the width of the 45-degree image, the width of the 135-degree image and the
height of the highest image. Then, we manually position a 3D model of the bones (patella,
talus, pelvis) in this box in such a way that the projections of these 3D models coincide with
their corresponding bones in the two images. This refbox box constitutes a reference box and
these bone models (refpatella, reftalus, refpelvis) constitute reference models. These references
are computed offline and only once.

The initialization step of our approach is simply the registration of refbox on inbox which
is created by using the aforementioned method on biplanar input images. The trans-
formation from this registration is then applied to the refbox and the reference models
(refpatella, reftalus, refpelvis). Fig. 40 well illustrates the initialization step and Fig. 31 shows
a result example. This step can be refined by using a 3D/2D registration. The registered
reference models will be used for the next step.

2.5.2. Optimization. Our method is based on the optimization of an objective function
E that contains both a contour/region based similarity term El and a shape prior term Ep:

E(S(θ)) = El(S,I45) + El(S,I135) + βEp(s) (2.12)

where θ is the deformation parameters, S and s are the bone shape in the original and
reduced dimensionality space, β is a weighting factor which indicates the importance of the
prior information.

To minimize this complex non-convex energy function, we resort to Exploration Selection
(ES) algorithm, a stochastic and efficient optimization algorithm, proposed in [60]. This
algorithm belongs to the class of evolutionary algorithms, and is typically well-suited for
this type of function to be optimized. This class of algorithm is inspired by the evolution of
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Fig. 40. Initialization step

nature by reflecting the process of natural selection to provide good approximate solutions
to complex problems. These algorithms have been successfully used in medical imaging
[18, 127, 115].

The ES algorithm can be summarized in two steps: exploration and selection steps. Let
F be a finite discrete subset of the Cartesian product of h intervals [mi,Mi] for 1 ≤ i ≤ h, and
θ = {θ1,...,θn} a set of n candidate solutions (population) randomly chosen. θ̂ is the optimal
element θi of θ such that E(θj) > E(θi) for 1 ≤ j < i, and E(θj) ≥ E(θi) for i < j ≤ n. In
the first step, each solution of θ is considered as an individual that attempts a random search
on the exploration graph. The exploration process acts independently on each individual,
and chooses a random f according to a positive distribution. We compute θ̂ = arg minθ E(.),
and for i ≤ f , we replace θi by γi ∈ N(θi) \ {θ̂} according to a uniform distribution, where
N(b) is defined by {a ∈ F : for some j, |aj − bj| ≤ r(Mj −mj), ai = bi,i 6= j}, and r ∈ [0,1]
is the radius of exploration. Otherwise, θi is changed by θ̂ in the second step. This process
is run until a stopping criterion has been met (cf. Algorithm 3).

2.5.3. Refinement. We use an additional strategy which consists in associating the sto-
chastic exploration, selection search with a local optimization technique. In each generation
(i.e., each Exploration/Selection step), the best individual or solution is used to initialize a
gradient descent-style deterministic minimization technique in which local deformations are
used to refine the bone shape result previously estimated by the stochastic optimizer (at
each E/S step). Therefore, the best individual deterministically explores the local neighbo-
rhood in parameter space to find a point that further minimizes our energy function. More
precisely, this deterministic gradient descent procedure uses local deformations to refine the
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Algorithm 8 ES optimization algorithm
E(.) A h-variable function defined on F to be minimized
N(a) The neighborhood of an element a ∈ F defined by

{b∈F : for some 1 ≤ j ≤ l, |bj − aj| ≤ r (Mj−mj), bi=ai, i 6=j}
D (= h/r) The diameter of the exploration graph F

(endowed with the neighborhood system {N(a)}a∈F )
θ θ=(θ1, . . . ,θn), an element of F n (population)
θ̂ θ̂ ∈ F , θ̂ = arg minθi∈(θ1,...,θn) E(θi)

i.e., the minimal point in θ with the lowest label
p The probability of exploration
t The iteration step
F A finite discrete subset of the Cartesian

product Πh
j=1[mj,Mj] of h compact intervals

n The size of the population (greater than D)
r A real number ∈ [0,1] called the radius of exploration (with r greater than the

ε-machine)

1. Initialization
Random initialization of θ=(θ1, . . . ,θn) ∈ F n

t←2
2. Exploration/Selection
while a stopping criterion is not met do

(1) Compute θ̂; θ̂←arg minθi∈θ E(θi)
(2) Draw f according to the binomial law b(n,p)

• For i≤ f , replace θi by γi ∈ N(θi)\{θ̂} according to the uniform distri-
bution (Exploration step)

• For i>f , replace θi by θ̂ (Selection step)
(3) t← t+ 1 and p← t−1/D

end while

bone shape result obtained with θ previously estimated. This procedure can be described as
follows:

• Do
– For each point pi on external contour of bone shape S(θ)

∗ Find Ki nearest neighbour of pi
∗ Compute the normal ηi which is the average of the normal of Ki

∗ Compute ϑ(S(θ,Ki)), ϑ(S(θ,Ki − εη)), ϑ(S(θ,Ki + εη))
∗ Update Ki with the lowest energy ϑ

• While the energy ϑ is not stable.
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3. Experiments
3.1. Lower Limb (Patella, Talus, Pelvis) Database

Our training databases consist of 654 surface models for the patella, 380 for the talus
and 39 for the pelvis. These training surface models were constructed from binary volumes
that were semi-automatically segmented from CT-datasets of patient [72].

3.2. Radiographic images

In our application, we used biplanar oblique (45 and 135 degree) X-ray images (I45 and
I135) acquired with a low dose imaging device. This system performs the simultaneous
acquisition of two orthogonal calibrated X-rays, with the patient in a standing position. The
radiographic image illustrates the superposition of the various structures on the same plan
and gives place to semi-transparent images. The size of our radiographic images is around
1764× 5932 pixels (coded on 256 gray levels).

3.3. Calibration

Calibration is a necessary step to compute the geometrical parameters of the radiological
environment. The images are calibrated by using images of a planar grid acquired in different
orientations. First, a homography which represents the mapping between the grid points and
image points was estimated. Then the parameters of the projection matrix were extracted
form the homography. The projection of the 3D point (X, Y, Z) is defined as:


x

y

1

 =


f 0 x0

0 s 0
0 0 1



X

Y Z

Z

 (3.1)

where (x, y, 1) is the projection point, f is the focal length, x0 is the optical center and s is
scaling factor [50].

3.4. Comparison protocol

Our 3D reconstruction method was validated on 13 bones (5 patellae, 5 tali, and 3 pelvis)
from 13 patients (13 pairs of radiographic images ((I45 and I135 views) of the lower limbs).
This comparison was made using the distance (root mean square (RMS), and maximum)
between the point from the reconstructed lower limb and the nearest point of the corres-
ponding lower limb obtained with CT-Scan, which was considered as the ground truth and
whose accuracy is ±1 mm for the human spine [10].
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3.5. Experimental results

In our study, we have used the shape density mapping, obtained by the FastMap, in the
reduced space of dimension 3, that preserves 94% information for talus and more than 80%
information for pelvis and patella in terms of distance of object pairs.

Based on preliminary test results, we chose k = 12, 8, 18 for the nearest neighbour and %
= 1.2, 2.8, 0.8 for the power parameter in the IDW interpolation for the patella, talus, and
pelvis respectively. The prior weighting factor β was set to 0.001, 0.0005, 0.00005 for the
patella, talus, and pelvis respectively to weight the prior energy term with respect to the
likelihood energy term. Finally, we set the size of the population to 100 and the number of
iterations to 380 for ES algorithm.

We have validated our method on 5 patellae, 5 tali and 3 pelvis by using the aforemen-
tioned protocol. The results of comparisons are given in Table 10, 11, and 12. Fig. 41
details the errors of each model of each bone. Fig. 42, 43, and 44 show examples of the
reconstructed bone by our method and theirs projections on both images.

Model RMS Maximum error Errors < 1mm 1mm ≤ Errors < 2mm Errors ≥ 2mm
(mm) (mm) (%) (%) (%)

1 0.8 2.6 81.4 18.2 0.4
2 0.9 3.3 74.9 21.9 3.2
3 0.6 2.0 89.7 10.3 0.0
4 1.0 3.0 69.6 26.7 3.7
5 1.3 4.1 59.9 28.4 11.7

Average ± SD 0.9 ± 0.2 3.0 ± 0.7 75.1 ± 10.1 21.1 ± 6.5 3.8 ± 4.2

Tableau 10. Results on comparison of 5 patellae.

Model RMS Maximum error Errors < 1mm 1mm ≤ Errors < 2mm Errors ≥ 2mm
(mm) (mm) (%) (%) (%)

1 1.7 6.5 48.1 29.8 22.1
2 1.2 3.9 56.4 36.4 7.2
3 1.3 4.4 57.8 31.2 11.0
4 1.5 4.8 44.1 39.8 16.1
5 1.5 3.9 51.5 31.3 17.2

Average ± SD 1.4 ± 0.2 4.7 ± 1.0 51.6 ± 5.1 33.7 ± 3.8 14.7 ± 5.2

Tableau 11. Results on comparison of 5 tali.

Model RMS Maximum error Errors < 1mm 1mm ≤ Errors < 2mm 2mm ≤ Errors < 4mm Errors ≥ 4mm
(mm) (mm) (%) (%) (%)

1 3.6 14.3 25.8 24.9 25.0 24.3
2 2.5 13.9 40.0 25.6 22.8 11.6
3 4.2 19.3 20.8 21.0 29.3 28.9

Average ± SD 3.4 ± 0.7 15.8 ± 2.5 28.9 ± 8.1 23.8 ± 2.0 25.7 ± 2.7 21.6 ± 7.3

Tableau 12. Results on comparison of 3 pelvis.
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Patella

Talus

Pelvis

Fig. 41. Detailed errors of each model of each bone.

For the patella, the average RMS was 0.9 mm and the average maximum error was 3.0
mm. 75.1% of points had an error less than 1 mm. 21.1% of points had an error between 1
mm and 2 mm. The error of the remaining 3.8% of points was greater than 2 mm.
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Fig. 42. Examples of the reconstructed patellae by our method and their projections on
both images.

Fig. 43. Examples of the reconstructed tali by our method and their projections on both
images.

For the talus, the average RMS was 1.4 mm and the average maximum error was 4.7
mm. 51.6% of points had an error less than 1 mm. 33.7% of points had an error between 1
mm and 2 mm. The error of the remaining 14.7% of points was greater than 2 mm.

For the pelvis, the average RMS was 3.4 mm and the average maximum error was 15.8
mm. 52.7% of points had an error less than 2 mm. 25.7% of points had an error between 2
mm and 4 mm. The error of the remaining 21.6% of points was greater than 4 mm.

4. Discussion and Conclusion
In this paper, we have presented a new approach for the 3D reconstruction of human

lower limbs (patella, talus, and pelvis) from two radiographic oblique projections (45 and 135
degrees). This approach efficiently exploits all the information existing in the image (edges
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Fig. 44. Examples of the reconstructed pelvis by our method and their projections on both
images.

and ROIs) and the estimation of a FastMap both for the reduction of the dimensionality
and to constrain the 3D reconstruction problem. The proposed 3D reconstruction problem is
considered as a cost function optimization problem encompassing the information extracted
from the image and the information extracted from the database by FastMap. Our 3D
reconstruction method has the advantage of minimizing the X-ray dose (only two oblique
radiographic images), exploitation of the maximum amount of information existing in these
two images (contours and ROIs) and the use of the nonlinear FastMap statistical method
which gives a good representation of deformations in the bone database relative to those
used in other 3D reconstruction methods. The results obtained in our experiments are
quite encouraging and indicate that accurate unsupervised 3D reconstruction is technically
feasible.

This approach has been validated on a sample of 13 bones (5 patellae, 5 tali, and 3 pelvis)
from 13 patients (13 pairs of radiographic images (I45 and I135 views) of lower limbs), by
comparing the model obtained from our approach and those obtained with CT-Scan, which
was considered as the ground truth and whose accuracy is ±1 mm for the human spine [10].
The average RMS was 0.9 mm, 1.4 mm, and 3.4 mm for the patella, the talus, and the pelvis
respectively. The mean and the standard deviation of the percentages for the points whose
error is less than 1 mm for the patella and the talus were 75.1 ± 10.1% and 51.6 ± 5.1%.
Those whose error is less than 2 mm for the pelvis were 52.7± 9.8%.

The experiments showed that our results are better than that of the hierarchical statistical
modeling method [18] in case of the patella and talus (see Table 13). The errors of the pelvis
reconstruction were greater than other bone reconstructions because the pelvis has a very
complex structure and its database was smaller than that of the other bones, limited to 39
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Our method Hierarchical statistical modeling method
Bones Average RMS Average maximum error Bones Average RMS Average maximum error

(mm) (mm) (mm) (mm)

Patella 0.9 3.0 Thoracic vertebra 1.6 4.5
Talus 1.4 4.7 Lumbar vertebra 1.9 5.4
Pelvis 3.4 15.8

Tableau 13. Results of our method versus the hierarchical statistical modeling method
[18].

objects in our application. Also, the sacrum and the coccyx were blurred in the images in
addition to the fact that it’s difficult to distinguish the sacrum from the spine. Note that
the structural complexity, the anatomical position in the human body, and the number of
elements in the training set of each bone of each method are different.

Compared to the biplanar method proposed in [18] which uses only the contours of ana-
tomical shapes, our likelihood function uses all the information of the two images (contours
and ROIs). Moreover, the linear PCA-based dimensionality reduction used in [18] doesn’t
perfectly represent admissible statistical deformations existing in the training set because
linearity is a hypothesis that is not necessarily true in our context.

Recall also that the biplanar technique presented in [18] is also limited due to the inherent
inaccuracy produced in the segmentation of ILAT (leading to reconstruction errors). In
addition, this method does not use all the information contained in two X-ray projections,
for example, the contours of each bone structure and the geometric structure or statistical
knowledge of the possible deformation of the bone structure to be reconstructed.

The proposed approach requires a training representative database. Nevertheless, the
proposed reconstruction method remains unsupervised in the sense that this database is
constructed off-line and not during the 3D reconstruction step.

Our approach provides an accurate representation of the patella, talus, and pelvis from
just two x-ray views, while the CT-Scan requires hundreds of images to achieve the same
three-dimensional reconstruction with a similar precision level. The proposed method is
therefore interesting in terms of the quantity of data to be acquired, processed, and managed.

Our proposed scheme thus constitutes an alternative to CT-Scan 3D reconstruction with
the advantage of low irradiation and will be of great interest for diagnosis of bone structure
deformities, simulation of orthopedic treatments, and for reliable geometric models for finite
element studies. However, in the moment, this reconstruction method is not suitable without
improvement for surgical navigation applications when compared to CT-Scan reconstruction
errors of ±1 mm, the current standard for those applications.

To our knowledge, the proposed approach was the first 3D reconstruction method for the
talus and remains sufficiently general to be applied to other medical reconstruction problems
for which a database of the anatomical structure is available (with two radiographic views).
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In addition, this method, based on the ES optimizer, is easily parallelizable and thus remains
especially well-suited for the next-generation GPU or massively parallel computers and multi-
core processors.
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Discussion générale

Nous avons présenté dans ce travail de recherche appliquée une méthode de segmentation
des os, une méthode de recalage 3D/2D des composants de la prothèse du genou, et une
méthode de reconstruction 3D des os. Toutes ces méthodes fonctionnent avec les images
radiographiques biplanaires obliques. Notez que la plupart des méthodes biplanaires utilisent
des images radiograpiques PA et LAT. Les structures osseuses humaines dans l’image PA se
distinguent adéquatement des autres os ou des tissus mous denses (cartilage, ménisque et
fascia). Mais dans l’image LAT, en raison du chevauchement de l’os avec lui-même, d’autres
os ou des tissus, très peu d’informations sur la structure osseuse peuvent être extraites. Dans
les deux images obliques, les structures osseuses apparaissent moins claires que dans l’image
PA mais beaucoup plus claires que dans l’image LAT. Les informations sur la structure
osseuse donc peuvent être également extraites de deux images obliques.

La méthode de segmentation des os a été validée sur un ensemble de données de 31
images radiographiques pour chaque structure osseuse avec une précision de classification, en
comparant avec les segmentations manuelles (étalon-or), de 93,79% pour la rotule, de 88,30%
pour l’astragale et de 85,02% pour le bassin. Nous avons aussi comparé notre méthode avec
les méthodes PB et MV en utilisant différentes stratégies de recalage (recalage affine et notre
recalage basé sur la forme). Notre méthode est légèrement meilleure que les autres méthodes
(MV et PB) avec deux stratégies de recalage différentes dans le cas d’os simples (rotule,
astragale), et beaucoup meilleure dans le cas d’une structure complexe (bassin). Notez que
notre méthode est proposée pour l’imagerie radiographique à rayons X et les autres méthodes
sont utilisées pour la MRI. À cause des différents bruits quantiques dans différents systèmes
d’imagerie radiographique, de nombreux artefacts existent dans ces images, et principalement
en raison du fait que les tissus voisins à l’intérieur du corps humain peuvent avoir des taux
d’absorption des rayons X similaires, ces phénomènes peuvent considérablement biaiser les
estimations des autres méthodes. Le point fort de notre approche réside dans la combinaison
de plusieurs informations faibles mais complémentaires, tels que des mesures de similarité
basées sur les contours et sur les régions tout au long des différentes étapes de notre processus.
En plus, notre approche basée sur des superpixels, qui prend en compte toute la variabilité
non linéaire et locale des régions osseuses existant dans la base d’apprentissage ainsi que



la combinaison de l’étape de fusion de propagation d’étiquettes, au sens de la variation de
l’information, et l’étape de suppression des valeurs aberrantes, nous permet de contraindre
efficacement l’espace des candidats de segmentation, pour produire finalement une carte de
segmentation fiable même à partir des images radiographiques de faible qualité.

La méthode de recalage 3D/2D des composants de la prothèse du genou a été validée
sur un ensemble de 64 composants (32 composants fémoraux et 32 composants tibiaux) et
64 couples d’images radiographiques synthétiques avec différentes mesures de similarité. Les
RMSEs moyennes sont 1.59 mm pour la similarité basée sur le champ de potentiel, 0.28 mm
pour la similarité basée sur la spécificité d’objet, et 0.18 mm pour la similarité hybride qui
combine ces deux similarités. Nos tests ont montré que la similarité de champ potentiel est
sensible. La RMSE moyenne des composants tibiaux était beaucoup plus élevée que celle
des composants fémoraux parce qu’il y a plus d’artefacts autour du composant tibial que
celui fémoral. Les contours des composants tibiaux sont attirés par le champ de potentiel
des contours tibial et fibulaire. La similarité de spécificité d’objet était plus stable et précise
que celle du champ de potentiel. Mais la similarité hybride basée sur les contours et les
régions a donné le meilleur résultat en termes de stabilité et de précision. L’avantage de la
similarité basée sur les régions est la stabilité et la robustesse contre le bruit. Cependant,
cette mesure seule n’est pas précise car le nombre de pixels sur le contour de la région est
inférieur au nombre de pixels à l’intérieur de la région. Au contraire, la mesure de similarité
basée sur les contours est précise tout en étant plus sensible au bruit ou à d’autres artefacts
existant dans les images. C’est pourquoi la combinaison de la stabilité et de la robustesse
au bruit de la similarité basée sur les régions avec la précision de la similarité basée sur les
contours fournit une méthode de recalage non supervisée robuste.

La méthode de reconstruction 3D des membres inférieurs (rotule, astragale et bassin) à
partir de deux images radiographiques biplanaires obliques. Cette approche exploite effica-
cement toutes les informations existantes de l’image (contours et ROIs) et l’estimation de
FastMap à la fois pour la réduction de la dimensionnalité et pour contraindre le problème de
reconstruction 3D. Tandis que la méthode biplanaire proposée dans [18] n’utilise pas toutes
les informations dans deux images (juste les contours) comme notre vraisemblance. De plus,
sa réduction de dimensionnalité PCA est linéaire ce qui, en termes de déformations statis-
tiques admissibles, est une hypothèse forte qui n’est pas nécessairement vraie dans notre
contexte. Le problème de reconstruction 3D est considéré comme un problème d’optimi-
sation de fonction d’énergie englobant les informations extraites de l’image et ceux de la
base de données par le FastMap. Les avantages de notre méthode de reconstruction 3D sont
la minimisation de la dose de rayons X (seulement deux images radiographiques obliques),
l’exploitation maximale d’informations existant dans ces deux images (contours et ROIs)
et l’utilisation de la méthode statistique non linéaire FastMap qui donne une bonne repré-
sentation des déformations dans la base de données osseuses par rapport à celles utilisées
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dans d’autres méthodes de reconstruction 3D. Les résultats obtenus dans nos expériences
sont assez encourageants et indiquent qu’une reconstruction 3D précise et non supervisée est
réalisable. Cette approche a été validée sur un ensemble de 13 os (5 rotules, 5 astragales
et 3 bassins) de 13 patients (13 paires d’images radiographiques des membres inférieurs),
en comparant le modèle obtenu de notre approche et celles obtenues avec CT-Scan, qui a
été considérée comme la vérité terrain. La RMS moyenne était respectivement 0,9 mm,
1,4 mm et 3,4 mm pour la rotule, l’astragale et le bassin. La moyenne et l’écart type des
pourcentages pour les points dont l’erreur est inférieure à 1 mm de la rotule et de l’astragale
étaient 75,1 ± 10,1% et 51,6 ± 5,1%. Ceux dont l’erreur est inférieure à 2 mm du bassin
étaient 52,7 ± 9,8%. Les expérimentations ont montré que nos résultats sont meilleurs que
ceux de la méthode de modélisation statistique hiérarchique [18] dans le cas de la rotule et
de l’astragale. Par contre, la précision de la reconstruction 3D du bassin était moindre que
celle des autres os car le bassin a une structure très complexe et sa base de données était
petite, limitée à 39 objets dans notre application. De plus, le sacrum et le coccyx étaient
flous sur les images en plus du fait qu’il s’avère difficile de distinguer le sacrum de la colonne
vertébrale.

Les principales contributions de cette thèse sont : d’abord, la construction et l’utilisation
de la base d’apprentissage multi-atlas qui nous a permis d’estimer, de manière non paramé-
trique, une collection de superpixels qui capturent toute la variabilité non linéaire et locale
des ROIs présents dans la base. Cela nous a permis à la fois d’augmenter la précision de
l’étape d’élagage de la carte superpixel tout en simplifiant le problème d’optimisation im-
pliqué dans cette étape cruciale. Deuxièmement, la fusion par propagation d’étiquettes est
réalisée dans le sens de la variation de l’information et nous a permis de raffiner le contour
externe de la structure osseuse à segmenter, et surtout de déduire les étiquettes de région
interne à partir des segmentations présélectionnées de l’atlas au résultat final de la segmen-
tation. Troisièmement, une mesure de similarité hybride basée sur les contours et les régions
/ ROIs permet d’améliorer la stabilisation et la précision des approches grâce à la robustesse
contre les bruits et la stabilisation de la similarité basée sur les régions et la précision de la si-
milarité basée sur les contours. Quatrièmement, l’utilisation de deux images radiographiques
biplanaires obliques permet d’exploiter toutes les informations dans deux images parce que
les structures osseuses dans les deux images obliques apparaissent moins claires que dans
celle PA, mais beaucoup plus claires que dans celle LAT. Cinquièmement, une nouvelle ap-
proche simple et non supervisée de positionner les os dans l’environnement radiographique
est présentée. Elle calcule au préalable un environnement de référence contenant tous les
os à reconstruire. Pour chaque paire d’images en entrée, elle crée un environnement puis
le recale sur celui de référence. Ce positionnement peut être ensuite raffiné par un recalage
rigide 3D/2D. Sixièmement, la méthode statistique non linéaire FastMap est utilisée pour
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créer un SDM pour la reconstruction 3D. Elle permet de fournir une bonne représentation
des déformations statistiques admissibles dans la base de données osseuses.

Les approches proposées dans cette thèse offrent des possibilités intéressantes pour divers
problèmes médicaux nécessitant une connaissance de l’information 3D. Le recalage 3D / 2D
retourne les positions des implants fémoraux et tibiaux dans l’environnement radiographique.
Elles permettent de mesurer et analyser ces positions et ces orientations afin d’étudier l’ali-
gnement de ces implants sur les trois plans (sagittal, frontal et transversal). Par exemple,
la rotation externe des implants peut être mesurée. Ces rotations sont importantes dans le
suivi fémoro-patellaire car, une rotation inappropriée du composant fémoral peut entraîner
un déséquilibre en flexion et des problèmes fémoro-patellaires [83]. Ces paramètres mor-
phologiques sont souvent calculés soit sur le plan sagittal ou frontal via les radiographies,
soit sur le plan transversal via le CT-scan. Ces positions en 3D conduisent la possibilité de
calculer les nouveaux paramètres. De plus, notre méthode non supervisée permet d’effectuer
facilement et précisément ces analyses sur un grand nombre de patients. Les modèles 3D
de la rotule, de l’astragale et du bassin produits par la reconstruction 3D servent la simula-
tion des traitements orthopédiques. Le principal avantage d’un simulateur est l’accès à de
l’information impossible à obtenir seulement par l’observation. Grâce à ces modèles 3D, les
mesures chirurgicales pertinentes peuvent être calculées. La rotule est pour l’évaluation du
mécanisme extenseur du genou. L’astragale est pour l’analyse de l’alignement entre la che-
ville et du pied. Le bassin est pour l’évaluation l’alignement et l’orientation de la hanche et la
colonne vertébrale. L’utilisation du bassin personnalisé a le potentiel de fournir un meilleur
repère pour les systèmes de navigation chirurgicale. De plus, en combinant avec la recons-
truction des os longs tels que le fémur, tibia et péroné, un squelette complet des membres
inférieurs (du bassin à l’astragale) peut être créé à partir juste deux images radiographiques
biplanaires. Il permet de commencer des nouvelles études nécessitant un squelette complet
des membres inférieurs pour en connaître l’alignement et l’orientation relative des os.
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Conclusion générale

L’objectif de cette thèse était à développer et valider une méthode de reconstruction 3D
des membres inférieurs (rotule, astragale et bassin) à partir de deux images radiographiques
basses-doses calibrées (vues en 45 et 135 degrées).

Cette thèse a commencé par expliquer les inconvénients de CT-Scan et MRI afin d’in-
troduire les avantages intéressants de la radiographie. Cependant la radiographie a aussi
ses limites qui sont la variété du bruit d’imagerie et le chevauchement entre les os et les
tissus mous denses. C’est pourquoi nous avons proposé une méthode de segmentation des
images radiographiques basée sur la fusion entropique afin d’extraire les régions osseuses de
la rotule, de l’astragale et du bassin. Et une méthode de recalage 3D / 2D était développé
pour aider de positionner préliminairement le modèle paramétrique de la reconstruction 3D
dans l’environnement radiographique de basse-dose. Nous avons présenté ensuite une revue
de littérature sur les différentes techniques de segmentation, de recalage 3D / 2D et de la re-
construction 3D des os à partir de radiographies biplanaires afin de nous permettre d’éclairer
les limites existantes et de définir les objectifs de notre projet de recherche.

Dans le cadre de cette thèse, nous avons développé en premier lieu une méthode originale
de segmentation des images radiographiques permettant d’extraire des ROIs de la rotule, de
l’astragale et du bassin. Cette méthode utilise l’apprentissage d’une base de données des
images radiographiques de ces os pré-segmentées et recalées pour construire une carte de
superpixels permettant de tenir compte de toute la variabilité locale et non linéaire existante
dans la base, puis la propagation d’étiquettes basée sur le concept d’entropie pour raffiner
la carte des segmentations en régions internes afin d’obtenir le résultat final. Nous avons
aussi développé une méthode de recalage 3D/2D des composants tibiaux et fémoraux de la
prothèse du genou sur deux images radiographiques biplanaires calibrées. Cette méthode
utilise une mesure de similarité hybride permettant de profiter les avantages et limiter les
inconvénients des contours et régions. Nous avons développé une méthode originale de
reconstruction 3D non supervisée de la rotule, de l’astragale et du bassin à partir de deux
images radiographiques biplanaires oblique calibrées. Cette méthode utilise une connaissance
géométrique a priori, définie par l’algorithme de réduction de dimensionnalité FastMap, et
une vraisemblance basée sur les contours et ROIs. Chaque méthode a ensuite été validée sur



une base de 31 images pour la segmentation, de 64 composants pour le recalage, et de 13 os
pour la reconstruction 3D.

Notre approche fournit une représentation précise de la rotule, de l’astragale et du bassin
à partir de seulement deux vues radiographiques, tandis que le CT-Scan exige des centaines
d’images pour obtenir la même reconstruction 3D. La méthode proposée est donc intéres-
sante en termes de quantité de données à acquérir, traiter et gérer. En plus, deux images
radiographiques sont moins coûteuses qu’un scan et le patient subit moins d’irradiation pour
un examen. Ce sont des avantages importants, surtout pour les patients qui nécessitent de
passer fréquemment des radiographies.

Notre méthode constitue donc une alternative à la reconstruction 3D de CT-Scan avec
des avantages non négligeable et sera d’un grand intérêt pour le diagnostic des déformations
de la structure osseuse, la simulation des traitements orthopédiques, etc. Cependant, pour le
moment, cette méthode de reconstruction sans amélioration n’est pas adaptée pour les appli-
cations de navigation chirurgicale par rapport aux erreurs de reconstruction par CT-Scan de
±1 mm, le gabarit pour ces applications. À notre connaissance, l’approche proposée était la
première méthode de reconstruction 3D pour l’astragale et elle reste généralement suffisante
pour être appliquée à d’autres problèmes médicaux de reconstruction pour lesquels une base
de données de la structure anatomique est disponible (avec deux vues radiographiques).

Toutefois, des améliorations peuvent être suggérées pour la continuité de ce travail de
recherche :

• Augmenter la taille de la base d’apprentissage de chaque os pour la segmentation;
• Augmenter la taille de la base d’apprentissage du bassin pour la reconstruction 3D;
• Étendre la méthode de reconstruction 3D sur les autres structures osseuses dont une
base d’apprentissage est disponible;
• Le but de notre segmentation est de fournir des images des ROIs des os pour la re-
construction 3D biplanaire. Alors au lieu de segmenter individuellement les images,
on peut segmenter simultanément deux images biplanaires pour profiter des carac-
téristiques communes des os dans les deux images, telles que la hauteur de l’os, la
position verticale de l’os dans les deux images, etc.;
• Pour les structures osseuses complexes comme le bassin, on pourrait les découper en
sous-parties puis faire reconstruire chaque partie. Alors la reconstruction 3D des os
complexes devient la combinaison des reconstructions 3D des parties de cet os. Par
exemple pour le bassin, on peut séparer le sacrum et le coccyx du bassin. Puis on
reconstruit indépendamment le sacrum et le coccyx avec le reste du bassin.
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